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Abstract
As the next-generation paradigm for content 

creation, AI-Generated Content (AIGC), i.e., gen-
erating content automatically by Generative AI 
(GAI) based on user prompts, has gained great 
attention and success recently. With the ever- 
increasing power of GAI, especially the emer-
gence of Pretrained Foundation Models (PFMs) 
that contain billions of parameters and prompt 
engineering methods (i.e., finding the best 
prompts for the given task), the application range 
of AIGC is rapidly expanding, covering various 
forms of information for human, systems, and 
networks, such as network designs, channel cod-
ing, and optimization solutions. In this article, we 
present the concept of mobile-edge AI-Generated 
Everything (AIGX). Specifically, we first review 
the building blocks of AIGX, the evolution from 
AIGC to AIGX, as well as practical AIGX appli-
cations. Then, we present a unified mobile-edge 
AIGX framework, which employs edge devices 
to provide PFM-empowered AIGX services and 
optimizes such services via prompt engineering. 
More importantly, we demonstrate that subop-
timal prompts lead to poor generation quality, 
which adversely affects user satisfaction, edge 
network performance, and resource utilization. 
Accordingly, we conduct a case study, showcasing 
how to train an effective prompt optimizer using 
ChatGPT and investigating how much improve-
ment is possible with prompt engineering in terms 
of user experience, quality of generation, and net-
work performance.

Introduction
In 2022, the phenomenal success of DALL·E 2 
and ChatGPT ignited the research and applica-
tions of Generative Artificial Intelligence (GAI). 
Different from the traditional discriminative AI 
that learns the boundaries among classes, GAI 
can represent complex distributions and generate 
realistic samples following the same distributions 
[1]. Thanks to sophisticated representation and 
generation ability, GAI realizes content creation 

in various modalities, such as texts, images, and 
videos. Nowadays, the content generated auto-
matically by GAI based on user-input keywords 
(i.e., prompts) is called AI-Generated Content 
(AIGC) [1].

Despite the boom in 2022, GAI has been 
studied for years and experienced several rounds 
of evolutions. Particularly, the emergence of 
Pretrained Foundation Models (PFMs) and 
prompt-based methods have greatly facilitated 
the development of GAI and AIGC. We take 
Natural Language Processing (NLP) as an exam-
ple: By pretraining on huge raw datasets, PFMs, 
with hundreds of billions of learnable parameters, 
can first learn massive general-purpose linguis-
tic knowledge, including words, grammar, and 
sentence composition. Then, different from 
fine-tuning, which adjusts the model parameters, 
prompt-based methods keep PFM frozen and only 
reformulate the downstream tasks (e.g., text trans-
lation and summarization), associating unseen 
tasks with the pre-learned knowledge. Circum-
venting tedious task-oriented fine-tuning, such a 
flexible “PFM + prompt” paradigm significantly 
expands the application range of GAI beyond 
generating human-oriented multimedia content. 
As the automatic creations of channel coding [1], 
network designs [2], and defenses [3] are real-
ized successively, AIGC is evolving to the new 
stage, which we coin as AI-Generated Everything 
(AIGX). However, two obstacles still exist from 
AIGC to AIGX, namely resource constraints and 
low-quality prompts.
•	 Resource Constraints: Containing numer-

ous parameters, PFMs are resource-inten-
sive. For instance, deploying GPT-3 requires 
at least one NVIDIA Ampere or even newer 
GPU with no less than eight GB of GPU 
memory [4]. Moreover, each round of 
generative inference consumes substantial 
computing power. Such huge resource con-
sumption is unaffordable for many resource-
constrained mobile users.

•	 Low-Quality Prompts: Composing pro-
fessional prompts to instruct the PFMs 

Optimizing Mobile-Edge AI-Generated Everything (AIGX) Services by Prompt 
Engineering: Fundamental, Framework, and Case Study
Yinqiu Liu, Hongyang Du, Dusit Niyato, Jiawen Kang, Shuguang Cui, Xuemin Shen, and Ping Zhang

OPEN CALL ARTICLE

Yinqiu Liu, Hongyang Du, and Dusit Niyato are with the School of Computer Science and Engineering, Nanyang Technological University, 
Singapore 639798; Jiawen Kang (corresponding author) is with the School of Automation, Guangdong University of Technology, 

Guangzhou 510006, China; Shuguang Cui is with the School of Science and Engineering (SSE) and the Future Network of Intelligence 
Institute (FNii), The Chinese University of Hong Kong (Shenzhen), Shenzhen 518172, China; Xuemin Shen is with the Department of 

Electrical and Computer Engineering, University of Waterloo, Waterloo, ON N2L 3G1, Canada; Ping Zhang is with the State Key Laboratory 
of Networking and Switching Technology, Beijing University of Posts and Telecommunications, Beijing 100876, China.

Digital Object Identifier:
10.1109/MNET.2023.3335255
Date of Current Version:
16 September 2024
Date of Publication:
28 November 2023

Authorized licensed use limited to: University of Waterloo. Downloaded on September 17,2024 at 15:24:22 UTC from IEEE Xplore.  Restrictions apply. 



IEEE Network • September/October 2024 221

effectively is challenging for untrained users, 
especially when the downstream tasks are 
complicated or the selected PFM has latent 
requirements. Low-quality prompts may 
decrease the PFMs’ generation quality, even 
bringing in security concerns [5].
These challenges become more critical in 

mobile environments where computing, communi-
cation, and data resources are limited. Fortunately, 
edge computing and prompt engineering show 
great potential to address these issues. Firstly, with 
enough physical resources, edge servers can oper-
ate PFMs locally and serve as the AIGX Service 
Providers (ASPs) to perform inferences for mobile 
users [4]. In such a mobile-edge AIGX environ-
ment, one of the most fundamental problems is 
finding the most appropriate prompt for the given 
tasks and PFMs, so-called prompt engineering [5]. 
Prompt engineering plays a critical role in optimiz-
ing mobile-edge AIGX services. It is worth noting 
that prompt engineering for mobile-edge AIGX 
could be regarded as a general network optimi-
zation problem, in which prompts, as decision 
variables, have to be selected and structured to 
achieve the user objective under a set of network 
constraints. Take the route selection problem in 
vehicular networks as an example, in which the 
relay nodes must be scheduled to form the opti-
mal path. Otherwise, the packet transmission 
will suffer from high latency and loss due to the 
limited bandwidth and congestion. Likewise, 
Fig. 1(a) illustrates an image generation scenario 
in mobile-edge AIGX [6], where the user employs 
an optimizer that optimizes the raw prompts for 
ASPs to the optimal. The role of prompt engineer-
ing includes:
•	 Improving Quality of Generation: The 

power of PFMs can be maximized only if 
the optimal prompts are given. According 
to Hao et al. [6], optimizing prompts can 
increase users’ satisfaction level towards the 
generated images by 380%.

•	 Improving Service Experience: A higher sat-
isfaction level means a smaller number of 
re-generations required. Consequently, the 
overall service latency and service fee can 
be decreased, which leads to the increased 
Quality of Experience (QoE) from the user 
perspective.

•	 Reducing Energy Consumption: Resource 
allocation is critical in mobile-edge net-
works. Reducing the number of re-gener-
ations can reduce the waste of bandwidth 
and computing power.
Motivated by this, we introduce mobile-edge 

AIGX services in this article, especially its optimi-
zation by prompt engineering. The contributions 
of this paper are summarized as follows:
•	 To the best of our knowledge, this is the first 

work that systemically introduces mobile-
edge AIGX. To begin with, we review the 
building blocks of AIGX and the evolution 
from AIGC to AIGX; we then introduce four 
practical applications of AIGX.

•	 We present a unified framework for mobile-
edge AIGX, which leverages edge devices to 
provide PFM-empowered AIGX services and 
optimizes services by prompt engineering 
methods.

•	 We take the VR-empowered interior 
design as a case study, in which we train a 
ChatGPT-empowered prompt optimizer and 
explore how much improvement prompt 
engineering can achieve regarding QoE, ser-
vice fee, and bandwidth consumption.

AIGX: Building Blocks, Basics,  
and Applications

GAI and PFMs
GAI and PFMs are the major building blocks for 
AIGX. Specifically, GAI enables machines to gen-
erate realistic samples, e.g., texts, images, videos, 

FIGURE 1. a) The image generation case in mobile-edge AIGX. b) The fine-tuning and prompt-based method diagrams. Fine-tuning forms 
a 1-to-1 mapping, i.e., each PFM can apply only to one task. However, by freezing PFMs, the prompt-based method customizes the 
tasks (denoted by different textures) and forms the 1-to-many mapping. This is more efficient since no computing resources and 
datasets for fine-tuning are required. c) The illustration of the evolution from AIGC to AIGX. d) The illustration of zero-shot, few-
shot, and chain-of-thought prompting.
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and even 3D avatars, following the target distri-
bution. PFMs support GAI by packing well-trained 
models that master massive general-purpose 
knowledge from huge raw datasets, relieving us 
from training GAI from scratch. Here, we briefly 
introduce some representative GAI architectures 
and the corresponding PFMs.
•	 Transformer: The transformer model revo-

lutionizes NLP by introducing a self-atten-
tion mechanism that captures contextual 
relationships in text. It powers many SOTA 
PFMs such as GPT-4, RoBERTa, CLIP, and 
SAM, enabling various tasks in NLP (e.g., 
translation, summarization, and Q&A) and 
computer vision (e.g., text-to-image mapping 
and image segmentation) [7].

•	 GAN: In Generative Adversarial Network 
(GAN) model, the generator network 
attempts to synthesize plausible samples, 
while the discriminator network keeps learn-
ing the detection of synthesized samples 
from real ones [1]. The generator network 
can gradually find an optimal generation 
strategy through the game with the dis-
criminator network. GAN sparked many 
advancements in image processing, such 
as StyleGAN for image synthesis and style 
transfer [7].

•	 Diffusion: Inspired by nonequilibrium ther-
modynamics, the diffusion model generates 
content by denoising from Gaussian noise 
[1]. Such a denoising process is guided by 
the inverse process, i.e., gradually perturbing 
real-world samples, which is pre-trained. Dif-
fusion powers many famous PFMs, such as 
DALL·E 2, Midjourney, and Stable Diffusion 
in text-to-image generation, Make-A-Video 
in video generation, and DreamFusion in 3D 
generation [7].

Bridging PFMs and Tasks by Prompts
As shown in Fig. 1(b), prompts can be regarded 
as the reformulation of downstream tasks, making 
unseen tasks look more similar to those solved 
during the pretraining. Considering the heteroge-
neous modalities and implementation of PFMs, 
the prompts can take various forms, including:
•	 Textual Prompts: Textual prompts refer to 

the textual description of the downstream 
tasks. For instance, the user-input keywords 
for guiding Stable Diffusion and the ques-
tions we ask ChatGPT are textual prompts.

•	 Visual Prompts: Visual prompts are adopt-
ed in visual and visual-language PFMs. For 
instance, users’ clicks and bounding boxes 
for guiding the semantic segmentation in 
SAM are visual prompts.

•	 Multimodal Prompts: Prompts in multiple 
modalities can be fused to improve the task 
representation or be fed to different modules 
of multimodal PFMs [8], supporting multi-
modal tasks such as visual-language mapping.

•	 Continuous Prompts: Prompts are for task 
reformulation rather than for human inter-
action. Therefore, they are not necessary to 
be limited to human-interpretable texts or 
images and can be parameterized tokens or 
layers appended to PFMs, e.g., the embed-
ding vectors for preprocessing input images 
in VPT [9].

Prompt-based method refers to using prompts 
to bridge PFMs with diverse downstream tasks 
and is viewed as the key to unleashing the power 
of PFMs. As shown in Fig. 1(b), instead of load-
ing the entire PFMs to memory and fine-tuning 
the model parameters on task-specific datasets, 
prompt-based methods only reformulate down-
stream tasks with customized prompts while 
keeping PFM frozen, achieving the following 
advantages.
•	 Few-Shot Learning Enablement: Prompt-

based method enables PFMs to solve 
downstream tasks by learning from only a 
few labeled demonstrations, making it an 
efficient strategy when available demonstra-
tions are scarce.

•	 High Efficiency: Considering the large size, 
operations on PFMs are time-consuming 
and resource-intensive [5]. In contrast, keep-
ing the PFM frozen and only adjusting the 
inputs, i.e., textual, visual, or parameterized 
prompts, is much less expensive regarding 
resources and time.

•	 Versatility: Different from fine-tuning, which 
is both task-oriented and model-specific, 
prompt-based methods only reformulate 
downstream tasks, enabling one PFM to 
support various tasks [see Fig. 1(b)]. Such 
a feature can greatly expand the application 
ranges of PFMs.

From AIGC to AIGX
As shown in Fig. 1(c), the initial scope of AIGC 
is limited to generating human-oriented multime-
dia content, such as articles, music, and videos. 
Nonetheless, the application range of AIGC is 
rapidly expanding due to the momentum from 
three aspects. First, with the advancements in 
GAI models, more complicated types of informa-
tion can be generated. For instance, researchers 
have successfully leveraged diffusion models to 
generate channel coding, robot trajectories, etc. 
Moreover, the hardware evolution provides us 
with enough computing resources to train PFMs 
with massive knowledge in different subjects and 
powerful capabilities to understand the context. 
Hence, more complex prompts and environment 
descriptions can be applied to PFMs, which is a 
prerequisite for PFMs to accomplish complex gen-
eration tasks. Finally, the prompt-based methods 
greatly expand the applicability of PFMs, allow-
ing one PFM to support diverse downstream 
applications. Nowadays, a series of information 
beyond multimedia content can be generated by 
GAI, e.g., network designs [2] and cybersecurity 
defenses [3]. Therefore, we present the concept 
of AI-Generated Everything, which covers all pos-
sible forms of information generated by GAI for 
humans, machines, and systems. Next, we show 
several examples of AIGX.

Examples of AIGX
1) AI-Generated System Design: PFMs show 
great potential in scheduling complex networks 
and systems due to their analytical and reason-
ing abilities. For instance, Zou et al. [2] employ 
ChatGPT to schedule the transmission power of 
senders for saving energy in shared-spectrum 
communications. By informing ChatGPT the 
environment (i.e., n senders, m base stations,  

Authorized licensed use limited to: University of Waterloo. Downloaded on September 17,2024 at 15:24:22 UTC from IEEE Xplore.  Restrictions apply. 



IEEE Network • September/October 2024 223

r rounds, bandwidth b kHz, channel gain g, noise 
n dBm/Hz), game rules (i.e., in each round, each 
sender chooses its transmission power), and net-
work goal (i.e., the total power consumption does 
not exceed p W), a qualified transmission power 
schedule of each sender in any round can be gen-
erated automatically.

2) AI-Generated Data Processing: For effi-
ciency or privacy purposes, the message for 
transmission can be processed generatively, i.e., 
using GAI to generate compressed or privacy-pre-
serving contents from raw data. For example, Liu 
et al. [10] present a generative semantic extraction 
method for compressing data transmitted over 
wireless links. Take image transmission as an 
example. Unlike traditional semantic communi-
cations that extract features from raw images, by 
ControlNet [7], the sender directly generates raw 
images’ skeletons, which are transmitted to the 
receiver and decoded by a Stable Diffusion. Due 
to data size compression, the bandwidth con-
sumption is reduced by half while most semantic 
features are preserved.

3) AI-Generated Optimization Solution: 
Optimization widely exists in practical system 
applications as a problem of finding the best 
solution from all feasible ones. Recently, diffusion 
models showed great potential in optimization 
since the denoising process starting from Gaussian 
noise can be regarded as the optimization pro-
cess of finding the optimal solution starting from 
random policies. In light of this, Du et al. [1] intro-
duce a diffusion process to Deep Reinforcement 
Learning (DRL), which greatly improves the explo-
ration ability and achieves the SOTA performance 
in many optimization problems, such as incentive 
mechanism design, wireless resource allocation, 
and channel coding for wireless communications.

4) AI-Generated Programming: Besides gen-
erating human-oriented texts, GAI also supports 
generating machine-oriented codes in different 
languages. For instance, Destefanis et al. [11] uti-
lized GPT-3.5 to generate Java codes and proved 
that AI-generated codes can solve 90.5% of prac-
tice coding problems published on CodingBat.
com website. Furthermore, code translation, e.g., 
rewriting MATLAB codes by Python, and code 
documentation, i.e., generating user manuals for 
source codes, can also be realized by GAI.

Lesson Learned: The above examples demon-
strate that AIGX has the following features:
•	 Interaction with Environment: Apart from 

serving human users, in many cases, the 
“things” generated by AIGX should interact 
with the environment, such as the AI-gener-
ated smart contracts for blockchain systems.

•	 Sensitivity to Uncertainty: AIGX is less tol-
erant of unexpected outcomes. In the above 
example, if the generated code contains 
loopholes, the digital assets will be subject 
to a great risk of loss.

•	 Requirement for Efficiency: AIGX not only 
concerns the user-level generation quali-
ty but also focuses on improving the sys-
tem-level performance, such as latency, 
resource efficiency, robustness, etc.

These features put forward urgent require-
ments for high-quality prompts, only by which 
the environments can be described clearly, and 
unexpected generation errors can be alleviated. 

Moreover, we intend to explore the role of prompt 
engineering in optimizing not only the user experi-
ence but also the efficiency of the AIGX services.

Optimizing Mobile-Edge AIGX by Prompt 
Engineering

In this section, we demonstrate the optimization 
of mobile-edge AIGX by prompt engineering, 
including the fundamentals of prompt engineer-
ing and the unified framework that incorporates 
prompt engineering in mobile-edge AIGX.

Prompt Engineering Methods
1) Manual Methods: A typical way of prompt 
engineering is to compose different prompts and 
search for the one that leads to the best genera-
tion quality manually.
•	 Content Optimization: Firstly, we can refine 

the prompt content, thereby better associat-
ing the downstream tasks with the learned 
knowledge. For example, ChatGPT prompts 
can be refined by clarifying the role (i.e., 
what role that ChatGPT is expected to act 
as, e.g., a writer), the objective (i.e., what is 
the purpose of this prompt, e.g., compar-
ing fine-tuning and prompt-based methods), 
and the outcome (i.e., what is the format of 
the expected outcome, e.g., a table showing 
the difference).1

•	 Organization Optimization: The prompting 
strategy also greatly affects the generation 
quality. For instance, Fig. 1(d) shows three 
organizations of textual prompts, namely 
zero-shot prompting, few-shot prompting, 
and Chain-of-Thought (CoT) prompting 
[12]. Firstly, zero-shot prompting means that 
only a task description is provided. In con-
trast, few-shot prompting gives PFMs a few 
demonstrations to showcase the expected 
output format. Finally, for some deductive 
tasks, the CoT paradigm can help PFMs split 
the task into multiple simple subtasks and 
generate correct results step by step.
2) Automatic Methods: Although manual 

methods are easily accessible, they require the 
users’ prompting experience and an in-depth 
understanding of the downstream tasks. There-
fore, researchers further present various automatic 
prompt engineering methods, circumventing the 
effects caused by human-related factors, e.g., lim-
ited knowledge and bias, and achieving stable 
prompt optimization performance.
•	 Discrete Prompts: Discrete prompts, such 

as texts and images, are typically human-in-
terpretable. Take the optimization of the tex-
tual prompts as an example. Jiang et al. [13] 
presented the prompt paraphrasing. Specif-
ically, each given raw prompt is translated 
into multiple languages, during which some 
phrases were replaced by those from a the-
saurus. In this way, a series of prompts can 
be generated, which are then sent to PFMs 
to achieve the highest generation quality. 
Moreover, thanks to the evolution of PFMs, 
the optimized prompts can even be directly 
generated [5].

•	 Continuous Prompts: In contrast to discrete 
prompts, continuous prompts mainly refer 
to the learnable embedding layer, which 

1 https://the-decoder.com/
chatgpt-guide-prompt- 
strategies/
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pre-processes the inputs before feeding 
them to PFMs. Consequently, such prompts 
can be refined by fine-tuning their learnable 
parameters, called prompt tuning [5].

Framework Design
In this part, we present a unified mobile-edge AIGX 
framework, which provides PFM-empowered 
AIGX services and adopts prompt engineering for 
optimizing the service.

1) Architecture: As shown in Fig. 2, our frame-
work follows a mobile-edge-cloud architecture 
like NetGPT [14]. The mobile layer accommo-
dates mobile users, who request AIGX services 
and use the generated “things” to empower vari-
ous applications, such as Web 3.0 and Metaverse. 
It is worth noticing that “users” can refer to not 
only humans who require multimedia content but 
also machines and networks that require system 
designs, codes, etc. However, users suffer from 
limited physical resources. Above the mobile 
layer, numerous edge servers operate PFMs 
locally and serve as ASPs in the so-called edge 
layer. The introduction of an edge layer can bring 
the following advantages. First, the data transmis-
sions between these two layers are realized by 
mobile-edge communications. Since ASPs are 
close to users, low communication latency can be 
guaranteed. Moreover, users can access nearby 
ASPs and receive the ubiquitous and customized 
AIGX services. Finally, the system’s robustness 
can be enhanced because the introduction of 
massive ASPs can eliminate single-point failures 
and also avoid congestion on a single server. 
The cloud layer supports the lower layers by 1) 
providing storage services, e.g., the datasets for 
training PFMs, and 2) operating extremely large 
PFMs, such as GPT-4 and DALL∙E 2, with high 
performance. Accordingly, users are free to call 
cloud-based ASPs with more powerful PFMs if 
edge-based ASPs cannot meet their demands. 
To realize prompt engineering in our framework, 
Prompt Engineering Service Providers (PESPs) 
are deployed in the edge and cloud layers. In 
this case, users can send raw prompts to PESPs 
and request paid prompt engineering services. 

Similar to ASPs, users can choose edgeor cloud-
based PESPs according to the specific application 
requirements. Compared with edge-based PESPs, 
cloud-based PESPs are more powerful since the 
cloud servers have enough computation and stor-
age resources to support extremely large datasets 
and machine learning models for training com-
plicated prompt engineering methods. However, 
since massive users send prompts to one cloud 
server simultaneously, cloud-based prompt engi-
neering may suffer from long service latency and 
leakage of user privacy.

2) User Workflow: In the proposed frame-
work, to request mobile-edge AIGX services and 
acquire optimal performance, users should per-
form the following four steps (see Fig. 2).
•	 Service Configuration: Considering the 

diversity of PFMs, the ASPs are highly het-
erogeneous in terms of the AIGX services 
that they can provide. Therefore, the first 
step for users is to find suitable ASPs whose 
PFMs’ capability can meet their specif-
ic requirements. The users can conduct 
multiple rounds of handshakes with target 
ASPs, confirming the form of the required 
information (e.g., an image, an article, or an 
optimization solution), expected service fee, 
and other configurations. Take AI-generation 
images as an example. The ASP should run 
text-to-image models and be able to gener-
ate images with different styles.

•	 Prompt Engineering Configuration: Simi-
lar to traditional optimization problems, in 
which the optimization strategies should 
be designed according to the specific types 
of optimization variables, different types of 
prompts, e.g., textual, visual, or parameter-
ized prompts, also correspond to different 
prompt engineering methods. Therefore, 
in this step, the users select suitable PESPs 
to optimize a given form of prompts. In 
our example, the selected PESP should be 
trained on massive image-caption pairs and 
linguistic corpus, thereby improving the 
precision of the raw prompt in describing 
the image.

FIGURE 2. The framework design. The three-layer framework architecture is shown in the middle. In addition, we take the AI-generated 
image application as an example to illustrate the four steps that users should perform.
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•	 Optimization Formulation: Then, the users 
optimize the AIGX services. Specifically, a 
series of Key Performance Indicators (KPIs) 
can be considered to define the objective 
functions. At the user level, the most fun-
damental KPI is the Quality of Generation 
(QoG). According to the specific AIGX 
tasks, QoG can be defined in different 
ways. For instance, in our example, QoG 
can be measured by image quality assess-
ment scores [15]. Higher QoG not only 
represents higher user satisfaction levels but 
also reduces the service latency, service fee, 
and system-level bandwidth consumption 
caused by re-generations. However, calling 
PESPs causes extra service fees and band-
width consumption. Facing this trade-off, 
the users should define their own QoG and 
build personalized QoE models. As shown 
in Fig. 2-Step  , a simple QoE model can 
take the form of reward - cost, in which the 
reward is determined by QoG and the cost 
is related to service latency, service fee, 
bandwidth consumption, etc. Accordingly, 
the optimization objective is to maximize 
the QoE. Moreover, the constraints from 
users and environments, e.g., the available 
service fee and resources of users and 
PESPs, respectively, should be considered.

•	 AIGX Inference & Iterative Refinement: 
Finally, the users call AIGX services. Spe-
cifically, they can improve the QoE by 
adjusting the policy for conducting prompt 
engineering. As shown in Fig. 2-Step , in 
each round, the users decide whether to 
call PESP and measure the resulting QoG. 
If the value satisfies the users’ requirements, 
they can enter the next round. Otherwise, 
they ask ASPs for re-generation. Note that 
the effectiveness of the selected prompt 
engineering method in a given task is a pos-
teriori knowledge to the users. Hence, they 
have to monitor their long-term QoE and 
choose more powerful PESPs when the cur-
rent PESP cannot increase QoE anymore.

Case Study: Resource-Efficient VR-Based 
Interior Design via Prompt Optimization

In this section, we conduct a case study to 
showcase the optimization of mobile-edge 
AIGX service by prompt engineering and utilize 
numerical results to demonstrate how prompt 
engineering can help improve AIGX efficiency.

System Model
We consider a VR creation scenario where design-
ers need to come up with different interior design 
solutions to serve customers. To do so, the design-
ers keep generating plentiful images depicting 
different interior scenes with diverse styles and 
use them as the materials for rendering the virtual 
rooms.2 Following the proposed framework, the 
designers will offload the image generation tasks 
to ASPs, which use mainstream text-to-image mod-
els [7] to realize the text-to-image AIGX. PESPs are 
also implemented using the ChatGPT-empowered 
prompt optimizer proposed below.

ChatGPT-Empowered PESP
In this part, we illustrate how to train a simple but 
effective prompt optimizer using ChatGPT. We 
suppose users generate images using the prompts 
“A [a], with [b]“, e.g., A kitchen, with cooking 
machines for text-to-image generation (see Fig. 3). 
Terms [a] and [b] represent the macro scene and 
the iconic objects in it, respectively. In this way, 
we can examine the quality of the generated 
images from the construction of large scenes and 
the depiction of details. We intend to refine raw 
prompts from the following six aspects.3
•	 Objects & Their Relationship: The raw 

prompt mentions two types of objects, i.e., 
a kitchen and cooking machines. The fea-
tures of objects should be described (e.g., 
the material and function of the cooking 
machines). Moreover, to ensure composition 
correctness, the positional relationship of the 
objects should be clarified (e.g., how these 
cooking machines are placed in the kitchen).

FIGURE 3. The ChatGPT-empowered prompt optimizer and an example about the kitchen design. We can observe that the entire 
prompt template consists of six successive parts.

2 The image-3D rendering 
can be realized by many 
tools, such as NVIDIA instant 
NeRF: https://github.com/
NVlabs/instant-ngp. 
 
3 Inspired by https://www.
youtube.com/watch?v= 
oxW14OBuA8M
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•	 Background Settings: The background set-
tings are used to fill the details for [a]. In our 
example, we add sleek cabinets to [a]. Such 
details can enhance the indicative ability of 
the raw prompts and make the generated 
image look fine-grained.

•	 Mood: Mood describes the emotion the creator 
wants to convey through the image, such as joy 
or hesitation, which affects the image’s tone.

•	 Lighting: Lighting is a crucial factor in deter-
mining the texture and authenticity of the 
AI-generated image. The prompt of lighting 
includes the light source and the effect of 
light shining on different objects.

•	 Quality Booster: Quality boosters are 
adjectives (e.g., high-quality, 2k resolution, 
or real-life texture) that facilitate PFMs to 
recall high-quality images learned at the pre-
training stage, thus improving the aesthetic 
qualities of the generated image.

•	 Negative Prompt: Negative prompts depict 
the situations that might decrease the image 
quality. Note that the terms of negative 
prompts can be general, e.g., blurry images or 
scene-specific, e.g., rectangle swimming rings.

Then, we leverage ChatGPT to train an automatic 
prompt optimizer, which receives raw prompts 
and atomically enriches their content from these 
six aspects. Following the few-shot prompting 
strategy, we first perform role assignment, i.e., ask-
ing ChatGPT to act as a professional writer. Then, 
we let ChatGPT reformulate the prompt template 
from “A [a], with [b]” to “ [1], [2], …, [6]“, each 
of which corresponds to one aspect. We further 
explain the meaning and the form (e.g., a series of 
adjectives or concise sentences) of each aspect of 
ChatGPT. Finally, we use the example in Fig. 3 as 

a demonstration for ChatGPT, helping it follow 
our expected output format. The above code is 
available at: https://github.com/Lancelot1998/
Prompt-Engineering.

Optimization Problem Formulation
We use NIMA [15] to measure the designer-per-
ceivable QoG towards the generated images. 
NIMA is a learning-based framework for image 
quality assessment, which utilizes neural networks 
to score the input images and is pre-trained on 
large aesthetic datasets. We suppose that the 
designers only accept images with NIMA scores 
larger than five. Otherwise, they can request for 
ASPs to re-generate images for free.

Different from AIGC, which only considers 
QoG, as mentioned in Section II-B, we adopt 
four KPIs to model the designer-perceivable QoE, 
namely QoG, service latency, service fee, and 
the bandwidth consumption of the mobile-edge 
network. The rewards are a weight α times the 
QoG value.The costs are calculated by fusing the 
remaining three KPIs linearly, with the weights 
β1, β2, and β3, respectively. In our experiments, 
we set α, β1, β2, and β3 as 15000, 5, 0.5, and 3, 
respectively. Finally, we set the service fees for 
ASPs and PESPs as 10 and 80 monetary units, 
respectively.

Numerical Results
1) Experimental Setup: Our testbed is a MacBook 
Pro with an 8-Core Intel Core i9 CPU and AMD 
Radeon Pro 5500M GPU. The text-to-image services 
of ASPs are supported by Stable Diffusion v2.1 [7].

2) Aesthetics Analysis: First, we evaluate the 
effectiveness of the proposed prompt optimizer 
in terms of improving the QoG. As shown in 

FIGURE 4. The effectiveness of ChatGPT-empowered prompt optimizer. a) The images of “A kitchen, with cooking machines” using 
the raw and optimized prompts. Note that we perform an ablation study to explore which aspect of content enrichment plays an 
important role in improving QoG. b) The trend of NIMA score in the ablation study. c) the illustration of other cases for interior 
design.
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Fig. 4(a), the image generated by the raw prompt 
is blurred and poorly composed, with a NIMA 
score of 4.8. After prompt optimization, the 
image quality is significantly increased with mod-
ern cooking machines, natural lighting, and higher 
resolution. Accordingly, the QoG, i.e., the NIMA 
score of the image, increases to 5.47. Moreover, 
we perform an ablation study, in which we gradu-
ally enrich the prompt content, each time adding 
one more aspect. Fig. 4(a) and (b) clearly show 
that, in this case, optimizing the raw prompt in 
terms of objects & relationships plays an important 
role in improving QoG. However, as mentioned 
before, the AIGX inferences contain uncertainty. 
In other cases, the optimization in other aspects 
may play a major role. To this end, as shown in 
Fig. 4(c), we further evaluate many other interior 
design cases, such as the living room and oper-
ation room. We can conclude that, in general, 
using the proposed GPT-empowered prompt opti-
mizer can improve the image QoG by an average 
of 11.85% and up to 20.5%.

3) Numerical Results: Then, we explore how 
prompt engineering optimizes the mobile-edge 
AIGX services. Fig. 5 shows the QoE of designers 
for generating 100 images with different prompt 
engineering rates, i.e., the probability of calling 
PESPs. We can observe that the higher the rate, 
the higher the QoG and the overall QoE. Without 
prompt engineering, the QoG of AI-generated 
images is only 4.698 ± 0.471, in which case the 
designers have to re-generate 284 times to acquire 
100 qualified images (see Fig. 5). As shown in 
Fig. 6, re-generations waste considerable time and 
network traffic (e.g., 15,402 seconds and 69,310 
KB when the prompt engineering rate is 0%), 
greatly decreasing the QoE. With the increasing 
frequency of calling PESPs, although the service 
fee increases, the smaller number of re-genera-
tions significantly saves time and bandwidth. In 
our system, the designers can maximize their QoE 
by setting the prompt engineering rate to 100%. 
Supported by prompt engineering, 100 qualified 
images can be generated in 5,692 seconds, with 
only 25,616 KB bandwidth consumption and 43 
times of re-generations.

Dissusion: The above experimental results 
indicate that QoE can be maximized by always 
performing prompt engineering. However, such 
a conclusion ignores the network constraints. For 
instance, if the capability of PESPs is limited and 
optimizing each prompt takes a long time, the 
costs for prompt engineering will increase accord-
ingly. Moreover, as we mentioned in Section II-B, 
the effectiveness of prompt engineering varies in 
different tasks. In cases where optimized prompts 
cannot increase QoG, calling PESPs will degrade 
the overall QoE due to the extra service fee.

Future Directions

Detection of Prompt-Oriented Attacks
As the reformulation of downstream tasks 
provided by users, prompts are sensitive and vul-
nerable to various threats in open mobile-edge 
networks, such as prompt injection and poison-
ing. For instance, by appending a specific suffix to 
ChatGPT prompts, the firewall can be bypassed, 
and some unhealthy content might be generated. 

Hence, how to leverage prompt engineering to 
protect the security of mobile-edge AIGX services, 
e.g., detecting and filtering abnormal content in 
the raw prompts, is worth studying.

Collaborative Prompt Management in Edge Networks
In the PFM-empowered AIGX era, prompts 
are viewed as a novel resource type since only 
optimal prompts can lead to high QoG, as we 
demonstrated in this article. Therefore, to over-
come the resource and data limitations of each 
user, collaborative training and management 
frameworks for prompts are urgently required. 
For instance, researchers have been exploring 
prompt-oriented federated learning, where users 
contribute certain datasets and resources to 
fine-tune the prompts collaboratively. Moreover, 
secure prompt sharing or trading can be realized 
on edge blockchains.

FIGURE 5. The overall QoE and QoG with different PERs.

FIGURE 6. The service latency, service fee, and bandwidth consumption with 
different PERs.
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Multimodal Mobile-Edge AIGX
The maturity of AIGX incurs more and more mul-
timodal tasks. However, a series of problems are 
yet to be addressed. Firstly, multimodal prompts 
are complicated and hard to optimize since 
the optimization objective should consider the 
prompt performance in different modalities. More-
over, defining the rationale QoG for multimodal 
mobile-edge AIGX services is also intractable and 
worth research.

Conclusion
In this article, we presented the concept of 
mobile-edge AI-Generated Everything (AIGX) and 
discussed its optimization using prompt engi-
neering. Specifically, we started by introducing 
the building blocks of AIGX, the evolution from 
AIGC to AIGX, and real-world AIGX applications. 
Then, we reviewed prompt engineering methods 
and presented a unified framework that incor-
porates prompt engineering in PFM-empowered 
mobile-edge AIGX services from an optimization 
perspective. Finally, we performed a case study, 
in which we illustrated how much improvement 
prompt engineering can lead to in terms of QoE, 
service latency, and bandwidth usage by numeri-
cal results. As the first article to discuss AIGX, we 
hope that this article could inspire researchers to 
explore more applications of AIGX.
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