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Abstract

Federated Learning (FL) is an increasingly popular machine learning paradigm in
which multiple nodes try to collaboratively learn under privacy, communication and
multiple heterogeneity constraints. A persistent problem in federated learning is
that it is not clear what the optimization objective should be: the standard average
risk minimization of supervised learning is inadequate in handling several major
constraints specific to federated learning, such as communication adaptivity and
personalization control. We identify several key desiderata in frameworks for
federated learning and introduce a new framework, FedMix, that takes into account
the unique challenges brought by federated learning. FedMix has a standard finite-
sum form, which enables practitioners to tap into the immense wealth of existing
(potentially non-local) methods for distributed optimization. Through a smart
initialization that does not require any communication, FedMix does not require
the use of local steps but is still provably capable of performing dissimilarity
regularization on par with local methods. We give several algorithms for solving
the FedMix formulation efficiently under communication constraints. Finally, we
corroborate our theoretical results with extensive experimentation.

1 Introduction

Federated Learning (FL) aims to enable machine learning in the decentralized setting while respecting
data privacy. Application domains of federated learning include healthcare, learning language models
for virtual keyboards, and speech recognition (Kairouz et al., 2019). The promise of federated learning
is that by participating in a distributed training process, clients can learn better machine learning
models than they can using only their own data. The main cost in using federated learning over local
training lies in the network bandwidth used for the distributed training process. Hence, federated
learning must be flexible enough to provide a benefit to users without a prohibitive communication
cost. The standard formulation of FL is to cast it as an optimization problem of the form

min | £(2) € LS fi(@)] (ERM)
zER i=1

where f; is the loss function on client i. Thus, the goal of classical FL is for the n clients to collab-
oratively learn a single model, z* = argmin f, to be deployed on all clients. Recent development
shows that using a single model for all clients can be severely detrimental to individual performance
on many clients (Yu et al., 2020), defeating the purpose of joining distributed training. Furthermore,
(ERM) offers no clear tunable knobs that can accommodate constraints on the network bandwidth.

* The framework developed in this paper will be renamed from FedMix to FLIX in subsequent versions to
distinguish this work from concurrent publications.
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Figure 1: Test accuracy of FedMix model for different personalization parameter values, FOMAML
and Reptile. o; = « is set to the value indicated on horizontal axis. FOMAML and Reptile are
independent from the personalization parameter «.. Plots correspond to different data splittings.

Can we find a formulation for federated learning that is flexible enough to accommodate the needs of
federated learning, yet also solvable using standard methods?

1.1 Key properties of the FedMixture framework

Our main contribution is FedMixture, a novel and flexible formulation for federated learning: define

L ) def .
a; > 0 to be the personalization parameter for node i, and let x; = mingcga fi(x) be the local
solution to the i-th objective— note that z; can be found by solely running a local optimizer, and hence
computing it requires no communication at all. The FedMixture problem is

min f(z) &1 fj filaaz + (1 — ) 24). (FedMix)

Once we find a solution z, of sufficient quality for (FedMix), we deploy T;(z.) = a;x.+(1 — ;) x;
on node ¢ as its final personalized model. We now enumerate some of the key properties of (FedMix):

« Efficiently solvable as a finite-sum problem. (FedMix) preserves the standard finite-sum for-
mulation of empirical risk minimization. Moreover, it preserves problem structure: we show (in

Section 3) that when the f; are smooth (and/or convex), f is also smooth (resp. convex).

* Adaptive to communication constraints. Communication efficiency is an important concern
in federated learning, as often bandwidth is valuable and limited (Kairouz et al., 2019; Kone¢ny
et al., 2016; Li et al., 2019). Computing x;, a precondition to solving (FedMix), requires no
communication at all, and can be done purely locally on node 7. If a;; = 0, then no communication
at all is needed to compute the personalized model T;(x, ). By varying «; between 0 and 1, we
can control the amount of communication needed to compute 7;(z,). We show (in Section 3)
that given a communication budget of R steps, we can find parameters «; that allows us to solve
(FedMix) in no more than R communication steps.

¢ Adaptivity to personalization. Our end-goal in federated learning is to generalize well on
each client: this means that the solution deployed on node ¢ should be tailored to its local data
distribution, which may differ from the data distributions on other nodes. In FedMix, varying «;
enables us to amplify or reduce the effect of other objectives on the solution deployed on node :.
In situations where the data on all of the nodes is sufficiently heterogeneous, we set «; to be small
and the effect of other data on node ¢ will be neglibile. On the other hand, when the data on the
different nodes is related we may set «; to be closer to 1. We observe a benefit to varying « in this
manner in practice: Figure 1 shows the effect of varying the «; on real data (see Section 4 for the
details and for other experiments).

FedMix fills a gap that is unsatisfied by existing methods. To the best of our knowledge, there is
no other method for federated learning that is efficiently solvable via standard algorithms and also
adaptive to communication and personalization constraints, and indeed both constraints are important
in practice (Li et al., 2020). We believe the key properties we enumerate can also serve as natural
desiderata in the development of new formulations and methods for federated learning.



1.2 Related work

Personalization has garnered significant recent interest in federated learning as personalized models
often perform well in practice compared to non-personalized models (Jiang et al., 2019; Yu et al.,
2020). FedMixture is a model mixture method: the personalized solution is a mixture of a global
model and a local model. In recent work, Deng et al. (2020) and Mansour et al. (2020) propose
model mixture methods and prove their statistical benefits, while Zec et al. (2021) introduce a similar
formulation based on the mixture of experts framework. Unfortunately, we show in the supplementary
material that, from the perspective of optimization and without additional data, the formulations in
all three works are trivially minimized at the local minimizers x1, ..., x,. An alternative to model
mixing is mixing in function space, where we optimize a mixture of objectives rather than a model
mixture. This mixture is often constructed to control model variance: examples of this approach can
be found in (Dinh et al., 2021a;b; Hanzely and Richtarik, 2020; Huang et al., 2021). In FedMix, we
take the model mixture approach as it allows us to use pretraining to better solve the problem while
still regularizing model variance (see Section 2.1). A parallel line of work applies meta-learning
methods like MAML to federated learning (Fallah et al., 2020a; Jiang et al., 2019): in Section 2.2 we
motivate FedMix by taking MAML as our starting point. Chen et al. (2021) discuss the statistical
limits of personalization and show that either solving empirical risk minimization or local training
is optimal, depending on certain problem parameters; However, as of yet there is no single optimal
adaptive algorithm (from the statistical perspective). There are several other techniques in federated
learning that can be combined with our approach for better results, such as clustering (Sattler et al.,
2020) or robust optimization (Reisizadeh et al., 2020).

2 The FedMix formulation

In this section we reintroduce and motivate the FedMix formulation in detail. We define the FedMix
objective as

N n
flaan, . aman, .o x) € LS filam + (1 — o) a), (1)
=1

where «; € (0,1) is the personalization coefficient for node 7 and x; is the minimizer of f;, for all

1 =1,2,...,n. We will use f(x) to refer to the objective in (1) when the «; and z; are clear from
the context. The FedMixture problem is then

- n

min, cga | f(z) = 1 3 filaiz + (1 — i) ;)| - (2)

Let o = [, . .., ap] be the vector of the personalization coefficients. If . = x.(«) is a solution
of (2), we call T;(z; o, ;) = s + (1 — o) x; the deployed solution on node i. Like with f, we
will refer to the deployed solution on node i as T;(x) when x; and «; are clear from the context.

2.1 Motivation 1: from Local GD to FedMix

The most popular algorithm for solving federated learning problems is the Federated Averaging
algorithm (Kairouz et al., 2019), also known as Local (Stochastic) Gradient Descent (Local GD/SGD).
Local GD alternates steps of local computation on each node with steps of communication and
aggregation. More concretely, the Local GD update is:

s 2t — VY fi(zh) ift mod H#0 3)
LAY [2i =4V fi(al)] ift mod H=0'
where H is the number of local steps. Early papers on federated learning (such as e.g. (Konecny et al.,
2016)) motivated local methods as communication-efficient ways of solving (ERM), but subsequent
theoretical development reveals that local methods are, in fact, quite bad solvers for (ERM) whenever
there is significant statistical heterogeneity among the clients (Woodworth et al., 2020). Moreover,
Pathak and Wainwright (2020) show that for the linear least-squares problem, Local GD converges to
a different point than the minimizer of (ERM). More generally, the fixed points of Algorithm (3) can
be very different from the minimizer of (ERM) whenever H > 1 (Malinovskiy et al., 2020). Hanzely



and Richtdrik (2020) show that a mild variant of Local GD can be interpreted as SGD applied on the
nd-dimensional regularized objective f) defined by

def n n 2
w2 filw) 5 2 s =9l )
1= 1=

f)\(ylayQ; ce 7yn) =

where y = % Z?:l y; 1s the counterpart of  in (ERM), and where A is a regularization parameter
determined according to the number of local steps. Objective f) is the summation of two terms:

the first asks that each node ¢ finds a solution y; that minimizes its local objective well, while the

regularizer ¥(y1,...,Yn) = % oy — QH2 forces the solutions 1, y2, . . ., Y, to be close to

their average 3. Hence, Local GD incentivizes finding personalized solutions y1,ys, . . ., Y, that
have small population variance. Hanzely and Richtérik (2020) note that as the A parameter varies
between 0 and oo, the solutions found by Local GD interpolate between the pure local optimal models
(i.e. x; = argmin, f;(z)) and the solution of the global problem z, (the minimizer of (ERM)).
We observe that the solutions y1, . .., y, found by Local GD are an implicit mixture of the local
minimizers z1, . .., x, and the global empirical risk minimizer z,. Rather than seeking an implicit
mixture of the local and global optimal models, we instead propose to find an explicit mixture of the
local optimal models and a global model: given any global model x (not necessarily the empirical
risk minimizer), we choose coefficients oy, s, . . ., o, (all between 0 and 1) and then deploy on
node ¢ the mixture

Ti(z) = az + (1 — o) @y, ®)
we may then choose z as the best such global model by explicitly solving the optimization prob-
lem nenRr}l L5 fi(agz + (1 — a;) @;), and this is exactly the FedMix formulation. Observe that

4 i=1

coefficients oy, ao, ..., a, should regularize the population variance of the deployed solutions
Ty (z), To(x),. .., Tn(x), as in local methods. We show this rigorously for equal «; in Proposition 3.
Our development thus leads us to a natural framework that captures the strength of local methods
while also satisfying the desiderata specified in Section 1.1.

2.2 Motivation 2: from model-agnostic meta-learning to FedMix

We now motivate FedMix differently by starting with personalization via fine-tuning. The ordinary
formulation of the federated learning problem (ERM) asks for a single global model to be used on
all clients. If the clients are sufficiently heterogeneous, a single model may perform badly on many
of them (Jiang et al., 2019). Personalizing a global model to each of the users’ custom data is often
beneficial in practice; For example, Wang et al. (2019) study the benefits of personalizing language
models for a virtual keyboard application used by tens of millions of users. They observe that a
sizeable fraction of the users benefit from personalization. Personalization is often done in two steps:

Step I: initial model training. Find a “good” global model gjobal.
Step II: fine-tuning. Personalize the global model xg1,1a1 On each client to get the personalized
local models x;.

Methods that fit this framework are known as finite-tuning approaches: they include the model-
agnostic meta-learning (MAML) family of methods (Finn et al., 2017). In addition to its practical
popularity, recent theoretical investigations reveal that fine-tuning approaches, such as MAML, are
also benefical from a statistical perspective (Chua et al., 2021; Fallah et al., 2021). In MAML, we find
Zglobal Dy Optimizing for the loss after a single step of gradient descent, i.e. the MAML objective is

n

Find  Zgiopal € argmin = 3 fi(z — vV fi(w)), (6)
rERI =1

where 7 is a given stepsize. Once Zglobal is found, we may then fine-tune it by running gradient
descent for a number of steps on each node ¢ locally using its own objective f; (Finn et al., 2017).
To gain further insight into what fine-tuning is doing, we now consider the case when each f; is a
quadratic function. Because this problem is amenable to analysis, several authors have used it to
study the theoretical properties of MAML (Charles and Kone¢ny, 2021; Collins et al., 2020; Gao and
Sener, 2020), and we follow in their footsteps. Assume that each f; is a quadratic function, suppose
that we have some initial global model x°, and we fine-tune it by running gradient descent for H
steps on node i: the next proposition shows the final iterate is a matrix-weighted average of the initial
solution and the optimal local solution:



Proposition 1. Suppose that we run gradient descent for H steps on the quadratic objective f; =
%IT/L;:E — bl + c starting from x° with stepsize y > 0. Suppose that the stepsize satisfies 7y < L%,
where L; = Amax(A;). Then the final iterate xf{ can be written as

:17{{ = (I— JzH) z; + Jf{xo,

where x; minimizes f; and J; € R4*4

Amax(J) < 1.

is a matrix with maximum eigenvalue smaller than 1, i.e.

The proof of Proposition 1 and all subsequent proofs are relegated to the supplementary. Plugging
the result of Proposition 1 into Equation (6), observe that in MAML we find the initial model 2" by

solving the problem min LS fil(I = Ji)z; + J;z). Hence, MAML is optimizing for a specific
zeR i=1

weighted average of the initial model z° and the local solutions x1, xo, . . ., ,. We thus propose
to dispense with the specific matrix J; and instead optimize an average weighted with an arbitrary

n
constant a;: min LS fileix + (1 — o) 2;), and this is exactly the FedMix formulation. Observe
zeR® 7 =1

that by properly normalizing or whitening the data and tuning «; we may accomplish a similar
effect to multiplying by J# for any H. This gives FedMix a new interpretation as an approximate
generalized MAML, where we optimize the global model for performance after potentially many
gradient descent steps rather than just a single step.

3 Theory and algorithms

In this section we aim to develop algorithms to solve (FedMix) in a communication-efficient manner.
Before discussing concrete algorithms, we study a few algorithm-independent properties of (FedMix)
that will come in handy for understanding the formulation and proving convergence bounds. The
following proposition shows that the formulation preserves smoothness and convexity. This is in
contrast, for example, to MAML, where the objective may be nonsmooth (Fallah et al., 2020b).

Proposition 2. Suppose that each objective f; is L;-smooth. That is, for any x,y € R? we have
IV fi(x) = Vfi(y)|| < Li||x — y||. Then the FedMix objective f defined in (1) is L-smooth for

L, Y % S a?L;. If each f; is convex, then f is also convex. If each f; is u;-strongly convex,
~ . d

then f is o, strongly convex for (i, :ef% S o2 ;.

Our next result offers some insight into the variance-regularizing effect of the ay;: in particular, when

all the o; are equal, increasing « in (FedMix) directly decreases the variance of the deployed local

models from their mean. As discussed in Section 2.1, this is a key property of local descent methods

that the FedMix formulation captures.

Proposition 3. Suppose that o1 = ay = ... = «,, = f in the FedMix formulation (FedMix). Let
Ty (x), To(x), ..., T, (z) be the deployed models defined in (5). If y1, . . . , yn, are vectors in R and y

n
is their mean, we define V (y1, . . ., yn) as the population variance V (y1, . . ., Yn) & % Sy — ngQ.

i=1

Then, V(Ty(z), To(z), ..., Tn(z)) = (1 = B)° V (1, 32, ..., 20).

One-shot learning is a learning paradigm where we may use only a single round of communication
to solve the federated learning problem (Guha et al., 2019; Salehkaleybar et al., 2019). When the
personalization parameters are small enough, we can provably solve the FedMix problem with a
single round of communication by computing a certain weighted average of the local solutions
T1,L25.-.,Tp.

Lo , ~ d .

Theorem 1. Suppose that each objective f; is L;-smooth, let L = % >oi_ ) L;. Given the pure local
. def & def o2L; def 1 &

models x1, %o, ..., Xy, define the weighted average x*'® Y > wixs, w; Y i”LLl s L, Y % S a?L;.
i=1 “ i=1

. r N
We further define the constants D =4 . mmax » lz; — x|, and, V =4 S wil|a; — 2™E||°. Fix
=1, n, i

any € > 0. Assume that either max;—i, . p0q; < \/Z/\/ IiD, ora; = P forall i and <
V2e/V LD. Then ™% is an e-approximate minimizer of (FedMix).

i=1



For «; larger than this, we need more communication rounds. In the next subsection, we describe
how distributed gradient descent can be used to solve the problem.

3.1 Distributed gradient descent

The simplest approach to solving (FedMix) is via distributed gradient descent (DGD): given the local

models 1, xa, . . . , T, (precomputed before starting the process) and an initial global model 20, we

run the update zF 1 = 2% — 1 3~ ; V f; (o;z¥ + (1 — o;) @;) . The next theorem shows that under
i=1

smoothness and strong convexity, DGD converges linearly to the (FedMix) solution.

Theorem 2. Suppose that each f; in (FedMix) is L;-smooth and p;-strongly convex. Define x®V8, L,

L, V and D as in Theorem 1. Suppose that we run DGD for K iterations starting from z° = V8,
Then the following hold:

. . d
i) If the «; are allowed to be arbitrary, then for Qmax o max;—1

- ~ K 2>
k _ : _ Mo o‘rnaucLD
f(@") — min f(z) < (1 Ta) 5

ii) Let i d:ef% i i If a; = B for all i, then

n0; we have

,,,,

Fla®) — min, e fl) < (1-£)" 22V, ™

There are four ways of making the right hand side in (7) (the communication complexity) small:

¢ Communicate more. Increase the number of communications K.

« Homogeneous data. The variance V = >_7" | w;|z; — 2°"¢||* can be seen as a measure of data
heterogeneity. More homogeneous data means smaller V', which leads to better performance.

* Train simpler models. Focusing attention on models with smaller L (adjust model design), or

larger i (e.g., add more regularization).

* Put more weight on local models. If we prefer local models to the global model, then «; is small,
and hence fewer communications are needed to achieve any given accuracy.

Armed with Theorem 2, we make good on our promise in Section 1.1 and show that FedMix can
be solved using any communication budget. Looking at (7) we see that for any fixed ¢ > 0 we have

f(@*) — mingepa f(x) < easlongas B < AgF, where A = /2¢/(LV)and g = 1/,/1 — ’EL

Putting this together leads to the following observations:

e If B = 0, the problem can be solved with 0 communications (i.e. , each device ¢ independently
computes the pure local model ;).

« If 0 < 8 < A, the problem can be solved with 1 communication (i.e., compute z**9). This follows
from Theorem 1, and also from the more general result Theorem 2 by setting K = 0.

e If A < B < Agq, the problem can be solved with 2 communications (I communication to compute
20 = 229 followed by one iteration of distributed GD).

o If Agh—1 < B < Aq", the problem can be solved with k£ + 1 communications (1 communication
to compute 2° = 2?9, followed by K iterations of distributed gradient descent).

e If 5 =1, we need 1 communication to compute 20 = 229 followed by k > % log %/ iterations
of distributed gradient descent. This is recovers the standard communication complexity of gradient
descent needed to find the optimal solution of the average risk minimization problem (ERM).

In the supplementary, we develop other algorithms for solving (FedMix) such as distributed gradient
descent with compression (Alistarh et al., 2017) and DIANA (Mishchenko et al., 2019). We note that
because (FedMix) has a standard finite-sum form, many more algorithms can be used to solve it, e.g.
accelerated minibatch SGD (Cotter et al., 2011) or SARAH (Nguyen et al., 2017).
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Figure 2: Squared averaged distance 1/n > ;" ||z; — 2} ||* and loss f(x) — f* vs. # of communication
rounds of Gradient Descent for logistic regression with [, regularizer. o; = « is set to the value
indicated in the legend.

4 Experiments

Logistic regression with /> regularizer. For our first experiment, we consider a setup where each

device runs regularized logistic regression: f;(z) = ki Zle [log (1 + exp (—a; ;2))| + A/2]|z?,

where a; ; € R< are given for all j = 1...k;, k; is a number of data points associated with device 7
and ) is a regularization parameter. The objective is smooth and strongly convex.

We use four datasets from LIBSVM (Chang and Lin, 2011) for this task: w6a, mushrooms,
ijennl.bz2, a6a. We set all o;’s to be equal. We divide data equally between all machines
while preserving the order of data points such that ¢-th machine owns data with indices | (i=1)r/n| + 1
up to |#7/n|, where r is the total number of data points. We set the regularization parameter A to 0.1.
To find pure local models for each machine we run gradient descent with step size 1/L,, where L; is
fi’s smoothness parameter until the norm of the gradient is below 10~6. We set the condition number

tober =257 L/

In this experiment, we investigate the convergence of gradient descent and look into the dependence
between convergence and value of o.. As expected, Figure 2 confirms that smaller values of « lead to
better convergence as we rely more on local solutions and thus start closer to the optimal solution.
Also note that the speed of the convergence appears to be constant among different values of av which
is also predicted by our theory as the same « on each machine does not affect the conditioning of
the global problem, see Proposition 2. We also use the DIANA algorithm (Mishchenko et al., 2019)
with the random sparsification (also known as Rand-k compression), where set k& coordinates to
zero at random before communicating gradients to the server. Figure 3 shows the effect of varying
k on the convergence of the method in terms of communication rounds. We consider 7 values
of k linearly spaced between 1 and d. Similar to Figure 2, we observe that smaller values of «
lead to better convergence. The rate at which the algorithm converges linearly is controlled by the
compression constant w + 1 = d/k or the effective conditioning #(w+1)/n. This is in line with the
theory for DIANA (Mishchenko et al., 2019). For completeness, we include convex experiments with
unregularized logistic loss, extra experiments for all the combinations of 5 datasets and 3 algorithms
— gradient descent, compressed gradient descent, and DIANA, as well as a detailed experimental
description in the supplementary material.

Generalization experiment 1: Fitting Sine Functions. Following Finn et al. (2017) and Zhou
et al. (2019), we show the generalization advantages of FedMix on the following regression problem.
We define i-th client’s function f;(x) = a; sin (x + b;), where amplitude a; and phase b; lie in the
intervals [0.1, 0.5] and [0, 27], respectively. For each client, we fix a; and b; and sample 50 points
uniformly at random from the interval [—5.0,5.0]. We measure regression fit in terms of mean
squared error (MSE) loss. To train a model each client adopts a neural net with 2 hidden layers of size
40 with tanh activation. Further technical details are deferred to the appendix. For the experiment,
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Figure 3: Loss f(xz) — f* vs. # of communication rounds of DIANA for logistic regression problem
I, regularizer, k is a sparsification parameter of Random-k compressor.
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Figure 4: Average MSE vs. personalization parameter a.

we first sample 2 pairs {a;, b; } and each of 200 clients is assigned one pair, we investigate different
proportion—- (30, 170), (50, 150), (70, 130), (90, 110). We then train our FedMix formulation with
a; =a=0.1,0.2,..., 1. For testing for each client generates a new dataset of size 2000. Figure 4
shows average MSE over clients against different values of « for different proportions. As this figure
indicates, optimal « for which test average MSE is minimal can dramatically outperform the edge
cases of either global model for all tasks or personalized model trained only on the local dataset.

Generalization experiment 2: Comparison to FOMAML and Reptile. Inspired by Reddi et al.
(2021), we conduct a similar experiment to compare generalization capabilities, i.e., test accuracy,
of FedMix and its two baselines FOMAML (Finn et al., 2017), and Reptile (Nichol et al., 2018).
For the first experiment (see Figure 1a), we take 500 train data points of two clients (with client
ids ‘00000267’ and ‘00000459’) from the Stack Overflow dataset (TensorFlow Developers, 2021)
and divide them among 100 workers so that there are 50 workers with 10 train data points from the
first client and another 50 with 10 data points from the second client. For the second experiment
(see Figure 1b), a worker gets 90 train data points from a distinct client. For both experiments, each
objective component f; is a cross-entropy loss for multi-class logistic regression. Further technical
details and the hyperparameters tuning for a fair comparison can be found in the supplementary. In
the test phase, for each client, we used a hold-out testing dataset of size 300 (the same dataset has
been used for workers related to the same client in the first experiment). It can be observed from
Figure la, that for wide range of «;, a;; € {0.2,0.4,0.6, 0.8} FedMix exhibits a better generalization
than its classical meta-learning competitors-FOMAML and Reptile, and it can lead to improvement
of up to 11% in recall@5. Figure 1b shows that in the more real-world scenario FedMix outperforms
FOMAML and Reptile while showing its best test accuracy in non-edge o.
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S Basic facts and notation
The convexity of the norm ||-|| and Jensen’s inequality implies the triangle inequality for norms:

n
D ai

i=1

< il - ®)
i=1

We say that a function g is L4-smooth if for any z,y € R? we have
lg(z) =gl < Ly llz =yl - ©)
Note that (9) implies
o) < glo) + (Va(0), 2 ) + 2w — (10)
We say that a function g is u4-strongly convex for pg > O if for all z,y € R? we have
9(@) > 9(y) + (Vg(y),x =) + B2z = ]1*. an
If (11) holds with 1, = 0, we say that g is convex.

We say C € B%(w) is a compression operator if C is unbiased (i.e., E[C(2)] = z for all z € R?) and
if the second moment is bounded as

E||C(z) — z||* < wl|z|?® Vz € R%. (12)

Note that if C € B%(w), then
E|C(x)|? < (1 4+ w)|z|? Vz € RY. (13)

Let f be a convex function. Then the Bregman divergence associated with f for points z,y € R? is
defined in the following way:

Dy(z,y) = f(x) = f(y) = (V) x —y).
Nesterov (2018) shows that if function f is convex and L-smooth, then for all = and y

[Vf(x) = Viy)l? <2LDg(z,y). (14)

Let a,b € R™ be arbitrary vectors. Then, it holds that

lla +b11* < 2(la]]* + [1BII*)- (15)
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6 Missing proofs for Sections 2 and 3

This section collects the proofs of all propositions and theorems mentioned in the paper.

6.1 Proof of Proposition 1

In Section 2.2 we provided the motivation for FedMix through the lens of fine-tuning. We used the
following proposition on fine-tuning quadratics:

Proposition 1. Suppose that we run gradient descent for H steps on the quadratic objective f; =
%xTAia? — bl'w + c starting from x° with stepsize -y > 0. Suppose that the stepsize satisfies v < %,
where L; = A\nax(A;), and suppose that A; is positive definite. Then the final iterate xf{ can be
written as

aff = (I —J") 2+ I, (16)

RdXd

where x; minimizes f; and J; € is a matrix with maximum eigenvalue smaller than 1, i.e.

Amax(J) < 1.

Proof. The gradient descent update is

aith =2l — V()
= a7 — y(Aiz} — by)
= (I — yA)zt +~b;. (17)

Note that because z; minimizes f;, we have V f;(z;) = 0 by first-order optimality. Hence,
Vfi(z;) =0 <= Ajz; = b;.

Using this in (17),
ot = (I — yA)at + v Az,

Subtracting x; from both sides,

:EEH —x; = (I —yA)zt + (yA; — D,
= (I = yA:) (] — x2).

Iterating the above equality for H steps we get

ol — oz = (I —~7A)T (20 — 2y).
Rearranging the terms we get (16) with J; & (I —~A;). Observe that when v < m and
Amin (A4;) > 0 we have that A (I — v4;) < 1. O
6.2 Proofs for algorithm-independent results
6.2.1 Proof of Proposition 2
Proposition 2. Suppose that each objective f; is L;-smooth. That is, for any z,y € R* we have

IVfi(z) = Vi)l < Li llz =yl (18)
Then the FedMix objective f defined in (1) is Lo-smooth for L, = %Z?:l a?L;. If each f; is

convex, then f is also convex. If each f; is p;-strongly convex, then f is p,, strongly convex for

def 1 <n o
Ha = 5 Zizl Qi

Proof. We separate the proofs in two cases: when each f; is smooth, and when each f; is (strongly)
convex.
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(i) Suppose that each f; is L;-smooth, and let -,y € R?. Then by direct computation we have

|Vi@) - viw]| -

SE}:WMWVﬁwwﬁﬂl—aﬁw)—Vﬁmw+{l—mmgu

(18) 1
Za Lille =yl = La [l =yl ,

hence f is L,-smooth.

Zaz vfz azx"i'(l_az) z) vf’b( ly+(1_al)yl)]

(i1) Suppose that each f; is p;-strongly convex for p; > 0 (where p; = 0 corresponds to just convexity).

Then for z, h € R% we have
$+h Zfz azm'i_h (1_041)'7;1)

an 1

n
i=1

= 1 Z filoyx + (1 — o)) + <71L Zaini(ozicc + (1= a;)xy), h>

n “ n
=1
LS LI
n< 2 '

= fa)+ <vf<_x>, Ry + 52 )P,

hence f is po-strongly convex if all the u; are positive (resp. convex if they are equal to 0).

6.2.2 A proposition for bounding the gradient norm

> 2 [fl(azfr—l—(l—az) D)+ (Vi + (1 — a;)ay), aih>+%|\aih|\2}

Proposition 2 provides us with a simple way to bound the gradient of f in terms of the distance to the

optimum x“:
Proposition 4. Define x© as the solution to the FedMix problem (FedMix):

zERY

def . = 1 "
¢ = =— il 1 —a;)z;
x argmin [f(x) n;f(aer( ;)x;)
Define L, as in Proposition 2. Then for any x € R% we have
|Vi@)| < Lallz =21,

and I
fla) = fa®) < fllx — 2%

Proof. By Proposition 2, we have for any z,y € R? that
|V @) = Viw)|| < Lallz =yl
Putting y = z* and using that V f(z) = 0 we get (19). The L-smoothness of f implies

fla) < Fo) + {(VFw)a—y) + =2l — )

Putting y = = recovers (20).
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6.2.3 Proof of Proposition 3

Proposition 3. Suppose that o1 = as = ... = «p = [ in the FedMix formulation (FedMix).
Let Ty (z), Ta(x), ..., T, (x) be the deployed models defined in (5). If y1,...,yn are vectors in
R? and § is their mean, we define V (yi,...,yn) as the population variance V (yy,. .., yn) &

LS i — 911> Then,
V(i) To(a), ... Tu(@) = (1= B V(wraa, ... w0).

Proof. By direct computation observe

2
V@), Do), Tulw) = - 30| 1) — > T3()
i=1 j=1
— IS llBe (- Bya - 23 (Br + (1 - By
l; ]— 2
:%Z (1- _*ij
=1
=(1-8)2V(z1,22,...,7,)

6.3 Result on one shot averaging

Before proving Theorem 1, we will need the following lemma which shows that the gradient of the
FedMix and the functional suboptimality can be bound using a weighted average of the iterate norms:

Lemma 1. Suppose that each f; is L;-smooth. Then for any © € R% we have,

- 1 &
< = 27 My — 1.
‘Vf(x)H_ni_ZlaszHx x|, (21
and,
. 1 « 1 <& o 2
flz) < 5;fi(fci)+%;aﬂi”$*%\\ : (22)

Proof. Using the fact that V f;(x;) = 0 for all ¢, and applying the triangle inequality (8) and the
L;-smoothness of f;, we get

va H = H Z Oﬂvfz ;T + (1 - az)xz)
< 1S laul 19 fi(asz + (1 = ag)e) — Vi)
i=1

1 n
223 alLifle - aill.
i=1

Using L;-smoothness of f; and that V f;(z;) = 0, we get
filoiz + (1 = o)) = fi(zi + ou(x — 20))

- Z i [V fi(oix + (1 — ai)w;) = V fi(21)]

i=1

,\
AC

(10) oL
< filwa) +(V i), as(x — x4)) + ZT”x - 331H2

2

a;L; 2
= fi(xi) + B |z — "
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Averaging the above inequality yields (22). O

As communicated earlier in the paper, we can solve (FedMix) by taking a weighted average of the
pure local models z; if the «; are small enough. This is a consequence of preprocessing step where
we compute x;, which is communication-free, and also a consequence of the new formulation, where
for small « the FedMix objective is less responsive to argument change (see Proposition 2).

Theorem 1. Suppose that each objective f; is L;-smooth, let = % >oi_, L;. Given the pure local

models x1,xs, ..., T, define the weighted average
ave def o def O} L def 1~ 5
e = Zwixi, w; = nL. L, = -~ Zai L;. (23)
i=1 =1
We further define the constants
n
def def
Y max llxs — 1:j||2 , and vy szllxz — 2™E||? 24)
iG=1,.0.mi] —
1=

Fix any € > 0. Assume that either max;—1, . nq; < \/Z/\/ ﬁD, ora; = B foralliand f <
V2e/V LD. Then ™8 is an e-approximate minimizer of Problem (FedMix). That is,

FE™8 a0, .y, Ty Ty) — rré;%rif(x;al,...,an,mh...,xn) <e
x

Proof. Lemma 1 provides the following bound on the suboptimality of any point z:

fa) < > fiw) + Eafa). ©5)
where
dof 1 w— 2
Eulz) = o ;agLi lle — a||” . (26)

Note that since the vectors {x;} are known, the expression &, (x) can be minimized in x, leading to a
weighted average of the pure local models:

def aef @2 L; wf I~
av [
v = g wiL;,  W; = T L,=— o L. 27

i=1 Mo =

Note that *¥9, can be computed using a single communication round. By plugging (27) into (26),
we can evaluate the error of the average model:

n

L. L.V,

E@™?) = 2 ;w o = il* = =5, .
where n

Va &S w9 — | = Bl — Ba @)

i=1
can be interpreted as the variance of the local optimal models {x;}. We now give two ways how
E(x*9) can be bounded:

* Assume the customization parameters {«; } are allowed to be arbitrary. Since x*"9 is in the

convex hull of the set {z1,...,z,}, we have ||*"9 — 2;|| < max; ; ||z; — x;||. Therefore,
Vo < D(iéfrr}ax\|xi—xj||2. (30)
Moreover, ’
1< _
Lo=-~ ;am <al,. L, 31
where qayx = max; a; and L & L5 | L;. By plugging (30) and (31) into (28), we get
£(x™9) < LﬂagLD. (32)

18



Algorithm 1 Distributed gradient descent for FedMix.

Require: Number of communication rounds K, stepsize -, initial point 20
1: fork=0,1,...,K —1do

2: fori=1,...,nin parallel do
3: Compute V f;(z¥) = a;V f; (ciz® + (1 — o;) x;) and communicate it to server.
4: Average and broadcast the new iterate
n
okl = gk — % Z V[ ().
i=1

* Assume the customization parameters {«; } are all equal: «; = 3 for all 4. Then w; = ZLT’
37

and hence 29 and V,, = V are independent of /3. Since L, = B°L, by plugging these
expressions into (28), we get

-
L LV

E@@9) < =

(33)

Note that V' < D.

Plugging (32) or (33) into (25) yields the following observation: fix any € > 0 and assume one of the
following conditions holds

2e
° amax S LD"*

. aizﬁforalliandﬁg,/f—;.

Then the weighted average of the local optimal models x*V® satisfies
~ 1 n 1 n ~
f@™®) <=3 filw) +e<— fila®) +e=fa") +e
i=1 i=1
where 2% = argmin, cga f(). O

6.4 Distributed Gradient Descent

Gradient descent is a simple but yet informative way to solve many optimization problems. Here we
provide the proof for the convergence of DGD.

Theorem 2. Suppose that each f; in (FedMix) is L;-smooth and p;-strongly convex. Define x®V8, L,
L, V and D as in Theorem 1. Suppose that we run DGD for K iterations starting from z° = '8,

Then the following hold:

. . d
i) If the a; are allowed to be arbitrary, then for cupax zefmaxi:l n 0 we have

yeeey

k o #
. - LD
ky _ : < (1= Ho Qmax )
f(z*) — min f(z) < ( La> ——

i) If a; = B forall i, then

_d
where [ =4 LS .
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Proof. Recall the standard result that gradient descent for an L-smooth and p-strongly convex
objective g satisfies for any initial point 2°

: k
9(z") = g« < (1 =1)" (9(z0) — g4) (34)
where ¢, = min,cre g(x). For a proof, see (Nesterov, 2018). Note that by Proposition 2 we have
that f is L,-smooth and -strongly convex. Specializing (34) to this case yields

k) = min o) < (1- “a)k (760 - min 7)) (35)

z€RI L, reR4

Note that our initialization is the same z*"® from Theorem 1. Plugging the bounds of that theorem
into (35) yields the theorem’s claims. O]
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Algorithm Assumption Convergence guarantee Corollary
Ell2* —2[* < (1 —~m)*C1 + Co
DCGD smoothness, str cvx ~ ~ - T 1
E[f(«*) — f1] < (1= 5om)*C: + Cy)o?
E[e" -2 [7 < (1- p)*C
DIANA thness, st 2 M= 2
smoothness, str cvx E[f(z%) — ] < (1 — p)*Ca?
DCGD smoothness, cvx E[f(@*) — f(z")] < £Cia?* + Coar 3
DIANA smoothness, cvx Elf(@") — f(z")] < 1(Cia® + Cra) 4
_ 2\F
DCGD smoothness min  E[|Vf(z!)]? < WO? 5
0<t<k—1 o
DIANA smoothness E|Vf(@)[* < $a? 6

Table 1: Convergence results for Distributed Compressed Gradient Descent and DIANA in different
settings. All the constants are independent of a.

7 Other algorithms

In this section, we include additional algorithms to solve (FedMix) formulation, namely, DCGD (Gor-
bunov et al., 2019) and DIANA (Mishchenko et al., 2019). In Table 1, we display convergence
guarantees for these algorithms. One can see that similarly to our results in Section 3 both of the
algorithms requires less iterations in terms of convergence in both local deploy iterates T} (z*)’s and

functional value f (:ck) In addition, for the standard (ERM) problem, i.e., « = 1, we recover the best
known convergence guarantees. Below, we provide a derivation of these claims.

7.1 Strongly convex objectives
7.1.1 DCGD

We firstly introduce the DCGD algorithm followed by general convergence results that we later
exploit to obtain a convergence guarantee for DCGD applied to (FedMix).

Algorithm 2 Distributed Compressed Gradient Descent with different noise levels w;

Require: 2° ¢ RY, learning rate
1: fork=0,1,2,... do

2: Broadcast z* to all workers

3: for; =1,...,n in parallel do
4: Evaluate V f;(z*)

5: gf = Cz(v'f@(l'k))

6: g" = % > 9F

7: oFtl = gk — gk

Lemma 2. Suppose each f; is L;-smooth and convex, and f is L-smooth. Let C; : R¢ — R? be
randomized compression operators satisfying C; € B%(w;). Let g, = L Y1 | Ci(V f;(x¥)). Then

2 max{ L;w; .
Bl - Vil <2 (2 + 2 bk o) 4 apean. (36)

where cpcagp = 7,% Z;;l wil|V fi ().

Proof. By applying bias-variance decomposition to E||gF — V f(z*)]|2, we get

Ellg" — Vf(z")|? = V(") = Vf(@*)|]* +Elg* — Vf(")|].
Since all functions are convex holds, function f as a linear combination of convex functions is

also convex. That is why the first term enjoys the ’classic’ bound for convex and smooth functions
expressed in Bregman divergence between 2* and z* (see inequality 14):

IV f(z*) = Vf(a*)|? < 2LDs(a", z*). 37)
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We start looking into the second term by expanding the quadratic:

Ellg* — v f*)|?

SY T - % > Vit
i=1 i=1

2

2

%Z (VFi(a*) - Vfi(a"))

n

Z ICi(V fi(2*)) = V fi(a") |+

QZE (Vfie®) =V fi(ah),C(V f;(a*) = V f;(aF)).
i#£j

Since C; € B(w;) Vi is drawn independently, the expected value of each scalar product in the second
sum becomes the scalar product of expected values, each of which is zero due to unbiasedness of a
compression operator (see Section 5):

E(Ci(V fi(z*)) = V fi(z"), C;(V f;(2")) — V f;(z*))
= (ECi(V fi(z")) — V f;(2¥), EC;(V f;(x*)) — V£ (")) = 0.

=0 =0

Then, we apply 12 (the second property of compressed operators) to get the final upper-bound on
Ellg" — V f(«")[*.

Elg* — Vf(z")|* = QZEHC Vi(z*)) = Vfi(a")|? < szzllvfz ol

Curiously but not surprisingly, the result resembles the Law of large numbers (indeed, if each squared
gradient norm and noise level are bounded above by values R and wy respectively, then the right side
is bounded by %, which converges to zero as n converges to infinity), what partially verifies the
correctness of the proof. The error E||g¥ — V f(x*)||? is now estimated by squared gradient norms
at iterate *, which is, in general, a random point generated by CGD. Since we already have some
dependence on Bregman divergence in 37, which perfectly fits assumptions for unified theories from
papers Gorbunov et al. (2019) and Khaled et al. (2020) required in later theorems, we express the
term in the right side of the last inequality in Bregman divergence, too. By subtracting and adding the
same vector V f;(x*) inside the norm operator we get

177.
LS GV = QZ%HWZ Vi) + Y filat)|?
=1

2 n
< 5wl Vi) - Vi \|2+—2sz||sz 9|12,
i=1

where in the second line we used (15). Applying again the bound from 14 to the first term and using
the linearity of Bregman divergence we have

2 n . 2 n .
2 wlVAG) - VA < S S wLDy o a)
i=1 i=1
4dmax{L;w;} . 4max{L;w;} .
< TZDﬂ.(l‘k,JZ )= #Df(mkax )-
i=1

Incorporation of the results above gives the statement. O
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Proposition 5. Suppose each f; is L;-smooth and ji;-strong. Assume «; = « € R for all i. For any
20 € RY, it holds that

1—
O _2*||? < = L[]0 — z4]|2. (38)

2

=

Proof.

0 *”2(1) 2

| | 20— Proposition 2

(f( O) = f(z")) 2 (7@ - fla M) < =5al(2")

fia? fice

5) — s
WQ ZL 0|l — zi|* = *L [0 — @i

O
Proposition 6. Suppose each f; is L;-smooth and p;-strong. Assume o; = « € R for all i. Then,
—— max; L;
z; — 2*[|? < —— max |z — x4]% (39)
Proof. According to Proposition 5, for any ; where [ € {1,...,n} it follows that
w2 o e _ 1 T m e L 2
e = 2| < —Liflr — ail]* < —max Li - [lay — 24 < — max Ly - max [|z; — ai]”.
I 7 I 7 1,7
Taking the average of both sides finishes the proof. O

Theorem 3. Assume all conditions of Lemma 2 hold, and each function f; is p;-strongly convex.
: 1
Then, lf’)/ S m, then

@ n

Ellz® —2*[* < (1 = ypa)*|l2® — 2*||* + Ty(@))I. (40)

Proof. The lemma is a direct corollary of Theorem 4.1 from Gorbunov et al. (2019) and Proposition 2
aZw,

with constants A = L, + 2224Lieseid 'p— 65 00p = 250 wil|VI(T()])2,

B = 0,02=0,p = 1,C = 0,D3 =0. O

1 —
2w max; L; ) -

Corollary 1. Assume all conditions of Theorem 3 hold, and o; = a Vi. If v = (Tt

Yo ﬁ then

2yow(max; L;)? max; ; ||lv; — ;>

Elle® — a2 < (1 - yo)* = LJa" — 2] + — (41)
I m°n
and
E[f(a") = /] < (1 = 7%m)"C1 + Ca)a?, 42)
where Cp = m and Cy = Linow(max; L"); max;; |lei =z, ”
Proof. Notice that
ZwZHV filoiz® + (1 — a)x)]||* = ZwlﬂaZsz(a o* 4+ (1 — oy)my)|]?
i=1 i=1
. 5 - % 2 Vfi(zi)=0 2 - * 2
=wa® Y |[Vfilaa® + (1= a)z,)|> =T wa? Y | Vfi(aa® + (1 - a);) = V fi)|
i=1 i=1
©) 09 i Li)?
< wa? ZL la(z* — z;)|? < wa maxL |l — a2 < % max ||z; — z;|°.
i=1 0.
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This brings us to the following bound on the neigbourhood:

n n

Sl VT NI =~ 3wl VIR
Halt™ 5= Lt (43)

- 2vyow(max; L;)? max; j ||z; — z;||?

w*n
We further investigate the rate of convergence

Proposition 2

1
L=qpe =" " 1= qo—5fia” =1 =i, (44)
As can be seen, the rate of convergence does not depend on a.
Combining last two results we obtain the following dependence on « for CGD convergence:
Efz* —2*|?

“0) i %y
< (1= ypa)ff|a® = 2*|? +

Nanzv_

(44) — . 2y ¢ .
= (1= y0m)"[la® — ") + o’ Y wil VIS )P
=l 45)
(38) gl 2y O .
< (=00 = Lill2® — 2,2 + —=5 > @il VIf(Ti(@))]II?
i fran?
(43) p = 2vyw(max; L; 2maxi,» T — X, 2
< (1_'70M)k:Li||mo_$iH2+ ( )72 J” JH
i m°n
= (1 —2m)"Cy + Cs,
where constants C; = %L7;||a:0 — 2|2 and Cp = 20(max; Li);r;axi,j I =251 46 not depend on a.

In terms of suboptimality convergence for CGD we have

2|2 Ly def E

43)
5 Bl =2 * < (1= 70m)"C1 + Ca)o?,

- -0 I,
E[f(z") - f] < TEH&?’“—
_ (46)

where C7 = CéL and Cy = CgL. O]

7.1.2 DIANA

We follow the same procedure as for the previous subsection. Below, we introduce DIANA algorithm,
followed by general theorem, which is then applied to (FedMix).

Algorithm 3 DIANA with different noise levels w;

Require: 2°,h0,... 0% € R4, RO =150 RO
1: fork=0,1,2,... do

2: Broadcast z* to all workers

3: for i =1,...,n in parallel do

4: Af = Vfi(xk’) — hi—f

5: Sample A¥F ~ C;(AF)

6: REFL = hk 4 g Ak

7: gf::h§+—Af

8: 9" = %Z?:l gf = h* + % > A?

9: - ’ygk

10: AP =L BTt = bk 4 LY BAY
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Lemma 3. Suppose each f; is L;-smooth and convex, and f is L-smooth. Let C; : RY — R be
randomized compression operators satisfying C; € B (w;). Let g, = % S hEHCi(V fi(2®) —hE).

Then

Bl - V7 <2 (24 2 bk o+ 2o @)
where oy = 3 371 will k= V fi(2)||*.
Proof. We start with bias-variance decomposition:

Ellg" — Vf(z*)|* = [V f(z") = Vf(*)|* + Elg* — Vf(")|*, (48)
where the first term in RHS bounded due to convexity and smoothness of function f:
IVFf(ak) — Vf(x)|? (l§4) 2LD(x*,2*). Function f is, indeed, convex as a linear combina-

tion of convex functions f;.

When expanding the second term in RHS of equation 48, we encounter scalar products, each of which
is zero in expectation due to independence of C; for all ¢ and unbiasedness of a compression operator
(see the definition in Section 5).

Ellg" -V f(z*)|?

| LS (T - 1) - L3 v
L:l i=1 )
%Zci(wi(x’“) — hf) = (Vfi(z*) = hy)
_ %ZEHC (Vfi(z*) — BE) — (T fi(a®) — b2
3 SUECGVAGE) — ) — (V) — ),V %) — 1) — (Vf5 ) — ).

i#£]
=0
Then, we apply bounded variance property of compression operators:

Ellg" - Vf(z")|* = % Y EIC(V fi(a®) — hF) = (V fu(z*) — h)II?
i=1

1 n
< 2 ZWZHVfl(xk) — hf”2
=1

We subtract and add V f;(z*) inside each norm operator to split V f;(z*) and h¥ from each other
using (15):

Ellg* — VI < o 3 willVA) - P
i=1
= LS I TAGH) - V) - (- V)P
=1

2 & . 2 — .
< S 3wl V) = VAP + 5 S willhf = Vi)
i=1 i=1
While leaving the second term in the last line unchanged (it is basically 20, /n), we apply (14) to each
norm of gradient differences in the first term and use max-function over L;w; to take out Bregman
divergences:

2 n
2 Z w;i2L; Dy, (x*, x*)

i=1

IA

S @l - VI
i=1

4max{w;L;} — . 4max{wlL}
< —— 2 Dy (af a) = ———2Dy(a*,2"),

n? _ ' n
=1

25



where in the last part we used linearity property of Bregman divergence. It remains to incorporate all
results to get the statement. O

Lemma 4. Assuming all conditions of Lemma 3 hold, let hf'H = hk + B;Ci(V f;(2*) — h¥) and
Bi < %H where i € {1,...,n}. Then,

013_,_1 < (1 —minB;)o} + 2max{,@iwiLi}Df(xk, x*). (49)
Proof. Gorbunov et al. (2019) state for 3; < %4-1
E[lhi*! = Vfi(a")|? < (1= B)l|hf = V fi(e)|? + 26 Li Dy, (2", z7). (50)

From this it follows that

1 & .
Oip1 = - Zwil\hf“ = Vfi(z")|?

| /\

Z (1 = Bi)wil |k — V f;(x*)||> + ZZ@%L Dy, (aF, 2%)

IN

1 n
1 —ming)oi + — Y 28w L; Dy, (z*, z*
( mlnﬂ)ak—i—n; Biw. £ (2", x™)

1 n
< (1 —minB;)o} + 2max{Biw;L;} — Z Dy, (z*, z%)
[t

= (1 — min B;)o} + 2 max{Bw; L; } D (zF, z*).

O
Theorem 4. Assume all condztzons of Lemmas 3, 4 hold, and each function f; is ps;-strongly convex.
If,y = La—‘erdX{I;l 3 “’L}+4mdxn(§:i:ﬁl a2y’ then
1 k
o Smax{(lwa)k’ <1 zminﬂl) }Dov (51)

where DF = ||z% — 2% + v202 and Ly, is defined as in Proposition 2.

n min 3;

Proof. The lemma is a direct corollary of Theorem 4.1 from Gorbunov et al. (2019), 3 and 4
2
and strong convexity with constants: A = L, + w, B = %, Dy =0, p = minj,,

1+ i
C = max{B;w;L;a?}, Dy = 0, Angrannﬂl %? > 4&41%2312. 0
Corollary 2. Assume all conditions of Theorem 4 hold and o; = a«o Yi. If v =
a2 : L+2[nax{L wl}+4max{ﬁbw ;7 — 052 a2’ then

7 min B;

k
1 4 1
E||z* — 2*]|? < max { (1 —yom)", (1 — = min §; 14+ ———~2wiL? | =Li]|a® — 2|2
2 n min f3; o
(52)

and

k
E[f(xk)] — f* < max {(1 — VOE)ka (1 — ;minﬁZ) } Cao?, (53)

where C' = 5t (14 4, L?) L Lif[a" — o]
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Proof. Let us investigate the quantity D°. We assume memory hj, in DIANA algorithm is equal to
V[fi(T;(z%))] fori € {1,...,n}. Plugging in definitions and initializations we obtain expanded
definition of DO:

4 Y=v0 4 1
PO &ef 0 k2 2 2 7 %% 0 _ %2 2 4 2
B R e M 2 =2 | 4 e s
o2 def 11
e oI+ szw F(T@))IP
hi initialisation

= o =" + mo I szl\vfz (@)] = VIfi(Ti(=z"))]I?

We further upper bound the sum in the last term using smoothness properties of functions f;:

% Z%HV[E(Ti(fUO))] = VIfi(Ti )

%Zwillv[ﬁ(awo + (1= a)a))] = Vifilaz™ + (1 = a)z])]||?

i=1

%Zwina(wxaxo +(1—a)a}) - Vfilaz® + (1 - a)a})|?

« *szllvfz(wf + (1= a)z}) = Vfilar" + (1 - a)a])|?

=1

IN

1 — —
02~ Y willafa® — )P = 'L — a* .
i=1

Plugging this result back into the definition of D° and applying further bounds we get

D0 < (14 ) Ja? - o7
(1 fel?) 2076 - )
et 2 (14 STt ) 25 - )
e ) TN e
© 1+ S fed?) o2 §L¢a2|xo —?
- (1 + nminﬂﬂngL ) %L |20 — 242,
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what shows that D° can be upper bounded by value independent of a.. Since M~*ci > 0 DF =
2% — 2*||? + M~202 > ||2* — 2*||%, and that is why

k
E[z" — 2*||> < ED* < max {(1 — o), <1 - ;min@) }DO
— 1 — 2\\k L. g DO
— (1= (05 ) (ra?)¥, (1= Jmins, )
1 k
= max {(1 — yom)", <1 — 2minﬂi> }DO

k
1 4 1
< max {(1 — )", <1 - = minﬁi> } (1 + — 78%1)?) —L;||x° — x;]|2,
2 nmin j3; ]

what means that the convergence of iterates is completely independent from «. To derive the result

for the convergence of functional values we use L,-smoothness of function f (see Proposition 2):
£k F Lo k 2 _ ,2L; k 2

E[f(a")] = f* < FE[l2* — 27|° = > FE[|z" — 27|]%.

O

7.2 Convex objectives
7.21 DCGD

As for the previous section, we first introduce the algorithm, followed by general theorem, which is
then applied to (FedMix).

Theorem 5. Assume all conditions of Lemma 2 hold. Let 0 < v < S {({L_ eI Then,
4(LQ+%>
- - 2 F(n0\ _ F(a% 0 _ .2
R R o (54

Proof. The theorem is a corollary of Corollary 4.1 from Khaled et al. (2020) with constants

2max{L;w;a?}

A=1L, + B=0, 0} =0,
n

p:17C:07 D2:07

Dy = opean = = S wll VAT )P

i=1

2 < .
= ﬁzwiafllvﬁ(ﬂ(x )%
i=1
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Corollary 3. Assume all conditions of Lemma 2 hold. Let o; = o, w; = w forall i, v =

o~ and sup inf ||z% —2*|| = R. Then,
)a a€l0,1] T*EX

4(Li+

E[f(Z*) - f(z")]
<a?. % <L|a:°x||2+2<L QIMX{L“}) R2)

n

wmaxiLi ~ . 1 n | |
e nL; + 2wmax; L; (f("” (0) = n;ﬂ(m)

1
= %0102 + OQO(.

Proof. Let us investigate f(2°) — f(z*). Let a; = a € R for all i. Since min LS fi(Ti(x) >
L3 min f;(T;(z)) = £ 37, min f;(z) and each f; is L;-smooth, we get

n

=1
= 13 fian® + (1 — o)) — ()
=1
215 Laa® - x|

This observation shows that the dependence between f (%) — f(*) and « is quadratic. f(z°)— f(z*)
diminishes to zero as « goes to zero what proves our intuition: the closer « is to zero, the less steps
the algorithm needs to make till convergence.

We verify that the stepsize in the corollary fits the restriction on stepsizes in Theorem 5.
1 A (La N 2max{L¢wiaf})
vy n

a;=a, ngositionQ 4 (Ll + M{LL‘W}) . a2
n

(55)

Further assuming that ian |z° — 2*|| is bounded above for all a € [0, 1] by value R € R, we obtain
z*E
the following result:

Dt - <o (T 2B ) e
5 n
The neighborhood governing term is yopcgp. Let us assume «; = o and w; = w for all 4.

2 n y
opeGp = — > wiad |V fi(Ti ()|
=1
T;(x) def 2 - %
= 3 wiod |V fi(aiz™ + (1 — o)) ||
1=1

0=, Wi=w 2wa2

DIV Silaia™ + (1= aq)a:)|?

i=1
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Since x} minimizes f;(z), Vfi(x*) = 0. Thus,

2wa
(o™ + (1 — o))

2wa

Hsz(a o+ (1= ai)a) = Vilz)|?

i=1

Inequality (14) further bounds each norm of gradient differences.

2wa (s 4+ (1 — o)) — Vii(x)|)?

=1

4wa

OérLZC + (1 - az) z) fl(‘rl))

< M S (filaia® + (1= ai)s) = filws)

n
i=1

(.4)0(2111 X Lsg T % i
— S e s <f<a: )- j;f@))

In the rightmost term point x* depends on « because it is an optimal point of a problem dependent
on «. But the observation below explicitly reveals the dependence. Since each f; is convex,

_ :Lgfi(aaj +(1—a)w)

n

<an Y fi@) + (- a)s 3 file)

i=1

Taking the minimum of both sides of inequality above we get to
Fa®) < af(@(0)) + (1 - a) - Zfz (22).
We established that

opcGp < dwomaxi Li (f(x*(o)) - iZfi(%)) a’. (56)

n ;
i=1

Together with equality 55 it brings us to the following bound on the neighbourhood:

wmax; L; ~ 1 &
S = (0) ==Y filw:) | a=Ca,
VUDCGDfnLiJrmeaXiLi (f(x (0)) ”i:1f(x ))04 o

where C' does not depend on «.

7.2.2 DIANA

As for the previous section, we first introduce the algorithm, followed by general theorem, which is
then applied to (FedMix).

Theorem 6. Assume all conditions of Lemmas 3 and 4 hold. Let 0 < v <

! Th
. en
2max; {L;0%w;}  4max;{8;w;L;a?} ’
4<Lo¢+ . + )

n n min; 3;

(57)

| =

nmin [3;

E[f@) - Fe")] < (<f< )= ) + Lo+ e x||2)
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Proof. The theorem is a corollary of Corollary 4.1 from Khaled et al. (2020) with constants

2 Liw;a? 2
A=, v waxtliwiad) o2 5
n
p=minfS;,C = max{ﬁiwiLia?}, Dy =0.
O
Corollary 4. Assume all conditions of Lemmas 3 and 4 hold. Let o; = o, w; = w, hY =0 € R? for
i,y = —scict—~—> inf ||2° — 2*|| = R. Then,
all, v = J Tty ai?oli] Jnf [|2° — a*|] en
1
E[f(Z") — f(z")] < 7 (C1a® + Coa),
where  C} = 2 (Li||acO — ;|2 + 2 (L, + Semaxile) Rz) and  Cs =

Sletmea ke (F(o7(0) - L 0 i),

Proof. Let us investigate stepsize . The statement of the corrolary requires the stepsize equals its
1

maximum value P e R e R T Since o; = @, w; = w, B; = 14-% for all
4 Loy memllanfon | fmoniGroctind) )
i;
1 1
,)/ = 2 2 = — P . .
2max; {L;a*w; 4dmax;{B;w;L;az . 6w max; L; 2 (58)
4(La+ {n i) + nr{niniﬁi l}) 4(LZ+ " )O‘

From definitions it follows that 0 = Zopcgp if hY = 0 € R%. Thus,

(56) - 1 &
08 = gUDCGD < 2w mZaxLl- (f(:p*(O)) - Zlfl(xl)> as.
That is why
4y g Bi=2+1 dy(w + 1)(72 (58) w1 2
nming; © n o n(E—F%)a? 0

w41 5 2ww4+1)max; L; [ 5, 1
= — 0y < —— z7(0)) — — i(x;) | a.
(nL; + 6w max; L;)a? 0= (nL; + 6w max; L;) F@"(0)) n Z fil@i)

Remaining terms are analyzed as for DCGD in convex case. O

7.3 Nonconvex objectives

In this section we analyze algorithms in the nonconvex case of functions. Throughout this section we
assume that 27 is a stationary point of function f;. For the sake of convenience we transfer Lemma 1
from Khaled and Richtarik (2020) to here.

Lemma 5 (Lemma 1 from Khaled and Richtarik (2020)). Suppose f; = min f;(z) exists and f; is
Li-smooth. Then, for any x € R® it holds that

IV fi(a)||* < 2Li(fi(x) = f7).
Throughout this section we will use notation f* & % S fr

7.3.1 DCGD

Theorem 7. Suppose f = min f;(x) exists and f; is L;-smooth for each i. Then, if v < i,

9 (1 + ZLQA/2 max{Liwia?}

n

k
min E||Vf(z")|? < ) (f(®) = ). (59)

0<t<k—1 vk
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Proof. The proof is a direct application of Theorem 2 in Khaled and Richtarik (2020) to our setting.
First, let us analyze E||g(x)||?.

Elg()l* = E |2 3 (VAT

=E ;icwimxn [ > C ) e 1§ci<wfim<m>m] 2
—E ;;cmmmmm—12%@(@)} . 12%@@) 2

—E i;a(w(z(w»]) - gv[ﬁ(ﬂ(x))l . [vi)]

=12§||cz<wfim< D)~ V@D + || v i)

< szznw @I+ Vi)

To analyze the first term we refer ourselves to Lemma 5:

IV AT @) "= IV fileiz + (1 — ai)z)]|? = a2V fileiz + (1 — ai)z) |2

Lemma 5

< a22Li(fileuz + (1 — a)xy) — f7)

Plugging this in the previous inequality we get
-2
Ellg(a)|* < szuv L@@ +| Vi@

<z Zwia?%i(ﬁww + (- 0)e) — )+ [V

S‘A‘max{ma}< Zfz i + (1 - ag)z;) Zf)HIVf I”?

- wm@ ~ ) HIVI@IP,

n
what means that Assumption 2 from Khaled and Richtarik (2020) holds with A =
M B =1, C = 0. Then, as Theorem 2 from the same paper states, for stepsize
7S ot holds that

9 (1 + 2L,)A/2 max{Liwiaf})k
2 " F(x9) — £*).
Jmin E[VF()]? < o (Fa®) - 1)
O
Corollary 5. Suppose assumptions of Theorem 7 hold, a; = o, w; = w. Let v = 70$ < fl
Ay = sup f(a°) — f*.
2 (1 + QZw'yg max; Li)k
min  E|Vf(z")]? < o? . Ao. (60)

0<t<k—1 Yok
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Proof. We note that when a; = «, Lo, = La?, which follows from the definition of L. Plugging
equations Lo = La?, v = v9 25, a; = a and w; = w into the main result of Theorem 7 we get

- k
9 (1 + 2Lw’yg:1axi Lj)

2 o 2 F(0) — %),
min B[V < — (7~ )
Noting that f(z°) — f* < Aq we finish the proof. O

7.3.2 DIANA
Theorem 8. Suppose f¥ = min f;(x) exists and f; is L;-smooth for each i. Let f, = (8 and

wp = wforalk € {1,...,n}. Suppose 5 € H% [1 mln{l—i- 2(1+w)’\/%+w+iﬂ and

. 1 142(1 .
v < min { e, e | = GRRROR) G 10 = V[f(T3(a°)]. Let @ be a
point chosen uniformly at random among iterates z°, z', ..., x*~1 generated by DIANA. Then,
E|Vf(#)]* < *(f( ) = 1) (61)

Proof. The proof is following the proof of Theorem 1 in Li and Richtérik (2020) with small modifi-
cations: we rewrite the main proposition in the different way and give slightly different bound on the
stepsize. First, Lemma 9 in Li and Richtarik (2020) says that

EllgH? < V£ + 2o, (62
Bt < (1 pof + 20T DT g2 ©
where
of = ﬁ Z IVIf(T3(*))] - hE2 (64)
p=10- @Lifﬁ (65)

6 = min{l — f%w,28 — #

- 87— BPw} (66)
and r is an arbitrary positive number. We choose r = 2(1 + w) > 0. For the sake of readability, we
define function ( in the following way

iy
26 - <1+>

1

—52—52W:_(W+1)ﬂ2+<2+2(11+w)>5—2(1:5C(ﬁ)

That is why we can write that § € min{1 — 52w, {(8)}.
Second let us analyze the lower bound for 6. Note that for S lying in the range

1+w [1 m1n{1+ 2(1+w) ,/%—l—w—i—i” we have

w 3 1 w (142w (1+w)
1-Rw>1- —— = —)=1-
Fozl-qroe <2+“+2w> (1+w)? 2
142w 1
:1— = s
21+w)  2(1tw)

and

1\ 1 ) 1 1 1
C<1+w) __1+w+< +2(1+w)> l+w 2(1+w)
1 1 1
T2l tw) T2 1w 214w
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and

1 1 1 1 1
<(1+w+2(1+w)2) 14w (14w)? 401 +w)d
1 1 1 1
i <2+2(1—|—w)> <1+w+ 2(1+w)2> T 21+ w)
1 1 1
2(1+w) +2(1+w)2 = 21+ w)’

Since ( is a quadratic function with the ends of the parabola pointed downwards, for all 5 in the

range we have ((5) > which altogether means that 6§ > > 0.

_1 _1
2(14w)’ 2(1+w)

If we enforce
wl+7) 5 o < 1
T T 414 w)

1 n 1 n
TSV Ut i) 2La\/(1 Fww(l+2(1+w))’

then p = ¢ — “E 1292 > b

or

Now let us switch to the proof of the convergence. We first note that due to smoothness of f;s and
inequality 62 we get

Ef() < f(a¥) + B(VS (@), 57— 2¥) + Z2R[oh ok
= 1) =2V I + g
<j6h - (- 2T
Let us fix £ > 0. Then according to 63 we have
E[f(a**)  f* + €03,

L2
e (ot

Loy? 14w
) IV + L1 e

2

w(l+7)L2~2
1+w

Loy 14w
¢ ) ot

VI9AHIE + (- )+ 2 7.

Let us notate A* = f(a*) — f* + 02 and set € = Lg—;’zHT‘“ Then from previous inequality it
follows that
Lov? w(l+7)L2~?

2 —¢ 1+w

EAM1 < Ak _ (7 - ) 1V £ 67)

Let us define 7/ the coefficient in front of ||V f(¢*)||? in the last inequality. When is 4’ larger than ?

Lav* _ wHnL” | Lev® Loy’ ltww(l+r)ley”
2 14w -7 2 2p  n 14w
Lov?  Loy? w(l+1)L2A? L3~73w(l+7r
_ ., Le® Lay (L+7r)L3y (s Y (I1+r) > 7
2 2p n 2 yelg 2
if
L3y3w(1
Lafy—‘r a’yw( +T)§1
on
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w(14r)
n

Let us define y :== L,y and a := . Then according to 65 p = 6 — ay?. Plugging this back to

the last inequality we get

3
ay
<1
y+‘97ay2 <
9 — 3 3
S Yoy tay
0 — ay?
Wy
0 —ay? —
0—ay’=p>0

=S vl < 60 — ay?
eéoggf—l—y—lgo.

The last inequality holds for all y lying between zero and the positive root of the quadratic equation.

- YT | da . .
The positive root is tf = £ = 24 . That means that the last inequality
Z 2(ViHg4) Vg
holds if
2
y <

VI+%+1

or the tightest bound for « achieved on smallest 6 gives

L<l 2 1 2
L, 1+4W(1:§n€i+w)) 1 L, \/1+8(1+w)w(i+2(1+w)) 1

Going back to 67 we finally get
EAM < AF — TV f (b))
BV < Z(EAR ~EAMY)

That is why

1
E|V L
IVf(@)I° = A

k—
ZEHVf JI2 < 2(A° — EAR) < 2 A0,
=0 vk vk

The proof is written for general function f(z) = L 3" | f;(z). To apply the theorem for our setting,
we replace f by f. O

Corollary 6. Suppose all conditions of Theorem 8 hold and «; = o for all i from {1,...,n}. Let
v = ém), where vy = %min {ﬁ, ﬁ} Let Ay = sup f(xo) — [* Then,
= 2
E(Vf(2)|? < a®—A. (68)
Yok

Proof. According to the definition of L, = 1 3" | L;a2, in the case of equal ay;s we get L, = La®.
It remains to notice that the stepsize in the corollary condition still satisfies the condition on the
stepsize 7y in Theorem 8 and Ay > f(x) — f*. O
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8 Discussion of other model mixture methods

Deng et al. (2020) propose that each client solves the local problem
min f; (a0 + (1 — a;)w”),
veERd

where w* is the minimizer of (ERM). This does not result in any personalization since the “per-
sonalized” solution on each node is a reparameterization of each local solution x;. Furthermore,
the convergence theory that Deng et al. (2020) develop does not recover the linear convergence of
gradient descent at o; = 1.

Mansour et al. (2020) introduce a similar method, MAPPER, where they propose to solve

min > fileiyi + (1= )2).
i=1

Z,04,Y: T £

Again, this objective is trivially minimized by setting o; = 1, y; = min,cga f;(x), and z = 0 (i.e.
with no personalization at all).

Zec et al. (2021) also introduce a similar formulation based on the mixture of experts framework,
where they propose to first learn the minimizer x, of (ERM), learn the optimal local models
Z1,%2,...,Ty, and then learn a mixture of both the global and local models (i.e. the «;) on each
client. Unfortunately, this is also ill-defined, as a; = 1 will always perform best on the local training
set, and hence if there is no additional data the optimization process cannot improve over the local
minimizers 1, ..., ZTy,.
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Validation loss on Grid Search
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Figure 5: Grid-Search of stepsizes for FedMix for the first Stack Overflow experiment. Values in cells
are logarithms of validation losses. Horizontal axis corresponds to logarithm of scaled step-sizes.
Red frames correspond to minimum value in a row. Colors are scaled row-wise.

9 Experimental Details

Generalization experiment 1: Fitting Sine Functions. We train each local model ¢ until the gradient
norm ||V f;(x)|| is below 10~2. Stopping criteria for global models is the same but with respect
to FedMix formulation: || 2 3" | V f;(T;(x))|| < 10~2. Gradient descent with line search at each
iteration was used as a local and a meta optimizer.

Generalization experiment 2: Comparison to FOMAML and Reptile. We preprocess the raw
data in the same way as in Reddi et al. (2021) for Stackoverflow logistic regression task, i.e., each
feature vector is a bag-of-words representation of a user’s sentence, each label vector is a binary
vector showing if a sentence relates to a particular question tag or not. Word vocabulary for the
feature dataset is restricted to the 10000 most common words. We restrict the task to the 500 most
used tags. For preprocessing, we used Tensorflow computational procedures from Xu et al. (2021).

To select 50 clients for the Figure 1, we map first 5000 clients from train dataset to vector space with
BERT Devlin et al. (2019) and run k-means with 10 clusters. The first 50 clients from the first cluster
have been selected for the experiment.

The hold-out validation dataset is of size 100, for the first experiment, and of size 110, for the second
one. To compute pure local models we run gradient descent until the norm of the gradient is less than
[1071,1072,1073,1074,10~?], respectively. We train pure local models until the gradient norm
is less than 10~4, for the first experiments, and 10~2, for the second, as this tolerance level was
observed to have the lowest generalization error on the validation dataset in our experiments.

Then, we use a grid-search to find optimal stepsizes for gradient descent used for training FedMix.
Our grid for step-sizes are [5- 1072,5- 1071, ..., 5 - 10%]. The results are presented in Figures 5
and 6.

As table shows, the smaller « is, the higher step-size the task needs to achieve the best generalization,
which is in line with our convergence results, see Theorem 2 and Table 1.

To train FOMAML and Reptile, we set the number of inner steps to five and grid search outer and
inner loop step-sizes. The explored outer step-sizes are the same as for FedMix. Inner step-sizes
iterate over the set [1073,1072,...,10].
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Validation loss on Grid Search
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Figure 6: Grid-Search of stepsizes for FedMix for the seconds Stack Overflow experiment. Values in
cells are logarithms of validation losses. Horizontal axis corresponds to logarithm of scaled step-sizes
Red frames correspond to minimum value in a row. Colors are scaled row-wise. Grey cells correspond

to nan values.

After grid search, we run gradient descent for each value of alpha of FedMix, FOMAML, and Reptile
for 10 000 and 50000 iterations in the first and seconds experiments accordigly and report obtained

test accuracy.
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10 Extra Experiments

Logistic regression with /o regularizer. On figures 7, 8, 9, and 10 we present the plots for
regularized logistic regression loss for all datasets mentioned in the previous section and for all 3
algorithms: GD, CGD and DIANA. Number of machines n is set to 50 for DIANA and GD, and is
set to 8 for CGD. Plots showing the dependence between loss and communication cost show that
although in terms of communication rounds DIANA and CGD lose to classical GD, they are better

with respect to communication cost, which is of more practical importance. We run all the algorithms
with their best theoretical step-sizes.

mushrooms, a = 1.0

102 mushrooms, a = 0.1

mushrooms, « = 0.01 mushrooms, a = 0.001
102 10?
> k=1
v k=22
101 N 107 101 101 —— k=45
A\ M —— k=67
\ 1os e

\ - k=90
A 10 - k=113
) NN \ 6D
@ 2 \ @ 2 N
o 107 o 107 o 4 o y
- > k=1 - )\ > k=1 - > k=1 = &
k=22 — k=22 — k=22 A\
1070 A —— k=45 1010 k=45 1010 k=45 1070 A
\ —— k=67 —— k=67 —— k=67 &\
13 @ k=90 13 @ k=90 13 )\ @ k=90 13 “
0 - k=113 10 \ —- k=113 10 —— k=113 10 y
\ \ GD \\ GD W\ GD
0 500 1000 1500 2000 [ 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000
Communication rounds Communication rounds Communication rounds Communication rounds
ijcnnl.bz2, a = 1.0 ijjcnnl.bz2, o = 0.1 ijcnnl.bz2, o = 0.01 ijcnnl.bz2, a = 0.001
107 107 10? 10?
> k=1 > k=1 > k=1 > k=1
k=4 — k=4 k=4 — k=4
101 —— k=9 101 —— k=9 10? —— k=9 10* —— k=9
—— k=13 e k=13 —— k=13 e k=13
Y o k=18 " & k=18 Y o k=18 Y & k=18
10 - k=23 1074 3 - k=23 1079 | = k=23 10 - k=23
m i‘ GD m GD & GD m GD
o 107 o 107 <} <}
a 1‘, 5 a 3 a
i
1010 100
) !
S | 10
& |
"
0 100 200 300 400 500 0 100 200 300 400 0 100 200 300 400 0 100 200 300
Communication rounds Communication rounds Communication rounds Communication rounds
wéa, a = 1.0 wba, a = 0.1 wéa, a = 0.01 w6a, a = 0.001
10? 102 102 102

- k=1
1 k=60
100 ,\ N 10 107 101 —— k=120
2 "& [ —r— k=180
0] § 104 104] | 104 - k=240
4 | * ; = k=301

& |

3 3 8 o0l 4 8 o4 &
S 1074 M S 1074 & S 1071 W g 10718
= I > k=1 - b > k=1 =  § S k=1 - %
$ k=60 — k=60 o k=60
10707 ) —— k=120 100 /t\ —— k=120 100 ::r —— k=120 10707 §
—— k=180 P —r— k=180 ;( —— k=180 q
) A
13 -~ | =240 N ~@- k=240 a3 ] 4 & k=240 3] W
10 F —d— k=301 10 ~d— k=301 10 3 —de— k=301 10 } I
i GD | GD i GD h 1
0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000
Communication rounds Communication rounds Communication rounds Communication rounds
107 a6a, a = 1.0 100 a6a, a = 0.1 100 a6a, a = 0.01 107 a6a, a = 0.001
> k=1
— k=24
1079 107 —+ k=49
\ —— k=73
e " - k=98
1047 A 10 - k=123
“ " & “ " GD
3 8 1071 M 8 8 10714
= \ S k=1 = A S k=1 = - %
+ ) v k=24 a
107 Y — 1070 \\ —— k=49 10097 W
1\ —— k=73 1 —— k=73 &
3 - k=98 13 g - k=98 13
10 “ e k=123 10 A —— k=123 0 t
1 6D i\ <) 1
0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000
Communication rounds Communication rounds

Communication rounds Communication rounds

Figure 7: Loss f(x) — f* vs. # of communication rounds of DIANA and GD for logistic regression
problem s regularizer for four datasets, k is a sparsification parameter of Random-k compressor.

Unregularized logistic regression. Unregularized logistic regression task has got the following form
filz) = ki Zle log (1 4 exp (—a;':jx)), which is well-known to be a convex problem. Similarly
to regularized case, we present four plots ( 11, 12, 13, and 14) exhibiting convergence of three
algorithms in terms of communication rounds and overall communication cost for four LIBSVM

datasets. Number of machines n is set to 100 for DIANA and GD, and to 8 for CGD. We run all the
algorithms with their best theoretical step-sizes.

Generalization experiment 1: Fitting Sin Functions. On figure 15 we present the rest of the plots
of this subsection.
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Figure 8: Loss f(x) — f* vs. communication cost in unit of thousands of float numbers of DIANA
and GD for logistic regression problem /5 regularizer for four datasets, k is a sparsification parameter
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logistic regression problem for four datasets, & is a sparsification parameter of Random-% compressor.
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Figure 12: Loss f(x) — f* vs. communication cost in unit of thousands of float numbers of DIANA
and GD for unregularized logistic regression problem for four datasets, & is a sparsification parameter
of Random-k compressor.
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Figure 13: Loss f(x) — f* vs. # of communication rounds of CGD for unregularized logistic
regression problem for four datasets, & is a sparsification parameter of Random-k compressor.
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Figure 14: Loss f(z) — f* vs. communication cost in unit of thousands of float numbers of CGD
for unregularized logistic regression problem for four datasets, k is a sparsification parameter of
Random-k compressor.
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Figure 15: Average MSE vs. personalization parameter « for different splittings.
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11 Limitations

Our current (FedMix) formulation is dependent on a computation of the local optimal solutions x;’s.
Arguably, this is not well-defined beyond strongly convex models. Therefore, applying (FedMix)
formulation to weakly convex or non-convex models might lead to some problems because of the
existence of potentially several local optima and selection of x; affects (FedMix) formulation. One
possibility to remedy such issue is to use the ensemble of global and local models with the weights
a; and(1 — «;), respectively, instead of the linear combination of x and ;.

Another possible limitation is the availability of local data to compute an optimal local solution as the
small number of local data points might lead to a noisy estimate and subsequently, it can potentially
lead to bad generalization of (FedMix). To mitigate this limitation, we propose to use some clustering
method to group several clients and compute x;’s on clusters rather than single clients.

Further investigation of both of these limitations is out of the scope of our current manuscript and we
plan to investigate this in future work.
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