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Abstract—In this paper a novel joint sensing, communication,
and artificial intelligence (AI) framework is proposed so as to
optimize extended reality (XR) experiences over terahertz (THz)
wireless systems. Within this framework, active reconfigurable
intelligent surfaces (RISs) are incorporated as as pivotal elements,
serving as enhanced base stations in the THz band to enhance
Line-of-Sight (LoS) communication. The proposed framework
consists of three main components. First, a tensor decomposition
framework is proposed to extract unique sensing parameters
for XR users and their environment by exploiting the THz
channel sparsity. Essentiallyy, THz band’s quasi-opticality is
exploited and the sensing parameters are extracted from the
uplink communication signal, thereby allowing for the use of the
same waveform, spectrum, and hardware for both communication
and sensing functionalities. Then, the Cramer-Rao lower bound
is derived to assess the accuracy of the estimated sensing
parameters. Second, a non-autoregressive multi-resolution gen-
erative artificial intelligence (AI) framework integrated with
an adversarial transformer is proposed to predict missing and
future sensing information. The proposed framework offers
robust and comprehensive historical sensing information and
anticipatory forecasts of future environmental changes, which
are generalizable to fluctuations in both known and unforeseen
user behaviors and environmental conditions. Third, a multi-
agent deep recurrent hysteretic Q-neural network is developed
to control the handover policy of RIS subarrays, leveraging the
informative nature of sensing information to minimize handover
cost, maximize the individual quality of personal experiences
(QoPEs), and improve the robustness and resilience of THz
links. Simulation results show a high generalizability of the
proposed unsupervised generative Al framework to fluctuations
in user behavior and velocity, leading to a 61 % improvement
in instantaneous reliability compared to schemes with known
channel state information.

Index Terms—extended reality (XR), terahertz (THz), artificial
intelligence (AI), machine learning (ML), reliability, resilience,
joint sensing and communication.

I. INTRODUCTION
The sixth generation (6G) wireless system needs to support

advanced services such as extended reality (XR)', autonomous
driving, and digital twins [1]. Catering to the demands of
such applications requires wireless systems to not only pro-
vide communication services, but to also include sensing,
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localization, and control capabilities. In particular, designing
a versatile wireless XR system that delivers a multi-sensory
immersive experience poses numerous challenges, including
the need to maximize data rates, ensure instant reliability,
minimize latency, accurately track the six degrees of freedom
(6DoF) of each XR user, and maintain situational awareness
of the surrounding environment. One approach to overcoming
these challenges involves the utilization of higher frequency
bands, specifically the sub-terahertz (THz) and THz bands
(0.1 -10THz), as they can provide significantly elevated data
rates and high-resolution environmental sensing capabilities
[2], which can culminate in a personalized and interactive
experience. Notably, various 3GPP and IEEE Releases [3],
[4] within the domain of 5G Advanced have underscored the
importance of integrated sensing and communication tech-
nologies, emphasizing the pivotal role of the sub-THz band
in enabling high-data rate and high-resolution sensing. This
recognition sets the stage for continued advancements for
such developments in future 6G systems. It is important to
note, however, that while these bands might hold promise in
addressing certain isolated aspects like data rates, the more
extensive requisites of communication and seamless sensing
inherent to a multi-sensory XR system— including factors of
instantaneous reliability, latency, and intricate 6DoF tracking
of users’ head and body— might present design challenges that
extend beyond the reach of frequency band selection alone.
THz networks could exploit the sensing information for
two distinct key purposes: instilling sensing-driven service
intelligence and sensing-driven operational intelligence. First,
service intelligence refers to the ability of the XR system
to accurately adapt and respond to the user’s needs and
preferences in real-time, based on the information gathered
from each user’s environment and interaction. For example, in
VR, precise tracking of the user’s movements and interactions
is necessary to avoid motion sickness and other discomfort. In
contrast, AR requires accurate tracking to maintain alignment
between the real-world and the augmented environment. On
the other hand, operational intelligence refers to the network’s
ability to sense the dynamic environment and incorporate its
behavioral stochasticity in real-time. For instance, the narrow
THz beams are particularly susceptible to minute changes
induced by the user behavior and/or environment, necessitating
frequent beam training and channel estimation. However, this
approach results in significant overhead and delays, which
are not acceptable in wireless XR whose applications require
instantaneously continual high-rate THz beams that guarantee
seamless alignment between virtual and real environments.
By leveraging sensing-driven operational intelligence, a THz
network can effectively mitigate its intermittent link behav-
ior and achieve a tight alignment between virtual and real



environments, resulting in a seamless user experience [1],
[5]. Additionally, by sharing the same waveform, hardware,
and spectrum for communication and sensing functionalities,
the system can form more robust beams in a time-critical
manner, boosting spectral efficiency, and enhancing the user
experience.

Fundamentally, the main goal of effective joint sensing and
communication systems is to mitigate every communication
challenge and leverage it as a sensing opportunity. Achieving
this goal requires overcoming key challenges. Firstly, sensing
and communication are functionally different?. Thus, there
is a need for a holistic approach that can extract sensing
parameters and analyze situational awareness from a wireless
system designed to leverage the same waveform, spectrum,
and hardware for both sensing and communication func-
tions. Secondly, optimizing XR applications served by a THz
network presents distinct challenges compared to traditional
network optimization frameworks. Essentially, the inherently
unpredictable nature of the THz channel requires continual
and complete sensing input to ensure a resilient and seamless
THz experience for XR users. Thus, it is necessary to leverage
the sensing input for prediction and forecasting purposes so
as to enable a proactive decision-making and adaptation to
environmental dynamics, and ensure a resilient THz experi-
ence for XR users. Thirdly, putting the user and their quality
of personal experience (QoPE) at the center is crucial to
delivering personalized and immersive experiences in XR.
This requires designing optimization frameworks that not only
account for the diverse needs and preferences of different users
but also adapt to the stochastic nature of the THz environment.
Overall, these challenges require innovative solutions that can
effectively address the resilience of THz links while exploiting
the trifecta of sensing, communication, and Al faculties,
and ultimately ensuring near-optimal immersive wireless XR
experience.

A. Prior Works

The concept of joint communication and sensing has re-
cently seen a surge of interest in the literature [6]-[10].
The work in [6] proposed a beamforming design dedicated
for dual-functional radar and communication base stations.
In [7], the authors exploited the potential of reconfigurable
intelligent surfaces (RISs) to improve radar sensing in a non-
orthogonal multiple access empowered integrated sensing and
communication network. However, the works in [6] and [7]
do not leverage the THz band’s quasi-opticality nor attempt
to effectively mitigate the highly uncertain nature of the THz
channel by capitalizing on the sensing input. Moreover, this
prior art does not exploit the sensing functionality to improve
the unique network performance indicators of wireless XR
services. When it comes to THz sensing, the work in [8]
considered the joint detection, mapping, and navigation prob-
lem by a drone with real-time learning capabilities. In [9],
model-based and model-free hybrid beamforming techniques
are proposed for a joint radar and communication system.

2For instance, sensing typically relies on unmodulated signals or short
pulses and chirps. Communication signals, on the other hand, are a mix of
unmodulated (pilots) and modulated signals [1].

The authors in [10] developed a joint reference signal and
synchronization signal block-based sensing scheme to predict
the need for beam switches. Nonetheless, these works [6]—[10]
do not opportunistically use the same spectrum, waveform, and
hardware at THz bands for joint sensing and communications.
Consequently, these existing deployment strategies lead to
higher costs in terms of hardware and resources, which is not
suitable for commercial XR services. In [11], we proposed a
novel joint sensing and communication system that utilizes the
same waveform, hardware, and spectrum. However, our work
in [11] does not have the Al capabilities needed to predict
missing and future sensing information. In fact, our prior
work mainly relies on the sensing input in its raw unoptimal
structure. In particular, and more importantly, the works in [6]-
[11] do not design robust and resilient Al-oriented frameworks
that can optimize the instantaneous user experience of future
user-centric and intelligence-centric 6G applications. Clearly,
the current body of literature on joint sensing and communi-
cation systems at THz frequencies lacks a comprehensive and
foundational approach to adequately address the challenge of
managing uncertainty in THz channels through the integration
of Al and sensing.

B. Contributions

The main contribution of this paper is, thus, a novel
design, analysis, and optimization framework that integrates
communication, sensing, and Al, to address the fundamental
question of whether or not such integrated systems can provide
highly reliable THz links instantaneously. If this is not the
case, can such systems still deliver robust and resilient THz
experiences to XR users? To explore this complex question
and delineate potential tradeoffs, we outline the roadmap of
our approach, highlighting the four foundational pillars of our
work as shown in Fig. 1. The initial pillar entails the design
of an efficient model that optimizes spectrum usage, energy
consumption, and hardware resource allocation. In pursuit of
this, we engineer a model that ingeniously repurposes the
uplink communication link for sensing purpose, ensuring a
seamless of integration of hardware, spectrum, and waveform
utilization. Subsequently, to harness the benefits of this design,
we introduce a technique for extracting sensing parameters
from the uplink communication waveform, leveraging tensor
theory as an instrumental tool to attain our objectives. Fur-
thermore, the third pillar addresses the challenge posed by
incomplete sensing data due to the sporadic nature of THz
links and which only offer sensing information up to the
present time. To mitigate this limitation, we propose an Al
framework capable of predicting missing historical and fu-
ture sensing data, employing an integrated non-autoregressive
methodology integrated with a time-generated adversarial net-
work. Finally, armed with a comprehensive repository of
sensing information, we fortify the network’s robustness and
resilience through the adoption of a QoPE-centric strategy.
This strategic orientation is pivotal in ensuring an unparalleled
THz experience for XR users. Hence, our key contributions
encompass the following aspects:

« Adopting the THz frequency band for XR applications

holds significant promise due to its capacity to support



How do we optimize (sub)-THz links so as to provide
resilient wireless XR user experiences ?
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Fig. 1: Tllustrative figure showcasing the key steps to optimize the QoPE of XR users served with THz links.

high data rates required for XR’s immersive visual com-
ponents and high-resolution sensing demands. Building
upon this potential, our key innovation lies in a novel
design that ingeniously leverages a communication wave-
form for sensing within the THz frequency band. This
innovative approach seamlessly integrates the capabili-
ties of communication and sensing, optimally utilizing
the uplink communication waveform for opportunistic
sensing. Through this approach, we extract fundamental
environmental sensing parameters, including degrees of
freedom and blockage characterization, directly from
received signal strength using tensor theory. This compre-
hensive integration not only enhances spectral and energy
efficiency but also enables a full integration of waveform,
hardware, and spectrum resources for both sensing and
communication. Furthermore, we leverage the inherent
sparsity of THz bands through tensor decomposition of
the received uplink signal, establishing the uniqueness of
our extracted sensing parameters.

To validate the precision of our estimated sensing pa-
rameters, we rigorously derive their Cramér—Rao lower
bound (CRLB) and meticulously analyze factors influ-
encing estimation variability. Our analysis reveals a non-
monotonic trend in estimation errors with respect to
carrier frequencies. In particular, frequencies exceeding
1 THz exhibit elevated molecular absorption rates. This
underscores the criticality of operating within the sub-
THz spectrum, striking an optimal equilibrium between
the inherent trade-offs associated with sensing and com-
munication functionalities.

Addressing the challenge posed by missing tracking
and blockage sensing data arising from intermittent link
connections, we introduce a novel Al-based imputation
framework. Our approach harnesses a non-autoregressive
multi-resolution generative framework to predict missing
values within sequences of sensing data. Additionally, we
propose an adversarial transformer framework adept at
processing comprehensive sensing information, thereby

enabling predictions related to future user behavior and
dynamic environmental fluctuations, such as potential
blockages. These pioneering designs empower the net-
work to recover missing tracking and blockage sensing
data, enabling it to proactively anticipate user behavior
and guarantee the seamlessness, continuity, and uninter-
rupted nature of XR experiences.

« We introduce a novel QoPE-centric optimization problem
that capitalizes on our meticulously designed sensing and
communication capabilities to optimize handovers. The
optimization of handovers poses a fundamental challenge
within the context of a highly unpredictable and dynamic
network environment, particularly when relying on nar-
row beamwidths. Our approach thoughtfully considers
both prevailing and anticipated user behavior, culminating
in the minimization of superfluous handovers and the
fortification of the robustness and resilience of THz links.
To address this problem, we introduce a semi-distributed
multi-agent reinforcement learning (RL) framework that
substantially improves the resilience of individualized
user experiences across the entire XR spectrum through
its tailored reward system.

« Simulation results demonstrate that the proposed inte-
grated imputation-forecasting system has higher gener-
alizability and maintains a low error despite fluctuations
in user speed and number of users entering/leaving the
room, while vanilla deep learning frameworks quickly
lose accuracy. The QoPE-centric optimization framework
significantly improves user reliability and resilience, with
gains of up to 78% compared to baseline schemes
with known channel state information (CSI) and beam
tracking.

II. SYSTEM MODEL

Consider the downlink and uplink of an RIS-based single
cell-THz system operating as a joint sensing and communica-
tion system in a confined indoor area. A set B of B RISs are
used as base stations (BSs) at the THz frequency band that
transmit XR content and provide situational awareness for a
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Fig. 2: Nlustrative example of our THz-based wireless XR system
for joint communication, sensing, and Al

set U of U mobile wireless XR users. Each subarray n of RIS
b in B is located at ™" = [15", ZS’"]T € R2. The XR users
are mobile and may change their locations and orientations at
any point in time. As such, I* = [Zg, l;j] € R? denotes the
position of user w. Here, situational awareness refers to the
process of mapping the physical world, including the location,
orientation, and state of physical objects, to the digital realm
with a certain level of accuracy. We consider the entire XR
reality-virtuality continuum, as will be evident in our later
analysis. RISs are used to provide nearly continuous line-of-
sight (LoS) data links to the XR users. This RIS-enhanced
architecture also creates multiple independent paths capable
of gathering rich information about the environment [1], [12],
[13]. Each RIS consists of a two-dimensional large antenna
array that has an array of subarray (AoSA) structure [14].
Antenna elements of the same subarray are connected to
the same phase shifter and radio frequency (RF) chain, thus
reducing the number of phase shifters needed compared to
a fully-connected array structure. Each subarray has a large
number of antennas M and the spacing between antenna
elements within each RIS subarray is d,,. The total number
of subarrays is N with the spacing between them being A .
These subarrays collectively employ a hybrid beamforming
architecture. Without loss of generality, we assume N > U,
thus providing XR users with sufficient DoF in terms of
association. This subarray structure allows us to have N
independent channels each RIS.

A. Joint Communication and Sensing Model

Consider an arbitrary RIS in B that captures the situational
awareness and mapping information, and receives high data
rate XR content as in Fig. 2. We assume that the RIS has per-
formed synchronization and initial beam alignment according
to existing techniques (e.g. [15]). To maintain high-resolution
real-time user tracking and a situational awareness of the
indoor area, each RIS will continuously collect a sequence
of T snapshots of the received uplink communication signal
that are then used to estimate and track the angle of arrival
(AoA), angle of departure (AoD), and time of arrival (ToA)

of users as well as the location of obstacles leading to non-
line-of-sight (NLoS) communications.

Each XR user has a uniform linear array (ULA) of @
antennas and R RF chains. Hence, if all XR users are active,
U data signaling beams are sent simultaneously to the RIS. To
mitigate the high peak to average power ratio (PAPR) effect of
orthogonal frequency-division multiplexing (OFDM) schemes,
a single carrier frequency-division multiplexing (SC-FDM) is
used to maintain high energy efficiency at the user equipment.
The far-field electromagnetic (EM) wave condition is assumed
to be met. After beamforming, the transmitted user signal at
subcarrier k is si(t) = Fr(t)Fi(t)xr(t),Vk = 1,..., K,
where x(t) € C'*! is the transmitted uplink communication
signal, F, € CF*! is the digital precoding matrix for
subcarrier k, and Fg(t) € CO* is the RF precoder for all
subcarriers. After processing the communication waveform of
subcarrier k, the uplink received signal at each RIS subarray
n will be y,x(t) = wl H) (t)sk(t) + vnx(t), where
wy, € CM*1 is the combining vector of RIS subarray
n at subcarrier k, Hﬁu € CMxQ js the uplink channel
matrix for subcarrier k, and vy, ~ CN (0,Inrxq) is the
additive Gaussian noise vector at subarray n and subcarrier
k. To construct a single realization for sensing the wireless
environment, 7' snapshots are recorded by the RIS, each of
which captures J uplink measurements:

Y, (t) = Wi HY (O FE (0 Fr()ap(t) + v r(t), (1)
where y, () 2 [Yas1(t) . Ynps )] vap(t) 2
Vndeod (O], Wage £ [Wip...wok]. The

Un,k,1 t)...
E\/[ X (Q) multiple-input multiple-output (MIMO) channel
matrix between user v and RIS subarray n in the time domain
is: Hyo(t) = S0 08 ,an (68,) as (08,) 6(t — 7o),
where ()H is the conjugate transpose, of , € C is
the complex channel gain, P is the number of distinct
spatial paths, Hﬁw is the AoD of path p of antenna
U, Tp,. 1S the ToA, and qbﬁ’u is the AoA of path
p at subarray n. The array steering vector of the
antenna array of the XR wuser and the RIS subarray,
have a ULA structure®, and are given by: a (9 ) =
L[lvejrsm(éfh u)’.” ej(Q 1)5751“(9%“)}71

VaQ
T

S 27 o3 27
ar ($1,) = iy [1, 67500, AN B n(e)
Consequently, the channel matrix in the frequency domain
associated with subcarrier k£ will be:

P
= Z a?r)z,uaT ( fL
p=1
@)

The snapshots in (1) can be collected over line-of-
sight (LoS) or NLoS communication signal waveforms For
the LoS, the uplink channel gain will be [16]: a =

E()rn,u
2

HE () porires ).

u) atH (eﬁ,u) exp (7 K

C

e i . Here, c is the speed of hght,

k(f) is the overall molecular absorption coefficients of the
medium at THz band, f is the operating frequency, and r,, ,,
is the distance between XR user u and RIS subarray n.
From this channel gain, we can see that, for LoS conditions,
the parameters to be estimated are {0, ¢k . 7F }. This

eI T

3While uniform planar arrays can be used for our 2D subarrays, we adopt
ULA for analytical tractability.



process allows tracking XR users in real-time. Here, we do not
consider NLoS links for communications purposes due to the
poor propagation characteristics of THz signals (e.g., limited
reflection) and their high susceptibility to blockage. In other
words, the NLoS link cannot meet the high-rate XR needs.
Nonetheless, from a sensing standpoint, instead of discarding
the NLoS signal completely, we use it to track the user and
gather a situational awareness of the blockage incidence. In
NLoS conditions, the channel gain is given by [16]:

k() (&), 48 )
N ¢ B 2 — '27rf7'N
Oy = ——————¢€ R(f)e 7™ Tnou,
T S+ )
3)
where rf}L is the distance between the XR user w and the

reflecting point, and rﬁt is the distance between the reflecting

point and RIS subarray n. For reflections, we consider the
transverse electric part of the EM wave, i.e., the signal is
assumed to be perpendicular to the plane of incidence. This
assumption is valid given the placement of our RIS per Fig. 2.
Thus, Ry, o (f) = Ynu(f)pnu(f), is the reflection coefficient,
—2cos(VPn,u)

Vn(f)2-1

coefficient and p,, ,(f) = exp

where (f) = —exp is the Fresnel reflection

82 £2 52 2 o .
_%%W,) is the

Rayleigh factor that characterizes the roughness effect. v, ,,
is the angle of the incident signal to the reflector, n(f) is
the refractive index, and o is the surface height standard
deviation. Thus, for NLoS, the parameters to be estimated
are: {0}, N s 7N Yn,u}- Next, we formulate the problem
of estimating the sensing parameters from the 7' collected
snapshots in (1). To do so, we leverage the sparsity of the
THz channel matrix and reformulate the received uplink signal
expression as a tensor.

III. SITUATIONAL AWARENESS ESTIMATION VIA TENSOR
DECOMPOSITION

A. Problem Formulation

Estimating the sensing parameters from 7' communication
snapshots recorded at the RIS subarray faces multiple
challenges. First, existing estimation techniques [17]-[19]
rely on the collection of pilot signals and their goal is to
estimate the channel. In contrast, our goal here is to collect
uplink communication signals used by users during an XR
session so as to continuously track the sensing parameters.*
Second, existing parameter estimation methods [20] and
citeabdallah2022ris have their own limitations: Off-grid
methods like multiple signal classification (MUSIC) cannot
jointly estimate multiple sensing parameters, leading to a
difficult pairing problem. Also, the MUSIC algorithm cannot
be readily applied to the peculiar AoSA structure of hybrid
THz beamforming as its complexity of the method becomes
impractical with large antenna arrays [20]. Moreover, on-grid
methods like compressive sensing [21] are constrained by
their grid spacing, which increases complexity if a high-
resolution is desired.

Yor=W, Hy (/)Q+ N, (4)

4Communication was initiated after a successful initial access and beam
alignment prior to the XR session.

Yn,k [ yn.’k(l)...
N,k [ Vn,k(l)
Q2 [ FR)F()ze(l)

yn,k(T) ] ’
V’ﬂyk(T) ]7
FR(T)F(T)zw(T) .
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From (4), we observe that the received signal has three
modes that represent the number of measurements, the number
of snapshots, and the number of subcarriers, respectively.
Thus, we can model it as a three-order tensor, namely,
x € C/XT*K n fact, substituting (2) in (4) yields:

P
Yoi(t)=> AL C(dh DEOR )T+ Nuk.  (5)

p=1

127 f T u
I (5), AL, 2 ab,exp(—25me) G(en,) 2

W ar (¢8 ), and & (02 ,) = Q7 a, (62 ,). Clearly, each
slice Y, ;, corresponding with tensor x is a weighted sum
of a common set of rank-one outer products. Hence, we can

factorize the tensor as follows:

P
X = Z Ck(¢§;,u) o Ek(eﬁ,u) © A’IF)L,’LL + W= [[Av B, C]] +W,
p=1

A £ [ C1(¢np,u) CK(QSE,u) ] )
B é [ El(gﬁ,u) e EK(ag,u) ] ) (6)
CE[ AL, -+ ALk ]

Here, o is the outer product symbol, A} , =

. T
{aﬁ,uexp(—ﬂﬁ%)} , and W is N, in the
tensor domain. A, B, and 1C are the three factor matrices
associated to the tensor x. We note that, the sparsity of
the THz channel and the limited number of propagation
paths, leveraging tensor theory is particularly efficient and
can guarantee the uniqueness of the estimated sensing
parameters. Moreover, our approach can characterize the
sensing parameters from the collected snapshots without
imposing additional constraints or assumptions. For instance,
alternatively adopting matrix factorization almost never leads
to a unique solution unless the rank of the matrix is one or
further conditions are imposed on the factor matrices.

B. Proposed Sensing Parameters Estimation Method

After factorizing the tensor x, extracting the sensing pa-
rameters and estimating them requires solving the following
optimization problem:

; O]

F

where .& = [Zﬁ&p],ﬁ = Elgp:| ,é = [Elap]
are the three estimated factor matrices. To solve this problem,
the three factor matrices need to be estimated. To do so, we
leverage the sparsity of the THz channel that guarantees the
uniqueness condition for tensor decomposition. This allows us
to establish a relationship between the true factor matrices and
their estimates. Thus, given these relationships, we next derive

the environmental sensing parameters.
Theorem 1: The AoA, AoD, and ToA corresponding to
path p between RIS subarray n and user v are:
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Proof: See Appendix A
(8)-(10) can be solved with a one-dimensional search. Thus,
the estimated AoA, AoD, and ToA’ allow us to track the XR
user in near real-time. After obtaining ¢fiu,9i «» and ?fj ws
the attenuation factor aiu can be obtained by substitution.
To determine the tracking information of the user and the
blockers, we use our approach in Algorithm 1 in [11], which
enables the RIS characterize the spatial availability of commu-
nications. Within our framework, we differentiate between LoS
and NLoS modes by capitalizing on the substantial distinction
between these modes within THz frequency bands [22]. Fur-
thermore, we incorporate knowledge of the refractive index
of human beings to enhance the precision of our LoS and
NLoS assessments within a specified range. When we observe
abrupt declines in channel gains, as opposed to abrupt changes
in the locations of individuals, we interpret these as explicit
indicators of partial signal blockages and NLoS scenarios,
offering a robust approach for mode differentiation within our
framework. In particular, our framework follows Algorithm 1.
Herein, the details of our proposed unsupervised and genera-
tive Al approach for imputation and forecasting are detailed
in subsequent sections.

C. Uniqueness and Accuracy of Estimated Sensing Parameters

We now further analyze our tensor decomposition technique
and our estimated sensing parameters. The accuracy and preci-
sion of our estimations play a fundamental role for the service
needs of the XR application and the THz system performance.
For example, in VR, a precise tracking of the user’s head and
body movements is essential for creating a fully immersive
experience. Meanwhile, in AR, an accurate registration of vir-
tual objects onto the real-world scene is crucial for providing
an uninterrupted and continuous experience. Next, we prove
that our obtained sensing parameters are unique. Then, we
capture the accuracy of the sensing parameters via the CRLB
which is a fundamental theoretical limit on the precision of
any unbiased estimator [23] that also provides a measure of the
minimum acheivable variance in the estimation of a sensing
parameter. Thus, knowing the CRLB enables us to determine
the accuracy and the sensitivity of our tensor decomposition
mechanism in identifying the sensing parameters.

1) Uniqueness of Sensing Parameters: Achieving unique-
ness in sensing parameters is essential in the Cande-
comp/Parafac (CP) decomposition-based method, which relies

SHere, it is presumed that initial access has been conducted prior to this
stage, ensuring clock synchronization between the BS and UE. This synchro-
nization minimizes clock deviation, facilitating the accurate computation of
ToA with negligible offsets.

Algorithm 1 High-resolution Situational Awareness Mapping

Initialize near real-time Line-of-Sight (LoS) and Non-Line-
of-Sight (NLoS) sensing information: S*(t) and S™(t)
from initial access/synchronization.
Set oy, as the threshold gap between LoS and NLoS channel
gains (determined empirically e.g. [22])
while XR Session is active do
if ), (t) > oux(t) then
Determine that there is a LoS link and calculate
pu(t) = [pu(t), pi(t)] " using:
L py(H)—op™ (1)
ot L (1)
L) = [p* "]

Update S*(t) = [¢E(t), 0% (t), 7L (1)) T .
Set SN (t) = 0 (indicating a missing value to be
predicted via imputation).
else if o} ,(t) < o(t — 1) then
Determine that there is a NLoS link:
Calculate 1), ,,(t) using Equation (3) with the reflec-
tion index 7 of human skin.

Calculate r,(llL(t) and 7'7(% (t) using the sine law and

N (8), 67, (1), and . (2).
Determine  obstacle
Lo (t), o (1)] "
Calculate p“(t) = [p;(t),p;‘ (t)] using:
L py ()0, " (t)
nu py(t)—ox " (t)"
P = o — o)+ (o — oy’
Update SN (¢) = [¢N (¢), 6N (¢), 7V (¢).]7
Set SY(t) = 0 (indicating a missing value to be
predicted via imputation).
end if
Run the unsupervised generative framework to predict
missing values and forecast future data.
Perform QoPE-centric optimization.
For the new comprehensive set of sensing information,
compute LoS and NLoS channel gains.
Update oy, (t) based on the new time averages of LoS
and NLoS measurements.
end while

(t) = arctan

location 0™ (&) =

(t) = arctan

on Kruskal’s condition [24]. Next, we prove the uniqueness
of our solution.

Lemma 1: The XR user’s estimated tracking parameters,
obtained at LoS, {¢¥, 0% 7}, and the blocker’s estimated
sensing parameters, obtained at NLoS, {¢",0N 7V} are
guaranteed to be unique because of the sparsity of the THz
channel.

Proof: See Appendix B [ ]

2) CRLB of Sensing Parameters: We now derive the CRLB
as follows:

Proposition 1: The CRLB of the XR users sensing param-



eters at LoS and NLoS is given by:

oL(8T)
oSt

OL(ST)
Op ’
(11)
where ST is the vector of sensing parameters, and L(SP ) =
_JTK log (o) — $HY<T1> - (C@B)ATHF is the log-

likelihood of ST . Here, Y(l) is the mode-1 unfolding of x and
oyy 1s the total noise standard deviation in the tensor domain.

Proof: The proof builds on [23], [25], [26], and is omitted
due to space constraints. [ |
From Proposition 1, one can see that our estimation is mainly
driven by the noise of the channel. Interestingly, given that we
are operating at THz bands, the total noise power is the sum of
the molecular absorption noise and the Johnson-Nyquist noise
generated by the thermal agitation of electrons in conductors.
Thus, while sensing at higher carrier frequencies and larger
bandwidths may achieve higher resolutions, the molecular
absorption noise at higher carrier frequencies will affect the
accuracy of the estimated sensing parameters. With higher
resolutions, it is necessary to control the variance of the
estimates to considerably lower bounds®. Hence, there exists
a duality between communication and sensing as we go to
higher carrier frequencies. Thus, the operation at sub-THz
bands is increasingly appealing as it could provide high data
rates and high-resolution sensing while circumventing the
inherent unreliability of higher frequencies, which are further
compromised by molecular absorption losses.

CRLB(S8") = |E

IV. PREDICTING CONTINUAL AND FUTURE USER
BEHAVIOR VIA GENERATIVE Al

Thus far, we have used tensor theory to analyze the received
signal strength and extract the tracking parameters for LoS
links, and the mapping information for NLoS links. Nonethe-
less, our sensing information from Section III is not compre-
hensive and is dependent on the user’s alignment with the
subarray. For instance, when all users are in perfect LoS with
their corresponding subarray, our Section III measurements
cannot characterize the possibility of blockage that may or
may not occur. Similarly, if a particular user is in NLoS,
our tensor-driven approach alone cannot enable tracking the
user’s DoF during these time slots. As a result, we would
not be able to assess the comprehensive and continual user
behavior and environment dynamics. One could argue that
such gaps in user behavior and environment dynamics can
be found via averaging, nonetheless, the stringent require-
ments of XR services impose a degree of immersion which
requires sensing information to be available instantaneously
and continuously. Here, we will first propose a novel non-
autoregressive approach to predict the missing values of LoS
and NLoS sensing matrices, namely our imputation system’.
Then, we use these comprehensive time-variant vectors to

For instance, when the sensing parameters have a resolution in the
centimeter range, the variance should be in the millimeter or micrometer range.

TImputation refers to the ability to intelligently recover and predict missing
sequential sensing values to obtain a continuous and instantaneous sensing
vector versus time.

predict future time slots via an encoder-decoder transformed
based generative Al framework. To the best of our knowl-
edge, this is the first work that combines both imputation
and forecasting systems in a single framework. This novel
integration offers a significant advantage over existing methods
by providing a more accurate and generalizable prediction
of future time slots based on continuous and comprehensive
sensing data. As will be evident later, such future user behavior
predictions will enable us to control the uncertainty of the THz
channel, improve the overall performance instantaneously, and
will enable the user experience to be resilient. Note that
these predictions are not predicting the proper LoS and NLoS
values for the time-slots with missing or future values. Instead,
they provide RIS-operated BSs instantaneous and continual
information about the users’ behavior and their corresponding
varying environments. Thus, this end-to-end (E2E) imputation-
forecasting learning framework enables us to obtain a compre-
hensive sensing cognizance in terms of tracking and situational
awareness.

A. Continual Prediction of User Behavior and Environmental
Dynamics via Non-Autoregressive Multi-Resolution Genera-
tion

Consider the link between user u and RIS subarray n.
To simplify the notation, we omit subscripts u and n. Let

St = (8F 8L, ... 8%) be the sequence of T' snapshots
of LoS sensing information, whereby S* = [¢%, 0% 7],
We also define 8™ = (SV,S%,.. .,~S¥) as the sequence of

snapshots of NLoS whereby S = [¢V, 0V, 7N]T. These val-
ues represent captured sensing information that characterizes
the behavior of users and their corresponding dynamic time-
varying enviornment. However, such vectors contain missing
values due to beam misalignments and the intermittent nature
of THz links. Our goal is to characterize the continual and fine-
grained behavior of users and the time varying environment
in these gaps, produced by beam misalignments, by predicting
the missing values of S* and S. The missing values in S
are captured by a masking sequence - = (2F =L ... =),
while the missing values in SN are found by its comple-
ment masking sequence ZV. Thus, when the user is in LoS,
=L = [1,1,1)7 and =N = [0,0,0]7. In contrast, in NLoS,
we have ZF = [0,0,0]7 and =¥ = [1,1,1]T. We also
define p(ST,...,8%) = TI,p(S/|S%,). To factorize this
probability, one can use the chain rule and train a deep
autoregressive model for imputation as in [27]. Nonetheless,
autoregressive models perform this task using sub-optimal
values when attempting to search the missing values and are
susceptible to error compounding for sequences with a long
range. Such autoregressive models assume that the current
value of a time series is a function of its past values. As
the length of the sequence increases, the number of required
past values also increases, resulting in a very large number of
parameters to estimate. Since we want to capture fine-grained
sensing information, our measurements can consist of long
sequences which can lead to overfitting and poor performance
in capturing long-term dependencies. This creates a mismatch
between the imputed sensing information that we must pre-
dict and the actual, observed indoor dynamics. To address
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these challenges, we propose a novel joint non-autoregressive
generative and adversarial approach, whereby a deep non-
autoregressive multi-resolution generative model [27] is used
to recover missing observational sensing information. Mean-
while, an encoder-decoder based transformer [28] uses the
new continual predicted sensing information to predict future
information.

The architecture of this deep non-autoregressive, multi-
resolution, generative model [27] consists of two components:
a) a forward-backward encoder that maps the incomplete
sequences of LoS and NLoS sensing sequences into hidden
representations, and b) a multi-resolution decoder that imputes
the missing values of LoS given the hidden representations
constructed in a).

1) Forward-backward encoder to represent missing sensing
information: Every ST, SV and its correspondm% mask
=% and =V are concatenated as ©F = ], and
eN = [SN ="]. The LoS and NLoS sensmg informa-
tion will undergo an encoder, which models a conditional
distribution of two sets of hidden states Fglven the sensmg
and masked input. We deﬁne THL = vT ) and
TEN = (EN Gf Ny as the forward hldden states as

1
well as Y& = ( v? L) as the backward hidden
states. Subsequently, the condltlonal probability distribution
functions will be:
p(Y"F|0") =

p( ‘U<t 7®<t)

:H

t=1

G,P
Uy

=

p(TF10") p(ve g, 05), (12)

o~

1

where P {L,N} indicates the LoS or NLoS path.
In (12), we can see that the product of distributions can be
parametrized via a forward and backward recurrent neural
network (RNN).

2) Multi-resolution decoder: After representing the missing
sensing information via forward and backward hidden state,
namely Y* := [Y&P TFP] the multi-resolution decoder
must learn the distribution of the complete sensing sequence
given such hidden states, i.e., p(S¥|Y”). This a multi-
resolution decoder can handle different time scales thereby

improving the generalizability of our prediction model with
respect to the rate of change of the environment. That is,
modeling different time scales, we can capture both short-term
and long-term dependencies in the data, which can be impor-
tant for accurate imputation. As in [27], our multi-resolution
decoder performs its decoding strategy from the most coarse
to the finest-grained resolutions. A decoder consisting of Z

resolutions is made up of decoding functions f*,..., f%,
each of which predicts every A, = 227% steps. To sele;ct
(i+J

the missing step ¢, which is close to the midpoint [*5%],
the decoder first finds two known steps ¢ and j as pivots
and, then, it determines the smallest resolution 2 that satisfies
A, < U 7’) . Using the forward states v/ and the backward
states v] the decoder updates the hldden states at time tx.
Subsequently, a decoding function f# is applied to map the
hidden states to the distribution over the outputs, denoted as
p(SF*|TF). Once an imputation round is complete, the mask
is updated to [1,1,1]7 and the process continues to the
next resolution.

—
—

3) Imputation Approach Learning Objective: Let S = Sx
be the collection of the comprehensive sensing informa-
tion (containing continual and uninterrupted sensing informa-
tion). Z,(S,=Z) represents our generative imputation model
parametrized by w, and p(E) is the prior over masking
computed by averaging the blockage score over previous time
slots. Thus, the system can be trained as follows:

T
Irgn ES*NSvaNp(E)VsNI(SaE) Z EI (St’ St) ’
t=1

where L; = HSt — StH2 Minimizing this objective func-
tion enables us to go from coarse grained sensing vectors with
missing information in regards to user behavior towards fine-
grained situational awareness which yields continual context
in regards to the user behavior and the environmental time-
varying dynamics until present time. Next, we discuss our

forecasting system.
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B. Adversarial Transformer for Future User Behavior and
Environment Forecasting

1) Forecasting Model Architecture: So far, we obtained a
comprehensive, complete, and continual sensing information
(until present time) that empowers both the network and XR
application to instantaneously respond to user and environmen-
tal behaviors. To enable proactive anticipatory intelligence,
i.e., the ability to proactively anticipate and respond to user
and environmental behaviors, we propose an encoder-decoder
based transformer structure and an auxiliary discriminator, as
in Fig. 3, as a forecasting system for our continual sensing
information. Encoder-decoder based transformers are known
to be good for time series forecasting by virtue of their
attention mechanisms in multi-head attention layers that allows
the transformer to capture long-term dependencies within the
continual sensing data outputed by our imputations. Similarly
to the neural network layer structure of [28], the encoder and
the decoder both contain an identical number of layers. Each
layer consists of a multi-head self attention layer and a feed-
forward network. For the transformer, given a novel architec-
ture family of transformations, namely, a-entmax (see [29],
[30]) was adopted®.

To improve the generalizability of our Al framework and
properly characterize the stochasticity of the data, we adopt an
adversarial training process. Rather than relying on minimizing
likelihood or quantile loss functions, we use the adversarial
training process to regularize the sensing data generated from
the encoder-decoder network. By doing so, we are able to
improve the robustness of our framework and better handle
variations in the data. Adversarial learning here enables the
framework to learn from both the observed and unobserved
data, thus improving its ability to generalize to new, unseen
data. Thus, per Fig. 3, a discriminator network is added to
our forecasting system to improve the time-variant accuracy.
Similarly to [28], the discriminator network consists of three
fully connected linear layers with LeakyReLu [31].

2) Forecasting Learning Objective: First, the goal of the
discriminator is to distinguish whether the input sensing data
are predicted or ground-truth values by computing the cross-
entropy loss function. Here, the encoder-decoder transformer
network acts as the generator G whose goal is to minimize the
quantile loss and adversarial loss. Henceforth, the goal of the
overall forecasting system is to optimize the following objec-
tive: where w® and w?” are the parameters of the generator
and discriminator respectively, 7 is the overall time span, P,
is the quantile loss (p-risk), AS;; = (S‘Zf —S;4), and Ay
is the trade-off hyperparameter between Lqq, and L,. The

8In essence, sparse attention models exhibit a form inductive bias that
increases focus on relevant sensing information and makes the continual
sensing sequence more interpretable as a result of the causality in the user’s
mobility.

network is able to learn how to generate more accurate and
reliable predictions by minimizing the quantile loss and ad-
versarial loss, as well as regularizing the sensing data through
the discriminator. This improves the generalizability of the
overall framework by allowing it to properly account for the
stochasticity of the data. Essentially, this adversarial generative
approach encourages the network to learn the underlying
distribution of the data, rather than simply memorizing the
training data. As a result, the network can better generalize
to new, unseen data, which is crucial for accurate future
prediction and subsequent robust optimization.

Given the aforementioned imputation and forecasting sys-
tems, our logical next step is to feed this information to the
communication system so as to minimize the handover costs
and improve the THz link resilience, as explained next.

V. QOPE-CENTRIC AND SENSING-AWARE HANDOVER
OPTIMIZATION

In this section, our goal is to leverage the comprehensive
and predictive sensing information that we extracted so as to
optimize the wireless XR system performance instantaneously.
To do so, we must first define the QoPE for XR users over
the reality-virtuality spectrum.

A. QoPE of XR users

In a THz network, handover optimization, whether in indoor
or outdoor settings, is paramount due to the dynamic and un-
predicatable nature of the environment. Essentially, THz links
have a limited range, narrow beamwidth, and are sensitive
to blockages (including self-blockage). Thus, while resources
such as bandwidth, resource blocks, or power are important,
handover has an immediate impact on the user QoPE as
it directly affects the ability to maintain a LoS link [16].
Traditionally, handover schemes rely on a combination of
parameters, which usually include signal-to-interference-plus-
noise-ratio (SINR) thresholding, signal strength, distance, and
quality-of-service (QoS) indicators. While these parameters
are effective in ensuring reliable connectivity in conventional
services, they fail to capture the user’s perspective or their
QoPE. Therefore, adopting existing handover schemes in per-
sonalized highly immersive experiences, such as XR appli-
cations, can disrupt the seamless user experience. Moreover,
as narrow THz beams are susceptible to micro-mobility and
micro-orientation, such handover techniques are likely to result
in frequent beam interruptions and a lack of continual connec-
tivity, negatively impacting the overall network performance.
Thus, we need more sophisticated handover schemes that con-
sider user-centric metrics and the unique THz characteristics.
Consequently, to design an XR user-centric handover scheme,
we must first tractably define the QoPE of XR users over the
reality-virtuality continuum from AR all the way to VR.

Definition 1: The QoPE of an XR user is given by:



B = (A Rq+ ARy) P(0 < Asty). (13)

Here, A1, A2, and A3 € [0,1], while R; and R, are the
downlink and uplink data rates respectively. ¢ is the E2E
delay that encompasses the transmission delay, the computing,
queuing, and handover delays. To characterize this continuum,
we define a parameter XN as the reality-virtuality scaling factor.
For fully virtual services (VR), X = 1, meanwhile for services
that overlay reality with augmented content (AR), X = 0.
Essentially, the QoPE must depend on the level of immersion
in the virtual world and thus on the defined scaling factor
N. Hence, \y — A2 x ¢® and A3 x (1 — ¢N), where ¢
depends on the XR generation and device requirements. For
instance, for X = 0, \;= Ao, as N increases, the gap between
A1 and Ay increases. This relationship is a byproduct of the
fact that, in AR a bidirectional high data rate is needed to
sustain a high QoPE; meanwhile, in VR the focus is only
on the downlink data rate. Furthermore, as N increases from
0 to 1, A3 decreases. This is because VR requires a higher
level of immersiveness and haptic feedback, and thus require
more stringent reliability measures. Meanwhile, AR does not
require full immersion. Hence, as shown in (14), we propose
a handover triggering condition that considers the present and
future sensing information as well as the QoPE of the user.
Essentially, the handover triggering criterion is designed to
initiate a “sensing-aware” handover when there is a potential
threat from present or future obstacles approaching the XR
user. This decision is made with a high degree of confidence in
our estimation. For current sensing information, the handover
is triggered when the CRLB falls below a specified thresh-
old. For future sensing information, the handover is initiated
when L7 drops below a predefined threshold. Furthermore,
when a behavior is not anticipated our handover scheme
instantaneously gets triggered when the QoPE of the user
drops. This enables a resilient decision making mechanism
that can flexibly interact with the environment regardless of
its dynamics and the accuracy of our estimated and predicted
sensing parameters.

Although our handover process is sophisticated, the XR
user experience can still be slightly degraded during this
time, especially when a handover occurs due to QoPE drops.
To ensure optimal performance, our network optimization
framework must discourage frequent handovers that increase
E2E delay and impact QoPE. Therefore, we propose a user-
centric handover cost and the total number of handovers per
meter for a user u as follows:

= min(huvuﬁz, 1),

Zne/\/ EbeB {P [mbm,u(t)xb,n,u(t -1)= 0]}

D, ’
where xy, 5, ,, = 1, if user u is associated to subarray n of RIS
b, and 2y ., = 0 otherwise, v, is the velocity of XR user
u, D, is the total distance traveled by user u, and 192 is the
handover time delay.

hy =

15)

B. Handover Optimization and User Association Problem
Formulation

To guarantee a seamless experience to each and every XR
user simultaneously, our goal is to minimize the handover

cost defined in (15), while guaranteeing a high QoPE for
every single user instantaneously. This optimization must also
be cognizant of the estimated sensing parameters and their
corresponding errors. In essence, performing handover based
on erroneous sensing information will jeopardize the network
performance. Hence, we first define the collective utility of all
the active subarrays as follows:

G(x) = lim

"
Jim 33T S i (8)Bunalt) x (1-0().

t uweld neN beB
(16)

Here, we can see that this utility is defined instataneously
and considers the handover cost defined (15), the QoPE
of every XR user which are both a function of the link
made between the XR user and their associated RIS array.
Moreover, the goal of the RISs is to find optimal han-
dover strategies that maximize the collective team utility. Let
o, (To,u,m (0|20, (E — 1), Slin,u(t’ t+1), SI])\,fn,u(ta t+1))
be the strategy of subarray n in RIS b that is defined as the
probability that the considered subarray serves user u at time
t, after successfully serving user v at ¢ — 1. This probability
is further conditioned on the available QoPE S, ,,,(¢) and
the situational awareness of the current and future time slots
S (t,t + 1) and SéYn/(t,t + 1). As such, the expected
collective utility is given by:

Gm) =Y G@) [[ IT T1 7o @oun(®)@un(t = 1),

reX beBneN ueld
Bump(t), S¥(t, t +1), SN (t,t + 1)),

where X is the set of all possible associations that subarray
n of RIS b can perform at time ¢. We seek to find a handover
policy that optimizes the data rate, continuity, and robustness
over all the active THz links of the RISs’s subarrays. We
thus, formulate the handover and user association problem
of an RIS-assisted THz indoor network serving XR users:
(17a) maximizes the time average of QoPE of active users
associated to subarrays, while taking into account the han-
dover cost. (17b) and (17c¢) take into account each user’s
downlink/uplink data rate and reliability explicitly. (17b) is
the downlink/uplink condition that guarantees the satisfaction
of the rate requirement based on the type of XR service
on the virtuality-reality spectrum. Similarly, (17c) is the
reliability condition that guarantees that the E2E delay is
less than a desired threshold. This E2E delay considers the
computing, queuing, transmission, and handover latency. (17d)
and (17e) are feasibility conditions. From (17), one observes
that the objective function is non-convex. Furthermore, (17a)
exhibits multiple inter-dependent and correlated parameters
such as the QoPE, the E2E delay, and the handover cost.
Additionally, the binary association decision variable wy .,
makes this problem difficult to solve via vanilla non-convex
optimization frameworks. Optimally solving this problem, i.e.,
guaranteeing bidirectional rate, reliability, and low latency for
all XR simultaneously and instantaneously requires imposing
restrictions or assumption on mobility, blockage, or the sensed
environment. However, making such assumptions would not
provide an accurate representation of the dynamic behavior
of the THz network and the way in which XR users interact
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with it. Consequently, to address the highly varying, dynamic,
and non-stationary nature of the THz channel and XR user
behavior, we propose a novel semi-distributed multi-agent
RL framework that can fulfill the personal requirements of
individual users while shrinking the gap between the best-case
and worst-case performance. This framework enables agents to
learn from their experiences, from the predicted and forecasted
sensing information in Section IV, and adapt their decision-
making process based on the current/future network conditions
and user requirements, resulting in a more efficient, resilient,
and personalized performance.

C. Semi-Distributed Multi-Agent RL for Robust Handover
Optimization

Given that the goal of (17) is to deliver a user-centric QoPE,
it cannot be solved through a fully centralized approach where
a central server makes handover decisions without considering
the specific needs of individual users. Due to the highly
dynamic and non-stationary nature of the THz channel and
the diverse needs of individual users, achieving instantaneous
reliability for all users at all times is challenging. We adopt
a resilient and robust approach in our optimization solution
to address the inherent uncertainties and variations in the
system. Instead of solely focusing on maximizing the QoPE
or reliability, we aim to find mechanisms that enable a quick
rebound from occasional dips in performance. By adopting
such an approach, we ensure that the system remains adaptable
and can function optimally under varying conditions and
scenarios. Consequently, we propose a novel semi-distributed
multi-agent RL framework that brainstorms collaboratively
yet executes individually. That is to address individual user’s
complex time varying requirements, every subarray will have
its own neural network to prioritize decision-making for its
tagged user. To account for the welfare of the overall network,
a centralized feedback characterizing the QoPE of all other
users, will be communicated from the central mobile edge
computing (MEC) server to the reward of each subarray and
its tagged user. Thus, guaranteeing the maximization of the
collective utility in (17a).

In fact, the main goal when solving (17) is to find a policy
for each subarray that can maximize the individual QoPE
requirements of its associated XR user given the available
sensing information, while maximizing the collective utility,
i.e., focusing on individual QoPE while not overshadowing the
collective performance. Furthermore, the obtained continual
and future sensing information may be erroneous and do not
always reflect the ground truth of each subarray. That is,
in (14), we can see that the handover process is a function
of the accuracy of estimations and predictions, thus our
environment is partially observable. We next introduce the
components of our semi-distributed multi-agent RL frame-
work:

o Agents: The agents are the subarrays in A/ of all the RIS-

operated RISs in B.

e Observations: To ensure fair collaboration
among  subarrays, each agent observes its
sensing information, the QoPE of its user, and
the sum of QOPE of all active users’. Thus,
Opnu(t) = [Tynut — 1), 8%t + 1),8N(t,t +

1)a Bu,n,b(t)v ZbEB Zné/\/ ngueu Th,u,n (t)ﬂu,n,b(t)7 pu]~

The set of observations of all the subarrays of all the RISs
is O ={00,0,,...,0:}, where O; = [0] |,...,05 y]
are the states of the subarrays at time step t. This
enables each subarray to make a decision based on its
locally available measurements as well as the previous
association performed.

o Action: The action of each agent is to perform a handover
decision or to maintain the currently active link. This
decision requires modifying xy ;. (¢)’s binary value and
adjusting the beam of the considered subarray to the
new or currently associated user, based on their tracking
information in S*(t), 8™ (t). These actions are given by
a;=la11(t),...,ap n(t)] € A

o Strategies: Each subarray’s strategy is the handover and
user association in (17).

9Such observations can be made available by measuring the up-
link/downlink sum rates at the RIS-operated BSs, and by performing a ping
that enables measuring the E2E delay and reliability.



TABLE I: Simulation Parameters.

Parameters Values Parameters Values

Carrier Frequency f 0.275THz Number of VR users V' 20

Noise power spectrum density at UE 02 | —174dBm/Hz Number of antennas in each RIS subarray N 64 antennas
Transmit power at SBS p 30dBm Number of antennas for each XR user equipment (UE) | 32 antennas
Bandwidth W 30 GHz Water Vapor 1%

LeakyRelu Layers Three fully connected layers || p-risk {0.5, 0.9}
Optimizer Adam Velocity of users vy, {3.0,5.5}km/h
Number of Hidden Layers 1024 d Initial Learning Rate 0.001

Batch Size 256 Learning Rate Decay 0.5 every ten epochs

o History: The history of each agent is defined as the set
of all measurements, observations, and actions collected
up to time ¢ so as to enable each learning agent oppor-
tunistically learn the time-varying nature of the policy.
Hyn(t) = {apn(t), T nu(t —1), 8"t t +1), SN (t,t +
1), Bunp (), 2 izucs Bunb(t), put. Here, it is important
to note that while each subarray takes actions following
its own user-centric strategy, from an RL perspective,
one might think they are unaware of the actions being
made from other UEs. That said, S (t,¢ + 1) provides
a local situational awareness of the surrounding blockers
as well as a future prediction of this local area. In other
words, each agent is only cognizant of the actions of other
agents that may affect them. The centralized feedback
ZbeB Znej\/ Zi;ﬁueu zb,u,n(t)ﬂu,n,b(t) enables Weigh'
ing each agent’s contribution to the total welfare of the
network.

e Reward: The reward of our system is designed in a semi-
distributed fashion. That is, the reward of each subarrary
must measure the benefit of a selected action on: a) its
current, established link, and b) the effect of the action
on the overall network’s robustness and resilience. Thus,
we have: 7y 5, (t) = Tpn,0 () Bun,b(t) X (1 — 0pnu(t)) +
Co,n Zi;éueu Zne/\/ ZbeB Ty 0 (t) Bun b (t), where
Co,n € (0,1) that can be tuned based on factors such
as the a) the density of users in the network, b) the
carrier frequency and the corresponding beamwidth, c)
the level of cooperation needed to achieve desirable
results. The accumulated discounted reward can be given
by Rpn(t) = ZZ,—:t A=ty (t) where 7 is the discount
factor. This accumulated reward exemplifies maximizing
the collective utility in (17a) in an individualistic and
instantaneous way that can still improve the collective
performance. Here, v = 0 amplifies the current
instantaneous performance only, while ignoring any
lessons that can be leveraged from previous handover
policy. Meanwhile, v = 1 would average out the return.
Note that, the optimal objective of maximizing the user’s
instantaneous QoPE requires incorporating past handover
policies and user associations, which is why setting
~ = 0 would result in a suboptimal learning process.

To address the time-varying and non-stationarity nature of
the THz network as well as the complexity of the multi-
agent partially observable process, every agent or subarray
adopts a hysteretic deep recurrent Q-network [32], [33]. In
essence, each subarray n as acts as quasi-independent learner
(not fully independent as the centralized feedback depends on
other agents) and maintains its own hysteretic deep recurrent

Q-network. In contrast to overly-optimistic multi-agent RL
frameworks like vanilla distributed deep Q-learning, which
tend to overlook low returns caused by teammates’ exploratory
actions and subsequently result in significant overestimation of
Q-values in stochastic environments, hysteretic deep recurrent
Q-networks can discern that low returns may stem from
environmental stochasticity and should not be disregarded.
This approach is particularly crucial for optimizing THz
networks, which are susceptible to extreme events like sudden
blockages and molecular absorption, as well as micro-mobility
and micro-orientation changes. By taking the dynamic and
unpredictable nature of the environment into account, this
approach allows for improved adaptation and optimization,
ensuring that the reliability of the system is maintained and
quickly restored following intermittent THz links. This is
particularly crucial in providing uninterrupted and dependable
service for XR users, whose needs may change over time,
and guarantees a resilient user experience that can promptly
recover from any disruptions. Moreover, the semi-distributed
learning framework used in this approach ensures guaranteed
convergence due to the adoption of asynchronous updates,
where agents update their policy and value function inde-
pendently and asynchronously. Although the optimality of
the solution may not be guaranteed in highly dynamic and
non-stationary environments like THz networks, the quick
adaptation of deep hysteretic networks enables the system
to maintain robust and resilient performance in response to
unpredictable user behavior.

Hysteretic deep recurrent Q-networks leverage two distinct
learning rates to handle the complex dynamics of the learning
process. The first learning rate, 7;, is used when the temporal
difference (TD)-error is non-negative. In contrast, the second
learning rate, 79, is much smaller and is utilized to slow
down the degradation of Q-values associated with previously
positive experiences resulting from successful operations [32].
By implementing this approach, hysteresis is introduced, al-
lowing subarrays to be more resilient against negative learning,
exploration, and concurrent actions. This approach signifi-
cantly improves the stability and robustness of the learning
process, leading to better overall performance and expedited
convergence.

Similarly to [33], the deep hysteretic Q-network adopted is
with one input layer, two fully connected hidden layers, one
RNN hidden layer, a dueling layer, and an output layer. The
subarray’s local observations and the estimated state-action
value Qy.,, respectively define the input and output layer of the
hysteretic deep recurrent Q-network. Multi-agent RL frame-
works are known to face the challenge of shadowed equilibria,
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a phenomenon where local observations and non-stationarity
cause locally optimal actions to become suboptimal at the
global level [34]. Addressing this challenge effectively and
stabilizing the learning process is crucial. To ensure a resilient
policy for each subarray and enable a smooth recovery from
sudden disruptions of THz links, we stabilize the learning
process using a synchronized sampling strategy known as
concurrent experience replay trajectories [32].

VI. SIMULATION RESULTS AND ANALYSIS

For our simulations, we consider an indoor area modeled
as a square of size 24m X 24m whereby the RISs are
deployed over its three walls. The molecular absorption was
obtained from the sub-THz model in [35] with 1% of water
vapor molecules. The main simulation parameters as shown
in Table I and were chosen according standard parameters
used in [16], [27], [36]. For AR, we set \;y = 1,Ay = 1,
and A3 = 1. For VR, we set \y = 1,As = 0.6, and
As = 0.8, and, finally for MR, we let A\; = 0.9, A2 = 0.9,
and A3 = 0.95. The reliability threshold set 14, = 24ms.
VR services ensure the immersion in a virtual world by
guaranteeing the a QoPE below the 20ms as A3 = 0.8 for
VR. The network was simulated with data generated from XR
users moving according to a random walk scheme as well as a
WiFi positioning dataset [37] so as to have a general scheme
for user mobility. The simulation was performed on MATLAB
and all statistical results are averaged over 10, 000 independent
runs.

In Fig. 4, the total spectral efficiency defined as in [38]
is shown. Fig. 4 clearly shows the benefits of deploying a
joint sensing and communication system that shares hardware,
waveform, and spectrum. In fact, our proposed joint sensing
and communication approach achieves a 42 % and 75 % im-
provement respectively compared to a communication system
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Fig. 6: Generalizability of our integrated imputation and forcesating
system with respect to (a) Fluctuations in the number of users in/out

of the indoor area, and (b) Fluctuations in user’s speed (m/s).

with beam training and a standalone sensing and communica-
tion system. Fig. 5 illustrates the impact of varying bandwidth
and carrier frequency on the CRLB and the mean squared
error (MSE). As anticipated, higher bandwidths generally
lead to a reduction in the CRLB. However, the relationship
between the CRLB and carrier frequencies is non-monotonic.
Specifically, within the frequency range of 0.1 THz to 1 THz,
the CRLB decreases. Beyond this range, particularly at higher
carrier frequencies, the CRLB begins to increase again due
to the presence of more pronounced molecular absorption
lines. Moreover, Fig. 5 indicates that increasing the bandwidth
within the higher carrier frequency range (1 THz to 5 THz)
can result in a decrease in the CRLB. Similar trends are
observed for the MSE, which, like the CRLB, exhibits lower
values with increased bandwidth and within the 0.1 THz to
1 THz carrier frequency range. The average and maximum
values of the CRLB and MSE are noteworthy. The CRLB
averages at 1.9285 uym and peaks at 32 um. In comparison, the
MSE demonstrates a similar behavior concerning bandwidth
and carrier frequency but with higher average and maximum
values, reaching up to 2.73 um and 33.457 pm .

In Figure 6, we present an evaluation of the generalizability
of our integrated imputation and forecasting system in the
context of dynamic fluctuations and novel user behaviors,
particularly new mobility patterns refined during the testing
phase. Our comparison against established models, includ-
ing RNN-based and transformer-based models, renowned for
their effectiveness in predicting temporal dynamics, as doc-
umented in [39], serves as a benchmark for our approach.
We plot both the MSE for the imputation system and the
normalized quantile risk loss (QRL) for forecasting, which
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exhibit similar behavior. In particular, our proposed scheme
consistently maintains a low MSE even amidst heightened user
number fluctuations and increased user speed, as showcased
in Figure 6. Conversely, deep learning models relying on
fixed datasets and harboring inherent biases struggle to adapt
to such fluctuations and novel behavioral patterns. As these
fluctuations and unforeseen behavioral patterns intensify, the
system’s ability to generalize rapidly deteriorates, resulting in
a substantial increase in both MSE and quantile risk loss. Fur-
thermore, we investigate the variance of the MSE for the impu-
tation system, denoted as for the three distinctive frameworks
(propose framework, supervised transformed-based RNN, and
supervised RNN), which result in a variance of respectively:
(2.22 x 1074,0.0027,0.0069) when varying the number of
users, and (6.02 x 107%,0.0037,0.0080) when altering the
user’s speed. These values highlight our framework’s superior
resilience, with the smallest variance observed. In contrast,
the supervised RNN exhibits the highest variance and lowest
resilience due to its lack of adaptability. This underscores the
robustness of our approach in handling variations in input data
and model settings. Moreover, the quantile risk loss showcases
more pronounced losses for higher fluctuating user speeds
and numbers, especially for the benchamrks compared, as
it characterizes the 95th percentile of the loss function. In
other words, the quantile risk loss showcases an increased gap
between our proposed framworks and our benchmark. This as-
pect is particularly crucial in a THz system to minimize worst-
case scenarios resulting from extreme events, as emphasized
in [16].

In Fig. 7a, the QoPE of an XR user (over different XR
scenarios on the continuum) is evaluated. We compare our
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Fig. 8: Reward versus online training episodes

proposed approach with communication-only schemes that use
known CSI and beam tracking so as to study the potential
benefits of joint sensing and Al-driven situational awareness
in enhancing communication system. First, we observe that
maintaining a high AR QoPE is much easier than MR and
VR. The difference in QoPE increases because of extreme
events such as blockages around time 200 ms and 600 ms.
Fig. 7a shows that our proposed approach is able to recover
easily from blockages and thereby demonstrating a high re-
silience. This is by virtue of the network optimization design
as well as the knowledge of future time slots. Meanwhile,
for communication only schemes with known CSI and beam
tracking, the time needed to recover from such extreme events
is much longer (by 270 ms). In fact, by virtue of our semi-
distributed, sensing-aware, and QoPE-centric approach, our
proposed approach achieves gains of 60.27% and 110%
when compared to known CSI and beam tracking schemes
respectively. We observe a similar behavior for the reliability
in Fig. 7b. Indeed, the reliability of VR (compared to AR
and MR) is more difficult to maintain, as it requires a more
stringent E2E delay bound. Furthermore, similar to the QoPE
we can see that the reliability of the system takes time to
recover from disruption in links in the known CSI and beam
tracking schemes. Fig. 7b shows that, our proposed approach
achieves 61 % and 78 % gains in the reliability compared to
known CSI and beam tracking schemes.

In Fig. 8, the average reward and the worst-case user reward
of our proposed approach are evaluated and compared to
fully centralized deep RL schemes. Here, the fully centralized
schemes follow architectures that are similar to the ones
discussed in [40]. From Fig. 8, we observe that, for the average
and the worst-case user, our semi-distributed deep Q hysteretic
RL scheme achieves higher rewards than fully a centralized
deep RL schemes. In fact, we can see that the worst-case
reward of our proposed approach is higher than the average-
reward of centralized deep RL schemes. When comparing
with centralized vanilla deep RL frameworks, we observe a
1.5-fold improvement in the average reward and a two-fold
improvement in the worst-case reward. These results clearly
validate the superiority of our semi-distributed architecture
over fully centralized deep RL schemes to optimize our
system, showcasing substantial improvements in both average
and worst-case rewards.



VII. CONCLUSION

In this paper, we have proposed a novel joint sensing,
communication, and Al approach for achieving optimized and
resilient wireless XR experiences at THz bands. We leverage
THz-operated RISs as base stations to extract sensing pa-
rameters by opportunistically utilizing uplink communication
waveforms. Our framework comprises a tensor decomposition
framework, a non-autoregressive multi-resolution generative
Al framework with an adversarial transformer, and a QoPE-
centric and sensing-driven optimization that uses a semi-
distributed multi-agent deep recurrent hysteretic Q-neural net-
work. Our goal is to maximize individual QoPEs and improve
the robustness and resilience of THz links. Through our
analysis and simulations, we have concluded the following
observations:

« Deploying THz base stations at carrier frequencies higher
than 1 THz is challenging in the sensing and commu-
nication realm. Although such bands may offer high
bandwidths for high-resolution sensing and data rates, our
results show that the possibility of performing erroneous
sensing estimates increases due to molecular absorption
lines. Hence, there is a need for open problems that enable
higher rates at the sub-THz spectrum [1].

« Ensuring an instantaneous reliability of five nines with
THz frequencies alone remains challenging even with
sensing. However, by combining sensing and Al, we can
better control future networks and make them more robust
and resilient. Further research is needed to explore the im-
pact of joint sensing, communication, and Al in a multi-
band scheme that integrates sub-6 GHz, millimeter wave
(mmWave), and THz frequencies to achieve resilient
five nines reliabilities and high quality of personalized
experience.

« Novel intelligence-centric metrics similar to the QoPE
should be proposed to ensure the requirements of future
6G and beyond applications are met. The resilience of
certain application metrics must be evaluated with respect
to time, specifically how quickly they rebound to their
acceptable range. This is especially important for future
6G applications that require instantaneous performance.

APPENDIX
A. Proof of Theorem 1
Problem (7) can be solved efficiently by the alternating least
squares matrix factorization procedure [41]. Since we deal
with a third order tensor, this factorization has three iterative
steps. Then, it fixes two factor matrices and minimizes the
error with respect to the considered factor matrix as:

~ ~ ~ ~ 2
A(Hl) = argmin HYZ’(I) — (Cm O] B(t>) ATH ,
A F
~ ~ ~ ~ 2
B =argmin |[Y7 i - (€ 0 a") B
B F
—~ ~ — ~ 2
&% — argmin HYrTL,(:n - (B(t“) ® A“H)) CTH . (18)
C F

where, © is the Khatri-Rao product symbol. The exact factor
matrices are related to their estimates according to: A =

AJ\T + E,, B= BJsl' + Ey, C = CJ;T + E3, where
{J1,J2, J3} are unknown nonsingular diagonal matrices that
satisfy J1JoJ3 = I, IT' is an unknown permutation matrix,
and {E;, Eo, E3} are estimation error matrices. By applying
a maximum likelihood estimator on each one of the equations
and assuming that the estimation error matrices { E1, E2, F3}
follow an independently and identically distributed (i.i.d.)
circularly symmetric Gaussian distribution [26], we obtain (8),
(9), and (10).

B. Proof of Lemma 1

Proving the uniqueness of our sensing parameters requires
proving that the CP decomposition of x is unique under
mild conditions with scaling and permutation ambiguities.
In essence, the Kruskal’s condition [42] guarantee the CP
decomposition if the following condition is met: k4 + kp +
kc > 2P +2, where k4, kg, and k¢ are the Kruskal ranks of
matrices A, B, C and P is the number of THz links. In fact,
the Kruskal-rank of a matrix is defined the maximum number
of any linearly independent columns that can be identified in a
matrix. Based on [24], k4 and kp also denote the upper bound
on the maximum number of links that can be distinguished.
Hence, when this upper bound condition is satisfied, one can
write the Kruskal-rank of the matrices A, B, C: ky =
min(J, P), kg =min(T,P), ko = min(K,P). As we
are operating in the THz frequencies, the number of links
available is quite limited, primarily restricted to either LoS
or NLoS. However, the number of antennas and subcarriers at
our disposal is significantly large. Consequently, the Kruskal
condition is fulfilled, which ensures the uniqueness of our
solution.
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