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Abstract
Driven by advances in generative artificial 

intelligence (AI) techniques and algorithms, the 
widespread adoption of AI-generated content 
(AIGC) has emerged, allowing for the generation 
of diverse and high-quality content. Especially, 
the diffusion model-based AIGC technique 
has been widely used to generate content in a 
variety of modalities. However, the real-world 
implementation of AIGC models, particularly 
on resource-constrained devices such as mobile 
phones, introduces significant challenges related 
to energy consumption and privacy concerns. 
To further promote the realization of ubiquitous 
AIGC services, we propose a novel collabora-
tive distributed diffusion-based AIGC framework. 
By capitalizing on collaboration among devices 
in wireless networks, the proposed framework 
facilitates the efficient execution of AIGC tasks, 
optimizing edge computation resource utili-
zation. Furthermore, we examine the practical 
implementation of the denoising steps on mobile 
phones, the impact of the proposed approach 
on the wireless network-aided AIGC landscape, 
and the future opportunities associated with its 
real-world integration. The contributions of this 
paper not only offer a promising solution to the 
existing limitations of AIGC services but also pave 
the way for future research in device collabo-
ration, resource optimization, and the seamless 
delivery of AIGC services across various devices. 
Our code is available at https://github.com/
HongyangDu/DistributedDiffusion.

Introduction
The ubiquity of Internet-enabled devices has 
increased demand for high-quality, readily avail-
able content. AI-Generated Content (AIGC) has 
emerged as a preferred approach, delivering 
personalized and dynamic content by applying 
artificial intelligence (AI) models [1]. Ross Good-
win’s innovative novel “1 the Road” exemplifies 
AIGC’s adaptability, ingeniously employing AI 
algorithms alongside sensor-equipped mobile 
devices to convert sensory data into a literary 

composition. Despite its promising potential, com-
putational and storage limitations have constrained 
AIGC’s creative scope. Nevertheless, the advent 
of state-of-the-art fifth-generation (5G) technol-
ogy and high-performance computing systems has 
rendered AIGC indispensable for generating cre-
ative and intricate content. Two prime examples 
of AIGC’s impact include OpenAI’s ChatGPT [2] 
and Meta AI’s Segment Anything Model (SAM) 
[3]. ChatGPT, an AI chatbot, gained 100 million 
active users within two months of its launch, mark-
ing it as the fastest-growing consumer application 
in history [2]. On the other hand, SAM is a cut-
ting-edge AI model that can “cut out” any object 
in any image with a single click. Trained on a data-
set of 11 million images and 1.1 billion masks, 
SAM exhibits robust zero-shot performance on a 
diverse range of segmentation tasks [3].

As the cornerstones of AIGC, generative AI 
techniques have been instrumental in expand-
ing content generation services. In particular, the 
diffusion model has emerged as a versatile and 
promising approach. The diffusion model operates 
through a probabilistic process in which the AI 
system iteratively reconstructs the original data 
from a series of noise-infused versions [4]. This 
innovative approach allows the diffusion model 
to learn and capture intricate patterns and struc-
tures inherent in a wide array of content types, 
thereby enabling the creation of coherent, con-
textually relevant, and aesthetically appealing 
outputs. The flexibility of the diffusion model has 
led to its widespread adoption in various AIGC 
applications:
•	 Vision: Excelling in diverse image and video 

generation tasks, diffusion models have 
become integral to vision applications, such 
as image inpainting and text-to-image genera-
tion. A notable example is Stability AI’s Stable 
Diffusion [5], a deep learning text-to-image 
model developed in 2022.

•	 Audio: In audio generation, diffusion models 
demonstrate versatility across different con-
tent domains. For instance, diffusion mod-
els have been used to create piano rolls by 
leveraging a binomial prior distribution [6].
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•	 Natural Language: The applications of dif-
fusion models to natural languages has 
attracted significant interest [7]. Due to 
the iterative reconstruction process in dif-
fusion-based models, the diffusion model 
offer great flexibility and improved trade-offs 
between content quality and efficiency [7].

•	 Time Series: One such development is the 
application of deep diffusion models that 
generate synthetic electronic health records 
[8]. The synthetic samples can be used for 
methodological developments and training 
purposes without using real patients’ private 
health information.

•	 Decision-Making: Diffusion models have 
been used in generating optimal deci-
sions, showing potential in sequential deci-
sion-making and various problem-solving 
domains [9]. They have also been applied to 
wireless networks as AI-generated incentive 
mechanisms [10] and integrated with deep 
reinforcement learning algorithms [1].
Despite the remarkable advances in AIGC, 

real-world implementation on various devices 
poses numerous challenges that warrant further 
exploration. These challenges include the intricate 
process of training and deploying AIGC models 
and the computationally intensive nature of the 
inference stage [4]. One approach to address 
these concerns is deploying AIGC models on 
server-side infrastructure, effectively offloading 
the computational demands. However, this solu-
tion may not be universally appealing, as users 
may prefer performing AIGC tasks on their local 
or nearby devices, due to security and privacy 
considerations, and in potential applications of 
sensitive domains like healthcare. Meanwhile, 
the limited computational resources of these 
devices introduce significant challenges, poten-
tially impacting the generation and inference 
time of AIGC models [1]. This problem is par-
ticularly evident in diffusion model-based AIGC, 
where each denoising step necessitates substan-
tial energy consumption [4], [11]. To date, most 
AIGC research has focused on developing mod-
els in isolated server environments, neglecting 
the potential benefits of device collaboration. In 
real-world scenarios, ensuring efficient and seam-
less access to AIGC services is of considerable 
importance, as it directly impacts user satisfaction. 
Therefore, it is important to investigate innova-
tive methodologies that address the challenges 
stemming from the collaborative execution of 
AIGC tasks across a multitude of devices and the 
diverse access requirements of users.

Recognizing the challenges faced by AIGC ser-
vice execution on resource-constrained devices, 
we propose a collaborative distributed diffu-
sion-based AIGC framework to save computing 
energy and enhance user experience. Within 
this distributed computing framework, we imple-
ment an effective strategy that enables devices 
to collaborate in performing shared denoising 
steps. The shared denoising steps can be exe-
cuted on one device, i.e., an edge server or end 
device. Upon completing the shared steps, the 
intermediate results are wirelessly transmitted to 
other devices, which subsequently conduct the 
remaining task-specific denoising steps. This dis-
tributed computing method can also be viewed 

as an offloading technique, addressing privacy 
concerns by empowering users to maintain con-
trol over their content while saving computational 
resources across the network. Our contributions 
can be summarized as follows:
•	 We present an in-depth analysis of diffusion 

model-based AIGC, examining its potential 
deployment in wireless networks. We also 
explore the underlying principles that facili-
tate the partitioning of the diffusion process.

•	 We propose a collaborative distributed 
diffusion model-based AIGC framework. 
By integrating central and edge inference, 
the collaborative distributed computing 
approach effectively addresses the compu-
tational resource limitations inherent in dif-
fusion model-based AIGC models, providing 
an efficient, scalable, and personalized expe-
rience for users.

•	 We demonstrate the successful implementa-
tion of the Stable Diffusion v1-4 Model [5] 
on a mobile phone, operating without an 
Internet connection. We present a compre-
hensive discussion of the proposed frame-
work, providing insights into its potential 
impact on the wireless network-empowered 
AIGC.

Collaborative Distributed Diffusion-Based 
AI-Generated Content (AIGC) Framework

In this section, we introduce the basic principles 
of diffusion models and the distributed comput-
ing of the diffusion process. Then, we present the 
collaborative distributed diffusion-based AIGC 
framework.

Overview of Diffusion Models
AI models have demonstrated remarkable 
advances in generating visually impressive 
images based directly on text descriptions. Diffu-
sion models are the primary methodology used 
in text-generated images and serves as the core 
technology for this task. Several well-known and 
popular text-generated image models, including 
Stable Diffusion, Disco-Diffusion, Mid-Journey, 
and DALL-E2, are based on the diffusion model 
[4]. Among these, Stable Diffusion stands out 
as a milestone in AI image generation, provid-
ing high-performance results with higher-quality 
images, faster computation, lower resource con-
sumption, and a smaller memory footprint [11]. 
We then present the fundamental principles of 
diffusion models and explore the potential for off-
loading the diffusion process.

1) Principles of Diffusion Models: Diffusion 
models are advanced generative models designed 
to create data that closely resembles the input 
training data [11]. The key principles are:
•	 Systematic Degradation of Training Data: 

The models introduce Gaussian noise step-
by-step to degrade the original data. This 
step is called Diffusion.

Recognizing the challenges faced by AIGC service execution on resource-constrained devices, we 
propose a collaborative distributed diffusion-based AIGC framework to save computing energy and 

enhance user experience.
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•	 Restoration of Original Data: Diffusion mod-
els learn to restore the data by reversing the 
noising process through incremental denois-
ing and reconstruction. This step is called 
Denoising.

•	 Modeling Complex Data Distributions: The 
core idea involves iteratively transforming a 
simple Gaussian distribution into the target 
distribution.

•	 Neural Networks as Denoising Functions: 
Diffusion models use neural networks to 
capture intricate relationships within the 
data, enabling high-fidelity sample genera-
tion and improved data synthesis.

•	 Demonstrated Success Across Applications: 
These models have achieved remarkable 
results in image synthesis, text generation, 
and reinforcement learning [4].
2) Workflow of Diffusion Model-based AIGC: 

In this section, we delineate the workflow for a 
diffusion model-based AIGC model. As shown 
in Fig. 1, we use Stable Diffusion [5], [11] as an 
example:

a) Text Conditioning: This step involves the 
processing of textual prompts and their subse-
quent integration into a noise predictor. Within 
the Stable Diffusion framework, the textual 
prompt undergoes tokenization, is transformed 
into embeddings, and is subsequently processed 
by a text transformer before being utilized by 
the noise predictor [12]. The text transformer 
serves the dual purpose of further refining the 
embeddings and offering a mechanism for 
incorporating various conditioning modalities. 
As a result, the output generated by the text 
transformer is utilized multiple times by the 
noise predictor, facilitated by a cross-attention 
mechanism.

b) Generation of a Random Latent Tensor via 
Stable Diffusion: A random tensor is generated 
within the latent space. By configuring the seed 
for the random number generator, the stochastic 

nature of the tensor can be controlled, ensuring 
the reproduction of an identical random tensor 
when the same seed value is applied. Note that 
the tensor created at this stage is pure noise and 
does not correspond to any coherent image.

c) Application of the Noise Predictor: The 
noise predictor is a neural network that processes 
the input, which consists of the latent noisy image 
and a text prompt, and generates a prediction of 
the noise present within the latent space.

d) Computation of a New Latent Image Ten-
sor: The new latent image tensor is derived by 
subtracting the predicted noise tensor from the 
initial latent image tensor.

e) Iterative Enhancement and Final Image 
Generation: Utilizing the latent noisy image and 
noise prediction, Steps b) and c) are iteratively 
executed for a predefined number of sampling 
steps, resulting in the refinement of the image 
quality. Subsequently, the Variational Autoen-
coder (VAE) decoder [13] converts the improved 
latent image back into pixel space, producing the 
final image output.

3) Wireless Network Architecture: We explore 
different network architectures for the collabora-
tive distributed diffusion-based AIGC system, each 
with its unique advantages:
•	 Edge-to-Multiple Devices: This architecture 

employs an edge server as a communica-
tion hub for multiple user devices. The edge 
server performs shared denoising steps for 
groups of users with semantically similar 
task requirements and transmits the interme-
diate outputs to the respective user devices. 
The user devices then independently com-
plete the remaining task-specific denoising 
steps. This architecture offers the following 
benefits:

–– Reduced Latency: By processing shared 
steps centrally, the architecture minimiz-
es the time required for content gener-
ating and processing as the certain steps 

FIGURE 1. The workflow of the diffusion model-based AIGC model, and the fundamental principles of implementing collaborative 
distributed AIGC. The text prompts for the two users are “A bird on a table” and “A cat on a table,” respectively. Tokenizer 
transforms text into numerical tokens, enabling models to process complex phrases by breaking them into familiar parts. 
Embeddings represent words as vectors, capturing semantic relationships for tasks. Text transformer processes textual input data, 
conditioning the model for various natural language tasks and efficiently integrating text-based information.
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can be done on a more powerful com-
puting device.

–– Optimized Resource Allocation: Central-
ized processing, with a complete view 
of the network load, allows for bal-
anced task distribution across devices to 
enhance overall network efficiency.

–– Effective Load Balancing Across User 
Devices: Distributing user-specific tasks 
prevents individual devices from becom-
ing overloaded, ensuring a smooth user 
experience.

•	 Device-to-Device (Two Devices): This 
architecture enables two devices to 
directly collaborate on distributed diffu-
sion-based AIGC tasks. The devices jointly 
determine the shared denoising steps, 
perform these steps on a selected device, 
share intermediate outputs, and then indi-
vidually complete the remaining denoising 
steps. This architecture provides the follow-
ing advantages:

–– Energy Efficiency: Direct device-to-device 
communication bypasses the need for 
additional central processing, leading to 
energy savings.

–– Enhanced Privacy: Without the involve-
ment of a central server, user devices 
independently execute their tasks, reduc-
ing the potential risk of AIGC content 
leakage.

•	 Forming a Cluster Among Multiple Devices 
(with/without Edge): In this architecture, 
user devices form collaborative clusters 
to jointly execute distributed AIGC tasks. 
Clustering can be accomplished either with 
the assistance of an edge server or through 
self-organization based on each device’s 
task requirements and resources. These clus-
ters collaboratively handle shared denoising 
steps, distribute intermediate outputs, and 
then individually complete the task-specific 
denoising steps. This architecture offers the 
following benefits:

–– Adaptability: Clustering is inherently flex-
ible, allowing the system to cater to a 
wide variety of AIGC task requirements 
by arranging devices based on their spe-
cific needs, such as one cluster for gen-
erating animal images and another for 
generating car images.

–– Scalability: By dynamically adjusting 
cluster formations, this architecture can 
easily accommodate a growing number 
of devices and tasks.

–– Resource optimization: By allowing devic-
es to share computational resources and 
collectively perform AIGC tasks, cluster-
ing enhances overall system efficiency.

A Collaborative Distributed Diffusion-Based 
AIGC Approach

Given the network architecture, the collaborative 
distributed diffusion-based AIGC process can be 
executed through the following steps:
Step 1. AIGC Model Training and Distribution: In 

the first step, AIGC models are trained using 
large datasets to ensure that they can gener-
ate high-quality content based on user inputs. 

The training process is conducted on high- 
performance computing devices, like GPU 
clusters, to handle the extensive computation-
al requirements. Upon successful training, the 
models are distributed to edge servers, and 
they are also accessible for user devices to 
directly download.

Step 2. Collect AIGC Task Requirements from 
Users: The system gathers AIGC task require-
ments from users, who submit requests con-
taining textual prompts (e.g., “A Bird on The 
Desk” as shown in Fig. 2 Part A) describing 
the desired content. Edge servers process and 
schedule these requests, ensuring efficient 
resource utilization and optimal system per-
formance by understanding each task’s spe-
cific requirements, including computational 
complexity and output quality.

Step 3. Knowledge Graph-Aided Semantic Analy-
sis and Offloading Scheduling: Upon collect-
ing user requirements, the system conducts 
semantic analysis to discern similarities and 
differences between user prompts, facilitated 
by a knowledge graph [14]. The graph (Fig. 2 
Part B) offers a structured representation of 
semantic relationships, allowing the system 
to group users with similar task requirements 
and customize shared denoising steps for 
each group. Moreover, the graph can be 
updated incrementally, allowing for efficient 
handling of new tasks and facilitating frequent 
user reclustering.

Step 4. Shared Inference: In the shared inference 
step, shared denoising steps (Fig. 2 Part C) 
are performed for each user group with sim-
ilar task requirements on a central server. In 
this step, any text prompt in the grouped tasks 
can be used. The intermediate outputs after 
performing shared denoising steps are then 
transmitted to the respective edge devices, 
facilitating further processing. Note that our 
framework readily can integrate robust secu-
rity measures, including data encryption tech-
niques and physical layer security methods, in 
the data transmission process.

Step 5. Local Inference: User devices receive 
intermediate outputs from the central server 
and proceed to complete user-specific denois-
ing steps. By delegating these steps to user 
devices (Fig. 2 Part D), the system enables 
users to perform their tasks independently, 
conserving energy and maintaining privacy. 
As a result, users can efficiently generate the 
desired AI-generated content tailored to their 
requirements.

In summary, the proposed collaborative dis-
tributed diffusion-based AIGC framework aims 
to address the challenges and limitations of 
conventional AIGC systems. By performing 
shared denoising steps on a central server and 
offloading the remaining steps to edge devices, 
this approach balances computational load, 
reduces latency, and achieves high-quality con-
tent generation. Importantly, the versatility of this 
framework reaches beyond image-based AIGC, 
offering valuable potential solutions for a broad 
spectrum of diffusion model-based AI schemes 
in diverse domains as we discussed in Section I. 
Despite the advantages offered by this framework, 
it is crucial to validate its performance, practical 
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implementation, and potential research challenges 
through numerical analysis and in-depth discus-
sion in the following section.

Numerical Results and Discussion
In this section, we perform numerical results and 
discussion pertaining to collaborative distributed 
AIGC framework, organizing them into implemen-
tation and performance discussion.

Implementation
We implemented the Stable Diffusion v1-4 Model 
[5] on a Redmi K40 smartphone, a device fea-
turing 12GB of RAM, 256GB storage, and a 
Qualcomm Snapdragon 870. This model was 
operationalized without an Internet connection 
using the ncnn framework (https://github.com/
Tencent/ncnn), optimized for mobile platforms. 
Our process involved transforming the CLIP 
(https://github.com/openai/CLIP) and diffusion 
model for offline deployment using the pnnx tool. 
We also employed EuLer-A (https://huggingface.
co/docs/diffusers/api/schedulers/ euler_ances-
tral) as the sampler during the prompt processing 
phase to ensure consistent output image resolu-
tion at 512 ∗ 512 pixels.

The feasibility of executing diffusion models on 
network end devices with limited computing power: 
We have implemented a diffusion model-based 

AIGC model, i.e., Stable Diffusion v1-4 Model [5], 
on a mobile phone. This successful deployment 
serves as empirical evidence of our proposed 
framework’s practicality for local execution. 
Figure 4 showcases the results obtained from this 
implementation. However, it is crucial to recog-
nize that the inference speed and performance of 
diffusion models on mobile phones may be con-
strained by the device’s computational capacity. 
This limitation can lead to extended processing 
times and potential restrictions on the complexity 
of the models and tasks that can be executed. To 
address these challenges, a range of optimization 
techniques can be employed, such as model prun-
ing to reduce the model’s size and complexity, 
quantization to decrease the numerical precision 
required for computations, and hardware acceler-
ation to exploit specialized hardware components 
for improved performance.

The effect of the wireless transmission on dif-
fusion model-based: Wireless transmission can 
influence the performance of distributed diffusion 
model-based AIGC computing in edge networks. 
Several factors affect the successful and accurate 
transmission of diffusion results:
•	 Transmit Power: Increasing transmit power 

enhances the signal-to-noise ratio (SNR), 
improving the accuracy and reliability of 
data transmission. Also, the transmit power 

FIGURE 2. The proposed collaborative distributed diffusion-based AIGC approach in wireless networks. We consider the case where user 
end devices perform eight local denoising steps and compare the results with those obtained when the collaborative distributed 
AIGC is not used.
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can be adaptively allocated to the transmis-
sions of diffusion tasks from different users 
given efficiency and fairness criteria.

•	 Fading: Wireless channels often exhibit fad-
ing due to multipath propagation and shad-
owing. Fading can cause fluctuations in the 
received signal strength, leading to varia-
tions in the transmission quality, in which 
the transmission of diffusion tasks can be 
scheduled to avoid fading. For example, 
during deep fading, the edge server can 
perform more denoising steps and transmit 
the results to the mobile device once chan-
nel quality becomes better.

•	 Mobility: The mobility of devices within 
an edge network may cause rapid chang-
es in the channel conditions, requiring the 
communication system to adapt swiftly. 
High mobility may lead to increased han-
dover frequency, resulting in temporary 
service disruptions and reduced system 
performance. Again, denoising steps can be 
adjusted according to the mobility patterns 
of different users.
We consider that when user 1 transmits the 

results after the shared denoising step to user 2, 
the wireless environment may introduce bit errors. 
Figure 3 shows the generated image quality by 
user 2 after performing the local denoising steps 
using the received results from user 1, under dif-
ferent bit error probabilities. In addition to the 
visual presentation, we have calculated several 
image quality evaluation metrics, including mean 
squared error (MSE), peak signal-to-noise ratio 
(PSNR), and structural similarity index (SSIM) [15]. 
We can observe that although the increase in bit 
error probability does cause damage to the final 
results, distributed AIGC computing has relatively 
high robustness. When the error rate reaches 2%, 
user 2 can still produce high quality images. The 
reason is that the diffusion process carried out 

locally by user 2 can, to some extent, correct the 
image and improve the final generated quality 
due to the denoising step as shown in Fig. 1.

Performance
We then discuss the concerns and considerations 
that arise when applying the proposed collab-
orative distributed AIGC framework to wireless 
networks. The impact of the proportion of joint 
denoising steps on system performance: In our pro-
posed distributed AIGC computing framework, 
the proportion of shared denoising steps can sig-
nificantly influence system performance. As the 
number of shared denoising steps increases, the 

FIGURE 3. The image quality metrics, i.e., MSE, PSNR, and SSIM, of the final generated images under various error rates, showing the 
impact of wireless transmission on the distributed AIGC computing approach. Specifically, text prompts for user 1 and user 2 are 
“Apple on Table” and “Lemon on Table”, respectively. The used AIGC model is Stable Diffusion v1-4 Model [5]. User 1’s device 
performs 5 shared steps, and the intermediate results are transmitted to user 2. User 2 then performs 6 local steps, and the final 
generated image is displayed on user 2’s device.

High mobility may lead to increased handover frequency, resulting in temporary service disruptions 
and reduced system performance.

FIGURE 4. The implementation of Stable Diffusion v1-4 Model [5] in a mobile 
phone without the Internet connection, and the inference time test.
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system resources are more efficiently utilized. The 
reason is that multiple user tasks can share the 
same diffusion generation result, thereby reducing 
the workload for individual users and allowing 
for more effective use of available resources. 
However, it is crucial to find a balance between 
the number of shared denoising steps and the 
quality of the generated images. If the number of 
denoising steps executed at the user’s terminal for 
the own task is too small, generating high-quality 
images that meet the task requirements becomes 
challenging. This can lead to a trade-off between 
the proportion of shared denoising step and 
image quality.

As shown in Fig. 5, two users’ prompts are 
“Apple on Table” and “Lemon on Table” respec-
tively. User 1 executes the entire 11-step 
diffusion process. User 2 then receives the 
intermediate diffusion outcomes from user 1 to 
continue its own AIGC task. When the shared 
denoising steps are set to 5, user 2 can achieve 
a visually appealing result. However, as the 
number of shared denoising steps increases to 
7, although the AIGC output still semantically 
meets user 2’s prompt requirements, the gener-
ated image quality is negatively affected. When 
the shared denoising steps become excessive, 
such as 9 steps, user 2 only performs two local 
denoising steps, rendering it insufficiently to fulfill 
its own task request. Ideally, an optimal balance 
should be achieved to ensure efficient resource 

utilization without sacrificing image quality. In 
this context, our framework, when optimally 
configured with shared denoising steps, can 
outperform the centralized system while saving 
resources. This may involve conducting experi-
ment and analysis to identify the most suitable 
balance for various use tasks.

The impact of variations in semantic con-
tent between users’ prompts on the system 
performance: In the proposed distributed AIGC 
computing approach, a portion of shared denois-
ing steps is executed initially, with the resulting 
intermediate outputs being transmitted to end 
devices to complete the remaining steps tailored 
to their specific tasks. When there is a signifi-
cant variation in the semantic content of users’ 
prompts, the efficacy of the shared denoising 
steps may be adversely affected, potentially lead-
ing to suboptimal final results. Figure 6 illustrates 
an example where distributed AIGC comput-
ing is ineffectively utilized due to the substantial 
difference in semantic content between users’ 
prompts.

To address this issue, it is essential to group 
users judiciously based on the semantic infor-
mation of their tasks. By clustering users with 
similar semantic requirements, the shared 
denoising steps can be tailored to better serve 
the content demand of each group, ensuring 
a more effective transmission of intermediate 
results to end devices. Proper user clustering also 

FIGURE 5. The impact of the proportion of shared denoising steps on system performance.
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contributes to the overall system performance 
by reducing the computational overhead and 
improving the efficiency of resource utilization. 
Moreover, a caching mechanism can be used as 
another solution. In this setup, the edge server 
stores or caches intermediate outputs from novel 
tasks, enabling faster and less resource-intensive 
processing for future tasks of similar semantic 
information.

Future Directions

Incentive Mechanism Designs for Distributed  
AIGC Computing

AIGC computing tasks in wireless networks 
require efficient completion to ensure optimal 
performance. Incentive mechanism design can 
enhance computing efficiency and reduce costs 
by motivating users and devices to contribute 
resources and participate in the computation 
process [10]. Although incentive mechanisms 
generally apply to various AI services, AIGC 
services present unique challenges due to their 
iterative and distributed nature, which necessi-
tates close collaboration and synchronization 
among participating devices. As such, future 
research should focus on designing incentive 
mechanisms that consider the specific require-
ments and constraints of AIGC tasks, such as 
latency, synchronization, and resource avail-
ability, and on promoting resource sharing, 
cooperation, and the development of more effi-
cient AIGC systems.

Joint Diffusion and Channel Coding With 
Adaptive Modulation

By jointly optimizing the diffusion model-based 
AIGC computing and channel coding, and tai-
loring the modulation and coding schemes to 
the prevailing channel conditions, the commu-
nication system can effectively optimize the 
balance between throughput and reliability. This 
approach involves designing both the diffusion 
model and channel coding to work in harmony, 
taking into account the specific characteristics 
of the AIGC and the channel conditions. To 
achieve this, the system can dynamically adapt 
to variations in channel quality, incorporating 
feedback mechanisms to ensure optimal AIGC 
performance.

Secure Scheme Designs for Distributed AIGC Computing
Privacy protection is a crucial aspect of AI ser-
vices, including AIGC. Ensuring sensitive data 
remains secure during distributed AIGC comput-
ing is a promising research direction. In particular, 
incorporating blockchain-based technologies can 
help address these challenges by ensuring data 
decentralization and preventing malicious actors 
from disrupting the distributed AIGC computing 
process. For instance, using a blockchain-enabled 
consensus mechanism can maintain the integrity 
and confidentiality of intermediate AIGC results 
shared between devices during wireless transmis-
sion. In addition, investigating secure and effective 
methods for auditing and monitoring the trans-
mission process, such as machine learning-based 
anomaly detection or cryptographic proofs of 

computation, can further ensure the correctness 
and security of the distributed AIGC computing 
process.

Conclusion
We have proposed a collaborative distributed 
AIGC computing approach to overcome the 
challenges related to diffusion model-based AIGC 
services on devices with limited computational 
resources. By capitalizing on the cooperative 
capabilities of devices, our distributed AIGC 
computing framework aims to enhance the 
overall efficiency and scalability of AIGC task 
execution. We have delved into the distributed 
AIGC computing framework, elucidating its 
core principles, potential applicability in wireless 
networks, and the opportunities it creates for 
the consistent delivery of AIGC services across 
various devices. Moreover, we have engaged 
in numerical results analysis and discussion that 
investigate the practicality of our proposed 
approach, its influence on the AIGC ecosystem, 
and the hurdles associated with incorporating it 
into real-world scenarios. As AIGC becomes an 
integral part of our digital lives, it is crucial to 
develop strategies capable of effectively cater-
ing to the growing demand for AIGC services. 
We hope that our work can serve as an inspira-
tion for researchers and practitioners to further 
explore wireless network-empowered AIGC.
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