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Abstract— Edge computing is increasingly seen as the per-
fect enabler for distributed robotic applications requiring low
latency and high adaptability. However, current approaches of-
fload computational tasks exclusively to edge nodes, overlooking
scenarios where onboard processing can meet performance tar-
gets. Therefore, we propose a framework that unifies offloading
decision and resource orchestration into a single algorithm that
compares different allocation strategies under accuracy, latency,
and energy goals. Results show that this approach admits more
functions while maintaining strict performance targets, offering
substantial gains in overall system utility.

Index Terms— Robotic Services, Resource Orchestration, Of-
floading Strategies, Edge robotics.

I. INTRODUCTION

Over the last decade, the increasing digitalization of indus-
trial environments has brought edge computing as a natural
evolution from cloud-based models by relocating computa-
tion closer to the physical processes [1]. This shift enables
real-time data handling near to the source of generation,
which can be used to dynamically adapt the operational logic
to the current network conditions.

Edge computing has progressively enabled new deploy-
ment models in cyber-physical systems. Robotic systems
have begun to embrace this transition by decoupling the intel-
ligence of the robot from the physical device, allowing com-
putationally intense functions (for example, those requiring
the usage of Machine Learning (ML) models) to be offloaded
to nearby edge nodes [2]. This evolution led to the concept of
edge robotics, where robots operate not as isolated machines
but as part of a distributed infrastructure that extends their
capabilities beyond onboard hardware. In response, robotic
systems can run more complex algorithms or process shared
sensor data, with improved accuracy and lower latency.
Within this paradigm, a robotic application (e.g., surveillance
or material delivery) can be deployed as a modular software
that integrates multiple distinct functions—such as visual
recognition or mapping—into a cohesive task.

The distribution of robot functionalities across different
edge nodes introduces new coordination challenges. While
these functions are independently deployable, they must
fulfill the strict network requirements (e.g., latency, reliabil-
ity) of the application. As a consequence, there is a need
for orchestration mechanisms to manage their placement,
connectivity, and execution fulfilling the Quality of Service
(QoS) requirements of the application [3].

Under the umbrella of orchestration, the concept of seman-
tic orchestration [4] involves dynamically allocating com-
putational and communication resources according to the

semantic understanding of each application’s QoS require-
ments. Recent advances in semantic orchestration support
offloading functions to the edge server, while transmitting
only function-relevant information. This strategy has been
proven to optimize the resource consumption by enabling
flexible resource allocation at the edge [5]-[8]. Current
state-of-the-art (SoA) frameworks for semantic orchestration
formulate slicing strategies that:

1) Account for the high non-linear relationship between
slicing, data compression, end-to-end latency, and ex-
pected accuracy for the ML function.

2) Employ flexibility in resource assignments to balance
the consumption of the different types of resources and
avoid depletion of the most requested ones.
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Fig. 1: Detection results using YOLOX _tiny and YOLOX_s
models under two different input resolution compression fac-
tors: 0.5x and 0.01x. From left to right: YOLOX _tiny (0.5x),
YOLOX tiny (0.01x), YOLOX.s (0.5x), and YOLOX_s
(0.01x).

Although recent advances in semantic orchestration have
significantly improved robotic application performance by
offloading robotic functionalities to the edge [9], existing
approaches assume offloading as the default optimal strat-
egy [9]-[11]. However, this assumption neglects situations
where onboard robot processing could meet (or even ex-
ceed) the specific QoS targets of the robot functionality,
creating a significant research gap. To illustrate this trade-
off, we initially performed a preliminary evaluation for a
computer vision function using two YOLOX [12] models. A
light YOLOX version, named YOLOX _tiny, deployed on a
resource-constrained device, to simulate the performance of
a robot, and a standard YOLOX, named YOLOX_s, on an
edge-server. We evaluated the impact of reducing the image
quality in the inference of both models.

Our results depicted in Figure 1 shows that while
YOLOX_s achieves robust detection even under heavier
image quality degradation (compression factor of 0.01x),



YOLOX _tiny still reliably identifies key targets (e.g. per-
sons), suggesting that full quality data transmission may not
always be necessary, and local onboard processing can be
sufficient depending on specific QoS.

Motivated by this initial validation, and the evident gap
existing in literature, this paper proposes a framework that
unifies the offloading decision and resource orchestration into
a single algorithm. The key contributions of this work are:
(1) Formulating and addressing the problem of jointly opti-
mizing offloading decisions and resource orchestration as a
unified optimization problem, accounting for latency, quality,
and energy constraints. (2) Developing a light-weight greedy-
based heuristic capable of evaluating different offloading
strategies based on real-time conditions and application re-
quirements. Our results show that this more holistic approach
successfully admits a greater number of functions (25% more
compared to the baseline) while maintaining strict quality
and latency requirements, overcoming the limitations of
simpler baselines and producing significant gains in overall
system utility.

TABLE I: Notations and Preliminaries

Symbol Description

™ Robotic application class

fe Robotic function (function f with configuration c)
zf, Data compression factor

Sf. Vector of allocated resources for function fe

x?c Policy selection variable for robotic function

P,ps. Set of policies and policy selected for robotic function
l? ,q?c , e?c Latency, quality, energy scores for a robotic function

To facilitate the understanding of our mathematical for-
mulation, we summarize in Table I the key notation used
throughout the paper. The remainder of the paper is orga-
nized as follows. Section II presents the system model and
problem formulation. Section III introduces our proposed
methodology into a single algorithm. Section IV describes
the experimental setup and validation. Finally, Section V
concludes the paper, suggesting some directions for future
investigations.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

To represent the system’s components, we propose a sys-
tem model that captures the uniqueness of robot applications.
Fig. 2 enumerates the main elements of the system under a
Multi-Layer Graph (MLG). All components are detailed in
the following.

o Robotic Application Classes. Each Robotic Applica-
tion Class 7 is characterized by (i) a target latency L,
that states the maximum acceptable delay in between
the robot and the edge; (ii) a target quality factor @,
(e.g., the minimum required accuracy for a computer
vision task); and (iii) an application execution time 7.
Then the system will assign to each application a binary
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Fig. 2: System model under a Multi-Layer Graph structure
which breaks down the relationships between components.

variable h, that addresses whether these constraints are
hard or soft constraints.

o Functions and Configurations. A function f € F,
represents the fundamental building block of a robotic
application, corresponding to a specific task. Therefore,
robotic applications are modelled as chains of these
interconnected functions. This chaining structure aligns
with the concept of Service Function Chains (SFC),
where functions are ordered and interconnected in a
directed manner to form an end-to-end robotic service.
Such dependencies can be represented by directed edges
in a graph: an edge from function f to function f’
indicates that f’ requires the output from f (See Fig. 2).
Each function can be implemented with a different
configuration ¢ € CY. For instance, an autonomous
navigation function can be performed using a different
set of sensors (LIDAR, depth camera... ), or a computer
vision task could be implemented with different ML
models, each of them presenting a unique balance be-
tween accuracy and resource usage. A specific function
with a given configuration defines a robotic function,
denoted as f. = (f,c).

o Data compression factor. As different functions have
different levels of sensitivity to input data degradation
(See Fig.1), we define a compression factor z¢, € (0, 1]
to model the data stream quality. When z;, = 1, data
quality is maximal, and will decrease proportionally as
zy, decreases.

« Radio and Computation resources. The RAN edge
server can provide our framework with radio (e.g.,
Radio Blocks (RBs)) and computing (e.g. CPU, GPU,
and RAM) resources to run our functions. We define
K = {1,...,K} to be the set of resources and S =
[S1,..SKk]| the vector collecting the available amount of
resource k € K. So, we denote sy, = [sf. ..., Sf. ]
as the amount of resource of type k selected for the
robotic function f,..

o Offloading policies. A strong capability that mobile



robots offer is the ability to perform some functions
locally or partially locally. We define P to be the set
of all possible policies that our system supports. Each
robotic function must be implemented following one
(and only one) policy, which is indicated as py, . For
example, we can have a robotic function handling a
computer vision task that can be instantiated at the
edge if it requires a stronger ML model to perform the
inference, or in the robot, where a more lightweight ML
model could be placed.

« Battery consumption. Depending on which policy is
the most suitable, the energy trade-off will be different.
Let Fit € [0,1] be the remaining battery level of the
robot. When E,,; = 1 battery level is at its maximum
and it gradually decreases until E;,; = 0. When a
certain Fy, threshold limit b is reached, the system
will send the robot to charge till the battery is full
again. Note that the robot’s internal mechanical compo-
nents (e.g., wheels, end-effectors, servos) are powered
by a separate integrated battery. Therefore, the energy
consumption of the robotic functions depends on CPU
time and the chosen offloading policy. We can write an
energy function that models battery consumption for a
robotic function as:

ef (/"Lpfr ) (bRobot Mf Tﬂ'
where p,, . is the average CPU wake-ups per second for
the function f. deployed with policy p at the robot, and
P Robot 15 the battery consumed per CPU wake-up. Both
values are hardware dependent. Therefore, they need to
be derived by experimental validation for each policy,
robotic function, and the robot hardware.

o Application quality. Let q?c be defined as the quality
score given from a quality function qiﬁc(zfc). Notice,
that the quality score will depend only on the compres-
sion of the input data zy . Since a quality function is
not straightforward to be derived (being influenced by
the complex nonlinear responses of a ML model), in-
corporating an intricate mathematical model to capture
it is impractical.

« Application latency. Similar to the quality factor, let lp
be the latency score given from the output of the latency
function 1% (sy,, 21.). In this case, a latency function is
being deﬁned by the compression of the input data, and
the resources to be used.

It should be observed that the relationship between re-
source allocation, compression factor, and the latency and
quality outcomes is not straightforward. Quality is strongly
influenced by the complex, nonlinear response from a ML
model, and latency is significantly affected by the specifics
of the radio technology and channel conditions. Therefore,
incorporating an intricate mathematical model to consider
every involved factor would be unfeasible. Rather than devel-
oping a complex mathematical model, our strategy involves
a data-driven approach in which functions for quality and
latency are developed using a regression model, that will be
given to the problem as an input.

B. Problem Formulation

Once defined the system model, we introduce the system
constraints:

« Function configuration selection. Given F to be the

set of functions f that composes an application. For
each f € F, a configuration must be given from the
set C'y for function f. This selection is denoted as f..
Let zy, be defined as a binary decision variable that
takes 1 if configuration c is selected for function f.
We want to declare that (i) if one function from the
set F cannot be allocated following any configuration,
the application is rejected, and (ii) each function must
follow only one configuration.

S <1, VieF (1)

ceCy
Offloading policy selection. The system must choose
a suitable policy p from the set of supported policies
P for each robotic function f.. Let x’}c be a binary
decision variable that equals 1 if policy p is selected for
fe- As the choice of a policy is crucial to decide where
to allocate the robotic function (i) each robotic function
must have one (and only one) policy assigned and (ii)
if the system cannot determine any suitable policy to
follow for a robotic function, the full application class
will be rejected.

Z mfcc:mfc, Vp e P ()
fe€Fx

Satisfy the application requirements. Each of the
robotic functions must satisfy the target latency and
quality objectives that define an application. Therefore,
the system must choose for each f. € F, an amount of
resources sy, and a compression factor zy in addition
to an offloading policy py, that satisfy the quality and
latency objectives:

min {q?c (z5.) 'wfc} > Q- hx (3)
max{l"}c(sfc,zfc)} < Ly-hy-xy, 4

Keep energy consumption limited. As robots are
battery dependent, if the expected energy usage of
the robot is bigger than the current battery level, the
application cannot be allocated in the system. That is,
for all f. € Fi:

min {e? (s, Tr) s} > B (5)
Limit resource utilization to the total budget. The
amount of resources chosen to allocate a robotic func-
tion at the edge (S, ) must not exceed the total resource
budget S.

o Vi=1,... .k
. < g, ) )
{anls feasible <+ Sy, ; < S; Vi, € F. } (6)

Then, considering all the previous constraints, the objec-
tive function of the problem is given by:



Robotic Function Offloading and Slicing Problem (R-
FLOSP)
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s.t. (1) (2) 3) 4 (5) (6)

The objective function (7) maximizes the number of
robotic functions f. € F, hosted in the system according to
their reward oy , while minimizing the allocated resources
at the edge, and minimize the energy usage of the robot.
Theorem 1 below proves that the problem is NP-Hard.

Theorem 1. R-FLOS is NP-hard. We can establish the NP-
hardness of the robotic application deployment, with all the
rest of constraints, by a reduction from the mixed-integer
programming (MIP) problem, which is known to be NP-
Hard. To this end, let us review the goal of MIP: optimize
a linear function subject to a set of linear restrictions, where
some decision variables are restricted to be integers and
others can take continuous values.

In this reduction, the binary decision variable x?c is
mapped to be an integer variable in MIP. Simultaneously,
the continuous variables Sy, and zy, correspond to the
continuous variables in MIP. The objective function of our
problem that combines the maximization of the number of
implemented functions and minimization of resource usage
at the edge and energy usage at the robot, aligns with a
linear objective function in MIP, and our various constraints
L., Qr, Etot, map to the linear constraints in MIP, thus
ensuring a direct match between the two problems.

III. SOLUTION

Given the NP-hardness of the R-FLOS problem, we pro-
pose a lightweight greedy-based heuristic to obtain a sub-
optimal solution with reduced computational overhead. We
denote this algorithm as Adaptive Resource-aware Decision
Offloading (ARDO). ARDO at first sorts these robotic func-
tions based on estimating their reward-to-cost ratio, defined
for each function f. € F, as:

Ofe (8)

LT

where min_cost is the minimum cost of assigning any fea-
sible configuration, considering energy and resource require-
ments. However, determining a function priority requires
identifying its corresponding resource allocation. Assuming
the latency function I7 (sy,, 2} ) increases monotonically
with the compression factor, for each function f., ARDO
computes the minimum compression factor 2} that satisfies
the application-level quality-constraint:

Z;;c = lein s.t. q?‘: (ZfL) > Qﬂ' . hﬂ' (9)

Then, among the available options for resource allocation,
it determines the resource vector s that satisfies the latency

constraints under the previously selected compression level,
and fits within the current availability of resources:

sp = argmsin sl st 15 (s5.,27,), 80 < Si, Vi€ K
(10)

Although multiple combinations of resources may satisfy
both latency and quality constraints, the goal is not to
minimize resource usage per function, but to maximize the
total number of functions that can be admitted. Therefore,
the selection of s}c is guided by the resource availability.
For instance, if radio resources are limited, the algorithm
prefers to allocate fewer radio units and compensates by
increasing compute resources to reduce processing delay,
thereby enabling additional functions to be admitted without
exhausting the bottleneck resource.

In practice, this search is limited to the number of policies
the system can handle. Each policy p is then evaluated
through a utility function:

utility? = —IP — eP + ¢* (1D

where [P, eP, and ¢” denote the estimated latency, energy
consumption and quality for policy p. A lightweight stochas-
tic comparison process based on gradient updates is run over
a fixed number n of iterations, and the policy with the highest
cumulative utility is selected:

n
* = jlity? 12
P argrgleagz;utzhtyz (12)
1=

The initial step of ARDO is to (i) set the total available
resource and the total energy of the robot (line 1), and (ii)
include all the submitted functions of all applications in a
candidate task set (line 2) Then, for each function in the set
of candidate tasks, the priority is calculated according to (8)
(line 3), and then sorted in descending order (line 4). Over the
main loop (lines 5-18), the algorithm evaluates if there exists
any feasible policy to follow for a given function. First, a
random score is set for each policy (line 6). Then, for a given
number of iterations, (i) a random policy is selected (line 8),
(i1) metrics of latency, quality, and energy are gathered for
that selected policy (line 9), (iii) the gradient is calculated
(line 10), and (iv) the score is updated based on the previous
score plus the gradient multiplied by a learning rate « (line
11). Once this process has finished, the algorithm takes the
policy with the highest score (line 12) and checks if the
solution is feasible. If so, the available resources and energy
are updated, and the corresponding policy, resources, and
compression factor are saved (line 16). Otherwise, the task
is discarded (line 19). At the end of the algorithm, for each
submitted application, if any function has been rejected, the
application is rejected (line 22), and the reserved resources
for the remaining functions of the application are then added
to the pool (lines 24-26). In any other case, the application
is admitted.



Algorithm 1: ARDO: Adaptive Resource-aware De-
cision Offloading

1 Savail — S7 Erem — Etot;

2 T Uren Fr

3 Compute prioritys. for each f. € T:

4 Sort T in decreasing order of priorityy,;
s foreach f. € T do

6 scoreP ~ U(0,1);

7 for i =1to N do

8 p~ P;

9 (L, E, Q) + metrics(p);

10 grad? < —L — E + Q;

11 scoreP < scoreP + « - gradP;
12 p* < arg max, score’;

13 if p* is feasible then

14 Savail = Savail — 3}6;

15 Erem < Erem — el}c;

16 Pf. D Sp 4 SG 2 < 2
17 :L'I}C —1;

18 else

19 L afl 0

20 foreach 7 € II do
21 if any f. € F, is rejected then

22 7 < Rejected;

23 foreach f. ¢ F with xy, =1 do
24 Savail — Savail + S}C;

25 Erem < Erem + elfc;

26 a:’}c +0;

27 else

28 L 7 < Admitted;

IV. PERFORMANCE EVALUATION

We evaluate the performance of our proposed ARDO
framework through extensive numerical simulations, com-
paring its performance against state-of-the-art offloading
strategies.

Under a myriad of possible ways to process incoming
robotic functions, we considered two primary offloading
strategies: local processing on the robot, and offloading task
entirely to the edge. Although more granular strategies (e.g.,
partial or cooperative offloading) exist, this binary scenario
captures the core complexities of offloading decision-making
to enable a clear comparison under realistic constraints

The performance of ARDO was compared against four
baseline strategies: Mixed-Greedy, Always Edge, Always
Local, and SEM-O-RAN [8]. The first three are greedy al-
gorithms: Mixed-Greedy rank task according to their reward-
to-cost ratio (Eq. 8), allowing task to be executed either
at the edge or locally, depending on resource availability;
Always Edge and Always Local represents the extremes
of the offloading spectrum, offloading all tasks to edge
servers or processing them entirely on the robot, respectively.

In contrast, SEM-O-RAN dynamically computes optimal
compression factors and allocates edge resources based on
a primal gradient function, balancing resource consumption
against availability.

A. Experimental Parameters and Setup:

The following parameters were defined to reflect a realistic
operational scenario for a robotic application [13]:

o Number of functions: varied from 1 to 15 to evaluate
scalability and performance under increasing workloads.

e QoS requirements: latency and quality targets were
set to representative values, specifically latency L, =
250ms and quality Q. = 80%.

o Function rewards (oy ): randomly selected integers
from the range [1, 50] to simulate varying priority levels
with different robotic task.

o Energy costs and energy budget: generated uni-
formly in [0.05,0.1] units for edge-offloaded tasks,
and [0.1,0.3] units for locally processed tasks, with a
Robot Energy budget (E;,;) randomly selected between
[0.7,1]. These intervals reflect the relative energy effi-
ciency differences between edge and local computation.

o Edge resources vector (Scqq.): defined as [RBs: 25,
CPU cores: 16, RAM: 18 GB, GPUs: 2]. These param-
eters were chosen to reflect an edge-server capacity en-
countered in industrial deployments. The corresponding
resource-cost vector was defined as regge = 1 /Sedge,
normalizing resource usage cost according to availabil-
ity.

All experiments were implemented in a MATLAB simula-
tion environment adapted from the public SEM-O-RAN im-
plementation'. Quality and latency functions where modeled
via regression-based approximations derived from empirical
data, capturing the relationship between compression, quality
and latency.

Each experimental scenario (varying function load from 1
to 15) was repeated across 100 independent trials. Results are
averaged to provide statistically insights into each strategy’s
performance.

Figure 3 shows the number of successfully admitted
functions accross varying workloads intensities. The ideal
scenario is to accept all functions (diagonal grey dashed line
at 100%). However, resource constraints of the system cause
most strategies to reject a function as load grows. ARDO
significantly outperformed the baseline strategies, admitting
about 65% of functions at peak load (15 tasks), compared
to only 40% for SEM-O-RAN, 33% for Mixed Greedy, 22%
for Always Edge, and 17% for Always Local. We see that
ARDO’s accepted functions curve almost reaches the ideal
line at low loads (accepting ~100% up to 8 functions), and
even at 10 functions still completes ~9.4 on average.

Figure 4 further ilustrates the overall system utility score.
The utility score captures how much net utility each strategy
obtains. For every function successfully accepted, we add its

'https://github.com/corradoll3/Semoran/
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Fig. 3: Number of admitted functions for each approach over
varying function loads.

reward oy, minus its energy cost ey, , and if the function is
offloaded, we also subtract a resource-usage COSt T'eqge - Sy, :

D

accepted ¢

(13)

score = (0 I3

— (reage*57.) = s0)-

————

if offloaded

We see that as the function load grows, ARDO maintains
the highest performance (score) at all scales. Initially, at
1-3 functions, all allocation strategies perform similarly,
but as load increases, ARDO’s advantage becomes evident.
For example, at 10 functions, ARDO’s score is about 240,
roughly 2x higher than Always Edge and Mixed Greedy
strategies (~120).

SEM-O-RAN improves over Mixed Greedy by using a
gradient-based optimization, which selects edge allocations
by maximizing a utility-to-resource ratio under latency and
quality constraints, maximizing the overall utility. However,
ARDO further improves upon this by considering both local
and edge execution paths and using a lightweight gradient
descent decision rule to compare their trade-offs for each
function. This dual evaluation enables ARDO to admit more
functions and achieve a better overall score.

V. CONCLUSIONS

This work presents a framework that allocates robotic
services under different policies, outperforming traditional
strategies in task acceptance and overall system utility, even
under heavy load conditions. Future work should extend this
framework to incorporate real-time adaptation to fluctuat-
ing environmental conditions while integrating edge-cloud
continuum architectures to improve reliability in large-scale
deployments.
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