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Abstract—Extreme Edge Computing (XEC) is a serverless edge
computing paradigm where computational tasks are offloaded
to and from extreme edge devices (XEDs). XEDs, a subset of
IoT devices that consists of consumer-owned devices capable
of offering computational resources. Being data-rich, XEDs can
facilitate the training of more accurate Machine Learning (ML)
models. However, their unpredictable computational behavior,
which follows the consumers’ usage, and transient availability
pose challenges that traditional Federated Learning (FL) ap-
proaches may struggle to address. To this end, we propose a
new framework for decentralized FL in XEC systems designed
to address the computational reliability of XEDs and optimize
the computational resource allocation. Moreover, to encourage
XEDs’ participation in the FL training process, we introduce an
Auction-based incentive mechanism. This mechanism models the
interactions between XEDs, considering both the computational
characteristics and the data quality of XEDs. Furthermore, we
present two solution approaches: an optimization approach and
a heuristic approach, each introducing a complexity-performance
trade-off. Finally, we evaluate and demonstrate the effectiveness
of our proposed framework in improving the performance and
reliability of XEDs in decentralized learning environments.

Index Terms—Edge computing, extreme Edge Computing,
federated learning, incentive mechanism, auction

I. INTRODUCTION

Edge Computing (EC) is a distributed computing paradigm
which brings computation and data storage closer to the
location where it is needed, aiming to improve response times
and save bandwidth [1]. EC often employs edge servers that
are closer to IoT devices than cloud servers and handle a
substantial amount of processing, which reduces the need
to send all data to the cloud for processing [2]. Extreme
Edge Computing (XEC) is an extension and a more gran-
ular form of EC. It pushes the computing capabilities even
further to the edge of the network directly onto the devices
generating or capturing the data, and any devices that are
within their proximity [3]. This category includes IoT devices,
sensors, smartphones, wearables, and other smart devices,
henceforth called as Extreme Edge Devices (XEDs). This
architectural approach has evolved to address the latency and
bandwidth challenges posed by cloud-centric and traditional
EC architectures. The XEDs, while individually less powerful
than traditional data centers and edge servers, collectively
offer substantial computational power in a distributed manner
[4]. In the context of XEC, computational reliability (CR)
refers to the ability of XEDs to consistently execute their
allocated task for a specific timeline under varying conditions,

mainly encompassing their computational consistency [5]. CR
depends on the computational resources of the XEDs and
the computational demand of the requested tasks. The fact
that XEDs are typically consumer-owned devices, where user
behavior is usually unpredictable, introduces an element of
unpredictability in usage patterns, possibly compromising their
computational consistency [6].

The concept of reliability in edge computing, particularly
in XEC systems, has been explored through various lenses
in recent research, such as: connectivity [7], security [8],
and most relevantly, computation [9]. For instance, in [9],
reliability is associated with the with offloading computa-
tionally intensive components from mobile devices to edge
servers, addressing challenges such as limited power and
server capacity constraints. Whereas the work done in [10]
brings reliability into the field of the Internet of Vehicles,
stressing the importance of ensuring high-reliability levels for
latency-sensitive applications. Here, reliability is considered
in terms of both processing nodes and communication links,
introducing mechanisms like task allocation and reprocessing
to maintain service availability.

Federated learning (FL) is a paradigm that enables decen-
tralized training of ML models on edge devices [11]. The
goal of FL is to train a global ML utilizing the devices’
data while keeping data privacy, as the data remains on
the individual devices and is not shared with a centralized
server. A plethora of works have proposed to push FL even
further to the extreme edge as a fully decentralized scheme by
eliminating the use of servers dependency [12], [13], where
any XED can act as a parameter server when needed, and
the other available XEDs can be considered as clients or
learners. While multiple works [14], [15] have discussed the
reliability in FL from different perspectives, none of them
addressed the computational reliability, that is, the uncertainty
in computational resource allocation due to the randomness of
the users usage of their devices.

To this end, we propose a novel XEC framework for in-
centivized FL, which accounts for the unpredictable computa-
tional behavior of XEDs. This framework aims to facilitate the
FL training process and grant participation of the XEDs until
the FL objective is achieved. We summarized the contributions
of this work as follows:

o We introduce an XEC model that captures interactions
between XEDs, their stochastic behavior in terms of
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computational resources and energy consumption, and
their reputation within the environment.

e We propose an auction model that motivates XEDs to
participate as workers by minimizing their energy con-
sumption. Subsequently, we optimize worker selection
based on their reputations.

« We present two distinct solution approaches: an optimiza-
tion approach and a heuristic approach, introducing a
tradeoff between complexity and performance.

II. SYSTEM MODEL

In our work, we consider a dynamic environment character-
ized by the interactions between a single extreme edge device
(XED), designated as the service requester, and other XEDs
serving as service providers, hereafter referred to as workers.
These workers possess datasets of identical types and nature,
such as images or audio files. The service requester has a
model that needs to be trained or can make use of the workers’
local datasets. Hence, it enables the training of its model via
Federated Learning (FL) with other workers. The workers are
consumer-owned devices that can enter or exit the environment
at any time. To facilitate interaction in the environment, we
discretize time into global communication rounds indexed
by g. Each communication round g lasts for a short time,
henceforth referred to as the coherent time 7', during which
the environment remains stationary. At each communication
round g, an XED, namely, a service requester, initiates an
auction for Federated Learning (FL) with workers within its
proximity, denoted as W, where |W,| = W, represents the
number of workers participating in the auction procedure. It
is important to note that the set of workers W, at time g may
differ from those in the previous round, denoted as W,_1, i.e.,
Wy # Wy_1.

A. Federated Learning Model

The FL process is initiated by the requester sending a
machine learning model to the workers along with an accuracy
requirement 6. To determinate the number of local iterations 7
required to achieve this accuracy, we adopt the local accuracy
model from [16], which is defined as follows: 7 = vy log (%2),
where v; and vy are hyperparameters influenced by factors
including but not limited to the number of data samples that
the worker have, the learning rate, and the quality of the data.
To assess the quality of data for each worker, we consider the
uniform distribution is the ideal case for the worker’s data,
and we employ the Kullback-Leibler (KL) divergence metric
to measure the distance between the worker’s data distribution
P(z) and the uniform distribution U (z) as follows:

Dra(P) || V) = S Patos ()

Ulz)
From this, the data quality @ of each worker is quantified as:
Q = exp (=Dkr(P(z) || U(z))) )

This metric implies that the closer the worker’s data distri-
bution is to the uniform distribution, the higher the quality

of the data, with @ ranging between O and 1. As the set of
participating workers changes with time, it is intractable to
model the number of global communications rounds needed to
reach a desired global model accuracy ¢,. Hence, we consider
the desired global accuracy as the requester objective, and it
will keep initiating auctions for the FL training until it achieves
this objective.

B. Worker Reliability

In the modeling of worker reliability, we define the time
taken by the worker to complete its task, i.e., the training
of the machine learning model as a random variable. The
distribution of it, denoted by f, reflects the probability density
function (PDF) that characterizes the time dynamics of task
completion. As such, the reliability of a worker is quantified as
the probability that it completes a task within a given deadline
T, represented by the cumulative distribution function (CDF)
F(T), defined as: R(T) := F(T) = P(t <T) = [ f(t)dt.
We employ the Generalized Pareto Distribution (GPD) from
[5], which allows for a broader modeling scope by incorporat-
ing features of both the exponential and Pareto distributions.
The GPD is defined by the following:

L—(14+%2)7¢, if et >0,

3
1—e T, itet=0 O

F(T;a,f)={

where « and ¢ are non-negative parameters that shape the
distribution. The parameter £ primarily represents the asymp-
totic tail behaviour of the distribution, indicating the long-term
reliability potential of a worker, while @ determines the rate
at which reliability approach that asymptotic tail with time.
In fact, the parameter @ can be interpreted as the mean task
execution time (tasks/sec), that is, how fast can a worker can
finish a computational task. The mean execution rate depends
mainly on two factors: 1) The computational resources of the
worker, 2) The computational demand of the task. Herein, the
mean task execution rate is defined as: o = E [%} , where C'
is the allocated computational resources, i.e., computational
capacity (cycles/sec) of the worker, and D is the task demand
(cycles/task). We consider the computational capacity that
each worker can decide to allocate to be random. Given the
inherent uncertainty of the user behavior, a worker cannot
commit to a fixed amount of computational resources. Instead,
they offer a range or window within which the actual allocated
resources can vary. This range is bounded by Cip and Cyg,
which represent the lower and upper bounds of the computa-
tional capacity that a worker can pledge, respectively.

We model the computational capacity C that a worker
can allocate as a uniformly distributed random variable C' ~
Uniform(Cg, Cug), where Cpp is strictly positive (CLg > 0)
and Cyp is constrained by the maximum possible allocation
Cmax> ensuring Cyg < Chax, and the mean is given by
E[C] = (CLp + Cus)/2. Such distribution assumes that any
value within the specified range is equally likely, encapsulating
the uncertainty in the exact amount of resources a worker will
eventually provide at any given moment.
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As for the task computational demand D, it is constant
since the the computation needed for training a ML model is
known beforehand. The computational demand can be given
by D = 7I'.I'y, where 7 is the number of iterations that was
defined in Eq. (1), I'. is model computational complexity,
i.e., the number computation cycles needed to perform the
computation on one data sample (cycles/sample), and I'y
is the number of data samples available. Consequently, we
can re-write the mean task execution rate as the following:
o= %ﬁ%"*, and hence, we can define the worker reliability
for ¢! > 0, and a coherent time T (i.e., the time deadline
before the system changes) as follows:

T (Cip + CUB))‘5

26701y @

R(T)=1- (1 +
In our work, it is important to note that we focus solely on
computational time and reliability, assuming that the commu-
nication channel between XEDs remains constant throughout
the coherent time period. We do not address variations in
communication time or reliability. Specifically, we assume
XEDs operate with constant transmission power and stable
channel characteristics, resulting in constant communication
times

C. System of Workers Reliability

System reliability is the likelihood that a system will func-
tion without failure over a specified period of time. Federated
Learning (FL) is analogous to a parallel system where the
overall system reliability depends on the completion of any
single sub-task among all distributed tasks. Specifically, for
a single FL. communication round to be successful, only one
worker needs to return the trained model; thus, the system of
workers meets the minimum functional requirements. From
[5], the system reliability can be expressed as:

WQ
R(T)=1— ][] (1 - Ru(T)) %)
w=1
where R, (T) is the the worker w reliability from Eq. (6).
This equation shows that the system reliability, R(T"), is the
complement of the probability that all workers fail to complete
their tasks within time 7'. It emphasizes the advantages of
the parallel structure in federated learning (FL), where having
more workers significantly improves system reliability, though
the completion of the task by just one worker is enough to
produce a trained global model

D. Worker Reputation

In the considered environment, it is important to charac-
terize each worker by a metric that distinguishes them from
others. For simplicity, we assume that this metric, termed as
the worker’s reputation, remains constant over the coherent
time period 7. We propose the following formula for the
worker’s reputation:

¢(T) = R(T) - Q - log(I'q) (6)

where R(T') represents the reliability, () denotes the data
quality, and I'; is the number of data samples. The reliability
is a critical factor contributing to the worker’s reputation
as it reflects the likelihood of finishing the model training
within the given deadline, ensuring dependable participation
in the federated learning process. On the other hand, data
quality @ is essential for enhancing the overall accuracy of
the federated model; higher quality data leads to more accurate
and generalizable model training outcomes. Furthermore, the
number of data samples ['; directly influences the model’s
learning capacity, with more samples typically providing a
richer basis for learning. To ensure fairness between workers,
the logarithm of I'y is used in the reputation formula to
moderate the impact of very large data sets.

E. Worker Energy Consumption

Given the computational capacity C, the energy consump-
tion is defined as E and given by the following model:

E= gfrcrd()? 7

where « is a coefficient that depends on the chip architecture
[16].

When C' is modeled as a random variable, E subsequently
becomes a function of this random variable, implying that
it possesses a distribution and specific statistical moments.
This dependency on C introduces variability in E, making
its analysis essential for understanding the overall energy
consumption dynamics for each worker.

Lemma 1 Given k = 57I:.I'g, the energy consumption
E follows a distribution fg(e) characterized by the following
PDF:

1
B 2Vke (Cup — CLB)
k(CYp—Clp)

fe(e) ®)

with mean pup = and variance 0% =

K205 —CF ) 3(Cus—CLB)
SO TS — p, valid for 0 < kCp < e < kCfp.

Proof. The proof is omitted and will be included in a future
publication.

Lemma 1 characterizes the distribution of energy consump-
tion E in terms of the computational capacity C, which
varies randomly between a lower bound Ci g and an upper
bound Cyg. The denominator (Cyg — CLg) in the expression
for fr(e) indicates that the spread between Cyg and Cig
moderates the PDF’s scale, affecting how energy usage is
distributed across the possible range of C.

III. AUCTION MODEL FOR RELIABLE FEDERATED
LEARNING

Recall that for each global communication round g, the
service requester initiates an auction. The auction procedure at
each round consists of the following sequential steps: (1) The
requester initiates an auction by broadcasting, requesting bids
and specifying FL task requirements. (2) The Workers then
compute their bids and decide whether to participate based on
their calculations. (3) The collection of bids by the requester
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and determination of winning workers (4) Distribution of the
machine learning model for the FL training. (5) Collection
of trained models and results. (6) Disbursement of payments
to the workers. The service requester keeps initiating auction
rounds until a condition is met, e.g., the model reached
the desired accuracy. The auction procedure elements that
require decision-making include the calculation of bids by the
workers and the determination of winning bids by the service
requester. Upon receiving the details of the FL task during
an auction broadcast, each worker evaluates the potential
cost of participating. This evaluation includes assessing the
computational resources needed and the energy costs incurred.
Based on this assessment, each worker decides whether to
participate. Those who choose to participate then submit their
bids, reflecting the cost they expect to be compensated for.
Once all bids are submitted, the service requester aims to select
the most suitable workers while adhering to budget constraints
and ensuring high system reliability.

A. Worker Bid Calculation

For each worker, the cost is assumed to be the incurred
energy consumption, which is a random variable with a known
distribution and statistical moments. For each worker, the aim
is to choose the computational capacity window, namely, Cy, g
and Cyp, with the aim to minimize the expected energy
consumption, denoted as pp. However, to mitigate potential
energy spikes due to a broad range of resource allocation
(Cup — CrB), we also consider minimizing the variance O'QE.
This leads to the following stochastic optimization problem
for the worker’s bid calculation, referred to as P1:

P1: Minimize pp+ Ao (9a)
Cre,Cus

subject to:  R(T) > €y, (9b)

0<Crg <Cus, (9¢)

0 < Cup < Chax- (9d)

where )\ is a weighting parameter for the energy consump-
tion variance, and €, represents the minimum reliability re-
quirement given the coherent time 7. The parameter A acts like
a knob for more robust control over the potential risk of high
energy costs. The minimum reliability e, is a requirements
from the service requester, denoting the reliability required to
achieve the model training within the given time deadline.

Lemma 2: Given the worker maximum computational
capacity Ca.x, a time deadline 7, and worker minimum
reliability €,, the problem P1 is feasible if and only if:

¢rlelq (exp <_1g<1_)) _ 1) <Coae (1)

Tdeadline 5
Proof. The proof is omitted and will be included in a future
publication.

This lemma establishes that a worker must possess sufficient
computational resources to participate in the FL training,
subject to the requirements set by the service requester. Es-
sentially, it serves as a criterion for the participation decision:

if a worker can meet the requirements while adhering to the
minimum reliability €,, it will participate. Conversely, if no
feasible solution exists that respects ¢,, the worker will opt
out of participation.

Lemma 3: Given a positive constant k, the problem P1 is
convex within the convex hull defined by Cp g and Cyg, that
is, there exists an optimal solution that achieves the minimum
energy consumption and ensures the completion of the task
before the time deadline 7" with at least ¢, reliability.

Proof. The proof is omitted and will be included in a future
publication.

After each workers decides its optimal bid in terms of
Crp and Cyp, with an expected energy consumption g, the
service requester collect these bids, and proceeds to determine
the winners.

B. Winner Determination

For each worker, we assume the cost is the incurred energy
consumption, such that each worker receives compensation
based on its consumed energy. We define the cost ¢ for a
worker as ¢ = p . up where p represents the monetary cost
per joule (e.g., $/joule). Workers with greater computational
resources typically pose higher monetary costs.

From the requester perspective, the goal of the auction pro-
cess is to select as many workers as possible, prioritizing those
with the highest reliability, best data quality and sufficient
amount of data, while also achieving a system reliability of €.
Given the set of participating workers is denoted as WW?, where
Wg C W,, we formulate the winner determination problem,
denoted as P2, as follows:

P2:max » Gy (11a)
o weEWY
st. Ry(T) > ¢, (11b)
3 cwrw < B, (11¢)
weWY
> w < Ko, (11d)
winW_g
Xy € 40,1}, V2, € wy (11e)

where x,, is a binary variable indicating whether worker w
is selected, ¢,, represents the reputation of worker w, B is
the budget allocated for a single round, R(T") is the system
reliability given time 7" from Eq. (7), and K, is an optional
constraint on the maximum number of workers to prevent
overwhelming the service requester.

Lemma 4: Given a system reliability e, the minimum
number of participating workers N,;,, needed for problem P2
to be feasible is given by:

12)

N> { log(1 — ¢;) w

log(1 — Ryin(7))

where Rin(7') is the reliability of the worker with the lowest
reliability among the participating worker group W?2.

Proof. The proof is omitted and will be included in a future
publication.
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Lemma 4 provides a lower bound on the number of partic-
ipating worker so the FL training process can succeed with
at least one worker with probability e;. If the number of
participating workers is less than Vy,;;,, the requester will halt
the auction and wait for the next global round with new set
of workers.

IV. SOLUTION APPROACHES

Recall that problem P1 is convex for workers who satisfy
the feasibility condition in Eq. (12). Consequently, a worker
can utilize an optimizer, such as an interior-point method, to
compute its optimal resources (C}p and Cf;p) to allocate
to the FL task. This type of optimizer is both fast and
efficient, capable of finding the optimal solution when the
problem is convex. In contrast, P2 is a Binary Integer Linear
Program (BILP), which is inherently NP-hard. We propose
two approaches to solve P2: an optimization approach and a
heuristic approach.

A. Optimization Approach

Based on Lemma 4, we can reformulate P2 by eliminat-
ing the constraint in (13b), and re-write constraint (13d) as
follows:

Nuin < Y 2o < K (13)

weWY

The original reliability constraint is replaced by a lower bound
on the number of workers Ny, since having this minimum
number achieves the target system reliability requirement.
Subsequently, the BILP can be passed to a solver equipped
with a branch-and-bound algorithm, which is designed to find
an optimal solution. However, since there is no guarantee that
the optimization algorithm can run in polynomial time, this
violates the auction requirement of computational efficiency.
Therefore, we retain this approach as a benchmark and propose
a simpler, yet effective, heuristic algorithm as a practical
alternative.

B. Heuristic Approach

In the proposed heuristic approach, we begin by sort-
ing the workers based on their reliability, denoted as
(R1,Ra,...,Rk), in descending order such that R; > R 1.
The initial step involves selecting the top Ny, workers to
evaluate whether their combined costs are within the allocated
budget.

o If the budget accommodates the costs of these top Npin
workers, a solution is obtained, and the process terminates
successfully.

« If the budget does not suffice, we proceed to consider the
next set of Np,i, most reliable workers, excluding those
already considered in the previous set.

o This selection and evaluation process is repeated itera-
tively, moving down the list of sorted workers.

If after checking all possible combinations up to K, no
subset of workers meets the budget constraints, then the
problem itself is infeasible under the current budget and
worker costs, and no solution can be obtained.

V. SIMULATION RESULTS

In this section, we first demonstrate how the node reliability
€, and system reliability e, metrics affect the system. After-
wards, we evaluate the FL training process in the system. We
ran the simulations considering 50 workers, each with random
values for Cihax, &, and I'y. For FL, we adopt a SqueezeNet
deep learning model with 750k parameters, a target local
accuracy 6 of 0.01, and a desired global model accuracy of 6,
of 0.001.

A. Reliability Analysis

The effects of reliability on the considered system are
depicted in Figure 1. In Figure 1 (a), the participation rate
against the node reliability requirement €, is shown, with
different time deadlines 7'. We can notice that, as we increase
€n, the participation rate drops, since less amount of workers
can meet this requirement. Moreover, as we decrease the
time deadline, less workers will be able to finish their task
on time with a given €,. In Figure 1 (b), we can notice
that the average workers energy consumption increases as we
increase €,, and decrease the time deadline. In fact, with
higher values for ¢, and tight deadline, the requester needs
to recruit workers with more computational capacity, and
hence, more energy consumption. In Figure 1 (b), we show
the minimum number of workers needed to satisfy a system
reliability of e; with varying €,. It can be seen that as we
increase €, a higher number of workers is needed to guarantee
this system reliability. However, as we increase €,,, we needed
less workers overall, since only highly reliable workers will
be available, and only recruiting them will suffice the system
reliability requirement.

B. Performance Comparison

The comparison between the benchmark, optimization ap-
proach and the heuristic approach is depicted in Figure 2. We
assume our benchmark is the ideal scenario when all the nodes
participate in the FL process, and the goal to be as close as
possible to that performance. The FL training loss is shown in
Figure 2 (a). We can notice that the optimization approach loss
is close to the benchmark, maintaining a good performance by
recruiting reliable workers with better data, while the heuristic
approach suffers from unstable training performance. In fact,
since the heuristic approach recruit exactly the minimum
number of workers needed, it suffers from lack of data. Not
only that, but as it can be seen from 2 (b), it does not favour
workers with good data quality, but it favours highly reliable
workers. The latter fact can be noticed in Figure 2 (c), where
the percentage of workers that did not drop during the FL
training, refered as the retention rate, is shown. The heuristic
maintain a higher retention rate during the training, while the
optimization retains a less retention rate, since it does not
favour the reliability, but it balances it with the data quality.

VI. CONCLUSION

This work introduced a novel framework for incentivized
Federated Learning (FL) within Extreme Edge Computing
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Figure 1: Reliability analysis in terms of (a) participation, (b) energy consumption, and (c) minimum number of workers needed
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Figure 2: Performance comparison in terms of (a) FL training loss, (b) workers data quality, and (c) workers retention rate

(XEC). The proposed framework captures the characteristics
of Extreme Edge Devices (XEDs), including their stochastic
computational behavior and energy usage. Additionally, we
have proposed an auction-based mechanism to encourage
XEDs to engage as workers, focusing on minimizing energy
consumption while optimizing the selection based on device
reliability and reputation. Moreover, we have outlined two
solution strategies, an optimization approach and a heuristic
approach, each providing a different trade-off between com-
plexity and performance. Finally, we evaluated the proposed
solution approaches in terms of the FL training task.
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