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Abstract—Deterministic communications systems are critical
for time-sensitive applications in the Internet of Things, which
demand stringent delay requirements under the conditions of
limited available resources. Though network slicing can provide
best-effort services by focusing on average performance metrics,
it generally cannot address the worse-case issues arising from
the deterministic communication scenarios. In this paper, we
propose an efficient inter-slice radio resource allocation scheme
for mobile networks to provide delay-guaranteed services, where
a stochastic network calculus model is introduced to analyze
the service delay and its variation. We derive a tight and time-
invariant upper bound of the delay violation probability, and
develop an efficient resource allocation algorithm to meet the
stringent delay requirement of different radio slices. Numerical
results demonstrate our proposal achieves a promising trade-off
between resource utilization and delay.

Index Terms—Deterministic communications, Internet of
Things, radio resource allocation, stochastic network calculus.

I. INTRODUCTION

With the proliferation of devices and their associated data

demand boosted by the Internet of Things (IoT), 5G and

beyond mobile networks are envisioned to support high-quality

connectivity for both human-centric and machine-type services

[1]. In particular, deterministic communications systems have

emerged as potential solutions to provide end-to-end perfor-

mance guarantees in both the core network and the radio access

network (RAN) of mobile networks, which are especially criti-

cal for real-time applications such as motion control, industrial

automation and robotics where any unexpected delay or its

variation would lead to serious consequences [2]. Compared

to the core network equipped with powerful computing and

caching components, ensuring reliable and predictable opera-

tions in the RAN is more challenging due to the limited radio

resources, the highly diversified and stringent performance

requirements, and the harsh radio propagation environments.

In [3], a multigroup analytical framework is developed

for massive random access of machine-to-machine commu-

nications in the IoT, where the access behavior is modeled
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as a double-queue with tunable device backoff parameters

to guarantee the mean access delay. RAN slicing has also

been identified as a promising technology to efficiently handle

highly diverse delay requirements of the IoT applications in

mobile networks, which allows multiple self-contained logical

subnets, i.e., the RAN slices run on top of the same physical

infrastructure so as to provide slice-specific services. In [4] [5],

online convex optimization frameworks are proposed to learn

the instant resource allocation from the experience data, which

achieves low packet loss ratios with given delay budgets.

However, communication networks always deal with s-

tochastic service requests and suffer from the severe fadings

of radio channels in practice [6]. As a result, the RAN slicing

schemes, which generally focus on average performance met-

rics and serve users in a best-effort manner, cannot meet the

delay requirements of the IoT devices all the time. To address

this problem, network planning and scheduling for the worst-

case scenarios have been studied recently. In [7], a closed-loop

load frequency control scheme is developed, which considers

the worst case of the transmission delay. These worst-case

scenarios, however, are oversimplified and rarely happen in

practice, so the derived deterministic performance bounds

are too conservative to utilize the scarce network resources

efficiently.

To achieve a balance between resource utilization and per-

formance assurance, effective capacity concept has been in-

troduced to analyze statistical delay bounds. In [8], moreover,

a decentralized method is proposed to deal with the resource

allocation problem in a heterogeneous wireless network, where

the effective capacity is applied to convert the statistical delay

constraints into equivalent average rate constraints. However,

the bounds derived from effective capacity-based approaches

heavily rely on the choice of model parameters, which are

difficult to determine in advance. In contrast with the effective

capacity theory, stochastic network calculus (SNC) is a more

flexible analysis framework that can provide reliable and

reproducible statistical performance bounds by transforming

complex queueing systems to analytically tractable linear ones

with alternate algebras [9]. In [10], a bisection search algorithm

is employed to minimize the total transmit power under given

delay requirements, where a closed-form upper bound for the979-8-3503-1090-0/23/$31.00 © 2023 IEEE
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Fig. 1. Inter-slice radio resource allocation.

delay probability exceeding a given threshold is worked out by

using the SNC method. In [11], another SNC-based model is

proposed to compute the number of radio resources assigned

to each RAN slice while keeping the delay within acceptable

levels.

In this paper, we investigate the radio resource allocation

problem in the IoT deterministic communications scenarios,

where an efficient SNC model is employed to guarantee the

diverse delay requirements of RAN slices in statistics. We first

derive a tight and time-invariant upper bound of delay violation

probability by using Doob’s martingale inequality [12] with

independent and identically distributed (i.i.d.) increments. In

addition, we analyze the delay variation and further improve

the system robustness by restricting the delay variation bounds

within a specified range. Finally, we design an efficient inter-

slice radio resource allocation algorithm that achieves a trade-

off between resource utilization and delay stability.

II. DELAY MODEL AND PROBLEM FORMULATION

We focus on a single-cell RAN with a set of slices I, as

illustrated in Fig. 1, where each RAN slice provides a cus-

tomized network service for an aggregated traffic of multiple

users. A RAN slice orchestrator periodically executes inter-

slice scheduling procedure to decide the dedicated radio re-

source quota for each slice so as to meet the delay requirements

in the long term.

A. Delay Model

Consider a time-slotted, fluid-flow queuing system with an

infinite buffer as shown in Fig. 2. For RAN slice i ∈ I, denote

by ai(u) and si(u) the instantaneous arrival and service incre-

ments in the uth timeslot, respectively. The cumulative traffic

arrival and service processes of slice i in the time interval

[τ, t) are defined by bivariate functions Ai(τ, t) =
∑t−1

u=τ ai(u)

and Si(τ, t) =
∑t−1

u=τ si(u), respectively. A service description

Si(τ, t) is referred to as a dynamic server if its corresponding

departure process Di satisfies the following inequality for all

arrival process Ai(τ, t) [13]:

Di(τ, t) ≥ inf
τ≤u≤t

{Ai(τ, u) + Si(u, t)}. (1)

Without loss of generality, we assume that Ai(τ, t) and

Si(τ, t) are both i.i.d. incremental processes, i.e., the instanta-

neous arrival and service increments ai(·) and si(·) are i.i.d.

across different timeslots. In the SNC analysis, a queueing

node is unstable if its delay grows over time and becomes

unbounded. A stability condition ensuring the queueing delay

finite at all times in the i.i.d. increments scenarios can be

expressed as follows:

E[ai(·)] < E[si(·)], (2)

where E[·] denotes the expectation of a random variable.

In first-come-first-served order, the queueing delay Wi(t) at

time t is defined as the time it takes for all data that arrived

prior to time t to depart from the transmit buffer and reach the

receiver:

Wi(t) � inf{u ≥ 0 : Ai(0, t) ≤ Di(0, t+ u)}. (3)

We use the delay violation probability to measure the robust-

ness of a communications system with respect to the deadline

wth
i , which is defined as the probability that the random delay

Wi(t) exceeds the delay deadline wth
i at any time t:

pi(w
th
i , t) � P{Wi(t) > wth

i }. (4)

An SNC model introduced in [14] provides a tractable

upper bound qupi (w, t) of delay violation probability for RAN

slice i by using the well-known union bound and Chernoff ’s

inequality:

qupi (wth
i , t) = inf

θ>0

{
M

wth
i

si (−θ)
1−M t+1

ai
(θ)M t+1

si (−θ)

1−Mai(θ)Msi(−θ)

}
,

s.t. Mai(θ)Msi(−θ) < 1,
(5)

where Mai(θ) = E[eθai ] and Msi(−θ) = E[e−θsi ] are the

moment generating functions of random arrival increments

ai(·) and random service increments si(·) for RAN slice i,
respectively. It is worth noting that (2) is a necessary condition

for the constraint Mai
(θ)Msi(−θ) < 1 to hold, which ensures

that the moments of the arrival and service processes are well-

behaved and that the derived bound is valid.

We derive a time-invariant delay violation probability bound

pupi (wth
i ) with Doob’s martingale inequality [12] as stated

in Theorem 1, which is tighter than qupi (wth
i , t) in (5). The

rationale behind this improvement can be found through (2),

which emphasizes that for a queueing system to remain stable,

the average arrival rate should be strictly less than the service

rate. When the positivity constraint imposed on the buffer

Fig. 2. A single queueing node with arrival Ai(τ, t), service Si(τ, t) and
departure Di(τ, t) processes.
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is temporarily disregarded, its expected increment becomes

negative. This leads to the behavior of the buffer’s content

resembling that of a supermartingale. Consequently, the appli-

cation of Doob’s martingale inequality becomes effective in

deriving a stringent bound.

Theorem 1. For RAN slice i, consider a traffic arrival process
Ai(τ, t) with i.i.d. increments ai(u), and Ai(τ, t) is served by
an i.i.d. incremental service process Si(τ, t) =

∑t−1
u=τ si(u).

Then the delay violation probability at any time can be upper
bounded by

pupi (wth
i ) = inf

θ>0
M

wth
i

si (−θ),

s.t. Mai(θ)Msi(−θ) < 1.
(6)

Proof: Please refer to Appendix. �
It can be verified that M

wth
i

si (−θ) is monotonically decreas-

ing with θ and its infimum can be obtained at:

θ∗ = sup{θ : Mai(θ)Msi(−θ) < 1}. (7)

By analyzing the behavior of the function Mai(θ)Msi(−θ)
with respect to θ, we can conclude that a unique solution

for Mai(θ)Msi(−θ) = 1 exists within its monotonically

increasing interval. As a result, a simple bisection search

technique can be employed to quickly determine pupi (wth
i ),

which is more computationally efficient compared to finding

qupi (wth
i , t) in (5).

To show the predictable performance, we further investigate

the distribution of delay Wi(t) by examining its second-order

moment. Specifically, we define the delay variation Vi(t) at

time t as:

Vi(t) =
√

E[W 2
i (t)]. (8)

The metric measures the spread or dispersion of the delay

times. Obviously, a lower value of Vi(t) indicates a more stable

delay.

To estimate Vi(t), we define a random variable W
′
i (t), such

that for an arbitrary positive integer w,

P{W ′
i (t) > w} = pupi (w), (9)

and

P{W ′
i (t) = w} = P{W ′

i (t) > w} − P{W ′
i (t) > w + 1}

= pupi (w)− pupi (w + 1).
(10)

As pupi (w) is the upper bound of the delay violation probability

with respect to w, it follows that P{W ′
i (t) > w} ≥ P{Wi(t) >

w}, which indicates that variables W ′(t) and W (t) are statisti-

cally ordered. Therefore, their second-order moments are also

ordered [15],

E[W 2
i (t)] ≤ E[W

′
i

2
(t)]. (11)

Then we can derive a time-invariant upper bound V up
i of the

delay variation:

Theorem 2. For RAN slice i, consider a traffic arrival process
Ai(τ, t) with i.i.d. increments ai(u), and Ai(τ, t) is served by
an i.i.d. incremental service process Si(τ, t) =

∑t−1
u=τ si(u).

Then the upper bound V up
i (t) of the delay variation defined

in (8) can be derived as

V up
i =

√
E[W

′
i
2
(t)]

=

√
Msi(−θ∗)(1 +Msi(−θ∗))

1−Msi(−θ∗)
,

(12)

where θ∗ is given by (7).

Proof: Please refer to Appendix. �

B. Problem Formulation

We adopt a compound Poisson process to characterize the

aggregated traffic of each RAN slice and the traffic process of

RAN slice i is given by

Ai(0, t) =

Ni(t)∑
n=1

Li(n), (13)

where Ni(t) is a counting of an independent Poisson process

with rate λi and can be regarded as the cumulative number of

arrived users up to time t; Li(·)’s are i.i.d. random variables

that represent the data amount of users for RAN slice i. In this

case, the process Ai(0, t) is a Lévy process with independent

stationary increments. The moment generating function of the

arrival increment ai(·) can be written as:

Mai(θ) = eλi(MLi
(θ)−1), (14)

where MLi(θ) is the moment generating function of Li(·).
Denote by γ the signal-to-noise ratio of channel, the achiev-

able transmission rate for RAN slice i is

si(t) = Bi log2(1 + γ), (15)

where Bi is the channel bandwidth. For block fading chan-

nels, si(·)’s are i.i.d. across different timeslots. The moment

generating function of the service increment si(·) for slice i
can be expressed as

Msi(−θ) =E[(1 + γ)
−Biθ

ln 2 ]. (16)

The upper bounds of the delay violation probability and delay

variation for RAN slice i are obtained by substituting (14) and

(16) into (6) and (12), respectively.

The bandwidth resources are organized into resource

blocks (RBs) and RB allocation is denoted by R =
(R1, ...,Ri, ...,R|I|), where Ri is the set of available RBs

for the RAN slice i during each timeslot. To accommodate the

diverse delay requirements of all slices, we try to minimize the

maximum of the delay violation probability bounds of RAN

slices while satisfying both the total resources and the delay

variation constraints. When the RAN can not satisfy the delay

requirements of all slices due to the limited RBs, the RAN

slice orchestrator should prioritize the slices, where the slice

with the higher priority would achieve a lower delay violation

probability bound. To this end, we assign a priority ϕi to slice i
as a tunable hyperparameter from the viewpoint of economics.
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Applying Theorem 1, we define the priority-delay probability

fi for slice i as follow:

fi =

{
ϕi · lg(pupi (wth

i )), E[ai(·)] < E[si(·)],
ϕi, otherwise.

(17)

A balance among the delay requirements of all slices can be

achieved by solving the following min-max problem:

min
|R1|,...,|R|I||

F = max(f1, ..., fi, ..., f|I|), (18a)

s.t.
∑
i∈I

|Ri| ≤ |R|, (18b)

V up
i ≤ V th

i , ∀i ∈ I, (18c)

where V th
i is the pre-specified maximum allowable delay

variation of RAN slice i.

III. DELAY-GUARANTEED RADIO RESOURCE ALLOCATION

The objective function (18a) is non-convex and hard to deal

with in general. We develop an efficient greedy algorithm that

constructs promising solutions by selecting as good as possible

local solutions in each step. Consider a single step and setting

the delay variation constraint (18c) aside, we can redistribute

RBs between two slices i
′

and i
′′

while holding the stability

condition:

min
|R

i
′ |,|R

i
′′ |
max(ϕi′ · lg pupi′ , ϕi′′ · lg pupi′′ ),

s.t. |Ri′ |+ |Ri′′ | = R.
(19)

The delay violation probability bound pupi (·) in (6) is a

monotonically decreasing function of the allocated RBs |Ri|
since more available bandwidth leads to less traffic jam and

lower delay. As a result, the sufficient and necessary condition

of the optimal solution to (19) is given by

ϕi′ · lg pupi′ = ϕi′′ · lg pupi′′ . (20)

This condition guides the search for the optimal solution

to (19), which offers the local best choice in a single step

for (18). The details of our proposed delay-guaranteed inter-

slice radio resource allocation procedure are summarized in

Algorithm 1.

Initially, the available RBs are equally distributed among all

RAN slices. The parameter m is used to track the number of

consecutive iterations that none of the RBs is redistributed. In

the subsequent steps (lines 2-22), RBs are reallocated from

slice i
′′

with the lowest priority-delay probability to the slice

i
′

with the highest priority-delay probability. The array of

priority-delay probabilities of all slices is sorted in ascending

order to determine the slice i
′

and the slice i
′′

(line 3). The

inner while loop calculates the local optimal RBs allocation ac-

cording to (20) while taking the delay variation constraints into

account (lines 4-9). To avoid repeated reallocations between

two slices, the last RB allocation in the loop is withdrawn

to ensure that the priority-delay probability of slice i
′′

is still

higher than that of slice i
′
, except for two cases: 1) slice i

′
has

higher priority than slice i
′′

, and 2) the stability condition in

slice i
′

changes from unsatisfied to satisfied while the stability

Algorithm 1: Radio Resource Allocation for Deterministic

Communications

Initialization: Equal distribution of RBs among the RAN

slices. Set the maximum iterations

N = |I|2. Set n = 0 and m = 0;

1 Calculate fi by (17) and evaluate F by (18a);

2 while n < N and m < |I| do
3 Set a = sort(f1, ..., fi, ..., f|I|). Select

i
′
= arg(a(−1)) and i

′′
= arg(a(m));

4 Calculate fi′ − fi′′ ;
5 while fi′ − fi′′ > 0 and V up

i′
≤ V th

i′ and V up

i′′
≤ V th

i′′

do
6 Set prev fi′ = fi′ ;
7 Set |Ri′ | = |Ri′ |+ 1 and |Ri′′ | = |Ri′′ | − 1;

8 Calculate V up

i′
, V up

i′′
and fi′ − fi′′ . See (12) and

(17);
9 end

10 if not (ϕi′ > ϕi′′ ) or not (prev fi′ > 0 and fi′ < 0
and fi′′ < 0) then

11 Set |Ri′ | = |Ri′ | − 1 and |Ri′′ | = |Ri′′ |+ 1;

12 end
13 Set prev F = F and evaluate F by (18a);

14 if F < prev F then
15 Set m = 0.

16 end
17 else
18 Set m = m+ 1;

19 end
20 n = n+ 1;

21 end
ruturn: Ri ∀i ∈ I

condition slice i
′′

remaining satisfied during the reallocation of

the last RB (lines 10-12). The value of the objective function

in (18a) is then updated (line 14). Finally, we check if the

value of this function has decreased with respect to its value

in the previous iteration (lines 15-20). If yes, the algorithm

proceeds to the next iteration. If no, it implies that slice i
′′

has no extra RBs for slice i
′
, and we select the slice with the

highest priority-delay probability among the remaining slices

to donate RBs to slice i
′
.

IV. NUMERICAL RESULTS

Assuming that Li(·) follows a Poisson distribution with

parameter ρi, and the values of ρi and λi in (14) are ran-

domly generated. We compare our derived delay violation

probability bound pupi (·) with the bound qupi (·) in (5) from

[14] to demonstrate its effectiveness. We compare our proposed

algorithm with two reference solutions related to the primary

factors: traffic demand and delay deadline. Reference solution

1 involves allocating RBs in proportion to the mean traffic

demand of each slice while reference solution 2 allocates RBs

inversely proportional to the required delay deadline.
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Fig. 3. Delay violation probability as a function of the required delay deadline
for two different traffic processes.
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Fig. 4. Delay violation probability bound as a function of the number of
allocated RBs with respect to different required deadlines.

A. Validation of the Proposed SNC-based Model

Fig. 3 shows the simulated delay violation probability and

the derived upper bounds for two different traffic processes

denoted by A1 and A2. A1 has a larger mean than A2.

Our model consistently provides valid upper estimations of

delay violation probabilities for given specific delay deadlines.

This demonstrates the effectiveness of our model to calculate

the required number of RBs for RAN slices to ensure their

delay violation probabilities remain below a given value. In

contrast, model in [14] often produces invalid upper bounds,

i.e., qupi (·) = 1.

Fig. 4 displays the delay violation probability bound as

a function of the number of RBs assigned to RAN slice i
for different delay deadlines wth

i . As the number of allocated

RBs increases, the derived delay violation probability bounds

monotonically decrease with a decreasing rate, indicating

that achieving a deterministic zero-violation delay bound is

resource-intensive and impractical. Instead, statistical bounds

20 40 60 80 100 120 140
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-0.04

-0.03

-0.02

-0.01

0

0.01

20 slices, 50 RBs
20 slices, 80 RBs
30 slices, 50 RBs
30 slices, 80 RBs

Fig. 5. Convergence of proposed algorithm.
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Fig. 6. Probabilities that the delay requirements of RAN slices are met.

are more reasonable and efficient.

B. Performance Analysis

In Fig. 5, the convergence of the proposed algorithm is

shown under various scenarios with different amounts of slices

and RBs. The curves head down until the algorithm converges.

When the total radio resources are insufficient to meet the

traffic demands of all RAN slices, the curve converges to a

positive value, indicating that no enough RBs are available

for the slices with the lowest priorities to satisfy the stability

condition.

Fig. 6 shows the probabilities that the RAN slices satisfy

their delay requirements. We can see that our proposed algo-

rithm outperforms the reference solutions which do not take all

relevant factors into account. Significant gains of our algorithm

can be found when there are insufficient radio resources to

support the delay-guaranteed services of all slices, indicating

that our proposal can achieve a trade-off between resource

utilization and delay guarantee.
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V. CONCLUSIONS

In this paper, we presented an efficient SNC-based model for

inter-slice radio resource allocation in deterministic communi-

cations systems. We derived an analytical relationship between

the allocated radio resource quotas and the upper bounds of

delay violation probability and delay variation. Additionally,

a critical condition is also identified for the optimal resource

allocation between two slices in scenarios with sufficient re-

sources, which helps develop an efficient greedy algorithm for

delay-guaranteed radio resource allocation. Numerical results

have demonstrated that the derived bounds offer valid upper

estimations of the amount of required radio resources to

guarantee statistical delay bounds. Furthermore, the proposed

algorithm exhibits advantages in dealing with diverse delay

requirements across RAN slices.

APPENDIX

A. Proof of Theorem 1

With the definition of delay violation probability, we have

P{Wi(t) > wth
i } (3)

=P{Ai(0, t) > Di(0, t+ wth
i )}

=P{eθAi(0,t)−θDi(0,t+wth
i ) > 1}

(1)

≤P{ sup
0≤u≤t

{eθAi(u,t)−θSi(u,t+wth
i )} > 1}

=P{ sup
0≤u≤t

{eθAi(t−u,t)−θSi(t−u,t+wth
i )} > 1}.

Consider a sequence of non-negative random

variables {Ui,u}, u = 0, 1, ..., t, formed by

Ui,u = eθAi(t−u,t)−θSi(t−u,t+wth
i ). Since Ai(τ, t) and

Si(τ, t) has independent stationary increments, we then have

Ui,u+1 = Ui,ue
θ(ai−si) and there holds

E[Ui,u+1|Ui,0, ..., Ui,u] =E[Ui,ue
θ(ai−si)|Ui,0, ..., Ui,u]

=E[Ui,u|Ui,0, ..., Ui,u]E[e
θ(ai−si)]

<Ui,u.

The last step holds since Mai(θ)Msi(−θ) = E[eθ(ai−si)] < 1.

Hence Ui,0, Ui,1, ..., Ui,t form a non-negative supermartingale.

Then for any real number C > 0, there holds [12]:

P{ sup
0≤u≤t

Ui,u ≥ C} ≤ E[Ui,0]

C
. (21)

Thus, it holds that:

P{Wi(t) > wth
i } ≤P{ sup

0≤u≤t
Ui,u > 1}

(21)

≤ E[Ui,0]

=E[eθAi(t−0,t)−θSi(t−0,t+wth
i )]

=M
wth

i
si (−θ).

The last equation holds due to the i.i.d. incremental service

process.

B. Proof of Theorem 2

By doubly differentiating both sides of geometric series∑∞
w=0 x

w = 1
1−x with respect to lnx, we get,

∞∑
w=0

w2xw =
x(1 + x)

(1− x)3
. (22)

Then, we can derive an upper bound of E[W 2
i (t)],

E[(W 2
i (t))]

(11)

≤ E[W
′
i

2
(t)] =

∞∑
w=0

w2
P{W ′

i (t) = w}

(10)
=

∞∑
w=0

w2(pupi (w)− pupi (w + 1))

(6)
=

∞∑
w=0

w2Mw
si(−θ∗)(1−Msi(−θ∗))

(22)
=

Msi(−θ∗)(1 +Msi(−θ∗))
(1−Msi(−θ∗))2

.
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