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Abstract—The growing demand for ultra-reliable low-latency
communication (URLLC) in real-time and mission-critical ap-
plications necessitates more rigorous deterministic networking
(DetNet) in network traffic engineering. However, DetNet still
struggles with routing optimization ensuring efficient resource al-
location under growing quality-of-service (QoS) requirements. To
address this issue, we propose a multi-agent deep reinforcement
learning (MADRL)-based multipath routing method for effective
flow scheduling in DetNet. Specifically, we design a novel partially
value decomposition (PVD) and twin delayed deep deterministic
policy gradient (TD3) algorithm, termed PVD-TD3. The proposed
algorithm decomposes the joint action-value function within the
neighborhood of each agent, thus enhancing scalability and
minimizing communication overhead. Additionally, we introduce
a latency-oriented weight calculation mechanism to assess the
importance of each agent, enabling the weighted aggregation of
value functions and improving adaptability to DetNet. Experi-
mental results demonstrate that our proposed PVD-TD3 algo-
rithm significantly outperforms benchmark methods. Compared
to the average performance of the baseline methods, PVD-TD3
reduces the end-to-end (E2E) delay by 48.03% and the packet
loss rate by 22.91%.

Index Terms—Deterministic networking, multi-agent deep re-
inforcement learning, multipath routing.

I. INTRODUCTION

Critical applications such as autonomous driving and Indus-
trial Internet of Things (IIoT) pose huge challenges for ultra-
reliable low-latency communication (URLLC) [1]. To meet
the strict real-time requirements, deterministic networking
(DetNet) emerges as the key solution. Traditional DetNet
can guarantee deterministic flow transmission and meet ultra-
low latency demands for time-sensitive applications, but it
requires carefully optimized routing methods. This is because
routing optimization plays a critical role in mitigating end-
to-end (E2E) delays caused by deterministic flow conges-
tion, dynamic traffic, and link failures, ensuring the net-
work meets stringent quality-of-service (QoS) requirements,
including delay constraints and bandwidth constraints [2].
Delay constraints ensure that data packets are transmitted
within an acceptable time frame, which is crucial for time-
sensitive applications such as real-time communications and
video streaming. Bandwidth constraints, on the other hand,
guarantee that the network can handle the required data rates,
preventing congestion and ensuring sufficient capacity for
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high-throughput services [3]. However, routing optimization in
DetNet requires precise resource allocation under strict latency
and bandwidth constraints, while maintaining consistent ser-
vice quality across the network. Although traditional protocols
such as open shortest path first (OSPF) [4] and routing infor-
mation protocol (RIP) [5] offer predefined solutions, they often
face challenges in adapting to dynamic network conditions,
leading to suboptimal routing performance.

To address these challenges, deep reinforcement learning
(DRL) has emerged as a promising approach for routing
optimization [6]. Through continuous interaction with the
environment, DRL enables the network to dynamically learn
and adapt optimal routing strategies. Recent studies demon-
strate that DRL is highly effective in optimizing routing and
improving network performance under dynamic conditions.
For instance, Mai et al. [7] applied DRL for in-network load
balancing, where distributed switches optimize load distribu-
tion in real-time using local observations and a centralized
critic. Similarly, Wang et al. [8] investigated DRL-based
probabilistic cognitive routing in software-defined networks
(SDN), utilizing OMNeT++ and P4 for simulation and real-
world evaluation. In addition, Xiao et al. [9] introduced a
general problem formulation and the RL4Net framework,
enabling rapid prototyping and evaluation of DRL algorithms
to minimize network delay.

Building on these advancements, several studies have further
applied DRL techniques to optimize routing in DetNet, where
the focus shifts to meeting stringent constraints such as low
latency, high reliability, and minimal packet loss. To address
multiobjective routing and scheduling in DetNet, Yang et al.
[10] proposed a multipolicy DRL framework with multistrat-
egy optimization and graph convolutional networks to improve
schedulability, resource utilization, and generalization. Chen
et al. [11] focused on packet survival time in IP networks to
meet delay-sensitive networking requirements. Similarly, Liu
et al. [12] introduced the OdIR framework, which combines
real-time network state awareness with an improved deep
deterministic policy gradient (DDPG) algorithm to reduce
overhead and enhance QoS in deterministic networks.

Building on the advancements in DRL-based routing opti-
mization for DetNet, the above studies have proposed various
algorithmic and structural improvements to enhance network
performance. However, most of these approaches rely on
single-path routing, which overlooks key factors like load
balancing and congestion control. To address these limitations,
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multi-path routing has been suggested as an effective strategy
in DetNet, allowing for better distribution of traffic across
multiple paths and thus improving network robustness and per-
formance [13]. As multi-path routing gains attention in DetNet
research, recent studies have begun to explore its integration
with DRL to further optimize routing decisions. In this context,
Yu et al. [14] proposed a DRL-based flow scheduler for mixed-
criticality DetNet flows, using a branching dueling Q-network
(BDQN) to optimize routing and scheduling. The method im-
proves scheduling scalability and efficiency, with evaluations
showing better performance of multi-path scheduling over
single-path scheduling in terms of schedulability. However,
lacking multi-agent deep reinforcement learning (MADRL),
their approach cannot support the decentralized decision-
making needed to coordinate agents in large-scale networks,
which limits its scalability. Although another work by Xiao
et al. [15] pioneered advancements in multipath routing with
MADRL by introducing mechanisms for scalability and QoS
awareness, their method overlooks several constraints specific
to DetNet, such as delay bounds and packet loss tolerance.

In this work, we propose a novel MADRL-based approach
for multipath routing in DetNet. Specifically, we first formulate
a multipath routing problem to transmit deterministic flows in
DetNet under QoS constraints, which can optimize resource
allocation and improve load balancing. For agent design, we
introduce a constraints-aware reward function to effectively
schedule flows of varying types. To facilitate flow transmis-
sion in DetNet, we propose a MADRL-based partially value
decomposition (PVD) and twin delayed deep deterministic
policy gradient (TD3) algorithm, termed PVD-TD3. The PVD
method decomposes the joint action-value function within
the neighborhood of each agent, enhancing scalability and
reducing communication overhead. The integration of TD3
helps reduce overestimation bias, further improving learning
stability. Additionally, we introduce a latency-oriented weight
calculation mechanism to assess the importance of each agent,
improving adaptability to DetNet. We evaluate the perfor-
mance of PVD-TD3 compared to two MADRL-based methods
and two conventional methods. Extensive experiments demon-
strate that the proposed algorithm consistently outperforms
these benchmark approaches. Compared to the average per-
formance of the baseline methods, PVD-TD3 reduces the E2E
delay by 48.03% and the packet loss rate by 22.91%.

The rest of this paper is organized as follows. Section II
introduces our system model. Afterwards, Section III describes
our problem formulation for routing optimization and the
agent design. Section IV explains our proposed algorithm.
Then, Section V evaluates the performance of our proposed
algorithm. Finally, Section VI concludes this paper.

II. SYSTEM MODEL

We first introduce the multipath routing model in DetNet.
Then we give the delay and bandwidth constraints for deter-
ministic flows. The key notations in this section are listed in
Table I.

TABLE I
KEY NOTATIONS IN SECTION II
Par ters Description
N, M The number of switches and links
V,E,W The set of switches, links, and link weights

Un,s €m,y We,y, The n-th switch, m-th link, and the weight of e,
G The network topology graph

Pq,l. v The set of reachable paths from v; to v;

p{ji g The p-th reachable path from v; to v;

i The h-th deterministic flow at ¢

Ft The set of deterministic flows in network G at ¢
VE s Vb det The source and destination nodes of f}

)\’,’, The arrival rate of f ,:

The deterministic flow type of f;,(g g for HRT flows, s
for SRT flows)

€ € {€n s}

Lon, The service rate of router v,,
K The number of candidate paths
s The set of candidate paths of flow from v; to v
i
Xi The split ratio for ff
be k The split ratio for f,tL onp’, 4 &
’ Yh,sre’Vh.dst’
)\f}n The aggregate arrival rate at v,, at ¢
Sn The system capacity of router v,
T ; " bl
Pvn The packet loss probability on v,
ok The utilization of v,, at ¢
ijn The average queuing occupancy of v, at ¢
th & The E2E delay of k-th sub-flow for flow f};
Lo

Dyt The total E2E delay of deterministic flow f}
b

Din The infimum of th for any j;L c Ft
Dimax The supremum of fob for HRT flows

Dy .. The supremum of Df)ri for SRT flows

Be,, The bandwidth capacity of link e,,

A. Multipath Routing Model

To meet the stringent requirements of URLLC, we design
a deterministic flow transmission method incorporating multi-
path routing. In the considered DetNet system, we assume a
network with N switches and M links, each serving as both
an ingress and an egress node. Those switches are denoted
by V.= {vy, - ,vpn, - ,un}, among which lies a set of
directed links denoted by E = {e1, - ,€m, - ,enr}. Then,
the network topology is represented as G = (V,E, W),
while W = {we,, -+ ,We,,, " ,We, } represents the set
of link weights for each e,, € FE. Besides, we denote
the shortest path from switch v; to switch v; by P,
{Psoyo Py ,p‘ulj,lvj}, sorted in ascending order
based on the cost of pf , . Formally, the cost of pf ., is
defined as the sum of the link weights in W. We assume that
the communication network G is a strongly connected graph
where any pair of switches v;,v; € V(i # j) exist at least
one forwarding path. For simplicity, we assume that G' does
not contain loops, meaning there is exactly one directed link
between any pair of switches.

At each time step ¢, there is always one deterministic flow
f}tl arriving at each switch v,, € V, thus the total number of
flows is N. We denote the set of deterministic flows in G as
Ft={ft,- .-, &} Here, flow f} is defined as being
a source-destination pair from v}, . to v}, ;. characterized
by its arrival rate A}, and deterministic flow type &},. Based on
criticality in terms of delay requirement, we classify flows in
DetNet into two types, i.e., hard real-time (HRT, denoted by
&) and soft real-time (SRT, denoted by £g). Both HRT and

i,Vj
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Fig. 1. The multipath routing pattern of deterministic flows in DetNet. For
clarity, only one deterministic flow ffl is depicted. The flow f,tl has K =3
candidate paths and is split into three sub-flows (shown as green arrows)
according to the split ratios X} = {Xth,l’ X;L,27 Xz,:s}'

SRT flows are subject to delay bounds. However, the delay
bound for HRT flows is rigid, and any violation of this bound
could lead to catastrophic consequences. Consequently, the
scheduling policy must ensure that all HRT flows are trans-
mitted within their respective delay constraints. In contrast,
the delay bound for SRT flows is flexible, meaning that while
missing the deadline does not result in a failure, it may lead
to performance degradation. The service rate of router v, is
denoted by p,, and the link weight w,,, is defined as the
reciprocal of the service rate p,, at the link terminus.

At the beginning of deterministic flow transmission from
v; to v;, we choose the top-K shortest paths from Pv“v,
as the candidate paths, which is denoted as P,
(D0, 3Py o 2 Py i - Here, Kis deﬁned as
the number of candidate paths. When transmitting flow f7, it

is split into A sub-flows across candidate paths P/, .
h src? h,dst

based on the split ratio at vh,sm. The split ratio is represented
as X{ = {xb1, X Xk} Here, 0 < xf o < 1
and ZkK 1 X’;L r = L. Therefore, the arrival rate of each
sub-flow on the path P , is obtained by xj, A}

Vh, byuvh dst? :
Particularly, when K > |P, Wt ;rc’“h,,dsf|’ we have Xpe = 0,

for k' € (|Pvi,src’vi,dst|’K]' Note that flows split only once
at the source node, and no further splitting occurs at transit
routers during a time step. The multipath routing pattern of
deterministic flows in DetNet is illustrated in Fig.1.

We denote the aggregate arrival rate at v,, at ¢ by )\2 and
the system capacity of router v,, is denoted by s,,. Then, the
packet loss probability on v,, at ¢ is expressed as follows

¢ _ (d=pn)(pp)* 0
1= (ph)en
where p!, is the utilization of v,, obtained by A /u,. The
average queuing occupancy of v, at t is calculated as

t
Pn
ot ={ 1-r,
Un Sn
2

Notably, the propagation delay is neglected for E2E delay
calculations due to its negligibly small value. Based on the
packet loss probability P{f and the average queuing occupancy
O}, , the E2E delay of k-th sub-flow for flow f} is defined

(snt+1)(py) "

= (op)

Jf pt < 1,
o @
,if ph = 1.

as the sum of delay of all the routers on path p’,

t
Vh,sre'Vh,dst>

k: 9
expressed as

0.,
2 3

ta-ry O

Dyt =

Un epl +

U sre v, dst P

Thus, the total E2E delay of deterministic flow f} is calculated
by the weighted sum of end-to-end delays of each path
Pl , € P , given by

vy, wcv“h,d

Uh‘sr(ﬂvh,d,sf’

K
Dy = 3 XhiDisy “)
k=1

B. Constraints for Deterministic Flows

In DetNet, both E2E delay and link load are critical con-
straints that must be carefully managed to meet the perfor-
mance requirements of time-sensitive applications [14]. These
two factors play a crucial role in ensuring that the network
operates within the desired bounds, thereby maintaining the
reliability and efficiency of the system. Therefore, to account
for these constraints, we define the following two conditions
for flow ff as follows:

1) E2E delay constraints: The delay of a single flow is
limited. For HRT flow f} with & = g, the E2E delay
is strictly confined within a specified range. In contrast, for
SRT flow f} with & &g, the latency requirement is
comparatively less stringent. Formally, we have

C1: szn X fo < Dmara (SZ = SH)a (5)
C2: Dpin < Dyt < Dpr (&, = &5), 6)

where D,,;, is the lower bound of the E2E delay for all
deterministic flows. Additionally, D,,., and D3, . are the
upper bounds of the E2E delay for HRT and SRT, respectively,
with Do < D3 oo

2) Bandwidth constraints: The traffic load on any link e,,
must not exceed the allocated bandwidth capacity, which is
expressed as

C3:)\. <B.,, @)
where )\t denotes the aggregate arrival rate on link e,,, and
B, is the bandwidth capacity of link e,,.

III. PROBLEM FORMULATION AND AGENT DESIGN

We introduce a customized QoS utility function to assess
the performance of multipath routing in DetNet. The utility
function U* comprehensively considers the two metrics of E2E
delay and packet loss rate, expressed as

N N
> NDy; > NP

Ul=aq [1- 25— tap [1-=—— . ®)
Dty A >N
h=1 n=1

aq and «y, are scaling factors for the two main QoS metrics,
with g + o, = 1. D? is denoted as the maximum E2E delay
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of all flows at £. Then, the joint flow split ratio of all flows

is denoted by X' = {X?! --- X} ... X4}, forming the
optimization objective as
1 T
lim — Y U 9
mae i 7 2 U ©

st. C1,C2,C3,

where T' denotes the duration of the whole routing task.

The routing optimization problem is modeled as a partially
observable Markov decision process (POMDP), represented
bythetuple <N7S7A7P70aR77>'N: {L y Ty 3|N|}
represents the set of agents, S denotes the global state space,
and A = {af, -+ ,a;, -, afy,} is the joint action space. The
state transition probability is defined as P : Sx AxS — [0, 1].
O ={o, - ,0%, - ’Olt/\/\} represents the joint observation
space, and R = {r{,--- 7y, -+ ,7{yy} denotes the reward
function. The discount factor is ~. In our setting, each switch
is instantiated as an agent, with |N | = N, and agents
collaborate using a distributed learning approach to achieve
the optimization goal. At each time step ¢, upon receiving the
local observation o,,, agent n selects an action a,, and receives
a reward r, from the environment. The local observation
then transitions to o/, at the next time step. We denote the
discounted cumulative reward for agent n at ¢ by GY,, which
is expressed as

T
t 71 t -+t
G = Jim, 2, 9"

where - balances the immediate reward and the future rewards.
The detailed observation, action, and reward function are
defined as follows.

(10)

A. Observation
The observation of agent n at time step ¢ is denoted by of,,
which can be expressed as

t t t t t t
Op = {Uh,dsfm )‘hv Hha Lh,? Eh} |’Ut

h,src

Y

where v} ., represents the destination node of flow f/, and A\,
denotes the arrival rate of fi (with v}, ... = vy). The first two
components inform agent n where the current flow f will be
forwarded and how much traffic will be on the candidate paths.
The third component, Hf = {H} |-+, Hj .-+, Hf x}, is
the set of hop counts for each candidate path of f}, guiding
preference of the agent for flow distribution on candidate
paths. Lj, = {L} ,,---, L} ;, -, Lj, i} represents the aver-
age link utilization for p/, ., at the previous time step.
hysre’Vh,dst)™

This incorporates historical information to enhance network
performance by considering previous link utilization patterns.
Formally, we have Lj , = >~ ) AL, /Be,,, where & .
is the set of all links on path p’, .

Uﬁ,sTc”Uh,dst’

indicates the deterministic flow type of f/, enabling the agent
to formulate different strategies for different types of flows.
Thus, the cardinality of of, is 2K + 3.

=vp)

em €y,

.- Finally, &

ntl

0 L — D, (HRT flows)

Dmax

Dmin

Df,f (SRT flows)

S
Dmin D'max Dmax

t

1, Variations for

Fig. 2. Illustration of the constraints-aware reward function 7
HRT and SRT flows.

B. Action

The action of agent n is the split ratio of flow f} entering
the DetNet at v,,, which is expressed as

t
’thKH“Z,mﬂn' (12)

t _ t __ t t
an*Xh*{Xh,la"' y Xhoks """

Then, the cardinality of af, is K, where K is the number of
candidate paths as defined in Section II. Since any X} , € a!, is
a real number within the range [0, 1], the action spacé remains
continuous.

C. Reward Function

The raw reward of agent n at time ¢ is decoupled from the
overall utility function U*?, which is expressed as

wt t t
n = Qdly g+ apr (13)

r n,p

where 7}, y =1~ Dy / Dt denotes the normalized E2E delay
of agent n, and rflyp =1 — P! denotes the normalized packet
loss rate. We design the constraints-aware reward function
r! based on the E2E delay constraints for HRT and SRT
flows. For all deterministic flows, when the delay constraint is
satisfied, 7!, = r}; otherwise, r, = 0. Specifically, for SRT
flows, when Dy falls between Diqp and DS . rt decreases
linearly until it reaches 0. Fig. 2 illustrates how the value
of r! varies. Since our routing problem involves distributed
communication among agents, we model the optimization
framework as a general-sum Markov process [16].

IV. ALGORITHM DESIGN
A. Workflow of the Proposed Algorithm

To balance multi-agent collaboration and independence,
we introduce the value decomposition (VD) method [17] to
decompose the global value function into local ones. However,
current VD methods face challenges in large-scale systems
due to the increased computational complexity of global
value aggregation and communication overhead. Toward this
problem, we design a novel PVD method that integrates value
functions within the neighborhood of each agent, reducing
both communication and computational burdens. Despite its
advantages, PVD struggles to handle continuous action spaces
and still faces challenges with learning stability and value
overestimation in large-scale systems. To solve the issues, we
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Fig. 3. TIllustration of the designed MADRL-based PVD-TD3 algorithm for
multipath routing in DetNet.

integrate the TD3 [18] algorithm with the PVD method. TD3 is
a deterministic reinforcement learning algorithm designed for
continuous action spaces, incorporating twin critics to reduce
overestimation bias and implementing delayed policy updates
to enhance learning stability. This combination allows PVD to
handle continuous actions more effectively while improving
the overall learning robustness in large-scale systems.

Building on the TD3 algorithm and PVD method, we design
a MADRL-based PVD-TD3 algorithm, as illustrated in Fig. 3.
In DetNet, each router is modeled as an agent with two actor
and four critic networks. Specifically, the online critic net-
works Qg, , and Qg, , , and the online actor network ,, are
initialized with parameters 601 ,,, 02 ,,, and ¢,,, respectively. The
corresponding target networks are initialized as 0’1,n — O,
05, < 02.n, and @}, < ¢y,. For critic networks, Qq, , (0}, a,)
approximate the expected cumulative reward, which represents
the expected return after taking a particular action in a given
state. Formally, Qy, , (of,, al) can be defined as:

Qo, ., (0}, al,) = E[G}]. (14)

By learning the Q-value, the objective of PVD-TD3 algorithm
is to maximize these expected cumulative rewards, thereby
optimizing the policy selection. Our method adopts a mixed
cooperative approach, leveraging distributed learning through
inter-agent communication during the training phase.

At the start of each episode, agents interact with the
environment, forming transition tuples (of ,al rt ottt D),
which are stored in the replay buffer B,,. Here, D! represents
the E2E delay Dy (with v}, .. = vy), and o}, denotes the
observation at the next time step. After collecting sufficient
experience, agents update their networks at the end of each
episode. The training process consists of N, episodes, each
comprising N time steps. During training, agent n samples
a mini-batch of B transitions from B5,,, and evaluates the
current policy with the online critic networks Qg, , (0}, al,)
for + = 1,2. Then, the target critic networks compute the

W,
= =
=) mm (oA 3

Fig. 4. The region V;, of value function decomposition for agent n (shown
in yellow area).

target action-value function Qqr (0ht', alf!), where alt" is
produced by the target actor network with olt1. Subsequently,
agent n computes the minimum target action-value function
Qg}“f(off L at*1) within the two target critics.

Before updating the neural network parameters, we first
apply the PVD method. Unlike the conventional VD method,
which decomposes the value function for all agents, this
approach decomposes the value function within the one-hop
neighborhood of each agent. Formally, the region of value
function decomposition for agent n is denoted as V,,. The
region V,, is illustrated in Fig. 4. Since the behavior of an
agent is typically influenced by the other agents within its
neighborhood, the PVD method decomposes the action-value
function within a local neighborhood, which not only more
accurately reflects the local environment but also enhances
computational efficiency and system scalability.

To achieve this, we first design a latency-oriented weight
calculation mechanism to assess the importance of each
agent based on E2E delay D! . This approach ensures better
adaptation to the DetNet environment from a global net-
work perspective. The agent weights are denoted as Qf, =
{wi,  wp, o, Wy}, where the weight wy, for each agent

is computed as

‘ D;, - D,
“n ! 6 Dmax - Dmin ’ (15)
Here, D,, represents the average E2E delay of agents in V,.
The factor 8 € (0,1) controls the balance between agents,
where a smaller 8 reduces disparities in weights, while a
larger S promotes equal weighting among agents. The main
assumption we make and exploit in PVD is the joint action-
value function for the region V;, can be additively decomposed
into value functions across agents:

At t At
Q=D wQn

Vn €V

(16)

where Q! is the action-value of agent n, and Q! is the

processed action-value after applying the PVD method.
Following the PVD method, the minimum processed action-

value function Q;T:(ofl“, at*1l) from the two target critics is
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Algorithm 1 The Proposed PVD-TD3 Algorithm

1: Initialize the online critic networks Qp, ,, and Qg, ., the online
actor networks g, with parameters 61 ., 02, and ¢,,. Initialize
the target networks 0 ,, < 01,5, 05, < O2.n, ¢, < ¢n, and
the replay buffers B, for all agents;

2: for episode i = 1 to N. do

3:  for time step t = 1 to N5 do

4: for agent n = 1 to |N]| do

5: Sample mini-batch of B transitions from B,;
6: Compute Q, ,, (05, ay,) and Qor (ot+1 al™);
7: Qmm( i+l aff'l) = min;=1,2 ng (of,al);
8: end for

9: for agent n =1 to [N do

10: Calculate Qf, = {w!, -, wh,--- ,wrm} by (15);
11: end for

12: for agent n =1 to [N do

13: Calculate Q"””( i1 bt and Qgi,n(o’;, at) by (16),

and calculate Yt by (17);

14: Update online critic networks by (19);

15: if ¢ mod d then

16: Update online actor network by (20);

17: Update target networks by (21);

18: end if

19: end for
20:  end for
21: end for

utilized to compute the target action-value function y!,, which
can be expressed as:

t+1 t+1
Yh = o+ Q5 (0 agt).

It should be noted that we learn action-value function by
backpropagating gradients from the Q-learning rule using the
weighted local reward 7! through the summation, without
relying on any reward specific to the individual agent. Here,
7t is the weighted summation of the rewards for all agents
within V,,, which is expressed as

E Wyt

v €EVy

A7)

(18)

After obtaining the target action-value function y!,, we utilize it
to update the online critic networks, thereby refining its estima-
tion of the action-value function. The temporal difference (TD)
error is used to quantify the discrepancy between the current
action-value function Qgim(oz, a!)) and the target action-value
function y%. By minimizing the TD error, we update the
parameters of the online critic networks. Specifically, the critic
networks are optimized by minimizing the mean squared error
(MSE), which is formulated as follows:

01 argming, NS0 (o)~ Qo (ohuat)) . (19

Upon updating the online critic networks, the online actor
network is then updated by utilizing the online critic networks
estimates. The objective of optimizing the actions selected
by the online actor is to maximize the action-value function
predicted by the online critic networks. Periodically, the online

actor is updated with a delay of d time steps relative to the
online critics, using the deterministic policy gradient:

t t
Ve, d(on) = N|™ Zvat Qo,.n (0L, al) a;v%an.
Subsequently, all the target networks are updated. Specifically,
the parameters of the target networks are updated towards the
parameters of the online networks with a certain ratio, typically

using a small update step size:

(20)

9; n 7'91',” + ( 7—9; n)
¢n < T¢n + (1 - T¢n)7

where 7 is the soft update coefficient, controlling the balance
between fast adaptation and stability. After the target networks
are updated, the agent continues to interact with the environ-
ment, progressing to the next time step. Through this process,
the agent continually collects new experiences, which are then
used to optimize the performance of both the actor and critic
networks. Simultaneously, the agent refines its policy through
ongoing exploration and learning, aiming to enhance overall
performance. The pseudocode for the PVD-TD3 algorithm is
presented in Algorithm 1.

ey

B. Computational Complexity

In our proposed PVD-TD3 algorithm, the computational
complexity mainly depends on the optimization of critic
and actor networks. As shown in Section III, the input and
output dimensions of the actor network 7y, —are 2K + 3
and K, respectively. For the two critics Qy, ,, the input
dimension is 3K + 3, while the output dimension is 1.
Considering that fully connected layers are employed for
all hidden layers in the networks, we define the number of
hidden layers in the actor and the two critics as Hy, and
Hy, ,, respectively. Furthermore, the number of neurons in
the h-th hidden layer of the actor and the two critics are
denoted as Yy, » and Yy,  pn, respectively. According to the
proposed algorithm PVD-TD3, the computational complexity
of each actor network at any training time step ¢ is O(Cy, ) =
O((QK + 3)Y¢"71 + ZhH:ml‘_l Y¢n,,hY¢,,,h+1 + KY@“H%L).
Also, the computational complexity of both two critics for
each agent at any training time step is O(Cy, ,,) = 20((3K +

3o, + Snes” Yo 4, ner + Yo, m, ). Finally,
the computational complex1ty of the optlmlzanon phase is

O(N, (N5 Zlm Co, . + ZWI Cs,))- The linear scaling
of the computat10nal complex1ty, with respect to the number
of agents |\, the number of episodes N, and the episode du-
ration /N, demonstrates its scalability to large-scale networks.

V. PERFORMANCE EVALUATION
A. Experimental Setting

The experiment is conducted using the NetworkX li-
brary [19] for network topology generation. As illustrated in
Fig. 5(a), NSFNET (13 nodes, 30 links) is the default topology
to form the network in the experiment. At each time step t,
the arrival rate A of flow ff follows a Zipf distribution with
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(a) NSFNET (b) InternetMCI (c) Sunet

Fig. 5. Illustration of the NSFNET, InternetMCI, and Sunet topologies.

rates {500, 550,600} packets per second (packets/s), where
the average traffic arrival rate, denoted by At is 550 packets/s.
Here, the packet size is fixed at 100 bytes. The service rate
wn of each router n is sampled from a discrete distribution
of {1000,2000, 3000} packets/s. Each router has a system
capacity s,, of 10,000 packets, and the number of candidate
paths K is set to 3. The E2E delay bounds for different flow
types are set to D, = 0, Dyper = 46, and D;?mw = 50 ms,
respectively. These delay requirements are fine-tuned based
on the preliminary QoS metrics in the default scenario. The
bandwidth B, , for all links is uniformly set to 2.4 Mbps.

The training process consists of N, = 15k episodes, each
containing N, = 50 time steps. The scaling factor oy and
are set to 0.7 and 0.3, respectively. The importance factor /3
is set to 0.4 by default. The soft update coefficient 7 is set to
0.005, and the delay of the soft update is set to d = 2 time
steps. The learning rates for the actor and critic networks are
setto l, = 2 x 107% and I, = 5 x 10~?, respectively. Both
networks have two hidden layers with 64 and 32 neurons. The
discount factor v is set to 0.9, and a dropout rate of 0.3 is
applied to mitigate overfitting. The replay buffer size |B,,| is
10000 and the mini-batch size B is set to 256.

We compare the performance of the proposed PVD-TD3
algorithm against two MADRL-based algorithms and two
traditional routing protocols, detailed as follows:

o Multi-Agent TD3 (MA-TD3) [18]: A deterministic
MADRL approach employing decentralized training and
execution (DTDE). In this method, agents update poli-
cies based only on local information, without inter-agent
communication.

e Multi-Agent Deep Deterministic Policy Gradient (MA-
DDPG) [20]: Another DTDE-based MADRL method,
built upon the DDPG algorithm.

+ Equal-Cost Multi-Path (ECMP) [21]: A traditional rout-
ing solution that splits traffic evenly across shortest paths
with equal costs.

o Load Balancing (LB) [22]: A method that distributes
traffic evenly across all available candidate paths.

For all benchmark methods, the environment settings remain
consistent with the default configuration. The learning rates for
the actor and critic networks are adjusted to [, = 1 x 1076
and [, = 5 x 1076 for MA-TD3, and I, =5 x 10”7 and I, =
1 x 1075 for MA-DDPG. To demonstrate the applicability of
the PVD-TD3 method, we employ two additional topologies,
i.e., InternetMCI (19 nodes, 66 links) and Sunet (26 nodes,
62 links), depicted in Fig. 5(b) and 5(c). The corresponding
E2E delay bounds are set to D, = 33 ms and DS =36
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Fig. 6. Convergence performance of the proposed PVD-TD3 algorithm in
terms of (a) actor loss, (b) critic loss, (c) QoS metrics, and (d) reward on
NSF. The results are averaged over 5 independent runs.

ms for InternetMCI, and D,,,, = 57 ms and D2 = 65 ms
for Sunet, reflecting their distinct network requirements, while
D,nin = 0 in both cases.

B. Experimental Results and Analysis

To provide a comprehensive evaluation of the proposed
PVD-TD3 algorithm, we consider several key performance
indicators (KPIs), including actor loss and critic loss discussed
in Section IV, reward and the two QoS metrics outlined in
Section III. These KPIs are assessed based on the average
values of their single-agent counterparts across all agents at
each time step. Specifically, the average reward and the two
normalized QoS metrics (i.e. normalized end-to-end delay and
normalized packet loss rate) at time ¢ are denoted as 7, 7} and
77;,. We evaluate PVD-TD3’s performance using two general
QoS metrics: normalized E2E delay reward 7, and normalized
packet loss rate reward Ff). A higher delay reward 7 reflects
better network delay optimization, while a higher packet loss
reward 7’_; reflects better optimization of packet loss rate. All
the results are averaged over five independent runs for each
of the five methods.

1) Convergence: Fig. 6(a)-(b) illustrate the average actor
loss, critic loss, QoS metrics and reward achieved by our
proposed PVD-TD3 algorithm on NSFNET with 5 indepen-
dent runs. As illustrated in Fig. 6(a), the actor loss exhibits a
rapid decrease during the early stages of training, signifying
the agent’s swift enhancement in selecting actions associated
with higher Q-values. The subsequent slight fluctuations reflect
the ongoing trade-off between exploration and exploitation
as the agent fine-tunes its policy. Eventually, the actor loss
stabilizes and converges to a value of approximately —2.4,
indicating that the policy has reached a confident and near-
optimal state. In Fig. 6(b), a similar trend is observed for the
critic loss, which experiences a sharp decline during the initial
training phase, followed by a reduction in variance as the loss
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Fig. 7. The E2E delay ffi ,, and packet loss rate Ff,yn performance of PVD-
TD3 and baseline methods on three typical topologies.

approaches zero. This behavior aligns with the expectation
derived from (19), where the critic loss is minimized to a
small positive value, suggesting an accurate evaluation of the
policy. As depicted in Figs. 6(c) and 6(d), the trends of the two
QoS metrics are consistent with the overall reward. In the early
stages of training, the overall reward increases rapidly as the
agent learns effective policies, which is reflected in substantial
improvements across both two metrics. Specifically, both 7
and Fzﬁ show the most significant improvement, ultimately sta-
bilizing at high levels. This suggests that the agent prioritizes
delay reduction while maintaining a well-balanced trade-off
between reliability and delay.

2) Scalability: Fig. 7(a)-7(f) present the results of three
different topologies in terms of 7, and ff,. The shaded areas
of PVD-TD3, MA-TD3, and MA-DDPG indicate the stan-
dard deviation among agents. Overall, PVD-TD3 consistently
outperforms the four benchmark methods. The relative E2E
delay is calculated as 1 — 7, and the relative packet loss
rate is calculated as 1 — Ff). Considering the average of all
the experiments in this part, PVD-TD3 approximately reduces
the relative E2E delay by 48.03% and the relative packet
loss rate by 22.91% compared to the average performance of
the baseline methods. Particularly, it demonstrates more stable
convergence compared to the two MADRL-based benchmark
algorithms. Then, the two traditional methods maintain rela-
tively stable performance with slight fluctuations, as they do
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Fig. 8. PVD-TD3’s normalized E2E delay Ffi and normalized packet loss
rate F; performance under different average arrival rates on NSFNET.

not involve a training process. Furthermore, across different
topology structures, PVD-TD3 continues to achieve superior
convergence values. This phenomenon indicates that even
on larger-scale topologies, PVD-TD3 provides better QoS
performance than other benchmark methods. To evaluate the
generalizability of the MADRL-based learning schemes, we
apply a consistent set of environment and agent configurations
across experiments involving our PVD-TD3 algorithm, MA-
TD3, and MA-DDPG, across three distinct topologies. In
this context, our proposed algorithm demonstrates superior
generalizability, performing effectively across topologies of
varying scales and structures. It is anticipated that, under
more complex environmental settings, particularly with larger
topological scales, our proposed algorithm will outperform
other MADRL-based benchmark methods in addressing the
multipath routing task for deterministic flows.

3) Stability: 1t is crucial to assess whether our proposed
PVD-TD3 algorithm can maintain its performance for deter-
ministic flows under varying network conditions. To this end,
we focus on evaluating the performance including delay and
packet loss rate of PVD-TD3 under different average arrival
rates, scaling factors, and E2E delay bounds.

Fig. 8(a) and 8(b) illustrate the QoS metrics 7 and 7},
achieved by PVD-TD3 under different average traffic arrival
rate over 5 independent runs on NSFNET. We adjust the
average traffic arrival rate ! as {450,500,550, 600,650}
packets/s. Network traffic intensity is influenced by user
demand and tends to fluctuate significantly over extended
time scales. As we expected, lower levels of 5\7,51 lead to
an increase in 74 and 7!, due to reduced traffic load. The
results of all five experiments show stable convergence in
the later stages, demonstrating that PVD-TD3 can effectively
transmit deterministic flows under stringent constraints across
varying levels of !, as reflected by low standard deviation
and consistent convergence. Although an increase in traffic
volume leads to some performance degradation, as anticipated,
our proposed algorithm consistently maintains satisfactory per-
formance for deterministic flows. This is demonstrated by its
successful convergence and low standard deviation throughout
the training process, even under varying traffic intensities.

Fig. 9(a) and 9(b) illustrates PVD-TD3’s performance on
NSFNET under different scaling factors for two QoS metrics
in terms of 7 and 7. In this experiment, we select scaling

563



IFIP Networking 2025 - Limassol, Cyprus - 26-30 May 2025

— ag=0.1,0,=0.9 0.50 — ay=0.1,0,=0.9

Normalized Packet Loss Rate 7,

£ 050
£ — @y=05a,=0.5 —— @y=0.5,0,=0.5
=045 — 4=09,0,=0.1 045 —— 2;=09,a,=0.1
0.40 0.40
0 3000 6000 9000 12000 15000 0 3000 6000 9000 12000 15000
Episode Episode
=t =t
(@) 7y (b) 7,

Fig. 9. PVD-TD3’s normalized E2E delay ffl and normalized packet loss
rate 'F; performance under different scaling factors on NSFNET.

o
9
@

M

—— {Dmaxs Doy} = {34,38} ms
—— {Dmax: Djax} = {40, 44} ms
— {Dmax Djax} = {46,50} ms

—— {Dmax, Do} = 134,38} ms
—— {Dmax, Diax} = 40,44} ms
—— {Drmax: Dy} ={46,50} ms

Normalized Packet Loss Rate 7,

3000 6000 9000
Episode

(a) 7

12000 15000 0 3000 6000 9000
Episode

o) 7,

12000 15000

Fig. 10. PVD-TD3’s normalized E2E delay Fg and normalized packet loss
rate Ff, performance under E2E delay bounds on NSFNET.

factors from the set ag {0.1,0.5,0.9}, with greater emphasis
on the E2E delay metric as aq4 increases. Correspondingly,
scaling factors ay, are set to {0.9,0.5,0.1}. The results of 7,
and Ffo consistently converges under different scaling factor
settings. Additionally, a larger a4 results in higher conver-
gence outcomes, as the latency-sensitive environment provides
positive feedback when greater attention is given to the
E2E delay metric for deterministic flows. This phenomenon
further highlights the strong compatibility of PVD-TD3 with
DetNet environments, thereby demonstrating its effectiveness
in optimizing performance under stringent delay constraints.
The algorithm’s adaptability to DetNet is primarily facilitated
by its latency-oriented weight calculation mechanism, which
prioritizes the crucial role of E2E delay in DetNet.

Fig. 10(a) and 10(b) present PVD-TD3’s performance on
NSENET in terms of 7 and Ff, across three different delay
bounds. The delay constraints {D,,qz, D> .} for HRT and
SRT flows are set to {34, 38}, {40, 44} and {46, 50} ms, while
Dinin is fixed at 0. As expected, increasing {D,az, D5 st
leads to higher 7, and FZ convergence outcomes, which can be
attributed to relaxed delay constraints. Notably, convergence
stability remains unaffected by varying latency constraints,
demonstrating the robustness of PVD-TD3.

VI. CONCLUSION

In this paper, we investigated a MADRL-based multipath
routing method for deterministic flows with E2E delay and
bandwidth constraints in a DetNet scenario. To enhance adapt-
ability, we proposed the MADRL-based PVD-TD3 architec-
ture, which decomposes the joint action-value function within
the one-hop neighborhood of each agent, utilizing a latency-
oriented weight calculation mechanism. Experimental results

showed that the proposed PVD-TD3 algorithm outperforms
two MADRL-based benchmark algorithms and two traditional
methods regarding E2E delay and packet loss rate. In future
research, we plan to conduct larger-scale simulations and
explore integrating techniques such as attention mechanisms.
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