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Abstract

Federated Learning (FL) enables end-user devices to collabo-
ratively train ML models without sharing raw data, thereby
preserving data privacy. In FL, a central parameter server
coordinates the learning process by iteratively aggregating
the trained models received from clients. Yet, deploying a
central server is not always feasible due to hardware un-
availability, infrastructure constraints, or operational costs.
We present Plexus, a fully decentralized FL system for large
networks that operates without the drawbacks originating
from having a central server. Plexus distributes the respon-
sibilities of model aggregation and sampling among partic-
ipating nodes while avoiding network-wide coordination.
We evaluate Plexus using realistic traces for compute speed,
pairwise latency and network capacity. Our experiments on
three common learning tasks and with up to 1000 nodes
empirically show that Plexus reduces time-to-accuracy by
1.4-1.6×, communication volume by 15.8-292× and training
resources needed for convergence by 30.5-77.9× compared
to conventional decentralized learning algorithms.
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1 Introduction

Federated learning (FL) enables devices (referred to as nodes
in this work) to collaboratively train a global machine learn-
ing (ML) model without sharing their private training data.
In a single FL training round, a central server �rst selects
a sample, i.e., a random subset of online nodes, that train a
model in parallel [41]. Nodes then send their updated model
to the server, which aggregates incoming models into a sin-
gle model. FL is widely used today in various applications,
including next-word prediction on keyboards [13, 14, 20],
speech recognition [53], human activity recognition [55],
and healthcare [11, 38, 49, 52].
However, deploying and maintaining a central FL server

can be challenging for various reasons [51, 65]. Infrastructure
constraints in remote or underdeveloped areas may make it
di�cult to set up a reliable central server. Additionally, regu-
latory and privacy concerns might restrict centralized model
aggregation, particularly in sensitive domains like health-
care and �nance [44]. Furthermore, the reliance on a central
server can introduce a single point of failure, stalling training
progression if the server becomes unavailable [18, 28, 68].
Despite these challenges, centralized model aggregation used
by FL o�ers an advantage over existing decentralized learn-
ing (DL) approaches that rely on neighborhood-based aggre-
gation since FL results in higher model accuracy and faster
model convergence. We thus ask ourselves the question: Can
we perform FL without a server?

We answer a�rmatively and present Plexus, a fully de-
centralized approach for FL training. The core of Plexus lies
in its decentralized peer sampler that enables nodes to inde-
pendently determine a subset of other nodes, or a sample,
that is in charge of the training process for a given round.
The sample changes every round, therefore evenly balancing
the training load among nodes and providing nodes with an
equal opportunity to contribute to model training. Follow-
ing local model training, nodes in a sample select a single
aggregator from the same sample that aggregates all trained
models generated in each round. This aggregator then sends
the aggregated model to nodes in the next sample, initiating
the next round of training.
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Figure 1. The evolution of test accuracy of FL and DL (D-
PSGD) on the CIFAR-10 dataset in a 1000-node network. FL
converges quicker and to higher accuracy than DL.

We evaluate Plexus using real-world mobile phone traces
of pairwise latencies, bandwidth capacities, and computation
speeds [32]. Our evaluation covers three common learning
tasks in varying network sizes, up to 1000 nodes. We com-
pare the performance of Plexus against standard FL and two
baseline DL algorithms: decentralized parallel stochastic gra-
dient descent (D-PSGD) [35] and gossip learning (GL) [21].
Our experimental results show that Plexus, compared to the
best performing DL baseline, reduces time-to-accuracy by
1.4-1.6×, communication volume by 15.8-292×, and training
resources consumed by 30.5-77.9×. Furthermore, we demon-
strate that Plexus competes with the performance of FL in
real-world settings.

This work makes the following two contributions:

1. We design Plexus, a practical and decentralized FL
system (Section 3). Plexus incorporates a decentral-
ized peer sampler to select a small subset of nodes
that train the model each round, signi�cantly reducing
training resources required to converge compared to
existing DL approaches. Our system operates without
any centralized or network-wide coordination.

2. We implement Plexus and conduct an extensive evalu-
ation of Plexus using real-world mobile phone traces
at scale, comparing it with prominent baseline DL algo-
rithms and standard FL with a server (Section 4). Our
results demonstrate that Plexus, compared to DL base-
lines, signi�cantly enhances performance across three
common learning tasks regarding time-to-accuracy,
communication volume, and resource requirements,
while providing similar accuracy to FL.

2 Motivation

Federated learning (FL) is a collaborative ML algorithm
where a central parameter server orchestrates the train-
ing of ML models on client devices. The e�ectiveness and
practicality of FL has been well-documented in various set-
tings [11, 13, 38, 49, 52, 53, 55]. However, its heavy reliance
on a central server to coordinate training through client

sampling and sample-wide gradient aggregation makes FL

impractical in many real-world scenarios. In particular, FL
training can last for days, and the central server needs to re-
main continuously available throughout the training process.
Furthermore, the central parameter server in FL demands a
high-bandwidth network connection to communicate with
multiple clients simultaneously. These high availability and
network bandwidth requirements result in signi�cant opera-
tional and infrastructure costs for the FL infrastructure.

DL and Residual Variance. DL emerges as a promis-
ing alternative to FL [5]. DL approaches like D-PSGD [35],
Epidemic learning (EL) [16], GL [46], and derivatives [6, 7]
eliminate the need for the central server by introducing peer-
to-peer communication and model aggregation. However,
these DL approaches often do not attain the same accura-
cies as FL. This is because nodes in DL aggregate models
amongst neighborhoods, i.e., local aggregation [35]. Local
aggregation leaves residual variance between local models,
which biases gradient computations and slows down model
convergence compared to performing a global aggregation
before starting a training round [4, 29].

To further illustrate this e�ect, we chart in Figure 1 the test
accuracy for FL and D-PSGD as the training progresses, on
the CIFAR-10 dataset under an Independent and Identically
Distributed (IID) data distribution in a network with 1000

nodes. We implement D-PSGD with the state-of-the-art one-
peer exponential graph topology (OP-Exp.) [64]. With this
topology, each node receives and sends exactly one model
every round. A peer is connected to Ģĥĝ(Ĥ) neighbors (Ĥ is
the total network size) and cycles through them round-robin.
All other learning parameters follow our experimental setup
described in Section 4.1. Figure 1 shows that FL’s aggregation
is bene�cial for convergence and reaches higher accuracy
than DL by nullifying residual variance across nodes in the
network.

3 Design of Plexus

We �rst describe our system model and assumptions in Sec-
tion 3.1, provide a conceptual overview of the algorithm in
Section 3.2, and then present the components of Plexus in
the remaining sections.

3.1 System Model and Assumptions

We consider a peer-to-peer network ofĤ nodes that collabora-
tively train a global ML model Ă . Each participating node has
access to a local dataset which never leaves the participants’
device. Only the model parameters are exchanged between
participating nodes. We assume that each node knows the
speci�cations of the ML model being trained, the learning
hyperparameters, and the settings speci�c to Plexus. These
speci�cations should be exchanged before training starts.

This work focusses on FL training in a cross-device setting
without a central server. Thus, model training with Plexus

proceeds in a decentralized environment and relies on the
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Figure 2. Overview of round ġ and ġ + 1 in Plexus, with 8 nodes and a sample size of 4 (ĩ = 4). Participants are indicated in
blue and the aggregator in green.

cooperation of nodes with varying resource capacities. We
assume that each node has a unique identi�er (e.g., a public
key) and assume that nodes are connected through a fully
connected overlay network (i.e., all nodes can communicate
with each other). Though the computational capacities of
participating nodes may vary, we assume that each node’s
computational resources are su�cient to reliably participate
in learning. We assume that the model being trained �ts
into the memory of each node. Also, aggregators in Plexus

should have su�cient memory or disk space to store and ag-
gregate the trained models produced by other nodes. While
we remark that nodes might act maliciously during the train-
ing process, we consciously leave out these considerations as
this requires additional mechanisms. However, we acknowl-
edge research in privacy-preserving ML, many of which we
believe could be integrated or adapted into Plexus [6, 9, 42].

3.2 Plexus in a Nutshell

Similar to FL, Plexus (i) has a subset of nodes (a sample)
train the model each round, and (ii) refreshes samples each
round. We refer to nodes belonging to a sample as partic-
ipants. Among the participants, one node, named the ag-

gregator, is responsible for model aggregation during that
round. This aggregator is selected to be the node with the
highest bandwidth capacity as it has to temporarily handle
incoming model transfers from all participants in a round.
In each round, participants are randomly sampled from all
nodes using a consistent hashing scheme. This sampling
mechanism is a key contribution of Plexus and is further
discussed in Section 3.3.
Figure 2 illustrates two rounds (round ġ and ġ + 1) in

Plexus, with a network containing 8 nodes and a sample
size of 4. We denote the set of nodes in the ġ-th sample as
ďġ and the aggregator within ďġ as ėġ . At the beginning of
round ġ , the aggregator in the previous sample ďġ−1 sends
the aggregated model to all participants in ďġ (step 1). The
participants train the model with their local data and then
send their updated model to aggregator ėġ (step 2). ėġ �nally
sends the aggregated model to the participants in sample

Algorithm 1 Determining a sample and aggregator by node
ğ where ġ denotes the round number and ĩ is the requested
sample size.

1: procedure Sample(ġ , ĩ)

2: Ą ← sort( [hash( Ġ + ġ) for Ġ in Nodes()])

3: ÿ ← [ Ġ for ℎ Ġ in Ą ]

4: return ÿ [: ĩ]

5:

6: procedure Aggregator(ġ , ĩ)

7: ďġ ← Sample(ġ , ĩ)

8: return Ġ ∈ ďġ such that Ġ has the largest bandwidth among

all ďġ nodes according to þğ

ďġ+1, initiating round ġ + 1 (step 3). This simpli�ed algorithm
description hinges on the ability of nodes to derive samples.
Thus, the main technical challenge lies in deriving consistent
samples in a decentralized fashion.

3.3 Deriving Samples and Aggregators

One of the main novelties of Plexus is to decentralize the
sampling procedure by having each participant in a sample
compute the next sample independently. In order to achieve
this, each nodemaintains a local view of the networkwherein
the membership information of (all) other nodes is recorded.
The gist of Plexus’s sampling procedure is to rely on a hash
function parameterized by the round number and the node
identi�ers, stored by all nodes in their local view so that
each node can independently compute the sample of nodes
expected to be active during the training. Algorithm 1 shows
the Plexus sampling procedure, which aims to obtain a sam-
ple of ĩ currently active nodes in the ġĪℎ round. First, a subset
of candidates is retrieved. Concatenating the node identi�ers
with round numbers randomizes the order of nodes every
round. The resulting list is sorted in lexicographic order,
which provides the order in which candidates are contacted.
As long as the list of candidates is the same between all
nodes, the order of contact and the resulting samples will
mostly be the same.
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Algorithm 2 Training and aggregation by node ğ .

1: Require: Sample size ĩ , success fraction ĩ Ĝ

2: Θ← [] ² List of received models as aggregator

3:

4: if ğ in sample(1, ĩ) then ² Start training if we are in the �rst

sample

5: send to ğ train(1, randomModel())

6:

7: upon train(ġ ,Ă ) ² Training

8: Ă̄ ← train(Ă )

9: ė ← Aggregator(ġ , ĩ) ² Alg. 1

10: send to ė aggregate(ġ , Ă̄ )

11:

12: upon aggregate(ġ ,Ă Ġ ) from Ġ ² Aggregation

13: Θ.add(Ă Ġ )

14: if Θ.size g +ĩ × ĩ Ĝ , then

15: for all Ġ in ďġ+1 in parallel do

16: Ăėĝĝ ← avg(Θ)

17: send to Ġ train(ġ + 1,Ăėĝĝ)

18: Θ← [] ² Reset list

We next discuss how participants determine an aggregator.
Internally, this method calls the sampling procedure from
Algorithm 1. The aggregator is a critical node for system
progression and must handle the reception and transmission
of at most ĩ trained models during a round. Since the ag-
gregator has to handle this network load, we preferentially
select the participant with the highest bandwidth capacity
from the derived sample, but acknowledge that other selec-
tion strategies are possible. This biased aggregator selection
optimizes the model transfer times and reduces the time re-
quired per round compared to uniform aggregator selection.
We remark that this biased selection has no impact on the
quality of the trained model. Bandwidth capacities of indi-
vidual nodes can be determined and synchronized a-priori
to training. We found that this decision was essential to the
success of Plexus as learning progress would slow down
signi�cantly if an aggregator with low bandwidth capacity
is chosen, especially if the model size increases.

3.4 Training and Aggregating Models

Each node in Plexus implements two procedures: one for
aggregation and one for training.We provide the pseudocode
of these procedures in Algorithm 2. The design of Plexus
is based on a push-based architecture, in which nodes in
sample ďġ trigger the activation of nodes in sample ďġ+1.
This way, nodes do not have to continuously be aware of the
current training round being worked on; they only have to
start working when receiving a trained or aggregated model.
Training. We �rst describe the training procedure by

node ğ . A node starts the training task when it receives a
train message containing an aggregated model Ă and a
round number ġ . ğ trains the received model Ă by calling
the train procedure, resulting in trained model Ă̄ . Then,

ğ determines aggregator ė in current sample ġ by calling
the aggregate procedure. This aggregator is derived using
our peer sampler (see Section 3.3 and Algorithm 1). Finally, ğ
sends an Aggregatemessage, containing the resultingmodel
Ă̄ , to aggregator ė.

Aggregation.We provide the pseudocode related to ag-
gregation in Algorithm 2. An aggregator ė starts the aggrega-
tion task when it is activated through an aggregatemessage
from node Ġ , containing trained model Ă Ġ . ė keeps track of
the received models in list Θ and adds Ă Ġ to Θ. Upon receiv-
ing at least +ĩ × ĩ Ĝ , models for round ġ , ė aggregates these
models, resulting in Ăėĝĝ . We refer to the required fraction of
models needed as the success fraction ĩ Ĝ . This oversampling
is common in realistic FL systems [1]. ė then determines the
participants in sample ġ + 1 and sends these nodes a train
message containing the next round number ġ + 1 and the
aggregated model Ăėĝĝ. This completes round ġ .

3.5 Plexus and FL

Plexus brings FL to fully decentralized networks. We now
discuss how the elements of Plexus translate to those of
FL. Firstly, the local model training at the nodes in Plexus

is equivalent to that in FL. The aggregator in Plexus tem-
porarily performs the role of the FL server, aggregating the
model updates in the current round. The central server in
FL also orchestrates training by choosing the participants in
each round. This role is handled by the decentralized sam-
pling mechanism in Plexus described in Section 3.3. As a
consequence of the similarity of Plexus to FL, the conver-
gence proofs for FL also o�er theoretical grounding for the
convergence of our approach [34].

4 Experimental Evaluation

We now present the experimental evaluation of Plexus. We
provide all relevant details on our experiment setup in Sec-
tion 4.1. Our evaluation answers the following two questions:

• What is the performance of Plexus in terms of wall-
clock convergence time, communication volume and
training resource usage compared to FL and DL base-
lines (Section 4.2)?
• What is the e�ect of the sample size ĩ in Plexus on
wall-clock convergence time, communication volume
and training resource usage (Section 4.3)?

4.1 Experiment Setup

We implement Plexus in the Python 3 programming lan-
guage.1 Plexus leverages the IPv8 networking library which
provides support for authenticated messaging and build-
ing decentralized overlay networks [59]. Our implementa-
tion adopts an event-driven programming model with the
asyncio library. We use the PyTorch library [47] to train ML
models, and the dataset API from DecentralizePy [17]. As

1Source code: h�ps://github.com/sacs-epfl/plexus.
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Figure 3. The convergence of Plexus and baselines against time (top), communication volume (middle), and training resource
usage (bottom).

a node might be involved in multiple incoming and outgoing
model transfers simultaneously, we equip each node with a
bandwidth scheduler that we implemented. This scheduler
coordinates all model transfers a particular node is involved
in and enables us to realistically emulate the duration of
model transfers.

Hardware.We run all experiments on machines in our na-
tional compute cluster. Each machine is equipped with dual
24-core AMD EPYC-2 CPU, 128 GB of memory, an NVIDIA
RTX A4000 GPU, and is running CentOS 8. Similar to related
work in the domain, we simulate the passing of time in our
experiments [1, 32, 33]. We achieve this by customizing the
default event loop provided by the asyncio library and pro-
cessing events without delay. The real-world time required
to reproduce our experiment depends on the baseline being
evaluated. Running our Plexus and our FL baseline requires
between 6 hours (for CelebA) and 24 hours (for FEMNIST)
of compute time. The DL baselines are more computation-
ally intense since they have every node training each round
and require between 24 hours (for CelebA) and 5 days (for
FEMNIST) of compute time. Our simulator is implemented
as a single process and its e�ciency can be further improved
by paralellizing the training.
Traces. We have designed Plexus to operate in highly

heterogeneous environments, such as mobile networks. To
verify that Plexus also functions in such environments, we
adopt various real-world traces to simulate pairwise network

Table 1. Summary of datasets and learning parameters used
to evaluate Plexus and DL baselines. “Mom.” denotes the
momentum parameter.

Dataset Nodes Learning Parameters Model

CIFAR-10 [31] 1000 ā = 0.002, mom. = 0.9 CNN [22]

CelebA [12] 500 ā = 0.001 CNN

FEMNIST [12] 355 ā = 0.004 CNN

latency, bandwidth capacities, compute speed, and availabil-
ity. To model a WAN environment, we apply latency to out-
going network tra�c at the application layer to realistically
model delays in sending Plexus control messages. To this
end, we collect ping times from WonderNetwork, providing
estimations on the RTT between their servers located in 227
geo-separated cities [62]. When starting an experiment, we
assign peers to each city in a round-robin fashion and delay
outgoing network tra�c accordingly.
We also adopt traces from the FedScale benchmark to

simulate the hardware performance of nodes, speci�cally
network and compute capacities [32]. These traces contain
the hardware pro�le of 131 000 mobile devices and are origi-
nally sourced from the AI benchmark [26] and theMobiPerf

measurements [23]. We assume that nodes are aware of the
bandwidth capabilities of other nodes, and within a sample, a
node sends its trained model to the aggregator with the high-
est bandwidth capability in the next sample. In summary,
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our experiments go beyond existing work on DL by inte-
grating multiple traces that together account for the system
heterogeneity in WAN environments.
Datasets. We evaluate Plexus on di�erent models and

with three distinct datasets, whose characteristics are dis-
played in Table 1. The CIFAR-10 dataset [31] is IID, parti-
tioned by uniformly randomly assigning data samples to
nodes. The CelebA and FEMNIST datasets are taken from
the LEAF benchmark [12], which was speci�cally designed
to evaluate the performance of learning tasks in non-IID
settings. The sample-to-node assignment for CelebA and
FEMNIST is given by the LEAF benchmark. Our evaluation,
thus, covers a variety of learning tasks and data partitions.

Performance Metrics and Hyperparameters.We mea-
sure the top-1 test accuracy of the model on a global test
set unseen during training, for the purpose of evaluation.
In line with other work, we �x the batch size to 20 for all
experiments and each device always performs �ve local steps
when training its model [1, 32] before communicating. All
models are trained using the SGD optimizer. For CIFAR-10
we additionally use a momentum factor of 0.9. All our learn-
ing parameters were adopted from previous works [4, 12]
or were considered after trials on several values. They yield
acceptable target accuracy for all evaluated datasets. We run
each experiment three times with di�erent seeds and report
averaged values.
Baselines. We compare Plexus against a FL setup in

which we assume the availability of a server with unlimited
bandwidth constraints. We also use Gossip learning (GL) [21]
and D-PSGD [35] as DL baselines. In each round of GL, a
node �rst waits for some time and then sends its model to an-
other random node in the network. The selection of nodes is
facilitated by a peer-sampling service which presents a view
of random nodes in the network every round. Upon receiv-
ing a model from another node, the recipient node merges it
with its own local model, weighted by the model age, and
trains the local model. GL naturally tolerates churn and is ro-
bust to failing nodes. However, pairwise model aggregation
still leaves residual variance and deteriorates model conver-
gence compared to when using global aggregation. In our
experiments, we �x the round timeout to 60 seconds for GL
to give each node su�cient time to train and transfer the
model each local round.

D-PSGD [35] is a synchronous algorithm that only pro-
ceeds when all nodes have received all models from their
neighboring nodes. We evaluate D-PSGD under two topolo-
gies: a 10-regular topology (i.e., each node has ten neighbors)
and a one-peer exponential graph topology, the latter being
a state-of-the-art topology in DL [64]. Thus, we evaluate
D-PSGD with sparse and dense graph connectivity.
For Plexus, we report the accuracy of the global model

after aggregation every ten rounds. For D-PSGD, we deter-
mine the mean and standard deviation of the accuracy ob-
tained by evaluating models of individual nodes on the test

dataset every two hours. We also report communication vol-
ume (transmitted bytes) and training resource usage (i.e., the
time a device spends on model training). For Plexus, we set
ĩ = 13 and adjust the aggregator so it proceeds when it has
received 80% of all models (ĩ Ĝ = 0.8). We run experiments
with CIFAR-10 and CelebA for 50 hours and FEMNIST for
200 hours which gives model training with Plexus and other
baselines su�cient time to converge.

4.2 Plexus Compared to Baselines

We quantify and compare the performance of Plexus with
baseline systems. We compare Plexus against a FL setup in
which we assume the availability of a server with unlimited

bandwidth constraints. We also use Gossip learning (GL) [21]
and D-PSGD [35] as DL baselines. We evaluate D-PSGD un-
der two topologies: a 10-regular topology (i.e., each node
has ten neighbors) and a one-peer exponential graph topol-
ogy, the latter being a state-of-the-art topology in DL [64].
Thus, we evaluate D-PSGDwith both sparse and dense graph
connectivity.
Results.We show the performance of Plexus and base-

lines in Figure 3. The top row of Figure 3 shows the test accu-
racy as the experiment progresses. Plexus outperforms both
DL baselines by converging quicker and achieving higher
test accuracy, consistently across all datasets. In general, we
�nd that in GL more training occurs within a given time unit
compared to DL, since GL rounds are asynchronous and in-
dividual nodes have less idle time compared to D-PSGD. On
the simpler binary classi�cation task for the CelebA dataset,
the performance improvements of Plexus are modest. How-
ever, on more di�cult learning tasks like the 62-class image
classi�cation in FEMNIST with a larger model size, Plexus
achieves more than 20% better accuracy when compared to
the best performing DL baseline, GL. We also observe that
Plexus generally shows comparable time-to-accuracy as FL
but with the larger model size of FEMNIST we observe small
di�erences since the server in FL has unlimited bandwidth.
The middle row in Figure 3 shows the communication vol-
ume (horizontal axis in log scale) required to achieve the test
accuracy for the evaluated systems. Plexus attains high test
accuracies with orders of magnitude less transmitted bytes.
These e�ciency gains are particularly pronounced for the
FEMNIST dataset. We note that D-PSGD with a 10-regular
topology incurs the most network tra�c while performing
on par or worse than the one-peer exponential graph topol-
ogy. The bottom row in Figure 3 shows the training resource
usage (horizontal axis in log scale) consumed to achieve
the test accuracy. Plexus attains high test accuracies with
orders of magnitude less resource usage. Finally, we note
that Plexus incurs comparable communication volume and
resource usage as the centralized baseline of FL.

For each dataset, we determine the best-performing base-
line in terms of the highest individualmodel accuracy achieved

across all nodes. We then determine time-to-accuracy (TTA),
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Figure 5. The distribution of round durations, for the FEM-
NIST dataset and di�erent sample sizes.

communication-to-accuracy (CTA), and resources-to-accuracy
(RTA), which are metrics that represent the e�cacy, e�-
ciency, and scalability of DL systems. For the evaluated
datasets and compared to the target accuracy, Plexus saves
1.4× - 1.6× in TTA, 15.8× - 292× in CTA and 30.5× - 77.9× in

RTA compared to GL and D-PSGD. In conclusion, our com-
prehensive evaluation demonstrates the superior e�ciency
and e�ectiveness of Plexus.

4.3 Varying the Sample Size ĩ

We next explore the e�ect of the sample size ĩ on model
convergence, communication volume, training resource us-
age, and round duration by running Plexus with ĩ = 10, 20,
and 40. This experiment uses the FEMNIST dataset which
has the largest model size in our setup. Figure 4a shows the
test accuracy for the three di�erent values of ĩ as the ex-
periment progresses. We observe that increasing ĩ actually
slows down training, likely because more models have to be
transferred to and from the aggregator. Naturally, increasing
ĩ also has a negative impact on communication cost and
resource usage, which are visualized in Figure 4b and Fig-
ure 4c, respectively. In particular, reaching 80% test accuracy
for ĩ = 40 incurs 4.0× additional communication volume and
4.0×more training resource usage, when compared to ĩ = 10.
We note, however, that increasing ĩ might be favorable in
other scenarios, e.g., when data is highly non-IID.

Increasing ĩ also prolongs the duration of individual rounds
as the aggregator has to receive and redistribute more mod-
els. We show in Figure 5 the distribution of round durations

in seconds for di�erent values of ĩ using a box and violin plot.
When increasing ĩ from 10 to 40, the average round duration
increases from 45.1 seconds. to 54.9 seconds. Moreover, we
observe that some rounds take disproportionally long which
can happen when all nodes in a selected sample have low
bandwidth or slow compute speeds. For example, a round
for ĩ = 20 took up up to 178 seconds. However, this is rela-
tively rare: for ĩ = 20, only 18 rounds out of 6941 took over
100 seconds to complete. We observe also a positive e�ect on
round duration when increasing ĩ: with higher values of ĩ ,
there is a higher probability that nodes with high bandwidth
capacities are included in the sample compared to lower
values of ĩ , which lowers the overall model transfer times
during a round. We can see this e�ect in Figure 5 as there is
a higher variance in round durations for lower values of ĩ .
Empirically, we obtain a good trade-o� between sample size
and convergence when setting the sample size around 10.

5 Related Work

Decentralized Learning (DL). D-PSGD [35] showed theo-
retically and empirically that under strong bandwidth lim-
itations on an aggregation server in a data center, decen-
tralized algorithms can converge faster. Assumptions on
the behavior of those algorithms make them most suited
to data centers. The synchronization required in D-PSGD
is costly when training on edge devices. As a solution, re-
search in DL has been focussed either on having a better
topology [4, 16, 54, 56, 60, 64], or designing asynchronous
algorithms [7, 37, 43, 46]. MoshpitSGD [50] uses a DHT to
randomly combine nodes in multiple disjoint cohorts every
round for fast-averaging convergence. Notably, Teleporta-
tion is a DL algorithm where, similar to Plexus, a small
subset of nodes train every round and then exchange models
with other sampled nodes over a smaller topology [57]. How-
ever, the paper does not specify exactly how these nodes
are sampled and Plexus solves this issue through consistent
hashing. All the above algorithms, however, overlook system
heterogeneity whereas we evaluated Plexus in the presence
of network and compute heterogeneity.
Federated Learning (FL). FL is arguably the most pop-

ular algorithm for privacy-preserving distributed learning
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and uses a parameter server to coordinate the learning pro-
cess [41]. Similar to Plexus, FL lowers resource and com-
munication costs at the edge by having a small subset of
nodes train the model every round. To make FL suitable at
scale in deployment scenarios, recent works have placed sig-
ni�cant emphasis on system challenges [1, 8, 25, 33, 45, 66].
FL still requires a highly available central server that can
support many clients concurrently, possibly resulting in high
infrastructure costs. Plexus, on the contrary, is a fully de-
centralized system with an aggregation scheme inspired by
FL, while avoiding central coordination.
Blockchain-Assisted DL.We identi�ed various works

that implement and evaluate blockchain-based decentralized
learning systems [3, 30, 39, 40, 48, 61] and discuss the chal-
lenges therein [58, 67]. Consensus-based replicated ledgers
used in these systems provide strong consensus primitives at
the cost of a signi�cant and unnecessary overhead. Machine
learning optimizations based on SGD thrive in the presence
of stochasticity, obviating the need for strong consensus in
the form of a global model [36, 46].
Decentralized Peer Sampling. Brahms [10], Basalt [2],

PeerSampling [27] and PeerSwap [19] provide each node
with a di�erent, uniformly random sample without network-
wide synchronization. In contrast, the peer sampling of Plexus
instead ensures that nodes select equivalent samples in a par-
ticular round of training.

6 Broader Impact and Open Challenges

The broader impact of our work is multifaceted, addressing
both a technical and socio-economic dimension. By circum-
venting the need for a central server, Plexus can lower the
barrier and costs to adopt FL-like training in decentralized
settings. A complementary bene�t of Plexus is that it en-
hances data privacy and security by decentralizing the model
aggregation process, reducing the risk of data breaches asso-
ciated with centralized systems. This is because, depending
on the total network size and sample size, it becomes more
di�cult for a single node to systematically access model up-
dates from particular nodes, raising the barrier for privacy
attacks such as the gradient inversion attack [24].

Open Challenges.We discuss several open challenges in
the current design of Plexus. Like any decentralized system,
Plexus must balance e�ciency with network constraints.
As model sizes increase, aggregators may experience heavier
loads, potentially prolonging round durations. This also ap-
plies to FL with a server, although it is typical that the server
coordinating the FL process has more compute capacity than
the devices participating in the training process. To account
for this bottleneck in Plexus, we select the aggregator as the
node with the highest bandwidth capabilities within a sam-
ple. However, in rare cases, all nodes in a sample may have
low bandwidth capabilities due to an unfortunate selection

(also see Section 4.3). In this scenario, we could select an ag-
gregator from outside the current sample. Another approach
to reduce communication burdens on aggregators is to use
multiple aggregators in the same round. Both enhancements,
however, require us to deviate from the standard FL algo-
rithm and necessitate additional coordination mechanisms.
Secondly, we currently assume all nodes remain online

during training which is typically not the case in real-world
settings. Our idea is to extend Plexuswith support for churn
by including the current online or o�ine status in the local
views, and synchronize these views between samples. How-
ever, dealing with churn requires additional coordination as
nodes can also go o�ine during training or aggregation.

Thirdly, Plexus overutilizes the computational resources.
In our experiments, the round completes when 80% of the
models are received, thus at least 20% of trained models will
never be aggregated. As a result, some participant updates
may not be aggregated in every round, similar to common FL
techniques that mitigate stragglers [8]. Various FL systems
alleviate this issue by integrating stale model updates [1, 15,
63]. We leave integrating this in Plexus for future work.

Finally, securing Plexus against Byzantine nodes remains
an open challenge. A promising direction is to incorporate
accountability mechanisms where nodes verify the integrity
of sample selection, ensuring honest participation.
Overall, these aspects highlight common challenges in

FL and DL. Addressing them will improve the robustness
and reliability of Plexus, paving the way for deployment
of decentralized learning systems in open and large-scale
settings.

7 Conclusions

This paper introduced Plexus, a practical, e�cient and decen-
tralized FL system. The two key components of our system
are (i) a decentralized peer sampler to select small subsets
of nodes each round, and (ii) a global aggregation opera-
tion within these selected subsets. Extensive evaluations
with realistic traces of compute speed, network capacity,
and availability in decentralized networks up to 1000 nodes
demonstrate the superiority of Plexus over baseline DL
algorithms, reducing time-to-accuracy by 1.4-1.6×, commu-
nication volume by 15.8-292×, and training resource usage
by 30.5-77.9× compared to DL baselines. Moreover, Plexus
also achieves accuracy and resource usage comparable to a
centralized FL baseline.
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