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Abstract
With the development of the sixth generation 

(6G) networks, ubiquitous intelligence, comput-
ing, and networking integration, low energy con-
sumption, and low delay have become the key 
characteristics. These characteristics pose signifi-
cant challenges for traffic scheduling, particularly 
in the context of intelligent computing services. In 
recent years, generative artificial intelligence (AI) 
has demonstrated remarkable performance not 
only in natural language processing and image 
generation but also in network optimization. 
This article presents a generative AI-endogenous 
three-layer network architecture, named GenNet, 
to support more efficient scheduling of intelli-
gent computing services in 6G networks by the 
dynamic adaptation of heterogeneous computing 
resources and diversified service requirements. 
Moreover, we propose a dueling double deep 
Q-network (D3QN)-based transmission sched-
uling algorithm that leverages diffusion models 
to achieve cross-domain end-to-end determinis-
tic transmission. The proposed algorithm facili-
tates efficient interaction between edge devices 
and intelligent computing centers while reducing 
system cost and delay, and utilizes the denois-
ing capability of the diffusion model to adaptively 
configure networks and optimize resource allo-
cation. Finally, we present a case study, followed 
by a discussion of open research issues that are 
essential for generative AI and future networks.

Introduction
International industrial, academic, and standard 
groups have started researching sixth-generation 
(6G) communication systems as the requirements 
of society for networks increase. The Third Gener-
ation Partnership Project (3GPP) has planned to 
finalize the 6G base version standard, also known 
as the Rel-21 version standard, by 2029 [1]. Com-
pared with fifth-generation (5G) networks, 6G will 
not only improve performance indicators such 
as bandwidth and delay, but also realize ubiqui-
tous intelligence and computing and networking 
integration. In such a case, artificial intelligence 
(AI) technologies will be deeply embedded into 
the 6G network architecture rather than as an 
external enhancement [2]. For example, traffic 

scheduling in 6G networks can be accomplished 
by deploying AI agents inside switches and rout-
ers, thereby facilitating efficient transmission for 
multimodal data. As a result, AI is expected to be 
the core driver of 6G networks, bringing great 
benefits to society and the economy.

6G networks support larger-scale intelligent 
access, such as Internet of vehicle (IoV) sce-
narios, which may generate a large amount of 
high-dimensional multimodal information [3]. This 
information needs to be transmitted deterministi-
cally between end nodes and computing centers. 
However, existing optimization algorithms have 
difficulty in efficient transmission scheduling. In 
such a case, generative AI provides a new solu-
tion for solving the efficient deterministic trans-
mission scheduling problem in 6G scenarios [4]. 
Particularly, due to the unique denoising capabil-
ity, diffusion models are expected to be applied 
to traffic scheduling and routing mechanisms [5].

Developing deterministic transmission sched-
uling algorithms faces many challenges in 6G net-
works due to the emerging requirements [6]. First, 
at the information processing level, the multimod-
al data generated by a large number of diversified 
applications needs to be extracted and unified 
into features, which is critical for AI agents to effi-
ciently perceive network states. In addition, users’ 
semantic requirements need to be accurately 
represented to support deterministic transmis-
sion for multimodal data. Second, the interaction 
between end nodes and computing centers is fre-
quent, which may cross multiple heterogeneous 
networks, for example, time-sensitive network-
ing (TSN) and deterministic networking (DetNet), 
which further complicates the deterministic sched-
uling for multimodal data. Therefore, it is neces-
sary to develop generative AI-assisted solutions 
to facilitate cross-domain end-to-end deterministic 
transmission scheduling in 6G networks.

In this article, we study the cross-domain deter-
ministic transmission scheduling problem in 6G 
networks and present a novel generative AI-as-
sisted network architecture named GenNet to 
support deterministic transmission scheduling for 
intelligent computing services. Specifically, the 
architecture is composed of three layers: the 
intent abstraction layer, the mapping adaptation 
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layer, and the network execution layer. Moreover, 
we propose a deterministic transmission sched-
uling algorithm based on dueling double deep 
Q-network (D3QN), in which the diffusion model 
is utilized to make traffic scheduling decisions 
through a denoising module. Simulation results 
show that the proposed algorithm outperforms 
the benchmark algorithm in terms of convergence 
speed, average system cost, and delay.

The remainder of this article is organized as fol-
lows: Cases of generative AI for 6G networks are 
discussed in the next section. The three-layer archi-
tecture and the generative AI-assisted determinis-
tic scheduling algorithm are presented following 
that. A case study is then provided. Open research 
issues are discussed, followed by the conclusion.

Generative AI for 6G Networks
Table 1 illustrates that generative AI has been 
extensively employed for network optimization 

and deterministic transmission scheduling in 6G, 
particularly with diffusion models and large lan-
guage models (LLMs). Taking the diffusion model 
as an example, a denoising module that efficiently 
reverses the multi-step noise process is employed 
to produce high-quality samples for deterministic 
transmission scheduling. In addition, LLMs also 
have extensive applications, such as LLM wireless 
knowledge bases [7], intent-driven network [10], 
and trust decision models [11].

Application of Generative AI in Network Scenarios
The advent of generative AI has revolutionized 
numerous fields, especially in network technol-
ogies, with its content generation capabilities in 
resource allocation and transmission scheduling 
[13–15]. For resource allocation, generative AI 
models can analyze vast amounts of network 
data, including user behavior, traffic patterns, and 
network topology, to predict future requirements 

TABLE 1. Generative AI-assisted deterministic transmission scheduling for future networks.

Ref Research Problem Contribution Solution
Future 

Network 
Architecture

Deterministic 
Transmission

Generative 
AI

[6]

Improve the adaptability 
of LLMs in the network 
to achieve “one model 

for all”

NetLLM is proposed, which 
can effectively adapt LLM to 

solve network problems

Design multimodal encoder, 
networking head, data-driven 

low-rank networking adaptation to 
adapt LLM

  

[7]
Empower LLMs with 

knowledge and expertise 
in the wireless domain

A WirelessLLM framework is 
proposed to equip LLMs with 
knowledge and expertise in 

the wireless domain

Build the WirelessLLM by prompt 
engineering, retrieval augmented 
generation (RAG), tool usage, and 
the processes of pre-training and 

fine-tuning

  

[8]

Improve the 
generalization ability 
of traffic scheduling 
algorithms in TSN

A traffic-aware TSN 
scheduler, namely 

DeepScheduler, based 
on DRL is proposed to 

learn effective scheduling 
strategies

Scalable state information 
encoder and path-based flow-
aware encoder are designed to 
model the network topology

  

[9]

Overcome the barriers of 
inter-domain microbursts 
not considered by TSN 

and DetNet

An efficient heuristic 
algorithm is proposed to 

solve the scheduling problem 
and reduce the search 

complexity in multi-domain 
networks

Establish I2DCM relationships to 
solve bandwidth, cycle, and queue 
mismatch issues between different 

queuing mechanisms

  

[10]

Reduce the need for 
human effort and achieve 

expert-free problem 
optimization

AI-Generated Network is 
proposed to achieve expert-

free resource scheduling

The original data distribution 
is first obtained via online RL, 

and then the expected solution 
strategy is learned using offline RL 

with diffusion models

  

[11]

Integrate generative AI 
with trust management 

for reliable real-time 
communication

A GAN-based trust 
decision-making model 

is proposed to determine 
whether a network device is 

trustworthy

The trust vector of network 
devices is used as the input of the 
GAN-based autoencoder to test 

whether it satisfies the distribution 
of the training data

  

[12]
Solve the routing and 
scheduling problem of 

mixed-critical flows

A DRL-based flow scheduler 
is proposed to support 

efficient routing and 
scheduling for deterministic 

flows

Enhance the efficiency and 
schedulability by dividing a 

complete flow schedule and 
action masking

  

Ours

Integrate diffusion 
models and DRL to 

achieve efficient cross-
domain end-to-end traffic 
deterministic transmission 

scheduling in 6G 
networks

A three-layer network 
architecture and a diffusion 
model-enhanced scheduling 

algorithm are proposed 
to support deterministic 
transmission scheduling

Utilize the denoising capability 
of the diffusion model-enhanced 

algorithm to generate traffic 
scheduling decisions

  
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and optimize resource distribution. Through sim-
ulating various network scenarios, these models 
can ensure that multi-dimensional resources, such 
as bandwidth, computing, and storage, are allocat-
ed efficiently. This is particularly crucial in network 
scenarios with limited resources, such as IoV. For 
transmission scheduling, traditional approaches 
generally rely on fixed rules or heuristic algo-
rithms, which may not adapt well to dynamic 
network conditions. Generative AI models, how-
ever, can learn from historical data and adapt to 
changing network conditions in real time. This 
capability allows for more intelligent scheduling 
decisions, ensuring that traffic is transmitted effi-
ciently and deterministically. For example, gener-
ative AI models can prioritize high-priority traffic, 
such as control signaling or real-time gaming, over 
lower-priority traffic, such as data acquisition or 
file downloads.

Generative AI Toward 6G Networks
In the 6G era, deterministic transmission has 
become a representative feature of networks, 
enabling characteristics such as bounded delay, 
low jitter, high reliability, and highly accurate time 
synchronization. Generative AI can significantly 
enhance the performance of deterministic sched-
uling algorithms through intelligent prediction and 
adaptive optimization [8]. In TSN, generative AI 
can predict the network load and optimize the 
scheduling strategy for time-sensitive traffic. Det-

Net can dynamically adjust the routing strategy 
to ensure cross-domain end-to-end deterministic 
transmission. Furthermore, generative AI is cru-
cial in the integration scheduling of deterministic 
mechanisms across network domains [9]. In terms 
of heterogeneous deterministic mechanisms, gen-
erative AI intelligently recognizes their types and 
dynamically generates optimal deterministic trans-
mission parameters, for example, gate control list 
(GCL), for each mechanism, ensuring that uniform 
quality of service (QoS) is maintained in complex 
heterogeneous network environments. In summa-
ry, the combination of generative AI and 6G can 
facilitate heterogeneous deterministic mechanism 
integration, thereby supporting mission-critical 
applications in 6G networks.

Interplay between Generative AI and 6G Networks
Generative AI is not a unilateral gain for 6G net-
works; both of them are complementary. On one 
hand, generative AI can optimize 6G networks 
in terms of resource allocation and transmission 
scheduling. First, 6G users have more diverse 
requirements on computing and networking that 
need to be accurately perceived and analyzed. 
Generative AI understands user requirements 
through its natural language processing capabili-
ties and translates them into executable machine 
parameters. Second, 6G applications consume a 
lot of network resources to collect and transmit 
model training data. Generative AI is capable of 
saving network resources by distributed learning 
and predicting data for model training. On the 
other hand, as an infrastructure that connects 
various devices and services, 6G networks have 
the ability to provide massive and diverse real-
time data for the self-optimization of generative 
AI, which is crucial to improving the generation 
ability and computing efficiency of generative AI 
models. Moreover, generative AI can also take 
into account real-time feedback from the 6G 
network, allowing for dynamic adjustments and 
further optimization. Meanwhile, the widespread 
deployment of generative AI in 6G networks also 
results in synergistic management by distributed 
AI agents, which in turn facilitates developing 
advanced 6G architectures to support emerging 
intelligent computing services.

Computing-Efficient Generative AI for  
6G Networks

In this section, we present a novel three-layer network 
architecture and design a deterministic scheduling 
mechanism to support cross-domain end-to-end trans-
mission for intelligent computing services.

Generative AI-Assisted 6G Network Architecture
As shown in Fig. 1, the architecture is composed of 
three layers, that is, intent abstraction layer, map-
ping adaptation layer, and network execution layer. 
The specific functions of each layer are as follows.

Intent Abstraction Layer: This layer is direct-
ly connected to the application and user ends, 
deploying a multimodal processor and a gener-
ative AI module. By processing multimodal data 
and combining user data with synthetic data, the 
system efficiently extracts user semantic require-
ment representation to pass to the next layer for 
service requirement mapping.

FIGURE 1. Generative AI-assisted three-layer architecture for 6G networks.
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Multimodal Data Processing: Emerging sce-
narios such as telemedicine and IoV generate 
a large amount of data in different modalities, 
such as text, image, audio, and video. These data 
are first translated into a unified representation 
through a multimodal processor. For example, a 
vision transformer (ViT) model is utilized to divide 
an image into patches of fixed size, and each 
patch is treated as a serialized token, but for text, 
each word can be treated as a token.

Generative AI Module: After unifying the mul-
timodal data into serialized tokens, a generative 
AI module analyzes the distribution of the serial-
ized tokens, and then generates new samples that 
match this distribution, enabling the prediction 
of users’ behavior data. Based on user data and 
synthetic data, user semantic requirement repre-
sentation can be finally extracted.

Mapping Adaptation Layer: In this layer, two 
knowledge bases and an adaptation decision mod-
ule are deployed, which can realize the mapping 
of service requirements and network resources and 
strategy generation. The adaptation decision mod-
ule adapts the mapped network resource status 
according to the service requirement and gener-
ates the optimal adaptation decision and schedul-
ing strategy. Network resource status is uploaded 
from the network execution layer to this layer.

Service Requirement Knowledge Base: This 
base is established to map the semantic require-
ment representation extracted by the intent 
abstraction layer into specific QoS indicators, 
such as bandwidth and delay requirements. The 
knowledge base defines an effective search space 
through an LLM that specifies the path to gen-
erate QoS indicators from the semantic require-
ment representation.

Network Resource Knowledge Base: Sim-
ilarly, the network resource knowledge base is 
established to map the real-time network status 
uploaded by the network execution layer into 
quantitative network indicators, such as link utili-
zation and queue length. Both knowledge bases 
are sustainable due to the dynamic variation of 
user requirements and network conditions.

Adaptation Decision Module: A diffusion 
model-enhanced DRL algorithm is proposed and 
deployed in an adaptation decision module to 
adaptively make the optimal scheduling decisions 
for deterministic transmission. Since a denoising 
structure is embedded into the algorithm, com-
puting-efficient decision-making can be achieved 
with the denoising generation capability. In addi-
tion, quantitative network indicators and QoS 
indicators are matched in the module by the 
proposed algorithm, where the former is viewed 
as the network state information and the latter is 
viewed as the optimization objective of the algo-
rithm. The state information is denoised under 
the guidance of QoS indicators to generate the 
scheduling strategy.

Network Execution Layer: This layer contains 
multiple terminal LLMs, a global LLM, and net-
work hardware devices. This layer configures and 
manages the network according to the strategy 
passed by the upper layers. Meanwhile, its mon-
itoring module continuously feeds real-time net-
work resource status to upper layers.

Terminal LLM and Global LLM: End users 
download terminal LLMs from cache servers that 

are deployed at the network edge and perform 
personalized initialization on their devices, such 
as personal or vehicle information. In addition, 
terminal LLMs can also obtain historical state data 
from the memory module. Global LLMs can store 
long-term memory aggregated by terminal LLMs 
through an aggregate memory layer, and refine the 
scheduling algorithm into a specific scheduling strat-
egy by in-context learning and fine-tuning. 

Scheduling Strategy Deployment: Through glob-
al LLM, we deploy scheduling strategies and specific 
configurations to the edge network (i.e., TSN) and 
core network (i.e., DetNet). Global LLM configures 
the GCL, idle slope, and send slope generated by 
the algorithm to the router to control the queue.

Deterministic Transmission Scheduling in 6G
In 6G networks, the diffusion model is adopted to 
implement cross-domain deterministic transmis-
sion scheduling. The deployment and scheduling 
process of deterministic mechanisms is as follows.

As shown in Fig. 2, we consider a 6G net-
work scenario that is composed of two access 
networks and a core network, in which differ-
ent deterministic mechanisms are deployed. In 
the access networks, TSN technology is adopt-
ed for local-area networking, and the time-aware 
shaper (TAS) mechanism is deployed in edge 
switches. The TAS reduces network congestion, 
delay, and jitter by precisely controlling the send-
ing time of data packets and calculates an accu-
rate GCL based on the routing path and time 
slots to ensure deterministic transmission. In the 
core network, DetNet technology is adopted for 
wide-area networking. Based on TAS, the cred-
it-based shaping (CBS) mechanism is introduced 
to flexibly control the transmission priority and 
rate by dynamically adjusting the credit value of 
the data flow, which not only ensures determin-
istic transmission but also improves the efficiency 
of link resource utilization. Taking into account 
cross-domains between TSN and DetNet, learning 
agents based on diffusion models are deployed 
in the edge switches, named diffusion-agent, to 
dynamically generate the GCL, idle slope, and 
send slope parameters based on real-time net-
work conditions. The cross-domain interaction 
process involves three key steps:
•	 During cross-domain transmission, the diffusion 

agent first analyzes historical network status 
data to predict potential congestion points.

•	 Based on this analysis, it dynamically adjusts 
the GCL parameters and optimizes transmis-
sion scheduling. 

•	 Additionally, the diffusion agent implements a 
feedback mechanism that continuously moni-
tors data transmission performance and network 
resource utilization across domains, enabling 
real-time adjustment of scheduling strategies. 

This adaptive cross-domain coordination ensures 
efficient traffic transmission between heteroge-
neous networks while maintaining deterministic 
performance guarantees.

GenNet: Generative AI-Enhanced DRL for 
Deterministic Transmission Scheduling

As shown in Fig. 3, we propose a determinis-
tic transmission scheduling algorithm based on 
diffusion model-enhanced D3QN. We deploy 

A diffusion model-enhanced 
DRL algorithm is proposed 
and deployed in an adap-
tation decision module to 

adaptively make the optimal 
scheduling decisions for 

deterministic transmission. 
Since a denoising structure 
is embedded into the algo-
rithm, computing-efficient 

decision-making can be 
achieved with the denoising 

generation capability.

Authorized licensed use limited to: Tsinghua University. Downloaded on October 15,2026 at 14:29:32 UTC from IEEE Xplore.  Restrictions apply. 



IEEE Communications Magazine • August 202552

diffusion agents in each switch and router to 
make decisions through their denoising genera-
tion capability. The operation procedure of the 
proposed algorithm is as follows. First, a data 
abstraction module observes the link status and 
topology structure of the data plane that consists 
of user ends and deterministic network devices, 
and abstracts them into a data structure. Second, 
it is input into a requirement description module, 
which integrates the flow information and link 
load into state vector S and inputs it into the dif-
fusion agents. Third, the diffusion agents gener-
ate action vectors (i.e., deterministic scheduling 
decisions), regard the current network resource 
status as noise, perform iterative denoising 
according to service requirements, generate pre-
liminary configuration actions, and input them 
into the action translator. An action translator 
then converts the action value into a vector A, 
which contains GCL, idleslope, and sendslope. 
Finally, the data abstraction module configures 
scheduling decisions to the data plane, updates 
the network status, and obtains corresponding 
rewards based on delay, jitter, and throughput. 
The core elements of the algorithm are defined 
as follows.

Network State: We define the observed state 
space as S = {o1, o2, …, oN}, where on = (G, L, Q, 
F, T) represents the state at time slot n, ∀n  {1, 2, 
…, N}. Here, L, Q, F, A and T denote the network 
topology, link load, queue state, flow feature, 
and delay requirement, respectively. In addition, 
queue state matrix Q = {qi,j}∀iI,∀jJ, denotes the 
state (i.e., length and priority) of the j-th queue 
of node i, and flow feature matrix F = {fk}∀kK, 
where fk = (sk, dk, qosk) denotes the source node, 
the destination node, and the QoS requirements 
of the k-th flow.

Agent Action: We define action space as A = 
{a1, a2, …, aM}, where am = (R, B, Ctsn, Cdet), ∀m  
{1, 2, …, M}. Here, R = {ri

k}∀iI,∀kK is the routing 
decision matrix, where ri

k represents the next hop 
selection of flow k at node i. B = {bi

k}∀iI,∀kK is 
the bandwidth allocation matrix, where bi

k rep-
resents the bandwidth allocated to flow k at node 
i. Ctsn = {GCLi}∀iI is the TAS configuration of the 
TSN domain, where GCLi is the gating list of node 
i. Cdet = {GCLi, IDi, SDi}∀iI is the configuration of 
the DetNet domain, where IDi and SDi represent 
the idle slope and send slope of node i.

System Reward: The reward function is used 
to evaluate the selected action am, ∀m  {1, 2, 
…, M}. We define the reward function as R(o, a) = 
w1 · Rdelay + w2 · Rjit + w3 · Rthr – w4 · Pvio, which 
represents the optimization objective. The reward 
function takes into account the most critical per-
formance indicators of the deterministic scheduling 
mechanism, including delay, jitter, and throughput, 
while ensuring that QoS is met through constraint 
violation penalties. In addition, wl, ∀m  {1, 2, 3, 
4}, is the weight of each item. The reward function 
effectively guides the proposed algorithm to learn 
a scheduling strategy that satisfies deterministic 
transmission requirements.

Case Study
This section provides a case study on diffusion 
model-enhanced traffic scheduling with the objec-
tive of reducing the average system cost and delay.

Simulation Scenario
We evaluate our algorithm in two representative 
scenarios, both supporting end-to-end determinis-
tic transmission for cross-domain task scheduling 
in 6G networks.

IoV Scenario: There are two TSN and one 
DetNet domains in the considered IoV scenario, 
where vehicle location sharing and real-time navi-
gation are considered as primary scheduling tasks. 
The TSN domain adopts a star topology contain-
ing five sensor nodes and one controller, while 
the DetNet domain adopts a mesh topology with 
ten edge servers and two cloud servers.

Industrial Internet of Things (IIoT) Scenario: A 
smart manufacturing environment requiring precise 
control and real-time monitoring, where machine 
synchronization and production line coordination 
are considered as primary scheduling tasks. The 
IIoT scenario consists of two TSN domains (each 
with eight industrial sensors and two controllers) 
and one DetNet domain (with six edge servers and 
one cloud server), all configured in ring topologies. 
Diffusion agents are deployed on these servers, 
which are responsible for optimizing the resource 
allocation and traffic scheduling. There are numer-
ous CPUs and GPUs with 1,200 cores and 1,500 
TFLOPS of computing resources available in both 
the TSN and DetNet domains. Seven spectrum 
resource blocks are considered, with subcarrier 
spacing (SCS) ranging from 500 to 3,500 kbit/ms.

FIGURE 2. Deterministic transmission scheduling in 6G.
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The IIoT scenario consists 
of two TSN domains (each 

with eight industrial sensors 
and two controllers) and 

one DetNet domain (with six 
edge servers and one cloud 

server), all configured in 
ring topologies.
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We define three types of traffic: 
•	 Periodic control flow with strict delay and jit-

ter requirements
•	 Video surveillance flow with high bandwidth 

and delay-sensitive requirements
•	 Data acquisition flow with low priority and 

delay-tolerant requirements.
The total system cost of all K flows is defined as 
V = SK

k=1(bsVs
k + bcVc

k + bqVq
k), where Vs

k, Vc
k, and 

Vq
k represent the spectrum resource consump-

tion, computing resource consumption, and QoS 
violation penalty for the k-th flow transmission, 
respectively.

Subject to the constraints of available comput-
ing resources, spectrum resource blocks, and the 
QoS requirements of different traffic types, the 
weights of bs, bc, and bq are set to be 0.77, 12.43, 
and 2.61, respectively. A larger bc reflects the 
priority of computing resources, while bs and bq 
are balanced to maintain spectrum efficiency and 
QoS requirements. These values were empirically 
optimized through grid search; we can practically 
adapt them to the importance of different con-
straints. For the diffusion model-enhanced algo-
rithm, the number of neurons in the hidden layers 
is set to 128 and 64, respectively, and the learn-
ing rate is set to 0.0001. The considered scenario 
employs GPT-2 for terminal LLMs and GPT-3 for 
the global LLM, and all simulations run on NVID-
IA GeForce RTX 4090 GPUs with the PyTorch 
framework. In addition, we adopt a D3QN-based 
transmission scheduling algorithm, a conventional 

DQN-based scheduling algorithm, and a genetic 
algorithm (GA) for performance comparison.

Simulation Results
We evaluate the convergence speed in the IIoT 
scenario by comparing the diffusion model-en-
hanced algorithm with the D3QN-based algo-
rithm, the DQN-based algorithm, and genetic 
algorithms, while comparing the system cost and 
delay performance with the D3QN-based algo-
rithm in the IoV scenario. As shown in Fig. 4a, 
it can be seen that the proposed algorithm has 
converged after 400 learning episodes, and the 
convergence performance is better than that of 
other benchmark algorithms. As shown in Fig. 4b, 
the results indicate that the proposed algorithm 
can obtain a lower average system cost and delay 
than that of the D3QN-based algorithm. Partic-
ularly, when the bandwidth is set to 3,500 kbit/
ms, the average system cost and delay of the pro-
posed algorithm can be reduced by 12.8% and 
26%, respectively. This is because the diffusion 
model can adapt to different network conditions 
and generate the optimal bandwidth allocation 
solution, thus promoting efficient deterministic 
transmission scheduling via a denoising module.

Open Research Issues
In recent years, network intelligence has received 
extensive attention, and the deep integration of 
generative AI and 6G will become a key research 
direction. In the following, we discuss some open 

FIGURE 3. Diffusion model-enhanced DRL for deterministic transmission scheduling.
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research issues on the synergy of generative AI 
and future networks (Fig. 5).

Novel Network Architecture for Generative AI
Future network architecture needs to be continu-
ously optimized in terms of adaptive capabilities 
to better support generative AI technologies. On 
one hand, generative AI requires multi-dimen-
sional resource management, including network-
ing, computing, and storage, to facilitate efficient 
operation for data synthesis. On the other hand, 
the adaptive adjustment and feedback mecha-
nism of the future network becomes especially 
important, as it puts forward high requirements to 
respond flexibly to rapidly changing network con-
ditions and service requirements, thereby realizing 
highly intelligent network management.

Moreover, the evolution of this architecture 
faces critical implementation challenges in practice. 
The standardization of interfaces across diverse net-
work domains and AI platforms is particularly vital, 
as it ensures seamless integration and interopera-
bility. This requires coordinated industry efforts to 
develop unified protocols while maintaining com-
patibility with existing infrastructure investments.

Computing and Networking Integration for Generative AI
As an emerging technological paradigm, gener-
ative AI stands poised to revolutionize contem-
porary society, posing significant challenges for 
resource collaboration. First, the widespread 
deployment of generative AI results in an expo-
nential surge in resource requirements for diverse 
applications, such as content generation and the 
metaverse. Second, the generative AI-based appli-
cations require not only the efficient allocation 
of network resources but also the dynamic pro-
vision of heterogeneous computing resources. 
Consequently, the integration of computing and 
networking is an inevitable research direction for 
empowering future networks with generative AI.

This integration will significantly enhance future 
network systems by enabling advanced cross-layer 
optimization and resource allocation, and the strat-
egies will reduce operational costs while improving 
QoS, particularly for delay-sensitive applications 
such as augmented reality (AR) and autonomous 
systems. This integration provides robust support 
for generative AI, enabling more efficient and 
responsive generative AI-driven services.

Federated Reinforcement Learning-based Generative AI
Federated reinforcement learning (FRL) offers a 
pioneering framework that enables multiple entities 
to collaborate on model training within a dynamic 
network environment while preserving data priva-
cy. This solution effectively enhances the scale of 
training data for the generative AI by capturing a 
broader spectrum of information from the partici-
pating entities, ultimately improving the quality and 
diversity of the generated content. Furthermore, 
FRL facilitates the generative AI’s adaptability 
across various fields and scenarios, enabling effi-
cient knowledge transfer. Thus, FRL-based genera-
tive AI stands out as a promising research area that 
holds the potential to broaden the application of 
generative AI in future networks.

The key of FRL-based generative AI is data 
quality assurance and security enhancement. 
Encryption protocols and secure aggregation 
methods are necessary to develop to protect sen-
sitive data during model training and parameter 
exchange. These considerations are crucial for 
building reliable and secure FRL-based generative 
AI systems that can be deployed in practice.

Conclusion
For 6G, network intelligence has been emerging 
as a pivotal development trend, with generative 
AI demonstrating remarkable advantages. In this 
article, we have introduced a novel three-layer 
network architecture leveraging computing-effi-
cient generative AI to facilitate intelligent resource 
management and support emerging intelligent 
computing services in 6G networks. Furthermore, 
we have proposed a diffusion model-enhanced 
traffic scheduling algorithm to achieve cross-do-
main end-to-end deterministic transmission. By 
synergizing the DRL with the diffusion model, the 
proposed algorithm enables automatic config-
uration of network parameters, which can not 
only optimize resource management but also 
significantly improve network responsiveness 
for intelligent computing services. To foster the 
advancement of future networks, we have delved 
into prospective directions and trends of gener-
ative AI, exploring its potential applications in 
computing and networking integration, thereby 
contributing to constructing more robust, effi-
cient, and adaptable 6G network infrastructures.

FIGURE 4. Performance evaluation of the proposed diffusion model-enhanced deterministic transmission scheduling algorithm: a) Convergence speed com-
parison in IIoT scenario; b) Cost and delay comparison in IoV scenario. 
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FIGURE 5. Open research issues of computing-efficient generative AI.

Authorized licensed use limited to: Tsinghua University. Downloaded on October 15,2026 at 14:29:32 UTC from IEEE Xplore.  Restrictions apply. 


