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Abstract—AI-Generated Content (AIGC), as a novel manner
of providing Metaverse services in the forthcoming Internet
paradigm, can resolve the obstacles of immersion requirements.
Concurrently, edge computing, as an evolutionary paradigm of
computing in communication systems, effectively augments real-
time interactive services. In pursuit of enhancing the accessibility
of AIGC services, the deployment of AIGC models (e.g., diffusion
models) to edge servers and local devices has become a prevailing
trend. Nevertheless, this approach faces constraints imposed by
battery life and computational resources when tasks are offloaded
to local devices, limiting the capacity to deliver high-quality
content to users while adhering to stringent latency requirements.
So there will be a tradeoff between the utility of AIGC models and
offloading decisions in the edge computing paradigm. This paper
proposes a joint optimization algorithm for offloading decisions,
computation time, and diffusion steps of the diffusion models in
the reverse diffusion stage. Moreover, we take the average error
into consideration as the metric for evaluating the quality of the
generated results. Experimental results conclusively demonstrate
that the proposed algorithm achieves superior joint optimization
performance compared to the baselines.

Index Terms—Edge computing, diffusion model, AIGC-as-a-
service, resource allocation.

I. INTRODUCTION
With GPT models capturing the spotlight, Generative Ar-

tificial Intelligence (GAI), as a transformative field within
the broader landscape of machine learning and artificial in-
telligence, has changed the way people interact with and
understand the digital world [1]. The demonstration of the
capabilities inherent in Generative Artificial Intelligence (GAI)
models is referred to as AI-generated content (AIGC). With
the development of AIGC techniques, multiple AIGC models
(e.g., diffusion models) can be employed to generate outputs
with diverse forms, including text-to-speech, text-to-image,
and image-to-image [2]. Therefore, AIGC-as-a-Service (AaaS)
architecture is proposed to offer the generated content, repair
corrupted images, or alter inputted images, resulting in pro-
viding Metaverse users with immersive AIGC services.

Edge computing, as a novel computing paradigm, not only
solves the latency concerns of cloud computing but also im-
proves the security and quality of the communication networks
involved by integrating with other key technologies including
AI, Blockchain, and digital twin [3]. The convergence of
the AIGC models and edge computing paradigm becomes
the focus of the future research direction, especially in the
Metaverse field [4] which emphasizes the immersion of users.

Nonetheless, generic diffusion models (e.g., Open AI’s
DALL-E 2 [5] and Google’s Imagen [6]) require substantial

memory storage, so deploying large AIGC models is challeng-
ing due to the large volume of parameters [7], which brings ob-
stacles for real-time applications and devices with constrained
computational resources. Though lightweight diffusion models
(like the text-to-image model with 860M UNet and 123M text
encoder proposed in [8]) are employed on consumer mobile
devices, the quality of generated content will also inevitably
be affected. Thus, the convergence of diffusion models and
edge computing systems has become the important direction
of the future research area.

Challenges: In light of the resource constraints inherent
in mobile devices, only lightweight diffusion models can be
deployed on the local devices, resulting in the locally gener-
ated content typically exhibiting a lower quality level. While
larger models can be deployed on the edge server, it remains
incapable of simultaneously managing all computational tasks
while generating high-quality content. Consequently, the first
challenge centers on the offloading decisions and quality
level of the generated content. Secondly, different locations to
process the computational task means the computation time is
always different. As mobile users possess diverse and stringent
latency requirements, how to balance the tradeoff between
the offloading decisions and computation time is the second
challenge. Furthermore, the subjective nature of evaluating the
quality level of generated content necessitates the establish-
ment of a mathematical correlation between quality levels and
diffusion models, thus constituting the third challenge.

Related Work: Recently, multiple studies have reviewed the
state-of-the-art research and development in diffusion models
[9]–[14]. Notably, within the research of diffusion steps and
image quality, [13] focuses on the forward diffusion dynamics
to bridge the gap between the ideal and the simulated by
adopting smaller diffusion times. Furthermore, [15] treats the
number of reverse diffusion steps as a variable to find the
optimal reverse diffusion step to balance the tradeoff between
the image quality and the diffusion time. For the convergence
of the AIGC models and edge computing paradigm, [16]
introduces the diffusion model-based AI-generated optimal
decision (AGOD) algorithm to provide the optimal strategy for
the selection of AIGC service providers (AGPs). Unlike the
previous works, we propose a resource allocation scheme for
the AGOD by correlating the image quality to the diffusion
steps and taking the computation time and utility of AIGC
models into consideration.



Contributions: The main contributions in this work are:
• We are pioneering the implementation of the resource al-

location for diffusion models in edge computing systems
while guaranteeing the quality of the AIGC, which could
enhance the performance and experience of the system
and users respectively.

• We quantify the quality level of AICG by taking the
reverse diffusion steps within the diffusion process into
consideration while considering the average error of
computation results.

• The proposed optimization algorithm jointly optimizes
the tradeoff between the offloading decisions of the
computational tasks and the utility of AIGC models.

II. SYSTEM MODEL
We consider a mobile edge computing communication sys-

tem with N mobile user equipments (UEs) and one edge
server. Assume in this system that each UE requests to access
AIGC services and content of corresponding quality level is
generated at the chosen point based on the offloading decision
and allocated reverse diffusion steps.

AI-generated content model. To generalize the types of
AIGC services (e.g. text-to-image, text-to-video, and image-
to-image generation), we employ score-based diffusion models
within our proposed system as the exemplar of AIGC models.
Assume that there has been a standard sampling and diffusion
process S in the forward stage. AIGC services are then mainly
provided by gradually reversing the diffusion process, step by
step. Consequently, the quality of AIGC computation results
is intricately related to the high quantity of reverse diffusion
steps during the reverse diffusion stage.

When the generation requests of AIGC services are evalu-
ated by the monitor, different offloading decisions and diffu-
sion strategies of computational tasks are allocated to the edge
server or local UEs based on the current energy conditions of
the system. We denote the allocated offloading decisions and
reverse diffusion steps of computation tasks requested by UE
n in the reverse stage as the binary variable an ∈ {0, 1} and
discretization variable sn respectively. Specifically, an = 0
indicates that UE n’s task will be processed locally on the
mobile device, while an = 1 indicates that the computation
task will be offloaded to the edge server.

For the reverse diffusion step sn, as elucidated in the work
by Du et al. [16], it exhibits a positive correlation with
the associated energy expenditure. Given the finite energy
resources inherent in the practical system, it is thus noteworthy
that sn is restricted as each step of the reverse diffusion process
necessitates energy consumption, primarily associated with the
execution of a neural network for Gaussian noise removal.
Therefore, we transform the total energy limitation into the
constraint of total supported reverse diffusion steps at different
servers. To enhance the generality of the proposed algorithm,
we denote the total supported reverse diffusion steps at the
edge server as Smax

e with the constraint illustrated as:∑
n∈N

(ansn) ≤ Smax
e , (1)

where N = {1, 2, ..., N} is the set of UEs. Furthermore, we
denote Smax

n,0 as the total supported reversed diffusion steps

at each local UE n. In order to mitigate the potential for
specific computation tasks to greedily consume computational
resources on the edge server, a constraint is imposed wherein
the maximum number of reverse diffusion steps allocated to
each computation task is restricted. This constraint is denoted
as the maximum reverse diffusion steps limit for each UE
denoted by Smax

n,1 , where n signifies the n-th UE with an = 1.
Therefore, another constraint considering the limitation of
energy including UE n and the edge server is introduced
as (1 − an)(sn − Smax

n,0 ) + an(sn − Smax
n,1 ) ≤ 0, and after

mathematical transformations, this constraint is expressed as:
sn − (1− an)S

max
n,0 − anS

max
n,1 ≤ 0, ∀n ∈ N . (2)

A. Cost Functions
Computation time: As per the findings reported in Page 6

of the paper [15], it is elucidated that the overall computation
time can be expressed as an affine function with respect to the
reverse diffusion steps. Consequently, the cumulative compu-
tational delays for tasks with different offloading decisions are
determined as:

Tn,0(sn) = sn∆tn,0; Tn,1(sn) = sn∆tn,1, (3)
where ∆tn,0 and ∆tn,1 are designated as a constant temporal
interval per individual step within the process at UE n and
the edge server. Given that the system is modeled for edge
computing and the durations associated with transmitting the
computed results through the downlink channels are negligible
compared with the processing time of the edge server, it is
pertinent to note that we shall exclude further consideration
of downlink transmission time.

Average error of computation results: In order to mitigate
the influence of subjective factors on image quality and
increase the alignment of the AIGC content with the users’
request, we assess content quality by means of average error
metrics. Building upon the Eq.(16) provided in the work
[15], we derive that the reverse conditional diffusion pathway
exhibits exponential error reduction and proposed a modified
version which could be defined as:

ϵ̄n(sn) = ϵ̄fwd(S)e−snC1,n , (4)
where function ϵ̄fwd(S) is to determine the quality of processed
content by adding Gaussian noise within the context of for-
ward diffusion process, which can be modeled mathematically
by a convex function related to the forward process S, and
C1,n > 0, as the attenuation factor, represents the recovering
ability of the AIGC model. When S →∞, it signifies that the
forward diffusion has been sufficiently close to the unknown
and simple noise distribution. Furthermore, when S → 0, there
is no diffusion forward process and the average error converges
to 0. Hence, function ϵ̄fwd(S) increases as the forward diffusion
process S increases.

Total energy consumption: Based on the relationship
between CPU frequency (cycles/s) and data size (bits), and
drawing from relevant work [17], the energy consumption
associated with different offloading modes can be formulated
as: When an = 0, the energy consumption for UE n, denoted
as En,0(sn), can be expressed as:

En,0(sn) = knTn,0(sn)f
3
n, (5)

where fn represents the CPU frequency of UE n, and kn is the
coefficient reflecting the power efficiency of UE n. Conversely,



when an = 1, the energy consumption for UE n, referred to
as En,1(sn), can be represented as

En,1(sn) = keTn,1(sn)g
3
n, (6)

with gn representing the allocated computing capacity at the
edge server for the computational task requested by UE n.
Note that ke represents the analogous coefficient related to
the power efficiency of the edge server.

Cost functions: Based on the previously delineated cost
considerations, it can be deduced that, in the scenario where
an = 0, the cost function denoted as R̄n,0(sn) is amenable to
expression as R̄n,0(sn) = c1Tn,0(sn)+c2ϵ̄n(sn)+c3En,0(sn).
Conversely, in the case where an = 1, the cost function
assumes the form of R̄n,1(sn) = c1Tn,1(sn) + c2ϵ̄n(sn) +
c3En,1(sn). Herein, c1, c2, and c3 denote the weighting
coefficients for each cost component.
B. Utility of Reverse Diffusion Steps

We additionally contemplate the utility of reverse diffusion
steps sn in the reverse diffusion process (i.e., the alignment
of the generated content with the request). It is intuitive that
the larger the reverse diffusion steps, the higher the diversity
of content generated and the stronger the alignment with user
requests. Consequently, the utility function should exhibit a
non-decreasing relationship with respect to sn. Besides, there
is a marginal effect on the generation of the content (i.e., the
content generation approaches saturation as sn increases), so
the function should be concave. Then the utility function is
defined as follows which is provided in [18] for edge system:

Un(sn) = 1− e−snC2,n , (7)
where C2,n ≥ 0 is the constant parameter. Variations in the
parameter sn exert influence on the quality of the generated
content, whereas diminished values of sn entail trade-offs
in terms of energy consumption and utility. Therefore, it is
imperative to establish a state of equilibrium.

III. JOINT OPTIMIZATION OF COST AND UTILITY
In this section, we build the original optimization problem

and make it convex by introducing auxiliary variables and
adopting the penalized joint policy.
A. Problem Formulation

We define a := [a1, a2, . . . , aN ] and s := [s1, s2, . . . , sN ].
In general, throughout this paper, for a vector v, we denote its
i-th dimension by vi. A joint optimization problem, incorpo-
rating cost expenditure, offloading determinations, and utility
is formulated as problem P1:

(P1)min
a,s

∑
n∈N

[
(1− an)Rn,0(sn) + anRn,1(sn)

]
(8)

subject to : an ∈ {0, 1}, ∀n∈N , (9)
Inequalities (1) and (2).

where Rn,r(sn) = ω1R̄n,r(sn) − ω2Un(sn), r ∈ {0, 1},
signifies the amalgamation of cost functions and utility func-
tions, and ω1, ω2 serve as weight parameters specifically
designated to modulate the magnitudes of the cost and utility
components. an and sn are optimization variables. Constraint
(9) ensures the enforcement of binary offloading decisions.
Constraint (1) imposes an upper bound on the total reverse
diffusion steps Smax

e for the edge server, thus addressing the
constraint on available energy resources. Additionally, Smax

n,0

in constraint (2) serves as a mechanism for regulating the
energy consumption of UE n, while Smax

n,1 acts as a constraint
to prevent the excessive energy consumption associated with
multiple computation tasks on the edge server.

Then, we derived that the objective function of P1 is not
jointly convex, as the binary value of the optimization variable
an. Therefore, the optimization problem is stuck to be solved.
More importantly, the discrete values of the variable an and
the coupling of the decision variables in the constraint (1)
make this problem become an intractable NP-hard problem.
B. Transformation of the Non-Convex Problem

Derived from the formulated objective function, it becomes
evident that the terms associated with an are amenable to
extraction through standard factorization procedures. Hence-
forth, we employ a strategic approach involving the decoupling
of the optimization variables, subsequently leading to the
transformation of the initial problem P1 into a set of sub-
problems [19] that can be addressed iteratively.

Handling objective function: To tackle the coupling of op-
timization variables, surrogate functions of objective function
can be constructed by introducing auxiliary variables [20]. In
the (k+1)-th iteration, the surrogate function is expressed as:

G(a, s|u(k),v(k)) =
∑

n∈N
gn(an, sn|u(k)

n , v(k)n ), (10)

where u
(k)
n =

(1−a(k)
n )

2Rn,0(s
(k)
n )

and v
(k)
n =

a(k)
n

2Rn,1(s
(k)
n )
∈ R+ are the

introduced auxiliary variables related to the convergence of our
algorithm which will be analyzed in Section III-F. Function
gn(an, sn|u(k)

n , v
(k)
n ) for UE n is defined as:

gn(an,sn|u(k)
n ,v(k)n )=R2

n,0(sn)u
(k)
n +

(1− an)
2

4u
(k)
n

+R2
n,1(sn)v

(k)
n +

a2
n

4v
(k)
n

.

Handling constraint (1): In order to decouple the constraint
(1), we adopt a similar approach by introducing an auxiliary
variable z = [z1, ..., zN ] to facilitate the formulation of the
surrogate function for each individual sub-problem. Conse-
quently, in the (k+1)-th iteration, the constraint undergoes a
transformation as follows:

−Smax
e +

∑
n∈N

(s2nz
(k)
n +

a2
n

4z
(k)
n

) ≤ 0, (11)

where z
(k)
n =

a(k)
n

2s
(k)
n

constrains the variables in each loop and
converges with iterations.

Noting that the coupling among the optimization variables
has been addressed, it is pertinent to acknowledge that the
optimization sub-problems remain non-convex due to the
discrete nature of the variables an.
C. Successive Convex Approximation

In this section, we focus on using the penalized joint
policy and successive convex approximation (SCA) technique
to handle the discrete variables an.

Handling constraint (9): To solve the discrete variable an
and without loss of equivalence, it can be rewritten as:

an ∈ [0, 1], n ∈ N , (12)∑
n∈N

an(1− an) ≤ 0. (13)
Note that the optimization problem has been transitioned

into a continuous optimization problem, resulting in a notable
reduction in computational complexity when contrasted with
the direct resolution of the original discrete variable an.



Algorithm 1 Intra-Sub-Problem Programming

1: Initialize: k = 0; optimization variable X (0)=[a(0), s(0)];
2: Calculate and derive auxiliary variable space: A(0) =

[u(0),v(0), z(0)], where u
(0)
n =

(1−a(0)
n )

2Rn,0(s
(0)
n )

, v
(k)
n =

a(0)
n

2Rn,1(s
(0)
n )

, and z
(0)
n =

a(0)
n

2s
(0)
n

, ∀n ∈ N ;
3: repeat
4: Obtain the optimal variable X (k+1) of ((k + 1))-

th iteration by adopting the Algorithm 2 when given
auxiliary variable space A(k);

5: Update A(k+1) = [u(k+1),v(k+1), z(k+1)] with given
X (k+1);

6: k ← k + 1;
7: until Convergence or reach the max iteration number K.

Nonetheless, the function
∑

n∈N an(1−an) in constraint (13)
is a concave function. To further facilitate the solution, we
adopt a method that introduces a penalty term for this concave
constraint into the function G(a, s|u(k),v(k)), represented as:

G(a, s|u(k),v(k))− τ ·
∑

n∈N
an(an − 1), (14)

where τ is the penalty parameter with τ > 0. Then the
objective function becomes concave due to the concavity of
the second term. Simultaneously, given the second term is dif-
ferentiable, we utilize the first-order Taylor series to linearize
it at each iteration. Specifically, at the (i + 1)-th iteration,we
approximate

∑
n∈N an(an − 1) with

∑
n∈N a

(i)
n (a

(i)
n − 1) +

(2a
(i)
n − 1)(an − a

(i)
n ) which is denoted as H(a|a(i)), where

a(i) is defined as the optimal solution of the i-th sub-problem.
Consequently, the objective function is converted to:

G(a, s|u(k),v(k))− τ ·H(a|a(i)). (15)
Then, the (i+1)-th sub-problem in the (k+1)-th iteration

is transformed equivalently to P2:
(P2)min

a,s
G(a, s|u(k),v(k))− τ ·H(a|a(i)) (16)

subject to : an ∈ [0, 1], ∀n ∈ N , (16a)∑
n∈N

(s2nz
(k)
n +

a2
n

4z
(k)
n

)− Smax
e ≤ 0, (16b)

sn − (1− an)S
max
n,0 − anS

max
n,1 ≤ 0, ∀n ∈ N . (16c)

Until now, the original optimization problem P1 can be
solved by using P2 iteratively, and the process of solving the
intra-sub-problem is listed in Algorithm 1. Given introduced
conditions and the objective function are convex, P2 is convex.
Thus, we can adopt Karush-Kuhn-Tucker (KKT) conditions of
P2 to obtain the optimal solutions.
D. KKT Conditions for Problem P2

We first write down the Lagrange function of P2 by intro-
ducing multipliers for the constraints:
L=G(a, s|u(k),v(k))−τ·H(a|a(i))+

∑
n∈N

[βn(−an)+γn(an−1)]+δ·[∑
n∈N

(s2nz
(k)
n +

a2n

4z
(k)
n

)−Smax
e

]
+
∑
n∈N

ζn
[
sn−(1−an)S

max
n,0−anS

max
n,1

]
, (17)

After applying KKT conditions, we get:
Stationarity:

∂L

∂an
= Dn(an, ζn, δ)− βn + γn = 0, (18a)

∂L

∂sn
=

∂G(a, s|u(k),v(k))

∂sn
+ 2δsnz

(k)
n + ζn = 0. (18b)

Algorithm 2 Solve KKT Conditions

1: Given the auxiliary variable space A = [u,v, z];
2: for n← 1 to N do
3: Obtain ân(ζn, δ) by assuming Dn(an, ζn, δ) on condi-

tion (18a) equal to 0;
4: Obtain s̃n(ζn, δ) based on condition (18b);
5: Obtain ζ̂n(δ) when assuming In(ζn, δ) = 0 in the

condition (19d);
6: end for

7: δ∗←

0, if
∑

n∈N (s̃2n(ζ̃n(0), 0)z
(k)
n +

a2
n(ζ̃n(0),0)

4z
(k)
n

) ≤ Smax
e ;

Solution to
∑

n∈N (s̃2n(ζ̃n(δ),δ)z
(k)
n +

a2
n(ζ̃n(δ),δ)

4z
(k)
n

)=Smax
e ;

8: update a∗n←max{min{ân(ζ̃n(δ∗), δ∗), 1}, 0}, and s∗n←
s̃n(ζ̃n(δ

∗), δ∗);
9: return The optimal variable value X ∗ = [a∗, s∗].

where Dn(an, ζn, δ) = ( 1

2u
(k)
n

+ 1

2v
(k)
n

+ δ

2z
(k)
n

)an − 1

2u
(k)
n

−
τ(2a

(i)
n − 1) + ζn(S

max
n,0 − Smax

n,1 ) relating to the variable an.
Complementary slackness:
(19a) :βn(−an)=0; (19c) :δ

[∑
n∈N

(s2nz
(k)
n +

a2n

4z
(k)
n

)−Smax
e

]
=0;

(19b) :γn(an−1)=0; (19d) :ζn
[
sn−(1−an)S

max
n,0−anS

max
n,1

]
=0.

(19)

Primal Feasibility: (16a), (16b), (16c).
Dual Feasibility:

(20a)-(20d) : βn, γn, δ, ζn ≥ 0, ∀n ∈ N . (20)

Under the aforementioned conditions, we then proceed to
seek the optimal solutions by analyzing the KKT conditions
and employing the proposed algorithm which is listed in
Algorithm 2.

Theorem 1: The optimal solution of the proposed objective
function can be obtained by Algorithm 2 and is expressed as:{

a∗
n = max{min{ân(ζ̃n(δ

∗), δ∗), 1}, 0};
s∗n = s̃n(ζ̃n(δ

∗), δ∗).
(21)

where ζ̃n(δ) = max{ζ̂n(δ), 0}. More specifically, ân(ζn, δ)
meets the condition (18a) with Dn(an, ζn, δ)|an=ân(ζn,δ) =0

and ζ̂n(δ) satisfies condition (19d) with In(ζn, δ)|ζn=ζ̂n(δ)
=0.

Proof: Please see Appendix A. ■
E. Inter-Sub-Problem Algorithm

After completing the analysis of KKT conditions within
each sub-problem, we obtain the optimal solution for each sub-
problem. In this section, we introduce the inter-sub-problem
algorithm, denoted as Algorithm 3, which leverages iterative
implementations of the SCA method. Its primary objective
is the determination of the globally optimal solution for the
original optimization problem P1.
F. Time complexity, Solution Quality and Convergence

Time Complexity. Based on the algorithms listed, the
complexity of Algorithm 3 lies in the step 3-8. Assuming K is
the number of iterations in Algorithm 3, then the complexity of
adopting ai−1 to obtain the sub-problem in step 4 is denoted
as O(IN), where N derives from computing ai−1

n for each
user in an iteration. In step 5, Algorithm 1 is mainly solved
by Algorithm 2 to obtain the optimization solution of the
intra-sub-problem, so the complexity of Algorithm 2 is first
analyzed. The total complexity of Algorithm 2 is O(2N)



Algorithm 3 Inter-Sub-Problem Programming

1: Initialize: i = 1; Optimal solution space S(0)=[a(0), s(0)];
2: Adopt SCA method to obtain P2 from P1;
3: repeat
4: Obtain the i-th sub-problem by using a(i−1);
5: Solve the i-th sub-problem by using Algorithm 1 and 2

to get the optimal optimal variable value X ∗=[a∗, s∗];
6: Let Si[a(i), s(i)]← X ∗=[a∗, s∗] of i-th sub-problem;
7: Set i← i+ 1;
8: until |S(i)−S(i−1)| ≤ ϵ̄0 or reach the maximum iteration

number I;
9: return S(i)[a(i), s(i)] as the optimal solution of P1.

as the complexity of computing a∗ and s∗ are both O(N)
separately. Let K denote the number of iterations in Algorithm
1. The complexity of the Algorithm 1 is thus O(3KN) as
step 5 of Algorithm 1 also costs O(N). Therefore, the overall
complexity can be derived as O((I + 3KI)N).

Solution quality and convergence. Algorithm 3 comprises
SCA, Algorithm 1, and Algorithm 2. Though the SCA method
adopted to transform P1 to P2 results in some loss of the
optimality, the KKT analysis by introducing the auxiliary
variables in Algorithm 1 and Algorithm 3 both are without loss
of optimality. Thus Steps 3-8 of Algorithm 3 can guarantee to
find the global optimal solutions for P2. The convergence of
Algorithm 3 is also evident from the preceding analysis.

IV. EXPERIMENTAL RESULTS

A. Parameter Settings
In this experiment, we set the total number of users N is 30.

To generalize the experimental result without any distortion
and error, the original value of the average error rate is set
as 1, which implies the original content is complete Gaussian
noise. Based on the resource limitation, the fixed discretization
steps are ∆tn,0 = 1/500 and ∆tn,1 = 1/1000. The computing
capacity gn and frequency of mobile user fn are set as 10GHz
and 1.5GHz by default. The computation energy efficiency
coefficient kn and ke is 10−26. For the penalty parameter τ ,
we set the value as 105.

B. Performance when Adapting Weight Parameters
As the weight factors (c1, c2, c3) of cost functions have an

effect on the optimization process, we make modifications
to these weights to tailor the focus of the associated cost
functions. To investigate the different costs in the system,
we augment c1, c2, and c3 to respectively heighten the
sensitivity of computational time, average error rate, and en-
ergy consumption. To further investigate the outcomes of our
proposed algorithm, we conduct experimental trials across the
combinations of (c1, c2, c3) and subsequently compare them
to a baseline: random initialization. This random initialization
entails the arbitrary allocation of diffusion steps following the
stochastic selection of offloading decisions. For the baseline,
we assume that no preference exists in the algorithm, then the
weight factor is equal. Results of Fig. 1 show the computation

T , average error of computation results ϵ̄ and energy consump-
tion E under different maximum assignable diffusion step
Smax
e . From Fig. 1(a), we can see the total consumption time

is decreased as Smax
e increase, which means more complex

computational tasks are processed on the edge server and
the fixed discretization step on the edge server is faster. As
the energy consumption is also larger than the local devices,
the energy consumption also increases with increasing reverse
diffusion steps which is presented in Fig. 1(c). To provide
a more intuitive representation of the quality of AIGC, we
adopt the average accuracy (1− ϵ̄) instead of average error as
shown in Fig. 1(b). For the different weights lines, the red line
(proposed equal weights) outperforms others comprehensively
as no sacrifice exists in this scenario compared with other lines.
Furthermore, we can see that all proposed methods outperform
the baseline, demonstrating our method’s superiority.

C. Performance when Setting Different Diffusion Steps
To conduct a comprehensive investigation into the perfor-

mance of the proposed method, we consider diverse joint
optimization scenarios when the system requires different
Smax
e . To emphasize the utility function, we set the parameters

(w1, w2) as (0.3, 0.7). Three distinct experiments are under-
taken, each characterized by different local reverse diffusion
steps Smax

0 . As illustrated in Fig.2, we can see that as Smax
e

increases, all three lines exhibit an initial decline followed
by a stabilization phase upon reaching an optimal solution.
This observation underscores that as the system benefits from
a higher resource allocation for task processing, it tends to
prioritize the augmentation of the utility function to achieve
superior joint optimization performance.

V. CONCLUSION

In this paper, we propose one joint optimization algorithm
that bridges the gap between AIGC models and edge com-
puting while mitigating the constraints posed by resource
limitations on devices. The presented algorithm offers an
enhanced approach by simultaneously optimizing offloading
decisions and the reverse diffusion steps of diffusion models,
taking into account average error and energy consumption. Our
analysis of experimental results demonstrates the effectiveness
of the proposed algorithm in enhancing the system efficiency.

REFERENCES

[1] L. Floridi and M. Chiriatti, “GPT-3: Its Nature, Scope, Limits, and
Consequences,” Minds and Machines, vol. 30, pp. 681–694, 2020.

[2] X. Xu, Z. Wang, G. Zhang, K. Wang, and H. Shi, “Versatile Diffusion:
Text, Images and Variations All in One Diffusion Model,” in Proceedings
of the IEEE/CVF International Conference on Computer Vision, 2023,
pp. 7754–7765.

[3] Y. Mao, C. You, J. Zhang, K. Huang, and K. B. Letaief, “A Survey
on Mobile Edge Computing: The Communication Perspective,” IEEE
communications surveys & tutorials, no. 4, pp. 2322–2358, 2017.

[4] M. Xu, D. Niyato, H. Zhang, J. Kang, Z. Xiong, S. Mao, and Z. Han,
“Sparks of GPTs in Edge Intelligence for Metaverse: Caching and
Inference for Mobile AIGC Services,” arXiv:2304.08782, 2023.

[5] S. Xie, Z. Zhang, Z. Lin, T. Hinz, and K. Zhang, “SmartBrush:
Text and Shape Guided Object Inpainting With Diffusion Model,” in
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2023, pp. 22 428–22 437.



100 150 200 250 300 350 400 450 500

S
e

max

11.5

12

12.5

13

13.5

14

14.5

C
o

m
p

u
ta

ti
o

n
 T

im
e

(m
s
)

(a)

100 200 300 400 500

Maximum Assignable Diffusion Step S
e

max

0.976

0.9765

0.977

0.9775

0.978

0.9785

0.979

0.9795

0.98

A
v
e

ra
g

e
 A

c
c
u

ra
c
y
 R

a
te

(b)

Proposed(0.6,0.2,0.2)

Eauqal Weights

Proposed(0.2,0.6,0.2)

Proposed(0.2,0.2,0.6)

Random Initialization

100 150 200 250 300 350 400 450 500

S
e

max

2700

2750

2800

2850

2900

2950

3000

3050

E
n

e
rg

y
 C

o
n

s
u

m
p

ti
o

n
(J

)

(c)

Fig. 1: Consumption under different maximum diffusion steps Smax
e .

100 150 200 250 300 350 400 450 500

S
e

max

-12

-11

-10

-9

-8

-7

-6

-5

w
1*c

os
t f

un
c.

-w
2*u

tit
lit

y 
fu

nc
.

S
0

max
=50

S
0

max
=100

S
0

max
=150

Fig. 2: Joint optimization Performance.
[6] C. Saharia, W. Chan, S. Saxena, L. Li, J. Whang, E. L. Denton,

K. Ghasemipour, R. Gontijo Lopes, B. Karagol Ayan, T. Salimans et al.,
“Photorealistic Text-to-Image Diffusion Models with Deep Language
Understanding ,” Advances in Neural Information Processing Systems,
vol. 35, pp. 36 479–36 494, 2022.

[7] M. Xu, H. Du, D. Niyato, J. Kang, Z. Xiong, S. Mao, Z. Han,
A. Jamalipour, D. I. Kim, V. Leung et al., “Unleashing the Power of
Edge-Cloud Generative AI in Mobile Networks: A Survey of AIGC
Services,” arXiv preprint arXiv:2303.16129, 2023.

[8] R. Rombach, A. Blattmann, D. Lorenz, P. Esser, and B. Ommer,
“High-Resolution Image Synthesis with Latent Diffusion Models,” in
Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, 2022, pp. 10 684–10 695.

[9] F.-A. Croitoru, V. Hondru, R. T. Ionescu, and M. Shah, “Diffusion
Models in Vision: A Survey,” IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2023.

[10] L. Yang, Z. Zhang, Y. Song, S. Hong, R. Xu, Y. Zhao, W. Zhang,
B. Cui, and M.-H. Yang, “Diffusion Models: A Comprehensive Survey
of Methods and Applications,” ACM Computing Surveys, 2022.

[11] L. Zhang, A. Rao, and M. Agrawala, “Adding Conditional Control
to Text-to-Image Diffusion Models,” in Proceedings of the IEEE/CVF
International Conference on Computer Vision, 2023, pp. 3836–3847.

[12] X. Li, Y. Liu, L. Lian, H. Yang, Z. Dong, D. Kang, S. Zhang, and
K. Keutzer, “Q-Diffusion: Quantizing Diffusion Models,” in Proceedings
of the IEEE/CVF International Conference on Computer Vision, 2023,
pp. 17 535–17 545.

[13] G. Franzese, S. Rossi, L. Yang, A. Finamore, D. Rossi, M. Filippone,
and P. Michiardi, “How Much Is Enough? A Study on Diffusion Times
in Score-Based Generative Models,” Entropy, no. 4, p. 633, 2023.

[14] Z. Zhang, C. Li, W. Sun, X. Liu, X. Min, and G. Zhai, “A Perceptual
Quality Assessment Exploration for AIGC Images,” arXiv preprint
arXiv:2303.12618, 2023.

[15] H. Chung, B. Sim, and J. C. Ye, “Come-Closer-Diffuse-Faster: Accel-
erating Conditional Diffusion Models for Inverse Problems Through
Stochastic Contraction,” in Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2022, pp. 12 413–12 422.

[16] H. Du, J. Wang, D. Niyato, J. Kang, Z. Xiong, and D. I. Kim, “AI-
Generated Incentive Mechanism and Full-Duplex Semantic Communi-
cations for Information Sharing,” IEEE Journal on Selected Areas in
Communications, vol. 41, no. 9, pp. 2981–2997, 2023.

[17] H. Xiao, J. Zhao, J. Feng, L. Liu, Q. Pei, and W. Shi, “Joint Optimization
of Security Strength and Resource Allocation for Computation Offload-
ing in Vehicular Edge Computing,” IEEE Transactions on Wireless
Communications, 2023.

[18] Q. Liu, S. Huang, J. Opadere, and T. Han, “An Edge Network Orches-
trator for Mobile Augmented Reality,” in IEEE INFOCOM 2018 - IEEE
Conference on Computer Communications, 2018, pp. 756–764.

[19] Y. Sun, P. Babu, and D. P. Palomar, “Majorization-Minimization Algo-
rithms in Signal Processing, Communications, and Machine Learning,”
IEEE Transactions on Signal Processing, no. 3, pp. 794–816, 2016.

[20] J. Zhao, L. Qian, and W. Yu, “Human-Centric Resource Alloca-
tion in the Metaverse over Wireless Communications,” arXiv preprint
arXiv:2304.00355, 2023. APPENDIX

Analysis of KKT conditions: In order to identify the opti-
mal (a∗, s∗) that satisfies the KKT conditions, we present the
ensuing analysis rooted in principles of optimization theory.

Deriving from the functional expression Dn(an, ζn, δ) as
delineated in condition (18a), two properties of condition

(18a) can be inferred contingent upon the values of auxiliary
variables and Lagrange multipliers: 1). Dn(an, ζn, δ) is non-
decreasing for an and 2). Specifically, we obtain the explicit
expression of an by setting βn = 0 and γn = 0. Then we
denote the explicit expression as ân(ζn, δ) and proceed to
discuss the different cases based on the condition (19a) and
(19b) as outlined below:

• Case 1: ân(ζn, δ) ≥ 1. In this case, we can infer that
Dn(1, ζn, δ) ≤ 0 based on the given two properties. Therefore,
we can set ân(ζn, δ) = 1 and βn = 0 to meet the conditions,
and then the value of γn is equal to −Dn(1, ζn, δ) ≥ 0 which
exactly meet the condition (19b).

• Case 2: 0 < ân(ζn, δ) < 1. We can simply set the value of an

as ân(ζn, δ) with βn = 0 and γn = 0 in this case.
• Case 3: ân(ζn, δ) ≤ 0. When ân(ζn, δ) ≤ 0, it means when

an = 0, Dn(0, ζn, δ) is equal or better than 0. Therefore, we
choose the feasible solution as ân(ζn, δ) = 0, γn = 0, and
βn = Dn(0, ζn, δ) which meet the condition (19a).

Thus, we summarise all of these cases as follows:
ãn(ζn, δ) = max{min{ân(ζn, δ), 1}, 0};
β̃n(ζn, δ) = max{Dn(0, ζn, δ), 0};
γ̃n(ζn, δ) = −min{Dn(1, ζn, δ), 0};

(22)

Before we continue the analysis, one propriety of function
sn−(1−an)S

max
n,0 −anS

max
n,1 which is denoted as In(ζn, δ) for

simplify in the condition (19d) can be derived: In(ζn, δ) is
non-increasing of ζn. Then we discuss the following cased by
setting ζn = 0:

• Case 1: In(0, δ) ≤ 0. Based on the propriety mentioned above,
one feasible solution meeting the condition (19d) is δ = 0.

• Case 2: In(0, δ) > 0. Conversely, if In(0, δ) > 0, the value of
ζn can be set as ζ̂n(δ) based on the In(ζn, δ)|ζn=ζ̂n(δ) = 0.

The solution can be summarized as:ζ̃n(δ) = max{ζ̂n(δ), 0}.
Drawing from the condition (18b), the expression of sn can

be deduced and we denote it as sn(ζn, δ). Similarly, we discuss
the cases based on condition (19c) by setting δ = 0:

• Case 1:
∑

n∈N (s̃2n(ζ̃n(0), 0)z
(k)
n +

a2
n(ζ̃n(0),0)

4z
(k)
n

) ≤ Smax
e . In this

case, we can set δ = 0 to meet the conditions (20d) and (19c).
• Case 2:

∑
n∈N (s̃2n(ζ̃n(0), 0)z

(k)
n +

a2
n(ζ̃n(0),0)

4z
(k)
n

)>Smax
e . Con-

versely, we need to find the optimal value of the δ based on
the condition (19c) by using the bisection method. Then we
denote the solution as δ̃.

Consequently, the optimal value of δ is expressed as:

δ∗ =

 0,
∑

n∈N (s̃2n(ζ̃n(0), 0)z
(k)
n +

a2
n(ζ̃n(0),0)

4z
(k)
n

)≤Smax
e ,

δ̃,
∑

n∈N (s̃2n(ζ̃n(0), 0)z
(k)
n +

a2
n(ζ̃n(0),0)

4z
(k)
n

)>Smax
e .

(23)

Until now, we can get the optimal solution of variables
[a∗, s∗] and the Lagrange multipliers [β∗,γ∗, ζ∗, δ∗] by ana-
lyzing KKT conditions. ■
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