<]
TUDelft

Delft University of Technology

Cooperative Edge Inferences With Online Learning

Li, Mengyuan; Venkatesha Prasad, R.; losifidis, George

DOI
10.1109/J10T.2025.3610695

Publication date
2025

Document Version
Final published version

Published in
IEEE Internet of Things Journal

Citation (APA)
Li, M., Venkatesha Prasad, R., & losifidis, G. (2025). Cooperative Edge Inferences With Online Learning.
IEEE Internet of Things Journal, 12(22), 46611-46625. https://doi.org/10.1109/JI0T.2025.3610695

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1109/JIOT.2025.3610695
https://doi.org/10.1109/JIOT.2025.3610695

Green Open Access added to TU Delft Institutional Repository
as part of the Taverne amendment.

More information about this copyright law amendment
can be found at https://www.openaccess.nl.

Otherwise as indicated in the copyright section:
the publisher is the copyright holder of this work and the
author uses the Dutch legislation to make this work public.


https://repository.tudelft.nl/
https://www.openaccess.nl/en

IEEE INTERNET OF THINGS JOURNAL, VOL. 12, NO. 22, 15 NOVEMBER 2025

46611

Cooperative Edge Inferences With Online Learning

Mengyuan Li*, R. Venkatesha Prasad"™, and George losifidis

Abstract—The efficient execution of inferences at the edge is
becoming increasingly critical for communication systems that
are expected to provide users with fast and accurate mobile data
analytics. These inference tasks are inherently latency-sensitive
and computationally demanding, whereas edge nodes are limited
by energy budgets and heterogeneous resources. This article
studies how a set of edge nodes can collaborate in executing
demanding streaming inference tasks to optimize their aggregate
performance. Such collaborative task exchange schemes enable
the sharing of scarce computing resources and machine learning
(ML) models (which perform the inferences) and constitute a
scalable approach to this intricate problem. We formulate this
exchange process as an online convex optimization (OCO) prob-
lem and design a dynamic task assignment algorithm, which is
proven to have optimality guarantees even when the network and
service parameters (resources and task properties) are unknown
and vary arbitrarily over time. The algorithm aims to maximize
inference accuracy while minimizing overall task latency and
energy (including for data transfers) and simultaneously ensures
that collaborating nodes do not suffer imbalanced energy costs.
Through a series of data-driven experiments, we quantify the
cooperation benefits under different weight combinations and
validate the convergence and adaptability of the proposed learn-
ing algorithm across diverse conditions, including variations of
system parameters, as well as heterogeneity across nodes and
tasks.

Index Terms—Cooperative inferences, edge inferences, online
learning, resource management.

NOMENCLATURE

7z Set of one-hop neighbors of node i,
including i.

I Set of one-hop neighbors of node i,
excluding i.

Cijs Data transfer capacity (bytes/s) of link
(i, j) in slot ¢.

H; Processing capacity (cycles/s) of node i in
slot ¢.

e, Computing energy (J/cycle) of node i in
slot ¢.

ef}; Transmission energy (J/cycle) of link (i, j)
in slot ¢.

Bit Number of tasks generated by node i in
slot z.
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Dit Computing load (cycles) of tasks of i in
slot 7.

Sit Data load (bytes) of tasks of node i in slot
t.

ai Compute accuracy for tasks of i at node
j in slot z.

Xijt Portion for tasks of node i sent to j in slot
t.

uy Network utility accuracy for tasks pro-
cessing in ¢.

Vs Network energy cost for tasks processing
in slot z.

d; Network delay for tasks processing in slot
t.

Y1,Y2, and y3  Priority parameters of the EC.

x; Task assignment applied during slot z.

2 Prescient decision in ¢ (for internal calcu-
lations).

A Dual variables for relaxed constraints,
g,(x), in ¢.

r:(x) Primal entropic regularizer in slot .

q:() Dual quadratic regularizer in slot .

o Learning rate for primal variables in ¢.

o3 Learning rate for dual variables in .

oy Learning parameter for dual update in
slot z.

0<[0,1) Constraint-utility tuning parameter.

I. INTRODUCTION

HE vision for 6G [1] and the Next Generation of the

Internet of Things (NGIoT) [2] predict that robots, wear-
ables, and other small devices will be connected with the
backbone Internet and with each other to offer new intelligent
services such as mobile data analytics. These services require
the collection and analysis of data streams toward provid-
ing real-time inferences to users based on smaller or larger
machine learning (ML) models that the nodes host. Examples
of such services include safety and security applications where
cameras and other types of sensors monitor an area, or robots
that analyze data streams to make real-time decisions for
their mission, and wearables that infer their carrier’s health
condition in real-time and issue advisory notifications (see
[3], [4]). Despite their promise, today’s networks do not have
provisions or the capacity to support such services at scale and
in a resource-sustainable fashion.

A. Background and Motivation

Unlike typical communication services that involve data
transfers, mobile data analytics and streaming inferences also
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require the processing of the collected data with special-
ized ML libraries. This processing is demanding in terms
of computing and energy costs, and requires suitable ML
models, which, in turn, presume proper offline training with
representative datasets, as well as enough storage capacity at
the hosting nodes. Unfortunately, however, the extreme-edge
devices that are more common in NGIoT networks have lim-
ited hardware capabilities (small form-factor) and operate with
energy constraints. This impacts their capability to execute
independently these services with the desired accuracy and
speed [5].

The main solution that is promoted for such demanding
services is, naturally, to offload them to the cloud or cloudlets.
There is a vast literature on such hierarchical architectures
studying offloading strategies such as the selection of the
cloud server or the tasks that need to be offloaded, the
transmission policies or the data preprocessing, and so on
(see Section II). However, such solutions require transmitting
voluminous data flows to servers, which is costly in terms of
communication bandwidth and energy, often induces delays
that can be intolerable for latency-sensitive inferences [6],
and inevitably does not scale since the stronger nodes are
expensive and hence not abundant.

A significantly less explored yet, we argue, more promising
approach is to execute these inference tasks collaboratively
at the edge by leveraging the dormant resources and comple-
mentary ML libraries of nearby nodes. For instance, nodes that
do not have enough computation power can outsource part of
their inference tasks to nearby nodes that are idle; nodes that
do not have a properly trained ML model for their tasks can
seek support from a neighbor with a better-matching library.
Given the scale, diversity, and communication capabilities of
these devices, such collaborative schemes can support both the
accurate and fast execution of these services, without overload-
ing the backbone network and cloud servers. Indeed, there has
recently been an increased interest, and shift of focus, from
hierarchical to collaborative (or, flat) inference solutions [7].

Cooperative approaches to communication problems are not
new (see Section II), yet they raise fresh challenges in the
case of inference services. Namely, in order to devise an
effective collaborative inference execution plan (which node
should execute which task), one has to take into account that:
1) the nodes are heterogeneous in terms of communication and
computing resources, which complicates the identification of
optimal collaboration plans; 2) the nodes have different energy
consumption profiles, which bounds their data exchange and
processing capabilities; 3) not all nodes can execute accurately
all tasks, as this depends on the ML models that they possess
[8]; 4) there are different and possibly conflicting performance
criteria, such as the task accuracy (find the best ML library
for each task), task execution latency, and energy costs; and 5)
most of the above parameters are time-varying and unknown
when the task assignment plans needs to be devised [9], [10].
For instance, the accuracy of a classification task cannot be
predicted as it depends on how well the input data match the
training data, and the resource availability of each node is not
a priori known, as it depends on volatile network conditions
and its usage by other services.
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Tasks Bi(s1,p1)

NODE 1

Fig. 1. IoT network model represented by a directed graph G(Z, E), where
different nodes generate different types of tasks and execute them locally or
outsource to nearby nodes.

It becomes clear from the above that collaborative edge
inferences are a promising idea but require overcoming many
obstacles. The goal of this article is to formalize this problem
and develop a framework that allows devising dynamic task
assignment policies with rigorous online learning techniques.

It is important to note that the proposed framework is appli-
cable in scenarios where privacy concerns are either absent or
handled through orthogonal technical solutions—a reasonable
assumption in many practical deployments. Cases falling in
the former category include systems where the devices are
under the same administrative domain (hence, there is an
established trusted environment), or they belong to the same
user. Cases in the latter category include applications where
the users share data but not labels (e.g., such as the parallel
split learning paradigm [11]) or some other sensitive infor-
mation or when there is some safe sandboxing environment
in place. That said, privacy remains a critical considera-
tion for broader adoption, and integrating privacy-preserving
mechanisms—such as secure multiparty computation or feder-
ated learning variants—constitutes an important direction for
future work.

B. Methodology and Contributions

We consider a network of nodes and one gateway, or edge
controller (EC), which orchestrates the interaction of nodes
over a sequence of time slots (see Fig. 1). The heterogeneity
of nodes may manifest in their computing capabilities, energy
consumption, type and rate of generated tasks, and their
inference capabilities. The nodes are connected to each other
through links with potentially different capacities over Wi-Fi
or some other similar technology (e.g., ZigBee). The EC
has a global view of the network and can communicate
with all nodes, so as to disseminate the task assignment
and collaboration policy. Its goal is to assign the inference
tasks to nodes, so as to maximize their aggregate accuracy
and minimize the execution delay and consumed energy,
while balancing the energy that the different nodes consume
due to their participation in this collaboration scheme. This
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latter requirement serves as a minimal-intervention fairness
criterion to avoid heavily imbalanced assignments in terms of
energy—a resource that is very critical at the extreme edge.

The type and volume of the generated tasks, the node
resources and task-processing accuracy values, and the link
capacities may all vary over time in a nontrivial fashion,
possibly following some nonstationary process with unknown
statistics (mean values and so on). In fact, we use an adversar-
ial perturbation model where we allow these quantities to be
selected even by an adversary that aims to disrupt the system
operation [12]. This captures the more general and demanding
scenarios (e.g., operating in the presence of a jammer) that
one can encounter in practice. In addition, we assume that
the parameter values become available only after the tasks are
executed by the nodes at each round. Therefore, the EC needs
to devise the task assignment policy while being oblivious to
the values of these parameters in each decision round.

To solve this dynamic task assignment problem, we leverage
the theory of online convex optimization (OCO) [13] to design
an algorithm with optimality guarantees (known also as regret
bounds) that hold even under adversarial perturbation models.
OCO has been particularly successful in tackling many key
problems in communication networks, ranging from online
caching [14] and IoT link scheduling [15], [16] to large-
scale flow routing [17], among many others. Besides their
robustness, OCO algorithms provide a full characterization
of how their performance depends on the various system
parameters and dimensions, thus offering a transparent and
interpretable solution. Finally, as we will show, they are
scalable and with minimal overheads and, hence, are suitable
for the considered problem.

The algorithmic framework that we design observes past
values of the system parameters (nodes, networks, and tasks),
devises the assignment for the next slot, then observes the new
performance and parameter values, and updates its assignment
accordingly. In doing so, the algorithm ensures that the aggre-
gate (over time and number of nodes) performance approaches
that of a hypothetical desirable (but unknown in practice)
benchmark assignment that the EC would have devised if it
had access to the future parameter values. Technically, this
means that its average regret, denoted Ry, diminishes with
the collaboration time period 7, i.e., limr_. Ry/T = 0, and
the same holds for the energy balance constraint violation
Vr. Hence, we are guaranteeing that for any possible sce-
nario, the dynamic task execution plan approaches the ideal
one.

To evaluate the proposed framework, we employ a repre-
sentative data analytic service, namely, object identification
in video frames, and use real-world measurements from our
testbed that connects Raspberry Pi nodes over Wi-Fi to create
large-scale synthetic experiments. We measure the benefits
of collaboration and quantify how the diversity, in terms of
hardware profile or task properties, impacts the results; we
demonstrate the learning performance (convergence of Ry and
Vr) of the proposed dynamic algorithm.

In summary, this article addresses an important gap in the
literature, focusing on inferences (instead of training), and pro-
viding a rigorous and interpretable task execution mechanism
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with guaranteed performance. The main contributions of this
work can be, therefore, summarized as follows.

1) We formulate the problem of collaborative execution of
streaming inference tasks toward maximizing their accu-
racy, reducing latency and energy costs, while adhering
to energy fairness constraints. Unlike prior works that
rely on hierarchical architectures, here, we promote a
flat, or cooperative, inference architecture.

2) We design an online learning algorithm, which is obliv-
ious to tasks, node resources, and network conditions
and offers optimality guarantees with respect to an ideal
benchmark, even when the parameters of the system
change adversarially. To the best of our knowledge, this
is the first solution of its kind for this problem.

3) We evaluate the algorithm using a typical inference
application and real datasets. We quantify the benefits
of collaboration in scenarios of increasing node and
task heterogeneity, under different perturbation models,
and for different priorities of the metrics of interest
(accuracy, energy, and delay). We also measure the
regret convergence and constraint violation for networks
of different sizes and showcase the robustness of the
algorithm.

1) Article Organization: The rest of this article is orga-
nized as follows. Section II discusses the related work and
background, and explains how our proposal is positioned with
respect to them. Section III introduces the system model,
and Section IV introduces formally the problem and the
learning objectives. Section V designs the learning policy for
the collaborative inference mechanism and characterizes its
performance guarantees. We provide a data-driven numerical
evaluation in Section VI and conclude our study in Sec-
tion VII. The missing proofs are deferred to the Appendix.

II. RELATED WORK

Our work proposes a collaborative inference solution, which
is adaptive and provides performance, delay, and energy con-
sumption guarantees, while ensuring balanced energy costs
across the nodes. This proposal departs from the prior works
that mainly consider hierarchical offloading architectures.

A. Inference Services at the Edge

Inference tasks in IoT networks involve the collection
and analysis of data generated by small devices to support
intelligent decision-making. Examples include real-time video
analytics, autonomous driving, smart manufacturing, and so
on (see [18]). For example, [19] implements a framework for
low-latency high-accuracy recognition tasks, [20] introduces
containerized intelligence services for wearables and proposes
policies to reduce their response time, and [21] explores
deep-learning (DL) models for space monitoring. This is a
fast-growing area, as more and more communication services
utilize inferences; thus, it is imperative to optimize their
operation. To date, the vast majority of such inference services
rely on hierarchical offloading architectures (e.g., [22] and
references therein), which, however, presume the existence of
stronger models and, inevitably, do not scale. Here, instead,
we focus on collaborative inferences directly among the nodes.
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B. Collaborative Inferences at the Edge

Indeed, there is lately increasing interest in collaborative
solutions for such inference services [23]. For instance, [21]
considers a collaborative system for vision applications that
harnesses the computational power of multiple devices, while
[24] studies collaborative inferences of LLMs across the
devices. Similarly, [25] proposes an edge computing frame-
work to enhance human detection accuracy within the video
task’s deadline by leveraging the computing capacity of multi-
ple nodes, [26] consideres a general edge computing problem
and proposes an algorithm for minimizing task delay and
energy, [27] designes a framework where the nodes outsource
to each other their tasks in order to optimize the average
execution delay and accuracy, and [19] introduces an auction
framework to incentivize the participation of the devices.
Finally, [28] adopts knowledge distillation for cooperative
DNN inferences to maximize the inference accuracy, catering
to the delay and memory limitations of the devices.

Similarly, [29] proposes a system that orchestrates energy-
efficient cooperative DNN inferences over heterogeneous edge
devices by deciding how to partition the DNNs; [30] considers
a network of devices with different DNNs and decides how to
route their inference tasks to the best models. The work [31]
proposes a greedy task allocation algorithm that minimizes
the total execution time for multiple tasks across a group of
edge devices, effectively reducing the overall execution cost.
Xie et al. [32] propose the task exchange among nodes, so as
to minimize the energy consumption while respecting latency
constraints. The problem is formulated as a Markov decision
process and solved using deep reinforcement learning. On the
other hand, [33] and [34] consider a cooperative inference
scenario at the edge, but the focus is on how inference
ensembling can increase the accuracy.

Our work follows these important works and studies a fully
dynamic collaborative solution where the tasks and resources
can vary dynamically; hence, their collaboration plans need to
be adaptive and achieve this goal through a principled solution
that offers optimality guarantees.

C. Resource Allocation for Inference Tasks

Recent advancements in compact inference models have
facilitated the deployment of inference services at the edge.
However, the resource-constrained nature of edge devices
introduces new challenges, particularly when these services
are subject to tight deadlines. In this context, [35] proposes a
genetic algorithm to address the NP-hard problem of assigning
inference models to tasks or offloading them to edge servers
under time and energy constraints, [25] proposes an edge
computing accuracy-maximizing solution for delay-sensitive
video tasks, [36] designs a safe learning algorithm for increas-
ing accuracy while respecting delay constraints, and [37]
investigates additionally the server selection aspect. Focusing
particularly on DL models, [38] studies how to create effective
DL model ensembles at edge servers, [39] studies offloading
strategies with the aim to improve DL accuracy, and [40]
and [41] optimize offloading from devices to servers and
collaboration across servers to maximize DL accuracy. These
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works consider architectures where the task-processing nodes
(typically, edge servers) are more powerful and distinct from
the task-generating nodes.

A different thread focuses on extreme-edge devices that
create and execute tasks alike. Pu et al. [42] and Chen
et al. [43] propose device cooperation models for energy-
efficient task execution, while [44] and [45] design systems for
cooperative stream processing, and [46] studies whether such
solutions can support augmented-reality tasks. These studies
do not consider inference-specific performance metrics. On
the other hand, [19] presents a task assignment algorithm
that optimizes average execution accuracy, [47] focuses on
hierarchical systems, [48] designs QoS-aware task exchanges
to optimize energy and latency using a queuing model,
and similarly, [49] studies collaboration among devices in
DL-based inferences.

The above works study the offline version of the problem,
where the task requirements, network, and node parameters
are known and fixed. Our work differs in that we consider
the practical online version where all these parameters evolve
with time, possibly in a non-i.i.d. fashion, and additionally,
we observe their values after the tasks have been assigned.
Compared to our previous work [50], here, we focus on
balancing the energy consumption across the nodes, so as to
avoid overloading some of them, which, in turn, would disrupt
the network and deter them from collaborating. This additional
criterion fundamentally changes the learning problem and
requires a new model and algorithm.

D. OCO for Resource Management

Our solution relies on the theory of OCO, which has been
recently used as the decision engine for several practical
resource allocation problems. OCO-based solutions advance
and outperform prior studies, which assume that the vari-
ous problem parameters exhibit static or stationary behavior.
Hence, they fail to account for environments characterized
by irregular distributional variations, as one expects to hap-
pen at edge computing settings due to a small number of
devices, small-range cells, and so on. OCO has already been
applied, with remarkable success, to the design of dynamic
caching algorithms [51], scheduling of radio access policies
[52], deployment of mobile vision services [53], and resource
management in IoT [54], among many others. Here, we utilize
the constrained OCO (COCO) framework where, apart from
learning how to optimize a time-varying objective function
(as was the case in [50]), the system needs to satisfy a long-
term budget constraint [55], [56]. We tailor this approach to
the problem at hand and modify it to account for the energy
fairness constraints and the multiobjective optimization goal.

III. SYSTEM MODEL

This section defines the network and node model, and
introduces the decision variables and performance metrics.

A. Notation

We denote with bold typeface vectors, e.g., x and g, for
vector functions. The transpose of a vector x is denoted with
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x7. We use capital calligraphic letters for sets, e.g., X. We
use the shorthand notation ry., = Z’Tzl r-; we use || - |l for
the infinity £, norm, and || - || for the £, norm,..., Is(x) is the
indicator function for the membership of x in set S (Is(x) = 0)
or not (Is(x) = o).

B. Network and Node Model

We model a wireless IoT network with a directed graph G =
(Z,E) of I =|Z] nodes and E = |&| links, which includes an EC
that coordinates the task execution, as depicted in Fig. 1. The
network operation is time-slotted, and we study it for a set 7 of
T slots, where, without loss of generality, we assume unit slot
duration. The nodes operate with a standard IoT technology
such as Wi-Fi or ZigBee. A link (i, j) € £ exists if node j is
within range of node i, and we define the set Z; = {j | (i, j) €
&} U {i} of one-hop neighbors of each node i € Z and the
respective set Z; = Z;\{i}.

Each link (i, j)) € £ has an average data transfer capacity
of Cj; (bytes/s) during slot t € 7, which can vary arbitrarily
across different links and slots. The link capacities are affected
by obstacles, exogenous interference, and so on and can
change with time, even being severed. Furthermore, every
node i is equipped with a processor unit (PU) of capacity H;
cycles/sec during slot ¢, which can fluctuate arbitrarily over
time and even become zero if, e.g., a node fails. We denote
with ¢f, the computing energy (Joules/cycle) that i spends in ¢
for each processing cycle that it has to execute. This quantity
depends on the type and model of the processing unit of
the node, the processing speed, and the coexecution of other
workloads (if any) [19]. We also denote with ¢j, the energy
consumption (Joules/byte) when transmitting one byte over
link (i, j) € £. These energy costs depend on the effective
link capacities [57] and, hence, may vary across the links and
over time. We omit the data reception energy as it is typically
smaller, but the model can be extended to capture this quantity
as well. To streamline presentation, we define the respective
vectors ef, e}, C;, and H,.

The inference tasks that nodes generate are executed locally
or at some adjacent node or dropped if it is deemed nec-
essary (for load admission reasons). We define the vector
B, = Bir,i € ) where B;; € [0,Bmax] is the number of tasks
generated by node i € Z during slot ¢. The tasks induce
computing workloads (cycles) of p, = (pi,i € I) and data
loads (bytes) of s;=(s;,i € Z). A node i can outsource one or
more tasks to its one-hop neighbors Z;. This facilitates nodes
with limited computing resources or ML libraries that, it turns
out, are inefficient (e.g., inaccurate) for their own tasks. We
model the ability of node j to execute the tasks of node i
using the normalized accuracy parameter a;; € [0, 1], which
might change over time; e.g., the nodes may update their
training datasets, obtain a new model, and so on [58]. We also
introduce the vector of accuracy values a, = (ay, i, j € 1).

Our model is general since we do not restrict it to spe-
cific transmission or interference schemes, nor do we make
assumptions about fixed and known link throughput, node PU
capacities, and so on. These parameters can change in every
slot in an unpredictable fashion (not necessarily following
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a stationary process), and they may remain unknown at the
beginning of each slot when the EC devices the assignment.

C. Task Assignment and Performance Metrics

We focus on the EC and study its task assignment decisions
for each slot. We define the portion of tasks x;; €[0, 1] of node
i, which are sent to each neighbor j € Z; during slot ¢, and
we denote with x;; the portion of tasks i executes locally and
with x;o, the rejected tasks (admission control). We collect
these variables in the assignment vector x, = (xy, (i, j) € &),
which is subject to a multisimplex constraints

X=1x €01 ) YNxp=1, VieIp. (D
JEL;

We note that these continuous variables are, clearly, an approx-
imation for some systems where the tasks are indivisible.
Still, since our focus is on large systems where the nodes
have to execute a large number of tasks per slot, having a
continuous relaxation, which is then rounded, is a practical
compromise that does not introduce significant errors.! Such
continuous approximations have been used extensively in
similar edge computing or edge caching problems. Finally,
we note that in smaller systems where the scale itself does
not compensate for the rounding errors, one can interpret x
as a probabilistic policy. This only changes the fact that the
performance bounds (derived below) should be interpreted in
expectation (probabilistic).

The EC wishes to maximize the aggregate task execution
accuracy while minimizing the total energy consumption and
the computation and transmission delays. Starting with the
former, the performance for each task depends on the achieved
accuracy, and we can define it for all tasks at the network level

w(x) =Y Y aBilog(x;+1) YreT. (2
i€ jeI;

This model captures the salient properties of the problem.
First, the processing performance for each pair of nodes (i, j)
depends on the number of tasks that i generates (parameter £3;;)
and increases logarithmically with the tasks that i sends to j.
The logarithm is a concave function with decreasing gradient
and, hence, captures the effect of diminishing returns, i.e.,
the per-task utility diminishes as the nodes send more tasks
to each neighbor (saturation). From a different perspective,
this logarithmic transformation can be seen as a method
for ensuring proportional performance fairness. Finally, the
performance depends on the accuracy «;;, which expresses
how well the tasks of node i match the ML model of node
J.- We stress that we do not make any assumption about this
information being available beforehand.

In order to capture the task delay, we consider the following
contributing factors: 1) the transmission delay that increases
with the amount of data and decreases proportionally to each
link’s effective data transfer capacity and 2) the computing
delay that, for each processing node, increases with the aggre-
gated compute load assigned to it and decreases proportionally

IFor instance, if the algorithm decides to send over a link 22.7 frames,
then, rounding this to 23 or 22 is practically the same.
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to its CPU speed. Putting these together, we define the delay
during each slot ¢ as a function of x

BirXijeSiz BitXijt Pis
d(x)=Y_ ZC—ﬂ+ZH—ﬂ )

i€ JeL; JjeTL;

transmission delay ~ computing delay

This model is aligned with prior works that assume linear
dependence on (communication or computation) workloads
and is valid as long as the system is not oversaturated. Besides,
our analysis is valid for nonlinear delay models (e.g., M/M/1
queues) as long as they preserve convexity.

For the energy cost, different nodes induce different energy
consumption,” and the same holds for the transmission energy
cost.®> Thus, the EC considers the energy cost for all nodes

v (x) = Z vi (x), where 4)
i€

Vir (%) = Z e;‘fsifﬁitxijz + Z 61?,[7]',,8]‘,)61',‘; . 5)
JjezT; jen T~

’ transm. energy comp. energy

Similar to delay, our energy model has a linear dependence
on the transmitted and processed data, which is aligned with
prior theoretical and measurement studies (see [19]).

Putting together the above expressions for the performance
and cost components, we introduce the network utility function
fi: X > R, Yt €T defined as

fi () = y1u; (x) = y2d; (x) = y3v; (x) . (6)

Parameters vy, y2, y3 €R have a twofold role here. First, they
tune the relative importance of each utility component, i.e., of
the accuracy, latency, and energy, based on the priorities of the
EC who might wish to prioritize one over the other. Second,
they normalize the measurement units of these component
functions. There are many ways one can set these parameters,
e.g., by using the maximum attainable values of each function
component.

It is clear that one can use different performance and cost
functions based on the studied system and application. Our
analysis in the following is readily extendable to these cases
as long as the convexity of the final utility functions {f;}; is
preserved and can even be applied to nonconvex functions
through proper convexification techniques.

IV. PROBLEM STATEMENT AND BENCHMARK

The EC aims to find the task assignment {x,}lT=1 that
maximizes the aggregate utility of the network over time by
balancing the performance, delay, and energy consumption
that its assignment decisions induce in each slot and without
requiring knowing, in advance, the values of the time-varying
parameters of the network and nodes. The sequence of events
for this learning model is summarized in Fig. 2. At the

same time, as a minimal form of incentive provision to the

2For instance, some CPUs are more energy-efficient than others, or the
energy consumption might be more costly for some nodes, and so on
3Due to different Tx/Rx capabilities of nodes or channel conditions.
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Fig. 2. Sequence of events in the decision process of the EC.

participating nodes, the EC wishes to ensure that their energy
consumption is as balanced as possible. Energy is probably the
most scarce resource in such systems, and the nodes would be
less willing to agree to serve other tasks if this leads to an
excessive (compared to others) consumption of their energy
budget. Besides, asymmetric energy consumption is likely to
eventually render inoperative some nodes, thus impacting the
ability of the entire network to process future tasks.

With these considerations in mind, the optimization problem
that describes the EC’s objectives and constraints when devis-
ing the task assignment policy can be expressed as follows:

T

P: may ;fz(x) (7)
T

st. Y g, (x) 0. (8)
t=1

where (8) expresses the energy balancing requirement; namely,
we introduce

g2 (8" @87 .8 @), with O

g @) = vy () —vy () -, Vn=@,)eE  (10)

and note that we define two constraints for every pair of nodes
i and j, i.e., one for (i, j) and one for (j, 7). In other words, this
is a bidirectional constraint, which enables enforcing a simple
and practical fairness with respect to the energy consumption
of the nodes. Parameter g, = (sﬁif > 0,Y(i, j) € &) allows
to decide how strict this fairness criterion should be and also
defines this slack differently for each pair of nodes (if there
is a need to do so). As it will become clear from our analysis
below, the model and the algorithm can also handle additional
energy consumption constraints, e.g., by enforcing an energy
budget per node, and this can be even set differently based on
each node’s energy priorities.

Proceeding with the solution of the problem, there are
three challenges that render classical optimization methods
insufficient for P. First, the EC has to decide x; at the
beginning of each slot ¢, whereas the values of parameters such
as the number of tasks, compute and link capacities, and task
execution accuracy by each node are revealed only at the end
of the slot.* Second, these parameters might change arbitrarily
across slots in the general case; thus, we cannot benefit from
typical statistical models that use, e.g., running average or from
stochastic optimization tools that presume stationarity [59].
Finally, these decisions {x,}; need to be devised in a near real-
time scale, even for large networks. For these reasons, we will
resort to the COCO framework [56].

4The link throughput is affected by the volatile channel quality, interference,
and so on, and in practice, it can be accurately known only a posteriori.
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The COCO framework has applications in various fields
as it provides a powerful framework for decision-making in
dynamic and uncertain environments where the objective func-
tion or constraints may change over time. Yet, such algorithms
are known to be particularly challenging to design. To make
this more specific, the key question is how we measure the
performance of the algorithms, namely, what is the benchmark
solution that the algorithm aims to approach online. For
problems without time-varying constraints (standard OCO),
the performance is quantified with the metric of regret

T
Rr=)_ (fi(x*) - fix) (11)

t=1
where x* = argmax,cy Z,Tzl fi(x) is the single-best task

assignment that the EC would have selected if it had a priori
knowledge of the entire future, i.e., knew all utility functions
VYt =1,...,T. Designing an algorithm that achieves asymp-
totically zero regret, i.e., limy_o Ry /T = 0, is equivalent to
saying that the algorithm learns to perform optimally with
respect to the benchmark x* (no-regret algorithm).

In the case of COCO that we study here, we are additionally
interested in ensuring asymptotically-zero constraint violation,
limy_,. Vr/T = 0, where

T
w=[2&mq
=1 +

and note that we take the norm since we have multiple
constraints (one for each pair of nodes). Also, in this case,
the benchmark naturally changes, as it has to satisfy the
constraints, as well. Ideally, we would like our algorithm
to learn to perform as well as a benchmark policy x* that
maximizes the performance and belongs to the set

T
X}“axzﬁxe/’\." > g (x)<0g. (12)
t=1

Unfortunately, [60] proved that designing COCO algorithms,
which can learn with respect to such competitive benchmarks,
is impossible (i.e., not achievable). Hence, follow-up works
considered less demanding benchmarks that are selected from
more restricted sets, such as

sz{xeX‘g,(x)ﬁo, VteT}. (13)

In this case, x* maximizes again the performance but has to
satisfy the constraints in each slot, and it is clear that it is X7 C
X7, For a detailed discussion about COCO benchmarks and
impossibility results, we kindly refer the reader to [56].

Our goal in this article is to develop a dynamic algorithm
that allows the EC to devise the assignments x, at the begin-
ning of each slot ¢, aiming to achieve satisfactory performance
with respect to x* € Ar; specifically, we aim to achieve
asymptotically zero regret and constraint violation. Moreover,
we wish to prove that these bounds are guaranteed for any
sequence of functions {£;}”, and {g,}”_, . In practice, this means
that the algorithm learns to perform as well as the ideal policy
x* without, obviously, requiring to know the latter, for every
possible scenario/setting the EC might encounter.
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V. OTA PoLICY

We start with some key properties of the system and
problem P. These will be used in the design of the algorithm
and in analyzing its performance. First, observe that the set
X is convex, compact, and bounded by definition, with the
Euclidean diameter ||x|| < 2I,¥x € X. Moreover, functions
ﬁ,gﬁ") : X > R,Vt € T,n, are convex and Lipschitz contin-
uous with constants L; < Ly and L, < L, respectively, for
some fixed parameters Ly and L,. Also, since X is compact,
it holds |f;(x)| < F and ||g,(x)|| < G,Vt € T,x € X, for some
values of F and G that depend on the model parameters and
will be specified in the sequel.

A. Learning Algorithm

The assignment algorithm is based on a saddle point
reformulation of P. We rely on the seminal Follow-The-
Regularized-Leader (FTRL) algorithm [61] and its recent
extension for COCO problems [56] to design a learning
algorithm that is fast and effective with respect to both Ry
and Vr. First, we define the regularized Lagrangian

L, ) =r,(x)+¢/x+27g,(x) =g () (14)

where ¢; = V, fi(x;) is the gradient of the utility at slot ¢ and
A=, 20, n =1,...,E) is the vector of dual variables,
one for each constraint function g?"). Interestingly, using c;
instead of the function (known as linearization in OCO; see
[61]) reduces the computation and memory requirements of
the algorithm. Function r, : X — R is an entropic regularizer
for the primal variables x, while g, : Rf_ — R is a quadratic
regularizer for the dual variables. These are selected as such
due to the geometry of the respective constraint spaces, i.e.,
the multisimplex for the primal variables and a hyperplane for
the dual variables.
In particular, the primal regularizer V¢ € 7 is defined as

rig (x) = % Ilogl + Zinjlogxij , with
i€l jeI;

014 =0 hiy, and b = e, + A4/ Vg, (x,)“i. (15)

where recall that ry.,, = Zi:l r; is just a shorthand notation and
|- |l 1s the infinity norm. Parameter o, shapes the regulariza-
tion, i.e., the learning rate, and indeed, we can see from the
above formula that it adapts to the encountered scenario since
it depends on the observed gradients and constraint violations.
The quadratic regularizer, on the other hand, is defined as

4o =Ter () and g, (0 = 2 IR, 121,
1 1
Wlth . ¢] == - 6]-1 > (5; > O. (16)
6r 011

where &, is the dual learning rate at each slot t+ € 7, and
following the rationale in [56], we define it as follows:

0

max% Vi | & @l 2 te}.

o0y =

a7)
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Parameter 6 € [0, 1) has a special role; it can be selected by the
EC to prioritize the convergence speed of the constraint vio-
lation and regret based on whether performance or fairness is
of higher interest. Nomenclature summarizes the key notations
for the algorithm.

Algorithm 1 OTA
1: Initialize: x, € X, 4, >0
2: fort=2,3,---,T do
3: Calculate r,,—; and apply the task assignment:

t—1

X, = arg mg;Z] Lo(x,A) (18)

4: Observe Vfi(x;) and g,(x) and calculate:

t
= i 1
2, = argmin Zl Lo (x, ) (19)
5: Calculate go.; and update the dual variables:
t
A;41 = arg max L (27,4 20
1 = argmax 3 Lo (20, ) (20)

+ 7=1

6: end for

The dynamic policy that sets the assignment decisions at
each slot implements the steps in Algorithm 1, which we
call online task assignment (OTA). First, we select randomly
a feasible primal and dual variable vector (step 1). Then,
at each slot 7, we update the regularization parameters and
calculate the new task assignment x; by solving the respective
primal update of the saddle point problem (step 3). The EC
applies this policy x, immediately, and at the end of the
slot, it observes the performance and cost functions (step
4) and calculates the prescient assignment z,. This is the
assignment that the EC would have proposed if it had known
these (unknown) functions. Using this updated information
(z; instead of x;), the EC calculates the dual regularizer
parameters and updates the dual variables in step 5. The above
steps are repeated as long as the system is in operation.

B. Performance Analysis and Implementation Aspects

Algorithm 1 comes with guarantees for its performance,
which, additionally, can be fully characterized and linked to
the problem parameters. This latter aspect favors interpretabil-
ity. In detail, we have the following result.

Lemma 1: Algorithm 1 ensures the following regret and
constraint violation convergence rates based on the tuning
parameter 6 € [0, 1):

Ry = O (15%)
Ry = O (T30

when 6<1/2
when 6> 1/2.

Vr = 0(1°1),
Vr =0 (17,

Using 6, the EC can improve the learning bounds for
the regret or the constraint violation, hence prioritizing one
metric over the other. We note, however, that this prioritization
concerns the worst case scenarios, which typically arise in
adversarial conditions, while, as our experiments show, in
more typical cases, both metrics perform equally well. Besides,
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the constraint violation can also be tuned by adjusting the
threshold parameters in the energy consumption. Hence, algo-
rithm OTA provides practical tuning versatility for adapting to
the nodes’ energy preferences and applications’ requirements.

Regarding the implementation of the algorithm, it is crucial
to stress that it is lightweight in terms of computation and
communication overheads. This is of utmost importance for
the problem at hand since the nodes have scarce resources,
which should not be spent on communication overheads, while
the EC is also a resource-constrained device that needs to
economize computations. Starting with the computing over-
heads, the optimization problems for devising x, and z, can
be solved in closed form and, hence, in constant O(1) time.
This is formalized with the following proposition.

Proposition 1: The primal and prescient updates (18) and
(19) can be executed using the closed-form expressions

exp 2w(-1yij exp 2wij

X = T -1 Zin = Tl
yr— 2wy * T 2waij
D jez, ©XP 5 2 jez, €XP

where wijg-1) = —1ijo-1) ~ €je-1) and Nije-1) = Cijia-1, and we
defined € x = S A go(x).

This particularly attractive property stems from the usage
of the entropic regularizer, which allows us to solve the
decision update problems in full, obtaining these convenient
closed-form expressions and avoiding the typically demanding
projection operations involved in OCO iterations. Fortunately,
the dual update is also easy to perform as the projection
there needs to be done over the entire half-space (the dual
variables are unbounded). Furthermore, the EC needs only to
communicate the assignment decisions to the respective nodes
(and not the entire vector to all nodes) or can instead broadcast
the plan at once, while the nodes need only to communicate to
EC their parameters (numerical values) pertaining to tasks and
resources at the end of each slot. In summary, we verify that
the algorithm is computationally lightweight, and the commu-
nication overheads are minimal, i.e., two-way communication
of numerical parameters among the nodes and EC.

Last, it is important to discuss the few technical assumptions
of the algorithm. First, the EC should be able to observe the
information Vf;(x;) and g,(x;). Revisiting (2)—-(4), we can see
that these functions involve information about the commu-
nication and computing capacities, the energy consumption
parameters, and the inference accuracy parameters. All this
information, apart from the accuracy, can be easily measured
at the end of each slot by the devices or the EC. The accuracy
parameters, on the other hand, require either the periodic usage
of labeled data (when available) or proxy metrics such as the
confidence intervals of a classifier, as in [19] and [62]. Second,
the model assumes a fixed set of nodes that interact throughout
the time horizon 7. Yet, this assumption is not as restrictive
as it appears. For instance, if a node is disconnected from the
network, the algorithm will start observing zero utilities for
the tasks sent to it and will gradually learn not to consider it
as a possible task recipient. Also, if there is some dramatic
network change, e.g., several nodes depart, or new nodes join
the system, then the EC can simply restart the algorithm. This
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TABLE 1
SUMMARY OF EXPERIMENT SETUPS

Cases (Perturbations)

Type

Uniform Static Distribution

1: Stationary

2: Dynamic Adversarial Ping-Pong
3: Static Uniform Zipf-type Distribution
4: Dynamic Time-varying

Scenarios (Diversity)

1: Homogeneous

2: Device-Heterogeneous
3: Device/Task-Heterog.
Priority Settings

I: v1=10 v2=73=0.3
2:v1 =10 y2=7vy3=1
3 =10 y2=7y3=3
4:71=10 y2=1,73=3
5:m1=10v2=3,73=1

Type
Nodes & tasks are similar
Diverse node resources
Diverse nodes and tasks
Notes
Priority to accuracy, delay and energy equal
Increase priority of delay, energy
Increase priority of delay, energy
Prioritize energy more
Prioritize delay more

TABLE I
RECOGNITION ACCURACY VERSUS ML CONFIGURATIONS

Haar LBP
Accuracy
Frontal Face Side Face Frontal Face Side Face
LBPH 0.82 0.80 0.62 0.56
Eigen Faces 0.74 0.70 0.50 0.48
Fisher Faces 0.42 0.30 0.24 0.18

will only have a small performance effect as the algorithm will
need to learn the new cooperation policies.

VI. PERFORMANCE EVALUATION

The evaluation setup comprises a set of IoT nodes connected
over Wi-Fi, performing image processing tasks. Our goal
is to study: 1) the collaboration benefits when the nodes
exhibit diversity in tasks and resources and 2) the convergence
properties, in terms of regret and constraint violation, of the
learning algorithm under a variety of scenarios.

A. Experiment Setups and Evaluation Scenarios

1) Task Properties: The inference tasks are to recognize
faces in images. We use the open-access dataset [19] obtained
with OpenCV, which performs this task in two stages by
combining a face detector (Haar or LBP) with one of the
face recognizers: local binary pattern histogram (LBPH), eigen
faces, or Fisher faces. This setting yields six ML pipelines with
different inference accuracy values, as summarized in Table II,
when applied to the face database [63]. In this experimental
setup, we have two types of tasks: face detection in frontal-
and side-facing images.

We create a rich combination of experimental scenarios, as
summarized in Table I, where we consider four cases regarding
how the system parameters vary across time (from stationary
to time-varying to adversarial) and three Scenarios regarding
how these parameters vary across nodes (from homogeneous
to fully diverse). We also test these cases and scenarios under
five different priority settings (combinations of weights yi,
v2, and y3). In detail, in stationary Case I, the number of
generated tasks B;; for each node i at each slot ¢ is sampled
uniformly from {2,3,4,5, 6}, the data load s; is uniformly
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sampled from [144,216] kB, the computing workload p;, is
sampled from [180,912] Mcycles, the energy consumption
(per task/cycle) e, is uniformly distributed in [0.16,0.24] nJ,
and the energy consumption ey, for transmitting one bit over
each link (i, j) € £ ranges from 1 to 21 nJ. This energy
consumption is inversely proportional to the channel quality.
These parameters are derived from the measurements reported
in [19]. In the adversarial Case 2, these parameters fluctuate
between the extreme points of the respective intervals, over
successive time slots. This ping-pong trajectory is the most
challenging one for the learner, as it is likely to drastically
change the induced decisions, and in fact, it is used to prove
lower bounds of learning algorithms (see [13]). Hence, Case
2 is of special interest because an algorithm performing well
in this case is guaranteed to also perform well in other cases.

Case 3 is a static case where the parameters are drawn
from an asymmetric, Zipf-like distribution. To generate these
values, we use the values of parameters in Case I, which
we shift to create the asymmetry. In particular, let us denote
with [Kmin, Kmax] the range of values in Case [ for some
system parameter and with (a,b) the sampling range of the
Zipf distribution. Using the inverse cdf of Zipf given by
x = (1/u)'/*, where u ~ Uniform(0,1) and s is the Zipf
exponent, i.e., as s increases, the distribution becomes more
concentrated toward the lower (left) end of the range. The
resulting random Xyapped (Of the initial value x) belongs to the
target interval and can be calculated as follows:

X—a
Xmapped = Kmin + (Kiax — Kmin) m

Finally, we also consider Case 4, which is a dynamic
random setting where the parameters are drawn from a time-
shifting distribution such as in the case of computing capacity

H;; = Asin(wnt) + B + nj;.

To enable a more consistent comparison with Case I and Case
2, we define A as the amplitude, set to (kmax —Kmin) / 2, and B as
the mean, chosen as (kmax + Kmin) / 2 to match the mean of the
original randomly generated data. Perturbations are introduced
via n;, which is uniformly distributed over (-¢, ), for some
values of £ based on the setting.

2) Node Profiles: 10T nodes, such as Raspberry Pi, Jetson,
or Arduino devices, exhibit variations in CPU. We categorize
the nodes into three groups: high-CPU nodes with speed
H;; € [1.4,1.6] GHz, medium-CPU nodes with speed H; €
[1.10,1.15] GHz, and low-CPU nodes H;; € [0.7,0.9] GHz.

Based on these properties, we use three evaluation
scenarios.

1) Scli: All nodes are medium-CPU, all ML configurations
are LBP and eigen faces, and all tasks are side faces.

2) Sc2: All nodes are medium-CPU, ML libraries are
randomly configured, and all tasks are side faces.

3) Sc3: Half nodes are high-CPU, and the rest are low-
CPU; ML libraries are randomly configured; and half
nodes create frontal (side) tasks with probability 0.8
(0.2), and the other half create tasks with the opposite
probabilities.
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Fig. 3. Improvement ratios r¢, ry, rq, and r, for each node’s utility, delay, and energy, respectively, and the average total utility f, inference u, delay d, and
energy v under cooperative and independent operation for benchmarks x* and 7' = 1000. Results averaged over 50 runs. Evaluations are repeated for five
settings: Setl: y; = 10 and y» = y3 = 0.3; Set2: y; = 10 and y, = y3 = I; Set3: y; = 10 and y» = y3 = 3; Setd: y; = 10,5, = 1, and y3 = 3, and Set5:

y1 =10,y = 3, and y3 = 1, where y; (accuracy), vy, (delay), and y3 (energy).

Scl is the references homogeneous scenario, Sc2 cap-
tures the device heterogeneity, and Sc3 device and task
heterogeneity.

3) Wireless Network: The network is generated with a
random geometric graph model. The nodes are randomly
placed within a 100 x 100 m area, and we assume that
nodes within a distance of 50 m are in communication range
and can exchange tasks. These links constitute the set &.
To streamline the simulation scenarios, we introduce a new
parameter, denoted as p;; to represent channel quality, which
is uniformly distributed within the normalized range [0, 1]. The
transmission capacity Cj; of each link is naturally associated
with its quality p;; and distance dy, i.e., Cy = 0;;pir/dijs
where 0;; is normalization parametelr.5 Recall, finally, that the
duration of the time slots is considered unitary.

B. Evaluation Results

We start by demonstrating the gains of collaboration in
the studied inference streaming problem. We compare the
achievable performance using the following metrics.

1) rg,ry,rq, and r, are the improvement ratios of each

node’s utility, accuracy, delay, and energy in cooperative
mode compared to independent mode (executing its own

tasks), i.e.,
= fir (2*) = fir (Xina) _r (x*) = wr:r (xina)
N fr.r (Xina) o Nuy.r (Xing)
rom di.r (x*) = di:r (Xing) . vir (2%) = vier (Fina)
Ndy.r (Xing) ’ Nvi.r (Xing)

where recall the notation fi.r(x) = Zl‘T:l fi(x), Xxing is the
assignment when nodes execute tasks independently, and
X* = arg maXyex;, Zthl fi(x) is the benchmark. The network

SThese parameters account for aspects beyond the control of the EC, e.g.,
transmission power, which the underlying communication scheme might use.
Our framework is orthogonal and oblivious to these.

size varies from /=35 to 45 nodes, the time horizon is 7 = 1000,
and we average the results over 50 runs. We discretize the
continuous output of the algorithm by a typical rounding
scheme while respecting the capacity constraints.

The collaboration results for Case I, Sc = 3, varying
numbers of network nodes and five priority settings are
summarized in Fig. 3. We observe that, under Setl with
N = 5 nodes, collaborative operation improves inference u
by 93.03% and utility f by 89.23%. In all other configu-
rations, collaborative task execution consistently outperforms
the baseline of independent operation (shown in gray bars).
As the number of nodes increases, collaboration leads to a
172.98% improvement in u and a 168.06% improvement in f
when N = 25. Finally, we see that the benefits increase with
the size of the network, as this creates more collaboration
opportunities.

We also observe again the impact of the priority parameters
across the five configurations summarized in Table I. When we
adjust the performance priorities by setting y» = y3 = 1 (Set2),
we observe that, in the scenario with S¢ = 3 and N = 25,
the improvement ratio of delay decreases from 334.7% to
318.13%, and the improvement ratio of energy drops from
129.1% to 127.3% compared to Setl. This indicates that
increasing either y, or y;—that is, assigning more weight
to delay and energy—Ieads the network to reduce inter-node
transmissions, thereby lowering the delay and energy con-
sumption associated with such communication. This behavior
ultimately minimizes these costs and improves the overall
system performance. Moreover, compared to energy, the differ-
ence between transmission and computation costs is smaller in
the case of delay. As shown in Table III, which summarizes
the comparison of cooperative versus independent operation
for five different priority settings, when we further adjust the
priority parameters to y, = 1, y3 =3 (Setd) and y, =3, y; = 1
(Set5), we find that increasing y, has a more pronounced
impact on the overall performance compared to Set2.
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Fig. 4. Average regret Ry /T and constraint violation V7/ T(sg? = 0.3) of Algorithm 1 for Case I and 2 (Sc = 1 and 3).

TABLE III

AVERAGE UTILITY, DELAY, AND ENERGY WITH COOPERATIVE VERSUS
INDEPENDENT OPERATIONS FOR N=15, Sc¢=3, CASE 1, AND THE FIVE
PRIORITY PROFILES FROM FIG. 3

Set. || Accur. | Delay (C) | Delay (I) | Energy (C) | Energy (I) |

1: 2.28 3.87 0.94 0.48 0.21
2: 2.27 3.69 0.94 0.48 0.21
3: 2.15 3.11 0.94 0.46 0.21
4: 2.27 3.68 0.94 0.48 0.21
5: 2.15 3.13 0.94 0.47 0.21

Next, we proceed to demonstrate that Algorithm 1 (OTA) can
achieve the desirable convergence of the regret and constraint
violation in a variety of conditions. Here, we expand our study
using three more cases that include a new nonuniform static
case, a time-varying case, and an adversarial case. The aim of
this latter, admittedly corner, case is to demonstrate that OTA
succeeds in learning even when one explicitly tries to degrade
the operation of the network (by altering every parameter to
its extreme values). It is also important to stress that the
comparison uses as a reference the benchmark solution x*,
which is the policy that one could design had they known
the entire future. This benchmark is essentially the solution
that some prior works propose, e.g., our own work [19], [27],
yet they require having static and known conditions across all
nodes and time. The convergence of OTA to this benchmark
shows that, through learning, we can achieve the same result
without having to rely on such strong assumptions.

In detail, we present the regret and constraint fit plots for
Scl and 3 in Fig. 4. It is clear that as the number of nodes
increases, the convergence speed of the regret slows down,
and the constraint fit shows no significant difference across
scenarios. What is more, the parameters in Case 2 are selected
in an adversarial ping-pong fashion, which has no significant
impact on the convergence of the regret and the constraint
fit. Finally, for N = 15 and N = 25, we consider a Zipf-type
distribution (Case 3) with parameters a = 1, b = 10, s = 2, and
Sc = 3, as well as a time-varying distribution (Case 4) with
parameters w = 1/6, £ = 0.1, and Sc = 3. In both cases, con-
vergence of regret and constraint fit is maintained, as shown in
Fig. 5. This verifies the robustness of the learning algorithm,
which eventually achieves the above-studied cooperation gains

N = 15,Case 3 N = 25,Case 3

Ryr/T and
o o o
Rr/T and

N s
o 8 &

0 100 200 300 400 0 100 200 300 400
T T
N = 15,Case 4

N = 25,Case 4

Ry/T and Vi/T

- n
s 3 B
Ry/T and Vi/T

0 100 200 300 400 0 100 200 300 400
T T

—&—Ry/T = = Vp/T

Fig. 5. Average regret Ry /T and constraint violation V1-/T of algorithm
for Case 3 and 4. The parameters for the Zipf-type distribution (Case 3) are
a=1,b=10, s=2, and Sc = 3 of N = 15 and N = 25. The parameters of
the time-varying distribution (Case 4) are Set w = 1/6, { = 0.1, and Sc = 3
of N=15and N = 25.

without having access to the network, node, and task time-
evolving parameters.

VII. CONCLUSION

The growing need to execute inference tasks using
resource-constrained devices renders imperative the design of
resource-prudent and performance-efficient solutions. Whereas
the idea of offloading such tasks to the cloud(lets) has been
heavily explored, a less studied idea is the collaborative
execution of such tasks by the same devices that generate
them. Multiplexing and combining dormant resources have
been traditionally a scalable solution for systems with resource
limitations. This article follows this path and proposes a
scheme where a controller distributes the tasks generated by
the devices among them, so as to maximize the aggregate
inference accuracy while minimizing the induced delays and
energy costs. Furthermore, the controller ensures that no
device suffers energy consumption that is excessively higher
than its neighbors—a minimal intervention toward fairness. To
achieve this goal, we put forward a rigorous framework that
relies on COCO, and we design a learning algorithm that offers
optimality guarantees for a range of perturbation scenarios
while being oblivious to information about the network state
(e.g., channel conditions), node resources (e.g., computing
capacity), and the task requirements. Hence, it has robust
performance guarantees and practical value.

We believe that this study paves the road for interesting
follow-up works. For instance, in some systems, the nodes
operate with intermittent energy sources, and this energy
(un)availability needs to be explicitly taken into account. In

Authorized licensed use limited to: TU Delft Library. Downloaded on November 27,2025 at 10:47:48 UTC from IEEE Xplore. Restrictions apply.



46622

other scenarios, the nodes might have small battery capacities
that are replenished periodically (with unknown rates), and the
learning framework needs to be extended to account for such
cross-slot dependencies of the decisions. Finally, it is clear
that in some types of applications (e.g., when the task rates
are very small), the continuous approximation model of this
work might induce nonnegligible rounding errors; this requires
a different treatment of the problem, along the lines of works
with discrete decision models, such as [62].

APPENDIX

A. Proof of Lemma 1

The proof is based on [56, Theorem 1], which is adapted
with updated regularizers and constraint types for the studied
problem. First, note that we replace the proximal variant of
the quadratic regularizer in [56] with an entropic regularizer
for the multisimplex constraint of P. We bound the regret as
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Now that we have the detailed expressions for Ry and Vr, we
proceed to show that their convergence rates are sublinear. We
start with the dual update to obtain a useful bound

Ay1 = arg max Z L: (27, )
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2
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where, in (i), we simply used the KKT conditions to solve
the RHS problem. Let us denote with k the growth rate of the
dual vector, i.e., 4, < Ay = O(T¥). Similarly, using (17), the
following inequalities satisfy:
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We can further tailor this analysis to the properties of P by
replacing the gradient and constraint bounds, namely,
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where the max-indexed symbols represent the maximum val-
ues of the respective system parameters. Similarly, for the
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Next, by its definition, the dual learning rate satisfies
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Thus, it follows that
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Similarly, using (17), the following inequalities satisfies:
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Returning to the expression for the dual vector, we can write
lAr1ll < 67 V2(Br = Rr) [67-1< V267 (Br=Rr). (25
Replacing By in (25) with its definition from (21), we get

lArill = O (max {T25+4k+1 T, T#})

where we uesd the worst case bound —R7 = O(T). From (23),
we observe that k <1+ € <1 and n < 1 and obtain

Myl =0 (TF) = 0 (1Y),
This means that k = (e + 1)/2, and we refine the bounds
hr=0(1%)
Ry 2 By =0 (max {1, 77}) = 0 (1),
Using (24) and (26), and —Ry = O(T), we obtain
TE T ) =0(1Y).
Finally, we get the bounds
Rr=0(T%),vr=0(T%), wheno<1/2
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RTzo(T“%"),Vrzo(TT), when 6> 1/2.

B. Proof of Proposition 1
We formulate the problem of (18) in standard form
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> cije, and €, x = 37\ AT g.(x). To sum up, the problem

=1
that we aim to solve is
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We define the associated Lagrangian of P’ as
L(x, . p) = ri1 (x) —wi_px
et (T,
i€ JEL;

where ¢ € Rl and y € R are the Lagrange multipliers. The
KKT conditions are given as follows.

1) Complementary slackness

l,l/,'jxij = 0, Yie I, V] c Il (33)
2) Stationarity
VL (x,¢,p) = 0. (34)
Specifically,
if x> 0: 25 (logxy; + 1)
= Wije-1) =i + 4 =0 (35)
if xij=0:—wije-1) = ¥ij +u; = 0. (36)
3) Primal feasibility
xj20, Y xy=1 YieI YjeI. (37)
JEL;
4) Dual feasibility
Yij =20 Viel Vjel,. (38)

In the first case, set ¥ = 0, and then, x;; be nonzero. If x;;
satisfies the equation in Proposition 1, then it holds
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At the same time, we get Vi e T
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Therefore, this solution satisfies all KKT conditions. In the
second case, set ¥ = 0, and then, x;; can be zero or nonzero.
We can know that for a certain i, if there exists x; = O,
Xij = (exp(zwij(z—l)/o'lzz—l)/ Zjel']ﬁ’ GXP(ZWij(z—l)/O'lzz—l)>, ke
T;,and j € Z;, then y; will have two values, which is impossible
(Z;7~ contains the one-hop neighbors, in which node i transmits
data). In the third case, set ¥ > 0, and then, x = 0. Thus, this
solution does not satisfy the primal feasibility condition. In
the fourth case, set ;; = 0 and ¥ > 0, and then, it should

hold x;; = (eXP(zwij(r—l)/O'lzz—l)/ Z]’EI;’ exp(zwij(z—l)/o'l:t—l))
and x; = 0. Like Case 2, two values of y; will be obtained,
so it is impossible.
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