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Abstract 

In the upcoming 6G era, inclusive intelligent services (IIS) that rely on integrated communications and AI 

arithmetic will become the norm. These services require efficient distributed intelligent learning or reasoning. 
However, with the proliferation of complex applications, providing differentiated and customized services through 

effective Network Function Chain (NFC) orchestration has become a significant challenge. In this paper, an 
adaptive NFC orchestration strategy (ANFCOS) for 6G IIS is proposed to minimize costs. In particular, a tailored 

NFC orchestration is optimized, catering to diverse quality of service requirements. ANFCOS models this process 
as a Markov decision process and multi-actor-attention-critic (MAAC) reinforcement learning method for solving. 

The strategy enables the deployment and operational cost optimization of multiple parallel NFCs, relying on a 
dynamic attention-shifting mechanism. Additionally, We introduced a reinforcement learning framework based on 

maximum entropy to enhance the MAAC for solving and demonstrate its convergence. Simulation results show 
that ANFCOS significantly improves the network performance of 6G intelligent services. Compared with MADDPG, 

DDPG and MCTS, the cost of orchestration was reduced by 8.2%, 22.1% and 28.6%; the total delay of 
orchestration was reduced by 7.7%, 12.7% and 10.8%. 
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Abstract—In the upcoming 6G era, inclusive intelligent ser-
vices(IISs) that rely on integrated communications and AI
arithmetic will become the norm. These services require efficient
distributed intelligent learning or reasoning. However, with the
proliferation of complex applications, providing differentiated
and customized services through effective network function chain
(NFC) orchestration has become a significant challenge. In this
paper, an adaptive NFC orchestration strategy (ANFCOS) for 6G
IIS is proposed to minimize costs. In particular, a tailored NFC
orchestration is optimized, catering to diverse quality of service
requirements. ANFCOS models this process as a Markov decision
process and multi-actor-attention-critic (MAAC) reinforcement
learning method for solving. The strategy enables the deployment
and operational cost optimization of multiple parallel NFCs,
relying on a dynamic attention-shifting mechanism. Additionally,
We introduced a reinforcement learning framework based on
maximum entropy to enhance the MAAC for solving and demon-
strate its convergence. Simulation results show that ANFCOS
significantly improves the network performance of 6G intelligent
services. Compared with MADDPG, DDPG and MCTS, the cost
of orchestration was reduced by 8.2%, 22.1% and 28.6%; the
total delay of orchestration was reduced by 7.7%, 12.7% and
10.8%

Index Terms—Inclusive intelligent services, Network function
chain, Adaptive orchestration, Dynamic attention mechanism,
Multi-Agent reinforcement learning.

I. INTRODUCTION

Future 6G mobile systems are anticipated to be a transfor-

mative evolution, focusing on extending intelligent services to
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every societal corner, i.e., delivering inclusive intelligent ser-

vices (IISs) [1]. An IIS originates from an array of intelligent

terminals and their collaborative learning. It is characterized

by diverse service functions, deep device interconnectivity that

leads to real-time dynamic service operations, extensive data

processing demands and stringent performance standards for

AI tasks. In this context, an adaptive network function chain

(NFC) orchestration strategy plays a critical role [2]. NFC

sequentially links various network functions in a specific order

to form a service chain. An orchestration strategy dynamically

allocates network resources in response to real-time network

changes, optimizing resource management and adapting to

varied service demands to meet rigorous performance met-

rics. [3]. In the context of 6G IISs, this strategy enhances

network adaptability for extensive data processing demands,

and guarantees the quality-of-service (QoS) of these services.

Combining adaptive NFC orchestration with edge computing

improves data handling and transmission [4].

Background: With the widespread application of 6G IISs,

the network will connect billions of terminals, leading to an

explosive growth in network equipment and services demands

[1]. Quickly sensing network changes and responding to user

needs from different terminals is essential but challenging [5].

At the same time, guaranteeing QoS and reducing orchestra-

tion costs through efficient resource management complicates

this challenge. However, it is a vital objective for cloud service

providers (CSPs). Therefore, orchestrating complex NFCs to

cater to the needs of IISs continues to pose a substantial and

intriguing challenge [6], [7].

Challenge: The integration of network function virtualiza-

tion (NFV), software-defined networking (SDN), and edge

cloud technology allows traditional network functions to be

deployed as software on servers [8]. NFC orchestration strat-

egy uses SDN to link virtual network functions (VNFs) in

sequence to meet service needs, enabling flexible resource

management and monitoring [9]. VNF-sharing technology

further enhances resource utilization and reduces costs by

allowing shared instances [10]. However, centralized VNF

deployment lowers costs but risks resource strain and degraded

QoS, while distributed deployment balances load at the cost

of higher deployment expenses [11], [12].

In 6G networks, collaboration across different network

function layers and resource domains is crucial, with VNFs

often having dependency or mutual-exclusion relationships,

such as protocol interdependencies (e.g., TCP/IP, HTTP and

FTP) and conflicting functions like firewalls and remote login

[13]. Adaptive NFC orchestration strategies face the following
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challenges:

1) Resource management: Resource management remains a

crucial challenge in the orchestration of NFC, not only

allocating resources efficiently but also addressing the

delay constraints of requests and the resource limitations

of devices and links [14]. How to efficiently reuse VNF

instances and fully leverage the idle resources of devices

in such extensive networks poses significant challenges.

2) Cost optimization: Cost reduction serves as a primary

incentive for CSPs to provide IISs. With VNF sharing

technology, some existing methods favor centralized de-

ployment to minimize costs but risk congestion [15],

while distributing VNFs eases device pressure but can

cause redundancy [16]. How to balance cost and load

remains a key challenge.

3) Cross-domain and cross-layer collaboration: Different

network functional layers and resource domains introduce

dependencies and conflicts among VNFs within an NFC

[17]. How to describe the implicit relations between

NFCs is still a challenge to complete 6G IISs in support

of cross-domain and cross-layer collaboration.

Motivation: Recently, deep reinforcement learning (DRL)

has demonstrated remarkable potential in addressing NFC

orchestration problems [18]. A notable branch, multi-agent

DRL (MADRL), excels at facilitating agent collaboration to

achieve shared objectives, making it particularly effective for

tackling complex VNF layout challenges [19]. In addition,

there have been studies integrating attention mechanisms in

DRL for solving the NFC orchestration problem, in terms of

decision accuracy and speed and showing significant improve-

ments [20]. Inspired by these advancements, we explore the

application of MADRL combined with attention mechanisms

to enhance the accuracy and efficiency of NFC orchestration

in complex environments.

Contributions: This paper introduces an innovative adap-

tive NFC orchestration strategy (ANFCOS) for 6G IIS, de-

signed to reduce operational costs and minimize end-to-end

latency in service requests. Utilizing a multi-actor-attention-

critic (MAAC) [21] framework within an edge cloud context, it

employs an attention mechanism to focus on key information,

revealing hidden relations between NFCs across different

network function layers or different network resource domains,

thus improving computational efficiency. ANFCOS models the

orchestration of NFCs as a Markov decision process (MDP),

thereby facilitating improved decision-making accuracy and

collaborative efficiency. The key contributions of this paper

are:

1) We study the problem of adaptive NFC dynamic orches-

tration of IIS across different network function layers

and resource domains in an edge cloud environment and

formulate it as an MDP problem.

2) We propose an adaptive MAAC-based NFC dynamic

orchestration strategy (ANFCOS) to guarantee low cost

and QoS. ANFCOS integrates an attention mechanism to

capture the association between NFCs, thereby improving

its the accuracy and efficiency.

3) We propose an action strategy optimization algorithm. It

optimizes the action space of the algorithm and reduces

the computational complexity of MAAC, making ANF-

COS more adaptable to the NFC orchestration problem

in large-scale networks.

4) We integrate the soft actor-critic (SAC) algorithm into

the MAAC framework to enhance the search capability,

and provide it with a detailed mathematical analysis to

demonstrate the reliable convergence of the ANFCOS

method.

We conduct extensive simulations and compare them with

the state-of-the-art approaches in the literature to demonstrate

the excellent performance of our proposed ANFCOS. These

simulations confirm that ANFCOS significantly exceeds these

benchmarks, compared with MADDPG, DDPG and MCTS,

ANFCOS reduces costs by 8.2%, 22.1% and 28.6%, and

orchestrates end-to-end delays by 7.7%, 12.7% and 10.8%

respectively.

The remainder of this paper is organized as follows. Section

II summarizes related work. Section III introduces system

model, including scenario description and formulation of the

NFC orchestration problem. Section IV introduces ANFCOS

in detail. Section V presents our simulation results compared

with other methods. Section VI gives the conclusion.

II. RELATED WORK

In this section, we briefly review representative NFC or-

chestration methods, attention mechanisms, and DRL. We also

explain the correlation between the above relevant methods

and this paper.

A. NFC Orchestration Strategies

The study of NFC orchestration issues has become a hot

research topic [22]. However, these studies have paid little

attention to the impact of VNF sharing mechanisms on differ-

ent policies and the interoperability of different VNF types in

cross-layer, cross-domain deployments.

Xu et al. [23] proposed an adaptive NFC deployment mech-

anism for the Internet of Things, leveraging deep Q-networks

(DQN) and tidal virtual machine (VM) control for scalable

VM management to optimize resource utilization while meet-

ing service requirements. Cao et al. [24] introduced an embed-

ding and scheduling method for SRs to meet maximum delay

constraints by perceiving physical device resource capabilities.

Yue et al. [15] developed a heuristic throughput optimization

and latency assurance (TO-DG) scheme, incorporating affinity-

based service function chain mapping and VNF tuning algo-

rithms. Bari et al. [25] analyzed VNF instance optimization

and placement to enhance operational efficiency and cost-

effectiveness while maintaining compliance with service level

agreements (SLAs) and device-specific preferences. Xu et al.

[26] explored NFC orchestration in cloud-edge collaborative

environments, proposing a multi-objective NFC deployment

model to balance industrial internet of things (IIoT) service

quality with resource utilization, addressing diverse service

demands and network complexities.

It is noteworthy that the above-mentioned studies, while

addressing the problem of VNF deployment in NFC coordina-

tion, lack consideration for the possibility that NFC may not



3

be deployed on the shortest path following VNF sharing, and

the issue of whether VNFs are centralized or dispersed across

the network. Discussions on the heterogeneity among VNFs

in cross-layer and cross-domain issues are limited. In contrast,

this paper discusses the close connection between devices and

VNF deployment from both perspectives.

B. DRL Methods

DRL has proven effective for dynamic combinatorial opti-

mization [27], but it faces challenges in large-scale networks

due to the need for frequent interaction, new data collection,

and retraining to adapt to diverse service requests, slowing

down training and complicating traditional DRL approaches.

Researchers have proposed DRL-based methods for on-

line NFC deployment. Haeri et al. [28] modeled the virtual

node embedding problem as an MDP and employed monte

carlo tree search (MCTS) to maximize infrastructure provider

profits, though its high complexity requires multiple passes

per request. However, this algorithm requires multiple passes

to find the solution for each request, which requires high

complexity. Gu et al. [29] developed a DDPG-based algorithm

to maximize network utility by considering edge computing

and NFC orchestration costs, but DDPG’s computational de-

mands limit its real-time applicability. However, as DDPG is

a computationally intensive algorithm, it may not meet the

real-time requirements in scenarios where rapid response is

needed. MARL, which decomposes large tasks into smaller

sub-tasks [30], has become popular for NFC orchestration due

to its ability to address NP-hard problems [31]. Zhu et al.

[32] introduced a MADDPG algorithm for optimizing NFC

deployment.

However, these methods often overlook the influence of

surrounding nodes’ resources on network state. DRL models

can differentiate the importance of neighboring nodes based on

their available resources, while attention mechanisms further

enhance resource selection and facilitate efficient neighbor

interactions [33].

C. Attention Mechanisms

Attention mechanisms have been widely used in machine

learning tasks due to their adaptability and effectiveness in

modeling dependencies. In recent deep reinforcement learning

research, attention mechanisms have been applied to address

scalability issues caused by dynamic agent interactions, and

facilitate information sharing between agents, thereby enhanc-

ing their cooperative capabilities.

Chen et al. [34] used Transformers to preprocess input

dimensions in reinforcement learning, addressing the issue of

dynamic agent numbers. While effective in adapting to varying

input sizes, this approach requires costly pre-training and does

not address multi-agent collaboration challenges. Xue et al.

[35] applied Transformers in the PPO algorithm toenables the

sharing of state information among all the agents via Trans-

former, but it is limited to cooperative environments where

agents share all parameters. Unlike the existing studies, our

considered scenario involves agents competing for resources

while collaborating on shared goals. Li et al. [36] introduced

a collaborative multi-agent deep reinforcement learning (CM-

DRL) algorithm, which shows strong efficiency and stability

in multi-objective balancing. our considered scenario, cost

optimization focuses on resource deployment through NFC,

rather than balancing multiple objectives. Therefore, our study

concentrates on optimizing the cost of deploying the network

function chain and does not address the trade-off between

multiple optimization objectives.

Attention mechanisms have also been increasingly used in

deep reinforcement learning, but most studies focus on data

processing before training or purely cooperative environments.

In NFV orchestration, however, NFVs both cooperate and

compete for resources. To address this, our method integrates

an attention mechanism into the Q-value calculation of the

critic network. By evaluating the state and action information

of other agents, it improves individual decisions and optimizes

the overall objectives under competitive settings.

Building on the insights from previous research, we delve

into the NFC orchestration problem within IIS contexts. Our

focus lies in optimizing VNF deployment costs in NFC

orchestration, taking into account the association between

VNFs and devices. We then implement adaptive orchestration

strategies using the MAAC approach in MARL. The input

space of the MAAC method scales linearly with the number

of agents, rather than quadratically, enabling effective handling

of a multitude of device requests in inclusive intelligent

scenarios. This method incorporates an attention model among

NFCs, allowing for the efficient identification and utilization

of crucial information pertinent to current NFC deployment

decisions, thereby optimizing deployment efficiency.

III. SYSTEM MODEL

In this section, the application scenario is delineated, where

the physical architecture of the edge cloud platform with

the model for service requests is presented. Subsequently,

we proceed to qualify the mapping rules between VNFs and

devices under the cross-layer and cross-domain configuration

of the cross-network system. Concurrently, the underlying

interconnections among VNF configurations are formulated

into the attention mechanism of the NFC. Culminating in the

development of a mathematical model, this framework ad-

dresses the orchestration challenges inherent in NFC. TABLE

I lists the notation used in the paper.

A. Scenario Description

This paper investigates a tripartite network architecture

depicted in Fig. 1. The apex tier, known as the application

layer, facilitates access to 6G IISs and seamlessly transitions

these into SRs. This process enables the elucidation of both

the requisites for requested resources and the demands for

VNFs. The nadir tier, or the edge cloud platform, executes

the deployment of VNFs in response to control commands.

Furthermore, it orchestrates these VNFs in accordance with

the sequence prescribed by the service request (SR), thereby

constituting an NFC. Each server within the network is capable

of hosting one or multiple distinct VNFs; moreover, a single

VNF has the capacity to process multiple requests originating
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TABLE I: Notation and Definition

Notation Definition

G The network weighted undirected graph

N The set of device nodes in network graph

L The set of links in network graph

n The device node in network graph, n ∈ N

lnm The link in network graph, lnm ∈ L

Ccom
n ,Cmem

n
The computation, memory resource capacity
on device n

Cbw
nm The bandwidth of link lnm

F The set of SR

f The index for each SR, f ∈ F
Vf The set of VNF in SR f

Lf The set of virtual link in f

vf The v-th VNF in SR f

lufvf The virtual link between vf and uf

Rcom
vf

, Rmem
vf

The computation and memory resource demand
of VNF vf

Rbw

lufvf
The bandwidth resource demand of SR f

P The set of all VNF type

p The index of type VNF

vf,p The type of v-th VNF in SR f

Fig. 1: Three-layer structure of SDN. γcomn and γmem
n repre-

sent the utilization of the computing and storage resources,

respectively. Dotted arrows represent data flow rules between

servers.

from VNFs of identical classification. The intermediary stra-

tum serves as the control layer, outfitted with both northbound

and southbound interfaces. Through the southbound interface,

this layer establishes a connection with the application layer,

thereby facilitating the conveyance of service request direc-

tives. Concurrently, via the northbound interface, it interfaces

with the edge cloud platform. This connection enables the ag-

gregation of essential network state data and the transmission

of control commands, which are pivotal for the meticulous

orchestration of NFC.

B. Physical Network Model

The network topology is mathematically modeled by G =
(N,L), where N delineates the set of physical servers and

L represents the ensemble of network links. It is posited that

within this network exist physical nodes n and m, such that

n,m ∈ N . The direct physical connection between these

nodes is symbolized by lnm, with lnm ∈ L, encapsulating the

relationship between any two given nodes within the network

framework.

Regarding network resources, denote Ccom
n , Cmem

n as the

computational capacity and memory capacity of device n

respectively, and Cbw
nm as the bandwidth resources of link lnm.

Moreover, let γcomn , γmem
n , and γbwnm to indicate the resource

utilization rates of computational capacity, memory capacity

and bandwidth capacity, respectively.

C. Service Request Model

Service requests (SRs) are manifested within the network as

NFCs, denoted the set of SRs as F , where each SR is indexed

by f ∈ F = {1, 2, . . . , F}. Each request f has VNFs set Vf
and virtual link set Lf that need to be deployed. It is posited

that within this SR exist VNFs vf , uf , such that vf , uf ∈ Vf .

The virtual connection between these VNFs is symbolized by

lufvf , with lufvf ∈ Lf .

Regarding resources requirements of SR f , denote Rcom
vf

,

Rmem
vf

as the computational and memory resource require-

ments of the VNF vf , respectively. Additionally, Rbw
ufvf

sig-

nifies the bandwidth requirement for the virtual link lufvf .

Each request is associated with a maximum tolerable delay Tf .

Furthermore, let the total VNF types set be P , and each type

of VNF is indexed by p ∈ P = {1, 2, . . . , P}, vf,p indicates

that the VNF type of vf is p.

D. Correspondence Rule Model between VNFs and Devices

To manage VNFs with dependencies and exclusions interact

across different network function layers and resource domains,

we’ve designed a rule for VNF deployment. In instances where

VNFs of types p and q, with p, q ∈ P , exhibit mutual exclusion

and thus cannot coexist on the same device, a binary variable

zp,q is utilized to delineate this constraint. Where, zp,q = 0
means types p and q VNFs can share a device, while zp,q = 1
indicates they cannot. zp,q helps us determine if a device n

can host a type p VNF, using another variable, δn,p.

δn,p =

{

1 if ∀q ∈ P, q ̸= p : zp,q · yn,q = 0

0 otherwise
. (1)

where yn,q is a binary variable, yn,q = 1 if the device n

has deployed q-type VNF, otherwise, yn,q = 0. Consequently,

when δn,p = 1 implies that the device n can deploy VNFs of

type p without any conflict. Otherwise δn,p = 0, it indicates

that deploying VNFs of type p on device n is not feasible, as

it would result in a conflict with other VNFs already deployed

within the network.
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E. Attention Model between NFCs

Due to the cross-domain and cross-layer collaboration, con-

flicts arise when deploying different types of VNFs on devices.

By establishing an attention mechanism between NFCs, we

can enable the network to adaptively identify those VNFs

that have the most significant impact on current network

performance, thereby resolving deployment conflicts more

efficiently and optimizing the collaboration between NFCs.

The attention calculation formula between f and f ′ is denoted

as Attf,f ′ :

Attf,f ′ = softmax

(

Wqefe
T
f
′WT

K√
dK

)

WV ef ′ , (2)

where ef and ef ′ embody the joint vector representations that

articulate the VNF deployment Strategy and the respective

network states about NFC f and f ′. These concepts are

elaborated upon in IV-C. projection W linearly transforms

the features of the input sequence, Wq ∈ R
|ef |×dK , WK ∈

R
|ef′ |×dK , WV ∈ R

|ef′ |×dK , Wq transforms ef into “query”,

WK transforms ef ′ into “key”, and WV transforms ef ′ into

“value”. For any two NFCs, this attention weight determines

the extent of influence or relevance they have on each other.

F. Mathematical Model for NFC Orchestration

The goal of the ANFCOS method is to minimize the

operational costs associated with the joint optimization of

VNF deployment and NFC embedding, while also reducing

the end-to-end latency post-NFC embedding. We define the

deployment cost M and resource cost Φ separately. The

deployment cost M varies with the type of VNF, denoted

V cost
p as the deployment cost of p-type VNF. The formula

for calculating M is given by

M =
∑

n∈N

V cost
p · δn,p · yn,p. (3)

Resource costs arise from using resources in both nodes and

links. Nodes balance network loads by reasonable distribution

resources to prevent bottlenecks. Simply put, using more

resources leads to higher costs. When resource utilization is

low, it’s more cost-effective to reuse VNF instances. Therefore,

when resource utilization is high the costs increase rapidly,

deploying new VNF instances becomes more economical than

reusing them. The calculation for the resource cost on nodes

n and link lnm is given by

ψnode
n =

∑

f∈F

∑

vf∈Vs

xn,vf (ϕ
com
n ·Rcom

vf
+ ϕmem

n ·Rmem
vf

),

(4)

and the calculation for the resource cost on link lnm is given

by

ψlink
nm =

∑

f∈F

∑

lufvf
∈Lf

ϕbw
mn ·Rcom

lufvf
· xnm,ufvf , (5)

where xn,vf is a binary variable, xn,vf = 1 indicates that the

v-th VNF of the service request f is successfully embedded at

the node n of the physical network. Conversely, if it is unsuc-

cessful, xn,vf = 0. Likewise, the binary variable xnm,ufvf

represents the deployment status of the virtual link lufvf

over the physical link lnm, with xnm,ufvf = 1 confirming

deployment and xnm,ufvf = 0 signifying its absence. ϕcom
n ,

ϕmem
n and ϕbw

n are the unit prices of computing, memory and

bandwidth resources respectively. They change dynamically

with resource utilization, and the calculation formulas are

given by

ϕcom
n = (ϕcom

max − ϕcom
idel ) γ

com
n + ϕcom

idle ;

ϕmem
n = (ϕmem

max − ϕmem
idel ) γ

mem
n + ϕmem

idle ;

ϕbw
nm =

(

ϕbw
max − ϕbw

idel

)

γbwn + ϕbw
idle,

(6)

where ϕmax and ϕidle are the VNF spend when the resource

consumption peaks and the VNF spend when the VNF is idle,

respectively.

Thus the total resource cost Φ in the network is given by

Φ =
∑

n∈N

ψnode
n +

∑

lnm∈L

ψlink
nm . (7)

The total cost U total is the sum of deployment cost and

resource cost, expressed as follows:

U total =M +Φ. (8)

To guarantee the user’s QoS, NFC orchestration needs to

be implemented within SR delay requirements. Delay includes

two parts, processing delay of VNF on the physical node n,

defined as Dnode
n , and propagation delay over the physical link

lnm, defined as Dlink
nm . Thus the total latency of deploying the

request f is given by

Df =
∑

n∈N

∑

vf∈Vf

xn,vfD
node
n +

∑

lnm∈L

∑

luf ,fv∈Lf

xnm,ufvfD
link
nm .

(9)

The total delay Dtotal of all requests can be modeled as:

Dtotal =
∑

f∈F

Df . (10)

We aim to minimize the total network cost and delay. Also,

the feasible NFC orchestration should satisfy constraints such

as resource constraints and delay, so the optimization objective

and constraints are given by

min
M,Φ,Df

αU total + βDtotal (11a)

s.t. Df ≤ Tf , ∀f ∈ F (11b)
∑

n∈N

xn,vf = 1, ∀f ∈ F (11c)

∑

f∈F

∑

vf∈Vf

Rcom
vf

xn,vf ≤ Ccom
n , ∀n ∈ N (11d)

∑

f∈F

∑

vf∈Vf

Rmem
vf

xn,vf ≤ Cmem
n , ∀n ∈ N (11e)

∑

f∈F

∑

lufvf
∈Lf

Rbw
lufvf

xnm,ufvf ≤ Cbw
nm, ∀lnm ∈ L,

(11f)
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where α and β serve as adjustable optimization weights. A

higher α steers the policy towards cost-effective strategies,

while a higher β favors strategies that reduce overall latency.

Constraint (11b) mandates that all successfully deployed VNFs

must meet latency QoS requirements, the total processing

delay cannot be greater than the maximum tolerated delay.

Constraint (11c) guarantees that each VNF within an NFC

is deployed on a unique VNF instance, preventing service

provision by multiple instances. Constraints (11d) and (11e)

set limitations on the resource capacity of network nodes,

whereas constraint (11f) addresses the resource constraints on

links.

IV. DESIGN OF ANFCOS

This section demonstrates an NFC orchestration strategy

based on DRL. We transform the optimization problem into

a MDP and extend the action space. The solution uses the

MARL method with attention mechanism. In order to enhance

the exploration ability of the algorithm, the entropy term is

added to optimize the policy gradient to learn the soft value

function, and finally the convergence of the method is verified.

A. Problem Transformation

The objective optimization problem needs to be transformed

into a proposed solution. In the Markov model, there is a

limited set of user requests set I, and each user is defined as

i ∈ I = 1, 2, ..., I; state space S, as the possible environment

for all users; a group of actions a1, a2, . . . aI and observations

o1, o2, . . . oI . Using Markov properties, each user i will use

the transition probability P
(

s
′

i |si,Πi
)

to choose an action,

where P is the probability that the next state is in s
′

i given the

current state si and the current action space Πi. Each agent

expects the maximum total return value Ri =
∑T

t=0 γ
trti ,

Where γ represents the discount factor and T represents the

time range. Specifically, in our scenario, we define the three

components of the Markov game model as follows.

1) State: In the t-th time, we define the state si ∈ S as the

remaining resources and VNF deployment situation, which can

be described as

s (t) =
(

C
com,Cmem,Cbw,P

)

, (12)

where C
com, C

mem, C
bw represent the sets of remaining

computing, memory, and bandwidth resources in the network,

respectively. P denotes the set of VNF types deployed on each

device.

2)Action: Actions are defined as node selection anodei,n and

link selection alinki,nm, that is, allocating server node resources

to the VNF and selecting optimal path for connection. As

mentioned above, the set of server nodes in the network

topology is N and the set of links is L. The action space

of the t-th time slot is defined as:

a (t) =(
{

anodei,n |(i ∈ I) ∧ (n ∈ N )
}

,
{

alinki,nm |(i ∈ I) ∧ (lnm ∈ L)
}

).
(13)

3)Reward: For agents, the reward generated by each action

consists of both penalties and contributions towards a common

goal. The joint value of rewards is based on the formula (11a).

The penalty component of the reward targets that fail to meet

certain constraints, specifically, those outlined in (11d), (11e),

and (11f). Assuming these constraints share equal priority, we

define the combined reward value and its associated penalties

accordingly.

{

ro = wo/(αU total + βDtotal)
rp = wp (χ (11d) + χ (11e) + χ (11f))

, (14)

where wo is the reward factor, wo > 0; wp is the penalty factor,

and wp < 0; χ(x) = 1 if x is false, otherwise χ(x) = 0. So

the reward is given by

r (t) = ro (t) + rp (t) . (15)

B. Action Strategies

In ANFCOS, operations must adhere to the objectives and

rules of NFC orchestration, where RL plays a pivotal role.

RL is responsible for determining on which server nodes the

VNFs should be deployed and performing detailed evaluations

for each VNF deployment. Additionally, link selection opti-

mizes paths and bandwidth to identify the best connection

between nodes. This approach, by integrating node selection

and link optimization, significantly enhances the efficiency

of network resource utilization and deployment flexibility,

achieving an optimal balance between network performance

and cost-effectiveness.

1) For node selection, our focus is on scenarios involving

VNF instance sharing. Once an agent selects a node, it

must assess the necessity of deploying a VNF and accord-

ingly allocate resources. This approach enhances resource

utilization by avoiding unnecessary VNF deployments, thereby

improving overall network efficiency and service performance.

Specifically, if the selected node already possesses a VNF

type that matches the current request, only resource allocation

is required without the need for additional VNF deployment.

Conversely, if the selected node lacks the required VNF type,

the agent must first deploy the VNF before embedding the

request and allocating resources. Hence, the action on the node

is given by

anodei,n (t) =

{ [

a
deploy
i,n,p , aembed

i,n,v

]

[

aembed
i,n,v

]

if yn,p = 0
if yn,p = 1

, (16)

where a
deploy
i,n,p indicates the action of deploying VNF of type

p on device n. aembed
i,n indicates embedding the current VNF

v on device n and allocating resources.

2) For link selection, the two primary considerations are

the distance between links and the bandwidth utilization. The

distance between links, which refers to the number of hops

between nodes, significantly affects transmission delay, while

bandwidth utilization determines the quality of transmission.

Therefore, accurately assessing these two factors is critical

for optimizing network performance. The formula to calculate

the distance between links, denoted as Rln,k,m
, is defined as

follows:
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Fig. 2: The ANFCOS algorithm consists of RL and environment components. NFCs from different users act as agents interacting

with the intelligent entities, where each entity is equipped with its own critic and actor networks.

Rln,k,m
=
hop (n, k,m)

hop (n,m)
, (17)

where hop(n,m) represents the shortest path distance between

nodes n and m. Similarly, hop(n, k,m) defines the shortest

path through intermediary link k. Regarding bandwidth uti-

lization, in order to prevent path congestion and achieve traffic

load balancing, the evaluation of the bandwidth utilization of

each link Bln,k,m
is given by

Bln,k,m
=
∑

k∈lnm

(

1− Rbw
i

Cbw
k − γbwk Cbw

k

)

. (18)

as mentioned before, Rbwn is the bandwidth request for agent i,

Cbw
k and γbwk respectively is the loan capacity and bandwidth

utilization of the link k. Therefore, the trend of each link

selection can be defined as:

Iln,k,m
=max(Bln,k,m

/

Rln,k,m
), (19a)

s.t. Di ≤ Ti, (19b)

the link selection process aims to identify a link that not

only complies with the delay constraint Di <= Ti but also

maximizes the interest metric Iln,k,m
. Thus, alinki,nm = ln,k,m.

The rules governing the selection of nodes and links for actions

are outlined in Algorithm 1.

C. ANFCOS Algorithm

The proposed ANFCOS method is based on the MAAC

algorithm in MADRL. This algorithm adopts a centralized

training and decentralized execution framework. The “critic”

component aggregates state information and actions from all

agents and uses an attention mechanism to highlight task-

relevant key information, enabling a more accurate evaluation

of the agents’ action values. These action values are fed back

into the actor network to optimize its decision-making. The

“actor” component updates network parameters based on the

critic network and outputs strategies using the information

observed by the agent. To promote exploration and avoid

suboptimal deterministic policies, the method incorporates an

entropy term into the policy gradient, refining the learning of

the soft value function. The detailed process is shown in Fig. 2.

1) Attention mechanism: The attention mechanism functions

in a manner similar to the differentiable key-value memory

model. Each agent intuitively queries the other agents for infor-

mation about their observations and actions and incorporates

that information into the estimation of its value function. To

calculate the Q-value function Q
ψ
i (o, a) for agent i, i ∈ I,

the critic receives observations o = (o1, . . . , oI) and actions

a = (a1, . . . , aI) from all agents. The function Q
ψ
i (o, a) is a

function of agent i’s observation and action, as well as other

agents’ contributions:

Q
ψ
i (o, a) = fi (ei (oi, ai) , xi) , (20)
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Algorithm 1: Action of deployment and embedding

rules

1 Input the (t− 1)-th VNF deployment action

ai,n (t− 1) of all agents ;

2 for each agent i do

3 if yn,q = 1 then

4 anodei,n (t) =
[

aembed
i,n,v

]

, the vth VNF of agent i is

directly embedded in node n and allocates

resources;
5 else

6 anodei,n (t) =
[

a
deploy
i,n,q , aembed

i,n,v

]

, Agent n first

deploys type q VNF on node n and then

allocates resources to embed VNF requests;
7 end

8 if aembed
i,n,(v−1) = aembed

i,n,v then

9 break;

10 else

11 Calculate Rln,k,m
, Bln,k,m

and Iln,k,m
;

12 Select link which alinki,nm = ln,k,m satisfy max

(Iln,k,m
) and delay requirement Di <= Ti;

13 end

14 end

where fi is a two-layer multi-layer perceptron (MLP), while

ei is a joint vector of strategy and network environment (2),

with ei = gi(avi , ovi) and gi is embedding function. The

contribution from the other agents xi is a weighted sum of

each agent’s value:

xi =
∑

(j∈I)∧(j ̸=i)

Atti,j , (21)

where, the attention function Atti,j is as described in formula

(2).

2) Actor network: The set of policies for all agents is

denoted as π = {π1, . . . , πI}, and the parameters of the actor

network represents as θ = {θ1, . . . , θI}. For each agent i, the

actor network µi (oi; θi) is trained to optimize its parameters

θi by maximizing the score provided by its corresponding

critic network. The actor networks optimize their parameters

θ through policy gradient ascent to maximize the cumulative

rewards under the policy π. The gradient is computed as:

∇Jθi(πθ) = Eo∼B,a∼π [∇θn log(πθ(ai|oi))
(−α log(πθ(ai|oi)) +Ai (o, a)] ,

(22)

where α is an entropy coefficient promoting exploration and

preventing premature convergence. At each iteration, expe-

riences
〈

sb, ab, rb, s′b
〉

are sampled from the replay buffer,

and the Q-value feedback from the critic networks is used to

refine the parameters until convergence. After the parameters

are updated, the parameters guide the policy generation for

subsequent decision-making. For a given next state state

s′b =
[

o′b1, . . . , o
′b
I

]

, each actor network produces a policy

for the next moment based on its respective next observation

o′bI and updated parameters θ̄i:

Algorithm 2: ANFCOS algorithm in IIS

1 Initialize E parallel environments with agents I, actor

network parameters θ, evaluation network ψ, target

network parameters θ̄ and ψ̄, experience replay buffer

B;

2 Tupdate ← 0
3 for episode = 1→M do

4 Initialize network environment and NFC state;

5 for each step t do

6 Each agent i, from its local observation oi,

select action ai ∼ πi(· |oi );
7 Execute actions ai, get reward ri and new

observation o′i, store transitions for all

environments in B;

8 Tupdate = Tupdate + E

9 if Tupdate > min step per updates then

10 for each agent n do

11 Sample minibatch b in B;

12 And update the critic network:

13 Calculate Q
ψ
i (o

b
1...I , a

b
1...I) for all n in

parallel;

14 Calculate Q
ψ̄
i (o

′b
1...I , a

′b
1...I) for all n in

parallel using target critic;

15 Update critic using LQ (ψ)
16 end

17 for each agent n do

18 Sample m× (o1...I) ∼ B;

19 And update policy network:

20 Calculate Q
ψ
i (o

b
1...I , a

b
1...I) for all n in

parallel;

21 Update policies using ∇θiJ(πθ)
22 end

23 Update target parameters by (25) and (26)

24 Tupdate ← 0
25 end

26 end

27 end

πθ̄1(a
′
1|o′1) = µ1

(

o′b1; θ̄1
)

...

πθ̄I (a
′
I |o′I) = µI

(

o′bI ; θ̄I
)

,

(23)

where a′ and o′ refer to the actions and observations, respec-

tively, for the next moment.

3) Critic networks: The critic networks optimize their

parameters ψ = {ψ1, . . . , ψI} to accurately estimate the

action-value Q
ψ
i (s, a) for the policies generated by the actor

networks. The parameters are updated using the temporal

difference (TD) method, which minimizes the TD error be-

tween the predicted Q-value and the target Q-value. This is

achieved by applying the gradient descent with the following

loss function:

LQ (ψ) =

I
∑

i=1

E(o,a,r,o′)∼B

[

(

Q
ψ
i (o, a)− yi

)2
]

, (24)
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where yi = ri + γEa′∼π
θ̄(o

′
)

[

Q
ψ̄
i (o

′

, a
′

)− αlog(πθ̄(a
′

i|o
′

i))
]

,

formulate the target action value function.

4) Target actor and critic networks update: Update the target

critic Q
ψ
1···I (o, a) parameters using equation (25) and target

actor πθ1···N (an |on ) with equation (26), using the update rate

τ
ψ̄ = ψ̄ ∗ (1− τ) + ψ ∗ τ, (25)

θ̄ = θ̄ ∗ (1− τ) + θ ∗ τ. (26)

5) Advantage Function: As shown in [37], an advantage

function using a baseline that only marginalizes out the

actions of the given agent from Q
ψ
i (o, a), can help solve

the multi-agent credit assignment problem. In other words,

by comparing the value of a specific action to the value of the

average action for the agent, with all other agents fixed, we can

learn whether said action will cause an increase in expected

return or whether any increase in reward is attributed to the

actions of other agents. The form of this advantage function

is shown below:

Ai (o, a) = Q
ψ
i (o, a)− b (o, aJ ) , (27)

where J indicate all agent set except agent i and b (o, aJ )
calculation formula shown below:

b (o, aJ ) = Eai∼πi(oi)

[

Q
ψ
i (o, (ai, aJ ))

]

. (28)

D. Convergence Proof

In this paper, to encourage exploration and avoid conver-

gence to non-optimal deterministic policies, ANFCOS learns

a soft value function by modifying the policy gradient to in-

corporate an entropy term. Soft value function usually contains

soft policy evaluation and soft policy improvement [38]. The

traditional approach uses Bellman’s equation to implement

policy evaluation, updating the Q-value until convergence, and

the formula for updating the Q-value is given by

Qπ = r (o, a) + λEo′∼B,a′∼πQπ (o
′, a′) , (29)

and the policy improvement is given by

πnew = argmax
a
Qπold (o, a) . (30)

In soft policy iteration, soft policy evaluation updates the

Q-value function through soft Bellman backup. Therefore the

improved Q-value update formula in this paper is given by

Qπ = r (o, a)+γEo′∼B,a′∼π [Qπ (o
′, a′)− α log (π (a′ |o′ ))] ,

(31)

and soft policy improvement is given by

πnew =arg min
π
′∈Π

DKL

(

π
′

(a|o )
∥

∥

∥
exp (Qπold (o, a))− logZπ

old

(o)
)

.

(32)

where Π is the set of optional actions and the partition

function Zπ
old

normalizes the policy distribution. The Q value

in RL represents the expected reward that can be obtained

by taking an action in a given state. Thus, RL convergence

should be expressed as repeated applications of soft policy

evaluation and soft policy improvement from any policy π ∈ Π
will converge to the policy π∗ and for all π ∈ Π there

is Qπ∗ (o, a) ≥ Qπ (o, a). Thus, we need to prove that: 1)

the soft Q-values will eventually converge after numerous

iterations; and 2) when updating the policy π, Qπold ≤ Qπnew .

1) Prove the convergence of Q-values: We first simplify the

soft Q-value update formula presented as equation 31:

Qπ = r (o, a) + γEo′∼B,a′∼π [Qπ (o
′, a′)− α log (π (a′ |o′ ))]

= r (o, a) + γEo′∼B

[Ea′∼π [Qπ (o
′, a′)− α log (π (a′n |o′n ))]]

= r (o, a) + γEo′∼B,a′∼π [Qπ (o
′, a′)] +

γEo′∼BEa′∼π [−α log (π (a′n | o′n))]
= r (o, a) + γαEo′∼BH (π (• | o′ ))+
γEo′∼B,a′∼π [Qπ (o

′, a′)] ,
(33)

where H (π (• | o′)) is the expression for entropy. Define

the entropy-augmented reward as: rsoft (o, a) = r (o, a) +
αγEo′∼B,a′∼π [H (π (•| o′))], rewrite the update rule as

Qπ = rsoft (o, a) + γEo′∼B,a′∼π [Qπ (o
′, a′)] . (34)

the equation 34 resembles the traditional Bellman equation

29. By applying the standard results on the convergence of

policy evaluation, as referenced in [39], it is proven that the Q

values will eventually converge to the soft Q values associated

with policy π.

2) Proof of convergence to optimal strategy: We need to

prove that the converged strategy π∗ is the strategy that

maximizes reward. According to the equation 32, policy

updates minimize the Kullback-Leibler (KL) divergence be-

tween the new policy πnew and a distribution influenced

by the Q-values from the previous policy πold. In this

context, exp (Qπold (o, a)) assigns weights to actions based

on their Q-values, resulting in higher Q-values leading to

higher weights for the corresponding actions. The minimiza-

tion of the KL divergence ensures the new policy is not

inferior to the previous one due to its mathematical prop-

erties. The agents strive to optimize their policy to increase

their expected discounted returns, formalized as J (π) =
Eo∼B,a∼π [−α log (π (a|o)) +Qπ − b (o, aJ )]. Following this

approach, it’s guaranteed that J (πnew) ≥ J
(

πold
)

, hance:

J(πnew) =Eo∼B,a∼π[−α log (πnew (a | o)) +Qπold − b (o, aJ )]

≥Eo∼B,a∼π
[

−α log
(

πold (a | o)
)

+Qπold − b (o, aJ )
]

=J
(

πold
)

,
(35)

thus, consider the soft Bellman equation:

Qπold =r (o, a) + γEo′∼B,a′∼π
[

Qπold (o′, a′)− α log
(

πold (a′ |o′ )
)]

≤r (o, a) + γEo′∼B,a′∼π

[Qπold (o′, a′)− α log (πnew (a′ |o′ ))]
...

≤Qπnew (o, a) ,

(36)

let πi be the policy at iteration i. It follows from the above

proof that the sequence Qπi
is monotonically increasing and
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convergent, thus the sequence converges to some π∗ and π∗

is optimal in Π.

V. SIMULATION RESULTS

A. Simulation Setup

To verify the convergence and performance of the ANFCOS

method, a series of simulation experiments were conducted

with the parameters outlined in Table II. The core feature of 6G

IIS is to provide personalized services through diverse smart

terminals and their collaboration, ensuring equal access to

smart and digital services for all users worldwide. Therefore,

the experimental design prioritizes the universality, person-

alization, and service diversity of 6G IISs. The experiments

were based on a complex physical topology with 50 nodes,

where the probability of inter-node connections was 35%. SR

involved eight different types of VNFs, randomly combined

to form various SR types, each comprising between two and

six different types of VNFs.

TABLE II: SIMULATION PARAMETERS

Symbol Value Description

|N | 50 Number of devices

L(%) 35% Connection rate between devices

Ccom
n ,Cmem

n [50, 80]
Computing and storage resources of the
device

Cnm
nm [80, 100] Bandwidth resources of physical links

|P | 8 Number of VNF types
∣

∣Vf

∣

∣ [3, 6] Number of VNFs comprising the SR f
∣

∣Pf

∣

∣ [2, 6] Number of VNF types comprising the SR f

Tf [80, 100] Maximum tolerable delay for SR f

batch-size 1000 Number of training examples in one forward

critic-lr 1∗10−2 Learning rates of critic network

actor-lr 1∗10−3 Learning rates of actor-network

critic-
hidden-dim

128 Critic network hidden layer dimensions

actor-
hidden-dim

128 Actor network hidden layer dimensions

Discount
factor

0.9 Weigh the importance of current rewards
against future rewards

B. Parameter Impact Analysis

Different learning rates and batch sizes significantly impact

the convergence accuracy and speed of ANFCOS. As illus-

trated in Fig. 3, we assess the performance of ANFCOS under

various parameter settings by changing the number of episodes

and observing the reward variations.

Figure. 3a analyzes the influence of the learning rate of

the critic network C lr and the actor network A lr. Setting

both networks’ learning rates at 0.0001 does not achieve

convergence. Increasing the learning rate of the critic network

to 0.001 significantly boosts convergence and effectiveness.

However, further increasing the actor network’s learning rate

to 0.001 shows negligible improvement. The optimal configu-

ration is to set the actor network’s learning rate to 0.0001 and

the critic network’s learning rate to 0.001 achieving superior

convergence velocity and reward outcomes. This demonstrates

(a) The effect of learning

rate on reward.

(b) The effect of batch size

on reward.

Fig. 3: The impact of different parameter settings on the

convergence of the algorithm.

ANFCOS’s ability to effectively discern the contributions of

individual agents to the overall system rewards, thus facilitat-

ing more accurate learning and optimization.

As illustrated in Fig. 3b, the batch size is determined

through experimental tuning. An experience replay buffer with

size of 1 × 105 and random sampling is configured. When

the batch size is small, the algorithm can not convergence.

As the batch size increases, the neural network’s convergence

speed becomes faster and higher rewards increase. When the

batch size reaches 1000, the convergence speed still improves.

However the computational demand increases significantly,

potentially exceeding hardware limitations.

According to subsection IV-D, Fig. 3 shows that ANFCOS

can achieve a better convergence effect by expanding action

space and introducing a resolvable attention mechanism based

on MAAC.

(a) Total cost with different

numbers of SRs.

(b) Total cost with different

numbers of devices.

Fig. 4: Total cost for different number of SRs and number of

devices.

C. Performance Evaluation

To evaluate the performance of ANFCOS, it is compared

with DDPG, MADDPG, and MCTS based on acceptance rate,

cost, number of VNFs deployed, delay, and network revenue.

These algorithms serve as benchmarks for more effective

comparison. Where the MADDPG algorithm was used as

an ablation method for ANFCOS to assess the impact of

removing the attention mechanism.
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(a) Acceptance rate with

different number of SRs.

(b) Acceptance rate with dif-

ferent number of devices.

Fig. 5: Acceptance rate with different number of SRs and

number of devices.

a) DDPG-based Approach [29]: DDPG algorithm is a

model-free, off-policy actor-critic approach. It uses a deter-

ministic policy gradient that allows for efficient estimation of

the optimal policy by directly maximizing the expected return.

b) MADDPG-based Approach [32]: ANFCOS extends

MADDPG by adding an attention mechanism to enhance agent

interaction modeling. In the ablation experiments, we removed

the attention mechanism and compared the performance with

the original MADDPG to assess its impact.

c) MCTS-based Approach [28]: MCTS builds a sparse

search tree and selects actions through Monte Carlo sampling.

The path involving the root, intermediate nodes with the

highest average values, and leaf nodes defines the operational

strategy for orchestrating NFC.

1) Cost: Figure. 4 presents the cost dynamics of various

methods in response to an upsurge in SRs and the physical

devices.

Figure. 4a demonstrates that with the rising number of

SRs, the deployment of VNFs increases, and the network

requires more resources to meet these demands, leading to a

gradual increase in costs. In this context, the ANFCOS strategy

outperforms other benchmarks in cost optimization. Fig. 4b

further analyzes the impact of varying numbers of devices on

NFC orchestration, indicating that higher device counts enable

the network to decrease resource costs by broadening VNF

deployments, thus mitigating overall costs. Remarkably, at a

device count of 60, while costs for MCTS and DDPG level off,

ANFCOS continues to offer the most cost-effective solution.

Combining Fig. 4a and Fig. 4b, ANFCOS achieves a cost

reduction of approximately 8.2% compared to MADDPG,

22.1% compared to DDPG, and 28.6% compared to MCTS,

significantly enhancing cost efficiency.

2) Acceptance Rate: Figure. 5 presents the acceptance rate

dynamics of various methods in response to an upsurge in

service requests and physical devices.

Figure. 5a compares the acceptance rates of different

algorithms with the increasing number of SRs. After a certain

number of SRs, the acceptance rates generally decline. This

is because the resources of the network are limited. As the

number of deployed SRs increases, network resources are

occupied and cannot serve more SRs. Fig. 5b illustrates the

performance of different algorithms in terms of acceptance rate

as the number of devices increases. As the number of nodes

(a) Number of VNF de-

ployments with different

number of SRs.

(b) Number of VNF de-

ployments with different

number of SRs.

Fig. 6: Number of deployed VNFs with different number of

SRs and number of devices.

(a) Total delay with the dif-

ferent number of SRs.

(b) Total delay with different

numbers of devices.

Fig. 7: Total delay with different number of SRs and number

of devices.

in the network grows, each algorithm gains more resources to

optimize decision-making and execution when handling SR.

As a result, the acceptance rate of each algorithm gradually

increases.

ANFCOS reduces the number of failed SRs that violate

constraints through the attention mechanism and enhances

reward, resulting in the acceptance rates about 10% higher

than MADDPG and 20% higher than DDPG and MCTS.

3) Number of VNFs deployed: Figure. 6 presents the actual

number of deployed VNF of various methods in response to

an upsurge in service requests and physical devices.

Figure. 6a compares the number of VNFs deployed by

different approaches as the SR increments. As the number

of service requests grows, there is a need to deploy more

VNFs to process these requests and balance network load, the

number of VNF deployments has also increased. In Fig. 6b,

with an increase in the number of devices, load balancing and

path optimization can be achieved by deploying VNFs across

additional devices, leading to an increase in the number of

VNFs. When the number of devices reaches 80, the quantity

of deployed VNFs gradually stabilizes at around 130.

Overall, the actual number of VNFs deployed by ANFCOS

is better than the other three methods, and lower number of

VNF deployments means optimized deployment costs.

4) Delay: Figure. 7 presents the delay of various methods

in response to an upsurge in service requests and physical
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(a) Acceptance rate with different

arrival rate.

(b) Average revenue with different ar-

rival rates.

(c) Average revenue-cost ratio with

different arrival rates.

Fig. 8: The influence of different arrival rates on the orchestration scheme.

devices.

Figure. 7a plots the latency of different approaches as the

number of SRs increases. As the number of SRs increases,

some of the requests cannot be deployed on the shortest

routing path, resulting in a rise in latency. Compared to the

benchmarks, ANFCOS performs the best in latency by opti-

mizing the action strategy for link selection. Fig. 7b compares

the delay variations of the different approaches, as the number

of devices increases under a fixed number of SRs. With the

increases in the number of devices and resources available

to the network, VNF deployment can be decentralized to

optimize the latency. When the number of devices reaches

about 70, the latency stabilizes.

Experimental results demonstrate that ANFCOS effectively

reduces cross-node communication delay by prioritizing short-

distance links and considering both physical distance and

bandwidth utilization. ANFCOS reduces the total delay by an

average of 7.7% compared to MADDPG, and by 12.7% and

10.8% compared to DDPG and MCTS, respectively.

5) Network Revenue: Figure. 8 simulates the impact of

sending service requests to the network at a certain arrival

rate in reality on the network acceptance rate and network

revenue.

Requests arrive at the network at different arrival rates

within 50-time slots. As arrival rates increase, both acceptance

rates and average revenue decrease as shown in Fig. 8a.

This trend occurs because when the acceptance rate increases,

requests arrive more frequently. However, the physical re-

sources are still occupied by the previous NFC and new

requests have to be rejected. In Fig. 8b, as the arrival rate

continues to increase, the average revenue decreases. This

decrease is that the penalty cost increases as the acceptance

rate decreases. Consequently, the average revenue-cost ratio, as

depicted in Fig. 8c, also experiences a decline. Nonetheless,

when analyzing the combined data on average revenue and

the average revenue-cost ratio from Figures. 8b and 8c, the

effectiveness of our algorithm in optimizing costs under these

conditions becomes evident.

Compared with single-agent reinforcement learning DDPG

and machine learning MCTS, MARL performance generally

shows better performance and robustness. Compared with

the MADDPG algorithm, which is also a multi-agent, the

acceptance rate and cost of our algorithm under different SR

arrival rates are better than MADDPG without an attention

mechanism, which shows that the attention mechanism added

to ANFCOS can improve the performance of RL performance.

VI. CONCLUSIONS

The adaptive NFC orchestration strategy represents the

fundamental technology for implementing advanced and in-

telligent services in future 6G systems. For 6G IIS, how to

improve QoS and reduce operating costs through adaptive

NFC orchestration is a difficult point. In this paper, we solve

the problems of association orchestration of heterogeneous

devices due to differences in applications in 6G IIS, and

propose an ANFCOS. This policy connects VNFs to devices

and uses a focus mechanism for NFC to address the need for

personalized and diversified services in the future. Simulation

results show that ANFCOS can effectively reduce operating

costs and end-to-end latency while maintaining user QoS.

Future work aims to refine ANFCOS to accommodate a

wider range of 6G application scenarios. Overall, the adaptive

NFC orchestration strategy represents a foundational technol-

ogy for enabling IIS in future 6G systems. Its adaptability and

optimization capabilities hold the potential to revolutionize the

way we deliver and consume intelligent services in the 6G era.
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