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Abstract

In the era of Industry 5.0, future wireless networks are increasingly shifting from traditional
symmetric architectures toward heterogeneous and asymmetric paradigms, driven by the
demand for diversified and dynamic services. This architectural evolution gives rise to
complex and asymmetric flows, such as the coexistence of periodic and burst flows with
varying latency, jitter, and deadline constraints, posing new challenges for deterministic
transmission. Traditional time-sensitive networking (TSN) is well-suited for periodic flows
but lacks the flexibility to effectively handle dynamic, asymmetric traffi. To address this
limitation, we propose a two-stage asymmetric flow scheduling framework with dynamic
deadline control, termed A-TSN. In the first stage, we design a Deep Q-Network-based
Dynamic Injection Time Slot algorithm (DQN-DITS) to optimize slot allocation for periodic
flows under varying network loads. In the second stage, we introduce the Dynamic
Deadline Online (DDO) scheduling algorithm, which enables real-time scheduling for
asymmetric flows while satisfying flow deadlines and capacity constraints. Simulation
results demonstrate that our approach significantly reduces end-to-end latency, improves
scheduling efficiency, and enhances adaptability to high-volume asymmetric traffic, offering
a scalable solution for future deterministic wireless networks.

Keywords: asymmetric flows; quality of service; Deep Q-Network; injection slot offset;
time-sensitive networking

1. Introduction
The rapid evolution of industrial automation and intelligent transportation systems

has led to the widespread deployment of heterogeneous networked control architectures
featuring asymmetric design principles. In such asymmetric architectures, computational
resources, sensing modules, and actuators are distributed across multiple hierarchical
layers with differing capabilities and responsibilities [1]. This architectural asymmetry
results in non-uniform traffic patterns comprising both periodic control flows and burst
flows triggered by stochastic events [2,3].

Non-asymmetric traffic, particularly burst flows, plays a pivotal role in ensuring
system safety and responsiveness. For instance, emergency braking signals in vehicular
networks or equipment fault alarms in industrial factories require ultra-low latency and
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deterministic transmission guarantees to prevent catastrophic consequences [4]. Meanwhile,
periodic flows, such as sensor status updates and routine control commands, demand
bounded delay with high reliability to maintain system stability. Therefore, the efficient
scheduling of these asymmetric flows is crucial for the real-time performance and safety of
physical systems [5,6].

Time-sensitive networking (TSN) has emerged as a key enabling technology to ad-
dress the deterministic communication requirements of such heterogeneous systems [7].
By integrating standards such as the Time-Aware Shaper (TAS) and Cyclic Queuing and
Forwarding (CQF), TSN provides bounded end-to-end delay and minimal jitter for periodic
traffic [8]. TAS reserves time slots for high-priority flows to ensure ultra-low latency, while
CQF leverages cycle-based queuing to guarantee bounded delay for large-volume periodic
flows. However, these mechanisms are inherently limited in handling burst flows with
unpredictable arrival times and strict real-time deadlines, as they rely on pre-configured
slot allocation without dynamic adaptability [9,10].

Recent research has proposed heuristic-based scheduling algorithms to optimize
periodic flow scheduling [11]. More recently, reinforcement learning (RL)-based approaches
have been introduced to enhance adaptability in TSN scheduling [12–14]. Nevertheless,
these methods predominantly focus on periodic flows or gate control scheduling, lacking a
unified framework capable of jointly optimizing periodic and burst flows in mixed-traffic
environments [15]. Moreover, they rarely integrate offline injection slot allocation with
online deadline-aware adjustments, limiting their effectiveness in real-time asymmetric
flow scheduling scenarios.

To address these limitations, this paper proposes A-TSN, a novel two-stage asymmet-
ric flow scheduling framework that integrates offline Deep Q-Network-based Dynamic
Injection Time Slot allocation (DQN-DITS) with online Dynamic Deadline Optimization
(DDO). The main contributions of this work are as follows:

• We design a Deep Q-Network-based injection slot allocation algorithm for periodic
flows, formulating slot assignment as a Markov Decision Process to maximize schedul-
ing success rates while minimizing latency.

• We propose a Dynamic Deadline Online algorithm for burst flows, introducing a
deadline adjustment mechanism that dynamically prioritizes flows based on urgency
and queuing delay, ensuring real-time transmission guarantees.

• We develop and evaluate the unified A-TSN framework, which integrates DQN-
DITS and DDO to achieve deterministic scheduling for mixed periodic and burst
flows. Extensive experiments demonstrate up to 160% improvement in scheduling
success rate and 40-slot reduction in average flow latency compared to state-of-the-
art baselines.

The remainder of this paper is organized as follows: Section 2 reviews related work
on TSN scheduling. Section 3 presents the system model. Section 4 details the proposed
A-TSN framework and its algorithmic components. Section 5 provides experimental results
and analysis. Section 6 concludes the paper.

2. Related Work
This section reviews existing research on the TSN scheduling of periodic flows as well

as scheduling approaches for burst flows. We also summarize their limitations and discuss
the motivation for this paper.

TSN standards provide various scheduling mechanisms to guarantee deterministic
communication for periodic flows. The TAS defines transmission gates with precise opening
times to ensure ultra-low latency for high-priority flows [16]. The CQF mechanism utilizes
cycle-based queuing to provide bounded delay for large-volume periodic flows. While
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the CQF mechanism reduces computational complexity and ensures deterministic delays,
it suffers from lower control accuracy and higher packet delays compared to TAS [17].
In summary, while TAS offers precise scheduling for high-priority, time-sensitive flows, it
grapples with high computational complexity. Conversely, CQF simplifies scheduling but
at the cost of increased packet delays and reduced control accuracy.

To support the mixed transmission of TSN periodic and high-bandwidth flows, hybrid
TSN designs combine TAS and CQF mechanisms [18]. As shown in Figure 1, the switch has
multiple input ports and queues before the output. TAS queues have the highest priority
of 7, CQF queues have priorities of 6 and 5, and best-effort traffic uses the lowest-priority
queue. Queue egress is controlled by the Gate Control List (GCL), which schedules flows
by priority when multiple gates are open. This hybrid approach balances TAS’s precise
scheduling for time-sensitive flows with CQF’s simplified deterministic delays, ensuring
efficient and reliable network transmission.
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Figure 1. Hybrid TSN system architecture with multiple input nodes (representing different sources)
integrating TAS and CQF for periodic flow scheduling.

To improve scheduling efficiency, various flow injection allocation mechanisms have
been proposed. Some prioritize flows by urgency through time slot injection planning,
enhancing the schedulability of time-sensitive traffic [19]. Dynamic service injection al-
gorithms with adaptive bandwidth allocation adjust reserved slots in real time based
on flow arrival rates, optimizing scheduling granularity [20]. Heuristic approaches like
FITS pre-allocate slots using fixed priority rules, while HSTCS combines TAS and CQF
with simulated annealing to optimize injection slots for medium-priority flows [19]. Tabu
search-based methods formulate slot allocation as an optimization problem to avoid local
optima and improve schedulability [21]. Although lightweight and easy to implement,
these heuristics lack adaptability to dynamic traffic, often resulting in suboptimal resource
use under varying conditions.

RL has recently gained attention for TSN scheduling due to its ability to learn optimal
policies via environment interaction. Two-stage RL frameworks have been developed to
jointly coordinate resource orchestration and transmission scheduling, improving network
efficiency and balancing resource allocation [22,23]. Hybrid approaches integrating deep
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reinforcement learning with CQF mechanisms have demonstrated effectiveness in both
offline and online scheduling scenarios [24]. However, most RL-based TSN scheduling
algorithms focus solely on periodic flows or gate control optimization without addressing
the integration of offline slot allocation with online scheduling adjustments. Additionally,
they do not provide unified scheduling frameworks capable of handling mixed periodic
and burst flows in real-time industrial or vehicular environments.

Efforts have also targeted burst traffic mitigation and prioritization. Recent works have
explored resource reservation or preemption-based methods to prioritize burst flows [25],
but these approaches often lead to bandwidth under-utilization or disrupt scheduled
periodic traffic. TDMA-based flow reservation strategies alleviate burst flow impacts but
often suffer from bandwidth inefficiency [26]. More flexible scheduling methods adopting
earliest-deadline-first and burst-prioritized schemes better handle mixed periodic and burst
traffic, enhancing overall system responsiveness [27,28].

In summary, while existing heuristic-based and RL-based TSN scheduling algorithms
have achieved notable progress in periodic flow scheduling, they lack unified solutions for
mixed traffic environments comprising both periodic and burst flows. Furthermore, current
burst flow scheduling approaches fail to provide the dynamic deadline-aware adjustments
necessary for strict real-time guarantees.

To address these limitations, this paper proposes A-TSN, a two-stage asymmetric flow
scheduling framework that combines offline DQN-based injection slot allocation for peri-
odic flows with online dynamic deadline optimization for burst flows. This unified design
ensures deterministic scheduling with improved adaptability and real-time performance
under heterogeneous traffic conditions.

3. System Model
Since the transmission period of periodic flows is fixed, the injection slots can be pre-

allocated through the injection slot allocation mechanism using the existing TAS and CQF
mechanisms to ensure deterministic and reliable end-to-end transmission. However, it be-
comes challenging to pre-allocate injection slots like periodic flows because the generation
slots of burst flows are random. But burst flows are often generated by emergency events
(such as tool damage and vehicle emergency braking) and have ultra-low latency and de-
terministic transmission requirements. If they cannot be processed within a limited time,
the consequences will be disastrous. The burst flow scheduling method based on resource
reservation will waste bandwidth resources and even hinder the transmission of periodic
flows. Therefore, it is an urgent issue to ensure the low-latency end-to-end transmission of
periodic flows while meeting the needs of burst flows. To solve these problems, we analyze
periodic flow and asymmetric flow separately. Table 1 lists all abbreviations used in this paper.

Table 1. List of abbreviations.

Abbreviation Definition

TSN Time-Sensitive Networking
TAS Time-Aware Shaper
CQF Cyclic Queuing and Forwarding
GCL Gate Control List
SRP Scheduling Resource Pool
HP High Priority (Flow)
MP Medium Priority (Flow)
AP Asymmetric Flow / Burst Flow
A-TSN Asymmetric Time-Sensitive Networking Framework
DQN Deep Q-Network
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Table 1. Cont.

Abbreviation Definition

DITS Dynamic Injection Time Slot
DQN-DITS Deep Q-Network-based Dynamic Injection Time Slot Algorithm
DDO Dynamic Deadline Online Algorithm
MDP Markov Decision Process
RL Reinforcement Learning
PPO Proximal Policy Optimization
DDPG Deep Deterministic Policy Gradient
HSTCS Hybrid Slot Time Control Scheduling
FITS Fixed Injection Time Slot Scheduling
D-TSN Deterministic TSN Scheduling
MTU Maximum Transmission Unit

3.1. Priority-Aware Granular Scheduling Model for Periodic Flows

According to the scheduling requirements of periodic flows, we define a periodic flow
as a tuple that encapsulates the characteristics required for its scheduling. The representa-
tion of the tuple is as follows

f p
i =

(
Tp

i , Sp
i , Dp

i , Lp
i , Pp

i

)
, ∀ f p

i ∈ FP, (1)

where Tp
i is the flow period, Sp

i is the length of the flow packet, Dp
i is the flow deadline, Lp

i
is the flow injection slot, and Pp

i is the flow priority.
Based on the deadline property of periodic flow, the periodic flows are divided into

the high-priority flow, called HP, and the medium-priority flow, called MP, as shown in
Table 2. We use TAS to transport the HP flows and CQF to transport the MP flows.

Table 2. Periodic flow division.

Type Feature Adoption
Mechanism Slot Offset

HP Flow Ultra-low latency
and small quantity TAS N

MP Flow Low latency and
large quantity CQF Y

We introduce the concept of the hyper period Ts, which defines the minimum time
range required to successfully schedule all periodic flows. When each periodic flow can
be assigned an injection time slot that meets all constraints within Ts, the scheduling of
periodic flows is deemed successful, denoted as

Ts = LCM(Tp
1 , Tp

2 , . . . , Tp
n ), (2)

where LCM means finding the least common multiple.
Simultaneously, the periodic flow utilizes the GCL method to determine the transmis-

sion of the flow. In this regard, we introduce the concept of a unit slot Tu to delineate the
scheduling granularity, specifically, the GCL update interval. The unit time slot is selected
from the factor set of the greatest common multiple of all periodic flows, and the unit time
slot is selected to ensure that all the currently cached data packets can be forwarded, which
is described as

Tg = GCD(Tp
1 , Tp

2 , . . . , Tp
n ), (3)
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L = factor(Tg)

Tu ≥ MC
B + δmax, Tu ∈ L,

(4)

where GCD stands for the Greatest Common Factor, L is the factor set of Tg, MC is the
maximum queue buffer, Bis the link transmission rate, and δmax is the maximum delay due
to time synchronization and other situations.

At the same time, we define the bandwidth occupancy table Qb and the cache queue
occupancy table Qw of the sending flow based on the hyper cycle Ts and the unit time slot
Tu, represented as

Qb(q) =
n

∑
i=0

Sp
i

BTu
+

m

∑
j=0

Sp
j

BTu
, (5)

Qw(q) =
m

∑
j=0

Sp
j

MC
, (6)

where the subscripts i and j represent the HP flow and MP flow, respectively, and q
represents the slot.

According to the above definition, we give the optimization problem model for peri-
odic flow, expressed as

max
n

∑
i=0

Fsuc( f p
i )

s.t.


0 < q < Dp

j

∑n
i=1 Sp

i ×ΦT( f P
i ) ≤ Tu × B,

0 ≤ Qb(q) ≤ 1
0 ≤ Qw(q) ≤ 1

. (7)

where Fsuc indicates whether the flow is scheduled successfully and ΦT signifies whether
the flow is being transmitted.

3.2. Unified Deadline-Constrained Scheduling Model for Asymmetric Flows

At the beginning of each time slot, the burst flow and the pre-processed periodic flow
will enter the SRP. At this moment, the periodic flow can be considered as the burst flow
generated during the current time slot. The attributes are consequently redefined as follows

f h
k = {eh

k , sh
k , dh

k , th
k}, ∀ f h

k ∈ FH , (8)

where eh
k symbolizes the slot each flow enters into the SRP. For the periodic flow, it denotes

the optimal injection slot determined for each flow in each period. For the burst flow, eh
k

expresses the slot at which it occurs. th
k represents the sending time in the SRP for the flows.

To determine the mixed flows transmitted in each time slot, three constraints must
be satisfied simultaneously: the flow delay must not exceed its deadline, the total size
of transmitted flows must not exceed the link capacity C, and the minimum deadline
of transmitted flows FH

y must be earlier than the maximum deadline of non-transmitted



Symmetry 2025, 17, 1246 7 of 18

flows FH
n . Accordingly, the optimization model for selecting the transmitted flow set in the

current time slot is formulated as

max
K

∑
k=0

Fsuc( f h
k )

s.t.


th
k ≤ dh

k
K
∑

k=0
sh

k < C

min(FH
y ) > max(FH

n ).

. (9)

4. Two-Stage Asymmetric Flow Scheduling Framework
TSN aims to provide deterministic low-latency communication for industrial automa-

tion and vehicular networks. However, existing standards such as TAS and CQF primarily
address periodic flows and are insufficient for handling burst flows with unpredictable ar-
rival times and ultra-low latency requirements. To bridge this gap, we propose a two-stage
asymmetric flow scheduling framework, termed A-TSN, that integrates deep reinforcement
learning with real-time deadline-aware adjustments to ensure deterministic guarantees for
both periodic and burst flows.

The first stage employs a DQN-DITS algorithm to statically allocate optimal injection
slots for periodic flows offline, ensuring a baseline scheduling plan. The second stage uses
a DDO algorithm to dynamically adjust transmission decisions for mixed flows in real
time, guaranteeing end-to-end delay constraints. The framework architecture is shown in
Figure 2.
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Figure 2. A-TSN: Two-stage asymmetric flow scheduling framework with multiple input nodes
(representing different sources) integrating the DQN-DITS and DDO algorithms.

Flows are first filtered and classified into queues according to their properties. Periodic
flows are assigned to multiple priority queues managed by TAS and CQF, with queue
egress controlled by the GCL. Burst flows bypass the GCL and use no-wait transmission.
The DQN-DITS algorithm pre-allocates injection slots for periodic flows and configures the
GCL. At each time slot, burst flows and pre-scheduled periodic flows are sent to the SRP
for final transmission decision-making via the DDO algorithm.
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4.1. Deep Q-Network Framework for Scheduling Decision

DQN (Deep Q-Network) is a reinforcement learning algorithm that combines Q-
learning with deep neural networks to approximate action–value functions. It employs a
neural network that takes the system state as input and outputs Q-values for each possible
action. To ensure training stability, DQN uses two networks: an online network for action
selection and a target network for generating stable Q-value targets, which is periodically
updated from the online network to mitigate learning oscillations and divergence.

We choose DQN over other reinforcement learning algorithms such as Proximal Policy
Optimization (PPO) or Deep Deterministic Policy Gradient (DDPG) because our scheduling
problem involves a discrete action space selecting injection time slots. DQN is specifically
suited for discrete actions and offers stable, efficient convergence through its experience
replay and target network mechanisms. In contrast, DDPG is designed for continuous
action spaces, while PPO, despite supporting discrete actions, requires more complex
implementations and extensive hyperparameter tuning. Therefore, DQN strikes an effective
balance between decision accuracy and computational efficiency, making it the practical
choice for real-time injection slot scheduling in time-sensitive networking environments.

Based on the above technologies, we integrate the DQN mechanism into the periodic
flow injection slot offset allocation algorithm to achieve the low-latency and reliable trans-
mission of periodic flows, as illustrated in Figure 3. The core components of this design are
detailed below:

Environment: The state space is defined as a combination of injection time slots and
bandwidth occupancy, with its dimension determined by the hyper period Ts. Formally, it
is expressed as

S = {Qb(0), Qb(1) . . . , Qb(a) . . . }, a ∈ Ts, (10)

where Qb(a) is the bandwidth occupancy of the time slot a.

Online 
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Figure 3. Deep Q-Network architecture for periodic flow injection slot allocation.

Directly using the full state space S as input is both resource-intensive and unnecessary
for per-period scheduling. To address this, we extract a schedulable state subspace Si for
each flow in its current period. The length of Si spans from the start time of the current
period to the flow’s deadline, focusing only on relevant time slots that are critical for
scheduling decisions, expressed as

Si = {Qb(start), Qb(start + 1), . . . , Qb(end)}, i ∈ [start, end], (11)
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where start denotes the starting time slot of the current period (e.g., start = t for a flow
with period Tp

j , where t is the initial injection time of the period); end is the deadline time

slot of the current period (i.e., end = start + Dp
i , with Dp

i representing the deadline of the
flow in this period); and Qb(i) is the bandwidth occupancy ratio of time slot i (normalized
to [0, 1]).

This subspace Si effectively narrows the input scope to the time window critical for
scheduling decisions, reducing computational overhead while preserving the essential
information for optimizing injection slot allocation.

Action: After the agent interacts with the state space selected in each period of each
flow Si, the action a with the optimal Q value is obtained as input. In the action selection
process, we use a random greedy algorithm and introduce a probability epsilon ϵ. Under a
certain probability, a random action is selected instead of selecting the action based on the
current optimal Q value. The action mapping strategy is as follows:

a =

arg max Q(Sp, a ft), x < ϵ

a ft , x >= ϵ,
(12)

where x is a randomly generated constant between [0, 1] and a ft represents the time interval
allocated to flow to inject, described as

0 ≤ a ft ≤
T j

p

T
− 1, a ft ∈ Z. (13)

The Q-value Q(Sp, a ft) represents the long-term revenue for mapping from Sp to a ft ,
which is calculated by the action–value function Qπ(s, a), described by

Qπ(s, a) = E
[
rt+1 + γQπ

(
st+1, a ft+1

)
| st = s, a ft = a, π

]
. (14)

Reward: For the selected action, a reward r is obtained through interaction with the
environment. The reward r consists of two parts. r1 is the distance of the action relative to
the deadline, and r2 is the remaining space of the bandwidth occupancy associated with
the current injection time slot. Therefore, the reward can be described as

r = µ1 × r1 + µ2 × r2

r1 =
(Dp

i −a)
Dp

i
,

r2 = 1−Qb(a)

(15)

where µ1 and µ2 are the weights of the two rewards, respectively.
In the Markov Decision Process (MDP) formulation of DQN-DITS, the state Si repre-

sents the schedulable bandwidth occupancy window for each flow. The action space A is
the set of discrete injection slot offsets within the flow’s period. The reward R combines
slot deadline proximity and residual bandwidth capacity, guiding the agent to allocate slots
that maximize schedulability while minimizing latency and congestion.

4.2. DQN-DITS Algorithm

For fixed periodic flows, the injection slot offset algorithm can allocate injection slots
to all flows before the overall scheduling begins. Our goal is to solve the optimal injection
slot allocation problem for periodic flows. Considering the constraints of periodic flows,
we define the hybrid period Ts as the total scheduling length and the time slot as Tu.
Based on each periodic flow’s period and deadline, we normalize the number of offset
slots by dividing the deadline by the time slot. Then, all periodic flows are sorted in
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descending order according to their bandwidth requirements. Within each period, each
flow selects the optimal injection time slot q∗ based on its deadline, bandwidth occupancy,
and buffer occupancy.

Leveraging a Deep Q-Network (DQN), we propose a learning-based algorithm named
DQN-DITS, which integrates the TSN periodic flow injection time slot mechanism with
reinforcement learning. Through interaction iterations between the agent and environment,
the algorithm effectively learns the mapping between injection time slots and bandwidth
occupancy, enabling optimal slot allocation for each periodic flow.

The training process is outlined in Algorithm 1. The algorithm takes as input all
periodic flows, initializes an empty replay buffer D, and sets up two neural networks
with parameters θ and θ′. At the start of each training episode, the environment state S
is reset. For each flow within each period, a state slice Si is extracted from S according to
the deadline and time slot processing rules. The state Si is fed into the training network
parameterized by θ, which outputs an action a following an ϵ-greedy policy based on
the optimal Q-value. After executing a, the agent observes the reward r, next state S′,
and a terminal signal done, indicating whether the current episode ends. The transition
(S, a, r, S′, done) is stored in the replay buffer D, and the exploration rate ϵ is updated
accordingly. Mini-batches sampled from D are used to train the network by minimizing
the mean squared error between the target Q-value computed using the target network θ′

and the predicted Q-value from the training network. The target network parameters θ′ are
updated every M steps.

Algorithm 1 Training of the DQN-DITS Algorithm

Require: Periodic flows FC, empty replay buffer D, initial network parameters θ, θ′, batch
size Db

Ensure: Optimal policy Q
1: for each episode in episodes do
2: Reset environment state S
3: for each flow f C in FC do
4: for each period in periods do
5: Extract input state Si from S based on deadline and time slot pre-processing
6: Obtain action a from policy Q using ϵ-greedy strategy
7: Execute action a, receive reward r, next state S′, and done flag
8: Store transition (S, a, r, S′, done) into replay buffer D
9: Update exploration rate ϵ

10: if done then
11: break
12: end if
13: end for
14: end for
15: Sample batch of size Db from replay buffer D

16: Set yj =

{
rj if done
rj + γ maxa′ Q̂(S′j, aj; θ−) otherwise

17: Perform gradient descent on loss (yj −Q(Sj, aj; θ))2 to update θ

18: Every M steps, update target network: θ′ ← θ
19: end for

After training, the DQN network is integrated into the periodic flow scheduling pro-
cess, as detailed in Algorithm 2. The algorithm accepts the periodic flow set FP, the trained
network Q, the injection slot set υ, and hyperparameters. Initially, the hybrid period Ts and
unit slot Tu are computed based on FP, followed by initializing the bandwidth occupancy
Qb and buffer occupancy Qw. For each flow in each period, the current bandwidth occu-
pancy state s is extracted and input to the network Q to obtain the injection slot action a.
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If the injection satisfies the bandwidth and buffer constraints, a is added to the injection
slot set υ. This procedure repeats until all flows are processed or constraints are violated.
Finally, the algorithm outputs υ, representing the injection schedule of all feasible flows.

Algorithm 2 DQN-DITS Scheduling Algorithm

Require: Periodic flows FP, window size ws, buffer B, network Q, injection slot set υ
Ensure: Injection slots υ

1: Calculate super-period Ts and unit slot Tu
2: Initialize bandwidth Qb and window Qw according to Ts and Tu
3: Sort flows in FP (e.g., by packet length descending)
4: for each flow f p

i in FP do
5: for each period p in f p

i .periods do
6: Extract current state s
7: Select action a← Q(s)
8: Update Qb, Qw according to action a
9: if slot allocation invalid (!check()) then

10: break
11: end if
12: Store action a into injection slot set υ
13: end for
14: end for
15: return υ

4.3. Dynamic Deadline Online Algorithm

While the DQN-DITS algorithm efficiently addresses scheduling for periodic flows,
the challenge of mixed flow scheduling in the SRP is handled by the DDO algorithm. Based
on the injection time slots determined for periodic flows, DDO calculates which flows can
be transmitted in the current time slot.

The core of the DDO algorithm lies in its explicit dynamic deadline adjustment mech-
anism, which updates the deadlines of unscheduled flows based on their queuing time
and original constraints to ensure real-time guarantees. Specifically, for each flow f h

k ∈ FH
n

(buffer set), its adjusted deadline Dh,new
k is calculated as

Dh,new
k = max

(
α · Dh

k − β · (tcurrent − tarrival
k ), Dmin

)
, (16)

where Dh
k is the original deadline of flow f h

k (initial value set by application requirements);
tcurrent is the current time slot start time; tarrival

k is the arrival time of flow f h
k in the SRP;

α (0 < α < 1) means the deadline preservation coefficient (weights the original deadline
priority); β (β > 0) is the waiting time penalty coefficient (weights the impact of queuing
delay); and Dmin is the minimum allowable deadline to prevent negative or impractically
small deadlines.

This adjustment ensures that flows delayed in the buffer receive stricter deadlines
(smaller Dh,new

k ) as their waiting time increases, forcing them to be prioritized in subsequent
scheduling cycles to avoid excessive latency.

Algorithm 3 takes as input the stored flows FH
k in the SRP and outputs the set of flows

FH
y determined for transmission. Within the hybrid period Ts, at the beginning of each

time slot, FH
k is sorted by deadline. Flows f h

k are iteratively checked against constraints;
those meeting requirements are added to the transmission set FH

y , while those that violate
constraints are placed into the buffer set FH

n , causing the selection loop to break. The waiting
times and deadlines of flows in FH

n are updated accordingly. At the next time slot, FH
n is

merged with newly arrived flows to reform FH
k , and the scheduling cycle continues.
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Algorithm 3 DDO Algorithm for Flow Scheduling

Require: Flows FH in SRP, link capacity C, current time tcurrent
Ensure: Scheduled flows set FH

y
1: while T ≤ Ts do
2: Sort flows FH by deadline ascending
3: for each flow f h

k ∈ FH do
4: if bandwidth occupancy check Qb ≤ 1 passes then
5: Update bandwidth occupancy
6: Add f h

k to FH
y

7: else
8: Add f h

k to remaining flows FH
n

9: break
10: end if
11: end for
12: Update remaining flows’ waiting time and deadlines
13: Return FH

y
14: Repeat loop
15: end while

While the DQN-DITS algorithm efficiently addresses scheduling for periodic flows,
the challenge of mixed flow scheduling in the SRP is handled by the DDO algorithm. Based
on the injection time slots determined for periodic flows, DDO dynamically adjusts flow
deadlines and selects transmissible flows in real time.

5. Experimental Evaluation
5.1. Experimental Parameter Settings

We set the maximum frame length MTU to 1500 B, the maximum queue length
ws = 6MTU, the link rate B = 1000 Mbit s−1, and δmax = 1 µs. For HP flows,
the maximum adoption period and packet length are randomly selected from the sets
{0.6, 0.8, 1, 1.2, 1.6}ms and {0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1} kB, respectively. The minimum pe-
riod for HP flows is set to 0.1 ms, and the deadline for HP flows is set to one twenti-
eth of their actual period to meet realistic requirements. For the MP flows, the period
and packet length are randomly selected from the sets {4, 6, 8, 10, 12, 14, 16, 20} ms and
{1.5, 2, 2.5, 3, 3.5, 4, 4.5} kB, respectively. The deadline for MP flows is selected as a random
integer in the range {0.5× HP.p, HP.p}. The packet length of the burst flow is randomly
selected from {0.6, 0.8, 1, 1.2} kB. We define a super period as the simulation running
timeline. Burst flows are randomly generated within this super period, which represents
the time for burst flows to arrive; the deadline for burst flows is 1 ms. Table 3 shows the
corresponding simulation parameters.

Table 3. Periodic flow division.

Parameter Value Parameter Value Parameter Value

MTU 1500 B ws 6×MTU Nin 200
Nout 200 dA

j 1 ms B 1000 Mb/s
Batch 64 Nh 1024 γ 0.99

ϵ 0.9 ϵdecay 0.995

Parameter Value Parameter Value

HP.size {0.6, 0.7, 0.8, 0.9, 1} kB MP.size {1.5, 2, 2.5, . . . , 4.5} kB
AP.size {0.6, 0.8, 1, 1.2} kB HP.period {0.6, 0.8, 1, 1.2, 1.6} ms

MP.period {4, 6, 8, 10, 12, 14, 16, 20} ms
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For the configuration of the DQN network, the parameter settings are based on the
common parameters of neural network design. We use three fully connected hidden layers
deployed together with the input and output layers. The size of the hidden layer is 1024. We
set the maximum deadline time slot length to 200 as the input and output size. The batch
size is 64, the discount factor is 0.99, the learning rate is 0.001, the epsilon of the random
greedy algorithm is set to 0.9, the drop parameter is 0.995, and the reward weights r1 and
r2 are set to 0.3 and 0.7.

5.2. Baselines and Evaluation Metrics

To comprehensively evaluate the effectiveness of the proposed A-TSN framework,
we compare it against several state-of-the-art scheduling algorithms for time-sensitive
networking. The baseline methods are selected to cover both traditional heuristic-based
scheduling for periodic flows and recent deterministic approaches for burst flows.

1. HSTCS : HSTCS integrates the TAS and CQF mechanisms for periodic flow scheduling.
Specifically, it employs TAS for high-priority flows and CQF combined with an
enhanced simulated annealing algorithm to determine injection time slots for medium-
priority flows [29].

2. D-TSN: D-TSN is a baseline scheduling framework designed for burst flow scheduling
in TSN. It applies deterministic scheduling principles without deep reinforcement
learning, utilizing static slot allocation and deadline-based prioritization to ensure
end-to-end delay guarantees for burst flows [25].

The subsequent experimental results evaluate the proposed two-stage A-TSN frame-
work in detail. Specifically, the DQN-DITS algorithm is compared against traditional
periodic flow scheduling baselines to demonstrate its advantages in scheduling success rate
and latency reduction for static periodic flows. Meanwhile, the DDO algorithm is evaluated
against the D-TSN baseline to validate its effectiveness in scheduling dynamically arriving
burst flows with strict deadline guarantees.

5.3. Results and Analysis

This section presents the experimental results evaluating the proposed A-TSN frame-
work. We analyze the performance of DQN-DITS for static periodic flow scheduling
and DDO for dynamic burst flow scheduling. Furthermore, we discuss the framework’s
robustness under flow variations and its scalability.

The DQN-DITS algorithm is designed to schedule multiple types of time-sensitive
periodic flows. Within each hybrid scheduling period, a subsequent periodic flow is
scheduled only after the preceding one has been injected and allocated to its time slot.
Consequently, the flow sorting strategy plays a crucial role in determining the scheduling
success rate and the maximum number of schedulable flows.

To evaluate this impact, four sorting methods were compared, as illustrated in Figure 4.
Periodic flows were sorted based on (i) packet length (descending order), (ii) period (ascending
order), (iii) deadline, and (iv) randomness. The results indicate that sorting flows by packet
length in descending order enables the scheduling of the largest number of MP flows, sub-
stantially outperforming sorting by period. This superiority arises because assigning smaller
packet flows earlier preserves bandwidth availability and buffer capacity, thereby enhancing
injection slot flexibility and enabling more flows to be scheduled within the period constraints.

Furthermore, we compare DQN-DITS with state-of-the-art periodic flow scheduling
mechanisms. The HSTCS approach integrates TAS and CQF, where TAS handles HP flows,
while CQF, combined with an enhanced simulated annealing algorithm, schedules MP
flows. In contrast, DQN-DITS employs a Deep Q-Network to allocate injection time slot
offsets dynamically within each period.
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Figure 4. Comparison of different flow ordering methods on the maximum number of schedulable
MP flows in the DQN-DITS algorithm.

As shown in Figure 5, DQN-DITS significantly outperforms HSTCS, achieving up to
300 schedulable MP flows, representing a 160% improvement over HSTCS. This perfor-
mance gain is attributed to the DQN’s learning-based slot allocation strategy, which adapts
to flow characteristics and network states in real time to optimize scheduling decisions.
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Figure 5. Comparison of the maximum number of schedulable MP flows between different injection
methods under different network loads.

Additionally, we compared DQN-DITS with HSTCS, FITS, and Tabu search algorithms
under identical network configurations and flow parameters. The experiments, repeated
100 times on a simulated network with 10HP flows and 260–290MP flows, yielded the
results shown in Figure 6. DQN-DITS achieved a consistent 100% scheduling success rate
across all trials.
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Figure 6. Scheduling success rates of different algorithms in mixed periodic flows.

These results demonstrate that the proposed DQN-DITS algorithm effectively maxi-
mizes the number of schedulable periodic flows while ensuring zero scheduling failures.
Its reinforcement-learning-based approach dynamically adapts injection slot allocations to
varying traffic demands, outperforming heuristic or optimization-based baselines in both
success rate and scalability. Moreover, its low computational complexity renders it suitable
for real-time TSN scheduling applications.

This section evaluates the performance of the proposed DDO algorithm compared to
the latest burst flow scheduling algorithm, D-TSN. The experiments simulate burst flow
scheduling both before and after periodic flows are processed by DQN-DITS.

As illustrated in Figure 7, when the number of MP flows is around 300, the DDO
algorithm maintains nearly a 100% scheduling success rate. As the number of MP flows
increases further, the scheduling success rates of both algorithms decrease; however, DDO
consistently outperforms D-TSN, achieving approximately a 15% higher success rate under
high load conditions. Furthermore, when combined with DQN-DITS pre-processing,
the DDO algorithm maintains a performance improvement of nearly 10% in the proportion
of schedulable flows compared to D-TSN, as shown in Figure 7.
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Figure 7. Comparison of schedulable burst flow ratios under DDO and D-TSN algorithms.
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We also compare the scheduling delay performance of DDO and D-TSN. Figures 8 and 9
show the average time slot delay of MP flows scheduled by the two algorithms. After DQN-
DITS processing, the DDO algorithm reduces the average scheduling delay of MP flows
by approximately 40 time slots compared to D-TSN. This improvement is attributed to
the maximum waiting delay constraint enforced during the DDO queuing process, which
limits queuing latency and ensures timely flow transmission.
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Figure 8. Average scheduling latency with DQN-DITS pre-processing.
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Figure 9. Average scheduling latency of without DQN-DITS pre-processing.

The superior performance of DDO arises from its dynamic deadline adjustment mech-
anism, which prioritizes burst flows based on both their urgency and the current network
state. Unlike D-TSN’s static slot allocation, DDO adaptively reallocates slots in real time, en-
suring more flows are scheduled within their deadlines while reducing scheduling delays.
Overall, these results demonstrate that DDO effectively enhances both the schedulability
and timeliness of burst flows in mixed TSN traffic environments.
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6. Conclusions
This paper proposes a two-stage asymmetric flow scheduling framework with dy-

namic deadline control, termed A-TSN, to address the challenges of deterministic trans-
mission in asymmetric industrial network environments. In the first stage, the DQN-DITS
algorithm leverages deep reinforcement learning to optimize injection slot allocation for
periodic flows based on their deadline requirements. In the second stage, the DDO al-
gorithm adaptively schedules both periodic and burst flows by dynamically updating
their transmission priorities. Simulation results validate that the proposed architecture
effectively achieves low-latency hybrid flow transmission, increases the successful schedul-
ing rate of periodic flows, and ensures timely, wait-free delivery of burst traffic. These
results highlight the potential of A-TSN in advancing deterministic communication for
Industry 5.0 applications and provide a foundation for future research in intelligent TSN
scheduling under mixed-traffic scenarios. In future work, we aim to explore the scalability
and adaptability of the A-TSN framework in larger and more dynamic industrial network
environments. Further research will focus on enhancing the hybrid scheduling mechanism
to accommodate evolving traffic patterns and real-time network conditions. Additionally,
we plan to investigate the integration of machine learning and optimization techniques to
improve the performance and efficiency of TSN-based systems in Industry 5.0 applications.
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