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Distributed and Controllable Mobile Text-to-Image
Generation With User Preference Guarantee

Yuxin Kong ', Peng Yang

Abstract—In this paper, we investigate controllable mobile text-
to-image generation at scale, considering diverse user preferences.
In particular, we observe that, by incorporating visual conditions
(e.g., Canny maps and depth maps) as supplementary inputs along-
side text prompts, fine-grained and controllable image generation
could be achieved. To this end, we propose a system design for
distributed and controllable mobile text-to-image generation by
leveraging edge computing. This system can satisfy diverse user-
specified quality preferences at reduced transmission cost through
effective cooperation of mobile and edge computing. In particular,
the proposed system consists of a Visual Condition Engineering
module and a Distributed Denoising Control module. Since exten-
sive profiling reveals that different visual conditions affect both
generation quality and sensitivity to image encoding parameters,
the first module selects the optimal configuration of user-specific
visual condition on mobile devices. Key to this module is a Pareto
Frontier-based model which subtly balances user-preferred gener-
ation quality and transmission efficiency. The second module en-
ables collaborative generation by adaptively distributing denoising
tasks between mobile devices and the edge server, according to their
available computing resources. At the core of this module is an
efficient deep reinforcement learning algorithm designed to opti-
mize the dynamic distribution of denoising tasks. By integrating the
deep diffusion model, this algorithm achieves superior action space
exploration capabilities while maintaining fast convergence and
reliable execution, thereby facilitating enhanced adaptability under
variable computing resource scenarios. Extensive experimental
results reveal that, the designed system can achieve a reduction
in transmission cost by over 90% and enhance user satisfaction by
up to 18%, with consistent performance across various diffusion
models under diverse resource constraints.

Index Terms—Text-to-image generation, edge computing, user
preference, distributed systems.

I. INTRODUCTION

ECENT years have witnessed Artificial Intelligence-
Generated Content (AIGC) gaining prominence as a novel
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paradigm for content automation, offering significant advan-
tages in enhancing creativity and enabling user customization on
an unprecedented scale. Notable applications are ChatGPT [1],
which engages users in interactive prompt-based dialogues,
and Stable Diffusion [2], which creates stylistic images from
textual descriptions. Those applications have demonstrated the
immense potential of AIGC technology. As generative contents
continue to evolve, they are poised to play an increasingly
integral role in shaping personalized experiences and offering
solutions that were once impossible in traditional content cre-
ation processes.

However, the superior capabilities of AIGC technologies
are primarily driven by the ever-expanding parameter sizes of
foundation models [3]. For example, the GPT-3 model includes
175 billion parameters, while that of GPT-4 has surpassed one
trillion [4]. Such escalation in model size presents substantial
challenges for efficient operation on resource-constrained mo-
bile devices. With the increasing availability of edge servers
featuring considerable computational resources near mobile
users [5], [6], [7], it has recently become feasible to deliver
AIGC services via mobile edge computing paradigm, i.e., mo-
bile AIGC services [8], [9]. Through the deep integration of
AIGC technologies with mobile edge networks, mobile users
can offload their requests to nearby edge servers, thus facilitating
distributed yet efficient generation.

Existing studies have made notable strides in advancing
mobile AIGC tasks, particularly in text-to-image (T2I) gen-
eration [10], [11], [12]. However, they often disregard user
transmission costs, given that this task involves merely up-
loading text prompts with negligible bandwidth usage. As
users increasingly seek finer control over the spatial structure
of generated images, they tend to provide source images to-
gether with text prompts to achieve a precise image gener-
ation, which significantly raises bandwidth consumption. A
representative approach is utilizing ControlNet [13] for con-
trollable T2I generation, as shown in Fig. 1. It allows im-
ages to be generated based on not only the text prompt but
also the visual conditions, such as Semantic Segmentation
(Seg) maps [14] and Holistically-nested Edge Detection (HED)
maps [15]. Despite offering better controllability, this method
involves uploading source images to the server for extracting
visual conditions, which significantly increases the transmission
overhead. For example, uploading an uncompressed image of
512 % 512 resolution requires up to 768 KB of data volume.
In scenarios where many concurrent users accessing AIGC ser-
vices, the available bandwidth resources allocated to each user
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Fig. 1. Examples of controllable T2I generation by mobile edge computing.

may be further restricted [16], causing significant transmission
costs.

Moreover, considering the diversity of subjective user pref-
erences, it is non-trivial to improve the Quality of Experience
(QoE) for users with controllable T2I generation demands. As
depicted in Fig. 1, using the source image of a house and the
text prompt of Old house in stormy weather with rain, visual
conditions are extracted in the form of Seg map for example (&)
and HED map for example (B), resulting in the corresponding
generated images. While both outputs exhibit high quality, they
prioritize distinct characteristics. Result (&) demonstrates excep-
tional alignment with the text prompt, accurately representing
all specified elements (e.g., stormy weather). In contrast, re-
sult (B) achieves superior perceptual similarity, preserving the
structural integrity of the source image (e.g., the house layout).
This reveals the quality trade-offs inherent in controllable T2I
generation, where user preferences can diverge between empha-
sizing prompt alignment and perceptual similarity. As a result,
it is imperative to determine the appropriate visual condition
catering to varying user preferences. Moreover, considering that
visual conditions serve primarily to offer structural or semantic
guidance for image generation, without the requirement to retain
pixel-level fidelity, compressing them appropriately presents
further opportunities to reduce the transmission overhead.

However, even with well-optimized visual conditions, guar-
anteeing optimal performance for all users in mobile AIGC
scenarios remains challenging. The key issue stems from the
overwhelming computational demands of AIGC tasks from mul-
tiple users, which often outstrip the constrained computational
capacity of the edge server. Moreover, to achieve higher-quality
generation results, increased computational resources are re-
quired. For instance, in the latent diffusion model-based AIGC
services studied in our work, a greater number of denoising
steps generally consumes more computing resources but also
enhances generation quality [17]. Nonetheless, beyond a certain
quality level, further increases in denoising steps contribute only
marginal improvements [ 18]. This highlights the need for careful
management of limited edge computing resources to optimize
the overall generation quality. Moreover, considering that user
devices are increasingly equipped with enhanced computing
resources capable of performing AIGC tasks, these resources
can be effectively leveraged to support extra denoising steps for
performance improvement.

To address the above challenges of high transmission over-
heads, diverse user preferences and limited computational
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resources, in this paper, we introduce an efficient distributed
service system for mobile controllable T2I generation. By en-
abling distributed image generation between mobile devices
and edge server, our system effectively reduces transmission
costs and improves user satisfaction. Specifically, our system
starts with Visual Condition Engineering executed locally on
user devices, determining the most suitable visual condition
type and its compression parameters for each user to minimize
transmission overhead through a Pareto Frontier-based algo-
rithm. Subsequently, the engineered visual condition images,
along with the text prompts, are transmitted to the edge server
for generation. In order to enhance both generation quality
and resource efficiency, we introduce a distributed denoising
strategy. This approach allows the edge server to handle part of
the denoising computation while leaving the rest to the mobile
device, with only the intermediate latent being transmitted.
Therefore, upon receiving all generation requests, the edge
server performs Distributed Denoising Control to optimally
allocate computing resources and make task offloading decisions
for each user through a diffusion-enhanced deep reinforcement
learning algorithm, thereby improving the overall generation
quality. Our main contributions are summarized as follows.

® We introduce a distributed service framework for mo-
bile controllable T2I generation. Our design features up-
link transmission of compressed visual conditions and
downlink transmission of latent information, significantly
reducing communication overhead while maintaining user-
expected generation quality.

e We perform comprehensive profiling of diverse visual
conditions across varying compression settings, analyzing
their quality and communication overhead performances.
Building on these insights, we develop a user-centric VCE
algorithm for Visual Condition Engineering to perform
local optimization of visual condition configurations.

e We present a collaborative denoising strategy that orches-
trates the T2I generation process between mobile users and
the edge server. Central to this strategy is the Distributed
Denoising Control (DDC) algorithm, which integrates
deep diffusion models with deep reinforcement learning
(DRL) to dynamically optimize denoising steps and task
offloading ratios for each mobile user.

e We evaluate the proposed system through extensive ex-
perimentation. The results demonstrate that our solution
achieves a reduction in transmission overhead by over 90%
and satisfies up to 18% more user requests.

The remainder of the paper is organized as follows. We
first present related works in Section II. Section III presents
experiments that motivate our work. Section IV elaborates on
our system model and problem formulation. Section V describes
the details of our algorithm design. Section VI demonstrates our
extensive evaluation results. Finally, we conclude our work in
Section VII.

II. RELATED WORK

In this section, related work on mobile AIGC services and
controllable text-to-image generation is presented.
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A. Mobile AIGC Services

Recent studies have delved into the potential power of mobile
AIGC services, with the goal of swift service delivery and
improved user experiences. Liu et al. [19] introduced an efficient
context-loading module that compresses key and value tensors
at various levels, aimed at optimizing both overall latency and
generation quality in large language model serving systems.
Du et al. [20] proposed a distributed AIGC framework based on
generative diffusion models. This approach allows semantically
similar prompts from different users to share the same diffu-
sion steps, thereby enhancing QoE performance and reducing
resource consumption. Furthermore, Liu et al. [12] introduced
semantic communications in mobile AIGC to circumvent down-
link bandwidth constraints through attention-aware semantic
extraction, encoding and prompt engineering. While prior re-
search has established a strong foundation for mobile AIGC
services, the exploration of end-edge collaborative solutions for
both efficient communication and computation remains limited.

B. Controllable T21 Generation

In order to offer users more refined control over the spatial
composition of generated images, Zhang et al. [13] introduced
ControlNet, an efficient controllable T2I generation framework.
This approach allows generative models to produce images that
are guided not only by textual prompts but also by user-specified
conditioning images. Then ControlNet-XS [21] is introduced to
deliver superior performance with significantly smaller model
parameters, making it a promising solution for resource-limited
end devices. Some recent works have integrated such techniques
into mobile AIGC services. Liu et al. [22] employed the con-
trolled T2I generation as the generative encoder and decoder for
semantic communications, further revealing how variations in
input information extraction can impact the generation results.
Although controlled T2I generation allows for more precise
and interactive content creation, efficiently extracting and trans-
mitting the conditioning image for generating user-preferred
content still presents a challenge in mobile computing scenarios.

III. MOTIVATION

In this section, we present the experimental results and anal-
ysis that motivate our work.

A. Impact of Visual Conditions

We begin with the four most commonly used visual condi-
tions: Canny map [23], HED map [15], Depth map [24], and
Seg map [14]. In order to explore how different visual conditions
influence generation quality, we first extract the above four visual
conditions for each image in the DreamBooth dataset [25]. Next,
we employ Stable Diffusion v1.5! with ControlNet v1.1 [13] to
conduct controllable T2I generations for each prompt-condition
pair from the dataset.

In the controllable T2I generations, the perceptual similar-
ity and prompt alignment of the generated images are often

Thttps://huggingface.co/runwayml/stable-diffusion-v1-5
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Fig. 2.  Average generation scores under different visual conditions.

complementary. Perceptual similarity ensures that the generated
image closely resembles the reference in terms of textures,
shapes, colors, and other visual details, which is critical for
maintaining the visual consistency of the output. On the other
hand, prompt alignment evaluates whether the generated image
accurately reflects the meaning of the input context, ensuring the
generated content conveys the correct message. Relying solely
on perceptual similarity may result in semantic deviations, while
focusing only on prompt alignment could lead to a decline in
image similarity. Therefore, a comprehensive evaluation from
both aspects is necessary.

For perceptual similarity evaluation, the DreamSim (DS) [26]
metric is employed. This approach effectively connects low-
level metrics with high-level measures, resulting in improved
alignment with human similarity perception. Additionally, we
utilize ImageReward (IR) [27] to evaluate prompt alignment.
As the first general-purpose human preference reward model
for text-to-image synthesis, IR is particularly effective in un-
derstanding human preferences. Compared to other alternative
metrics, both the adopted two not only exhibit stronger align-
ment with human judgments in recent studies, but also provide
more robust and consistent measurements across diverse visual
conditions and inference settings. In our work, both metrics
are normalized to ensure a fair evaluation. After normalization,
higher values for both DS Score and IR Score indicate better
quality in the generated images.

The average quality score results for both metrics under
different visual conditions are illustrated in Fig. 2. It can be
observed that, the Canny and HED maps attain greater perceptual
similarity, although with reduced prompt alignment. Conversely,
the Depth and Seg map show enhanced prompt alignment but
suffer from lower perceptual similarity. The rationale is that
both the Canny and HED algorithms are designed to focus on
the edge detection and gradient information, thus enhancing the
visual structure and similarity of generated images. In contrast,
Depth and Seg maps prioritize the semantic aspects of an image
by providing information about object boundaries and spatial
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relationships. This facilitates better prompt alignment, provid-
ing models with greater flexibility to create images that align
more closely with the intended contexts. Given that different
users display distinct preferences in generation, it is crucial to
identify the suitable visual conditions to enhance the generation
quality.

Furthermore, although the data size of visual condition is
smaller than that of the corresponding raw image, it is still
much larger compared to text prompts. Therefore, we continue to
investigate the potential of compressing visual condition images.
Specifically, we focus on changing the resolution level and
quality level (i.e., quantization level) of the condition image. As
shown in Fig. 3, we explore a generation example with a source
image of toy astronauts and the prompt of Astronauts in a jungle.
We first extract the Canny map and Depth map from the source
image as the visual conditions. These visual conditions are then
compressed at various resolution and quality levels, resulting
in 16 different compressed visual conditions. Based on these
compressed conditions, we then generate images respectively
and compare their quality.

For images generated with Canny maps, it can be observed
that those compressed at the 0.25 resolution level show a marked
diminishment of the astronauts, irrespective of the quality level
applied. This indicates that compressing the Canny map to a low
resolution level results in an unacceptable qualtiy. In contrast,
images generated with Depth maps at 0.25 and 0.5 quality levels
exhibit noticeable blockiness in the objects, regardless of the
resolution level applied. This suggests that when the Depth map
is compressed at a low quality level, performance suffers greatly.
Therefore, to minimize the transmission cost of visual conditions
without compromising final generation quality, it is essential to
implement suitable compression strategies tailored to various
visual conditions.

B. Impact of Denoising Steps

In this subsection, we further explore how visual condi-
tions under various compression settings, can take advantage of

An example of generation results with different compressed visual conditions.

3715
________________________________________ ,
1
1
1
Prompt: 1
1
Astronauts 1
SR 1
in a jungle. )
1
1
1
1
1
1
1
1
1
1
1
1
1
Depth Map 1
1
1
1
N .
o - !
1
Compressed :
Depth Maps 1
________________________________________ a
Improvement by 20 denoising steps 5 denoising steps
0.8 0.8
0.7 0.7
£ @
S
S 06 § 0.6
a -
0.5 0.5
0.4 0.4
20% 40% 60% 80% 20% 40% 60% 80%

Compression Ratio Compression Ratio

Fig. 4. Generation quality improvement from 5 to 20 denoising steps under
different compression configurations for Canny map as visual condition.

additional denoising steps. Without loss of generality, we take
the visual condition of Canny map as an example to conduct
the following experiment. The Canny maps for all images
in the DreamBooth dataset are extracted and compressed at ratios
of 20%, 40%, 60%, and 80%. Then, images are generated under
these compressed visual conditions using two denoising step
configurations: one with 5 steps and the other with 20 steps. This
setting allows us to evaluate the potential enhancement brought
by the additional 15 denoising steps across different levels of
compression.

As illustrated in Fig. 4, there are two key observations. First,
increasing the compression ratio of visual conditions leads to
more pronounced quality degradation in generated images. For
example, arise in the Canny map compression ratio from 20% to
80% at 20 denoising steps results in a significant 12% drop in the
DS Score and a 10% drop in the IR Score. Consequently, deter-
mining the optimal compression settings is critical for striking a
balance between the transmission cost of visual conditions and
the quality of the generated output. Second, a greater number
of denoising steps is critical to improve the overall generation
quality, particularly for visual conditions with higher compres-
sion ratios, which exhibit amplified gains in both metrics. To
illustrate, a 20% compression of the Canny map leads to an 12%
IR Score improvement, while an 80% compression enhances the
improvement to 19%. With each additional step, the model is
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better able to recreate the missing details, enhancing the overall
image quality. Consequently, under highly compressed visual
conditions, more denoising steps are crucial for achieving better
results.

In summary, the interplay between different visual condition
configurations and denoising steps both significantly affect the
generation quality. Therefore, carefully configuring them is key
to optimizing generation experiences for all users.

IV. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we illustrate our system for distributed con-
trollable T2I generation services.

A. System Overview

As shown in Fig. 5, we consider a mobile controllable T2I
generation service system consisting of one edge server and
K users, where each user expects high-quality image output
that satisfies their distinct requirements. For example, User 1
requests an image generation using both a source image of a
dog and the prompt of A dog surrounded by sunflowers. In
addition, this user wants the generated image to preserve more
perceptual similarity. Meanwhile, User K requests generating
an image from a source image of a house with the prompt
of Old house in stormy weather with rain. In contrast, this
user prioritizes a stronger alignment between the final result
and the prompt. To address the unique demands of different
users, we introduce a Visual Condition Engineering module
that operates on the local device of each user. This module
is responsible for selecting the most appropriate visual con-
dition type and its compression configurations tailored to the

Latents
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preferences of users. As a result, transmission cost can be sig-
nificantly reduced without compromising the generated-image
quality.

To proceed, the prompts and compressed visual conditions
are sent to the edge server. Once the edge server receives all
generation requests, our proposed Distributed Denoising Con-
trol module utilizes a well-trained DRL agent enhanced by a
diffusion model to optimally decide the denoising steps and
offloading ratios for each user. Users with higher computing
capacity, for instance, User 1, have part of the denoising process
performed at the edge server, and the intermediate latents are
returned to the device to perform remaining steps at local. For
users with limited computing resources, for instance, User K,
the entire denoising process takes place on the edge server, and
only the final generated image is sent back. This strategy can
strike a good balance between maximizing overall image quality
and reducing the overall latency of the generation process for
mobile users with diverse level of computing capacity.

B. Visual Condition Engineering

Traditional mobile AIGC services necessitate the upload of
source image 7 to the edge server for visual condition ex-
traction, which consumes considerable bandwidth resources. To
overcome this challenge, we propose extracting visual condi-
tions locally at the user device for three main reasons. First,
recent advances have introduced many lightweight yet accurate
methods for extracting visual conditions [28], [29], making it
feasible to perform fast and reliable extraction on resource-
constrained devices. Second, the extracted visual conditions
are generally much smaller in size than original images, as
they only emphasize critical information rather than retaining
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all pixel-level details. Third, as shown in Fig. 3, compressing
the visual conditions appropriately presents an opportunity to
further mitigate the transmission costs while maintaining the
quality of the generated images. Therefore, we conduct Visual
Condition Engineering locally on user devices.

As discussed in Section III-A, both the perceptual similarity
and prompt alignment are key criterions for evaluating the
generation quality in controllable T2I generation tasks. Let
qlk denote the perceptual similarity score and qg denote the
prompt alignment score of the generated image for user k.
Accordingly, the generation quality vector for user % is defined
as qg = (q}c, qE)T. Given that different users prioritize differ-
ent aspects of generation results, integrating their preferences
into the quality evaluation is crucial. To this end, we define
wi = (w},wy) as the preference vector for user k, where w}, and
wg correspond to the user preference for perceptual similarity
and prompt alignment, respectively, subject to the constraint that
w}, + wi = 1. Therefore, we define the generated-image quality
Q). for user k as

Q) = Wkqy = wWia), + Wi G4 , (1)

which is a weighted sum of both scores.

While certain visual conditions emphasize perceptual simi-
larity and others are better aligned with text prompts, choosing
the right one is vital for enhancing the generation quality Qj.
Besides, since visual conditions primarily provide semantic
and structural guidance, moderate compression can significantly
reduce transmission costs while preserving essential details and
maintaining generation quality. To this end, for user &, we con-
duct the Visual Condition Engineering to dynamically select the
most suitable visual condition type, A, along with the appropri-
ate resolution level, «, and quality level, 5, for compression.
We denote all the selected visual condition configurations for
user k as a vector v, = (Mg, g, O) and the engineered visual
condition as Zy (vg).

The process of Visual Condition Engineering involves four
key sequential steps on the user device. First, we apply our
proposed VCE algorithm to select the optimal visual condition
configurations vy. Second, we proceed to extract visual con-
ditions based on the derived type result Ay. For the latency of
extracting visual condition, it depends only on the computing
capacities of users as each visual condition can be extracted
through multiple lightweight methods with comparable laten-
cies. Third, once extraction is completed, we compress the
extracted visual condition image under the compression con-
figuration (ay, Bx) to further reduce the transmitted data size.
The compression latency is also excluded due to its considerably
faster operation compared to other stages. Finally, upon finishing
the compression process, each user sends the prompt along
with the engineered visual condition Zj (vy,) to the edge server
for image generation under current available uplink bandwidth
resource B'. As the data size of text prompt is much smaller than
that of the engineered visual condition, its transmission latency
is oftentimes considered to be negligible [30]. In summary, the
total latency for Visual Condition Engineering process L, can
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be formulated as

D(Zx(vk))
e @
where fj, quantifies the device computing capacities of user k
in the floating point operation per second (FLOPS), LY (f)
represents the extraction latency determined by f, and D(-)
refers to the function for calculating the data size.

L}, = LY(fx) +

C. Distributed Denoising Control

When the edge server receives generation requests from mul-
tiple users, it proceeds to the generation stage. Without loss
of generality, the most widely used T2I model, latent diffusion
model [17], is employed for generation. As images are generated
primarily through a gradual reversal of the diffusion process, the
quality of the resulting images is highly dependent on the number
of denoising steps, denoted as T'. Specifically, the denoising
stage is initiated with a randomly generated Gaussian noise
z7 in the latent space. It is then iteratively refined through 7'
denoising steps, guided by the user-specified conditions z.,
which include the encoded latent information of both the text
prompt and the engineered visual condition. Thus, according
to [17], the denoising process can be mathematically expressed
as

pQ(zt—l |zt) = N(zt—l; )U’Q(zh ta zC)7 Ea(zta t7 ZC))a (3)

which describes the conditional probability of obtaining the next
denoised latent variable z,_; given the noisy latent variable z; at
current step t. Here, 0 represents the well-trained parameters of
UNet-based noise predictor. AV{(+) indicates that z; 1 is drawn
from a Gaussian distribution, characterized by its mean s (-)
and variance ¥y (-). By iteratively applying the denoising process
outlined in (3), the model transforms a fully noisy latent variable
z7 into a clean latent representation z of the required image.
Then, a high-quality image x( in the human-perceivable pixel
space can be generated through a variational autoencoder (VAE)
decoder.

Although more denoising steps can enhance output quality,
they also lead to higher demands for computing resources, as
each step requires the execution of the heavy U-Net to remove
Gaussian noise [31]. Edge servers possess significantly greater
computing resources than typical end devices, yet they remain
resource-constrained compared to cloud servers [32], [33], [34].
Consequently, the denoising steps assigned to each user 7}, are
limited, making it challenging to guarantee the optimal genera-
tion quality and latency for all the users. Given the diverse quality
expectations Qj, and latency requirements £ of users, careful
selection of denoising steps is necessary to optimize overall
performances. Furthermore, as demonstrated in Fig. 4, different
visual condition configurations demonstrate distinct potentials
in quality improvement, providing additional opportunities for
optimizing step selection strategies.

Considering that certain off-the-shelf mobile devices can
handle compute-intensive denoising locally, edge resources
can be reserved for less capable users, thereby boosting over-
all performance. Consequently, we propose a Distributed De-
noising approach to accomplish image generation through the
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cooperation of edge server and end devices. Specifically, for
user k with T}, denoising step requirements, we introduce an
offloading ratio o;, € (0, 1] to represent the proportion of de-
noising steps that should be offloaded to the edge server for
processing. When the local computing resources are abundant,
users can manage part of the denoising tasks on their own
devices, leading to a low offloading ratio. On the other hand,
users with limited computing resources or those unable to deploy
the AIGC models, rely heavily on the edge server to complete
generations, thus resulting in a higher oy.

During the Distributed Denoising process, the first |ogTy]
denoising steps are conducted on the edge server for each user,
where |-]indicates the rounding operation. Therefore, the edge
denoising process can be represented as

3,

If the task is not fully offloaded to the edge server (i.e., oy # 1),
the intermediate output latent z¥(|0,T})]) generated at the
|ox T} ] step will be transmitted to the corresponding user device
for subsequent denoising process. Due to the lower dimension-
ality of the latent space, the transmission cost is much lower than
transmitting the full image pixel data. After the user receives the
intermediate latent 2¥ (|0, T} ), it continues the local denoising
process, represented as

0<t< 0Tkl 4)

3), |owTk] <t < Tj. (5)

The above cooperative denoising process can yield the clean
latent representation z§ of the resulting image, after which the
VAE decoder on the user device transforms this latent into pixel
space as the final image x%. In this case, the total distributed
denoising latency consists of edge denoising latency, latent
transmission latency and local denoising latency. Given that each
step of the denoising process performs identical architectural and
computational operations, the required computational resources
grow almost linearly with the number of denoising steps [35].
Therefore, the total distributed denoising latency L'i can be
formulated as

eoloxTr] | D(zF(lorTk])) | €0l (1 — op)Ti]
fe B fr 7

if og # 1, ©6)

3=

where €( denotes the required floating point operations (FLOPs)
for computing a single step of denoising process. Additionally,
fr denotes the computing capacities of the edge server in FLOPS
and B* is the current available downlink bandwidth resources.
We ignore the latency introduced by our algorithm and the
execution of other model components (e.g., the VAE decoder),
as they contribute insignificantly to the overall latency compared
to other processes [36].

In cases the generation task is fully offloaded to the edge
server (i.e., o = 1), it will handle all the denoising steps, with
only (4) being executed. The final generated image at the pixel
space mlg is then transmitted back to user k. In this scenario,
the distributed denoising latency £ consists of only the edge
denoising latency and the generated-image transmission latency.
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Thus, ﬁi can be simplified as

£2: EOTk D((Eé)
Pk Bt

if op, = 1. (7)

In summary, the total AIGC service latency for user k in our
system is denoted as £, = L} + L3.

D. Problem Formulation

Our objective is to maximize the total generation quality
across all users, while adhering to the limitations imposed by
available computing resources, quality requirements, and la-
tency constraints. To this end, we first define a utility function
U, to indicate the utility score for each user as

Uy = Qi(wi, Vi, Tie) — nLx(fr Vi, Tk, 0k)s (8

where 7 represents the weight constant for normalization. To
maximize the overall utility scores, our system necessitates a
meticulous joint selection of the visual condition configurations
vy, denoising steps T}, and offloading ratios oy, for all users.
This problem can be mathematically formulated as

Py : max Z Uy &)
{v,T.0} keK
st. A EMar €, BrLeB, VkeEK, (10)
or € (0,1], Vk €K, (11)
g0 ) loTi] < Ce, VEkEK, (12)
ke K
col(I —op)Ti] < Cr, VkeK, (13)
Q). < Op(wi,vi, T), VkeK, (14)
Li(frovi, Ti,on) < L, Vk € K, (15)

where (10) and (11) ensure the visual condition configuration
parameters and offloading ratios remain within the selectable
ranges. (12) and (13) limit the computing resource consumption
on the edge server and user device within the time slot, bounded
by Cg and CY, respectively. Moreover, (14) ensures the QoE
threshold of each user is satisfied, and (15) guarantees the total
service latency is within the permissible threshold.

The problem P includes discrete variables v/, integer vari-
ables T}, and continuous variables o, with nonlinear constraints.
A brute-force way to solve this problem is computationally
intensive, as it entails an extensive search across both large
discrete and continuous domains. To tackle this challenge, we
propose a problem decomposition strategy, which divide the
original problem Py into two sub-problems. This strategy is
driven by the necessity to handle the heterogeneous decision-
making processes: visual condition configurations v need to
be decided locally on each user device, whereas denoising steps
T}, and offloading ratios o must be optimized collaboratively
for multiple users at the edge.
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for the visual condition of Canny map. As the latency L}g is linear to the data
size of compressed visual condition for a given mobile user, the Pareto Frontier
for Score-Latency and Score-Data Size is equivalent.

V. ALGORITHM DESIGN

In this section, we elaborate on the two proposed algorithms
designed to address the above sub-problems respectively.

A. Visual Condition Engineering Algorithm

The first sub-problem aims at determining the optimal visual
condition configurations v for each user. By treating the de-
noising steps 7}, and offloading ratio oy, as fixed parameters, we
only focus on the impact of visual condition configurations vy,
on the generation quality and latency. Hence, the sub-problem
can be formulated as

Py:max Y Up(Ty =T, o0, =0) (16)
L e
s.t. (10, (14), (15). (17)

Although with a fully discrete feasible region and relaxed con-
straints, the search space of P; remains large due to the numer-
ous possible combinations of visual condition configurations
across multiple users. Considering the utility of each user is
based only on their own configuration with no interdependen-
cies with others, we aim to develop a configuration selection
algorithm that maximizes the utility for each user.

For each visual condition, we first establish profiles that
relate both the DS Score and IR Score to latency £' under
all compression configurations. Then we identify the Pareto
Frontier for each profile. The Pareto Frontier means the set
of configurations v in the Pareto-optimal set P*, where no
alternative configuration & can achieve lower latency while
providing higher quality. Formally, " is defined as

P={veV:{peV: 0@ > 9W),
L(D) < L(v)} =2}

Thus, the configurations in the Pareto Frontier reliably guarantee
a balance between quality and latency, where higher quality can
only be achieved at the expense of increased latency. Examples
of DS Score-Latency Pareto Frontier 7. and IR Score-Latency
Pareto Frontier P)\T for the Canny map visual condition (i.e., A =
Canny) are presented in Fig. 6.

Based on the profiled Pareto Frontiers, we develop the Vi-
sual Condition Engineering (VCE) algorithm, whose overall

(18)
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Algorithm 1: The VCE Algorithm.

Input: wy, Oy, P.
Output: v;, = (A}, o), Bi]
1 if w,IC > w;f then
2 | A< [CANNY, HED], Pj « Pj
3 else
4 | X<« [DEPTH, SEG], P} « Py

5 for \p € XA do
6 L Vi Uiy & getBestConfig(\, Ok, P5)

* *
7 v, < argmax U
BN
8 return v;,

pipeline is presented in Algorithm 1. We first determine the
set of potential visual conditions based on user preferences
wg.- As indicated in Section III-A, for users prioritizing per-
ceptual similarity, Canny and HED maps are selected, with
Pi serves as the candidate set for compression configuration
exploration. Otherwise, Depth and Seg maps are preferred,
leveraging P} as the candidate set. Then we employ Algorithm 2
(i.e., getBestConfig function) to identify the optimal
compression configurations for each candidate visual condition
and evaluate their utility scores, selecting the configuration with
the highest score as the final choice.

Although the configurations within the Pareto Frontier pro-
vide a favorable trade-off between quality and latency, iden-
tifying the optimal configuration remains non-trivial due to
the extensive search space. Therefore, there is a need for an
algorithm capable of rapidly and precisely selecting the ideal
compression configuration from the Pareto-optimal set, i.e.,
realizing the getBestConfig function.

In particular, we delve deeper into the interplay between
resolution level, quality level, and generation quality across a
range of visual conditions through profiling. As shown in Fig. 7,
we observe that generation quality reacts more significantly to
resolution level changes when the Canny map is compressed,
but with Depth map compression, the performance is more
affected by quality level adjustments. These numerical results
align precisely with the visible outcomes illustrated in Fig. 3. In
terms of the HED map and Seg map, similar trends are observed,
where a moderate compression configuration allows each to
reach a satisfactory performance. Based on the profiling results,
we propose Algorithm 2 for efficient compression configuration
selection according to the visual condition A, and corresponding
Pareto Frontier P;.

Initially, we sort the Pareto-optimal set P; in ascending
order first by resolution level and then by quality level.
Subsequently, we iterate over P;, updating the compression
configurations based on the given type of visual condition. When
using Canny map as the visual condition, we first focus on en-
hancing the resolution level to achieve substantial quality gains.
Once the highest resolution is reached, we then shift to enhanc-
ing the quality level (Lines 6-8). Conversely, for the Depth map,
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Fig. 7. The relationship among resolution level, quality level and generation
quality across different types of visual conditions. Since DS Score and IR Score
demonstrate comparable patterns under different configurations, we present only
one type of score result per visual condition as an example.

we prioritize enhancing the quality level first and only adjust
the resolution once quality has reached its maximum (Lines
9-11). For the remaining two types of visual conditions, we
adjust both parameters concurrently to achieve the satisfactory
quality level as quickly as possible (Lines 12-13). The search
process concludes only upon meeting both the specified qual-
ity requirements and latency thresholds. Finally, the resulting
compression configurations along with the corresponding util-
ity score are returned to Algorithm 1, with the configuration
yielding the highest score selected as the final output. Following
this searching paradigm, we can promptly obtain the accurate
configuration results.

Although only four typical visual conditions are presented in
this paper, the designed system can be easily extended to new
visual conditions by profiling their quality-latency trade-offs.
Since the VCE algorithm relies on profiling-based Pareto selec-
tion and pattern-aware configuration, newly profiled conditions
can be integrated without structural changes.

B. Distributed Denoising Control Algorithm

In this subsection, we introduce the proposed algorithm for
Distributed Denoising Control. With the optimal visual condi-
tions v/}, derived from Algorithm 1, our next objective is to select
the optimal denoising steps 7}, and offloading ratio oy, for all the
users, which can be formulated as

P, : max Z U (v =173,) (19)
{50} keK
st (11) — (15). (20)
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Algorithm 2: Compression Configuration Selection.

1 Function getBestConfig (), @k, P

2 Sort P; first by « then by 3 in ascending order
3 Vi =M, 0, Bi] < initialization

a | for v, € P} do

5 switch A\ do
6
7
8

case Canny do

a,";eaz if o) < o,

B < By, if af = o™
9 case Depth do
10 B < By it B < B,
1 aj «— ay, if B = B2
12 otherwise do
13 La,";ea;ﬂ;eﬂ,g
14 U,;L\, Qi Lia < getUt:;.lity(uz’A)
15 if 9, < Q7 \ and L} , < L then break
16 return v\, Uy

Despite the intricate coupling among variables is alleviated
by the obatined v}, the nonlinear characteristics of complex
objectives and constrains remains, hindering conventional op-
timization methods from efficiently achieving optimal results.
Therefore, we propose applying the DRL techniques to solve
problem Ps, leveraging their advanced ability to effectively
manage complex constraints while formulating adaptive poli-
cies. With the remarkable analytical abilities, multiple models
have been validated as effective components for augmenting
the problem-solving capacity of DRL architectures, such as
Generative Adversarial Networks [37], VAEs [38], Transform-
ers [39], and deep diffusion models [11]. Therefore, we propose
enhancing the policy network 7, (als) within our DRL frame-
work by incorporating a deep diffusion model for generating
distributed denoising control schemes. Specifically, the policy
network 7, (a|s) serves as a denoiser, gradually transforming
the initial random Gaussian noise ar into the optimal actions
ag, which can be expressed as

ms(als) = py(aor|s)
T
= Mar;0.1) [[ ps(ar-1las,s), @D
t=1

where pg(a;_1la;, s), defined in (3), denotes the progressive
denoising process of 1" steps to refine the action. Through this
integration, our algorithm effectively supports the DRL agent
to capture the dependencies between state and action spaces,
facilitating a more efficient learning process [40].

Beyond its generative capability, this diffusion-based pol-
icy structure fundamentally enhances the convergence of the
mapping from parameters ¢ to the action distribution 7, (als).
In standard actor-critic methods, deep neural network policies
often exhibit high sensitivity to parameter updates, leading to
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large Lipschitz constants L, for the policy gradient V J(¢),
which forces the use of small learning rates and slows con-
vergence [41]. In contrast, our approach reformulates action
generation as a T-step denoising process as denoted in (21),
where each transition py(a;—1]a,, s) is a Gaussian distribution
modeled by a parameter-shared U-Net. This decomposes the
policy into 7" locally smooth mappings, each exhibiting reduced
sensitivity to changes in ¢. Under mild regularity assumptions,
the overall Lipschitz constant of the diffusion-enhanced policy
gradient satisfies:

Lyt < €7 Ly, (22)

where ¢ < 1 is the per-step contraction factor from denoising
process. Thus, the maximum stable learning rate scales as

Thmax = @ <1 _ ’7) [0 0(T2)7

2
Lg,diff

(23)

implying a theoretical advantage over standard policies. In sum-
mary, this improved policy induces an exponential contraction
effect that reduces the overall Lipschitz constant by a factor of
¢T. This reduction allows for larger stable learning rates that
scale as O(T?), thereby accelerating convergence.

Next, we demonstrate the key elements of our proposed
algorithm, characterized by the following definitions of state
space s, action space a, and reward function 7.

e State: The state space encompasses the key factors influ-
encing decisions during each time slot. For the generation
tasks of K users, these factors include input visual condi-
tion configurations, QoE and latency requirements, and the
available computing resources on both the edge and user
sides, expressed as:

s = {{V;Fm élﬂ Ck}le,Z, CE}

e Action: The action space incorporates decisions on both the
denoising step and offloading ratio for each user, leading
to a hybrid action space, represented as

a={{Th, o }i1 ;-

To handle the discrete nature of T}, we leverage the
Gumbel-Softmax method [42], which generates a prob-
ability distribution over its potential discrete values, effec-
tively converting 7} into a continuous representation. This
transformation ensures compatibility with gradient-based
continuous optimization frameworks.

® Reward: The reward is formulated to align with the primary
goal of maximizing the overall utility ), _ - Uj.. Besides,
to address constraint violations, negative rewards are used
as penalty terms. Therefore, given the state s, the reward r
of taking action a is defined as

r= Z U, — 01 max (O,eo Z lox Tk — C’E>

keK keK

(24)

(25)

— 8y Y max(0,0[ (1 — 0x)Ti] — Ci)

keK
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Algorithm 3: The DDC Algorithm.

1 Initialize: Actor network 7y, critic networks )y, and
Quy,, target networks @, <« Qy, and Q;;, < Qy,, and
experience replay buffer £.

for episode = 1 to MAX_EPISODE do

3 Observe the initial state s and initialize a random

Gaussian noise ar ~ N(0,1)

4 for time step = 1 to MAX_STEP do

5 Generate action a via the denoising process

defined in Eq. (21), conditioned on state s and

exploration noise

6 Execute the distributed denoising process with

action ayg, then calculate the reward r by

Eq. (26) and observe next state s’

[

7 Store transition (s, ag,r, s’) in replay buffer £
8 Sample a random batch of records &, from &

9 Update critic networks @y, , Q, by Eq. (28)

10 Update actor network 7y by Eq. (27)

1 Update target networks @y, , @7, by Eq. (30)

12 return Optimized policy 7*

— 03 Z max(0, O — Q)

keK

— 64 Z max(O, ['k: — Z),

keK

(26)

where §; are coefficients for these penalties respectively.
The above penalties terms exists only when the constraints
are violated, facilitating the policy to satisfy the constraints
while striving to maximize the overall utility.

To solve problem P with continuous action spaces, we opt for
the Soft Actor-Critic (SAC) architecture, as it effectively max-
imizes both the cumulative reward expectation and the entropy
of the policy, promoting exploratory behavior and increasing
the robustness of the learning process. The architecture of SAC
algorithm comprises five key neural networks: an actor network
7y (als), which generates an action distribution based on the
given state s; two critic networks Q. (s, a) and Qq, (s, a),
responsible for estimating the state-action value; and two target
critic networks Qy (s, a) and Qy (s, @), designed to stabilize
the training process. As the primary goal of the SAC algorithm
is to strike a balance between exploration and exploitation by
maximizing both the reward and the entropy, the actor network
me(als) is optimized by minimizing the following objective:

«.771- == ESND,QNW 5 log 7r¢(a|s) - ;2%112 Qd)j (Sa a’) ) (27)

where the parameter £ regulates the balance between entropy-
driven exploration and reward-focused exploitation. While the
actor network focuses on improving the policy, the critic net-
works play a pivotal role in grounding these improvements in
precise value predictions. As such, the critic networks Q. (s, @)
and Qy, (s, @) are trained to minimize the temporal difference
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error, with the loss function as

2

Ja = Esansrn|(Quls,a) =y, @8)
where (s, a, r, s") represents samples drawn from the experience
replay buffer D, and i/ is the target value, defined as:

Y =7+ (min Qu, (@) — logmy(als).  (29)
Here, the minimum output between two critic networks is chosen
in order to alleviate the issue of overestimation during training
process and ~y is the discount factor.

With the defined training objectives for both the actor and
critic networks, the network parameters are then optimized
by gradient-based methods. Subsequently, to ensure stability
during training, the target networks QQy; (s,a) and Qy (s, a)
are slowly updated using a soft update formula:

Uy i+ (L= 1)y, g e {12},

where 7 denotes the update rate of the target network.

The training details of the proposed DDC algorithm for
Distributed Denoising Control process is summarized in Algo-
rithm 3. For each episode, the process starts with the observation
of the initial state s and a random generated Gaussian noise ar
for exploration. At each step, an action a is generated through
the denoising process of the deep diffusion model, according
to the current state and exploration noise. The action then is
executed in the system, producing a reward r and a new state s'.
This transition tuple is stored in the experience replay buffer &,
and a random batch of experiences &, is sampled for updates.
Subsequently, the critic networks are updated by minimizing
the temporal difference error, the actor network is optimized
to maximize reward and entropy, and the target networks are
updated softly to stabilize learning. This iterative process con-
tinues over multiple episodes, resulting in an optimized policy
7* for distributed denoising control decisions. Importantly, by
integrating the diffusion model into the SAC framework, the ac-
tion generation process benefits from enhanced smoothness and
flexibility, leading to more stable policy updates and improved
exploration-exploitation trade-offs during training. During the
inference phase, the well-trained policy 7* is employed to
generate actions directly based on the observed state, enabling
efficient and adaptive distributed denoising control decisions in
our system.

(30)

VI. PERFORMANCE EVALUATION
A. Experimental Settings

1) Implementation: We consider an edge server providing
AIGC services for five users, i.e., K = 5. The edge server is
equipped with an NVIDIA GeForce RTX 3080Ti GPU, featur-
ing 12GB of memory and delivering 34.1 TFLOPS of FP16
(half-precision floating point) computational performance. To
simulate multiple mobile users with different computing capac-
ities, we use a platform of an Nvidia AGX Orin with 64GB of
memory and provides 10.6 TFLOPS of FP16 performance. Be-
sides, Stable Diffusion v1.5 and ControlNet v1.1 models [13] are
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TABLE I
SUMMARY OF IMPORTANT EXPERIMENTAL PARAMETERS

Symbol | Description Value
A Visual condition set {CANNY, HED, DEPTH, SEG}
o Resolution level set {0.125, 0.25, ..., 0.875, 1.0}
B Quality level set {0.2, 0.3, ..., 0.9, 1.0}
fE Edge computing capacity €0/0.11 FLOPS
Computing capacities of
Fi five Eser dgeviceps {%0’ %’ %’ 3’ %}fE

60so FLOPs

101 01 1 1
{%’ E! g! Es E}CE

Cg Edge resource budget
Computing resource bud-
get on five user devices

O QoE threshold [0.6, 0.8]

L Latency threshold 10 s

d; Reward weighting factors {0.15, 0.15, 0.6, 0.1}
BT, BY | Bandwidth condition [5. 20] Mbps

utilized for controllable text-to-image generation. The important
experimental parameters are summarized in Table I.

2) Requests: We leverage the DreamBooth dataset [25] to
generate our requests. This dataset includes 30 categories of
subjects, comprising common objects, live subjects, and pets.
Specifically, it contains a total of 158 images, each with a
resolution of 512x%512, and every image is associated with
25 different prompts. Consequently, the dataset provides 3950
unique generation requests in total.

3) Benchmarks: We compare our proposed AIGC service
system with the following benchmarks.

® Random: The proposed distributed AIGC service frame-
work is utilized, but all the configurations are chosen ran-
domly. This method serves as an ablation study to evaluate
the effectiveness of all the proposed algorithms.

o SemGen [22]: SemGen selects the visual condition ac-
cording to one desired evaluation metric and leverages
a well-trained Deep Q-Network to determine the optimal
downscaling factor for each visual condition. The down-
scaled visual conditions are then sent to the edge server for
centralized generation with equal denoising steps.

o AIGC-as-a-Service (AaaS) [11]: Users first forward the
source images and prompts to the edge server where
the AIGC model operates. Then the model extracts the
user-specified visual condition, completes the generation
process with user-customized denoising steps.

® OQC+VCE (0QC+) [43]: The original OQC system em-
ploys successive convex approximation method to jointly
optimize offloading decisions and denoising steps. The
offloading decisions are binary, limiting the whole denois-
ing execution to either the edge server or the user device.
We integrate our VCE algorithm into the original OQC
framework, resulting in the OQC+ benchmark to ensure a
fair comparison.

B. Overall Performances

1) Case Studies: We begin by presenting two distinct case
studies to visually analyze the generation quality of various
benchmarks, as illustrated in Fig. 8. Both cases aim for a
target quality score of 0.8. In case (A), the user expresses a
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prompt alignment more strongly, with w = (0.3,0.7).

The Random method selects generation settings randomly,
leading to the poorest quality in both cases. Both SemGen and
AaaS excel at only one evaluation metric due to their disregard of
user preferences and inadequate denoising steps, thus resulting
in a compromised overall generation quality. In contrast, OQC+
and our system both incorporate the VCE algorithm for selecting
and compressing visual conditions, leading to the satisfaction of
user preferences. For instance, in case @, we use the HED map
as the visual condition, enabling the generation of images that
closely resemble the original. By contrast, in case (B), we adopt
the Seg map, which explicitly captures the full text prompt (e.g.,
both the tree and the autumn leaves), whereas other methods
convey only part of the prompt details. Moreover, compared
with OQC+, our proposed DDC algorithm provides a more
effective denoising step decision, generating higher-quality im-
ages in both cases and being the only method that meets the
user-expected quality of 0.8.

2) Overall Quality Comparison: We employ multiple met-
rics to evaluate the generation quality. Specifically, QoE is
calculated through (1), based on user-specific preferences. The
Satisfaction Rate is calculated to indicate the proportion of
requests that achieve the QoE threshold set by users. The average
generation quality results are shown in Fig. 9. The Random
method arbitrarily selects configurations, meeting only 58% of
user requests. SemGen considers either perceptual similarity

(b) Average Downlink Transmitted Data Size (KB)

Fig. 10. Comparison of uplink and downlink transmitted data size of multiple
users across different methods.

or prompt alignment but neglects QoE and denoising step re-
quirements, yielding 73% satisfaction. AaaS generates images
using user-preferred, uncompressed visual conditions, but lim-
ited user knowledge and suboptimal resource utilization often
lead to poor choices in visual conditions and denoising steps,
resulting in 10% lower satisfaction than our system. OQC+
combines our VCE algorithm with convex optimization for
offloading decisions, achieving 83% satisfaction. In contrast, our
framework offers finer control over local resource use, and our
DDC algorithm enables more precise denoising step adjustment,
boosting satisfaction to 91%.

3) Transmission Cost Comparison: We then evaluate the
average uplink and downlink data sizes per user across different
methods, as shown in Fig. 10. AaaS uploads raw images without
extracting or compressing visual conditions, resulting in 335 KB
per user. SemGen downscales visual conditions but still transmits
nearly three times more data than ours. Both Aaa$ and SemGen
generate images entirely on the edge, requiring an additional
350 KB per user for downlink transmission. Random method
uses our distributed framework, uploading compressed visual
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Fig. 11.  Overall latency analysis of different methods.

conditions and downloading intermediate latents, both with
smaller data sizes. OQC+ either generates images locally to
eliminating uplink traffic or transmits compressed visual condi-
tions for edge generation, slightly reducing uplink size compared
to ours. However, when generating at the edge, it still incurs high
downlink costs due to full-image transmission. In contrast, our
method consistently uploads only compressed visual conditions
(6 KB on average). Furthermore, our DDC algorithm provides a
more fine-grained image generation scheme for different users.
For User 1 with insufficient computing resources for local
denoising, the generated image must be transmitted back at a
high transmission cost. While for other users who can perform
the denoising process locally, the cost is greatly reduced due to
the transmission of only intermediate latents, which requires an
average of 33 KB of data volume.

In summary, the designed system addresses fluctuating band-
width in mobile scenarios with two adaptive mechanisms: the
VCE algorithm dynamically adjusts compression settings based
on uplink conditions to balance transmission efficiency and
visual quality, while the DDC algorithm reallocates denoising
tasks according to downlink bandwidth, reducing offloaded data
at lower transmission overhead.

4) Overall Latency Analysis: We then analyze the overall
generation latency for each round, which consists of generation
requests from all users, as illustrated in Fig. 11(a). The Random
method achieves low transmission latency due to small data size,
but its arbitrary offloading strategy increases local computa-
tional load and thus local processing latency. Both SemGen and
AaaS generate images entirely on the edge server, and therefore
incur no local denoising latency. Nevertheless, AaaS suffers
from higher transmission latency as it involves transmitting raw
images, and also experiences longer edge generation latency
due to the necessity of extracting visual conditions for all users
on the edge server, resulting in 10.53 s overall generation la-
tency. In contrast, both OQC+ and our method extract visual
conditions locally and transmit the compressed data, leading
to a latency of only about 0.5 s. Our method further reduces
local generation latency by 1.2 s compared to OQC+ due to
the DDC algorithm’s optimal denoising decisions. Additionally,
by primarily transmitting intermediate latent data, our approach
minimizes downlink transmission latency. We further provide a
detailed comparison of the QoE-Latency trade-off for different
methods in Fig. 11(b). With the satisfaction rate of 91% and the

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 3, MARCH 2026

1.0 205 QoE Satisfaction Rate =@~ Size
[CT] satisfaction Rate 2 10 l00g
[ =
©0.8{ =@ Datasize 155 2 50 &
5 °T = &

o« & go09

c ﬂ 8 = hif
206 s 0e £ 60 8
8 " I 2 Sos <
4 [} I £ 3™ s
= [-H H 2 9 40 £
S04 == ¥ 58 ¥ 2
: T a. T © L4 <]
T} ni T oY 20 ©
i 1 g = =
| 2 < ]
0.2 0> 2
s

o 060 L 1V
Ury None  Quality Resolution Both

e Wy Wy g R
G Ken 0 Seo oy
), D "oy, 6 %p, Compression Strategies

(a) Satisfaction rate and data vol- (b) QoE and visual condition data
ume comparison under different vi- size comparison under different com-
sual condition selection methods. pression strategies.

Fig. 12.  Effectiveness of the VCE algorithm.

overall latency of 9.5 s, our method achieves the highest satis-
faction rate with only a slight increase in latency than SemGen,
demonstrating our superior balance between generation quality
and latency.

C. Effectiveness of the VCE Algorithm

1) Impact of Visual Condition Type: To evaluate the perfor-
mance of our proposed VCE algorithm, we begin by comparing
the satisfaction rate and transmission cost across various visual
condition selection methods, as illustrated in Fig. 12(a). While
employing just one visual condition type may offer slight reduc-
tions in data size consumption with our compression configura-
tion selection algorithm, they tend to excel in just one aspect of
image quality, failing to address the diverse QoE requirements
of users with different preferences. Consequently, even the
best-performing All HED solution can achieve only about 70%
user satisfaction. Besides, the Random method randomly selects
visual conditions and compression settings, leading to low QoE
and high transmission cost. In comparison, our method adapts
visual conditions based on user preferences, leading to a 21%
improvement in satisfaction while increasing the data volume
by just 3 KB.

2) Impact of Compression Settings: Next, we demonstrate
the effectiveness of our compression configuration selection
algorithm in terms of generation quality and transmission cost,
illustrated in Fig. 12(b). When no compression is applied, the
original visual conditions demand an average transmission size
of 88 KB, resulting in the best generation quality of 94%
satisfaction rate. When either resolution or quality is com-
pressed individually, with the other fixed at its optimal setting,
our algorithm identifies the best compression configurations to
achieve a significant reduction in data size with minimal quality
degradation. Moreover, by jointly compressing resolution and
quality, our method enables better data size reduction while
preserving considerable generation quality, demonstrating the
efficiency of compressing both parameters.

D. Effectiveness of the DDC Algorithm

1) DRL Algorithm Comparison: We first compare the train-
ing convergence of our proposed DDC algorithm with two
benchmark DRL methods: PPO [44] and SAC [45]. As shown
in Fig. 13, PPO struggles to converge within 40 k steps and
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yields low test rewards, while SAC converges around 25 k
steps with moderate performance. In contrast, DDC integrates
a deep diffusion model into the SAC framework, enhanc-
ing policy learning with stronger modeling capabilities. This
leads to faster convergence and higher test rewards, validat-
ing the effectiveness of our design. For practical deployment
on edge servers, we adopt a lightweight policy network with
moderate hidden dimensions and fix the denoising steps to
three. As a result, DDC inference takes about 600 ms per
decision, which is only slightly higher than original SAC’s
400 ms and remains negligible compared to the image generation
time.

2) Impact of Number of Users: We then investigate how
the number of users affects the generation quality and overall
latency, as presented in Fig. 14. To scale the experiment to more
users, we systematically assign computing capacities by iterat-
ing through the five user types defined in Table I in a round-robin
manner. The results show that all methods experience perfor-
mance degradation as the number of users increases, mainly
due to limited edge resources restricting denoising steps per
user. Methods like AaaS$ and SemGen, which rely solely on edge
computation, are particularly impacted, showing notable quality
drops. For SemGen, latency remains relatively constant since
edge denoising steps are fixed, while AaaS incurs increasing
latency due to extracting visual conditions for more users. In
contrast, OQC+ and our method leverage user-side resources to
offload denoising, improving generation quality. As user count
rises to 11, our method sees only a 9% drop in satisfaction and
a latency increase of about 3.9 s. To adapt to new users, the
DRL policy within the DDC algorithm needs to be retrained to
accommodate updated computing resource constraints and user
demand profiles.
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E. System Generalizability

1) Performance Under More T2I Models: To further validate
generalizability, we conduct experiments using recent diffusion-
based T2I models, including SD-v2.1, SD-XL, and SD-v3.5,
beyond the baseline SD-v1.5. As shown in Fig. 15(a), our system
demonstrates consistently strong performance across all models,
with SD-v3.5 achieving the highest satisfaction rate of 92.76%.
However, SD-v2.1 and SD-XL exhibit slightly lower metrics,
primarily due to our experiments use a fixed 512x512 resolu-
tion, which aligns with SD-v1.5’s design. However, SD-v2.1
and SD-XL are optimized for higher resolutions, and gener-
ating at 512x512 underutilizes their capabilities, resulting in
degraded outputs. In contrast, SD-v3.5 better accommodates
varying resolutions and resource conditions, aligning well with
our distributed framework.

2) Performance Under Low-End Devices: To evaluate the
robustness of our system when all user devices lack sufficient
computational resources for local denoising, we compare our
method with OQC+ under different numbers of users and
measure the satisfaction rate, as shown in Fig. 15(b). Results
show that although the system performance decreases due to
limited edge capacity, our approach still performs well. For
example, with five users, the satisfaction rate drops by only 4%.
As user numbers grow, our DRL-based step allocation strategy
becomes more advantageous. When the number of users reaches
eleven, our method achieves a satisfaction rate 10% higher
than OQC+, demonstrating its effectiveness even in severely
resource-constrained environments.

VII. CONCLUSION

In this paper, we have presented a system design for dis-
tributed and controllable T2I generation tasks that accommo-
dates diverse user preferences. Specifically, we have proposed
the VCE algorithm for visual condition engineering, optimizing
visual condition configurations according to comprehensive of-
fline profiles of generation quality and transmission efficiency.
Furthermore, we have developed the DDC algorithm, leveraging
a deep diffusion model-enhanced DRL approach to effectively
choose the best cooperative denoising strategy between the edge
and user for completing the generation task. The outcome of this
paper could benefit significantly to large-scale and user-centric
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AIGC applications in resource-constrained mobile scenarios.
For future work, we aim to enhance the scalability of the
proposed system. This includes extending it to a multi-edge
collaborative framework to support a larger user base and explor-
ing challenges such as user-edge coordinated scheduling under
dynamic network conditions.
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