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Global Convergence of Federated Learning
for Mixed Regression

Lili Su™, Jiaming Xu

Abstract— This paper studies the problem of model training
under Federated Learning when clients exhibit cluster structures.
We contextualize this problem in mixed regression, where each
client has limited local data generated from one of k£ unknown
regression models. We design an algorithm that achieves global
convergence from any arbitrary initialization, and works even
when local data volume is highly unbalanced — there could exist
clients that contain O(1) data points only. Our algorithm is
intended for the scenario where the parameter server can recruit
one client per cluster referred to as “anchor clients”, and each
anchor client possesses €2(k) data points. Our algorithm first
runs moment descent on this set of anchor clients to obtain coarse
model estimates. Subsequently, every client alternately estimates
its cluster labels and refines the model estimates based on FedAvg
or FedProx. A key innovation in our analysis is a uniform
estimate of the clustering errors, which we prove by bounding the
Vapnik—Chervonenkis dimension of general polynomial concept
classes based on the theory of algebraic geometry.

Index Terms— Federated Learning, mixed regression, cluster-
ing, global convergence, empirical process.

I. INTRODUCTION

EDERATED learning (FL) [1] enables a massive number

of clients to collaboratively train models without dis-
closing raw data. Data heterogeneity includes non-IID local
distributions and unbalanced data volume. For example, smart-
phone users have different preferences in article categories
(e.g. politics, sports or entertainment) and have a wide range
of reading frequencies. In fact, distribution of the local dataset
sizes is often heavy-tailed [2], [3], [4].
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Based on the number of models trained, existing methods
to deal with data heterogeneity can be roughly classified into
three categories: a common model, fully personalized models,
and clustered personalized models; see Section II for detailed
discussion. Using a common model to serve highly hetero-
geneous clients has fundamental drawbacks; recent work [5]
rigorously quantified the heterogeneity level that the com-
mon model can tolerate with. Fully personalized models [6],
[7] often do not come with performance guarantees as the
underlying optimization problem is generally hard to solve.
In this work, we focus on clustered personalized models [8],
i.e., clients within the same cluster share the same underlying
model and clients across clusters have relatively different
underlying models. The main challenge is that the cluster
identities of the clients are unknown. We target at designing
algorithms that simultaneously learn the clusters and train
models for each cluster.

A handful of simultaneous clustering and training algo-
rithms have been proposed [9], [10], [11], [12], mostly of
which are heuristic and lack of convergence guarantees [9],
[10], [11]. Towards formal assurance, [12] studied this prob-
lem through the lens of statistical learning yet postulated
a number of strong assumptions such as the initial model
estimates are very close to the true ones, linear models, strong
convexity, balanced and high-volume of local data. Their
numerical results [12] suggested that sufficiently many random
initializations would lead to at least one good realization
satisfying the required closeness assumption. However, the
necessary number of random initializations scales exponen-
tially in both the input dimension and the number of clusters.
Besides, in practice, it is hard to recognize and winnow out
good initialization. In this work, following [12], we adopt a
statistical learning setup. In particular, we contextualize our
problem as the canonical mixed non-parametric regression
with a known feature map, where each client has a set of local
data generated from one of k& unknown regression models.
We would like to extend our results to the general convex/non-
convex loss functions in future work. Departing from standard
mixed regression, in which each client keeps one data point
only [13], [14], in our problem, the sizes of local datasets can
vary significantly across clients. Our algorithm is intended for
the scenario where the parameter server can recruit one client
per cluster referred to as “anchor clients”, and each anchor
client possesses Q(k) data points. The non-anchor clients may
contain as few as two data points and we further assume that
there are Q(d) clients in total. A similar mixed regression
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setup with data heterogeneity has been considered in [15] in
a different context of meta-learning; the focus therein is on
exploring structural similarities among a large number of tasks
in centralized learning. On the technical side, their analysis
only works when the covariance matrices of all the clusters
are identical and each client has Q(log k) data points. Please
refer to Remark 1 for more detailed technical comparisons.

Contributions: The main contributions of this work are

summarized as follows.

o We design a two-phase federated learning algorithm to
learn clustered personalized models in the context of
mixed regression problems. In Phase 1, the parameter
server runs a federated moment descent on the set of
anchor clients to obtain coarse model estimates based on
subspace estimation. In each global iteration of Phase 2,
every client alternately estimates its cluster label and
refines the model estimates based on FedAvg or FedProx.
The algorithm works even when local data volume is
highly unbalanced — there could exist clients that contain
O(1) data points only.

« We prove the global convergence of our algorithm from
any initialization. The proof is built upon two key ingre-
dients: 1) We develop a novel eigengap-free bound to
control the projection errors in subspace estimation; 2) To
deal with the sophisticated interdependence between the
two phases and across iterations, we develop a novel uni-
form estimate on the clustering errors, which we derive
by bounding the VC dimension of general polynomial
concept classes based on the theory of algebraic geom-
etry. Our analysis reveals that the final estimation error
is dominated by the uniform deviation of the clustering
errors, which is largely overlooked by the previous work.

Furthermore, we empirically evaluate our algorithm using

a synthetic mixed linear regression dataset and extend its
applicability beyond mixed regression to general statistical
learning, evidenced by testing on the MNIST dataset. Numer-
ically, our algorithm is comparable to the Oracle algorithm
and outperforms the other benchmarks. Yet, our theoretical
analysis is still limited to mixed regression. Extending our
theory to general statistical learning is an important future
work.

II. RELATED WORK

FedAvg [1] is a widely adopted FL algorithm due to its
simplicity and low communication cost. However, severe data
heterogeneity could lead to unstable training trajectories and
land in suboptimal models [16], [17], [18]. Based on the
number of models trained, existing methods to deal with data
heterogeneity can be roughly classified into three categories.

A. A Common Model

To limit the negative impacts of data heterogeneity on the
obtained common model, a variety of techniques based on
variance reduction [16], [18], [19] and normalization [20] have
been introduced. Their convergence results mostly are derived
under strong technical assumptions such as bounded gradient
and/or bounded Hessian dissimilarity which may not hold
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when the underlying truth in the data generation is taken into
account [16], [18], [19]. In fact, none of them strictly outper-
form others in different instances of data heterogeneity [21].
Besides, the generalization errors of the common model with
respect to local data are mostly overlooked except for a recent
work [5], which shows that the common model can tolerate a
moderate level of model heterogeneity.

B. Fully Personalized Models

Fully personalized methods are more general than clus-
tered federated learning approaches in the sense that they
do not require the existence of cluster structures among the
trained models. Nevertheless, existing work imposed stringent
technical requirements to derive assured performance charac-
terization such as convergence rates and final errors/accuracy.

Federated Multi-Task Learning (MTL) was proposed in [6]
wherein different models are learned for each of the mas-
sive population of clients [6], [7]. Despite recent efforts,
the convergence behaviors of Federated MTL are far from
well-understood because the objective is not jointly convex in
the model parameters and the model relationships [6], [22],
[23]. Specifically, [6] focused on solving the subproblem of
updating the model parameters only. Even in the centralized
setting, convergence is only shown under rather restricted
assumptions such as equal dataset sizes for different tasks
(i.e.balanced local data) [23] and small number of common
features [22]. Moreover, the average excess error rather than
the error of individual tasks is shown to decay with the
dominating term O(1/+/n), where n is the size of the bal-
anced local dataset [23]. Despite recent progress [24], [25]
in the centralized training, their results are mainly for linear
representation learning with equal data volume of different
tasks, which precludes the applicability of their results to the
real-world setting wherein the distributions of the local data
volume are often heavy-tailed and there might exist clients
whose local data volume n; is small. Parallel to Federated
MTL, model personalization is also studied under the Model-
Agnostic Meta-Learning (MAML) framework [26], [27] where
the global objective is modified to account for the cost of
fine-tuning a global model at individual clients. Empirically,
MAML-based methods are observed to fail to train models
with low generalization errors [28, Appendix 1]. Theoretically,
those approaches generally yield complicated non-convex
objectives, making even heuristic guarantees hard to ensure;
the convergence is shown to stationary points only [26], [27],
[28].

C. Clustered Personalized Models

Clustered Federated Learning (CFL) [8], [9], [10], [11],
[12], [29] can be viewed as a special case of Federated
MTL where tasks across clients form cluster structures.
In addition to the algorithms mentioned in Section I (i.e.,
the algorithms that simultaneously learn clusters and models
for each cluster), other attempts have been made to integrate
clustering with model training. [8] hierarchically clustered
the clients in a post-processing fashion. To recover the k&
clusters, (k) empirical risk minimization problems need to be
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solved sequentially — which is time-consuming. [29] proposed
a modular algorithm that contains one-shot clustering stage,
followed by k individual adversary-resilient model training.
Their algorithm scales poorly in the input dimension, and
requires local datasets to be balanced and sufficiently large
(i.e., n > d?). Moreover, each client sequentially solves two
empirical risk minimization problems. To utilize information
across different clusters, [11] proposed soft clustering and
provided numerical evidence on MNIST and Fashion-MNIST
datasets. Soft clustering was later on formally analyzed in [7],
which required that the covariate distributions P;(x) are the
same for all clusters, and that the local gradients are uniformly
bounded. These two assumptions are the key enablers for
knowledge transfer across clusters. Neither of them is assumed
in our work. The novelty of our work consists in providing
theoretical convergence bounds even when no good initial-
ization is available and in allowing highly unbalanced local
datasets such as O(1) data points at some clients. Some key
limitations of our work are: We contextualize the statistical
learning problems as mixed regressions with the known feature
map ¢. When ¢ is the identity mapping, our setup reduces
to mixed linear regressions. We require that the parameter
server can successfully recruit a set of anchor clients that cover
all clusters, and that each client possesses Q(k) data points.
In addition, we assume that there are )(d) clients in total.
We would like to extend the acquired insights of this work to
the more general non-convex setting in future work.

Notably, after the posting of our work, [30] independently
proposes an algorithm that also can converge from any initial-
ization. Nevertheless, their analysis requires strong convexity,
a high volume of local data (with Q(poly(d)) data points at
each client), and re-sampling of fresh data at each iteration.
In contrast, our algorithm works as long as there exist anchor
clients with Q(k) that cover all clusters. Oftentimes k < d
holds in practice. Moreover, our analysis even accommodates
clients that contain O(1) data points only. Thus our require-
ment on the local data volume is much weaker.

III. PROBLEM FORMULATION

A FL system consists of a parameter server (PS) and
M clients. Each client ¢ € [M] keeps a dataset D; =
{(mij,yij)}?;l that are generated from one of k& unknown
regression models. Let NV = Zf\il n;. The local datasets are
highly unbalanced with varying n; across clients. If n; =
Q(k), we refer to client ¢ as anchor client, which corresponds
to an active user in practice. Anchor clients play a crucial
role in our algorithm design. We consider the challenging yet
practical scenario wherein a non-anchor client may have O(1)
data points only.

We adopt a canonical mixture model setup: For each client
i€ [M],

yi = o(x:)0%, + Gy (D

where z; € [k] is the hidden local cluster label, 67, -- , 6}
are the true models of the clusters, ¢(z;) € R™*? is the
feature matrix with rows given by ¢(zi;), v; = (yi;) € R™
is the response vector, and (; = ((;;) € R™ is the noise
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vector. Examples of the feature maps ¢ are polynomials (which
can be highly nonlinear) and random features. When ¢ is the
identity function, Eq.(1) reduces to the mixed linear regression
model [14], [15]." The cluster label of client i is randomly
generated from one of the k£ components from some unknown
p = (p1,...,px) in probability simplex AF~!. That is,
P{z = ¢} = p, for ¢ € [k]. In addition, ||6}]2 < R for each
component. The feature covariate ¢(z;;) is independent and
sub-Gaussian with aly < E[¢(z;;)¢(xi;) '] < BI4 for B > 1.
We assume that the covariance matrix is identical within
the same cluster but may vary across different clusters, i.e.,
E[¢(zi;)p(xi;) '] = Z¢ if 2; = £. The noise (;; is independent
and sub-Gaussian with E[(;;] = 0 and E| fj] <o

Our formulation accommodates statistical heterogeneity in
feature covariates, local models, and observation noises [31].
For the identifiability of the true cluster models 0}’s, we
assume a minimum proportion and a pairwise separation of
clusters. Formally, let A = mingz ||0; — 6}:||2 and pmin =
minge[x) pe- For ease of presentation, we assume the param-
eters o, 8 = O(1), /A = O(1), and R/A = O(1), but our
main results show explicit dependencies on these parameters.
Note that even under these assumptions, we still allow R,
A, o to scale with model dimension d. Also, the assumption
R/A = O(1) basically requires the radius of 6;’s is on the
same scale as their pairwise separation. It rules out the extreme
setting where 6;’s themselves are extremely large while their
pairwise separations are tiny.

Notations: Let [n] £ {1,...,n}. For two sets A and
B, let A © B denote the symmetric difference (A—B) U
(B—A). We use standard asymptotic notation: for two positive
sequences {a,} and {b,}, we write a,, = O(b,,) (or a,, < b,)
if a, < Cb, for some constant C' and sufficiently large n;
an, = Qb,) (or a, 2 b,) if b, = O(a,); a, = O(b,) (or
ap < by) if a, = O(b,) and a,, = Q(b,); Poly-logarithmic
factors are hidden in €. Given a matrix A € R"*? et A =
Yoy ou;v; denote its singular value decomposition, where
r = min{n,d}, o1 > --- > o, > 0 are the singular values,
and u; (v;) are the corresponding left (right) singular vectors.
We call U = [uj,us,...,ux] as the top-k left singular
matrix of A. Let span(U) = span{uy,...,ux} denote the
k-dimensional subspace spanned by {u,...,ug}.

IV. MAIN RESULTS

We propose a two-phase FL algorithm that enables clients
to learn the model parameters 67,...,0; and their clusters
simultaneously:

(i) Coarse estimation via FedMD. Run the federated
moment descent algorithm to obtain coarse estimates of model
parameters 6;’s.

(ii) Fine-tuning via iterative FedX+clustering. In each itera-
tion, each client first estimates its cluster label and then refines
its local model estimate via either FedAvg or FedProx (which
we refer to as FedX) [1], [16].

FedMD and FedX+clustering are detailed in the pseu-
docode in Phase 1 and Phase 2, respectively.

Detailed comparison to previous work [14], [15] can be found in Remark 1.
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A. Federated Moment Descent

With multiple clusters and sub-Gaussian features, simple
procedures such as power method will no longer provide a
reasonably good coarse estimation. The reasons are two-fold:
1) With sub-Gaussian features, it is difficult to construct a
matrix whose leading eigenspace approximately aligns with
the space spanned by the true model parameters (07, ...,65);
2) Even this is achievable, there still remains significant
ambiguity in determining the model parameters from their
spanned subspace.

The key idea of the first phase of our algorithm is to leverage
the existence of anchor clients. Specifically, the PS chooses
a set H of my anchor clients uniformly at random. Each
selected anchor client + € H maintains a sequence of estima-
tors {0;} that approaches 07 , achieving [|6;; — 07 ||z < €A
for some small constant € > 0 when ¢ is sufficiently large.

At high-level, we hope to have 0;; move along a well
calibrated direction r; ; that decreases the residual estimation
error ||Ei/2(0;‘ —0;1)||3, ie., the variance of the residual
(¢(xi5),0" —0;+). As such, we like to choose r;; to be
positively correlated with ¥, (5, —0; ;). However, to estimate
¥, (03, — 0;+) solely based on the local data of anchor client
i, it requires n; = Q(d), which is unaffordable in typical FL
systems with high model dimension d and limited local data.
To resolve the curse of dimensionality, we decompose the
estimation task at each chosen anchor client into two subtasks:
we first estimate a k-dimensional subspace that ¥, (63, —0; ;)
lies in by “pooling” local datasets across sufficiently many
non-anchor clients; then we project the local data of anchor
client 7 onto the estimated subspace and reduce the estimation
problem from d-dimension to k-dimension.

The precise description of our Phase 1 procedure is given
as below. For ease of notation, let e(z,y,0) = (y —
(6(),6))9(z).

In Step 9, PS estimates the subspace that the residual
estimation errors {3,(6; — 6, +)}5_, lie in, in collaboration
with clients in S;. In particular, for each anchor client 7 € H,
define

1
.
Yii=— E e(xirt, Yir1, 0 0)e(Tir2, yira, i)
=y

where (x;,y;) and (Z;,7;) are two data points on client j.
We approximate the subspace spanned by {,(0; — 6;,)}5_,
via that spanned by the top-% left singular vectors of Y; ;. To
compute the latter, we adopt the following multi-dimensional
generalization of the power method, known as orthogonal
iteration [32, Section 8.2.4]. In general, given a symmetric
matrix Y € R4 the orthogonal iteration generates a
sequence of matrices Q; € RI** as follows: Qg € RI**
is initialized as a random orthogonal matrix QJ Qo =1 and
YQ: = Q¢yr1Ri41 with QR factorization. When ¢ is large,
Q; approximates the top-k left singualr matrix of Y, provided
the existence of an eigen-gap A\ > Ar+1. When k& = 1, this
is just the power iteration and we can further approximate
the leading eigenvalue of Y by the Raleigh quotient Q; Y Q;.
When Y is asymmetric, by running the orthogonal iteration
on YY", we can compute the top-k left singular matrix of V.
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Phase 1 Federated Moment Descent (FedMD)

1 Input: my, k,m,nyg, T,T1,T5 €N, a, 3,6, A € R,
0y € R with H90H2 <R

2 Output: 64,...,60;

3 PS chooses a set H of my anchor clients;
4 for each anchor client i € H do

5 | 00— 6o
6 fort=0,1,..., 7 —1do
7 PS selects a set S; of m clients from

[M]\ (H U (U70Sr))s

8 PS broadcasts {6;,,7 € H} to all clients i’ in Sy;
/% where U 1S, =0 */3

9 PS calls federated-orthogonal-iteration (S;,
{e(@inn, yin1, 1), €(@ir2, yira, 0it) ires,, b, Th)
to output U, ; for each anchor client ¢ € H;

/* described in Algorithm 3 */
10 PS sends U; ; to each anchor client ¢ € H;
11 Each anchor client ¢ runs power iteration on

Ai,tA;,r , for Ty steps to compute the leading
eigenvector ﬂA” and 67, = BA;AMBM with A; ;
defined in (2);

12 At each anchor client i, if &;; > eaA/v/2 then

13 ;141 — 0t + 1r;4m; ¢ and reports ;441 to the
PS, where r; ; = Ui,tﬁm and

Nit = aa’i,t/(QﬁQ) 5

14 else

Ll

16 PS computes the pairwise distance ’

Stop updating 6; ; and let 6, , < 6; ; for all
t+ 1 <7 <T for anchor client i;

9‘ — é‘l for
i,T i, T
2

every pair of anchor clients ¢,i’ € H, assigns them in
the same cluster when the pairwise distance is
smaller than A /2, and outputs ég to be the center of
the estimated ¢-th cluster for ¢ € [k].

In our setting, the orthogonal iteration can be implemented in
a distributed manner in FL systems as shown in Algorithm 3
in the Appendix A-A.

In Step 11, each anchor client ¢ estimates the residual error
Y., (0%, —0;,) by projecting (x5, yij, 0i,¢) onto the previously
estimated subspace, that is, Ulla(xij,yij,@’t). This reduces
the estimation from d-dimension to k-dimension and hence

Q(k) local data points suffice. Specifically, define

Ai,tzi Z ((7135(901‘3‘,11@,91‘,0) (ﬁLE(fij,ﬂij,Qat))Ta

JED; ¢

2

where D;; consists of 2ng local data points (x;;,y;;) and
(Zij,0sj) freshly drawn from D; at iteration ¢. Client ¢ runs
the power iteration to output Bi,t and &fyt as approximations
of the leading left singular vector and singular value of A, ,,

Then anchor client ¢ updates 6, ,y; by moving along the
direction of the estimated residual error r; ; with an appropri-
ately chosen step size 7; ;.
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We show that 0; 1 is close to 67, for every anchor client
1 € H and the outputs 6,’s are close to 6}’s up to a permutation
of cluster indices.

Theorem 1: Let € € (0,a/8) be a small but fixed constant.
Suppose that

B3 (R* + oY)dlog® N B3(R* + oY)klog® N

m2C alZAt2 4 20 12 AAcd
and
1632 2 Nd Nd
T> 65 logﬂ,lec‘klog ﬁR,TQZClogﬂ,
o? oe A oe

3)

where C' > 0 is a constant. With probability at least 1 —
10myT /N0, for all initialization 6y with |||, < R,

sup Hei,T - 07 ||2 < eA. )
icH
Furthermore, suppose H N {i : z; = £} # 0 for all £ € [k].
Then

d(0,0%) £ min max‘
T Le(k]

by 0] <, ©®

where 7 is permutation over [k].

Note that in (5) we take a minimization over permutation
7, as the cluster indices are unidentifiable. Moreover, the
condition H N{i : z; = £} # O for all £ € [k] means that
there exists at least one anchor client from each cluster. This
condition holds with probability at least 1 — §, if we choose
mpy > log(k/d0)/pmin anchor clients uniformly at random,
following the standard coupon collector’s analysis.

Phase 1 uses fresh data at every iteration. In total we need
P2 Q(d) clients with at least two data points and at least one
anchor client (with Q(k) data points) from each cluster. This
requirement is relatively mild, as typical FL systems have a
large number of clients with O(1) data points and a few anchor
clients with moderate data volume.

We defer the detailed proof of Theorem 1 to Appendix A.
A key step in our proof is to show the residual estimation
errors {%(0 — 6;)}*_, approximately lie in span(U; ;).
Unfortunately, the eigengap of Y; ; could be small, especially
when 0;; gets close to 07 ; and hence the standard Davis-
Kahan theorem [33] cannot be applied. This issue is further
exacerbated by the fact that the convergence rate of the orthog-
onal iteration also crucially depends on the eigengaps [32]. For
these reasons, span(U; ;) may not be close to span{X (6} —
0;+)}5_, at all. To resolve this issue, we develop a novel
gap-free bound to show that projection errors U,",%¢(0F —0; ;)
are small for every ¢ € [k] (cf. Lemma 5). /

Remark 1 (Comparison to Previous Work [14], [15]):

Our algorithm is partly inspired by [14] which focuses on the
noiseless mixed linear regression, but deviates in a number
of crucial aspects. First, our algorithm crucially utilizes the
fact that each client chosen in S; has at least two data points
and hence the space of the singular vectors of E[Y;,] is
spanned by {¥,(6; — 0i7t)}’z:1. In contrast, [14] relies on the
sophisticated method of moments which only works under the
Gaussian features and requires exponential in k> many data
points. Second, our algorithm crucially exploits the existence
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of anchor clients and greatly simplifies the moment descent
algorithm in [14].

Our algorithm also bears similarities with the meta-learning
algorithm in [15], which also uses clients collectively for
subspace estimation and anchor clients for estimating cluster
centers. However, there are several key differences. First,
[15] focuses on the centralized setting and relies on one-
shot estimation, under the additional assumption that the
covariance matrix of features across all clusters are iden-
tical. Instead, our moment descent algorithm is iterative,
is amenable to a distributed implementation in FL systems,
and allows for covariance matrices varying across clusters.
Second, in the fine-tuning phase, [15] uses the centralized least
squares to refine the clusters estimated with anchor clients,
under the additional assumption that 2(log k) data points for
every client. In contrast, as we will show later, we use the
FedX+-clustering to iteratively cluster clients and refine cluster
center estimation.

Remark 2 (Data Privacy Risk): Compared to the stan-
dard FedAvg algorithm wherein only aggregated local
updates/gradients are broadcasted by the parameter server,
the major step of our two-phase algorithm that may leak
additional privacy is Step 8 wherein the local model estimates
of the anchor clients are broadcasted to many other non-anchor
clients. However, this privacy leakage is minor and can be
further mitigated by a simple privacy-preserving mechanism
according to the following considerations.

First, in our algorithm, each chosen non-anchor client only
receives a collection of local model estimates (without ID for
anchor clients) from the parameter server, it does not know
which broadcasted model corresponds to which anchor client
and hence cannot directly identify each individual anchor
client’s local true model. Second, we only choose a very few
number of anchor clients (roughly on the order of the number
of clusters) and in practice these anchor clients are often
specially recruited by the PS; hence they can be made less
concerned about privacy leakage through some incentivizing
schemes. Last but not least, we can better preserve the privacy
of anchor clients by broadcasting perturbed versions of their
local models to each client. Specifically, fix any anchor client
i, each non-anchor client ' receives 0, ;; and éi’,z’,t that are
equal to 6, ; subject to two independent noise perturbations.
Then for the subspace estimation in Step 9, we can replace one
6;.+ by 0 ;+ and the other by 6/ ;+, in the definition of Y; ;.
Crucially, Y; ; involves an average over m non-anchor clients;
hence these independent noise perturbations for different ¢’
will be averaged out. Since m is large, this implies that the
injected random noises can be made large without deteri-
orating too much the accuracy of the subspace estimation,
in a similar spirit as privatizing the model averaging step in
FedAvg. This gives a promising pathway to maintain anchor
clients’ privacy; we leave rigorously analyzing its privacy
guarantee as future work.

Remark 3 (Beyond Mixed Regression): While we present
the federated moment descent algorithm in the context of
mixed regression, the algorithm can be adapted to the general
statistical learning setup. Recall that for mixed regression,
the high-level idea of federated moment descent is to find

Authorized licensed use limited to: Northeastern University. Downloaded on December 25,2024 at 06:10:07 UTC from IEEE Xplore. Restrictions apply.



6396

a descent direction 7;; for each selected anchor client ¢ to
decrease the local residual error HZZ 2(9; — 0;.1)||>. For
general statistical learning setup, such a choice of local
loss may no longer be appropriate to measure the error of
the local model 6;;. To address this, we define L;(0) =
Wlil > jep, L(0;2,y) to be the local population loss, where
L(6;z,y) is the loss with 6 evaluated at a data point (x,y).
In this manner, a natural choice of descent direction to
decrease the local population loss is the negative gradient
—VL;(6). Thus, the federated moment descent algorithm can
be executed with ¢ replaced by

€(I, yve) £ 7V9L(91 I,y)

All other steps remain exactly the same as before. Fur-
thermore, as we will see, Phase II is already stated under
a general loss function L and can be executed verbatim.
In Section V-D, we have tested this adjusted algorithm in
the real data experiment on the MNIST handwritten digits
database. The results are promising: Our adjusted algorithm
is comparable to the Oracle algorithm and outperforms other
benchmarks. Yet, our current analysis is mostly focused on
mixed regression. Extending these theoretical guarantees to
the broader algorithm is not straightforward, so we are setting
this as a goal for future work.

B. FedX+clustering

At the end of Phase 1, only the selected anchor clients
in H obtained coarse estimates of their local true models
(characterized in (4)). In Phase 2, both anchor clients in H
and all the other clients (anchor or not) will participate and
update their local model estimates.

Phase 2 is stated in a generic form for any loss function
L(0,\; D), where § = (01,...,0;) € R¥ is the cluster
parameters, A € A*~! represents the likelihood of the cluster
identity of a client, and D denotes the client’s dataset. This
generic structure covers the idea of soft clustering [11]. Note
that unlike Phase 1 where each anchor client ¢ only maintains
an estimate 6;; of its own model, in Phase 2, each client
i maintains model estimates 0;.; = (0;1¢,...,0;) for all
clusters.

In Phase 2, the local estimation at each client has a flavor
of alternating minimization: It first runs a minimization step
to estimate its cluster, and then runs a FedAvg or FedProx
update to refine model estimates. To allow the participation of
clients with O(1) data points only, at every iteration the clients
are allowed to reuse all local data, including those used in the
first phase. Similar alternating update is analyzed in [12] yet
under the strong assumption that the update in each round
is over fresh data with Gaussian distribution. Moreover, the
analysis therein is restricted to the setting where the model
refinement at each client is via running a single gradient step,
which is barely used in practice but much simpler to analyze
than FedAvg or FedProx update.

In our analysis, we consider the square loss

k
1
LOX D) = 5= >~ Mellys — o6l
ve=1
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Phase 2 FedX+clustering

1 Input: 0 = (64, ..
n,T".

2 Output: § = (64, ...

3 PS sets 0 «— 6.

sfort=T+1,....,T+T do

5 PS broadcasts 6;_; to all clients;

6 Each client 7 estimates the likelihood of its local

cluster label by

., 0y) from the output of Phase I,

59k>

i — arg N millg1 L(0t—1, \; D;); 6)

€A

7 Each client ¢ refines its local model based on either
FedAvg or FedProx with L;(0) = L(0, \; +; D;),
and reports the updated local parameters

Ot = (Oi1,ts - -+ s Oi,t)-
8 *FedAvg-based: it runs s steps of local gradient
descent:

Oi.t — G (6i-1),

*FedProx-based: it solves the local proximal
optimization:

where G;(0) = 6 — nVL;(0)

. 1
Or.p < argmin Li(0) + 5110 — 0

9 PS updates the global model as 6; «— Zf\il w;0;. ¢,
where w; = n;/N.

In this context, (6) yields a vertex of the probability simplex
Nie,t = 1{€ = z; +}, where

2 = arg ?elb?] llyi — d(x:)00,t—1]|2- @)

The estimate z;; provides a hard clustering label. Hence,
in each round, only one regression model will be updated per
client.

To capture the tradeoff between communication cost and
statistical accuracy using FedAvg or FedProx, we introduce
the following quantities from [5]:

s
k2 1-0-°
1+~

We choose a properly small learning rate 7 such that v < 1.
Here, x > 1 quantifies the stability of local updates. Notably,
Kk ~ 1 using a relatively small 7.

For the learnability of model parameters, we assume that
collectively there are sufficient data in each cluster. In par-
ticular, we assume Ny 2, d, where Ny = ), _,n; denotes
the number of data points in cluster ¢. To further characterize
the quantity skewness (i.e., the imbalance of data partition
n = (ny,...,ny) across clients), we adopt the y>-divergence,
which is defined as x*(P||Q) = [ % for a distribution
P absolutely continuous with respect to a distribution ). Let
x%(n) be the chi-squared divergence between data partition p,,
over the clients p, (i) = n;/N and the uniform distribution
over [M]. Note that when data partition is balanced (i.e.,
n; = N/M for all 4), it holds that x?(n) = 0.

for FedAvg,

N 1 2
=17 max — T )
Y= ()2 for FedProx.

i€[M] Ng

Authorized licensed use limited to: Northeastern University. Downloaded on December 25,2024 at 06:10:07 UTC from IEEE Xplore. Restrictions apply.



SU et al.: GLOBAL CONVERGENCE OF FEDERATED LEARNING FOR MIXED REGRESSION

We have the following theoretical guarantee of Phase 2,
where s is the number of local steps in FedAvg. Notably, s
is an algorithmic parameter for FedAvg only. To recover the
results for FedProx, we only need to set s = 1.

Theorem 2: Let cq,Cy,c1,C1,c2,Cs,¢c,C denote some
constants. Suppose that k& > 2, n < c¢o/(B8s),
mingep) Ne > Cod. Let p = ming No/N. If vlog(e/v) <
c1pa/(kf3), then with probability 1—Cike?, forall t > T+1
and all Op such that d(67,6%) < €A, where ¢ < %\/a/ﬂ,
it holds that

d(6,,0%) 0*) + Cysny/Bov log S

®)

< (1 —cosnap/k) d(0i—1,

where

dklog k
M

s 1y
:NZ nipe(ni) +C (Gm) +1),  ©)

—cn;a? (IAA—2)2
and pe(n;) = 4dke +2) . Furthermore, if t > T + 1,
for each client ¢, with probability at least 1 — p.(n;),
|01 — o2 T)/k)

Zi

< eAexp (—casnap(t —
2

N C’g\/BUK;V log e

coap v

b

where HAM is client ¢’s estimate of its own model parameter at
time ¢.

Notably, HAM is the z; ;-th entry of 6;. ;. Theorem 2 shows
that the model estimation errors decay geometrically starting
from any realization that is within a small neighborhood of
0*. The parameter v captures the additional clustering errors
injected at each iteration. It consists of two parts: the first
term of (9) bounds the clustering error in expectation which
diminishes exponentially in the local data size and the signal-
to-noise ratio A/o; the second term bounds the uniform
deviation of the clustering error across all initialization and
iterations. Note that if the cluster structure were known exactly,
we would get a model estimation error of 6 scaling as
\/d/N;. However, it turns out that this estimation error is
dominated by our uniform deviation bound of the clustering
error and hence is not explicitly shown in our bound (8).
In comparison, the previous work [12] assumes fresh samples
at each iteration by sample-splitting and good initialization
independent of everything else provided a priori; hence their
analysis fails to capture the influence of the uniform deviation
of the clustering error.

In passing, we briefly comment on the key assumption
vlog(e/v) < pa/(kB). As aforementioned, the clustering
error v consists of two parts shown in (9): the first term
decays exponentially in the local dataset size and the signal-to-
noise ratio and hence is very small in most typical scenarios;
the second term is on the order of dklogk/M when the
quantity skewness (imbalance of data partition) is of a constant
order. Finally, p captures the imbalance of cluster sizes,
which is typically of a constant order, and we can choose
a small enough step size to ensure x is close to 1. Thus
the key assumption vlog(e/v) < pa/(k3) roughly translates
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to v being a subconstant, which further means that M (the
number of clients) needs to be larger than d (the model
dimension) by polylog factors. This is often satisfied in the
typical FL applications which involve a very large collection of
clients.

1) Analysis of Global Iterations: Without loss of generality,
assume the optimal permutation in (5) is identity. In this case,
if z; + = ¢, then client ¢ will refine 6 ;. To prove Theorem 2,
we need to analyze the global iteration of #;. Following a
similar argument to [S] with a careful examination of cluster
labels, we obtain the following lemma. The proof is deferred
to Appendix B-A.

Lemma 1: Let ¢(x) be the matrix that stacks all ¢(x;)
vertically, and similarly for y. It holds that

9£,t = aé,tfl - ﬂBAe,t(QS(CE)Qe,tfl - y),

where B = 1-¢(x) " P, P is a block diagonal matrix with ith
block P; of size n; X n; given by

P {Ei_éu —no(@:)o(@:) T /m)”

(e[, (10

for FedAvg,

[+ no(x;)p(e;) T /]t for FedProx,

and Ay is another block diagonal matrix with ith block being
>\i€ ,t I ng-

Lemma 1 immediately yields the evolution of estimation
error. Let A, be the matrix with ith block being 1{z; = ¢} 1,
representing the true client identities. Plugging model (1), the
estimation error evolves as

Op1—0; = (I —nKy)(0p1—1—06;)
+nBA, Ve [k}],

- 77352,15(¢(513)9£,t—1 - y)
(11)

where Ky = BAyp(x) and &y = Ay — Ay. The estimation
error is decomposed into three terms: 1) the main contribution
to the decrease of estimation error; 2) the clustering error; and
3) the noisy perturbation. Let I, = {i : z; = £} be the clients
belonging to ¢th cluster, and I,y = {i : z;+ = ¢} be the
clients with estimated label ¢. The indices of nonzero blocks
of &, are I, © I, ; indicating the clustering errors pertaining
to (th cluster.

For ease of presentation, we introduce a few additional
notations for the collective data over a subset of clients. Given
a subset I C [M] of clients, let ¢(x;) denote the matrix
that vertically stacks ¢(x;) for ¢ € I, and we similarly
use notations y; and (r; let P; be the matrix with diagonal
blocks P; for 7 € I. Using those notations, we have K, =
L o(xy,) " Pr,¢(2;,), which differs from the usual covariance
matrix by an additional matrix Py,. Therefore, the analysis of
the first and third terms on the right-hand side of (11) follows
from standard concentration inequalities for random matrices.
In the remaining of this subsection, we focus on the second
term, which is a major challenge in the analysis. The proof
details are all deferred to Appendix B-B.

Lemma 2: There exists a universal constant C such that,
with probability 1 — Ce™9,

|1 BEe,i(p(®)0r,1—1 — y)ll2

< Cs(Bd(6,-1,6") + /By log *

Veelk]l. (12)
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Lemma 2 aims to upper bound the error of

BE(d(x)bpt—1 —y)
1

= N¢(wse,t)TPSe,t(¢(wse,t)9&t—1

where Sy = Iy © I+ The technical difficulty arises from
the involved dependency between the clustering error S, ; and
the estimated parameter 0,1 as estimating label z;; and
updating 6, ;1 use a common set of local data.

Proof Sketch of Lemma 2: Tt follows from the definition
of z;; in (7) that

- ySz,t)a (13)

lo(xi)00e—1 — yill2 < ||6(x:)0, 0—1 — Yill2, Vi € Sz
Then,
lé(xs, )01 — ys,. |15 = Z p(x:)00,0—1 — yill
€Syt

< Y lo(®@i)0s,.-1 — vill3
i€Se.t

< Y 2(lg(ai) (0=,0-1 — 0213 + 11G113))
1€8Sp ¢

* 2

2 (d(0;-1,0%) - [|p(s,, )2 + ¢, 12)” - (14)

Hence, it suffices to upper bound |¢(xs, ,)|2 and ||(s, |2
given a small estimation error d(6;—1,6*) from the last itera-
tion. To this end, we show a uniform upper bound of the total
clustering error ), s, , Mi by analyzing a weighted empirical
process. Let

fio(mi,y) £ max 1{ Pyer [, 93] (0) > 0} for i € I,

2 11 HPvelai, vi)(0) > 0}, fori ¢ Io.
£L

Using the decision rule (7), the set S, ; can be written as a
function Sy(6;—1) with

[9 muyz

. fz o(Ti, yi), ifi eIy,
1{i € S = 15
e st = { to(xiy),  ifiE I, (1
where
Pop[xi, yi) (0) £ |lyi — o(i)0ell3 — [lys — d()00 5.

Then we derive the following uniform deviation of the incor-
rectly clustered data points

an]l{z € Se(

i=1
1
< ONf"ﬁMogk(x%n)H).

This is proved via upper bounds on the Vapnik—Chervonenkis
(VC) dimensions of the binary function classes

FL2{fly:0 R 2 (gl 0 e Ry

Using classical results of VC dimensions, those functions are
equivalently intersections of hyperplanes in ambient dimension
O(d?), which yields an upper bound O(d?). However, the
hyperplanes are crucially rank-restricted as the total number of
parameters in 6 is dk. We prove that the VC dimensions are at

sup
HeRdk

M
0)} — ZniP{i € S,(0)}

(16)
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most O(dk log k) using the algebraic geometry of polynomials
given by the celebrated Milnor-Thom theorem (see, e.g., [34,
Theorem 6.2.1]).> Consequently, [|¢(xs,,)|2,|¢s,.[l2 and
thus (14) can be uniformly upper bounded using sub-Gaussian
concentration and the union bound, concluding the proof of
Lemma 2. ]

C. Global Convergence

Combining Theorem 1 and Theorem 2, we immediately
deduce the global convergence from any initialization within
the {5 ball of radius R.

Theorem 3: Suppose the conditions of Theorem 1 and The-
orem 2 hold. Let 6 be the output of our two-phase algorithm
by running Phase 1 with T' > QM log = 25 R jterations start-
ing from any initialization 6, w1th ||¢90||2 < R, followed
by Phase 2 with T/ > C-= logé iterations. Then with

sm ap
probability 1 — N=9 — Cke™, it is true that
d(0,0%) < C\/B‘mulog € (17)
ap v

Furthermore, for each client i, with probability 1 — p.(n;),
it holds that [|0; 747 — 03 ll2 < C’f(mylog

To the best of our knowledge thls is the ﬁrst result that
proves the global convergence of clustered federated learning
from any initialization. Our bound (17) reveals that the final
estimation error is dominated by the clustering error captured
by v, and scales linearly in x which characterizes the sta-
bility of local updates under FedAvg or FedProx. Moreover,
Theorem 3 shows that Phase 1 converges very fast with
only ©(1) iterations and hence is relatively inexpensive in
both computation and communication. Instead, the number of
iterations needed for Phase 2 grows logarithmically in A /v
and linearly in k/(snap). Thus, by choosing s relatively large
while keeping « close to 1, FedAvg enjoys a saving of the
total communication cost.

Remark 4 (On Memory and Communication Cost): We
briefly comment on the communication and memory cost at
the parameter server in Phase 1 and Phase 2 separately.

The dominating operation in Phase 1 is line 9 in the for-
loop. Throughout the 7" rounds in Phase 1, there are T' X mpg
calls of the function federated-orthogonal-iteration. The
execution of each call will consume O (T} X (dk)xm) bits — the
exact multiplicative constant involved depends on the chosen
operating systems. Different from communication cost, the
memory across iterations can be reused. The memory cost
of the parameter server in Phase 1 is also dominated by the
execution of line 9. The memory cost is O(dkmpg).

The memory cost of the parameter server in Phase 2 is
O(dk). The communication cost of the parameter server in
Phase 2 is ©(dkT"), where T” is the number of global rounds
in Phase 2.

V. EXPERIMENTAL RESULTS
In this section, we provide experimental results on synthetic
and real data corroborating our theoretical findings.

2Similar applications of the Milnor-Thom theorem have been known in the
literature (see e.g. [35, Theorem 2.2] and [36, Theorem 2]).
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For the synthetic data experiments, we consider the mixed
linear regression with & = 3 clusters. The true model parame-
ter for each cluster 67, 65, 05 are independently sampled from
Gaussian distribution % x* N(0, 1) with d = 100. Then we
generate the local dataset D; = {w;;,y;;};~, for each client
1 according to the linear regression model (1), where each
xijlﬂéi‘/\[((), Id) and Cijllfl'\(‘i'o.Q * N(O, 1).

We simulate our two-phase algorithm as follows. Phase 1
randomly selects [3klogk] anchors clients and runs 5 iter-
ations starting from a random initialization ld * N(0, Iq),
followed by Phase 2 running 400 global iterations. We further
adopt the following simplifications for ease of implementation.
In particular, Phase 1 reuses the local data on all participating
clients, and all clients including anchor clients participate in
the subspace estimation subroutine in Algorithm 3. Finally,
we implement all orthogonal iterations by direct singular value
decomposition.

We compare the performance of our two-phase algorithm
with existing FL algorithms including (1) vanilla FedAvg,
(2) one-shot clustering, (3) IFCA, and (4) oracle iterative
clustering. We provide a brief description of each of these
algorithms below:

e Vanilla FedAvg [1]: It learns a common model, ignoring
the underlying cluster structure.

¢ One-shot clustering [29]: This method contains three
phases: First, each client estimates its underlying model
based on its local data. Then, the PS clusters the locally
estimated models via k-means. Finally, for each estimated
cluster of clients, the PS runs FedAvg to obtain the model
estimate for each cluster.

e IFCA [12]: This method is the same as Phase 2 of our
algorithm yet requires good initialization.

e Oracle iterative clustering: This method is an ideal
implementation of IFCA with the true model parameters
as initialization. Clearly, the oracle iterative clustering
algorithm is infeasible in practice, but we use it as a
benchmark.

For each of the methods, we choose FedAvg with the number
of local update steps s = 5. We randomly initialize our two-
phase algorithm, vanilla FedAvg, and IFCA.

In the following, we consider three federated learning
configurations with a total of N = 1000 data points but at
increasing levels of data heterogeneity. The configuration for
the real data experiments are described in Section V-D

A. Balanced Local Data and Balanced Cluster Partition

In this configuration, we consider balanced local data and
balanced cluster partition. Specifically, we let M = 200, n; =
50 for ¢ € [M], and py = ps = p3 = 1/3. That is, this
configuration contains 200 clients, each with 50 data points.
For each client, it belongs to one of the 3 clusters with equal
probability 1/3.

In the left panel of Fig. 1, we show the performance of
our two-phase algorithm, where the second phase is based
on FedAvg for different local steps s or FedProx. We see
that during the first 5 rounds (Phase 1), the errors quickly
(exponentially with a large rate) converge to a relatively small

6399
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Fig. 1. Balanced local data and balanced cluster partition.

value. Starting from iteration 6 (upon entering Phase 2), the
errors further decay exponentially fast (with a smaller rate
than Phase 1). These observations are consistent with our
theoretical predictions. We also notice that as the number of
local steps s increases, FedAvg converges faster, while the
final estimation errors stay almost the same. This is because
the data partition is perfectly balanced, so the local updates
of FedAvg are relatively stable with x ~ 1; hence according
to Theorem 2 and Theorem 3, the convergence rate increases
proportionally to s, while the final estimation does not change.

The right panel of Fig. 1 shows that our method significantly
outperforms vanilla FedAvg and IFCA, and quickly converges
to the same estimation error attainable by the oracle algorithm.
Note that FedAvg does not converge to small errors due
to lack of model personalization in the presence of model
heterogeneity. The performance of IFCA is highly dependent
on the quality of initialization. With a random initialization,
IFCA gets stuck on an error floor. The one-shot clustering
algorithm performs well in this setting. This is because the
local data partition and cluster partition are perfectly balanced,
so each client can well estimate its underlying model solely
based on its local data and the PS can correctly cluster all the
locally estimated models via k-means.

B. Unbalanced Local Data and Balanced Cluster Partition

In this configuration, we consider unbalanced local data but
balanced cluster partition. Specifically, we let M = 920, n; =
10fori=1,---,900, and n; = 50 for < = 901, - - - , 920. That
is, this configuration contains 920 clients, with each of the first
900 clients keeps 10 data points, and each of the remaining
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Fig. 2. Unbalanced local data and balanced cluster partition.

20 clients keeps 50 data points. For each client, it belongs to
one of the 3 clusters with equal probability 1/3.

The left panel of Fig. 2 stays almost the same as that
of Fig. 1. The only noticeable difference is that in this setting
with unbalanced local data, as s increases, the convergence rate
of FedAvg only slightly improves, while the final estimation
error also gets slightly inflated. This is because, with unbal-
anced local data, the local updates of FedAvg for data-scarce
clients become unstable, leading to a larger value of «.

The right panel of Fig. 2 shows that our method still sig-
nificantly outperforms vanilla FedAvg and IFCA, and quickly
converges to the same estimation error attainable by the oracle
algorithm. Although this time IFCA eventually also converges
to the oracle estimation error, it still gets stuck on an error
floor for a long time. The one-shot clustering algorithm no
longer performs as well as before. This is because here the
local data partition is unbalanced, so data-scarce clients cannot
well estimate their underlying models solely based on their
local data and the PS is likely to incorrectly cluster them.
Since in one-shot clustering, the clustering is done only once
and fixed throughout the remaining process, these clustering
errors cannot be corrected.

C. Unbalanced Local Data and Unbalanced Cluster Partition

In this configuration, we consider unbalanced local data
and unbalanced cluster partition. Specifically, we let M =
920, n; = 10 for ¢ = 1,---,900, and n; = 50 for i =
901, - -- ,920. That is, this configuration contains 920 clients,
with each of the first 900 clients keeps 10 data points, and
each of the remaining 20 clients keeps 50 data points. For
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Fig. 3. Unbalanced local data and unbalanced cluster partition.

each client, it belongs to one of the 3 clusters with probability
pP1 = 02, P2 = 03, pP3 = 0.5.

The left panel of Fig. 3 stays almost the same as that
of Fig. 2, except that convergence rates get smaller. This is
consistent with our theoretical prediction in Theorem 2, which
shows that the convergence rate is proportional to p (roughly
the same as Ppin)-

The right panel of Fig. 3 shows that our method significantly
outperforms vanilla FedAvg, IFCA, and one-shot, and quickly
converges to the same estimation error attainable by the oracle
algorithm. Note that one-shot clustering performs poorly in
this case, because with unbalanced local data partition and
unbalanced cluster partition, the one-shot clustering suffers
from a large amount of errors in the initial clustering based
on locally estimated models.

D. Experiments on MNIST Real Dataset: Beyond Mixed
Linear Regression

In Sections V-A -V-C, we focus on mixed linear regression
on synthetic data. In this section, we consider the multi-class
classification problem on MNIST dataset. We implement our
algorithm adapted to general statistical learning, as described
in Remark 3.

Setup: We create configurations with £ = 2 and k =
4 clusters following [12]. For the former, to generate two
clusters, the dataset of each client is either original or rotated
by 90 degrees; for the latter, to generate four clusters, the
dataset of each client is rotated by some degree in {0, 90, 180,
270}. The training dataset volume of MNIST is 60,000. The
test dataset is copied for each cluster with the corresponding
rotation transformation. The system contains k& € {2,4}
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Fig. 4. Experiments with the MNIST dataset with two clusters (i.e., kK = 2).
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Fig. 5. Experiments with the MNIST dataset with four clusters (i.e., k = 4).

0 100 200

anchor clients — one for each cluster. Each anchor client holds

ng = 20 images. We consider a large client population.
There are 25,000 non-anchor clients, where each contributes
n; = 2 images. To cope with this large client population,

we downsample each image to a size of 14-by-14 pixels. For
the image classification task, we adopt the logistic regression
with input size 196 and output size 10.
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For k = 2 and k = 4, we run Phase 1 on the anchor clients
for 5 and 10 rounds, respectively. In Phase 1, the parame-
ter server samples 1,000 clients for subspace estimation. In
Phase 2, the parameter server samples 100 clients in each
round. We use the FedAvg-based algorithm with s = 5 local
updates per round and learning rate 17 = 0.1. For each cluster,
we find the lowest misclassification error among the k trained
models, and then plot the average error among all clusters.
We use the same benchmark comparison as in Fig. 1, 2, and 3.
It is worth noting that the ground-truth model parameters do
not exist for real datasets, so our previous Oracle iterative
clustering algorithm cannot be directly applied. To resolve
this, we modify the Oracle iterative clustering so that each
client is provided with its true cluster label and only updates
the corresponding model parameters using the FedAvg update
rule.

We plot the trajectories of the evolution of the loss and the
misclassification rate over test datasets in Fig. 4 and Fig. 5,
where the loss is measured by the negative log-likelihood.
Consistent with Fig. 1, 2, and 3, our algorithm is comparable
to the Oracle algorithm and significantly outperforms other
benchmarks. Overall, our algorithm converges fast in both
Phases 1 and 2. In particular, FedAvg lacks model person-
alization; IFCA converges slowly due to the poor quality of
random initialization; the effectiveness of one-shot averaging
is compromised by the limited amount of data available at the
non-anchor clients. As can be seen from the test misclassifica-
tion errors in Fig. 4 and Fig. 5, during Phase 1 the errors first
quickly decay and then either fluctuate around 3.5 or saturate
at 4.3, respectively. Entering Phase 2, the test misclassification
errors decay further.

APPENDIX A
ANALYSIS OF PHASE 1

In this section, we present the analysis of our federated
moment descent algorithm as described in Phase 1.

A. Subspace Estimation via Federated Orthogonal Iteration

Recall that Phase 1 estimates the subspace that the residual
estimation errors {3¢(6; — 0, ,)}%_, lie in via the federated-
orthogonal iteration. We show that E[Y;,] is of rank at
most k£ and the eigenspace corresponding to the non-zero
eigenvalues is spanned by {,(6; — 6;,)}5_,. Specifically,
we first prove that Y; ; is close to E [Y; ;] in the operator norm
and then further deduce that {3,(0; —0;,)}5_, approximately
lie in the subspace spanned by the top-% left singular vectors
of }/1'71;.

LetU;: € R4k denote the top-k left singular matrix of Y; ;.
To approximately compute U; ; in the FL systems, we adopt
the following federated-orthogonal iteration algorithm. Sup-
pose that Y admits a decomposition over distributed clients,
that is, ¥ = ﬁ Dies 2jelns) Yig0 2], where S is a set
of clients, and {(alj,bw)}] L are computable based on the
local dataset D;. Algorithm 3 approximates the top-k left
singular matrix of Y. It can be easily verified that Algorithm 3
effectively runs the orthogonal iteration on YY .
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Algorithm 3 Federated Orthogonal Iteration

1 Input: A set S of clients i with {(ai;,bij) bies, jen.)»
k€N, and even T' € N
2 Output: Qp € R4¥F

1: PS initializes Qo € R%** as a random orthogonal
matrix QJ Qo = L.

2: fort=0,1,..., 7 —1do

3:  PS broadcasts (); to all clients in S.

4: if t is even then

5: Each client i € S computes an update
Qi =~ 231:1 bl-jaiTth and transmits it back to
the PS.

6: PS updates Q;11 = >, g wiQi,¢, Where
Wi = Nif Y g i

7. else
8: Each client ¢ € S computes an update
Qi = ni Z;L=1 aijb;ert and transmits it back to
the PS.
9: PS applies the QR decomposition to obtain (¢y1:
> wiQiy = Qi1 Rty
i€S
10:  end if
11: end for

Recall that Phase 1 is called for each anchor client i € H
and each global iteration ¢, and that Ui,t is the output of
federated-orthogonal iteration in Step 9 of Phase 1, which
approximates U; ;. Based on the above discussion, we can
show that the residual estimation errors {X¢(6; — 0;,)}5_,
approximately lie in the subspace spanned by the £ columns
of Ui,t~

Proposition 1 (Subspace Estimation): Suppose
T, > Cklog jjsig’zfi and we condition on 6;; such that
10icll, < (14+2B/a)R. Then with probability at least
1—-5N"19,

A 2
1) -
< max {C ((5% +0%) &1 /pe, o*EA%/(5128%)}, VL € [K],

2. & = \/LlogN +
4 10g® N, and C'is a constant.

We postpone the detailed proof to Appendix A-D. One key
challenge in the analysis is that the eigengap of E[Y; ;] could
be small, especially when 6; ; is close to 9;; and hence the
standard Davis-Kahan theorem cannot be applied. This issue is
further exacerbated by the fact that the convergence rate of the
orthogonal iteration also crucially depends on the eigengaps.
To resolve this issue, one key innovation of our analysis is to
develop a gap-free bound to show that the projection errors
0224(92 —0;) are small for every ¢ € [k] (cf. Lemma 5).

(3

where 52",5 = mane[k] HQ;? _Gi,t

B. Moment Descent on Anchor Clients

Recall that in Step 11 of Phase 1, each anchor client
i € H runs the power iteration to output (3;; and 67, as
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approximations of the leading left singular vector and singular
value of A; ., respectively.

Then anchor client ¢ updates a new estimate 6;;,1 by
moving along the direction of the estimated residual error
r; + with an appropriately and adaptively chosen step size 7; ;.
The following result shows that 67, closely approximates the
squared residual error ||X, (07, — 0:.0)||3.

Proposition 2: Let C' denote a large constant. Fix an anchor
client 4, let 75, > C'log gsilez, and condition on 6; ; such
that [|0;+]|, < (14 283/a) R. Then with probability at least
1—10N~10,

Aztﬁzlzzi (9:7, - eivt)
> |1, (62, = 0:0) |15

—max {C (67 + 0?) (&1/p=, + &), '€ A?/(25657) } .

‘ 2

(18)
and
=62, ~ 6105 - &3,
< max {C (67 + 0°) (&1/ps, + &), o A%/(1285%)} .
(19)

We postpone the proof to Appendix A-E. This proposition is
the key to show that the descent direction r; ; is approximately
parallel to the residual error 3., (6}, —0; ;), so that the residual
error decreases geometrically until it reaches a plateau. See the
proof of Claim 1 for details.

C. Proof of Theorem 1

Now, we are ready to prove our main theorem on the
performance guarantee of Phase 1. Fix any anchor client 7
and omit the subscript ¢ for simplicity. We further assume it
belongs to cluster /, i.e., z; = £. Let & denote the following
event:

& = {10:ll, < (1 +28/a)R} N {(18) and (19) hold}. (20)

Let £ =N ,&. We first prove the following claim.
Claim 1: Suppose &; holds and

B3 (R* + 0*)dlog® N B (R* + o*)klog® N

mzc alZA1p2 MH = € a2 A\4d
21
for some sufficiently large constant c. Then
ISe(0; = 01)]5 — 67| < ae2A?/128. (22)
Moreover,
o If 6, < aeA/\/Q, then
1Xe(07 — 61)]5 < e (23)

o If 6; > aeA//2, then
a2 «
o )= 6 = ol

(24)

120 6 — B0l < (1 -
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Proof of Claim 1: Since event & holds and |67 |2 < R,
it follows that §; < 2(1 + 8/«)R and hence

I12e(6; - 0113 - 57

< max {C (52 +o ) (&1/pe + &),
< a?e?A%/128,

EA%/(1283%)}

where the last inequality follows from (21). This proves (22).
Next, we divide the analysis into the following two cases.

Case 1: 6; < aeA/ V2. In this case, (23) directly follows
from (22), as

107 — 0,)]12 < 62 + a2 A? /128 < a23A2.
Case 2: &; > aeA/+/2. In this case,
12e(0; — 6,)||5 > 62 — a?e2A%/128 > a2 A% /4
2560
F (07 + 0%)(&1/pe + &2),

where the first inequality follows from (18), the second
inequality follows because 6; > «aeA/ V2, and the last
inequality holds due to (21). We further deduce from (18)
that

2
AT T *
BroTse; o] = (1- o) I 0;
and from (22) that

2
2 ~
(1 - 3252> 1Ze (07 — 00)5 < 67

2
< (14 g3 ) 1567~ 6013
(26)

— 005 25

Now we show 0,1 gets closer to 6;. Note that 0, =
0; + nyre. It follows that

0 —01) " 20 — 0,41)
= (07 — 0,) " 22 (07 — 0,)—

We decompose

2n (0 —Ht)T Z?rt —&—77?7“:2%73.

E[ (92 — Ht) = QT't + bt’I“tL,

for some unit vector ri+ that is perpendicular to r;. Recalling
r, = U B;, we have ||r|l, = 1 and it follows from (25) that

2

o0 = (s B2 07 = 001" = (1= g ) 122 65 - 005

Since af + b7 = ||S.(0; — 0|3, we have |b| <

%HE@(Q}‘ — 6;)]|2. Hence,
(07 — 6t)T Z%Tt = (atT’t + thtJ‘)T Yory
> azer — [be| 8
o? a )
> [1- 6462a 12e(67 = 6011, = 5 15667 — 60l
o *
> S (65— 00l

where Amin(2¢) > o and 8 > ||3||,. It follows that

(0 — Orr1) " SF (0] — O11)
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< (0 = 00) " TF (0] — 00) —mr||Se (67 —00) |07 [[ell3 -
Recall the choice of step size 1, = ad/(23%). We get that
(07 = 0ur1) " 27 (67 — Our1)

2
* * (64 *
< (0707 52 (05 - )~ g5 1% (6 -

OL2 % 2
< 1787ﬁ2 136 (07 — 0415,

where the last inequality holds due to (26). Therefore,

a? .
1607 = eI < (1= 5 ) 120 65 - 0013,

This proves (24). U
Second, we prove |67 —0;]|2 < €A assuming event &
holds. Define

t* = min{inf{t > 0:6; < aeA/x@L T}.

222
OéO't

0¢)llo v + 132

By the stopping criterion of our algorithm, it suffices to prove
|6 — 072 < eA. We divide the analysis into the following
two cases depending on the value of ¢*.

e t* < T. In this case, by definition, &4 < aeA/\/ﬁ.
By applying (23) in Claim 1, we obtain

[Se(0; — 04|, < creA.

o t* =T.Inthis case, 5, > aeA/V/2forallt =1,...,
1. By applying (24) in Claim 1, we obtain

o2\ 772
2s0—%g 1Ze(6; — 60)ll,
< 2exp (fTaz/(1662)) OR < aeA,

T—

— 0p)

15 (67

where the last inequality holds by choosing T' =
1667 | 28R
a? ealA”

In both cases, we obtain that
aeA

1
167 = 6e-ll; < — 1%e(0; = €A

—0,)

P

Third, we prove that P{& 41 |NL_ &} > 1 — 10N 10,
We divide the analysis into the following two cases assuming
Nt_,&; holds.

o 6, < aeA/\/§ for some 7 € [t]. In this case, by the

stopping criterion of our algorithm, 6;,; = 6.. Thus,

10¢41ll2 = [10-]l2 < (1 +28/a)R.
o 6, > aeA/y/?2 for all 7 € [t]. In this case, by apply-
ing (24) in Claim 1, we obtain that
= Orally < 12e(07 — 0u11)ll,
< [1%e(07 = 00)ll, < 2BR.

In both cases, we have ||0;11|, < (1 + 23/a)R. Thus,
applying Proposition 2 yields P{&41 | NL_ &} > 1 —
10N 19 Tt follows that

P{ﬂleé}} :P{gl} X oo X P{ET | 517...
> (1-10N"9)" > 1 - 107N,

al|fz

agT—l}

Then we apply a union bound over all anchor client ¢ € H
and conclude that with probability at least 1 — 107'm g N ~1°
10,7 — 03, ||2 < €A for all + € H. This proves (4).
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Finally, we prove (5). Recall that H N {i : z; = £} # ) for
all £ € [k]. Moreover, as long as € < 1/4, we have for two
anchor clients i,7' € H

105,70 — 0 )l < [|037 — 0% ||, + (|00 — 0%,
< 26A, if Zi = iy

10:7 = Our 7lly > A = ||0:7 — 63 -0,
> (1 — QE)A, if 2 7& Zil .

Thus, by assigning anchor clients 7,7’ € H in the same cluster
when [|0; 7 — 0 7|, < A/2 we can recover the k clusters
of the clients users. In particular, let Z; denote the estimated
cluster label of anchor client ¢ € H. Then there exists a
permutation 7 : [k] — [k] such that 7(2;) = 2; for all ¢ € H.
Let éz denote the center of the recovered cluster ¢, that is

0p=> 0:r1{z; =0}/ 1{z =1},
i€H i€H
Then we have ||9A7,(g) —0}||2 < €A for all £ € [k]. This finishes
the proof of (5).

D. Proof of Proposition 1

In the following analysis, we fix an anchor client ¢ € H
and omit the subscript ¢ for ease of presentation. Crucially,
since S; and D; are freshly drawn, all the global data and
local data used in iteration ¢+ 1 are independent of ;. Hence,
we condition on 6; and S; in the following analysis. Note that

1 Z E,, |:Ezi/ (9;/ _ Qt) (02/ — 9t>T Zzi/:|

S
k
= " peXe (07 — 0,) (0 — 0,) " %o,
/=1

where py is the probability that a client belongs to the /-th
cluster.

Let (7,5 € Rk denote the left singular matrix of Y;.
We aim to show that the collection of ¥,(6; — 6;) for £ € [k]
approximately lie in the space spanned by the k columns of
U;. As such, we first show that Y; is close to E[Y;] in the
operator norm.

Lemma 3: With probability at least 1 — 3N 10,

IY; —E[Yi]ll, < C (67 +07) &,

maxyeqi) |07 — O¢ll2 and & = \/%4_

% log3 N, and C > 0 is some constant.
Proof: Let &; = (yin — (#(zi1),01))p(zi1) and & =
(Yiz — (H(2i2),04))(2i2). Note that

= Zev eifi ]
Let a; = €;/\/0? + 02 and b; = &;/\/6? + o2. We will

apply a truncated version of the Matrix Bernstein’s inequality
given in Lemma 13. As such, we first check the conditions
in Lemma 13 are all satisfied. Note that

E (03] = [[| (i), 62, — 00} +€:) o)

where §; =
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—E {H (zi1), 0%, — 0 >¢($z‘1)||ﬂ
+E {||Ci1¢(l‘i1)||2} :

By the sub-Gaussianity of ¢(z;1), we have

2 2
E[lIGo@a)l3] < oE [llo(@a)l3] = C1o%d
and further by Cauchy-Schwarz inequality,

E [[[(6(an). 02, — b)s(za) 7]

<\/1E bwin), 0z, — 0]\ [E [le(a)lly] < Cro7d,

where C is a constant only depending on the sub-Gaussian
norm of ¢(z;1). Combining the last three displayed equations

gives that E |||a; ||§ < C1d. The same upper bound also holds
for E [|\b-||§ .

Moreover, [aZ Jll, = supyesa-1 E [{ai, u)?] . Note
that for any u € S%-

E [(a:,1)?] = 52i B [ (), 0]
_52+02\/ HV (b(win), u)t < Ca,

where r; = y;1 — (¢(x;1),60;) and Cy is some constant
only depending on the sub-Gaussian norm of ¢(x;1) and
(;1- Combining the last two displayed equations gives that
|IE [al ] < (5. The same upper bound also holds for
E [bs bT] ||, - Finally, by the sub-Gaussian property of ¢(1)
and e-net argument, we have

P{||¢(zi1)l, > 51} < exp (2d—cs7)

B

and

|rs] 2
P {\/m Z S92 S exp (_082) s

where ¢ > 0 is some constant only depending on the
sub-Gaussian norm of ¢(x;1) and (1.

Choosing s; = +/Csd'/* and sy = \/s/(C/2d/*) for a
constant C' = 4/c, we get that for all s > \/ﬁ,

P{llaill, > s} <P{llp(za)ll, > SlHP{\/(S'?ZLa? > 52}

2
< exp (Zd —4 3\/@ + exp (—40\/8&)

<2e ( c’s )
S z2€Xp | ——#— | -
4v/d

The same bound holds for P {||b;|, > s}. Applying the
truncated version of the Matrix Bernstein’s inequality given
in Lemma 13 yields the desired result. ]
The following result shows the geometric convergence of
orthogonal iteration. Let Y = UAU T denote the eigenvalue
decomposition of Y with |A;] > |Aa| > ---|A\y4| and the
corresponding eigenvectors u;’s. Define U; = [ug,...,u]
and Us = [upq1,...,uq). Let Q; € R¥F denote the output
of the orthogonal iteration with @)y initialized as a random
orthogonal iteration QJ Qo=1and YQ; = Qr11Ri41.
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Lemma 4 [32, Theorem 8.2.2]: Assume |Ag| > [Ag+1| and
cos(y) = Umin(UirQO) for v € [0, 7/2]. Then
t

A
Q@] ~ U7 |, < tane) | 22

, YL

Finally, we need a gap-free bound that controls the projec-
tion errors.

Lemma 5 (Gap-Free Bound on Projection Errors):
Suppose M € R¥*4 satisfies that

k

-

M — E Tk,
i=1

where z; € R for 1 < i < k. Let Q; € R¥* be the
output of the orthogonal iteration running over MM ' with
Qo initialized as a random orthogonal matrix Q] Qo = I.
Assume that [|z;|, < H for all 1 < i < k. There exists
a universal constant C' > 0 such that for any ¢ > 0 and
t > Cklog Y | we have with probability at least 1 — 2N ~10
(over the randomness of Q)g),

HQtQ:mi - %HQ <3Ve, VI<i<k.

Proof: Let 01 > 09 > ... > 04 > 0 denote the singular
values of M. Then by assumption on M and Weyl’s inequality,
ok+1 < €. We divide the analysis into two cases depending
on the value of o;. Let § > 0 be some parameter to be tuned
later.

Case 1: o1 < (1+ 6)* . In this case, by Weyl’s inequality,
< ||, +

k k
E xir; M — E rir]
i=1 2 i=1

Se(1+(1+5)k>.

<e

)

2

2
lill <

2

Thus,
1QiQ) i — ]|, < llally < /e (1 (1 +5)k)

Case 2: 01 > (1 + 5)k €. Then by the pigeonhole principle
there must exist 1 < p < k such that o, / 0pt1 > 1+6. Choose

g=max{p:0op/opt1 > 1+0}.

It follows that o411 < (1 + 8§)*79 < (1 + 0)¥e. Let U, =
[u1,...,uq], where u;’s are the left singular vectors of M
corresponding to o;. Given the subspace span{ui,...,u,},
denote the unique orthogonal decomposition of z; by z; =
Iy () + e, where Iy (2;) = U,U, x; and e u; = 0 for all
j € [q). Let u = e/|le||2 € S 1. Then,

k
HUquT:ci — zl”; = uTxix;ru <u'l (Z xm?) U
i=1

k
=u' (lex;r — M) u+u' Mu.
i=1
Note that

k
u’ (thxj —M) u <
i=1

k
lex: - M| <e
i=1

2
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Moreover,

T _ T T
U Mu—g oju UjU; U

J
= g ojU U5 U

Jjzq+1
< ogt1 Z |uTuj||UjTu|
j>q+1
< ogt1 Z |uTuj|2 Z |v;ru|2
j>q+1 j>q+1

<og41 < (14 5)ke.
Combining the last three displayed equations gives that
UU] @i = ailly < e (1+ 1+ 8)").

Let Qt be the submatrix of (); formed by the first ¢ columns.
Since o, > 0441, the space spanned by Qt is the same space
spanned by @ if the orthogonal iteration were run with k
replaced by g. Thus, applying Lemma 4 with k replaced by ¢
gives that

HQtQtT - UqUJ

Stan()(1+0)7,

where cos(y) = omin(U,] Qo) and Qq is the submatrix of
Qo formed by its first ¢ columns. Applying Lemma 14, we get
tan(y) < ¢N1'%log N with probability at least 1 — 2N 19
for some constant ¢ > 0. Therefore, when t > (C/6) log 242
for some sufficiently large constant C' > 0, we have

HQtQZ - UquTH2 < ¢/H.

Therefore, by triangle’s inequality,
”QtQthi - xz‘HQ < HQtQAtT% — i,
< |[UUy @i = il

(@7 vy )],

<\Je(1+0+0)%) +e

Finally, choosing § = 1/k and noting that (1+6)* < e, we get
the desired conclusions. ]

Applying Lemma 3 and Lemma 5 and invoking the assump-
tion that 77 > Cklog g;jg 4;25 , we obtain that conditional
on 6, with 6|, < (1+28/a) R, with probability at least
1—-5N"10

H (007 1) /pese (65 - 00) z
< max {C’ (53 + 02) &, pga462A2/(512[32)} ,

Ve e [k].

This finishes the proof of Proposition 1.

E. Proof of Proposition 2

Similar to the proof of Proposition 1, for ease of exposition,
we fix an anchor client 7 and omit the subscript ¢ for simplicity.
We further assume client ¢ belongs to cluster ¢, ie., z; =
£. Note that crucially, the global data points on clients S
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are independent of the local data points on D;. Thus, in the
following analysis, we further condition on U;. Then

E[A] = U, S (0; — 0,) (6; — 0,)" ST

Lemma 6: With probability at least 1 — 3N 10,
14: ~E[Adll, < € (16 = 01l13 + 02) &,

where &3 = % log N+ - log® N and C' > 0 is a constant.

Proof: Note that

1 . B B ~
A=BlA)= = 3 U (e8] —E[e¢]])
JED:

_k_
ny

where ¢; = (y; — (¢(z;),0¢))d(x;) and & = (y; —
(6(2,),0))6(3). Let a; = U, 2;/+/[0F — G + o2 and
b, =U&;/ 107 — 6.]|3 + 2. The rest of the proof follows
analogously as that of Lemma 3. (]

Applyinég Lemma 6 and Lemma 5, when T, >
C'log 2{1@ A@, we have with probability at least 1 — 5N —10,

2

A oa 2 A
BIOTE 07 - 0] = ||07 e 07 - 00)

_ max {0 (||9; - et|\§+02) &, a462A2/(51252)} .
Applying Proposition 1, when 77 > Cklog
with probability at least 1 — 5N 19,

X 2
|o7se 6 00| = 15 07 - 0013
—max {C (67 +0?) & /pe, o A? /(5126%)} .

Let & denote the event such that the above two displayed
equations hold simultaneously. Then P {&;} > 1 — 10N 10,
In the following, we assume event &; holds.

Combining the last two displayed equations yields that

NdB*R
QSEEAQ, we have

~ ~ 2
BIOTS (07 — 00| > 1D (0 — 0,3

— max {2C (5?—1—02) (&1/pe + &2) oz4€2A2/(25652)} .
(27)

This proves (18). Moreover, since
&tz = BtTAtBt = B:E [Ai] Bt + Bt—r (Ay —
it follows that

E[A]) B,

2
‘ < 0(52 —|—02) &a.

67 — |67 0 5. (07 - )

Combining the last two displayed equations yields that

62 = |15 (67 - 0113
< max {3C (67 + 0?) (&1/pe + &), a2 A% /(1285%)}
This proves (19).

APPENDIX B
ANALYSIS OF PHASE 2

Throughout the proof in this section, we assume without
loss of generality that the optimal permutation in (5) is identity.

IEEE TRANSACTIONS ON INFORMATION THEORY, VOL. 70, NO. 9, SEPTEMBER 2024

A. Derivation of Global Iteration

Proof of Lemma 1: We first prove the result for FedAvg.
By definition, we have

it

%

VoLi(0) = o(xi) " (¢(:)00 — vi),

where \jp; = 1{¢ = z;,} and V, denotes the gradient with
respect to 6. Then the one-step local gradient descent at client
1 1S

9é7 e # Zi iy
(0)]e= . :
GO {9@(96) & 0yl (60— ). €= 2,
where 1; = n/n;. lterating s steps yields that [5]
95 (00) = (I — () " p(:))* 0
s—1
) (I = mid(@) " b)) mid(ai) "y
7=0
s—1
@00 = S = @) (@) (@) (@) — i)
T7=0

(i) 0 — ni¢($i)TPi(¢(wi)95 - yi)a

where (a) used I — (I — X)* = >°_ (I — X)™X, and (b)
used (/ — XTX)"X" = XT(I — XX")" and the definition
of P;. Then,
Oiee =[G (0e—1)]e = Nie,e9; (Oee—1) 4+ (1 — Nieyt)0rt—1
= 9z,t71 - T}i)\iz,tQS(wi)TPi(Qf)(wi)@e,tq - yl)

We obtain the global iteration:

M

0ot = Z %eiz,t

i=1

M
= a1 = 1 O Niead (@) P(@(@)bri-1 — vi),
1=1

which is (10) using matrix notations.
The proof for FedProx is similar. The first-order condition
for the local proximal optimization is

Nidies (i) (p(2:)0ioe — yi)+Oiet—004-1) = 0, L € [K].

Therefore, if £ # 2;+, then ;0 = 0 +—1; if £ = 2;+, then

O = (I +n:0(xs) T d(2:)) "  (Ore1 + micd(x:) " ys)

@ Oot—1

— (T +md(x:) " ()" d(@i) " (d(2i)001-1 — yi)
© Op.1—1 — nip(:) T Pi(p(:)0es—1 — vi),
where (a) used I — (I + X)~' = (I + X)7'X, and (b) used

(I+XTX)"'XT = XT(I+XXT")"! and the definition of
P;. The remaining steps are the same as those in FedAvg. [J
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B. Convergence Analysis of Phase 2

We analyze the three terms on the right-hand side of (11)
separately. The first term of (11) is the main term due to
the decreasing of estimation error, and the last term is the
stochastic variation due to the observation noise (. We have
the following lemmas on the eigenvalues of K, and the
concentration of the observation noise.

Lemma 7: Suppose that mingepr) Ny > Cod for a suffi-
ciently large constant Cy. There exists constants ¢ and C' such
that, with probability 1 — 2ke~%,

N, N,
ca‘jTNf < Anin (50) < Amax(K7) < cgﬂ Ve € [k].

Proof: Since ¢(xg,) of size Ny x d consists of inde-
pendent and sub-Gaussian rows, by a covering argument [37,
Theorem 4.6.1], with probability 1 — 2¢ 4

aNy — C(\/dNy v d) < 0l (d(21,)) < oo (0(21,))
< BN, + C(V/AN; v d),

where 0.« and o, denote the largest and smallest singular
values, respectively, and C is an absolute constant. By defi-
nition, Ky = % ¢(w1,) " Pr,é(x,), where Py, is a symmetric
matrix. It is shown in [5, Lemma 3] that

S/:‘i < )\min(PH) < )\maX(PIK) <s.

The conclusion follows from the condition N, > Cyd and a
union bound over ¢ € [k]. O

Lemma 8: Given the input features ¢(x), there exists a
constant C' such that with probability at least 1 — k exp(—d),

1BACIE < 07 s

[Kell2, V€€ [].
Proof: Note that

IBA|5 = ¢ AeBT BA =

Since E [(¢"] < 021, it follows that

E [ BA«I3] =E [(AeB"BA¢,¢CT)]
< o®Tr (A¢B"BA,) = 0*Tr (BA7B").

(A¢BTBAy, CCTY.

Recall that

1
BAKBT N2 (wfz)TPIz(¢($Ie)
S
j ﬁ(ﬁ(mle)—rp]e(yb(m]() = NKZ7

where (a) holds because || Py, ||2 < s. Therefore,

(28)

_E[(ABTBALcT) < T

E [||BA«|3] | Kell -

Next, using Hanson-Wright’s inequality [38], we get
P{(A¢BTBA;, (") —E [(AdBTBA,,(¢T)] > 6}

1) 52
S
= ( “ mm{a%AeBTBAenz’ o4 {[A, BT BA|Z }) ’

where ¢; > 0 is a universal constant. Note that

S
1ABT BAl2 = | BAFB |2 < <1 Kel2,
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sVd
|A¢BT BA¢||r = || BA] <

Therefore, by choosing § = C%HIQHQ for a sufficiently
large constant C, we get that with probability at least 1 —

exp(—d),
(A(BTBAy,(CT) SE[(A(BTBAy,CCT)] +0

sd
< (C+ 1) Sl

The conclusion follows from a union bound over all ¢ € [k].

d

Combining Lemmas 2, 7, and 8, next we prove Theorem 2.

Proof of Theorem 2: We prove the result by conditioning

on the high probability events in Lemmas 2, 7, and 8§ that

happen with probability at least 1 — Cke™?. In view of
Lemma 7 and the assumption that Gsn < ¢y, we obtain that

I = nEell2 < 1—cansp)x.

Combining Lemmas 7 and 8 yields

d
1BAC < Osoy/ 52

Plugging the above upper bounds and Lemma 2 into (11),
we get

100 — 0%l < (1 _ns (c%—()ﬁylog S)) d(0s—1,6%)

+Cnsaf<\/7+ulog ), Ve € [k].

cpa

STeTTe and v > \/d/N, we conclude (8).

Let éz‘,t = ezm,t be client ¢’s estimate of its own model
parameter. If client ¢ is clustered correctly such that z;; =
z;, where the success probability P{z;, = z;} is shown in
Lemma 10 (which can be found in Appendix 2), it follows
from (8) that, for t > T + 1,

Since vlog £ <

1650 = 07,112 < d(@ﬁ*)
- o4 CeonVB e
< (1= casmpa/r) T d(6r,6%) + p— vlog ~
The proof is completed. ]

1) Proof of Lemma 2: This subsection is devoted to the
proof of Lemma 2 using the following road map:

d0,07) L= Y mil= ld@s,,)llz ICs,.ll2

i:iEngt
L= [IBE.(d(x)0rt—1 = y)ll2 | -

Specifically, a small estimation error d(6;, 6*) implies an upper
bound on the total number of incorrectly clustered data points
>_ics, , M then we upper bound [|¢(xs¢ )||2 and [|Cs¢ |2 using
sub-Gaussian concentration and the union bound; finally we
conclude the result from (14).

We first upper bound Zz’esu n;. Using (7), the set Sp; =
I, © Iy, is equivalently the union of

Ip—1Ip; =

{i €1y |lyi—d(xi)bre—1]l2 > 51171&} lyi — ¢(-’Bz‘)9e',t1||2} ,
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Ioy —1Ip =
{i 1o |lyi—d(xi)00—1]]2 < gl;léft} llyi — ¢(wi)0£’,t1”2} .

Therefore, Sp; = S¢(6;—1), where Sy is defined in (15). The
next lemma upper bounds the VC dimensions of the binary
function classes specified in (16).

Lemma 9: For k > 2, the VC dimensions of 7} and F}'
are at most C'dk log k for a constant C' > 0.

Proof: We focus on the proof for F} for a fixed ¢ € [k],
and the proof for F}! is similar. We count the number of faces
in the arrangement of geometric objects, which is also known
as the number of sign patterns. Specifically, here we define
the sign patterns of binary functions g1 (6),...,gm(0) as the

set

{(g1(0),...,gm(0)) : 0 € R¥*}.
Suppose ]—} shatters m points denoted by
(x1,91),- -, (Tm, ym). Define binary functions

i, (0) = 1{ Py (i, y:](0) > 0},  gi(6) = max q;,¢ (6).

127

It is necessary that the number of sign patterns of
91(0), ..., gm(0) is 2. Note that every Py ¢[x;, y;] is a (dk)-
variate quadratic function. By the Milnor-Thom theorem (see,
e.g., [34, Theorem 6.2.1]), if m(k — 1) > dk > 2, the number
of sign patterns of m(k — 1) binary functions g1 ¢/, ..., qm.e
for ¢/ # ¢ is at most (10%27(;_1))‘”“. Since each g; is the
maximum of ¢; ¢ over ¢ # ¢, the number of sign patterns of
g1, - -, 9m is upper bounded by (%(If_l))dk. Consequently,
we obtain 2 < (%(kk_l))dk, and hence m < Cdklogk.
If instead, m(k—1) < dk, then the conclusion m < Cdklogk
trivially holds. |

Next, we show the uniform deviation of the incorrectly
clustered data points. Due to the quantity skew, we consider
a weighted empirical process G¢(0) = Zf\il n;1{i € Sp(6)}.
Since the local data (x;,y;) on different clients are indepen-
dent, for a fixed 6, the events {i € S¢(f)} as functions of
(x;,y;) are mutually independent. Using the binary function
classes in (16), we have

E [sup |Ge(0) — E[GZ(Q)H]
9

<E | sup ni(f (i, yi) —E[f(wi,yi)])H
feF, lier,
+E | sup > ni(f (i, y:) — Elf (i, 9:))
fGTE iZ1y
< C [dklogky n?+C [dklogk n?
i€y ¢y
M
<2C, |dklogk» n?, (29)
=1

where the second inequality follows from the uniform devi-
ation of weighted empirical processes in Lemma 12 and the
upper bound of VC dimensions in Lemma 9. Finally, we use

IEEE TRANSACTIONS ON INFORMATION THEORY, VOL. 70, NO. 9, SEPTEMBER 2024

the McDiarmid’s inequality to establish a high-probability tail
bound. Note that we can write

Sl;p |Ge(0) — E[Go(0)]| & W Z1,- .., Znr)

as a function h of Z; = (x;,y;) with bounded differences: for
any 14, z;, .,

|R(21, oy 2iy ooy znr) — (21, ooy 20y ooy 2nn)| < e
By McDiarmid’s inequality, we have
P{h(Z1,....Zp) —E[h(Z1,...,Zn)] > t}

2t2
<exp|-——iv—]. (30)
b ( le\il nf)

Therefore, combining (29) and (30), and by a union bound,
with probability at least 1 — k—24%,

sgp |Ge(0) — E[G(0)]]

< (2C+1),|dklogk» n?

i=1

— (20 + 1)N\/C”“]1W°gk(x2(n) +1), Velk. @D

Lemma 10: Suppose € < —”(;/BA. Then,
AZ\?
Pli € S¢(0)] < 4kexp [ —cnia? (1 A 2) ,

sup

0:d(0,0%)<e a

for all ¢ € [k], where ¢ is an absolute constant.
Proof: For i € I, it follows from (15) and the union
bound that

P{ie Se0)}
< S P{lly: — é@)0ulla > llyi — d(w:)e 2}

ey,
= P{llp(@:) (0] — 00)+Cill2> | ¢(x:) (07 — 0u)+Cill2} -

ey,

(32)

For any u € R?, the n;-dimensional random vector ¢(x; )u-+(;
has independent and (||ul|3 + o?%)-sub-Gaussian coordinates.
Applying Bernstein inequality yields that

1
P{ |- loteu-+ 13- (B, ) |2l 40 |
< 2exp (—cn,-(t A t2)) , (33)

where ; = E[p(zi1)p(zi1)T]. Let ug £ 05 — 0, and up =
0; — 0p . By assumptions that |8, — 67| < € for all ¢/ € [k]
and (|07 — 0} ||2 > A for £ # ¢, we have |Juq|2 <, ||uszll2 >
A — e. Applying the condition € < SMA < %A, we get

luzls, = llualls, = (A =) = Be® = an?/3.

(34)

Therefore, let m = E[¢3] +

p— —lmlite?
Turl3 +Hlual3+207°

P{llo(xi) (07 — 00) + Gill2 > ||6(xi) (07 — Or) + Gill2}

(1 =p) llusll3,, + plluslf3,, with
and we obtain from (33) that
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<P {;H(b(mi)ul + Gl > m}

+2{ Llo(wu + Gl <)
<4dexp (—cni(t A t2)) ,

u 2 —||lu 2

where t = % > coa(l/\A—j) for a constant cg >
112 PAIDY oa o

0 using the lower bound of seperation in (34). We conclude

the proof for ¢ € I, from (32). Similarly, for ¢+ € I, with

0" # £, we have
P{i € S0)}
< P{llo(x) (65 — o) + Gill2 = llo(2i) (67 — ) + Gill2} -
The conclusion follows from a similar argument. (]
Let N; £ Y., n; denote the total number of data in a

subset of clients I C [M]. It follows from (31) and Lemma 10
that, with probability 1 — k—dk,

NSzyt = Z n; < VNa
i€Set

(35)

where v is defined in (9). Conditioning on total number of
incorrectly clustered data points Ny, the next lemma upper
bounds [|¢(a;)]2 and [I¢7 2.

Lemma 11: With probability 1 — 4e~¢, there exists a con-
stant C' > 0 such that

sup *H(b(wl)\lz < ﬁCvlog (36)
Ni<vN
Nsup —HCJHQ < Co? Vlogf (37)

Proof: Since ¢(x;;) are independent and sub-Gaussian
random vectors in R<, for a fixed I C [M], with probability
at least 1 — 2e~t,

lo(@ll; < BNy +C' (VAN + (d+1)).

for some absolute constant C’ > 0. There are at most (VZYV) <
exp(Nvlog(e/v)) many different I with N; < N’. Hence,
applying the union bound yields that, with probability at least
1—2e 9,

sup_[|é(z1)|I3 < BNvlog =,

1<vN v

d

where we used v 2 . Since (;; are independent and

sub-Gaussian with ]E[Cf]] < 2, the inequality in (37) follows
from a similar argument. ]

Conditioning on the high probability events of (35), (36)
and (37), we obtain

e e
l¢(zs, )|z < Cy/BNvIog . |[Cs,, Iz < Coy [Nrlog —.

Since || Ps, ,||2 < s, we conclude from (13) and (14) that
1BEe,t(d(x)0,t—1 — y)ll2
< l0@s, ) la]1Ps, [ los, )eemr —
< % (d(Or—1,0)|d(@s, )3 + o(s, . )ll2lICs, . ]I2)
< C?s(8d(01,0%) + o/B)v log -

YSe4 H2
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2) Auxiliary Lemma:

Lemma 12: Consider a weighted empirical process
Gn(f) = Y1, Mif(X;) for binary functions f € F, where
X;’s are independent and the VC dimension of F is at most
d. Then

—
w
=

T
)
=
\
=
)]
=
A

dzn:)\f.
=1

Proof: Since X;’s are independent, by symmetrization,

|

where ¢; are i.i.d. Rademacher random variables. Next, by con-
ditioning on X;’s, we aim to apply Dudley’s integral. Since
¢; are independent and 1-sub-Gaussian, for any f,g € F, the
increment >, €\ f(X;) — Y, €iAig(X;) is also sub-Gaussian
with a variance parameter

va 9)(

n

sup Z 67:)\7:f(X7:)

/&7 =1

E |sup |Gn(f)

feF

—EGn(f)]| <2E

(Z v) I1f = gll32 .

where p, denotes the weighted empirical
ZSA? >, A#x,. Apply Dudley’s integral (see, e.g.,
Theorem 8.1.3]) conditioning on X;’s, we get that

i
L%z& 2 NS ]

=1
n 1
> xEU VIog N (F, L2 (1), €)de |
i=1 0

measure
[377

A

where N'(F, L?(u,,), €) denotes the e-covering number of JF
under L?(p,,). Finally, we can bound the covering number by
the VC dimension of F as (see, e.g., [37, Theorem 8.3.18])

2
IOgN(]:v L2(Mn)7€) g leg Z

The conclusion follows. O

APPENDIX C
TRUNCATED MATRIX BERNSTEIN INEQUALITY
Lemma 13: Let {a; : i € [N]} and {b; : ¢ € [N]} denote
two independent sequences of independent random vectors
in R%. Suppose that E ||ai||§ < Chd, E[Hblﬂg] < Chd,
|E [a:a] ]|, < C1. ||E [b:b] ][], < C1. and

P{llailly >t} P{lbill, > 1} < exp (~Cot/ V), ¥t > Vi

for some universal constants C, Cy > 0. Let

YZm

Then there exists a constant C' > 0 (only depending on C'y, Cs)
such that with probability at least 1 — 36,

Y[, <C (,/Ndlog§ + dlog3(N/6)> .

E[a]]).
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Proof: Given T to be specified later, define event &; =
{||aibiTH2 < 7}. It follows that

N
Y =) (aib] 1{&} — E [asb] 1{&}])
=1
N N
+3 aib] 1{EF} - Y E [aid] 1{£7}]
=1 =1
and hence
N
Y, < Z (aib] 1{&:} — E [a:b 1{&:}])
1=1
N N ’
+ > aib] eS| + (D _E [aib] 1{&F]|| . (39)
i=1 2 i=1 2

In the sequel, we bound each term in the RHS separately.

To bound the first term, we will use the matrix Bernstein
inequality. Let Y; = ab 1{&} — E [a:b] 1{&}]. Then
E[Y;] =0 and

1illy < flaib H{EM|, + [ [aid 1{EH]|, < 27
Moreover,
N N
SEVYT) =Y E [(aib] 1{&} — E [aid] 1{&:}])
i=1 i=1
x (ab] 1{&} — E [ab] 1{€:}]) ]
=3 (E [wsa] Ioul 1463}
i=1
~E [a;b] 1{&} E [aibjl{fi}]T) :
Therefore,
N N
STEYY] < SE [wa [0l 1(6:)]
i=1 =1

A
.MZ
=

@
Il
-

oy

I
.MZ

s
Il
-

E _Ilbilli] E [a;a] | 2 C}NdIL

Moreover, Y;Y;" = 0. Hence,

S E vy, <ot N

Similarly, we can show that Hzf\il E[V;'Y;]|| < C% Nd.
2

Applying the matrix Bernstein inequality [39], we get that with
probability at least 1 — 4,

N
> Y
i=1

where C3 > 0 is a constant only depending on C;. Next,
we bound the second term in (38). Note that on the event

gL s, aibjﬂ{ef}HQ — 0. Note that

1 1
§C’3< Ndlog5+rlog6>, (39)
2

P{E} =P {[laid/ ||, > 7}
<P{llaill, > v7} +P{lbill, > V7}
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<2 e C2VT/d
Hence by choosing 7 = C5 2dlog? % for some sufficiently

large constant C, we get that P{£f} < 2§/N. Thus by union
bound,

N
P{OY,&}>1- > P{E} >1-20

(40)
i=1
Finally, we bond the third term in (38). Note that
N N
Y OEfab] HEN| <D | [ab 1{ER]],
i=1 i=1
’ N
<> E[[lab] H{EY,) -
i=1
Moreover,

E [[labT 145} ]

:/ P {||a:b] 1{E Y|, >t} dt
0

— [ PletT ],z rhae+ [ B {2 e} ae
0 T
5 oo

<ri [ Pllal], > ehar

By assumption, for t > 7 = Cy 2dlog® X,

P {eit]]l, 2 6} <P {llail 2 v} + Il 2 v}
<2 e CaVid
It follows that
/OOP{H%@THQ >t} dt < 2/00 o—Cav/ild gy
T :4dT(\/%+ 1/02) e=Co/7/d.

where the equality holds by the identity that f:o e—oViqt =
2 (y/Ta+1)e~*VT. Therefore,

)
E [Haib;rﬂ{gic}ng] < TN + 4d (\/TW‘F 1/C2) 6702\/%
6 dd 9
< ENT27) .
- NC22 log (N/(S) 41
Plugging (39), (40), and (41) into (38) yields the desired
conclusion. 0
APPENDIX D

BOUND ON THE LARGEST PRINCIPAL ANGLE BETWEEN
RANDOM SUBSPACES

Let U € R%*‘ denote an orthogonal matrix and Q €
R¥*¢ denote a random orthogonal matrix chosen uniformly
at random, where ¢ < d.

Lemma 14: With probability at least 1 — 2,

€

VI(Vd +log(1/e))

Umin(UTQ) Z C

for a constant ¢ > 0.
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Proof: Since Q € R%*¢ is a random orthogonal matrix,
to prove the claim, without loss of generality, we can assume
U = [e1,e2,...,er], where ¢;’s are the standard basis vectors
in R?. Let A € R** denote a random Gaussian matrix with

ii.d. AV(0,1) entries and write A = ;( , where X € R***

and Y € RE=O%¢ Then UTQ has the same distribution
as X(ATA)~1/2, 1t follows that o, (U ' Q) has the same
distribution as i (X (AT A)~1/2). Note that

Omin (X(ATA)—l/Q) > Umin(X)Umin ((ATA)—l/Q)
Omin (X

Umax(A )

In view of [40, Corollary 5.35], 0ymax(A) < CVd+Clog(1/e)
with probability at least 1 — e. Moreover, in view of [41,
Theorem 1.2], opmin(X) > ce/ V/{ with probability at least
1 — €. The desired conclusion readily follows. (]
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