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Abstract. Although common in real-world applications, heterogeneous
client label sets are rarely investigated in federated learning (FL). Fur-
thermore, in the cases they are, clients are assumed to be willing to share
their entire label sets with other clients. Federated learning with private
label sets, shared only with the central server, adds further constraints on
learning algorithms and is, in general, a more difficult problem to solve.
In this work, we study the effects of label set heterogeneity on model
performance, comparing the public and private label settings—when the
union of label sets in the federation is known to clients and when it is
not. We apply classical methods for the classifier combination problem
to FL using centralized tuning, adapt common FL methods to the pri-
vate label set setting, and discuss the justification of both approaches
under practical assumptions. Our experiments show that reducing the
number of labels available to each client harms the performance of all
methods substantially. Centralized tuning of client models for represen-
tational alignment can help remedy this, but often at the cost of higher
variance. Throughout, our proposed adaptations of standard FL meth-
ods perform well, showing similar performance in the private label setting
as the standard methods achieve in the public setting. This shows that
clients can enjoy increased privacy at little cost to model accuracy.

Keywords: Label set heterogeneity - Federated learning - Distributional
shift- Domain adaptation

1 Introduction

Federated learning (FL) enables collaborative model training across distributed
clients without centralizing their private data [16]. While promising, the effec-
tiveness of FL is often challenged by statistical heterogeneity, where the data
distributions vary significantly across clients. A particularly common and dis-
ruptive form of this is label shift [15], where the distribution of class labels differs
from one client to another. Even more challenging is label set heterogeneity (7],
where clients’ local label sets are disjoint subsets of a global label set.

In applications where access to instances of particular classes holds a com-
petitive advantage, clients may be unwilling to reveal the identities of the classes
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they observe. Consider, for instance, a consortium of competing pharmaceutical
companies wanting to train a model to predict which drug compounds individ-
ual patients will have adverse reactions to [3, 12]. Each company has proprietary
data on its own set of compounds and reactions, some of which are used by other
clients in the federation, and some which are not. They are willing to collaborate
to build a more powerful, generalizable model, but would never share the full list
of compounds they classify with other clients, as this would reveal information
about their R&D pipeline. Instead, clients must communicate model updates
with the central server pertaining only to their private label set.

Learning with heterogenous client label distributions has been tackled by
several methods, including model distillation [5], contrastive learning [7], and
latent space alignment based on class names [23]. However, the literature is
more sparse when considering label sets which are not identical across clients,
although there are some works which consider it [15]. Moreover, classical methods
for federated learning, adapted for label shift or otherwise, can not be applied
directly with private label sets. In this setting, the models learned on the clients
will necessarily be incompatible for regular aggregation since they will make
classifiers for different label sets. Therefore, there is a need to develop methods
to deal with this complication to ensure that learning is successful.

In this work, we investigate the effects of client label sparsity and heterogene-
ity on federated learning performance when client label sets are shared by the
whole federation (public) and when they are unknown to other clients (private).
We define the private label set problem in Section 3 and adapt popular FL. model
aggregation strategies for it in Section 4.1. We show that such methods are not
well justified when client representations are poorly aligned and propose an al-
ternative method based on the literature on classifier combination in Section 4.2,
tuning the central classifier for heterogeneous client representations using an un-
labeled dataset at the server. We conduct experiments in image classification on
two data sets and show empirically how the sparsity and privacy of label sets
affect performance (Section 5). We find that both the private and public label
settings are more challenging when clients hold smaller and more diverse subsets
of the global label set. Finally, in the private label setting, our proposed adap-
tations achieve comparable performance to methods for public labels, implying
that clients can retain more privacy at little to no cost in accuracy.

2 Related Work

The question of how to combine classifiers trained on disparate label sets have
been studied in the binary setting previously in the context of centralized (non-
federated) learning. See for example [20] for a comparison of several methods
which focuses on combining binary classifiers based on the classifier probabilites.

A similar line of work is the Open-set literature, where the label sets in the
clients may be incomplete and the sets may not match between clients. In [2]
they learn distribution estimators in the clients to approximate the overall label
distribution using uncertainty of the global model.
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Fig. 1. a): A schematic view of the two settings which we consider in our work. The
private setting where the clients are unaware of the full label set and the public setting
where this is known. b): Results on CIFAR10 where each client has 5 labels available
in their respective dataset. The tuning methods with MSE and Pairwise losses perform
the best in the private setting. Errorbars represent a 95% confidence interval. Note,
FedRS is not applicable with private labels as it needs knowledge of the full label set.

[23] deals with clients which do not share the same label set. They propose
having the clients share the names of the labels and aligning the embedding of
these names across the representations of clients. However, this requires sharing
the names of the labels which may be undesirable, especially in a private label
set setting. In a similar vein, [15] restricts the softmax to account for the missing
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labels in the clients. The algorithm proposed hinges on knowing which labels a
client has to account for which precludes its use in the private label set setting.

Moreover, our setting is also related to shift in client label distributions.
There are many works which aim to handle cases when there is a imbalance
between client label distributions. This can be done by using regularization which
penalizes large deviations in client updates [14, 13] or using control variates to
steer the learning [10]. Other techniques include clustering clients with similar
data distributions and training separate models for each cluster [4, 17, 19] and
meta-learning to enable models to quickly adapt to new data distributions with
minimal updates [1, 9]. However, these techniques are not adapted to the private
label set setting.

Another related field is that of semi supervised federated learning where some
works make use of unlabeled data in FL settings [8]. In these works the unlabeled
data is usually available on the client side, which differs from our setting.

3 Problem setup

We consider the problem of federated learning (FL) of a single model h, trained to
classify points € X into classes y € Y = {1,...,|)|} given inputs x € X C R9.
A central server coordinates learning on m clients, indexed by k = 1, ..., m, each
observing labeled data from an unknown distribution pg(X,Y"). Central to our
setting is that clients do mot have all labels in their data, i.e., clients k are
exposed only to a subset )V, C Y of labels.

Our goal is to learn a probabilistic classifier h : X — Ay, where Ay is the
simplex over all classes, that minimizes the expected prediction risk with respect
to a loss function L : Ay x Y — R,

minihmize R(h) R(h) =E[L(h(X),Y)]. (1)

Here, the expectation E is defined over an unknown distribution p(X,Y), as-
sumed to be a convex combination of clients p(X,Y) = /" | wrpr(X,Y) where
w € A,, assigns a weight to each client. In the classical FL setting, it is assumed
implicitly that the weight is proportional to the number of samples nj held by
the client, wy, = ng/(3>_}_, nk), and the risk is computed over a distribution
that matches the client aggregate, as exploited in the aggregation scheme of
federated averaging (FedAvg) [16]. However, our methods can be adapted to
targeted federated learning where p cannot be expressed by a convex combi-
nation of clients [22]. The model h(z) = ¥(é(z)) typically consists of feature
extractor ¢ and a classifier ¢, typically parameterized by a neural network with
parameters f, and a linear-softmax classifier with parameters 6, respectively.
That is, he(z) = U(GJ (x)) where 8 = (64, 6y).
We will consider two settings for the label set (illustrated in Figure 1):

— Public labels: All clients know the full global label set ). This is the
standard FL setting but with emphasis on label set heterogeneity.
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— Private labels: Each client know only their local label set Vi and all com-
munication with the central server is restricted to this set. That is, classifier
parameters 8y (y) for labels y & Vi, are not shared with client .

In both cases, the central server knows the full label set and the label sets of all
clients to allow for tailoring communication to clients with heterogeneous and
private label sets. We expand on methods for handle the private label case next.

4 Methods for heterogeneous label sets

When the label set is public, we can simply use existing FL. methods to learn
our classifiers. The issue of label set heterogeneity still remains, and aligning the
models to combat any effects of misaligned representations may be warranted.
However, in the case where the label set is private, some further modifications
have to be made. We detail this and a method of tuning models for alignment
in the following sections.

4.1 Model averaging with private label sets

The main challenge addressed in this work is private label set heterogeneity: each
client k observes labels from a subset ), C Y and are unaware of other labels
Y\ Vi. Without loss of generality, we assume that for all clients k, every label
in Y is observed with positive probability, Yy € Vi : pr.(Y = y) > 0, and other
labels are unobserved, Yy & Vi : pr(Y =y) = 0.

In the private setting, standard methods (e.g., FedAvg [16], FedProx [14],
FedRS [15]) cannot be applied without modification as clients do not have access
to the full set of parameters 6y of the shared classifier 1. Moreover, the server
can only receive updates from client k& to parameters concerning their subset
of labels Y). To overcome this obstacle, we propose a simple modification to
common model averaging strategies that handles the lack of a full classifier by
using the restricted classifiers and reweighting them.

Client-side modification In each round ¢, each client k is sent the full set of
current encoder parameters Hf/) and the subset of current classifier parameters
corresponding to their label set, 6},[Vi] = [0,(y) : y € Vi]" € Rkl Clients
then proceed with local updates as normal.

Server-side modification In each round, t, the server receives parameter updates
(0% 10y 1) from each client k and averages the classifier parameters for each
label y based on the clients which have the label in their label set, weighted
according to their sample size (see Algorithm 1). Encoder parameter updates
Hé,k are averaged as normal.

Surprisingly, this simple method is well-justified under the softmax classifier
model, provided that the classifier h(x) = 0(9;; (x)) is well-specified and clients’
conditional label distributions (mechanisms) are what we call subset consistent.
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Algorithm 1: FedAvg with private label sets

Data: Client label sets {)x} and reverse indices {I



