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Abstract

This paper advocates a new paradigm Personalized Empirical Risk Minimization
(PERM) to facilitate learning from heterogeneous data sources without imposing
stringent constraints on computational resources shared by participating devices.
In PERM, we aim to learn a distinct model for each client by learning who to learn
with and personalizing the aggregation of local empirical losses by effectively esti-
mating the statistical discrepancy among data distributions, which entails optimal
statistical accuracy for all local distributions and overcomes the data heterogeneity
issue. To learn personalized models at scale, we propose a distributed algorithm
that replaces the standard model averaging with model shuffling to simultaneously
optimize PERM objectives for all devices. This also allows us to learn distinct
model architectures (e.g., neural networks with different numbers of parameters)
for different clients, thus confining underlying memory and compute resources of
individual clients. We rigorously analyze the convergence of the proposed algo-
rithm and conduct experiments that corroborate the effectiveness of the proposed
paradigm.

1 Introduction

Recently federated learning (FL) has emerged as an alternative paradigm to centralized learning to
encourage federated model sharing and create a framework to support edge intelligence by shifting
model training and inference from data centers to potentially scattered—and perhaps self-interested—
systems where data is generated [1]. While undoubtedly being a better paradigm than centralized
learning, enabling the widespread adoption of FL necessitates foundational advances in the efficient
use of statistical and computational resources to encourage a large pool of individuals or corporations
to share their private data and resources. Specifically, due to heterogeneity of data and compute
resources among participants, it is necessary, if not imperative, to develop distributed algorithms that
are 1) cognizant of statistical heterogeneity (data-awareness) by designing algorithms that effectively
deal with highly heterogeneous data distributions across devices; and ii) confined to learning models
that meet available computational resources of participant devices (system-awareness).

To mitigate the negative effect of data heterogeneity (non-IIDness), two common approaches are
clustering and personalization. The key idea behind the clustering-based methods [2, 3, 4, 5] is to
partition the devices into clusters (coalitions) of similar data distributions and then learn a single shared
model for all clients within each cluster. While appealing, the partitioning methods are limited to
heuristic ideas such as clustering based on the geographical distribution of devices without taking the
actual data distributions into account and lack theoretical guarantees or postulate strong assumptions
on initial models or data distributions [4, 5]. In personalization-based methods [6, 7, 8, 2, 9, 10, 11],
the idea is to learn a distinct personalized model for each device alongside the global model, which
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can be unified as minimizing a bi-level optimization problem [12]. Personalization aims to learn a
model that has the generalization capabilities of the global model but can also perform well on the
specific data distribution of each participant suffers from a few key limitations. First, as the number
of clients grows, while the number of training data increases, the number of parameters to be learned
increases which limits to increase in the number of clients beyond a certain point to balance data and
overall model complexity tradeoff— a phenomenon known as incidental parameters problem [13].
Moreover, since the knowledge transfer among data sources happens through a single global model,
it might lead to suboptimal results. To see this, consider an extreme example, where half of the
users have identical data distributions, say D, while the other half share a data distribution that is
substantially different, say —D (e.g. two distributions with same marginal distribution on features but
opposite labeling functions). In this case, the global model obtained by naively aggregating local
models (e.g., fixed mixture weights) converges to a solution that suffers from low test accuracy on all
local distributions which makes it preferable to learn a model for each client solely based on its local
data or carefully chosen subset of data sources.

Focusing on system heterogeneity, most existing works require learning models of identical ar-
chitecture to be deployed across the clients and server (model-homogeneity) [14, 15], and mostly
focus on reducing number [15] or size [16, 17, 18] of communications or sampling handling chaotic
availability of clients [19, 20]. The requirement of the same model makes it infeasible to train large
models due to system heterogeneity where client devices have drastically different computational
resources. A few recent studies aim to overcome this issue either by leveraging knowledge dis-
tillation methods [21, 22, 23, 24] or partial training (PT) strategies via model subsampling (either
static [25, 26], random [27], or rolling [28]). However, KD-based methods require having access
to a public representative dataset of all local datasets at server and ignore data heterogeneity in the
distillation stage to a large extent. The focus of PT training methods is mostly on learning a single
server model using heterogeneous resources of devices and does not aim at deploying a model onto
each client after the global server model is trained (which is left as a future direction in [28]). The
aforementioned issues lead to a fundamental question: “What is the best strategy to learn from
heterogeneous data sources to achieve optimal accuracy w.r.t. each data source, without imposing
stringent constraints on computational resources shared by participating devices?” .

We answer this question affirmatively, by proposing a new data&system-aware paradigm dubbed
Personalized Empirical Risk Minimization (PERM), to facilitate learning from massively fragmented
private data under resource constraints. Motivated by generalization bounds in multiple source domain
adaptation [29, 30, 31, 32], in PERM we aim to learn a distinct model for each client by personalizing
the aggregation of empirical losses of different data sources which enables each client to learn who to
learn with using an effective method to empirically estimate the statistical discrepancy between their
associated data distributions. We argue that PERM entails optimal statistical accuracy for all local
distributions, thus overcoming the data heterogeneity issue. PERM can also be employed in other
learning settings with multiple heterogeneous sources of data such as domain adaptation and multi-
task learning to entail optimal statistical accuracy. While PERM overcomes the data heterogeneity
issue, the number of optimization problems (i.e., distinct personalized ERMs) to be solved scales
linearly with the number of data sources. To simultaneously optimize all objectives in a scalable and
computationally efficient manner, we propose a novel idea that replaces the standard model averaging
in distributed learning with model shuffling and establish its convergence rate. This also allows us
to learn distinct model architectures (e.g., neural networks with different number of parameters) for
different clients, thus confining to underlying memory and compute resources of individual clients,
and overcoming the system heterogeneity issue. This addresses an open question in [28] where only a
single global model can be trained in a model-heterogeneous setting, while PERM allows deploying
distinct models for different clients. We empirically evaluate the performance of PERM, which
corroborates the statistical benefits of PERM in comparison to existing methods.

2 Personalized Empirical Risk Minimization

In this section, we formally state the problem and introduce PERM as an ideal paradigm for learning
from heterogeneous data sources. We assume there are /N distributed devices where each holds
a distinct data shard S; = {(x;j,¥:,5)}~, with n; training samples that are realized by a local
source distribution D; over instance space = = & x ). The data distributions across the devices
are not independently and identically distributed (non-IID or heterogeneous), i.e., D1 # Do #



... # Dn, and each distribution corresponds to a local generalization error or true risk L;(h) =
E(e,y)~p, [((h(x),y)],i = 1,2,..., N on unseen samples for any model h € H, where H is the

hypothesis set (e.g., a linear model or a deep neural network) and £ : YV x ) — R™ is a given convex
or non-convex loss function. We use L£;(h) = (1/ni) }2, ,yes, ¢ (M(2), y)) to denote the local
empirical risk or training loss at ith data shard S; with n; samples.

We seek to collaboratively learn a model or personalized models that entail a good generalization
on all local distributions, i.e. minimizing true risk £;(-),7 = 1,..., N for all data sources (all-for-
all [33]). A simple non-personalized solution, particularly in FL, aims to minimize a (weighted)
empirical risk over all data shards in a communication-efficient manner [34]:

N A
arg mingcy Z/,_l p(i)L;(h) with p € Ay, (WERM)
where Ay = {p € RY | Zf;l p(i) = 1} denotes the simplex set.

It has been shown that a single model learned by WERM, for example by using fixed mixing
weights p(i) = n;/n, where n is total number of training samples, or even agnostic to mixture of

distributions [35, 36], while yielding a good performance on the combined datasets of all devices,
can suffer from a poor generalization error on individual datasets by increasing the diversity among
distributions [37, 38, 39, 40]. To overcome this issue, there has been a surge of interest in developing

methods that personalize the global model to individual local distributions. These methods can be
unified as the following bi-level problem (a similar unification has been made in [12]):

~ N ~
argming, p, . hnen Fi(hi®hy) subjectto h, = argmingey Zj:l a(j)L;(h) (BERM)

where @ denotes the mixing operation to combine local and global models, and .7?Z is a modified
local loss which is not necessarily same as local risk £;. By carefully designing the local loss F; and
mixing operation @, we can develop different penalization schemes for FL including existing methods
such as linearly interpolating global and local models [11, 2], multi-task learning [10] and meta-
learning [9] as special cases. For example, BERM reduces to zero-personalization objective WERM
when h;®h, = h., and F; = L;. At the other end of the spectrum lies the zero-collaboration where
the ith client trains its own model without any influence from other clients by setting h;®h, = h;,
]-' E The personalized model with mterpolatton of global and local models can be recovered by
setting h;®h, = ah; + (1 — a)h., and ]'—1 = LZ. While more effective than a single global model
learned via WERM, personalization methods suffer from three key issues: i) the global model is
still obtained by minimizing the average empirical loss which might limit the statistical benefits of
collaboration, ii) overall model complexity increases linearly with number of clients, and iii) a same
model space is shared across servers and clients.

To motivate our proposal, let us consider the empirical loss ZZ Lot )L;(h) in WERM (or the inner

level objective in BERM) with fixed mixing weights ¢ € Ay, and denote the optimal solution by ha.

The excess risk of the learned model /4, on ith local distribution D; w.r.t. the optimal local model
hf = argminpey Lp, (k) (i.e. all-for-one) can be bounded by (informal) [31]

N
L; (ﬁa) < L;(h})+ ;a(j )+2 Z g)discy (D, D;)

j=
where R;(#) is the empirical Rademacher complex1ty H w.rt. S;, and discy (D;, D;) is a pseudo-
distance on the set of probability measures on = to assess the discrepancy between the distributions
D; and D; with respect to the hypothesis class H as defined below [29]:

(GEN)

Definition 1. For a model space H and D, D’ two probability distributions on = = X x ),
discy, (D, D') = sup [Benp (£(1,€)) = Bernr (€0, )l
€

Intuitively, the discrepancy between the two distributions is large, if there exists a predictor that
performs well on one of them and badly on the other. On the other hand, if all functions in the
hypothesis class perform similarly on both, then D and D’ have low discrepancy. The above metric
which is a special case of a popular family of distance measures in probability theory and mathematical



statistics known as integral probability metrics (IPMs) [41], can be estimated from finite data by
replacing the expected losses with their empirical counterparts (i.e. £; with L;).

From GEN, it can be observed that a mismatch between pairs of distributions limits the benefits of
ERM on all distributions. Indeed, the generalization risk w.r.t. D; will significantly increase when the
distribution divergence terms discy (D;, D;) are large. It leads to an ideal sample complexity 1/1/n
where n = ny +ng + ...+ ny is the total number of samples, which could have been obtained in the
IID setting with «(j) = 1/N when the divergence is small as the pairwise discrepancies disappear.
Also, we note that even if the global model achieves a small training error over the union of all data
(e.g., over parametrized setting) and can entail a good generalization error with respect to average
distribution, the divergence term still remains which illustrates the poor performance of the global
model on all local distributions D;,7 = 1,2, ..., N. This implies that even personalization of the
global model as in BERM can not entail a good generalization on all local distributions as there is no
effective transfer of positive knowledge among data sources in the presence of high data heterogeneity
among local distributions (similar impossibility results even under seemingly generous assumptions
on how distributions relate have been made in multisource domain adaptation as well [42]).

Interestingly the bound suggests that seeking optimal accuracy on all local distributions requires
choosing a distinct mixing of local losses for each client ¢ that minimizes the right-hand side of GEN.
This indicates that in an ideal setting (i.e. all-for-all), we can achieve the best accuracy for each
local distribution D; by personalizing the WERM, i.e., (i) first estimating ;7 = 1,2, ..., N for
each client individually, then (ii) solving a variant of WERM for each client with obtained mixing
parameters:

N ~
arg;reliq_lllszzlai(j)ﬁj(h) for i=1,2,...,N. (PERM)

By doing this each device achieves the optimal local generalization error by learning who to learn
with based on the number of samples at each source and the mismatch between its data distribution
with other clients. We also note that compared to WERM and BERM, in PERM since we solve
a different aggregated empirical loss for each client, we can pick a different model space/model
architecture ‘H; for each client to meet its available computational resources.

While this two-stage method is guaranteed to entail optimal test accuracy for all local distributions
D;, however, making it scalable requires overcoming two issues. First, estimating the statistical
discrepancies between each pair of data sources (i.e., a;,7 = 1,..., N) is a computing burden as it
requires solving O(N?) difference of (non)-convex functions in a distributed manner and requires
enough samples form each source to entail good accuracy on estimating pairwise discrepancies [41].
Second, we need to solve IV variants of the optimization problem in PERM, possibly each with a
different model space, which is infeasible when the number of devices is huge (e.g., cross-device
federated learning). In the next section, we propose a simple yet effective idea to overcome these
issues in a computationally efficient manner.

3 PERM at Scale via Model Shuffling

In this section, we propose a method to efficiently estimate the empirical discrepancies among data
sources followed by a model shuffling idea to simultaneously solve IV versions of PERM to learn a
personalized model for each client. We first start by proposing a two-stage algorithm: estimating
mixing parameters followed by model shuffling. Then, we propose a single loop unified algorithm
that enjoys the same computation and communication overhead as BERM (twice communication
of FedAvg). For ease of exposition, we discuss the proposed algorithms by assuming all the clients
share the same model architecture and later on discuss the generalization to heterogeneous model
spaces. Specifically, we assume that the model space H is a parameterized by a convex set YW C R?

and use f;(w) := L;(w) = 2 (wy)es: L(w; (x,y)) to denote the empirical loss at ith data shard.

3.1 Warmup: a two-stage algorithm

We start by proposing a two-stage method for solving N variants of PERM in parallel. In the first
stage, we propose an efficient method to learn the mixing parameters for all clients. Then, in stage
two, we propose a model shuffling method to solve all personalized empirical losses in parallel.

Stage 1: Mixing parameters estimation. In the first stage we aim to efficiently estimate the pairwise
discrepancy among local distributions to construct mixing parameters o;,7 = 1,2,...N. From



generalization bound GEN and Definition 1, a direct solution to estimate ¢; is to solve the following
convex-nonconcave minimax problem for each client:

* . N . N -\ 2

aj =arg min 3 - a(j) max |f(w) = f(w)[+ 3 a(i)*/n M
where we estimate the true risks in pairwise discrepancy terms with their empirical counterparts and
drop the complexity term as it becomes identical for all sources by fixing the hypothesis space H and
bounding it with a computable distribution-independent quantity such as VC dimension [43], or it can
be controlled by choice of A or through data-dependent regularization. However, solving the above
minimax problem itself is already challenging: the inner maximization loop is a nonconcave (or
difference of convex) problem, so most of the existing minimax algorithms will fail on this problem.
To our best knowledge, the only provable deterministic algorithm is [44], and it is hard to generalize
it to stochastic and distributed fashion. Moreover, since we have N clients, we need to solve N
variants of (1), which makes designing a scalable algorithm even harder.

To overcome aforementioned issues, we make two relaxations to estimate the per client mixing
parameters. First, we optimize an upper bound of pairwise empirical discrepancies sup,,, | f;(w) —
fj(w)] in terms of gradient dissimilarity between local objectives ||V f;(w) — V f;(w)]| [45], which
quantifies how different the local empirical losses are and widely used in analysis of learning
from heterogeneous losses as in FL [46]. Second, given that the discrepancy measure based on
the supremum could be excessively pessimistic in real-world scenarios, and drawing inspiration
from the concept of average drift at the optimal point as a right metric to measure the effect of
data heterogeneity in federated learning [47], we propose to measure discrepancy at the optimal
solution obtained by solving WERM, i.e., w* := arg ming ey (1/N) vazl fi(w). By doing this,
the problem reduces to a simple minimization for each client, given the optimal global solution.
These two relaxations lead to solving the following tractable optimization problem to decide the
per-client mixing parameters:

N N
arg min g,(w',0) =Y a(i)|VA@) = VL@)P AN al)/n @)
where we added a regularization parameter A and used the squared of gradient dissimilarity for
computational convenience. Thus, obtaining all N mixing parameters requires solving a single
ERM to obtain optimal global solution and N variants of (2). To get the optimal solution in a
communication-reduced manner, we adapt the Local SGD algorithm [48] (or FedAvg [14]) and find
the optimal solution in intermittent communication setting [49] where the clients work in parallel and
are allowed to make K stochastic updates between two communication rounds for R consecutive
rounds. The detailed steps are given in Algorithm Al in Appendix B for completeness. After
obtaining the global model w’* we optimize over v in g;(w”, &) using T, iterations of GD to
get &;. Actually, we will show that as long as w’* converge to w*, &;,i = 1,..., N converges to
solution of (2) very fast. Our proof idea is based on the following Lipschitzness observation:

2 2
s )" =

N
* * PP * (12 *
e, (w") — af, (w)|[* < 4222y (2 IV fi(w*) = V£ (w*) || + 4L |[w” — w
j=1
where a; (w) := argmingea y gi(w, @) and Ky 1= Numax/(2) is the condition number of g;(w, -)
where npax = max;e(n) - The Lipschitz constant mainly depends on gradient dissimilarity at
optimum. As w?® tends to w*, the a;i () becomes more Lipschitz continuous, i.e., the coefficient in

*

2 . . ..
front of HwR — w™||” getting smaller, thus leading to more accurate mixing parameters.

To establish the convergence, we make the following standard assumptions.
Assumption 1 (Smoothness and strong convexity). We assume f;(x)’s are L-smooth and -

strongly convex, i.e.,
Ve, y : |Vfi(x) — Vii(y)| < Lljz -yl
1
VoY fily) > fi(z) + (VSi(@),y — @) + Suly — |

We denote the condition number by k = L/ pu.

Assumption 2 (Bounded variance). The variance of stochastic gradients computed at each local
function is bounded, i.e., Vi € [N],Vw € W, E[||V fi(w; &) — V fi(w)|?] < §%



Assumption 3 (Bounded domain). The domain W C R is a bounded convex set, with diameter D
under Uy metric, i.e., Vw,w' € W, ||lw — w'|| < D.

Definition 2 (Gradient dissimilarity). We define the following quantities to measure the gradient
dissimilarity among local functions:

Gij(w) = |V fi(w) = Vfj(w)[*, Gi(w) : =5 ZQ,J

( = SUpP,, ey maxe () ||V fi(w) 1/NZ Vi)

The following theorem gives the convergence rate of estimated discrepancies to optimal counterparts.
Theorem 1. Under Assumptions 1-3, if we run Algorithm Al on F(w) = + Zf;l [i(w) with
=0 (bi(RiRKK)) for R rounds with synchronization gap K, for kg = 1/(Anmin), it holds that

Ta D? k(2 52
Ellaf — af|? < L . il e [N].
lalt — af O<exp< Hg)—o—ngC( )L ( +,u2 2+M2N )) Vi € [N]

An immediate implication of Theorem | is that even we solve (2) at w?, the algorithm will eventually
converge to optimal solution of (2) at w*. The core technique in the proof, as we mentioned, is to
show that for a parameter within a small region centered at w*, the function a};, (w) becomes ‘more
Lipschitz’. The rigorous characterization of this property is captured by Lemma 3 in appendix.

Stage 2: Scalable personalized optimization with model shuffling. After obtaining the per client
mixing parameters, in the second stage we aim at solving N different personalized variants of PERM
denoted by ®(&1,v), P(G&2,v), ... P(&N,v) to learn local models where

o .
min®(é;,v) = Z 3)

Here we devise an iterative algorithm based on distributed SGD with periodic averaging (a.k.a.
Local SGD [48]) to solve these /N optimization problems in parallel with no extra overhead. The
idea is to replace the model averaging in vanilla distributed (Local) SGD with model shuffling.
Specifically, as shown in Algorithm | the algorithm proceeds for R epochs where each epoch runs
for N communication rounds. At the beginning of each epoch r the server generates a random
permutation o, over N clients. At each communication round j within the epoch, the server sends
the model of client ¢ to client i; = (¢ + j) mod N in the permutation o, along with c;(i;). After
receiving a model from the server, the client updates the received model for K local steps and returns
it back to the server. As it can be seen, the updates of each loss ®(&;,v),i = 1,2,..., N during
an epoch is equivalent to sequentially processing individual losses in (3) which can be considered
as permutation-based SGD but with the different that each component now is updated for K steps.
By interleaving the permutations, we are able to simultaneously optimize all N objectives. We
note that the computation and communication complexity of the proposed algorithm is the same
as Local SGD with two differences: the model averaging is replaced with model shuffling, and the
algorithms run over a permutation of devices. The convergence rate of Local SGD is well-established
in literature [50, 51, 52, 53, 54], but here we establish the convergence of permutation-based variant
which is interesting by its own.

Assumption 4 (Bounded Gradient). The variance of stochastic gradients computed at each local
function is bounded, i.e., Yi € [N],sup,cyy |V fi(v)|| < G.

We note that the Assumption 4 can be realized since we work with a bounded domain W.

Theorem 2. Let Assumptions - 4 hold. Assume o is the solution of (2). Then if we run Algorithm |
on the &; obtained from Algorithm Al, then Algorithm | withn = © (WZ%”)) will output the
solution ¥;, Yi € [N, such that with probability at least 1 — p, the following statement holds:

Biv(ai, ) - ®(al o (o)) < O (s ) + g + (S ) 6PN 06U

~ T - k(2 52
2L _To 2~ * L2
et (e () e (e + o))




Algorithm 1: Shuffling Local SGD

Input: Clients 1, ..., N, Number of Local Steps K , Number of Epoch R, mixing parameter
Qq, ..., QN

Epochforr =0,..., R — 1 do

Server generates permutation o, : [N] — [N].

parallel for: = 1,.... N do

Client i sets initial model v}"° = v?.

for j=1,...,N do

Set indices i; = o, ((i + j) mod N).

Server sends v; 7 to Client i;.

v/t = saD-Update (v, n,i;, K, &;).
Client i does projection: v] ™! = Py (v]"™).
Output: o; = Pyy (v — (1/L)V,®(&;,vE)),Vi € [N].
GD-Update(v,n, j, K, o)

Initialize v° = v
fort =0,...., K —1do

| ' =0 —na()NV (g
Output: v¥

[92]

%,ng = "= and ke = —V/]\[G, and the expectation is taken over randomness

of Algorithm Al. That is, to guarantee E[®(al,v;) — ®(af,v)] < € we choose R =

[ ?

0 (max{L—‘s2 M}) andTo, = O (ﬁg log (ng))

e ? € €

where Kk =

The above theorem shows that even though we run the optimization on ®(&;,v), our obtained
model ©; will still converge to the optimal solution of ®(a}, v). The convergence rate is contributed
from two parts: convergence of &; (Algorithm A1) and convergence of personalized model v;
(Algorithm 1). Notice that, for the convergence rate of ¥;, we roughly recover the optimal rate of
shuffling SGD [55], which is O(1/R?). However, we suffer from a O (4% /R) term since each client
runs vanilla SGD on their local data (the SGD-Update procedure in Algorithm 1). One medication for
this variance term could be deploying variance reduction or shuffling data locally at each client before
applying SGD. We notice that there is a recent work [56] also considering the client-level shuffling
idea, but our work differs from it in two aspects: 1) they work with local SGD type algorithm and the
shuffling idea is employed for model averaging within a subset of clients, while in our algorithm,
during each local update period, each client runs shuffling SGD directly on other’s model 2) from a
theoretical perspective, we are mostly interested in investigating whether the algorithm can converge
to the true optimal solution of ®(a}, v) if we only optimize on a surrogate function ®(&;, v).

One drawback of Algorithm 1 is that we have to wait for Algorithm A1 to finish and output &;, so
that we can proceed with Algorithm 1. However, if we are not satisfied with the precision of &;, we
may not have a chance to go back to refine it. Hence in the next subsection, we propose to interleave
Algorithm | and Algorithm A1, and introduce a single-loop variant of PERM which will jointly
optimize mixture weights and learn personalized models in an interleaving fashion.

3.2 A unified single loop algorithm

We now turn to introducing a single-stage algorithm that jointly optimizes o;s and v;s as depicted
in Algorithm 2 by intertwining the two stages in Algorithm Al and Algorithm 1 in a single unified
method. The idea is to learn the global model, which is used to estimate mixing parameters, concurrent
to personalized models. At each communication round, the clients compute gradients on the global
model, on their data, after the server collects these gradients does a step mini-batch SGD update
on the global model, and then updates the mixing parameters. Then we proceed to update the
personalized models similar to Algorithm 1. We note that, unlike the two-stage method where the
mixing parameters are computed at the final global model, here the mixing parameters are updated
adaptively based on intermediate global models.

Theorem 3. Let Assumptions | to 4 to be satisfied. Assume o} is the solution of (2). Then if we

run Algorithm 2 withn = © (%) and~vy =0 (lmg(]/\j%ﬁ)), it will output the solution v;,



Algorithm 2: Single Loop PERM

Input: Clients 1, ..., N, Number of Local Steps K , Number of Epoch R, Initial mixing
parameter o =, ...,a%, = a = [1/N,...,1/N].
Epoch for r=0,...., R —1do
Server generates permutation o, : [N] — [N].
parallel for Clienti =1,..., N do
Client i sets initial model v}"° = v?.
for j=1,...,N do
Setindices i; = 0,.(( + j) mod N).
Server sends v; 7 to client i; .
v, = SGD-Update(v;”,n,ij, K, ). // Personalized model update

Client 7 does projection: v" 1 = Py (v]"™).

wt =Py (w” — % Zivzl = Z]Nil Vfi(w", & ;) /I Global model update
r+1
Output: 9; = Pyy (vl — (1/L)V,®(alf vF)), &; = af Vi € [N].
SGD-Update(v,n, j, K, o)

Initialize v§ = v

fort=0,..., K —1do

vt = pa(NV Al
Output: v¥

Compute o ' by running T, steps GD on g;(w" ™, ) /& update

Vi € [N], such that with probability at least 1 — p, the following statement holds:

E[d(al, ) — B(al,v})] < O < LD > +0 (<H4L L ) G*Nlog(1/p) + L52>

NKR3 R?2  u2R? uR
2,272F (00% 2,27 (0% §2
oA (FELAGWH)DG Ty | LePRiGi(w*)d
+ ke LO ( iz + R7exp vy + 20 ,

= @ and the expectation is taken over the randomness of stochastic

where Kk = %, Kg = "5 Ky
samples in Algorithm 2. That is, to guarantee E[®(a},v;) — ®(a;,v])| < € we choose M =
0 (M), R=0 (maX{L52 RiKQ){gLSCi(w*)DG}) and T, = O (Kg log (Lm)).

n2e e € €

Compared to Theorem 2, we achieve a slightly worse rate, since we need a large mini-batch when
we update global model w. However, the advantages of the single-loop algorithm are two-fold.
First, as we mentioned in the previous subsection, we have the freedom to optimize &; to arbitrary
accuracy, while in double loop algorithm (Algorithm A1 + Algorithm 1), once we get &, we do not
have the chance to further refine it. Second, in practice, a single-loop algorithm is often easier to
implement and can make better use of caches by operating on data sequentially, leading to improved
performance, especially on modern processors with complex memory hierarchies.

3.3 Extension to heterogeneous model setting

In the homogeneous model setting, we assumed a shared model space W for clients and the server.
However, in real-world FL applications, devices have diverse resources and can only train models
that match their capacities. We demonstrate that the PERM paradigm can be extended to support
learning in model-heterogeneous settings, where different models with varying capacities are used by
the server and clients. Focusing on learning the global optimal model to estimate pairwise statistical
discrepancies, we note that by utilizing partial training methods [28], where at each communication
round a sub-model with a size proportional to resources of each client is sampled from the server’s
global model (extracted either random, static, or rolling) and is transmitted to be updated locally.
Upon receiving updated sub-models, the server can simply aggregate (average) heterogeneous sub-
model updates sent from the clients to update the global model. We can consider the complexity of
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Figure 1: Comparative analysis of personalization methods, including our single-loop PERM algo-
rithm, localized FedAvg, perFedAvg, and pFedME, with synthetic data. The disparity in personalized
accuracy and loss highlights PERM’s capability to leverage relevant client correlations.

models used by clients when estimating mixing parameters by solving a modified version of (2) as:

N N N
D ali)/VCH) /nj + Y a(IVfilm; © w*) = Vf(m; 0 w)|* + XY al))?/n;,
Jj=1 Jj=1 Jj=1
where we simply upper bounded the Rademacher complexity w.r.t. each data source in (GEN) with
VC dimension [57]. Here m; is the masking operator to extract a sub-model of the global model
to compute local gradients at client ¢ based on its available resources. By doing so, we can adjust
mixing parameters based on the complexity of underlying models, as different sub-models of the
global model (i.e., m; © w* versus m; © w™) are used to compute drift between pair of gradients at
the optimal solution. With regards to training personalized models with heterogeneous local models,
as we solve a distinct aggregated empirical loss for each client by interleaving permutations and
shuffling models, we can utilize different model spaces W;,i = 1, ..., N for different clients that
meet their available resources with aforementioned partial training strategies.

4 Experimental Results

In this section we benchmark the effectiveness of PERM on synthetic data with 50 clients, where it
notably outshone other renowned methods as evident in Figure 1. Our experiments concluded with the
CIFAR10 dataset, employing a 2-layer convolutional neural network, where PERM, despite a warm-
up phase, demonstrated unmatched convergence performance (Figure 2). Additional experiments
are reported in the appendix. Across all datasets, the PERM algorithm consistently showcased its
robustness and unmatched efficiency in the realm of personalized federated learning.

Experiment on synthetic data. To demonstrate the superior effectiveness of our proposed single-loop
PERM algorithm compared to other existing personalization methods, we conducted an experiment
using synthetic data generated according to the following specifications. We consider a scenario
with a total of N clients, where we draw samples from the distribution A (uq,3;) for half of
the clients, denoted by i € [1,%], and from N (2, X;) for the remaining clients, denoted by
1€ (%, N]. Following the approach outlined in [58], we adopt a uniform variance for all samples,
with X, = k=12, Subsequently, we generate a labeling model using the distribution A/ (M, Bop)-

Given a data sample & € R?, the labels are generated as follows: clients 1, ..., % assign labels based
on y = sign(w "), while clients % +1,..., N assign labels based on y = sign(—w " z). For this
specific experiment, we set 7 = 0.2, uo = —0.2, and p,, = 0.1. The data dimension is d = 60, and
there are 2 classes in the output. We have a total of 50 clients, each generating 500 samples following
the aforementioned guidelines. We train a logistic regression model on each client’s data.

To demonstrate the superiority of our PERM algorithm, we conducted a performance comparison
against other prominent personalized approaches, including the fined-tuned model of FedAvg [14]
(referred to as localized FedAvg), perFedAg [9], and pFedME [7]. The results in Figure 1 highlight
PERM’s efficient learning of personalized models for individual clients. In contrast, competing
methods relying on globally trained models struggle to match PERM’s effectiveness in highly
heterogeneous scenarios, as seen in personalized accuracy and loss. This showcases PERM’s
exceptional ability to leverage relevant client learning.
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Figure 2: Comparative analysis of our single-loop PERM algorithm, localized FedAvg, PFedMe, and
perFedAg, on CIFAR10 dataset and a 2-layer CNN model. Each client has access to only 2 classes of
data. PERM rapidly catches up after 10 rounds of warmup without personalization involved.

Experiment on CIFAR10 dataset. We extend Timet runene round of communiction (seconds)
our experimentation to the CIFAR10 dataset us-
ing a 2-layer convolutional neural network. Dur-
ing this test, 50 clients participate, each limited
to data from just 2 classes, resulting in a pro-
nounced heterogeneous data distribution. We
benchmark our algorithm against PerFedAvg,
PFedMe, and the localized FedAvg. As illus-
trated in Figure 2, PERM demonstrates supe- ) ) ) )
rior convergence performance compared to other  Figure 3: Runtime of different algorithms in a
personalized strategies. It’s noteworthy that limited environment. We compare PERM (single
PERM’s initial personalized validation is signif- 10op), PerFedAvg, FedAvg, and pFedMe. PERM
icantly lower than that of approaches like PerFe- has a minimal overhead over FedAvg and is com-
dAvg and PFedMe. This discrepancy stems parable to other personalization methods.

from our choice to implement 10 communica-

tion rounds as a warm-up phase before initiating personalization, whereas other models embark on
personalization right from the outset.

PERM Localized FedAvg PerFedivg pFedie

Computational overhead. In demonstrating the computational efficiency of the proposed PERM
algorithm, we present a comparison of wall-clock time of completing one round of communication
of PERM and other methods. Each method undertakes 20 local steps along with their distinct
computations for personalization. As depicted in Figure 3, the PERM (single loop) algorithm’s
runtime is compared against personalization methods such as PerFedAvg, FedAvg, and pFedMe.
Remarkably, PERM maintains a notably minimal computational overhead. The run-time is slightly
worse due to overhead of estimating mixing parameters.

5 Discussion & Conclusion

This paper introduces a new data&system-aware paradigm for learning from multiple heterogeneous
data sources to achieve optimal statistical accuracy across all data distributions without imposing
stringent constraints on computational resources shared by participating devices. The proposed PERM
schema, though simple, provides an efficient solution to enable each client to learn a personalized
model by learning who to learn with via personalizing the aggregation of data sources through an
efficient empirical statistical discrepancy estimation module. To efficiently solve all aggregated
personalized losses, we propose a model shuffling idea to optimize all losses in parallel. PERM can
also be employed in other learning settings with multiple sources of data such as domain adaptation
and multi-task learning to entail optimal statistical accuracy.

We would like to embark on the scalability of PERM. The compute burden on clients and servers is
roughly the same as existing methods thanks to shuffling (except for extra overhead due to estimating
mixing parameters which is the same as running FedAvg in a two-stage approach and an extra
communication in an interleaved approach). The only hurdle would be the required memory at server
to maintain mixing parameters, which scales proportionally to the square of the number of clients,
which can be alleviated by clustering devices which we leave as a future work.
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A Additional Experiments

In addition to experiments on synthetic and CIFAR10 datasets reported before, we have also conducted
experiments on the EMNIST dataset, highlighting PERM’s capability to derive superior personalized
models by tapping into inter-client data similarities. Additionally, further insights emerged from our
tests on the MNIST dataset, revealing how PERM’s learned mixture weights adeptly respond to both
homogeneous and highly heterogeneous data scenarios.

Experiment on EMNIST dataset In addition to the synthetic and CIFAR10 datasets discussed in
the main body, we run experiments on the EMNIST dataset [59], which is naturally distributed in
a federated setting. In this case, we chose 50 clients and use a 2-layer MLP model, each with 200
neurons. We compare the PERM algorithm with the localized model in FedAvg and perFedAvg [9].
As it can be seen in Figure 4, PERM can learn a better personalized model by attending to each
client’s data according to the similarity of the data distribution between clients. The learned values
of o, in Figure 5, show that the clients are learning from each others’ data, and not focused on
their own data only. This signifies that the distribution of data among clients in this dataset is not
highly heterogeneous. Note that, since we are using a subset of clients in the EMNIST dataset for
the training (only 50 clients for 100 rounds of communication), the results would be sub-optimal.
Nonetheless, the experiments are designed to show the effectiveness of different algorithms. As it can
be concluded, in terms of performance, PERM consistently excels beyond its peers, demonstrating
exemplary results on various benchmark datasets.
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Figure 4: Comparative Analysis of Personalization methods, including our single-loop PERM
algorithm, localized FedAvg, and perFedAg, with EMNIST dataset. The disparity in personalized
accuracy and loss highlights PERM’s capability in leveraging relevant client correlations.
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The effectiveness of learned mixture weights To show the effectiveness of the two-stage PERM
algorithm, as well as the effects of heterogeneity on the distribution of data among clients on the
learned weights o in the algorithm, we run this algorithm on MNIST dataset. We use 50 clients,
and the model is an MLP, similar to the EMNIST experiment. In this case, we consider two cases:
distributing the data randomly across clients (homogeneous) and only allocating 1 class per client
(highly heterogeneous). As it can be seen from Figure 6, when the data distribution is homogeneous
the learned values of « as diffused across clients. However, when the data is highly heterogeneous,
the learned o values will be highly sparse, indicating that each client is mostly learning from its own
data and some other clients with partial distribution similarity. Notably, the matrix predominantly
exhibits sparsity, indicating that each client selectively leverages information solely from a subset of
other clients. This discernible pattern reinforces the inherent confidence that each client is effectively
learning from a limited but strategically chosen group of clients.
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B Proof of Two Stages Algorithm

In this section we provide the proof of convergence of two-stage implementation of PERM (computing
mixing parameters followed by learning personalized models via model shuffling using permutation-
based variant of distributed SGD with periodic communication).

B.1 Technical Lemmas

Lemma 1. Define v*(a) := arg mingew ®(a, v), and assume ®(a, -) is p-strongly convex and
Vo ®(a,v) is L Lipschitz in o Then, v*(-) is k-Lipschitz where k = L/ .

Proof. The proof is similar to Lin et al’s result on minimax objective [60]. First, according to
optimality conditions we have:
(v — v* (), Va(er, 0" (a))) > 0,
(v —v*(a), Va@(a/,v*(a))) > 0
Substituting v with v*(a’) and v* () in the above first and second inequalities respectively yields:
(v* (o) = v* (), Vad (e, v*(a))) > 0,
(v*(a) —v*(a), Va@(a/,v*(a'))) > 0
Adding up the above two inequalities yields:

(v*(a) —v*(a), Vo (o, v* () — Vo@(a/, v*(a))) > 0, “4)
Since (e, -) is p strongly convex, we have:
(v* () —v* (), Va®(a, v*(a')) — Va@(a, v* () > pflv* () — v* ()| 3)

Adding up (4) and (5) yields:
(v* () — v (), V2@(, v"(a)) = V2@(a', 0" () 2 p|lv* () — v*(ex)|?
Finally, using L smoothness of ® will conclude the proof:
Lv*(e) = v* (@)l = &'l| > pllv* (') = v*(a)|?
& kfla—da|| = [v*(a) — v (a)
O
Lemma 2 (Optimality Gap). Ler ®(cx, v) be defined in (3). Let © = Py (0 — %V,@(d, 0)). If we

assume each f; is L-smooth, u-strongly convex and with gradient bounded by G, then the following
statement holds true:

ANG?
B(a",5) - Blat,v*) < 2L — v (&) + (%éu " ) & — ot

where kg = V]: , v* = argming, ey ®(a*, v).
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Proof. First we show that V., ® (o, v) is VNG Lipschitz in . To see this:

Zal )WV (v Za V(v
\/JVGIIai—aZ-H.

Hence due to Lemma [, we know v*(a) is k¢ = @ Lipschitz. According to property of
projection, we have:

IVo@(a,v) = Vo @(a',v)|

IA

Ty T
For T}, we notice:
(v—0, L(® — ) + V@ (a*,0)) = L{v — 9, 'ﬁ—f)>+%<f)—f), —0)+ (v—0, V,2(a", D))
—L(w—10,9—0)—L|o—3|]> + (v — 9, Vo®(a*,v))

where at last step we used Young’s inequality. To bound #, we apply the L smoothness and p strongly
convexity of ®(e, -):

<’U - v;, vv@(a:7ﬁl)> = <’l) -, vv@(a*aﬁ» + <1~’ -0, vvq)(a*ﬂ {;»
< o(a*,v) — P(a*,v) — g lo — v||2 + o(a*,0) — P(a*, )+ = || — D
L
< ®(a’,v) ~ B(a’,8) — £ — vl + 5 o - o]
Putting above bound back yields:
1 1 3L L
(00, £(6- )+ Vo0(a’,5)) < 0la’,0) - 0(a’.9) + 5[5 -0l = (3 = 5 ) 15 - ol
Now we switch to bounding T>. Applying Cauchy-Schwartz yields:

(v =i, Vo ®(&i,0i) — Vo ®(aj, ;) < — ||'v o+ = ||v [ IIV Q(&;, v;) — Vyu@(aj, v;
4NG2

N

léi — af|”

L
fzw—mw+zw—mw+
where at last step we apply v/ NG smoothness of ®(-, v). Putting pieces together yields:

o 4NG? . 12
12+ 25l - o

0.< Bai,v) — B(al6) + 5 I~ vl + 5 o a;
Re-arranging terms and setting v = v*(a*) = arg min, ey P(a*, v) yields:
ba*,8) - bla,v) < Lo - vl + N & ot
At last, due to the kg-Lipschitzness property of of v*(-) as shown in Lemma 1, it follows that:
Lo —v*(a")|? < Ll|o = v (&)|* + Ll|v* (&) — v* (a”)|?
<2L||o — v (&)|I* + 265 L]l & — |,

as desired.
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Algorithm A1: Discrepancy Estimation at Optimum

Input: Number of clients NV, number of local steps K , number of communications rounds R
forr=0,...,R—1do

parallel for client ¢ = 0,. —1do

Client 7 initializes model wT 0= wr.

fort =0,...., K —1do

'wr’tJrl =w] — AV f;(w]"; €"") where £ is a mini-batch sampled from S;.

rK

Client ¢ sends w, ™ to Server.

r+l 1 N r,K
Server computes w = PW (ﬁ Zz 1 w;’ )

Server broadcasts w" ! to all clients.
Server computes é&;,i = 1,2,..., N by running T, steps of GD on g;(w’, o).
Output: &1,...,ayN .

B.2 Proof of Convergence of Theorem 1

In this section we are going to prove the result in Theorem 1. To this end, we need to show that
mixing parameters we compute by first learning the global model and then solving the optimization
problem in objective (2) (as depicted in Algorithm A1) converges to optimal values. Notice that in
Algorithm A1 we do not solve g;(w*, a) directly, but optimize g;(w®, &) on a for T, iterations of
GD. Hence, firstly we need to show that optimizing the surrogate function will also guarantee the
convergence of output of algorithm & to a* by deriving a property of the objective in (2). Formally
the property is captured by the following lemma.

N 2 N %
Lemma 3. Let g(w,a) = Y00, o [Vfi(w) = Vfj(w)||” + AX;L, af /n; and aj(w) =
arg mingea v g(w, ). Let w¥ be the output of Algorithm Al. Then the following statement
holds:

N
oy (") — e Z (21Vfiw) = Vf(w) | +4L7 0" — w[|*) AL [[w" - w*

.— Mmax
where kg = max.

Proof. Define function

N N
W(za)=> ojz+AY i/ ©6)

Apparently, W (z, ) is linear in z and 2% strongly convex in z. Next we show that VW (z, )
is Lipschitz in w. To see this,

IVaW(z,0) = VaW (2, e[| = [[[21, .. 2n] = [21, ., 2]
<lz—-Z#].

Then, according to Proposition 1, ajy, (z) := argmingea, W(z, @) is kg4 lipschitz in z where
kg = e e, [y (2) — oy (2)]] < kg ||z — 2/||. Now, let us consider the objective (2):

gw,0) =" o |Vfilw) = V@) + A3 e/,

We define o (w) = arg mingea v g(w, ).

We set

= (|95 = VA @R [T ") = T )]
- [nwi(w*) ~ Vi) | fi(w) — wmw*mﬂ .

18



Then we know that
2

* * * * * 2
ey (™) — ey (@) | = [leviy (") = ey (=) < 3 | =" — =7 Y
N
<12 30|19t - Vi)~ 19 i) = Vi)
Jj=1
N
< g Y |(Vhiw™) = Vfi(w") + Vfi(w") = V f;(w"))
j=1
* * 2
x (Vfi(w") = Vfi(w") = Vfi(w") + V f;(w"))|
N
w112
< K23 [V iiw®) — Vi (w) + ¥ fiw?) — ¥ (w") | "4L? w? — w?||
j=1
Since ||V fi(w®) = V fi(w™)|| < ||V fi(w*) = Vf;(w*)|| + 2L [|w" —
that
N
* (0 R * 112 2 R (|2 R (|2
oy (™) = ag(w*) | < 12> (209 i(w") = V5w +4L2 [Jw" — w*||*) 4L [0 — w||*.
j=1
O
With above lemma, to show the convergence of & to a*, we do the following decomposition
* 2 * * (12
- ag(wR)H +2 ag('wR) —ay(w")
N
* * w112 * 2
<2(1— o)™ + 252 Z (2 [V fi(w*) = V f;(w*)||* + 4L [w" — w*|| ) AL ||w® — w*||”.
j=1
Now it remains to show the convergence of Local SGD last iterate w™ to optimal solution w*. By
convention, we use w' = % Zf\;l w! to denote the virtual average iterates.
Lemma 4 (One iteration analysis of Local SGD). Under the condition of Theorem 1, the following
statement holds true for any t € [T:
T (|2 T *|[2 * T
E ||w L |7 <= E||Jw"" —w*||” = (2v - 49*L)E (F(w*) — F(w™"))
1 & 2 52
272 Tt Tt 2
+ (yL+2y°L )ﬁ;le —w" "+~ N
Proof. According to updating rule in Algorithm A1, we have the following identity:
2 2 1 &
r, * T, * * r,t
IEHw L || :]EHw t_w H —27E< ZVfZ w20, wht —w >+'72E N;Vfi(wi )
©))
2 1 &
=E ||w’ —w*|” -2y <N ;Vfl(w:t), w"! — w*>
T
2
+7°E iXN:Vf( chaA| + L (10)
v N 2 i(w; ™5 2 YN
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For T1, since each f; is L smooth and 4 strongly convex, we have:

N N
1 1
—27<N >V fi(w)h), ’wt—’w*> =—27<N > "V fi(w)), wt—w§+w§’t—w*>
i=1 .
< EVfZ —w +w —w*>

2

< 2ny Z (fl — fi(w™") — g let — w*

Due to Jensen’s inequality we know: —+ fv L5 |wk = w*H2 < =5 fw' — w*||2. Hence we

know:

N

1 T T * * T T

9y <N§ Vi) ), wht - w > <2y (F(w )= Flw™) = 5w -
=1

For 15, we have:

1 N
szfi(’w:’t)
1=1

2 L1 N
+ 33 2l

2

— 2E +2E ||V F(w")||?

N

1

N E qu(w:,t) — VF(’wT’t)
i=1

N
<212 SRl — w4+ 4L (Fw™)  F(w"))

Now, plugging 73 and 75 back to (10) yields:

E|jw™ ! —w*||* < (1 = py)E [t — w*||* = (27 — 49*L)E (F(w*) — F(w""))
+(yL+2 2LZ)iZ||w’fvt_wf‘v’f||2+ L
VL2 L )i Yy

O

Lemma 5. [50, Lemma 8] For the iterates {'wir’t} generated in Algorithm A, the following statement
holds true:

N
1 r —
~ Z lw; " —w"||” < 3BKy%6% + 6K242¢.
Lemma 6 (Last iterate convergence of Local SGD). Under the conditions of Theorem 1, the following

statement holds true for the iterates in Algorithm Al:

742

.12 w12
EJw —w|" < (1 = 7)™ E [[w” - w’| N

1
+ E(fyL +292L?%) (3K7%6% + 6K%42C%) +

Proof. We first unroll the recursion in Lemma 4 from ¢ = K to 0, within one communication round:

K-1

*

B o =

(1 —py)5E er,o —w
t=0

K-1 1N , Kol
+ Z (1— ) yE—t (YL + 292L%) — Z szt _wr,tH + Z(l —M’Y)K_t’ﬁ*
t=0 = t=0

Since we choose v < 5, we know Zfigl(l — u) B2y — 442 L)E (F(w*) — F(w™)) > 0.
Plugging in Lemma 5 yields:

1 52
E|lw? - w*||* = (1 - p7) " E |Jw° — w*|* + E(VL +29°L2) (3K+%6% + 6K%72¢?) + Z—N

20
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Algorithm A2: Shuffling Local SGD (One Client)

Input: Clients O, ..., N — 1, Number of Local Steps K , Number of Epoch R, Mixing parameter
&
Epoch for r =0,..., R — 1 do
Server generates permutation o, : [N] — [N].
Client sets initial model v™° = v".
for j=0,....,N —1do
Server sends v/ to Client o,.(j).
v+l = SGD-Update(v™, n,0,.(5), K, &).
Client i does projection: v"+1 = Py (v"N).
Output: v = v,
SGD-Update(v,n, j, K, o)
Initialize v° = v
fort =0,...., K — 1do
| ot = vl pa(j) NV (vt l )

Output v
Plugging in v = loﬁ(RiRKK) gives the convergence rate:
2
2 _ g (Elw’ -] 6’ ¢? 52
E||lwf —w*||" <O
oo™ = 0]} < ( rk "\ ek T ere) TNk )

which concludes the proof. O
Equipped with above results, we are now ready to provide the convergence of main theorem.

Proof of Theorem . The proof simply follows from Lemma 3:

& —a*|? < 2||& - a(w®)||* + 2 ||a; (w™) — ai(w*)|?

N

< 2(1 — pma)"™™ +8LK2Y (2 IV fi(w*) = V f;(w™)|* + 4L ||w™ — w*||2) [w? — w*

j=1

< 21— pma) ™ + 8Lk2 (2Gi(w") + ANL? [w® - w*[[*) [[w? — w* |

Plugging in the convergence of HwR —w* ||2 from Lemma 6, and the stepsize 1o = % for a yields:

- _ 2 2 2 2
Enaf‘—aanso(exp<—7j>+n3<i<w*m(D+H( 2 < )+ 0 ))
g

rE T\ 2reK T 2r2) T 2NRK

O

B.3 Proof of Convergence of Shuffling Local SGD

In this section, we are going to prove the convergence of proposed shuffled variant of Local SGD
(Theorem 2). The whole proof framework follows the analysis of vanilla shuffling SGD, but notice
that there are two differences. First, in vanilla shuffling SGD, in each epoch, algorithm only updates
on each component function f; once, while here we have to take K steps of SGD update on each
component function. Second, we are considering a weighted sum objective in contrary to averaged
objective in [56], which means we need to rescale the objective when we apply without-replacement
concentration inequality. Even though our algorithm solves models for N clients, for the sake of
simplicity, throughout the proof we only show the convergence of one client’s model. The algorithm
from one client point of view is described in Algorithm A2, where we drop the client index for
notational convenience.

Proposition 1. Assume a sequence {w'}X | is obtained by

w' = w'™ —paNVf(w' e, t=1 K

geeey 5
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then we have

t T+1 t T+1
w ! = w’ — (Z I]a- aNnHt«)> naNVf(w®) = > [ @ aNnHy)paNs', W0 <t< K -1,
T=01t'=t T=01t'=t

where §' := V f(w'; £') — V f(w'), and by convention, we define H?—:a A;=Tifa<b.

Proof. According to updating rule, we have:
w™ —w® = w' —w® —naNVf(w'; )
=w' —w’ — naNVf(w') — naNs’
=w' —w’ — naNVf(w’) — naN(Vf(w') — Vf(w®)) — naNé§'.

Since f is L smooth, and according to Mean Value Theorem, there is a matrix H, satisfying
uI < H; < LI, such that V f(w?) — V f(w") = H;(w® — w"). Hence we have:

w'™ —w® = (I -naNH,) (w' — w®) —naNVf(w’) — naNé§'.
Unrolling the recursion from ¢ to 0 will conclude the proof. O

The following lemma establishes the updating rule of models between epochs r and » + 1. For
notational convenience, whenever there is no confusion, we drop the superscript r in ¢”.

Lemma 7 (One epoch updating rule). Let v" and v be two iterates generated by Shuffling Local
SGD (Algorithm A2), then the following updating rule holds:

N j+1

L=o" —Z H I_Q] (QJva(J)( ") - 5)’

j=1j'=N
where

K—-1 71+1
(Z H (T-na(o ))NHtf)>77d(0(j))N,

7=0 t'=
K—-17+1

0j = Z H 7)) NnHy ) né(o(j ))N‘SZ(]‘),

T7=0 t'=t

by convention, we define H?: JAj=Tifa<b

Proof. According to Proposition |, we have

T7=0 t'=t

Plugging our definition of @; and §; yields:
o S0 =0 0 = Q,V (p)(07) — 8.
Following the same reasoning in the proof of Proposition | will conclude the proof. O

Lemma 8 (Summation by parts). Let A; and B; be complex valued matrices. Then the following
fact holds:

N-1 n

N
> AB;=Ay ZB > (A1 —An)) B
J=1 j=1 1

n=1 Jj=
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Proposition 2 (Spectral bound of polynomial expansion). Given a collection of matrices { A} and
{B.}, such that Ay < LI and B; =X LI, the following bound hold:

h h—1 m

[Ta-aa)-1<> (e(h_”> (aL)™,

: h " h—1 m h—1 m
[Ta-eay-T[a-mo| < Y (0) s X (22) oo
= t=l m=1 m=1

Proof. We start with proving the first statement. Expanding the product yields:
h—1

H(I—aAt —I+Z > IT A

t=l |S|=m,|S|C{l,...,h} m'E€S
Hence we have:

h h— h—1
H ( — CLAt -1 Z Z H Am’ < <hm l) (aL)m
t=l

m=1 |S|=m,|S|C{l,...,h} m'€S m=1
According to the upper bound for binomial coefficients: (hn:l) < (e(}:n_l)) , we have:
h—1 h—1 m
h—1 e(h —1)
m < m
Z<m>(aL)Z< >(aL).
m=1 m=1
Then we switch to the second one. Using the same expanding product yields:
h
H (I-adA,) - [[(@-0By)
= t=1
h— h—1
1= > Ao Y B
m=1 |S|=m,|S|C{l,...,.h} m'€S m=1 |S|=m,|S|C{l,...,h} m'eS
h—l h—l
h— h—1
< m m
(. ) 2 (W en
1 m=1
h—1 h—1 m
h—1 h—1
S (e( - >> D)™ 4 (e( >> —
m=1 m=1

O

The following concentration result is the key to bound variance during shuffling updating. The
original result holds for the average of gradients, and we will later on generalize it to an arbitrary
weighted sum of gradients.

Lemma 9 ([61, Theorem 2]). Suppose n > 2. Let g1,gs2, - - -, gn € R% satisfy ||g;|| < G for all j.
Letg = % Z?Zl g;. Let o € S, be a uniform random permutation of n elements. Then, fori < n,
with probability at least 1 — p, we have

1¢ _ 8(1— ) log 2
LS g -] < Gy L
i 4 i

7=1
Lemma 10 (Concentration of partial sum of gradients). Given a uniformly randomly generated
permutation o, and simplex vector v, if we assume each sup,cyy, ||V f;(v)|| < G, then the following
statement holds true:

Z vfo’(] r <G\/8n10g 1/p +7HV(I) )”
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Proof. The proof works by re-writing weighted sum of vectors to average of the these vectors:

n

> a(eli) Vi) =+ I 0NN frip ()

=0

n

=< [ Do aeGINV o (07) = nV(&,v") || + 1 || V(& ")

=0
n A T
< G\/Bulog(1/p) + 1 || V(& 0")]l.
O

Proposition 3 (Spectral norm bound of Q). Let Q; be defined in (11). Then the following bound for
the spectral norm of Q; holds true for all j € [N]:

1Q;1I < nélo(j))NK (L +nNL)*

Proof. The proof can be completed by writing down the definitin of ; and applying Cauchy-
Schwartz inequality:

K—-1 7+1
||Qj||||<z H (I-na(o ))N’Hto)néz(o(j))NH

7=0 t'=
K—-1 71+1
GIN Y H 1T = né(o(4))N'Hy)|
T7=0 t'=
K-1 71+1
GIN D H (14 né(o(§))N'L)
7=0 t'=

< né(o(j))NK(1 + nNL)
The last step is due to we choose 7 such that nN L < %
O

The following lemma establishes the bound regarding cumulative update between two epochs, namely,
v+t — v", In particular, Lemma | | below shows that: (a) in shuffling Local SGD, our update from
v” to v" ! approximates performing N K times of gradient descent with &/(j) NV fo(;)(v"), namely,
the bias is controlled, and (b) the update itself is bounded, and can be related to the norm of full
gradient.

Lemma 11. During the dynamic of Algorithm A2, the following statements hold true with probability
at least 1 — p:

(a)

2

2
€ AT
ZQ]vm nNKZ DV )| 10PN K? () I9ata,n)?

2
1282 N3 K2 ([ —S ) G2log(1/p).
+ 1287 (4R_e G~ log(1/p)

(b) for any N’ such that0 < N’ < N

N'—1
> QYo (") < 3enNK ([ V0(6, 0"+ G+/3N0g(1/p))
j=1
where
K-1 71+1
(Z H (I—-na(o ))N’HM) né(o(j))N. (11)
7=0 t'=
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Proof. We start with proving statement (a). Let A; = d(g(jj)) and B; = &(0(j))V for)(v7),
applying the identity of summation by parts yields:

N-1
ZQJVfG J)( )_ QN - ;O‘ va(J) ) <d(ac(2;:—ll)) - @(?(2))) . é‘(g(j))vfd(j)(vr

Jj=1

2

ZQJVfam nNKZ 7V Li(v

j=1
Q N-1 Q Q n 2
<9 # — NKI) v p +2 ( ntl — n ) Vi,
< ‘(a(a(N—l) " E F @) 422\ Gomr1) ~ e ) DT
T T2
According to Proposition 2, we have:
T+1 K—-2—1 m
~ . e(K—-2—71) |
[I a-meona) -1 < > (E=22D a0
t'=K-—1 m=1 m
Since we choose 77 < 4NKRL we have:
741 ) ‘ K—-2—71 e m e
H (I—na(o(j))NHy) — 1) < Z (4Rm) < 1R_¢o (12)
t'=K—1 m=1

where we use the fact that ZK 2=7 (4I§m)m < Zfi;f*T (ﬁ)m < ﬁﬁ. Hence we know:

2

Qn- S
T < ‘ <54(U(ZV—1)) _UNK:[) ;Q(J(J))Vfau)(v )
K—-1 741 N
(Z H (I—né(o 1>>NHtf)> —nNKI Z NV foiy(07)
=0 t'= j=1
K—-1]| 741 2| ~ ?
< 772N2K Z H (I—na(c(N —1))NHy) —1 Z Vfo‘(j) v")
7=0 [[t/=K—-1 Jj=1

vfa(g)( )

N

2
e
< 772N2K2 <4R—e)

Thus we have:
e

4R —

2

; Qni1  _ _ Qn .
For T5, we first examine the bound of Ao(ntD) ~ el

K—1 741 K—1 741
‘ (Z H (I - né(o n+1))NH,,) (Z H (I - néa(o NH,/)>77N

7=0 t'=

Qn+1 _ Q
alo(n+1)  alo(

e
b

K-1 71+1

H (I—na(oc(n+1)) NHt>

(TO t'=K—1

K-1 71+1 41

H I @-néae(n)NH,)
=K— K-1

- 2—T _9_ 7_) T

gnNKZI <K = nd(a(n))NL)T S 21 (WU&(a(n—Fl))NL)m).

=1 m=

(I—-na(oc(n+1))NHy) )

=0 ¢/ 0t'=
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where we evoke Proposition 2 at last step. Given that n < m we have:

K—-2—1

Qnir Q. Kol (K2er . . N
aloc(n+1)) a(o(n)) H <nN Z Z (4Rma(0(n))) + Z (ma(a(n—k 1))L>

m=1 m=1

a(o(n))e  a(o(n+1))e
<"NK<4R—6 TTIR ¢ )

where we use the reasoining in (12). Hence for y/75:

¢E<nNK§j<4é@”+dﬁgf?k>EZMdﬁwnmww

e "
j=1

N-1
<aNK—"— 3" (a(o(n)) + a(o(n + 1)) (G\/Snlog 1/p) +— | Vo (é )H)
4R — e ot
<
nNK4R - (G\/SNlog 1/p) + [|V®(&, v )||)

where at last step we evoke Lemma 10. So we can conclude T <
2n2N2K2( 2¢ ) (G28Nlog(1/p)+ ||vq>(a,w)||2). Putting the bounds of T and Th
together will conclude the proof for (a).

Now we switch to proving (b). Once again by the summation of parts identity we have:

N’ Q N’ N’—1 Q Q n
. X T :71\7/ ~ . . T n+1 o n ~ . )
2, V1000 = G50y 2, AUV Eer (07) = 2, (ot ~ a0em) 28V
Taking the norm of both side yields:
N’ Q N’
r . N/ . . r
;ijfa(j)(v) = W;G(U(J))Vfa(j)(v)
B
N’'—1 Q n
%Z<A"“ - )Z NV foiiy (07)
— \d(o(n+1)) & =
c
Plugging our developed bound for ||Q - || and HZQLII (d(?&tﬁl)) — d(?&))) H yields:
N’
Q ’
B< ~ ’ Z NV foii) (¥7)
<nNK(1+nNL)¥ (G\/SN’log 1/p) —&-—HV@ )||>
where at last step we evoke Lemma 10. And for C, we use the similar reasoning:
N'—1 Q n
< n+1 N
o< 3 | (et - st 2, 80D Vo) (v")
N'—1 n
< Y VK (alo(n+1)) + alo () (G/Enlog(1/p) + 1 V(e v")]|)
n=1

€
< 2NK=— (G/ENTog(1/p) + | Ve(a.v")])
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Putting these pieces together yields:

-
> QY o (@")| < 3enNK ([[VO(&,v7) | + G+/3NTog(1/p))
j=1

O

Lemma 12. During the dynamic of Algorithm A2, the following statements hold true with probability

at least 1 — p:
2

N-1 n+2 n
Z H (I — Qj/Hj/) Qn+1Hn+1 Z ijffr(j)(vr)
= j’'=N j=1

< 18eSpiNAKALA (||V<I>(oz,v")||2 + 8G2Nlog(1/p))

Proof. We first apply Cauchy-Schwartz inequality:

N—-1 n+2 n
Z H I-Q;yHy) | QuiiHpp Z Q;V foi)(v")
n=1 \j'=N Jj=1
N-—1 n+2 n
<M TT @=QiHy) | [1QuerHuial || Y Q5V foiiy (v7)
n=1 || \j'=N J=1
N—
<(1+9NK + ?N*KL)*" nNLK (1 +nNL)* Z ZQJVfU H(@")
n=1 j=1
N-1 n
<eNKL? Y alo(n+1) || Q;V i) (v")
n=1 Jj=1

We proceed by applying the bound from Lemma 11 (b):

D QiV ()| < 3enNK (HV@(&’UT)II +GV/8N log(l/p)) :

j=1
Therefore, it follows that:
N-1 n+2 n
ST aT-QiH;) | QuiaHur > Q;V fui) (@)
n=1 \j'=N j=1
N-1
< @NKL* Y a(o(n+1)) - 3enNK (||V<I> | + G /8N log(1/p) )
n=1

< 3632 N2K2 L2 (||v<1>(d,v’”)|| +G/8N 1og(1/p))
O

Lemma 13 (Noise bound). During the dynamic of Algorithm A2, the following statement for gradient
noises holds true with probability at least 1 — p:

N j+1
EINJ[a N8| < nNKe?s,
j=1j'=N
where
K—17+1
j = Z H I—OZ NnHt/)na( ( ))Néa(])
=0 t’'=t
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Proof. According to triangle and Cauchy-Schwartz inequalities we have:

N j+1 N j+1

> II a-@QiH))s; ZHHI—@ I

j=1j'=N

(1+ (o (G)NK (1 +nNL)¥)L)™ |16

<
I
a

Mz ‘Mz ¥

(1+ (na(o(G))NE 1+ nNLS)L)Y na(o(j))NK (1+gpNL)K §
N————’

<e <e

<.
I
—

< nNKe2(5.
O

B.4 Proof of Theorem 2

Proof. For notational convenience, let us define
N j+1

=> ] - QiH;)Q;Vf.;)(v"),

j=1j'=N
N j+1

=>_ II @-QyH;)s;

j=1j'=N
Then we recall the updating rule of v (Lemma 7):
v =Py (v —g" — ")

Hence we have:
E o™ — " (@) = E[[Pw (v" g~ 8" — v (@)

<E[v" —g" - & —v' (&)

<E|v" — v (&))" - 2E(g",v" —v"(&)) + Ellg"|* + E[8"|*

<E|v" — v (@)|]> = 2E(pNKV®(é&, v"),v" — v*(&)) — 2E(g" — pNKV® (&, v"),v" — v*(&))

+Ellg"|* +E 67"

Now, applying strongly convexity of ®(&;, -) and Cauchy-Schwartz inequality yields:

E[lo™*! —v*(&)]* < (1 - imNEE [o” - v*(&)[* ~ nNEKE[® (6, v") — B(é, 0" (&))]

1 ]. r ~ (12 T k(A 2
+ 5 (Bl — N6, ) + iV KE - o' (@)1?)
+Eg"” +Eo7*
1 r ® (A AT Aok (A
< (1 SunNKE o —v(&)]* - iNKE[@(@, o) ~ B(,v"(&))]

+ Ellg" — nNKV®(&,v")|?

1
2unN K
+2E|g" — nNKV®(&,v")||* + 2E [nNKV®(&,v")||> + E ||67|*.

Since ®(, -) is L smooth, we have: E | V®(é&, v")||* < 2LE[® (&, v") — ®(&, v*(&))]. Therefore,
we have:

41 PNIE 1 r kA2 2 A72 72 Ao A wfa
E [+ — (&) < (1 — 2 NEE|Jo” - v*(@)[* — (VK — 42N2K2L)E[®(c, v") — D(é, v*(&))

2
13)

1 2
— 4+ 2| E|g" —nNKV®(&,v")||2+E|67]°. 14
+ (g +2) Bl VK V(a0 + B[] (14
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Now, we examine the term ||g" — nNKV®(&,v")|?. First according to summation by part

(Lemma 8) by letting A := Hg,‘:N(I —QjyHj)and B; = Q;V f,(;)(v"), we have:

N j+1
g => ] @-Q;H;)Q;V (v
j=14=N
N-1 n+2 n+1 n
= ZA B; = ZQ]VfU(J) > ([[a-@m) - [T @-QyH;) | > Q;Vi)
n=1 \j'=N j'=N j=1
N-1 n+2 n
= Z QiV (v [[1a-QiH,) | QuaHun > Q;V s
j=1 n=1 \j'=N j=1

Hence we have:
lg" —nNKV®(&,v")|?

N-—1 n+2 n
nNKZ IV foii (v (Z QiV s =Y (H (1- ijHm) Qn+1Hui ZQMM(M))
/=N

Jj=1 n=1 Jj=1

2

2 2

+2

< NKZ INV foiiy(v ZQJVfom( ))

Jj=1

n=1 \j/=N

N—-1 n+2 n
> ( I]a- Qj’Hj’)> QuiHui1 Y QY foj(v)
j=1

(2) 2 2
2 (20172N2K2 <4Rie) +3666774N4K4L4) V(o) 4 2360 N K () G los(1/)

+ 244¢€°n* N*K*L*G* N log(1/p)

3) 2
< (20772N2K2 <4R6_ e) + 3666774N4K4L4> 2L (®(&,v") — B(A, v (&)))

2
+ <244e6774N4K4L4 + 256n° N° K> ( i Re_ e) ) G*N log(1/p),

where in (1) we apply Jensen’s inequality, in (2) we plug in Lemma 11 (a), and Lemma 12, and in (3)
we use the L-smoothness of ®. Plugging above bound back in (19) yields:

E HvTH — v (&) ’2

< (1= SunNE)E [0 — o ()] + P N2 K22

. AN 2T 1 2 A2 72 627 6 4dpardp-drd AN (A k(A
<77NK An°N°K°L (72M77NK+2) (2077NK (4R—e) 36e’n"N"K"L E[®(&,v") — (&, v (&))]

T

1 6 Anrdp-4rd 2 73 -2 € 2 2
+ <2W7NK+2) (2446 NN K "L" 4+ 256n"N°K (4R—e) )G Nlog(1/p).

4log(VNKR)
uNKR

40
R > max { (M + 1) e,16log(VNKR), 64/{10g(\/NKR)} ,
we know that 7 < (. We thus have:
E|v" ! — v* (&) ’2

1
< (1= mNEE o —v"(&)|* + ° N2K?e's?

Since we choose 7 = , and large enough epoch number:

1 e 2
— 492 | 2448 NA*KAL* + 2561> N3 K2 G?N log(1
+<2MNK+ ) ( e’n + 2561 1R —c og(1/p)

29



Unrolling the recursion from r = R to 0:

E|[o - v*(&)|

<(1- %;mNK)RIE |0 — v*(d)”2 + %77]\71(6452

2
1 1 e
o ————— +2) [ 488e53 N3 K3 LA + 512nN2K G?N log(1/p).
o (2,u77NK+ ) ( e’n + 5127 1B og(1/p)

Plugging in our choice of n will conclude the proof:

(E —or (@) 62 (LY N\ L,
< N log(1 .
_o< v b S (B ) eV o

E H’UR —v*(&) ’2

Finally, according to Lemma 2 we can complete the proof:

ANG?
(e, v;) — (o), v]) < 2L H’UZR — v*(dz)H2 + <2/{§DL + LG ) |&; — oz*||2

~ ( LD? L§? L*+ N 5
<
O(NKR2+M2R ( R >LG Nlog(l/p))

. T _ D k(2 52
2 o 27 w2 [ P70
*ralO (exp ( ng> *rglwE (RK Tt u?NRK)) /

where we plug in the convergence result from Theorem | at last step. O

C Proof of Convergence of Single Loop Algorithm

In this section, we turn to presenting the proof of single loop PERM algorithm (Algorithm 2) where
the learning of mixing parameters and personalized models are coupled. Compared to Algorithm A2,
here during the optimization of model, the mixing parameters are also being updated. As a result,
we need to decouple the two updates which makes the analysis more involved. We begin with some
technical lemmas that support the proof of main result.

C.1 Technical Lemmas

Proposition 4 (Basic Properties of SGD on Smooth Strongly Convex Function). Let w! to be the
tth iterate of minibatch SGD on smooth and strongly convex function F', with minibatch size M and
learning rate . Also assume the variance is bounded by §. Then the following statements hold true
after T' iterations of SGD:

T2 T 0 X 2vK6?
E[VF(w)]* <2L(1 = py)" (F(w”) = F(w")) + — (15)
3 2 252
Elw™! —w'||? < 29y°L (1 — p)" (F(w®) — F(w*)) + 27]\;6 + 7z\;S (16)
Ellw” — w*||* < 2 1 — )" (F(w®) — F(w*)) + 2y " (17)
L p2 M

Lemma 14 (Bounded iterates difference of x). Let {a} be iterates generated by Algorithm 2, then
under conditions of Theorem 3, the following statement holds:

r_ r—1)2 7i fe 27127~ * 2 o T 0y *
ot~ o P 6 (1= 1) T4 0 (223G w) (2L - ) (F) - Pt + T+ 2

")/3 I<L52 ,72 52 )
g9

Proof. Define

2 = [IVfi(w) = V@ o [V filw") = V()]
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According to updating rule of a in Algorithm 2 and Lemma 3 we have:

o} — a2 < 3llaf — ag, (w")[* + 3|ag, (w ) = ag, (w")]|” + 3llag, (w ) - af 72
< 6(L = pgma)"™ -+ 3o (w7 o, ()]
<601 = ) + 302 |57 —
N
§6(1—ugna)T"‘—l—?mgz||Vfi(w7')—ij(wr)—|—Vfi(w ) V fi(w H 4L2||w —wT_IH2
where the third inequality follows from (8). Since [V fi(w") = Vfj(w")|| <

IV fi(w*) — Vfj(w*)|| + 2L ||w" — w*||, we can conclude that
lof — e M1 < 6(1 = prgna) ™

N
+121262 > (819 filw") = Vf; (w")|* + 812 [lw” = w*|* + 812 [[w" ™ — w0 ||*) [Jwo” — e

1\ 2727 r712
§6<1) 40 (R2E2 () " — w )

Kg

Te
<6 (1 - 1) 10 (L2 (w) <72L (1= p) (F(w®) — F(w") +

Kg

where at last step we plug in Proposition 4 (16). O

Lemma 15 (Convergence of o). Let {&;} Y| be the mixing parameters generated by Algorithm 2.
Then under the conditions of Theorem 3, the following statement holds:

~ * (12 1 Tea 2 * 2 2 T 62 .
s — e[ < 2(1 = )" +0 (wpG(w )L - (1= ) + 2y ) i € N]

g

Proof. We notice the following decomposition:

e — o[[* = [|exft — e (w")]"
< 2ot = e + 2 e, (") =, (w0
<2(1- ;)Ta +0 (82 (Glw") + NI? [ — w*|[*) 4L ™ — w"|*)
<2(1- 2y +0 (WG 2 - ) o)
Kg I w2M
Xl;f):.re in the second inequality we apply Lemma 3, and in the third inequality we use Proposition []4

C.2 Proof of Theorem 3

Proof. According to Lemma 2, we have:

ANG?
d(af,v;) — Plaf,vf) < 2L H’UZR — v*(di)H2 + (QHéL + T ) & — 04;*||2 )
We first examine the convergence of ||v —v* (& )|| Applying Cauchy-Schwartz inequality yields:

1 .
o™ — o (@) < (1 n 4> [0 — o (@2 + (1 + da — 2) o (@) — v* ()|

1
< (14 g ) 07— 0@ (14 0= 2) il — o'
(18)
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where a = unﬁ and last step is due to that v* () is ke =
. Similar to the proof of Theorem 2, we first define

]l € Lipschitz, as proven in Lemma 2

N g1
g’ = (I-Q;H;)Q;V foisy(v"),
j=1j'=N—1
N4l
om=>" ] (1-Q;H;)s;
j=1j'=N-1

Then we recall the updating rule of v
=Py (0" —g" — 87).
Hence we have:
E v+ —v*(a)|* = E[|Pw (0" — g — 8" —v* ()]
<Efv —g" -6 —v*(a)|
<E|o" — v* ()] - 2B(g", 0" — v* (@) +E|g"||* + E |6"
<E|v" —v*(a)|? = 2E(NKV®(a’,v"),v" —v*(a”))
—2E(g" — pNKV(a,v"), 0" — v () +E g |> + E &7
Now, applying strongly convexity of ®(a", -) and Cauchy-Schwartz inequality yields:

E o™+ —v*(a")|* < (1 - jimNEE [ — v*(@")[* = gNKE[®(a”,v") — B(a’, v*(&))]

1 o" 2 T *(AN|12
+ 5 (Bl — INKTR(@, ) + eV KE - o' (@)
FE (g7 +E (87

< (1= GuaVE ) B1" - v (@)l - INKEIB(a",0") - Blav" (@)

+

1
E|lg" — nNKV®(a”,v")|?
N Elg = (" w7

+2E|lg" —nNKV®(a’,v")|* + 2B [[nN KV (a”,v")||* + E |57
where in the first inequality we applied Cauchy-Schwartz inequality and strongly convexity. Since

®(a”,-) is L smooth, we have: E |[V®(a”, v")||* < 2LE[®(a”,v") — ®(a”, v*(a"))]. Therefore,
it follows that:

E|v" —v*(a&)

1 2
2 ) Ellg" —nNKV®(a”,v")||* + E||6" 19
+ (g +2) Elo” VK Va(ar o)+ E[67) 19)

Now, we examine the term ||g" — nNKV®(a”,v")||? in the right hand side of abovee inequality.
First according to summation by part (Lemma 8): we let A; := HJ —n_1I—Q;H, ) and

B; = Q;V f,(;)(v"), then we have:

1
2 < (1 - QHnNK) E 0" — o* ()2 — (INK — 42 N2KL)E[B(a’, o7) — B

N j+1
g _Z H I_Q] ijfU(J ( )

j=1j'=N
N N N—-1 n+2 n+1 n

=> A Z iVip@)=> | JTa-QyH;) - [ @-Q;H;) | Y Q;V s (v")
Jj=1 Jj=1 n=1 j'=N j'=N Jj=1
N N-1 n+2 n

=3 QiVipn@) =Y | [ @-QiH;) | QuirHni1 > Q;V foijy(v7).
j=1 n=1 \j'=N j=1
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Hence we have:

lg" = nNKV®(&,v")|?

N  j+1 ?
= nNKVq)a v" Z H I_Qj ijfa ( )
j=1j'=N—-1
N—-1 n+2 n
= WNKZ INV fo (i) (v ZQ;VJ‘U(J (v") - I T-QiH;) | QuiiHort > Q;Vfo(v7)
n=1 \j'=N

=0

(1)
<2 ’I]NKZ Vfg(j) Zijfa )

j=1
2
N-1 n+2 n
Z H (I - Qj/Hj/) Qn+1Hn+1 Z ijfo(j)('vr)
n=1 \j'=N J=1

< (20772N2K2 (4Re> +36e6n4N4K4L4> V@ (&, v")||” + 25602 N3 K2 (4;) G?log(1/p)
— € — €

+ 244e5n* N*K*L*G?* N log(1/p)

(3) 2
< <2on2N2K2 (4;_ e) + 36e6n4N4K4L4> 2L (B(&, v") — B(é&, v*(&)))

2
+ (24466774N4K4L4 + 25602 N K2 <4;_e) ) G2N log(1/p)

where in (1) we apply Jensen’s inequality, in (2) we plug in Lemma |1 (a), and Lemma 12, and in (3)
we use the L-smoothness of ®. Plugging above bound back in (19) yields:

E o —v* ()
1
<(1- 5/¢77NK)IE [o" — v*(a")||” + n? N2K2e16?

2
1 e
— [ nNK — 4n?N2K?L — 2) [ 200’ N2K? | ——— ) —36e5niN*KALA
(77 K (Q,unNK * ) ( K 4R —e o

x E[®(a",v") — ®(a”, v (a"))]

2
1 e
2] | 244 NA KA L* + 256> N3 K2 2N log(1/p).
+ <2unNK+ ) ( en + 256m 17— G“Nlog(1/p)

. 4log(VNKR
Since we choose 7 = %, nd

2 6
R g . \/ 64r log(gx/NKR)e
i

33



hence we have:

E[lo! = v*(@)]

1 1
<(1- i/mNK)IE v" — v* (a")|? + 2 N2K?e*6? — §nNKE[Q>(d7UT) — P&, v (&))]

>0

1 . e 2
— 492 | 2448 N KA LA + 2560* N3 K2 | ——— 2N log(1
+<2m7NK+ > ( e’n + 2567 1R G-Nlog(1/p)

1
< (1 - 2,u77NK> E|[v" — v*(&)|]° + n* N2 K2e's?

2
1 e
2) [ 2448 N*KALA + 25602 N3 K2 G?N log(1/p).
+ <2MNK + ) ( e’n + 2567 1R og(1/p)

Putting above inequality back to (18) yields:

1
H,errl . v*(ar+1)||2 < <1 . 4@) H,Ur o ’U*(OLT)HQ + 2772N2K26452 + (1 4+ daq — 2) Hgb||a7‘+1 o ar”Q

2
1 6, 4nrdprdrd 2 A3 172 € 2
2 <2W]NK —|—2> (2446 n"NK"L* 4+ 256n"N°K 17— G*=N log(1/p)

1
S (1 _ 4) H,Ur —U*(QT)HQ +2’I72N2K26452
a

1 . e 2
2 ——— + 2 | 2445 * N*KAL* + 25612 N3 K2 2N log(1
(5o + )( e 256 ) ) &N ow(1/m)

i e 3,52 252
o b 2725 (o0 2 _ r V2K V26
© (,tmNK ((1 Kg) + rg L°Gi(w )(’Y L(1—puy)" DG+ M + 7 )))

where at second inequality we plug in Lemma [4. Unrolling the recursion from r = R to 0, and

plugging inn = %;;RS) yields:

[o" = v* ()|

R
1 1
< <1 - 4,u77NK> [[v0 — v*(@%)|? + —nNKe*s?
W

2
1
. <2w7 7 T 2) (24466773N3K3L4 + 2560 N2 K ( 2 Re_ e) ) G2 N log(1/p)

< fimr Ta 3,52 252
- _ 1 1 2727 ey (27 (1 T Vird? %S
o (unNK Z:O <1 4a> <(1 ng> + g LG (w )<7 L(1=py)" DG+ ——+

[0 = o (@2 A (K N\ I
O( NERS +0 R2+u2R2 GNlog(l/p)-i-uR

R , R—r T, ,
19, 410g(l KR Ly = r V32 252
+ Rk2 1-— 1-— + K2L2G(w*) (2L (1 — DG + +
< ““’T_()( R Kg gL "G(w?) | VL (= ) DG M M
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log(NKR )

Plugging in v = yields:
. v —v*(a)|? ~ ([ K* N 52
o - vt <0 (Lol ) w6 (5 + 0 ) eoviosta/n + 27 )

+0 <H(2DR< 2L2Z< ngKRB)) ko L?G(w*) DG

% (1 sl ) ((l SO f@?/m;?*w»)

D? k4 N 5 52
< —_— —_—
_O(NKR3)+O(<R2+ 2R2>GN10g(l/p)+uR>

B 2 ,.2 2L2_i DG T 2 2_1' )52
Lo Ry Gi(w”) AR (1 _ 1) o Feh QC (w2)
R Kg MR

R

Since ©; = v and &; = !, we have the convergence of ||5; — v*(é;)||*. Plugging this conver-
gence rate together with the convergence of ||&; — a*||? from Lemma 15:

1 . 2 62
Yot l2 < Y 27 (0 a\722 (1 \R
& — ™" <O [ 2(1 - )+ O | KyGi(w™) L M(l ) +27u2

g

- 1\’ . 221 &

together with applying Lemma 2 leads to:

) ANG?N , . .
Blat ) — Blat,v]) < 2L |16 — v (6| +(2néL+ )||ai—ai||2

L
LD? ~ kAL NL L6
<O\ —== O\ | —= G*Nlog(1 —
- (NKR3)+ <(R2 +M2R) 4 /p)+uR>
273 T 2 2,27 (o) 52
- [ KgK*RIL G (w*)DG 9 o 1\ Legrgre?Gi(w*)d
L 1——
+O< R +K’¢> R Ky + IJ,QM

ANG?\ = 1\ K2 (w*)kL 52
263 L 1—— g
—I—( kol + i )O(( Kg) + 7 +p3RM

LD? ~((K‘L  NL\ ., L&>
< = =
O(NKR3>+O<(R2 + 211%2)(}'N10g(1/p)-|-’UR>

40 <mq)/£ “2L3Cz( DG (I,LRz (1 B 1)Ta N L%%Em}@(m*)&) .
R Kg M

thus completing the proof. O
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