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Abstract
Mobility-aware hierarchical federated learning (MobiHFL) is an
emerging paradigm to support urban applications where clients
continuously move across edge-server coverage areas. Existing
methods mainly treat mobility as a scheduling challenge and often
train a single global model across all edge-servers. This overlooks
the spatial non-IID characteristics of urban environments, where
regions exhibit distinct yet correlated data distributions. Region-
wise personalization is a natural remedy, but mobility makes it
difficult. Each edge model is trained on its current client popula-
tion, while future arriving and departing clients may follow dif-
ferent distributions, causing cold-start degradation and feature-
classifier mismatch after handover. We propose HiMAC, a personal-
izedMobiHFL framework that turns predicted client movement into
proactive inter-edge collaboration. HiMAC uses per-client LSTM
trajectory predictors to estimate future client flows and builds a
round-level transition matrix to guide collaboration. With a decou-
pled backbone-classifier architecture, HiMAC prepares each edge
for expected incoming clients through incoming-aware classifier
initialization and improves compatibility with likely destination
edges through outgoing-regularized backbone training. Extensive
experiments on image classification and object detection bench-
marks show improvements of up to 12.18 percentage points in
image-classification accuracy and 6.50 points in mAP@50 over
state-of-the-art baselines across varying mobility intensities.
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1 Introduction
Mobile edge computing has made federated learning (FL) a natural
paradigm for dynamic urban applications, including vehicular net-
works [5, 30, 44, 47], mobile sensing [27, 28], and urban traffic and
perception [40, 43]. To reduce communication latency and align
training with geographically distributed edge infrastructure, these
systems often adopt hierarchical federated learning (HFL), where
nearby mobile clients first coordinate with edge servers before
cloud-level aggregation [5, 10]. In such settings, clients continu-
ously move across edge-server coverage areas while collecting data,
known as mobility-aware HFL (MobiHFL). Compared with static FL,
MobiHFL must handle unstable connectivity, limited dwell time,
and changing local data distributions as clients move across re-
gions [5, 30]. Accordingly, existing studies address mobility through
client sampling [4, 44], dwell-time scheduling [3], trajectory-aware
regional-model assignment and sampling [47], and device-edge-
cloud collaboration [45].

Despite this progress, most MobiHFL methods optimize a single
global model, while FedMG maintains multiple regional models
and assigns them using predicted trajectories [47]. As illustrated
in Fig. 1, regions can exhibit distinct yet correlated distributions
because driving scenes and road environments vary geographi-
cally and urban clients have spatial dependencies [1, 24, 40]. This
characteristic calls for region-wise personalization, where each edge
maintains a model adapted to its local data characteristics instead of
forcing all regions into one global model [35]. At the same time, cor-
relations between nearby or frequently connected regions suggest
that edges should collaborate selectively rather than train in isola-
tion. However, existing MobiHFL methods [3, 4, 44, 45, 47] do not
use predicted population flows to coordinate selective knowledge
transfer among edge-specific models in both migration directions.

Personalized collaboration in MobiHFL is difficult because mo-
bility makes each edge’s data distribution nonstationary. An edge
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Figure 1: Mobility and spatial heterogeneity in MobiHFL. (a) Clients move across regions served by different edge servers. Their
next regions can often be predicted from trajectory history. (b) San Francisco is partitioned into a 4× 4 grid. Each cell represents
an edge-server coverage area. (c) Pairwise similarity between region-level object-category distributions in BDD100K [43] shows
that regions are distinct but correlated, motivating region-wise personalization with inter-region collaboration.

model is trained for the clients currently associated with that
edge, but the clients that train or use the model in the next round
may change. Clients migrating into an edge encounter a classifier
calibrated to a population they did not help train, causing cold-
start degradation. Clients migrating out will soon be served by
destination classifiers shaped by different regional populations,
causing feature-classifier incompatibility after handover. This spa-
tiotemporal distribution mismatch makes collaboration reac-
tive and quickly stale. Static collaboration-based personalized FL
methods [11, 34, 38, 42], which assume fixed or slowly changing
client-server associations, cannot maintain reliable collaboration
graphs or cluster assignments under frequent migration.

We address this gap by exploiting the predictability of client
mobility. Rather than treating mobility only as a source of instabil-
ity, HiMAC uses trajectory regularities as proactive collaboration
signals. Specifically, per-client LSTM trajectory predictors [14] esti-
mate future edge associations, and their outputs are aggregated into
a round-level stochastic transition matrix describing likely client
flows between edges. This matrix induces a dynamic collaboration
graph for mobility-aware personalization.

Built on this graph, we propose HiMAC, a bidirectional mobility-
aware personalized HFL framework with a decoupled backbone-
classifier architecture [2, 8]. The backbone captures shared rep-
resentations and is coordinated through the cloud, while light-
weight classifiers encode region-specific decision boundaries and
are exchanged laterally among edges. This separation is essen-
tial to the bidirectional design: incoming adaptation can update
region-specific decision boundaries without overwriting the shared
representation, while outgoing adaptation can improve represen-
tation compatibility without homogenizing all regional classifiers.
The transition matrix drives two complementary mechanisms. First,
incoming-aware classifier initialization pre-aligns each edge
classifier with the expected incoming client distribution, reduc-
ing cold-start degradation after client arrival. Second, outgoing-
regularized backbone training aligns source-side features with
likely destination edges, improving feature compatibility after client

migration. Together, these mechanisms allow each edge to learn
from where clients come from and prepare for where they will go.

The main contributions of this paper are as follows.

• We formulate personalized MobiHFL and identify the spa-
tiotemporal distribution mismatch that arises when region-
wise personalization meets client mobility.
• We propose HiMAC, a bidirectional personalized MobiHFL
framework that converts LSTM-predicted client transitions
into proactive inter-edge collaboration over a decoupled
backbone-classifier architecture.
• We design two transition-driven mechanisms, incoming-
aware classifier initialization and outgoing-regularized back-
bone training, to address cold-start degradation and feature-
classifier incompatibility during handovers.
• Experiments on image classification and object detection
benchmarks show that HiMAC improves image-classification
accuracy by up to 12.18 percentage points and improves
mAP@50 by 6.50 points under high-mobility object detec-
tion, with robust gains across mobility intensities and system
scales.

2 Related Work
Mobility-aware Hierarchical Federated Learning. Standard
FL [26, 41] lets clients train locally and send updates to a central
server without sharing raw data. In mobile environments, this flat
architecture is fragile because clients may have short dwell times,
unstable connectivity, and updates computed under stale global
states, known as the model shuffling effect [30]. Hierarchical FL
(HFL) [5, 10] introduces edge servers as regional aggregators. By
aggregating nearby clients before cloud coordination, HFL reduces
communication latency, stabilizes local participation, and better
matches the spatial organization of mobile edge infrastructure.
Recent studies extend HFL to explicitly handle mobility. Theoreti-
cal analyses show that mobility can both help and hurt learning,
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by mixing data across regions while also shortening communi-
cation windows and changing local distributions [5, 30]. System-
oriented methods address dynamic participation through client
sampling [4, 44], dwell-time scheduling [3], device-to-device ag-
gregation [45], and random-walk collaboration [29]. Closer to our
setting, FedMG maintains regional models and uses predicted tra-
jectories for assignment and sampling [47]. Complementary work
uses asynchrony to benchmark heterogeneous availability [20]
or balance multimodal training [25], while early-exit methods ad-
dress heterogeneous computation or personalized adaptive infer-
ence [22, 32].

Yet none converts population-level transition probabilities into
a dynamic inter-edge graph that separately adapts classifiers for
arrivals and representations for departures, as HiMAC does.
Personalized Federated Learning. Personalized FL (PFL) [35]
addresses statistical heterogeneity by adapting models to clients,
clusters, or regions. At the global-model level, distribution regu-
larization reduces cross-client discrepancy on non-IID data [36];
PFL instead preserves client- or region-specific objectives. Rep-
resentative methods decouple models into shared backbones and
personalized heads [2, 8], personalize a global model through local
fine-tuning or regularization [9, 19], or cluster clients according
to data or model similarity [21, 34]. Graph-based methods infer
collaboration structures for selective aggregation [23, 38, 42] or
progressively prune collaboration links [6], while spatial FL meth-
ods exploit dependencies among geographically distributed clients
or urban regions [40, 46].

Most PFL methods assume relatively stable client populations
and server associations. Their personalized heads, clusters, or col-
laboration graphs are learned from current or historical similarity,
which can become outdated when clients frequently migrate across
edge regions. Under MobiHFL, the relevant collaborators for an
edge depend not only on present similarity but also on which clients
are likely to arrive and where current clients are likely to go. In
contrast, HiMAC treats client transition probabilities as a dynamic
collaboration signal and updates both classifier initialization and
backbone training according to predicted mobility. While decou-
pled personalization, graph collaboration, MMD, and trajectory
prediction are established, HiMAC couples them through a round-
varying transition matrix that predicts the next population and
drives upstream classifier transfer for arrivals and downstream
representation alignment for departures.

3 Problem Statement
Mobility-aware Hierarchical Federated Learning. In MobiHFL,
mobile clients move across regions, collect data from their current
locations, train locally, and upload updates to nearby edge servers.
Edge servers aggregate client updates within their coverage areas
and periodically coordinate with a central cloud server.

Consider one cloud server,𝑚 edge servers, and 𝑛 mobile clients.
At round 𝑡 , each client 𝑐 collects local data𝐷𝑡𝑐 and is associated with
one edge server 𝑖 , forming the client set E𝑡𝑖 . Let 𝑓𝑐 (𝜃 ;𝐷𝑡𝑐 ) be the
empirical loss of model 𝜃 on client 𝑐’s data. The edge-level objective
for edge 𝑖 is:

𝐹𝑖 (𝜃 ; 𝐷̃𝑡𝑖 ) =
∑︁
𝑐∈E𝑡

𝑖

𝛽𝑡𝑖𝑐 𝑓𝑐 (𝜃 ;𝐷𝑡𝑐 ) (1)

1.Local Training

Edge n

…

2.Edge Aggregation

3.Cloud Coordination

Model𝜃1 Model𝜃2 Model𝜃n

Client
Layer

Edge
Layer

Cloud
Layer

Edge 1 Edge 2

Figure 2: Standard personalized MobiHFL workflow.

where 𝐷̃𝑡𝑖 =
⋃
𝑐∈E𝑡

𝑖
𝐷𝑡𝑐 is the local data pool at edge 𝑖 , and 𝛽𝑡𝑖𝑐 =

|𝐷𝑡𝑐 |/
∑
𝑐∈E𝑡

𝑖
|𝐷𝑡𝑐 | is the client weight. The cloud server aggregates

edge models to minimize the global objective:

𝐹 (𝜃 ;𝐷𝑡 ) =
𝑚∑︁
𝑖=1

𝛼𝑡𝑖 𝐹𝑖 (𝜃 ; 𝐷̃𝑡𝑖 ), 𝛼𝑡𝑖 =
|𝐷̃𝑡𝑖 |∑𝑚
𝑗=1 |𝐷̃𝑡𝑗 |

(2)

A defining characteristic of urban environments is spatial non-
IID. Driving data distributions vary across regions with geographic
context, road type, weather, and traffic conditions [1, 24]. As mo-
bile clients collect data while moving across regions, such spatial
heterogeneity propagates to edge-level updates [40, 47], creating
gradient conflicts across edges and limiting the effectiveness of a
single global model. This motivates region-wise personalization.
MobiHFL with Edge-wise Personalization.We extend person-
alized FL [35] to the edge level. Each edge server 𝑖 maintains a
dedicated model 𝜃𝑖 for its associated clients, replacing the shared
global model 𝜃 with edge-specific parameters. Then the edge-level
objective becomes:

𝐹𝑖 (𝜃𝑖 ; 𝐷̃𝑡𝑖 ) =
∑︁
𝑐∈E𝑡

𝑖

𝛽𝑡𝑖𝑐 𝑓𝑐 (𝜃𝑖 ;𝐷𝑡𝑐 ) (3)

and the overall objective is

min
{𝜃𝑖 }

𝑚∑︁
𝑖=1

𝛼𝑡𝑖 𝐹𝑖

(
𝜃𝑖 ; 𝐷̃𝑡𝑖

)
(4)

Without additional coupling, Eq. (4) reduces to independent local
optimization at each edge. Hence, effective personalized MobiHFL
requires collaboration that preserves regional specialization while
sharing useful knowledge across related edges.

Fig. 2 illustrates a standard training round.
(1) Local training. Each client 𝑐 trains on its local data 𝐷𝑡𝑐 for 𝐸

epochs and uploads the update to its associated edge server.
(2) Edge aggregation. Each edge server aggregates updates from
E𝑡𝑖 to update its edge model 𝜃𝑖 and exchanges information
with neighboring edges.

(3) Cloud coordination. The cloud server collects parameters
from all edges, performs personalized coordination to aggre-
gate personalized models for all edge servers.

However, mobility makes solving Eq. (4) challenging. Each edge
model is trained for the clients currently associated with that edge,
while the clients that train or use the model in later rounds may
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change. Clients migrating into an edge encounter a model cali-
brated to a population they did not help train. Clients migrating
out will later be served by a destination edge whose model was
shaped by another population. This spatiotemporal distribution mis-
match turns the edge objectives {𝐹𝑖 (𝜃𝑖 ; 𝐷̃𝑡𝑖 )} into moving targets.
As client populations change, static collaboration strategies can
quickly become obsolete [38, 42], while asynchrony-aware Co-PFL
addresses model-age staleness rather than mobility-driven edge
reassignment [23]. These challenges motivate mobility-aware col-
laboration that predicts client transitions before local training and
adjusts inter-edge knowledge transfer accordingly.
Assumptions. We make three assumptions. (i) Each client is as-
sociated with exactly one edge server in each round and can com-
municate reliably with that edge. (ii) Clients are mobile while edge
servers are stationary. (iii) Clients continuously collect data from
their current regions, so their local data distributions change as
they move. After migration, a client connects to the destination
edge and uses that edge’s current model. It does not carry a full
source-edge model across regions.

4 Method
4.1 HiMAC Overview
Key Idea:Mobility-Conditioned Spatial Collaboration.Nearby
regions often share feature geometry e.g. road structures, POI den-
sity, and travel modes, but differ in label distributions, e.g. traffic
volume and congestion patterns. This motivates a decoupled model
architecture. Each edge server 𝑖 maintains 𝜃𝑖 = [𝜃𝑠𝑖 ;𝜙𝑖 ], where the
backbone 𝜃𝑠𝑖 captures region-invariant representations and the clas-
sifier 𝜙𝑖 captures region-specific decision rules. For an input batch
𝑋 , prediction is given by 𝑓 (𝑋 ;𝜃𝑠𝑖 , 𝜙𝑖 ) = 𝜙𝑖 (𝜃𝑠𝑖 (𝑋 )).

We assume an edge-served handover protocol. After migration,
a client connects to its destination edge and uses that edge’s cur-
rent model pair [𝜃𝑠

𝑘
;𝜙𝑘 ], rather than carrying the full source-edge

model across regions. Under this design, backbones are shared ver-
tically through the cloud to maintain stable global representations,
while classifiers are exchanged laterally across edges to exploit
regional similarity without sacrificing local specialization. This sep-
aration also reduces handover overhead, since lateral exchanges
involve only classifier heads, which account for about 5-10% of the
full model in our evaluated architectures, together with compact
feature prototypes used for outgoing regularization. Decoupling
assigns the two mobility mismatches to different components: in-
coming collaboration changes the regional boundary through 𝜙𝑖 ,
whereas outgoing regularization changes feature geometry through
𝜃𝑠𝑖 ; a monolithic exchange would entangle both operations and risk
losing local specialization.
Principle: Mobility Matters. As discussed in Sec. 3, client mo-
bility induces a spatiotemporal distribution mismatch. Under the
decoupled architecture, this mismatch appears in two forms:
• Incoming distributional mismatch. Clients arriving at
edge 𝑖 reflect the distributions of their origin regions. The
destination classifier 𝜙𝑖 , calibrated to the current local popu-
lation, may be misaligned with the incoming one, leading to
cold-start degradation.
• Outgoing representational incompatibility. Clients leav-
ing edge 𝑖 will later be served by a destination classifier 𝜙𝑘 .

If the source backbone 𝜃𝑠𝑖 produces features that are poorly
matched to 𝜙𝑘 , prediction quality degrades after handover.

Static collaboration strategies [38, 42] cannot address these issues
because inter-edge similarity itself evolves with client movement.
HiMAC instead grounds collaboration in a transition matrix P ∈
R𝑚×𝑚 , where P (𝑡 )

𝑗→𝑖 denotes the probability that clients move from
edge 𝑗 to edge 𝑖 in round 𝑡 . This matrix provides a dynamic basis
for bidirectional adaptation.
Mobility-Aware RoundWorkflow.HiMAC restructures the reac-
tiveMobiHFL workflow in Sec. 3 by moving mobility prediction and
classifier preparation before local training, as illustrated in Fig. 3.
Each round consists of four stages:

(1) Mobility Prediction and Transition Matrix Construc-
tion (Sec. 4.2). Each client runs a personalized LSTM to
predict its next edge association, and the server aggregates
these predictions into the transition matrix P (𝑡 ) .

(2) Incoming-Aware Classifier Initialization (Sec. 4.3). Be-
fore local training, each edge 𝑖 initializes its classifier by
aggregating classifiers from top-𝐾 upstream neighbors se-
lected according to incoming transition probabilities P (𝑡 )

𝑗→𝑖 .
(3) Local Training with Outgoing Regularization (Sec. 4.4).

Each edge trains on its local client data while regularizing
backbone features toward downstream feature distributions,
weighted by outgoing probabilities P (𝑡 )

𝑖→𝑘 .
(4) Edge/Cloud Backbone Aggregation (Sec. 4.5). After lo-

cal training, edges upload updated backbones to the cloud,
which aggregates the next-round global backbone while leav-
ing classifiers local.

This bidirectional design reflects the causal role of mobility. In-
coming collaboration accounts for where clients come from, while
outgoing regularization anticipates where they will go.

4.2 Transition Matrix Generation
Principle. The transition matrix P (𝑡 ) ∈ R𝑚×𝑚 provides the mobil-
ity signal to guide HiMAC’s collaboration. Unlike static similarity
metrics, e.g. gradient cosine similarity or distribution overlap, P (𝑡 )
captures how client populations are expected to move between
edges. A large entry P (𝑡 )

𝑗→𝑖 indicates that many clients currently at
edge 𝑗 are likely to appear at edge 𝑖 in the next round, making edge
𝑗 a relevant source of knowledge for edge 𝑖 . This allows HiMAC to
prepare for distribution shifts before they occur.
Personalized Trajectory Prediction. Each client 𝑐 maintains a
personalized LSTM predictorM𝑐 trained on its own mobility his-
tory. Given a trajectory sequenceT𝑐 (𝑡) = {𝑝𝑐 (𝑡−(𝐿−1)Δ𝑡), . . . , 𝑝𝑐 (𝑡)}
of length 𝐿, the predictor estimates the next position as

𝑝𝑐 (𝑡 + Δ𝑡) =M𝑐 (T𝑐 (𝑡)) . (5)
We use personalized predictors because client mobility often follows
individual routines, such as commuting patterns and repeated visits,
which are difficult to capture with a single shared predictor. Raw
trajectories remain local; clients share only predicted destination-
region indices and use a self-transition until 𝐿 observations are
available.
Matrix Construction. The predicted positions are mapped to edge-
region indices by map(·) and aggregated into a frequency matrix
F ∈ N𝑚×𝑚0 . Each entry F𝑗𝑘 counts the number of clients predicted to
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Figure 3: HiMAC framework overview. It follows four stages: transition matrix construction, incoming-aware classifier
initialization, outgoing-regularized local training, and edge/cloud backbone aggregation.

Algorithm 1: Transition Matrix Construction
Input: Client trajectories {𝑝𝑐 (𝑡)}𝑛𝑐=1, LSTM models

{M𝑐 }𝑛𝑐=1, prediction horizon Δ𝑡
Output: Stochastic transition matrix P(𝑡) ∈ R𝑚×𝑚

1 Initialize frequency matrix F← 0𝑚×𝑚 ;
2 for each client 𝑐 do
3 Extract trajectory sequence T𝑐 ← {𝑝𝑐 (𝑡 − 𝑘Δ𝑡)}𝐿−1𝑘=0 ;
4 Predict future position 𝑝𝑐 (𝑡 + Δ𝑡) ← M𝑐 (T𝑐 );
5 𝑗 ← map(𝑝𝑐 (𝑡)) ; // Current region via grid

mapping

6 𝑘 ← map(𝑝𝑐 (𝑡 + Δ𝑡)) ; // Predicted region

7 if 0 ≤ 𝑗 < 𝑚 and 0 ≤ 𝑘 < 𝑚 then
8 F𝑗𝑘 ← F𝑗𝑘 + 1 ; // Count valid transition

9 for each region 𝑗 = 0, . . . ,𝑚 − 1 do
10 𝑆 𝑗 ←

∑𝑚−1
𝑙=0 F𝑗𝑙 ;

11 if 𝑆 𝑗 > 0 then
12 P𝑗 · (𝑡) ← F𝑗 ·/𝑆 𝑗 ; // Row-wise normalization

13 else
14 P𝑗 𝑗 (𝑡) ← 1 ; // Identity fallback for empty

rows

15 return P(𝑡) with P(𝑡)1 = 1 and P(𝑡) ≥ 0

move from edge 𝑗 to edge 𝑘 . We obtain a row-stochastic transition
matrix by normalizing each row:

P𝑗→𝑘 (𝑡) =
F𝑗𝑘∑𝑚−1
𝑙=0 F𝑗𝑙

, ∀ 𝑗, 𝑘 ∈ {0, . . . ,𝑚 − 1} (6)

If no outgoing transition is observed for edge 𝑗 , we set P (𝑡 )
𝑗→𝑗

= 1
and all other entries in row 𝑗 to zero. The matrix is refreshed once
per communication round with a prediction horizon Δ𝑡 aligned
with the communication round, keeping the collaboration graph
current while avoiding overly noisy updates.

4.3 Incoming-Aware Classifier Initialization
Principle. At the beginning of round 𝑡 , edge 𝑖 receives the latest
global backbone 𝜃 (𝑡 )

𝑔𝑙𝑜𝑏𝑎𝑙
and keeps its local classifier 𝜙 (𝑡 )

𝑖
. Before

local training, the classifier should be prepared for clients that are
likely to arrive. The incoming transition probability P (𝑡 )

𝑗→𝑖 provides
this signal. If many clients are predicted to move from edge 𝑗 to edge
𝑖 , then edge 𝑗 ’s classifier 𝜙 (𝑡 )

𝑗
provides a useful prior for adapting

𝜙
(𝑡 )
𝑖

to the expected incoming distribution.
Incoming Collaboration. Edge 𝑖 first selects the top-𝐾 upstream
neighbors with the largest incoming probabilities:

N (𝑖 )
𝑖𝑛

= argtop-K𝑗
{
P (𝑡 )
𝑗→𝑖

}
(7)

Mobility determines which sources are relevant, while model simi-
larity controls howmuch each source should influence the classifier.
Specifically, edge 𝑖 initializes a temporary classifier by

𝜙
(𝑡 )
𝑖
←

∑︁
𝑗∈N (𝑖 )

𝑖𝑛
∪{𝑖 }

𝛾 𝑗 𝑒
Sim(𝜙 (𝑡 )

𝑖
, 𝜙
(𝑡 )
𝑗
) (1 + P (𝑡 )

𝑗→𝑖 )∑︁
𝑘∈N (𝑖 )

𝑖𝑛
∪{𝑖 }

𝛾𝑘 𝑒
Sim(𝜙 (𝑡 )

𝑖
, 𝜙
(𝑡 )
𝑘
) (1 + P (𝑡 )

𝑘→𝑖 )
𝜙
(𝑡 )
𝑗

(8)

where 𝜙 (𝑡 )
𝑖

is the temporary classifier at edge 𝑖 before local training,
and Sim(·, ·) is cosine similarity. The scaling factor 𝛾 𝑗 is set to
𝛾𝑖 = 𝛾 > 1 for the self-node and 𝛾 𝑗 = 1 for all neighbors. Thus,
the initialization favors edges with high incoming mobility and
compatible classifiers, while the amplified self-weight preserves
edge 𝑖’s local specialization and reduces negative transfer.

4.4 Outgoing-Regularized Local Training
Principle. After incoming-aware initialization, edge 𝑖 trains on its
current client data. At the same time, it should prepare clients that
are likely to migrate to downstream edges. Under the edge-served
handover protocol, amigrating client does not carry the source-edge
model. After migration, it uses the destination edge’s classifier on
top of the globally coordinated backbone. Hence, the key challenge
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is representational compatibility. The backbone updated at edge 𝑖
should produce features that remain compatible with the classifiers
of likely destination edges. To this end, HiMAC regularizes local
backbone training using feature prototypes from downstream edges,
weighted by outgoing transition probabilities P (𝑡 )

𝑖→𝑘 .
Outgoing-Regularized Objective. Let 𝜃𝑠𝑖 (𝑋 ) be the feature dis-
tribution produced by edge 𝑖’s backbone. Each edge 𝑘 maintains a
compact prototype buffer G (𝑡 )

𝑘
, which summarizes representative

feature embeddings from its local clients. Each round, the edge re-
freshes this bounded buffer from its latest local features and shares
at most 𝐵𝑑ℎ scalars with selected downstream neighbors, where
𝐵 is the fixed capacity and 𝑑ℎ is the feature dimension. For edge 𝑖 ,
we define the downstream neighbor set as N (𝑖 )𝑜𝑢𝑡 = {𝑘 : P (𝑡 )

𝑖→𝑘 > 0}.
Then we construct the outgoing target distribution by a mobility-
weighted mixture of downstream prototypes:

G (𝑖 ),(𝑡 )𝑜𝑢𝑡 =
∑︁

𝑘∈N (𝑖 )𝑜𝑢𝑡

P (𝑡 )
𝑖→𝑘 G

(𝑡 )
𝑘

(9)

Edge 𝑖 then minimizes

min
𝜃𝑠
𝑖
, 𝜙𝑖

L𝐶𝐸
(
𝐷̃𝑡𝑖 ; 𝜃𝑠𝑖 , 𝜙𝑖

)
︸              ︷︷              ︸

local task loss

+ 𝜆 MMD2
(
𝜃𝑠𝑖 (𝑋 ), G

(𝑖 ),(𝑡 )
𝑜𝑢𝑡

)
︸                            ︷︷                            ︸
outgoing feature regularization

(10)

where LCE is the local task loss, 𝜆 controls the strength of outgo-
ing regularization, and MMD2 (·, ·) is the squared Maximum Mean
Discrepancy [12] under an RBF kernel. The regularization term
aligns source-side features with the feature distributions expected
by likely destination edges, with larger transition probabilities im-
posing stronger alignment.

4.5 Edge/Cloud Backbone Aggregation
Principle. After outgoing-regularized local training, each edge
uploads only its updated backbone to the cloud. Classifiers remain
local to preserve region-specific decision boundaries. The cloud
aggregates active edge backbones by sample-weighted averaging:

𝜃
(𝑡+1)
𝑔𝑙𝑜𝑏𝑎𝑙

=

𝑚∑︁
𝑖=1

𝑛𝑖

𝑛𝑡𝑜𝑡𝑎𝑙
𝜃
𝑠,(𝑡+1)
𝑖

(11)

where 𝑛𝑖 = |𝐷̃𝑡𝑖 | is the local sample count at edge 𝑖 . The resulting
backbone 𝜃 (𝑡+1)

𝑔𝑙𝑜𝑏𝑎𝑙
initializes all edge backbones in the next round.

This maintains a shared representation space across the federation,
while leaving region-specific adaptation to local classifiers.

4.6 Discussions
Why Bidirectional Collaboration. Algorithm 2 summarizes the
procedure of HiMAC. Incoming-aware initialization and outgoing-
regularized training address complementary sides ofmobility-induced
mismatch. Using only incoming collaboration would prepare an
edge for arriving clients but ignore the clients that are about to
leave. Using only outgoing regularization would improve handover
compatibility but fail to adapt the classifier to the next incoming
population. By coupling both directions, HiMAC forms a mobility-
conditioned consistency cycle, where each edge absorbs knowledge
from likely source regions and aligns its representations with likely
destination regions.

Algorithm 2:Mobility-Aware Hierarchical FL (round 𝑡 )
Input: Client trajectories, LSTM predictors, global

backbone 𝜃 (𝑡 )
𝑔𝑙𝑜𝑏𝑎𝑙

, neighbor budget 𝐾 , self-factor 𝛾 ,
reg weight 𝜆

Output: Next-round global backbone 𝜃 (𝑡+1)
𝑔𝑙𝑜𝑏𝑎𝑙

; local
classifiers {𝜙 (𝑡+1)

𝑖
}

; /* Mobility prediction */

1 Construct P (𝑡 ) using Algorithm 1;
; /* Server broadcast */

2 Broadcast 𝜃 (𝑡 )
𝑔𝑙𝑜𝑏𝑎𝑙

and P (𝑡 ) to sampled edges;
3 for each sampled edge 𝑖 do

// Incoming classifier initialization

4 Set 𝜃𝑠𝑖 ← 𝜃
(𝑡 )
𝑔𝑙𝑜𝑏𝑎𝑙

; set 𝜙𝑖 ← 𝜙
(𝑡 )
𝑖

;
5 Select N (𝑖 )

𝑖𝑛
← top-𝐾 (P (𝑡 )

𝑗→𝑖 );
6 𝜙𝑖 ←∑

𝑗∈N (𝑖 )
𝑖𝑛
∪{𝑖 }

𝛾 𝑗 𝑒
Sim(𝜙 (𝑡 )

𝑖
,𝜙
(𝑡 )
𝑗
) (1+P (𝑡 )

𝑗→𝑖
)∑

𝑘∈N(𝑖 )
𝑖𝑛
∪{𝑖}

𝛾𝑘 𝑒
Sim(𝜙 (𝑡 )

𝑖
,𝜙
(𝑡 )
𝑘
) (1+P (𝑡 )

𝑘→𝑖
)
𝜙
(𝑡 )
𝑗

;

// Local training with outgoing

regularization

7 for 𝑒 = 1 to 𝐸 do
8 Sample minibatch (𝑋,𝑦) on clients of edge 𝑖;
9 L𝑡𝑎𝑠𝑘 ← L𝐶𝐸 (𝑓 (𝑋 ;𝜃𝑠𝑖 , 𝜙𝑖 ), 𝑦);

10 G (𝑖 ),(𝑡 )𝑜𝑢𝑡 ← ∑
𝑘 P

(𝑡 )
𝑖→𝑘 G

(𝑡 )
𝑘

; // aggregate

downstream features

11 L𝑜𝑢𝑡 ← 𝜆MMD2
(
𝜃𝑠𝑖 (𝑋 ), G

(𝑖 ),(𝑡 )
𝑜𝑢𝑡

)
; // feature

alignment

12 Update (𝜃𝑠𝑖 , 𝜙𝑖 ) by SGD on L𝑡𝑎𝑠𝑘 + L𝑜𝑢𝑡 ;

13 Set 𝜃𝑠,(𝑡+1)
𝑖

← 𝜃𝑠𝑖 ; set 𝜙
(𝑡+1)
𝑖

← 𝜙𝑖 ;
14 Upload 𝜃𝑠,(𝑡+1)

𝑖
to server; keep 𝜙 (𝑡+1)

𝑖
local;

; /* Cloud coordination */

15 𝜃
(𝑡+1)
𝑔𝑙𝑜𝑏𝑎𝑙

← ∑𝑚
𝑖=1

𝑛𝑖
𝑛𝑡𝑜𝑡𝑎𝑙

𝜃
𝑠,(𝑡+1)
𝑖

;

This design also avoids indiscriminate full-mesh collaboration.
Naively averaging classifiers across all edges would homogenize
region-specific decision boundaries and weaken personalization.
In contrast, HiMAC builds a sparse collaboration graph from tran-
sition probabilities and model similarity. Incoming initialization
implicitly aligns an edge classifier with likely upstream classifiers,
while outgoing regularization explicitly constrains backbone fea-
tures toward likely downstream feature distributions. Together,
they encode a lightweight bidirectional handover protocol within
model initialization and local training, without requiring full-model
synchronization across edges.
Communication Cost. HiMAC confines lateral inter-edge ex-
change to classifier heads and compact feature prototypes. Since
classifier heads account for only about 5-10% of the full model in our
evaluated architectures, each neighbor exchange is substantially
smaller than full-model transfer. The overall communication cost
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still depends on the model architecture, edge topology, and neigh-
bor budget 𝐾 , because cloud-edge backbone aggregation remains
unchanged and each edge exchanges information with its selected
neighbors. The top-𝐾 transition graph further bounds lateral over-
head by keeping collaboration sparse. With 𝐾 neighbors, lateral
payload is bounded by 𝐾 (𝑑𝜙 + 𝐵𝑑ℎ) scalars per refresh; destination
indices add scalar metadata for constructing the𝑚 ×𝑚 transition
matrix.
Computational Cost. Incoming-aware initialization requires com-
puting similarities between an edge classifier and its top-𝐾 candi-
date upstream classifiers, with cost O(𝐾𝑑𝜙 ), where 𝑑𝜙 is the classi-
fier parameter dimension. Outgoing regularization adds the cost
of computing the MMD penalty between mini-batch features and
downstream feature prototypes. If𝑑ℎ is the feature dimension and𝐾
downstream prototype buffers are used, this adds an extra O(𝐾𝑑ℎ)
alignment cost per update, up to kernel-evaluation constants. Since
𝐾 is small and both classifier heads and prototype buffers are light-
weight, the added overhead is modest compared with local training.
Measured wall-clock time and client-side energy remain outside
the current evaluation.

5 Experiments
5.1 Experimental Setup
Environment. All experiments are implemented in PyTorch and
run on a server with dual Intel Xeon Gold CPUs and NVIDIA V100
GPUs with 40GB memory.
Datasets and Models. We evaluate HiMAC on image classifica-
tion and object detection tasks. For image classification, we use
MNIST [18], EMNIST [7], CIFAR-10, and CIFAR-100 [17]. To sim-
ulate spatial heterogeneity, we partition each dataset into region-
level subsets using Dirichlet non-IID sampling [15], with 𝛼 = 1.0
for moderate non-IID and 𝛼 = 0.1 for strong non-IID. For object
detection, we use BDD100K [43] with YOLOv5s [16], and partition
samples by geographic region using the location metadata.

After partitioning, each client draws data only from its current
region. We use a three-layer CNN for MNIST, EMNIST, and CIFAR-
10, ResNet-18 [13] for CIFAR-100, and YOLOv5s for BDD100K.
Mobility Simulation. We simulate client mobility using Cabspot-
ting [31], which contains 536 real-world taxi trajectories in San
Francisco. The city is divided into a 4× 4 grid over a 40 km× 40 km
area, where each grid cell corresponds to one edge region. Each
client trains a personalized LSTM [14] with 128 hidden units on its
trajectory history to predict its position one hour ahead.
Baselines. We compare HiMAC with four mobility-aware HFL
methods: Mob-HierFAVG [5], MACH [44], FedMG [47], and MID-
DLE [45]. We also adapt representative collaboration-based person-
alized FL methods to the hierarchical setting, including IFCA [11],
ICFL [39], pFedGraph [42], FedSaC [38], and FedSoft [33]. For hi-
erarchical adaptation, each baseline applies its original clustering,
graph, or personalized aggregation rule over edge-level models
before cloud coordination. All methods share the task model, data,
trajectories, rounds, local epochs, batch size, and learning rate un-
less the original algorithm requires otherwise; Co-PFL baselines
receive no future mobility. Because MobiHFL baselines do not all de-
couple personalization, we use Co-PFL comparisons and ablations

to help distinguish personalization from transition-conditioned
collaboration.
Configuration and Metrics. Unless otherwise specified, we use
𝑚 = 16 edge servers, 𝑛 = 100 mobile clients, 𝑇 = 300 communi-
cation rounds, 𝐸 = 5 local epochs per round, batch size 32, and
learning rate 0.01. For HiMAC, we set the outgoing regularization
weight to 𝜆 = 0.05, the neighbor budget to 𝐾 = 5, and the self-
weight factor to 𝛾 = 3.

For image classification, we report edge-local test accuracy and
convergence over communication rounds. For object detection,
we report mAP@50. All classification entries are means over five
independent runs, with standard deviations reported in Table 1.

5.2 Main Results
5.2.1 Accuracy Improvements. Table 1 reports classification accu-
racy under moderate and strong spatial non-IID settings. HiMAC
achieves the best or near-best performance across MNIST, EMNIST,
CIFAR-10, and CIFAR-100. The gains are most notable on more
challenging datasets. For example, on CIFAR-10 Dir(0.1), HiMAC
reaches 82.82% accuracy, outperforming the strongest baseline by
12.18 percentage points. On CIFAR-100, HiMAC also improves over
the best baseline by up to 1.89 points. These results show that
mobility-aware personalization is especially beneficial when re-
gional distributions are highly skewed and visually complex.
• Comparison with MobiHFL Baselines. Mobility-aware HFL
baselines (e.g. FedMG and MACH) improve training stability
under mobile participation by optimizing sampling, sched-
uling, or aggregation. However, they still mainly pursue a
shared regional or global model, which limits their ability to
fit region-specific distributions. For example, the strongest
MobiHFL baseline on CIFAR-10 Dir(0.1), FedMG, achieves
70.64%, while HiMAC reaches 82.82%. The improvement
comes from maintaining edge-specific classifiers for local
specialization and using predicted mobility only to guide
selective collaboration.
• Comparison with Co-PFL Baselines. Collaboration-based PFL
baselines (e.g. FedSoft and pFedGraph) handle statistical het-
erogeneity through personalized models, clusters, or col-
laboration graphs. Their limitation is that these structures
are built from current or historical similarity and become
stale when clients frequently migrate across edges. For in-
stance, pFedGraph falls behind HiMAC by 12.30 percentage
points on CIFAR-10 Dir(0.1). HiMAC avoids this mismatch
by rebuilding the collaboration topology every round from
predicted client transitions, allowing edge models to adapt
before the next client population arrives.

5.2.2 Convergence Curves. Fig. 4 shows the test accuracy over
communication rounds. Across most settings, HiMAC converges
faster in the early rounds and reaches a higher final accuracy. The
advantage is especially clear on CIFAR-10 and CIFAR-100, where
stronger visual complexity and non-IID partitions create greater
regional specialization.

The faster convergence is enabled by the two proactive mecha-
nisms. Incoming-aware initialization gives each edge a better clas-
sifier before training with newly arriving clients, while outgoing



CIKM ’26, November 7–11, 2026, Rome, Italy. Pan et al.

Table 1: Test accuracy (%) across datasets and non-IID settings. Means and standard deviations reported over 5 runs.

Type Methods MNIST (%) EMNIST (%) CIFAR-10 (%) CIFAR-100 (%)

𝐷𝑖𝑟 (0.1) 𝐷𝑖𝑟 (1.0) 𝐷𝑖𝑟 (0.1) 𝐷𝑖𝑟 (1.0) 𝐷𝑖𝑟 (0.1) 𝐷𝑖𝑟 (1.0) 𝐷𝑖𝑟 (0.1) 𝐷𝑖𝑟 (1.0)

MobiHFL

Mob-HierFAVG [5] 95.74±0.00 96.63±0.03 89.92±0.14 87.67±0.01 69.46±1.50 56.52±0.69 33.49±0.83 24.08±0.19
MACH [44] 97.57±0.05 97.64±0.08 92.14±0.02 86.18±2.92 70.35±0.42 57.37±0.27 33.92±0.31 25.16±0.27
FedMG [47] 95.34±0.11 95.56±0.22 87.63±0.06 86.42±0.08 70.64±1.63 55.89±0.52 30.46±0.49 23.24±0.00
MIDDLE [45] 95.35±0.03 96.33±0.05 88.93±0.05 87.39±0.05 68.03±0.20 56.60±0.23 7.21±0.60 5.37±0.69

Co-PFL

IFCA [11] 91.08±2.98 95.5±0.34 21.29±6.03 6.25±0.17 37.40±0.74 25.55±0.32 6.22±0.28 4.02±0.02
ICFL [39] 96.69±0.25 93.58±3.26 91.35±0.52 88.73±0.15 70.37±0.49 58.95±0.85 23.07±11.24 25.69±0.32
pFedGraph [42] 95.69±0.06 96.67±0.04 89.95±0.23 87.89±0.00 70.52±0.35 56.73±0.18 32.62±0.44 23.99±0.24
FedSaC [38] 88.59±0.27 89.45±0.54 80.39±1.79 78.55±0.34 57.98±1.31 51.83±0.83 29.34±0.35 16.95±0.41
FedSoft [33] 96.74±0.02 93.79±3.20 90.93±0.13 88.27±0.15 69.55±1.21 57.90±0.58 37.28±0.01 19.17±0.12

Ours HiMAC 98.03±0.15 97.70±0.02 92.85±0.82 89.52±0.13 82.82±0.16 67.49±0.63 38.80±0.23 27.58±0.03
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Figure 4: Convergence curves across different datasets and non-IID settings. HiMAC generally converges faster and reaches
higher final accuracy than the baselines.

regularization reduces feature mismatch for clients that later mi-
grate to other edges. Together, they reduce the need for reactive
correction after mobility-induced distribution shifts occur.

5.3 Micro-Benchmarks
5.3.1 Component-Wise Ablation. We first remove key components
from HiMAC to quantify their contributions. Table 2 reports classi-
fication accuracy under the strong non-IID setting. “w/o Collabo-
ration” disables incoming initialization, “w/o Regularization” sets
𝜆 = 0, and “w/o Mobility Prediction” replaces predicted transitions
with a static, uniformly weighted spatial-neighbor graph while
retaining the other operations.

The full model performs best across all datasets. Removing mobil-
ity prediction causes the largest degradation, especially on EMNIST
and CIFAR-100, where accuracy drops by 7.87 and 6.37 points. Re-
moving incoming collaboration or outgoing regularization also
hurts performance, with clearer losses on EMNIST and CIFAR-10.

Table 2: Ablation study across datasets under strong non-IID
settings. Accuracy (%) reported.

Dataset MNIST EMNIST CIFAR-10 CIFAR-100

HiMAC (Full) 98.33 91.97 82.98 28.66

w/o Collaboration 97.46 88.72 81.04 27.89
w/o Regularization 97.60 87.78 81.28 28.18
w/o Mobility Prediction 97.27 84.10 78.88 22.29

These results confirm that the three components play comple-
mentary roles. Mobility prediction provides the routing signal for
targeted collaboration. Incoming classifier collaboration prepares
each edge for expected arriving clients. Outgoing regularization
improves representation compatibility with likely destination edges.
Removing any component weakens the ability to handle spatiotem-
poral distribution mismatch.
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Figure 5: Estimated communication payload and accuracy on
CIFAR-10 Dir(1.0). Payloads are counted usingmethod-aware
transmission patterns: full-model HFL for Mob-HierFAVG,
sampling/scheduling-adjusted full-model traffic for FedMG
and MACH, amortized edge-cloud synchronization for MID-
DLE, and decoupled backbone/classifier communication for
HiMAC. Both axes start from zero.

5.3.2 Communication Overhead. We further estimate the com-
munication payload on CIFAR-10 Dir(1.0) to check whether the
mobility-aware gains require heavy network traffic. The account-
ing covers 300 rounds and transmitted model parameters; scalar
scheduling metadata and destination indices are excluded from the
plot. We use method-aware accounting rather than assigning the
same payload to all baselines. Mob-HierFAVG follows standard full-
model HFL. FedMG and MACH still transmit full models, but their
mobility/resource-aware scheduling and device sampling reduce
the effective number of client-edge transfers. MIDDLE amortizes
edge-cloud synchronization by its cloud interval, while its device-
edge traffic remains full-model. For HiMAC, we count backbone
synchronization and classifier-head exchange; thus, the figure re-
ports model-parameter payload rather than complete traffic, with
prototypes adding at most 𝐾𝐵𝑑ℎ scalars per edge refresh.

Fig. 5 shows that HiMAC uses 14.47 GiB. The baselines use 17.89
GiB (Mob-HierFAVG), 16.51 GiB (MACH), 15.96 GiB (MIDDLE), and
15.83 GiB (FedMG). The reduction over standard full-model HFL
is 19.1%. This gap is intentionally moderate because the backbone
still needs to be synchronized. The saving mainly comes from using
compact classifier heads for mobility-driven inter-edge collabora-
tion. At the same time, HiMAC reaches 68.12% accuracy, compared
with 60.11% for MACH, 56.42% for MIDDLE, 56.14% for FedMG,
and 55.89% for Mob-HierFAVG.

5.3.3 Impact of Mobility Intensity. We next evaluate robustness as
client migration becomes more frequent. Table 3 reports CIFAR-10
Dir(0.1) accuracy under different mobility intensities, measured by
transitions per client per 100 rounds.

All methods degrade as mobility becomes stronger, but HiMAC
remains consistently ahead. Under high mobility, HiMAC reaches
74.88%, outperforming the strongest baseline by 8.25 points. Under
very high mobility, it still maintains 72.47%, while the best baseline
drops to 62.88%. Higher mobility causes more frequent client-edge
reassignment, making static or reactive aggregation less reliable.

Table 3: Impact of mobility intensity on CIFAR-10 Dir(0.1).
Migration frequency measured as transitions per client per
100 rounds.

Method Low (5) Medium (15) High (30) Very High (50)

Mob-HierFAVG [5] 65.41 63.87 63.93 62.35
FedMG [47] 63.08 60.41 62.09 60.18
MIDDLE [45] 65.29 64.57 63.67 62.88
MACH [44] 70.29 68.08 66.63 58.40
HiMAC 80.28 77.61 74.88 72.47
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Figure 6: Hyperparameter sensitivity analysis on CIFAR-10
Dir(0.1) and CIFAR-100 Dir(1.0). Each panel label indicates
the varied hyperparameter, the x-axis lists its candidate val-
ues, and the y-axis reports test accuracy (%). Moderate values
perform best: 𝛾 = 3 and 𝜆 around 0.05–0.1, while accuracy
becomes similar once 𝐾 reaches 5.

HiMAC anticipates these changes through the transition matrix, so
classifiers and representations are adjusted before the next client
population arrives.

5.3.4 Hyperparameter Sensitivity. We study the sensitivity of Hi-
MAC to the self-weight factor 𝛾 , outgoing regularization weight 𝜆,
and neighbor budget 𝐾 . Fig. 6 reports results on CIFAR-10 Dir(0.1)
and CIFAR-100 Dir(1.0).

Moderate collaboration is preferable in both settings. Accuracy
peaks at 𝛾 = 3, improves as 𝜆 increases from zero to a moder-
ate range, and remains stable once 𝐾 reaches 5. This reflects the
trade-off between local specialization and knowledge transfer. Insuf-
ficient collaboration leaves edges unprepared for incoming clients,
while excessive collaboration may introduce negative transfer from
weakly related regions. A moderate self-weight and sparse top-𝐾
neighborhood preserve local identity while still exploiting mobility-
guided correlations.

5.3.5 Effectiveness of Mobility Prediction. We evaluate whether the
LSTM predictor provides a reliable transition matrix by comparing
the actual and predicted transition matrices at 𝑡 = 300.

The predicted matrix captures the main mobility structure. Both
matrices show diagonal dominance, indicating that many clients
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Table 4: Accuracy comparison of actual vs. predicted transi-
tion matrices under Dir(0.1). Accuracy (%) reported.

Transition matrix MNIST EMNIST CIFAR-10 CIFAR-100

Actual (oracle) 98.19 93.06 83.21 39.15
Predicted (LSTM) 98.03 92.85 82.82 38.80

Gap 0.16 0.21 0.39 0.35

Trajectories Edge grid

Map: OpenStreetMap

(a) Cabspotting trajectories.

car
truck

person
light

sign

Map: OpenStreetMap

(b) BDD100K object observations.

Figure 7: Visualization for object detection case study. The
left subfigure shows sampled Cabspotting trajectories over
the 4 × 4 edge grid. The right subfigure shows spatially dis-
tributed observations for representative BDD100K categories.
Both use OpenStreetMap as the geographic background.

remain in their current regions, and spatial locality, where off-
diagonal transitions concentrate around nearby regions. The element-
wise difference between predicted and actual matrices is below 0.05
for 92% of entries. Table 4 further shows that using predicted tran-
sitions is within 0.39 accuracy points of the oracle setting.

This result suggests that HiMAC does not require perfect individ-
ual trajectory prediction. It only needs reliable edge-level estimates
of client flows. Self-transitions preserve local knowledge, while
off-diagonal probabilities identify which neighboring edges should
exchange information.

5.4 Case Study on Real-World Object Detection
Experiment Setup. We further evaluate HiMAC on BDD100K
object detection [43]. BDD100K contains driving scenes with lo-
cation metadata, which we use to construct region-specific object
observations in San Francisco. Client mobility is modeled using
Cabspotting taxi trajectories [31]. Together, these datasets simulate
a realistic mobile edge setting where clients move across regions
with different visual distributions. Fig. 7 visualizes the mobility
traces and spatially distributed object observations.
Results. Table 5 reports the best mAP@50 within 20 communi-
cation rounds under different mobility intensities. HiMAC consis-
tently outperforms all MobiHFL baselines. In the static setting, it
improves over the strongest baseline, MACH, by 2.21 mAP@50
points. As mobility increases, the gap widens. Under high mobility,
HiMAC reaches 24.32%, while MACH drops to 17.82%, giving a
6.50-point improvement in mAP@50.

Table 5: Object detection performance (mAP@50 %) on YOLO-
BDD100K under varying mobility intensities. Migration fre-
quency is measured as transitions per client per 100 rounds.

Method Static (0) Low (5) Medium (15) High (30)
Mob-HierFAVG [5] 25.42 21.44 18.25 14.12
FedMG [47] 25.85 22.30 19.55 15.68
MIDDLE [45] 26.12 22.84 20.12 16.54
MACH [44] 26.55 23.78 20.48 17.82
HiMAC 28.76 27.18 25.86 24.32

Object detection magnifies spatiotemporal mismatch because
clients observe region-specific road layouts, backgrounds, and ob-
ject co-occurrences. When clients move, they may train or evaluate
under edge models shaped by different visual distributions. Hi-
MAC transfers well to this setting because its decoupled backbone-
classifier design and transition-driven collaboration are not tied to
classification. They align shared representations and region-specific
prediction heads before mobility-induced shifts become severe.

5.5 Limitations
Although raw trajectories remain local, destination indices and
prototypes may leak mobility or representation information. Fed-
erated trajectory matching protects distributed locations via geo-
indistinguishability and secure computation [37]; extending such
guarantees to iterative transition and prototype sharing through
secure aggregation, perturbation, or private exchange remains open.
Our benchmarks decouple Dirichlet vision data from taxi mobility
and report best rather than per-class or post-handover performance;
robustness to corrupted transitions and wall-clock and client-side
energy costs also remains future work.

6 Conclusion
We presented HiMAC, which uses predicted mobility to drive bidi-
rectional collaboration among personalized edge models. It im-
proves image-classification accuracy by up to 12.18 percentage
points and high-mobility object-detection mAP@50 by 6.50 points.
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