
1536-1284/24/$25.00 © 2024 IEEE IEEE Wireless Communications • June 2024226

Abstract
Artificial intelligence-generated content (AIGC) 

refers to the use of AI to automate the informa-
tion creation process while fulfilling the person-
alized requirements of users. However, due to 
the instability of AIGC models — for example, the 
stochastic nature of diffusion models — the qual-
ity and accuracy of the generated content can 
vary significantly. In wireless edge networks, the 
transmission of incorrectly generated content may 
unnecessarily consume network resources. Thus, 
a dynamic AIGC service provider (ASP) selection 
scheme is required to enable users to connect to 
the most suited ASP, improving the users’ satisfac-
tion as well as the quality of generated content. In 
this article, we first review the AIGC techniques 
and their applications in wireless networks. We 
then present the AIGC-as-a-service (AaaS) con-
cept and discuss the challenges in deploying AaaS 
at the edge networks. It is essential to have perfor-
mance metrics to evaluate the accuracy of AIGC 
services. Thus, we introduce several image-based 
perceived quality evaluation metrics. Then, we 
propose a general and effective model to illustrate 
the relationship between computational resources 
and user-perceived quality evaluation metrics. To 
achieve efficient AaaS and maximize the quality 
of generated content in wireless edge networks, 
we propose a deep reinforcement learning-en-
abled algorithm for optimal ASP selection. Simu-
lation results show that the proposed algorithm 
can provide a higher quality of generated content 
to users and achieve fewer crashed tasks by com-
paring with four benchmarks, that is, overload-
ing-avoidance, randomness, round-robin policies, 
and the upper-bound schemes.

Introduction
Artificial Intelligence-Generated Content (AIGC) 
techniques have gained significant attention due 
to the unprecedented ability to automate the cre-
ation of various content [1], for example, text, 
images, and videos. Undoubtedly, AIGC will sig-
nificantly impact daily applications, especially 
Metaverse. With the ability to produce efficiently 
large amounts of high-quality content, AIGC can 
save time and resources that would otherwise be 
spent on manual content creation.

Recent research has made significant strides in 
the field of AIGC. Specifically, in text generation, 
the authors in [2] and [3] explored the application 
of deep learning techniques to generate coherent 
and diverse texts. For image generation, studies 
such as [4] and [5] focused on generating pho-
to-realistic images using generative adversarial 
networks (GANs). In the audio generation, the 
authors in [6] explored deep learning techniques 
for synthesizing high-quality speech. OpenAI has 
been at the forefront of language model devel-
opment, starting with the release of the GPT-3 
model. This versatile model was capable of 
diverse tasks such as machine translation, text 
generation, and semantic analysis [7]. Recently, its 
successor, GPT-4, further pushed the envelope by 
demonstrating enhanced factual correctness and 
adherence to ethical guidelines. Concurrently, dif-
fusion model-based DALL-E2 was introduced and 
recognized as a leading image generation model, 
surpassing GANs [8]. Supported by a dataset of 
11 million images and over 1 billion masks, Meta 
Research’s Segment Anything Model (https://seg-
ment-anything.com/) boasters impressive zero-
shot inference capabilities, thereby shaping a new 
benchmark for instance segmentation tasks.

Despite these advancements, challenges per-
sist in the field of AIGC. The models require 
extensive data for training and are difficult to 
deploy due to their size. For example, Stability 
AI, responsible for the Stable Diffusion model, 
maintains over 4,000 NVIDIA A100 GPU clusters 
and has spent over $50 million in operating costs 
(https://stability.ai/). A single training session of 
Stable Diffusion V1 requires 150,000 A100 GPU 
hours. Furthermore, the suitability of AIGC mod-
els varies based on the training datasets used. An 
AIGC model trained on a human face dataset, 
while effective at repairing corrupted face images, 
may not perform as well with blurred landscape 
images. Due to the diversity of users’ tasks and 
the limited edge device capabilities, it is difficult 
to deploy multiple AIGC models on every net-
work edge device. To tackle this challenge, we 
adopt the “Everything-as-a-service” (EaaS) concept 
and propose a new deployment scheme called 
“AIGC-as-a-service” (AaaS), which allows AI mod-
els to be deployed on edge servers and provides 
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ACCEPTED FROM OPEN CALL users with AIGC services. In the AaaS scheme, 
AIGC service providers (ASPs) deploy AI models 
on more powerful servers rather than on user-
side mobile devices, offering instant services to 
users over wireless networks. This enables users 
to access and enjoy AIGC with low latency and 
resource consumption. There are several advan-
tages of deploying AaaS in edge networks.

Personalization: AIGC models can generate 
content tailored to each user’s requirements, pro-
viding a personalized and engaging experience. 
For example, personalized generative-AI product 
recommendations can be offered to users based 
on their locations, preferences, and usage patterns.

Efficiency: Deploying AIGC services closer to 
users improves the quality of service (QoS), for 
example, lower delay, and enables more efficient 
utilization of network and computing resources 
due to local content transfer.

Flexibility: AIGC can be customized and opti-
mized to meet dynamic demands and resource 
availability. By scheduling wireless network users’ 
access for ASPs, the overall QoS for users in the 
network can be maximized.

Thus, edge-enabled AaaS has the potential to 
revolutionize the way content is generated and 
delivered over wireless networks by addressing 
the deployment challenges. However, the cur-
rent research on AIGC primarily focuses on AIGC 
model training, overlooking the resource alloca-
tion issues when deploying AIGC in wireless edge 
networks. AIGC models may require significant 
bandwidth and computing power to generate 
and deliver content to users, potentially leading to 
degraded network performance. Furthermore, scal-
ing AaaS to accommodate a large number of users 
can be challenging. On the one hand, users aim to 
choose the ASPs with the best performance. On 
the other hand, it is important to avoid overload-
ing certain AIGC services and requiring re-trans-
missions. To the best of our knowledge, this is the 
first research work to discuss the deployments, 
aforementioned challenges, and future directions of 
AIGC in wireless edge networks. Our contributions 
can be summarized as follows:
•	 We provide a comprehensive overview of the 

AIGC and techniques behind it. Then, we dis-
cuss various applications of AIGC and their 
use cases in wireless edge networks and their 
deployment challenges.

•	 We review the existing image-based perceived 
quality metrics. By conducting real experiments, 
we propose a general model to reveal the rela-
tionship between computational resource con-
sumption and the quality of generated content 
in AaaS.

•	 We propose a deep reinforcement learning 
(DRL)-enabled method to achieve a dynamic 
selection of optimal ASPs. We demonstrate the 
superiority of our proposed DRL-enabled algo-
rithm compared with four solutions, including 
upper-bound, overloading-avoidance, random, 
and round-robin policies.

AI-Generated Content and Techniques
In this section, we review the recent progress of 
AIGC. Specifically, we introduce the technologies 
behind the AIGC. Then, we discuss several cat-
egories of AIGC and associated applications in 
edge networks.

Generative-AI Techniques

We introduce generative-AI techniques in training 
AIGC models [9]. The basic model structures are 
shown on the left of Fig. 1.

Autoregressive Models (ARMs): ARMs belong 
to statistical modeling that involves predicting the 
future values of a time series based on past values 
[9]. ARMs can generate text or other media types 
for content generation by predicting the next ele-
ment based on the previous ones. A potential use 
case for ARMs is to generate music by predicting 
the next note in a musical sequence based on the 
previous notes from edge users.

Variational Autoencoders (VAEs): VAEs can 
generate new data by learning a compact, latent 
representation of the input data, consisting of an 
encoder network and a decoder network [9]. The 
encoder network processes the input data and out-
puts a latent representation. The decoder network 
takes this latent representation as input and gener-
ates synthetic data similar to the input data.

Generative Adversarial Networks (GANs): 
GANs consist of two neural networks, that is, gen-
erator and discriminator networks [4]. The two 
networks are trained together to improve the gen-
erator’s ability to generate realistic images and the 
discriminator’s ability to distinguish synthetic imag-
es from real images.

Flow-Based Models (FBMs): FBMs transform a 
simple distribution into a target distribution through 
a series of invertible transformations [9]. These 
transformations are implemented as neural net-
works, and the process of applying the transforma-
tions is referred to as “flow.”

Diffusion Models (DMs): DMs are trained to 
denoise images blurred by Gaussian noise to learn 
how to reverse the diffusion process [8]. Sever-
al diffusion-based generative models have been 
proposed, including diffusion probabilistic models, 
noise-conditioned score networks, and denoising 
diffusion probabilistic models.

Moreover, classic techniques such as Trans-
former can also be used in AIGC models, which 
are discussed in the following.

Categories of AIGC and Applications in  
Mobile Networks

We then present several categories of AIGC technol-
ogies and their applications in edge networks, which 
can serve as potential future research directions.

Text-to-Text AIGC: Text-to-text AIGC can gen-
erate the human-like message as an output based 
on a given text input. Therefore, it can be used for 
automatic answers, language translation, or arti-
cle summarization. One representative text-to-text 
AIGC model is the Chat Generative Pre-training 
Transformer (GPT) (https://openai.com/blog/
chatgpt/), a language model developed by Ope-
nAI [7]. The GPT is trained on a large dataset of 
human-generated text, such as books or articles. 
The model can then create text by predicting the 
next word in a sequence based on the words that 
come before it. GPT has been highly successful 
and has achieved state-of-the-art results on several 
natural language processing (NLP) benchmarks. In 
wireless edge networks, as shown in Fig. 1, GPT 
can serve as a chatbot that provides drivers with 
navigation and information alert services. Addi-
tionally, real-time services like instant language 

AIGC models can gen-
erate content tailored 
to each user’s require-

ments, providing a per-
sonalized and engaging 

experience. 
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translation, for example, Translation AI (https://
cloud.google.com/translate), can be deployed. For 
instance, during live video conferences, real-time 
language translation services are crucial for seam-
less communication.

Text-to-Image AIGC: Text-to-image AIGC allows 
users to generate images based on text input, 
enabling the creation of visual content from writ-
ten descriptions. It can be regarded as a combina-
tion of natural language processing and computer 
vision techniques. As shown in Fig. 1, the text-to-
image AIGC can assist mobile users with various 
activities. For example, users in Internet-of-Vehicles 
can request visual-based path planning. Further-
more, text-to-image AIGC can also assist users in 
creating art and producing pictures in various styles 
based on users’ descriptions or keywords.

Text-to-3D AIGC: Text-to-3D AIGC can gener-
ate 3D models from text descriptions while using 
wireless AR applications. Typically, generating 3D 
models requires higher computational resources 
than generating 2D images. Considering the devel-
opment of next-generation Internet services, such 
as Metaverse [10], generating 3D models based 
on text without complicated manual design is a 
fascinating prospect. Considering the develop-
ment of next-generation Internet services, such as 
Metaverse [10], generating 3D models based on 
text without complicated manual design is a fas-

cinating prospect. Real-time AR experiences, inte-
grated with text-to-3D AIGC, allow users to interact 
with and visualize 3D content instantly. Empow-
ering these services by edge nodes is crucial for 
meeting AR applications’ low-latency and real-time 
processing demands, ensuring a seamless and 
immersive experience while highlighting the ben-
efi ts of AIGC services in wireless edge networks.

Image-to-Image AIGC: Image-to-Image AIGC 
uses AI models to generate realistic images from 
source images or create a stylized version of an 
input image. For example, when it comes to assist-
ing artwork creation, image-to-image AIGC can 
generate visually satisfying pictures based solely 
on user-inputted sketches. Furthermore, image-to-
image AIGC can be used for image editing ser-
vices. Users can remove occlusions in one image 
or repair corrupted images.

Audio-related AIGC: Audio-related AIGC 
models analyze, classify, and manipulate audio 
signals, including speech and music. Specifically, 
text-to-speech models are designed to synthesize 
natural-sounding speech from text input. Music gen-
eration models can synthesize music in a variety of 
styles and genres. Audio-visual music generation 
involves using both audio and visual information, 
such as music videos or album artwork, to generate 
music compositions that are more closely tied to a 
particular visual style or theme. Moreover, audio-re-

FIGURE 1. Generative techniques in AIGC [9], categories of AIGC, and applications in wireless edge networks. Th e listed AIGC services, for example, 
ChatGPT for text-to-text AIGC (https://openai.com/blog/chatgpt/), Imagen for text-to-image AIGC (https://imagen.research.google/), DreamFusion for 
text-to-3D AIGC (https://dreamfusion3d.github.io/), Crypko for image-to-image AIGC (https://crypko.ai/), and Human Voice Generator for audio-related 
AIGC (https://murf.ai/), are provided as examples of existing applications, illustrating the potential use cases for our proposed AIGC-as-a-service (AaaS) 
deployment in wireless edge networks.
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lated AIGC can serve as voice assistants that answer 
users’ queries. Alexa (https://developer.amazon.
com/en-US/alexa) and Siri (https://www.apple.
com/sg/siri/) are examples of real-life applications.

Given the power of AIGC models, there are sev-
eral challenges in deploying AaaS in wireless edge 
networks, which are introduced in the following.

AI-Generated Content-as-a-Service in  
Wireless Edge Networks

In this section, we discuss the AaaS in detail, includ-
ing the challenges and performance metrics.

AI-Generated Content-as-a-Service and Challenges
To deploy AaaS in wireless edge networks, the 
ASPs should first train AIGC models on large 
datasets. The AIGC models would need to be 
hosted on edge servers and can be accessed 
by users. Continuous maintenance and updates 
would be required to ensure that the AIGC mod-
els remain accurate and effective for generating 
high-quality content. Users can submit requests 
for content generation and receive the generat-
ed content from edge servers rented by ASPs. 
Despite several advantages of deploying AaaS 
in wireless edge networks, there are pertaining 
challenges to be addressed.

Bandwidth Consumption: The AIGC con-
sumes a significant amount of bandwidth. Particu-
larly for high-resolution images, both upload and 
download processes require considerable network 
resources. For example, the data size of an AI-gen-
erated wallpaper in wallhaven (https://wallhaven.
cc/tag/133451) can be around 10 Megabytes. 
Furthermore, deploying AIGC models at the edge 
requires resource management to avoid network 
congestion and ensure low-latency services.

Time-Varying Channel Quality: The QoS in 
AaaS can be affected by the wireless transmission 
of the generated content. Low Signal-to-Noise 
Ratio (SNR), high Outage Probability (OP), and 
high bit-error probability (BEP) can degrade QoS of 
AIGC services and users’ satisfaction, which is due 
to time-varying fading channels when the channel 
encounters deep fading occasionally.

Computation Resource Consumption: The 
deployment of AIGC models at the network edge 
requires efficient utilization of limited computation-
al resources on edge devices, for example, fine-tun-
ing and inference. For example, the quality of the 
output of the diffusion model-AaaS increases with 
the number of inference steps.

Utility Maximization and Incentive Mecha-
nism: Incentive mechanism design is important in 
AaaS as it can motivate ASPs to generate high-qual-
ity content, meeting the target goals and objec-
tives. Here, the utility function should represent the 
perceived QoS from users.

Edge-Aware Content Generation: The data-
set used for training AIGC models can impact the 
quality of the generated content. To maximize user 
satisfaction, edge-enabled AIGC services should be 
designed to consider the specific requirements of 
users in edge environments, such as context-aware-
ness and location-based personalization.

A prevalent challenge in addressing the issues 
associated with AaaS is evaluating their perfor-
mance. Although numerous evaluation metrics 
have been proposed across various modalities, 

most are either AI model-based or difficult to com-
pute, lacking a straightforward mathematical 
expression. For the optimal design of AaaS in wire-
less networks, AI-enabled resource allocation solu-
tions can leverage performance values derived 
from AI models to account for users’ subjective 
experiences. However, traditional mathematical 
resource allocation schemes necessitate modeling 
the relationship between computational resource 
consumption, such as the number of inference 
steps in the diffusion model, and the quality of the 
generated content, as depicted in Fig. 2. To tack-
le this problem, we use image-related AaaS as an 
example, introducing various performance evalua-
tion metrics and investigating the mathematical rela-
tionship between metric values and computational 
resource consumption in subsequent sections.

Performance Metric Modelling
We first discuss AIGC evaluation metrics, focusing 
on the assessment of perceived image quality. We 
then formulate the relationship between compu-
tational resource consumption and the quality of 
generated content in AaaS.

Image-Based Metrics: The image quality assess-
ment metrics can be distribution-based and image-
based. The distribution-based metrics, for example, 
Frechet inception distance [11], take a list of image 
features to compute the distance between distribu-
tions for evaluating generated images. However, 
for practical AaaS, the quality evaluation is subjec-
tive, and it is hard for users to calculate distribu-
tion-based metrics. Thus, we focus on image-based 
metrics that attempt to achieve consistency in qual-
ity prediction by modeling salient physiological and 
psycho-visual features of the human visual system 
or by signal fidelity measures. Specifically, without 
access to the original image as a reference, no-ref-
erence image quality evaluation methods can be 
considered [11].

Total Variation (TV): TV is a measure of the 
smoothness of an image. One common way to 
compute total variation is to take the sum of the 
absolute differences between adjacent samples in 
an image. This measures the “roughness” or “dis-
continuity” of the image.

Blind/Referenceless Image Spatial Quality 
Evaluator — BRISQUE: (http://live.ece.utexas.edu/
research/quality/) BRISQUE utilizes scene statis-
tics of locally normalized luminance coefficients 
to quantify possible losses of “naturalness” in the 
image due to distortions [12]. It has been shown 
that BRISQUE performs well in correlation with 
human perception of quality.

The higher the image quality, the smaller the 
values of TV and BRISQUE.

For AaaS where a reference image is available, 
we can use full-reference image quality evaluation 
methods [11].

Discrete Cosine Transform Subbands Similar-
ity (DSS): DSS exploits essential characteristics of 
human visual perception by measuring changes in 
structural information in subbands in the discrete 
cosine transform (DCT) domain and weighting the 
quality estimates for these subbands [13].

Haar Wavelet-based Perceptual Similarity 
Index (HaarPSI): HaarPSI utilizes the coefficients 
obtained from a Haar wavelet decomposition to 
assess local similarities between two images, as 
well as the relative importance of image areas.

The AIGC consumes a 
significant amount of 

bandwidth. Particularly 
for high-resolution 

images, both upload 
and download process-
es require considerable 

network resources.
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Mean Deviation Similarity Index (MDSI): 
MDSI is a reliable and complete reference per-
ceptual image quality assessment model that uti-
lizes gradient similarity, chromaticity similarity, and 
deviation pooling.

Visual Information Fidelity (VIF): VIF is a com-
petitive way of measuring fidelity that relates well 
with visual quality, which quantifies the informa-
tion in the reference image and how much of the 
reference information can be extracted from the 
distorted image.

The higher the image quality, the higher the 
values of the aforementioned full-reference image 
quality metrics.

A General Modelling of Perceived Image Qual-
ity Metric:  AIGC models based on diffusion mod-
els are becoming mainstream. As shown in the left 
of Fig. 1, the diffusion process can be regarded 
as a step-wise denoising process. Thus, increasing 
the number of inference steps will improve the 
perceived image quality. However, the generated 
image quality does not always increase with the 
number of steps. Excessive inference steps incur 
unnecessary resource consumption. We conduct 
real experiments to investigate the relationship 
between the number of inference steps and var-
ious perceived image quality metrics, that is, TV, 
BRISQUE, DSS, HaarPSI, MDSI, and VIF.

The experimental platform is built on an Ubuntu 
20.04 system with an AMD Ryzen Threadripper 
PRO 3975WX 32-Cores CPU and an NVIDIA RTX 
A5000 GPU. We take diffusion model-based cor-
rupted image restoration service as an example 
of AaaS. Specifically, we deploy the well-trained 
model, RePaint, proposed in [14] on our server. As 
shown in Fig. 2 (Part A), we first generate a series 
of corrupted images, for example, 20 images, with 
the help of masks. Then, these corrupted images 
are fed into RePaint. We can observe that the cor-

rupted image gradually recovers as the inference 
progresses, as shown in Fig. 2 (Part D). Moreover, 
the values of image quality metric, for example, 
BRISQUE, decrease, as shown in Fig. 2 (Part B). 
We show the values of each performance metric 
under the different number of timesteps in Fig. 3.

Thus, we present a general model of the per-
ceived image quality metric that contains four 
parameters, as shown at the top of Fig. 3. Spe-
cifically, Ax is the minimum number of inference 
steps where the image quality starts to improve, 
Ay is the lower bound of the image quality, which 
can be regarded as the evaluation value for imag-
es with high noise, Bx is the number of inference 
steps when the image quality starts to stabilise 
because of the capability of AIGC models, and By 
is the highest image quality value that the model 
can achieve. Regardless of whether the perfor-
mance metric value is positively or inversely pro-
portional to the image quality, and regardless of 
the AaaS types, we can easily find the points (Ax, 
Ay) and (Bx, By) experimentally, as shown in Fig. 3.

Lesson Learned: Despite the inherent uncer-
tainty of the diffusion process, from Fig. 3, we can 
observe that the perceived image quality increases 
or decreases approximately proportionally with the 
increase of inference steps. In the practical AIGC 
model analysis, we can perform experiments with 
the simple fitting method as shown in Fig. 3 to 
a performance metric to obtain four parameters 
in our proposed general mathematical model. 
Then, the model can be used in wireless edge net-
work-enabled AIGC services analysis.

Deep Reinforcement Learning-Aided  
Dynamic ASP Selection

In this section, we study the optimal ASP edge 
server selection problem. We propose a DRL-en-

FIGURE 2. Example of an AaaS for repairing corrupted images. The corrupted images are shown in Part A, and the repaired images under different inference 
steps are shown in Part D. Part B shows how the performance metric, BRISQUE, varies over different inference steps. Part C shows the system model of 
ASP selection problem. A experiment demo is shown in Part E.
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abled solution to maximize utility function while 
satisfying users’ requirements.

AaaS System Model
Our demo is shown in Fig. 2 (Part E). Specifically, 
three users are selecting between two image rep-
aration AIGC models that are trained on datasets 
CelebA-HQ and Places2 [14], respectively. User 
1 and User 2 upload the same corrupted images. 
We can observe that different AIGC models will 
create different results for the same user task.

In this study, we examine the case for large-
scale deployment of AaaS in wireless edge net-
works through a simulation involving 20 ASPs and 
1,000 edge users. Each ASP offers AaaS with a 
maximum resource capacity, defined as the total 
number of diffusion timesteps within a time win-
dow, which ranges from 600 to 1,500 at random. 
Users submit multiple AIGC task requests to the 
ASPs at different times, specifying the amount of 
AIGC resources they require, that is, diffusion time-
steps, randomly set between 100 and 250.1 The 
quality of AIGC models provided by different ASPs 
varies, as assessed by the BRISQUE metric. User 
task arrivals follow a Poisson distribution, with a 
rate of l = 0.288 hour/request over a period of 
288 hours, resulting in a total of 1,000 tasks. Note 
that quality of AIGC models of different APSs var-
ies, as some repaired images may appear more 
realistic and natural.

A straightforward yet less effective ASP selec-
tion strategy involves users sending task requests 
directly to the ASP that can offer the highest qual-
ity of generated content. However, this approach 
can overload some ASPs due to insufficient com-
putational resources, resulting in interrupted tasks 
in practice. Furthermore, the quality of generated 
content from ASPs is generally unknown to users. 
Mobile users would need to query ASPs multiple 

times to estimate content quality for executing the 
myopic selection, which introduces unnecessary 
load and consumes wireless network resources. 
Therefore, identifying a suitable ASP for user tasks to 
maximize the overall system utility while minimizing 
AIGC resource overload and interruptions caused 
by popular ASPs when content quality is unknown is 
a challenging and critical problem to address.

Deep Reinforcement Learning-Based Solution
We use the soft actor–critic (SAC) DRL [15] to 
solve the above dynamic ASP selection prob-
lem. As shown in Fig. 4, the learning process 
alternates between policy evaluation (Critic) and 
policy improvement (Actor). Unlike the conven-
tional actor-critic architecture, the policy in SAC 
is trained to maximize a trade-off between the 
expected return and entropy. The state space, 
action space, and reward in the AaaS environ-
ment are defined as in the following.

State: The state space is composed of two parts:
•	 A feature vector (the demand of AIGC resourc-

es for current user task and the estimated com-
pletion time of the task that is calculated based 
on the diffusion timestep requirement) of the 
arriving user task

•	 Feature vectors (the total AIGC resources of the 
i-th ASP and the currently available resources of 
the i-th ASP) of all ASPs in the current state.
Action: The action space is an integer indicat-

ing the selected ASP. In detail, the actor policy 
network outputs a 20-dimensional logits vector, 
and then the probability of selecting each ASP is 
obtained after being post-processed by the softmax 
operator. Finally, DRL selects an ASP to handle the 
current user task according to the assigned proba-
bility of each ASP.

Reward: The reward consists of two parts: a 
quality of generated content reward and a con-

FIGURE 3. The relationship between the number of inference steps and various perceived image quality metrics, that is, TV, BRISQUE, DSS, HaarPSI, MDSI, 
and VIF. A general model of the perceived image quality metric that contains four parameters is presented.

1 We consider that users can 
specify the number of diffu-
sion timesteps they require, 
similar to the functionality 
offered in the Stable Diffusion 
v1-5 Demo by Hugging Face, 
available at https://hugging-
face.co/spaces/runwayml/
stable-diffusion-v1-5.
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gestion penalty. The former is defined as the per-
ceived quality of the repaired image, as discussed 
earlier. Furthermore, any action that overloads 
AIGC models must be penalized as a congestion 
penalty. First, the action itself should be punished 
with fixed penalty value. Second, considering that 
ill-considered actions can cause bottleneck ASP’s 
model to crash and the running tasks will be inter-
rupted, the current action will also be subject to 
additional penalties according to the progress of 
ongoing tasks. The total reward returned is the 
quality reward minus the congestion penalty. Note 
that a larger penalty value will encourage DRL to 
pay more attention to avoid crashes.

We compare the performance of the DRL-en-
abled ASP selection algorithm with four bench-
marks. The lower bound is the random allocation 
policy, assigning every new user task to an ASP ran-
domly. The optimal policy provides an approxima-
tion of the upper-bound performance. It operates 

under the assumption that quality scores for each 
task on all ASPs are known, which is rarely the case 
in practice due to the requirement for a posteriori 
knowledge. In this policy, we employ a greedy algo-
rithm to allocate new user tasks, which selects the 
ASP with sufficient AIGC resources and the highest 
quality score for each new task. Note that it is not a 
brute-force method, as the greedy algorithm does 
not explore all possible combinations of task assign-
ments. Furthermore, we implement the round-rob-
in and overloading-avoidance policies, which are 
widely adopted in web applications to realize load 
balancing. It is simple, easy to implement, and 
starvation-free. The overloading-avoidance policy 
assigns the new user task to the ASP with most 
AIGC resources currently available to prevent or 
reduce the severity of overloads and crashes.

Figure 5 shows the utility curves (i.e., reward) 
of the DRL-enabled ASP selection policy and four 
benchmark policies. Since DRL can learn and evolve, 
as the learning step progresses, DRL has a more 
comprehensive and accurate selection of the ASP. 
Thus the utility rises rapidly, showing learning ability. 
One interesting finding is that when DRL overtakes 
the round-robin, DRL already has a specific load-bal-
ancing capability. Immediately afterward, DRL sur-
passes overloading-avoidance. At this time, DRL has 
learned to avoid actions that may cause crashes, 
thereby avoiding the congestion penalty. Then, DRL 
starts to learn the priority of different ASPs, and it 
seeks to place the current user task on the ASP 
with high quality to maximize the reward. There-
fore, as shown in Fig. 5, DRL still has much room for 
improvement after surpassing the overloading-avoid-
ance policy and finally reaching an episodic reward 
comparable to the upper-bound policy.

Figure 6 counts the episodic rewards, the aver-
age rewards of finished tasks, and the number of 
crashed tasks of the five policies. On the one hand, 
the DRL-enabled ASP selection policy achieves 
zero task crashes and minimizes the congestion 
penalty, which is critical to providing a satisfying 
quality of generated content to users. On the other 
hand, DRL policy can learn the quality of content 
that ASPs may provide, which is unknown in other 
policies. Then, DRL can assign user tasks to ASPs 
that can provide higher QoS so that the average 
reward for each task is effectively increased. More-
over, it is essential to address the energy implica-
tions of task crashes at the edge. The task crashes 
require user request re-submissions, leading to 
increased computation and energy consumption. 
This additional load impacts not only the user’s 
device but also places strain on the edge net-
work. By mitigating task crashes, the DRL-enabled 
ASP selection policy effectively reduces energy 
consumption resulting from re-submissions and 
improves the system’s overall energy efficiency.

Future Direction

Secure AIGC-as-a-Service
When deploying AaaS in a wireless network, the 
requests from users and the generated contents 
from ASPs are transmitted in a wireless environ-
ment. Therefore, advanced security techniques 
for AIGC need to be studied, for example, pro-
tecting the transmission of AIGC data through 
improved physical layer security techniques. 
Moreover, blockchain can be used to enable 

FIGURE 4. The structure of soft actor-critic DRL algorithm. The actor network is used for 
action selection and the critic networks are used for reward estimation.
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decentralized content distribution, allowing con-
tent to be shared and accessed directly between 
users without the need for a central authority. 
The authenticity and provenance of AIGC can 
be verified with the aid of blockchain, helping to 
ensure that the AIGC is accurate and trustworthy. 
Furthermore, during the training process of AIGC 
models, the privacy of the training data needs to 
be guaranteed, especially biometric data, such as 
face images. One possible solution is to train the 
model by secure federated learning.

IoT-Based and Wireless Sensing-Aided Passive AaaS
Considering the fast development of sensing tech-
nologies, we aim to enable ubiquitous passive AaaS 
with wireless sensing signals. For example, wireless 
sensors can gather data about the environment or 
user behavior, which can then be fed into an AIGC 
model to generate relevant content. Wireless sens-
ing-aided passive AaaS can also be used in health-
care. Specifically, by using IoT devices to detect 
users’ activity levels, sleep patterns, or heart rates 
with the aid of wireless sensing, the AIGC could 
generate content such as personalized workout 
plans. Moreover, the mobility of network devices 
predominantly affects the throughput of the con-
nected links for AaaS, which is worth further study.

Personalized Resource Allocation in AaaS
Although the current AIGC models can meet 
users’ needs with customized tasks, more studies 
are needed to achieve personalized AIGC ser-
vices. For example, for text-to-image AaaS, when 
both users enter the text “A monkey is standing 
next to a zebra,” current ASPs produce similar 
images for users. However, if we deduce that 
the two users are a horse trainer and a monkey 
researcher, respectively, we can personalize the 
computing resource allocation [10]. Specifically, 
more resources can be allocated to generate and 
transmit the zebra in the image for the horse train-
er. For the monkey researcher, the AIGC model 
that is more adapted to generating monkey imag-
es should be assigned to handle the task. One 
potential solution is incorporating user feedback 
and preferences into the content generation pro-
cess and developing techniques for evaluating the 
effectiveness of personalized content.

Conclusion
We reviewed the AIGC technologies and dis-
cussed the applications in wireless networks. To 
provide AIGC services to users, we proposed the 
concept of AaaS. Then, the challenges of deploy-
ing AaaS in wireless networks are discussed. In 
addressing these challenges, a fundamental 
problem is about the mathematical relationship 
between the resource consumption and the per-
ceived quality of the generated content. After 
exploring various image-based performance eval-
uation metrics, we proposed a general modeling 
equation. Moreover, we studied the important 
ASP selection problem. A DRL-enabled algorithm 
was used to achieve nearly optimal ASP selec-
tion. As the first article to discuss AIGC in wire-
less networks, we hope that this article can inspire 
researchers to contribute to the advancement of 
wireless edge networks-enabled AaaS.
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