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RoughSet-DDPM: An Image Super-Resolution Method Based on Rough set Denoising
Diffusion Probability Model

Tao SONG*, Ran WEN, Lei ZHANG

Abstract: Image super-resolution aims to generate high-resolution (HR) images from low-resolution (LR) inputs. Existing methods like autoregressive models, generative
adversarial networks (GANSs), and denoising diffusion probability models (DDPMs) have limitations in image quality or sampling efficiency. This paper proposes Rough
Set-DDPM, a new super-resolution technique combining rough set theory and DDPMs. The rough set formulation divides the DDPM sampling sequence into optimal
sub-columns by minimizing roughness of sample sets. Particle swarm optimization identifies the sub-columns with lowest roughness. Rough Set-DDPM applies iterative
denoising on these optimal columns to output HR images. Experiments on the FFHQ dataset validate that Rough Set-DDPM improves DDPM sampling efficiency while
maintaining image fidelity. Quantitative results show Rough Set-DDPM requires fewer sampling steps and generates higher quality HR images compared to autoregressive
models and GANs. By enhancing DDPM sampling, Rough Set-DDPM provides an effective approach to super-resolution that balances image quality and sampling speed.
The key contributions include introducing rough sets to optimize DDPM sampling and demonstrating superior performance over existing methods.
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1 INTRODUCTION

Super-resolution (SR) images are obtained by
converting  low-resolution = (LR)  images into
high-resolution (HR) images. SR images are useful in
various professional fields, including medical imaging,
security monitoring, and remote sensing satellites. The
depth generation model, owing to its ability to capture
diverse examples and intricate image experience
distributions, is extensively applied in super-resolution
imaging. Remarkable results have been achieved by depth
generation models in learning complex image experience
distributions [1-3]. Methods such as autoregressive models
(AR) [4-6], variational autoencoders (VAEs) [7-8],
normalized flow (NFs) [9-10], generative adversarial
networks (GANs) [11-13], and denoising diffusion
probability models (DDPM) have demonstrated
satisfactory image generation capabilities. These models
have also been applied to SR imaging in conditional
generation tasks. Autoregressive models [14-15] have been
successfully employed in SR and cascading upsampling.
However, their high computational costs limit their
applicability to LR images. While the accurate modeling of
normalized flow [14-16] improves sampling speed, its
expressive ability is constrained by the requirement to
process the reversible parametric transformation of the
Jacobian determinant. Although VAEs [17-19] offer faster
sampling, the quality of image generation is lower
compared with GANs and NFs. GANs provide a
super-resolution method based on conditional image
generation. Cascaded GANs [20-22] have achieved
significant progress in generating HR images, with
FSRGAN demonstrating high-quality super-resolution of
faces [23-24]. However, many GAN-based methods often
face challenges in optimization because of unstable
generator and discriminator training. Therefore, auxiliary
objective functions are necessary to ensure consistency
with low-resolution inputs. The unified loss function
design of DDPM [25] exhibits simplicity and provides
sufficient theoretical support for stable training. However,
DDPM has an inherent disadvantage compared with
generative adversarial networks, autoencoders, and

normalized flows-namely, the excessive number of
sampling steps, resulting in longer sampling times.
However, improving sampling efficiency while
maintaining image quality in DDPM remains an important
challenge. The existing super-resolution methods include
the High Resolution Image Synthesis with Latent Diffusion
Models method proposed by Robin Rombach and Andreas
Blattmann et al., which utilizes diffusion models in
potential space to improve image resolution. Although it
further improves computational power, it can cause
information loss in image details during the encoding and
decoding process. Secondly, the efficiency of image
sampling was not effectively improved during the
sampling process; the Image Super Resolution via Iterative
Refinement method proposed by Chitwan Saharia and
Jonathan Ho et al. conditionally deepens the cyclic iterative
denoising sampling on the basis of DDPM. Although it can
obtain super-resolution images, DDPM has high GPU
consumption and computational power during image space
training, and secondly, the efficiency of cyclic iterative
denoising sampling is very low. The Taming Transformers
for High Resolution Image Synthesis method proposed by
Patrick Esser and Robin Rombach et al.,, with the
contribution of VQ-GAN, obtains stunning 1280 x 640
ultra-high pixel natural landscape images, which consume
less GPU and computational power than the first two
methods. However, the process of vector quantization may
lose some information on image details and the limitations
of GAN's own convergence may to some extent affect the
acquisition of ultra-high pixel images. The above are the
mainstream methods for obtaining super-resolution images,
all based on the generation model for obtaining super-
resolution images. The method proposed in this article can
compensate for the loss of detail information in the
encoding and decoding images in the potential space, and
effectively solve the problem of low sampling efficiency in
DDPM by using the sampling sequence obtained by rough
set method. However, this method consumes some GPU
during training and has high computational power. For this
problem, this paper uses high-performance GPU to train
the model. Rough set theory is a new mathematical tool
that characterizes imprecise, uncertain, incomplete, and
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inconsistent information. It can analyze, infer, and mine
implicit knowledge and rules from a large amount of data.
Neural networks have excellent numerical approximation
and generalization abilities, which can process quantitative
and numerical information. Compared to rough set data
processing, they can obtain more precise results. However,
when the network size is large and there are many samples,
the training process becomes complex and diffuse, which
limits the promotion of neural network usability [26].
Combining rough set and neural network, using rough set
to preprocess input information, that is, selecting the
training set. In general, the training set often has a lot of
redundancy, and using such a training set in neural
networks often leads to overfitting. Rough set analysis can
filter redundant information, thereby improving the
generalization ability of neural networks [27-29]. The
effective combination of rough sets and deep neural
networks lays the theoretical foundation for improving the
sampling efficiency of U-net trained data to rough sets in
this paper. Based on this, the theory of rough sets is used
to solve effective sampling sequences to improve sampling
efficiency. Compared with classical rough sets, variable
precision rough sets, and fuzzy rough sets,
RoughSet-DDPM not only possesses the characteristics of
rough sets, but also effectively utilizes it in multimodal
fields such as image processing, text generation, and video
generation. When using rough set theory to solve effective
sampling sequence equations, convergence is slow. To
improve the efficiency of solving effective subsequences,
particle swarm optimization algorithm is used to optimize
the process of solving effective subsequences and improve
the efficiency of solving effective subsequences. This
study established a rough set denoising diffusion
probability method to overcome the limitations of deep
generative models in image super-resolution. This method
improves upon the Markov chain-free diffusion probability
model (DDIM) proposed by Nichol A[30] et al., who
demonstrated that the diffusion process of DDPM does not
rely on Markov chains. Although selecting random sub-
columns improves sampling efficiency, it does not ensure
the robustness of the sampled images. In this study, we
combined rough set theory with the particle swarm
optimization algorithm to obtain better sub-columns,
ensuring the robustness of the sampled images.
Simultaneously, the SR image is obtained by applying an
in-depth iterative denoising process to the sub-columns.

2 THEORETICAL BASIS
2.1 Rough set

Given a knowledge base K =(U, R), for each subset

X c U and an equivalence relation R, two subsets are
defined:

q(xy | x3) X3

Po
Figure 1 Diffusion process of DDIM

RX =U{Y eU/R|Y c X} (1)
RX =U{Y cU/R|Y N X # Q) )

Call the R lower approximation set and the upper
approximation set of X, respectively. The approximate
roughness of the set X defined by the equivalence relation
R can be expressed as follows:

| RX |
X)=1- =" 3
'OR( ) | RX | 3

2.2 Particle Swarm

Particle swarm optimization (PSO) employs the
individual optimal solution to search for the global optimal
solution. The algorithm utilizes the speed and position
update formula with weight, which is presented as follows.

Vi = vk + ¢ rand, (pbestik —xf ) +

L “
+c,yrand, (gbest —X; )
X = x ke vk (5)

2.3 DDIM

The DDIM is a development based on DDPM. In
DDPM, both the forward diffusion and backward diffusion
processes rely on Markov chains. The resulting loss
function, denoted as L simple, represents the marginal
distribution of dependencies and is independent of the joint
distribution. The non-Markov chain-based denoising
diffusion probability model (DDIM), as proposed in the
literature [30], utilizes the same L simple as DDPM. The
diffusion process in DDIM is divided into forward
diffusion and backward diffusion, both of which are
independent of the Markov chain. Fig. 1 illustrates the
DDIM diffusion process, while Fig. 2 showcases the
DDPM diffusion process. DDIM introduces a
hyperparameter to the non-Markov chain forward diffusion

process o € RZ, and the joint distribution of the forward
diffusion is set as follows:

=~

4 (xle \ xo)i =45 (xr |xo)t 2% (xt—l | X, xo) (6)
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Figure 2 Diffusion process of DDPM
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Figure 3 Conditional DDIM diffusion process

Figure 4 U-net network framework

95 (x7 [ x0) = N(yarxy,(1-az)l)

(t>1) this marginal distribution is the expectation of

Among them,

arxy , (1—ap)l is the variance. The posterior

distribution at time T is expressed as follows :
KNI
4o (%1 1%, % (\/a, 1%+ 1=0p =07 J_ Lol | ()

The DDIM had distribution of

9,(x, | x0) = N(ja,xo,(1-a,)]).

This model encompasses the design of a non-Markov
chain forward diffusion process, with its edge distribution
being consistent with DDPM. Therefore, DDIM trains the
model using the same Lsimple as DDPM.

x, = e x) +yJ(-a,)e, (e ~ N0, 1)) (8)

DDIM employs a non-Markov chain inverse diffusion
process, which serves as a denoising procedure to
approximate the posterior distribution of the forward
diffusion process at any given time. A trainable inverse
generation process is defined, and at each iteration, an
approximation of the process is obtained. The variance at
time T remains constant, and expectations are involved.
The U-net network is utilized. This approximation is then
incorporated into Eq. (8) to predict the expected value and
facilitate the denoising approximation of the process.

Substituting x, and gg)(xt) into Eq. (8), we can

a marginal

obtain that x at time ¢ is the denoised observation quantity
denoted by f,"(x,) .

1 (5)e= v ~1=a o) () Ve ©)

Inverse diffusion of DDIM is the process from time to 1,
the p,(x;)=N(0,7)is in the process of the Gaussian

noise, at any time for the spread of the process:

PE (e |3) = {N(fe“)(xl) ot =1 (10)
qo-(xt—l |xt,fg (Xt)),t >1

When ¢>1, the inverse diffusion x,_; is obtained
from Eq. (7), Eq. (9), and Eq. (10).

—J1- (1)
X1 =AU (%w)*'vl_az—] —0; '81(9{)()‘1)'*'0'181 (1 1)
@,

In reference [21], when o, =0is the DDIM model,
o, =1 represents the DDPM model. According to the

literature [211, Ly =l £0r) — 658 (Ja, xo +41-a, &) |

is consistent with the loss function of DDPM. The U-net
network is trained with the Lsimple loss function for
DDIM.

3 METHOD

When DDIM is utilized to denoise p,(xy) from full
Gaussian noise step by step, the result is a high-resolution
image xo. In this process, a gap between the high-resolution
image is obtained during each deep iteration denoising
step, and y may differ from the input low-resolution

image. To ensure that the same information as the input LR
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images xo and y is generated, this paper proposes the
application of conditional diffusion DDIM to enhance
low-resolution images and guarantee the consistency of
information between xo and y. According to Eq. (10), the
inverse diffusion process of conditional DDIM is obtained.
The diffusion process of the model is shown in Fig. 3. The
loss function used in this method is the same as that of
DDPM and DDIM in the inverse diffusion process. It is
independent of the Markov chain in the diffusion process.
The rough set theory is employed to obtain a more optimal
subsequence. Each instance in the diffusion process
corresponds to an element in U. From time 7T to 1, each
corresponding element at time ¢ forms the universe of
discourse in the rough set. The loss function is derived as
follows: the most critical step to generate the diffusion
model is the construction of the generation process
p(x,_; | x,), and for the generation with y as the input

condition is p(x,_; | x,) replaced p(x,_; |x,,»), and the

input y is added in the generation process. Using Bayes'
theorem.

P )P %) (12)

p(x | y)= 20)

In each complement condition x, , get:

x| x.y)= P(xal %) P lx%) _
p(rlx) (13)

)elogp(y\xz—l )-logp (1% )

= P(xz—l | x,

Taylor in Eq. (13) logp(y|x,_)—logp(y|x,)
Spread out with Taylor.

logp(y | X ) —logn(y | 'xt) ~ (xt—l —X ) vatlogp(y | xz) (14)
Available by Eq. (14)

p(x* | tby)a:e H (xl)H ! (t 1 X[) thog(ylx[)
t X
2

o o t-1=1(xt) =07V aglogp(yixy I 207

According to the Eq. (15) and
POy X0 9) = NOx,ps (%, ),071) get.

2
ﬂ(xtay):i(xt_%gé(xnys t)] (16)

t t

The loss function trained from the above formula is:

E. vpome-nonlll e =g, xo +1-a, €, p,1) 1’1 (17

The Eq. (17) is further simplified to obtain the final
training loss function.

Lampte =l| £(x,) = €5 (Jat, xo + 1=, £, 9) | (18)

The U-net network is trained using the unified
objective Eq. (18) to establish the conditional diffusion
DDIM model. In this paper, the framework design of U-net
network in the inverse diffusion denoising process of this
model is shown in Fig. 4. DDIM selects a subsequence
randomly from the original sampling sequence, which
improves sampling efficiency. However, this random
selection does not guarantee better sampling results
compared to DDPM each time. To this end, this study
adopted a rough set denoising diffusion probability method
based on DDIM, which aims to improve the selection of
sub-columns. The subscript of an element in U represents
the distribution of x at a specific time t, while the subscripts
represent the distribution of t at different time points. The
diffusion Vt on process is non-Markovian, and the
distribution corresponding to each time t is independent x;.
A time period can be seen as an equivalence relation R. The

final determination of the knowledge base K =(U, Vi),

Vt is related to the size of 7. The equivalence class
obtained by partitioning the universe U using the
equivalence relation Vtis denoted as U/V¢ . Based on the
definition in 1.1, the lower and upper approximation sets

and roughness of any sampled column Q(Q c U) on the
domain U are determined:
Lower approximation set: ViQ=U{Y eU/Vt|Y < Q}.
Coapproximation set : ViQ=U{Y eU/Vt|Y nQ#2)}.

Degree of roughness:

g

th(Q):l_ tQ|

19

<

Based on the principles of rough set theory [31], set
imprecision arises from the presence of a boundary region.
The roughness of a set decreases as the boundary region
becomes smaller, indicating a higher degree of certainty in
the knowledge. In the universe U, when the roughness of a
subset O is minimized, the sequence formed by the
subscripts of each element in Q represents a more optimal
sample sequence. However, due to the large size of the
domain U, there exist numerous subsets. The particle
swarm optimization algorithm is employed to address the
challenge of efficiently obtaining improved image
sequences within the domain U. This algorithm utilizes
roughness as the objective function to solve the problem at
hand. The specific process of the method is as follows:

U-net trains the conditional diffusion DDIM model with [, as the

simple
loss function.
1 : The probability distribution g(x,) of x;-
2:te{l,2,...T-1 T}
3 : ¢is taken randomly from the standard normal distribution N(0,T) .
4 : Deep learning network training.

L'simple :” 6'()Ct)—€g)(\/0(_txo +,¢1—at€,y) HZ

5 : Completion of training.
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Sampling

1:xp~N (O, 1 )

2 : Initialize the particle position in Eq, (1) Eq. (4), and
¢ =c,=2, rand, 0 rand, take a random number in x[o} 1] . The
inertia weight is @ = 0.6

3: fori=1,.., 2V

4:0,cU,py (Q)

if (th (0)< pbest,»)
6: pbest; = py, (0;)

7: if (pbest; < gbest)

8

W

. gbest = pbest,

9 :  Evolve the particle positions and velocities in Eq. (4) and
Eq. (5).

10 : break

11 : end for

12 : The index sequence {ti’ Lisls - ti+j} of the elements of

the set Q,, when th(Qi) is minimized, is the best subsequence

Jj = O;| tosample.

13 : fort=ti,ti+1,...,ti+j
14: Z~ (0, I)

150 if(r>1,)

16 : Eq. (8)

/ ()

x, —+Jl—a, &y’ (x

X1 =G : \/a—te (t) +\/1_at—1'5¢(9t)(xt)
t

17 : end for
18 : return X

4  ANALYSIS OF EXPERIMENT

This paper conducts a comparative analysis using the
FFHQ dataset, utilizing the Pytorch deep learning
framework (GPU version) and an RTX A6000 graphics
card. Based on the selected dataset and hyperparameter

a,({a, €(0)})), T = 1000 was determined. Fig. 5

illustrates a portion of the training process of the proposed
model on the FFHQ dataset.

Figure 5 Training process diagram

When 7 = 1000, Eq. (13) serves as the objective
function for the domain

U= {xlooo, X999 5 X998 s ++es Xyy eees X7y xl} By utlllzlng the

particle swarm optimization algorithm, the minimum
roughness is obtained, resulting in a more optimal
sequence of subscripts within the domain. The sequence of
improved sampled looks obtained is denoted as Q. Fig. 6
presents a comparison of the sampling results on Q of the
proposed method, the sampling results of DDPM on the
original sequence, and the sampling results of DDIM on
three randomly selected subcolumns of equal length.

|

e - — .
(a)  DDIM subcolumn1 (b) DDIM sub column 2, (c) DDIM subcolumn3, (d) DDPM, (e) Method proposed in this study
Figure 6 Comparison of sampling results for different subcolumns

Table 1 Fig. 6 FID values of the sampling results

FID

Fig. 6a DDIMSubcolumn 1 329.99 338.51 309.16
Fig. 6b DDIMSubcolumn 2 227.23 221.69 219.91
Fig. 6c DDIMSubcolumn 3 105.79 107.25 90.67
Fig. 6d DDPM Original sequence 21.98 22.52 21.02
Fig. 6e Method of this paper 22.06 22.67 21.39
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Fig. 6 and Table 1 clearly demonstrate that the
sampling effect of DDIM in three random subsequences
surpasses that of DDPM and the proposed method in terms
of sequence results. These findings indicate that the
sampling sequence obtained in this study not only achieves
effective sampling but also yields superior sampling
outcomes. The application of this method on the face
dataset FFHQ covers a range from x LR to y SR, as
illustrated in Fig. 7 and Fig. 8. Fig. 7 provides a visual
representation of the different stages involved in the
proposed method. LR represents the low-resolution image,
INF represents the intermediate image obtained during the
process from low-resolution to high-resolution, and SR
represents the final super-resolution image. It showcases
the LR 16x16 — 128x128 SR images obtained through
deep iterative denoising using the proposed method. On the
other hand, Fig. 8 presents the super-resolution sampling
process obtained through the proposed method.

=

\- VI:

AR

i 1w
LR INF SR
Figure 7LR16x16 — 128x128SR

LR INF SR
Figure 9 LR 64x 64 — 512x5128R

The application of the proposed method from 64 x 64
low-resolution to 512x512 super-resolution on the face
dataset FFHQ is illustrated in Fig. 9 and Fig. 10.

Figure 10 SR sampling process

In Fig. 9, LR represents the low-resolution image, INF
represents the intermediate image obtained during the
process from low-resolution to high-resolution, and SR
represents the final super-resolution image. Fig. 7 displays
the LR and SR images obtained through deep iterative
denoising using the proposed method. Fig. 10, on the other
hand, illustrates the SR sampling process obtained through
the proposed method.

@)
(a) AR, (b) GAN, (c) DDPM, (d) Method of this paper, (e) HR, (f) INF
Figure 11 SR of the four methods

Furthermore, Fig. 11 and Fig. 12 showcase the SR and
SR images acquired through the autoregressive model,
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adversarial neural network, denoising diffusion
probabilistic model, and the proposed method on the FFHQ
dataset.

(@) AR, (b) GAN, (c) DDPM, (d) Method proposed in this paper, (e) HR, (f) INF
Figure 12 SR of the four methods

In this study, FID, SSIM, and PSNR were used to
evaluate the quality of SR images obtained by the four
methods shown in Fig. 11 and Fig.12. The smaller the FID,
the more similar the images, the larger the SSIM, the more
similar the structure of two images, and the larger the
PSNR, the less the image distortion. According to Tab. 2,
the FID of d(1), d(2), and d(3) in Fig. 11 and Fig. 12 was
smaller than that of a(1), b(1), a(2), b(2), and a(3), b(3), and
the FID of b(1), b(2), and b(3) was smaller than that of a(1),
a(2), and a(3), respectively. The PSNR and SSIM of d(1),
d(2), and d(3) were greater than those of a(1), b(1), a(2),
b(2), a(3), b(3), b(1), b(2), and b(3), while the PSNR and
SSIM of b(1), b(2), and b(3) were greater than those of
a(1), a(2), and a(3). The FID, SSIM, and PSNR of d(1),
d(2), and d(3) were comparable to those of c(1), ¢(2), and
c(3). This indicated that the SR image quality obtained by
the proposed method was comparable to that of DDPM and

better than that of GAN. The SR image quality of GAN
was better than that of AR. It further showed that obtaining
SR images using the proposed method could make up for
the defects of obtaining SR images using GAN and AR
methods and could generate higher-quality SR images.

Tab. 2 presents the FID, PSNR, and SSIM values
obtained from comparing the SR images generated by the
four methods with the original HR image. The comparison
is conducted on both the LR and SR images.

The SR images obtained on the CELEBA dataset using
autoregressive model, adversarial neural network,
denoising diffusion probability model, and our method are
shown in Fig. 13.

b) GAN, ( DDPM
Flgure 13 Companson of four methods 512><5128R

proposed method, (e) INF

Although the quality of SR images obtained by the
proposed method was equivalent to that of the SR images
obtained by DDPM, the efficiency of obtaining SR images
by the proposed method was significantly higher than that
of the SR images obtained by DDPM. The sampling times
of the two methods to obtain SR images in Fig. 11 and
Fig. 12 are shown in Tab. 3. Tab. 3 clearly demonstrates
that the sampling time for SR images obtained using the
proposed method is significantly shorter than that of
DDPM, indicating a higher sampling efficiency.
According to Tab. 3, it can be seen that DDPM has
significantly higher time consumption in sampling than
RoughSetDDPM. The sampling efficiency of the two
methods is mainly compared in terms of time consumption.
From the perspective of time complexity, both DDPM and
RoughSetDDPM  have a time complexity of
o(n*) However, the sampling efficiency of DDPM images

at a step size of 1000 is significantly lower than that of
RoughSetDDPM at the same latitude. Because of the
complexity of time n due to different scales, time
complexity 0(»*) on DDPM 7 of 1000 and the n of 180 on
RoughSet-DDPM. From # the scale, the time complexity
of DDPM is higher than that of RoughSet-DDPM, which
also shows that the sampling efficiency of RoughSet-
DDPM is higher than that of DDPM.
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Table 2 Quantitative evaluation of SR image quality

Figure (2) AR (b) GAN (c)DDPM (d) Meth"dpzr;’g’sed in this
(1) 43.33 20.42 18.13 18.05
FID (2) 23.01 15.29 10.87 10.62
3) 32.39 20.84 14.10 14.02
Fig. 11 (1) 0.71 0.74 0.77 0.77
: SSIM @) 0.64 0.66 0.71 0.71
16 x16 — 128 x128 SR 3) 0.75 0.76 0.8 0.81
(1) 27.57 28.02 28.86 28.88
PSNR 2) 26.31 28.75 29.62 29.7
3) 26.44 28.90 29.74 29.83
(1) 44.84 33.67 26.43 26.11
FID @) 41.82 10.39 7.40 7.03
3) 43.00 19.00 12.40 10.57
_ ) 0.76 0.80 0.85 0.85
Fig. 12 SSIM 2) 0.72 0.78 0.82 0.82
64x64 —> 512x512 SR 3) 0.75 0.78 0.83 0.83
(€8] 25.78 27.80 28.33 28.56
PSNR (2) 26.10 28.73 29.80 29.96
3) 27.43 28.36 29.14 29.54
Table 3 Sampling time of the proposed method and DDPM to obtain SR images
i ¢ DDPM (s) d Method of this paper (s)
1gure
& Sampling sequence length: 1000 Sampling sequence length: 180
O 103 20
Fig. 11 16x16 — 128 x128 SR D) 104 22
3) 102 25
D) 125 32
Fig. 1264x64 — 512x512 SR 2) 131 29
3) 128 30
Acknowledgements Future work involves reducing the computational
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5 CONCLUSIONS

In summary, this paper presented RoughSet-DDPM, a
new technique for single image super-resolution.
RoughSet-DDPM incorporates rough set theory to
optimize the sampling process of denoising diffusion
probability models (DDPMs). The rough set formulation
divides the DDPM sampling sequence into sub-columns
and minimizes the roughness of each subset. Particle
swarm optimization efficiently identifies the optimal
sub-columns with lowest roughness. RoughSet-DDPM
applies iterative denoising on only these sub-columns to
generate high-resolution output images. Experiments on
the FFHQ dataset validate that RoughSet-DDPM improves
sampling efficiency compared to standard DDPM.
Quantitative results also demonstrate that
RoughSet-DDPM requires fewer sampling steps while
achieving higher image quality than autoregressive models
and GANs for super-resolution. By enhancing DDPM
sampling through rough sets, RoughSet-DDPM balances
sampling speed and image fidelity. The key contributions
of this work include:

1) Introducing rough sets to optimize DDPM sampling
sequences for super-resolution.

2) Employing particle swarm optimization to identify
optimal sub-columns.

3) Demonstrating improved performance over existing
super-resolution methods.

complexity of RoughSet-DDPM for large-scale datasets.
Investigating extensions to other image and video
generation tasks is another promising direction. The
sampling efficiency and image quality improvements
demonstrated by RoughSet-DDPM suggest it could enable
new applications in computational photography.
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