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Abstract—Deploying federated learning (FL) in wireless net-
work with hierarchical client-edge-cloud architecture enables
large-scale distribution collaboration without long-distance com-
munication latency. However, the ongoing edge dynamics with
uncertain client mobility and imbalanced data distributions, poses
great challenge for collaboration efficiency of FL. In this work, we
first model the client mobility with a Markov chain, and formu-
late the minimization of performance degradation as a client-edge
association control problem. With the analysis of client mobility
patterns, we propose ALPHA, a new client-edge association con-
trol framework for mobility-aware FL, to reshape the edge-level
data distributions close to i.i.d in both offline and online mobility
scenarios. In the offline scenario with deterministic client mobility
trajectories, we leverage alternating optimization theory to trans-
form the client-edge association control problem into a weighted
bipartite b-matching problem, and derive an efficient solution with
linear relaxation and dependent rounding techniques. As for the
online scenario, where each client arrives at different edge access
points (APs) in an online manner, we design a fast and simple online
subgradient projection algorithm with a bounded regret to make
an online decision on client-edge association. Extensive experiment
results on three public datasets and a real-world mobility trajectory
dataset show that ALPHA has a superior learning performance
with 1.40× – 2.89× convergence speedup compared to state-of-
the-art solutions.

Index Terms—Hierarchical federated learning, mobility, non-
i.i.d data, client-edge association.

I. INTRODUCTION

NOWDAYS, FL is becoming a popular distributed machine
learning paradigm for enabling massive devices to jointly

train a model without exposing raw data [1], [2], [3], [4], [5].
However, when deploying FL in wireless networks [6], [7], the
communication between clients and the cloud server is unreli-
able for a long distance transmission, which degrades learning
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efficiency as well as final model accuracy [8]. Hierarchical FL
(HFL) has been proposed as an effective solution to resolve this
paradigm by enabling multiple clients to perform model aggre-
gation at nearby edge APs [9], [10], [11]. Although HFL has
advantage on communication efficiency, how to make effective
collaboration among clients, edge APs and the cloud within a
hierarchical architecture is a challenging problem, especially
within uncertain edge environments, such as client mobility.

Mobility is a key feature of many real-world mobile com-
puting applications such as path planning for autonomous vehi-
cles [12] and target search with impossible aerial vehicles [13].
Although few works have focused on client mobility [14], [15],
[16], these approaches attempt to tame mobility through device
sampling with a restricted number of clients or by introducing
extra operations to redesign the access mechanism, leading
to inefficient collaboration in HFL. The significance of client
mobility in HFL extends beyond its impact on communication
efficiency in dynamic network topologies to critically influenc-
ing the balance of data distributions and model convergence
performance. To enhance the collaboration efficiency of HFL, it
is crucial to understand the uncertainty of client mobility and its
impact on collaboration performance. As shown in Fig. 1, mobile
clients in HFL may roam across different edge APs, and the
uncertainty of client mobility where the client-edge association
will take place and for how long, leading to dynamic clients
sets associated with edge APs. In this way, the data distributions
within the edge APs can evolve with time, which may intensify
the performance degradation due to dynamic non-i.i.d data dis-
tributions in hierarchical aggregation manner. Despite that the
uncertainty of client mobility may degrade the model training
performance without a careful coordination, we identify that it
also creates new model aggregation opportunities at different
edge APs, which is capable of reshaping the data distributions
of edge APs to be i.i.d. To validate the feasibility of this mo-
tivation, we conduct pilot experiments with two distinct feder-
ated collaboration strategies: edge-dynamic model collaboration
and edge-controlled model collaboration. The edge-dynamic
model collaboration strategy disregards client mobility patterns,
performing model aggregation with completely random client
selection at edge APs. In contrast, the edge-controlled model
collaboration strategy systematically selects mobile clients for
model aggregation based on their mobility trajectories and data
distribution. As shown in Fig. 2, it is verified that the data
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Fig. 1. Client-edge association control in mobility-aware HFL.

Fig. 2. The performance comparison between edge dynamics and client-edge
control validated on the dataset CIFAR10: (a) the class distribution of edge APs;
(b) average accuracy after a certain communication rounds.

distributions of edge APs can be reshaped close to i.i.d through
efficient client-edge association control, thereby enhancing the
learning performance.

How to alleviate the impact of uncertain client mobility to
improve collaboration efficiency in HFL is a quiet challenging
problem. In particular, to realize the mobility-aware HFL in
wireless networks mainly faces the following three challenges:
(1) Unknown mobility patterns: mobile clients with different
data distributions usually download the latest global model from
the nearest edge AP, and then roam across different edge APs
with their own mobility behaviors. Thus, it is hard to know which
edge AP the clients will encounter in the next time slot, and
whether to upload the model parameters for model aggregation
at the current edge APs. This uncertain mobility trajectory of
clients will significantly impact the data distributions at the edge
APs. (2) Dynamic client-edge association: a large number of
previous works in HFL only focus on the static network topology
without considering the edge dynamics with uncertain client
mobility and imbalanced data distributions [17], [18]. Although
mobile clients may have new opportunities to exchange model
information with multiple edge APs in HFL, such new features
may lead to a time-varying network topology, which introduces

high computational complexity to identify the optimal client-
edge association among large candidates. Moreover, If mobile
clients upload their local models at different edge APs with
frequent client-edge association, it would result in redundant
model parameters across edge APs, and consequently impair the
collaborative efficiency of FL [19]. (3) High client heterogene-
ity: the heterogeneous clients with various computation capacity
could differ in the time slot of completing and uploading the
updated model parameters, which may not be consistent with
the time slot associated with the optimal edge AP due to the
client mobility. Furthermore, the mobility patterns could lead to
a unbalance clustering phenomenon, where mobile clients are
concentrated into one edge AP with dense association and few
clients at other edge APs with sparse connectivity [20]. Without
a careful control for client-edge association, such phenomenon
gives rise to inefficient collaboration, intensifying the non-i.i.d
data distribution problem.

In this paper, by jointly considering the above challenges,
we propose a new mobility-aware wireless federated learning
framework called ALPHA, which conducts effective and ef-
ficient client-edge association control in both the offline and
online mobility scenarios. First, we use markov chain to model
the mobility of clients, and analyze the impact of non-i.i.d data
distributions of clients, edge APs and the cloud, on the model
convergence. We next formulate the data distribution divergence
minimization as the client-edge association control problem.
Considering the various client mobility scenarios, we analyze
the periodic and random mobility patterns, and propose two
specific client-edge association control strategies, respectively.
In the offline scenario, we use alternating optimization theory to
transform the formulated non-linear binary programming into a
bipartite b-matching problem [21], [22], and an efficient solution
can be derived with the LP relaxation and dependent rounding
technique. As for the online one, we leverage the subgradient
projection to design a fast and simple online LP algorithm with
a bounded regret to make an online decision on which edge APs
to upload the local model parameters.

The main contributions can be summarized as follows:
� In this work, we consider mobility-aware wireless FL

with client-edge association control. We investigate the
performance degradation of HFL due to the hierarchical
divergence of data distributions with uncertain client mo-
bility, and control client-edge association to reshape data
distributions at edge APs to minimize the data distribution
divergence.

� For mobility-aware FL, we model client’s mobility with
Markov chain for periodic and random mobility patterns.
Moreover, we quantify the performance degradation of
model training in HFL, and formulate the minimization
of data distribution divergence as a client-edge association
control problem.

� In offline mobility scenario, we leverage alternate opti-
mization theory to transform the non-linear binary pro-
gramming into a bipartite b-matching problem, and address
it with linear relaxation and dependent rounding technique.
As for the online scenario without knowing the future
mobility trajectories, a fast and simple online algorithm

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on December 29,2025 at 14:30:34 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: FROM NON-IID TO IID: MOBILITY-AWARE HIERARCHICAL FEDERATED LEARNING WITH CLIENT-EDGE ASSOCIATION CONTROL 11719

TABLE I
SUMMARY OF MAIN NOTATIONS IN THIS PAPER

based on subgradient projection is proposed to make an
irrevocable decision on client-edge association.

� Extensive evaluations on three public image datasets and a
real-world mobility trajectory dataset have been conducted,
and the results demonstrate that ALPHA has a superior
learning performance with 1.40× – 2.89× convergence
speedup compared to the state-of-the-art FL approaches.

The rest of the paper is organized as follows. In Section II, we
formally present preliminaries with FL setting, mobility model
and problem formulation. The analysis of two classical mobility
patterns will be given in Section III. The Section IV provides
the specific design of ALPHA. The experimental results and
related works are shown in Sections V and VI. The conclusions
are made in Section VII.

II. PRELIMINARIES

In this section, we describe FL setting, client mobility model
and problem formulation. The notations used in this work are
summarized in Table I.

A. Federated Learning

In wireless networks, we consider a set of mobile clients
indexed by N = {1, 2, . . . , n}, a set of edge APs indexed by
M = {1, 2, . . . ,m} and one cloud server. Each mobile client
i ∈ N consumes bandwidth resource ci,j ∈ C to communicate
with the nearest edge AP j ∈ M, which has a limited band-
width resource bj ∈ B. For the learning task, we focus on a C-
categories classification problem with data sample {x, y} over
a feature space X and a label space Y . The client i ∈ N holds
a local dataset Di = {xk, yk}ai

k=1 following the distribution di,
and ai is the amount of data in local dataset. The data distribution
of the edge AP j ∈ M depends on the data distribution of mobile
clients and its amount of data for model training. Therefore, we
denote the virtual data distribution for edge APs as:

d̄j =

∑n
i=1 Hi,jdiai∑n
i=1 Hi,jai

, ∀j ∈ M, (1)

where Hi,j is the decision variable with Hi,j = 1 indicating
that mobile client i uploads model parameters to the edge
AP j, otherwise Hi,j = 0. Similarly, the variable d̂ =

∑n
i=1 di

n
represents the virtual data distribution for the cloud server.

Next, we define the loss function of mobile client i ∈ N with
cross-entropy loss as:

Li(ω) =

c∑
k=1

di(y = k)Ex|y=k[logfk(x, ω)], (2)

where di(y = k) denotes the proportion of the data with class k
in the local dataset of client i, and the function fk denotes the
probability of the class k for the input feature x. The variable ω
are the model parameters, and the objective of HFL is:

min
ω

L(ω) =
1

m

m∑
j=1

ai∑
i∈Sj

ai

∑
i∈Sj

li(ω), (3)

whereSj is the set of mobile clients uploading model parameters
to the edge AP j. For the training process in HFL, it involves
three steps in a bottom-up manner, i.e., the local model training
on mobile clients, downward model aggregation on the edge APs
and upward model aggregation on the cloud server. Specifically,
in the l-th local iteration, each mobile client i ∈ N updates its
model by using SGD:

ωl+1
i = ωl

i − η

c∑
k=1

di(y = k)�ωEx|y=k[log fk(x, ω
l
i)]. (4)

After every I local iterations, the downward model aggregation
will be performed at each edge AP j ∈ M. Specifically, at local
iterations l ∈ {I, 2I, 3I, · · · }, we update the edge model wl

j by
aggregating the local models from the associated client set Sj ,
i.e.,

ωl
j =

1

|Sj |
∑
i∈Sj

ωl
i, ∀i ∈ N , j ∈ M. (5)

Furthermore, after E rounds of downward model aggregation,
models fromm edge APs are averaged to obtain the global cloud
model wl and complete the upward model aggregation, i.e.,

ωl =
1

m

m∑
j=1

ωl
j , ∀j ∈ M. (6)

B. Client Mobility Model

In wireless networks, mobile clients could roam across edge
APs at a certain mobility pattern. Within a time slot, mobile
client could stay at the same location or move to another edge
APs with a certain probability. In order to model the client’s
mobility, we adopt a stochastic process {Xt, t ≥ 0} for each
mobile client, which is a markov chain with finite location space
O and transition matrix P . Thus, we can obtain the following
expression:

P (Xt+1 = oi|Xt = oj) = P (oi, oj), (7)

which is the conditional probability of moving from location oi
at time slot t to location oj at time slot t+ 1.
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Mobile clients are heterogeneous in terms of their own mo-
bility patterns, and the transition probability of each client could
be quite different. We assume that mobile clients are randomly
distributed over all edge APs at the beginning, and the initial lo-
cation of all clients can be denoted as {π0

i }ni=1, where π0
i ∈ Rm

is a probability vector with each element π0
i (j) representing the

probability of client i within the edge AP j at time slot 0. We
represent the transition probability of clients with the variables
{P t

i }ni=1 at the time slot t. In this way, we can get the next
location as:

πt+1
i = πt

iP
t
i = π0

i

t∏
k=0

P k
i , ∀i ∈ N . (8)

Moreover, mobile clients could also be heterogeneous in terms
of their computation capabilities, and the time required for
local training is also different. To address the heterogeneity in
computational capabilities across mobile clients, we implement
a synchronized aggregation signal, i.e., the model aggregation
deadline τ . This deadline is intentionally set slightly longer than
the time required by the lowest straggler client to complete its
I rounds of local model updates, ensuring universal the partic-
ipation of all mobile clients in model aggregation. As mobile
clients may roam across several edge APs before deadline, we
can characterize the set of visited edge APs for mobile client i
before the deadline τ as:

Si =

τ∏
t=1

πt−1
i

∨
πt
i , ∀i ∈ N , (9)

where for two vectors πt
i and πt−1

i , the operator πt
i

∨
πt−1
i =

(max{πt
i(1), π

t−1
i (1)}, . . . ,max{πt

i(m), πt−1
i (m)})T denotes

the element-wise maximum operator, and St
i = πt

i is the state
information of mobile client i at time slot t. The parameter ‖Si‖1
denotes the number of edge APs, and is related to the transition
probability P and the deadline τ , which we discuss in next.

C. Problem Formulation

Before formulating the client-edge association control prob-
lem, we first analyse the mobility-aware FL with some assump-
tions and notations:

1) The loss functions Ex|y=k[log fk(x, ω)] are differentiable
and β-smooth;

2) The model gradients �ωEx|y=k[log fk(x, ω)] are bound,
i.e., ||�ωEx|y=k[log fk(x, ω)]|| ≤ δ;

3) The gradient �ωEx|y=k[log fk(x, ω)] is λk-Lipschitz
for each class k ∈ {c}, i.e., ||�ωEx|y=k[log fk(x, ωi)]−
�ωEx|y=k[log fk(x, ωj)]|| ≤ λk||ωi − ωj ||.

Let ω̄t denotes the model weight after the t-th update in
the centralized setting. With these notations, we present the
following theorem for the model convergence analysis of client
mobility in HFL.

Theorem 1: After the gth global model aggregation in HFL,
we have the following inequality for model weight divergence:

‖ωg − ω̄g‖ ≤ ζEI‖ωg−1 − ω̄g−1‖

Fig. 3. The model weight divergence in HFL.

+ β
∑m

j=1
‖d̂− d̄j‖1︸ ︷︷ ︸
U

+α
∑n

i=1

∑
j∈Si

Hi,j‖di − d̄j‖1︸ ︷︷ ︸
D

+ η
m∑
j=1

(
EI∑
l=1

(ζ)l +
I∑

l=1

(γ)l

)
hj(I), (10)

where γ = 1 + η
∑c

k=1 di(y = k)λk and ζ = 1 + η
∑c

k=1

d̂(y = l)λk. The symbol U denotes the upward data distribution
divergence between edge APs and cloud server, and D is the
downward one between edge APs and clients.

Proof: See Appendix A, available online. �
As shown in Fig. 3, the gray color lines associated with client

update denote the local model training performed by mobile
clients, and the light blue ones (edge update) represents the
aggregation of these local models at edge APs. As for the
green ones and red ones, these two denote the further aggre-
gation at the cloud server and the centralized update where all
client data are pooled together for model training. The model
weight divergence of the gth global aggregation mainly comes
from two parts: the model weight divergence of the (g − 1)th

global aggregation, and the data distributions divergence, i.e.,
the upward data distribution divergence U and the downward
one D. According to the above convergence analysis, the goal
of this work is to leverage client mobility to reshape the data
distributions of edge APs, aiming to minimize both upward and
downward data distribution divergence in HFL. Therefore, we
formulate the following P1 problem:

P1 : min
H

α

n∑
i=1

∑
j∈Si

Hi,j‖di − d̄j‖1 + β

m∑
j=1

‖d̂− d̄j‖1

(11)

s.t.
∑
j∈Si

Hi,j = 1, ∀i ∈ N , (11a)

n∑
i=1

Hi,jci,j ≤ bj , ∀j ∈ M, (11b)

Hi,j ∈ {0, 1}, ∀i ∈ N , j ∈ M. (11c)

The first constraint (11a) ensures that each client can only be
associated to one edge AP during her mobility trajectory. The
second one (11b) is to make the connection of each edge AP not
so dense due to limited bandwidth resources, and the last con-
straint (11c) indicates that Hi,j is a binary decision variable. We
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recall that the data distributions of edge APs {d̄j}mj=1 depends on
these of clients {di}ni=1 in a non-linear way, because the decision
variables H appearing in the numerator and denominator of
{d̄j}mj=1. Therefore, the above P1 problem is a non-linear 0-1
programming problem [23], [24], which is known to be NP-hard
problem.

III. MOBILITY-AWARE FL FRAMEWORK

In this section, we first analyse key parameters in client
mobility model, and discuss two mobility patterns with different
settings. According to two mobility patterns, we present the
mobility-aware FL framework.

A. Mobility Trajectory Analysis

As discussed inP1 problem, to minimize the data distribution
divergence is related to the mobility trajectories of clients, which
depends on the transition probability P and the deadline τ .
According to the different mobility patterns of clients [25], we
can classify their mobility trajectories into two categories: deter-
ministic mobility trajectory and the non-deterministic mobility
trajectories. Next, we first discuss the characterize of these two
mobility trajectory by exploring the transition probability P and
the deadline τ .

A deterministic mobility trajectory is characterized by high
regularity and predictability, where the future positions of clients
can be predicted with a high degree of certainty based on past
behaviors and known factors [26]. Periodic mobility trajectory is
the classical deterministic mobility trajectory, which represents
that clients commute among a small set of fixed locations, such as
home, school and restaurant. For simplicity, we denote Ci ⊆ M
as the regularly visited locations of client i ∈ N . The transition
probability over the location set Ci of the client i is simply the
sequence of successive locations as follows:

Pi(x, y) =

⎧⎨
⎩

pix, if y = x, ∀x ∈ Ci ,
1− pix, if y = (x+ 1) mod |Ci| ,

0, otherwise ,
(12)

where pix is the stay probability of client i at location x ∈ Ci,
and 1− pix is the transition probability to next location. A
lower pix implies that the client is more likely to roam across
more edge APs, leading to more client-edge association with
more optimization space. As shown in Fig. 4, the trajectory of
mobile client with periodic mobility pattern is a cycle movement
trajectory.

A non-deterministic mobility trajectory (also referred to as
a stochastic mobility trajectory) is characterized by uncertainty
and randomness [27]. As for random mobility pattern, we as-
sume that mobile clients are uniformly and randomly distributed
over all edge APs at the beginning, and the probability of moving
to different edge APs is stochastic and uncertain. Therefore, the
element of transition probability matrix can be written as:

Pi(x, y) =

{
pix, if y = x, ∀x ∈ M ,

1−pi
x

|M|−1 , if y �= x, ∀y ∈ M .
(13)

Fig. 4. Illustrations for two classical mobility patterns.

The mobility trajectory of random mobility pattern could be
quiet mussy in the Fig. 4, and the next location of each client is
hard to predict in advance. As for these two mobility patterns,
the deadline τ determines the content of the visited edge APs
set Si of clients. According to the equation in (9), each client
i ∈ N will move across more different edge APs with bigger τ .

B. FL Framework Design

According to the mobility patterns we discussed above, the
targeted P1 problem can be considered as either an offline
optimization problem or the online one. In the offline setting,
the mobility trajectory of clients with periodic mobility pattern
(that is the set of edge APs Si) are already known, we aim to
solve the above P1 problem by finding the optimal client-edge
association to minimize both the upward and downward data
distribution divergence, simultaneously. If the number of edge
APs in the set Si is large, each mobile client i ∈ N would have
more optimization space to realize more efficient client-edge
association in HFL. In the online setting, the mobility trajectory
of clients with random mobility pattern (that is the set of edge
APs Si) is hard to predict, and we need to determine whether to
upload the local model at each time slot.

To this end, we develop a novel mobility-aware FL frame-
work named ALPHA which is defined as follows: ALPHA is a
mobility-aware FL framework which contains the offline binary
programming and the online binary programming respectively.

1) In the offline setting, the mobility trajectory of clients with
periodic mobility pattern (that is the set of edge APsSi) are
already known, ALPHA is to solve the above P1 problem
by finding the optimal client-edge association to minimize
upward and downward data distribution divergence, si-
multaneously.

2) In the online setting, the mobility trajectory of clients with
random mobility pattern (that is the set of edge APs Si) is
hard to predict, and ALPHA is to tackle the online problem
for the decision about whether to upload model parameters
at the current time slot t.

The problem in these two settings are quiet different which
mainly rest with mobility patterns. Thus, we need to work out
the problem in these settings seperately.
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Fig. 5. Illustrations for alternating optimization methods.

IV. DESIGN OF ALPHA

In this section, we first provide the design of offline mobility
scenario, and then consider the online one.

A. Offline Scenario

For the offline scenario, we need to solve the optimization
problem P1 with a fixed set of edge APs Si. We denote the
objective function in problem P1 as the variable F . As shown
in Fig. 5, we leverage the alternating optimization theory [28] to
solve the challenging problem P1 by the following three steps:
(1) we first fix the data distributions of edge APs with a certain
probabilities d̄, which denotes the set of {d̄j}mj=1. In this way,
the objective function in P1 will be transformed as:

F(d̄) = α

n∑
i=1

∑
j∈Si

Hi,jwi,j +Δ, (14)

where wi,j = ‖di − d̄j‖1, and Δ = β
∑m

j=1 ‖d̄j − d̂‖1 is the
upward data distribution divergence, which is a constant when
d̄ is fixed. (2) Then, we can solve the P1 problem with the
new objective function F by developing a LP-based bipartite b-
matching algorithm to determine the decision variable; (3) After
that, we evaluate whether the initialized probabilities d̄ are the
solution with the satisfied performance. If not, we further search
for the initialized probabilities d̄ for an efficient solution H with
a smaller value of the objective F . As for Step (1), there exist
many possible probabilities for data distributions of edge APs
d̄. We first need to narrow the space of d̄ to avoid invalid initial
values and reduce the search cost. According to the definition of
data distributions of edge APs, i.e., d̄j =

∑n
i=1 Hi,jaidi∑n
i=1 Hi,jai

, we can

further obtain that: the data distribution of edge AP d̄j is always
less than the maximum data distribution of clients in edge APs
set Sj , and greater than the minimum data distribution of clients
in set Sj . In particular, we can have d̄lj ≤ d̄j ≤ d̄uj where d̄lj =

min{di, ∀i ∈ Sj} and d̄uj = max{di, ∀i ∈ Sj}. Therefore, we
can first fix the values of d̄ with its lower boundary d̄l, and then
conduct step search without beyond its upper boundary d̄u.

The optimization problem in Step (2) can be considered as a
weighted bipartite b-matching problem, which is also a NP-hard
problem. A bipartite b-matching in graph G = ({M,N},W )
is to find a set of weight edges in W where one vertex in M has
at most b edges (i.e., a degree constraint) while the other in N

are unique. This implies that the edge AP can handle multiple
clients, and each client can only be collected to one edge AP.
The bipartite b-matching problem is an extension of classical
bipartite matching problem with more complex constraints, and
we solve this problem by using the LP relaxation with dependent
rounding technique. We first relax the integer decision variable
Hi,j , i.e., 0 ≤ Hi,j ≤ 1 to obtain the optimal fractional solution.
Second, we introduce a dependent rounding method to get
the integer one. Specifically, let W be the set of edges with
fractional values. Repeat the following steps if the set W is
non-empty: a) find a simple cycle or maximal path P in the
subgraph ({M,N},W ) where the simple cycle or maximal
path is to ensure that the set of P can be divided into two
matchings M1 and M2 for two rounding directions (0 or 1) [29];
b) In these two matchings, we have four options for fractional
H̄i,j to get the integer one Hi,j with different probabilities as
follows:

Hi,j =

⎧⎪⎪⎨
⎪⎪⎩
H̄i,j + ω1, w.p. ω2

ω1+ω2
, if H̄i,j ∈ M1,

H̄i,j + ω2, w.p. ω1

ω1+ω2
, if H̄i,j ∈ M1,

H̄i,j − ω1, w.p. ω2

ω1+ω2
, if H̄i,j ∈ M2,

H̄i,j − ω2, w.p. ω1

ω1+ω2
, if H̄i,j ∈ M2,

(15)

where ω1 is the minimizer of two kinds of distances: the mini-
mum distance between the nodes in M1 to 1 and the minimum
distance between the nodes in M2 to 0, and the ω2 is similar to
ω1 which can be described as:⎧⎪⎪⎨
⎪⎪⎩
ω1 = min{min{1− H̄1

i,j , ∀H̄1
i,j ∈ M1},

min{H̄2
i,j , ∀H̄2

i,j ∈ M2}},
ω2 = min{min{H̄1

i,j , ∀H̄1
i,j ∈ M1},

min{1− H̄2
i,j , ∀H̄2

i,j ∈ M2}}.
(16)

We next conduct Step (3) to search for the optimal values of
d̄. There exist many possible d̄ with large search space due
to the coupling of edge APs. Suppose there are k possible
values for d̄j for each edge AP, then we need to evaluate mk

possible probability profile if there arem edge APs. To solve this
intractable problem, we design a minimum overlapped search
method with mobility pattern information to reduce the search
space. The key idea of this method is to identify an loose
coupling search order among edge APs, reducing the exponential
complexity of enumerating all the possible probability profile.
From the above discussion, the number of clients connected
with corresponding edge APs under periodic mobility pattern is
limited (|Sj | << |N |, ∀j ∈ M), and with low coupling among
edge APs. Therefore, we can regard the number of shared
clients between edge AP j and the other edge APs, i.e., oj =∑N

i=1 |Si ∩ {j}| as its overlapped degree. Furthermore, we can
obtain the search order among edge APs based on its over-
lapped degree to find the efficient values of d̄ through only one
loop.

From the above discussion, we can combine these three steps
to form an efficient solution to solve the problem P1. As shown
in Algorithm 1, we first narrow the space of {d̄j}mj=1 by finding
the lower and upper boundary, and compute the overlapped
degree to find the search order (line 1 to line 3). After that,
we initialize the data distributions of edge APs d̄ and reorder
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Algorithm 1: Offline Control.

edge APs based on the overlapped degree (line 4 to line 5).
In order to determine the decision variable H , we leverage
the LP with dependent rounding technique to solve bipartite
b-matching with fixed d̄ (line 8 to line 12). After that, we evaluate
whether the initialized probabilities d̄ are the solution with the
satisfied performance. If not, we further search for the initialized
probabilities d̄ for a good solutionH with a smaller valueF (line
13 to line 16).

This linear relaxation with dependent rounding approach
ensures that the degree of each node closely approximates its
initial fractional degree, effectively balancing multiple con-
straints. Moreover, this approach guarantees negative correlation
between edges in bipartite graph, which helps maintain better
fairness and stability during the allocation process. Using ζ to
denote the computation complexity of LP with dependent round-
ing technique, and ς as the step of search, the computational

complexity of Algorithm 1 is O(mζ
max{d̄u

j }mj=1−min{d̄l
j}mj=1

ς ),
which mainly depends on the number of edge APs, the cost
of search for {d̄j}mj=1 and the complexity of LP with dependent
rounding.

Theorem 2: We denote F({d̄∗j}mj=1, H
∗) as the optimal value

of problem P1, and there exist constant χ and ξ satisfying:

E[F({d̄∗j}mj=1, H
∗)] ≤ χE[F({d̄j}mj=1, H})] + ξ (17)

where χ = cmax·dmax

cmin·dmin
and ξ = (n · α cmax

cmin
+m · β)(dmax

dmin
− 1).

Proof: See Appendix B, available online. �

Algorithm 2: Online Control.

B. Online Scenario

For the online scenario, clients only know the current location
in each time slot t without the future information, and should
make an irrevocable immediate decision on whether to upload
model parameters for aggregation at the current edge AP. Specif-
ically, at each time slot t, we should make an online decisionHt

i,j

on each client i with the the bandwidth needed to connect to the
current edge AP j, i.e., cti,j , the remaining bandwidth resource
on the current edge AP btj and the divergence of data distribution
between associated client-edge, i.e., wt

i,j = ‖dti − d̄tj‖1, where
the data distribution of edge AP j is accumulated over time slots,
i.e.,

d̄tj =
t−1∑
k=1

∑n
i=1 aiH

k
i,jd

k
i∑t−1

l=1

∑n
i=1 aiH

l
i,j

, ∀j ∈ [1,m]. (18)

However, it is hard to establish the relation among these three
variables in the original problem. Inspired by the dual the-
ory [30], we determine the relation among these three variables
in the dual problem. Similar to the offline setting, we first
relax 0-1 decision variables {Ht}τt=1 into continuous variables
0 ≤ Ht

i,j ≤ 1, and the dual problem of online LP problem is:

P2 : max
{Φt}τt=1,{Ψ}τt=1

τ∑
t=1

n∑
i=1

∑
j∈St

i

(Φt
jb

t
j +Ψt

i) (19)

s.t. Φt
jc

t
i,j +Ψt

i ≥ wt
i,j , (19a)

Φt
j ≥ 0,Ψt

i ≥ 0, ∀i, ∀j, ∀t, (19b)

where Φ and Ψ are the dual decision variables. To determine
the decision variable H , we need to build the relation between
the optimal solution of the prime problem and the dual problem,
which are denoted as H∗, Φ∗ and Ψ∗. From the complementary
slackness condition, we can derive H∗ without a rounding
procedure:

H∗
i,j =

{
1, if ci,jΦ

∗
j < wi,j ,

0, if ci,jΦ
∗
j > wi,j ,

(20)

where Hi,j may be the non-integer value when ci,jΦ
∗
j = wi,j .

In order to identify the relation among the three variables,
we need to rewrite an equivalent form of the problem P2, which
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only includes decision variablesΦ by removing the dual decision
variables Ψ with plugging the constraints Ψt

i ≥ wt
i,j − Φt

jc
t
i,j

and Ψt
i ≥ 0 into the objective function:

max
Φ

f(Φ) =

τ∑
t=1

n∑
i=1

∑
j∈St

i

(Φt
jb

t
j + (wt

i,j − cti,jΦ
t
j)

+), (21)

where (·)+ denotes the positive part function. In this way, we
can establish the relation among these three variables by solving
f(Φ). To address this problem, we first compute the subgradient
evaluated with variable Φt

j at time slot t as:

∂Φt
j
(Φt

jb
t
j + (wt

i,j − cti,jΦ
t
j)

+) = bj − cti,jH
t
i,j . (22)

Now, we can state our proposed approach in Algorithm 2:
sub-gradient based online LP algorithm, which makes an online
decision of the variable Ht immediately after observing the
value of (wt

i,j ; c
t
i,j). In particular, the update fromΦt

j toΦt+1
j can

be viewed as a projected stochastic subgradient ascent method
in line 8. At the beginning of the algorithm, the edge APs
prefer to admit the clients when the dual variable Φj is small,
and sufficient bandwidth resource bj is sufficient. After several
iterations, the value of Φj becomes large, and the bandwidth
resource bj is small. Thus, few clients will be selected in the
latter time slots according to the complementary slack condition.

Next, we will analyze the performance of Algorithm 2. Before
giving the related result, we first introduce some assumptions on
the input of LP [31]. We assume:

1) The coefficient pair (wi,j , ci,j), are i.i.d. sampled from an
unknown distribution;

2) There exist constantw and c such thatwi,j ≤ w and ci,j ≤
c, ∀i ∈ [1, n], ∀j ∈ [1,m];

3) There exist b and b such that b ≤ bj ≤ b, ∀j ∈ [1,m].
We formally define the regret as the difference between the

optimal objective values of the original problem R∗
τ , and the

objective value derived by the Algorithm 2 as Rτ .
Theorem 3: Under the above assumptions with the deadline

τ , the regret of Algorithm 2 satisfies:

E[Rτ −R∗
τ ] ≤ 3γτn(c+ b)2. (23)

where γ is the learning rate and n denotes the client number.
Proof: See Appendix C, available online. �

V. PERFORMANCE EVALUATION

In this section, we first describe the experiment setting, and
then evaluate the performance of our proposed ALPHA.

A. Experiment Setting

Datasets: we perform extensive experiments on three public
image datasets and a real-world trajectory dataset, which are
described as follows:
� SVHN, which is captured from Google Street View images

for a significant real-world problem, and widely used in
field of object detection and pattern recognition [32].

� GTSRB, which is the german traffic sign recognition dataset
including 43 categories images with varying light condi-
tions, rich backgrounds and unbalanced category distribu-
tion [33].

� CIFAR10, which is labeled subsets of the 80 million tiny
colorful images dataset, has 10 mutually exclusive classes,
and is a classical dataset for image classification [34].

� TELECOM, which is provided by Shanghai Telecom, in-
cludes more than 7.2 million records of mobility trajectory
by accessing the interent through 3233 base stations from
9481 mobile phones for six months [35].

Parameter Setting: We use CNN with three convolutional
layers and three fully connected layers for SVHN, GTSRB and
CIFAR10. The learning rate and batch size of model training
is 0.02 and 32. As for TELECOM, we utilize MLP with three
fully connected layers. The learning rate and batch size of model
training is 0.01 and 32. For all models, we set the decay factor and
momentum to their default values of 0. To realize the non-IID
data distribution, we employ Dirichlet distribution to charac-
terize the identicalness among clients as shown in previous
studies [36], [37]. Specifically, we sample a Dirichlet distribu-
tion Dir(κb) for different non-IID data distributions, where b
characterizes the prior class distribution and κ is a concentration
parameter. With κ → ∞, all clients have identical distribution
to the prior, and κ → 0 is the other extreme. The commu-
nication cost of clients and the bandwidth resource of edge
APs are subject to a random distribution, i.e., ci,j ∈ [0, 1], bj ∈
[5, 10], ∀i ∈ N , j ∈ M. As for the number of mobile clients
and edge APs, we take m ∈ {5, 10} and n ∈ {20, 50, 100}
into consideration. The LP method is written in python with
PuLP.

Baselines: we mainly make a comparison among the follow-
ing mobility optimization frameworks:
� ORACLE, which makes a precise decision for all clients

on where and when to upload model parameters for edge
aggregation with brute-force search [38].

� MACFL, which aims to realize mobility-aware cluster fed-
erated learning by utilizing clustering algorithm to calcu-
late the similarity of mobile clients for model aggrega-
tion [14].

� FedMobile, which focuses on the mobility of clients with-
out considering the edge APs and cloud server, and ag-
gregates local models of mobile clients in random manner
with the D2D communication [39].

B. Overall Performance

To make the results on these two real-world datasets more
persuasive, all experiments in Figs. 6, 7 and 8 are performed
three times with m = 10, n = 100, and the solid line means the
averaged value of three experiments, while the size of the shaded
area represents the magnitude of fluctuations. Fig. 6 plots the
average accuracy of the four mobility optimization methods on
three public image datasets, i.e., GTSRB, SVHN and CIFAR10.
As the number of communication rounds increases, the aver-
age accuracy increases rapidly at first, then slows down until
convergence. In Fig. 6(a) and (c), it is obvious that the central
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Fig. 6. The performance comparison of average accuracy among four mobility frameworks with central training in HFL validated on three public image datasets:
(a) GTSRB; (b) SVHN; (c) CIFAR10.

Fig. 7. The performance comparison of training loss among four mobility frameworks with central traning in HFL validated on three public image datasets:
(a) GTSRB; (b) SVHN; (c) CIFAR10.

Fig. 8. The performance comparison of four mobility frameworks in HFL
validated with the real-world dataset TELECOM on : (a) Average Accuracy;
(b) Training Loss.

training has the highest average accuracy without data shift, and
ORACLE and ALPHA are close to the central training while
having faster convergence speed and better model performance
than both MACFL and FedMobile. In Fig. 6(b), the advantage of
ALPHA comparing with FedMobile and MACFL is not obvious
due to the dataset SVHN which is relatively simpler compared
to the other two datasets, resulting in less distinction between
these four mobility frameworks. Fig. 7 plots the training loss
of the four mobility optimization frameworks with the central
training on three public image datasets, i.e., GTSRB, SVHN

and CIFAR10. As shown in Fig. 7(a), the training loss of these
four methods decreases with the communication rounds, and
it is obvious that the training loss of the central training is the
minimum one. Moreover, we can find that ORACLE has the
minimization of training loss and ALPHA is close to ORACLE
while better than MACFL and FedMobile. In Fig. 7(b) and (c),
we further validate the efficiency of ALPHA on SVHN and
CIFAR10.

Fig. 8 presents the performance comparison of four mobility
frameworks with the central training on the real-world mobility
trajectory dataset TELECOM. In Fig. 8(a), ORACLE and AL-
PHA are close to the central training, and have a superior learning
performance compared to the other two approaches, i.e., Fed-
Mobile and MACFL. The main reason behind this phenomenon
is that ORACLE and ALPHA pay much attention to minimize
the impact of uncertain client mobility, and aim to reshape data
distributions of edge APs to be i.i.d, which is much related with
the learning performance in HFL. FedMobile and MACFL only
focus on model aggregation by given data distribution, and are
incapable of addressing uncertain client mobility. In Fig. 8(b),
we can find that ORACLE has the minimization of training loss
and ALPHA is close to ORACLE while better than MACFL and
FedMobile, which further validate the efficiency of our proposed
ALPHA.
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Fig. 9. The performance comparison in HFL with: (a) Accuracy of two mobility scenarios; (b) Impact of κ on the public dataset SVHN; (c) Impact of κ on the
real-world dataset TELECOM.

Fig. 10. The performance comparison in HFL with: (a) Impact of τ ; (b) the number of edge APs and clients, i.e., (m, n); (c) the weight of downward data
distribution divergence and upward one, i.e., (α, β).

C. Key Parameter Analysis

In Fig. 9, we perform the performance comparison in HFL on
the impact of κ and two mobility scenarios. Fig. 9(a) presents
the prediction accuracy of ALPHA in the offline mobility sce-
nario and the online one. As can be seen from Fig. 9(a), the
prediction accuracy of ALPHA both in offline scenario and
online one increases with communication rounds. Comparing
with the prediction accuracy in offline scenario, the model
performance of ALPHA in online scenario is less satisfying
due to the uncertainty of mobility trajectory. As stated in the
part of parameter setting, we utilize κ to character the non-i.i.d
degree. In Fig. 9(b) and (c), we explore the impact of κ on the
public image dataset SVHN and the real-world mobility tra-
jectory dataset TELECOM. When κ = 0.1 with large non-i.i.d
degree, the average accuracy of all four mobility frameworks are
comparative low, and the performance gap between these four
mobility optimization frameworks is large. With the value of κ
growing with little non-i.i.d degree, the average accuracy of all
four mobility frameworks are increasing, but the performance
gap decreases.

In Fig. 10, we perform the performance comparison in HFL on
the impact of τ , the number of edge APs and clients, i.e., (m,n),
and the weight of downward and upward divergence, i.e., (α, β).
In Fig. 10(a), we further study the impact of τ on performance
of mobility optimization, and use the variable τ to character the
time deadline of mobility. Each client i ∈ N will have more time
to move across different edge APs with bigger τ . As shown in

Fig. 10(a), the mobility trajectory with τ = 10 has the highest
averaged accuracy comparing with the mobility scenario with
τ = 5 or τ = 1, where the gray error bar is the variance of three
experiments. The reason of this phenomenon is that clients have
more edge APs to choose for model aggregation with bigger τ ,
which is useful for data distribution divergence minimization.
Further, we make a performance comparison among ALPHA
with the other three methods by considering different parameter
settings. The parameterF in vertical coordinate is the total diver-
gence of data distributions which is the optimization objective.
As can be seen from Fig. 10(b), the total divergence of data
distributions increases with the number of edge APs and clients
(m,n), and ALPHA is better than FedMobile and MACFL.
Moreover in Fig. 10(c), we also use the weight parameters
(α, β) to perform evaluation, and find similar results that the
total divergence of data distributions among these four mobility
optimization scheme increases with the value of (α, β).

Fig. 11 presents the performance comparisons with four dif-
ferent mobility frameworks on all datasets CIFAR10, SVHN,
GSTRB and TELECOM by taking different mobility frequency
into account. We use the variable p to character the mobility
frequency of mobile clients, and each client i ∈ N will prefer
moving another locations to staying at same one with little p,
which means that p = 0.1 is the high mobility scenario. As
shown in Fig. 11, we consider three different mobility frequency
scenarios including high mobility scenario with p = 0.1, normal
mobility scenario with p = 0.5 and nearly static scenario with

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on December 29,2025 at 14:30:34 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: FROM NON-IID TO IID: MOBILITY-AWARE HIERARCHICAL FEDERATED LEARNING WITH CLIENT-EDGE ASSOCIATION CONTROL 11727

Fig. 11. The performance of ALPHA with different mobility frequency, i.e., p
on datasets: (a) Accuracy on SVHN; (b) Accuracy on TELECOM; (c) Accuracy
on GTSRB; (d) Accuracy on CIFAR10.

p = 0.9. Moreover, the experiment of each mobility scenario
with different p has been performed with several times to validate
the reliability and stability of the experimental results. As shown
in Fig. 11, it is obvious that ORACLE and ALPHA has better
model performance than both MACFL and FedMobile on all
datasets. In high mobility scenario with p = 0.1, ALPHA has
the highest average accuracy with frequent client mobility. This
is because frequent client mobility creates new model aggre-
gation opportunities at different edge APs, which is capable of
reshaping the data distributions of edge APs to be i.i.d. As for
the nearly static scenario with p = 0.9, the average accuracy
declines a lot comparing to the one in high mobility scenario. In
Fig. 11(a), the difference among high mobility scenario and
nearly static scenario is not obvious due to the dataset SVHN
which is relatively simpler compared to the other three datasets,
resulting in less distinction between these two mobility scenar-
ios. The model performance on these four datasets fluctuates a
lot no matter in the high mobility scenarios or slow mobility
scenario. This is because the performance of aggregated model
not only depends on mobility frequency but also the other
factors, i.e., task complexity and network topology, which will
be explored furtherly in the future work.

In this work, we focus exclusively on the selection of edge
APs for model uploading and aggregation for mobility-aware
hierarchical FL, without considering the local model training
methods of mobile clients or the model aggregation strategies
at edge APs. To validate the robustness of our approach across
various classical FL algorithms, we conducted additional exper-
iments incorporating two classical FL algorithms: FedAvg and
FedProx. As shown in Fig. 12(a), our proposed ALPHA demon-
strates superior performance improvements over both FedMo-
bile and MACFL, regardless of which FL algorithm is employed.
However, comparing these two algorithms reveals that FedAvg
achieves better performance than FedProx in hierarchical FL.
This discrepancy stems from FedProx’s introduction of a global

Fig. 12. The performance comparison of four mobility frameworks in HFL
with different model aggregation methods (FedAvg and FedProx) on : (a) average
accuracy; (b) training loss.

Fig. 13. The performance comparison of four mobility frameworks in HFL
on : (a) Round-to-Accuracy on SVHN; (b) Round-to-Accuracy on TELECOM;
(c) Accuracy-to-Round on GTSRB; (d) Accuracy-to-Round on TELECOM.

correction term during model training to address data shifts,
whereas in hierarchical FL, mobile clients can only access the
model of the corresponding edge APs as correction references.
The inherent discrepancy between models of edge APs and the
global model creates a performance degradation effect: greater
discrepancies lead to poorer local model training. Thus, we
conclude that in mobility-aware hierarchical FL collaborative
control optimization between mobile clients and edge APs holds
greater significance than local model training optimization. This
conclusion is further corroborated by the training loss presented
in Fig. 12(b).

In Fig. 13, we focus on the accuracy-to-round of different
mobility optimization frameworks, which emphasizes its superi-
ority by reaching the target accuracy with fewer communication
rounds. The results on the dataset SVHN in Fig. 13(a) and the
dataset TELECOM in Fig. 13(b), show that comparing with
MACFL and FedMobile, ORACLE and ALPHA need fewer
communication rounds to reach the corresponding target ac-
curacy, and when the requirement of target accuracy is more
strict, the performance gap between four mobility frameworks
increases. In Fig. 13(c) and (d), we also find that in long-term
mobility scenario, it needs fewer communication rounds to reach
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Fig. 14. The performance comparison on the frequency of downward model
aggregation and upward model aggregation, i.e., (I,E).

the corresponding target accuracy (80% on TELECOM and 60%
on GTRSB) comparing with short-time mobility scenario. In
Fig. 14, we explore the model performance on the frequency of
downward model aggregation and upward model aggregation,
i.e., (I, E). It is easy to find that the model performance of
ALPHA will converge faster with the increase of the value of
(I, E). Taking the difference between I and E into consid-
eration, we find that the model performance with the setting
of (I = 3, E = 1) is better than the one with the setting of
(I = 1, E = 2), which means that the downward data distri-
bution divergence in mobility optimization is much vital than
the upward one.

VI. RELATED WORKS AND DISCUSSION

Hierarchical FL in wireless networks have drawn much re-
search attention for the advantage in reducing both communica-
tion cost and the number of local iterations [40], [41], [42], [43].
There is an increasing number of HFL-related studies in many
areas, e.g., wireless communication networks [44], [45], fault
diagnosis [46], industrial IoT [47], intelligent transportation
systems [48], human activity recognition [49] and so on. Liu
et al. [50] designed a HierFAVG algorithm with partial model ag-
gregation to achieve better communication-computation trade-
off. Similarly, a clustered hierarchical distributed federated
learning has been proposed to solve the problem of high con-
sumption of communication resources [51]. Abad et al. [52]
proposed a kind of hierarchical FL scheme to reduce the com-
munication latency without sacrificing the accuracy. Although
hierarchical FL has been popular with much related research
works, the prediction accuracy of hierarchical aggregated model
degrades a lot if the data distributions of local clients diverge.

Non-i.i.d data problem have been one of fundamental chal-
lenges for model training in HFL where the impact of non-
i.i.d data could be exacerbated in HFL [43], [53], [54], [55],
[56], [57]. Although a variety of works have been proposed to
lessen the problem of non-i.i.d data distribution [58], [59], [60],
these methods just deal with a given static data distribution in
the single aggregation manner, and is not suitable for mobility
scenarios with dynamic non-i.i.d data distributions in hierarchi-
cal aggregation manner. Wang et al. [61] provided theoretical
results why local aggregation can be beneficial in improving

the convergence of Hierarchical SGD. Briggs et al. [62] pro-
posed a hierarchical clustering step to cluster similar clients
for specialised models. Similarly, Wu et al. [17] focused on
federated user modeling tasks and proposed a novel hierarchical
FL framework to work out the problem of inconsistent clients
and non-i.i.d data. To cope with imbalanced data distribution in
HFL, Liu et al. [18] proposed joint user association and resource
allocation algorithm to minimize the learning latency.However,
current research works on non-i.i.d data in hierarchical FL are
primarily dedicated to the static scenario where clients always
stay at the same location and the topology between edge APs
and clients are static, which is less practice in real-world appli-
cations.

Mobility has been well studied in wireless mobile communi-
cation networks for being capable of improving network perfor-
mance, including but not limited to handover efficiency, resource
allocation optimization, and quality-of-service assurance [63],
[64], [65], [66]. Some research works have also been focused
on the impact of client mobility on collaborative training in
hierarchical FL. Yu et al. [15] utilized the mobility patterns and
preferences of vehicles to collaboratively learn a global model
for high popularity contents prediction. The main limitation of
this work is that it ignores the high mobile clients with a decrease
number of participants. The mobility attribute of clients have
also been utilized with client-to-client communication to design
a new asynchronous FL algorithm named FedMobile to improve
the learning performance [39]. In D2D communication manner,
the model aggregation of FL largely depends on the random of
client mobility without performance guarantee. Feng et al. [14]
proposed a mobility-aware cluster federated learning (MACFL)
algorithm with personalization technique to enhance learning
performance by redesigning the access mechanism and model
aggregation shceme. Despite considering different non-i.i.d data
distribution in mobility-aware HFL, the cluster method has
just worked out downward divergence without considering the
upward divergence.

Although the most recent work MACFL also focuses on client
mobility, it is limited by extra operations to redesign access
mechanism and lack of solution for uncertain client mobility.
Superior to MACFL, ALPHA controls uncertain client mobility
to reshape the data distribution of edge APs from the global
perspective, which works out the non-i.i.d data problem in root
and also scalable in all FL aggregation algorithm without any op-
erations. Moreover, for the application of ALPHA, we consider
that ALPHA in offline scenario is suitable for path planning in
fixed trajectory for autonomous vehicles, and ALPHA in online
one is advantageous for target search with impossible aerial
vehicles.

VII. CONCLUSION

In this work, we have studied the client mobility in wireless
networks, and have proposed a new mobility-aware hierarchical
FL framework, namely ALPHA, which considered both the
offline and online mobility scenarios. Specifically, we make
the convergence analysis of performance degradation induced
by the divergence of data distributions, and formulate the
mobility-aware client-edge association problem to minimize
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the divergence of data distributions. In particular, we first focus
on the offline scenarios where all client mobility trajectory are
already known, and the efficient solution can be derived with
the LP and dependent rounding technique. As for the online
one, a fast and simple online algorithm based on the subgradient
is proposed to make a quick decision with a bounded regret.
Experimental results on three public image datasets and a
real-world mobility trajectory dataset show that our proposed
ALPHA provides an efficient mobility optimization scheme
with superior learning performance with 1.40× – 2.89×
convergence speedup comparing to the-state-of-art approaches.
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