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Abstract

A widely recognized difficulty in federated learning arises from the statistical heterogeneity
among clients: local datasets often originate from distinct yet not entirely unrelated probability
distributions, and personalization is, therefore, necessary to achieve optimal results from
each individual’s perspective. In this paper, we show how the excess risks of personalized
federated learning using a smooth, strongly convex loss depend on data heterogeneity from
a minimax point of view, with a focus on the FEDAvG algorithm (McMahan et al., 2017)
and pure local training (i.e., clients solve empirical risk minimization problems on their local
datasets without any communication). Our main result reveals an approzimate alternative
between these two baseline algorithms for federated learning: the former algorithm is
minimax rate optimal over a collection of instances when data heterogeneity is small,
whereas the latter is minimax rate optimal when data heterogeneity is large, and the
threshold is sharp up to a constant.

As an implication, our results show that from a worst-case point of view, a dichotomous
strategy that makes a choice between the two baseline algorithms is rate-optimal. Another
implication is that the popular FEDAVG following by local fine tuning strategy is also
minimax optimal under additional regularity conditions. Our analysis relies on a new
notion of algorithmic stability that takes into account the nature of federated learning.

Keywords: Empirical Risk Minimization, Federated Learning, Personalization, Data
Heterogeneity, Minimax Rates, Algorithmic Stability

1. Introduction

As one of the most important ingredients driving the success of machine learning, data
are being generated and subsequently stored in an increasingly decentralized fashion in
many real-world applications. For example, mobile devices will in a single day collect
an unprecedented amount of data from users. These data commonly contain sensitive
information such as web search histories, online shopping records, and health information,
and thus are often not available to service providers (Poushter, 2016). This decentralized
nature of (sensitive) data poses substantial challenges to many machine learning tasks.

To address this issue, McMahan et al. (2017) proposed a new learning paradigm, which
they termed federated learning, for collaboratively training machine learning models on data
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that are locally possessed by multiple clients with the coordination of the central server (e.g.,
service provider), without having direct access to the local datasets. In its simplest form,
federated learning considers a pool of m clients, where the i-th client has a local dataset S;
of size n;, consisting of i.i.d. samples {z](-z) : J € [n4]} (denote [n] :={1,2,...,n}) from some
unknown distribution D;. Letting ¢(w, z) be a loss function, where w denotes the model
parameter, the optimal local model for the i-th client is given by

wy) € argmin Ez, .p {(w, Z;). (1)

w
From the client-wise perspective, any data-dependent estimator 'L’Z)(i)(S’), with § = {S;}7",
denoting the collection of all samples, can be evaluated based on its individualized excess
risk:

IER; := Ey,p, [((@", Z;) — t(w”, Z;)),

where the expectation is taken over a fresh sample Z; ~ D;. At a high level, this learning
paradigm of federated learning aims to obtain possibly different trained models for each
client such that the individualized excess risks are low (see, e.g., Kairouz et al. 2019).

From a statistical viewpoint, perhaps the most crucial factor in determining the effectiveness
of federated learning is data heterogeneity. When the data distribution D; is (approximately)
homogeneous across different clients, presumably a single global model would lead to small
IER; for all 7. In this regime, indeed, McMahan et al. (2017) proposed the federated
averaging algorithm (FEDAVG, see Algorithm 1), which can be regarded as an instance
of local stochastic gradient descent (SGD) for solving (Mangasarian and Solodov, 1993;
Stich, 2019)

.1
min — Az[:} n;Li(w, S;), (2)
1e|m

where Li(w, ;) := >, Hw, zj(»l)) /m; is the empirical risk minimization (ERM) objective
of the i-th client and N = nj + --+ + n,, denotes the total number of training samples.
Translating Algorithm 1 into words, FEDAVG in effect learns a shared global model using
gradients from each client and outputs a single model as an estimate of w,(f) for all clients.
When the distributions {D;} coincide with each other, FEDAVG with a strongly convex
loss achieves a weighted average excess risk of O(1/N), which is minimax optimal up to a
constant factor (Shalev-Shwartz et al., 2009; Agarwal et al., 2012), see the formal statement
in Theorem 6.

However, it is an entirely different story in the presence of data heterogeneity. FEDAVG has
been recognized to give inferior performance when there is a significant departure from
complete homogeneity (see, e.g., Bonawitz et al. 2019). To better understand this point,
consider the extreme case where the data distributions {D;} are entirely unrelated. This
roughly amounts to saying that the model parameters {'w,(j)} can be arbitrarily different
from each other. In such a “completely heterogeneous” scenario, the objective function (2)
simply has no clear interpretation, and any single global model—for example, the output of
FEDAVG—would lead to unbounded risks for most, if not all, clients. As a matter of fact, it
is not difficult to see that the optimal training strategy for federated learning in this regime
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Algorithm 1: FEDAVG (McMahan et al., 2017)

Input: initialize wégbbal)

fort=0,1,...,7T—1do

. . . T-1
, number of communication rounds 7', step sizes {7},

Randomly sample a batch of clients C; C [m]
for client i € C; do
L Obtain 'wgl by running several steps of SGD on S; using 'wggbbal) as the
initialization
global) (global) global i)
it e w Y - e e ma(w B — i)
Output: @ = 'wggl()bal), i€ [m]

is arguably PURELOCALTRAINING, which lets each client separately run SGD to minimize
its own local ERM objective
min L;(w®, S;) (3)
w(®)
without any communication. Indeed, PURELOCALTRAINING is minimax rate optimal in the
completely heterogeneous regime, just as FEDAVG in the completely homogeneous regime
(see Theorem 4).

The level of data heterogeneity in practical federated learning problems is apparently
neither complete homogeneity nor complete heterogeneity. Thus, the foregoing discussion
raises a pressing question of what would happen if we are in the wide middle ground of the
two extremes. This underlines the essence of personalized federated learning, which seeks to
develop algorithms that perform well over a wide spectrum of data heterogeneity. Despite a
venerable line of work on personalized federated learning (see, e.g., Kulkarni et al. 2020), the
literature remains relatively silent on how the fundamental limits of personalized federated
learning depend on data heterogeneity, as opposed to two extreme cases where both the
minimax optimal rates and algorithms are known.

1.1 Main Contributions

The present paper takes a step toward understanding the statistical limits of personalized
federated learning by establishing the minimax rates of convergence for both individualized
excess risks and their weighted average with smooth strongly convex losses. We briefly
summarize our main contributions below.

1. We prove that if the client-wise sample sizes are relatively balanced, then there exists
a problem instance on which the IER;’s of any algorithm are lower bounded by

{Q(l/N +R?) if R? = O(m/N) @

Q(m/N) if R? =Q(m/N),

where R is the minimum quantity satisfying minwew >;cpm) nl-||'w,(f) —w|?/N <
R?) ie., it measures the maximum level of heterogeneity among clients (here || - ||
throughout the paper denotes the Euclidean distance). Meanwhile, we show that the
IER;’s of FEDAVG are upper bounded by O(1/N + R?), whereas the guarantee for
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PURELOCALTRAINING is O(m/N), regardless of the specific value of R. Moreover,
we also establish similar upper and lower bounds for a weighted average of the IER;’s
under a weaker condition.

2. A closer look at the above-mentioned bounds reveals a perhaps surprising phenomenon:
for a given collection of problem instances with a specified maximum level of heterogeneity,
exactly one of FEDAVG or PURELOCALTRAINING is minimax optimal.

3. The established minimax results suggest that the naive dichotomous strategy of (1)
running FEDAVG when R? = O(m/N), and (2) running PURELOCALTRAINING when
R?> = Q(m/N), attains the lower bound (4). Moreover, for supervised problems,
this dichotomous strategy can be implemented without knowing R by (1) running
both FEDAVG and PURELOCALTRAINING, (2) evaluating the test errors of the two
algorithms in a distributed fashion, and (3) deploying the algorithm with a lower test
error. We emphasize that the notion of optimality under our consideration overlooks
constant factors. In practice, a better personalization result could be achieved by more
sophisticated algorithms.

4. As a side product, we provide a novel analysis of FEDPROX, a popular algorithm for
personalized federated learning that constrains the learned local models to be close
via ¢9 regularization (Li et al., 2018). In particular, we show that its IER;’s are of

order O(Wlm A \/ﬁ/im + @), and a weighted average of the IER;’s satisfies a tighter

O(Wlm AN—E— ¢ %) bound, where a A b = min{a, b} for two real numbers a and b.

vV N/m

5. On the technical side, our upper bound analysis is based on a generalized notion of
algorithmic stability (Bousquet and Elisseeff, 2002), which we term federated stability and

can be of independent interest. Briefly speaking, an algorithm A(S) = {@(S)} has
federated stability {y;} if for any i € [m], the loss function evaluated at @®(S) can
only change by an additive term of O(v;), if we perturb S; a little bit, while keeping
the rest of datasets {Sy : i’ # i} fixed. Similar ideas have appeared in Maurer (2005)
and have been recently applied to multi-task learning (Wang et al., 2018). However,
their notion of perturbation is based on the deletion of the whole client-wise dataset,
whereas our notion of federated stability operates at the ‘record-level” and is more
fine-grained. On the other hand, our construction of the lower bound is based on a
generalization of Assound’s lemma (Assouad, 1983) (see also Yu 1997), which enables

us to handle multiple heterogeneous datasets.

1.2 Related Work

Ever since the proposal of federated learning by McMahan et al. (2017), recent years
have witnessed a rapidly growing line of work that is concerned with various aspects of
FEDAVG and its variants (see, e.g., Khaled et al. 2019; Haddadpour and Mahdavi 2019; Li
et al. 2020b; Bayoumi et al. 2020; Malinovsky et al. 2020; Li and Richtarik 2020; Woodworth
et al. 2020; Yuan and Ma 2020; Zheng et al. 2021).

In the context of personalized federated learning, there have been significant algorithmic
developments in recent years. While the idea of using /s regularization to constrain the
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learned models to be similar has appeared in early works on multi-task learning (Evgeniou
and Pontil, 2004), its applicability to personalized federated learning was only recently
demonstrated by Li et al. (2018), where the FEDPROX algorithm was introduced. Similar
regularization-based methods have been proposed and analyzed from the scope of convex
optimization in Hanzely and Richtéarik (2020); Dinh et al. (2020), and Hanzely et al. (2020).
In particular, Hanzely et al. (2020) showed that an accelerated variant of FEDPROX is
optimal in terms of communication complexity and the local oracle complexity. There
is also a line of work using model-agnostic meta learning (Finn et al., 2017) to achieve
personalization (Jiang et al., 2019; Fallah et al., 2020). Other strategies have been proposed
(see, e.g., Arivazhagan et al. 2019; Li and Wang 2019; Mansour et al. 2020; Yu et al. 2020),
and we refer readers to Kulkarni et al. (2020) for a comprehensive survey. We briefly
remark here that all the papers mentioned above only consider the optimization properties of
their proposed algorithms, while we focus on statistical properties of personalized federated
learning.

Compared to the optimization understanding, our statistical understanding (in terms of
sample complexity) of federated learning is still limited. Deng et al. (2020) proposed an
algorithm for personalized federated learning with learning-theoretic guarantees. However,
it is unclear how their bound scales with the heterogeneity among clients.

More generally, exploiting the information “shared among multiple learners” is a theme
that constantly appears in other fields of machine learning such as multi-task learning
(Caruana, 1997), meta learning (Baxter, 2000), and transfer learning (Pan and Yang, 2009),
from which we borrow a lot of intuitions (see, e.g., Ben-David et al. 2006; Ben-David and
Borbely 2008; Ben-David et al. 2010; Maurer et al. 2016; Cai and Wei 2019; Hanneke and
Kpotufe 2019, 2020; Du et al. 2020; Tripuraneni et al. 2020a,b; Kalan et al. 2020; Shui et al.
2020; Li et al. 2020a; Zhang et al. 2020; Jose and Simeone 2021).

More related to our work, a series work by Denevi et al. (2018, 2019); Balcan et al. (2019),
and Khodak et al. (2019) assumes the optimal local models lie in a small sub-parameter-
space, and establishes “heterogeneity-aware” bounds on a weighted average of individualized
excess risks. However, we would like to point out that they operate under the online learning
setup, where the datasets are assumed to come in streams, and this is in sharp contrast to the
federated learning setup, where the datasets are decentralized. Our notion of heterogeneity
is also related to the hierarchical Bayesian model considered in Bai et al. (2020); Lucas et al.
(2020); Konobeev et al. (2020), and Chen et al. (2020).

1.3 Paper Organization

The rest of this paper is organized as follows. In Section 2, we give an exposition of the
problem setup and main assumptions. Section 3 presents our main results with proof
sketches. We conclude this paper with a discussion of open problems in Section 4. For
brevity, detailed proofs are deferred to the appendix.

2. Problem Setup

In this section, we detail some preliminaries to prepare the readers for our main results.
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Notation. We introduce the notation we are going to use throughout this paper. For two
real numbers a,b, we let a V b = max{a, b} and a A b = min{a,b}. For two non-negative
sequences ay, b,, we denote a,, < b, (resp. a, = by) if a, < Cb,, (resp. a, > Cb,) for some
constant C' > 0 when n is sufficiently large. We use a,, < b, to indicate that a,, = b,,ap < by,
hold simultaneously. We also use a,, = O(b,,), whose meaning is the same as a,, < b, and
an = (by), whose meaning is the same as a, 2 b,. For two probability distributions
D1 and Dy, we use D1 ® Do to denote their joint distribution under independence. We
use W to denote the parameter space and Z to denote the sample space. Finally, we let
Pw(z) := argmingeyy ||z — y|| denote the operator that projects z onto W in Euclidean

distance.

Evaluation Metrics. The presentation of our main results relies on how to evaluate the
performance of a federated learning algorithm. To this end, we consider the following two
evaluation metrics.

Definition 1 (Individualized excess risk) Consider an algorithm A that outputs A(S) =
{@(Z)(S)}gl. For the i-the client, its individualized excess risk (IER) is defined as

IER;(A) = Bz, (@ (S), Zi) — t(w!”, Z), (5)
where Z; ~ D; is a fresh data point independent of S.

Definition 2 (p-average excess risk) Consider an algorithm A that outputs A(S) =
{@(Z)(S)}. For a vector p = (p1,...,pm) lying in the m-dimensional probability simplex
(i.e., all p;’s are non-negative and they sum to one), we define the p-average excess risk

(AERp) of A to be
AERp(A) == Y pi-IER;(A). (6)

1€[m]

In words, IER measures the performance of the algorithm from the client-wise perspective,
whereas AER evaluates the performance of the algorithm from the system-wide perspective.

Intuitively speaking, the weight vector p in (6) can be regarded as the importance weight
on each client and controls “how many resources are allocated to each client”. For example,
setting p; = 1/m enforces “fair allocation”, so that each client is treated uniformly, regardless
of sample sizes. As another example, setting p; = n;/N (recall that N = Zie[m} n; is the
total sample size) means that the central server pays more attention to clients with larger
sample sizes, which, to a certain extend, incentivize the clients to contribute more data.

Notably, while a uniform upper bound on all IER;’s can be carried over to the same bound
on AERp, a bound on the AER}, alone in general does not imply a tight bound on each IER;,
other than the trivial bound IER; < AER/p;. Such a subtlety is a distinguishing feature
of personalized federated learning in the following sense: under homogeneity, it suffices to
estimate a single shared global model, and thus AER and all of IER;s are mathematically
equivalent.

Regularity Conditions. In this paper, we restrict ourselves to bounded, smooth, and strongly
convex loss functions. Such assumptions are common in the federated learning literature (see,
e.g., Li et al. 2020b; Hanzely et al. 2020) and cover many unsupervised learning problems
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such as mean estimation in exponential families and supervised learning problems such as
generalized linear models.

Assumption A (Regularity conditions) Suppose the following conditions hold:

(a) Compact and convex domain. The parameter space W is a compact conver subset of
R? with diameter D := Supy, yrep ||w — w'|| < 0o;

(b) Smoothness and strong convexity. For any i € [m], the loss function £(-, z) is B-smooth
for almost every z in the support of D;, and the i-th ERM objective L;(-,.S) is almost
surely p-strongly convex on the conver domain W C R, We also assume that there
exists a universal constant ||€| s such that 0 < £(-,2) < |[l||co for almost every z in the
support of D;;

(¢) Bounded gradient variance at optimum There exists a positive constant o such that
for any i € [m], we have Ez, .p, ||V€(w* JZ)|? < o

Heterogeneity Conditions. To quantify the level of heterogeneity among clients, we start by
introducing the notion of an average global model. Assuming a strongly convex loss, the
optimal local models (1) are uniquely defined. Thus, we can define the average global model

as
global) Z i w (7)
1€[m]

We remark that the average global model defined in (7) should not be interpreted as the

“optimal global model”. Rather, it is more suitable to think of wg,gbbal) as a point in the

parameter space, from which every local model is close to. Indeed, one can readily check
that the average global model is the minimizer of } ;.1 piH'wg) — w||? over w € RY.
We are now ready to quantify the level of client-wise heterogeneity as follows.

Assumption B (Level of heterogeneity) There exists a positive constant R such that
(a) either ey pillwl” — w2 < B2,

() or |w' — wEP |2 < R2 Vi € [m].

Our study of the AERp and IER;s will be based on Part (a) and (b) of Assumption B,
respectively. Intuitively, the quantity R encodes one’s belief on “how heterogeneous” the
clients can be.

3. Main Results
3.1 Analyses of Two Baseline Algorithms

In this subsection, we characterize the performance of PURELOCALTRAINING and FEDAVG
under the heterogeneity conditions imposed by Assumption B.
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3.1.1 WARM UP: UNIFORM STABILITY AND ANALYSIS OF PURELOCALTRAINING

The analysis of PURELOCALTRAINING is based on the classical notion of uniform stability,
proposed by Bousquet and Elisseeff (2002).

Definition 3 (Uniform stability) Consider an algorithm A that takes a single dataset
S = {z;}}_1 of size n as input and outputs a single model: A(S) = w(S). We say A is
~v-uniformly stable if for any dataset S, any j € [n], and any z; € Z, we have

1E(@(S), ) = L@ (SV), oo <7,
where S\ is the dataset formed by replacing zj with 23 :
SV = {z1,...,2j-1, z}, ZjyeeeyZn )

The main implication of uniformly stable algorithms is that “stable algorithms do not
overfit”: if A is y-uniformly stable, then its generalization error is upper bounded by a
constant multiple of 4. Thus, one can dissect the analysis of A into two separate parts: (1)
bounding its optimization error; (2) bounding its stability term.

Under our working assumptions, SGD with properly chosen step sizes is guaranteed to
converge to the global minimum of (3) (see, e.g., Rakhlin et al. (2011)). Note that the
bounds for the approximate minimizers only involve an extra additive term representing the
optimization error, and this term will be negligible if we run SGD until convergence since
our focus is sample complexity. Thus, we conduct the analysis for the global minimizer of
(3). The performance of PURELOCALTRAINING is given by the following theorem.

Theorem 4 (Performance of PURELOCALTRAINING) Let Assumption A(b) hold and
assume n; > 45/ Yi € [m]. Then the algorithm Apyr which outputs the minimizer of (3)
satisfies

BS{IER;(Apu)] 2L

g
foralli=1,...,m.
Proof The proof is a direct consequence of standard results on uniform stability of strongly

convex ERM (see, e.g., Section 5 of Shalev-Shwartz et al. (2009) and Section 13 of Shalev-
Shwartz and Ben-David (2014)), which assert that under the current assumptions, the

minimizer of (3) is O(%)—uniformly stable. We omit the details. |
By definition, for any weight vector p, AER, of PURELOCALTRAINING also admits the
same upper bound as (4).

3.1.2 FEDERATED STABILITY AND ANALYSIS OF FEDAVG

We consider the following weighted version of (2):
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The FEDAVG algorithm (Algorithm 1) also seamlessly generalizes. The above optimization
formulation is in fact covered by the general theory of Li et al. (2020b), where they showed
that FEDAVG is guaranteed to converge to the global optimum under a suitable hyperparameter
choice, even in the presence of heterogeneity (but the convergence is slower). Thus, in the
following discussion, we again consider the global minimizer of (8).

It turns out that a tight analysis of FEDAVG requires a more fine-grained notion of
uniform stability, which we present below.

Definition 5 (Federated stability) An algorithm A that outputs A(S) = {@"(S)} has
federated stability {y;}™, if for every S ~ @, D™ and for any i € [m)], j; € [ni], z i, €2,
we have

[e@D(8), ) — 6@ (S\), oo < i

Above, S\(3) s the dataset formed by replacing z](j) in the i-the dataset with zl’-Ji :

S\(l’h) = {Sh R Si*l, Sz\jza SiJrl, SRR Sm}7

SZ-\” = {251)7 . z](jll, Zi i zj(.j)ﬂ, . ,zT(l"i)}.

Compared to the conventional uniform stability in Definition 3, federated stability provides
a finer control by allowing distinct stability measures {~;} for different clients. Moreover,
the classical statement that “stable algorithms do not overfit” still holds, in the sense
that the average (resp. individualized) generalization error can be upper bounded by
O(Xiepm mivi/N) (resp. O(7)), plus a term scaling with the level of heterogeneity R.
And this again enables us to separate the analysis of A into two parts (namely bounding the
optimization error and bounding the stability), as is the case with the conventional uniform
stability.

The notion of federated stability has other implications when restricted to the FEDPROX
algorithm, and we refer the readers to Section 3.4 for details.

We are now ready to state the theorem that characterizes the performance of FEDAVG.

Theorem 6 (Performance of FEDAVG) Let Assumption A(b, ¢) hold and assume n; >
4Bp;/u Vi € [m]. Suppose the FEDAVG algorithm Apa outputs the minimizer of (8). Then
under Assumption B(a), we have

2
Es[AERp(Apa)] < Blllloe > Z— + BR?, (9)

1€[m]

and under Assumption B(b), we have

0'2 2/ 3
BSllER(Ar)] £ 7 3 20 o, (10)

i €[m]

Proof The proof of (9) is, roughly speaking, based on the fact that the global minimizer
of (8) has federated stability v; < W, and thus the first term in the right-hand side

of (9) corresponds to the average federated stability Zie[m] pivi- The second term BR?
in the right-hand side of (9) reflects the presence of heterogeneity. For Equation (10), we
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were not able to obtain a federated stability based proof, and our current proof is based
on an adaptation of the arguments in Theorem 7 of Foster et al. (2019), which explains
why the dependence on (o, 3, ) are different (and slightly worse) compared to Equation
(9). In particular, the bound (10) has inverse quadratic dependence on p, wheres the bound
(9) only has 1/p dependence. The 1/u dependence comes from the fact that the federated
stability term has such dependence, and the 1/u? dependence comes from the fact that the
£9 estimation error has such dependence. We refer the readers to Appendix C.1 for details. B

Note that both bounds in the above theorem are minimized by choosing p; = n;/N.
With this choice of p, the two bounds read

oo

EslABR, (Ara)] § FU= 4 72, BslIERi(Any)] S

60.2 ﬂgRZ
u2N+ e (11)

This makes sense, since this choice of weight corresponds to the ERM objective under
complete homogeneity. This observation also suggests that ensuring “fair resource allocation”
(i.e., setting p; = 1/m) can lead to statistical inefficiency, especially when the sample sizes
are imbalanced.

We conclude this subsection by noting that though the compactness assumption (Assumption
A(a)) is not needed in Theorem 6, it is usually needed in the analysis of the optimization error
of FEDAVG and PURELOCALTRAINING(see, e.g., Rakhlin et al. (2011); Li et al. (2020b)).

3.2 Lower Bounds

In this subsection, we present our construction of lower bounds, which characterize the
information-theoretic limit of personalized federated learning. Throughout this section, we
restrict out attention to the case where p; = n;/N for any i € [m].

Our construction starts by considering a special class of problem instances: logistic
regression. In logistic regression, given the collection of regression coefficients {'wgf)} cw
where W has a diameter D, the data distributions D;’s are supported on R? x {£1} and
specified by a two-step procedure as follows:

1. Generate a feature vector &, whose coordinates are i.i.d. copies from some distribution
Px on R, which is assumed to have mean zero and is almost surely bounded by some
absolute constant cx;

2. Generate the binary label y € {£1}, which is a biased Rademacher random variable
with head probability (1 + eXp{—wTwS)})fl.

The loss function is naturally chosen to be the negative log-likelihood function, which takes
the following form:

lw,z) =l(w,z,y) =log(l + e_yf”T“’).

The following lemma says that Assumption A holds for the aforementioned logistic
regression models.

Lemma 7 (Logistic regressions are valid problem instances) The logistic regression
problem described above is a class of problem instances that satisfies Assumption A with

10
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|€]|c = cxDVd and 0* = B = % d/4. Moreover, if m S (N/m)¢ for some ¢ > 0 and
N/m > Cd for some C > 1, then there exists some event E which only depends on the
features {my) i e [m],j € [ni} and happens with probability at least 1 — e”OWN/™) " gych
that on this event, the strongly convex constant in Assumption A satisfies

-2
po= g = (exp{cXD\/g/2} + exp{—cXD\/g}> . (12)

Proof The compactness of the domain and the boundedness of the loss function hold by
construction. To verify the rest parts of Assumption A, with some algebra one finds that

xx ' exp{yz' w} 1 1

= -z , 13
(1 +eplyzTw))’ ~ 3 "

Vi(w,z,y) =

where < is the Loewner order and the inequality holds because z/(1 + )2 = 1/(z~ %2 +
x1/2)2 < 1/4 for z > 0. Since the population gradient has mean zero at optimum, the
gradient variance at optimum can be upper bounded by the trace of the expected Hessian
matrix, which, by the above display, is further upper bounded by cgfd/él. Thus, we can
take 02 = c3-d/4 in Part (c). Another message of the above display is that we can set the
smoothness constant in Part (b) to be 8 = c¢%d/4.

The only subtlety that remains is to ensure each local loss function is u-strongly convex.
Note that since z/(1+ z)? is decreasing from (0, 1) and is increasing from (1, 0c), the right-
hand side of (13) dominates poza ' in Loewner order, where jq is the right-hand side of
(12). Thus, the local population losses E g )p, [((-, ®,y)] are all po-strongly convex.

Now, note that

(@) (T @, .
Vi Li(w?,5) = - > n) exf>{yj<'><wj 7w(;>} = po - — > 2@,
e (L ep{y (@), wih)}) " jeind

Invoking Theorem 5.39 of Vershynin (2010) along with a union bound over all clients, we
conclude that for any i € [m], the minimum eigenvalue of > (., :cg-l) (:Bg-l))—r is lower bounded
by a constant multiple of n; — p 2 n; (this is the definition of the event E) with probability

at least 1 — me=9i) > 1 — ¢=OWN/m) and the proof is concluded. |

Note that in the proof of the above lemma, we have established the pg =< p-strong
convexity of the client-wise population losses. Hence, lower bounding the excess risks reduces
to lower bounding the ¢ estimation errors ||@w® — wii)|]2 of the estimators @ for w!’.
Such a reduction allows us to use powerful tools from information theory.

To this end, we introduce two parameter spaces, corresponding to Part (a) and (b) of

Assumption B. Recalling 'wl(ogbbal) = Zie[m] piwg), we define

. {{wi”}?;l cw: Y pillwl?! —wFP|? < Rz},

i€[m]

Py = {{wi“}?il CW s ffwl — w2 < B vi e [m]}'

11
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Note that P; and P5 index all possible values of {wy)} that can arise in the logistic regression
models under Assumption B (a) and (b), respectively.

With the notations introduced so far, we are ready to state the main result of this
subsection.

Theorem 8 (Minimax lower bounds for estimation errors) Consider the logistic regression
model described above. Suppose n; < ny for any i # i’ € [m] and assume p; = n;/N for any
i € [m]. Then we have

. 1 (s 2~ 4 2 d
inf  sup = Y niEglla? w2 —— AR+ -, (14)

@} (wyep, Y @-ez[;n] N/m N
inf  sup ESH’LAU(“ - wii)Hz 2 a4 AR + d (15)

@ {w@}epz
for all i € [m], where the infimum is taken over all possible wWs that are measurable
functions of the data S.

Proof See Appendix A. |

Note that both lower bounds in Theorem 8 are a superposition of two terms, and they
correspond to two distinct steps in the proof.

The first step in our proof is to argue that the lower bound under complete homogeneity
is in fact a valid lower bound under our working assumptions, which gives the Q(d/N) term.
This is reasonable, since estimation under complete homogeneity is, in many senses, an
“easier” problem. The proof of the (d/N) term is based on the classical Assouad’s method
(Assouad, 1983).

The second step is to use a generalized version of Assouad’s method that allows us to deal
with multiple heterogeneous datasets. In particular, we need to carefully choose the prior
distributions over the parameter space based on the level of heterogeneity, which ultimately
leads to the Q(ﬁ A R?) term. Recall that in the vanilla version of Assouad’s method
where there is only one parameter, say wy, one can lower bounds the minimax risk by the
Bayes risk, and the prior distribution is usually chosen to be wy, = dv, where v follows
a uniform distribution over all d-dimensional binary vectors and § is chosen so that the
resulting hypothesis testing problem has large type-I plus type-II error. In our case where
there are m parameters {'w,(f)}, we need to consider a different prior of the following form:

'wg) = 50,

where v() are i.i.d. samples from the uniform distribution over all d-dimensional binary
vectors, and J;’s are scalers that need to be carefully chosen to make the resulting hypothesis
testing problem hard.

The following result is an immediate corollary of Theorem 8.

Corollary 9 (Minimax lower bounds for excess errors) Assume there exist constants
C,C" > 0,c > 0 such that n; > CB Vi € [m] and m < C'(N/m)°. Moreover, assume n; < ny

12
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for any i # i € [m] and p; = n;/N for any i € [m]. Then there exists an absolute constant
c such that the following two statements hold:
1. There exists a problem instance such that Assumptions A and B(a) are satisfied with

probability at least 1—e=¢VN/™ - Call this high probability event E. On this problem instance,
any randomized algorithm A must suffer

EasIABRS(A) 16 2 (7 AR+ ) (16

2. For any i € [m], there exists a problem instance such that Assumptions A and B(b)

are satisfied with probability at least 1 — e~ VN/™ Call this high probability event E;. On
this problem instance, any randomized algorithm A must suffer

Eas[IER;(A) - 1g,] 2 1 - <6/\R2+6>. (17)
n; N
In the two displays above, the expectation is taken over the randomness in both the algorithm
A and the sample S.

Proof Along with Lemma 7 and Theorem 8, this corollary follows by the fact that the
smoothness constant [ is of the same order as d and the population losses are all pg =< p-
strongly convex. |

3.3 Implications of the Main Results

The upper bounds in Section 3.1 and the lower bounds in Section 3.2 together reveal several
intriguing phenomena regarding personalized FL, which we detail in this subsection.

Focusing on the dependence on the sample sizes and assuming the client-wise samples
sizes are balanced (i.e., n; < N/m), the heterogeneity measure R enters the lower and upper
bounds in a dichotomous fashion:

e If R2 < m/N, then both lower bounds become Q(R? + 1/N), and this lower bound
can be attained by FEDAVG up to factors that do not depend on the sample sizes;

e If R > m/N, then both lower bounds become Q(m/N). They agree with the
minimax rate as if we were under complete heterogeneity and can be achieved by

PURELOCALTRAINING.

Now, let us consider the following naive dichotomous strategy: if output R? < (UIE
m/N, then output A = Agpp; otherwise, output A = Apppr. That is, we switch between
the two baseline algorithms at the threshold of R? < m/N. Then under the assumptions
in Theorems 4 and 6, one can readily check that this dichotomous strategy satisfies the
following AER guarantee:

2

Es[AERp(A)] < /3( ”ﬂ‘/“ /\R2> B’i“m > ZZ' (18)
1€[m)| ¢

13
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If in addition, n; < ny for any i # ¢’ € [m], then it also satisfies the following IER guarantee:

2
i/

3 2
Es[IER;(A)] < iQ(W”OO A R2> + 512 DS (19)
i'€[m)]

KU T,

When p; = n; /N, the two displays above simplify to

[llo  p2 , Bllflloo _ B (Mo 2\, Bo?

which matches the lower bound in Corollary 9 up to constant factors, provided (3, u, [|€||oc, o)
are all of constant order. In other words, switching between the two algorithms at the
threshold of R? < m/N gives an oracle algorithm that is minimax rate optimal.

Thus, we have shown an interesting property for personalized FL on the choice of the
two baseline algorithms. In particular, consider a collection of problem instances indexed by
(R, 3, i, ||€]], o) using Assumptions A and B and assume (3, i, ||||c0, o) are all of constant
order. Now, for a fixed value of R, exactly one of these two algorithms is minimaz optimal,
where the optimality is defined over the specified collection of problem instances and with
respect to both AER and IER. Moreover, the oracle dichotomous strategy that switches
between the two baseline algorithms at the threshold of R? < m/N is minimax optimal.

More implications of the theoretical results are described below.

Optimality of a dichotomous strategy. From the practical side, for supervised learning
problems, such a dichotomous strategy can be implemented without prior knowledge of
R if test errors can be evaluated in a distributed fashion. Indeed, we can first run both
FEDAVG and PURELOCALTRAINING separately, evaluate their test errors (in a distributed
fashion), and deploy the one with a lower test error. Due to the upper and lower bounds
proved in Sections 3.1 and 3.2, such a strategy is guaranteed to be minimax rate optimal. As
a caveat, however, one should refrain from interpreting our results as saying either of the two
baseline algorithms is sufficient for practical problems. From a practical viewpoint, constants
that are omitted in the minimax analysis are crucial. Even for supervised problems, a
better personalization result could be achieved by more sophisticated algorithms in practice.
Nevertheless, our results suggest that the two baseline algorithms can at least serve as a
good starting point in the search for efficient personalized algorithms.

For unsupervised problems where the quality of a model is hard to evaluate, implementing
the dichotomous strategy requires estimating an upper bound R of the level of heterogeneity.
This is an important open problem, which we leave for future work.

Optimality of FEDAVG followed by local fine tuning. Another popular baseline algorithm
for personalized FL is to first run FEDAVG until convergence, and then let each client run
PURELOCALTRAINING to fine tune the model. In strongly convex problems, global optima
can be reached by gradient descent regardless the initialization with a suitable choice of
the learning rate (see, e.g., Theorem 2.1.15 of Nesterov 2018). Thus, if each client run
PURELOCALTRAINING for long enough, the global optima for its local loss function will
finally be reached. This fact tells that along the whole fine tuning trajectory, there is a
point at which the model gives the worst-case optimal AER and IER, and for a fixed level
of heterogeneity, this point is either at the very beginning (which is FEDAVG), or at the
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Figure 1: Average classification accuracy of FEDAvVG, PURELOCALTRAINING and FEDAVG followed
by fine tuning (left panel) as well as FEDPROX with different choice of A (right panel).

very end (which is PURELOCALTRAINING). Although this conclusion is almost trivial from
a technical point of view given our minimax results, it provides a reassuring theoretical
property (of being minimax optimal) for a popular method used by practitioners.

LNlustrating the minimaxity in a simulated example. We conduct a simulation on federated
logistic regression to corroborate our theoretical results and the optimality of the FEDAvVG
following by local fine tuning strategy. In the simulation, we set m = 5, n; = 100, Vi € [m)]
and we vary R from 0 to 20 (see Appendix D for details). In the left panel of Figure 1,
we plot the test accuracy (averaged over 100 rounds of simulations) of those three methods
against the value of R. One can see that the accuracy of the fine tuning strategy roughly
follows the maximum of the accuracies achieved by FEDAVG and PURELOCALTRAINING,
confirming our theoretical prediction that the fine tuning strategy can indeed perform as
well as the best between FEDAVG and PURELOCALTRAINING.

Beyond the current heterogeneity assumption. Our minimax results are established under
Assumption B, which states that all optimal local models are close to a certain “centroid”
(i.e., the average global model defined in (7)). If we draw a graph of clients and connect two
clients if their optimal local models are similar, then the current heterogeneity assumption
gives rise to a complete graph (or a star-shaped graph if we introduce another node to
represent the average global model). While such an idealized graph structure enables a
clean theoretical analysis, the real world proximity patterns among clients are clearly far
more sophisticated. In fact, counterexamples exist under which the minimax results does
not hold in a “global” sense.

Suppose all m clients exhibit a clustering structure as follows. We have /m clients
whose optimal global models serve as cluster centroids, and those centroids are very far
apart. In the neighborhood of each centroid, there are y/m clients whose optimal local
models are R, away from the centroid in the sense of Assumption B. Additionally, assume
each client has equal sample sizes, so that n; = n for some n. Under this setting, the
“global” heterogeneity parameter R in Assumption B is very large, so our theory would
suggest choosing PURELOCALTRAINING, which gives a rate of O(1/n). However, this rate
is clearly suboptimal. If one can successfully cluster the m clients into /m clusters (which
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is hopeful as the centroids are assumed to be far apart), then one can apply our theory to
each cluster (i.e., run the dichotomous strategy for each cluster) and conclude that the rate
for each cluster is O(ﬁ + L AR?%) <« L if m diverges to infinity and R, < 1/y/n. The
foregoing discussion reveals in such a clustered setting, our theoretical results only make
sense at the cluster level, but not at the global level.

The behaviors of the minimax rate for more general client proximity graphs can be even
more complicated, which we leave for future work.

3.4 More Implications of Federated Stability and Analysis of FEDPROX

In this subsection, we are concerned with the performance guarantees for FEDPROX. As
with our earlier analysis of FEDAVG, we consider a p-weighted version of FEDPROX, whose
optimization formulation is given below:

. A .
i A T (@D @ A (global) o (4))12
w3 pz(mfw 5) + Sl w ||), 20)
{w(i)}fb_ilgw i€[m]

where we recall that Li(w,S;) = > ;i B(w,zj(»z))/ni is the ERM objective for the i-th
client. In this subsection, we let (@®°P2) {w®1) be the global minimizer of the above
problem. Compared to (8), which imposes a “hard” constraint w® = wslebal) and compared
to (3), where there is no constraint at all, the above formulation imposes a “soft” constraint
that the norm of (w(gk’bal) — w(i)) should be small, with a hyperparameter A controlling the
strength of this constraint.

The rationale behind the optimization formulation (20) of FEDPROX is clear: by setting
A = 0, the optimization formulation of PURELOCALTRAINING (3) is recovered, and as
A — 00, the optimization formulation of FEDAVG (8) is recovered. The hope is that by
varying A € (0,00), one can interpolate between the two extremes.

Applying the idea of local SGD to (20), one obtains the FEDPROX algorithm?!, which we
detail in Algorithm 2. We separate the whole algorithm into two stages as they has distinct
interpretations: in Stage I, the central server aims to learn a good global model with the
help of local clients, whereas in Stage II, each local client takes advantage of the global
model to personalize. Alternatively, one can also interpret FEDPROX as an instance of the
general framework of model-agnostic meta learning (Finn et al., 2017), where Stage I learns
a good initialization, and Stage II trains the local models starting from this initialization.

In contrast to our analyses for FEDAVG and PURELOCALTRAINING in Section 3.1, where
we largely focused on global minimizers, the analysis for FEDPROX will be carried out
for the approximate minimizer output by Algorithm 2. The reason for this is rooted in
the tradeoff between the optimization error and the generalization error. Note that given
the results derived in Section 3.1, the analysis for the global minimizer (w(®°P*) {&)})
becomes trivial: by setting A = 0, we reduce the task to analyzing PURELOCALTRAINING;
by sending A — oo, we reduce the task to analyzing FEDAvG. Based on Theorems 4 and 6,
one immediately concludes that there exists a choice of A, such that the AER and IER of

1. In fact, Algorithm 2 is not exactly the same as the original FEDPROX algorithm introduced in Li et al.
(2018). But since both algorithms share the idea of imposing regularization, we still call Algorithm 2
FEDPROX for conceptual simplicity.
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Algorithm 2: FEDPROX, general version

Input: Initial global model w#°"™

, initial local models {'w };”  ={w 00}, 1

global rounds T, global batch size B(®°Pal) global step sizes {ntg Obal)}t 0

local rounds {K;}L ), local batch sizes { B} local step sizes
(0} 0<t<T,0<k <K —1}.
Output: Local models {wgll}i”ll
# Stage I: joint training
fort=0,1,...,7—1do
Randomly sample a batch C; C [m)] of size B!
for i € [m] do
if i € C; then wgﬁl — wgi)

global)

else
Pull w (gbbal) from the server
w!”)|  SoftLocalSed(i,w!”, wE"™ K, BO, {n{)}Ki 1)

(%)

Push w; [/ to the server

(global) (global)  Amnp(E'eP®D

(global) ()
t+1 —wy ~ T RBlglobal) ZZGCt pi(w; wt+1)
Stage II: final training before deployment
for i € [m]| do

Pull w (gbbal) from the server

i w%il < SoftLocalSGD(%, w(T),w(glObal) Kr,B® {nTk}KT o)

H*
[

return {wTH}g’;l
# Local SGD subroutine
Function SoftLocalSGD (i, w®, wElba) K B {nk}kK:_Ol)
for k=0,1,..., K —1do
Randomly sample a batch I C [n;] of size |I| =

()ePw[w(“—B - <vg(w(i) 20) 4 A - w(global))ﬂ

return w(

{@(i)} satisfy the bounds in (18) and (19), respectively. However, the foregoing discussion
is purely restricted to generalization error. When we set A = 0 or send A — o0, it is not
known a priori whether FEDPROX algorithm will converge to the global minima. Worse still,
the optimization error may depends on A in a particular way so that it becomes unbounded
when A approaches zero or infinity. To the best of our knowledge, prior work only proved the
optimization convergence of FEDPROX for the global model with a fixed value of A\, namely
the convergence of w(g obal) 5 @(Elobal) a9 the number of global communication rounds T
tends to infinity (Li et al., 2018; Dinh et al., 2020). To have a theoretical understanding
of the performance of FEDPROX, it is crucial to (1) establish the optimization convergence
for both global and local models; (2) bound the generalization error; and (3) balance the
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optimization error and the generalization error, both of which are functions of A. In the
following, we execute the those steps with the aid of federated stability.

Implications of federated stability for FEDPROX. We have briefly mentioned the main
implications of federated stability in Section 3.1.2: for an algorithm A = {@(i)} with
federated stability {7;}, its average generalization error (resp. individualized generalization
error) can be upper bounded by O(3_;¢c(,, Pivi) (resp. O(7i)), plus a term scaling with the
level of heterogeneity R. We make such a statement precise here. Let us first define the
optimization error of a generic algorithm A = (@®°**) {®®}) (which tries to solve (20))
as

~ (7 A ~ (globa, -~ (7
ot = 3 (L@, ) + ) - o0 2)

1€[m]
~. (2 A oba/ ~ (¢
- X (L@ 4 G - 202
1€[m]

The main implications of federated stability, when applied to the specifics of FEDPROX,
can then be summarized in the following proposition.

Proposition 10 (Implications of federated stability restricted to FEDPROX) Consider
an algorithm A = (@& {@DY) with federated uniform stability {~v;}™. Then we have

A i
Eas[AERp(A)] < Easléorr] +2 Y piBashil + 35 D pillwle™ —wl|?, (1)
i€[m] i€[m]

E (& A gobal) (2 s
E 4s[IER;(A)] < A’S;OPT] +2Easil + SEas|@EY —w|? Vie m). (22)

Proof The proof of (21) is based on the following basic inequality for the AER:

Z Di (Li(ﬁ)(i)’ S;) + g”w(global) _ ﬁ,(i)||2> < Z s (Li(wiz)’ S;) + gng%lgbal) _ ,wiz)HQ)7
i€[m] i€[m]

(23)
whereas the proof of (22) is based on the following basic inequality for the IER: for any
s € [m], we have

~ (7 Al oba. ~ (%
> (L@, 50 + Glat - a0 )

i€[m]
s A -~ (globa s -~ (7 A - (globa ~ (7
< peLa(wl?, 50) + SR —wl P+ Y py (Li<w< 8+ SllwEe — W).
i#£s
(24)
We refer the readers to Appendix C.2 for details. [ |

Note that both bounds in Proposition 10 involve a term that scales linearly with both
A and the heterogeneity measure. In general, we expect the stability measures to scale
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inversely with A, and thus opening the possibility of carefully choosing A to balance the
stability term and the heterogeneity term.

Let us observe that the heterogeneity term of (22) is slightly different than that of (21),
in that it involves the estimated global model @®°"*). This suggests that achieving the
IER guarantees might be intrinsically more difficult than achieving the AER guarantees.

In view of Proposition 10, we are left to bound the optimization error and the federated
stability of FEDPROX. As discussed above, achieving the AER and IER guarantees requires
somewhat different assumptions, as the latter involves characterizing the performance of the

global model. So we split our discussion into two parts below.

Bounding the average excess error. The following theorem characterize the performance of
FEDPROX in terms of the AER.

Theorem 11 (AER guarantees for FEDPROX) Let Assumptions A and B(a) hold, and
assume n; > 46/ for all i € [m]. Choose the weight vector p such that

Pmax Eie[m] pi/ni
SiepmPi/ni —

for some constant Cp,, where pmax = max; p;. Consider the FEDPROX algorithm, App, with
the following hyperparameter configuration:

(25)

1. In the joint training stage (i.e., 0 <t <T —1), set

(i) 1 (global)  2(pt+ A) )
- @ =— - K 1> 1 2
T > CoA(AV D)ml|p||? - < Z pi/nd TV OV 1 max]>.

2. In the final training stage (i.e., t =T), set
i 1
77(%) _
PR (u+ Nk +1)

KT > Cg A+ 1 < Z pl/nl maX(pini)2]>7

ielm] 1€[m]

(27)

where C, Ca, Cs are constants depending only on (u, 3, ||€]|sc, D). Then, there exists a choice
of X such that

EAFP,S [AERP (AFP)}

< <1Au0p N (1\/Cp)6|€||oo> KR D Zi) A (Z ZZ) iy 2:1 (28)

H 1€[m] 1€[m)|

Proof See Appendix C.3. [ ]
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A few remarks are in order. First, (25) essentially says that the weight p cannot be
too imbalanced, and too much imbalance in p can hurt the performance in view of the
multiplicative factor of Cp in our bound (28). If we set p; = 1/m, then Cp is naturally of
constant order; whereas if we set p; = n;/N, we have Cp < mnyax/N, where npax = max; n;,
which calls for relative balance of the sample sizes.

We then briefly comment on the hyperparameter choice in the above theorem. The step
sizes are of the form 1/(strongly convex constant X iteration counter), and such a choice is
common in strongly convex stochastic optimization problems (see, e.g., Rakhlin et al. 2011;
Shamir and Zhang 2013). Such a choice, along with the smoothness of the problem, is also
the key for us to by-pass the need of doing any time-averaging operation, as is done in, for
example, Dinh et al. (2020).

In Theorem 11, the choice of the communication rounds 7" and the final local training
round K7 both scale polynomially with A, which means that the optimization convergence
of FEDPROX is slower when the data are less heterogeneous. This phenomenon happens
more generally. For example, in Hanzely and Richtéarik (2020), they proposed a variant of
SGD that optimizes (20) with p; = 1/m in O(% log 1/5)-many iterations, where L is the
Lipschitz constant of the loss function and ¢ is the desired accuracy level.

The constants C7, Cq, Cs in the statement of Theorem 11 can be explicitly traced in our
proof. We remark that the dependence on problem-specific constants (i, 3, ||¢||~, D) in our
hyperparameter choice and on A may not be tight. A tight analysis of the optimization error
is interesting, but less relevant for our purpose of understanding the sample complexity. So
we defer such an analysis to future work?.

Bounding individualized excess errors. The following theorem gives the IER guarantees for
FEDPROX.

Theorem 12 (IER guarantees for FEDPROX) Let Assumptions A and B(b) hold. Moreover,
assume that n; < ny for any i # i € [m] and n; > 483 /u Vi € [m]. Let the weight vector be
chosen as p; < 1/m Vi € [m]. Consider the FEDPROX algorithm, App, with the following
hyperparameter configuration.:

1. In the joint training stage (i.e., 0 <t < T —1), set nii,i,nt(gbbal),[(t as in (26), and

set

T > COA(AV 1) maxn; - (pil VAV 1)ni]>;

1€[m)|

2. In the final training stage (i.e., t =T), set néf)k as in (27), and set

Kr > Ci(A 4 1)? max n; <pi_1 v )\2p?ni),

i€[m]

where C%, C4 are constants only depending on (, B, ||¢|lec, D). Then, there exists a choice
of A such that for any i € [m], we have

2132 2 2
Eapp,s[TER; (Arp)] < [(/‘+N_1)<m|€”oo+a b +,U§ to )+,LLD2] ( R A1'+\/m>‘

2. The theories developed by Hanzely et al. (2020) can be useful for such an analysis.
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Proof See Appendix C.4. [ |

Compared to Theorem 11, the above theorem imposes extra assumptions that the sample
sizes are relative balanced and that p; < 1/m, both of which are due to the fact that we need
to additionally take care of the estimation error of the global model. The hyperparameter
choice slightly differs from that in Theorem 11 for the same reason. In practice, when
one is to use FEDPROX to optimize highly non-convex functions like the loss function of
deep neural networks, instead of sticking to the choices made in Theorems 11 and 12, the
hyperparameters are usually tuned by trial-and-error for best test performance.

Comparison with the lower bounds. In order to comment about the optimality /suboptimality
of FEDPROX, let us restrict to the case when p; = n;/N. In this case, the bound in Theorem
11 becomes

Bllel 1 R 1
Eapp,s[AERp (Arp)] S (,u + p > . <N/m A Njm + N) (30)

Recall the lower bound in (16). Focusing on the dependence of sample sizes and heterogeneity
measure, we have the following three cases. If R? > m/N, then (30) becomes O(m/N),
which matches the lower bound. Meanwhile, if 1/mN < R? < m/N, then (30) becomes
O(m/N), whereas the lower bound reads Q(R? + 1/N), and thus (30) is suboptimal unless
R%? < m/N. Moreover, if R?> < 1/mN, then (30) becomes O(1/N), and is minimax optimal
again.

A similar trilogy holds for IER of FEDPrROX. Comparing the upper bound in (29) and
the lower bound in (17), we still have three cases as follows. If R? > m/N, then (29) is
O(1/n;), which agrees with the lower bound. Meanwhile, if 1/N < R? < m/N, then (29) is
O(R//ni), and is suboptimal compared to the Q(R?+1/N) lower bound unless R? < m/N.
Moreover, if R? < 1/N, then (29) is O(y/m/N), and is off by a factor of order /m compared
to the Q(1/N) lower bound.

While the bounds in Theorems 11 and 12 in general do not attain the lower bounds in
Corollary 9, they are still non-trivial in the sense that they scale with the heterogeneity
measure R. While there are some recent works establishing the AER guarantees for an
objective similar to (20) under the online learning setup (see, e.g., Denevi et al. 2019; Balcan
et al. 2019; Khodak et al. 2019), to the best of our knowledge, Theorems 11 and 12 are the
first to establish both the AER and IER guarantees for (20) under the federated learning
setup.

Curious readers may wonder if the suboptimality of the theoretical guarantees for FEDPROX
(with non-zero \A) is a characteristic of this algorithm or if it is due to the artifact of our
technical proof. To answer this question, we conduct a simulation where we apply FEDPROX
with different As on datasets generated by federated logistic regression (see Appendix D for
details). The accuracies versus different values of R is shown in the right panel of Figure
1. As expected by our theory, the performance of FEDPROX with A = 0 mimics that of
PURELOCALTRAINING, whereas the performance with A = 4 resembles that of FEDAvVG.
Interestingly, FEDPROX with A = 0.44 bears a similar performance with the FEDAvVG
followed by fine tuning strategy, which we know is minimax optimal. This observation
supports the conjecture that optimally tuned FEDPROX is indeed minimax optimal, and

21



CHEN, ZHENG, LONG AND SU

the suboptimality of bounds from Theorems 11 and 12 are likely to be a consequence of the
artifact of our theoretical analysis.

4. Discussion

This paper studies the statistical properties of personalized federated learning. Focusing
on strongly-convex, smooth, and bounded empirical risk minimization problems, we have
uncovered an intriguing phenomenon that given a specific level of heterogeneity, exactly one
of FEDAVG or PURELOCALTRAINING is minimax optimal. In the course of proving this
result, we obtained a novel analysis of FEDPROX and introduced a new notion of algorithmic
stability termed federated stability, which is possibly of independent interest for analyzing
generalization properties in the context of federated learning.

We close this paper by mentioning several open problems.

e Dependence on problem-specific parameters. This paper focuses on the dependence on
the sample sizes, and in our bounds, the dependence on problem-specific parameters
(e.g., the smoothness and strong convexity constants) may not be optimal. This can
be problematic if those parameters are not of constant order, and it will be interesting
to give a refined analysis that gives optimal dependence on those parameters.

o A refined analysis of FEDPROX. The upper bounds we develop for FEDPROX, as we
have mentioned, do not match our minimax lower bounds. According to a simulated
example, we suspect that this is an artifact of our analysis and a refined analysis of
FEDPROX would be a welcome advance.

o FEstimation of the level of heterogeneity and development of adaptive algorithms. For
unsupervised problems where evaluation of a model is difficult, implementation of
the oracle dichotomous strategy described in Section 3.3 would require estimating
the level of heterogeneity R. Even for supervised problems, estimation of R would
be interesting, as it allows one to decide which algorithm to choose without model
training. More generally, developing adaptive algorithms that attains the lower bound
without prior information of R is an important open problem.

e Beyond the current heterogeneity assumption. As discussed in Section 3.3, our theoretical
results may not hold globally when one moves from Assumption B to more general
heterogeneity assumptions. Establishing the minimax rates and designing provably
optimal algorithms under those assumptions are of both theoretical and practical
interest.

e Beyond convexity. Our analysis is heavily contingent upon the strong convexity of
the loss function, which, to the best of our knowledge, is not easily generalizable to
the non-convex case. Meanwhile, our notion of heterogeneity, which is based on the
distance of optimal local models to the convex combination of them, may not be
natural for non-convex problems. It is of interest, albeit difficult, to have a theoretical
investigation of personalized federated learning for non-convex problems.
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A. Proof of Theorem 8: Lower Bounds
()

We start by presenting a lower bound when all w,”’’s are the same.

Lemma 13 (Lower bound under homogeneity) Consider the logistic regression model

with w') = wg,gbbal) for any i € [m]. Then

. . (global (global) ;2 —~ d
(1{1f sup Eglw®°P) — ot N2 > N
@ (elobal) w(global)
P

Proof This is a classical result. See, e.g., Example 8.4 of Duchi (2019). |

Proof [Proof of (14)] We first give a lower bound based on the observation that the
homogeneous case is in fact included in the parameter space Pi. More explicitly, let us
define Py = {{'w,(f)} ePw = wg,gk)bal) Vi € [m]}. By Lemma 13, we have
inf  sup Z piEs||w® — 'w,(j)H2 > inf  sup Z piEs|w® — 'w,(f)H2
@9} (w}ePr icfm) (@} () ePy iefm)
global) wg)glObal) ”2

= inf sup Eg|@
,l/l\}(global) w;global)

d
> 1
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We now use a variant of Assouad’s method (Assouad, 1983) that allows us to tackle
multiple datasets. Consider the following data generating process: nature generates V. =

{v@ i e [m]} iid. from the uniform distribution on V = {£1}¢ and sets w) = 50 for
some ¢; such that the following constraint is satisfied:

i lobal
S pillwd —wFEP R =3 p

i€[m] i€[m]

2
< R%. (32)

67,'0(1) - Z ps5sv(s)

s€[m]

We will specify the choice of 4;’s later. Denoting Ex as the marginal expectation operator
with respect to all the features {wy)} and Ey|x as the conditional expectation operator

with respect to {yji)}|{:1:§li)}7 we can lower bound the minimax risk by the Bayes risk as
follows:

inf  sup Z piIESva(i) — w,(f)H2

@Y} {wP)eP iefm]

> inf Egay Y pis|@® — 002

{@} icm]
= inf piEV,S (51’/0\(1) — (51’0(2) 2
>Ex Z pid; A(i})lf EV,YlXH;‘}(i) — o2
i€[m] vey
>Ex > pid; Y b By, X (@B — 32
ie[m] keld) Ok €1£1}
ie[m] keld) Ok E1EL}
1 . ~(i ~(i
= 5Ex > pisd > A(i)mf <Pi,+k("’](€) =-1)+ Pz‘,—k(v](g) = +1)>a
ic[m) ke[d) Or 1FL}

where in the last line, we have let P; 14(-) = IP’V,y|X(-|v,(;) = +1) to denote the probability

measure with respect to the randomness in (V', S) conditional on the features {ccgl)} as well

as the realization of v,(f) = £1. More explicitly, we can write

Bk @ 0@ O Egyope oo a1z, ) @\ oo —e1 © F 0y o0 of =210y,
SF1
~ 9(m—1)d+d—1 Z Vi ks
V\{v'}

where the ® symbol stands for taking the product of two measures and Py ; +1 corresponds

to the law of all the labels Y conditional on a specific realization of {V : 'vl(f) = £1} and

the features X. With the current notations and letting ||P — Q|lpy be the total variation
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distance between two probability measures P and Q, we can invoke Neyman-Pearson lemma
to get

inf  sup Y pEs|@® w22 Ex 3 pi? T (1 Bas —R,_km)

@D} ()P ichm ictm]  keld
=d Z pid; —Ex Z pid; Z IPi+k — Pi—kllTv-
i€[m] i€[m] keld]
(33)

We then proceed by

> pidd Y Pigk = Pikllrv

i€[m] keld]
1/2
< Z p162f< Z P4k — i,—k||"2FV>
keld]
) 1 2\ 1/2
= Z piéi\/g< Z Sm-Ddrd—1 Z Pvite —Pvi—k >
i€[m] keld] V(o)) ™
, 1 L\ 2
= > pi5¢\/g< > Sm—Ddrd—1 > Pyt —PV,i,—kHTV> ;
i€[m] keld] V\{vl(ci)}

where the last inequality is by convexity of the total variation distance. Note that Py ; 14
is the product of biased Rademacher random variables: if we let Rad(p) be the +1-valued
random variable with positive probability p, we can write

Pvi+r = ® ® Rad( 1 ), ’US) = +1.

s€[m] j€[ns] 1+ exp{—d5(v(s), w§5)>}

Thus, by Pinsker’s inequality, we have

IPviik — Pvi—illTv

1
< *DJS(PVZ’—&—kHPVi—k)

5y Y o+g ZDJs[Rad< o2l >H ad( : o), “’}ﬂ’

571 jE€[ns] jE[n ] 1+ eXp{ (5 <’U(’L>7 1+ exp{_5i</v( w]

where Djs(P||Q) = DKL(P”Q);DKL(Q”P) is the Jensen—Shannon divergence between P and
Q, and v, 9 are two V-valued vectors that only differs in the k-th coordinate. By a
standard calculation, one finds that

1 1 (1) _ 5032002
DJS[Rad< >H ad< — ﬂ < 62 (v ()
1+ exp{—0; <’U(Z), ) 1+ exp{—06;(8", wﬁl)} o

= 403 (z))”.
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This gives
IPv ik — Pyiklliy <267 ) (x (Z)) < 207 c%n;.
Jj€lnl
and hence

> piod Y Pk = Pikllry < V2ex Y pisidn)’?.

i€[m] ke[d] i€[m]

Plugging the above display to (33) gives

wf s 3 sl — ol 2 a( 3 pa? - Vaex Y notvi)

(@} {w}eP jepm) icm] i€[m]

(34)

To this end, all that is left is to choose §; approriately so that (1) the above display is as

tight as possible; (2) (32) is satisfied. We consider the following two cases:

1. Assume R? > dY icm
(32) to be

d Z piof = I 3 pioww|* < 2.

[m] i€[m]

1pi/ni = dm/N. Note that we can re-write the requirement

Under the current assumption, this requirement will be satisfied if we choose §; =
¢/\/n; for any ¢ < 1. Under such a choice, the right-hand side of (34) becomes

CQ%(C —V2¢x). Thus, by setting ¢ = 2v/2cx, we get the following lower bound:

d
inf  sup Z piEs|@w® — wl|? >
{{Z,(l)} {w Z)}EP icm] N/m

2. Assume R? < dZie[m] pi/n; = dm/N. Note that if we set §; = § = cR/v/d where

¢ <1, (32) reads
2R2 o || Z piéiv(l)H2 < ‘RZ7

1€[m]

which trivially holds. Now, the right-hand side of (34) becomes

C2R2(1 — \@CCX Z szm/\/g)

i€[m]
Since p; = n;/N and n; < N/m, our assumption on R gives

\[chZp,R\/E/\/g Z . mj\rflizl.

1€[m]

This means that we can choose ¢ to be a small constant such that the following lower

bound holds: ‘
inf  sup zplzﬁzsuw ~wl|? 2 B2
@} (w}eP icim]
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Summarizing the above two cases, we arrive at

; d
inf  sup piEs|w® (Z)H2 > _—— ARZ
(@ z)} {’w(l)}G'P ZGZ N/
Combining the above bound with (31), we get
d d
inf  sup piEs|l@w® )H2 2 AR+ —
(B9} (p)yep Zgn] N/m N’
which is the desired result. |

Proof [Proof of (15)] The proof is similar to the proof of (16), and we only provide a sketch
here. Without loss of generality we consider the first client. By the same arguments as in
the proof of (16), the left-hand side of (15) is lower bounded by a constant multiple of d/N.
Now, by considering the same prior distribution on P as in the proof of (16), we get

inf sup Eglw® —wl|? > d6?(1 — 61y/n),
W) (o)} eP

where the §;’s should obey the following inequality:

160 — > pdsv®|? < R

s€[m)]

Choosing §; < 1//n; when R > dm/N and §; < R/V/d otherwise, we arrive at

d
inf sup Egllo) —wi|? 2 — AR,
w®) {w(z)}erp ni
and the proof is concluded. |

B. Optimization Convergence of FEDPROX

This section concerns the optimization convergence of FEDPROX. We first introduce some

notations. Let 'wgll)g be the output of k-th step of Algorithm 2 when the initial local model

is given by 'wgi) = 'w;% = 'wi )1 K let It(tlz be the corresponding minibatch taken, and

(global)

denote the initial global model by w, . Let F; 1 be the sigma algebra generated by the

)

randomness by Algorithm 2 up to 'wgil)c, namely the randomness in {CT, {I(l 11 €Cr,0 <

t—1
| < K.-1} ; Ci, and {1 Z 14 € C,0 <1 < k—1}. For notational convenience we let

Cr = [m] (i.e., i all clients are 1nvolved in local training in Stage II of Algorithm 2). Then
the sequence {w ) k} is adapted to the following filtration:

FooCFo1 S CFok CF10CF11C--CFKCCFrk.

28



MINIMAX ESTIMATION FOR PERSONALIZED FEDERATED LEARNING

We write the optimization problem (20) as

min Z piFy (w2 g0y (35)

w/(global) EW

where

E(w(global)’si) — min {Ll(’w(l)751) + éHw global) z)||2} (36)
w®Hew 2

To simplify notations, we introduce the proximal opertor

ProxLi/A(w(gIObal)) = ProxLi/A('w(glObal), Si) = argmin, ;) cyy {Li(w(i), SZ-)—F%Hw(glObal)—w

(37)
The high-level idea of this proof is to regard A~ ¢, (w; (global) _ wgl) /Bglobal) g 5

biased stochastic gradient of 1 - Zie[m] Fi(wgglobal), S;). This idea has appeared in various
places (see, e.g., the proof of Proposition 5 in Denevi et al. (2019) and the proof of Theorem
1 in Dinh et al. (2020)). However, the implementation of this idea in our case is more
complicated than the above mentioned works in that (1) we are not in an online learning
setup (compared to Denevi et al. (2019)); (2) we don’t need to assume all clients are training
at every round (compared to Dinh et al. (2020)); and (3) we use local SGD for the inner loop
(instead of assuming the inner loop can be solved with arbitrary precision as assumed in
Dinh et al. (2020)), so the gradient norm depends on A, and could in principle be arbitrarily
large, which causes extra complications.

Lemma 14 (Convergence of the inner loop) Let Assumption A(a, b) holds. Choose

ngli = m Then for any k > 0, we have
2712
(4) (global)y 112 . 86°D
E ||wt’k — PI'OXLZ./ (wt )H ‘quo, S Ct:| S m
Proof See Appendix B.1. |

Lemma 15 (Convergence of the outer loop) Let the assumptions in Lemma 14 hold.

lobal A
Choose ngg ) = /\ZP(L‘(L:__H))

and assume

(47 + 20)\2 32 D?
12(82D2 A 2X||0]| o A N2D2)

K.+1> Vo< r<t—1. (38)

Then for any t > 0, we have

(global) _ (gmmnﬁ<:1%A4-MVWMPH%52D2A2AHﬂBoAA2D%

AN2p?(t+1) ’ (39)

]EAFPH
where the expectation is taken over the randomness in Algorithm 2.
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Proof See Appendix B.2. |

Proposition 16 (Optimization error of App) Under the assumptions of Lemma 14 and
15, for any dataset S ~ @), Dl@"", we have

AB+N)BD*  6(A+ p)’m|p[*(8°D? A 2||¢]| A N*D?)
p?(Kr +1) A (t+1)

E.AFP [EOPT] S

Proof By definition we have

i A lobal
B are £or1] = Baee | 3 (wa%l, 50+ STl — wlfl, ) - T pE(@.S)
pi(B+ A lobal)
Z 2) By [|w T+1 — Proxp, /A( (g )H2
1€[m)|
LB { S piF (), Z pi Fy(apEioba) Si):|
i€[m]
; M + AE H (global) (global)HQ
(KT + 1) App
4(5 +N)BZD?  6(A + p)*ml|p[*(6°D? A 2M[|€]|x A N*D?)
W2 (RKr + 1) AT T) '

where (a) is by smoothness of L;, (b) is by Lemma 14 and A-smoothness of }_,. 1 piFi
(which holds by Lemma 17), and (c) is by Lemma 15. [ |

B.1 Proof of Lemma 14: Convergence of the Inner Loop

The proof is an adaptation of the proof of Lemma 1 in Rakhlin et al. (2011). However,
we need to deal with the extra complication that the hyperparameter A\ can in principle be
arbitrarily large. We start by noting that

||wt k1 PrOXL ('U) glObal))HQ
(@) 2
i M ke i) @ i lobal Jobal
= PW l:wg,])f B(Z) Z <V€(w1(f,]2;7 Z§ )) + )\(wl(f,l)e — wgg ))):| _ PrOXLi/)\(wgg o )> ‘
a&i
) 77,51,1 (@) (i) 0 (lobal) (atoba ||
< ek~ B 2 <W<w£kazj’ )+ Awg — w0 )) ~ Proxy,  (wfF )H

lobal
)~ Proxg, ()2 \ Tuk
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7 oba. 77 3 K3 oba.
- 2<w,(5’l)C Proxp, /»(w; (glob l)), B(f) Z (Vﬁ(wi,)f, j()) + AMw (,) w§gl b 1))>>a

jer(?)
where the inequality is because Proxp, A(wggbbal)) € W and Pyy is non-expansive. Now by
strong convexity and unbiasedness of the stochastic gradients, we have

7 oba, 1 7 4 7 oba .
EK'wgi - P1roxLi/,\('w§g1 b l)), 0 Z (Vﬁ( E,)C, ]( )) + )\('w'i,)ﬂ - wggl b l))>> ‘ Fikst € Ct:|
el

) A i oba
> (Ll 5+ ol - w0

lobal A lobal lobal
- (prroxL A (wi), 57) 4 Z[Proxy  (wiE ™) — wiE "”H?)

1 An ; lobal
t3 <Mi + mni> ngfl)c - ProxLi/A(wggO a))||2

> (14 Nllwl) — Proxp,  (w#")|2.

:
— (n(2 ni/BY — 1
= (nt7k) |: nz(nz — 1) Z

J€[ni]

1
+!

n;
J€[ni]

i ni/BW —1 A\ lobal
§2(n§,2)262D2~M+(6+m ) i) = Proxp (w1,

where in the second line we let Vﬁ(wifz, z.(i)) = e Vﬁ(wif,)g, zj(l))/nz, and in the last
line is by the S-smoothness of £(-, z). Thus, we get

lobal
(w12

E {ngl)gﬂ — Proxp, /5 Fik,t € Ct]

)

< [1—2n§f,1<u+x> +(77§2)2(5+A)2]Ilwf — Prox, /, (wi*")

ROEN <40>

+2(n))26°D
We then proceed by induction. Note that if &+ 1 < 85" then we have the following trivial
bound:
832 D?

(global)y |12
(wt )H ug(k+1)7

(41)

E [ngf,l — Prox, ) Firosi € ct} <D<
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where the first inequality is by wy,l, Proxz,, )\(w,ggbbal)) € W and the second inequality is

by our assumption on k. Thus, it suffices to show

832 D2

(global) 12
(w0 < e

(42)

[Hwt a1 — Proxp s (w Fi0,% € Ct]

based on the inductive hypothesis (41) and k + 1 > 832/u%. By the recursive relationship
(40) and taking expectation, we have

7 lobal
E [nwﬁ,,iH _ Proxy, (w®) 2

]:t,o,i S Ct:|

. . 832 D2 ni/B(i) -1
< [1—2nf,£(u+k)+(n§,i)2<ﬁ+>\> } T D S
Hence (42) is satisfied if
(@) ()2
1 1 2n (m;2)° n;/B®
212 . . t,k . t,k 2 2 7
86°D [k+2 PR R A Gl e (5“)] 2(0;)*8° D" (n,—1) '
By our choice of 77t(,i117 the above display is equivalent to
2 212 /@) _

SBQDQ-[— 1 n 2 B 1 (5—1—)\)}2 28°D 'nZ/B

(k+1)(k+2) (E+1)2 (E+1)2\u+A (u+N)2(k+1)2 n; —1

which is further equivalent to

2 2712 R@E) _
k+2 E4+1\p+ A (4 A)? n; — 1

1 (B+2)° _1

E4+1\p+X) — 2
Indeed, since k + 1 > 88%/u?, (1) if A < 3, then the left-hand side above is less than
i < L. and (2) if A > B, the left-hand side above is less than 2= < o1 By the

WZ(k+1) > 20 k+1 = 282 = 2
above claim, (42) would hold if

We now claim that

282D% n;/B® —
(M + )\)2 n; — 1

48°D? >

212

We finish the proof by noting that the right-hand side above is bounded above by 28

B.2 Proof of Lemma 15: Convergence of the Outer Loop

By construction we have

”wgglobal) . ﬁ)(global) H2
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lobal
_ [P b _ 0
~ || B(lobal) i\ Wy — Wi
1€Ct
. H (global) ~(global)H2 + )‘Tnnt(gl()bal)z ( (global) (7,) )
- 11 w Blalobal) i(w; Wiy
1€Cy
(global)
lobal)  ~ (slobal) M) lobal ;
—2<w§go el a)am pi(wEgO a)—w§21)>
1€Cy
< (global) _ - (global) 2 _ o/, (global) _ (global) )\mm(gbbal global _p (global)
- Hwt W H N Wy global sz rOXLi/)\(wt )
1€Cy
I
A B lobal lobal) \ ||
a8 — P, s
1€Ct
I
)\mn(global) . 9
A 5 (o, ) -
i€Cy
Rl
(global) _ = (global) Amp P (global) (i)
-2 ’th ,szl PI‘OXLi//\(wt ) _wt+1 .
1€Ct
v
global) (global)

We first consider Term I. Note that % > ice, pi(wg — Proxp, /x(w; )) is an
unbiased stochastic gradient of ), p;Fj, which is up = Au/(A + p)-strongly convex. Thus,
we have

Bl | Five ] = 2n§g‘°ba”<w£gl°b“> — @EPD 3V (wfE), si>>

1€[m)]

(global) ~ (global) (|2
— |12,

lobal
> 2 1 p [

Now for Term II, we have
B[ Fio1 k-]

lobal lobal
<207 B [( @ Zmpz) !ft_l,m_l]‘maxuvmwﬁg AT

icC, i1€[m]

lobal
< 2(77§g0 )) [( (global) g mpz) | ]:t_17Kt1] -g%-(ﬁzDQ A 24| s A X2D?)
1€Ct

oba. 1
< 2(nEeP2. (m S (mpi— 1)+ 1) - (B°D* A 2)||][o0 A N*D?)

1€[m]

lobal)
= 2(n " 2m|p||2(8*D? A 22 [[¢]l o A N2D?),
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where the second line is by Lemma 18 and the third line is by Lemma 19. For Term III, we
invoke Lemma 14 to get

212
2/ (global)\2 SB D
BT | Fiorn] S 20000507 s B global) ;ec mp; |]:t—1,Kt_1

lobal
_ 1632 ()22 D%
- 2 (K +1) ’

where the last line is again by Lemma 19. For Term IV, we invoke Young’s inequality for
products to get

E[-IV | Fio1,r0, 4]

. II1
< " ) a0 — D2 4 () E[

]:t_vit1:|

IN

2(,,(global)\2 52 9o 2
(global) (global) _ ~ (global)(2 | (. (global) _1 8A*(1m )“B=D*m||p|
(7 pr)||lw; w 1%+ (g [F) 12K, 1+ 1)

Summarizing the above bounds on the four terms, we arrive at

(global)  ~
Bl - 2@ | 7y,
< (1= ) o — @b |2 4 g (pE)2py  p2(52 D2 A 2X[|€]| 0 A A D?)
\%
lobal
NP0 mllpl? (o, 8
Q(K + 1) (global)
PR O HF
VI
We claim that VI < V. Indeed, with our choice of nggbbal) = m, with some algebra,
one recognizes that this claim is equivalent to
20 44t 2|14| o >
= <= A ,
A = (%" e
which is exactly (38). Thus, we have
E| ™ - 0@ | 7y,
<(1- (glObal)'uF)H,wggIObﬂl) _ {p(global) ”2 +3.V
— _ ” global) _,aj(global)HQ + 12meH2(52D2 /\2/\H£HOO/\/\2D2). (43)
t+1 p(t 4 1)2

We then proceed by induction. For the base case, we invoke the strong convexity of » . p; F;
and Lemma 18 to get

13 ?
PR Hw(()gh)bal) _ qp(global) ||2 < VFi(w (glObal) .S;)

< B2D? A 2)\||0)|oe A AZD2.
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Along with the fact that 1 = (3¢ pi)? < m||p||?, we conclude that (15) is true for ¢ = 0.
Now assume (39) hold for any 0 < t < 7. Fort = 7+ 1, using (43) and the inductive
hypothesis, we have

Ea,p ||w (global) dEobal 2 < (1 _ 2\ 12m]|p||2(B2D? A 2\||€)|co A A2D?)
el Wriq - T+1 (T+1)N%‘
12m||p||*(82D? A 2[|€]| o0 A X2D?)
+ 1 2,,2
(7—"' ) Hr
11 12m||p||(8% D2 A 2A|[£]| 00 A A2D?)
T+1 (741)2 12,
12m||p||2(82D? A 2||[€]loe A X2D?)
(T + 2

)

which is the desired result.

B.3 Auxiliary lemmas

Lemma 17 (Convexity and smoothness F;) Under Assumption A(b), each F; is \-smooth
and “ 5 -strongly convez.

Proof The smoothness is a standard fact about the Moreau envelope. The strongly convex
constant of F; follows from Theorem 2.2 of Lemaréchal and Sagastizabal (1997). [ |

Lemma 18 (A priori gradient norm bound) Under Assumption A(a, b), for any w €
W and i € [m], we have

|V Fi(w, S;)||* < B2D? A 2)||€]|so A N2D?.

Proof Since VFj(w,S;) = Aw — Proxg,/\(w)), its norm is trivially bounded by AD.
Now, since Proxy, /(w) achieves a lower objective value than w for the objective function
Li(, i) + 3|lw — -||%, we have

A
5w = Proxp s (w)|* < Li(w, $;) = Li(Proxy, /s (w), 8) < [[£]lec,

and hence ||V F;(w, S;)||?> < 2\||¢||co. Finally, by the first-order condition, we have
VL;(Proxp, /\(w), S;) + A(Proxg, /»(w) — w) = 0.
Hence, we get ||V F;(w, S;)|| = ||VL¢(Pr0XLi/,\(w),Si)H < BD. [ ]

Lemma 19 (Variance of minibatch sampling) Let B C [n] be a randomly sampled batch
with batch size B and let {x;}7_, C RY be an arbitrary set of vectors, then

n/B
EBH*Z%\P Z e — 2 + [l2]* < ~ Z lzi — 21 + |21,
1€

i€eB ze[n]

where & 1=} e, Ti/n.
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Proof Since Eg ), gzi/B = T, we have

1 1 ) _
Esll 5 > @il =Esll5 Yo — z)* + |2

i€B i€B
= BQ< Z 1{i € B}||z; — z||* + 22]1{2,] € By (z; —z,2; — x)) + ||z||?
ze[n] 1<j
B 2B(B B _ _
B e+ 2B S 20y 3)) 2,
n(n—1) <
ze[n] 1<)

where the last line is by Pg(i € B) = B/n and Pg(i,j € B) = B(B—1)n"'(n— 1)~ for any
i # j. Now, since } ;cp, [l — z||? + 2> (wi — 2,25 — ) = 0, we arrive at

1 1 (B BB-1) i
Frll— 2+ (b _bb—-1) a2 2
sl Dol (%~ S Sl el + e
n/B
= 2B S s — ol + el

16 [n]

which is the desired result. [ |

C. Proofs of Upper Bounds

C.1 Proof of Theorem 6

global) (global,p)

In this proof, we let @' be the global minimizer of (8) and we write wayg

( global)
Wp

when there is no ambiguity.
Proof [Proof of (9)] We have

Z pz z global )’ Sz) + Z piLi(ﬁJ(global) (S), Sz)

i€[m] i€[m]
< - Z pz z global Z pz )7 S
ic[m] i€[m]

_ Z pz Z (f /\(global S\(z,g)) ()) g( i),Z](Z))>

ictm] " jeln)

+ Z Pi Z < (global) S\( ,y)) ZJ(Z)) f(@(gIObal)(S),Z](.i))),
€] } ' je [n4]
where S§\(") stands for the dataset formed by replacing zj(-i) by another zl’-J» ~ D;, which is
independent of everything else. Taking expectation in both sides, we get

0<- Z Di ES,ZVVD@' [E(@(gbbal)(s)v ZZ') - Z(Iwil)a ZZ)]

1€[m]
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+ Z Pi Z E57 Zj /\(global) (S\(Z,J))’Z](l)) _ é(,&\](global) (S),Z](Z))]

i€ } " jelni)
== 3 pi Bs 2 [(@F(S), 2) — (!, 7))
i€[m]
> pi-Ezep, e(w, Z;) — t(wl", Z,)]
€[m]

T30 By @Y (8\0) ) —e(@ e (), ).

n; .
i€[m]  j€[ng]

Noting that 'w,(f) is the argmin of Ez,.p, [¢(-, Z;)] and invoking the S-smoothness assumption,
we get

Es[AER( (global))]
7 pz ~ (globa. A ~ (globa. i
<B Y pllwl —wl P+ 3 2N B [(@E(S\0D), 27) — (@ EPN(8), )

i€[m] le[m] ]G[nz]
< 25|Iw£1) _ ,wl(Dglobal)Hz 428 Z pin* _ ,w;global)H
i€[m]
P A( lobal) , (4) ~ (global) (i)
+ Z S B [(@E (5\69), 20  g(aleiomh (s), -0
icfm] " jelni]

Taking a weighted average, we arrive at

[AER ( (global))]

2 pi ~ (global) ; (i)y _ p(=(global) (2)
< 4R + Z Y sy [(@E(8VE)) ) — p(w @b (s), 2] (44)
]

ze[m] ]E[nZ

To bound the second term in the right-hand side above, we bound the federated stability of
@w®#°Pa)  Without loss of generality we consider the first client. By u-strongly convexity of
Ly, for any j; € [n1] we have

HH@(global)(S) — gp(global) (G\(Lan)y||2
2

< Z pz( global)(S\( :Jl)) S) Li(ﬁ\](gIObaI)(S), Sz))

i€[m]

<ZP Li(@Eb) (G\1Li) 8 4 py Ll(@@lobal)(s\(l,jl))’5}j1)>
i#1

(sz ; global S) S ) +p1L1(A(global) (S), S}]1)>
1#£1

+ 1 <L1({I)(global)(5\(1,jl))7 S) — Ll(ﬁ](global)(S\(l,j1))7 Sl\j1)>

T <L1(@(g10bal)(8), S}jl) _ Ll(@(global)(s)7 Sl))
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<p <L1(7jl,(gl(>la‘cml)(S\(LJ&))7 Sy) — Ll(,&\)(global)(s\(l,jl))’ S}jl))
+p1 <L1(ﬁ;(g‘°bal)(5), SV _ Ly (@b (§), 81)>

_ %11 <€({b(global)(s\(l,j1))7Z](ll)) B f(@(global)(s)’zj(})))

" % (5(@(globa1)(s)7 Zi,jl) _ g(,&\)(global)(s\(l,jl))?Zi’jl)>7 (45)

where the second inequality is because @ &°°*) (§\(171)) minimizes L1 (-, S}j D42z L5 i)
By an identical argument as in the proof of Lemma 26, we have

~ (global 1,5 (1) ~ (global 1)
o(w o2 (S\( 91))’Zj1 ) — (w'® )(S),zjl )
< /2B||£||oo . ||,a\](globa1)(s) N ﬁ)(global)(s\(l,jl))n + guﬁ\](global)(s) - @(glObaI)(S\(17j1))||2
(46)

The same bound also holds for E(@(gIObal)(S),th) — E(ﬁ)(gbbal)(s\(l’ﬁ)),zim). Plugging

these two bounds to (45) and rearranging terms, we get

(“ _ 5]?1> ”{U(global)(s) _ @(global)(s\(l,jl))u < 2¢/28|/4| P
2 ni ny

Since ny > 40p1/p, we in fact have

I = (global) ( gy _ == (global) ( g\(Lj)y || < 2V 28[[¢lloo - P1
1w (8)—w (S )< —

Plugging the above display back to (46), we arrive at

My < 16WH00111<1 n 4/3101) < 325”£\|oop1’
pny pni

g(@(global)(s\(l,jl)) z(l))—ﬁ(f[)(gbbal)(S) .
%4y g

751

where the last inequality is again by ny1 > 48p1/u. The desired result follows by plugging
the above inequality back to (44). |

Proof [Proof of (10)] Without loss of generality we consider the first client. Since w is

the minimizer of Ez, p, (-, Z1), by S-smoothness we have

Egzy oy [((@E 7)) — 0w, 20)] S B By, [ @ — V)

<8 Bz |0 — | 1 pR2, (1)

where the last inequality is by Part (b) of Assumption B. By optimality of &P and the
strong convexity of L;’s, we have

< > pVL (W, 5), @ w%g“’ba”> + L@ — w2 < o,
1€[m]
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If @8loPal) _ wégbbal) = 0 then we are done. Otherwise, the above display gives

|| ~ (global) wI(DgIObal) ”

lobal
s—nzpm: SNCHI

i€[m]
< - 1 <‘ Z pZVL ’w* ) H + H Z pZ VL global) Sz) v (wiz),SZ))“>
i€[m] ic[m]
<21 nvn? )45 Y ol - o))
a 1€[m] icm]
< u(‘ 3 piVLi(w!, )HJFﬂR)
i€[m]

Thus, we get

A~ oba. 8
”w(global) _,wg)gl b 1)H2 < 2(” Z piVLi( ,w* : )H2 —|—,32R2>

1€[m]

Taking expectation with respect to the sample S at both sides, we have

_ (globa lobal 1 i i B*R?
Es[@® — wF@"|2 < ZEs|| 3 pi(VLiwl, 5;) — Es[VLi(w!, 5))) | + e
i€[m]
2 2 2 p2
Ly o
H i€[m] * H
Plugging the above inequality to (47) gives the desired result. |

C.2 Proof of Proposition 10
Proof |Proof of (21)] By the definitions of the AER and Eopr, we have

A ~ (global ~ (3 ~ (globa ~ (7
ABRy = Eopr+5 3 (10 (S) - ()| - @ (5) - 2 ()|
i€[m]

+ > p (Ezm (@9(S), )] ~ Li(@"(8). s»)

i€[m]

+ 3 n(L@(8),5) - B, i), 2] ).

1€[m]
By the basic inequality (23), we can bound the AER by

AER,,
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< EopT + 5 Z wF ™ — w2+ 37 pi( Bz, [0@7(S), Z)] - L@ (S), 5i)>

ze [m] i€[m]

+ Z pz< (w”,8;) — Bz, [e(wii),zi)]).

Now, invoking federated stability, we can further bound the AER by

ABR, < Sopr +5 O pillwf ™ —wl|? 42 Z pivi
ZE[ } }
+ Z Di - Z Ez/ ~D; [Ez ~D; [E(@(i)(S\(i:j)),Zi)} _ g(@(i)(s\(i,j))’z§i))
€[m] JE[nz]

+ Z pz< (w,$) —EZiNDi[e(wg),Zz‘)}),

©)

where S\(") is the dataset formed by replacing 2; with a new sample z| Nt and here we
are choosing zl’-7 ; to be an independent sample from D;. Note that the last two terms of the
above display have mean zero under the randomness of the algorithm A, the dataset S, and
{zi; i €[m],j € [ni]}. Thus, the desired result follows by taking expectation in both sides.
|

Proof [Proof of (22)] Without loss of generality we consider the first client. By definitions
of IER; and Eopr, we have

AL s
p1-IERy = Eopr + Y pl( (wD(S),8;) + §y\w<g1°bal>(5) - w@)(S)H?)
1€[m]
~ (3 A oba, ~ (7
- X w(L@(s).5) + 5180(s) - a5
1€[m]

+piEzp, [(@(S), 21) — t(wl), 21).
Invoking the basic inequality (24), with some algebra, we arrive at

p1 - 1IER,
< Eopr + B [@E4 (5) — w4 p, (Em @ (8). 21)] - Lu@(S), sl>>
a1 (Ll(fwi”, 1) - Bz [t 21)] ).
Now, invoking federated stability for the first client, we can bound its IER by
p1-IER; < Eopr + 222 H (D (§) — w2 + 2p1,

Z E, 4 i~D1 |:E21~D1 [f(@(l)(s\(ld))?Zl)] _ g(ﬁ)(l)(s\(l’]))’zﬁl))

JE [n1]

40



MINIMAX ESTIMATION FOR PERSONALIZED FEDERATED LEARNING

tm (Ll(wi”, S1) = Ez,op, [((w'V, Zﬁ]) :

)

where we recall that S\(1) is the dataset formed by replacing z; with a new sample Zi,j’
and here we are choosing zL ; to be an independent sample from D;. We finish the proof by
taking the expectation with respect to A, S, {z] ; : j € [n1]} at both sides. [ |

C.3 Proof of Theorem 11

In this proof, we let A = (w®°*) {@%®} be a generic algorithm that tries to minimize (20).
For notiontional simplicity, we use a, Sg by (resp. a, 2 by) to denote that a, < Cgby,
(resp. an > Cgby,) for large n, where C has explicit dependence on a parameter 3.

Recall that (ﬁi(gk’bal), {ﬂj(i)}) is the global minimizer of (20), and recall the notations in
(35)—(37). We start by bounding the federated stability of approximate minimizers of (20).
We need the following definition.

Definition 20 (Approximate minimizers) We say an algorithm A = (w&°*) {@(®)}ym)
produces an (g(&1°ba) {s(i)}’ln)—mz'mmz'zer of the objective function (20) on the dataset S if
the following two conditions hold:

1. there exist a positive constant e@°*a) sych that |12 — gplelobal) | < (global)

2. for anyi € [m], there exist a positive constant € such that ||'{I;(i)—ProxLi /A (w&PaD)|| <
el®),
The stability bound is as follows.

Proposition 21 (Federated stability of approximate minimizers) Let Assumption A(b)
holds, and consider an, algorithm A = (@®°*) {@D}ym) that produces an (e(&PaD {(D)ym).
minimizer of the objective function (20) on the dataset S. Assume in addition that

4
n>B A<t viem) (48)
I 1
Then A has federated stability
1 o0
< 1608l |
ni(p+ A)

where

+A 3\ ; B8+ A 16p; A\
Err; = 21/28]0] o0 4<g1°bal><5 > (z>( )]
e 1= 2380 |40 (222, ) o (| [O2 L0

+A 32 ' B+A  16pA\2
832 | 16(c(8lobal) 2(5 ) (i) 2( A i
+ﬂ[ (e ) u+A+# + (") M+>\+ .

is the error term due to not exactly minimizing the soft weight sharing objective (20).
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Proof See Appendix C.3.1. [ |

Taking the optimization error into account, we have the following result.

Proposition 22 (Federated stability of App) Let Assumption A(a, b) and (48) hold.
Run App with hyperparameters chosen as in Lemma 14 and 15. Then, as long as

T > C1- N2(AV 1)%m]|p||*n?, Kr > Cy- N2\ V1)%p2n? Vi € [m], (49)
the algorithm App have expected federated stability

Bl

E | <

where C1,Cy are two constants only depending on (u, B, ||¢||s, D), and C is an absolute
constant.

Proof By Proposition 21, it suffices to upper bound the error term Err; by a constant

multiple of n'B Llﬁl"j\). Invoking Lemma 15, we have

obal) )2 oba 12(\ + w)?m||p||2(B2D? A 2X|[€]| 0o A N2 D?
(Bt £ E])? < B g (800002 < LA 010 Liﬂm 1) el )

This gives

AV 1)?*m|p[*(LAXAN?) _ m|p|?
N(T + 1) STl

E rp [(6¥°")?] S8, l10.D) (50)

where we recall that a,, S(u,ﬁ,llulloo,D) b, means |a,| < Cb, for a constant C that only
depending on (i, 3, ||¢t]|oo, D), and the last inequality follows from (AV 1)2(1 A XA A2) < A2
regardless A > 1 or A < 1. Meanwhile, by Lemma 14, we have

i 2 i 862D2 1
(Eer ) < Bare B0 < ey S0 1

Recalling the definition of Err;, we have

E app [Err;]
S lllo0) AEagp [EEPD] + ADE 4 [6D] + NE 40 [(€8°P)2] + p2AZE 4, [(6@)]

< Avm|p| Api_ Xmlpl? PN
SwhleloeD) T T Ryl T+l o Kr+l

Thus, it suffices to require

VT R (B lulloe,D) AVMIP[IRi (1 + A), T Z (1,8, 1ll0, D) Nm||p|Pni(p + N,
VET Z(u8,lulloe.D) AP (11 + N), Kt 2 (0,8, ulls.D) PENI (14 N,

which is equivalent to

T 218, ulloe,0) Max{N*ml|p|*nf (A vV 1)%, Xm|[p[*ni(A V 1)} = Nml|p|[*nf (A v 1)
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KT 208, tlloo,0) max{Npin? (Vv 1)%, i Nni (v 1)} = N*pinf (A V 1)2,

which is exactly (49). |

Combining the above proposition with Proposition 10. we get the following result.

Proposition 23 (A-dependent bound on the AER) Let Assumption A(a, b) and (48)
hold. Run App with hyperparameters chosen as in Lemma 14 and 15. Then, as long as

T >Cy - AV Dmllpl?- <[ 3 pe/nd] TV AV 1)n?]),

s€[m)]

Kp>Cy-(A+1)%- <[ 3 ps/ns] TtV [A2p§n§]), (51)

sE€[m]

for any i € [m], the algorithm App satisfies

ﬁHEHOO bi A (global) (1) )12
EAFP,S[AERp(AFP)] <(C- PES ‘g] s + 9 g:]pi\lwp — Wy H ,

where C1,Cy are two constants only depending on (u, B, ||¢||s, D), and C is an absolute
constant.

Proof In view of Propositions 10 and 22, it suffices to set T, K1 such that (1) (49) i

satisfied; and (2) E 4, [opT] is upper bounded by a constant multiple of ’BHEHO" Zze (m] B
To achive the second goal, note that by Proposition 16, the optimization error is boundeld
by

AV1 o m|p|

Eare[€0Pt] SupilullD) 7 T 41 (52)

AQAV)m||p|? (AV1)2
Thus, it suffices to require T' 2, 8,(|ull00, D) e Pil e and K1 2 (..8,1lls0,D) e P
This requirement, combined with (49), is exactly (51). [ |

With the above proposition at hand, we are ready to give our proof of Theorem 11.
Proof [Proof of Theorem 11| We first define the following three events:

A::{R> > pl} B::{Eie[m]p?/ni<R< > pi} c;:{R<Zie[m}p?/m
icfm] > icim) Pi/Mi icm) > icim) Pi/Ti

We then choose A to be

H Di
= LA |
16 R2 ,;} n, AT

5 L Di
21+ n N
\/? 16C, Zie[m] P /ni iez[n:%] i

We now consider the three events separately.
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1. If A holds, then p;\ = % E
to get

i pipt
TS

i€[m] % < 45- Thus we can invoke Proposition 23

Eapp,s[AERp] < (lelt” + éj;) Z % < right-hand side of (28).
i1€[m] '

7 7 max IV 7
2. If B holds, then pid = 1t p /> icpm m < m > icim] 5t < 15, Where the

last inequality is by the definition of Cp. Hence, by Proposition 23, we have

16CCH||loc |, 1 [N Do .
Epp,s[AERp] < ( Z + 520, R 4;} p < right-hand side of (28).

3. If C holds, then p;\ = W‘[‘m]p?/m > iepm] % < 4, and thus Proposition 23 gives

2
Pi < ight-hand side of (28).
n;
1€[m)]

16CCpB|1¢|oo
EAFP,S[AERP]S( oBltloe , s )

! 32C,

The desired result follows by combining the above three cases together. |

C.3.1 PROOF OF PROPOSITION 21: STABILITY OF APPROXIMATE MINIMIZERS

We first present two lemmas, from which Proposition 21 will follow.

Lemma 24 (Federated stability of approximate minimizers, Part I) Let Assumption
A(b) holds, and consider an algorithm A = (w®°P {@D}ym) that satisfies the following
conditions:

1. there emist positive constants §@°bal) ¢ (global) gy, ch, that

Z niF, 1, /\(global Sz) < 6(global) + Z pin'('a)(glObal),Si), (53)
i€[m]
H Z pZVF (global) . S; )H < C global) (54)
i€[m]

2. for any i € [m], there exist positive constants {6, (", () ™, such that

A

L@, 8;) + Gl@' ) — @) < 50+ Fi(@*h, 5;), (55)
||VLZ(’I/IJ(Z)751) + )\(,{l\,(z) . ,&\J(global )H < C () ’ (56)
[@® — Proxy, (@& < . (57)
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Assume in addition that (48) holds. Then A has federated stability

7i<:16?5H5Ha> 28[/€]loc - Exi + BER i (58)
where
s [se) ( ) [2ursEbad
Eni = 8 2¢(8lobal) 4 4p 2e () TN >
A, o+ A + A K ¢ apiAeT 1A o

is the error term due to not exactly minimizing (20).

Lemma 25 (Federated stability of approximate minimizers, Part II) Let Assumption
A(b) holds and consider an algorithm A = (®®°*) {@D}ym) that produces an (e(&baD {£(D)ym).
minimizer in the sense of Definition 20. Then A also satisfies Equations (53)—(57) with

5(g10bal) _ ig(global) C(global) — )\g(global) 5(1) _ B+ )‘6(1)

(@) — (4)
Celglobal), , e AR

Proof These correspondences are consequences of \-smoothness of F; and (3+\)-smoothness

of Li(+,S;) + %Hﬁ)(gbbal) —||2. We omit the details. ]

With the above two lemmas at hand, the proof of Proposition 21 is purely computational:
Proof |Proof of Proposition 21 given Lemma 24 and 25| Invoking 25, the error term &y ;
defined in Equation 59 can be bounded above by

g/\i < w . E(global) + M . 5(1) + § <2>\€(global) + 4pl)\€(l) + W)
TTop+A WA “ A

— 8¢ (global) <B+)‘_’_2>‘+ A >+2€ < B+)\+16pi)\>
A Vil + ) pEA

<&@w(5+k+%>+% (ﬂ +wmv.
- ptA p+X

+A 322 : B+A  16pA\2
g < 1928 (global) <B > 8 () 2( v ]
2o < tas(er (D20 2 s ()P 2

Plugging the above two displays to (58) gives the desired result. |

This gives

We now present our proof of Lemma 24. We start by stating and proving several useful
lemmas.

Lemma 26 (From loss stability to parameter stability) Let Assumption A(b) holds.
Then the algorithm A = (w® " (@D has federated stability

< V28]t - @ @ (§\GIy)| 4 = ||A<l< S) — @ (§\y|12,
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Proof This lemma has implicitly appeared in the proofs of many stability-based generalization
bounds (see, e.g., Section 13.3.2 of Shalev-Shwartz and Ben-David (2014)), and we provide
a proof for completeness. By S-smoothness, for an arbitrary z € Z we have

(@Y (8), 2) — (@ (§\0), z)
< <V€({b(i)(5’\(ivji))’ z),ﬁ;(i)(S) _ ,;I,(i)(g\(i,ji)» + gHﬁ,(i)(S) _ @(i)(s\(i,ji))H?

~ (i i.ji ~ (i ~ (i i\ji B = (i i.ji
(Vo@D S\ )| - |wD(S) — w8\ Gy || + 5||,w( )(8) — wW(S\Ed0))y12

IA

< \/25 0@ (8\3)) 2) — min g(w(z‘)7z)) @D (S) — @D (8\@y)|
wew

+ 7”@(1')(5) _ {I](i)(S\(i:ji))||2
~ (i ~ (i i By (i ~ (4 i.js
< V2Bl - [@(8) — @0 (8\09) | + @ (8) — (802,

where the last inequality follows from boundedness of . By a nearly identical argument,
the above upper bound also holds for —(@w"(S), z) + £V (8\(44)), 2), and the desired
result follows. u

Lemma 27 (Local stability implies global stability) Assume Assumption A(b) holds
and consider an algorithm A = (w®°" {@D}m) that satisfies Equations (53), (54) and
(57). Then for any i € [m], j; € [ni], we have

Hﬁ,(global) (S\(i’ji)) _ gplelobal) (9)]|

At p lobal 2\ pé(globab ' (1) Q\(ir] (i
- o,-(global) dpne® 4 2p A [ @D S\ _ ) '
< 2 (gt 4 [PEEEE s 4 2p|@0(8 50— @(s)1 ). (o0

Proof Without loss of generality we consider the first client. Let pp be the strongly convex
constant of ). p;F;, which, by Lemma 17, is equal to ), p; - M"T)‘)\ = M\i/(A+ p). Now, by
strong convexity, we have

ul|’@(global)(s) _ @(global)(s\(l,jl))HQ
2

< Z i (Fi(’l/l\)(gbbal)(s\(l’jl)),Si) _ Fi(,&\](global)(s)’ Sz))

1€[m)|

+ < >
1€[m)|

(54) .

: 23“@%@®WWSWm»sn—Emﬂmmw%%0
i€[m]
+ C(global)H,{I)(global)(s\(l,jl)) B ﬁ\](global)(s)H

szFz (,&\’(global) (5)7 51)7 ,&\’(global) (S\(l’jl) o @(global) (S))>
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<p1F (,&\](global)(s\( ,jl)) S\]1 + Zpl global)(s\( ,]1)) Sz))
i#1

. <p1F1 (,&\)(global)(S’ S}jl) + ZPiFZ‘(@(glObal)(S, Sz))
i#1

+p1 (Fl (,l/b(global) (S\(l’jl)), Sl) .y ) (@(global)(s\(l,jl))’ S}jl)
Ty 2 (A(global)( ),S}jl) B Fl(a(global)<s)751)>
+ C(global)H,{I)(global)(s\(l,jl)) N global ( )H
(5§3) 5(global) + C(global)n@(global) (S\(l,jl)) . ,&\](global)(s)”

+ (Fl(ﬁ,(global)(s\(l,ﬁ)) S) — (A(global)(s)’ )
+ Fy (w®oP2) (8), S\Jl)_ Fy (w8oba) (§\(Ln)), S\h)>

Since Fi is A-smooth by Lemma 17, we can proceed by
L%FH@(global)(S) B ,I/I)(global)(s\(l,jl))”Z

< 5(global) + g(global) Hﬁ)(global)(s\(l,jl)) B ,{I)(global)(s) ” + pl)\H@(global)(S\(l,jl)) o a](global)(s) ”2

+p1<VF1( (global)(S)’ Sl) VF ( (global)(s\(l jl)) S\Jl) ib(global)(s\(l,jl)) o ﬁ)(global)(s)>‘

Since VFy(w(®°bal) gy = X[ qlglobal) _ ProxLl//\('u;(gl"]%‘l),Sl)>7 with some algebra, the
right-hand side above is in fact equal to

5(global) + C(global) || ~ (global) (S\(l’jl)) _ ﬁ\)(global) (S) ||

+ A ’l/l\J PI“OXLI/)\( (global) (S), Sl)’@(global)(s\(l,jl)) N I/D(global)(s)

\/

+p1>\ PI“OXL /)\ (global) (S\(l’]l)) S\Jl) o ,l’b(l)(s\(l,jl)7@(glObal)(S\(le)) . ﬁ)(global)(s)>

+ p1A(w

D(g\i)y — M8y, weebal (g\(Lin)y @(global)(s)>

(57) )

< 5(globa1) (C(global) + 2p1)\)Hl/l\J(gIObal)(S\(l’]l)) - global ( )”
+p1>\||w (S\(l 31)) w® (S)H||@(g10ba1)(5\(1731)) global)( S)|.

The above bound gives a quadratic inequality: if we let s¢; := ||@(®°P2) (§\1J1))_g(&lobal (g
and s; := |@¥(8\17)) — ©D(8)]|, then the above bound can be written as

%F -5y — (CEP 4 2p Ae) 4 py sy ) - s — 5(EPD < o,
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Solving this inequality gives

1
sq < ? . |:C(global) 4 2p1)\€(1) + piAs; + \/(C(global) + 2p1)\5(1) +p1>\51)2 + 2#F5(g10bal)
F

<2¢ global) 1 gpi Ae@) 4 2p1 Ay + 4/ 2p ch(global)) :
MF

which is exactly (60). |

Lemma 28 (Parameter stability) Under the same assumptions as Proposition 21, for
any i € [m], j; € [n;], we have

J@0(8\59) — @) < V2l g,

ni(p+x) M

Proof Without loss of generality we consider the first client. Since Ly (-, 5’1)+% | elebal (g —
|? is (p + \)-strongly convex, we have

“? (Ll(@m(s\(l,jl))’ SV 4 %”@(globan(s\(lm) B 17,(1)(5\(1,3'1)”2)

. j A\ (globa ; .
—Quwmﬁxﬂﬁ+2wﬁw“meh—wmwmﬁ

1 ; 1 ; ~ 1
_ ;g(w(l)(s\(l,yl))’ 2 )+ — (@M (8\1)y, ](1)) + f(w( )(8), 25) — — (@, Juey
1 ni n1
A

~ 2 jptElebal (§\(Ln)y (M) (g\Lany )2 4
2

)‘Aoa j -~ )‘Aoa -~
+ym®b%@@m»wW%&wf;m®bW&fwm@m2

+ W@ (s\B) — @M (s)|

|w&eba) (§) — 1) (§\(1d1)))12

< 5(1) + D@ (s\Em)y — (8

N A< (global) g _ gp(elobal)( G\(Lin)y 55(5) _ gy(1)( S\(Lm)>

1 N . . - ~
+@m%&%ﬁ—wNWWWMMHWMWW“U“Uﬁ@W&é”

ni ’ Jl LA}
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4 C(l)Hﬁ,(l)(S\(lJl)) _ @(1)(5)”
2 N N . B R ‘
- (\/2W||oouw<”<s> — &\ |+ Zj@ () - w“)(s\“m))r?)

+ A+ I <2<(global) 2A:u’5(g10bal)
7
x [ (8) — @M S\,

_l’_

+ apae® 4 2pn [0 8\ @@(S)H)

where the last inequality is by Lemma 26 and Lemma 27. Denoting s; := ||1/1\J(1)(S) —
wW (§\171)]|, the above inequality can be written as

2+/28114]| 0 A 2\ 116 (global)

Ciss — 2v260 e ¢ ATH <2g (global) 4 49 e + ’“‘)] s1 — o) <o,
n1 p A+ p

(61)

where

By (48), we have

CA712N+A_H_2p1A(A+u) S Atp 2pAA+p) >\+u_<1_8p1)\> > /\+u.

2 4 w4 w4 u 8

In particular, C; > 0, and thus we can solve the quadratic inequality (61) (similar to the
proof of Lemma 27) to get

(1) 4. Mp (global) (1) 2\ 6 (lobal)
< 2V 28|l O (2C el 42 S

C)\lnl Cx1 C’/\1'

) )

Plugging in Cy 1 > (A + p)/8 to the above inequality gives the desired result. |

We are finally ready to present a proof of Lemma 24:
Proof [Proof of Lemma 24| Invoking Lemma 26, we have

%s\/wnmw<16¢25H€Hoo+ %) 2<16\/25H€Hoo M)

(n+A) ni(p+A)

L :
< SRR (14— )+ V28l - Ei + BER,
< ) V2 £t BER,

ni(p+ A)

where in the last line we have used (a + b)? < 2a? 4 2b?. We finish the proof by noting that

% < nx u < 4, where the last inequality is by (48). [ ]

49



CHEN, ZHENG, LONG AND SU

C.4 Proof of Theorem 12

Compared to the proof of Theorem 11, we need to additionally control the estimation error
of the global model.

Proposition 29 (Estimation error of the global model) Let Assumptions A(b) and B(b)
hold. Then

2 2 2 2 P2
_ (global) . (global) 2 _ 48870 Di 483° R 12(p + )\ p
Esw'® ") — w12 < 252 > ge) TE ot Z =

i€[m) i€[m ]

Proof See Appendix C.4.1 |

With the above proposition, the following result is a counterpart of Proposition 23.

Proposition 30 (A-dependent bound on the IER) Let Assumptions A(a, b), B(b) and
Equation (48) hold. Run App with hyperparameters chosen as in Lemma 14 and 15. Then,
for any i € [m], as long as

T > Ci AV Dm||p|*n; - <pi1 VAV l)ni]),
Kp > Co(A+1)°n; (Pi_l % Azp?m); (62)

the algorithm App satisfies both

EAFP s[IER;(Arp)]

2 [pte + =5 (2 pi)2+a2n-zp?]+m[(l+ﬁ2>32+02 )
oo 'u \/n—l i ng ,U2 2 ne )1

i€[m] i€[m]

and

Epp.s[TER: (App)] < <ﬁ m’” + )\D2> (64)

where Cy,Cy are two constants only depending on (u, 53, ||¢||s, D), and C is an absolute
constant.

Proof Without loss of generality we consider the first client. Our assumptions allow us to
invoke Propositions 10 and 22 to get

E App,s[TER1]

EopPT 3)‘< (global)) + % ,lb(global) _ w(gIObal)HZ + 3>‘R2 320/B||€”00

- al ; o

<E
= HArp,S 2 ny(pn+ A)
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We first show that the expected value of Egpr/p1 and )\(s(gl"bal))2 are both bounded above

Bllelloo
n1(ptA)
(50) and (52), it suffices to require

by a constant multiple of Indeed, by the estimates we have established in Equations

T Z (8, lulloe.0) XAV D)ml|p|*n1,
e ( )? ( )m||p||?
AV 1)“ng AAV 1)m|pl|“ny
KT Z (4.8, ull 0. D) B T 2 (1,8.)llo0,D) o :

respectively. And the above two displays, combined with (49), is exactly (62). (64) then
follows from the compactness of W. To prove (63), we invoke Proposition 29 to get

B¢l B2\ g2, B pi \* | (B+N?® — P}
< 2P0 Ll
Eapp,s[IER1] S N +A{ 1+ 2 R MQ)\ Z N T E3) Z n;

A
m ('u i€[m] i1€[m]
Blieloo 52 2 B0 pi \* (o®  Ao? 2
< 4= T
~ongA AL k ,uz)\ ,g} NS + A + w2 ,g} n;’
and (64) follows by rearranging terms. [ |

We now present our proof of Theorem 12.
Proof [Proof of Theorem 12| Without loss of generality we consider the first client. Since
all n;’s are of the same order, it suffices to show

BIER(Are)] 5 [0+ (B + T 2] wlv%/*mA T “sz)

We define the following two events:

A:={R>\/m/N}, B:=A°={R<\/m/N},

cA™ m
A= 1 S
DN AT\ N B

where ca, cg are two constants to be specified later. We consider two cases:

and we set

1. If A holds, then from (64) we have E 4., s[IER;] S <B€°° +c ) . ﬁ, provided

APmax < f1/16. Note that Apmax X 5oy < ca/D?. So we can choose A < pD?, which
gives

% 1 : :
EApp.s[IER1] < <B” H + D2> N/m < right-hand side of (65).

2. If B holds, and if Appax < /16 holds, then from (63) we have

EApp,s[IER;]
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2,32 5 52 ) 02

w/m@’ o+ 25 a)+A[<1+M2>R WN}
0'2[32—|—,82+0'2 1 5 .

< 1€]| oo + 2 )-()\N/er)\(R +N ))

252+/82 +0,2 /R2N+ 1 cB
- (e + S ) (S + VN D)
<l3”£‘ 252+,82+0-2> ‘ ( R 1 CB\/>R n CB\/M>
= p? cgy/N/m SN N

252+/82+ 2 3 R

Note that pmaxA < BPmaxv/m < cg/v/m < cg. So to satisfy pmaxA < /16, we can
choose cg < p. This gives

o232 + % + o2
Etpy s [TERy] < (Bneuw AL )

(utp™t)- <\/§/—m Jﬁﬁ)

< right-hand side of (65).

The desired result follows by combining the above two cases together. |

C.4.1 PROOF OF PROPOSITION 29: ESTIMATION ERROR OF THE GLOBAL MODEL

We begin by proving a useful lemma.

Lemma 31 (Estimating wii) given the knowledge of wg)glc’bal)) Let Assumption A(b)
hold. Then for any i € [m|, we have

e — Proxg, jx(w gl‘)bal)u_ AHVL (wi”,s')ﬂ(wi")—wéglObal))H.

Proof This follows from an adaptation of the arguments in Theorem 7 of Foster et al.
(2019). By strong convexity, we have

<V Litw® S,) + Mw® — wgglobal))’ Proxz, » (wéglobal)) w£¢)>

A

+ B el — Proxy (w2

< Li(w", ;) + Hw<g‘°bal>—w£”rr?— Li(Prox, /5 (w"™), 5;)

A
— §H'U.7§)global) PI‘OXL /)\

<0.

10bal
(w2

If [[w® — Prox; a(wp (global) )] = 0 we are done. Otherwise, Cauchy-Schwartz inequality

applied to the above dlsplay gives the desired result. |
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Now, since } ;¢ PiFi is pip = pA/ (1 + A)-strongly convex, we have

p 2

< Z piFi( ,a)(global Z piFy( (global)

Ze[m} ze[m]
<0.

< Z vaF global)) ,&)(global) _ w(gIObal)> + Ml“w(global) _ wg)global)HQ

If || (&loPal) — wg;bbal) || = 0 we are done. Otherwise, by Cauchy-Schwartz inequality, we get

H,a](global) B w&)global) H

2 (lobal) ‘
< — piVF;(wg

Hr Z} )
= 2| 'S piVLi(Proxy, (w0, 5))

ur ie[m]

2 lobal 7 2 )
< r Z i (VL (Proxz, /x(wp w5 — VI, (w@,&)) H + e Z piVLi(w, 8)

i€[m] i€[m]

() 2 ; 2 ;
< 7’8 Z pi||Prox; /)\( (global)) &) + 7 Z inLi(wi),Si)

 ietm) Fll im]
() 48 (i) (i) (global))
< ———— 3 pi|| VLi(w}”, 8) + AMws — wif z piVLi(w, 8)

ur(+ ) i€[m] i€m]

4 R + A)
2w szuw soll+ 228 2D 5 pvrl?, o))
[m]

i€[m]
where (x) is by smoothness of L; and (x%) is by Lemma 31. Thus, we have

H ~ (global) w(global) H2

p
%ﬂ 2 %ﬁRz 12(p + \)? 2
< e (X v, sop) + B 2 P
1€[m]
Note that

(Zmuvw&, ) S RIVLw? S)I2 + 3 pipe IV Li(w®, SV La(w®, S,
i€[m] 1€[m)] i#s

Taking expectation at both sides, we arrive at

e[ (32 pivn o) | < 3 S 4y pno (5 1)

i€[m] 1€[m] i#s 1€[m]
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Meanwhile, we have

2
pio
<) T

1€[m]

Es Z pivLi(ij)a Si)

1€[m]

The desired result follows by plugging the previous two displays to (66).

D. Details on Experiments

In each round (among 100 rounds) of simulation, we first generate w, € R'% with i.i.d. standard
Gaussian entries, and we set each local model wy) = w,+R-v;, where v; € R is a random
unit vector that has negative correlation with w, and we vary R from 0 to 20. The dataset
for the i-th client is then generated by a logistic regression model. We apply FEDAVG
(Algorithm 1), PURELOCALTRAINING, and FEDAVG followed by fine tuning, as well as
FEDPROX (Algorithm 2) to this collection of datasets.

For FEDAVG, we assume full participation (i.e., C; = [m]) and we set the number of
communication rounds 7" = 20 and global step size 7y = 0.8. In its local training stage,
we run SGD for 5 epochs with step size 0.2. For PURELOCALTRAINING, we run SGD with
step size 0.2 for 20 - 5 = 100 epochs. For the fine tuning strategy, we first run FEDAVG
(with the same hyperparameter as the previous case) and then for each client run SGD for
15 epochs with step size 0.2. For FEDPROX, we again assume full participation, and we set

the number of communication rounds T = 20, global step size nflObal = 0.8, local rounds

K; =5, and local step size 77% = 0.2. In all the experiments, the batch size is set to 16.
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