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Burst-Sensitive Traffic Forecast via Multi-Property
Personalized Fusion in Federated Learning
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Abstract—For distributed network traffic prediction with data
localization and privacy protection, Federated Learning (FL) en-
ables collaborative training without raw data exchange across Base
Stations (BSs). Nevertheless, traffic across BSs exhibit inherently
heterogeneous trend burst and smooth fluctuation properties, but
existing FL methods model single-scale series from only one view,
which cannot simultaneously capture diverse trend and fluctu-
ation properties, especially distinct burst distributions. In this
paper, we propose Personalized Federated Forecasting with Multi-
property Self-fusion (P2FMS), which can represent multi-scale traf-
fic properties from different views. With precise multi-property
representations, a fusion-level prediction decision is learned for
each client in a personalized manner to promptly sense traffic
bursts and improve forecasting performance in non-IID settings.
Specifically, P2FMS decomposes the traffic series into distinct time
scales, based on which, we effectively extract closeness, period, and
trend properties from different views. The closeness and period
are embedded through global-view representations with spatial
correlations, while non-stationary trends are individually fitted
from the client-side view. Furthermore, a personalized combiner
is designed to accurately quantify the proportion of general fluctu-
ation raws (i.e., closeness and period) and specific trend property
in predictions, which enables multi-property self-fusion for each
client to accommodate heterogeneous traffic patterns and enhance
prediction accuracy. Besides, an alternant training mechanism is
introduced to optimize property representation and fusion modules
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with the convergence guarantee. Extensive experiments on real-
world datasets show that P2FMS outperforms status quo methods
in both prediction performance and convergence time.

Index Terms—Network traffic forecast, federated learning
(FL), heterogeneous data, multi-scale representation, personalized
fusion.

I. INTRODUCTION

W ITH the worldwide deployment of the fifth generation
(5G) wireless communication networks and the prolif-

eration of mobile devices (e.g., IoT devices and smartphones),
modern network management is challenged not only by the
considerable growth of traffic generated in edge networks [1],
[2], but also by highly complex and dynamic traffic patterns [3].
Given these challenges, network traffic prediction plays a crucial
role in mitigating network congestion and ensuring the Quality
of Service (QoS). Precise traffic forecasting can proactively
perceive traffic changes to optimize network operations, through
which edge networks can realize efficient resource allocation and
dynamic edge computing server deployment, further achieving
intelligent self-management [4], [5], [6].

Most existing works on network traffic forecasting [7], [8],
[9] adopt centralized architectures, which collect a vast amount
of traffic data and position information to a server for model
training. Direct data transfer is notoriously difficult due to
limited network capacity and privacy concerns. On one hand,
frequent data uploading quickly exhausts network capacity and
negatively affects payload transmissions [10]. On the other hand,
it also suffers from data access restrictions because traffic data
are accessible for specific institutions, and these institutions are
unwilling to share practical traffic with privacy concerns [11],
[12]. In view of these issues, it is essential to develop distributed
traffic prediction in edge networks.

As a distributed training paradigm, Federated Learning
(FL) [13], [14] is extended to traffic forecasting for jointly train-
ing models across BSs (i.e., clients) without raw data transmis-
sion [10], [15], [16]. Despite the advantages in data localization
and privacy protection, existing FL forecasting studies focus on
learning a shared model [10], [17], [18] for all clients, which
extracts general features from Independent and Identically Dis-
tributed (IID) data, failing to tackle the personalization challenge
posed by heterogeneous traffic patterns. As shown in Fig. 1,
the traffic series of different BSs exhibit diverse trend changes
(e.g., surge or slumps) and periodic fluctuation laws [19], [20].
Here, we define a sudden rapid growth or drop in traffic as a
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Fig. 1. Traffic data of different BSs in Trentino.

burst [21], [22]. In practical network management scenarios,
sudden rapid growth is of great significance for congestion
control and resource scheduling. We frame several bursts of
sampled traffic series in Fig. 1, which are obviously higher than
the maximum value of the previous time slots in the windows.
We observe that traffic bursts occur at distinct time intervals on
different BSs. These heterogeneous trend properties cause in-
consistent local updates across clients, resulting in performance
degradation of the shared model [23], [24], [25]. Empirically,
we evaluate LSTM forecasting models in classical FedAvg [13]
and FedDA [10] on Trentino traffic data [26]. As shown in
Fig. 2(a), the shared deep learning models trained by FedAvg
and FedDA only predict periodic non-linear fluctuations, but
fail to capture diverse bursts, leading to larger forecasting errors
(see Fig. 2(b)). An intuitive reason is that client-side unique
burst features are averaged out by the global aggregation in
FedAvg and FedDA. If we fine-tune the shared model of FedDA
(i.e., FedDA+FT) on client-specific traffic data, the local burst
forecasting performance can be slightly improved (as shown in
Fig. 2(a)), but it is still not accurate enough.

Several pioneering studies explore personalized strategies in
FL, such as meta-learning [27], [28], regularization [29], [30],
and model mixing [31], [32], which customize an individual
model for each client to counter heterogeneous data. They
concentrate on general tasks (including natural language pro-
cessing [33] and computer vision [30]), which extract features
from text or images. Unlike text and image data, traffic series
inherently have unique temporal properties, including smooth
fluctuations (i.e., closeness and periods) and non-stationary
trends (e.g., bursts). It has been verified that these fluctuation
and trend properties are extremely valuable for effective fore-
casting [34], [35], [36]. Simply applications of these general
Personalized FL (PFL) methods cannot precisely extract various
properties of network traffic. As shown in Fig. 2, advanced
PFL approaches PerFedAvg [28], Ditto [30] and SuPerFed [32]
only depict smooth fluctuations but overlook heterogeneous
traffic bursts, bringing larger forecasting errors. Since current
PFL works only model traffic sequences at a single time scale,
while various temporal properties are reflected in different time
scales such that single-scale PFL models are challenging to
simultaneously capture the short-term closeness and historically

Fig. 2. Prediction result comparisons of different FL methods.

occasional burst features at the long scale [34], failing to provide
accurate traffic forecasting.

In light of the above observations, we propose Personalized
Federated Forecasting with Multi-property Self-fusion (P2FMS)
to precisely extract multi-scale temporal properties of local data
from different views and individually integrate multiple property
representations for each client, which achieves strong sensitivity
to traffic bursts and significant performance gains in real non-IID
scenarios. For accurate representation of fluctuation and trend
properties, traffic data is decomposed into distinct time scales,
and then two major components (shared fluctuation extractor
and local trend catcher) are designed to model multi-scale
input from different views. The first one embeds non-linear
fluctuation properties correlated with spatial information from
the server-side (i.e., global) view. Another individually captures
unique trend property from the client-side (i.e., local) view. In
view of distinct burst distributions across different clients, it
is necessary to introduce individual trend fitting and person-
alized property fusion from the local view. With global-view
fluctuation and local-view trend representations, we develop a
personalized combiner to adaptively measure the occurrence
probability of each property in a learnable manner. In this way,
each client realizes heterogeneous multi-property self-fusion,
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tackling personalization demands for precise traffic forecasting
in edge networks with non-IID data.

In summary, our main contributions are as follows:
� We propose Personalized Federated Forecasting with

Multi-property Self-fusion (P2FMS) over edge network
traffic in non-IID settings, which is the first PFL forecasting
framework with multi-scale property representations, to
the best of our knowledge.

� To accommodate heterogeneous traffic patterns, we de-
velop a personalized fusion of multiple properties in a
learnable manner, which accurately weighs the impact of
global fluctuation laws and local trend changes on predic-
tions for each client to boost forecasting performance.

� We introduce an alternant training mechanism to optimize
the property representation and fusion modules of P2FMS,
which is theoretically analyzed to reach the exponential
convergence rate.

� We conduct extensive experiments on real-world datasets,
which demonstrate that P2FMS achieves 2.37%–47.51%
MSE performance gains and reduces 19.5%–82.6% con-
vergence time compared to the state-of-the-art methods.

II. RELATED WORK

This work derives elements from network traffic forecasting
and personalized FL frameworks. Here, we review some of the
most relevant to us from the two research areas.

A. Network Traffic Forecasting

To optimize network operations and realize intelligent man-
agement, traffic forecasting flexibly models the dynamics and
proactively perceives traffic changes, which has aroused much
attention in recent years. A variety of prediction techniques have
been explored to improve traffic forecasting performance, which
can be roughly categorized into two classifications: statistical
methods and Deep Learning (DL) methods.

Statistical methods model traffic series with statistics the-
ory and fit historical traffic data to get prediction func-
tions. For example, AutoRegressive Integrated Moving Average
(ARIMA) [37] and its variants [38] build mathematical models
to characterize the linear changes of time series. Prior work [39]
decomposes complicated traffic data into simple subcompo-
nents, where each subcomponent is predicted individually, and
the final result is the combination of all subcomponent pre-
dictions. Similar in spirit to series decomposition, Exponential
Smoothing (ES) [40], [41] captures trends and seasonality of
traffic data separately and then integrates them additively or
multiplicatively as predictions, which exhibits a powerful ability
to sense trends in certain settings. Although these statistical
methods are highly interpretable and computation-efficient, they
are too simple to capture complex non-linear variations, per-
forming poorly for complicated traffic series.

Deep Learning (DL) methods learn forecasting models in
a data-driven way, relying on the powerful non-linear expres-
sion capabilities of Deep Neural Networks (DNNs) to model
non-linear fluctuations. Available solutions include Long Short-
Term Memory (LSTM) [42], Convolutional Neural Networks
(CNNs) [43], and other sophisticated DNNs [44]. These works

depend on a single model structure. Recently, the combination
of different models is explored to improve performance [45].
MVSTGN [9] integrates attention and convolution mechanisms
into traffic representations. [46] and [47] learn multiple fore-
casting models in a serial or parallel manner and integrate the
strengths of these models. In addition, [48] manages a set of
prediction models based on the alternative feedback architecture
and meta-learning scheme to dynamically select the best model
according to recent prediction performance.

However, these DL methods focus on extracting general fea-
tures from IID data and adopt centralized architectures, in which
data collection causes privacy concerns and access permission
issues. Several pioneering studies [10], [17], [18] explore FL
frameworks for traffic prediction, which allow clients to col-
laboratively a shared model without raw data transmission.
Unfortunately, traffic series across BSs are generally hetero-
geneous in practical scenarios, leading to performance degra-
dation of the shared model. Until now, none of the federated
prediction approaches for network traffic tackled the personal-
ization challenge posed by heterogeneous traffic patterns across
clients [17].

B. Personalized Federated Learning

Non-IID data is one of the most significant challenges of
FL [49], [50], which leads to apparent inconsistencies of local
updates and further degrades global model performance [51],
[52]. To mitigate the non-IID problem, many prior works have
been devoted to FL personalization [53] in image or language
datasets, which can be roughly divided into six directions: local
Fine-Tuning (FT), meta-learning, Multi-Task Learning (MTL),
model mixing, clustered FL, and model regularization.

Local FT [54] propose to retrain all or part parameters
of the global model on local data before inference. Meta-
learning [55] is known as a popular setting for fast model
adaptation, which is beneficial for local model personalization.
Recent researches [27], [28] combine meta-learning with FL to
quickly adapt the shared model to local data [56]. Multi-Task
Learning (MTL) [57] treats each client as a task and captures
relationships between different tasks from non-IID data. In this
way, we can customize an individual model for each task.

Moreover, a popular model mixing strategy is to mix global
and local models [24], [25], [31], [32], [58], [59], where each
client learns a personalized model through the combination
of global and local models. The weights/proportions of this
combination control the degree of personalization to provide
a tradeoff between global generalization and local personal-
ization. An extension of the mixing idea is explored in [60],
where the personalized model is updated by the combination
of global and local gradients. Besides, FedFomo [61] mixes
multiple local models with similar targeted data distributions
to learn a customized model for each client. For clustered FL
with personalization, the main idea is to partition clients with
similar data distributions into a cluster, and then each cluster can
tailor an individual model [23] to fit the unique data distribution.
Model regularization [29], [30] adds the regularization terms
to constrain the gap between local models and their average
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(or the global model), which is beneficial for producing robust
personalized models.

The above PFL methods focus on computer vision and nat-
ural language processing tasks with single-scale data model-
ing, which cannot simultaneously extract fluctuation and trend
properties of traffic data at different time scales, resulting in
poor forecasting performance in non-IID settings. To this end,
we granularly consider heterogeneous distributions of multiple
properties in traffic data across clients. On this basis, P2FMS
is proposed to effectively represent multi-scale fluctuation and
trend properties from different views, and further accurately
quantify the proportion of these property representations in
future predictions on each client, aiming at proactive burst
perception and heterogeneous pattern accommodation.

III. BACKGROUND AND PROBLEM

Given K BSs that form a client set K, each client k ∈ K
owns its traffic data Dk = {dk1 , dk2 , . . . , dkT } with a total of T
time slots, where dkt is the traffic volume of client k at time slot
t. We focus on one-step-ahead forecasting, i.e., predicting traffic
at the next time slot based on the traffic from the previous τ slots.
The traffic forecasting task of client k is defined on the training
dataset Xk = {xk

t−τ+1:t | t = τ, . . . , T − 1}, where

xk
t−τ+1:t = [dkt−τ+1, d

k
t−τ+2, . . . , d

k
t ]. (1)

For each client k ∈ K, the forecasting model fk : Rτ → Rmaps
the input sequencexk

t−τ+1:t ∈ R
τ to the prediction value ŷkt+1 ∈

R, such that

ŷkt+1 = fk
(
xk
t−τ+1:t ; Φ

k
)
, (2)

where Φk denotes the parameters of the forecasting model
fk. The single-scale modeling used in conventional methods
directly inputs local sequences with fixed and continuous τ time
slots to a DNN model, which cannot simultaneously capture
multi-scale closeness, period, and trend properties of client-side
traffic data.

FL enables a group of distributed BSs (i.e., clients) in edge
networks to collaboratively learn forecasting models without
privacy-sensitive data exchange. Each client parallelly trains
the local model on its own data and periodically uploads local
updates to the server for global aggregation. The optimization
objective of FL with K clients can be expressed as:

min
Φ1,...,ΦK∈F

1

K

K∑
k=1

Lk

(
Φk

)
, (3)

where F denotes the feasible parameter space of forecast-
ing models, and Lk is the loss function of client k. Con-
ventional FL frameworks [10], [13] train a single shared
model, i.e., Φ = Φ1 = . . . = ΦK , to minimize the average loss
(1/K)

∑K
k=1 Lk(Φ) over all clients. However, the traffic data

across BSs are generally non-IID in practical applications, which
degrades the performance of the shared model. To accommodate
heterogeneous traffic distributions, we focus on searching for a
personalized model with parameters Φk for each client k.

IV. THE P2FMS FRAMEWORK

In this section, we first provide an overview of the P2FMS
framework and then explain the core mechanisms of P2FMS
in detail. P2FMS involves two key modules: (1) multi-scale
property representations from different views and (2) person-
alized fusion of multiple properties for each client to effectively
perceive trend bursts and adaptively learn heterogeneous distri-
butions of various temporal properties.

A. Framework Overview

Essentially, a complicated traffic series exhibits multiple
temporal properties, including closeness dependence, regular
periods, and non-stationary trends [34], [39], [62]. To simul-
taneously capture these properties of traffic series and cope
with non-IID data across distributed clients, P2FMS allows each
client to learn a customized model with a shared fluctuation
extractor, a local trend catcher, and a personalized combiner,
as shown in Fig. 3. Concretely, two major components, shared
fluctuation extractor and local trend catcher, are designed to
extract various property features from different views based on
multi-scale traffic sequence inputs. From the global view, the
shared fluctuation extractor models non-linear fluctuation laws
(including closeness and periods) correlated with spatial infor-
mation across clients, where we utilize the powerful non-linear
expression capabilities of DNN models. From the local view,
a local trend catcher should be sensitive to trend changes and
adapt to the limited computation capabilities of edge devices.
Statistical ES methods have demonstrated strong sensitivity for
trend bursts [41], [63]. Besides, it is known that statistical ES
methods are low-cost and have low computational complex-
ity [40], which can effectively accommodate restricted com-
puting resources. Following Occam’s Razor [64], we introduce
a simple statistical model as the local trend catcher to achieve
trend fitting and improve learning efficiency. Furthermore, in
view of heterogeneous traffic patterns across clients, we develop
a personalized combiner to adaptively fuse fluctuation and trend
properties into future predictions for each client.

On these basis, the client-side update would alternately per-
form two steps: (i) local personalized training for the multi-
property combiner based on the statistically fitted trend catcher
and (ii) shared module updating for the fluctuation extractor. In
each training round r, the procedures of P2FMS are summarized
as follows:
� Step 1. Parameters sending: The server randomly selects

the client set Cr and sends the global parameters ωr−1 of
the shared fluctuation extractor to each client k ∈ Cr.

� Step 2. Local personalized training: Each client k ∈ Cr
decomposes traffic data into different scales, freezes the
received global parameters, and directly fits the local trend
catcher by statistical calculations. Then, only the person-
alized combiner is trained for El iterations based on local
traffic data.

� Step 3. Shared module updating: The locally trained pa-
rameters of the personalized combiner are frozen. Client
k ∈ Cr only updates the shared fluctuation extractor for E
iterations.
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Fig. 3. The overview diagram of P2FMS framework. The numbers 1©- 5© represent the training procedures.

� Step 4. Parameters uploading: Each client k ∈ Cr only
uploads the parameters of the shared fluctuation extractor
to the server.

� Step 5. Global aggregation: The server aggregates all
received parameters to calculate new global parameters ωr

for the shared fluctuation extractor.
The above steps are iteratively executed for R rounds. In

the following, we first elaborate on multi-scale property rep-
resentations by the shared fluctuation extractor and local trend
catcher (detailed in Section IV-B) as well as the personalized
fusion of multiple properties (detailed in Section IV-C). Then,
the alternant training mechanism for representation and fusion
modules is described in Section IV-D.

B. Multi-Scale Property Representations

Multi-scale property representations involve two major com-
ponents from different views: shared fluctuation extractor and
local trend catcher. Closeness dependence and regular periods
are regarded as non-linear fluctuation properties, which involve
different time scale inputs and are associated with the position
distributions of BSs [34]. Hence, a shared fluctuation extractor
integrates multi-scale temporal data with spatial information
to learn a temporal-spatial fluctuation representation from the
global view. While non-stationary trend property can reflect
traffic changes, and a sharp uptrend indicates an impending traf-
fic burst. Distributed BSs exhibit heterogeneous traffic bursts at
distinct time intervals, but current personalized strategies - local
FT, meta-learning, regularization, etc., still cannot effectively
retain the unique knowledge of historical traffic bursts at the
long time scale, leading to poor performance. Thus, we fit a trend
catcher from the local view to improve the burst sensitivity and
enhance forecasting accuracy.

Fluctuation Property Representation by the Shared Fluc-
tuation Extractor: Closeness dependence and regular peri-
ods involve different-scale temporal attention, where closeness

Fig. 4. The structure of client-side customized model.

dependence focuses on short-term time slots, while the modeling
of regular periods requires going back to several long-term
periods. Intuitively, traffic fluctuation laws are related to the
geographic locations of clients, where adjacent regions generally
involve the same function and thus have similar fluctuation
patterns [8]. Integrating position information into traffic fore-
casting can capture spatial correlations between different BSs
to facilitate precise prediction. In P2FMS, we decompose the
traffic series into different time scales and construct a shared
fluctuation extractor composed of the closeness extractor f c,
period extractor fp, and spatial feature representation module
fs (as shown in Fig. 4) to model multi-scale temporal sequences
and spatial information. Furthermore, a Fully Connected (FC)
layer f � is used to integrate multi-scale temporal patterns with
spatial correlations and further obtain the joint fluctuation rep-
resentation.

From a short-term time scale, the input of the closeness
extractor is xk,c = [dkt−n+1, d

k
t−n+2, . . . , d

k
t ], where n denotes
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the window size of closeness dependence. From a periodic time
scale, the traffic volumes sampled from several period histories
can be denoted as

xk,p = [dkt−vp+1, d
k
t−(v−1)p+1, . . . , d

k
t−p+1],

which is the input sequence of the period extractor with preset
period p. Here, the period-dependent window size is set to v.
We learn the closeness extractor f c and period extractor fp to
represent the temporal patterns, where the input sequences are
mapped by

ŷk,c
t+1 = f c

(
xk,c;ωc

)
, ŷk,p

t+1 = fp
(
xk,p;ωp

)
. (4)

Here, ωc and ωp are the parameters of the closeness extractor f c

and period extractor fp, respectively.
The spatial feature representation module fs is used to

characterize the geographical information of clients. It is well
known that geographically close clients generally show similar
fluctuation patterns [1], [65]. In this way, geographical features
are able to assist fluctuation forecasting. For an arbitrary client
k, its location information (including longitude and latitude)
is normalized to gk and then embedded by xk

s = fs(gk;ωs),
where ωs denotes the parameters of fs. Then, we concatenate
the spatial representation vector xk

s with the outputs of the
closeness extractor and period extractor. Finally, a FC layer f �

with parameters ω� is adopted to generate the joint fluctuation
representation result ŷk,gt+1. For each client k, the fluctuation
extractor is regarded as the global shared module fG, calculated
by

ŷk,gt+1 = fG
(
xk
t−τ+1:t, gk;ω

)
= f �

(
f c

(
xk,c;ωc

)
, fp

(
xk,p;ωp

)
,

fs(gk;ωs); ω�) , (5)

where the shared parameters ω = {ωc, ωp ωs, ω�}, and xk,c,
xk,p are the subsequences of xk

t−τ+1:t with τ = v × p, which
are decomposed from different time scales.

Trend Property Representation by the Local Trend Catcher:
Traffic data in each client involves unique non-stationary trends,
and strong upward trends may bring traffic bursts, which are
notoriously challenging to capture in existing FL and PFL frame-
works [10], [30], [32]. In this work, we introduce a local trend
catcher to model the non-stationary trends of client-side traffic
series. Each client k fits a local trend catcher fe

k by the statistical
calculation of Exponential Smoothing (ES) [41], [63], [66]. The
core idea of ES is that the prediction is the weighted averages
of past data xk

t−τ+1:t, and the weights decrease exponentially
as the time gap increases. In order to depict trend changes, we
exploit ES with the damped trend [40], in which the forecasting
equation consists of the level term and the trend term. Given
the inputxk,e = xk

t−τ+1:t = [dkt−τ+1, d
k
t−τ+2, . . . , d

k
t ]with τ =

v × p, the local trend catcher fits fe
k : Rτ → R to calculate the

prediction ŷk,et+1 through

ŷk,et+1 = fe
k

(
xk,e

)
= ht + φmt, (6)

where ht denotes the level term computed by ht = γdkt + (1−
γ)(ht−1 + φmt−1). Here, 0 < γ < 1 is the smoothing param-
eter for the level term. φmt is the damped trend term and
mt = ρ(ht − ht−1) + (1− ρ)φmt−1, where 0 < ρ, φ < 1 are
smoothing and damping parameters for the trend, respectively.
Before local personalized training, the smooth parameters γ, ρ,
and damping parameter φ are preset. Note that, the local trend
catcher can be directly fitted through the statistical calculations
on client-side traffic data with lower costs, which does not need
to be trained and transmitted.

C. Personalized Multi-Property Fusion

Multiple properties exhibit a unique distribution in the traffic
series of each client, which poses a challenge for the customized
fusion of multi-property representations. To tackle this chal-
lenge, we develop a personalized combiner on each client for
self-weighting the impact of joint fluctuation properties and
non-stationary trend property on future predictions, which adap-
tively integrates the representation results of two components
(i.e., shared fluctuation extractor and local trend catcher) in a
learnable manner.

For each client k, the output result ŷkt+1 of the personalized
combiner fL

k can be viewed as the weighted fusion of the
representation ŷk,gt+1 on the shared fluctuation extractor fG and

the prediction ŷk,et+1 on the local trend catcher fe
k such that

ŷkt+1 = fL
k

(
ŷk,gt+1, ŷ

k,e
t+1; θ

k
)
, (7)

where ŷk,gt+1 is obtained by (5), and ŷk,et+1 is computed by (6). Be-
sides, θk denotes the parameter set of the personalized combiner
fL
k in client k. More importantly, considering the heterogeneous

patterns of fluctuation and trend properties in traffic data across
different clients, the personalized combiner fL

k is only visible for
client k, meaning that parameters θk of fL

k are not transmitted
to the server.

To sum up, the ensemble of the shared fluctuation extractor
and local trend catcher simultaneously captures non-linear fluc-
tuation properties and non-stationary trend property at multiple
time scales from different views, which is able to sensitively
sense traffic bursts and identify complex traffic patterns in edge
networks. The shared fluctuation extractor can be trained with
the full quantity of temporal data and spatial information of
all clients, while the local trend catcher must be series-wise
(or client-wise). While the personalized combiner can not only
merge information extracted from the dataset level involving
the traffic data of all clients and the single series level, but also
uniquely depict the proportion of fluctuation and trend properties
in future targets for each client, thereby realizing heterogeneous
multi-property self-fusion in each client and coping with per-
sonalization demands in real non-IID scenarios.

D. Client-Side Alternant Training Mechanism

In the client-side model shown in Fig. 4, the fluctuation
extractor is regarded as the global shared module denoted by
fG(· ; ω). On the contrary, the local trend extractor fits an
individual function fe

k(·) for each client, which can be viewed as
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a personalized structure. Moreover, the personalized combiner
is also a client-specific personalization module fL

k (· ; θk). In
this way, a local customized model fk(· ; Φk) is expressed as

fk
(
xk
t−τ+1:t; Φ

k
)
= fL

k

(
fG(xk

t−τ+1:t;ω),

fe
k

(
xk
t−τ+1:t

)
; θk

)
,

and the global objective of P2FMS can be rewritten as

min
ω∈Ω

1

K

K∑
k=1

min
θk∈Θ

Lk

(
ω, θk

)
, (8)

where Ω denotes the parameter space of all feasible shared
fluctuation extractors and Θ is the parameter space of all fea-
sible personalized combiners. Each client k aims to learn the
optimal customized model f ∗k(· ; Φk

∗ ) with optimal parameters
Φk
∗ = {ω∗, θk∗ } to approximate the prediction function, so as to

achieve precise traffic forecasting.
P2FMS solves the optimization problem (8) by leveraging

distributed traffic data and computing power across all clients.
Theoretically, the optimization problem (8) is of min-min type
with two groups of variables, i.e., ω and θk. Let us introduce the
inner function

hk(ω) = min
θk ∈Θ

Lk(ω, θ
k) (9)

and rewrite (8) as

min
ω∈Ω

1

K

K∑
k=1

hk(ω). (10)

The iterative optimization for (10) needs to solve the inner
function (9) in each iteration [67], [68], while the local error of
(9) would lead to the inaccurate oracle of (10), which requires
alternant optimization of both. Therefore, the client should first
freeze ω and learn θk for the optimization of the inner function
(9), which is carried out in the step of local personalized training.
After that, the client freezes θk and optimizes ω to solve (10) in
the shared module updating.

The specific alternant training mechanism is as follows. In
round r, the server S randomly selects the client set Cr and
sends current global parameters ωr−1 to each client k ∈ Cr.
After receiving ωr−1, client k ∈ Cr imports ωr−1 into the shared
fluctuation extractor and enters the local personalized training
step. In this step, the shared fluctuation extractor is frozen, while
the local trend catcher of client k can be directly fitted through
(6) without training. Based on fine-grained multi-property repre-
sentations, client k individually trains the personalized combiner
on its local traffic data for El iterations. For each iteration
l = 1, . . . , El, client k updates the parameters θkr,l−1 of its
personalized combiner as follows:

θkr,l = SGD
(Lk

(
ωr−1, θkr,l−1

)
, θkr,l−1, αl

)
, (11)

where SGD(L, θ, α) denotes an update of θ based on the
gradient of the loss function L on θ and the learning rate α.
After that, client k obtains its customized model fk,r(· ; Φk

r )
with parameters Φk

r = {ωr−1, θkr,El
} in round r.

Algorithm 1: P2FMS.
Input: client selection fraction ε, the number of iterations for

local personalized training El,
the number of iterations for shared module updating E,
the number of rounds R

Initialize: global parameters ω0,
local saved parameters θ1s , . . . , θ

K
s ,

number of selected clients c← max(ε ·K, 1)
Aggregate: // Run on the server

1: for each round r = 1, 2, . . . , R do
2: Cr ← (random set of c clients)
3: Send global parameters ωr−1 to client k ∈ Cr
4: for each client k ∈ Cr in parallel do
5: ωk

r,E ← ClientUpdate(ωr−1)
6: end for
7: ωr =

∑
k∈Cr |Dk |ωk

r,E∑
k∈Cr |Dk| // global aggregation

8: end for

ClientUpdate (ωr−1): // Done by clients
9: Initialize θkr,0 ← θks and ωk

r,0 ← ωr−1
10: Fit the local trend catcher
11: for each iteration l = 1, . . . , El do
12: Learn θkr,l by (11) // local personalized training
13: end for
14: Save θks ← θkr,El

15: for each iteration 
 = 1, . . . , E do
16: Update ωk

r,� by (12) // shared module updating
17: end for
18: return ωk

r,E to the server S

Subsequently, the client-side training enters the step of shared
module updating, where clientk ∈ Cr freezes the trained person-
alized combiner with parameters θkr,El

and updates the shared
fluctuation extractor for E iterations such that for 
 = 1, . . . , E,

ωk
r,� = SGD

(Lk

(
ωk
r,�−1, θ

k
r,El

)
, ωk

r,�−1, η�
)
, (12)

where η� is the learning rate of the 
-th iteration. Once the shared
module updating accomplishing, the selected client k ∈ Cr up-
loads the shared parameters ωk

r,E to the server S .
When all clients in Cr complete the transmission of shared

parameters, the server S performs the average aggregation to
obtain new global parameters:

ωr =

∑
k∈Cr |Dk|ωk

r,E∑
k∈Cr |Dk| , (13)

where |Dk| denotes the number of training samples in client k
and ωr represents the global parameters in round r. The whole
process is summarized in Algorithm 1.

V. FURTHER ANALYSIS

A. Theoretical Analysis

In this section, we theoretically prove the convergence of
P2FMS under the mini-batch Stochastic Gradient Descent
(SGD) optimization. For each batch of training data xk, SGD
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calculates∇qk(ω;xk) to estimate the gradient of the loss func-
tion on ω (i.e., ∇ωLk) in the step of shared module updating.
Similarly, ∇qk(θk;xk) is used to estimate the gradient of the
loss function on θk (i.e., ∇θkLk) in the step of local person-
alized training. Considering the global ω, we define the global
average loss ofω asL(ω) = 1/K

∑K
k=1 Lk(ω, θ

k
∗ ), where θk∗ =

argminθk∈Θ Lk(ω, θ) for any ω ∈ Ω. To facilitate analysis, we
make the following assumptions.

Assumption 1: There existsω∗ ∈ Ω and θk∗ ∈ Θ such that the
per sample loss Lk(ω

∗, θk∗ ) = 0 for all k ∈ {1, . . . ,K}.
Assumption 2: The gradients ∇qk(θk;xk) and ∇qk(ω;xk)

are 1-Hölder continuous. There exist Lθ, Lω > 0 such that

‖∇qk(θk;xk)−∇qk(θ̃k;xk)‖2 ≤ Lθ‖θk − θ̃k‖2
and

‖∇qk(ω;xk)−∇qk(ω̃;xk)‖2 ≤ Lω‖ω − ω̃‖2
for any k ∈ {1, . . . ,K}, θk, θ̃k ∈ Θ, ω, ω̃ ∈ Ω, xk ⊆Xk.

Assumption 3: L1(ω, θ
1), . . . ,LK(ω, θK) satisfy the PL

inequality with the parameter μ > 0, i.e.,

‖∇θkLk(ω, θ
k)‖22 ≥ μ

(Lk(ω, θ
k)− Lk(ω, θ

k
∗ )
)

and

‖∇ωLk(ω, θ
k
∗ )‖22 ≥ μ

(Lk(ω, θ
k
∗ )− Lk(ω

∗, θk∗ )
)

for any k ∈ {1, . . . ,K}, θk ∈ Θ, ω ∈ Ω. Here, θk∗ =
argminθk∈Θ Lk(ω, θ) for any ω ∈ Ω and ω∗ =
argminω∈Ω 1

K

∑K
k=1 Lk(ω, θ

k
∗ ).

Assumption 4: The gradient estimates are unbiased,
i.e., E[∇qk(θk;xk)] = ∇θkLk(ω, θ

k) and E[∇qk(ω;xk)] =
∇ωLk(ω, θ

k) for any θk ∈ Θ, ω ∈ Ω, xk ⊆Xk.
The above assumptions are standard assumptions made by

prior works [69], [70], [71]. For instance, [69], [70] introduce
Assumptions 1 to facilitate analysis. [70], [71] assume the con-
tinuity and PL inequality like Assumptions 2 and 3 to derive
the convergence in centralized training. Furthermore, [72] also
introduces these assumptions to prove the convergence of Fe-
dAvg in non-convex objectives. Based on these commonly-used
assumptions, we derive the convergence of P2FMS.

Lemma 1: Under Assumptions 2-4, we choose a fixed learn-
ing rate αl = ᾱ with ᾱ ≤ μ

2L2
θ

and define εkr = E[Lk(ωr, θ
k
s )−

Lk(ωr, θ
k
∗ )], where θks denotes the local saved parameters men-

tioned in Algorithm 1. For any round r ∈ {1, . . . , R} and any
iteration l ∈ {1, . . . , El}, it follows

E
[Lk(ωr−1, θkr,l)− Lk(ωr−1, θk∗ )

] ≤ (
1− μᾱ

2

)l

εkr−1. (14)

The detailed proof of Lemma 1 is presented in Appendix
A, available online. It establishes the upper bound of the local
deviation for inner function (9). Next, we derive the average loss
of the shared module with the global parametersωr in Lemma 2.

Lemma 2: Under Assumptions 1-4, we set a fixed learn-

ing rate η� = η with η ≤ min{ 2μ ,
√

μ
16L3

ωE3 ,
μ

2L2
ω
, μ
8L2

ω(1+1/K) ,

L2
ω

2L3
ω(1+1/K)} in the step of shared module updating. For any

round r ∈ {1, . . . , R}, the following inequality holds

E

[
1

K

K∑
k=1

Lk(ωr, θ
k
∗ )

]
− L∗ ≤

(
1− ημ

8

)r

L0, (15)

whereL∗= 1
K

∑K
k=1 Lk(ω

∗, θk∗ ). With Assumption 1, it follows

L∗ = 0. The L0 is denoted as L0=
1
K

∑K
k=1 Lk(ω0, θ

k
∗ ).

The detailed proof of Lemma 2 is presented in Appendix
B, available online. Combining Lemmas 1 and 2 yields the
convergence of P2FMS, as presented in Theorem 1.

Theorem 1: Suppose that Assumptions 1-4 are true, we set

a fixed learning rate η� = η with η ≤ min{ 2μ ,
√

μ
16L3

ωE3 ,
μ

2L2
ω

,

μ
8L2

ω(1+1/K) ,
L2

ω

2L3
ω(1+1/K)} for shared module updating of (12).

Based on Lemmas 1 and 2, the following upper bound holds

E

[
1

K

K∑
k=1

Lk(ωr, θ
k
r,El

)

]
− L∗ ≤

(
1− ημ

8

)r

L0 + δr (16)

with

δr =
(
1− μᾱ

2

)El 1

K

K∑
k=1

εkr , (17)

where εkr = E[Lk(ωr, θ
k
s )− Lk(ωr, θ

k
∗ )] is introduced in

Lemma 1. L0 = 1
K

∑K
k=1 Lk(ω0, θ

k
∗ ) and L∗ = 1

K

∑K
k=1

Lk(ω
∗, θk∗ ) are mentioned in Lemma 2. Besides, μ is the con-

stant parameter of the PL inequality in Assumption 3. ᾱ ≤ μ
2L2

θ

denotes a fixed learning rate of the local personalized training,
and each client locally trains the personalized combiner for El

iterations, as mentioned in Section IV-D.
Hence, Theorem 1 indicates that P2FMS can reach the expo-

nential convergence rate.

B. Cost Analysis

We first consider the client-side computation cost of P2FMS.
The statistical calculation of ES in the local trend catcher is
known for its low complexity and low cost [40]. While the
model complexity of the personalized combiner is much smaller
than that of the shared fluctuation extractor. Empirically, the
model complexity of the shared fluctuation extractor with the
single-layer LSTM networks is denoted as 4(na+ n2 + n) +
4(va+ v2 + v), where a is the number of hidden units in the
LSTM. The model complexity of the personalized combiner
with two fully-connected layers is 3b, where b is the number
of hidden neurons in the fully-connected layer. In our work,
a� b and then 4(na+ n2 + n) + 4(va+ v2 + v)� 3b, i.e.,
the model complexity of the personalized combiner is much
less than that of the shared fluctuation extractor and even can
be ignored. In this way, the computation cost of client-side
personalization operations is low enough compared to shared
module updating. In conclusion, P2FMS does not significantly
increase the local computing burden.

In terms of communication cost, the parameters of the local
trend catcher and personalized combiner do not need to be
uploaded to the server. Only parameters of the shared fluctuation
extractor are exchanged between the server and clients such that
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P2FMS has a similar communication overhead as conventional
FL frameworks (e.g., FedAvg and FedDA).

C. Privacy Analysis

For data privacy protection, P2FMS only transmits the pa-
rameters of the shared fluctuation extractor without exchanging
client-side traffic data. Therefore, it does not introduce extra
privacy concerns compared to conventional FL frameworks.
Besides, conventional FL generally sends their full model pa-
rameters to the server, such as FedAvg [13], which still does
not provide comprehensive privacy protection. For example,
attackers may infer their training data through the full model
parameters uploaded by clients (i.e., inference attacks) [73].
Prior works [74] have demonstrated that model stacking can
significantly alleviate membership inference attacks, where the
stacked model consists of three base models, divided into upper
and lower levels. The lower level involves two models, which are
trained separately on the training data. The upper level consists
of a single model whose input is the concatenation of the outputs
of the two models in the lower level. Our proposed P2FMS
perfectly matches the two-level design of model stacking, where
the shared fluctuation extractor and local trend catcher constitute
the lower level, while the personalized combiner denotes the
upper level. Besides, a lot of works [75], [76], [77] have pointed
out that overfitting is a major factor in the success of inference
attacks. The design of the stacked model can avoid overfitting,
thereby reducing the amount of deterministic data information
memorized by ML models to defense inference attacks [76],
[78]. Actually, this stacked model is internally complex, from
which it is difficult for attackers to infer clear data information.
Given the above observations, the stacked forecasting model
in P2FMS has the ability to defend against inference attacks.
In addition, the parameters of the personalized combiner are
not transmitted to the server such that attackers can only obtain
partial parameter updates of local models at most. The amount
of data information memorized in transmitted local updates also
reduces accordingly, thereby alleviating inference attacks.

Furthermore, P2FMS is orthogonal to existing FL attack de-
fense techniques (e.g., differential privacy [79], Homomorphic
Encryption [80], and robust aggregation [81]), which can be
directly applied with P2FMS. For instance, we could add noise
to transmitted parameters via differential privacy, and encrypt
local updates to further improve the defense capability.

VI. EXPERIMENTAL EVALUATION

A. Experimental Settings

Datasets: We conduct extensive experiments over two realis-
tic telecommunication datasets published by Telecom Italia [26].
They contain traffic series of cell phones (i.e., Short Message
Service (SMS), Call and Internet service sent or received by
users) in the city of Milan and the Province of Trentino. Referring
to [10], we allocate 100 distributed clients, where each client logs
the traffic data for two months. We choose the traffic data of the
first 40 days as the training set, the traffic data of the next 7 days
as the validation set, and the remaining 14 days as the test set.

Data preprocessing: The 10-minute interval of original
datasets makes the traffic data sparse and is unsuitable for
practical network management. Therefore, we aggregate traffic
hourly [62]. Referring to [10], we use Z-score normalization to
process temporal data and use the Min-Max normalization to
scale the location information into the range [0, 1].

Evaluation metrics: We adopt two general regression metrics,
Mean Squared Error (MSE) and Mean Absolute Error (MAE),
to evaluate forecasting performance. A lower MSE or MAE
indicates a better forecasting performance.

Hyperparameter settings: For model and hyperparameter set-
tings, we mainly refer to [10]. Specifically, we set the window
size of closeness dependence to n = 3, the period-dependent
window size to v = 3, and the periodicity to p = 24. In this
setting, the length of the input sequence of the local trend catcher
is τ = v × p = 72. Due to the limited computation capability in
edge networks, the closeness extractor and period extractor are
implemented by relatively lightweight LSTM networks [10]. For
the traffic in Milan, we utilize single-layer LSTM networks with
the number of hidden units a = 64 as the closeness extractor
and period extractor, followed by two fully-connected layers
with the number of hidden neurons b = 2 as the personalized
combiner. For data in Trentino, the model architectures of the
closeness extractor and period extractor contain two LSTM
layers. The total number of rounds is R = 60. In client-side
training, each client executes local personalized training for two
epochs and updates the shared module for three epochs. We
set the local batch size to be 20 such that the batch number of
local training data is B = 39 by default, which is also correlated
with the local training sample size. Our code is available at
https://github.com/sunnyxuejj/P2FMS.

B. Baselines

We compare against a variety of network traffic forecasting
frameworks that do not transmit raw data to protect privacy,
including local/centralized architectures, conventional FL, and
personalized FL.

Local and centralized architectures: In local architectures,
each client independently fits a Trend Catcher (TC) or trains
a Fluctuation Extractor (FE) based on its data for local fore-
casting. For centralized architectures, the traffic data from all
clients are transferred to the server. With the collected data, the
server can centrally train a prediction model with two LSTM
layers [10] (i.e., the same representation model structure as our
shared fluctuation extractor). Besides, we evaluate the Graph
Convolutional Network (GCN) [82] to integrate spatial and
temporal correlations of traffic data in centralized architectures
(i.e., Central GCN). The state-of-the-art AdpSTGCN [83] is
also considered, which improves GCN-based models through
adaptive graph convolution and dynamic gathering of multiple
feature graphs in centralized architectures.

Conventional FL: For conventional FL frameworks with a
shared model, we evaluate FedAvg [13], FedAtt [84], Fed-
Prox [85], and FedDA [10]. FedAvg is a typical FL framework
for general data with average parameter aggregation. FedAtt
explores an attention-based aggregation strategy in the server,
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TABLE I
TEST RESULTS OF DIFFERENT METHODS

and FedProx introduces a regularization term into local training
loss. FedDA first extends FL to network traffic forecasting and
proposes augmented data-based clustering and dual attention-
based aggregation.

Personalized FL: Inspired by [54], we compare with the
local fine-tuning (FT), where each client trains total or several
top layers of the shared model on local data before infer-
ence. Among other personalized FL approaches, Fed-MTL [57]
applies a multi-task learning framework to address statistical
heterogeneity challenges. PerFedAvg [28] explores the person-
alized variant of FedAvg within Model-Agnostic Meta-Learning
(MAML) [55]. APFL [31] adaptively learns a customized model
for each client by leveraging the correlation between local and
global models. L2GD [24] seeks an explicit trade-off between
the global and the local model for each client. FedRep [25]
leverages all of the data stored across clients to learn a global
high-dimensional representation and then enables each client
to train a personalized low-dimensional head. Ditto [30] adds
a lightweight personalization module for regularizing personal-
ized models towards their average to learn accurate and robust
models. SuPerFed [32] introduces an explicit connected sub-
space containing low-loss solutions into model mixture-based
personalized FL.

C. Performance Evaluation

Overall forecasting performance: The forecasting perfor-
mance results of different methods in the test sets are shown
in Table I, where M and T denote Milan and Trentino. As shown
in Table I, P2FMS consistently provides superior forecasting
performance across all datasets compared to status quo methods.

First, local TC and FE demonstrate poor performance with
higher MSE and MAE. The main reasons are that a local TC
fitted by ES cannot capture complex non-linear patterns, and a
local FE trained on the traffic data of a single client shows larger
errors, indicating DNN with only local knowledge is not enough
to accurately model fluctuation features.

Centralized architectures collect client-side data on the server
for model training, which can extract more knowledge from all
data to improve the representation capabilities of DNN mod-
els. Thus, central LSTM significantly outperforms local FE, as
shown in Table I. Furthermore, central GCN and AdpSTGCN
model spatial correlations of traffic data to boost forecasting
performance. However, privacy concerns and network conges-
tion caused by data transmission are unavoidable in centralized
architectures. Moreover, these centralized methods train a model
with strong generalization, failing to tackle the personalization
challenge posed by heterogeneous traffic patterns. P2FMS adap-
tively integrates the general fluctuation representations from the
global view and unique trend fittings from the local view to
achieve personalized forecasts. Compared to the state-of-the-art
AdpSTGCN, P2FMS consistently demonstrates lower forecast-
ing errors and provides up to 36.67% MSE performance gains in
Call traffic data of Trentino. Besides, P2FMS does not involve
any raw data exchange, avoiding data privacy and network
congestion issues.

As for conventional FL, P2FMS achieves 7.51%–11.18%
MSE performance gains for SMS, Call, and Internet traffic in
Milan compared to the state-of-the-art FL network forecasting
framework, FedDA. For Trentino, the MSE performance im-
proves by 30.13%–54.81% for the three types of services. Fur-
thermore, P2FMS outperforms state-of-the-art personalized FL
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Fig. 5. Comparison between ground truth and forecasting results and the corresponding squared error of each time slot.

Fig. 6. Performance evaluations on burst cases of Trentino.

approaches over all datasets, achieving the lowest MSE and the
lowest MAE. Specifically, compared with the best-performing
method in baselines, P2FMS provides 2.37%–8.00% MSE per-
formance gains on Milan traffic data. The MSE performance of
Trentino traffic data is improved by 28.43%–47.51%. Prediction
performance improvements of P2FMS on Trentino traffic are
more obvious than that on Milan data. Since the traffic data
in Trentino has a higher degree of non-IID and contains more
complex burst distributions, while our proposed P2FMS is sen-
sitive to unique traffic bursts of each client, as shown in Fig. 5.
Fig. 5 plots the comparison of the ground truth and prediction
values from test sets, where the corresponding squared error
of each time slot is also provided for quantitative comparison.
In Fig. 5(a) and (b), the three subplots on the left present the
curves of the ground truth and prediction values for several
clients over the last 4 days, and the three subplots on the right
show the corresponding forecasting errors in different time slots.
We notice that P2FMS generally performs better than baselines,
especially when the traffic bursts and the curve has spikes.

Burst case performance: As shown in Fig. 5(b), we sample
burst cases from each type of traffic in Trentino. We observe that
the baseline methods only predict stationary periodic patterns. In

contrast, P2FMS not only accurately extracts smooth fluctuation
laws, but also promptly captures and responds to the uptrend to
forecast traffic bursts. Thus, for these burst cases, the predictions
of P2FMS are generally closer to the ground truth than those of
other baselines, significantly reducing the forecasting MSE in
almost all time slots. Compared to the traffic series of Milan
in Fig. 5(a), the advantages of P2FMS are more apparent in
Trentino traffic data involving more traffic bursts. Quantitatively,
we report the forecasting MSE, MAE, and R-squared score of the
three burst cases in Fig. 6. Motivated by [10], the R-squared score
is used to characterize the prediction accuracy. It can be seen that
P2FMS consistently provides the lowest prediction errors and
highest forecasting accuracy, demonstrating the superior burst
sensitivity of P2FMS.

Convergence performance: To evaluate the convergence of
P2FMS, we report the average forecasting errors and R-squared
scores of validation sets on Call traffic data varying with rounds
in Fig. 7. Note that FedDA introduces a data augmentation
strategy, and the augmented dataset is transferred to the server
to centrally pre-train a quasi-global model before federated
training. Starting with the global model pre-trained on the aug-
mented data, FedDA performs better than other methods with
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Fig. 7. Forecasting performance versus rounds on Call traffic data in Milan and Trentino.

TABLE II
TEST RESULTS OF ABLATION EXPERIMENTS

randomly initialized global parameters in the first five early
rounds of federated training, as shown in Fig. 7. However, it
converges to higher forecasting error and lower accuracy in later
rounds. Besides, augmented data transmission still has the risk
of data privacy leakage and exhausts network capacity. Global
model pre-training also takes a lot of time, as mentioned in
Section VI-F. As the federated training rounds proceed, P2FMS
quickly converges to the lowest MSE loss and highest prediction
accuracy. For example, after training 60 rounds on the Call traffic
data of Trentino, the MSE validation performance in the last
ten rounds of P2FMS is 0.1187, while FedDA and Ditto offer
the average MSE loss of 0.1278 and 0.1359, respectively. The
average R-squared score of P2FMS is 0.9001, while FedDA
and Ditto provide the average R-squared scores of 0.8917 and
0.8854.

D. Ablation Studies

We validate the effectiveness of different modules in the
P2FMS framework by several ablation experiments. First, we
evaluate the Combination of Fluctuation extractor and Trend
catcher in the Local training architecture (i.e., Local CFT). As
shown in Table II, Local CFT provides worse performance than
P2FMS. Thus, we can infer that the knowledge learned from a
single client is insufficient to support precise traffic forecasting,
further demonstrating the necessity of federated training across
clients.

Ablation evaluation of local TC: To validate the role of the
local Trend Catcher (TC), we evaluate the average prediction
MSE and MAE across clients with only local TC. As shown in
Table II, Local TC provides the worst performance with the

Fig. 8. Comparison between ground truth and forecasting results for ablation
experiments.

highest MSE and MAE. For qualitative analysis, we sample
two burst cases from Internet traffic in Trentino to compare the
prediction curves of the local TC with the ground truth curves
in Fig. 8. It can be seen that the use of local TC alone overreacts
to uptrends or downtrends and fails to accurately grasp bursts,
resulting in large forecasting deviations.

Ablation evaluation of shared FE: To verify the impact of the
FL-trained shared Fluctuation Extractor (FE), we directly train
a DNN forecasting model with the shared fluctuation represen-
tation and personalized prediction head for each client in our
framework (called P2FL) without involving locally additional
trend-aware operations. Specifically, the personalized prediction
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Fig. 9. MSE and MAE results under different client numbers.

head is the last layer of the DNN forecasting model, which is
regarded as the client-specific personalization module trained
in the step of local personalized training, as referred to [25].
The results in Table II reveal that P2FL always performs worse
than P2FMS in all datasets. Qualitatively, we observe from
Fig. 8 that P2FL only focuses on periodic fluctuation laws
and fails to cope with unstable traffic spikes, bringing poor
performance. In summary, both have different emphases: Local
TC is extremely sensitive to trends, while shared FE is good
at extracting stationary patterns. When the two are used alone,
the prediction performance is poor due to single-angle property
modeling. The adaptive combination of the Local TC and shared
FE would integrate the advantages of both sides and make up
for the shortcomings.

Ablation evaluation of personalized combiner: Without per-
sonalized self-fusion of multiple properties, we use a global
shared combiner to integrate the fluctuation extractor and local
trend catcher in federated settings (i.e., FedCFT), where the
parameters of the shared combiner are transmitted to the server
for global aggregation. FedCFT offers lower forecasting errors
than other baselines (including the FL methods in Table I), which
implies that the multi-scale representations of fluctuation and
trend properties are beneficial for boosting forecasting perfor-
mance. Furthermore, P2FMS consistently outperforms FedCFT
in terms of forecasting MSE and MAE across all datasets,
quantitatively demonstrating the effectiveness of our person-
alized combiner over heterogeneous traffic data. Qualitatively,
the global combiner of FedCFT weights fluctuations and trends
from a global view, which cannot individually capture unique
traffic bursts of each client in heterogeneous settings, as shown
in Fig. 8. While the personalized combiner in P2FMS adaptively
weighs the impact of periodic fluctuation laws and local trend
changes on future predictions for each client to accurately grasp
heterogeneous traffic bursts across clients, bringing superior
predictions closer to the ground truth.

E. Hyperparameters Test

We further investigate the impact of different hyperparameters
in our proposed P2FMS, including the number of total clients
K, local personalized training epochs El and shared updating
epochs E. Besides, we also evaluate P2FMS under the unbal-
anced data setting.

Effect of total client number: We explore the scalability of
P2FMS with different numbers of total clients. Fig. 9 shows
the prediction MSE and MAE results of P2FMS and other
baselines with the number of clients K ∈ {50, 100, 200, 300}

TABLE III
INFLUENCE OF El AND E ON FORECASTING MSE

on the Internet traffic dataset of Trentino, from which we ob-
serve that P2FMS consistently maintains the lowest forecasting
errors under different numbers of total clients. FedAvg generally
performs worst, and the forecasting error of FedAvg increases as
more clients participate. Compared to three baselines, P2FMS
can reach more than 32% MSE performance improvements
under various client number settings.

Effect of training epochs: To evaluate the influence of local
personalized training iteration El and shared updating iteration
E on forecasting performance, we evaluate P2FMS on the
Internet traffic of Trentino with E ∈ {1B, 2B, 3B, 4B} and
El ∈ {1B, 2B, 3B, 4B}, whereB = 39 denotes the batch num-
ber of training data on each client, as mentioned in Section VI-A.
The MSE results of different settings are shown in Table III. Note
that the italiced value is the lowest one in each column, meaning
the best performance with the optimal E under a specific El.
We notice that the settings of E and El demonstrate significant
impacts on forecasting errors of P2FMS. When El = 1, with
the increase of E, the prediction MSE exhibits a declining
trend. However, if El > 1, the forecasting MSE first decreases
rapidly and then slowly increases as E rises. This phenomenon
is consistent with our theoretical derivation. According to In-
equality (27) in the Appendix, available online, for fixed local
personalized parameters θk, k ∈ K, the average prediction loss
of the shared module is determined by two terms: (1− ημ

4 )E

and 2η3˜L3
ω(E − 1)3. The first term decreases as E increases.

The second term, on the contrary, increases with the rising of E.
Hence, there exists a critical point to balance the two items so
that the forecasting MSE first decreases and then increases. For
different local personalized parameters caused by distinct El,
the critical point would be different. Moreover, considering the
nature of model training, the personalized combiners are simple
structures with few parameters (as mentioned in Section V-B)
and local data is limited, which are prone to overfitting. Proper
selection of El is necessary to avoid overfitting and improve
test performance. In terms of E, a large E will lead to se-
vere local model inconsistency on heterogeneous data across
clients, which damages the generalization of the shared FE.
Therefore, the choice of E has to trade off the challenges of
local underfitting and model inconsistency. Taking these factors
into consideration, we adopt the grid search method for training
epoch settings and find the optimal settings with El = 2B and
E = 3B, as shown in Table III.

Impact of unbalanced data: In practical applications, it is
inevitable that the sample size of each client is unbalanced.
Therefore, we evaluate P2FMS and several baselines on SMS
traffic under the unbalanced non-IID data setting, where the
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TABLE IV
PREDICTION PERFORMANCE ON UNBALANCED DATA

Fig. 10. Generalization evaluations for new clients.

number of training samples on each client is randomly cho-
sen from {a ∗ 24− 3|a = 11, 12, . . . , 37}, and different clients
possesses different numbers of training samples. The experi-
mental results are shown in Table IV. We observe that P2FMS
always outperforms baselines, demonstrating the effectiveness
of P2FMS on unbalanced data. In particular, P2FMS improves
MSE performance by up to 40.85% and achieves up to 10.60%
MAE gains under the unbalanced data setting.

F. Generalization and Cost Evaluation

Generalization for new clients: We evaluate the strength of
P2FMS in generalization for new clients. We compare against
FedAvg, FedDA, and FedRep, where the FL-trained global
model of FedAvg and FedDA is tuned for 5 epochs on the local
data of a new client. In FedRep, the last layer of the model
architecture is trained on the local data of the new client, where
the newly trained last layer is viewed as the local head and can
be combined with previously learned shared representation to
form a customized model for the new client. For P2FMS, we
freeze the FL-trained shared fluctuation extractor, then locally
fit a local trend catcher and train a personalized combiner for the
new client. As shown in Fig. 10, P2FMS has the best forecasting
performance for new clients across all datasets compared to other
baselines, and this strength is more pronounced in the Trentino
data that involves more traffic bursts. It reveals that P2FMS offers
better generalization for new clients than existing FL methods.

Computation and communication cost: As for local compu-
tation costs, Fig. 11(a) reports local update time in a round for
Milan (the left subfigure) and Trentino (the right subfigure). We
notice that P2FMS generally provides shorter local training time
than advanced PFL baselines Ditto and SuPerFed, but slightly
increases the local training time compared to conventional Fe-
dAvg framework. The local update time of P2FMS is 376.57 ms
shorter than Ditto, while the maximum time increase is 29.74 ms
in SMS traffic of Milan compared to FedAvg. Furthermore,

Fig. 11. Running time analysis.

we observe from Fig. 7(b) that P2FMS can generally achieve
higher accuracy than baselines under the same number of rounds,
which indicates that P2FMS can consume fewer communication
rounds to reach a pre-defined target accuracy, beneficial for
communication efficiency. For example, P2FMS obtains the
R-squared score of 0.83 after 9 rounds for Call traffic in Milan,
while FedDA needs 20 rounds and FedAvg needs 31 rounds.

To simulate wireless links, we utilize the Verizon 5G Cellular
network with an average download speed of 135.3 Megabits per
second (Mbps) and an average upload speed of 19.9 Mbps [86].
On this basis, we calculate the convergence time which is the sum
of local training time and parameter transmission time before
the target accuracy is reached, where the target accuracies are
0.82, 0.93, and 0.83 for SMS, Call, and Internet traffic in Milan,
respectively. For Trentino, they are 0.75, 0.89, and 0.78 for three
types of service. The results are shown in Fig. 11(b). Since
FedDA includes augmented data transmission, client clustering,
and global model pre-training before FL training across clients,
its convergence time is much longer than that of other baselines.
Although P2FMS increases the local update time by 29.74 ms
compared to FedAvg in SMS traffic of Milan, it significantly
reduces the number of communication rounds required to reach
target accuracy, thus making the total convergence time 12.07 s
shorter than FedAvg. In addition, the total convergence time of
P2FMS is generally shorter than other baselines, which brings
19.5%–82.6% time savings compared to the state-of-the-art
methods over all datasets, indicating the time efficiency of
P2FMS.

VII. DISCUSSION

We discuss the adaptability and prospective extensions of
P2FMS. We can easily expand P2FMS to accommodate vari-
ous neural networks (NNs), like Graph Convolutional Network
(GCN) [82], Transformer [87], and iTransformer [88], by sim-
ply adopting different NNs as model structures for the shared
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TABLE V
RESULTS ON THE BACKBONE OF TRANSFORMER

fluctuation extractor. This work emphasizes the PFL framework
with multi-scale property representations from different views
and personalized fusion of multiple properties rather than the
detailed model structure design, where the model structures of
the shared fluctuation extractor and personalized combiner can
be adjusted according to practical scenarios. Referring to [10], a
relatively lightweight model should be adopted in edge networks
with limited computing power. In this work, we consider edge
network scenarios and use a lightweight LSTM as the main
structure of the shared fluctuation extractor. However, if partici-
pating clients involve data centers with strong computing power,
complicated models could be adopted for the shared fluctuation
extractor.

We take Transformer [87] as an example to demonstrate the
adaptability of P2FMS to other complicated models. We add
experiments using Transformer as the main structure of the
shared fluctuation extractor. The MSE and MAE results on
SMS data are shown in Table V. We observe that a complicated
Transformer can achieve better performance than a lightweight
LSTM. More importantly, P2FMS still outperforms baselines
with Transformer, which demonstrates that P2FMS still main-
tains its performance advantages on complicated models.

VIII. CONCLUSION

In this paper, we first integrate the heterogeneous multi-scale
properties of client-side traffic data into PFL and propose a novel
prediction framework, Personalized Federated Forecasting with
Multi-property Self-fusion (P2FMS). By multi-scale property
representations from different views and personalized multi-
property fusion, P2FMS can sensitively capture traffic bursts
and improve forecasting performance over heterogeneous traffic
data. In P2FMS, each client decomposes the traffic series into
different time scales. Based on multi-scale temporal sequences
and spatial information of clients, we represent fluctuation
properties from the global view and fit unique non-stationary
trend property from the local view. A personalized combiner is
designed to accurately weigh the impact of fluctuation laws and
trend changes on predictions for each client, which can accom-
modate heterogeneous traffic patterns across BSs in real edge
network scenarios. Extensive experiments show that P2FMS of-
fers up to 47.51% MSE performance gain with better generaliza-
tion and shorter convergence time compared to state-of-the-art
PFL methods. We believe P2FMS represents a significant step
towards the realization of distributed traffic forecasting in edge
networks.
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