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Abstract. Background: In fifth-generation (5G) New Radio (NR) network slicing, a mobile network operator leases
part of its spectrum to a mobile virtual network operator under service-level agreements. Under equal-rate (Round
Robin) scheduling, the base station assigns time-frame shares so that every user in a slice receives the same bitrate
regardless of location. Existing analytical queueing frameworks for dynamic spectrum slicing, however, cover
only the fixed-power case, and no such framework yet exists for equal-rate scheduling. Purpose: To develop
a resource queueing model for dynamic spectrum slicing under equal-rate scheduling, extending the authors’
prior fixed-power framework to this regime. Method: We describe each user’s channel quality by an inverse
spectral efficiency (ISE) and derive its cumulative distribution function from the path-loss model. Under equal-rate
scheduling, all users in a slice share a common bitrate equal to the allocated bandwidth divided by the sum
of independent, identically distributed ISEs; we characterize this sum exactly through multi-fold convolution
and, for computational tractability, approximate it through the central limit theorem. These distributions feed
a continuous-time Markov chain (CTMC) that models the joint spectrum partition and per-slice user counts, with
state-dependent admission control and stochastic frequency reallocation that preserves isolation guarantees
between slices. Results: The framework yields closed-form expressions for the blocking probability, the average
per-user bitrate, the average number of active users in each slice, and overall resource utilization. Conclusions:
The proposed model provides an analytical tool for spectrum dimensioning and admission control in multi-tenant
5G NR networks under equal-rate scheduling.
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1. Introduction

Network slicing is a cornerstone of fifth-generation (5G) New Radio (NR) architectures, enabling
a mobile network operator (MNO) to partition a common radio access network into isolated logical
slices, each governed by dedicated service-level agreements (SLAs) [1, 2]. In multi-tenant deployments
the MNO simultaneously serves its own subscribers (Slice 1) and leases residual spectrum to a mobile
virtual network operator (MVNO, Slice 2), coupling technical resource management with economic
objectives [3, 4]. Two intra-slice scheduling strategies are widely studied [5]: the fixed-power (FP)
model, which divides the allocated bandwidth equally among active users, and the equal-rate (Round
Robin, RR) model, which adjusts per-user time-frame fractions so that every user achieves the same
instantaneous bitrate [6, 7]. The FP model inherently discriminates users by location; the RR model
eliminates this disparity and is therefore better suited to SLA-governed multi-tenant environments
and to mobility-intensive use cases such as high-speed rail and vehicular networks [8, 9].
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A complete analytical framework for FP-based dynamic spectrum slicing—combining a continuous-
time Markov chain (CTMC) resource queueing model, stochastic frequency reallocation with isolation
guarantees, and MNO revenue optimization—was established in [10]. That line of research traces
back to queueing and simulation analyses of dynamic slicing [11], a controllable queueing model
with elastic traffic and Markov decision process (MDP) formulation [6], and an MDP-artificial neural
network combination for policy approximation [12]. However, extending these results to the equal-rate
scheduler requires a fundamentally different stochastic characterization of the per-user bitrate, and
no prior work has provided such a framework with closed-form performance guarantees.

The present paper fills this gap. The main contributions of our study are as follows:

- Stochastic bitrate model for equal-rate scheduling. The common per-user bitrate under the
RR policy is characterized as the ratio of the allocated bandwidth to the sum of independent,
identically distributed (i.i.d.) inverse spectral efficiencies. A closed-form cumulative distribution
function (CDF) is derived for this random variable, and a tractable Central Limit Theorem (CLT)
approximation is established for use in admission control and reallocation computations.

- CTMC resource queueing model with state-dependent control. A complete CTMC over the joint
state—spectrum partition, MNO user count, MVNO user count—is formulated, incorporating
state-dependent admission probabilities, stochastic frequency reallocation subject to per-slice
isolation thresholds. The reallocation policy can be chosen to optimize a given objective, for
example MNO revenue maximization as in [10].

- Closed-form performance metrics. Steady-state expressions are derived for blocking probability,
average per-user bitrate, average number of active users, and resource utilization.

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3
describes the system model. Section 4 presents the results—the CTMC queueing model and closed-
form performance metrics. Section 6 presents conclusions and future directions.

2. Related work

The architecture and challenges of 5G network slicing are surveyed in [1, 2], covering radio access
network (RAN), core, and transport domains. More recent surveys extend this to end-to-end 6G
slicing [8] and to smart-city applications of beyond-5G networks [9]. These works establish a consistent
taxonomy: while data-driven and optimization-based approaches dominate the recent literature,
analytical and model-based methods remain indispensable for deriving closed-form admission control
policies and for system dimensioning under SLA constraints. The scheduling layer—covering RR,
proportional fairness (PF), and maximum throughput (MT) strategies within sliced architectures—is
surveyed in [5], which identifies RR as the preferred policy when uniform per-user quality of service
(QoS) is the primary requirement.

Learning-based approaches have become dominant for intra- and inter-slice resource management.
A data-driven RAN slicing mechanism for enhanced mobile broadband (eMBB) and ultra-reliable
and low latency communications (URLLC) coexistence was proposed in [13], providing a reference
architecture for slice-orchestrator-level control. Cooperative multi-agent reinforcement learning
(MARL) for flexible RAN slicing in open RAN (O-RAN), capable of handling variable slice counts, was
introduced in [14]. Prediction-aided weighted deep reinforcement learning (DRL) for online resource
allocation was shown to outperform static and myopic baselines in [15], and a hybrid Double Deep
Q-Network with dueling architecture was proposed for 5G network slicing in [16]. The preemptive
resource allocation problem in dynamic multi-tenant networks was addressed with a Dueling-DQN
approach in [17]. DRL-based dynamic scheduling for LTE (long-term evolution) and eMBB slicing—with
explicit comparison of PF, RR, and max-rate rules—was studied in [7]. In the domain of joint allocation
and scheduling, the power-subcarrier co-allocation problem for multi-tenant multi-service systems
was formulated as a mixed-integer nonlinear program with efficient heuristic decomposition in [18].
A cooperative-aware scheme for cloud RAN was developed in [19], and a QoS-aware multi-cell RAN
slicing framework accounting for inter-cell interference and mobility was presented in [20]. While
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DRL methods excel in complex dynamic environments, they require extensive training, offer limited
interpretability, and do not produce the closed-form expressions needed for system dimensioning.

Guaranteeing strict inter-slice isolation while enabling efficient resource sharing is among the most
challenging aspects of multi-tenant slicing. The isolation-aware slicing problem was formulated as
a mixed-integer program in [4]. A latency-driven orchestration framework for beyond-5G networks
was developed in [21], simultaneously providing latency and throughput guarantees in multi-tenancy
environments. Pricing strategies for 5G multi-tenancy—Shapley value, bargaining game, and dynamic
pricing—were evaluated using a game-theory framework in [3], highlighting the interplay between
isolation requirements, resource efficiency, and economic incentives.

The matrix-analytic foundations for performance evaluation of multi-server queueing systems with
state-dependent service rates are provided in [22], which underpins the CTMC-based methodology
of the present work. State-dependent service rates and elastic traffic models have been employed to
study admission control and capacity planning in sliced networks under various traffic assumptions [6].
The isolation-aware slicing model of [4] demonstrates that analytical formulations can capture the
joint technical-economic trade-offs that DRL-based methods leave implicit.

The present paper is the latest contribution to a research program on CTMC-based analytical
modeling of dynamic spectrum slicing in 5G NR. The program began with a queueing and simulation
study that established the basic framework for modeling the reallocation interaction between an MNO
and an MVNO [11]. This was followed by a controllable queueing system with elastic traffic and Poisson
control signals, which formulated the spectrum reallocation decision as a Markov decision process
(MDP) and provided resource capacity planning guidelines [6]. The MDP formulation was extended
in [12] by combining it with an artificial neural network to approximate the optimal reallocation policy
in larger state spaces. The most comprehensive prior framework is [10], which integrates a full CTMC
resource queueing model with frequency reallocation ensuring per-slice isolation and MNO revenue
maximization under the fixed-power scheduling policy. The present work extends [10] to the equal-rate
(Round Robin) scheduling model. The key challenge is that the RR policy yields a per-user bitrate that
is a random ratio—the allocated bandwidth divided by the sum of i.i.d. inverse spectral efficiencies—
whose stochastic characterization differs fundamentally from the fixed-power case. To the best of
our knowledge, no existing work has developed a complete resource queueing framework integrating
equal-rate scheduling with dynamic spectrum slicing and frequency reallocation in a multi-tenant 5G
NR setting.

3. System model
3.1. Network architecture and channel model

We consider a single macrocell served by one base station (BS) shared between an MNO and an MVNO
under a network-slicing agreement (Figure 1). The total downlink bandwidth F = MAf is divided into
M resource blocks of width Af. The MNO is allocated m blocks (Slice 1, bandwidth F,(m) = mAf) and
leases the remaining M — m blocks to the MVNO (Slice 2, bandwidth F,(m) = (M — m)Af), with the
partition constrained to M; < m < M — M,, where M; is the minimum block reservation for slice i.

Both operators provide broadband data services. PDU (Protocol data unit) session requests in slice i
arrive according to independent Poisson processes with rates 4; (MNO) and 1, (MVNO). The traffic
volume per session—the total number of bits to be transferred—is exponentially distributed with
mean 1/y; bits. Each slice enforces a minimum bitrate guarantee b™"; in addition, a stricter isolation
threshold b > b™" is maintained: a spectrum reallocation is executed only when every active user in
the affected slice would receive at least b'* under the new partition. The MNO controls the partition
via a Poisson reallocation signal of rate &; at each signal epoch the controller selects a target allocation
a from the feasible set .A(m, n,, n,) defined in Section 4.
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Figure 1. System model

Users are spatially distributed over the macrocell according to a two-dimensional Poisson Point
Process (PPP) on the annulus [R;,, Ryax]- The downlink received SNR (signal-to-noise ratio) is
governed by the Friis path-loss model combined with the Shannon-Hartley capacity theorem. With
BS transmit power P, antenna gains G; and G,, thermal noise Ny, and background interference I, the
spectral efficiency (bits/s/Hz) at path loss PL is

r(PL) = log, <1 + PGG, ) .

(N, + I,)PL

Since r(-) is strictly decreasing in path loss, users near the BS (PL = PL,;,, distance R,;;,) achieve the
maximum spectral efficiency (SE) r(PL,,;,), while cell-edge users (PL = PL_,,,, distance R,,,,,) achieve
the minimum r(PL,,,,). The general instantaneous bitrate of user j in slice i is

bi(m,n;) = Fi(m) - t;(m,ny) - r(PLy), j=1,...,m;i=12,

where 7;,(m, n;) € [0, 1] is the downlink time-frame fraction allocated to user ;.

3.2. Equal-rate scheduling

Under the equal-rate scheduling policy the BS assigns time fractions 7;(m, n;) so that every active user
in slice i achieves the same instantaneous bitrate:

bji(m,n;) = b(m,n;), j=1,..,m; i=12

Substituting the equal-rate condition into the general bitrate expression and solving for the time
fraction gives
bi(m, n;)

Ti(m,n;) = Fi(m) - 1(PLy)’

j=1,...,n, i=1,2.
Applying the frame normalization constraint 2]”;1 t;;(m, n;) = 1 yields the common bitrate:
F,(m .
bi(m, Tli) = nil#’ 1= l, 2,
j=1

where 1/r(PL;) is the inverse spectral efficiency (ISE) of user j. Users with poor channel conditions
(large ISE) are compensated by a larger time-frame share, so every user in the slice receives the same
bitrate regardless of location.
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Since user positions are random (PPP), the path loss £y, is a random variable with CDF F¢, () on
[PL 1in> PLax]- Consequently, S}SE = 1/r(&py) are i.i.d. random variables with support [ISE i, ISE .. ],
where ISE i, = 1/7(PLyyn) and ISE,,, = 1/7(PLppay)- The equal-rate bitrate £°(m, n;) is therefore itself

a random variable:
F (m)

2 gISE
]

j=1

& (m,n) = i=1,2.

Its stochastic characterization—the CDF of g5, the CLT approximation for the sum ;(n;) = Z}”;l £,
and the resulting admission and reallocation probabilities—is developed in Section 4.

4. Results: Resource queueing model
4.1. CTMC and transition rates

The system is modeled as a CTMC with state (m, n;, n,), where m € {M, ..., M — M,} is the current
spectrum partition and n; > 0 is the number of active users in slice i. Under the equal-rate policy the
worst-case channel realization (all users at R,;,, path loss PL_;;,) determines the maximum admissible
occupancy:

The finite state space is accordingly
X ={(m,n,ny) : 0<n; <Ny(m),0<ny <Ny(m),M; <m<M—M,}.

A Poisson reallocation signal of rate § triggers a candidate partition change from m to targeta €
A(m, ny, n,). To protect both slices, the feasible set .A(m, n;,n,) is constructed from the isolation-safe
minimum block counts

) ) b1s
m; (nz) = max{ 0 [Af (PLmln)]}

and equals:

Alm,n,m) =@, m<mi(n), M-—m<mb,),
A(m,ny,ny) = {m, ...,M —mi(n,)}, m<mb(n), M-m>ms(n,),
A(m,ny,ny) = {mid(ny),...,m}, m>mdn,), M-m<mbn,),
A(m,ny,ny) = {mi¥(ny), ..., M —mi(n,)}, m>m¥(n), M—m>mbn,).
When A(m, ny,n,) = @ no safe reallocation exists and the partition remains at m.
Let p;(m, n;) denote the state-dependent admission probability and p(m, n;, n,, a) the reallocation

success probability; both quantities depend on the CDF of the equal-rate bitrate £°(m, n;) and are
derived below. The non-zero off-diagonal transition rates are:

Q[(m,ny,np), (m,ny + Lmy)] = A1 - p1(m,my), 1y +1 < Ny(m),
Q[(m,ny,np), (M, 1y, 1 + D] = A, - po(m,mp), 1y + 1 < Ny(m),
Q[(m,ny,my), (m,ny — 1,ny)] = nypty - E [5?("17 nl)]’ n >0,

Q [(m’ ny, n2)’ (m’ ny, My — 1)] = Moy - E [glzn(m’ nz)] , Mg > 0,
Q[(m,my, ”z)’ (a,n,mp)] =6 P(m’ ny,Mm,a), ae€ A(m, n, ”2) \ {m}.
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The first two rates correspond to arrivals: an arriving user in slice i is admitted with probability
pi(m, n;) and blocked (no state change) when n; = N;(m). The third and fourth rates describe service
completions, which occur at the elastic rate nu;E[£P(m, n;)]: since each session volume is exponentially
distributed with mean 1/y; bits and the equal-rate scheduler allocates bitrate £?(m, n;), the expected
service rate per user is y;E[£P(m, n;)]. The last rate governs reallocation transitions, which fire at each
Poisson epoch of rate § when the controller selects target a and the affected slice passes the isolation
check with probability p(m, ny, n,, a).

4.2. Performance metrics

The CTMC over X is irreducible and ergodic. All metrics are expectations over the stationary
distribution 7(m, n,, n,). Blocking probability of a request in slice i:

M—M; N;(m) Np(m)
P = Z z Z 1-p(m,n)]-w(m,ny,ny), i=12.
m=M; n;=0 ny=
Average bitrate per user in slice i:
M—M;, N,(m) Ny(m) M—M; Np(m) Ny(m)
Z E [E[fl(m nl) Z wi(m, ny, ny) Z Z §2(m nz) Z 7i(m, ny, ny)
m=M; n,=1 n,=0

T m=M; n;=1 ny=0 R
b = b, =

M~=M; Ny(m) Np(m) ’

Z Z Z (m,ny, n,)

m=M; n;=1 n,=0
Average number of active users in slice i:

M=M,; N,(m)  Ny(m)

Z n Z (m,ny, n,),

m=M; n;=1 n,=0

Tl]_=

Average resource utilization:

_M2

M=y m

m=M,;

Ny (m) Ny(m)

Z Z m(m,ny, ny),

n1=0 ny=0

M=M; Np(m) Ny(m)

Z Z Z m(m,ny,ny)

m=M; n,=1 n;=
M=M; Np(m) ~ Ny(m)
n, = Z Z 1, Z w(m, ny, ny).
m=M; n,=1 n;=0
F,=Af-m, F,=F-F;

The metrics above require the quantities p;(m, n;), p(m, n,, ny, @), and E[£P(m, n;)], all of which depend
on the CDF of the equal-rate bitrate £’(m, n;). The next subsection derives this CDF.

4.3. CDF of the equal-rate bitrate

As defined in Section 3, the ISE of a user is the random variable &gz = 1/r(€p) with support
[ISEpmin, ISEay]- Since r(-) is strictly decreasing, &g < s if and only if r(&p) > 1/s, i.e. &pp < r71(1/s).
Substituting the inverse of r in closed form gives the CDF of the ISE:

PG,G,
o) = P (o

(N + Ip)(21s = 1)

) , 5 € [ISEyin ISE oy l-

Let s = E[€1sg] and 0% = Var(&gg) be the first two central moments computed from Fe o (5)-
With n; active users, the survival function of £? is therefore:

Pr(&(m,n) > b) =Pr (771(711) <

*11;

where F te
n; is computationally intensive.

F(m))

fre 3 ), n;>0, 1=12,

denotes the n;-fold convolution of F .. While exact, evaluating this convolution for large
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By the CLT, 5,(n,) is approximately normal with mean n;u;g; and variance n;o%g, so the survival
function takes the form:

Fi(m)/b — njusg

UISE\/E‘

Pr(gf(m,ni)zb)zqﬁ( ) n>0, i=1,2,

and the CDF is equivalently:

Fi(m)/b — niusg
O-ISE\/E

where @(x) denotes the standard normal CDF. For n; = 1 the CLT approximation reduces to Pr(
&m1) > b) = F¢,.(Fi(m)/b), which is exact. The expected equal-rate bitrate used in the service-

completion rates is E[£P(m,n)| = f]ﬁ:}((;mf)i) bdFs, (D), Where BM(m,n;) = Fy(m) - 7(PLpay)/ 1
and B"*(m, n;) = F;(m) - r(PLy;,)/n; are the minimum and maximum achievable equal-rate bitrates,
corresponding to all users being at the cell edge and all users being at the cell center, respectively.

Febmmy () % 1= qs( ) n>0, i=1.2,

4.4. Admission and reallocation probabilities

A new arrival to slice i is admitted if and only if all n; + 1 users simultaneously satisfy the minimum

bitrate constraint: 7;(n; 4+ 1) < F;(m)/b™". Conditioning on the current n; users already being admitted

yields the admission probability:

Pr(€P(m, n; + 1) > bimin)
Pr(&(m, ny) > i)

pi(m,n;) = n,>0, i=1,2,

and p;(m,0) = Pr(§?(m, 1) > b?ﬂn). Substituting the CLT approximation for the survival function gives:

& (Fi(m)/b?li" —(n; + 1)#1513)
O1sgV I +1
o (Fi(m)/blmm - TlillISE>
GISE\/E‘
A reallocation from m to a # m succeeds if all n; users in the affected slice achieve at least the

isolation threshold bi* under the new allocation. Applying the CLT survival function with bi® in place
of bmin;

pi(m,ny) =

o (Fl(a)/bils - ”1#1513)
Pr (511)(4’ n) > bils) UISE\/n_l
Pr(8bm,my) > bF) (Fl(m)/b‘fﬁ“ — nuphsy )
UISE\/n_l
o <F2(61)/bizS - ”z,UISE>
Pr (512)(4, ny) > bizs) GISE\/?Z
Pr(&5(m,my) > b3™) i ) (Fz(m)/blznin — TolisE >,

UISE\/H_z

with p(m, ny, n,,a) = 1 when the affected slice is empty (n; = 0 for a < m; n, = 0 fora > m).

P(m’ ny, 1y, a) = a<m, n;> 0,

p(m,ny,ny,a) = a>m, n,>0,
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5. Discussion

Unlike the fixed-power model [10], where each user’s bitrate depends only on their own path loss, the
equal-rate policy couples all users within a slice through the sum 7;(n;): a single cell-edge user lowers
the bitrate of every other user in the slice. This coupling is what necessitates the CDF derivation in
Section 4—admission and reallocation decisions cannot be made per-user, only for the slice as a whole.

The CLT approximation is exact for n; = 1 and improves as n; grows, so its main practical value is
for slices with several simultaneous users, precisely the regime where the exact n;-fold convolution
becomes too costly to evaluate at each arrival or reallocation epoch.

The isolation-aware set.A(m, n,, n,) protects already-admitted users but narrows the range of feasible
reallocations under high load in either slice. Because this constraint now operates on a stochastic
bitrate rather than a fixed allocation, reallocation decisions under equal-rate scheduling are inherently
more conservative than under the fixed-power scheme.

6. Conclusion

This paper has developed a complete resource queueing model for dynamic spectrum slicing in
two-operator 5G NR networks under the equal-rate (Round Robin) scheduling policy, where the base
station adjusts per-user time-frame fractions so that every active user within a slice achieves the
same instantaneous bitrate. The CTMC is formulated with state-dependent arrivals, elastic service
completions, and Poisson-triggered reallocation transitions subject to per-slice isolation thresholds.
Closed-form steady-state expressions are derived for blocking probability, average per-user bitrate,
average number of active users, and resource utilization.

Several directions remain open for future research. First, the numerical validation of the CLT
approximation against exact n;-fold convolution and Monte Carlo simulation across a range of cell radii,
load levels, and path-loss exponents would establish practical accuracy bounds. Second, extending the
model to more than two slices, to heterogeneous minimum bitrate requirements across user classes,
and to non-Poisson arrival processes would broaden its applicability to emerging 5G-Advanced and
6G multi-tenant deployments.

Author Contributions: Conceptualization, supervision, methodology, writing—review and editing, Irina A. Kochetkova; visualiza-
tion, writing—original draft preparation, Ibram E.Z. Ghebrial; investigation, Ibram E.Z. Ghebrial and Irina A. Kochetkova. All

authors have read and agreed to the published version of the manuscript.
Funding: This research received no external funding.

Data Availability Statement: Data sharing is not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

Declaration on Generative Al: During the preparation of this work, the authors used Perplexity AI (Perplexity Al, Inc., 2026) in
order to: grammar and spelling check, improve writing style. After using this tool, the authors reviewed and edited the resulting

content as needed and take full responsibility for the content of the publication.

References

[1] X. Foukas, G. Patounas, A. Elmokashfi, and M. K. Marina, “Network Slicing in 5G: Survey and
Challenges,” IEEE Communications Magazine, vol. 55, no. 5, pp. 94-100, 2017. DO1: 10.1109/MCOM.
2017.1600951

[2] P.Rost, C. Mannweiler, D. S. Michalopoulos, et al., “Network Slicing to Enable Scalability and
Flexibility in 5G Mobile Networks,” IEEE Communications Magazine, vol. 55, no. 5, pp. 72-79, 2017.
DOI: 10.1109/MCOM.2017.1600920

[3]1 S. K. A. Kumar, D. Crawford, and R. Stewart, “Pricing Models for 5G Multi-Tenancy Using
Game Theory Framework,” IEEE Communications Magazine, vol. 62, no. 5, pp. 66-72, 2024. DOI:
10.1109/MCOM.001.2200742


https://doi.org/10.1109/MCOM.2017.1600951
https://doi.org/10.1109/MCOM.2017.1600951
https://doi.org/10.1109/MCOM.2017.1600920
https://doi.org/10.1109/MCOM.001.2200742

296

Computer science DCME&EACS. 2026, 34 (3), 288-297

(4]

(5]

(6]

(71

&)

(10]

(11]

(12]

(13]

(14]

(15]

[16]

(17]

(18]

M. Bolourian, N. Limam, M. A. Salahuddin, and R. Boutaba, “5Guard: Isolation-Aware End-to-
End Slicing of 5G Networks,” IEEE Transactions on Mobile Computing, vol. 25, no. 4, pp. 4979-4996,
2026. DOI: 10.1109/TMC.2025.3627066

A. M. Jaradat, M. Alayedi, and H. Arslan, “A Survey of Radio Resource Scheduling for 6G and
Future Wireless Networks,” IEEE Open Journal of the Communications Society, vol. 6, pp. 10191~
10218, 2025. DOI: 10.1109/0JCOMS.2025.3640408

L. Kochetkova, K. Leonteva, I. Ghebrial, A. Vlaskina, S. Burtseva, A. Kushchazli, and K. Samouylov,
“Controllable Queuing System with Elastic Traffic and Signals for Resource Capacity Planning in
5G Network Slicing,” Future Internet, vol. 16, no. 1, p. 18, 2024. DOI: 10.3390/fi16010018

H. Eddine Benmadani, M. Azni, T. Essa Alharbi, M. S. Alzaidi, and M. Tounsi, “Deep
Reinforcement Learning-Based Dynamic Scheduling for Real-Time Applications in LTE and
RAN Slicing for eMBB in 5G,” IEEE Access, vol. 13, pp. 33 555-33 570, 2025. DOI: 10.1109/ACCESS.
2025.3541531

S. Ebrahimi, F. Bouali, and O. C. L. Haas, “Resource Management from Single-Domain 5G to
End-to-End 6G Network Slicing: A Survey,” IEEE Communications Surveys and Tutorials, vol. 26,
no. 4, pp. 2836-2866, 2024. DOI: 10.1109/COMST.2024.3390613

W. Rafique, J. Rani Barai, A. O. Fapojuwo, and D. Krishnamurthy, “A Survey on Beyond 5G
Network Slicing for Smart Cities Applications,” IEEE Communications Surveys and Tutorials,
vol. 27, no. 1, pp. 595-628, 2025. DOI: 10.1109/COMST.2024.3410295

I. Kochetkova, K. Leonteva, I. Ghebrial, and A. Khakimov, “Dynamic Spectrum Management
for 5G NR Network Slicing: Frequency Reallocation Ensuring Slice Isolation and Revenue
Maximization,” IEEE Access, vol. 13, pp. 208 414-208 438, 2025. DOI: 10.1109/ACCESS.2025.3640721
I. Kochetkova, A. Vlaskina, S. Burtseva, V. Savich, and J. Hosek, “Analyzing the Effectiveness
of Dynamic Network Slicing Procedure in 5G Network by Queuing and Simulation Models,” in
Lecture Notes in Computer Science, vol. 12525, 2020, pp. 71-85. DOI: 10.1007/978-3-030-65726-0_7
I. Ghebrial, K. Leonteva, I. Kochetkova, and S. Shorgin, “Markov Decision Process and Artificial
Neural Network for Resource Capacity Planning in 5G Network Slicing,” in Communications in
Computer and Information Science, vol. 2163, 2024, pp. 33-47. DOI: 10.1007/978-3-031-65385-8_3
S. Bakri, P. A. Frangoudis, A. Ksentini, and M. Bouaziz, “Data-Driven RAN Slicing Mechanisms
for 5G and Beyond,” IEEE Transactions on Network and Service Management, vol. 18, no. 4, pp. 4654-
4668, 2021. DOI: 10.1109/TNSM.2021.3098193

M. Zangooei, M. Golkarifard, M. Rouili, N. Saha, and R. Boutaba, “Flexible RAN Slicing in Open
RAN With Constrained Multi-Agent Reinforcement Learning,” IEEE Journal on Selected Areas in
Communications, vol. 42, no. 2, pp. 280-294, 2024. DOI: 10.1109/JSAC.2023.3336156

Y. Cai, P. Cheng, Z. Chen, M. Ding, B. Vucetic, and Y. Li, “Deep Reinforcement Learning for
Online Resource Allocation in Network Slicing,” IEEE Transactions on Mobile Computing, vol. 23,
no. 6, pp. 7099-7116, 2024. DOI: 10.1109/TMC.2023.3328950

Z. Zakariya Saleh, M. F. Abbod, and R. Nilavalan, “Intelligent Resource Allocation via Hybrid
Reinforcement Learning in 5G Network Slicing,” IEEE Access, vol. 13, pp. 47 440-47 458, 2025.
DOI: 10.1109/ACCESS.2025.3550518

Y. Xie, Y. Kong, L. Huang, S. Wang, S. Xu, X. Wang, and J. Ren, “Resource Allocation for Network
Slicing in Dynamic Multi-Tenant Networks: A Deep Reinforcement Learning Approach,” Com-
puter Communications, vol. 195, pp. 476-487, 2022. DOI: 10.1016/j.comcom.2022.09.015

S. Tul Muntaha, M. Hafeez, Q. Z. Ahmed, F. A. Khan, Z. D. Zaharis, and P. I. Lazaridis, “RAN Slicing
With Joint Resource Allocation for a Multi-Tenant-Multi-Service System,” IEEE Transactions on
Cognitive Communications and Networking, vol. 11, no. 3, pp. 1927-1939, 2025. DOI: 10.1109/TCCN.
2024.3490781

S. A. AlQahtani, “Cooperative-Aware Radio Resource Allocation Scheme for 5G Network Slicing
in Cloud Radio Access Networks,” Sensors, vol. 23, no. 11, p. 5111, 2023. DOI: 10.3390/s23115111
A. Papa, A. Jano, S. Ayvasik, O. Ayan, H. M. Gursu, and W. Kellerer, “User-Based Quality of
Service Aware Multi-Cell Radio Access Network Slicing,” IEEE Transactions on Network and Service
Management, vol. 19, no. 1, pp. 756-768, 2022. DOI: 10.1109/TNSM.2021.3122230


https://doi.org/10.1109/TMC.2025.3627066
https://doi.org/10.1109/OJCOMS.2025.3640408
https://doi.org/10.3390/fi16010018
https://doi.org/10.1109/ACCESS.2025.3541531
https://doi.org/10.1109/ACCESS.2025.3541531
https://doi.org/10.1109/COMST.2024.3390613
https://doi.org/10.1109/COMST.2024.3410295
https://doi.org/10.1109/ACCESS.2025.3640721
https://doi.org/10.1007/978-3-030-65726-0_7
https://doi.org/10.1007/978-3-031-65385-8_3
https://doi.org/10.1109/TNSM.2021.3098193
https://doi.org/10.1109/JSAC.2023.3336156
https://doi.org/10.1109/TMC.2023.3328950
https://doi.org/10.1109/ACCESS.2025.3550518
https://doi.org/10.1016/j.comcom.2022.09.015
https://doi.org/10.1109/TCCN.2024.3490781
https://doi.org/10.1109/TCCN.2024.3490781
https://doi.org/10.3390/s23115111
https://doi.org/10.1109/TNSM.2021.3122230

L. E. Ghebrial, 1. A. Kochetkova A resource queueing model for equal-rate dynamic spectrum slicing 297

[21] L. Zanzi, V. Sciancalepore, A. Garcia-Saavedra, H. D. Schotten, and X. Costa-Perez, “LACO:
A Latency-Driven Network Slicing Orchestration in Beyond-5G Networks,” IEEE Transactions on
Wireless Communications, vol. 20, no. 1, pp. 667-682, 2021. DOI: 10.1109/TWC.2020.3027963

[22] V. Naumov, Y. Gaidamaka, N. Yarkina, and K. Samouylov, Matrix and Analytical Methods for
Performance Analysis of Telecommunication Systems. Springer Cham, 2022. DOI: 10.1007/978-3-030-
83132-5

Information about the authors

Ghebrial, Ibram E. Z.—Junior Researcher and PhD Student with the Department of Probability Theory and Cyber Se-
curity of RUDN University (e-mail: gebrial-ie@rudn.ru, ORCID: 0009-0007-2682-8577, ResearcherID: OKS-6645-2025,
Scopus Author ID: 58848551900)

Kochetkova, Irina A.—Doctor of Sciences in Physics and Mathematics, Associate Professor with the Department of Probability The-
ory and Cyber Security of RUDN University; Senior Researcher with the Federal Research Center “Computer Science and Control”
of the Russian Academy of Sciences (e-mail: kochetkova-ia@rudn.ru, ORCID: 0000-0002-1594-427X, ResearcherID: E-3806-2014,
Scopus Author ID: 35332169400)

RUSSIAN METADATA

VJIK 519.872
PACS 02.50.Ga
DOI: 10.22363/2658-4670-2026-34-3-288-297 EDN: RPKOTU

PecypcHas cuctemMa MaccoBOro o6cny)XvBaHusa gns UHaAMUYECKON Hape3Ku
PagMoOYaCTOT C paBHOW CKOPOCTHIO B ceTsX 5G NR

W. E. 3. Te6puant, U. A. Kouerkosal-?

! Poccutickuil yrueepcumem dpysc6sL Hapodos, ya. Mukayxo-Maxaas, 0. 6, Mockea, 117198, Poccuiickas ®edepayus

2 Pedepanvrvtil uccredosamenvckuil yenmp “Ungopmamuka u ynpasaenue” Poccuiickoil akademuu nayx, ya. Basuaosa,
0. 44, xopn. 2, Mocksa, 119333, Poccuiickas ®edepayus

AHHoTauus. IIpeanoceinku: B ceTsax 5G NR ¢ Hape3koli pafiodacToT OIlepaTop MOOUIBHOM CEeTH IPeOCTaBISIET
9acTh CIIEKTPa B apeH/y BUPTYaJIbHOMY OILI€PaTOpPy II0 COIAIIeHNIo 06 ypoBHe obcayxuBaHus. [Ipu m1aHupo-
BaHUU C paBHOI ckopocThio (Round Robin) 6asoBas cTaHUIUs pacupeesnseT AOJIu BpeMEHHOTO KaZipa TakK, YTO
KKABIH II0JIb30BaTEIb CJIalica I0Iy4aeT OAMHAKOBYIO CKOPOCTD Ilepefiadl JaHHBIX He3aBUCHMO OT MeCTOIIO-
JnoxeHus. CyIIecTBYIOI[ME aHAIUTUYECKHEe MOJeIN MaCCOBOTO OOCIyKUBaHUS A1 JUHAMUYECKOH Hape3KHu
CIIeKTPa, OJHAKO, OXBATHIBAIOT TOJBKO BAPHAHT ¢ GHMKCHPOBAHHON MOIIHOCTHIO, 1 aHAJOTUIHOI MO JJIs
IUIAHUPOBAHUS C PAaBHOM CKOPOCTBIO IIOKA He cymlecTByeT. Llesn: [IocTpoeHMe peCcypCcHON MOZEeNI MacCOBOTo 06-
CJTyKMBAaHUA JJIS1 JUHAMUYECKOI Hape3KH CIeKTpa IIPY IVIAHUPOBAHUU C PABHOH CKOPOCTBIO, paclIupsoei
paHee pa3paboTaHHYI0 aBTOPaMU cXeMy ¢ GUKCHPOBAHHOI MOIIHOCTBIO Ha 9TOT pexxuM. MeTozsl: KauecTBo Ka-
HaJia Ka/I0T0 I10JIb30BaTeJIsl OIIMChIBAETCS CIyYalHOM BeJTMYMHON 00paTHOM CIIeKTPalTbHOM 3G (HEeKTUBHOCTH,
(yHKIUS pacrpeeseHUs: KOTOPOI BEIBOAUTCS U3 MOJIENIN 3aTyXaHUA paguocurHaia. [Ipy mIaHIpOBaHUY C PaB-
HOH CKOPOCTBIO BCE II0JIb30BATE/IH CJIAkica ITOJIyIaloT OOy CKOPOCTD IIepeiadyll JaHHbIX, PABHYIO OTHOIIEHHUIO
BBIZIeJIEHHOI TT0JIOCHI IIPOIYCKaHMS K CyMMe He3aBHUCHMBIX OJMHAKOBO paclipe/e € HHbIX BeJIUINH 00paTHOH
CIIeKTPATIBHON 5P PEeKTUBHOCTH; 3T CYMMa OIKCHIBAETCS TOYHO Yepe3 MHOTOKPATHYIO CBEPTKY U A CHIDKEHHS
BBIYMCIUTENBHOMN CIOKHOCTH IIPUOIIIKAETCS C IOMOLITBIO LIEHTPAIbHOM IIpe/iebHO TeopeMbl. IIoIydeHHbIe
pacmpeziesleHUs UCIONIb3YIOTCSA IIPH IIOCTPOEHUU HEIIPephIBHON MapKoBcKol enu (CTMC), onuchiBaromeit
COBMECTHYIO IMHAMMUKY paclpeie/leHus CIIeKTPa 1 YHCIIa I10Jb30BaTeell B KaXX/0M ciaiice, C 3aBUCSAILINM OT CO-
CTOSIHUSA YIIPaBleHHEeM JIOCTYIIOM U CTOXaCTUIECKUM IlepepacipeeieHieM YacTOT, COXPAHAIOMIM U30/IAIIIO
MexAy ciaticamu. PesynbTaTel: Mogenb 1a€T aHAIUTHUYECKIE BbIPaXKEHU /I BEPOSITHOCTU GJIOKUPOBKY, Cpef-
Hel CKOPOCTH Ilepefiadyl JAHHBIX Ha I10Jb30BaTe s, CPeJIHETO YIC/Ia aKTUBHBIX II0Ib30BaTe el B KAXXIOM cralice
1 ob11ell 3aHATOCTU pecypcoB. BeiBozbl: IIocTpoeHHAs MOZeJIb ABISIEeTCS aHATUTHIECKIM HHCTPYMEHTOM JIJIs
pacuéTa mapaMeTpOB CIIEKTPA U YIIPABJIeHHU JOCTYIIOM B MyJIBTUTEHAHTCKUX ceTsax 5G NR npu miaHupoBaHUU
C paBHOM CKOPOCTBIO.

KnioyeBble cnoBa: 5G NR, CTMC, frHaMHu4eCcKoe yIIpaBieHue CIIeKTPOM, IVIAaHUPOBAHUE C PAaBHOH CKOPOCTBIO,
ceTeBOM CIANICUHT, CHCTEMa MaccoBoro obciyxubanus, Round Robin
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