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Abstract—Peer-to-Peer federated learning is a distributed ma-
chine learning paradigm with a primary goal of learning a well-
performing global model by collaboratively learning a shared
model at different data hubs without the need of sharing data.
Due to its immense practical applications, there is growing at-
tention towards various challenges of efficient federated learning
including communication efficiency, assumptions on connectivity,
data heterogeneity, enhanced privacy, etc. In this paper, we
address the problem of dynamic network topologies in federated
learning. We present a technique to help new participants in
Peer-to-Peer federated learning reach best possible accuracy
by leveraging learning at other devices in a communication
efficient manner. We model the costs in federated learning and
apply a graph theoretical framework to show that one can
draw from a range of graph-based algorithms to construct
an efficient communication algorithm on a connected network,
thereby matching the inference efficiency of centralized federated
learning. We conduct experiments with varied graph formations
and sizes to validate our claims.

Index Terms—Communication Efficiency, Decentralized Fed-
erated Learning, Deep Learning (Machine Learning), Wireless
communications, Internet of Things (IoT)

I. INTRODUCTION

The modern world, in an attempt to simplify human tasks
and enhance user experiences across a plethora of programs,
sought to build systems, or rather, to inculcate the capability in
systems of being able to imitate human cognizance. The field
of computer science focused on strengthening this ability is
what we know as machine learning. Computer scientists and
statisticians have since pushed its boundaries - from using big
data and bigger models trained on resource intensive servers,
to smaller and scaled down models on edge devices. This
led to the development of techniques that use aggregated data
from various sources to effectively train a model and generate
systems that can identify patterns or correlations within the
data, which in turn helps make intelligent decisions with
minimal human intervention. As the requirement for data is
ever increasing, Federated Learning [[1] proposes an alternate
approach, which bypasses the centralized data requirement
for incrementally learning from distributed data silos. We
now have Al applications using federated learning on mobiles
[2], smart home setups [3]], unmanned aerial vehicles [4]
etc. Deploying intelligence on edge devices, using peer-to-
peer federated learning on resource constrained devices and
networks, especially at scale, poses several challenges.
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A. Motivation

In a standard machine learning environment, there exists
a centrally processed dataset in a tightly integrated system.
Having all the data available simultaneously at one place is
impractical as more often than not, data for large scale ma-
chine learning models is mined from different users, devices,
and hubs - in silos, like medical data recorded at hospitals.
Assembling all this rich data would require huge data centres
and raise privacy concerns among the different data holders.
Thus, to address this problem, [1] introduced an alternative
that leaves the training data distributed on the mobile devices,
and learns a shared model by aggregating locally-computed
updates. They termed this decentralized approach ‘Federated
Learning’. Ideally, the models trained using federated learning
are as good as a centralized model, or at the very least, better
than what parties could learn individually.

There are two broad methods to implement Federated
Learning. The first is a centralized method, where there is
a central server which acts as a trusted coordinator among
different data sources and the model is shared amongst the par-
ticipating devices. The shared model is incrementally trained
on each device’s dataset and sent back to the server, which
then sends the model parameters to the other nodes for further
training. The second is a fully decentralized method which
makes use of a peer-to-peer (P2P) framework. The devices
are allowed to transfer the model directly with each other,
within their capability, after training the model on their local
dataset.

The bottleneck in both of these approaches becomes the
computational power of each of the edge devices and their
communication efficiency. Unless data is allowed to be shared,
training will have to be done on the device itself, which makes
the former compute problem less of a concern that we have
significant control over with choice of devices. In this paper,
we aim at solving or at least taking a step in the right direction,
to resolve the latter issue of communication efficiency.

B. Contribution

In this paper, we present a new system-level perspective
of fully decentralized federated learning. Our technical and
conceptual contributions are as follows:

o Systematization of Knowledge (SoK): We put forward
an SoK in the space of peer-to-peer federated learning



coupled with current SOTA standard problems and po-
tential solutions, i.e., we provide a short critical analysis
of previous approaches to the problems, list their limita-
tions and then propose methods and future directions to
mitigate these.

o Graph Analogy: We use a graph analogy as a working
solution for a good representation of the system. This
mapping allows one to utilize graph theory and its algo-
rithmic tools to achieve the secondary goal of our work,
i.e. efficient P2P communication.

o Novel solution: We capitalize on the advantages of
federated learning and graphs to develop a solution to
the problem at hand by modelling it as a known NP-
hard problem and draw sub-optimal solutions from that
domain which scale well. We look at the problem of
providing optimal route for devices to communicate in
a P2P setting as a modified version of the traveling
salesman problem. The novelty is that we are able to
frame the problem in a well-known standard form that
can be solved efficiently by many available tools. We
further implement a solution that jointly optimizes model
accuracy with communication cost on the path travelled,
achieving accuracy close to that of a model trained with
traditional FL approaches [1] with significantly lesser
communication overhead.

C. Organization of the Paper

Section [MI] analyses and reviews the relevant works and
literature connected to the various components that contributed
to the building of the essence of our work. We also create a
systematization of knowledge, condensing all the information
in form of a textual tree, segregating related works to form
unique clusters with their own benefits and drawbacks. Section
[] presents the system model and problem formulation. The
details of the algorithm and infrastructure are present in Sec-
tion along with the methods used in the process. Section
details the implementation and experiments, including the
experimental design, as well as the results obtained and the
observations gained. In conclusion, Section touches upon
the prospects of this work and what scope it creates for future
contributions.

II. BACKGROUND AND RELATED WORKS
A. Federated Learning

Federated learning (FL) has attracted quite some attention
from research ever since it was first introduced in 2016
regarding its extension, application and potential [1]]. Recently,
the main focus of enhancements have been in overcoming
statistical problems [5], making it more personalized [5]-
[7l, and strengthening security & privacy [7]-[9]. The paper
[10] summarises three challenges faced by FL as (1) device
heterogeneity such as varying storage, computational and
communication capacities; (2) statistical heterogeneity like the
non-IID (a.k.a. non-independent and identically distributed)
nature of data generated from different devices; (3) model
heterogeneity, the situation where different devices want to

customize their models adaptive to their application environ-
ments.

A recent article [11] gives the reader insights into the
future research opportunities in FL suggesting some new
possible directions revolving around data protection to look
into. They also present a comparison between many different
approaches and classify them into 6 broad categories namely-
data distribution, machine learning model, privacy mechanism,
communication architecture, scale of federation and motivation
of federation.

The fine work in [[12]] highlights the need for personalization
and surveys recent research in this area. As stated in [13],
all the existing works achieve personalization in two separate
steps that are associated with extra overhead. First, a global
model is built, and then each client fine-tunes the global model
using local data. While [[12] mentions other techniques for
building global models, including transfer learning, multi-task
learning, meta-learning, and others; [13|] proposes a novel
algorithm by using LotteryFL where each client learns a
lottery ticket network (i.e., a subnetwork of the base model)
by applying the Lottery Ticket hypothesis, and only these
lottery networks will be communicated between the server and
clients. This way, instead of a global shared model as in classic
federated learning, each client learns a personalized model all
while reducing the communication cost.

The article [14] draws attention towards parameter updates
for federated learning, which are crucial to ensure that models
are working with the most recent parameters and questions the
security of parameter gradient sharing. This work exploring
adversaries in FL is essential for an effective implementation
and acceptance of the popular technique.

B. Peer-to-Peer Federated Learning

A completely decentralized federated learning (DFL) has
become an even more active area of research as the centralized
approach potentially poses the same problems as traditional
ML where all the data is at a single hub. Since our DFL setting
makes use of the Peer-to-Peer (P2P) communication alone
(previously talked about by [16]), we will only be covering
works related to P2P DFL in this section. In a highly dynamic
P2P environment, the goal is to have all centres directly talk
with each other, instead of relying on the main server as
per traditional federated learning. Such an application in the
medical field is covered by [18].

The approaches in [24] and [25] aim at training personalized
models, which is a different objective from ours as we try
to find the single best shared global model. The former
[24] provides an extensive analysis of the convergence rate,
memory and communication complexity of their approach, and
demonstrate its benefits compared to competing techniques on
synthetic and real datasets. This approach is supplemented
by [20] by making the algorithm differentially private to
protect against the disclosure of information about the personal
datasets, and formally analyze the trade-off between utility and
privacy.

Gossip algorithms, as the name suggests, are a means of
P2P communication in distributed systems by leaking infor-



TABLE I: Systemization of knowledge of P2P FL approaches on graphs

Strongly connected network

Network independent

Synchronous
tralized orchestration of model weights
[16]Peer-to-peer federated learning on graphs

[15]Federated learning using peer-to-peer network for decen-

[13]Lotteryfl: Personalized and communication-efficient federated
learning with lottery ticket hypothesis on non-iid datasets
[19]Deploy-able privacy preserving collaborative ml

[17]Decentralized federated learning for electronic health

records

[18]Braintorrent: A peer-to-peer environment for decentral-

ized federated learning

Asynchronous

[20]Personalized and private peer-to-peer machine learning

[21]Personalized cross-silo federated learning on non-iid data
[22]Edge-consensus learning: Deep learning on p2p networks with
non-homogeneous data
[23]| Towards on-device federated learning: A direct acyclic graph-
based blockchain approach

mation to the neighbours. These are a type of asynchronous
algorithms and have been successfully employed in the area of
decentralized optimization. Some variants of gossip algorithm
have been put forward by [26], using dual averaging to solve
problems both in synchronous and asynchronous settings and
[27]. The study of adhoc teamwork [28]] also tries to select
agents to collaborate with from a distributed environment, in
the absence of any prior knowledge.

C. Systemization of Knowledge

Broadly, any FL algorithm can be divided into different
groups based on how centralized or decentralized a model’s
training approach is. We however focus on models that are
entirely P2P, or attain personalized models in some way. This
allows a degree of flexibility to works that are not fully
decentralized but still offer a lot of insights to the field. First,
the P2P FL approaches are segregated on the basis of network
assumptions - works that assume a strongly connected network
i.e., there exists a path in each direction between each pair of
edge devices (vertices) of the network versus works that make
no such presupposition. Among these groups, a further divide
is made on the basis of synchronization - papers that explicitly
state that their models are asynchronous and those which do
not mention that or declare their model to be synchronous.
This is categorized in Table [I| and elaborated below.

In the first category, which requires a strongly connected
graph and works synchronously, there are many works, promi-
nent of which are - [[16], [18], [17] and [15]]. The nodes in the
proposed model by [16] take a Bayesian-like approach via
the introduction of a belief over the model parameter space.
The nodes update their belief by aggregating information
from their one-hop neighbours to learn a model that best
fits the observations over the entire network. Even though
BrainTorrent [|18] is particularly targeted towards medical ap-
plications, it presents a highly dynamic P2P environment that
outperforms traditional server-based approaches and reaches
a similar performance to a model trained on pooled data.
In [[15] a RAFT based aggregator selection is leveraged,
introducing a dynamic aggregator which when coupled with
dynamically generated cryptographic keys creates a more
secure mechanism for delivery of models within the network
while ensuring anonymity. In [17] the focus is on improving
the communication efficiency for fully decentralized FL over
a graph.

In the second category, with strongly connected network
but asynchronous functioning, [20] in addition to solving the
FL problem under mentioned constraints, provides a provable
convergence rate. They also show how to make the algorithm
differentially private to protect against the disclosure of infor-
mation.

In the third category, the network constraints are loosened,
which is more realistic but still requires synchronicity among
nodes. A novel federated learning algorithm is presented in
[29], where devices mostly collaborate with other devices
in a pairwise manner, achieving 10X better communication
efficiency. Strong guarantees of privacy with a marginal com-
promise in performance is shown in [19]], which aims at
preserving differential privacy of each participating client.
They additionally experiment with quantization of model and
discover that its deployment on edge devices does not degrade
its capability.

Finally, the fourth category covers approaches that work
with loosened network constraint and also works with asyn-
chronously operating devices. Here, [21] facilitates learning
between clients with similar data and [22]] shows that effective
deep learning is possible for data residing in different physical
locations, even when these data are heterogeneous in nature,
and without the need for centralized processing using an edge
consensus learning method. A framework for empowering FL
using Direct Acyclic Graph (DAG)-based blockchain system-
atically (DAG-FL) is introduced in [23]].

D. Research Gaps

In this section, we will revisit some of the works discussed
above and highlight opportunities that arise based on the
state-of-the-art. It is worth noting that assuming a strongly
connected network and having all the nodes to necessarily
work synchronously are major research gaps in themselves.
Practically, we cannot expect multiple edge devices (up to
thousands in wireless sensor networks) to be directly con-
nected to each other and manage to always be in a ready
state.

In [20], each agent has a local clock ticking at the times of
a rate 1 Poisson process, and it wakes up when its clock ticks.
At this point, it updates the local model based on most recent
information received from the neighbour. This somewhere
limits the functioning because of the inability to accommodate
multiple recent (and probably different) updates. To make



their algorithm differentially private for the edge devices, they
replace the update step adding a noise vector drawn from a
Laplace distribution with finite scale. If this value is constant
throughout the training, as the model approaches the minima,
the value of the updates will decrease, thereby increasing
the percentage of noise, and thus deteriorating the accuracy-
privacy trade-off.

In [15] a P2P solution to FL is presented as there is no
single server, but this proposition only addresses one of the
two problems of centralized FL. It does not rectify the issue
of bandwidth as all the “messages” still go to a single node.
Even though [[17] lists data privacy as one of the challenges of
FL, no data protection policy is incorporated in their model.
Evidently, there is always a privacy-accuracy trade-off and
same is the issue with [19]. While they state that precision
is important and even use quantization to scale the weights,
the added noise disrupts the precision.

Traditional efforts to find a communication efficient path
in a wireless sensor network treat these goals in a decoupled
manner, finding the best path with respect to either commu-
nication cost constraints (e.g., [30], [31]], [32]) or ML task
accuracy (e.g., [33], [34]). The work in [35] emphasises that
FL navigation in vehicular fog must consider the communica-
tion overhead of ensuring privacy. They reduce communication
costs by avoiding reconstructing keys of all participants and
instead utilizing skip lists to limit the mutual key reconstruc-
tion to affected groups. We would like to look at making this a
comprehensive decision involving communication and device
capability constraints along with the task accuracy. We further
consider how the presence of varying amounts of training data
at each node conflicts with the choice of best path chosen
according to only communication costs in a network.

While majority of FL works focus on improving the learning
of the entire network, the primary question in this work is
how a specific device can reach best possible accuracy with
least possible communication cost. We consider this a pertinent
question in networks with dynamic topologies.

E. Problem Scenarios

To discuss potential solutions to improve upon the commu-
nication aspect of P2P FL networks, it would be better to look
at it from the application point of view and draw analogous
parallels between mobility in wireless sensor networks and the
task at hand. For this purpose, we consider the survey paper
[36] that provides a comprehensive review on the developed
methods that exploit mobility of sensor nodes and/or sink(s) to
effectively maximize the lifetime of a mobile wireless sensor
network (MWSN).

Vehicular Edge Computing (VEC) requires the training of
models for object detection, lane detection, localization, map-
ping etc. [37] and using federated learning to train these mod-
els needs to operate in a dynamically changing environment.
Cars are moving at different speeds in different directions
which causes service switching among edge base stations or
roadside units as well as switching the neighbourhood of the
vehicle [38]]. These vehicles can operate in areas with limited
GPS connectivity where flexibility of FL participants is still

problematic [35]. Autonomous vehicles need to train their
local models by choosing the right vehicles to perform training
on, which can lead to best accuracy in a resource-efficient and
fast manner.

A similar problem exists while using Unmanned Aerial
Vehicles (UAVs) over 5G wireless networks to perform dis-
aster monitoring, goods delivery etc. in high mobility, high
altitude conditions [39]]. Network devices which lack suffi-
cient training data to improve their accuracy above a certain
threshold can effectively pass their model through other nodes
in the network, utilizing the data residing at those nodes
to accomplish their accuracy objectives. This is augmented
with additional constraints, like limited channel bandwidth and
power available at devices.

III. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

We have a set of N data owners, N' = {1,..,n,.., N} that
form the devices participating in the FL training rounds. Each
device i has their own private local dataset D;. A device either
initiates a model, if it is the starting node in the training round,
or locally trains a received model for its own use as well
as for sharing with its peer devices. In traditional machine
learning, all local datasets are combined for model training
Dy = UijenD;, whereas in federated learning, a global model
M is created by collecting and aggregating local models
from all devices or from subset of devices W as U;cyy M;
where W C N. In our proposed scheme, TravellingFL, we do
not enforce the presence of only one global model, instead,
the model exists in different stages of training accuracy across
the network. Some devices will be in possession of a nascent
model, while others (present later in the best path) have a
better trained or more accurate model. We assume, for now,
that all nodes are honest and train on their local data and
share their true local model. Note however that the proposed
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Fig. 1: System model of TravellingFL Simulation 1 with each
device having its own local and private training data. Device 7
joins the existing network of 6 devices with different communication
bandwidth channels to its peers.



TravellingFL can be extended for such a case by incorporating
the node classification and anomaly detection methods.

We seek to address how to implement FL for dynamic
topologies, specifically, how can a new device enter a network
where FL may be ongoing or completed after reaching a stable
accuracy, and bring itself up to best possible accuracy quickly
while minimizing communication costs. In this way, multiple
devices can train FL. models along their individual optimal
paths in parallel. This can easily be extended to multi-task
FL [40] by having different TravellingFL paths in the same
network apply to different ML objectives. It is important to
note that the traditional approaches of FedAvg would perform
averaging across all devices, including the new device which
has limited learnt knowledge, thus bringing down the accuracy
of the pre-existing devices, and then perform incremental
learning all over again. This is not a desirable technique, as
node dynamics should not affect the existing knowledge in the
system.

While the primary task of FL is accuracy, the environment
where edge devices are used to perform computations enforces
a secondary goal, which becomes attaining that accuracy, or
approaching it, with the lowest computations, communica-
tion costs, etc. This would allow to make the decentralized
federated learning concept more realistically applicable. The
system-level costs are divided into two categories - on-device
compute costs and inter-device communication costs.

1) Compute Cost: The computation costs in FL are from
the CPU cycles expended for each iteration of local model
training, and are static in nature for a fixed number of training
cycles on a given machine architecture. The data quality of
each device is termed as the node score. It quantifies the
power and memory available on a device, thereby reflecting if
a device is ready to contribute to model training at each round
or not. Device i’s node score is denoted as

¢V = f(D},Df") = DY « D" ()

where DY is the device ¢’s remaining power level and D" is
its available free memory. The product of these two terms are
taken, since devices with greater battery or power level and
more amounts of available memory are preferred for model
training. For a realistic model of device participation in FL, we
consider a battery power of upto 50% as low, since personal
devices can operate in power saving mode below that and
choose to opt out of FL. We can also introduce a metric
quantifying the quality of the local dataset at device ¢ into
this node score, such that devices with more training data or
better quality data can be prioritized in the path selection.

2) Communication cost: The communication costs are
more dynamic in nature, since they model the communication
over a channel, wireless in this case, and depends on the power
available at the edge device, bandwidth of the channel, etc.
The edge score refers to this communication cost incurred
by transferring the trained model across the channel and is
denoted as

¢l = f(cr

VAR ANSRE

b
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where C7; is the transmission power required over the channel
and C’f) ; 18 the channel bandwidth for edge e;;. The greater

= C¥;/Ci; 2)

the distance between nodes, more power is required during
transmission and higher bandwidth channels will be prioritized
since the graph formulation tries to minimize the sum of edge
scores.

B. Problem Formulation

Given a network of interconnected devices with their own
private data and varying communication constraints, our goal
is to find how to achieve best possible inference accuracy
on a target device within the shortest time. The constraints
which apply to this problem are in terms of compute cost,
which depends on the hardware specifications of the devices,
and communication costs, which depends on the distance
between devices (and thereby power expended for message
transfer) and also inversely on the bandwidth of the commu-
nication channels. We impose a constant computation cost
in our experiments, since all devices are created similarly.
The communication cost is used as edge costs in the graph-
based solution. To accurately model the working of an edge
computing network, an efficient FL design must balance the
primary goal of the network, which is the ML task, with the
secondary goal, which is to intelligently utilize the underlying
network’s resources. Thus we jointly optimize the various
costs along with the ML task accuracy.

The problem is formulated as a dual objective training - to
minimize the categorical cross-entropy loss of the classifica-
tion problem and the cost of communication along a selected
path. The objective function is formulated as

N D;
1 k2
min  — m,X,q,y,,) * cost(K,C¥,cN
pin 523 Tm sy oK CE.CY)

st. Keztand CF,CN eRY

where D = va:l D; is the total training dataset seen across
all devices, m is the model trained on each local device, and
f(m,x;4,y,,) is the loss function used for attaining required
model accuracy, which differs according to the ML task. Here
we use categorical cross entropy as the loss function for
the image classification task using data samples having input
vector X;q and output vector y,,; as

fm,Xiq,¥,4) = —Y;glog(x;ym) + (1 — y,4)log(1 — x;;m)

“)
The cost function cost(K,C¥ C"N) is the expected cost in-
curred for model transfer along the path with K devices, where
CV is the device score of each of the K devices and C¥ is the
channel communication costs.

K—1
e o,
cost(K,CE7CN):a*zcgkﬂ—i-?k—f— 5 &)
k=1

The scores of nodes ¢ and j which flank an edge e;; are
incorporated equally to reflect their united influence along a
chosen path. Other works in the context of FL that define
some concrete parameters for measurement of communication
cost involve either transmitting or receiving on both devices.
Some of these definitions can be found in [29]], [23]], [36] for
further detail. We use a constant scalar « to normalize the cost



function and ensure equation (3 remains differentiable across
all training rounds, which needs to be experimented with and
appropriately set if the range of input costs changes.

The learning task generates a set of possible solutions called
the Pareto optimal set, from which the best network is selected.
The Pareto optimal set contains all the paths in the graph which
can lead to model convergence for the defined ML task. We
consider performing model training along all such contenders
within a chosen heuristic distance to choose a best path, i.e.
we explore the existence of a slightly longer path, within €
distance of the shortest path, which contains more or better
training data, thus improving model training accuracy faster.

The training process takes the following approach. Step 1
is only performed once at the beginning of the exercise and
Steps 3 and 4 are performed consecutively at each device.

1) Task initialization : Based on the number of devices
participating in the FL round, the scheme maps the
devices as nodes and assigns communication costs to the
edges on the graph topology created. A set of possible
best paths for traversal in the graph are chosen using
Algorithm1 (detailed in Section across all devices.

2) Model initialization : The starting node in the chosen
path initializes a model m) and the intermediate nodes
instead of building a new model, will wait to receive a
model from their peers to perform local learning.

3) Local model training : At iteration k, node ¢ performs
a round of training on model m¥ using its local dataset
D; to generate local model m**™ so as to minimize the
predefined loss function L(m?%).

4) Model transmission : Once local model training is com-
plete at iteration k, the model mf“ is sent to the next

node in the chosen traversal path.
The P2P FL platform, which we also refer to as the
simulator in our experiments, is responsible for mapping the
costs associated as edge weights in the graph formulation, and
thus identifying the initial, intermediate and terminal nodes for
each round of TravellingFL, after calculating the best path
to be traversed. The parameters for costs calculated using
equations and (Z) and the ranges from which they are
uniformly drawn are listed in Table The details about
the parameter distributions and allowed ranges are sourced
from [41] and [42] for the 802.11n wireless standard. In this
paper we assume that channel constraints remain constant
across multiple training rounds, and hence the devices can
perform multiple communication epochs under the same cost
conditions.

IV. GRAPH-BASED SOLUTION TO COMMUNICATION
EFFICIENT P2P FL

Now, we propose a novel algorithm to perform federated
learning in a peer-to-peer framework which aims to accom-
plish two tasks- ML accuracy and communication efficiency
as discussed in the following subsections.

Considering that each device brings its unique dataset to FL,
it is desirable that all other devices learn from that data. In
this setting, each device would have to perform model training
on all other devices, and to perform this in a communication

TABLE II: Simulation Parameters

Parameter Description Values
N Number of devices participating in ~ [2, 20]
FL
| D] Device i’s Local dataset size [1250, 5000] rows
| Dtest| Test dataset size 10000 rows
Df Device i’s power level [10, 100]%
D Device 4’s available memory [1, 10] GB
Cﬁ i Channel transmission power over  [15, 24] dBm
edge e;;
Cf’ j Channel bandwidth over edge e;; [54, 600] Mbps
€ Acceptable deviation from shortest 10

path

efficient manner, the problem translates to finding a least cost
path across all nodes, i.e. Travelling Salesman Problem.

Our algorithm makes use of a graph analogy similar to [[17]]
where the problem is mapped to a graph so as to enable us
to make use of the entirety of graph theory for discovering
solutions. As such, the participating devices are treated as
nodes of a graph and the edges are communication links
between them. When a new device enters an FL network where
different devices possess their local NN models, 2 fundamental
questions emerge -

1) Primary enquiry - Given there is one device in the
network which has attained highest accuracy, along what
path should that model be transferred to the new device
such that communication costs are minimized? This is a
trivial mapping to the open Traveling Salesman Problem
with the constraint of visiting each device only once and
which relaxes the constraint of creating a closed tour,
thereby allowing us to find one-way routes.

2) Secondary enquiry — Is there an alternate path which
may be slightly longer that attains a higher ML accuracy,
as a virtue of it learning from more diverse training
data at each device? We model ML accuracy as a
minimization problem in Equation [4] and the tour cost
as a minimization problem in Equation [5] this allows us
to combine these 2 elements in Equation [3| to expand
the previous TSP to an All Pair Shortest Path problem.

A. Algorithm Design

The network is a group of nodes (devices) connected by
edges (communication links) possessing enough processing
power to train a model on the data they carry. We plan to
maintain a shared global model that is incrementally trained
on each of the nodes and then the model is transferred to
the next node, thereby travelling through the network. This
can be applied for any connected graph, i.e., there is a path
from any node to any other node in the network. The proposed
algorithm solves for a directed graph, to allow for more generic
cases where communication is not possible or entertained in
both directions. This is useful to model devices which are
broadcast-only nodes, or to capture the notion of trust among
devices, which is not bidirectional, e.g. device A accepts a
trained model from B, but B does not accept a model that
comes from device A.



When a new node is added to a pre-existing FL network,
the fastest way to improve the inference accuracy of the newly
introduced node is to leverage the data available at all other
devices. We can do this by applying transfer learning on a
model which is exposed to the data at all other devices to get
trained incrementally. This can be reformulated to the problem
of visiting each node in the graph while minimizing the cost
of travel, the integer linear programming formulation of which

is -
Z Z Clei (6)

i=1 j#ij=1

min
tour length
where e;; is a communication channel in graph G and C’f]
is its corresponding communication cost as defined in [2| The
comprehensive cost function defined in [5 is calculated using
the shortest tour thus derived. In this way, the dual problem in
equation [3] can be mapped to the Traveling Salesman Problem.

The graph is parametrizable, allowing for an easy way
to calculate new paths through the network while tweaking
device costs and connections. There must, however, exist at
least one path, which when traversed on, will let the model
be trained on the complete data present on all the nodes in
the network. The edge weights are non-negative real numbers,
and even if for some reason this is not the case, the values can
be easily right-shifted or normalized. The goal of the problem
is to balance between training an accurate model and keeping
the communication efficient, therefore, the sum of edge scores
(as defined before) along a route needs to be the least, while
training a model on the datasets residing at the nodes. In a
scenario where we want to train a new node by leveraging
the learning present in an already fully trained network, the
problem of finding the quickest path to bring the new node’s
model up to speed reduces to solving the shortest path across
all nodes. In short, the communication efficiency part of the
problem statement is fo find a least cost tour of a directed
strongly connected graph visiting all nodes.

To solve this problem, which would in turn present a solu-
tion for the task, we first considered the Travelling Salesman
Problem (TSP), but it had some challenges associated, primary
of which is that it is an NP-hard problem [43]]. Secondly, there
is no strict requirement to return to the origin of the path, and
finally, there is no restriction to visit each “city” (node) just
once as the model can fravel through the network in a way that
improves the model at the nodes visited. We can visit a node
multiple times if there is no solution or no better solution the
other way around. This involves performing at least one round
of local training every time a node is visited, subject to device
capability. The problem of this being NP-hard can be solved
by adopting various heuristics like the ant algorithm, simulated
annealing [44], closest neighbour, 2-opt [45], 3-opt [46], or
Christofide’s algorithm [47]] to get a sub-optimal solution.

We consider the strategic shortest paths problem which
while not exactly solving our problem, does offer an insight
on a limitation that we will later address. The strategic shortest
paths problem has a goal of sending a message between
two points in a network but one has to keep in mind that
the edges may have personalities where each of them have
their own selfish interests. Thus, while discovering a path

Algorithm 1 Algorithm to find the Pareto optimal set of least
cost paths for TravellingFL.

Input: Graph G with node scores N and edge scores E
Output: Pareto optimal set of least-cost paths through the

graph and cost of each path
: G + Adjacency matrix with G; ; = C’ZEJ
. [*Incorporate node costs into edge weight of graph*/
: Update G ; = C}Y /2 + C}Y /2 for valid edge e;;
Si’j — GiJ
. [*Finding All pairs Shortest path*/
for K =1ton do

for i =1 ton do

for j =1ton do
if (Gi,j > G+ Gk,j) then
Si’j — G+ GkJ
end if
end for

end for
14: end for
15: /*To allow any node as starting point for best paths*/
16: for i =1 to n do
17. for j =1ton do

R AN A R ol

— e e
W NN = O

18: Add dummy origin node connected to node ¢ and
node j with edge cost CJ, .. =0

19:  end for

20: end for

21: [*2-opt heuristic solution to find shortest paths*/
22: for i =1ton—2 do

23: for j =i+ 2tondo

24: dl 0‘27 + C’EAEJ,H
25: d2 <+ CM-JFI + Cj}j+1
26: if (d1 > d2) then

27: Swap j and ¢ + 1
28: end if

29:  end for

30: end for

31: P < All paths sorted in increasing order of total cost
32: Py < cost of first path in P

33: K < Subset of paths from P with cost <= Py + ¢
34: return K

through the graph, a device may indicate that its transmission
time is very long, in order to remain unbothered. A potential
solution for this is to use the Vickrey-Clarke-Groves (VCG)
mechanism [48] to incentivize device participation and avoid
selfish routing.

We thus propose a new algorithm, which uses a 2-opt
heuristic for the TSP, after tweaking the graph that mitigates
the said limitations. Under this, the adjacency matrix of the
network graph is created and the shortest distance between
each pair of nodes is calculated and stored. This shortest paths
matrix S is a strongly connected matrix as a result of an initial
assumption that there necessarily exists one such path that
involves every node. Before solving the TSP on this graph, a
dummy origin node is set that is bi-directionally connected to
all the nodes with edge weights 0. This node’s outgoing edges



will make our work easier as it can be used to automatically
decide which of the real nodes should be a starting point for the
best path without significantly increasing the time complexity.
The incoming edges enable the TSP solution to return to the
origin without affecting the rest of the model. Once this graph
is crafted, a 2-opt heuristic is used to solve TSP to get a
tour which gives the order in which to visit the nodes in the
original graph such that the total distance is minimized. The
set of all such tours, P, are possible solutions for the least
cost tours along which the model training can be performed,
from which we select all candidate paths at a distance of ¢, €
being a heuristic limit which is experimented with.

Using this method, the strongly connected graph assumption
is loosened, there is no more restriction of returning back to
the origin as the dummy is only a tool we use to get the path,
and by using shortest distance matrix, the model that can visit
each node multiple times if it produces a better solution. One
important thing to note is that when a node is visited multiple
times in the same round, it trains the model on its local data
every time. This acts as an incentive for that device to expend
its resources in transferring the model parameters to the next
node, and if there are security layers, then decrypting and
encrypting it for the next node. If a model gets trained more
times on its data, it will be more personalized for that device.

An increase in number of participating devices introduces
2 facets to the FL objective.

1) In terms of connectivity — If the newly introduced
devices introduce a greater number of communication
channels, i.e. if they belong to the same sub-network
or have some notion of trust between them, the un-
derlying topology becomes a dense graph structure. In
this context, increased interconnectivity leads to more
paths between any 2 devices, consequently resulting
in decreased number of model transfer hops. If the
underlying topology is a sparse graph, the NN training
can continue in parallel on the autonomous devices, but
certain paths traversing nodes with higher in-degree or
out-degree can experience congestion and consequently
have a higher waiting time to receive the best model.

2) In terms of dataset diversity — An important aspect
of FL is to train a model on non-i.i.d data which is
a better representation of real-world data aggregation.
With increased device participation, we can gain im-
proved minority class representation and mitigate data
bias, thereby allowing us to train a well-generalized ML
model. In the TravellingFL formulation, we introduce a
node score C;¥ in Equation |I| which can model the data
quality at each device. If a global data quality assessment
metric can be agreed upon in the network, this score can
be used in the minimizing objective in Equation [5] for
both i.i.d and non-i.i.d data, to further ensure that we
choose paths that traverse devices with quality training
data.

B. Algorithmic Analysis

The Floyd Warshall algorithm [49] is used to calculate
the shortest path from any vertex to all other vertices thus

implicitly storing |V'|? shortest paths between the |V|? pairs
of vertices in graph G, with added time of O(|V|) to process
the vertices on each path. The 2-opt heuristic tries to incre-
mentally improve a path in the graph by making successive
improvements that exchange two of the edges in the path
with two other edges. This improvement step, which performs
reversal of the sub-path produced by dropping edges can take
O(]V]) time. This is performed on all pairs of edges, which
takes O(|V|?) time, thus making the overall complexity of this
algorithm O(|V|?).

While O(|V|?) does look like a major design limitation, it
is the maximum delay, and is still quite small in comparison
to the time taken to train a fairly good ML model at the
new node. Thus the time taken to calculate candidate paths
is asymptotically negligible, especially for densely connected
graphs. For large, sparse graphs we implement bounded
search, whereby instead of exploring the entire graph space
of |V|, the algorithm only looks at a subset of nodes that are
within k steps of the starting vertex. Thus, the complexity
reduces to O(|k|?) where k is the diameter of search, thus
reducing the time taken in practice.

V. EXPERIMENTS AND OBSERVATIONS

This section details the experimental setup, design and
results, followed by the key findings of the experiments
conducted. We create a simulator for the Peer-to-Peer FL setup
on which the experiments to validate our claims are performed.
The motivation to build a simulator is to be able to quickly
try out different configurations without the hassle and cost
of acquiring physical devices to test on. The simulator helps
to abstract out the complexities of setting up the network
connectivity so that experimenting with different topologies
and network channels only requires us to initiate new graphs
and choosing a configuration setting. This also drastically
reduces the initial time taken to create different experimental
designs.

A. Experimental Setup

Docker containers! [S0] are used to model independent
devices which participate in model training, thus mimick-
ing isolated edge devices in the distributed FL environment.
Docker allows the use of different base images to closely
align with the device which is to be replicated- it could be a
simple Linux box, Android phone, or a Raspberry Pi device.
The compute resources available to these devices can also be
controlled using runtime options to limit memory, CPU and
availability of GPU at the container level. Two methods of
communication are implemented between the devices (Docker
containers) - one using ZeroMQ? to transfer models among
peer devices via ZeroMQ Transport Protocol (ZMTP) and
another using NS3 ([51], [52]]) to simulate model transfer
via wireless networks. Currently the simulation supports mod-
elling WiFi channel for transfer, but other channels like CSMA
or 5G can be incorporated in the future, depending on the
scenarios to model.

Uhttps://www.docker.com/
Zhttps://zeromq.org/



The capability to manipulate aspects of the communication
channel like bandwidth is built using Linux’s traffic control
subsystem on each container and NS3’s WiFi module. This
enables us to further observe the relation between network
parameters and model performance. All the Docker containers
are managed using an orchestration service like Kubernetes. In
order to seamlessly scale the number of devices in the setup,
this simulator is deployed on a cloud computing platform
like Amazon Web Services (AWS), with Amazon Elastic
Kubernetes Service (EKS) used for orchestration.

The ability of the simulator to faithfully replicate real-
world experiments is corroborated by running experiments
from [53] on CIFAR-10 dataset where FedAvg algorithm [1]]
is used to combine individual device’s trained models over
20 communication rounds to get similar reported accuracy of
85% on 7 clients and 87% on 10 clients. The TravellingFL
simulation 1, described in detail later, is designed similarly
on 7 devices and references the 85% accuracy as one of the
baselines for performance. 53] reports the time taken for these
experiments to be 31.3 minutes, and the simulator performs
the same experiments in 28.7 minutes, showing that local
model training which takes up the bulk of the experiment time
remains unchanged, and only difference is in any hardware or
setup overheads. In our experiments, we additionally control
device-centric parameters like memory and GPU as well as
network-centric parameters like channel bandwidth.

We evaluate our results on CIFAR-10 dataset which con-
tains a total of 60000 color images belonging to 10 classes,
5000 training images and 1000 test images per class. This
is partitioned randomly and uniformly across the devices
participating in FL. In Simulation 1, each device contains
5000 training images per device and in Simulation 2, 1250
training images per device. We then conduct the TravellingFL
experiments using a Simple MLP model built on base VGG-
16 model with 4 additional activation layers followed by a
final softmax classification layer. We build each device from
Nvidia Tensorflow base image to use GPU capability during
local model training. We experiment with uniform as well
as varied bandwidths of communication channels between
these devices. We experiment with varying number of local
training epochs as well as communication rounds, and different
local model architectures since we would like to evaluate
model performance along with model size, as we look at the
application of this setup in wireless sensor networks where
resource limitations are a big constraint. Simulation 2 is a
bigger network with 20 nodes initialized similarly, to observe
the scalable nature of the algorithm. We are limited to 20
as the maximum number of devices in these experiments
due to available quota restrictions on AWS at the time of
experimenting.

B. Experimental Design

For our experiments, we define Simulation 1 as a graph
network of 7 nodes and randomly initialised edge weights
to indicate communication cost over a channel, as shown in
Figure |l The simulator spins up 7 Docker pods and establishes
sockets for communication channels between peer devices,

according to the edges defined. The communication cost is
calculated as the sum of the weights of the edges traversed to
send the model from one node to another.

The amount of training data present at each device is
simulated to vary between 1250 and 5000 rows. We simulate
the power and RAM availability of each device along with
the communication channel’s transmission power requirements
and bandwidth. The range of values from which these param-
eters are sampled by the simulator are listed in Table

We use NS3 802.11 models to simulate the MAC and
PHY implementations of WiFi using 1 access point and the
individual devices as station nodes. The rate control algorithm
used is the AARF algorithm [54], an adaptive algorithm for
low latency systems. We also add mobility models such that
station nodes are moving inside a 2-dimensional grid, using
RandomWalk2dMobilityModel Helper in NS3, which moves
the nodes in random directions at random speeds within the
bounding box.

TABLE III: Comparison of test accuracy with prior work in
Federated Learning. TravellingFL is able to achieve compa-
rable accuracy even with reduced number of communications
over the network.

FL FedAvg FedProx | FedCAMS | TravellingFL
Algorithm (1 [55]] [56]

Accuracy 85 83.84 72.6 84.13

(%)

TABLE IV: Test set accuracy and communication cost trade-
off of TravellingFL simulations over multiple number of
communication rounds. Communication cost is calculated ac-
cording to equation [2| for simulated network topology.

Experiment Number Accuracy (%) Comm Cost
of rounds | I Epoch | 2 Epochs (x100)
Baseline-1 [1] 79.4 85 432
Baseline-2 [55] 79.05 83.84 354
1 70.72 78.3 4.35
TravellingFL 5 80.8 84.13 27.15
Simulation 1 10 85.15 84.78 55.6
20 84.48 84.76 112.65
40 84.98 84.86 226.65
Baseline [55]] 80.85 87 289.80
1 71.2 80.4 20.34
TravellingFL 77.85 82.09 43.56
Simulation 2 79.87 85.67 113.22
10 83.05 86.05 229.32

C. Experimental Results

Table [[II] conducts experiments of model training on simu-
lation 1 (figure [I) over 5 communication rounds with 2 local
training epochs on each device. The test set accuracy achieved
is compared with prior works in the FL literature like the
original FedAvg [1f], FedProx [55]] and FedCAMS using scaled



sign compressor [56], which is a communication efficient FL
algorithm. Since we model the communication cost over a
network regardless of size of the data transferred, we cannot
compare the communication cost savings in a one-to-one
manner with FedCAMS, which implements communication
efficiency using compression techniques.

The communication cost incurred using FedProx is indi-
cated as a baseline for further comparison in Table [[V] It
also summarizes different experiments run on TravellingFL
simulations by varying number of local training epochs on
each device, as well as training for multiple communication
rounds. We can see that with just 2 local training epochs and 1
pass through the network, the model is able to converge to an
accuracy of 78.3% with 87% reduction in communication cost.
The model quality can be improved by performing multiple
training passes through the network.
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Fig. 2: Comparison of test accuracy of Device 7 using TravellingFL
and FedAvg on Simulation 1 when pre-existing network has reached
sufficient accuracy and is stable (denoted by vertical line at round
5) shows that TravellingFL avoids slow convergence by leveraging
training at other nodes. In FedAvg, even indices indicate averaging
whereas odd indices indicate local training epochs.

Effect of new device entering a stable network : Travel-
lingFL can be used as the sole FL technique in a network or
it can be used in conjunction with other FL techniques. We
demonstrate the latter in Figure 2] by using FedAvg to train
a group of devices until the network has reached sufficiently
good accuracy with less variability amongst them, and then
contrasting the number of steps taken to reach similar accuracy
for this new device if we continue to use FedAvg or if we
switch to TravellingFL. Device 7 is introduced in step 5,
beyond which averaging occurs at steps 6, 8 and 10 to reach
test accuracy of 80.8% via FedAvg, incurring communication
cost of 5655 dBm/Mbps. In the case of TravellingFL, this takes
1 step of transferring a new model via the optimum path found
to achieve test accuracy of 80.01% with communication cost
of 2455 dBm/Mbps. Further training along the TravellingFL
path shows faster convergence to best accuracy within the next
5 training epochs.

Effect of communication passes through network : Figure
[] shows the performance of TravellingFL on simulationl,
both inference accuracy and loss respectively, with variation in
number of communication passes through the network while
keeping local training epochs fixed at 1. We see that the model
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Fig. 3: Variation in accuracy with communication rounds by fixing
local training epochs = 1. TravellingFL. model is able to achieve high
accuracy very quickly, even with smaller number of local training at
each device. Increased passes through the network only improves the
model marginally.

achieves a performance of 80.8% in just 5 communication
passes, which improves to 84.48% with up to 20 communica-
tion passes. Further increasing the number of passes through
the network results in diminished marginal returns as seen by a
maximum accuracy of 84.98% reached over 40 communication
passes through the network. This shows that TravellingFL is
able to converge fast, thereby reducing costly communication
bandwidth. The accuracy plateaus around 85% and this can
be because each device only interacts with its immediate
neighbour and the training data amongst these peers might
not be diverse enough to include all classes [57]].
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Fig. 4: Variation in accuracy with local training epochs. Even 2 rounds
of local model training epochs can help with convergence.

Effect of local training epochs : Figure [] shows the
inference accuracy and loss respectively of TravellingFL with
variation in number of local training epochs on simulationl
over 10 communication passes through the network. Per-
forming more number of local training rounds is entirely
dependent on the device level constraints and does not add
to communication cost. More local training epochs do not
necessarily translate to a better model as seen in Figure [f]
that 10 local epochs performs at par with 5. But it allows the
devices to start from a higher accuracy, as seen in Figure [3}
This can be taken advantage of by devices participating later
in the training to start converging from a higher accuracy, thus
allowing for lesser number of communication passes overall,



as seen in Figure [
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Fig. 6: Variation of training accuracy at one node with different
number of local epochs. There is not much to gain by increasing
number of local training epochs at each device beyond an optimum.

We observed in our experiments that the normalization value
used in the cost functions needs to be carefully chosen so
that the gradients of the joint optimization function remain
derivable. This means that if the input range of the simulation
parameters are changed, the exercise to identify the normal-
ization value must be performed again.

Shortest path vs Optimal path : Figure[7)plots the different
paths under consideration while solving the joint optimization
problem. The shortest path is pathO and other paths are part
of the Pareto optimal set, within chosen € distance of 10.
We can see that path2 is able to achieve better accuracy than
pathO, after 5 communication rounds of 5 local training epochs
each, highlighting the importance of jointly considering ML
task accuracy and network communication constraints. We run
this experiment setting over 5 communication passes through
the network and report the performance in Table [V] Reduced
number of local training exaggerates this difference but shows
a similar convergence pattern in Figure [8] with the shortest
path defined by communication constraints alone leading to a
sub-optimal model.

Scalability : Figure 0] plots the accuracy variation for both
simulation 1 and simulation 2 across 2 local training epochs.
We can see that the algorithm behaves similarly even on
scaling the number of devices in the topology.

TABLE V: Accuracy achieved by shortest path vs best path
chosen by TravellingFL with varying data distribution at nodes

Path Accuracy (%) Comm cost
1 Epoch | 5 Epochs (x100)
Shortest path (path0O) 71.68 80.07 27.15
TravellingFL path (path2) 79.26 80.13 27.90
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Fig. 7: Variation of test accuracy achieved along different paths in
the Pareto optimal set, with 5 local training epochs. Shortest path
through the network is pathO and TravellingFL chosen optimum path
is path2.
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Fig. 8: Comparison of test accuracy achieved along shortest path vs
TravellingFL. path with reduced compute of 1 local model training
epoch shows difference in accuracies achieved.
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Fig. 9: Comparison with larger simulation network to observe scalable
nature of TravellingFL. shows similar model convergence behaviour.

Performance of different DNN architectures : Figure
[I0] plots accuracy and loss respectively of simulation 1 with
different model architectures, which is also summarized in



TABLE VI: Various model architectures implemented in the
simulation

Model VGG 16 | VGG 19 | Custom ResNet SqueezeNet
archi- VGG 50

tecture

Model 128 170.6 138.3 215.6 6.7

size

(MB)

Accuracy | 85.28 84.62 84.48 78.86 68.79

(%)

Table[VIl We experiment with different CNN architectures like
VGG-16, VGG-19 [58] and ResNet-50 [59]] to see the impact
of number of trainable parameters on model performance.
The ResNet-50 model has more than double the number of
layers but we can see that it achieves accuracy of 78.6% as
opposed to 85.28% using VGG-16 model. The complexity of
these models means it takes more time to train its parameters,
and also bigger size of the trained model which is transferred
over the channel. So we look at SqueezeNet [60] which has a
smaller network architecture and was shown to achieve Alex-
Net levels of accuracy despite being a much smaller model.
This is highly favourable in resource constrained domains like
wireless sensor networks. But the lesser number of parameters
also means we were able to achieve 68.48% accuracy at best
using SqueezeNet versionl with simple bypass.
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Fig. 10: Comparison of training accuracy with different model
architectures. Achievable accuracy for models with limited number
of parameters, like SqueezeNet, is bounded. Signs of model moving
away from global minima are readily rectified within one full network
pass, as indicated by the recovery from training accuracy drop in 1
epoch Resnet50.

Effect of training data size at each device : To explore the
impact of size of training data on TravellingFL. convergence,
we perform multiple training experiments, each with different
but uniform dataset sizes at each node and plot them in Figure
[[1] to show variation in accuracy. In the case of lesser data
to learn from, more number of local training epochs prove
beneficial for the model to converge faster, but there remains
a gap in final inference accuracy on the test set, which is
not bridged even after 20 communication rounds. This means
that if there is not much variation in the data present across
devices, then there is only so much the model can learn even
after multiple training rounds across all the devices.

We experiment with available bandwidth of the communica-
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Fig. 11: Comparison of accuracy with varied training dataset size at
each node. Less training data impedes model convergence and thus
number of local training epochs and network passes can be chosen
accordingly.
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Fig. 12: Time taken for model transfer over bandwidth-constrained
communication channels. Time taken for transfer is in accordance
with communication costs modelled.

tion channel between the devices - an unconstrained 100 Mbps
channel taking 2 seconds for model transfer, a constrained 1
Mbps channel for all communication links taking 16 minutes
on average for model transfer, and a varied topology with
available bandwidth sampled uniformly from 54 to 600 Mbps,
which is the data rate range for 802.11n wireless standard
[42]. While Figure [I2] shows the time taken for transferring
model over these channels, Figure @ also shows that this has
no impact on the model performance as we are not modelling
any packet losses during the transfer.

D. Key Findings

o We demonstrate that we are able to achieve inference
accuracy similar to other distributed FL techniques with
much lower communication cost using TravellingFL. The
choice of best path for model training in a network must
be holistically chosen based on data, device and channel
constraints which apply to the defined ML task.

o Increasing the number of local training epochs is bene-
ficial when there is lesser training data available at each
device. Increase in number of local epochs beyond a
point increases training accuracy at each device, thereby
overfitting on locally available data, or being heavily
personalized to that node. But this does not necessarily
translate to biased global model performance, as infer-
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Fig. 13: Model convergence on bandwidth-constrained experiments,
since we do not model lossy transfer.

ence accuracy does not increase beyond an achievable
maximum.

o Devices appearing later along the training path get a more
well-trained model, sometimes even at first participation
in the training exercise.

¢ The communication cost, when measured in terms of
time, could be reduced by 23.3% on average for the
various device models, and communication structures
that we experimented with. It remains an interesting
theoretical study to find the lower and upper bounds of
achievable cost savings with TravellingFL.

VI. CONCLUSION AND FUTURE DIRECTIONS

A comprehensive survey of categorizing federated learning
algorithms based on synchronization of models and network
connectivity assumptions is presented in this work. Firstly, an
overview of federated learning, Peer-to-Peer federated learning
and the importance of optimizing communication costs in large
scale peer networks is provided. Then, the basic tools for
formulating the dual problem of performing model training
under multiple constraints of communication network and
computation power are derived. Afterwards, a graph analogy
and corresponding implementation for dynamic networks, re-
views and analyses for TravellingFL is given. We clearly show
the importance of system-level perspective in approaching
Peer-to-Peer federated learning challenges through a wide
range of experimental studies.

We present, to the best of our knowledge, the first for-
mulation to model system behaviour in Peer-to-Peer feder-
ated learning. We also outline some future directions for
the consideration of the research community. Beyond these
studies, one can model the overhead costs associated with
model compression techniques to further reduce communica-
tion costs, and for implementing privacy in the proposed model
to observe its impact on model convergence. The security
of the communication network can also be investigated with
respect to attacks like Denial of Service (DoS). While we
modelled device costs at a compute level, aspects related to
the quality of local data present at these devices can also be
included to see if it improves the choice of best path.
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