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Reinforcement Learning With LLMs Interaction for
Distributed Diffusion Model Services

Hongyang Du , Ruichen Zhang , Dusit Niyato , Fellow, IEEE, Jiawen Kang , Zehui Xiong ,
Shuguang Cui , Fellow, IEEE, Xuemin Shen , Fellow, IEEE, and Dong In Kim , Life Fellow, IEEE

Abstract—Distributed Artificial Intelligence-Generated Content
(AIGC) has attracted significant attention, but two key challenges
remain: maximizing subjective Quality of Experience (QoE) and
improving energy efficiency, which are particularly pronounced in
widely adopted Generative Diffusion Model (GDM)-based image
generation services. In this paper, we propose a novel user-centric
Interactive AI (IAI) approach for service management, with a dis-
tributed GDM-based AIGC framework that emphasizes efficient
and cooperative deployment. The proposed method restructures
the GDM inference process by allowing users with semantically
similar prompts to share parts of the denoising chain. Further-
more, to maximize the users’ subjective QoE, we propose an
IAI approach, i.e., Reinforcement Learning With Large Language
Models Interaction (RLLI), which utilizes Large Language Model
(LLM)-empowered generative agents to replicate users interac-
tions, providing real-time and subjective QoE feedback aligned
with diverse user personalities. Lastly, we present the GDM-based
Deep Deterministic Policy Gradient (G-DDPG) algorithm, adapted
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to the proposed RLLI framework, to allocate communication and
computing resources effectively while accounting for subjective
user traits and dynamic wireless conditions. Simulation results
demonstrate that G-DDPG improves total QoE by 15% compared
with the standard DDPG algorithm.

Index Terms—AI-generated content, reinforcement learning,
generative diffusion model, generative agents, large language
models.

I. INTRODUCTION

THE growing demand for Artificial Intelligence-Generated
Content (AIGC) services in multimedia and business ap-

plications [1] is driven by the advancement of Generative AI
(GenAI) models, which provide scalable and consistent outputs
in both text and imagery [2]. ChatGPT, for example, reached over
100 million active users within two months [3], demonstrating
its influence on text-based interactions. In the realm of visual
content generation, Stable Diffusion’s capacity to create images
from text prompts shows significant progress in multi-modal
technologies [4], [5]. The widespread adoption of AIGC services
in human societies indicates a notable transition to Interactive
AI (IAI) as the next evolutionary phase of GenAI [6]. This
shift is reshaping human-content interaction and reflects ongoing
developments in human-AI collaboration.

However, Quality of Experience (QoE) maximization in
AIGC services emerges as a critical challenge, due to the
subjective nature of human perception, which extends beyond
objective image quality metrics [7], [8]. Four images in Fig. 1
exemplify this complexity, showing four distinct images that
are generated under a same prompt “A man sits in the street”.
Although each image is of high quality, they align differently
with user personality profiles, resulting in varying QoE eval-
uations. Therefore, network designers aim to develop service
and management models that adapt to individual personalities to
improve QoE. However, the lack of a precise mathematical rep-
resentation of QoE makes this optimization challenging. While
some studies have adopted psychological laws to approximate
users’ subjective QoE [9], these methods often fail to capture
the complexity of real-world scenarios. An alternative is to
train management models using Reinforcement Learning with
Human Feedback (RLHF), which relies on expert-provided QoE
labels. This method is expensive, ethically sensitive, and difficult
to implement in real-time, raising the first research question:
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Fig. 1. The basic framework of IAI and four images generated with the prompt
“A man sits in the street”. Part A is a man engrossed in a book against vibrant
street art appeals to users with high openness. Part B is a formally dressed man
on a clean street, resonating with users high in conscientiousness. Part C is a
sociable street cafe scene, suitable for users with high extraversion. Part D is a
man feeding pigeons in a peaceful setting with playing children, fitting for users
with high agreeableness.

C1. How to obtain human-aware subjective QoE feedback ef-
ficiently and design the communication and computing resource
allocation algorithm?

Addressing C1 requires the exploration of cutting-edge ap-
proaches, among which IAI stands out as a promising solu-
tion [6]. IAI focuses on designing AI models that learn and adapt
through user interaction, progressively advancing AI models’
performance and operational efficacy. This paradigm shift, from
static to dynamic learning systems, equips IAI-enhanced net-
works with the ability to offer tailored responses and proactively
adapt, marking a significant stride in personalized AI-based
service managements. For AIGC services, as shown in Fig. 1,
we propose Reinforcement Learning With LLM Interaction
(RLLI) algorithm as one step towards IAI, incorporates Deep
Reinforcement Learning (DRL) for its suitability in dynamic
environments [10] and Large Language Model (LLM) for ad-
vanced knowledge understanding and generative capabilities:
� DRL regards user QoE as quantifiable rewards and circum-

vents complexity of mathematically modeling subjective
QoE. When integrated with GenAI techniques such as
Generative Diffusion Model (GDM) [11] that effectively
handle complex data modeling and produce high-quality
samples, DRL can be further enhanced to allocate network
resources efficiently while factoring in user satisfaction.

� LLM-empowered Ggenerative Agents (GAs) can represent
real AIGC users with various personalities to generate QoE
feedback, minimizing human resource input and associated
ethical risks. By embedding human personality traits into
GAs through prompts [12], these GAs can simulate human
interaction in the training of DRL algorithms.

Furthermore, AIGC models impose substantial energy de-
mands during the inference phase [5]. Particularly in GDM-
based image generation, multiple denoising steps are essential
for producing high-quality outputs. This iterative process pro-
gressively removes noise, resulting in considerable energy and
time consumption [5]. Although few-step models have been
proposed to reduce computation and accelerate inference [13],
[14], they often degrade image quality and detail compared to

multi-step approaches [15], [16]. In practice, widely used AIGC
systems such as Stable Diffusion [4] and Sora [17] continue
to depend on multi-step denoising, underscoring its necessity
for achieving high-quality results. Additionally, transmitting
these high-quality images, particularly in latency-sensitive ap-
plications like augmented reality and telemedicine, requires
significant network bandwidth [18], placing increased demands
on future Sixth-Generation (6 G) networks that aim to support
human-centric and high QoE services [19]. These challenges
lead to the second research question:

C2. How to harness network capabilities to facilitate energy-
efficient and low-latency GDM inference?

Fortunately, advancements in model compression facilitate
the deployment of large GenAI models directly on network
edge devices [20], [21]. This forms a foundation for network-
assisted AIGC, particularly collaborative distributed diffusion
model [22], to address C1. As shown in Part A of Fig. 2, by
distributing the denoising steps across multiple network edge
devices, we can achieve a more flexible and efficient network
resource utilization. More importantly, generation tasks with
semantically similar prompts can share several denoising steps,
thereby saving overall energy and time consumption. As shown
in Part B of Fig. 2, the denoising Path 2, which starts with
“Prompt 2: An apple on table” and switches to “Prompt 1: A
lemon on table” can still converge nearly with Path 1 that uses
“Prompt 1” throughout. We can observe from Part C of Fig. 2 that
when employing an appropriate distributed denoising process,
such as switching prompts in an early stage or maintaining se-
mantic similarity between prompts, high-quality images can be
generated that is corresponding to user prompts while reducing
overall resource consumption. For example, we can observe a
clear reduction in energy and time costs when generating images
via Path 2 and Path 3, compared to independent operations
through Path 1 and Path 3.

Note that the distributed GDM-based AIGC framework en-
ables semantic fusion of prompts from multiple users, making
the quality of generated images dependent on the designed
communication and computing resource allocation scheme. This
dependency is addressed by the proposed edge-based IAI solu-
tion, which introduces a new optimization dimension to enhance
AIGC service quality and improve user QoE. The contributions
of this paper are summarized as follows.
� We introduce a collaborative distributed GDM-based

AIGC framework for image generation services. This ap-
proach enhances user privacy by generating the final con-
tent on edge devices, reducing the total network energy and
time overheads (for C1).

� We present a QoE feedback scheme by using LLM-
empowered GAs to simulate the human’s different per-
sonalities. With the aid of prompts and assigning one
agent per user, GAs can mimic users of diverse subjective
preferences, delivering evaluations of quality of generated
images (for C2).

� We propose an IAI algorithm, i.e., RLLI, with LLM-
generated QoE at its core. The goal is to determine the
optimal denoising steps, i.e., computing energy consump-
tion, at server and user devices, and downlink transmission
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Fig. 2. The working principle of the GDM and motivations behind distributed denoising inference process. Part A depicts the cooperative inference process
across devices where, starting with Gaussian noise on Device 2, it denoises using Prompt 2 before Devices 1 and 3 continue in succession towards their respective
prompts. Part B shows the fundamentals of distributed GDM inference, illustrating how denoising path directions alter with changing prompts, and emphasizing
the high semantic similarity of Prompt 1 to Prompt 2, contrasting it with the distance between Prompt 2 and Prompt 3. Consequently, Path 2 aligns with Prompt
1’s requirements, unlike Path 4 with Prompt 3. Part C showcases the final generation outcomes for all five paths.

power, i.e., communications energy consumption, of the
server to user devices, based on the user personalities and
wireless conditions (for C2).

The rest of this paper is organized as follows: Section II
reviews related literature. In Section III, we describes the system
model and formulates the problem for our distributed GDM-
based AIGC framework. Section IV details the RLLI algorithm.
Section V conducts a evaluation of the proposed framework and
RLLI algorithm. The paper concludes with Section VI. A list
of mathematical symbols and functions most frequently used in
this paper is available in Table I, while Table II summarizes the
abbreviations.

II. RELATED WORK

In this section, we discuss several related works, including
GDM, aesthetics analysis, and LLM.

A. Generative Diffusion Models

GDMs are essential to various AIGC services. Their appli-
cations include image and video generation in computer vision
using DDPM [23] and video diffusion models [24], text genera-
tion and editing through Diffusion-LM [25] and DiffusER [26],
audio synthesis with ProDiff [27] and DiffWave [28], as well
as specialized tasks such as graph generation [29] and molec-
ular structure creation [30]. As privacy-sensitive applications
grow, there is increasing interest in deploying GDMs on edge
devices. While model compression has made this feasible, the
inference process—particularly the iterative denoising steps—
remains energy-intensive, increasing the total energy cost across
the network. However, the sequential structure of the denoising
chain enables distributed computation. Cooperative distributed
GDM [22] exploits this structure by allowing devices to share

TABLE I
MATHEMATICAL NOTATIONS

partial denoising steps, which reduces redundant computation
and lowers network-wide energy consumption.

B. Aesthetics Analysis and Big Five Personality Traits

Traditional approaches to Image Aesthetic Assessment (IAA)
have focused on universal aesthetic scores, overlooking the
subjective nature of aesthetic preferences driven by individual
personality differences. Recent developments, such as those
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TABLE II
LIST OF ABBREVIATIONS

integrating the Big Five personality traits into a multi-task deep
learning model [31] for IAA, represent a paradigm shift. The
Big Five personality traits [32], comprising openness, consci-
entiousness, extraversion, agreeableness, and neuroticism, pro-
vide a widely accepted structure for characterizing personality.
Specifically, openness captures creativity and a willingness of
users to explore new experiences; conscientiousness involves
diligence and reliability; extraversion denotes sociability and
assertiveness; agreeableness reflects cooperativeness and kind-
ness; and neuroticism is associated with emotional instability
and anxiety. Embedding these traits into IAA enables a transition
from general scoring to individualized assessments, offering
the potential to align AIGC models with users’ psychological
profiles and make AIGC services more personalized [33].

C. LLM-Empowered Generative Agents as Evaluators

LLMs-empowered GAs can interpret and respond to complex
natural language instructions, making them a versatile interface
for a range of tasks, including evaluative ones [34], [35]. Specif-
ically, the authors in [34] explore the capabilities of ChatGPT in
evaluating textual content across various human-aware criteria
such as quality, tone, and coherence. These evaluations provide
a foundation for extending LLM functionality into other do-
mains. Subsequently, the authors in [36] evaluate the potential of
LLMs like ChatGPT in computational social science, examining
their ability to perform both classification and generative tasks
in a zero-shot manner. It is shown that LLMs demonstrate
fair agreement with humans and can augment the annotation
process. More recently, the authors in [37] show that modern
role-playing LLMs can successfully mimic specific personality
traits, achieving an 82.8% alignment with human perceptions.
These findings support the use of LLM-empowered GAs for
simulating users with diverse subjective preferences in image
evaluation tasks, positioning GA feedback as a viable alternative
to human feedback for training service management algorithms.

Fig. 3. The working steps of GDM-based text-to-image generation service,
and the principle to achieve multi-device distributed denoising process.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we analyze the principles and conditions under
which GDMs can be executed separately on different devices.
Furthermore, we discuss the deployment method and formulate
the user-centric QoE optimization problem in our proposed
distributed GDM-based AIGC framework.

A. Distributed Generative Diffusion Model-Based AIGC

1) Latent Diffusion Models: GDMs, as illustrated in Part A
of Fig. 3, are probabilistic models that approximate a data dis-
tribution by iteratively denoising samples drawn from a normal
distribution, effectively reversing a Markov chain over T steps.
The Stable Diffusion [4] stands out by adopting latent GDM,
operating in the latent space rather than the high-dimensional
image pixel space. Instead of manifesting a perturbed image,
latent GDM introduces “latent noise”, i.e., a stochastic tensor in
the latent space, during training to perturb the latent represen-
tation. For example, an image with 512× 512 resolution, the
corresponding latent size is a much smaller, i.e., 4× 64× 64,
enabling faster processing and less memory usage.

Diving deeper into the mechanics, we consider x0 ∈
RH×W×3 is an image in Red, Green & Blue (RGB) space. The
encoder E encodes x0 into a latent representation as

z0 = E (x0) , (1)
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where z0 ∈ Rh×w×r. The encoder E downsamples the image
x0 by a factor f , i.e., f = H/h = W/w. The decoderD recon-
structs the image from the latent representation as

x̃0 = D (z0) = D (E (x0)) . (2)

GDMs can be specified in terms of a Signal-to-Noise Ratio
(SNR) as

γ(t) =
α2
t

σ2
t

, (3)

where αt and σt are strictly positive scalar-value functions of
t, and γ(t) is strictly monotonically decreasing in time, i.e.,
γ(t) < γ(s) for any t > s. We consider that both αt and σt

are smooth, such that their derivatives with respect to t are
finite [38]. This diffusion process specification includes the
variance-preserving diffusion process as a special case [23],
[38], where αt=

√
1− σ2

t . Another special case is the variance-
exploding diffusion process [39], [40], where αt

2 = 1. We use
the variance-preserving version in this paper. By starting from a
data sample z0, a forward diffusion process q can be defined as

q (zt| z0) = N
(
zt|αtz0, σ

2
t I
)
. (4)

The Markov structure for t > s can be expressed as

q (zt| zs) = N
(
zt|α t|sz0, σ

2
t|sI
)
, (5)

where αt|s = αt/αs and σ2
t|s = σ2

t − α2
t|sσ

2
s .

Denoising GDMs are generative models p which revert the
forward diffusion process with a similar Markov structure run-
ning backward as

p (z0) = p (zT )

T∏
t=1

p (zt−1| zt). (6)

The prior p(zT ) is typically choosen as a standard normal
distribution. We parameterize p(zt−1|zt) to specify it in terms
of the true posterior q(zt−1|zt, z0). We use the network with
parameter θ, i.e., εθ(zt, t), to estimate the unknown original
data sample z0. Then, we obtain that [41]

p (zt−1| zt) = q (zt−1| zt, z0)

= q (zt−1| zt, zθ (zt, t))

= N
(
zt−1|μθ (zt, t) , σ

2
t|t−1

σ2
t−1
σ2
t

I

)
, (7)

where

μθ (zt, t) =
αt|t−1σ2

t−1
σ2
t

zt +
αt−1σ2

t|t−1
σ2
t

εθ (zt, t) . (8)

We use the reparameterization [23]

εθ (zt, t) =
zt − αtzθ (εt, t)

σt
, (9)

to express the reconstruction term as a denoising objective.
For convenience, we denote the denoising process that in-

volves (7), (8), and (9) as Denoise(·)
zt−1 = Denoise (zt, t) . (10)

Algorithm 1: Distributed Latent GDM Inference Process
Among K Devices.

Input: the textual prompt {c1, . . . , cK} from devices
1, . . . ,K, respectively

Output: Generated image x̃0 for any device k
(k = 2, . . . ,K)

1: ## In Device 1
2: Sample initial Gaussian noise zT in the latent space
3: for t = T to toff + 1 do
4: zt−1 ← Denoise(zt, t, τ(ci)), i.e., (13)
5: end for
6: ## Wireless Transmission
7: Transmit the ztoff from device 1 to devices 2, . . . ,K
8: ## In Device k (k = 2, . . . ,K)
9: for t = toff to 1 do

10: zt−1 ← Denoise(zt, t, τ(ck)), i.e., (13)
11: end for
12: ## Image Reconstruction
13: x̃0 ← D(z0)
14: return x̃0

The corresponding loss function to train the latent GDM can be
simplified to

LGDM = Ez,ε∼N (0,1),t

[
‖ε− εθ (zt, t)‖22

]
, (11)

with t uniformly sampled from {1, . . . , T} . The neural back-
bone is realized as a time-conditional UNet [42]. Since the
forward process is fixed, zt can be efficiently obtained from
E during training, and samples from p(z) can be decoded to
image space with a single pass through D.

2) Conditioning Mechanisms: Similar to other types of gen-
erative models [43], [44], GDMs are capable of modeling condi-
tional distributions. This can be implemented with a conditional
denoising auto-encoder εθ(zt, t, c) to control the synthesis pro-
cess through inputs c such as text [45], semantic maps [46] or
other image-to-image translation tasks [47]. To pre-process c
from various modalities, such as language prompts, a domain-
specific encoder is introduced that projects c to a latent represen-
tation τ(c). Based on image-conditioning pairs, we then train
the conditional latent GDM via

LLDM = Ez,ε∼N (0,1),t,c

[
‖ε− εθ (zt, t, τ (c))‖22

]
. (12)

In the inference process, the denoising functions can be updated
accordingly, by adding c as the condition together with step
information t as

zt−1 = Denoise (zt, t, τ (c)) . (13)

3) Distributed Diffusion Model Inference: The distributed
GDM inference process relies on sequential denoising guided by
textual prompts. We analyze mathematically the conditions for
changing textual prompts while still ensuring that the denoising
results remain reliable. Specifically, we consider the latent space,
in which the diffusion process takes place, to be the euclidean
space denoted as L. Every point in L corresponds to a latent
vector. The analysis includes the following steps:
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1) Defining Denoising Path and Semantic Distance: For each
textual promptc, the denoising path, evolving from the ini-
tial Gaussian noise to the targeted semantic representation,
is represented byPc : [T, 0]→ L. Here,Pc(T ) represents
the Gaussian noise point, i.e., the start point in Part B of
Fig. 2, whilePc(0) corresponds to the latent representation
of the final generated image under the prompt c, i.e., the
end point in Part B of Fig. 2.
The semantic distance between two prompts, ci and cj ,
in the latent space is defined by the euclidean distance
between their respective denoising path endpoints as

d (ci, 0, cj , 0) = ‖Pci
(0)− Pcj

(0)‖. (14)

The semantic distance provides a direct measure: if the
semantic information of ci and cj are closely related,
their corresponding semantic representations, i.e., latent
vectors, and the denoising paths under their guidance,
should also be proximate in L. Consequently, a smaller
d(ci, 0, cj , 0) indicates that substituting ci for cj is less
likely to degrade the quality of generated images.

2) Semantic Analysis: Another key observation is that ex-
tending the denoising path, i.e., Pc(t) with t from T to 0,
progressively incorporates the semantic information of the
textual prompt c into the path. To measure the difference
in semantic information encoded within the latent vectors
at step t between prompts ci and cj , we employ the
Kullback-Leibler (KL) divergence:

K (p (zt|ci) ||p (zt|cj)) =
∑
z∈zt

p (z|ci) log p (z|ci)
p (z|cj) .

(15)
At the beginning of the denoising process, i.e., t = T ,
the noise component dominates, leading to a latent space
with high entropy due to the absence of any meaningful
semantic information. Thus, both prompts would produce
almost similar distributions for the latent vectors. As a
result, the KL divergence, K, would be small, suggesting
minimal difference between the paths Pci

and Pcj
, which

means that d(ci, T, cj , T ) is small for any ci and cj . With
the progression of denoising, the influence of the prompts
begins to introduce semantic information, leading to a
reduction in entropy.

3) Switching Denoising Path: Assuming a denoising path
have been progressed toff steps under ci to an intermediate
point Pci

(toff), where 0 < toff < T . Now, the flowing
denoising path should cover the semantic distance:

d (ci, toff , ci, 0) = ‖Pci
(toff)− Pci

(0)‖. (16)

However, if we intend to switch the prompt from ci to cj ,
the distance from Pci

(toff) to the end-point of cj is:

d (ci, toff , cj , 0) = ‖Pci
(toff)− Pcj

(0)‖. (17)

This distance d(ci, toff , cj , 0) is crucial as it informs the
extent of path correction needed to align the denoising
process towards the semantics of cj . From the above
analysis, we conclude the following conditions for our
distributed GDM-based AIGC framework:

� The new prompt cj should have close semantic in-
formation related to ci, reducing the difference be-
tween (16) and (17).

� The transition to cj should be made in a relatively
early stage of the denoising process, i.e., when K as
given in (15) is small, to reduce the influence of ci
and allowing cj to predominantly lead the denoising
direction.

4) Image Reconstruction: The image x̃0 reconstructed from
the latent representation Pcj (0) reflects the semantic in-
fluence of cj :

x̃0 ≈ D
(
Pcj

(0)
)
. (18)

The decoder D maps the latent representation back to the
image space. A high quality in x̃0 means the generated
image is a precise representation, effectively capturing the
semantics associated with cj .

The overall algorithm for distributed latent GDM inference
process among K devices is given as Algorithm 1. Note that
our framework efficiently supports both synchronous and asyn-
chronous operations. In synchronous operations, intermediate
denoised results are directly transmitted to edge users without
needing storage. In asynchronous operations, we can use a
caching mechanism to store denoised results, as discussed in
Section VI.

B. Deployment Method

The proposed distributed GDM-based AIGC framework
leverages the flexible structure of the denoising process. By
sharing intermediate denoised results across network devices, it
reduces the system’s overall energy consumption. Three network
architectures are considered for deployment:

1) The Edge-to-Multiple Devices architecture executes
shared denoising steps at an edge server, and then trans-
mitting intermediate denoised results to the user devices,
as shown in Fig. 4.

2) The Device-to-Device approach fosters a partnership be-
tween two devices, jointly executing denoising tasks, op-
timizing energy usage, and safeguarding user privacy, as
shown in Fig. 3.

3) The strategy of Forming a Cluster among Multiple De-
vices, either with the assistance of an edge server or
through self-organization, bolsters system adaptability
and scalability to local requirements and environments,
as shown in Part A of Fig. 2.

These architectures introduce additional design considera-
tions under real-world conditions, such as network variability
and device heterogeneity. Transmission delays, errors, and de-
vice constraints, e.g., memory, should be accounted for to ensure
stable performance. Our current analysis partially reflects these
through channel modeling and energy cost formulations, but
further system-level adaptations could be integrated as exten-
sions. Without loss of generality, we focus on the Edge-to-
Multiple Devices architecture for the distributed GDM-based
AIGC framework.
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Fig. 4. Deployment method for distributed GDM-based text-to-image AIGC
services: Part A illustrates the shared inference mechanism where users with
semantically similar prompts collaborate with the server. Part B highlights the
diverse text-to-image requirements of each of theK concurrent users. Following
initial server processing, Part D delves into the distributed denoising process by
each individual user. Part C presents the final generated images corresponding
to user-specific prompts.

Here, we consider a server executes t0 denoising steps, fol-
lowed by K users, each executing tk steps. Each server-side
denoising step incurs an energy cost δ0, while every user de-
vice has its unit energy cost δk. Additionally, transmitting the
intermediate result to the k-th user requires transmission power
Pk, with a unit energy cost β. Transmitting the intermediate
result to the k-th user requires transmission power Pk with unit
energy cost β. The QoE depends on both the allocation of com-
munication and computing resources and the user’s personality
uk, which reflects aesthetic preferences and leads to subjective
QoE evaluations. Here, the resource allocation variables for
communication and computing are

t = {t0, t1, . . . , tK}, (19)

and

P = {P1, . . . , PK}. (20)

The resource allocation variables, t and P , are significant in
determining the efficacy of the AIGC service:
� The transmission power, P , impacts the bit error probabil-

ity (BEP) during wireless transmission. Lower power levels
risk degrading the integrity of the transmitted intermediate
denoised results, potentially diminishing the quality of
generated images.

� The number of denoising steps, t, directly affects the
quality of generated images [5]. Specifically, the shared

steps, t0, set the initial latent representation. We dynam-
ically and optimally adjust t0 to balance efficiency and
personalization, enhancing QoE while managing energy
consumption.

� Notably, when transmission power is insufficient, which
increases the bit errors in intermediate denoised results,
adding more denoising steps can improve the final image
quality [22]. These additional steps function as an error-
correction phase, reducing inaccuracies and improving the
final result.

C. User-Centric QoE Maximization Problem

The central challenge is maximizing subjective QoE across
all users while considering user personalities, objective wire-
less conditions, energy constraints, and QoE thresholds. This
integrated modeling approach captures two essential aspects of
distributed AIGC services. First, using QoE as a utility func-
tion enables personalized content generation that aligns with
user expectations. Second, incorporating energy constraints is
necessary for efficient energy management across devices and
network nodes. Mathematically, the objective and constraints
are expressed as:

max
{t,P }

K∑
k=1

Qk(t0, tk, Pk,uk), (21)

s.t., δktk ≤ ETk
, ∀k ∈ {1, . . . ,K} (22)

Qk(t0, tk, Pk,uk) ≥ Qth, ∀k ∈ {1, . . . ,K} (23)

δ0t0 + β
K∑

k=1

Pk ≤ ET. (24)

The first constraint reflects the computing energy limitations of
edge devices in executing denoising steps. The second constraint
ensures that the AIGC service satisfies users’ minimum QoE
requirements. The third constraint, which is the most critical,
addresses the overall energy budget and requires a trade-off
between communication and computation. Specifically, increas-
ing transmission power reduces the BEP, thereby improving the
accuracy of transmitted intermediate denoised results. However,
excessive transmission power reduces the energy available for
performing denoising steps, which negatively impacts the final
image quality. Conversely, if the transmission power is insuffi-
cient, even enhanced denoising at the edge device cannot fully
correct the errors introduced during transmission.

In the following, we use the RLLI method for the QoE
maximization problem in our proposed distributed GDM-based
AIGC framework.

IV. REINFORCEMENT LEARNING WITH LLMS FEEDBACK

In this section, we present the RLLI method for evaluating the
QoE of the distributed GDM framework described in Section III.
We first introduce an aesthetic-aware QoE model, then explain
how LLM-empowered GAs provide subjective QoE feedback,
which serves as the reward signal in DRL algorithms.
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Fig. 5. Five types of personality traits in the Big-Five personality model: Openness, Conscientiousness, Extraversion, Agreeableness, and Neuroticism. We show
real user personality scores from the PsychoFlickr database, along with examples of the images that they prefer.

A. Aesthetic-Aware QoE Modeling

1) Big Five Personality Traits: Incorporating GAs into the
DRL training process enables the integration of human subjec-
tive factors, particularly aesthetic preferences, which are critical
to QoE in image-related AIGC services. Prior studies indicate
that aesthetic preferences are influenced by individual person-
ality traits [31], [32], [33]. The Big Five personality traits [32],
also known as the five-factor model, provide a widely accepted
framework for characterizing personality differences.1 The Big
Five model consists of five broad dimensions of personality traits
including
� Openness: A trait characterized by a deep affinity for

imagination, novel experiences, and a broad spectrum of
interests.

� Conscientiousness: Denotes meticulousness and structure,
often manifesting in methodical, goal-oriented behaviors.

� Extraversion: Embodies individuals who thrive in social
interactions, drawing energy from a company of others.

� Agreeableness: Reflects proclivities towards trustworthi-
ness, altruism, and prosocial behaviors.

� Neuroticism: Typified by emotional fluctuations and
heightened sensitivity to environmental stressors and ad-
versities.

Each of these traits represents a continuous spectrum of
personality characteristics. Considering that recent studies have
shown LLMs can effectively simulate the Big Five personality
traits with an 82.8% alignment to human perception [37], we
adopt this model to guide LLM-empowered GAs in mimick-
ing AIGC service users’ personalities [12]. However, while
personality traits provide a structured foundation for modeling
user preferences, actual behavior may still vary in real-world
contexts. We do not explicitly model such dynamics in this paper,
but this represents a valuable direction for future refinement.

In Fig. 5, we display five exemplary user profiles from
the PsychoFlickr dataset [33], showing their Big Five

1One example of open source Big Five personality traits tests: https://bigfive-
test.com.

personality scores and selected preferred images. These profiles
offer empirical evidence of the correlation between individual
personality traits and aesthetic preferences in image selection.
This connection becomes especially important in the context of
shared denoising within distributed GDMs. Unlike independent
denoising, shared denoising allows semantically similar prompts
to reuse intermediate diffusion steps, which improves efficiency
but introduces interdependencies among outputs. As discussed
in Section III-A3, the more steps that are shared, the more likely
it is that the final images will influence one another. From a
QoE perspective, this creates a potential conflict: users with
distinct aesthetic preferences—shaped by their personalities—
may experience degraded satisfaction if shared denoising alters
the semantic or stylistic fidelity of their expected outputs. For
instance, as depicted in Part B of Fig. 6, one user, scoring high in
agreeableness, might prefer an image generated from the prompt
“A dog sits in front of a bush” that has a well-groomed dog.
However, if this prompt shares several shared denoising steps
with another prompt such as A tiger sits in front of a bush”,
the final generated images for this user may have a dog that
exhibits stylistic features of a tiger, causing the low QoE. Thus,
the settings for shared denoising steps are pivotal in achieving
maximum sum QoE.

2) Prompt Design for LLM-Empowered Generative Agents:
The LLM-empowered GAs present a powerful mechanism to
feedback human-aware subjective QoE values for the gen-
erated content. A critical aspect is the initial prompts that
guide the GAs’ subjective QoE assessment [12]. The initial
prompts setting process is illustrated in Parts A and C of
Fig. 6, including general setup and generative agent-specific
settings:
� In the general setup stage, the Big-Five personality traits

are introduced to allK GAs to enhance their understanding
and responsiveness to these traits.

� In the generative agent-specific settings stage, the users’
Big-Five personality traits are individually configured for
GAs, enabling GAs’ similar subjective assessments to
given images as real users.
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Fig. 6. Prompts for LLM-empowered GAs settings. Part A illustrates the initial setup to acquaint the GAs with the Big-Five personality traits, preparing them for
the subjective assessment task. Part B demonstrates a case where the different numbers of shared denoising steps lead to stylistic differences in the final generated
images. Part C and Part D present two user personality trait configurations and the corresponding evaluated scores of generated images.

With the Big-Five model, the personality of the k-th user, i.e.,
uk, can be expressed as

uk = [ok, ck, ek, ak, nk] , (25)

where k = 1, . . . ,K, and each element in uk corresponds to
a score in one of the Big Five personality traits. Note that the
vector uk is significant in our RLLI framework in tailoring the
subjective QoE assessment according to individual preferences.
Specifically, uk serves as the personality traits tuning for GAs.
Furthermore,uk acts as the user identifier that can be used for the
DRL-based resource allocation algorithm design, similar to user
representation in AI-based recommendation systems where user
preferences are captured and embedded to provide personalized
recommendations [48].

B. Reinforcement Learning With LLMs Feedback Framework

LLMs are typically designed for language tasks, yet their abil-
ity to interpret various task instructions articulated in language
has shown promise for acting as universal interfaces for general-
purpose assistants [20], [36]. For our proposed RLLI framework,
to leverage the inferential capabilities of LLM to simulate users
with different personality traits, the LLM-empowered GAs’

instructional capacity has to be extended to encompass visual
domains.

1) Visual Instruction Tuning (VIT): The VIT framework ex-
tends instruction tuning to process both text and images using
LLMs [49]. With open-source LLMs like LLaMA [50], VIT
adoption is now more accessible. VIT extracts features from
images, converting them into language tokens via a trainable
projection matrix [49]. Training involves generating multi-turn
conversational sequences from images and predicting answer
tokens. The framework uses a two-stage instruction tuning
process: initially training the visual tokenizer with image-text
pairs while keeping the LLM and visual encoder weights fixed,
followed by fine-tuning the projection matrix and LLM weights
using diverse datasets to enhance response variability. This
enables LLM-based GAs to assess image quality. We use the
LLaMA-based LLaVA [49], an end-to-end trained multi-modal
model, for our RLLI algorithm. Note that RLLI’s effectiveness is
not limited to a specific LLM. Given the generalizable nature of
LLMs in understanding and generating language prompts [12],
[50], our method is applicable and practical across various
LLMs, ensuring broad adaptability and relevance.

2) Reinforcement Learning With LLMs Interaction Frame-
work: RL trains agents to maximize a reward function through
interaction with an environment. RLHF enhances this process
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Algorithm 2: Reinforcement Learning With Large
Language Model Interaction (RLLI).

Initialize: The management model with parameters ξ,
LLM-empowered GAs K to simulate K users

Output: The trained management model ξ
1: Input prompts to K GAs, letting them to simulate

users with different personalities
2: for each episode e = 1, 2, . . . , E do
3: Initialize state s
4: while s is not terminal do
5: Generate action a using policy πξ(s)

6: Obtain reward r =
∑K

k=1 Agentk(s,a)
7: Transition to new state s′

8: Store transition (s,a, r, s′) in Replay Buffer
9: Sample a random minibatch of transitions from

Replay Buffer
10: Update policy parameters ξ
11: s← s′

12: end while
13: end for

by introducing human insights into the policy optimization [51],
significantly improving conversational agents like ChatGPT.
Nonetheless, both RL and RLHF encounter important chal-
lenges:
� Real-Time Constraint: Delayed feedback in RLHF hin-

der its applicability in scenarios demanding immediate
response. While training reward models can mitigate the
need for expensive human input, the upfront investment in
human data collection and model training can be substan-
tial.

� Expert Availability: Securing consistent access to human
experts can be challenging. Inconsistent interaction and
the varying quality of feedback can negatively affect the
network management model training.

� Ethical and Privacy Risk: Human-in-the-loop interaction
system may present data confidentiality concerns in sensi-
tive applications. For example, some AI-generated images
are inappropriate for humans in all ages to view.

To address these challenges, we introduce RLLI, where real
users can leverage LLM-empowered GAs to provide feedback
for DRL model training. These GAs mimic users with varied
personalities and provide immediate, context-aware feedback in
the form of subjective QoE rewards. Consequently, RLLI offers a
real-time, scalable, and financially efficient solution, mitigating
the inherent constraints of RL and RLHF. The general algorithm
for implementing RLLI is shown as Algorithm 2. Specifically,
the management model initializes with parameters ξ, while K
LLM-empowered GAs simulate diverse user feedback. Each
episode e begins with state s and iterates until a terminal state
is reached, e.g., task completion, step limit reached, or a failure
event. Actions a are generated via policy πξ(s), with rewards
aggregated from the subjective QoE assessments. State transi-
tions and experiences are stored in a replay buffer, facilitating
policy parameter updates through experience replay.

C. GDM-Based DDPG With LLMs Interaction for Joint
Resource Allocation

DRL provides an effective solution for resource allocation
problems due to its capacity to learn optimal policies in high-
dimensional state and action spaces [10]. Within DRL, DDPG
excels in handling continuous action spaces with its actor-critic
architecture that ensures stable learning [10], [52]. Our prob-
lem (21) involves a hybrid action space of continuous and
discrete variables [53]. To manage this, we manipulate the
continuous action space to select discrete actions [53], [54],
such as generating a 10-dimensional action vector with values
between 0 and 1 and then choosing the action corresponding to
the maximum value. This approach leverages the continuous
relaxation of discrete action spaces, enabling gradient-based
optimization methods like DDPG to function effectively [53],
[54]. We incorporate a DDPG architecture integrated with a
GDM for the actor-network and use a fixed Q-targets strategy
to stabilize Q-value updates [55]. In the following, we explain
the action, state, reward, and network training functions of our
G-DDPG with the LLMs interaction algorithm.

Actions: The action is defined as a, which includes the com-
munication and computing resources variables, denoted as a =
{P , t}, where P and t are given as (19) and (20), respectively.
We employ a GDM to generate an optimal communication and
computing resource allocation scheme [11], [56], as depicted in
Fig. 7 and formalized in (7). The GDM-based method is distinct
from the conventional backpropagation or direct optimization
approaches typically employed in DRL, offering a progressive
refinement of the action distribution. The action dimensionality,
in a scenario where a server caters toK users, isK + Ts +KTe.
Here, Ts and Te represent the maximum number of denoising
steps that can be executed by the edge server and user device,
respectively, under the energy constraints.

States: The state vector s encapsulates variables impacting
the optimal communication and computing resource allocation
scheme. Thus, s can be used as the condition in the denoising
process, which can be formulated as:

s =

{
u1, . . . ,uK , τ(c1) , . . . , τ(cK) , δ0, . . . , δK ,
g1, . . . , gK ,Qth

}
, (26)

where gk (k = 1, . . . ,K) is the wireless channel gains from the
server to the k-th device.

Reward: In designing the reward function for our G-DDPG
model, we consider the primary objective of maximizing the sum
QoE, i.e.,

∑K
k=1Qk, subject to energy constraints, as shown

in (21). Instead of imposing hard constraints that could lead
to sparse rewards and hinder the learning process, we integrate
a soft constraint approach into the reward function [10]. This
involves subtracting penalty terms for any constraint violations
as

r =

K∑
k=1

Qk − λ1

K∑
k=1

max (0, δktk − ETk
)

− λ2

K∑
k=1

max (0,Qk −Qth)

Authorized licensed use limited to: University of Waterloo. Downloaded on February 17,2026 at 23:57:11 UTC from IEEE Xplore.  Restrictions apply. 



8848 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 47, NO. 10, OCTOBER 2025

Fig. 7. The GDM-aided DDPG with LLMs interaction. Users use prompts to configure LLM-empowered GAs for personality simulation (Step 1). In Steps 2
to 7 within the RLLI framework, GAs generate prompts that, along with channel conditions and other environmental factors, form the state (Step 3). Actions are
then generated through a GDM-based actor network (Step 4) and images are created via our proposed distributed diffusion AIGC framework. Subsequently, the
GAs use these images to generate QoE, providing feedback that serves as a reward for G-DDPG training (Step 7), cycling back to Step 2 for iterative improvement.
Upon finalizing the training, users request image generation (Step 8), and the trained G-DDPG along with the distributed diffusion AIGC model generates images
aimed at maximizing the users’ subjective QoE.

− λ3 max

(
0, δ0t0 + β

K∑
k=1

Pk − ET

)
. (27)

The penalties ensure that G-DDPG model learns the significance
of constraints while facilitating exploration within the feasible
solution space. The coefficients for these penalties can be tuned
to balance the trade-off between exploration and adherence to
the constraints.

Networks: The network architecture in G-DDPG comprises
actor Aη and critic Qυ networks, alongside their corresponding
target networks Aη′ and Qυ′ . The GDM-based actor network
responsible for generating actions and the critic network for eval-
uating actions. The target networks provide tempered, delayed
targets, which help in stabilizing the training updates. The actor
network’s parameters are updated to maximize the expected
reward, while the critic network’s parameters are adjusted to
minimize the error between the predicted and actual rewards.
Specifically, the training loss for the actor network is given by

argmin
Aη

LA(η) = −Ea∼Aη
[Qυ (s,a)] . (28)

The critic network loss can be expressed as

argmin
Qυ

LQ(υ) = Ea∼ηθ

[
(Qυ (s,a)− r)2

]
, (29)

where r is the actual Q-value, i.e., reward, obtained from the
LLM-empowered GAs after executing the action a. The train
and inference processes for our proposed G-DDPG with LLMs
interaction algorithm is shown in Algorithm 3. During the
training phase, the algorithm iterates over I episodes, each
beginning with the GDM-based action generation with the

current state as the condition and a noise process for explo-
ration. The action is executed within the proposed distributed
GDM-based AIGC framework, and the resulting reward, derived
from GAs’ feedback, is stored. A minibatch of experiences is
then sampled from the replay buffer to update the networks.
Two target networks are updated using a soft update mechanism
to ensure stable learning. During inference, the GDM-based
actor network generates optimal communication and computing
resource allocation strategies based on user prompts.

We then analyze the complexity of Algorithm 3. Let wa and
wc denote the actor and critic networks’ weight counts, respec-
tively. Initialization has a complexity of O(2wa + 2wc). The
complexity for action generation is augmented to O(Dwa) per
iteration due to D denoising steps in the action generation. The
replay buffer operations remainO(1) for storage andO(N) for
minibatch sampling. Updates to the critic and actor networks in-
cur complexities ofO(wc) andO(wa) per update, respectively.
Target network updates are linear with respect to the number
of parameters. Therefore, the training phase now demonstrates
an adjusted computational complexity of O(I(Dwa + wc)).
During the inference phase, generating the optimal resource
allocation scheme through the trained actor network necessitates
a complexity of O(wa), assuming constant-time operations for
reward observation and exploration noise generation.

V. EXPERIMENTS RESULTS

The central focus of this paper is the distributed GDM-based
AIGC framework and the G-DDPG with LLMs interaction
algorithm. Thus, our experiments are structured to investigate
the following questions:
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Algorithm 3: GDM-Aided Double Deep Deterministic
Policy Gradient Algorithm.

Training Phase:
1: Initialize:
� Actor network Aθ and critic network Qυ with

random weights θ and υ, respectively
� Target networks Aθ′ and Qυ′ with weights θ′ ← θ

and υ′ ← υ
� Replay buffer B

2: Input prompts for K LLM-empowered GAs as shown
in Fig.6

3: for each iteration i = 1, 2, . . . , I do
4: Initialize a random process N for action

exploration
5: Observe the current state s
6: Generate action a according to(7) with s as the

input and exploration noise
7: Execute action a and the distributed GDM-based

AIGC framework, and observe reward r from GAs
according to(27)

8: Store record (s,a, r) in B
9: Sample a random minibatch of N records (s,a, r)

from B
10: Update the critic network(29)
11: Update the actor network(28)
12: Update the target networks:

θ′ ← τθ + (1− τ)θ′

υ′ ← τυ + (1− τ)υ′

13: Return: The trained GDM-based actor network
14: end for
Inference Phase:

1: User upload their prompts and form the state s
2: Generate the optimal communication and computing

resource allocation scheme a by using the trained
GDM-based actor network

3: Return: a

Q1) Is the proposed distributed GDM-based AIGC frame-
work effective, with an emphasis on understanding an
impact of wireless conditions and diffusion steps on its
performance?

Q2) Is the RLLI framework is valid, particularly whether
LLM-empowered GAs can mimic human personalities
to evaluate images accurately?

Q3) Is the G-DDPG with LLMs interaction algorithm is
effective, specifically if it can converge fast and achieve
high sum QoE feedback?

We first present the experimental setting and platform, and
then answer the above questions through numerical evaluations.

A. Experiments Setting

We initiated experiments where LLM-empowered GAs are
tasked with generating prompts for the training and testing of
the distributed GDM-based AIGC framework and the G-DDPG

with LLMs interaction algorithm. Specifically, we considered
an environment with one server and three users, i.e., K = 3.
The GAs were first instructed to generate a set of 50 diverse
objectives such as “dog”, “cat”, and “tree”. Subsequently, these
GAs combined the objectives to formulate prompts, e.g., “dog
under the tree” and “cat on the tree”. These prompts were then
used by the distributed GDM-based AIGC framework and the
G-DDPG algorithm for final image generation. Then, GAs, each
embodying a distinct user personality, provided QoE feedback
on image quality, which was used for further G-DDPG model
training. The experimental platform is built on a generic Ubuntu
20.04 system, powered by an AMD Ryzen Threadripper PRO
3975WX 32-Core CPU, and equipped with three NVIDIA RTX
A5000 GPUs.

B. Experiments Performance Analysis

1) For Q1: Effectiveness of the Distributed GDM-Based
AIGC Framework: The distributed GDM-based AIGC frame-
work optimizes energy usage by allocating denoising steps
among the edge server and user devices while ensuring effective
content generation. For ease of presentation, we consider two
user devices with two different prompts. Specifically, Device
1 has Prompt 1: “A tiger sits in front of a bush” and Device
2 requires Prompt 2: “A dog sits in front of a bush”. The
server executes t0 denoising steps towards Prompt 1, and then
the two devices separately perform t1 and t2 denoising steps,
respectively.

Diverse power allocation strategies result in different BEPs,
which affect the quality of received images. Fig. 8 examines the
impact of varying BEP levels on image quality at Device 1. The
analysis yields two key observations. First, the user-side subse-
quent denoising process can compensate for moderate bit errors,
indicating that the framework tolerates substantial transmission
losses. When the BEP is below 6%, the human-perceived image
quality at Device 1 remains largely unaffected. Second, exces-
sively high BEP degrades the final outcomes because semantic
information in intermediate denoised results deviates due to
bit errors and cannot be corrected in subsequent steps. This
degradation becomes evident when the BEP exceeds 10%, where
noticeable artifacts appear. Additionally, we employed GAs to
simulate users with different personalities and evaluate QoE.
The assessment by GAs are consistent with human perception,
confirming that the framework has a high tolerance for bit errors
within a tolerable threshold.

The insights from Fig. 8 highlight the crucial role of commu-
nications resource allocation. Building on this, Fig. 9 delves into
the computing resource allocation, i.e., the setting of diffusion
steps across network devices, and its impact on our distributed
GDM-based AIGC framework. As shown in Fig. 9, we can
observe that an increased number of denoising steps in the server,
i.e., t0, enhances the “tiger” semantics in the intermediate de-
noised results, influencing Device 2’s final output. For example,
when t0 = 2 and t2 > 4, the generated dog image on Device
2 barely exhibits tiger characteristics. However, if t0 = 3, the
generated dog on Device 2 is free of tiger features only when
t2 > 6. With t0 = 4, the generated dog on Device 2 consis-
tently displays tiger-like traits, such as stripes and coloration.
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Fig. 8. Images generated at Device 1 and corresponding GAs evaluations under varying BEP from 0.5% to 15% within the proposed distributed GDM-based
AIGC framework, considering 4 denoising steps at the edge server and 6 denoising steps at Device 1.

Fig. 9. Images generated at Device 2 and corresponding generative agent evaluations under varying the denoising steps at the Server and Device 2 within a
distributed GDM-based AIGC framework, considering the BEP is 3%.

Additionally, a minimum threshold of computing resources is es-
sential; otherwise, the generated images lack distinctiveness, re-
sulting in poor QoE. Furthermore, we observe that the semantic
fusion of image content has varied effects on users with different
personalities. For cases where t2 = 8 with different t0 settings,
users with high agreeableness might favor a non-threatening
dog. Consequently, the highest QoE is observed when t0 = 2.
Conversely, users with lower agreeableness and higher openness
may favor a dog with tiger-like novelty, yielding the highest QoE
when t0 = 4.

For energy costs, we consider a general example with a typical
smartphone processor in 2-nd user device, e.g., Qualcomm
Snapdragon 870 processor [22]. As shown in Fig. 9, three steps
are reduced in the image generation. If we consider that each step

consumes around 1 to 2 milliwatt-hours (mWh), i.e., a plausible
range for contemporary smartphone CPUs, the removal of three
denoising steps could yield energy savings of 3 to 6 mWh per
execution of the model. Such a reduction would amount to an
approximate 20% to 40% decrease in energy consumption for
each full cycle of the GDM, relative to the original number of
steps. We also observe the balance between QoE requirements
and energy cost. When the total energy budget allows for only
8 denoising steps, no denoising step allocation schemes yield
an image rated above a QoE of 0.8 by any agent. In contrast,
with 12 steps, several allocation schemes result in images rated
above 0.8. This demonstrates that higher energy budgets allow
step distributions capable of meeting higher QoE requirements.
Regarding latency, our distributed architecture ensures minimal
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Fig. 10. (a) The QoE feedback for GAs when they evaluate subfigures A and B of Fig. 9. (b) QoE feedback for five randomly selected users, derived from LLMs
simulating their personalities to rate their own and others’ preferred images. (c) Correlation matrix of QoE feedback. (d) Correlation matrix of personality traits of
five users ([0.65, 0.5, 0.35, 0.75, 0.75], [0.4, 0.8, 0.2, 0.2, 0.8], [0.8, 0.68, 0.56, 0.2, 0.56], [0.8, 0.56, 0.56, 0.68, 0.2], [0.68, 0.56, 0.8, 0.8, 0.2]).

delay. Modern network speeds, such as 5 G and WiFi 6, facilitate
rapid transmission of intermediate latents [57]. For example,
transmitting a typical 0.1 MB latent in our experiments takes
only a few milliseconds, ensuring that the additional network
communication time remains negligible.

2) For Q2: Effectiveness of the RLLI Framework: LLM-
empowered GAs have demonstrated their effectiveness in eval-
uating images, as evidenced in Figs. 8 and 9. It is important to
note that with a fixed random seed in VIT and LLM setting, GAs
can produce the same feedback. Without a fixed seed, a crucial
aspect of generative agent feedback for RL is the stability of
the evaluation aligned with the personality traits setting of the
GAs. As shown in Fig. 10(a), we use two GAs with different
personality settings to evaluate subfigures A and B from Fig. 9
across 200 different random seeds, where the settings of GA1
and GA2 are [0.1, 0.8, 0.7, 0.8, 0.1] and [0.9, 0.2, 0.1, 0.1,
0.5]. We observed that, despite some fluctuations, feedback QoE
values clustered for a particular image, suggesting consistency
with their personality traits settings. Furthermore, feedback for
high-quality images (as in subfigure A) was more stable with
less variability, while lower-quality images resulted in greater
fluctuations in QoE feedback.

To address the concern regarding the consistency of LLM
evaluations with human aesthetic preferences, we conducted
a case study using the PsychoFlickr database [33]. Fig. 10(b)
presents the QoE feedback for five randomly selected users, de-
rived from LLMs simulating their personalities to evaluate both
their own preferred images and those of other users. The results
show that the LLM assigns the highest scores when evaluating
images originally preferred by the users themselves. Fig. 10(c)
and (d) display the correlation matrices of the QoE feedback
and personality traits, respectively. These correlations reveal
that the QoE ratings correspond to the correlation of personality
traits, whether positive or negative. This finding suggests that
the LLM’s ratings align well with human preferences when
personality traits are similar, thereby providing direct evidence
that LLMs can exhibit aesthetic preferences consistent with
different personality traits [58].

3) For Q3: Effectiveness of the G-DDPG With LLMs Interac-
tion Algorithm: In Fig. 11, we present the training convergence
of G-DDPG with LLMs interaction, in comparison with the
DDPG algorithm under the RLLI framework. While the QoE
test curves for both algorithms improve over time, G-DDPG

Fig. 11. Test reward curves of G-DDPG and DDPG [52] with LLMs interac-
tion methods, where K = 3, δ0 = 0.5, δ1 = δ2 = δ3 = 1, E1 = E2 = E3 =
8,Qth = 0.6,β = 0.1,ET = 20, learning rate=10−4,gi ∼Fisher–Snedecor
F distribution with the fading severity parameter is 2 and shadowing amount
parameter is 1.5 [59].

achieves a faster convergence and a higher final sum QoE.
This superior performance is attributed to the robust modeling
capability of the GDM, which facilitates the DDPG algorithm’s
accelerated learning of the environment and convergence [11].
Subsequently, we employed the trained model to generate joint
communication and computing resource allocation schemes for
the case considered in Section V-B1. To obtain more insights,
Figs. 13 and 14 illustrate the QoE feedback from two GAs
across various resource allocation schemes and BEP values.
A consistent observation is that irrespective of computing re-
source allocation, insufficient communications resources lead
to a higher BEP and result in diminished peak QoE values. As
shown in Fig. 13, where both Device 1 and the Server perform
the same prompt, we observe that larger values of t0 and t1,
which corresponds to a larger number of total denoising steps
towards Prompt 1, yield higher QoE feedback from the GA.
However, as shown in Fig. 14, since Device 2 and the Server
execute different prompts, increasing denoising steps at the
Server does not always enhance QoE, as semantic integration
may compromise image quality to some extent. In this case, peak
QoE values are achieved when t0 is moderate, and t2 is sufficient.
We further examine how QoE responds to different allocation
schemes under a fixed energy budget ET. In subfigures with
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Fig. 12. The communication and computing resource allocation scheme in each denoising step of the inference process.

Fig. 13. GA’s QoE feedback at Device 1 under varying BEP from 0.5% to 15% and different denoising steps within the proposed distributed GDM-based AIGC
framework.

Fig. 14. GA’s QoE feedback at Device 2 under varying BEP from 0.5% to 15% and different denoising steps within the proposed distributed GDM-based AIGC
framework.

low BEP (e.g., more energy for communication), QoE is limited
when t0 is small due to insufficient computation. In contrast,
in high-BEP subfigures (e.g., less energy for communication),
QoE also drops at small t0 due to degraded transmission quality.
These variations show that even under the same budget, alloca-
tion schemes significantly affect QoE, underscoring the need for

careful optimization. Furthermore, the red pentagram marks the
joint communication and computing resource allocation scheme
under G-DDPM. As shown in Fig. 12, we obtain t0 = 3, t1 = 5,
t2 = 7, and the transmission power from the Server to Device
1 and Device 2 are 18 and 21 dBW, respectively. This leads
that Device 1’s BEP being 5% and Device 2’s BEP being 3%,
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as shown in Figs. 13 and 14. Besides increased denoising steps,
more communications resources are allocated to Device 2 to
minimize bit error in the interrupted results, thus reducing the
complexity of directional semantic changes in the denoising
process. Consequently, the maximum total QoE is obtained.

VI. CONCLUSION

We have introduced a distributed GDM-based AIGC frame-
work that improves energy efficiency and maximize the subjec-
tive QoE through the proposed IAI method, i.e., RLLI algorithm.
By restructuring the denoising process in GDMs, the framework
reduces the total number of denoising steps by enabling shared
diffusion for semantically similar prompts, thereby conserving
resources while meeting user requirements. The proposed RLLI
algorithm is an interactive AI method, which utilizes LLM-
empowered GAs to provide subjective and real-time QoE feed-
back for AI-based resource allocation model training. Specifi-
cally, the proposed G-DDPG with LLMs interaction algorithm
optimizes communication and computing resource allocation by
accounting for user personalities and dynamic wireless condi-
tions. Simulations demonstrated a substantial improvement in
the sum QoE, up to 15%, compared with conventional DDPG
methods. Future research directions include:
� Caching Mechanism: Investigating a caching mechanism

that stores intermediate denoised results for reuse, allow-
ing the server to return cached outputs when new user
prompts are similar to previous ones. This reduces redun-
dant computation and mitigates the need for immediate
processing of each query. Such a mechanism also relaxes
the requirement for real-time QoE feedback of LLM agents
by decoupling response generation from on-demand model
inference. A central challenge is to balance cache storage
and access strategies against the achievable energy and
latency savings.

� Dataset for GAs: Establishing a dataset through surveys
with natural human users to improve the simulation of user
preferences by LLM-empowered GAs, thereby enhancing
the accuracy of subjective QoE assessments.

� Optimized Computation Reuse via LLMs: Leveraging
LLMs to optimize computational reuse during inference
by clustering semantically similar user prompts and inte-
grating GDM characteristics into the reasoning process.
This strategy can substantially reduce computational over-
head without compromising output quality. Additionally,
developing simulation-based evaluation methodologies is
essential to assess computational efficiency and generation
quality within realistic multi-model collaborative environ-
ments.
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