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Abstract: The coexistence of ultra-reliable low-latency communication (URLLC) and enhanced mobile broadband

(eMBB) services in 5G-based industrial wireless networks (IWNs) poses significant resource slicing challenges due

to their inherent performance requirement conflicts. To address this challenge, this paper proposes a puncturing

method that uses a model-aided deep reinforcement learning (DRL) algorithm for URLLC over eMBB services

in uplink 5G networks. First, a puncturing-based optimization problem is formulated to maximize the eMBB

accumulated rate under strict URLLC latency and reliability constraints. Next, we design a random repetition

coding-based contention (RRCC) scheme for sporadic URLLC traffic and derive its analytical reliability model. To

jointly optimize the scheduling parameters of URLLC and eMBB, a DRL solution based on the reliability model

is developed, which is capable of dynamically adapting to changing environments. The accelerated convergence of

the model-aided DRL algorithm is demonstrated using simulations, and the superiority in resource efficiency of the

proposed method over existing approaches is validated.

Key words: Uplink 5G networks; Enhanced mobile broadband (eMBB); Ultra-reliable low-latency communication

(URLLC); Resource slicing; Puncturing; Deep reinforcement learning (DRL)
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1 Introduction

Industrial wireless networks (IWNs) serve as

critical enablers of the seamless integration of the In-

ternet of Things in the Industry 4.0 ecosystem and fa-

cilitate interconnections among various devices, such

as sensors (or cameras), actuators, automated guided

vehicles (AGVs), robotic manipulators (RMs), and

virtual reality interaction systems, to ensure the
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efficient and uninterrupted operation of smart man-

ufacturing processes (Sardar et al., 2024). However,

the diverse communication requirements of these de-

vices have led to the emergence of heterogeneous ser-

vices in industrial automation scenarios, primarily

ultra-reliable low-latency communication (URLLC)

and enhanced mobile broadband (eMBB), both of

which are supported by the 5G new radio (NR) (Ji

et al., 2018). Specifically, URLLC services, designed

for applications requiring low latency and high reli-

ability, must achieve 99.999% reliability when trans-

mitting 32 bytes of data within a user-plane latency

of 1 ms, as defined by the 3rd Generation Part-

nership Project (3GPP) (Ma et al., 2019). In con-

trast, eMBB services are tailored for high-bandwidth
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applications and aim to deliver ultra-high data rates

with a moderate reliability level of 99.9% (Popovski

et al., 2018). This service diversity introduces sig-

nificant complexities in resource slicing and traffic

scheduling, requiring advanced solutions to optimize

network performance.

Unlike downlink transmission, where the base

station (BS) has full control over data packets, up-

link transmission presents a unique challenge be-

cause the BS lacks precise information about whether

the user equipment (UE) has packets ready to trans-

mit. Moreover, uplink access methods exhibit sig-

nificant differences across various traffic types. In

5G, three access methods are principally adopted:

grant-based (GB) access, semi-persistent scheduling

(SPS), and grant-free (GF) access (Nomeir et al.,

2023). GB access is suitable for general eMBB traf-

fic without strict latency requirements because it re-

lies on dynamic scheduling requests. SPS is widely

used for fully buffered eMBB traffic and periodic

URLLC traffic and reduces signaling overhead by

pre-allocating resources within specific time inter-

vals. GF access operates in an “arrive-and-go” man-

ner with minimal signaling overhead, making it par-

ticularly efficient for sporadic URLLC traffic. This

paper focuses mainly on the uplink transmissions

of fully buffered eMBB traffic and sporadic URLLC

traffic. Unlike schedulable periodic traffic, sporadic

traffic, with its uncertain characteristics, requires

more in-depth research.

To date, enabling the coexistence of eMBB and

URLLC services in the uplink has depended primar-

ily on the following methods:

1. Puncturing methods. These methods al-

low URLLC transmissions to preempt the time-

frequency resources of ongoing eMBB transmissions,

including two types—informed puncturing, where

the BS receives advance notification of URLLC pack-

ets and proactively cancels scheduled eMBB trans-

missions to accommodate URLLC traffic, and di-

rect puncturing, where URLLC transmissions are

directly overlaid on eMBB transmissions through

power control (PC) mechanisms (3GPP, 2018).

Waiting for notifications may not be suitable for

packets with stringent latency requirements. Hence,

direct puncturing is more appropriate for real-time

URLLC traffic.

2. Reservation methods. These methods

pre-allocate dedicated time-frequency resources for

URLLC and eMBB traffic, including two types

(Alsenwi et al., 2021)—semi-static reservation,

where the BS periodically broadcasts frame struc-

ture configurations, and dynamic reservation, which

frequently updates frame structure information

through UE control channels. For sporadic URLLC

traffic with a low generation rate, reservation meth-

ods may lead to substantial resource waste, while

dynamic reservation incurs higher control overhead.

3. Non-orthogonal multiple access (NOMA)-

based methods. These methods enable multiple UEs

to share communication resources in time-frequency

domains (Liu et al., 2024), with decoding at the

receiver via power or code domain multiplexing.

Nonetheless, NOMA imposes stringent receiver re-

quirements, necessitating advanced successive inter-

ference cancellation techniques, which pose signif-

icant implementation challenges in industrial au-

tomation scenarios.

Inspired by the previous discussion, we propose

a puncturing method based on a model-aided deep

reinforcement learning (DRL) algorithm to address

the coexistence problem of URLLC and eMBB ser-

vices in uplink 5G networks. The main contributions

of this work are summarized as follows:

1. We study a puncturing method that al-

lows URLLC transmissions to puncture ongoing

eMBB transmissions across diverse resource unit

(RU) scales and then formulate the puncturing prob-

lem as a constrained optimization problem, aiming

to maximize the accumulated transmission rate of

eMBB UEs while strictly satisfying the latency and

reliability requirements of URLLC UEs.

2. We design a random repetition coding-based

contention (RRCC) scheme for sporadic URLLC

traffic that enables randomly generated URLLC

packets to immediately select any K available RUs

for repetitive transmissions before their deadlines.

An analytical reliability model is derived for the

RRCC scheme, demonstrating that the proposed

scheme requires fewer repetitions compared to ex-

isting schemes while achieving the same reliability

level.

3. We develop a DRL solution based on the

aforementioned reliability model, which jointly op-

timizes the repetition number of URLLC traffic and

the scheduling list of eMBB traffic, achieving effec-

tive responsiveness to dynamic environments.

4. Using simulations, we demonstrate the
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improved convergence speed of the model-aided DRL

algorithm and highlight the resource efficiency ad-

vantages of the proposed method over existing reser-

vation methods.

2 Related works

2.1 GF access for URLLC

Among GF access methods in 5G, K-repetition,

which involves transmitting K repetitions of a packet

without awaiting feedback, has been widely consid-

ered as a promising solution in uplink transmission,

effectively enhancing reliability for URLLC services

with strict deadlines. For the first time, Singh et al.

(2018) conducted a collision probability analysis of

K-repetition. A succession of representative vari-

ants of K-repetition subsequently emerged. For in-

stance, Lee et al. (2018) designed various repetition

patterns for UEs to reduce the collision probabil-

ity. Yuan et al. (2020) combined SPS for initial

transmission with GF for retransmissions, effectively

reducing signaling overhead. Furthermore, Song

et al. (2022) explored an optimized repetition scheme

(ORS), where each UE transmits K repetitions or-

thogonally in the frequency domain with orthogonal

frequency-division multiple access (OFDMA) tech-

nology. More recently, Zhao et al. (2023) introduced

a semi-probabilistic repetition (SPR) scheme, lever-

aging multi-user detection (MUD) to increase trans-

mission reliability. Ding et al. (2024) proposed the

q-consecutive repetition coding-based contention (q-

CRCC) scheme incorporating MUD. However, both

SPR and q-CRCC are limited to transmitting rep-

etitions in consecutive transmission time intervals

(TTIs). Moreover, both Ding and Zheng (2022)

and Elayoubi et al. (2019) focused on the real-

time and reliable transmission of sporadic URLLC

packets within periodic time intervals, where Ding

and Zheng (2022) considered the resource slicing

method to allocate an exclusive part of resources for

single-antenna UEs with URLLC packets, and Elay-

oubi et al. (2019) proposed a flexible retransmission

scheme for URLLC packets.

Although rich contributions concerning GF ac-

cess for URLLC exist, the works above may not be

adequate for addressing massive collisions when the

network scales. As a result, there remains an urgent

demand for a scalable K-repetition coding scheme

that can reduce collisions efficiently.

2.2 Coexistence of uplink URLLC and eMBB

2.2.1 Model-based coexistence methods

Model-based coexistence methods for uplink

URLLC and eMBB can be categorized into three

types: puncturing methods, reservation methods,

and NOMA-based methods.

In the context of puncturing methods, informed

puncturing has been explored in several studies.

Zaki-Hindi et al. (2020) proposed a preemptive

method based on the listen-before-talk mechanism,

where URLLC packets are transmitted with high

power when their delays approach the deadlines.

Xiao et al. (2020) and Han et al. (2022) investi-

gated uplink cancellation indication mechanisms us-

ing PC, relying on GB scheduling. Concerning direct

puncturing, Abreu et al. (2019) proposed an overlay

method for URLLC over eMBB based on PC trade-

offs and evaluated its performance through extensive

system-level simulations. Khodakhah et al. (2023)

also considered a puncturing method for URLLC

over eMBB and assessed URLLC performance using

the age of information.

Regarding reservation methods, Kassab et al.

(2018) proposed an orthogonal multiple access

scheme in which a mini-slot is reserved for URLLC

at the end of each scheduling period. Nomeir et al.

(2021) introduced an uplink scheduling method that

broadcasts available resources for mixed GB eMBB

and GF URLLC at the beginning of each TTI, where

URLLC can transmit multiple sets of K repetitions

based on feedback. The aforementioned approaches

fall under semi-static reservation. In contrast, Feng

et al. (2020) implemented a dynamic resource allo-

cation strategy based on the queue backlog status.

In recent years, there has been growing research

on NOMA-based methods (Kassab et al., 2018; Kho-

dakhah et al., 2023; Liu et al., 2024), which enhance

spectrum utilization and resolve resource conflicts

between heterogeneous services. However, such tech-

nologies have not been extensively explored in indus-

trial automation scenarios. Direct puncturing, with

its minimal resource wastage and signaling overhead,

is of greatest interest to us.
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2.2.2 DRL-based coexistence methods

DRL algorithms have demonstrated significant

advantages in solving resource slicing problems.

Through interaction with the environment, DRL can

autonomously learn optimal resource slicing strate-

gies, making it well-suited for complex and dynami-

cally changing environments. Nomeir et al. (2023)

proposed a joint optimization method for uplink

eMBB and URLLC traffic based on DRL and deep

neural networks (DNNs). First, this method re-

serves resources for URLLC within each TTI to meet

performance requirements and then optimally allo-

cates the remaining resources to eMBB UEs. Jiang

et al. (2023) studied a DRL-based resource slicing

approach that incorporates preemptive puncturing

for uplink transmission. However, the harvest-then-

transmit protocol adopted in this approach penal-

izes latency and cannot account for the reliability

constraints of URLLC services.

Nevertheless, research on the coexistence of het-

erogeneous services in uplink transmissions using

machine learning is still rather limited. In contrast,

there are many learning-based studies concerning

downlink transmission research. For instance, Huang

et al. (2020), Li and Zhang (2020), and Alsenwi et al.

(2021) explored preemptive (puncturing) schedul-

ing based on DRL, while Filali et al. (2022) and

Tian et al. (2024) investigated reservation schedul-

ing using DRL. Setayesh et al. (2022) used hierarchi-

cal deep learning to combine reservation scheduling

with dedicated bandwidth and preemptive schedul-

ing with shared bandwidth. These studies highlight

the potential of DRL in addressing more complex up-

link resource slicing problems. Meanwhile, Alsenwi

et al. (2021) proposed an optimization-aided DRL

framework. By combining model-free and model-

based methods, this framework adapts effectively to

dynamic environments and alleviates the slow con-

vergence of DRL, offering a promising direction for

future research.

3 System model

3.1 An industrial automation scenario with

5G-based IWNs

We consider a typical automated factory floor

with 5G network coverage, as illustrated in Fig. 1,

where a 5G BS, an edge server, AGVs, RMs, and

cameras are equipped. The AGVs handle material

transportation tasks, while the RMs perform assem-

bly tasks. Both AGVs and RMs periodically or spo-

radically establish URLLC connections with the BS

to upload sensor data and receive control commands.

The cameras are used for monitoring the factory en-

vironment and continuously transmit high-definition

video to the BS. The edge server, which manages

network resource allocation and centralized control

of the entire factory floor, is deployed at the BS side

and connected to the BS via optical fibers (Zhou

et al., 2025).

Wired
communications

High-defin
itio

n video

Edge
server 

5G BS

eMBB traffic

URLLC traffic

Wireless communications

Camera
3

RM
2
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1

AGV
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2

Camera
1

C
ontrol and sensing

Factory flo
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Fig. 1 Example of an industrial automation scenario

with 5G-based IWNs: a fully automated factory floor

This paper focuses on the uplink 5G network

and considers two types of traffic in this scenario:

(1) sporadic URLLC traffic from AGVs and RMs to

the BS; (2) fully buffered eMBB traffic from cam-

eras to the BS. More specifically, we assume that the

system consists of Nu URLLC UEs with a packet

size of bu and Ne eMBB UEs with a packet size of

be. A summary of the notations used in this work is

presented in Table 1.

For URLLC UEs, sporadic traffic follows a mu-

tually independent Poisson distribution which is

widely used for random packet generation or ar-

rival processes (Singh et al., 2018; Abreu et al.,

2019; Zhao et al., 2023; Ding et al., 2024). There-

fore, the probability Pa of event X that a URLLC

UE experiences random packet generation within a

TTI is given by Pa(λ, 1) = P (X > 0) = 1 − e−λ.

Here, λ represents the generation rate, defined as the

average number of random generation events within
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Table 1 Summary of notations

Notation Definition

W Available bandwidth
μ Numerology parameter

τ Duration of timeslot

fb Subcarrier spacing

w Bandwidth of an RB
η Spectral efficiency of the MCS

Nu (Ne) Number of URLLC (eMBB) UEs

bu (be) Size of URLLC (eMBB) packets

τS (τL) Duration of S-TTI (L-TTI)
RS (RL) Number of RBs in an S-RU (L-RU)

BS (BL) Bandwidth of an S-RU (L-RU)

MS (ML) Number of S-RUs (L-RUs) within W

Pa Activity probability of URLLC UEs
λ Generation rate of URLLC packets

D Deadline of URLLC packets

Tu TTI numbers within the deadline

Ru Transmission reliability of URLLC UEs
δ Lower limit of Ru

p Packet error rate

K Repetition number

T Scheduling period

Te TTI numbers within the period
Pe Transmit power of eMBB UEs

σ2 Noise power

Re Average transmission rate of eMBB UEs

ξ Rician-distributed random variable
β Rician factor

S
j
m,n Scheduling list

rm,n Puncturing list

R
j
sn SNR of the jth eMBB UE

hj Channel gain of the jth eMBB UE

c1 Penalty factor

c2 Scaling factor
rmin Lower bound of target reward

rmax Upper bound of target reward

RB: resource block; MCS: modulation and coding scheme

a TTI. The deadline for URLLC packets is set to D.

We define the transmission reliability metric as Ru

(the detailed calculation is provided in Section 4),

which represents the average success probability of

URLLC packets, where success means no collisions

and no channel errors. The reliability requirements

for URLLC transmissions within the deadline are

specified as δ, necessitating Ru ≥ δ.

For eMBB UEs, the traffic follows a fully

buffered model, ensuring continuous packet availabil-

ity for each eMBB UE to be scheduled across a cer-

tain number of TTIs. We employ T as the scheduling

period for eMBB transmissions. The performance of

eMBB transmissions is typically evaluated using the

average transmission rate Re (the detailed calcula-

tion is provided in Section 4), which is particularly

relevant for bandwidth-intensive applications.

3.2 Wireless channel impairments

The presence of multipath propagation in wire-

less channels leads to fading phenomena, which sub-

stantially affect transmission rates. Such fading is

commonly modeled by either Rician or Rayleigh dis-

tributions (Alsenwi et al., 2021). We represent the

Rician-distributed random variable as ξβ(t), where β

denotes the Rician factor. The Rician fading channel

model incorporates a dominant line-of-sight (LOS)

component along with multiple reflected non-line-

of-sight (NLOS) components. The NLOS compo-

nents are characterized by a Rayleigh distribution

and can be represented as a complex Gaussian ran-

dom variable (X1(t) + jX2(t))/
√
2, whereX1 andX2

are independent and identically distributed Gaus-

sian random variables following an N (0, 1) distri-

bution. The amplitude of the NLOS component is

|X1(t) + jX2(t)|/
√
2. Thus, we obtain

ξβ(t) =

√
β

β + 1
+

√
1

β + 1

|X1(t) + jX2(t)|√
2

. (1)

When β → ∞, the distribution converges to Gaus-

sian, representing only the LOS component; when

β → 0, the distribution approaches Rayleigh, repre-

senting only the NLOS component.

Due to channel instability, wireless communi-

cations are particularly susceptible to packet loss,

consequently compromising transmission reliability.

We define the packet error rate as p, which can be

empirically determined through long-term channel

measurements. For simplicity, this work adopts a

fixed p for each URLLC packet throughout its dead-

line D. This quasi-static assumption holds when D

is shorter than the channel coherence time.

3.3 Resource configuration in 5G NR

The flexible configuration of 5G time-frequency

resources establishes a technical foundation for high-

performance transmission of heterogeneous services

(Ding et al., 2024).

In the time domain, the 5G frame structure

comprises 10 subframes, each with a duration of

1 ms. The number of timeslots within each sub-

frame is determined by the numerology parameter μ

(μ ≥ 0). Specifically, each subframe is divided into

2μ timeslots, with each timeslot having a duration of

τ = 1/2μ ms. For any value of μ, each timeslot con-

sists of 14 OFDM symbols. 5G supports finer time
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granularity using mini-slots, which may comprise one

or more OFDM symbols. We schedule URLLC pack-

ets at the mini-slot level, where each packet spans a

duration of τS, referred to as short TTI (S-TTI).

Concurrently, eMBB packets are scheduled at the

conventional timeslot level, with each packet span-

ning a duration of τL, denoted as long TTI (L-TTI).

Then, URLLC packets can be transmitted during Tu

S-TTIs after generation, where Tu = D/τS. Simi-

larly, eMBB packets can be scheduled within each

scheduling period over Te L-TTIs, where Te = T/τL.

In the frequency domain, the available band-

width W is divided into resource blocks (RBs). The

bandwidth of each RB is w = 12fb, where fb =

2μ×15 kHz is referred to as subcarrier spacing. Ben-

efiting from OFDMA technology in 5G, the orthog-

onal condition with
∫ T

0
sin(2πf1τ) sin(2πf2τ)dτ = 0

can be satisfied between subcarriers, where f1 and f2
represent different subcarrier frequencies. This or-

thogonality enables overlapping spectra among sub-

carriers without mutual interference. Furthermore,

an RU is defined as a resource configuration capa-

ble of accommodating the transmission of a packet,

which encompasses multiple RBs in the frequency

domain and occupies a designated TTI in the time

domain. Due to the distinct packet size requirements

between URLLC and eMBB services, we define two

specialized RU configurations: a small-scale RU (S-

RU) for URLLC packets and a large-scale RU (L-RU)

for eMBB packets. We can calculate the number

of RBs in an S-RU (L-RU) as RS = �bu/(ητSw)�
(RL = �be/(ητLw)�). �·� denotes the ceiling op-

eration, and η represents the spectral efficiency of

the modulation and coding scheme (MCS). Con-

sequently, the bandwidth of an S-RU (L-RU) is

BS = RSw (BL = RLw). Let MS (ML) be the

number of S-RUs (L-RUs) within the total avail-

able bandwidth. Then, we obtain MS = �W/BS	
(ML = �W/BL	), where �·	 denotes the floor oper-

ation. An example of a 5G resource configuration

for heterogeneous services with μ = 1 is depicted in

Fig. 2.

4 Problem formulation for the punc-
turing method

Because URLLC transmissions cannot wait for

the completion of eMBB transmissions, we propose a

puncturing method for URLLC traffic over ongoing

eMBB traffic. According to the 3GPP Release 15

specification (3GPP, 2018), a PC mechanism is de-

fined for the physical uplink shared channel. The

transmit power of the UE is formulated in simplified

notation as follows:

PUE = min

{
Pmax,

P0 + 10 lg(2μRp) + ρPl +Δm + f(i),

(2)

where Pmax represents the maximum transmit

power, P0 denotes the power parameter, Rp indi-

cates the number of RBs allocated to the UE, ρ is

the path-loss compensation factor, Pl corresponds to

the estimated path-loss between the UE and the BS,

Δm represents the quality requirement parameter de-

pending on the MCS, and f(i) signifies the parame-

ter for closed-loop PC adjustments. We configure P u
0

and ρu for URLLC UEs, while P e
0 and ρe for eMBB

UEs. By setting P u
0 
 P e

0 , we enable URLLC trans-

missions to overlay eMBB transmissions effectively.

This assumption is justified under the premise that

the considered URLLC traffic consists of sporadic

packets with an extremely low generation rate (e.g.,

λ ≤ 0.01), emphasizing URLLC priority while ignor-

ing eMBB-to-URLLC interference.

The specific implementation of the puncturing

method is as follows:

1. At the beginning of each scheduling period,

the BS broadcasts a scheduling list to eMBB UEs,

allocating several L-RUs to each eMBB UE. The

scheduling list supports dynamic updates across pe-

riods in response to real-time variations in eMBB

UEs.

2. At the start of each S-TTI, each URLLC

UE may generate a packet with probability Pa.

These URLLC packets then immediately preempt S-

RUs within the L-RUs previously assigned to eMBB

UEs to transmit. During this puncturing process,

URLLC UEs adopt the GF access method and com-

pete for S-RUs within their respective deadline con-

straints. Because receiver-side decoding is not con-

sidered in this scenario, competition will lead to

collisions between URLLC UEs. If a packet can-

not meet the deadline, it is discarded. To mitigate

packet losses caused by collisions and channel errors,

the K-repetition mechanism is employed, allowing

each packet to compete for S-RUs up to K times.

The puncturing intensity is tunable via K for each

scheduling period.

Based on the above description, Fig. 3 displays
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2, Nu = 4, K = 4, and Tu = 4. References to color

refer to the online version of this figure

an example of the puncturing method with Ne = 2,

Nu = 4, K = 4, and Tu = 4.

Obviously, the puncturing method may cause

partial loss of eMBB packets. Because we focus

only on the transmission rate of eMBB, the retrans-

missions of the lost eMBB packets are not con-

sidered. We employ the coordinates (m,n) (m ∈
{1, 2, . . . ,ML} and n ∈ {1, 2, . . . , Te}) to represent

the position of an L-RU. Let rm,n(t) denote the num-

ber of punctured S-RUs within the L-RU at the mth

row and nth column during period t, where rm,n(t)

is closely related to repetition number K(t). Ad-

ditionally, R represents the total number of S-RUs

contained within an L-RU. Then, the transmission

rate of the jth (1 ≤ j ≤ Ne) eMBB UE during pe-

riod t can be approximated as

Rj
e(t) =

∑
m,n

Sj
m,n(t)BL

×
(
1− rm,n(K(t))

R

)
log2

(
1 +Rj

sn(t)
)
.

(3)

Sj
m,n(t) is the scheduling parameter for the jth eMBB

UE on the L-RU at the mth row and nth column

during period t, that is,

Sj
m,n(t) =

{
1, case 1 is true,

0, case 1 is false,
(4)

where case 1 indicates that the L-RU at the mth row

and nth column is allocated to the jth eMBB UE.

Rj
sn(t) is the signal-to-noise ratio (SNR) of the jth

eMBB UE during period t, expressed as

Rj
sn(t) = hj(t)Pe/σ

2, (5)

where Pe denotes the uplink transmit power of eMBB

UEs and σ2 represents the noise power. hj(t) is the

channel gain of the jth eMBB UE on L-RUs during

period t, which follows the Rayleigh or Rician distri-

bution, that is, hj(t) = ξβ(t)h
j
0, where hj

0 represents

the inherent channel gain. Moreover, the intracell

interference between eMBB UEs becomes negligible

due to the employed OFDMA mechanism.

We formulate the puncturing method as the

joint optimization problem P to determine K(t) for
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URLLC UEs and Sj
m,n(t) for eMBB UEs in schedul-

ing period t, simultaneously meeting URLLC re-

liability requirements and maximizing the eMBB

accumulated rate:

P : Maximize
S

j
m,n(t),K(t)

Ne∑
j=1

Rj
e(t) (6)

subject to

Ru(K(t)) ≥ δ, (6a)

rm,n(K(t)) ≤ R, ∀m,n, (6b)

1 ≤ K(t) ≤ K̂, (6c)

Sj
m,n(t) ∈ {0, 1}, ∀m,n, j, (6d)

Ne∑
j=1

Sj
m,n(t) = 1, ∀m,n. (6e)

Eq. (6) is designed to maximize the accumulated rate

of Ne eMBB UEs by optimizing the relevant param-

eters. Inequality (6a) guarantees that the average

reliability of URLLC packets Ru(K(t)) meets or ex-

ceeds the predefined reliability threshold δ under the

corresponding K(t). Inequality (6b) ensures that

the number of S-RUs punctured by URLLC within

the L-RU at the mth row and nth column does not

exceed the total number of S-RUs in that L-RU. In-

equality (6c) specifies the valid range for K(t), where

K̂ denotes the upper limit of K. Expression (6d)

shows that the scheduling decision of eMBB trans-

mission is binary, as discussed in Eq. (4). Eq. (6e)

indicates that each L-RU is allocated exclusively to a

single eMBB UE, preventing any overlap or sharing

between different eMBB UEs.

5 Reliability model for sporadic
URLLC traffic

To enhance resource utilization, we propose an

RRCC scheme for sporadic URLLC traffic. Among

existing repetition coding schemes, the ORS scheme

(Song et al., 2022) allows URLLC UEs with gener-

ated packets to immediately select K (1 ≤ K ≤ MS)

RUs in the following single S-TTI based on OFDMA

technology in 5G. The CRCC scheme (Ding et al.,

2024) allows URLLC UEs with generated pack-

ets to immediately select K RUs in consecutive K

(1 ≤ K ≤ Tu) TTIs, while each UE is restricted to

accessing only one S-RU per S-TTI. The contention-

based repetition scheme (Elayoubi et al., 2019)

assumes that all packets are generated at the begin-

ning of the scheduling period, and then each URLLC

UE competes for resources K times within the pe-

riod. The proposed RRCC scheme combines the

frequency-domain flexibility of ORS and the time-

domain flexibility of CRCC, further expanding the

number of available S-RUs. Specifically, after packet

generation, the URLLC UE randomly selects K

(1 ≤ K ≤ K̂ and 1 ≤ K̂ ≤ TuMS) S-RUs from

TuMS available S-RUs within the deadline. The ex-

ample in Fig. 3 illustrates the principles of the RRCC

scheme.

Next, we analyze the transmission reliability

Ru(K) of the RRCC scheme. We consider an ob-

servation window (OW) spanning Tu consecutive

S-TTIs, starting from the tth S-TTI and ending at

the (t + Tu − 1)th S-TTI. Due to the random na-

ture of the scheme, for each packet generated at the

(t +m)th (1 − Tu ≤ m ≤ Tu − 1) S-TTI, there may

be repetitions falling within this OW. The expected

number of such repetitions at the (t+m)th S-TTI is

K Tu−|m|
Tu

λ. Consequently, the total number of repe-

titions within the OW is KTuλ, which corresponds

to Tuλ groups of K repetitions. Therefore, the prob-

ability that a UE has a group of K repetitions in Tu

consecutive S-TTIs is Pa(λ, Tu) = 1 − e−Tuλ. The

transmission of a packet is deemed successful if at

least one of the K attempts is successful. Based

on the previous preparations, we are now ready to

present Proposition 1, which gives the analytical ex-

pression of Ru(K).

Proposition 1 Given Nu, Tu, MS, and p, Ru(K)

is formalized in Eq. (7) (at the top of the next page),

where IC is an indicator function whose value is 1 if

condition C is true and 0 otherwise.

Proof Let Ai denote the event in which the ith

(1 ≤ i ≤ K) repetition by the UE of interest is

successful; then,

Ru(K) = P{A1 ∪ A2 ∪ · · · ∪ AK}. (8)

Given that the contention intensity among UEs re-

mains constant across each S-TTI, we have P (A1) =

P (A2) = · · · = P (AK). Further, we can obtain

P{A1 ∪ A2 ∪ · · · ∪ AK}

=

K∑
l=1

(−1)l+1Cl
KP{A1 ∩A2 ∩ · · · ∩ Al},

(9)

where P{A1∩A2∩· · ·∩Al} is the probability that all



2346 Ding et al. / Front Inform Technol Electron Eng 2025 26(11):2338-2352

Ru(K) =
K∑
l=1

(−1)l+1Cl
K

(
1− Pa(λ, Tu) + Pa(λ, Tu)

CK
TuMS−lITuMS−l≥K

CK
TuMS

)Nu−1

(1− p)l. (7)

l (1 ≤ l ≤ K) repetitions are successful. The calcu-

lation of P{A1 ∩A2 ∩ · · · ∩Al} is determined by two

statistically independent sub-events: (1) the packets

from the remaining Nu − 1 UEs do not collide with

the l repetitions of interest; (2) all l repetitions are

successfully received without channel errors. Thus,

P{A1∩A2∩· · ·∩Al} = Pnc(K, l)Nu−1(1−p)l, (10)

where Pnc(K, l) represents the probability that other

Nu − 1 UEs do not access the l S-RUs occupied by

the UE of interest. We define Y1(K) as the num-

ber of possible combinations in which a UE selects

K S-RUs from the available TuMS S-RUs, yielding

Y1(K) = CK
TuMS

. Subsequently, we define Y2(K, l)

as the number of possible combinations where a UE

selects K S-RUs from TuMS RUs without colliding

with the l S-RUs occupied by the UE of interest, re-

sulting in Y2(K, l) = CK
TuMS−lITuMS−l≥K . Then, we

have

Pnc(K, l) = 1−Pa(λ, Tu)+Pa(λ, Tu)
Y2(K, l)

Y1(K)
. (11)

By compiling Eqs. (8)–(11), we obtain the expression

of Ru(K). This completes the proof.

Using the reliability model in Eq. (7), we can

solve the subproblem P1 in optimization problem P ,

that is,

P1 : Kmin = argmin
1≤K≤K̂

(Ru(K) ≥ δ). (12)

This subproblem can be efficiently solved through

a one-dimensional exhaustive search, which has a

computational complexity of O(n).

6 Model-aided DRL solution

6.1 Problem transformation

To adapt to the dynamic environment, we intro-

duce a DRL solution based on a reliability model to

effectively solve the puncturing optimization prob-

lem. Given that it is difficult to accurately repre-

sent the puncturing process using analytical mod-

els, we can obtain rm,n(t) for a given K(t) through

statistical analysis of a specific simulation duration

and embed it into the DRL algorithm. Generally, a

DRL framework is characterized by its action space

A, state space S, and reward function r(t). At

each state s(t) ∈ S, the algorithm selects an ac-

tion a(t) ∈ A and receives a corresponding reward

r(t). Building on this framework, we transform the

problem P into the following form:

1. State space. We consider the state space with

the channel gains of eMBB UEs, that is, hj(t), and

the packet-generation rate of URLLC UEs, that is,

λ(t). Therefore, the state during period t can be

defined as s(t) = [hj(t), λ(t)], and S is an infinite

set.

2. Action space. The action space we designed

consists of two action outputs. The first action is the

scheduling list for eMBB, denoted as

a1(t) =

⎧⎨
⎩Sj

m,n(t):

Ne∑
j=1

Sj
m,n(t) = 1, ∀m,n

⎫⎬
⎭ .

(13)

The second action is the number of repetitions for

URLLC, represented as

a2(t) = {K(t): 1 ≤ K(t) ≤ K̂}. (14)

Because a1(t) and a2(t) are finite sets, we construct

a two-output action by pairing these two actions,

denoted as a(t). The dimension of the action space

can be calculated as |A| = K̂(Ne+1)TeML . With the

assistance of the reliability model, we can directly

calculate the K(t) value that satisfies Ru(K(t)) ≥ δ.

Thus, K(t) = Kmin(t). This effectively reduces the

dimension of the action space to |A| = (Ne+1)TeML ,

thereby accelerating training convergence.

3. Reward function. The reward function should

quantitatively reflect the requirements of the opti-

mization problem defined in Eq. (6). When the ac-

cumulated rate of eMBB UEs increases, a reward

should be granted. However, when the reliability re-

quirements are violated, a significant penalty should

be imposed. Then, the reward function is designed

as

r(t) =
c2
λ(t)

⎛
⎝ Ne∑

j=1

Rj
e(t)− c1ζ

⎞
⎠ , (15)
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where

ζ =

{
0, if Ru(K(t)) ≥ δ,

1, otherwise,
(16)

and c1 serves as the penalty factor. Furthermore,

we introduce c2/λ(t) into the reward function. By

adjusting the scaling factor c2, the reward values

for λ(t) with varying intensities can be distinguished

across different value ranges.

6.2 DDQN algorithm

As a well-established DRL algorithm, the deep

Q-network (DQN) can solve learning problems in

high-dimensional or continuous state spaces by com-

bining the DNN with the Q-learning algorithm.

Therefore, it is applicable to the resource optimiza-

tion problem characterized by a finite action set A

and an infinite state set S, as outlined earlier. The

Q-value function of DQN is expressed as Q(s, a;ω),

where ω represents the parameters of the neural

network. Q(s, a;ω) is a scalar value representing

the expected return for taking action a in state s.

Therefore, the DQN output is an |A|-dimensional

vector q, which contains the value of all actions. The

basic DQN process randomly initializes ω first and

then iteratively updates ω through experience replay.

The learning objective is to minimize the difference

between the prediction Q(s, a;ω) and the optimal

action-value function Q∗(s, a) for all states s and

actions a.

The ε-greedy policy is a widely used strategy for

balancing exploration and exploitation during expe-

rience collection. To mitigate the risk of sub-optimal

convergence inherent in purely greedy policies, the

ε-greedy policy introduces an exploration factor ε.

Mathematically, the ε-greedy policy is defined as

at =

{
argmaxa Q(st, a;ω), w.p. 1− ε,

a randomly selected a, w.p. ε,

(17)

where the agent explores the action space with prob-

ability ε.

Due to some common flaws, the DQN is prone

to overestimation. Subsequently, the double DQN

(DDQN) algorithm (van Hasselt et al., 2016) is pro-

posed, which introduces a target network Q(s, a;ω−)

based on the value networkQ(s, a;ω). The value net-

work determines the action with the highest Q-value

in the current Q-network, whereas the target net-

work evaluates the value of the action, effectively

mitigating overestimation. For the randomly se-

lected (sx, ax, rx, sx+1) from experience, the DDQN

parameters are updated as follows:

ωnew ← ωnow − α · ϕx · ∇ωQ(sx, ax;ωnow) (18)

and

ω−
new ← ν · ωnew + (1− ν) · ω−

now. (19)

In Eq. (18), α represents the learning rate, which

controls the step size of parameter updates during

optimization. ∇ω denotes the gradient operator,

which is used to compute the direction of steepest as-

cent in the optimization landscape. ϕx corresponds

to the temporal difference (TD) error, defined as

ϕx = q̂x − ỹx, where q̂x is the predicted Q-value and

ỹx is the TD target. The TD target, ỹx, is computed

as ỹx = rx+γq̂x+1, where rx is the immediate reward,

γ (γ ∈ [0, 1]) is the discount factor that balances the

importance of immediate and future rewards, and

q̂x+1 = Q(sx+1, a
∗;ω−

now) represents the estimated

action-value function for the next state. Here, a∗

is the action selected according to the ε-greedy pol-

icy, defined as a∗ = argmaxa Q(sx+1, a;ωnow). In

Eq. (19), ν (ν ∈ (0, 1)) is the target smooth factor,

a hyperparameter controlling the target network up-

date rate.

In summary, Fig. 4 illustrates the model-aided

DRL solution designed for heterogeneous services,

which employs the DDQN algorithm.

6.3 Adaptive packet-generation rate

In industrial automation scenarios, certain up-

link signals, such as random detection or alarm data,

can be characterized as sporadic URLLC traffic.

When their detection or alarm frequency is too low

(i.e., low packet-generation rate), it may fail to meet

industrial control requirements. Conversely, when

the detection or alarm frequency is too high (i.e.,

high packet-generation rate), it may lead to net-

work resource congestion. Thus, our model-aided

DRL solution treats λ(t) as a variable (Singh et al.,

2018; Elayoubi et al., 2019; Sardar et al., 2024) to

autonomously adjust the URLLC packet-generation

rate according to the target reward. Specifically, we

define the target reward interval as [rmin, rmax]. By

continuously comparing the current reward r(t) with

the target reward interval, the system dynamically

adjusts λ(t) as follows:

1. If r(t) < rmin, the system reduces λ(t) to

decrease the URLLC traffic load, that is, λ(t + 1) =



2348 Ding et al. / Front Inform Technol Electron Eng 2025 26(11):2338-2352

λ(t)

ss
t

s
t+1

K(t)

Q(s
t
,a

1
)

K(t)

1≤K(t)≤K

K
min

(t)=argmin (R
u
(K(t))≥δ)

Q(s
t+1

,a
1
)

Q(s
t+1

,a
2
)

Q(s
t
,a

2
)

Q(s
t
,a

n
)

Q(s
t+1

,a
n
)

m,nh j(t) S j   (t)

Environment

Intelligent base station

Modify

Modify

Reliability model

‹

…
…

Q network

Target network

URLLC UEs

eMBB UEs

Reward

States Actions

Fig. 4 Model-aided DRL solution with the DDQN

algorithm for heterogeneous services

max(λ(t) − Δλ, λmin), where Δλ is the adjustment

step size and λmin is the minimum allowable value

for λ(t).

2. If r(t) > rmax, the system increases λ(t)

to enhance resource utilization, that is, λ(t + 1) =

min(λ(t) + Δλ, λmax), where λmax is the maximum

allowable value for λ(t).

3. If r(t) ∈ [rmin, rmax], λ(t) remains unchanged

to maintain system performance within the target

reward interval.

While adjusting λ(t), the model-aided DRL so-

lution simultaneously optimizes K(t) and Sj
m,n(t).

Assuming the initial value of λ(t) is λ0, the detailed

solving process is provided in Algorithm 1.

7 Performance evaluation

In this section, we describe our performance

evaluation of the proposed method using experimen-

tal validation. For the industrial automation scenar-

ios under consideration, we adopt a subframe-level

scheduling framework, with detailed parameter con-

figurations provided in Table 2.

First, we validate the accuracy of the reliabil-

ity model for the RRCC scheme. Taking λ = 0.005

and K = 3 as examples, we compare the analytical

Algorithm 1 Model-aided DRL solution for punc-

turing method

Input: λ0, Δλ, [λmin, λmax], [rmin, rmax], h
j
0
, system pa-

rameters, and training parameters

1: Initialization:

Set λ ← λ0, h
j
← h

j
0

Initialize DDQN parameters

Initialize experience replay buffer

2: for episode = 1 : maxepisodes

3: Reset the environment and obtain s

4: Set IsDone← 0

5: for step = 1 : maxsteps

6: Solve subproblem P1 in Eq. (12) and obtain

Kmin(t)

7: Set a2 ← Kmin(t)

8: Generate a random g ∈ (0, 1)

9: if g < ε

10: Randomly select a1 by Eq. (13)

11: else

12: a1 = argmaxa Q(s, a;ω)

13: end

14: Calculate r by Eq. (15)

15: if r < rmin

16: λ ← max(λ−Δλ, λmin)

17: else if r > rmax

18: λ ← min(λ+Δλ, λmax)

19: end if

20: Add (a, s, r, s′, IsDone) to the replay buffer

21: Set s ← s
′

22: Update DDQN by Eqs. (18) and (19)

23: end for

24: end for

Output: Null

results with the simulation results in Fig. 5, with the

simulation duration set to 106T . We use packet loss

rate (PLR, i.e., the complement of transmission reli-

ability) in the logarithm scale as the reliability index.

As shown, the two sets of results are quite close to

the URLLC reliability requirements, demonstrating

the feasibility of the derived reliability model.

We use the reliability model to compare Kmin

under the dependent variables Nu and Tu among the

RRCC, CRCC, and ORS schemes. To facilitate the

observation of trends, we set δ = 0.9999, ensuring

that each scheme yields a sufficient number of results

that meet the reliability requirements. Fig. 6 shows

that as Nu increases, Kmin also gradually increases.

Notably, when Nu > 18, the ORS scheme fails to

meet the reliability requirements. Fig. 7 illustrates

that as Tu increases, Kmin for the RRCC scheme
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Table 2 System parameters

Notation Value

W 140 MHz
μ 4

τ 0.0625 ms

fb 240 kHz

w 2.88 MHz
η 1 bit/(s·Hz)

Nu 2 to 20

bu 32 bytes

τS 0.031 25 ms (1 mini-slot with 7 symbols)
RS 3

BS 8.64 MHz

MS 16

D(Tu) 0.25 ms (8 S-TTI)
p 0.001

Ne 5

be 1 KB

τL 0.25 ms (4 timeslots)
RL 12

BL 34.56 MHz

ML 4

T (Te) 1 ms (4 L-TTI)

Pe 0.1 W
σ2 1 mW (0 dBm)

P
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R
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Fig. 5 Accuracy validation of the reliability model for

the RRCC scheme with λ = 0.005 and K = 3

gradually decreases. In contrast, the CRCC scheme

becomes ineffective when Tu < 3, and the ORS

scheme does not exhibit performance improvements

with increasing Tu. Both Figs. 6 and 7 demonstrate

that, compared to the other two schemes, the RRCC

scheme consistently requires the smallest Kmin while

satisfying the reliability requirements, thereby mini-

mizing the impact on eMBB during puncturing.

Next, we confirm the convergence of the model-

aided DRL solution by comparing it with the model-

free DRL solution. The channel fading is modeled

as a Rician distribution with β = −50 dB, which

closely approximates a Rayleigh distribution. Sub-

sequently, the channel gain of the jth eMBB UE is

given by hj(t) = ξ−50dB(t)h
j
0, with h0 = [6; 5; 9; 4; 6].

The parameters δ = 0.999 99 and Nu = 10 are set.
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Fig. 6 Comparison of Kmin under different Nu’s

among the RRCC, CRCC, and ORS schemes (λ =

0.005 and δ = 0.9999)
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Fig. 7 Comparison of Kmin under different Tu’s

among the RRCC, CRCC, and ORS schemes (λ =

0.005 and δ = 0.9999)

c1 =
∑Ne

j=1 R
j
e(t) and c2 = 0.01 are configured in

the reward function, where c1 =
∑Ne

j=1 R
j
e(t) ensures

that the reward becomes 0 if the reliability require-

ment is not met. Each eMBB UE is allocated at least

2 L-RUs. The statistical duration is set to 3× 105T .

The agent parameters and training parameters are

detailed in Table 3. In the model-aided DRL, ε is

set to 0.0004, whereas in the model-free DRL, it is

set to 0.0002. The training behavior is shown in

Fig. 8. Both solutions exhibit reward convergence

over iterations and achieve nearly identical maxi-

mum reward values across different λ’s. Notably,

the model-aided DRL solution achieves convergence

in approximately 50% less time than the model-free

DRL solution, demonstrating the effectiveness of the

reliability model in accelerating convergence.

Moreover, we assess the network performance

across various scheduling methods by leveraging the

Table 3 Training parameters

Parameter Value

Learning rate 0.001

Batch size 5000

Discount factor 0.99
Target smooth factor 0.001

Average window length 100
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trained agent. The accumulated rate of eMBB

UEs, subject to satisfying URLLC reliability require-

ments, serves as the performance benchmark. A

representative channel state vector h = [6; 5; 9; 4; 6]

is selected for analysis. Subsequently, we obtain

Fig. 9, which compares the performance of punc-

turing methods among the ORS scheme, CRCC

scheme, and the proposed RRCC scheme. The

missing data points indicate that the corresponding

scheme fails to meet Ru ≥ δ under the given pa-

rameters. As observed, the ORS scheme struggles

to meet the performance requirements of URLLC

traffic as Ru increases. In contrast, both RRCC

and CRCC satisfy the URLLC performance require-

ments, with the RRCC-based puncturing method

achieving a higher accumulated rate owing to its
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Fig. 9 Performance comparison among puncturing

methods using RRCC, CRCC, and ORS schemes un-

der different Nu’s (δ = 0.99999)

fewer repetitions needed (lower K). The overlap-

ping regions between RRCC and CRCC indicate that

their K values are identical under the current param-

eter settings.

Furthermore, we compare the proposed punc-

turing method with two resource reservation meth-

ods: (1) frequency-domain reservation method

(FRM) (Ding and Zheng, 2022), which adaptively

reserves a specific number of S-RUs for URLLC UEs

in each S-TTI; (2) time-domain reservation method

(TRM) (Nomeir et al., 2023), which allocates a con-

figurable block of S-RUs at the end of each reserva-

tion period for URLLC UEs to transmit accumulated

packets. Here, the URLLC deadline is defined as

the reservation period. To ensure fairness, URLLC

UEs in both the FRM and TRM methods also exe-

cute the RRCC scheme proposed in this paper. As

shown in Fig. 10, the method proposed in this pa-

per demonstrates significantly superior performance

compared to the resource reservation methods due

to its enhanced flexibility in resource utilization, and

the rigid FRM method exhibits the most severe re-

source waste.
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Fig. 10 Performance comparison between the pro-

posed puncturing method and reservation methods

under different Nu’s (δ = 0.99999)

In the final stage, we implement adaptive ad-

justment of the URLLC packet-generation rate. To

facilitate adjustment, we define a generation level q,

where q ∈ {0, 1, 2, . . . , 10}, and set λ = 10−
q

10
−2.

We assume that Δq = 1 and q is initialized ran-

domly. Fig. 11 illustrates the adaptive behav-

ior of the trained agents for target reward inter-

vals of [3300, 3600] and [6900, 7200], under multiple
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Fig. 11 Adaptive adjustment of the URLLC packet-

generation rate across scheduling periods under dif-

ferent target rewards (Nu = 10 and δ = 0.99999).

References to color refer to the online version of this

figure

simulation runs. As shown, both sets of results

demonstrate that the trained agents are capable of

rapidly adjusting to feasible reward values and cor-

responding λ values.

8 Conclusions

In this paper, we describe our investigation of

the coexistence problem of URLLC and eMBB ser-

vices in uplink 5G-based IWNs. Owing to the het-

erogeneous characteristics, we adopt GF access for

sporadic URLLC traffic and SPS for fully buffered

eMBB traffic. Then, we propose a puncturing

method that allows URLLC transmissions to punc-

ture ongoing eMBB transmissions, formulating an

optimization problem to maximize the accumulated

rate of eMBB UEs while satisfying the latency and

reliability requirements of URLLC UEs. To enhance

reliability, we design an RRCC scheme for sporadic

URLLC traffic and derive its analytical reliability

model. Subsequently, we develop a model-aided

DRL solution that jointly optimizes the URLLC rep-

etition number and the eMBB scheduling list, en-

suring effective responsiveness to dynamic environ-

ments. Using simulation, we demonstrate that the

RRCC scheme requires fewer repetitions compared

to existing schemes, and the proposed puncturing

method achieves higher resource utilization than the

resource reservation methods. Meanwhile, the in-

troduced model-aided DRL algorithm is verified to

significantly reduce the convergence time.
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