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Abstract— Deterministic mobile networks are essential for
advanced applications that demand strict quality of service
(QoS) assurances under limited resource availability. Though
network slicing can optimize average performance metrics to
offer best-effort services, it often fails to meet the high-reliability
requirements of deterministic communication scenarios. In this
paper, we introduce a novel QoS-guaranteed inter-slice radio
resource allocation scheme for mobile networks to deliver deter-
ministic services over the long term. First, we develop an
analytical martingale-based stochastic network calculus frame-
work, which yields stochastic bounds for transmission delays
and queue backlogs across various traffic arrival patterns. These
bounds produce robust interval estimations that guide resource
allocation decisions, effectively addressing channel variability
and long-tail QoS effects. Then, an efficient resource allocation
algorithm is proposed to approach the derived performance
bounds while ensuring fairness across different radio slices with
diverse QoS needs. The framework also incorporates an adaptive
traffic predictor, enabling our algorithm to track and respond
to network dynamics. Numerical results demonstrate that our
proposed scheme achieves a promising trade-off between resource
utilization and QoS guarantees.

Index Terms— Deterministic communications, radio

resource allocation, stochastic network calculus.
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I. INTRODUCTION

ITH the proliferation of mobile devices and the

associated growing demand boosted by emerging appli-
cations, 5G and beyond mobile networks are envisioned
to support high-quality connectivity for both human-centric
and machine-type services [2]. These emerging applica-
tions, including industrial automation, autonomous vehicles,
and telemedicine, involve multiple coexisting communication
services, each with particular delay and reliability require-
ments. For real-time and mission-critical services, even a
slight unexpected delay or packet loss would result in
severe consequences [3]. Traditional mobile networks, which
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provide best-effort services, often struggle to cope with these
highly diversified and stringent performance requirements.
In response to these challenges, deterministic mobile commu-
nications has emerged as a promising approach to bound delay
and minimize packet loss [4]. Recent advancements, including
time-sensitive networking [5], deterministic networking [6],
and deterministic IP [7], have incorporated mechanisms such
as time synchronization, traffic shaping, and deterministic
forwarding to establish deterministic behaviors and provide
QoS guarantees across network segments.

Compared to the core network equipped with powerful
computing and caching components, ensuring reliable and
predictable operations for the radio access network (RAN) in
mobile communication systems, however, poses greater chal-
lenges due to the limited radio resources and the harsh radio
propagation environments. RAN slicing offers a promising
solution by enabling multiple self-contained logical subnets
within a shared network infrastructure [8], [9]. The subnets,
denominated RAN slices, can be tailored to the requirements
of specific communication services. While most advanced
RAN slicing solutions focus on resource allocation among
multiple user equipments to satisfy their traffic demands,
a critical challenge remains: how to pre-determine the required
resources for multiple RAN slices to meet their long-term
performance requirements? In this regard, the 3rd Generation
Partnership Project (3GPP) has introduced the preparation
phase within the RAN slice management and orchestra-
tion [10], where mobile network operators are required to plan
the slice deployment among other tasks.

Real-world communication networks always deal with
stochastic service requests and suffer from the severe fadings
of radio channels in mobile communication scenarios. As a
result, RAN slicing schemes based on average performance
metrics may encounter difficulties in consistently meeting the
stringent QoS requirements. Recent research has explored
planning and scheduling for worst-case scenarios. In [11],
a closed-loop load frequency control scheme is devised to
ensure an acceptable maximum transmission delay. The worst-
case delay, however, can become unbounded if there exists a
possibility of zero data transmission, which can occur when,
for instance, the received signal-to-noise ratio falls below the
limited sensitivity threshold of the receiver [12]. Network
performance curves typically present long, low-probability
tails [13], [14], suggesting that the worst-case scenarios are
oversimplified and rarely happen in practice. The derived
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deterministic performance bounds are thus too conservative
to utilize the scarce network resources in an efficient way.

Allowing rare QoS violations theoretically would greatly
improve the effective utilization of statistical multiplexing
gains. In this context, a stochastic performance bound refers
to a specific interval, the probability of the experienced
service falling within which is not lower than a prescribed
threshold determined by a bounding function associated with
the interval. Such an approach is instrumental in guiding
resource allocation decisions in network environments, par-
ticularly when considering the long-tail effect of general
QoS metrics. The effect results in skewed and sparse data,
rendering single-point estimations of averages or worst-case
scenarios vulnerable to outliers. In contrast, stochastic bounds
enhance resilience against these challenges by capturing a
more comprehensive representation of the metrics, thus offer-
ing a more robust means of balancing resource utilization and
performance assurance.

Extreme value theory and effective capacity explore stochas-
tic performance bounds by modeling the extreme values or
events that occur in the tails of distributions. In [15], the
power consumption is minimized by trading off the allocated
resources for local computation and task offloading, while the
probabilistic constraints on task queue lengths are imposed
by using extreme value theory. In [16], a reliability mea-
sure characterizing queuing delays is defined using extreme
value theory to optimize network-wide power consumption for
vehicular users. These extreme value theory-based methods,
however, often require prior model parameters that are difficult
to obtain in advance. In [17], the delay violation probabilities
for vehicle-to-vehicle links, derived from effective capacity
theory, are controlled while maximizing the sum ergodic
capacity of vehicle-to-infrastructure links. Nevertheless, the
effective capacity primarily deals with the deterministic traffic
models with fixed traffic parameters. In contrast, stochastic
network calculus (SNC) is a more comprehensive and flex-
ible mathematical framework that can provide reliable and
reproducible stochastic performance bounds by transforming
complex queueing systems to analytically tractable linear ones
with alternate algebras [18].

In the literature, the main SNC approaches can be sub-
divided into three main categories: tail bound-based [19],
[20], moment generating functions (MGF)-based [21], and
martingale-based [22] approaches. The tail bound-based SNC
relies on the available upper envelopes of traffic arrivals and
the lower envelopes of services to establish the bounding
functions, e.g., in [23], a linear-bounding function SNC model
is introduced to calculate radio resource allocation for RAN
slices while maintaining acceptable delays. The MGF-based
SNC employs Chernoff bound and Boole’s inequality to derive
exponential bounding functions. In [24], a bisection search
algorithm is proposed to minimize the transmit power for
independent and identically distributed (i.i.d.) traffic arrivals,
while meeting the specified constraints on the delay violation
probability bound derived from the MGF-based SNC. The
martingale-based SNC refines the MGF-based approach to
achieve tighter stochastic performance bounds by mitigating
the impact of union bound. The martingale-based SNC model
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in [22] is designed for constant service rate systems and
is inapplicable for wireless networks with random channel
fading and variable transmission rates. In [25], a delay analysis
framework for i.i.d. traffic and service models is proposed
to dynamically allocate transmission power. Nevertheless, all
these SNC frameworks would become intractable when deal-
ing with the well-known self-similar properties of real-world
traffic scenarios [26].

In this article, we address the challenges of deterministic
communications scenarios where mobile network operators
have to proactively plan the deployment of multiple RAN
slices, each with distinct delay and reliability requirements.
We introduce an efficient resource allocation scheme aiming
at achieving a balance between multi-slice QoS guarantee
and resource utilization. The proposed scheme consists of
two parts: derivation of essential performance metrics and
bandwidth allocation. For the former, a martingale-based
SNC model is proposed to establish stochastic bounds of
transmission delays and queue backlogs for both i.i.d. and non-
1.1.d. traffic arrivals. For the bandwidth allocation, an efficient
greedy algorithm is designed to iteratively optimize the derived
performance metrics while accommodating time-varying traf-
fic arrivals and ensuring slice fairness. The main contributions
of the paper can be summarized as follows.

o We develop a martingale-based SNC model that provides
stochastic bounds on transmission delay, delay variation,
and packet loss rate for RAN slices operating under block
fading channels. The proposed model serves as a robust
and reliable approach to inform QoS-guaranteed resource
allocation decisions in the networks characterized by
long-tail distributed performance.

o We analyze two prominent categories of arrival processes:
i.i.d. incremental processes and autoregression (AR) mod-
els. While the simple i.i.d. models provide good intuition
into the functioning of our martingale-based SNC model,
the AR models offer a more realistic representation
by capturing the self-similar characteristics of network
traffic.

o We give the sufficient and necessary condition for optimal
bandwidth allocation by exploiting the attributes of the
derived stochastic bounds. This decisive condition serves
as a guiding principle in the development of a highly
efficient greedy algorithm that achieves a trade-off among
slice fairness, resource utilization, and QoS assurance.

o We design an adaptive traffic predictor to monitor and
respond to fluctuations in network traffic patterns, which
enables our resource allocation scheme to dynamically
track the evolving network demands.

The remainder of this article is organized as follows.
Section II presents the problem formulation and introduces
the three key metrics used to evaluate network performance.
In Section III, we develop a versatile martingale-based SNC
framework to derive stochastic bounds for performance met-
rics, with analysis focused on two illustrative traffic classes.
An efficient greedy algorithm for addressing the optimal
bandwidth allocation problem in deterministic mobile com-
munications is elucidated in Section IV. Numerical results
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Fig. 2. A single queueing node with arrival A;(7,t), service S;(7,t) and

departure D;(7,t) processes.

validating our proposal are provided in Section V. Section VI
concludes this work.

II. SYSTEM MODEL

Consider the RAN in a given mobile network where the
radio resources between different cells are logically isolated
from each other and thus each cell can be configured inde-
pendently. We focus on a cell with I slices, and the total
bandwidth resources of the cell are organized into R resource
blocks (RBs). Denote the set of RAN slices by Z, and each
1 € 7 provides a customized network service for an aggregated
traffic of multiple users. The RAN slice orchestrator period-
ically executes an inter-slice scheduling procedure to decide
the dedicated RB quota for each slice so as to meet the QoS
requirements in the long term. An illustrative example with
I = 3 slices and R = 48 RBs is depicted in Fig. 1.

A. Metrics for Evaluating Network Performance

Consider a time-slotted queuing system for RAN slice 7 €
Z, as depicted in Fig. 2(a). Let a;(7) and s;(7) denote the
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random instantaneous arrival and service increments in the
T-th timeslot, respectively. For a wireless channel with signal-
to-noise ratio -, its achievable transmission rate is

si(t) = Bilogy(1+17), (D

where B; is the allocated bandwidth. For block fading chan-
nels, the channel conditions are i.i.d. across different timeslots,
which carries over to s;(t)’s. The cumulative traffic arrival
and service processes in the time interval [0,t) are defined
by bivariate functions A;(0,t) = Zt;:t a;(7) and S;(0,t) =
Zt;:lo si(7), respectively. A service description S;(0,t) is
referred to as a dynamic server if its corresponding cumulative
departure process D; (0, t) satisfies the following inequality for
any arrival process A;(0,t) [21]:

In first-come-first-served order, the queueing delay W;(¢) at
time ¢ is defined as the time that takes all arrived data by the
time depart from the transmit buffer to the receiver:

Wi(t) £ inf{r > 0: A;(0,¢) < D;(0,t +7)}. 3)

We employ delay violation probability to measure the robust-
ness of a communication system with respect to the deadline
w;, which is defined as the probability that the random delay
W (t) exceeds the delay deadline w; at any time ¢:

Pi(w;, t) £ P{W;(t) > w;}. “4)

To show the predictable system performance, we further
investigate the distribution of delay W;(¢) by examining its
second-order moment. Specifically, we define the delay vari-
ation V;(t) at time ¢ as:

Vi(t) & \/E[WA(t)]. (5)

The metric measures the spread or dispersion of the delay.
A lower value of V;(t) indicates a more stable delay.

Measuring packet loss rate L;(t) in network systems can
be non-trivial due to its dependence on various factors such
as buffer overflow, retransmissions, and packet corruption.
To simplify the analysis, we assume that packet loss occurs
only when the buffer overflows. In the SNC, the queueing
backlog Q;(t) at time ¢ is defined as

Qq(t) 2 A;(0,t) — D;(0,1). (6)

We approximate L;(t) by the probability that the random
backlog Q;(t) exceeds the given buffer budget ¢ at any time
t:

Li(q.t) = P{Qi(t) > q}. Q)

In the SNC analysis, a queueing node is considered unsta-
ble if its backlog or delay grows over time and becomes
unbounded. To ensure that the queueing backlog and delay
remain finite at all times, a commonly used stability condition
can be expressed as follows:

1 1
Jim SE[4,(0,6)] < lim ZE[S;(0,1)) ®)
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where E[] represents the expectation of a random variable.
Once the stability condition is satisfied, the SNC framework
can provide reliable and reproducible statistical bounds on
performance metrics. Denote the upper bounds of delay viola-
tion probability, delay variation, and packet loss rate for RAN
slice @ by PP, V"P and L;*, respectively. The analytical
expressions are der1ved in the subsequent section.

B. Problem Formulation

To accommodate the diverse QoS requirements across RAN
slices, we aim to minimize the maximum weighted sum of
delay violation probability bound and packet loss rate bound
among all slices, while subjecting to the total resource con-
straints and ensuring that the upper bounds of delay variation
remain below predefined thresholds.

When the RAN is unable to satisfy the requirements of all
slices due to the limited resources, the RAN slice orchestrator
should prioritize the slices. The slice with higher priority
would achieve lower performance bounds, thereby ensuring
stricter QoS. To this end, we assign a priority ¢; to slice ¢
as a tunable hyperparameter. Define f; for RAN slice i as
follows:

fi = ¢i(P"" + w, LY?), )

where w; is a predefined weight that balances the impact of
delay violation probability and packet loss rate for slice <.
The RB allocation among RAN slices is denoted by R =
(R1,--+,R1,---Ry), where R; represents the set of available
RBs for slice 7. A balance among the QoS demands of all
RAN slices can be achieved by solving the following min-
max problem:

7fl)a

m%n F =max(fy,...

s.t. Cq: Z IR:| <R,
ieT

Cy: V' < Vi Vi e T, (10)

where V! is the pre-specified maximum allowable delay
variation of RAN slice .

III. MARTINGALE-BASED STOCHASTIC
NETWORK CALCULUS MODEL

The SNC serves as a unified framework to analyze the
queueing behaviors across a wide range of traffic classes.
Typically, such a framework relies on Boole’s inequality to
bound stochastic processes. This inequality, however, is known
to be overly conservative, especially in non-Poisson scenarios.
To improve the closeness of upper estimations across diverse
arrival patterns, we introduce a novel technique that leverages
supermartingale theory [27] to derive time-invariant perfor-
mance metric bounds. The underlying idea for this technique
stems from the stability condition (8), which indicates that
the average arrival rate must be strictly less than the average
service rate to keep a queueing system in a stable regime.
When the positivity constraint on the buffer is disregarded,
the expected increment of the buffer content becomes negative,
causing its behavior to resemble that of a supermartingale. This
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insight inspires the utilization of Doob’s martingale inequality
rather than Boole’s inequality to establish tighter and more
robust performance bounds.

We simplify notation by omitting the subscript ¢ denoting
the slice index, as the following analysis is universally appli-
cable across all slices. Considering a p-order dependent arrival
process, we introduce the following vector:

P
af(r)= t—T—l,Zat—T—Z ,Zat—r—z
=1 i=1

This vector collects historical data that influences the traffic
increment at time 7. For the sake of technical clarity, we estab-
lish a parallel notation for the service process:

2 P
F(r)=(s(t—7-1) Z (t—71—1), ,Zst—r—z
=1 i=1

To compensate for potential correlations among the neighbor-
ing traffic increments, we introduce a class of functions defined
as follows:

VAU RPFY — R | h(aP(7), -) is non-increasing
(7)}-

We proceed to present the following definition:

Definition 1 (Supermartingale Traffic): For 8 > 0 and a
blocking fading channel characterized by an i.i.d. incremental
service process S(0,t) = Zi_:lo s(7), an process A(0,t)
is a (h,0,5S)-supermartingale-traffic arrival if there exists a
Sfunction h(aP(r),0) € S such that the process

{U(T) — h(é’p(T)7e)eQA(t—T,t)—es(t—T,t)70 <7< t} (12)

forms a non-negative supermartingale,

{U(7),0 < 7 < t} satisfies

E[U(r 4+ 1D|U(0),...,U(r)] < U(7). (13)
The rationale behind the exponential transform in (12) lies
in its shape directly determines the rate of decay for queue-
ing metrics. Since Doob’s inequality does not distinguish
supermartingales from martingales, a smaller gap between the
constructed supermartingale and a martingale would tighten
the inequality. The convex nature of the exponential transform
assigns more weight to larger arrival values, thereby reducing
negative drift and narrowing the gap. Additionally, maximizing
the decay factor 6 also serves to minimize the gap. However,
an excessively large 6 value would violate (13) and destroy
the constructed supermartingale. The feasible region of 6 is
given by

© = {6 > 0] lim Et[e"4O070500] <1},

in each element of a”

Y

i.e., the process

(14)

By applying Jensen’s inequality, it becomes evident that ® #
() only when the stability condition (8) holds.

The following theorems constitute the central results of
this work, delineating how the supermartingale-traffic can be
leveraged to derive the upper bounds of our performance
metrics.

Theorem 1 (Upper Bound for Delay Violation Probability):
Consider a queueing system with an arrival process A(0,t)

and a dynamic server S(0,t) = Zt;:% s(T) that transmits
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data over block fading channels. If A(0,t) is a (h,0,5)-
supermartingale-traffic arrival, then the delay violation
probability with respect to the delay deadline w at any time
can be upper bounded by

inf k(0)MP(—0), if (8) holds,
PYP(w) = ¢ 0€© ©) =) (15)
1, otherwise,
where
E[n(ar(r),0)]
0) = 16
O = Ep@ .0 1o
and M,(—0) = Ele=%] represents the moment generating
function of the random variable s.
Proof: Please refer to Appendix B. O

To estimate V' (¢), we define a random variable W' (t), such
that for an arbitrary positive integer w,

P'(w) = P{W'(t) > w} = s(O)M¥(-0),  (17)

and

P{W'(t) = w} = P{W'(t) > w} — P{W'(t) > w + 1}
= P'(w) — P'(w+1). (18)

Since the infimum of P’(w) is P“P(w) according to The-
orem 1, it follows that P{W'(¢) > w} > P{W(t) > w},
which indicates that random variables W'(t) and W (¢) are
statistically ordered. Therefore, their second-order moments
are also ordered [28]:
E[(W?(1))] < E[W"(1)]. (19)
Then we can derive a time-invariant upper bound V*? of the
delay variation, as stated in Theorem 2.
Theorem 2 (Upper Bound for Delay Variation): Consider
a queueing system with an arrival process A(0,t) and
a dynamic server S(0,t) = Zt;:lo s(T) that transmits
data over block fading channels. If A(0,t) is a (h,0,5)-
supermartingale-traffic arrival, then an upper bound V"'P(t)
of the delay variation defined in (5) can be derived as

Ve = [E[W'(t)]
o ROM(—O) (A + M(—0)
= 912({) 1— M,(—0) . If (8) holds,
“ otherwise,

(20)

where c is a sufficiently large constant. ©® and k(0) are given
by (14) and (16), respectively.
Proof: Please refer to Appendix C. (]
For packet loss probability defined in (7), we present the
following theorem:
Theorem 3 (Upper Bound for Packet Loss Rate):
Consider a queueing system with an arrival process
A(0,t) and a dynamic server S(0,t) = Zt;:lo s(T) that
transmits data over block fading channels. If A(0,t) is a
(h, 0, S)-supermartingale-traffic arrival, then the packet loss
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rate with respect to the buffer budget q at any time be upper
bounded by

inf k(0)e %,
Lup(q) — [ISC)

1, otherwise,

if (8) holds,
if (8) holds o

where © and k(0) are given by (14) and (16), respectively.
Proof: Please refer to Appendix B. (]

The performance bounds derived in Theorem 1-3 are essen-
tially solutions to constrained optimization problems, with 6 as
the decision variable constrained within the feasible region ©.
These bounds lack closed-form expressions due to the inherent
complexity of the queueing system.

The proposed martingale-based SNC model is versatile
across broad classes of arrival processes. This work illus-
trates its applications through two representative cases: i.i.d
processes and p-order autoregressive processes. While not
realistic, i.i.d. models provide valuable insights into the func-
tionality of our model. AR models capture the self-similar
characteristics of network traffic, showcasing the effectiveness
of the proposed SNC framework in handling realistic non-i.i.d.
scenarios.

1) i.i.d. arrival process: Consider a series of non-negative
i.i.d. random variables a(7)’s.

Theorem 4 (Stochastic Performance Bounds for i.i.d. Arrival
Processes): For an i.i.d. incremental arrival process A(0,t) =
Zt;:% a(T), let the function h € € be given by,

h@’(r),0) =1, (22)

such that the traffic A(0,t) served by an i.i.d. incremental ser-
vice process S(0,t) forms a (1,0, S)-supermartingale-traffic
arrival. The corresponding statistical performance bounds are
provided in Theorem 1-3 with

K(0) = 1. (23)

Proof: Please refer to Appendix D. (|

2) Autoregressive arrival process: A p-order autoregressive
process, denoted as AR(p), evolves by rescaling the p previous
values of the process and adding white Gaussian noise. Let
Zy, 21, -+ be ii.d. standard Gaussian variables. For p > 1,
@1, € [0,1), 9 = 37wk, and w0 > 0, a(7)
satisfies the following relation:

a(t) = Z ora(T—k)+ (1 —p)u+ (1 —9)oZ,. (24)
k=1

This p-order autoregressive process is a Gaussian process with
mean p, and its variance can be derived using the Yule-Walker
equations [29].

Theorem 5(Stochastic Performance Bounds for Autoregres-
sive Arrival Processes): For an autoregressive incremental
arrival process A(0,t) = Zi_:}) a(T) described above, let the
function h € 3 be given by

(@ (r),0) = e T Zima #r Dl alt=m=i (05

such that the traffic A(0,t) served by an i.i.d. incremental
service process S(0,t) forms a (h,0,S)-supermartingale-
traffic arrival. The corresponding performance bounds are
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provided in Theorem 1-3 with

ué 62,2
=+

6202 0 <
k() =e¢ -7 2(1_@2M;1(,m2k¢k). (26)
k=1

Here, v? denotes the variance of Y h_, ¢k Zle a(t—7—1).
Proof: Please refer to Appendix E. ]
The main workload of our model lies in designing

an appropriate function h € J to form a (h,0,S5)-
supermartingale-traffic tailored to the arrival characteristics,
which significantly influences the quality of the derived QoS
bounds. Despite this, we emphasize at least two advantages of
our method: Firstly, our model yields tighter bounds compared
to the existing SNC models for the most prevalent i.i.d. traffic
arrivals; also, our model is capable of providing statistical
performance bounds for non-i.i.d. traffic, a challenge that other
methods typically struggle to address.

IV. QOS-GUARANTEED RADIO RESOURCE ALLOCATION

To compute the required RB number in advance to meet
the QoS requirements of multiple RAN slices in the long
term, we develop a two-step dynamic radio resource allocation
scheme, where an adaptive traffic predictor is designed to
forecast the future traffic and an effective bandwidth scheduler
is used to allocate RBs to RAN slices based on the predicted
traffic intensity.

A. Adaptive Traffic Prediction

To accommodate the strong time variability in network
traffic, the model parameters of arrivals are continuously
updated using recent data. In contrast, the traffic distribution
type is determined offline on the basis of a large dataset
of experimental records to balance predictive capability and
model complexity, which would be re-estimated if the pre-
diction error exceeds a certain threshold during the dynamic
update process of traffic parameters.

We employ the partial autocorrelation function (PACF) [30]
to differentiate between i.i.d. arrivals and AR models, as well
as to determine the order of AR models. The PACF values
are calculated for traffic observations at lags k =1,2,..., K,
with K being the predefined maximum lag. An i.i.d. process
exhibits negligible correlations between observations, with
PACEF values remaining close to zero and statistically insignif-
icant for all lags beyond lag 0. For an AR(p) process, the lag
corresponding to the last significant spike before values drop to
insignificance is a reliable indicator of the order of the model,
as exemplified in Fig. 3.

Once the traffic model is identified, we employ adaptive
prediction methods to estimate the associated model parame-
ters, while a sliding window is incorporated to make use of
the recent information in arriving data. For i.i.d. processes,
the maximum likelihood estimation [31] presents a straight-
forward and well-suited approach with minimal assumptions
and asymptotic efficiency. When dealing with AR models, the
adaptive Kalman filter proves to be a powerful solution due
to its ability to provide uncertainties for parameter estimates
and handle missing data and irregular sampling. Specifically,
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Fig. 3. PACF of i.i.d. processes and AR models of different orders.

we define the state vector as () = [1—p(t), @1(t), ..., p(t)]
and consider H(t) = [1,a(t — 1),...,a(t — p)]. The corre-
sponding state transition equation and observation equation
are formulated as follows:

z(t) =z(t — 1),

a(t) = H(t)z(t) + v(t), 7)

where v(t) = (1 — ¢)oZ, represents the measurement noise.

B. QoS-Guaranteed Radio Resource Allocation

Due to the absence of closed-form expressions for the
derived performance bounds, the objective and constraints
in (10) become nontrivial to handle. To address this chal-
lenge, we develop an efficient greedy algorithm that constructs
promising solutions by making a series of as good as possible
local choices in each step. This approach allows us to achieve
practical solutions despite the inherent complexity of the
problem.

To effectively address the constraints imposed by variations
in delay, we introduce a penalty function for RAN slice
defined as follows:

fl = 0P + wiL{?) + ¢i(1+ wy) LV, > Vi,

where 1(V*” > V") is an indicator function equaling 1 if
V' > V" and 0 otherwise. The penalty function f/ mono-
tonically decreases as the number of allocated RBs increases,
since more available bandwidth leads to fewer traffic jams and
lower delay. From (28), if neither the stability condition nor the
delay variation constraint is met, f; = 2¢,(14w;); if one holds
and the other does not, ¢;(1+ w;) < f! < 2¢;(1 +w;); and if
both conditions are fulfilled, f/ < ¢;(1 4+ w;). These inherent
characteristics greatly facilitate the design of our algorithm.

Focusing on a single step of the greedy algorithm, we redis-
tribute RBs between two specific slices ¢’ and "':

min

! !
max(f., f;
R |, R | <fz/7ft//)7

S.t. |Rz/| + ‘Ri//| = R/,

(28)

(29)

where R’ represents the total number of RBs allocated to 4’
and ¢’ in the last cycle. Since the monotonically decreasing
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behavior of the penalty f/, the optimal solution to (29) is
governed by the following sufficient and necessary condition:

1=t

This condition offers the local best choice in a single step
for (10). Due to the discretization in RB allocation, however,
(30) may not be strictly met. Instead, our goal is to maximize
the proximity between f/, and f/, in each cycle.

The key steps of the proposed algorithm are outlined as
follows: Initially, the available RBs are evenly distributed
among all RAN slices. In the subsequent iterations, RBs are
reallocated from slice i’/ with the lowest penalty to slice 7’
with the highest penalty, until their penalties become nearest.
Subsequently, the objective function, the maximum penalty
across all slices, is updated. Finally, we check if this value
has decreased compared to the previous iteration. If yes, the
algorithm proceeds to the next iteration. If no, it implies that
slice 7"/ has no extra RBs for slice i/, and we then select the
slice with the highest penalty among the remaining slices to
donate RBs to slice i’. The algorithm ceases when all other
slices have no longer redundant RBs that could be allocated
to the slice with the highest penalty.

To avoid repetitive allocation between these slices, the
penalty of 7" should not exceed that of ' at the end of each
redistribution step, except in two cases: 1) slice i’ has a higher
priority than slice 7", and during the reallocation of the last
RB, the stability condition and delay variation constraint of
slice ¢/ transition from being unsatisfied to satisfied, and 2)
during the reallocation of the last RB, the stability condition
and delay variation constraint of slice i’ transition from
unsatisfied to satisfied, while the stability condition of slice
+" remains satisfied. Typically, the iteration count N is much
less than 72 due to such mechanisms involved.

The details of our proposed QoS-guaranteed inter-slice radio
resource allocation procedure are summarized in Algorithm 1.
Since the decision variables, the number of RBs, are discrete
and finite, we precompute the QoS bounds corresponding to
different RB numbers offline and store them in a lookup
table. This lookup table allows our adaptive algorithm to
directly retrieve the required information during runtime,
thereby mitigating the complexity associated with real-time
statistical performance bounds calculations and significantly
enhancing overall efficiency. In each iteration, selecting two
specific slices and reallocating RBs has a complexity of O(T)
and O(R), respectively. The total complexity of algorithm 1
is O(N(I + R)).

(30)

V. NUMERICAL RESULTS
A. Experimental Settings

Wireless channels are assumed to follow Nakagami fad-
ing [32] with the fading parameter of 5 and the average power
of 3.16 dBm. Each RB has a bandwidth of 180 kHz, and time
is discretized into slots with the duration of 0.5ms. The traffic
parameters and QoS requirements of RAN slices are detailed
in Table L.

To demonstrate the effectiveness of our proposed SNC
model, we compare the derived performance bounds with the
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Algorithm 1 Radio Resource Allocation for Deterministic
Communications

Initialization: Equal distribution of RBs among the

RAN slices. Set m = 0;
1 Calculate f] by (28) and evaluate
F' =max(f{,..., f1)s

2 while m < I do
3 Set prev_F = F';
4 Set a = sort(f1,. .., fr). Select i’ = arg(a(—1))
and " = arg(a(m));
s | Calculate f, — fl.;
6 | while f/, — f/, >0 do
7 Set prev_fl, = fl;
8
9

Set ‘RZ/| = |Rz’| + 1 and |Ri”| = |R7;N| —1;
Calculate f],, f!, by (28);

10 end

1 if not (¢i > ¢y and prev_fl, > ¢;(1 + w;) and
Il < ¢i(1 4+ w;)) or not (prev_f], > ¢;(1 + w;)
and iI/ < ¢i(1 + w;) and f{,/ < ¢;(1 + w;)) then

12 | Set [Ry|=|Ris| — 1 and [Riv| = [Rov| + 1;
13 end

14 Evaluate F' = max(fi,..., f7);

15 if F/ < prev_F then

16 | Setm =0.

17 end

18 else

19 | Setm =m+1;

20 end

21 end

ruturn: R; VieZl

results obtained from simulations. We consider two traffic
arrival types, the composite Poisson process and the AR mod-
els. In scenarios with i.i.d. incremental traffic arrivals, we also
contrast our results with the bounds established in [33], which
are derived using Boole’s inequality.

To evaluate our resource allocation algorithm, we first
compare the prediction accuracy of our adaptive traffic predic-
tor against the recursive least square (RLS) algorithm under
different traffic fluctuation levels. We then assess the conver-
gence of the proposed greedy algorithm. Finally, we perform
comparative analyses with baseline approaches and state-of-
the-art methods by simulating the RB allocation schemes
provided by these methods. The distinct QoS requirements of
various slices and the traffic arrivals at different time slots are
randomly generated from the distribution specified in Table I.
The baselines considered are:

o Equal RB allocation across slices.

« Allocation proportional to mean traffic demand.

o Allocation based on the average performance metrics
derived using the M/G/1 queue theory model [34], which
determines RB allocation by minimizing the maximum
value of the weighted sum of average delay and average
packet loss rate, paralleling with the objective in (10).

To further substantiate the merits of our proposal, we compare
it with the following algorithms:
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TABLE I

SETTINGS OF TRAFFIC PARAMETERS AND QOS REQUIREMENTS FOR RAN SLICES

Fig. 4 Fig. 5 Fig. 7 and Fig. 8 Fig. 9 Fig. 10
ii.d. incremental arrivals A1 =7
a(t) = Zi\le Xn Ao = 70; / A1 ~ Uniform(5,15) / A1 ~ Uniform(10,20)
N ~ Poisson(\1) Az: A1 =10 A2 ~ Uniform(50,150) A2 ~ Uni form(50,200)
Xpn ~ Poisson(\2)(kbps) A2 =90
Ai;:p=1
6 =07
. . on = 1.2 p= 1
AR incremental arrivals o = 30: é ~ Uniform(0.4,0.9)
Eq. (24) / Ao p—1 / Uni 0.5.2.0 /
(Mbps) 21 p= w ~ Uniform(0.5,2.0)
® é=0.7 o=30
n=2.0
o =30
wied w; ~ Uniform(1,10)
QoS requirements of slices ] —17_0kbit VR ~ Uniform(10, 40)
&= @ ~ Uniform(2,8)  20kbit
10° ek 4 :
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(a) Delay violation probability.

Fig. 4. QoS metrics of i.i.d. incremental arrival processes as functions of the number of allocated RBs

(b) Delay variation.

(c) Packet loss probability.

for two different traffic processes.
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(a) Delay violation probability.

Fig. 5.

(b) Delay variation.

(c) Packet loss probability.

FairLog [35]: The logarithmic assignment is employed
to ensure equal fair among slices in RB allocation, while
the number of each slice is limited by its average require-
ment. A Lagrangian function is utilized for optimization.
ShareHeu [36]: A low-complexity heuristic algorithm is
proposed for network-level resource preallocation prob-
lem, where overflowed packet transmission is scheduled
by borrowing RBs from other services. The algorithm
aims to preallocate the minimal RB number, and we
fairly compare it with our proposal by modifying
its termination condition to allocate a fixed number
of RBs.

UtilAlloc [37]: Utility functions are designed to quantify
vehicle service satisfaction considering transmission rate,

QoS metrics of 1-order AR arrival models as functions of the number of allocated RBs for two different traffic processes.

age of information, and packet loss rate. A heuristic
resource allocation is proposed to maximize weighted
utility functions for efficient resource distribution among
slices.

Since most of these comparison methods rely on i.i.d. traffic
arrivals, fair comparisons are limited to i.i.d. traffic condi-
tions and exclude AR models. This limitation of the existing
methods already highlights one of the key advantages of our
proposed approach, which is its ability to handle non-i.i.d.
traffic patterns.

B. Validation of the Proposed SNC-Based Model

Fig. 4 presents the simulated performance metrics and the

corresponding derived upper bounds for two distinct traffic
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Fig. 6. MAPE of adaptive traffic predictor for different traffic models.
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Fig. 7. Convergence of proposed greedy algorithm.

processes denoted as A; and A,, with A, exhibiting higher
intensity than A;. Our proposed model consistently offers
valid upper estimations of delay violation probabilities, delay
variations, and packet loss rate. This demonstrates the effec-
tiveness of our model in determining the required number
of RBs for RAN slices to ensure their QoS within the
specified intervals. In contrast, the SNC model based on
Boole’s inequality often yields much looser upper bounds.
While the SNC model based on Boole’s inequality cannot
handle non-i.i.d. traffic, our proposed SNC model continues to
perform effectively in capturing their boundary characteristics,
as shown in Fig. 5.

In these scenarios, the derived performance bounds mono-
tonically decrease with a diminishing rate as the allocated RB
number increases, which implies that achieving a determinis-
tic zero-violation delay is resource-intensive and impractical.
Instead, statistical bounds serve as more reasonable and effi-
cient metrics to guide radio resource allocation decisions under
the conditions of limited available resources. Furthermore,
we point out that these bounds match simulations at the
starting point of the true distribution. As the martingale-based
SNC is based on exponential transforms, it can only render
bounds in the form of the generalized exponential distribution.
This implies that the longer the true distribution aligns with
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with a predicted time-varying AR traffic pattern.

its initial trend, the smaller the gap is between the distribution
and the obtained bounds.

C. Performance Analysis

Fig. 6 shows the mean absolute percentage errors (MAPEs)
of traffic predictors under different traffic models and fluc-
tuation levels. When the traffic arrivals are modeled as AR
models, our adaptive traffic predictor exhibits superior accu-
racy and stability in comparison to RLS prediction. The
advantage arises from the capability of the adaptive Kalman
filter to incorporate uncertainty into parameter estimation,
making it more robust in handling non-stationary traffic data.

In Fig. 7, the convergence behaviors of the proposed
algorithm are shown under various scenarios involving varying
numbers of slices and RBs. The curves head down until the
algorithm converges. When the total radio resources are insuf-
ficient to accommodate the traffic demands of all RAN slices,
the curve converges to a positive value. The outcome indicates
that the available RBs are not enough for the slices with the
lowest priorities to meet their stability conditions or delay
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Fig. 10. QoS comparison of the existing methods and the proposed approach for known i.i.d. traffic arrivals.

variation constraints. The observed iteration counts remain far
below I2, which can be further reduced by employing a more
sophisticated initialization than equal allocation. This allows
the algorithm to converge before the commencement of the
subsequent preparation phase, showcasing its effectiveness in
managing dynamic radio resource allocation.

Fig. 8 and Fig. 9 show the probabilities of RAN slices
satisfying their QoS requirements under cases of known
time-invariant traffic arrivals and predicted time-varying traffic
arrivals. A slice is deemed to meet its requirements in a
slot only if its delay, delay variation, and packet loss rate
are below specified thresholds. Proportional allocation tends
to perform better than equal allocation by taking the dif-
ferentiated traffic demands among RAN slices into account.
Allocation based on average QoS exhibits the poorest out-
comes, which can be explained as follows: the random
channel fadings cause low probability but very large trans-
mission delay and packet loss rate, skewing their average
values and yielding unreasonable RB allocation. Our pro-
posed algorithm consistently outperforms the baselines in all
scenarios. Significant advantages of our algorithm can be
found when there are insufficient radio resources to support
the QoS-guaranteed services of all slices, indicating that our
proposal can achieve a trade-off between resource utilization
and stringent performance requirements. In addition, com-
paring results between the two cases, the performance of
proportional allocation and average performance-based allo-
cation deteriorates significantly, whereas our proposal exhibits
more moderate degradation. The resilience to traffic prediction
errors can be attributed to our performance metrics providing
interval estimations rather than point estimations.

The QoS comparison between the proposed algorithm and
state-of-the-art algorithms is depicted in Fig. 10. With the same
resource budget, our algorithm achieves lower delay violation
probability, delay variance violation probability, and packet
loss rate compared to the existing methods. This highlights the
effectiveness and robustness of our proposed QoS metric and
the formulated resource allocation paradigm of minimizing
the maximum violation probabilities among slices in ensuring
excellent long-term performance in random environments.
Furthermore, our method excels in handling non-i.i.d. traffic
arrivals, a challenge that the existing methods struggle to
address.

VI. CONCLUSION

In this paper, we presented a martingale-based SNC model
for inter-slice radio resource allocation in deterministic com-
munications systems. We derive an analytical relationship
between the allocated radio resource quotas and the stringent
upper bounds of delay violation probability, delay variation,
and packet loss rate for both i.i.d. and non-i.i.d traffic arrivals.
Additionally, a critical condition is identified for the opti-
mal bandwidth allocation between two slices, which helps
develop an efficient greedy algorithm for QoS-guaranteed
radio resource allocation. Numerical results demonstrate that
the derived bounds offer valid upper estimations of the
required amount of radio resources to guarantee QoS. Further-
more, the proposed algorithm exhibits advantages in dealing
with diverse QoS requirements across RAN slices.

APPENDIX A
LEMMA 3

For any # > 0 and k£ > 1, the following inequality holds:
E[h(@"(1),0)] > E[h(5"(7),0)]. €1))

Proof: Consider o > 0 and define the stopping time T'
as

T = sup{r > 0|A(t — 7,t) — S(t — 7,t) > o} (32)

In this context, ¢t — T represents the first time the queueing
backlog exceeds o. Assume that Zi:l alt — T — 1) >
Zle s(t — T — 1) for some k > 1, then We have:

At —T —k,t) — S(t — T — k, t)
k k
= (D at-T-71)=> st-T—7)|+A{t—"T,1)
—;(t—T,t) .
>0

= U,

which contradicts the maximality of 7'. Hence, it follows that:

Zat— -7 <Z t—T-r1),
T=1

for any sample path. Since h € JZ is non-increasing in each
element of @*(7), (31) holds for any & > 1. [ |
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APPENDIX B
PROOF OF THEOREM 1 AND THEOREM 3

By applying Doob’s optional sampling theorem to the
supermartingale {U(7),0 < 7 < t}, we establish that for
every k € N, the following inequality holds:

E[U(0)] > E[U(T A K)], (33)

where A denotes the minimum operator and 7' is a stopping
time as defined in (32). Utilizing this result, we can proceed
as follows:

E[n(a"(7),0)]

© gy Y B aw)

2 E[U(T A k)1r<i]

(T),0)
> E[h(57(T),0)]e’ P(T < k)
= E[h(57(7),0)]? (T < k).

The last equation holds due to the independent and identical
distribution of s. Let k — oo, we arrive at the result:

P{Q(t)> ¢} = P{T < oo} < we—eq _

k(0)e 0.
(@ (),0) ©)

Since this inequality holds for each 6§ positive, we can optimize
over  to get Theorem 3.

Using the definition of delay violation probability, we can
establish the following relationships:

P{W(t) > w}
Y pra(0,4) > D0, + w)}
D By sup {A(r 1) — S(rt +w)} > 0}

0<r<t
=P{ sup {A(7,t) — S(7,t)} — S(t+ 1,t + w) > 0}
0<r<t

= P{Q(t) > S(t+1,t +w)}.

Since s(7)’s are i.i.d., Q(¢) and S(¢t+1, t+w) are independent.
Consequently, we have:

P{Q(t) > S(t+1,t + w)}
= /P(Q(t) > ) fs(t41,t+w) ()dz

= Ii(e)/e_ewfs(t+11t+w)(m)dl'

_ K(@)E[e—esuﬂ,ww)]
K

By combining the results obtained from the two formulas
above, we can get Theorem 1.
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APPENDIX C
PROOF OF THEOREM 2

By taking a double derivative of both sides of the geometric
series ZZOZO ¥ = L with respect to Inz, we obtain the

-z
following result:

> 1
Z w2z = fl( +:v§5) ) (34)
w=0

Using this result, we can derive the upper bound of E[WW?2(¢)]
as follows:

(

E(W2(1)] <

E[W"(#)]

= Z wP{W'(t) = w}

B W (w) P w+ 1))
w=0

ST wPn(0) (MY (~6) — MU (~6))
w=0

= w(0)(1 = M,(=0)) Y w* MY (-0)
w=0

M (=0)(1 + M(-0))
(1= My(=0))?

(34)

k(9)

Since this inequality holds for each 6 positive, we can optimize
over 6 to get Theorem 2.

APPENDIX D
PROOF OF THEOREM 4

Given that both A(0,t) and S(0,t) are i.i.d. incremental
processes, Eq. (14) indicates that any feasible 6 satisfies

E[e?%] < 1, (35)

When h(a’(7),) = 1, the quantity U(r) =
(A=) =S(t=7.1)) This leads to the following observation:

U(r +1) = HAG=T-1)=5(t=7=1,))

=U(r)ee %,
The conditional expected value of U (T 4 1) is given by:

E[U(r + D)|U(0),--- ,U(7)]
=E[U(7)e?*%|U(0), - ,U(7)]
=E[U)|U(0),- - ,U(r)|E[e?* %]

(35)
< U(r),

which suggests that {U(7),0 < 7 < ¢} forms a super-
martingale. This further indicates that the i.i.d. incremental
arrival process A(0,t) can be characterized as a (1,6, 5)-
supermartingale-traffic arrival. By substituting h(a’(7),0) =
1 into Theorem 1 to 3, we arrive at the upper bounds for the
delay violation probability, delay variation, and packet loss
probability, as presented in Theorem 4.
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9
APPENDIX E _ My (—1=;)
PROOF OF THEOREM 5 Ms(,% b kpr)
Given the stationary AR model, Eq. (14) indicates that any _ub E{T;:l Bk | 92U2Y2 . 0 p
feasible 0 satisfies =e I 2= M, (*m Z ko).
k=1
lim E#[e?A0D0500] = Elefh—0] < 1. (36)

oo To provide examples, we present the closed-form analytical

For simplicity of notation, write 7/ = ¢ — 7 — 1. As estab- expressions for v considering the cases: p = 1 and p = 2.
lished, 1) p = 1: The scenario with p = 1 offers a straightforward
calculation for k(). In the context of a stationary 1-order AR

12) - _S(+'
U(r) =" h(a’(r), Q)BH(A( TLO=S(HL), model, we have the following expressions:

where
(25) __o_ s ! o a(r) = gra(r = 1) + (1 = p1)u+ (1 = p1)oZ,
h(dp(T),e) =" e T-» ket Pl 2=y (T +1*1). v — Qpla(t—'r— 1)

The following relationships can be derived:

U(r 4+ 1) = h(@(r + 1), 0)? AT H=S"0)

This allows us to compute the variance v?:

h(@(r +1),0) o = V(a(r))
= U(r)RET T DY) oa(r 1) -)
h(ar(r), 0) V(pra(tr —=1) + (1 —p1)p+ (1 —p1)02)
— U(r)ets Thor or(a()=alr' =) gbla(r') —s) = %v3+0+<1—w1)202,

= U(r)er2e (palm) =Xk era(r'—h)) f(a(r")=s) = (-p1)*o?

and thus v2 = . Consequently, the variance of Y can

-
29 U(T)e%“(f')—%( a(r)=(1=@)u=(1-¢)oZ./)  be expressed as: .
0(a(r")—s)
‘ (1 — 1)t
= U(r)edntoZm=s) vy = VY] = piv’ = Tgm02
Now, consider the conditional expectation of U (7 + 1): 2) p = 2: For the more intricate situation of p = 2, let Y
E[U(r + 1)|U(0), - ,U(T)] denote the autocovariance function of a(7), and we consider:
= E[U(r)e? W+ % =2)|U(0),- -, U(7)] a(t) =pra(t = 1)+ aa(t—2)+ (1 —)u+ (1 —p)oZ
— EU(M[U(0). - U(r) Bl )
= U(r)E[" 0~ S)] o
(3<6) U(r), Y =(p1+@2)alt —7—1) + poa(t — 7 —2).

which shows that {U(7),0 < 7 < t} is a supermartingale. The Yule-Walker equations for a 2-order AR process are
Consequently, the AR incremental arrival process A(0,t)
can be characterized as a (h,6,S)-supermartingale-traffic Y1 = @170 + Y271, 72 = Y171 + P27Y-
arrival.

To derive analytical expressions for the upper bounds This leads to v = lf;z ~o. Hence, the variance of Y can be
of performance metrics, we denote the variable Y as derived as follows:

follows:
P k U}% = V[Y]
V=3 ek alt—r-i) = (o1 +92)*70 + V370 + 2(1 + 2)p2m
k=1 i=1 2( + )
_ 2, 2 2ot e
Note that Y follows a normal distribution with a mean of = ((p1+92)" + 2 + 1— o )70,
E[Y] = pY%_, kpr and a variance of V[Y] = v%. The . .
value of v can be calculated using the Yule-Walker equations. ~Where 7o satisfies the equation:
Therefore, according to Theorems 1-3, the upper bounds of the
performance metrics are shown in (11), where the term () 70 = V(a(7))
is given by: =V(pra(t — 1)+ wea(t—2)+ (1 —)u+ (1 —p)oZ)
o E[RE . (6) = ©170 + ¥370 + 2010071 + 0+ (1 — 9)°0”
K = - @
Bl (0)] = @10 + @370 + 201027 S0t 1-¢) 202,
Ele %] ]
B Ele™ 1= 2 (2o, kens)) leading to the expression vy = 175’};"’%)9;5‘1;3“12;%2 o?
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