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Abstract

Diffusion models represent the state-of-the-art in generative
modeling. Due to their high training costs, many works lever-
age pre-trained diffusion models’ powerful representations
for downstream tasks, such as face super-resolution (FSR),
through fine-tuning or prior-based methods. However, relying
solely on priors without supervised training makes it chal-
lenging to meet the pixel-level accuracy requirements of dis-
crimination task. Although prior-based methods can achieve
high fidelity and high-quality results, ensuring consistency
remains a significant challenge. In this paper, we propose a
masking strategy with strong and weak constraints and iter-
ative refinement for real-world FSR, termed Diffusion Prior
Interpolation (DPI). We introduce conditions and constraints
on consistency by masking different sampling stages based
on the structural characteristics of the face. Furthermore, we
propose a condition Corrector (CRT) to establish a reciprocal
posterior sampling process. DPI can balance consistency and
diversity and can be seamlessly integrated into pre-trained
models. In extensive experiments conducted on synthetic and
real datasets, along with consistency validation in face recogni-
tion, DPI demonstrates superiority over SOTA FSR methods.

Introduction
Image super-resolution (SR) is a classic ill-posed prob-
lem aimed at enhancing image quality by restoring high-
resolution (HR) details from low-resolution (LR) images. In
the context of face super-resolution (FSR), this technology
is applied in areas such as face recognition (Zou and Yuen
2011) and visual enhancement (Jiang et al. 2021). These ap-
plications typically require SR images to exhibit both high
consistency and fidelity. Previous SR work has tended to
overly pursue distortion-based quantitative metrics (such as
PSNR, SSIM) (Chen et al. 2018; Gao et al. 2023). Blau et
al. (Blau and Michaeli 2018) mathematically prove that distor-
tion and perceptual quality are at odds with each other, imply-
ing that excessive pursuit of PSNR or SSIM indirectly leads
to poorer fidelity. Moreover, discriminative model-based SR
methods (Gao et al. 2023; Wang et al. 2023a) typically em-
ploy end-to-end training, achieving it by minimizing pixel-
wise loss between the SR output image and the GT image.
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It is well-known that such learning objectives favor distor-
tion measures and constrain the SR output to the average of
multiple possibilities. This maintains a certain consistency
but potentially results in over-smoothing outputs (Sajjadi,
Scholkopf, and Hirsch 2017), as shown in Fig. 1(c-d).

In contrast, generative methods such as Variational Au-
toencoders (VAEs) (Liu, Siu, and Wang 2021), Normalizing
Flows (NFs) (Lugmayr et al. 2020), Generative Adversarial
Networks (GANs) (Wang et al. 2023c) and Diffusion Mod-
els (DMs) (Ho, Jain, and Abbeel 2020; Song, Meng, and
Ermon 2020) have the capability to generate high-fidelity im-
ages. Among these, Denoising Diffusion Probabilistic Mod-
els (DDPMs) (Ho, Jain, and Abbeel 2020) have recently
gained significant attention and research interest due to their
impressive generative capabilities. DDPMs exhibit advan-
tages such as stable training and enhanced controllability
compared to other generative models (Brock, Donahue, and
Simonyan 2018; Kirichenko, Izmailov, and Wilson 2020; Bre-
dell et al. 2023). At present, diffusion-based FSR work can
be broadly categorized into those that require task-directed
retraining (Saharia et al. 2023; Wei et al. 2023; Li et al. 2022;
Whang et al. 2022) and prior-based methods (Choi et al. 2021;
Chung et al. 2022; Kawar et al. 2022). Training a conditional
DDPM from scratch requires significant computational re-
sources and can limit the prior space to lead to sub-optimal
results (Wang et al. 2023b). Introducing conditions to uti-
lize the priors encapsulated in the pre-trained model is an
alternating solution. However, adding conditions to a pre-
trained model introduces errors and visual artifacts in the
intrinsic probability distributions at each time step, leading to
the generation of results that deviate from the model’s prior
manifold (Mei, Nair, and Patel 2022). As shown in Fig. 1(e-
f), although these prior-based methods achieve good visual
perception, the issue of consistency remains unresolved. This
is primarily because prior-based methods are unsupervised
and generative in nature. When dealing with low-level tasks
requiring pixel-level accuracy, it is challenging to achieve
precise discrimination.

We are aware that the sampling process of DDPMs is
an iterative one, progressing from coarse to fine. Wang et
al. (Wang et al. 2023d) have been demonstrated that there
exists a time step that partitions the sampling interval, and
beyond this time step, the error between the real posterior
distribution and the posterior distribution introduced by con-
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(a) GT
PSNR/SSIM

(b) LR
24.33/0.7337

(c) CTCNet
27.42/0.8233

(d) SFMNet
27.22/0.8152

(e) DPS
21.01/0.6509

(f) DR2
23.82/0.7308

(h-2) Ours 
24.67/0.7338

(g) CodeFormer
22.98/0.6920

diversityconsistency

(h) Ours 
26.88/0.8197

(h-1) Ours 
25.62/0.7785

(h-3) Ours 
22.18/0.6723

(h-4) Ours 
17.59/0.5818

Figure 1: Visualization of FSR results using different types of methods, including those based on discriminative models (c-
d) (Gao et al. 2023; Wang et al. 2023a), generative models (e-f) (Chung et al. 2022; Wang et al. 2023d), and prior-based methods
(e-h) (Zhou et al. 2022). Our approach combines the strengths of discriminative and generative models, allowing for flexible
adjustment of facial diversity and fidelity.

ditioning becomes sufficiently small. This means that during
the early sampling phase, the impact of the conditions is more
significant because the distribution of conditions is closer to
the true distribution. This inspire us to impose strong and
weak constraints on the posterior distribution to flexibly reg-
ulate the consistency and diversity of FSR, as depicted in the
lower part of Fig. 1.

Specifically, we take the LR image as a condition and
design various masks tailored to facial features, combining
them to form different Condition Masks (CMs). The CMs
include a Fixed Condition Mask (FCM) and a Randomly
Adaptive Condition Mask (RACM), to mask the sampling
process. This is similar to the prior-based inpainting meth-
ods (Song et al. 2020; Lugmayr et al. 2022), but our CMs can
provide detailed neighborhood information to better utilize
the priors. We use an adjustable scalar to divide the sampling
process into two stages, where the first stage utilizes the FCM
to limit the prior space and ensure consistency in FSR. In the
second stage, the RACM, guided by facial structure super-
vision, ensures consistency while enhancing the fidelity and
diversity of the sampling. The trade-off between consistency
and fidelity can be realized by adjusting this scalar value.
In addition, we introduce a condition Corrector (CRT) to
create a reciprocal sampling process where conditions are
updated with the assistance of priors, and samples improve
with the refinement of conditions. The CRT trades a very
small time cost for better performance. Our approach lever-
ages the priors of diffusion to interpolate the condition masks,
which we call Diffusion Prior Interpolation (DPI). Our main
contributions are summarized as follows:
• We propose DPI, which effectively leverages the priors of

pre-trained diffusion models for real-world FSR. Exten-
sive experiments on both synthetic and real-world datasets
demonstrate that our method outperforms SOTA FSR
methods.

• We propose a novel masking strategy tailored for facial

features to mask the diffusion sampling process. Our ap-
proach ensures structural consistency and detail diversity
in the face while supporting flexible sampling.

• By introducing a condition CRT, we establish a reciprocal
process between conditions and samples. CRT incurs a
small time cost in exchange for improved performance.
CRT is not limited to specific networks and endows DPI
with scalability.

Related Work
Prior-based Face Super-Resolution
Face images possess distinctive characteristics such as
subject-centered focus, prominent foreground-background
contrast, and well-defined face structures. Leveraging these
prior information in previous work has effectively improved
FSR performance (Menon et al. 2020; Chen et al. 2021;
Leng and Wang 2022). FSRCH (Lu et al. 2022) introduces
a pre-prior guiding method that extracts face priors from
HR images and incorporates it into LR inputs, generating
LRmix as a new SR input. Wang et al. (Wang et al. 2022a)
employ distillation to propagate real face priors learned by a
teacher network to guide the learning of a student network
for FSR. In order to enhance the ability of face restoration,
Wang et al. (Wang et al. 2022b) propose a Restoreformer
that utilizes a high-quality dictionary that not only provides
priors for the face, nose, and mouth but is generated through
a high-quality face network that learns from a large num-
ber of undegraded faces. GLEAN (Chan et al. 2022) directly
leverages rich and diverse priors encapsulated in a pre-trained
face GAN. Zhou et al. (Zhou et al. 2022) introduce Code-
Former, a transformer-based prediction network that utilizes
discrete codebooks learned in a compact proxy space through
blind face recovery. The primary goal of CodeFormer is to re-
duce the uncertainty and ambiguity associated with recovery
mapping by employing code prediction as a task.
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Figure 2: Graphical model of Diffusion Prior Interpolation. ⊙ represents element-wise matrix multiplication. xT and yT
correspond to the initial random noise and the initial condition respectively. We use the scalar τ to divide the sampling process
into two stages. CRT is the Corrector function that applies Eq. 16 to CMs correction. yt represents the intermediate condition.
After posterior sampling, y′

t is multiplied by mf and ma to obtain CMs, including the FCM and RACM. Algorithm 1 provides
a detailed description of our DPI.

We design CMs based on the unique features of the face,
such as facial contours. As a result, our masking strategy
effectively ensures consistent sampling of facial structures.
Additionally, by leveraging the priors from pre-trained mod-
els, DPI enhances the fidelity and quality of FSR.

Conditional Diffusion Models

In the spatial domain, concatenating LR image to train a
DDPM from scratch is a simple and efficient SR method,
such as SR3 (Saharia et al. 2023) and SRDiff (Li et al. 2022).
Whang et al. (Whang et al. 2022) train a DDPM to learn
the residual between MSE-estimated images and HR im-
ages to enhance the diversity of the MSE-estimated images.
RainDiffusion (Wei et al. 2023) employs two DDPMs for
generating clear and degraded image pairs and then utilizes
an idea similar to SR3 to achieve real-world image restora-
tion. However, these conditional methods necessitate retrain-
ing the DDPM, which can be costly. To mitigate this, Brian
et al. (Moser et al. 2023) propose training a DDPM in the
discrete wavelet domain to learn conditional residual infor-
mation, effectively reducing model parameters and achieving
good SR performance. Additionally, most works introduce
conditions into pre-trained DDPMs to circumvent training
from scratch. PGDiff (Yang et al. 2024) utilizes the structure
and color statistics of reference images to alleviate severe
degradation issues. ILVR (Choi et al. 2021) incorporates
low-frequency information from reference images into the
posterior distribution to control the conditional generation
of pre-trained DDPMs. Fei et al. (Fei et al. 2023) propose
generating diffusion priors to model the posterior distribu-
tion of a pre-trained DDPM through unsupervised sampling.
DPS (Chung et al. 2022) applies conditional gradient cor-
rection to the posterior for guiding the sampling process.
Methods based on pre-trained models are influenced by con-
ditional intensity and controllability; if the condition intensity
or control is weak, the fidelity of the results is higher, but
consistency is lacking, and vice versa.

Method
Preliminary
DDPMs define a Markovian forward diffusion process with
T steps, which continuously transforms the initial state x0

through pre-specified noise scheduler {β1, β2, ..., βT } into
an isotropic Gaussian distribution xT ∼ N (0, I). Each step
of the forward process can be represented as a Gaussian
transition, denoted as:

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

where αt = 1− βt. Additionally, we can obtain the state at
step t through a single-step transition:

q(xt|x0) = N (xt|
√
ᾱtx0, (1− ᾱt)I) (2)

where ᾱt =
∏T

i=1αt. The inverse process starts from N (0, I)
and employs a U-Net denoiser (Ronneberger, Fischer, and
Brox 2015) with learnable parameters θ to fit the true pos-
terior distribution q(xt−1|xt). A judicious noise scheduler
is employed to ensure that the inverse process also follows
a Gaussian distribution (Bartlett 1978), which can be repre-
sented as:

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

where µθ(xt, t) and Σθ(xt, t) are the mean and variance
predicted by the denoiser, respectively. Ho et al. (Ho, Jain,
and Abbeel 2020) observe that directly predicting the mean
is not optimal. Instead, a prevalent methodology involves
parameterizing the µθ(x̂0,xt, t) using a simplified loss func-
tion Lsimple = ||ϵ − ϵθ||22 to predict the noise ϵθ. This can
be represented by the following formula:

µθ(x̂0,xt, t) =

√
ᾱt(1− ᾱt−1)

1− ᾱt
xt +

√
ᾱt−1βt

1− ᾱt
x̂0 (4)

where x̂0 = 1√
ᾱt
(xt −

√
1− ᾱtϵθ(xt, t)). Furthermore,

Dhariwal et al. (Dhariwal and Nichol 2021) propose that
incorporating an additional output v from the denoiser to
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Algorithm 1: Diffusion Prior Interpolation, given a diffusion
model (µθ(·),Σθ(·)) and Corrector CRT (·).
Input: yT , τ , s, ω, mf

xT ← sample fromN (0, I)

1: for all t from T to 1 do
2: µxt

,Σxt ← µθ(x̂0,xt, t),Σθ(xt, t)

3: x′
t−1 ← sample fromN (µxt

,Σxt)

4: yn
t =
√
ᾱtyt +

√
1− ᾱtϵθ

5: µyt
= µθ(yt,y

n
t , t)

6: y′
t−1 ← sample fromN (µyt

,Σxt)
7: if t > τ then
8: xt−1 = (1−mf )⊙ x′

t−1 +mf ⊙ y′
t−1

9: else
10: ma = Maskgen(yt, s)
11: w = t/ω
12: xt−1 = (1−ma)⊙ x′

t−1 + wma ⊙ y′
t−1+

(1− w)ma ⊙ x′
t−1

13: y′
t−1 = xt−1

14: end if
15: yt−1 = CRT (mf ⊙ y′

t−1,yT , t)
16: end for
17: return x0

parameterize the variance Σθ(xt, t) is superior to the con-
ventional approach of using a fixed variance βt, we get:

Σθ(xt, t) = exp(vlogβt + (1− v)logβ̃t) (5)

where β̃t = 1−ᾱt−1

1−ᾱt
βt. Both improved algorithms like ID-

DPM (Nichol and Dhariwal 2021) and accelerated sampling
algorithms like DDIM (Song, Meng, and Ermon 2020) follow
a similar paradigm. Our proposed DPI can be plug-and-play
in this paradigm.

Diffusion Prior Interpolation
As shown in the upper part of Fig. 2, it represents an uncondi-
tional diffusion sampling process. Conditions are introduced
through masking, as illustrated in the lower half. The con-
ditions consist of an initial condition yT and intermediate
conditions yt. We design a fixed mask mf and an adaptive
mask ma for generating Condition Masks (CMs). We will
describe the form of CMs in detail in the following subsec-
tion.

We start by forward sampling the condition, and we get:

yn
t =

√
ᾱtyt +

√
1− ᾱtϵθ(xt, t) (6)

where yn
t represents the noisy condition obtained through

the reparameterization of Eq. 2 and ϵθ corresponds to the
noise predicted by the pre-trained DDPM. Subsequently, we
sample the conditional posterior distribution y′

t−1 through
the following equation:

pθ(y
′
t−1|yt) = N (xt−1|µθ(yt,y

n
t , t),Σθ(xt, t)) (7)

where the mean and variance are aligned with the posterior
distribution of the pre-trained DDPM (x′

t−1). We divide the
sampling interval by a scalar τ . In the first stage, i.e. for t ≥ τ ,
we mask the x′

t−1 to constrain the sample space, ensuring
consistent sampling. We obtain:

xt−1 = (1−mf )⊙ x′
t−1 +mf ⊙ y′

t−1 (8)

where mf ⊙ y′
t−1 is the Fixed Condition Mask (FCM) and

xt−1 denotes the new posterior distribution obtained from
this CM masking. x′

t−1 are injected with conditional infor-
mation, and in the subsequent sampling, the denoising prior
is utilized to interpolate the xt−1. In the second stage, fidelity
is further enhanced by incorporating a weighted Randomly
Adaptive Condition Mask (RACM). When t < τ , the condi-
tion is added as follows:

xt−1 = (1−ma)⊙x′
t−1+wma⊙y′

t−1+(1−w)ma⊙x′
t−1 (9)

where w = t/ω represents a time-dependent weight con-
trolled by the parameter ω and ma ⊙ y′

t−1 is the RACM. w
gradually decreases over time steps, leading to a reduction in
the intensity of the conditioning.

Condition Masks
In this section, we will mainly discuss the forms of the CMs
and how to design both the strongly constrained FCM and
the weakly constrained RACM. With the constraints of dif-
ferent CMs, we can flexibly realize consistent sampling and
diversity generation.

Given an LR image IL of size (h,w), the objective of FSR
is to upscale it to the size (H,W ) of HR image IH with a
scale factor of H/h. To achieve this, we first upsample IL

using Bicubic interpolation to the size (H/k,W/k), which
serves as the base condition Ibc

L . Here, the parameter k con-
trols sparsity. Subsequently, we design different forms of
masks for the two stages of posterior sampling. Specifically,
in the first stage, a fixed mask mf is designed as shown in
Fig. 2. The specific definition of mf is as follows:

mf (i, j) =

{
1, if i, j mod k = 0

0, otherwise
(10)

where mf ∈ RH×W . When k is set to 2, the form of mf

resembles a grid mask with a grid size of 1 pixel. We project
Ibc
L onto mf to generate an initial condition, denoted as yT :

yT (i, j) =

Ibc
L (

⌊
i

k

⌋
,

⌊
j

k

⌋
), if mf (i, j) = 1

0, otherwise

(11)

where Ibc
L ∈ R

H
k ×W

k and yT ∈ RH×W . The yT is initially
composed of information from the LR image, then is updated
to an intermediate condition yt by CRT during the sampling
phase. In the second stage, we backtrack the intermediate
condition yt and we obtain yb

t :

yb
t(i, j) = yt(ki, kj) (12)

where yt ∈ RH×W and yb
t ∈ R

H
k ×W

k . In Fig. 2, we il-
lustrate the visualization of yb

t . Then, we extract an edge
map ∇2yb

t using the first-order Laplacian operator, which
exhibits characteristics where pixel values are smaller in low-
frequency regions and larger in high-frequency regions. Next,
we normalize the edge map to the range of (0-1) to obtain a
probability map p:

p =
∇2yb

t − min∇2yb
t

max∇2yb
t − min∇2yb

t

(13)
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×8 ×16
Methods LPIPS↓ FID↓ PSNR↑ LPIPS↓ FID↓ PSNR↑
Dataset CelebA1000

Bicubic 0.2263 80.16 24.95 0.2989 158.38 21.65
CodeFormer 0.1460 23.12 23.89 0.2162 34.15 20.75

DDNM 0.1468 29.12 24.88 0.2074 32.38 21.56
DDRM 0.1589 36.34 24.81 0.2088 42.48 21.61

SR3 0.1435 56.69 25.48 0.2574 76.45 21.71
ILVR 0.1446 25.53 24.21 0.2001 33.49 20.95
DR2 0.1957 52.52 22.31 0.2243 53.18 20.57
DPS 0.1893 23.48 21.53 0.2303 25.83 19.20

DiffFace 0.1553 24.09 24.49 0.2167 31.80 20.32
PGDiff 0.1439 22.49 24.53 0.2003 27.68 21.24

DPI(Ours) 0.1401 22.86 24.97 0.1927 27.33 21.68

Table 1: Quantitative comparisons on CelebA1000 testset.
Red and blue indicates the best and the second best.

For each pixel value p(i, j), we use it as a probability and
then project it to mf to generate a randomly adaptive mask
ma as follows:

ma(i, j) =

{
0, if mf (i, j) = 0,

1, otherwise, with P
(⌊

i
k

⌋
,
⌊
j
k

⌋)s
.

(14)

where P represents probability, ma ∈ RH×W and s ad-
justs the probability distribution. We refer to the aforemen-
tioned process as Maskgen(yt, s). It’s important to note that
a different ma is generated at each time step. We generate
the RACM by masking the conditional posterior distribution
y′
t−1 using ma. The RACM exhibits high sparsity and fea-

tures similar to the edge guidance in ControlNet (Zhang, Rao,
and Agrawala 2023). This amplifies the prior space, enabling
the generation of more texture details, thereby enhancing the
fidelity and diversity of the results.

Condition Corrector
We propose a condition Corrector (CRT), to pull back the
conditions to the prior space and establish a reciprocal sam-
pling, as illustrated in Fig. 3. CRT is a small neural network
conditioned on the initial condition yT , designed to denoise
the posterior distribution of the ground truth (GT) and pre-
dict GT conditions. The loss function of CRT is defined as
follows:

Lprior = ||IG ⊙mf −CRT (mf ⊙ I ′
Gt−1

,yT , t)||22 (15)

where CRT (·) stands for the CRT function, IG represents
the GT image and I ′

Gt−1
is obtained by Eq. 3. Building

upon the assumptions presented in (Wang et al. 2023d), it is
assumed that there exists a time step γ such that for t > γ, the
distance between q(xt|x) and q(yt|y) becomes sufficiently
small. At this point, we can get the approximate estimate:

yt−1 = CRT (mf ⊙ y′
t−1,yT , t)

≈ CRT (mf ⊙ I ′
Gt−1

,yT , t)
(16)

However, the CRT is essentially a discriminative model
that favors the average output and the gap between q(xt|x)
and q(yt|y) progressively increases for t < γ. For this rea-
son, we need to adapt the CRT to the intermediate conditions

Figure 3: Condition Refinement. We present the initial con-
dition yT along with the refined conditions in the intermedi-
ate stages (y500,y50). Please zoom in for a better viewing.

as well as mitigate the gap. Ultimately, the objective function
for training the CRT is as follows:

Lgap = ||IG ⊙mf − CRT (mf ⊙ x̂crt,yT , t)||22 (17)
Lcrt = ΩLprior + (1− Ω)Lgap (18)

where x̂crt represents the intermediate condition output of
CRT and Ω is a weight that decreases over t. The structure
of CRT can be found in the Appendix. In the first stage, due
to the sufficiently heavy input noise, CRT can only extract
information from yT . The output of CRT during this stage
is smooth. In the second stage, as the noise decreases and
RACM amplifies the prior space, CRT can utilize prior infor-
mation to update conditions.

Experiments
Experimental Setup
We employ a pre-trained DDPM from DPS (Chung et al.
2022). The model is pre-trained on 49k face images from
FFHQ (Karras, Laine, and Aila 2019) at a resolution of 256×
256. For evaluation, we utilize synthetic datasets FFHQ1000
and CelebA1000 (Liu et al. 2015), along with real-world
datasets LFW (Huang et al. 2008), WebPhoto (Wang et al.
2021), and WIDER (Yang et al. 2016), serving as our testsets.
Following the settings of the latest diffusion-based meth-
ods (Wang et al. 2023d; Chung et al. 2022), we compare
them on synthetic datasets at scales of ×4, ×8, and ×16.
Additionally, for each of these three scales, the parameters
(τ , s, ω) is set to (100, 1.4, 500), (300, 1.2, 750), and (500, 1,
1000) respectively. For real-world datasets, we adhere to the
experimental settings in CodeFormer (Zhou et al. 2022), with
fixed parameters set to (500, 1, 1000). The sparsity parameter
k for CMs is set to 2 for all experiments.

Comparison with Previous Work
Synthetic Datasets: Diffusion-based FSR works typically
use Bicubic settings of different scales as benchmarks. For
this purpose, we train CRT at different scales to compare
them (Wang, Yu, and Zhang 2022; Kawar et al. 2022; Saharia
et al. 2023; Choi et al. 2021; Wang et al. 2023d; Chung
et al. 2022; Kim et al. 2022; Yang et al. 2024). Table 1
demonstrates the outstanding performance of DPI across
all scales, showcasing SOTA perceptual metrics compared to
other diffusion-based methods. Fig. 4 illustrates DPI’s supe-
rior performance in visual consistency.

9215



HQ SR3 ILVR DR2 DPSBicubic DPIDDRM DPI20PGDiffDiffFace

Figure 4: From top to bottom are the FSR results of DPI and DDPM-based methods on CelebA1000 testset at ×8, and ×16
scales, respectively. DPI20 refers that the DDIM (Song, Meng, and Ermon 2020) algorithm samples only 20 steps. Please zoom
in for best view.

GFPGAN CodeFormerVQFRDTDNet DR2 OursInput DiffFace PGDiff

Figure 5: Qualitative comparisons on WebPhoto dataset. Please zoom in for best view.

Real-world Datasets: We adhere to the general degradation
model (Zhou et al. 2022) represented as follows:

IL = {[(IH ⊗ ks,σ)↓r + nδ]JEPGq}↑r (19)
where ks,σ denotes a Gaussian blur kernel with a kernel
size of s, nδ represents Gaussian noise, JPEGq signifies
compression with quality q, and r denotes the sampling
scale. CRT is trained on this degradation model to address
real-world issues. Our DPI achieves SOTA performance in
no-reference metrics on three real-world datasets, as shown
in Table 2.
Face Recognition Results: We employ the open-source face
recognition framework, DeepFace (Serengil and Ozpinar
2020) with a threshold set at 0.4 to compare the accuracy
(ACC) and consistency (CS) of face recognition between
GT and SR images. Specifically, we feed the SR results
and GT images into the DeepFace model to determine if
they correspond to the same person. ACC represents the
proportion of accurate recognition in the testset, while CS
represents the distance between SR and GT features. Table
3 presents the experimental results on the CelebA1000
testset for different upscaling factors. Especially in the ×16
task, we are far ahead of other methods. The results of face
recognition proves that DPI has higher consistency.
Severe Degradation Blind FSR: For severe blind FSR, Eq.
19 is applied to sample parameters r, s, σ, q, δ from {8 : 16},
{1 : 17}, {3 : 20}, {40 : 50}, {30 : 90} to construct the
testset. The hyperparameters of DPI are consistent with
real-world tasks. As illustrated in Fig. 6, it can be seen that
DPI can ensure the consistency of the contour even under
severe degradation, which reflects the strong robustness.

(a) GT (b) Input (c) CodeFormer (d) DR2 (e) Ours

Figure 6: Qualitative comparison on heavy degradation.

Ablation Studies
In this section, we conduct ablation experiments to analyze
the effects of strong and weak constraints, masking strate-
gies, and hyperparameters on consistency and diversity. All
ablation studies are performed on the CelebA1000 testset at
a scale of ×8. Please refer to the visual ablation studies in
Appendix for further insight.
Effectiveness of Condition Correction and Refinement:
The conditions undergo pixel correction and iterative refine-
ment to provide accurate guidance. Initially, the degraded
pixels’ impact on performance is analyzed by not using the
CRT to repair the conditions. Subsequently, the corrected con-
dition are used solely as conditions at each time step without
participating in the iterative refinement. As shown in the the
second and third columns of Table 4, degraded pixels lead to
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Datasets LFW WebPhoto WIDER
Degradation mild medium heavy

Methods FID↓ IS↑ MUSIQ↑ CLIPIQA↑ FID↓ IS↑ MUSIQ↑ CLIPIQA↑ FID↓ IS↑ MUSIQ↑ CLIPIQA↑
Input 138.41 2.85 29.41 0.4432 163.24 3.28 21.04 0.3351 192.17 2.88 15.72 0.2976

DFDNet 87.83 3.52 65.92 0.7313 125.22 3.60 61.53 0.6526 135.78 3.27 56.78 0.6249
GFPGAN / / / / 133.73 3.45 63.78 0.6742 99.51 3.48 63.07 0.6611

VQFR 69.02 3.53 64.44 0.6964 92.81 3.46 63.92 0.6933 / / / /
CodeFormer 68.72 3.56 67.30 0.7034 85.93 3.56 65.87 0.7050 51.61 3.34 64.48 0.7132

DR2 80.94 3.45 59.23 0.6095 99.27 3.53 54.53 0.5469 71.85 3.01 55.06 0.5739
DiffFace 66.40 3.55 63.57 0.6813 89.81 3.58 59.61 0.6624 50.36 3.41 58.56 0.6764
PGDiff 62.31 3.60 65.97 0.7137 85.83 3.61 62.87 0.6950 47.63 3.47 64.56 0.7137

DPI 65.91 3.64 66.13 0.7098 81.77 3.67 64.65 0.7011 49.79 3.50 64.90 0.7150

Table 2: Quantitative comparisons on the real-world datasets. Red and blue indicate the best and the second best.

×4 ×8 ×16
Methods CS↓ ACC↑ CS↓ ACC↑ CS↓ ACC↑
Bicubic 0.1061 90.2 0.3276 78.3 0.6475 60.0
CodeFormer 0.0991 94.8 0.2253 92.2 0.3950 53.5
DDRM 0.1466 92.8 0.2781 87.7 0.4155 47.5
SR3 0.0831 93.7 0.2264 91.2 0.4015 49.9
ILVR 0.0898 91.5 0.2363 90.8 0.3998 53.3
DR2 0.2455 89.4 0.3264 76.9 0.3955 52.8
DPS 0.2470 92.2 0.3603 66.6 0.4550 31.8
PGDiff 0.0870 93.1 0.2103 90.8 0.4064 59.8

DPI 0.0807 95.3 0.2100 92.5 0.3449 72.8

Table 3: Qualitative comparisons of face recognition accu-
racy and consistency on CelebA1000 testset. Red and blue
indicate the best and the second best performance.

w/ CRT ✓ ✓ ✓ ✓ ✓
w/ Refine ✓ ✓ ✓ ✓ ✓
w/ Stage II ✓ ✓ ✓ ✓ ✓
w/ Weight ✓ ✓ ✓ ✓
w/ k = 2 ✓ ✓ ✓ ✓ ✓

SSIM↑ 0.6881 0.6933 0.6873 0.7278 0.6362 0.6335
LPIPS↓ 0.1401 0.2242 0.1507 0.1486 0.1679 0.1592
FID↓ 22.86 73.01 23.65 53.60 33.78 28.09

Table 4: Ablation studies

poor metrics and significantly affect image quality, while the
absence of refinement only marginally impacts performance.
Balancing Consistency and Diversity: Our proposed
method allows the user to tune the consistency and diversity
of FSR by simply adjusting the scalar values, as shown in Fig.
7. In our default settings (Fig. 7 (e)), the parameters (τ, s, ω)
are set to (300, 1.2, 750). We will elaborate on the impact of
these scalars on the results: 1) By adjusting τ , we can flexibly
partition the sampling stages. Increasing the range of the sec-
ond stage significantly enhances diversity, while conversely
improving consistency. As seen in the fourth column of Table
4, removing the second stage (τ = 0) initially yields the best
SSIM, but the FID metric noticeably increases, indicating
enhanced consistency but reduced fidelity. The second row
of Fig. 7 (e-g) clearly demonstrates that increasing τ leads
to greater diversity. 2) Under the premise of ensuring consis-
tency (Fig. 7 (e, j, k)), we fine-tune the diversity by changing
the sparsity. 3) In Eq. 9, ω is used to reduce conditional in-

(e) (300, 1.2, 750) (f) (500, 1.2, 750) (g) (700, 1.2, 750)

(j) (300, 1.8, 750) (k) (300, 2.4, 750)

(b) (300, 1.2, 300) (c) (300, 1.2, 2000)(a) Input ( )

(i) GT ( )

(h) (500, 1.0, 500)

(l) (150, 2.4, 300)

(d) (300, 1.0, 2000)

Figure 7: Visual comparisons of the impact of hyperparame-
ters on consistency and diversity.

tensity for better utilization of prior information. A larger
ω implies a smaller weight attached to the condition. From
the comparison in Fig. 7 (b) and (c), reducing conditions
intensity enhances fidelity and diversity, such as details in
hair. The ablation study in the sixth column of Table 4 also
confirms this. Furthermore, the comparison of Fig. 7 (f) and
Fig. 7 (h) reflects the control of s and ω over consistency and
diversity.

Conclusion

We propose DPI, which effectively leverages the prior knowl-
edge of pre-trained models for face super-resolution. By im-
plementing a masking strategy tailored to facial features, we
achieve a balance between consistency and diversity dur-
ing the sampling process. Additionally, we introduce CRT
to establish a reciprocal sampling process, where samples
and conditions are iteratively refined. Extensive experiments
demonstrate the superior performance of DPI and its ability
to ensure consistency.
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