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ABSTRACT

We study the optimization aspects of personalized Federated Learning (FL). We
develop a universal optimization theory applicable to all strongly convex person-
alized FL models in the literature. In particular, we propose a general personalized
objective capable of recovering essentially any existing personalized FL objective
as a special case. We design several optimization techniques to minimize the gen-
eral objective, namely a tailored variant of Local SGD and variants of accelerated
coordinate descent/accelerated SVRCD. We demonstrate the practicality and/or
optimality of our methods both in terms of communication and local computa-
tion. Surprisingly enough, our general optimization theory is capable of recover-
ing best-known communication and computation guarantees for solving specific
personalized FL objectives.

1 INTRODUCTION

Federated Learning (FL) (McMahan et al., 2017} Kairouz et al., |2019) is a novel paradigm for
training machine learning models on individual devices rather than revealing their data while com-
municating the model updates using private and secure protocols. The original goal of FL was to
search for a single model to be deployed on all devices, which has been questioned recently. As
the user data distribution can vary greatly across the devices, a single model might not serve all the
devices simultaneously (Hard et al.||2018)). Thus, data heterogeneity becomes the main challenge in
the search for efficient federated learning models. Recently, a range of personalized FL approaches
has been proposed to deal with data heterogeneity (Kulkarni et al., 2020), where different local mod-
els are used to fit user-specific data, but also capture the common knowledge distilled from data of
other devices.

Since the motivation and the goal of each of these personalized approaches varies greatly; examin-
ing them separately can only provide us with an understanding of a given model. Fortunately, all
personalized FL models from the literature are trained by minimizing a specifically structured opti-
mization program. In this paper, we analyze the general properties of such an optimization program
which in turn provides us with high-level principles for training personalized FL. models. We aim to
solve the following optimization problem

. RS
Ii}l}él {F(w»ﬁ) = M mz_lfm(wvﬂm)} ) (D

where w € R% corresponds to the shared parameters, 3 = (531, .., Bx) with 3,, € Rém, ¥Ym €
[M] corresponds to the local parameters, M is the number of devices, and f,, : Rdo+tdm _s R is the
objective that depends on the local data at the m-th client.
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By carefully designing the local loss f,,(w, 8,,), the objective (I)) can recover essentially any ex-
isting personalized FL approach as a special case. Note that the local objective f,, does not need
to correspond to the empirical loss of a given model on the m-th device’s data. See Section [2]
for details. Therefore, (I) serves as a unified framework that includes all existing personalized FL
approaches as special cases. The main goal of our work is to explore the problem (1) from the opti-
mization perspective. Doing so, we provide universal optimization theory that applies to essentially
all personalized FL approaches.

A longer version of this paper is attached as the appendix. Due to space limitations, we omit some
details and definitions of notations. The purpose of this paper is to highlight the main points of our
work, and we encourage interested readers to read the appendix for complete treatment.

1.1 CONTRIBUTIONS

We outline the main contributions of this work.

Single personalized FL objective. We propose a single objective (I)) capable of recovering, to
the best of our knowledge, all the existing personalized FL approaches by carefully constructing
the local loss f,, (w, B,,). Consequently, training different personalized FL models is equivalent to
solving a particular instance of ().

Recovering best-known complexity and novel guarantees. We develop a tight strongly convex op-
timization theory for solving (). Our convergence theory covers both the communication and com-
putation guarantees. Furthermore, the computational guarantees include both the complexity with
respect to the number of w-gradients evaluated and the number of J-gradients evaluated. Despite
the generality of our approach, specializing our rates to the individual personalized FL objectives,
we recover best-known optimization guarantees from the literature or advance over the state-of-the-
arzﬂ Therefore, our results often deem the optimization tailored to solve a specific personalized FL.
unnecessary.

Universal (convex) optimization theory for personalized FL. In order to develop optimization
theory for solving (I)), we impose particular assumptions on the objective: p—strong convexity of
F and convexity and (L%, M L?)-smoothness of f,, for all m € [M] (see appendix for details).
These assumptions are naturally satisfied for the vast majority of personalized FL objectives from
the literature, with the exception of personalized FL approaches that are inherently nonconvex, such
as MAML (Finn et al.| [2017). Under these assumptions, we propose three algorithms for solving
the general personalized FL objective (T): i) Local Stochastic Gradient Descent for Personalized FL
(LSGD-PFL), ii) Accelerated block Coordinate Descent for Personalized FL. (ACD-PFL), and iii)
Accelerated Stochastic Variance Reduced Coordinate Descent for Personalized FL. (ASVRCD-PFL).
Our convergence theory covers both the communication and computation guarantees. Furthermore,
the computational guarantees include both the complexity with respect to the number of w-gradients
evaluated and the number of 3-gradients evaluated, as presented in Table

Minimax optimal rates. We provide lower complexity bounds for solving (I). Using the construc-
tion of [Hendrikx et al.| (2020), we show that to solve @]) one requires at least a certain number of
communication rounds, a certain number of (stochastic) gradients with respect to w and a certain
number of (stochastic) gradients with respect to 5. Note that communication is often the bottleneck
when training distributed and personalized FL. models. Next, we show that ACD-PFL is always
optimal in terms of the communication and local computation when the full gradients are available,
while ASVRCD-PFL can be optimal either in terms of the number of evaluations of the w-stochastic
gradient or the 3-stochastic gradient.

Personalization and communication complexity. Given that a specific FL objective contains a
parameter which determines the amount of personalization, we observe that the value of /L% /p
is always non-increasing function of this parameter. Since the communication complexity of (I)) is

equal to /L™ /u up to constant and log factors, we conclude that the personalization has positive
effect on the communication complexity of training FL models.

New personalized FL objectives. The universal personalized FL objective (1)) enables us to obtain a
range of novel personalized FL formulations as a special case. While we study various (parametric)

"With a single exception: objective (11) of the appendix with A > L.
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Table 1: Complexity guarantees of proposed methods when ignoring constant and log factors.
Vw/V : number of (stochastic) gradient calls with respect to the w/B-parameters. Symbol
indicates minimax optimal complexity. Local Stochastic Gradient Descent (LSGD): Local access to
B-minibatches of stochastic gradients, each with o?-bounded variance. Each device takes (7 — 1)
local steps in between of the communication rounds. Accelerated Coordinate Descent (ACD): ac-
cess to the full local gradient, yielding both the optimal communication complexity and the optimal
computational complexity (both in terms of V,, and V). ASVRCD: Assuming that f; is n-finite
sum, the oracle provides an access to a single stochastic gradient with respect to that sum. The cor-
responding local computation is either optimal with respect to V,,, or with respect to V g. Achieving
both optimal rates simultaneously remains an open problem.

| Alg. [ Communication [ # V. [ #Vg |
max(LﬁrflﬁLw) o2 max(Lﬁ,TLw) o2 max(Lﬁ;er) o2
LSGD-PFL m M BTpue I M Be " M Bpe
+i /L“’(Cf-*-:ZB ) _1_5 /L“(Cf-i-:zB D) +ﬁ Lw(€f+:23 D
ACD-PFL VI i VI VI
ASVRCD-PFL n+/nlv/p n+/nl/p n+/nlh/u

extensions of known models, we believe that the objective (I)) can lead to easier development of
brand new objectives too. We stress that proposing novel personalized FL models is not the main
focus of our work, but rather a low-hanging fruit enabled by other contributions; the paper’s main
focus consists of providing universal optimization guarantees for personalized FL.

The price of generality. As we impose a very generic assumptions on the structure (I)), one can
not hope to recover the minimax optimal rates, that is, the rates that match the lower complexity
bounds, for all individual personalized FL objectives as a special case of our general guarantees.
Therefore, our convergence guarantees are optimal in the light of our assumptions only. Despite
all of this, our general rates specialize surprisingly well for these objectives: our complexities are
state-of-the-art in all of the scenarios with a single exception: the communication complexity of the
mixture FL objective of Hanzely & Richtarik| (2020)).

2 PERSONALIZED FL OBJECTIVES

We recover a range of known personalized FL approaches as a special case of (I)). In particular, we
recover the traditional FL, fully personalized FL, multi-task FL of L1 et al.| (2020)), Moreau envelope
personalized FL (T Dinh et al., [2020), mixture FL objective (Hanzely & Richtarik, 2020)), adaptive
personalized FL (Deng et al.| 2020), personalized FL with explicit weight sharing (Arivazhagan
et al., 2019; |Liang et al.| [2020), federated residual learning (Agarwal et al., |2020), and MAML
based approaches (Fallah et al., 2020).

Due to space limitations, we only give a quick glimpse of our results here. In particular, Table
presents the smoothness and strong convexity constants with respect to (I)) for the special cases,
these in turn determine the communication and computation complexity of our methods.

3 ALGORITHMS

We briefly describe each of the three proposed algorithms. The complexities of these algoritums are
summarized in Table[I] while more details can be found in the appendix.

LSGD-PFL. This algorithm is a mixture between Local SGD (LSGD) (McMahan et al., 2016
Stich, [2019) and SGD - one takes a local SGD step with respect to w-parameters, while taking a
minibatch SGD step with respect to S-parameters. Admittedly, LSGD-PFL was already proposed
by|Arivazhagan et al|(2019) and|Liang et al.| (2020) to solve a particular instance of (IJ), however, no
optimization guarantees were provided. In contrast, we provide convergence guarantees of LSGD-
PFL that recover the convergence rate of LSGD when d; = ds = --- = djp; = 0 and the rate
of SGD when dy = 0. Next, we demonstrate that LSGD-PFL works the best when applied to an
objective with rescaled w-space, unlike what was proposed in the aforementioned papers.



Published as a conference paper at ICLR 2021

Table 2: Smoothness and strong convexity parameters for personalized FL objectives as an instance
od (I, with a note about the rate: we either recover the best known rate for given objective, or give
a novel rate that is to the best of our knowledge best under given assumptions. &: Rate for novel
personalized FL objective (extension of a known one). #: We recover best-known communication
complexity only for A\ = O(L’). Parameter L’ (or L) correspond to the smoothness of the (com-
ponents of) traditional FL objective, while p’ corresponds to the strong convexity of the traditional
FL.

Objective “ e L L o Rate?
/ reference
Traditional w r 0 L 0 recovered
Fully pers. 5 0 LM/ 0 % recovered
: A AL™+X L'+) AL+ L4+
— T ]]51 e}: al. (]2(258;0) 2N oM 20 oM oM new
inh et al. e A L'+ A L+ L)
Hanzely & Richtarik| (2020)| 33 M i M ar  [recovered
Deng et al' (2020) H/(l_zt’}max)z (A"F@sz\zax)l‘/ (1—(1},\]},])21/ (A+(¥J§1}ax)‘c/ (1_amMin)2'Cl neW*
| |Arivazhagan et al.[(2019) , , , , ,
| Liang et al.[(2020) K L L £ £ new
| |Agarwal et al. (2020) 1 Ly Lg Ly E% new

ACD-PFL. The second method we propose is an instance of the accelerated block coordinate de-
scent (Allen-Zhu et al.| 2016} Nesterov & Stich, 2017) with a very specific non-uniform sampling
of coordinate blocks corresponding to either the w-variables or 3-variables.

ASVRCD-PFL. Lastly, we propose a carefully designed instance of ASVRCD (Hanzely et al.,
2020). Besides subsampling the global and local parameters as ACD-PFL does, ASVRCD-PFL
subsamples the local finite sum as well and employs variance reduction with respect to both sources
of the randomness.

4 EXPERIMENTS

We present two experiments to validate the theoretical contributions of our work. In the first ex-
periment, we compare three different methods — LSGD-PFL, SCD-PFL (=ASVRCD-PFL without
acceleration and without variance reduction) and SVRCD-PFL (=ASVRCD-PFL without accelera-
tion) || across different datasets and objective functions. In the second experiment, we demonstrate
the need for reparametrization of w-space for SVRCD-PFL.

Setup. We implemented three personalized FL objectives each applied to three different datasets:
MNIST (LeCun & Cortes, 2010), KMINIST (Clanuwat et al., 2018)), and FMINST (Xiao et al.,
2017). As a model, we use a multiclass logistic regression (i.e., a single-layer fully connected neural
network composed with softmax function and cross entropy loss). See appendix for details.

Comparison between different optimization methods. We compare the convergence of LSGD-
PFL versus SCD-PFL and SVRCD-PFL. We plot the loss against the number of communication
rounds for three methods across different objectives and datasets. For Local SGD we set the syn-
chronization step to be 5, which means that all devices synchronize in every 5 iterations. For SCD
and SVRCD, devices only synchronize when we update the global parameter. The result is presented
in Figure[I] We see that the variants of coordinate descent outperform widely-used LSGD-PFL. The
addition of variance reduction term helps slightly improve the performanceé

Effect of reparametrization in SVRCD. In this experiment, we demonstrate the importance of

reparametrization of global parameter w (i.e., divided by v/ M). We run reparameterized and non-
reparameterized SVRCD-PFL across different objectives and datasets. Figure [2 shows the result.

>We drop the term as the condition number rather small for the acceleration to matter.
3We expect a more significant improvement if a closer neighborhood of the optimum was reached.
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Figure 1: Comparison for three algorithms:  Figure 2: Effect of reparametriza-

LSGD-PFL, SCD-PFL, and SVRCD-PFL.  tion of global space in SVRCD-PFL.
Different rows correspond to different objec-  Reparametrization helps SVRCD-PFL con-
tive functions and columns correspond to dif-  verge more smoothly, especially when it gets
ferent datasets. close to the optimum.

Indeed, we see that reparametrization improves the convergence of SVRCD-PFL. While the non-
reparametrized variant might converge faster initially, soon enough, it becomes extremely unstable.
This experiment confirms the necessity of reparametrization so that the scale of the learning rate is
right for both global and local parameters.
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Personalized Federated Learning:
A Unified Framework and Universal Optimization Techniques

Filip Hanzely *! Boxin Zhao "> Mladen Kolar >

Abstract

We study the optimization aspects of personalized
Federated Learning (FL). We develop a univer-
sal optimization theory applicable to all strongly
convex personalized FL. models in the literature.
In particular, we propose a general personalized
objective capable of recovering essentially any
existing personalized FL objective as a special
case. We design several optimization techniques
to minimize the general objective, namely a tai-
lored variant of Local SGD and variants of ac-
celerated coordinate descent/accelerated SVRCD.
We demonstrate the practicality and/or optimality
of our methods both in terms of communication
and local computation. Surprisingly enough, our
general optimization theory is capable of recover-
ing best-known communication and computation
guarantees for solving specific personalized FL
objectives.

1. Introduction

Modern personal electronic devices such as mobile phones,
wearable devices and home assistants can collectively gen-
erate and store vast amounts of user data. Such data are
crucial for training and improving state-of-the-art machine
learning models for tasks ranging from natural language
processing to computer vision. Traditionally, the training
process was performed by first collecting all the data into
a datacenter (Dean et al., 2012), raising serious concerns
about the user’s privacy and bringing a huge burden on the
storage ability of server suppliers. To address these issues,
a novel paradigm — Federated Learning (FL) (McMahan
et al., 2017; Kairouz et al., 2019) — has been proposed. In-
formally, the main idea of FL is to train a model locally on
an individual’s device instead of revealing their data while
communicating the model updates using private and secure
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protocols.

While the original goal of FL was to search for a single
model to be deployed on each device, such a goal has been
questioned recently. As the user data distribution can vary
greatly across the devices, a single model might not serve all
the devices simultaneously (Hard et al., 2018). Thus, data
heterogeneity becomes the main challenge in the search for
efficient federated learning models. Recently, a range of
personalized FL approaches has been proposed to deal with
data heterogeneity (Kulkarni et al., 2020), where different
local models are used to fit user-specific data, but also cap-
ture the common knowledge distilled from data of other
devices.

Since the motivation and the goal of each of these personal-
ized approaches varies greatly; examining them separately
can only provide us with an understanding of a given model.
Fortunately, all personalized FL. models from the literature
are trained by minimizing a specifically structured opti-
mization program. In this paper, we analyze the general
properties of such a optimization program which in turn
provides us with high-level principles for training personal-
ized FL models. We aim to solve the following optimization
problem

1 M
min {F(w,m = M;fm(wﬁm)} )

where w € R% corresponds to the shared parameters, 3 =
(B1,. .., Bar) with B, € RI=, ¥m € [M] corresponds
to the local parameters, M is the number of devices, and
fm : Rdotdm 5 R is the objective that depends on the
local data at the m-th client.

By carefully designing the local loss f,, (w, By), the objec-
tive (1) can recover essentially any existing personalized FL.
approach as a special case. Note that the local objective f,,
does not need to correspond to the empirical loss of a given
model on the m-th device’s data. See Section 2 for details.
Therefore, (1) serves as a unified framework that includes
all existing personalized FL approaches as special cases.
The main goal of our work is to explore the problem (1)
from the optimization perspective. Doing so, we provide
universal optimization theory that applies to all personalized
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FL approaches.

1.1. Contributions
‘We outline the main contributions of this work.

Single personalized FL objective. We propose a single
objective (1) capable of recovering, to the best of our knowl-
edge, all the existing personalized FL approaches by care-
fully constructing the local loss f,, (w, 8,,,). Consequently,
training different personalized FL models is equivalent to
solving a particular instance of (1).

Recovering best-known complexity and novel guaran-
tees. We develop a tight strongly convex optimization the-
ory for solving (1). Our convergence theory covers both the
communication and computation guarantees. Furthermore,
the computational guarantees include both the complexity
with respect to the number of w-gradients evaluated and
the number of 5-gradients evaluated. Despite the generality
of our approach, specializing our rates to the individual
personalized FL objectives, we recover best-known opti-
mization guarantees from the literature or advance over the
state-of-the-art with a single exception: objective (11) with
A > L'. Therefore, our results often deem the optimization
tailored to solve a specific personalized FL unnecessary.

Universal (convex) optimization theory for personalized
FL. In order to develop optimization theory for solv-
ing (1), we impose particular assumptions on the ob-
jective: pu—strong convexity of F' and convexity and
(LY, M LP)-smoothness of f,, for all m € [M] (see As-
sumptions 1.1, 1.2). These assumptions are naturally
satisfied for the vast majority of personalized FL objec-
tives from the literature, with the exception of personal-
ized FL approaches that are inherently nonconvex, such as
MAML (Finn et al., 2017). Under these assumptions, we
propose three algorithms for solving the general personal-
ized FL objective (1): i) Local Stochastic Gradient Descent
for Personalized FL. (LSGD-PFL), ii) Accelerated block
Coordinate Descent for Personalized FL. (ACD-PFL), and
iii) Accelerated Stochastic Variance Reduced Coordinate
Descent for Personalized FL. (ASVRCD-PFL).

We briefly describe each of the three proposed algorithms.

LSGD-PFL. This algorithm is a mixture between Local
SGD (LSGD) (McMabhan et al., 2016; Stich, 2019) and
SGD - one takes a local SGD step with respect to w-
parameters, while taking a minibatch SGD step with respect
to S-parameters. Admittedly, LSGD-PFL was already pro-
posed by Arivazhagan et al. (2019) and Liang et al. (2020)
to solve a particular instance of (1), however, no optimiza-
tion guarantees were provided. In contrast, we provide
convergence guarantees of LSGD-PFL that recover the con-
vergence rate of LSGD whendy = dy = --- =dy =0
and the rate of SGD when dy = 0. Next, we demonstrate

that LSGD-PFL works the best when applied to an objective
with rescaled w-space, unlike what was proposed in the
aforementioned papers.

ACD-PFL. The second method we propose is an instance of
the accelerated block coordinate descent with non-uniform
sampling (Allen-Zhu et al., 2016; Nesterov & Stich, 2017;
Hanzely & Richtarik, 2019) that computes at each itera-
tion the gradient with respect to w-parameters with prob-
VIL®

T vir OF the gradient with respect to
VIP

B-parameters with probability pg = T Vi

ASVRCD-PFL. Lastly, we propose a carefully designed
instance of ASVRCD (Hanzely et al., 2020b). Besides
subsampling the global and local parameters as ACD-PFL
does, ASVRCD-PFL subsamples the local finite sum as well
and employs variance reduction with respect to both sources
of the randomness.

ability p,, =

Minimax optimal rates. We provide lower complexity
bounds for solving (1). Using the construction of Hen-
drikx et al. (2020), we show that to solve (1), one re-

quires at least O (\ /LY /i log e‘l) communication rounds.

Note that communication is often the bottleneck when
training distributed and personalized FL. models. Fur-

thermore, one needs at least O (\/L“} /plog 6_1) evalu-

ations of V,F and at least O (x/Lf‘/,u log e‘l) evalua-

tions of VgF. Given the n-finite sum structure of f,,
with (L%, M £#)-smooth components, we show that one

requires at least O (n +/nLv/ulog e_l) stochastic gra-
dient evaluations with respect to w-parameters and at least

O (n + +/nLP/ulog 6_1) stochastic gradient evaluations

with respect to S-parameters. We show that ACD-PFL is
always optimal in terms of the communication and local
computation when the full gradients are available, while
ASVRCD-PFL can be optimal either in terms of the num-
ber of evaluations of the w-stochastic gradient or the (-
stochastic gradient.

Personalization and communication complexity. Given
that a specific FL objective contains a parameter which de-
termines the amount of personalization, we observe that the
value of /L% /u is always non-increasing function of this
parameter. Since the communication complexity of (1) is
equal to /L™ /u up to constant and log factors, we con-
clude that the personalization has positive effect on the
communication complexity of training FL. models.

New personalized FL objectives. The universal personal-
ized FL objective (1) enables us to obtain a range of novel
personalized FL formulations as a special case. While we
study various (parametric) extensions of known models, we
believe that the objective (1) can lead to easier development
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of brand new objectives too. We stress that proposing novel
personalized FL models is not the main focus of our work,
but rather a low-hanging fruit enabled by other contribu-
tions; the paper’s main focus consists of providing universal
optimization guarantees for personalized FL.

1.2. Assumptions and notations

Local Objective. We assume three different ways to ac-
cess the local objective f,,,. The first, and the most simple
case, corresponds to having access to the full gradient of
fm with respect to either w or 3, for all m € [M] simulta-
neously. The second case corresponds to a situation where
fm(w, Br,) is the expectation itself, i.e.,

fm(w7 Bm> = ]EEE'D,,” fm(w7 /B’rru f) ) (2)

while having access to B stochastic gradients with respect
to either w or 3, simultaneously for all m € M. The third
case corresponds to a finite sum f,,:

1 n
fm(wv Bm) = E Z f’rn,i(w7 /Bm)a 3)
i=1

having an access to V, i (W, Bm) or to Vg f i(w, Brm)
for all m € [M] and ¢ € [n] selected uniformly at random.

Assumptions. We argue that the objective (1) is capable
of recovering virtually any personalized FL objective. Since
the structure of the individual personalized FL objectives
varies greatly, it is important to impose reasonable assump-
tions on the problem (1) in order to obtain meaningful rates
in the special cases.

Assumption 1.1. Assume that function F(w, B) is jointly u-
strongly convex for i > 0, while for all m € [M], function
fm(w, B) is jointly convex, L*-smooth w.r.t. parameter w
and (M LP)-smooth w.r.t. parameter ™. In the case when
w =0, assume additionally that (1) has a unique solution.

When f,,, has a finite sum structure (3), we require the
smoothness of the finite sum components as well.

Assumption 1.2. Suppose that for all m € [M],i € [n],
Sfunction fp, i(w, By) is jointly convex, L"-smooth w.r.t.
parameter w and (M LP)-smooth w.r.t. parameter 3™.!

In Section 2 we justify Assumptions 1.1 and 1.2 and char-
acterize the constants p, L, L5, £, £P for special cases
of (1). Table 2 provides a summary of what these parameters
are for particular instances of (1) that we study.

The price of generality. Since Assumption 1.1 is the only
structural assumption we impose on (1), one can not hope

. w 8
Mt is easy to see that L > LY > % and £° > LP > %

to recover the minimax optimal rates, that is, the rates that
match the lower complexity bounds, for all individual per-
sonalized FL objectives as a special case of our general guar-
antees. Note that any given instance of (1) has a structure
that is not covered by Assumption 1.1, but can be exploited
by an optimization algorithm to improve either communi-
cation or local computation. Therefore, our convergence
guarantees are optimal in the light of Assumption 1.1 only.
Despite all of this, our general rates specialize surprisingly
well for these objectives as we show in Section 2: our com-
plexities are state-of-the-art in all of the scenarios with a
single exception: the communication complexity of (11).

Individual treatment of w and 5. Throughout this work,
we allow different smoothness of the objective with respect
to global parameters w and local parameters . At the same
time, our algorithm is allowed to exploit the separate ac-
cess to gradients with respect to w and /3, given that these
gradients can be efficiently computed separately. Without
such a distinction, one might not hope for the communi-
cation complexity better than © (max{L",\}/uloge™1),
which is suboptimal in the special cases. Similarly, the com-
putational guarantees would be suboptimal as well. See
Section 2 for more details.

Data heterogeneity. We do not impose any similarity as-
sumptions on different devices data. Our theory allows for
an arbitrary dissimilarity among the individual clients.

2. Personalized FL Objectives

We recover a range of known personalized FL approaches as
a special case of (1). In this section, we detail optimization
challenges that arise in each one of the special cases. We
discuss the relation to our results, particularly focusing on
how Assumptions 1.1, 1.2 and our general rates (presented
in Sections 3 and 4) behave in the special cases. Table 2
presents the smoothness and strong convexity constants with
respect to (1) for the special cases, while Table C1 (in the
appendix) provides the corresponding convergence rates for
our methods when applied to these specific objectives.

Due to space limitations, we only present a subset of recov-
ered personalized FL approaches here while the personal-
ized FL with explicit weight sharing (Arivazhagan et al.,
2019; Liang et al., 2020), federated residual learning (Agar-
wal et al., 2020), and MAML based approaches (Fallah et al.,
2020) are discussed in the appendix.
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Table 1. Complexity guarantees of proposed methods when ignoring constant and log factors. V., /V g : number of (stochastic) gradient

calls with respect to the w/3-parameters. Symbol

indicates minimax optimal complexity. Local Stochastic Gradient Descent (LSGD):

Local access to B-minibatches of stochastic gradients, each with o%-bounded variance. Each device takes (7 — 1) local steps in between
of the communication rounds. Accelerated Coordinate Descent (ACD): access to the full local gradient, yielding both the optimal
communication complexity and the optimal computational complexity (both in terms of V,, and Vg). ASVRCD: Assuming that f; is
n-finite sum, the oracle provides an access to a single stochastic gradient with respect to that sum. The corresponding local computation is
either optimal with respect to V,, or with respect to V 3. Achieving both optimal rates simultaneously remains an open problem.

[#] Alg. \ Communication \ #V. \ #Vjg \
max(L/‘IT—l,Lw) o2 max(Lﬁ,TL“’) 2 max(Lﬁ,'rL“’) o)
1 LSGD-PFL m t MBre 1 M Bpe " M Bue
“w € “w € 7 €
ACD-PFL N N VT
3 | ASVRCD-PFL n+/nL%/p n+/nl%/pu n+/nlh/p

Table 2. Parameters in Assumptions 1.1 and 1.2 for personalized FL objectives, with a note about the rate: we either recover the best
known rate for given objective, or give a novel rate that is to the best of our knowledge best under given assumptions. *: Rate for novel

personalized FL objective (extension of a known one).

| Objective | 1w \ v \ LP \ Lv \ LP \ Rate?
%) w L 0 L 0 recovered
®)) ’LM/ 0 LM/ 0 ]% recovered

A AL+ JEESY AL X S
®) P GIva g+ Sir 2/1\+4 new*
(11) £ 2 Lt 2 L2 recovered for A = O(L')
"(1—otmax)” o ’ —amin)° L’ o ’ —amin)’L’
(14) el N ) (A+ JI\}&X)L (1 x )°L (A+ ]l\zax)‘c a b )L new®™
(16) w L L L' L new
(18) [ Ly Ly LY cy new
2.1. Traditional FL any influence from other clients:

The traditional, non-personalized FL objective (McMahan
etal., 2017) is given as

1M
wrrélﬂ?dF (w) = i mZ:1 fr(w), 4)

where f], corresponds to the loss on the m-th client’s
data. To properly compare the convergence rates, let us
assume that f/ is L’-smooth and p/— strongly convex
for all m € [M]. The FL objective (4) is a special case
of (1) with d; -+ = dp = 0. It was shown that
the minimax optimal communication to solve (4) up to e-

neighborhood of the optimum is S (\ /L' /i log e’l) (Sca-
man et al., 2018). When f), = =37, f, (w) is a
n—finite sum with convex and £'—smooth components,
the minimax optimal local stochastic gradient complexity is

6 ((n + 4 /nﬁ’/u) log 6*1) (Hendrikx et al., 2020). Both
rates are recovered by our theory.

2.2. Fully personalized FL.

At the other end of the spectrum lies the fully personalized
FL where the m-th client trains their own model without

1 M
o Fran(B) =57 D7 fn(Bm)- )

m=1

B,

The above objective is a special case of (1) with dy =
0. As the objective is separable in 31, ..., S, we do not
require any communication to train it. At the same time, we

need © ((n +/nL'/ u) log e_l) local stochastic oracle
calls to solve it (Lan & Zhou, 2018) — which is what our
algorithms achieve.

2.3. Multi-task FL of Li et al. (2020)

The objective is given as

min
B1,..,Bm ERY

1 &z ! A / 2
=3 2 (£ + 18— @) ©

Fur(B)

where (w’)* is a solution of the traditional FL in (4) and
A > 0. Assuming that (w’)* is known (which Li et al.
(2020) does), the problem (6) is a particular instance of (5);
thus our approach achieves the optimal complexities.
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A more challenging objective (in terms of the optimization)
is the following relaxed version of (6):

M
min 2= D (AL () + o (Bon) + Alw = BulP)
’ m=1

where A > 0 is the relaxation parameter, recovering the
original objective for A — oco.

Next, we scale the global parameter w by a factor of M -3
in order to obtain the right smoothness/strong convexity
parameter (according to Assumption 1.1), arriving at the
following objective:

min _ Fyra(w, B) = me (W, Bm),  (8)
w,B1,-..,8m ER
where
A 1
Jm(w, Bm) = Afm(M 2w)+fm(ﬂm)+§”/6m*M sz2~

The next lemma determines parameters p, L, L?, £, LP
in Assumption 1.1.

Lemma 2.1. Let A > 3)\/(2y'). Then, the objective (8)
is jointly (\/(2M)) —strongly convex, while f,, is jointly
convex, ((AL' + X)/M)-smooth with respect to w and
(L' 4+ X)-smooth with respect to [Bp,. Similarly, fp, ; is
jointly convex, (AL + X\)/M)-smooth with respect to w
and (L' + X)-smooth with respect to By,

Evaluating gradients. The nice thing about objective (8)
is that evaluating V,, fo, (z, B, ) can be perfectly decoupled
from evaluating Vg f,,, (2, 8,,) and vice versa. Therefore,
we can make a full use of our theory and take advantage of
different complexities with respect to V,, and V.

The resulting communication and computation complexities
of solving (8) are presented in Table C1.

2.4. Multi-task personalized FL and implicit MAML

In its simplest form, the multi-task personalized objec-
tive (Smith et al., 2017; Wang et al., 2018) is given
as (Hanzely & Richtarik, 2020)

M

3 > I

m=1

Fux (B

(Bm) +— Z 1B—BmlI?

)
where /3 = M Zm 1 Bmand A > 0.

On the other hand, the goal of implicit MAML (Rajeswaran
et al., 2019; T Dinh et al., 2020) is to minimize

MZ(;}IH (fm ) + 3w Bmll)

10)

min Fug(w
weRd

)

where A > 0.

While we can not recover (9) or (10) in its exact form (1),
we can recover objective which is simultaneously equivalent
to both of them. In particular, by setting f,,(w, Bm) =

F1(Bm) + MM~ 2w — f,,]|2, the objective (1) becomes

1 M A M L

_ / A —5 _ 2
=+ ;fm(ﬂm) + 537 mZ::l 1M 2w = B®. (1)
It is a simple exercise to notice the equivalence of (11) to
both (10) and (9).% Indeed, we can always minimize (11) in

. . 15 . .
w arriving at w* = M 2 3 and thus recovering the solution
of (9). Similarly, by minimizing (11) in 8 we arrive at (10).
Next, we establish parameters in Assumptions 1.1 and 1.2.
Lemma 2.2. Let i/ < A\/2. Then, the objective (11) is
jointly (u'/(3M))- strongly convex, while f,, is (A\/M)-
smooth with respect to w and (L' 4+ \)-smooth with respect
to B. Furthermore, function fu, i(w, Bm) = f1, :(Bm) +
A/2) | M~ 2w — B, ||? is jointly convex, (\/M)-smooth
with respect to w and (L' 4+ \)-smooth with respect to .

Hanzely et al. (2020a) showed that the minimax optimal
communication complexity to solve (9) (and therefore

to solve (10) and (11)) is @( min(L/, \)/u/ loge‘1>.

Furthermore, they showed that the minimax opti-
mal number of gradients with respect to [/ is

€} ((\/L’/u’) loge_l) and proposed a method with

C) ((n +/n(L+ N/ ) log e_1> complexity with re-

spect to the number of f,’n, j-gradients. We match all of
the aforementioned guarantees when A = O(L’). Further-
more, when A = O(L'), our complexity guarantees are
strictly better when compared to guarantees for solving the
implicit MAML objective (10) directly (Rajeswaran et al.,
2019; T Dinh et al., 2020).

2.5. Adaptive personalized FL (Deng et al., 2020)

The objective is given as

min  Fappr (8

M
Z 1 Qm /Bm"'am( ))7

B1s-Bm

(12)
where (w’)* = argmin,, s F'(w) is a solution to (4) and
O0<ag,...ay <1

Similar to (6), assuming that (w’)* is known (which Deng
et al. (2020) does), the problem (6) is an instance of (5);
thus our approach achieves the optimal complexities.

2To the best of our knowledge, we are the first to notice the
equivalence of (9) and (10).
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Again, a more interesting case (in terms of the optimization)
is when considering a relaxed variant of (12)

1 M

{II}}E M Z (Afp(w) + fro (1 = ) B + amw))
13)
where A > 0 is the relaxation parameter which allows

recovering the original objective when A — oo.

m=1

Such a choice, alongside with the usual rescaling of the
parameter w results in the following objective:

u),Bh_IEEIE Faprr2(w,B) : Zf (w, Byn), (14)
where
P, Bm) = A (M 5 1 (1) B M ),

Lemma 2.3. Suppose that A > maxlSmSM(Sazn +
(1= .n)?/2) and define onin = MiNj<m<ir Om,
Qmax = MaXi<m<M Q. Then, function Faprpro
is  jointly (1 (1 — oumax)?/M)-strongly ~ convex,
(A + a2 )L /M)-smooth with respect to w and
(1 = oumin)?L’ /M )-smooth with respect to f3.

3. Local SGD

Since the most popular optimizer to train non-personalized
FL models is Local SGD/FedAvg (McMabhan et al., 2016;
Stich, 2019), we devise a local SGD variant tailored to solve
personalized FL (1) — LSGD-PFL. Specifically, LSGD-PFL
can be seen as a local SGD applied on global parameters
w combined with a SGD applied on local parameters 3. In
order to mimic the classical setup of local SGD for non-
personalized FL, we assume an access to the local objective
fm(w, By,) in the form of an unbiased stochastic gradi-

ent vfm(“’vﬂmyOQE [fm(wvﬂmao} = fm(waﬁm) with

bounded variance.

Assumption 3.1. Assume that stochastic gradients

Vo fn (W, B ), Vg frn(w, B, C) satisfy for all m €
[M], w € R, B, € Rdm:

E IV (0, B, Q) = Vo fon w0, )2 < 02,

E [IV5fm(w,80,0) = Vi fmlw, )P < Mo

Next, we state the convergence rate of LSGD-PFL.

Theorem 3.1. Let (2 = ; Z |V fon (w*, B%)||* be the

data heterogeneity pammeter at the optimum. Iteration

Algorithm 1 LSGD-PFL

input Stepsize n € R, starting point w® € R, 30 ¢ Rdm
for all m € [M], communication period 7.
fork=0,1,2,... do
if £ mod 7 = O then

Send all wk’s to server, let w* = 4 Zm L wk,
Send w” to each device, set wk, = w*, ¥m € [M ]
end if

form =1,2,..., M in parallel do
Sample ffm, .. .§gm ~ D,,, independently

B N .
Compute gy, = 5 >,y Vfm(wy,, B €5 )

Update the iterates (w®*1 gE+1) = (wk  pk) —
ar,
end for
end for

complexity of Algorithm 1 to achieve E [f(@K,BK)} -
fwt, 8% < eis

o (max (L8, 7L™) o? n T\/L“’(Cf +UQB_1))
w

L * M Bpe €

when > 0 and

~ (max (Lﬁ7 TLw) o2

0

rVIU(E +0231>>

€ + MB€2 + €§
when 11 = Q.

The iteration complexity of LSGD-PFL can be seen as a
sum of two complexities — the complexity of minibatch
SGD to minimize a problem with a condition number L? /1
and complexity of local SGD to minimize a problem with a
condition number L* /. Note that the key reason why we
were able to obtain such a rate of LSGD-PFL is the rescal-
ing of w-space by constant M ~%. Earlier works that first
introduced LSGD-PFL (without optimization guarantees)
did not consider such a reparametrization.

Non-convex theory. To demonstrate that our approach is
applicable in the non-convex setup (i.e., MAML based ap-
proaches), we provide a non-convex convergence guarantees
of LSGD-PFL in the Appendix. Note that we do not argue
about any form of optimality in the non-convex case.

4. Minimax optimal methods

We discuss the complexity of solving (1) in terms of the
number of communication rounds to reach e-solution and
the amount of local computation — both in terms of the
number of (stochastic) gradients with respect to global w-
parameters and local S-parameters. Let us start with the
lower complexity bounds.
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4.1. Lower complexity bounds

We provide lower complexity bounds for solving (1) given
that f,,, is of a finite sum structure (3). Informally, we show
that any algorithm with access to the communication oracle,
local (stochastic) gradient oracle with respect to the global
parameters w and local (stochastic) gradient oracle with
respect to the local parameters /3 requires at least a certain
number of oracle calls to approximately solve (1).

Oracle. The considered oracle allows us at any iteration
to compute either ® Vo, fo, ; (W, Bm,) on each device for
a randomly selected i € [n] and any w,, € R% 3, €
R9m, or Vg fm.i(Wpm, Bm) on each device for a randomly
selected i € [n] and any w,, € R%, 3,, € R, or e
average of w,,’s alongside with broadcasting the average
back to clients, i.e., the communication step.

Our lower bound is provided for iterative algorithms whose
iterates lie in the span of historical oracle queries only —
let us denote such a class of algorithms as A (see techni-
cal details in Appendix E.1). While such a restriction is
widespread in the classical optimization literature (Nesterov
et al., 2018; Scaman et al., 2018; Hendrikx et al., 2020;
Hanzely et al., 2020a), it can be avoided by more complex
arguments (Nemirovskij & Yudin, 1983; Woodworth & Sre-
bro, 2016; Woodworth et al., 2018).

Theorem 4.1. Let F satisfy Assumptions 1.1 and 1.2.
Then, any algorithm from the class A requires at
least Q(\/L*/uloge™t)  communication  rounds,

Q (n + /nLv/ulog e_1> calls to V-oracle and
Q (n—|— /nLP/ulog 6_1) calls to Vg-oracle to reach

e-solution.

In the special case where n = 1, Theorem 4.1 provides a
lower complexity bounds for solving (1) having an access
to the full gradient locally.

4.2. Accelerated Coordinate Descent for PFL

We apply an Accelerated block Coordinate Descent (ACD)
algorithm (Allen-Zhu et al., 2016; Hanzely & Richtarik,
2019) to solve (1). We separate the domain into two blocks
of coordinates to sample from: the first one corresponding
to w parameters and the second one corresponding to 5 =
[B1, B2, - - ., Bar]- Specifically, at every iteration, we toss an
unfair coin. With probability p,, = VL /(vVL* + V' L?),
we compute V,, F'(w, 3) and update block w. Alternatively,
with probability pg = 1 — p,,, we compute VzF (w, 3)
and update block 5. Plugging the described sampling of
coordinate blocks into ACD (Allen-Zhu et al., 2016), > we

3 Admittedly, ACD from (Allen-Zhu et al., 2016) only allows
for subsampling individual coordinates and does not allow for
“blocks”. A variant of ACD (Allen-Zhu et al., 2016) that provides

arrive at Algorithm 2 (See appendix).

Next, we give the optimization guarantees for Algorithm 2.

Theorem 4.2. Suppose that Assumption 1.1 holds. Let
v24+4v—v
2

_ u
T (VLe+VLB)2’ 0=
complexity of ACD-PFL is O (\/ (Lv + LP)/plog e_l).

v

and n = 071, Iteration

Since V,, F/(w, B) is evaluated on average once every 1/p,,
iterations only, ACD-PFL requires O (\/m log e’1>

communication rounds and O (\/Lw /log 6_1) gradi-

ent evaluations with respect to w, thus matching the
lower bound. Similarly, as VgF(w, () is evaluated
on average once every 1/pg iterations, we require

0 (\/LB/M log 6_1) evaluations of VzF(w,3) to reach

an e-solution; again matching the lower bound. Conse-
quently, ACD-PFL is (minimax) optimal in terms of all
three quantities of interest simultaneously.

Remark 4.1. We are not the first to propose a variant of
the coordinate descent (Nesterov, 2012) for personalized
FL. Wu et al. (2020) introduced block coordinate descent to
solve a variant of (11) formulated over a network. However,
they do not argue about any form of optimality for their
approach, which is also less general as it only covers a
single personalized FL objective.

4.3. Accelerated SVRCD for PFL

Despite being minimax optimal, the main drawbacks of
ACD-PFL is the necessity of having an access to the full
gradient of local loss f,,, with respect to either w or /3 at
each iteration. Specifically, computing the full gradient with
respect to f,,, might be very expensive when f,, is a finite
sum (3). Ideally, one would desire to have an algorithm
that is 1) subsampling the global/local variables w and (3
just as ACD-PFL, ii) subsampling the local finite sum, iii)
employing control variates to reduce the variance of the
local stochastic gradient (Johnson & Zhang, 2013; Defazio
et al., 2014), and iv) accelerated in the sense of (Nesterov,
1983).

We propose a method — ASVRCD-PFL — that satisfies all
four conditions above. ASVRCD-PFL is a carefully de-
signed instance of ASVRCD (Accelerated proximal Stochas-
tic Variance Reduced Coordinate Descent) (Hanzely et al.,
2020b) applied to solve (1) written in a rather non-intuitive
form.* Specifically, we lift the problem (1) into a larger

the right convergence guarantees for block sampling was proposed
in Nesterov & Stich (2017) and Hanzely & Richtérik (2019).
4 . . .
We are not aware of any other algorithm capable of satisfying
1)-iv) simultaneously and achieving a fast convergence rate.
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space as follows:

min
wERg ,Bm ERIM Yme[M)]

F(w, B)

) min - {P(X) =F(X) + ()}
X, X[1,:,:,:] € RM xnxdg
X[2,m,:,:] € R™¥m ¥m e M

1 M 1 n , .
F(X) :MZ EZ;fm,j(X[Lm’jLX[z’m’]])

ifm,m' € [M],4,5' € [n]:
0 X[Lm,jl=X[Lm,f],

X[2.m, ] = X[2,m, §
oo otherwise.

P(X) =

We apply ASVRCD with a very carefully chosen (non-
uniform) sampling of coordinate blocks to minimize P (X).
We detail the algorithm in Section E.3 of the appendix and
provide convergence guarantees here.

Theorem 4.3. Let Assumptions 1.1 and 1.2 hold. Then,
iteration complexity of ASVRCD-PFL is

o (s + i+ )/ ) 1oge ).

where p is the frequency of updating the control vari-
ates. Setting p = L¥/((LY + LP)n) yields both the
communication complexity and the local stochastic gra-
dient complexity with respect to w-parameters of or-

der O ((n + \/nﬁw/u) loge’l)
p = LP/((LY + LP)n) yields the local stochastic gra-
dient complexity with respect to B-parameters of order

(@) ((n + nﬁﬁ/u) loge_l).

Contrasting with Theorem 4.1, we show that ASVRCD-
PFL can be optimal in terms of the local computation either
with respect to 3-variables or in terms of the w-variables.
Unfortunately, these bounds are not achieved simultaneously
unless £, L7 are of a similar order.

Analogously, setting

5. Experiments

We present two experiments to validate the theoretical
contributions of our work.” In the first experiment, we
compare three different methods — LSGD-PFL, SCD-PFL
(=ASVRCD-PFL without acceleration and without variance

S0ur code is publicly available at https://github.com/
boxinzl7/PFL-Unified-Framework.

reduction) and SVRCD-PFL (=ASVRCD-PFL without ac-
celeration) © across different datasets and objective func-
tions. In the second experiment, we demonstrate the need
for reparametrization of w-space for SVRCD-PFL. The de-
tailed statement of SCD-PFL and SVRCD-PFL us presented
in the appendix.

Setup. We implemented three personalized FL objectives:
(8), (11), and (14), each applied to three different datasets:
MNIST (LeCun & Cortes, 2010), KMINIST (Clanuwat
et al., 2018), and FMINST (Xiao et al., 2017). As a model,
we use a multiclass logistic regression (i.e., a single-layer
fully connected neural network composed with softmax
function and cross entropy loss). See appendix for details.
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Figure 1. Comparison for three algorithms: LSGD-PFL, SCD-PFL,
and SVRCD-PFL. Different rows correspond to different objective
functions and columns correspond to different datasets.
Comparison between different optimization methods.
We compare the convergence of LSGD-PFL versus SCD-
PFL and SVRCD-PFL. We plot the loss against the number
of communication rounds for three methods across differ-
ent objectives and datasets. For Local SGD we set the
synchronization step to be 5, which means that all devices
synchronize in every 5 iterations. For SCD and SVRCD,
devices only synchronize when we update the global pa-
rameter. The result is presented in Figure 1. We see that
the variants of coordinate descent outperform widely-used
LSGD-PFL. The addition of variance reduction term helps
slightly improve the performance.’

Effect of reparametrization in SVRCD. In this experi-
ment, we demonstrate the importance of reparametrization

SWe drop the acceleration term as f;, may not have a large
enough condition number for the acceleration to matter. Given
that LSGD-PFL is not accelerated, considering the non-accelerated
variant of coordinate descent results in a more fair comparison.

"We expect a more significant improvement if a closer neigh-
borhood of the optimum was reached.
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of global parameter w (i.e., divided by v/M). We run repa-
rameterized and non-reparameterized SVRCD-PFL across
different objectives and datasets. Figure 2 shows the result.
Indeed, we see that reparametrization improves the conver-
gence of SVRCD-PFL. While the non-reparametrized vari-
ant might converge faster initially, soon enough, it becomes
extremely unstable. This experiment confirms the necessity
of reparametrization so that the scale of the learning rate is
right for both global and local parameters.

6. Conclusions and extensions

In this work we proposed a general convex optimization
theory for personalized FL. While our work answers a range
of important questions, there are many directions in which
our work can be extended in the future, in particular: partial
participation, minimax optimal rates for specific personal-
ized FL objectives, brand new personalized FL objectives
and non-convex theory. See further detail in appendix.

—— Reparametrized =~ - Non-Reparametrized
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Figure 2. Effect of reparametrization of global space in SVRCD-
PFL. Reparametrization helps SVRCD-PFL converge more
smoothly, especially when it gets close to the optimum.
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Appendix

A. Extensions and Future Work

Partial participation. An essential aspect of FL that is not covered in this work is the partial participation when one has
access to a subset of devices at each iteration only. While we did not cover partial participation and focused on answering
orthogonal questions, we believe that partial participation should be considered when extending our results in the future.

Minimax optimal rates for specific personalized FL objectives. As outlined in Section 1.2, one can not hope for the
general optimization framework to be minimax optimal in every single special case. Consequently, there is a still need to
keep exploring the optimization aspects of individual personalized FL objectives as one might come up with a more efficient
optimizer that exploits the specific structure not covered by Assumptions 1.1 or 1.2.

Brand new personalized FL objectives. While in this work we propose a couple of novel personalized FL objectives
obtained as an extension of known objectives, we believe that seeing the personalized FL as an instance of (1) might lead to
the development of brand new approaches for personalized FL.

Non-convex theory. As mentioned, in this work, we propose a general convex optimization theory for personalized FL.
Our convex rates are meaningful — they are minimax optimal and correspond to the empirical convergence. However, an
inherent drawback of such an approach is the inability to cover non-convex FL approaches such as MAML (see Section C.4),
or non-convex FL models. We believe that obtaining minimax optimal rates in the non-convex world would be very valuable.

B. Further Experimental Results and Details
B.1. Details of experiments in Section 5

Details on data preparation. We set the number of devices M = 10. We focus on a non-i.i.d. setting of McMahan et al.
(2017) and Liang et al. (2020) by assigning two classes out of ten to each device. We then randomly select 100 samples for
each device based on its class assignment. We first do normalization by feature (by column) for each dataset to make all
feature columns have zero mean and unit variance; we then do normalization by sample (by row) to make every input vector
have a unit norm.

Details on the model. More specifically, given a gray scale picture with label y € {1, 2, ..., C}, we unroll its pixel matrix
into a vector x € R?; then given a paramter matrix © € RP*C, we have f/ (-) in (8), (11) and (14) to be defined as

[ (©) :=lcg (s(Ox);y),

where ¢(-) : RE — RE is softmax function and Icg(-) is cross-entropy loss function. Note that under this setting, f/, (-) is
thus convex function.

Details on the personalized FL objectives. We consider three different objectives:

¢ Multitask FL objective (8) with A = 10 and A = 1;
¢ Mixture FL objective (11), with A = 1; and
* Adaptive personalized FL objective (14), with A = 10 and «,,, = 0.2 for all m € [M].

Details on optimization algorithms. For LSGD-PFL(Algorithm 1), we set the batch size to compute stochastic gradient
B = 1. As for p,, in SCD-PFL (Algorithm 5) and SVRCD-PFL (Algorithm 6), we set it as p,, = L*/(L? + L™). For
objective Fsro in (8), we set LY = (A + \)/M and L? = 1 + \; for objective Fjsx2 in (11), we set LY = 1/M and
P =1 + \; for objective Flaprro in (14), we set LY = (A + maxi<m<M Oé?n)/M and LP = (1 —maxjy<m<M Ozm)Q/M.
We set p = 0.01 for SVRCD-PFL. In the first experiment for comparison between different optimization methods, we
set 7 = 0.1 for all experiments; in the second experiment for effect of reparametrization in SVRCD, we set = 0.45 for
objective Fiyr2, 7 = 0.5 for objective Fisx2 and 7 = 1.1 for objective F)y prr2, Where the 7’s are chosen such that the
desired effect is obvious within the first 1,000 iterations.
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B.2. Subsampling of the Global and Local Parameters

In this section, we show that the choice of p,, based on Theorem E.1, that is, setting p,, = £ /(L* + L?), can get both
best communication complexity and best iteration complexity of SVRCD-PFL. More specifically, based on Theorem E.1,
we set learning rate n = 1/(4L), where £ := 2max {L" /p.,, L” /ps }. The expressions of L* and L for Farra, Farxz
and Fappro are stated in Lemma 2.1, Lemma 2.2 and Lemma 2.3, where £’ is 1 after normalization. We set p = 0.01. We
compare theoretically chose p,, with p,, € {0.7,0.5,0.3,0.1}.

To explore communication complexity, we plot loss against communication rounds. The result is shown in Figure 3.
For completeness, Figure 4 shows the loss against the iteration so that we can better see the computational complexity.
Our results show that by choosing p,, theoretically yields both the best communication complexity and the best iteration
complexity (and consequently, the best computational complexity).
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Figure 3. Communication complexity of SVRCD-PFL for different choices of p,,. Specifically, the theoretical choice of p,, gets
Ppw = 0.35484 for Frra, pw = 0.04762 for Fiarx2 and p,, = 0.94007 for Faprro.

C. Missing Parts and Proofs for Section 2

For the sake of convenience, define

1 M
F’L(wvﬁ) = fm,i(waﬁm>‘
Py
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Figure 4. Iteration complexity of SVRCD-PFL for different choices of p,,. Specifically, the theoretical choice of p,, gets p,, = 0.35484
for FMTQ, Pw = 0.04762 for FMX2 and Pw = 0.94007 for FAPFLQ.

in case when functions f,, are of a finite sum structure (3).

C.1. Table of Complexity Results for Special Cases

First, we present a table of complexity results for solving individual personalized FL objectives, which summarizes how our
results apply in these special cases.

C.2. Personalized FL with explicit weight sharing

The most typical example of the weight sharing setting is when parameters w, 3 correspond to different layers of the same
neural network: either 31, ..., 3y are the weights of first few layers of neural network while w are the weights of the
remaining layers (Liang et al., 2020) or alternatively, each of (1, ..., S)s can correspond to the weights of last few layers
while the remaining weights are included in the global parameter w (Arivazhagan et al., 2019). Overall, we can write the
objective as follows:

M
mm Fys(w,B) = Z ([w, Bml), (15)
w € Rw i1

ﬁh"wﬁk[ G]RdB
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Table C1. Complexity of solving personalized FL objectives by Algorithms 2 (second, third and fourth column) and 3 (fifth and sixth
column). Constant and log factors ignored.

| Objective | #Comm [ #V,F | #VgF | #V,F; \ #VsF, \

) L L 0 nt /M 0
&) 0 0 % n 4 nﬂa/
®) /AAL/ /A)J:J /% n 4 \/n/}\ﬁ/ n+ /2L

By By L'+A n(c'+,\)
(11) NG V2 P nt /L

(A+a2 )L (A+a2 )L’ (—cmm)? L n(A+amX (- am,,,) c

(14) \/(kamax)ﬂu \/(kamax)zu’ (—ama)? | " + \/ (1—max) n+ \/ (1— max)
(16) ﬁ: % % n+ /n[y n+ /n[;f

w w B w B
o | E T | i | o | e

where d,, + dg = d. Using the same equivalent reparameterization of w—space we aim to minimize

M
mlnd Fysa(w,8) = fon([Mféwaﬁm])» (16)
w € R i=1
517...,ﬂ1\4 GRdﬂ

S\H

which is an instance of (1) with f,,, (w, 8,,) = f,’n([M_%w7 Bim])-
Lemma C.1. Function Fyy g3 is jointly p'-strongly convex, (]LV[) -smooth with respect to w and L'-smooth with respect to
. Similarly, function f,, is jointly convex, L'\ _smooth with respect to w and L'-smooth with respect to
Y, J y M )4 14

A specific feature of the explicit weight sharing paradigm is that evaluating a gradient with respect to w-parameters
automatically provides either free or very cheap access to the gradient with respect to 3 parameters (and vice versa).

C.3. Federated residual learning (Agarwal et al., 2020)

The last among the personalized FL. models we mention is the federated residual learning from (Agarwal et al., 2020) given
as:

min Fr(w,B)=—
w E Rdw’ M i1

Bl?"'aﬁMeRdﬂ

m(AY(w,22), AP (B, 78,)), (17)

where (2, 22 ) is a local feature vector (there might be an overlap between 2 and z?,), A* (w, z ) is model prediction
using global parameters/features, A#(3,x2) is the model prediction using local parameters/features and I(-, -) is a loss
function. Clearly, we can recover (17) with

fm(waﬁm):l(Aw(M 2’LU Y ) (Bma )) (18)

Unlike in the for the other objectives, we can not relate constants ', L', L' to Fg since we do not write f,,, as a function of
f1.. However, what seems natural is to assume L%, (or L R) -smoothness of [( A" (w,z2),a?) (or 1(a¥, AP(Bm,22))) as a
function of w (or j3) for any afl, xfl, ay ., x¥ . Letus define L, Kg analogously given that [ is of a n-finite sum structure.
Assuming further p-strong convexity of F' and convexity of f;,, (for each m € M), we can apply our theory.

Remark C.1. The objective (18) allows us to properly make use of our theory as in different applications, functions A, AP
might have very different structure resulting in different L§, Lg and different cost of accessing gradients w.r.t w and 3.
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C.4. MAML based approaches

The last among the personalized FL models we mention is MAML (Finn et al., 2017) based personalized FL objective®
given as

M
. _ 1 / /
Jnin Fyamr(w) = M;‘fm(w — aVf,(w)). 19)
While we can recover (19) as a special case of (1) setting fp, (w, Bm) = f1,(w — aV f].(w)), our (convex) convergence

theory does not apply due to the inherent non-convex structure of (19). In particular, objective Fyr 471, is non-convex even
if function f, is convex. In this scenario, only our non-convex rates of Local SGD apply.

C.5. Proof of Lemma 2.1

Let us start by introducing some useful notation that will be useful throughout multiple proofs. In particular, set I;- to be
d’ x d' identity matrix, Og; x4 to be d} x dj zero matrix and 1}, € R? to be vector of ones.

To show the strong convexity, we shall verify the positive definiteness of

A
V?Fyre(w, B) — mld(MJrl)

(VW) + 3L — 2 (@ 1) A

T\ 2w @) f (e ® L) + Diag(V2f (). Vi () | 2M 1Y
(B —yalen

= _MA% (12 ® 1) (ﬁJr%) (I, ® I4)

TM\ -2y 32, "

=M

T
M2

Note that M can be written as a sum of M matrices, each of them having

Au'-&-%

I YL
e U
1

M?2 2

as a (1,m) submatrix and zeros everywhere else. To verify positive semidefiniteness of M,,,, we shall prove that the
determinant is positive:

det(M,,) = % <(Au’ + ;) <;\ + 2;/) - A2>
> % ((2/\) (; + 2,/) — )\2> >0

as desired. Verifying the smoothness constants is straightforward.

8Several recent papers study the meta-learning personalization approaches (Chen et al., 2018; Khodak et al., 2019; Jiang et al., 2019;
Fallah et al., 2020; Lin et al., 2020).
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C.6. Proof of Lemma 2.2
We have
/ Afd _Ls(]-x{@]d) !
V2FMFL2(“’H3) - le(MH) A M2, 2 4 - LId(MH)
3M _7(1M ® Id) 31 (Im ® Ia) + Diag(V>f1(B1),.... V fu(Bu)) | 3M
A T
- - 3M _E(’lkf ® 1q)
1M®]d) (%-I— %) (Im ® I4)
( e e 0 )
= — Mz ®1q
M{_2 2’
el (A + 2 ) Inm
=M
Note that M can be written as a sum of M matrices, each of them havmg +F — 337 at position (1,1), — s —A_ at positions

(1,m),(m,1) and (M + gﬂ) at position (m, m). Using the assumption ' < 3, it is easy to see that each of these matrices

is positive semidefinite, and thus so is M. Consequently, V Fypr2(w, 8) — 3—M1d( M+1) 1s positive semidefinite and thus
Fyrpro is jointly %- strongly convex. Verifying the smoothness constants is straightforward.
C.7. Proof of Lemma 2.3
Let ., = (1 — ay) B + M —3w for the notational simplicity. We have
A o2 —1 A T2 f1 am(l=am) o2 p/
AG2f1(M~ 2w T2 Ve fl(x, e Ve f (o
Vi) = |7 i >) om) o)
m( m sz/ («'Lm) (1 _ Oém) v2f7/n(1.m)

m (1—am)

2
A 2 ol
ELS v f 2'I.U) 0d><d> 1 M T -
= | M L1 e I
( Odxa Ogxa M Lﬁam) (17047”)2 S (Tm)
M?32
! a? A (1—atp)
AM I O > L ZmA=%m)
M ~d dxd + M Ve 2 "
N <0d><d Odxd % (1= am)? (1'la)
Atal, (1= a,)
_ / M I
= W L,lam) (1702[ )2 ®1,.
M3 m
=M,,
Next, we show that
2
Sk 0
M,, = (1—am)? | - (20)
0 #

For that, it suffices to show that

which holds since

—am)? 1—aiy,)?
det (M a ZM) 0 _ A—l—afn—%_ (1—am)?® o (1—am)?
m 0 (—am)? o M 2 M
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2
Next, using (20) M times, it is easy to see that VZFyppra(w, = mld m+1) as desired. Verifying the
g y H M (M+1) ying
smoothness constants is straightforward.

D. Missing Parts from Section 3
D.1. Proof of Theorem 3.1

The main idea consists of invoking the framework for analyzing local SGD methods from (Gorbunov et al., 2020) with several
minor modifications. In particular, Algorithm 1 is an intriguing method that runs a local SGD on w-parameters and SGD on

f3-parameters, and therefore we shall treat both of these parameter sets differently. Define V;, := 7 Z%:l [wk —wk ||

k. 1 M k
— M Zm:l wm

The first step towards the convergence rate is to figure out parameters of Assumption 2.3 from (Gorbunov et al., 2020). In
order to get these, let us show an analog of Lemma G.1 therein.

where w is a sequence of so called virtual iterates.

Lemma D.1. Let Assumptions 1.1 and 3.1 hold. Let L, = max{L", LP}. Then, we have:

M
TS IVl BE)IP < 6L (Pl B) — T, 5°)) + B(L*)*Vi + 82, an

m=1

1 = k k
P

2

M
" # S IVl BE)° <AL (F(0*, B5) = ', 89) +2L°)?Ve  (22)
m=1

Proof. First, to show (21) we shall have

M 3 M
Z [V fim ( myﬂf@)HZ < i Z ||wam(w§wﬁ7];) - wam(wkvﬁfz)||2

M
Z IV o (W, BE) = Vo fon (0", 87|

M :
3 M
S T, )
m=1
As. 1.1 3[2 M 6L 5 %
= ﬁz || fn k||2 ZDfrn kaﬂfn)7(w 35 ))+3<3
m=1

= 6L" (f(w",B),) - f(w", 5" >) +3(L")* Vi +3¢2.
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Next, to establish (22), we have

M

1 M
Z wfm maﬂfn) A2 Z ||vﬁfm(wfn’ﬂfn)“2

m=1

2

M M
1 Z wfm mvﬁylz) _wam(W*7B*)) A2 Z Hvﬁfm(wfnaﬁﬁ) - vﬂfm(w*76*) ’

m:l

M
< S IVl B5) — Vi fm(wt, 57 + vaafm Wk, BE) = Vi fn (w0, B2
z:l
2
e Z V5 Fm(wh, B5) = Vo fon (", 59|
m=1
wy2 M M
D DL [ T = DU (NN NS
m=1 m=1

= AL(f(w",By) = f(w", B)) +2(L*)*Vi.
O

The next lemma uses Lemma D.1 to recover a set of crucial parameters of Assumption 2.3 from (Gorbunov et al., 2020).

Lemma D.2. Let gff}’m = (g% ) 1.4, and gg,m = (g,’%)(doﬂ):(dﬁdm). Then we have

M
mZ (9%, mlP] < 6L* (£, BY) = Flw* ) + 3(L*PVi + T 3¢, (23)
1 k k * * w 20 2
Mmzzlgw,m Z lgbmll”| < 4L (¥ Bh) = Fw, B) + 2L Vet e @24
Proof. Let us start with (23):

M 1 M

Z llgtml®] = 57 D2 ©lg5m = VuFm(wh BRI + [ Varfm(wh, B2)I7)

m=1 m:l

O Vit B2
B wJm m~m :

IN

It remains to apply (23). Similarly, to show (24), we have

| M 2 | M ,
M Z gff,,m + M2 Z ||glﬂ€,mH
m=1 m=1

2 2

1 M M
=E ||l57 2 @hm = Vufm(wh, 5) 3 Vafmlud, 5h)
m=1 m—1
1 M
1m0 (B [l — Vadmtichs B3] + 198 mteckis 85)°)
m=1
M 2
<L2 Zv f 5k)
— B Mm:1 wJm m?
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It remains to apply (22). O

To get the remaining parameters of Assumption 2.3 of Gorbunov et al. (2020), we shall prove an analog of Lemma E.1
therein.
Lemma D.3. Suppose that Assumptions 1.1 and 3.1 hold and assume that
1
8v/3e(r —1)Lw

n<

Then, we have

K K
1
w k— —k— k nQk * *
2Ly (1 =) TE W] <5 Y (1) R [F(w, 5Y) — F(w”, 5] (25)

k=0 k=0

K

+ 20Dy (1 — )7,
k=0

where

D =2e(r— )T (3(3 + U;) .

Proof. The proof is identical to the proof of Lemma E.1 from (Gorbunov et al., 2020) with a single difference — using
inequality (23) instead of Assumption E.1 from (Gorbunov et al., 2020). O

Now we have all pieces together and we are ready to state the main convergence result for Algorithm 1.
Theorem D.1. Let Assumptions 1.1, and 3.1 be satisfied and assume the stepsize 1 satisfies

1 1
0<n< —_— .
st 8\F<T—1>Lw}

Define
(@K,BK) — Zf:o(; B UU)_k_l(wka 5k) )
> (L —np)=rt
k=0

0 * ()2 M 0 * (12 -
and ®° = 2 =0 1Y ey 1B =Bull” g 90— % + 8L¥ne(r — )T (3(3 + %) Then if u > 0, we have

n

E [f(@KﬁK)} — fw*, %) < (1 —nu)™ @° + o, (26)

and in the case when i, = 0, we have

K

B[ 5%)] - . 57) <% 4 net, )

D.2. Nonconvex theory for LSGD-PFL

In order to demonstrate that our approaches work in the nonconvex setting too, we develop a non-convex theory for LSGD-
PFL. Note that we do not claim optimality of our results and at the same time, we impose slightly different smoothness
assumptions on the objective.

We set k, = p - 7, where 7 € N7 is the length of averaging period. Let k, = pr +7 — 1 = k11 — 1 = v,. Denote
the total number of iterations as K, and assume that K = k; for some p € NT. The final result is set to be that
w = wX and 3, = BE for all m € [M]. We assume that the solution to (1) is w*, 85, ..., 3}, and optimal value is f*. Let

wk = ﬁ Zf\f 1 wk for all k. Note that this quantity will not be actually computed in practice unless k = k, forsome p € N,

where we have w*» = w}? for all m € [M]. In addition, let £& = {8 & s+ B o and €F = {€F, €5, &h) )
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Let 6 = ((wm) ", (Bm) )T 05, = ((wh) T, (85) )T, 65, = (w) T, (85,)7) " and 65, = ((w*) T, (8%) 7). Let

1 .
I = 5V Fm (Wi B E30), (28)
where
~ B A
V(Wi B &) = DV (win, B &5 m)-
We assume that the gradient is unbiased, that is
E [gm] =V fm(wh,, B,)-

Besides, let
1 ~
gfn,l = vafm(wfm Bfna gfn)a

; (29)
o = Evﬁmfm(wﬂ,ﬂﬁ;ﬁﬁ),
then we have g* = ((gfml)T, (gfn,Q)T)T. We update parameters by (wkH1, gE+l) = (wk gk —n.gk .
In addition, we define
M
S
m=1
M
N [
m=1
Then we always have w**1 = w* — . h* for all k.
We denote the Bregman divergence associated with f,, for 6,,, and f,, as
Dfm (0m7 ém) = fm(am) - f(gm) - <vfm(9_m), am - §m>
Furthermore, we define the sum of residuals of estimators as
1 U 1
kE _ k (2 | = k _ px2 _ & gk px |2
P =t =t g 38 = Bl = 7 3 108~ (30)
Finally, let g = 77 iy 1V i (63,
Assumption D.1 (Smoothness). The local objective function fp,(-) i (u) —

fm ()| < L|ju — v|| for all uw,v and m € [M].

Assumption D.2 (Bounded Local Variance). For local stochastic gradients defined in (28) and (29), we assume that their
variance are bounded as below:

o
Eet. [I9m,1 = VaoLm 0n)I°] < CHIV (@) + 5

o
Egs, [I9m.2 = Vi fm(On)IP] < CollVImOn)IP + 5
forall m € [M], where Cy,Cy, 03,03 are all positive constants.

Assumption D.3 (Bounded Dissimilarity). There is a positive constant \ > 0 such that for all 6,,, € R%o+dm m € [M],

we have ,

M
Z IV fin(0) |2 < A + o

1 M
m=1
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Assumption D.4 (;i-Polyak-Eojasiewicz (PL)). Assume that there is a positive constant ji > 0, such that for all w € R%
and f3,, € R, m € [M], we have

2

1 M
ar me(wyﬂm
Py

>u< E]Mwﬂm—f>.

Theorem D.2 (General Non-Convex Objectives). Under Assumptions D.1-D.3, let n, = n for all k > 0, and n small
enough such that

1
2

—1+4nLX (f} + Oy + 1) + ML (r — 1)7(Cy +1) <0,

we have
2

< -7 PIRSN ESI N RS DS S |
= nK " M W BT B
PLo3(r — 1)

- .

Theorem D.3 (General Non-Convex Objectives under PL condition). Under Assumptions D.1-D.4, setting ny, = 1/(u(k
BT + 1)), where (3 is a positive constant satisfying

2
ﬁ>max{2)\L <cl+02+1> 2L )\(C21+1)’1}’
p \M I

+1n° LPogy(t — 1)*(C1 + 1) +

when T is large enough such that

b

_ [max {(2L2X\(Cy + 1) /p2)el/P — 4,0}
T Z 1

B2 — (2L2A(Cy + 1)/2)eh
we will have
M

1 2 *
M;m%%ﬂ
SE e 2@4) +wﬁw$p&ﬂaﬂwg}

m=
LK(K +2p71+2) o? o3

1 g1, %2
AR B o2 +CQ+ + 5t B

E

D.3. Proof of nonconvex theory for LSGD-PFL

Proof of Theorem D.2. By Lemmas D.4-D.6 and under Assumptions D.1-D.3, given {6m}mE ], taking conditional
expectation with respect to £*, we have

1 M _— 1 M .
Mmzz:lfm(em )‘| - M Z fm(em)

m=1

a1 M 2 a1 M 2 L2
<L el |l L k L=k
<3 @) 357 2 | + TV

M
1 2 G 1 k Lo (& o? o}
—n"L\ | — 1) ||— m (6 —n"LAS | — 1 —= 5.
+57 <M+CQ+ )HM;f @) +5n ap POl odi+ s+
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Thus, taking unconditional expectation on both sides of the above equation, we have

E| 3 gty - L 3 ok

M
m=1 m=1
M 27 M 2

n 1 Ak n 1 k 77L2 k

< g ||~ ~ I l|= I g
M 2

1, C, 1 & 1, Cy 9 o? o}
LAY 1E||= 2o (=2 1) o2+ 2L 4 22
+5m A<M+Cg+) M;fm(em) + 5P LA (37 Ot adlf+MB+B

k=k, m=1 m=
n & 1 U ) 1 U ’
<1 E|||— 14\ —=+Co+1 E||— "
— 2k:k M”nz::lf 7rL + (M+ 2+ )} Mrnz::lfm( Tﬂ)
77L2 vp k 1, C1 2 01 U% =
— E|V —n“LA — +(Cy+1 e —— == 1.
+5 [ ]+2n T Ot Et s TS
k=k, k=k,
By Lemma D.8, we have
k-1 M 2
E [V*] <\?(r — 1)(Ch + 1) Z]E Z
k=k, =1

o = 1(Cy+ Dk — k) + %w k)

Up

P(r=1)(Cr+1) Y E
k=k,

2

Z me m

2
-1
02T — 12(Cy +1) + %

hold for all £, < k < v,. We then have

2

nL? - k 372 k
= VF <= /\ LYr—=1)7(C14+1)Y E|||— ' (0F)
2 Py [ ] n (T 1+ Z M va
1 P L2003 (1 — 1)? &
+2n3L2od,f( 1)2(Cy +1) Z 1+ % doL
k=k,

k=Fk,

€29
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Plug the above equation into (31), we have

E

1 M
L e ]
Up 2
S_g ZE me m
k=k, m=1

Up

+?27{—1+77L/\ (5\;}—0-024—1) +)\772L2(7'—1)T(C'1—|—1)} E
=k,

M

23 o)

m=1

1, Ch 2
+57 LA{(M+02+1>adif+MB+ B}kz 1

14 4 9 i L2303 (T —1)? el
+ L - 1)*(C 1 1+ — 1.
B oGt —1)*(CL+ 1) k—Ek + 9B pa

Since we have already required that

—1+nLX (i} +Co + 1) + 0L (r — D)7(Cy +1) <0,

thus the above the equation implies that

| M M
kp AkP
E|— > fm(0kr) - me(em)]
m=1 m=1
Vp M 2 Up
n 1 hk 1, Cy 2 5’2 0’%
< — = E|[||-— m —n“L\ — 4+ Cy+1 - —=
< QZ MZf(m)]+2n {<M+2+ Gt T o
k=k, m=1 k=k,
1 N PLod(r - 1)?
P LPR(T — P(Cr 1) 1+4——————f§jl

[t
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Note that we have assumed that K = k; for some p € N*. This way, we further have
_r [(1 S 05 - f*) - (1 S fal) - fﬂ
K M —= m M — m
1ﬂlimw me]
K |M
:lpz_:lEllf:f gkp+1 megk]
K M

1 C o o3\ 1 L
+2n2LA{<Ml+Cz+1>odlf+ +2}

1, Ch 9 o? o3
—n“LAq | — 1) ogie+ —=+ =
+277 {(M+C'2+ >Jdlf+MB+B

which implies that

M 2

3 @)

m:l

k=
2]E i m= fm )_f* 2 2
{N . }+77L)\{(01+02+1>03if+01+}

1 K=l
P

nK M MB ' B
Lot (r —1)?

+* Loge(r = 1)*(C1+1) + =

Proof of Theorem D.3. By Lemmas D.4, D.5, D.7 and D.8, for £, + 1 < k < v,,, we have

1 X )
£ [MmZ_lfmwm - f*]
1 M )
SAkE [M mZ::l fm(afn) - f*

t—1

+ By, Z TiE
K=k

m G
+ 9 { 1+77k)\L<M+02+1)}E

2

1 M
r Z me(ﬁk
M m=1

M
Z vfm 9( ) + ¢,
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where

Ay =1 —ngp,
1
By, 25%132/\(7' - 1)(C1 +1),

k—1 9

niL?
="t -Gy Y g TS
=k, =k,

2 2 2
N L 2 [(Ch 01 g2
= | — 1 — 4+ = 5.
+2 {Ud]f<M+02+>+MB+B}

We also define

[ M
_ Nk *
C
D:)\L<Ml+Cz+1>,

2
€L =E

1 M .
upy

and denote

2
o L Ch o? o3
C'%:{"?if(Mw?“) BT B

then we have
. k—1
k
akt1 < Apag + 5(—1 + Dng)ex + By Y mier + cx
t=k,
for all k, < k < v,. Under the conditions for 5 and 7, by Lemmas D.9 and D.10, we have

vp vp—1 Vp
o= (1T &) o+ 3 ( 10 Al) ot ey
k=k,

k=k, \i=k+1
Let 23, = (k + b)?, where b = 37 + 1, we have

Z
Aknf =(1 — pme)p(k + b)°

—(1 = — )k +b)°

k+b
=u(k+b—1)(k + b)?
<u(k+b-1)>

_ Rk—1
Nk—1

(32)
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Thus, we have

A;
77 Up (z I;J[rl )
5 vp—1
=" A, A;
nvp ? <,]il >

i=k+1
5 vp—1
<t ( I Az)
771;,,71 i=kt1
z
<k
Mk

This way, note that v, + 1 = k, 1, and plug the above inequality into (32), we then get

2y,
Alpyy < » T E : *Ck
771),)

Since we have assumed that K = kp, thus we have

EK—1 _ Rupa
—aKg =—=— Q.
NK-1 Vp—1 v
Vp—1 P
t
1 + —C
77kp 1 ko ¢ k?zp . ui ¢
z K,
<Zag + Z e
"o o Tk
Recall that for k, < k < v,
t—1 2 t—1
e L? oi(t—1)
=5 oar(T —1)(C1 + 1) Z i + 1T Z i
k=k, k=k,
2 2 2
ni L 2 (C1 01 02
e == 1 —_1 42
ﬁkﬁiw L (T —1)? o2
< 5 {Udlf(cl +1) + B}
2 2 2
ni L 2 1 02
e 1 —_1 472
+2 {Jdlf(M+02+> B+B}
Then we have
K-1 K-1
L2(1 —1)2 2
> o Py + F Y afy,
k=0 'k k=0 .

(33)

(34)
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First, assume that k = p7 + r, where 0 < r < 7 — 1, then we have

t
{7J7+b:p7+ﬁ7+1=(p+6)7+1257'27"7

as we have assumed that 5 > 1, thus

This way, we have

Next, note that

2(L§JT+b> >(p+B)T+1+r=k+b.

4K
e
K-—1 1 K—
2Nk = —
k=0 K k

Combine equations (33)-(35), we have

me(m) ] (Kw[ me(m) ]

2L (1 — 1)2K 2
sty (WO G

B

LK(K+287+2) [ , (Ci
+ 4M2(K+ﬁ7_)3 {Ud M +02+1

We state some useful facts in the following proposition.

Proposition 1. If fis differentiable and L-smooth, then we have

F(a) — Fl) ~ (Vi) —y) < 5 eyl

If f is also convex, we then have

forall x,y.

IVf(z) -

Besides, for all vectors x,y, we have

For vectors vy.va, . . .,

Viy

)I? < 2LD¢(z,y)

2(z,y) < €ll2l® + €7 lyll* vE>0

1
~(wy) =3l

I?

1 2 1 2
Syl + Sl =yl

2 2

YMET B

Uy, by Jensen’s inequality and the convexity of map: x — ||z||%, we have

1 n 2
S IE
n -

1=1

1 n
EZ ||Uz'H2-
i=1

i

(35)

(36)

(37

(38)
(39)

(40)
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Lemma D.4. Under Assumption D.1, given {an}me[ M, taking conditional expectation with respect to €F, we have

1 R 1 X R
M Z fm(e’;jl)l i > IO

m=1

M
< }:vuaek }:vmm9k> > V5, fn(05), V5, Fm (O5))

L M
+ B [I1A52] +

’]

o 2 B [l

m=1
Proof. By L-smoothness assumption of f,, () and (36), we have
P O55) = F00) = (9 o 85,057 = 05) < T 05— 5,
Thus, we have
P 551) = £ 85) € = (o 05). 1) = (¥, (05 0 + T 2 B g

which further implies that

M M M
1 k+1 1 Gk pk Nk
17 D fm(O Z Fm(0F) < —mi <M D Vufn(@).h" ) = 15 D (Ve fm(01). g 2)
m=1 m=1 m=1
L e L S gt
2M 2l
m=1
Finally, taking conditional expectation with respect to £*, we have
1M R 1M ;
i 20| < 3y 3 gt
m=1 m=1
M M . M
k
Snk<Mvafm( Z wfm ak >MZ Vﬁmfm ) vﬁmfm(ek )>
m m=1 1
2
Ny L
+=5 Eer [IIA*]7] Z Eg,

2

O

Lemma D.5. Under Assumptions D.2 and D.3, given {an}me[ M), taking conditional expectation with respect to § k we
have

<

1 M
Eer [[IR*1°] + = D Eex, [llgh.2l1°]
m=1

G 1 B2+ 01 ‘75
<= 1 m (O,
<(Gro+ an P+l 22

Cl 2 2

Cy
<) (21
>\<M+CQ+1>

- 5 mewi;)
m=1
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Proof. Note that

M 2

1
Ee [IIF*1°] =Eer ||157 > gha
m=1
(i) 1 M 2
iEik Mmz::l (gﬁL wfm( m)) M Z vw.fm m)
@) 1 < 2 1 ?
X3
17z 2 B [lohs = Tuln @] + | 57 32 Vufuleh)
m=1
@0 1 ! k2 U% k i
< VZZJ CLIV I (@) + 5 ) + whm(05,)

<>01M

= M2 Z vam ak ||2+ m + M Z ||v’wfm 'm H2

where (i) is due to that gF, ; is unbiased, (ii) is by the fact that £}, &5, ...

and (iv) is by (40).

Similarly, we have

Z [lgm. 1]

m=1

E

C. o3
<O S h I+ 2
m=1

Combine the above equations, we have the final result.

Lemma D.6. Under Assumption D.1, we have

ZEsk gk, 2 = Vg, fm(05)]]

, &% are independent, (iii) is by Assumption D.2,

- Z 195, £ (651

1 k2
+ MmZ:l V5, fon (O3

M
< Z Vu;fm ek Z vwfm 9k > Z<vﬁmfm( )7v3mfm(07k;l)>

2
< —

s
2

m=1
1 M
2V

Proof. By (39), we have

1 M M
— Nk <M Zz vwfm(ek Z u;fm Qk >

2 m: M 2
Nk
-5 |7 Z VulnOn)| =% |37 Z:
2 M 2
S 2 M Z vwfm m) - ? M Z vwfm m)

where the last inequality is by (40). And we also have

10 (V 5, Fn(0%), V 3, Fa(05,)) = =5V 5, i (85, =

1
Py

+

" M
o> | Vusm@s) -

2M

n
V6, Fm (O8I +

L2
+ —"’“2 vk,

2

% mz::l (VS (05) = Vs fn(605))

2
V(65

)

m=1

N5, fn(Bh) = Vi, (O8I,
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thus
Yl
3 (Vo I (8), Vs, fn (6F) ZH o fen (01 1° — lev@mfm (@511

/)7 A
+37 Z 1V 60 i (O) = Vo i (O
m=1

2

1 M

37 2 Vonfn(On)
M "

557 2 IV 01 = Vo Fn )

Combine the above equations, we have

M M M
R Mk

— Tk <M Z wam(@ﬁm)? Z V“’fm 9’9 > Z vﬁ"‘fm vﬂmfm( )>
m=1 m:l m:l

m || 1 & i e || 1 i n ?
k 5 k k )

<= B S )| T S V)| R Z Hme(an) — V(05
m=1 m=1 m=1

@ ol 1 M AL ’ it M & ’ nkL
m=1 m=1

M 2 M 2
_om|r gl || L oy + BE oy
—- 2 mz::l Y fm(05)) 5 |11 ;mewm) + ==V

where (7) is by Assumption D.1.

Lemma D.7. Under Assumptions D.I and D.4, we have

M M
- < S V@) e S Va0 > S (VS0 T, S (05)

m=1 m=1 m=1

M
) M
< —Mp ( Z me 7n > 2 Z efn

L2
+ —77’“2 vk,

Proof. The proof follows directly from Lemma D.6 and Assumption D.4.

Lemma D.8. Under Assumptions D.2 and D.3, for k, +1 < k < vy, taking unconditional expectation, we have

2

k—1 M
1
E[VF] <A7 = 1)(Ci+1) Y E ||| 17 D Viul6h)
t=k, m=1
k—1 2 k—1
oy(t—1

+o§if(7' - 1(C1+1) Z n? + % -

t=kp t=kp

Note that V¥ = 0.
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Proof. By noting that w*» = = wi? forall m € [M], thus for k, + 1 < k < v, we have

k—1 k—1 2
||w§1 - Ujk”2 = wfrf - Z ntgfn,l - wkp - Z 77tht
t=Fk, t

k—1 k—1 2
=|1>_ oy — Y mh
t t=k,

=kp

Since
M k-1 k—1
1 t
i E NtGm,1 = E neh’,
m=1t=k, t=k,
we have

1 M 1 M k—1
17 2w = w2 =2 DD g
m=1 ||t=k,

1 M k—1 2
=27 2 || 22 M| -
m=1 ||t=k,

1 MR
SMZ ;mgfn,l

=kp

k—1
- D mh'
t=ky

2
k—1

> mh

t=k,

M
k=
2 D gl

Given {Hﬁl}me[ M- taking conditional expectation with respect to § k. we have

Egm [Hgf%lHQ]

=

3
&

Il
==
NE

Egt [lgm1 = Vo fm(O)1]

Il
==
NE

3
&

IA
==
Ms

1

3
Il

9
—

Z IV £ (0512 +

M
-1
Z AL ¢ llgmm 117
=1

Z 1V o (05

o 1 M
[(cl D)V (08 + ] b S VA

m=1

(41)
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Thus, taking unconditional expectation on both sides of (41), and by the independence of £(1), £(2

&

k—1 M
<(r-1)(C+1) Y nE l S IV E @I +
t=k, m=1
t
<A —=1)(C1+1) Z;;n MZmea
k—1 T—1 2]{:
+O—§if(7— Cl+1 ZT’ + Z
t=k, t=k,

where the last inequality follows Assumption D.3.

Lemma D.9. For the sequence {ay}r,<k<v, in the proof of Theorem D.3 that satisfies

ap+1 < Agag + %(—1 + Dny)er, + Bi Z nie; + ck,

when learning rates {n} satisfy

1

o =T
771/1071 S )
D+ 2w

A,

M, <

k—1

t=ky

1

D+

we have

e ([ B+ (W 003) B 305750

vp—1 Vp
Uy, 41 < Ag | ag, + Z ( H Ai> Ck + Cy,-
= i=k+1

Proof. We start by noting that

My,
Ay, +1 SAUP Ay,

vp—1

9 (_1 + Dnt)p)ewp + va Z nzek + Cu,,

k=k,

vp—1

2
SA’UPCL’UP + B'Up Z M€k + Cvpv

k=k,

)

., &%, we have

(42)

(43)

(44)
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where the last inequality is due to (42). Thus, we have

vp—1
avarl SAvpavp + va Z 7713% + C’Up
k=k,
vp—2
:Avp avp + va Z U}%ek + 7712)1,7161);,71 + Cvp
k=k,
" vp—2
~1
<A, | Ay,—18u,—1 + —2—(=1+ Dipy,—1)ey, 1 + By, -1 Z Neek + Co,—1
=k,
vp—2
+By, | D mren 17, 1€, 1 | o,
k=k,
A 2B _
=Dy, Ay Ly, 1+ Mop1Bwp | g Dny, 1+ 25, oy =1 €s,—1
2 A,
vp—2
+ (Avavpfl + Bv,,) Z n]%ek + (Avpcvpfl + C’Up) .
k=k,
By (43), we have
2B _
—1+ Dny, -1+ 2Bvp Ty =1 <0,
AV
thus we have )
'Up*
Ay, +1 < Avavp,l Oy, —1 + (A’upB'up—l =+ va) Z n]%ek + (Awpc'up—l + Cvp) .
k=k,

Repeat this process under corresponding assumptions about 7, we get

'l)p Up 1)p
2
Ay, +1 < H A; | ag,+1 + H A; | Br,+1 + H Ai | Bryv2 + Ay, By, 1+ By, Mk, €ky
i=kp41 i=kp+2 i=kp+3
vp—1 Vp
(I ) e
k=k, \i=k+1
Note that
Tk,

Uy < Ag,ag, + —=(=1+ Dny, ex, + cr,,

2
and (44), we then have the final result.

Lemma D.10. Let

1
" e B D)
where (3 is a positive constant such that
2\L (C 2L2X\(Ch + 1
ﬁ>max{ <1+02+1> —2,(21“}.
po\M jz

When 7 is large enough such that

)

s \/max {(2L2X(Cy + 1) /u?)el/P — 4,0}
- B2 — (2L2A(Cy +1)/p2)e?

we will have conditions in Lemma D.9 to be satisfied for any 7.
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Proof. Let Ay, and By, be defined as in the proof of Theorem D.3, then as k increases, we have 7, decreases, Ay increases,
and By, decreases. Thus for 1 < k£ < K, we have ag < ax_1 < --- < ag. On the other hand, note that for the right hand
side of (44), for 1 < k < K, we have

1
D+ s (T 85) B + (I3 80) Biyia + 80, Boy o1 + By,
1
>
Vp Vp
D + F[:iiB-il N |:(Hi=kp+2 AK) + (Hizkp+3 AK) + AK}
1

= 2B (r—1) °
D + AT

Thus, when we let
1

MS D
D-l-?

we will have the conditions in Lemma D.9 to be satisfied for any 7. For this purpose, we need to have

<D+231<T—1>>ﬁ§1

AT!
o > mIL2\(T — 1)%(Cy + 1)>
<~ (AL —=+Ca+1) + <1
( (M ’ (I —=mp)t "=
_ T—1
e AL <§41 4Oy 1) (1= )™+ LA (r — D2(Cy + 1) < (17271“)
1

To satisfy the above equation, we only need

) 2m (45)

— N T—1
AL (S 4 Co 4+ 1) (1 —mp)7t < mmd T
mL2A(r — 1)2(Cy +1) < U=

Note that 7y = 1/(u(87 + 2)) , thus to satisfy the first inequality in (45), we need to have

Cl 1
— < — = .

Since u(87 4+ 2) > (B + 2), we only need

ﬁzw‘f(a+02+1>—2. (46)

M

Next, to satisfy the second inequality in (45), we need
MEL2A(r = D(Cy +1) < (1= mup)™
22 1 -1\’ 2\
— MOy + )<7’ ) (67‘4— > <1

12 BT +2 Br+1

T—1 71 T
R

thus we only need

Since

<1

2LPN(C, +1) [ 7—1\° A
12 BT +2
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Let v = 2L2\(Cy + 1)/p?, then the above equation is equivalent to

Tl

(8% - 1/6%)7'2 +2(B+ve?r )T+ (4 — VB%) > 0.

£

First, we let ﬂ2 — z/e/ls > 0, or equivalently
2 2L2N(C; + 1
ﬂj S ( 21 + )’ (47)
es 1%

then we need 7 to be large enough such that

—2(8+ 1/6/%) + \/4([3 + Veflf)2 — max {4(52 - 1/6/%)(4 — 1/671*), 0}

T > T
28> —ve?)

Since va? + b < |a|] + +/|b| for any a, b € R, we have that the left hand side is smaller or equal than

\/max {vel/ —4,0}  Jmax {(2L2X(Cy 4 1)/p?)e'/? — 4,0}
s B2 — (2L2A(Cy + 1)/ u2)e?

b

thus we only need 7 large enough to satisfy that

2L2X(C1 +1)/pu2)el/B — 4,0
o [ {GLAC 1/~ 40} s
B2 — (2L2X(C1 4+ 1)/u?)e?
The final result follows from the combination of (46)-(48). O]

E. Missing parts from Section 4
E.1. Missing parts from Section 4.1
E.1.1. FORMAL DEFINITION OF THE ORACLE AND ALGORITHM RESTRICTION

As mentioned in the main body, our lower bound is provided for iterative algorithms whose iterates lie in the span of
historical oracle queries only. In particular, for each m, k we must have

Bnkq € Lin (B'?m v,@fm(wgwﬁ?n)v cees vﬁfm(wfnilvﬁnkfl))

Next, define
Qk = Ui‘r{:l {w07 waﬂL(ana IB?YL)7 M vwfm(w/fY(Lk)’ fY(Lk))} )

with [ (k) being the index of the last communication round until iteration k. Then, the span requirement on w-variables is
given as

why, € Lin (w°, Vo frn (Wi, B, -+, Vau frn (wiiy 5 B 1), Qi) -

E.1.2. PROOF OF THEOREM 4.1

Nesterov’s worst case objective. (Nesterov et al., 2018) Let 2’ : R>® — R be the Nesterov’s worst case objective (see),
ie, h'(y) = %yTAy — e{ y with tridiagonal A having diagonal elements equal to 2 + ¢ (for some ¢ > 0) and offdiagonal
elements equal to 1.” The proof rationale is to show that a k-th iterate of any first order method must satisfy ||y*||o < k and

consequently
2k
-1
k%2 > \/E * (12 49
ly"™ =yl —<\/E LA (49)

where y* = argmin, g h'(y), & = %.

°This is for the strongly convex case; one can do convex similarly.
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Finite sum worst case objective. (Lan & Zhou, 2018) The construction of the worst case finite-sum objective10 h:
R* — R,h(z) = 1 2?21 h;(z) is such that h; corresponds only on a j-th block of the coordinates; in particular if
z = (21,29, 2n); 21, 22, . - - , 2n € R™ we set h;(z) = h/(z;). It was shown that to reach ||2* — 2*||? < ¢ one requires

at least Q) ((n + 4/ %) log %) iterations for £-smooth functions h; and ;i —strongly convex h.

Distributed worst case objective. (Scaman et al., 2018) Define

1
g1(z) = 3 (crllz))® + 2 (ef 2 + 2T M;2))
1
95(2) = g3(2) = - = gy (2) = m (C1||Z||2 + CQZTMQZ)
R 1o
where M is an infinite block diagonal matrix with blocks 011 0 andM, =110 0 and ¢y, co > 0 are
0000 M,
some constants determining the smoothness and strong convexity of the objective. The worst case objective of Scaman et al.

(2018) is now g(2) = & S g, (2).

Distributed worst case objective with local finite sum. (Hendrikx et al., 2020) The given construction is obtained from
the one of Scaman et al. (2018) in the same way as the worst case finite sum objective (Lan & Zhou, 2018) was obtained
from the construction of Nesterov et al. (2018). In particular, one would set g,,, ;(2) = g,,(2;) Where z = [z1, 22, ..., 2.
Next, it was shown that such a construction with properly chosen ¢y, cs yields a lower bound on the communication

complexity of order 2 (\/% log %) and the lower bound on the local computation of order 2 ((n + 4/ %) log %) where
L is a smoothness constant of g, j, L is a smoothness constant of g,,(z) = 1 Z;L=1 gj(z) and p is the strong convexity
constant of g(z) = - Zf\f:l gm(2).

Our construction and sketch of the proof. Now, our construction is straightforward — we set f,, (w, 8n) = g(w)+h(Bm)
with g, h scaled appropriately such that the strong convexity ratio is as per Assumption 1.1. Clearly, to minimize the global

part g(w), we require at least (, /%” log %) iterations and at least 2 ((n + 4/ %) log %) stochastic gradients of g.

Similarly, to minimize h, we require at least {2 ((n + 4/ #) log %) stochastic gradients of . Therefore, Theorem 4.1 is
established.

E.2. Missing parts from Section 4.2
We state the ACD-PFL as Algorithm 2.

E.3. Missing parts from Section 4.3
E.3.1. SAMPLING OF COORDINATE BLOCKS

The key component of ASVRCD-PFL is the construction of the (unbiased) stochastic gradient estimator of VF(X) which
we describe here. We consider two independent sources of randomness:

e We toss an unfair coin (. With probability p,, we have ( = 1. In such a case, we ignore the local variables and update
the global variables only (corresponding to w or X[1] in our current notation). Alternatively, ¢ = 2 with probability
pg =1 — p,,. In such a case, we ignore the global variables and update local variables only (corresponding to 5 or X[2] in
our current notation).

e Local subsampling. At each iteration the stochastic gradient is constructed using VF} only, where F;(w, ) =

1%We have lifted their construction to the infinite-dimensional space for the sake of simplicity. One can get a similar finite-dimensional
results.
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Algorithm 2 ACD-PFL

input 0 <0 <1,7,0>0w)=uw?ecR% ) =32 €cR forl<m <M.
for k=0,1,2,... do
whtl = (1 - 9)w’yC + fwk
for m = 1,..., M in parallel do
Bt = (L= )85, + 08,

end for
52{1 w.p.pw:\/%\/g/ﬁ
if £ = 0 then
w];'“l wk-',-l LlwﬁZﬁf ) wfm( k+1 Bk-&-l)
ut™ - (1 + ok = e s St Vo (™ 651

for m = 1,..., M in parallel do
ﬁftnl - 1+77y ( z,m +77 ﬁ;ﬁtnl)
end for
else
form=1,....M in parallel do

ﬁk-i—l Bk-H vﬁfm( k+1, 6k+1)

endfor
k+1 k+1 wh+1. g+l
ﬂzjn = 1+17]/ ( +77V5 g m(\/;ﬁ+m)vﬁfm/( + ﬁ + ))
k 1 k k
z+1 T+nv ( +nrw, +1)
end if
end for

i Z%Zl fm.;(w, Bm) and j is selected uniformly at random from [n]."!

Overall, we arrive at the following construction of G(X) — an unbiased (stochastic) estimator of VF (X):

ifc=1

1 -/ -/

Tuvw i’ m X ]-v ) vX 27 9 . .
G(X)[17m7j/]: P ij ( [ m]} [ m]]) al’ldj/:]

0 € R otherwise

1 iy 1y if¢=2

==V i’ m X ]-7 ) 7X 2» 9 . .
G(X)[27m,j/]: pB ,ijs ( [ m]] [ m]]) and]’:j

0 € Rim otherwise

Next, we enrich the stochastic gradient by control variates resulting in SVRG stochastic gradient estimator. In particular,
the resulting stochastic gradient will take the form of G(X) — G(Y') + VF(Y') where Y is another point that is updated
upon a successful toss of a p-coin. The last ingredient of the method is to incorporate Nesterov’s momentum. We state
ASVRCD-PFL as Algorithm 3 and Algorithm 4 in the lifted notation and the notation consistent with the rest of the paper
respectively.

E.3.2. ALGORITHM AND CONVERGENCE RATE

Taking the stochastic gradient step followed by the proximal step with respect to 1, both with stepsize 7, is equivalent
to (Hanzely et al., 2020b):

"'We assume that all clients sample the same index, i.e., the randomness is synchronized. We do so only for the sake of simplicity;
similar rate can be obtained without shared randomness.
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Algorithm 3 ASVRCD-PFL (lifted notation)
input 0 < 01,0, <1,n,v,7v>0,p€ (0,1),Y" =20 = X0
fork=0,1,2,... do
Xk =0,7% + 0,VF 4+ (1 — 01 — 0,) Y
g" = G(X*) - G(VF) + VF(VF)
Ykt = proxm/)(X’C —ng*)
ZHl =pzZF + (1 —v) Xk + %(YkJrl —-Y"F)
Y* with probability p
V. with probability 1 — p

VE+L =

end for

Algorithm 4 ASVRCD-PFL
input 0 < 01,6, <1,n,v,7v>0,p€ (0,1),w —wo—wgeRdU, 2)m: O = S’meRdm forl1 <m < M.
for k=0,1,2,... do
’LUI; = 9111)5 + 92105 + (1 — 91 — 02)11)
form =1,..., M in parallel do
vom = 0185 1y + 0285 o + (1= 01 — 02) By,
end for

1 W.p-pu
Sample random j € {1,2,...,n} and {( = W-p-p
2 w.p.pg
g — o (B s V(s 88,0 = Sonlea Vadm (b 85,)) + VuF(l, 8Y) ¢ =1
b F(w,’j,ﬁf) if ¢ =2
wytt = 1wy —ngy,
with = vwk + (1 = v)wf + I (wp™ —wy)
Wi = wk,  with probablhty p
wk,  with probability 1 — p
for m = 1,..., M in parallel do
gk _ ﬁvﬁfm(’wﬁﬂf,m) if¢=1
g p%M (Vﬂfwj(wa’?vﬁ];,m) = Vo fmi (w5, B m) + 37 Vafm(wy, BY,,) i ¢=2
Bty = — 095
BEE = vk (1 )88, + 330 — B
Rt 5577”, with probablhty p
vm " m»  With probability 1 — p
end for
end for

W.P. P {w+ =w-="7 (p% (% %:1 wam,j(w7 Bm> - ﬁ Zr]\r/{:l vw.fm,j(w/vﬁin)) + VwF(’LU/, 6/)) )
ﬁ’r—“’r_l = Bm — %vfm(w/aﬂ;n)
{w‘*‘ =w—nV,Fw',3),
W.p. pg :

50
5= = 31 (3 (Vadmg 0, 6m) = Vo 0, 64) + V', 53)) Y

Defining = = [w, b1, ..., Bu], ' = [w', 81, ..., 8], update rule (50) can be rewritten as
ot =2 —1(g(z) - g(z’) + VF(2))

where g(z) corresponds to the described unbiased stochastic gradient obtained by subsampling both the space and the finite
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sum simultaneously. In order to give the rate of aforementioned method, we shall determine the expected smoothness
constant.

Lemma E.1. Suppose that Assumptions 1.1 and 1.2 hold. Then, we have
E [ll(g(x) — g(a") + VF(2)) = VF(2)|*] <2LDp(x,y)

where L := 2max (ﬁ E—B).

Pw’ P8

Proof. Letdg == .""_, d,,. We have:

m=1

E [ll(g(2) — g(x ) ( D—VF@Wﬂ

<E[[lg(x)
2
*pw Puw M wfm,j(waﬂm)* wfmj( )) |<71
M
Z [Hpglwm,j(w,ﬂm) = D5 Vg (W B2 ¢ = 2]
=M 2
= p;llE Z wfm GJlw Bm) - wfm,j (IU )) ‘ C =1

950 ZE IV Fing (w0, Bm) = ¥ fom (', )| | € = 2]

N\ T pwlldOXdO 0 /
—E|B@-vuE)T (T ) (5@ - VEE)
(%) w B
<E [4max (, L) Dp,(z,x )]

Pw Pg
w Lﬁ
= 4max (, ) Drp(x,2'),
Pw Pp

where () holds due to the (L%, £#)-smoothness of F; (from Assumption 1.2) and Lemma E.2.

Theorem E.1. [Iteration complexity of Algorithm 3 with

1
n = Ra
1
92 = 57
B 1
T max{2u, 461 /n}’
v = 1l—~pand

0 . 1 1 6,
= min{ - max< —, —
1 9’ N ma. 9’ 0
max(£2, L2 P
is O % + # log L |. Setting p,, = L5+Lw yields the complexity O (( 1/%) log %)
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Overall, the algorithm requires

1 Lw 4 LB 1
of =+ /215 <log ) (pn + puw)
p PH €

communication rounds and the same amount of gradient calls w.r.t. parameter w. Set p = 2. In such a case, we have

1 L 4 LB 1 1 Lw 4 LB 1
— 4 —— | log = | (pn + pw) +4/——— | (log— ) pn
p Pl € p Pl €

2( L w B
P BN i Gl ) <1Og1>
n €

(225 ().

and thus Algorithm 3 enjoys both communication complexity and the global gradient complexity of order
@ ((n—kq/%) log %) Analogously, setting p = %’3 yields personalized/local gradient complexity of order

nLh 1
O ((n—i— ‘/T) log ;).
Lemma E.2. Let H(x,y) : R%*dv — R be (jointly) convex function such that V2 H (z,y) < L,I and V2H (x,y) < L,L
Then we have

Il
o
|

9 LI 0
v H(m,y)sz( ; Ly1> (51)
and therefore,
10 1 ooy T %LglI 0 roor
2y
Proof. First, we show (51).
LI 0 > _ (2L,I-Vi H(x,y) Vi H(zy)
2( 0 LyI) —VH@y = ( ~V2 H(z,y) 2L,V H(z,y)
< Vi)xH(.T,y) _Vin(.ﬁ,y))

= \-Vi.H(zy) V;,H(zy)

t vcgr,xH(xv _y)

= 0.
It suffices to notice that (52) is a direct consequence of (51) and joint convexity of H. ]

E.4. SCD-PFL and SVRCD-PFL

We state SCD-PFL in Algorithm 5 and SVRCD-PFL in Algorithm 6. These algorithms correspond to a simplified version of
ASVRCD-PFL: SVRCD-PFL does not incorporate Nesterov’s acceleration while ASVRCD-PFL does not incorporate the
control variates or Nesterov’s acceleration.
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Algorithm 5 SCD-PFL

0O ceRiforl <m< M.

m

input 77 > 0’pw 6 (Oa 1)’ p[f = 1 _pw’ wo ERda
fork=0,1,2,... K —1do
1 w.p.pw

Sample random j,, € {1,2,...,n,,} for1 <m < M and { =
2 w.p.pg

k _ pwll\/f 21]7\/’{:1 vwfm,jm( ’ﬂrn) lfC =1
v =10 if¢ =2
whtt = wh — gk
form =1,..., M in parallel do
0 if¢=1
gg,m = 1 \v4 k ok : —
7ot VaSmg, (wh, Br) i (=2
BRI = BE, = 1gh
end for
end for
output w’, 3

k+1

K for1<m< M.

m

Algorithm 6 SVRCD-PFL

input 7 > 0, p, € (0,1), pg =1 — pu, p € (0,1), wy = w 0 e RY, o m = B m ERIfor1 <m < M.
fork=0,1,2,... K — 1do
1 P-Pw
Sample random j,, € {1,2,...,n,} for1 <m < M and ¢ = {2 WP
W.p.Ps
M .
gk — pTlM Zm,:l wam,jm (wlycﬂ 55,771) + VwF(w57ﬂ5) lfC =1
w ( 57/Bk) 1f<:2
Wit = k= gl
k g
whHL = w,,  with probability p
wk,  with probability 1 — p
form =1,..., M in parallel do
g = Ve m(w ) if¢=1
T\ Vs 0 Bn) + A d s BE) G =2
k+1
it _ 5§,m> w1th probability p

o ¥ m»  With probability 1 — p

end for
end for

output w)<, K for1 <m < M.
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