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Abstract— Metaverse streaming, as one of the key wireless
services over 6G mobile networks, generates the delay/error-
sensitive and bandwidth-intensive wireless traffics with stringent
quality-of-service (QoS) requirements. Consequently, metaverse
streaming can be modeled as a new type of massive ultra-reliable
low-latency communications (mURLLC) traffic over 6G mobile
networks. However, how to efficiently support metaverse stream-
ing with constrained wireless resources and dynamic network
conditions has imposed many new challenges not encountered
before. To conquer these difficulties, in this paper we propose
the Neyman-Pearson criterion driven network functions virtu-
alization (NFV) and software-defined network (SDN) architec-
tures and optimal resource-allocations for statistical-QoS theory
based mURLLC streaming over 6G metaverse mobile networks
using finite blocklength coding (FBC). First, we use Neyman-
Pearson hypothesis tests for characterizing metaverse streaming
requests’ distribution profiles to predict their future accessing
frequencies/patterns. Second, our formulated NFV/SDN architec-
tures and virtual-network slices are assigned to the designated
metaverse mobile users with the same predicted data request
distributions, categories, and statistical-QoS requirements. Third,
integrating the statistical QoS theory with FBC, we develop
metaverse-streaming schemes by maximizing aggregate e-effective
capacity and deriving optimal transmit power allocations. Finally,
we use numerical analyses to validate and evaluate our proposed
schemes over 6G mobile networks.

Index Terms— 6G, metaverse, Neyman-Pearson test, m-MIMO,
e-effective capacity, statistical delay/error-rate bounded QoS.

I. INTRODUCTION

HE 6G wireless networks are envisioned to provide
various advanced wireless services featuring massive
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access/connection, ultra-reliability, low latency, intelligence,
and security while maximizing spectral and power efficiencies.
Widely recognized as a new wave of wireless technologies,
metaverse streaming provides immersive environments, includ-
ing digital twins (DTs), in the virtual space generated by
computers for communications. Metaverse streaming is con-
sidered to be a type of massive ultra-reliable and low-latency
communications (mURLLC) service, which is expected to be
the dominant traffic type in 6G networks supporting massive
numbers of mobile users (MUs) demanding stringent quality
of service (QoS) requirements with one-way radio latency less
than 1 ms and successful-transmission probability higher than
99.99999% [1], [2].

The integration of widely envisioned 6G key wireless tech-
niques including massive multiple-input and multiple-output
(massive-MIMO) [3], [4], [5], statistical QoS theory [6], [7],
[81, [9], [10], [L1], finite blocklength coding (FBC) [12],
etc., is expected to provide an efficient solution to implement
mURLLC transmissions [3], [4], [13]. Using massive numbers
of antennas on the base station (BS) or multiple antennas on
the access point (AP), it is possible to direct the main beam
of signal waves towards the targeted MUs, serve more users
through the spatial multiplexing, and mitigate the multipath
effect via the spatial diversity provided by different MIMO
antennas. The conventional Shannon theory based analysis is
usually not applicable for simultaneously guaranteeing both
the low-latency and the high-reliability of wireless transmis-
sions, because the traditional Shannon formalism is based on
the assumption that the coding block length tends to infinity
to achieve arbitrarily-high or even perfect reliability. Towards
this end, the statistical QoS theory has been proposed to
support both statistical delay and error-rate bounded QoS pro-
visioning for wireless transmissions over time-varying wireless
fading channels. Furthermore, the FBC technique has been
developed to enable small packet communications for adap-
tive error-control and real-time transmissions, where senders
encode their messages into short packets (i.e., packets with
small numbers of bits) to reduce the transmission latency while
constraining and controlling the decoding error probability.

There have been various studies conducted on meta-
verse streaming transmissions and techniques. The authors
of [14] proposed a distributed collaborative computing frame-
work for vehicular metaverse streaming by employing coded
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distributed computing and blockchain schemes. The work
of [15] proposed a novel digital twin scheme to support meta-
verse communications by jointly integrating communications,
computations, and storage techniques through the applications
of mobile edge computing and mURLLC. To study the inter-
action between the metaverse service provider and the network
infrastructure provider, the work of [16] designed an optimal
framework to maximize the quality of experience for meta-
verse users. An edge computing-assisted metaverse system is
designed by [17] to partially offload the sensing data col-
lected from physical objects to the edge computing platform,
ensuring the promptness of metaverse services and satisfying
latency requirements of metaverse users. However, in addi-
tion to the stringent QoS provisioning for general mURLLC
streaming, metaverse streaming also need to take into account
humans’ activities, e.g, data items’ accessing/requesting, fre-
quencies/patterns, heterogeneous QoS requirements, and MU’s
mobility, etc., which impose a number of new challenges. One
of the main challenges is how to predict humans’ behaviors in
terms of data-access frequencies and patterns so that we can
optimize network architectures and resource allocations [18]
to best fit and improve the statistical QoS in human-centric
metaverse mobile wireless networks.

To efficiently integrate the above described 6G techniques
and architectures and optimize the wireless resource-allocation
for supporting human-centric metaverse streaming, in this
paper we propose to develop the Neyman-Pearson cri-
terion driven network functions virtualization (NFV) and
software-defined network (SDN) [19], [20] architectures
and optimal resource-allocations for statistical-QoS based
mURLLC-streaming over 6G human-centric metaverse mobile
networks using FBC. We apply the Neyman-Pearson crite-
rion based sequential hypothesis testing technique [21], [22],
[23] to predict humans’ activities, in terms of data-content
items’ requests probability distribution profile. The sequential
hypothesis testing technique has been broadly applied in a
large number of detection applications because it provides
efficient rules to make a decision by accepting one of multiple
hypotheses at any stage in a sequence of observations. In the
setting of this paper, the hypothesis represents the metaverse
mobile networks’ claim/statement on the distribution for a
sequence of stochastic observations regarding that an MU
requests/accesses the designated metaverse data item. Here,
in order to apply sequential testing, we observe a set of
data items’ requests and calculate the likelihood ratio of
these data requests. We accept one of a set of appropriate
hypotheses accordingly or take another observation, depending
on the threshold regions of the likelihood ratio. We repeat
these procedures until a hypothesis is selected. In this paper,
we model the probability distributions of MUs’ requests for
metaverse data items as a series of Zipf distributions, and each
hypothesis is characterized by an individual Zipf distribution
with a specific parameter.

In particular, first our proposed schemes conduct a Neyman-
Pearson criterion based sequential hypothesis test, the outcome
of which is the prediction of an MU’s requesting probability
distribution for metaverse streaming. Using the obtained
prediction of metaverse request distributions, we formulate

and select the NFV and SDN architectures to implement the
metaverse streaming while satisfying data items’ statistical
delay and error-rate bounded QoS requirements, through
adaptively designing the optimal network architectures and
allocating the necessary wireless resources. Second, our
schemes map MUs that are estimated to have the same data
request probability distribution into one virtual network slice,
since each data request probability distribution represents a
specific category of metaverse streaming (e.g., virtual-reality
(VR) online gaming, e-health care, etc.) and metaverse data
in the same category share the same delay and error-rate
bounded QoS requirements. Finally, combining the statistical
QoS theory and FBC, we derive a number of closed-form
expressions to accurately model and analyze our newly defined
metaverse streaming performance metrics and controlling
functions, including the optimal transmit power allocation
policies and the corresponding maximum e-effective capacity
functions, etc.

The rest of this paper is organized as follows. Section II
establishes systems models for our proposed Neyman-Pearson
criterion hypothesis testing driven NFV/SDN architectures for
statistical-QoS based mURLLC-streaming over 6G human-
centric metaverse mobile networks using FBC. Section III
develops the decision making schemes to derive the opti-
mal sequential hypothesis testing. Section IV creates the
modeling framework and a set of performance metrics to
characterize and analyze our proposed metaverse streaming
schemes by deriving the aggregate e-effective capacity and the
optimal transmit power allocations to maximize the aggregate
e-effective capacity. Section V validates and evaluates our
developed schemes and our derived analytical results for
supporting the statistical delay and error-rate bounded QoS
based metaverse streaming in the non-asymptotic regime. This
paper concludes with Section VI.

II. THE SYSTEM MODELS FOR OUR PROPOSED
METAVERSE-STREAMING SCHEMES

A. Neyman-Pearson Criterion Driven NFV/SDN Architectures
Over 6G Metaverse Wireless Networks

Figure 1 shows our proposed Neyman-Pearson criterion
driven NFV/SDN architectural system models to support meta-
verse streaming with mURLLC traffic requirements over 6G
mobile networks. Since the 6G metaverse streaming includes
different types of traffic, such as VR-based online gaming,
high-resolution video streaming, digital twins, e-health-care,
conference, and education, etc., MUs that request different
categories of metaverse streaming demand diverse statistical
QoS requirements. In Fig. 1, we map each category of
metaverse streaming into one virtual network slice, enabling
the sharing of all wireless network functionalities among
multiple metaverse service providers and transmitting different
metaverse services under diverse QoS requirements and logical
architectures through the same infrastructure. The SDN-based
computing algorithm dynamically allocates wireless resources
(i.e., transmit power, sub-channels, etc.) to different network
slices, maximizing the overall networks performance met-
rics. Physical devices function as simple packet forwarding
devices (data plane). The intelligent control logic functions
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The system models of our proposed Neyman-Pearson hypothesis testing driven network-functions virtualization and software-defined architectures

and optimal resource allocations for statistical-QoS based mURLLC-streaming over 6G human-centric metaverse (virtual-reality) mobile networks using FBC,
where hypotheses H;, H;, and H,, with ¢, j,v € J and i # j # v, represent three different metaverse data request probability-distributions profiles.

are performed by the control plane that assigns wireless
resources based on the MU’s metaverse service types and
their corresponding statistical QoS requirements. As shown in
Fig. 1, each metaverse MU communicates (down-stream/up-
stream) with the massive-MIMO BS or MIMO AP by using
the FBC technique with a finite blocklength equal to n.

B. Our Proposed Neyman-Pearson Criterion Based
Sequential Hypothesis Test for Metaverse Streaming

Assume that we take an observation for an MU’s requested
metaverse data item at each time slot. Let ¢ be the index of
the time slot/stage, where ¢ € {1,2,3,---}. Define {X,}
as a sequence of random variables taking values on a set
of all metaverse data-content items D = {1,2,..., D} with
|D| = D denoting the total number of different metaverse data
content items, where X, is the observation random variable for
the requested data item by an MU at the time slot ¢g. Assume
that elements in {X,},Vq, are independent and identically
distributed (i.i.d.) random variables. We consider multiple
hypotheses {H;},Vj € J = {0,1,2,...,J}. Hypothesis
‘H; implies that X, follows the probability distribution P;
(i.e., metaverse data request probability distribution at the time
slot ¢ is P;), which is a probability measure as follows:

Hj : Xq ~ Pj = Zipf('f'j, D), A r; € (fj,€j+1], (D)

where Zipf(r;, D), Vj, denotes the Zipf distribution with the
exponent r;; and we also define §, = 0; & > 0,Vj > 1;
and §;11 > &;. The probability mass function (pmf) for

the dth data content item, Vd € {1,2,...,D}, of a Zipf
distribution is given by
d="i
fryld) = < @
Dh—1 k7T

Assume f. (d) # fr,(d) if j # i. Let ¢ be the total number
of time slots for observing an MU’s data requests. Define z( )
as the likelihood ratio of the hypothesis H;,Vj € J, to the

hypothesis H;, Vi € J, by the time slot ¢, which is given as
follows [24]:

3)

where X, € D. According to [25], we also define the log
likelihood ratio of the conditional density functions, denoted

by Z,;:(q), as follows:
7Xq1))
vqul) .

st o (Lol

f’f'i(Xq‘Xl’X27 e
Based on Eq. (3) and Eq. (4), we define the sequential hypoth-
esis test [25], [26] by two sequences of decision functions
(¢¥t)t>0 and (8¢)¢>0, where ¢y: D' — T is the stopping
rule, denoted by ¢, that maps the current observations to
a decision that stops the testing at time slot/stage 7'; and
d;: Dt — {0,1,...,J}, where 6; = j corresponds to a
decision for accepting H; upon stopping. For the rest of this
paper, we formally denote our proposed sequential hypothesis
test by the decision-functions pair: (34, d¢).

We propose to estimate an MU’s future metaverse data
requests, in terms of a Zipf distribution with a specific param-
eter r;, by using the Neyman-Pearson criterion [27] based
sequential hypothesis testing according to the observations for
this MU’s past data requests. We define two types of errors:
Type I error is defined as “Reject H; (i.e., accept H;,i # j)
when H; is the actual MU’s data request distribution” and
Type II error is defined as “Accept H; when H;,i # j, is
the actual MU’s data request distribution”. Type I error can

“4)
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be considered as the false alarm and Type II error can be con-
sidered as the miss detection. We denote the probabilities of
Type I and Type Il errors as PF(j, 1) and PM(j, %), respectively.
Then, the hypothesis hitting probability, denoted by PH(j, j),
can be written as PH(j,j) =1 — ", PF(j,4). For a decision
rule &;, we define the error probability P¥(j, i) as follows:

PR(j,i) = Pi{6y =i}, if j#i (3)

where P;{-} represents the probability of an event under the
hypothesis H; being true, and define the hypothesis hitting
probability PH(j, j) as follows:

PU(j,5) = Pi{6, = j},

We apply Neyman-Pearson criterion based hypothesis testing
scheme to maximize the hypothesis hitting probability subject
to constraints of upper-bounding the Type I and Type II error
probabilities as follows:

V. (6)

max PH(j j 7
[nax (4:4) ©)

st CL: B 5[ PF(j,4)] <o
C2: E; ;[PM(j,1)] <8,

where [E; ;-] denotes the expectation for all ¢ and j, Vi, j € J;
and « and (3 are the upper bounds on the Type I and Type II
error probabilities, respectively.

C. Integrating Effective Capacity With FBC to Support
Metaverse Streaming

The statistical delay-bounded QoS guarantees [6], [7], [9],
[10], [28], [29] have been shown to be powerful in analyzing
queuing behavior for the stochastic arrival and service pro-
cesses over the time-varying wireless fading channels. The
key statistical-QoS performance metric is the effective capacity
which measures the maximum packet’s constant arrival rate
such that the given statistical delay-bounded QoS can be
guaranteed. Based on the large deviation principle (LDP) [7],
under sufficient conditions, the queue-length process Q4(t) for
the metaverse data-content item d converges in distribution to
a random variable Q4(c0) such that

log(Pr{Qa(o0) > Qu,a})
Qu,d

where Q. q is the queue length threshold (bound) and 64 >
0 is defined as the QoS exponent for the data item d. The
insights of Eq. (8) reveal that the probability of the queueing
process exceeding a certain threshold Q) 4 decays exponen-
tially fast at the rate of 6, as the threshold Q) 4 increases and
tends to infinity. A smaller 6, corresponds to a slower decay
rate, which implies that the system can only provide a looser
QoS guarantee, while a larger 6, leads to a faster decay rate,
which implies that a more stringent QoS can be supported.
In particular, when 6; — 0, the system can tolerate a long
delay; when 6, — oo, the system cannot tolerate any delay.
However, the conventional statistical-QoS theory modeled
by Eq. (8) focuses only on the statistical delay-bounded QoS
without considering the transmission reliability, which is thus
not feasible to support mURLLC in our proposed metaverse

lim

th,dﬂoo

=04 ®)

wireless networks. To support the stringent both statistical
delay and error-rate bounded QoS provisioning for mURLLC,
we propose to integrate the effective capacity theory with the
FBC scheme, which is an emerging and powerful solution in
wireless networks, to encode the message. Using the FBC
scheme, terminals send messages using packets with small
numbers of bits to achieve low latency transmissions while
mitigating the packet’s decoding error probability for reliable
transmissions. We define an FBC scheme in the following
definition.

Definition 1: Consider a fading channel which uses input
blockcode set A and output blockcode set B. We define that
an (n, W, e)-code, for a memoryless channel consists of [12]

o A message set W = {c1,---,cw} with the cardinality
W and the message length equal to log, .
e An encoder is a function: W — A", where A" is the
set of codewords with length n. At the receiver end,
a decoder produces an estimate of the original message
by observing the channel output, according to a function:
B™ — W, where lj’f is the set of received codewords
with length n and W is the estimation of W.
o The decoding error probability, denoted by ¢, is defined as
€2 (/W)W Pr{c, # G}, withc,, € W, é, € W.
where usually € > 0 if n < oo. ]

Thus, the triple-tuple (n, W, €) represents that a source with
the cardinality W can successfully transmit messages with a
probability of success (1 — €) over n channel uses.

To integrate the effective capacity with the FBC scheme,
we propose to employ the e-effective capacity, which measures
the maximum packet’s arrival rate that a wireless channel can
support under a given QoS exponent and a given decoding
error-rate. Let k be the index of an MU. Let €; and Py ;
be the decoding error probability requirement of the data
item d and the transmit power allocation for transmitting
the data item d to the kth MU if accepting the hypothesis
H,, respectively. Denote by EC (84, €4, Pa,x,;) the e-effective
capacity for the kth MU, which characterizes both statistical
delay and error-rate bounded QoS provisionings under the
power allocation Py ;. We define the e-effective capacity
ECy(84, €4, Pa,x,;) as follows [13, Definition 5]:

Definition 2: Using  the  (n,W,e)-code for the
metaverse data-content item d, the e-effective capacity
ECy(04,€d4,Par,) for the kth MU is defined as the
maximum packet’s constant arrival rate for a given service
process considering the delay QoS exponent 6; and the
non-vanishing decoding error probability €y, subject to
statistical delay and error-rate bounded QoS constraints,
respectively, which is given as follows:

ECy(84,€4, Pak,;)

1
£ _ - log {fd + (1 —eq) E., e_aan('Yk(Pd,k,j))} } 9)
nGd

where ’yk(Pd7k,j) is the signal-to-noise ratio (SNR) of the
kth MU under the transmit power allocation Py ;, E+,[]
denotes the expectation with respect to the SNR v, (Pa,x.;),
and R (7, (Pa,k,;)) is the data rate (bits/sec/Hz) under the SNR
Ve (Pa,k,j)- u
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D. Hypothesis Testing Based NFV/SDN Network
Architectures for Metaverse Streaming

We propose an optimal hypothesis testing to solve Eq. (7)
and accept one hypothesis H;,Vj € J, as the estimated
MU’s data request pmf profile for its metaverse streaming.
Then, using the hypothesis testing outcome, we propose to
map all MUs, which have the same metaverse data requests
pmf profile Zipf(r;, D), into the same virtual network slice
and let them exchange metaverse data with other MUs in this
virtual network slice. This is because MUs having the same
metaverse data requests pmf profile are predicted to request the
same metaverse data-content items with the same probability
and uniform statistical QoS requirements, including the QoS
exponent 6; and decoding error probability €4, for each
metaverse data-content item d. Then, we develop Algorithm 1
given in TABLE I which shows our proposed hypothesis
testing based NFV/SDN network architectures and resources
allocation schemes.

III. OPTIMAL DECISION AND BOUNDS OF SEQUENTIAL
HYPOTHESIS TESTING

A. Optimal Decision of Sequential Hypothesis Testing

In order to determine the optimal sequential hypothesis
testing, our proposed decision schemes consist of the following
two steps.
Step 1: Selecting the Optimal Subset of Hypotheses

Around ¢;, there exists the interval (éj,gj), where ¢ =

& —o/2and & £ & +0/2, for 0 > 0 [30], and 0 =
Ej — §j is a constant, Vj. Let R; be the sequential hypothesis
test for testing the hypothesis Hg : “accepting 5 " against

HE: ‘accepting § ”. Similar to the two types of errors in
Section II-B, we deﬁne another two types of errors: Type [
error is defined as “Reject § ~ when §j is true”, whose
probability is upper bounded by «;, and Type II error is
defined as “Accept §j when §; is true”, whose probability is

upper bounded by 3;. According to [30] and [31], we select
two positive constants A; and B; and set the values of A;
and Bj, respectively, as

1— 3. .

Aj 0.8 ﬁj, Bj 0.8 BJ
ij 1-— ij
where ¢(z) o g(x) implies lim, o @(z)/g(xz) = 1. Define
the likelihood ratio of R ; by time ¢ as zét_), which is given by

£, +o) t a
Lol - (B0 (1) o

9(€))

, and Bj < Aj (10)

_ (t)
We accept Hg if 23

> Aj, accept Hg if zét) < Bj,
and take an addmonal observation if A; < z(f) < B;j.

The decision procedure of this multiple sequentlal flypothesm
testing is: (1) All R;’s are testing simultaneously at each stage
until each é) leads to the hypothesis testing R; stopping.
(2) Based on the result of each R;, we select an optimal

subset of hypotheses from multiple hypotheses {H;},Vj € J.

TABLE I

Algorithm 1 Neyman-Pearson Criterion Driven NFV-
SDN Architectures and Optimal Resource-Allocations for
Statistical-QoS Based mURLLC Over 6G Metaverse Mobile
Networks Using FBC

1: Input: The BS/AP set and MU set; all hypotheses

{H,},Vj; each metaverse streaming’s delay-bounded QoS
exponent 6 and error probability €4, Vd; and each MU’s
channel fading Ay, Vk.

2: for each BS/AP do
Assign each BS/AP to a virtual network slice that
supports one type of metaverse streaming.

4: end for

5: for each MU do
Observe its requested data content items and accept an
optimal hypothesis H;, i.e., the pmf f, (d).

7. According to the accepted hypothesis H;, assign the
MU to the corresponding virtual network slice that
supports this metaverse streaming.

8: end for

9: for Each MU in each network slice do

10:  Derive the optimal wireless resources (i.e., transmit
power) for each MU using f, (d) to maximize the
average aggregate c-effective capacity over the entire
network slice based on the required delay QoS exponent
64 and error probability ¢; for the metaverse data and
MU’s wireless channel fading hy.

11: end for

12: Output: optimal wireless network slicing, optimal MU’s

mapping and wireless resource allocations, and maximum
average aggregate e-effective capacity of each virtual
network slice.

The optimal subset selection needs to consider the following
Case 1 and Case 2, respectively.

Case 1. All A;’s are equal to each other, ie., A; = A,Vj,
and all B;’s are equal to each other, ie., B; = B ,Vj. For
this cases, if z() > A, i.e., accepting 5 we must reject

all &, where 5 > jiif 2 < B, e,

accepting §j, we
must reject all E;’s, where 5 < j. This is because of the

following derivations. When zg) > A, we have g(gj) >

A(H;Zl Xq)7 . Observing that g(éj) in Eq. (11) is an
increasing function of §j, we must have g(§;) > g(gj)

when j > 7, and thus, g(é;) > A (HZ:l X,

g(é;) < B (ngl Xq)i (i.e., accepting §;) must not hold,
due to B < A as shown in Eq. (10). Using the similar

derivation, we obtain that if zg) < B, i.e., accepting éj,

) _a. Therefore,

we must reject all £’s, where j<j
At one stage, if there exist multiple j’s which result in
ét) > A, we make the decision to accept &; such that §; i

(t)

the smallest number satisfying Ze, > j. Similarly, at another

stage if there exist multiple j’s which result in zé) < B,
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we make the decision to accept fj such that 5 is the largest

number satisfying zé) < B, where t # t. We continue with
this procedure until all tests stop. _

Case 2. A; ;é A; and B; # B if j # j. To satisfy both
20> 4y and 20 > A5 et

23
Aj [g(é“j)]’1 > As[g(&)] 7!

Since g(&;) > g(&) for j > 7, we must design the sequential
hypothesis testmg such that A; > A 5 to let Eq. (12) hold.
Similarly, we design the testing such that B; > B; for j > }

Based on the conditions in Case 1 and Case 2, if we happen
to accept two hypotheses ng and H§j+1’ then we will accept

the hypothesis 7 ; as the optimal distribution estimation for the
future data request probability profile; otherwise, we obtain a
set of accepted hypotheses, denoted by {H,},Vs € S, which
is the optimal subset of {#,;} and S C J.
Step 2: Deriving the Optimal Hypothesis from the Subset
We further derive the optimal hypothesis from the above
obtained subset of hypotheses. The optimizing problem in
Eq. (7) is converted to the equivalent problem of minimizing
the cost of stopping a sequential procedure at the time slot ¢,
denoted by Cy(X7,Xo,...,X;), based on the observations
(X1,Xs,...,X), as follows:

min  Ep, [C¢ (X1, Xo,. ..

(%¢,0¢)

s.t.: CL: B j[PR(j, )] <o
C2: E; j[PM(j,i)] <5,

where Ep, [-] denotes the expectation under the condition that
'H; is the actual data request probability distribution.

it j> 7. (12)

, X1)] 13)

B. Exponentially Bounded Stopping Time of Zipf Sequential
Hypotheses Testing

Suppose that the sequential hypothesis testing stops at stage
T, and the test stops when T is the smallest number of ¢ such

that 1'% < 1;(4,4) < " is violated, where ;(j,) = log ( (t)>

with 2\") defined by Eq. (3), and I 2 log(B;) and I £
log(A;) are stopping bounds of l;(j,%), j # i, with A; and B,
defined by Eq. (10). Suppose that X;, X5, ... arei.i.d. random
variables. Define Y, £ y(X,),q=1,2,..., as a function y(-)
that maps the range of X, into an Euclidean k-space, k > 1,
and define Y, £ %22:1 Y,. Then, we have the following
Theorem 1.

Theorem 1: If a sequential hypothesis test is testing the
Zipf exponent under a Zipf distribution, then the following
three claims hold.

Claim 1. E[Y7] = ¢ exists and is finite.

Claim 2. There exist, respectively, a neighborhood N of ¢,
a real-valued continuous function ®;,(-) on N, and a finite
bound constant [;; > 0 such that if Y, eN, t=12,...,
then

[1e(j, i) — 1954 (Ye)| < Ly (14)

where | - | is the absolute value, I;; given by Eq. (14)
is the Kullback-Leibler divergence measurement between

distributions P; and P; which is specified as follows:

ij (Xl):|
fTi(Xl)

I]ﬂ' = ‘Epj |:10g (15)

and

L(j,i) £ log< t) log[HJ;:] ;]
=1lo Ti—T; Zd 1 "
el (v )

t
= (Ti — rj) Zlog Xq + th,i
q=1

(16)

(®)

where z; ;' is given by Eq. (3) and

D _
d="i
()
Do AT

Claim 3. ®; ;(¢) # 0 or the first-order derivative of function
®; ;(-) satisfies the following equation:

(9(Pj’i(Y1 —E) .

Proof: The proof is provided in Appendix A. |
Remarks on Theorem 1: Theorem 1 ensures that our
proposed Neyman-Pearson based sequential hypotheses test
will eventually stop and accept a hypothesis as the optimal
data request pmf profile. In addition, Theorem 1 shows
that I;; |Ep, [log { fr,(X1)/fr.(X1)}]|. which is the
Kullback-Leibler divergence measurement.

Theorem 2: If a sequential hypothesis test is testing the Zipf
exponent under a Zipf distribution, then the stopping time of
this sequential hypothesis test is exponentially bounded [23],
namely, for some ¢ < oo and 0 < p < 1, the following two
equations hold:

A7)

(18)

{ Pr{T < oo} =1, (19)
Pr{T >t} <cp', t=1,2,... (20)
Proof: The proof is provided in Appendix B. ]

Remarks on Theorem 2: Theorem 2 reveals that the stopping
time of our proposed sequential hypothesis test is exponen-
tially bounded, implying that the convergency speed is an
exponentially decaying function.

C. Bounds and Convergency on Stopping Time for
Neyman-Pearson Hypothesis Test

Simplify the notation of PF(j,i) as «;;. For every 0 <
n < 1, there exists 77 > 1 such that n7 < 1, and let ¢* be the
greatest integer such that

{ |log o, }
AT I ;

t* <7y min 21

Since P; is the o-finite probability measure as defined by
Eq. (1) and Eq. (2) we use [ ¢dP; to represent P;j{¢} if ¢ is
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a measurable function. Then, for the decision-functions pair
(¢, 6), we can derive the probability «;; as follows:

T
aji & PF(j,i) = /{#‘} exp{ > Zm‘(l])} dP;
JIF q=1

@ / exp {—lr(j, 1)} dP;
{j#i}

>

/ exp {~1r(j.i)} dP;
{34, T<t™ lr (5,9) <nt" I;,:}
>exp{—nt* L} Pi{j # i, T<t",1p(j,1) <nt*I;;} (22)
where 7,7 € 7, (a) holds due to Eq. (4) with {X,}, Vg, being
iid. and Eq. (16), and Z; ;(q) is specified in Eq. (4). From
Eq. (21), we can get
nt*1; < nnllog oy (23)
and thus, it follows from Eq. (22) and Eq. (23) that
i >exp {—ni [log o i} Pi{j # i, T < t*,1p(j,i) <nt"I;;}
=exp{nnlogay;} Pj{j #i,T <t*,lr(j,i) <nt"L;,}
= ()" P i #4, T <t,1r(j,0) <t Ly . (24)
From Eq. (24), we can further obtain the followings:
()" > Pi{j # 4, T<t",lp(j, i) <Tt* L} . (25)
Using Eq. (25), we can get
P #0,T <t}
< (aj) TP AT < Ip(50) > 0t L)
1—n7 N
< (o) 4P {gpn%x Ir(g,9) >nt Ij,i}~

(26)

Since Eq. (26) holds for each j, summing up Eq. (26)’s for
all j with j # 4 and then taking the supremum over (¢, d¢),
we obtain:

sup P{T <t} < > (az)'™"
(¥¢,0¢)

JET jF#i
fr (X1, 0, X))
b log T3 2t Ly o (27
> _J{Tmfzogf”(Xh._.,XT)_n G- @7
JET J#1
Since }_; aj; — 0, 7 > 1, and using Eq. (23) and
1 fr (X1, ..., X7)
g log 5 = I, as. [P 28
T X, Xy e as bl Y

which is due to Eq. (14), we can further derive Eq. (27) as
follows:

log ;. ;
sup Pj{T <t*} < Z P; {glg}gTZnW}.

(1:50) JeT i Iy
(29)
Thus, for every 0 < n < 1, we have
: [ [log o }}
inf P;<T >npmin< ——— — 1. 30
(¢,0¢) ! { =1 J#i { IjJ' ¢
For each o ;, let Cj; be a positive constant such that
log Cj,i X |10g Oéj7i|, as Zaj,,» — 0 (31)

Jst

where o is defined in the text following Eq. (10). Define U
as

U 2 inf {t >1: szl J; gg > Cj,z-} , (2

implying that the test stops sampling at time slot U and accepts
M, if 240 > Cji. As 2, 05: — 0, using Eq. (28) and
Eq. (31), we get

U

- — 1, as. [Pj]. (33)
min; i {|log ol /154 =
Thus, for every 0 < n < 1, we get
inf Pr{T >nU} —1 34
(%¢,0¢) { =1 } (34)
and the error probability of the test as follows:

1
C],l

We also extend the results of Eq. (34) into the notion of
k-quick convergency, which is defined as follows: for x > 0,
a sequence {¥;} of random variables is said to converge k-
quickly [32], to a constant X if E[(L,)"] < oo for all a > 0,
where L, = sup,{t > 1: |¥; — A| > a}. Therefore, we can
obtain from Eq. (30) that

. . [ |loga;,;l }) e
inf E[T"] >n" | min{ ——— 1+4+o(1 36
($1,01) e (#Z— { o ( (1)) 36)
where p(x) = o(g(x)) if lim,_ ¢(x)/g(x) = 0. Using the

definition of x-quick convergency given above, let 0 < a <
minj#{lj,i}, and define

Pi{(4y,0;) rejects H;} < Pi{(1+, 0¢) rejects H;}. (35)

L,
1 fr.(Xl,...,Xt)
= t>1: —log=t——"-—"=—1;;
Y i—%l?f‘,J’zfogfn(Xl,...,Xt) 7>
J#i
(37)
When U — 1 > L,, we have
1 fr.(Xl,...,XT)
1 2 —I;| <a. 38
‘Ulogfm(Xl,...,XT) ai =4 (38)

Suppose I;; > 0, Eq. (38) is equivalent to
Jr, (X1, Xuo1)
(1.

f?”i (X17 e 7XU71)

Then, for U < L, + 1, we have the complementary event of
Eq. (39) as follows:

logC; ;
U>1+mm{0gm}.
VE Ij,i—a

—a)({U—-1) <log <logCj;. (39)

(40)

For some positive constant «, Eq. (28) can be further enhanced
into
1 fT‘j(Xla"',XT)
Zogtl ottt 22
T fri (X1, X7)
Thus, combing Eq. (40) and Eq. (41) we obtain the
lower-bound on the stopping time as follows:

log o 1\"
inf E[T%] « E[U~] > (min{lOg%}> L4
(,8¢) J#i I;;

— I 4, k-quickly under P;. (41)
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IV. NFV/SDN ARCHITECTURE TO MAXIMIZE
e-EFFECTIVE CAPACITY FOR EACH METAVERSE
STREAMING VIRTUAL SLICE

After observing all MUs’ data requests and determining an
optimal hypothesis for each MU, we apply the NFV/SDN
architectures to map all MUs which are predicted to have
the same metaverse streaming request probability profile,
according to their corresponding accepted hypotheses, into
one virtual network slice and allocate the optimal wireless
resources, i.e., transmit power, to maximize their average
aggregate e-effective capacity [3], [4]. We derive the average
aggregate e-effective capacity by first obtaining the aggregate
e-effective capacity over all MUs, and then calculating its
average using each metaverse data request probability.

A. The e-Effective Capacity Over Nakagami-m Fading for
Metaverse Streaming Through Single Antenna Transmission

We employ the Nakagami-m fading channel model, since
it is a more practical model to characterize the multipath
scattering. Let hy be the fading amplitude of the kth MU fol-
lowing the Nakagami-m distribution, and let Ny be the power
of additive white Gaussian noise (AWGN). The SNR of the
kth MU is given by vx(Pa;) = (hiPak,;)/No. Under the
Nakagami-m fading wireless channel, the probability density
function (pdf) of the SNR v;(Pgx ;), denoted by Pr(vx),

is given by
m—1 m
I'(m) \ 7k Tk

where m is the fading parameter of the Nakagami-m distri-
bution, 7, = (E[hZ]Pax,;)/No is the average SNR, Vk, and
I'(+) is the gamma function. Under the Nakagami-m fading
channel, we give a closed-form expression for the e-effective
capacity, defined in Eq. (9), in the following theorem.
Theorem 3: Under our proposed NFV/SDN architectures
for metaverse streaming, if the metaverse streaming is trans-

Pr(v) =

(43)

ed—l—(l—ed)(

mitted through a single antenna wireless channel experiencing
the Nakagami-m fading with m > 1, where the pdf of
the received SNR is characterized by Eq. (43), then the
closed-form expression for the e-effective capacity defined by
Eq. (9) for the kth metaverse MU using the (n, W, ¢)-code in
the non-asymptotic regime is determined by
ECy(0a,€d; Pa,k,j)
1 1+7, \ ™

= n9 {log = ﬁ(%)) } (44)
where 6 £ (logy €)0an, €4 2 Q(eq)/y/n, and V(7,,) ~
1 — [1/(1 + %,)?] is the channel dispersion of the AWGN
channel [12, Eq. (293)], where Q~!(-) is the inverse of the
Q-function.

Proof: The proof is provided in Appendix C. ]

Remarks on Theorem 3: The closed-form expression derived

in Eq. (44) of Theorem 3 identifies the explicit relationships
between the e-effective capacity and other important control
variables over a single-input-single-output channel, which are
to be used to derive the e-effective capacity over the massive
MIMO channel in Theorem 5 of this paper.

B. Channel Estimations for Massive MIMO Communications
for Metaverse Mobile Users

Suppose that there are M7 antennas on the BS/AP and there
are Mp antennas for each MU, where M7 > Mp. Denote
by gr, € CMr*1 the channel gain between the kth MU
and the vth antenna on the massive antenna equipped BS/AP,
where CMr*1 denotes a set of elements each consisting of
a complex-valued matrix with Mp rows and one column.
Denote by Ry, the distance between the kth MU and antennas
of the BS/AP, assuming that the distance between two antennas
on the BS/AP is small comparing with the distance between an
MU and the BS/AP. We give gy, ,, as follows [5, Eq. (2.19)]:

gk = v/ Behy

where (3, ~ [\/(47Ry)]” is the large-scale fading coefficient,
where A is the wavelength, and hy, € CMr*1 indicates
the effect of small-scale fading between all antennas on the
kth MU and the vth antenna on the BS/AP. We consider that
each coherence interval is divided into two phases: (1) uplink
training phase to estimate the channel gain and (2) down-
link payload data transmission phase to download the
data.

1) Uplink Training Phase: Denote by 7y, the number of
samples for the uplink pilot signal, where we assume that
Tup = Mpg. Define ¢ = [¢1, -+ ,¢r,,] € C*7» as an
orthogonal pilot training sequence satisfying ||¢||> = 1, where
|l - |l is the Euclidean norm. The pilot signal sending from
the kth MU to the BS/AP is denoted by xk = JTup €
C*7ie, In the training phase, we assign Mp orthogonal pilot
sequences to Mp antennas of the MU £k, and both the MU
k and the BS/AP know these pilot sequences. Let p, be
the transmit power over uplink and W® ¢ CMrx7us pe
the AWGN matrix, whose elements are i.i.d., following the
complex Gaussian distribution CA/(0,1). The received pilot
signal, denoted by Y,(fp)y € CMrx7us  at the vth antenna of
the BS/AP, is given by

=V Pul8k,v X + W(p) = v/ Tul,pPulBk, v+ W(p) (46)

Applying the de-spreading scheme [5, Section 3.1.2] to the
received pilot signal, the BS/AP performs a de-spreading
operation by correlating its received signals with the pilot
signal. Denote by y(p) CMr>1 the received signal after
the de-spreading operatlon which is given by

(45)

yggp)u - = /TulpPul8k,v +W P) (47)
where () denotes the Hermitian transpose, W £

Wt e CMrx1 is the AWGN after de-spreading,
and each element of W follows CA(0,1). Let G =
[8k1,8k2, »8kmy] € CMRXMT be the channel gain
matrix between all antennas on the kth MU and all antennas
on the BS/AP. Let Gy, = [8k.1,8k.2," " » 8k My) € CMRXMT
be the estimated channel gain matrix, indicating the estima-
tion of Gg. Using the minimum mean-square error (MMSE)
estimation, we obtain the estimated channel gain g,i between
the Ith antenna (with VI € {1,--- , Mz}) on the kth MU and
the vth antenna (with Vv € {1 -, Mr}) on the BS/AP as
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follows [5, Eq. (3.7)] [33, Eq. (4)]:

[y(p D@ ]
0 _g [0 0] kv Tkv] e v/TapPubBk )
I = gkuyku = o) yk’y_1+7'1p15k kv
E Uyk‘f; } ’
(48)
where E [-|-] denotes the conditional expectation, (-)* denotes

the conjugate, and §,(cl)u and ﬂ,ip;f) are the Ith element of gy,

and y,(ﬂpl, respectively. Substituting each element of y(P) given

by Eq. (47) into Eq. (48), the channel estimation gy, is
given by

G, = T ul.pPul Bk o V/TulpPui B <®)
v 14 Tul,ppulﬂk v 1+ 7—ul,ppulﬁk .

2) Downlink Payload Data Transmission Phase: During
the downlink payload data transmission phase, the BS/AP
treats the channel estimation gy, as the true channel to
transmit the data packet to the MU k. Let b; be symbol
intended to the MU k, satisfying E[|bx|?] = 1. Let x =
[z1, 29, 20, ]T € CMTX1 be the weighted symbol trans-
mitted from all antennas of the BS/AP, where (-)T is the
transpose. Let K; be the total number of MUs in a virtual
network slice requesting the same metaverse data item d. Let
Ppax be the total transmit power from the BS/AP to all MUs
for transmitting the same metaverse data. Using the maxi-
mum ratio transmission (MRT) precoding as the beamforming
scheme to focus the signal of the payload metaverse data
towards the kth MU, each element x,, Vv, of x, which is the
transmit signal on the vth antenna of the BS/AP, is given by

Kga 1
= Z VPakj (M) ? obr,
k=1

where Py 1, ; is the downlink transmit power for transmitting
the data item d to the kth MU if accepting H; as its data
request pmf profile and ZkKil Pak,j = Pmax,Vd, ], M €
R'*M= ig the power control coefficient for the signal from
the vth antenna of the BS/AP to the kth MU, each element
of 1y, denoted by n,(f)y satisfies n,il)y € [0,1],V1, and ()2
is taking square root for each element. The received signal
at the kth MU, denoted by y; € CMr>1 is given by y;, =
Gx+wy,, where wj, € CMrX1 is the AWGN on all antennas
of the kth MU, whose element is denoted by w,(f) following
CN(0,1). Each element y,(j) of yg, VI € {1,2--- , Mg},
representing the received signal by the [th antenna of MU
k, is given by

(49)

(50)

\/Pdkd ngu nku gk ubk

yk —ng ux’/—i_wk

MT

l
+Z Z Vv Pdujgku (an) guvb +w() D
v=1u=1,u#k
effective additive noise N ,il)
where b,, is the symbol intended to the MU w,u #* k, and

N,il) is the effective additive noise of the kth MU on its
lth antenna.

C. The Average SNR Over Nakagami-m Channels for
Massive MIMO Metaverse Streaming

Denote the SNR of the I/th antenna on the kth MU
under the BS/AP power allocation P, ; by 7,]:’[ %O(Pd ki)
over the massive MIMO channel. The key step to derive
e-effective capacity of massive MIMO communications is
deriving the expression for fy%%o(Pd,k,j). Using Eq. (51),
the SNR w,yl(%o(Pd,k,j), VI, for the massive MIMO channel
is given by [34] and [35]

71@ (l (Pdkj)

(1>

(52)

R . .
t | \/Pak,jbr Z g(l) Z \ 77;?1@(:):]
-1
Mr )
V|3 S VP () | 1

v=1u=1,u#k

where Var[-] is derived with respect to both the random
distance Ry and the random h,C » which is the Ith ele-
ment of hy ,, representing the small-scale fading amplitude
between the [th antenna on MU k and the vth antenna of
the BS/AP. We assume that all h,(cl)l,7 Vi, v, are i.i.d., following
the Nakagami-m distribution. We can derive a closed-form
expression for *y,l:’ﬂ(l O(Par.;) specified by Eq. (52) in the
following theorem.

Theorem 4: For our proposed NFV/SDN architectures to
support metaverse streaming, if the metaverse streaming is
transmitted over a massive MIMO channel experiencing the
Nakagami-m fading and assume that all metaverse MUs are
uniformly distributed within a wireless cell with the inner
radius R.,in and the outer radius R,,.x, then we can derive
a closed-form expression for SNR %1Y}°(Pa,;), which is
defined by Eq. (52), as follows:

Pa ki Nk
IMO 2
Pari)= (53)
Yk ) ( d,k,]) ( Pd k,j)Nk 5+ 1
where
-2
BiruppaTMr Mph 2
N, — kTl <1+uuMMh)54
k1 (0 + rppa ) TatpPul Bk M1 MR (54)
and
—2
BeIMr Mph™\? —2
Nk:,2 Tul, pul(Tul, pulh +1 (Xmax_Xmin)
( ) (R%naxiR?mn)l P P )
My (Mp—1))\2 Xomax \ 17
1 —_— 55
+( ) (R?nwxiR?nm) °8 Xmin ’ ( )
where 7 £ E [n,(j)a} hEE {h,(j)y}, and
)\2
Kimax = 1672(R2. + 12) + Tuppur?’
min )\2 P (56)
Xmin = 3
1672 (Rr2nax ) + Tul,ppu1>\2
where we define ¢ as the height of a BS/AP.
Proof: The proof is provided in Appendix D. ]
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Remarks on Theorem 4: Theorem 4 reveals that all
724%0(77d7k,j),Vl, are the same, since random variables

h,(cl’V,Vl, v, are i.i.d.

According to Eq. (44), the e-effective capacity is a function
of the average SNR for a wireless channel. Using Remarks on
Theorem 4, the average SNR for the massive MIMO channel,
denoted by 7)™°(Py,;), over all elements 7\ (Pak;),
Vi, is given by

MO (Pakg) = ) (Paks), V- (57)

D. The Optimal Transmit Power Allocation for Maximizing
Aggregate e-Effective Capacity Over Massive-MIMO
Channels for Each Virtual Network Slice

Define Py, ; = [Pikj, - »Pp.k;|T as the transmit power
allocations for transmitting all metaverse data items to the
kth MU if accepting H; as the data requests pmf profile,
and define P} ; as the optimal value of Py ; that max-
imizes the average aggregate e-effective capacity. Defining
ECMMO(0, €4, Par.j) as the e-effective capacity for the
kth MU over the massive MIMO channel, we formulate the
average aggregate e-effective capacity maximization problem
for a virtual network slice as follows:

[’PY,JH e 7,P*K,j}
=arg _ max Z fr(d ZECMIMO Od;€d, Pak,j) (58)
[P1,; PK7 =1
Kq
s.t.: Cl: ZPd,k,j < Paxs
k=1

C2: Pyy,; >0, VE.

To solve the maximization problem specified by Eq. (58),
we give closed-form expressions for the maximum aver-
age aggregate e-effective capacity and the optimal transmit
power allocation P}: j» respectively, in the following theorem,
by extending the results of Theorem 3 over the single antenna
channel into the massive MIMO channel version.

Theorem 5: If the metaverse streaming for each virtual
network slice is dictated under our proposed Neyman-Pearson
hypothesis testing driven massive MIMO NFV/SDN archi-
tectures and optimal resource allocation schemes, then the
following two claims hold true.

Claim 1. The closed-form expression for the maximum
e-effective capacity, denoted by ECY™O(64,¢4,P} ;. ;), for
the kth MU over the massive-MIMO channel in its correspond-
ing virtual network slice is determined by

ECY™O(04,€4, P} 1.;)

novq

—04M
1+7MIMO(Pdk]) o
V(,YII:?IMO(P;JCJ))

1
== log ed+(1—6d)<

9
(59

where P; ;. . is the optimal Py ; to be specified by Claim 2
of this theorem, and 7MIMO(P§, k.;) is the average SNR under

579
the optimal transmit power allocation Pg , . given by
TPk s)
1 Q'y 1 1 : Nk 1
14+ Ni.2Ppax
Ni2 [ fr; (d) ( b2 Pna) "~ Nio’
= if ’YMIMO(Pd ki) > 11 (60)
1 Qf/ 2Nk 1 :| z Nk 1
— | (1 + N s -Pmax - - ’
Ni,2 { fr;(d) ( 2 Pina) Ni,2
if 0 <7™O(Ps, ) <1,

where Nj; and Nj o are given by Eq. (54) and Eq. (595),
respectively, and ¢ ; and g , are given, respectively, by the
following equations:

N1
E (14 Ng 2 Prax
Nk2 [ 26k (1+Ne2 P )]
lszj (d) )

1+ NioPrax
Z + b2 B _Pmax
N2

1\ 2

2

‘,
k=1
Kq
k=
QV,ZZij (d) K

1 N Pmax
Z + k2 _Pmax
Ny 2

1
Nkl 1+Nk 2Pmax)]2

Claim 2. The closed-form expression for the optimal solu-
tion ['P’{J, e ,'P}}J] for the maximization problem given
by Eq. (58) can be obtained by deriving each of its element,
denoted by Pj . ;, Vk, d, which is the optimal transmit power
allocation for sending the data item d to the kth MU using
the estimated data request pmf profile f,, (d) obtained from
Section III-A. The closed-form expression for Py, ., Vk,d,
is determined as follows:

1
1+Nk:, Pmax 1 1+Nk, Pmax ’
2 - frfd) Ny —— 22|
N 2 N2 05 12
* if W%IMO(P:;,]{:,]') > 1a
Pk = 1
1+ Ni 2 Phax 1 14 Ng 2 Pax
1\1;2 "N [fm(d)Nk,lk’Qa 7
k.2 k.2 Oy 2
if 0 <7™O(P;, ;) < 1.
(62)
Proof: The proof is provided in Appendix E. ]

V. PERFORMANCE EVALUATIONS

We conduct the extensive numerical analyses to validate
and evaluate our developed schemes. Figure 2 shows a case
study of testing a set of metaverse data items between two
hypotheses with Zipf exponents r; = 0.3 and r; = 0.1. In this
case study, suppose that there are totally 99 metaverse data
items. We set that the e-health care data is at the top-ranked
data range, the educational data is at the medium-ranked data
range, and the online gaming data is at the low-ranked data
range. For sake of the fairness, we also set that each type of
metaverse data evenly shares the total 99 data items, and thus,
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Fig. 2. A case study of request probability profile for three categories of
metaverse data items with r; = 0.1 and r; = 0.3.
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Fig. 3. The stopping time 7" of the sequential hypothesis testing against the
minimum value of hypothesis testing error probability under different values
of the Zipf distributions difference I ;.

the number of each type of metaverse data items is 33. We take
t observations for an MU and select a pmf profile between
‘H; and H;. If our proposed sequential hypothesis testing
selects H;, this MU is more likely to request more e-health
care metaverse streaming with a distribution Zipf(0.3,99) in
the future and we can map it into a virtual network slice
where other MUs also request the e-health care data with the
distribution Zipf(0.3,99). Otherwise, if accepting H;, the MU
is more likely to request e-health care data with a distribution
Zipf(0.1,99) and we map it into a virtual network slice
that other MUs also request the e-health care data with the
distribution Zipf(0.1,99).

Figure 3 plots the stopping time 7' versus the minimum
value of error probability min;;{|log c; ;|} of the sequential
hypotheses testing under three values for the difference of
two Zipf distributions I; ; = [Ep, [log {f,, (X1)/fr,(X1)}]| -
Figure 3 shows that the stopping time 7' is a decreasing
function of min,.;{|loga; |}, because a larger number of
observations yields a hypothesis testing with a lower error
probability. Figure 3 also shows that the stopping time 7T is
a decreasing function of the Zipf distributions difference I} ;,
because a smaller difference of Zipf distributions also requires
a larger number of observations to distinguish two hypotheses.
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Fig. 4. The function of aggregate e-effective capacity
Eff"'l ECQAIMO(Hd,ed,Pd’k’j) with different numbers of antenna

M on the massive-MIMO BS/AP.
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Fig. 5. The e-effective capacity C’]IZ”MO (04, €4, Pq,k,;) under different
values of the delay QoS exponent 6; and the transmit power allocation Py g ;.

We show the  aggregate  e-effective  capacity
ZkK:dl ECMMO(@,. €4, Pay,j), ie., the sum of e-effective
capacity over all MUs on a virtual network slice, under
different numbers of antennas My of the massive-MIMO
BS/AP in Fig. 4. We set the number of antennas for each
MU as Mgr = 2; the maximum and minimum distances
to the massive-MIMO BS/AP antennas as R,.x = 30m
and Ry, = 5m, respectively; and A = 10m, 7y, = 16,
pu = 1W, Ppax = 10W. Observing Fig. 4, we obtain that
the aggregate e-effective capacity monotonically increases
as the number of antennas Mrp increases, because a larger
number of antennas can improve the massive-MIMO channel
performance. We can also observe that the increasing rate of
the aggregate e-effective capacity decreases as M increases,
since these antennas also results in the interference to each
other.

In Fig. 5, we show the e-effective capacity
ECMMO(@,. €4, Pay,;) of the kth MU under different
values of the delay QoS exponent 6; and the transmit
power allocation Py ;. The parameters are the same as
in Fig. 4. We observe from Fig. 5 that the e-effective
capacity is a monotonically increasing function of the
transmit power allocation. We also observe that in a high
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Pigj=05W, m=2

- = =Pur;=01W,m=2
'Pd_g-,yj =05W,m=1

- ==Pir;=01W,m=1

i =05W, m=05

w
N
(8]

w
o
a

e-Effective Capacity Under Nakagami-m
Fading Channel EC} (04, €4, Pay,;j) (bits/sec)

QoS Exponent 6,

Fig. 6. The function of e-effective capacity with respect to the delay QoS
exponent ¢4 under different values of the transmit power Py ; and the
Nakagami-m fading parameter m.

power regime (Pgr,; > 3 W), the increasing speed of
ECMMO (0. €4, Pay,;) decreases as the transmit power
increases, showing that a large power allocation cannot
produce a large benefit in this regime. Thus, there exists an
optimal power P, . that maximizes the average aggregate
e-effective capacity under a maximum transmit power
constraint.

Figure 6 plots the function of e-effective capacity
ECy(04, €4, Pa,,;) for a single antenna channel with respect
to the delay QoS exponent §; under different values of the
transmit power Pg 1 ; and the Nakagami-m fading parameter
m. We set Pgr; = 0.1,0.5 and m = 0.5,1, 2, respectively.
We set other parameters as follows: the length of a codeword
n = 1000, the average SNR 7, = 20 dB, and the fading
power range hi = [0.1,1]. Figure 6 shows that for the
same Nakagami-m fading parameter, the e-effective capacity
increases as the transmit power allocation Py ; increases,
since a larger value of Py 1 ; yields a larger value of SNR
for the same channel fading h;. We can also observe from
Fig. 6 that for the same transmit power, e-effective capacity
increases as the fading parameter m increases, because a larger
m represents a better channel quality. For each value of m
and Py 1, ;, e-effective capacity monotonically decreases as the
delay QoS exponent 6, increases. This is because 6, indicates
the stringency of the statistical delay QoS, and thus, a channel
with a less stringent delay QoS requirement can support a
larger data arrival rate.

Figure 7 shows the e-effective capacity ECy(04, €4, P k,;)
under different values of the delay QoS exponent 6,; and
decoding error probability €4. Similar to Fig. 6, the e-effective
capacity is a monotonically decreasing function of the delay
QoS exponent §,. Figure 7 reveals that the e-effective capacity
is also a monotonically decreasing function of the decoding
error probability €4. This is because a smaller decoding error
probability indicates a better channel quality and a larger
achievable data rate, which yield a larger e-effective capacity.

VI. CONCLUSION

As metaverse streaming in 6G wireless networks is expected
to demand stringent QoS provisionings on delay and decoding
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Fig. 7. The function of e-effective capacity under different values of the
delay QoS exponent 6, and the decoding error probability €.

error probability and will need to be transmitted among mas-
sive MUs, we have proposed to use the mURLLC technique
to support metaverse traffic, by integrating massive MIMO,
FBC, statistical QoS theory, and NFV/SDN architectures.
To estimate the MU’s future metaverse data request probabil-
ity profile, we have proposed a Neyman-Pearson hypothesis
testing based human-centric data prediction scheme and have
shown that the stopping time for the hypothesis testing is
bounded and converges. According to the estimated data
request probability profile, we have proposed to dynamically
map MUs that request the same set of metaverse data items
into the same virtual network slice using NFV/SDN archi-
tectures and have derived optimal transmit power allocations
to maximize the average aggregate e-effective capacity, which
guarantees both statistical delay and error-rate bounded QoS,
for this virtual network slice.

APPENDIX A
PROOF OF THEOREM 1

Proof: We proceed with the proof by showing Claim 1,
Claim 2, and Claim 3, respectively. For presentation conve-
nience, we prove Claim 2 first.

Claim 2: We construct the functions: y(-) and ®;;(-),
respectively, as follows:

Y, = y(Xq) £ log X, — %EP]' [log X1]

(63)
©ji(x) & (ri —rj)e+ 5EMj,

where M ; is defined in Eq. (17) and Ep, [-] is defined in the
text following Eq. (13). Thus, we can derive ¢®;;(Y) given
in Eq. (14) as follows [23, Egs. (3.2) and (3.9)]:

t(I)jﬂ'(?t) = t(’l‘i — Tj)?t + (t — 1)Mj,i
t
= (r; —15) Zloqu — Ep, [log X1]
g=1

+(E=1)M;,;. (64)

Substituting Egs. (16) and (64) into |l;(j, i) — t®;(Y )| of
Eq. (14), we obtain

‘lt(j,l) — t<I>j’i(7t)] = ’]Epj[(’l"i — Tj) 10gX1+Mj’i]| . (65)
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Comparing Eq. (65) with Eq. (14), we can show that Eq. (14)
holds true which is detailed as follows:

b
Ij,i = |Ep7 [(Tz — Tj) IOgXl —+ Mj,i] (:)

£ o 2]

[ T (X 1)
(66)

where (b) follows by using Eq. (17) and Eq. (2). Thus,

Eq. (66) shows that Eq. (15) holds true, implying that I;; is

the Kullback-Leibler divergence between P; and F;, regardless

whatever neighborhood N is chosen, which completes the

proof for Claim 2.

Claim 1: Using Eq. (63), we can obtain ¢ as follows:

1
g = E[Yl] = Epj|:10gX1 — ;Epj [logXl]

D
t—1 logd)d—"s
-ty Loedd 67
= 2g=1 AT
and thus Claim 1 holds.
Claim 3: Substituting Eq. (67) into Eq. (63), we can derive

®, i(e) as follows:

D s

t—1 P — T _, [(logd)d™—"4
B, () = l(r ) Yo ogd)d™] |y T o

t Zdzl d="i
If r; and r; satisfy the following condition:
D s

> i1 [(logd)d"7] M,
15} (69)

2amr dT Ti Ty

and also applying the condition of Eq. (69) into Eq. (68),
then we have ®; ;(¢) # 0 for Claim 3. On the other hand, if
®; () = 0, using Eq. (63), we can obtain the following:
8<I>j’i(Y1 — 8) o 1
78)(1 = (TZ TJ)Z.
Thus, Eq. (70) implies that Pr{(r; — r;)(1/X7) = 0} < 1,
which is equivalent to Eq. (18). Then, since r; #*r;, X1 €
{1,2,...,D}, and D < oo, we obtain Eq. (18), completing
the proof of Claim 3. Therefore, the proof for Theorem 1
follows. ]
APPENDIX B
PROOF OF THEOREM 2
Proof: According to [23, Theorem 2.1], Eq. (19) follows
due to Claim 1, Claim 2, and Claim 3 stated in Theorem 1.
To show Eq. (20), we need first to show that there exists a
¢ > 0 such that:

Pr{lis1(j) > | X1, .., Xo, 1 <1, (j, 1) <1} =< (71)

(70)

which is equivalent to

Pr{liy1(4, 1) —1(4, 1) > A[ X1, ..., Xp, IV <Uy(5,9) <1} >

(72)

where A = [P — [V We derive l;41(j,1) — I;(j,7) as
lev1(5,4) — (5, 9) = (ri — 7j) log Xe1 + My

when 0 < r; < 7; < 1orr; >r; > 1. Therefore, we have
lex1(4,%) — 1:(j,7) > 0, and then, there exists a ¢ > 0 such
that

(73)

Pr {lt+1(ja Z) - lt(ja Z) > A} Z S. (74)

Thus, Eq. (72) holds. Based on [23, pp. 1864], Eq. (72) implies
that Eq. (20) holds for every —oo < IV < [ < oo,
completing the proof of Theorem 2. ]

APPENDIX C
PROOF OF THEOREM 3

Proof: Using the FBC scheme, R (vx(Pq.,;)) in Eq. (9)
is given by [12, Eq. (1)]

R(vk(Pa,k,5))
V(v (Pak,j))

n

= logy (1 +Vk(Pak,j)) — Q ' (ea)

1 .
— log, < 1 + 6 (Pak,j) >
2¢d

75
V(v (Pa,k,j)) (75)

where €4 is defined in the text following Eq. (44). To simplify
the notation, we replace 7vx(Pgx,;) by 7% in this proof.
We derive E., [efed”R(W)] in Eq. (9) as follows:

B, e nnion] _ g, (%)UO& e)adn] . (76)
Using Taylor-series expansion over 1/V(~x), we obtain [36,
Eq. (34)]

VV() = - iBz-(l + )2 (77)
i=0
where By = —1 and
b= (1)) <[00

Defining [9} £ (logy €)f4n and substituting Eq. (77) into
Eq. (76), Eq. (76) can be rewritten as

,gd
L+

€q > Bi(1+vi) =%
2 =0

E’Y}c

X Pr(vk)dyk (79)

where Pr(v) is given by Eq. (43), (c) holds by using Taylor-
series for 2%, Vx. Defining €); £ > H;, where
i=0

H; 2 Bi(1 +vk)*(2"+%d>, (80)
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the jth moment of ©;, denoted by E [(€2;)7], can be derived
using the jth order derivative of the moment generating
function of §2;, denoted by E [e*SQJ] , with parameter s [37,

Eq. (4.89)]. We derive E [e’SQJ‘] as follows:

E[efSQJJ :E[efs 220 Hl} io (s)uEl<2 Hz) ]

(81)

We then expand (3°:° H;)" in Eq. (81) using the multinomial
theorem as follows:

00 H
<;HZ> :a1+a2;+a1: <a1’a2’ Ha >HHG] ®2

where {a1,a9, - ,a,} are all combinations of nonnegative
integers such that the sum of all a,,Vy € {1,2,--- 1}, is g,

and
1,09, , 0, ailas! - a,!

Substituting Eq. (82) into Eq. (81),
E[(>:2, H;)"] in Eq. (81) as follows:

5],

ar+ta=p N2
x [[ BE~, [(1
i
where ¢ £ —(2+ %) -4+ 677d) — --+. Using the binomial
theorem, we further derive E., [(1 +7;€)€] in Eq. (84) as
follows:

B [(147)] :i(i) E,, [(w)”]gi(i)ﬁ =(1+7)"

v=0 v=0

(83)

we can derive

aaz)

+ )] (84)

(85)

where (d) is obtained by applying Eq. (43) into the derivation
of E,, [()"] as follows:

Eq (k)"
(=) ()

= /Ooo(vk)”gm;
() o L) (o)

where (e) holds true when m > 1. Applying the results of
Eq. (85) into Eq. (84), we further derive Eq. (84) as

E(iHﬂ% 2 <a1,a2,u... al)l:[Bz-(Hvk)‘

a1+ ta,=p
= > [E(H)"]. (87)

oo
=0

9

Substituting Eq. (87) into Eq. (84) and then substituting
Eq. (84) into Eq. (81), we further derive Eq. (81) as follows:

2i+0;d>‘|
(88)

and thus we can derive the integral in Eq. (79) as

[z

=0

E [6759]'] ~e EOE[HVL] =e =

B (%)

) Pr(yk)d

J e 5%
—B (@] - (-1y ZELT)

Bxl+ww‘@”5§]>5

Substituting Eq. (89) into Eq. (79) and then substituting
Eq. (79) into Eq. (76), we have

E,, [6*9(1“3(%)}

s=0

_ (i (89)

=0

—d,
1+
_E'Yk o
€4 3 Bi(l4y,) =%
2 i=0
o0 N o~ . o0 a3 ]
(—ade log 2)] o 2i+%
-5 g2 (51 145, (4)
3=0 =0
5 B4t > Bi(14yi) "% 1+ 7 >§d
=(147,) %2 =0 ( , (90
which yields the main term in Eq. (44), completing the proof
of Theorem 3. n
APPENDIX D
PROOF OF THEOREM 4
Proof: 1In order to obtain a closed-form expression for
VI,ZH%O (Pa,k.;), we further derive the numerator of Eq. (52) as
l ~(7)*
o | P Sl 3 A
= 2
(1 ~(1)*
= ParE ZZQ ) 77“ z(ﬂzl
t=1 1=1
8 ]
) Tul,pPul Pk i) (1) (i)=
d.k,j <1 +7—ul,ppulﬂk> ; Zzl nk ugk ugk v
\/Tul,ppul k) ) (l 7(
+P ( RTINS on
ERIN\ Tt p ot B ; ; 9,
where Er(f) is the ith element of W), and (f) follows by

applying Eq. (49) and using the identity of E[|X + Y|?] =
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E[|X|?]4+E[|Y|?] when X and Y are two independent random
variables and E[Y] = 0. We further derive

Mz Mg

) (s 1) 2 i 2
el |37 35 sz | e ]
t=1 =1 t=1 =1
My Mg
l
+62 Y N B[RS A0 RS ST P 92)
t=1i=1 qp)#(t i)
According to Section IV-A that the small-scale_fading fol-
lows the Nakagami-m fading, we have E [hg)u} = h and

7°. We further derive Eq. (92) by using

E|(h) | =
E[XY] = E[X]E[Y] if X and Y are uncorrelated random
variables as follows:

ZZ N Zzgk ugk v

t=1 =1

— BAMEMER' . (93)

Similarly, we also derive the expectation in the last part of
Eq. 91) as

Mr Mg Mt Mg

| Sovhiang | | =y S
t=1 1=1 t=1 i=1
= ByiMy Mgh’. (94)

Thus, substituting Eq. (93) and Eq. (94) into Eq. (91), we can
rewrite Eq. (91) as follows:

Mt Mg

l 1) ~(7)%*

VParibe > a0 >\ ni gl
t=1 =1

where Ny, 1 is given by Eq. (54). We also derive the first term
of the denominator in Eq. (52) as

= Pak,; Nk,1 (95)

My
Var |3 Z m;yky(nut) g1,tbu
t=1 u=1,u#k

ka
=| Y Pau

_ 0 i\
nMrMgE (Qk l,) (gu,t )
u=1,u#k

ka
+ Z Paui|l 1

u=1,u#k

g —2
= (Puax—Pak,j)18ch” M1 Mpg < Tuppu(Tuppuh +1)

g
T4+7up Pulﬁu‘| )

(96)

s
E |: (1 +Tul,ppulﬁu)2:| +Mr (MR a 1)<E

Using the assumption that MUs are uniformly distributed
within a wireless cell with inner radius R,,;, and outer radius

Rax and defining the random variable of an MU’s distance
to the BS/AP as R, the pdf of the distance R, denoted by

pr(r), is given by:
2r
R2

min

pr(r) = 97)

2
Rmax

Defining X = 3, /(1 + TulpPulBu), We derive the cumulative
distribution function (cdf) of X, denoted by Px(x), as:

)\2
P =P <
X(f) ! { (47")2 (R2 + L2) + 7'ul,ppul/\2 o f}
(g) 1 A (1 — Tul ppulx) 2
=1 — i _ 8
R~ R2, (e ) o9

where (g) is obtained by using Eq. (97) and ¢ is the height of
a BS/AP. Then, using Eq. (98), we have the pdf of X, denoted
by px(x), as follows:

2
px () = 8ng(£) 1672 x%REiax 2y
Therefore, we have:
B _ 21 _ Hmex
E {(1 +Tul,ppulﬁu)2:| =FE [X ] = /Xmm x“px (z)dx
)\2
167T2(R12nax Rr2mn) (Xmax - Xmin) (100)

where Xax and X, are given by Eq. (56). Similarly,
we also have

6/1% XmaX
El——— | =E[X :/ rpx (z)dz
1+Tul,ppulﬁu [ ] Xmin pX( )
A2 lo K max
167T2(R12nax_R?n1n) & Xrnin .

(101)

Substituting Eq. (100) and Eq. (101) into Eq. (96), we further
derive Eq. (96) as

Mt
Z Z V Pd u7_]gk;1/ (Tlu t) gu tb
t=1 u=1,u#k

= (Pmax—Pda,k,j)Nk.2, (102)

where N} o is given by Eq. (55). Substituting Eq. (95) and
Eq. (102) into Eq. (52), we obtain Eq. (53), completing the
proof for Theorem 4. ]

APPENDIX E
PROOF OF THEOREM 5

Proof: We proceed with the proof by showing the Claim 1
and Claim 2, respectively.

Claim 1: Denote the received SNR of the kth MU
on all antennas by the vector ~AMMO(P,, ) £
[’yk ) O(Pagej)s ,'y,l:/m\;\[&)(Pd k J)} First,  extending
the derivations for the data rate given in Eq. (75) over
the single antenna channel into its massive-MIMO-channel

version, we can obtain the data rate for the massive-MIMO
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channel, denoted by R(yY™O(P,, ;)), which is a function
of the SNR vector 'yMIMO(Pka), as follows:

1 _,'_,YMIMO(de’k’_)
R( MIMO (Pa lw Zlogz < k,(1) J

V(S (Pak.5))
@ Mp log, (

k,(1)

1+ 3W™MO(Pag ) )
9€a/ V@™ (Pa,k. )
(103)

where (h) is due to Eq. (57). Replacing R () in Eq. (90) by
R (’yiﬂMo(Pd,k,j)) derived in Eq. (103), we can obtain

E

Yk

_ —04M
[ 70an(7¥'M0(77d,k,J)):| — 1+ ’YII\g/HMO(’Pd,k,j) o )
9€a/V @™ (Pa,k. )

(104)
Replacing E., [e~ 04 (Pax1))] in Eq. (9) by the expression
in Eq. (104), we can obtain a closed-form expression for e-

effective capacity of the kth MU ECM™MO (0, €., Py ;) over
the massive-MIMO channel as follows

EC}XHMO(ch €d, Pd,k,j)

—04Mp
1+ 3™ (Pa k. 5)
)

L L iog|eat(1—ea)
= —— 0og| €q —€q
n@d QEd V(W%IMO(Pdwkﬁj)

(105)

Employing the optimal transmit power allocation Pj, . for
Eq. (105), we obtain Eq. (59). Second, taking the summation
Zszdl EC};’HMO(Gd, €d, Pa,k,;) for all MUs, which request the
same data item d, and using the estimated data request pmf
fr;(d) of each metaverse data item d by the selected optimal
hypothesis H;, we obtain the average for the aggregate e-
effective capacity given by

Kq
Zfrj ZECMIMO 0d7€da7)dk‘j)
d=1 k=1
D Kg 1
- me@z
d=1 |

. (106)

_ngR
14+ VMIMO(’Pd & ])
xqlogleq+(1—e
2| €d ( d) <2€d V('Y%[Mo(pdvk,]))
The optimization for the aggregate e-effective capacity given
by Eq. (106) is equivalent to individually optimizing each term
fr,(d )Zk 4 ECYMO (9, €4, Pya,;) in Eq. (106). Moreover,
observmg Eq (44), we obtain that EC’MIMO(Gd, €d; Pa k) is
a monotonically increasing function of (1 4 7,)/2%V "V Tx),
Thus, we can convert the optimization problem in Eq. (58)
into the following optimization problem:

(i Pias)
Kq MM
1 .
= arg max fr;(d) Z I (Paks) , Vd
(Pa1jrPary.i) =1 26k V(’YXIMO(’Pd,k,]‘))

L= frj (d)

Kq —MIMO(pdk])(1+Nk QPmaX) <P

s.t.: C1: <
Nig1 +T™O(Py ki) Nig 2

k=1

C2: HMO(Pyy ;) >0, V. (107)

To solve Eq. (107), we can formulate a Lagrangian function
L as follows:

1+ 7MMO(P, )
ek V (FAMO(Pa,k,5) )

Kg
—0 ( - ,YII\CAIMO(PL{ k 7)(1+N7€72Pma><)
v

- max (108)
Ny + 75O (Payk,j) Ni2 )

k=1
where o, is the Lagrangian multiplier for the constraint
C1 of Eq. (107). Then, using Karush-Kuhn-Tucker (KKT)
conditions, we can get the following equations, respectively:

oL fr(d) ~

= 2 1 — (log 2)¢y
aﬁZHMO(,Pd,k,j) 2—E~k V(WII\C/IIMO(pd,kﬁj)) [ ( 0og )ek
<1+,YMIMO(,Pd’k’j))72 [V (—MIMO(de kJ))] *E}

Qka 1(1 + Nk:,2PmaX)

‘ 5 =0, Vk, (109)
[Niet + 30O (P ) N2
Kqg WII\C/[IMO('Pd k, )(]_ + Nk;’QPmaX) -p =0 (110)
= N1 +70™MO(Pak,j) Ni2 B
MIMO('Pko) >0, VE. (111)

Solving Eq. (109), we can obtain the average SNR
MO (P 1. ;) under the optimal transmit power allocation
Pk Dependmg on the average SNR 7}™° (P}, ) falling
in the high-regime or low-regime, we need to consider the
following two cases, respectively:
Case 1. If ifIMO(P;’kJ) > 1,

% (,yMIMO(IP;TkJ)) ~ 1 and by solving Eq. (109), we can
obtain

then we have

Nl=

_ 1 |0} 12gka 1 Ny
MIMO rP* b > N P B
i)~ 1 ma; - )
Yk ( d7k,]) Nk,2 [ f'rj (d) ( k,2 X) Nk12
(112)

where N ; and Njo are given in Egs. (54) and (55),

respectively.
Case 2. If 0 < F™O(P;,.) < 1, then we have

14 (7MIMO(77§,;€J-)) ~ 0 and by solving Eq. (109), we can
obtain

1
_ 1 [0} aNk1 2 Nga
MIMO * Y ’ )
Prp)m—— | 2L (4 Ny P -
SO (s ) Nm[f”(d) (1 Mo Pawe) | = 2
(113)

where N1 and Nj o are given in Egs. (54) and (595),
respectively. Combining Eq. (112) and Eq. (113), Eq. (60)
holds. Substituting 7)™ (P; , ) specified by Eq. (112) and
Eq. (113), respectively, into Eq. (110), we can obtain Eq. (61),
completing the proof for Claim 1 of Theorem 5.
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Claim 2: Substituting Eq. (60) into Eq. (57) and substituting
Eq. (5§7) into Eq. (53), we obtain the optimal power allocation
as shown in Eq. (62), completing the proof for Claim 2. This
completes the proof for Theorem 5. ]
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