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Abstract

More than 10 billions connected devices are predicted for 2020. While the mobile data
continues to grow, future mobile networks are expected to deliver on improved spec-
tral efficiencies, reduced latencies, better and more consistent throughput experience
in the radio cell. The conventional and still prevailing approach to optimize the ra-
dio resources places the radio devices under the tight control of a central coordinator.
Nevertheless, such approach makes the mobile network dependent on a considerable
amount of measurement data that must be communicated in real-time to the central-
ized processor, which is impossible or undesirable in some practical cases. Moreover,
the centralized approach ignores the computational and decision making capabilities
of the modern radio devices such as smartphones, drones and connected cars, with
great chance for direct device-to-device communication. Decentralized optimization
methods are thus viewed with increased interest for future mobile networks.

In the context of 5G and 5G+ mobile networks, massive multi-antenna transmis-
sion is an established technique to manage multi-user interference and improve the
network performance through beamforming and multiplexing gain. In the massive
antenna regime, the leading forms of distributed cooperation that can be envisioned
are i) the beam selection and alignment across multiple mobile users – in particular, at
mmWave frequencies – and ii) the cooperation among base stations for user scheduling,
whose centralized solution requires significant coordination and resource overhead.

In this thesis, we focus on decentralized cooperative methods for massive multi-
antenna transmission optimization that are implemented at the cooperating devices
themselves. We first tackle the beam alignment and selection problem from both single-
user and multi-user perspectives, where the radio devices coordinate their beam strate-
gies using long-term spatial side-information such as location information, to reduce
the coordination overhead. In particular, we consider the important limitation factors
which hinder perfect coordination such as the measurement noise and the limited in-
formation exchange capabilities between the cooperating nodes, so as to introduce ro-
bust approaches to side-information-aided beam selection and overcome conventional
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schemes unsuitable to the distributed information configuration. In parallel, we show
that multi-user beam selection in the massive antenna regime must deal with an inter-
esting trade-off between i) harvesting large channel gain, ii) avoiding catastrophic multi-
user interference, and iii) minimizing the channel acquisition overhead. To explore such
trade-off, we propose a novel beam-domain coordination framework exploiting low-
rate direct device-to-device side-links. Our results demonstrate the effectiveness of the
proposed beam selection algorithms.

Since coordination entails some information flowing from one node to the others,
we then expose the existence of an additional, but different trade-off between coordi-
nation and user privacy, of high practical relevance. In particular, we consider beam-
domain coordination among competing mobile operators for user scheduling in mm-
Wave spectrum sharing, where a clear correlation is found between the channel data
and the users’ locations. Our proposed privacy-preserving scheduling algorithm exploit-
ing obfuscated beam-related information outperforms the uncoordinated benchmark.
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Abrégé [Français]

Plus de 10 milliards d’appareils connectés sont prévus pour 2020. Tandis que les don-
nées mobiles continuent de croître, les futurs réseaux mobiles devraient permettre
d’améliorer l’efficacité spectrale, de réduire la latence, de fournir une expérience de
débit meilleure et plus uniforme dans la cellule radio. L’approche conventionnelle pour
optimiser les ressources radio place les appareils radio sous le contrôle étroit d’un co-
ordinateur central. Une telle approche rend le réseau mobile dépendant d’une quantité
considérable de données de mesure qui doivent être communiquées en temps réel au
processeur centralisé, ce qui est impossible ou indésirable dans certains cas pratiques.
De plus, les approches centralisées ne profitent pas des capacités de calcul et de prise
de décision des appareils radio modernes tels que les smartphones, les drones et les
voitures connectées, avec de grandes chances de communication directe de dispositif à
dispositif. Les méthodes d’optimisation décentralisées sont ainsi perçues avec un inté-
rêt accru pour les futurs réseaux mobiles.

Dans le contexte des réseaux mobiles 5G et 5G+, la transmission massive multi-
antennes (Massive MIMO) est une technique établie pour gérer les interférences multi-
utilisateurs et améliorer la performance du réseau grâce à la formation de faisceaux et
au gain de multiplexage. Dans le régime Massive MIMO, les principales formes de co-
opération distribuée qui peuvent être envisagées sont i) la sélection et l’alignement des
faisceaux entre plusieurs utilisateurs mobiles – en particulier, aux fréquences millime-
triques – et ii) la coopération entre les stations de base pour le scheduling des utilisa-
teurs, pour lesquelles les solutions centralisées ont besoin d’un important overhead de
coordination et de ressources radio.

Dans cette thèse, nous nous concentrons sur les méthodes de coopération décentra-
lisées pour l’optimisation de la transmission multi-antennes massive qui sont mises en
œuvre sur les nœuds coopérants eux-mêmes. Nous nous attaquons d’abord au pro-
blème d’alignement et de sélection des faisceaux, dans lequel les dispositifs radio coor-
donnent leurs stratégies à l’aide d’informations spatiales à long terme telles que leurs
emplacements, afin de réduire l’overhead de coordination. En particulier, nous prenons
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en compte les facteurs limitatifs importants qui entravent la parfaite coordination des
utilisateurs, tels que le bruit de mesure et les capacités limitées d’échange d’informa-
tions entre les nœuds coopérants, afin d’introduire une approche robuste pour la sélec-
tion des faisceaux et de surmonter les schémas conventionnels, inadaptés à la configu-
ration distribuée de l’information. En parallèle, nous montrons que la sélection de fais-
ceaux dans le Massive MIMO doit trouver un équilibre entre i) obtenir un gain de canal
important, ii) éviter les interférences multi-utilisateurs catastrophiques, et iii) minimi-
ser l’overhead d’acquisition du canal. Pour explorer ce compromis, nous proposons un
nouveau cadre de coordination dans le domaine spatial qui exploite les liaisons dispo-
sitif à dispositif. Nos résultats démontrent l’efficacité des algorithmes de sélection des
faisceaux proposés.

Étant donné que la coordination implique une certaine circulation de l’information
d’un nœud à l’autre, nous exposons ensuite l’existence d’un compromis supplémen-
taire, mais différent, entre la coordination et la vie privée des utilisateurs, ce qui revêt
un intérêt pratique considérable. En particulier, nous considérons la coordination dans
le domaine spatial entre plusieurs opérateurs mobiles concurrents afin de mieux sche-
duler les utilisateurs dans le partage du spectre en bande millimetrique, où l’on trouve
en effet une corrélation claire entre les données du canal et l’emplacement des utilisa-
teurs mobiles. L’algorithme de scheduling proposé exploite un mécanisme d’obscurcis-
sement de l’information spatiale echangée et dépasse le benchmark non coordonné.
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Chapter 1

Introduction and Motivation

The full or partial reuse of the radio resources (spectrum, time, power, pilots, etc.) in
wireless mobile networks leads to severe interference, which in turn limits the perfor-
mance offered to the connected devices – in particular those located at the cell edge [1].
Several approaches aimed at mitigating interference have emerged in the last decade.
A central notion in all such approaches is coordination: interfering transmitters have to
agree on jointly optimizing their transmission parameters so as to increase the global
network performance. Towards this end, the optimization strategies should take into
account the limited (finite-rate) feedback overhead constraint [2], which otherwise de-
grades the network throughput. In multi-device cooperation, the notion of feedback is
large and encompasses several kinds of prior information – such as the Channel State
Information (CSI) – that are exchanged among the devices.

In general, cooperative or coordinated communications with limited feedback can
be divided in i) Radio Resource Management (RRM) methods, such as power control
or user scheduling [1], and ii) signal processing-based methods, such as (coordinated)
multi-antenna processing. Considering the focus of this thesis, an overview on the
literature of multi-antenna coordination techniques is given in the following.

1.1 Multi-Antenna Coordination in Mobile Networks

The role that multiple antennas at the devices have in mitigating the interference and
improving the network performance through linear Multiple-Input Multiple-Output
(MIMO) precoders and combiners is well established [3]. The powerful combination
of multi-antenna techniques and cooperation among interfering wireless devices has
been studied in depth over the last decade. To give some examples, transmitter coor-
dination allows for the avoidance of the interference even before it takes place as e.g.
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in Network MIMO [4], or can help to shape it such that it is easier for the receivers
to suppress it, through the so-called interference alignment [5]. Nevertheless, the ben-
efits of multi-antenna transmitter coordination depend on the accurate knowledge of
the global CSI [1, 4]. In an effort to limit the requirements for low-latency CSI sharing
over the backhaul network, several approaches have been proposed. Among them,
rank-coordination is possible, where distributed rank adaptation algorithms aim at re-
serving some spatial degrees of freedom for interference rejection rather than using
them all for spatial multiplexing [6]. A significant step forward has been made with
the introduction of the so-called Massive MIMO (mMIMO) [7]. In mMIMO, the num-
ber of antennas at the Base Station (BS) is much larger than the number of devices per
signaling resource. As a consequence, the radio channel of a desired device tends to
become more orthogonal to the channel of another selected interfering device, and sim-
ple distributed beamforming schemes such as Maximum Ratio Combining (MRC) can
asymptotically – for an infinite number of antennas – eliminate the interference and offer
performance comparable to much more complex centralized schemes. To design such
beamformers, the local CSI is needed at the transmitter. In the massive antenna regime,
acquiring the local CSI is not always trivial. Several challenges hinder the potential ap-
plication of mMIMO in future 5G/5G+ networks. In the next section, we will describe
such challenges and how coordination can help in addressing them.

1.2 Coordination in Massive MIMO Communications

The original mMIMO implementation is based on Time Division Duplex (TDD) opera-
tion, which allows to estimate the Downlink (DL) channels through orthogonal Uplink
(UL) sounding exploiting the channel reciprocity [7]. The relative ease with which the
large-dimensional local CSI can be acquired in TDD operation with single-antenna users
has led research groups to focus on such mMIMO configuration, where the so-called
pilot contamination represents the main concern [7]. To avoid conflicting pilot transmis-
sions, coordination has a central role and extensive research efforts has been made,
fostering both time-domain [8–10] and spatial-domain methods [11–15].

In this thesis, we focus on different mMIMO architectures, which are expected to
emerge in the next generation of mobile networks: i) Frequency Division Duplex (FDD)
mMIMO with a small-to-moderate number of antenna elements at the User Equipment
(UE) side, and ii) Millimeter Wave (mmWave) doubly mMIMO with massive antennas
at both the BS and UE sides [16]. In all the above cases, the acquisition of the local CSI
at the transmitter is not trivial, as we explain in the following sections.
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1.2.1 Challenges in CSI Acquisition in FDD mMIMO

In FDD mode, DL Reference Signals (RSs) and subsequent UL feedback are required to
acquire the local CSI, since the channel reciprocity does not hold. In general, there exists
a one-to-one correspondence between RSs and antenna elements, such that few radio
resources are left for data transmission [17]. Several work has been done to cope with
the training and feedback overhead issue in FDD mMIMO. Such existing methods can
be divided in three categories: i) second-order statistics-based approaches, ii) Compres-
sive Sensing (CS)-based approaches, and iii) Grid-of-Beams (GoB)-based approaches.

Among the approaches based on second-order statistics, the pioneering works [11,
12] exploit strictly spatially-orthogonal channel covariances to discriminate across inter-
fering UEs with even correlated non-orthogonal RSs, thus reducing the training over-
head. Since such condition is seldom experienced in practical scenarios [18], the recent
work [19] has introduced a precoding method to artificially forge low-dimensional effec-
tive channels, independently from the covariance structure. In the MIMO literature, such
methods have been known under the term covariance shaping [20–22].

CS techniques for estimating high-dimensional channels with few measurements
are known for decades [23] and have been applied to FDD mMIMO as well [24–27].
The significant overhead reduction in all these works relies on the existence of an in-
trinsic sparse representation of the radio channels. Alternative CS-based methods such
as [28–32] capitalize on the DL/UL angular reciprocity. In such approaches, the spatial
spectrum is estimated from UL sounding and used to design the mMIMO precoder,
under the reasonable assumption that the dominant Angles-of-Departure (AoD) are
almost invariant over the spectrum range separating the DL and the UL channels.

The GoB approach has raised much interest within the 3GPP group, due to its prac-
tical implementation convenience [33, 34]. According to this concept, reduced channel
representations are obtained through a spatial transformation based on fixed transmit-
receive beams. In this case, there exists a one-to-one correspondence between RSs and
beams, such that estimating the effective channels reduces the total overhead. How-
ever, the substantial reduction in overhead often entails a drastic performance degrada-
tion [35] as the mMIMO data precoder is optimized for reduced channel representations
which might not capture the prominent characteristics of the actual channels. On the
upside, profitable low-dimensional representations can be obtained through activating
the appropriate subset of beams. In general, the decision on which beams to activate
at both the BS and UE sides is not a trivial one, since several factors participate in the
sum-rate optimization problem. Coordinated approaches to beam selection are thus
fundamental, as we will expose throughout this thesis (Chapters 3, 4 and 5).
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1.2.2 Challenges in CSI Acquisition in mmWave mMIMO

Among the enabling technologies for future wireless mobile networks, mmWave com-
munication offers the chance to deal with the bandwidth shortage affecting wireless
carriers. There are indeed large portions of unused spectrum above 30 GHz, which can
be used as a complement to the conventional sub-6 GHz bands. The use of higher fre-
quencies and higher bandwidths poses new implementation challenges, as for example
in terms of hardware constraints or architectural features. Moreover, the propagation
environment is adverse for smaller wavelength signals: compared with lower bands
characteristics, diffraction tends to be lower while penetration or blockage losses can
be much greater [36]. Therefore, mmWave signals experience a severe path-loss which
hinders the establishment of a reliable communication link and requires high beam-
forming gain [37]. On the upside, millimeter wavelengths allow to stack a high num-
ber of antenna elements in a modest space [38] thus facilitating the exploitation of the
superior beamforming performance stemming from mMIMO antennas [39].

In the mmWave band, configuring the mMIMO antennas entails an additional ef-
fort [40]. The high cost and power consumption of the radio components – in particular,
the analog-to-digital converters – impact on the UEs and the small BSs, thus limiting the
practical implementation of fully-digital beamforming architectures [41]. Therefore, low
cost architectures are suggested, where the beam design is codebook-based (GoB), and
implemented in analog fashion [42]. Another trend lies in the so-called hybrid beam-
forming architectures, where a low-dimensional digital processor is concatenated with
an RF analog beamformer [43, 44]. In all of these solutions, a bottleneck is found in the
mMIMO regime while searching for the analog beam combinations at transmitter and
receiver which offer the best channel gain, a problem referred to as beam alignment in
the literature [45, 46]. In particular, beam alignment becomes critical when the commu-
nication is between two mMIMO devices [16], where the number of beam combinations
is huge and represents a significant pilot and time resources overhead.

The current literature reflects the interesting trade-off between latency and beam-
forming performance that is found in beam alignment [47, 48]. Narrower beamwidths
lead to increased alignment overhead, but provide a higher transmission rate, as a result
of higher directive gains and lower interference. On the other hand, larger beamwidths
expedite the alignment process, though smaller beam gains reduce rate and coverage.

One approach for reducing alignment overhead – without compromising perfor-
mance – has been proposed in [49]. It consists in exploiting location side-information so
as to reduce the effective beam search areas in the presence of Line-of-Sight (LOS) prop-
agation. Similar approaches are found in [50–52], where spatial information – obtained
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through radars, automotive sensors or Out-of-Band (OOB) information – has been con-
firmed as a useful source of side-information, capable of assisting beam alignment and
selection in mmWave communications. As we have anticipated in Section 1.2.1, se-
lecting the transmit-receive beams is a non-trivial problem and is further exacerbated
in multi-user settings, where the best beams depend on several factors, including the
Signal-to-Interference-and-Noise Ratio (SINR), which require full coordination among
the devices. Moreover, exploiting side-information to meet the limited feedback con-
straint imposes the design of robust approaches to coordinated beam selection, as such
information might give nothing but a partial view on the actual state of the network.
How to deal with those additional uncertainties is a key element of this thesis.

1.2.3 Massive MIMO and D2D

The advances in Device-to-Device (D2D) communications allow to exchange informa-
tion among neighboring UEs with negligible resource overhead [53]. The standardiza-
tion of network-assisted D2D communications within the 3GPP group [54] has sparked
interest in exploring the possibilities arising from D2D-aided techniques in modern mo-
bile networks. Several works have shown promising results on D2D-enabled interfer-
ence management and radio resource allocation [55–57]. Despite an extensive literature
on D2D implementation in mobile networks [58], just a few works investigate the po-
tential integration of D2D and mMIMO techniques. In [59, 60], the authors introduce
an intermediate CSI exchange phase in the classical FDD closed-loop feedback. Once
the channel is acquired at the UEs, local CSI is exchanged through D2D side-links so
that the global CSI is available to all UEs. As a consequence, a coordinated design of the
feedback data can be derived towards feedback overhead reduction. [61] considers a
two-phase multi-casting scheme where the mMIMO BS precodes the common message
to target an appropriate subset of devices, which in turn cooperate to spread the infor-
mation across the rest of the network via D2D retransmissions. The precoding gain at
the BS and the D2D side-links helps in achieving the maximum multi-cast rate. In this
thesis, we focus on D2D-enabled information exchange protocols which can achieve de-
vice coordination with limited information, much smaller than the local CSI. The meth-
ods that we present in Chapters 4, 5 and 6 are based in part on the sharing of a low-rate
beam-related information that can assist with beam-domain coordination strategies.

Coordination can be achieved via centralized or decentralized approaches. In the
next section, we show the pros and cons of such opposite – but perhaps complementary
– approaches and motivate why future mobile networks should be partly decentralized.
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1.3 Decentralized Coordination

The conventional approach for enabling coordination in mobile networks is based on
concentrating all feedback and measurement data, as well as computational power, at a
central node, as e.g. the BS or the cloud. For example, the Cloud-Radio Access Network
(C-RAN) is a popular centralized framework for delivering efficient resource allocation
and solving advanced multi-cell coordination algorithms [62]. In this respect, the de-
vices at the network edge – such as the UEs and the BSs – push their measured data into
an optical backhaul-supported cloud where dedicated servers run the required network
optimization algorithms. The solutions of such algorithms, i.e. the transmission deci-
sions, are then sent back to the edge devices for application. Although the centralized
approach is still prevailing in mobile networks design, pure cloud-centric architectures
are rather expensive and come with their own technical limitations. For example, the
centralized processing increases the latency, which is killer for critical 5G applications
such as the tactile-internet [63], and decreases the timeliness of the CSI, a crucial in-
formation for multi-antenna transmission. The exponential increase in the number of
connected devices [64] heighten these drawbacks, with potential spill-over effects on
the network performance. We are therefore witnessing a growing interest in design-
ing a more adaptable network of devices that can cooperate autonomously without the
help of a central node. The devices should leverage their local computing, sensing and
communication capabilities to interact with each other and increase the network perfor-
mance. Thus, the cooperating devices run decentralized algorithms that are designed to
maximize a global network performance metric as e.g. the network throughput, through
adjusting local transmission parameters such as the power level, the precoder, etc. How-
ever, each local parameter decision is made using local information only, which is often
a noisy and partial estimate of the global state information, different at each device. In
this respect, the decentralized approach involves an inevitable performance loss com-
pared to the centralized approach with ideal backhaul links.

In this thesis, we refer as “decentralized" or “distributed" any coordination mechanism
for which the coordinating devices have only a partial view over the global network state
information that would otherwise be required for a centralized solution. Here, “partial" may
allude to the availability of limited, noisy, or possibly long-term statistical information.
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1.4 Focus of the Thesis

In this thesis, we focus on decentralized coordination methods in the context of mas-
sive multi-antenna transmission. In the massive antenna regime, the leading forms
of distributed coordination that can be envisioned are i) the beam selection and align-
ment across multiple devices – in particular, at mmWave frequencies [41] – and ii) the
cooperation among BSs for user scheduling. The centralized solutions of both these
coordination frameworks require significant coordination and resource overhead. In
this thesis, we exploit beam-domain coordination among the devices to address these
problems, which can be most often recast as Team Decision (TD) problems. In general,
the results presented in this thesis are not built upon results in the TD literature, due to
computational and practical constraints. Instead, we exploit the particular properties
of each considered problem to derive heuristic solutions. However, keeping the TD for-
mulation in mind will prove helpful to obtain interesting insights and understand the
fundamentals of the problems. We introduce the TD framework in the next section.

1.5 Coordination with Decentralized Information

The lack of reliable observed data at each decision-making device calls for robust decen-
tralized coordination algorithms, whose purpose is to minimize the loss with respect
to the centralized solutions. The emphasis on a common performance goal and the la-
tency constraints for inter-device communication requires a different approach from
classical device cooperation frameworks. For example, in egoistic game-theoretical ap-
proaches [65], the radio devices are conflicting with each other and potential equilibria
do not automatically translate into global network gains. In this case, the imperfect coor-
dination which hinder the maximization of the global performance metric arises from
the distributed nature of the observed data, based upon which the decisions are made.

The theoretical roots behind one-shot decentralized coordination can instead be found
in the so-called Team Decision theory [66], which is known for a long time and often
involves solving a non-trivial distributed functional optimization problem. Yet, the
strong development of the computational capabilities in the past decade has opened
up new avenues for solving such difficult problems. In the following, we show how
the TD formulation unfolds in the context of beam-domain coordination.

7



Chapter 1. Introduction and Motivation
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Figure 1.1 – Beam decision with distributed information. The k-th device makes its
decision on the basis of its own global network state estimate Ĥ(k).

1.5.1 Decentralized Beam-Domain Coordination

Let us consider a network with K cooperating devices, which will be instantiated as
BSs or UEs in the chapters of this thesis (see Table 1.1). We assume that the k-th device
adopts the strategy sk : Cm → Sk ⊆ Cdk , based on local estimates, where Sk is its deci-
sion sub-space, i.e. its beam or precoder codebook in beam-domain coordination (refer
to Fig. 1.1). The general TD problem, whose goal is to maximize the global network
performance metric f : Cm ×

∏K
k=1 C

dk → R, can be formulated as follows:

(
s∗1, . . . , s

∗
K

)
= argmax

s1,...,sK

E
H,Ĥ

(1)
,...,Ĥ

(K)

[
f
(
s1

(
Ĥ(1)

)
, . . . , sK

(
Ĥ(K)

)
,H
)]
, (1.1)

where

• H ∈ Cm is the global state of the network1;

• Ĥ(k) ∈ Cm is the local estimate of H which is available at the k-th device.

The formulation in (1.1) refers to a static setting where each of the K devices de-
signs transmission policies in order to coordinate with the other devices, based on the
expectation over the joint Probability Density Function (PDF) of the actual network state
and all local estimates, defined as

p
H,Ĥ

(1)
,...,Ĥ

(K) . (1.2)

Thus, the mutual correlation between Ĥ(1), . . . , Ĥ(K) and the correlation between these
estimates and the actual state H set a limit to the coordination performance. In particu-
lar, the solution to (1.1) depends on the associated information structure, i.e. the nature
of the observations made at each device and how such local information relates to the
actual global state. In the following, we will introduce and motivate the decentralized
information structures that will be considered throughout this thesis.

1We stress that H can be either CSI or related to CSI, as e.g. location information (refer to Table 1.1).
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1.5.2 Distributed Information Structures

The information structure underpinning the TD problem in (1.1) describes how the lo-
cal information Ĥ(k) available at the k-th device relates to the local estimates at the
other devices Ĥ(j), ∀j 6= k, as well as to the actual global state information vector H.
Note that the configuration in (1.1) precludes explicit interactions between the cooper-
ating devices, which is consistent with low-latency applications. In this respect, the large
number of devices in future mobile networks represents a favorable circumstance as de-
vices that are located closer to each other have greater chance for low-latency direct D2D
communication (refer to Section 1.2.3). Thus, some rounds of information exchanges be-
tween the devices can be assumed, leading to specific information configurations and
easier, more practical, TD problems. In this section, we first describe an intuitive and
tractable information model which consists in considering Gaussian noise-corrupted
global information at each device. Then, we describe a hierarchical information setup
which arises in networks where some devices are endowed with greater information
gathering capabilities.

Distributed Gaussian Information Configuration

The distributed Gaussian configuration assumes that some Gaussian noise with device-
dependent covariance matrix Σk ∈ Cm×m corrupts the estimate Ĥ(k) at the k-th device.
In particular, we can write the estimate Ĥ(k) at the k-th device as

Ĥ(k) =

√
1−Σ2

kH + Σ2
kN, ∀k = {1, . . . ,K}, (1.3)

where N ∼ CN (0, Im) is Gaussian-distributed noise.
Under this model, the knowledge of the noise variances at the other devices is suf-

ficient to derive the joint PDF in (1.2). In practical scenarios, some devices can have
greater sensing and estimation capabilities with respect to other devices, as e.g. high-
end devices compared to low-end devices. Such cases are well-captured in (1.3), where
greater noise variances can be assumed for the low-end devices. Some examples on
practical applications of such configuration can be found in [67–69]. In general, this
model can be extended to any kind of noise, as for example uniform bounded noise. In
Chapter 3, we assume a bounded error model for the location side-information, such
that the location estimates at each device fall inside a disk around the actual locations.
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Hierarchical Distributed Configuration

The hierarchical distributed information structure is obtained when the devices can be
ordered such that the k-th device has access to the information – so, the transmission
decision – at the j-th device, where j < k, in addition to its local information. This con-
figuration implies that the first device is the least informed one while the K-th device
is the most informed one and knows the information at all lower-ranked devices. In a
mathematical sense, it means that there exist some functions hk,j : Cm → Cm such that

Ĥ(j) = hk,j

(
Ĥ(k)

)
, ∀j < k. (1.4)

The advantage of the hierarchical distributed configuration is that – unlike the infor-
mation structure in (1.3) – the devices can follow a chain of strategies where the better
informed k-th device can adapt its own strategies to the known strategies taken at the
lower-ranked less-informed j-th device, where j < k, in order to improve the common
performance metric. The hierarchical distributed configuration is obtainable through
e.g. multi-level quantization schemes [70] or also D2D side-links (refer to Section 1.2.3).
A remaining obstacle resides in the fact the k-th device is not able to predict with ex-
actitude the strategies of the better informed j-th devices, where j > k. Low-complex
sub-optimal solutions are possible. For instance, the k-th device can assume that the
higher-ranked devices have access to the same local information Ĥ(k). Following this
approximation, the (hierarchical) TD at the k-th device is obtained as follows:

(
sHC
k , s̄k+1, . . . , s̄K

)
= argmax

sk,...,sK

E
H|Ĥ(k)

[
f
(
s∗1, . . . , s

∗
k−1, sk

(
Ĥ(k)

)
, . . . , sK

(
Ĥ(k)

)
,H
) ]
. (1.5)

Remark 1.1. The decisions s̄∗k+1, . . . , s̄
∗
K in (1.5) are auxiliary variables which are not used

for actual transmission. The higher-ranked j-th device, where j > k, will use more
accurate information to derive its own decision.

Under the hierarchical information setting, the TD optimization problem reduces to
a conventional robust optimization problem. Indeed, the optimal decision at the k-th
device in (1.5) depends solely on its local estimate Ĥ(k), i.e. the generic k-th device do
not need to estimate the information and the decisions at the other devices.

The hierarchical configuration has been exploited in [71] to design a robust precoder
for distributed Network MIMO. In Chapters 4, 5 and 6, the hierarchical setup will prove
beneficial for achieving beam-domain coordination with low-complexity.
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Chapter 1. Introduction and Motivation

Cooperation among Nature of the Information Coordination Goal Chapter

BS and UE (Fig. 1.2a) Location Single-User Beam Alignment 3

K UEs (Fig. 1.2b) Out-of-Band and Statistical Multi-User Beam Selection 4, 5

K BSs (Fig. 1.2c) Beam Index Scheduling in Spectrum Sharing 6

Table 1.1 – The coordination scenarios which are studied throughout this thesis.

1.6 Thesis Outline

In this section, we give a brief outline of this dissertation, which gathers, unifies, and
extends the work carried out over the duration of the PhD. Table 1.1 summarizes the
cooperating scenarios that are studied throughout the thesis. Some example diagrams
are provided in Fig. 1.2. This dissertation is composed of 7 chapters, whose short de-
scription is given in the following list.

Chapter 1: We have given here an overview on coordination in 5G mobile networks
and introduced the motivations for a partial decentralization of the future mobile net-
works. The so-called Team Decision formulation helps in raising decentralized coordi-
nation problems to the appropriate level of abstraction. Such problems are in general
hard to crack and, in most cases, solving them remains an open problem. Nevertheless,
we have shown that some distributed information structures of practical relevance can
approximate and ease the TD problems.

Chapter 2: In this chapter, we introduce the channel and beam codebook models that
will be used throughout the thesis. Furthermore, we highlight the main differences
between mmWave and conventional sub-6 GHz propagation environments.

Chapter 3: In this chapter, we consider the first case of Table 1.1, where the BS and the
UE aims at performing beam alignment in the mmWave band, exploiting location side-
information. To exhibit resilience with respect to the imperfections in the estimation
process, we formulate the optimum TD problem and introduce a suite of low-complex
algorithms to approximate such non-trivial problem. The proposed robust decentral-
ized beam alignment algorithm closes the gap with the centralized approach, obtained
with perfect information. These results were published in:

[72] F. Maschietti, D. Gesbert, P. de Kerret, and H. Wymeersch, “Robust location-aided
beam alignment in millimeter wave massive MIMO,” Proc. IEEE GLOBECOM, Dec. 2017.
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Figure 1.2 – Scenario example for the considered decentralized coordination problems.
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Chapter 1. Introduction and Motivation

Chapter 4: Considering the practical limitations in obtaining location estimates for sev-
eral UEs, we propose in this chapter an OOB information-aided beam selection algo-
rithm for a mmWave UL scenario, where K UEs coordinate to maximize the sum-rate
(refer to Fig. 1.2b). In particular, we exploit the spatial information extracted from the
lower (sub-6 GHz) bands in order to assist with an inter-user coordination scheme.
The decentralized coordination mechanism allows the suppression of the so-called co-
beam interference, which would otherwise lead to irreducible interference at the BS side.
These results can be found in:

[73] F. Maschietti, D. Gesbert, and P. de Kerret, “Coordinated beam selection in millimeter
wave multi-user MIMO using out-of-band information,” Proc. IEEE ICC, May 2019.

Chapter 5: In this chapter, we expose the existence of an interesting trade-off that arises
in multi-user beam selection DL scenarios between maximizing the SINR and minimiz-
ing the training overhead. This is evident in networks where the scalability of the RSs
represents one of the main bottlenecks, as e.g. FDD mMIMO networks. We show that
such trade-off can be explored through beam-domain coordination among the UEs. In
particular, we introduce a suite of coordinated beam selection algorithms in increasing
order of coordination complexity. The proposed algorithms are capable to strike a balance
between CSI acquisition overhead and multi-user interference management using sta-
tistical information, through the so-called covariance shaping. Simulation results demon-
strate the effectiveness of the proposed algorithms, compared to other approaches in
the literature, in particular under rapidly-varying channels with short coherence time.
These results are contained in:

[74] F. Maschietti, G. Fodor, D. Gesbert, and P. de Kerret, “Coordinated beam selection for
training overhead reduction in FDD massive MIMO,” Proc. IEEE ISWCS, Aug. 2019,

and

[75] ——, “User coordination for fast beam training in FDD multi-user massive MIMO,”
submitted to IEEE Trans. Wireless Commun., Dec. 2019.

Chapter 6: In this chapter, we consider the scenario in Fig. 1.2c, where K BSs belong-
ing to competing mobile operators aim to improve the rate performance of mmWave
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Chapter 1. Introduction and Motivation

spectrum sharing via coordinated user scheduling. We expose an additional, but dif-
ferent trade-off between coordination and privacy that arises in this context, due to the
clear correlation between the exchanged CSI and the location of the UEs. We propose
an algorithm capable to strike a balance between spectrum sharing performance and
privacy-preservation based on the sharing of a low-rate obfuscated beam index informa-
tion among the BSs. These results were published in:

[76] F. Maschietti, P. de Kerret, and D. Gesbert, “Exploring the trade-off between privacy
and coordination in millimeter wave spectrum sharing,” Proc. IEEE ICC, May 2019.

Chapter 7: The conclusion chapter, with the results of this thesis and the discussion of
the potential research avenues. The manuscript ends with the appendices (proofs), the
résumé of the thesis in French and the complete list of the references.
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Chapter 2

Models for Massive MIMO and
mmWave Communications

In this chapter, we describe the channel and beam codebook models that are used
throughout the thesis (except when otherwise mentioned), and introduce the beam-
domain representation of the channel that is obtained under such models. The beam-
domain representation is a natural choice to cope with the large-dimension of the chan-
nels and meet the requirements for low-latency Channel State Information (CSI) sharing.
Furthermore, we highlight the main differences between the propagation environments
in sub-6 GHz and Millimeter Wave (mmWave) (30-300 GHz) bands, and outline how
those differences translate into the statistical description of the channel model.

2.1 Geometric Channel Model

We consider the popular two-dimensional geometric channel model in Fig. 2.1, which
assumes the existence of L distinct physical paths between the Transmitter (TX) and the
Receiver (RX)1. Let us assume that the TX (resp. the RX) is equipped with NTX (resp.
NRX) antennas. The channel matrix H ∈ CNRX×NTX is then expressed as follows [77]:

H ,
√
NTXNRX

L∑
`=1

α`aRX(φ`)a
H
TX(θ`), (2.1)

where α` ∼ CN (0, σ2
` ) denotes the complex gain of the `-th path, including the shaping

filter and the large-scale path-loss, and where the variables φ` ∈ [0, 2π) and θ` ∈ [0, 2π)

are the Angle-of-Departure (AoD) and the Angle-of-Arrival (AoA) for the `-th path.
1 For e.g. Uplink (UL) transmissions, we will have TX = UE and RX = BS.
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Figure 2.1 – Geometric channel model and notations with 3 clusters of paths.

The vectors aTX(φ`) ∈ CNTX×1 and aRX(θ`) ∈ CNRX×1 denote the unitary antenna steering
vectors at the TX and the RX, for which we consider the well-known Uniform Linear
Array (ULA) with λ/2 inter-element spacing. This assumption implies that [78]

aTX(φ`) ,

√
1

NTX

[
1, e−iπ cos(φ`), . . . , e−iπ(NTX−1) cos(φ`)

]T
, (2.2)

aRX(θ`) ,

√
1

NRX

[
1, e−iπ cos(θ`), . . . , e−iπ(NRX−1) cos(θ`)

]T
. (2.3)

The channel paths often tend to appear as clusters, i.e. groups of closely-located multi-
path components that propagate along a similar path (see Fig. 2.1) [78]. One of the
biggest advantages of the geometric models is that a large number of different scenar-
ios can be modeled with the same framework, using appropriate input parameters. The
parameters of the model can be categorized into statistical and environmental param-
eters. The statistical parameters describe e.g. the distribution of the clusters in the
environment, as well as how the multi-path components are placed within each cluster.
The environmental characteristics includes e.g. the dimension of the radio cell and the
antenna heights at both ends. In the following, we outline the main propagation dif-
ferences between sub-6 GHz and mmWave channels, and show how those differences
translate into the statistical description of the geometric channel model.
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Chapter 2. Models for Massive MIMO and mmWave Communications

2.1.1 Channel Parameters in Sub-6 GHz Communications

Several measurement campaigns have been carried out to characterize sub-6 GHz Mas-
sive MIMO (mMIMO) channels [79]. Although i.i.d. Rayleigh fading channels are often
considered in the mMIMO literature, such rich-scattering environment is hard to find
in practical scenarios, except when large aperture antennas are used. Indeed, some UEs
have strong Line-of-Sight (LOS) components and can undergo spatially-correlated small-
scale fading, with common propagation paths [18]. The geometric channel model is
thus appropriate for simulating the sub-6 GHz radio environment, with recommended
statistical parameters as in the COST 2100 [80] or the WINNER II frameworks [81].

2.1.2 Channel Parameters in mmWave Communications

The measuring of mmWave channels have received considerable attention, leading to a
solid understanding of how these channels differ from sub-6 GHz channels [36, 79, 82].
In general, the propagation environment is adverse for smaller wavelengths: com-
pared with lower bands characteristics, diffraction tends to be lower while penetra-
tion or blockage losses can be much greater, due to e.g. foliage and rain [36]. Table I
in [82] provides a comprehensive overview on the statistical description of the large-
scale channel parameters at 28 and 73 GHz, including the path-loss model and the
distribution for the clusters. The measured data in [82] shows that mmWave chan-
nels exhibit limited scattering, with few one-bounce reflected paths contributing to the
propagation. In this respect, the suggested distribution for the number of clusters fol-
lows max (Poisson(1.8), 1). Another accurate statistical description for the generation
of mmWave channels based on the geometric model is given in [83].

Not all channel characteristics vary greatly with the frequency. High correlation has
been observed between the temporal and angular characteristics of the LOS path in sub-
6 GHz and mmWave channels [84]. The correlation diminishes as the LOS condition is
lost, as small scattering objects participating in the radio propagation emerge at higher
frequencies [85]. Nevertheless, it has been shown in [86] that, in an outdoor scenario
with strong reflectors (buildings), the paths with uncommon AoA at frequencies far
apart2 are less than 10% of the overall paths. The high spatial congruence between sub-
6 GHz and mmWave channels can help in deriving low-complex decentralized beam
selection strategies, as we will see in Chapter 4.

2In [86], 5 carrier frequencies ranging between 900 MHz and 90 GHz have been compared.
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2.2 Beam Codebook

Beam-domain representations of the mMIMO channels can be obtained through the use
of the Grid-of-Beams (GoB), which slices the actual channels in fixed trasmit-receive
spatial directions (refer to Section 1.2). We define the beam codebooks as follows:

V , {v1, . . . ,vMTX
}, W , {w1, . . . ,wMRX

}, (2.4)

where vv ∈ CNTX×1, v ∈ J1,MTXK, denotes the v-th beamforming vector (or beam) in V ,
and ww ∈ CNRX×1, w ∈ J1,MRXK, denotes the w-th beamforming vector (or beam) inW .

In the 3GPP standards [34], it is suggested to use Discrete Fourier Transform (DFT)
beams for codebook-based transmission, i.e. (at the TX side) vv ∈ row (FTX) ,∀v, where
FTX ∈ CNTX×NTX is an NTX-dimensional DFT matrix [78]. Under ULAs, another suitable
design for the fixed elements in the codebook consists in selecting the steering vectors
in (2.2) and (2.3) over a discrete grid of angles, as follows [87]:

vv , aTX(φ̄v), v ∈ J1,MTXK, (2.5)

ww , aRX(θ̄w), w ∈ J1,MRXK, (2.6)

where the quantized angles φ̄v and θ̄w can be chosen according to different sampling
strategies of the [0, π] range [78].

2.2.1 Beam-Domain Channel Representation

We now introduce the beam-domain representation of the MIMO channel in (2.1). Let
us define the matrices V ∈ CNTX×MTX and W ∈ CNRX×MRX as follows:

V ,
[
v1 . . . vMTX

]
, (2.7)

W ,
[
w1 . . . wMRX

]
. (2.8)

The beam-domain representation of H, also known as effective channel H̄ ∈ CMRX×MTX is
written as follows:

H̄ , WHHV. (2.9)

An example of beam-domain representation of the channel in (2.1) is shown in Fig. 2.2.
The multi-path clusters are clearly visible in the beam-domain. In this respect, the coor-
dinated selection of transmit-receive beam pairs can help capturing the strong channel
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Figure 2.2 – Beam-domain representation of a geometric channel.

gain deriving from one or multiple multi-path clusters. This problem is tackled in the
next chapter for the single-user case and in Chapters 4 (UL) and 5 (DL) for the multi-
user case.
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Chapter 3

Location-Aided Beam Alignment in
Single-User mmWave mMIMO

3.1 Introduction

In this chapter, we address the first case of Table 1.1, where the pair Base Station (BS)-
User Equipment (UE) aims at performing beam alignment so as to establish communica-
tion in the Millimeter Wave (mmWave) band. To cope with the constraints exposed in
Section 1.2.2, location-aided beam alignment has been proposed for fast link establish-
ment in mmWave [49]. The intuition consists in exploiting location information so as
to reduce the effective beam search areas. In this respect, 5G devices are expected to
access ubiquitous location information through several technologies [88].

In this work, we consider some important limitation factors which hinder the perfor-
mance of location-aided beam alignment. First, the UE and the BS are unlikely to acquire
location information with the same degree of accuracy. On the one hand, the location of
the BS can be inferred with high precision, being the BS static. In contrast, the location
of the UE, due to mobility, is harder to infer. In particular, the UE can be expected to
have more precise information about its own location compared to the BS, although
unavoidably noisy. Moreover, practical propagation environments include the presence
of some strong reflectors, leading to additional propagation paths. The location infor-
mation for such reflectors can be assumed available, although with some uncertainties
that are most often lower at the BS than at the UE.

We propose a framework for utilizing location side-information in a doubly Massive
MIMO (mMIMO) setup (i.e. both UE and BS devices are equipped with massive an-
tennas [16]) while accounting for unequal levels of uncertainties on this information at
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Chapter 3. Location-Aided Beam Alignment in Single-User mmWave mMIMO

both the BS and the UE sides. Based on this probabilistic location information setting,
the BS and the UE weigh their beam decision upon the quality of their local location
information and simultaneously on the quality level expected at the other end. We recast
this problem as a decentralized Team Decision problem where no explicit exchange of
information is considered and propose a suite of practical algorithms exploring various
complexity-performance trade-off levels.

3.2 Models and Scenario

Consider the scenario in Figure 3.1. A BS equipped with NBS � 1 antennas aims to
establish communication with a single UE with NUE � 1 antennas1. In order to extract
the best possible beamforming gain, a beam alignment phase is carried out. The BS
aims to select a precoding vector w ∈ W ⊂ CNBS×1, while the UE aims to select an
appropriate receive-side combining vector v ∈ V ⊂ CNUE×1. Both beamforming vectors
(or beams) are from predefined beam codebooks, as defined in Section 2.2.

Exhaustive beam alignment consists in pilot-training all the possible combinations
of transmit and receive beams (out of MBSMUE pairs) and selecting the pair which ex-
hibits the highest Signal-to-Noise Ratio (SNR). In the mMIMO regime, this requires
prohibitive pilot, power and time resources. As a result, a method for pruning out un-
likely beam combinations is desirable. To this end, we assume that the BS (resp. the UE)
pre-selects a subset ofDBS �MBS (resp. DUE �MUE) beams for subsequent pilot train-
ing. When the pre-selection phase is over, the BS trains the pre-selected beams through
sending Reference Signal (RS) for each one of the DBS beams, while the UE is allowed
to make SNR measurements over each of its DUE beams.

In this work, we are interested in deriving beam subset pre-selection strategies that
do not require any active channel sounding but can be carried out on the basis of long-
term statistical information including location-dependent information for the BS and
the UE as introduced in [49]. In contrast with [49], we consider potential reflector loca-
tion information and, in particular, we place the emphasis on robustness with respect
to location uncertainties in a high-mobility scenario. The model for the long-term loca-
tion information, and corresponding uncertainties, are introduced in the following. The
channel model is the geometric model defined in Section 2.1.

1In the rest of this chapter, we assume an Uplink (UL) transmission, although all concepts and algo-
rithms are applicable to the Downlink (DL) as well.
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Figure 3.1 – Scenario example with one LOS path and two reflected NLOS paths.

3.3 Information Model

As discussed above, we are interested in exploiting long-term statistical information to
perform beam pre-selection. Unlike prior work, the emphasis of this work lies in the
accounting for uncertainties in the acquisition of such information at the BS and the UE.
In what follows, we introduce the information model emphasizing the decentralized
nature of information available at both the BS and UE sides. In particular, we will
consider the noisy distributed model, described in Section 1.5.2 and outlined in Fig. 3.2.

3.3.1 Definition of the Model

In order to establish a reference case, we consider the setting where the available infor-
mation allows to define the average SNR that would be obtained under any transmit-
receive beam selection. To this end, we define the average beam gain matrix.

Definition 3.1. The average beam gain matrix G ∈ RMUE×MBS contains the power
level associated with each combined choice of transmit-receive beam pair after
averaging over small scale fading. The (v, w)-th element of G is defined as

Gv,w , Eα
[∣∣∣wH

wHvv

∣∣∣2] , (3.1)

where the expectation is carried out over the channel coefficients α = [α1, . . . , αL].
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We now introduce the position matrix, containing the location information for all the
entities in the considered scenario.

Definition 3.2. The position matrix P ∈ R2×(L+1) contains the two-dimensional
location coordinates pn = [xn yn]T for node n, where n refers to either the BS, the
UE or one of the reflectors Rm,m = 1, . . . , L− 1. It is defined as follows:

P ,
[
pBS pR1

. . . pRL−1
pUE

]
. (3.2)

The following lemma characterizes the average beam gain matrix G as a function of the
position matrix P, considering the channel and codebook models in Chapter 2.

Lemma 3.1. We can write the (v, w)-th element of the average beam gain matrix G as

Gv,w (P) =
L∑
`=1

σ2
`

∣∣LUE(∆`,v)
∣∣2 ∣∣LBS(∆`,w)

∣∣2 , (3.3)

where we remind the reader that σ2
` denotes the variance of the channel coefficients α` in

(2.1) and we have defined:

LBS(∆`,w) ,

√
1

NBS

ei(π/2)∆`,w

ei(π/2)NBS∆`,w

sin((π/2)NBS∆`,w)

sin((π/2)∆`,w)
, (3.4)

LUE(∆`,v) ,

√
1

NUE

ei(π/2)∆`,v

ei(π/2)NUE∆`,v

sin((π/2)NUE∆`,v)

sin((π/2)∆`,v)
, (3.5)

and
∆`,w , (cos(θ̄w)− cos(θ`)), (3.6)

∆`,v , (cos(φ`)− cos(φ̄v)), (3.7)

with the angles φ`, ` = 1, . . . , L and θ`, ` = 1, . . . , L obtained from the position matrix P

using simple algebra (the detailed steps are relegated to Appendix A.1).

Proof. Refer to Appendix A.1.

Note that it is possible to ignore the second terms in (3.4) and (3.5), as we aim to com-
pute the squared absolute value in (3.3).
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3.3.2 Distributed Information Model

In a realistic setting where both BS and UE separately acquire location information via
a noisy process of Global Navigation Satellite System (GNSS)-based estimation, Angle-
of-Arrival (AoA) estimation (for reflector position estimation) and latency-prone BS-UE
feedback, a distributed position information model ensues where the positioning accu-
racies are device-dependent, i.e. different at BS and UE.

Noisy information model at the BS: The position matrix P̂
(BS)

available at the BS is
modeled as follows:

P̂
(BS)

, P + E(BS) (3.8)

where E(BS) is
E(BS) ,

[
e(BS)

BS e(BS)
R1

. . . e(BS)
RL−1

e(BS)
UE

]
, (3.9)

containing the random position estimation error made by the BS on pn, with known
arbitrary Probability Density Function (PDF) f

e
(BS)
n

.
Noisy information model at the UE: Akin to the BS side, the UE obtains the estimate

P̂
(UE)

, where:
P̂

(UE)
, P + E(UE) (3.10)

where E(UE) is defined as E(BS) in (3.9), but containing the random position estimation
error made by the UE on pn, with a known arbitrary PDF f

e
(UE)
n

.

3.3.3 Shared Information

In what follows, we assume that both the BS and the UE knows the number of domi-
nant paths L, and their average path powers σ2

` , ` = 1, . . . , L based on prior averaged
measurements. Likewise, the statistical distributions f

e
(BS)
n
, ∀n and f

e
(UE)
n
, ∀n are sup-

posed to be quasi-static and as such are supposed to be available (or estimated) at both
the BS and UE sides. In other words, the BS (resp. the UE) is aware of the quality for
position estimates which it and the UE (resp. BS) have at their disposal. For instance,
the BS might know less about the UE location than the UE itself, as e.g. due to latency in
communicating the UE position to the BS in a mobile scenario or due to the use of dif-
ferent position technologies (Global Positioning System (GPS) at the UE, Time Difference
of Arrival (TDOA) localization at the BS). In contrast, the BS might have greater capabil-
ities to estimate the position of the reflectors accurately compared to the UE, due to a
larger number of antennas at the BS or due to interactions with multiple UEs. Both the
BS and the UE are aware of this situation and wish to exploit it for greater coordination
performance. The central question of this work is “how?”.
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Figure 3.2 – Example of the distributed location information setting. The estimated loca-
tion information is denoted with blue (at the BS side) and orange (at the UE side) points,
along with their uncertainty circles. The black points represent the actual locations. In
this sketch, a bounded error model is assumed.

3.4 Coordinated Beam Alignment Methods

In this section, we present several strategies for coordinated beam alignment. The aim
of such strategies is to restore robustness in the beam pre-selection phase in the face of
the estimation noise in the location estimates at both sides, as shown in (3.8) and (3.10).

Let DBS ⊂ W (resp. DUE ⊂ V) be the set of DBS = |DBS| (resp. DUE = |DUE|) pre-
selected beams at the BS (resp. the UE). In order to pre-select the beams, we will use
the following figure of merit E[R (DBS,DUE,P)], where:

R(DBS,DUE,P) , max
v∈DUE,w∈DBS

log2

(
1 +

Gv,w (P)

σ2
n

)
(3.11)

where N0 is the thermal noise power2.

3.4.1 Beam Alignment under Perfect Information

Before introducing the distributed approaches to this problem, we focus on the ideal-
ized benchmark, where both the BS and the UE obtain the perfect position matrix P.

The optimal beam sets
(
Dup

BS ,D
up
UE

)
which maximize the transmission rate are then

found as follows:

(
Dup

BS ,D
up
UE

)
= argmax
DBS⊂W,DUE⊂V

R (DBS,DUE,P) . (3.12)

2We assume for simplification an interference-free network.
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3.4.2 Optimal Bayesian Beam Alignment

Let us now consider the core of this work where the BS and the UE must make beam
pre-selection decisions in a decentralized manner, based on their respective location
information in (3.8) and (3.10). We recast this problem as a Team Decision problem,
where the team members, i.e. the BS and the UE seek to coordinate their actions so
as to maximize their transmission rate, while not being able to accurately predict each
other decision due to distributed observations. For instance, let us consider the example
scenario in 3.1 and DBS = DUE = 2. The BS might decide to beam in the direction of the
UE and R1, while the UE might decide to beam in the direction of the BS but also R2 (for
example, if its information on the position of R1 is not accurate enough). As a result, a
strong mismatch would be obtained for one of the pre-selected beam pairs. Moreover,
due to the noise in the information, beaming towards e.g. the presumed location of the
UE might not achieve high beamforming gain at the actual UE. The goal of the robust
decentralized algorithm is hence to avoid such inefficient behavior.

Beam pre-selection at the BS is equivalent to the following mapping:

sBS : R2×(L+1) →W (3.13)

P̂
(BS) 7→ sBS

(
P̂

(BS)
)
, (3.14)

whereas at the UE, we have:

sUE : R2×(L+1) → V (3.15)

P̂
(UE) 7→ sUE

(
P̂

(UE)
)

(3.16)

Let S denote the space containing all the possible choices of pairs of such functions. The
optimally-robust team decision strategies

(
s∗BS, s

∗
UE
)
∈ S which maximize the expected

rate can be found through solving the following optimization problem:

(
s∗BS, s

∗
UE
)

= argmax
(sBS,sUE)∈S

E
P,P̂

(BS)
,P̂

(UE)

[
R
(
sBS

(
P̂

(BS)
)
, sUE

(
P̂

(UE)
)
,P
)]
, (3.17)

where the expectation operator is carried out over the joint PDF f
P,P̂

(BS)
,P̂

(UE) .
The optimization in (3.17) is a non-trivial stochastic functional optimization prob-

lem [89]. In order to circumvent this problem, we now examine several approximation
strategies which offer a range of trade-offs between the optimal robustness of (3.17) and
the implementation complexity.
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3.4.3 Naive-Coordinated Beam Alignment

A simple, yet naive, implementation of decentralized coordination mechanisms con-
sists in having each side making its decision by treating (mistaking) local information
as perfect and global. Thus, the BS and the UE solve for (3.12), where the BS assumes
P̂

(BS)
= P and the UE assumes P̂

(UE)
= P. We denote the resulting mappings as(

snaive
BS , snaive

UE

)
∈ S, which are found as follows:

• Optimization at the BS:

snaive
BS

(
P̂

(BS)
)

= argmax
DBS⊂W

max
DUE⊂V

R
(
DBS,DUE, P̂

(BS)
)

; (3.18)

• Optimization at the UE:

snaive
UE

(
P̂

(UE)
)

= argmax
DUE⊂V

max
DBS⊂W

R
(
DBS,DUE, P̂

(UE)
)
, (3.19)

which can be solved through exhaustive set search or a low-complex greedy approach
(see details later). The basic limitation of the naive approach is that it fails to account
for both i) the noise in the location estimates at the decision makers, and ii) the discrep-
ancies in the uncertainties of such estimates. Indeed, the BS (resp. the UE) assumes that
the UE (resp. the BS) receives the same estimate and take its decision on this basis.

3.4.4 1-Step Robust Coordinated Beam Alignment

Taking one step towards robustness requires from the BS and the UE to account for their
own local information noise. In particular, each decision-making device can assume
that its local estimate, while not perfect, is at least globally shared, i.e. that P̂

(BS)
= P̂

(UE)

for the purpose of algorithm derivation. We denote the resulting beam pre-selection as
1-Step robust – obtained through the mappings

(
s1-s

BS , s
1-s
UE

)
∈ S as follows:

• Optimization at the BS:

s1-s
BS

(
P̂

(BS)
)

= argmax
DBS⊂W

max
DUE⊂V

E
P|P̂(BS)

[
R (DBS,DUE,P)

]
; (3.20)

• Optimization at the UE:

s1-s
UE

(
P̂

(UE)
)

= argmax
DUE⊂V

max
DBS⊂W

E
P|P̂(UE)

[
R (DBS,DUE,P)

]
. (3.21)
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Optimization (3.17) is therefore replaced with a more standard stochastic optimization
problem for which a vast literature is available [90]. Considering w.l.o.g. the opti-
mization at the BS, one standard approach consists in approximating the expectation
through Monte-Carlo iterations according to the PDF f

P|P̂(BS) . Once the discrete summa-
tion replaces the expectation operator, the optimal solution of the optimization problem
can be again obtained through sequential search. Indeed, the nature of the problem is
such that it is possible to split (3.20) and (3.21) in multiple maximizations – over the
single beams in V and W – without loosing optimality. The proposed 1-Step robust ap-
proach is summarized in Algorithm 1, showing what is done at the BS side. The UE
runs the same algorithm with inputs P̂

(UE)
and f

e
(UE)
n
, ∀n, where in line 5 the max is

instead operated over columns.

Algorithm 1 1-Step Robust Beam Alignment (BS side)

INPUT: P̂
(BS)

, f
e

(BS)
n

, ∀n

1: for i = 1 : MCT do . Approximate the expectation over P|P̂(BS)
with MCT Monte-Carlo iterations

2: Compute possible position matrix P̂ = P̂
(BS) −E

(BS), with E
(BS) generated according to f

e
(BS)

3: Compute possible gain matrix Ĝ through (A.3) and (3.3)

4: M(:, i) = max(Ĝ
(BS)

, “rows") . Find the max for each column

5: end for

6: Idx = sort(mean(M, “columns"), “descending") . Order the beams after averaging over the for loop

7: DBS = Idx(1 : DBS) . The first DBS beams are pre-selected for pilot transmission

The proposed greedy approach has much less computational cost than the exhaus-
tive search, which requires to search over all the combinations resulting from picking
DBS (resp. DUE) beams at a time amongMBS (resp. MUE). Note that the approach above
provides robustness with respect to the local noise at the decision makers; it however
fails to account for discrepancies in location uncertainties across the BS and the UE.
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3.4.5 2-Step Robust Coordinated Beam Alignment

An optimality condition for the robust Bayesian beam alignment in (3.17) is that it is
person-by-person (PP) optimal, i.e. the decision makers take the best strategies given the
strategies at the other devices [89]. The PP optimal solution

(
sPP

BS , s
PP
UE

)
∈ S satisfies the

following fixed point equations:

• Optimization at the BS:

sPP
BS

(
P̂

(BS)
)

= argmax
DBS⊂W

E
P,P̂

(UE)|P̂(BS)

[
R
(
DBS, s

PP
UE

(
P̂

(UE)
)
,P
) ]

; (3.22)

• Optimization at the UE:

sPP
UE

(
P̂

(UE)
)

= argmax
DUE⊂V

E
P,P̂

(BS)|P̂(UE)

[
R
(
sPP

BS

(
P̂

(BS)
)
,DUE,P

) ]
. (3.23)

The interdependence between (3.22) and (3.23) makes solving the PP optimum challeng-
ing. Thus, we propose an approximate solution in which this dependence is removed.
In particular, we replace the PP mapping inside the expectation operator with the 1-Step
robust mapping defined in Section 3.4.4.

The intuition is that the BS (resp. the UE) makes its beam selection using the belief
that the UE (resp. the BS) is using the 1-Step robust mapping at its side. Such mapping
can be computed thanks to (3.20) and (3.21). In the 2-Step algorithm, both local noise
statistics and differences between the uncertainties at both sides are thus exploited. We
denote with

(
s2-s

BS , s
2-s
UE

)
∈ S the 2-Step robust approach, which reads as:

• Optimization at the BS:

s2-s
BS

(
P̂

(BS)
)

= argmax
DBS⊂W

E
P,P̂

(UE)|P̂(BS)

[
R
(
DBS, s

1-s
UE

(
P̂

(UE)
)
,P
) ]

; (3.24)

• Optimization at the UE:

s2-s
UE

(
P̂

(UE)
)

= argmax
DUE⊂V

E
P,P̂

(BS)|P̂(UE)

[
R
(
s1-s

BS

(
P̂

(BS)
)
,DUE,P

) ]
. (3.25)

The proposed 2-Step algorithm is summarized in Algorithm 2. Compared to the 1-Step
approach, the statistics of both the BS and the UE are taken into account in Algorithm 2.

Remark 3.1. This approach could then be extended through the insertion of the 2-Step
robust mapping inside the expectation operator, so as to get the 3-step robust approach,
and so forth. Of course, it comes with an increased computational cost.
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Algorithm 2 2-Step Robust Beam Alignment (BS side)

INPUT: P̂
(BS)

, f
e

(BS)
n

, ∀n, f
e

(UE)
n

, ∀n

1: for i = 1 : MCT do . Approximate the expectation over P|P̂(BS)
with MCT Monte-Carlo iterations

2: Compute possible position matrix P̂ = P̂
(BS) −E

(BS), with E
(BS) generated according to f

e
(BS)

3: Compute possible gain matrix Ĝ through (A.3) and (3.3)

4: for l = 1 : MCT do . MCT Monte-Carlo iterations over P̂
(UE)|P̂(BS)

5: Compute possible position matrix ˆ̂P = P̂+E
(UE), with E

(UE) generated according to f
e

(UE)

6: Compute possible gain matrix ˆ̂G through (A.3) and (3.3)

7: M̃(:, l) = max( ˆ̂G, “columns") . Find the max for each row

8: end for

9: Idx = sort(mean(M̃, “columns"), “descending") . Order the beams after averaging over the loop

10: M(:, i) = max(Ĝ(Idx(1 : DUE), :), “rows") . Find the max over the columns associated to s
1-s
UE

11: end for

12: Idx = sort(mean(M, “columns"), “descending") . Order the beams after averaging over the for loop

13: DBS = Idx(1 : DBS) . The first DBS beams are pre-selected for pilot transmission

3.5 Simulation Results for the Single-User Scenario

We consider the scenario in Fig. 3.1, with L = 3 multi-path components. A distance of
100 m is assumed from the BS to the UE. Both the BS and the UE are equipped with
NBS = NUE = 64 antennas. We assume that the devices have to choose DBS and DUE

beams among the MBS = MUE = 64 in the codebooks. The plotted transmission rates
are the averaged – over 10000 Monte-Carlo iterations – instantaneous rates.

3.5.1 Beam Codebook Design

Since ULAs produce unequal beamwidths depending on the pointing direction – wider
through the endfire direction, tighter through the broadside direction [78] – we separate
the grid angles φ̄p and θ̄q according to the inverse cosine function, as follows:

φ̄v = arccos
(

1− 2(v − 1)

MUE − 1

)
, v ∈ J1,MUEK, (3.26)

θ̄w = arccos
(

1− 2(w − 1)

MBS − 1

)
, w ∈ J1,MBSK. (3.27)

As a result, and in order to guarantee equal gain losses among the adjacent angles, more
of the latter are considered as the broadside direction is reached.
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3.5.2 Location Information Model

In the simulations, we use a uniform bounded error model for the location informa-
tion [91]. In particular, we assume that all the location estimates lie somewhere inside
disks centered in the actual positions pn, ∀n. Let S(r) be the two-dimensional closed
ball centered at the origin and of radius r, i.e.

S(r) =
{

p ∈ R2 : ‖p‖2 ≤ r
}
. (3.28)

We model the random estimation errors as follows:

• e(BS)
n uniformly distributed in S

(
r(BS)
n

)
;

• e(UE)
n uniformly distributed in S

(
r(UE)
n

)
,

where r(BS)
n and r(UE)

n are the maximum positioning error for node n as seen from the BS
and the UE.

3.5.3 Results and Discussion

According to measurement campaigns [82,92], LOS propagation is the prominent prop-
agation driver in mmWave bands. As a consequence, we consider a stronger (on aver-
age) LOS path, with respect to the reflected paths. The latter are assumed to have the
same average power. Moreover, we consider the following degrees of precision for the
location information and denote them as the set of settings A:

• r(BS)
UE = 13 m, r(UE)

UE = 7 m;

• r(BS)
R1

= 11 m, r(UE)
R1

= 18 m;

• r(BS)
R2

= 15 m, r(UE)
R2

= 17 m;

• r(BS)
BS = 0 m, r(UE)

BS = 0 m.

In general, those values are tied up together so that it is unrealistic to have e.g. small
uncertainties for the reflectors (reflecting points) associated to big uncertainties for the
UE. Indeed, the location of the reflecting point depends on the location of the devices.
Given that 5G devices are expected to access position information with a guaranteed
precision of about 1 m in open areas [88], those settings are robust with respect to the
mobility of the devices or to possible discontinuous location awareness.
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Figure 3.3 – SE vs SNR. Stronger LOS path, settings A and DBS = DUE = 4.

Fig. 3.3 compares the proposed algorithms in the settings A, showing the Spectral
Efficiency (SE) as a function of the SNR. The 2-Step robust approach outperforms the
other distributed solutions, being able to consider the noise statistics at both ends.

In Fig. 3.4, we show the rate performance of the proposed algorithms as a function
of the number of pre-selected beams – assuming a fixed SNR of 10 dB. As expected, a
higher number of pre-selectable beams leads to increased performance, as there is more
chance to capture the beam combination providing the best channel gain. The simula-
tions show that the 2-Step robust algorithm almost reaches the centralized approach,
obtained with perfect information with already DBS = DUE = 5 beams.

In order to better understand the actual behavior of the proposed algorithms, we
plot in Fig 3.6 their selected beam sets, for a given realization. In particular, the naive-
coordinated beam alignment pre-selects beams pointing towards the presumed loca-
tions of the entities in the network, thus leading to strong alignment disagreements
between the BS and the UE. The 1-Step approach introduces some robustness with re-
spect to the local noise, i.e. more beams are selected for covering the spatial sectors
where the location knowledge comes with more noise. The 2-Step approach provides
complete robustness, with fully-coordinated beam pre-selections, aimed at maximizing
the chance to capture the best beam combination, given the information setting.
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Figure 3.4 – SE vs number of pre-selected beams at the BS and the UE (among MBS =
MUE = 64). Stronger LOS path, settings A, for an SNR = 10 dB.
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Figure 3.5 – SE vs SNR. Stronger LOS path, settings B and DBS = DUE = 4.

It is also interesting to observe how the proposed algorithms behave in case of LOS
blockage. We consider thus an LOS path with σ2

LOS = 0, and reflected paths with the
same average power. Moreover, we consider another set of degrees of precision for
location information – settings B – as follows:

• r(BS)
UE = 7 m, r(UE)

UE = 3 m;

• r(BS)
R1

= 8 m, r(UE)
R1

= 11 m;

• r(BS)
R2

= 18 m, r(UE)
R2

= 8 m;

• r(BS)
BS = 0 m, r(UE)

BS = 0 m.

In this case as well, as it can be seen in Fig. 3.5, the 2-Step robust algorithm out-
performs the other distributed solutions, with a smaller gap compared to the case with
settings A, due to the higher accuracy of the estimated location information. The chosen
beams for the settings B can be seen in Fig. 3.7, for a given realization.
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Figure 3.6 – Beam sets selected for pilot transmission with the proposed beam align-
ment (BA) algorithms, for a given realization. Stronger LOS path, i.e. σ2

LoS = 0.4 as
shown, settings A, and DBS = DUE = 7.
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Figure 3.7 – Beam set selected for pilot transmission with the proposed beam alignment
(BA) algorithms, for a given realization. LOS blockage, i.e. σ2

LoS = 0 as shown, settings
B, and DBS = DUE = 4.
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3.6 Conclusions

Exploiting location information allows to reduce alignment overhead while impacting
only slightly on the actual rate performance. Dealing with the imperfect location knowl-
edge is challenging as such information is not shared between the cooperating devices,
leading to disagreements affecting the performance. In this chapter, we have intro-
duced a suite of algorithms which take into account the imperfect location information
and improve the coordination between the devices through the exploitation of their
shared statistical knowledge of the estimation noise. Numerical results have indicated
that great performance can be achieved with the proposed 2-Step robust algorithm.
Finding closed forms of the proposed algorithms is an interesting and challenging re-
search problem which is still open.
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Chapter 4

Multi-User Beam Selection in
mmWave mMIMO Using
Out-of-Band Information

4.1 Introduction

In hybrid Millimeter Wave (mmWave) schemes, multi-user beam selection refers to the
joint selection of analog transmit-receive beams across all User Equipments (UEs). One
can decide to leave all the interference-rejection processing at the digital stage of the
receiver. For example, in [87], the analog stage is intended to find the best beam direc-
tions at each UE, i.e. based on the local Signal-to-Noise Ratio (SNR). The strength of this
approach lies in the fact that it is possible to use the existing low-latency beam training
algorithms for single-user links – such as the 2-Step robust algorithm in Section 3.4.5
– in the analog stage. Yet, multiple closely-located UEs bear certain risk to share one
or more common reflectors, causing the potential alignment of the Angles-of-Arrival
(AoA) of some strong paths at the Base Station (BS) [18,82], which leads to the so-called
co-beam interference (refer to Fig. 4.1). In this case, the interference-rejection processing
in the digital domain might not be effective.

In this chapter, we address the second case in Table 1.1, where coordinated beam
selection is performed among multiple UEs in an Uplink (UL) scenario. Extending the
information model of Chapter 3 to multi-user settings is straightforward, but implies
that each device obtains location estimates of the other devices, which is rather unprac-
tical. To go around this problem, we propose to enforce coordination through statistical
Out-of-Band (OOB) information. The coordination mechanism is based on the idea of
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each UE autonomously selecting an analog beam for transmission so as to strike a trade-
off between i) capturing enough channel gain and ii) ensuring the UE signals impinge
on distinct beams at the BS side. The intuition behind point ii) is to ensure that the re-
sulting effective channel matrix at the BS preserves full rank properties, thus enabling
inter-UE interference mitigation in the digital domain.

4.2 Models and Problem Formulation

We consider a multi-band scenario, where a wireless network using sub-6 GHz bands
coexists with a mmWave network. The channel and codebook models used in the fol-
lowing are as in Chapter 2. In line with [51], the sub-6 GHz model is likewise defined,
with all variables underlined to distinguish them.

4.2.1 Uplink mmWave Signal Model

Consider the single-cell uplink multi-user scenario in Fig. 4.1. The BS is equipped with
NBS � 1 antennas and serves K UEs with NUE � 1 antennas each. The UEs are
assumed to reside in a disk with given radius r, which is used to control the inter-UE
average distance. We assume that each UE sends one data stream to the BS, and that
the BS has NRF = K RF chains available, each one connected to all the NBS antennas,
assuming a fully-connected hybrid architecture [41].

The k-th UE precodes the data sk ∈ C through the analog precoding vector (or beam)
vvk ∈ V ⊂ CNUE×1. We assume that the UEs have one RF chain each, i.e. UEs are lim-
ited to analog beamforming via phase shifters (constant-magnitude elements) [43]. In
addition, E[‖vvkxk‖

2] ≤ 1, assuming normalized power constraints. The reconstructed
signal after mixed analog/digital combining at the BS can be expressed as follows –
assuming no timing and carrier mismatches:

x̂ =

K∑
k=1

W̄HWHHkvvkxk + W̄HWHn (4.1)

where Hk ∈ CNBS×NUE is the channel matrix from the k-th UE to the BS and n ∈ CNBS×1 is
the thermal noise vector, with zero mean and covariance matrix σ2

nINBS
. W ∈ CNBS×NRF

is the analog combining matrix, containing the beams wwk
∈ W ⊂ CNBS×1 relative to

each of the K RF chains, while W̄ ∈ CNRF×K denotes the digital combining matrix.
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r
UE 1

UE 2
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θ1,1

φ1,1

φ2,3

Figure 4.1 – Scenario example with K = 2 UEs and 3 clusters per UE. The UEs are
assumed to reside in a disk of radius r. In this illustration, two closely-located UEs share
some reflectors and the signal waves reflecting on the top ones arrive quasi-aligned at
the BS, leading to severe interference and degraded sum-rate.

4.2.2 Problem Formulation

Let us introduce the effective channel h̄k , WHHkvvk ∈ CK×1 of the k-th UE. The multi-
user beam selection problem in mmWave communications consists in selecting the ana-
log transmit-receive beams from the codebooks V and W1 in order to maximize the
sum-rate defined as follows:

R (v1:K , w1:K) ,
K∑
k=1

log2 (1 + γk(v1:K , w1:K)) , (4.2)

where v1:K (resp. w1:K) are the indexes of the selected beams at the UE side (resp. BS
side), while γk is the received Signal-to-Interference-and-Noise Ratio (SINR) for the k-th
UE, defined as

γk (v1:K , w1:K) ,
|w̄H

k h̄k|
2∑

j 6=k |w̄
H
k h̄j |

2 + ‖w̄k‖
2σ2
ñ

, (4.3)

with w̄k ∈ CK×1 denoting the k-th column of the digital combiner W̄, and where we
used the notation σ2

ñ to denote the variance of the filtered noise WHn.
1We assume thatW is the same across all the UEs.
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Remark 4.1. The dependence of γk (v1:K , w1:K) on the selected beams at both sides is
hidden in the definition of the effective channel h̄k = WHHkvvk , where we recall that
W is the analog combiner containing the selected beams wwk

, ∀k ∈ J1,KK.

In order to maximize (4.2), the mutual optimization of both analog and digital com-
ponents must be considered. A common viable approach consists in decoupling the
design, as the analog precoder can be optimized through long-term statistical informa-
tion, whereas the digital one can be made dependent on instantaneous one [87]. The
same approach is followed here.

In particular, we consider Zero-Forcing (ZF) combining, so that we have

W̄ ,
(
H̄HH̄

)−1
H̄H. (4.4)

The received SINR for the k-th UE is then simplified as

γk (v1:K , w1:K) =
1

σ2
ñ

{(
H̄HH̄

)−1
}
k,k

, (4.5)

with {·}k,k denoting the k-th element on the diagonal of
(
H̄HH̄

)−1
.

In general, the perfect knowledge of the effective channels is needed to maximize
(4.2). As seen in Section 1.2.2, such information is not available without a significant
resource overhead. In the next section, we propose some strategies to exploit sub-6
GHz information for a distributed and low-overhead approach to the problem.

4.3 Out-of-Band-Aided Beam Selection

Let us consider the existence of a sub-6 GHz channel H
¯ k
∈ CN¯ BS×N¯ UE between the k-th

UE and the BS. We assume that each UE is able to compute a spatial spectrum E[|S
¯ k
|2] ∈

CM¯ BS×M¯ UE of the sub-6 GHz channel, where [51]

S
¯ k

= W
¯

HH
¯ k

V
¯
. (4.6)

The matrices W
¯
∈ CN¯ BS×M¯ BS and V

¯
∈ CN¯ UE×M¯ UE collect all the sub-6 GHz beamforming

vectors at the BS and UE sides, sampled at the same angles as the mmWave ones. In
particular, we assume N

¯ BS � M
¯ BS = MBS and N

¯ UE � M
¯ UE = MUE. The (v, w)-th

element of E[|S
¯ k
|2] contains thus the sub-6 GHz channel gain obtained with the v

¯
-th

beam at the k-th UE and the w
¯

-th one at the BS.
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Remark 4.2. The computation of E[|S
¯ k
|2] is merely bound to the knowledge of the av-

erage sub-6 GHz channel, as W
¯

and V
¯

are predefined fixed matrices. Note that the
acquisition of the CSI matrix for conventional sub-6 GHz communications is a stan-
dard operation [33]. In this respect, sub-6 GHz channel measurements can be collected
and stored periodically – e.g. within the channel coherence time – to be readily available
for evaluating E[|S

¯ k
|2]. In other words, obtaining the spatial spectrum E[|S

¯ k
|2] requires

no additional training overhead [51].

4.3.1 Exploiting Sub-6 GHz Information

The available sub-6 GHz spatial information can be exploited to obtain a rough esti-
mate of the angular characteristics of the mmWave channel. Indeed, due to the larger
beamwidth of sub-6 GHz beams, one sub-6 GHz beam can be associated to a set of
mmWave beams, as defined below.

Definition 4.1. For a given sub-6 GHz beam pair (v
¯
, w

¯
), we introduce the set

S(v
¯
, w

¯
) , SUE(v

¯
) × SBS(w

¯
) where SUE(v

¯
) (resp. SBS(w

¯
)) contains all the mmWave

beams belonging to the 3-dB beamwidth of the v
¯
-th (resp. w

¯
-th) sub-6 GHz beam.

It is important to remark that we focus on the selection of sub-6 GHz beams to fur-
ther refine. We indeed adhere to the well-known two-stage beamforming and training
operation, where fine-grained training (called beam refinement) follows coarse-grained
training (called sector sweeping). In our approach, coarse-grained beam selection is
achieved without actually training the beams with reference signals, but using instead
beam information extracted from lower channels, so as to speed up the process. Once
these coarse sub-6 GHz beams are chosen, the small subset of associated mmWave
beams is trained. We refer to [93] for more details on this standard step. In what fol-
lows, we propose some multi-user beam selection strategies leveraging the described
OOB-related side-information.

4.3.2 Uncoordinated Beam Selection

We first review here the approach given in [87], where the authors proposed to design
the analog beamformers to maximize the SNR at each UE, neglecting multi-user inter-
ference.

43



Chapter 4. Multi-User Beam Selection in mmWave mMIMO Using OOB Information

When OOB information is available, the beam selection (v
¯

un
k ∈ V¯

, w
¯

un
k ∈ W¯

) at the
k-th UE – which we will denote as uncoordinated (un) – can be expressed as follows:

(
v
¯

un
k , w¯

un
k

)
= argmax

v
¯k
,w

¯ k
log2

(
1 + Evk,wk|v¯k,w¯ k

[
γsu
k (vk, wk)

])
, (4.7)

where we have approximated the average rate through Jensen’s inequality and we have
defined the single-user expected SNR, conditioned on a given sub-6 GHz beam pair
(v
¯k
, w

¯ k
) ∈ V

¯
×W

¯
, as follows:

Evk,wk|v¯k,w¯ k
[
γsu
k (vk, wk)

]
=

∑
(vk,wk)∈S(v

¯k
,w

¯ k
)

gk,vk,wk
Skσ

2
ñ

, (4.8)

with

gk,vk,wk , E
[∣∣wwk

Hkvvk
∣∣2] (4.9)

= E
[∣∣Sk,vk,wk ∣∣2] , (4.10)

being the average beamforming gain obtained at the k-th UE with the transmit-receive
beam pair (vk, wk), and where Sk , card(S(v

¯k
, w

¯ k
)).

To solve (4.8), the k-th UE needs to know the mmWave gain gk,vk,wk ∀(vk, wk) ∈
S(v

¯k
, w

¯ k
). This information is not available but can be replaced for algorithm derivation

purposes2 with the gain observed in the sub-6 GHz channel over the beam pair (v
¯k
, w

¯ k
).

In other words, we assume

gk,vk,wk ≈ E
[∣∣∣S

¯ k,v¯k,w¯ k

∣∣∣2] , ∀(vk, wk) ∈ S(v
¯k
, w

¯ k
). (4.11)

Note that the average gain information derived from S
¯

will unlikely match with its
mmWave counterpart in absolute terms, due to multipath, noise effects and path-loss
discrepancies. Still, high spatial congruence has been observed between the mmWave
and sub-6 GHz radio environments, as seen in Section 2.1.2. In this respect, (4.11) al-
lows to spot a valuable candidate set for mmWave beams in most of the situations. Yet,
an important limitation of this approach is that each UE solves its own beam selection
problem independently of the other UEs, thus ignoring the possible impairments in terms
of interference. Therefore, as the inter-UE average distance decreases, the performance of
this procedure is expected to degrade since the UEs have much more chance to share
their best propagation paths – which results in co-beam interference at the BS.

2The proposed algorithms are then evaluated in Section 4.4 under realistic multi-band channel condi-
tions as proposed in [51], where the described behavior and consequent randomness is taken into account.
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4.3.3 Hierarchical Coordinated Beam Selection

In order to achieve coordination, we propose to use a hierarchical information struc-
ture requiring small overhead. In particular, an (arbitrary) order among the UEs is es-
tablished3, for which the k-th UE has access to the beam decisions carried out at the
lower-ranked UEs 1, . . . , k − 1. We further assume that such exchanged beam informa-
tion is perfectly decoded at the intended UEs.

Remark 4.3. Exchanging sub-6 GHz beams rather than mmWave ones introduces some
uncertainty, but allows to save time as no UE has to wait for another one to perform
actual beam training.

Assuming that the sub-6 GHz beam indices w
¯ 1:k−1 have been received, the coordi-

nated (co) sub-6 GHz beam pair (v
¯

co
k ∈ V¯

, w
¯

co
k ∈ W¯

) relative to the k-th UE is obtained
through solving the following optimization problem:

(v
¯

co
k , w¯

co
k ) = argmax

v
¯k
,w

¯ k
log2

(
1 + Ev1:K ,w1:K |v¯k

,w
¯ 1:k+1

[γk(v1:K , w1:K)]
)
. (4.12)

Solving (4.12) is not trivial, being a subset selection problem for which a Monte-Carlo
approach to approximate the expectation with a discrete summation leads to unpracti-
cal computational time. Interestingly, for large NBS and NUE, we are able to derive an
approximation for the expectation in (4.12) which will be useful for algorithm deriva-
tion. We start with showing such intermediate result.

Proposition 4.1. In the limit of large NBS and NUE, the expected SINR (averaged over
small-scale fading) of the k-th UE obtained after ZF combining at the BS is

E
[
γk(v1:K , w1:K)

]
=


gk,vk,wk
σ2
ñ

if wk 6= wj ∀j ∈ J1,KK\{k}

0 if ∃ j ∈ J1,KK\{k} : wj = wk

. (4.13)

Proof. Refer to Appendix A.2.

Remark 4.4. In the large-dimensional regime, the dependence of the SINR in (4.3) on
the transmit beams of the other UEs vanishes. In particular, catastrophic co-beam inter-
ference is experienced through intersections at the BS receive beam only. We kept the
dependence in (4.13) to avoid introducing additional notation.

3The hierarchical information exchange is proposed here to facilitate the coordination mechanism at
reduced overhead. In this work, we shall leave aside further analysis on how such a hierarchy is defined
and maintained.
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Using Proposition 4.1, the expectation in (4.12) can be approximated as follows:

Ev1:K ,w1:K |v¯k
,w

¯ 1:k
[γk(v1:K , w1:K)] ≈

∑
(vk,wk)∈S(v

¯k
,w

¯ k
)

wk /∈∪
k−1
j=1SBS(w

¯ j
)

gvk,wk
Skσ

2
ñ

. (4.14)

Using (4.14) in (4.12) to choose the sub-6 GHz beams at the k-th UE allows to take into
account the potential co-beam interference transferred to the lower-ranked UEs with low
complexity.

Remark 4.5. The K-th (highest-ranked) UE has to consider via (4.14) the coarse-grained
beam decisions of all the other (lower-ranked) UEs to avoid generating potential co-
beam interference. Therefore, such UE might be forced to exchange high data rate
for less leakage, as the best non-interfering paths might have been already exploited.
Therefore, it is essential to change the hierarchy at regular intervals to ensure an average
acceptable rate per UE.

We summarize the proposed coordinated beam selection in Algorithm 3. The algo-
rithm is compatible with vectorization and parallelization, which minimize computa-
tional time.

Algorithm 3 OOB-Aided Hierarchical Coordinated Beam Selection at the k-th UE

INPUT: E
[
|S
¯ k
|2
]
, w

¯ 1:k−1

Step 1: Exploiting OOB side-information

1: if u = 1 then . The k-th UE is the lowest in the hierarchy

2: E
[
γk
]

= E
[
|S
¯ k
|2
]
/σ2

ñ . Solve (4.7) via (4.8)

3: else . The k-th UE is not the lowest in the hierarchy

4: for v
¯

= 1 : MUE do

5: for w
¯

= 1 : MBS do

6: X = card
(
S(v

¯
, w

¯
) \ SBS(w

¯ 1) ∪ · · · ∪ SBS(w
¯ k−1)

)
7: S = card

(
S(v

¯
, w

¯
)
)

8: T = E
[
|S
¯ k,v¯ ,w¯

|2
]
/σ2

ñ

9: E
[
γk(v

¯
, w

¯
)
]

= XT/S . Solve (4.12) via (4.14)

10: end for

11: end for

12: end if

13: return (v
¯

co
k , w¯

co
k )← argmaxv

¯
,w

¯
E
[
γk
]

Step 2: Pilot-training the subset of mmWave beams

14: (vco
k , w

co
k )← argmaxv,w

∣∣wk,wHkvk,v
∣∣2 ∀v, w ∈ S(v

¯
co
k , w¯

co
k )
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4.4 Simulation Results

We evaluate here the performance of the proposed algorithm for K = 5 closely-located
UEs. We assume NBS = 64, NUE = 16 for mmWave communications, and N

¯ BS = 8 and
N
¯ UE = 4 for sub-6 GHz ones. As for the carrier frequencies, we consider 28 GHz and 3

GHz for mmWave and sub-6 GHz operation, respectively. All the plotted data rates are
the averaged – over 10000 Monte-Carlo iterations – instantaneous sum-rates, obtained
after ZF combining at the digital stage (BS side).

4.4.1 Multi-Band Channels

The performance of the proposed OOB-aided algorithms depends on the spatial con-
gruence between sub-6 GHz and mmWave channels. The authors in [51] proposed a
simulation environment for generating sub-6 GHz and mmWave channels based on
the model in (2.1). The MATLAB

R©code used to simulate those channels is open-source
and available on IEEEXplore [51]. We use the same model except that we consider a
narrowband channel model, for which path time spread and beam squint effect can
be neglected [82]. Note that frequency-selective filters at the BS side helps discriminat-
ing (in time) among UEs which generate co-beam interference, and thus might results
in giving an extra performance in average wide-band channels. In this work, we con-
sider a worst case scenario. In principle, models and algorithms could be extended to a
wideband setting.

4.4.2 Results and Discussion

We consider a stronger (on average) Line-of-Sight (LOS) path with respect to the re-
flected ones [82]. In particular, we adopt the following large-scale path-loss model:

PL(δ) = α+ β log10(δ) + ξ [dB] (4.15)

where δ is the path length and where the path-loss parameters α, β and ξ are taken
from Table I in [82] for both LOS and Non-Line-of-Sight (NLOS) contributions. Since
the model in [51] is for a single-user scenario, we consider the model in [94] to extend
it so as to generate correlated channel clusters for all the neighboring UEs in the disk.
In [94], the position of the reflectors is made also dependent on the position of the UEs,
and as a result, the possible sharing of reflectors and scatterers for neighboring UEs is
taken into account. An example of the available sub-6 GHz spatial spectrum at two UEs
is shown in Fig. 4.2.
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Figure 4.2 – Simulated example of the available E[|S
¯ k
|2] at two neighboring UEs, with

r = 11 m. Some strong reflectors are being shared, while others are uncommon. The
average power of the paths – based on (4.15) – can be different across the UEs.

In Fig. 4.3, we show the sum-Spectral Efficiency (SE) of the proposed algorithms as
a function of the SNR, where the average distance between the UEs is 13 meters. For ref-
erence, we also plot the curve related to the upper bound achieved with no multi-user
interference. The proposed OOB-aided coordinated algorithm outperforms the unco-
ordinated one, which neglects co-beam interference. The coordination gain increases
with the SNR.

In Fig. 4.4, we show the sum-SE of the proposed algorithms as a function of the
average inter-UE distance, for a mmWave SNR of 1 dB. The coordination among the
UEs allows for huge SE gains for inter-UE distances below 15 meters. As the average
inter-UE distance increases – and so, there is less chance for the co-beam interference to
occur – the performance gap between the two algorithms narrows.
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Figure 4.3 – Sum-SE vs (mmWave) SNR. The average inter-UE distance is 13 m. The
OOB-aided coordinated algorithm outperforms the uncoordinated one.

4.5 Conclusions

In this chapter, we introduced a low-overhead OOB-aided decentralized beam selection
algorithm for a mmWave uplink multi-user scenario, leading to improved interference
management. The core of the proposed algorithm resides in the hierarchical informa-
tion exchange, which allows for a low-overhead approach to the multi-user beam selec-
tion problem, exploiting the massive antenna limit. Finding clear relationships between
mmWave and lower bands radio environments is essential for OOB-aided approaches
– in particular, towards robust algorithms taking channels discrepancies into account –
and it is an interesting open research problem.
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Figure 4.4 – Sum-SE vs average inter-UE distance. The SNR is fixed to 1 dB. The perfor-
mance gain achieved through coordination decreases with the inter-UE distance.
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Chapter 5

Multi-User Beam Selection for
Training Overhead Reduction

5.1 Introduction

In this chapter, we introduce a coordination mechanism between multiple User Equip-
ments (UEs) to facilitate statistical beam selection for effective throughput maximiza-
tion in networks where the scalability of the Reference Signals (RSs) constitutes a main
bottleneck. We consider multi-beam selection at the UE side with multi-stream Down-
link (DL) Massive MIMO (mMIMO) transmission. Compared to Chapter 4, we show
that beam selection in such scenarios must deal with a novel interesting trade-off be-
tween i) selecting the beams that capture the largest channel gains for each UE, and
ii) selecting the beams that might capture somewhat weaker paths but are common to
multiple UEs, so as to reduce the training overhead. The essence of such trade-offs is
captured in Fig. 5.1, where UE 2 can capitalize on its weaker paths to reduce the number
of activated beams at the Base Station (BS) side.

In order to design the long-term Grid-of-Beams (GoB) beamformers, we propose a
suite of decentralized coordinated beam selection algorithms exploring various comple-
xity-performance trade-offs. In particular, the coordination between the UEs is enforced
through an exchange protocol exploiting low-rate Device-to-Device (D2D) communi-
cations. In this respect, we leverage from the forthcoming 3GPP Release 16, which
is expected to support side-links which facilitate cooperative communications among
neighboring UEs with low resource consumption [53, 54].
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5.2 Models and Problem Formulation

Consider a single-cell mMIMO network (refer to Fig. 5.1), where the BS is equipped
with NBS � 1 antennas and serves (in downlink transmission) K � NBS UEs with NUE

antennas each. We assume that the BS uses linear precoding techniques to process the
signals before transmitting to all UEs. We consider Frequency Division Duplex (FDD)
operation, i.e. the DL and the Uplink (UL) channels are not reciprocal. The codebook
model is as in Chapter 2. In the following, we describe the training and data signal
models for this chapter. In particular, we consider pilot-aided channel estimation with
beamformed RSs, as recently standardized in 3GPP New Radio (NR) [34].

Before we detail our mathematical model, let us focus on the example shown in
Fig. 5.1, which carries the essence of the intuition behind the proposed trade-off be-
tween i) channel gain, ii) spatial separability, and iii) training overhead.

Consider Fig. 5.1 and the problem of which beams should each UE activate and
how it affects which beams are lit up at the BS and the subsequent training overhead.
Conventional uncoordinated max-SNR based beam selection would collect the highest
amount of energy but would result in MBS = 5 beams to train at the BS. Instead, UE 2

can opt for the weaker (non-bold light blue beams) w2,1 and w2,3 while UE 1 contin-
ues to activate its three beams. Note that this beam strategy collects less energy, yet it
reduces the training overhead by 40% as the number of activated beams at the BS falls
to MBS = 3, since beams v1, v2 and v5 at the BS side serve both UE 1 and UE 2 and
maintain separability between the UEs. In the following, we are interested in designing
a coordinated beam selection algorithm that optimizes this trade-off from a throughput
perspective. We introduce now our mathematical model.

5.2.1 Channel Estimation with Grid-of-Beams

A NR-like OFDM-based modulation scheme is assumed [34]. We consider a resource
grid consisting of T resource elements. Among those, τDBS are allocated to RSs, and
T − τDBS to data, where DBS denotes the number of beams that are trained among the
ones in V and τ is the duration measured in number of OFDM symbols of their associated
RSs (one RS for each beam [34], refer to Fig. 5.2). The received training signal Yk ∈
CDUE×τ at the k-th UE, where DUE is the number of activated beams at the UE side, can
be expressed as

Yk = ρWH
k HkVS + WH

k Nk, ∀k ∈ J1,KK, (5.1)

where S ∈ CDBS×τ contains the orthogonal (known) RSs, with SSH = IDBS
, V ,[

v1 . . .vDBS

]
∈ CNBS×DBS is the normalized training (GoB) precoder common to all the
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Figure 5.1 – Intuitive example with K = 2 UEs highlighting the trade-off between i)
energy (i.e. activating strong paths), ii) spatial separability, and iii) training overhead (i.e.
lighting up a smaller set of beams at the BS). The blue and orange circles represent the
multi-path clusters, possibly shared among the UEs. Stronger paths are marked in bold.

UEs, Hk ∈ CNUE×NBS is the channel between the BS and the k-th UE, with vec (Hk) ∼
CN (0,Σk) and Σk ∈ CNBSNUE×NBSNUE the respective channel covariance (assumed to be
known), and Wk ,

[
wk,1 . . .wk,DUE

]
∈ CNUE×DUE is the training combiner at the k-th

UE. Note that both V and Wk ∀k contain beamformers belonging to the predefined GoB
codebooks V and W1. The matrix Nk ∈ CNUE×τ , whose elements are i.i.d. CN

(
0, σ2

n

)
,

denotes the receiver noise at the k-th UE, while ρ ,
√

P
T , where P is the total transmit

power available at the BS in the considered coherent (over both time and sub-carriers)
frame.

Following the training stage, the UEs are able to estimate their instantaneous GoB
effective channels, defined as

H̄k , WH
k HkV ∈ CDUE×DBS , ∀k ∈ J1,KK, (5.2)

and whose covariance is denoted with Σ̄k ∈ CDBSDUE×DBSDUE , ∀k ∈ J1,KK.

1To lighten the notation, we assume thatW is the same across all the UEs. The algorithms we present
in Section 5.5 can be easily generalized to different codebooksWk, ∀k ∈ J1,KK at the UE side.
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We introduce now the block diagonal matrix W ∈ CKNUE×KDUE containing all the
GoB combiners Wk, ∀k ∈ J1,KK, as follows:

W ,


W1 0

. . .

0 WK

 . (5.3)

The entire multi-user effective channel matrix H̄ ∈ CKDUE×DBS can then be expressed as

H̄ , WHHV, (5.4)

where H ,
[
HT

1 . . .H
T
K

]T ∈ CKNUE×NBS is the overall multi-user channel.
To close the CSI acquisition loop, each UE feeds back its estimated effective channel

to the BS. As a consequence, the BS obtains an estimate ˆ̄H ∈ CKDUE×DBS of the multi-
user effective channel H̄ which can be used to design the mMIMO data precoder (refer
to Section 5.3). In this work, we assume that the UEs use the popular Linear Minimum
Mean Square Error (LMMSE) estimator, given in the next lemma.

Lemma 5.1 ( [95]). The LMMSE effective channel estimate ˆ̄Hk ∈ CDUE×DBS at the k-th
UE can be obtained as follows:

vec
( ˆ̄Hk

)
= ρΣ̄kA

H
(
ρ2AΣ̄kA

H + σ2
nΓΓH

)−1
vec (Yk) , (5.5)

where A ,
(
ST ⊗ IDUE

)
∈ CτDUE×DBSDUE and Γ ,

(
Iτ ⊗WH

k

)
∈ CτDUE×τNUE .

The channel estimation error vector ek , vec
(
H̄k

)
− vec

( ˆ̄Hk

)
at the k-th UE has zero

mean elements [95] and associated covariance matrix as given in the next lemma.

Lemma 5.2. The covariance Σek
∈ CDBSDUE×DBSDUE of the LMMSE channel estimation

error at the k-th UE can be expressed as follows:

Σek
=

(
Σ̄−1
k + κAH

(
ΓΓH

)−1
A

)−1

, (5.6)

having defined the scalar κ , ρ2/σ2
n.

Proof. Refer to Appendix A.3.

In the following, we introduce the data signal model for this chapter. In particular,
compared to the previous Chapter 4, we consider multi-stream transmission.
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5.2.2 Data Signal Model

The data transmission phase (over the effective channels) follows the training and UE
feedback stages. Let us denote with xk ,

[
x1,1 . . . x1,Lk

]
∈ CLk×1 the data vector trans-

mitted to the k-th UE. Thus, x ,
[
x1 . . .xK

]
∈ CL×1 is the overall data vector, where

L ,
∑

k Lk is the total number of transmitted data symbols and E[xxH] = IL. The
received data signal x̂k at the k-th UE can be expressed as

x̂k = ρW̄H
k H̄kV̄x + W̄H

k n̄k, ∀k ∈ J1,KK

= ρW̄H
k H̄kV̄kxk +

∑
j 6=k

ρW̄H
k H̄kV̄jxj + W̄H

k n̄k, (5.7)

where V̄ ,
[
V̄1 . . . V̄K

]
∈ CDBS×L is the normalized mMIMO (digital) data precoder,

with V̄k ,
[
v̄k,1 . . . v̄k,Lk

]
, H̄k is the effective channel between the BS and the k-th

UE after GoB precoding and combining, W̄k ∈ CDUE×Lk is the mMIMO (digital) data
combiner at the k-th UE, and n̄k , WH

k nk ∈ CDUE×1 denotes the filtered receiver noise
at the k-th UE.

The instantaneous Spectral Efficiency (SE) Rk(V, V̄,W,W̄) relative to the k-th UE
can then be expressed as follows:

Rk
(
V, V̄,W,W̄

)
, log2 det

(
ILk + ρ2K̄−1

k W̄H
k H̄kV̄kV̄

H
k H̄H

k W̄k

)
, (5.8)

where K̄k , ρ2∑
j 6=k W̄H

k H̄kV̄jV̄
H
j H̄H

k W̄k + σ2
nW̄

H
k WH

k WkW̄k is the interference plus
noise covariance relative to the k-th UE, and where we recall that the dependence on V

and W is because H̄ , WHHV.

5.2.3 Optimal Precoders and Combiners

In order to design a processing scheme which achieves the optimal effective network
throughput, the mutual optimization of the (constrained) GoB and (unconstrained)
mMIMO data beamformers should be considered. Let us first define the overall train-
ing overhead as follows.

Definition 5.1. Let V ∈ CNBS×DBS be the GoB precoder at the BS. The training
overhead ω (V) ∈ [0, 1] in terms of pilot resource elements is defined as follows:

ω (V) ,
τ

T
card (col (V)) . (5.9)
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Note that the training overhead depends on how the GoB precoder V is designed. In-
deed, col (V) consist of the beams to train in the channel estimation phase (refer to Eq.
(5.1) and Fig. 5.2).

Therefore, the achievable effective network throughputR can be expressed as

R
(
V, V̄,W,W̄

)
, (1− ω (V))

K∑
k=1

Rk
(
V, V̄,W,W̄

)
. (5.10)

The optimal beamformers
(
V∗, V̄∗,W∗,W̄∗) are then found as follows:

(
V∗, V̄∗,W∗,W̄∗) = argmax

V,V̄,W,W̄

EH

[
R
(
V, V̄,W,W̄

) ]
, (P?)

subject to col (V) ∈ V

col (Wk) ∈ W, ∀k = J1,KK.

Finding the global optimum for the optimization problem (P?) is not trivial and often
found to be intractable, even without considering the pre-log factor relative to the train-
ing overhead [87,96]. In this work, we follow the same approach of the previous Chap-
ter 4 consisting in decoupling the precoder/combiner design, as the GoB beamformers
can be optimized through long-term statistical information, whereas the mMIMO data
beamformers can depend on the instantaneous CSI [87]. In particular, we consider two
different timescales:

• Small timescale (channel coherence time): within which the instantaneous channel
realization Hk, ∀k is assumed to be constant and a single training phase is carried
out for CSI acquisition at the BS;

• Large timescale (beam coherence time): within which the covariance matrices Σk, ∀k
– i.e. the spatial characteristics of the channels – are assumed to be constant and
the long-term GoB beamformers are designed (beam selection)2.

In the following section, we will focus on the design of the mMIMO data precoder and
combiners with given multi-user effective channel H̄. Later, the design of the long-term
GoB beamformers will be considered assuming fixed mMIMO data beamformers.

2The beam coherence time Tbeam – which depends on the beam width, the UE speed and other factors –
has been shown to be much longer than the channel coherence time Tcoh [97].
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Figure 5.2 – CSI-RS locations in a DL NR resource block. When GoB precoding is used,
the effective channels are mapped to one precoded RS each (or antenna port each, ac-
cording to 3GPP) sent over τDBS non-overlapping resource elements (here in light blue
and orange). Therefore, less resource elements are available for transmitting data to the
UEs, leading to throughput degradation.

5.3 Data Beamformers Design

Since we consider multi-beam processing at the UE side, i.e. DUE > 1, the complete di-
agonalization of the effective channel H̄ at the BS side is suboptimal [98]. The Block Di-
agonalization (BD) approach is a popular method to design near-optimal beamformers
that eliminate the multi-user interference in such scenarios. In particular, the mMIMO
data precoder V̄ at the BS side aims to produce a block-diagonal H̄V̄ where no multi-
user interference is experienced. The eventual remaining inter-stream interference can
then be suppressed at the UE side through a proper combining operation. In this sec-
tion, we review the complete procedure to perform the BD [98], which will allow for a
simplified SE expression depending on the long-term GoB beamformers only.

To ensure a block-diagonal H̄V̄, the precoder V̄k has to be designed such that

H̄jV̄k = 0, ∀j 6= k. (5.11)

Introducing the matrix H̄/k ∈ C(K−1)DUE×DBS as

H̄/k ,
[
H̄T

1 . . . H̄
T
k−1H̄

T
k+1 . . . H̄

T
K

]T
, (5.12)

the condition in (5.11) is enforced through letting V̄k lie in null
(
H̄/k

)
. Whenever

card
(
null

(
H̄/k

))
6= 0, the BS can send interference-free data to the k-th UE.
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As a first step, the Singular Value Decomposition (SVD) is performed on H̄/k:

H̄/k = Ū/kS̄/k

[
M̄

(1)
/k M̄

(0)
/k

]H
, (5.13)

where M̄
(1)
/k contains the first M̄/k , rank

(
H̄/k

)
right singular vectors of H̄/k, while

M̄
(0)
/k contains the last (DBS − M̄/k) ones. Thus, we know that

H̄jM̄
(0)
k = 0, ∀j 6= k. (5.14)

The BD of the overall multi-user effective channel H̄ can then be expressed as

H̄BD =


H̄1M̄

(0)
/1 0

. . .

0 H̄KM̄
(0)
/K

 . (5.15)

To achieve optimal SE, further SVD-based processing is carried out [98]. Since H̄BD is
block diagonal, we can perform an individual SVD for each UE rather than decompos-
ing the overall large matrix H̄BD. In particular, we can write

H̄kM̄
(0)
/k =

[
Ū

(1)
k Ū

(0)
k

] [S̄k 0

0 0

] [
M̄

(1)
k M̄

(0)
k

]H
. (5.16)

The product M̄
(0)
/k M̄

(1)
k produces an orthogonal basis with dimensionLk , rank

(
H̄kM̄

(0)
/k

)
and can be used as the interference-nulling precoder for the k-th UE, i.e. Vk = M̄

(0)
/k M̄

(1)
k .

In order to send interference-free data to the k-th UE, rank
(
H̄kM̄

(0)
/k

)
≥ 1 is needed. The

receive combiner W̄k relative to the k-th UE is then designed as W̄k = Ū
(1)
k .

Lemma 5.3. The condition rank
(
H̄kM̄

(0)
/k

)
≥ 1 is respected when there exists at least one

vector in row
(
H̄k

)
that is Linearly Independent (LI) of row

(
H̄/k

)
.

Proof. Let us assume that ∃ k ∈ row
(
H̄k

)
that is LI of row

(
H̄/k

)
. Then, since M̄

(0)
/k

is a basis for null
(
H̄/k

)
, we have kM̄

(0)
/k 6= 0. Therefore, rank

(
H̄kM̄

(0)
/k

)
≥ 1.

Note that inverting the entire H̄ at the BS side through e.g. Zero-Forcing (ZF) precoding
requires that each vector in row

(
H̄k

)
is LI of row

(
H̄/k

)
. The BD approach offers thus

more freedom for designing the GoB beamformers V and W.
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Proposition 5.1 ( [98]). When all the interference cancellation conditions are met, the
instantaneous SE after BD precoding RBD

k (V,W) relative to the k-th UE can be written
as follows:

RBD
k (V,W) , log2 det

(
ILk + κS̄H

k S̄k

)
, (5.17)

where the dependence on V and W is hidden in the linear transformation (5.16).

Therefore, fixing BD as the mMIMO data precoder allows to reformulate (P?) as a long-
term joint transmit-receive beam selection problem, where the optimum GoB beam-
formers

(
V∗,W∗) are found as follows:

(
V(P0),W(P0)

)
= argmax

V,W
EH

[
(1− ω (V))

K∑
k=1

RBD
k (V,W)

]
, (P0)

subject to col (V) ∈ V

col (Wk) ∈ W, ∀k = J1,KK.

The problem (P0) is a discrete optimization problem with a non-convex objective func-
tion. The solution for this class of problems is often hard to find and requires alternat-
ing minimization algorithms or relaxation techniques, which are however demanding
to put into practice. In this work, we aim instead to design heuristic beam selection
algorithms. In the next section, we will thus deal with the design of the long-term GoB
beamformers V and W.

5.4 Grid-of-Beams Beamformers Design

In general, it can be seen through inspecting the objective function in (P0) that design-
ing proper GoB beamformers V and W implies i) harvesting large effective channel
gain, ii) avoiding catastrophic multi-user interference, and iii) minimizing the training
overhead. In this section, we investigate such conditions in detail so as to set the require-
ments for an effective GoB beamformers design. In particular, for each condition, we
introduce a related beam selection optimization problem which approximates (P0) and
whose practical implementation will be discussed in Section 5.5. To this end, we define
the notion of relevant channel components and take a closer look at the beam report-
ing procedure defined in the current 5G NR specifications. Furthermore, we highlight
the role of coordinating UEs in reducing the multi-user interference and the training
overhead in the considered FDD mMIMO scenario.
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5.4.1 Harvesting Large Effective Channel Gain

In the classical GoB implementation all the beams in the grid are trained regardless of
their actual relevance, i.e. DBS = MBS. As pointed out in Section 1.2.1, such an operating
mode is feasible for small GoBs only (refer to Fig. 5.2), although employing a small GoB,
in turn, leads to a high performance loss [99]. In order to avoid exchanging performance
for overhead, the intuition is to use a large GoB and leverage the knowledge of the long-
term statistical information to train a few (accurately) selected beams to train, so as to
keep ω = (τ/T )DBS small. In particular, in order to gather as much beamforming gain
as possible, the idea is to capitalize on the so-called relevant channel components, whose
number depends on the propagation environment.

Remark 5.1. This intuition has been exploited, to a large extent, to optimize mmWave
communications. Owing to the sparse mmWave environment, few beams are enough
to obtain an accurate low-dimensional representation of the actual channel [41].

Definition 5.2. We define the setMk containing the relevant channel components
(or relevant beam pairs) of the k-th UE as follows:

Mk ,
{

(v, w) : EHk

[∣∣wH
wHkvv

∣∣2] ≥ ξ} , (5.18)

where ξ is a predefined power threshold.

Remark 5.2. The setMk is solely dependent on the second order statistics of the channel
Hk. In particular, we refer to the notion of beam coherence time to denote the coherence
time of such statistics.

The following lemma establishes the mathematical relation between the relevant chan-
nel components and the second order statistics of the channel (channel covariance).

Lemma 5.4. Let Σk , EHk

[
vec (Hk) vec (Hk)

H
]
∈ CNBSNUE×NBSNUE be the channel

covariance matrix relative to the k-th UE. The set Mk containing the relevant channel
components can be equivalently expressed as

Mk =
{

(v, w) : bH
v,wΣkbv,w ≥ ξ

}
, (5.19)

where bv,w , (conj (vv)⊗ww) ∈ CNBSNUE×1.
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Proof. Refer to Appendix A.3.

The relevant channel components relative to the k-th UE can thus be found through
linear search over MBSMUE elements, provided that the second order statistics of Hk

are known.
Note that when the UEs exploit multi-beam covariance shaping, the set of relevant

channel components can be altered3. Indeed, applying some receive beams means fo-
cusing on specific relevant beam pairs and neglecting some others. To this end, we
define the subsetMBS

k ⊆Mk as follows.

Definition 5.3. We define the setMBS
k ⊆Mk containing the relevant channel com-

ponents (or, equivalently, beam pairs) of the k-th UE, when the k-th UE adopts Wk

as its receive GoB combiner, as follows:

MBS
k (Wk) , {(v, w) ∈Mk : ww ∈Wk} , (5.20)

where we have introduced the notation MBS
k (·) to highlight that the set MBS

k de-
pends on the selected GoB combiner Wk.

In more detail, for given GoB beamformers V and Wk, an effective channel covari-
ance Σ̄k can be defined. Furthermore, Σ̄k can be expressed in closed form as a function
of the channel covariance Σk, as highlighted in the following lemma.

Lemma 5.5. Let Σ̄k , EHk

[
vec

(
WH

k HkV
)

vec
(
WH

k HkV
)H ]

∈ CDBSDUE×DBSDUE be
the effective channel covariance relative to the k-th UE. Σ̄k can be equivalently expressed
as

Σ̄k = BH
k ΣkBk, (5.21)

where Bk , (conj (V)⊗Wk) ∈ CNBSNUE×DBSDUE .

Proof. Refer to Appendix A.3.

Let us now consider the single-user optimal SVD precoding [78] over the effective
channels.

3With the exception of spatially-uncorrelated channels, where the same gain is expected from all spatial
directions.
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We can express the achievable SE at the k-th UE as follows:

RSVD
k (V,W) , log2 det

(
IDUE

+ κΛH
k Λk

)
, (5.22)

where we recall that κ , ρ2/σ2
n and where Λ , diag

(
λ1, . . . , λDUE

)
, with λ1, . . . , λDUE

being the singular values of the effective channel H̄k , WH
k HkV.

Proposition 5.2. The average SE achievable at the k-th UE in a single-user scenario with
SVD precoding can be upper bounded as follows:

EHk

[
RSVD
k (V,Wk)

]
≤ DUE log2

(
1 + κD−1

UETr
(
Σ̄k

))
, (5.23)

where Σ̄k is the effective channel covariance relative to the k-th UE.

Proof. Refer to Appendix A.3.

Corollary 5.1. The upper bound of the average SE in (5.23) is maximized when the effec-
tive channel covariance Σ̄k is shaped through the relevant beams.

Proof. Refer to Appendix A.3.

Fig. 5.3 shows that the upper bound in (5.23) is tight and can be used to approximate
the actual average SE. Thus, as a first approximation towards the maximization of
the overall effective network throughput as in (P0), we formulate the uncoordinated
beam selection problem (P1) which aims to maximize instead the sum SE defined as∑K

k=1R
SVD
k (V,Wk):

(
V(P1),W(P1)

)
= argmax

V,W

K∑
k=1

DUE log2

(
1 + κD−1

UETr
(
Σ̄k

))
, (P1)

subject to col (V) ∈ V

col (Wk) ∈ W, ∀k = J1,KK.

Since the objective function in (P1) is disjoint with the UEs, (P1) can be solved through
letting each UE maximizing its own related term in the sum. In particular, the k-th UE
shapes its channel covariance using the beams in Mk. Such a task requires a linear
search over the MBSMUE elements in the GoB codebooks. The relevant channel compo-
nents (or beams) offers thus a straightforward method to design the GoB beamformers.
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Figure 5.3 – Average SE vs SNR for a single-user case. Beam selection is based on the
relevant beams. The upper bound in (5.23) can be used to approximate the actual SE.

5.4.2 Minimizing Multi-User Interference

As well-captured in Fig. 5.1, the uncoordinated selection of the GoB beamformers as in
(P1) can lead to overall inefficient strategies in terms of training overhead and multi-
user interference reduction. As opposed to uncoordinated approaches, clever coordi-
nated beam selection strategies can help shaping the effective channel subspaces so
as to optimize the multi-user transmission. In this section, we will show that a proper
beam selection can be made so as to take multi-user interference into account within the
covariance shaping process. To this end, we will introduce the so-called Generalized
Correlation Matrix Distance (GCMD).

As seen in Section 5.3, the BD approach imposes two crucial conditions on the over-
all effective channel H̄ , WHHV for transmitting data without multi-user interference:

• No inter-user interference ⇐⇒
∣∣null

(
H̄/k

)∣∣ 6= 0;

• No inter-stream interference ⇐⇒ rank
(
H̄kM̄

(0)
/k

)
≥ 1.

From Lemma 5.3, we know that the second condition requires at least one vector in
row

(
H̄k

)
that is LI of row

(
H̄/k

)
. Opposite to TDD mMIMO, where the LMMSE can

return LI channel estimates depending on the propagation environment [15], the esti-
mates in (5.5) are LI almost surely, due to independent channel realizations and estima-
tion processes at the UE side. Therefore, the second condition for interference cancella-
tion is always respected in the case of DL training with LMMSE at the UE side.
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On the other hand, if (K − 1)DUE < DBS, then
∣∣null

(
H̄/k

)∣∣ ≥ DBS − (K − 1)DUE >

0. Therefore, in such a case, it is always possible (for whatever V and W) to find a
matrix M̄

(0)
/k in (5.13) different from the null matrix 0 and as such, to remove multi-

user interference. In this case, the minimum training overhead becomes proportional
to K and comparable to the one needed in TDD operation4. The bottom line is that
(K − 1)DUE < DBS is the only condition that the BD precoding imposes on the GoB
beamformers design in order to suppress multi-user interference.

Nevertheless, the BD precoding affects the received gain at the generic k-th UE. In
particular, depending on how much the effective channels in H̄ are spatially-separated,
the application of the precoding matrix M̄

(0)
/k on H̄k can lead to a drastic gain loss com-

pared to the single-user case (refer to Proposition 5.2). In order to infer such loss, the
so-called Correlation Matrix Distance (CMD) can be used. The CMD has been intro-
duced in [100] to measure the variation of the second-order statistics for fast-moving
UEs. In a more recent work [22], the CMD has been exploited in mMIMO to increase
the spatial separability among the UEs through covariance shaping at the UE side. The
authors in [22] consider a two-user case. For multiple UEs, we introduce the General-
ized Correlation Matrix Distance (GCMD) as follows.

Definition 5.4. We define the GCMD δk (Σ1, . . . ,ΣK) ∈ [0, 1] between the channel
covariance Σk of the k-th UE and the channel covariance Σj of the j-th UE, where
j ∈ J1,KK\{k} as

δk (Σ1, . . . ,ΣK) , 1− 1

K − 1

K∑
j=1
j 6=k

Tr
(
ΣkΣj

)
‖Σk‖F‖Σj‖F

. (5.24)

Note that the spatial orthogonality condition, i.e. Tr
(
ΣkΣj

)
= 0, ∀j 6= k, which was

exploited in several other studies related to FDD mMIMO optimization [11,12] is equiv-
alent to δk (Σ1, . . . ,ΣK) = 1, ∀k. This is a desirable spatial condition for which the BD
incurs no reduction of the channel gain. On the other hand, the GCMD becomes zero
when the covariance matrices of the UEs are equal up to a scaling factor. Both these
extreme conditions are seldom experienced in practical scenarios [15,18]. Nevertheless,
when the channel covariances are shaped through statistical beamforming, resulting in
some effective channel covariances, the GCMD can be used as a metric to evaluate how
the covariance shaping affects the spatial separability of the UEs.

4 Although in TDD such overhead is generated in the UL channel.
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In particular, we use the GCMD to introduce a penalty factor in RSVD
k (V,Wk) so as

to approximate the SE in (5.17) achieved after BD precoding. In this case, the optimal
GoB beamformers

(
V(P2),W(P2)

)
are obtained through solving the coordinated beam

selection problem (P2), as follows:

(
V(P2),W(P2)

)
= argmax

V,W

K∑
k=1

DUE log2

(
1 + κD−1

UETr
(
Σ̄k

)
δk
(
Σ̄1, . . . , Σ̄K

))
, (P2)

subject to (K − 1)DUE < DBS

col (V) ∈ V

col (Wk) ∈ W, ∀k = J1,KK.

In (P2), the beam decision at the generic k-th UE influences the other beam decisions.
Therefore, a central coordinator knowing all the large-dimensional channel covariances
Σk, ∀k and which dictates the beam strategies to each UE is needed to solve this prob-
lem. In Section 5.5, we will propose a hierarchical approach to circumvent this issue.
Note that in both (P1) and (P2) we have proposed approximations of the SE which ne-
glect the pre-log factor relative to the training overhead. We will now look into the
third condition required for an effective GoB beamformers design in the FDD mMIMO
regime, which is the minimization of the training overhead.

5.4.3 Minimizing Training Overhead

There is a direct relation between the training overhead and the design of the GoB pre-
coder V (refer to Definition 5.1). In particular, under the GoB assumption, the training
overhead ω (V) ranges in [1, (τ/T )MBS], where the right extreme is experienced when
all the beams in the codebook V are trained. The more beams are trained, the more
spatial degrees of freedom are obtained. However, when considering the training over-
head, adding more and more beams is likely to result in diminishing returns [74].

The alternative is to train the relevant channel components [99, 101], as those relate
to the spatial subspaces which give the strongest gain. In this case, the design of the
precoder V is not separated from the design of the combiners W, as well captured in
(5.20). In the current 3GPP specifications, a beam reporting procedure is designed to
assist the BS in the precoder selection [33]. Such procedure has a direct impact on the
performance of the DL SE. In particular, the k-th UE reports to the BS the setMBS

k (Wk)

– also known as Precoding Matrix Indicator (PMI) [33] – following an appropriate GoB
combiner (beam) selection. To this end, we reformulate the definition of the training
overhead, depending on the beam decisions carried out at the UE side.

65



Chapter 5. Multi-User Beam Selection for Training Overhead Reduction

Definition 5.5. Let W ∈ CKNUE×KDUE be the overall GoB combiner as in (5.3). The
training overhead ω (W) is defined as follows:

ω (W) ,
τ

T
card

(
K⋃
k=1

MBS
k (Wk)

)
. (5.25)

In the 3GPP implementation, the beam decisions carried out at each UE have thus a
central role in affecting the training overhead under the GoB approach. Note that ω (W)

can increase and approach the extreme value (τ/T )MBS in heterogeneous propagation
environments with rich scattering, due to the growing number of relevant beams to
activate at the BS side [99]. In this respect, adopting approaches such as (P1) or (P2)
for selecting the beams can undermine the potential application of the GoB approach
in multi-user scenarios. On the other hand, the largest training overhead reduction
is achieved when the UEs coordinate in the beam domain so that (5.25) is minimized,
which is

min
W

ω (W) . (5.26)

In general, a balance between achievable beamforming gain and required training over-
head, as well as multi-user interference, has to be considered in the beam decision
process and combiner selection at the UEs. In the following, we formulate two opti-
mization problems which take the pre-log factor relative to the training overhead into
account. In the first one, the pre-log term is added in the objective function of the opti-
mization problem (P1). Thus, we introduce thus the coordinated beam selection prob-
lem (P3), where both the achieved channel gain and the training overhead are taken
into account, as follows:

(
V(P3),W(P3)

)
= argmax

V,W
(1− ω (W))

K∑
k=1

DUE log2

(
1 + κD−1

UETr
(
Σ̄k

))
, (P3)

subject to (K − 1)DUE < DBS

col (V) ∈ V

col (Wk) ∈ W, ∀k = J1,KK.

The last optimization problem that we introduce aims at balancing the three condi-
tions for an effective GoB beamformers design that we have considered in this section.
As such, the long-term beam selection problem (P4) includes the pre-log factor relative
to the training overhead in the objective function of the problem (P2).
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Problem max channel gain min m.-u. interference min training overhead

Uncoordinated (P1) V O O

Coordinated (P2) V V O

Coordinated (P3) V O V

Coordinated (P4) V V V

Table 5.1 – The proposed optimization problems (P1)-(P4) with their considered sub-
problems.

The optimum GoB beamformers
(
V(P4),W(P4)

)
are thus obtained as follows:

(
V(P4),W(P4)

)
(P4)

= argmax
V,W

(1− ω (W))

K∑
k=1

DUE log2

(
1 + κD−1

UETr
(
Σ̄k

)
δk
(
Σ̄1, . . . , Σ̄K

))
,

subject to (K − 1)DUE < DBS

col (V) ∈ V

col (Wk) ∈ W, ∀k = J1,KK.

The same conclusions drawn for the optimization problem (P2) are valid for (P4). In
particular, to solve (P4), the central coordinator needs to know the PMIsMBS

k (Wk) , ∀k
in addition to their channel covariances Σk, ∀k.

Fig. 5.4 compares the effective network throughput R as in (P0) with its approxi-
mations in (P1)-(P4). The approximated objective function of the optimization prob-
lem (P4) gives the tightest upper bound to the actual effective network throughput as
expected. We summarize the proposed optimization problems and their considered
sub-problems as introduced above in Table 5.1.

In the next section, we will propose a framework exploiting D2D communications
which will allow for a decentralized implementation of a series of beam selection algo-
rithms based on the problems (P1)-(P4) described above. The nature of such problems
is such that (P1)-(P4) offer and explore various complexity-performance trade-offs inter-
esting from the implementation perspective.
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Figure 5.4 – Comparison of the actual effective network throughput R as in (5.10) and
its approximations defined in (P0)-(P4). In this plot, K = 7 UEs. The beam selection at
each UE is based on the local SNR. The approximation used for (P4) is the closest to the
actual effective network throughput.

5.5 Decentralized Coordinated Beam Selection Algorithms

Although no instantaneous information is needed to solve (P1)-(P4), such problems still
require a central coordinator that knows the channel covariances Σk ∀k and dictates the
beam strategies to each UE. In this respect, collecting such large-dimensional statistical
information at a central node as e.g. the BS involves additional resource overhead [2].
In order to achieve decentralized coordination, we propose to use the hierarchical infor-
mation structure, introduced in Chapter 1.

The full signaling sequence of the proposed hierarchical beam selection is given in
Fig. 5.5. The core part of the procedure resides in the beam decision made at each UE
on a beam coherence time basis so that the respective objective function is maximized.
Based on the objective functions in (P1)-(P4), we consider 4 different beam decision
policies, as in (5.28). Such policies have different requirements concerning the statisti-
cal information to exchange through D2D side-links. In Table 5.2, we summarize the
differences between the proposed beam selection policies based on (P1)-(P4) with re-
spect to the required information at the k-th UE.
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Algorithm Required local info. Required info. to be exchanged through D2D

Uncoordinated (P1) Σk Nothing

Coordinated (P2) Σk Σ̄j , j ∈ J1, k − 1K

Coordinated (P3) Σk MBS
j (Wj), j ∈ J1, k − 1K

Coordinated (P4) Σk Σ̄j , M
BS
j (Wj), j ∈ J1, k − 1K

Table 5.2 – The proposed algorithms and their required information at the k-th UE. The
information relative to the lower-ranked UEs 1, . . . , k − 1 is exchanged through D2D
side-links.

Let us consider w.l.o.g. the beam selection at the k-th UE, i.e. at the k-th step of the
algorithm, for the algorithm (P4). The algorithms (P1)-(P3) can be regarded as a sub-
case of (P4). We define the setWk−1 , {W∗

1, . . . ,W
∗
k−1} containing the beam decisions

which have been fixed prior to the k-th step. According to the hierarchical structure,
the k-th UE knows the set Bfix(Wk−1) , ∪k−1

j=1M
BS
j (W∗

j ) and the effective channel co-
variances Σ̄j , ∀j ∈ J1, k − 1K. Therefore, the k-th UE can i) evaluate a partial GCMD
δk
(
Σ̄1, . . . , Σ̄k

)
and ii) construct a partial GoB precoder Vk−1 containing the precod-

ing vectors relative to the indexes in Bfix(Wk−1). Likewise, the k-th UE can compute a
partial ω(Wk−1).

The proposed decentralized beam selection W∗
k at the k-th UE can be then expressed

in a recursive manner as follows:

W∗
k = argmax

Wk

fk
([

VkVk−1

]
, {Wk,Wk−1}

)
, (5.27)

where colm(Vk) = vm ∀m ∈M
BS
k (Wk), and

fk(V,W) ,



DUE log2

(
1 + κD−1

UETr
(
Σ̄k

))
(P1)

DUE log2

(
1 + κD−1

UETr
(
Σ̄k

)
δk
(
Σ̄1, . . . , Σ̄k

))
(P2)(

1− ω(W)
)
DUE log2

(
1 + κD−1

UETr
(
Σ̄k

))
(P3)(

1− ω(W)
)
DUE log2

(
1 + κD−1

UETr
(
Σ̄k

)
δk
(
Σ̄1, . . . , Σ̄k

))
(P4)

(5.28)

The intuition behind the proposed scheme is to let the k-th UE select the Wk ∈ W
maximizing the k-th term of the sum in the respective objective function, in a greedy
manner. The remaining constraint (K−1)DUE < DBS can be enforced at the BS through
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Ĥ
Data communication phaseSet the mMIMO precoder

Be
am

C
oh

er
en

ce
Ti

m
e

Figure 5.5 – Signaling sequence of the proposed coordinated beam selection (P3) for
K = 3. The beam decision made at each UE leverages the D2D-enabled long-term
statistical information coming from the lower-ranked UEs in a hierarchical fashion.

e.g. activating predefined beams until the constraint is respected. This decentralized
problem can be addressed using linear (exhaustive) search in the codebookW at each
UE. In particular, the linear search does not involve a large computational burden as
the k-th UE has to evaluate the respective objective function in (5.28) in

(MUE
DUE

)
points.

On the other hand, the direct solving of the optimization problems (P1)-(P4) requires
combinatorial (exhaustive) search.
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5.6 Simulation Results

We evaluate here the performance of the proposed decentralized beam selection algo-
rithms. We assume NBS = 64 and NUE = 4. The beamforming vectors in V andW are
Discrete Fourier Transform (DFT)-based orthogonal beams, according to the codebook-
based transmission in 3GPP NR [34]. Furthermore, we assume that the UEs are allowed
to indicate at most 4 relevant beam pairs each to the BS, i.e. the PMIMBS

k (W∗
k) is trun-

cated to its 4 strongest elements ∀k. This is equivalent to the Type II CSI reporting in
NR [34]. We assume that the UEs use the popular LMMSE method to estimate their
instantaneous effective channels (refer to (5.5) and (5.6)), which are then fed back to the
BS for BD-based precoder design (refer to Fig. 5.5). The Zadoff-Chu sequences are used
for channel training [34]. According to 3GPP specifications, we consider a resource
block consisting in 12 sub-carriers and 14 OFDM symbols [34]. All the metrics in the
next plots are averaged over 10000 Monte-Carlo iterations with varying network scenario.

5.6.1 Winner II Channel Model

The channel model used for the simulations is the cluster-based Winner II model, which
extends the 3GPP spatial channel model. The channel parameters are generated through
statistical distributions extracted from channel measurements. Several measurement
campaigns provide the background for the parametrization of the propagation scenar-
ios. In particular, we consider the urban micro-cell scenario operating at 2.1 GHz. In
urban micro-cell scenarios, both the BS and the UEs are assumed to be located outdoors
in an area where the streets are laid out in a Manhattan-like grid. This scenario consid-
ers both line-of-sight and non-line-of-sight links. Like in all cluster-based models, the
channel realizations are generated through summing the contributions of the multiple
paths within each cluster. Those paths come with their own small scale parameters
such as amplitude, angle-of-departure and angle-of-arrival. The superposition of sev-
eral paths results in correlation between antenna elements and temporal fading with
corresponding Doppler spectrum. Further information about the Winner II channel
model can be found in [81].

5.6.2 Results and Discussion

In what follows, we show and discuss the performance achieved via the proposed al-
gorithms. In particular, we will consider two different network scenarios: the i) with
randomly-located UEs, and the ii) with closely-located UEs, i.e. highly spatially-correlated
channels among the UEs.
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Figure 5.6 – Average effective throughput vs SNR for (a)K = 7 and (b)K = 11 randomly-
located UEs. DUE = 3 beams activated at each UE. Tcoh = 15 ms. The coordinated
algorithms (P3) and (P4) outperform the uncoordinated (P1), as opposed to (P2).

We start with configuration i). In Fig. 5.6a, we show the average effective network
throughput as a function of the SNR for K = 7 UEs and a channel coherence time
Tcoh = 15 ms. Both the coordinated algorithms (P3) and (P4) outperform the unco-
ordinated benchmark (P1), with equal average effective throughput values obtained
with up to 10 dBs less. Since Tcoh is small, the pre-log factor dominates the log fac-
tor in (5.10). Therefore, just a small performance gap divides (P3) from (P4) and, as
such, according to Table 5.2, the algorithm (P3) is preferable in this case (as much less
information needs to be shared among the UEs). On the other hand, the coordinated
algorithm (P2) performs even worse than the uncoordinated benchmark (P1). In par-
ticular, when the channel coherence time Tcoh is small, shaping the covariances so as
to maximize the spatial separability of the UEs is counter-effective. Some more insights
on this are given in the next paragraph. Since the training overhead increases with K,
the performance gain achieved via the coordinated algorithms (P3) and (P4) surges in
Fig. 5.7b for K = 11. For the same reason, the gap between (P2) and the other solutions
increases.

Fig. 5.7a shows the average throughput gain over the uncoordinated benchmark
(P1) as a function of Tcoh for K = 7 UEs. In particular, two areas can be identified. We
describe them in the following.
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Figure 5.7 – Average effective throughput gain over uncoordinated beam selection (P1)
vs Tcoh for K = 7 UEs. The SNR is 11 dB. Taking the pre-log factor into account is
essential for an effective coordinated beam selection under fast-varying channels where
Tcoh < 20 ms.

Tcoh < 20 ms, i.e. vehicular or fast pedestrian channels

where (P3) and (P4) have high gains compared to the other solutions (up to 45%) and
where the coordinated algorithm (P2) performs even worse than the uncoordinated
(P1). Indeed, as we can see in Fig. 5.8, in order to achieve greater spatial separation
across the UEs, the algorithm based on (P2) activates a much greater number of beams
at the BS side. Under fast-varying channels, and in particular for a greater number of
UEs, this leads to unbearable training overhead.

Tcoh ≥ 20 ms, i.e. pedestrian channels

where the gap between (P3)-(P4) and (P1) reduces (up to 15%). In particular, (P3) con-
verges to the uncoordinated benchmark (P1). This is because the training overhead
becomes negligible for long channel coherence times, and it is more important to focus
on the log factor in (5.10). For the same reason, (P2) experiences gains over the unco-
ordinated solution (P1) for Tcoh ≥ 20 ms. The coordinated algorithm (P4) converges to
(P2). Therefore, for long channel coherence times, (P2) allows to avoid some additional
coordination overhead, according to Table 5.2 and, as such, is preferable.

The same reasoning holds for Fig. 5.7b with K = 11 UEs, where the positive and
negative behaviors described above are intensified. In particular, for Tcoh < 20 ms, (P3)
and (P4) achieve up to 120% gain over (P1), while 20% loss is achieved with (P2).
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Figure 5.8 – Average DBS for the proposed algorithms vs Tcoh for (a) K = 7 and (b)
K = 11 UEs. The SNR is 11 dB. The coordinated algorithm (P2) activates more beams
at the BS side in order to achieve greater spatial separation among the UEs.

Let us now focus on the configuration ii), where neighboring UEs are considered
and a higher spatial correlation is found among them. Fig. 5.9 shows the average
throughput gain over the uncoordinated benchmark as a function of the channel co-
herence time Tcoh. We can see that the coordinated algorithm (P2) outperforms the
uncoordinated solution (P1) for all the considered values of Tcoh. Indeed, due to the
increasing spatial correlation among the UEs, the multi-user interference becomes non-
negligible even for small channel coherence times below 20 ms. Moreover, in this case,
the performance gain obtained through (P4) justifies more the need to exchange some
additional long-term information compared to the other solutions (refer to Table 5.2).

5.7 Conclusions

In this chapter, we have proposed a decentralized multi-user beam selection algorithm
exploiting long-term statistical information and its exchange through D2D side-links.
The proposed scheme explores the interesting trade-off between i) harvesting large ef-
fective channel gain, ii) avoiding catastrophic multi-user interference (low spatial sep-
aration among the UEs), and iii) minimizing the training overhead, which arises in
networks where the scalability of the RSs is a main concern. We have shown the ef-
fectiveness of the proposed algorithm through numerical results. In particular, under
fast-varying channels where the channel coherence time is below 20 ms, the proposed
algorithm allows for substantial performance gains compared to other solutions in the
literature which aim at the maximum spatial separation of the UEs.
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Figure 5.9 – Average effective throughput gain over uncoordinated beam selection (P1)
vs Tcoh forK = 7 closely-located UEs. The SNR is 11 dB. Owing to high spatial correlation
among the UEs, the algorithm (P2) achieves high gains compared to the solutions which
neglect the multi-user interference.
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Chapter 6

Spectrum Sharing in mmWave:
Coordination vs Privacy Trade-Off

6.1 Introduction

Millimeter Wave (mmWave) communications have given a renewed impetus to spec-
trum sharing, which allows multiple mobile operators to pool their spectral resources.
Compared to conventional (sub-6 GHz) mobile communications, less interference is in
general produced in mmWave networks due to the inherent propagation characteristics
and highly-directional beamforming [41, 102]. In particular, even without coordination,
sharing spectrum and Base Stations (BSs) among operators shows great potential in
mmWave scenarios when massive antennas are used at both the BS and User Equip-
ment (UE) sides [103]. In addition to such technical gains, sharing resources translates
into substantial economic profit for the mobile operators. For example, dense infrastruc-
ture is an expected need for effective mmWave coverage in 5G networks and spectrum
sharing among operators can help decrease equipment and operating costs [104]. In
parallel, expenditure arising from spectrum licensing could be reduced as well.

Although uncoordinated mmWave shared spectrum access is beneficial under cer-
tain circumstances, further gains can be achieved through inter-operator coordination.
Indeed, non-negligible interference is experienced when e.g. non-massive antennas are
used at the UE side, or also when the densities of either the UEs or the BSs increase, i.e.
for reduced spatial separation among the UEs [105] or increased multi-cell interference.

Nevertheless, the potential in coordinated spectrum sharing across operators im-
plies several practical challenges. For example, as seen in Chapter 1, global Channel
State Information (CSI) should be obtained for transmission optimization, leading to
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substantial signaling overhead. Perhaps even more acute is the problem of data privacy
preservation between otherwise competing operators. Since coordination entails some
CSI flowing from one mobile operator to another, information privacy issues emerge.
This problem is severe in mmWave networks where, owing to strong Line-of-Sight
(LOS) propagation behavior [82, 102], the CSI data bears correlation with UE location
information, which for obvious reasons is undesirable for an operator to reveal [106].

In this work, we look at the third and last case of Table 1.1, where K BSs coordi-
nate to achieve greater performance in mmWave spectrum sharing. In this context, we
investigate the trade-off between coordination and privacy. We propose a low-overhead
Signal-to-Leakage-and-Noise Ratio (SLNR)-based scheduling algorithm exploiting sta-
tistical side-information. To tackle the aforementioned privacy problem, we consider an
information exchange scheme including an obfuscation mechanism borrowed from the
security literature [107–109]. In mmWave spectrum sharing, this mechanism allows to
mitigate the one-to-one correspondence between beams and UEs’ locations.

6.2 Models and Problem Formulation

We consider a multi-cell multi-operator downlink mmWave scenario in Fig. 6.1, where
several mobile operators coexist and share the available mmWave spectrum. We con-
sider B BSs, all equipped with NBS � 1 antennas, and K associated UEs per BS, using
single omni-directional antennas. To ease the exposition, we assume analog-only beam-
forming with a single RF chain [41, Fig. 2]. Therefore, each BS uses a single beam
only per resource slot. In particular, in a given slot, the b-th BS precodes the signal to
the k-th UE using the unit norm vector wb,k, extracted from a codebook with constant-
magnitude elements, due to hardware constraints (phase shifters) [41].

6.2.1 3D Millimeter Wave Channel Model

In this chapter, we extend the two-dimensional geometric channel described in Chap-
ter 2 to a three-dimensional geometric channel. The channel hb,k ∈ CNBS×1 between the
b-th BS and the k-th UE can be expressed as follows [51]:

hb,k ,
√
NBS

L∑
`=1

αb,k,`aBS
(
θb,k,`, φb,k,`

)
, (6.1)

where αb,k,` ∼ CN (0, σ2
αb,k,`

) denotes the complex gain of the `-th path and where
aBS(θb,k,`, φb,k,`) ∈ CNBS×1 denotes the antenna steering vector at the b-th BS with the
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BS 1

BS 2

UE (1, 1)

UE (2, 1)

UE (1, 2)

UE (2, 2)

Figure 6.1 – Scenario example with B = 2 BSs. Each base station serves its UEs through
forming highly-directional beams towards them. We consider 3D beamforming with
UPAs, such that beam footprints result around the UEs and possibly overlap.

corresponding Angle-of-Departure (AoD) (θb,k,`, φb,k,`) ∈ [0, 2π) × (0, π2 ] in its azimuth
and elevation components. In order to enable 3D beamforming, we assume to use Uni-
form Planar Arrays (UPAs), so that [41]

aBS(θ, φ) , aH(θ, φ)⊗ aE(φ), (6.2)

where ⊗ denotes the Kronecker product, and with

aH(θ, φ) ,

√
1

NBSH

[
1 . . . e−iπ(NBSH

−1) cos(θ) cos(φ)
]T
, (6.3)

aE(φ) ,

√
1

NBSE

[
1 . . . e−iπ(NBSE

−1) sin(φ)
]T
, (6.4)

whereNBSH
(resp. NBSE

) defines the number of horizontal (resp. vertical) UPA elements.
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6.2.2 Beam Codebook

To design the beamforming vector wb,k, we assume that each BS selects the beam con-
figuration within a predefined beam codebook [41]. To benefit from Full-Dimensional
MIMO (FD-MIMO), a Discrete Fourier Transform (DFT)-based codebook has been pro-
posed in [110]. Such a codebook results from the Kronecker product of two oversam-
pled DFT codebooks. In particular, we have

wη(w,v) , wH,w ⊗wE,v, w ∈ J1, NBSH
K, v ∈ J1, NBSE

K, (6.5)

where wH,w and wE,v are as in [110, eq. (5)], and η(w, v) : J1, NBSH
K×J1, NBSE

K→ J1, NBSK

is a bijection, e.g. f(w, v) = NBSE
(w − 1) + v.

6.2.3 Coordinated Time Division Scheduling Problem

We first present the centralized coordination problem towards spectrum sharing, based
on scheduling and beamforming. We assume a time division framework [111] in which
each scheduling period, i.e. a time frame with length T , is divided into Ns slots with
length Ts = T/Ns, as shown in Figure 6.2. The channel coherence time is assumed to
be long enough so that all the UEs can be scheduled in one time frame. Based on their
available information, and aiming to improve the spectrum sharing performance, the
BSs assign one UE each per time slot.

Time Slot 1

UEs {1, 8, 23}

Time Slot 2

UEs {23, 11, 13}

. . .

. . .

Time Slot Ns − 1

UEs {4, 7, 21}

Time Slot Ns

UEs {5, 17, 18}

Time Frame (Scheduling period)

Figure 6.2 – Time division scheduling withB = 3 BSs and a sample assignment. In each
time slot, each BS selects one UE to schedule. In this example, the BS 1 chose the UEs
{1, 23, . . . , 4, 5} overall.

In the following, we assume that the association between BSs and UEs has been
accomplished based on minimum UE-BS distance criterion. The association between
one BS and one UE in a mmWave network involves a beam choosing stage for which
a transmit beam is selected to communicate. We assume a Signal-to-Noise Ratio (SNR)
maximization scheme such that the b-th BS serves its k-th UE using the following beam
index ηk ∈ J1, NBSK:

ηk = argmax
η∈J1,NBSK

∣∣hb,kwη

∣∣2 . (6.6)

80



Chapter 6. Spectrum Sharing in mmWave: Coordination vs Privacy Trade-Off

Let us denote with S(n) the set containing all the UEs scheduled in the time slot n.
The instantaneous SINR for the k-th UE, where k ∈ S(n), can be expressed as follows:

γk (S(n),P) ,
Pk,k∑

j∈S(n)

Pj,k + σ2
n

, (6.7)

where we have defined the received power at the k-th UE being intended for the j-th
one, as

Pj,k , |hq,kwηj
|2. (6.8)

Remark 6.1. We have made here the abuse of notation hq,k to denote the channel be-
tween the q-th BS (associated with the j-th UE)and the k-th UE (associated with the
b-th BS). The BS indexes b and q are thus implicit in Pj,k from now on.

The scheduling problem consists in selecting the subset of UEs to schedule in each
time slot so as to maximize the average network sum-rate. Let S = {S(1), . . . ,S(Ns)}
denote the overall scheduling assignments, then the optimal scheduling decision S∗

can be found as follows:

S∗ = argmax
S

∑
(k,n)∈S(n)×J1,NsK

log2

(
1 + γk(S(n),P)

)
. (6.9)

The optimization problem in (6.9) is a challenging subset selection problem. In addi-
tion, to solve (6.9), the instantaneous CSI of all the UEs need to be shared across the BSs,
or as an alternative be provided to a centralized coordinator. We are interested instead
in distributed approaches to solve the scheduling problem. In what follows, we first
present a version of such algorithm without privacy considerations, we then turn to the
coordination-privacy trade-off in Section 6.4.

6.3 Successive Scheduling

In the decentralized case, opposite to (6.9), the operators need to enforce coordination
while not being able to accurately predict each other scheduling actions. Since each
scheduling decision impacts on the overall network performance (and on the other
scheduling decisions), the problem becomes even more challenging and requires some
iterations with guessing. To go around this issue, we follow the well-known successive
scheduling approach, such as presented in [112].
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6.3.1 SINR-Based Successive Coordinated Scheduling

In successive scheduling, a ranking is first defined among the BSs and allows for con-
secutive scheduling decisions, in a greedy sub-optimal manner. In particular, at the b-th
step of the successive scheduling algorithm, the b-th BS knows the b − 1 scheduling
decisions made at the lower-ranked BSs {1, . . . , b− 1}. In this work, we assume an arbi-
trary ranking. Fixing some scheduling decisions allows to evaluate the so-called partial
Signal-to-Interference-and-Noise Ratio (SINR), in which the b-th BS solely considers the
leakage coming from the UEs selected by the lower-ranked BSs in the considered time
slot. Since the same operation is carried out for each time slot, we drop from now on
the time slot index n to lighten the notation.

Let us denote with SbSINR = {k1
SINR, . . . , k

b
SINR} = {Sb−1

SINR, k
b
SINR} the set consisting

of all the scheduling decisions completed at the b-th step of the successive scheduling.
Then the partial SINR γ̂k for the k-th UE can be expressed as follows:

γ̂k
(
Sb−1

SINR,P
)
,

Pk,k∑
j∈Sb−1

SINR

Pj,k + σ2
n

, (6.10)

where the denominator includes the received power at the k-th UE being intended for
the j-th one, where j ∈ Sb−1

SINR, i.e. the other UEs being scheduled in the considered time
slot.

Assuming that the scheduling information Sb−1
SINR, from lower-ranked BSs {1, . . . , b−

1} have been received1 at the b-th BS, the optimal successive scheduling decision SbSINR

at the b-th BS can be expressed as follows:

SbSINR = argmax
k

log2

(
1 + γ̂k(S

b−1
SINR,P)

)
. (6.11)

6.3.2 SLNR-Based Successive Coordinated Scheduling

Using the SLNR to optimize the scheduling decisions – rather than the SINR as in (6.11)
– can prove advantageous as it does not require the knowledge of the channel between
the considered k-th UE and other BSs, which might be unpractical to obtain or estimate.

1This information is assumed to be sent via dedicated channels and to be perfectly decoded at the in-
tended BS.
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Let us consider the k-th UE, then its partial SLNR γ
¯k

can be expressed as follows:

γ
¯k
(
Sb−1

SLNR,P
)
,

Pk,k∑
j∈Sb−1

SLNR

Pk,j + σ2
n

, (6.12)

where, as opposite to (6.10), the denominator includes the leakage Pk,j produced by
the k-th UE on the other UEs being scheduled in the considered time slot, denoted with
Sb−1

SLNR.
Assuming that the scheduling information Sb−1

SLNR from lower-ranked BSs {1, . . . , b−
1} have been received, the optimal SLNR-based successive scheduling decision SbSLNR

at the b-th BS is obtained through solving the following optimization problem:

SbSLNR = argmax
k

γ
¯k

(Sb−1
SLNR,P). (6.13)

Note that the above requires instantaneous CSI in principle. However, the method
can be modified to leverage statistical CSI instead as is shown in the following.

6.3.3 Average Leakage Power Through Beam Footprints

To reduce the severe overhead arising from global CSI exchange with massive antennas,
we seek a coordination protocol which instead allows exchanging low-rate2 beam index
information between the operators. In the following, we show that such information
allows the BSs to estimate the potential (average) SLNR, without resorting to instan-
taneous CSI. Towards this, we assume that when the b-th BS receives the scheduling
information Sb−1, a beam-related information ηj , j ∈ S

b−1 is appended as well.
Let us consider the leakage Pk,j for a full-LOS case, i.e. α2

b,k,` = 0, ∀` relative to Non-
Line-of-Sight (NLOS) paths. We are interested in its expected value (over small-scale
fading), which is

E
[
Pk,j

]
= Eαb,j

[
|
√
NBSαb,jaBS(θb,j , φb,j)wηk

|2
]

= Eαb,j
[
|Gηk(θb,j , φb,j)αb,j |

2
]

= Gηk(θb,j , φb,j)σ
2
αb,j

, (6.14)

where Gηk(θb,j , φb,j) denotes the beamforming gain received at the j-th UE with the
beam ηk intended for the k-th one.

2The so-called beam coherence time has been reported to be in general much longer than the channel
coherence time [97].
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Figure 6.3 – Beamforming gain per location obtained with two beams in (6.5) and their
associated footprints, considered as the spatial region where the normalized gain is
higher than 1/2.

To evaluate (6.14), the b-th BS needs to know the AoD (θb,j , φb,j) and the average
path gain σ2

αb,j
. Note that, although the latter is a long-term locally-available statistical

information (it is the average gain observed on a particular local direction), the former
is hard to obtain in a scenario with multiple operators. Still, beam-related information
exchanged with the q-th BS can assist in evaluating E

[
Pk,j

]
. In particular, the beams

in (6.5) concentrate on different spatial regions [110]. Their main lobes illuminate non-
overlapping regions, also known as beam footprints (refer to Fig. 6.3).

As a consequence, beam-related information might implicitly circumscribe the UEs’
locations within the beam footprints – in particular in LOS-dominated environments as
the mmWave one [82, 102]. Let us assume that the j-th UE is served through a LOS
path, then we can bound its actual location `j ∈ R2 within the footprint of its serving
beam ηj . It is possible then to compute the average leakage E

[
Pk,j

]
with respect to all

the plausible positions of the j-th UE within the footprint of ηj .
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In particular, we can evaluate E
[
Pk,j

]
as follows:

E
[
Pk,j

]
= E(θb,j ,φb,j)|ηk

[
Gηk(θb,j , φb,j)σ

2
αb,j

]
=

∫
(θb,j ,φb,j)∈Qηj

Gηk(θb,j , φb,j)σ
2
αb,j

d(θb,j , φb,j)

(a)
=

∫
(θb,j ,φb,j)∈Qηj∩Qηk

Gσ2
αb,j

d(θb,j , φb,j)

+

∫
(θb,j ,φb,j)/∈Qηj∩Qηk

gσ2
αb,j

d(θb,j , φb,j), (6.15)

where Qη contains the AoD related to the footprint of the generic beam η ∈ J1, NBSK,
and where (a) follows the well-known sectored antenna model [113], i.e.

Gη(θ, φ) ,

G, (θ, φ) ∈ Qη
g, otherwise

(6.16)

which results in considering Gηj (θj,k, φj,k) = G in the overlapping sector of the foot-
prints relative to ηk and ηj , and Gηj (θj,k, φj,k) = g in the non-overlapping one.

6.3.4 Low-Overhead SLNR-Based Coordinated Scheduling

In this section, we introduce the proposed low-overhead SLNR-based scheduling algo-
rithm exploiting the beam-related information (as described in Section 6.3.3) available
at each operator. The intuition behind such an approach is that the UEs served with
beams whose footprints are non-overlapping can be scheduled simultaneously, aiming
to reduce the overall interference and maximize the network Spectral Efficiency (SE).

Let us denote with Sb−1
LOW the scheduling information – here including both schedul-

ing and beam-related information – received from the lower-ranked BSs {1, . . . , b − 1}.
Then, the scheduling decision SbLOW at the b-th BS can be obtained as follows:

SbLOW = argmax
k

γ̄k(S
b−1
LOW, P̂

b
LOW), (6.17)

where γ̄k is the approximated average partial SLNR defined as

γ̄k
(
SbLOW,P

)
,

E
[
Pk,k

]∑
j∈SbLOW

E
[
Pk,j

]
+ σ2

n

, (6.18)

and where P̂bLOW collects all the required E
[
Pk,j

]
, ∀j ∈ Sb−1

LOW at the b-th BS.
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Remark 6.2. The computation of the required P̂bLOW can be done once for a given sce-
nario as it depends solely on the beam footprints, which are static for some fixed coop-
erating BSs.

We summarize the proposed low-overhead SLNR-based coordinated scheduling in
Algorithm 4. The average leakage in (6.15) is evaluated through numerical integration.

Algorithm 4 Low-Overhead SLNR-based Coordinated Scheduling at the b-th BS

INPUT: Sb−1
LOW, ηk, ∀k ∈ J1,KK, P̂bLOW

1: if b = 1 then . The b-th BS is the first to decide

2: SbLOW ← argmaxk |hb,kwηk
|2 . SNR-based scheduling

3: else . The b-th BS is not the first to decide

4: Retrieve E
[
Pk,j

]
, ∀j ∈ Sb−1

LOW from P̂bLOW

5: SbLOW ← Solve (6.17) using the retrieved information

6: end if

7: return SbLOW

6.4 Privacy-Preserving Coordinated Scheduling

In the previous section, we have introduced a low-overhead scheduling algorithm ex-
ploiting beam-related information. In particular, such approach relies on estimating the
leakage through the beam footprints. In this section, aware of the information privacy
issues outlined in Section 6.1, we propose a privacy-preserving exchange mechanism al-
lowing coordination between the operators. Then, we introduce a robust scheduling
algorithm exploiting the altered beam-related information.

6.4.1 Trade-Off Between Coordination and Privacy

As described in Section 6.3.3, beam-related information might implicitly offer an insight
into the UEs’ locations. If the j-th UE is served through a LOS path, then we can bound
its actual location `j ∈ R2 within the footprint of its serving beam ηj . In particular,
assuming uniformly-distributed UEs in the network areaA, we can write the Probability
Density Function (PDF) f(`j |ηj) as follows:

f(`j |ηj) ,

0, `j /∈ Aηj ⊂ A

|Aηj |
−1, `j ∈ Aηj ⊂ A

(6.19)

where Aηj is the footprint relative to ηj , and |Aηj | is its area.
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We are interested in evaluating how uncertain is the generic BS about `j given ηj .
This can be measured through the information-theoretical equivocation, which also in-
dicates the confidentiality attributed to `j [114]. The equivocation is defined as follows:

H(`j |ηj) , −
∫
`j∈Aηj

f(`j |ηj) log2(f(`j |ηj))d`j

= log2

(
|Aηj |

)
. (6.20)

Sending obfuscated beam-related information to other operators involves injecting
on purpose some additional uncertainty about the actual location `j ∈ R2 of the j-th
UE. In this respect, an operator can provide increased privacy to its customers. Spatial
information is in general obfuscated through enhancing its inaccuracy, i.e. the incor-
respondence between information and actual location, and imprecision, i.e. the inher-
ent vagueness in location information [107–109]. For example, in [108], several false
locations (dummies) are associated to each protected and real UE, thus making its lo-
cation information harder to infer. We consider an equivalent obfuscation mechanism
for which multiple possible beams (thus locations) are associated to the j-th UE. Let
η

(b)
j denote the information about ηj available at the b-th BS. Considering for the sake

of exposition that each BS belongs to a different operator, we have

η
(b)
j =

{
ηωj(1), . . . , ηωj(X), ηj

}
, (6.21)

where ωj : J1, XK → J1, NBSK is the deterministic obfuscating function relative to the
j-th UE, with X being the number of obfuscating beams (or dummy beams).

Lemma 6.1. Following the obfuscation mechanism, the equivocation on `q becomes

H
(
`j |η

(b)
j

)
= log2

(
(X + 1)|Aηj |

)
, (6.22)

having assumed that the area illuminated with the beams in η(b)
j is the same3as |Aηj |.

Proof. Refer to Appendix A.4.

The obfuscation mechanism results in a log2(X+1) factor added to the equivocation
in (6.20) obtained with non-obfuscated information ηj .

3Although the beams in (6.5) illuminate bigger regions as the elevation angle increases, the UEs are
expected to reside on average within regions (30◦ − 60

◦ in elevation) where the beam footprints can be
assumed to be almost identical.
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6.4.2 Privacy-Preserving SLNR-Based Coordinated Scheduling

In a robust scheduling decision, each operator should account for the alterations in the
exchanged beam-related information. In practice, the expectation in (6.15) needs to be
further averaged over all the possible footprints to which the j-th UE might belong to.
In order to avoid dealing with the expectation – which could be approximated (with a
discrete summation) through Monte-Carlo iterations – we consider the following con-
servative approach leading to a much less complex algorithm.

Let us consider the obfuscated and received beam-related information η(b)
q . Given

such information, the b-th BS knows the set of the plausible beams used to serve the
j-th UE. In order to derive a simple scheduling decision, the b-th BS can assume that
all those beams are actually being used to serve some phantom UEs, and evaluate their
average leakage through (6.15).

Let us denote with Sb−1
ROB the scheduling information – here enlarged with spurious

obfuscating information – received from lower-ranked BSs {1, . . . , b − 1}. Then, the
robust privacy-preserving scheduling decision SbROB at the b-th BS is obtained as follows:

SbROB = argmax
k

γ̄k(S
b−1
ROB, P̂

b
ROB), (6.23)

where γ̄k is the approximated partial SLNR defined in (6.18).
The robust scheduling algorithm can be solved via the proposed low-overhead Al-

gorithm 4, substituting Sb−1
LOW and P̂bLOW with the enlarged Sb−1

ROB and P̂bROB.

Remark 6.3. Solving the optimization in (6.23) means considering the alterations in the
exchanged information, but not the fact that the UEs in Sb−1

ROB might not be in LOSs
with their associated BSs. In mmWave networks, the percentage of NLOS links is
small [82, 102]. Still, a performance loss due to such mismatches is expected, and will
be quantified in the following Section 6.5.

6.5 Simulation Results

We evaluate here the performance of the proposed scheduling algorithms. We assume
that the BSs are non-colocated (no infrastructure sharing between the operators) and
equipped with NBS = 128 antennas (16 × 8 UPA). We evaluate a simple non-dense
scenario with two mobile operators and B = 2 BSs, one each operator. We assume a
squared network area with side equal to 100 m. We further assume K = 10 UEs per
BS/operator and Ns = 10 scheduling time slots in which the channel is assumed to be
coherent. All the plotted results are averaged over 5000 Monte-Carlo runs.
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6.5.1 Results and Discussion

We consider stronger (on average) LOS paths with respect to the NLOS ones [102]. In
particular, we adopt the following large-scale pathloss model:

PL(δ) = α+ β log10(δ) + ξ [dB] (6.24)

where δ is the path length and the parameters α, β, ξ are taken from Tables III and IV
in [102] for both LOS and NLOS paths.

We introduce now the average UE location detection probability (LDP) so as to relate
the information-theoretical equivocation to a more practical privacy metric. The LDP
measures the likelihood to correctly infer the location of the UEs – up to a given area A
– from the exchanged information. It is defined as

LDP = Ej

[
A

(X + 1)|Aηj |

]
. (6.25)

In Fig. 6.4, we show the performance of the proposed algorithm as a function of the
UE detection probability, in a full-LOS scenario, i.e. α2

b,k,` = 0, ∀` relative to NLOS paths.
The UE LDP is controlled through the numberX of obfuscating beams in the exchanged
information. Note that the parameter X impacts our proposed privacy-preserving algo-
rithm only. The idealized scheduling algorithms and the uncoordinated one have a
fixed LDP level, which is E

[
X/|Aηj |

]
.

In [108], two algorithms have been proposed so as to generate realistic false locations,
which should exhibit some correlation with the actual location data. We generate in-
stead the obfuscating beams according to a discrete uniform distribution over J1, NBSK,
and consider their obfuscating properties as in a one-shot exchange mechanism.

Note that even with X = 0 (no obfuscating beams), there is still a remaining uncer-
tainty with respect to the UEs’ location, as the UEs can reside anywhere within their
beam footprints. The gap for X = 0 between the proposed coordinated algorithm and
the idealized one – obtained with perfect knowledge of the matrix P – is due to both
average SLNR and sectored antennas approximations. Our privacy-preserving schedul-
ing algorithm converges to the uncoordinated solution (based on SNR, i.e. neglecting
interference) as the average LDP decreases, i.e. for higher privacy.

In Fig. 6.5, we measure the performance loss due to the NLOS/LOS mismatch, for a
given LDP, with L = 5 paths. In this plot, we assume

∑
` σ̂

2
b,k,` = 1, ∀b, k, where σ̂2

b,k,` is
the normalized variance of the `-path of hb,k. As expected, the proposed low-overhead
coordinated algorithm loses up to a 7% over the uncoordinated solution as the variance
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Figure 6.4 – Average SE per UE vs average LDP in a full-LOS scenario. The proposed
privacy-preserving algorithm succeeds in striking a balance between privacy and average
SE performance.
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Figure 6.5 – Gain over uncoordinated scheduling vs normalized NLOS variance. Here,
the UE LDP ' 0.1. The performance of the proposed privacy-preserving low-overhead
scheduling algorithm decreases as more NLOS links are used to communicate.

of the NLOS links increases, which means that more NLOS paths are chosen as best
path for communicating. There still exists a gap between the proposed algorithm and
the uncoordinated one for a full-NLOS scenario. Indeed, the knowledge of the path-
loss is exploited in the proposed algorithm, for which UEs which are quite far from
each other are preferred for simultaneous scheduling.

6.6 Conclusion

Dealing with inter-operator interference in mmWave spectrum sharing is essential for
improving performance. Since multiple mobile operators are involved in the operation,
privacy-preserving mechanisms and distributed approaches to performance maximiza-
tion are suitable. In this chapter, we have proposed a low-overhead distributed SLNR-
based scheduling algorithm exploiting obfuscated beam-related side-information. Nu-
merical results indicate that a substantial gain is achieved through inter-operator coop-
eration even in non-dense scenarios with few BSs/operators. Further performance gain
is expected in richer scenarios.
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Chapter 7

Conclusions

This thesis focused on several novel aspects related to decentralized beam-domain co-
ordination in the context of modern multi-antenna techniques.

In the first part of the thesis, we have shown how the consideration of informa-
tion discrepancies between the cooperating devices impacts beam alignment and selection
in Millimeter Wave (mmWave) Massive MIMO (mMIMO) scenarios. The main mes-
sage is that robust solutions are essential to achieve beam decisions leading to high
transmission rates, both in single- and multi-user scenarios. To meet limited feedback
requirements, we have considered heuristic beam selection schemes exploiting spatial
side-information such as location information and Out-of-Band (OOB) measurements.
Our proposed algorithms achieve higher performance compared to uncoordinated or
so-called naive-coordinated schemes.

Then, we have emphasized the importance of considering the training overhead
when taking beam strategies in network where the scalability of the Reference Signals
(RSs) constitutes a main concern, as e.g. FDD mMIMO networks. We have proposed a
beam selection algorithm exploiting long-term statistical information and its exchange
through Device-to-Device (D2D) side-links. Under fast-varying channels where the chan-
nel coherence time is below 20 ms, the proposed algorithm allows for high performance
gains compared to other solutions in the literature which aim at the maximum spatial
separation of the User Equipments (UEs).

In the last part of the thesis, we have exposed the existence of an additional trade-off
between coordination and privacy, arising in cooperative scenarios where the exchange of
the required CSI-related information raises sensitive privacy issues, as e.g. in mmWave
spectrum sharing. To explore this trade-off, we have introduced a low-overhead Signal-
to-Leakage-and-Noise Ratio (SLNR)-based scheduling algorithm exploiting obfuscated
beam-related side-information exchanged among the operators. Substantial perfor-
mance gains are achieved through the proposed solution even in non-dense scenarios.
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Chapter 7. Conclusions

All the problems we have faced in this thesis are reduced versions of the Team De-
cision problem formulated in Chapter 1, a non-trivial problem which can be tackled
under different approaches. We have studied some aspects of the problem using some
reduction techniques as the hierarchical information structure, obtainable e.g. through
the use of D2D side-links. Solving the general Team Decision problem remains a real
challenge, for which modern tools such as Machine Learning techniques [115], includ-
ing Federated Learning [116], could be groundbreaking.
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Appendices

A.1 Proofs of Chapter 3

Derivation of Lemma 3.1. Starting from the obtained channel gain, for a given pair of
beamforming vectors as defined in (2.5) and (2.6), we have:

∣∣∣wH
wHvv

∣∣∣2 =

∣∣∣∣∣√NBSNUE

L∑
`=1

α`

(
wH(θ̄w)aBS(θ`)

)(
aH

UE(φ`)v(φ̄w)
)∣∣∣∣∣

2

(A.1)

=

∣∣∣∣∣∣√NTXNRX

L∑
`=1

α`

 1

NBS

NBS−1∑
m=0

e−iπm∆`,w

 1

NUE

NUE−1∑
n=0

e−iπn∆`,v

∣∣∣∣∣∣
2

,

(A.2)

with ∆`,w = (cos(θ`)− cos(θ̄w)) and ∆`,v = (cos(φ̄v)− cos(φ`)).
The angle φ between the line connecting the points p = [px py] and q = [qx qy],

and the vertical line x = qx can be calculated as follows:

φ =
π

2
− arctan

(
px − qx
py − qy

)
, (A.3)

where φ ∈ [0, π].
Equation (A.3) can be used to derive the actual or estimated Angles-of-Departure

(AoD) and Angles-of-Arrival (AoA), from P, P̂
(BS)

and P̂
(UE)

. In particular, we have:

φ` =
π

2
− arctan

(
pnx − pUEx
pny − pUEy

)
, n ∈ {BS,Ri}, i ∈ J1, L− 1K; (A.4)

θ` =
π

2
− arctan

(
pnx − pBSx
pny − pBSy

)
, n ∈ {UE,Ri}, i ∈ J1, L− 1K. (A.5)
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Chapter A. Appendices

The sums which appear in (A.1) are the sums of the first NUE and NBS terms of the
geometric series with ratio e−iπ∆`,v and e−iπ∆`,w . We can thus write:

∣∣∣wH
wHvv

∣∣∣2 =

∣∣∣∣∣
L∑
`=1

α`

(√
1

NBS

1− e−iπNBS∆`,w

1− e−iπ∆`,w

)(√
1

NUE

1− e−iπNUE∆`,v

1− e−iπ∆`,v

)∣∣∣∣∣
2

=

∣∣∣∣∣∣
L∑
`=1

α`

√ 1

NBS

1− e
−i(π/2)NBS∆`,w

e
i(π/2)NBS∆`,q

1− e
−i(π/2)∆`,w

e
i(π/2)∆`,w

√ 1

NUE

1− e
−i(π/2)NUE∆`,v

e
i(π/2)NUE∆`,v

1− e
−i(π/2)∆`,v

e
i(π/2)∆`,v

∣∣∣∣∣∣
2

(A.6)

From (A.6), we get:

∣∣∣wH
wHvv

∣∣∣2 =

∣∣∣∣∣
L∑
`=1

α`

(√
1

NBS

ei(π/2)∆`,w

ei(π/2)NBS∆`,w

ei(π/2)NBS∆`,w − e−i(π/2)NBS∆`,w

ei(π/2)∆`,w − e−i(π/2)∆`,w

)
· · ·

· · ·

(√
1

NUE

ei(π/2)∆`,v

ei(π/2)NUE∆`,v

ei(π/2)NUE∆`,v − e−i(π/2)NUE∆`,v

ei(π/2)∆`,v − e−i(π/2)∆`,v

)∣∣∣∣∣
2

. (A.7)

Since sin(x) = (eix − e−ix)/2i, (A.7) results in:

∣∣∣wH
wHvv

∣∣∣2 =

∣∣∣∣∣
L∑
`=1

α`

(√
1

NBS

ei(π/2)∆`,w

ei(π/2)NBS∆`,w

sin
(
(π/2)NBS∆`,w

)
sin
(
(π/2)∆`,w

) )
· · ·

· · ·

(√
1

NUE

ei(π/2)∆`,v

ei(π/2)NTX∆`,v

sin
(
(π/2)NUE∆`,v

)
sin
(
(π/2)∆`,v

) )∣∣∣∣∣
2

. (A.8)

From (A.8), we can express the average beam gain matrix G in (3.1) as follows:

Gv,w = Eα

∣∣∣∣∣
L∑
`=1

α`LBS
(
∆`,w

)
LUE

(
∆`,v

)∣∣∣∣∣
2


(a)
= Eα

[(
L∑
`=1

|α`|
2 ∣∣LBS(∆`,w)

∣∣2 ∣∣LUE(∆`,v)
∣∣2)]

=
L∑
`=1

σ2
`

∣∣∣LBS(∆`,w)|2|LUE(∆`,v)
∣∣∣2 , (A.9)

where LUE
(
∆`,v

)
and LBS

(
∆`,w

)
are as in (3.5) and (3.4), and with (a) coming from the

statistical independence of the path gains α`.
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A.2 Proofs of Chapter 4

Derivation of Proposition 4.1. The following lemma states an interesting consequence
(constant inner product) of the inverse cosine spacing for the angles φ̂v, v ∈ J1,MUEK

and θ̂w, w ∈ J1,MBSK [117], which will be useful in the derivation of Proposition 4.1.

Lemma A.1. Let the angles φ̂v, v ∈ J1,MUEK and θ̂w, w ∈ J1,MBSK be spaced according
to the inverse cosine function, as follows:

φ̂v = arccos
(

1− 2(v − 1)

MUE − 1

)
, v ∈ J1,MUEK (A.10)

θ̂w = arccos
(

1− 2(w − 1)

MBS − 1

)
, w ∈ J1,MBSK, (A.11)

then

aH
UE(φ̂v)aUE(φ̂ṽ) = 1/NUE (A.12)

aH
BS(θ̂w)aBS(θ̂w̃) = 1/NBS (A.13)

for any v 6= ṽ and w 6= w̃.

Proof of Lemma A.1. In the following, we will consider w.l.o.g. the UE side.
Let ∆ , cos(φ̂v)− cos(φ̂ṽ), then we have:

aH
UE(φ̂v)aUE(φ̂ṽ) =

1

NUE

NUE−1∑
k=0

e−iπk∆ (A.14)

(a)
=

1

NUE

1− e−iπNUE∆

1− e−iπ∆
(A.15)

where (a) is due to geometric series properties.
According to (A.10), we can write ∆ = 2(ṽ−v)

NUE−1 . Inserting this in (A.14) gives:

aH
UE(φ̂v)aUE(φ̂ṽ) =

1

NUE

eiπ∆ − e−iπ2(ṽ−v)

eiπ∆ − 1
(A.16)

(b)
=

1

NUE
(A.17)

where (b) follows from 2π(ṽ − v) = 0 (mod 2π) for v 6= ṽ.
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According to Lemma A.1, in the limit of large NBS and NUE, we have aUE(φ̂v) ⊥
span(aUE(φ̂ṽ), ∀ṽ 6= v). Likewise aBS(θ̂w) ⊥ span(aBS(θ̂w̃) ∀w̃ 6= w). As a consequence,
the matrices

ÂBS =
[
aBS(θ̂1) . . . aBS(θ̂MBS

)
]
, (A.18)

and
ÂUE =

[
aUE(φ̂1) . . . aUE(φ̂MUE

)
]
, (A.19)

are asymptotically unitary. To go further, we resort to the channel approximation in [77],
which consists in approximating the channel given in (2.1) using the quantized angles,
as follows:

Hk ≈
√
NBSNUE

(MUE∑
v=1

MBS∑
w=1

ψk,v,waBS(θ̂w)aH
UE(φ̂v)

)
(A.20)

where ψk,v,w is equal to the sum of the gains of the paths whose angles lie in the virtual
spatial bin centered on (φ̂v, θ̂w).

We rewrite now (4.5) using the Schur complement as follows [118]:

γk (v1:K , w1:K) =
1

σ2
ñ

[
h̄H
k h̄k − h̄H

k P/kh̄k
]
, (A.21)

where P/k , H̄/k(H̄
H
/kH̄/k)

−1H̄H
/k is the orthogonal projection onto the span(H̄/k), with

H̄/k being the submatrix obtained via removing the k-th column from H̄.
Since ÂUE and ÂBS are asymptotically unitary, it holds that

P/kh̄k =

0 if wk 6= mj ∀j ∈ K\{k}

h̄k if ∃ j ∈ K\{k} : wj = wk
(A.22)

and, as a consequence, equation (A.21) becomes

γk (v1:K , w1:K) =


‖h̄k‖

2

σ2
ñ

, if wk 6= wj ∀j ∈ K\{k}

0 if ∃ j ∈ K\{k} : wj = wk

(A.23)

whose expected value is as (4.13), which concludes the proof.
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A.3 Proofs of Chapter 5

Derivation of Lemma 5.2. From the definition of the error covariance Σek
, EHk

[
eke

H
k

]
,

we have:

Σek
= Σ̄k − ρΣ̄kA

H
(
ρ2AΣ̄kA

H + σ2
nΓΓH

)−1
ρAΣ̄k

(a)
= Σ̄k −

(
Σ̄−1
k + κAH

(
ΓΓH

)−1
A

)−1

κAH
(
ΓΓH

)−1
AΣ̄k, (A.24)

where (a) is due to the Woodbury identity [119].
We can then rewrite the error covariance as

Σek
= Σ̄k −D−1κAH

(
ΓΓH

)−1
AΣ̄k

= D−1

(
DΣ̄k − κAH

(
ΓΓH

)−1
AΣ̄k

)
= D−1, (A.25)

where D =

(
Σ̄−1
k + κAH

(
ΓΓH

)−1
A

)
, as given in (5.6).

Derivation of Proposition 5.2. We first rewriteRSVD
k (V,Wk) as follows, using the proper-

ties of the det operator:

RSVD
k (V,Wk) =

DUE∑
m=1

log2

(
1 + κλ2

m

)
. (A.26)

According to Jensen’s inequality, we have:

DUE∑
m=1

log2

(
1 + κλ2

m

)
≤ DUE log2

1 + κD−1
UE

DUE∑
m=1

λ2
m


= DUE log2

(
1 + κD−1

UETr
(
H̄kH̄

H
k

))
. (A.27)

Now, considering the expectation and again exploiting Jensen’s inequality, we can write:

EHk

[
DUE log2

(
1 + κD−1

UETr
(
H̄kH̄

H
k

)) ]
≤ DUE log2

(
1 + κD−1

UEEHk

[
Tr
(
H̄kH̄

H
k

) ])
= DUE log2

(
1 + κD−1

UETr
(
Σ̄k

))
, (A.28)

as given in (5.23).
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Derivation of Lemma 5.4. From the properties of the vec (·) operator, we can write:
vec

(
wHHv

)
=
(
vT ⊗wH

)
vec (H). Now, from the definition in (5.18), we have:

EHk

[∣∣wH
wHkvv

∣∣2] = EHk

[
vec (H)H bv,wbH

v,wvec (H)
]

= EHk

[
Tr
(
bv,wbH

v,wvec (H) vec (H)H
) ]

= Tr
(
bH
v,wEHk

[
vec (H) vec (H)H

]
bv,w

)
= bH

v,wΣkbv,w, (A.29)

as given in (5.19).

Derivation of Lemma 5.5. Based on vec
(
WHHV

)
=
(
VT ⊗WH

)
vec (H), we have:

Σ̄k , EHk

[
vec

(
WH

k HkV
)

vec
(
WH

k HkV
)H
]

= BH
k EHk

[
vec (Hk)

H vec (Hk)
]
Bk

= BH
k ΣkBk, (A.30)

as given in (5.21).

Derivation of Corollary 5.1. From Lemma 5.5 we have:

Tr
(
Σ̄k

)
= Tr

(
BH
k ΣkBk

)
=

DBSDUE∑
m=1

bH
mΣkbm. (A.31)

The sum in (A.31) is maximized when the first DBSDUE strongest channel components
are selected for transmission, among the ones inMk.
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A.4 Proofs of Chapter 6

Derivation of Lemma 6.1. From the definition of the equivocation in (6.20), we have:

H
(
`j |η

(b)
j

)
= −

∑
η∈η(b)

j

∫
`j∈A

f(`j , η) log2(f(`j |η))d`j

= −
∑
η∈η(b)

q

1

(X + 1)

∫
`j∈Aη

f(`|η) log2(f(`j |η))d`j

= −
∑
η∈η(b)

j

1

(X + 1)

∫
`j∈Aη

− log2 ((X + 1)|A|)
(X + 1)|A|

d`j

= −
∑
η∈η(b)

j

− log2

(
(X + 1)|A|

)
X + 1

= log2

(
(X + 1)|Aηj |

)
, (A.32)

as in (6.22).
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Résumé [Français]

F.1 Introduction et Motivation

La réutilisation totale ou partielle des ressources radio (spectre, temps, puissance, pi-
lotes, etc.) dans les réseaux mobiles entraînent de graves interférences, ce qui limite à
son tour les performances offertes aux appareils connectés, en particulier ceux situés
à la périphérie de la cellule [1]. Plusieurs approches visant à atténuer les brouillages
sont apparues au cours de la dernière décennie. Une notion centrale dans toutes ces
approches est la coordination : les émetteurs brouilleurs doivent s’entendre sur l’optimi-
sation conjointe de leurs paramètres de transmission afin d’accroître les performances
du réseau global. A cette fin, les stratégies d’optimisation devraient tenir compte de la
contrainte d’overhead de feedback limité [2], qui autrement dégrade le débit du réseau.
Dans la coopération multi-dispositifs, la notion de feedback est large et englobe plu-
sieurs catégories d’informations a priori - telles que l’informations sur l’état du canal
(CSI) - qui sont échangées entre les appareils. En général, les communications coopé-
ratives ou coordonnées avec feedback limité peuvent être divisées en i) méthodes de
gestion des ressources radio (RRM), comme le contrôle de puissance ou le scheduling
des utilisateur, et ii) méthodes basées sur le traitement du signal, telles que le traitement
(coordonné) multi-antennes. Compte tenu de l’objet de cette thèse, une vue d’ensemble
sur les techniques de coordination multi-antennes est présentée ci-après.

F.1.1 Coordination Multi-Antennes dans les Réseaux Mobiles

Le rôle joué par les antennes multiples sur les dispositifs dans l’atténuation des inter-
férences et l’amélioration de l’efficacité spectrale du réseau est bien éprouvé [1]. La
puissante combinaison des techniques multi-antennes et de la coopération entre les dis-
positifs a été étudiée en profondeur au cours de la dernière décennie. Pour donner
quelques exemples, la coordination des émetteurs permet d’éviter l’interférence avant
même qu’elle n’ait lieu, comme dans le Network MIMO [4]. Néanmoins, les avantages

103



Chapter F. Résumé [Français]

de la coordination entre émetteurs multi-antennes dépendent d’une connaissance pré-
cise de la CSI [1, 4]. Afin de limiter les exigences en matière de partage de la CSI entre
les dispositifs coopérants, un pas important a été franchi avec l’introduction du Mas-
sive MIMO (mMIMO) [7]. Dans le mMIMO, le nombre d’antennes à la station de base
(BS) est beaucoup plus grand que le nombre de dispositifs. Par conséquent, le canal
radio vers un dispositif cible tend à devenir orthogonal au canal d’un autre disposi-
tif choisi au hasard, et de simples schémas de formation de faisceaux distribués tels
que le Maximum Ratio Combining (MRC) peuvent éliminer asymptotiquement - pour un
nombre infini d’antennes - les interférences et offrir des performances comparables aux
solutions centralisées. Pour concevoir de tels schémas, la CSI locale est indispensable à
l’émetteur. Dans le régime des antennes massives, l’acquisition de la CSI local n’est pas
toujours facile. Plusieurs défis et facteurs limitatifs entravent l’application potentielle
du mMIMO dans les futurs réseaux 5G/5G+. Nous décrirons ces défis et comment la
coordination peut aider à les aborder dans la suite.

F.1.2 Coordination dans le Massive MIMO

L’implémentation classique du mMIMO est basée sur le duplexage par répartition tem-
porelle (TDD), ce qui permet d’estimer le canal de liaison descendante (DL) par son-
dage orthogonal de la liaison montante (UL), en exploitant la réciprocité de canal [7]. La
relative facilité avec laquelle la CSI locale peut être acquise en TDD dans le cas d’uti-
lisateurs mono-antenne a conduit les groupes de recherche à se concentrer sur cette
configuration mMIMO, où la contamination des pilotes représente la principale préoccu-
pation. Pour éviter les transmissions pilotes conflictuelles, la coordination joue un rôle
central et des efforts de recherche importants ont été entrepris [8–15].

Dans cette thèse, nous nous concentrons sur de différentes architectures mMIMO,
qui devraient émerger dans la prochaine génération de réseaux mobiles : i) mMIMO
en duplexage à répartition de fréquence (FDD) avec un nombre modéré d’antennes à
l’équipement utilisateur (UE), et ii) mMIMO avec antennes massives à la BS et à l’UE
en bande millimetrique (mmWave) [16]. Dans tous les cas ci-dessus, l’acquisition de la
CSI locale à l’émetteur n’est pas simple, comme nous l’expliquons ci-après.

Défis dans l’acquisition de la CSI dans le FDD mMIMO

En mode de duplexage par répartition fréquentielle (FDD), les pilotes sur le DL et le
subséquent feedback sur le UL sont nécessaires pour estimer le canal DL, puisque la
réciprocité de canal ne tient pas. En général, il existe une correspondance biunivoque
entre les pilotes et les éléments d’antenne. Par conséquent, l’overhead d’estimation du

104



Chapter F. Résumé [Français]

canal ne permet pas d’appliquer le mMIMO en FDD, où il reste peu de ressources ra-
dio pour la transmission des données [17]. Plusieurs articles ont proposé des méthodes
pour faire face à ce problème. On peut les diviser en trois catégories : i) les approches
basées sur les statistiques de canal de second ordre, ii) les approches basées sur la dé-
tection compressive (CS), et iii) les approches basées sur la grille de faisceaux (GoB).

Parmi les approches basées sur les statistiques de second ordre, les travaux pion-
niers [11, 12] exploitent des covariances de canal strictement orthogonales pour discri-
miner entre les UEs brouilleurs même avec des séquences pilotes non orthogonales,
réduisant ainsi l’overhead d’estimation du canal. Comme cette condition est rarement
rencontrée dans la pratique [18], l’étude plus récente [19] a introduit une méthode de
précodage pour forger artificiellement des canaux effectifs de faible dimension, indé-
pendamment de la structure de covariance. Dans la littérature MIMO, de telles mé-
thodes de précodage ont été connues sous le vocable covariance shaping [20–22].

Les techniques de CS pour l’estimation des canaux de haute dimension avec peu
de mesures sont connus depuis des décennies [23] et ont également été appliquées au
FDD mMIMO [24–27]. La réduction significative de l’overhead d’estimation de canal
dans tous ces travaux repose sur l’existence d’une représentation parcimonieuse des ca-
naux radio. Des méthodes alternatives basées sur la CS, telles que [28–32], capitalisent
sur la réciprocité angulaire entre DL et UL. Dans de telles approches, le spectre spatiale
est estimé par sondage UL et utilisé pour concevoir le précodeur mMIMO, dans l’as-
somption raisonnable que les angles de départs dominants soient presque invariants
sur toute la gamme fréquentielle séparant les canaux DL et UL.

L’approche de la GoB a suscité beaucoup d’intérêt au sein du groupe 3GPP, en rai-
son de sa facilité de mise en œuvre pratique [33]. Selon ce concept, des représentations
de canal réduites sont obtenues par une transformation spatiale basée sur des faisceaux
fixes [33,34]. Dans ce cas, il existe une correspondance biunivoque entre les pilotes et les
faisceaux dans la grille [34], de sorte que l’estimation des canaux effectifs réduit l’ove-
rhead d’estimation du canal. Cependant, la réduction substantielle de l’overhead d’es-
timation de canal entraîne souvent une dégradation drastique des performances [35]
car le précodeur mMIMO est optimisé pour des représentations de canal réduites qui
pourraient ne pas saisir les caractéristiques proéminentes des canaux réels sous-jacents.
D’un autre côté, il est possible d’obtenir des représentations de faible dimension ren-
tables en activant un sous-ensemble approprié de faisceaux. En général, choisir ce sous-
ensemble à la BS et à l’UE n’est pas simple, car plusieurs facteurs interviennent dans
le problème d’optimisation global. Des approches coordonnées pour la sélection des
faisceaux sont donc fondamentales, comme nous le verrons tout au long de cette thèse.
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Défis dans l’acquisition de la CSI dans le mmWave mMIMO

Parmi les technologies habilitantes de futurs réseaux mobiles, la communication en
ondes millimétriques (mmWave) offre la possibilité de faire face à la pénurie de spectre
qui touche les opérateurs mobiles. Il existe en effet d’importantes portions de spectre
inutilisé au-dessus de 30 GHz, qui peuvent être utilisées en complément des bandes
de transmission actuelles, inférieures à 6 GHz. L’utilisation de fréquences plus élevées
posent de nouveaux défis, par exemple en termes de contraintes hardware ou de ca-
ractéristiques architecturales. De plus, l’environnement de propagation est défavorable
pour les signaux de longueur d’onde plus petite : par rapport aux caractéristiques des
bandes inférieures, la diffraction tend à être plus faible alors que les pertes de pénétra-
tion ou de blocage peuvent être beaucoup plus importantes [36]. Par conséquent, les
signaux mmWave subissent une importante perte de cheminement qui entrave l’éta-
blissement d’une liaison de communication fiable et nécessitent l’adoption d’antennes
directionnelles à haut gain [37]. En revanche, les longueurs d’onde millimétriques per-
mettent d’empiler un nombre élevé d’éléments d’antenne dans un espace réduit [38]
permettant ainsi d’exploiter les performances supérieures résultant de la formation de
faisceaux (ou beamforming) des antennes massives [39].

Acquérir l’information de canal essentielle dans le régime mMIMO n’est pas facile,
en raison de l’overhead d’estimation élevé. En bande millimétrique, la configuration de
ces antennes massives nécessite un effort supplémentaire [40]. Le coût et la consomma-
tion d’énergie élevés des composants radio ont une incidence négative sur les UEs et
sur les petites BSs, ce qui limite la mise en œuvre pratique d’architectures de formation
de faisceaux entièrement numériques [41]. Des architectures hybrides à faible coût sont
donc suggérées, où un processeur numérique à faible dimension est concatené avec
un beamformer analogique [43]. Dans ces solutions, on trouve un goulot d’étranglement
dans le régime mMIMO en recherchant les combinaisons de faisceaux analogiques qui
offrent le meilleur chemin de canal, un problème appelé alignement des faisceaux dans la
littérature [45, 46]. Une approche pour réduire l’overhead d’alignement – sans compro-
mettre les performances [47] – a été proposée dans [49]. Il consiste à exploiter l’informa-
tion d’emplacement des dispositifs afin de réduire les zones effectives de recherche des
faisceaux. On trouve des approches similaires dans [50–52], où l’information spatiale –
obtenue par l’intermédiaire de radars, de capteurs automobiles, etc. – a été confirmée
comme une source utile de side-information, capable d’aider l’établissement des liaisons
dans les communications mmWave. La sélection des faisceaux est un problème com-
plexe qui est exacerbé dans les scénarios multi-utilisateurs, où les meilleurs faisceaux
dépendent de plusieurs facteurs, notamment le rapport signal-sur-interférence-et-bruit
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(SINR), qui exigent une coordination totale entre les dispositifs. De plus, l’exploitation
de la side-information pour répondre à la contrainte d’overhead de feedback limité im-
pose la conception d’approches robustes pour la sélection coordonnée des faisceaux, car
cette information pourrait ne donner qu’une vision partielle de l’état global du réseau.
Comment traiter ces incertitudes supplémentaires est un élément clé de cette thèse.

Massive MIMO et D2D

Les progrès dans les communications entre dispositifs (D2D) permettent d’échanger
des informations entre des UEs voisins avec peu d’overhead [53]. La normalisation des
communications D2D au sein du groupe 3GPP [54] a suscité un intérêt pour l’explo-
ration des possibilités découlant des techniques assistées par le D2D dans les réseaux
mobiles modernes. Plusieurs travaux sur le D2D dans les réseaux mobiles ont donné
des résultats prometteurs en matière de gestion des interférences et d’allocation des res-
sources radio [55–57]. Malgré une littérature abondante sur l’implémentation du D2D
dans les réseaux mobiles [58], seuls quelques travaux étudient l’intégration potentielle
du D2D et des techniques mMIMO. Dans [59,60], les auteurs introduisent une phase in-
termédiaire d’échange de la CSI dans la procédure classique d’estimation du canal. Une
fois que le canal est acquis aux UEs, la CSI locale est échangé par le biais des liaisons
D2D, de sorte que la CSI globale soit disponible pour tous les UEs. En conséquence,
une réduction de l’overhead de feedback peut être atteinte. [61] envisage un système
de multi-diffusion à deux phases dans lequel la BS mMIMO précode le message com-
mun pour cibler un sous-ensemble approprié de dispositifs qui, à leur tour, coopèrent
pour diffuser l’information dans le reste du réseau via D2D. Le gain de précodage à la
BS et les liaisons D2D permettent d’atteindre le débit de multi-diffusion maximal. Dans
cette thèse, nous nous concentrons sur des protocoles d’échange d’informations D2D
qui permettent d’obtenir une coopération entre les dispositifs avec des informations li-
mitées, beaucoup plus petites que la CSI local. Les méthodes que nous proposons sont
basées en partie sur le partage d’informations relatives aux faisceaux à faible débit qui
peuvent faciliter les stratégies de coordination dans le domaine spatiale.

La coordination peut être assurée par des approches centralisées ou décentralisées.
Dans la section suivante, nous montrons les avantages et les inconvénients de ces ap-
proches opposées – mais possiblement complémentaires – et expliquons pourquoi les
futurs réseaux mobiles devraient être partiellement décentralisés.

107



Chapter F. Résumé [Français]

F.1.3 Coopération Décentralisée

L’approche conventionnelle pour permettre la coopération dans les réseaux mobiles est
basée sur la concentration de toutes les données de mesure, ainsi que la puissance de
calcul, dans un nœud central, comme par exemple la station de base (BS) ou le cloud.
Par exemple, le Cloud-Radio Access Network (C-RAN) est un cadre centralisé popu-
laire pour l’allocation efficace des ressources radio et la solution d’algorithmes avancés
de coopération multi-cellulaire [62]. A cet égard, les dispositifs radio à la périphérie du
réseau - tels que les UEs et les BSs - poussent leurs données mesurées dans un cloud
supporté par un backhaul optique, où des serveurs dédiés exécutent les algorithmes
d’optimisation de réseau requis. Les solutions de ces algorithmes, c’est-à-dire les dé-
cisions de transmission, sont ensuite retransmises aux dispositifs pour être appliquées.
Bien que l’approche centralisée prédomine toujours dans la conception des réseaux mo-
biles, les architectures purement cloud-centrique sont plutôt coûteuses et comportent
des limites techniques. Par exemple, le traitement centralisé augmente la latence, ce qui
est fatal pour des applications 5G critiques telles que l’Internet tactile [63], et diminue
l’actualité des informations sur la CSI, une information cruciale pour la transmission
multi-antennes. L’augmentation exponentielle du nombre d’appareils connectés [64]
exacerbe ces inconvénients, avec des répercussions potentielles sur les performances
du réseau. Nous assistons donc à un intérêt croissant pour la conception d’un réseau
plus adaptable de dispositifs qui peuvent coopérer de manière autonome, sans l’aide
d’un nœud central. Les appareils devraient tirer parti de leurs capacités locales de cal-
cul, détection et communication pour interagir les uns avec les autres afin d’augmenter
les performances globales du réseau. Ainsi, les dispositifs coopérants exécutent des al-
gorithmes décentralisés qui sont conçus pour maximiser une mesure de performance
globale, comme par exemple le débit total du réseau, en ajustant les paramètres de trans-
mission locaux tels que le niveau de puissance de transmission ou le précodeur, etc.
Cependant, chaque décision relative aux paramètres locaux est prise en utilisant uni-
quement des informations locales, ce qui constitue souvent une estimation bruyante et
partielle, différente pour chaque dispositif, de l’information globale sur l’état du réseau.
A cet égard, l’approche décentralisée implique une perte de performance inévitable par
rapport à l’approche centralisée avec des liaisons de backhaul idéales.

Nous désignons par “décentralisé" ou “distribué" tout mécanisme de coordination pour le-
quel les dispositifs coopérants n’ont qu’une vue partielle des informations globales sur l’état
du réseau qui seraient autrement nécessaires pour une solution centralisée. Ici, “partiel"
peut faire allusion à la disponibilité d’informations limitées, bruyantes ou à long terme.
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F.1.4 Objet de la Thèse

Dans cette thèse, nous nous concentrons sur les méthodes de coordination décentra-
lisée dans le contexte de la transmission massive multi-antennes. Dans le régime des
antennes massives, les principales formes de coopération distribuée qui peuvent être
envisagées sont i) la sélection et l’alignement des faisceaux entre plusieurs utilisateurs
mobiles – en particulier aux fréquences d’ondes millimétriques [41] – et ii) la coopéra-
tion entre stations de base pour le scheduling des utilisateurs. Les solutions centralisées
de ces deux cadres de coordination exigent un overhead de coordination important.
Dans cette thèse, nous exploitons la coordination dans le domaine spatial entre les dis-
positifs pour résoudre ces problèmes, qui peuvent le plus souvent être transformés en
problèmes de décision d’équipe (TD). En général, les résultats présentés dans cette thèse
ne s’appuient pas sur les résultats classiques de la théorie Team Decision, en raison de
contraintes computationelles et pratiques. Nous exploitons plutôt les propriétés parti-
culières de chaque problème d’optimisation considéré pour en déduire des solutions
heuristiques. Cependant, garder à l’esprit la formulation TD s’avérera utile pour acqué-
rir des connaissances intéressantes et comprendre les fondements des problèmes. Nous
présentons le cadre théorique de décision d’équipe dans la section suivante.

F.1.5 Coordination avec l’Information Décentralisée

L’absence de données d’observation fiables à chaque dispositif exige des algorithmes
robustes de coordination décentralisé, dont le but est de minimiser les pertes par rap-
port aux solutions centralisées. L’accent mis sur un objectif de performance commun
et les contraintes de latence pour la communication entre les dispositifs nécessitent
une approche différente des cadres classiques de coopération. Par exemple, dans les
approches égoïstes de la théorie des jeux [65], les dispositifs radio sont en conflit les
uns avec les autres et les équilibres potentiels ne se traduisent pas automatiquement par
des gains de réseau globaux. Dans ce cas, les imperfections qui empêchent la maximi-
sation de la mesure de performance globale proviennent de la nature distribuée des
données observées, sur la base desquelles les décisions de transmission sont prises. Les
racines théoriques de la coordination décentralisé one-shot peuvent être trouvées dans
la théorie dite Team Decision [66], qui est connue depuis longtemps et souvent mène à
affronter des problèmes complexes d’optimisation fonctionnelle distribuée. Toutefois,
le fort développement des capacités de calcul au cours de la dernière décennie a ouvert
de nouvelles voies pour résoudre ces problèmes aussi difficiles. Dans ce qui suit, nous
formulons le problème de coordination dans le domaine spatial basé sur la théorie TD.
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Ĥ(k) s1

(
Ĥ(k)

)
→ vk v

k

FIGURE F.1 – Sélection des faisceaux avec information distribuée. Le k-ème dispositif
prend sa décision sur la base de sa propre estimation Ĥ(k) de l’état du réseau global.

Coordination Décentralisé dans le Domaine Spatial

Considérons un réseau avec K dispositifs coopérants, qui seront instanciés en tant que
BS ou UE dans ce qui suit. Nous supposons que le k-ème dispositif adopte la stratégie
sk : Cm → Sk ⊆ Cdk , basée sur des estimations locales, où Sk est son sous-espace de
décision, c’est-à-dire son codebook de faisceaux dans le contexte consideré (voir Fig. F.1).
Le problème général de décision d’équipe, dont l’objectif est de maximiser la mesure
de performance globale f : Cm ×

∏K
k=1 C

dk → R, peut être formulé comme suit :

(
s∗1, . . . , s

∗
K

)
= argmax

s1,...,sK

E
H,Ĥ

(1)
,...,Ĥ

(K)

[
f
(
s1

(
Ĥ(1)

)
, . . . , sK

(
Ĥ(K)

)
,H
)]
, (F.1)

où

• H ∈ Cm est l’état global du réseau1 ;

• Ĥ(k) ∈ Cm est l’estimation locale de H qui est disponible au k-ème dispositif.

La formulation en (F.1) fait référence à un cadre statique dans lequel chacun des
dispositifs conçoit des stratégies de transmission en fonction de l’espérance de la fonc-
tion de densité de probabilité (PDF) conjointe de l’état réel du réseau et de toutes les
estimations locales, définies comme

p
H,Ĥ

(1)
,...,Ĥ

(K) . (F.2)

Ainsi, la corrélation mutuelle entre les estimations locales Ĥ(1), . . . , Ĥ(K) et la corréla-
tion entre ces estimations et l’état réel H fixent une limite à la performance de coordi-
nation. En particulier, la solution à (F.1) dépend de la structure d’information associée,
c’est-à-dire de la nature des observations faites à chaque dispositif et de la façon dont
ces informations locales se rapportent à l’état global réel. Dans cette thèse nous defi-
nerons des structures d’information conduisant à des problèmes de décision d’équipe
plus abordables et plus pratiques.

1Nous soulignons que H peut représenter la CSI ou bien des informations relatives à la CSI, comme
par exemple les informations de localisation.

110



Chapter F. Résumé [Français]

F.2 Coordination dans le Domaine Spatial pour le mMIMO

Nous nous attaquons d’abord au problème d’alignement et de sélection des faisceaux,
dans lequel les dispositifs radio coordonnent leurs stratégies à l’aide d’informations
spatiales à long terme telles que leurs emplacements, afin de réduire l’overhead de
coordination.

F.2.1 Alignement des Faisceaux Robuste en Bande Millimetrique

Dans cette section, nous considérons d’importants facteurs de limitation pour l’aligne-
ment des faisceaux à l’aide de l’emplacement dans un contexte de transmission mono-
utilisateur. Premièrement, il est peu probable que les terminaux d’utilisateur et les BSs
puissent acquérir des informations de localisation avec le même degré de précision,
pour les raisons suivantes. D’une part, la BS, étant statique, bénéficie d’informations
précises sur sa propre position. En revanche, l’UE, étant mobile, est plus difficile à lo-
caliser par la BS. D’autre part, on peut s’attendre à ce que l’UE dispose d’informations
plus actuelles sur sa propre localisation, bien qu’inévitablement bruyantes. En outre, les
scénarios pratiques de propagation comprennent des trajets multiples supplémentaires
créés par les réflecteurs dominants. On peut supposer que l’emplacement de ces réflec-
teurs est disponible (par le biais, par exemple, d’une estimation de l’angle d’arrivée),
mais avec une certaine incertitude qui est généralement plus faible à la BS qu’à l’UE.

Nous transformons donc le problème d’alignement des faisceaux en problème de
décision d’équipe (voir la formulation en (F.1)), où les membres de l’équipe, c’est-à-dire
la station de base et l’utilisateur (UE), s’efforcent de coordonner leurs actions afin de
maximiser leur taux de transmission, tout en n’étant pas en mesure de prédire avec
précision leurs décisions respectives, en raison d’observations bruyantes.

Les stratégies de décision d’équipe optimales (s∗BS, s∗UE) ∈ S maximisant le taux de
transmissionR peuvent être trouvées en résolvant le problème d’optimisation suivant :

(s∗BS, s
∗
UE) = argmax

sBS,sUE

E
P,P̂

(BS)
,P̂

(UE)

[
R
(
sBS(P̂

(BS)
), sUE(P̂

(UE)
),P

)]
, (F.3)

où P dénote la matrice des emplacements réels, et P̂
(BS)

, P̂
(UE)

representent les matrices
des emplacements estimés à la BS et à l’UE, respectivement.

L’optimisation en (F.3) est un problème d’optimisation fonctionnelle stochastique
qui est notoirement difficile à résoudre directement [89]. Afin de contourner ce pro-
blème, nous examinons des stratégies qui offrent un éventail de compromis entre la
robustesse optimale de (F.3) et la complexité de la mise en œuvre.
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Alignement des Faisceaux Naïve

Une mise en œuvre simple, mais naïve, des mécanismes de coordination décentralisée
consiste à ce que chaque déciseur prenne sa décision en traitant l’information locale
(erronée) comme parfaite et globale. Ainsi, la BS suppose que P̂

(BS)
= P et l’UE suppose

que P̂
(UE)

= P. Nous désignons les mappages résultants par (snaive
BS , snaive

UE ) ∈ S , qui se
présentent comme suit :

• Optimisation à la BS :

snaïve
BS (P̂

(TX)
) = argmax

DBS⊂VBS

max
DUE⊂VUE

R
(
DBS,DUE, P̂

(TX))
, (F.4)

• Optimisation à l’UE :

snaïve
UE (P̂

(UE)
) = argmax

DUE⊂VUE

max
DBS⊂VBS

R
(
DBS,DUE, P̂

(RX))
. (F.5)

La limite fondamentale de l’approche naïve en (F.4) et (F.5) découle du fait qu’il ne tient
pas compte des éléments suivants : i) le bruit dans les emplacements chez les décideurs,
et ii) les différences de qualité des informations d’emplacement entre la BS et l’UE.

Alignement des Faisceaux Deux-Etapes

Dans l’algorithme suivant, les statistiques du bruit local et les différences entre la qua-
lité de l’information à la BS et à l’UE sont pris en compte. Nous désignons les mappages
résultants par (s2-s

BS , s
2-s
UE) ∈ S, qui se lisent comme suit :

• Optimisation à la BS :

s2-s
BS (P̂

BS
) = argmax

DBS⊂VBS

E
P,P̂

UE|P̂BS

[
R
(
DBS, s

1-s
UE(P̂

(UE)
),P

)]
, (F.6)

• Optimisation à la BS :

s2-s
UE(P̂

UE
) = argmax

DBS⊂VBS

E
P,P̂

BS|P̂UE

[
R
(
s1-s

UE(P̂
(BS)

),DUE,P
)]
. (F.7)

Les stratégies s1-s
BS (P̂

(BS)
) et s1-s

UE(P̂
(UE)

) font référence à l’algorithme Une-Etape, qui prend
en considération le bruit local dans l’information estimée sans se soucier des différences
entre la qualité de cette information à la BS et à l’UE.
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FIGURE F.2 – Efficacité spectrale contre rapport signal-à-bruit (SNR).
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FIGURE F.3 – Efficacité spectrale contre nombre de faisceaux présélectionnés à la BS et
à l’UE parmi un total de 64 faisceaux. SNR = 10 dB.
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Comme prévu, un nombre plus élevé de faisceaux présélectionnables permet d’aug-
menter les performances. Les simulations montrent que l’algorithme Deux-Etapes at-
teint presque l’approche centralisée avec déjà 5 faisceaux présélectionnés. Cet algo-
rithme est en effet capable de focaliser la recherche des faisceaux sur les directions
angulaires liées à la trajectoire LOS la plus forte. De plus, la Fig. F.3 confirme que l’ex-
ploitation des informations d’emplacement permet de réduire l’overhead d’alignement
tout en n’ayant qu’un faible impact sur l’efficacité spectrale du réseau.

F.2.2 Sélection des Faisceaux à l’aide d’Information Hors Bande

Pour résoudre le problème du brouillage irréductible à la BS dans la sélection des fais-
ceaux multi-utilisateurs (voir la Fig. F.4), une approche possible consiste à s’attaquer au
brouillage avant qu’il ne se produise, c’est-à-dire du côté de l’UE, comme c’est le cas par
exemple dans [120]. Au lieu de supposer une CSI parfaite pour la formation des fais-
ceaux analogiques, nous proposons une mécanisme de coordination entre les UEs qui
exploit les informations statistiques hors bande (OOB). Le mécanisme de coordination
repose sur l’idée que chaque UE sélectionne de manière autonome des faisceaux ana-
logiques pour la transmission afin de trouver un compromis entre i) capturer un gain
de canal suffisant et ii) s’assurer que les signaux des UEs empiètent sur des faisceaux
distincts du côté de la BS. L’intuition derrière le point ii) est de s’assurer que la matrice
de canal effective préserve les propriétés de rang complet, permettant ainsi d’atténuer
les brouillages inter-UE dans le domaine numérique.

Le problème de sélection des faisceaux multi-utilisateurs en communication mm-
Wave consiste à sélectionner les faisceaux d’émission et de réception analogiques dans
les codebooks V etW afin de maximiser le débit global défini comme suit :

R (v1:K , w1:K) ,
K∑
k=1

log2 (1 + γk(v1:K , w1:K)) , (F.8)

où v1:K (resp.w1:K) sont les index des faisceaux sélectionnés à l’UE (resp. à la BS), tandis
que γk est le SINR pour le k-ème UE, défini comme suit (après Zéro-Forçage à la BS) :

γk (v1:K , w1:K) =
1

σ2
ñ

{(
H̄HH̄

)−1
}
k,k

, (F.9)

avec {·}k,k désignant le k-ème élément sur la diagonale de (H̄HH̄)−1.
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FIGURE F.4 – Exemple d’interférence de faisceau avec K = 2 UEs. Les UEs sont sup-
posés résider dans un disque de rayon r. Dans cette illustration, deux UEs situés à
proximité partagent certains réflecteurs et les ondes de signal réfléchissant sur les ré-
flecteurs du haut arrivent quasi-alignées à la BS – bref, captées par le même faisceau à
la BS - alors qu’elles proviennent de différentes UEs.

Exploitation d’Informations Hors Bande (Sub-6 GHz)

Les informations spatiales disponibles sur les fréquences inférieures à 6 GHz peuvent
être exploitêes pour obtenir une estimation approximative des caractéristiques angu-
laires du canal mmWave. En effet, en raison de la plus grande largeur des faisceaux
sub-6 GHz, un faisceau utilisé pour la transmission inférieure à 6 GHz peut être associé
à un ensemble de faisceaux mmWave, comme défini ci-dessous.

Definition F.1. Pour une paire de faisceaux sub-6 GHz (v
¯
, w

¯
), nous introduisons

l’ensemble S(v
¯
, w

¯
) , SUE(v

¯
) × SBS(w

¯
) où SUE(v

¯
) (resp. SBS(w

¯
)) contient tous les

faisceaux mmWave appartenant à la largeur de faisceau de 3 dB du faisceau sub-6
GHz v

¯
-ème (respectivement w

¯
-ème).
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Sélection des Faisceaux Coordonnée Hiérarchiquement

Afin d’assurer la coordination entre les UEs, nous proposons d’utiliser une structure
d’information hiérarchique distribuée. En supposant que les indices des faisceaux sub-
6 Ghz w

¯ 1:k−1 ont été reçus, la paire optimale de faisceaux sub-6 GHz (v
¯

co
k ∈ V¯

, w
¯

co
k ∈ W¯

)

au k-ème UE est obtenue par :

(v
¯

co
k , w¯

co
k ) = argmax

v
¯k
,w

¯ k
log2

(
1 + Ev1:K ,w1:K |v¯k

,w
¯ 1:k+1

[γk(v1:K , w1:K)]
)
. (F.10)

Résoudre (F.10) n’est pas facile, étant un problème de sélection de sous-ensembles pour
lequel une approche de Monte-Carlo pour approximer l’ésperance en (F.10) avec une
somme discrète conduit à un temps de calcul peu pratique.

Fait intéressant, pour un grand nombre d’antennes, c’est-à-direNBS � 1 etNUE � 1,
nous pouvons dériver une approximation pour l’espérance dans (F.10) qui sera utile
pour la dérivation d’algorithmes à faible complexité.

Proposition F.1. Dans la limite d’un grand nombre d’antennes NBS et NUE, la valeur
attendue de l’SINR du k-ème UE obtenu après Zero-Forçage à la BS est

E
[
γk(v1:K , w1:K)

]
=


gk,vk,wk
σ2
ñ

if wk 6= wj ∀j ∈ J1,KK\{k}

0 if ∃ j ∈ J1,KK\{k} : wj = wk

. (F.11)

En utilisant ce résultat, l’ésperance en (F.10) peut être approximée comme suit :

Ev1:K ,w1:K |v¯k
,w

¯ 1:k
[γk(v1:K , w1:K)] ≈

∑
(vk,wk)∈S(v

¯k
,w

¯ k
)

wk /∈∪
k−1
j=1SBS(w

¯ j
)

gvk,wk
Skσ

2
ñ

. (F.12)

Utiliser (F.12) dans (F.10) pour choisir les faisceaux sub-6 GHz au k-ème UE permet de
prendre en compte l’interférence potentielle des faisceaux transférés aux utilisateurs de
rang inférieur avec une complexité faible.

Dans la Fig. F.5, nous montrons l’efficacité spectrale globale de l’algorithme pro-
posé en fonction de l’SNR, où la distance moyenne entre les UEs est de 13 mètres. Pour
référence, nous traçons également la limite supérieure obtenue sans interférence multi-
utilisateurs. L’algorithme coordonné assisté par l’information hors bande (OOB) sur-
passe l’algorithme non coordonné, qui vise à sélectionner les faisceaux de manière à
maximiser le SNR pour chaque UE.
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FIGURE F.5 – Efficacité spectrale globale contre SNR. L’algorithme coordonné surpasse
l’algorithme non-coordonné. Le gain de coordination augmente avec le SNR.
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FIGURE F.6 – Efficacité spectrale globale contre distance moyenne entre les UEs. Le gain
de performance atteint avec la coordination diminue avec la distance inter-UE.
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Dans la Fig. F.6, nous montrons le débit total de l’algorithme proposé contre la dis-
tance inter-UE moyenne, pour un SNR en bande mmWave de 1 dB. La coordination
entre les UE permet d’énormes gains de performance pour des distances inter-UE infé-
rieures à 15 mètres. Au fur et à mesure que la distance moyenne entre les UEs s’accroît,
l’écart de performance entre l’algorithme coordonné et celui non coordonné se rétrécit.

F.3 Partage du Spectre en Bande Millimetrique : Selection des
Faisceaux et Conservation de la Vie Privée

Les communications mmWave ont donné un nouvel élan au partage du spectre, qui per-
met à plusieurs opérateurs mobiles de mettre en commun leurs ressources spectrales.
Comparé aux communications mobiles conventionnelles, moins de brouillage est pro-
duit dans les réseaux mmWave. En particulier, même sans coordination, le partage du
spectre et des BSs entre opérateurs présente un grand potentiel dans les scénarios mm-
Wave lorsque des antennes massives sont utilisées du côté des stations de base et des
utilisateurs. Outre ces gains techniques, le partage des ressources se traduit par un pro-
fit économique substantiel pour les opérateurs mobiles [104].

Néanmoins, le potentiel du partage coordonné du spectre entre les opérateurs pose
plusieurs défis pratiques. Par exemple, l’information globale sur l’état du canal (CSI)
devrait être obtenue pour optimiser la transmission, ce qui entraîne une surcharge de
signalisation importante. Le problème de la préservation de la confidentialité des don-
nées entre opérateurs concurrents est peut-être encore plus aigu. Etant donné que la
coordination implique une certaine circulation de l’information d’un opérateur mobile
à l’autre, des problèmes de protection des données personnelles se posent. Ce problème
est grave dans les réseaux mmWave où les données CSI sont fortement corrélées avec
les emplacements des utilisateurs [106].

Dans cette section, nous examinons le compromis entre la coordination et la protec-
tion de la vie privée dans le partage du spectre en bande millimetrique. Nous consi-
dérons des informations statistiques secondaires (side information) pour optimiser la
transmission. En particulier, les informations relatives aux faisceaux sont supposées
être échangées entre les opérateurs. Pour s’attaquer au problème de protection de la vie
privée susmentionné, nous considérons un protocole d’échange d’informations com-
prenant un mécanisme d’occultation des données [107–109]. Dans le partage du spectre
en mmWave, ce mécanisme permet d’atténuer la correspondance biunivoque entre les
faisceaux et les emplacements des utilisateurs.
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F.3.1 Formulation du Problème de Scheduling

Dans le successive scheduling, un classement est d’abord défini parmi les stations de base
et permet de prendre des décisions de scheduling consécutives, d’une maniére sous-
optimale. En particulier, à la b-ème étape de l’algorithme de scheduling, la b-ème BS
connaît les b−1 décisions de scheduling prises par les BSs de rang inférieur. La fixation
de certaines décisions de scheduling permet d’évaluer ce qu’on appelle le SLNR partiel
attendu, dans lequel la b-ème BS ne prend en compte que l’interférences potentielles
causée aux utilisateurs sélectionnés par les stations de base {1, . . . , b − 1}. Dénotons
SbSLNR = {k1

SLNR, . . . , k
b
SLNR} = {Sb−1

SLNR, k
b
SLNR} l’ensemble composé de toutes les dé-

cisions de scheduling prises à la b-ème étape du scheduling successif. Alors le SLNR
partiel γ̄k relatif au k-ème UE peut être exprimé comme suit :

γ̄k
(
SbLOW,P

)
,

E
[
Pk,k

]∑
j∈SbLOW

E
[
Pk,j

]
+ σ2

n

, (F.13)

où Pj,k , |hq,kwηj
|2 est l’énergie des signaux reçus au j-ème UE mais étant destinés au

k-ème UE.
En supposant que les informations de scheduling Sb−1

SLNR des BSs de rang inférieur
{1, . . . , b−1} ont été reçues, nous obtenons la décision de scheduling successif optimale
à la b-ème BS en résolvant le problème d’optimisation suivant :

SbLOW = argmax
k

γ̄k(S
b−1
LOW, P̂

b
LOW). (F.14)

F.3.2 Compromis entre la Coordination et la Protection de la Vie Privée

Les informations relatives aux faisceaux qui sont utilisées pour résoudre (F.14) pour-
raient donner un indice sur l’emplacement des UEs. Si le j-ème UE est servi par un
chemin LOS, alors nous pouvons lier son emplacement réel `j ∈ R2 à l’empreinte de
son faisceau ηj . En particulier, en supposant que les UE sont distribués uniformément
dans la zone de réseau A, nous pouvons écrire la PDF f(`j |ηj) comme suit :

f(`j |ηj) ,

0, `j /∈ Aηj ⊂ A

|Aηj |
−1, `j ∈ Aηj ⊂ A

(F.15)

où Aηj est l’empreinte relative à ηj , et |Aηj | est son aire.
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Nous sommes intéressés à évaluer le degré d’incertitude de la BS générique par
rapport à `j étant donné ηj . Ceci peut être mesuré par l’équivocation de l’information,
qui indique également la confidentialité attribuée à `j [114]. L’équivoquation est définie
conventionnellement comme suit :

H(`j |ηj) , −
∫
`j∈Aηj

f(`j |ηj) log2(f(`j |ηj))d`j

= log2

(
|Aηj |

)
. (F.16)

L’envoi d’informations obscurcies à d’autres opérateurs implique l’injection inten-
tionnelle d’une incertitude supplémentaire sur l’emplacement réel `j ∈ R2 du j-ème
UE. L’information spatiale est généralement obscurcie par l’augmentation de son in-
exactitude et son imprecision [107–109]. Par exemple, dans [108], plusieurs faux emplace-
ments sont associés à chaque UE protégé et réel, rendant ainsi son emplacement plus
difficile à déduire. Nous considérons un mécanisme d’obscurcissement équivalent pour
lequel plusieurs faisceaux possibles (donc emplacements) sont associé au j-ème UE.

Soit η(b)
j l’information sur ηj disponible à la b-ème BS. Considérant par souci de

clarté que chaque BS appartient à un opérateur différent, nous avons

η
(b)
j =

{
ηωj(1), . . . , ηωj(X), ηj

}
, (F.17)

où ωj : J1, XK → J1, NBSK est la fonction d’obscurcissement relative au j-ème UE et X
est le nombre de faisceaux d’obscurcissement ou dummy beams.

Lemma F.1. Suite au mécanisme d’obscurcissement, l’équivoquation sur `j est

H
(
`j |η

(b)
j

)
= −

∑
η∈η(b)

j

∫
`j∈A

f(`j , η) log2

(
f(`j |η)

)
d`j

= −
∑
η∈η(b)

j

1

(X + 1)

∫
`j∈Aη

− log2 ((X + 1)|A|)
(X + 1)|A|

d`j

= −
∑
η∈η(b)

j

− log2 ((X + 1)|A|)
X + 1

= log2

(
(X + 1)|Aηj |

)
. (F.18)

Le mécanisme d’obscurcissement résulte en un facteur log2(X+1) ajouté à l’équivoqua-
tion en (F.16) obtenue avec des informations non obscurcies ηj .
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F.3.3 Scheduling Coordonné visé à la Protection de la Vie Privée

Dans le cadre d’une décision de scheduling robuste, chaque opérateur doit tenir compte
des modifications apportées aux informations sur les faisceaux échangés. En pratique,
la valeur attendue en (F.13) doit être calculée sur toutes les empreintes de faisceau pos-
sibles auxquelles le j-ème UE pourrait appartenir. Afin d’éviter d’approximer cette va-
leur attendue avec une somme discrète – par le biais d’itérations Monte-Carlo – nous
considérons l’approche conservatrice suivante conduisant à un algorithme beaucoup
moins complexe. Considérons les informations obscurcies η(b)

j . Compte tenu de ces in-
formations, la b-ème BS connaît l’ensemble des faisceaux plausibles utilisés pour des-
servir le j-ème UE. Afin de dériver une simple décision de scheduling, la b-ème BS peut
supposer que tous ces faisceaux sont utilisés pour servir des UEs fantômes.

Ensuite, la décision de scheduling robuste et privacy-preserving SbROB à la b-ème BS
est obtenue comme suit :

SbROB = argmax
k

γ̄k(S
b−1
ROB, P̂

b
ROB), (F.19)

Dans la Fig. F.7, nous montrons le gain en termes d’efficacité spectrale de l’algo-
rithme proposé par rapport au scheduling non coordonné en fonction de la probabilité de
détection des UEs. L’algorithme de scheduling robuste proposé en (F.19) parvient à trou-
ver un équilibre entre la protection de la vie privée et l’efficacité spectrale. L’algorithme
proposé converge vers la solution non coordonnée basée sur le SNR et négligeant l’in-
terférence, tout en gardant un niveau de confidentialité élevé.
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FIGURE F.7 – Gain en termes d’efficacité spectrale par rapport au scheduling non coor-
donné contre probabilité de localisation des UEs (avec une précision de 10 mètres).
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