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ABSTRACT

Accurate and real-time traffic flow prediction is crucial for Intelli-
gent Transportation Systems. Recent advances in federated learning
and spatio-temporal modeling have improved accuracy and privacy
protection. However, existing methods often rely on global topology
for spatial features, neglecting topology protection, and typically
train a generic global model without considering local personal-
ized features, limiting prediction performance. This paper proposes
ST-PFLA (Spatio-Temporal Traffic Flow Prediction via Personal-
ized Federated Learning with Adaptive Aggregation), a framework
designed for node-level scenarios where clients only have infor-
mation about their respective connections, to improve prediction
accuracy and training efficiency while safeguarding topology pri-
vacy. In ST-PFLA, clients conduct prediction by combining spatial
and temporal features extracted by the attention mechanism and
local datasets respectively. The method aggregates only encoders
across clients, retaining decoders locally for personalization. Each
client performs an additional local training round to generate a
guide model, which is used to inform the calculation of aggrega-
tion weights. Experimental results on two public datasets show
that ST-PFLA can significantly enhance prediction accuracy while
safeguarding topology privacy at lower training costs.
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1 INTRODUCTION

Traffic flow prediction, as a critical component of Intelligent Trans-
portation Systems (ITS), provides essential guidance for traffic man-
agement and route planning [25]. It plays a vital role in urban traffic
control, autonomous driving, intelligent travel planning, and infras-
tructure development [24]. Given the inherent temporal and spatial
correlations in traffic data, many studies focus on extracting and in-
tegrating spatio-temporal features to improve prediction accuracy.
In light of growing privacy concerns in real-world applications,
a number of studies advocate keeping traffic data decentralized
[15, 21]. Leveraging Federated Learning (FL), multiple clients with
local datasets can collaboratively train a global model without shar-
ing raw data, thereby improving predictive performance while
safeguarding privacy. However, existing FL-based spatio-temporal
traffic flow prediction methods still face several critical challenges.

Firstly, many existing approaches rely on global sensor topolo-
gies and graph-based neural networks for spatial feature extrac-
tion [9, 20, 30], which incurs high computational and memory over-
head. Moreover, the dynamic nature of sensor networks requires
frequent topology updates and model retraining [40], leading to
reduced stability and limited scalability in practical deployments.

Secondly, assuming full knowledge of the global topology raises
significant privacy concerns. Since sensors are often owned by
different organizations, exposing global topology information may
reveal sensitive details such as sensor density, deployment patterns,
and coverage, leading to privacy breaches and potential security
risks [15, 39].

Finally, most existing methods [5, 36] adopt a single global model
aggregated via simple averaging, ignoring client heterogeneity. In
practice, traffic patterns vary considerably across regions, leading
to non-IID data distributions across clients. Consequently, a sin-
gle global model often fails to capture local variations and suffers
from degraded generalization performance. Although personalized
federated learning alleviates this issue to some extent, existing
approaches still struggle with effective spatio-temporal modeling
and adaptive aggregation, often relying on heuristic strategies or
explicit topologies, while incurring substantial computational and
communication overheads that hinder scalability in practical de-
ployments.

To address the above challenges, we propose ST-PFLA (Spatio-
Temporal traffic flow prediction based on Personalized Federated
Learning with Adaptive aggregation), a novel framework designed
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for node-level scenarios. ST-PFLA preserves topology privacy by
restricting access to global structural information and is highly
applicable in real-world traffic systems. Our goal is to improve
prediction accuracy while protecting topology privacy, reducing the
negative impact of naive averaging in federated aggregation, and
minimizing both communication and computation overhead during
training. To the best of our knowledge, this is the first work to
apply personalized federated learning to node-level spatio-temporal
traffic flow prediction, integrating adaptive encoder aggregation
with topology privacy preservation to enhance personalization
and training efficiency. The main contributions of this paper are
summarized as follows:

o Building on the approach in [15], we introduce an attention-
based spatial feature extraction module. Structural embed-
dings are initialized via a customized random walk algorithm
and dynamically updated based on each client’s local knowl-
edge. Experimental results demonstrate that the proposed
embeddings improve prediction accuracy, while the dynamic
update mechanism yields additional performance gains.

e We propose a personalized FL strategy tailored for Non-IID
scenarios, where only encoders are uploaded for aggregation,
while decoders remain local for customization. Aggregation
weights are computed based on gradient similarity between
guide models, enabling adaptive and personalized model
updates that better reflect client-specific characteristics.

Extensive experiments on two real-world traffic datasets

demonstrate that ST-PFLA achieves superior performance

in terms of accuracy, efficiency, and privacy preservation,
outperforming all baselines with significantly lower training
costs.

2 RELATED WORK

2.1 Spatio-Temporal Traffic Flow Prediction

Traditional traffic flow prediction methods, such as ARIMA, Kalman
filters, and SVMs, primarily capture temporal trends but overlook
spatial correlations within road networks. Deep learning models,
particularly LSTM, enhance temporal feature extraction by learning
complex and nonlinear time dependencies through gated recurrent
mechanisms. However, these models mainly operate on sequen-
tial data and thus struggle to capture spatial interactions across
different locations, limiting their effectiveness in spatio-temporal
contexts. To address this, recent work integrates spatial and tem-
poral learning. Models like STGCN [32] and DCRNN [14] combine
GCN-based spatial modeling with temporal components, while T-
GCN [38] jointly captures spatio-temporal dependencies. However,
these methods rely on static adjacency matrices, limiting adapt-
ability. Advances such as Graph WaveNet [26] and STSGCN [23]
introduce learnable graphs and synchronous mechanisms, and dy-
namic approaches like DMLSA [34] and LOGO [3] further enhance
accuracy. Despite these developments, most approaches assume
centralized data, limiting their applicability in distributed scenarios.
Federated learning (FL) has emerged to address privacy and commu-
nication challenges, including frameworks such as FedAvg-based
GRU, FASTGNN [33], and FedGCN [8], which integrate differential
privacy and adaptive graph learning. CNFGNN [18] further encodes
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graph structures using GNNs and employs alternating optimiza-
tion to reduce communication costs. More recently, FedGODE [1]
combines federated learning with spatio-temporal graph ordinary
differential equation networks to capture continuous-time traffic
dynamics under privacy constraints. Nevertheless, these methods
typically train a single global model and rely on complete topol-
ogy knowledge, thus leaving personalization and topology privacy
largely unaddressed — challenges our work aims to overcome.

Existing federated approaches for spatio-temporal traffic pre-
diction often rely on global topologies and single global models,
leading to high computational overhead, topology privacy risks,
and limited adaptability under non-IID data. To address these is-
sues, we propose ST-PFLA, a personalized federated framework
that enables privacy-preserving spatial modeling without global
topology knowledge and improves prediction accuracy through
personalized learning.

2.2 Personalized Federated Learning

Traditional federated learning typically constructs a global model
by aggregating updates from all participating clients. However, such
an approach often performs poorly under highly heterogeneous
(Non-IID) data, since it cannot adequately capture client-specific
characteristics. To address this challenge, personalized federated
learning has emerged, aiming to enhance local performance by
generating client-specific models. Existing PFL approaches can be
broadly categorized as follows: a) Optimization-based methods.
Ditto [10] and PerAda [27] employ regularization terms to con-
strain the divergence between local and global models. b) Trans-
fer learning-based methods. Methods such as pFedCSPC [19],
FedAFK [31], and pFedAMF [29] treat the global model as a source
model and transfer its knowledge to local models for personal-
ization. ¢) Model aggregation-based methods. CPPer-FL [35]
clusters clients for aggregation, while FedCAP [13], and FedASA [4]
adjust aggregation weights to improve model performance. d) Meta
learning-based methods. FedFGCR [37] employs meta-learning
to learn better initial shared models for each client. ) Parameter
decoupling-based methods. Approaches such as pFedHN [22],
FedAS [28], FediOS [6], and FedRoD [2] decouple the shared and
personalized parts of the model, balancing knowledge sharing and
local adaptation.

Despite progress in personalized federated learning, existing
methods are not well suited for spatio-temporal traffic prediction,
where dynamic spatial dependencies and topology privacy are criti-
cal. To address these challenges, we propose ST-PFLA, a node-level
personalized federated framework that balances global knowledge
sharing and local specialization through adaptive encoder aggrega-
tion, while preserving topology privacy without requiring global
adjacency information.

3 METHODOLOGY

3.1 Notations and Preliminary

By integrating spatio-temporal traffic flow prediction with person-
alized federated learning, our objective is to generate a personalized
model for each client that adapts to the local data distribution, en-
abling effective prediction using spatio-temporal features at the
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Figure 1: Overview of the ST-PFLA framework. Clients share noise-protected structural embeddings for topology privacy, while
the server refines them via self-attention and performs adaptive encoder aggregation. Local decoders remain client-specific to

enable personalized spatio-temporal prediction.

client side. Suppose there are N clients, each with a non-IID lo-

cal dataset denoted as D; = {(xl,yl)}‘j ;‘, where 1 < i < N and
1 < j < |D;|. Here, |D;| represents the number of samples for
client i and j is the sample index. The input data is represented as
xij € R™P where m and P denote the number of time steps and
the feature dimension, respectively. The corresponding output is
ylj € R™P where n indicates the number of future time steps to
be predicted. The total amount of data across all clients is given by
|D| = Zfil |D;]. The local model for each client i can be expressed
as M;: R™P — R™P which predicts traffic flow for the next n
time steps based on the traffic data of the previous m time steps.
The model M; consists of two components: an encoder M;" and a
decoder lei”, parameterized by 0" and 9;1“
the model parameters for client i are denoted as 6; = {0{", Qid“}.
To capture spatial information of each client, we introduce struc-
tural embeddings E;, which encode spatial characteristics without
explicit global topology knowledge. These embeddings are dynam-
ically updated during training via an attention mechanism. The
spatio-temporal traffic flow prediction task executed by client i can
therefore be formulated as:

0; = M;(05; xi, E;)
= MZe(09ec; ME™ (05" x;), E;)

, respectively. Thus,

1
The optimization objective of personalized federated learning is:

o Dl
mén; ﬁ-ﬁi(gi) (2)
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where L;(0;) = ‘D I ZlD il l(G,,xl,yl,E) Here, © = {0; }l | Tep-
resents the set of personahzed parameters for all clients. £;(6;)
denotes the average loss over all samples on client i, while [ eval-
uates the discrepancy between a single sample and its predicted
value. In this work, [ is defined as the Mean Squared Error (MSE)
Loss: | = (M,-(Hi;x{,E,-) - y{)z.

3.2 Proposed Method

This section provides an overview of the proposed ST-PFLA frame-
work, organized into five subsections. We first introduce the frame-
work and its six-step workflow, followed by detailed explanations of
four core components: (1) Embedding Initialization, (2) Attention-
Based Spatial Feature Extraction, (3) Adaptive Aggregation, and
(4) Federated Training. These components collaboratively support
personalized spatio-temporal prediction in federated settings, pre-
serving topology privacy and enabling adaptive aggregation.

3.2.1 ST-PFLA Framework. Figure 1 illustrates the ST-PFLA frame-
work, consisting of three key modules: Embedding Initialization,
Attention-Based Spatial Feature Extraction, and Adaptive Aggre-
gation with Guide Models. The workflow follows six sequential
steps, denoted by circled numerals in the figure. Step @ represents
embedding initialization, where each client generates its initial
embedding using local topology and a customized random walk.
Steps @ and @ involve spatial feature extraction, where clients
upload embeddings to the server and receive dynamically updated
embeddings via self-attention. Step @ involves local client training
and gradient upload, bridging the spatial feature extraction and
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Algorithm 1 ST-PFLA Framework Workflow

N

Input: Initial local models parameters {91.(())} initial Attention

i=1°
model parameters th), structural embedding extraction module
Mstruce, learning rate 7, total communication rounds T, local
training epochs K.

Output: Personalized local models {G;T) }fi »
1: Initialize structural embedding E (©) using Mryet-
Server executes
2: for each communicationround ¢t =1,...,T do

3 Receive embeddings E¢~V) from all clients.

4 Calculate E®) via (3).

5. Distributes E) back to all clients.

6: foreachclienti € {1,...,N} do

7 6.V £V e« ClientUpdate(6!'™";D;, E")
i,guide i

8: end for ‘

9:  Update 95?;1) via (10).

10:  Calculate similarity matrix C**) via (13).

11:  Calculate aggregation weights A*) via (15).

12z Aggregate local encoders via (16).

13 Distribute ) to all clients.

i,enc
end for

return Personalized local models {G;T) A
ClientUpdate(Gi(t*l) ; Di, Ei(t))
Client i uploads E}t_l) to the Server.

14:
15:

16:
Client i receives El.([) from the Server.
for each training epoch e =1,...,K do

for minibatch &; € D; do

Update model parameters Qi(tfl) via (11).

end for
end for
for minibatch &; € D; do

Update model parameters 5}” via (12).
end for _

(t)
return 91., enc?

17:
18:
19:
20:
21:
22:
23:

24:
25:
26: VGV)

y ¢, and VEW £. =0
i,guide i

aggregation processes. Finally, Steps ® and ® involve adaptive ag-
gregation, where each client constructs a guide model to compute
personalized aggregation weights for encoder updates. The detailed
steps are as follows:

@ Initialization: Each client’s structural embedding is initial-
ized using the spatial feature extraction module from [15].

® Embedding Upload: Clients upload their structural embed-
dings to the server. During the first upload, Gaussian noise
is added to ensure topology privacy.

® Embedding Update: The server employs a self-attention
model to update all clients’ embeddings and distributes the
updated embeddings back to the clients.

@ Local Training and Gradient Upload: Clients perform
local training, updating their encoders and decoders. They
then upload the gradients corresponding to the embeddings
to the server, which uses these gradients to update the atten-
tion model.
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® Guide Model and Weight Calculation: Each client per-
forms an additional local training round to obtain a guide
model. The gradients of the guide model and the updated
encoder parameters are uploaded to the server. The server
then computes aggregation weights based on the gradient
similarity between guide models.

® Encoder Aggregation: The server aggregates the encoders
of all clients using the computed aggregation weights and
distributes the updated encoders to the clients for the next
round.

Through these six steps, the framework can generate personalized
spatio-temporal prediction models tailored to each client’s local
data distribution. Detailed discussions on the three key modules
mentioned above are provided in the following.

3.2.2 Embedding Initialization. In spatio-temporal traffic flow pre-
diction, both temporal and spatial features are critical for accurate
forecasting. Temporal features are extracted from local sequences,
while spatial features are usually derived from topology informa-
tion. Many existing methods assume complete knowledge of the
global topology and use GNNs to learn structural embeddings;
however, this assumption compromises topology privacy.

To address this, Lin et al.[15] proposed a customized random
walk algorithm for spatial feature extraction in node-level scenarios
where global topology is unavailable. Each client performs iterative
random walks based on local connectivity to record sequences of
node indices and corresponding embeddings. At each step, the next-
hop node is probabilistically chosen based on neighbor weights
until the sequence reaches a predefined length. Upon receiving the
embedding sequences, the server applies the SkipGram model to
update embeddings of all involved nodes. The updated results are
then returned along the original communication paths. By repeating
this process, clients gradually refine their structural embeddings
while preserving privacy.

Although this method captures structural characteristics, the
embeddings stay static during training. To overcome this limitation,
we use the module from [15] for initialization and introduce an
attention-based mechanism to dynamically update embeddings
during training.

3.2.3 Attention-Based Spatial Feature Extraction. To improve the
expressiveness of structural embeddings, we introduce a dynamic
update mechanism based on a self-attention model deployed at the
server. In each communication round, the server collects embed-
dings from all clients and processes them with the self-attention
model. The updated embeddings are then returned to the respective
clients. To prevent the server from inferring the global topology
through cross-client embedding similarity, we add Gaussian noise
to embeddings before their initial upload. This hides the original em-
beddings while preserving their utility for training. The structural
embedding for client i can be updated as:

Ei(t 1))

Eft) = fself—attention(gt(lizl); (3)

where Ei(t) is the embedding for client i at epoch ¢, feeif—astention(*)
is the self-attention model on the server, and 0,;; denotes the model
parameters. The processing steps of the function fyer_asrention (+)
are as follows. First, all clients’ structural embeddings undergo
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linear transformations to obtain queries, keys, and values:

Q(t) - E(t 1) ()
K" = wggt=? (5)
v = wy gtV (6)

Then, attention scores ai(].t)

are computed by measuring the simi-
larity between queries and keys and normalized with a Softmax
function:
oWk T
i 0
exp | ——=~%—
()
(&) ( ()T
N Qi K
Yip=1€XPp ( Var )

where dy. is the dimension of the key vectors and serves as a scaling

(2)

@) _
a; =

™)

factor to prevent gradient vanishing or explosion. a;;" represents
the attention weight of client i’s query on client j. After obtaining
the attention scores for client i, a weighted sum of all clients’ values
is calculated to get client i’s new structural embedding. This embed-
ding then passes through a linear transformation layer followed by
a nonlinear activation function to enhance feature expressiveness,
yielding the final updated structural embedding:

E® = Z VO ®

Ei(t) =0 (WoEi(t) + bo) 9)
where Eft) is the intermediate embedding, Wp and b are the output
layer’s weight matrix and bias term respectively, and o(-) denotes
the nonlinear activation function ReLU (+).

The attention model on the server is dynamically updated based
on the local knowledge of the clients. During each communication
round, clients use the updated E; for local training and compute
Vg, using the chain rule. This gradient is then uploaded to the
server to update the self-attention model:

Q(t) Q(f 1)

att att

(10)

where 7 is the learning rate, and V ol 1l represents the parameter

—UV<Fnl

gradient which is calculated using V gl

3.24 Adaptive Aggregation Based on Guide Model. Our goal is to
generate a personalized model for each client that aligns with its
local data distribution. The local model on each client consists of
two components: an encoder and a decoder. The encoder is respon-
sible for extracting temporal features from the input data, while the
decoder leverages both spatial and temporal features to generate
predictions. Intuitively, the knowledge learned by the encoder is
more general and transferable, whereas the knowledge learned
by the decoder needs to be tailored to the local data distribution,
making it more specific. We hypothesize that sharing the encoder
across clients allows it to benefit from a larger pool of samples,
thereby enhancing its feature extraction capabilities. In contrast,
sharing the decoder may weaken its alignment with the local data
distribution, ultimately degrading prediction performance. To ad-
dress this, we adopt a personalized federated learning approach that
aggregates only the encoder while keeping the decoder localized
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to each client. This strategy strikes a balance between leveraging
global knowledge and preserving local adaptability.

Considering that the knowledge learned by each client’s encoder
is also related to its local data distribution, and inspired by [16],
we propose an adaptive aggregation mechanism. This mechanism
generates aggregation weights based on the similarity between the
guide models of clients. By having each client perform an additional
training round after completing local training, the resulting guide
model incorporates updated local knowledge for the next round,
thereby effectively improving the efficiency of model aggregation.
The guide model is obtained via two consecutive gradient descent
steps:

01" =0/ —nV il (11)
(2) p(t)
Ofpuize =01 = 15001 (12)

where G:(t) represents the model obtained by client i after local
training in round t, Hi(t_l) is the local model of client i from round
t—1,and 9([) ide

After this, the client uploads both o\

denotes the guide model of client i in round ¢.

and V G [ to the server. The

1, enc

server then calculates the similarity matrix C*) using the gradients,

where each element C ff) represents the similarity between client i

and client j:

C(t) ~ Vggt)l . Vg](:)l (13)
ij =

\Y

~(t v t
(| Va

Next, we apply linear shifting and normalization to C(*) to obtain
the weight matrix A*), where each element AE;) represents the
aggregation weight of client j for client i:

Cl-(jt) —minig;j<N Cl-(jt)

ne
A = (14)
Y maxj<i,j<N Cl(jt) - minlsi,jsN Cl(jt)
n
A
(&) _ i
P\ — (15)
i N Z()
j=1 i)

Finally, we use A*) to perform personalized aggregation of the Q,Ef,)c

uploaded by all clients:

One = OgreA®) (16)
() _ vN (t) ()
where 0, = ijl Ai 9} onc:

3.25 Federated Training. Algorithm 1 outlines the federated train-
ing procedure of the ST-PFLA framework, which consists of two
main components: the server-side process (Lines 2-16) and the
client-side process (Lines 17-28), corresponding to the six-step
workflow described earlier. The Server procedure handles global
operations such as embedding aggregation, attention model up-
dates, and personalized encoder aggregation, while the Client pro-
cedure focuses on local model training, gradient computation, and
interaction with the server.

More specifically, the server begins by updating the received
client embeddings using the self-attention model and then dis-
tributes the updated embeddings back to the corresponding clients
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(Lines 4-6). Upon receiving the updated embeddings, each client
performs local model training in parallel based on its traffic flow
dataset, optimizing both encoder and decoder parameters while
computing gradients associated with the embeddings (Line 8). Af-
ter completing the local training (Lines 20-24), clients conduct
additional training to generate a guide model with more advanced
knowledge (Lines 25-27), and subsequently upload their encoder pa-
rameters, guide model gradients, and embedding-related gradients
to the server (Line 28). Once the server receives these gradients, it
first updates the self-attention model using the embedding-related
gradients to enhance its ability to refine structural embeddings
(Line 10). Then, it measures the similarity between guide model
gradients across clients and calculates personalized aggregation
weights A() based on this similarity (Lines 11-12). These weights
are used during the encoder aggregation phase to perform personal-
ized weighted aggregation, effectively balancing global knowledge
sharing with personalized feature retention and thereby improv-
ing the predictive performance (Line 13). This server—client inter-
action is iteratively performed over each communication round
(t =1,...,T), eventually converging to personalized local models
{01.(T) }f\;l for clients.

4 EXPERIMENTS
4.1 Experimental Setup

4.1.1 Datasets. To evaluate ST-PFLA under a rigorous node-level
federated setting, we conduct experiments on two widely-used real-
world traffic datasets, METR-LA and PEMS-BAY. We define each
client as an individual traffic sensor node (i.e., one loop detector or
sensor), which locally stores its own spatio-temporal traffic obser-
vations. Since the sensor deployments and collection periods are
fixed in these real-world datasets, data are naturally partitioned
by sensor and cannot be arbitrarily reassigned; thus, each sensor
forms a standalone client with a fixed local dataset:

e METR-LA: This dataset contains traffic speed measure-
ments collected by 207 loop detectors on Los Angeles County
highways over a 4-month period, from March 1, 2012, to June
30, 2012.

o PEMS-BAY: This dataset consists of traffic speed data recorded
by 325 sensors in the Bay Area, spanning from January 1,
2017, to May 31, 2017.

4.1.2  Baselines. To comprehensively evaluate the effectiveness
of our method, we select the following baselines: a) Local: All
clients train exclusively on their own local datasets. b) Central-
ized Methods: DCRNN[14], LSTM[7], and ST-PFLA (Centralized),
trained on centralized datasets using DCRNN, LSTM, and GRU
encoder-decoder architectures, respectively. c¢) Federated Meth-
ods: FedAvg[17], FedProx[11], and CNFGNN[18]. These methods
aim to train a single global model shared across all clients. FedAvg
performs simple averaging to aggregate local models, FedProx ex-
tends FedAvg by incorporating a regularization term to tackle client
heterogeneity, and CNFGNN combines GNN and GRU to capture
spatio-temporal dependencies for prediction. d) Personalized Fed-
erated Methods: Ditto[10], FedPHP[12] and ST-TPFL[15], which
focus on generating personalized models for individual clients.
Ditto introduces a hyperparameter A to balance global and local
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Table 1: Experimental results of baselines on two datasets.

Method METR-LA PEMS-BAY
RMSE MAE RMSE MAE
Local 11.656 5.510 3.994 1.795
DCRNN 12.087 6.050 4.198 1.986
LSTM 11.729 5.983 4.129 1.919
ST-PFLA(C) 11.774 5.853 4.108 1.885
FedAvg 12.126 6.200 4.407 1.997
FedProx 12.129 6.318 5.182 2.849
CNFGNN 11.706 5.949 3.910 1.804
Ditto 11.642 5.574 3.936 1.875
FedPHP 11.789 5.865 3.970 1.898
ST-TPFL 11.885 5.972 4.282 1.951
ST-PFLA 11.581 5.514 3.871 1.795

objectives, FedPHP employs historical model ensembles for next-
round training instead of direct overwriting, and ST-TPFL leverages
static structural embeddings and performs personalized aggrega-
tion based on the similarity between these embeddings.

4.1.3 Implementation Details. Traffic speed records are aggregated
using a 5-minute window, and the aggregated data is divided into
multiple sequences, each containing 24 time intervals. The predic-
tion task involves using traffic speed data from the past 12 time
intervals to forecast the speeds for the subsequent 12 time inter-
vals. All baselines except DCRNN and LSTM employ a GRU-based
encoder-decoder architecture as the local model for traffic flow pre-
diction. The learning rate is set to 1 X 1073, and the Adam optimizer.
In ST-PFLA (Centralized), the model comprises a single GRU layer
with 100 hidden units, while other methods use a single GRU layer
with 64 hidden units. For federated methods, the number of local
training rounds is set to 1. The structural embedding dimension for
each client is 64 in methods such as CNFGNN and ST-PFLA. Models
are trained on an NVIDIA GeForce RTX 3090 GPU, equipped with
an Intel Core i7 processor and 24GB of RAM. The results are aver-
aged over five independent runs. Root Mean Squared Error (RMSE)
and Mean Absolute Error (MAE) are used as evaluation metrics to
measure prediction performance.

4.2 Experimental Results

4.2.1 Performance Comparison. We conduct extensive experiments
on two datasets to evaluate our method alongside all baselines,
with the results presented in Table 1. Bolded values denote the
best results for each metric. It can be observed that our method
outperforms others in all metrics. This superiority is attributed to
the effective integration of temporal and spatial features for pre-
diction, combined with a personalized aggregation strategy based
on guide models, which generates client-specific models tailored
to their local data distributions. For centralized and federated ap-
proaches that generate a single global model, most results are even
outperformed by Local. This is due to the significant heterogeneity
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among client datasets. Training on the aggregated data or creating
a universal model for all clients leads to conflicting knowledge
during the training process, ultimately weakening the prediction
performance. Methods like CNFGNN, ST-TPFL and ST-PFLA incor-
porate both spatial and temporal features for prediction. However,
CNFGNN trains a generic global model for prediction, failing to
address the heterogeneity of the data distribution among clients.
ST-TPFL utilizes static structural embeddings and generates per-
sonalized aggregation weights based on these fixed embeddings,
employing a relatively simple aggregation strategy. Consequently,
their performance is inferior to that of ST-PFLA. For federated
methods that rely solely on temporal features, Ditto and FedPHP
outperform FedAvg and FedProx because they employ personalized
federated learning strategies to mitigate the adverse effects of data
inconsistency. Moreover, among all the methods, only ST-TPFL and
ST-PFLA consider topology privacy protection. Notably, ST-PFLA
achieves superior predictive performance by leveraging dynamic
spatial feature extraction and adaptive personalized aggregation.

—— Dynamic Embedding Static Embedding No Embedding
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Figure 2: Ablation study of the Spatial Feature Extraction
Module in ST-PFLA. Validation loss comparison of Dynamic,
Static, and No Embedding settings on two datasets across
training rounds.

4.2.2  Effect of the Spatial Feature Extraction Module. In the pro-
posed ST-PFLA framework, we initialize the structural embeddings
for all clients using a customized random walk algorithm proposed
in [15]. During each training round, these structural embeddings
are dynamically updated through a self-attention mechanism, en-
abling the model to effectively capture and leverage the spatial
information of the clients. To validate whether the proposed fea-
ture extraction module improves model performance, we conduct
experiments under three settings: Dynamic Embedding, Static Em-
bedding, and No Embedding. Dynamic Embedding refers to the
ST-PFLA approach, which incorporates a mechanism for dynam-
ically updating embeddings. In Static Embedding, the initialized
embeddings remain unchanged throughout the training process. No
Embedding excludes structural embeddings entirely, meaning no
spatial information is utilized during training. The validation loss
trends across training rounds for these three methods are shown
in Figure 2. As illustrated in the figure, the Dynamic Embedding
approach achieves significantly lower validation loss compared to
both Static Embedding and No Embedding, demonstrating superior
predictive performance. While the performance of Static Embed-
ding and No Embedding is relatively similar, Static Embedding
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consistently performs slightly better. This observation underscores
the importance of leveraging spatial information in spatio-temporal
traffic flow prediction tasks.

4.2.3  Effect of the Adaptive Aggregation Module. To address the
issue of knowledge conflicts during the aggregation of heteroge-
neous clients, we propose an adaptive aggregation strategy. In each
communication round, aggregation weights are computed using
the guide models from all clients. The encoder is then personal-
ized through this adaptive aggregation, while the decoder is kept
local and excluded from the upload process. To validate the effect
of the Adaptive Aggregation Module, we conduct experiments on
two datasets and record the validation loss for different methods,
as shown in Figure 3. For clarity, the key characteristics of each
method are annotated in parentheses. ST-PFLA (Gradient Simi-
larity), our proposed method, aggregates only the encoder while
keeping the decoder local and calculates personalized aggregation
weights based on gradient similarity among guide models. ST-PFLA
(Model Similarity) uses model parameter similarity instead of gra-
dient similarity to determine the aggregation weights. ST-PFLA
(FedAvg on EN) performs simple averaging on the encoder during
aggregation without computing personalized weights, while ST-
PFLA (FedAvg on EN&DE) averages both the encoder and decoder
during aggregation.

From Figure 3, it can be observed that methods decoupling the
encoder and decoder during aggregation significantly improve both
convergence speed and prediction accuracy compared to ST-PFLA
(FedAvg on EN&DE). Among the three decoupled methods, the
approach based on gradient similarity for computing personalized
weights achieves the best performance, outperforming both the
averaging-based approach and the model similarity-based strat-
egy. This is because the gradient vector represents the direction
of model updates on local data, and the cosine similarity between
gradient vectors effectively captures the alignment of learning pat-
terns across different clients during a training round. When two
clients exhibit highly similar gradient directions, it indicates that
they are learning effectively from similar data distributions. In such
cases, assigning higher aggregation weights promotes knowledge
sharing and reinforces common patterns. Conversely, a large di-
vergence in gradient directions suggests significant heterogeneity
in local data characteristics, necessitating weight adjustment to
mitigate potential knowledge conflicts. Compared to the other two
methods, this gradient-based dynamic weighting strategy better
captures inter-client feature correlations. As a result, it enables
better model generalization under Non-IID settings by adaptively
balancing shared and personalized learning.

4.24 Communication Cost. In federated learning, communication
overhead plays a crucial role in determining system efficiency and
practicality. Specifically, it depends on the size of model parameters
exchanged between clients and the server, as well as the number of
communication rounds. In edge deployments, limited bandwidth
and energy resources make minimizing communication costs partic-
ularly important. To evaluate the trade-off between communication
overhead and prediction accuracy, we compare all federated meth-
ods and visualize the results in a scatter plot (Figure 4). The vertical
axis shows communication overhead on a logarithmic scale, while
the horizontal axis denotes the final RMSE. Each point corresponds
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Figure 3: Ablation study of the Adaptive Aggregation Module
in ST-PFLA. Validation loss comparison of aggregation strate-
gies—Gradient Similarity, Model Similarity, FedAvg (EN), and
FedAvg (EN&DE)—on two datasets.
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Figure 4: Scatter plot of federated methods illustrating the
trade-off between communication overhead and RMSE on
two datasets.

to a federated method, where lower values on both axes indicate
better performance; points closer to the bottom-left corner reflect
higher overall effectiveness. From the scatter plots of communica-
tion overhead versus RMSE across two datasets, it is evident that
our method is positioned at the bottom-left corner, demonstrating
superior performance in balancing these two critical metrics. In
contrast, CNFGNN achieves relatively low prediction errors, yet its
frequent transmission of graph neural network parameters leads
to a substantial increase in communication cost. While FedProx
and FedAvg converge relatively quickly with lower communication
overhead, their final prediction accuracy lags behind significantly.
These methods fail to achieve an effective trade-off, resulting in
less competitive performance compared to our approach. The re-
duced communication overhead further highlights the efficiency of
ST-PFLA.

4.2.5 Parameter Analysis. In ST-PFLA, to ensure the protection
of global topology privacy, a certain level of Gaussian noise is
added to the structural embeddings when clients upload them for
the first time. This prevents the server from inferring the global
topology based on the similarity between the original embeddings.
To investigate the impact of such noise on the final prediction
performance, we conduct experiments under different levels of
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Figure 5: Parameter Analysis of Gaussian Noise Standard
Deviation o.

noise, setting the standard deviation of the Gaussian noise ¢ =
{0.01,0.03,0.05,0.1,0.2,0.3} covering scenarios from minimal per-
turbation to strong interference. A larger o corresponds to stronger
noise. Figure 5 shows the results on two datasets under different
noise levels, with two lines representing the evaluation metrics.
As shown in the figure, when o is in the range of 0.01 to 0.05, the
model performance remains relatively stable and is only mildly
affected by the noise. This stability arises from the dynamic self-
attention mechanism’s capacity to suppress low-level noise: even
with minor perturbations in structural embeddings, the mechanism
adaptively adjusts attention weights to dynamically capture real-
time node correlations, effectively mitigating the impact of noise
on spatial feature modeling. However, as ¢ increases to the range
of 0.1 to 0.3, a significant drop in prediction accuracy is observed as
noise severely degrades embedding semantics, making it difficult
for self-attention to capture spatial dependencies. Excessive noise
can severely degrade the quality of the structural embeddings and
harm the model’s predictive capability. To strike a balance between
privacy protection and prediction accuracy, we set o to 0.05 in our
experiments.

5 CONCLUSION

This paper introduces ST-PFLA, a novel federated learning frame-
work for spatio-temporal traffic flow prediction in node-level sce-
narios. Designed to preserve data and topology privacy, ST-PFLA
enhances prediction accuracy while minimizing communication
overhead. Specifically, structural embeddings are initialized using a
tailored random walk algorithm and dynamically refined through
a self-attention mechanism. The model is decoupled during train-
ing, where only the encoder is aggregated, leaving the decoder
local to each client. To address heterogeneity among clients, we
propose an adaptive aggregation strategy based on guide models,
leveraging gradient similarity to compute personalized aggrega-
tion weights. Extensive experiments on two benchmark datasets
confirm the effectiveness and efficiency of ST-PFLA, showcasing
its ability to balance privacy preservation, prediction accuracy and
communication efficiency.
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