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On the Design Fundamentals of
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Abstract—Diffusion models are generative models, which gradually add and remove noise to learn the underlying distribution of
training data for data generation. The components of diffusion models have gained significant attention with many design choices
proposed. Existing reviews have primarily focused on higher-level solutions, thereby covering less on the design fundamentals of
components. This study seeks to address this gap by providing a comprehensive and coherent review on component-wise design
choices in diffusion models. Specifically, we organize this review according to their three key components, namely the forward process,
the reverse process, and the sampling procedure. This allows us to provide a fine-grained perspective of diffusion models, benefiting
future studies in the analysis of individual components, the applicability of design choices, and the implementation of diffusion models.

Index Terms—Diffusion Model, Forward Process, Reverse Process, Sampling Procedure, Deep Learning

✦

1 INTRODUCTION

D IFFUSION models are an emerging class of generative
models to obtain novel data [1]. During training, a

diffusion model is trained by adding and removing noise
when given a set of training samples. During inference, it
generates a new sample using random noise as input.

Diffusion models have been applied in a wide range of
fields. Diffusion models have shown impressive results in
inpainting [2], text-to-image [3], super-resolution [4], col-
orization [5], instance segmentation [6], and so on. They
have been popular as a non-autoregressive alternative so-
lution in conventionally autoregressive tasks [7]. Diffusion
models have also demonstrated superiority in speech gen-
eration [8], music synthesis [9], and audio enhancement
[10]. Besides, they become increasingly popular in 3D shape
generation [11], human motion synthesis [12], video synthe-
sis [13], molecule synthesis [14], trajectory prediction [15],
simulation [16], and astronomical data synthesis [17].

The generic pipeline of diffusion models involves a
forward process and a reverse process to learn a data
distribution, as well as a sampling procedure to generate
novel data. The pipeline is featured by a time-indexed multi-
step chain where the three components move either for-
wards, i.e., timestep increases, or backwards, i.e., timestep
decreases. The forward process moves forwards on the
chain and perturbs the training data by adding noise at
each timestep. The reverse process moves on the chain in
the opposite direction. It optimizes a network to remove
the aforementioned perturbation. The two processes jointly
enable the network to be trained for distribution modelling.
Finally, the sampling procedure obtains a random noise
and uses the optimized network for data generation. It also
moves backwards on the chain as the reverse process does.
The main difference is that the network during the sampling
procedure is already optimized and used for inference only.
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Typically, two distinctive formulations are available for re-
alizing the three components in the generic pipeline. First,
diffusion models may be formulated with discrete timesteps
[18], [19]. Second, diffusion models may also be formulated
with continuous timesteps. These components are defined
by stochastic differential equations (SDEs) [5], [20]. This
formulation unifies the one with discrete timesteps, and
facilitates the theoretical analysis of diffusion models [21].

Although these three components generally define the
generic pipeline, they are currently lacking a comprehensive
survey. Some existing survey papers focus on higher-level
solutions to facilitate applications, and explore less on the
design details of each component [22], [23]. Some concen-
trate on specific domains or aspects of diffusion models,
lacking insights on the holistic design fundamentals of the
generic pipeline [24], [25], [26], [27], [28], [29], [30]. Others
focus on the application side, and thereby provide fewer
observations on theoretical designs [31], [32], [33]. Overall,
a survey that concentrates specifically on designing the
aforementioned components of diffusion models is lacking.

This survey bridges the gap in the literature by offering
a thorough and cohesive review of component-wise design
fundamentals in diffusion models. In particular, we have
organized design fundamentals of diffusion models into
the forward process, the reverse process, and the sam-
pling procedure, as shown in Figure 1. This breakdown is
aligned with the generic pipeline. Drawing upon the latest
research and implementations, we have summarized the
main streams of design fundamentals for each component.
Overall, this survey offers a fine-grained perspective of dif-
fusion models, and facilitates future analysis of individual
components, the applicability of design fundamentals, and
the implementation of diffusion models.

The rest of this survey is organised as follows. Section 2
introduces the preliminaries of diffusion models, including
the generic pipeline and its two formulations. Sections 3,
4, and 5 respectively review the design fundamentals of
the forward process, the reverse process, and the sampling
procedure, as visualised in Figure 1. Section 6 provides
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Fig. 1. The overview of diffusion models. The forward process, the reverse process, and the sampling procedure are the three core components of
diffusion models, which are responsible for adding noise, training networks, and generating samples, respectively.

insights on the future trends and Section 7 gives a brief
conclusion on diffusion models.

2 PRELIMINARIES

This survey uses commonly-used notations and terminolo-
gies in existing papers, as shown in Table 1, and represents
concepts with figures whose legends are defined in Table 2.

TABLE 1
Notations and terminologies.

Notation Terminology

E Expectation

N (x;µ,Σ)
Variable x follows the Gaussian distribution with

mean µ and variance Σ

x0 Training sample
t Timestep
T Total number of timesteps
c Condition
xt Perturbed sample at timestep t
ϵt Noise at timestep t
p(·) Distribution
p(x0) Original distribution at timestep 0

p(xt) Perturbed distribution at timestep t

p(xT )
Terminal distribution, i.e., data distribution at

timestep T
θ Parameters in denoising network
θ∗ Optimal parameters in denoising network
pθ(·) Predicted distribution by denoising network

p(xt|xt−1) Forward transition
pθ(xt−1|xt) Reverse transition
pθ∗ (xt−1|xt) Sampling transition
∇x log p(·) Score, i.e., gradient of a log distribution

I Identity matrix
x∗0 Newly generated data

2.1 The Generic Pipeline

The generic pipeline in diffusion models is generally spec-
ified by the forward process, the reverse process, and the
sampling procedure. The generic pipeline is characterized
by a timestep-indexed multi-step chain where the three
components move forwards or backwards. The forward

TABLE 2
Figure legends.

Notations Meaning

Trainable network with parameters θ

Fixed network with parameters ξ∗

Component not in use

Data distributions

The distribution at a timestep

Condition c

Timestep t

Combination, e.g., Addition.

With probability p for dropping out

and reverse processes are implemented jointly to optimize
a denoising network by gradually adding and removing
noise [19]. After the optimization, the sampling procedure
leverages the trained network to generate a novel sample
x∗
0 ∼ pθ∗(x0) ≈ p(x0) whose distribution pθ∗(x0) conforms

to the same distribution as the original one p(x0) [18].

Fig. 2. The forward process perturbs the original unknown distribution by
gradually adding noise to a given set of data samples through a chain
of distribution transitions with multiple time steps. Each time step of the
chain is denoted by a circle.

The forward process perturbs a training sample x0 to
{xt}Tt=1 as the timestep t increases, as shown in Figure 2. A
forward transition p(xt|xt−1) describes such a perturbation
where a small amount of noise ϵt is added between two
timesteps. In other words, as the forward process moves on
the chain, more and more noise is added through p(xt|xt−1)
and the perturbed sample xt becomes noisier and noisier.
Through multiple timesteps, the original distribution p(x0)
is eventually perturbed to a tractable terminal distribution
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p(xT ), which is usually full of noise [34]. Since only noise is
added through the chain, the forward process does not have
any trainable parameters. In particular, the forward process
is represented as a chain of forward transitions:

p(xT |x0) := p(x1|x0) · · · p(xt|xt−1) · · · p(xT |xT−1),

=
T∏

t=1

p(xt|xt−1),

(1)

where t is the timestep, T is the total number of timesteps,
x0 is a training sample at t = 0 and is then perturbed
to be xT after T timesteps, and p(xt|xt−1) is a forward
distribution transition between two consecutive time steps.

The forward process has both similarities and differences
with variational autoencoders (VAEs) [35]. Similar to VAEs,
it usually perturbs p(x0) to the commonly-used isotropic
Gaussian distribution p(xT ) = N (0, I) as the terminal
distribution [36]. In contrast to learning an encoder to ob-
tain p(xT ) in VAEs, the forward process has no trainable
parameters and only adds noise to x0 for perturbation [19].

Fig. 3. The reverse process trains a neural network θ to recursively re-
move the noise that has been previously added by the forward process.

The reverse process trains a denoising network to recur-
sively remove the noise, as shown in Figure 3. Instead of
removing all noise in a single timestep like GANs [37], a
denoising network is trained to iteratively remove the noise
between two consecutive timesteps. The reverse process
moves backwards on the multi-step chain as t decreases
from T to 0. Such iterative noise removal is termed as
the reverse transition pθ(xt−1|xt), which is approximated
by optimizing the trainable parameters θ in the denoising
network [38]. In particular, the reverse process is formulated
as a chain of reverse transitions:

pθ(x0) := p(xT )pθ(xT−1|xT ) · · · pθ(xt−1|xt) · · · pθ(x0|x1),

= p(xT )
T∏

t=1

pθ(xt−1|xt),

(2)

where θ is the parameters of the denoising network and
pθ(xt−1|xt) is the reverse distribution transition. In particu-
lar, the reverse process is usually parameterized as:

pθ(xt−1|xt) := N (xt−1;µθ(xt, t),Σθ(xt, t)), (3)

where µθ(xt, t) and Σθ(xt, t) are, respectively, the Gaussian
mean and variance to be estimated by the network θ.

The denoising network is trained by the standard varia-
tional bound on negative log likelihood:

L =E[DKL (p(xT |x0)||p(xT ))

+
∑
t≥1

DKL (p(xt−1|xt, x0)||pθ(xt−1|xt))

− log pθ(x0|x1)],

(4)

where DKL(·∥·) is the Kullback–Leibler (KL) divergence
and computes the difference between two distributions.
Overall, minimization of the objective L is to reduce the
discrepancy between pθ(x0) and p(x0).

Fig. 4. The sampling procedure uses the trained denoising network θ∗
and usually follows the same transitions as the reverse process.

The sampling procedure leverages the optimized denois-
ing network θ∗ to generate novel data x∗

0, as illustrated in
Figure 4. It moves backwards on the chain to recursively
apply the optimized network θ∗ [39]. Concretely, it firstly
obtains a sample xT from the terminal distribution p(xT )
and then uses the trained network to iteratively remove
noise by the sampling transition pθ∗(xt−1|xt). Through a
chain of such transitions, it finally generates new data
x∗
0 ∼ pθ∗(x0) ≈ p(x0). In particular, the sampling procedure

is defined as a chain of sampling transitions:

pθ∗(x0) := p(xT )pθ∗(xT−1|xT ) · · · pθ∗(x0|x1),

= p(xT )
T∏

t=1

pθ∗(xt−1|xt),

(5)

where θ∗ represents the optimized parameters of the de-
noising network, p(xT ) is the terminal distribution, and
pθ∗(xt−1|xt) is the sampling transition.

2.2 Discrete and Continuous Formulations
Diffusion models can be formulated in two distinct ways,
i.e., discrete and continuous formulations, which differ in
the definition of the timesteps [40]. The discrete formulation
defines timesteps to be integer values, ranging from 0 to
T [19], and results in a finite number of timesteps that is
specified by the value of T . In contrast, the continuous for-
mulation defines the timesteps as continuous values, which
are constrained within the interval of [0, 1], and allows for
an infinite number of timesteps in theory [5].

2.2.1 The Discrete Formulation
Regarding the discrete formulation, denoising diffusion
probabilistic model (DDPM) [19] is a popular configuration
of such formulated diffusion models. It is straightforward to
define, efficient to train, and capable to achieve high quality
and high diversity in the generated samples [41].

Concretely, the forward transition in DDPM is defined to
add isotropic Gaussian noise ϵt ∼ N (0, I):

p(xt|xt−1) := N (xt;
√
1− βtxt−1, βtI), (6)
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where βt is the noise schedule, which is a hyper-parameter
to control the amount of noise to be added in each timestep.
As all forward transitions (Eq. 6) are Gaussian, the forward
process (Eq. 1) in DDPM is simplified as:

p(xt|x0) := N (xt;
√
ᾱtx0, (1− ᾱt)I), (7)

where ᾱt is defined as ᾱt =
∏t

s=1 αs and αt = 1 − βt.
In theory, ᾱt has a similar effect with βt in Eq. 6. Please
refer to Section 1 in supplementary material for the detailed
derivation of Eq. 7 from Eq. 6.

The reverse process has the same functional form as the
forward process [1]. In DDPM configuration, the transition
Eq. 3 in the reverse process is formulated as:

pθ(xt−1|xt) := N (xt−1;
1

√
αt

(xt −
1− αt√
1− ᾱt

ϵθ(xt, t)), βtI),

(8)
where the variance Σθ(xt, t) in Eq. 3 is empirically fixed as
the noise schedule βt, and µθ(xt, t) is reparametrized by the
noise prediction ϵθ (xt, t). Accordingly, the training objective
defined in Eq. 4 is also simplified as:

L = Ext,t

[
∥ϵt − ϵθ (xt, t)∥22

]
. (9)

Finally, the sampling process obtains xT ∼ p(xT ), and
applies pθ∗(xt−1|xt) to generate x∗

0.

2.2.2 The Continuous Formulation

The continuous formulation manipulates data distributions
in continuous time. Noise is added in an infinitesimal inter-
val between timesteps. Therefore, a stochastic differential
equation (SDE) is adopted in such formulated diffusion
models to describe changes in continuous timesteps [42].

Concretely, the forward transition to add noise is formu-
lated as a forward SDE:

dx = f(x, t)dt+ g(t)dw, (10)

where w is the standard Wiener process and accounts for
noise in the forward transition, and f(x, t) and g(t) are the
drift and diffusion coefficients to account for the mean and
variance in the forward transitions, respectively [43].

At the same time. a reverse SDE for the reverse transition
(Eq. 3) is also determined by these coefficients [44]:

dx =
[
f(x, t)− g2(t)sθ(xt, t)

]
dt+ g(t)dw, (11)

where the output of the denoising network
sθ(xt, t) = ∇x log p(xt) is the score [45]. Likewise,[
f(x, t)− g2(t)sθ(xt, t)

]
and g(t) account for the mean and

the variance in Eq. 3. The training objective is defined as:

L = Et

[
λ(t)Ex0

Ext|x0

[
∥sθ(xt, t)−∇x log p(xt|x0)∥22

]]
,

(12)
where λ(t) is the weighting function. Section 3 in sup-
plementary material presents the equivalence of using
∇x log p(xt) and ∇x log p(xt|x0) in Eq. 12.

Finally, the sampling procedure obtains xT , and applies
the trained network θ∗ to generate novel data.

3 THE FORWARD PROCESS

The forward process defines the way data to be perturbed
by configuring the noise and specifying a transition chain.
The way the perturbation happens affects not only the for-
ward process but also the reverse process and the sampling
procedure [46]. Noise configuration involves the schedule
and the type of noise to be added [47]. The transition chain
specifies how the data distribution are transformed [48].

3.1 The Noise Configuration
The schedule [46] and the type of noise [49] are configured
for effective and expressive diffusion models. Specifically,
a suitable schedule provides such a noise intensity that
perturbs the data samples at an appropriate speed [20], [50].
Moreover, different types of noise have an influence on the
modeling capabilities of diffusion models [50].

3.1.1 The Noise Schedule
The noise schedule controls the amount of noise ϵt to be
added at timestep t. It schedules a value βt as the noise
level for each timestep t [1]. The noise ϵt is scaled by the
noise level and then is used to perturb x0 [18].

A suitable schedule encourages a balance between explo-
ration and exploitation. Exploration describes the ability of
generalization on data not seen during training [51] while
exploitation refers to the convergence situation where a
model fits the training data well [52]. According to the
definition of the forward process in Eq. 1, the larger the
amount of noise that is used, the faster the data structures
are destroyed, and vice versa. On the one hand, a sufficient
amount of noise is necessary to encourage exploration to
generalize well on unseen data, while excessive noise may
result in sub-optimal convergence or inconvergence of a
model, which cannot adequately recover the details of data
[53]. On the other hand, too little noise boosts exploitation
to fit distributions well but undermines generalization [54],
[55]. Empirically, smaller noise levels are scheduled at early
timesteps for exploitation, and higher levels are assigned at
late timesteps for exploration for a better balance [56].

Data are often considered when a noise schedule is
designed. From the viewpoint of data representation, the
number of data dimensions and the maximum Euclidean
distance of training samples need to be considered to design
the noise schedule [57]. Furthermore, the noise schedule
should align with the complexity and redundancy of the
data [46]. For example, larger images may require more
noise than smaller ones [58]. In the context of data re-
construction, adding sufficient noise is beneficial for easy
modeling of the distribution while adding little noise helps
accurate reconstruction [59].

The noise schedule can be learned by a network or
empirically designed using mathematical formulations. To
learn a noise schedule, existing methods recognize it as a
parameter to be learned jointly with other parameters [59].
These parameters are usually optimized by maximizing a
variational lower bound on the log-likelihood [61]. Since the
noise schedule is learned by the network, it can be different
for training and sampling to achieve optimal results [55]. In
contrast, manually-designed noise schedules are formulated
with a wide variety of mathematical heuristics. Some design
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TABLE 3
Comparison of several streams of noise schedules.

Noise
Schedule Visualization

Linear
[19]

Simple
Linear

[46]
Cosine

[58]

Exponential
[18]

Sigmoid
[60]

the noise schedule to be affine [19], [46], or to have an expo-
nential relationship [18] with the timestep. Both are thought
to perturb data quicker than necessary. Consequently, other
functions, such as cosine [58], sigmoid [60], and mathemat-
ical integral [20], are used to achieve a more appropriate
perturbation speed in the forward process. Table 3 shows
several examples of designed noise schedules.

3.1.2 The Noise Type

The selection of the noise type leads to improved dis-
tribution approximation and greater degrees of freedom,
accentuating its significance on expressiveness of diffusion
models. Specifically, selecting an appropriate noise type
enhances the model capacity as it fits the perturbed distri-
butions at different timesteps more accurately [36], [50]. Ad-
ditionally, different types offer varying degrees of freedom
[47]. This brings more flexibility in modeling distributions.

TABLE 4
Comparison of several streams of noise types.

Noise
Type Visualization

Gaussian
[18], [19]

Gamma
[47], [50]

Soft [49],
[62]

Different noise types have been developed based on
empirical experiments. Inheriting from the denoising score
matching [63], isotropic Gaussian noise is commonly used
for its simplicity and compatibility [1], [18], [19]. Several
variants of isotropic Gaussian noise, such as mixture of
Gaussian noise [47] and non-isotropic Gaussian noise [64],
have also been applied for increased expressiveness. When
correlation exists in a data sample, e.g. frames of a video, the
noise are designed to be correlated as well [65]. Addition-
ally, Gamma distribution is another feasible and promising

alternative. It has one more degree of freedom and fits
distributions better [50]. Soft corruptions can be recognized
as a generalized noise for perturbation. This type of noise
is more than traditional statistical distribution and supports
various operators like masking to perturb data [49]. Such
operators also destroy data structures as the aforementioned
noise does. This greatly extends the expressive power as a
wide variety of operators become available [62]. Overall,
these attempts on alternative types pave the way towards
more generalized diffusion models. On the other hand, their
re-formulations imposed by new noise type may be costly
[47]. Table 4 visualizes different types of noise.

3.2 The Transition Chain
The chain of transitions controls the way of perturbing the
given data distribution. Varying the terminal distribution in
the forward process helps train the denoising network in
the reverse process effectively and efficiently [66]. The sys-
tematic method is an emerging transition design to increase
expressiveness [67]. The chain is also adapted for different
data properties [68]. We discuss all those, next.

3.2.1 The Terminal Distribution
A large discrepancy between the original distribution p(x0)
and the terminal distribution p(xT ) may lead to a subop-
timal learning outcome for diffusion models. Through the
chain of transitions, p(xT ) is determined by adding noise
to the original distribution p(x0) after T timesteps. Their
discrepancy is usually significant because xT is full of noise
with almost no original structures remaining [69]. A de-
noising network is trained to overcome the discrepancy by
transforming xT ∼ p(xT ) back to x0 ∼ p(x0). Consequently,
such a large discrepancy may lead to inefficiencies and slow
convergence of optimization in the reverse process. In other
words, it may require more timesteps to correct this large
discrepancy through the denoising network [70].

Fig. 5. The transition chain no longer seek an isotropic Gaussian distri-
bution as the terminal distribution. The grey, dashed parts represent that
the transition no longer approaches the isotropic Gaussian distribution.

The chain, instead, seeks to maintain as many structures
of x0 as possible in the terminal distribution to reduce the
discrepancy, as shown in Figure 5. An isotropic Gaussian
distribution has no information about the given data sam-
ples despite its simplicity to use [1], [19]. Instead, other
approaches typically consider the statistics of the training
dataset like the mean and variance to indicate data struc-
tures [71]. This mitigates the potential discrepancy and im-
proves the convergence [67]. Such directly involving statis-
tics still requires prior knowledge on the exact formulation
of the terminal distribution [69], [72]. An extra network
is thereby developed to learn the distribution p(xt) at an
earlier timestep t < T and p(xt) is then recognized as the
new terminal distribution. As t < T , more data structures
remain in p(xt) where less noise has been added [73]. The
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network is often pre-trained to avoid optimizing jointly with
the denoising network for an easier optimization [74].

3.2.2 The Systematic Method
The systematic method involves more than one chain of
transitions in the generic pipeline. It becomes increasingly
popular for its impressive performance and flexibility [75].
Multiple chains are jointly applied on flexible inputs. For
example, inputs may be a pair of data and its label [5], or
the decomposed data in subspace [76]. Figure 6 shows an
example of using two transition chains on decomposed data.

Fig. 6. A systematic method allows the forward process to separately
transform the original data in orthogonal subspace.

The systematic method has various benefits. It increases
the expressive power by supporting multiple data com-
ponents and types in the forward process. With more
than one chains, the given samples can be decomposed
into several components that are compatible with the the
generic pipeline [77]. This increases the expressiveness, and
avoids inaccurate high-dimensional extrapolation and high
computational cost [78]. Moreover, transitions are feasible
to apply different speeds of perturbations in the forward
process based on their properties [79], [80]. Different data
types are also supported by the systematic method. For
instance, discrete and continuous data are both transformed
using two different transitions simultaneously [14], [81].
Additionally, the systematic method enables incorporating
conditions by perturbing the given condition with an extra
chain. For example, label vectors are perturbed and learned
jointly with data [5], [82]. Sometimes domain knowledge
becomes applicable if the systematic method is used. For
example, statistical mechanics in physics is suitable for mul-
tiple transition chains leading to better performance [48].

Despite those advantages, the systematic method may
require to change the equations of the forward process, and
thus, the reverse process and the sampling procedure. The
generic pipeline may need to be re-derived [14], which is
usually more complicated [78] for computation.

3.2.3 Data Properties
Generalizing diffusion models to a wide range of applica-
tions requires adaptations according to data properties [30].
Data in tasks such as text generation and speech generation
are represented with different types [83]. Furthermore, the
data manifold itself is different in some areas like scientific
computing [84]. Latent features are also important in large
scale tasks for more compacted representations [85].

Different data types require adaptations of the transition
chain. Essentially, different data types have varying char-
acteristics. For instance, categorical data are represented as
discrete distributions, while continuous data are modeled
as arbitrary values [86], [87]. Although both discrete and

continuous data are compatible with diffusion models, their
generic pipeline has an inductive bias of continuous data
[14]. The inherent data difference requires effort to adapt
the transition chain to improve the modeling accuracy for
different data types [71], [88]. Some efforts focus on con-
verting discrete data to continuous representations before
they are calculated [89], [90]. This is straightforward but
accuracy may be lost. Others concentrate on re-designing
the transitions with discrete distributions [68], [91], [92]
such as the Bernoulli distribution. Despite their superior
performance, their derivations sometimes are task-specific
and expensive to be adapted to other tasks.

Data manifolds also demand modifications of the transi-
tion chain in the generic pipeline. Apart from the commonly
used Euclidean manifold, the Riemannian manifold is also
explored for handling some scientific data [93]. Riemannian
manifold-based diffusion models are motivated by their
ability to preserve geometric structures of the underlying
data, which are important in many scientific fields [94].
Riemannian manifold-based diffusion models have shown
promising results in various applications such as medical
imaging and neuroscience [95].

Fig. 7. The transition chain in a latent space. ψ∗ is a pre-trained encoder.
Data are no longer manipulated in the original space (dashed, grey).
They are now transformed within the latent space (rounded rectangle).

Latent representation is another feasible choice for tran-
sitions, as illustrated in Figure 7. Despite positive generation
results achieved in the original space, the high dimen-
sionality of data often leads to considerable computational
cost and redundancy [96]. Empirical evidence has shown
that some transitions in diffusion models are responsible
for learning latent representations, which are usually in
low-dimensional space [97] and semantically meaningful
[98], [99]. They implicitly learn semantically meaningful
features [100]. Mapping to latent space also enables multi-
modality [101]. A pre-trained encoder is developed to map
x0 into latent code z0 ahead of diffusion models and its
corresponding decoder maps the generated latent code z0
back to x0 [102]. Usually latent features are more densely
represented by filtering less relevant information. Therefore,
all the capacity of diffusion models are encouraged to learn
more abstract, semantical relationships effectively [85].

4 THE REVERSE PROCESS

The reverse process focuses on training a denoising network
to remove noise [103]. The denoising network is configured
by its network architecture [104] and its output parameteri-
zations [105]. To train the configured network, optimization
designs are also developed [57].
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4.1 Network Architectures

U-Net [106] and Transformer [107] are two commonly
adapted architectures for denoising networks [108]. The
denoising network is trained to realize the reverse tran-
sitions (Eq. 3). It is theoretically flexible to incorporate a
wide variety of architectures that keep the dimensionality
unchanged during all transitions [109], [110]. Both U-Net
and Transformer become increasingly popular for their high
capacity on modelling complex relationships in a wide
range of applications. While other architectures may also
theoretically be compatible without changing dimensions
like GAN [111], they are often adopted for task-specific
purposes, e.g., adopting GAN for fast generation [53], and
may not be generally applicable to other purposes.

4.1.1 U-Net

From a theoretical standpoint, U-Net is a U-shaped encoder-
decoder architecture for general purpose. It was origi-
nally proposed for image segmentation [106] and later was
adapted to a large variety of tasks. Its encoder extracts high-
level features from data and usually contains downsam-
pling layers to compress data. Its decoder leverages such
features for different purposes and usually upsamples back
to the original dimensionality of the data. This architecture
forms an information bottleneck [112] and encourages the
network to learn features effectively. Therefore, U-Net has
been adopted for a wide variety of tasks.

Various architecture modifications are applied to adapt
U-Net as the denoising network. One implementation,
known as PixelCNN++ [113] based on a Wide ResNet [114],
is adapted as the denoising network by replacing weight
normalization [115] with group normalization [116] for
learning efficiency [19]. Cross-attention [117] is introduced
for higher capacity [118]. Normalization layers are also
explored as the conditions in diffusion models [41], [58]. Al-
though various architecture modifications are implemented,
the overall architecture of U-Net remains intact [119].

4.1.2 Transformer

Transformer is also an encoder-decoder architecture. Both
its encoder and decoder are featured by self-attention func-
tions, which differentially measure the significance between
all inputs regardless of their spatial locations [107]. This
enables to better capture global dependencies in many tasks.

Transformer is increasingly adapted as an alternative
architecture for the denoising network. In principle, a trans-
former can directly substitute U-Nets because it can also
maintain the data dimensions [120]. Nevertheless, direct
substitution empirically does not yield better quality be-
cause transformers are known to model global relations
and may suffer from losing short-range dependency [121].
Therefore, some U-Net structures are usually added to
transformers to retain the benefits of U-Net as much as
possible [122]. For example, extra long skipping connec-
tions in U-Net also play a central role in transformer-based
denoising networks [123]. Despite these improvements, not
all U-Net structures are essential. For example, the down-
sampling and up-sampling operators are not necessary for
transformer-based denoising networks [123].

Transformer-based denoising networks also exhibit ex-
tra desirable properties when compared with U-Net ar-
chitectures. For example, the transformer-based denoising
network achieves comparable performance in conditional
image generation [124], [125], and better quality with less
network complexity in unconditional image generation task
[126]. Graph transformers are also explored to capture graph
relationships [127]. Transformers also encourage scalability
[128], [129], and multi-modality [130] in diffusion models.
The transformer encoder is also separately adopted with
other task-specific decoders in the denoising network. This
is enabled by the disentanglement in an encoder-decoder
structure [104]. For example, a strong transformer encoder
is used to achieve better performance in image generation
[104] and motion synthesis [12].

4.2 Parameterizations of the Reverse Mean
The output of the denoising network is applied to param-
eterize the reverse mean µθ(xt, t) in the reverse transition
(Eq. 3). Different parameterization ways all center on the
estimation of the original data x0. Specifically, the true value
of the reverse mean, denoted as µ(xt, t), is formulated as:

µ(xt, t) :=

√
ᾱt−1(1− ᾱt−1)xt +

√
ᾱt−1(1− αt)x0

1− ᾱt
, (13)

where x0 is the original data but is unavailable during
the reverse process. Therefore, x0 needs to be estimated
from the observed purturbed data xt and timestep t by the
network. One parameterization way is to directly output
the estimation x̂0 by the denoising network and replace
x0 with x̂0 in Eq. 13. An indirect parameterization way
designs the denoising network to predict the noise ϵ̂t, which
is the residual between the unknown x0 and the observed
xt [19]. Another indirect parameterization way is based on
the probabilistic viewpoint and predicts the score ŝt via the
denoising network. ŝt is the gradient that points towards
the unknown x0 from the current position xt in data space.
Combinations among aforementioned ways are also pro-
posed for special tasks. Figure 5 shows a comparison of
different outputs and their corresponding parameterization
ways. Different outputs are equivalent to each other [20],
[59]. Please refer to Section 2 in supplementary material for
a detailed explanation on the equivalence.

While essentially equivalent, different outputs as well as
corresponding parameterizations show unique characteris-
tics in particular aspects. Using x̂0 mainly supports better
accuracy in the initial stage of the reverse process while ϵ̂t is
preferable in the late stage. Employing ŝt avoids computing
the normalizing constant, which is a common problem in the
context of distribution modelling. Combining the aforemen-
tioned ones provides the flexibility to retain their benefits.

4.2.1 Data
Predicting the original data x0 provides a straightforward
denoising direction. x̂0 indicates a denoising goal towards
which xt should be changed. In particular, given the obser-
vation xt at timestep t, the parameterization is defined as:

µθ(xt, t) :=

√
ᾱt−1(1− ᾱt−1)xt +

√
ᾱt−1(1− αt)x̂0

1− ᾱt
, (14)

where αt indicates the noise level as defined in Section 2.2.1.
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TABLE 5
Visualization of parameterization ways. Outputs are the values
predicted by a denoising network. The parameterization is the

formulation to use the corresponding output in the reverse process.
Each visualization is about the corresponding output.

Output Parameterization Visualization

Data x̂0
µθ(xt, t) :=√

ᾱt−1(1−ᾱt−1)xt+
√

ᾱt−1(1−αt)x̂0

1−ᾱt

Score ŝt
dx :=[

f(x, t)− g2(t)ŝt
]
dt+

g(t)dw

Noise ϵ̂t
µθ(xt, t) :=

1√
αt
xt − 1−αt√

αt(1−ᾱt)
ϵ̂t

Combination
ĉt

µθ(xt, t) := C(x̂0, ŝt, ϵ̂t) N/A

Parameterizing with x̂0 is advantageous at the beginning
of the sampling procedure, while it leads to inaccuracy
when approaching the end of the sampling procedure. Em-
pirical results show that the estimated mean µθ(xt, t), which
is parameterized by x̂0, is closer to the ground truth µ(xt, t)
at the beginning of the sampling procedure [3], [131]. This
is because x̂0 helps the denoising network with an overall
understanding of the global structure [24]. On the contrary,
when approaching the end of the sampling procedure where
substantial structures have already been formed and only
small noise artifacts need to be removed, finer details are
difficult to be recovered [132]. In other words, the informa-
tion brought by x̂0 becomes less effectiveness in this case.

4.2.2 Score
Score is the gradient of the logarithm of a distribution [45].
The gradient indicates the most possible changes between
two timesteps [133]. Therefore, as shown in Figure 8, de-
noising samples by the score forms a trajectory in data space
[134]. In particular, given the observed xt and timestep t,
the predicted score is defined as ŝt := ∇x log p(xt) and the
corresponding parameterization is the reverse SDE:

dx :=
[
f(x, t)− g2(t)ŝt

]
dt+ g(t)dw, (15)

where f(x, t) and g(t) are the coefficients as previously
introduced in Section 2.2.2.

Fig. 8. Visualization of the trajectory by predicting score. A score is a
direction for next timesteps. Samples are denoised in the direction at
each position. Colors represent trajectories of different samples.

Predicting score in the reverse process avoids the es-
timation of the constant for normalizing the probabilistic

distributions. Instead of representing a probability distribu-
tion by probability [135], score computes the gradient of
the logarithm of a distribution. This avoids estimating the
normalizing constant, which is computationally expensive
or sometimes infeasible [136]. In particular, the predicted
distribution is usually defined as:

pθ(x) =
exp−fθ(x)

Zθ
, (16)

where Zθ > 0 is a normalizing constant to be estimated so
that

∫
pθ(x)dx = 1. Predicting score avoids this problem:

∇x log pt(x), (17)
=−∇xfθ(x)−∇x logZθ, (18)
=−∇xfθ(x), (19)

where ∇x logZθ = 0 as Zθ is a constant with respect to x.

4.2.3 Noise
Noise estimation predicts the noise added in the forward
process. Generally, the predicted noise is scaled according to
the noise schedule and then subtracted from the observation
[19], [137], as shown in Figure 9. In particular, given the
observation at a current timestep, the prediction of noise is
denoted as ϵ̂t and the parameterization is defined as:

µθ(xt, t) :=
1

√
αt

xt −
1− αt√
αt(1− ᾱt)

ϵ̂t, (20)

where αt indicates the noise level at timestep t as previously
defined in Section 2.2.1.

Fig. 9. Visualization of the noise-based parameterization. means ϵ̂t
has a subtractive relationship with xt, and means this results in xt−1.

The consistent magnitude and residual effect of ϵ̂t are
advantageous. The fixed statistics of noise, e.g. ϵ̂t ∼ N (0, I),
lead to a consistent magnitude to be predicted. This encour-
ages the learning of the denoising network [59]. Besides, the
residual effect to preserve the input xt in xt−1 is available
by predicting zero noise [138]. This becomes increasingly
beneficial towards the end of the reverse process where only
minor modifications are needed [132].

A large deviation between the ground truth noise ϵt
and the predicted noise ϵ̂t may occur at the beginning of
the sampling procedure, and is hard to be corrected in the
following timesteps. The sampling procedure starts from
samples with large noise, with almost no clue for the denois-
ing network to predict noise accurately [19]. This potentially
leads to a deviation [132]. The deviation is scaled up by the
noise schedule in Eq. 20. The scheduled level of noise is
usually large at the beginning of the sampling procedure.
Even for a small noise estimation error, the deviation will
be sharply enlarged. Moreover, the denoising network is
limited to predicting noise, which has a residual effect in the
noise-based parameterization. The magnitude of potential
correction at each timestep is relatively small, and thereby
more timesteps are required to correct such a deviation [24].
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4.2.4 Combinations
Combining two or more predictions is also possible for
task-specific benefits. Abstractly, the combination is denoted
as ĉt := C(x̂0, ŝt, ϵ̂t) where C stands for a combination
operator. Therefore, the parameterization is:

µθ(xt, t) = ĉt. (21)

This has a wide variety of feasible implementations. The
output to be combined and the combination operators can
be very diverse [22]. Velocity prediction is one example that
linearly combines x̂0 and ϵ̂t [139], which is designed as:

µθ(xt, t) := αtϵ̂t − σtx̂0, (22)

where αt and σt are the scaling factor and noise schedule
respectively. Such a combination has better stability in the
task of distilling diffusion models [105]. Combination is also
used to avoid noise existing in x̂0 [140] or to achieve higher
likelihood [141]. Dynamically alternating between x̂0 and ϵ̂t
is found to accelerate the generation [132], [142].

4.3 Optimization Designs

Many optimization designs on the learning objectives are
developed to train the denoising network [143], with the
reverse variance and the learning weight being the two
main factors. The semantic information reflected by overall
performance like fidelity and diversity strongly depends on
the training procedure [144]. Optimizing over the reverse
variance assists the fitting of the denoising network. The
learning weight controls the attention of learning priorities.

4.3.1 The Reverse Variance
Modelling the reverse variance improves the training effi-
ciency of diffusion models. An appropriate variance mini-
mizes the discrepancy between the predicted reverse tran-
sition pθ(xt−1|xt) and the forward transition p(xt|xt−1),
fitting the forward process better [145]. This facilitates less
timesteps to be used, and improves overall efficiency.

Many efforts to model the reverse variance are at-
tempted. Some empirically adopt a handcrafted value for
each timestep. The noise schedule is a popular option for
its simplicity and empirical performance [146]. Scaling the
schedule by a factor is also researched but does not lead to
a large difference [19]. Both choices are considered as upper
and lower bounds on reverse process entropy [1], and the
interpolation between them is learned for flexibility [58].
Others find the optimal variance can be solved analytically.
Its formulation is explicitly derived from the predicted score
[145], and improves the efficiency of generation [147].

4.3.2 The Learning Weight
Learning priorities are balanced by weights in the learning
objective to enhance the learning quality. The change of
learning priorities is common in deep learning [148] and
has also been observed in the reverse process [149], [150].
Generally, a diffusion model learns features with semantic
correspondence [151], [152]. In other words, it pays more
attention to global structures at the beginning of the reverse
process [153] and then changes to local details when ap-
proaching its end [154]. Beside, it is shown to understand

high-level phenomena like compositionality [155], concepts
[156], and geometry [157]. A balance is achievable through
adjusting weights and beneficial for training [158].

Fig. 10. Learning priority changes in the reverse process, which is
denoted by different colours.

Weights are usually related with the noise schedule. Di-
rectly using the schedule as the weight emphasizes a better
learning of global structure by a larger learning weight at
the beginning of the reverse process [18], [159]. While it is
simple to use, the pre-defined schedule is not flexible and
may deviate away from the actual demands. A function of
the noise schedule such as the signal-to-noise (SNR) ratio
is designed to compute the weights. The actual remaining
noise is measured rather than the scheduled one [59]. It
takes the data into account and better balances the learning
of local details and global structures [154].

5 SAMPLING PROCEDURE

The sampling procedure in a diffusion model usually fol-
lows the transitions in the reverse process but uses a trained
denoising network. It moves backwards on the chain and is
responsible to transform a sample xT from a terminal dis-
tribution p(xT ) to generate new data x̂0 ∼ pθ∗(x0) ≈ p(x0).

Conditional and fast generation are two focused areas
of the sampling procedure in diffusion models. Without
modelling conditions, diffusion models usually do not gen-
erate data of high quality when data are considered to
follow a conditional distribution [160], [161], e.g., images
from LSUN [162] with ten scene categories are considered
to follow a conditional distribution. Effective mechanisms of
guidance are designed to modify transitions in the sampling
procedure to be compatible with conditions. Moreover, the
sampling procedure is several times slower when compared
with other generative models [163], [164]. The long gen-
eration time is mainly attributed to the large number of
timesteps [66]. Thus, designs for acceleration are explored
to reduce timesteps without heavily impairing quality.

5.1 Guidance Mechanisms
A guidance mechanism modifies the denoising direction. It
corrects the unconditional direction based on the given con-
ditions [165], and thereby reduces the discrepancy between
the modified and true conditional distributions [166], [167].
The condition c ∈ C can be diverse, e.g., images [168], texts
[169], or 2D poses [170]. Without loss of generality, guidance
is discussed using score as the output.

A wide variety of mechanisms are proposed to incor-
porate condition c with diffusion models. As temporal
conditions, i.e. timesteps t, are inherently compatible with
diffusion models [19], vanilla guidance extends them to
incorporate c through operations such as addition [41]. De-
spite its convenience, such a guidance mechanism is weak
and sometimes is not working well to modify the denoising
direction [24]. To achieve effective and adjustable strength of
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conditions, classifier guidance leverages an extra pre-trained
classifier to change the denoising direction [41]. The strength
is adjusted by scaling the change with a weight. Nonethe-
less, training a classifier on data with noise leads to extra
cost and training instability [171]. To avoid such problems,
classifier-free guidance combines the vanilla guidance and
unconditional model for guidance. Moreover, learning the
modification as guidance instead of manually deriving the
guidance is emerging for its flexibility [170].

5.1.1 Vanilla Guidance

Vanilla guidance incorporates the given conditions c jointly
with timesteps t as the guidance. A timestep t itself is
inherently taken as a condition by a denoising network
[172], [173]. A variety of operations such as addition [174],
[175], [176], [177], and attention layer [178], [179], [180], [181]
are available for this guidance mechanism. Figure 11 shows
the condition is added to a timestep in this mechanism.

Fig. 11. Vanilla guidance merges the condition c with the denoising
network θ∗ by adding to each timestep t.

While vanilla guidance is simple, its effectiveness is
undermined by the lack of adjustable conditional strength
[171]. Empirical evidence shows that a conditional diffusion
model trained with vanilla guidance may not conform to the
conditions or under-perform in conditional generation [24].

5.1.2 Classifier Guidance

For effective and adjustable strength of conditions, an extra
classifier with a weight is trained for classifier guidance. The
gradient of the classifier is scaled by the weight and then
is used to modify the unconditional denoising direction, as
shown in Figure 12. In other words, the weight controls how
much to encourage the gradient-based modification [182].
To obtain the gradient as accurate as possible, the classifier
is trained on data with noise at each timestep. In particular,
classifier guidance is formulated as:

∇x log p(x|c) = ∇x log p(x) + w∇x log p(c|x), (23)

where ∇x log p(x|c) and ∇x log p(x) are conditional and
unconditional scores, respectively, ∇x log p(c|x) is the gra-
dient of a classifier, and w is the weight. When w = 0, this
mechanism becomes unconditional. As the weight increases,
the denoising network is more and more constrained to
produce samples that satisfy conditions.

Classifier guidance provides control in a similar way of
gradient-based adversarial attack. A sample is updated to
satisfy the classifier by using the classifier gradient [183],
[184], which is a similar way in gradient-based adversarial
attack [185], [186]. Such updates increases the probability of
the sample for which the classifier assigns high likelihood
to the correct label [187]. Furthermore, different pre-trained
classifiers can be applied in a plug-and-play manner [188].

Fig. 12. Classifier guidance leverages an extra classifier network ξ∗ to
compute a gradient ∇ as the modification on the denoising network θ∗.
The timestep condition t is omitted here for visualization.

Additionally learning a classifier may lead to extra cost
and training instability. The extra expense is further scaled
up because the classifier is trained on data with every
scheduled noise level [171]. Moreover, training the classifier
on data with noise tends to be unstable [189], [190]. The
data structure is almost destroyed because more and larger
noise is added according to the noise schedule. Therefore,
the quality of classifier gradient may not be consistent [191].
Sometimes its direction is arbitrary or even opposite [192],
[193] and leads to less effective or wrong guidance [194].

5.1.3 Classifier-Free Guidance
To avoid the extra classifier, classifier-free guidance replaces
the classifier by a mixture of unconditional model and
vanilla guidance. It encourages the model in the direction
of guidance and simultaneously discourages away from un-
conditional direction [195]. As shown in Figure 13, instead
of training two models, a conditional model and an un-
conditional one are formulated uniformly by dropping out
conditions c with a probability p [171]. The two models are
learned jointly as if they were a singular conditional model
[24]. In particular, classifier-free guidance is formulated as:

∇x log p(x|c) = w∇x log p(x|c) + (1− w)∇x log p(x), (24)

where w is the weight of conditions.

Fig. 13. Classifier-free guidance is based on a mixture of vanilla guid-
ance and unconditional model θ∗. A probability p controls whether to
drop out the conditions during training.

The weight is slightly different from its counterpart in
classifier guidance. When w = 0, the classifier-free guidance
becomes unconditional models without vanilla guidance.
The vanilla guidance is a special case when w = 1. In this
case, the unconditional model is suppressed and conditions
are incorporated through vanilla guidance [38]. If w > 1, the
classifier-free guidance restrains the unconditional model
and prioritizes conditions further by larger weights. The
score from classifier-free guidance deviates quickly away
from the unconditional score, and thus, samples that better
satisfy the conditions will be generated [196].

Instead of removing classifiers, self-guidance [165] re-
duces or removes the requirement of annotation by using
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internal values like activations, attention maps, and inter-
mediate representations [197], [198] to compute guidance.
Such design helps finer-grained control and is compatible
with aforementioned guidance.

5.1.4 Learned Modifications
Modifications for guidance can be learned for more flexibil-
ity. A network is deployed to directly learning the mod-
ification on the output of unconditional networks [199].
Thus, it is more flexible than the aforementioned ones be-
cause of fewer manual designs. For example, a pre-trained
unconditional denoising network is commonly augmented
by its identically copied network including the parameters.
The outputs from the two networks are usually added and
other complex operations are also possible. During training,
only the copied network is updated to automatically learn
suitable modifications to correct the output from the pre-
trained network. Although fixing the original network and
copying its parameters to the identical one avoid completely
retraining, learning the copied network may still be difficult
due to the larger number of parameters [200]. Nevertheless,
this flexibility greatly encourages the pursuit of unified and
multi-modality guidance [201].

Fig. 14. Applying an extra network ϑ to directly learn the required
modification for guidance. Timestep condition is omitted here.

5.2 Acceleration Designs

Reducing the number of timesteps for generation is the main
goal of acceleration. Generally, the denoising network needs
to wait the results from the timestep t + 1 to accomplish
the transition at the current timestep t [66]. The inference
speed is significantly slowed down especially when a large
number of timesteps are required in the sampling procedure
[53]. Efforts have been contributed to reduce the timesteps.
Truncation directly cuts the sampling procedure at a certain
timestep [74]. Knowledge distillation is adopted to learn
a student model that has fewer timesteps in its sampling
procedure [202]. Selection strategies are also developed to
select a subset of timesteps for fast generation [66].

5.2.1 Truncation
Truncation involves a partial sampling procedure with an
extra network. It usually selects an intermediate timestep t′,
and obtains a sample from the corresponding distribution
p(xt′) for the generation [203], as shown in Figure 15. In
other words, the process truncates the whole chain at t′, and
thereby fewer timesteps remain in the partial chain [204].
An extra network needs to be additionally trained to model
p(t′) that may not be tractable [19]. Overall, truncation is
theoretically effective in acceleration [70], which is proved
by the stochastic contraction theory [205].

Fig. 15. The sampling procedure is truncated and starts from a selected
timestep. The grey, dashed parts represent discarding for generation.

Truncation effects can be two-sided. One the one hand,
truncation comes with several benefits. Not only inference,
but also training can be accelerated [73] as both the for-
ward and reverse processes do not require computation
at these truncated timesteps. Truncation also strikes a bal-
ance between acceleration and quality. It has an adaptable
intercepting point to balance the generation quality and
efficiency. The selection of such a point depends on the data
complexity [73] and the degree of corruptions [70]. Besides,
truncation takes advantage of the properties of the involved
extra network, which is often another generative model [74].
On the other hand, truncation may lead to an increased
training expense because the extra network needs to learn
p(t′) as accurately as possible [74].

5.2.2 Knowledge Distillation
Knowledge distillation is a network compression technique.
It involves compressing an expensive but high-performing
teacher model into a smaller student model [206]. After the
training, the student network can perform as well as the
teacher with a smaller model size.

The same idea is applied to learn a new sampling pro-
cedure with fewer timesteps. In terms of diffusion models,
it involves the original sampling procedure as the teacher
model and a new one with fewer timesteps as the student
model [207], [208]. Figure 16 shows an example method of
progressive distillation on the sampling procedure.

Fig. 16. Knowledge distillation learns student denoising networks δ and
η with fewer timesteps, based on the teacher denoising network θ∗.

Knowledge distillation is applied to merge several time
steps into one single time step for the new sampling pro-
cedure. Directly distilling all timesteps in the teacher sam-
pling procedure into a single timestep in the student one,
theoretically reduces significantly generation time [209],
[210]. However, this relies on collecting a large dataset of
samples from the teacher model for knowledge distillation,
which itself is computationally expensive [211], [212]. One
popular observation is that the number of timesteps can be
progressively reduced [105]. For example, after the student
sampling procedure is trained to merge two timesteps in
the teacher sampling procedure, it becomes the teacher, and
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a new student procedure is trained to further reduce the
number of sampling steps [213]. Bootstrapping is another
way to reduce the high demand of training data [214].

5.2.3 Selection Strategies

Many strategies are developed to select a subset of timesteps
without undermining quality, and thereby form a shorter
sampling procedure [215], [216]. Timesteps around the end
of the sampling procedure influence quality less, and they
are often dropped out [217]. Figure 17 shows a shorter
sampling procedure with selected timesteps. Some may not
directly reduce the number of timesteps but select a subset
of timesteps for parallel computation [218]. In this way, each
single processor deals with fewer timesteps.

Applying differential equation solvers is a popular strat-
egy for those with continuous formulations. They are usu-
ally based on well-established mathematical solvers to han-
dle adaptive step sizes and noise schedules. As a contin-
uous formulation itself is based on SDEs, such solvers are
straightforward to be adopted. Many existing SDE solvers
are available for the sampling procedure like stochastic
Runge-Kutta solver [5], Diffusion Exponential Integrator
Sampler (DEIS) [219], and Itô-Taylor Sampling by higher-
order numerical schemes [220]. Solvers do not necessarily
select timesteps uniformly [163]. Dynamic step size is used
in the Euler-Maruyama (EM) solver [5]. The selection some-
times also brings improvement on quality [221].

Fig. 17. Selection strategies for the sampling procedure skip the se-
lected time steps for generation.

More general strategies are also developed for both
formulations. They sometimes also modify the forward and
reverse processes for fast inference, leading to retraining
diffusion models. Some strategies leverage particular math-
ematical tools for acceleration. A non-Markovian reverse
process is proposed for few-step sampling [146], which
theoretically is equivalent with the probability flow sampler
[5]. An exact analytical solution of diffusion models are de-
rived but stochasticity is sacrificed [222]. A Taylor expansion
process is applied to disregard non-contributory diffusion
steps [223]. Others rely on extra networks or algorithms for
fast sampling. Some strategies conduct modifications based
on noise schedules. If continuous noise levels are used, an
extra network is used to adjust the noise levels of a few-
step discrete time reverse diffusion process [55], [224]. The
selection of timesteps is directly learned by extra networks
[225], [226]. A Dynamic Programming algorithm [227] was
also designed to reduce the number of timesteps.

6 FUTURE TRENDS

We provide our insights on emerging or important trends in
this field to encourage more studies in the future.

6.1 Theory

The theory of diffusion models can inspire significant future
research. Diffusion models are heavily based on mathemati-
cal formulations [21], [228], which facilitate future improve-
ments from mathematical perspectives. For example, deriv-
ing new formulations for destroying data dimensions [229]
leads to a generalized diffusion model. Building connections
with well-established fields is also beneficial to achieve bet-
ter understanding on the theory of diffusion models [230],
[231], [232], [233]. Explainable techniques can also assist
with understanding on theories of diffusion models [234],
[235]. Besides, the success of diffusion models highlights the
virtue of auto-regressive generation where a self-correction
mechanism is enabled to achieve better quality [236], [237],
[238]. This will contributes to the theoretical designs of
generative models in the future.

6.2 Architecture

The improvement of the architecture in diffusion models
has a lot of future potential. Current backbones of de-
noising networks are mainly U-Net [19] and Transformer
[124]. They have achieved impressive results but still have
inherent drawbacks in some applications. At the same time,
a wide variety of well-established network architectures
are available in machine learning with appealing advan-
tages. Applying and adapting these network architectures
as the denoising network will introduce additional benefits
and unleash the potential for diffusion models [110], [239].
Compression of the architecture with fewer parameters is
actively being researched [240]. The conditional mechanism
is also developing fast for multi-grained guidance. Besides
the backbone choice, the optimization is also a promising
avenue. Deeper understanding on the model behaviours
has been proposed as more experiments are conducted and
more theories are developed [24]. For example, the strategy
of reinforcement learning has been explored to train diffu-
sion models [241] These understandings facilitate improving
the training speed and efficiency in the future.

6.3 Data

Developing data-efficient diffusion models is an important
future trend. Conventionally, diffusion models implicitly
assume abundant data to train on, especially labelled data
for conditional models [242], [243]. This assumption may
be violated when acquiring data is expensive or sometimes
impossible. Some research explores to improve the training
on low quality data [244], [245], [246]. Other research is
seeking to combine few-shot learning to efficiently leverage
the limited data for training [247], [248]. Several pioneering
explorations also consider one-shot [249], [250] and zero-
shot [251], [252] learning with diffusion models, further
reducing the dependency on abundant training data [253].
These attempts highlight the possibility of applying dif-
fusion models in the absence of data. Besides, changing
the way of supervision will be helpful to train conditional
models with limited labelled data. Currently, the unsuper-
vised [254], self-supervised [255] or semi-supervised [256]
manners have been explored to train conditional diffusion
models. They have shown encouraging results in different
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areas and will facilitate future exploration in the absence of
labelled data. Their success also indicates future opportuni-
ties of applying alternative supervision schemes like weakly
supervised [257] learning to conditional diffusion models.

Supporting multiple data modalities in a diffusion model
also has broad prospects. Incorporating information from
several modalities will greatly promote the generative
power and applicable flexibility of diffusion models [130].
Currently, many efforts focus on two modalities, usually
leveraging text as an extra modality in addition to the
data of interest [258]. Initial attempts have also supported
other modalities from a wide variety like human pose for
the guidance in conditional diffusion models [170]. In the
future, exploring other modalities is still worth more efforts
for better flexibility. More importantly, finding an incorpo-
ration for three or more data modalities to be mixed in a
single diffusion model is another potential boost for their
generative power [259], [260].

6.4 Applications
A wider range of applications beyond generation are
promising. Since diffusion models were proposed, they have
been applied in a large variety of tasks [261] because of their
powerful generative ability [262]. For example, diffusion
models are recently applied in policy representation in
reinforcement learning [263], neural architecture searching
[264], offline black-box optimization [265], and named entity
recognition [266]. Data generated by diffusion models are
also employed as the proxy for training new models when
the original data are limited [267], [268]. Adapting pre-
trained diffusion models to another domain is also popular,
e.g., applying an image model for video generation [269].
Recent advances on diffusion models have also witnessed
significant increase of successful interdisciplinary applica-
tions, especially AI for Science (AI4Science) [270]. Diffusion
models have increasingly been combined with Physics [271],
[272], Chemistry [273], [274], etc. They are not only applying
and adapting diffusion models to solve problems in these
domains, but also leveraging knowledge in a disciplinary to
theoretically improve diffusion models [275], [276], [277].
Expanding the application scenarios of diffusion models
will bring more opportunities to both academic and indus-
trial fields.

Diffusion models are also actively investigated for or
against adversarial attack. Diffusion models themselves are
analysed against adversarial attack, which is usually mea-
sured by robustness. Diffusion models with higher robust-
ness can work vigorously and consistently [278]. Some are
vulnerable to backdoor injection [279]. Developing diffu-
sion models with higher robustness have attracted more
and more public attention to defend adversarial attacks
[280], [281], [282]. Diffusion models are also deployed to
help other systems with defending adversarial attacks [283],
[284], [285], [286]. They are also employed to generate ad-
versarial samples for attacking [287], [288].

6.5 Societal Impacts
Despite many successful applications, the potential misuse
of diffusion models needs to be regulated. Benefiting from
academic and industrial efforts, diffusion models become

more and more powerful to produce synthetic data, which
may be increasingly difficult to be distinguished by real-
world data. While synthetic data reduces the cost of obtain-
ing real data in some fields, such an ability may be abused
with harmful societal impacts [289]. For example, misinfor-
mation and spam can be spread via manipulated data [290],
[291]. Distinguishing these manipulated data becomes more
expensive and even more difficult [292]. As training a large
diffusion model requires high cost, the intellectual property
of such models should also be protected [293] as well as
copyright of training data [294]. This requires continuous
investment of efforts on techniques and policies as diffusion
models are also swiftly developing.

Pre-trained diffusion models may have a risk of data
leakage. A concern of data privacy is quickly getting public
attention by the possibility of recovering the training data
from pre-trained diffusion models [295], [296]. Diffusion
models are prone to memorize training samples from sim-
pler, smaller datasets [144]. Such data may contain confiden-
tial/personal information [297], [298]. Training on privacy-
sensitive data requires additional safety considerations [299]
and efforts in the future [300], [301].

Reproducing or exacerbating biases by diffusion models
is another concern. Diffusion models can be biased in data
generation for various reasons such as biased datasets [302],
[303]. They are found prone to replicating their training data
because such data usually have higher likelihoods [304],
[305]. This preference may lead to a systemically biased
model when the training data themselves have bias [306].
Biased models will bring users with unfair stereotypes on
some concepts and lead to harmful societal impacts [307].
For example, a diffusion model trained for face generation
with FFHQ dataset [308] (whose data are collected mainly
from people between the ages of 21 and 40) will also be more
inclined to generate results from that age group and less
supportive of other age groups. More efforts are required in
the future to encourage fair and unbiased diffusion models.

7 CONCLUSION

Diffusion models are an emerging type of deep generative
models involving three main components: a forward process
and a reverse process for optimization, and a sampling
procedure for generation. Diffusion models become popular
for their high-quality results in various tasks. The success
of diffusion models is closely related with various design
fundamentals of the three components. The forward process
focuses on perturbing p(x0) to p(xT ) by gradually adding
noise to x0 by p(xt|xt−1). It is designed based on noise
injection and the multi-step chain of transitions. The reverse
process focuses on training a denoising network to remove
noise. The reverse process includes network-related and
optimization-related choices. The sampling procedure uses
the trained denoising network for generation and mainly fo-
cuses on guidance and acceleration. To achieve conditional
generation and fast sampling, guidance and acceleration
techniques are designed for the sampling procedure. These
designs have all contributed to the current powerful diffu-
sion models. Several future trends that are emerging and
important have been introduced to boost this field.
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