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Abstract

Traffic prediction plays an important role in urban manage-
ment. However, existing methods rely on centralized traf-
fic data, which may raise privacy concerns. Federated traf-
fic prediction offers a promising solution for clients (e.g.,
traffic management administrations) in different regions to
collaboratively train models in a distributed manner with-
out exposing private data. Nonetheless, data isolation in-
herently breaks the correlations between nodes (i.e., traffic
sensors collecting data) from different regions, which leads
to the missing inter-client dependency. Consequently, cur-
rent works either fail to capture the missing inter-client de-
pendency or compromise data privacy to recover the inter-
client dependency. To address this issue, we propose a novel
Federated method which recovers the inter-client dependency
with HIdden global componeNTs (FedHINT). We find that
the traffic data from different local regions actually contain
hidden global components that reflect cross-regional traffic
changes. Therefore, our FedHINT aims to extract hidden
global components from each client to generate proxy nodes
that represent global information, which are then utilized to
recover the inter-client dependency. To be specific, we em-
ploy an attention module, which is guided by the shared
global queries to capture hidden global components from lo-
cal traffic data, to generate proxy nodes. Subsequently, our
FedHINT adaptively learns the correlations between proxy
nodes and local nodes through a global encoder. During this
process, the global information in proxy nodes compensate
for the loss of information from cross-regional nodes, which
thereby recovers the missing inter-client dependency. Inten-
sive experiments on multiple datasets demonstrate that our
FedHINT significantly outperforms the state-of-the-art meth-
ods, with an average decrease of 3.73 and 4.81 on MAE and
RMSE, respectively.

Code — https://github.com/lichuan210/FedHINT

Introduction
Traffic prediction aims to forecast future traffic conditions
by capturing spatial-temporal patterns from historical traffic
data (Liu, Zhang, and Liu 2023). Accurate traffic prediction
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is crucial for urban management, as it facilitates traffic con-
trol (Guo et al. 2019), alleviates congestion (Wu et al. 2022),
and supports intelligent routing (Huang et al. 2022).

Extensive deep learning-based approaches have been pro-
posed for traffic prediction. These approaches typically em-
ploy time series models to capture temporal patterns in traf-
fic flow and leverage Graph Neural Networks (GNNs) to
model spatial patterns within traffic networks (Yu, Yin, and
Zhu 2018; Geng et al. 2019; Liang et al. 2024). However,
these methods require uploading traffic data from differ-
ent regions to a central server for model training. In prac-
tice, traffic data are often owned by different region-specific
traffic administration departments and may contain sensi-
tive information, such as travel trajectories and vehicle loca-
tions (Li et al. 2018). Due to access restrictions and privacy
issues, sharing data from different regions may be prohib-
ited, which significantly limits the practical applications of
centralized methods.

Federated Learning (FL) offers a promising solution to
train models with decentralized data (McMahan et al. 2017).
In this paradigm, each client independently trains a local
model based on its private dataset and uploads the model
parameters to a central server for federated aggregation (Yue
et al. 2024; Meng et al. 2024; Huang et al. 2025; Yu et al.
2025b; Fu et al. 2025b). In federated traffic prediction, each
region can be viewed as a subgraph of the global traffic net-
work. Clients (i.e., traffic administration departments of dif-
ferent regions in our problem) train prediction models with
data collected by local traffic sensors (i.e., nodes within each
subgraph) and upload model parameters to a central server
for collaborative learning. So far, various studies have em-
ployed the FL paradigm for traffic prediction to protect data
privacy (Zhang et al. 2021a; Wang et al. 2022; Liu et al.
2023). Distinct from images or texts, where data are iso-
lated and independent, traffic data are collected by traffic
sensors within road networks (Zhang et al. 2021b). These
correlations among sensors within the road network carry
crucial information for changes in traffic volume. For ex-
ample, correlations between regions reflect the number of
vehicles traveling from one area to another. However, due to
data access constraints, previous federated traffic prediction
methods only capture the correlations within local traffic
networks and may fail to model inter-client dependency (i.e.,
missing correlations among cross-regional nodes), which re-



sults in suboptimal performance.
To recover the missing inter-client dependency, several

methods propose to upload node features extracted by local
models and learn complete correlations among traffic sen-
sors on server side (Meng, Rambhatla, and Liu 2021; Yang
et al. 2024). Although these approaches model the missing
dependency, they require transmitting not only model pa-
rameters but also the data features of clients to server. There-
fore, these additional requirements inevitably increase com-
munication overhead and significantly raise the risk of pri-
vacy leakage. In practice, traffic data from each region con-
tain temporal characteristics that are highly correlated with
global traffic changes (Zhou et al. 2025). For example, the
morning and evening commuting peaks in one region often
occur simultaneously with those in other regions. Such char-
acteristics reflect cross-regional traffic changes and can be
regarded as hidden global components within each region.
This insight motivates us to explore hidden global compo-
nents within each client to recover the missing inter-client
dependency, without exposing data features.

Therefore, in this paper, we propose a novel Federated
method that recovers inter-client dependency with HIdden
global componeNTs (FedHINT). Our goal is to extract hid-
den global components from local data to generate proxy
nodes locally that represent global information, which are
then utilized to recover the inter-client dependency. Specif-
ically, we first introduce an attention module equipped
with precisely designed time-shifted filters to extract tem-
poral characteristics from local traffic data. By leveraging
these temporal characteristics, the attention module employs
shared global queries to identify hidden global components
within local traffic data. These extracted hidden global com-
ponents are then integrated to generate proxy nodes, which
serve as representatives of global information. Subsequently,
our FedHINT leverages the global information in proxy
nodes to recover inter-client dependency by learning the cor-
relations between proxy nodes and local nodes. Consider-
ing that the global information in proxy nodes may conflict
with region-specific information, we learn different types
of correlations between nodes with two independent en-
coders, namely global encoder and local encoder. Global en-
coder adaptively learns the correlations between local and
proxy nodes, where the global information in proxy nodes
compensate for the loss of information from cross-regional
nodes so as to recover inter-client dependency. Meanwhile,
local encoder focuses on mining correlations within local
nodes. Finally, the model parameters for extracting hidden
global components and recovering inter-client dependency
are shared across clients to enhance the capability of the
model to leverage global information. Thanks to effectively
extracting and leveraging hidden global components, our
method can successfully recover missing inter-client depen-
dency and improve prediction performance. The contribu-
tions of this paper are summarized as follows:

• To recover inter-client dependency without compromis-
ing data privacy, we propose a novel federated traffic pre-
diction method that leverages hidden global components
within each client to recover the missing dependency.

• We propose an attention module to extract hidden
global components effectively. Furthermore, we employ
a global encoder to compensate for the loss of informa-
tion from cross-regional nodes, which thereby recovers
the missing inter-client dependency.

• Intensive experimental results demonstrate the effective-
ness of the proposed FedHINT, where our method out-
performs existing works with an average decrease of 3.73
and 4.81 on MAE and RMSE, respectively.

Related Work
In this section, we review the relevant works, including con-
ventional traffic prediction and federated traffic prediction.

Conventional Traffic Prediction
Many deep learning methods perform traffic prediction by
modeling both temporal patterns in traffic flow and spatial
patterns within traffic networks. Models such as Recurrent
Neural Network (RNN) (Shi et al. 2015), Temporal Convo-
lutional Network (TCN) (Sutskever, Vinyals, and Le 2014),
and Transformer (Jiang et al. 2023a) have been widely em-
ployed due to their ability to capture dynamic temporal pat-
terns in time series. In addition, some studies have explored
temporal information from a frequency-domain perspective.
For instance, FEDFormer (Zhou et al. 2022) employs the
attention mechanism in the frequency domain to capture im-
portant patterns in time series. Furthermore, TimesNet (Wu
et al. 2023) leverages frequency information to explore
the multi-periodicity of time series. Meanwhile, prevailing
methods employ GNNs, such as Graph Convolutional Net-
work (GCN) (Huang et al. 2021) and Graph Attention Net-
work (GAT) (Zheng et al. 2020), to capture spatial patterns.
To model dynamic spatial patterns, Graph WaveNet (Wu
et al. 2019) and AGCRN (Bai et al. 2020) adaptively con-
struct adjacency matrices instead of relying on predefined
graphs. Additionally, MegaCRN (Jiang et al. 2023b) intro-
duces a meta-graph constructed via a hyper-network. How-
ever, most existing works still rely on the centralized training
paradigm. In practice, traffic data from different regions are
not allowed to distribute due to privacy issues, which hinders
the practical application of these methods.

Federated Traffic Prediction
Due to the advantages of privacy protection, various FL
methods have been developed for traffic prediction in a dis-
tributed manner. For example, FedGRU (Liu et al. 2020) em-
ploys a clustering-based approach to aggregate local Gated
Recurrent Units (GRU) for traffic forecasting. In addition,
CTFL (Zhang et al. 2022) employs a divide-and-conquer
strategy to reduce the communication overhead of feder-
ated traffic prediction. To address the heterogeneity of traffic
data, FedTPS (Zhou et al. 2024) proposes sharing common
traffic patterns while maintaining region-specific character-
istics in a personalized FL manner. However, these meth-
ods fail to model inter-client dependency, as the data from
other clients cannot be accessed. To tackle this issue, CN-
FGNN (Meng, Rambhatla, and Liu 2021) leverages a pre-
defined graph on server to learn dependency across clients.



Analogously, FedGTP (Yang et al. 2024) adaptively learns
inter-client dependency utilizing intermediate features ag-
gregated on server. Nevertheless, except for model parame-
ters, these methods require uploading intermediate data fea-
tures, which introduces additional burdens on server and po-
tential privacy risks. In addition, FedGCN (Hu et al. 2024)
attempts to estimate the missing nodes for each client. How-
ever, it is difficult to accurately infer node information from
other clients due to the non-Independent and Identically Dis-
tributed (non-IID) nature of data (Fu et al. 2025a; Yu et al.
2025a). Different from prior methods, our FedHINT lever-
ages hidden global components within each client to recover
the missing inter-client dependency without exposing data
features.

Problem Definition and Preliminary
In this section, we formally define the setting for the in-
vestigated problem of federated traffic prediction and intro-
duce the Discrete Fourier Transform (DFT) employed in our
method.

Problem Definition

In federated traffic prediction, the global traffic network can
be defined as a graph G = ⟨V, E⟩, where V denotes the set
of nodes and E denotes the set of edges. Each node corre-
sponds to a sensor that records traffic data, and each edge de-
picts the relation between nodes, which can be represented
by an adjacency matrix A ∈ R|V|×|V|. The notation | · |
denotes the cardinality of a set. For given M clients pos-
sessing traffic data from M different regions, the m-th (m
takes a value from {1, 2, · · · ,M}) client maintains a local
subgraph Gm = ⟨Vm, Em⟩ and its corresponding dataset
Dm = {xt}Tt=1, where xt ∈ R|Vm| represents the observed
traffic data of local traffic network Gm at time stamp t, and T
refers to the total length of recorded time series. Each client
trains a local model fWm with learnable parameters Wm

to predict traffic conditions for future T2 stamps based on
historical T1 stamps, which can be represented as

xt−T1+1, · · · ,xt
fWm−−−→ xt+1, · · · ,xt+T2

. (1)

In federated traffic prediction, the server aggregates the lo-
cally trained model parameters from each client and redis-
tributes the aggregated parameters to the clients for subse-
quent training. This iterative process allows for collaborative
learning across clients, where optimal model parameters are
obtained via the objective below:

argmin
W1,··· ,WM

M∑
m=1

|Vm|
|V|
L (Wm,Dm) , (2)

where L(·, ·) represents the loss function. Note that all the
mathematical notations related to the m-th client should be
accompanied by the subscript m. However, for simplicity,
we omit the subscript m in the following if no confusion is
incurred.

Discrete Fourier Transform
The DFT plays a crucial role in digital signal processing and
has been widely adopted to reveal temporal characteristics in
time series (Yi et al. 2024; Piao et al. 2024). Given an input
sequence z = [z1, z2, · · · , zT ]⊤ ∈ RT , the DFT converts it
into frequency-domain signal z′ = [z′1, z

′
2, · · · , z′T ]⊤ ∈ CT

as

z′k =

T∑
t=1

zte
− 2πi

T tk, k = 1, · · · , T. (3)

Here i is the imaginary unit and z′k represents the spectral
component of the sequence z at the frequency ωk = 2πk

T .
The Inverse DFT (IDFT) can be represented as

zt =
1

T

T∑
k=1

z′ke
2πi
T tk, (4)

which reconstructs the time series data from the spectral
components z′k.

Methodology
This section details our proposed FedHINT, the framework
of which is illustrated in Fig. 1. In the following, the criti-
cal steps will be presented by introducing the extraction of
hidden global components, explaining the recovery of inter-
client dependency, and describing the process of federated
aggregation.

Extraction of Hidden Global Components
In federated traffic prediction, since clients cannot access
cross-regional nodes that are correlated with local nodes,
we propose to extract hidden global components from lo-
cal data to generate proxy nodes that represent global infor-
mation as substitutes for the missing cross-regional nodes.
To achieve this goal, we employ an attention module, which
is guided by shared global queries Q ∈ RN×datt to cap-
ture hidden global components from local traffic data, where
N denotes the number of queries and datt is the dimen-
sion of attention space. Given historical traffic data Xt =
[xt−T1+1,xt−T1+2, · · · ,xt] ∈ R|Vm|×T1 over the past T1

stamps up to time t, the keys Kt ∈ R|Vm|×datt and values
Vt ∈ R|Vm|×datt can be obtained as

Kt = XtWK, Vt = XtWV, (5)

where WK ∈ RT1×datt and WV ∈ RT1×datt are learnable
parameters.

To effectively identify hidden global components from lo-
cal data, we propose to extract the temporal characteristics
for keys and values from a frequency-domain perspective
before applying the attention operation. Considering that
temporal characteristics vary across different time segments,
we design the time-shifted filters Wfil ∈ CL×datt , where L
is the number of learnable frequency filters. Taking the keys
Kt as an example, the filter process can be denoted as

K̃t = F−1(F(Kt)⊙ Expand(Wj
fil, |Vm|)), (6)

where Wj
fil ∈ Cdatt represents the j-th row of Wfil,

the index j is computed as t mod L. In Eq. (6),
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Figure 1: The framework of our proposed FedHINT. (a) In the training phase within each client, an attention module guided by
global queries is employed to extract hidden global components from local traffic data and generate proxy nodes with global
information. Subsequently, the model employs two independent encoders to learn different types of correlations between nodes,
where global encoder recovers inter-client dependency by learning the correlations between proxy and local nodes. Finally, the
predictor produces the predictions by leveraging the outputs from both encoders. (b) In the aggregation phase, clients from
different regions upload shared parameters for aggregation to enhance the capability to leverage global information.
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Expand(Wj
fil, |Vm|) extends the dimension of Wj

fil to
C|Vm|×datt and⊙ represents the Hadamard product. The op-
erations F and F−1 denote DFT and IDFT along the di-
mension of each row, respectively. The process of the time-
shifted filters is shown in Fig. 2. In this way, the time-shifted
filters can effectively capture temporal characteristics by se-
lecting distinct filters for different time segments. Similarly,
we can extract the temporal characteristics for values Vt

and obtain Ṽt through the time-shifted filters. By leveraging
these temporal characteristics, global queries guide the at-
tention module to focus on hidden global components within
the temporal characteristics and integrate them to generate
proxy nodes with global information, which can be repre-

sented as

Pt = softmax(
QK̃⊤

t√
datt

)Ṽt, (7)

where Pt ∈ RN×datt is the output of the attention module.
Finally, the proxy nodes are projected to the time domain
through a linear transformation, which can be represented
as

Xproxy
t = PtWp, (8)

where Wp ∈ Rdatt×T1 is the learnable weight matrix. By
vertically concatenating local nodes Xt and proxy nodes
Xproxy

t ∈ RN×T1 , we obtain the traffic data for all
nodes, denoted as Xall

t = [xall
t−T1+1,x

all
t−T1+2, · · · ,xall

t ] ∈
R(|Vm|+N)×T1 . Furthermore, to enhance the diversity of ex-
tracted hidden global components, we introduce a regu-
larization loss to enforce orthogonality among the global
queries, which can be defined as

Ldiv =
1

N(N − 1)

N∑
i=1

N∑
j=i+1

|q⊤
i qj |, (9)

where qi ∈ Rdatt is the i-th query of global queries Q.

Recovery of Inter-Client Dependency
Based on the generated proxy nodes, our FedHINT is de-
signed to learn the correlations between proxy nodes and
local nodes. During this process, the global information in
proxy nodes compensate for the loss of information from
cross-regional nodes and recover inter-client dependency.



Here, we adopt AGCRN (Bai et al. 2020) as the backbone
of our spatial-temporal encoders, where the adaptive adja-
cency matrix is employed to learn the correlations between
nodes. The adaptive adjacency matrix is defined as

Ã = I+ σ(EE⊤), (10)

where I ∈ R(|Vm|+N)×(|Vm|+N) is the identity matrix and
σ (·) represents the activation function. In Eq. (10), E ∈
R(|Vm|+N)×e is the learnable embedding matrix, where e
denotes the embedding dimension of each node. The pro-
cess of AGCRN can be formulated as

Ut = σ(Ã[xall
t ||Ht−1]EWU +EBU),

Rt = σ(Ã[xall
t ||Ht−1]EWR +EBR),

Ct = tanh(Ã[xall
t ||Rt ⊙Ht−1]EWC +EBC),

Ht = Ut ⊙Ht−1 + (1−Ut)⊙Ct,

(11)

where Ht ∈ R(|Vm|+N)×h is the output h-dimensional
hidden state at time stamp t and Ut, Rt, and Ct repre-
sent the update gate, reset gate, and candidate state, re-
spectively. In Eq. (11), [xall

t ||·] denotes the column-wise
concatenation, where xall

t is first reshaped to R(|Vm|+N)×1

before concatenation. In addition, WU ∈ Re×(1+h)×h,
WR ∈ Re×(1+h)×h, WC ∈ Re×(1+h)×h, BU ∈ Re×h,
BR ∈ Re×h, and BC ∈ Re×h are learnable parameters. The
encoder processes the input data Xall

t sequentially and pro-
duces the hidden state Ht = Encoder(Xall

t , Ã) at the last
stamp.

For the correlations between nodes captured in Eq. (11),
each node interacts with all other nodes, including both
local and proxy nodes. However, global information con-
veyed by correlations between proxy and local nodes may
conflict with region-specific information within the lo-
cal road network. How to further convey global informa-
tion apart from region-specific information remains a chal-
lenge for the single encoder. Therefore, we propose to
learn different types of correlations with two independent
encoders, namely global encoder and local encoder. For
global encoder, we define a global mask matrix Mglobal ∈
{0, 1}(|Vm|+N)×(|Vm|+N), where the (i, j)-th element in
Mglobal represents the mask for correlation between the i-
th and the j-th nodes. The mask values for the correlations
between local nodes and proxy nodes are set to 1 and 0
otherwise. Similarly, for local encoder, a local mask matrix
Mlocal is defined by setting the mask value for the corre-
lation to 1 if both nodes are local nodes and 0 otherwise.
In this way, global encoder and local encoder focus on two
different types of correlations, which mitigate conflicts be-
tween global and region-specific information. The processes
of two encoders can be formulated as

Hglobal
t = Encoderglobal(Xall

t , Ã⊙Mglobal),

Hlocal
t = Encoderlocal(Xall

t , Ã⊙Mlocal).
(12)

Finally, we concatenate Hglobal
t with Hlocal

t and feed them
into a linear predictor to obtain the prediction for all nodes
X̂all

t ∈ R(|Vm|+N)×T2 , which can be denoted as

X̂all
t = [Hglobal

t ||Hlocal
t ]Wo, (13)

where Wo ∈ R2h×T2 is a learnable weight matrix. By se-
lecting the first |Vm| rows of X̂all

t , we obtain the prediction
for the local traffic nodes X̂t = [x̂t+1, x̂t+2, · · · , x̂t+T2 ] ∈
R|Vm|×T2 . By following previous work (Bai et al. 2020), we
adopt ℓ1 loss function to optimize the training process. As a
result, the final optimization objective of our method is rep-
resented as

L =

T∑
t=1

|x̂t − xt|+ λLdiv, (14)

where λ is a non-negative hyperparameter assigned to Ldiv.

Federated Aggregation
Our FedHINT aims to share the parameters for extracting
hidden global components and recovering inter-client de-
pendency, which enhances the capability of the model to
leverage global information. However, due to the non-IID
nature of traffic data across different regions, directly shar-
ing all parameters may lead to suboptimal performance. To
address this issue, our approach performs model aggregation
in a personalized manner, where parameters correspond-
ing to global information are shared across clients, while
parameters associated with region-specific information are
retained locally. The aggregation process is illustrated in
Fig. 1(b), where each client trains a local model based on
the traffic data collected from its respective region. For the
m-th client, the model parameters can be divided into two
parts, namely shared parameters Ws

m (i.e., the parameters of
hidden global components extractor and global encoder) and
private parameters Wp

m (i.e., the parameters of local encoder
and predictor). The former aims to extract hidden global
components and recover inter-client dependency, while the
latter focuses on capturing correlations within the local road
network and forecasting local traffic conditions. After local
training on each client, the shared parameters are uploaded
to the server for aggregation, which can be formulated as

W
s ←

M∑
m=1

|Vm|
|V|

Ws
m. (15)

The aggregated parameters W
s

are then distributed to
clients for the next round of local training. Through itera-
tive training and aggregation, this personalized aggregation
strategy enables clients to generate proxy nodes based on
the extracted hidden global components and leverage global
information in proxy nodes to recover the missing inter-
client dependency. Meanwhile, the private parameters pre-
serve region-specific characteristics and mitigate the impact
of data heterogeneity.

Experiments
To demonstrate the effectiveness of our proposed FedHINT,
in this section, we perform a series of experiments on four
real-world highway traffic datasets in FL scenarios.

Experimental Setup
Datasets and training details We evaluate the proposed
FedHINT on four popular datasets, including PEMS03,



Method
PEMS03 PEMS04 PEMS07 PEMS08

MAE RMSE MAE RMSE MAE RMSE MAE RMSE

FedGRU (Liu et al. 2020) 20.85 32.39 26.38 40.75 29.28 44.55 21.58 33.59
CNFGNN (Meng, Rambhatla, and Liu 2021) 16.89 26.33 22.17 34.14 24.78 38.24 17.47 27.29

CTFL (Zhang et al. 2022) 17.43 26.77 22.90 35.48 24.62 37.48 18.73 29.32
FedGCN (Hu et al. 2024) 15.87 23.78 20.46 30.75 22.50 35.22 16.56 24.91

FedGTP (Yang et al. 2024) 16.30 25.43 19.88 31.30 21.54 34.27 15.90 25.47
FedTPS (Zhou et al. 2024) 15.48 23.92 19.65 31.21 21.63 34.43 16.05 25.73

FedHINT (ours) 11.95 19.12 16.11 26.39 17.19 28.42 12.38 20.52

Table 1: Overall performance on four datasets. The best results are highlighted in bold.
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Figure 3: Comparison of the resource overhead of different
methods on PEMS03 dataset.

PEMS04, PEMS07, and PEMS08, which contain traffic flow
data collected by CalTrans Performance Measurement Sys-
tem (PeMS) (Chen 2002). Following previous works (Yang
et al. 2024; Zhou et al. 2024), we split the datasets for train-
ing, validation, and test with a ratio of 6 : 2 : 2 and employ
the METIS (Karypis 1997) algorithm to partition global traf-
fic network into six subgraphs to simulate the FL scenarios.
We use the Adam (Kingma and Ba 2015) optimizer with a
learning rate of 0.003 and set the batch size to 64. The local
rounds and global rounds are configured as 2 and 200, re-
spectively. All the experiments in this work are implemented
in PyTorch 1.12.1 with one GeForce RTX-3090 GPU.

Evaluation metrics Following previous work (Meng,
Rambhatla, and Liu 2021), we utilize two common metrics
to reveal the effectiveness of the proposed FedHINT, includ-
ing Mean Absolute Error (MAE) and Root Mean Square Er-
ror (RMSE). In all experiments, we predict the traffic flow
for the future 12 time stamps based on the past 12 time
stamps. We evaluate the performance of the local model on
each client and then average the metrics across all clients.

Main Results
Here we conduct comprehensive experiments on four traf-
fic prediction datasets to evaluate the performance of our
FedHINT against current federated traffic prediction meth-
ods, including FedGRU (Liu et al. 2020), CNFGNN (Meng,
Rambhatla, and Liu 2021), CTFL (Zhang et al. 2022),
FedGCN (Hu et al. 2024), FedGTP (Yang et al. 2024), and
FedTPS (Zhou et al. 2024).

As shown in Tab. 1, the proposed FedHINT significantly

enhances the prediction performance and achieves supe-
rior performance compared with baseline methods. We ar-
gue that this strong performance benefits from the effective
use of hidden global components, based on which proxy
nodes are generated to compensate for the loss of informa-
tion from cross-regional nodes so as to recover inter-client
dependency. In particular, compared with the second-best
methods, our approach achieves an average decrease of 3.73
on MAE and 4.81 on RMSE across four datasets.

We further investigate the resource overhead of our Fed-
HINT, which is a crucial consideration for practical deploy-
ment in FL scenarios. Fig. 3 reports the communication
overhead and training time per global round of the baseline
methods and our proposed FedHINT on PEMS03 dataset.
Compared with methods that do not consider the inter-client
dependency (i.e., FedGRU, CTFL, and FedTPS), the pro-
posed FedHINT introduces additional parameters to extract
hidden global components and recover the missing inter-
client dependency. Although this results in increased com-
munication overhead and training time, it yields substantial
improvements in prediction performance. Compared with
methods that recover the inter-client dependency by upload-
ing data features (i.e., CNFGNN and FedGTP), our Fed-
HINT extracts hidden global components from local traffic
data and uploads only model parameters, which significantly
reduces communication overhead. This reduction also de-
creases the proportion of time spent on I/O operations during
training, which further decreases the overall training time.

Ablation Study
To investigate the effectiveness of different key components
in our FedHINT, we conduct the following ablative experi-
ments, including: 1) we remove the generated proxy nodes,
denoted as “w/o GPN”; 2) we remove the time-shifted fil-
ters, denoted as “w/o TSF”; 3) we remove the global encoder
and learn correlations between nodes with a single encoder,
denoted as “w/o GED”; 4) we remove the personalized ag-
gregation strategy and share all model parameters, denoted
as “w/o PAS”. Tab. 2 shows the results of ablation studies on
four traffic prediction datasets. We can clearly observe that
the prediction performance decreases when any component
is removed, which indicates that each component signifi-
cantly contributes to the final performance. For example, the
model suffers considerable performance degradation when
the generated proxy nodes are removed. This result indicates
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Figure 4: Sensitivity analysis of (a) the number of global queries N , (b) the number of frequency filters L, (c) the attention
dimension datt, and (d) the weight λ in Eq. (14) on PEMS03 dataset.

Method
PEMS03 PEMS04 PEMS07 PEMS08

MAE RMSE MAE RMSE MAE RMSE MAE RMSE

w/o GPN 12.70 20.39 17.11 27.79 18.13 29.89 13.07 21.79
w/o TSF 12.11 19.28 16.32 26.58 17.42 28.68 12.49 20.54
w/o GED 12.52 20.22 17.00 27.66 17.89 29.75 13.15 21.91
w/o PAS 12.52 20.19 16.84 27.47 17.88 29.58 13.05 21.71

FedHINT 11.95 19.12 16.11 26.39 17.19 28.42 12.38 20.52

Table 2: The results of ablation studies.

that the proxy nodes generated from hidden global compo-
nents can effectively represent global information, which fa-
cilitates the recovery of missing inter-client dependency and
improves prediction performance.

Parametric Sensitivity
In our proposed FedHINT, there are four critical hyperpa-
rameters N , L, datt, and λ that should be pre-tuned man-
ually. In this section, we analyze the parametric sensitiv-
ity of our method to these parameters on PEMS03 dataset.
As illustrated in Fig. 4, we find that these four parameters
are critical for our FedHINT to achieve good performance.
To be specific, the model achieves optimal performance on
PEMS03 dataset when N = 64. Note that the optimal value
of N is positively correlated with the number of sensors |V|.
Besides, our model achieves the best performance when the
number of frequency filters L is set to 288 (i.e., the total
number of time stamps in a day), as this setting allows the fil-
ters to capture critical temporal characteristics across differ-
ent times of the day. The best results are obtained when datt
is set to 32. Therefore, we adopt such a parameter configura-
tion in our method. Furthermore, our method demonstrates
stable prediction performance when λ varies from 10−3 to
101, and we set λ = 10−1 in all experiments.

Case Study
To further explore the interpretability and effectiveness of
the proxy nodes generated based on hidden global compo-
nents, we analyze the cosine similarity between proxy nodes
generated from local traffic data and proxy nodes derived
from global traffic data on PEMS03 dataset. As shown in
Fig. 5, the similarity between locally and globally generated
proxy nodes exhibits clear diagonal dominance, which in-
dicates that the proxy nodes generated locally within each
client are closely aligned with those generated from global

Client 1 Client 2 Client 3

Client 4 Client 5 Client 6
0.0

0.2

0.4

0.6

0.8

1.0

Figure 5: Similarity between locally and globally generated
proxy nodes on PEMS03 dataset.

data. This demonstrates that our FedHINT can effectively
extract hidden global components that reflect cross-regional
traffic changes from local data, which facilitates the genera-
tion of proxy nodes that represent global information. This
analysis provides further insight into the interpretability of
our FedHINT and demonstrates its ability to extract and uti-
lize hidden global components effectively within each client.

Conclusion
In this paper, we propose FedHINT, a novel federated traffic
prediction method that leverages hidden global components
within local traffic data to recover the missing inter-client
dependency without compromising data privacy. Different
from previous works that upload data features to model the
dependency across clients, the proposed FedHINT extracts
hidden global components that reflect cross-regional traf-
fic changes from local traffic data. Based on the extracted
hidden global components, our FedHINT generates proxy
nodes that represent global information on each client to
compensate for the loss of information from cross-regional
nodes. By learning the correlations between local nodes and
proxy nodes, our FedHINT effectively recovers the miss-
ing inter-client dependency. Experimental evaluations con-
ducted on four widely used datasets demonstrate that our
FedHINT significantly outperforms state-of-the-art meth-
ods, with an average decrease of 3.73 and 4.81 on MAE and
RMSE, respectively.
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