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Abstract
Diffusion models have emerged as a central focus in generative artificial intelligence due to their robust theoretical foundations and exceptional 
generation capabilities. Edge-side text-to-image diffusion models represent a  critical application a rea, targeting efficient, low-latency image 
generation on resource-constrained platforms while preserving user privacy and data security. This survey systematically reviews recent 
advances in edge-side text-to-image diffusion m odels a cross t heoretical f oundations, a lgorithmic i mprovements, m odel a rchitectures, and 
deployment optimization. We first analyze the core mathematical frameworks-Denoising Diffusion Probabilistic Models (DDPM), Score-based 
Generative Models (SGM), and Score-based Stochastic Differential E quations-alongside t he m athematical b asis for c onditional generation. 
We then examine key improvements including latent space modeling, likelihood estimation optimization, efficient sampling algorithms, and 
consistency-based and flow m atching m ethods. S ubsequently, we explore t he d esign, t raining, a nd evaluation o f l arge-scale text-to-image 
models, emphasizing mainstream architectures and their trade-offs. F inally, w e s ummarize e ssential e dge d eployment t echniques: model 
quantization, lightweight architecture design, knowledge and step distillation, and computational optimizations, providing practical strategies 
for efficient inference on  constrained ha rdware. This review aims to  serve as  a comprehensive reference for researchers, bridging theory and 
practice, and to promote the implementation and innovation of efficient text-to-image diffusion models in real-world scenarios such as mobile 
deployment.
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■ 1 Introduction

Artificial Intelligence Generated Content (AIGC) [1–5] has emerged as
an important branch of next-generation artificial intelligence technolo-
gies, aiming to leverage deep learning models to learn the distribution
of large-scale data and automatically generate high-quality digital con-
tent across modalities, including text, images, audio, and video. Tra-
ditional generative approaches primarily encompass Variational Au-
toencoders (VAE) [1,6], Generative Adversarial Networks (GAN) [5],
and autoregressive models [2]. Specifically, VAEs learn latent repre-
sentations of data via variational inference, offering stable training but
often limited generation quality. GANs utilize an adversarial training
paradigm and have achieved remarkable results in image synthesis,
but are challenged by training instability and mode collapse. Autore-
gressive models generate images pixel by pixel, theoretically modeling
complex distributions, yet suffer from slow generation speeds and lim-
ited parallelism. Overall, these traditional methods often struggle to
balance generation quality, training stability, and inference efficiency.

Diffusion models have recently risen as a novel generative modeling
paradigm, achieving high-fidelity content generation by simulating the
progressive denoising of data. They have yielded breakthrough ad-
vances in image synthesis [7–10], computer vision [11–14], natural

language processing [15–17], and time-series modeling [18–20]. The
core idea is to sequentially corrupt data with noise through a for-
ward diffusion process until it becomes pure noise, then train a neural
network to learn the reverse denoising process, thereby generating
realistic data from noise. Compared with traditional generative ap-
proaches, diffusion models offer more stable training, higher quality
generation, and broader modality coverage. They have demonstrated
outstanding visual generation capabilities in representative applica-
tions such as Stable Diffusion, DALL·E 2, and Midjourney. With the
improvement of computational power in mobile devices and IoT ter-
minals, on-device diffusion models [21–24] have emerged, enabling
diffusion models to operate independently on edge devices, free from
reliance on cloud servers. This paradigm bolsters user privacy, re-
duces bandwidth and latency, and enhances personalized experiences,
holding significant research and practical value for on-device applica-
tions such as mobile photography, real-time interaction, personalized
recommendation, and assisted design. However, due to limited compu-
tational and memory resources of edge devices, developing on-device
diffusion models poses considerable challenges in terms of efficiency,
model compactness, and low power consumption. Achieving high-
quality and controllable content generation under resource constraints
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remains a critical open problem in both academia and industry.
In this literature review, we systematically examine the core techno-

logical advances in edge-side text-to-image diffusion models, outlin-
ing a comprehensive technical roadmap from theoretical foundations
to practical deployment. The paper is organized into four progressive
sections, covering mathematical foundations, algorithmic innovations,
practical model implementation, and deployment optimization for the
edge. The first section focuses on the mathematical theory underpin-
ning diffusion models. We detail three core theoretical frameworks:
Denoising Diffusion Probabilistic Models [8, 25], score-based gen-
erative models [9, 26], and score-based stochastic differential equa-
tion approaches [10, 27, 28]. On this basis, we thoroughly derive the
mathematical formulations for conditional generation and elucidate the
probabilistic modeling mechanisms of text-to-image generation, pro-
viding a solid foundation for subsequent algorithmic and application
advances. The second section reviews key algorithmic innovations in
diffusion models, highlighting four major areas: (1) diffusion model-
ing in latent space; (2) likelihood estimation improvements; (3) effi-
cient sampling algorithms; (4) consistency-based and flow matching
methods. These improvements have substantially increased genera-
tion quality, efficiency, and practical usability, many of which have
become standard in current mainstream methods. In the third section,
we delve into practical considerations for implementing text-to-image
diffusion models, including model architecture design, training data
construction, and evaluation benchmarks, providing systematic guid-
ance for efficient model training and assessment to support real-world
deployment and widespread adoption. The fourth section focuses on
core technologies for deploying text-to-image diffusion models in edge
computing scenarios such as mobile devices. This includes (1) parame-
ter quantization and sparsification; (2) lightweight network architecture
design; (3) model compression strategies based on knowledge distil-
lation; and (4) low-level computational optimization. The synergistic
application of these technologies further drives the deployment and
large-scale application of efficient text-to-image models on the edge.

■ 2 Related Work
In recent years, driven by the rapid development of diffusion models,
a large number of relevant survey papers have emerged in academia
[29–36]. Given the profound mathematical foundations underlying
diffusion models, many reviews [29–31, 33–36] choose to start from
the basic theory, introducing core theoretical frameworks such as de-
noising diffusion probabilistic models, score-based generative models,
and their associated stochastic differential equations. In the first sec-
tion of this survey, we also introduce these three principal theoretical
frameworks, and further provide more detailed, independent, and self-
consistent mathematical definitions. In addition, we supplement a
mathematical formulation of conditional generation and review typ-
ical guidance methods. Crucially, unlike prior generic surveys, we
explicitly bridge these theoretical formulations to realistic edge-side
constraints. We systematically analyze how the iterative Markovian
nature of these foundational equations directly translates to severe
memory bandwidth pressure on mobile SoCs, thereby establishing the

mathematical necessity for the edge-oriented optimizations discussed
in subsequent sections.

Building on these theoretical frameworks, a series of breakthrough
improvements have successively emerged, significantly enhancing both
generative efficiency and quality. Among the most representative ad-
vances are innovations in efficient latent-space architectures and ad-
vanced sampling acceleration algorithms [31, 33–35]. Furthermore,
Bie et al. [31] summarize text-image alignment and MoE structures,
while Cao et al. [35] provide an overview of physical mechanism-
inspired processes. Compared with previous reviews, the second
section of this survey provides a more comprehensive summary of
four major directions of model improvements. More importantly, we
systematically reorganize these algorithms not merely as mathemat-
ical novelties, but as targeted solutions to physical hardware bottle-
necks. For instance, we evaluate latent-space compression specifi-
cally as a mechanism for overcoming mobile RAM limits, and analyze
SDE/ODE solvers strictly through the lens of per-step computational
cost (e.g., NFE limits) and cache thrashing on edge devices.

At the implementation level—including model architecture, train-
ing/testing data, and evaluation criteria—some prior surveys have fo-
cused on network architectures [31, 33, 34] and standard vision met-
rics [31, 33]. In the third section, we present a comprehensive ex-
position of network evolutions and dataset strategies. To specifically
address the realities of on-device deployment, we uniquely highlight
the limitations of standard metrics (e.g., FID/CLIP) under small-batch
edge evaluation scenarios. Furthermore, we expand the scope of evalu-
ation to include critical system-level benchmarks—such as peak mem-
ory footprint, end-to-end latency on Neural Processing Units (NPUs),
and thermal throttling—that are indispensable for engineering realiza-
tion.

With the increasing demand for on-device deployment, a growing
body of research focuses on architecture design and inference optimiza-
tions in resource-constrained environments. Song et al. [32] classify
model light-weighting techniques into knowledge distillation, quanti-
zation, pruning, and algorithmic optimizations. In the fourth section,
this survey comprehensively summarizes multi-level on-device de-
ployment technologies, spanning from training paradigms to low-level
computational optimizations. While works like Song et al. [32] focus
broadly on generic lightweighting, our survey uniquely filters theoret-
ical, algorithmic, and engineering advancements strictly through the
distinct constraints of edge-side text-to-image synthesis, providing a
holistic and highly specialized technical perspective for future mobile
deployments.

■ 3 Mathematical Foundations
This section presents the core theoretical foundations of diffusion
models, covering the three major paradigms: Denoising Diffusion
Probabilistic Models (DDPM) [8, 25], Score-based Generative Mod-
els (SGM) [9, 26], and Score-based Stochastic Differential Equation
models (Score SDE) [10, 28]. Fundamentally, these methods all fol-
low the “disturb-and-generate” framework: they first design a forward
diffusion process in which structured data are gradually perturbed by
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stepwise injection of noise, driving the data distribution towards pure
noise; subsequently, new samples are generated via a reverse denoising
reconstruction process. In this section, we sequentially review the for-
ward and reverse mechanisms of each diffusion model, elucidate their
intrinsic relationships, and finally introduce the mathematical formu-
lation of diffusion models under conditional generation scenarios.

We first unify the notation commonly used in diffusion models.
Let the discrete time steps be denoted by 𝑡 ∈ {0, 1, · · · , 𝑇}, and the
continuous time variable by 𝑡 ∈ [0, 𝑇]. Let the original data be x0 ∈ R𝑑
following the true data distribution 𝑞(x0). Diffusion models construct a
data trajectory {x0, x1, · · · , x𝑇 } by successively adding Gaussian noise
to the original data, such that x𝑇 eventually approaches a standard
Gaussian distribution. The strength of noise injection is controlled by
a schedule coefficient 𝛽𝑡 (for the discrete case) or a time-dependent
function 𝛽(𝑡)𝑑𝑡 (for the continuous case).

3.1 Denoising Diffusion Probabilistic Models (DDPMs)
DDPMs are generative models built upon two coupled Markov chains
that map data to noise and back [8,25]. The forward diffusion process
gradually perturbs clean data into a simple prior (typically a standard
Gaussian) using a fixed noise schedule; the reverse generative process
reconstructs data from noise via a learned, parameterized Markov
chain. Sampling proceeds by ancestral sampling [37], transforming an
initial noise sample into data through sequential denoising steps.

3.1.1 Forward and Reverse Processes: Core Formulation
Let x0 ∼ 𝑞(x0) denote data. The forward (diffusion) process defines a
Markov chain x0, x1, . . . , x𝑇 with Gaussian transitions

𝑞(x𝑡 |x𝑡−1) = N
(
x𝑡 ;

√︁
1 − 𝛽𝑡 x𝑡−1, 𝛽𝑡I

)
, 𝛽𝑡 ∈ (0, 1), (1)

which admits the closed-form marginal

𝑞(x𝑡 |x0) = N
(
x𝑡 ;

√︁
𝛼̄𝑡 x0, (1 − 𝛼̄𝑡 )I

)
, (2)

where 𝛼𝑡 := 1 − 𝛽𝑡 and 𝛼̄𝑡 :=
∏𝑡
𝑠=1 𝛼𝑠 . As 𝑇 grows and 𝛼̄𝑇→ 0, the

marginal 𝑞(x𝑇 ) approaches N(0, I) [25].
The reverse (generative) process is parameterized as

𝑝𝜃 (x𝑡−1 |x𝑡 ) = N
(
x𝑡−1; 𝜇𝜃 (x𝑡 , 𝑡), Σ𝜃 (x𝑡 , 𝑡)

)
, (3)

with x𝑇 ∼N(0, I) and sequential sampling x𝑡−1∼ 𝑝𝜃 (x𝑡−1 |x𝑡 ) until x0.
A practical and widely used parameterization predicts the noise in x𝑡 :

𝜇𝜃 (x𝑡 , 𝑡) =
1
√
𝛼𝑡

x𝑡 −
1 − 𝛼𝑡√
𝛼𝑡
√

1 − 𝛼̄𝑡
𝜖𝜃 (x𝑡 , 𝑡), (4)

where 𝜖𝜃 (x𝑡 , 𝑡) is a neural network estimating the Gaussian noise added
at step 𝑡 [8]. At inference time, one typically uses

x𝑡−1 = 𝜇𝜃 (x𝑡 , 𝑡) + 𝜎𝑞 (𝑡) z, z ∼ N(0, I), (5)

with 𝜎𝑞 (𝑡) chosen to match the forward-process posterior variance
(see Appendix 8.1).

3.1.2 Training Objective: Noise-Prediction View
Training maximizes a variational lower bound (ELBO) on log 𝑝𝜃 (x0)
[25], which simplifies to a weighted denoising (noise-prediction) ob-
jective [8]:

LDDPM =

𝑇∑︁
𝑡=1

𝑤𝑡 Ex0 , 𝜖

[ 

𝜖𝜃 (x𝑡 , 𝑡) − 𝜖

2
]
, (6)

where x𝑡 =
√
𝛼̄𝑡x0 +

√
1 − 𝛼̄𝑡 𝜖, 𝜖 ∼ N(0, I), and the weights 𝑤𝑡 arise

from the ELBO’s KL terms and depend on the noise schedule and
posterior variance (see Appendix 8.1 for the exact form). In prac-
tice, constant or schedule-aware weights are commonly used without
changing the fundamental estimator.

Together, Eqs. (1)–(6) summarize the core mechanics of DDPMs:
(i) a tractable Gaussian forward process, (ii) a parameterized Gaussian
reverse process that predicts noise, and (iii) a training objective equiv-
alent to supervised denoising across diffusion timesteps. For complete
derivations and posterior forms, refer to Appendix 8.1.

3.2 Score-based Generative Models (SGMs)
This section distills the core ideas and principal formulas of score-
based generative models (SGMs). We introduce the Stein score func-
tion and its use in Langevin sampling, outline learning via score match-
ing (with emphasis on denoising score matching), and summarize the
Noise Conditional Score Network (NCSN) as a practical, state-of-the-
art approach. Detailed derivations are deferred to Appendix 8.2.
3.2.1 Stein Score Function and Langevin Sampling
For a data distribution with density 𝑝(x), the Stein score (hereafter
simply the score) is the gradient of the log-density with respect to the
data:

s(x) := ∇x log 𝑝(x). (7)

This differs from the Fisher score ∇𝜃 log 𝑝𝜃 (x) in that Eq. (7) oper-
ates in data space, capturing directions of steepest increase in likeli-
hood [38]. Given an estimate of s(x), one can sample from 𝑝(x) via
unadjusted Langevin dynamics:

x̃𝑡 = x̃𝑡−1 +
𝛼

2
s(x̃𝑡−1) +

√
𝛼 𝜖𝑡 , 𝜖𝑡 ∼ N(0, I), (8)

which converges to 𝑝(x) under mild regularity conditions as𝛼→ 0 and
𝑇 → ∞ [39]. In practice, finite-step implementations are commonly
used without Metropolis–Hastings correction [40, 41].
3.2.2 Learning Scores via Score Matching
The learning goal is to approximate s(x) ≈ ∇x log 𝑝(x) without re-
quiring the (intractable) normalization of 𝑝(x). Several approaches
exist:

Explicit Score Matching (ESM). Replace 𝑝(x) by a kernel density
estimate (KDE) 𝑞ℎ (x) and minimize

LESM ≈
1
2
E𝑞ℎ (x)

[
∥s𝜃 (x) − ∇x log 𝑞ℎ (x)∥2

]
, (9)

which can be inaccurate in high dimensions or with limited data [42].
Implicit Score Matching (ISM). Avoid density estimation by min-

imizing
LISM := E𝑝 (x)

[
Tr(∇xs𝜃 (x)) + 1

2 ∥s𝜃 (x)∥
2] , (10)
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derived via integration by parts [38]. The trace term can be costly to
compute at scale [9].

Denoising Score Matching (DSM). Corrupt x0 ∼ 𝑝(x) by 𝑞(x′ |x0) =
N(x′ |x0, 𝜎

2I) and minimize

E𝑞 (x′ |x0 ) 𝑝 (x0 )

[
1
2
∥s𝜃 (x′) − ∇x′ log 𝑞(x′ |x0)∥2

]
, (11)

whose Gaussian target simplifies to predicting−𝜖/𝜎when x′ = x0+𝜎𝜖
[42]. Minimization recovers the score of the noisy marginal 𝑞𝜎 (x′).
3.2.3 Noise Conditional Score Network (NCSN)
To address low-manifold support and sparse regions, NCSN trains over
a sequence {𝜎𝑖}𝐿𝑖=1 with 𝜎1 > · · · > 𝜎𝐿 > 0 [9, 10]:

x′ = x0 + 𝜎𝑖𝜖, 𝜖 ∼ N(0, I), (12)

and minimizes the scale-conditioned objective

LNCSN = E𝑖, 𝑞 (x′ |x0 ) , 𝑝 (x0 )

[
1
2
𝜆(𝜎𝑖)




s𝜃 (x′, 𝜎𝑖) +
𝜖

𝜎𝑖




2
]
, (13)

where 𝜆(𝜎) = 𝜎2. Sampling employs annealed Langevin dynamics
from coarse to fine noise:

𝛼𝑖 ∝ 𝜎2
𝑖 , x′ ← x′ + 𝛼𝑖

2
s𝜃 (x′, 𝜎𝑖) +

√
𝛼𝑖 𝜖, 𝜖 ∼ N(0, I). (14)

This improves traversal of low-density regions and sample quality
[9]. The learned score in NCSN and the noise-prediction network in
diffusion models are closely related up to a scale factor [10].

3.3 Score Stochastic Differential Equations (Score SDEs)
Diffusion models, including Denoising Diffusion Probabilistic Models
(DDPMs) [8] and Score-Based Generative Models (SGMs) [9,10], can
be unified and generalized through the lens of stochastic differential
equations (SDEs) [10]. This continuous-time perspective provides a
powerful mathematical framework for understanding and improving
diffusion-based generative modeling.

The forward process in diffusion models can be described by a
general SDE of the form:

𝑑x = f (𝑡, x)𝑑𝑡 + 𝑔(𝑡)𝑑w, (15)

where f (𝑡, x) is the drift coefficient, 𝑔(𝑡) is the diffusion coefficient, and
w is a standard Wiener process. This SDE progressively transforms the
data distribution 𝑝0 (x) into a simple prior distribution 𝑝𝑇 (x) (typically
Gaussian) as time 𝑡 evolves from 0 to 𝑇 .

Remarkably, the reverse generative process corresponds to the time-
reversal of this forward SDE [43], given by:

𝑑x =
[
f (𝑡, x) − 𝑔(𝑡)2∇x log 𝑝𝑡 (x)

]
𝑑𝑡 + 𝑔(𝑡)𝑑w̄, (16)

where∇x log 𝑝𝑡 (x) is the score function and w̄ is a reverse-time Wiener
process.

Additionally, Song et al. [10] introduced the probability flow ordi-
nary differential equation (ODE):

𝑑x =

[
f (𝑡, x) − 1

2
𝑔(𝑡)2∇x log 𝑝𝑡 (x)

]
𝑑𝑡, (17)

which shares the same marginal distributions with the reverse SDE but
enables deterministic sampling.

For DDPM [8], the continuous-time limit corresponds to:

𝑑x = −1
2
𝛽(𝑡)x𝑑𝑡 +

√︁
𝛽(𝑡)𝑑w (forward) (18)

𝑑x = −𝛽(𝑡)
[ x
2
+ ∇x log 𝑝𝑡 (x)

]
𝑑𝑡 +

√︁
𝛽(𝑡)𝑑w̄ (reverse) (19)

For SGM with noise conditional score networks [10], the SDE
representation is:

𝑑x =

√︂
𝑑 [𝜎(𝑡)]2

𝑑𝑡
𝑑w (forward) (20)

𝑑x = − 𝑑 [𝜎(𝑡)]
2

𝑑𝑡
∇x log 𝑝𝑡 (x)𝑑𝑡 +

√︂
𝑑 [𝜎(𝑡)]2

𝑑𝑡
𝑑w̄ (reverse) (21)

The key challenge in implementing these reverse processes is esti-
mating the score function ∇x log 𝑝𝑡 (x), which is typically learned us-
ing denoising score matching [42] or similar objectives. Once trained,
samples can be generated using various numerical methods includ-
ing SDE solvers [10, 44], ODE solvers [10, 28, 45, 46], or predictor-
corrector schemes [10].
3.3.1 Derivations Summary
The detailed mathematical derivations connecting the discrete-time
formulations of DDPM and SGM to their continuous-time SDE rep-
resentations are provided in Appendix 8.3. These derivations involve
taking appropriate continuous-time limits and applying Taylor expan-
sions to transition from the discrete update rules to their differential
counterparts.

3.4 Core Methods for Conditional Generation
A central challenge in conditional generation with diffusion mod-
els is to effectively inject external information (e.g., text, class la-
bels) into the reverse denoising process. Let 𝑦 denote the condition-
ing signal. In principle, conditional generation can be achieved by
modeling 𝑝𝜃 (x𝑡 | x𝑡+1, 𝑦) via architectural conditioning (e.g., cross-
attention [47]). However, a direct formulation often underperforms
because (i) the standard diffusion objective aligns data distributions
but does not explicitly enforce semantic consistency with 𝑦; and (ii)
fine-grained aspects of 𝑦 (e.g., layout, attributes) may require step-
dependent adjustments that static fusion struggles to capture [48].
3.4.1 Reverse Process of Conditional Diffusion Models (Overview)
Following the DDPM formulation [7], the conditional reverse transi-
tion can be written using Bayes’ rule as

𝑝𝜃 (x𝑡 | x𝑡+1, 𝑦) ∝ 𝑝𝜃 (x𝑡 | x𝑡+1) 𝑝(𝑦 | x𝑡 ), (22)

where 𝑝𝜃 (x𝑡 | x𝑡+1) = N(𝜇,Σ) is the unconditional Gaussian tran-
sition. A first-order treatment of log 𝑝(𝑦 | x𝑡 ) around x𝑡 = 𝜇 shows
that 𝑝𝜃 (x𝑡 | x𝑡+1, 𝑦) remains Gaussian with the same covariance and
a shifted mean:

𝑝𝜃 (x𝑡 | x𝑡+1, 𝑦) ≈ N
(
𝜇 + Σ 𝑔, Σ

)
, 𝑔 ≜ ∇x𝑡 log 𝑝(𝑦 | x𝑡 )

��
x𝑡=𝜇 . (23)

Thus, conditional guidance amounts to specifying 𝑝(𝑦 | x𝑡 ) (or a
surrogate) and using its gradient with respect to x𝑡 to shift the mean.
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Table 1 Comparison of algorithmic innovations for diffusion models, categorized by their intervention phase (Training vs. Inference) and their specific pros/cons for edge deploy-
ment.

Algorithmic Paradigm Optimization Phase Advantages for Edge-side Disadvantages / Challenges on Edge

Latent Diffusion Training & Inference Drastically reduces memory footprint
(RAM) and computation by operating
in a compressed latent space.

VAE decoding still consumes significant
memory spikes; requires full retraining.

First-order Solvers (e.g., Euler) Purely Inference NFE=1 per step strictly limits memory
bandwidth thrashing; highly stable for
distilled models.

May require a larger number of total
steps (𝑇) to converge for non-distilled
models.

High-order Solvers (e.g., DPM-Solver) Purely Inference Achieves high-quality generation in
fewer total steps (e.g., 10-20 steps).

NFE > 1 per step causes severe cache
misses and thermal throttling on mobile
SoCs.

Step Distillation (e.g., LCM) Training (Distillation) Extreme latency reduction; enables 1-
to-4 step generation, making real-time
mobile T2I possible.

Susceptible to mode collapse (reduced
diversity); loss of fine-grained high-
frequency details.

Flow-Matching Training (from scratch) Straighter probability flow enables
faster convergence and easier simulation
during inference.

Heavy upfront training cost; still re-
quires multi-step sampling without fur-
ther distillation.

3.4.2 Classifier Guidance
Classifier Guidance [7] instantiates 𝑝(𝑦 | x𝑡 ) with an auxiliary classi-
fier 𝑝𝜙 (𝑦 | x𝑡 ) trained on noisy inputs. During sampling, the reverse
mean is shifted by the classifier gradient:

𝜇̂𝜃 (x𝑡 | 𝑦) = 𝜇𝜃 (x𝑡 ) + 𝑠 · Σ𝜃 (x𝑡 ) · ∇x𝑡 log 𝑝𝜙 (𝑦 | x𝑡 ), (24)

where 𝑠 controls guidance strength. This method is effective but
requires training and maintaining a noise-aware classifier, and may be
constrained by classifier accuracy for complex conditions (e.g., long
texts).
3.4.3 CLIP Guidance
CLIP [49] aligns images and text via contrastive learning. Using
CLIP’s encoders ( 𝑓 , 𝑔), one may treat the similarity 𝑓 (x𝑡 ) ·𝑔(𝑦) as
a surrogate score for 𝑝(𝑦 | x𝑡 ) [50–52]. The reverse mean update
mirrors the classifier case:

𝜇̂𝜃 (x𝑡 | 𝑦) = 𝜇𝜃 (x𝑡 ) + 𝑠 · Σ𝜃 (x𝑡 ) · ∇x𝑡
(
𝑓 (x𝑡 ) ·𝑔(𝑦)

)
. (25)

In practice, CLIP benefits from noise-aware training or denoising-
aware features to ensure meaningful gradients at intermediate timesteps,
which can limit scalability.
3.4.4 Classifier-Free Guidance
Classifier-Free Guidance (CFG) [53] avoids an explicit classifier by
relating conditional and unconditional scores via Bayes’ rule:

∇x𝑡 log 𝑝(𝑦 | x𝑡 ) ∝ ∇x𝑡 log 𝑝(x𝑡 | 𝑦) − ∇x𝑡 log 𝑝(x𝑡 ). (26)

In DDPMs, the denoiser 𝜖𝜃 (x𝑡 | 𝑦) parameterizes the conditional
score, while 𝜖𝜃 (x𝑡 | ∅) (obtained by dropping 𝑦 during training) pa-
rameterizes the unconditional score. The guided prediction is

𝜖𝜃 (x𝑡 | 𝑦) = 𝜖𝜃 (x𝑡 | ∅) + 𝑠 ·
(
𝜖𝜃 (x𝑡 | 𝑦) − 𝜖𝜃 (x𝑡 | ∅)

)
, (27)

which effectively amplifies the conditional signal. CFG has become
the default guidance mechanism for text-to-image diffusion due to its
simplicity and strong performance.

3.5 Theoretical Formulations versus Edge Constraints
While the rigorous formulations of DDPM, SGM, and Score-SDEs
provide the mathematical foundation for high-quality generation, they
inherently conflict with resource-constrained edge devices. The core
bottleneck lies in the iterative Markovian nature of these formulations.
For instance, simulating the reverse SDE or evaluating DDPM re-
quires hundreds to thousands of iterative steps (𝑇). On an edge device,
each step translates to a full forward pass of a massive U-Net (e.g.,
860M parameters). Since mobile SoCs possess limited SRAM, the
model weights must be repeatedly fetched from the slower DRAM.
This extreme memory bandwidth pressure—rather than pure compute
(FLOPs)—is the primary cause of intolerable latency (often minutes
per image) and severe battery drain on mobile phones, rendering the
raw theoretical formulations impractical for direct on-device deploy-
ment without the architectural and algorithmic interventions discussed
in subsequent sections.

■ 4 Algorithmic Innovations
In recent years, diffusion models have emerged as a research hotspot in
the field of generative models, owing to their solid theoretical founda-
tions and exceptional generative capabilities. However, early diffusion
models in practical applications still face three key challenges: (1) the
assumption of Euclidean space is often inadequate to accurately cap-
ture the complex manifold structures commonly present in real-world
data; (2) insufficient accuracy in likelihood estimation constrains both
the quality of generated samples and the controllability of the model;
and (3) low sampling efficiency limits the speed of generation. To
address these bottlenecks, researchers have systematically explored
improvements from multiple directions. Firstly, by introducing the
diffusion process into latent spaces, models have achieved more effec-
tive modeling of structured or complex data distributions. Secondly,
more precise methods for likelihood estimation and probability density
modeling have been developed to enhance both the quality and control-
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Fig. 1 Overview of the latent diffusion model (LDM) (figure adapted from [3]). The input image 𝑥 is first encoded into a latent space by the encoder E. LDM then performs the
diffusion process in this compressed latent space, where a denoising U-Net learns to reverse the noise addition process over multiple timesteps, incorporating external conditioning
information. Finally, the decoder D transforms the denoised latent representation back into the final output image.

lability of generated samples. Additionally, the design of more efficient
sampling algorithms has significantly improved inference speed.

Meanwhile, methods based on the consistency criterion further im-
prove computational efficiency by optimizing the generative process
of the probability flow ODE (17). More recently, the emerging flow
matching approach provides an alternative pathway, directly learning
the distribution transport vector field to enable more efficient genera-
tion. In the following sections, we systematically review representative
methods and the technical evolution along these directions.

Before delving into specific algorithmic innovations, it is crucial to
classify these methods based on their intervention phase: Training-side
versus Inference-side optimizations.

• Training-side techniques (e.g., Latent Diffusion, Flow-matching,
Consistency Models) require fundamentally altering the model
architecture or objective function. These methods demand mas-
sive computational resources on the cloud to train from scratch
or heavily fine-tune, but they yield model weights that are na-
tively more efficient for edge deployment.

• Inference-side techniques (e.g., Training-free ODE Solvers,
CFG scaling adjustments) do not require retraining. They opti-
mize the sampling trajectory or compute graph directly during
deployment, offering plug-and-play latency reductions at the
cost of potential quality degradation.

To alleviate text density and provide a clear overview, Table 1 sum-
marizes these primary algorithmic paradigms, explicitly categorizing
their intervention phase and comparing their advantages and disadvan-
tages in the context of edge-side deployment.

4.1 Efficient Diffusion Model in Latent Spaces
Conventional diffusion models typically operate directly in the orig-
inal data space (e.g., pixel space), a paradigm that faces two funda-
mental challenges. On one hand, the diffusion process in such high-
dimensional spaces requires a large number of network evaluation steps
to achieve gradual denoising, resulting in low sampling efficiency. On
the other hand, redundant high-frequency components in the data space

may interfere with the extraction of essential features by the model.
To address these issues, researchers have drawn inspiration from the
concept of manifold learning to construct lower-dimensional latent
spaces, within which the diffusion process is performed. This gives
rise to a cascaded “encode-diffuse-decode” architecture, significantly
improving computational efficiency.

The Latent Score-Based Generative Model (LSGM) [54] is the first
framework to integrate Score-Based Generative Models (SGM) with
Variational Autoencoders (VAE). Specifically, the VAE encoder maps
high-dimensional data into a lower-dimensional latent space, where the
SGM is then trained and sampled. This framework substantially im-
proves computational efficiency while preserving the original SGM’s
sample quality and probability coverage, thereby achieving a favorable
balance between model performance and resource consumption.

In contrast to the joint training paradigm of LSGM, the Latent Dif-
fusion Model (LDM) [3] adopts a staged optimization strategy. The
core of this technique lies in first independently training a hierarchical
VAE with perceptual equivalence to construct a semantically com-
pressed latent space, followed by training the diffusion probabilistic
model in this well-converged latent space. This decoupled training
framework not only reduces the difficulty of model optimization but,
more importantly, establishes a “perceptually equivalent, semantically
compressed” latent space. In this way, the diffusion process can focus
more effectively on learning essential features, enabling significant im-
provements in computational efficiency and visual fidelity for image
generation tasks. Figure 1 illustrates the core concept of LDMs.

4.2 Advances in Likelihood Estimation
The training objective of diffusion models is, in essence, the evi-
dence lower bound (ELBO) of the data log-likelihood. However, this
lower bound often suffers from looseness, which hinders the model
from achieving optimal likelihood performance. Recent research has
aimed to systematically improve noise scheduling strategies and the
parameterization of variance in the reverse process, thereby tightening
the variational bound and enhancing the data modeling capacity of

Frontiers of Computer Science | Issue XX | Volume XX | Month Year



Zi-Hao Qiu et al. A Survey of Edge-side Text-to-image Diffusion Models

diffusion models. In this section, we summarize key advances in this
area from three perspectives: noise schedule optimization, generalized
parameterization frameworks, and reverse variance optimization.

Traditionally, noise scheduling in diffusion models relies on heuris-
tic designs, which may not adapt well to the dynamic denoising require-
ments of complex data distributions. Improved Denoising Diffusion
Probabilistic Models (iDDPM) [55] introduced a cosine-based noise
scheduling strategy, which produces a smoother rate of noise change
at both ends of the diffusion process (𝑡 → 0 and 𝑡 → 𝑇). Experimental
results demonstrate that this approach significantly improves the log-
likelihood performance of the model. Specifically, iDDPM defines 𝛼̄𝑡
as:

𝛼̄𝑡 =
𝑓 (𝑡)
𝑓 (0) , 𝑓 (𝑡) = cos

(
𝑡/𝑇 + 𝑠
1 + 𝑠 ·

𝜋

2

)2
,

where 𝑠 is a hyper-parameter controlling the noise scale and 𝑇 is the
total number of diffusion steps. The corresponding forward-process
variance 𝛽𝑡 can be recursively computed as 𝛽𝑡 = 1− 𝛼̄𝑡

𝛼̄𝑡−1
. In addition,

iDDPM proposes a log-space interpolation method for learning the
reverse process variance:

Σ𝜃 (x𝑡 , 𝑡) = exp(𝑣 log 𝛽𝑡 + (1 − 𝑣) log𝜎2
𝑞 (𝑡)),

where 𝑣 is a learned weight vector output by the diffusion model (with
the same dimension as 𝛽𝑡 ), and 𝜎2

𝑞 (𝑡) is defined in (46). This design
preserves the stability of the original DDPM variance 𝛽𝑡 , while intro-
ducing data-dependency via 𝜎2

𝑞 (𝑡), enabling the model to adaptively
adjust the denoising strength for different time steps.

Beyond the variance learning approach in iDDPM, some models
can explicitly predict the variance directly. A representative model in
this direction is the Diffusion Transformer (DiT) [56]. DiT leverages a
Transformer-based architecture to combine the diffusion process with
the global modeling capabilities of the Transformer, making it highly
effective for high-resolution image generation tasks. Unlike traditional
models that only predict noise or mean, DiT is capable of predicting
both the noise and the variance in the diffusion process for the noised
input. By jointly predicting mean and variance, DiT improves both
the quality and diversity of generated images, while also enhancing
sampling stability and the preservation of fine details.

In the area of reverse-process variance optimization, Analytic-
DPM [57] derives, via rigorous mathematical analysis based on vari-
ational principles, an analytic expression for the optimal reverse vari-
ance:

Σ𝜃 (x𝑡 , 𝑡) = 𝜎2
𝑞 (𝑡)

+©­«
√︄
𝛽𝑡

𝛼𝑡
−
√︃
𝛽𝑡−1 − 𝜎2

𝑞 (𝑡)
ª®¬

2

·
(
1−𝛽𝑡E𝑞 (x𝑡 )

∥∇x𝑡 log 𝑞(x𝑡 )∥2

𝑑

)
where 𝜎2

𝑞 (𝑡) is defined in (46), 𝛼𝑡 = 1 − 𝛽𝑡 , 𝛽𝑡 = 1 − 𝛼̄𝑡 (the specific
definitions of 𝛽𝑡 and 𝛼̄𝑡 are provided in Appendix 8.1), 𝑞(x𝑡 ) is the
marginal distribution of x𝑡 under the forward process, and 𝑑 is the data
dimension. The major value of this work is that, given a pretrained
score model, the optimal reverse variance can be determined via Monte

Carlo estimation, leading to a significantly tighter variational bound
when used in likelihood evaluation.

Kingma et al. [58] proposed the Variational Diffusion Model (VDM),
generalizing the traditional diffusion model framework through a more
flexible parameterization. Specifically, VDM expresses the marginal
distribution of the forward process as 𝑞(x𝑡 |x0) = N(x𝑡 ;𝛼𝑡x0, 𝜎

2
𝑡 I),

where 𝛼𝑡 and 𝜎2
𝑡 independently control signal attenuation and noise

injection, respectively. This decoupled design reveals the intrinsic
connection between DDPM and NCSN: when 𝛼𝑡 =

√︃
1 − 𝜎2

𝑡 , VDM
reduces to the standard DDPM, characterized by monotonically de-
creasing signal-to-noise ratio (SNR) 𝛼2

𝑡 /𝜎2
𝑡 ; when 𝛼𝑡 = 1, VDM re-

covers the continuous-time formulation of NCSN. Furthermore, VDM
proposes the following parameterization of 𝜎2

𝑡 to enable differentiable
noise schedules:

𝜎2
𝑡 = sigmoid(𝛾𝜂 (𝑡)),

where 𝛾𝜂 (𝑡) is a monotonic neural network with parameters 𝜂, which
ensures the monotonic decrease of SNR over time and provides a differ-
entiable parameter space for learning more complex noise schedules.

4.3 Efficient Sampling Techniques
As previously discussed, the reverse process of diffusion models can
be formulated either as a reverse-time stochastic differential equation
(SDE) or as a probability flow ordinary differential equation (ODE).
In order to enhance sampling efficiency, researchers have developed a
variety of efficient numerical solvers. These methods can be broadly
categorized into three groups: solvers based on reverse-time SDEs,
solvers based on probability flow ODEs, and improved solvers for
probability flow ODEs utilizing higher-order gradient information. In
the following, we will systematically introduce representative works
and their innovations in each of these three categories.

4.3.1 Sampling via Reverse-Time SDEs
As described in Section 3.3, the reverse processes of DDPM and SGM
can both be regarded as discretized implementations of reverse-time
SDEs. Song et al. [9] pioneered the Annealed Langevin Dynamics
(ALD) approach, which coordinates noise attenuation and sampling
through a double-loop mechanism: the outer loop progressively de-
creases the noise scale 𝜎1 > 𝜎2 > · · · > 𝜎𝐿 > 0, while the inner loop
performs Langevin dynamics sampling at each noise level. This hier-
archical design allows effective exploration of global structures during
early sampling stages, followed by fine adjustment of local details in
later stages. Jolicoeur-Martineau et al. [59] pointed out an inherent
inconsistency in ALD, whereby the actual noise scale of samples in
the 𝑖-th outer iteration exceeds the theoretically expected 𝜎2

𝑖
, prevent-

ing full convergence of the Langevin dynamics and causing noise to
accumulate. To address this, they proposed the Consistent Annealed
Sampling (CAS) method, which dynamically matches the variance of
the injected noise at each step to the target value 𝜎2

𝑖
through adap-

tive scaling of the score function and noise term, thereby enforcing
consistency and preventing error propagation.

Song et al. [10] proposed an alternative discretization scheme for the
reverse-time SDE that synchronizes with the forward process: for each
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discretization step in the forward-time SDE, there exists a correspond-
ing discretization step in the reverse-time SDE. They showed that this
discretization effectively serves as a numerical SDE solver for Equation
(16). Building on this, Jolicoeur-Martineau et al. [44] developed an
adaptive-step SDE solver, which runs high-order and low-order solvers
in parallel and uses the similarity between their outputs as a local error
estimate to dynamically adjust the step size—adopting larger steps in
smooth regions to accelerate computation, and smaller steps in more
complex regions to ensure accuracy.

Inspired by physical dynamics, the Critically-Damped Langevin
Diffusion (CLD) method [60] innovatively introduces auxiliary ve-
locity variables to construct an augmented state space. The score
function in this method is designed to possess smoother perturba-
tion characteristics and a reduced learning burden. Together with a
custom-designed SDE integrator, it achieves notable improvements in
both sampling speed and quality. In addition, Song et al. [10] proposed
the predictor-corrector framework, which combines a numerical SDE
solver (predictor) with a Markov Chain Monte Carlo (MCMC) method
(corrector). At each time step, the predictor first generates a noisy
sample via numerical SDE integration, and the corrector then applies
MCMC updates to refine the sample distribution, ensuring consistency
between the sample marginals and those of the reverse SDE solution
at all time steps.
4.3.2 Sampling via Probability Flow ODEs
Compared to the highly stochastic nature of SDE-based inference, the
deterministic ODE-based inference process offers faster convergence
due to the absence of random perturbations, albeit at the potential
cost of reduced generative diversity. The Denoising Diffusion Implicit
Model (DDIM) [45] is one of the earliest works aimed at accelerating
the sampling procedure of diffusion models. As an improvement upon
DDPM, the core idea of DDIM is to speed up generation through a
non-Markovian diffusion process while retaining the same objective
function as DDPM. Specifically, DDIM defines the following non-
Markovian forward process:

𝑞(x1, x2, · · · , x𝑇 |x0) = 𝑞(x𝑇 |x0)
𝑇∏
𝑡=2

𝑞(x𝑡−1 |x𝑡 , x0),

where 𝑞(x𝑡−1 |x𝑡 , x0) is a Gaussian distribution whose mean depends
on both x𝑡 and x0, thus characterizing its non-Markovian property.
To ensure that the marginal distributions of the forward process match
those of DDPM, i.e., 𝑞(x𝑡 |x0) = N(

√
𝛼𝑡x0, (1−𝛼𝑡 )I) and 𝑞(x𝑡−1 |x0) =

N(√𝛼𝑡−1x0, (1 − 𝛼𝑡−1)I), DDIM derives the explicit form of
𝑞(x𝑡−1 |x𝑡 , x0) as follows:

𝑞(x𝑡−1 |x𝑡 , x0)

= N
(
√
𝛼𝑡−1x0 +

√︃
1 − 𝛼𝑡−1 − 𝜎2

𝑡 ·
x𝑡 −
√
𝛼𝑡x0√

1 − 𝛼𝑡
, 𝜎2
𝑡 I

)
.

Both DDIM and DDPM share the same training objective, namely, to
train the model 𝜖𝜃 (x𝑡 , 𝑡) to predict the noise in x𝑡 at each time step 𝑡.
During sampling, DDIM utilizes 𝑞(x𝑡−1 |x𝑡 , x0) in the reverse process.
First, an estimate of x0 is obtained from the trained 𝜖𝜃 (x𝑡 , 𝑡):

x𝑡 =
√
𝛼𝑡x0 +

√︁
1 − 𝛼𝑡 𝜖 ⇒ x̂0 =

x𝑡 −
√

1 − 𝛼𝑡 𝜖𝜃 (x𝑡 , 𝑡)√
𝛼𝑡

,

and this estimate x̂0 is substituted into the non-Markovian 𝑞(x𝑡−1 |x𝑡 , x0).
When setting 𝜎𝑡 = 0, the update becomes:

x𝑡−1 =
√
𝛼𝑡−1x̂0 +

√︁
1 − 𝛼𝑡−1𝜖𝜃 (x𝑡 , 𝑡).

It is noteworthy that the reverse process is now entirely determined
by x𝑡 and 𝜖𝜃 , with no random noise injection. Essentially, the DDIM
reverse process corresponds to a particular discretization of the prob-
ability flow ODE, where the absence of noise leads to slower error
accumulation, allowing for larger step sizes and thus, reduced sam-
pling steps. Furthermore, owing to its non-Markovian design, Song
et al. [45] demonstrated that, under certain conditions, the generative
distribution at selected steps of the reverse process well approximates
the distribution of the full process, enabling intermediate steps to be
skipped during sampling and further decreasing the number of diffu-
sion steps.

Subsequent work, the Generalized Denoising Diffusion Implicit
Model (gDDIM) [61], extends DDIM to a broader class of diffu-
sion models, such as the Blurring Diffusion Model (BDM) [62] and
Critically-Damped Langevin Diffusion (CLD) [60], by parameterizing
the score network accordingly. PNDM [63] interprets the reverse pro-
cess of diffusion models as solving an ODE on a specific manifold in
R𝑁 , and proposes a pseudo-numerical solver that confines sampling to
high-density manifolds of the data distribution, thereby mitigating the
degradation of generation quality due to deviation from the manifold as
observed in conventional numerical solvers. Their theoretical analysis
further reveals that DDIM is a special case of PNDM when restricted
to Euclidean spaces.
4.3.3 Sampling via High-Order ODE Solvers
As shown in Equation (17), the probability flow ODE possesses a
semi-linear structure. Leveraging this property, recent research has
developed customized high-order solvers. Karras et al. [28] introduced
the second-order Heun method [65], which incorporates an additional
correction step to reduce local truncation errors, thereby achieving an
effective balance between sample quality and sampling speed. Further-
more, they innovatively incorporated a stochastic Langevin diffusion
term—consisting of both the score function and random noise—into
the ODE solver, which serves to project samples back onto the data
manifold and further balance the trade-off between quality and effi-
ciency.

Both the Diffusion Exponential Integrator Sampler [66] and DPM-
solver [46] capitalize on the linear-nonlinear decomposition of the
ODE for the design of specialized solvers. In contrast to general-
purpose Runge-Kutta methods, these solvers analytically compute the
linear component and handle the nonlinear term through exponential
integrator techniques, resulting in significantly higher computational
efficiency than conventional methods. Experimental results demon-
strate that such customized solvers require only 10∼20 iterations to
generate high-quality samples, whereas traditional diffusion models
typically require hundreds of iterations to achieve similar results—thus
realizing an order-of-magnitude improvement in sampling speed.

Some recent works further enhance sampling accuracy by lever-
aging learnable parameters to capture higher-order gradient informa-
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Fig. 2 Core Idea of Consistency Models (figure adapted from [64]). Given a probability flow (PF) ODE that smoothly transforms data into noise, consistency models are designed to
learn mappings from any point on the ODE trajectory (e.g., x𝑡 , x𝑡′ , x𝑇 ) back to its origin (e.g., x0) for the purpose of generative modeling.

tion during numerical integration, thus mitigating cumulative errors
inherent in lower-order methods. GENIE [67] is a novel high-order
denoising diffusion solver whose core idea is to approximate the gener-
ative trajectory more accurately by incorporating higher-order gradient
information (such as second-order score functions), thereby signifi-
cantly improving the sampling efficiency of diffusion models. GENIE
achieves this by augmenting the first-order score network with an addi-
tional small network head, which is trained to distill higher-order gradi-
ents—computed via automatic differentiation—into this head during
training. At inference, this head can efficiently provide high-order
gradient information without the computational overhead of explicit
high-dimensional derivatives, thereby substantially improving sam-
pling accuracy while retaining computational efficiency.

Shaul et al. [68] proposed Bespoke Solvers, differentiable parame-
terized ODE solvers tailored for pre-trained diffusion models. Their ap-
proach generalizes the coefficients in traditional numerical solvers into
model-dependent dynamic parameters, which are optimized through
a global error objective based on multi-step consistency constraints.
Experiments show that the solver’s parameters can dynamically adapt
to the evolving ODE dynamics at different sampling stages, paving
new pathways for rapid sampling in generative models.
4.3.4 Edge-side applicability of high-order ODE solvers
While cloud environments typically favor higher-order ODE solvers
(e.g., DPM-Solver or PNDM) to minimize the total number of sampling
steps (𝑇), their applicability on edge devices is fundamentally limited.
In edge settings, the dominant constraint is not merely the overall step
count, but the severe limitations on per-step memory bandwidth and
computational cost. Higher-order solvers mathematically require mul-
tiple Neural Function Evaluations (NFE> 1) per step. On mobile hard-
ware, each additional NFE forces the NPU/GPU to repeatedly reload
massive weight tensors into a strictly limited SRAM. This redundant
fetching exacerbates memory thrashing, cache misses, and rapid ther-
mal throttling. Consequently, for resource-constrained edge deploy-
ments—especially when utilizing heavily step-distilled architectures
like LCMs—first-order solvers (e.g., Euler) are overwhelmingly pre-
ferred. Although first-order solvers might theoretically require more
steps to converge, maintaining a strictly bounded per-step computation
(NFE=1) drastically alleviates memory bandwidth pressure, ultimately

yielding the lowest end-to-end latency and optimal thermal stability
on mobile devices.

4.4 Consistency Model Techniques
Traditional diffusion models suffer from high inference latency due to
their requirement for multi-step iterative denoising, which limits their
practical deployment in real-world applications. To overcome this bot-
tleneck, recent research has proposed various methods that constrain
the geometric properties of diffusion trajectories, enabling efficient
data generation with fewer steps, or even in a single step. Among
these, the Consistency Model (CM) [70] and the Latent Consistency
Model (LCM) [71] represent important advances in this area.

The Consistency Model (CM) [70] is a novel generative model
capable of achieving one-step or few-step data generation. As shown
in Figure 2, its core idea is to learn a consistency function that maps
any point along a Probability Flow Ordinary Differential Equation
(PF-ODE) trajectory to the starting point of that trajectory (i.e., to
the solution of the PF-ODE, which corresponds to the original data).
The consistency function is defined as f : (x𝑡 , 𝑡) → x𝜖 , where 𝜖 is a
small positive constant; for numerical stability, solvers typically stop
at 𝑡 = 𝜖 , and x𝜖 is a datapoint very close to the genuine data sample.
The consistency function must satisfy the property of self-consistency:

f (x𝑡 , 𝑡) = f (x𝑡 ′ , 𝑡′), ∀𝑡, 𝑡′ ∈ [𝜖, 𝑇] .

Song et al. [70] showed that an effective parameterized consistency
model 𝑓𝜃 can be learned from data by optimizing an objective function
that enforces the above property. To ensure that the model satisfies the
boundary condition 𝑓𝜃 (x, 𝜖) = x, 𝑓𝜃 is parameterized as:

f𝜃 (x, 𝑡) = 𝑐skip (𝑡)x + 𝑐out (𝑡)F𝜃 (x, 𝑡),

where 𝑐skip (𝑡) and 𝑐out (𝑡) are differentiable functions satisfying 𝑐skip (𝜖)
= 1 and 𝑐out (𝜖) = 0, and F𝜃 (x, 𝑡) is a deep neural network. The con-
sistency model can be trained in two ways: by distillation from a
pretrained diffusion model (referred to as consistency distillation), or
by training from scratch. To further strengthen the self-consistency
property, Song et al. employed an exponential moving average update
for the target model 𝜃− , that is, 𝜃− ← +𝜇𝜃− + (1 − 𝜇)𝜃, and defined
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Fig. 3 Overview of flow matching (figure adapted from [69]). (a) The objective is to identify a flow that maps samples 𝜖 drawn from a prior distribution 𝑝prior to samples 𝑥 from the
data distribution 𝑝data. (b) To achieve this, a time-continuous probability path (𝑝𝑡 )0≤𝑡≤1 is constructed to interpolate between the source distribution 𝑝prior and the target distribution
𝑝data. (c) During training, regression techniques are employed to estimate the velocity field 𝑣 to generate 𝑝𝑡 . (d) To generate new samples 𝑥 ∼ 𝑝data, the estimated velocity field
𝑣𝜃 (𝑧𝑡 , 𝑡 ) is integrated from 𝑡 = 0 to 𝑡 = 1.

the consistency loss as follows:

L(𝜃, 𝜃− ;Φ) = Ex,𝑡

[
𝑑

(
f𝜃 (x𝑡𝑛+1 , 𝑡𝑛+1), f𝜃− (x̂𝜙𝑡𝑛 , 𝑡𝑛)

)]
,

where 𝑑 (·, ·) denotes a similarity metric between two samples, and x̂𝜙𝑡𝑛
is an estimate of x𝑡𝑛 computed from x𝑡𝑛+1 :

x̂𝜙𝑡𝑛 ← x𝑡𝑛+1 + (𝑡𝑛 − 𝑡𝑛+1)Φ(x𝑡𝑛+1 , 𝑡𝑛+1; 𝜙),

with Φ denoting a single-step ODE solver for the PF-ODE, such as the
Euler solver [10] or Heun solver [28]. Empirical results demonstrate
that CM achieves high-quality sampling with one or very few steps,
substantially improving generation efficiency and providing substantial
support for the practical deployment of diffusion models.

Building on the foundation of the Consistency Model, the Latent
Consistency Model (LCM) [71] introduces a key improvement by
transferring the self-consistency constraint into the latent space of a
pretrained diffusion model (such as the VAE latent space in Stable
Diffusion). Compared to consistency modeling in the pixel space,
the significantly reduced dimensionality in the latent space not only
greatly improves computational efficiency, but also facilitates the direct
use of pretrained text encoders (such as the CLIP encoder), making
LCM naturally suited for multi-modal generation tasks such as text-to-
image synthesis. To further enhance efficiency in guided generation,
the authors propose a guided distillation technique that incorporates
classifier-free guidance (CFG) into training by solving the probabil-
ity flow ODE, while also introducing a skip-step strategy for faster
convergence. Experimental results show that this method can com-
press the number of sampling steps to just 1-4, while preserving image
quality and diversity, substantially promoting the practical industrial
deployment of conditional diffusion models.

Failure Modes under Edge Constraints: As illustrated in Fig-
ure 2, Consistency Models attempt to map any point on the trajectory
directly to the origin. However, under extreme edge-side constraints
where networks are heavily compressed (e.g., fewer parameters) and
inference is restricted to a single step, this mapping exhibits specific
failure modes. The highly non-linear nature of the true probability
flow is difficult to approximate perfectly with a low-capacity mobile
network in one shot. Consequently, edge-deployed one-step models
often suffer from noticeable blurriness, loss of high-frequency tex-
tures, and diminished fine-grained details compared to their multi-step
counterparts.

4.5 Flow Matching Methods
The objective of generative models is to transform a prior distribution
into a data distribution. Flow Matching (FM) approaches [69, 72, 74]
provide an intuitive and conceptually simple framework for construct-
ing flow paths that transport one distribution to another, with a partic-
ular focus on the velocity field used to guide model training. Since
their introduction, flow matching methods have been widely adopted
in modern generative modeling [75–77]. Figure 3 presents the key
elements of the flow matching methods. Specifically, given data sam-
ples 𝑥 ∼ 𝑝data (𝑥) and prior noise 𝜖 ∼ 𝑝prior (𝑥), a flow path can be
constructed as follows:

𝑧𝑡 = 𝑎𝑡𝑥 + 𝑏𝑡 𝜖,

where 𝑡 denotes time, and 𝑎𝑡 , 𝑏𝑡 are predefined schedulers, typically
chosen as 𝑎𝑡 = 1 − 𝑡 and 𝑏𝑡 = 𝑡. From this, the velocity 𝑣𝑡 can be
defined as:

𝑣𝑡 =
𝑑

𝑑𝑡
𝑧𝑡 =

𝑑

𝑑𝑡
𝑎𝑡𝑥 +

𝑑

𝑑𝑡
𝑏𝑡 𝜖 .

Since the above velocity depends on both 𝑥 and 𝜖 , it is also referred
to as the conditional velocity [69], denoted as 𝑣𝑡 = 𝑣𝑡 (𝑧𝑡 |𝑥). Flow
matching approaches model the expectation of conditional velocities
over all possibilities to obtain the marginal velocity:

𝑣(𝑧𝑡 , 𝑡)
Δ
= E𝑝𝑡 (𝑣𝑡 |𝑧𝑡 ) [𝑣𝑡 ] . (28)

The training objective of flow matching methods is to optimize a
neural network parameterized by 𝜃, denoted 𝑣 𝜃 , to learn the marginal
velocity field via the loss LFM (𝜃) = E𝑡 , 𝑝𝑡 (𝑧𝑡 ) ∥𝑣 𝜃 (𝑧𝑡 , 𝑡) − 𝑣(𝑧𝑡 , 𝑡)∥2.
Although this objective is challenging to compute directly due to the
expectation in (28), Lipman et al. [69] show that minimizing the condi-
tional Flow Matching lossLCFM (𝜃) = E𝑡 , 𝑝𝑡 (𝑧𝑡 )

{
∥𝑣 𝜃 (𝑧𝑡 , 𝑡) − 𝑣(𝑧𝑡 |𝑥)∥2

}
is equivalent to minimizing LFM.

Once the marginal velocity field 𝑣(𝑧𝑡 , 𝑡) is obtained, novel samples
can be generated by solving the following ODE:

𝑑

𝑑𝑡
𝑧𝑡 = 𝑣(𝑧𝑡 , 𝑡),

where the initial point can be set as 𝑧1 = 𝜖 ∼ 𝑝prior. The solution to
this ODE can be written as 𝑧𝑟 = 𝑧𝑡 −

∫ 𝑡
𝑟
𝑣(𝑧𝜏 , 𝜏)𝑑𝜏, where 𝑟 denotes

another time step. In practice, this integral is typically approximated
by numerical integration over discrete time steps.
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Table 2 Summary of Subsequent Improvements in Diffusion Models

Improvement Direction Representative Methods Core Concepts

Latent Diffusion Models
Latent Score-Based Generative Model [54] Jointly trains a VAE encoder and a diffusion model
Latent Diffusion Model [3] Trains a VAE encoder first and then constructs a

diffusion model

Advances in Likelihood Estimation
Noise Schedule Optimization [55] Designs adaptive noise schedules for smoother

denoising
Reverse Variance Optimization [55–57] Accurately models reverse variance using analyt-

ical formulas or model predictions
General Parametrization Framework [58] Independently parameterizes signal attenuation

and noise injection

Efficient Sampling Algorithms
Based on Reverse SDE [9, 10, 44, 59, 60] Uses discrete reverse SDE to generate data from

noise
Based on Probability Flow ODE [45, 61, 63] Constructs efficient generative paths by solving

deterministic ODEs
Based on High-Order ODE [28, 46, 66–68] Approximates generative trajectories more accu-

rately by modeling higher-order information

Consistency-Based Methods
Consistency Model [70] Directly maps any point on the diffusion trajectory

to a data point
Latent Consistency Model [71] Transfers the consistency model to a low-

dimensional latent space

Flow Matching Methods
Rectified Flow [72] Linearizes the transport path between data and

noise
Mean Flow [73] Characterizes the transformation of the field by

average velocity over a time interval

Rectified Flow (RF) [72] represents an important recent advance-
ment in flow matching methods, aiming to further improve training and
inference efficiency. Inspired by ODEs and Optimal Transport (OT)
theory, the central idea of RF is to construct straighter transport paths
between the prior and data distributions. This design allows for larger
step sizes during generation without divergence, thereby effectively
reducing the number of sampling iterations required. Specifically, RF
defines the forward process as a straight-line interpolation between the
data distribution and a standard normal distribution:

x𝑡 = (1 − 𝜎𝑡 )x0 + 𝜎𝑡 𝜖,

where x0 represents a clean image, 𝑡 denotes the time step, 𝜎𝑡 is
a coefficient depending on 𝑡, and 𝜖 is random noise sampled from
N(0, I). The reverse process in RF is learned by a neural network that
models the velocity field, 𝑣 𝜃 (x𝑡 , 𝑡):

Ltask = E𝜖∼N(0,I) ,𝑡
[
∥(𝜖 − x0) − 𝑣 𝜃 (x𝑡 , 𝑡)∥22

]
.

As can be seen, the velocity field essentially describes the direction of
optimal transport from the noise 𝜖 to the image x0. To enhance training
stability, Liu et al. [72] propose using a logit-normal sampling strategy
for 𝑡, which samples middle steps with higher probability. During
inference, RF employs the Flow-Euler sampler, which updates the next

sample based on the learned velocity field:

x𝑡−1 = x𝑡 + (𝜎𝑡−1 − 𝜎𝑡 ) · 𝑣 𝜃 (x𝑡 , 𝑡),

where 𝜎𝑡−1 − 𝜎𝑡 can be interpreted as the step size. By explicitly
enforcing linearized trajectories and modeling the velocity field instead
of the traditional diffusion process, RF retains the progressive nature of
sample generation in diffusion models while eliminating the reliance
of conventional diffusion ODEs on the score function, thus enabling
efficient sampling. High-quality samples can generally be obtained
within only 10–20 steps.

In recent work aimed at further enhancing efficiency and quality
in flow matching models, various innovative approaches have been
proposed. Flow Map Matching [78] directly models the flow mapping
between arbitrary time steps, bypassing the need for numerical inte-
gration in the generation process. Here, the flow map is defined as the
integral of the velocity field between two time steps (i.e., the net dis-
placement), and researchers have devised multiple matching losses to
facilitate effective learning. Building on this concept, Shortcut Mod-
els [79] introduce a self-consistency loss within the flow matching
framework, explicitly modeling the relationships among flow maps
of different step sizes. This enables the model to perform efficient
and consistent mappings from noise to data with arbitrary step sizes,
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supporting high-quality generation in one or a few steps. Inductive
Moment Matching [80] further extends this idea by generalizing self-
consistency modeling to multiple different time steps, specifically tar-
geting temporal consistency for stochastic interpolators.

Distinct from previous flow matching techniques that focus on mod-
eling pointwise instantaneous velocities along the path, the Mean Flow
method [73] captures the overall transformation of the field by con-
sidering the average velocity over an interval. This work not only
derives explicit relationships between average and instantaneous ve-
locities, but also leverages this insight for neural network training. A
significant advantage of the mean flow approach is that, if the average
velocity can be accurately modeled, the entire flow path can be effec-
tively approximated via a single forward inference, greatly improving
generative efficiency. Collectively, these methods open new avenues
toward efficient and controllable generation with diffusion models.

4.6 Taxonomy of Optimizations: Training vs. Inference
To provide a comprehensive perspective on the rapid development
of diffusion models, it is essential to establish a clear distinction be-
tween techniques that optimize the training phase and those that focus
on the inference stage. While the ultimate goal of both directions
is to enhance generative quality, stability, and speed, they intervene
at fundamentally different stages of the model’s lifecycle. Training-
side optimizations generally involve modifying the data space, model
architecture, loss functions, or learning paradigms, fundamentally al-
tering the “knowledge” and generative pathways the model acquires.
In contrast, inference-side optimizations typically treat the pre-trained
model as a fixed entity, focusing purely on algorithmic and numerical
improvements to navigate the established generative pathways more
efficiently without requiring any network retraining.

Among the training-side optimizations, a primary direction is the
reconstruction of the training space and the parameterization of the
network. For instance, Latent Diffusion Models (such as LDM [3] and
LSGM [54]) fundamentally shift the diffusion process from the high-
dimensional pixel space to a low-dimensional semantically compressed
latent space, drastically reducing the computational burden required
during training. Similarly, works focusing on advances in likelihood
estimation—such as iDDPM [55], DiT [56], and VDM [58]—optimize
the noise schedules and explicitly learn or parameterize the variance
during the training phase. These modifications tighten the variational
lower bound and enhance the inherent data modeling capacity of the
network, ensuring that the model is intrinsically better conditioned
before any sampling occurs.

Another vital class of training-side optimizations focuses on lin-
earizing or constraining the generative trajectories to explicitly facili-
tate rapid sampling later on. Flow Matching methods [69, 74], partic-
ularly Rectified Flow [72], rethink the training objective by replacing
the standard score-matching loss with velocity field regression, forcing
the model to learn straightened transport paths that naturally permit
larger step sizes. Similarly, Consistency Models (CM) [70] and Latent
Consistency Models (LCM) [71] introduce profound training-side in-
novations, often realized via distillation or custom loss functions. By

enforcing self-consistency across the ODE trajectory directly within
the training objective, these models restructure their weights to map
any noisy state directly to the data manifold, explicitly optimizing for
one- or few-step generation from the ground up.

Conversely, inference-side optimizations seek to accelerate the sam-
pling process or improve generation quality by exclusively refining
the numerical solvers, leaving the pre-trained model parameters un-
touched. The transition from standard Markovian processes to non-
Markovian samplers like DDIM [45], as well as the development of
probability flow ODE solvers like PNDM [63], DPM-Solver [46], and
Exponential Integrator Samplers [66], are classic examples of this
paradigm. By analytically computing linear components or skipping
redundant integration steps, these deterministic methods dynamically
accelerate generation. Furthermore, SDE-based refinements, such as
the predictor-corrector framework [10] and Consistent Annealed Sam-
pling (CAS) [59], optimize the stochastic inference process by carefully
coordinating noise injection and denoising steps at test time, enhancing
sample diversity and manifold fidelity without incurring any additional
training costs.

Finally, the boundary between training and inference optimizations
is increasingly blurring, giving rise to hybrid approaches that codesign
both stages. For example, high-order ODE solvers like GENIE [67] and
Bespoke Solvers [68] introduce lightweight, learnable components or
dynamic parameters tailored specifically to the inference solver. While
their primary goal is to optimize the inference process by minimizing
truncation errors, they require a dedicated, albeit brief, training or
distillation phase to adapt the solver to the pre-trained model’s specific
dynamics. Ultimately, the most profound recent leaps in diffusion
models demonstrate a clear trend: modern training-side techniques
(like Flow Matching and Consistency Models) are increasingly and
explicitly designed to serve the ultimate goal of ultra-fast inference,
reflecting a holistic optimization philosophy that unifies both stages.

4.7 Bridging Theoretical Foundations with Edge Constraints
Despite the robust generative capabilities of DDPM, SGM, and Score
SDE, their direct deployment on edge devices is impeded by a fun-
damental conflict between the rigorous mathematical formulation and
the stringent hardware constraints (e.g., latency, energy, and memory).
The standard diffusion process is computationally expensive, and un-
derstanding its theoretical underpinnings is prerequisite for developing
efficient Edge AIGC. Specifically, the mathematical bottlenecks of dif-
fusion models can be decomposed into three dimensions, which define
the current research roadmap for edge optimization:

First, regarding the temporal dimension, the reverse diffusion pro-
cess is mathematically defined as a sequential integration over a long
trajectory 𝑡 ∈ [𝑇, 0], typically requiring hundreds of iterative steps.
This sequential nature leads to prohibitive inference latency on edge
processors. To address this, mathematical approximations that treat the
reverse process as an Ordinary Differential Equation (ODE) allow for
larger step sizes. Techniques such as DDIM [45] and DPM-Solver [46]
significantly accelerate sampling by utilizing high-order solvers, while
Consistency Models [64] and Progressive Distillation [81] aim to dis-
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till the entire trajectory into a single function evaluation, enabling
real-time generation on mobile devices.

Second, regarding the model complexity, the score function esti-
mator 𝜖𝜃 (x𝑡 , 𝑡) is parameterized by deep neural networks with high
arithmetic intensity, which challenges the limited memory bandwidth
and power budget of edge hardware. Recent works leverage the mathe-
matical property that diffusion models are inherently robust to noise to
perform aggressive compression. Methods like Q-Diffusion [82] and
PTQ4DM [83] demonstrate that the weights and activations can be
quantized to low-bit formats (e.g., INT4) without collapsing the gener-
ative distribution. Furthermore, architecture-level optimizations, such
as MobileDiffusion [29] and SnapFusion [21], restructure the network
topology 𝜃 to align with the cache hierarchy of mobile NPUs, reducing
the computational cost of each step.

Third, regarding the spatial dimension, the standard diffusion for-
mulation operates in the high-dimensional pixel space x ∈ R𝑑 , where
computational cost scales quadratically with resolution. This is of-
ten infeasible for high-resolution generation on battery-powered de-
vices. To mitigate this, Latent Diffusion Models (LDM) [3] shift the
mathematical diffusion process into a compressed low-dimensional la-
tent space. By decoupling the generative modeling from pixel-level
rendering, LDM and its lightweight variants (e.g., Tiny-Fusion [84])
dramatically reduce the dimensionality 𝑑 of the stochastic differential
equations, making high-quality synthesis accessible on edge platforms.

In summary, the specific variables—time steps 𝑇 , network parame-
ters 𝜃, and data dimensionality 𝑑—introduced in the following mathe-
matical formulations serve as the primary ”knobs” for optimizing edge
performance. The subsequent review of the forward and reverse mech-
anisms provides the theoretical blueprint necessary to understand how
these variables interact and how they can be manipulated to achieve
efficient, low-resource generative intelligence.

■ 5 Text-to-image Diffusion Models
Previously, we discussed the mathematical foundations of diffusion
models as well as methods for optimizing training and inference. In
this section, we focus on three additional key components of text-
to-image generation systems: model architecture, training data, and
evaluation metrics. Using representative models such as Stable Dif-
fusion as examples, we analyze how architectural innovations enable
efficient multimodal integration. We also examine how strategies for
constructing training datasets affect the quality of generated outputs,
and review the strengths and limitations of current evaluation methods.
These practical insights are crucial for the development of robust and
usable generative systems.

5.1 Model Architecture
Architectural design has played a crucial role in the advancement of
text-to-image diffusion models. Early works [8, 9] predominantly re-
lied on the UNet architecture [85]. Centered around convolutional
operations, UNet implements a hierarchical workflow comprising suc-
cessive downsampling and upsampling phases, thus enabling compre-
hensive feature extraction and image reconstruction. Specifically, the

downsampling path progressively reduces spatial resolution, extract-
ing high-level semantic information, while the upsampling path fuses
low-level spatial details with high-level features via skip connections,
effectively restoring local structures and image textures. The inter-
mediate, or bottleneck, stage acts as a bridge between downsampling
and upsampling, often consisting of several processing units responsi-
ble for deep feature transformation and global information integration.
Although UNet excels in multi-scale denoising tasks, its convolution-
based structure inherently limits its receptive field and capacity to
model long-range dependencies. Furthermore, UNet’s ability to incor-
porate external conditional information (e.g., text prompts) is some-
what restricted, which can undermine its effectiveness in text-to-image
generation tasks.

To better integrate external conditioning signals, researchers have
proposed various innovative approaches. For instance, GLIDE [86]
enhances the UNet framework through a dual mechanism for text incor-
poration: first, a Transformer encoder processes text prompts, feeding
the resulting global embedding vector into the model as a condition-
ing input; second, the intermediate text token features are projected
into each attention layer of the UNet, facilitating cross-modal inter-
action between image and text features at different semantic levels.
Imagen [48] employs a pretrained text encoder (e.g., T5 [87]) to gen-
erate semantic embeddings and introduces cross-attention layers into
the UNet for dynamic alignment between text and image features.
Additionally, global text vectors, obtained via pooling, are injected
into every network layer to ensure semantic consistency. In terms
of generative strategy, both GLIDE and Imagen utilize a hierarchical
paradigm: a text-conditional diffusion model first generates a low-
resolution image, which is subsequently refined via super-resolution
modules. DALL·E-2 [88] innovatively leverages a CLIP text encoder
to first generate semantic representations, followed by hierarchical dif-
fusion models to synthesize high-resolution images. While these ap-
proaches have greatly improved text-image alignment, their cascaded
design or direct high-resolution generation typically incurs substantial
computational overhead.

Latent Diffusion Models (LDMs) [3] address these challenges by
offering a novel solution that boosts computational efficiency and en-
hances the modeling of long-range dependencies and external condi-
tions. Building upon the core UNet design with hierarchical sampling
and skip connections, LDMs introduce both self-attention and cross-
attention mechanisms: the former captures global dependencies within
the image, while the latter enables effective conditioning on external
textual information. Moreover, by incorporating timestep embeddings
into residual blocks, LDMs better model the dynamics of the diffu-
sion process. This conditional information injection paradigm has
been widely adopted in subsequent works and forms the basis for the
Stable Diffusion model family—a structure referred to henceforth as
the Conditional UNet. With increasing model capacity and continual
refinement of training strategies (e.g., SDXL [89]), the performance
of this architecture has been significantly advanced, making it a main-
stream solution in both academia and industry.

In recent years, the rise of Vision Transformers (ViTs) [90] has stim-
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Fig. 4 The inference process of the Stable Diffusion Model (SDM).

ulated explorations of more efficient and streamlined architectures. For
example, UViT [91] integrates Transformer modules into the bottle-
neck of the Conditional UNet, replacing conventional convolutional
layers and substantially enhancing the model’s global feature mod-
eling capabilities. Although self-attention theoretically incurs high
computational complexity, in practice, Transformer and MLP mod-
ules can fully leverage the parallelism of modern GPUs/TPUs, thereby
maintaining practical efficiency. Owing to its architectural similarity
to the Conditional UNet, UViT is treated as a variant thereof and will
be discussed jointly in the remainder.

Pushing diffusion model architectures further, the Diffusion Trans-
former (DiT) [56] abandons convolution entirely, instead processing its
input as sequences of non-overlapping patches. This patch-based repre-
sentation preserves the powerful sequence modeling capacity of Trans-
formers while alleviating the computational burden of high-resolution
inputs. The DiT block is fundamentally a standard Transformer block
(multi-head self-attention plus feed-forward network), but innovatively
incorporates Adaptive Layer Normalization with zero-initialization
(AdaLN-Zero), allowing time-step and text prompt features to be used
as conditioning signals for fine-grained control over the diffusion pro-
cess. After encoding, the final token representations are decoded
to produce noise and variance predictions, completing the generative
process. Such architectural innovations have significantly improved
visual fidelity and sampling efficiency, opening new avenues for future
diffusion model development.

A notable application of the LDM framework is found in Stable
Diffusion Models (SDMs) [3], among the most widely used open-
source models for text-to-image generation. Owing to their superior
generative abilities, SDMs are now adopted as core architectures for
a variety of text-guided vision tasks [92–95]. In essence, SDMs are
text-to-image optimized LDMs leveraging diffusion in a semantically
compressed latent space [45, 53, 63] for improved computational effi-
ciency. The model utilizes either a Conditional UNet or DiT archi-

tecture for iterative latent sampling/denoising, synergized with a text
encoder [49] and image decoder [96, 97] to produce text-aligned im-
ages. The architecture and inference workflow of SDMs are shown in
Figure 4.

We begin by detailing the text-to-image pipeline of SDMs and the
core denoising architecture. As shown in Figure 4, SDM adopts a
multi-stage process: a user prompt is encoded into a text embedding
via a pretrained, frozen CLIP encoder; initial noise is sampled from
N(0, I); and a discrete timestep 𝑡 ∈ {0, . . . , 𝑇} is embedded into a
continuous vector. These inputs—text embedding, noise latent, and
timestep embedding—are fed into a conditional denoiser (Conditional
U-Net or DiT), which iteratively predicts noise and updates the latent
over 𝑇 steps, steering it toward the target semantics. The refined latent
is finally decoded by a VAE to produce a high-resolution image aligned
with the prompt.

Before presenting acceleration strategies, we analyze the compu-
tation, parameter distribution, and latency of each core module and
step in SDMs. Building on Li et al. [21] and focusing on Stable
Diffusion v1.5, we quantify layer-wise parameters and compute cost.
These insights expose inefficiencies in text-to-image diffusion and in-
form subsequent optimization under resource constraints, particularly
for mobile deployment.

As shown in Figure 4, SDM consists of three main modules: the
text encoder, denoising network, and VAE decoder. Li et al. [21] quan-
titatively investigated the parameter count and latency (measured on
an iPhone 14 Pro) of each module in the SD-v1.5 model. Specifically,
SD-v1.5 employs a ViT-H model [49] as its text encoder. Since the
diffusion pipeline operates with classifier-free guidance, according to
Eq. (27), the text encoder is executed twice per image—once with the
text prompt and once with an empty string, producing both conditional
and unconditional embeddings. Despite this, the text encoder con-
tributes only a minor portion of total inference latency (approximately
8 milliseconds) and has negligible impact on overall performance. In
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contrast, the VAE decoder is responsible for reconstructing the final
image from the compressed latent representation, incurring a latency
of about 369 milliseconds—mainly due to the complexity of the de-
coding process. By far the most computationally expensive module,
however, is the denoising network: its per-step latency reaches up
to 1.7 seconds, and the generative process requires repeated forward
passes. As a result, it is the dominant performance bottleneck in the
entire inference pipeline.

To dissect the internal structure of the Conditional UNet, it is crucial
to focus on the attention modules and residual blocks. The cross-
attention module fuses textual information into image representations
at each stage; this operation is given by:

Cross-Attention(𝑄z𝑡 , 𝐾c, 𝑉c) = Softmax
(
𝑄z𝑡 · 𝐾⊤c√

𝑑

)
· 𝑉c,

where 𝑄z𝑡 is projected from the noise input z𝑡 , and 𝐾c and 𝑉c are
projected from the textual condition c, with 𝑑 denoting feature di-
mensionality. Through cross-attention, the model achieves multi-scale
text-image alignment. The residual blocks, in turn, are responsible for
capturing and preserving local spatial features. The interplay between
attention and residual modules thus enables the diffusion model to
balance global semantic comprehension with high-fidelity detail re-
construction, supporting the realism and richness of generated images.

Li et al. [21] further compares layerwise latency and parameter
distribution within the Conditional UNet. Results indicate that pa-
rameters are highly concentrated in the middle layers of the network,
largely due to increased channel widths, with the residual blocks dom-
inating the total parameter count. In terms of latency, the input and
output stages are the most time-consuming, which stems from the high
spatial resolution of features at these stages; the computational com-
plexity of spatial cross-attention grows quadratically with feature size
(i.e., the token count in ViT), leading to exponential computational
overhead. As such, this inefficiency constitutes a critical target for
further optimization of SDM inference performance.

To ground the latency breakdown illustrated in Figure 4, we refer
to the concrete profiling methodology established by Li et al. [21].
The latency assertions presented are based on generating a standard
512×512 resolution image using 20 diffusion steps on an iPhone 14 Pro
equipped with the A16 Bionic chip and its Neural Engine (NPU). Under
these reproducible edge constraints, the structural bottleneck becomes
evident. As shown in Figure 4, while the VAE decoding is a one-time
operation, the UNet is executed repeatedly. The cross-attention mech-
anisms and ResNet blocks within the UNet demand massive memory
bandwidth. On mobile devices with limited SRAM, this repetitive
execution forces frequent read/write operations to the slower DRAM,
accumulating to the severe 1.7 seconds-per-step latency bottleneck.
This empirical evidence directly motivates the necessity for the archi-
tectural and step-reduction optimizations discussed in Section 6.

5.2 Training Data
The quality of data plays a crucial role in determining the ultimate
performance of machine learning models. For generative model train-
ing, datasets with labels—such as CIFAR10 [98], ImageNet [99], and

LSUN [100]—are of vital importance, particularly for unconditional or
class-conditional generation tasks. These datasets, with their precise
class annotations, provide structured learning objectives for diffusion
models, enabling the generation of category-specific images. For ex-
ample, ImageNet, with its 1,000 fine-grained classes, facilitates the
learning of rich visual representations, while CIFAR10, owing to its
smaller scale and clear class divisions, is often used for rapid model
prototyping. Moreover, such datasets also serve as indispensable re-
sources for training image encoders or super-resolution modules [3],
functioning as essential components for pre- and post-processing in dif-
fusion models. However, due to the lack of textual descriptions, their
application in text-to-image tasks is limited; they are mainly suitable
for class-conditional or foundational generative ability evaluation.

With the emergence of large-scale image-text paired datasets, such
as LAION [101] and Conceptual Captions [102,103], diffusion models
have made notable advances in text-conditional image generation. The
LAION dataset contains billions of web-scraped image-text pairs, with
high-quality alignment ensured by CLIP-based filtering. Similarly,
Conceptual Captions employs automated pipelines to refine caption
quality, rendering the dataset both informative and learnable. These
datasets encompass a wide range of visual concepts and linguistic ex-
pressions, enabling diffusion models to acquire complex cross-modal
correspondences and achieve strong zero-shot generation performance.
Although the MSCOCO dataset [104] is much smaller in scale, its di-
verse scene coverage and five high-quality captions per image make
it a valuable resource for initial training and benchmarking of text-to-
image models, especially in evaluating zero-shot generation capabili-
ties.

Despite automated cleansing of web-scale image-text pair data, in-
herent noise in real-world datasets—such as semantic drift, annotation
errors, and context fragmentation—remains a significant challenge,
impeding further model improvement. In this context, the use of syn-
thetic data for model training has attracted increasing research interest.
EdgeFusion [23], for example, employs GPT-4 for prompt generation
and SDXL [89] for image synthesis, significantly enhancing the con-
trollability and diversity of training data. By systematically varying
attributes such as gender, ethnicity, and age, this method effectively
mitigates data bias and achieves broader, more inclusive coverage. Ex-
perimental results demonstrate that synthetic samples excel in both
image quality and text-image semantic alignment, leading to substan-
tial improvements in overall model performance.

5.3 Evaluation Metrics
With the rapid advancement of text-to-image generation, diffusion
models have emerged as a key research focus due to their high-quality
outputs and remarkable training stability. Against this backdrop, estab-
lishing objective and comprehensive performance evaluation metrics
has become crucial for assessing technological effectiveness. This sec-
tion focuses on evaluation methods for diffusion models, systematically
introducing three core metrics—inception score (IS) [105], Fréchet in-
ception distance (FID) [106], and CLIP score—while discussing their
applicability and inherent limitations in different application scenarios.
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Inception Score (IS) [105] is a classic metric for evaluating gen-
erative models, relying on a pretrained Inception-v3 network [107]
to quantify both the quality and diversity of generated images. Its
calculation proceeds as follows:

The computation process of Inception Score (IS):
1. For each generated image x, the Inception-v3 model

predicts its class distribution 𝑝(𝑦 |x);
2. The marginal class distribution over all generated im-

ages is computed as 𝑝(𝑦) = Ex [𝑝(𝑦 |x)];
3. The average KL divergence between 𝑝(𝑦 |x) and 𝑝(𝑦)

is calculated and exponentiated:

IS = exp(Ex [KL(𝑝(𝑦 |x)∥𝑝(𝑦))]).

Intuitively, if 𝑝(𝑦 |x) is sharply peaked (i.e., the model assigns high
confidence to a single class), it suggests that the image is clear and
easily recognizable; if 𝑝(𝑦) is close to uniform, it indicates that gener-
ated images are diverse and cover the range of possible classes. Thus,
IS measures the divergence between per-image class distributions and
the overall class distribution: higher IS values indicate both high indi-
vidual image quality and substantial diversity across the set.

The advantages of IS lie in its computational efficiency—it requires
only generated images and a pretrained classifier, with no need for man-
ual annotation—and its ability to capture both clarity and diversity. The
scores are also directly comparable across models. Nevertheless, IS
exhibits limitations: its reliability depends on the classifier’s accuracy
and the alignment between the generated and training label distribu-
tions; it is insensitive to mode collapse and class imbalance; and when
generated data significantly differ from the classifier’s original training
classes (e.g., ImageNet), IS becomes unreliable and may fail to reflect
true quality and diversity.

Fréchet Inception Distance (FID) [106] mitigates some of IS’s draw-
backs, providing a more robust and holistic assessment by comparing
the distributions of real and generated images in feature space. Its
calculation is as follows:

The computation process of Fréchet Inception Distance
(FID):

1. Pass both generated and real images through Inception-
v3 to extract 2048-dimensional features from the final
pooling layer;

2. Model the features as multivariate Gaussian distribu-
tions for both sets, estimating their mean vectors (𝑚,
𝑚𝑤) and covariance matrices (𝐶, 𝐶𝑤);

3. Compute the Fréchet (Wasserstein-2) distance:

FID = ∥𝑚 − 𝑚𝑤 ∥2 + Tr
(
𝐶 + 𝐶𝑤 − 2

√︁
𝐶𝐶𝑤

)
,

where Tr(·) denotes the trace operation.

FID measures the “distance” between the distributions of real and

generated images in the neural feature space. Lower FID values indi-
cate that the generated distribution is closer to the real one, reflecting
higher fidelity and diversity. FID effectively detects mode collapse
and is now a mainstream evaluation standard. Unlike IS, FID does
not depend on categorical labels, making it more broadly applicable
to various datasets and tasks. However, FID assumes Gaussianity
in feature distributions, which may introduce approximation errors,
and its reliability is sensitive to the sample size and feature extractor
used—requiring large sample numbers and consistent network settings
for robust evaluation.

Chong et al. [108] note that IS and FID can both exhibit systematic
biases under finite-sample conditions, yielding estimates that devi-
ate from true values and potentially unreliable model comparisons.
To address this, they propose extrapolation-based unbiased estimators
(IS∞ and FID∞) for the infinite-sample limit and employ quasi-Monte
Carlo techniques to improve finite-sample accuracy, thereby enabling
reliable and unbiased comparisons.

CLIP score is a recently popular metric for text-to-image generation,
rooted in the CLIP (Contrastive Language-Image Pre-Training) [49]
model. It measures the semantic alignment between generated images
and their descriptive texts:

The computation process of CLIP score:
1. Suppose a diffusion model generates a set of images
{x𝑖} conditioned on textual prompts {t𝑖};

2. Encode each text t𝑖 as 𝑓𝑇 (t𝑖) using CLIP’s text en-
coder, and each image x𝑖 as 𝑓𝐼 (x𝑖) using CLIP’s image
encoder;

3. Compute the cosine similarity between each image-text
feature pair, averaging across all pairs to yield the CLIP
score:

CLIP score = E(x𝑖 ,t𝑖 )

[
𝑓𝐼 (x𝑖) · 𝑓𝑇 (t𝑖)

∥ 𝑓𝐼 (x𝑖)∥ · ∥ 𝑓𝑇 (t𝑖)∥

]
.

In essence, the CLIP score quantifies the semantic consistency be-
tween generated images and their corresponding text prompts. Higher
scores indicate better image-text alignment, reflecting the model’s abil-
ity to “understand” and correctly visualize the input text. The CLIP
score is annotation-free, efficient to compute, and captures cross-modal
semantic matching, making it widely applicable to multimodal gener-
ative tasks. However, its reliability is closely tied to the generalization
ability of the CLIP model; for out-of-distribution image-text pairs,
scores may be distorted. Additionally, it is less sensitive to image
quality and diversity, and thus should generally be used in conjunction
with FID or other metrics for comprehensive evaluation.

Similar to the CLIP score, 𝑅-precision [109] also assesses the se-
mantic consistency between generated images and input text descrip-
tions. As a retrieval-based metric, it computes the proportion of top-𝑅
candidate captions, ranked by feature similarity (often via cosine simi-
larity in a joint embedding space computed by a pretrained multimodal
model such as CLIP), that contain the ground truth caption for each
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generated image—thereby reflecting the semantic match between gen-
erated outputs and textual inputs.

Limitations of Standard Metrics for Edge Scenarios: While
IS, FID, and CLIP scores are standard benchmarks, their reliability
degrades significantly when evaluating edge-specific optimizations.
Firstly, small-batch bias is a prominent issue. Standard FID calcula-
tion requires 30K to 50K generated images to estimate true distribu-
tions. Given the limited computational power of mobile devices, edge
models are often evaluated on much smaller subsets (e.g., 1K to 5K im-
ages), which statistically inflates the FID score and renders cross-paper
comparisons unfair. Secondly, calibration effects induced by Post-
Training Quantization (PTQ) or structural pruning can cause subtle
feature shifts in the intermediate representations. This causes standard
Inception-v3 based FID to report massive quality degradation, even
when human perceptual quality remains largely unchanged. Lastly,
there is a distinct prompt coverage gap. Cloud-based models are
benchmarked on lengthy, highly descriptive prompts (e.g., MS-COCO
or LAION). In contrast, real-world edge-user interactions typically in-
volve short, colloquial, or fragmented prompts. Current CLIP score
evaluations fail to capture this mobile-specific linguistic distribution,
highlighting the urgent need for edge-tailored evaluation benchmarks.

5.4 System-Level Metrics and Edge Hardware Platforms
Evaluating edge-side diffusion models requires moving beyond stan-
dard vision metrics (e.g., FID) to system-level profiling. Realistic edge
benchmarks must account for the physical limitations of the hardware:

Hardware Platforms: Edge deployments primarily target mo-
bile Systems-on-Chip (SoCs), such as Qualcomm Snapdragon (An-
droid) and Apple A-series/M-series chips (iOS/iPadOS). Unlike dis-
crete cloud GPUs, these SoCs utilize Unified Memory Architectures
(UMA) and rely heavily on specialized Neural Processing Units (NPUs)
or Apple’s Neural Engine (ANE) to accelerate matrix multiplications
under strict power envelopes.

System-Level Metrics:
• Peak Memory Footprint (RAM): Edge devices typically have

shared memory limits (e.g., iOS restricts single apps to 2-3 GB
of RAM). Models exceeding this trigger out-of-memory (OOM)
crashes.

• End-to-End Latency: Measured in seconds, capturing the total
time from prompt input to image rendering. It includes text en-
coder processing, iterative U-Net denoising, and VAE decoding.

• Energy Consumption and Thermal Throttling: Running large
models intensively drains battery and generates heat. Edge
benchmarks must monitor thermal design power (TDP), as mo-
bile OSs will aggressively throttle NPU/GPU frequencies (slow-
ing down inference) if the device overheats.

■ 6 Edge-side Deployment
This section analyzes mainstream acceleration methods for stable dif-
fusion models (SDMs). We begin with network quantization, which
reduces compute, memory, and storage costs with minimal architec-
tural change. We then survey streamlined architectural designs that
simplify network structure for efficiency, followed by knowledge and

step distillation: the former transfers capabilities from larger to smaller
models, while the latter substantially reduces inference steps. Fi-
nally, we cover low-level computational optimizations that leverage
hardware- and system-level techniques to further boost performance.

6.1 Network Parameter Quantization
In the field of accelerating diffusion models, network parameter quan-
tization techniques have demonstrated unique advantages due to their
ability to reduce model size and computation without significant mod-
ification of the network architecture. Compared to methods such as
efficient architectural design and network pruning, quantization re-
duces computational memory and storage requirements by converting
floating-point weights into low-bit fixed-point representations [110,
111], all while preserving the integrity of the pre-trained model struc-
ture. Existing quantization approaches can be broadly categorized
into Post-Training Quantization (PTQ) and Quantization-Aware Train-
ing (QAT). Below, we introduce representative works from both cate-
gories.

Post-Training Quantization (PTQ) techniques have attracted con-
siderable attention due to their deployment efficiency. These methods
require only a small calibration dataset to adjust quantization param-
eters, thus avoiding the lengthy and resource-intensive full retrain-
ing process. However, the unique property of diffusion models—the
time-varying data distribution—poses additional challenges for con-
ventional PTQ approaches. To address this, researchers have proposed
several innovative solutions: PTQ4DM [83] introduces a timestep
calibration approach based on skew-normal distribution (NDTC), dy-
namically generating calibration samples across multiple timesteps to
achieve 8-bit quantization performance on par with full precision mod-
els. Q-Diffusion [82] develops timestep-aware calibration and block-
wise quantization strategies for residual connections, achieving stable
performance even at 4-bit quantization for the first time. PTQD [112]
decouples quantization noise and applies correlation coefficient cor-
rection and variance scheduling for compensation, introducing a step-
aware mixed-precision policy that significantly reduces computational
demand while maintaining generation quality. TDQ [113] proposes
a dynamic quantization method leveraging timestep information, em-
ploying a learnable temporal-aware module to automatically generate
optimal quantization configurations. TFMQ [114] addresses temporal
feature distortion by introducing timestep-independent temporal in-
formation blocks, combined with temporal-aware reconstruction and
limited-set calibration, achieving near full-precision generation quality
under 4-bit quantization.

Although PTQ methods are efficient and convenient, they tend to
incur considerable errors at extremely low bit-widths (e.g., 4 bits or
lower), sometimes causing models to completely lose denoising ca-
pability [112]. Quantization-Aware Training (QAT) [115, 116], on
the other hand, enables the recovery of low-bit performance through
fine-tuning, but usually comes with significantly higher computational
overhead compared to PTQ. To balance efficiency and performance, a
series of intermediate solutions have been explored: EfficientDM [117]
employs the LoRA framework [118] to propose Quantization-Aware
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Low-Rank Adapters (QALoRA), enabling joint low-bit quantization
of both weights and activations. This approach achieves QAT-level
generation quality with efficiency comparable to PTQ. Q-DM [119]
targets activation distribution oscillation and quantization error ac-
cumulation by introducing Timestep-aware Quantization (TaQ) and
Noise Estimation Mimicking (NeM). BitsFusion [120] analyzes layer-
wise quantization sensitivity and designs a hierarchical bit-width al-
location strategy. By combining timestep embedding precomputed
caches, balanced integer initialization, and alternating scaling factor
optimization, it successfully compresses the UNet in Stable Diffusion
v1.5 to an average of 1.99 bits.

6.2 Streamlined Network Architecture
In Section 5.1, we reviewed major architectures adopted in current
large-scale text-to-image diffusion models, including the conditional
UNet [3], its variant U-ViT [91], and the fully Transformer-based
DiT [56]. Next, we summarize network simplification methods specif-
ically designed for these three model classes. It is important to note that
structurally simplified models typically require additional fine-tuning;
detailed fine-tuning strategies will be discussed further in Section 6.3.

Model Simplification for Conditional UNet: BK-SDM [121] pro-
posed a staged pruning strategy based on sensitivity analysis. This
method selectively prunes redundant pairs of residual-attention mod-
ules in the downsampling stages, retaining only the foremost modules
at each resolution to handle critical spatial transformations. During up-
sampling, the final modules at each resolution are preserved to ensure
effective skip connections. Experimental verification further revealed
that middle-stage modules have high redundancy and can be com-
pletely removed with minimal impact on generation quality. Module
importance was assessed by quantifying the performance degradation
caused by removing individual modules, validating the rationality of
the pruning strategy. Results show that this approach can reduce pa-
rameters by 30–50% while maintaining generation quality, effectively
balancing computational efficiency and model performance.

To improve UNet efficiency while avoiding the performance degra-
dation often caused by architectural modifications, SnapFusion [21]
introduced a novel architectural evolution method. First, a robust train-
ing framework is employed, where modules such as cross-attention or
ResNet blocks are randomly skipped during training, improving the
model’s robustness to architectural changes and adaptation to vari-
ous module combinations. Based on this, an architectural optimiza-
tion policy is devised, leveraging an action set that includes module
addition/removal, and introducing an evaluation metric ( ΔCLIP

ΔLatency ) to
precisely measure each module’s contribution to performance and
efficiency. Modules with a higher score are retained, while less-
contributive and redundant modules are dynamically removed, result-
ing in substantial efficiency gains without requiring additional fine-
tuning. For image decoders, the method adopts structured channel
pruning to achieve a lightweight architecture, transferring generative
ability from the full SD-v1.5 model via knowledge distillation.

Model Simplification for U-ViT: Chen et al. [24] proposed Snap-
Gen, an efficient diffusion model for on-device image generation, lever-

aging several architectural innovations: (1) Streamlined attention, re-
taining self-attention only at the lowest resolution; (2) Use of ex-
panded separable convolutions [122] for better efficiency-performance
tradeoff; (3) Adopting multi-query attention (MQA) [123] in place of
multi-head self-attention (MHSA) to dramatically reduce parameters;
(4) Optimized conditioning by introducing cross-attention at the earli-
est UNet stage; (5) A simplified FFN to lower computation; (6) The use
of QK RMSNorm [124,125] to prevent softmax saturation and acceler-
ate convergence—combined with 2D RoPE encoding [126] to address
object duplication at high resolutions, both with negligible overhead.
With just 0.38B parameters, SnapGen achieves fast 1024 × 1024 im-
age synthesis on mobile devices. To address decoder efficiency for
high-resolution generation, attention layers were removed, normaliza-
tion streamlined, and depthwise separable convolutions employed to
significantly reduce memory consumption on mobile hardware.

MobileDiffusion [22], also based on U-ViT, systematically accel-
erates both Transformer and convolution modules. Key Transformer
optimizations include: (1) increasing block depth while narrowing
channel width in the UViT backbone to improve throughput with-
out inflating parameter count; (2) replacing self-attention with cross-
attention at high resolutions for a balance of speed and quality; (3)
sharing projection matrices between keys and values to minimize pa-
rameters; (4) substituting GELU with Swish for improved computa-
tional stability; (5) replacing softmax attention with ReLU attention,
requiring only minor fine-tuning for adaptation; (6) simplifying FFN
structure to further reduce parameterization without sacrificing per-
formance. Convolution layers—except the outermost—are replaced
with separable convolutions [122] and redundant residual blocks are
pruned. For the image decoder, the architecture is made lightweight
via width and depth reduction, followed by removal of KL regulariza-
tion and lowering adversarial loss weight during fine-tuning, yielding
a 3x decoding speedup.

Liu et al. [127] addressed the quadratic complexity of self-attention
layers in diffusion models by proposing the LinFusion module, which
employs a non-causal normalized linear attention mechanism. This
design achieves three main breakthroughs: (1) removing temporal
order constraints from sequence modeling, enabling direct interactions
across all positions for global context parallelism; (2) introducing
state-space low-rank projections to further reduce complexity; and
(3) leveraging dynamic diagonal normalization (mimicking softmax’s
probabilistic expressiveness) to achieve linear complexity without loss
of attention capacity. This innovation enables self-attention with linear
complexity in diffusion models, offering new prospects for efficient
high-resolution image synthesis.

Model Simplification for DiT: SANA [128] builds systematically
on DiT and the LDM approach with several innovations: first, a highly
compressed autoencoder delivers superior training efficiency and sup-
ports ultra-high-resolution generation. The linear DiT architecture re-
places the standard attention mechanism with linear attention for com-
putational gains, and integrates a Mix-FFN with 3 × 3 depthwise con-
volutions for improved local modeling, enabling a position-encoding-
free (NoPE) design. For textual understanding, Gemma LLM [129]
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is adopted as the encoder, together with a complex human instruc-
tion (CHI) mechanism to enhance prompt interpretation. Training
data is further optimized by multi-model visual language annotation,
and training employs flow-based methods [28,72] and the Flow-DPM-
Solver, enabling high-fidelity generation in as few as 14–20 sampling
steps. Collectively, these modifications improve training efficiency,
inference speed, and output quality.

6.3 Knowledge Distillation and Step Distillation
Knowledge Distillation is a prominent model compression technique
whose core idea is to train a compact “student model” to mimic the
outputs of a larger “teacher model,” thereby achieving comparable
or even competitive performance with significant reduction in model
size [130]. In recent years, knowledge distillation has become a central
approach for improving the performance of lightweight models, accel-
erating inference, and facilitating efficient real-world deployment. This
section first introduces basic distillation approaches, including align-
ment of model outputs and intermediate features. We then systemat-
ically review four major classes of techniques for reducing diffusion
model inference steps: progressive distillation, step-distillation by con-
straining diffusion trajectories, adversarially guided step-distillation,
and distribution-matching step-distillation.

Output-level and Feature-level Distillation: BK-SDM [121] uti-
lizes a novel multi-objective joint training framework to distill pruned
models: standard denoising loss is first employed to ensure basic gen-
erative capability; then, an output-level distillation loss aligns student
and teacher outputs; finally, feature-level distillation aligns correspond-
ing stage-end features in both UNets. This multi-granular distillation
ensures precise imitation of teacher behaviors by lightweight student
models. In LinFusion [127], only the parameters of the LinFusion
module are trained during fine-tuning, with an objective that innova-
tively combines a noise prediction loss and dual knowledge distillation
losses for both final outputs and hierarchical features.

Progressive Distillation: Salimans et al. [81] introduced the Pro-
gressive Distillation framework for efficient sampling in diffusion mod-
els through iterative knowledge transfer. Their approach follows a
multi-stage distillation pipeline: a teacher model is first trained for
𝑁-step sampling; then, an 𝑁/2-step student model is trained by min-
imizing the error between its single-step prediction and the teacher’s
two-step prediction. In subsequent rounds, the student becomes the
next generation’s teacher, enabling further model compaction. The
method employs deterministic DDIM [45] sampling and specific pa-
rameterizations for stability, ultimately achieving image quality with
only 4–8 sampling steps that matches that of the original models re-
quiring hundreds or thousands of steps.

For classifier-free guidance (CFG) diffusion models, Meng et al. [131]
proposed a two-stage distillation approach: in the first stage, the student
learns to combine weighted conditional and unconditional outputs of
the teacher, compressing its multi-step computation into a single-step
process and leveraging random guidance strengths for flexible adap-
tation. The second stage uses progressive distillation [81] to further
compress inference to 1–4 steps, yielding a 10–256× speedup with

little quality degradation.
SnapFusion [21] introduced an efficient optimization framework

with two key innovations: (1) UNet is fine-tuned under the v-prediction
regime (modeling a linear combination of noise 𝜖 and noise-free latents
x as v = 𝛼𝑡 𝜖 − 𝜎𝑡x), resulting in smoother gradients and more stable
multi-step denoising; (2) a CFG-aware step-distillation scheme dy-
namically adjusts the guidance coefficient to control sample diversity
while preserving quality. Leveraging progressive distillation, SnapFu-
sion compresses a 50-step model to an 8-step student UNet, offering
substantial speedups with little loss in fidelity.

Step Distillation via Constrained Diffusion Trajectories: Previ-
ously, we systematically introduced three new paradigms that lever-
age trajectory-level optimization—Rectified Flow (RF) [72], Consis-
tency Models (CM) [70], and Latent Consistency Models (LCM) [71].
By geometrically constraining diffusion trajectories, these frameworks
significantly simplify the mapping from noise to data space, enabling
few-step or even single-step high-quality generation. Importantly, such
approaches not only train generative models from scratch, but also
provide general distillation frameworks to endow pretrained diffusion
models with efficient inference capabilities.

EdgeFusion [23], built upon the lightweight BK-SDM architecture,
employs a synthetic high-quality image-text alignment dataset for en-
hanced performance. Combined with LCM-based step-distillation,
EdgeFusion can produce high-quality images in only a few inference
steps.

Adversarially Guided Step-Distillation: Sauer et al. [132] pro-
posed Adversarial Diffusion Distillation (ADD), which fuses adversar-
ial training and distillation to address the slow inference of standard
diffusion models. The core concept of ADD is to utilize adversarial
losses to ensure single-step, high-fidelity generations while distilling
the data modeling capability of pretrained diffusion teachers. Remark-
ably, ADD achieves SDXL [89]-level quality with only 1–4 sampling
steps.

Building on this, Latent Adversarial Diffusion Distillation (LADD)
[133] migrates the teacher–student operation to the latent space, sub-
stantially reducing computational overhead and enhancing support
for high-resolution, multi-scale images and large model architectures.
LADD leverages multi-scale latent features from the teacher for ad-
versarial loss, effectively mitigating overfitting risks from pixel-level
alignment and improving cross-modal generality. SnapGen [?], via
a three-stage training regime, achieves high-quality lightweight dif-
fusion: first, it uses RF [72] to establish a linear generative path
and Flow-Euler inference with logit-normal timestep sampling for
improved high-res image quality; second, it proposes a hierarchical
distillation framework (output-level velocity field matching, cross-
architecture feature alignment, and timestep-aware dynamic weight-
ing) for efficient knowledge transfer from SD3.5-Large to a compact
student; finally, LADD-based step-distillation synergizes diffusion and
adversarial training, enabling Turbo-grade quality with very few de-
noising steps.

UFOGen [134] realizes single-step, high-quality, text-conditioned
image synthesis by coupling diffusion and GAN objectives. Its ad-

Frontiers of Computer Science | Issue XX | Volume XX | Month Year



Front. Comput. Sci., Year, Volume(Issue): PaperID

versarial loss emphasizes visual realism in one-step outputs, ensuring
handling of high noise levels and fine details, while the diffusion loss
stabilizes adversarial training and preserves the semantic and structural
integrity of generated content. MobileDiffusion [22] adopts adver-
sarial fine-tuning with parameter-efficient adaptation: inheriting the
generator–discriminator framework from UFOGen, it boosts single-
step visual fidelity and, via LoRA [118], adapts generator weights
efficiently through low-rank updates while keeping most pretrained
parameters frozen.

Distribution-Matching Step-Distillation: Distribution Matching
Distillation (DMD) [135] aims to distill multi-step diffusion mod-
els into single-step generators, achieving high-quality synthesis with
vastly reduced inference latency. DMD combines distribution match-
ing with regression regularization: the generator is guided to move
towards the true data distribution and away from a negative (fake)
distribution, while a precomputed set of teacher multi-step outputs
and LPIPS loss [136] ensure the student output matches the teacher’s
distribution. This dual optimization framework allows one-step, high-
quality generation.

Although DMD delivers strong step-distillation via distribution
matching, its reliance on regression losses for stability increases com-
putation and restricts sample quality to the teacher’s limitations. To
address this, DMD2 [137] introduces several enhancements: First,
a discriminator is added for adversarial training, following a two-
timescale update rule that prioritizes discriminator convergence so
that the generator can be trained solely by discriminator gradients,
eliminating the regression loss entirely. Second, adversarial loss terms
directly supervised by real data distributions improve sample quality.
Third, DMD2 innovatively employs reverse simulation training to align
training input distributions with inference, resolving distribution shift
issues.

Pitfalls of Classifier-Free Guidance (CFG) on the Edge: While
CFG is crucial for improving text-image alignment, it introduces sig-
nificant deployment pitfalls in edge scenarios. For heavily distilled
models operating under extreme edge constraints (e.g., 1 to 4 steps),
tuning the guidance scale becomes highly sensitive. A high CFG scale
often leads to severe visual artifacts, such as oversaturation and color
degradation, while aggressively penalizing generation diversity. Fur-
thermore, calculating the unconditional prediction effectively doubles
the Neural Function Evaluations (NFE) per step, directly doubling the
on-device latency. Consequently, recent edge-optimized models (e.g.,
SnapFusion) advocate for CFG-aware distillation techniques, baking
the CFG effect directly into the model weights to eliminate the need
for dual forward passes during mobile inference.

6.4 Low-level Computational Optimization
Low-level computational optimization methods refer to techniques
that improve computational efficiency, memory access patterns, and
hardware resource scheduling at the algorithmic implementation level,
thereby enhancing performance without altering the mathematical ar-
chitecture of the model. Such methods typically involve fine-grained
operations such as operator fusion, memory layout optimization, and

parallel computation strategy adjustment, with a focus on fully leverag-
ing hardware characteristics—such as the SIMT architecture and multi-
level cache hierarchy of GPUs—to minimize redundant computation
and communication overhead. In deep learning, these optimizations
are often manifested as custom kernel design (e.g., CUDA/OpenCL),
computation graph rewriting (e.g., TVM [138], TensorRT), and compiler-
level optimization (e.g., MLIR [139]), and are particularly critical for
compute-intensive tasks such as diffusion model inference.

Chen et al. [140] addressed the challenges of deploying large diffu-
sion models on mobile devices by proposing a GPU-aware low-level
optimization framework. The core techniques include: (1) designing
fused operators for GroupNorm and GELU, enabling kernel-level com-
bination on GPUs to significantly reduce memory access and overall
latency; (2) selectively fusing certain Softmax operations with FlashAt-
tention [141] to enhance execution efficiency while maintaining the
precision of attention computations; and (3) optimizing standard con-
volution operations using the Winograd algorithm to accelerate net-
work inference. This approach provides a reusable low-level optimiza-
tion paradigm for the efficient execution of billion-parameter-scale
diffusion models on edge devices.

The Model-Level Tiling (MLT) strategy introduced in EdgeFu-
sion [23] partitions the U-Net model into smaller computation blocks,
adapting to the memory constraints of edge NPUs. This method dy-
namically adjusts the tiling configuration to address the DRAM access
bottlenecks caused by the large feature maps in residual and attention
blocks, while maximizing SRAM utilization. Notably, it leverages
NPU hardware features such as tensor/vector engines to automatically
configure tiling parameters based on SRAM requirements, thereby sig-
nificantly improving inference efficiency for U-Net on edge devices.

SANA [128] enables efficient edge inference through several tech-
niques: employing a mixed-precision quantization policy with per-
token symmetric INT8 quantization for activations, per-channel sym-
metric INT8 quantization for weights, and retaining FP16 precision
for normalization layers, linear attention, and KV projection in cross-
attention blocks to preserve semantic fidelity. Furthermore, a low-level
optimization scheme based on Triton [142] is introduced. Triton is a
high-performance custom GPU kernel programming framework for
deep learning, providing a high level of abstraction for efficient tensor
operations. SANA utilizes Triton to implement fused kernel functions
for linear attention’s forward and backward passes, also integrating op-
erations such as activation functions and precision conversion within
matrix multiplication, thus greatly reducing the overhead of memory
data transfer and access.

6.5 Performance Trade-offs in Edge Deployment
As summarized in Table 3, achieving real-time text-to-image synthesis
on edge devices is fundamentally a multi-objective optimization prob-
lem, requiring a delicate balance between memory footprint, inference
latency, and generation quality.

Different optimization paradigms exhibit distinct Pareto trade-offs.
Quantization (e.g., Q-Diffusion) excels at reducing memory con-
sumption and memory bandwidth requirements, which is crucial for
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Table 3 Quantitative comparison of representative edge-side text-to-image diffusion models. Performance metrics are reported based on their primary target mobile hardware.

Method Optimization Category Target Hardware Resolution / Steps Latency Memory/Params

Standard SD v1.5 Baseline iPhone 14 Pro 512 × 512 / 50 ∼ 45s > 2.0 GB
Q-Diffusion [82] PTQ Quantization Snapdragon 8 Gen 2 512 × 512 / 20 —— ——
SnapFusion [21] Arch + Distillation iPhone 14 Pro (NPU) 512 × 512 / 8 1.84s < 1.0 GB
MobileDiffusion [22] Architectural Design iOS / Android 512 × 512 / 1 0.2s 520M Params
LCM [71] Step Distillation Generic Mobile GPU 512 × 512 / 4 —— ——

mobile devices with constrained unified memory architectures. How-
ever, aggressively quantizing weights and activations below 4-bits
without extensive fine-tuning typically leads to severe degradation
in image quality. Step Distillation (e.g., LCM, InstaFlow) drasti-
cally cuts latency by reducing the required sampling steps from 50 to
1-4 steps. Nevertheless, this aggressive compression of the genera-
tion trajectory increases the risk of mode collapse, where the model
loses its ability to generate diverse outputs. Architectural Redesign
(e.g., SnapFusion, MobileDiffusion) provides the most robust Pareto
improvements by fundamentally optimizing the bottleneck (e.g., re-
moving redundant cross-attention blocks). Yet, these methods de-
mand massive computational resources for retraining from scratch.
Therefore, the current state-of-the-art for edge deployment often relies
on a hybrid pipeline: employing architectural distillation followed by
post-training quantization to achieve sub-second generation on flagship
mobile NPUs.

6.6 Safety and Robustness Considerations on the Edge
Unlike cloud-based deployments where prompts and generated images
are heavily moderated by proprietary safety APIs and NSFW (Not
Safe For Work) filters, edge-side diffusion models operate completely
offline. This localized execution bypasses standard safety guardrails,
making mobile deployments highly susceptible to malicious prompt
injections and jailbreak attacks aimed at generating harmful, explicit,
or copyrighted content. Furthermore, the processes of extreme quan-
tization and architectural pruning may inadvertently alter the model’s
decision boundaries, leading to unpredictable shifts in robustness. De-
veloping lightweight, on-device safety checkers that do not bottleneck
the mobile inference latency remains a critical, yet under-explored,
challenge in edge AI.

■ 7 Conclusion
This paper presents a comprehensive and systematic review of text-
to-image diffusion models, traversing the spectrum from fundamental
mathematical theories to practical on-device deployment. We began
by elucidating the foundational principles, algorithmic advances in ef-
ficient sampling, and the mainstream architectures (e.g., conditional
UNet, U-ViT, and DiT) that drive large-scale generative systems. We
further examined data preparation strategies and critically analyzed
evaluation metrics. Crucially, addressing the imperative need for mo-
bile edge deployment, we provided an in-depth analysis of efficient in-
ference techniques, including network parameter quantization, stream-
lined structural designs, knowledge and step distillation, and low-level
computational optimizations. Overall, this work serves as a structured

technological roadmap, bridging the gap between theoretical research
and real-world engineering implementation.

Despite the remarkable breakthroughs witnessed in recent years,
achieving ubiquitous, real-time, and high-fidelity generation on resource-
constrained devices remains a formidable challenge, thereby opening
several promising research directions. First, the future of extreme com-
pression lies in algorithm-hardware co-design. Rather than treating
mathematical optimizations (e.g., Rectified Flow, Consistency Mod-
els) and system-level compressions (e.g., Quantization-Aware Train-
ing, operator fusion) in isolation, deep integration is required. For
instance, the inherently stable trajectories of Flow Matching could be
explicitly leveraged to enable ultra-low-bit quantization with minimal
accuracy loss. Furthermore, the development of unified single-step
generation paradigms—integrating deterministic trajectory constraints
with adversarial distribution matching—and dynamic, adaptive infer-
ence architectures that elastically allocate compute based on real-time
thermal constraints and image complexity, will be crucial for pushing
mobile deployment to its physical limits.

Beyond computational efficiency, the evolution of foundational
models necessitates advancements in data, modality, and trustwor-
thiness. As architectures transition toward multi-modal and tempo-
ral generation (e.g., video diffusion models), addressing the quadratic
complexity of attention mechanisms via spatio-temporal low-rank pro-
jections and linear attention will become indispensable for edge de-
vices. Concurrently, as models scale, automated data annotation and
the utilization of high-quality synthetic data will be critical for enhanc-
ing cross-modal generalization. Moreover, deploying such powerful
generative capabilities on personal edge devices elevates the urgency
of addressing security, personalization, and privacy protection. En-
suring robust watermarking, copyright compliance, and secure local
fine-tuning are paramount for fostering trustworthy on-device AI.

Ultimately, the next quantum leap in edge-side diffusion models
will not emerge solely from isolated mathematical proofs or aggres-
sive hardware pruning, but from a holistic, synergistic approach. By
intertwining probability flow optimization, hardware-aware intelligent
scheduling, and robust privacy safeguards, the field is steadily march-
ing toward the ultimate vision of instantaneous, photorealistic, and
pervasive generative AI across all edge platforms.

■ 8 Appendixes
8.1 Derivations for DDPM Training and Inference

Frontiers of Computer Science | Issue XX | Volume XX | Month Year



Front. Comput. Sci., Year, Volume(Issue): PaperID

• ELBO Decomposition
Starting from the forward Markov structure and Jensen’s inequality

(cf. [25]), the ELBO for log 𝑝𝜃 (x0 ) can be written as

log 𝑝𝜃 (x0 ) ≥ E𝑞

[
log 𝑝𝜃 (x0 |x1 )

]
−

𝑇∑︁
𝑡=2

E𝑞

[
KL

(
𝑞 (x𝑡−1 |x𝑡 , x0 ) ∥ 𝑝𝜃 (x𝑡−1 |x𝑡 )

) ]
+ const,

(29)

where expectations are w.r.t. the forward process 𝑞.

• Closed-Form Forward Marginals and Posteriors
The forward marginal in Eq. (2) follows from the Gaussian composition

in Eq. (1). The corresponding posterior 𝑞 (x𝑡−1 |x𝑡 , x0 ) is also Gaussian
with

𝜇𝑞 (x𝑡 , x0 ) =
(1 − 𝛼̄𝑡−1 )

√
𝛼𝑡 x𝑡 + (1 − 𝛼𝑡 )

√
𝛼̄𝑡−1 x0

1 − 𝛼̄𝑡
, (30)

𝜎2
𝑞 (𝑡 ) =

(1 − 𝛼̄𝑡−1 ) (1 − 𝛼𝑡 )
1 − 𝛼̄𝑡

, (31)

and the reparameterization x𝑡 =
√
𝛼̄𝑡x0 +

√
1 − 𝛼̄𝑡 𝜖 , 𝜖 ∼ N(0, I) .

Eliminating x0 yields the equivalent noise-form expression

𝜇𝑞 (x𝑡 , x0 ) =
1
√
𝛼𝑡

x𝑡 −
1 − 𝛼𝑡√
𝛼𝑡
√

1 − 𝛼̄𝑡
𝜖 . (32)

• Reverse Parameterization and KL Terms
With a Gaussian reverse kernel 𝑝𝜃 (x𝑡−1 |x𝑡 ) = N(𝜇𝜃 (x𝑡 , 𝑡 ) , Σ𝜃 (x𝑡 , 𝑡 ) ) ,
a common choice is to set the variance to the forward-posterior variance
Σ𝜃 (x𝑡 , 𝑡 ) = 𝜎2

𝑞 (𝑡 )I and to parameterize the mean via noise prediction
(Eq. (4)). Under equal variances, each KL term simplifies to a mean-
squared error:

KL(𝑞 (x𝑡−1 |x𝑡 , x0 ) ∥ 𝑝𝜃 (x𝑡−1 |x𝑡 ) ) (33)

=
1

2𝜎2
𝑞 (𝑡 )



𝜇𝑞 (x𝑡 , x0 ) − 𝜇𝜃 (x𝑡 , 𝑡 )


2
. (34)

Substituting Eqs. (32) and (4) into (34) yields a weighted MSE between
the true noise 𝜖 and the predicted noise 𝜖𝜃 (x𝑡 , 𝑡 ) . Aggregating all terms
leads to the denoising loss in Eq. (6) with explicit weights

𝑤𝑡 =
1

2𝜎2
𝑞 (𝑡 )

· (1 − 𝛼𝑡 )
2

𝛼𝑡 (1 − 𝛼̄𝑡 )
. (35)

• Sampling
Given 𝜖𝜃 , the sampler follows

x𝑡−1 =
1
√
𝛼𝑡

(
x𝑡 −

1 − 𝛼𝑡√
1 − 𝛼̄𝑡

𝜖𝜃 (x𝑡 , 𝑡 )
)
+𝜎𝑞 (𝑡 ) z, z ∼ N(0, I) , (36)

which is equivalent to Eqs. (4) and (5). When 𝑡 = 1, one may set the
stochastic term to zero to obtain a deterministic final step [8].

• Derivation of the Evidence Lower Bound (ELBO) for DDPM
From the perspective of probabilistic modeling, the core of the DDPM
training process lies in optimizing the model by maximizing the evidence
lower bound (ELBO) of the data log-likelihood. Specifically, given a data
sample x0 ∼ 𝑞 (x0 ) , the log-likelihood of generating x0 through the reverse

process is log 𝑝𝜃 (x0 ) , and its variational lower bound can be derived as
follows:

log 𝑝𝜃 (x0 ) = log
∫
𝑝𝜃 (x0, · · · , x𝑇 )𝑑x1:𝑇

= log
∫
𝑝𝜃 (x0, · · · , x𝑇 )

𝑞 (x1, · · · , x𝑇 |x0 )
𝑞 (x1, · · · , x𝑇 |x0 )

𝑑x1:𝑇

= log
∫
𝑞 (x1, · · · , x𝑇 |x0 )

𝑝𝜃 (x0, · · · , x𝑇 )
𝑞 (x1, · · · , x𝑇 |x0 )

𝑑x1:𝑇

= logE𝑞

[
𝑝𝜃 (x0, · · · , x𝑇 )
𝑞 (x1, · · · , x𝑇 |x0 )

]
≥ E𝑞

[
log

𝑝𝜃 (x0, · · · , x𝑇 )
𝑞 (x1, · · · , x𝑇 |x0 )

]
.

(37)

The last inequality above is based on Jensen’s inequality. Moreover,
due to the Markov property of both the forward and reverse processes, i.e.,

𝑝𝜃 (x0, · · · , x𝑇 ) = 𝑝𝜃 (x𝑇 ) 𝑝𝜃 (x0 |x1 )
𝑇∏
𝑡=2

𝑝𝜃 (x𝑡−1 |x𝑡 ) ,

𝑞 (x1, · · · , x𝑇 |x0 ) = 𝑞 (x𝑇 |x𝑇−1 )
𝑇−1∏
𝑡=1
𝑞 (x𝑡 |x𝑡−1 ) ,

we can further expand (Eq. 37) as follows:

log 𝑝𝜃 (x0 ) ≥ E𝑞

[
log

𝑝𝜃 (x0, · · · , x𝑇 )
𝑞 (x1, · · · , x𝑇 |x0 )

]
= E𝑞

[
log

𝑝𝜃 (x𝑇 ) 𝑝𝜃 (x0 |x1 )
∏𝑇

𝑡=2 𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑇 |x𝑇−1 )

∏𝑇−1
𝑡=1 𝑞 (x𝑡 |x𝑡−1 )

]
= E𝑞

[
log

𝑝𝜃 (x𝑇 ) 𝑝𝜃 (x0 |x1 )
∏𝑇−1

𝑡=1 𝑝𝜃 (x𝑡 |x𝑡+1 )
𝑞 (x𝑇 |x𝑇−1 )

∏𝑇−1
𝑡=1 𝑞 (x𝑡 |x𝑡−1 )

]
= E𝑞

[
log

𝑝𝜃 (x𝑇 ) 𝑝𝜃 (x0 |x1 )
𝑞 (x𝑇 |x𝑇−1 )

]
+ E𝑞

[
log

𝑇−1∏
𝑡=1

𝑝𝜃 (x𝑡 |x𝑡+1 )
𝑞 (x𝑡 |x𝑡−1 )

]
= E𝑞 [log 𝑝𝜃 (x0 |x1 ) ] − E𝑞 [KL(𝑞 (x𝑇 |x𝑇−1 ) ∥ 𝑝𝜃 (x𝑇 ) ) ]

−
𝑇−1∑︁
𝑡=1

E𝑞 [KL(𝑞 (x𝑡 |x𝑡−1 ) ∥ 𝑝𝜃 (x𝑡 |x𝑡+1 ) ) ],

(38)

where the last equality above follows from the definition of KL divergence.
In addition, since the computation of 𝑝𝜃 (x𝑇 ) does not involve the diffusion
model and actually contains no learnable parameters, it can be treated as a
constant. Finally, we obtain the following simplified form of the variational
lower bound:

log 𝑝𝜃 (x0 ) ≥E𝑞 [log 𝑝𝜃 (x0 |x1 ) ]

−
𝑇−1∑︁
𝑡=1

E𝑞 [KL(𝑞 (x𝑡 |x𝑡−1 ) ∥ 𝑝𝜃 (x𝑡 |x𝑡+1 ) ) ] + const.
(39)

When we closely examine the termE𝑞 [KL(𝑞 (x𝑡 |x𝑡−1 ) ∥ 𝑝𝜃 (x𝑡 |x𝑡+1 ) ) ]
above, we find that computing this expectation is very challenging. Specifi-
cally, we need to sample x𝑡−1 and x𝑡+1 from the distribution𝑞 (x𝑡−1, x𝑡+1 |x0 )
to evaluate the expectation, but the exact form of this distribution is un-
known. To address this issue, we can simulate a reverse transition function
defined by several forward transition functions 𝑞 to replace 𝑞 (x𝑡 |x𝑡−1 ) .
Since this new reverse transition function shares the same direction as
𝑝𝜃 (x𝑡 |x𝑡+1 ) , the expectation calculation can be greatly simplified. Specif-
ically, according to Bayes’ theorem, we have:

𝑞 (x𝑡 |x𝑡−1 ) =
𝑞 (x𝑡−1 |x𝑡 )𝑞 (x𝑡 )

𝑞 (x𝑡−1 )
.
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Moreover, since x𝑡−1 is actually generated from x0 in the forward pro-
cess, the distribution of x𝑡−1 depends on x0. Therefore, we can rewrite the
above equation in the following form based on x0:

𝑞 (x𝑡 |x𝑡−1, x0 ) =
𝑞 (x𝑡−1 |x𝑡 , x0 )𝑞 (x𝑡 |x0 )

𝑞 (x𝑡−1 |x0 )
. (40)

It can be seen that 𝑞 (x𝑡−1 |x𝑡 , x0 ) in the above equation is exactly the
reverse transition function we are looking for. At this point, we can derive
a new variational lower bound for log 𝑝𝜃 (x0 ) based on (Eq. 37) as follows:

log 𝑝𝜃 (x0 ) ≥ E𝑞

[
log

𝑝𝜃 (x0, · · · , x𝑇 )
𝑞 (x1, · · · , x𝑇 |x0 )

]
= E𝑞

[
log

𝑝𝜃 (x𝑇 ) 𝑝𝜃 (x0 |x1 )
∏𝑇

𝑡=2 𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x1 |x0 )

∏𝑇
𝑡=2 𝑞 (x𝑡 |x𝑡−1, x0 )

]
= E𝑞

[
log

𝑝𝜃 (x𝑇 ) 𝑝𝜃 (x0 |x1 )
𝑞 (x1 |x0 )

]
+ E𝑞

[
log

𝑇∏
𝑡=2

𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑡 |x𝑡−1, x0 )

]
.

(41)

Substituting (40) into the second term of (41), we obtain:

𝑇∏
𝑡=2

𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑡 |x𝑡−1, x0 )

=

𝑇∏
𝑡=2

𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑡−1 |x𝑡 ,x0 )𝑞 (x𝑡 |x0 )

𝑞 (x𝑡−1 |x0 )

=

𝑇∏
𝑡=2

𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑡−1 |x𝑡 , x0 )

×
𝑇∏
𝑡=2

𝑞 (x𝑡−1 |x0 )
𝑞 (x𝑡 |x0 )

=

𝑇∏
𝑡=2

𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑡−1 |x𝑡 , x0 )

× 𝑞 (x1 |x0 )
𝑞 (x𝑇 |x0 )

,

(42)

where the last equality holds because, for any sequence 𝑎1, 𝑎2, · · · , 𝑎𝑇 ,
we have

∏𝑇
𝑡=2

𝑎𝑡−1
𝑎𝑡

=
𝑎1
𝑎2
× 𝑎2

𝑎3
× · · · × 𝑎𝑇−1

𝑎𝑇
=

𝑎1
𝑎𝑇

. Then, substituting (42)
into (41), we obtain:

E𝑞

[
log

𝑝𝜃 (x𝑇 ) 𝑝𝜃 (x0 |x1 )
𝑞 (x1 |x0 )

]
+ E𝑞

[
log

𝑇∏
𝑡=2

𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑡 |x𝑡−1, x0 )

]
= E𝑞

[
log

𝑝𝜃 (x𝑇 ) 𝑝𝜃 (x0 |x1 )
𝑞 (x1 |x0 )

]
+ E𝑞

[
log

(
𝑇∏
𝑡=2

𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑡−1 |x𝑡 , x0 )

× 𝑞 (x1 |x0 )
𝑞 (x𝑇 |x0 )

)]
= E𝑞

[
log

𝑝𝜃 (x𝑇 ) 𝑝𝜃 (x0 |x1 )
𝑞 (x1 |x0 )

+ log
𝑞 (x1 |x0 )
𝑞 (x𝑇 |x0 )

]
+ E𝑞

[
log

𝑇∏
𝑡=2

𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑡−1 |x𝑡 , x0 )

]
= E𝑞

[
log

𝑝𝜃 (x𝑇 ) 𝑝𝜃 (x0 |x1 )
𝑞 (x𝑇 |x0 )

]
+ E𝑞

[
log

𝑇∏
𝑡=2

𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑡−1 |x𝑡 , x0 )

]
= E𝑞 [𝑝𝜃 (x0 |x1 ) ] + E𝑞

[
𝑝𝜃 (x𝑇 )
𝑞 (x𝑇 |x0 )

]
+

𝑇∑︁
𝑡=2

E𝑞 log
𝑝𝜃 (x𝑡−1 |x𝑡 )
𝑞 (x𝑡−1 |x𝑡 , x0 )

= E𝑞 [𝑝𝜃 (x0 |x1 ) ] − KL(𝑞 (x𝑇 |x0 ) ∥ 𝑝𝜃 (x𝑇 ) )

−
𝑇∑︁
𝑡=2

KL(𝑞 (x𝑡−1 |x𝑡 , x0 ) ∥ 𝑝𝜃 (x𝑡−1 |x𝑡 ) ) .

(43)

In the last equality above, we used the definition of KL divergence.
Since 𝑝𝜃 (x𝑇 ) does not need to be learned, KL(𝑞 (x𝑇 |x0 ) ∥ 𝑝𝜃 (x𝑇 ) ) can

be treated as a constant. Therefore, we obtain the following variational
lower bound for the data log-likelihood log 𝑝𝜃 (x0 ):

log 𝑝𝜃 (x0 ) ≥E𝑞 [log 𝑝𝜃 (x0 |x1 ) ]

−
𝑇∑︁
𝑡=2

KL(𝑞 (x𝑡−1 |x𝑡 , x0 ) ∥ 𝑝𝜃 (x𝑡−1 |x𝑡 ) ) + const.
(44)

It can be seen that x𝑡 and x0 required to compute the KL terms in
(44) (which are essentially expectations) can actually be sampled from the
distribution 𝑞 (x𝑡 |x0 ) , which has a simple form. Therefore, compared to
the previously mentioned (39), the computation of (44) is much simpler.
• Derivation of 𝑞(x𝑡−1 |x𝑡 , x0) in DDPM
Next, we need to determine the explicit form of 𝑞 (x𝑡−1 |x𝑡 , x0 ) . According
to (40), 𝑞 (x𝑡−1 |x𝑡 , x0 ) is determined by 𝑞 (x𝑡 |x𝑡−1, x0 ) , 𝑞 (x𝑡−1 |x0 ) and
𝑞 (x𝑡 |x0 ) . Based on the definition of the forward process in the diffusion
model, the expressions for these three terms are as follows:

𝑞 (x𝑡 |x𝑡−1, x0 ) = N(x𝑡 |
√
𝛼𝑡x𝑡−1, (1 − 𝛼𝑡 )I) ,

𝑞 (x𝑡−1 |x0 ) = N(x𝑡−1 |
√︁
𝛼̄𝑡−1x0, (1 − 𝛼̄𝑡−1 )I) ,

𝑞 (x𝑡 |x0 ) = N(x𝑡 |
√︁
𝛼̄𝑡x0, (1 − 𝛼̄𝑡 )I) .

Therefore, according to (40), we have:

𝑞 (x𝑡−1 |x𝑡 , x0 )

=
N(x𝑡 |

√
𝛼𝑡x𝑡−1, (1 − 𝛼𝑡 )I)N(x𝑡−1 |

√
𝛼̄𝑡−1x0, (1 − 𝛼̄𝑡−1 )I)

N(x𝑡 |
√
𝛼̄𝑡x0, (1 − 𝛼̄𝑡 )I)

.
(45)

Subsequently, we can actually show that 𝑞 (x𝑡−1 |x𝑡 , x0 ) also follows a
Gaussian distribution and takes the form N(x𝑡−1 |Ax𝑡 + Bx0, CI) . To
determine the specific forms of A, B, and C, we can first rewrite the
product of the three Gaussians on the right-hand side of (45) as a sum in
the exponent, and then obtain A, B, and C by computing the first and
second derivatives. Here, we omit the detailed derivation, and present the
final form of 𝑞 (x𝑡−1 |x𝑡 , x0 ) as follows:

𝑞 (x𝑡−1 |x𝑡 , x0 ) = N(x𝑡−1 |𝜇𝑞 (x𝑡 , x0 ) , Σ𝑞 (𝑡 ) ) ,

𝜇𝑞 (x𝑡 , x0 ) =
(1 − 𝛼̄𝑡−1 )

√
𝛼𝑡

1 − 𝛼̄𝑡
x𝑡 +

(1 − 𝛼𝑡 )
√
𝛼̄𝑡−1

1 − 𝛼̄𝑡
x0

Σ𝑞 (𝑡 ) =
(1 − 𝛼𝑡 ) (1 − 𝛼̄𝑡−1 )

1 − 𝛼̄𝑡
I def
= 𝜎2

𝑞 (𝑡 )I,

(46)

where 𝛼̄𝑡 = Π𝑡
𝑖=1𝛼𝑖 .

8.2 Derivations for Score-based Generative Models

• Langevin Dynamics and Convergence
Starting from the overdamped Langevin SDE

𝑑x𝑡 = 1
2∇x log 𝑝 (x𝑡 ) 𝑑𝑡 + 𝑑w𝑡 , (47)

Euler–Maruyama discretization yields the unadjusted Langevin algorithm
(ULA):

x̃𝑡 = x̃𝑡−1 +
𝛼

2
∇x log 𝑝 (x̃𝑡−1 ) +

√
𝛼 𝜖𝑡 , 𝜖𝑡 ∼ N(0, I) , (48)

which converges to 𝑝 (x) as 𝛼→ 0,𝑇 →∞ under regularity assumptions
[39]. Finite-step bias can be corrected by Metropolis–Hastings, often
omitted in practice [40, 41].
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• Explicit and Implicit Score Matching
Given a KDE 𝑞ℎ (x) = 1

𝑀

∑𝑀
𝑚=1

1
ℎ
𝐾 ( (x − x(𝑚) )/ℎ) , ESM targets

LESM =
1
2
E𝑝 (x)

[
∥s𝜃 (x) − ∇x log 𝑝 (x) ∥2

]
≈ 1

2
E𝑞ℎ (x)

[
∥s𝜃 (x) − ∇x log 𝑞ℎ (x) ∥2

]
,

(49)

but degrades in high dimensions [42]. Implicit Score Matching [38] mini-
mizes

LISM = E𝑝 (x)

[
Tr(∇xs𝜃 (x) ) +

1
2
∥s𝜃 (x) ∥2

]
, (50)

derived via integration by parts (under boundary conditions), removing de-
pendence on the log-normalizer. The trace can be estimated with Hutchin-
son’s trick but remains a computational bottleneck [9].

• DSM Target under Gaussian Corruption
For 𝑞 (x′ |x0 ) = N(x′ |x0, 𝜎

2I) ,

∇x′ log 𝑞 (x′ |x0 ) = ∇x′

[
− 1

2𝜎2 ∥x
′ − x0 ∥2 −

𝑑

2
log(2𝜋𝜎2 )

]
= − x′ − x0

𝜎2 .

(51)

With x′ = x0 + 𝜎𝜖 , 𝜖 ∼ N(0, I) ,

∇x′ log 𝑞 (x′ |x0 ) = −
𝜖

𝜎
, (52)

and the DSM objective reduces to

E𝑞 (x′ |x0 ) 𝑝 (x0 )

[
1
2




s𝜃 (x′ ) +
𝜖

𝜎




2
]
, (53)

whose minimizer equals ∇x′ log 𝑞𝜎 (x′ ) almost surely [42].

• Noise Conditioning and Annealed Langevin in NCSN
With a descending schedule {𝜎𝑖 }𝐿𝑖=1, NCSN parameterizes s𝜃 (x, 𝜎) and
minimizes

LNCSN = E𝑖, 𝑞 (x′ |x0 ) , 𝑝 (x0 )

[
1
2
𝜆(𝜎𝑖 )





s𝜃 (x′, 𝜎𝑖 ) +
𝜖

𝜎𝑖





2
]
, 𝜆(𝜎) = 𝜎2,

(54)
which balances loss magnitudes across noise levels [9]. Sampling uses an
annealed ULA with 𝛼𝑖 ∝ 𝜎2

𝑖
:

x′ ← x′ + 𝛼𝑖
2

s𝜃 (x′, 𝜎𝑖 ) +
√
𝛼𝑖 𝜖 , 𝜖 ∼ N(0, I) , (55)

progressing from large to small 𝜎𝑖 to improve mode traversal and fidelity
[9, 10].

• Relation to Diffusion Models
Comparing NCSN’s objective with diffusion model denoising losses

shows that 𝜖𝜃 (x, 𝑡 ) and s𝜃 (x, 𝜎) are proportional under appropriate pa-
rameterizations, revealing a close correspondence between diffusion and
score-based models [10].

8.3 Detailed SDE Derivations

This appendix provides the detailed mathematical derivations for the
SDE representations of DDPM and SGM discussed in Section 3.3.

• DDPM SDE Derivation

Starting from the DDPM forward process definition [8]:

x𝑖 =
√︁

1 − 𝛽𝑖x𝑖−1 +
√︁
𝛽𝑖z𝑖−1, z𝑖−1 ∼ N(0, I) .

We introduce continuous-time parameterization:

x𝑖 = x(𝑡 + Δ𝑡 ) , x𝑖−1 = x(𝑡 ) ,
z𝑖−1 = z(𝑡 ) , 𝛽𝑖 = 𝛽 (𝑡 + Δ𝑡 )Δ𝑡 .

Substituting and applying Taylor expansion:

x(𝑡 + Δ𝑡 ) =
√︁

1 − 𝛽 (𝑡 + Δ𝑡 )Δ𝑡 x(𝑡 ) +
√︁
𝛽 (𝑡 + Δ𝑡 )Δ𝑡 z(𝑡 )

≈
(
1 − 1

2
𝛽 (𝑡 + Δ𝑡 )Δ𝑡

)
x(𝑡 ) +

√︁
𝛽 (𝑡 + Δ𝑡 )Δ𝑡 z(𝑡 )

≈ x(𝑡 ) − 1
2
𝛽 (𝑡 )Δ𝑡 x(𝑡 ) +

√︁
𝛽 (𝑡 )Δ𝑡 z(𝑡 ) .

Taking the limit Δ𝑡 → 0 yields the forward SDE:

𝑑x = − 1
2
𝛽 (𝑡 )x𝑑𝑡 +

√︁
𝛽 (𝑡 )𝑑w.

The reverse SDE follows directly from applying the time-reversal for-
mula [43].
• SGM SDE Derivation
For Score-Based Generative Models [10], consider the forward process:

x𝑖 = x𝑖−1 +
√︃
𝜎2
𝑖
− 𝜎2

𝑖−1z𝑖−1, z𝑖−1 ∼ N(0, I) .

With continuous-time parameterization:

x𝑖 = x(𝑡 + Δ𝑡 ) , x𝑖−1 = x(𝑡 ) ,
z𝑖−1 = z(𝑡 ) , 𝜎𝑖 = 𝜎 (𝑡 + Δ𝑡 ) , 𝜎𝑖−1 = 𝜎 (𝑡 ) .

We derive:

x(𝑡 + Δ𝑡 ) = x(𝑡 ) +
√︁
𝜎 (𝑡 + Δ𝑡 )2 − 𝜎 (𝑡 )2 z(𝑡 )

≈ x(𝑡 ) +
√︂
𝑑 [𝜎 (𝑡 ) ]2

𝑑𝑡
Δ𝑡 z(𝑡 ) .

Taking Δ𝑡 → 0 gives the forward SDE:

𝑑x =

√︂
𝑑 [𝜎 (𝑡 ) ]2

𝑑𝑡
𝑑w.

The corresponding reverse SDE is obtained through time-reversal [43].

8.4 Derivations for Conditional Reverse Process

• From Bayes’ Rule to a Gaussian Mean Shift
Let 𝑝𝜃 (x𝑡 | x𝑡+1 ) = N(𝜇, Σ) be the unconditional reverse transition [7].
By Bayes’ rule,

𝑝𝜃 (x𝑡 | x𝑡+1, 𝑦) =
1
𝑍
𝑝𝜃 (x𝑡 | x𝑡+1 ) 𝑝 (𝑦 | x𝑡 ) , (56)

with 𝑍 independent of x𝑡 . Write

log 𝑝𝜃 (x𝑡 | x𝑡+1 ) = − 1
2 (x𝑡 − 𝜇)

⊤Σ−1 (x𝑡 − 𝜇) +𝐶0, (57)
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and take a first-order Taylor expansion of log 𝑝 (𝑦 | x𝑡 ) at x𝑡 = 𝜇:

log 𝑝 (𝑦 | x𝑡 ) ≈ log 𝑝 (𝑦 | 𝜇) + (x𝑡 − 𝜇)⊤𝑔, 𝑔 ≜ ∇x𝑡 log 𝑝 (𝑦 | x𝑡 )
��
x𝑡=𝜇

.

(58)
Summing the two logs and completing the square yields

log 𝑝𝜃 (x𝑡 | x𝑡+1, 𝑦) = − 1
2 (x𝑡 − 𝜇)

⊤Σ−1 (x𝑡 − 𝜇) + (x𝑡 − 𝜇)⊤𝑔 +𝐶
(59)

= − 1
2 (x𝑡 − 𝜇 − Σ𝑔)⊤Σ−1 (x𝑡 − 𝜇 − Σ𝑔) +𝐶′,

(60)

which implies

𝑝𝜃 (x𝑡 | x𝑡+1, 𝑦) = N
(
𝜇 + Σ𝑔, Σ

)
, (61)

establishing the mean-shift form in Eq. (23).
• Classifier Guidance Update

Using the auxiliary classifier 𝑝𝜙 (𝑦 | x𝑡 ) [7] as a proxy for 𝑝 (𝑦 | x𝑡 ) ,
the gradient term𝑔 in the Gaussian mean shift becomes𝑔 = ∇x𝑡 log 𝑝𝜙 (𝑦 |
x𝑡 ) . Incorporating a tunable scale 𝑠 yields

𝜇̂𝜃 (x𝑡 | 𝑦) = 𝜇𝜃 (x𝑡 ) + 𝑠 · Σ𝜃 (x𝑡 ) · ∇x𝑡 log 𝑝𝜙 (𝑦 | x𝑡 ) , (62)

matching Eq. (24).
• CLIP Guidance Update
Let 𝑓 ( ·) and 𝑔 ( ·) be CLIP image and text encoders [49]. With the
similarity 𝑓 (x𝑡 ) ·𝑔 (𝑦) used as a surrogate score for 𝑝 (𝑦 | x𝑡 ) [50–52],
we take 𝑔 = ∇x𝑡

(
𝑓 (x𝑡 ) ·𝑔 (𝑦)

)
, leading to

𝜇̂𝜃 (x𝑡 | 𝑦) = 𝜇𝜃 (x𝑡 ) + 𝑠 · Σ𝜃 (x𝑡 ) · ∇x𝑡
(
𝑓 (x𝑡 ) ·𝑔 (𝑦)

)
, (63)

as in Eq. (25).
• Classifier-Free Guidance Derivation
By Bayes’ rule,

log 𝑝 (𝑦 | x𝑡 ) = log 𝑝 (x𝑡 | 𝑦) − log 𝑝 (x𝑡 ) + const, (64)

hence

∇x𝑡 log 𝑝 (𝑦 | x𝑡 ) = ∇x𝑡 log 𝑝 (x𝑡 | 𝑦) − ∇x𝑡 log 𝑝 (x𝑡 ) . (65)

In DDPMs, the denoiser 𝜖𝜃 (x𝑡 | 𝑦) parameterizes the conditional score,
while replacing 𝑦 with a null token ∅ during training yields 𝜖𝜃 (x𝑡 | ∅) for
the unconditional score [53]. Scaling the difference gives

𝜖𝜃 (x𝑡 | 𝑦) = 𝜖𝜃 (x𝑡 | ∅) + 𝑠 ·
(
𝜖𝜃 (x𝑡 | 𝑦) − 𝜖𝜃 (x𝑡 | ∅)

)
, (66)

which is Eq. (27).
• Derivation of 𝑝𝜃 (x𝑡 |x𝑡+1, 𝑦) in the Conditional Reverse Process
Suppose we already have the unconditional distribution 𝑝𝜃 (x𝑡 |x𝑡+1 ) .
When incorporating external information 𝑦, the conditional generative
distribution 𝑝𝜃 (x𝑡 |x𝑡+1, 𝑦) can be derived using Bayes’ theorem as fol-
lows:

𝑝 (x𝑡 |x𝑡+1, 𝑦) =
𝑝 (x𝑡 , x𝑡+1, 𝑦)
𝑝 (x𝑡+1, 𝑦)

=
𝑝 (x𝑡 , x𝑡+1, 𝑦)

𝑝 (𝑦 |x𝑡+1 ) 𝑝 (x𝑡+1 )

=
𝑝 (x𝑡 , 𝑦 |x𝑡+1 ) 𝑝 (x𝑡+1 )
𝑝 (𝑦 |x𝑡+1 ) 𝑝 (x𝑡+1 )

=
𝑝 (x𝑡 |x𝑡+1 ) 𝑝 (𝑦 |x𝑡 , x𝑡+1 ) 𝑝 (x𝑡+1 )

𝑝 (𝑦 |x𝑡+1 ) 𝑝 (x𝑡+1 )

=
𝑝 (x𝑡 |x𝑡+1 ) 𝑝 (𝑦 |x𝑡 , x𝑡+1 )

𝑝 (𝑦 |x𝑡+1 )
.

(67)

Besides, we have

𝑝 (𝑦 |x𝑡 , x𝑡+1 ) = 𝑝 (x𝑡+1 |x𝑡 , 𝑦)
𝑝 (𝑦 |x𝑡 )
𝑝 (x𝑡+1 |x𝑡 )

= 𝑝 (x𝑡+1 |x𝑡 )
𝑝 (𝑦 |x𝑡 )
𝑝 (x𝑡+1 |x𝑡 )

= 𝑝 (𝑦 |x𝑡 ) .

That is, predicting the external information 𝑦 from x𝑡 is actually inde-
pendent of x𝑡+1. Substituting the above equation into (67), we obtain:

𝑝 (x𝑡 |x𝑡+1, 𝑦) =
𝑝 (x𝑡 |x𝑡+1 ) 𝑝 (𝑦 |x𝑡 )

𝑝 (𝑦 |x𝑡+1 )
.

Moreover, since 𝑝 (𝑦 |x𝑡+1 ) is independent of the generation of x𝑡 , we
can treat this term as a constant 𝑍 . In addition, 𝑝 (x𝑡 |x𝑡+1 ) in the above
equation can be approximated by the previously introduced neural network
𝑝𝜃 (x𝑡 |x𝑡+1 ) . Thus, we have:

𝑝𝜃 (x𝑡 |x𝑡+1, 𝑦) =
1
𝑍
𝑝𝜃 (x𝑡 |x𝑡+1 ) 𝑝 (𝑦 |x𝑡 ) .
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