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ABSTRACT

Text-to-image generation is a challenging task in the 
field of artificial intelligence, where the goal is to 
synthesize visually plausible images from textual 
descriptions. Diffusion models have recently emerged as 
a promising approach for this task, offering iterative 
refinement processes that progressively enhance the 
generated images based on the provided text. However, 
the application of diffusion models to text-to-image 
generation can be computationally demanding, 
hindering their real-world scalability and practicality. 
This survey paper presents a comprehensive analysis of 
acceleration techniques for diffusion models applied to 
text-to-image generation, aiming to address these 
challenges and pave the way for more efficient and 
effective image synthesis.

1. INTRODUCTION

Text-to-image generation is a challenging task in the 
field of artificial intelligence, where the goal is to 
synthesize visually plausible images from textual 
descriptions. Diffusion models have recently emerged as 
a promising approach for this task, offering iterative 
refinement processes that progressively enhance the 
generated images based on the provided text. However, 
the application of diffusion models to text-to-image 
generation can be computationally demanding, hindering 
their real-world scalability and practicality. This survey 
paper presents a comprehensive analysis of acceleration 
techniques for diffusion models applied to text-to-image 
generation, aiming to address these challenges and pave 
the way for more efficient and effective image synthesis.

The survey starts by providing an overview of the 
foundational concepts of diffusion models and their 

application to text-to-image synthesis. It explores the 
architecture and mechanics of diffusion models and 
highlights their capabilities in generating coherent 
images from textual prompts. Additionally, the survey 
examines the challenges associated with the 
computational complexity of diffusion models and the 
necessity for acceleration techniques to improve their 
scalability.

The core of the survey focuses on a systematic review of 
diverse acceleration methods tailored specifically for 
text-to-image generation using diffusion models. We will 
be discussing three approaches: training-based, training-
free sampling, and parallel computing. They are explored 
for their potential to expedite the generation process and 
alleviate the computational burden. The survey also 
delves into the use of hardware accelerators, such as 
GPUs and TPUs, as well as specialized processing units 
designed to optimize the performance of diffusion 
models in text-to-image synthesis tasks.

To quantitatively evaluate the performance of the 
acceleration techniques, a set of comprehensive 
experiments is conducted using benchmark text-to-image 
datasets. Metrics like image quality, generation speed, 
and computational resource consumption are employed 
to assess the effectiveness of each acceleration method. 
By comparing the results obtained from various 
techniques, the survey identifies the most promising 
approaches to enhance the efficiency of diffusion-based 
text-to-image generation.

The survey also discusses the implications of acceleration 
on diffusion models, addressing potential trade-offs 
between generation speed and image quality. It highlights 
the importance of striking a balance between 
computational efficiency and preserving the fidelity of 
the generated images to ensure the practical viability of 
diffusion models for real-world applications.



In conclusion, this survey serves as a comprehensive 
guide to researchers and practitioners seeking to 
accelerate diffusion models. By exploring a wide range 
of acceleration techniques and their implications, we aim 
to promote the widespread adoption of diffusion-based 
methods in real-world applications, where real-time, 
high-quality image synthesis from textual descriptions is 
crucial.

2. GENRAL BACKGROUND

Diffusion Probabilistic Models (DPM) is the generation 
process starts from a fixed prior distribution (usually a 
simple distribution like Gaussian noise) in the latent 
space. This noise is transformed through a series of 
learnable transformations, often modeled using neural 
networks. The transformed latent variables are then 
mapped to the data space, generating the final output (e.g., 
images). The noise acts as the starting point, and the 
transformation progressively enhances the noise into the 
desired data distribution.

Figure 1. Diffusion Probabilistic Model (Source: [7])

    De-noising Diffusion Probabilistic Models take 
(DDPM) a different approach to the generation process. 
Instead of starting from a fixed prior distribution, DDPM 
begins with a noise tensor. This noise tensor is 
conditioned on the data (image) and then de-noised 
through a series of transformations, similar to DPM. 
However, in DDPM, the noise tensor is gradually refined, 
and this de-noising process converges into the final 
image. The key difference is that DDPM performs a 
reverse diffusion process, starting from noise and 
refining it to generate the image, while DPM starts from 
noise and progressively transforms it to the image.
Diffusion is composed of forward and backward process, 
equations (1) and (2)

Forward Process

; )

Reverse Process:

Song et. al. [15] Introduce a stochastic differential 
equation (SDE) capable of achieving a seamless 
transformation from a complex data distribution to a 
known prior distribution through the gradual introduction 
of noise. Additionally, develop a corresponding reverse-
time SDE, which smoothly reverts the prior distribution 
back into the original data distribution by progressively 
eliminating the injected noise.

(3)

The Fréchet inception distance (FID) [16] is used to 
measure the quality of image generation. The FID 
compares the distribution of generated images with the 
distribution of a set of real images, it is also a good 
m e a s u r e  f o r  v i s u a l  a c u i t y .

3. ACCELERATION TECHNIQUES

Despite their high-fidelity generation capabilities, 
diffusion models suffer from slow sampling speeds, 
limiting their practical applicability. To address this issue, 
various advanced techniques fall into four categories: 
Training based, training schedule enhancement, training-
free acceleration, and parallel processing. In this section, 
we provide a concise overview of these methods.

3.1 Training based

Training based methods are knowledge distilation in
which efficient smaller networks are created by  
transferring knowledge from larger, complex teacher 
models to simpler student models [18, 19]. In the context 
of diffusion models, distillation techniques aim to 
achieve faster sample generation or use smaller networks. 
Similar to traditional distillation methods applied to large 
pre-trained models, distillation in diffusion models is 
based on the concept of alignment, seeking to minimize 
differences between generated samples and their 
corresponding original samples. Generally, the 
distillation processes in diffusion models involve 
modifying trajectories to optimize transportation costs 
between different distributions. These optimal mappings 
result in shorter and more efficient paths, leading to 
reduced generation costs and controllable generation.

DDPM normally uses a 1,000 step discretization of 
the SDE (Stochastic Differential Equation). These de-
noising steps are computed sequentially and the sampling 
can be very slow due to a full pass through the neural 
network ) each step. As a result, popular works such 
as DDIM and DPMSolver [5] used coarser discretization 
to reduce de-noising steps with the price of trading 
quality with speed. Other people try to use ODE 
(Ordinary Differential Equation) trajectory method pass 
the teacher s model to student s model using ODE to map 
prior distribution to target distribution along an optimum



path [8]. Salimans [8] presented a two-step approach, 
one is a new parameterizations which offer increased 
stability using few sampling steps. Second, a method to 
distill a trained deterministic diffusion sampler, and 
generate a new diffusion model that takes half of
sampling steps. Luman [9] created a new connection 
between knowledge distilling and image generation, 
which can reduce multiple sampling steps into single step.

Song [10] proposed a one-step mapping from 
noise to image called consistency model. It can achieve 
the new state-of the-art FID of 3.55 on CIFAR-10 and
6.20 on ImageNet 64 x 64 for one-step generation.

Figure , Consistency map: one step mapping,
source:[10]

3.2 Training-free Sampling

Training-free methods aim to expedite the sampling 
process of pre-trained diffusion models by utilizing 
more advanced samplers, thus eliminating the necessity
for model re-training. This section classifies these 
methods into several aspects, including the acceleration 
of the diffusion ODE and SDE samplers.
Song [4] proposed a De-noising Diffusion Implicit 
Model (DDIM) where the model can be trained with an 
arbitrary forward steps but only sample from few of 
them in the generative process. ODE sampling can 
accelerate the process, but in the cost of quality 
scarification. On the contrary, SDE always present 
superior quality. Jolicoeur-Martineau [18] designed a 
more efficient SDE solver. The new solver is equipped 
with an adaptive step size. This approach generates data 
in 2x to 10x speed up.

3.3 Parallel Computing

Instead of reducing the de-noising steps which 
will compromise the synthesis quality, Shih et. al. [1]
proposed to parallelize sampling via Picard iterations,
this approach speculates the future solution of de-noising 
steps and refine it iteratively until convergence. Several 
de-noising steps are carried in parallel. The essence of 
this approach hinges on improving the sample latency
reduce the time for generate simple sample by solving the 
de-noising steps in parallel. They improved the sampling 
speed 2 to 4 times. The time for 100-steps diffusion 
policy can be dropped down to 0.2s, and 1,000-steps are 
cut down to 16s. And there is no obvious drop of the FID 
and CLIP score.

The Picard's method, primarily employed for 
approximating solutions to differential equations, 
operates iteratively.  It starts with initial guess of ,
employs successive approximation, gradually refining 
the numerical results with each iteration. The process 
generates a sequence of approximations 

to the solution of the differential 
equations. Each subsequent approximation is derived 
from one or more previous approximations, leading to 
increasing accuracy in the results. An ODE is defined by 
a drifting function 

(1)

Figure: Sequencial graph, source [1]

Figure Picard Iteration, source [1]

In order to compute Picard iteration numerically, 
equation (1) can be re-written in a discrete form,
equation (2).

(2)

In equation (2), time t update depends on all
previous time steps, this way illustrates skip 
dependencies in figure, and allows for rapid propagation 
of information along the chain and enhances the speed of
sampling.
Picard iteration requires to store the complete array of 
x(0:T) which can be prohibitively to fit to the GPU
memory. Instead, they suggest a batch processing which 
open perform Picard iteration only in a window size of p,
x(t, t+p). However, Picard iteration has its own 
limitation, the parallelization require iterations till 
convergence, the total number of model evaluation 
increase substantially. 

The other parallel methodology is DeepSpeed
(DS)[17] framework developed by Microsoft. DS offers 
an inference extension for workload speed-up. The 



extension inference can combine model parallelism 
technology such as tensor, pipeline-parallelism, with 
custom optimized CUDA kernels. DS provides a 
seamless inference mode for compatible transformer 
based models trained using DeepSpeed, Megatron, and 
HuggingFace

Stable diffusion optimized by deep-speed can decrease 
model latency from 4.57s to 2.68s, a 1.7x speedup.

6. CONCLUSION
In conclusion, this survey serves as a 

comprehensive guide to researchers and practitioners 
seeking to accelerate diffusion models. By exploring a 
wide range of acceleration techniques and their 
implications, we aim to promote the widespread adoption 
of diffusion-based methods in real-world applications, 
where real-time, high-quality image synthesis from 
textual descriptions is crucial.
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