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Abstract
Federated learning is an increasingly popular paradigm that enables a large number
of entities to collaboratively learn better models. In this work, we study minmax
group fairness in paradigms where different participating entities may only have
access to a subset of the population groups during the training phase. We formally
analyze how this fairness objective differs from existing federated learning fairness
criteria that impose similar performance across participants instead of demographic
groups. We provide an optimization algorithm – FedMinMax – for solving the
proposed problem that provably enjoys the performance guarantees of centralized
learning algorithms. We experimentally compare the proposed approach against
other methods in terms of group fairness in various federated learning setups.

1

Introduction

Machine learning models are being increasingly adopted to make decisions in a range of domains,
such as ﬁnance, insurance, medical diagnosis, recruitment, and many more [2]. Therefore, we
are often confronted with the need – sometimes imposed by regulatory bodies – to ensure that
such machine learning models do not lead to decisions that discriminate individuals from a certain
demographic group.
The development of machine learning models that are fair across different (demographic) groups has
been well studied in traditional learning setups where there is a single entity responsible for learning
a model based on a local dataset holding data from individuals of the various groups. However,
there are various settings where the data representing different demographic groups is spread across
multiple entities rather than concentrated on a single entity/server. For example, consider a scenario
where various hospitals wish to learn a diagnostic machine learning model that is fair (or performs
reasonably well) across different demographic groups but each hospital may only contain training
data from certain groups because – in view of its geo-location – it serves predominantly individuals
of a given demographic [4].
These emerging scenarios however bring about various challenges. The ﬁrst challenge relates to the
fact that each individual entity may not be able to learn locally by itself a fair model because it may
not hold (or hold little) data from certain demographic groups; The second relates to that fact that
each individual entity may also not be able to directly share their own data with other entities due
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to legal or regulatory challenges such as GDPR [3]. Therefore, the conventional machine learning
fairness ansatz – relying on the fact that the learner has access to the overall data – does not generalize
from the centralized data setup to the new distributed one.
It is possible to partially address these challenges by adopting federated learning (FL) approaches.
These learning approaches enable multiple entities (or clients1 ) coordinated by a central server to
iteratively learn in a decentralized manner a single global model to carry out some task [12, 13]. The
clients do not share data with one another or with the server; instead the clients only share focused
updates with the server, the server then updates a global model, and distributes the updated model to
the clients, with the process carried out over multiple rounds or iterations. This learning approach
enables different clients with limited local training data to learn better machine learning models.
However, with the exception of [4], which
we will discuss later, FL is not typically
used to learn models that exhibit performance guarantees for different demographic groups served by a client (i.e.
group fairness guarantees); instead, it is
primarily used to learn models that exhibit
speciﬁc performance guarantees for each
client involved in the federation (i.e. client
fairness guarantees). Importantly, in view
of the fact that a machine learning model
that is client fair is not necessarily group
fair (as we later demonstrate formally in
this work), it becomes crucial to understand how to develop new federated learning techniques leading up to models that
are also fair across different demographic
groups.

Figure 1: Centralized Learning vs. Federated Learning
group fairness. Left: A single entity holds the dataset
S in a single server that is responsible for learning a
model h parameterized by θ. Right: Multiple entities
hold different datasets Sk , sharing restricted information
This work develops a new federated learn- with a server that is responsible for learning a model h
ing algorithm that can be adopted by multi- parameterized by θ. See also Section 3.
ple entities coordinated by a single server to
learn a global (minimax) group fair model.
We show that our algorithm leads to the same (minimax) group fairness performance guarantees of
centralized approaches such as [6, 18], which are exclusively applicable to settings where the data is
concentrated in a single client. Interestingly, this also applies to scenarios where certain clients do
not hold any data from some of the groups.
The rest of the paper is organized as follows: Section 2 overviews related work. Section 3 formulates
our proposed distributed group fairness problem. Section 4 formally demonstrates that traditional
federated learning approaches such as [4, 5, 16, 22] may not always solve group fairness. In Section
5 we propose a new federated learning algorithm to collaboratively learn models that are minimax
group fair. Section 6 illustrates the performance of our approach in relation to other baselines. Finally,
Section 7 draws various conclusions.

2

Related Work

The development of fair machine learning models in the standard centralized learning setting – where
the learner has access to all the data – is underpinned by fairness criteria. One family of criteria –
known as group fairness – requires the model to perform similarly on different demographic groups.
Popular group fairness criteria include equality of odds, equality of opportunity [9], and demographic
parity [17], that are usually imposed as a constraint within the learning problem. More recently,
[18] introduced minimax group fairness; this criterion requires the model to optimize the prediction
performance of the worst demographic group without unnecessarily impairing the performance of
other demographic groups (also known as no-harm fairness) [6, 18].
1

Clients are different user devices, organisations or even geo-distributed datacenters of a single company
[11]. In this manuscript we use the terms participants, clients and entities, interchangeably.

2

The development of fair machine learning models in federated learning settings has been building
upon the group fairness literature. However, the majority of these works has concentrated predominantly on the development of algorithms leading to models that exhibit similar performance across
different clients rather than models that exhibit similar performance across different demographic
groups [16].
One such approach is agnostic federated learning (AFL) [22], whose aim is to learn a model that
optimizes the performance of the worst performing client. Another FL approach proposed in [16],
extends AFL by adding an extra fairness constraint to ﬂexibly control performance disparities across
clients. Similarly, tilted empirical risk minimization [14] uses a hyperparameter called tilt to enable
fairness or robustness by magnifying or suppressing the impact of individual client losses, respectively.
FedMGDA+ is an algorithm that combines minimax optimization coupled with Pareto efﬁciency
[19] and gradient normalization to ensure fairness across users and robustness against malicious
clients. See also other related works in [15]. A very recent federated learning work, namely FCFL
[4], focuses on improving the worst performing client while ensuring a certain level of local group
fairness by employing gradient-based constrained multi-objective optimization in order to address
the proposed challenge.
Our work concentrates on developing a federated learning algorithm for guaranteeing fairness across
all demographic groups included across clients datasets. It therefore naturally departs from existing
federated learning approaches such as AFL [22], FedMGDA+ [10] and q-FFL [16] that focus on
across-client fairness since, as we prove in Section 4, a model that guarantees client fairness only
guarantees group fairness under some special conditions. It also departs from FCFL [4], which
considers group fairness to be a per-client objective associated only to the locally available groups.
Our primary goal is to learn a model solving (demographic) group fairness across any groups included
in the clients distribution, independently of the groups representation in a particular client.

3

Problem Formulation

3.1

Group Fairness in Centralized Machine Learning

We ﬁrst describe the standard minimax group fairness problem in a centralized machine learning
setting [6, 18], where there is a single entity/server holding all relevant data and responsible for
learning a group fair model (see Figure 1). We concentrate on classiﬁcation tasks, though our approach
also applies to other learning tasks such as regression. Let the triplet of random variables (X, Y, A) ∈
X × Y × A represent input features, target, and demographic groups. Let also p(X, Y, A) =
p(A) · p(X, Y |A) represent the joint distribution of these random variables where p(A) represents
the prior distribution of the different demographic groups and p(X, Y |A) their data conditional
distribution.
Let � : Δ|Y|−1 × Δ|Y|−1 → IR+ be a loss function where Δ represents the probability simplex. We
now consider that the entity will learn an hypothesis h drawn from an hypothesis class H = {h :
X → Δ|Y|−1 }, that solves the optimization problem given by
min max ra (h), ra (h) =

h∈H a∈A

E

(X,Y )∼p(X,Y |A=a)

[�(h(X), Y )|A = a].

(1)

Note that this problem involves the minimization of the expected risk of the worst performing
demographic group.
Importantly, under the assumption that the loss is a convex function w.r.t the hypothesis2 and the
hypothesis class is a convex set, solving the minimax objective in Eq. 1 is equivalent to solving
�
µa ra (h).
(2)
min max ra (h) ≥ min max
h∈H a∈A

h∈H µ∈Δ|A|−1
≥�

a∈A

|A|−1

where Δ≥� represent the vectors in the simplex with all of their components larger than �. Note
that if � = 0 the inequality in Eq. 2 becomes an equality, however, allowing zero value coefﬁcients
may lead to models that are weakly, but not strictly, Pareto optimal [8, 21].
2

This is true for the most common functions in machine learning settings such as Brier score and cross
entropy.
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The minimax objective over the linear combination can be achieved by alternating between projected
gradient ascent or multiplicative weight updates to optimize the weights, and stochastic gradient
descent to optimize the model [1, 6, 18].
3.2

Group Fairness in Federated Learning

We now describe our proposed group fairness federated learning problem; this problem differs from
the previous one because the data is now distributed across multiple clients but each client (or the
server) do not have direct access to the data held by other clients. See also Figure 1.
In this setting, we incorporate categorical variable K ∈ K to our data tuple (X, Y, A, K) to indicate
the clients participating in the federation. The joint distribution of these variables is p(X, Y, A, K) =
p(K) · p(A|K) · p(X, Y |A, K), where p(K) represents a prior distribution over clients – which
in practice is the fraction of samples that are acquired by client K relative to the total number
of data samples –, p(A|K), and p(X, Y |A, K) represent the distribution of the groups and the
distribution of the input and target variables conditioned on a client. We assume that the groupconditional distribution is the same across clients, meaning p(X, Y |A, K) = p(X, Y |A). Note that
our model explicitly allows for the distribution of the demographic groups to depend on the client,
accommodating for the fact that certain clients may have a higher (or lower) representation of certain
demographic groups over others.
We now aim to learn a model h ∈ H that solves the minimax fairness problem as presented in Eq. 1,
but considering that the group loss estimates are split into |K| estimators associated to each client.
We therefore re-express the linear weighted formulation of Eq. 2 using importance weights, allowing
to incorporate the role of the different clients, as follows:
�
�
min max
µa ra (h) = min max
p(A = a)wa ra (h) =
|A|−1
|A|−1
h∈H µ∈Δ
h∈H µ∈Δ
a∈A
a∈A
≥�
≥�
�
�
min max
p(K = k)
p(A = a|K = k)wa ra (h) =
|A|−1
h∈H µ∈Δ
a∈A
k∈K
≥�
�
min max
p(K = k)rk (h, w)
h∈H µ∈Δ|A|−1 k∈K
≥�

where rk (h, w) =

�

(3)
p(A = a|K = k)wa ra (h) is the expected client risk and wa = µa /p(A = a)

a∈A

denotes the importance weight for a particular group.
However, there is an immediate non-trivial challenge that arises within this proposed federated
learning setting in relation to the centralized one described earlier: we need to devise an algorithm
that solves the objective in Eq. 3 under the constraint that the different clients cannot share their local
data with the server or with one another, but – in line with conventional federated learning settings
[5, 16, 20, 22]– only local client updates of a global model (or other quantities such as local risks)
are shared with the server.

4

Client Fairness vs. Group Fairness in Federated Learning

Prior proposing a federated learning algorithm to solve our proposed group fairness problem, we
ﬁrst reﬂect whether a model that solves the more widely used client fairness objective in federated
learning settings given by [22]:
min max rk (h) = min

h∈H k∈K

max

E [�(h(X), Y )]

h∈H λ∈Δ|K|−1 Dλ

(4)

�|K|
where we let Dλ = k=1 λk p(X, Y |K = k) denote a joint data distribution over the clients, also
solves our proposed minimax group fairness objective given by:
min max ra (h) = min

h∈H a∈A

where we let Dµ =

�|A|

a=1

max

E [�(h(X), Y )]

h∈H µ∈Δ|A|−1 Dµ

(5)

µa p(X, Y |A = a) denote a joint data distribution over sensitive groups.

The following lemma illustrates that a model that is minimax fair with respect to the clients is
equivalent to a relaxed minimax fair model with respect to the (demographic) groups.
4

Lemma 1. Let PA denote a matrix whose entry in row a and column k is p(A = a|K = k) (i.e. the
prior of group a in client k). Then, given a solution to the minimax problem across clients
h∗ , λ∗ ∈ arg min

max

E [�(h(X), Y )],

h∈H λ∈Δ|K|−1 Dλ

(6)

∃ µ∗ = PA λ∗ that is solution to the following constrained minimax problem across sensitive groups
h∗ , µ∗ ∈ arg min

max

E [�(h(X), Y )],

h∈H µ∈PA Δ|K|−1 Dµ

(7)

where the weighting vector µ is constrained
to belong to the simplex subset deﬁned by PA Δ|K|−1
�
�⊆
Δ|A|−1 . In particular, if the set Γ = µ� ∈ PA Δ|K|−1 : µ� ∈ arg min max E [�(h(X), Y )] �=
h∈H µ∈Δ|A|−1 Dµ

∅, then µ∗ ∈ Γ, and the minimax fairness solution across clients is also a minimax fairness solution
across demographic groups.

Lemma 1 proves that being minimax with respect to the clients is equivalent to ﬁnding the group
minimax model constraining the weighting vectors µ to be inside the simplex subset PA Δ|K|−1 .
Therefore, if this set already contains a group minimax weighting vector, then the group minimax
model is equivalent to client minimax model. Another way to interpret this result is that being
minimax with respect to the clients is the same as being minimax for any group assignment A such
that linear combinations of the groups distributions are able to generate all clients distributions, and
there is a group minimax weighting vector in PA Δ|N |−1 .
Being minimax at the client and group level relies on PA Δ|K|−1 containing the minimax weighting
vector. In particular, if for each sensitive group there is a client comprised entirely of this group
(PA contains a identity block), then PA Δ|K|−1 = Δ|A|−1 and group and client level fairness are
guaranteed to be fully compatible. Another trivial example is when at least one of the client’s group
priors is equal to a group minimax weighting vector. This result also suggests that client level fairness
may also differ from group level fairness. This motivates us to develop a new federated learning
algorithm to guarantee group fairness that – where the conditions of the lemma hold – also results in
client fairness. We experimentally validate the insights deriving from Lemma 1 in Section 6.

5

MinMax Group Fairness Federating Learning Algorithm

We now propose an algorithm – Federated Minimax (FedMinMax) – to solve the group fairness
problem in Eq. 3.
We let each client k have access to a dataset Sk = {(xki , yik , aki ); i = 1, . . . , nk } containing various
data points drawn i.i.d according to p(X, Y, A|K = k). We also deﬁne three additional sets: (a)
Sa,k = {(xki , yik , aki�
) ∈ Sk : ai = a} is a set containing all data examples associated with group a in
Sk,a is the set containing all data examples associated with group a across the
client k; (b) Sa =
k∈K
�
� �
various clients; and (c) S =
Sa =
Sa,k is containing all data examples across groups
and across clients.

a∈A

k∈K a∈A

Note again that – in view of our modelling assumptions – it is possible that Sa,k can be empty for
some k and some a implying that such a client does not have data realizations for such group.
We will also let the model h be parameterized via a vector of parameters θ ∈ Θ, i.e. h(·) = h(·; θ). 3
Then, one can approximate the relevant statistical risks appearing in Eq. 3 using empirical risks as
follows:
�
�
n
n
ŵa r̂a,k (θ), r̂a (θ) = k∈K na,k
r̂a,k (θ)
r̂k (θ, w) = a∈A na,k
(8)
a
k

�
1
where r̂a,k (θ) = na,k
(x,y)∈Sa,k �(h(x; θ), y), ŵa = µa /(na /n), nk = |Sk |, na = |Sa |, na,k =
|Sa,k |, and n = |S|. Note that r̂k (θ, w) is an estimate of rk (θ, w), r̂a (θ) is an estimate of ra (θ),
and r̂a,k (θ) is an estimate of ra,k (θ).

We consider the importance weighted empirical risk r̂k since the clients do not have access to the
data distribution but instead to a dataset with ﬁnite samples.
3

This vector of parameters could correspond to the set of weights / biases in a neural network.
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Therefore, the clients in coordination with the central server attempt to solve the optimization problem
given by:
� nk
�
r̂k (θ, w).
µa r̂a (θ) or equivalently, min max
(9)
min max r̂a (θ) :=
θ∈Θ µ∈Δ|A|−1
θ∈Θ µ∈Δ|A|−1
n
≥�
≥�
a∈A

k∈K

The objective in Eq. 9 can be interpreted as
a zero-sum game between two players: the
learner aims to minimize the objective by
Algorithm 1 F EDERATED M INI M AX (F ED M IN M AX )
optimizing the model parameters θ and the
Input: K: Set of clients, T : total number of communica- adversary seeks to maximize the objective
tion rounds, ηθ : model learning rate, ηµ : global adversary
by optimizing the weighting coefﬁcients µ.
learning rate, Sa,k : set of examples for group a in client k,
∀a ∈ A and ∀k ∈ K.
We use a non-stochastic variant of the

stochastic-AFL algorithm introduced in
[22]. Our version, provided in Algorithm
randomly.
1, assumes that all clients are available to
2: for t = 1 to T do
participate in each communication round t.
3:
Server computes wt−1 ← µt−1 /ρ
In particular, in each round t, the clients
receive the latest model parameters θ t−1 ,
4:
Server broadcasts θ t−1 , wt−1
the clients then perform one gradient de5:
for each client k ∈ K in parallel do
scent step using all their available data, and
t
t−1
t−1
t−1
− ηθ ∇θ r̂k (θ , w )
6:
θk ← θ
the clients then share the updated model paClient-k obtains and sends {r̂a,k (θ t−1 )}a∈A and rameters along with certain empirical risks
7:
with the server. The server (learner) then
θkt to server
performs a weighted average
� of the client
8:
end for
model parameters θ t = k∈K nnk θkt . The
�
nk t
t
9:
Server computes: θ ← k∈K n θk
server also updates the weighting coefﬁcient
10:
Server updates �
� using a projected gradient ascent step in or�
der to guarantee that the weighting coefﬁµt ← Δ|A|−1 µt−1 +ηµ ∇µ � µt−1 , r̂a (θ t−1 )�
cient updates are consistent with the con11: end for
�T
straints. We use the Euclidean algorithm
t
1
Outputs: T t=1 θ
proposed in [7] in order
� to implement the
projection operation ( Δ|A|−1 (·)).
1: Server initializes µ0 ← ρ = {|Sa |/|S|}a∈A and θ 0

We can also show that our algorithm can
exhibit convergence guarantees.
Lemma 2. Consider our
�federated learning setting (Figure 1, right) where each entity k has access
to a local dataset Sk = a∈A Sa,k and a centralized machine�learning setting
1, left) where
�
� (Figure
there is a single entity that has access to a single dataset S = k∈K Sk = k∈K a∈A Sa,k (i.e. this
single entity in the centralized setting has access to the data of the various clients in the distributed
setting). Then, Algorithm 1 and Algorithm 2 (in supplementary material, Appendix B) lead to the
same global model provided that learning rates and model initialization are identical.

This lemma shows that our federated learning algorithm inherits any convergence guarantees of
existing centralized machine learning algorithms. In particular, assuming that one can model the
single gradient descent step using a δ-approximate Bayesian Oracle [1], we can show that a centralized
algorithm converges and hence our FedMinMax one also converges too (under mild conditions on the
loss function, hypothesis class, and learning rates). See Theorem 7 in [1].
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Experimental Results

To validate the beneﬁts of the proposed FedMinMax approach, we consider three federated learning
scenarios: (1) Equal access to Sensitive Groups (ESG), where every client has access to all sensitive
groups but does not have enough data to train a model individually, to examine a case where group
and client fairness are not equivalent; (2) Partial access to Sensitive Groups (PSG) where each client
has access to a subset of the available groups memberships, to compare the performances when
there is low or no local representation of particular groups; (3) access to a Single Sensitive Group
(SSG), each client holds data from one sensitive group, for showcasing the group and client fairness
objectives equivalence derived from Lemma 1.
6

Setting

Method

Worst Group Risk

Best Group Risk

ESG

AFL
FedAvg
q-FedAvg (q=0.2)
q-FedAvg (q=5.0)
FedMinMax (ours)

0.485±0.0
0.487±0.0
0.479±0.002
0.478±0.002
0.451±0.0

0.216±0.001
0.214±0.002
0.22±0.002
0.223±0.004
0.31±0.001

SSG

AFL
FedAvg
q-FedAvg (q=0.2)
q-FedAvg (q=5.0)
FedMinMax (ours)

0.451±0.0
0.483±0.002
0.476±0.001
0.468±0.005
0.451±0.0

0.31±0.001
0.219±0.001
0.221±0.002
0.274±0.004
0.309±0.003

0.451±0.0

0.308±0.001

In all experiments we consider a federation consisting of 40 clients and a single server that orchestrates the training procedure per Algorithm
1. We benchmark our approach against AFL
[22], q-FedAvg [16], and FedAvg [20]. Further, as a baseline, we also run FedMinMax with
one client (akin to centralized ML) to conﬁrm
Lemma 2.

We generated a synthetic dataset for binary classiﬁcation involving two sensitive groups (i.e.
Table 1: Testing brier score risks for FedAvg, AFL, |A| = 2), details available in Appendix B.
q-FedAvg and FedMinmax across different fed- We provide the performance on ESG and SSG
erated learning scenarios on the synthetic dataset scenarios4 in Table 1. FedMinMax performs
for binary classiﬁcation involving two sensitive similarly to Centralized Minmax Baseline for
groups. PSG scenario is not included because for both sensitive groups in all setups, as proved
|A| = 2 it is equivalent to SSG.
in Lemma 2. AFL yields the same solution as
FedMinMax and Centralized Minmax Baseline
only in SSG where group fairness is implied by
client fairness. Both FedAvg and q-FedAvg fail to achieve minimax group fairness.
Centalized Minmax Baseline

For FashionMNIST we use all ten clothing
target categories, which we assign both as
Setting Method
T-shirt
Pullover
Shirt
targets and sensitive groups (i.e. |A| =
ESG
AFL
0.239±0.003 0.262±0.001 0.494±0.004
FedAvg
0.243±0.003 0.262±0.001 0.492±0.003
10). In Table 2 we examine the perforFedMinMax (ours) 0.261±0.006 0.256±0.027 0.307±0.01
mance on the three worst categories: TSSG
AFL
0.267±0.009 0.236±0.013 0.307±0.003
shirt, Pullover, and Shirt (the risks for all
FedAvg
0.227±0.003 0.236±0.004 0.463±0.003
FedMinMax (ours) 0.269±0.012 0.238±0.017 0.309±0.011
classes are available in Table 4, in Ap0.244±0.007 0.257±0.066 0.425±0.019
pendix B). In all settings, FedMinMax im- PSG AFL
FedAvg
0.229±0.008 0.236±0.004 0.464±0.011
proves the risk of the worst group, Shirt,
FedMinMax (ours) 0.263±0.013 0.228±0.011 0.31±0.008
more than it degrades the performance on
Centalized Minmax Baseline 0.259±0.01
0.239±0.051 0.311±0.006
the T-shirt class, all while maintaining the
same risk on Pullover as FedAvg. AFL Table 2: Testing brier score risks for the top-3 worst
performs akin to FedMinMax for the SSG groups in FashionMNIST dataset. The risks for all the
setup but not on the other settings as ex- available classes are available in Table 4, in Appendix
pected by Lemma 1. Note that FedMinMax B.
has the best worst group performance in all
settings as expected. More details about datasets, models, experiments and results are provided in
Appendix B.
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Conclusion

In this work, we formulate (demographic) group fairness in federated learning setups where different
participating entities may only have access to a subset of the population groups during the training
phase (but not necessarily the testing phase), exhibiting minmax fairness performance guarantees
akin to those in centralized machine learning settings.
We formally show how our fairness deﬁnition differs from the existing fair federated learning works,
offering conditions under which conventional client-level fairness is equivalent to group-level fairness.
We also provide an optimization algorithm, FedMinMax, to solve the minmax group fairness problem
in federated setups that exhibits minmax guarantees akin to those of minmax group fair centralized
machine learning algorithms. We empirically conﬁrm that our method outperforms existing federated
learning methods in terms of group fairness in various learning settings and validate the conditions
that the competing approaches yield the same solution as our objective.

4

Note that PSG scenario is valid only for datasets where |A| > 2, else its equivalent to SSG setting.
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