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Abstract—By showing that it was possible to make learning
models converge on distributed data without centralizing them,
federated learning has renewed the way collaborative learning
problems are considered. To fully distribute the architecture, a
resurgence of decentralized algorithms can thus be observed, such
as gossip learning. All these approaches nevertheless involve sub-
stantial exchanges between the nodes of the network, which can
become problematic in the case of wireless networks, where band-
width is limited because of the shared medium. To limit commu-
nication costs and improve model convergence, we propose here
a new decentralized learning approach, FL-Broadcast, which
exploits the common medium to disseminate model updates.
This paper introduces the foundations of the FL-Broadcast
algorithm and highlights, through evaluation, its advantages over
gossip learning on wireless networks.

Index Terms—gossip learning, decentralized learning, feder-
ated learning, wireless networks, broadcast.

I. INTRODUCTION

The emergence of federated learning (FL) [1] marked a
turning point in the field of collaborative learning by making it
possible to train models on distributed data without requiring
their centralization or sharing. This approach preserves data
privacy while reducing communication cost with respect to
distributed stochastic gradient descent (DSGD). The algorithm
itself nevertheless remains centralized, since a server orches-
trates the learning tasks and takes charge of collecting and
aggregating the models. Decentralized architectures, which
make it possible to remove this dependency on a central
server (such as gossip learning), often translate into higher
communication costs [2].

At first glance, the number of communications can prove
limiting when deployment takes place on wireless networks, in
particular because of the shared transmission medium and half-
duplex communications. Indeed, contention alone significantly
increases latency and decreases the efficiency of protocols
based on unicast data exchanges, as soon as their size becomes
significant. This is true even under the hypothesis of an ideal
MAC layer, e.g., a simplified model of the 802.11 CSMA/CA
MAC layer, abstracting away bandwidth fluctuations or the
probability of packet losses due to interference. These con-
straints are exacerbated in dynamic environments, such as
drone or smartphone mesh networks, where node mobility and
density complicate model synchronization, as well as in low-
bandwith use cases, like sensor networks.
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To address these issues, we propose FL-Broadcast,
an innovative approach that exploits the very nature of the
wireless medium to disseminate model updates in a simul-
taneous and efficient manner. By taking advantage of a
broadcast communication model, our method significantly
reduces the number of transmissions required, thus accelerat-
ing model convergence while minimizing the use of network
resources. This paper presents the algorithmic concepts of
FL-Broadcast, analyzes its performance, and illustrates its
advantages compared to unicast gossip learning on a physical
topology, when wireless network properties are considered.

II. PROBLEM STATEMENT AND MODELING

Epidemic protocols, as used in gossip learning [2], often
rely on an overlay. This virtual graph is constructed over of the
network’s physical topology and connects nodes independently
of their physical neighbors. While it provides the capability to
adjust the virtual topology, e.g., for improving the convergence
of the federated learning [3], such an overlay comes at a price.
The required number of messages for routing, retransmissions,
or neighbor discovery, can quickly saturate a constrained com-
munication medium, in particular in random access wireless
networks.

FL-Broadcast aims to optimize both network usage and
model convergence when epidemic learning is deployed on
wireless networks without an overlay. In this opposite trade-
off, the overhead of the virtual topology is spaded, but the
model exchanges are limited to the physical connectivity of
the nodes and cannot be adjusted.

We study the problem under the following assumptions:

o Each node transmits with an omnidirectional radio that
allows it to communicate in unicast or in broadcast with
the nodes within range. All nodes have the same range.

o Communication time is significantly shorter than local
learning time.

We use the simplistic yet classic unit disk graph G = (V, E)
network model: each node v € V represents a learning
participant, and each edge {u,v} € E indicates that nodes
u and v are within radio range and can communicate. We
assume that a single communication channel is used, for which
contention is resolved by a perfect (lossless) CSMA/CA MAC
layer: if a node u transmits, then V{u,w} € E, w can neither
transmit nor receive any other message.
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III. FL-BROADCAST

FL-Broadcast adapts the epidemic learning algorithm
proposed by Hegedis et al. [2], where the participants share
their models, similarly to FedAvg [1]. Each client executes
two loops in parallel and without synchronization with the
others. The first processes receptions: as long as it is not
transmitting, a client w is constantly listening and collects the
model broadcasts within its communication range. The models
are shared alongside a timestamp ¢, indicating the time of
the update (timestamp since initialization). The models are
recorded locally in a collection W,, of tuples (t,,w,), where
w, represents the model parameters. Each model is present
there only once and is replaced if a newer model from the
same sender is received. The second loop is the training loop.
Each client performs a predefined learning task (by default one
epoch of stochastic gradient descent—SGD) and updates its
model w,,. Upon completion, it sends its model to its neighbors
as soon as the network is available, or after waiting for a
synchronization beacon (beacon). When it has completed its
learning, it sends its model in turn as soon as the network is
available, potentially waiting for the synchronization beacon
(beacon). In unicast mode, a breadth-first search allowed it
to discover its neighbors; it then selects one at random and
sends its model to it via broadcast, which is not necessary.
Learning can be repeated locally as long as the conditions
are not met (continuous mode) or performed only once
per loop (reactive mode). Finally, the client adds its own
model to W,, and aggregates its content as an average weighted
by the age of the models. A pseudocode representation of the
algorithm is provided in Algorithm 1.

IV. EVALUATION METHODOLOGY

To confirm the efficiency of FL-Broadcast on a wire-
less network, the evaluation reuses the discrete event-based
simulator developed for FTM-Broadcast [4] and adapts
it to decentralized learning. This simulator allows modeling
a wireless network with nodes that communicate in unicast
or broadcast, while considering the constraints specific to
this type of networks (e.g., communication time, contention,
random backoff). The simulator takes the network topology
as input, so we evalute FL-Broadcast on two 14-node
topologies: a clique, where each node can communicate with
all the others, and a sparse topology of diameter 7, obtained
from a random draw (depicted in Figure 1). The network
simulator also covers the algorithmic aspect of decentralized
learning, such as local computation time, aggregation of
received models, or sharing of models with neighbors. The
simulator outputs a trace of the events that occur during
the simulation, which we convert to a dependency graph to
schedule the different aggregation and computation operations,
before executing them concretely using Flower', a federated
learning framework in Python. Each client performs one local
SGD epoch per round, and the reported curves are computed
from the global evaluation loss returned by Flower after each

! https://flower.ai

Algorithm 1 Algorithm FL-Broadcast. w, is the model
of client u, trained at time t, on its local dataset D, by
performing gradient descent on its objective function L. T
is the beacon interval, 1 the learning rate, and W, the list of
models collected by u since the last aggregation.

1. Wy « 0

2: tlast_send «—0

3: procedure TRAININGLOOP

4 loop
5 Wy Wy — NV, L(way; Dy)
6: t,  get_timestamp()
7.
8

> List of models at client u
> Last sending timestamp

> Current timestamp
if Theacon > O then
if tu - tlast_send 2 T then

9: SEND((ty,, wy,))

10: tlastfsend —ty

11: end if

12: else

13: SEND((ty,wy)) > Sending after each iteration
14: end if

15: if W, # () then

16: Wy < Wy U{(ty,ws)} > Add local model
17: wy, < TimeWeightedAverage (W)

18: Wy 0

19: end if

20: end loop

21: end procedure
22: procedure RECEPTIONLOOP

23: loop

24: if reception of (¢;,w;) then
25: W, <—WuU{(tj,wj)}
26: end if

27: end loop

28: end procedure
29: function TIMEWEIGHTEDAVERAGE(W,,)
(tj,w]‘)GWu t] ’ w.]

30: return
Z(tj,wj)ewu tj
31: end function

aggregation. For this study, the learning task uses CIFAR-10
data split over 14 nodes according to a non-IID Dirichlet
partition (o« = 0.5), so that the class distribution remains
strongly unbalanced across clients.As previously stated, the
CSMA/CA MAC layer is assumed perfect and lossless to
isolate the effect of contention on model dissemination; the
gains reported here should therefore be read as the outcome
of a controlled communication model rather than as an end-
to-end wireless throughput claim. In doing so, it is possible to
compare FL-Broadcast with the classical federated algo-
rithm FedAvg [1], by measuring convergence as a function
of real elapsed time, but also in number of rounds (local
computation steps performed simultaneously by each node).

V. EVALUATION RESULTS

To validate the implementation of FL-Broadcast, we
compare its convergence—measured in terms of the num-
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Figure 1. Sparse topology (random unit disk graph) used for the evaluation
of FL-Broadcast. The arcs of a BFS tree are in color to help visualizing
the diameter of 7. The other edges are displayed in light gray.
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Figure 2. Comparison of convergence between FedAvg and

FL-Broadcast with two types of network topologies. The global
evaluation loss returned by Flower after each round is presented as a function
of local computation steps.

ber of local computation steps—with that of FedAvg (cf.
Figure 2). FL-Broadcast is deployed in broadcast and
reactive mode on a complete clique topology, with a 20-second
synchronization beacon. Since this duration is much larger
than the sum of the communication and computation times,
all nodes were able to send and receive the models of all the
others before each aggregation, which makes the behavior of
FL-Broadcast comparable to that of FedAvg. Only the
model weighting differs: where FedAvg weights the models
according to the number of data points [1], FL-Broadcast
uses a weighting according to the age of the models received
at aggregation time. However, in this scenario, the age of
the models is proportional to local computation time, itself
proportional to the number of data points. The two approaches
are therefore similar, as confirmed by the Figure 2: the curves
follow each other, once a few initialization rounds have passed.
The performance of FL-Broadcast on the sparse topology
is also comparable to that of centralized learning, even in the
absence of direct communication between each pair of nodes.
The remaining analyses focus on this sparse topology, which
is more representative of real wireless networks.
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Figure 3. Comparison of convergence between the unicast (equivalent to
classical gossip learning) and broadcast versions of FL-Broadcast, with
several combinations of parameters, as a function of local computation steps.

Figure 3 compares the convergence of FL-Broadcast as
a function of its communication mode (unicast vs. broadcast),
the presence or absence of a synchronization beacon, and
the learning mode (continuous vs. reactive). Observed in
number of rounds, convergence is similar among the different
configurations, with the notable exception of reactive mode
with beacon and broadcast communication, which converges
faster. In this configuration, the nodes can indeed aggre-
gate more models at each step, benefiting both from the
local dissemination of models among radio neighbors and
from the synchronization provided by the beacon. The other
configurations show comparable performance, indicating that
the efficiency of learning remains preserved, whatever the
communication or synchronization mode.

Figures 4a and 4b present the real-time convergence of
FL-Broadcast according to its configurations. Here, the
differences are more marked: broadcast mode systematically
outperforms unicast mode, thanks to more efficient use of the
communication medium. This superiority is observed both in
terms of convergence speed (i.e., the time needed to reach
a given performance) and in terms of final performance
reached after a given number of operations. The presence of a
synchronization beacon logically slows real-time convergence,
because of the waiting periods imposed on the nodes.

The superiority of FL-Broadcast in the presented sce-
narios is explained by several factors. First, the use of broad-
cast allows a node to transmit its model to all its neighbors
in a single operation, thus reducing the total number of trans-
missions required. Second, the implementation of the epidemic
algorithm means that a node can propagate its model only after
updating it with the models received from its neighbors. Thus,
a broadcast transmission will trigger simultaneous updates in
several nodes, maximizing the impact of each communication,
whereas a unicast communication benefits only a single node
at a time. In this configuration, epidemic learning can no
longer be assimilated to independent random walks, but rather
to a wave-like diffusion of information.
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(a) With synchronization by a 20-second beacon.
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Figure 4. Comparison of convergence of the different versions of
FL-Broadcast as a function of elapsed simulation time. The plots present
the smoothed average (over 20 values) of the local evaluation loss reported
after each aggregation step.

VI. RELATED WORK

Optimizing the communication of FL over a wireless net-
work has already received attention in recent years, notably
because its centralized nature is suboptimal for mesh wireless
networks. Mertens et al. [5] propose to use gossip aver-
aging (i.e., average models as they are moved through the
network) to minimize communication when clients report
their models to the server. With similar network assump-
tions, FedBroadcast [6] leverages broadcasts to decrease
the number of messages sent for each step of the process.
However, unlike FL.-Broadcast, both still assume federated
learning in the strict sense and use a central server for most
of the aggregation. Chen et al. [7] study synchronous D-SGD
over wireless networks with probabilistic random access under
a collision model, and optimize a common access probability
to maximize the expected number of successful links. In
contrast, FL-Broadcast adapts asynchronous gossip learn-
ing (i.e., nodes collect and aggregate full models received
from their radio neighbors) and transmissions are governed
by channel availability and an optional beacon rather than a
random-access probability that depends on the graph’s topol-
ogy. Despite its simplifying assumptions, this work simulate
a complete MAC layer with a more realistic implementation.

VII. CONCLUSION

This work presents FL-Broadcast, an optimization of
epidemic learning for wireless networks, taking advantage of
broadcast communication to improve the efficiency of model
exchanges. The evaluation, carried out on a simulator taking

into account the constraints specific to wireless networks,
suggests the superiority of FL-Broadcast with respect to a
classical unicast implementation, both in terms of convergence
speed and final performance reached. This preliminary work
nevertheless calls for extension in several respects. First, the
evaluation presented above is limited to two topologies, one
dataset, and one non-IID partition, under a perfect MAC
model, which limit assessing its robustness and generalizabil-
ity. Moreover, in a real deployment, time-weighted aggregation
would require sufficiently synchronized clocks. Future work
will evaluate the impact of clock offset and drift on this
weighting and explore alternative aggregation strategies that
are more robust to these factors. Although the advantage of
using broadcast in this scenario is intuitive and supported
for other types of algorithms in the literature [8], it would
also benefit from being demonstrated formally. Finally, an
algorithm of this type seems particularly suited to dynamic
deployments where topology may evolve over time, whereas
the present contribution focuses on a static topology.
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