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Abstract

Free-rider attacks against federated learning con-
sist in dissimulating participation to the federated
learning process with the goal of obtaining the
final aggregated model without actually contribut-
ing with any data. This kind of attacks is critical in
sensitive applications of federated learning, where
data is scarce and the model has high commer-
cial value. We introduce here the first theoretical
and experimental analysis of free-rider attacks
on federated learning schemes based on iterative
parameters aggregation, such as FedAvg or Fed-
Prox, and provide formal guarantees for these at-
tacks to converge to the aggregated models of the
fair participants. We first show that a straightfor-
ward implementation of this attack can be simply
achieved by not updating the local parameters dur-
ing the iterative federated optimization. As this
attack can be detected by adopting simple coun-
termeasures at the server level, we subsequently
study more complex disguising schemes based
on stochastic updates of the free-rider parame-
ters. We demonstrate the proposed strategies on
a number of experimental scenarios, in both iid
and non-iid settings. We conclude by providing
recommendations to avoid free-rider attacks in
real world applications of federated learning, es-
pecially in sensitive domains where security of
data and models is critical.

1 Introduction

Federated learning is a training paradigm that has gained
popularity in the last years as it enables different clients to
jointly learn a global model without sharing their respective
data. It is particularly suited for Machine Learning appli-
cations in domains where data security is critical, such as
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healthcare [4} [19]. The relevance of this approach is wit-
nessed by current large scale federated learning initiatives
under development in the medical domain, for instance for
learning predictive models of breast cance or for drug
discovery and developmenﬂ

The participation to this kind of research initiatives is usually
exclusive and typical of applications where data is scarce
and unique in its kind. In these settings, aggregation re-
sults entail critical information beyond data itself, since a
model trained on exclusive datasets may have very high
commercial or intellectual value. For this reason, providers
may not be interested in sharing the model: the commer-
cialization of machine learning products would rather imply
the availability of the model as a service through web- or
cloud-based API. This is due to the need of preserving the
intellectual property on the model components, as well as
to avoid potential information leakage, for example by lim-
iting the maximum number of queries allowed to the users
[Shie, 1.

This critical aspect can lead to the emergence of opportunis-
tic behaviors in federated learning, where ill-intentioned
clients may participate with the aim of obtaining the fed-
erated model, without actually contributing with any data
during the training process. In particular, the attacker, or
free-rider, aims at disguising its participation to federated
learning while ensuring that the iterative training process
ultimately converges to the wished target: the aggregated
model of the fair participants. Free-riding attacks performed
by ill-intentioned participants ultimately open federated
learning initiatives to intellectual property loss and data pri-
vacy breaches, taking place for example the form of model
inversion [7,16].

The study of security and safety of federated learning is
an active research domain, and several kind of attacks are
matter of ongoing studies. For example, an attacker may
interfere during the iterative federated learning procedure
to degrade/modify models performances [2| [12} 23| 22} [18]],
or retrieve information about other clients’ data [21}19]. Yet,
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free-riding for federated learning has been so far under-
investigated in the literature. Nevertheless, this kind of
attack is becoming critical as federated learning is rapidly
emerging as the standard training scheme in current coop-
erative learning initiatives. To the best of our knowledge,
the only investigation is in a preliminary work [15] focusing
on attack strategies operated on federated learning based on
gradient aggregation. However, no theoretical guarantees
are provided for the effectiveness of this kind of attacks.
Furthermore this setup is unpractical in many real world
applications, where federated training schemes based on
model averaging are instead more common, due to the re-
duced data exchange across the network. FedAvg [3] is the
most representative framework of this kind, as it is based
on the iterative averaging of the clients models’ parameters,
after updating each client model for a given number of train-
ing epochs at the local level. To improve the robustness of
FedAvg in non-iid and heterogeneous learning scenarios,
FedProx [14] extends FedAvg by including a regularization
term penalizing local departures of clients’ parameters from
the global model.

The contribution of this work consists in the development of
a theoretical framework for the study of free-rider attacks in
federated learning schemes based on model averaging, such
as in FedAvg and FedProx. The problem is here formalized
via the reformulation of federated learning as a stochastic
process describing the evolution of the aggregated parame-
ters across iterations. To this end, we build upon previous
works characterizing the evolution of model parameters in
Stochastic Gradient Descent (SGD) as a continuous time
process [16l 17, 131 [8]. A critical requirement for oppor-
tunistic free-rider attacks is to ensure the convergence of
the training process to the wished target represented by
the aggregated model of the fair clients. We show that the
proposed framework allows to derive explicit conditions to
guarantee the success of the attack. This is an important
theoretical feature as it is of primary interest for the attacker
to not interfere with the learning process.

We first derive in Section [2.4] a basic free-riding strategy
to guarantee the convergence of federated learning to the
model of the fair participants. This strategy simply consists
in returning at each iteration the received global parameters.
As this behavior could easily be detected by the server,
we build more complex strategies to disguise the free-rider
contribution to the optimization process, based on opportune
stochastic perturbations of the parameters. We demonstrate
in Section [2.5] that this strategy does not alter the global
model convergence, and in Section [3] we experimentally
demonstrate our theory on a number of learning scenarios
in both iid and non-iid settings. All proofs and additional
material are provided in the Appendix.

2 Methods

Before introducing in Section [2.2] the core idea of free-
rider attacks, we first recapitulate in Section [2.1]the general
context of parameter aggregation in federated learning.

2.1 Federated learning through model aggregation:
FedAvg and FedProx

In federated learning, we consider a set I of participat-
ing clients respectively owning datasets D; composed by
M; samples. During optimization, it is generally as-
sumed that the D elements of the clients’ parameters vec-
tor 0; = (0!4,6¢,,...,0! 1), and the global parameters
0' = (0,04, ...,0%) are aggregated independently at each
iteration round ¢. Following this assumption, and for sim-
plicity of notation, in what follows we restrict our analysis
to a single parameter entry, that will be generally denoted
by 6! and 6* for clients and server respectively.

In this setting, to estimate a global model across clients,
FedAvg [3] is an iterative training strategy based on the
aggregation of local model parameters 6¢. At each iteration
step t, the server sends the current global model parameters
6% to the clients. Each client updates the model by mini-
mizing over F epochs the local cost function £(61, D;)
initialized with 6%, and subsequently returns the updated
local parameters 9;+1 to the server. The global model pa-
rameters §*+! at the iteration step ¢ + 1 are then estimated
as a weighted average:

M,
it =) Lottt 1
> N Q)
i€l
where N =}, _; M; represents the total number of sam-

ples across distributed datasets. FedProx [[14] builds upon
FedAvg by adding to the cost function a L2 regulariza-
tion term penalizing the deviation of the local parameters
93“ from the global parameters #°. The new cost function
is £P7>0$(9§+15Di79t) = E(G;‘H_lvpi) + % Heit—‘r1 B 9t’|2
where p is the hyperparameter monitoring the regulariza-
tion by enforcing proximity between local update 6;' ™" and
reference model 6°.

2.2 Formalizing Free-rider attacks

Aiming at obtaining the aggregated model of the fair clients,
the strategy of a free-rider consists in participating to fed-
erated learning by dissimulating local updating through the
sharing of opportune counterfeited parameters. The free-
riding attacks investigated in this work are illustrated in
Algorithm [T} and analysed in the following sections from
both theoretical and experimental standpoints.

We denote by J the set of fair clients, i.e. clients following
the federated learning strategy of Section and by K
the set of free-riders, i.e. malicious clients pretending to
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Algorithm 1: Free-riding in federated learning

Input: learning rate A, epochs F, initial model 9O,
batch size S
90 — 0°;
for each round t=0,...,7-1 do
Send the global model 6t to all the clients;
for each fair client 5 € J do
0'+! = ClientUpdate(0', E, \);
Send 9~§i+1 to the server;
for each free-rider k € K do
if disguised free-rider then
‘ 011! = 0t 4 ¢, where € ~ N'(0,07);
else
=
Send 05! to the server;

gt+1 _ M; at+1 M, gt+1.
07" =2 s WO+ 2hex WO

participate to the learning process, such that I = J U K and
J # (). We denote by M the number of samples declared
by the free-riders.

2.3 SGD perturbation of the fair clients local model

To describe the clients’ parameters observed during feder-
ated learning, we rely on the modeling of Stochastic Gradi-
ent Descent (SGD) as a continuous time stochastic process
(1617, 131 8].

For a client j, let us consider the following form for the loss
function:

M
1 J

L;(0;) = i, Z In,j(05), )
n=1

where M is the number of samples owned by the client,
and [, ; is the contribution to the overall loss from a single
observation {xy, j; Yn,; }. The gradient of the loss function
is defined as g;(0;) = VL;(6;).

We represent SGD by considering a minibatch S; 1, com-
posed by a set of S different indices drawn uniformly at
random from the set {1, ..., M}, each of them indexing a
function [,, ;(6;) and where k is the index of the minibatch.
Based on S; i, we form a stochastic estimate of the loss,

1
£Sj,k(9j) = g Z ln,j(ej)7 3)

’nESj‘k

where the corresponding stochastic gradient is defined as
9S; k (QJ) = V'Csj,k-, (QJ)

By observing that gradient descent is a sum of .S indepen-
dent and uniformly distributed samples, thanks to the central
limit theorem, gradients at the client level can thus be mod-

eled by a Gaussian distribution
95,4 05) ~ Ng;(05), 507 (65)), “)

where g;(0;) = E; [gs,,(6;)] is the full gradient of the
loss function in equation and 0]2-(9]-) is the variance
associated with the loss function in equation (3).

SGD updates are expressed as:
0(uj +1) = 0;(u;) — Ags, . (0;(u;)), Q)

where u; is the SGD iteration index and A is the learning
rate set by the server.
By defining Af;(u;) = 0;(u; +1)—6;(u;), we can rewrite
the update process as

A
ﬁaj(oj)Aij (6)

where AW; ~ N(0,1). The resulting continuous-time
model [16}117, 13} 8] is

Abj(uy) = —Agj(0;(uy)) +

A
ﬁO’j(Gj)de. (7)

where W is a continuous time Wiener Process.

d9j = —)\gj(Hj)duj +

Similarly as in [16], we assume that o;(6;) is approximately
constant with respect to §; for the client’s stochastic gradi-
ent updates between ¢ and t 4 1, and will therefore denote
0j(0;) = 0. Following [16]], we consider a local quadratic
approximation for the client’s loss, leading to a linear form
for the gradient g;(6;) ~ 7;[0; — 0], where r; € R de-
pends on the approximation of the cost function around
the local minimum 6. This assumption enables rewriting
equation (7)) as an Ornstein-Uhlenbeck process [20]. Start-
ing from the initial condition represented by 6%, the global
model received at the iteration ¢, we characterize the local
updating of the parameters through equation (7)), and we
follow the evolution up to the time Eg/lj , where F is the
number of epochs, and M is the number of samples owned
by the client. Assuming that M; is a multiple of S, the
number of samples per minibatch, the quantity E?’ repre-
sents the total number of SGD steps run by the client. The
updated model 9;“ uploaded to the server therefore takes
the form:

EM
0;""1 — ¢ AMiTs

[0t — 03]+ 0;

ft+1
9]'

EM;

A e
+
\/g u=0

EM

o (F5t-u) ctdW,.  (8)

We note that the relative number of SGD updates for the

E EM,

. . M, . _ X J
fair clients, <7 influences the parameter n); = ¢ AT =5

which becomes negligible for large values of E.
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The variance introduced by SGD can be rewritten as

Var [9§+1|9t] = %(7;-

EM;

1
27 [1 _ 6_2)\T'j 5 , (9)
27"j

t2
Pj

where we can see that the higher Eg/'[j , the lower the overall
SGD noise. The noise depends on the local loss function
r;, on the server parameters (number of epochs F, learning
rate )\, and number of samples per minibatch S), and on the
clients’ data specific parameters (SGD variance 052 ).

Equation (8) shows that clients’ parameters observed dur-
ing federated learning can be expressed as 6 = 6% + p%(;

where, given 6%, 9; is a deterministic component correspond-

ing to the model obtained with Eg@ steps of gradient de-

scents, and (; is a delta-correlated Gaussian white noise.

We consider in what follows a constant local noise vari-
2 . . . . .

ance o (this assumption will be relaxed in Sect;on to

consider instead time-varying noise functions p%).

Based on this formalism, in the next Section we study a
basic free-rider strategy simply consisting in returning at
each iteration the received global parameters. We call this
type of attack plain free-riding.

2.4 Plain free-riding

We denote by 6 and 9~j respectively the global and local
model parameters obtained in presence of free-riders. The
plain free-rider returns the same model parameters as the
received ones, i.e. Vk € K, éi“ = #'. In this setting, the
server aggregation process (1]) can be rewritten as:

- M ~ M ~

g+l — 5 g+l K ot 1

Z TR (10)
jeJ

where 6" is the global model and 93‘- are the fair clients’ local

models uploaded to the server for free-riding.

2.4.1 Free-riders perturbation of the fair clients local
model

In this section, we investigate the effect of the free-riders on
the local optimization performed by the fair clients at every
server iteration. The participation of the free-riders to fed-
erated learning implies that the processes of the fair clients
are being perturbed by the attacks throughout training. In
particular, the initial conditions of the local optimization
problems are modified according to the perturbed aggrega-
tion of equation (I0).

Back to the assumptions of Section@], the initial condition
6! of the local optimization includes now the aggregated
model of the fair clients and a perturbation coming from the
free-riders. Thus, equation (8) in presence of free-riding can

be written as

0t =n;[0" — 03] + 0}
EM

A / s
+ =
\/§ u=0

where 61 = ot(0;) is the SGD variance for free-riding.
We consider that 6§ = ¢} = ;. This assumption will be

relaxed in Section to consider instead time-varying
noise functions. With analogous considerations to those
made in Section[2.3] the updated parameters take the form:

J .
e‘*”(Egl"‘“)cﬁqu, (11)

G0 = (0" — 03] + 07 + i, (12)

where é:j,t is a delta-correlated Gaussian white noise. Simi-
larly as for federated learning, E {0;“ |9t} = ;0" — 07] +
07, and Var |07110°| = 2.

We want to express the global optimization process 6! due
to free-riders in terms of a a perturbation of the equivalent
stochastic process % obtained with fair clients only. Theo-
rem [I] provides a recurrent form for the difference between
these two processes.

Theorem 1. Under the assumptions of Section[2.3|and [2.4]
for the local optimization processes resulting from federated
learning with respectively only fair clients and with free-
riders, the difference between the aggregation processes of
formulas (T)) and (T0) takes the following recurrent form:

. gt_t71 M\ ” s
- —Z<€+N) f(6*) (13)

=0
t—1 t—i—1
M
+Z <€+ ]\;() (ZN/Z‘—Z/j,),
=0

with £(6) = < [0 = 50,5 w25 Ins (60 — 65) + 031

_ M; M;
€ = e N Vi > jes NoincPiGit and

=Y WiCin

We note that in the special case with no free-riders (i.e.
My = 0), the quantity §° — #" depends on the second
term of equation (I3)) only, and represents the comparison
between two different realizations of the stochastic process
associated to the federated global model. Theorem|[I]shows
that in this case the variance across optimization results is
non-zero, and depends on the intrinsic variability of the local
optimization processes quantified by the variable v;. We
also note that in presence of free-riders the convergence to
the model obtained with fair clients depends on the relative
sample size declared by the free-riders %

2.4.2 Convergence analysis of plain free-riding

Based on the relationship between the learning processes
established in Theorem (I} we are now able to prove that
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federated learning with plain free-riders defined in equation
(TO) converges in expectation to the aggregated model of
the fair clients of equation (IJ.

Theorem 2 (Plain free-riding). Assuming FedAvg con-
verges in expectation, and based on the assumption of Theo-
rem I] the following asymptotic properties hold:

E[0 -] =50, (14)

2
[~z + ovmaney] Zjes (Mjp;)
1~ (c+ )

Var [ét — 9’5} totee

as)

As a corollary of Theorem 2] in Proof[A.2]it is shown that
the asymptotic variance is strictly increasing with the sam-
ple size Mg declared by the free-riders. In practice, the
smaller the total number of data points declared by the free-
riders, the closer the final aggregation result approaches
the model obtained with fair clients only. On the contrary,
when the the sample size of the fair clients is negligible
with respect to the the one declared by the free-riders, i.e.
N ~ Mk, the variance tends to infinity. This is due to the
ratio approaching to 1 in the geometric sum of the second
term of equation (I3). In the limit case when only free-
riders participate to federated learning (J = (}), we obtain

instead the trivial result ' = #° and Var |6'| = 0. In
this case there is no learning throughout the training pro-
cess. Finally, with no free-riders (M = 0), we obtain
Var {éf — 95] tote, T Yjes (M;p;)?, reflecting
the variability of the fair aggregation process due to the
stochasticity of the local optimization processes.

2.5 Disguised free-riding

Plain free-riders can be easily detected by the server, since
for each iteration the condition [0}t — §* = 0] is true. In
what follows, we study improved attack strategies based
on the sharing of opportunely disguised parameters, and
investigate sufficient conditions on the disguising models
to obtain the desired convergence behavior of free-rider
attacks.

2.5.1 Additive noise to mimic SGD updates

A disguised free-rider with additive noise generalizes the
plain one, and uploads parameters 07! = 0! + ¢ (t)e;.
Here, the perturbation ¢, is assumed to be Gaussian white
noise, and @ (t) > 0 is a suitable time-varying perturbation
compatible with the free-rider attack. As shown in equation
(), the parameters uploaded by the fair clients take the
general form composed by an expected model corrupted by
a stochastic perturbation due to SGD. Free-riders can mimic
this update form by adopting a noise structure similar to the

one of the fair clients:

2 A 2

At = 5o’ s [1-e? 5] e

1
27k
where 7, and o, would ideally depend on the (non-existing)
free-rider data distribution and thus need to be determined,
while M, is the declared number of samples. Compatibly
with the assumptions of constant SGD variance O'JZ for the
fair clients, we here assume that the free-riders noise is
constant and compatible with the SGD form:

A
2 _ A o
@k_Sok

1 ,
— (1o e Eﬂsl"] . (17)
2’1”'k

Analogously as for the fair clients, this assumption will be
relaxed in Section 2.5.3]

2.5.2 Attacks based on fixed additive stochastic
perturbations

In this new setting, we can rewrite the FedAvg aggrega-
tion process (1) for an attack with a single free-rider with
perturbation :

~ M; ~ Mg ~ M
i1 J Gt K ¢ K
0T = E A HJ +7N 0 —&——N (PEt. (18)

JjeJ

Theorem [3extends the results previously obtained for fed-
erated learning with plain free-riders to our new case with
additive perturbations.

Theorem 3 (Single disguised free-rider). Analogously to
Theorem 2] the aggregation process under free-riding de-
scribed in equation (I8) converges in expectation to the
aggregated model of the fair clients of equation (T) :

E [ét - 91 oo, 9)
2
Vmiﬁgfm}t*+w Lﬁ§+fﬁfﬁgﬁlzbeJU4ﬂﬂ

1= e+ %)
1 M3,

K2
1= (e )" VT

(20)

Theorem [3|shows that disguised free-riding converges to the

final model of federated learning with fair clients, although

with a higher variance resulting from the free-rider’s per-

turbations injecjg:d at every iteration. The perturbation is
K

proportional to =3, the relative number of samples declared

by the free-rider.

The extension of this result to the case of multiple free-
riders requires to account in equation (I8) for an attack of
the form 3, - 2=y €p, ¢, where My is the total sample
size declared by free-rider k. Corollary [I|follows from the
linearity of this form.
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Corollary 1 (Multiple disguised free-riders). Assuming a
constant perturbation factor o, for each free-rider &, the
asymptotic expectation of Theorem [3]still holds, while the
variance reduces to

2
t——+o00 [ﬁ + (N—Jl\IK)Z] ZjeJ (M;p;)
I (e %)’

1 M
+ — Q- 21
1—<e+MTK>2k§<N2 ’

Var [ét - 9’5}

2.5.3 Time-varying noise model of fair-clients
evolution

To investigate more plausible parameters evolution in feder-
ated learning, in this section we relax the assumption made
in Section[2.3]about the constant noise perturbation of the
SGD process across iteration rounds.

We assume here that the standard deviation cr§- of SGD

decreases at each server iteration ¢, approaching to zero over

t t——+oo

iteration rounds: o; ——— 0. This assumption reflects

the improvement of the fit of the global model 6 to the
local datasets over server iterations, and implies that the
stochastic process of the local optimization of Section[2.3]

has noise parameter p§ 124 0. We thus hypothesize
that, to mimic the behavior of the fair clients, a suitable

time-varying perturbation of the free-riders should follow a

similar asymptotic behavior: ¢y (t) L2429, . Under these

assumptions, Corollary 2]shows that the asymptotic variance
of model aggregation under free-rider attacks is zero, and
that it is thus still possible to retrieve the fair client’s model.

Corollary 2. Assuming that fair clients and free-riders

evolve according to Section [2.3] to [2.5] if the conditions

I 124 0 and K (t) 124 0 are met, the aggregation
process of federated learning is such that the asymptotic

variance of Theorems 2] and Blreduce to

Var {ét - 9t} izt g (22)

We assumed in Corollary that the SGD noise a;:- decreases
at each server iteration and eventually converges to 0. In
practice, the global model may not fit perfectly the dataset
of the different clients D; and, after a sufficient number of

optimization rounds, may keep oscillating around a local

.. t—
minima. We could therefore assume that o Iotoo, o;

J
leading to pgt Lma N p;- In this case, to mimic the behav-
ior of the fair clients, a suitable time-varying perturbation

compatible with the free-rider attacks should converge to

a fixed noise level such that () LmasaN Y. Similarly

as for Corollary 2] it can be shown that under these hypoth-
esis federated learning follows the asymptotic behaviors
of Theorem [2| and |3| for respectively plain and disguised
free-riders.

2.6 FedProx

FedProx includes a regularization term for the local loss
functions of the different clients ensuring the proximity
between the updated models 0;“ and 0. This regulariza-
tion is usually defined as an additional L2 penalty term,
and leads to the following form for the local gradient
9;(0;) = ;[0 — 05] + p[0; — 6'] where yu is a trade-off pa-
rameter. Since the considerations in Section[2.3]still hold in
this setting, we can express the local model contribution for
FedProx with a formulation analogous to the one of equation
(8). Hence, for FedProx, we obtain similar conclusions for
Theorem [2]and 3] as well as for Corollary [Tjand [2] proving
that the convergence behavior with free-riders is equivalent
to the one obtained with fair clients only, although with a
different asymptotic variance (Appendix [B).

Theorem 4. Assuming convergence in expectation for fed-
erated learning with fair clients only, under the assumptions
of Theorem [1| the asymptotic properties of plain and dis-
guised free-riding of Theorem 2] [3] and Corollary still
hold with FedProx. In this case we have parameters:

by 1 (1 EM;
J
M; 1—1
€=) —~ltp ) (24)
j;l N [ J Tj-‘ru]
EM;
and ~; = e AT TS (25)

We note that the asymptotic variance is still strictly increas-
ing with the total number of free-riders samples. Moreover,
the regularization term monitors the asymptotic variance: a
higher regularization leads to a smaller noise parameter p?
and to a smaller ¢, thus decreasing the asymptotic variances
of Theorem 2] 3] and Corollary [T} [2]

3 Experiments

This experimental section focuses on a series of benchmarks
for the proposed free-rider attacks. The methods being of
general application, the focus here is to empirically demon-
strate our theory on diverse experimental setups and model
specifications. All code, data and experiments are available
at URL.

3.1 Experimental Details

We consider 5 fair clients for each of the following scenarios,
investigated in previous works on federated learning [3} [14]:

MNIST (classification in iid and non-iid settings). We study
a standard classification problem on MNIST [11]] and create
two benchmarks: an iid dataset (MNIST iid) where we
assign 600 training digits and 300 testing digits to each
client, and a non-iid dataset (MNIST non-iid), where for
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FedAvg FedProx

1 free-rider

—— Only Fair —— Disguised 0, y=1
Plain —— Disguised 30, y=1

0 10 20 30 40 50 0 10 20 30 40 50

5 free-riders

45 free-riders

0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140

Figure 1: Plots for Shakespeare and E = 20. Accuracy
performances for FedAvg and FedProx according to the
number of free-riders participating in the learning process:
15% (top), 50% (middle), and 90% (bottom) of the total
amount of clients. The shaded blue region indicates the
variability of federated learning model with fair clients only,
estimated from 30 different training initialization.

each digit we create two shards with 150 training samples
and 75 testing samples, and allocate 4 shards for each client.
For each scenario, we use a logistic regression predictor.

CIFAR-10[10] (image classification). The dataset consists
of 10 classes of 32x32 images with three RGB channels.
There are 50000 training examples and 10000 testing ex-
amples which we partitioned into 5 clients each containing
10000 training and 2000 testing samples. The model archi-
tecture was taken from [3l]] which consists of two convolu-
tional layers and a linear transformation layer to produce
logits.

Shakespeare (LSTM prediction). We study a LSTM model
for next character prediction on the dataset of The Complete
Works of William Shakespeare [3]. We randomly chose
5 clients with more than 3000 samples, and assign 70%
of the dataset to training and 30% to testing. Each client
has on average 6415.4 samples (+1835.6) . We use a two-
layer LSTM classifier containing 100 hidden units with
an 8 dimensional embedding layer. The model takes as
an input a sequence of 80 characters, embeds each of the
characters into a learned 8-dimensional space and outputs
one character per training sample after 2 LSTM layers and
a fully connected one.

We train federated models following FedAvg and FedProx
aggregation processes. In FedProx, the hyperparameter
monitoring the regularization is chosen according to the best
performing scenario reported in [14]: u = 1 for MNIST
(iid and non-iid), and p = 0.001 for Shakespeare. For
the free-rider we declare a number of samples equal to the

FedAvg FedProx

— onlyFair —— Disguised g, y=1
Plain —— Disguised 30, y=1

1 free-rider

10°

5 free-riders

10°

45 free-riders

0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140

Figure 2: Plots for Shakespeare and £ = 20. Loss perfor-
mances for FedAvg and FedProx according to the number of
free-riders participating in the learning process: 15% (top),
50% (middle), and 90% (bottom) of the total amount of
clients.

average sample size across fair clients. We test federated
learning with 5 and 20 local epochs using SGD optimization
with learning rate A = 0.001 for MNIST (iid and non-iid),
A = 0.001 for CIFAR-10, and A = 0.5 for Shakespeare, and
batch size of 100. Resulting figures for associated accuracy
and loss can be found in Figure[I] Figure 2]and Appendix

3.2 Free-rider attacks: convergence and
performances

In the following experiments, we investigate free-rider
attacks taking the simple form ¢(t) = ot~7. The pa-
rameter vy is chosen among a panel of testing parameters
v € {0.5, 1,2}, while additional experimental material on
the influence of -y on the convergence is presented in Ap-
pendix [C] While the optimal tuning of disguised free-rider
attacks is out of the scope of this study, in what follows
the perturbations parameter o is defined according to prac-
tical hypotheses on the parameters evolution during fed-
erated learning. After random initialization at the initial
federated learning step, the parameter o is opportunely esti-
mated to mimic the extent of the distribution of the update
AB° = 6" — 9" observed between consecutive rounds of fed-
erated learning. We can simply model these increments as a
zero-centered univariate Gaussian distribution, and assign
the parameter o to the value of the fitted standard deviation.
According to this strategy, the free-rider would return param-
eters é,tc with perturbations distributed as the ones observed
between two consecutive optimization rounds. Figure [T]
top row, exemplifies the evolution of the models obtained
with FedAvg (20 local training epochs) on the Shakespeare
dataset with respect to different scenarios: 1) fair clients
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only, 2) plain free-rider, 3) disguised free-rider with decay
parameter v = 1, and estimated noise level o, and 4) dis-
guised free-rider with noise level increased to 3o. For each
scenario, we compare the federated model obtained under
free-rider attacks with respect to the equivalent model ob-
tained with the participation of the fair clients only. For
this latter setting, to assess the model training variability,
we repeated the training 30 times with different parameter
initializations. The results show that, independently from
the chosen free-riding strategy, the resulting models attains
comparable performances with respect to the one of the
model obtained with fair clients only (Figure [T} top row).
Similar results are obtained for the setup with 5 local train-
ing epochs and different values of , as well as for FedProx
with 5 and 20 local epochs (Appendix [C).

We also investigate the same training setup under the in-
fluence of multiple free-riders (Figure [} mid and bottom
rows). In particular, we test the scenarios where the free-
riders declare respectively 50% and 90% of the total training
sample size. In practice, we maintain the same experimen-
tal setting composed by 5 fair clients, and we increase the
number of free-riders to respectively 5 and 45, while declar-
ing for each free-rider a sample size equal to the average
number of samples of the fair clients. Independently from
the magnitude of the perturbation function, the number of
free-riders does not seem to affect the performance of the
final aggregated model. However, the convergence speed
is greatly decreased. Figure 2] shows that the convergence
in these different settings is not identically affected by the
free-riders. When the size of free-riders is moderate, e.g. up
to 50% of the total sample size, the convergence speed of
the loss is slightly slower than for federated learning with
fair clients. The attacks can be still considered successful,
as convergence is achieved within the pre-defined iteration
budget. However, when the size of free-riders reaches 90%,
convergence to the optimum is extremely slow and cannot
be achieved anymore in a reasonable amount of iterations.
This result is in agreement with our theory, for which the
convergence speed inversely proportional to the relative size
of the free-riders. Interestingly, we note that the final ac-
curacy obtained in all the scenarios is similar (though a bit
slower with 90% of free-riders), and falls within the vari-
ability observed in federated learning with fair-clients only
(Figure 1). This result is achieved in spite of the incomplete
convergence during training. This effect can be explained
by observing that this accuracy level is already reached
at the early training stages of federated learning with fair
clients, while further training does not seem to improve the
predictions. This result suggests that, in spite of the very
low convergence speed, the averaging process with 90% of
free-riders still achieves a reasonable minima compatible
with the training path of the fair clients aggregation.

Analogous results and considerations can be derived from
the set of experiments on the remaining datasets, training pa-

rameters and FedProx as an aggregation scheme (Appendix

4 Conclusion and discussion

We introduced a theoretical framework for the study of free-
riding attacks on model aggregation in federated learning.
Based on the proposed methodology, we proved that sim-
ple strategies based on returning the global model at each
iteration already lead to successful free-rider attacks (plain
free-riding), and we investigated more sophisticated dis-
guising techniques relying on stochastic perturbations of the
parameters (disguised free-riding). The convergence of each
attack was demonstrated through theoretical developments
and experimental results.

This work opens the way to the investigation of optimal dis-
guising and defense strategies for free-rider attacks, beyond
the proposed heuristics. Our experiments show that inspec-
tion of the client’s distribution should be established as a
routine practice for the detection of free-rider attacks in fed-
erated learning. Further research directions are represented
by the improvement of detection at the server level, through
better modeling of the heterogeneity of the incoming clients’
parameters. This study provides also the theoretical basis
for the study of effective free-riding strategies, based on dif-
ferent noise model distributions and perturbation schemes.
Finally, in this work we relied on a number of hypothesis
concerning the evolution of the clients’ parameters during
federated learning. This choice provides us with a conve-
nient theoretical setup for the formalization of the proposed
theory which may be modified in the future, for example,
for investigating more complex forms of variability and
schemes for parameters aggregation.
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A Complete Proofs for FedAvg

A.1 Proof of Theorem[Il

We prove with a reasoning by induction that:

t—1

étofz< +A]4VK> 1f(ei)

1=0
t—i—1
+ Z (e+ > (7 —vi),  (26)

. M; * *
with f(0%) = M [at = Yjes moare (0" = 07) + 93-]},
M M.
€ = Yjes NN Yjes N—irg PGt and
o= ey et By definition of @'+,

jpjgj,t-
E[f(6")] = "5 [E[6"] - E [0"H]].

Proof. Server iteration ¢t = 1

Using the fair clients local model parameters evolution of
Section[2.3]and the server aggregation process expressed in
equation (T0), the global model can be written as

M
[n; (6°
jZE;N My 11

—0;)+0;] +r0. 27

Similarly, the global model for federated learning with plain
free-riders can be expressed as

D JICE

jeJ

M _
0) +0;] + =700 + 0. (28)

By subtracting equation (27) to equation (28), we obtain:

0 -0 = - _ 7N—§\4K (n; (6° —67) + 6]
JjeJ
M
+TK90+170—1/0 (29)

Hence, 51 — 64 follows the formalization.
Fromttot+1

We suppose the property true at a server iteration ¢. Hence,
we get:

t—1 -1
0 -0 =" <e - ]\]4\?) f(6"

i=0
t—1 t—i—1
M
+ ; (6 + ;) (s — 1), (30)
With the same reasoning as for ¢t = 1, we get:
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and
_ M. . M ~
t+1 t * * K ;t ~
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jeJ
(32)
By using equation (30) for equation (32), we get:
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By subtracting equation (33)) to equation (31, we obtain:

g+l _ gt+l — Mg Z NL [n; (6 — 9;) + 9;]

M
+ =0+ — (36)

Given that —% Zje] N,L]\J/[K [77j (915 - 0;) + 9;] +
Mgt = f(6), we get:

§t+1 9t+1_ : Mg - i

A.2 Proof of Theorem 2]

Proof. Expected Value

Let us first have a look at the expected value. By def-
inition, a sum of Gaussian distributions with 0 mean,
E [v;] = 0 and E [;] = 0. We also notice that E [f(0")] =
Me [E[0"] — E [9*+!]]. Hence, we obtain

N N

t—1 n—i—1
E[0' -0 = M (e + MK> E [0 — 6]
=0

(38)

We consider that federated learning is converging, hence
|E[0'] —E [0"T] | L2922, 0, and for any positive a, there
exists Ny such that |E [§° — 0'7!] | < a. Since n; €]0, 1],
we have e €]0, Y=Y [and € + 2 €]0, 1[. Thus, we can
rewrite equation (38) as

No—1 t—i—1 5
|E {ét — Ht} | < OZ (e+ ]wK) |E [Ht] _E [9t+1] | Var [6‘t — et} = Var

get:
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« Expressing A.
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A= -8 41
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Imtee g 43)

» Expressing B.
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(45)
. & t—Np
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t—s 400 1
17(6+%)>0 “7

Using equation (@3) and (#7) in equation (#0), we get:

va lim |E[0'~6'|| < Ba, 48)
t——+oo
which is equivalent to
lim E [ét - 9@ —0. 49)
t—4o00

Variance

The Wiener processes, v; and ; are independent from the
server models parameters 6°. Also, each Wiener process is
independent with the other Wiener processes. Hence, we
get:

3 (c+ “fv’() f<9i>]

P N i=0
t—1 t—i—1 E
M .
i=No + Z €+ N Var [7; — vy],
i=0 e
(50)

We define by R = max;ep,n) | E[607] — E [#"7] |, and
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Expressing . Before getting a simpler expression for E,
we need to consider Cov [ f(6), f(6™)]. To do so, we first

consider f(6") — E [£(6")]
(6" —E[£(67)]

T D e Al G IR ClY
J€=;

We can prove with a reasoning by induction that
t—i—1

t t _ n—1 M, _

0° — E[0'] = >l (Zje] fowK'Uj) vi =

S v e €1y, All the v; are independent across each

others and have 0 mean, hence:

min{l—1,m—1}

Cov [f(0)), f(Om)] = G* Z

=0

El+7nf2i72 E [Vzﬂ

(52)

2
Considering that E [v7] = Var [1;] = 3, ; (Nﬁ/lifv'“{pj) ,
we get:

Cov [£(6"), f(6™)]
2 min{l—1,m—1}

o2 Z (N MM pj) Z d-i-l (53)

jeJ i=0

We define G/ = G? dies (NJ%WK pj> . Given that € €
10, 1[, we get the following upper bound on E:

Cov [f(6"), £(6™)] < G’ min{l, m} (54)

By denoting H = € + %, we can rewrite F as:
t—1 t—1
E=Y Y HDmCov [£1(6Y), £(6™)] (55
1=0 m=0

-1 t-1
< Z Z H2(t=D=l=mcy min{l,m} (56)
=0 m=0

Considering that min{l, m} <, we get:

t—1 t—1

E < G/Z Z H2(t—1)—l—ml (57)

=0 m=0
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=0
1—
2t—1 1
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Considering the power series Zz:of) nz" = ﬁ, we get

— -1
that Z;Zé H = (1_127,1)2 . Hence, E’s upper bound
goes to 0. Given that I is non-negative, we get:

E 12t 61)

Expressing F'. Let us first consider the noise coming from
the SGD steps. All the 7; are independent with ;. Hence,
we have

F = Var [p;] — Var [i4] (62)

= Var Z NP]CJ@ ZN My ;i Cji (63)

jeJ jeJ

_ L 1 N2
=zt m] ];] (M;p;) (64)

Replacing (64) in equation (50), we can express the variance
as

t—1

Var {ét - ot} =E+FY HXD (65)
i=0
t—1
= E+ FH?D Z H™Z (66)
1=0
1—H2
= E+ FH>Y T (67)
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By replacing F' and H with their respective expression, we
can conclude that

1 1 )2
Var [ét _ gt] totoo, (N2 T (NME<>2] %je)J (M;p;)
1—(e+
(69)
U

Note 1: The asymptotic variance is strictly increasing with
the number of data points declared by the free-riders M.

While M; and p; are constants and independent from the
number of free-riders and from their respective number
of data points, N and e depend on the total number of
free-riders’ samples My . We first rewrite € = %a with

a = ZjeJ M ;n; not depending on Mg and we get:

Mg 1
“r‘T—N[OZ-FMK]. (70)
By defining My = >, ; Mj, we get:

Mg 1
1-— (e—i— N) = m[M;—i—?MK[MJ —a] — a7,

(71)
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with M; — a > 0 because n; €0, 1[.

Also, considering that

1 1 1 MIQ( My
—t = — = +2— 42 72
N2+(N—MK)2 NQ[M§+ MJ+ Lo a2
we can rewrite
M?2 M
W w25 2

= 73
1= (e+ 2g)? M2, o] a2

As the numerator is a polynomial of order 2 in Mk and
the denominator is a polynomial of order 1 in Mg, the
asymptotic variance is increasing with M.

Note 2: When considering that the SGD noise variance is
different for federated learning with and without free-riders,
we get:

1 - 1
F=-3 Z (M;p;)* + (N = Mp)? Z (M;p;)°
jeJ jeJ
(74

A.3 Proof of Theorem[3

Proof. Relation between federated learning with and
without free-riders global model

With a reasoning by induction similar to Proof [A.T] we get:

_ t—1 M t—i—1 )
-0 =3 (e + ]\f) £(6%) (75)
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Expected value

€; 18 a delta-correlated Gaussian White noise which implies
that E [¢;] = 0. Following the same reasoning steps as in

Proof[A.2] we get:

lim E [ét - at] —0. (78)
t——+o0
Variance

All the ¢, are independent Gaussian white noises implying
Var [¢;] = 1. Following the same reasoning steps as in

Proof[A.2] we get:
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M M
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As for equation (50), all the ¢, are independent from v,
from #;, and from the global model parameters §¢. Hence,
for one disguised free-rider we get the following asymptotic
variance:

2
(%7 + vdreyr) Ljes (Mip;)
(e )
1 M%

1—(e+%)2ﬁ@

Var [ét - 0’5} oo
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A.4 Proof of Corollary ]|

Proof. Relation between federated learning with and
without free-riders global model

With a reasoning by induction similar to Proof we get:

. gt_t_l M\ ” “
- —Z(€+N) f(6°) (84)

=0

-1 t—i1
M M,
+ Z Z (e + NK> ka Prekt, (86)

keK i=0

Expected value

€x,¢ are delta-correlated Gaussian White noises which im-
plies that E [e;, ;] = 0. Following the same reasoning steps

as in Proof we get:

lim E [ét _ et} —0. (87)

t——+oo

Variance
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All the €, are independent Gaussian white noises over
server iterations ¢ and free-riders indices k implying

Var [e;] = 1. Following the same reasoning steps as in
Proof[A.2] we get:
t—1 t—i—1
Mg My,
Var Z (e + ) @kek,t‘|
= N N
t—+o00 1 M?
= ~oek (88)

1 (e )V

Like for equation (50), all the e ¢ are independent from
v;, U; and the global model parameters *. Hence, for mul-
tiple disguised free-rider we get the following asymptotic
variance:

2
t——+o00 [ﬁ + (ijle)?] Eje] (Mjpj)

Nt t
Var (8" — o' T (er )
1 M
+ (89)
1—(€+A11v )2k€K N2
O

A.5 Proof of Corollary 2]
Proof. Relation between federated learning with and
without free-riders global model

The relation remains the same for Theorem Theo-
rem [3| and Corollary [I| by replacing 7; with 7;(t) =

Sje N

Expected value

;i (t) and @y, by @y (¢) for disguised free-riding.

With pz- and (t) the properties for &y, 14, €; and ¢, remain
identical. Hence, they still are delta-correlated Gaussian
White noises implying that E[2;] = E[»y] = Ele] =
E [ex,¢] = 0. Hence, for Theorem 2} Theorem 3] and Corol-
lary [T} we get:

lim E [ét _ 91 —0. (90)

t—+4oo

Variance

Variance asymptotic behaviour proven in Proof [A.2] [A3]
and [A.4] can be reduced to the one in Proof[A.2] Hence, F,
equation (64), need to be reexpressed to take into account
p;(t). All the 7; are still independent with v;. Hence, we
have:

F = Var [1(t) — vi(t)] oD

= Var Z%

itz M;
pﬁ-cj,i—z Noan S| O
jeJ

Considering that pz 12420 0, we get:

t——+oo

F—"=30 93)

Using the same reasoning as the one used for the expected
value convergence in Proof [A.2] we get that the SGD noise
contribution linked to F' goes to O at infinity.

For the disguised free-riders, €, ; are still independent Gaus-
sian white noises implying Var [ex ;] = 1. Hence, following
a reasoning similar to the on in Proof[A.2] we get:

t—1 t—i—1
M
Z (6 + ) ]\f@k(t)ﬁk,t]

-1 2(t—i—1) 2
My Mz 2

Var

Considering that () 1z, ), by using the same rea-

soning as for the proof of the expected value for free-riders,
Section XX, we get:

t—1 t—i—1
My Mg t—+o00
Var Z (6 + ) wk(t)ek,t] /0

—~ N N

95)
Hence, we can conclude that

Var {ét _ et} Lot ), (96)
O

B Complete Proofs for FedProx

FedProx is a generalization of FedAvg. As such, we use
the proof done for FedAvg to prove convergence of free-
riders attack using FedProx as an optimization solver. The
L2 norm monitored by p changes the gradient as g, (6;) ~
ril0; — 03] + plo; — 0°].

Using equation (7)), we then get:

. A
df; = =\ [r;[0; — 03] + ul0; — 0']] + ﬁc’j“’j)dwj’
o7
leading to
—Alr 4| W 7"'9* + /‘l’et —A(r u
ej(u) —e Arj4u] 0. ( )+W[1—e A(rj+p) ]
/ e AT ) o (9 ) AW, . (98)

considering that 6;(0) = 6", Hj(Eg/Ij) = 9;-“, and
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0j(0;) = of, we get:

T‘j 9; + ,uGt

0t = 0" +
J Vi Py

(1=l 99)

EM;

S
+ﬁ/:;70 G_A(Tj+“)( g _z)aj»deg,

(100)

EM
—A[r.: _J .
where 7, = e 1= We can reformulate this as

0t = [y, + p—10" + — 9 [1— 4,107 (101
¢ [vi + m jﬂl] rj+u[ ;105 (101)
E]M]-
A 5 EM;
+ = e M0 gl qw,, (102)

\/§ =0

The SGD noise variance between two server iterations for
FedProx is:

Var [9§+1|0t] = —0. 1— 672)‘(T_j+#) g

A 2 1 EJMJ:|
S0 2(rj + p) 7

t2
Pj

(103)

We also define 7} = v; + /i}ur
For FedAvg, y1 = 0, we get ; = 7); and §; = 1 — ;. By
property of the exponential, ; €]0, 1[. As r; and y are non

negative, then n; €]0, 1 like 7; for FedAvg.
Theorem [Il for FedProx

2

. 2 _ . EIVIj
We consider p;. = %O'j m [1 — e 2X(rj+p) ~5

Using the same reasoning by induction as in Proof we
get:

t—1 M t—i—1
ot pt _ / MK i
0 -0 =" (e + = > 9(6")

=0

t—1 —i—1
+) ¢+ M\ (T =),  (104)
P N (3 1/

with g(#') = MTK {Ht —Yjes Nﬁi\’@ ;0" + 5]‘9;]}
¢ = Yies W v = Cjes woang G and 7 =
ZjeJ %P;‘gj,t

Theorem 2] for FedProx

Like for FedAvg, we make the assumption that federated
learning without free-riders using FedProx converge. In
addition, 7; and v are also independent delta-correlated
Gaussian white noises. Following the same proof as in
Proof[A.2] we thus get:

lim E [ét _ 91 —0. (105)

t—+oo

A’; and §; = T:jr# [1— ;]

and

2
t—stoo [z + (N—Il\/[K)i} >jes (Mjp;)

/ 2
1 )

Var {ét — Gt}

(106)
The asymptotic variance still strictly increases with M.

Note: We introduce z = A(r; + p) Eg/[j. By taking the

partial derivative of p} with respect to u, we get:

50
0 Ay 1 S+ (14 22)e%], (107

= —0 ———
b~ 2870 (ry + )
which is strictly negative for a positive u considering that
all the other constants are positive. Hence, the SGD noise
variance p; is inversely proportional with the regularization

factor p.

Similarly, for €', by considering that 7); can be rewritten

as n; = ; Tfi# + r»iu’ the partial derivative of 7; with
J J

respect to u can be expressed as:

on'; 4
oMy 7"732[1 —(
op (rj+p)
Which is strictly pqsitive. Henc.e 77§ is strictly increasing
with the regularization y and so is €.

—z)e” "], (108)

Considering the behaviours of €’ and p/; with respect to the
regularization term p, the more regularization is asked by
the server and the smaller the asymptotic variance is, leading
to more accurate free-riding attacks.

Theorem 3 for FedProx

The free-riders mimic the behaviour of the fair clients.
Hence, we get:

2 _ A 5 1 [ —2X(r+ )EMJ'}
=0t ———— 1 - FTH) S 109
Pk S0k 20, + 1) e (109)
leading to
2
Var [ét _ gt] t—+o00 [# - (N_JI\JK)2] ZjeJ (Mjp;')

- (e %)
1 M o

R

(110)

For disguised free-riders, the variance is also inversely pro-
portional to the regularization parameter .

Corollary 1] for FedProx

Similarly, for many free-riders, we get:

1 1 2
1roo. (7 T vmimE) Ljes (Miph)

Var {ét - Gt} — (e %)2

1 M o
Tty - (111)
1— (¢ +246)" V° %
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C Additional experimental results

C.1 Accuracy Performances
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Figure 3: Accuracy performances for FedAvg and 20 epochs in the different experimental scenarios.
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Figure 4: Accuracy performances for FedAvg and 5 epochs in the different experimental scenarios.
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Figure 5: Accuracy performances for FedProx and 20 epochs in the different experimental scenarios.
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Figure 6: Accuracy performances for FedProx and 5 epochs in the different experimental scenarios.
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Figure 8: Loss performances for FedAvg and 5 epochs in the different experimental scenarios.
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Figure 9: Loss performances for FedProx and 20 epochs in the different experimental scenarios.
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Figure 10: Loss performances for FedProx and 5 epochs in the different experimental scenarios.
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