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In particular, it describes the research outcomes of Task 4.2 fo-
cused on developing AI-driven techniques for sustainable and
human-centric radio resource management. Indeed, as emerg-
ing mobile services require to collect increasingly large volumes
of data through the radio link and process them via AI/ML mod-
els at the network edge, it is imperative to limit the demand for
communication and computational resources. To address this
challenge, we designed innovative techniques to minimize re-
source, hence energy, consumption while fulfilling performance
requirements and system constraints. Specifically, we created
and tested novel solutions for (i) the efficient management of ra-
dio interfaces and radio traffic, despite the highly dynamic opera-
tional environments, (ii) the energy-aware training and execution
of AI/ML models at the network edge, and (iii) the configuration
of innovative network architectures that besides network perfor-
mance metrics, account for EMF exposure. Our solutions often
leverage data-driven approaches, which can tackle the complex-
ity and the scale of new generation network systems more effec-
tively when compared to traditional optimization methods. Over-
all, the solutions and methods we propose represent an effective
set of tools to make the support of AI/ML-based mobile services
sustainable.
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Executive Summary
This document reports the main research achievements of Task 4.2 within Work Package
4 of the CENTRIC project. Directly contributing to CENTRIC’s Objective 3 (“To develop AI
methods for the discovery of customized lightweight communication protocols"), this work
focuses on developing novel Artificial Intelligence (AI) based techniques for sustainable and
human-friendly Radio Resource Management (RRM) in future 6G networks. Specifically,
we target 6G Key Value Indicators (KVIs) such as energy efficiency and human exposure
to Electromagnetic Fields (EMF), alongside traditional performance metrics, ensuring net-
work operation is powerful, sustainable, and responsible. The innovations presented span
foundational prediction methods, intelligent scheduling, energy-efficient AI execution at the
network edge, and EMF-aware network design and operation, particularly within user-centric
cell-free architectures.
According to Task 4.2.1 objective (Develop techniques to optimize some of the novel 6G sus-
tainability KVIs, such as energy- efficiency and power consumption), the document presents
effective techniques tfor energy efficiency at the radio interface, while meeting Quality of Ser-
vice (QoS) requirements such as coverage and capacity. To achieve the task goals, we in-
vestigate multi-objective optimization techniques by leveraging AI/ML-based methodologies.
The first fundamental AI/ML-based optimization we tackle is packet scheduling. The pro-
posed solution is 3GPP-compliant, has low complexity, and provides fair throughput across
users. The scheme, leveraging deep RL, also exploits a novel training technique for Prox-
imal Policy Optimization (PPO) tailored for radio resource allocation. Results demonstrate
the superiority of the proposed scheduler with respect to heuristic alternatives in realistic
and standard-compliant 5G system-level simulations. The above work highlights how impor-
tant and complex it may be to adhere to system and services constraints while optimizing
a radio interface. Indeed, achieving sustainable and human-friendly RRM relies on robust
AI decision-making, which in turn necessitates reliable predictions of the complex network
dynamics. To this end, we introduce novel methodologies for reliable predictions. No-
tably, governing prediction uncertainty is of utmost importance ito adhere to services safety
standards. We then propose a calibration technique that can cope with complex dynamic
environments and enhances the reliability of probabilistic forecasters by providing accurate
error bounds; thus, it is a powerful methodology to handle constraints in control policies for
optimal task execution.
Beyond optimizing RRM decisions, it is critical to ensure sustainable AI/ML-based predic-
tion and decision-making processes at the network edge. In accordance with the objectives
of Task 4.2.2 (Develop energy-efficient model training and inference algorithms for AI-AI
radio resource management), we thus investigate how to execute training and execution
of AI/ML models in an energy-efficient way at the network edge. Firstly, we formulate the
innovative problem of optimal inference task offloading and execution at the network
edge, through ML models composed of shareable blocks of layers. The solution we de-
velop yields substantial gains with respect to the state of the art, in terms of efficiency of
the inference process, bandwidth occupation, and energy savings. Secondly, as crucial to
sustainable AI/ML is not only efficient processing but also data selection, we introduce a
method that aims at minimizing the number of data samples to use for ML model train-
ing. Results obtained using state-of-the-art datasets and neural network models, show that
the proposed technique dramatically reduces the required data, and network nodes, that
need to get involved in the training of ML models, while preserving privacy and learning
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performance. Thirdly, whenever distributed learning, such as Federated Learning (FL), is
needed to preserve data privacy, we propose decentralized optimization frameworks that re-
duce communication costs and energy consumption. To this end, we employ second-order
optimization techniques and we present different ways to reduce the communication and
energy resources for training ML models and executing them for inference.
Finally, addressing the ’human-friendly’ aspect requires explicit consideration of the impact
of radio connectivity on human exposure to EMFs. As foreseen in Task 4.2.3 (Design
of AI-based algorithms for optimizing cell-free networks from a service and EMF viewpoint),
we have explored both traditional and ML-based techniques to reduce the EMF exposure,
while focusing on the emerging cell-free networks paradigm. In this context, we first tackle
the fundamental issue of making human-centric decisions on the point-of-access man-
agement and on which users should be associated with which points of access. We
face these issues by defining an efficient solution concept that optimally balances network
performance and against metrics like energy consumption and EMF exposure. Importantly,
using detailed models for EMF exposure estimation and standard-specified signal propaga-
tion models, we demonstrate that our solution reduces energy consumption by over 80%
with respect to state-of-the-art network alternatives. Then we further address the suitability
of cell-free deployments to provide EMF-compliant wireless coverage by focusing on
massive multiple input multiple output (MIMO). We define the problem of power control in
user-centric cell-free massive MIMO systems under EMF constraints, aiming at maximizing
the minimum data rate across users on both the uplink and the downlink, showing that EMF
safety restrictions can be easily met without jeopardizing data rate.

In summary, the research we conducted has provided a set of solutions that fully meet
the objectives of Task 4.2 and of CENTRIC Objective #3. Specifically, our research results
offer substantial improvements in performance reliability, energy efficiency, and EMF control,
addressing the dual challenge of the increasing resource management complexity and of
the stringent operational constraints characterizing next-generation wireless networks. In
accordance with Task 4.2.1, the methods presented in Chapter 2 show that AI/ML-based
multi-objective optimization techniques and approaches for uncertainty control are highly
effective tools to increase the effectiveness of power allocation and RRM as well as to make
the system scalable establishing the best trade-off between throughput performance and
computational efficiency.
Then, as specifically targeted by Task 4.2.2, our work presented in Chapter 3 demonstrates
that, when compared to the state of the art, our ML model caching and intelligent strategies
for collaborative training and inference can substantially reduce not only the communication
overhead (by 25%), but also memory usage and computing time (by 80% and 77%, resp.).
Additionally, they can dramatically decrease energy consumption, requiring just 6.7%–20%
of the energy consumed by existing paradigms.
Finally, as reported in Chapter 4, the activities within Task 4.2.3 have provided paradigms for
cell-free networks that meet both Qos and EMF constraints. Notably, our approach signif-
icantly outperforms conventional ones in terms of energy consumption and EMF exposure
—achieving up to 80% savings in some scenarios. Furthermore, our solutions ensure that
network performance metrics such as data rate requirements are still met, effectively striking
a balance between user QoS and societal health concerns. In this respect, it is important to
remark that our study has taken advantage of advanced computational models, both statis-
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tical and deterministic, of human body EMF exposure. Specifically, with the aim to carefully
assess the impact of 6G network deployments on the human body, we have adopted specific
metrics such as electric field strength and dosimetric quantities (i.e., the EMF dose absorbed
by biological tissues).

At last, based on the insights provided by our study, we argue that the following methods
should be further leveraged and investigated for the realization of 6G systems.

• Enhanced RL algorithms (Section 2.1) have great potential in efficiently scheduling
massive radio resources, paving the way for more sophisticated and resource-aware
MAC-layer scheduling in next-generation cellular networks. In particular, algorithms
need to be further improved to ensure the fulfillment of QoS constraints during the
entire operational phase. Additionally, to address the latency on scheduling, a potential
approach is to eliminate the loop over the spatial layers.

• Calibration methods (Section 2.2) can be extended to tackle key challenges in wireless
networks, such as non-stationary data distributions, communication noise, and decen-
tralized data processing. Addressing these issues will be essential for the widespread
adoption of AI-driven techniques and the development of safe AI-native networks;

• The solution created for ML models caching and execution at the mobile edge (Sec-
tion 3.1) underscores the potential of this innovative paradigm for fusion of multi-modal
sensor data at the edge – an application that is gaining increasing attention. Distributed
sensor fusion and multi-data processing can indeed be provided through dynamic neu-
ral networks that operate according to context and semantic information, and optimize
the transmission of such information depending on its relevance level.

• The volume of data collected and processed by ML models (Section 3.2) and the com-
munication overhead for distributed ML model training (Section 3.4) should be min-
imized – especially in the case of the emerging Large Language Models (LLMs) –,
while still ensuring high quality levels of learning and inference. Ways to do so when
LLMs are applied require additional study while accounting for data heterogeneity.

• The metrics we used for assessing human-exposure to EMF (Section 4.1) represent
a valuable reference for the investigation of this important KVI in the design of next-
generation systems. Further, the deep unfolding method (Section 4.2) could be applied
in the DL setting to further reduce the system’s complexity. Expert knowledge can
indeed be incorporated into the design, leading to higher practical feasibility and further
simplifying computational resources.
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1. Introduction

This deliverable describes the radio resource management innovations discovered by CEN-
TRIC within Task 4.2. Our innovations leverage Artificial Intelligence (AI) for improving en-
ergy efficiency and better controlling Electromagnetic Field (EMF) exposure in 6G networks
while fulfilling the QoS requirements for novel specialized services. They therefore con-
tribute to CENTRIC’s Objective 3 (“To develop AI methods for the discovery of customized
lightweight communication protocols"), by developing techniques for sustainable and human-
friendly Radio Resource Management (RRM). 6G is indeed expected to provide not only
ubiquitous coverage and high-data rate connectivity, but also to facilitate increasingly so-
phisticated cyber-physical systems. To this end, 6G systems need to intertwine communi-
cation and computing capabilities, posing significantt challenges to operational efficiency.
The effective orchestration of such complex and dynamic environments requires innovative
methods that fulfill performance requirements while optimizing energy usage, reliability, and
QoS. Central to addressing these challenges are advanced techniques in resource allocation
and management. Specifically radio resource management, necessitates solutions capable
of balancing competing objectives — such as maximizing throughput, minimizing latency,
and conserving energy — under fluctuating channel conditions and traffic demands. As
traditional model-based approaches often struggle to cope with dynamic and complex sce-
narios, data-driven, AI/ML-based methods have emerged as a relevant approach, leveraging
their ability to adaptively optimize system performance in highly variable environments. The
adoption of AI/ML approaches however comes with its own set of challenges.

A critical issue is the reliable quantification and management of prediction uncertainty, ad-
dressed in Chapter 2 of this document. Predictions play an essential role in system mon-
itoring and control decisions within cyber-physical contexts, where uncertainty can directly
impact safety, operational continuity, and performance fulfillment. Conventional forecasting
models often fail to adequately address scenarios characterized by branching future trajec-
tories or rapidly shifting dynamics, leading to overly conservative or insufficiently protective
operational decisions. To tackle this issue, the emerging field of Conformal Prediction has
gained attention, since it provides a method for post-hoc calibration of predictive models,
ensuring reliability and clearly defined risk boundaries. In particular, by integrating prob-
abilistic models with Conformal Prediction (CP), the proposed Probabilistic Time Series-
Conformal Risk Prediction (PTS-CRC) method can significantly enhance the capability to
make informed control decisions in environments with high uncertainty, thus achieving bet-
ter safety guarantees and more efficient resource utilization. Unlike conventional methods,
PTS-CRC constructs predictive sets using ensembles of prototype trajectories, effectively
capturing uncertainties. PTS-CRC has been integrated into a new Model Predictive Con-
trol (MPC) framework designed for both open-loop and closed-loop control problems. No-
tably, the method has been applied to predictive power control for interference mitigation and
to energy-efficient HARQ-based schemes. The proposed strategies are validated through
wireless network experiments, demonstrating superior predictive accuracy and safer, higher-
performance control policies across the diverse tasks.
The second major theme addressed in Chapter 2 is about RL-based schedulers for effi-
cient radio resource allocation. Advancements in RL have indeed transformed scheduling
mechanisms in wireless communications. Traditional methods for packet scheduling, while
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efficient for simpler scenarios, exhibit significant limitations in scalability and adaptability
when faced with the multidimensional problem of assigning resources in time, frequency,
and space, thus making ML, and RL in particular, essential tools. Deep RL techniques, such
as Proximal Policy Optimization (PPO), have proved to be able to allocate resource while
optimally balancing user fairness, throughput, and computational efficiency. These meth-
ods inherently adapt to dynamic channel conditions and user demands, offering real-time
and scalable solutions. The approach proposed in CENTRIC includes novel enhancements
like expert policy guidance, entropy learning, and experience replay methods, which sig-
nificantly accelerate training and improve scheduler performance. In detail, two primary
training methodologies—on-policy and off-policy deep scheduler training—are investigated.
On-policy training methods benefit from incorporating expert guidance, reducing conver-
gence time and improving real-time responsiveness. Conversely, off-policy training methods
leverage replay buffers to substantially enhance learning efficiency, particularly beneficial in
dynamic, high-dimensional network scenarios. Through rigorous system-level simulations
adhering to realistic and 3GPP-compliant standards, these deep schedulers consistently
outperform their heuristic counterparts, offering robust generalization capabilities across
varying bandwidths, MU-MIMO configurations, and traffic patterns.

Chapter 3 presents a set of strategies for the support of scalable and sustainable AI/ML at
the radio access network and the network edge, designing innovative methods for minimizing
the energy consumption associated with ML models training and execution. The key ideas
of the poroposed strategies are intelligent caching and sharing of ML models (or sections
thereof) at the edge, selective data usage for ML model training, and communication-efficient
protocols for distributed learning — all contributing to a more sustainable use of AI/ML at the
network edge. More in detail, we first present OffloaDNN, an optimization framework that
addresses scalable offloading of inference tasks at the edge. In ligh of the problem NP-
hardness, we design a weighted-tree-based heuristic that intelligently caches and shares
DNN layers to reduce memory and compute usage without compromising task accuracy. Key
innovations include freezing shared DNN blocks, fine-tuning task-specific layers, and pruning
them to match resource constraints. OffloaDNN also optimizes task offloading rates from
mobile users to the network edge, thus tackling not only computing but also communication
resource allocation. Simulation and emulation results demonstrate that OffloaDNN provides
significant gains over the state of the art in terms of memory usage (reduced by >80%),
computing time (dropped by 77%), and task admission rates (increased by >25%).

To further reduce computing time during ML model training, techniques to reduce the volume
of used data can be adopted. However, in order not to degrade the ML model performance,
data selection generated by distributed sources must be carefully performed. We thus de-
fine a data-driven source selection algorithm that constructs cooperation graphs among the
network nodes that can act as training clients in a decentralized learning process. The
approach essentially allows only the most relevant datasets to participate in collaborative
model training, thereby conserving energy. Three metrics — dataset distance, singular
value decomposition-based similarity, and a hybrid one — are explored for graph construc-
tion. Then an iterative hill-climbing algorithm uses these metrics to balance model accuracy
and training cost, achieving close-to-optimal performance even in highly heterogeneous and
decentralized environments.
Focusing on cooperative decentralized learning tasks, it is essential to make them as energy-
efficient as possible, non only from the computing but also also the communication viewpoint.
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To this end, we explore the role of second-order optimization methods in federated learning.
We also leverage the superposition properties of the wireless medium for efficient model
aggregation, drastically reducing energy and latency. In comparison to popular methods like
FedAvg and FedProx, the proposed solution consumes only a fraction of the energy and a
fraction of the CPU time.

Finally, Chapter 4 explores the integration of artificial intelligence and advanced architectural
paradigms in next-generation wireless networks to address one of the most pressing public
concerns: EMF exposure. This is achieved by addressing two primary themes: human-
centric decision-making for network configuration of cell-free networks and EMF-compliant
resource allocation in cell-free massive MIMO systems. The first one delves into the man-
agement of cell-free networks—an emerging architecture where the traditional concept of
cellular coverage is replaced by a flexible, dense mesh of Points of Access (PoAs). This flex-
ible network architecture offers a path toward more efficient and responsive networks, but it
also introduces complexity in user association, power control, and beam management. Most
critically, it raises the issue of how to mitigate EMF exposure not just for active users but for all
individuals present in the network area. To address these challenges, we propose a human-
centric network management paradigm for cell-free networks, embodied in the Cluster-then-
Match heuristic consisting of two stages. It first clusters users based on spatial proximity
and then assigns these clusters to specific PoAs using the Hungarian optimization method.
Besides throughput, the strategy explicitly considers SAR (Specific Absorption Rate) and
IPD (Incident Power Density) as main performance metrics. Performance evaluations show
that this approach significantly outperforms conventional approaches, including some that
rely on ML, in terms of reducing energy consumption and EMF exposure—achieving up to
80% savings in some scenarios. Furthermore, the envisioned scheme ensures that network
performance metrics such as data rate requirements are still met, striking a balance between
user QoS and societal health concerns.
In a cell-free massive MIMO system, instead, we propose both a model-based and a data-
driven method to let the system effectively operate while meeting EMF constraints. The
model-based approach involves maximizing the minimum data rate across users, subject to
strict EMF constraints in both uplink and downlink transmissions. Simulation results demon-
strate that such a solution outperforms conventional multi-cell MIMO systems in maintaining
user fairness and meeting EMF safety thresholds. However, the high computational com-
plexity of the theoretical solution makes it unsuitable for real-time use, which leads to the
use of AI-enabled methods. These include feedforward deep neural networks and deep
unfolding techniques, trained on data generated from the theoretical solution. Performance
evaluations reveal that these ML-based schemes closely match the performance of model-
based solutions in terms of data rate and EMF exposure while enabling practical real-time
implementations. Both downlink and uplink performance are again examined using SAR and
IPD as primary metrics. Notably, while the uplink is more sensitive to EMF due to proxim-
ity of the transmitting device to the user, the cell-free architecture’s ability to distribute load
among nearby APs mitigates this issue.

Below, we summarize how the work we performed contributes to the objectives of WP4 of the
CENTRIC project, and of Task 4.2 in particular, as extracted from the formal task description.
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Table 1.1: Work adherence to Task 4.2 objectives

Task Objec-
tive

Document
Chapter

Contribution

To optimize
6G KPIs
and KVIs
through ML
models for
RRM in novel
user-centric
wireless
topologies
such as
cell-free net-
works

Chapter 2 (i) Reliable quantification and management of
prediction uncertainty in system monitoring and
open/closed-loop control decisions through the
Probabilistic Time Series-Conformal Risk Predic-
tion method that integrates probabilistic models
with Conformal Prediction. (ii)) RL-based sched-
ulers for efficient multidimensional (time, frequency,
space) radio resource allocation. Exploiting expert
policy guidance, entropy learning, and experience
replay methods, while adhering to 3GPP standards
training, and scheduler performance are substan-
tially improved.

To develop
caching tech-
niques that
minimize
the energy
consumption
of ML mod-
els during
training and
inference at
the wireless
edge

Chapter 3 Innovative, scalable methods for minimizing en-
ergy consumption of ML models training and
execution at the edge, leveraging (i) intelligent
caching and sharing of ML models (or sections
thereof), (ii) selective data usage for training, and
(iii) communication-efficient protocols for distributed
learning offloading of inference tasks at the edge.
Achieved gains in comparison to SotA methods
such as SEM-O-RAN, FedAvg, and FedProx: mem-
ory usage reduced by over 80%, computing time
dropped by 77%, and task offloading admission
rates increased by more than 25%

To analyse
cell-free
massive
MIMO de-
ployments
to maximize
network
energy effi-
ciency

Chapter 4 (i) A model-based approach maximizing the min-
imum user data under energy and power con-
straints and outperforming conventional multi-cell
MIMO systems in user fairness. (ii) Low-complexity,
AI-enabled methods trained on data generated
from the theoretical solution, closely matching the
data rate and energy/power performance of model-
based solutions while enabling real-time implemen-
tations.

To develop
AI-based
techniques
for EMF
reduction
in cell-free
networks

Chapter 4 Human-centric network management paradigm
and EMF-compliant resource allocation in cell-free
networks through low-complexity heuristics and
data-driven solutions. The strategies minimize en-
ergy consumption while meeting throughput and
EMF constraints, with EMF accounted for through
SAR (Specific Absorption Rate) and IPD (Incident
Power Density) as performance metrics (up to 80%
energy savings w.r.t. conventional approaches)
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2. Multi-objective RRM optimization for performance-

energy trade-offs

2.1. Practical Deep Schedulers for Radio Resource Allocation
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

ML methods are increasingly proposed to optimize wireless network functions, such as ra-
dio packet scheduling. However, a feasible 3GPP-compliant scheduler capable of delivering
fair throughput across users, while keeping a low computational complexity for 5G and be-
yond has yet to be accomplished. To address this, we enhance State-of-the-Art (SoTA)
deep Reinforcement Learning (RL) algorithm and adapt it to train our deep scheduler. On
top of developing the deep scheduler framework, we introduce novel training techniques
for Proximal Policy Optimization (PPO) tailored for radio resource allocation, which outper-
formed other tested variants. Besides showing the framework of an on-policy method, we
present an off-policy method of training a deep scheduler, which demonstrates outstand-
ing performance gains over the baseline and on-policy approaches. These improvements
were achieved while maintaining minimal actor network complexity, making them suitable
for real-time computing environments. Our proposed deep scheduler demonstrates strong
generalization across different bandwidths, numbers of MU-MIMO layers, and traffic models.
Ultimately, we show that our pre-trained deep schedulers outperform their heuristic rivals in
realistic and standard-compliant 5G system-level simulations.

2.1.1. Motivation and State of the Art

Wireless systems have evolved, capable of serving vast amounts of data to many users
over large areas. This progress stems from splitting wireless channels into resources across
multiple dimensions: code, frequency, time, antennas, beams, and spatial layers. The radio
packet scheduler dynamically allocates these resources to users, optimizing network perfor-
mance, fairness, and spectral efficiency.

In 4G, 5G, and, likely, 6G, radio packet schedulers allocate the time, frequency, and spatial
radio resources to the users that need them. We refer to these functions as Time Domain
Scheduling (TDS), Frequency Domain Scheduling (FDS), and Spatial Domain Schedul-
ing (SDS). They are NP-hard combinatorial problems, often solved with heuristics that
lack optimality guarantees and scale poorly. As we transition into 6G, the number of ra-
dio resources at our disposal will continue to grow (e.g. larger Multiple Input Multiple Out-
put (MIMO) arrays, larger bandwidths, diverse user devices, etc.). This increasing complex-
ity strains traditional scheduling methods, creating a compelling need for new approaches.
Machine Learning (ML) offers a promising path forward for several reasons:

• Scalability: ML models, once trained, often make decisions faster than complex heuris-
tics.

• Flexibility: ML models naturally consider multi-modal factors, such as Channel State
Information (CSI), UE priorities, Quality of Service (QoS) profiles, etc.
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• Adaptability: ML models learn to adapt to changing channel conditions, traffic pat-
terns, and user demands, a critical capability as networks become more dynamic.

The ability of packet schedulers to react quickly to load changes while considering all other
inputs is hard to balance and build into heuristic algorithms. For instance, some radio sched-
ulers may select the best beam based on beam-specific CSI reports. Grounding this deci-
sion also on the per-beam traffic load (even if the beam has worse RF conditions) may
sometimes yield net capacity gains [4]. Such load changes can happen very fast (espe-
cially in the higher FR2 frequencies at 24.25 GHz to 52.6 GHz) when UEs move across
beams very quickly. Detecting such rapid changes requires additional sub-routines built into
heuristic schedulers, which increase their computational complexity and make debugging
even harder. Instead, ML-based deep schedulers trained on real scenarios excel at detect-
ing such hidden patterns in the data, often before the event occurs. While beam selection
is a crucial aspect of scheduling in Grid of Beams (GoB) systems, our current proposal ad-
dresses the broader challenge of resource allocation in a dynamic Zero Forcing (ZF)-based
beamforming context, particularly well-suited for Frequency Range 1 (FR1) (below 6 GHz)
and the emerging 6G mid-bands (7-15 GHz).

Building on the established practice of splitting radio scheduling into TDS and FDS as de-
scribed in [5], our reference scheduler architecture adds an SDS step to support MU-MIMO.
The TDS step shortlists candidate UEs for scheduling, and the FDS step allocates frequency
resources (optionally non-contiguous) to these candidates. With MU-MIMO, the SDS step
pairs candidate UEs on additional Downlink (DL) MU-MIMO user layers for each Resource
Block Group (RBG). We use two iterative heuristic SDS methods similar to those in [6],
modifying them to first allocate Single-User MIMO (SU-MIMO) resources with FDS and then
add spatial user layers until no suitable candidates remain or no additional MU-MIMO gain is
expected with Regularized Zero Forcing (RZF)-based beamforming. We describe both SDS
variants next:

(Baseline SDS) The baseline SDS algorithm operates on a pre-sorted list of UE candidates
using the Proportional Fair (PF) metric from the TDS phase. It iterates through candidates
in PF-sorted order, selecting the first UE that increases the total throughput of the RBG
when co-scheduled with UEs already assigned to previous MU-MIMO user layers. This ap-
proach can be computationally demanding for real-time environments, as it may need to
iterate through all candidates to find one that improves sum throughput, posing a challenge
for practical implementation.

(PF Greedy SDS) To explore further gains, we implemented a modified SDS scheduler, PF
Greedy SDS. For each RBG and MU-MIMO layer, this scheduler exhaustively searches
for the candidate UE that maximizes the PF sum metric and increases the MU-MIMO sum
throughput estimate for each RBG and spatial layer. This approach increases computational
complexity, requiring recalculating beamforming weights and throughput estimations for ev-
ery scheduled UE and new candidate for each RBG and spatial layer. While an exhaustive
search could theoretically find the optimal combination, it is computationally infeasible even
within our system-level simulations, let alone in a real-time environment.

The field of ML-based radio resource allocation has a rich history, with numerous designs
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proposed over the years [7]. However, the complexity of wireless scheduling makes optimal
solutions computationally challenging, hindering the acquisition of reliable labeled data for
supervised learning models. The time-sequential nature of scheduling decisions lends itself
to hidden Markov chains, leading most deep schedulers to employ Reinforcement Learn-
ing (RL).

In [8], a DL Frequency Domain (FD) deep scheduler based on Double Deep Q-Network
(DDQN) was proposed, trained to maximize a composite reward for bitrate and fairness
via non-contiguous allocation of 5G-compliant RBGs. However, it ignored subband-specific
Channel Quality Indicator (CQI), missing frequency selectivity opportunities. Its Q network
had two Fully Connected (FC) hidden layers of size 128 with ReLU activations, performing
comparably to a PF baseline. The report did not discuss inference time or computational
complexity, which is crucial for 5G schedulers making decisions every slot with sub-ms la-
tency.

The deep scheduler proposed in [9] addresses SDS in Uplink (UL) MU-MIMO settings using
Soft Actor-Critic (SAC) and K-Nearest Neighbors (KNN), aiming to maximize Spectral Effi-
ciency (SE) and fairness among users. It incorporates UE grouping based on channel corre-
lations and is evaluated with simulated and real-world data. However, the proposed method
deviates from 5G New Radio (5G NR) uplink allocation requirements, which mandate con-
tiguous or almost contiguous Resource Block (RB) allocations with RBG granularity [10].
This discrepancy in uplink allocation strategy limits the direct applicability of the approach
within standard-compliant 5G NR systems.

Other efforts to reduce the action space size of deep schedulers in MU-MIMO settings in-
clude Deep Q-Networks (DQNs) with Action Branching (AB) [11]. However, this method
does not scale effectively to practical massive MIMO systems, as it requires a large action
space even with just two MIMO layers, involving Na actions and 3.6 million trainable param-
eters. Additionally, RL-based methods incorporating Monte Carlo Tree Search (MCTS) have
also been explored [12].

More recently, a hybrid FD deep scheduler was proposed [13], where the UEs are selected
heuristically according to a weighted priority metric. A Proximal Policy Optimization (PPO)
agent is trained to learn the heuristic’s priority weights to minimize delay and packet loss.
The PPO agent used five hidden layers of size 64. By leveraging the priority-based heuristic,
the priority weights can change slowly and the inference pass does not need to be executed
in each slot. Such an approach overcomes most implementation challenges but sacrifices
some dynamicity and may lead to suboptimal decisions due to the inherent limitations of the
priority-based heuristic.

Recognizing the large combinatorial action space that radio schedulers confront, the authors
in [14] have also opted for a policy-gradient method such as DDPG, which uses an Actor-
Critic (AC) architecture. The aim is to train a ML model for aiding the scheduler to estimate
an adequate allocation size NRBs and Modulation and Coding Scheme (MCS) for each UE
under virtualized Radio Access Network (vRAN) computational constraints. This design
considers the UE-specific uplink Signal-to-noise Ratio (SNR) and the congestion of the cloud
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platform’s CPUs, and it rewards the model for maximizing successful data decoding, thus
promoting high bitrate. The authors claim significant gains in spectral efficiency over a Round
Robin (RR) baseline.

2.1.2. Proposed Solution

To develop a practical deep radio resource scheduler that meets real-time Base Transceiver
Station (BTS) constraints while maintaining or exceeding legacy scheduler Key Performance
Indicators (KPIs), we devised two ML-based scheduler architectures. The first, a 1LDS, op-
timizes execution time by providing scheduling decisions for all RBGs per MU-MIMO user
layer in a single forward pass, as illustrated in Fig. 2.1. In contrast, the second 2LDS ap-
proach decides the user allocation of one single RBG per inference pass, requiring loops
over both RBGs and MU-MIMO user layers. In both schemes, looping over the user layers
is necessary.

Despite using larger input and final neural layers, the 1LDS design achieves a significant
speedup due to fewer forward passes while managing to still keep ML model dimensions
rather small. Concretely, 1LDS reduces the number of forward passes from NRBG× |L| down
to |L|, where |L| denotes the maximum number of spatially co-scheduled users per RBG,
and NRBG is the total number of DL RBGs to be allocated. This reduction is key in cellular
systems with large bandwidths. However, performing a single forward pass for all RBGs
and MU-MIMO layers would require a model that is too large for practical massive MIMO
implementation.

2.1.2.1. Action Space

For each RBG and MU-MIMO user layer, our deep schedulers must select a user. The action
space is, therefore, A = 1, ..., |U| + 1, where |U| is the number of candidate UEs presented
by the Time Domain (TD) scheduler. The additional action a = |U|+1 allows for no allocation,
useful when candidates do not need more resources or further co-scheduling would degrade
performance. Masking can be used to invalidate actions, such as already scheduled UEs for
RBG or empty candidate input blocks.

2.1.2.2. State Space

The deep scheduler inputs are grouped into so-called state vectors, whose features have
been chosen for their sufficiency in scheduling decision-making and low computational de-
mands. Since the features are collected per UE, they effectively construct what we call a UE
feature segment, and the state vector is therefore built out of |U| UE feature segments. We
describe the features next, although for clarity, and omit the Transmission Time Interval (TTI)
index as follows: A prime denotes the variable at the next state, e.g., x ′, and a double prime
denotes the variable at the previous state, e.g., x ′′.

• Normalized Past Averaged Throughput (R̂u): The past averaged throughput for user
u is calculated using exponential smoothing:

Ru = (1− ϵ)pu + ϵR′′
u
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Figure 2.1: 1LDS baseline neural network architecture, with feature segment blanking for
variable UE support. |U| indicates maximum schedulable UEs per MU-MIMO user layer.

where pu is the instantaneous throughput, R′′
u is the previous averaged throughput, and

ϵ is the forgetting factor. The normalized past averaged throughput is then:

R̂u =
Ru

Rmax

with Rmax being the maximum observed past averaged throughput.

• Normalized Rank of UE (ĥu): The rank of user u, denoted by hu, is normalized as:

ĥu =
hu

2

The 2 in the denominator stems from the maximum UE rank (see Table 2.1).

• Normalized Number of Already Allocated RBGs (d̂u): du denotes the number of
RBGs allocated to user u during the previous iteration of the scheduling loop across
the MU-MIMO layers. This is then normalized as:

d̂u =
du

dmax
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where dmax is the bandwidth-dependent total number of RBGs across the full band-
width.

• Normalized Downlink Buffer Status (b̂u): The downlink buffer status for user u, de-
noted by bu, is normalized as:

b̂u =
bu

bmax

where bmax is a predefined maximum possible buffer size.

• Normalized Wideband CQI (ôu): Min-max scaling is used to scale the wideband CQI
for user u to the [0, 1] range as follows:

ôu =
ou − omin

omax − omin

where ou is the current wideband CQI, and omin and omax are the minimum and maxi-
mum possible CQI values, respectively.

Per-RBG User-Specific Input Features:

• Normalized Sub-band CQI (ĝm,u): The sub-band CQI for user u on RBG m, denoted
by gm,u, is normalized as:

ĝm,u =
gm,u

ḡm,u

where ḡm,u is a predefined normalization scalar.

• Max Cross-Correlation in User Pairing (ρm,u): The maximum user pair cross-correlation
between already scheduled users and the new candidate u on that RBG m is com-
puted. This pre-calculated value is based on the precoder matrices Pm,u and Pm,c (for
users u and c co-scheduled on RBG m) and is given by:

ρm,u = max{κm,u,1,κm,u,2, ... ,κm,u,Nm,l}
where κm,u,c = max{∑i |[PH

m,uPm,c]i ,j |, for j ∈ {1, 2, ... , hc}}, hc is the rank of user c, Nm,l

is the number of co-scheduled users on RBG m at layer l , and [·]i ,j denotes the element
at the i-th row and j-th column of a given matrix.

Having defined the input features, we can now specify the state vectors for the different ar-
chitectural variants. For the fast 1LDS architecture (Fig. 2.1), the state vector includes five
features (R̂u, ĥu, d̂u, b̂u, ôu) and two RBG-specific features (ĝm,u, ρm,u) for each candidate UE.
The size of this state vector is |U| × (5 + 2NRBG).

The 2LDS scheduler, designed for throughput performance, executes one forward pass per
RBG and receives RBG-specific inputs. These inputs include the seven previously defined
features plus an eighth feature for the mean precoder cross-correlation, as well as the num-
ber of co-scheduled users so far. The input vector size for the 2LDS scheduler is |U| × 8 + 1.

Having defined these neural architectures and input feature vectors, there exist multiple ways
to train them. In the following sections, we describe different training algorithms and their
performance.
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2.1.3. On-Policy Deep Scheduler training

While pre-trained Deep Reinforcement Learning (DRL) schedulers may be sufficient in most
cellular scenarios, niche applications like military deployments require rapid adaptation to
unpredictable radio environments. In these safety-critical situations, the stability and cau-
tious exploration of on-policy RL methods are advantageous.

2.1.3.1. On-policy framework with expert guidance

On-policy RL algorithms like PPO are favored for their ease of implementation and stability.
However, their reliance on the current policy for environment interaction can lead to slower
convergence due to limited sample diversity. To address this, our proposed 1LDS-based
framework integrates an expert policy to guide the PPO agent during training (similar to the
guide policy described in [15]). This expert policy, a PF scheduler in our case, acts as a
source of additional training data, and is illustrated in Fig. 2.2.

The training phase involves four key stages:

• State and reward observation: Following traditional reinforcement learning, the input
state for the actor and critic networks is updated at each new TTI. Additionally, the
reward from the previous TTI is collected and saved into an experience buffer for the
PPO agent to update its policy.

• Expert label generation: Based on system requirements and computational resources,
an expert policy generates labels to guide the PPO agent.

• Policy update: Once the experience buffer reaches its capacity, the PPO agent up-
dates its policy using the collected data and expert labels. This is achieved through
back-propagation and optimization of a pre-defined loss function.

• Resource Allocation: The deep scheduler returns a vector of UE candidate indices
for each RBG. After that, the candidates vector is sampled and the resource allocator
assigns the RBG to the chosen UE. Modulation and coding schemes are selected after
all RBGs have been allocated.

This approach leverages the strengths of both on-policy RL and expert knowledge, leading
to faster convergence and improved scheduling performance in a practical setting. The other
fundamental components of training a 1LDS-PPO are detailed next.

2.1.3.2. Fundamental Components

Action space
The final layer of the 1LDS-PPO actor network outputs a vector z ∈ R(|U|+1)NRBG, which is
then reshaped into ẑ ∈ RNRBG×(|U|+1). Let softmax(X , d) be a softmax function to be applied to
the d-th dimension of an input matrix X . The softmax function is applied along the second
dimension (representing UE candidates) to obtain a probability distribution z̃ ∈ RNRBG×(|U|+1)

over the UEs for each RBG: z̃ = softmax(ẑ, 2), where
∑|U|+1

u=1 z̃m,u = 1 for m ∈ {1, 2, ..., NRBG}.
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Figure 2.2: Overall Framework of 1LDS - PPO

From this distribution, the action vector a = [a1, a2, ..., aNRBG]T is sampled, with each element
am ∈ {1, 2, ..., |U| + 1} representing the index of the chosen UE for RBG m. If the selected
index does not correspond to a valid user, the RBG remains unassigned.
In summary, the action determination process involves:

• Obtaining the output vector z from the actor network.

• Reshaping z into ẑ.

• Applying the softmax function to obtain the probability distribution z̃.

• Sampling the action vector a from z̃.

Reward function
The reward function is designed to balance two key objectives: maximizing the geometric
mean of user throughput (for fairness) and maximizing the performance gain from MU-MIMO.
This approach encourages the scheduler to learn a policy that efficiently allocates resources
while exploiting the benefits of MU-MIMO. In a 1LDS architecture, the deep scheduler loops
over the MU-MIMO user layers, and the reward for the l-th user layer, denoted by rl , is
defined as follows:

rl =

(∏|U|
u=1 pu

)1/|U|

r̄l
+ G (2.1)

where:

• G =
∑NRBG

m=1 vm

NRBG
is the MU-MIMO gain, calculated as the average number of RBGs where

MU-MIMO gain is achieved.

• r̄l is a normalization scalar to keep the reward within a suitable range.
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The MU-MIMO gain for a given RBG m is determined as follows:

vm =

{
1 if MU-MIMO gain is obtained by am

0 otherwise
(2.2)

We consider MU-MIMO gain achieved if allocating the user am to RBG m increases the total
PF metric across all users. This metric captures the trade-off between overall throughput and
individual user fairness. By incorporating throughput fairness and MU-MIMO gain into the
reward function, the scheduler is guided to learn a policy that efficiently allocates resources
while leveraging the spatial multiplexing capabilities of MU-MIMO.

2.1.3.3. Training data augmentation

To enhance generalization and accelerate training, we shuffle the UE feature segments
within the input state (see Fig. 2.1). This generates additional experience samples for
the scheduler model to learn from while preserving the reward and swapping the UE can-
didate indices according to the permutation order. The number of permutations, NΠ, is a
pre-set hyperparameter. Each new experience tuple saved in the buffer undergoes NΠ per-
mutations, effectively multiplying the available training samples.

An experience replay buffer with ample memory is also employed to store input state-action
pairs from the expert policy. This buffer provides the learning agent with diverse expert
demonstrations to learn from, further improving its performance. Unlike traditional off-policy
replay buffers, which store rewards, next states, and termination flags, this buffer focuses
solely on current states and corresponding expert actions.

2.1.3.4. Loss Function with expert guidance

To accelerate convergence and benefit from expert knowledge, we introduce an additional
loss term to the standard PPO loss function, encouraging the on-policy DRL agent to mimic
the expert policy. The expert policy generates the labels for the scheduling decisions that the
PPO agent can learn from. This term is based on the Jensen-Shannon Divergence (JSD),
which measures similarity between probability distributions. JSD is symmetric, robust to
zero probabilities (possible in radio scheduling), and bounded between 0 and 1, offering a
normalized dissimilarity metric.

Specifically, we calculate the JSD loss, LJSD, between the actor network’s output and the
expert policy’s label:

LJSD =
1
2

{1,2,...,|U|+1}∑
au

πθPPO(au|s)log
πθPPO(au|s)
πexpert(au|s)

(2.3)

+
1
2

{1,2,...,|U|+1}∑
au

πexpert(au|s)log
πexpert(au|s)
πθPPO(au|s)

where:

• πθPPO(au|s) is the probability of the PPO agent taking action au given state s.
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• πθexpert(au|s) is the probability of an expert policy taking action au given state s.

To help the agent explore and converge to a policy better than the expert, the traditional PPO
loss is employed and defined as:

LPPO = Lvalue − Lpolicy − ξLentropy, (2.4)

Lvalue =
1
2
E
{

(V (s)− Ĵ)2}, (2.5)

Lpolicy = E
{

min
(
ϱ(θ)Â, clip(ϱ(θ), 1− ϵ, 1 + ϵ)Â

)}
, (2.6)

Lentropy = H(z|s; πθPPO) (2.7)

where:

• ξ is a coefficient controlling the strength of entropy regularization, promoting explo-
ration.

• H(·) is the statistical entropy of the current policy.

• Â is the advantage value, estimated using a generalized advantage estimator [16].

• ϱ(·) =
πθPPO
πθ′PPO

is the ratio of probabilities between the updated policy (πθPPO) and the old

policy (πθ′PPO
). The overall policy is calculated as the product of individual action proba-

bilities across all RBGs: πθPPO =
∏NRBG

i=1 πθPPO,i .

• ϵ is the clipping parameter to constrain policy updates and maintain stability.

• V (·) is the estimate of the state value function.

• Ĵ is the target return, computed from the cumulative discounted rewards.

During training, we employ an alternating optimization approach, iteratively minimizing LPPO

using a batch of experiences and minimizing LJSD using state-action pairs from the experi-
ence replay buffer.

2.1.4. Off-Policy Deep scheduler training

Off-policy RL methods offer a distinct advantage over their on-policy counterparts by allow-
ing agents to learn from experiences generated by a different policy. This enables efficient
utilization of past scheduling decisions stored in a replay buffer, facilitating faster and more
robust learning. In radio resource scheduling, off-policy methods are particularly appealing
when exploration and stability are critical.

This section investigates several off-policy RL algorithms for radio resource allocation. We
first consider DDQN [17] with soft target network updates [18] due to their proven effec-
tiveness in discrete action spaces. In addition to DDQN, we consider SAC [19], which is
proven to be a rather effective and sample efficient algorithm due to its entropy regular-
ization. However, as the original SAC algorithm is designed for continuous action spaces,
we adopt a modified version, Soft Actor-Critic Discrete (SACD) [20], instead. This variant
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is better suited for our discrete action space, with its critic networks estimating Q-values
for all actions simultaneously, allowing the actor to learn from the entire Q-value distribu-
tion for a given state. Furthermore, since nearby scheduling decisions are not necessarily
correlated (especially with shuffled state feature segments and a correspondingly branched
output layer, see Fig. 2.1), the Gaussian policy of the original SAC is less suitable than the
individual action outputs of SACD, similar to traditional DQN-based algorithms.

Finally, we explore distributional RL, by extending SACD, with distributional critic networks,
resulting in Distributional Soft Actor-Critic Discrete (DSACD). With both SAC variants, we
learn a policy πθ and two Q-functions Qϕ1 and Qϕ2, along with their soft-updated targets Q̄ϕ̄1

and Q̄ϕ̄2.

2.1.4.1. Distributional Soft Actor-Critic Discrete

A key problem in distributional RL [21] is that it increases the ML model size and compu-
tational complexity. This is not desired for models intended for real-time systems such as
BTSs. To capture the benefits of distributional learning and State of the Art (SotA) maximum
entropy RL for discrete action spaces, we modify the online and target critic networks to be
distributional while keeping the actor (policy) network unchanged. This allows us to train a
model that combines maximum entropy RL with distributional RL and yield an actor model
(policy network) that is no more complex to execute than the original DQN [22].

To transform the critic networks into distributional ones, we apply two key modifications pro-
posed in [23] to the SACD critic networks. First, we expand the critics’ output layers by a
factor of N, a hyperparameter that determines the number of quantiles used to approximate
the distribution of Q-values. This results in an output layer size of |A| × N, where |A| is the
size of the action space. This expansion allows the network to represent a distribution of
Q-values for each action, providing a richer representation of the value function. Second,
we replace the Mean Square Error (MSE) loss used in the original SACD critics with the
quantile Huber loss. This loss is more robust to outliers than MSE, and is given by:

L(x) =


1
2

x2 for |x | < k

k (|x | − 1
2

k ) otherwise
, (2.8)

where k is a hyperparameter we set to k = 1.

The quantile Huber loss, an asymmetric variant of the Huber loss is given by:

ρk
τ (x) = |τ − δ{x<0}|L(x), (2.9)

where δ denotes a Dirac delta function and τ represents the quantile level, with N quantiles
evenly spaced between 0 and 1 as τn =

n
N

, for n = 1, ..., N. This loss function creates N
quantiles per action in the output layers of the critic networks, allowing them to represent a
distribution of Q-values instead of a single point estimate. This distributional representation
captures uncertainty in the value estimation and can lead to improved performance in RL
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tasks.

For our DSACD algorithm, the error xt for each quantile n = 1, ...N is defined as:

xϕ,n = qϕ,n(s, a)− yϕ̄(r (s, a), s′), (2.10)

where qϕ,n(s, a) is the n-th quantile output of the critic network for state s and action a, and
the target value is calculated as:

yϕ̄(r (s, a), s′) = r (s, a)+

γπθ(s′, a′)
(
Q̄ϕ̄(s

′, a′)− α log(πθ(s′, a′))
)
,

a′ ∼ πθ(·|s′).
(2.11)

Here, γ is the discount factor, r (s, a) is the reward, α is the learned entropy regularization
coefficient, and πθ(s′, a′) is the probability of taking action a′ in state s′ according to the actor
network. The term Q̄ϕ̄(s′, a′) represents the expected value from the target critic network for
state s′ and action a′. Note that action a′ for the next state s′ is drawn from the probability
distribution given by the actor-network. The target value Q̄ϕ̄(s′, a′) is obtained by averaging
over all N quantiles in the next state s′ for the drawn action a′, as follows:

Qϕ(s, a) :=
N∑

n=1

1
N

qϕ,n(s, a). (2.12)

This distributional approach captures the uncertainty in future rewards and allows for a more
robust and nuanced learning process.

The actor-network is trained following the principles of SACD [20]. During training, a soft-
max function is applied to the output layer (separately for each output branch for 1LDS
approach) to convert the discrete outputs into a probability distribution over actions. How-
ever, to simplify inference and reduce complexity, the softmax operation can be omitted after
training, allowing greedy action selection using argmax. The main difference from the orig-
inal SACD [20] lies in handling the distributional Q-values from the critic networks. Since
the critics output a distribution of Q-values for each action, we compute the mean Q-value
across all N quantiles for each action. This transforms the quantile outputs into a format
comparable to the actor network’s probability distribution. To mitigate Q-value overestima-
tion, SAC utilizes two critic networks. The policy objective function, which guides the actor’s
learning, is defined as:

Jπ(θ) = Es∼D[πθ(s)⊙ [α log(πθ(s))−min
j=1,2

Qϕj(s)]], (2.13)

where D is the replay memory and the array of mean Q-values Qϕj(s) from critic network
j are obtained as described previously. It should be noted that the min operation selects
the smaller Q-value from the two critics for each action, promoting conservative estimates.
This objective function guides the gradient descent process across all actions in the discrete
action space. While the Q-networks are updated based on the actions taken, the policy is
trained using all action probabilities and their corresponding Q-values, ensuring comprehen-
sive learning from the state-action value distribution.
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2.1.4.2. Learning SACD Entropy with Action Masking

To ensure the selection of valid scheduling candidates, we employ action masking to exclude
candidates already scheduled for specific RBGs. Additionally, the number of valid actions
may vary across TTIs due to the dynamic nature of TD scheduling.

In SACD, the entropy regularization parameter α is learned, and the entropy target depends
on the size of the action space. Instead of using a static target value H̄ as in [20], we adopt
a state-specific target in the entropy objective:

J(α) = Es∼D[πθ(s)[α(log(πθ(s)) + H̄(s))]], (2.14)

where the state-specific target is derived from the number of valid actions |A(s)| in the current
state:

H̄(s) = −β · log
(

1
|A(s)|

)
. (2.15)

Here, β is a hyperparameter controlling the target entropy. While the default value of β = 0.98
from [20] performs well, we further optimized our deep scheduler by tuning α based on the
number of valid actions and searching for a more optimal β (see values in Table 2.2).
Masks are stored in the replay memory alongside states, enabling us to determine the num-
ber of valid actions during training. Since the actor produces probabilities for all actions,
including invalid ones, the probability distribution is adjusted by setting invalid action prob-
abilities to zero and renormalizing the remaining probabilities to sum to one. Finally, the
entropy is updated using gradient descent, averaging over all actions:

α← α− 1
|A(s)|

A∑
a

πθ(s, a)[log(πθ(s, a))− H̄(s)], (2.16)

where the logarithm is applied element-wise to the probability distribution of the discrete
action space.

2.1.4.3. Prioritized Experience Replay

Replay memory prioritization, based on the method proposed in [24], originally generated
bias toward transitions with higher temporal difference (TD) errors in DQNs. However, in our
DSACD algorithm, we have two Q-networks. Therefore, we adapt the prioritization strategy
to sample transitions into mini-batches from the replay memory with a probability p based
on the average of the error values xϕj ,n:

p ∝
[

1
2

2∑
j=1

1
N

N∑
n=1

|xϕj ,n|
]ω

, (2.17)

where ω is a hyperparameter that determines the shape of the replay memory distribution.
New samples are always assigned the maximum priority to ensure they are sampled more
frequently, thereby generating a favorable bias toward new experiences. It should be noted
that we use the same method for SACD. Naturally, then averaging over the quantiles is not
needed.

Dissemination Level: Public. Page 33



HORIZON Grant Agreement Number: 101096379
Document ID: WP4/D4.3

2.1.4.4. Rewarding Off-Policy Methods

Our training objective is to develop a deep scheduler that allocates scheduling candidates
in both the frequency (RBG) and spatial (MU-MIMO) domains in a proportionally fair man-
ner. One approach to achieve this is to maximize the long-term geometric mean of user
throughput. However, due to the necessity of making multiple RBG decisions per MU-MIMO
user layer at each TTI, we found it more effective to maximize the instantaneous increase
in the PF metric resulting from each scheduling decision. Therefore, the reward for the u-th
scheduling candidate on the m-th RBG and l-th MU-MIMO user layer is defined as:

ru,m,l =


Tu,m,l

Ru
− Tu,m,l−1

Ru
for l > 1

Tu,m,l

Ru
otherwise

, (2.18)

where Tu,m,l is the achievable data rate for that RBG and user layer, and Ru is the past
average throughput of user u.
To prevent the model from learning to artificially minimize past average throughput to inflate
rewards, we normalize the reward at each TTI:

ru,m,l ←


max

{
ru,m,l

max
u

ru,m,l
,−1

}
for max

u
ru,m,l > 0

1 for max
u

ru,m,l < 0 and a = |A|
−1 otherwise

, (2.19)

This normalization clips the maximum reward to 1 and the minimum to −1, ensuring a stable
and balanced learning process.

2.1.5. Performance Evaluation

The performance of the trained models is evaluated in a realistic proprietary Fifth Gen-
eration (5G) system-level simulator, which is calibrated against simulation results of other
companies in 3rd Generation Partnership Project (3GPP). Both our on-policy and off-policy
training methods employed a centralized approach, iterating over TTIs to collect experiences
and update a single centralized model. To expedite training, models are initially trained on
a reduced system bandwidth with fewer MU-MIMO layers, as detailed in Table 2.1. By eval-
uating these models under different parameter settings, we can better assess their gener-
alization capabilities. The key parameters of the simulation environment are summarized in
Table 2.1. Our focus is on downlink non-contiguous (Type 1) allocation, which enables un-
restricted frequency-selective scheduling with RBG granularity. We assume the availability
of sub-band CQI and Precoder Matrix Indicator (PMI) reports and limit the maximum Rank
Indicator (RI) of users reporting it to 2. We reduce the system bandwidth to expedite the
training process while still allowing the training of 2LDS models for 18 RBGs. To promote
generalization, we trained the models under mixed traffic conditions, reduced bandwidth,
and less MU-MIMO layers. Thus, ensuring their adaptability to diverse real-world scenar-
ios. Carefully tuned hyperparameters for both methods are shown in 2.2. Finally, we show
results for two types of traffic models: Full Buffer (FB) and FTP3 bursty.
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Table 2.1: System parameters

Evaluation Parameters
Parameter Value
Deployment 3GPP Dense Urban Macro (see Table 6.1.2-1 in [25])
Number of cells 21
Inter-site distance 200 m
gNB height 25 m
gNB Tx power 44 dBm
Number of UEs 210 uniformly distributed
Random drops 10
Bandwidth 100 MHz (273 RBs, NRBG = 18)
Carrier frequency 4 GHz
Subcarrier spacing 30 kHz
MIMO scheme MU-MIMO with regularized Zero Forcing
Modulation QPSK to 256QAM
Link adaptation 10 % Block Error Rate (BLER) target
gNB antenna panel 12x8 and 2 polarizations
Max UE layers |L| = 8
Max UE rank 2
Max MIMO layers 16 (i.e. |L| ×max rank)

CSI RI and sub-band CQI & PMI
Max scheduled UEs |U| = 10
TD scheduler PF

UE speed 3 km/h
UE height 1.5 m
UE receiver Maximal-ratio combining (MRC)
UE antenna 2 dual-polarized Rx antennas
Traffic model 100% Full Buffer, or 100% FTP Model 3 [26]

(FTP3 with 0.5 MB packets, 20 packets/s)

Parameter Modifications for Training
Parameter Value
Number of UEs 420 uniformly distributed
Random drops 1
Traffic model 50% of UEs Full Buffer and

50% of UEs FTP Model 3 [26]
(FTP3 with 1.5 kB packets, 500 packets/s)

Bandwidth 6.6 MHz (18 RBs, 18 RBGs)
Max UE layers |L| = 4
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Table 2.2: Training hyperparameters

Parameter Off-Policy PPO
Discount factor 0 0.7
Epochs per sample 1 1
Mini batch size 32 128
Actor learning rate 0.0001 0.0002
Critic learning rate 0.0001 0.0003
Hidden layers 2 2
Hidden layer size 32 64
Activation function ReLU Tanh
Optimizer Adam [27] Adam [27]
Replay memory size NgNB × 1000 N.A.
Prioritized replay ω 0.5 N.A.
Target smoothing coef. 0.001 N.A.

DDQN SACD DSACD PPO
Critic quantiles N N.A. N.A. 16 N.A.

2LDS 1LDS
Input size |U| × 8 + 1 |U| × (5 + 2NRBG)
Output size |U| + 1 NRBG × (|U| + 1)
Inferences per TTI |L| × NRBG |L|
SAC target entropy β 0.4 0.999

2.1.5.1. Training convergence and hyperparameters

As shown in Table 2.3, where results are given for the modified training parameters in Table
2.1, all off-policy methods performed reasonably well. Notably, DDQN exceeded expecta-
tions due to the entropy introduced by shuffling state feature segments. DSACD was the only
method to surpass the baseline scheduler in the 1LDS architecture, making it the preferred
choice for this configuration. For 2LDS architectures, DSACD provided the highest median
user throughput, while SACD achieved the highest geometric mean throughput. The ge-
ometric mean throughput best reflects proportional fairness, which aligns with our primary
goal.

For final evaluations on the full 100 MHz bandwidth with a higher number of MU-MIMO lay-
ers, we selected the pre-trained SACD model for the 2LDS architecture and the DSACD
model for the 1LDS architecture as our representative off-policy methods. Due to its on-
policy nature, the PPO scheduler requires more TTIs to converge. Therefore, we first com-
pared off-policy training results and selected the best off-policy deep schedulers for the final
evaluation.

Fig. 2.3 illustrates smoothed learning curves for the selected off-policy methods. In particu-
lar, the optimal hyperparameter of entropy β differed significantly between the models 1LDS
and 2LDS. Although 2LDS models performed best with a low β of 0.4, emphasizing the
exploitation of learned strategies, 1LDS models required a high β of 0.999, potentially due
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Table 2.3: Off-policy throughput gains over the baseline with the modified mixed-traffic train-
ing parameters of 2.1

1LDS Median Geomean
DDQN -3 % -0.9 %
SACD -0.9 % 0 %

DSACD 0.9 % 0.7 %
2LDS Median Geomean
DDQN 8.7 % 6.3 %
SACD 8.1 % 6.9 %

DSACD 10.1 % 6.4 %

Figure 2.3: Windowed mean user throughputs during the training of best performing 1LDS
and 2LDS options. Due to higher entropy required by training 2LDS than 1LDS lower
throughputs can be observed during the training.

to their limited capacity to benefit from increased exploration. Additionally, the 1LDS mod-
els, with their larger multi-branched output layers, needed more training samples to match
the baseline scheduler’s performance. This convergence occurred around the 400th TTI, at
which point roughly 450,000 training sars′ tuples had been collected and used for training.
Training samples are collected after 100th TTI from each TTI, MU-MIMO user layer, RBG,
and gNodeB (gNB).
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Figure 2.4: User throughput distribution with Full Buffer traffic. Deep schedulers can provide
better throughput throughout the user distribution.

2.1.5.2. Assessment of numerical performance

As previously mentioned, trained models are tested in different simulation scenarios than
those used for training. Results are collected from 10 different random simulation real-
izations. To ensure comparable geometric mean values, zero-valued UE throughputs are
replaced with ones when calculating geometric means, as some random UE drops result in
a few UEs being unable to receive data.

Fig. 2.4 shows that all deep scheduler options perform well with full buffer traffic. Notably,
the 2LDS configuration provides better throughput for the majority of UEs. This is explained
in Fig. 2.5, where deep schedulers efficiently utilize spatial degrees of freedom by selecting
UEs for each RBG and MU-MIMO user layer that can be co-scheduled with others while
maintaining fairness. In contrast, the 1LDS (PPO) approach may sometimes over-schedule
a few UEs for a single RBG, leading to minor degradation in user throughputs compared to
SAC-based options.

Given the discontinuous nature of FTP traffic, we use UPT to evaluate network performance
with bursty traffic models. UPT, defined as the throughput measured only when a UE has
DL data to receive, is illustrated in Fig. 2.6. The figure shows clear improvements in UPT
distribution fairness achieved by the deep schedulers. A similar conclusion can be drawn
from the classic user throughput CDF shown in Fig. 2.7.
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Figure 2.5: Comparison of co-scheduling efficiency across different schedulers.
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Figure 2.6: FTP Model 3 UPT. With deep schedulers UPT distribution becomes fairer.
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Figure 2.7: User throughput distribution with FTP Model 3 traffic. Most improvements are
obtained among cell edge users.

Table 2.4 summarizes the numerical throughput results for separately simulated full buffer
and bursty FTP model 3 traffic. All proposed deep schedulers achieve substantial gains, par-
ticularly in cell edge throughput and geometric mean throughput. Notably, the least complex
variant, 1LDS DSACD, performs almost as well as the more complex 2LDS variant.

Table 2.4: Summary of cell edge (5th %-ile), median, and geometric mean gains over the
baseline with full buffer and FTP Model 3 traffic

Full Buffer 5th %-ile Median Geomean
PF Greedy 11.3 % 1.3 % 9.7 %

1LDS (PPO) 1.6 % 3.5 % 8.1 %
1LDS (DSACD) 46.8 % 0.2 % 14.2 %
2LDS (SACD) 20.7 % 3.1 % 16.2 %
FTP Model 3 5th %-ile Median Geomean
PF Greedy 8.0 % 1.5 % 3.4 %

1LDS (PPO) 80.8 % 3.6 % 17.8 %
1LDS (DSACD) 97.9 % 4.6 % 18.5 %
2LDS (SACD) 106.8 % 3.8 % 18.8 %
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2.1.5.3. Computational complexity analysis

Table 2.2 outlines the parameters affecting the computational complexity of both Off- and
On-Policy methods. Off-Policy trained models have the fastest single forward pass due to
their smaller hidden layer sizes. However, the 2LDS model, despite being the fastest for
individual forward passes, requires a separate pass for each RBG and MU-MIMO user layer,
resulting in higher overall inference latency.

All input parameters are designed to avoid unnecessary per-TTI calculations, as they can be
pre-calculated based on CSI reports. Additionally, UE SU-MIMO precoder cross-correlations
can be pre-calculated, with only the maximum value needed during the scheduling of addi-
tional MU-MIMO layers. Consequently, execution times are primarily dependent on neural
network forward passes. Indicative forward pass times, measured using single-precision
floating-point format neural networks on an Intel Xeon Gold 6330 CPU, are provided in Table
2.5. These measurements, obtained from a CPU-optimized in-house C++ implementation,
suggest that deep schedulers with 2LDS architectures may struggle to meet 5G inference
latency requirements and TTI limits. In contrast, the 1LDS design offers a good balance
between throughput performance and computational complexity, with scalability to mas-
sive MIMO. We do not provide CPU times for the baselines due to their dependency on
specific implementations and libraries, making direct comparisons unsuitable. Additionally,
company-internal testing on commercial BTS hardware has been conducted with favorable
results, but these findings are confidential and cannot be disclosed.

Table 2.5: CPU times of deep scheduler forward passes with 18 RBGs and 8 MU-MIMO UE
layers by using ReLU activation

Model architecture 2LDS 1LDS
Neurons per Hidden Layer 32 64 32
CPU time per forward pass 2 us 5.6 us 3.4 us
Sum CPU time per TTI 288 us 44.8 us 27.2 us

The execution times shown do not include state feature vector filling or other simulator or
product-specific scheduling procedures. However, due to the pre-calculated inputs, such
preprocessing consumes an insignificant amount of CPU time. Forward pass times can be
further reduced when models are used with CPUs that support native half-precision floating-
point operations.

Unlike heuristic baseline schedulers that require extensive throughput estimations with up-
dated RZF precoders and re-selected MCSs, deep schedulers calculate RZF precoders and
select MCS only once, after obtaining scheduling decisions from the actor networks. This
efficiency makes ML models particularly appealing for scheduling tasks.

2.1.6. Conclusions

In this report, we reviewed the applicability of machine learning for radio resource allocation.
We demonstrated that RL can be effectively used to train deep schedulers that outperform
exhaustive heuristic alternatives We did not rely solely on SotA RL algorithms; instead, we
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modified them to better suit our deep scheduler training tasks. For the PPO-based sched-
uler, we incorporated expert knowledge into the training procedure, guiding and updating
the policy for enhanced performance. Additionally, we derived a new version of the SAC
algorithm, termed DSACD. DSACD was further optimized with entropy learning for variable
action spaces and prioritized experience replay specific to DSACD. By employing a multi-
branch output layer to schedule each MU-MIMO layer separately, DSACD provided the best
tradeoff between PF throughput and computational complexity for frequency-selective mas-
sive MIMO scheduling.

Our analysis also revealed that while deep schedulers based on 2LDS architectures may
struggle to meet 5G TTI time limits, 1LDS-based designs offer a good balance between
throughput performance and computational efficiency. This makes the 1LDS architectures a
viable option for real-time applications, ensuring scalability to massive MIMO without com-
promising on performance.

2.2. Reliable Prediction for Wireless Networks Control
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

In real-world applications, predictions play a crucial role in monitoring and controlling cyber-
physical systems, demanding strict reliability and safety standards. Managing prediction
uncertainty is particularly challenging in complex, dynamic environments with branching
trajectories. This chapter introduces Probabilistic Time Series-Conformal Risk Prediction
(PTS-CRC), a post-hoc calibration technique that enhances any probabilistic forecaster by
providing accurate error bounds. Unlike existing methods, PTS-CRC constructs predictive
sets using an ensemble of prototype trajectories, effectively capturing branching uncertain-
ties. It also extends beyond conventional reliability metrics like coverage, enabling broader
reliability guarantees. Integrated into a new Model Predictive Control (MPC) framework,
PTS-CRC addresses both open-loop and closed-loop control problems under general qual-
ity and safety constraints. We validate its effectiveness through wireless networking experi-
ments, where it consistently delivers more informative predictions and safer control policies
with higher returns across various tasks.

2.2.1. Motivation and State of the Art

Quantifying uncertainty in time series prediction and ensuring the safe operation of complex
systems are fundamental challenges in statistics and control theory. Traditional model-based
approaches, such as Kalman filters, control Lyapunov theory, and robust MPC [28–30], offer
theoretical guarantees but rely on the validity of assumed models [31] and computational
feasibility, especially for nonlinear dynamics [32].
Data-driven methods, including RNNs [33], LSTMs [34], LLMs [35], learning-based MPC
[36], and reinforcement learning (RL) [37–39], offer greater flexibility but lack the strong
guarantees of model-based techniques. These methods often struggle with reliable un-
certainty quantification [40, 41], particularly under distribution shifts or limited data. While
Bayesian approaches provide a principled way to estimate uncertainty, they rely on approxi-
mations [42] and can be sensitive to model misspecification and outliers [43–45].
Conformal prediction (CP) has emerged as a promising post-hoc calibration technique that
enhances any predictive model with finite-sample reliability guarantees [46–48]. CP typ-
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Figure 2.8: Illustration of an exemplifying application of the proposed method: (left) The
base station wishes to predict the evolution of the angle of arrival yt for the line-of-sight radio
propagation path from a vehicle moving in a roundabout. (center) Given knowledge of the
sequence yt from at times t = −20, ... ,−1, the goal is to produce prediction intervals for the
future evolution of the sequence yt at times t = 0, ..., 19. The true trajectory is shown as a
dashed black line, with the predictive intervals (blue shaded areas) produced by the state-
of-the-art TS-CP [1] provided in the upper part, while the proposed set-predictor (PTS-CRC)
with m = 4 and m = 16 prototypes (see Fig. 2.9) are plotted in the lower part. (right) Both
TS-CP and PTS-CRC are guaranteed to cover the true trajectory with probability at least
1 − α (top), but PTS-CRC significantly reduces the inefficiency, i.e., the average predicted
set size (bottom).

ically requires a separate calibration dataset [2] and can be combined with probabilistic
predictors [49]. It has been applied to various uncertainty quantification tasks, including
LLM-based planning [50, 51], policy evaluation in Markov decision processes [52], and run-
time verification of dynamic systems [53,54]. CP-based error bars have also been integrated
into MPC for safe planning in shared environments [55,56]. Concurrently, [57] explored prob-
abilistic CP for explainable decision-making.
Despite its success, CP-based methods face two key limitations that we address in this work:
• Unimodal vs. forking uncertainties: Standard time series CP (TS-CP) [1] constructs uni-
modal error bars around a single trajectory, failing to capture branching uncertainties in
dynamic environments. For instance, in Fig. 2.8, a base station predicts the angle of arrival
of a moving vehicle, which can exit a roundabout at multiple points. TS-CP cannot model
these multiple future paths, leading to overly conservative predictions.
• Coverage vs. risk : CP ensures reliability in terms of coverage probability—the likelihood
that the predicted interval contains the true trajectory. However, many control applications
require broader risk-based constraints. For example, ensuring a minimum average service
quality in Fig. 2.8 goes beyond simple coverage probability, which existing methods cannot
address.

2.2.2. Proposed Solution

In this section, we describe first the setting and performance criteria for the problem of
reliable prediction, and then we detail the class of MPC problems under study.
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Figure 2.9: A prototype-based set predictor: Given the past evolution of time series y−T :−1

(solid black curve), the prototype-based set predictor Γ(y−T :−1) in (2.23) is constructed based
on the set Pm(y−T :−1) containing m prototypical sequences (here m = 3) by including all
sequences ŷ0:τ−1 whose maximum distance to one of the prototypes is bounded by λ (here
λ = 0.05). The prototype-based set predictor Γ(y−T :−1), reported on the right, includes all
the sequences that are either in the red, green, or blue-shaded areas. While prior work is
limited to the case of a single prototype (m = 1), this paper leverages the use of probabilistic
sequence models to allow for m > 1 prototypes.

2.2.2.1. Prediction

Given the first T samples of a time series y−T , ..., y−1, our goal is to predict the next τ
samples y0, ..., yτ−1 with reliable error bars (see Fig. 2.8). The full trajectory y−T :τ−1 =
[y−T , ... , yτ−1] ∈ YT+τ is a time series where each sample yt belongs to a set Y, which
may be discrete or a subset of a real-valued vector space. The unknown distribution of the
trajectory, p(y−T :τ−1), can be factorized as

p(y−T :τ−1) = p(y−T )
τ−1∏

t=−T+1

p(yt |y−T :t−1), (2.20)

where p(yt |y−T :t−1) denotes the conditional distribution of yt given past samples.
We assume access to a probabilistic predictor p̂(y0:τ−1|y−T :−1), which approximates the true
conditional distribution p(y0:τ−1|y−T :−1) from (2.20). This predictor may be a pre-trained ma-
chine learning model or a physics-based simulator [58–60]. Unlike prior work [1, 52, 53,
55, 61, 62], which focused on deterministic predictors, we consider both implicit and explicit
probabilistic models.
• Deterministic predictors: Previous approaches assumed that p̂(y0:τ−1|y−T :−1) is concen-
trated at a single predicted trajectory ŷ0:τ−1 ∈ Yτ , making it a deterministic function of y−T :−1.
That is,

p̂(y0:τ−1|y−T :−1) = δ (y0:τ−1 − ŷ0:τ−1) , (2.21)

where δ(·) is the Kronecker or Dirac delta function, depending on whether Y is discrete or
continuous.
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• Implicit probabilistic predictors: These models generate conditionally independent sam-
ples,

ŷ0:τ−1 ∼ p̂(y0:τ−1|y−T :−1), (2.22)

but do not explicitly provide p̂(ŷ0:τ−1|y−T :−1). Examples include time-GANs [63], diffusion
models [64], probabilistic RNNs [65], and spiking neural networks [66,67].
• Explicit probabilistic predictors: These models not only generate samples as in (2.22) but
also explicitly compute p̂(ŷ0:τ−1|y−T :−1), enabling likelihood-based uncertainty quantification.

2.2.2.2. Set Prediction

We aim to use the probabilistic predictor p̂(y0:τ−1|y−T :−1)—either implicit or explicit—to gen-
erate a prediction set over future sequences. Specifically, we focus on set predictors that
depend on past samples y−T :−1 through a set Pm(y−T :−1) = {y i

0:τ−1}m
i=1 of m prototypical

sequences, where y i
0:τ−1 denotes the i-th prototype.

Our predictors include all future sequences y0:τ−1 that are within a given distance λ of at
least one prototype:

Γ(y−T :−1) =
{

y0:τ−1 ∈ Yτ : min
ŷ0:τ−1∈Pm(y−T :−1)

d(y0:τ−1, ŷ0:τ−1) ≤ λ

}
(2.23a)

=
⋃

ŷ0:τ−1∈Pm(y−T :−1)

{y0:τ−1 ∈ Yτ : d(y0:τ−1, ŷ0:τ−1) ≤ λ} , (2.23b)

where λ > 0 is a design parameter. The equivalence of (2.23a) and (2.23b) follows from
the definition. While prior work [1,52,53,55,61,62] focused on the case m = 1, we leverage
probabilistic predictors to allow for m > 1.
Figure 2.9 illustrates a prototype-based predictor Γ(y−T :−1) with m = 3. The predictor models
the expected future sequence based on past data y−T :−1. The hyperparameter m is key to
controlling prediction region size—larger m can improve accuracy but may reduce predictive
efficiency if improbable prototypes are included [49,68]. Explicit predictors can mitigate this
issue by filtering out unlikely prototypes, and tuning m can be done using validation data [57].
The per-time step predicted set at time t includes all values assumed by any trajectory in
Γ(y−T :−1) at that step:

Γt (y−T :−1) = {y ∈ Y : ∃ ŷ0:τ−1 ∈ Γ(y−T :−1) with ŷt = y} . (2.24)

2.2.2.3. Reliability

A reliable predictor ensures that the predicted set Γ(y−T :−1) aligns with the true sequence
y0:τ−1. We define reliability using a loss function L(Γ, y0:τ−1), which quantifies the discrepancy
between the predicted set and the actual sequence.

Assumption 1 (Bounded and monotonic loss function). The loss function satisfies

L (Γ, y0:τ−1) ≤ B, (2.25)

for all (Γ, y0:τ−1), where B ≤ ∞ is a constant. It is also monotonic in set size: if Γ′ ⊆ Γ, then
L(Γ, y ) ≤ L(Γ′, y ).
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A predictor Γ(·) is α-reliable if the expected loss does not exceed a maximum unreliability
level α:

R(Γ) := E[L (Γ(y−T :−1), y0:τ−1)] ≤ α, (2.26)

where the expectation is over the unknown distribution p(y−T :τ−1) in (2.20).
Different choices of the loss function lead to distinct reliability conditions: • Sequence cov-
erage probability : The miscoverage loss

L (Γ(y−T :−1), y0:τ−1) = 1 {y0:τ−1 /∈ Γ(y−T :−1)} (2.27)

returns 1 if the true sequence y0:τ−1 is not in Γ(y−T :−1). In this case, (2.26) ensures

Pr[y0:τ−1 /∈ Γ(y−T :−1)] ≤ α. (2.28)

• Sample coverage rate: The per-sample miscoverage rate loss

L (Γ(y−T :−1), y0:τ−1) =
1
τ

τ−1∑
t=0

1 {yt /∈ Γt (y−T :−1)} (2.29)

computes the fraction of future samples not in Γt (y−T :−1). Here, (2.26) reduces to:

1
τ

τ−1∑
t=0

Pr [yt /∈ Γt (y−T :−1)] ≤ α. (2.30)

2.2.2.4. Efficiency

Efficiency measures the informativeness of Γ(·). While the trivial predictor Γ(y−T :−1) = Yτ
satisfies (2.28) for any α, it is uninformative.
To quantify inefficiency, we define a measure µ(·) over the trajectory space Yτ . For discrete
Y, µ(Γ) may count trajectory instances; for Yτ = Rτ , it may be the Lebesgue measure or the
time-averaged measure:

I(Γ) := E[µ (Γ(y−T :−1))]. (2.31)

where the expectation is over p(y−T :τ−1).

2.2.2.5. Model Predictive Control

Reliable and efficient set predictors support decision-making processes that must meet reli-
ability or safety requirements. This work focuses on controlling a dynamical system whose
state is represented by st ∈ S, evolving through a sequence of actions ut ∈ U over time t .
For example, st may represent a drone’s trajectory or network queue occupancy, while ut

could correspond to steering decisions or resource allocations.
The state st evolves according to the system equation:

st = f (st−1, ut ), (2.32)

where f (·, ·) is a known function, and s−1 is the initial state. The reliability of the state
sequence st is assessed relative to a target process yt over t = 0, 1, ... , τ − 1. We define a
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constraint function c(s0:τ−1, y0:τ−1), measuring deviations from a reliability requirement based
on y0:τ−1.
For example, yt may represent data distribution, target positions, wireless traffic levels, or
agent locations. The function c(s0:τ−1, y0:τ−1) quantifies mismatches between st and these
reference variables.
The target process y0:τ−1 follows an unknown distribution (2.20). Given past actions u−T :t−1,
states s−T :t−1, and samples y−T :t−1, the next sample yt depends only on previous y values:

p(yt |y−T :t−1, u−T :t−1, s−T :t−1) = p(yt |y−T :t−1). (2.33)

Thus, as in [55], yt is independent of actions ut , following the randomness of p(yt |y−T :t−1).
However, controls u−T :t−1 can depend on past y−T :t−1 in a closed-loop setting.
The decision maker does not observe y0:τ−1 but has access to past samples y−T :−1 and a
probabilistic predictor p̂(y0:τ−1|y−T :−1). For closed-loop control, the controller also observes
y−T :t−1 at time t . Since system dynamics (2.32) are deterministic, the controller fully predicts
the impact of actions ut on st .
Based on available information, the decision maker selects actions ut for t = 0, 1, ... , τ −
1 to minimize the cumulative cost function J(st , ut ) while satisfying an average reliability
constraint:

minimize
u0:τ−1

τ−1∑
t=0

J(st , ut ) (2.34a)

s.t. st = f (st−1, ut ), t = 0, 1, ... , τ − 1, (2.34b)
E[c(s0:τ−1, y0:τ−1)] ≤ δ, (2.34c)

where δ > 0 defines the maximum control unreliability level. Constraint (2.34c) ensures the
average constraint function value remains within δ, with expectations taken over the unknown
target process distribution p(y−T :τ−1).
To solve problem (2.34), Model Predictive Control (MPC) uses predictions from p̂(y0:τ−1|y−T :−1).
We consider two formulations:
• Open-loop: The control sequence u0:τ−1 is determined solely from initial state s−1, past
samples y−T :−1, and predictor p̂(y0:τ−1|y−T :−1).
• Closed-loop: After each step t , the controller updates its prediction based on newly ob-
served yt . The action ut is selected using (2.34) with past state and target process observa-
tions s0, ... , st−1, y−T , ... , yt−1, and the updated predictive distribution p̂(yt :τ−1|y−T :t−1).
In both cases, predictions must ensure compliance with constraint (2.34c) based on the true
target process distribution, not just the predictive model.

2.2.3. Probabilistic Time Series Conformal Prediction

In this section, we introduce PTS-CRC. Following Section 2.2.2.1, we differentiate between
set predictors based on implicit and explicit probabilistic forecasters. As we will see, explicit
probabilistic predictors enable the definition of more general prediction schemes that may
provide more informative set predictors.
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2.2.3.1. PTS-CRC via Implicit Sequence Models

Given past samples y−T :−1, an implicit probabilistic predictor produces samples of predicted
trajectories ŷ0:τ−1 from the predictive distribution p̂(y0:τ−1|y−T :−1), while not explicitly providing
the value of the distribution p̂(ŷ0:τ−1|y−T :−1) for the generated sequences ŷ0:τ−1. Unlike TS-
CP, which relies on a single predicted sequence ŷ0:τ−1, PTS-CRC leverages the capacity of
a probabilistic sequence model to generate m ≥ 1 trajectories Pm = {ŷ j

0:τ−1}m
j=1 sampled i.i.d.

from the model p̂(y0:τ−1|y−T :−1).
Based on the predicted trajectories Pm, PTS-CRC applies the prototype-based set predic-
tion (2.23) for a suitably designed threshold λPTS−CRC. Specifically, given a loss function
L (Γ, y0:τ−1) and calibration data set Dcal = {y i

−T :τ−1}n
i=1 generated i.i.d. from the unknown

distribution (2.20), the threshold λPTS−CRC is chosen so as to guarantee the reliability con-
straint (2.26) for the target maximum unreliability level α under any loss function satisfying
Assumption 1.
The reliability requirement (2.26) depends on the unknown joint distribution (2.20), and
it can be estimated using the calibration data Dcal . To this end, we evaluate the loss
L
(
Γλ
(
y i
−T :−1

)
, y i

0:τ−1

)
for each i-th calibration data point by computing the set predictor

Γλ
(
y i
−T :−1

)
in (2.23) based on prototype predictions Pm

i = {ŷ j
0:τ−1,i}m

j=1 drawn from the se-
quence model. Note that we have made explicit the dependence of the set predictor (2.23)
on the threshold λ. Then, we evaluate the empirical risk 1/n

∑n
i=1 L

(
Γλ
(
y i
−T :−1

)
, y i

0:τ−1

)
by

averaging over the calibration data set. Intuitively, PTS-CRC chooses the threshold λPTS−CRC

in such a way that this empirical estimate is no larger than α. More precisely, we have

λPTS−CRC := inf

{
λ :

1
n + 1

(
n∑

i=1

L
(
Γλ
(
y i
−T :−1

)
, y i

0:τ−1

)
+ B

)
≤ α

}
, (2.35)

where the empirical estimate of constraint (2.26) is corrected by adding a fictitious (n + 1)-
th data point with maximal loss value B (see Assumption 1). As explained before, this
correction follows the CRC framework.
The PTS-CRC procedure, producing PTS-CRC predicted set as

ΓPTS−CRC (y−T :−1) =
⋃

ŷ0:τ−1∈Pm

{
y0:τ−1 ∈ Yτ : d(ŷ0:τ−1, y0:τ−1) ≤ λPTS−CRC} . (2.36)

PTS-CRC satisfies the following reliability guarantee.

Theorem 1. Assuming that the samples in the calibration data set Dcal and the test sample
y−T :τ−1 are drawn i.i.d. from distribution (2.20), and that the loss function L (Γ, y0:τ−1) satisfies
Assumption 1, the PTS-CRC set predictor ΓPTS−CRC (y−T :−1) in (2.36) satisfies the α-reliability
guarantee (2.26), where the expectation is taken with respect to the calibration data set Dcal ,
the test data point y−T :τ−1, and the prototypes

{
Pm, {Pm

i }n
i=1

}
, with the latter drawn i.i.d. form

the respective predictive distributions
{

p̂(y0:τ−1|y−T :−1),
{

p̂(y0:τ−1|y i
−T :−1)

}n
i=1

}
.

The properties of PTS-CRC stated in Theorem 1 can be proved by leveraging tools from
the theory of CRC [2] and probabilistic CP [49]. Evaluating the PTS-CRC predictor in (2.36)
generally requires an exhaustive search in the set of all sequences Yτ . However, for dis-
tance measures of the form d(y0:τ−1, ŷ0:τ−1) = maxt=0,...,τ−1 dt (yt , ŷt ), with dt (yt , ŷt ) being any
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weighted distance measure, the PTS-CRC predictor can be efficiently represented as the
union of m balls centered at the prototypical sequences Pm and radius λPTS−CRC, i.e.,

ΓPTS−CRC (y−T :−1) =
⋃

ŷ0:τ−1∈Pm

{
y0:τ−1 ∈ Yτ : dt (yt , ŷt ) ≤ λPTS−CRC, ∀t = 0, ... , τ − 1

}
. (2.37)

Furthermore, PTS-CRC can be employed with any parameterized distance measure in
(2.23). The free parameters of the distance measure can be possibly optimized based on
an additional calibration data set in order to ensure other desirable properties. For example,
as studied in [62], one may target larger uncertainties for predictions that are further ahead
into the future.

2.2.3.2. PTS-CRC via Explicit Sequence Models

In this subsection, we propose E-PTS-CRC, a variant of PTS-CRC that leverages explicit
probabilistic predictors. As detailed in Section 2.2.2.1, explicit forecasters not only allow
a trajectory ŷ0:τ−1 to be sampled from the model distribution p̂(y0:τ−1|y−T :−1), but they also
provide the value of the distribution p̂(ŷ0:τ−1|y−T :−1) for the synthesized sample. We take
inspiration from the literature on language models [69], with the aim of generating sets of
predicted trajectories that are better representatives of the plausible evolutions of the input
sequence y0:τ−1.
This objective is accomplished via a biased sampling procedure that generates samples
ŷ0:τ−1 from a distribution q̂(y0:τ−1|y−T :−1) that is generally distinct from the sequence model
p̂(y0:τ−1|y−T :−1), satisfying additional desirable properties. For instance, in the context of
text generation, which corresponds to a time series forecasting problem over a sequence
of words, trajectories with the largest likelihood are often nonsensical [70], and hence one
may wish to filter out sequences by typicality rather than likelihood [71]. Furthermore, it
may be desirable to explicitly avoid the generation of sequences that are too unlikely. As
exemplary strategies, we elaborate here on sequence-level filtering [49] and autoregressive
filtering [69–71].

2.2.3.3. Sequence-level filtering

Sequence-level filtering aims at obtaining samples from high-density regions of the predictive
distribution, while reducing the occurrence of unlikely trajectories. This is done by filtering out
samples with low likelihood from a set of trajectories sampled from the predictive distribution
p̂(y0:τ−1|y−T :−1) [49]. Specifically, given an explicit model p̂(y0:τ−1|y−T :−1), one samples a set
P⌈m(1+κ)⌉ of ⌈m(1 + κ)⌉ trajectories obtained i.i.d. from p̂(y0:τ−1|y−T :−1) given some κ > 0,
and then obtains a subset Pm ⊂ P⌈m(1+κ)⌉ by selecting the m trajectories with the largest
distribution value from the set P⌈m(1+κ)⌉.

2.2.3.4. Autoregressive filtering

In autoregressive filtering, sample selection is done on a per-time step basis. For ex-
ample, in top-k sampling [69], which applies to discrete sets Y, the next sample ŷt is
constrained to lie within the set Sk of samples yt with the top-k largest distribution value
p̂(yt |ŷ0:t−1, y−T :−1). Sampling is hence done from a truncated probability q̂(yt |ŷ0:t−1, y−T :−1) ∝
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p̂(yt |ŷ0:t−1, y−T :−1)1(y ∈ Sk ). Other examples include p-nucleus sampling [70] and locally
typical sampling [71], which respectively apply to continuous and discrete sets Y.

2.2.4. PTS-CRC Model Predictive Control

This section presents open-loop and closed-loop policies for the MPC problem (2.34), lever-
aging PTS-CRC to predict target process trajectories. Control policies based on TS-CP
were introduced in [55] and emerge as a special case of the broader framework proposed
here. Extending MPC from TS-CP to PTS-CRC offers two advantages: (i) it accommodates
tighter constraints to capture forking uncertainties, and (ii) it supports a wider range of safety
requirements expressed as expectation constraints (2.34c).

2.2.4.1. Open-Loop MPC

We first consider open-loop MPC, where the action ut depends only on the initial state s−1,
past samples y−T :−1, and the probabilistic predictor p̂(y0:τ−1|y−T :−1). Since δ in (2.34c) can be
absorbed into the constraint function c(s0:τ−1, y0:τ−1), we set δ = 0 without loss of generality.
Meeting the average cost constraint (2.34c) is challenging due to the unknown distribution
p(y0:τ−1|y−T :−1). To analyze the impact of prediction errors, we introduce the following as-
sumption.

Assumption 2 (Constraint Sensitivity). For some L > 0, the constraint function c(s0:τ−1, y0:τ−1)
is L-Lipschitz in y0:τ−1 with respect to a metric m : Yτ × Yτ → R, i.e.,

|c(s0:τ−1, y ′
0:τ−1)− c(s0:τ−1, y ′′

0:τ−1)| ≤ Lm(y ′
0:τ−1, y ′′

0:τ−1) (2.38)

for all state sequences s0:τ−1 and target process trajectories y ′
0:τ−1, y ′′

0:τ−1.

This assumption ensures that constraint variations are bounded by Lm(y ′
0:τ−1, y ′′

0:τ−1). For
example, an ℓp distance constraint,

c(s0:τ−1, y ′
0:τ−1) =

(
τ−1∑
t=0

|st − y ′
t |p
)1/p

, (2.39)

satisfies Assumption 2 with L = 1 when m(·, ·) = c(·, ·). Another example relevant to wireless
systems is

c(s0:τ−1, y ′
0:τ−1) =

τ−1∑
t=0

log(1 + sty ′
t ), (2.40)

which satisfies Assumption 2 with L = maxs∈S |s| and m(y ′
0:τ−1, y ′′

0:τ−1) =
∑τ−1

t=0 |y ′
t − y ′′

t |,
assuming styt ≥ 0.
Under Assumption 2, we derive a surrogate MPC problem whose feasibility set is a subset
of the original MPC problem (2.34). This ensures that solving the surrogate problem yields
feasible solutions for the original problem.
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Theorem 2 (PTS-CRC-based surrogate open-loop MPC). Given the PTS-CRC predictor
ΓPTS−CRC (y−T :−1) from (2.35)-(2.36) with distance measure d(·, ·) = m(·, ·) and loss function

L(Γ, y0:τ−1) = min
ỹ0:τ−1∈Γ

m(y0:τ−1, ỹ0:τ−1), (2.41)

any solution to

minimize
u0...,uτ−1

τ−1∑
t=0

J(st , ut ) (2.42a)

s.t. st = f (st−1, ut ), t = 0, ... , τ − 1, (2.42b)

c(s0:τ−1, ŷ0:τ−1) ≤ −Lα ∀ŷ0:τ−1 ∈ ΓPTS−CRC (y−T :−1) (2.42c)

yields feasible solutions for the original MPC problem (2.34).

The surrogate problem (2.42) introduces a stricter constraint (2.42c) based on the predictor’s
uncertainty. The Lipschitz constant L determines the constraint’s sensitivity, and adjusting α
controls the balance between feasibility and conservatism.
Problem (2.42) is a semi-infinite program [72], requiring feasibility verification through the
lower-level problem:

max
ŷ0:τ−1∈ΓPTS−CRC(y−T :−1)

c(s0:τ−1, ŷ0:τ−1). (2.43)

Using the definition of PTS-CRC (2.36), this simplifies to:

max
y i

0:τ−1∈Pm
max

ŷ0:τ−1∈Yτ :
d(y i

0:τ−1,ŷ0:τ−1)≤λPTS−CRC

c(s0:τ−1, ŷ0:τ−1). (2.44)

When c(·, ·) is concave and d(·, ·) convex, (2.44) is convex and solvable via standard meth-
ods. Certain choices of c(·, ·) and d(·, ·) yield closed-form solutions.
The TS-CP-based MPC controller in [55] is a special case of Theorem 2, addressing con-
straints of the form:

E [1 {c(s0:τ−1, y0:τ−1) > 0}] ≤ δ. (2.45)

2.2.5. Closed-Loop MPC

In the closed-loop setting, at every time step t , as detailed in Section 2.2.2.5, the controller
receives a feedback signal providing the current value of the state of the target process yt .
As such, the control ut at time t is allowed to depend on the observed sequence y−T :t−1, the
sequence of state s−1:t−1, and the probabilistic predictor p̂(yt :τ−1|y−T :t−1).
In this setting, the control sequence u0, ..., uτ−1 is designed by following a receding horizon
strategy. Accordingly, at every time step t > 0, the control action ut is obtained by optimiz-
ing the future control sequence ut , ..., uτ−1 and then retaining only the first action. As we
describe next, this optimization leverages leverages the output of the PTS-CRC predictor
ΓPTS−CRC(y−T :t−1) and the feedback sequence y0:t−1 in a manner similar to Theorem 1.
Under Assumption 2, at each time step t = 0, ..., τ − 1, based on the observed sequence
y−T :t−1 we define a surrogate MPC problem whose feasibility set is guaranteed to be a
subset of the feasibility set of the control problem (2.34) for the time interval t , ..., τ − 1. The
surrogate problem imposes more conservative constraints, which will be addressed using
the available predictor ΓPTS−CRC(y−T :t−1).
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Figure 2.10: Power allocation example obtained solving the model predictive power control
problem based on the TS-CRC [2] and the proposed PTS-CRC predictor. The true channel
realization (unknown) is shown as a dashed black line. Both the TS-CRC (in gray) and the
PTS-CRC (in blue) power allocations ensure that the maximum cumulative interference over
k = 3 slots does not exceed the safety threshold γ. However, the larger efficiency of the
PTS-CRC predictor translates into a rate that is 33% larger than the one obtained using the
TS-CRC predictor.

Theorem 3 (PTS-CRC-based closed-loop MPC). For each time step t = 0, ..., τ−1, consider
the PTS-CRC predictor ΓPTS−CRC(y−T :t−1) obtained with the distance measure d(·, ·) = m(·, ·)
for some target reliability level α > 0 and calibrated via (2.35) on the loss

L(Γ, y0:τ−1) = min
ỹ0:τ−1∈Γ

m(y0:τ−1, ỹ0:τ−1). (2.46)

Then, the sequence of actions u0, ..., uτ−1, in which ut is obtained as a solution of

minimize
ut ...,uτ−1

τ−1∑
k=t

J(sk , uk ) (2.47a)

s.t. sk = f (sk−1, uk ), for k = 0, ... , τ − 1 (2.47b)

c(s0:τ−1, ŷ0:τ−1) ≤ −Lα, for all ŷ0:τ−1 ∈ ΓPTS−CRC (y−T :t−1) , (2.47c)

yields feasible solutions also for the original MPC problem (2.34) in which the average reli-
ability constraint is evaluated on average with respect to prediction {ΓPTS−CRC (y−T :t−1)}τ−1

t=0
and the evolution y0:τ−1.

In a manner similar to the open-loop control case studied in the previous subsection, the
closed-loop control policy based on TS-CP [55] can be recovered as a special instantiation
of the PTS-CRC policy of Theorem 3.

2.2.6. Performance Evaluation

2.2.7. Open-Loop Model Predictive Power Control for Interference Mitigation

In this subsection we leverage the reliable channel gain set predictors evaluated above to
derive model predictive power control policies that satisfy interference constraints. More
specifically, we consider the scenario in which licensed users (LU) and unlicensed users
(UU) coexist within the cell, and the BS is tasked with the problem of modulating its transmit
power P0, ..., Pτ−1 over the next τ communication slots in order to maximize the sum-rate of
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the UU, while controlling the interference experienced by the LU. This formulation is moti-
vated by the fact that UUs are typically served in a best-effort fashion whereas higher priority
LUs have strict reliability requirements (see, e.g., [73,74]).
The BS observes the past evolution of the channel gain gLU

−T :−1 of the LU, as well as the past
evolution of the channel gain gUU

−T :−1 of the UU. The future sum-rate of the UU is estimated
based on a forecast ĝUU

0:τ−1 of the evolution of the UU channel gain as

RUU(P0:τ−1, ĝUU
0:τ−1) =

1
τ

τ−1∑
t=0

B log2

(
1 +

ĝUU
t Pt

N0B

)
, (2.48)

where we recall that Pt is the power allocated by the BS at time t .
The interference constraint for the LU is formulated as an upper bound on the expected
maximum cumulative interference over k subsequent communication slots. For a power
allocation P0, ..., Pτ−1, the maximum k-step cumulative interference at the LU over the future
time horizon 0, 1, ..., τ , is measured as

ϕ
(
gLU

0:τ−1, P0:τ−1
)

= max
t ′∈{0,...,τ−k−1}

1
k

t ′+k∑
t=t ′

gLU
t Pt , (2.49)

where the maximization ranges over all possible periods of k times slots. Therefore, for a
safety threshold γ, the LU interference constraint amounts to the inequality

E
[
ϕ
(
gLU

0:τ−1, P0:τ−1
)]
≤ γ, (2.50)

where the expectation is over the unknown LU channel evolution gLU
0:τ−1. We note that the

constraint (2.50) can be also expressed in the language of robust signal temporal logic (STL)
[75].
The interference threshold γ in (2.50) is determined based on the observed past LU chan-
nel evolution gLU

−T :−1. Accordingly, it is set to a fraction β ∈ [0, 1] of the maximum k -step
cumulative interference over the past T communication slots, i.e.,

γ = β

(
max

t ′∈{−T ,...,−1−k}

Pmax

k

t ′+k∑
t=t ′

gLU
t

)
. (2.51)

By (2.51), a smaller value of β imposes a stricter interference constraint. The power control
problem can then be formalized as the following open-loop problem

maximize
P0...,Pτ−1

1
τ

τ−1∑
t=0

B log2

(
1 +

ĝUU
t Pt

N0B

)
(2.52a)

s.t. 0 ≤ Pt ≤ Pmax, ∀t ∈ {0, ... , τ − 1} (2.52b)

E
[
ϕ
(
gLU

0:τ−1, P0:τ−1
)]
≤ γ. (2.52c)

The constraint (2.52c) is not directly tractable due to the expectation over the unknown distri-
bution of the future evolution of the LU channel gain gLU

0:τ−1. However, the constraint function
satisfies Assumption 2 in Section 2.2.4 by virtue of the inequality

∣∣ϕ (gLU
0:τ−1, P0:τ−1

)
− ϕ

(
g̃LU

0:τ−1, P0:τ−1
)∣∣ ≤ Pmax

k
max

t ′∈{0,τ−1−k}

t ′+k∑
t=t ′

∣∣gLU
t − g̃LU

t

∣∣ . (2.53)
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Figure 2.11: Inverse empirical cumulative distribution function (C.D.F.) of the rate obtained
by the different model predictive power control policies as a function of the maximum LU
interference level β. We consider two different interference windows of size k = 1 (left) and
k = 3 (right).

As stated in Theorem 2, it is then possible to replace constraint (2.52c) with a stricter con-
straint that depends on the output of a reliable set predictor.
To elaborate on this point, define the distance

dk (ĝ0:τ−1, g0:τ−1) =
1
k

max
t ′∈{0,τ−1−k}

t ′+k∑
t=t ′
|gt − ĝt | . (2.54)

For a given given power allocation P0:τ−1 the lower-level problem (2.44) associated with the
surrogate constraint function is

max
g i

0:τ−1∈Pm
max

ĝ0:τ−1∈Yτ :
dk (ĝ0:τ−1,g i

0:τ−1)≤λPTS−CRC

ϕ (ĝ0:τ−1, P0:τ−1) , (2.55)

whose solution can efficiently evaluated as

max
g i

0:τ−1∈Pm
max

t ′∈{0,τ−1−k}

1
k

t ′+k∑
t=t ′

g i
tPt + λPTS−CRC max

t=t ′,...,t ′+k
Pt . (2.56)

The solution of the resulting MPC problem yields a communication rate that lower bounds
the optimal rate of the original problem (2.52), which is not attainable due to the lack of
knowledge of future channel realizations. We benchmark the performance of different set
predictors by addressing the associated MPC control problem.
In Fig. 2.10, we illustrate the power control solutions obtained by the proposed PTS-CRC
predictor with m = 8 prototypes, and by a TS-CRC predictor, which is obtained by apply-
ing the same steps as PTS-CRC with m = 1 to the predictive mean of the DeepAR model.
This approach is adopted here as a benchmark since TS-CP [1] cannot address the aver-
age constraint in (2.52). We set T = 30 and τ = 6. While both power allocations meet
the interference requirement, the PTS-CRC power control policy has larger transmit power,
and therefore it attains a higher communication rate. This improvement is attributed to the
higher efficiency of the PTS-CRC predictor, which leads to surrogate constraints that are
less conservative as compared to those given by TS-CRC.
The performance gain of PTS-CRC is further validated in Fig. 2.11, in which we provide the
inverse empirical cumulative distribution function (C.D.F) of the communication rate obtained
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by solving 1000 instances of the surrogate control problem for β ∈ {0.25, 1} and k ∈ {1, 3}.
As β and k increase, the interference constraint (2.52c) is relaxed, and all power control
policies yield larger communication rates. However, for fixed values of β and k , the empirical
C.D.F. of the PTS-CRC power control policy has a heavier tail and a larger mean, indicating
that these power allocations are able to serve the UU with larger rates. The performance
gain becomes more evident for larger values of the number of predictor’s samples m. For
example, for k = 3 and β = 1, the 50th percentile of the PTS-CRC-based power control
policy with m = 8 prototypes is 80% larger as compared to TS-CRC.
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Figure 2.12: Average delay, decoding probability, throughput, and energy efficiency of
HARQ-IR schemes based on the TS-CP predictor [1] and the proposed PTS-CRC predictor
for m = 4 and m = 8 prototypes.

2.2.8. Energy Efficient HARQ-IR via Closed-Loop Model Predictive Power Control

In this subsection, we address the problem of designing energy-efficient hybrid automatic
repeat request with incremental redundancy (HARQ-IR) protocols [76] by leveraging reliable
channel state information forecasting.
As a brief review, given a sequence of random channel gains gt :τ−1 and transmit powers
Pt :τ−1, τ − 1− t retransmissions of a packet encoded with rate R [bit/s/Hz] yields successful
decoding at the receiver with probability [77]

Pdec(Pt :τ−1, R) = Pr[
τ−1∑
t ′=t

log2

(
1 +

Pt ′gt ′

BN0

)
> R], (2.57)

where the probability is over the future evolution of the channel gain gt :τ−1.
At each time t , the BS has access to the feedback sequence g−T :t−1 of past channel gains
fed back by a user equipment and it must modulate the transmit power Pt for the current
time slot. The goal is to minimize energy expenditure while ensuring a minimum HARQ-IR
decoding probability. The target communication rate R in constraint (2.57) is set to the rate
achieved during the τ communication slots −τ − 1, ...,−1 prior to their start of the HARQ
process for a transmit power βPmax with β ∈ {0, 1}, i.e.,

R =
−1∑

t=−τ−1

log2

(
1 +

βPmaxgt

BN0

)
. (2.58)

By (2.58), a larger value of β indicates a more stringent constraint (2.57).
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Overall, at every time step t = 0, 1, ..., τ − 1 the BS optimizes the transmit power level Pt by
addressing the closed-loop MPC problem

minimize
Pt ...,Pτ−1

τ−1∑
k=t

Pk (2.59a)

s.t. t ≤ Pk ≤ Pmax, ∀k ∈ {t , ... , τ − 1} (2.59b)
Pdec(Pt :τ−1, R − Rt ) > δ. (2.59c)

where 0 < δ < 1 is the target decoding probability and

Rt =
t−1∑
t ′=0

log2

(
1 +

Pt ′gt ′

BN0

)
(2.60)

is the achieved rate decodable based on the past t − 1 retransmissions. If the problem
(2.59) is not feasible, the BS does not transmit, while if it is feasible the power Pt is used for
transmission. If R − Rt < 0 the HARQ-IR message is successfully decoded, and hence the
transmission process stops. The protocol also stops at the maximum number of retransmis-
sions τ irrespective of whether the decoding was successful or not.
Constraint (2.59c) cannot be evaluated, since the distribution of the future channel gain
sequence gt :τ−1 is unknown. However, the constraint function satisfies Assumption 2 in
Section 2.2.4, hence we have the following inequality∣∣∣∣∣1τ

τ−1∑
t=0

log2

(
1 +

Ptgt

BN0

)
− 1
τ

τ−1∑
t=0

log2

(
1 +

Pt g̃t

BN0

) ∣∣∣∣∣ ≤ Pmax

BN0

1
τ

τ−1∑
t=0

|gt − g̃t |. (2.61)

Thus, by Theorem 3, it is possible to replace the original constraint (2.59c) with a stricter
constraint based on the output of reliable set predictors. Specifically, for a given power allo-
cation P0:τ−1, the lower-level problem (2.44) associated to the surrogate constraint function
is

min
g i

0:τ−1∈Pm
min

ĝ0:τ−1∈Yτ :
|g i

0:τ−1−ĝ0:τ−1|1≤λPTS−CRC

t−1∑
t ′=0

log2

(
1 +

Pt ′ĝt ′

BN0

)
, (2.62)

which can be efficiently evaluated using a water-filling algorithm [78]. By solving the resulting
optimization problem, we can obtain a power control policy that satisfies the safety constraint.
For a numerical example, we set the observed feedback sequence of length T = 30 and
a maximum number of retransmissions τ = 6 steps using the TS-CP and the proposed
TS-CRC set predictor with m = 4 and m = 8 prototypes. In Fig. 2.12, we present key
performance indicators of the resulting HARQ-IR transmission protocol for different values
of β. Specifically, we solve 1000 problem instances and compute the average number of
retransmissions, the probability of decoding the HARQ packet, the average throughput, and
the average energy efficiency expressed as the number of decoded bits per Joule of transmit
energy.
As the value of β increases, the target information rate becomes larger, resulting in an in-
crease in average delay and a decrease in decoding success probability for all schemes.
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However, when the PTS-CRC predictor is employed to predict the evolution of the future
channel gain, the resulting HARQ-IR protocol can decode a larger fraction of information
packets with shorter delays as compared to the TS-CP-based HARQ-IR scheme. Conse-
quently, the PTS-CRC-based HARQ-IR scheme achieves an average throughput and aver-
age energy efficiency up to 25% higher than that of the TS-CP-based scheme.

2.2.9. Conclusions

We have addressed the problem of monitoring and controlling cyber-physical systems based
on set predictors that provide reliable uncertainty estimates. To this end, we have proposed
PTS-CRC, a novel post-hoc calibration technique that leverages pre-trained probabilistic
sequence models, like language models, to obtain predictive intervals with finite-sample
reliability guarantees. PTS-CRC leverages an ensemble of prototype trajectories sampled
from the sequence model to effectively capture forking uncertainties, while satisfying relia-
bility guarantees beyond the conventional coverage criterion. Furthermore, we have demon-
strated an application of PTS-CRC to open-loop and closed-loop model predictive control
problems under general average constraints on the quality or safety of the control policy.
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3. Context-based caching for sustainable AI at the wireless

edge

This chapter reports the research activity performed within Task 4.2.2, titled “Develop energy-
efficient model training and inference algorithms for AI-AI radio resource management". To
achieve the task’s objectives, our work has tackled the main aspects determining the car-
bon footprint of ML models training and execution. First, energy efficiency can be greatly
increased by caching ML models at the edge so that they can be cleverly shared among dif-
ferent inference tasks. Secondly, the training data to use, as, by reducing their amount, we
can substantially decrease the consumption of computing and networking, hence, energy,
resources. Third, whenever distributed learning, such as Federated Learning (FL), needs to
be used to preserve data privacy, communication costs can be reduced by adopting infor-
mation compression techniques.
Accordingly, this chapter introduces the solutions we developed that, leveraging on the above
three approaches, allow for substantial energy saving. Importantly, they do so while meeting
the limited edge capability as well as the learning and inference quality requirements of
mobile services and applications. Specifically,

1. Section 3.1 presents an architectural and algorithmic framework for intelligently caching
ML models (or parts thereof) at the edge nodes in a way that minimizes power con-
sumption of energy-intensive training and inference operations;

2. Section 3.2 proposes a methodology to select the right data to train the right ML models
at the network nodes;

3. Section 3.4 describes a technique for limiting the communication costs ion distributed
learning, whenever training data should be kept at the learning nodes for privacy
preservation.

3.1. Caching and Sharing ML Models at the Edge
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

As the demand for intelligent mobile services and applications continues to rise, the need for
executing tasks with resource- and compute-intensive deep neural networks (DNNs) is also
increasing. Offloading these tasks from user devices to edge servers has become a widely
researched approach to reduce the computational burden on mobile user equipment (UEs).
However, this strategy faces the challenge of managing multiple tasks on edge servers with
limited computing and memory resources. It is thus crucial to design innovative solutions for
the efficient caching and sharing of DNN models at the network edge that optimize (i) the
utilization of edge resources, particularly memory – which has been largely overlooked in
prior work – and the radio resources used for task offloading; (ii) the selection and number
of offloaded tasks for execution; (iii) the quality of task offloading, and (iv) the configuration
of the DNNs. Below, we first formulate the DNN for Scalable Offloading of Tasks problem,
demonstrate that it is NP-hard, and propose a weighted-tree-based heuristic solution, named
OffloaDNN, which efficiently resolves the problem. Further details can also be found in the
paper led by CNIT in [79].
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3.1.1. State of the Art and Motivation

Several recent works have addressed task offloading, which is generally formulated as a
mixed integer non-linear problem (MINLP) and, due to its complexity, in most cases, can-
not be solved to optimality. A MINLP formulation of the joint optimization of the offloading
strategy and the allocation of edge computing resources can be found in [80], where the
authors solve it by quasi-convex/convex optimization methods and an efficient heuristic algo-
rithm. [81] formulates the MINLP problem of joint offloading, content caching, and resource
allocation and solves it by tree-search and branch and bound.
Another body of work aims to solve the above problems, and variants thereof, through
machine-learning techniques. For instance, [82] develops a deep learning method for multi-
label classification, while minimizing the system overhead in a single-user, single-cell sce-
nario. [80] proposes a feedforward neural network to jointly optimize the offloading decision
and the allocation of computing resources at the edge, considering latency constraints. La-
tency constraints are also the focus of [83], which deals with statistical rather than determin-
istic latency guarantees. In particular, [83] formulates a model to correlate QoS guarantees
with task offloading strategies, and proposes an algorithm to offload tasks with statistical
QoS using convex optimization.
In the context of CV tasks execution, [84] presents a solution for real-time CV applications
that aims to achieve the best DNN accuracy and delay according to the hardware type for
which the DNN workload is intended. [85] uses a feature specific for CV, i.e., adaptive quality
optimization, to offload tasks by selecting a suitable execution version according to task
latency constraints. A similar concept of adaptive task quality is employed by SEM-O-RAN
[86], which maximizes the number of offloaded tasks by (i) applying semantic compression to
task input images, and (ii) allocating edge resources of different types in a balanced manner,
as to avoid resource starvation. Contrary to ours, the above approaches do not leverage
DNN blocks sharing, optimizations of the DNNs structure, or fine-tuning and pruning, and
only consider binary task admission decisions.
Novelty. In summary, no existing work specifically addresses the scalability of CV tasks
offloading, or looks at the CV DNN structures as a way to optimize the execution of such
tasks at the edge. In contrast, we address the challenges presented by task offloading
in edge computing environments in a holistic manner, optimizing radio and computational
resources for efficient DNNs deployment and inference. Both input data acquisition for infer-
ence execution and transmitting results back to UEs indeed require careful management of
radio resources to ensure optimal usage and prevent communication bottlenecks. Moreover,
apart from the memory occupied by the deployed DNNs, adjusting the DNN architectures
for specific CV tasks and compressing them prior to deployment, as well as conducting in-
ference on the offloaded data, necessitates substantial computational work from the CPUs
and GPUs within edge servers.
To further motivate our work and the strategy adopted by our proposed solution, we highlight
below three experiment-driven facts.

• Training cost optimization: In our experiments [79], we showed that the training com-
putational cost (i.e., CPU/GPU usage) can be effectively traded-off with the desired
level of performance, depending on the training objectives. This can be achieved by
properly freezing some portions of a DNN and sharing them among different tasks,
and by fine-tuning others.
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In particular, training a DNN starting with random parameter initialization leads to slow
convergence to the desired accuracy. Instead of training a DNN from scratch for each
task, some layers can be trained and then frozen and shared across different tasks,
while others can be fine-tuned on a task-specific dataset [87]. For instance, DNNs
pre-trained on large datasets like ImageNet [88] can be adapted to a new task with
minimal re-training. If the new dataset is similar to the pre-training data, freezing the
early layers can preserve useful features while reducing computational costs by limiting
the number of trainable parameters. We compared several DNN configurations using
ResNet-18 as a feature extractor [89]: the configurations differ in terms of how much of
the DNN is shared or frozen, and how much is fine-tuned with the new dataset (which
includes an additional object class, such as grocery items). Different configurations
vary in their training speed, accuracy, and GPU memory usage. To begin with, the
DNN is initially trained on a subset of the ImageNet dataset, which includes 60 object
categories, providing the pre-trained parameters that serve as the backbone. These
configurations are then further trained using a new dataset that introduces an additional
object class.

When a new task of detecting grocery items (e.g., mushrooms) is emulated, a fully-
tuned configuration requires over 200 training epochs to reach approximately 80%
testing accuracy for the new task, whereas configurations with shared layers (while oth-
ers layers are frozen) achieve this accuracy more quickly. Furthermore, configurations
with shared layers use lower GPU memory occupancy, highlighting that the shared
layer blocks are not consuming processing resources for parameter training. How-
ever, after more than 250 epochs, the fully fine-tuned configuration ultimately achieves
higher accuracy, while the shared ones tend to overfit. The key takeaway is thus that
we can achieve acceptable accuracy for specific tasks using shared configurations
with reduced training costs, or we can fully fine-tune DNN parameters for enhanced
performance.

• Inference cost optimization: We demonstrate that the time it takes to perform inference
on offloaded tasks when DNNs are deployed on resource-constrained edge servers
can be decreased by using compressed (namely, pruned) versions of some portions
of a DNN. Such time decrease, which also implies a lower computational cost, must
however be balanced with the obtained level of inference accuracy.

DNN pruning is a widely used compression technique designed to reduce the number
of parameters in a DNN while striving to maintain its accuracy [90]. We then tested the
idea that removing parts of a DNN after fine-tuning it for a specific task will significantly
speed up the computation time on edge servers, hence, also reduce the inference
computational cost, potentially at the expense of performance. The experiment used
ResNet-18 as a feature extractor, with the same configurations as above, fine-tuned
for 100 epochs on a new task of detecting ‘Musical Instruments.’ For a fair comparison
among different configurations, the number of fine-tuning epochs is fixed to 100, and
the constant pruning ratio is set to 80%. After fine-tuning, the magnitude pruning
method from DepGraph [91] is employed on the fine-tuned layer blocks only, which
removes the least significant weights in the fine-tuned layer blocks.

As we showed in [79], the inference compute time for each pruned configuration re-
sulted to be much shorter compared to their non-pruned counterparts. Also, after prun-
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ing, all configurations showed a slight decline in performance compared to their original
versions. While additional fine-tuning of the pruned model could enhance the accuracy
for all configurations, it would also lead to higher training costs. Thus, a trade-off exists
between the inference compute time and average class accuracy performance. Addi-
tionally, fine-tuning from this stage of the pruned model may increase the accuracy of
all the configurations, but it will also lead to higher training costs. The key takeaway
from this experiment is that, to reduce the inference compute time (hence, also
the computational cost) for tasks at the edge, we can select from various pruned
configurations based on the balance they provide between accuracy and infer-
ence compute time. Alternatively, if the task demands high accuracy, we can opt
for a DNN configuration that has not been pruned.

• Image quality optimization: In radio resource constrained system, the input data
to the inference pipeline may be degraded due to, e.g., compressed images or noisy
captures. We show that the performance loss due to lesser quality (e.g., higher com-
pression) of the task input data available during inference can be effectively mitigated.
However, finding a configuration that can effectively address this issue is not trivial.

Previous research suggests that DNN performance is susceptible in the presence
of out-of-domain distortion in the inference data. [92] showed that DNN models ex-
hibit degraded performance when exposed to JPEG-compressed images after transfer
learning. Their study underlines that models trained on high-quality images from Im-
ageNet [88] lose significant classification accuracy when presented with compressed
images. This suggests that fine-tuning the model for different tasks does not always
fully adapt the models to handle the compression of inference data during model de-
ployment. Experiments in [86,93] demonstrate that the performance of object detection
models like Faster R-CNN and YOLOv5x are affected by JPEG compression artifacts.
The accuracy declines sharply as the compression level increases, with performance
deteriorating significantly on highly compressed images. This sensitivity arises be-
cause DNNs rely on learned features that JPEG compression can obscure or distort,
such as edges, shapes, and texture of the object.

Specifically, we compared the robustness of DNN models fine-tuned for a new task
with common layers from a pre-trained model in the presence of degraded images.
We employed three different levels of JPEG compression ({10, 50, 100}) applied on
the testing dataset. Moreover, we tested the model robustness in terms of testing
accuracy obtained with the pruned versions of the same model, with three pruning
ratios (50%, 70%, 85%). To conduct this experiment, we used the vanilla ResNet-18
and we train each model for 100 epochs. The key takeaway from our experiments
[79] is that when performing inference tasks on compressed data, we can select
a configuration (pruned/not pruned) of the DNN based on its inference accuracy
against different levels of input data compression. Notably, higher-quality input
data allows for more pruned versions of the DNN without losing much accuracy.

3.1.2. Proposed Solution

We consider a scenario where UEs enhance their performance by offloading CV tasks to an
edge computing platform linked to the base station covering these devices. A UE offloads
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Table 3.1: Notation
Symbol Description
τ ∈ T Requested inference tasks, with |T|=T
d ∈ D Set of possible dynamic DNN structures, each

possibly able to serve multiple tasks
sd ∈ Sd Block belonging to the dynamic DNN structure d

pτ Priority of task τ
πd
τ ∈ Πd

τ Sequence of blocks [sd ]d belonging to the dy-
namic DNN structure d , suitable for executing
task τ

λτ Request rate of task τ
Aτ Minimum accuracy tolerable for task τ
Lτ Maximum latency tolerable for task τ
Qτ Set of auxiliary variables denoting the possible

quality levels for the data that are input to task τ
R Number of available RBs
C Available compute time (CPU/GPU)

CT Maximum training cost (CPU/GPU time in sec-
onds)

M Available memory (RAM/VRAM)
στ SNR of UEs requesting task τ
bw Bandwidth per RB

B(στ ) No. of bits carried by an RB assigned to a UE
generating requests and input for task τ

β(qτ ) No. of bits associated with transferring data with
quality level qτ as input to task τ

c(sd ) Compute time required by block sd

µ(sd ) Memory required by block sd

ct (sd , ·) Cost of training sd

xd
τ Binary decision variable taking on 1 when DNN

structure d is used for task τ
yπd

τ
Binary decision variable, taking on 1 when πd

τ is
selected for task τ

zτ Real-valued decision variable representing the
task requests admission ratio

rτ Integer decision variable indicating the no. of
RBs assigned to UEs offloading task τ

qτ Decision variable indicating the quality level of
the input data for task τ

m(sd ) Binary auxiliary variable, indicating whether sd is
used by at least one task

its task to an edge server using a dedicated radio network slice. The UE’s data, to be pro-
vided as input to the inference task, is characterized by a quality level, which is determined
by the OffloaDNN controller. However, given its scarce resource capacity and the limited
available bandwidth, the edge platform must decide which tasks to accept and how to man-
age them efficiently. We therefore introduce below the optimization problem to be solved at
the OffloaDNN controller. The notations used here and in the following are summarized in
Table 3.1.

3.1.2.1. The DOT Problem

For each type of inference task, the OffLoaDNN controller has to make the following deci-
sions: (i) the ratio of task requests that can be offloaded to the edge; (ii) the quality level
of the data to be provided as input to an inference task and (iii) the corresponding RB allo-
cation; (iv) the best DNN to handle such tasks, (v) and its configuration. The goal is to do
so while minimizing the costs associated with radio resources for offloading admitted tasks
and edge resources for training and inference of DNNs handling these tasks, as well as
the rejection rate of tasks, considering their priority. We thus define the following decision
variables:
• the task admission vector z=[z1, ... , zT ] where zτ∈[0, 1] indicates the fraction of task τ
request rate that is admitted for offloading;
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• the task-DNN mapping vector xd=[xd
1 , ... , xd

T ], ∀d∈D, where xd
τ is a binary variable indicat-

ing whether task τ is served by the DNN d or not;
• the DNN path selection vector yπd =[yπd

1
, ... , yπd

T
], ∀d∈D and path on d , where yπd

τ
is a binary

variable that takes on 1 if πd
τ is used to execute task τ ;

• the radio resource allocation vector r=[r1, ... , rT ] where rτ is the number of RBs allocated
for offloading task τ ;
• the quality index vector q=[q1, ... , qT ], where qτ∈Qτ is a variable that indicates the specific
quality level assigned to the input data for task τ .
Accordingly, we formulate the DOT problem as presented in the colored box below.

DNNs for scalable Offloading of Tasks (DOT)

min
z,xd ,
y
πd ,r,
q

∑
τ∈T

α(1−zτ )pτ+(1− α)

[∑
sd∈S

ct
(
sd , {yπd

τ
}πd

τ :sd∈πd
τ

)
Ct

+
∑
τ∈T

zτλτ

 rτ
R

+
∑
d∈D

∑
πd
τ∈Πd

τ

∑
sd∈πd

τ

xd
τ yπd

τ

c(sd )
C

 (3.1a)

s.t.∑
d∈D

∑
sd∈Sd

m(sd ) · µ(sd ) ≤ M, (3.1b)∑
τ∈T

zτλτ
∑
d∈D

∑
πd
τ∈Πd

τ

xd
τ yπd

τ

∑
sd∈πd

τ

c(sd ) ≤ C, (3.1c)

∑
τ∈T

zτ rτ ≤ R, (3.1d)

zτλτ · β(qτ ) ≤ B(στ ) · rτ , ∀τ ∈T, (3.1e)
aτ (qτ , yπd

τ
) ≥ Aτ1zτ>0, ∀τ ∈T, (3.1f)

lτ (qτ , c(sd , τ ), rτ , yπd
τ
,στ )1zτ>0≤Lτ , ∀τ ∈T, (3.1g)

rτ ≤ J·zτ ;∀τ ∈T, (3.1h)
rτ ≥ zτ ;∀τ ∈T, (3.1i)∑
τ∈T

1zτ>0

∑
πd
τ∈Πd

τ

yπd
τ
1sd∈πd

τ
≤ K ·m(sd ), ∀sd∈Sd , (3.1j)

∑
τ∈T

1zτ>0

∑
πd
τ∈Πd

τ

yπd
τ
1sd∈πd

τ
≥ m(sd ), ∀sd ∈Sd (3.1k)

The objective function in (3.1a) balances the task admission term and the resource allocation
term using the parameter α. The resource allocation term includes: (i) the cost of training
each block sd∈S selected for one or more admitted tasks, normalized to the total DNN train-
ing cost (where S represents the set of all possible DNN blocks); (ii) the fraction of total radio
resources allocated for offloading admitted tasks; and (iii) the cost of CPU/GPU time used
by each DNN block for inference of admitted tasks, normalized to the full DNN cost. The
training cost (ct ) of a block sd depends on the subset of tasks using that block (indicated by
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decision variables yπd
τ
), reflecting the potential savings from sharing a block among different

tasks [94]. This cost is zero if no task uses sd . Both training (ct ) and inference (c) costs
can be calculated offline, so given the set of tasks T and possible subsets, these costs are
inputs to the DOT problem.
The computing resource budget requirements are enforced by constraints (3.1b) for memory
and (3.1c) for CPU/GPU time, ensuring these do not exceed the available capacity. Notably,
when multiple tasks use the same DNN block sd , the memory utilization of sd is counted
only once by introducing the binary auxiliary variable m(sd ), which is set to 1 if sd is used by
at least one task. On the other hand, the compute time consumed is summed over all tasks
using the DNN block sd , scaled by the admission task rate zτ ·λτ . Similarly, radio resource
requirements are described by constraints (3.1d) and (3.1e). Constraint (3.1d) ensures that
the number of RBs assigned to the radio network slices serving a task does not exceed
the available capacity. Constraint (3.1e) requires that, for the selected admission task rate
zτ ·λτ , each task is provided a radio slice with enough bandwidth to transmit task input data
of quality qτ from a UE having channel quality στ . Constraints (3.1f) and (3.1g) enforce
compliance with task requirements. Constraint (3.1f) mandates that the accuracy function
associated with task τ must satisfy the minimum accuracy requirement Aτ for tasks admitted
with a non-zero ratio zτ . Likewise, constraint (3.1g) requires that for every task admitted
with a non-zero ratio, the task latency function must meet the maximum tolerable end-to-end
latency requirement. The indicator function 1zτ>0 in these constraints equals 1 when zτ>0
and 0 otherwise. Constraints (3.1h) and (3.1i) are employed to enforce rτ=0 when zτ=0 and
rτ>0 when zτ>0, respectively, where J is a large value. Finally, constraints (3.1j) and (3.1k)
are employed to force the values of the auxiliary binary variable m(sd )∈[0, 1]. To be more
specific, constraint (3.1j) employs the Big M method (where K is a large value) to ensure that
m(sd ) equals 1 when DNN block sd is utilized by at least one task. Conversely, as stated by
(3.1k), m(sd ) must be 0 when sd is not utilized by any task. Also, the indicator function 1sd∈πd

τ

in (3.1j) and (3.1k) takes on value 1 when DNN block sd is part of path πd
τ and 0 otherwise.

By showing that the NP-hard binary multidimensional Knapsack problem (0/1 d-KP) can be
transformed into an instance of the DOT problem within polynomial time, it can be easily
proved that also the latter is NP-hard.

3.1.2.2. The OffloaDNN Solution Strategy

In light of the problem, complexity we present a heuristic algorithm, named scalable Of-
floading of DNN tasks (OffloaDNN), for serving inference tasks through efficient sharing and
configuration of dynamic DNN structures. In our OffloaDNN approach, we address the char-
acteristics and challenges of DOT as follows:

(i) Graph-based model: We tackle the problem complexity by modeling the solution space
through a graph that is built by processing the tasks sequentially (instead of in paral-
lel) according to their priority level, from highest to lowest. Each vertex represents a
possible decision for a task, i.e., a path on a dynamic DNN structure that can be used
for that task execution, and edges connect different deployment options when tran-
sitioning between tasks. To reduce the solution space and explore it efficiently, only
the vertices corresponding to feasible solutions, i.e., honoring accuracy and inference
latency constraints, are included upon processing a new task.
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Figure 3.1: Hierarchical tree representation for T=3 tasks. Here, task τ=1 has highest priority
with N1 siblings in clique 1, τ=2 has second highest priority with N2 siblings in clique 2, and
τ=3 has third highest priority with N3 siblings in clique 3. Each vertex vj=πj

τ in the clique at
t-th layer corresponds to a possible path on a DNN that can serve the task of priority t .

(ii) Assigning attributes to vertices: Vertices carry multi-dimensional and heterogeneous
attributes capturing the diverse nature of the resources to be allocated: total memory
consumption, training and inference compute time, and radio resource allocation for
data transfer. Additionally, attributes represent the task admission ratio, and the ac-
curacy and latency associated with a given path. Attributes also provide flexibility in
modeling the system, in that their values can vary in dynamism: they can be fixed,
dynamic, or subject to optimization upon graph traversal.

(iii) Tree structure: The graph we build has a tree structure, with each layer corresponding
to the decisions that are possible for a given task, from the highest-priority task to the
lowest-priority one (the tree root represents the process starting point). Every layer
accommodates “sibling" groups of vertices, i.e., groups of vertices that are replicated
almost the same but for the value taken by the total memory utilization and the training
cost attributes. The group of siblings at layer t is referred to as clique t . Each repetition
of a clique connects to a single parent vertex, enabling us to track the dependencies of
memory and training cost from previously selected paths during graph traversal (i.e.,
the choices concerning the higher-priority tasks). Indeed, the vertex total memory con-
sumption and training cost attributes update dynamically during traversal. Further, by
properly ordering the vertices within each clique according to their inference compute
time, we dramatically reduce the complexity of tree exploration by selecting the tree
branch that minimizes this metric.

The tree construction is depicted in Fig. 3.1.
Given the constructed tree, we define a cost function representing the total cost associated
with a tree branch as the DOT objective function in (3.1a). In so doing, the optimal solution
can be found by selecting the least-cost branch. Traversing the tree to compute the branches
cost involves employing a Depth-First Search (DFS) approach to track branch costs and
update the dynamic attributes of the vertices within each branch.
More specifically, while traversing the vertices of a branch, the memory consumption and
training cost at each subsequent vertex at layer t and task τ are updated, considering the
additional costs incurred by employing new blocks {sd} compared to those used by the pre-
ceding vertices within the same branch up to layer t−1. If the memory consumption exceeds
the threshold M at any vertex on a branch, exploration of that branch halts. Thus, after ex-
ploring all branches, the cost for each branch can be computed by solving an optimization
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problem with (i) the objective function as in (3.1a) but with xd
τ , yd

τ , πd
τ given (note that the

latter are the vertices on the considered branch); (ii) the constraints are as in (3.1c)–(3.1e)
and (3.1g), since while building the tree we already made sure that those related to memory,
accuracy, and latency were honored. Finally, the branch with the least cost, provides the op-
timal task admission ratio and resource allocation. Within this branch, the vertex information
πj
τ at layer t identifies the optimal DNN d and the corresponding DNN path for task τ .

In this new optimization problem, the objective function is a linear combination of known
constants and decision variables zτ and rτ . The first two and the fourth constraints are
linear and, hence, convex. The third constraint involves linear combinations of zτ and rτ .
Also, B(στ ) is positive and b(qτ ) is a convex function. Hence, the problem is convex in zτ
and rτ and can be solved to the optimum by using any convex optimizer. Nevertheless, the
above solution strategy has exponential complexity; further, the worst case complexity for
solving the linear optimization problem for zτ and rτ with 2(T+1) constraints and maximum
2T variables for a branch is O(4T×(T+1)).
We therefore leverage the method followed while constructing the tree, i.e., the fact that at
each layer vertices appear in increasing order w.r.t. their inference compute time, and, while
traversing the tree from the root to the leaves, we select the first branch. The rationale is
that, in (3.1a), the total inference cost is minimized when the corresponding compute time of
all tasks is minimal. Notably, though the inference compute cost of the branches increases
from left to right, the value of the DOT objective function may not follow the same trend,
as it includes further terms. However, OffloaDNN exhibits now a polynomial, and indeed
dramatically reduced complexity, at the expense of achieving a sub-optimal solution. We will
show below that, in spite of this, OffloaDNN matches the optimum very closely.

Table 3.2: Scenarios Parameters

Parameter Small scenario Large scenario
T {1, ... , 5} 20
T {1}, ... {1, ... , 5} {1, ... , 20}
λτ [req./s] 5∀τ ∀τ low: 2.5;

medium: 5; high: 7.5
Aτ [top-1] [0.9, 0.8, 0.7, 0.6, 0.5] 0.8− 0.015 · τ , τ∈T
Lτ [ms] [200, 300, 400, 500, 600] 200 + 20 · τ , τ∈T
|D| 3 125
|Πd

τ | 5 10
C [s] 2.5 10
Ct [s] 1000 1000
M [GB] 8 16
β(στ ) [Kb] 350 350
B(στ ) [Mbps] 0.35 0.35
α 0.5 0.5
pτ [0.8, 0.7, 0.6, 0.5, 0.4] [1, 0.95, ... , 0.1, 0.05]
R [RBs] 50 100

3.1.3. Performance Evaluation

Small-scale scenario. We crafted a small-scale scenario to compare OffloaDNN to the

Dissemination Level: Public. Page 66



HORIZON Grant Agreement Number: 101096379
Document ID: WP4/D4.3

1 2 3 4 5

No. of inference tasks, T

0

2

4

W
e

ig
h

te
d

 t
a

s
k
s
 

a
d

m
is

s
io

n
 r

a
ti
o

OffloaDNN

Optimum

1 2 3 4 5

No. of inference tasks, T

0

0.5

1

N
o

rm
a

liz
e

d
 n

o
. 

o
f

R
B

s
 a

llo
c
a

te
d

OffloaDNN

Optimum

1 2 3 4 5

No. of inference tasks, T

0

0.2

0.4

0.6

0.8

1

T
o

ta
l 
tr

a
in

in
g

 c
o

m
p

. 
u

s
a

g
e OffloaDNN

Optimum

1 2 3 4 5

No. of inference tasks, T

0

0.2

0.4

0.6

0.8

1

T
o

ta
l 
in

fe
re

c
n

e
 

c
o

m
p

. 
u

s
a

g
e OffloaDNN

Optimum

Figure 3.2: Small-scale scenario: comparison between OffloaDNN and the optimum as a
function of the number of inference tasks T : (left) average task admission ratio weighted by
the tasks’ priority; (center-left) total number of RBs allocated to the tasks’ slices, normalized
to the maximum available; (center-right) total compute usage for the training of the active
DNNs; (right) total compute usage for the admitted inference tasks, normalized to the maxi-
mum available.
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Figure 3.3: Large-scale scenario: admission rate of each task for OffloaDNN (top) and SEM-
O-RAN (bottom).

optimum, which can be practically derived only for problem instances with few tasks, from 1
to 5. Tasks are ordered according to decreasing priority, while their request rate is fixed at
5 req/s for every task. Each task is also assigned a distinct latency and accuracy requirement
as specified in Table 3.2. For the DNNs and paths reported in the table, we remark that each
DNN path is composed of four blocks.
The cost breakdown achieved by OffloaDNN and the optimum is reported in Fig. 3.2. The
weighted tasks admission ratio (Fig. 3.2(left)) is computed as the summation over all tasks
of the product of the task admission ratio and the task corresponding priority. We observe
that OffloaDNN allows for the same weighted task admission ratio as the optimum. Simi-
larly, looking at the total number of RBs allocated to the tasks offloading (normalized to the
available bandwidth R) in Fig. 3.2(center-left), one can observe that OffloaDNN performs as
good as the optimum. Fig. 3.2(center-right) reveals that the slightly higher DOT cost under
OffloaDNN relatively to the optimum is due to an increased cost of training the selected
DNNs structures. However, remarkably, Fig. 3.2(right) underlines that OffloaDNN requires a
lower inference compute usage than the optimum, with such usage accounting for the ag-
gregate compute resource fraction necessary for executing all inference tasks admitted at
the edge. The reduction of this relevant metric is attained thanks to the way OffloaDNN has
been designed. Specifically, it is due to the combination of sorting the vertices within each
clique based on the required compute time while building the weighted-tree graph, and the
selection of the first branch of the tree performed by OffloaDNN.
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Figure 3.4: Large-scale scenario: OffloaDNN vs SEM-O-RAN as the tasks rate varies: (left)
average task admission ratio weighted by task priority; (center-left) total no. of allocated
RBs, normalized to the maximum available; (center-right) total memory utilization; (right)
total compute usage for the admitted tasks, normalized to the maximum available.

3.1.4. Conclusions

We tackled the offloading and execution of multiple computer vision tasks at the edge, lever-
aging three main innovations: (1) a proper set of DNN layers can be shared among diverse
offloaded tasks to save memory resources at the edge; (2) a tailored number of common
layers can be “frozen" while task-specific layers can be fine-tuned, to limit training costs,
preserve previously acquired knowledge, and, at the same time, fulfill tasks accuracy re-
quirements; (3) task-specific layers can be pruned in a customized manner to further save
memory and computing time at the edge while meeting accuracy requirements. To best
apply such innovations, we formulated an optimization problem that determines the most
efficient DNNs configurations, the tasks offloading rate that the edge can support, and the
radio and computing resources to be allocated. We then envisioned a low-complexity so-
lution strategy that effectively solves the above (NP-hard) problem. Using ResNet-18 and
extensive numerical results, we validated our solution and demonstrated that it matches the
optimum very closely in small-scale scenarios, and substantially outperforms state-of-the-art
alternative (with 82.5% reduction in memory usage, 77.3% decrease in inference compute
time, and 26.9% more admitted offloaded tasks) in larger-scale scenarios. The solution we
developed thus reached a TRL 3.

3.2. Selection of Training Data in Distributed Learning
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

We now introduce the solution we developed to effectively and efficiently select the data to
be used for ML model training in when different network nodes are willing to contribute to
a learning task. Specifically, as the larger the amount of used training data, the higher the
computational and energy cost of model training, and the longer the training convergence
time, it is important to determine which data are essential to achieving the desired learn-
ing target and limit the training to such data. To this end, we considered a network system
where each node owns a dataset and designed a data-driven node selection scheme. In
other words, our solution determines the nodes that should cooperate towards the training
of a machine learning model, hence, tweaking a cooperation graph connecting the nodes
themselves. The data-driven approach we propose relies on three metrics to choose the
edges to activate in the cooperation graph, and on an efficient iterative algorithm exploiting
them. Through our performance evaluation, which leverages state-of-the-art datasets and
neural network architectures, we find that privacy-preserving metrics accounting for the dif-
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ference between local datasets are very effective in identifying the best edges to activate to
improve the efficiency of model training without hurting performance. Further details can be
found in our conference paper in [95].

3.2.1. Motivation and State of the Art

The capabilities of ML models keep growing at a very fast pace and, as mentioned in the
previous section, a relevant aspect is the training of such models, which requires ever-
increasing amounts of data and computational resources, e.g., CPU and GPU cores. As
a consequence, the training of large-scale ML models may take advantage of multiple learn-
ing nodes, sharing both their resources and their local datasets. The cooperation between
nodes typically follows one of two main paradigms, namely, distributed learning or decentral-
ized learning.
In distributed learning, all nodes train one model, each using its local data, and nodes
are assisted by a coordinator (a.k.a. aggregator). At each iteration, each node sends its
local model to the aggregator, which combines them (e.g., by averaging) and sends the
global model it obtains back to the learning nodes. Federated learning [96] and variants
thereof [97,98] all follow such distributed training paradigm. Conversely, decentralized learn-
ing [99,100], exemplified in Fig. 3.5, adopts altogether different cooperation and communica-
tion strategies. There is no centralized coordinator, rather nodes directly communicate with
each other. Furthermore, nodes only exchange the gradients for the model that is trained,
and, most importantly, the cooperation between nodes is flexible, i.e., nodes are not required
to exchange such gradients with all other nodes. Instead, nodes are free to decide the
neighbors to cooperate with, building a cooperation graph like that formed by the red edges
in Fig. 3.5. Thanks to its higher flexibility and the fact that it does not require a coordinator of
the training process, decentralized learning is best suited to fully distributed, heterogeneous
scenarios, where a coordinator cannot be easily identified (or, it is not convenient to do so)
and nodes deemed to cooperate have different capabilities.
Also, as mentioned, choosing the pairs of nodes that cooperate, i.e., deciding the cooper-
ation graph, is critical for the overall learning performance. Accordingly, we envision that
learning nodes are assisted by a learning orchestrator (depicted as the brain in Fig. 3.5).
Importantly, as per the decentralized learning paradigm, learning nodes do not send models
to the orchestrator; rather, they share the information needed to identify the most appropri-
ate edges to add to the cooperation graph. The orchestrator combines such information,
determines the best cooperation graph, and sends it to the learning nodes, as shown by
the green lines in Fig. 3.5. In general, the orchestrator will seek to minimize the cost of
the overall learning process, subject to learning quality (e.g., accuracy) constraints: adding
more edges will, in general, improve the learning quality [99,100], while also increasing the
incurred cost [99].
In the existing literature, decentralized learning has been investigate in, e.g., [101], which
compares decentralized learning gossip-based algorithms against FL, showing that the best
version of both schemes achieves similar results. In fact, [102] theoretically demonstrates
that decentralized learning has the potential to surpass the performance of FL. This clearly
underlines the potentiality of decentralized learning, whose optimization represents indeed a
highly promising direction towards learning paradigms that aim at leveraging the capabilities
of different nodes. Existing works also address the use of non-i.i.d. data in decentralized
learning, e.g., by assigning weights to the received information [103], modifying gradients
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Figure 3.5: A decentralized learning scenario and conceptual representation of the proposed
solution. Four learning nodes with heterogeneous capabilities and information have the op-
tion of cooperating to perform a DNN training task. Cooperation takes the form of exchanging
gradients; nodes that can communicate are connected by solid, red edges, which may (thick
edges) or may not (thin ones) be used for exchanging gradients (i.e., be active). In the sce-
nario we envision, nodes are assisted by an orchestrator: nodes send to the orchestrator
information about their dataset (e.g., distance metrics) and the orchestrator determines the
most cost-effective cooperation graph. It then sends back to the nodes indications on which
of their neighbors they should cooperate with. Such communication is represented by green,
dashed edges in the figure.

as the training process approximates low loss values [104], or varying the communication
frequency between learning nodes depending on specific data indicators [105]. Optimizing
energy, or, more in general, cost and system resources is also critical. From the viewpoint
of the network, reducing the number of data transmissions can save a substantial amount
of bandwidth [105]. However, it is crucial to analyze the existing trade off between sys-
tem efficiency and ML model consensus [106]. The use of communication resources has
been tackled in [99], which presents an analysis of cooperation among candidate learning
nodes in several distributed learning scenarios and provides an algorithm that optimizes
time and system resources. Finally, it has been demonstrated analytically that the logical
topology may have a significant impact on the performance of decentralized learning [107].
In fact, [108] proves that a ring communication topology allows increasing the number of
nodes without damaging the spectral gap, which affect the convergence of a model training.
Additionally, [109] presents a hierarchical framework that selects learning nodes by applying
a clustering method that accounts for the position of the network nodes.

In our work, we tackle the problem that the orchestrator needs to solve to optimally select
the edges of the cooperation graph, accounting for two complementary viewpoints: (i) how
to make the decisions, and (ii) which information to use to make such decisions. Concerning
the former, we devise an efficient, iterative algorithm yielding provably near-optimal solu-
tions. For the latter, we propose and evaluate three different metrics to assess how useful
each edge can be, featuring different trade-offs between the decision quality and the extent
to which they preserve the privacy of local datasets. Our approach envisions adding a new
entity to the traditional decentralized learning scenario – the orchestrator in Fig. 3.5 –, pro-
viding it with information, and having it make some fairly complex decisions about learning
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Figure 3.6: We consider an activity classification task based upon [3] and over 9,000 coop-
eration graphs. Markers in the plot correspond to cooperation graphs, and their locations
along the x- and y-axes correspond (respectively) to the number of edges in the graph and
the resulting accuracy. The purple area encloses the 10th and 90th percentiles of accuracy.

organization. This is of course worthwhile if good decisions about the cooperation graph
can be made that significantly improve the learning quality. Importantly, the orchestrator
does not aggregate models trained locally and has no part in the training process, i.e., the
training procedure still fully meets the principles of decentralized learning.
As a motivating example, let us consider a simple decentralized learning scenario, based
upon widely-used, publicly-available datasets and DNN architectures. Specifically, we con-
sider nine learning nodes that have to perform an activity classification task over the HAR
dataset [3]. The dataset includes data collected from 30 volunteers aged 19-48, with each
person performing one of six activities (WALKING, WALKING_UP, WALKING_DOWN, SIT-
TING, STANDING, LAYING) while wearing a Samsung Galaxy S II smartphone on the waist.
The authors collected acceleration and velocity information from the embedded gyroscope,
and then manually associated each set of readings with the corresponding activity. The sen-
sor signals (accelerometer and gyroscope) were pre-processed by applying noise filters and
then sampled in fixed-width sliding windows of 2.56 sec and 50% overlap (128 readings/win-
dow). Each node has a local dataset whose size varies between 400 and 600 samples.
Furthermore, the number of samples of each class in each local dataset are assigned ran-
domly, which results in a non-uniform data distribution.
For classification, we use the feed-forward DNN from [110]. We opt for that architecture
in view of its simplicity, limited resource utilization, and reproducibility. We implement the
DNN using the de facto standard PyTorch library, and perform training using the lightning
extension.
In this scenario, we consider a total of 9,450 different cooperation graphs, and track, for
each of them, (i) the number of edges therein and (ii) the accuracy it yields. The results are
summarized in Fig. 3.6, where each marker corresponds to a cooperation graph, and the
marker’s locations along the x- and y-axes correspond (respectively) to the number of edges
in the graph and the resulting accuracy. Moreover, the purple area in the plot corresponds
to the values between the 10th and 90th percentiles of accuracy.
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A first observation we can make from the plot is that, as expected, more cooperation (hence,
more edges) almost always results in better performance. It is more interesting to remark
what happens for less connected cooperation graphs, e.g., with around 40 edges. In these
cases, the resulting accuracy can be as low as 10% – the same as randomly guessing – but
also as high as 90%, matching that yielded by cooperation graphs with twice the number of
edges. Achieving one accuracy value or the other solely depends upon the quality of our
decisions about the cooperation graph.
An alternative way of seeing the high-level purpose of our work and the PickEdge framework
is looking at the purple area, corresponding to the solution space we can explore. Moving
left results in cheaper solutions; moving down results in lower-quality ones. PickEdge aims
at moving as much as possible towards the left, while avoiding going down; ideally, we would
move across the top edge of the purple area. Notice how the edge of such purple area is
relatively straight, i.e., there are solutions that are both cheap and effective, hence, it is
worthwhile looking for them.

3.2.2. Proposed Solution

Our system model, depicted in Fig. 3.7, includes a set of learning nodes N={n}, repre-
senting the nodes that can participate in the learning process. We further know a set of
edges E={(n1, n2)}⊆N 2, representing the pairs of nodes that could cooperate with each
other. For each edge, we are given a per-epoch cost c(n1, n2) representing, e.g., the en-
ergy consumed if nodes n1 and n2 cooperate. Our main decision is whether to activate
each edge, expressed through binary variables y (n1, n2)∈{0, 1}. Also, we have to decide the
number K of epochs to run. Given the vector y of all y -variables and K , the achieved loss is
given by ℓ(K , y); we impose that such a loss value must be equal to or smaller than a target
value ℓmax. Our high-level goal is to minimize the total training cost, subject to the fact that
the loss target is met:

min
K ,y

K
∑

(n1,n2)∈E

y (n1, n2)c(n1, n2), (3.2)

s.t. ℓ(K , y) ≤ ℓmax. (3.3)

There are, however, two main issues with the problem as it is stated above. Firstly, there is no
closed-form expression for the loss ℓ(K , y), and even estimating the impact of decisions over
the loss is not straightforward. Secondly, the problem as a whole is NP-hard; specifically, it
is an integer non-linear programming problem, or INLP, where the non-linearity comes from
the definition of ℓ(K , y). It follows that it is impractical to solve it directly through, e.g., a
solver. We deal with both issues by proposing: (i) three possible metrics to estimate the
value of activating a given edge; (ii) an iterative algorithm, based on hill-climbing, which
makes near-optimal decisions.
Our solution concept, called PickEdge, features two main components. First, we replace
the loss ℓ(K , y) with an estimate of the value of enabling each edge. Then, we use such
value estimates in our iterative algorithm, prove that it makes near-optimal decisions. Given
an inactive edge (n1, n2)∈E (i.e., such that y (n1, n2)=0), the current values of the y -variables
y∈{0, 1}|E|, and the number K of epochs to run, the value v (n1, n2, K , y) associated with
edge (n1, n2) is defined as the loss improvement (i.e., decrease) achieved by enabling the
edge itself, i.e.,

v (n1, n2, K , y) = ℓ(K , y)− ℓ(K , y′) , (3.4)
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Figure 3.7: An example scenario with four nodes in N (represented by circles) and four
edges in E (represented by lines). To each node corresponds a local dataset Xn, represented
by a cylinder. The style of lines denotes whether or not the corresponding edge is active; as
an example, y (n1, n3)=1, y (n3, n4)=0, while (n1, n2)̸∈E .

where y′ is a copy of y, with the value corresponding to (n1, n2) set to 1. Here, we consider
that, enabling additional edges does not hurt performance, hence, v (n1, n2, K , y) is always
non-negative. Exact edge values are impractical to compute, given the stochastic nature
of the DNN training process. Furthermore, having those values depending on both the
number K of epochs to run and the currently-selected edges y is very cumbersome, and
significantly adds to the problem complexity. Accordingly, in the following we present three
metrics to assess edge values, leveraging different types of information.
Next, we recall that the spectral gap γ(y) of a graph is the difference between the moduli
of the two largest eigenvalues of its incidence matrix. It has been observed [100, Eq. (5)]
that such a quantity has an influence on the learning quality; specifically, a lower spectral
gap results in a higher loss. Further, adding an edge to a graph increases the spectral
gap1. Accordingly, the spectral metric ṽγ(n1, n2, y) assigns to each edge (n1, n2) a value
corresponding to how much enabling that edge increases the spectral gap, i.e., ṽγ(n1, n2, y) =
γ(y′) − γ(y). The spectral metric is the easiest to compute, as it requires no information
whatsoever about the nodes or their datasets. On the negative side, not accounting for such
information may lead to sub-optimal performance.
Additionally, it has been observed [111] that including nodes with overly-different local dataset
can hurt the overall learning performance. Accordingly, calling Xn the local dataset of node n,
the data distance estimate of the value of edge (n1, n2) is the opposite of the distance be-
tween their datasets: ṽD(n1, n2) = −∥Xn1 − Xn2∥. Unlike the spectral metric ṽγ(n1, n2, y), the
above definition does not depend upon the current decisions y. Thus, the dataset distance
metric can be computed offline, and does not change as decisions evolve. A major disad-
vantage of the data distance metric is that it requires to share the local datasets Xn. This
is problematic for two main reasons: it creates additional overhead, and it may jeopardize
privacy. To avoid such issues, we decompose the local datasets using singular value decom-
position (SVD) decomposition, and represent them as: Xn = UnΣnV ⊺

n , where Σn is a diagonal
matrix, and the matrices Vn and Un can be interpreted, respectively, as a description of the
dataset as a whole (akin to a base) and a representation of the individual samples therein.
Accordingly, the distance between the datasets introduced above can be well approximated

1A fully-connected topology is associated with a spectral gap of 1; all other topologies have gap values
between 0 and 1.
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Figure 3.8: Accuracy achieved when different metrics are employed by PickEdge, as a func-
tion of the number of edges selected to be included in the cooperation graph.

Algorithm 1 The PickEdge algorithm

Require: K , ℓmax forall (n1, n2) ∈ E do
1:

end
y (n1, n2)← 0

2: while ℓ(K , y) ≥ ℓmax ∧min y = 0 do

end
line:check

3: (n⋆1, n⋆2)← arg max (n1,n2)∈E
: y (n1,n2)=0

v (n1,n2,K ,y)
c(n1,n2)

4: y (n⋆1, n⋆2)← 1
5: return y =0

through the distance between the corresponding V -matrices, giving the following metric:

ṽV(n1, n2) = −∥Vn1 − Vn2∥. (3.5)

Importantly, V-matrices are much smaller than the original datasets (i.e., the X-matrices),
and can be exchanged between nodes with negligible overhead and without jeopardizing
privacy.

3.2.2.1. The PickEdge algorithm

The PickEdge algorithm (Algorithm 1) follows a straightforward greedy approach. We start
with no edges enabled (Line 1); then, until the learning quality is attained, we choose a new
edge to activate. Specifically, we identify the inactive edge that maximizes the ratio between
its value and the cost (Line 3), and set the corresponding y -variable to 1 (Line 4). Notice that,
for ease of presentation, Algorithm 1 assumes K to be given; if that is not the case, multiple
instances of the algorithm could be ran with different values of K .
Algorithm 1 has two interesting properties. First, its worst-case computational complexity is
polynomial – indeed, linear in the number of edges in E . Second, for all the definitions of
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Figure 3.9: Cooperation graphs yielded by PickEdge when the target number of edges is 18
and the used metric is spectral (left), dataset distance (center), V-distance (right).

Figure 3.10: 18-edge (top) and 36-edge (bottom) cooperation graphs: edges activated under
both the dataset distance and V-distance metrics (green); under dataset distance only (red);
and, under V-distance only (blue).
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Figure 3.11: Correlation between dataset distance and V-distance: each marker represents
a pair of datasets. The marker’s position along the x- and y-axes are equal, respectively, to
the dataset distance and V-distance between the corresponding datasets.
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edge value we presented, it yields a performance (i.e., the total cost in (3.2)), that is within
a constant factor from the optimum. From inspection of Algorithm 1, it can be proved that
the worst-case computational complexity of the PickEdge algorithm (in Algorithm 1) is linear
in the number of edges |E|. The concrete meaning of this result is that the time taken by
Algorithm 1 to make its decisions grows linearly with the size of the problem instance to
solve, e.g., if the instance is twice as large, Algorithm 1 will take – at most – twice to run.
The “at most” part reflects the fact that computational complexity proofs always deal with
the worst case, and performance can be (and often is) better in many concrete cases. Also,
computational complexity is linked with the resources needed to make the required decisions
in the required time, hence, the associated energy consumption and cost.
Concerning the competitive ratio, For all of the metrics value definitions presented above,
tthe PickEdge algorithm (in Algorithm 1) has a constant competitive ratio of 1−1

e . The proof
comes from [112, Theorem 4.7], showing that greedy algorithms in the form of Algorithm 1
have a competitive ratio of 1−1

e , if the value function is submodular. Further, concerning the
three functions defined above, two of them are linear (i.e., do not depend upon current deci-
sions y), hence, they are also submodular. As for the third one, we leverage the experiments
in [113, 114], showing that the increase in the spectral gap achieved by adding one edge
decreases with the spectral gap itself – the very definition of submodularity. Intuitively, the
aforementioned property shows that Algorithm 1 make decisions that are not too far away
from optimal ones, for all possible inputs. The property deals with worst case scenarios, and
decisions can even be optimal in many practical cases. It is however important to remark
that the performance of Algorithm 1 can only be as good as the value estimates provided
to it. In other words, if the estimates are wrong, then so will the decisions returned by the
algorithm.

3.2.3. Performance Evaluation

We consider the same reference scenario as in our motivating example, with nine nodes
performing a decentralized learning task. The first aspect we are interested in is the per-
formance achieved by PickEdge when different metrics are used, quantified through the
classification accuracy.
The results are summarized in Fig. 3.8. As one might expect, a larger number of edges
(hence, more cooperation) is always associated with a better accuracy. Indeed, as also
shown in [100], cooperation always improves accuracy – unless very specific distributions of
data and computation times are considered. It is more interesting to observe the difference
between our metrics of interest: the spectral metric yields the lowest accuracy, with dataset
distance and V-distance providing higher, and very similar, performance.
The reason for the relatively poor performance of the spectral metric is in the fact that it does
not account for anything other than the topology of the cooperation graph, hence, employing
that metric may result in not exploiting properly nodes with more, and/or more useful, data.
As far as the dataset distance is concerned, it consistently yields the best performance –
which is linked to the fact that the dataset distance metric captures the most information
about local datasets and their features. Remarkably, the V-distance metric results in a per-
formance that is only marginally worse, in spite of the fact that this metric makes use of (and
transfers between nodes) a much smaller amount of information. Even more importantly,
the difference tends to disappear as cooperation graphs become sparser, i.e., as opera-
tional conditions for cooperation become more challenging.
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In summary, Fig. 3.8 suggests that it is possible (i) to remove a large fraction of the
edges of the graph without significantly affecting performance, and (ii) to use effi-
cient, privacy-preserving techniques to choose the edges to remove without incurring
additional performance losses.
Fig. 3.9 shows the cooperation graphs obtained when the target number of edges is set
to 18; this allows us to understand how different metrics influence the decisions made by
PickEdge and the overall learning performance. We can observe a striking difference be-
tween the decisions yielded by the spectral metric (left plot, in grey) and the other two metrics
(center and right plots): only considering the spectral gap always results in graphs that are
as close to regular as possible. Indeed, regular graphs result in higher spectral gaps (mesh
graphs have the highest possible gap). All other factors, e.g., the characteristics of the local
datasets, are ignored; as mentioned earlier, this contributes to the lower performance shown
in Fig. 3.8.
Concerning the dataset distance and V-distance metric, the resulting graphs (center and
right plots in Fig. 3.9, denoted in red and blue, respectively) are clearly not regular. This
is due to the fact that both these metrics seek to improve performance by utilizing network
nodes with larger and/or better-quality local datasets, achieving the good performance high-
lighted in Fig. 3.8. Even more interestingly, the two graphs are quite similar to each other,
which suggests that the two metrics lead to similar decisions.
This is confirmed by Fig. 3.10, highlighting that the dataset distance and V-distance metrics
result in the same decision (i.e., activate or not) for the vast majority of edges. The resulting
cooperation graphs overlap for more than 77% (thick, green edges in the figure) in the 18-
edge case (top), and to an even larger degree in the 36-edge case (bottom). This confirms
our intuition that the V-distance metric captures much of the same information as the more
complete – but more onerous and less privacy-preserving – dataset distance one, and leads
to decisions that not only yield similar performance, but are similar to each other. Importantly,
we have verified this important behavior in different scenarios, with very different cooperation
patterns between nodes.
Last, Fig. 3.11 presents the dataset distance and V-distance metrics themselves, and to
which extent they are correlated. In the plot, each marker represents a pair of datasets; the
marker’s position along the x- and y-axes are equal, respectively, to the dataset distance
and V-distance between the corresponding datasets. We can observe that the correlation
coefficient between the two metrics (denoted by ρ in the plot) is rather high, namely, 0.87.
More importantly, it often happens that, given three datasets X0, X1, and X2, if X1 is closer
to X0 than X2 according to one metric, then the same happens according to the other one.
Specifically, this happens for 92% of the possible dataset triples. Considering the structure
of Algorithm 1, and especially Line 3, this guarantees that the decisions yielded by different
metrics are, in fact, the same.

3.3. Conclusions
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

We have targeted the problem of decentralized learning in mobile networks, where the bene-
fits of cooperation between learning nodes must be balanced against the resulting overhead
and cost. In this context, we have proposed an efficient and effective algorithm, called
PickEdge, able to generate near-optimal cooperation graphs using any metric expressing

Dissemination Level: Public. Page 77



HORIZON Grant Agreement Number: 101096379
Document ID: WP4/D4.3

how desirable the cooperation between two nodes is. We have proposed, discussed, and
evaluated three different metrics, each exhibiting a different trade-off between the informa-
tion that is needed and the resulting performance. Through our performance evaluation,
we have found that privacy-preserving metrics leveraging singular value decomposition to
estimate the distance between local datasets yield essentially the same performance as
less-efficient, non-privacy-preserving metrics that directly measure the distance itself.

3.4. Energy efficient machine learning techniques at the Edge
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

In edge computing applications, the amount of data shared across the networks to train
machine learning models is ever increasing, as well as the associated carbon footprint.
Distributed applications require high inference accuracy, while maintaining the energy ex-
penditure at sustainable levels and preserving the privacy of the edge user. To address the
above needs, we investigate decentralized optimization frameworks via distributed learning
schemes, to reduce communication costs and preserve privacy in networked systems. To
this end, we employ second-order optimization techniques and we propose ways to reduce
the required communication and energy resources of training such machine learning models
and deploying them for inference.

3.4.1. Motivation and State of the Art

Internet of Things (IoT) and edge computing applications have witnessed a surge in recent
years. Numerous devices are interconnected to form large networks that produce massive
amounts of data. Such wide availability of data is crucial for training high-performing ma-
chine learning (ML) models for various applications such as image classification [89], speech
recognition [115] and wireless resource allocation [116]. The classical approach to training
these models involves the edge devices sending their raw data to a parameter server (PS)
for centralized training. However, due to privacy constraints and bandwidth limitations, edge
devices may not be able to send their data to the PS. To bridge this gap, federated learning
has been proposed as a solution to perform distributed model training, alleviating the need
to share raw and private data [117]. In first-order FL methods, such as federated averaging
(FedAvg) [118], the gradients used to update the model parameters are computed locally
and they are aggregated and broadcast by the PS. These methods are computationally less
intensive, but suffer from slow convergence. Techniques based on momentum and adaptive
learning rates have been proposed in the literature to accelerate their convergence cite. At
the same time, quantization and compression schemes have minimized their compression
overhead, resulting in better performance in resource-constrained environments [117].

Employing only first-order methods, in the form of the gradient information, in the optimiza-
tion of the objective function of the application, is insufficient to obtain an accurate solu-
tion fast. Second-order methods, which endow the optimization algorithm with curvature
information, lead to faster convergence, but at the cost of higher computational load and
storage, given by the computation and transmission of the full Hessian matrix at each it-
eration. Together with the communication overhead and privacy issues, these drawbacks
are exacerbated for large-scale models. Sharing the inverse Hessian-gradient product vec-
tor represents one approach to address these issues [119]. However, it fails to scale to
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large number of devices due to the computational complexity of the order O(d3) and storage
requirements of the order O(d2), where d represents the model size. The iterative approxi-
mation of the inverse of the Hessian matrix and its recursive multiplication with the gradient
reduce the storage load [120], but the latter operation maintains its complexity of the or-
der O(d3). This issue prohibits the adoption of second-order methods as an optimization
framework in energy-constrained IoT applications. Other approximations of the Hessian ma-
trix [121] lead to computational overheads and increase the risk of model drift [122].

For large-scale models, the communication of the shared model updates becomes a major
bottleneck. Inspired by the superposition of signals in multiple access channels (MAC), ana-
log over-the-air (OTA) aggregation techniques applied in first-order methods have reduced
the communication overhead [123]. So far, generally, second-order methods have not been
enhanced with OTA due to high computational and storage costs. The only exception is
represented by [124], which still requires the computation and storage of the full Hessian
matrix.

3.4.2. Proposed Solution

3.4.2.1. Our contributions

We introduce the federated learning algorithm termed OTA Fed-Sophia, where we leverage
the reduction in communication overhead provided by the OTA approach, combined with an
accelerated convergence property given by second-order methods. Our approach scales
well with the model size, employs the optimizer from [125] and reduces bandwidth require-
ments via OTA aggregation. We summarize our contributions as follows:

• Firstly, by using the local curvature information, we avoid the computation, storage and
transmission of the full Hessian matrix. This approach decreases the computation and
communication costs, while preserving the user’s privacy.

• Secondly, to the best of our knowledge, our study is the first one to combine OTA
aggregation with a scalable second-order FL algorithm via channel inversion.

• Thirdly, we validate our proposed approach in simulation experiments and, by needing
fewer communication resources and lower energy consumption, we obtain gains over
several federated learning baselines, such as FedAvg [118], FedProx [122] and DONE
[120].

3.4.2.2. System model and problem formulation

We consider N devices that communicate with a PS to learn the optimal parameters of a
model, θ ∈ Rd , that minimize the following objective function

min
θ∈Rd

{
f (θ) ∆=

N∑
n=1

fn(θ)

}
, (3.6)

where fn(θ) represents the local loss function of device n. We aim at minimizing the global
loss function without utilizing the local datasets of the clients. By aggregating the gradients
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received from all the clients, the PS may solve iteratively the problem formulated in equation
3.6 as:

θk+1 = θk − η∇f (θk ) = θk − η
N∑

n=1

∇fn(θk ), (3.7)

where ∇f (θk ) is the gradient at the k th round and η an appropriately chosen learning rate.

Instead of using a uniform step size, in the form of the Hessian matrix, clients may employ
second-order information about the behaviour of their local loss function. The Hessian mea-
sures the local curvature around the current point and refines the gradient direction, resulting
in faster convergence. To solve problem 3.6, the update at iteration (k +1) given by Newton’s
method is written as

θk+1 = θk −
(

N∑
n=1

∇2fn(θk )

)−1( N∑
n=1

∇fn(θk )

)
, (3.8)

where ∇2fn(θk ) ∈ Rd×d is the local Hessian matrix. Let Hk
n denote the Hessian matrix and

gk
n the gradient vector ∇fn(θk at the k th iteration. For each iteration k until convergence,

every client n computes Hk
n and gk

n and sends them to the PS, which aggregates the values
and updates the global model as given by equation 3.8. The size of the Hassian matrix is
very large and sending it to the PS causes communication bottlenecks. Due to its quadratic
complexity, for large models, such as neural networks (NNs), computing and storing the full
Hessian is infeasible. Moreover, sharing raw Hessians and gradients exposes the informa-
tion about the datasets to inverse attacks and creates privacy concerns.

3.4.2.3. Proposed algorithm

3.4.2.4. Fed-Sophia

If we employ an NN model and a cross-entropy local loss function, fn(θk ) , then, via the
Gauss-Newton decomposition, Hk

n may be approximated as

Hk
n ≈ Jθk

n
ϕ(θk

n , x) · S · Jθk
n
ϕ(θk

n , x)T , (3.9)

where ϕ represents the logits function, that is the mapping from input values, x , to raw
output values, ϕ(θk

n , x), represents the Jacobian of ϕ with respect to (w.r.t.) θk
n and S the

second-order derivative of the loss function w.r.t. the logits.

Let ĥ
k
n denotes the diagonal elements of the Hessian matrix, that is ĥ

k
n

∆= diag(Hk
n). They can

be efficiently estimated using the Gauss-Newton-Bartlett (GNB) method [125], Algorithm 2.
The curvature information along each direction is preserved in the diagonal elements of
the Hessian, which provide the benefits of a cost-effective, memory-efficient and privacy-
preserving approach to solving the optimization problem 3.6. The diagonal elements ĥ

k
n can

be expressed as

ĥ
k
n = B · ĝk

n ⊙ ĝk
n, (3.10)
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where ⊙ denotes the element-wise product, B represents the mini-batch size and ĝk
n is

the gradient vector of the loss function, evaluated at the points from the mini-batch and
with labels ŷ j sampled from the logits function ϕ(θk

n , x j) on the inputs x j . To reduce the
computational burden of the Hessian, we only compute it every τ iterations and we employ
mini-batches. We mitigate the effect of the noise introduced by these operations with an
exponential moving average (EMA) of the gradients, denoted as mk

n:

mk
n = β1mk−1

n + (1− β1)ĝk
n (3.11)

and for the Hessian

hk
n =

{
β2hk−1

n + (1− β2)ĥ
k
n, k mod τ = 0

hk−1
n otherwise ,

(3.12)

where β1 and β2 are tuning parameters. The PS receives the EMA of the gradients and that
of the Hessians from the clients and aggregates them as

mk =
1
N

N∑
n=1

mk
n (3.13)

h
k

=
1
N

N∑
n=1

hk
n (3.14)

and computes the update direction as the element-wise division mk/h
k
. When this up-

date direction is employed with non-convex functions, the Hessian matrix may exhibit rapid
changes and inaccuracies, particularly in the early stages of the optimization process. This
leads the algorithm to converge to a maximum or saddle point. To address this issue, we use
element-wise clipping to retain values from h

k
only when the curvature is positive. We also

limit the step size when the curvature is steep. We define a clipping function, ẑ = clip(z, γ),
of the vector z ∈ Rd using a threshold γ > 0 as

ẑi = max (min (zi , γ) ,−γ) . (3.15)

Now, the update in 3.8 becomes

θk+1 = θk − η · clip

(
mk

max(γ · hk
, ϵ)

, 1

)
. (3.16)

Here, ϵ > 0 provides the guarantee of positivity for the curvature and avoids the division
by zero. Very small or negative h

k
entries reduce the pre-conditioned gradient to mk/ϵ.

This triggres clipping and makes θk − θk+1 = η · sign(m), which protects against worst-case
updates when the Hessian estimate is small or negative.

3.4.2.5. Analog over-the-air direction aggregation Fed-Sophia (OTA Fed-Sophia)

At each iteration k , each of the N devices sends their computed EMAs, mk
n and hk

n , to the
PS through a wireless fading MAC. They utilize b subcarriers over a total of T̃ ∈ {T , 2T} time
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slots, where b ≤ d and T = ⌈d
b ⌉. The clients perform slot-level synchronization, which yields

signal synchronization at the PS and exploits the superposition property of the channel.
The employ timing advance in LTE, which represents a technique to adjust the transmission
timing, thus, mitigating misalignment and synchronizing the signal arrival at the PS [126].
For each iteration k , at each time slot t , each device n transmits a vector of length b, which
we denote

Sn(t) = [Sn,1(t), ... , Sn,b(t)]T ∈ Cb. (3.17)

Over the i th subcarrier, the PS receives the channel output described as

yi(t) =
N∑

n=1

hn,i(t)sn,i(t) + zi(t), (3.18)

where hn,i(t) ∈ C represents the fading channel of the i th subcarrier between the nth client
and the PS and zi(t) ∼ CN (0, 1) the additive zero-mean and unit-variance white Gaussian
noise (AWGN) at the PS at time slot t . We assume that the channel state information (CSI)
is known to the PS and to the clients for each time slot t . Therefore, each client utilizes hn,i(t)
and performs the channel inversion operation.

For each client n, during every transmission round, the average transmit power constraint is
upper bounded by the maximum power, Pn:

1
d

d∑
i=1

|sn,i(t)|2 ≤ Pn. (3.19)

To avoid violating the power constraint imposed on each client, we set the transmitted signal
sn,i(t) as

sn,i(t) =

{
α(t)

mk
n,i

hn,i (t)
, if |hn,i(t)| ≥ hth

0, otherwise ,
(3.20)

where α(t) represents a scaling factor and hth represents a predefined threshold. The above
equation indicates that, when the channel conditions are poor for client n, subchannel i and
time slot t , that is |hn,i(t)| < hth, the client does not transmit any signal to the PS. Thus, not
all model parameters reach the PS. Let en(t) = {i ∈ [d ] : |hn,i(t)| ≥ hth,∀n ∈ [N]} denote
the set of elements that satisfy equation 3.20, that is that can be transmitted. Based on the
exact CSI information, each client computes the scaling factor α(t), which satisfies the power
constraint as follows

αn(t)2

|en(t)|

dn(t)∑
i=1

∣∣∣∣∣mk
n,i(t)

hn,i(t)

∣∣∣∣∣
2

≤ Pn. (3.21)

After this computation, it sends the result to the PS through an error-free channel. The PS
determines the minimum scaling factor satisfying all the constraints as α(t) = min{αi(t) : i ∈
en(t)}. Then, it broadcasts it to all the clients through a control channel. The PS receives the
α(t)

∑
n∈Ni (t)

mk
n,i(t)+zk

i (t), where Ni(t) = {n ∈ [N] : |hn,i(t)| ≥ hth}, ∀i ∈ [d ], represents the set
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of clients that can transmit over the i th subcarrier. Then, the PS divides the received expres-
sion by α(t) and applies matched filtering. After processing, the received signal becomes
mi =

∑
n∈Ni (t)

mk
n,i + ẑk

i , where ẑk
i is the matched filtered AWGN. The PS also receives the

new approximate Hessian h
k
i =
∑

n∈Ni (t)
hk

n,i + ẑk
i . Based on this information, the PS computes

the update direction according to equation 3.16 and broadcasts the resulting vector to the
clients via an error-free channel. They will update their model locally using this information
received from the PS. The AWGN introduces errors when α(t) is small, amplifying the noise.
The best approach to mitigate this issue is to perform a joint optimization of the transmission
power and the scaling factor that minimizes

∑N
n=1

(
mk

n −mk
)

. But, due to its complexity, we
leave this aspect for future work.

The OTA Fed-Sophia algorithm employs the parameter η and the hyperparameters β1, β2, ϵ, γ,
initializes the model parameters θ0, m0

n = 0, h0
n = 0 and operates as follows: for each com-

munication round k from 0 to K , for each client n ∈ [N], it receives the global model θk and
sets its local model equal to it. It computes the local stochastic gradient ĝk

n and the update
mk

n. Then, it calculates the scaling factor αn(t) according to 3.21 and receives the global
value α(t) from the PS via a control channel. For each component i ∈ [d ], if |hn,i(t)| ≥ hth,
then the device sends α(t)mk

n,i/hn,i(t) to the PS. If k mod τ = 0, then it computes its local

Hessian estimate ĥ
k
n and update hk

n. It calculates the scaling factor αn(t) according to 3.21
and receives the global value α(t) from the PS via a control channel. For each component
i ∈ [d ], if |hn,i(t)| ≥ hth, then the device sends α(t)hk

n,i/hn,i(t) to the PS. It also sends the

updated local Hessian ĥ
k
n to the PS. If k mod τ ̸= 0, then hk

n = hk−1
n . The PS computes the

update mi and h
k
i =

∑
n∈Ni (t)

hk
n,i + ẑk

i , ∀i ∈ [d ]. The global model is updated according to
equation 3.16.

3.4.3. Performance Evaluation

3.4.3.1. Training settings

We evaluate the performance of our proposed solution on a distributed classification problem
and compare it with that of FedAvg [118], FedProx [122], DONE [120] and Fed-Sophia [121].
The datasets used for training and evaluation are: MNIST, Sent140, CIFAR-10 and CIFAR-
100. The neural network models used for training and evaluation are: a multilayer perceptron
(MLP), an LSTM model, a convolutional neural network (CNN) and a ResNet architecture.
The data is independently and identically distributed (IID) among N = 32 clients, with 75%
used for training and 25% used for testing. All models are trained using the cross-entropy
loss function. Each communication round comprises 1 local iteration for Fed-Sophia and
10 for FedAvg, FedProx. In the case of DONE, additional local iterations are performed
because it requires multiple updates to reach convergence. The gradient is computed using
a batch size of 64 for Fed-Sophia, FedAvg and FedProx and the entire dataset for DONE.
By introducing data heterogeneity in the form of a maximum of 3 labels allowed per client,
we investigate the non-IID scenario.
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3.4.3.2. Communication network settings

For each client, the transmission power is equal to Pn = 1mW, ∀n ∈ {1, 2, ... , N}, the avail-
able channel bandwidth is equal to Wch = 20 MHz, the total number of subcarriers is equal
to b = 1200 and each subcarrier has a bandwidth of Wsub = 15 KHz. Aligning with LTE
standards, the symbol duration is equal to τ = 1 ms. We assume the coefficients of the
channels between the clients and the PS follow a Rayleigh distribution with zero mean and
unit variance CN (0, 1). The signal-to-noise ratio is equal to SNR = 25 dB.

For OTA Fed-Sophia, in the uplink, we utilize analog communication to reduce the commu-
nication bottleneck and, in the downlink, digital communication, to broadcast the updated
model to the clients. Each element of the update vector is transmitted by means of a subcar-
rier. Therefore, all clients need to transmit the entire vector over ⌈d

b = {67, 144, 353, 9350}⌉
time slots for the datasets: MNIST (with the associated MLP model), Sent140 (with the as-
sociated LSTM model), CIFAR-10 (with the associated CNN model) and CIFAR-100 (with
the associated ResNet model), respectively. For the digital version of Fed-Sophia, DONE
and FedAvg, the elements of the update directions are represented and transmitted using 32
bits. The required number of transmissions becomes 32d , which leads to the total number
of time slots τn equal to

Ns
N∑

s=1

τn∑
t=0

τRs,n(t) ≥ 32d , (3.22)

where Ns is the total number of available subcarriers, N is the number of clients and Rs,n(t)
represents the maximum achievable bit rate at the t th time slot and is equal to

Rs,n(t) = BW log2

(
1 + Pn|hs,n(t)|2

N0BW

)
, (3.23)

where N0 is the power spectral density of the noise and is equal to N0 = 10−9W/Hz.

Throughout training, the total energy expenditure of each device has two components:

(i) the communication energy, Et , which measures how much energy has been consumed
during the data transmission and reception,

(ii) the computational energy, Ec, which measures how much energy has been spent by
hardware components, such as CPUs, GPUs and memory, to perform computations.

After k global iterations, the total energy comsumed by device n is equal to

En,T (k ) = En,c(k ) + En,t (k ) =
k∑

j=1

ej
n + 32d

k∑
j=1

ej
n,PS, (3.24)

where ej
n denotes the energy consumed by the nth client, during the j th communication round,

to train and update the model and ej
n,PS denotes the energy consumed by the transmission

of one bit from the 32-bit representation to the PS.
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3.4.3.3. Performance comparison with baselines

We employ the test accuracy in a distributed classification task as our performance mea-
sure. Using the benchmark datasets of MNIST, Sent140, CIFAR-10 and CIFAR-100, we
compare the test accuracy of OTA Fed-Sophia against that of Fed-Sophia, FedAvg, FedProx
and DONE, as a function of the number of communication uploads computed in 3.22.

Illustrated in Figure 3.12, our method provides the best test accuracy on the MNIST dataset
at convergence, slightly surpassing Fed-Sophia, DONE and FedProx, in this order, with a
more pronounced lead over FedAvg. It also requires the smallest number of communica-
tion uploads to reach this convergence value over all the baselines. In our algorithm, even
though the Hessian estimates are unreliable in the beginning of the training, thanks to its
clipping operation that addresses inaccuracies, it does not decrease the test accuracy. For
example, in order to reach a target accuracy of 80%, OTA Fed-Sophia requires 1.6 × 102

uploads, Fed-Sophia 8.1 × 102 uploads, DONE 9.4 × 102 uploads, FedProx 20 × 102 up-
loads and FedAvg 46× 102 uploads. DONE utilizes a better estimate of the Hessian matrix,
but requires the entire dataset and performs 2 communication rounds to compute the global
model gradient. It also estimates the inverse of the Hessian.

Figure 3.13 depicts the test accuracy performed on a sentiment analysis task using the
Sent140 dataset and an LSTM model. Due to its divergence with the number of local itera-
tions, we exclude the algorithm DONE from the comparison with the baselines. Our method
outperforms Fed-Sophia by a large margin and FedProx and FedAvg by an even larger one.
The last two algorithms represent first-order methods, which cannot compete in terms of ac-
curacy with the second-order ones, Fed-Sophia and OTA Fed-Sophia. Similar conclusions
may be drawn from Figure 3.14, where we conduct the analysis on the CIFAR10 dataset
using a CNN model. The first-order methods exhibit much lower performance compared to
the second-order ones, Fed-Sophia and OTA Fed-Sophia, with a slight advantage of FedAvg
over FedProx. Compared with the analysis shown in Figure 3.13, here Fed-Sophia reaches
the same accuracy as OTA Fed-Sophia, but after a much larger number of communication
uploads. Fed-Sophia reaches a 60% accuracy after 8 × 104 uploads, which represents a
six-fold increase over the FedAvg requirement of 4.9× 105 uploads. At 4.1× 103, OTA Fed-
Sophia achieves the same accuracy with the lowest number of uploads. It yields over 2
orders of magnitude speedup compared to FedAvg and FedProx.

In Figure 3.15, we evaluate the ResNet architecture on the CIFAR100 dataset, to demon-
strate the scalability of OTA Fed Sophia. The model contains over 11.2 × 106 parameters,
which challenges the first-order algorithms. They struggle to overcome the 40% accuracy
mark, with FedProx remaining slightly behind FedAvg. But, OTA Fed-Sophia, at 80% reaches
the highest accuracy of all the methods, followed by Fed-Sophia at around 75%. Our algo-
rithm also requires the least number of uploads to reach its convergence value.

For all the methods, we conduct an additional comparative analysis of how the test accu-
racy varies with the type of data distributions. We compare the maximum accuracy for IID
and non-IID data distributions after 1.5 × 104 communication uploads. For IID data, OTA
Fed-Sophia reaches a test accuracy of 97.3%, Fed-Sophia 95.8%, DONE 94.2%, FedProx
93.6% and FedAvg 89%. For non-IID data, OTA Fed-Sophia reaches a test accuracy of 87%,
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Figure 3.12: Test accuracy as a function of the number of communication uploads for Fed-
Sophia and OTA Fed-Sophia against several baselines for the MNIST dataset using an MLP
model.
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Figure 3.13: Test accuracy as a function of the number of communication uploads for Fed-
Sophia and OTA Fed-Sophia against several baselines for the Sent140 dataset using an
LSTM model.
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Figure 3.14: Test accuracy as a function of the number of communication uploads for Fed-
Sophia and OTA Fed-Sophia against several baselines for the CIFAR10 dataset using a CNN
model.
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Figure 3.15: Test accuracy as a function of the number of communication uploads for Fed-
Sophia and OTA Fed-Sophia against several baselines for the CIFAR100 dataset using a
ResNet architecture.
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FedProx 86.2%, Fed-Sophia 85.8%, DONE 83.5% and FedAvg 62.1%. OTA Fed-Sophia out-
performs all methods for both IID and non-IID data distributions. For FedAvg, in the case of
non-IID data distribution, the client updates diverge during local training to minimize commu-
nication costs. This leads to model drift, which degrades its performance. By penalizing the
deviations form the global mode, FedProx mitigates this issue and stabilizes its performance.
By avoiding multiple local updates, OTA Fed Sophia tackles client deviation and through fast
convergence and the efficient use of over-the-air aggregation, compensates for the extra
communication overhead.

3.4.3.4. Computation time and energy comparison

For the analysis of the computation time and energy expenditure of all the above methods,
we calculate the CPU time and emitted carbon footprint required to reach an 80% accuracy
for the MNIST dataset using the MLP model. FedAvg requires 7.52 sec of CPU time and
produces a carbon footprint (g-CO2-eq) equal to 1.84E − 3. FedProx requires 5.37 sec of
CPU time and produces a carbon footprint (g-CO2-eq) equal to 1.31E − 3. DONE requires
3.26 sec of CPU time and produces a carbon footprint (g-CO2-eq) equal to 4.04E − 3. Fed-
Sophia requires 1.76 sec of CPU time and produces a carbon footprint (g-CO2-eq) equal
to 0.27E − 3. OTA Fed-Sophia requires 0.17 sec of CPU time and produces a carbon
footprint (g-CO2-eq) equal to 0.26E−3. FedAvg and FedProx require more time and energy
to achieve the same accuracy as ours. The efficiency of (OTA)Fed-Sophia is due to the
GNB estimator, which estimates the diagonal elements of the Hessian using gradients. Our
approach reaches the target using 85% less CPU time than DONE and 3 times less than
FedAvg/FedProx. FedAvg features the lowest computational complexity, but suffers from low
convergence. DONE exhibits high complexity per communication round, but requires fewer
rounds than FedAvg.

3.4.4. Conclusions

In the form of OTA Fed-Sophia, we have provided a scalable second-order FL algorithm with
OTA aggregation, to achieve savings in communication resources and energy expenditure
and preserve the privacy of clients. Using local curvature information, we avoid comput-
ing, storing and transmitting the full Hessian matrix. Transmitting updates in digital form
introduces communication delays, which become exacerbated for large models. To alleviate
this problem, OTA Fed-Sophia leverages the superposition property of wireless channels. It
drastically reduces the transmission delays and achieves the target accuracy in one-tenth
of the CPU time needed by the digital approach. Another benefit of (OTA) Fed-Sophia is its
energy expenditure that is the lowest among all methods, while that of DONE is the largest,
due to its complex computations. Overall, Fed-Sophia and OTA Fed-Sophia are the most
energy-efficient, consuming only 15% of the energy required by FedAvg, 20% of that of Fed-
Prox and 6.7% of that of DONE. They save substantial communication resources compared
with the digital version. We validated our methods in numerical simulations. Therefore, we
estimate the technology readiness level (TRL) of our solution at 2.
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4. EMF reduction via AI-enabled cell-free networking

This chapter presents the work done within Task 4.2.3, “Design of AI-based algorithms for
optimizing cell-free networks from a service and EMF viewpoint”. In the context of the task,
CNR and CNIT have explored both traditional algorithms and ML-based techniques to re-
duce the EMF exposure in cell-free, next-generation networks. Unlike many current ap-
proaches, we have widened our focus to include the management of cell-free networks, as
opposed to the mere planning thereof. The next sections describe in more detail the work
led by CNR on decision-making for human-centric networking (Sec. 4.1) and the work led by
CNIT on resource and power allocation in massive MIMO systems (Sec. 4.2).

4.1. Human-centric decision-making in 6G
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CNR-led paper [127] addressed the scenario of cell-free networks, where the notion of cells
is be replaced by a collection of points-of-access (PoAs), with overlapping coverage areas
and/or different technologies. Along with a promise for greater performance and flexibility,
this creates further pressure on network management algorithms, which must make joint de-
cisions on (i) PoA-to-user association and (ii) PoA management. We solve this challenging
problem through an efficient and effective solution concept making human-centric decisions,
where pure network performance is balanced against metrics like energy consumption and
electromagnetic field exposure, which concern all humans in the network area – including
those who are not network users. The performance evaluation, which leverages detailed
models for EMF exposure estimation and standard-specified signal propagation models,
confirms that our approach outperforms state-of-the-art network management schemes, in-
cluding those utilizing machine learning, reducing energy consumption by over 80%.

4.1.1. Motivation and State of the Art

The motivation of CNR’s work lies in two of the main issues investigated by the CENTRIC
project, to wit: the emergence of cell-free scenarios, with base stations being replaced by
heterogeneous PoAs, and the increased attention to human-centric networking.
The combined result of the above trends is a much larger complexity of the network man-
agement decisions to make, stemming from multiple different sources. There are multiple
PoAs to manage, using different technologies and, importantly, frequencies. Furthermore,
many technologies support beamforming [128], which multiplies the decisions to make. Fi-
nally, each end user can be served through multiple PoAs. All decisions impact, at the same
time and often in counter-intuitive ways, both the network performance and the associated
energy consumption and EMF exposure. Many traditional network management schemes
fail to consider all the above factors; at the same time, the complexity of the problem to solve
rules out general-purpose optimization approaches.
We fill this gap by proposing Cluster-then-Match (CtM), an efficient algorithm able to swiftly
make joint, high-quality decisions about end user-to-PoA assignment and PoA management,
including beam width, direction, and power. Unlike existing approaches, CtM:

1. jointly makes decisions for all PoAs, thus, can account for their mutual influence;
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Figure 4.1: A simple indoor cell-free network. Two points-of-access (PoAs) serve their end
users through one or more beams; one of the users can be served by two PoAs. A human
is irradiated by the beam from PoA #1 to User #2; humans will nonetheless incur EMF
exposure whether or not they are users of the network.

2. jointly manages the beam direction, width and power of all beams from all PoAs;

3. jointly accounts for the performance experienced by all end users and the resulting
energy consumption and EMF exposure, including that incurred by people who are not
network users.

To make the aforementioned decisions efficiently and swiftly, CtM uses a two-step approach,
predicted on first clustering the end users into groups that can be served by the same PoA,
and then matching the clusters of the end users with the PoAs.
Our main contributions can be summarized as follows:

• we present a concise and comprehensive system model, describing cell-free networks,
their entities, the decisions to make therein, their performance, their impact in terms
of energy consumption, and the approach used for the estimation of EMF exposure
levels;

• we present cluster-then-match (CtM), an efficient approach to make swift, high-quality
network management decisions;

• we combine our model and the CtM approach with the standardized channel model [129];

• we compare the performance of CtM against state-of-the art approaches that only
focus on performance, showing how CtM matches their performance while incurring
much lower energy consumption and EMF exposure.

4.1.2. Proposed Solution

In the following, we first describe how to model cell-free, human-centric networks; then, we
describe our CtM solution.
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4.1.2.1. System model

Our system model aims at representing the main elements of cell-free networks, their fea-
tures, and the main decisions to make therein.
Model elements and parameters. Our system includes the PoAs, represented by ele-
ments p ∈ P, and the end users (either devices such as IoTs, or user terminals), repre-
sented by elements d ∈ D. Each PoA p ∈ P is associated with one or more beams b ∈ B.
Further, we consider a set of humans h ∈ H, representing people who might incur the EMF
exposure resulting from the network. Humans in H include both users of the network and
simple passers-by, as in Fig. 4.1.
End users, humans, and PoAs, are associated with a position and height, described through
parameters: xM(m), yM(m), and zM(m) for humans h ∈ H; xD(d), yD(d), and zD(d) for end
users d ∈ D; xP(p), yP(p), and zP(p) for PoAs p ∈ P. People with a user terminal (e.g.,
smartphone, tablet, laptop, wearable) are represented by both a end user in D and a hu-
man in H, sharing the same location. IoT devices like robots, on the other hand, are only
represented by an element in D.
Concerning PoAs p ∈ P, they operate at a frequency f (p) (which is known) and feature a
set of beams B(p) ⊆ B, each of which must have a minimum width ωmin(p). Furthermore, we
indicate with π(b) ∈ P the PoA originating beam b. If a single PoA can operate at different
frequencies, then two distinct elements in P are created to represent it, sharing the same
location.
Decisions and their effects. Our decisions concern the joint aspects of (i) end user-to-PoA
assignment, and (ii) PoA and beam management. The former is addressed through binary
variables y (b, d) ∈ {0, 1}, expressing whether beam b ∈ B (hence, PoA π(b) ∈ P) serves
device d ∈ D. Concerning the latter, we have to make four decisions, namely:

• the transmission power Ptx(p) of PoAs p ∈ P;

• the azimuth angle ϕ(b) of beam b ∈ B;

• its elevation angle θ(b);

• its width ω(b).

All the above decisions are then fed as input to the following three functions:

• Rate(y , Ptx,ϕ, θ,ω, d), computing the data rate obtained by each end user d ∈ D;

• Energy(y , Ptx,ϕ, θ,ω), computing the total energy consumption;

• Exposure(y , Ptx,ϕ, θ,ω, h), estimating the EMF exposure levels incurred by each hu-
man h ∈ H, quantified through any relevant metric.

These functions are then combined to express the objective we seek to optimize and the
system constraints. From the viewpoint of our scheme, they are considered to be given and
known. It is important however to remark how rate, energy, and exposure can be computed
through different techniques – and, in the case of exposure, even be quantified through
different metrics.
As an example, the received power can be determined through simple path-loss formulas or
through much more complex channel models, accounting for clutter and mobility. Similarly,
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EMF exposure can be quantified through metrics that focus on the electromagnetic field at a
given location (e.g., electric field strength or power density [130]), or through more complex
metrics like the specific absorption rate (SAR), which account for the interaction between
electromagnetic fields and biological tissues [131]. Different scenarios and conditions call
for different metrics, hence, there is no right way to compute the rate, energy, and exposure.
Accordingly, our system model and problem formulation – as well as the CtM solution strat-
egy – can accommodate any technique to do so, from the simplest to the most realistic
ones.

4.1.2.2. Proposed approach

Our CtM heuristic strategy is predicated on (i) sequentially considering the main elements of
our system model (end users, PoAs, humans), and (ii) at each step, restricting our attention
to the most promising possible decisions. In so doing, CtM can explore a subset of the
original solution space that, nonetheless, contains most of (often, all) the highest-quality
solutions.
Specifically, as summarized in Fig. 4.2, the CtM strategy consists of three main steps:

1. clustering the end users in D, so as to make subsequent decisions on a per-cluster,
rather than per-end user, basis;

2. assigning clusters to PoAs in P, thus determining beam steering;

3. optimizing beam width and transmission power levels.

In the following, we describe each of the steps separately.
Step 1: Clustering. A major reason for the complexity of our decisions is the many-to-
many relationship between end users in D and PoAs in P. On the one hand, we need to
take this relationship into account to exploit the potential of cell-free networks; on the other
hand, considering all possible end user-to-PoA associations is unnecessarily complex. Our
intuition is to leverage the beams in B=

⋃
p∈P B(p), and make the key observations that:

• since there will be more end users than beams, each beam will serve multiple end
users, and

• to keep beams as narrow as possible, it is desirable that end users served by the same
beam are close to each other.

The latter is motivated by the fact that wider beams result in more interference, as well as
higher energy consumption and exposure.
Following the observations above, in Step 1 of the CtM strategy we cluster the end users
in D into as many clusters as the number of possible beams in B, exploiting their position
information (i.e., the xP and yP parameters) to make clusters as small – in terms of area
occupied by their end users – as possible. Although any clustering algorithm can be used
in this step, for concreteness we adopt the k -means algorithm [132]. k -means indeed yields
very good results in scenarios like ours, also thanks to the fact that (unlike hierarchical
clustering and later approaches such as DBSCAN) it takes as an input the target number k
of clusters, which corresponds to the number of beams in our case. End users in the same
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Figure 4.2: The three main steps of the CtM strategy: clustering of the end users, cluster-to-
PoA assignment, optimizing beam width and transmission power levels.

cluster can be served either via pairing in multi-user MIMO (MU-MIMO) [133], or via time-
division multiplexing (TDM) if MU-MIMO is not used in the current scenario.
Step 2: Matching. We have now as many clusters of end users as the number of beams
in B; our next task is to match the beams and the clusters they serve. This is a bipartite
matching problem; importantly, thanks to the clustering performed in Step 1, the matching
to perform is one-to-one instead of many-to-many. To efficiently solve to optimality our one-
to-one bipartite matching problem, we apply the Hungarian algorithm [134]. The input to the
algorithm consists of a square matrix C={cij}, where element cij is the cost of serving the
i-th cluster of devices through the j-th beam; the output is the assignment minimizing the
sum of the costs.
As our cost metric, we simply consider the distance from the PoA originating the beam to
the centroid of the cluster of devices to serve. Making decisions based upon the distance
has a twofold advantage:

• shorter distances between PoAs and devices make it possible to use lower power
levels and narrower beams;

• using distances (as opposed to, e.g., the achievable rate) does not require any knowl-
edge of the specific implementation of the Energy,Rate, or Exposure functions.

The latter item also implies that Step 2 of CtM is easy and quick to perform even in scenarios
and cases where evaluating the rate, energy, or exposure is costly and/or time consuming
(e.g., if those quantities are evaluated through simulations).
Step 3: Optimizing beam width and power. In this step, we set the width of each beam
and the transmission power of each PoA, keeping into account both the objective and the
constraints. Specifically, we set the width of beams to the minimum value necessary to serve
the end users assigned to them; further, we reduce their power as much as possible to de-
crease the energy consumption and the exposure, while ensuring the required performance.
Concerning beam widths, let D(b) ⊆ D be the set of end users belonging to the cluster
assigned to beam b. Then the angle α(b, d) from each end user d ∈ U(d) is given by:
α(b, d) = arctan yP(π(b))−yD(d)

xP(π(b))−xD(d) , and the width of the beam is set to the difference between the
maximum and minimum of said angles, i.e.,

ω(b)← max
{
ωmin(π(b)), max

d∈D(b)
α(b, d)− min

d∈D(b)
α(b, d)

}
.
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Table 4.1: Simulation parameters

Parameter Value
Scenario size 80×20 m2

No. of PoAs 8
Frequency 3 GHz (PoAs 1–2)

5 GHz (PoAs 3–8)
Bandwidth 20 MHz
No. of end users 100
No. of humans 200
Required rate 100 Mbit/s
SARwb limit 80 mW/kg [136]

Notice how the above expression also accounts for the minimum beam width ωmin, reflecting
the fact that there are technological limits – specific to each PoA – preventing beams from
being as narrow as one might desire.
The last part of Step 3 concerns power levels. Our key observations are as follows:

• reducing power might endanger feasibility (by resulting in a violation of the rate con-
straint), but will never affect adversely energy consumption or EMF exposure;

• reducing the power of a PoA will not impact feasibility for end users served by another
PoA.

Accordingly, we process one PoA at a time, as follows:

(a) set an amount of power δ;

(b) consider one of the PoAs p ∈ P;

(c) reduce the power Ptx(p) by δ;

(d) repeat Step (c) so long as that results in a feasible solution;

(e) go back to Step (b) and consider a different PoA.

The above procedure can be repeated, in a Newton-like fashion, setting a smaller δ and
starting afresh from Step (a). In so doing, we can get even more fine-grained (hence, higher
quality) decisions, at the cost of a longer running time.

4.1.3. Performance Evaluation

We compare our CtM strategy against a benchmark called MaxRate, which uses simu-
lated annealing [135] to find a solution that maximizes the minimum among the data rates
achieved by devices. The main parameters of our reference scenario are summarized in
Tab. 4.1
We begin by investigating the most basic aspect of CtM’s and MaxRate’s performance, i.e.,
the incurred energy consumption. Concerning this critical aspect, Fig. 4.3(left) shows that
CtM outperforms MaxRate, consuming almost an order of magnitude less power. Groups of
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Figure 4.3: CtM and the MaxRate benchmark: transmitted power (left), distribution of data
rates (center), and SARwb values (right).

bars in the plot correspond to different PoAs, and confirm that CtM can reduce the transmis-
sion power of all PoAs compared to MaxRate. Also notice how, for both strategies, PoAs 1
and 2, operating at 3 GHz and typically serving farther-away end users, get assigned higher
values of transmission power than the other PoAs that operate at 5 GHz.
Striking as Fig. 4.3(left) is, one might rightfully wonder whether such a reduced energy con-
sumption comes at a cost in terms of data rate and service quality. The answer, as shown in
Fig. 4.3(center), is both positive and negative. Indeed, under the CtM strategy (blue line in
the plot) end users get lower data rates than under MaxRate (red line in the plot); however,
such data rates are always (and sometimes significantly) above the required level (yellow
line in the plot). This is consistent with the way data rates are included in our problem: so
long as all end users are guaranteed Ratemin(d), there is no reason to further increase data
rates. At a more general level, Fig. 4.3(left) and Fig. 4.3(center) suggest how adopting a
human-centric approach, hence, using data rate performance as a constraint and not an
objective, can bring substantial energy savings without jeopardizing service requirements.
In Fig. 4.3(right), we move to the other human-centric metric we consider, i.e., EMF exposure
as quantified through SARwb. Once can immediately see that CtM yields a much lower
SARwb than MaxRate; further, SARwb levels for either strategies are significantly below the
limit values recommended in [136], to wit, 80 mW/kg. It is perhaps even more interesting
to remark how there are two lines in the plot for each strategy, one dashed and one dotted,
corresponding (resp.) to the Ella and Duke models. This further confirms that our approach
can account for individual characteristics when assessing SARwb.
We now check whether there is any clear space pattern in the distribution of rate by plotting,
in Fig. 4.4, the location of each end user and the rate they get under the MaxRate and CtM
strategies. Consistently with Fig. 4.3(center), MaxRate ensures to virtually all end users a
data rate that is much higher than required, hence, all markers in the left-hand side map
are deep blue. In the right map, instead, we can see many lighter markers, though no red
ones – highlighting the fact that CtM yields rate values that are closer to, but above, the
required one. As one might expect, nodes with lower rate tend to be farther away from the
PoA serving them, hence, experience higher attenuation and/or interference.
Similarly, Fig. 4.5 presents the SARwb levels experienced by humans inH, under the MaxRate
and CtM solutions. As we can expect from Fig. 4.3(right), CtM results in uniformly low SARwb

values, hence, dark green markers. MaxRate, on the other hand, results in higher SARwb

levels, hence, slightly lighter markers. As per Fig. 4.3(right), however, all SARwb values are
significantly lower than the limit, thus, there are no purple markers on the plot. Also notice
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Figure 4.4: Data rate experienced by different end users under the MaxRate (left) and CtM
(right) strategies. The black marker on the color bar corresponds to the required rate. Red
stars represent PoAs.
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Figure 4.5: SARwb experienced by different humans under the MaxRate (left) and CtM (right)
strategies. The black marker on the color bar corresponds to the ICNIRP limit. Square and
triangle markers correspond (resp.) to humans associated with the Duke and Ella models.
Red stars represent PoAs.

how the shape of the marker identifies the model (Ella or Duke) used to determine the SARwb

of that specific human.

4.1.4. Conclusions

We addressed cell-free networks where devices can be served by multiple PoAs, each with
different features and capabilities. In this context, we have formulated the problem of human-
centric network management with the objective to minimize energy consumption subject to
data rate requirements and EMF limits. We proposed an efficient and effective heuristic
called cluster-then-match (CtM), predicated on first clustering the end users, and then as-
signing one beam from a PoA to each cluster. CtM considers the data rate requirements
of all end users and the EMF exposure incurred by all humans in the topology, including
humans who are not users of the network but are still exposed to the wireless signals. Our
results show that solutions with a lower energy consumption tend to yield lower EMF expo-
sure, and that CtM can decrease energy consumption by over 80% with respect to solutions
that maximize the data rate.
Current research will deal with additional decision-making strategies to complement CtM.
Likely candidates include Markov decision processes and deep reinforcement learning. At
the same time, further channel models and EMF exposure estimation approaches can be
considered.
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4.2. EMF-compliant resource allocation in CF-mMIMO systems
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CNIT researchers have produced paper [137], which has been presented at the 2024 IEEE
WCNC Conference, held in April 2024. The paper addresses the suitability of cell-free mas-
sive MIMO (CF-mMIMO) deployments to provide EMF-compliant wireless coverage. Indeed,
the impressive growth of wireless data networks has recently led to increased attention to the
issue of electromagnetic pollution, as witnessed also by the activities carried out within WP1
of this project. Specific absorption rates and incident power densities have become popular
indicators for measuring EMF exposure. The paper [137] thus tackles the problem of power
control in user-centric CF-mMIMO systems under EMF constraints. Specifically, the power
allocation maximizing the minimum data rate across users is derived for both the uplink (UL)
and the downlink (DL) under EMF constraints. The developed solution is also applied to a
cellular mMIMO system and compared to other benchmark strategies. Simulation results
prove that EMF safety restrictions can be easily met without jeopardizing the minimum data
rate, the cell-free mMIMO architecture outperforms the multi-cell mMIMO deployment, and
the proposed power control strategy greatly improves the system’s fairness.

Current activities are focused on the AI-based implementation of the resource allocation
from [137], whose model-based solution is used as a database to train the ML algorithms.
Two architectures are considered: classical feed-forward deep neural networks (DNNs) and
deep unfolding. Both data-driven approaches open the door to real-time implementations
(provided that enough resources are available for offline learning). This means that, in prac-
tice, they could easily replace the theoretical counterpart from [137], which fails to enable
(feasible) online updates due to its prohibitive complexity. The outcome of this research is to
be submitted to the Open Journal of the Communications Society.

4.2.1. Motivation and State of the Art

Given the impressive growth of wireless communications, EMF-related health risks are be-
coming a growing concern worldwide [138]. To comply with the increasing demand for broad-
band services, denser deployments and higher frequencies are mandatory [139], which calls
for the need to impose EMF exposure constraints in the design of wireless networks [140].

According to the most recent studies reported by the International Commission on Non-
Ionizing Radiation Protection (ICNIRP) and the United States Federal Communications Com-
mission (FCC), several criteria can be established to limit user radiation to avoid any alleged
medical condition (cf. [141]). This radiation is generally modeled through (i) SAR and (ii)
IPD [142]. All these metrics capture the characteristics of the propagation environment and
measure the EMF radiation perceived (i) by the human body (or certain parts) in W/kg and
(ii) over a specific coverage area in W/m2. For short distances (less than 20 cm) and low
frequencies (typically below 6 GHz), deeper skin penetrations are experienced. That is why
SAR usually dominates the radiation exposure in the UL [143]. Contrarily, IPD restrictions
are commonly applied in DL transmissions, where the absorption is mostly superficial [144].

Dissemination Level: Public. Page 97



HORIZON Grant Agreement Number: 101096379
Document ID: WP4/D4.3

One of the key 5G wireless technologies has been the usage of base stations (BSs) equipped
with a large number of transmitting antennas, generally referred to as massive multiple-input-
multiple-output (mMIMO) [145]. In such systems, edge users suffer from inter-cell interfer-
ence and poor channel conditions that rapidly degrade performance [146]. Due to such
attenuation, the DL contribution to EMF exposure is often omitted [147]. To alleviate the
poor performance experienced by cell-edge users, it has been proposed to deploy the an-
tennas in a distributed manner, i.e., through access points (APs), and to design the network
in a user-centric fashion [148]. This new paradigm, entitled cell-free mMIMO (CF-mMIMO),
eliminates cell borders and guarantees good quality of service (QoS) for all users [149]. CF-
mMIMO is one of the prominent technologies for future 6G data networks.

In CF-mMIMO, however, DL radiation might no longer be negligible since APs are closer to
users (the coverage area is reduced), and the resulting path loss might be small. At the same
time, though, less power is needed in the UL (users are served by various APs), and, thus,
the perceived exposure can be potentially reduced as well. This trade-off makes the perfor-
mance of CF-mMIMO under safety constraints unclear and naturally raises the comparison
with previous centralized scenarios. Such analysis is still unexplored and will be covered in
the sequel, where we configure DL/UL power controls to satisfy QoS and EMF requirements.

Unfortunately, owing to the inherent nature of the signal model in CF architectures, the for-
mulation of these power control policies becomes nonconvex. As discussed below, this intri-
cacy makes the problem only tractable via iterative procedures such as successive convex
optimization (SCO) [150]. Such methodologies entail an immense complexity that rapidly
escalates with the size of the networks, which poses the question of their feasibility for
real-time implementations [151, 152]. To overcome this challenge, in the second part of
this section, we use machine learning techniques for the network design and reformulate
the problem using (fully connected) deep neural networks (DNNs) [153]. Accordingly, we
employ model-based solutions to generate a comprehensive database for the DNNs. Two
different strategies are contemplated: conventional “black-box” training [154] and novel deep
unfolding [155, 156]. Both supervised methods will undergo a comparative analysis against
their theoretical counterparts, evaluating their performance in terms of QoS and execution
time. At the time of writing, only some preliminary results have been obtained for the former
that serve as proof of concept. The latter will be presented as a future research line.

4.2.2. Problem Formulation

We consider a user-centric CF-mMIMO deployment with K single-antenna users served by
a set of M APs equipped with L antennas and connected to a central processing unit (CPU)
through fronthaul links with unlimited capacity. As discussed below, only a subset of N APs
might be associated with each user. An example is depicted in Fig. 4.6.

The goal is to design the power control to maximize the minimum data rate in the DL and UL
(equivalent to ensuring a certain QoS for all users) under EMF constraints. In both cases,
the optimization problem can be formulated as

max
P

min
k

Rk (P) s.t. C (P) , (4.1)
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Figure 4.6: CF-mMIMO deployment where K = 18 UEs are connected to subsets of N = 2
APs, out of a total of M = 9, each with L = 3 antennas.

where P is the set of transmit powers, Rk (P) is the data rate, and C(P) is the constraint set.
Problem (4.1) will be solved through model-based and data-driven techniques.

4.2.2.1. Downlink Scenario

In this scenario, P = {pk ,m} is the set of AP power coefficients, with |P| = KM. The rate is

Rk (P) =
τd

τc
B log2 (1 + γk ({pk ,m})) , (4.2)

where γk ({pk ,m}) is the DL signal-to-interference-plus-noise ratio (SINR):

γk =

∣∣∣∣∣
M∑

m=1

ak ,m
√

pk ,mhH
k ,mbk ,m

∣∣∣∣∣
2

∑
j ̸=k

∣∣∣∣∣
M∑

m=1

aj ,m
√

pj ,mhH
k ,mbj ,m

∣∣∣∣∣
2

+ σ2
k

, (4.3)

with ak ,m ∈ {0, 1} and hk ,m ∈ CL the association and channel between user k and AP m,
respectively. In addition, bk ,m ∈ CL is the unit-norm beamforming vector used by AP m to
direct the information signal towards user k , and σ2

k is the variance of the thermal noise.

Note that, to calculate the rate in (4.2), we assumed a common bandwidth B and a coher-
ence time τc that splits into τd (DL) and τu (UL) such that τd + τu ≤ τc [157].
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Finally, the constraint set C(P) can be represented by

C1 : pk ,m ≥ 0 ∀k , m; C2 :
K∑

k=1

pk ,m ≤ Pm ∀m; C3 : ξk ≤ Ik ∀k , (4.4)

where C1 ensures non-negative coefficients (true by definition), C2 introduces the set of
power budgets Pm for the different transmitters (i.e., APs), whereas C3 limits the radiation
perceived at the user side to Ik . Accordingly, ξk is the IPD at user k ’s location, including the
contribution of the desired and interfering signals [143,158]:

ξk =
4π

(c/κ)2

K∑
j=1

∣∣∣∣∣
M∑

m=1

aj ,m
√

pj ,mhH
k ,mbj ,m

∣∣∣∣∣
2

, (4.5)

with κ the carrier frequency and c the speed of light.

4.2.2.2. Uplink Scenario

Similarly, here P = {qk} (containing the set of UE transmit powers such that |P| = K ),

Rk (P) =
τu

τc
B log2 (1 + ρk ({qk})) , (4.6)

and, thus, C(P) can be defined with the constraints

C1 : 0 ≤ qk ≤ Qk ∀k ; C2 : εk ,n ≤ Ek ,n ∀k , n, (4.7)

where C1 bounds the support of the powers of all the users between 0 and Qk , while C2
fixes the maximum value of the EMF exposure corresponding to the n-th body part at Ek ,n.

In this case, ρk is the UL SINR:

ρk =

qk

∣∣∣∣∣
M∑

m=1

ak ,mfHk ,mhk ,m

∣∣∣∣∣
2

∑
j ̸=k

qj

∣∣∣∣∣
M∑

m=1

ak ,mfHk ,mhj ,m

∣∣∣∣∣
2

+
M∑

m=1

ak ,mη
2
m ∥fk ,m∥2

2

, (4.8)

and εk ,n = bk ,nqk is the associated SAR [138,140], with bk ,n the coefficient associated to the
n-th body part of user k (e.g., head, chest, etc.).

4.2.3. Proposed Solutions

4.2.3.1. Model-Based Power Control

The optimization problem’s convexity varies depending on the type of data transmission,
either DL or UL. The following subsections differentiate between these configurations.
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4.2.3.1.1 Downlink

In the DL, given the nature of (4.2), we must resort to suboptimal approaches for finding a
feasible solution. That is why, in the upcoming subsection, we present an iterative procedure
that relies on SCO (successive convex approximation) and leads to a stationary point [150].
More specifically, at the i-th iteration, the power set P ≡ P (i) is updated from the previous
solution P (i−1) until convergence is reached. To do so, we first transform the original formu-
lation by moving the objective function to a new constraint and, after that, approximate the
resulting set C(P) with suitable convex functions.

Defining dk ,m ≜
√

pk ,m as the new design variable, the problem (4.1) is equivalent to (cf. [159])

max
{dk ,m},δ

δ s.t. C1 : dk ,m ≥ 0 ∀k , m

C2 :
K∑

k=1

ak ,md2
k ,m ≤ Pm ∀m

C3 :
4π
λ2

K∑
j=1

∣∣∣∣∣
M∑

m=1

aj ,mdj ,mhH
k ,mbj ,m

∣∣∣∣∣
2

≤ Ik ∀k

C4 : δ

∑
j ̸=k

∣∣∣∣∣
M∑

m=1

aj ,mdj ,mhH
k ,mbj ,m

∣∣∣∣∣
2

+ σ2
k


︸ ︷︷ ︸

≜fk([d1,...,dk−1,dk+1,...,dK ])

−
∣∣∣∣∣

M∑
m=1

ak ,mdk ,mhH
k ,mbk ,m

∣∣∣∣∣
2

︸ ︷︷ ︸
≜gk (dk )

≤ 0 ∀k ,

(4.9)
where we introduced an auxiliary variable δ to transform the non-concave objective function
as constraint C4, which is still nonconvex. In light of that, we proceed like so.

With the help of SCO, we can find a local optimum. In a nutshell, for a given δ, the optimiza-
tion will be decomposed into a sequence of subproblems solved iteratively. Each of them
needs to have a global optimum for guaranteeing convergence, which means the second
term in C4 must be approximated by a surrogate function [160]. On top of that, a bisection
search can be applied to derive the optimal δ [161].

Among others, a widely employed strategy is to linearize the function gk (dk ) so that the
constraint C4 in (4.9) is convexified. In particular, when applying the first-order Taylor ex-
pansions at the previous feasible point, i.e., d(i−1)

k , we can obtain the following lower bound:

gk (dk ) ≥ gk

(
d(i−1)

k

)
+ 2
(
Re
{

ckcH
k

}
d(i−1)

k

)T (
dk − d(i−1)

k

)
, (4.10)

with ck ≜ [ak ,1hH
k ,1bk ,1, ... , ak ,MhH

k ,Mbk ,M ]T.

Accordingly, at each iteration, we will end up with a subproblem that is a worst-case scenario
(more restrictive constraint) but can be globally solved with standard numerical routines, e.g.,
CVX [162]. Finally, the whole procedure is repeated until we converge to a local optimum.
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Figure 4.7: Fully-connected DNN scheme. The set of inputs X is directly mapped onto the
set of outputs Y.

4.2.3.1.2 Uplink

Contrarily, the resulting problem is convex in the UL setup. As a result, a globally optimal so-
lution can be found via classic optimization methods [161]. More precisely, following similar
steps, the power control becomes

max
{qk},δ

δ

s.t. C1 : 0 ≤ qk ≤ Qk ∀k ; C2 : bk ,nqk ≤ Ek ,n ∀k , n

C3 : δ

∑
j ̸=k

qj

∣∣∣∣∣
M∑

m=1

ak ,mfHk ,mhj ,m

∣∣∣∣∣
2

+
M∑

m=1

ak ,mη
2
m ∥fk ,m∥2

2

− qk

∣∣∣∣∣
M∑

m=1

ak ,mfHk ,mhk ,m

∣∣∣∣∣
2

≤ 0 ∀k .

(4.11)
Unlike before, the newly added constraint C3 is quasiconvex (lower bound on the logarithm
of a linear fraction; thus, quasiconcave). Accordingly, since C1 and C2 are linear, for every
δ, this will result in a quasilinear problem whose (global) optimum can be found. Once again,
the optimal value of δ can be obtained via the bisection method [159].

4.2.3.2. Data-Driven Power Control

We aim to derive data-driven implementations to address previous power control optimiza-
tions feasibly. Indeed, these approaches will learn from the past theoretical values, a pro-
cedure that can be performed offline while keeping the system complexity low for real-time
applications [156].

We opt for the popular fully connected DNN approach, where the final solutions {pk ,m} (DL)
and {qk} (UL) of the model-based approach are considered as the labeled outputs Y for the
DNN [163,164]. The input features X also differ depending on the scenario, so we dedicate
separate subsections for the DL and UL architectures.

A general overview of this strategy is provided in Fig. 4.7, where k ≜ |X | and m ≜ |Y| corre-
spond to the input and output sizes, respectively. Note that the features are directly mapped
onto the power control coefficients, i.e., a single DNN substitutes the entire optimization.

4.2.3.2.1 Downlink

In line with the rationale in [154], we consider the coefficients provided by the fractional
power control (FPC) [165] as inputs, i.e., pk ,m = pmα

κ
k ,m, where αk ,m is the large-scale fading

(LSF) coefficient between AP m and UE k , κ is the parameter to tune the power distribution:
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• κ = 1 prioritizes good channel qualities, also known as proportional power control,

• κ = 0 provides equal service in the network, i.e., uniform power control (UPC),

• κ = −1 resembles a fairer policy that helps links with poor propagation,

and pm scales the resulting coefficients to satisfy the power constraints, i.e.,

pm =
Pm∑K

k=1
ak ,mα

κ
k ,m

. (4.12)

This way, the number of inputs and outputs is the same |X | = |Y| = MK coefficients.

Regarding the structure of the DNN, we employ five layers of sizes 1024, 4096, 2048, 1024,
and MK . The first two layers use linear and ELU activation functions, the last layer applies
ReLU, and tanh is introduced for the rest. Such choices are found by trial and error.

The DNNs are trained following the MSE loss between the model-based solution and the
network’s output with l2 regularization and the Adam optimizer. The learning rate is first set
to 10−3 for the initial epochs to ensure convergence and later decreased by 0.1 to fine-tune.

4.2.3.2.2 Uplink

Likewise, in the UL, we consider as K input features the equivalent FPC coefficients:

qk = Qk

(
M∑

m=1

ak ,mαk ,m

)κ

maxj

(
M∑

m=1

aj ,mαj ,m

)κ , (4.13)

where κ is defined as κ. In this case, the structure of the DNN follows that in the DL but with
fewer units per hidden layer: 32, 256, 128, 64, 32. Training is also performed similarly.

4.2.4. Performance Evaluation

Numerical simulations should compare the proposed setting with the following two baseline
schemes: (a) a CF-mMIMO system optimized according to problem (4.1) without constraint
C3 (DL) or C2 (UL); this permits understanding the impact, on the system’s performance,
of the EMF constraint; and (b) a multi-cell mMIMO (MC-mMIMO) system where each user
is connected to only one macro BS; in this case, we will be able to evaluate the possible
advantages of the CF-mMIMO deployment in fulfilling EMF constraints.

For fairness, the cellular setup will comprise L BSs with M antennas. This is illustrated in
Fig. 4.7, where the numerology is consistent with Fig. 4.6.

Dissemination Level: Public. Page 103



HORIZON Grant Agreement Number: 101096379
Document ID: WP4/D4.3

BS 2

BS 3BS 1

Figure 4.8: Illustrative example of a MC-mMIMO setup with K =14 users and L=3 multi-
antenna BSs. Unlike cell-free, users are connected to only one BS (dashed lines indicate
cell borders).

4.2.4.1. Channel Propagation

The link between user m and AP k is [157, (1)]

hk ,m =
√

αk ,m

1 + βk ,m

(
h̄k ,m +

√
βk ,mejψk ,mvm (θk ,m)

)
, (4.14)

where αk ,m is the LSF coefficient including the path loss, βk ,m is the Rician factor [166, Ta-
ble B.1.2.1-2], [h̄k ,m]l ∼ CN (0, 1) are the uncorrelated Rayleigh distributed non-line-of-sight
(NLoS) components, ψk ,m ∼ U [0, 2π] is the phase offset, vm(·) ∈ CL is the steering vector
(generated according to a uniform linear array), and θk ,m is the (LoS) angle of arrival.

Regarding the channels between users and macro BSs, we adopt a Rician model. However,
to avoid redundancy, their derivation is omitted.

4.2.4.2. Channel Estimation

Perfect channel state information might be an unrealistic assumption in practical systems.
Instead, we must acquire this knowledge locally at the APs through UL orthogonal pilots.
This will allow us to characterize the sufficient statistics of the channels [161]. More precisely,
the linear minimum mean-squared error estimates ĥk ,m can be constructed based on UL
training sequences. For more details, please refer to [167, Subsection II-C].

4.2.4.3. System Parameters

Throughout all experiments, we consider a deployment area of 1 km2, wrapped around
the edges to avoid boundary effects. The scenario follows the micro-urban configuration
described in [166] with Pm = P = 23 dBm ∀m, Qk = µk = 20 dBm ∀k , σ2

k = η2
m = NoB ∀k , m,

No = −174 dBm/Hz, and B = 20 MHz. This means (M/L)P will be the power budget of each
BS. Besides, we set N = 5 for the user-AP association.
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Figure 4.9: DL rate in (a) CF-mMIMO and (b) MC-mMIMO with UPC, PPC, OPC, and DNN.

In line with [141], we focus on whole-body EMF constraints applied to the general public:
Ik = 10 W/m2 ∀k for the IPD limit and Ek ,n = 0.08 W/kg ∀k , n for the SAR (single) metric, with
coefficient bk ,n = 8 kg-1 ∀k , n.

Finally, we assume a coherence time and bandwidth of 1 ms and 200 kHz, respectively [157].
Therefore, τc = 200 symbols or (time-frequency samples) are available for communication.
Accordingly, the first τp = K/2 symbols will be dedicated to channel estimation, i.e., two
users will be sharing the same pilots, and τd = τu = (τc − τp)/2 samples will be assigned to
both DL and UL phases.

4.2.4.4. Downlink Results

Along with the optimal power control (OPC), we include uniform power control (UPC) and
FPC with κ = 1, i.e., proportional power control (PPC), as benchmark schemes [165]. This
will help to emphasize the performance of our proposal. Recall that although all designs are
based on CSI uncertainties, they are ultimately applied to the true channels.

The rate CDF for K = 20, L = 4, and M = 40 is depicted in Fig. 4.9. As expected, CF-mMIMO
outperforms the multi-cell approach in all cases, especially for unlucky users. In addition, our
power control mechanism also ensures a higher QoS than the other two strategies. This im-
provement is more notable in the cell-free deployment: around 50% and 80% of the users
w.r.t. PPC and UPC, respectively. Besides, one can see that the performance of the DNN-
based solution approaches that of the OPC, meaning it could safely substitute that solution.

The CDF of the radiation per user (measured as IPD) is presented in Fig. 4.10. Although
larger distances in the MC-mMIMO lead to lower values, we are still far from the 10 W/m2

limit, and the OPC generally yields smaller IPDs. Therefore, the EMF limitation does not
seem detrimental to the QoS for this particular setting. This is due to the high propagation
losses in the DL, which again stresses the safety of both mMIMO architectures. Remarkably,
the data-driven solution yields values even closer to those of the model-based allocation.
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Figure 4.10: IPD in (a) CF-mMIMO and (b) MC-mMIMO with UPC, PPC, OPC, and DNN.
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Figure 4.11: UL rate in (a) CF-mMIMO and (b) MC-mMIMO with UPC, FPC, OPC, and DNN.

4.2.4.5. Uplink Results

The CDFs of the data rate and the perceived EMF (in terms of SAR) for K = 20, L = 4, and
M = 40 are depicted in Figs. 4.11 and 4.12, respectively. Here, FPC is used with κ = −0.5.
Once more, the cell-free solution provides larger rates than its centralized counterpart, and
the OPC outperforms the rest of the power control mechanisms. Likewise, the DNN provides
similar results, especially in terms of radiation. However, unlike before, SAR values are
not far away from the ultimate 0.08 W/kg limit, and a similar exposure is perceived in both
mMIMO scenarios. This highlights the interest in EMF analysis for the UL.

4.2.5. Conclusions

We designed the power control scheme to boost QoS under EMF constraints in a user-
centric CF-mMIMO network. Based on model-based solutions, data-driven approaches have
been implemented. The radiation in the DL and UL has been modeled via IPD and SAR
metrics, respectively. Numerical results show that cell-free can outperform the MC-mMIMO
architecture and that, although the UL is more sensitive to EMF exposure, the impact is less
prominent in the DL. Finally, it is also proven that the proposed DNNs can suitably replace
the theoretical methodologies, which entail a prohibitive complexity for real-time applications.
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Figure 4.12: SAR in (a) CF-mMIMO and (b) MC-mMIMO with UPC, FPC, OPC, and DNN.
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Figure 4.13: Deep unfolding scheme. The inputs X are mapped onto the outputs Y ≡ Y (n)

through n DNNs. Each DNN models each iteration of the SCO.

On the other hand, deep unfolding could be applied in the DL setting to further reduce the
system’s complexity. Briefly, given the inherent sequential nature of the SCO procedure, we
could mimic the structure of the model-based algorithm by replacing the iterations with small
DNNs [155]. In other words, expert knowledge would be incorporated into the design, lead-
ing to higher practical feasibility and further simplifying computational resources. We then
would address each subproblem in (4.9) via separate concatenated DNNs. Accordingly, the
i-th DNN would take as input the initial FPC values X together with the previous power co-
efficients Y (i−1). The working principle is shown in Fig. 4.13, with n the number of iterations.

Unfortunately, the proposed bisection search cannot be directly modeled through deep un-
folding, given that feasibility problems are ill-defined in DNN architectures [168]. To circum-
vent that, an alternative is to approximate the minimum function by the log-sum-exp [169,
Subsection VI-B]. This way, the method for finding a feasible solution could be unfolded.

As mentioned before, all this serves as a guideline for the object of study in future works.
Deep unfolding is merely presented here as a possible extension of the present task.
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5. Conclusions

This deliverable presents the research activities performed within the CENTRIC T4.2 aimed
at the application of intelligent optimization techniques for energy efficiency, performance
improvement, and human safety assurance in next-generation wireless communication sys-
tems. By addressing the complex intersection of machine learning, wireless resource man-
agement, and societal demands such as environmental sustainability and public health, this
document offers a multifaceted view of how wireless networks can evolve in a sustainable
manner.
Key aspects investigated and leveraged within T4.2 are the principle of intelligence at the
edge and the use of AI/ML approaches as a suite of tools tailored to specific constraints
and objectives to be achieved at the radio interface. In Chapter 2, this was exemplified
by the introduction of an AI-based model predictive control, which emphasizes the need
for dependable AI predictions in wireless networking. To enhance reliability, the activity
applied conformal prediction – a post-hoc calibration technique – to pre-trained probabilistic
forecasters, enabling the implementation of safe model-predictive power control policies.
It is worth remarking that this solution substantially increases the effectiveness of power
allocation and RRM and makes the system scalable, establishing the best trade-off between
throughput performance and computational efficiency.
In Chapter 3, the focus shifted to the sustainability of AI/ML at the network edge. Notably,
given the increasing energy and computational demands of DNN models, we proposed a so-
lution for model caching, task offloading, and execution of inference tasks. The OffloaDNN
framework we developed introduces an optimal reuse of blocks of DNN layers cached at the
edge of the network and a pruning strategy that dramatically reduce memory and compute
demands without sacrificing model performance. This is then combined with an intelligent
selection of tasks to be offloaded from mobile devices to the network edge, so as to control
the computing load at the edge and data load on the radio link. This contribution is especially
relevant, given the growing integration of AI/ML services into the edge infrastructure and the
associated energy footprint. When compared to the state of the art, the proposed ML model
caching and intelligent strategies for collaborative training and inference can substantially
reduce not only the communication overhead (by 25%), but also memory usage and com-
puting time (by 80% and 77%, resp.). Additionally, they can dramatically decrease energy
consumption, requiring just 6.7%–20% of the energy consumed by existing paradigms.
Chapter 4 brings to the forefront the issue of EMF exposure, an often-overlooked aspect in
the design of radio networks, which instead deserves more and more attention given the
increasing densification of wireless networks. The cell-free networking paradigm has been
investigated through a human-centric lens, where the goal is not just coverage and high
throughput but also minimizing radiation exposure to users. The proposed solutions lever-
age on the one hand clustering and matching methods, and on the other hand model-based
optimization and machine learning. Our approach significantly outperforms conventional
ones in terms of energy consumption and EMF exposure, achieving up to 80% savings.
Furthermore, our solutions ensure that network performance metrics such as data rate re-
quirements are still met, effectively striking a balance between user QoS and societal health
concerns. It is also important to remark that our study has taken advantage of advanced
computational models, both statistical and deterministic, of human body EMF exposure, and
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that we have adopted specific metrics such as electric field strength and dosimetric quan-
tities. Furthermore, it is worth remarking that each of the proposed techniques is not only
based on optimization or learning theoretical methods but was also validated through sim-
ulations using realistic radio environments. This enabled a sound validation of the created
solutions, indicating a clear path from concept to implementation.

While the developed activities achieved the goals set for T4.2 – in a nutshell, the realization
of intelligent, energy efficient, and human-centric radio interfaces and network infrastructure,
they also opened relevant directions for future research. Specifically, the calibration meth-
ods proposed in Section 2.2 can be extended to tackle key challenges in wireless networks,
such as non-stationary data distributions, communication noise, and decentralized data pro-
cessing. Addressing these issues will be essential for the widespread adoption of AI-driven
techniques and the development of safe AI-native networks.
The findings introduced in Section 2.1 underscore the potential of modified RL algorithms in
efficiently scheduling massive radio resources, paving the way for more sophisticated and
resource-aware next-generation cellular networks. With advancements in RL algorithms and
the architecture of the deep scheduler, there are promising research directions to enhance
the practicality of MAC layer scheduling in terms of both performance and computational
latency. In terms of performance, it is essential to meet specific QoS constraints in a product.
This necessitates an improvement in the algorithmic design for the RL agent to ensure a
certain performance metrics are met during the inference phase. Additionally, to address the
latency on scheduling, a potential approach is to eliminate the loop over the spatial layers.
This would enable the RL agent to make scheduling decisions for both FD scheduling and
user pairing in a single inference call.
The solution created for ML models caching and execution at the mobile edge in Section 3.1
can be exploited for sensor fusion and processing of multi-modal data – an application that
is gaining increasing attention. Notably, this domain highlights gaps in current research, of-
fering new opportunities for optimization in terms of both energy consumption and quality
of service. Distributed sensor fusion and multi-data processing can be provided through
dynamic neural networks that operate according to context information and semantic hierar-
chical communication. New ML architectures can be effectively exploited, jointly with novel
communication paradigms that better protect the transmission of data that are more relevant
to the inference task at hand. Innovative orchestration paradigms can thus be developed to
jointly act on the dynamic architecture of neural networks and the use of radio resources, for
efficient computing and communication.
As making ML sustainable has become imperative – recently even exacerbated by the in-
creasing popularity of LLMs –, the idea presented in Section 3.2 should also be expanded.
Notably, the amount of data collected and processed by ML models should be minimized
while still ensuring high quality levels of learning and inference output. Ways to do so when
LLMs are applied require additional studies and effort, while accounting for the heterogeneity
of the data and goals that the various entities and users may have.
Finally, the metrics we used in Section 4.1 for assessing human-exposure to EMF repre-
sent a valuable reference for the investigation of this important KVI in the design of next-
generation systems. As for the deep unfolding method in Section 4.2, this could be applied
in the DL setting to further reduce the system complexity. Given the SCO procedure’s inher-
ent sequential nature, we could mimic the structure of the model-based algorithm by replac-
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ing the iterations with small DNNs. In other words, expert knowledge can be incorporated
into the design, leading to higher practical feasibility and further simplifying computational
resources.
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