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Abstract—In this paper, we propose a hierarchical schedul-
ing method for enhanced mobile broadband and ultra-reliable
low-latency communication slices in mobile networks with non-
stationary traffic arrivals, where resource allocation and traffic
scheduling are decoupled into intra-slice and inter-slice processes
operating on different timescales. An effective bandwidth esti-
mation algorithm is developed, dynamically triggered by traffic
fluctuations to determine transmission rates that ensure ultra-
reliable delay guarantees under non-stationary arrivals. The
intra-slice scheduling is formulated as a generalized assign-
ment problem, for which we design an efficient algorithm that
maximizes throughput under transmission rate constraints and
guarantees a provable approximation ratio. We propose an
inter-slice online resource allocation algorithm to enhance long-
term system utility and establish that it admits a sublinear
dynamic regret bound in piecewise-stationary environments.
Numerical results demonstrate that the proposed method out-
performs alternatives, improving system utility while satisfying
slice requirements.

Index Terms—Enhanced mobile broadband, network slicing,
ultra-reliable low-latency communication.

I. INTRODUCTION

ENHANCED mobile broadband (eMBB) and ultra-reliable
low-latency communication (URLLC) are two pivotal

service categories in 5G and beyond mobile networks. The
eMBB service supports human-centric multimedia applica-
tions, such as high-definition video streaming, virtual reality,
and augmented reality, which demand high data rates to
provide immersive user experiences [1]. URLLC is designed
to deliver extremely high reliability and low latency for
time-critical services, including autonomous driving, industrial
automation, and remote healthcare, ensuring real-time and
error-free data transmission [2], [3].

URLLC and eMBB traffic share time–frequency resources,
employing distinct transmission time intervals (TTIs) tailored
to their respective requirements. The eMBB transmission
typically adopts a 15 kHz subcarrier spacing, with each TTI
comprising 14 OFDM symbols, referred to as a slot. Based
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on the flexible subcarrier spacing technique, URLLC employs
larger subcarrier spacings to shorten OFDM symbols. The
subcarrier spacing can take values of 15 × 2n kHz, where
the numerology index n is a non-negative integer typically
ranging from 0 to 4. Moreover, URLLC packets use shorter
TTIs consisting of 2, 4, or 7 OFDM symbols, referred to as
minislots [4]. A key challenge lies in jointly scheduling eMBB
and URLLC traffic with different transmission timescales to
satisfy their heterogeneous requirements.

As URLLC traffic may arrive during an ongoing eMBB
transmission, a feasible scheduling strategy involves pre-
empting the eMBB transmission in the next minislot and
immediately transmitting URLLC packets, a mechanism
known as puncturing. In [5], the authors propose a puncturing
strategy that maximizes eMBB utility while satisfying URLLC
delay constraints, applicable to linear, convex, and threshold
models of the relationship between eMBB rate loss and
puncturing ratio. In [6], a deep learning model is employed to
predict block error rate in puncturing scenarios, guiding adap-
tive modulation and coding adjustments to enhance eMBB link
reliability. In [7], a pairing algorithm is designed for eMBB
and URLLC users to make puncturing decisions, reducing
URLLC packet loss while limiting eMBB rate degradation.

The aforementioned studies adopt immediate scheduling
for URLLC, discarding packets that cannot be transmitted
in the subsequent minislot. Introducing a queuing mecha-
nism enables buffering of URLLC packets that cannot be
served immediately, reducing packet loss, alleviating con-
gestion caused by burst traffic, and preventing excessive
puncturing from significantly degrading eMBB throughput.
In [8], Bayesian optimization is used to determine puncturing
and queue scheduling decisions, enhancing eMBB through-
put while mitigating URLLC packet loss. A backlog-aware
resource allocation algorithm for radio access networks is
proposed in [9], reducing power consumption and providing
reliable delay guarantees. In [10], safe reinforcement learning
is employed for queue scheduling to ensure transmission
reliability and improve long-term system utility.

While preemptive puncturing prioritizes URLLC to sat-
isfy strict delay constraints, it inevitably degrades eMBB
throughput and reliability. Specifically, when URLLC packets
puncture an eMBB transmission, the block error rate at the
eMBB receiver increases, raising the probability of decoding
failure. Enhancing the quality of service (QoS) for coexisting
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eMBB and URLLC users has consequently attracted signif-
icant research interest. Network slicing offers a promising
solution by enabling multiple subnetworks, i.e., network slices,
tailored to different services to operate over a shared physical
infrastructure, while slice isolation mitigates the impact of
variations in one slice on others [11]. A slice-orchestration
framework is proposed in [12], which jointly schedules delay-
tolerant and delay-sensitive service requests, reducing data loss
and response time in a 5G testbed implementation.

Joint scheduling of eMBB and URLLC slices is typi-
cally decoupled into intra-slice and inter-slice components,
executed at different timescales [13]. Intra-slice scheduling
allocates dedicated slice resources to user equipment (UE)
within each TTI, satisfying packet-level delay constraints.
In [14], Lyapunov optimization is employed to coordinate
intra-slice resource allocation, stabilizing queues through neg-
ative feedback and providing packet-level delay guarantees.
A joint scheduling method for multi-user downlink transmis-
sions is proposed in [15], ensuring fairness among eMBB
users while satisfying URLLC delay requirements. Inter-slice
scheduling allocates resources within preset windows based
on the QoS requirements of each slice, enhancing long-term
system utility while ensuring fairness between slices. In [16],
and [17], inter-slice resource allocation methods based on
online convex optimization and stochastic network calculus
are developed to improve system throughput and reduce packet
loss.

Coordinated slice management is inherently shaped by
several coupled factors, including the heterogeneous service
requirements of eMBB and URLLC, the cross-timescale
interaction between inter-slice and intra-slice decisions, and
the competition for shared radio resources. These challenges
become even more pronounced in practical wireless systems
with non-stationary traffic and channel uncertainty. While
analyzing either inter-slice or intra-slice scheduling in isola-
tion facilitates tractable modeling, investigating hierarchical
scheduling mechanisms that integrate both operations enables
a more comprehensive evaluation of joint scheduling perfor-
mance. In [18], the authors use stochastic network calculus
to estimate delay bounds and perform hierarchical resource
allocation across timescales based on arrival traffic. In [19],
multi-slice scheduling with rate-splitting multiple access is
formulated as a multi-objective optimization problem and
solved via differential evolution to enhance worst-case eMBB
throughput and reduce URLLC packet error rate. In [20], and
[21], hierarchical scheduling methods based on deep rein-
forcement learning and game theory are proposed to optimize
multi-slice deployment and resource allocation in air-ground
networks, improving slice QoS and overall system throughput.
In [22], a hierarchical network slicing framework is proposed,
combining reinforcement learning for slice configuration with
attention-based networks for user-level resource allocation,
improving the fraction of users meeting performance guar-
antees.

Slice scheduling operates in a non-stationary environment
due to time-varying traffic and the stochastic nature of wireless
channels. Existing studies often assume a stationary environ-
ment with strong priors on traffic arrivals (e.g., stationary

Poisson flows [8], [10]), which may result in degraded perfor-
mance under non-stationary traffic or rapidly varying system
conditions. Prior work has derived theoretical bounds on slice
performance [17], [18]. These results generally assume station-
arity and do not account for performance degradation under
non-stationary conditions, such as increased delay violations
and reduced throughput. The non-stationary characteristics of
wireless communication scenarios complicate the provision of
performance guarantees for both eMBB and URLLC slices,
rendering their joint scheduling a significant challenge.

In this paper, we investigate resource allocation and traffic
scheduling for eMBB and URLLC slices in non-stationary
mobile networks, decoupling joint scheduling into intra-slice
and inter-slice components executed at different timescales.
Intra-slice schedulers allocate dedicated slice resources to UEs
at each TTI, ensuring eMBB transmission rate requirements
and providing ultra-reliable packet-level delay guarantees for
URLLC. Based on slice demand feedback and historical
utility, the inter-slice scheduler allocates resources online at
a coarse timescale to optimize long-term system utility. Our
contributions can be summarized as follows:

• A hierarchical scheduling strategy is proposed to support
coexisting eMBB and URLLC services, enabling resource
allocation and traffic management across two timescales,
while guaranteeing per-slice performance, optimizing
utility in non-stationary environments, and enhancing
scalability.

• We introduce a queuing mechanism for URLLC and
propose an algorithm to estimate the transmission rate
required to satisfy delay constraints. Unlike most exist-
ing studies that assume prior traffic distributions for
tractability, our algorithm relies solely on observed traf-
fic samples, without assuming any specific distribution.
Triggered by traffic variation detection, the estimation
algorithm guides intra-slice scheduling to ensure ultra-
reliable delay guarantees under non-stationary traffic
conditions.

• Intra-slice resource allocation and traffic scheduling are
formulated as a generalized assignment problem, which is
NP-hard. We propose an efficient local search algorithm
to solve this problem, analyze its worst-case performance,
and derive the corresponding approximation ratio.

• We design an inter-slice resource allocation method that
balances exploration and exploitation by selecting deci-
sions that maximize the sum of expected utility and
confidence width, improving long-term system utility.
In piecewise stationary environments, dynamic regret is
defined as the cumulative difference in expected utility
between the per-segment optimal decision and the algo-
rithm decision. We establish an O

(
L

5
6 lnL · Γ 1

6

)
upper

bound on the dynamic regret of the proposed method,
where L denotes the time horizon and Γ the number of
stationary segments.

The rest of the paper is organized as follows. Sec-
tion II describes the system model. Section III presents
the transmission-rate estimation algorithm that ensures ultra-
reliable delay guarantees. Sections IV and V introduce the
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Fig. 1. System model: (a) hierarchical scheduling for eMBB and URLLC slices; (b) time–frequency resource structure; (c) timescale hierarchy.

scheduling algorithms for eMBB and URLLC slices, respec-
tively. Section VI discusses inter-slice resource allocation.
Numerical results and analysis are given in Section VII.
Section VIII concludes the paper. Proofs of some results are
deferred to the Appendices.

II. SYSTEM MODEL

Consider downlink transmissions in a cellular network con-
sisting of URLLC and eMBB slices, where U and E denote
the sets of URLLC and eMBB UEs, respectively. The eMBB
TTI has a duration of φ, referred to as a slot. URLLC traffic
consists of smaller data packets, with a TTI of duration ϕ,
referred to as a minislot. Without loss of generality, we assume
that φ is divisible by ϕ,1 i.e., there exists N ∈ N+ such that
φ = Nϕ.

As illustrated in Fig. 1(a), the proposed hierarchical schedul-
ing architecture coordinates inter-slice resource allocation,
intra-slice scheduling, and performance feedback over multiple
timescales. Specifically, we define a frame as K consecutive
slots, serving as the decision period for inter-slice resource
allocation. Let W0 denote the available spectrum bandwidth
and P0 the maximum transmit power. At the beginning of
frame k, the common scheduler determines the spectrum
and power budgets for the URLLC and eMBB slices based
on historical slice-utility feedback, denoted by (W

(u)
k , P

(u)
k )

and (W
(e)
k , P

(e)
k ), respectively. Once the inter-slice resource

allocation is determined, the URLLC and eMBB slices per-
form intra-slice scheduling independently and in parallel under
their respective allocated resource budgets, with the eMBB
scheduler operating at the slot timescale and the URLLC
scheduler operating at the minislot timescale. At the end of
frame k, the slice utilities are evaluated according to the
scheduling outcomes and service performance of the two slices

1For typical combinations of eMBB (numerology index 0 or 1) and URLLC
(numerology index 2 or 3) subcarrier spacings, the slot duration can be
approximated as an integer multiple of the minislot duration [4].

over the frame, and the resulting feedback is used by the
common scheduler to update the inter-slice resource allocation
for the next frame.

5G and beyond mobile networks enable slices to adopt
flexible subcarrier spacings to accommodate their diverse
requirements [4], [6]. Consequently, resource blocks (RBs) of
URLLC and eMBB slices have different bandwidths, denoted
by Bu and Be, respectively, as each RB occupies 12 sub-
carriers in the frequency domain, with the subcarrier spacing
determined by the slice numerology index. As depicted in
Fig. 1(b), each slice scheduler partitions its time–frequency
resources according to its respective TTI and RB bandwidth
and allocates them to the intra-slice UEs. Fig. 1(c) illustrates
the relative timescales of frames, slots, and minislots. The
commonly used notations are summarized in Table I.

Let bu and be denote the packet sizes of URLLC and
eMBB slices, respectively, and mu and me the corre-
sponding numbers of RBs required to transmit a packet.
An eMBB subchannel is defined as a group of me RBs,
with the set of subchannels in frame k given by Mk,e =

{1, · · · , bW (e)
k /meBec}. Consider the downlink transmission

to UE e ∈ E over subchannel m ∈ Mk,e, with transmit
power pe,m,t and channel gain he,m,t obtained via pilot-based
channel estimation. The achievable transmission rate is given
by

be
φ

= meBe log2(1 + γe,m,t), (1)

where γe,m,t =
pe,m,the,m,t
N0meBe

denotes signal-to-noise ratio, and
N0 is the power spectral density of Gaussian noise. We assume
that interference cancellation techniques are employed to keep
inter-cell interference at a negligible level [23].

URLLC packets with short code blocks and small payloads
are transmitted within a minislot to reduce latency, with their
achievable rates characterized by finite blocklength channel
coding theory. The achievable rate for UE u ∈ U during minis-
lot τ over subchannel m ∈Mk,u = {1, · · · , bW (u)

k /muBuc}
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TABLE I
LIST OF MAIN NOTATIONS

is given by

bu
ϕ

= muBu log2(1 + γu,m,τ )−

√
muBuVu,m,τ

ϕ
Q−1(εe),

(2)
where Vu,m,τ = (1− (1 +γu,m,τ )−2)(log2 e)

2, Q−1(x) is the
inverse of Q(x) = 1√

2π

∫∞
x
e−

ξ2

2 dξ, and εe ∈ (0, 1) is the
transmission error probability [24].

Arriving packets may not be transmitted immediately due
to limited resources and time-varying channel conditions. For
each URLLC UE u, let qu,τ denote the backlog at minislot τ ,
au,τ the number of newly arrived packets, and su,τ the number
of packets transmitted. The backlog evolves as

qu,τ+1 = max(qu,τ + au,τ − su,τ , 0), (3)

where packets are transmitted in a first-in-first-out manner.
URLLC requires that the probability of any packet experi-
encing latency exceeding the threshold Td does not exceed
εd ∈ (0, 1). Total latency comprises queuing delay and trans-
mission delay (equal to minislot duration ϕ), with propagation
time considered negligible. Let du denote the queuing delay
of UE u measured in minislots, which satisfies P{du > T ′d} ≤
εd, where T ′d = bTd/ϕc − 1.

III. RELIABLE DELAY GUARANTEE

We employ the effective bandwidth theory, derived from
Large Deviation Principle [25], [26], to characterize the

Fig. 2. Two states of virtual queue.

constant transmission rate required to satisfy the delay
violation probability (DVP) constraint of URLLC slice.
Specifically, define cumulative arrival over τ slots as Au,τ :=∑τ
τ1=1 au,τ1 . For any u ∈ U and θ > 0, assume that the

following limit exists and is differentiable

Λu(θ) := lim
τ→∞

1

τ
lnE[eθAu,τ ].

For UE u assigned a constant transmission rate su, let θu
denote the solution to Λu(θ)/θ = su. According to [27], for
sufficiently large T ′d, the probability that the queuing delay
exceeds T ′d decays approximately as e−θusuT

′
d . For finite T ′d,

a more accurate approximation of DVP is given by

P(du > T ′d) ≈ p(su)e−θusuT
′
d , (4)

where p(su) represents the probability that the queue operating
under a hypothetical constant transmission rate su is non-
empty [28], [29]. Let θ∗u and s∗u denote the solution pair
to p(su)e−θusuT

′
d = εd, such that the DVP of the queue

with arrival process {au,τ} is approximately bounded by εd
when the transmission rate is no less than s∗u. Here, s∗u
is referred to as the effective bandwidth and serves as a
lower-bound reference transmission rate required to satisfy the
DVP constraint. In practice, the URLLC scheduler allocates
resources to maintain the transmission rate of each UE no less
than its effective bandwidth.

The stochastic and non-stationary nature of arrival traf-
fic makes a closed-form expression for Λu(θ) generally
intractable, thereby complicating the computation of effective
bandwidth. We propose a traffic-sampling-based approach to
estimate the effective bandwidth. From (4), the cumulative dis-
tribution function and probability density function of queuing
delay can be approximated as

Fu(x) = 1− P(du > x) = 1− p(su)e−Θux,

fu(x) =
dFu(x)

dx
= Θup(su)e−Θux,

where Θu = θusu. Consequently, the expected queueing delay
is E[du] =

∫∞
0
xfu(x)dx = p(su)/Θu.

As shown in Fig. 2, we construct a virtual queue with a
constant reference transmission rate su for UE u to enable
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tractable effective bandwidth estimation. This virtual queue is
an auxiliary analytical construct that characterizes the queue-
ing behavior under a constant-rate assumption, rather than
the actual physical queue whose instantaneous transmission
rate is time-varying and determined by channel conditions,
resource allocation, and scheduling decisions. Based on the
simulated evolution of the virtual queue, we estimate the DVP
under the reference transmission rate and determine whether
the corresponding delay requirement can be satisfied. At an
arbitrary packet arrival, let qu denote the number of packets
in the buffer, and define Su ∈ {0, 1} as the queue state
indicator, where Su = 1 if the queue is non-empty and
Su = 0 otherwise. Let βu denote the residual transmission
time of the packet being serviced, conditioned on Su = 1. The
expected queueing delay can then be expressed as E[du] =
E[βu]E[Su] + E[qu]/su. Combining E[du] = p(su)/Θu, we
obtain

p(su) = E[Su],

Θu =
suE[Su]

suE[βu]E[Su] + E[qu]
. (5)

Let {qu,w}Ww=1 and {s̃u,w}Ww=1 denote the virtual queue
backlog and the corresponding transmission volume over W
minislots, respectively, where s̃u,w = min(qu,w + au,w, su).
The sample mean backlog is q̂u = 1

W

∑W
w=1 qu,w. Since

observations are made at arbitrary times, the probability that
the queue is non-empty during minislot w is s̃u,w

su
, which leads

to the sample mean Ŝu = 1
W

∑W
w=1

s̃u,w
su

. As each packet takes
1/su to transmit, it follows that E[βu] = 1

2su
. Combining (5),

we obtain

p̂(su) = Ŝu,

Θ̂u =
suŜu

0.5Ŝu + q̂u
. (6)

We denote the mean and peak arrival volumes as au and ãu,
respectively. The estimated effective bandwidth is given by

ŝ∗u = inf
{
su ∈

(
au, ãu

]
|p̂(su)e−Θ̂uT

′
d ≤ εd

}
.

Given that DVP decreases monotonically with transmis-
sion rate, we design an efficient bisection-search algorithm
to estimate the effective bandwidth. Specifically, given the
arrival samples {au,w}Ww=1 of UE u over W minislots, we
compute its mean āu = 1

W

∑W
w=1 au,w and peak value

ãu = sup{au,w}Ww=1. Set su = āu and s̄u = max(su, ãu),
specify the iteration tolerance ε1 and the maximum iteration
count Nmax, and initialize the virtual queue backlog as qu = 0.
We update the virtual queue over the W minislots using a con-
stant transmission rate su =

su+s̄u
2 according to (3), yielding

q̂u and Ŝu, and subsequently compute p̂u and Θ̂u using (6).
If p̂ue−Θ̂uT

′
d > εd, the current transmission rate is insufficient

to satisfy the DVP constraint, and we set su = su; otherwise,
we set s̄u = su. The iteration terminates when either the
maximum number of iterations is reached or the interval length
satisfies |s̄u − su| ≤ ε1, and the effective bandwidth is then
estimated as ŝ∗u = dsue. The virtual queue is simulated without
actual buffer allocation, recording only the backlog and idle

Algorithm 1 Effective Bandwidth Estimation

states during the iteration. Algorithm 1 outlines the effective
bandwidth estimation method we propose.

The computational cost of simulating the queue over
W minislots is denoted as O(W ), with the number of
iterations not exceeding min

(
log2

(
s̄u−su
ε1

)
, Nmax

)
. Accord-

ingly, the computational complexity of Algorithm 1 is
O
(
W ·min

(
log2

(
s̄u−su
ε1

)
, Nmax

))
.

A two-sided cumulative sum algorithm is employed to
detect traffic variations and dynamically trigger effective
bandwidth estimation, accounting for potential statistical non-
stationarity in arrivals. The average arrival volume over the
most recent W2 minislots at minislot τ is given by au,τ =

1
W2

∑τ
w=τ−W2+1 au,w. The forward and backward cumulative

statistics are updated as

C+
u,τ = max(0, C+

u,τ−1 + au,τ − au − r),
C−u,τ = max(0, C−u,τ−1 + au − au,τ − r),

with C+
u,0 = C−u,0 = 0, where r > 0 denotes the allowable

deviation. Let h > 0 be the detection threshold. Once C+
u,τ or

C−u,τ exceeds the threshold h, both statistics are immediately
reset to zero, and effective bandwidth estimation is reinitiated.

We define the estimated change point as

τc := min

 τ1 > τ0

C+
u,τ > 0, ∀τ ≥ τ1

or
C−u,τ > 0, ∀τ ≥ τ1

 .

where τ0 denotes the index of the last reset to zero before
the detection time. To avoid estimation lag, only post-change
samples {au,w}τw=τc are considered, with a sampling window
of width W1 satisfying W1 > W2 > 0. At minislot τ , let
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W = τ − τc + 1 be the number of available samples. If W ≤
W1, all samples {au,w}τw=τc are used to estimate the mean au
and effective bandwidth; otherwise, only the most recent W1

samples are retained, and the estimation is suspended until a
new change is detected.

The URLLC scheduler proactively estimates effective band-
width at the beginning of each frame to mitigate the risk
that slowly varying traffic fails to trigger change detection.
The proposed detection mechanism enables timely updates
of effective bandwidth upon traffic changes, thereby miti-
gating the risk of delay violations caused by estimation lag
and preventing resource underutilization resulting from overly
conservative estimates. When the traffic distribution remains
relatively stable, frequent re-estimation is avoided, which
further reduces computational overhead.

IV. URLLC SLICE SCHEDULING

A. Problem Formulation

The transmission volume of UE u in minislot τ , denoted by
su,τ , is upper bounded by su,τ = au,τ + qu,τ . According to
effective bandwidth theory, the DVP remains below εd if the
transmission volume satisfies su,τ ≥ su,τ = min(ŝ∗u, su,τ ).
Let xu,m,τ be a binary variable, where xu,m,τ = 1 if sub-
channel m is allocated to UE u at minislot τ , and xu,m,τ = 0
otherwise. Hence, su,τ =

∑
m∈Mk,u

xu,m,τ , where k =

dτ/KNe. Assuming a uniform maximum transmission power
across all UEs within the same slice, the resource allocation
and traffic scheduling problem for URLLC slice is formulated
as follows:

max
{xu,m,τ},
{yu,τ}

∑
u∈U

∑
m∈Mk,u

wuxu,m,τ

s.t. C1 :
∑

m∈Mk,u

pu,m,τxu,m,τ ≤ Pu,kyu,τ , ∀u,

C2 : su,τyu,τ ≤
∑

m∈Mk,u

xu,m,τ ≤ su,τyu,τ , ∀u,

C3 :
∑
u∈U

xu,m,τ ≤ 1, ∀m,

C4 : xu,m,τ ∈ {0, 1}, ∀u,m,
C5 : yu,τ ∈ {0, 1}, ∀u, (7)

where Pu,k = P
(u)
k /|U| denotes the maximum transmit power

of UE u, and wu represents the service priority weight for
UE u. An auxiliary binary variable yu,τ is introduced to
ensure feasibility, indicating whether UE u is scheduled in
minislot τ . C1 restricts the total transmit power of each UE
to the allocated power budget. C2 constrains the transmission
rate of UE u within the feasible range [su,τ , su,τ ], where the
upper bound su,τ is limited by the actual available data for
transmission, and the lower bound su,τ is derived from the
estimated effective bandwidth to satisfy the DVP requirement.
C3 ensures that each subchannel is allocated to at most
one UE. We aim to maximize the weighted sum throughput
of UEs, subject to DVP and resource constraints. Eq. (7)
formulates a generalized assignment problem, which is NP-
hard and becomes computationally intractable as the problem
size increases [30].

B. Solution and Performance Analysis

Let Iu denote the family of subchannel sets, including the
empty set, that can be assigned to UE u without violating
C1 and the upper bound on the transmission volume, under a
relaxation of the lower bound in C2, i.e.,

Iu :=

S ⊆Mk,u

∣∣∣∣∣∣
∑
m∈S

pu,mxu,m ≤ Pu,k,∑
m∈S

xu,m ≤ su

 .

The minislot index is henceforth omitted for notational sim-
plicity. Define a binary variable xu,S , where xu,S = 1 if all
subchannels in S ∈ Iu are allocated to UE u, and xu,S = 0
otherwise. Problem (7) is relaxed as follows:

max
{xu,S}

∑
u∈U

∑
S∈Iu

∑
m∈S

wuxu,S

s.t. C ′1 :
∑
u∈U

∑
S∈Iu

∑
m∈S

xu,S ≤ 1, ∀m,

C ′2 :
∑
S∈Iu

xu,S = 1, ∀u,

C ′3 : xu,S ∈ {0, 1}, ∀u,S ∈ Iu. (8)

We employ a local search method to determine the intra-
slice resource allocation. Let S̃ = {S1, · · · ,S|U|} be a feasible
solution to (8), with objective value v(S̃) and weighted
throughput of UE u denoted by Vu(S̃). The contribution of
subchannel m to the objective under S̃ is denoted by vm(S̃),
with vm(S̃) = 0 if m is not allocated to any UE.

Given the allocation decision S̃, we seek an alternative fea-
sible allocation S ′u for UE u such that replacing Su in S̃ with
S ′u yields a higher objective value. A local search operation
for UE u is defined as follows: (i) For each subchannel m, if
m is allocated to some UE u′ 6= u in S̃, set wm(S̃) = wu′ ;
otherwise, set wm(S̃) = 0. (ii) Define the marginal utility of
subchannel m as δm := wu−wm(S̃). (iii) Select a subchannel
set S ′u for UE u that maximizes the total marginal utility. The
single-user allocation problem is formulated as follows:

max
{xm}

∑
m∈Mk,u

δmxm

s.t. C ′′1 :
∑

m∈Mk,u

pu,mxm ≤ Pu,k,

C ′′2 :
∑

m∈Mk,u

xm ≤ su,

C ′′3 : xm ∈ {0, 1}, ∀m. (9)

Eq. (9) formulates a knapsack problem with a cardinality
constraint, for which a fully polynomial time approximation
scheme (FPTAS) has been established [31], capable of com-
puting a ξ-approximate solution in time polynomial in both
the input size and 1/(1 − ξ) for any approximation ratio
ξ ∈ (0, 1). Since the FPTAS is relatively complex, a more
efficient rounding-based method is adopted to solve (9) in real-
time. We first solve the linear programming (LP) relaxation
of (9) to obtain a basic solution x∗ = (x1, · · · , x|Mk,u|). Let
J1 denote the set of subchannels with xi = 1, with total
power and total marginal utility denoted by p(J1) and δ(J1),
respectively.
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Lemma 1: x∗ contains at most two fractional components.
If x∗ contains exactly two fractional components, xi and xj ,
then xi+xj = 1 and p(J1)+pu,ixi+pu,jxj = Pu,k. Without
loss of generality, assume that pu,j ≤ pu,i, then δ(J1) + δi ≥
z̃u ≥ z∗u, where z∗u and z̃u denote the optimal values of problem
(9) and its LP relaxation, respectively.

For brevity, the details of Lemma 1 can be found in [32].
Let JF denote the set of subchannels corresponding to the
fractional components of x∗. If JF = ∅, set S ′u = J1. If
JF = {i}, then set S ′u = J1 if δ(J1) ≥ δi; otherwise, set
S ′u = {i}. If JF = {i, j} and pu,j ≤ pu,i, then set S ′u =
J1∪{j} if δ(J1)+δj > δi; otherwise, set S ′u = {i}. The fol-
lowing theorem indicates that by solving the LP relaxation of
problem (9) and applying a rounding procedure, the resulting
marginal utility reaches at least half of the optimum.

Theorem 1: The marginal utility associated with S ′u, denoted
by zu, satisfies zu ≥ 1

2 z∗u.
Proof: When JF = ∅, J1 is the optimal solution to (9).

When JF = {i}, we have z∗u ≤ z̃u ≤ δ(J1) + δi ≤ 2 zu.
If JF = {i, j}, then z∗u ≤ z̃u ≤ δ(J1) + δi+ δj ≤ 2 zu, which
completes the proof. �

For each u ∈ U , initialize its subchannel assignment as
Su = ∅, and construct the initial resource allocation state
S̃ = (S1, · · · ,S|U|). Assuming that problem (9) admits a ξ-
approximation solution, for a given accuracy parameter ε ∈
(0, 1), we define ε′ = ξ+1

ξ ε. At each iteration, a local search
is conducted for every UE to obtain a candidate subchannel
set S ′u, upon which the improvement ∆u =

(∑
m∈S′u

δm

)
−

Vu(S̃) is evaluated and the UE yielding the maximum gain
is selected, i.e., u∗ = arg maxu∈U ∆u. If ∆u∗ > 0, then
S ′u∗ replaces Su∗ in S̃. Iterate the procedure for d |U|ξ ln

(
1
ε′

)
e

rounds, and return S̃ as the final resource-allocation solution.
Algorithm 2 outlines the proposed local search method for
solving (8).

Algorithm 2 Local Search

By employing a hash table to directly index the subchannel
occupancy states, the marginal utility can be computed in
O(|Mk,u|) time. Problem (9) is addressed by solving its LP
relaxation followed by a rounding procedure, which guarantees
an approximation ratio of 1

2 . According to [33], the LP
relaxation of the cardinality-constrained knapsack problem
can be solved in O(|Mk,u|) time. The computational com-
plexity of a single iteration across all UEs is O(|U||Mk,u|).

Combining the iteration count d2|U| ln
(

1
3ε

)
e, the computa-

tional complexity of Algorithm 2 is O
(
|U|2|Mk,u| ln

(
1
ε

))
.

We establish a provable approximation bound showing that
Algorithm 2 achieves a solution with performance close to the
optimum of the NP-hard problem (8).

Theorem 2: Given ε ∈
(

0, ξ
ξ+1

)
, if problem (9) is solved

using a ξ-approximation algorithm, then Algorithm 2 achieves
an approximation ratio of at least ξ

ξ+1 − ε.
Proof: Please refer to Appendix A. �
Let U1 be the set of UEs whose transmission volumes

under S̃ fall below su, sorted in ascending order of their
deficits. Define U2 = U \ U1. We traverse U1, attempting
to compensate each UE by reallocating subchannels currently
occupied by UEs in U2. For each u ∈ U1, we evaluate its
required transmission power over candidate subchannels and
prioritize those with lower power consumption for realloca-
tion. A reallocation is performed only if the UE originally
occupying the subchannel remains no less than its transmission
volume lower bound after release. The procedure terminates
for UE u once its transmission volume reaches su or no
eligible subchannel remains.

V. EMBB SLICE SCHEDULING

A. Problem Formulation

The eMBB service is characterized by high throughput
requirements, with the average transmission rate of each UE
e ∈ E constrained to be no less than se. The resource allocation
and traffic scheduling problem for eMBB slice is formulated
as follows:

max
{xe,m,t}
{ye,t}

lim
T→∞

1

T

T∑
t=1

∑
e∈E

∑
m∈Mk,e

wexe,m,t

s.t. C6 : lim
T→∞

1

T

T∑
t=1

∑
m∈Mk,e

xe,m,t ≥ se, ∀e,

C7 :
∑

m∈Mk,e

pe,m,txe,m,t ≤ Pe,kye,t, ∀e, t,

C8 :
∑
e∈E

xe,m,t ≤ 1, ∀m, t,

C9 : xe,m,t ∈ {0, 1}, ∀e,m, t,
C10 : ye,t ∈ {0, 1}, ∀e, t, (10)

where k = dt/Ke, Pe,k = P
(e)
k /|E| represents the per-UE

power budget, while we denotes the service priority weight for
UE e. C6 guarantees that the average transmission rate of UE
e meets the minimum throughput requirement se. C7 bounds
the total transmit power of each UE within the allocated
power budget. C8 mandates that each subchannel serves at
most one UE per slot. C9 and C10 enforce the binary nature
of the allocation variables. The objective is to maximize the
average weighted throughput of the eMBB slice, subject to
transmission rate and resource constraints.

B. Solution and Performance Analysis

The transmission volume to UE e in slot t is given
by se,t =

∑
m∈Mk,e

xe,m,t, which is upper-bounded by
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se = b W0

meBe
c. We introduce an auxiliary variable ze,t, ini-

tialized as ze,1 = 0 and updated according to ze,t+1 =
max(ze,t + se − se,t, 0). Define the Lyapunov function
Ft = 1

2

∑
e∈E z2

e,t, with its temporal difference given by
∆Ft = Ft+1−Ft [34]. Using the inequality max(x, 0)2 ≤ x2,
we obtain

∆Ft ≤ C +
∑
e∈E

ze,t(se − se,t), (11)

where C ≥ 1
2

∑
e∈E(s

2
e + s2

e) is a constant.
Multiplying the weighted throughput in Eq. (10) by a

penalty factor Ω > 0 and subtracting the upper bound of ∆Ft
in Eq. (11), we obtain the following subproblem:

max
{xe,m,t}
{ye,t}

∑
e∈E

∑
m∈Mk,e

(Ωwe + ze,t)xe,m,t

s.t. C7, C8, C9, C10 in Eq. (10). (12)

We employ Algorithm 2 to solve subproblem (12) to
obtain per-slot resource allocation decisions. Let ξ′

denote the approximation ratio achieved by Algorithm 2,
which returns a solution {xe,m,t}, {ye,t} in slot
t with the corresponding weighted throughput
νt =

∑
e∈E

∑
m∈Mk,e

wexe,m,t.
We further analyze the performance gap between the online

decisions obtained by solving subproblem (12) using Algo-
rithm 2 and the per-frame optimal decisions computed with
full intra-frame information. As in many online network
scheduling models [35], [36], [37], we consider a scenario
in which the service provider can increase link capacity by
upgrading network infrastructure, assuming that the slice can
accommodate user transmission rate demands scaled by a
factor of 1

ξ′ . The K-slot planning problem for frame k is
formulated as follows:

max
{xe,m,t}
{ye,t}

1

K

t1+K−1∑
t=t1

∑
e∈E

∑
m∈Mk,e

wexe,m,t

s.t. C ′6 :
ξ′

K

t1+K−1∑
t=t1

∑
m∈Mk,e

xe,m,t ≥ se, ∀e,

C7, C8, C9, C10 in Eq. (10), (13)

where t1 = (k − 1)K + 1. Let {x∗e,m,t}, {y∗e,t} denote the
optimal solution of (13), with the corresponding objective
value denoted by ν∗k . Problem (13) involves joint optimization
across all slots within a frame and requires full intra-
frame information, which is typically unavailable in online
settings.

We next establish that, while satisfying the average trans-
mission rate constraints for each eMBB UE, the per-slot
resource allocation strategy achieves a provable lower bound
on long-term average performance.

Theorem 3: Assume that problem (13) is feasible for each
frame k ∈ {1, 2, · · · , L}, and that Algorithm 2, used to
solve (12), achieves an approximation ratio of ξ′. The per-
slot resource allocation decisions satisfy the transmission rate

constraints for all UEs, and the long-term average weighted
throughput satisfies

lim
T→∞

1

T

T∑
t=1

νt ≥ lim
L→∞

1

L

L∑
k=1

ξ′ν∗k −
CK

Ω
.

Proof: Please refer to Appendix B. �

VI. INTER-SLICE RESOURCE ALLOCATION

In the proposed hierarchical scheduling framework, inter-
slice resource allocation is performed at the beginning of
each frame to determine the spectrum and power budgets
of the URLLC and eMBB slices based on historical utility
feedback. The two slices then carry out intra-slice scheduling
independently within their respective allocated budgets during
the frame, and generate performance feedback at the frame
end for updating the inter-slice resource allocation in the
next frame. To characterize this feedback, let vk,u and vk,e
denote the utility of URLLC and eMBB slices at frame k,
respectively, defined as

vk,u :=
1∑

u∈U wu

∑
u∈U

wu
∑kKN
τ=(k−1)KN+1 s

′
u,τ

ε
∑kKN
τ=(k−1)KN+1 su,τ

,

vk,e :=
1∑

e∈E we

∑
e∈E

we
∑kK
t=(k−1)K+1 se,t

Kse
,

where ε = (1 − εe)(1 − εd), and s′u,τ denotes the number
of packets successfully delivered to UE u in minislot τ
that satisfy the delay constraint. Note that vk,u ≥ 1 when
the URLLC slice guarantees lossless transmission within
the delay constraint with probability no less than ε, and
vk,e ≥ 1 when the eMBB slice satisfies its transmission rate
requirement. The utility values are bounded as vk,u ∈

[
0, 1

ε

]
and vk,e ∈ [0,∞). To reconcile the disparity between utility
scales of two slices, we define increasing utility functions for
URLLC and eMBB slices as

fu(v) =

{
v
2 , if v ≤ 1,
v−1

2(ε−1−1) + 1
2 , otherwise,

fe(v) =
v

v + 1
,

which map slice utilities to [0, 1], with fu(1) = fe(1) = 1
2 .

The system utility at frame k is defined as
vk :=

fu(vk,u)+fe(vk,e)
2 , which satisfies 0 ≤ vk ≤ 1 for all k.

The inter-slice resource allocation decision at frame k is
denoted by ck = (ck,1, ck,2), with the decision space defined
as C = [0, 1] × [0, 1]. The bandwidth and transmit power
allocated to URLLC slice at frame k are given by

W
(u)
k = min

(
W0,max

(
ck,1W0,muBu

∑
u∈U

ŝ∗u

))
,

P
(u)
k = min

(
P0,max

(
ck,2P0,

∑
u∈U

puŝ
∗
u

))
,

where ŝ∗u and pu denote, respectively, the latest effective band-
width estimate and the average per-packet transmission power
of UE u in the previous frame. The eMBB slice is allocated
the remaining resources, i.e., W (e)

k = W0 − W
(u)
k , P

(e)
k =

P0 − P (u)
k .
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For each c ∈ C, let Dk(c) denote the probability distribution
of the system utility at frame k, and let µk(c) denote its
expectation. We make the following mild assumptions: (i) The
expected utility is Lipschitz continuous; that is, there exists a
constant ` > 0 such that

|µk(c)− µk(c′)| ≤ ` · ‖c− c′‖, ∀k, ∀c, c′ ∈ C.

(ii) The environment is piecewise stationary, with the utility
distributions varying at most Γ− 1 times over L frames, i.e.,

L∑
k=2

I [∃c ∈ C,Dk(c) 6= Dk−1(c)] ≤ Γ− 1,

where I[·] is the indicator function. System utilities across
frames are assumed to be approximately independent.

Let c∗k ∈ arg maxc∈C µk(c) denote the optimal decision
at frame k. As the system environment may vary across
frames, the corresponding optimal decision may also evolve
over time. Dynamic regret is adopted to characterize the
tracking capability of the online inter-slice resource allocation
in non-stationary environments. Specifically, it quantifies the
cumulative expected utility loss of the online decisions relative
to the frame-wise optimal decisions over L frames, i.e.,

RL :=

L∑
k=1

[µk(c∗k)− µk(ck)].

At frame k, µk(c∗k) − µk(ck) represents the expected utility
gap between the online decision and the corresponding frame-
wise optimal decision, and RL accumulates this gap over
time. Intuitively, a sub-linear growth of RL with respect to L
implies that the average regret RL/L vanishes asymptotically,
indicating that the long-term average performance gap between
the online decisions and the frame-wise optimal decisions
asymptotically disappears under a non-stationary environment.

Let ρ = (ρ1, ρ2) denote the discretization resolution, where
ρ1, ρ2 ∈ (0, 1]. We discretize the decision space into

Ĉ =

(ρ1n1, ρ2n2)

∣∣∣∣∣∣ n1 = 1, 2, · · · ,
⌊

1
ρ1

⌋
,

n2 = 1, 2, · · · ,
⌊

1
ρ2

⌋
.

 (14)

At the beginning of frame k, the inter-slice scheduler selects
a decision ck ∈ Ĉ, which determines the resource split for the
current frame. After the intra-slice scheduling of the URLLC
and eMBB slices is completed, the resulting system utility vk
is observed at the end of frame k and is then used to update
the statistics for subsequent decisions.

The expected utility of each candidate decision c ∈ Ĉ at
frame k is estimated using only the observations collected
within the most recent W ′ frames. We introduce the window
indicator

wk(s) :=

{
1, s ≥ k −W ′,
0, s < k −W ′.

(15)

Define nk(c) :=
∑k−1
s=1 wk(s)I[cs = c] for each c ∈ Ĉ. The

corresponding empirical expected utility is then estimated by

µ̂k(c) =

∑k−1
s=1 wk(s)I[cs = c]vs

nk(c)
, (16)

where we adopt the convention that 0
0 = 0.

We assume that the environment is approximately stationary
over the past W ′ frames. Since vk ∈ [0, 1], for any c ∈ Ĉ with
nk(c) > 0 and any x > 0, Hoeffding’s inequality gives

P

(
|µ̂k(c)− µk(c)| ≤ x

nk(c)

)
≥ 1− 2 exp

(
− 2x2

nk(c)

)
.

(17)
We define the confidence width ζk(c) as

ζk(c) =

{√
ln(2/ς)
2nk(c) , nk(c) > 0,

+∞, nk(c) = 0.
(18)

where ς ∈ (0, 1]. For any c ∈ Ĉ with nk(c) > 0, substituting

x =
√

nk(c) ln(2/ς)
2 into (17) yields a confidence interval

[µ̂k(c)−ζk(c), µ̂k(c)+ζk(c)] for µk(c) with confidence level
1 − ς . When nk(c) = 0, we set ζk(c) = +∞ to ensure
sufficient exploration of unvisited decisions.

Algorithm 3 Inter-Slice Resource Allocation

Following the principle of optimism in the face of
uncertainty [38], we select the resource allocation decision
from Ĉ that maximizes the sum of estimated expected utility
and associated confidence width, i.e.,

ck ∈ arg max
c∈Ĉ

µ̂k(c) + ζk(c). (19)

After ck is selected, the corresponding bandwidth and power
budgets are assigned to the URLLC and eMBB slices for
the current frame according to the resource mapping defined
earlier. Once the intra-slice scheduling is completed and
the resulting utility vk is obtained, the quantities nk+1(c),
µ̂k+1(c), and ζk+1(c) are updated for all c ∈ Ĉ using
the most recent W ′ observations. The proposed inter-slice
resource allocation method is detailed in Algorithm 3. With
incremental maintenance of the sliding-window counts and
empirical utility sums, each iteration requires only a linear
scan over the discretized decision set, yielding an overall
complexity of O(L|Ĉ|) = O

(
L

ρ1ρ2

)
.
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TABLE II
SIMULATION PARAMETERS

We will show that Algorithm 3 achieves sublinear dynamic
regret, demonstrating effective long-term tracking capability
in piecewise-stationary environments.

Theorem 4: The dynamic regret of Algorithm 3 with
W ′ = d

(
L
Γ

) 5
6 e, ς = L−1, and ρ1 = ρ2 =

(
Γ
L

) 1
6 satisfies

E[RL] ≤ O
(
L

5
6 lnL · Γ 1

6

)
.

Proof: Please refer to Appendix C. �

VII. NUMERICAL RESULTS

Consider an urban cell with a radius of 150 m operating at a
center frequency of 2.6 GHz, where W0 = 30 MHz and P0 =
25 dBm. Let di denote the distance between the base station
and UE i. Path loss is modeled as 40.74 dB+10 n lg

(
di
dr

)
+ξσ ,

where dr = 1 m, n = 3.19, and ξσ is a zero-mean Gaussian
random variable with a standard deviation of σ = 8.2 dB, rep-
resenting shadow fading [39]. Small-scale fading is modeled
as Rayleigh distributed with a unit second moment. Simulation
parameters are summarized in Table II. All simulations were
conducted using Python 3.9 on a Windows 11 PC equipped
with an Intel Core i9-13900HX processor and 16 GB of RAM.
Numerical computations were performed using NumPy and
SciPy, with all algorithms executed in single-threaded mode.

A. Effective Bandwidth Estimation

We evaluate the proposed effective bandwidth estimation
method by considering a URLLC UE under three arrival types:
• Poisson traffic: Packet arrivals follow a Poisson process

with a constant rate.
• Self-similar traffic: Aggregate traffic generated by multi-

ple independent ON–OFF sources, where ON and OFF
durations T follow a Pareto distribution P(T > t) =(
tmin

t

)α
, t ≥ tmin, with tmin = 1, α = 1.3. Each source

transmits at 1 packet/minislot during ON periods, yielding
long-range dependent, heavy-tailed aggregate traffic. The
aggregate arrival rate is linearly proportional to the total
number of multiplexed sources.

• Bursty traffic: Generated by a Poisson process modu-
lated by a two-state Markov chain, where the source
alternates between low-rate and high-rate states (1 and

10 packet/minislot). The high-to-low transition proba-
bility is fixed at 0.1, while the low-to-high transition
probability is explicitly adjusted to match the target
aggregate arrival rate.

Transmission rate is set to the estimated effective band-
width, and delay distributions are collected over 100,000
minislots. All results are averaged over 500 Monte Carlo runs.

Fig. 3 shows that the DVP of all three traffic types remains
below εd as the arrival rate increases. With a fixed arrival
rate of 5 packets/minislot, Fig. 4 indicates that relaxing the
delay constraint results in a heavier tail in the probability
mass function (PMF). The proposed algorithm demonstrates
robust performance across different arrival rates and traffic
types, achieving exponential decay in the delay distribution
tail while consistently satisfying the DVP constraint.

The effects of allowable deviation r and detection
threshold h on the traffic change detection algorithm are
evaluated via grid search. Consider a URLLC UE with a
piecewise-stationary Poisson traffic consisting of 10 stationary
segments randomly distributed over 30,000 minislots, each
with an arrival rate drawn from [2, 5]. Fig. 5 shows that the
detection delay increases with r and h, where it is defined
as the time gap between the detected and true change points.
We adopt fixed parameters r = 0.5 and h = 5 in the following
simulations.

Fig. 6 shows the delay distributions under the piecewise-
stationary Poisson traffic. Transmission rates are dynamically
adapted based on the effective bandwidths estimated by differ-
ent methods, enabling a comparison of their impact on delay
performance. For the proposed dynamic estimation method,
we set W1 = 1000 and W2 = 30. We compare our proposal
with periodic approaches that perform estimation every 25,
50, and 100 minislots, as well as with an oracle baseline that
computes the effective bandwidth directly from the predefined
Poisson parameters. Periodic approaches respond slowly to
traffic variations, resulting in heavy-tailed delay distributions.
The proposed dynamic estimation algorithm promptly tracks
traffic variations and adjusts the transmission rate, achieving
performance comparable to that of the oracle baseline while
providing reliable delay guarantees for non-stationary traffic.

B. Intra-Slice Scheduling

Numerical results are presented to assess the performance
of the proposed intra-slice scheduling algorithm under vary-
ing UE population sizes, with emphasis on compliance with
URLLC DVP constraints and eMBB throughput requirements.
Specifically, we consider coexisting URLLC and eMBB slices,
each serving multiple UEs. The arrival traffic of each URLLC
UE follows an independent piecewise-stationary Poisson pro-
cess. For all UEs, each stationary segment spans 200 frames,
and the arrival rate for each segment is independently and uni-
formly drawn from the interval [2, 5]. We vary the parameter
ε in the proposed intra-slice scheduling algorithm to control
the number of local search iterations, denoted by Nε. Our
proposal is compared with two heuristic methods: random
allocation and greedy strategy. In random allocation, newly
arrived packets are uniformly distributed across subchannels,
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Fig. 3. Delay distributions under varying arrival rates: (a) ā = 3; (b) ā = 5; (c) ā = 7.

Fig. 4. Delay distributions under different delay constraints: (a) Td =
0.25 ms; (b) Td = 0.75 ms.

Fig. 5. Detection delay under piecewise-stationary Poisson traffic with
10 stationary segments randomly distributed over 30,000 minislots and
segment-wise arrival rates uniformly drawn from [2, 5].

Fig. 6. Delay distributions under piecewise-stationary Poisson traffic with
10 stationary segments randomly distributed over 30,000 minislots and
segment-wise arrival rates uniformly drawn from [2, 5].

oblivious to the channel gains [40]. The greedy strategy
computes the ratio of service weight to transmission power

Fig. 7. Intra-slice scheduling performance versus the numbers of URLLC and
eMBB UEs, under piecewise-stationary Poisson URLLC arrival processes,
where each stationary segment lasts 200 frames and the segment-wise arrival
rate is uniformly drawn from [2, 5]: (a) URLLC DVP and (b) average eMBB
transmission rate.

for each UE–subchannel pair and prioritizes the pairs with the
highest ratios. Inter-slice resources are fixed, with bandwidth
and power equally allocated to URLLC and eMBB slices.
Simulations are conducted over 2,000 frames.

As shown in Fig. 7(a), the feasible solution space of
problem (7) grows exponentially with the number of UEs,
resulting in higher computational complexity. Greedy and
random allocation strategies cannot explore the global solution
space, leading to rapid performance degradation, frequent
delay violations, and failure to satisfy URLLC DVP con-
straints. The proposed local search algorithm performs
performance-guaranteed iterative optimization, significantly
reducing the DVP of all URLLC UEs as the number of
iterations increases. Remarkably, only five iterations suffice to
reduce the DVP of all UEs in the slice to zero, demonstrating
effective resource allocation with low computational overhead.

Fig. 7(b) illustrates the variation in average transmission
rate of eMBB slice with respect to the number of UEs. When
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Fig. 8. Execution time of Algorithm 2 versus the number of UEs, evaluated
over randomly generated scheduling instances.

the number of local search iterations reaches five, the pro-
posed algorithm consistently achieves the highest average rate,
outperforming the greedy and random strategies in all cases.
The error bars in Fig. 7(b) represent the standard deviation of
eMBB UE throughput. With five iterations of the local search,
the standard deviation accounts for 2.61%, 3.19%, 3.61%, and
2.09% of the mean for UE numbers ranging from 2 to 5. The
small variation in UE throughput, as indicated by the error
bars, suggests that the algorithm not only enhances the average
throughput but also achieves balanced resource allocation and
maintains high fairness among UEs.

Fig. 8 shows how algorithm execution timescales with the
number of UEs. The number of subchannels is fixed at 20,
while the number of UEs is varied from 1 to 10. For each
setting, 500 instances of problem (7) are randomly generated,
with wu ∈ [0.1, 2], su ∈ {0, 1, 2}, and su ∈ {2, 3, 4}. The
algorithm execution time is averaged over these 500 instances.
The computational complexity of the proposed local search
algorithm is O

(
|U|2|Mk,u| ln

(
1
ε

))
, which scales quadrati-

cally with the number of UEs. As the number of UEs increases
to 10, the execution time remains low and exhibits smooth
growth, indicating that the proposed local search algorithm
has controllable computational overhead and is suitable for
real-time decision-making. To facilitate realistic deployments,
the algorithm can be optimized by transitioning to com-
piled languages and leveraging the architectural advantages
of specialized digital signal processors, such as single-cycle
multiply-accumulate operations and hardware-managed loop
control, to meet the stringent timing requirements of the 5G
physical layer.

C. Inter-Slice Scheduling

The common scheduler performs online inter-slice resource
allocation, with each decision affecting the transmission of
the subsequent frame. The mapping from allocation deci-
sions to the resulting utility is complex and analytically
intractable, rendering inter-slice resource allocation a sequen-
tial black-box optimization in a non-stationary environment.
Algorithm 3 is compared against the following sequential
model-based optimization methods:
• Tree-structured Parzen estimator (TPE): TPE partitions

historical observations into high- and low-performing
groups based on specified utility quantiles, models the
conditional probability density of each group via kernel

Fig. 9. Dynamic regret versus L for different Γ in an idealized piecewise-
stationary utility environment.

density estimation, and selects the next decision by max-
imizing their density ratio [41]. In partitioning historical
samples, the top 25% of utility values are designated
high-performing and the remainder low-performing, with
Gaussian kernels employed for density estimation.

• Gaussian process-based Bayesian optimization (GPBO):
GPBO uses Gaussian process regression [42] as a sur-
rogate model to predict the expected utility of resource
allocation decisions, along with the associated uncer-
tainty. It has been applied to joint resource allocation for
eMBB and URLLC in [8]. Following the setup in [8], we
adopt four sampling criteria to guide the next decision:
expected improvement (EI), probability of improvement
(PI), upper confidence bound (UCB), and a greedy strat-
egy with an exploration probability of 0.1.

All alternative methods use the last 100 frames of
decision–utility history to guide resource allocation in the
subsequent frame.

We evaluate the sublinear growth of regret for Algorithm 3
when the number of stationary segments is precisely known.
Specifically, consider the expected utility function µ(c) =

max
[
0, 1−

(
‖c−c0‖2

r0

)p]
, p > 1, which attains its maximum

at c0 and is Lipschitz continuous. We set r0 = 1 and p = 1.5,
with L ranging from 1,000 to 2,000 in increments of 10. The L
frames are divided into Γ segments, with the optimum fixed
within each segment and randomly varying across segments
to emulate a piecewise-stationary environment. All results are
averaged over 500 Monte Carlo runs.

Fig. 9 depicts the regret RL of Algorithm 3 for varying
total frames and different numbers of stationary segments, with
hyperparameters set according to Theorem 4. Both L and RL
are shown on a logarithmic scale as scatter points, with a
least-squares line fitted to the data. The fitted slopes k̂ are
all below 1, confirming the sublinear regret of the proposed
algorithm in piecewise-stationary environments. We further
evaluate the performance of the proposed algorithm when the
number of stationary segments is unknown. For all subsequent
simulations, the hyperparameters of Algorithm 3 are set to
W ′ = 100, ρ = (0.15, 0.15), and ς = 0.2. Fig. 10 depicts
the dynamic regret of all methods for Γ = 4 and L = 2,000,
showing that Algorithm 3 attains the lowest dynamic regret
compared with the alternative methods, further demonstrating
its superior performance in non-stationary environments.

We examine how system utility and service performance
vary with the number of URLLC UEs when the number of
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Fig. 10. Dynamic regret comparison in an idealized piecewise-stationary
utility environment with L = 2,000 and Γ = 4.

Fig. 11. Inter-slice scheduling performance versus the number of URLLC
UEs with the number of eMBB UEs fixed at 3, under piecewise-stationary
Poisson URLLC arrival processes, where each stationary segment lasts 200
frames and the segment-wise arrival rate is uniformly drawn from [2, 5]: (a)
system utility; (b) average eMBB transmission rate.

eMBB UEs is fixed at 3. Both eMBB and URLLC intra-slice
scheduling employ Algorithm 2 with ε = 0.01. URLLC traffic
arrivals follow a piecewise-stationary Poisson process, where
each segment lasts 200 frames and has a constant arrival rate
uniformly drawn from the interval [2, 5]. Fig. 11(a) shows that
the average system utility decreases as the number of URLLC
UEs increases, reflecting performance loss due to intensified
resource competition. Nevertheless, the proposed algorithm
consistently outperforms the alternative methods across the
entire URLLC traffic range, maintaining high utility.

Fig. 11(b) shows that the average eMBB transmission rate
decreases with the number of URLLC UEs but remains
above the threshold se. Meanwhile, across all experiments,
the URLLC DVP under the proposed algorithm remains
below 10−5, owing to effective bandwidth estimation and
dynamic scheduling. Numerical results indicate that the pro-
posed algorithm effectively preserves slice isolation and
satisfies eMBB transmission rate requirement while ensuring
URLLC latency guarantee, achieving efficient scheduling and
resource sharing for both service types.

VIII. CONCLUSION

We proposed a hierarchical scheduling approach for eMBB
and URLLC slices in non-stationary mobile networks. To
address non-stationary URLLC traffic, we develop an effective
bandwidth estimation algorithm that is activated by traffic
change detection and accordingly updates the transmission rate
to ensure ultra-reliable delay guarantees. We design a local
search algorithm for intra-slice resource allocation and traffic
scheduling and establish its provable approximation ratio. For
inter-slice resource allocation, we propose an online strategy
and establish a sublinear dynamic regret bound in piecewise
stationary environments. Numerical results show that the pro-
posed approach outperforms existing methods, highlighting
its potential for efficient multi-slice management. Specifically,
the proposed method maintains URLLC DVP below 10−5

while satisfying the eMBB slice throughput requirements with
low variability, providing concrete evidence of its stable and
reliable performance. In the future, we intend to explore
joint multi-slice management under continuously evolving
non-stationary conditions and the coordinated scheduling of
radio access and core networks, aiming to provide end-to-end
guarantees for URLLC latency and eMBB throughput.

APPENDIX A
PROOF OF THEOREM 2

Let S̃∗ denote the optimal solution to problem (8). Define
the sets

M(1) :=
{
m ∈Mk,u | vm(S̃∗) > vm(S̃)

}
,

M(2) :=Mk,u \M(1).

Given a subset M′ ⊆Mk,u, define f(M′) and g(M′) as the
total utility of M′ under S̃∗ and S̃, respectively. It follows
that v(S̃∗) = f(M(1)) + f(M(2)) and v(S̃) = g(M(1)) +
g(M(2)).

Let Mu denote the set of subchannels in M(1) that are
allocated to UE u under S̃∗. For each m ∈ Mu, since
wu − wm(S̃) ≥ wu − vm(S̃), the total marginal utility
of Mu with respect to UE u is at least

∑
m∈Mu

(wu −
vm(S̃)) = f(Mu)− g(Mu). By applying a ξ-approximation
algorithm to problem (9), we obtain

∑
u∈U

∑
m∈S′u

δm ≥
ξ
∑
u∈U (f(Mu)−g(Mu)) = ξ(f(M(1))−g(M(1))). In light

of f(M(2)) ≤ g(M(2)), it follows that
∑
u∈U

∑
m∈S′u

δm ≥
ξ(f(M(1)) − g(M(1)) + f(M(2)) − g(M(2))) = ξ(v(S̃∗) −
v(S̃)). Accordingly,

∑
u∈U

∆u =
∑
u∈U

 ∑
m∈S′u

δm − Vu(S̃)


≥ ξ

(
v(S̃∗)− v(S̃)

)
− v(S̃)

= ξv(S̃∗)− (1 + ξ)v(S̃).

It then follows that ∆u∗ ≥ ξ
|U|v(S̃∗)− 1+ξ

|U| v(S̃). Let S̃ ′ denote
the allocation obtained by replacing Su∗ with S ′u∗ in S̃, and
we have

v(S̃ ′) = v(S̃) + ∆u∗
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≥ v(S̃) +
ξ

|U|
v(S̃∗)− 1 + ξ

|U|
v(S̃)

=

(
1− 1 + ξ

|U|

)
v(S̃) +

ξ

|U|
v(S̃∗).

Denote by v(n) the total utility after the n-th itera-
tion, and note that v(n+1) ≥

(
1− 1+ξ

|U|

)
v(n) + ξ

|U|v(S̃∗),

where v(0) = 0. One can show by induction that v(n) ≥
ξ

1+ξ

(
1−

(
1− 1+ξ

|U|

)n)
v(S̃∗). With n ≥ |U|

1+ξ ln
(

1
ε′

)
, we

have v(n) ≥ ξ
1+ξ (1−eln ε′)v(S̃∗) = ξ

1+ξ (1−ε′)v(S̃∗). Setting
ε′ = ξ+1

ξ ε, we obtain

v(n) ≥
(

ξ

ξ + 1
− ε
)
v(S̃∗),

which completes the proof.

APPENDIX B
PROOF OF THEOREM 3

Let s∗e,t =
∑
m∈Mk,e

x∗e,m,t. It follows from (11) that

Ωνt −∆Ft ≥ Ωνt−C −
∑
e∈E

ze,t(se − se,t)

≥
∑
e∈E

(
ξ′Ωwes

∗
e,t − ze,t(se − ξ′s∗e,t)

)
− C. (20)

For each t ∈ {t1, · · · , t1 + K − 1}, let ze,t
(
se − ξ′s∗e,t

)
=

ze,t1(se − ξ′s∗e,t) + (ze,t − ze,t1)(se − ξ′s∗e,t). Noting that

|ze,t − ze,t1 | ≤ (t− t1) max(|se − se|, se),
|se − ξ′s∗e,t| ≤ max(|se − se|, se),

we have (ze,t−ze,t1)(se−ξ′s∗e,t) ≤ (t−t1) max(|se−se|, se)2.
Since

∑
e∈E max(|se − se|, se)2 ≤ 2C, combining with (20),

we obtain

Ωνt −∆Ft ≥
∑
e∈E

(
ξ′Ωwes

∗
e,t − ze,t1(se − ξ′s∗e,t)

)
− 2C(t− t1)− C. (21)

Summing (21) over t ∈ {t1, · · · , t1 +K − 1} yields

Ω

t1+K−1∑
t=t1

νt − (Ft1+K − Ft1)

≥ ξ′ΩKν∗k − CK2 −
∑
e∈E

ze,t1

t1+K−1∑
t=t1

(se − ξ′s∗e,t)

≥ ξ′ΩKν∗k − CK2, (22)

where the final inequality follows from C ′6 in Eq. (13).
Summing (22) over k ∈ {1, 2, · · · , L}, it follows that

Ω

LK∑
t=1

νt − FLK+1 ≥ ξ′ΩK
L∑
k=1

ν∗k − CK2L. (23)

Dividing both sides of (23) by ΩKL and noting that
FLK+1 ≥ 0, we obtain

1

LK

LK∑
t=1

νt ≥
1

L

L∑
k=1

ξ′ν∗k −
CK

Ω
.

Let T = KL and take the limit as L→∞, yielding

lim
T→∞

1

T

T∑
t=1

νt ≥ lim
L→∞

1

L

L∑
k=1

ξ′ν∗k −
CK

Ω
.

It can be shown from (23) that there exists a constant C ′ > 0
such that FT+1 = 1

2

∑
e∈E z2

e,T+1 ≤ C ′T . For any e ∈ E , we
have ze,T+1 ≤

√
2C ′T , which implies

lim
T→∞

1

T
ze,T+1 ≤ lim

T→∞

√
2C ′

T
= 0.

Using the fact that ze,T+1 ≥
∑T
t=1(se − se,t), we have

lim
T→∞

1

T

T∑
t=1

(se − se,t) ≤ 0,

which implies that the transmission rate constraint is
satisfied.

APPENDIX C
PROOF OF THEOREM 4

We divide the L frames into Γ epochs such that in each
epoch the utility distribution is stationary

[1, L] =
[
ι1, ι2

)
∪
[
ι2, ι3

)
∪ · · · ∪

[
ιΓ, L+ 1

)
.

where ιi denotes the i-th change point of the utility dis-
tributions, i.e., ∃c ∈ C,Dιi(c) 6= Dιi−1

(c). We define
ιΓ+1 = L+ 1 for notational convenience. For epoch [ιi, ιi+1),
let C̃i = {c ∈ Ĉ|µιi(c) = maxc′∈Ĉ µιi(c

′)}. For each c ∈ Ĉ,
define ∆i(c) = µιi(c̃i) − µιi(c), where c̃i ∈ C̃i. Define
Ĉi,ρ = {c ∈ Ĉ|∆i(c) > ρ}, where ρ =

√
ρ2

1 + ρ2
2. We have

ιi+1−1∑
k=ιi

µk(c̃i)− µk(ck) =

ιi+1−1∑
k=ιi

∆i(ck)

≤
√

2`W ′ +

ιi+1−1∑
k=ιi+W ′

∆i(ck)

≤
√

2`W ′ + (ιi+1 − ιi)ρ+
∑

c∈Ĉi,ρ

∆i(c)

ιi+1−1∑
k=ιi+W ′

I[ck = c]

≤
√

2`W ′ + (ιi+1 − ιi)ρ+
√

2`
∑

c∈Ĉi,ρ

ιi+1−1∑
k=ιi+W ′

I[ck = c].

(24)

For each k ∈ [ιi, ιi+1), we assume that the inequality
∆i(c) ≤ 2ζk(c) holds. From (18), we obtain ∆i(c)

2 ≤
2 ln(2/ς)
nk(c) . Define fi(c) = 2 ln

(
2
ς

)
∆−2
i (c), and we have

nk(c) ≤ fi(c).
Note that I[ck = c] = I[ck = c, nk(c) ≤ fi(c)] + I[ck =

c,∆i(c) > 2ζk(c)]. For I[ck = c, nk(c) ≤ fi(c)], we have

ιi+1−1∑
k=ιi+W ′

I[ck = c, nk(c) ≤ fi(c)]

≤

(
ιi+1−1∑
k=ιi+W ′

I[ck = c]

)
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× I[ ∀k ∈ [ιi +W ′, ιi+1), nk(c) ≤ fi(c)]

≤
⌊
ιi+1 − ιi
W ′

⌋
fi(c). (25)

For I[ck = c,∆i(c) > 2ζk(c)], we have

E [I[ck = c,∆i(c) > 2ζk(c)]]

= P (ck = c,∆i(c) > 2ζk(c))

= P

(
µ̂k(c) + ζk(c) ≥ µ̂k(c̃i) + ζk(c̃i),

µk(c̃i)− µk(c) > 2ζk(c)

)
≤ P (µ̂k(c) > µk(c) + ζk(c))

+ P (µ̂k(c̃i) < µk(c̃i)− ζk(c̃i))

≤ ς

2
+
ς

2
= ς. (26)

Based on (24), (25), and (26), we obtain

E

[
ιi+1−1∑
k=ιi

µk(c̃i)− µk(ck)

]
≤
√

2`W ′ + (ιi+1 − ιi)ρ

+
√

2`(ιi+1 − ιi)
∑

c∈Ĉi,ρ

(
2 ln(2/ς)

W ′ρ2
+ ς

)
. (27)

For each k ∈ [ιi +W ′, ιi+1), let c∗k be the optimal decision
in frame k. According to (14), there exists c′k ∈ Ĉ such that
‖c∗k − c′k‖ ≤ ρ, it follows that

E

[
ιi+1−1∑
k=ιi

µk(c∗k)− µk(c̃i)

]

≤ E

[
ιi+1−1∑
k=ιi

µk(c∗k)− µk(c′k)

]
≤ (ιi+1 − ιi)`ρ. (28)

By summing (27) and (28) over Γ epochs, we have

E[RL] ≤
√

2`W ′Γ + (`+ 1)Lρ

+
√

2`

Γ∑
i=1

(ιi+1 − ιi)
∑

c∈Ĉi,ρ

(
2 ln(2/ς)

W ′ρ2
+ ς

)
.

Considering that the number of elements in Ĉi,ρ is less than
1

ρ1ρ2
, and the inequality ρ2 = ρ2

1 + ρ2
2 ≥ 2ρ1ρ2, we obtain

E[RL] ≤
√

2`W ′Γ + (`+ 1)Lρ

+
√

2`L

(
ln(2/ς)

W ′ρ2
1ρ

2
2

+
ς

ρ1ρ2

)
.

Set W ′ = d
(
L
Γ

) 5
6 e, ς = L−1, and ρ1 = ρ2 =

(
Γ
L

) 1
6 .

The dynamic regret of Algorithm 3 satisfies E[RL] ≤
O
(
L

5
6 lnL · Γ 1

6

)
.
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