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ARTICLE INFO ABSTRACT

Keywords: The proliferation of mobile and Internet of Things (IoT) devices has resulted in a surge of time-series sensor
Machine learning framework for arbitrary data, posing significant challenges for centralized data collection and processing. This challenge has driven
models

the adoption of edge computing, which offloads data processing to mid-level servers located at the edge of
the Internet, thereby reducing computation and bandwidth demands. Federated learning has emerged as a
Edge computing promising method for training models in edge-computing environments. Recently, spatio-temporal graph neural
Vehicle traffic data networks (STGNNs) have shown impressive performance in time-series prediction, yet their application in edge
Weather data computing is limited by the complexity of adapting them to distributed environments. To address this gap, we
propose FedSTGNN (Federated Spatio-Temporal Graph Neural Network), a universal framework that converts
existing centralized STGNN models into a federated learning version. We formulate the common STGNN
training process using matrix operations, employ graph-based imputation methods to handle missing sensor
values at edge servers, and facilitate the transition from centralized to federated STGNNs. Our comprehensive
evaluations demonstrate that FedSTGNN not only preserves the prediction accuracy of the original STGNN
models but is also significantly more network-efficient than the competing model. Furthermore, the framework
proves its robustness in challenging real-world scenarios, including sparse graphs, long-term forecasting, and
dynamic server participation. Our work presents a practical, robust, and universal solution for deploying
STGNNs into various edge computing applications.

Spatio-temporal graph neural network
Federated learning

1. Introduction Fig. 1 shows the difference between the conventional central server
model and the edge-computing approach. In the central server model,

Owing to the widespread use of mobile and Internet of Things (IoT), the central server M is located remotely and receives raw data from
the increasing number of sensors has made it challenging to collect and all five sensors {0,1,2,3,4} through a wide-area network, processing
process all sensor data on a central server. This classical design requires the information independently. In contrast, the edge-computing model
substantial computational power from the central server and requires introduces edge servers M, and M, near the sensors through a local

high bandwidth for the global network. To address these limitations,
a new paradigm, edge computing (Chang et al., 2014; Satyanarayanan,
2017), has been proposed. Edge computing reduces computational
and network overhead by deploying middle-level servers, called edge
servers, at the edge of the Internet. These servers offload data processing
tasks and summarize the data before sending it to the central server.
Edge computing has been applied across various domains, including
manufacturing (Chen et al.,, 2018), autonomous driving (Liu et al.,
2019), smart grids (Mehmood et al., 2021), and healthcare (Ray et al., usage.

2019), delivering benefits such as cost reduction, reduced latency, and The proliferation of IoT has also led to the emergence of a new ma-
enhanced data security. chine learning method called federated learning (FL) (McMahan et al.,

area network, with the edge servers connected to the central server
M through a wide-area network. Edge server M, handles data from
sensors {0,1,2}, while edge server M, processes data from sensors
{3,4}. Each edge server processes its raw data locally and transmits
only summarized information to the central server M. This architecture
effectively offloads data processing tasks from the central server to
edge servers, reducing computational loads and wide-area network

* Corresponding authors.
E-mail addresses: sunrise2575@dgist.ac.kr (H. Yoon), kw.chon@koreatech.ac.kr (K.-W. Chon), minsoo.k@kaist.ac.kr (M.-S. Kim).

https://doi.org/10.1016/j.engappai.2025.112801

Received 15 March 2025; Received in revised form 22 August 2025; Accepted 13 October 2025

Available online 17 October 2025

0952-1976/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nec-nd/4.0/).


https://www.elsevier.com/locate/engappai
https://www.elsevier.com/locate/engappai
https://orcid.org/0000-0001-9760-4828
https://orcid.org/0000-0001-7124-9426
mailto:sunrise2575@dgist.ac.kr
mailto:kw.chon@koreatech.ac.kr
mailto:minsoo.k@kaist.ac.kr
https://doi.org/10.1016/j.engappai.2025.112801
https://doi.org/10.1016/j.engappai.2025.112801
http://crossmark.crossref.org/dialog/?doi=10.1016/j.engappai.2025.112801&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

H. Yoon et al.

7

MO E;ll
central server case edge computing case

Fig. 1. An example of comparing central server case with edge-computing
case.

2017). FL is a data-parallel distributed machine learning method that
enables machine learning in a multi-server environment. FL trains a
model through the following procedure: the edge server trains its local
model using its input data, uploads the local model parameters to the
central server to aggregate them into a global model, and downloads
the global model for application to each local model. FL and edge
computing are similar in that the nodes at the edges of the networks
summarize information locally, and only the summarized data are
exchanged between the edge and central nodes. The characteristics
of FL. mentioned above can address the challenging issues of training
models using only a central server (i.e., the requirements for high-
performance central servers, high-bandwidth networks, and enhanced
cybersecurity).

Several sensors have been deployed across various industrial sectors
in IoT environments. As these sensors can measure a wide range
of information, they drive the demand for predicting future events,
making decisions, and responding to crises. Various methods have
been proposed for predicting sensor values, such as ARIMA (Dou-
glas, 1994), VAR (Williams and Hoel, 2003), LSTM (Hochreiter and
Schmidhuber, 1997), and Seq2seq (Sutskever et al., 2014). Among
these, the best-performing model is Spatio-Temporal Graph Neural Net-
works (STGNN) (Li et al., 2018; Yu et al., 2018; Guo et al., 2019;
Wu et al., 2019). STGNN utilizes both time-series and spatial in-
formation to achieve superior performance. It has been successfully
applied in various fields, such as road networks (Li et al.,, 2018;
Chaolong et al., 2018; Yu et al.,, 2018; Zhao et al.,, 2019; Zhang
et al., 2020; Guo et al., 2019; Lai and Chen, 2024; Xia et al., 2024),
object detection in videos (Chaolong et al., 2018; Wang et al., 2021),
epidemic modeling (Cao et al., 2020), weather prediction (Davidson
and Moodley, 2022), motion sensing (Wang et al., 2024), and water
quality control (Liang et al., 2018). Most STGNN models adopt a
similar structure to process temporal and spatial information sepa-
rately. First, a distance graph is formed from sensor locations and
processed using a GNN-based module. Second, temporal information
is managed using well-established sequence-processing modules such
as recurrent neural networks (RNNs) (Rumelhart et al., 1985) or trans-
formers (Vaswani, 2017). Finally, the spatial and temporal information
from these modules is combined to generate predictions.

Traditionally, STGNNs have been developed for centralized training
on a single server (Wen et al., 2023). However, as the number of
sensors and timesteps increases, centralized models encounter signifi-
cant challenges, including escalating network traffic and computational
overload. These challenges are particularly pronounced for STGNNs
due to the continuous growth of time-series data over time (Jiang
and Luo, 2022; Jin et al., 2023). To address these scalability issues,

Engineering Applications of Artificial Intelligence 162 (2025) 112801

leveraging edge-computing environments is an effective solution. Re-
cent studies have introduced FL-STGNN approaches to address these
challenges (Meng et al., 2021; Zhang et al., 2023; Liu et al., 2024b;
Mao et al., 2023; Liu et al., 2025, 2024a; He et al., 2023; Tian et al.,
2023; Yuan et al., 2022; Yang et al., 2024). These approaches are
often designed from scratch. This approach usually splits a manually
designed neural networks into central and edge servers, exchanges
model parameters and additional information such as spatial and tem-
poral embeddings. A critical limitation of this approach is that it
does not utilize lessons of existing centralized STGNN models. Even
though centralized STGNN models have conducted extensive studies to
establish their performance, time-space complexity, and hyperparam-
eter settings (Jiang et al., 2021; Luo et al., 2023), current FL-STGNN
approaches need to repeat the time-intensive validation processes from
scratch because the overall design is not related to centralized STGNNS.

To the best of our knowledge, there is no straightforward method
for converting a centralized STGNN model into an FL model that allows
STGNN to be quickly applied to edge computing. In this context, we
propose a framework that enables centralized STGNN model to be
applied in a FL setting, named FedSTGNN (Federated Spatio-Temporal
Graph Neural Network). Our approach directly addresses the limi-
tations of existing FL-STGNN models. Unlike these monolithically de-
signed from scratch, our framework acts as a universal converter. This
approach can preserve the performance and stability of already vali-
dated centralized STGNN models. We formulate the common training
process of STGNNs using matrix operations to facilitate this tran-
sition and adapt a graph-based imputation method that aggregates
values from neighboring nodes to handle missing sensor data inher-
ent to the distributed environment. We examined that FedSTGNN
preserves prediction accuracy comparable to centralized models and
significantly outperforms a competing FL-STGNN model in training
time and network usage. Furthermore, our framework proves its prac-
tical superiority over alternative approaches like LLM-based models.
We also show its robustness across various challenging real-world
scenarios, including sparse graphs, long-term forecasting, and dynamic
environments with high server failure rates.

The main contributions of this study are as follows:

» FL-converting framework for centralized STGNN models: We
propose the first framework to convert a centralized STGNN
model into an FL version without architecture modification. The
study identifies that various STGNN models share a common
training process, which can be expressed using matrix-based for-
mulas. The centralized training process is successfully integrated
into FL through simple modifications of these formulas.
Preserving performance by the graph-based imputation: We
propose a graph-based imputation method to prevent perfor-
mance degradation caused by missing values in distributed pro-
cessing. We categorize imputation methods based on the number
of hops of aggregation in a graph, some of which achieve results
comparable to those of centralized models. Notably, the graph-
based imputation method derives values directly from the input
dataset rather than relying on additional neural network models,
enhancing the reliability of model training in edge-computing
environments.

Comprehensive validation of the framework in various as-
pects: We tested our framework on several real-world datasets
from different fields and compared it with single-node models
and an FL-STGNN model. The framework can preserve the per-
formance of a centralized STGNN model and reduce network
demands compared to the FL-STGNN model. We also demon-
strate the framework’s robustness across diverse and challenging
scenarios, such as using sparse graphs, long-term forecasting, or
server failures. Through extensive evaluation, we demonstrate our
framework’s superiority over alternative approaches, including
LLM-based models, proving its real-world viability and practical
advantages.
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The remainder of this paper is organized as follows: We explain
the basic concepts of FL and STGNN in Section 3. We describe our
framework, including the transition to FL and graph-based imputation,
in Section 4. We evaluate the prediction performance of FedSTGNN
from several perspectives in Section 5. Finally, Section 7 concludes the

paper.
2. Related work

FL-specific STGNN model. Cross-Node Federated Graph Neural Network
(CNFGNN) (Meng et al., 2021) is a prominent STGNN model designed
explicitly for FL. It processes the spatial and temporal components,
which are the key parts of STGNN, separately between the central
and edge servers. The detailed training process is as follows: (1) First,
an encoder—decoder using Gated Recurrent Unit (GRU) (Chung et al.,
2014) is deployed on the edge server and designated as the local model.
(2) Each edge server’s local model processes one sensor’s time series
through the encoder to generate a temporal encoding vector. (3) The
local model parameters and temporal encoding vector are uploaded to
the central server. (4) The central server synchronizes the local model
parameters through FedAvg operations and distributes them back to
edge servers. (5) Meanwhile, the central server performs graph neural
network computations on the basis of the temporal encoding vectors
to derive graph embeddings. (6) These graph embeddings are then
transferred to each edge server and inserted into the local model’s
decoder input to predict the time series.

Although CNFGNN deserves recognition for being among the first to
apply FL to STGNN, it unfortunately has several limitations: The com-
munication frequency and volume between the central and edge servers
are substantial. As mentioned in the original paper, training requires
tens to thousands of gigabytes of data transfer over wide area networks.
It indicates that CNFGNN struggles to move beyond a proof-of-concept
to practical implementation in real environments; the architecture is
not well suited for edge computing. Because CNFGNN is designed
for one edge server to process information from only one sensor, the
number of local models increases linearly as the number of sensors
increases. It demands significant computational resources. Additionally,
the increase in edge servers naturally escalates the aforementioned
communication costs.

The following studies have focused on prediction performance op-
timization or expanding application domains. FedRel (Zhang et al.,
2023) uses an Inter-Intra Graph that simultaneously captures intra-
partition and inter-partition relationships in partitioned sensor graphs,
and adopts a weighted averaging scheme based on the contribution
of each edge server. FedOSTC (Liu et al.,, 2024b) extracts temporal
features using a GRU encoder at the edge server, while the central
server leveraged a Graph Attention Network to model time-varying spa-
tial adjacency and periodicity. In the healthcare domain, FedGST (Mao
et al., 2023) was proposed, where the dynamic connectivity of brain
signals is computed locally at each hospital and then integrated through
federated learning for disease prediction.

Another group of researchers targeted communication efficiency or
privacy. FUELS (Liu et al., 2025) proposed a contrastive learning ap-
proach that performs dual semantic alignment to handle heterogeneous
spatio-temporal patterns across regions, defines prototype vectors for
each edge server to enable efficient spatial alignment, and reduces
communication overhead compared with prior methods. REFOL (Liu
et al., 2024a) automatically selects participating edge servers accord-
ing to data conditions, adjusts learning rates for online settings, and
applies graph-based aggregation to reduce unnecessary communication
and computation while maintaining performance under distribution
shifts. Additionally, to address communication failures or unstable edge
servers, Fed-mSSA (He et al., 2023) applies a consensus-based optimiza-
tion method to extract low-rank common patterns across edge servers
and achieves noise-robust predictions. M3FGM (Tian et al., 2023) incor-
porates node masking and multi-granularity message passing, making
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local inference possible even when some edge servers were offline. On
the other hand, there are privacy-preserving methods. FedSTN (Yuan
et al.,, 2022) combines vertically partitioned heterogeneous features
with homomorphic encryption to perform traffic flow forecasting with-
out directly exposing raw data, and FedGTP (Yang et al., 2024) designs
an adaptive mechanism that complies with privacy regulations while
recovering hidden spatial dependencies across edge servers.

3. Background

Our study focuses on FL and STGNNs. This section provides an
overview of the FL process in Section 3.1 and the spatio-temporal graph
neural network in Section 3.2.

3.1. Federated learning

Federated learning (FL) (McMahan et al., 2017) is a data-parallel
approach to distributed machine learning that enhances communica-
tion efficiency and data privacy. Various follow-up studies have been
conducted to improve model performance in FL (Li et al., 2020; Thapa
et al., 2022; Mohri et al., 2019; Diao et al., 2022). Despite their differ-
ences, these studies share a common principle: in an edge-computing
architecture, only the edge server model’s parameters are transmitted
to the central server rather than raw data being sent directly. FL is
applicable in several scenarios. One notable use case involves reduc-
ing network traffic and central storage costs by avoiding the direct
transmission of vast amounts of data generated by thousands of mobile
edge servers (e.g., smartphones) (Hard et al., 2018). Additionally,
FL enables model training in privacy-sensitive environments, such as
hospitals (Vaid et al., 2020), the military (Cirincione and Verma, 2019),
and banking institutions (Long et al., 2020).

FL is anticipated to reduce the communication overhead of a wide-
area network when training STGNNs. We measured the dataset sizes
and model parameters during training using our framework, FedST-
GNN, as shown in Table 1. The datasets and models referenced are
described in Table 2 and Section 5.1, respectively. In most cases, the
model parameters accounted for approximately mean 7% of the raw
data size. For clarity, we present only megabyte-scale datasets in Table
1. Notably, the difference between raw data and model parameters will
become more clear for extended periods.

FL operates through iterative rounds. While there are variations of
FL, the basic process remains consistent. Fig. 2 shows the steps in a
typical round: @ First, each selected edge server M, uses its local
data to train a local model 6;. @ After completing the training, edge
servers send their local models 6; to the central server M. 3 The
central server then aggregates all local models §; into a global model
0 using appropriate functions, such as averaging. @ Finally, the global
model 4 is broadcast to the edge servers, replacing their local models
0;. This process is repeated over multiple rounds, with the global and
local models iteratively optimized to converge to a desired performance
level.

3.2. Spatio-temporal graph neural networks (STGNN)

STGNN is a group of neural network models designed for various
tasks (Cao et al., 2020; Chaolong et al., 2018; Yu et al., 2018; Liang
et al., 2018; Li et al., 2018; Guo et al., 2019, 2021; Yu et al., 2017;
Wu et al., 2019; Deng et al., 2020; Davidson and Moodley, 2022; Zhao
et al., 2019; Jin et al.,, 2023; Sahili and Awad, 2023; Kreuzberger
et al.,, 2023) in time series, empowered by graph neural networks
(GNN) (Scarselli et al., 2008). In this subsection, we explain the typical
process of training a centralized (i.e., single-node) version of STGNN,
which extends to federated STGNN learning.

Before describing STGNN, we define some mathematical notation
necessary for the following explanation: First, each element in the
matrix is represented by Definition 1.
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Table 1
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Sizes of input datasets and their STGNN model parameters. Each model has a different parameter size because model size is dependent on various training settings,
such as input graph size, input and output time length, and batch size. For this table, we preserve the model’s original settings. Each percentage value means

the model parameter’s relative size compared to the dataset size.

Dataset Model parameter size (MB) Avg. ratio of parameter
Name Size (MB)  AGCRN ASTGCN DGCRN DSTAGNN GWNet STGODE size to dataset size
METR-LA 28.63 0.36 (1.25%) 0.11 (0.40%) 0.09 (0.33%)  1.24 (4.33%) 0.13 (0.45%) 0.39 (1.35%) 1.35%
PEMS-BAY 67.19 0.36 (0.53%) 0.24 (0.35%) 0.10 (0.15%)  1.80 (2.68%) 0.13 (0.19%) 0.39 (0.58%) 0.75%

PEMS03 37.35 0.36 (0.96%) 0.28 (0.75%) 0.10 (0.27%) 1.9 (5.33%) 0.13 (0.35%) 0.39 (1.05%) 1.45%

PEMS04 60.75 0.36 (0.59%) 0.21 (0.35%) 0.10 (0.16%)  1.71 (2.81%) 0.13 (0.21%) 0.39 (0.64%) 0.79%

PEMS07 99.21 0.36 (0.36%) 1.54 (1.55%) 012 (0.12%)  6.63 (6.68%) 0.13 (0.14%) 0.41 (0.41%) 1.54%

PEMS08 35.58 0.36 (1.00%) 0.09 (0.24%) 0.09 (0.26%)  1.10 (3.08%) 0.13 (0.36%) 0.39 (1.09%) 1.00%

PEMSD7 11.75 0.36 (3.04%) 0.13 (1.12%) 0.09 (0.81%)  1.33 (11.30%)  0.13 (1.09%) 0.39 (3.31%) 3.44%

Air-PM25 6.20 0.36 (5.75%) 0.09 (1.40%) 0.09 (1.49%)  1.10 (17.79%)  0.13 (2.06%) 0.39 (6.24%) 5.79%
CSSE-COVID 1.68 0.36 (21.21%)  0.19 (11.47%)  0.10 (5.76%)  1.67 (99.15%)  0.13 (7.66%) 0.44 (26.27%)  28.59%
GDELT-139 7.43 0.36 (4.80%) 0.07 (0.92%) 0.09 (1.23%)  1.05 (14.15%)  0.13 (1.72%) 0.44 (5.90%) 4.78%

Opinet 3.57 0.36 (9.98%) 0.13 (3.73%) 0.09 (2.65%)  1.39 (38.94%)  0.13 (3.59%) 0.44 (12.32%)  11.87%

Uzel2022 0.93 0.36 (38.14%)  0.04 (3.86%) 0.09 (9.44%)  0.85 (91.08%)  0.13 (13.61%)  0.46 (49.76%)  34.32%
NOAA-958 21.22 0.36 (1.70%) 1.81 (8.52%) 0.12 (0.58%)  7.62 (35.88%)  0.14 (0.64%) 0.46 (2.17%) 8.25%

M

’

wd N
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& M@\
"

® aggregate local models @ broadcast global model
to global model

»
MW Mj

@ train local models

Fig. 2. Model parameter exchanging steps in federated learning.

Definition 1 (Matrix Element Notation). Element A; ; €ERis located
in ith row and jth column of matrix A € R/*/, where 0 < i < I and
0<j<J.

The matrix element notation in Definition 3 can be extended to
describe a submatrix using the colon notation in Definition 2.

Definition 2 (Colon Notation). A combination of colons and integers
symbolizes a continuous range of integers. Note that we temporarily
placed boxes around the representation to separate symbols from nor-
mal punctuation. For example, given two integers n and m satisfying
0<n<m«<| is a set of continuous integers k such that
n<k<m,ie., = {n,n+1,...,m—1)}. If any integers aside from the
colon is omitted, the missing integer is considered to be the minimum
or maximum possible integer. In other words, ={nn+1,..,1-1},

[tm]=1{0,..m=2,m—1}and[: |={0,1,...1 = 1}.

Definition 3 (Submatrix Notation). The submatrix notation A,.,.., €
R(-9X(@=9) represents the continuous range from the ath to the bth
row and the cth to the dth column of the matrix A € R/*/, where
0<a<b<IandO < c < d < J.In addition, a submatrix with a
non-continuous range of rows and columns can be represented using
set symbols. Therefore, A, - € RMXIW is a submatrix extracting the
corresponding rows m € M and columns n € N from A.

Fig. 3 provides a visual example of the raw data processing work-
flow before training an STGNN model. The raw data, which includes

sensor locations on a map and time-series signals from sensors, is
processed through two separate pipelines: spatial and temporal infor-
mation.

First, a distance graph is created based on the sensor locations. This
graph does not need to be fully connected because long distances be-
yond a selected threshold are eliminated using a thresholded Gaussian
kernel, described later. Therefore, only distances between reasonably
close sensors are calculated. This distance graph is considered as an ad-
jacency matrix, where unknown distances are assigned infinite values.
The adjacency matrix is then processed using the thresholded Gaussian
kernel, which maps short distances closer to one and long distances
closer to zero. For all valid i and j of the adjacency matrix A, the
thresholded Gaussian kernel A = GaussKern(4, k) is as follows:

" W,,
AM,U = { e
0

App/stdev(a))? - e T

where W, , = e~ (Au/stdev(a)” Finally, the processed adjacency matrix A

generated by Eq. (1) is converted into a Laplacian matrix. While several

variants of the Laplacian matrix exist, the symmetrically normalized
1 1

ifw,,>k

otherwise,

®

Laplacian is the most basic version, defined as L = I-D~2 AD” 2 in Fig.
1

3. Here, [ is the identity matrix, and each element of D2 is determined
by Eq. (2). For a certain u, v € V, where V represents the set of vertices

and deg(i) = ZjEV A js
_1 1 u=v

D, 3 c= J Vdeg(w) 2)
' 0 otherwise.

Meanwhile, the sensor value matrix X € RI7XIVI where 7 is the
set of timestamps, is constructed by arranging time-series signals in
rows (timestamps) and columns (sensors or vertices). The dataset is
then split into training and testing datasets based on a train-test ratio.
For example, in Fig. 3, the time-series data from f, to t; form the
training dataset X.,., with the timestamp set Ty, = {to.11.15.53}
Similarly, the time-series data from 7, to 75 form the testing dataset
X4.¢.:, with the timestamp set Tieq; = {#4,5}. Since most STGNN models
require fixed-size input lengths, the datasets are divided into slices
using a sliding window (Héllman, 2017), also known as a moving
window. This method generates overlapping windows of length r;, +7,,
over all available timestamps ¢ in X, producing slices X, ;. ..y ... €
Rin+owXVI For example in Fig. 3, #;; = to = 1 and |V| = 5,
so submatrices of size R> are extracted, such as X;., ., X,.3., and
X,.,. from the training dataset X,.,., and X,.c. from the testing
dataset X,.q .. Distinct colors represent the input data (green) and the
corresponding correct output data (yellow), illustrating that the model
predicts future values (yellow) based on past values (green).
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Preprocessing for spatial information
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Fig. 3. Typical example of preprocessing pipeline for training STGNN model.

Using the Laplacian matrix and slices, the STGNN model minimizes
the sum of losses ¢ of prediction outputs across multiple epochs. The
training process consists of three steps: prediction, loss calculation, and
optimization. In each epoch, for every slice X, .., ., the STGNN
model f, predicts t,, future values X,.., . using f;, past values

X, 1> along with the Laplacian matrix L, as formally described in
Eq. (3).
X[It+t0ut,: = fo(L, Xr—rin:t,:)- 3

The loss function ¢ calculates the discrepancy between the predicted
value X,., +y,: and the actual value X;.,,, .. The mean of £ across
all X,., +oy.: 18 defined as the epoch loss such that

|Ttrain | ~Tout

(X,

Lirain = = ity Xt:t+tom,:)' @

1=tjn

If the slices are extracted from the testing dataset rather than the
training dataset, the notation changes accordingly, from L i, t0 Liegts
and from T, t0 Tiest> in Eq. (4). For clarity, the timestamps ¢ for all
available slices fall w1th1n the range #;, <1 < |Tiain| — four> resulting in
a total of 7 = |Tiain| — (fin + toy) + 1 slices Ximtin i tH1gge:> 38 specified
in Eq. (4). The optimizer finally updates # to minimize £ as much
as possible. The training process iterates over multiple epochs until a
predefined epoch 7 is reached.

4. FedSTGNN

We describe our framework in four subsections. An overview of
the framework is presented in Section 4.1, followed by an algorithmic
perspective in Section 4.2. Detailed explanations of these two aspects
are provided in Section 4.3, which covers the transition from the
centralized single-node STGNN of Section 3.2 to federated STGNN
training. Lastly, Section 4.4 discusses imputation methods including the
graph-based approach.

4.1. Framework overview

Fig. 4 shows how FedSTGNN operates, using the same sensors as
shown in Fig. 3. In this example, the computing environment comprises
two edge servers (M, and M) and a central server (M). Each ith edge
server hosts a local model 6;, and manages a set of local sensors V;
within its coverage area.

In Fig. 4, the sensors are distributed among different edge servers:
sensors {0,1,2} are assigned to M,, and sensors {3,4} are assigned
to M,. Each ith edge server receives the time-series signals of the
sensors as a local input value matrix X . 5, € RI7*VYil. The sensor values
corresponding to the set of invisible sensors V\V; are imputed using an
appropriate imputation function Imput(X. y; ). This imputation allows
each ith edge server to generate the local sensor value X € RI7IXIVI,

The FL process, enclosed in the blue dotted-line box in Fig. 4, is
then repeated as follows: D Each edge server trains its local model fj,
using slices from the local sensor value X and the Laplacian matrix L
as described in Eq. (6), performing # local epochs. (@ All local model
parameters 6; are sent to the central server. (3 The central server
aggregates the collected parameters into the global model parameter
0 using an aggregation function Agg(6;,...). This function typically
computes the mean of all parameters, expressed as 0 = ﬁ > 0;, where
n is the number of edge servers. 9 The global model parameter 6 is
then broadcast to the edge servers, and each edge server overwrites
its local model parameter §; with 6. Through this FL process, edge
servers indirectly share and synchronize information despite having
access to limited sensor values within their local coverage. A single
round, encompassing steps D to (@), is repeated until the designated
maximum number of rounds p is reached. At the end of this process,
the global and local models # and 6;, respectively are anticipate to
converge to the lowest possible prediction loss, closely approximating
the performance of a centralized server-only STGNN model.

4.2. Algorithmic explanation

Although FedSTGNN operates as an FL framework where each edge
and central server can function simultaneously, it synchronizes at each
round, allowing it to be conceptualized as a single-processor operation,
as presented in Algorithm 1. The mainline of the framework is rep-
resented by the procedure FedSTGNN, while GetLoss in Algorithm
1 serves as a general function for calculating loss during training or
testing. The algorithm begins at line 8 in Algorithm 1.

In the preparation phase (lines 9-11 in Algorithm 1), the frame-
work splits the dataset’s timestamps into training 7;.,;, and testing
Tiesttanges, Each edge server then fills in missing sensor values using
the Imput function, generating local sensor values X (lines 10-11 in
Algorithm 1), as described in Section 4.4.

Once preparation is completed, FL begins, iterating through lines
13-23 in Algorithm 1 until the maximum number of rounds p is
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Fig. 4. Example diagram for illustrating overview of FedSTGNN.

reached. In each round, edge servers train their local models over 5
epochs and validate them (lines 13-18 in Algorithm 1). During training,
the procedure GetlLoss is conducted by three arguments: local model
parameter 6;, set of training timestamps 7i.,;,, and the index of edge
server i (line 15 in Algorithm 1). Because, for any edge server, i is not
equal to the number of edge servers m, the variable S is considered as
the local sensor value X (line 1 in Algorithm 1). To get Eq. (4), the
loss result L is set to zero at line 2 in Algorithm 1. For each timestamp
in Tiain, if 7 does not satisfy the conditions required to produce a proper
slice X;_;. . +out,:» the loop continues to the next timestamp (lines 3-4 in
Algorithm 1). Otherwise, the local model 6; produces prediction output
at line 5 in Algorithm 1, and the loss ¢ is accumulated to £ (lines 5-6
in Algorithm 1). The mean loss ¢ is calculated and returned (lines 7-8
in Algorithm 1), and the model parameters 6, are updated to minimize
the training loss. While the algorithm assumes a full-batch situation
for clarity, minibatch implementations would involve modifying lines
15-16 to iteratively update small disjoint timestamp sets extracted from
Ttrain'

After training, the edge servers validate their local models using the
testing timestamps 7Tios; (line 17 in Algorithm 1), following a process
similar to training but without parameter updates. The resulting local
testing loss C(tgst is recorded in a list of local losses R(e'?ige (line 18 in
Algorithm 1).

The round concludes with aggregating local model parameters 6,
at the central server into the global model parameter 6 using an
aggregation function such as averaging (line 19 in Algorithm 1). The
aggregated global model is validated against Ti., using the original
sensor values X rather than the imputed matrix X® (line 20 in Algo-
rithm 1). This global model is broadcasted to all edge servers, updating
their local parameters 6; (line 23 in Algorithm 1). Finally, all recorded
losses are returned for evaluation (line 24 in Algorithm 1).

4.3. Transition to federated learning

This section details how each ith edge server trains its local model
0; using its local sensor value X, as described in Section 4.1, based
on the single-node STGNN framework outlined in Section 3.2.

The idea is that there are two main input matrices L and X for the
training, and if each edge server has matrices, L and X, with the same
shape as in Eq. (3) (i.e., L € RY*VI and X e RI7XIVI), the equations
in Eq. (3) and (4) can be directly applied to FL without significant
modifications. Because sensors are usually fixed at specific locations,
such as traffic or weather stations, and the number of sensors |V] is
not drastically changed in the long term, the Laplacian matrix L is
distributed identically across all edge servers before starting federated
learning.

Algorithm 1: FedSTGNN

Data: p, /* the number of rounds */
m, /* the number of edge servers */
n, /* the number of epochs */
L, /* Laplacian matrix */
X, /* the sensor value matrix */
0, /* the global model */
0;, /* the local model in i-th edge server */
Rentral = [1; /* loss records of global model 6 */

@ _ e gx %
R, dge = [1; /* loss records of local model 6, */

Procedure GetlLoss (0, 7, i)

1 if i =m then S « X else S « X;

2 L« 0;

3 for each 7 € 7 do

4 if not 1;, <t < |T| —ty, then continue;
5 St:t+tout,2 < fo(L, Si_py 1.5

6 L E+f(§t21+!out,:’St:!+tout,i);

7 L—L/|T|;

8 return L;

Procedure FedSTGNN
9 Split the timestamp to train 7;.,;, and to test Tieq;
10 for 0 <i<mdo

11 | XO =Imput(X. ,,);
12 for p times do
13 for0<i<mdo
14 for n times do
15 £g‘)ain @GetLOSS (91" Ttrain: i);
16 Update 6, to minimize Ci’» ;
P rain
7 Ege)st <Getloss (0;, Tiegi 1);
® @) 0 .
1 Redge - Redge U [Liggels
19 0 « (1/m)- X' 6, /* gather and aggregate */;
20 L5t —GetlLoss (0, T, m);
21 R central < Reentral Y [Liest];
22 for 0 <i<mdo
23 ‘ 6; < 0 /* broadcast */;
24 return [R RO R(m—l)],
central> "Cedgerr Nedge 10

On the other hand, the sensor value matrix X cannot be identical
across all edge servers because each ith edge server can only access
its assigned sensors V; C ¥ and cannot access unseen sensors V\V,. To
address this, X is substituted for the local sensor value X e RI7XIVI,
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Fig. 5. Three types of missing sensor value imputation.

which may contain missing values ¢. Therefore,

Xm0
¢

These null values ¢ can disrupt matrix calculations, so the imputation
process Imput(X ) shown at Line 11 in Algorithm 1 requires that sub-
stitutes null values in X f'v)v\v‘ with some appropriate numbers on each
edge server. The details of the imputation method will be discussed in
Section 4.4.

By substituting the global model f, of Eq. (3) with the local model

fo,» the formula for local STGNN prediction is expressed as

vVEY;

5
veEV\V,. ®

xo = o (L.X", ). ®)

ittt gy I—tin i1,
Similarly, the loss function Eq. (4) can be converted into local model
loss by replacing X with X®, like

1 |Ttrain | ~Tout

Low=7 X O X0, . @

train [ 25 o FOTT TR B & o T O

1=tjn
which is the same as Line 15 in Algorithm 1. Each edge server updates
its local parameter 6§, to minimize Ei?am as much as possible, by
iterating the mini-batch training process 5 times (5 is the number of
local epochs). After the local training, the local parameter is sent to
the central server for parameter aggregation.

4.4. Imputation of missing value

Various types of time-series imputation methods exist (Moritz et al.,
2015). A primary approach is interpolation, which fills in missing
values based on existing values when missing and present data coexist
within a single-sensor time series. Interpolation usually relies on two
or more known timestamp values to estimate the missing ones, using
techniques such as linear interpolation (averaging two known values)
or fitting data to a high-degree polynomial (e.g., Newton interpolation).
However, interpolation is not applicable in edge-computing environ-
ments because it is targeted to partially filled single sensor data. For
a multi-sensor environment, each edge server has either all or none of
the data for a specific sensor, making it impossible to mix missing and
present values within a single sensor’s data.

To address this limitation, we employ an alternative strategy to
replace unknown values with existing data. Two approaches were
considered: a statistical model and a graph-based model. The statistical
model uses linear approximation or a simple neural network, but its im-
putation results can vary between runs due to dependence on the initial
parameter values of the model. This variability may cause fluctuations
in training performance, complicating the evaluation of the original
STGNN model’s effects. Conversely, graph-based methods rely solely
on input data and employ a consistent algorithm, ensuring stability
across repetitive training sessions. Additionally, graph-based imputa-
tion leverages the inherent advantages of STGNNs by utilizing graphs
for training. For these reasons, we selected graph-based imputation.

Graph-based imputation operates by gathering information from
neighboring vertices connected by graph edges. We classify graph-
based imputation into three categories, as depicted in Fig. 5, based on
the number of hops used to collect information from adjacent vertices.

Zero-fill is the simplest method for imputation, where missing val-
ues are not inferred but replaced with zeros. Formally, this is achieved
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by concatenating each edge server’s partial matrix X. y, with a zero
matrix O:,V\V,»r as defined in Eq. (8).

XD =X, 5 110 y\y,- ®)

Neighbor mean calculates the imputation value as the average of
the neighboring vertices’ values. For a vertex u with an unknown value
a,, its neighboring vertices V,,, and edge values e,,, where v € N, the
neighbor mean 4,, as defined in Eq. (9), serves as the imputed value
for a,.

ZUGJ\/ Couy
g, = o iy ©
Zue./\fu Cou
Extending this calculation in Eq. (9) to all missing vertices requires
a transition matrix P. The sum of each column in P must equal 1,
because Eq. (9) is a linear combination 4, = ¥, w,,a,, where the
weight of u’s inward edge is w,, = e, /X, W, €us and the sum of
these weights satisfies ), . N, Wy, = 1. The left-hand stochastic matrix
P = AD™! (Wikipedia contributors, 2024) satisfies this requirement,
where A is the output of the function GaussKern from Eq. (1).

Initially, the neighbor mean method is similar to zero-fill, as it
also concatenates the zero matrix O. y\y, into X. y,. However, the key
distinction lies in the intermediate matrix Z®, which is defined in
Eq. (10).

ZO0 =X,y 110, p\y, (10)

To calculate Eq. (9) for all vertices, the matrix Z?”P is obtained.
The matrix contains the neighbor mean for both the missing sensors
V\V; and the existing sensors V;, due to the nature of the dot product
operation. To isolate the missing sensor values, only the V\V; part of
ZWP is extracted. Using the submatrix notation from Definition 3, this
extraction is represented as (Z ([)P):,V\V,- Finally, the local sensor value
X® is obtained by concatenating this extracted submatrix with X RV
as shown in Eq. (11).

XD =X 1(Z9P), y\y, an

Feature propagation (Rossi et al., 2022) extends the neighbor
mean method by repeating the neighbor mean operation multiple times,
allowing the aggregation of values from vertices beyond n-hops. The
key difference lies in the transition matrix, which is updated to a
normalized adjacency matrix P = DA D_%. Because the intermediate
matrix Z® in Eq. (10) is recalculated iteratively, it is denoted as Z@-"
in feature propagation, where i represents the edge server index and n
the number of repetitions. Therefore, Eq. (10) is expressed as Z*-0) =
X.y, Il O.y\y,, and the imputation formula in Eq. (11) is rewritten as
Eq. (12) for feature propagation.

VALRED S AL SIS a2)

By increasing n in Eq. (12), the intermediate matrix Z" aggregates
values from vertices at progressively larger n-hop distances. The range
of nis 0 < n < nyuy, With ng,, = 40 chosen for evaluation. This
enables feature propagation to gather information from up to 40-hop
neighbors, leveraging graph edge values to impute missing sensor data.
The final intermediate matrix becomes the local sensor value that is
X = ZzGnmax)

5. Evaluation

This section demonstrates the proposed framework’s performance
through three aspects of extensive experiments. First, we describe
the evaluation environment in Section 5.1 with detailed specifica-
tions of the computing nodes, models, datasets, and measurement
metrics. Section 5.2 shows the overall results of prediction perfor-
mance for FedSTGNN and other methods, with comparison analysis in
Section 5.3. Section 5.4 and Section 5.5 compare training time and
network communication cost, respectively. In addition, Section 5.6
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investigates the effect of each key component of the framework through
ablation studies. Section 5.7 evaluates FedSTGNN against alternative
designs, and Section 5.8 examines the robustness of the framework
under challenging conditions.

5.1. Environment

We obtained datasets from various domains as described below. The
specifications of these datasets are provided in Table 2.

« Traffic: Several STGNN researches have extracted highway traf-
fic datasets such as METR-LA, PEMS-BAY, PEMS03, PEMS04,
PEMSO07, PEMS08, and PEMSD7, with different locations and
time intervals. They originated from the Freeway Performance
Measurement (PeMS) System of California Department of Trans-
portation (California Department of Transportation, 2018). The
datasets contain 5 min average car speed measured by Vehicle
Detection Sensors (VDS) on each road.

Urban environment: Microsoft provides a raw dataset of Partic-
ulate Matter (PM) concentrations below 2.5 micrometers (Zheng
et al., 2015). The raw dataset contains hourly measurements from
various regions across China over several periods. We extracted
Air-PM25 dataset in approximately one year of measurements
from 172 air quality monitoring stations around Beijing, Tianjin,
and neighboring small cities.

Epidemic: The Center for Systems Science and Engineering (CSSE)
at Johns Hopkins University compiled and published region-
specific COVID-19 case numbers worldwide during the approx-
imately three-year pandemic (Dong et al., 2020). Because this
dataset represented a nonstationary time series with an increasing
trend, we extracted the daily changes to create CSSE-COVID
dataset in case numbers for our analysis. We utilized data from
287 global regions divided by country or state, using the geo-
graphical center of each region as its location reference.

Global events: Global Data on Events, Location, and Tone
(GDELT) project (Leetaru and Schrodt, 2013), operated by Google
Jigsaw, is a platform that collects and freely provides global
broadcast, print, and internet news. We extracted data from the
GDELT 1.0 dataset, which contains daily international events
spanning approximately 45 years. The GDELT dataset consists
of tuples (timestamp, source country, target country, Goldstein
scale). We created the GDELT-139 dataset by aggregating the av-
erage Goldstein scale of each target country receiving from other
countries on specific dates. The Goldstein scale measures the in-
tensity of conflict or cooperation in international events, ranging
from —10 to 10. Negative values represent expulsions, deten-
tions, arrests, protests, diplomatic ruptures, or military conflicts,
whereas positive values indicate apologies, visits, ceasefires, sup-
port statements, agreements, or cooperation. To exclude relatively
isolated countries from international relations, we selected only
139 countries with at least one event every three months. For
periods without events, we estimated Goldstein scale values using
linear interpolation. Geographic locations were based on the
central point of each country’s territory.

Consumer prices: Korea National Oil Corporation provides daily
gasoline prices across South Korea, publishing them on a web-
site called Opinet (Korea National Oil Corporation, 2024). We
collected raw data from this website over ten years and then
calculated daily averages for 228 municipality-level divisions in
South Korea. We used the latitude and longitude of each division’s
town hall as location reference points.

Neuroscience: The Uzel2022 dataset was acquired from neu-
robiological research (Uzel et al., 2022). It captures C. elegans
neuronal activation intensities for 30 min, with neuronal images
recorded at approximately three frames per second. The edge val-
ues in the dataset represent the combined count of gap junctions
and synapses between neurons, while vertex values correspond to
the measured luminescence intensity.
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» Meteorology: The weather dataset, NOAA-958, contains global
daily temperatures at various locations around the world. This
dataset was collected by the National Centers for Environmental
Information (Smith et al., 2011), and we extracted data from 958
randomly chosen weather stations over 12 years.

Next, we evaluate FedSTGNN using several existing STGNN models.
Since the STGNN model can be generalized as an arbitrary model f,
in Eq. (6) and Algorithm 1, we selected f, from the following models
to assess performance differences depending on the model type. We
keep the design and hyperparameters of each model as shown in their
original papers or official repositories.

+ AGCRN: Adaptive graph convolutional recurrent network
(AGCRN) (Bai et al., 2020) utilizes an embedding matrix for
spatial information, with the temporal module based on RNNs.
AGCRN uniquely calculates the Laplacian matrix L using the dot
product of the embedding matrix E, such that L = E - ET.
ASTGCN: Attention-based spatial-temporal graph convolutional
network (ASTGCN) (Guo et al.,, 2019) uses graph convolution
to extract spatial information from sensors at the same times-
tamp and temporal convolution for extracting information across
timesteps. Both convolution mechanisms are enhanced by the
attention mechanism (Vaswani, 2017).

DGCRN: Dynamic graph convolutional recurrent network
(DGCRN) (Li et al., 2023), an advanced version of DCRNN (Li
et al., 2018), generates a new graph based on sensor distances
and node embeddings from the time series. It combines graph
convolutions of the generated and original graphs on the model’s
output side.

DSTAGNN: Dynamic spatial-temporal aware graph neural net-
work (DSTAGNN) (Lan et al., 2022) uses both location-based
distance graphs and synthetic time-series-based graphs created
via Wasserstein distance between time series. Multi-head atten-
tion (Vaswani, 2017) captures spatial relevance, while temporal
convolutions identify dependencies across various time intervals.
GWNet: Graph WaveNet (GWNet) (Wu et al., 2019) extends di-
lated convolution from WaveNet (Oord et al., 2016) by integrat-
ing it with graph convolution. The input time range for dilated
convolution depends on two hyperparameters, layers / and blocks
b. We set the minimum / and b values to satisfy (2 = 1)xb+1 > t;;.
STGODE: Spatial-temporal graph ordinary differential equations
network (STGODE) (Fang et al., 2021) employs ordinary differen-
tial equations (ODEs) for its model design. A new distance matrix
is created using dynamic time warping, which calculates mean
time series by folding data into specific periods (e.g., daily or
hourly). ODEs can help prevent over-smoothing problems while
reducing memory and time consumption.

We construct an edge-computing testbed comprising five computing
nodes: one central server and four edge servers. Each edge server is
equipped with an Intel Xeon E5-2630v4 processor, a single NVIDIA GTX
1080Ti GPU, 64 GB of memory, and a 512 GB SSD, connected via a
1Gbps Ethernet switch. The vertices V of each dataset are split into four
local vertex sets V; using spectral clustering, and each V; was assigned
to an edge server. We set the maximum number of communication
rounds to p = 100, with each edge server performing local model
updates over 5 = 2 epochs per round. We apply early stopping with a
patience of 10 rounds and a minimum improvement threshold 1x 103
to prevent overfitting. The model used in the framework is optimized
by Adam optimizer (Kingma and Ba, 2014), with the learning rate of
1 x 10~3 and the weight decay of 5 x 10~*. We split the dataset into
a training and a testing set at 0.7 ratio. The number of input and
output timesteps shown in Eq. (6) varies by dataset (12 for traffic
datasets and Air-PM25, 15 for Uzel2022, and 14 for the remaining
datasets), and we set the input and output timesteps to be the same.
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Table 2
Dataset specifications.
Category Dataset V| |7\ Start End Period
METR-LA (Li et al., 2018) 207 34272 2012-03-01 2012-06-27 5 min.
PEMS-BAY (Li et al., 2018) 325 52116 2017-01-01 2017-06-30 5 min.
PEMSO03 (Guo et al., 2021) 358 26208 2018-09-01 2018-11-30 5 min.
Traffic PEMS04 (Guo et al., 2021) 307 16992 2018-01-01 2018-02-28 5 min.
PEMSO07 (Guo et al., 2021) 883 28224 2017-05-01 2017-08-06 5 min.
PEMSO08 (Guo et al., 2021) 170 17 856 2016-07-01 2016-08-31 5 min.
PEMSD7 (Yu et al., 2018) 228 12672 2012-05-01 2012-06-13 5 min.
Urban environment Air-PM25 (Zheng et al., 2015) 172 8664 2014-05-01 2015-04-30 1h
Epidemic CSSE-COVID (Dong et al., 2020) 287 1143 2020-01-22 2023-03-09 1 day
Global events GDELT-139 (Leetaru and Schrodt, 2013) 139 12833 1979-01-01 2024-02-18 1 day
Consumer prices Opinet (Korea National Oil Corporation, 2024) 228 3653 2015-01-01 2024-12-31 1 day
Neuroscience Uzel2022 (Uzel et al., 2022) 58 3312 - - 1/3 s
Meteorology NOAA-958 (Smith et al., 2011) 958 4748 2010-01-01 2022-12-31 1 day

We evaluated model performance using the mean arctangent absolute
percentage error (MAAPE) (Kim and Kim, 2016), an improved metric
for time-series forecasting. Unlike the mean absolute percentage error,
which diverges to infinity when the predicted value exceeds the actual
value, MAAPE converges to 100% in such cases, offering a more robust
measure of prediction error.

5.2. Overall results of prediction performance

We evaluate the performance of the global model f, by applying
FedSTGNN to various combinations of datasets and models, as shown
in Fig. 6. Specifically, we compare the original single-node STGNN
model (i.e., non-federated, described in Section 3.2) with FedSTGNN
on three imputation methods (i.e., zero-fill, neighbor mean, and feature
propagation; outlined in Section 4.4), to measure how much FedSTGNN
preserves the performance of single-node models.

For more objective comparisons, we also choose a baseline method.
However, to the best of our knowledge, there are no framework studies
such as ours that expand the existing single-node STGNN to the feder-
ated environment, so there are no direct competitors comparable to our
work. Instead, we select CNFGNN (Meng et al., 2021), an FL-specific
STGNN model mentioned in Section 2 that runs STGNN in the same
federated environment. The difference between our framework and the
FL-specific STGNN model is that our framework is a general method
that transforms any single-node STGNN model into the FL version of
the model without any modifications to the original model, such as
a plugin. In contrast, the FL-specific model is built from scratch as a
multi-node model, with neural network layers partitioned to the edge
and central server disjointly, requiring exchanges of every interme-
diate data (e.g., parameters, gradients, and embedding vectors) and
constructed as totally monolithic manner, so they cannot be modified
or replaceable partially.

In Fig. 6, Zero, Neighbor, and FP represent the types of imputation
methods used in FedSTGNN: zero-fill, neighbor mean, and feature prop-
agation, respectively. Single refers to the non-federated version of the
STGNN model. The asterisk mark at the end of some bars indicates
notable cases among the results, specifically where Neighbor or FP
performs better than Zero. The numbers displayed above some bars
represent the ratio of improvement, showing how many times better
the best case among zero-fill, neighbor mean, and feature propagation
is compared to the single-node model. Finally, on the far right, we
display the performance of CNFGNN for each dataset. For NOAA-958,
we were unable to run CNFGNN due to GPU memory limitations with
our available equipment.

We evaluate the effect of the graph-based imputation methods in
Fig. 6, as discussed in Section 4.4, on the performance of FedSTGNN.
The zero-fill method, which substitutes missing values with zeros, does
not leverage the graph structure and is thus considered as a naive
method. We identified cases where graph-based imputation methods
(neighbor mean and feature propagation) outperformed the zero-fill
methods in terms of lower MAAPE values. Out of the 78 combinations

of datasets and models, 55 cases (approximately 70.5%) achieved
better performance with one of the graph-based imputation methods.
Among these, the feature propagation was superior in 46 cases (59.0%),
whereas neighbor mean only outperformed the zero-fill in 9 cases
(11.5%).

In Fig. 6, the performance dominance of graph-based methods varies
depending on the model and dataset. The feature propagation domi-
nantly shows the best results with the combination of AGCRN, DGCRN,
and STGODE models. In contrast, ASTGCN, DSTAGNN, and GWNet
demonstrate relatively stronger dependences on the input dataset rather
than the model itself. Additionally, some graph-based imputation meth-
ods significantly reduce prediction errors compared to the zero-fill.
For example, the AGCRN and STGODE model exhibited drastic error
reductions for PEMS03, PEMS04, PEMS07, and PEMSO08. Although
FedSTGNN works well in most cases, there appear to be specific
combinations of models and datasets where it performs exceptionally
well.

We examined the performance ratio between the best-performing
FedSTGNN configuration and the single-node model for each combi-
nation of model and dataset. FedSTGNN trains local models in edge
servers separately on disjoint datasets, and aggregates local parameters
to the central server. This decentralized training process inherently
introduces information loss, leading to potential performance degrada-
tion compared with the original single-node model. The experiment of
Fig. 6 showed that even in the worst case, the performance degradation
remained within x2 (only a single case of the PEMS07 dataset on the
AGCRN model). On average, we observed a performance decrease of
approximately x1.26 across all combinations, which is an acceptable
performance difference.

Our FedSTGNN outperforms CNFGNN on some datasets, such as
METR-LA and PEMSD7. However, CNFGNN achieves slightly better
performance than others, primarily due to fundamental design dif-
ferences between the two approaches. FedSTGNN assumes that the
number of edge servers is significantly smaller than the number of
sensors, minimizing data exchange with the central server and relying
on imputation to handle missing values. In contrast, CNFGNN assumes
that each sensor corresponds to an edge server, leveraging frequent and
diverse communication with the central server to train the model with
complete raw data. As a result, CNFGNN inherently benefits from an
information-rich training process, leading to improved performance.

Another key factor is that CNFGNN is a specialized model explicitly
designed for federated learning, whereas FedSTGNN is a general frame-
work for converting single-node STGNNs into FL models. In CNFGNN,
the edge and central servers collaboratively train a tightly integrated
model, exchanging parameters, gradients, and hidden representations.
This monolithic design allows for more effective model architecture
and hyperparameter optimization. In contrast, FedSTGNN prioritizes
generality by preserving the structure of the original single-node model,
making end-to-end optimization more challenging and resulting in
slightly lower performance.
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Fig. 6. Prediction performance results in MAAPE for single-node model, FedSTGNN-applied model and CNFGNN (unit: %). O.0.M. stands for Out Of Memory.

5.3. Prediction performance comparison

This section presents a more quantitative comparison by aggregat-
ing the results shown in Fig. 6. Fig. 7 summarizes the difference ratio
of prediction loss between FedSTGNN and the single-node model. The
figure consists of six plots arranged in a grid. The vertical direction
represents the results grouped by the imputation methods proposed in
Section 4.4: zero-fill, neighbor mean, and feature propagation, with
colors matching those in Fig. 6. In the horizontal direction, the top
three plots show the average ratio per dataset, with the overall average
annotated. The bottom three plots display histograms of prediction loss
difference ratios across all the models and datasets, with Kernel Density
Estimation (KDE) curves showing peak values.
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At the top three charts of Fig. 7, among FedSTGNN’s three missing
value imputation methods, the zero-fill and neighbor mean show simi-
lar average values of x1.81 and x1.83, respectively. At the same time,
feature propagation minimizes the gap with single-node models with an
average of x1.24. It suggests that filling missing values by increasing
the number of hops more closely restores the data to its original
pre-partitioned state. At the dataset level, we observe that METR-LA,
PEMS-BAY, and Opinet perform better with zero-fill than the neighbor
mean, whereas other datasets such as PEMS03, PEMS04, PEMS07,
and PEMSO08 show the opposite trend. However, feature propagation,
which actively utilizes the graph for imputation, significantly reduces
differences from the single-node model across all datasets, resulting in
lower variance.
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Fig. 7. Bar chart and histogram for the ratio of FedSTGNN-applied model to single-node model prediction performance. Lower is better.
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This trend is further confirmed in the bottom three charts of Fig. 7.
While zero-fill and neighbor mean exhibit high variance and fat-tailed
distributions, the KDE plot for feature propagation shows a relatively
high peak and is closer to 1 compared to the other two methods.
It demonstrates that when using FedSTGNN with feature propaga-
tion, performance remains close to that of single-node models in most
cases, indicating that FedSTGNN can serve as a universal solution for
extending existing single-node STGNN models to federated learning.

We also examine how FedSTGNN compares to the CNFGNN baseline
using the results from Fig. 6, as shown in Fig. 8. We maintain the
same plot configuration as in Fig. 7, annotating both the mean of the
performance difference ratios and the peak values of the KDE plots on
Fig. 8. Note that for NOAA-958, we could not make comparisons due
to the out-of-memory issues.

The upper charts in Fig. 8 display trends similar to those in Fig. 7.
Although the zero-fill and neighbor mean show slightly worse perfor-
mance with ratios of x1.79 and x1.94, respectively, feature propagation
consistently maintains a significantly smaller difference (average ratio
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of x1.25) than CNFGNN. Notably, except for the neighbor mean for
Opinet, both the zero-fill and neighbor mean exhibit reduced variance
with single-node models. Additionally, feature propagation continues
to demonstrate the lowest variance among all methods.

The lower histograms in Fig. 8 confirm that the zero-fill and neigh-
bor mean maintain fat-tailed distributions compared with feature prop-
agation. We can also observe that although zero-fill and feature prop-
agation share the same KDE peak value, they differ significantly in
variance. Overall, FedSTGNN with feature propagation demonstrates
the best performance.

5.4. Training time analysis

In this section, we describe the differences in training time between
our method, FedSTGNN, and the baseline method, CNFGNN. Since
FedSTGNN and CNFGNN are approaches for constructing the federated
learning STGNN, they both optimize models through repeated rounds.
Therefore, we present the per-round training time in Table 3 and show
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Per-round training time comparison (unit: seconds). O.0.M. stands for Out Of Memory. Each percentage value means the relative ratio of elapsed time compared

to the CNFGNN.

Dataset CNFGNN FedSTGNN Avg. ratio of
AGCRN ASTGCN DGCRN DSTAGNN GWNet STGODE FedSTGNN

METR-LA 369.1 53.2 (14.4%) 52.1 (14.1%) 357.2 (96.8%) 215.9 (58.5%) 76.5 (20.7%) 142.9 (38.7%) 40.5%
PEMS-BAY 854.4 111.8 (13.1%) 131.1 (15.3%) 649.3 (76.0%) 655.4 (76.7%) 125.4 (14.7%) 351.3 (41.1%) 39.5%
PEMS03 247.0 61.8 (25.0%) 79.2 (32.1%) 427.6 (173.1%) 372.2 (150.7%) 71.1 (28.8%) 190.4 (77.1%) 81.1%
PEMS04 244.6 35.5 (14.5%) 40.6 (16.6%) 195.0 (79.7%) 194.5 (79.5%) 42.2 (17.2%) 106.3 (43.5%) 41.8%
PEMS07 1121.1 192.2 (17.1%) 388.7 (34.7%) 1853.4 (165.3%) 2361.4 (210.6%) 218.0 (19.4%) 554.1 (49.4%) 82.8%
PEMS08 247.3 24.6 (10.0%) 23.3 (9.4%) 125.4 (50.7%) 93.5 (37.8%) 36.1 (14.6%) 60.4 (24.4%) 24.5%
PEMSD7 244.0 20.2 (8.3%) 22.8 (9.3%) 102.8 (42.1%) 96.9 (39.7%) 35.3 (14.5%) 61.1 (25.0%) 23.2%
Air-PM25 9.3 12,5 (13.0%) 12.4 (12.9%) 59.2 (61.4%) 49.3 (51.2%) 32.4 (33.7%) 31.7 (32.9%) 34.2%
CSSE-COVID 38.6 4.4 (11.3%) 4.6 (11.9%) 15.7 (40.7%) 22.7 (58.7%) 5.7 (14.8%) 9.4 (24.4%) 27.0%
GDELT-139 122.9 21.5 (17.5%) 17.0 (13.9%) 92.2 (75.1%) 64.8 (52.8%) 28.1 (22.9%) 44.9 (36.5%) 36.4%
Opinet 65.8 9.2 (14.0%) 9.8 (15.0%) 33.7 (51.3%) 39.6 (60.2%) 20.7 (31.5%) 21.0 (31.9%) 34.0%
Uzel2022 25.3 6.3 (24.9%) 4.0 (15.8%) 22.4 (88.6%) 13.0 (51.6%) 6.0 (23.6%) 6.9 (27.4%) 38.7%
NOAA-958 0.0.M. 486 89.3 427.6 561.4 50.2 112.6 -

the ratio of differences between CNFGNN and our method. Note that
our method performs the imputation process during the preprocessing
stage, and the training process is the same regardless of the chosen
imputation method. Consequently, the per-round time is independent
of the selection of the imputation method. Therefore, we calculated
the average training time from the experimental results in Fig. 6 and
recorded it in Table 3.

Unlike CNFGNN, which is a single model, FedSTGNN is a frame-
work applied to existing models, so execution time varies depending
on which model is combined with FedSTGNN. As shown in Table
3, FedSTGNN'’s execution time varies significantly depending on the
STGNN model. Nevertheless, among the 72 dataset and model com-
binations (excluding NOAA-958), only four combinations (DGCRN and
DSTAGNN models with PEMS03 and PEMS07 datasets) required more
execution time than CNFGNN; the remaining 68 combinations (94.4%
of all combinations) were faster than CNFGNN. Therefore, FedSTGNN
can be considered generally faster than CNFGNN.

When averaging across all ratios in Table 3, FedSTGNN requires
only 42% of CNFGNN’s execution time, demonstrating superior tem-
poral efficiency. We guess that this time difference originates from
structural differences. That is, FedSTGNN only trains on edge servers
and aggregates the results at the central server, whereas CNFGNN, as
mentioned in Section 2, processes part of the model on edge servers
and the remainder on the central server during training. This approach
generates multiple instances of network traffic between central and
edge servers and can result in longer execution times.

5.5. Communication cost analysis

We explain the differences in network traffic usage between the
baseline method CNFGNN and our method FedSTGNN. In Table 4, we
measured how many megabytes of data were transmitted per round
for both methods. We display the ratio of our method compared to the
baseline method. Overall, all FedSTGNN results showed dramatically
lower network traffic usage than those of CNFGNN. Among these
results, the highest traffic usages were with DSTAGNN on Uzel2022
(8.62%) and CSSE-COVID (7.70%), whereas the remaining results were
significantly lower. In terms of quantity, the experimental results show
less than 1% traffic usage compared to CNFGNN, which totaled 61
cases, representing 84.7% of all the experiments. Therefore, FedSTGNN
generally uses much less network traffic than CNFGNN.

We average the FedSTGNN results in Table 4, which shows that it
uses only 0.74% of the traffic compared to CNFGNN, demonstrating
exceptional bandwidth efficiency. We speculate that this results from
structural differences, similar to our analysis in Section 5.4. FedSTGNN
performs only two communications per round: transmitting parameters
from edge servers to the central server and broadcasting aggregated
parameters to edge servers. As mentioned in Table 1, since the size
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of the parameters required for FedSTGNN is not large (under 8MB),
this process uses minimal network bandwidth. In contrast, CNFGNN
requires multiple communications within a single round as mentioned
in Section 2, and exchanges various information between edge and
central servers, including not only parameters but also encoded vectors,
embedding vectors, and gradients of hidden vectors, resulting in much
higher traffic usage than FedSTGNN.

5.6. Characteristics of FedSTGNN

This section presents the characteristics of the proposed FedSTGNN
framework through three aspects. Section 5.6.1 presents an ablation
study including the effectiveness of each component of FedSTGNN.
Section 5.6.2 compares different FL aggregation strategies, includ-
ing FedAvg, FedProx, and SCAFFOLD. Finally, Section 5.6.3 presents
the performance of the proposed framework, varying the imputation
methods.

5.6.1. Ablation study

To validate the contributions of the key components of the proposed
FedSTGNN framework, we conducted an ablation study on two compo-
nents: the existence of parameter aggregation in FL and imputation. For
removing FL, we set each edge to train independently without sharing
any parameters and only aggregate at the final stage to validate the
overall process. Also, for removing imputation, we substitute the impu-
tation from the propagation-based imputation to the simple zero-filling
method for missing data.

As shown in Fig. 9, the baseline configuration (i.e., both FL and im-
putation are on) achieves the best performance in most cases. Between
the two components, the removal of FL has a more significant impact
on performance degradation than the removal of imputation. Especially
for AGCRN with FedSTGNN, the effects of both FL and imputation
are significant. The results confirm that the absence of both FL and
imputation is a critical component for decreasing the performance of
FedSTGNN.

5.6.2. Aggregation strategies of federated learning

We conducted experiments with other aggregation methods over
FedAvg (McMahan et al.,, 2017), which is the default aggregation
function Agg(é;, ...) described in Section 4.1. Specifically, we adapted
FedProx (Li et al., 2020) and SCAFFOLD (Karimireddy et al., 2020) into
FedSTGNN and compared it to the FedAvg version of FedSTGNN. Both
methods aggregate local model parameters differently into the global
model to reduce the difference between the local and global models. For
this purpose, both FedProx employs a proximal term in edge servers,
and SCAFFOLD calculates a correlation term.

As shown in Fig. 10, FedSTGNN using FedAvg presents the lowest
prediction error across all datasets and model combinations, while
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Per-round communication cost comparison (unit: MB). O.0.M. stands for Out Of Memory. Each percentage value means the relative ratio of communication cost

compared to the CNFGNN.

Dataset CNFGNN FedSTGNN Avg. ratio of
AGCRN ASTGCN DGCRN DSTAGNN GWNet STGODE FedSTGNN
METR-LA 2172.03 2.85 (0.13%) 0.91 (0.04%) 0.75 (0.03%) 9.91 (0.46%) 1.02 (0.05%) 3.10 (0.14%) 0.14%
PEMS-BAY 5143.51 2.86 (0.06%) 1.89 (0.04%) 0.79 (0.02%) 14.43 (0.28%) 1.03 (0.02%) 3.13 (0.06%) 0.08%
PEMS03 1633.81 2.86 (0.17%) 2.25 (0.14%) 0.80 (0.05%) 15.92 (0.97%) 1.03 (0.06%) 3.14 (0.19%) 0.27%
PEMS04 1633.81 2.86 (0.17%) 1.72 (0.11%) 0.78 (0.05%) 13.66 (0.84%) 1.03 (0.06%) 3.13 (0.19%) 0.24%
PEMSO07 7661.54 2.88 (0.04%) 12.32 (0.16%) 0.96 (0.01%) 53.03 (0.69%) 1.07 (0.01%) 3.26 (0.04%) 0.16%
PEMS08 1633.81 2.85 (0.17%) 0.68 (0.04%) 0.74 (0.05%) 8.76 (0.54%) 1.02 (0.06%) 3.09 (0.19%) 0.17%
PEMSD7 1633.81 2.85 (0.17%) 1.05 (0.06%) 0.76 (0.05%) 10.62 (0.65%) 1.02 (0.06%) 3.11 (0.19%) 0.20%
Air-PM25 487.79 2.85 (0.58%) 0.70 (0.14%) 0.74 (0.15%) 8.82 (1.81%) 1.02 (0.21%) 3.09 (0.63%) 0.59%
CSSE-COVID 173.43 2.86 (1.65%) 1.54 (0.89%) 0.77 (0.45%) 13.35 (7.70%) 1.03 (0.60%) 3.54 (2.04%) 2.22%
GDELT-139 605.68 2.85 (0.47%) 0.54 (0.09%) 0.73 (0.12%) 8.40 (1.39%) 1.02 (0.17%) 3.50 (0.58%) 0.47%
Opinet 321.56 2.85 (0.89%) 1.07 (0.33%) 0.76 (0.24%) 11.14 (3.46%) 1.03 (0.32%) 3.52 (1.10%) 1.06%
Uzel2022 78.88 2.85 (3.61%) 0.29 (0.37%) 0.71 (0.89%) 6.80 (8.62%) 1.02 (1.29%) 3.72 (4.71%) 3.25%
NOAA-958 0.0.M. 2.88 14.46 0.98 60.93 1.08 3.69 -
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Fig. 9. Prediction error of the ablation study, measured in MAAPE (unit: %).
Baseline is FedSTGNN with feature propagation, same as Fig. 6. w/o stands for
without. All off is both FL and imputation are removed.

both FedProx and SCAFFOLD version shows significant performance
degradation, which means that simple average aggregation operates
more stably than weighted and complex aggregation. We presume that
both the characteristics of the datasets and the processing approach of
FedSTGNN can affect the results. Because sensors located in the same
area are likely to output similar data. For example, in traffic prediction,
if congestion occurs at one location, it is easy to think that nearby areas
will also experience congestion. However, it is relatively unrelated to
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Fig. 10. Prediction error of different FL aggregation methods, measured in
MAAPE (unit: %). Each bar color represents the type of aggregation method.

predicting congestion in a distant city. Similarly, in weather prediction,
if the temperature at one location is very low, the temperature at an
adjacent location is also likely to be low. Since FedSTGNN allocates
each partial region of sensors for each edge server and sensor values
are expected to show high correlation in the same region, the local
models need to become specialized on their regions to achieve better
performance. However, FedProx and SCAFFOLD try to reduce the bias
of local models, which appears to make them less effective in each local
region. Therefore, FedAvg, which does not heavily attempt to reduce
bias, is considered the most suitable for FedSTGNN.
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5.6.3. Imputation strategies

As outlined in Section 4.4, the three imputation methods (zero-
filling, neighbor mean, and feature propagation) are categorized by a
different number of iterations of feature propagation. Zero-fill is zero
iterations, neighbor mean is a single iteration, and feature propagation
is multiple iterations of graph propagation. We measure imputation and
prediction errors by incrementing the number of iterations from 0 to
40, showing in Fig. 11. Increasing the number of feature propagation
iterations reduces imputation error across all datasets. The reason is
that existing information may be multiple hops away from missing
sensor data. In other words, information for reconstructing missing
values can exist not only in the range of 1-hop, but also at 5-hop or 10-
hop distances. For this reason, iterative propagation is required to pull
the distant existing values. After all non-existing values are replaced
with some value, no more values are changed, and the imputation
error finally saturates. This saturation occurs in approximately 5 to
15 iterations of all datasets in Fig. 11. As imputation error decreases,
missing values are replaced with values closer to actual data, and the
prediction errors are reduced across most models and datasets. For
example, in the Uzel2022 dataset with the AGCRN model, the error
decreases significantly from approximately 18% at zero iterations to
11%-12% at 40 iterations.

We compare another graph imputation method with our proposed
graph-based imputation approach. GraphMAE (Hou et al., 2022) is
one of the graph imputation methods based on generative artificial
intelligence design that reconstructs missing data using a modified
AutoEncoder. Despite its sophisticated structure, GraphMAE performs
worse than feature propagation across all datasets except NOAA-958, as
shown in Fig. 12. GraphMAE also requires a separate training process
involving backpropagation, which demands extra computational time.
Due to the stochastic characteristics of machine learning training,
machine learning-based imputation, such as GraphMAE results, may
vary across each run. This instability can be amplified in the output
result of FedSTGNN. In contrast, feature propagation relies on only a
few matrix multiplications, which requires relatively fewer resources
and produces stable imputation results for a given input. Consequently,
feature propagation is more suitable for FedSTGNN in terms of accuracy
and efficiency.
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5.7. Comparison with alternative methods

This section evaluates FedSTGNN against the methods following dif-
ferent approaches. Here, we consider two approaches: the FL approach
combined with GNN, which does not explicitly target spatio-temporal
data, and a large language model (LLM)-based spatio-temporal predic-
tion approach.

We compare FedSTGNN with methods that integrate FL with typical
GNNs, which are not specialized for spatio-temporal data. Specifi-
cally, we select FedGCN (Yao et al., 2023), which combines simple
graph convolution with FedAvg. We used the default settings pro-
vided in the paper and its official source code. In Fig. 13, FedGCN
exhibits significantly higher prediction errors than FedSTGNN across
all datasets. Notably, for traffic datasets such as METR-LA and PEMS-
BAY, and the neural dataset Uzel2022, FedGCN’s errors are more
than twice those of FedSTGNN. This performance gap seems to orig-
inate from the inability of FedGCN’s simple graph convolution to
capture spatio-temporal dependencies effectively. In contrast, FedST-
GNN is powered by single-node STGNN models designed to detect
spatio-temporal dependencies. In other words, FedSTGNN can preserve
single-node STGNNs’ performance well while expanding the model into
FL.

We compare FedSTGNN with a recently proposed Large Language
Model (LLM)-based spatio-temporal model. UrbanGPT (Li et al., 2024)
integrates spatio-temporal embeddings with the Vicuna LLM model
(Chiang et al., 2023) and offers the advantage of zero-shot learning
that enables inference without training on new datasets. Due to limited
experimental resources, we perform inference only using the pretrained
UrbanGPT model. As shown in Fig. 14, UrbanGPT exhibits signifi-
cantly higher prediction errors than FedSTGNN across all datasets, with
huge error gaps on datasets such as Opinet and Uzel2022. We also
measure the inference time required for all sensors, presented in Fig.
15. UrbanGPT typically requires hundreds of seconds for inference,
whereas FedSTGNN achieves millisecond-level inference speeds. One
of the reasons is that UrbanGPT cannot process multivariate time
series simultaneously, but processes individual prompts on each sensor,
increasing computation time, so its runtime scales poorly as the number
of vertices increases. Therefore, LLM-based approaches significantly
underperform compared to FedSTGNN in both prediction accuracy and
computational efficiency.

5.8. Framework robustness

This section investigates the robustness of the proposed FedST-
GNN framework under various challenging conditions, including sparse
graph environment, long-term forecasting, and dynamic edge server
participation, across multiple datasets and models.
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Fig. 14. Prediction error of LLM-based model (i.e., UrbanGPT) and our
method, measured in MAAPE (unit: %).
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Fig. 15. Inference time of LLM-based model (i.e., UrbanGPT) and our method,
measured in seconds and shown as a log scale.

We investigate FedSTGNN’s performance in highly sparse graph
environments. To control graph density, we vary the threshold value
k of the Gaussian kernel defined in Eq. (1), using k= {0.001, 0.002,
0.005, 0.01, 0.02, 0.05, 0.1, 0.2, 0.5, 1.0}. As shown in the first row
of Fig. 16, increasing the threshold value significantly reduces graph
density, especially in the Air-PM25, Opinet, and NOAA-958. For pre-
diction performance, extremely sparse conditions can increase errors
in some datasets (METR-LA, PEMS-BAY, Uzel2022) or dense conditions
can also increase errors (Air-PM25, Opinet, NOAA-958). Although the
impact of graph density varies depending on the dataset and the base
model for FedSTGNN, performance is mainly sustained across most
density levels, with a few cases of degradation in specific density cases.
The proposed method can ensure consistent performance across various
graph densities.

We also assess FedSTGNN’s applicability for long-term forecasting
by extending the output time series length from x1 to x5 of the original
length while maintaining the input time series length. Fig. 17 shows
that prediction error gradually rises as the output length increases
across all cases, but the increment is typically within 5-10%p. For the
NOAA-958 climate dataset, where one step equals one day, the error
for a 14-step (2-week) forecast is approximately 25%, rising to about
30% for a 70-step (10-week, approximately 2-month) forecast, show-
ing relatively limited error increase in long-term predictions. Similar
patterns are discovered in other datasets. For instance, the METR-LA
dataset, where one step equals 5 min, shows an error increase from
approximately 5% for a 12-step (1-hour) forecast to about 10% for a 60-
step (5-hour) forecast in FedSTGNN and ASTGCN combination, which
is a 5%p rise. Likewise, the PEMS-BAY dataset exhibits an error increase
from about 3% to 6% (+3%p). These results imply that FedSTGNN can
support both short-term and long-term forecasting tasks.
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measured in MAAPE (unit: %). Fig. 18. Prediction error depending on the edge server’s participation proba-
bilities, measured in MAAPE (unit: %).

Finally, we evaluate FedSTGNN’s robustness in dynamic environ-

ments with frequent edge server failures. To simulate this, we set the all training rounds. As shown in Fig. 18, higher participation probabili-
participation ratio of each edge server as 25%, 50%, 75%, and 100% for ties slightly improve performance, but prediction performance remains
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stable across different participation rates. We note that, FedSTGNN
maintains its performance even at a 25% participation probability,
which means only one out of four edge servers is active on average.
The result proves that FedSTGNN is robust to edge server failure.

6. Drawbacks of FedSTGNN

Although FedSTGNN demonstrates its practical and versatile fea-
tures by extending centralized STGNNs to federated learning envi-
ronments, it is not universally adaptable to all types of models and
scenarios that remain in future research. Our framework currently
cannot handle several types of spatio-temporal graphs. For example,
a multi-attribute vertex is not yet supported, such as when temper-
ature, humidity, and illumination are jointly used in meteorological
prediction. Also, heterogeneous graphs with multiple types of vertices
(e.g., predicting gas price using the relationship of oil drilling facilities,
refineries, and gas stations) or knowledge graphs containing words, not
numerical values, fall outside the current scope. These cases require
further extensions beyond the present framework.

Second, it cannot be directly applied to industry-level settings.
One of the cases is that the framework does not support an edge
computing environment if the base STGNN model requires a large
amount of GPU memory or if edge servers have minimal resources, such
as mobile or embedded systems. Furthermore, the current framework
does not incorporate online graph update algorithms or dynamic data
structures if sensors are frequently added or removed, such as in a real-
time scenario. However, this type of optimization is relatively close
to the platform-specific problems, as the solution depends on specific
hardware and network specifications.

Third, privacy preservation is another drawback. Our work primar-
ily targets converting centralized STGNNs into federated learning, and
therefore is merely concerned about privacy. However, we can consider
some security techniques for federated learning, such as differential
privacy (Wei et al., 2020) or secure aggregation (Bonawitz et al., 2016).
Since these techniques are well-established and compatible, we expect
that integrating them would not be difficult, and we plan to investigate
this direction in future research. Addressing privacy concerns will
further enhance the applicability of FedSTGNN in sensitive domains
such as healthcare and smart city infrastructures.

7. Conclusion

We proposed FedSTGNN, a federated learning (FL) framework for
arbitrary STGNNs. We introduced the basic concepts of FL and outlined
the general training process of STGNNSs regardless of the specific model.
These concepts were combined into FedSTGNN, enabling the extension
of arbitrary STGNN models to an FL setting. In order to address miss-
ing sensor values in the edge-computing environment, our framework
adapted graph-based imputation methods according to the range of
vertices for aggregating values. We demonstrated the effectiveness of
our framework in several aspects. Our analysis shows that FedSTGNN
sacrifices a slight amount of accuracy while achieving substantial gains
in time and network efficiency. Although our framework is designed
as a general approach, it can suppress the prediction error increase
to an average of x1.24 and x1.25 compared to single-node models
and a competing FL-specific model, respectively. Regarding efficiency,
FedSTGNN required only 42% of the training time and utilized merely
0.74% of the network bandwidth compared to the baseline model.
Ablation studies confirmed that both FL and graph-based imputation
are critical for performance. Our graph-based imputation significantly
reduced prediction errors, outperforming non-graph-based methods.
We demonstrated superior performance compared to the LLM-based
prediction method. The framework also proved robust in challenging
scenarios, maintaining stable performance with sparse graphs for long-
term forecasting and under dynamic server participation. Consequently,
the results indicate that FedSTGNN is a practical, robust, and universal
solution for extending existing single-node STGNN models to real-world
federated learning environments.
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