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Preface

This is the report for the seminar of the course 'Deep learning theory’. I presented the key results and
experiments from the paper |1]. The presentation lasted for one hour, focusing on the main points.
The detailed proofs can be found in the original paper.

1 Overview of Federated learning

Federated learning is a decentralized approach to machine learning where multiple devices or clients
collaborate to train a shared model without sharing their raw data. This leads to a double benefit:
preservation of privacy and avoiding to transfer large volumes of data.

Federated learning has gained significant attention in recent years due to its potential applications
in various domains:

- Smartphone: next-word prediction (used by Google’s G-board), voice and face recognition (used
by Apple’s voice assistant Siri), etc.

Healthcare: training a model on patient data without sharing it for drug discovery, tumor detec-
tion, etc.

- IoT: smart home, autonomous driving, etc.

Finance: fraud detection, etc.

The baseline algorithm is the Federated Averaging algorithm (FedAvg) proposed by Google in 2017.
In FedAvg, each device trains a model on its local data and then shares only the local parameters
updates with a central server. The server then aggregates the shared model parameters to update the
global model, and broadcasts the updated global model to all devices.

1.1 FedAvg algorithm scheme

Let u(t) € R¥™ be the global model at round ¢, wg, .(t) € R¥™™ denote the c-th client’s model at
round ¢ after k local steps. The FedAvg algorithm can be summarized as follows:

e In t-th communication round, server broadcasts the global model u(t) € R¥™ to every clients;
e Each client ¢ starts with wo () = u(t) and takes K gradient descent steps to get wg .(¢);

e Each client sends the parameters update Au.(t) = wgk () — wo,c(t) to the server;

e Server aggregates the client models to obtain the updated global model u(t + 1) as follows:

N

u(t +1) = 77globa Z

Repeat the above steps for T' rounds.

Tipically, the local data points are sampled from a non independent and identically distributed
distribution (non-IID), which can lead to poor performance of the global model and the convergence
may not be guaranteed. The main reason is the ’Client-drift’ phenomenon: the local dynamics tends
to the local optimum, which can be very different from the global optimum.



2 Introduction

The paper [1] presents a theoretical analysis of the convergence of the FedAvg algorithm in the overpa-
rameterized regime. The main result is that the convergence of the FedAvg algorithm can be guaranteed
if the parameters are properly tuned. Up to the authors, it provides the first proof of convergence of
federated learning concerning neural networks with multi-step local updates. The training analysis is
non-trivial because the dynamics of the neural network does not follow the gradient direction and the
convergence is not guaranteed. Moreover, it holds without assumptions on the convexity of the loss
function or distribution of data.

The main idea is to analyze the dynamics of the ReLU neural networks in the overparameterized
regime by using the Neural Tangent Kernel (NTK) theory. The classical NTK theory cannot be
directly applied to the federated learning and the core of the paper is to extend the NTK theory to
the federated learning setting.

Furthermore, with additional distributional assumption, the authors provide a good generlization
bound for the global model.

3 Problem formulation

3.1 Notations

Let N be the number of clients (c its index), T the number of communications rounds (¢ its index),
K the number of local steps (k its index). u(t) € R4*™ is the global model at round ¢, wy, () denote
the c-th client’s model at round ¢ after k local steps.

Let S1US;U---USy = [n] be the partition of the data points and S; NS; = (), where S, is the
set of data points on client c¢. The whole dataset is {(z1,41), ..., (Zn,yn)} € R% x R, for each client c:
Yo € RISl denotes the ground truth with regard of its data, ygk) (t) € RISl denotes the local model’s
prediction at round t after k local steps, y(k)(t) € R" is the aggregated global output at round t after
k local steps.

3.2 Setup

Let ¢(2) = max(0, z) be the ReLU activation function, f : R? — R be the one-hidden layer neural
network:

um'zima uTx
flu,x) : ﬁ;w(r ).,

where every column u, of u € R¥*™ is sampled from N (0,02%1,) and a € R™ is sampled from {—1,1}™
uniformly. The loss functions are the following:

1 1 &
Le(u,x) =5 3 (fluws) —y)*. L(w) = 5 3 Le(u).
c=1

i€S.

For the computation of the gradients of f we use the distributional derivative of the ReLLU function:
@'(z) = I,>0. We want to minimize the global loss L(u) by using the FedAvg algorithm. The local
update Au.(t) is computed by taking K gradient descent steps on the local loss L.(u):

K K
a
Auc,(t) = § Mocal V Le(wk.c(t)) = § nlocal\/i% § _(y£k)(t) _yj)xj]l’wk,cvr(t)Tl'jEO'
k=1

k=1 JESe



3.3 NTK analysis

In the centralized overparameterized setting, by [2], the dynamics of the neural network can be de-
scribed by the Neural Tangent Kernel:

Hzo,j = EuwN(O,UZId) [¢I(ufm)¢l(u?x)] .

In the federated learning setting, we are not in the same setting but we can use the local NTK to
analyze the training dynamics.

Let y € R™ be the ground truth and y(t) = (y1(t), ..., yn(t)) the aggregated global output at round
t, where y;(t) = f(u(t), z;). We can compute:

ly —y(t+1)3
=lly —y(t) — (Yt +1) —y(t)|3
=[ly —y(@)l3 — 2y —y(@) " ((t+ 1) —y(®)) + lly(t + 1) —y(®)|3.

Now we focus on y(t + 1) — y(t), for each i € [n]:

yi(t + 1) - yz(t>
:Lm > ar(p(ur(t + 1) z;) — dlun(t)"x;))
1 m

Now, we give a definition that will be crucial for the analysis. For each data point z;, we distinguish
the set of the neurons whose activation pattern changes over time from the set of the neurons whose
activation pattern remains the same.

Definition 1. Fized R > 0, for each i € [n], we define the set Q; as follows:
Qi = {rem]:Vw e R s.t. |w—w,.(0)]| <R, L, (0)T2:>0 = LwTa; >0}
and let Q; its complement.

In this way, we can rewrite the difference y;(¢t + 1) — y;(t) = v1; + va;, where:

>~ ar (9((ur(£) + mgonan A () ) = 6 (un (1)) )

Assuming that the dynamics remains bounded, the key observation is that v; can be written as:

V1,i = \/7 TEZQL QrTglobal % Aur( )1 ur(t)T2; >0

77 loballlocal
N 2 D Z > @) = yi)al wil, 075,20, w070, 20

r€Q; ke[K] cE[N] jES.

Now we can define the following Gram matrix:



Definition 2. For anyt € [T], k € [K], ¢ € [N], we define H(t,k,c) as follows:

H(t K, c)ij = Zw Tillu, 07220, wi e, (072,20,
H(t, k,c)i; = ji: T3 il (072,20, wp e o ()72, 20-
TEQq

With this definition, we can rewrite v; ; as:

v = nglobalmocal ZZZ (k) )(H(t7k7c)i,j — H(t,k C)ZL‘])' (1)

4 Properties and main results

4.1 Properties
Now we can show some properties that are classical in the NTK framework.
Proposition 1. For allt € [T,

i) Weights change lazily, for allr =1,...,m

8wl < O( W S el )

and

Junt) = 0 @) < 0 (152D,

i1) Activation patterns remain roughly the same, k € [K], ¢ € [N], with probability higher
than 1 —nexp(—mR):

IH(t. k)" [|lr < 4nR = O(1)

and
y—y(t)l2
[vall2 < O(H N( )l C(Miocarl - K, Ngloballlocal * K))

iii) Global error controls model updates:

y—yl
Hy(t + 1) - y(t)HQ < O(”Z\]#Mc(mocal - K, Ngloballlocal K))

Definition 3. Let’s define the matriz H(t,k) coming from the combination of the S. columns of
H(t,k,c) for all c € [N]:
H(t,k’)i’j = H(t,k,c)iyj, VJ S Sc.

When k = 0, we can change the notation:

m

1
H(t);;:== H(t,0);; = o Z%Tﬂ?ﬂur(t)%izo, ur ()T ;>0

r=1



Observe that the definition is well posed because: S1 US> U---USy = [n] and S; NS; = 0. On the
basis of these properties, we can see that the dynamics of the error behaves in the following way:

ly =yt + D5~ lly —y@®I3 -2 > (w—y®) Ht, k)(y—yP ().
ke[K]

H(t, k) is not symmetric (unlike the classical NTK) and the intermediate model states influence the
globale update. The following facts will be useful to address these issues.

Proposition 2.

i) If R € (0,1) and u1(0), ..., umn (0) @N(O,I), then with probability at least 1 — n? exp(—mR/10),
forallt € [T] and k € [K]:

|H (t, k) — HO)||r < 2nR,
if weights change lazily, Yk € [K], c € [N], r € [m], t € [T], ||wk,c.r(t) — ur(0)]2 < R.

v) Global error controls local error, for allt € [T] and k € [K]:
ly =™ @)1z < O(lly = y(®) 12 Clnoear - ).

4.2 Main result

Now we can state the main result of the paper.

Theorem 1 (Convergence). Let § > 0, X = Apnin(H(0)) > 0. Let m = QA "*ntlog(n/d)), we iid
initialize u,-(0) ~ N(0,1), a, sampled from {—1,1} uniformly, for all r € [m].
Set Niocal = O (N (KKN?)), ngiopar = O(1), then with probability at least 1 — & we have for t € [T):

_ nlocamglobal)‘K

ly — (o) 3 < (1 - Mot 2 TN o))

Proof sketch. In order to prove the linear convergence of Theorem 1, we can show that the global
error decreases at each round: for allt=0,1,...:

MK
_ 2 _ Niocallglobal _ 2.
ly =yt + D3 < (1 - Ty — y(0)]3
As we have seen above:
ly —y(t+ D)5 = ly —y®)5 — 2y — () (y(t + 1) —y(®) + [ly(t + 1) — y(t)13. (2)

Focusing on the second term of the sum and using , we can write:
=2(y —y(®)" (y(t+1) — y(t))
=—2(y —y(t)" (v1 + va)
21globallocal
= olotelllocel S 57 ST S (e — i) s — 5P (07) (H (1 ks i — HE )

i€[n] kE[K] c€[N] jES.
—2(y — y(1))Tvo.

We can rewrite (@ as:

ly —yt+ D3 =lly — y(®)]5 + CL + C2 + C3 + C4,



where

o, = 2nglobamlocal Z Z Z Z (y; — (k)( 1)) H(t, k,c)ij,

[n] k€[K] ce[N] jES.
Zaloballocal §7 5™ 5™ S (s - )y — 9 () H k.0,
i€[n] kE[K] cE[N] jESe
Cy = =2(y — y(1) s,
Cy = |ly(t +1) —y(®)|3-
Now, exploiting the properties of the section[[.1], we can bound these quantities. In particular:

Cs

e using properties iv) and v), we can prove that with probability at least 1 — n? exp(—mR/10):

2N g10balMlocal
C < %Hy - y(t)”%( — KA+ 4nRK(1 + 2nlocalKn) + 2nlocal’€)\K2n)§

e using properties ii) and v), we can prove that with probability at least 1 — nexp(—mR):

1677gl0 balllocal ” y

Cs N

IN

- y(t)H%KﬂR(l + anocaan)§

e thanks to lazy changes in parameters and activation patterns (properties i) and ii)), we can show
that with probability at least 1 — nexp(—mR):

160g10baiMiocal €
Cy = =2y = y(1))"v2 < — = (14 2migean K ) Ry — y(#)]3;

e by property iii), we have that:

2
A2 Tocal® K2 (1 4 20i0can K)
Ca=ly(t+1) —y(t)|3 < "= NE ly — y(®)]3.

Let R = maxX,¢[p [|ur(t) — u-(0)||2 be the maximal movement of the weights. Thanks to the
property 4), R is infinitesimal in m.
Choosing R < OT/\On)’ Mocal < (H)T/\HZK) and Nigcalfglobal < m and exploiting the bounds of
the C;s, we can show:

1 nlocalnglobal/\K

_ 2 2+ _ 2
ly =yt + Dl < lly —y@®)l3 5 N lly —y(t)l

5 Experiments

The experiments consist in a 10 class classification tasks using ResNet56. For fair convergence com-
parison,the total number of samples n is fixed. Based on our main result Theorem 4.1, the figures
show the convergence with respect to the number of client N. There are the two settings: non-iid and
iid clients.

e iid Data distribution: is homogeneous in all the clients. Specifically, the label distribution
over 10 classes is a uniform distribution.

e non-iid Data distribution: is heterogeneous in all the clients. For non-IID splits,on every
client, training examples are drawn independently with class labels following a categorical distri-
bution over 10 classes parameterized by a vector q (¢; > 0,7 € [N] and ||q||s = 1). To synthesize
a population of non-identical clients, q ~ Dir(ap) is dawn from a Dirichlet distribution, where
p characterizes a prior class distribution over 10 classes, and «, set to 0.5, is a concentration
parameter controlling the identicalness among clients.
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Figure 1: Training loss vs. communication rounds when number of clients N = 10, 50, 100 with iid
and non-iid setting using mini-batch SGD optimizer.

6 Comments

i) This paper provides the first general framework able to analyze the convergence of FedAvg with
multiple local steps in the overparameterized regime. In particular, the dynamics, which does
not follow the gradient direction, is described using an asymmetric matrix;

ii) A notable result is that the convergence is achieved without any assumptions on the convexity
of the loss function or the distribution of the data;

iii) An important hypotesis is the choice of 7,¢,1 inversely proportional to K to limit the *Client-drift’
phenomenon;

iv) The authors provide a generalization bound for the global model, with additional assumptions
on the distribution of the data,;

v) It would be interesting to extend the analysis to different architectures and activation functions.
One problem might be the highly explicit approach used in the paper.
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