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Abstract

We propose a communication efficient approach for federated learn-
ing in heterogeneous environments. The system heterogeneity is re-
flected in the presence of K different data distributions, with each user
sampling data from only one of K distributions. The proposed ap-
proach requires only one communication round between the users and
server, thus significantly reducing the communication cost. Moreover,
the proposed method provides strong learning guarantees in hetero-
geneous environments, by achieving the optimal mean-squared error
(MSE) rates in terms of the sample size, i.e., matching the MSE guar-
antees achieved by learning on all data points belonging to users with
the same data distribution, provided that the number of data points
per user is above a threshold that we explicitly characterize in terms

∗This work is supported by the European Union’s Horizon 2020 Research and Inno-
vation program under grant agreement No 957337. The paper reflects only the view of
the authors and the Commission is not responsible for any use that may be made of the
information it contains.
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of system parameters. Remarkably, this is achieved without requiring
any knowledge of the underlying distributions, or even the true number
of distributions K. Numerical experiments illustrate our findings and
underline the performance of the proposed method.

1 Introduction

Federated learning (FL) is a paradigm where many users collaborate, with
the aim of jointly training a model [1]. Formally, the goal is to solve the
problem

argmin
θ∈Θ

F (θ) =
1

m

m∑
i=1

Fi(θ), (1)

where Θ ⊂ Rd is the parameter space, m ∈ N represents the number of users,
while Fi : Rd 7→ R, i = 1, . . . ,m is the loss of user i.

Unlike in centralized learning, where a single user has access to all the
data, in FL each user stores its data locally. This is an important feature,
as typically huge amounts of users participate in the process and generate
enormous amounts of data, therefore imposing significant storage cost for
a single user. Additionally, the nature of the data is often sensitive, which
incentivizes the users to keep their data private. The training process is co-
ordinated by a central server, which typically includes updating and sharing
the global model with the users.

While such an approach helps alleviate the storage and computation bur-
den for any single user, it imposes significant communication costs on the
system as a whole [2]. To tackle this issue, different approaches have been
proposed, such as quantization [3], [4], [5], gradient sparsification [6], [7], spe-
cialized user sampling [8], [9], [10], local methods [11], [12], [13] and one-shot
methods [14], [15], [16], [17], [18], to name a few. Another issue associated
with training a global model comes from system heterogeneity. Users that
participate in FL often contain datasets generated by different distributions,
making the system as a whole highly heterogeneous. A global model can
therefore be very bad for an individual user [19], [20].

One way to alleviate the issues stemming from training a global model
is for each user to train their own model. Formally, the goal of such an
approach is to solve the problem

argmin
θ1,...,θm∈Θ

FL(θ1, . . . , θm) =
1

m

m∑
i=1

Fi(θi).
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Such an approach leads to models that can be trained locally and elim-
inates the need for any communication. However, it is completely oblivious
to any underlying similarities that might exist between users. Moreover, a
strictly local approach often suffers from data imbalance - while some users
generate abundance of data, the majority of users generate only a few data
samples. This results in the majority of users being unable to learn useful
models on their own [20].

Many different approaches that address the shortcomings of the global
and purely local models have been proposed. One such approach is person-
alized federated learning (PFL). The goal of PFL is to learn models that
fit each individual user, while utilizing the federation to produce models
that generalize better. Many approaches to personalization have been pro-
posed, such as multi-task learning [21], [22], [23], meta-learning [24], [25],
fine-tuning [26], [27].

Another closely related approach is clustered federated learning (CFL).
The underlying assumption in clustered federated learning is the presence of
K different data distributions Dk, k ∈ [K], with each user sampling their
data from only one of K distributions. This leads to a natural clustering of
users, i.e., we can define clusters {Ck}k∈[K], given by

Ck = {i ∈ [m] : user i’s data follows distribution Dk}.

Since each user contains data from exactly one ofK distributions, the clusters
form a disjoint partition of the set of all users, i.e., we have

∪k∈[K]Ck = [m] and Ck ∩ Cj = ∅, ∀k ̸= j.

In such a scenario the goal is to learn K models associated with the under-
lying clusters, so that users belonging to the same clusters have the same
models. This is somewhat different from the classical PFL approaches, where
the goal is to produce m models, one for each user. Allowing for 1 ≤ K ≤ m,
clustered federated learning can again be seen as an intermediary between
the global and local learning, with K = 1 resulting in a global model, while
K = m resulting in purely local models. There are many works assuming a
clustered structure among users, such as [28], [29], [30], [31], [32].

While existing works in CFL focus on dealing with heterogeneity and per-
sonalization aspects, none of them focus on communication efficiency. The
aim of this paper is to provide a method for CFL that maintains the bene-
fits of standard clustering-based approaches, while simultaneously achieving
communication efficiency. This is achieved by developing a one-shot feder-
ated learning method, that requires only one round of communication.
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Literature review. We next review the related literature, in particular,
one-shot methods in FL and methods for CFL.

One-shot methods in the context of FL have been studied in [14], [15], [16],
[17], [18]. [14], study one-shot averaging methods. Each user trains a model
on the local data and the server produces the final model by averaging all
the users’ models. The authors show that, for strongly convex loss fi, the
methods can achieve the same MSE guarantees as centralized learning, i.e.,
order-optimal rates in terms of sample size, provided that the number of
samples available to each user is higher than a threshold. [15] propose to
train K ≤ m ensemble based methods for supervised and semi-supervised
problems. [16] propose a one-shot distillation method, wherein the users send
a distilled version of their local dataset to the server, which then performs
the global model training. [17] study one-shot methods in federated settings
under constraints on the communication budget. The proposed method is,
under certain regimes, order-optimal up to logarithmic factors, while simul-
taneously relaxing the higher-order smoothness assumptions made in [14].
[18] introduce a one-shot FL method in heterogeneous settings, designed for
data clustering. The methods [14] and [17] provide strong theoretical guar-
antees1, however, they assume that the data across all users follows a single
distribution D. Therefore, they focus on training a single global model to
be used for all users. In modern FL systems the data across different users
typically comes from different distributions, hence violating the IID assump-
tions made in prior works. Moreover, the user heterogeneity stemming from
this phenomena is known to hamper the global model [19]. The methods [15]
and [16] consider heterogeneous settings, but provide no theoretical analysis
of their methods. To the best of our knowledge, no theoretical results for
one-shot methods are established under the presence of heterogeneity, i.e.,
multiple data distributions in the system.

CFL has been studied in [28], [29], [30], [31], [32]. [28] and [29] propose
similar methods, that iteratively estimate cluster membership and perform
model updates. [29] show an exponential convergence rate up to an error
floor that is order-optimal up to a logarithmic factor, in the number of sam-
ples and users. [30] propose a robust algorithm for CFL, under the presence
of adversarial users. If there are no adversarial users (the setting that we
consider in this paper), the method is order-optimal up to a logarithmic fac-
tor. [31] propose a method for CFL that can be applied to any standard
FL method, as a fine-tuning step. The method is based on successive bi-

1The method [18] provides a theoretical analysis under heterogeneous settings. How-
ever, the method is not a general learning method, but a method designed for clustering.
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partitioning of the current set of users, based on cosine similarity and does
not require prior knowledge of the number of clusters K. However, when a
bi-partitioning is performed, each partition needs to do a full FL training on
the newly formed partition/federation, potentially requiring multiple rounds
of model re-training and communication. [32] propose a method that aims to
simultaneously infer the clustering of users and train models. The proposed
method does not require knowledge of K and establishes explicit conditions
under which the true clustering can be recovered. All of the methods re-
quire potentially many rounds of communication and model training. The
methods [28], [29] and [30] require multiple communication rounds and prior
knowledge of the number of clusters K. While the methods in [31] and [32]
do not require knowledge of K, they require many rounds of communication.

Contributions. In this paper we propose a one-shot method for CFL,
that is able to deal with system heterogeneity. We study the convergence
guarantees of the method, in terms of the MSE with respect to the number
of samples, as in [14], [29] and [30]. Our contributions can be summarized
as follows:

1. We propose a one-shot method for CFL under the presence of mul-
tiple data distributions (i.e., system heterogeneity). The method is
communication efficient, by only requiring one round of communica-
tion. Moreover, the proposed method does not require knowledge of
the true number of clusters K.

2. We show that, for strongly convex costs, the method achieves the
order-optimal MSE guarantees in terms of sample size, i.e., it matches
the order-optimal MSE guarantees of centralized learning, provided
that users have sufficient number of samples. This establishes regimes
in which communication beyond the first round is not necessary for
achieving order-optimality.

3. We show that, compared to existing methods, our algorithm reduces
communication cost by a factor of O

(
κ
p log

(
2D
ε

))
, while improving

the rates by a factor logarithmic in the number of samples and users.

4. We explicitly derive the expression for the requirements on the number
of data points for the users to achieve the order-optimal MSE rate and
show how it depends on various system parameters, like the size of
clusters, difficulty of the clustering problem, as well as problem related
parameters (e.g., strong convexity constant).
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5. We propose a method for discovering the underlying clustering struc-
ture of the users and establish conditions under which the method
recovers the true cluster membership. The proposed method does not
require prior knowledge of the true number of underlying distributions
K.

6. We verify our theoretical findings via numerical experiments on linear
regression problems, showing the proposed method achieves the order-
optimal MSE rate and matches the performance of oracle methods that
know the true cluster membership beforehand.

Paper organization. The rest of the paper is organized as follows.
Section 2 introduces the relevant background and formally states the prob-
lem. Section 3 describes the proposed method. Section 4 presents the main
results of the paper. Section 5 presents numerical results. Finally, Section 6
concludes the paper. The reminder of the section introduces the notation
used throughout the paper.

Notation. The set of real numbers is denoted by R, while Rd denotes
the corresponding d-dimensional vector space. N denotes the set of positive
integers. ⟨·, ·⟩ denotes the Euclidean inner product and ∥ · ∥ denotes the
induced norm. In a slight abuse of notation, we will also use ∥·∥ to denote the
corresponding matrix norm. [m] denotes the set of positive integers up to and
including m ∈ N, i.e., [m] = {1, 2, . . . ,m}. For a collection of sets {Sk}k∈[K],
we use S(k) to denote the k-th largest set. The notation O(·), Ω(·) refers
to the standard "big O" and "big Omega" notation, respectively, i.e., for
two non-negative sequences {an}n∈N and {bn}n∈N, the relation an = O(bn)
implies the existence of a global constant C1 > 0 and n1 ∈ N, such that
an ≤ C1bn, for all n ≥ n1, while an = Ω(bn) implies the existence of a global
constant C2 > 0 and n2 ∈ N, such that an ≥ C2bn, for all n ≥ n2.

2 Problem formulation and preliminaries

In this section, we begin by formally stating the problem of interest. We in-
troduce some assumptions and discuss their implications. In Subsections 2.1
and 2.2 we introduce the method from [14] and convex clustering, respec-
tively. We begin by introducing the notions of population and empirical
loss.

Consider m users, i = 1, . . . ,m, that participate in a federated learning
system. The goal of standard FL approach is to train a shared model, by
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solving (1), where Fi : Θ 7→ R is the population loss of user i, given by

Fi(θ) = EXi∼Di [ℓ(θ;Xi)]. (2)

Here, Θ ⊂ Rd is the parameter space, Di is the data distribution of user i,
Xi ∈ X is the data generating random variable distributed according to Di,
X ⊂ Rd′ is the data space, while ℓ : Θ×X 7→ R is a loss function.

In practice, users only have access to a finite data sample, hence the aim
of federated learning systems is to solve

argmin
θ∈Θ

f(θ) =
1

m

m∑
i=1

fi(θ), (3)

where fi : Θ 7→ R is the empirical loss of user i, given by

fi(θ) =
1

ni

ni∑
j=1

ℓ(θ;xij). (4)

Here, ni ∈ N represents the number of data samples available to user i, while
xij ∈ X , j = 1, . . . , ni, represents independent, identically distributed (IID)
samples available to user i, sampled from the population Xi. However, as
we proceed to argue in the reminder of the section, solving (1)-(3) is not an
optimal approach under the presence of strong user heterogeneity. To that
end, we formally state the main assumption used throughout the paper.

Assumption 1. There exist K different data distributions in the system,
with 1 < K < m, such that each user samples their data from only one
of the distributions, i.e., for each i ∈ [m], we have Di = Dk, for some
k ∈ [K]. Moreover, the population optimal models of each cluster θ⋆k :=
argminθk∈Θ Fk(θk), k ∈ [K], satisfy

min
k ̸=l

∥θ⋆k − θ⋆l ∥ > 0.

Denote byD the minimal distance between population optima of different
distributions, i.e.,

D = min
k,l∈[K], k ̸=l

∥θ⋆k − θ⋆l ∥ > 0.

Assumption 1 provides a natural partitioning of the set of all users [m], given
by

Ck = {i ∈ [m] : user i’s data follows distribution Dk}.

We then have ∪k∈[K]Ck = [m] and Ck ∩Cl = ∅, for all k ̸= l. We will denote
the resulting partition of [m] by C, i.e., C = {Ck}k∈[K].
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Remark 1. Assumption 1 can be interpreted as a measure of distance be-
tween different distributions. Intuitively, it states that the optimal model
corresponding to one of the K different populations will not be a good model
for any other population. In general, Assumption 1 can be relaxed, to allow
for existence of m different distributions, one corresponding to each user,
while requiring that some of them are sufficiently close. We refer the reader
to Lemma 7 in the Appendix, for a formal result of this argument.

Remark 2. Assumption 1 also gives a lower bound on the error caused by
using models coming from different clusters. To see this, let i, j ∈ [m] be
two users such that i ∈ Ck, j ∈ Cl, k ̸= l and ni ≫ nj. If user j, due to a
lack of available samples, decides to use the model trained by user i, given by
θ̂i = argminθi∈Θ fi(θi), then the error stemming from such an approximation
is

∥θ̂i − θ⋆l ∥ ≥ ∥θ⋆k − θ⋆l ∥ − ∥θ⋆k − θ̂i∥. (5)

By Assumption 1, the first term on the right hand side of (5) is lower bounded
by D. For the second term, under certain regularity conditions (to be for-
malized below), we can apply results from learning theory, e.g., [33], to get

∥θ̂i − θ⋆l ∥ ≥ D − Ω

(
1

√
ni

)
.

The above equation tells us that the error floor of using a model from a dif-
ferent cluster grows with both D and the number of samples available to user

i. For example, as we will show in Corollary 1 ahead, for D > 2

√
|C(1)|
|C(K)|

≥ 2

that allows our method to achieve order-optimal MSE rates, the error floor
in the ideal case of balanced cluster sizes becomes

∥θ̂i − θ⋆l ∥ > 2− Ω

(
1

√
ni

)
= Ω(1) ,

thus showing that the error of using a model coming from a different cluster
has a constant error floor.

Under Assumption 1, the population loss in (1) can be rewritten as

F (θ) =

K∑
k=1

|Ck|
m

Fk(θ). (6)

Similarly, the empirical loss in (3) can be cast as

f(θ) =

K∑
k=1

|Ck|
m

gk(θ), (7)
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where gk : Θ 7→ R is the cluster-wise loss

gk(θ) =
1

|Ck|
∑
i∈Ck

fi(θ).

Note that both (6) and (7) have a clear clustering structure. These formu-
lations suggest a natural approach model training, where the goal is to find
K different models, one corresponding to each cluster. Thereafter, each user
from the cluster is assigned the cluster-wide optimal model. Formally, the
goal is to find K models, by solving

argmin
θ1,...,θK∈Θ

K∑
k=1

|Ck|
m

gk(θk). (8)

To see why such an approach is optimal recall that, for a user i ∈ Ck, the
optimal population model is given by θ⋆k = argminθk∈Θ Fk(θk). If we denote
the empirical risk minimizers (ERMs) as θ̂i = argminθi∈Θ fi(θi), under some
regularity conditions (to be formalized below), we know from, e.g., [33], that
the following MSE guarantee holds

E∥θ⋆k − θ̂i∥2 = O
(

1

ni

)
,

where ni is the number of samples available to user i. Let θ̂k be minimizer of
the empirical cluster-wise cost, i.e., θ̂k = argminθk∈Θ gk(θk). We then have
the following MSE guarantee

E∥θ⋆k − θ̂k∥2 = O

(
1∑

i∈Ck
ni

)
,

which shows the clear benefits of clustered learning, as 1∑
i∈Ck

ni
< 1

ni
, for all

i ∈ Ck. On the other hand, by Assumption 1 and cluster design, the benefits
of further merging (and/or modifying) the clusters, in terms of sample size,
can potentially be significantly outweighted by the distribution skew between
two different clusters (recall Remark 2).

We now state the rest of the assumptions used throughout the paper.

Assumption 2. The parameter space Θ ⊂ Rd is a compact, convex set, with
θ⋆k ∈ int Θ, for all k ∈ [K].

Remark 3. Assumption 2 is a standard assumption on the parameter space
in statistical learning literature, e.g., [14], [33], [34].
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Remark 4. Assumption 2 implies the existence of a global constant R > 0
such that, for all θ ∈ Θ

∥θ∥ ≤ R.

Assumption 3. For any fixed x ∈ X , the loss function ℓ(·;x) : Θ 7→ R is:

1. Nonnegative, i.e., for any θ ∈ Θ, ℓ(θ;x) ≥ 0.

2. Convex, i.e., for any θ, θ′ ∈ Θ, we have

ℓ(θ′;x) ≥ ℓ(θ;x) + ⟨∇ℓ(θ;x), θ′ − θ⟩.

3. Smooth, i.e., there exists a constant L > 0 such that, for any θ, θ′ ∈ Θ,
we have

ℓ(θ′;x) ≤ ℓ(θ;x) +
〈
∇ℓ(θ;x), θ′ − θ

〉
+
L

2
∥θ′ − θ∥2.

Remark 5. Assumption 3 requires ℓ to be non-negative, convex and smooth.
It is a straightforward exercise to show that this in turns implies non-negativity,
convexity and smoothness of all of F , f , Fk and gk, k ∈ [K] and fi, i ∈ [m].

Remark 6. Note that the constant L for the smoothness condition is in-
dependent of the choice of x, i.e., L is a global constant that holds for any
choice of x ∈ X .

Remark 7. Recall that, under convexity of ℓ, the smoothness condition is
equivalent to Lipschitz continuous gradient of ℓ, i.e., for any fixed x ∈ X and
any θ, θ′ ∈ Θ, we have

∥∇ℓ(θ;x)−∇ℓ(θ′;x)∥ ≤ L∥θ − θ′∥.

From Remark 7, we can see that, for each fixed x ∈ X , the gradients of
ℓ are continuous. Using the compactness of Θ, we can conclude that ℓ has
bounded gradients over Θ, for any fixed x ∈ X . Denote by S the global
gradient bound, i.e., S = supx∈X , θ∈Θ ∥∇ℓ(θ;x)∥.

Next, from Remark 5 and compactness of Θ, we can conclude that each
Fk, k ∈ [K] and each fi, i ∈ [m], have bounded gradients on Θ. Denote the
corresponding gradient bounds by GFk

and Gfi , respectively, i.e., GFk
:=

maxθ∈Θ ∥∇Fk(θ)∥, k ∈ [K] and Gfi := maxθ∈Θ ∥∇fi(θ)∥, i ∈ [m]. Appealing
to the mean value theorem, we can conclude that Fk is Lipschitz continuous,
with constant GFk

, k ∈ [K].
The next assumption considers the behaviour of the cluster population

losses Fk, k ∈ [K].

10



Assumption 4. For each k ∈ [K], the population loss Fk(θ) = EXk∼Dk
[ℓ(θ;Xk)]

is strongly convex, i.e., there exists a constant µFk
> 0, such that, for all

θ, θ′ ∈ Θ, we have

Fk(θ
′) ≥ Fk(θ) + ⟨∇Fk(θ), θ

′ − θ⟩+ µFk

2
∥θ − θ′∥2.

Remark 8. In addition to requirements of Assumption 3, that implies con-
vexity of each Fk, we require them to be even "better" behaved, i.e., we require
them to be strongly convex. This will facilitate the rest of the analysis and
allow for stronger bounds to be obtained.

Assumption 5. For each k ∈ [K], there exists a neighborhood Uk = {θ ∈
Θ : ∥θ − θ⋆k∥ ≤ ρk}, where θ⋆k = argminθk∈Θ Fk(θk), ρk > 0, such that, for
any fixed x ∈ X , the loss ℓ has Lipschitz continuous Hessian, i.e., there exists
a constant Pk > 0, such that, for any θ, θ′ ∈ Uk, we have

∥∇2ℓ(θ;x)−∇2ℓ(θ′;x)∥ ≤ Pk∥θ − θ′∥.

Remark 9. Assumption 5 requires each population loss to be well-behaved
in a neighborhood of the optimal model. Akin to Assumption C in [14], this
assumption is required for averaging methods to work. We refer the reader
to [14] and references therein, for an elaborate discussion on this requirement.

Note that, for each k ∈ [K], the set Uk is compact. Using the continuity
of the Hessian on Uk, via Assumption 5, we can conclude that the Hessian of ℓ
is bounded on all Uk, k ∈ [K]. Denote the bounding constants asHk, k ∈ [K],
i.e.,
Hk = supx∈X , θ∈Θ ∥∇2ℓ(θ;x)∥, k ∈ [K].

Assumptions 2-5 are standard in the literature, e.g., the reader is referred
to [14], [34] and the references therein. The authors in [14] require that the
population loss be strongly convex only in a neighborhood of the optimal
model, which is more relaxed than the requirement of Assumption 4. How-
ever, this condition is required in [34], whose results we apply to construct
a high probability bound in the following sections.

Note that the formulation (8) implicitly assumes the knowledge of the
true clustering structure. In reality, the distributions and their associated
clustering structures are not known. Moreover, even the exact number of
different distributions, K, is typically not available. Therefore, the formu-
lation (8) is impossible to obtain and solve in practice. In what follows, we
propose a method that is able to deal with these issues, by correctly identify-
ing the true clusters and producing models that offer the same order-optimal
MSE guarantees, as the models with knowledge of the true clustering struc-
ture, obtained by (8).
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2.1 The method from [14]

The authors in [14] study the problem of finding the optimal model for (1),
under the assumption that all the distributions are the same, i.e., Dk = D,
for all k ∈ [K]. They propose the following two-step method, that requires
only one round of communication:

1. Each user i obtains a local model θ̂i, by solving
θ̂i = argminθ∈Θ fi(θ) and sends it to the server.

2. The sever receives the local models and produces the final model by
averaging, i.e., θ = 1

m

∑m
i=1 θ̂i.

Assuming ni = n, i ∈ [m], for some n ∈ N, the authors show that, when
n ≥ m, the method results in the order-optimal MSE, i.e., we have

E∥θ − θ⋆∥2 = O
(

1

mn

)
.

Here, θ⋆ = argminθ∈Θ F (θ) is the optimal model for the entire population.

2.2 Convex clustering

Convex clustering is a well-studied approach to clustering, e.g.. [35], [36] [37],
wherein the clustering problem is formulated as a strongly convex opti-
mization problem with group lasso regularization. As such, the method
is guaranteed to have a unique solution and, moreover, does not require
knowledge of the true number of clusters K. Formally, for a given dataset
A = {a1, . . . , an} ⊂ Rd, the problem of convex clustering is formulated as

argmin
u1,...,un∈Rd

1

2

n∑
i=1

∥ai − ui∥2 + λ
∑
i<j

∥ui − uj∥, (9)

where λ > 0 is a tunable parameter. Let V = {Vk}k∈[K] be a partition of
A, such that ∪k∈[K]Vk = A and Vk ∩ Vl = ∅, k ̸= l. The authors in [37,
Corollary 7] show that, if λ satisfies

max
k∈[K]

diam(Vk)

|Vk|
≤ λ < min

k ̸=l
k,l∈[K]

∥c(Vk)− c(Vl)∥
2n− |Vk| − |Vl|

, (10)

the partition, i.e., the clustering, is recovered, in the sense that, for a mapping
ψ(xi) = u⋆i , we have u⋆i = u⋆j , for all i, j ∈ Vk and u⋆i ̸= u⋆j , for all i ∈ Vk,
j ∈ Vl, k ̸= l. Here, {u⋆i }ni=1 = {u⋆i (λ)}ni=1 is the (unique) optimal solution
produced by (9), diam(S) = max{∥x − y∥ : x, y ∈ S}, is the diameter of a
set S ⊂ Rd, while c(S) = 1

|S|
∑

x∈S x, is the centroid of S.
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3 Algorithm design

In this section, we outline our one-shot algorithm for FL in heterogeneous
environments. Subsection 3.1 describes the proposed one-shot method. Sub-
section 3.2 outlines some considerations when applying the method in prac-
tice.

3.1 The proposed method

In order to deal with the presence of multiple data distributions, we propose
a method that works as follows:

1. Each user i obtains a local model θ̂i, by solving
θ̂i = argminθi∈Θ fi(θi) and sends it to the server.

2. The server receives the local models {θ̂i}mi=1, chooses a value λ > 0
(check Subsection 3.2 ahead) and runs the convex clustering algo-
rithm (9), with the local models as inputs, resulting in K ′ clusters
C′ = {C ′

k′}k′∈[K′].

3. The server then averages the local models according to the resulting
clusters, i.e., for each obtained cluster C ′

k′ , k
′ ∈ [K ′], the server per-

forms θk′ = 1
|C′

k′ |
∑

i∈C′
k′
θ̂i.

4. The server then sends the models to each user, corresponding to their
cluster assignment, i.e., each user i ∈ C ′

k′ receives the model θk′ .

Note that the main difference between the method in [14] and the pro-
posed method is in step 2, where the server performs clustering of the models.
This step is necessary, as we aim to identify the true clustering structure,
and produce a model that maintains the guarantees of the clustered ap-
proach (8). We chose the convex clustering method, e.g., [37], [35], as it
does not require knowledge of the exact number of clusters K. Note that, if
knowledge of the number of clusters was available, a simpler algorithm, like
K-means, e.g., [38], [39], or gradient clustering, e.g., [40], can be applied.

3.2 Practical considerations

The lower and upper bounds in the recovery condition (10) both depend on
the recovered clustering, which in turns depends on the value of λ, via (9).
This shows that (10) (and (12) ahead) can only be verified in "a posteriori"
manner, after (9) is solved. Therefore, choosing an appropriate value of λ

13



can be difficult in practice. In this subsection we provide an algorithm that
includes practical guidelines on choosing an appropriate value of the param-
eter λ, elaborating on step 2) from the previous subsection. The algorithm
works as follows:

1. Each user i obtains a local model θ̂i, by solving
θ̂i = argminθi∈Θ fi(θi) and sends it to the server.

2. The server receives the local models {θ̂i}mi=1 and chooses a range of
strictly increasing values of λ, {λ1, λ2, . . . , λN}, such that solving the
convex clustering problem (9) results in the number of clusters Kλi

sat-
isfying Kλ1 = m and KλN

= 12. The server runs the convex clustering
algorithm for each value of λi and verifies the condition (10).

(a) If the condition (10) is verified for some values of λi, the server
takes a value λi (and the associated clustering) such that the same
number of clusters Kλi

is recovered for the largest number of λi’s
verifying (10).

(b) If the condition (10) is not verified for any value of λi, the server
takes a value λi (and the associated clustering) such that the
violation of the condition (10) is minimal, i.e., take a λi such that
the difference between the associated lower and upper bounds is
the smallest.

3. The server then averages the local models according to the resulting
clusters C′ = {C ′

k′}k′∈[K′], i.e., for each obtained cluster C ′
k′ , k

′ ∈ [K ′],
the server performs θk′ = 1

|C′
k′ |
∑

i∈C′
k′
θ̂i.

4. The server then sends the models to each user, corresponding to their
cluster assignment, i.e., each user i ∈ C ′

k′ receives the model θk′ .

The procedure in step 2 is known as "clusterpath", e.g., [36]. The intu-
ition behind it is to either take a value of λ that results in a clustering that is
the likeliest to be "true", or to take a value of λ for which the resulting clus-
tering is the likeliest to be "close" to a true clustering. Note that in general,
the recovery guarantees of convex clustering hold only when λ satisfies (10).
However, in practice, convex clustering is known to perform well even when

2From the formulation of convex clustering (9), it is obvious that, for λ sufficiently
small, the optimal solution is going to be u⋆

i = ai, i ∈ [m], i.e., Kλ = m. On the other
hand, the authors in [41] show that, for λ sufficiently large, we have Kλ = 1. Hence, the
choices of λ guaranteeing Kλ = m and Kλ = 1 always exist.
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the condition (10) is not met, e.g., [37] show that exact clustering can be
recovered even for values of λ not in (10), with, e.g., [36], [42], validating the
performance on real data, without the knowledge of (10).

4 Theoretical guarantees

In this section, we present the theoretical guarantees of the proposed method.
In this section, for the sake of simplicity, we assume ni = n, for all i ∈ [m].
Subsection 4.1 introduces some technical details and lemmas used in our
work and presents the main result of the paper. Subsection 4.2 offers a
detailed comparison of our method with the method from [29]. Subsection 4.3
presents the MSE guarantees if the exact solutions of the local empirical risks
are replaced by approximate ones.

4.1 Main result

Specializing (10) to our method, we can see that, for the clustering in step
3 of our approach to be correct, i.e., to have K ′ = K and for all k ∈ [K],
a unique k′ ∈ [K ′] to satisfy C ′

k′ = Ck, we need the following condition
satisfied

max
k∈[K]

diam(Wk)

|Wk|
≤ λ < min

k ̸=l
k,l∈[K]

∥c(Wk)− c(Wl)∥
2m− |Wk| − |Wl|

, (11)

where Wk =
{
θ̂i : i ∈ Ck

}
, k ∈ [K] is the cluster containing the ERMs of

all users belonging to cluster Ck. Using the definitions of diam(·), c(·) and
Wk, k ∈ [K], we get that (11) is equivalent to

max
k∈[K], i,j∈Ck

∥∥∥θ̂i − θ̂j

∥∥∥
|Ck|

≤ λ < min
k ̸=l

k,l∈[K]

∥∥θk − θl
∥∥

2m− |Ck| − |Cl|
. (12)

Remark 10. Note that in general, condition (11) (and equivalently (12))
might not hold. However, in what follows, we consider all the possible out-
comes and quantify the probability of (12) being satisfied.

Next, we state some important results used in the rest of the section,
from [14] and [34].

Lemma 1 (Theorem 3 in [34]). Under Assumptions 1-4, for any k ∈ [K],
any i ∈ Ck and any 0 < δ < 1

2 , ϵ > 0, with probability at least 1 − 2δ, we
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have

Fk(θ̂i)− Fk(θ
⋆
k) ≤

16R2LC(ϵ, δ)

n
+

8R∥∇fi(θ⋆k)∥ log
2
δ

n

+
8LFk(θ

⋆
k) log

2
δ

µFk
n

+

(
8RL+GFk

+
4RLC(ϵ, δ)

n

)
ϵ,

where C(ϵ, δ) := 2
(
log 2

δ + d log 6R
ϵ

)
.

Lemma 2 (Theorem 1 in [14]). Under Assumptions 1-5, for each k ∈ [K]
and θk = 1

|Ck|
∑

i∈Ck
θ̂i, we have

E∥θk − θ⋆k∥2 ≤
2Ek

n|Ck|
+

5

µ2Fk
n2
(
H2

k log d+ Ek

)
Ek

+O
(
|Ck|−1 n−2

)
+O(n−3),

where Ek := E∥∇2Fk(θ
⋆
k)

−1∇ℓ(θ⋆k;X)∥2.

Note that the original results in [14] and [34] concern the global pop-
ulation loss (1) and the corresponding empirical loss (3). These directly
translate to each individual cluster in our framework, i.e., to each compo-
nent in (8). Additionally, note that Lemma 2 assumes knowledge of the true
clusters Ck, as the averaging is performed across the true clusters.

We are now ready to state the main result of the paper.

Theorem 1. Let Assumptions 1-5 hold. If the number of samples per user
satisfies n ≥ 3 and moreover

n

log n
>

2M(2m− |C(K−1)| − |C(K)|)2

|C(K)|2(D − 2γ)2
,

where β ≥ 1 and 0 < γ < D
2 are tunable parameters, while M = M(β) =

maxi,j∈Ck,k∈[K]Mik +Mjk, and for all i ∈ Ck, k ∈ [K]

Mik =
64R2L (log 2 + d log 6R+ (d+ 1)β)

µFk

+
16LFk(θ

⋆
k)(log 2 + β)

µ2Fk

+
16R∥∇fi(θ⋆k)∥(log 2 + β)

µFk

+
2GFk

+ 16RL (1 + log 2 + d log 6R+ (d+ 1)β)

µFk

,
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then, for any choice of λ ∈
[√

2M logn
n ,

|C(K)|(D−2γ)

2m−|C(K−1)|−|C(K)|

)
, we have that, for

all k ∈ [K], the models produced by the proposed method achieve the MSE

E∥θk − θ⋆k∥2 ≤
2Ek

n|Ck|
+

4KẼR2

n|C(K)|γ2
+

4KR2|C̃|2

nβ

+O
(
log d

n2

)
+O

(
K log d

n2γ2

)
+O

(
1

n2|Ck|

)
+O

(
K

n2|C(K)|γ2

)
+O

(
1

n3

)
+O

(
K

n3γ2

)
,

where Ek = E∥∇2Fk(θ
⋆
k)

−1∇ℓ(θ⋆k;X)∥2, Ẽ = 1
K

∑
k∈[K]Ek and |C̃|2 =

1
K

∑
k∈[K] |Ck|2.

Theorem 1 provides the MSE rate of the proposed method. If, in addition
to the conditions of Theorem 1, we have n ≥ |C(1)|, then, for the choice of
β ≥ 2, we have that the MSE rate is dominated by the first two terms, i.e.,

2Ek

n|Ck|
+

4KẼR2

n|C(K)|γ2
. (13)

Since 0 < γ < D
2 is a tunable parameter, if D > 2

√
|C(1)|
|C(K)|

, we can choose

γ =

√
|C(1)|
|C(K)|

, so that (13) becomes

2Ek

n|Ck|
+

4KẼR2

n|C(1)|
.

This observation directly leads to the following corollary.

Corollary 1. Let conditions of Theorem 1 hold. If additionally D > 2

√
|C(1)|
|C(K)|

and n ≥ |C(1)|, then for the choices of β ≥ 2 and γ =

√
|C(1)|
|C(K)

, we have the

following MSE, for all k ∈ [K]

E∥θk − θ⋆k∥2 ≤ O
(

1

n|Ck|

)
.

Corollary 1 shows that, if the populations are sufficiently separated, our
method can achieve the order-optimal MSE rate for each cluster, provided
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that users have sufficient number of samples available. This rate is equivalent
to the rate achieved by training a centralized learner on each cluster and
as we discuss in Subsection 4.2 ahead, it is a stronger result compared to
the current literature, where the convergence rate depends on the size of
the smallest cluster, |C(K)|. Remarkably, this is achieved with significant
communication savings, requiring only a single communication round. Some
remarks are now in order.

Remark 11. The MSE guarantees in Lemma 2 are established without any
requirements on the sample size n. This stems from the fact that the method
from Lemma 2 can be seen as an oracle method that knows the true clustering
structure. On the other hand, the sample size requirement in Theorem 1
stems from the fact that our method does not know the true clustering, hence
a sufficiently large sample size that guarantees the true clustering can be
recovered, is required.

Remark 12. Recall that the parameters β ≥ 1 and 0 < γ < D
2 are tunable.

From Theorem 1, we can see that both parameters offer a trade-off between
convergence speed and sample requirements. In particular, larger values of β
and γ result in faster convergence, at the expense of higher sample require-
ments.

Remark 13. Recall the condition on the number of samples, given by

n

log n
>

2M(2m− |C(K−1)| − |C(K)|)2

|C(K)|2(D − 2γ)2
,

where β ≥ 1 and 0 < γ < D
2 are tunable parameters, while M = maxi,j∈Ck,k∈[K]Mik+

Mjk, and for all i ∈ Ck, k ∈ [K]

Mik =
64R2L (log 2 + d log 6R+ (d+ 1)β)

µFk

+
16LFk(θ

⋆
k)(log 2 + β)

µ2Fk

+
16R∥∇fi(θ⋆k)∥(log 2 + β)

µFk

+
2GFk

+ 16RL (1 + log 2 + d log 6R+ (d+ 1)β)

µFk

.

We can identify three components of the condition that quantify the complex-
ity of different aspects of the system:

• M - quantifies the difficulty of the learning problems, as it depends on
problem parameters, such as the dimension of the parameter space d,
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the smoothness and strong convexity parameters L, GFk
, µFk

, etc. It
also depends on the population minimal value Fk(θ

⋆
k) and the proximity

of the population and local empirical risks in the form of ∥∇fi(θ⋆k)∥.
Hence, an easier learning problem implies smaller M .

• (2m−|C(K)|−|C(K−1)|)2
|C(K)|2

- quantifies how well balanced the clusters are. For
example, when the clusters are well balanced, so that |Ck| = m

K , for

all k ∈ [K], we have (2m−|C(K)|−|C(K−1)|)2
|C(K)|2

= 4(K − 1)2, while in the

extreme case of |C(K)| = |C(K−1)| = 1, we have (2m−|C(K)|−|C(K−1)|)2
|C(K)|2

=

4(m − 1)2. As K ≤ m, this again shows that balanced clusters are
favored over unbalanced ones.

• (D− 2γ)−2 - quantifies the difficulty of the clustering problem. If D is
smaller, population optima corresponding to different populations are
closer to one another and it is more difficult to cluster the local ERMs
correctly, hence requiring more samples. On the other hand, for larger
D, the clustering problem becomes easier and we require fewer samples
per user for correct clustering.

Remark 14. Recall the condition on D in Corollary 1, D > 2

√
|C(1)|
|C(K)|

.

When the clusters are well balanced, so that |Ck| = m
K , k ∈ [K], our method

can achieve order-optimal rates if the minimal separation between population
optima of different clusters is D > 2, i.e., independent of any problem pa-
rameters. On the other hand, in the worst case, we can have D > 2

√
m− 1,

if there are only two clusters C1, C2, such that |C1| = 1, |C2| = m− 1.

Proof of Theorem 1. We start by noting that, for any event Ψ, we have

E∥θ̂k − θ⋆k∥2 = E∥θ̂k − θ⋆k∥2IΨ + E∥θ̂k − θ⋆k∥2IΨc , (14)

where IΨ is the indicator random variable. We now proceed to define a
specific event Ψ and establish the resulting bounds.

Applying Lemma 1 for the choice of δ = ϵ = 1
nβ , for some β > 0, we get
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that, for all k ∈ [K] and all i ∈ Ck, we have

∥θ̂i − θ⋆k∥2 ≤
32R2LC(ϵ, δ)

nµFk

+
16LFk(θ

⋆
k)(log 2 + β log n)

nµ2Fk

+
16R∥∇fi(θ⋆k)∥(log 2 + β log n)

nµFk

+

(
16RL+ 2GFk

+ 8RLC(ϵ,δ)
n

)
nβµFk

,

(15)

with probability at least 1− 2
nβ , where C(ϵ, δ) = 2 (log 2 + d log 6R+ (d+ 1)β log n).

Here, we used strong convexity of Fk, which implies

∥θ̂i − θ⋆k∥2 ≤
2

µFk

(
Fk(θ̂i)− Fk(θ

⋆
k)
)
.

Note that, for β ≥ 1 and n ≥ 3, the dominating term in (15), in terms of
the number of samples n, is of the order O

(
logn
n

)
. We can therefore upper-

bound the right-hand side of (15) by Mik logn
n , where Mik, i ∈ Ck, k ∈ [K] is

defined as follows

Mik =
64R2L (log 2 + d log 6R+ (d+ 1)β)

µFk

+
16LFk(θ

⋆
k)(log 2 + β)

µ2Fk

+
16R∥∇fi(θ⋆k)∥(log 2 + β)

µFk

+
2GFk

+ 16RL (1 + log 2 + d log 6R+ (d+ 1)β)

µFk

.

As Mik logn
n is an upper bound on the right-hand side of (15), we can therefore

conclude that, for any i ∈ Ck, k ∈ [K]

P
(
∥θ̂i − θ⋆k∥2 ≤

Mik log n

n

)
≥ 1− 2

nβ
. (16)

Next, define the events

Σij =

{
ω : ∥θ̂i − θ̂j∥2 ≤

2(Mik +Mjk) log n

n

}
,

Υi =

{
ω : ∥θ̂i − θ⋆k∥2 ≤

Mik log n

n

}
.
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for all i, j ∈ Ck, i ̸= j, k ∈ [K]. Noting that

∥θ̂i − θ̂j∥2 ≤ 2∥θ̂i − θ⋆k∥2 + 2∥θ̂j − θ⋆k∥2,

we can conclude that, for all i, j ∈ Ck, k ∈ [K]

P (Υi ∩Υj) ≤ P (Σij) . (17)

For Σ = ∩i,j∈Ck,i ̸=j,k∈[K]Σij , we then get the following bound

P(Σ) ≥ 1−
∑
i ̸=j

i,j∈Ck
k∈[K]

P(Σc
ij) ≥ 1−

∑
i ̸=j

i,j∈Ck
k∈[K]

P ((Υi ∩Υj)
c)

≥ 1−
∑
i ̸=j

i,j∈Ck
k∈[K]

4

nβ
≥ 1− 2

nβ

∑
k∈[K]

|Ck| (|Ck| − 1)

≥ 1− 2K|C̃|2

nβ
,

where |C̃|2 = 1
K

∑
k∈[K] |Ck|2, the first inequality follows from the union

bound, the second inequality follows from (17), while the third inequality
follows from the union bound and (16). Next, for any k, l ∈ [K], we have
that

∥θk − θl∥ ≥ ∥θ⋆k − θ⋆l ∥ − ∥θk − θ⋆k∥ − ∥θl − θ⋆l ∥. (18)

For any γ > 0 and any k ∈ [K], applying Chebyshev’s inequality and
Lemma 2, we get the following bound

P
(
∥θk − θ⋆k∥ > γ

)
≤

E∥θk − θ⋆k∥2

γ2
≤ 2Ek

n|Ck|γ2

+
5
(
H2

k log d+ Ek

)
Ek

µ2Fk
n2γ2

+O
(

1

|Ck|n2γ2

)
+O

(
1

n3γ2

)
.

(19)
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Define the event Λ = ∩k∈[K]

{
ω : ∥θk − θ⋆k∥ ≤ γ

}
. We then have

P(Λ) ≥ 1−
∑
k∈[K]

P
(
∥θk − θ⋆k∥ > γ

)
≥ 1−

∑
k∈[K]

(
2Ek

n|Ck|γ2
+

5
(
H2

k log d+ Ek

)
Ek

µ2Fk
n2γ2

+O
(

1

|Ck|n2γ2

)
+O

(
1

n3γ2

))

≥ 1− 2KẼ

n|C(K)|γ2
−

5K
(
H̃2 log d+ Ẽ

)
Emax

µ2Fmin
n2γ2

− Ω

(
K

|C(K)|n2γ2

)
− Ω

(
K

n3γ2

)
,

where Ẽ = 1
K

∑
k∈[K]Ek, H̃2 = 1

K

∑
k∈[K]H

2
k , Emax = maxk∈[K]Ek and

µFmin = mink∈[K] µFk
. Recall that D = mink ̸=l ∥θ⋆k − θ⋆l ∥. Applying (18), we

then have that on Λ, for any k, l ∈ [K]

∥θk − θl∥ ≥ D − 2γ, (20)

which is valid for any γ < D
2 . Next, notice that on Σ, for all i, j ∈ Ck,

k ∈ [K], we have

∥θ̂i − θ̂j∥ ≤
√

2(Mik +Mjk) log n

n
. (21)

Plugging (20) and (21) in (12), we get that the true clustering can be recov-
ered if √

2M log n

n
<

|C(K)|(D − 2γ)

2m− |C(K−1)| − |C(K)|
, (22)

where M = maxi,j∈Ck, k∈[K](Mik + Mjk). For (22) to hold we need the
number of samples per user to be such that

n

log n
>

2M(2m− |C(K−1)| − |C(K)|)2

|C(K)|2(D − 2γ)2
. (23)

We then have that on Ψ = Σ ∩ Λ, if the number of samples per user satis-
fies (23), the true clustering can be recovered and Lemma 2 applies to our
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method. On the other hand, we have

P(Ψ) ≥ P(Σ) + P(Λ)− 1

≥ 1− 2KẼ

n|C(K)|γ2
−

5K
(
H̃2 log d+ Ẽ

)
Emax

µ2Fmin
n2γ2

− Ω

(
K

|C(K)|n2γ2

)
− Ω

(
K

n3γ2

)
− 2K|C̃|2

nβ
,

which implies

P(Ψc) ≤ 2KẼ

n|C(K)|γ2
+

2K|C̃|2

nβ
+O

(
K

|C(K)|n2γ2

)

+
5K

(
H̃2 log d+ Ẽ

)
Emax

µ2Fmin
n2γ2

+O
(

K

n3γ2

)
Combining everything in (14), we finally get

E∥θk − θ⋆k∥2 ≤ E∥θ̂k − θ⋆k∥2IΨ +R2P(Ψc)

≤ 2Ek

n|Ck|
+

2KẼR2

n|C(K)|γ2
+

2KR2|C̃|2

nβ
+O

(
1

|Ck|n2

)
+

5Ek

µ2Fk
n2
(
H2

k log d+ Ek

)
+

5R2KEmax

µ2Fmin
n2γ2

(
H̃2 log d+ Ẽ

)
+O

(
K

|C(K)|n2γ2

)
+O

(
1

n3

)
+O

(
K

n3γ2

)
,

for n satisfying (23).

4.2 Comparison with order-optimal CFL methods

In this section we compare the results from Theorem 1 with the guarantees
of other CFL methods. As discussed in the Introduction, many methods for
CFL have been proposed, with various requirements and guarantees. For
example, we can split the methods into the ones requiring knowledge of the
number of clusters K, e.g., [28], [29], [30] and the ones not requiring it,
e.g., [31], [32]. On the other hand, we can split them into the ones that
estimate the true clustering iteratively, e.g., [28], [29], [31], [32] and the ones
that perform clustering only ones during training, [30]. While all the pro-
posed methods offer certain advantages (as illustrated by the previous clas-
sification), we specifically compare our method with two methods, namely
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Iterative Federated Clustering Algorithm (IFCA), from [29], and the method
from [30]. The main reasons for comparing with these specific methods are:
1) both methods analyze their performance in terms of statistical guaran-
tees; 2) both methods are order-optimal, up to logarithmic factors and 3)
both methods derive explicit requirements for the number of communication
rounds. In what follows, due to some similarities of the methods and their
performances, we will provide a detailed outline of IFCA, while highlighting
where [30] differs significantly.

IFCA is an iterative algorithm for CFL that alternates between the fol-
lowing two steps: inferring cluster membership and updating the models. To
that end, IFCA is initialized by first producing K different models {θ0k}k∈[K],
where the superscript denotes the iteration counter. The method then pro-
ceeds as follows, for t = 0, . . . , T − 1:

1. The server broadcasts {θtk}k∈[K] to each user.

2. Each user evaluates the models on their local data and chooses the
model θt(i), where (i) = argmink∈[K] fi(θ

t
k).

3. Each user computes the local stochastic gradient gti = ∇̃fi(θt(i)), eval-
uated at θt(i). Users send the gradients back to the server, along with

a one-hot encoding vector si ∈ RK , such that sij =

{
1, (i) = j

0, (i) ̸= j
,

notifying the server which model was updated by user i.

4. The server forms clusters of users that updated specific models, based
on the received tokens {si}i∈[m] and performs the model update, i.e.,
θt+1
k = θtk − α 1

|Ct
k|
∑

i∈Ct
k
gti , where α > 0 is the step-size, while Ct

k =

{i ∈ [m] : sik = 1} is the cluster of users that updated model k at
iteration t.

On the other hand, the method in [30] can be seen as a modular method,
as it depends on the following three steps:

1. Each user trains the local ERMs and sends them to the server.

2. The server performs a clustering procedure.

3. A FL algorithm is run on the resulting clusters for T iterations to
produce the final models.
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From the algorithm above, we can see that both IFCA and the method [30]
require knowledge of the true number of distributions K (or at least a good
estimate), which is typically unavailable or would require running a separate
learning algorithm in practice (e.g., community detection). Secondly, both
require T rounds of communication, whereas our method requires a single
round of server-user communication. Comparing to our algorithm, IFCA al-
leviates the computational requirements on the server side, by only requiring
the server to average the received models. On the other hand, our algorithm
assumes that the server has enough computation resources to run the con-
vex clustering algorithm and perform inference on the underlying clustering
structure, significantly decreasing the communication cost.

Assumptions. Similarly to our algorithm, IFCA assumes that the pop-
ulation risks Fk, k ∈ [K] are L-smooth and µFk

strongly convex. The
method [30] requires a stronger assumption - namely, that the loss func-
tion ℓ is strongly convex. Additionally, IFCA assumes bounded variance of
ℓ with respect to all Dk, k ∈ [K], i.e.,

EX∼Dk

[
(ℓ(θ;X)− Fk(θ))

2
]
≤ η2,

for some η > 0. Intuitively, this assumption is made to ensure that the
empirical loss fi of user i ∈ Ck stays close to the true population loss Fk,
enabling clustering inference via the local loss. An additional assumption
made by IFCA, that is required for the convergence of the algorithm is
sufficiently close initialization, i.e., for all k ∈ [K], the authors require

∥θ0k − θ⋆k∥ ≤
(
1

2
− α0

)
D

√
µFmin

L
,

where α0 ∈ (0, 12) is a tunable parameter that determines the proximity of the
initialization to the true population optima. Note that such an assumption
is quite strong, as it requires ∥θ0k − θ⋆k∥ <

1
2D, for all k ∈ [K]. In order to

find such an initialization, the knowledge of underlying clusters, as well as
D, would have to be available. The method [30], like our method, does not
require such an assumption. IFCA requires three further assumptions:

1. |C(K)| ≳ log(mn)3, i.e., the size of the smallest cluster has to grow at
least logarithmically in the number of total samples available in the
system;

3Note that the authors in [29] use n′ = n
2T

in their theoretical analysis, i.e., they
require that each user contains n = 2Tn′ samples and all conditions in the original paper
are expressed in terms of n′. However, for the sake of simplicity, we will represent the
conditions in terms of n, effectively reducing the original sample size requirement by a
factor of 2T .
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2. n ≳ Kη2

α2
0µ

2
Fmin

D4 , i.e., each user contains a sufficient number of samples;

3. D ≥ Õ
(
max

{
α
−2/5
0 n−1/5, α

−1/3
0 m−1/6n−1/3

})
, i.e., the population opti-

mal models across different populations are sufficiently well separated.

Here, the operator x ≳ y indicates the existence of global constant C that
does not depend on the problem parameters, such that x ≥ Cy (the operator
x ≲ y is defined similarly), while Õ(·) hides logarithmic factors that do
not depend on m and n. On the other hand, both our method and the
method [30] do not require any assumptions on the separation parameter D
or on the size of the smallest cluster |C(K)|, effectively covering the cases
for which IFCA might fails, i.e., highly unbalanced clusters, e.g., |C(K)| =
O(1) and small separation between optimal models of different populations.
Comparing the requirements on the number of samples of our method, IFCA
and [30], we have, respectively,

n

log n
>

2M(2m− |C(K−1)| − |C(K)|)2

|C(K)|2(D − 2γ)2
,

n ≳
Kη2

α2
0µ

2
Fmin

D4
,

n ≥
G2

Fmax
L logm

µ3Fmin

,

where GFmax = maxk∈[K]GFk
. We can first see that that for our method, the

requirement is expressed in terms of n/logn, which, for n ≥ 3 is always more
relaxed than placing requirements directly on n. Comparing the right-hand
sides of the inequalities, we can see that the dependence of IFCA on K is
much better, as (recall Remark 13) the term (2m−|C(K−1)|−|C(K)|)2

|C(K)|2
evaluates

to 4(K − 1)2 in the best case, while being 4(m− 1)2 in the worst case. The
method [30] depends logarithmically on m. For D > 1, the dependence of
IFCA is again better, while, for D < 1, our method has a much better de-
pendence. Finally, the dependence on the problem parameters, encapsulated
in M , are again better for IFCA, as typically one would expect M > η2

µ2
Fmin

.

However, we stress that IFCA and [30] are iterative algorithms, allowing
for multiple rounds of communication, whereas the method we propose is
a one-shot method. Therefore, the higher requirements on the number of
samples are to be expected, but uncover regimes in which communicating
beyond one round to achieve order-optimality is redundant. Additionally,
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our method does not require knowledge of K, while both IFCA and [30]
assume the knowledge of the true value of K. All of these facts lead to less
strict requirements of IFCA on the number of samples per user, with respect
to different problem parameters (in some cases).

Guarantees. The guarantees of IFCA are given it terms of high prob-
ability bounds, while our guarantees, expressed in terms of the MSE, are
sharper. IFCA provides the following guarantee (Corollary 2 in [29]): after
T = 8mL

|C(K)|µFmin
log
(
2D
ε

)
communication rounds, with probability at least

1− δ
∥θTk − θ⋆k∥ ≤ ε,

where

ε ≲
σmaxKL log(mn) (m/|C(K)|)

2

µFminδ
√
n|C(K)|

+ Õ
(

1

n
√
m

)

+
η2L2(m/|C(K)|)

2K log(mn)

µ4Fmin
δD4n

.

(24)

We can see that, assuming n ≥ |C(1)|, the dominating term in (24) becomes

∥θTk − θ⋆k∥ = O

 log(mn)√
n|C(K)|

 ,

for all k ∈ [K], which is almost order-optimal, up to a logarithmic factor and
dependence on the smallest cluster size. The guarantees of [30] are similar,
i.e., via Theorem 1 in [30], we have that: after T = O

(
L+µFmax
µFmin

log
(µFmax

2ε

))
communication rounds, with high probability, for all k ∈ [K]

∥θTk − θ⋆k∥ ≤ O

(
logmn√
n|Ck|

)
.

On the other hand, from Theorem 1, for n ≥ |C(1)|, we have

E∥θk − θ⋆k∥ = O

 1√
n|C(K)|

 ,

for all k ∈ [K], which is almost order-optimal, with the dependence on
the smallest cluster size. Therefore, we can see that our method removes
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the logarithmic dependence on the total number of samples, of both IFCA
and [30], while simultaneously reducing the communication cost by a factor
of O

(
κ
p log

(
2D
ε

))
with respect to IFCA (and similar with respect to [30]),

where κ = L
µFmin

≥ 1 is the condition number, while p =
|C(K)|

m < 1 is the
fraction of users belonging to the smallest cluster, reflecting the difficulty of
the clustering problem.

However, we can see that Theorem 1 provides guarantees in terms of
the size of the smallest cluster, |C(K)|, while Theorem 1 in [30] provides the
guarantees in terms of the true cluster size |Ck|, for each k ∈ [K]. Applying

Corollary 1, for D > 2

√
|C(1)|
|C(K)|

, our method matches the dependence on

individual cluster sizes of [30], while removing the logarithmic dependence
on the total number of samples, thus achieving the order-optimal rate

E∥θk − θ⋆k∥ = O

 1√
n|C(k)|

 ,

for all k ∈ [K], while still providing a reduction in communication cost by
a factor of O

(
κ
p log

(
2D
ε

))
. Hence, we can see that our method provides

order-optimal convergence guarantees, improving on the guarantees of both
IFCA and [30] by a factor logarithmic in the total number of samples in
the system. Remarkably, this is achieved while simultaneously reducing the
communication cost by a factor of O

(
κ
p log

(
2D
ε

))
and without requiring any

knowledge of the underlying structure, while both IFCA and [30] assume
knowledge of K.

4.3 Inexact ERMs

In this section we consider replacing the ERM model θ̂i = argminθi∈Θ fi(θi),
i ∈ [m], by an inexact estimate, i.e., an estimate θ̃i ∈ Θ, such that

∥θ̃i − θ̂i∥ ≤ ε, (25)

for some ε > 0. To that end, we need an additional assumption on the strong
convexity of the empirical losses fi, i ∈ [m].

Assumption 6. For all i ∈ [m] the empirical loss fi is strongly convex, i.e.,
there exists a constant µfi > 0, such that, for all θ, θ′ ∈ Θ, we have

fi(θ
′) ≥ fi(θ) +

〈
∇fi(θ), θ′ − θ

〉
+
µfi
2

∥θ − θ′∥2.
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Denote by µf = mini∈[m] µfi.

Remark 15. Note that in general, Assumption 6 allows for the loss func-
tion ℓ to be convex, as long as the average across local samples, fi(θ) =
1
n

∑n
j=1 ℓ(θ;xij) is strongly convex.

Assumption 6 allows for each user to apply iterative solvers, to obtain
parameters θ̂i that satisfy (25). A standard choice is the stochastic gradient
descent (SGD) algorithm [43]. SGD follows a simple update rule, given by

θt+1 = θt − ηtgt,

where θt is the estimate of the parameter of interest at iteration t, ηt is the
step-size and gt is a stochastic gradient, evaluated at θt.

SGD can be implemented in both the online setting, where users only
have access to a single stochastic gradient at a time and in the batch setting,
where users have access to the entire local dataset. Additionally, SGD offers
the most general guarantees with respect to the mini-batch size and can be
implemented even with a mini-batch size of 1. We discuss at the end of the
section how different assumptions can allow for the implementation of more
efficient algorithms, in terms of the local iteration complexity per user. Next,
we state an additional assumption on the stochastic gradients of fi.

Assumption 7. For each i ∈ [m] and all θ ∈ Θ, stochastics gradient gi
of fi, evaluated at θ, are unbiased, i.e., E [gi] = ∇fi(θ). Additionally, the
stochastic gradients have bounded variance, i.e., there exists a σi > 0, such
that for all θ ∈ Θ, we have

E∥gi −∇fi(θ)∥2 ≤ σ2i .

Remark 16. Assumption 7 is standard in the analysis of stochastic algo-
rithms, e.g., [44], [45], [46].

Remark 17. Recall the discussion in Section 2 and Remarks 5-7, that imply
bounded gradients of fi, with constant Gfi . Combining with Assumption 7,
it then follows that, for all θ ∈ Θ

E∥gi∥2 ≤ 2E∥gi −∇fi(θ)∥2 + 2∥∇fi(θ)∥2 ≤ 2σ2i + 2G2
fi
.

Define Γ2
i := 2σ2i + 2G2

fi
, i ∈ [m] and denote by Γ2 = maxi∈[m] Γ

2
i . We

now state two well-known result on the convergence of SGD from [44], used
in the rest of the section.
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Lemma 3 (Lemma 1 in [44]). Under Assumptions 2, 3, 6 and 7, for all
i ∈ [m], if we set the step-size rule of SGD as ηt = 1

µfi
t , it holds for any

T ≥ 1 and any i ∈ [m] that

E∥θTi − θ̂i∥2 ≤
4Γ2

i

µ2fiT
.

Lemma 4 (Lemma 2 in [44]). Let Assumptions 2, 3, 6 and 7 hold and let
∥gt∥2 ≤ Γ2, with probability 1. Then, for all i ∈ [m] and any δ ∈ (0, 1/e), T ≥
4, if we set the step-size rule of SGD as ηt = 1

µfi
t , it holds with probability

1− δ, for any t ∈ {8, . . . , T − 1, T} and any i ∈ [m], that

∥θti − θ̂i∥2 ≤
12Γ2

µ2fit
+ 8G(121G+ 1)

log (log(t)/δ)

t
.

We are now ready to state and prove counterparts of Lemmas 1 and 2,
when an inexact ERM estimator is used.

Lemma 5. Let Assumptions 1-4, 6 and 7 hold and ∥gt∥2 ≤ Γ2 with prob-
ability 1. If each user runs SGD locally for T iterations, with the step-size
rule ηt = 1

µf t
, to produce θTi , i ∈ [m] and T is chosen such that T ≥ 15 and

T
log log(T ) ≥

(
12Γ2

µ2
f

+ 8G(121G+ 1)(1 + log 1
δ )

)
1
ε2

, then for any k ∈ [K], any

i ∈ Ck and any ϵ > 0, 0 < δ < 1
3 , with probability at least 1 − 3δ, we have,

for any i ∈ Ck, k ∈ [K]

Fk(θ
T
i )− Fk(θ

⋆
k) ≤

16R2LC(ϵ, δ)

n
+

8R∥∇fi(θ⋆k)∥ log
2
δ

n

+
8LFk(θ

⋆
k) log

2
δ

µFk
n

+

(
8RL+GFk

+
4RLC(ϵ, δ)

n

)
ϵ

+ εGFk
,

where C(ϵ, δ) := 2
(
log 2

δ + d log 6R
ϵ

)
.

Proof. For any θ ∈ Θ, any k ∈ [K] and any i ∈ Ck, we have

Fk(θ)− Fk(θ
⋆
k) ≤

∣∣∣Fk(θ)− Fk(θ̂i)
∣∣∣+ Fk(θ̂i)− Fk(θ

⋆
k). (26)

We can bound the second term on the right hand side of (26) using Lemma 1.
To bound the first term, we use Lipschitz continuity of Fk (recall the discus-
sion in Section 2), to get∣∣∣Fk(θ)− Fk(θ̂i)

∣∣∣ ≤ GFk
∥θ − θ̂i∥. (27)
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Next, applying Lemma 4, we have that, with probability at least 1− δ

∥θTi − θ̂i∥2 ≤
12Γ2

µ2fT
+ 8G(121G+ 1)

log (log(T )/δ)

T
.

As T ≥ 15, we can use the following upper-bound, with probability at least
1− δ

∥θTi − θ̂i∥2 ≤
12Γ2

µ2f

log log(T )

T

+ 8G(121G+ 1)

(
1 + log

1

δ

)
log log(T )

T
.

From the conditions of the Lemma, we can then conclude that

∥θTi − θ̂i∥ ≤ ε. (28)

Plugging (28) into (27) and combining in (26), we finally get that, with
probability at least 1− δ

Fk(θ
T
i )− Fk(θ

⋆
k) ≤ εGFk

+ Fk(θ̂i)− Fk(θ
⋆
k).

The result is completed by applying Lemma 1 to the second term on the
right hand side of the final inequality.

Lemma 6. Let Assumptions 1-7 hold and each user runs SGD locally for T
iterations, to produce θTi . If T ≥ 4Γ2

µ2
f ε

, then for θ̃k = 1
|Ck|

∑
i∈Ck

θTi , k ∈ [K],
we have

E∥θ̃k − θ⋆k∥2 ≤
4Ek

n|Ck|
+

10

µ2Fk
n2
(
H2

k log d+ Ek

)
Ek

+O
(
|Ck|−1 n−2

)
+O(n−3) + ε,

where Ek := E∥∇2Fk(θ
⋆
k)

−1∇ℓ(θ⋆k;X)∥2.

Proof. From Lemma 3, we know that, for each i ∈ [m], running SGD locally
for T ≥ 4Γ2

µ2
f ε

iterations results in

E∥θTi − θ̂i∥2 ≤ ε. (29)

Define the across-cluster average of ε-inexact approximations as θ̃k = 1
|Ck|

∑
i∈Ck

θTi .
We then have

E∥θ̃k − θ⋆k∥2 ≤ 2E∥θk − θ⋆k∥2 + 2E∥θ̃k − θk∥2, (30)
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where θk = 1
|Ck|

∑
i∈Ck

θ̂i. We can bound the first term on the right-hand
side of (30) using Lemma 2. For the second term, we use (29), to obtain

E∥θ̃k − θk∥2 ≤
1

|Ck|
∑
i∈Ck

E∥θTi − θ̂i∥2 = ε.

Combining the results and plugging in (30), we get

E∥θ̃k − θ⋆k∥2 ≤
4Ek

n|Ck|
+

10

µ2Fk
n2
(
H2

k log d+ Ek

)
Ek

+O
(
|Ck|−1 n−2

)
+O(n−3) + ε,

which completes the proof.

Lemmas 5 and 6 give us the counterparts of Lemmas 1 and 2 in the case
where an approximate solution to the ERM is used instead of the exact one.
We can apply them to prove the following.

Theorem 2. Let Assumptions 1-7 hold and ∥gt∥2 ≤ Γ2 with probability 1.
If each user runs SGD locally for T iterations to produce θTi , i ∈ [m] and the
number of samples per user n and the number of local iterations T are such

that n > 3, T ≥ max

{
15, 4Γ

2

µ2
f ε

}
and moreover

n

log n
> 2M

(
(D − 2γ)2|C(K)|2

(2m− |C(K)| − |C(K−1)|)2
− 4εSF

)−1

T

log log (T )
≥
(
12Γ2

µ2f
+ 8G(121G+ 1)(1 + β log n)

)
1

ε2

,

where β ≥ 1 and 0 < γ < D
2 are tunable parameters, SF = maxk∈[K]

GFk
µFk

,
while M =M(β) = maxi,j∈Ck,k∈[K]Mik +Mjk, and for all i ∈ Ck, k ∈ [K]

Mik =
64R2L (log 2 + d log 6R+ (d+ 1)β)

µFk

+
16LFk(θ

⋆
k)(log 2 + β)

µ2Fk

+
16R∥∇fi(θ⋆k)∥(log 2 + β)

µFk

+
2GFk

+ 16RL (1 + log 2 + d log 6R+ (d+ 1)β)

µFk

,
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then, for any choice of λ ∈
[√

2M logn
n + 4εSF ,

|C(K)|(D−2γ)

2m−|C(K−1)|−|C(K)|

)
, we have

that, for all k ∈ [K], the models produced by the inexact method achieve the
MSE

E∥θ̃k − θ⋆k∥2 ≤
4Ek

n|Ck|
+

4KẼR2

n|C(K)|γ2
+

3KR2|C̃|2

nβ

+
10Ek

µ2Fk
n2
(
H2

k log d+ Ek

)
+

10R2KEmax

µ2Fmin
n2γ2

(
H̃2 log d+ Ẽ

)
+O

(
1

|Ck|n2

)
+O

(
K

|C(K)|n2γ2

)
+O

(
1

n3

)
+O

(
K

n3γ2

)
+ ε

(
1 +

2R2K

γ2

)
,

where Ek = E∥∇2Fk(θ
⋆
k)

−1∇ℓ(θ⋆k;X)∥2, Emax = maxk∈[K]Ek, Ẽ = 1
K

∑
k∈[K]Ek,

H̃ = 1
K

∑
k∈[K]Hk and |C̃|2 = 1

K

∑
k∈[K] |Ck|2.

We can provide an analogue to Corollary 1 in the inexact ERM scenario.

Corollary 2. Let conditions of Theorem 2 hold. If additionally D > 2

√
|C(1)|
|C(K)|

and n ≥ |C(1)|, then for the choices of β ≥ 2 and γ =

√
|C(1)|
|C(K)|

, we have the

following MSE, for all k ∈ [K]

E∥θ̃k − θ⋆k∥2 ≤ O
(

1

n|Ck|
+ ε

)
.

The proof of Theorem 2 follows the same idea as the proof of Theorem 1,
replacing the results of Lemmas 1 and 2 with results from Lemmas 5 and 6.
For the sake of brevity, we omit the proof. Some comments are now in order.

Remark 18. Comparing the MSE rates of Theorem 1 and Theorem 2, we
can see that the main difference is the presence of an additional term in
Theorem 2, that being

ε

(
1 +

2R2K

γ2

)
,

with ε > 0 representing the accuracy up to which we solve the local ERM. We
can therefore see that, as long as the local ERMs are solved up to precision
ε = O

(
1

n|C(1)|

)
, the rates of Theorem 1 are recovered, i.e., the final MSE
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is of the order O
(

1
n|C(k)|

)
, for all k ∈ [K]. This in turns leads to a local

iteration requirement of T ≥ max
{
15,

4n|C(1)|Γ2

µ2
ℓ

}
and

T

log log (T )
≥
(
6LΓ2

µ2ℓ
+ 4LG(121G+ 1)(1 + β log n)

)
n2|C(1)|2.

Remark 19. We can see from Corollary 2 that, if we solve the local problems
up to precision ε = 1

n|C(1)|
, we again obtain the order-optimal MSE rates

E∥θ̃k − θ⋆k∥2 = O
(

1

n|Ck|

)
,

for all k ∈ [K].

Remark 20. Note that the sample size requirement implicitly places a re-
quirement on the precision up to which we solve the local ERMs, i.e., we
have

ε <
(D − 2γ)2|C(K)|2

4SF (2m− |C(K)| − |C(K−1)|)2
.

This requirement can again be seen in terms of the "problem difficulty", with
respect to different system aspects. For example, if the clusters are well
separated, so that D−2γ is large, we can solve the local ERMs up to moderate,
or even low precision, while for clusters that are not well separated, we need
to solve the local ERMs to high precision in order to achieve the optimal
rates. Similarly, if the clusters are well balanced, i.e., |Ck| = m

K , for all

k ∈ [K], the term |C(K)|2
(2m−|C(K)|−|C(K−1)|)2

evaluates to 1
4(K−1)2

, while in the

extreme case of |C(K)| = |C(K−1)| = 1, the term evaluates to 1
4(m−1)2

. For
K ≪ m, we see that balanced clusters (easier clustering problem) again lead
to a lower precision requirement than the imbalanced clusters case. Finally,
recall that SF = maxk∈[K]

GFk
µFk

, where GFk
is the Lipschitz constant of Fk

(not the gradient!), while µFk
is the strong convexity constant of Fk, hence

showing that, if Fk’s are strongly convex (high µFk
) and don’t have big jumps

(low Lipschitz consant GFk
), the overall precision to which we have to solve

the local ERMs is relaxed.

Remark 21. The choice of SGD as the local solver is based on the flexibility
offered by the algorithm. The results from Lemmas 3 and 4 do not depend on
either the setting being online or locally stored data, nor do they place any
requirement on the mini-batch size used. This however leads to sub-optimal
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dependence on ε in the requirements on the number of local iterations each
user has to run.

Remark 22. If all the n local data samples were available to each user, vari-
ance reduction methods such as SAGA [45] and SVRG [46] could be applied,
making the number of iterations T dependence on ε only logarithmical, i.e.,
T = O

(
log 1

ε

)
.

Remark 23. Finally, we remark that Assumption 6 is the most general
form assumption on the loss function and as such, leads to the requirement
of solving the ERM to precision ε2. As shown in [33], Theorem 2, if the loss
is a generalized linear loss, then it suffices to solve the ERM up to precision
ε. While such an assumption is satisfied by a certain class of strongly convex
loss functions, such as support vector machines, linear and logistic regression,
it is less general than Assumption 6.

5 Numerical experiments

In this section we present numerical experiments on linear regression prob-
lem. All of the experiments are implemented in python. To solve the local
empirical risk problems, we use CVXPY [47]. The results presented in sub-
sections below are averaged across 20 runs.

We consider a linear regression problem, where the data generating pro-
cess for each cluster is given by

y = ⟨x, u⋆k⟩+ ϵ,

where ϵ ∼ N (0, 1), i.e., ϵ follows a standard Gaussian distribution. The
number of clusters is set to K = 10. The vectors u⋆k are d-dimensional,
with d = 20, and each component is drawn from a uniform distribution,
independent of one another. Specifically, we drew u⋆k’s as: u⋆1i ∼ U([1, 2]),
u⋆2i ∼ U([4, 5]), u⋆3i ∼ U([7, 8]), u⋆4i ∼ U([10, 11]) and u⋆5i ∼ U([13, 14]), with
u⋆6 through u⋆10 begin generated from the corresponding negative intervals,
i.e., u⋆6 ∼ U([−2,−1]), through to u⋆10i ∼ U([−14,−13]), respectively, for all
i ∈ [d]. Such a choice of u⋆k’s ensures that D > 0. Each cluster is assigned a
total of Nk = 100000 points, where the datapoints x are generated as follows:
for each x ∈ Rd, we choose 5 random components in [d] that are distributed
according to N (0, 1), while the other components are set to zero. A similar
setup was considered in [14], with K = 1.

To measure the error, we use the quadratic loss, i.e.,

ℓ ((x, y);u) = (y − ⟨x, u⟩)2.
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Under the proposed loss, we have that u⋆k’s are the population optimal mod-
els, i.e., u⋆k = argminu Fk(u), k ∈ [K].

We consider a FL system with m = 100 users and a balanced clustering,
i.e., |Ck| = m

K = 10, for all k ∈ [K]. Each user i ∈ Ck is assigned n
points uniformly at random, from the corresponding sample Nk, such that
no data point is assigned to two different users, effectively simulating an IID
distribution of data within clusters. We benchmark the proposed method
with the following methods:

• Oracle Averaging - an oracle method that knows the true clusters be-
forehand and applies the averaging method from [14] on each individual
cluster, i.e.,

uk =
1

|Ck|
∑
i∈Ck

ûi, (31)

with ûi the local ERM of user i and Ck, k ∈ [K] being the true under-
lying clustering;

• Cluster Oracle - an oracle method that contains all of the data points
assigned to the users from the same clusters, i.e., a total of mn

K data
points per cluster and trains the models on all of the data, i.e.,

uk = argmin
u

K

m

∑
i∈Ck

fi(u),

with fi’s given by (4);

• Local ERMs - ERMs trained on each user’s local data;

• Naive averaging - the method from [14], that averages the local ERMs
across all users, oblivious to system heterogeneity.

Cluster Oracle is the equivalent of centralized learning, i.e., is the method
that trains on all the data available in the cluster, achieving the best order-
optimal MSE rate O

(
1

n|Ck|

)
(e.g., [33]). On the other hand, [14] show that

Oracle Averaging matches the performance of Cluster Oracle if the sam-
ple size is above a threshold. Therefore, using Cluster Oracle and Oracle
Averaging as benchmarks illustrates: 1) how fast our method attains the
order-optimal MSE rate and 2) the additional requirements on the sample
size to reach the order-optimal rate, compared to Oracle Averaging, that
stem from not knowing the true clustering.
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To measure the quality of performance, we present the average normal-
ized MSE, i.e., for each of the above estimators, we compute

1

m

m∑
i=1

∥ũi − u⋆(i)∥
2

∥u⋆(i)∥2
, (32)

where u⋆(i) denotes the population optima associated with user i, while ũi
is the estimator associated with user i. For example, if we measure the
performance of Oracle Averaging estimator from (31), (32) evaluates to

1

K

∑
k∈[K]

∥uk − u⋆k∥2

∥u⋆k∥2
.

To select the parameter λ, we first compute the lower and upper bounds
in (12). If the condition is satisfied, so that the lower bound is strictly smaller
than the upper bound, we choose λ uniformly at random from the interval
defined by the lower and upper bounds in (12). Otherwise, for simplicity, we
take lambda to be equal to the upper bound.

Figure 1 presents the performance using the linear regression models. On
y-axis we plot the averaged normalized MSE (32), while on the x-axis, we
present the number of samples n available to each user. We can see that, for
a small number of samples (less than 300), our method clusters each user to
an individual cluster, effectively performing like the local ERMs. This can be
explained by the fact that in the small sample size regime, the condition (10)
is not satisfied (with high probability) and typically the upper bound will
be small, hence resulting in a large number of clusters. The results can po-
tentially be improved by running clusterpath, but for illustrative purposes,
we went with the simple choice of setting lambda to be equal to the upper
bound. On the other hand, as n grows, we see a sharp phase transition in
the quality of our estimator, in the interval between 300 and 400 samples,
after which the performance of our method matches the order-optimal per-
formance of both the oracle methods, as predicted by the theory. Oracle
Averaging performs slightly worse than Cluster Oracle in the small sample
regime, but quickly matches the performance of Cluster Oracle, as expected.
The difference in the number of samples required for reaching order-optimal
rates of our proposed method and the Oracle Averaging (450 and 350 samples
required, respectively), as outlined above, stems from the additional require-
ments of our method to produce an exact clustering. Finally, we see that
the naive averaging method consistently performs badly, as it is completely
oblivious to the clustering structure, hence illustrating that a global model
approach can be bad in the presence of system heterogeneity.
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Figure 1: Performance of different methods for linear regression, versus the number of
samples available per user. We can see that our method matches the order-optimal MSE
rates for a sufficiently large sample size.
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Figure 2: Number of clusters produced by convex clustering for linear regression, versus
the number of samples available per user. We can see that convex clustering is able to
recover the exact clustering for a sufficiently large sample size available to each user.

Figure 2 presents the performance of convex clustering. On y-axis, we
plot the number of clusters produced by the convex clustering algorithm. On
x-axis, we again plot the number of samples n. Figure 2 is consistent with
the results from Figure 1, as it shows that, for small n (less than 300), convex
clustering clusters each user separately, which, due to the low sample regime
and our sub-optimal choice of λ, is to be expected. On the other hand, there
is a sharp phase transition in the number of clusters for n between 300 and
400, after which convex clustering consistently produces K ′ = 10 clusters.
Moreover, we can see that the clustering produced by the convex clustering
method is correct, as our method matches the performance of both oracle
methods that know the true clustering.
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6 Conclusion

We proposed a one-shot approach for CFL, based on a simple inference and
averaging scheme. The proposed approach is communication efficient, as it
requires a single round of communication. Moreover, our theoretical analy-
sis showed that the method provides order-optimal MSE rates, in terms of
the sample size. Compared to the state-of-the-art algorithms that require
multiple rounds of communication, our method improve the existing results
by a factor that is logarithmic in the total number of samples in the sys-
tem, our metod provides significant communication reduction. Remarkably,
unlike other methods that require knowledge of K, e.g., [29], [28],[30], our
method does not require any knowledge of the underlying number of clusters
K. Numerical experiments corroborate our findings.
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A Appendix

In this Appendix we show conditions under which it is suitable for two users
with different distributions to form a cluster by merging their respective
data. As in the main body, we use θ⋆k and θ̂i to denote the population
optimal of cluster k ∈ [K] and local ERM of user i ∈ [m], respectively,
i.e., θ⋆k = argminθ∈Θ Fk(θ) and θ̂i = argminθ∈Θ fi(θ). We then have the
following result.

Lemma 7. Let Assumption 3 hold and assume ℓ is strongly convex. Let
all users sample data from a unique distribution, i.e., each user i samples
data following Di, i ∈ [m]. Denote by Dk the mixture of distributions Di

and Dj, i.e., the distribution such that Fk(θ) = piFi(θ) + pjFj(θ), where
0 < pi, pj < 1, such that pi + pj = 1. If the distributions Di and Di are such
that

∥θ⋆i − θ⋆j∥2 < ϵ,

then, with high probability

∥θ̂k − θ⋆m∥2 = O
(

1

ni + nj
+ ϵ

)
,

with m = i, j, where θ̂k = argminθ∈Θ pifi(θ) + pjfj(θ).

Some remarks are now in order.
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Remark 24. Lemma 7 tells us that, as long as 1
ni+nj

+ϵ < min
{

1
ni
, 1
nj

}
, i.e.,

ϵ <
min{ni,nj}

max{ni,nj}(ni+nj)
, we have that the model trained on the joint datasets of

users i and j is beneficial to both users. For example, when ni = n, ∀i ∈ [m],
the condition on ϵ evaluates to ϵ < 1

2n .

Remark 25. If 1
ni+nj

+ ϵ < min
{

1
ni
, 1
nj

}
, Lemma 7 tells us that it is bene-

ficial to treat the users i and j as belonging to the same cluster. Therefore,
averaging the local ERMs trained by users i and j leads to mutual benefits,
even though the two users come from different, but mutually close distribu-
tions (as measured by the distance of the population optima). Therefore, it
is beneficial to treat users i, j as belonging to the same cluster, justifying the
assumption that 1 < K < m.

Proof of Lemma 7. Applying the results of [33], we have that, with high
probability

∥θ̂i − θ⋆i ∥2 = O
(

1

ni

)
.

Denote by θ⋆k the population optima of the mixture distribution Dk. We
then have

∥θ̂k − θ⋆i ∥2 ≤ 2∥θ̂k − θ⋆k∥2 + 2∥θ⋆k − θ⋆i ∥2

≤ O
(

1

ni + nj

)
+ 2∥θ⋆k − θ⋆i ∥2,

(33)

where the second inequality again follows from [33]. Using strong convexity
of F ’s, we have that

µ

2
∥θ⋆k − θ⋆i ∥2 ≤ Fk(θ

⋆
i )− Fk(θ

⋆
k)

= piFi(θ
⋆
i ) + pjFj(θ

⋆
i )− piFi(θ

⋆
k)− pjFj(θ

⋆
k)

≤ pj (Fj(θ
⋆
i )− Fj(θ

⋆
k))

= pj
(
Fj(θ

⋆
i )− Fj(θ

⋆
j ) + Fj(θ

⋆
j )− Fj(θ

⋆
k)
)

≤ pj
(
Fj(θ

⋆
i )− Fj(θ

⋆
j )
)
,

where we used the fact that θ⋆m = argminθ∈Θ Fm(θ), m ∈ {i, j} in the second
and third inequalities, respectively, with µ the strong convexity parameter
of ℓ. Finally, using L-Lipschitz continuous gradients of F ’s, we get that

Fj(θ
⋆
i )− Fj(θ

⋆
j ) ≤

L

2
∥θ⋆i − θ⋆j∥2 = O(ϵ). (34)
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Combining (33) and (34), we get, with high probability

∥θ̂k − θ⋆i ∥2 = O
(

1

ni + nj
+ ϵ

)
.

Analogous results can be obtained for user j, hence the claim follows.
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