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Abstract—Beyond-5G and 6G networks must support diverse
QoS, from ultra-reliable low latency communications to en-
hanced mobile broadband. This requires joint, efficient resource
management that combines network slicing and dynamic beam
management. This paper addresses the complexity of optimizing
resource allocation across users and slices served by a set of
beams. We propose SBQF, a high-performance technique that
optimizes resource allocation at both the MAC and the physical
layers. SBQF is designed to maximize the overall user utility
and is in particular efficient in improving the performance of
users requiring latency-critical services. Validated using real-
world vehicular traces, SBQF significantly improves latency, user
utility, and data rates over existing solutions.

Index Terms—Qos, resource management, fractional program-
ming, beam management, network slicing.

I. INTRODUCTION

Modern wireless networks, such as beyond-5G and 6G
(B5G/6G), are designed to support a wide range of users with
different service demands. They must meet various quality
of service (QoS) requirements, ranging from ultra-reliable
low-latency communications for real-time and mission-critical
applications to massive machine-type communications and
enhanced mobile broadband for data-intensive applications. In
order to meet these demands, the idea of network slicing (NS)
has emerged as a crucial enabling technology for B5G/6G
networks, allowing the setup of multiple virtual networks
atop a single physical infrastructure. It ensures that different
service level agreements (SLAs) associated with each slice
are satisfied, such as high data rate, low latency, and high
reliability. Network slicing distributes resources across differ-
ent classes of users in an efficient manner; however, it adds
more complexity in efficient radio resource management. At
the physical layer, antenna arrays play an important role, as
they generate directional beams focusing radio signals towards
intended users, so as to reduce interference and increasing data
rates. Since beam orientation, beamwidth, and transmission
power can be dynamically adjusted in real time to adapt
to variations in network topology and coverage demands,
efficient beam management plays a vital role in enhancing
overall network performance.

Network slicing and beam management have received sig-
nificant attention in recent years. Specifically, the topic of
cost-effective network slicing for eMBB and uRLLC traffic
has been addressed in [1]. Of particular relevance to our
work is the study on 5G NR radio resource management
in [2], where the author proposed a radio resource management
approach featuring network slicing and handling both latency
and throughput requirements.

The work in [3] studies the problem of allocating resources
in sliced networks and proposes a simple dynamic resource
sharing policy. Network slicing and beam management have
been jointly explored in [4], which introduces an efficient
beam optimization scheme for multiple slices using a deep
reinforcement learning framework. The study in [5] optimizes
radio resource allocation in 5G networks to satisfy QoS
requirements while reducing overall resource consumption.

This paper addresses the complex problem of optimizing
resource allocation in a sliced network where users are served
by directional beams, with the goal of maximizing the users’
QoS. Optimization is made at both physical and MAC layers
to guarantee the target service demands of various user types.
The primary contributions of this work are as follows:

• We develop a dynamic network model supporting the
coexistence of users with different QoS requirements
through slices. The model captures important network
features at MAC and physical layers, such as beam
and power management, radio resource allocation among
users, and data packet generation.

• We propose an efficient and high performance radio
resource allocation technique, named Slice-beam Queue
Fractional programming (SBQF) maximizing the users’
utility. Such technique provides significant performance
gain over state-of-art solutions. SBQF is particularly
focused on minimizing the latency of users requiring low-
latency network services.

• We validate our approach using real-world vehicular
mobility traces and demonstrate the gain that SBQF can
achieve in terms of latency, user utility and data rate.



II. SYSTEM MODEL AND PROBLEM STATEMENT

We consider a wireless network consisting of a set of G base
stations (BSs), G, serving a set of users, U , which generate dif-
ferent traffic types and require mobile services with different
characteristics. In order to accommodate such requirements,
the network partitions the available radio resource into a set
of slices S, each customized to a specific mobile service. Slice
i ∈ S is allocated a share si > 0 of the network resources,
which is then distributed among the users belonging to it. We
specifically consider two types of mobile services: (i) constant
bit rate (CBR) traffic characterized by a minimum data rate,
such as that generated by video conferencing applications
(i = 1) and (ii) variable bit rate traffic (VBR), generated e.g.
by IoT devices, typically bursty and latency-sensitive (i = 2).

IoT devices typically follow an on/off behavior, which we
model as a discrete-time stochastic process driven by a two-
state Markov chain with time-step ∆t. When in the ”on” state,
at each time step an IoT user generates data packets of size
C bits, according to a Poisson distribution with parameter λ.
Each packet is marked with its generation time, tg, and is
placed in a queue, waiting to be transmitted. VBR users in
the ”off” state remain silent and do not generate traffic.

The network area is divided into zones, whose set is denoted
by Z . At any given time t, zone z ∈ Z consists of a set of
users Uz(t), such that ∪z∈ZUz(t) = U(t), which may include
CBR and VBR user types. The set of users of type i in zone
z is denoted as Uz,i(t). Also, at time t user u is assigned to
exactly one zone, i.e, Uz,i(t)∩Uz′,i(t) = ∅, for all z ̸= z′ and
i ∈ S . For simplicity, from now on the time dependency is
dropped from the notation.

We assume that the BSs are identical to each other and op-
erate on the same frequency band, with bandwidth B. Through
antenna arrays they can generate narrow beams focusing the
signal towards subsets of users. Specifically, BS g ∈ G serves
the set of zones Zg , using |Zg| beams, i.e., one beam per zone.
The signal radiated by BS g and serving zone z has power Pg,z

and the total power radiated by BS g, is constrained by

|Zg|∑
z=1

Pg,z ≤ Pg . (1)

Radio resources can be modeled as a set of discrete time-
frequency blocks, F . Each user, u, is assigned a subset Fu ⊆
F of them, whose measure is fu = |Fu|. Typically, users
associated with the same BS are assigned non-overlapping
subsets of resources, i.e., they do not interfere with each other.
Also, the allocated resources should satisfy the constraints∑

z∈Zg

∑
u∈Uz

fu = 1 ∀ g ∈ G (2)

∑
z∈Z

∑
u∈Uz,i

fu = G · si ∀ i ∈ S (3)

which ensure that all available radio resources are distributed
among users and that the constraints imposed by slicing, are
met.

We assume that the transmit power assigned to user u, is
proportional to the fraction of resources assigned to u, i.e., if
user u is located in zone z and is associated to BS g,

pu =
fu∑

u∈Uz
fu

Pg,z .

Furthermore, the channel connecting user u to BS g through
the beam serving zone z ∈ Zg is denoted by the random
complex scalar coefficient hz,g,u.

A. Performance metrics

As a performance metric for the scenario under investiga-
tion, we consider the generalized network utility function [6]

U =
∑
i∈S

Ui (4)

where Ui = 1
|Ui|

∑
u∈Ui

erf(Qu) is the utility achieved by
users of slice i. In the above expression the term Qu represents
the QoS metric associated to user u, given by

Qu =

{
ru/r

∗
u, if u generates CBR traffic,

l∗u/lu, if u generates VBR traffic, (5)

where ru is the data rate achieved by user u, r∗u is the target
data rate, lu is the achieved latency, and l∗u is the target latency.
The achieved rate ru in (5) is computed as

ru = Bfu log2 (1 + SINRu) (6)

where the SINR achieved by user u is given by

SINRu=
pu|hz,g,u|2∑

g′∈G
g′ ̸=g

∑
z′∈Zg′

∑
u′∈Uz′

pu′ |hz′,g′,u|2
|Fu ∩ Fu′ |

fu′
+N0Bfu

.

(7)
The network sum-rate is defined as R =

∑
i∈S Ri where Ri =∑

u∈Ui
ru is the sum rate achieved by users in slice i. In (7)

N0 is the thermal noise power spectral density and the term
|Fu ∩ Fu′ | represents the overlap of resources allocated to
users u and u′ which is proportional to the interference that
user u experiences from user u′.

For each packet transmitted by VBR user u, the latency lu
is computed as

lu = tr,u − tg,u (8)

where tg,u is the packet generation time and tr,u is the
packet transmission time. As previously mentioned, VBR users
maintain a queue where generated packets are placed and
wait to be transmitted. At any given time, the length of such
queue is denoted by Lu which indicates the number of packets
awaiting service. For VBR users, the number of packets that
can be transmitted in a given time interval depends on ru. By
increasing ru more packets can be transmitted thus reducing
their waiting time and, hence, their latency. Given the above
described network model we aim at maximizing the network
utility, U , by solving the following optimization problem:

max
{Fu}

U s.t. (1), (2), and (3) . (9)



This problem presents significant challenges since finding
the optimal sets of resources {Fu}u∈U satisfying the con-
straints (2) and (3) is a combinatorial problem whose com-
plexity increases with the number of users |U| and with the
total number of time-frequency blocks in the resource space,
which are typically large numbers.

III. SBQF:THE SLICEBEAM-QF SOLUTION FRAMEWORK

In light of the complexity of solving problem (9), we
propose to tackle it in two steps:

• we first compute the per-user resource allocations,
{fu}u∈U , using the share-constrained proportionally fair
(SCPF) technique proposed in [3]. SCPF satisfies con-
straints (2) and (3) and, hence will be considered as a
baseline approach. We will then enhance it by proposing
an allocation based on the queues length Lu so as to
improve the performance of VBR users and to reduce
the latency they experience.

• given the set {fu}u∈U , we maximize the network sum-
rate R, by minimizing the interference among BSs. This
is achieved by implementing an optimization technique
based on fractional programming (FP).

A. Queue-based resource allocation

The SCPF allocation scheme distributes the slice share
equally among its users. This is obtained by first computing
the weights wu = si/|Ui| for all u ∈ Ui and i ∈ S . Then,
each base station allocates resources to users in proportion to
their weights, irrespectively of the users’ state and of the time
evolution of their queue lengths. This static allocation (SA)
of resources is obtained by SCPF by computing for user u
served by BS g

f (SA)
u =

wu∑
z∈Zg

∑
v∈Uz

wv
. (10)

Since latency can be mitigated by reducing the waiting
time of the packets in the users’ queues, we propose to
assign resources to users proportionally to their queue length.
According to this queue based allocation (QBA), the resource
shares are computed as

f (QBA)
u =

fz,2 Lu∑
v∈Ûz,2

Lv
, ∀u ∈ Ûz,2 (11)

where Ûz,2 is the set of VBR users in zone z having a non-zero
queue length and fz,2 =

∑
u∈Uz,2

f
(SA)
u .

B. Interference Minimization through FP

The QBA technique described in Sec. III-A only provides a
way to compute the measures {fu}u∈U of the sets {Fu}u∈U .
However, the Fu’s play a key role in the SINR expression (7)
since they affect the amount of interference experienced by
the users and, hence, the achieved SINR. Finding the optimal
sets {Fu}u∈U that maximize some performance metric, e.g.
the network sum-rate Rs, given {fu}u∈U , is a combinatorial
optimization problem. Due to its complexity, brute-force solu-
tions are practical only for small-scale scenarios [7]. The FP

technique [8], is a viable approach for handling this problem
with an acceptable complexity. FP takes as input the set
of channel coefficients {hz,g,u}z∈Z,g∈G,u∈U , and the set of
resources {fu}u∈U , providing as output the optimal value for
the decision variables βu1,...,uG

≥ 0 denoting the amount of
resources contemporarily assigned to users u1, . . . , uG where
ug ∈ U (g), g = 1, . . . , G and U (g) is the set of users associated
to BS g. Then, the SINR achieved by user u, SINR(FP)

u , can
be computed using (7) where the term |Fu ∩Fu′ | is replaced
with γu,u′,g,g′ defined as

γu,u′,g,g′ =
∑

a∈Au,u′,g,g′

βa1,...,aG

where Au,u′,g,g′ = {a ∈ A|ag = u, ag′ = u′} and A = {a =
(a1, . . . , aG)|a1 ∈ U (1), . . . , aG ∈ U (G)}.

IV. NUMERICAL RESULTS

We consider real-world mobility traces for the city of
Cologne (Germany). A portion of the city comprising G = 6
BSs is divided into zones of size 200 m as described in [7].
BSs are equipped with a 16-elements linear array of antennas
each providing 8 dBi gain while user antennas are isotropic.
The BS transmit power is set to Pg=40 dBm, for all g ∈ G; the
carrier frequency is 3 GHz and the bandwidth B = 50MHz.
The channel coefficients hz,g,u are drawn from the urban
micro street canyon model [9]. At any given time, the mobility
model provides the number of vehicles falling in each zone
but does not differentiate between users requiring different
service types. Therefore, for each zone we set |Uz,2| = 2|Uz,1|.
Also, we assume that CBR users are using video conferencing
applications with minimum data rate r∗u = 4Mb/s, while VBR
users are IoT devices that allow a maximum target latency
l∗u = 3ms. For the corresponding two network slices we set
the shares s1 = 0.7 and s2 = 0.3. IoT users generate packets
with size C = 2000 bits according to a discrete-time Poisson
process with arrival rate λ = 10 and time-step ∆t = 10ms.

At each time-step ∆t, (i) the queues of the IoT users
are updated by adding the newly generated packets; (ii) new
instances of the channels coefficients hz,g,u are drawn; (iii)
the shares {fu} are re-computed according to (11), (iv) FP is
run to maximize the sum rate R and, finally, (v) some packets
waiting in the queues are transmitted according to the rate
achieved by the IoT users.

Figure 1 shows the cumulative density function (CDF) of
the network utility, U , and of the IoT users’ utility U2, defined
in (4) for three different resource allocation techniques. The
blue curve represents the baseline case, where resources are
assigned to IoT users through SA, given by (10) and the
sets {Fu} have been randomly assigned (RA) in the radio
resource space F . We call this configuration static allocation
random assignment (SARA). The green curve represents the
case where the sets {Fu} have been randomly chosen and
in each zone the resources are assigned only to the set of
IoT users, Ūz,2, being in ”on” state or having packets in their
queues waiting to be transmitted. Accordingly, the resource
are computed as f

(DA)
u =

fz,2
|Ūz,2|

, for all u ∈ Ūz,2. We call
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Fig. 2. Sum rate for the video users and latency for IoT users

this approach dynamic allocation random assignment (DARA)
since it adapts to the evolution in time of the users’ states, but
does not take into account for the queues length. Finally, the
orange curve shows the performance of our proposed SBQF
approach which uses FP and (11). From Fig. 1(left) we observe
that DARA provides a utility gain w.r.t. the baseline case
showing the benefit that a dynamic allocation of the resources
can have on the entire network. However, if the resource
allocation takes also into account for the queues length and the
SINR is optimized through FP a further gain can be achieved.
The advantage of implementing SBQF has clearly more impact
on the performance of the IoT users, as can be observed in
Fig. 1(right). In this case, the SBQF gain w.r.t. to SARA
is significant. With SBQF, the probability of the IoT utility
dropping below U2 = 0.08 reduces to 47%, compared to
68% for DARA and 100% SARA. Figure 2(left) illustrates
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Fig. 3. Average queue length per zone

the CDF of the sum rate achieved by video users, R1 where
SARA and DARA exhibit comparable sum rates. However,

SBQF outperforms all of them by providing 7.5% gain w.r.t.
to SARA and 6% improvement over DARA. The reason for
this gain is mainly due to FP, since the resource allocation
according to the queue lengths in (11) only affects IoT users.

Fig. 2(right), shows the CDF of the latency experienced
by IoT users. Here the latency reduction provided by SBQF
is substantial. As an example, the probability of showing
latencies larger than 60 ms is about 17% while it raises to
about 40% for SARA. These results indicate that, although
FP is crucial for maximizing data rates for video users,
latency minimization mainly depends on the implementation
of effective resource allocation strategies.

Fig. 3 depicts the average over time of the queue length per
zone, defined as Lz =

∑
u∈Uz,2

Lu, for SARA, DARA and
SBQF. A large average Lz can be due to the zone having a
large number of IoT users or experiencing very low SINR that
prevents the transmission of a large number of packets per time
step. In any case SBQF can reduce the average queue length
up to a factor 4 w.r.t. SARA, and up to a factor 2 w.r.t. DARA,
depending on the zone.

V. CONCLUSION

In this study, we explored network slicing and beam
management to enhance overall network performance. We
developed a novel solution framework, named SBQF, that
integrates queue-based resource allocation with a fractional-
programming technique to optimize both radio and physical
layer resources. Simulation results indicate that SBQF outper-
forms baseline schemes by achieving higher data rates and
reduced latency across various service slices. These findings
demonstrate the potential of proposed approach to provide
efficient and flexible resource management under dynamic
network conditions.
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