POLITECNICO DI TORINO
Repository ISTITUZIONALE

Distributional Reinforcement Learning for Task Offloading, Resource Allocation and Early Exit Selection
at the Edge

Original

Distributional Reinforcement Learning for Task Offloading, Resource Allocation and Early Exit Selection at the Edge /
Angelucci, S., Valentini, R., Levorato, M., Santucci, F., Chiasserini, C.F.. - In: COMPUTER NETWORKS. - ISSN 1389-
1286. - 288:(2026). [10.1016/j.comnet.2026.112652]

Availability:
This version is available at: 11583/3013915 since: 2026-08-15T09:09:00Z

Publisher:
Elsevier

Published
DOI:10.1016/j.comnet.2026.112652

Terms of use:

This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright

(Article begins on next page)

19 September 2026



Computer Networks 288 (2026) 112652

Contents lists available at ScienceDirect

ter
rks

Computer Networks -

journal homepage: www.elsevier.com/locate/comnet

Distributional Reinforcement Learning for task offloading, resource
allocation and early exit selection at the edge

Simone Angelucci **®-*, Roberto Valentini »°, Marco Levorato ¢, Fortunato Santucci ®°,
Carla Fabiana Chiasserini ¢

a Department of Information Engineering, Computer Science and Mathematics, University of L’Aquila, L’Aquila, Italy
b Centre Ex-EMERGE, L’Aquila, Italy

¢ Donald Bren School of Information and Computer Science, University of California Irvine, Irvine, United States

d Department of Electronics and Telecommunications, Politecnico di Torino, Torino, Italy

ARTICLE INFO ABSTRACT
Keywords: Early Exiting (EE) is an emerging paradigm in deep learning that equips Deep Neural Networks (DNNs)
Early exiting with intermediate classifiers, enabling a trade-off between inference accuracy and latency. In this work, we

Edge computing

Mobile edge applications

Connected and automated vehicles
Distributional reinforcement learning
Markov decision processes

investigate the integration of EE mechanisms into edge computing architectures, focusing on a representative
use case involving task execution in resource-constrained computing and communications environments
for connected and automated vehicles (CAVs). We develop a detailed system model that captures the
complex interplay among time-varying system components, including wireless channel coherence and the
dynamic availability of computational and communication resources. Building on this model, we formulate
a joint optimization problem encompassing task offloading, resource allocation, and early exit selection. We
demonstrate how EE enhances system adaptability under stringent constraints, such as limited bandwidth,
computing capacity, or delay requirements. To tackle the complexity of the proposed optimization, we adopt a
novel solution approach based on the distributional Soft Actor-Critic (SAC) Deep Reinforcement Learning (DRL)
algorithm, which quantifies the uncertainty of the learned policy. Simulation results confirm that integrating EE
with edge computing significantly improves the trade-off between inference accuracy and latency, achieving
up to 212% improvement in the average task completion ratio compared to edge computing systems without
EE, under the considered simulation settings.

1. Introduction energy requirements, executing such models directly on CAvs is often
impractical.
To address these limitations, edge computing has emerged as a

promising solution that enables CAvs to off-load inference tasks to

Connected and Automated Vehicles (CAVs) are expected to be cen-
tral components of future Intelligent Transportation Systems (ITS): this

is clearly evidenced by the numerous application classes and use cases
identified by key organizations such as the 3rd Generation Partnership
Project (3GPP) and the 5G Automotive Association (5GAA) [1-4].
Many of these use cases rely heavily on Artificial Intelligence (AI),
particularly for tasks related to perception and situational awareness.
A prominent example is the use of dynamic local maps [5], which
store contextual information about the vehicle’s surroundings. These
maps support safety-critical applications by providing real-time data on
nearby entities, such as pedestrians, vehicles, and obstacles. Populating
these maps typically involves computationally demanding Al tasks such
as object detection, recognition, and instance segmentation, which rely
on Deep Neural Networks (DNNs). However, due to their resource and

edge servers deployed within the wireless infrastructure. Although this
reduces on-board computational load and latency, performance may
still be hindered by factors such as network capacity variability and
limited availability of edge resources.

To further optimize DNN execution, edge computing can be com-
bined with adaptive inference strategies designed to reduce resource
consumption and response time. One such approach is Early Exiting
(EE) [6], which modifies the DNN’s architecture by inserting interme-
diate exit points. These allow the model to produce a prediction and
terminate execution early as soon as a certain confidence threshold is
met. This mechanism not only helps reduce inference latency but also
enables flexible trade-offs between accuracy and efficiency based on
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system constraints. As such, EE offers a promising path for adapting
Al workloads to dynamic environments while ensuring efficient use of
computational resources.

While DNN inference offloading has been extensively studied, the
integration of EE mechanisms into edge computing systems has only
recently emerged as a research direction. This work belongs to this
emerging area and focuses on the joint optimization of early-exit deci-
sions with Task Offloading and Resource Allocation (TORA) decisions,
including task offloading and radio and computational resource allo-
cation. Although existing studies have demonstrated the potential of
EE to reduce inference latency and computational cost, they typically
optimize EE jointly with only a subset of the TORA decision vari-
ables or consider simplified system models. Therefore, the potential
benefits arising from the interaction between early exit decisions and
resource management strategies in realistic, resource constrained edge
computing environments remain largely unexplored.

Motivated by these observations, this paper proposes a novel frame-
work that integrates EE mechanisms into edge computing systems
and explicitly incorporates them into TORA problem. We consider a
CAV scenario with multiple mobile users belonging to heterogeneous
service classes and executing time-sensitive DNN inference tasks. Both
CAvs and the edge server are equipped with DNN models augmented
with early exits. A centralized controller dynamically orchestrates task
execution by jointly deciding task offloading, DNN exit point selec-
tion, radio resource allocation, and computational resource assignment.
Although the considered system is instantiated in a CAV scenario,
the focus of this work is not on modeling vehicular mobility or net-
work topology dynamics. Rather, the CAV context is adopted as a
representative application scenario characterized by stringent latency
constraints, high task arrival rates, and safety-critical inference work-
loads. These features make CAV networks a particularly suitable testbed
for studying EE-aware task offloading and resource allocation under
tight performance requirements.

This paper extends our previous work in [7]. While [7] investigated
EE in a simplified single-user edge computing scenario with no resource
allocation problem, the present work significantly broadens the scope
by considering a multi-user TORA framework with joint optimization
of early exit selection, task offloading, and radio and computational
resource allocation. Moreover, this work introduces a refined radio
interface model and adopts a Distributional Reinforcement Learning
(DistRL) approach, which were not considered in our previous study.

The main contributions of this work are summarized as follows:

+ To the best of our knowledge, we are the first to explicitly formu-
late and study a TORA problem that jointly optimizes early exit
selection, task offloading decisions, and radio and computational
resource allocation, named as TORA-EE problem. Unlike existing
works that consider EE only in conjunction with a subset of these
decisions, our formulation integrates EE selection control variable
within the TORA framework, enabling flexible optimization of
edge intelligence systems under resource constraints.

We propose a system model that captures key dynamics often
oversimplified in the literature. In particular, we account for
temporal correlations in system states through user-specific task
queues, allowing current decisions to influence future system
evolution. Furthermore, we adopt a refined radio interface model
aligned with 5G specifications, incorporating temporally corre-
lated wireless channels, adaptive modulation and coding schemes,
and Block Error Rate (BLER) constraints. This modeling approach
provides a more faithful representation of practical edge comput-
ing systems.

To solve the resulting TORA-EE problem, we adopt a DistRL
approach that models the full distribution of long-term returns
rather than only their expected value. This enables the learning
of risk-aware control policies that account for critical events such
as queue overflows, latency violations, and task drops, by learning
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conservative policies that reduce performance variability. To the
best of our knowledge, this is the first work to apply Distributional
RL to resource-aware edge intelligence systems with early exiting
mechanisms.

Through extensive simulations, we demonstrate the benefits of
integrating EE within the TORA framework. Results show that
EE enables flexible adaptation of inference accuracy and exe-
cution latency in response to time-varying channel conditions,
fluctuating resource availability, and heterogeneous service re-
quirements, achieving performance gains of up to 212% in terms
of successfully completed tasks compared to conventional edge
computing architectures.

The remainder of this paper is structured as follows: Section 2
provides an overview of the literature and better clarifies our contribu-
tions, Section 3 illustrates the system modeling, Section 4 describes the
algorithm we used for solving our problem, in Section 5 we show the
results we have obtained, whereas in Section 6 we draw our conclusions
and we sketch future directions.

2. Related works

The TORA problem has been extensively studied in the literature.
Existing works differ primarily in the proposed solution strategies,
which are often closely tied to the underlying modeling assumptions,
such as task representation, task management policies, communica-
tion models, and resource characterization. Additional differences arise
from the specific application scenarios considered and the optimization
objectives targeted, which may include metrics such as latency, energy
efficiency, reliability, or quality of service. In the following, we provide
an overview of the literature according to the main classes of qualifying
characteristics, so that our novel contributions can be later claimed.

Reference scenario. The scenarios usually analyzed vary across several
dimensions. Some works focus on single-user or multi-user environ-
ments [8-11], while others differentiate between single-edge server
deployments [8,9] and multi-edge server architectures [11,12]. In ad-
dition, several studies incorporate fog and cloud computing nodes into
the system model [13-15], recognizing that offloaded computations
may not always be executed locally or at the edge due to resource
limitations. In the context of Vehicular Edge Computing (VEC), related
work [16] explores alternative offloading strategies, such as leveraging
neighboring vehicles either as execution nodes or as relays to edge
servers, depending on resource availability and network conditions.

Task modeling. Regarding system modeling approaches, tasks are com-
monly characterized by a tuple of requirements and specifications.
Typical task descriptions include parameters such as the maximum
allowable execution time, the number of required computing cycles,
and the data size to be transmitted to remote servers [9,10,15,17].
Some studies further incorporate attributes like task priority [12], as
well as Random Access Memory (RAM) and Graphical Processing Unit
(GPU) resource requirements [18].

Resource handling. When computing a task remotely, different re-
sources are needed; in particular, we refer to radio and computational
resources. A typical modeling choice is to have fixed total remote
resources, or belonging to a predefined set of values, and the decisions
relate to how to distribute the resources among the users [8-12,16,17].
Another common option is to assume that radio or computing resources
are constant [9]. In such a case, no resource allocation occurs basically,
since resources are already pre-allocated, hence the matter is whether
execute the tasks locally or offload them. In addition, other studies
model resource availability with queues [13], where each resource is
represented by a queue representing the amount of work dedicated
to that resource. Other common resources instead are Random Access
Memory (RAM), storage [8,13,14], and energy, whose usage is usually
minimized [9,10].
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Radio interface. Task offloading typically relies on a wireless commu-
nication channel, whose characteristics are modeled in various ways
throughout the literature. A widely adopted approach is to use Shan-
non’s capacity formula to estimate achievable data rates, given the
allocated bandwidth and instantaneous wireless channel gain [9,10,12,
15-17,19]. In most of these works, channel gains are assumed to follow
a Rayleigh fading model and to be temporally independent. In [15],
the authors also account for transmission failures at the subcarrier
level, especially in scenarios that employ orthogonal frequency division
multiplexing (OFDM). In contrast, several studies [8,13,14,20] abstract
away physical layer details by assuming fixed transmission times or
modeling tasks as being directly enqueued at remote servers, thereby
ignoring the wireless transmission dynamics.

Utility functions. The TORA problem also varies across studies in terms
of the utility or cost functions targeted for optimization. Commonly
considered objectives include maximizing the number of tasks success-
fully executed [14], minimizing task execution time or overall system
latency [17], and reducing latency weighted by task priority [9] or
model precision [11]. Other works focus on maximizing the probability
of task admission at edge servers [8]. Furthermore, several studies
adopt composite metrics, such as joint optimization of task throughput
and latency [18], task throughput and energy consumption [9], or
latency and energy consumption [15,16], to better reflect trade-offs in
system performance.

Solution approaches. The choice of solution strategies for the TORA
problem is typically guided by the underlying system modeling. For
instance, when the system exhibits Markovian dynamics, Deep Rein-
forcement Learning (DRL) methods are commonly employed, as demon-
strated in [9-11,15]. In contrast, when resource availability is mod-
eled using queue dynamics, and stability is a concern, Lyapunov op-
timization is often adopted [12-14,18,19]. Alternatively, less com-
monly used approaches include hybrid methods that combine cluster-
ing techniques with convex optimization based on the Karush-Kuhn—
Tucker (KKT) conditions [17], bio-inspired heuristics such as Grey Wolf
Optimization [16], and submodular optimization frameworks [8].

Early exiting. Recently, EE mechanisms have been introduced as a
means to dynamically adapt the execution depth of deep neural net-
works, enabling a flexible trade-off between inference accuracy and
latency. Several works have explored the integration of EE within edge
computing systems. For instance, [21,22], and [23] jointly consider
early exit selection and model partitioning while optimizing different
performance metrics. Other contributions extend the control space
to include computational resource assignment [11,24], or additional
model-level adaptations such as quantization [25]. Along this line, [26]
addresses the joint allocation of edge computing resources and DNN
splitting for a multisensor digital twin synchronized over a collabora-
tive edge-cloud architecture, in which the exit point of each constituent
task is not selected but determined stochastically by the acquired sensor
data. Extending the resource dimension further, [27] formulates a
joint communication and computation resource allocation problem for
multiuser edge inference, additionally accounting for batch execution
to maximize the number of tasks completed per scheduling interval.
More recently, [28] jointly optimizes radio and computational resource
allocation together with semantic extraction, data compression, and
edge server selection for computation task offloading, modeling the
radio access as an OFDMA system in which bandwidth allocation is
governed by the number of assigned subcarriers.

2.1. Beyond the state of the art

Despite the extensive literature on TORA and the growing interest
in early exiting for edge intelligence, several fundamental limitations
remain.

First, with respect to problem formulation, the few works that
consider EE in edge computing do not address the TORA problem in
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its entirety. Recent contributions jointly optimize EE with computa-
tional resource allocation [26], or with both radio and computational
resource allocation [27,28]. However, none of these works formulates a
unified TORA problem in which early exit selection is jointly optimized
together with task execution and offloading decisions, radio resource al-
location, and computational resource assignment. In contrast, this work
explicitly incorporates EE into the TORA framework and formulates a
unified optimization problem, referred to as TORA-EE, where all these
decisions are optimized simultaneously. To the best of our knowledge,
this is the first work to address this joint optimization problem under
the proposed system model.

Second, concerning system modeling, many existing works rely on
oversimplified representations of the wireless interface. A common
assumption is that channel realizations are temporally uncorrelated,
as in [9,10,12,15-17,19], despite the well-known temporal correlation
exhibited by wireless channels. In this paper, we adopt a finite-state
channel model that captures temporal channel dynamics, building upon
the modeling approach introduced in [7]. Moreover, we refine the radio
interface modeling by adopting a data rate formulation aligned with
3GPP specifications. Unlike the classical Shannon capacity expression,
which provides an optimistic upper bound, the adopted model accounts
for packet overhead and frequency-dependent attenuation. In addi-
tion, a BLER constraint is enforced through adaptive Modulation and
Coding Scheme (MCS) selection, enabling reliable transmission under
time-varying channel conditions.

Furthermore, an aspect that is often overlooked particularly in DRL-
based approaches is the temporal correlation among system states.
Many works formulate the problem as an MDP with i.i.d. state com-
ponents, such as task arrivals and available resources [9-11,15]. How-
ever, real edge systems exhibit strong temporal dependencies, where
current decisions affect future system evolution. To capture these
dynamics, we explicitly model user-specific task queues, introducing
memory into the system and allowing the impact of suboptimal deci-
sions to propagate over time (e.g., queue buildup and overflows). While
queue-based models have appeared in prior work, they are typically
addressed via Lyapunov optimization frameworks that focus on time-
average performance and stability. In contrast, our approach adopts
a reinforcement learning perspective that directly operates on such
temporally correlated dynamics.

Finally, from an algorithmic standpoint, this work introduces a
novel solution approach based on DistRL. Conventional Deep Reinforce-
ment Learning (DRL) methods optimize only the expected long-term
return, which may obscure rare but critical events such as excessive
latency or queue overflows. DistRL, by modeling the full distribution
of returns, enables a richer characterization of uncertainty and risk in
long-term system performance. This property is particularly well suited
to the TORA-EE problem, where avoiding tail events is as important
as optimizing average metrics. To the best of our knowledge, this is
the first work that applies DistRL to a resource-aware edge intelligence
framework incorporating early exit mechanisms. We emphasize that
the goal of this work is not to propose a new reinforcement learning
algorithm nor to establish algorithmic superiority over existing DRL
methods. Rather, our objective is to investigate the impact of adopting
a DistRL paradigm for the TORA-EE problem, and to assess whether
modeling the full return distribution provides tangible benefits over
classical expectation-based approaches.

3. System model

We consider the system scenario depicted in Fig. 1, which consists
of N, CAvs that have to perform DNN-based inference tasks, and an
edge server connected to a base station. The CAV can either perform
the tasks locally or offload them to the edge server. We assume that
both the edge server and the CAvs use dynamic neural models equipped
with EEs. Also, time is assumed to be slotted, where the time variable
t represents time interval [¢tL,(t + 1)L), with L the slot duration. For
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Table 1

Symbols and related descriptions.

Symbol

Description

System variables

N, Number of users

q,(t) Number of backlogged tasks for user » at time ¢
q,() User n queue at time ¢

O max Maximum queue capacity

r,() User n wireless channel state

fpL Wireless channel correlation parameter

W (1) Available radio resources

C(t) Available remote computing resources

C, User n local computing resources

Task and application parameters

i, (1)
u,(t)

>

B

K

(I A A Y

o
-
a

|

o

8

Number of incoming tasks for user n
Number of removed tasks for user n
User n task data size

User n task deadline

Users task data size vector

Users task deadline vector

Running applications

User n task generation parameter
Poisson parameters vector

Task ¢ MOP vector

MOP needed for exit e for task e
Task e accuracy vector

Accuracy associated to exit e for task e

Execution-related variables

Toen ()
Rofn ()
Tioen(1)
Tremn()

Offloading time for user n at time ¢
Offloading data rate for user n at time ¢
Local execution time for user n at time ¢
Remote execution time for user » at time ¢

TORA-EE variables

0,(1)
e,(n)
&)

Offloading decision for user n
User n early exit decision
Decision variable for radio resources

() Decision variable for computing resources

w, (1) Radio resources allocated to user n

c, (1) Remote computing resources allocated to user n
A, (e, () Accuracy of early exit decision e,()

v Objective function weights vector

DSAC-T parameters

0 Critic network parameter

¢ Actor network parameter

0 Target critic network parameter

¢ Target actor network parameter
0y, (x,a) Mean learned by critic 6,

0y, (x,a) Std. dev. learned by critic 6;

Ty Policy learned by actor network ¢
Z™(x,a) Random state-action return
Z™(Z"(x,a)|x,a) Distribution of returns

Oy Learning rate for critic network
E Learning rate for actor network

a Temperature parameter

B Temperature learning rate

y Discount factor

A Standard deviation weighting factor
n Update rate

Theg Negative reward penalty

Nep Number of training episodes

compliance with the subframe duration in both 4G and 5G radio
interfaces, we set L=1ms.

All other system aspects, concerning task generation and handling
as well as data transfer over the radio interface and the network
model, are described below. Moreover, for improved readability, Table
1 provides an overview of the adopted notation and its corresponding
definitions.

3.1. Task queuing and generation model

Each task generated by CAV n is described by the tuple [§,, 7,., ¢, a.],
where §, denotes the size of the data packet to be transmitted when
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Tasks generation
process Computing resource
Witk availability
ireless
channel
Network

Tasks queuing ((( )))

()

=0 b ')))

CAV, CAV,

EQ

Edge server

i

Radio resource
availability

Fig. 1. Considered system scenario.

remote execution is selected, and , is the task deadline, indicating that
the task must be completed within 7z, time slots. The vector ¢, = [c, ],
with e € {1,..., N_}, specifies the number of Million Operations (MOP)
required for executing the task when exit e of the DNN model required
for task of application e is selected. Finally, a, = [a, ] is the correspond-
ing accuracy vector, where a., denotes the accuracy achieved when
selecting exit e, and a.; < - < a.y_. The accuracy values a., can
be obtained through offline profiling of a DNN architecture modified
with explicitly trained intermediate classifiers, as commonly adopted
in early-exit neural networks [29-31]. Each exit produces predictions
in the same output space as the final classifier, enabling accuracy
evaluation at intermediate layers.

CAV n generates tasks according to a Poisson process with rate
parameter ¢§,. Specifically, the probability that k new tasks arrive at
CAV n over an interval of m time slots, with m =0, 1, ..., is given by

exp(=¢,mL)(¢,mL)*

Pr(i,(t + mL) = k) = o ,

(€8]

with k=0,1,....

Each CAV n stores tasks to be executed in a queue gq,(r) =
[71 20, T2, (0), ..., 0,(D] € NCPmax with finite capacity Qp,, where 7 (1)
represents the remaining time slots for executing the task i and 0,(t)
is the zero vector representing the empty slots of the queue. Tasks are
executed sequentially according to a First-In First-Out (FIFO) manner,
i.e., tasks are processed in the order in which they are generated. In
particular, the task being in the first position of the queue, i.e. i = 1,
is the one to be executed. Fig. 2 illustrates an example of the queue
dynamics. Note that if a task i is generated at time slot 7, at CAV n,
then 7, ,(ty) = 7, 7;,,(t) + 1) = 7, — 1 and so on until the task is removed
from the queue due to task execution or task expiration, which occurs
when 7; (1) <0.

Let g,(¢) denote the amount of backlogged tasks in the queue g, (1)
of the CAV n, at time slot #; the evolution of g, () is described by

q,(t + 1) = min{max{q,(#) — u,(),0} +i,(t), Omax } (2)

where u,(r) represents the number of removed tasks at slot 7 and i,(t)
is the number of incoming tasks at r. When the queue reaches its
maximum capacity Q,.,, new incoming tasks are discarded.

3.2. Wireless channel model

We assume that the wireless link between the nth CAV and the base
station (gNodeB) connected to the edge server is subject to small-scale
fading, described by a complex channel gain h,(1) = h; () + jhg (),
where A, (1), hg ,(t) are independent, zero-mean Gaussian random pro-
cesses. Under this assumption, the envelope of the channel gain, r,(r) =
A /hf’n(t) + h? (1), follows the Rayleigh distribution. It is worth noting

that the proposed framework is not limited to the Rayleigh distribution,
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and can also accommodate different channel models depending on the
propagation environment.

To enable a tractable representation of the fading process, we adopt
a finite-state Markov chain (FSMC) model, where the continuous range
of r, () is discretized into a finite number of intervals, each correspond-
ing to a state of the Markov chain. The intervals are identified by a
set of thresholds that can be obtained by imposing the steady state
probabilities r;, i=1, ..., N,, of the channel states, N, being the desired
number of states. Following [32], we assume a uniform steady state
distribution, that is z;=1/N,, Vi, and we determine the thresholds I;
and I}, by solving

i

Ty
[ nwar =1, ®
where f,(r) is the Rayleigh Probability Density Function (PDF).
Solving Eq. (3) yields

I = —2621n<1—NLr>. )
Given the partitioning scheme in (4), we say that the chain is in state
r; if r,(t) € [}, I;,;) and the discretized channel gain is given as the
midpoint of the interval. Since the Rayleigh distribution has unbounded
support, in practice we follow the procedure in [32] and truncate the
fading range at a sufficiently large value M, such that the Rayleigh
Cumulative Distribution Function (CDF) beyond M is negligible. The
resulting state probabilities are subsequently renormalized.

The transition probability matrix Pg=(pg ;; 5.’:1 is derived based on
a series expansion of the bivariate Rayleigh cumulative distribution
function (CDF), as detailed in [32]. The temporal dynamics of the fad-
ing process are modeled using Clarke’s isotropic scattering model [33],
which characterizes the correlation between two consecutive fading
samples as J,(27 fp L), where J, denotes the Bessel’s function of the first
kind and order O, f, is the maximum Doppler frequency and L is the
sampling interval, assumed here to be equal to the time slot duration.

The channel state plays a critical role in determining the perfor-
mance of task offloading. In particular, we consider a system-level
constraint on the Block Error Rate (BLER), defined as the average
probability of unsuccessful transmission of a block of bits. To ensure
that the BLER remains below a predefined threshold, CAvs dynamically
adapt their transmission rate based on the observed Signal-to-Noise
Ratio (SNR). The SNR, in turn, is a function of the instantaneous
channel gain r,(¢), given fixed transmission and noise powers.

To adapt the transmission rate, each CAV dynamically selects the
Modulation and Coding Scheme (MCS) based on r,(¢) [34]. Each MCS
specifies a modulation order and a coding rate, which determines the
level of redundancy introduced during transmission. These configura-
tions are standardized by the 3GPP in its various releases. Empirical
mappings between SNR and the optimal MCS selection are typically
provided for a reference BLER threshold (e.g., BLER = 0.1). In our work,
when considering BLER values different from the reference mapping,
we still rely on the same SNR-MCS mapping, thus overestimating (or
underestimating) the performance metrics. Indeed, higher target BLER
values enable the use of more aggressive MCS levels, while lower target
BLER values require more conservative MCS selections in order to
satisfy stricter reliability constraints. The impact of this approximation
is quantitatively assessed in Section 5.2. We refer to [35] for the
SNR-MCS mapping at BLER = 0.1

Finally, the transmission rate also depends on the available radio
resources, as explained in the next section.

3.3. Radio resource allocation

The base station connected to the edge server allocates commu-
nication resources based on Orthogonal Frequency Division Multiple
Access (OFDMA). Radio resources are represented in terms of Physical
Resource Blocks (PRBs), defined according to the 5G New Radio (NR)
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standard as contiguous groups of 12 subcarriers along the frequency
axis in the OFDM plane over a time slot, whose duration depends on
the chosen subcarrier spacing. Let w(f) denote the total number of PRBs
available for communication with the edge server at time 7, and let
w, (1) = &,Ow), &,(1) € [0, 1], represent the fraction of PRBs allocated
to CAV n. The availability of radio resources generally varies over time,
depending on user demand and network conditions. To capture this
variability, we model w(r) as a discrete-time Markov chain taking values
in the finite set {W], ... W, b where the transition probabilities can
follow any arbitrary distribution to reflect realistic network dynam-
ics. The proposed formulation is general and can accommodate both
time-varying and static radio resource availability.

The assigned radio resources, together with the MCS, allows to eval-
uate the transmission rate by the CAVs. In particular, the achievable
rate for offloading a task is given as [36]

J
Roft  (10,(0), 7, (1) = Y v QD fORy
j=1

layer
(5)
12w, (t :
_":()(1 —_ OH(/)),
s
where J is the number of aggregated component carriers, vﬁ;er is

the maximum number of supported layers which depends on uplink
or downlink transmissions, QY is the spectral efficiency given by
the selected MCS, f) is a scaling factor, Rp,, = 948/1024, T/ is
the duration of the OFDM symbols, which is related to the adopted
subcarrier spacing, or, equivalently, to the numerology x and OH" is
the overhead of the packet.

Given the transmission rate, we can determine the time required for
offloading a task as

3
Toge () = . (6)
off,n Roff,n (I)

It is important to note that task offloading may result in complete
failure with a probability equal to the BLER. In such cases, retrans-
mission is allowed in the next time slots, but the time spent for the
offloading procedure is lost.

3.4. Computational resource allocation

The edge server shares its total amount of computational resources
¢(t), which are expressed in terms of FLOPs per second (OPS). Similarly
to radio resources assignment, we model the temporal variation of
available computing resources as a Markov chain ¢(t) € {C,,... ,CNC}
and the share of OPS reserved to CAV » for remote execution is given
as ¢, (1) = p,(0c(1), where p, (1) € [0, 1] is the allocation ratio. In contrast,
each CAV is equipped with a fixed local computational capability
denoted by C,.

Given the available computational resources, the local execution
time at CAV n can be defined as

c€ e
Tioen() = &= @

n

Conversely, the remote execution time also accounts for the offloading
delay, and is expressed as

C (4

Tremn(®) = Togrn(1) + T(b’ 8)

where T ,(f) denotes the time required to transmit the task to the edge
server as defined in Eq. (6).

Finally, the overall system state evolution is described by the state
vector x(t), which aggregates all the described system components and
is defined as

x(1) =[q,(, ....qyn, O, r@®), w®),c@®)], )]

where r(r) = [r,(t)] is the vector collecting the channel states of the
CAVs.
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Fig. 2. Example of queue evolution for 3 users. Each queue is a fixed-length vector of remaining time slots, denoted by 7;,, with i the queue position and »
representing the user. The controller observes the system state x(¢) and outputs the action a(7). In this example, the controller decides to execute locally the tasks
of the users 1 and 2, while for user 3 the system prefers not to execute, hence postponing the execution to another time. The next state is evaluated after AT
time slots, determined by the largest execution time. Tasks deadlines are decreased accordingly and executed tasks are removed from the queue. Only one task
per user can be executed per time slot, and the execution strategy always refers to the first task in the queue.

4. Task offloading resource allocation and early exit selection
problem

Our goal is to derive the optimal task execution strategy that maxi-
mizes accuracy and minimizes execution time, while preventing queue
overflows. This must be accomplished under stringent system con-
straints, namely that each task must be executed within its application-
defined deadline and that queue capacities must not be exceeded. To
this end, we jointly control three key system decisions: (i) task execu-
tion decisions, (ii) allocation of radio and computational resources, and
(iii) the selection of early exits.

We first formulate the optimization problem and discuss its com-
plexity. Then, we illustrate the solution approach: as already men-
tioned, it consists in a novel variant of DRL, that is able to quantify
the uncertainty of the learned control policy.

4.1. Problem formulation

We denote by o,() € {—1,0,1} the execution decision for user n at
time slot . Specifically, o,(r) = 0 indicates that the task at the head
of the queue is executed locally, o,(f) = 1 indicates remote execution
via offloading, and o,(r) = —1 denotes that no execution decision is
taken at time slot ¢ (idle action). When o, () = —1, the task remains in
the queue, its execution is deferred to subsequent time slots and, for
consistency, the execution time variable Ty ,(a(t)) is set to 0. Impor-
tantly, the task’s remaining time to deadline 7, ;(f) continues to decrease
at each time slot, so prolonged idling increases the risk of deadline
expiration. The example in Fig. 2 illustrates this behavior. Moreover,
let e,(n € {1,...,N,,} be the selected exit of the deep model used
by user n, and let w,(t) and c,(r) represent the amounts of radio and
computational resources allocated to user n, respectively. We define the
system execution strategy at time ¢ as a(t) = [o(?), e(?), w(t), c(t)], where

o(t), e(t), w(t) and c(t) are the vectors collecting offloading decisions,
early exit selections, and resource allocations for all users.

In order to determine a policy a(f) that balances model accuracy
and execution latency, while ensuring reliable system operation by
preventing queue overflows, we first define the instantaneous utility
function y(f) we want to maximize as

Tex n(a(®)) >

Tn

N,

vin= Y 2Dy, (1 -

T max,n

10

where A, (e,(?)) is a function denoting the accuracy achieved by user n
when selecting the model exit ¢, (r) as part of the execution strategy a().
The function Ty, ,(a(t)) represents the corresponding execution time
for user n under action a(t). The parameters v = [v;,v,], satisfying
vi+v, =1and v,v, >0, are used to weigh the relative importance of
accuracy and latency in the optimization objective. Then, we formulate

the following TORA-EE optimization problem:

T
. 1
ar%g;ax Tlgr;o T Z w(t) an
s.t. Tex (@) < 71,(1), V0,1 12)
q,) +i,(1) < Opnax, Y0, 1 (13)
Z w,(t) < w(t), vt 14)
X eu®) < c(t), vt 15)
&, €[0,1],Vn,t ae)
p,() €[0,1],Vn,t a7
0,(t) € {-1,0,1},Vn,t (18)
e, €{l,....N,, },Vn,t (19)
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where the constraint in Eq. (12) ensures that the task of user n is ex-
ecuted within the remaining deadline 7, ,(¢), the constraint in Eq. (13)
guarantees that no new incoming tasks are discarded whereas the
constraints in Egs. (14)—(15) ensure that the allocation of radio and
remote computational resources does not exceed their limits. Finally,
the constraints in Egs. (16)—(19) limit the search space of the decision
variables.

The decision variables are inherently coupled through the task
execution process. In particular, the offloading decision o,(f) determines
whether a task is executed locally, offloaded to the edge server, or post-
poned to a future time slot. The selected exit point ¢, (r) determines both
the inference accuracy and the computational workload associated with
the task, thereby affecting its execution time. Furthermore, the radio
resource allocation w,(r) influences the achievable transmission rate
and the communication delay experienced by offloaded tasks, while the
computational resource allocation ¢,(r) affects the processing delay at
the edge server. These latency components jointly determine the overall
execution time Ty, ,(a(?)), which in turn impacts queue evolution, dead-
line satisfaction, and the possibility of task drops. Therefore, offloading
decisions, exit-point selection, and resource allocation decisions are
jointly optimized within the proposed TORA-EE framework.

4.2. A novel solution based on deep distributional reinforcement learning

The TORA-EE problem, defined in Egs. (10)-(19), falls into the class
of Mixed-Integer Nonlinear Programming (MINLP) problems, which
are known to be NP-hard. This classification arises from the hybrid
nature of the decision variables: while the resource allocation vari-
ables can be assumed as continuous, the task execution and early
exit selection variables are discrete. Furthermore, the execution time
expressions introduce nonlinearity due to their dependence on the
allocated resources, then contributing to the problem’s complexity.

Moreover, due to the complexity of the considered scenario, we
could not adopt the solution approach proposed in [7], where a sig-
nificantly simpler problem was addressed by leveraging a standard
procedure for mapping a MDP into a Linear Program (LP). While the
Markov property still holds in our system model, the high dimen-
sionality of both the state and action spaces renders the construction
and manipulation of transition probability matrices computationally
infeasible. To effectively exploit the underlying Markovian structure,
we therefore resort to DRL approach, which can scale to large state—
action spaces without requiring explicit knowledge of the transition
dynamics.

A recent advancement in the field of DRL is DistRL [37], which
shifts the focus from learning the expected return (i.e., the value func-
tion) to learning the entire probability distribution of returns. While
the value function captures only the average system behavior under a
given policy r, distributional methods provide a richer representation
of the outcome space. By modeling the distribution of returns, Dis-
tRL enables the design of risk-sensitive policies, which can explicitly
consider higher-order moments such as the standard deviation. This
is particularly advantageous in systems where minimizing standard
deviation or avoiding worst-case outcomes is as relevant as optimizing
average performance.

The main difference with traditional RL algorithms is that for every
state x there is the need to learn the probability distribution of the
possible cumulative rewards that can be obtained from that state,
following a policy x, rather than the scalar value representing the
expectation of it. Also, different policies lead to different distribution
returns.

In order to characterize the DistRL algorithms, we first define the
state—action return as in [38]

Z"(xpa) = r; +vGy, (20)

where r, is the instantaneous reward obtained at time 7 when in state x,
and taking action a,, G, = Y2 v*r 111 = ryy +¥Gyy, is the discounted
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cumulative reward function, and y is the discount factor. Note that
the state-action return is a random variable. We are then interested
in learning the probability density function Z”(Z”(x,, a,)|x,,q,) of the
state-action return Z”(x,,a,), given a certain policy . The distribu-
tional variant of the Bellman operator can be rewritten instead as

D
TD”Z(x,,a,)=r+yZ(x,+1,a,+l), 21)

where 2 means that the terms at both sides of the equation have to
follow the same probability distribution.

To solve our optimization problem, we adopted a distributional
variant of the Soft Actor-Critic (SAC) deep reinforcement learning
algorithm, specifically the Distributional SAC with Three Refinements
(DSAC-T) [38]. DSAC-T extends the original DSAC algorithm [39]
and incorporates several enhancements to improve learning stability
and convergence speed. Similar to standard actor—critic architectures,
DSAC-T employs separate DNNs to approximate the return distribution
and the optimal policy, referred to as the critic and actor networks,
respectively. To ensure stable training, DSAC-T uses target networks,
which are delayed copies of the critic and actor networks updated more
slowly. In this framework, both the return distribution and the policy
are modeled as Gaussian distributions. Consequently, each of the critic
and actor networks outputs two parameters, the mean and the standard
deviation, representing the respective distributions. Formally, the critic
network of parameters 6 outputs the return distribution Z,(-|x,q) in
terms of average of the distribution Qy(x,a) and standard deviation
oy(x,a), while the actor network of parameters ¢ outputs the mean
and the standard deviation of the policy z,,. The target critic and actor
networks have parameters 6 and ¢, respectively, which are updated
according to the rule

0« no+(1—-n)b, (22)
and
¢ —np+1-m, (23)

where 7 is the update rate.

The DSAC-T is also a maximum entropy RL algorithm, meaning that
the reward function encompasses a term representing the entropy of the
policy z. Then, the entropy-augmented discounted cumulative reward
function, when following a policy = being in state x,, is expressed as

G"(x) = Y Ireans + AHEC X)), (24)
k=0

where

H(x(|x)) = E [— log fr(a,lx,)] (25)

is the entropy of the policy and « is the temperature parameter updated
according to

a < a — p,E[-log z(a,|x,) — H], (26)

where f, is the learning rate and # is a target entropy. The maximum
entropy-augmented action-state return can be then rewritten with the
use of the distributional Bellman operator

T Z(x,a) 2, +7(Z(x',d) — alogz(d|x")), 27)

where, starting from now on, we omit the temporal dependency of
the involved quantities for notational simplicity and with x/,a’ we
indicate the state and the action in the next time step, respectively.
The distribution of TS Z(x,a) can be denoted as T Z(|x, ).

In order to learn the probability distribution of the state action

return, the critic network update rule is the minimization of
Jz0)=E DKL(TZ;[";Zngx, a), Zy(|x, )|, (28)

where Dy, (+) is the Kullback-Leibler divergence, which represents the
distance between two probability distributions, Z;(-|x,a) and Z,(:|x, a)
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are the reward distribution learned by the critic networks and z; is
the policy learned by the target actor network. Actually, the DSAC-T
relies on twin value distribution learning, meaning that there are two
independently trained critic networks of parameters 6;,i = {1,2}, where
the one associated with the smaller mean of the value distribution
is used for constructing the gradients of the actor and the critic.
Accordingly, Eq. (28) is then rewritten in a sample-based form, for the
critic network i, as

(v; = O, (x.@))?

Jz(0;) = o,E +log(V27oy, (x, )|, 29
20—;(x, a) '

where

v, =r+y(Z(x',a')—alogﬂ'd;(a'lx/)) (30)

is the target value for the return, with Z(x',a’) ~ Zgl(~|x’ ,a’), and
w;=E, [cr;_ (x,a)] serves as a scaling factor to prevent gradient explosion
in the update of Jz(9;) when g, (x,a) — 0. This scaling parameter is
dynamically updated according to the following rule

w; < nE [U;_ (x, a)] + 1 - nw;, (31

where 7 is the update rate.
The actor update rule is the maximization of

J.(¢)=E [111%1% Qgi(x, a) — alog(zy(alx)) — /10'9’, (x,a)|, (32)

where the term oy, (x,a) has the purpose of diminishing the random-
ness of the return.

In our case, we denote with X the set of system states, where the
system state x() at time instant ¢ is given by Eq. (9), whereas we denote
with A the set of possible actions, where the action a(¢) undertaken
at time instant 7 consists of the already mentioned offloading decisions
o(t), remote resource allocation ¢(r) and w(r) and the early exit selection
e(r) for all the N, users in the system.

In the proposed RL formulation, queue overflow and execution
deadline constraints in (12)-(13) are modeled as soft constraints
through the reward function rather than as hard optimization con-
straints. Specifically, whenever a task violates its execution deadline
or is dropped due to queue overflow, a negative reward term r,, is
applied, determining the new utility function {(¢) defined as:

(1) = W (Oripos + Fag (Niage®) + Narop (1), (33)

where Ny, (¢) denotes the number of tasks that violate their execution
deadline, including both tasks whose estimated execution time exceeds
the remaining deadline and tasks whose deadline expires while waiting
in the queue, and Ny, () is the number of dropped tasks whenever
4, (t)+i,(t) > Opay- The parameter r is a positive scaling factor applied
to balance the magnitude between reward and penalty terms. Then, the
reward at each time step is computed according to Eq. (33). In practice,
the magnitude of r,,, is chosen sufficiently large to make constraint vi-
olations suboptimal under the learned policy. This approach preserves
the unconstrained MDP structure while strongly discouraging infeasible
behaviors.

Details on how action feasibility is enforced are provided in Sec-
tion 5.1, where the training procedure is described. Specifically, the
actions generated by the agent are mapped onto the feasible action
set A(f) before being applied to the environment, while deadline vi-
olations and queue overflows are handled through the penalty term
in the utility function. Therefore, the TORA-EE problem, formulated
in Egs. (11)—(18), is addressed in this work with the following uncon-
strained reformulation (see Fig. 3).

T
. 1
argmax lim — Y (1. (34)
anein 7o T ;
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Fig. 3. Workflow diagram: During the training phase, the DSAC-T algorithm
interacts with the environment and updates its parameters for learning the
value distribution while optimizing the policy loss function. After the training
phase, the learned policy is tested with the environment for assessing its
performance.

5. Performance results

In this section, we discuss the performance of the analyzed system
by showing the results obtained with the policy learned by the DSAC-
T algorithm. We first detail the training process and the performance
evaluation setting. Then, we present the results obtained with various
system scenarios and under different training settings. We conclude the
section by showing also the convergence of the learning process.

5.1. Training and performance assessment details

We trained the DSAC-T algorithm by randomly generating the sys-
tem parameters. The considered parameter ranges were selected to
cover heterogeneous but realistic wireless and edge computing sce-
narios rather than a single deployment configuration. Note that the
parameters are not intended to represent a single consistent physi-
cal configuration but rather a distribution of plausible conditions to
improve the generalization capability of the DSAC-T algorithm.

It is assumed that the users can perform two different tasks, hence,
the running application ¢ was sampled from the interval {1,2}, each
requiring a different neural network architecture. The first neural
network, equipped with 3 early exits, including the final exit, re-
quires to perform the following ¢, = [22.622,25.955,59.506] MOP per
exit, where each exit has associated the following accuracy a; =
[56.37,78.04,85.95], as in [40]. The second neural network has the
computational requirement ¢, = [0.711,0.752,0.794] MOP and the
related accuracy a, = [38.97,51.93,93.91].

The deadlines 7, of the tasks were sampled from the interval
[50,100] ms, the Poisson parameter ¢, for the generation of the tasks
from the interval [0.001,0.01] task/ms and the task data size §, from
[10000, 100 000] bit, to capture heterogeneous service requirements.

The tasks could be executed locally or remotely where the local
computing capability was sampled from [0.002,0.005] Tera OPerations
per Seconds (TOPS), the maximum remote computing capability from
the interval [0.009,0.02] TOPS while the maximum available num-
ber of PRBs from the interval [150,300] PRBs, which corresponds to
medium-to-large bandwidth allocations typical of modern cellular sys-
tems depending on the adopted numerology. The normalized Doppler
frequency fpL in [0.1,1], covering mobility conditions from low to
moderately high vehicular speeds across different carrier frequencies,
while the BLER was selected in [0.01,0.2], reflecting practical link
adaptation operating regions commonly targeted in wireless systems.

The number of users N, was fixed to 3, the number of remote
computing resources states N, = 1 and the number of radio resources
states N, = 1, meaning that we set constant remote computational and
radio resources over time, but the approach can be easily extended to
different resources states, This choice allows us to isolate and highlight
the impact of early exit decisions, queue dynamics, and learning-based
control without introducing additional variability due to fluctuating
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Table 2

Values of hyperparameters, unless otherwise stated.
Hyperparameter Value
o 0.0001
e 0.0001
B, 0.0003
y 0.99
n 0.005
Feg -100
Tpos 100
i 0

radio resources. Nevertheless, the proposed model and solution frame-
work naturally extend to scenarios with time-varying radio resources.
The number of channel states is set to N, = 15. Regarding the selection
of the MCS according to the channel gain and to the BLER constraint,
we relied on the approach described in Section 3.2. The maximum
capacity of the queues Q,,,, was instead fixed to 10.

The hyperparameters of the DSAC-T algorithm are listed in Table 2,
unless otherwise stated. The number of training iterations was fixed
to 3e6, with a number of episodes N, = 12, implying episodes of
2.5¢5 iterations. In each episode, the system parameters including task
generation rates, running applications, maximum amount of resources,
..., were randomly sampled from the previously described intervals.
Moreover, every 200 iterations the system state was restarted to a
system state with empty queues.

Since the DSAC-T actor network produces only continuous outputs,
discrete decisions, such as offloading choices and early-exit selections,
are obtained by rounding the corresponding continuous components to
the nearest admissible integer values. Investigating dedicated hybrid-
action distributional RL algorithms constitutes an interesting direction
for future work.

In order to deal with unfeasible actions, we decided to map them
onto a feasible space, without giving any negative reward for discour-
aging unfeasible actions [41]. In particular, for radio and computa-
tional resource allocation, the actor network outputs unconstrained
non-negative continuous values for each user. To enforce the capacity
constraints in Eqgs. (14)-(15), we adopt a proportional normalization
mechanism. Specifically, let p(t) = 1), ... pn, (D] denote the raw
actor outputs for computational allocation. The executed allocation is
obtained as

Pu(D)
T o)
which guarantees by construction that constraint in Eq. (15) is satisfied.
This transformation preserves the relative proportions among users
decided by the policy, while strictly enforcing resource feasibility at
every time step. Whenever the normalization denominator is equal to
zero, the resource allocation variables are set to zero for all users. An
analogous normalization is applied to radio resource allocation.

We conducted performance assessment of the trained networks by
testing the learned policies. As regard the testing parameters, we denote
with ¢ =[{,....¢ N,] the vector containing the Poisson parameters for
the generation of the tasks of the users, with = the vector containing
the deadlines of the tasks, with & the vector containing the data size of
the tasks expressed in bits and with e the chosen applications.

For each tested model, average metrics per user were derived,
consisting of average completion ratio, defined as the ratio between
the number of executed tasks N, and the number of generated tasks
Ngen, the average normalized accuracy, where the normalization occurs
with respect to the maximum achievable accuracy Ay, the average
execution time 7 and the cumulative reward R obtained by cumulating
all the rewards obtained during the test performance.

We first show the benefits of relying on EE with respect to a classic
EC system which does not rely on EE. In particular, we indicate with
EE-EC the system relying on EE, while with NoEE-EC the classic EC

Pu(t) = (35)
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system. We then analyze the impact of the reward function design and
the penalty terms on the learned policies by comparing the DSAC-T
approach against both SAC and PPO. SAC is widely adopted in task
offloading and resource allocation problems and therefore provides
a suitable reference for evaluating the benefits of learning the full
return distribution. Similarly, PPO represents one of the most widely
used policy-gradient reinforcement learning algorithms and serves as
an additional benchmark for assessing the effectiveness of the proposed
approach. While SAC shares a similar actor-critic architecture with
DSAC-T, it only learns the expected return rather than the full return
distribution. PPO, on the other hand, relies on a clipped policy opti-
mization objective and follows a different training paradigm. In this set
of experiments, we set 4 =0 in order to isolate and analyze the effects
of EE and the reward design without the influence of the risk-aware
term. The risk-aware behavior of the DSAC-T is instead specifically
investigated in Section 5.4, where 1 is varied and its impact on the
learned policy is analyzed. Fig. 3 illustrates the overall workflow of
the proposed methodology.

5.2. EE vs. NoEE

In Fig. 4(a) we compare the average completion ratio of the 3 users
as a function of the task generation parameter ¢. The horizontal axis
represents the average of the Poisson parameters of the 3 users, denoted
by . Results show that as { increases, the completion ratio decreases.
This behavior is primarily due to the fact that, under more aggressive
task generation, the system becomes unable to process all the incom-
ing tasks within the required deadlines. However, it can be observed
that the EE-EC system successfully executes a larger number of tasks
compared to the conventional EC system, showing an increase of up to
212% of executed tasks. This advantage stems from the EE mechanism,
which enables the system to dynamically adjust computation times by
selectively choosing earlier exits in the DNNs. As illustrated in the next
figure, this adaptation helps reduce task execution latency, allowing
queues to be emptied more quickly and mitigating the risk of overflow.

The impact of EE on the average execution times and the average
accuracy is detailed in Fig. 4(b). As the average task generation rate {
increases, the EE-EC system dynamically adjusts the trade-off between
accuracy and execution time. Specifically, to avoid queue overflows
under higher load conditions, the EE-EC system increasingly selects
earlier exits in the DNN models. While this strategy leads to a reduction
in accuracy, it enables faster task processing and helps maintain system
responsiveness despite the growing number of incoming tasks. In con-
trast, the NoEE-EC system is unable to adapt task accuracy, then leading
to the flat accuracy curve: this limitation results in the execution of a
smaller number of tasks, as previously shown, primarily due to longer
computational times. As depicted in the figure, the NoEE-EC system
exhibits consistently larger execution times when compared to the EE-
EC system. Additionally, both systems demonstrate a decreasing trend
in average execution time as the task generation rate increases. For the
EE-EC system, this reduction is largely attributed to the more frequent
selection of earlier exits in the DNN models. In the case of the NoEE-
EC system, the decrease in execution time is instead a consequence of
increased reliance on task offloading to the edge server, which offers
significantly greater computational capacity than the individual CAVs.

In Fig. 4(c), we compare the performance of the two systems in
terms of completion ratio as a function of the target BLER. The com-
pletion ratio is further evaluated under two different radio resource
availability conditions, specifically for Wy € 100,270 PRB. As ex-
pected, the completion ratio generally decreases with increasing BLER,
since larger BLER values correspond to a larger number of transmis-
sion failures during the offloading process. Moreover, both systems
benefit from a larger availability of radio resources, which helps to
mitigate the negative impact of unreliable transmissions by reducing
the time required for successful offloading. Notably, the EE-EC system
consistently outperforms the conventional NoEE-EC system across all
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Fig. 4. Performance comparison between NoEE-EC and EE-EC architectures.

Table 3

Average relative rate error (%) induced by using the SNR-MCS mapping
calibrated at BLER,; = 0.1, for different target BLER values and slope
parameters f.

S/BLER 0.05 0.0875 0.125 0.1625 0.2 0.5

1.3 -3.73 0 0 13.94 16.50 50.46
1.5 -3.73 0 0 12.60 15.41 48.85
1.8 -3.73 0 0 6.42 14.22 45.50

configurations. Furthermore, the results indicate that the EE-EC system
exhibits greater sensitivity to increased radio resource availability,
leveraging it more effectively to improve task completion.

To quantify the bias introduced by using a reference SNR-MCS
mapping calibrated at BLER = 0.1, we evaluate the induced average
rate error when the target BLER differs from the reference value. Table
3 reports the average relative rate error for different BLER targets and
slope parameters f. The detailed derivation, and a deeper discussion,
are reported in Appendix. In the BLER operating region of practical in-
terest (0.05-0.2), the induced rate error remains moderate and does not
alter the qualitative behavior of the proposed optimization framework.

5.3. Reward function

In this section, we analyze the influence of the reward function
on system performance. Specifically, we investigate the effect of the
penalty term rp, applied when a task is discarded, as well as the
roles of the weighting factors v, and v,, which correspond to accuracy
and execution time, respectively. Additionally, we compare the perfor-
mance of the DSAC-T algorithm against the SAC and PPO baselines. For
both benchmark algorithms, we relied on the Stable-Baselines3 imple-
mentation. To ensure a fair comparison, all agents were trained and
evaluated under the same environment settings. Moreover, whenever
applicable, the training hyperparameters of the baseline methods were
aligned with those adopted for DSAC-T.

5.3.1. Penalty

In Fig. 5(a) we report the performance comparison of three EE-
MEC policies learned with different values of rpeg, namely rpey =
—10,-50,-100. In particular, we present the task completion ratio as
a function of the total computational resources available at the edge
server. The results indicate that the number of executed tasks increases
with greater resource availability, primarily due to reduced inference
times. The influence of the penalty term ry., on the learned policies
becomes especially pronounced at lower values of Cy_, where longer
inference times are observed. Specifically, policies trained with smaller
penalty values tend to place less emphasis on avoiding task discards, a
tendency that becomes more evident as the penalty decreases. When
taking rpe, constant, the DSAC-T generally performs better than the
classic SAC. Notably, the highest completion ratio is achieved by the
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policy trained with more severe ry;, whereas the lowest one corre-
sponds to the policy trained with rpe, = —10 with all algorithms. In
particular, when r,o, = —10, the SAC algorithm shows a significant
degradation in performance, yielding a task completion ratio that is
close to zero. This could be because the low value of ry; does not
sufficiently penalize discarded tasks, leading the SAC agent to learn
a policy that does not prioritize task completion. We also compare
the DSAC-T algorithm with the PPO algorithm. The results show that
PPO achieves lower completion ratios than DSAC-T when the available
remote computational capacity is limited. However, as Cy_ increases,
PPO becomes the best performing algorithm, achieving the highest task
completion ratio among all the considered approaches. Remarkably,
PPO is able to execute the largest number of tasks for all the considered
values of r,e, when sufficient remote computational resources are
available, whereas the performance of SAC and DSAC-T remains more
dependent on the selected penalty value.

However, when using the DSAC-T algorithm, overly severe penalties
may lead to suboptimal policies, as illustrated in Fig. 5(b), which
presents the same performance comparison as Fig. 5(a), but under a
lower local computational capacity C,. Importantly, beyond a certain
threshold of Cy_, the completion ratio for the policy trained with ry,e, =
—100 no longer improves and begins to fall behind the performance
of other policies. This behavior arises because the policy trained with
the most severe penalty tends to favor conservative strategies, such as
local execution, in an attempt to avoid the uncertainty associated with
task offloading and dynamic resource allocation. In contrast, policies
trained with less punitive values of r., are more inclined to exploit
remote computing resources, thereby achieving faster execution and
higher accuracy, even at the cost of a larger number of discarded tasks.
This aligns with the design of the reward function, which prioritizes
execution speed and precision. Conversely, the SAC algorithm shows
the same trends reported in Fig. 5(a), achieving the lowest performance
with rpe, = —10, and the highest one with rpe, = —50. Interestingly, the
PPO algorithm exhibits a behavior that is largely consistent with that
observed in Fig. 5(a). In particular, the task completion ratio steadily
increases as the remote computational capacity Cy_ grows, regardless
of the value of rpeq. As in the previous scenario, PPO achieves the high-
est completion ratios for sufficiently large values of Cyy , outperforming
both SAC and DSAC-T. This behavior suggests that PPO learns a policy
that relies more extensively on remote execution, allowing it to better
exploit the additional computational resources available at the edge
server and achieve higher task completion ratios under constrained
local computing conditions.

To further investigate the behavior of the considered algorithms,
Fig. 6 compares the task completion ratio achieved by DSAC-T and PPO
as a function of the local computational capacity C, for two different
values of remote computational capacity, namely Cy_ = {0.005,0.01}
TOPS, while fixing the penalty term to rpeg = —10. In this analysis, a
limited amount of radio resources is also considered, with Wy = 100
PRBs, in order to assess the behavior of the learned policies when both
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(b) Average completion ratio versus Cy . ¢ = [0.1,0.1,0.1]
task/ms, t = [50,50,50] ms, & = [1,1,1]e4 bit, € = [1,1,1],
C, =0.001 TOPS, Wy =270 PRB, fpL =0.65 BLER =0.2.

Fig. 5. Performance comparison between DSAC-T, SAC and PPO: the effect of penalties.
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Fig. 6. DSAC-T vs. PPO: Average completion ratio versus C,. ¢ =[0.1,0.1,0.1]
task/ms, 7 = [50,50,50] ms, & = [L,1,1]e4 bit, € = [1,1,1], W, = 100 PRB,
fpL =0.65, BLER =0.2.

computational and communication resources are constrained. When
Cy, = 0.005 TOPS, the two algorithms achieve comparable performance
for low values of C,. However, as the local computational capacity
increases, DSAC-T increasingly outperforms PPO, exhibiting a clear im-
provement in task completion ratio. A different trend can be observed
when Cy, =0.01 TOPS. In this case, PPO achieves higher performance
than DSAC-T for low values of C,, suggesting a more effective exploita-
tion of the additional remote computational resources under highly
resource-constrained local conditions. Nevertheless, as C, increases,
DSAC-T again becomes the best-performing algorithm, benefiting from
the greater availability of local computational resources. A notable
observation is that PPO appears largely insensitive to variations in the
local computational capacity. Indeed, its performance remains nearly
constant across the entire range of C, values considered. In contrast,
DSAC-T consistently benefits from increases in local computational
resources, achieving progressively higher task completion ratios as C,
grows. This behavior suggests that PPO relies more heavily on remote
execution regardless of the available local resources, whereas DSAC-
T is able to adapt its execution strategy and more effectively exploit
improvements in local computational capacity. As a final remark, since
PPO and DSAC-T rely on fundamentally different learning paradigms,
the resulting execution strategies may differ significantly even when
trained under the same environment settings. A deeper analysis of the
relationship between the training dynamics and the learned policies is
left for future work.

5.3.2. Weights
The weights of the reward function shown in Eq. (10) have to
be chosen according to the desired system requirements. In Fig. 7(a)
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we report the cumulative reward as a function of the average tasks
deadlines 7 for three different reward weights configurations, namely
v = [0.9,0.1], v = [0.5,0.5] and v = [0.1,0.9]. The first configuration
favors higher accuracy rather than faster execution times, whereas
the latter one has an opposite behavior. The middle configuration
equally balances the two metrics. For both SAC and DSAC-T, the results
show that the models trained with v = [0.1,0.9] achieve the largest
cumulative rewards over the considered range of deadlines. However,
the two algorithms exhibit different behaviors for the remaining reward
configurations, v = [0.5,0.5] and v = [0.9,0.1], highlighting a different
sensitivity to the trade-off between execution speed and accuracy. A
different trend is observed for PPO. In this case, the highest cumulative
rewards are obtained with the balanced configuration v = [0.5,0.5],
[0.1,0.9], which places greater em-
phasis on execution speed, yields the lowest performance. Moreover,
the PPO policy trained with v = [0.1,0.9] exhibits larger fluctuations
in cumulative reward as the average task deadline varies, resulting
in a less regular trend than those observed for SAC and DSAC-T.
This behavior suggests a higher sensitivity of PPO to changes in the
operating conditions when execution speed is strongly prioritized in the
reward function. These results suggest that PPO benefits from a more
balanced optimization objective, while SAC and DSAC-T achieve better
performance when the reward function prioritizes execution speed over

whereas the configuration v =

accuracy.

Insights into the cumulative rewards shown in Fig. 7(a) can be
better understood by examining the corresponding average completion
ratios reported in Fig. 7(b). For both SAC and DSAC-T, the highest com-
pletion ratios are achieved by the policies trained with v = [0.1,0.9],
consistently with the cumulative rewards observed in Fig. 7(a). Since
this reward configuration places greater emphasis on execution speed,
the learned policies tend to complete a larger number of tasks within
their deadlines. In contrast, the configuration v = [0.9,0.1], which
prioritizes accuracy over execution speed, generally leads to lower
completion ratios due to the longer execution times associated with
more accurate processing strategies. The differences in performance
between SAC and DSAC-T are particularly evident for v = [0.9,0.1]
and v = [0.5,0.5], whereas the two algorithms achieve comparable
completion ratios when trained with v = [0.1,0.9]. A different behavior
is observed for PPO. In this case, the policy trained with the balanced
reward configuration v = [0.5,0.5] achieves the highest completion
ratio, outperforming the configurations that place a stronger emphasis
on either execution speed or accuracy. This result is consistent with
the cumulative rewards reported in Fig. 7(a), suggesting that PPO
benefits from a more balanced trade-off between the two optimization
objectives.
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Fig. 7. Performance comparison between DSAC-T, SAC and PPO: the effect of reward weights.
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5.4. Risk-sensitive policy

In Fig. 8 we illustrate the benefits of employing a distributional
RL approach. In particular, we compare multiple policies trained with
different values of the standard deviation weighting factor 4, eval-
uating their average completion ratio as a function of the available
remote computational resources C_under varying BLER conditions.
All policies are tested in a constrained scenario characterized by limited
local computational capacity (C, = 0.001 TOPS) and radio resources
(Wy,, =50 PRB).
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In general, the worst performance is observed for policies trained
with higher values of A, specifically 4 = 5 and A = 10, across all
BLER levels. This outcome is expected, as larger A values lead to more
risk-averse policies: those policies prioritize safer execution strategies,
typically favoring local execution to avoid the uncertainties associated
with task offloading. However, this conservative behavior results in
suboptimal performance, since the policy does not adapt to the current
system parameters. Despite the overall performance degradation, these
risk-sensitive policies exhibit interesting behaviors. As already shown
in Fig. 4(c), the completion ratio generally decreases with increasing
BLER. However, it can now be observed from Fig. 8 that performance
remains almost unaffected by the BLER level for 4 = 10: indeed, the
curves for BLER = 0.1 and BLER = 0.5 completely overlap, indicating
that the policy consistently chooses local execution regardless of chan-
nel conditions. This confirms the tendency of high-A policies to avoid
offloading.

Further evidence of this risk-averse behavior can be found in the
insensitivity of performance for 4 =5 and 1 = 10 to variations in Cy ,
thereby evidencing that these policies also avoid to resort on available
remote computing resources. Conversely, for A = 0 and 1 = 2, we
observe a more adaptive behavior. Specifically, at low BLER the policy
with 2 = 2 eventually outperforms the one with 4 =0 as C_ increases.
Under high BLER, the 4 = 2 policy performs better, as it accounts for
the increased risk of offloading failures.

To further assess the impact of the risk-aware behavior, Fig. 9
reports the corresponding average expired task ratio for the same
scenario considered in Fig. 8. The expired task ratio is defined as the
ratio between the number of tasks that violate their execution deadline
(including tasks whose deadline expires while waiting in the queue) and
the total number of generated tasks. The observed trends are consistent
with the completion ratio results discussed in Fig. 8. In particular, the
policy trained with 1 = 2 consistently achieves the lowest expired task
ratio over the considered range of remote computational resources,
outperforming both the risk-neutral policy (A = 0) and the more
conservative policies (4 =5 and 4 = 10).

These results provide additional evidence that incorporating the
return variance into the optimization objective enables the learning of
policies that better balance performance and reliability, simultaneously
increasing the task completion ratio and reducing deadline violations.
Conversely, excessively large values of A lead to overly conservative
behaviors. In particular, the policies trained with A = 5 and 4 = 10
tend to favor local execution in order to avoid the uncertainty associ-
ated with task offloading. While this strategy reduces the exposure to
communication-related risks, it also limits the exploitation of remote
computational resources, ultimately resulting in a larger number of
expired tasks.

The mismatch reported in Table 3 in the data rate evaluation for
BLER = 0.5 is large, as such value lies far from the reference BLER tar-
get of 0.1. However, this case is used solely to highlight the structural
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Fig. 10. Training performance.

behavior of the learned policy under extreme network unreliability,
rather than to provide quantitative performance claims.

5.5. Training performance

Finally, we report the training performance when varying the DSAC-
T hyperparameters. In particular, we first discuss the general training
performance and then we explore the impact of the standard deviation
weighting factor A. For clarity, all reported critic-related metrics are
shown for the first critic network, the second critic exhibited similar
behavior.

In Fig. 10(a) we report the behavior of the loss function J; related
to the learned reward distribution, as a function of the number of
training steps. It can be observed that J, decreases as the training
steps increases, except for some spikes that occur every time that a
new episode is started. Spikes indeed happen every 2.5¢5 iterations,
which is the interval of iterations in which we change the episode
parameters. The reason behind these spikes is that by changing the
episode parameters, the learning algorithm has first to change the
learned policy. Then, also the reward distribution changes according
to the new policy and the new system parameters, causing a mismatch
between the reward distribution learned until then and the actual
reward distribution.

In Fig. 10(b) we report the average of the mean value Q of the
reward distribution. Looking at the plot, we can observe big spikes
during the first iterations. Indeed, the entropy of the policy, which
regulates the relevance of the exploration in the learning process, is
the most relevant factor in the entropy-augmented return in Eq. (24)
during the first phase. In principle, during the first iterations of the
algorithm, less probable actions should be preferred in order to favor
exploration. However, at a later stage more importance should be given
to policy exploitation, otherwise the learning process might be too slow.
As regard the general behavior of O, we can observe changes of slope
along with iterations. Again, as for J, these changes happen when
there is a change of the episode parameters. A specific setting of episode
parameters has a certain maximum reward that can be achieved, that
changes from setting to setting. Also, the policy has to be adapted
according to the specific setting.

As a further step in our investigation, we show in Fig. 10(c) how
the entropy weighting factor is updated during the training process. As
already mentioned, during the training process a is updated according
to B, in order to regulate the balance exploration—exploitation. Hence,
as the number of iterations increases, a decreases.

In Fig. 10(d) we discuss the behavior of the actor network loss
function J,. As one can observe, the behavior of J, is similar to Q,
except for the opposite sign, since the two quantities are related by
Eq. (32). We recall indeed that the objective of the critic network
is to maximize the entropy-augmented return function. The choice
of reporting J, with negative values is to show how this function
decreases, whereas the mean of the reward increases, as the training
process progresses. Due to the similarity between Q and J, from now
on we will show only the results related to the mean of the reward
function, when varying the other algorithm hyperparameters.

In Fig. 10(e) we report the average of the standard deviation ¢ of
the reward distribution. We recall indeed that the main characteristic of
DistRL is to learn the reward probability distribution rather than only
the expected value given by the value (or the Q) function. Similarly
to the results shown in the previous figures, we can observe how the
slope of the standard deviation varies during the training process for
the same reasons we mentioned before.

In Fig. 10(f) we report J, as a function of the standard deviation
weighting factor A. Also in this case, we can see that the critic loss
function converges as the training process progresses, with spikes hap-
pening in correspondence of the change of the episode parameters.
Furthermore, we can observe that we get good convergence of the
algorithm for all the three values of A.

A more remarkable effect of A can be observed by looking at the
performance of the average of the reward distribution Q, shown in Fig.
10(g). Results suggest that the performance might benefit from a larger
value of 4, provided that it is not too large. Indeed, we can see that
the lowest mean of the reward is reached for 4 = 10. Larger values
of A might induce the algorithm to learn too conservative policies in
order to keep low the standard deviation of the reward, thus giving
less relevance to the mean.

Finally, we show in Fig. 10(h) the related effects of 4 on the standard
deviation of the reward distribution. As one would expect, in most cases
a larger value of 4 is associated with a lower values of average standard
deviation.
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6. Conclusions

In this work, we addressed the challenging problem of task offload-
ing and resource allocation in edge computing systems. In particular,
we explored the integration of early exiting mechanisms, demonstrating
their potential to dynamically adapt system performance based on task
requirements, network conditions, and the availability of remote com-
putational resources, providing an increase of average task completion
ratio of up to 212% with respect to classic edge computing systems,
under the considered system configuration. To effectively interact with
this complex environment, we employed a novel variant of DRL, capa-
ble of learning adaptive policies while also quantifying the associated
uncertainty. This approach enabled more informed decision-making in
highly dynamic scenarios, being able to develop risk-sensitive poli-
cies. Our preliminary findings suggest promising directions for under-
standing and potentially balancing the trade-off between high-reward
policies and other policies characterized by low outcome standard
deviation. Future work will further explore this trade-off to assess
whether it is possible to simultaneously optimize for both performance
and robustness. As part of our ongoing research activities, future work
will focus on the deployment of EE-enabled Al applications on a real
edge-computing testbed available at our institution. This will allow us
to validate the proposed TORA-EE framework under realistic operating
conditions and to assess practical aspects such as scalability, deploy-
ment overhead, and controller complexity. Such experimental activities
could be naturally integrated within the context of ongoing research
initiatives involving our university, such as the P-CAR project [42],
which is developing advanced facilities for the testing and valida-
tion of Connected and Automated Vehicle services and edge-enabled
intelligent transportation systems.

CRediT authorship contribution statement

Simone Angelucci: Writing — review & editing, Writing — original
draft, Validation, Methodology. Roberto Valentini: Writing — review
& editing, Validation, Supervision. Marco Levorato: Writing — review
& editing, Visualization, Supervision, Resources, Conceptualization.
Fortunato Santucci: Writing — review & editing, Visualization, Su-
pervision, Funding acquisition. Carla Fabiana Chiasserini: Writing —
review & editing, Visualization, Supervision, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Acknowledgments

This research was partly funded by the project “Centre of Excellence
on Connected, Geo-Localized and Cyber-secure Vehicles (EX-Emerge)”
— Italian Government (Grant Number : CIPE Resolution 70/2017).

Appendix. Error analysis of fixed SNR-MCS mapping across BLER

Using the same SNR-MCS mapping for BLER values different from a
reference BLER value BLER,; (0.1 in our case) introduces a mismatch
that may bias the estimated data rate and, consequently, the offloading
performance.

To quantify this effect, we analytically estimate the error induced by
this approximation. We first evaluate the SNR shift required to move
from BLER, to a generic target BLER,,, in order to rely on the same
MCS.

For each MCS m, we approximate the BLER curve in the waterfall
region by a logistic function

1

BLER, ()= —
P T exn (0 — 1)

(A1)
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where, for notational convenience, we reuse the symbol y to denote the
SNR, y,, is the SNR offset for MCS m, and p is a parameter capturing
the slope of the BLER curve. We assume that all MCSs share the same
slope parameter g, while differing only in their SNR offsets y,,. Under
this assumption, the BLER curves form a family of horizontally shifted
replicas of a common function.

By inverting Eq. (A.1), the SNR required to achieve a generic target
BLER for MCS m is

%1“<1_BLER)'

BLER
Evaluating this expression at BLER ; and at a different target BLER,
the corresponding SNR thresholds satisfy

Y =Vm+ (A.2)

tgts

YO0 o) gy, (A.3)
where
BLER, (1 — BLER,,,)
dy=Lm ( ref et ) . (A4
p \BLER (I - BLER )

Importantly, Ay does not depend on the MCS index m, due to the equal-
slope assumption. Therefore, we assume that changing the BLER target
induces a rigid translation of all SNR thresholds by the same quantity
Ay, and the entire SNR-MCS mapping is uniformly shifted along the
SNR axis. As a result, the MCS selected under BLER,,, at a given SNR y
is equivalently obtained by evaluating the reference mapping at y + 4y.
This property enables a tractable characterization of the rate mismatch
induced by reusing an SNR-MCS mapping calibrated at BLER, ;.

It is worth emphasizing that the uniform shift property strictly holds
under the equal-slope logistic approximation adopted for analytical
tractability. Since the SNR-MCS mapping reported in [35] may exhibit
MCS-dependent slope variations, directly shifting the reference thresh-
olds would not necessarily yield an exact mapping for a different BLER
target. Therefore, rather than redefining the mapping, we quantify the
bias introduced by reusing the reference table, which allows us to assess
the robustness of the reported performance results.

There is an error every time that the SNR shift induces a change
of MCS. We are then interested in evaluating the mismatch proba-
bility conditioned to a particular channel state r;. Assuming that the
instantaneous SNR within channel state r; is uniformly distributed in
the interval [y, 7,411, i.e, ¥ ~ U'(3.7;41), the mismatch probability
conditioned on state i is given by

Pris|r; = P (}’ + 4y € [v; 7,‘+1]) . (A.5)

Under the uniform assumption, this probability reduces to

. A
pmis|r[ = min <lv | Y| > . (A6)
Vil = Vi
The average relative rate error is then computed as
N,

AR =Y 7, sy, AR, A7)

i=1

where 7; denotes the steady-state probability of being in channel state
r; and AR, is the data rate mismatch associated with channel state i.
In our model, consistent with the adopted finite-state wireless channel
model, we assume z; = 1/N,. Note that since the only MCS-dependent
quantity in Eq. (5) is the spectral efficiency, the relative error reduces
to the ratio between the corresponding spectral efficiencies, taken from
the reference mapping in [35], and it can be defined as follows:

(tgt) (ref) (tgt) (ref)
AR, = R -R _ 0" -0
i Ql(_ref)

! REref) (A-8)
where, for simplicity of notation, with Rf.lg” and Rf.mf) we indicate the
offloading rate when being in channel state i and using the derived

target BLER mapping or the reference one, respectively.
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Table A.1

Transmission decision error probability (%) induced by using the SNR-MCS
mapping calibrated at BLER ; = 0.1, for different target BLER values and slope
parameters f.

p/BLER 0.05 0.0875 0.125 0.1625 0.2 0.5

1.3 5.13 0 0 0 4.33 6.25
1.5 4.45 0 0 0 3.75 6.25
1.8 3.7 0 0 0 3.13 6.25

In order to evaluate thgt), we first approximate the instantaneous
SNR by its midpoint value within each interval, obtaining 7;. Then, we
exploit the SNR shift 4y to compute the shifted SNR

- shift

v =y Ay (A.9)

Let, for notational convenience, reuse the symbol {z,,} to denote the
ordered set of SNR decision thresholds of the reference mapping, such
that MCS m is selected when

Tyt Vi < Tpye (A.10)

The MCS consistent with BLER,, is then obtained as the smallest index
m* satisfying

- shift

phift < g (A11)

This procedure is equivalent to evaluating the reference SNR-MCS
mapping at the shifted SNR value, in accordance with the uniform
translation property discussed previously. An MCS mismatch occurs
whenever m* # m.

To evaluate the impact of using an SNR-MCS mapping calibrated
at BLER,; = 0.1 for different BLER targets, we computed the average
relative rate error as in Eq. (A.7). Table 3 reports the average rate error
for BLER € [0.05,0.2] and BLER = 0.5, for different values of the
BLER slope parameter f € {1.3,1.5,1.8}. The error can be positive or
negative, meaning that a negative error implies a higher transmitting
rate with respect to the possible one, while a positive error implies
that high transmission rates could have been achieved if relying on the
correct SNR-MCS mapping. This is consistent with the intuition that
when considering more conservative BLER constraints, lower data rates
are achieved when considering same SNR values. The opposite can be
said instead when relaxing the BLER constraint.

In general, results reported in Table 3 show that for BLER values
close to the reference value (e.g., 0.0875 and 0.1250), the average
error is 0% for all considered f. In general, for BLER € [0.05,0.2], the
mismatch induces an average rate error between approximately 0.3%
and 15%, depending on f. For extreme BLER values (e.g., 0.5), the error
increases significantly (up to 50%), as expected due to the large SNR
shift required.

Table A.1 instead reports the probability of incorrect transmission
decisions. When tightening the BLER constraint, some channel states
that were previously feasible for transmission may become unfavorable.
Conversely, when relaxing the BLER constraint, previously unfavorable
channel states may become feasible for transmission, since lower SNR
values are sufficient to sustain the transmission. The probability of
incorrect transmission decisions is evaluated similarly to the average
relative error:

NV‘
Py err = Z i Pmis|r; 1{(R((gn)>0)#R(ref)>o)}, (A12)
i=1 ! !
where the indicator function is equal to one whenever the transmission
decisions differ each other.

As a concluding remark, the main performance trends and com-
parative conclusions of this work are drawn within the practically
relevant BLER range [0.05,0.2], where the induced bias remains mod-
erate and does not alter the qualitative behavior of the proposed
TORA-EE framework. This analysis confirms that, while the reuse of
a fixed SNR-MCS mapping introduces a controlled bias, the reported
results remain robust in realistic operating regimes.
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