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Abstract

Federated Learning (FL) trains deep mod-
els across edge devices without centralizing
raw data. However, client heterogeneity slows
down convergence and limits global model ac-
curacy. Clustered FL (CFL) mitigates this
by grouping clients with similar representa-
tions and training a separate model for each
cluster. In practice, client data evolves over
time – a phenomenon we refer to as data
drift – which breaks cluster homogeneity and
degrades performance. Data drift can take
different forms depending on whether changes
occur in the output values, the input features,
or the relationship between them. We propose
Fielding, a CFL framework for handling di-
verse types of data drift with low overhead.
Fielding detects drift at individual clients
and performs selective re-clustering to balance
cluster quality and model performance, while
remaining robust to varying levels of hetero-
geneity. Experiments show that Fielding im-
proves final model accuracy by 2.4–6.9% and
achieves target accuracy 1.38x–3.10x faster
than existing state-of-the-art CFL methods.

1 INTRODUCTION

Federated Learning (FL) is a distributed machine learn-
ing paradigm that enables multiple clients to collabo-
ratively train a shared model while keeping raw data
local (Bonawitz et al., 2019; McMahan et al., 2017).
This makes it particularly appealing in applications
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such as mobile text prediction (Yang et al., 2018), en-
ergy consumption forecast (Abdulla et al., 2024), and
medical imaging (Zhou et al., 2023).

In practice, FL involves clients with diverse hardware,
usage patterns, and data sources, leading to variation
in both dataset sizes and distributions: known as data
heterogeneity (Li et al., 2022a; Kim et al., 2024). This
heterogeneity slows model convergence and degrades
model performance (Li et al., 2020a; Zhao et al., 2018;
Sattler et al., 2020). Clustered FL (CFL) addresses this
by grouping clients with similar data characteristics
and training a separate model per cluster (Ghosh et al.,
2020; Duan et al., 2021; Liu et al., 2023; Jothimurugesan
et al., 2023), improving learning efficiency and accuracy
by reducing intra-cluster heterogeneity.

However, real-world deployments face data drifts, i.e.
change in data distribution over time. Representative
application scenarios include the following.

• Cellular service providers train troubleshooting
models based on network conditions (Shi et al.,
2022). Data heterogeneity arises from regional dif-
ferences in aggregated demand, geography, carrier
types, etc. Data drift arises from large events that
alter traffic distribution, equipment updates, and
site addition or removal.

• Autonomous driving uses FL for semantic segmen-
tation (Fantauzzo et al., 2022). Vehicles collect
heterogeneous data due to differences in popula-
tion density, weather, lighting, etc., while data
drift occurs as they move between urban and rural
areas and encounter changing conditions.

• FL is used for device personalization, such as key-
board suggestions (Yang et al., 2018). Hetero-
geneity stems from differences in language use,
vocabulary, and interests, while data drift occurs
as users adopt new slang, trends, or interests.

Data drift typically falls into three categories (Huyen,
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2022): (1) label shift, where the output categories fre-
quencies change but the characteristics associated with
each category remain stable (Lipton et al., 2018; Garg
et al., 2020); (2) covariate shift, where the distribution
of the input features changes but the feature-label re-
lationship remains constant (Ganguly and Aggarwal,
2023; Mallick et al., 2022); (3) concept drift, where the
underlying input-output relationship changes, render-
ing a model trained on past data inaccurate on new
data (Casado et al., 2022; Jothimurugesan et al., 2023).

As data drift accumulates, intra-cluster heterogeneity
increases, and clusters can become as diverse as the full
client set (Jothimurugesan et al., 2023; Moreno-Torres
et al., 2012). E�ective drift handling must address two
key challenges: adapting to varying drift magni-
tudes while maintaining practical e�ciency, and sup-
porting diverse drift types. Our work addresses
these challenges.

The �rst challenge arises when drifts have varying
magnitudes. When many clients experience drift, re-
clustering based on outdated cluster characteristics
becomes invalid, often requiring global re-clustering.
FlexCFL (Duan et al., 2021) and IFCA (Ghosh et al.,
2020) attempt to adapt incrementally by moving clients
one at a time while keeping the number of clusters �xed.
They, however, struggle under large-scale shifts as they
reassign drifted clients using clusters' current average
gradient or weight, which shift signi�cantly after mas-
sive reassignments. Global re-clustering reinitializes
all clusters to re�ect current data, but incurs signif-
icant communication and computation costs: clients
might download multiple model replicas and upload
new gradients; moreover, the newly formed clusters
typically su�er an accuracy dip. Hence, while global
re-clustering works for all drift magnitudes, incremen-
tal reassignment is more desirable under small drifts
for practical reasons. FedDrift (Jothimurugesan et al.,
2023) adopts global re-clustering and pays an ampli�ed
cost by having each client train on all cluster models.
Auxo (Liu et al ., 2023) and FedAC (Zhang et al., 2024)
reduce overhead by only reassigning and adjusting clus-
ter counts with clients selected for training, but ignore
drifted clients that are not selected, reducing overall
e�ectiveness (see Section 2.1).

The second challenge is to detect and adapt to var-
ious drifts (label shift, covariate shift, and concept
drift as mentioned above). FL frameworks rely on
client representations�client-side information used for
clustering�to capture drifts. However, there is no
single representation that is lightweight and works uni-
formly well for all drift types. We demonstrate repre-
sentations' trade-o�s and our framework's capability
of handling diverse drifts in Section 2.1.

Our Contributions In this work, we present Field-
ing, a CFL framework that handles multiple types of
data drift with low overhead. Fielding addresses the
above challenges by making two key design choices: it
combines per-client adjustment with selective global
re-clustering, adapting to varying drift magnitudes
without incurring the full cost of global re-clustering
at every step; and it re-clusters all drifted clients using
lightweight, drift-aware representations, keeping client-
side computation and communication costs low while
enabling e�cient information collection from all clients.
Our theoretical framework supports all representation
choices and provides per-round utility guarantees along
with convergence bounds, allowing Fielding to e�ec-
tively handle all three types of data drift.

To demonstrate the practicality of our approach, we
extended the FedScale engine (Lai et al., 2022) to sup-
port streaming data and built a Fielding prototype
on top. We evaluated our framework on four image
streaming traces with up to 5,078 clients under diverse
drift patterns. Fielding improves the �nal accuracy
by up to 6.9% and reaches target accuracy as much
as 3.10Ö faster than standard CFL approaches. More-
over, we show that Fielding �exibly accommodates
di�erent drift types via pluggable client representations
(e.g., label distribution vectors, input embeddings, and
gradients), integrates seamlessly with a range of client
selection and aggregation schemes, and remains robust
against varying degrees of heterogeneity.

Finally, we provably bound the loss across iterations
for Fielding. In comparison, guarantees for existing
results with both clustering and drift handling have
various drawbacks, such as no convergence guaran-
tees (Jothimurugesan et al., 2023) or guarantees for
over-simpli�ed settings (Duan et al., 2021). 1

2 FIELDING

Fielding is a CFL framework that handles multiple
types of data drift with low overhead. E�ective data
drift management requires identifying clients that need
reassignment, determining their appropriate clusters,
and collecting information to support drift detection
and client movement. We �rst outline the challenges,
then present the design decisions of Fielding, and
conclude with a system overview.

2.1 Motivation and Design Choices

We analyze the limitations of existing clustering strate-
gies under real-world drift to motivate the design of
Fielding. Our analysis uses the Functional Map of

1Fielding source code and datasets are available at
https://github.com/SophiaLi06/FIELDING.
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Figure 1: Client Heterogeneity of the Global Set and
Clusters Generated Through Label-based Clustering.

the World (FMoW) dataset (Christie et al ., 2018), con-
taining 302 clients (one per unique UTM zone) with
time-stamped satellite images labeled by land use (e.g.,
airport, crop �eld). Two training rounds correspond to
one day. More details on FMoW appear in Section 3.
To quantify intra-cluster heterogeneity, we use mean
client distance (Lai et al., 2021): for each client, we
compute the average pairwise L1 distance between its
data distribution and that of clients in the same cluster.
We then take the mean across clients.

Per-client adjustment fails under many drift. Per-client
adjustment methods, such as IFCA (Ghosh et al., 2020)
and FlexCFL (Duan et al ., 2021), maintain a �xed num-
ber of clusters and reassign drifted clients individually
based on gradients or model weights. As mentioned
in Section 1, such assignments become unstable and
lead to poor clustering when many clients drift simulta-
neously. Figure 1 (�Move Individuals�) highlights this
behavior. Between rounds 600�730, a signi�cant drift
event increases intra-cluster heterogeneity, and from
rounds 740�1340, per-client adjustment fails to restore
e�ective clustering. In fact, heterogeneity exceeds that
of the unclustered client set.

Global re-clustering is unstable during small drifts.
Global re-clustering resets all client assignments to
match current data and yields the lowest heterogene-
ity in our experiments (Figure 1, �Global Reclus-
ter�). However, due to the random initialization of
k-means (Arthur and Vassilvitskii, 2006; Ahmed et al.,
2020), resulting clusters can vary considerably across
rounds even under minor drifts. Combined with clus-
ter warm-up, this leads to test accuracy �uctuations.
Figure 2a shows the accuracy di�erence between our se-
lective re-clustering approach (described in Section 2.2)
and a baseline that re-clusters globally after every drift
event. The baseline exhibits unstable accuracy, some-

(a) Selective global
re-clustering vs. default
global re-clustering. Positive
numbers mean selective
re-clustering is better.

(b) Global re-clustering vs.
Selected re-clustering.
Positive numbers mean
re-clustering all drifted
clients is better.

Figure 2: Accuracy Di�erence Between Di�erent Re-
clustering Approaches.

Table 1: Drift-aware CFL Systems Comparison.

System
Which clients

are re-clustered Client representation

IFCA Drifted Loss
FlexCFL Drifted Model Updates

Auxo Selected Gradients
FedAC Selected Parameters

FedDrift Global Loss

Fielding
Drifted with

Selective Global User-de�ned

times matching ours but falling short by up to 5%.

Design choice: combine per-client adjustment
with selective global re-clustering. Per-client
adjustment breaks in highly dynamic settings with
widespread drift. Meanwhile, global re-clustering can
harm model accuracy by destabilizing cluster assign-
ments and slowing convergence, particularly during mi-
nor drifts. To balance these trade-o�s, Fielding com-
bines both strategies: starting with individual client
migration and triggering global re-clustering only when
needed (see Section 2.2 for details). As shown by the
red curve (�Move Ind. + Global Recluster�) in Figure 1,
this approach maintains low intra-cluster heterogeneity
throughout training (see Section 3).

Clustering only selected clients reduces accuracy. Meth-
ods such as Auxo (Liu et al., 2023) and FedAC (Zhang
et al., 2024) use training outputs�e.g., gradients or
model parameters�from selected clients to re-cluster
them without any additional cost. However, unselected
clients do not provide such information, making it un-
clear whether they have drifted or where they should
be reassigned to. As outlined in Section B.1, typical
FL settings sample only a subset of clients in each
round. When unselected clients drift but remain in
their previous clusters, they may receive models trained
on data with di�erent distributions, reducing accuracy.
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Figure 2b compares the mean test accuracy when re-
clustering only selected clients versus all drifted clients
in each round. Re-clustering all drifted clients yields a
1.5%�4% accuracy gain across most rounds�a mean-
ingful improvement given the �nal FMoW accuracy
of 52.4%. These results show that re-clustering only
selected clients produces imperfect clusters containing
misaligned clients.

Global re-clustering based on training outputs incurs
high overheads. Handling all drifted clients requires
input from every client, not just those selected for
training. Depending on the representation, this method
might incur signi�cant overhead. In FlexCFL (Duan
et al., 2021), clients train the global model locally and
report gradients to the coordinator. In our experiments
using ResNet-18 (He et al., 2016) on FMoW, clients
spent on average 116.7 seconds for model download
and gradient upload, and an additional 50.4 seconds
running forward and backward passes on local data.

Design choice: e�cient re-clustering of all
drifted clients across drift types. To handle drift
comprehensively and e�ciently, Fielding re-clusters
all drifted clients, regardless of training participation
and training outputs, using lightweight representations
collected with minimal overhead.

Under a static feature�label relationship P(y j x ), in-
put feature P(x) shifts often align with label distribu-
tion P(y) shifts, and hence label-distribution vectors
capture both label and covariate shifts. For concept
drift, prior work distinguishes synchronized drift, where
all clients share a new class conditional distribution
P(y j x ), and distributed drift, where clients can shift to
di�erent P(y j x ) (Panchal et al., 2023). Under synchro-
nized drifts, changes inP(y j x ) also alter P(y) when
P(x) is �xed, making it detectable through the shifts
of label distribution P(y). Given its versatility, we use
the label distribution vector as the primary client rep-
resentation in our evaluations. In rare scenarios when
concept drift doesn't lead to label drift, clients can
track training loss and request re-clustering when loss
increases across rounds. This approach is adopted by
FedDrift (Jothimurugesan et al ., 2023) and supported
by our theoretical result Theorem 4, which bounds the
loss function increase under proper client clustering.
Alternatively, and to capture distributed concept drift,
one can use a representation that captures concept
drift, and natural proxies are to track gradients or, as a
lightweight proxy for concept representation, the input
feature distribution per label.

Each representation has trade-o�s: label and embed-
ding vectors have low compute and storage overhead
but might struggle with distributed concept drift; while
gradient-based features demand extra computation, are

noise-sensitive, and evolve with model updates: Table 7
shows that gradient-based clustering improves as train-
ing progresses and the model stabilizes. Selecting or
combining these representations enables more reliable
detection in all types of drift (see Section E.2).

Data privacy Reporting representations strongly
correlated with local data characteristics � such as label
distributions and input embeddings � poses potential
privacy concerns and is preferable for domains in which
such information is not security sensitive, e.g., when
the model is not publicly available, the model usage
and outputs are limited and controlled, and the central
server is trusted. A trusted centralized server setting
is common, since more secure di�erentially private
solutions that protect user privacy even from the central
server performing the clustering (i.e., locally-private)
incur a signi�cant loss (Chang and Kamath, 2021).
For example, every locally-private algorithm for the
k-means has an additive error no less than the square
root of the number of data points (Stemmer, 2020).

Additionally, privacy concerns can be alleviated via
anonymization techniques; this is especially e�ective
in scenarios when the information held by di�erent
parties is disjoint and not inferable from public records
(e.g., medical images). Finally, since Fielding is ag-
nostic to client representations, developers can choose
di�erentially private ones. Both our framework and
the theoretical guarantees allow such representations.

2.2 System Overview

Fielding consists of two components: a centralized
coordinator that manages client representations, clus-
tering, and training orchestration, and a client module
that tracks local representations and reports drift. As
discussed in Section 2.1, neither per-client adjustment
nor global re-clustering alone performs well across all
drift scenarios. Fielding adopts a hybrid approach:
it performs per-client adjustment by default and trig-
gers global re-clustering only when needed based on
an adaptive intra-cluster heterogeneity threshold �.
When clients detect drift, they send updated represen-
tations to the coordinator, which reassigns each drifted
client to the nearest cluster without updating cluster
centers to ensure deterministic results regardless of
client processing order. After all adjustments, it re-
computes pairwise distances within each cluster; if any
exceed �, global re-clustering is triggered, otherwise
the assignments are �nalized. Figure 3 illustrates this
clustering process using label-distribution vectors as
representation. Clients submit their representations
upon registration and whenever drift is detected. The
coordinator updates client metadata and assigns each
client to the nearest cluster. It then checks pairwise dis-
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Figure 3: Clustering in Fielding with Label Distri-
bution as Representations. (Clients send distribution
vectors to the coordinator, which moves drifted clients
to the nearest cluster and triggers global re-clustering
if any cluster has clients separated by more than �.)

tances before selecting participants for the next round
to determine if global re-clustering is needed.

We design the heterogeneity threshold � to be adap-
tive via multiplicative increase/additive decrease with
the consideration of avoiding unnecessary global re-
clustering. We start with � = c (we set c = 0 :1, which
works well empirically). After each data drift event, we
check whether global re-clustering has been triggered
by two consecutive drift events. If so, we update �
to m � �; otherwise, we update � to max(c; � � c ).
This mechanism is inspired by congestion control algo-
rithms (Chiu and Jain, 1989), and recent ML systems
works have adopted similar ideas (Qiu et al., 2024). The
multiplicative increase of � under consecutive global
re-clustering makes Fielding react fast to overly ag-
gressive global re-clustering when the threshold is too
low, and linear decrease, on one hand, maintains the
correct � estimation for many iterations, and, on the
other hand, eventually adapts if the � needs to be
decreased. The � value we estimate remains within
a factor of m of true �. We present results of the
ablation study on m in Section E.1, and we choose
m = 2 for our experiments.

2.3 Algorithmic Framework

In this section, we describe our algorithm � presented
in Algorithm 1 � in detail. Initially, Fielding clus-
ters the clients using thek-means algorithm, with the
distance between clients measured based on their repre-
sentations. In particular, for label-based clustering, we
measure distance between data distributions, which is
computed as the`1-distance between their histograms:
that is, assuming we havel labels, the distance between
clients with label distribution p1; : : : ; pl and q1; : : : ; ql

is de�ned as
P l

i=1 jpi � q i j.

We assume that the algorithm runs for T global iter-
ations. Our goal is, by the end of each iteration, to
maintain a good model for each cluster, with respect
to its clients' data. At each iteration, the label distri-
bution of each client might change, e.g., by adding or
removing data points, and the �rst step of Fielding is

Algorithm 1 CFL with data drift

Partition clients into clusters using k-means clusters
based on client representations
Initialize cluster models c(1) ; : : : ; c(K)

for every iteration t = 0; : : : ; T � 1 do
Handle data drift using Algorithm 2
Let C1; : : : ; CK be the clusters
Let M be the number of machines sampled per
iteration
for every cluster k = 1; : : : ; K in parallel do

for R rounds do
Sample a set S of M=K clients from Ck

based on the selection strategy
for each client i 2 S in parallel do

Initialize x i = c (k)

for L local iterations do
x i  x i � �G (i)

t (x i )

c(k)  avg i2S x i

report cluster models and client-to-cluster map

to handle data drift (Algorithm 2). In this step, each
drifted client is assigned to the closest cluster. If this
causes a signi�cant change in intra-cluster heterogene-
ity � namely, if there exists two clients which belong to
the same cluster and have pairwise distance exceeding �
(see Section 2.2 for the discussion on how to adaptively
choose �) � we recluster all clients from scratch. This
condition avoids frequent reclustering, which might re-
quire excessive resources and can adversely change the
clients' losses. Importantly, we recluster all clients, not
just available clients, which, as shown in Section 2.1,
improves accuracy. We choose the number of clusters
that gives the highest silhouette score.

After global reclustering, we compute new cluster mod-
els: let xi be the old cluster model for client i ; then for
each new clusterCk , we de�ne its model as an average
of x i for i 2 C k � that is, we average the old models of
its clients. After the clusters are initializes, we train
the cluster models for R rounds. In each round, we
sample clients from the cluster and runL local itera-
tions of gradient descent. After local iterations, we set
the cluster model as the average of the models of all
participating clients.

2.4 Convergence

In Section A, we analyze the performance of a simpli-
�ed version of our framework by bounding the aver-
age of clients' loss functions at every iteration. Our
proof treats � (the intra-cluster pairwise distance upper
bound in our proof) as a constant to improve the pre-
sentation, but the proof could naturally handle di�erent
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Algorithm 2 Handling data drift

for each drifting client x do
Assign x to the closest cluster center
Recompute the centers of the a�ected clusters

Let r (1) ; : : : ; r (N) be clients' representations
if there exist clients i; j from the same cluster with
kr (i) � r (j) k > � then

for each client i do
Let x i be the model corresponding to the i'th
client's cluster

Let C1; : : : ; CK be k-means clusters based on
client representations
for each cluster Ck do

c(k)  avg i2C k
x i

Algorithm 3 Clustering

De�ne the distance between clients based on their
representations
Choose K with the largest silhouette score
Cluster the clients using the K-means clustering

� at di�erent iterations. The major challenge in the
analysis is bounding the adverse e�ects of data drifts
and reclustering. Data drifts change client datasets,
hence changing their local objective functions. On the
other hand, while reclustering is useful in the long run,
its immediate e�ect on the objective can potentially be
negative (see Figure 2b) due to the mixing of models
from di�erent clusters.

We make the following assumptions (see Section A
for the precise statements and the discussion of the as-
sumptions). First, we assume that the distance between
client representations � for example, label distributions �
translates into the di�erence between their objective
functions. Second, we assume that the e�ect of data
drift is bounded: that is, the representation r i of client
i changes by at most� for each data drift. Finally, we
assume that clients are clusterable; that is, there exists
K clusters so that representations of clients within each
cluster are similar.

Assumption A. Each f (i)
t � the local objective for

client i at iteration t � is L -smooth and satis�es � -
Polyak-Šojasiewicz condition, and we have access to a
stochastic oracle with variance� 2. There exists clus-
tering such that representations inside each cluster are
�-close, the data drift changes representations by at
most � , and the ratio between the di�erence between
the objective function values and the distance between
representations is at most �.

Under these assumptions, data drifts can a�ect each
client representation � and hence the objective we op-

Table 2: The Min, Max, Mean, and Median Drift Mag-
nitudes Before and After Each Drift Event. We Use L 1

Distance for Labels andL 2 Distance for Embeddings,
with 2 Being the Maximum Possible Distance Value.

Dataset Metric Min Max Mean Median

Cityscapes
Label 0.127 0.155 0.139 0.139

Embedding 0.058 0.070 0.063 0.063

FMoW
Label 0.032 0.667 0.302 0.288

Embedding 0.065 0.623 0.359 0.357

Waymo
Label 0.118 0.160 0.139 0.135

Embedding 0.071 0.085 0.077 0.077

OpenImage
Label 1.130 1.484 1.179 1.135

Embedding 0.493 0.504 0.496 0.495

timize � by at most a �xed value. Moreover, by the
clustering assumption, clients within each cluster have
similar objectives after the reclustering, allowing us to
bound the increase in the loss function due to reclus-
tering. In Section A, we show the following result.

Theorem 1. Let N be the number of clients andM be
the total number of machines sampled per round. Let
x � be the minimizer of f 0 = avgi f (i)

0 . Let c(k;�)
t be

the minimizer for cluster k at iteration t. Then, under
Assumption A, for � � 1=L, for any iteration t we have

1
N

X

k2[K]

X

i2C k

�
f (i)

t (c(k)
t+1 ) � f (i)

t (c(k;�)
t )

�

� (1 � ��) tR (f 0(x 0) � f 0(x � ))

+
L�
2�

�
� 2 + 8L��

M=K
+ 3�(� + �)(1 � ��) R

�

Intuitively, at every iteration, we provide a �regret�
bound comparing the loss at each cluster with the best
loss we could have at each cluster. The bound has two
terms: an exponentially decaying term corresponding
to the initial loss, and a non-vanishing term correspond-
ing to stochastic noise and the loss due to clustering
and data drift. Ultimately, early on, the �rst term dom-
inates, and we observe rapid improvement in objective
value. On the other hand, at later stages, the �rst term
vanishes, and the behavior is dictated by the stochastic
and sampling noise, and severity of data drifts.

3 EVALUATION

We evaluate Fielding on four FL tasks with label
distribution vectors as client representations (see Sec-
tion E.2 for results with distributed concept drift and
other representations). End-to-end wise, Fielding im-
proves �nal test accuracy by 2.4%-6.9% and is more
stable than prior CFL methods. It works well with
complementary FL optimizations and still accelerates
model convergence under low heterogeneity.
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Figure 4: Time to Accuracy (TTA) Comparison Over Four Tasks.

Environment. We emulate large-scale FL training
with two GPU servers, each with two NVIDIA A100
GPUs (80 GB memory) and two AMD EPYC 7313
16-core CPUs. We use FedScale's device datasets for
realistic device computing and network capacity pro-
�les while following the standardized training setup
in the original paper (Lai et al ., 2022). Per-device
computation time is estimated from device computing
speed, batch size, and number of local iterations; com-
munication time is estimated based on downloaded and
uploaded data volume and network bandwidth.

Datasets and models. We evaluate on one satel-
lite dataset (FMoW (Christie et al ., 2018)) and two
video datasets (Waymo Open (Sun et al., 2020),
Cityscapes (Cordts et al., 2016)) that exhibit natural
drift. For FMoW, we keep images taken after January
1, 2015, and create one client per UTM zone. Two train-
ing rounds correspond to one day. For Waymo Open
and Cityscapes, we use video segments pre-processed
by Ekya (Bhardwaj et al ., 2022), creating one client
per camera per Waymo Open segment (212 clients) and
one client per 100 consecutive frames per Cityscapes
segment (217 clients). Since both datasets have video
frame IDs within segments but lack global timestamps,
we sort samples by frame ID and split them into 10 in-
tervals. We stream in one data interval every 30 rounds
for Cityscapes and every 20 rounds for Waymo Open.
We train ResNet-18 (He et al., 2016) on Cityscapes
and FMoW, and VisionTransformer-B16 (Dosovitskiy
et al., 2021) on Waymo Open.

To evaluate Fielding under highly dynamic drift, we
construct a synthetic trace using the FedScale Open
Images (Kuznetsova et al., 2020) benchmark. We �nd
the top 100 most frequent classes and retain clients
with samples from at least 10 of these 100 classes (5078
clients in total). Each client randomly partitions lo-
cal data labels into 10 buckets, with each bucket then
containing all samples of its labels. We stream in one
bucket every 50 rounds and use Shu�eNet v2 (Ma
et al., 2018) for this task. For all four datasets, clients
start with 100 rounds worth of data and retain samples

from the most recent 100 rounds. The four datasets
naturally contain both label and covariate shifts. We
quantify drift magnitude using the average per-client
label-distribution shift distance ( L 1 distance) and em-
bedding shift distance (L 2 distance between normal-
ized embeddings) before and after each drift event and
report them in Table 2. Dataset and training con�gu-
rations are summarized in Table 4 and Table 5.

Baselines. Our non-clustering baseline trains one
global model by randomly selecting a subset of par-
ticipants from all available clients every round. To
compare with other clustered FL works with data drift
handling measures, we use Auxo (Liu et al., 2023) as the
continuous re-clustering baseline and FlexCFL (Duan
et al., 2021) as the individual movement baseline. We
employ FedProx (Li et al., 2020b), a federated opti-
mization algorithm that tackles client heterogeneity,
for all approaches.

Metrics. Main evaluation metrics are Time-to-
Accuracy (TTA) and �nal test accuracy. We de�ne
TTA as the training time required to achieve the target
accuracy�the average client test accuracy when train-
ing one global model (black dashed lines in Figure 4).
We report �nal average test accuracy across settings
to demonstrate Fielding's sensitivity and robustness.

3.1 End-to-end Training Performance

Figure 4 shows that Fielding improves average client
test accuracy by 6.9%, 2.4%, and 2.7% in FMoW,
Cityscapes, and Waymo Open, respectively. These
gains are substantial given the baseline accuracies of
45% to 85% and are comparable to those reported in
prior CFL works on static data. When considering
the global model's �nal test accuracy as the target
accuracy, Fielding o�ers a 1.38 � , 1.44� , and 3.10�
training speed-up, respectively (we de�ne the point at
which Fielding's accuracy consistently surpasses the
target accuracy as the moment it achieves the target
accuracy). On the highly heterogeneous and dynamic
Open Images trace, Fielding boosts accuracy by 26.4-
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Table 3: Final Accuracy Gaps Between Static Cluster-
ing and Fielding

Dataset Static Clustering Fielding
Cityscapes 76.3% 78.8%
FMoW 48.4% 52.4%
Waymo 86.6% 89.4%

OpenImage 19.9% 44.0%

31.1% in the �nal 100 rounds. The e�ectiveness of drift
handling is shown in Table 3, which reports the �nal
accuracy gap between Fielding and a static clustering
baseline where clients are clustered once in the �rst
round based on label distributions and the clusters
remain static. Fielding achieves 24 :1% improvement
on the OpenImage dataset.

Auxo performs comparably or slightly better than the
global model baseline, with up to 0.9% accuracy gain
and 1.05� convergence speedup, but underperforms
relative to the results in the original paper on static
data, indicating reduced clustering e�ectiveness. This
degradation stems from re-clustering only the selected
participants, ignoring drifted but unselected clients.
This also causes abrupt accuracy drops on the biased
Waymo Open dataset (over 80% samples are cars) due
to sudden model shifts when divergent clients are se-
lected. FlexCFL shows no gains in accuracy or conver-
gence across real-world datasets, as it migrates clients
individually without adjusting the number of clusters.
As Figure 1 shows, this approach leads to cluster het-
erogeneity approaching that of the global client set.

FedDrift Comparison. FedDrift (Jothimurugesan
et al., 2023) is another clustered FL method designed to
handle drift. However, it is impractical for large-scale
settings, as it (1) requires every client to train every
cluster model in each round and (2) assumes all clients
remain online and available for training. Therefore, we
construct a small-scale setting with the FMoW dataset
and 50 clients (the number of clients we selected per
round in our original experiment). Figure 7 shows that
Fielding incurs much shorter round time and reaches
FedDrift's �nal accuracy 1.67� faster.

3.2 Compatibility with Other Optimizations

To demonstrate that Fielding is agnostic to client
selection and model aggregation strategies, we evaluate
it on FMoW together with various complementary
optimizations. In Figure 5 and Figure 6, we use the
algorithm name alone to denote the baseline where
we train one global model and use "+ Fielding " to
denote running the algorithm atop Fielding.

We use the Oort selection algorithm (Lai et al., 2021)

(a) Oort selection (b) Distance-based selection

Figure 5: Fielding with Client Selection Strategies.

(a) FedYogi (b) q-FedAvg

Figure 6: Fielding with FL Algorithms.

and a distance-based algorithm prioritizing clients
closer to the distribution center as client selection exam-
ples. As Figure 5 shows, Fielding improves the �nal
average test accuracy by 3.9% and 4.7% and reaches
the target accuracy 1:32� and 1:15� faster. Note that
Oort selection actively incorporates clients otherwise �l-
tered out due to long response time, leading to a longer
average round time. Figure 6 shows that Fielding
works well with aggregation algorithm FedYogi (Reddi
et al., 2021) and q-FedAvg (Li et al., 2020c). Fielding
improves the �nal accuracy by 6.5% and 4.0% while
giving a 1:20� and 1:24� speedup respectively.

3.3 Robustness and Sensitivity Analysis

Varying data heterogeneity. Our analysis on Field-
ing's sensitivity to data heterogeneity degrees builds
on the idea of mitigating non-IID data impacts with a
small shared dataset (Zhao et al., 2018). We construct
three datasets shared with all clients: one sample for
each of the least represented 50% labels, one sample per
label, and two samples per label. A larger shared set
implies a smaller degree of heterogeneity. As shown in
Figure 8, both Fielding and the baseline global model
bene�t from this sharing, with Fielding improving
the �nal average test accuracy by 2.8% to 4.1%.

Static data. Finally, we demonstrate that Fielding
still improves model convergence when clients have
static local data and no drifts happen. We rerun the
experiment on the FMoW dataset with all data samples
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Figure 7: Small-scale Compari-
son Against FedDrift on FMoW.

Figure 8: Fielding O�ers Gains
Across Heterogeneity Degrees.

Figure 9: Fielding Improves
Model Accuracy on Static Data.

available throughout the training. As shown in Fig-
ure 9, Fielding o�ers the largest gain and improves
the �nal average test accuracy by 9.2%. Auxo and
FlexCFL achieve an improvement of 3.9% and 5.6%,
respectively. Note that Auxo experiences an accuracy
drop towards the end of training. This is likely due to
Auxo re-clustering all selected clients after each round
by default, causing unnecessary cluster membership
changes when the data is completely static.

4 RELATED WORK

Heterogeneity-aware FL. Recent works have also
tackled heterogeneity challenges through client selec-
tion, workload scheduling, and update corrections.
Oort considers both statistical and system utility and
designs an exploration-exploitation strategy for client
selection (Lai et al., 2021). PyramidFL adjusts the
number of local iterations and parameter dropouts to
optimize participants' data and system e�ciency (Li
et al., 2022b). DSS-Edge-FL dynamically determines
the size of local data used for training and selects repre-
sentative samples, optimizing resource utilization while
considering data heterogeneity (Serhani et al., 2023).
MOON corrects local updates on clients by maximizing
the similarity between representations learned by local
models and the global model (Li et al., 2021).

Drifts-aware FL. Adaptive-FedAvg handles concept
drift by extending FedAvg with a learning rate sched-
uler that considers the variance of the aggregated model
between two consecutive rounds (Canonaco et al., 2021).
CDA-FedAvg detects concept drifts and extends Fe-
dAvg with a short-term and a long-term memory for
each client. It applies rehearsal using data in the long-
term memory when drifts happen (Casado et al., 2022).
Master-FL proposes a multi-scale algorithmic frame-
work that trains clients across multiple time horizons
with adaptive learning rates (Ganguly and Aggarwal,
2023). They are complementary to our work and can
improve cluster models when minor drifts that don't
trigger global re-clustering happen.

Fielding focuses on dynamic client clustering that is

robust against potential data drift. It is agnostic to
other FL optimizations and should work seamlessly
with the FL aggregation, selection, and scheduling
algorithms above.

Clustered FL. FlexCFL (Duan et al ., 2021) and
IFCA (Ghosh et al ., 2020) adjust clusters by relocat-
ing shifted clients while maintaining a �xed number of
clusters, operating under the assumption of low drift
magnitude. Auxo (Liu et al ., 2023) and FedAC (Zhang
et al., 2024) re-cluster selected clients using gradient
information or local models, delaying drift adjustments
for unselected clients. FedDrift (Jothimurugesan et al.,
2023) re-clusters all clients by broadcasting all cluster
models every round to compute client local training
loss, leading to signi�cant costs. Section B discusses
other prior CFL works without drift handling and the
impact of drifts on static clusters.

5 CONCLUSION

We presented Fielding, a clustering-based FL frame-
work for e�cient handling of diverse data drifts. Field-
ing combines per-client adjustment with selective
global re-clustering, re-clusters all drifted clients, dy-
namically adjusts the number of clusters, and stabilizes
the system's response to minor drifts. It is robust to
varying levels of heterogeneity and is compatible with
a range of client selection and aggregation strategies.
In Fielding, clients register with a centralized coor-
dinator that maintains metadata and assigns clusters
based on client representations. Global re-clustering
is triggered only when intra-cluster heterogeneity ex-
ceeds a threshold, signi�cantly reducing the overall
re-clustering cost and mitigating loss spikes after re-
clustering. Experiments show that Fielding improves
�nal test accuracy by 2.4%�6.9% and provides greater
stability under real-world data drift.

As a potential future direction, Fielding can be en-
hanced from the privacy perspective as discussed in
Section 2.1.
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A PROOF OF CONVERGENCE

Algorithm 4 Clustered Federated Learning with Data Drift
input: the number of clusters K , the number of data drift events T, the number of sampled clients per roundM ,
the number of rounds per data drift event R, reclustering threshold �
Initialize cluster models c(1)

0 ; : : : ; c(K)
0 with the same model x0

for t = 0; : : : ; T � 1 do
for each client i do

Adopt data drift for client i
Reassign client i to the closest cluster
Let x i be the model corresponding to the cluster containing client i

Let r (1)
t ; r (2)

t ; : : : be the client representations
if there exists a cluster C such that �(r(i)

t ; r (j)
t ) > � for clients i; j 2 C then

Let C1; : : : ; CK be the K-center clustering of all clients based on representations
else

Let C1; : : : ; CK be the current clusters
for k = 1; : : : ; K do

~c(k)
0  avg i2C k

x i // Cluster model is the average of clients' models

for � = 0; : : : ; R � 1 do
for k = 1; : : : ; K do

Sample subset S from Ck of size M=K independently with replacement
~c(k)

�+1  ~c(k)
� � � avg i2S G(i)

t (~c(k)
� )

for k = 1; : : : ; K do
c(k)

t+1  ~c(k)
R

In this section, we analyze the performance of our framework in the case when the number of clustersK is
known and the number of local iterations is 1. The analysis can be modi�ed to handle local iterations and other
variations based on the previous work, see e.g. Li et al. (2020a). To simplify the proof, in the algorithm we use
the k-center clustering instead of k-means clustering.

We present the precise algorithm in Algorithm 4. After every data drift event, we �rst accept data changes for
each client. After that, if the heterogeneity within some cluster exceeds a certain threshold, we recluster the
clients, and assign to each cluster a model by averaging models of all clients in the cluster. After that, for several
rounds, we perform standard federated averaging updates on each cluster: we sampleM clients, compute the
stochastic gradient for each client, and update the cluster model with the sampled gradients.

Assumption B (Objective functions). Let f (i)
t be the local function at each clienti at data drift event t. Then,

for all i and t:

ˆ f (i)
t is L-smooth: krf (i)

t (x) � rf (i)
t (x)k � L kx � yk for all x; y

ˆ f (i)
t satis�es � -Polyak-Šojasiewicz (� -PL) condition: kf (i)

t (x) k2 � 2� (f (i)
t (x) � f (i)

t (x � )), where x� is the
minimizer of f (i)

t .

The � -PL condition is a relaxation of the strong convexity assumption; both assumptions are standard in the
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federated learning literature (Cho et al., 7 29; Li et al., 2020a; Cho et al., 2020). The following are standard
assumptions on stochastic gradient.

Assumption C (Stochastic gradients). For each client i , at every data drift event t, let G(i)
t be the stochastic

gradient oracle:

ˆ E
h
G(i)

t (x)
i

= rf (i)
t (x) for all x;

ˆ E





 G(i)

t (x) � rf (i)
t (x)








2
� � 2 for all x.

The next assumption connects the objective value with client representations. Client representations can take
various forms, such as label distributions, input embeddings, or gradients.

Assumption D (Representation). For a metric space ( X; � ), let r (i)
t 2 X be a representation of clienti at time

t. Then there exists � such that
�
�
� f (i)

t (x) � f (j)
t (x)

�
�
� � � � �

�
r (i)

t ; r (j)
t

�
for all i; j; t.

We next give the intuition of why the assumption is natural for the label-based and the embedding-based distances.
If the concept P(y j x ) doesn't change between clients, every model achieves the same expected error on each
class. For each class, assuming that the class data for di�erent clients is sampled from the same distribution, we
get the same expected loss on this class for di�erent clients. Hence, the overall di�erence in the loss function is
largely determined by the fraction of each class in the clients' data. Similarly, if the client embedding faithfully
captures information about its inputs, assuming the trained models depend on the inputs continuously, they have
the same expected error on similar inputs.

Clearly, if data on clients can change arbitrarily at every data drift event, in general, there is no bene�t in reusing
previous iterates. Hence, our next assumption bounds how much the client changes after the drift.
Assumption E (Data drift). At every data drift event, the representation of each client changes by at most � :

�
�

r (i)
t ; r (i)

t+1

�
� � for all i, t.

This assumption naturally holds in case when, for each client, only a small fraction of data points changes at
every round. Finally, we assume that the clients are clusterable: there existK clusters so that within each cluster
all points have similar representation.
Assumption F (Clustering). At every data drift event, the clients can be partitioned into K clusters C1; : : : ; CK

so that, for any k 2 [K] and any i; j 2 C k , we have �
�

r (i)
t ; r (j)

t

�
� �.

Assumption Discussion To summarize, we have the following assumptions: standard convergence assumptions
(B and C) and assumptions necessary to conceivably get advantage of clustering (D, E, and F).

Assumption B states two properties: smoothness and PL-condition. Smoothness is a ubiquitous assumption in
both convex and non-convex settings; when it's not present in some works, it's replaced with comparably strong
assumptions (such as bounded gradients). PL condition is a relaxation of strong convexity and allows achieving
linear convergence rate w.r.t. the objective value; this assumption is not strictly required, but its absence results
in slower convergence rates.

Assumption C is a standard assumption on stochastic gradients. Somewhat weaker assumptions are possible, but
such complications are not the focus of the paper.

Assumption D claims that the close representations translate to close loss function values. Existing clustered FL
algorithms rely on some form of representation (which might include gradients or the loss function itself), and the
representation must be good to take advantage of clustering. In case when the assumption is not satis�ed, the
clustering quality would su�er; the model will still be able to train, but one would expect the convergence to be
similar to that without clustering.

Assumption E states that the client data doesn't change wildly after the drift, which allows reclustering to utilize
some information before the drift. If this assumption is not satis�ed, then, in general, re-training after each drift
might be no better than training from scratch.

Assumption F assumes that there is a non-trivial clustering structure among clients. If the assumption is not
satis�ed, our algorithm still works, but might provide no tangible bene�t over approaches without clustering.
This is expected since the problem has no structure for our (or other clustered FL) algorithm to utilize.



Li, Avdiukhin, Shahout, Ivkin, Braverman, Yu

Finally, these assumptions are not strict requirements: our bounds degrade gracefully with the degree of their
violation.

Proofs For completeness, we present the analysis of SGD convergence for functions satisfying� -PL condition.

Lemma 2. Let f be L-smooth and� -strongly convex. Letg be an unbiased stochastic gradient oracle off with
variance � 2. Let x � be the minimizer of f . Then, for the stochastic gradient update rule xt+1  x t � �g (x t ) with
� � 1=L, we have

E [f (x T ) � f (x � )] � (1 � ��) T (f (x 0) � f (x � )) +
L�
2�

� 2:

Proof. Let E t [�] be expectation conditioned on xt . By the Descent Lemma, we have:

Et [f (x t+1 )] � f (x t ) + E t hrf (x t ); x t+1 � x t i +
L
2

Et kx t+1 � x t k
2

= f(x t ) + E t hrf (x t ); ��g(x t )i +
L
2

Et k�g(x t )k
2

= f(x t ) � � krf (x t )k
2 +

L� 2

2

�
krf (x t )k

2 + � 2
�

� f (x t ) �
�
2

krf (x t )k
2 +

L� 2

2
� 2;

where in the last inequality we used� � 1=L. Using the fact that f satis�es � -PL condition, we have krf (x t )k
2 �

2�(f (x t ) � f (x � )), giving

Et [f (x t+1 )] � f (x t ) � ��(f (x t ) � f (x � )) +
L� 2

2
� 2:

Subtracting f (x � ) from both parts, we have

Et [f (x t+1 ) � f (x � )] � (1 � ��) (f (x t ) � f (x � )) +
L� 2

2
� 2:

By telescoping, taking the full expectation, and using
P 1

i=0 (1 � ��) i = 1
�� , we get

E [f (x T ) � f (x � )] � (1 � ��) T (f (x 0) � f (x � )) +
L�
2�

� 2:

The above result demonstrates how the objective improves with each round: namely, afterR iterations, the
non-stochastic part of the loss improves by a factor which depends onR exponentially. However, each data drift
and each reclustering might potentially hurt the objective. Our next result bounds their e�ect on the loss.

Lemma 3. Let N be the number of clients, andt + 1 be a �xed data drift event. Let C1; : : : ; Ck be clusters
c1; : : : ; cK be cluster models, and c�1; : : : ; c�

K be the optimal cluster models at the end of processing data drift event
t. Similarly, let �C1; : : : ; �C` be clusters�c1; : : : ; �cK be cluster models, and�c�

1; : : : ; �c�
K be the optimal cluster models

immediately after reclustering. Then, under Assumptions B-F, the following holds:

1
N

X

`2[K]

X

i2 �C `

�
f (i)

t+1 (�c` ) � f (i)
t+1 (�c�

` )
�

�
1
N

X

k2[K]

X

i2C k

�
f (i)

t (ck ) � f (i)
t (c �

k )
�

+ 3�(� + �)

Proof. For a client i, let k and ` be such that i 2 C k \ �C` . We rewrite f (i)
t (�c` ) � f (i)

t (�c�
` ) as

f (i)
t+1 (�c` ) � f (i)

t+1 (�c�
` ) =

�
f (i)

t+1 (�c` ) � f (i)
t+1 (c �

k )
�

+
�

f (i)
t+1 (c �

k ) � f (i)
t+1 (�c�

` )
�

and bound each term separately.
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Bounding the �rst term Let x j be the model of client j before reclustering, i.e. xj = c k 0 where j 2 C k 0.
Then,

f (i)
t+1 (�c` ) = f (i)

t+1

�
avg
j2 �C `

x j

�
� avg

j2 �C `

f (i)
t+1 (x j ); (1)

where the last inequality follows by convexity of f (i)
t . By Assumption F, since all clients �C` belong to the same

cluster, their representations di�er by at most �, and hence by Assumption D their local objectives di�er by at
most ��. Therefore,

avg
j2 �C `

f (i)
t+1 (x j ) � avg

j2 �C `

(f (j)
t+1 (x j ) + ��) = avg

j2 �C `

f (j)
t+1 (x j ) + ��

Summing over all i 2 �C` , we get
X

i2 �C `

( avg
j2 �C `

f (i)
t+1 (x j ) + ��) =

X

j2 �C `

(f (j)
t+1 (x j ) + ��)

By de�nition, for each i 2 C k we have xi = c k . So,
X

`2[K]

X

i2 �C `

f (i)
t+1 (�c` ) �

X

k2[K]

X

i2C k

f (i)
t+1 (ck )

Hence, the sum of the �rst terms in Equation (1) over all i can be bounded as
X

k2[K]

X

i2C k

(f (i)
t+1 (ck ) � f (i)

t+1 (c �
k ) + ��) �

X

k2[K]

X

i2C k

(f (i)
t (ck ) � f (i)

t (c �
k ) + �(� + 2�));

where we used Assumptions D and E to bound the change of each objective after the data drift as ��.

Bounding the second term Let x (i;�)
t be the minimizer of f (i)

t and x(i;�)
t+1 be the minimizer of f (i)

t+1 . Then, by
Assumptions D and F we have

f (i)
t+1 (�c�

` ) � f (i)
t+1 (x (i;�)

t+1 ) (x (i;�)
t+1 is the minimizer of f (i)

t+1 )

� f (i)
t (x (i;�)

t+1 ) � �� (Assumptions D and E)

� f (i)
t (x (i;�)

t ) � �� (x (i;�)
t is the minimizer of f (i)

t )

� f (i)
t (c �

k ) � �(� + �);

where the last inequality holds since otherwisef (i)
t (c �

k ) > f (i)
t (x (i;�)

t ) + � �, which is impossible since c �
k is the

minimizer of avgj2C k
f (j)

t and avgj2C k
f (j)

t (x (i;�)
t ) � f (i)

t (x (i;�)
t ) + �� by Assumptions D.

Finally, we have jf (i)
t (c �

k ) � f (i)
t+1 (c �

k )j < �� by Assumptions D and E. Combining the bounds concludes the
proof.

Combining the above statements leads to our main convergence result.

Theorem 4. Let N be the number of clients, and let their objective functions satisfy Assumptions B-F. LetM
be the total number of machines sampled per round. Let x� be the minimizer of f 0 = avgi f (i)

0 . Let c(k;�)
t be the

minimizer for cluster k at data drift event t. Then, for � � 1=L, for any data drift event t of Algorithm 4 we have

1
N

X

k2[K]

X

i2C k

�
f (i)

t (c(k)
t+1 ) � f (i)

t (c(k;�)
t )

�
� (1 � ��) T R (f (x 0) � f (x � )) +

L�
2�

�
� 2 + 8L��

M=K
+ 3�(� + �)(1 � ��) R

�

Proof. First, we express the objective in terms of objectives for individual clusters:

1
N

X

k2[K]

X

i2C k

�
f (i)

t (c(k)
t ) � f (i)

t (c(k;�)
t )

�
=

1
N

X

k2[K]

jCk j avg
i2C k

�
f (i)

t (c(k)
t ) � f (i)

t (c(k;�)
t )

�
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We then analyze the convergence in each cluster. For anyL-smooth function h with minimizer x � , it holds that
krh (x) k �

p
2L(h(x) � h(x � )) . First, note that, inside each cluster, the objective functions di�er by at most

� �. Hence, for any two clients i and j from the same cluster, de�ning h = f (i)
t � f (j)

t , by 2L-smoothness ofh, for
any x we have

krh(x)k �
p

4L(h(x) � h(x � )) �
p

8L��

Hence, sampling clients uniformly from the cluster introduces variance at most 8L� �. Since we sample M=K
clients from a cluster, the total variance � including the stochastic variance � is at most � 2 +8L��

M=K .

Next, by Lemma 3, the total objective increases by at most 3� (� + � ) after reclustering. Since during R rounds
the non-stochastic part of each objective decreases by a factor of (1 � ��) R , we have

1
N

X

k2[K]

jCk j avg
i2C k

�
f (i)

t+1 (c(k)
t+1 ) � f (i)

t+1 (c(k;�)
t+1 )

�

�
(1 � ��) R

N

X

k2[K]

jCk j avg
i2C k

�
f (i)

t (c(k)
t ) � f (i)

t (c(k;�)
t ) + 3�(� + �)

�
+

RX

i=0

(1 � ��) i �
� 2 + 8L��

M=K

= (1 � ��) R 3�(� + �) +
RX

i=0

(1 � ��) i �
� 2 + 8L��

M=K
+ (1 � ��) R 1

N

X

k2[K]

jCk j avg
i2C k

�
f (i)

t (c(k)
t ) � f (i)

t (c(k;�)
t )

�

By Lemma 2, the last (stochastic) term accumulates over all data drift events asL�
2� � � 2 +8L��

M=K . By a similar

reasoning, 3� (� + � ) accumulates asL�
2� � 3� (� + � )(1 � �� )R . And �nally, f (x 0) � f (x � ) term is multiplied by

(1 � ��) R at every data drift event, giving factor of (1 � ��) T R over T data drift events.

B ADDITIONAL BACKGROUND

In this section, we provide the background of clustered federated learning and quantify the impacts of data drift.

B.1 Clustered Federated Learning

FL deployment often involves hundreds to thousands of available clients participating in the training (Bonawitz
et al., 2019). For instance, Huang et al. (2019) have developed mortality and stay time predictors for the eICU
collaborative research database (Pollard et al., 2018) containing data of 208 hospitals and more than 200,000
patients. Although thousands of devices may be available in a given round, FL systems typically select only
a subset for training. For example, Google sets 100 as the target number of clients per training round when
improving keyboard search suggestions (Yang et al., 2018). This selection process ensures a reasonable training
time and accounts for diminishing returns, where including more clients does not accelerate convergence (Xu
et al., 2024).

Data heterogeneity is a major challenge in FL, as variations in local data volume and distribution among
participants can lead to slow convergence and reduced model accuracy (Yang et al., 2021; Wen et al., 2023).
Clustering is an e�ective strategy to mitigate the impact of heterogeneity by grouping statistically similar clients.
Clients within the same cluster collaboratively train one cluster model, which then serves their inference requests.
Prior works demonstrate that clustering achieve high accuracy and fast model convergence (Sattler et al., 2021;
Mansour et al., 2020; Ghosh et al., 2020; Liu et al., 2023; Jothimurugesan et al., 2023).

Our experiments with the Fielding system prototype mainly use label distribution vectors as the client
representation, as they handle both label and covariate shifts and are lightweight. Although previous studies have
examined label distribution vectors as leverage to address heterogeneity (Zhang and Lv, 2021; Zhang et al., 2022;
Lee and Seo, 2023; Lee et al., 2021), Fielding distinguishes itself from existing works. Federated learning via
Logits Calibration (Zhang et al ., 2022) and FedLC (Lee and Seo, 2023) are orthogonal and investigate building a
better global model through client model aggregation and loss function improvements. FedLabCluster (Zhang and
Lv, 2021) and Lee et al. (2021) do not explicitly discuss data drift handling. Moreover, we present a theoretical
framework with a convergence guarantee under data drift and re-clustering.
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Figure 10: The System Architecture and Work�ow of Fielding. (Blue arrows represent communication between
clients and the coordinator. Black arrows indicate the work�ow among di�erent components on the same machine.)

B.2 Data Drift A�ects Static Clustering

Drifts happen naturally when clients have access to non-stationary streaming data (e.g., cameras on vehicles and
virtual keyboards on phones) (Koh et al., 2021; Bhardwaj et al., 2022; Chen et al., 2020; Nandi and Xhafa, 2022;
Marfoq et al., 2023). For example, when training an FL model for keyboard suggestions, drifts occur when many
clients simultaneously start searching for a recent event (widespread drift), a few clients pick up a niche hobby
(concentrated intense drift), or a new term appears when a product is launched (new label added).

Data drift reduces the e�ectiveness of clustered FL as it increases data heterogeneity within clusters. We
demonstrate this problem with the Functional Map of the World (FMoW) dataset (Christie et al ., 2018). Recall
from Section 3 that our preprocessed FmoW dataset contains time-stamped satellite images labeled taken on or
after January 1, 2015, and each unique UTM zone metadata value corresponds to one client (302 clients in total).
A day's worth of data becomes available every two training rounds, and clients maintain images they received
over the last 100 rounds.

As mentioned in Section 2, we use mean client distance as the intra-cluster heterogeneity. Note that instead
of �rst averaging within each cluster and then �nding the mean of those cluster averages, we use the overall
mean across all clients. This helps us avoid biased results arising from imbalanced cluster sizes. Note that in the
baseline case without any clustering, we consider all clients as members of a "global cluster".

We cluster clients based on their label distribution vectors at the starting round and track the overall heterogeneity
by measuring the mean client distance described above. Figure 1 shows that initially (e.g., round 1), clustering
reduces the per-cluster heterogeneity compared with no clustering (i.e., putting all clients in a global set). However,
as data distribution shifts over time, static clustering increases per-cluster heterogeneity and soon gets close to
the no clustering case at round 322.

C IMPLEMENTATION

We implemented Fielding in Python on top of FedScale (Lai et al ., 2022), a state-of-the-art open-source FL
engine. We follow FedScale's design of having one centralized coordinator and client-speci�c executors. Figure 10
illustrates the end-to-end work�ow of the Fielding system prototype with label distribution vectors as client
representations. At the beginning of each training round, 1 client executors register with the coordinator to
participate and report their local data distribution optionally. The coordinator's cluster manager maintains
clients' distribution records and 2 moves clients to the closest cluster when their reported distribution drifts.
After moving drifted clients individually, the cluster manager measures center shift distances and either triggers
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