
Deterministic Flow Scheduling in 5G-TSN for IIoT: A
Learning-Based Adaptive MCG-GF-NOMA Approach

Jian Zhao∗, Tao Wang∗, Zhaohui Yang†, Nuocheng Yang∗, Haonan Tong‡, and Changchuan Yin∗
∗ Beijing Key Laboratory of Network System Architecture and Convergence,
Beijing University of Posts and Telecommunications, Beijing, China 100876.

† College of Information Science and Electronic Engineering, Zhejiang University, Hangzhou, Zhejiang, China 310027.
‡ Key Laboratory of Target Cognition and Application Technology (TCAT),

Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing, China.
Emails: {zhaojian, taowang, yangnuocheng, ccyin}@bupt.edu.cn, yang zhaohui@zju.edu.cn, tonghn@aircas.ac.cn.

Abstract—The Industrial Internet of Things (IIoT) demands
ultra-reliable low-latency communication (URLLC) to support
massive time-sensitive devices with stringent requirements on
deterministic transmission, ultra-dense connectivity, and bounded
latency. To address this challenge, the convergence of 5G and
Time-Sensitive Networking (TSN), termed 5G-TSN, has emerged
as a key enabler for deterministic industrial networks. In this pa-
per, we propose a joint 5G-TSN flow scheduling framework that
guarantees deterministic transmission for massive time-sensitive
data flows. Our approach integrates Grant-Free Non-Orthogonal
Multiple Access (GF-NOMA) in 5G with Cyclic Queuing and
Forwarding (CQF) in TSN. Specifically, we introduce a learning-
based adaptive Multi-Configured Grant (MCG) subframe struc-
ture to optimize spectral efficiency in GF-NOMA. We then
formulate a deadline-aware flow scheduling problem to maximize
the number of successfully transmitted flows under strict latency
constraints. To address this non-stationary and non-convex prob-
lem, we develop a Proximal Policy Optimization (PPO)-based
algorithm that dynamically adjusts MCG configurations based
on real-time ACK feedback and deadline requirements. Extensive
simulations demonstrate that our solution outperforms existing
benchmarks, achieving up to 23.81% improvement in the number
of successfully transmitted flows under heavy flow IIoT scenarios
compared with the MCG subframe structure.

Index Terms—Industrial Internet of Things, 5G-TSN, multiple
configured grant, grant-free, non-orthogonal multiple access.

I. INTRODUCTION

The evolution of 3GPP standards has catalyzed signifi-
cant advancements in massive ultra-reliable and low-latency
communications (mURLLC) for the integration of the fifth-
generation wireless networks and time-sensitive networking
(5G-TSN). A pivotal innovation in this context is grant-
free (GF) access, first introduced in 3GPP Release 15 as a
paradigm-shifting alternative to conventional grant-based (GB)
mechanisms in long-term evolution (LTE) [1]. By enabling
devices to transmit data flows to the base station (BS) in
an arrive-and-go mode, GF transmission eliminates the need
for scheduling request (SR) procedures, thereby substantially
reducing access latency. To address reliability challenges,
the K-repetition GF mechanism [2], [3] enhances robustness
through consecutive replica transmissions by leveraging time
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diversity. This method is pivotal in bolstering the robustness of
data transmission. The integration of GF and non-orthogonal
multiple access (NOMA) yields GF-NOMA systems [4], [5],
effectively mitigating flow collisions in scenarios requiring
massive device connectivity. Building upon these advance-
ments, the multiple configured grants (MCG) structure has
been proposed, catering to varying starting offsets of resources
in relation to the arrival time of uplink flows [6]. This innova-
tion has given rise to the MCG-GF-NOMA system, which is
instrumental in reducing latency at each subframe. The MCG
subframe structure is advantageous in reducing collision events
during the contention period for multiple active devices and
decreasing latency by providing many starting offset options.

To address the dual challenges of queue overflow and
deterministic transmission scheduling in 5G-TSN networks,
recent studies have developed injection time planning strate-
gies based on incremental heuristics and adaptive scheduling
policies [7], [8]. These solutions are critical for industrial
IoT (IIoT) deployments where dense arrays of sensors and/or
devices require strict latency guarantees for time-sensitive
services [9]. While the MCG-GF-NOMA framework [10] has
emerged as a pivotal enabler of mURLLC by supporting
grant-free access and non-orthogonal resource sharing. Further
research, as presented in [11], has implemented MCG-GF-
NOMA and cyclic queuing and forwarding (CQF) in tan-
dem within the 5G-TSN networks. Nevertheless, the con-
ventional MCG-GF-NOMA design induces spectrum resource
wastage due to suboptimal grant configurations, while persis-
tent scheduling resolution mismatches between 5G and TSN
domains demand urgent attention. The delayed acquisition of
device status exacerbates these challenges, as updates at the
BS prevent the dynamic optimization of configured grant (CG)
pre-configuration parameters (including spectrum allocation,
repetition values, and starting offsets), resulting in degraded
transmission efficiency for time-sensitive flows. Furthermore,
the time-varying characteristics of wireless channels introduce
unpredictable transmission latencies, significantly reducing the
success rate of deadline-constrained flow delivery.

With the above backgrounds, this paper aims to maximize
the number of successfully transmitted time-sensitive flows
over GF-NOMA-based 5G-TSN network for IIoT by intro-
ducing a learning-based adaptive MCG configuration for flow
scheduling. Our key contributions are:

1) This paper considers the deterministic transmission in
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Fig. 1. 5G-TSN network system model.

the uplink of GF-NOMA empowered 5G-TSN with mas-
sive device access. We propose a novel adaptive MCG
subframe structure to exploit the available spectrum
resource fully. Further, the CQF is applied in the TSN to
forward the time-sensitive flows, where a non-stationary
and non-convex problem is formulated to maximize
the number of successfully transmitted flows within the
deadline.

2) To solve the formulated problem, we first propose a
strategy to determine the adaptive MCG configuration
based on the deadline constraints and the ACK reply.
Then, we utilize cooperative multi-agent proximal policy
optimization (CMA-PPO) to optimize the parameters of
adaptive MCG configuration with non-stationary envi-
ronments, which enhances the performance significantly.

The rest of this paper is organized as follows. The 5G-
TSN system model is introduced in Section II. Section III
formulates the problem. Section IV elucidates the proposed
cooperative multi-agent PPO method. Section V presents the
simulation results. And finally, we conclude the paper in
Section VI.

II. 5G-TSN SYSTEM MODEL

We consider the real-time transmission in the uplink of
a GF-NOMA-based 5G-TSN network for IIoT as shown in
Fig. 1, where event-triggered time-sensitive flows are gen-
erated by M devices, which are wirelessly transmitted to a
BS, and then forwarded to the destined receiver through the
TSN network. The flow generated by device m is denoted by
fm, which has a strict deadline TD

m. The novel adaptive MCG
subframe structure is adopted for multiple access and data
transmission in the GF-NOMA-based 5G system. Then the BS
injects the flows into the TSN network, which is forwarded to
the destined receiver based on the CQF policy. We index the
slot index as t ∈ {1, . . . , T}. The slot number consumed by
fm can be represented as Dm = D5G

m +DTSN
m , where D5G

m and
DTSN

m are the 5G side transmission slot number and the TSN
side transmission slot number, respectively.

A. Adaptive MCG Subframe Structure

As shown in Fig. 2, we consider the time slot number of
a subframe Tframe is 8, where each subframe consists of 4
contention transmission units (CTUs) slots and 4 signaling
slots. Slots from 0 to 3 are defined as CTUs, and the following
4 slots are defined as signaling slots, which are used for the BS
to transmit the ACK/NACK feedback and control information

Fig. 2. Proposed adaptive MCG subframe structure.

for the devices. CGs have been classified into 4 different types.
The four-frame structures are designed to transmit different
flows generated at different times. The flow transmission cases
can be summarized as follows:

• Case 1: When the flows are generated at the end of the
transmission CTU slot or signaling slots, the flows can
not be transmitted at the next CTU slot. All the flows
are postponed to the next subframe for transmission. The
flows are transmitted from the start of the next subframe’s
transmission slot, i.e., the CG1 is implemented to transmit
the flows.

• Case 2: When flows are generated in the first three slots
of the transmission CTU slots, the flows are transmitted
by the CG2, CG3, and CG4 according to the generation
order.

The MCG-GF-NOMA system can significantly decrease the
signaling overhead. Still, the reliability can not be guaranteed
for each CG during GF transmission (e.g., CG4 can only trans-
mit one repetition, and the transmission has a high probability
of failing due to a collision or decode failure happening). Thus,
we propose an adaptive MCG-enhanced GF-NOMA system
that applies GB scheduling to improve transmission reliability.
The first half of the transmission CTUs of CG2, CG3, and
CG4 are set as reserved CTUs to retransmit the flows that are
not successfully transmitted in the previous subframe. When
the flow of device m allocated to CGi is not successfully
transmitted, and the deadline allows the retransmission, then
the flow will be retransmitted in the reserved CTUs CGi. All
the subframes in the system have the same number of slots
all the time. Thus, for ease of presentation, we denote i-th
type CG configuration information in the τ -th subframe by
CGi(τ){NCTU

i (τ), N s
i (τ), N

r
i(τ), N

GB
i (τ)}, where NCTU

i (τ) is
the configured CTU number of i-th CG in the τ -th subframe,
N s

i (τ) is the configured starting slot of i-th CG in the τ -th
subframe, N r

i(τ) is the configured repetition slot number of
i-th CG in the τ -th subframe, and NGB

i is the configured GB
repetition slot number of i-th CG in the τ -th subframe.

B. 5G Side Latency Model

For the 5G side transmission, each device has two ways to
transmit the flow: firstly, the device transmits the flow in GF-
NOMA manner in a certain CG; if it does not succeed, and
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does not exceed the latency constraints, it can be re-transmitted
with GB-NOMA manner in the next subframe, which are:

1) Successful Transmission during the GF Stage: The num-
ber of 5G side transmission slots fo device m to transmit
the flow in the GF stage is given by D5G

m = Twait
m + T trans

m ,
where Twait

m is the time slot from the generation time to the
transmission time of the flow of device m, and T trans

m is the
GF-based transmission repetition number at which the flow of
the m-th device is decoded successfully, which is determined
by the point at which the GF transmission repetition number
meets the decoding requirement for the flow of m-th device.
The waiting time slot number for the flow of m-th device is
determined by:

Twait
m =

{
1, (tg

m mod Tframe) < TCTU,

⌈ tg
m

Tframe
⌉Tframe − tg

m, otherwise,
(1)

where TCTU is the maximum CTU slot number in a subframe,
and the generation slot index of fm is denoted as tg

m.
2) Successful Transmission during the GB Stage: The 5G

side transmission slot number required for successfully trans-
mitting the data flow of device m during the GB stage is given
by D5G

m = Twait
m +TRTT

m +T retrans
m , where TRTT

m is the round-trip
time (RTT) of the ACK/NACK feedback time slot number,
which is set as 4 in Fig. 2. T retrans

m is the GB transmission
repetition number that satisfies flow decoding of the flow of
the m-th device. The RTT time slot number of the flow of
m-th device is calculated as TRTT

m = Tframe − (tg
m mod Tframe).

C. Successive Interference Cancellation Decoding

The BS employs successive interference cancellation (SIC)
to decode the transmitted data flows. With the NOMA prin-
ciples, during each SIC iteration, the BS initially decodes the
data flow that has the highest received power. Subsequently,
it removes the successfully decoded signal from the overall
received signal. The large-scale path loss is modeled using
the free space path-loss (FSPL) model [12], which is given
by:

Lm =
λ2

16π2d2m
, (2)

where dm is the distance from the m-th device to the BS, and
λ represents the carrier wavelength. Without loss of generality,
we assume the small-scale fading of device m at RB n
following hm,n ∼ CN (0, 1).

The BS received power from m-th device at k-th reception
of CG i at RB n is given by:

Pm,n,i(k) = P |hm,n(k)|2L−η
m , (3)

where P denotes the transmitting power of each device and η
represents the path-loss attenuation factor.

We denote N sc
m,n,i(k) as the set of devices that choose the

singleton CTUs of CG i on the n-th RB and decoded in the
SIC iteration after flow m. The flow number of N sc

m,n,i(k) is
given by N sc

m,n,i(k). Meanwhile, we denote N cc
n,i(k) as the set

of devices that choose the collision CTUs of CG i on the n-th
RB. We assume that the received power of each flow at k-th

reception of CG i at RB n follows P1,n,i(k) ≥ P2,n,i(k) ≥
· · · ≥ PN sc

m,n,i(k),n,i
(k). In each SIC decoding iteration, the

singleton CTU having the highest received power is decoded,
wherein the received undecoded powers in the same RB are
considered as interference noise. Consequently, the signal-to-
interference-plus-noise ratio (SINR) for the flow of device m,
which is allocated to CG i at RB n is given by:

λSINR
m,n,i(k) = (4)

Pm,n,i(k)

BRBN0 +
∑

m′∈N sc
m,n,i(k)

Pm′(k) +
∑

m′′∈N cc
n,i(k)

Pm′′(k)
,

where BRB and N0 represent the bandwidth of an RB and
the unilateral power spectral density of the white noise,
respectively.

At each iterative stage, SIC decoding is successful when the
SINR at the repetition is larger than the SINR threshold λth;
otherwise, SIC decoding fails. During the transmission time,
when λSINR

m,n,i(k) ≥ λth, SIC decoding is successful.

D. TSN Side Latency Model

In the TSN side, we configure the TSN slot duration to align
with the 5G system’s slot size. This is because 5G URLLC
utilizes the mini-slots to integrate with TSN [11]. The TSN
topology is formally modeled as a directed graph G = {V, E},
where V denotes the set of TSN switches and E represents the
set of connections between any pair of connected switches.
The transmission path for each flow fm is described as a set
of sequential links as E(fm) =

(
e1, . . . , ehopm

)
, where hopm

is the hop length for flow fm. Each flow is injected between
different switches periodically with the CQF protocol. The
TSN side transmission time slot of fm from the BS to the
receiver can be derived from the inferred delaying injection
time, which is given by:

DTSN
m =

∑
e∈E(fm)

Nslot,

∀fm ∈ F , e ∈ E(fm), (5)

where Nslot is the forwarding slot number count for each
switch, and e ∈ E(fm) is the set of paths between switches
fm passes through.

In each time slot, the length of each queue should not
exceed the maximum forwarding capacity of switch Qsize. The
indicator om,e(t) is defined to signify if flow fm occupies the
forwarding queue resource at the e-th switch during time slot
t. Then the queue resource constraint is written as:

M∑
m=1

om,e(t) ≤ Qsize,

∀fm ∈ F ,∀e ∈ E(fm),∀t, (6)

III. PROBLEM FORMULATION

The target is to increase the maximum successfully transmit-
ted flows, we define δm to record whether device m’s flow is
successfully transmitted within the deadline constraint, where
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the flow is generated at device m during subframe τ in the
5G-TSN network given by:

δm(τ) =

{
1, if Dmtslot ≤ TD

m,

0, otherwise,
(7)

where tslot denotes the time duration of each time slot.
Then the sum number of successfully served devices during

the τ -th subframe is given by N suc
τ =

∑M
m=1 δm(τ). The

optimization problem for joint 5G-TSN design is formulated
to maximize the successfully transmitted time-sensitive flows,
which is given by

max
Aτ

∞∑
τ=1

E(N suc
τ ) (8)

s.t.
NCG∑
i

NCTU
i (τ) = NCTU,∀τ, (8a)

M∑
m=1

om,e(t) ≤ Qsize,∀e,∀t, (8b)

where Aτ is the sampling indicator for each kind of CGi(τ) =
{NCTU

i (τ), N s
i (τ), N

r
i(τ), N

GB
i (τ)} at each subframe τ . (8a)

indicates that all the CGs are constrained by the spectrum
resource, i.e., NCTU is the total number of configured CTUs
for the adaptive MCG subframe structure. (8b) is the flow
transmission constraint, which denotes the size of the total
flows transmitted within each time slot t should be no more
than the maximum time slot capacity of each switch.

IV. PROPOSED CMA-PPO ALGORITHM

A. RL Parameters

To solve the optimization problem in equation (8), we
propose a CMA-PPO based algorithm where NCG PPO agents
are deployed at the BS. These agents select appropriate actions
a ∈ Aτ based on the partial observation s ∈ S . At the start
of each subframe τ , each agent in the CGs first records the
different CG’s state which contains a series of previous state
observations Oold

τ = {s1, . . . , sτ−1}. Based on the observation
sτ , each agent chooses aτ ∈ Aτ , and the environment converts
to a new state sτ+1, with a reward rτ+1 as the feedback. Then,
the PPO agent updates the action choice function based on
the reward to achieve the optimization objective [13]. Then,
the proposed CMA-PPO-based algorithm’s action, state, and
reward design are specified.

1) States: The state of each subframe τ is given by
sτ = {N cc

τ , N sc
τ , N ic

τ , N
suc
τ , N fail

τ }. The five parameters are
defined as: collision CTU count N cc

τ , singleton CTU count
N sc

τ , idle CTU count N ic
τ , the number of flows that have been

successfully decoded and transmitted to the receiver under the
deadline constraint N suc

τ , and the number of flows fail to be
transmitted to the receiver under the deadline constraint N fail

τ .
2) Actions: To increase the long-term number of suc-

cessfully transmitted time-sensitive flows, the BS collects
the CTU observation Oold

τ at each subframe τ . At each
step τ , the action of each i-th CG is expressed as aiτ =
{NCTU

i (τ), N s
i (τ), N

r
i(τ), N

GB
i (τ)}, where NCTU

i (τ) is the

number of CTU chosen as i-th CG at subframe τ , N s
i (τ) is

the start time slot in a subframe of i-th CG at subframe τ ,
N r

i(τ) is the set number of the transmission repetitions of i-th
CG at subframe τ , NGB

i (τ) is the GB repetitions number of
the i-th CG at subframe τ .

3) Rewards: To maximize the number of successfully
served flows with the constraints, we denote the reward rτ+1

as:
rτ+1 = N suc

τ , (9)

where N suc
τ denotes the total number of flows that have been

successfully decoded and transmitted to the receiver under the
deadline constraint at subframe τ .

B. CMA-PPO Approach

Numerous actions and states inherently lead to significant
computational latency, greatly affecting the performance of RL
algorithms. To address this issue, we propose a framework
combining a centralized value function with a distributed pol-
icy function, enabling distributed execution while maximizing
rewards [14].

The Actor selects actions via the policy π, while the Critic
θ evaluates the action values. The global rewards are summed
as:

rτ (θ) =

NCG∑
i=1

τframe∑
τ=1

r (ωi)πθ

(
aiτ | siτ

)
, (10)

where ωi denotes the experience sequence of the i-th CG
agent’s environmental interaction, stored in the experience
buffer. The probability of sequence ωi is calculated as∑τframe

τ=1 πθ

(
aiτ | siτ

)
. To maximize the cumulative reward, the

parameter θ of the policy network is updated via the gradient,
which is denoted as:

∇r̂θ = Eω∼πθ(ω)

[
∇ log πθ

(
aiτ | siτ

)
Aθ (sτ , aτ )

]
, (11)

where Aθ denotes the advantage function, which is utilized as
a substitute for the reward. We consider Vϕ (sτ ) as the value
function with state sτ , then, the advantage function is denoted
as:

Aθ(sτ , aτ ) = πθ (aτ |sτ )− Vϕ (sτ ) . (12)

PPO’s on-policy nature requires the training agent to collect
the data samples at the same time. To make adopted data
reproducible, importance sampling is introduced, considering
the probability ratio between the old policy θold and the new
policy θ.

Meanwhile, to constrain the update of θ within an accept-
able range, the PPO objective function is clipped by parameter
ϵ, defined as:

L(θ) =Ê[min(uτ (θ)Aθold(sτ , aτ ),

clip(uτ (θ), 1− ϵ, 1 + ϵ)Aθold(sτ , aτ ))], (13)

where the clip function restrains extreme policy updates to
mitigate catastrophic performance loss.
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Algorithm 1 CMA-PPO based adaptive MCG Configuration
1: Input: Episode time Tepisode, number of CG NCG, action space

A, policy parameters θ, value function parameters ϕ, and the clip
parameter ϵ.

2: Initialize the parameters θ, ϕ, ϵ, and the experience buffer B;
3: for episode = 1 to Tepisode do
4: Receive initial state S, and set r = 0;
5: Initialize the actions of each CG i;
6: for τ = 1 to τmax do
7: for i = 1 to NCG do
8: Agent i selects the action ai

τ based on the state obser-
vation oiτ ;

9: Execute action ai
τ , record (oiτ , a

i
τ , o

i
τ+1) in sequence of

ωi, and store ωi in Bi;
10: Compute the reward r̂τ (θ);
11: Estimate advantage function Ai

θ based on the current
value function V i

ϕ ;
12: Compute policy update θi based on the clip function;
13: Store (siτ , s

i
τ+1, a

i
τ , r̂

i
τ ) in replay buffer;

14: Fit value function by taking V i
ϕ(ϕ) via the gradient

descent algorithm.
15: end for
16: end for
17: end for

TABLE I: Simulation Parameters
Parameters Values

Devices number M 10000-60000
Bandwidth of subcarrier 60 kHz

Noise power N0 -132 dBm
Path-loss parameter η 4

Distance from devices to the BS d 0-1000 m
5G NR numerology factor µ 2
Slot number in a subframe 8

Subframe duration 1 ms
SINR decoding threshold λth -3 dB

Deadline of flows 1-2 ms

(a) Light-load scenario. (b) Heavy-load scenario.

Fig. 3. Number of successfully transmitted flows with sub-
frame index under light-load and heavy-load scenarios.

The value network’s core optimization target for parameter
ϕ is defined as:

V i
ϕ(ϕ) = minE

∑
Bi

(
V i
ϕ (sτ )− r̂τ

)2
, (14)

where Bi represent the global buffer storing experience of each
CG i.

The details of the proposed CMA-PPO algorithm are illus-
trated in the Algorithm 1.

V. SIMULATION RESULTS

For our simulation, we consider a 5G-TSN network in
a circular cell of radius dm = 1 km, with a BS at the

Fig. 4. Successfully transmitted flow numbers vary with dif-
ferent numbers of access devices.

center, and M devices randomly distributed within the cell.
For 5G wireless transmissions, Nsys = 7 OFDM mini-slots
are employed with the sub-carrier space (SCS) of 60 kHz (i.e.,
µ = 2, a SCS of 15 × 2µ kHz, and a slot tslot of a subframe
can be calculated as 7

14×2µ ms.), which follows the 3GPP NR
guidelines in [15]. According to [16], the deadline constraint of
deterministic aperiodic flows is defined as 1-2 ms. A detailed
list of additional parameters used can be found in Table I. All
performance results are averaged over 1000 subframes. We
present our simulation results of multiple CG configurations
in the learning-based adaptive MCG configuration in the GF-
NOMA system compared with the MCG-GF-NOMA system
assisted by the cooperative multi-agent based double deep
Q-network (CMA-DDQN) and single configured-grant GF-
NOMA (SCG-GF-NOMA) system over a 5G-TSN network.
The flows of each device are generated via random inter-arrival
processes across subframes, which have Markov properties
[17], [18]. We adopt Beta distribution arrival processes to
model the arrival intensity of burst flows. We set the Beta
distribution parameters as α = 3 and β = 4, then conducted
simulations with the number of access devices ranging from
10,000 to 60,000. The light-load and heavy-load scenarios
were set with 10,000 and 50,000 devices, respectively, to
analyze the number of successfully transmitted flows under
different load conditions.

In Fig. 3, we show how the number of successfully transmit-
ted flows in the 5G side network changes as the subframe index
varies with Beta distribution in light-load and heavy-load sce-
narios. From Fig. 3(a), we observe that the proposed learning-
based adaptive MCG configuration can improve the number
of successfully transmitted flows by 13.71% and 18.29% at
the flow peak, compared to the MCG and SCG structures in
light-load scenarios, respectively. And from 3(b), the number
of successfully transmitted flows increases by more than one
and six times significantly in heavy-load scenarios. This is
because the flows that failed to be transmitted in the GF stage
with the MCG subframe structure and SCG structures can be
retransmitted with the proposed learning-based adaptive MCG
configuration in the GB stage. The retransmission can improve
the number of successfully transmitted flows, especially in the
heavy-load scenario.

In Fig. 4, we show how the number of successfully
transmitted time-sensitive flows changes as the number of
access flows varies. We observe that the proposed learning-
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based adaptive MCG configuration can improve the number
of successfully transmitted flows compared with the MCG
and SCG structures. With the increase in the number of
access devices, the benefit can reach 68.66% and 154.97%
higher than the MCG and SCG structures, respectively. Both
the MCG and SCG structures have the same trend, that
the number of successfully transmitted flows first improves
and then decreases as the number of access flows increases.
This is because as the number of access devices increases,
the collision events during random access in the GF stage
will surge accordingly. However, the proposed adaptive MCG
configuration maintains an increasing trend. This is because
the proposed adaptive MCG configuration can retransmit the
flows that fail to be transmitted in the GF stage, and the
GB manner maintains the flows being successfully transmitted
within the deadline.

In Fig. 5, we show how the number of successfully trans-
mitted flows varies over the 5G-TSN network with Beta dis-
tribution in light-load and heavy-load scenarios. From Fig. 5,
we can see that the proposed learning-based adaptive MCG
configuration increases the number of successfully transmitted
flows up to 10.71% and 23.81% compared with the MCG
structures in light-load and heavy-load scenarios, respectively.
Meanwhile, we obtain that the SCG structure can only achieve
a bad performance over the 5G-TSN network. However, this
performance is lower than Fig. 4, which is only transmitted
over the 5G wireless network. This is because a large amount
of flows are discarded in the TSN switch due to limitations of
maximum forwarding capacity.

VI. CONCLUSION

In this paper, we propose a novel adaptive MCG subframe
structure enhanced 5G-TSN uplink framework aimed at ad-
dressing the challenges inherent in integrating 5G and TSN
for massive access IIoT applications. The proposed 5G-TSN
uplink framework aims to maximize the number of flows
successfully transmitted to the receiver. We present a detailed
description of the adaptive MCG subframe structure. Subse-
quently, we propose a CMA-PPO algorithm to enhance the
successful transmission count of time-sensitive flows. Finally,
simulations are conducted for light and heavy access flow
scenarios under Beta distribution models within a GF-NOMA-
assisted 5G-TSN network. The results demonstrate that the
CMA-PPO-based adaptive MCG configuration in GF-NOMA
enabled 5G-TSN significantly outperforms the MCG assisted
by CMA-DDQN and SCG in terms of system performance.
Future work may focus on integrating this framework with
emerging 6G technologies and exploring its applicability in
other time-sensitive networking scenarios.
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