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Abstract

Blind face restoration methods have shown remarkable
performance, particularly when trained on large-scale syn-
thetic datasets with supervised learning. These datasets
are often generated by simulating low-quality face images
with a handcrafted image degradation pipeline. The mod-
els trained on such synthetic degradations, however, can-
not deal with inputs of unseen degradations. In this paper,
we address this issue by using only a set of input images,
with unknown degradations and without ground truth tar-
gets, to fine-tune a restoration model that learns to map
them to clean and contextually consistent outputs. We utilize
a pre-trained diffusion model as a generative prior through
which we generate high quality images from the natural im-
age distribution while maintaining the input image content
through consistency constraints. These generated images
are then used as pseudo targets to fine-tune a pre-trained
restoration model. Unlike many recent approaches that em-
ploy diffusion models at test time, we only do so during
training and thus maintain an efficient inference-time per-
formance. Extensive experiments show that the proposed
approach can consistently improve the perceptual quality of
pre-trained blind face restoration models while maintaining
great consistency with the input contents. Our best model
also achieves the state-of-the-art results on both synthetic
and real-world datasets. Project Page.

1. Introduction

Image restoration is a fundamental task in computational
photography that aims to recover a high-quality image from
its degraded low-quality counterpart. Blind image restora-
tion is a more challenging task, where the degradation pro-
cess is unknown. One needs to find a good balance between
maintaining the fidelity of the image content and the out-
put’s perceptual quality. This is particularly important in
the case of blind face restoration, as both fidelity and qual-
ity are important when restoring face images.

Most of the existing blind face restoration methods [19,
62,65,72,79] are trained in a supervised manner using a
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Figure 1. Overview. Given a restoration model pre-trained on syn-
thetic datasets in a supervised fashion, it can produce high-quality
restoration on low-quality images that are aligned with the degra-
dation distribution used in training (a). However, it often fails on
inputs of out-of-distribution degradations (b). We propose an un-
supervised pipeline to adapt a pre-trained model to unpaired de-
graded images of the target degradation with a much smaller data
size. This addresses the domain gap in degradation types without
paired ground-truth images or the knowledge of the target data’s
degradation type (c). (zoom in for details).

paired dataset of low-quality inputs and high-quality target
images. The training pairs are often constructed by man-
ually designing a degradation process [31, 33, 62], where
a high-quality image is synthetically degraded to form
the corresponding low-quality input. Supervised learning
achieves great performance on test data that aligns with
the training degradations (Fig. 1(a)). However, this pro-
duces results with severe artifacts when tested on images
that do not fall under the training degradation distribution
(Fig. 1(b)). In addition, ground-truth data is not always
available for the supervised learning setup. We commonly
have access to only the low-quality observations in a real-
world setting. In this paper, we address such blind unsuper-
vised setup with neither access to the paired ground truth
images nor to the degradation process of the inputs.

Image diffusion models [22,49] have recently shown re-
markable performance in image generation. Due to their
powerful modeling of the natural image manifold, pre-
trained diffusion models can be used as priors for image
restoration tasks in a zero-shot manner. Some blind image
restoration methods [9, 37, 66, 69, 75] have achieved great
results on severely degraded data. However, they require
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running the diffusion model’s sampling process during in-
ference, which results in a significant computational cost
and extremely slow runtime. On the other hand, a series
of works [6, 13,26, 39,40, 63, 82] involve designing hand-
crafted denoising process for known degradation types in a
supervised setup, which limits the applicable scenarios.

In this work, we tackle the problem of unsupervised
blind image restoration by taking the advantages from the
above two groups of works. Given a pre-trained restora-
tion model that fails on inputs with some out-of-distribution
degradations (target degradations), our approach consists of
two stages: pseudo target generation and model fine-tuning.
To generate pseudo targets, we design a denoising diffu-
sion process that cleans up the restoration model’s outputs,
where it preserves the input image content while consider-
ably enhancing high frequency details. In the second step,
the cleaned images are treated as pseudo targets to fine-tune
the pre-trained restoration model using input and pseudo
target pairs. The fine-tuned model is then able to handle in-
puts with the same target degradations (Fig. 1(c)). The pro-
posed approach requires only a small set of unpaired low-
quality observations for training, and does not require run-
ning the diffusion model at test time, which is a much more
practical setting for real-world applications. To the best
of our knowledge, this is the first approach to use pseudo-
targets to adapt a pre-trained restoration model to unknown
degradations for blind face restoration.

In summary, our contributions are as follows: (i) An un-
supervised pipeline for adaptation of face restoration mod-
els to unknown unpaired degradations; (ii) a method to
obtain content-preserving pseudo targets from a diffusion
model that achieves better fidelity and perceptual quality
than previous zero-shot diffusion-based restoration meth-
ods; (iii) our approach consistently improves the pre-trained
models, and our best fine-tuned model achieves state-
of-the-art performance on both synthetic and real-world
datasets without the need for running a diffusion model at
inference time.

2. Related Work
2.1. Supervised Blind Face Restoration

Most of the existing methods in blind face restoration in-
volve supervised learning with simulated training data pairs,
combined with various types of priors. Due to the structured
nature of facial images, many works explore face-specific
priors such as geometry priors [2, 3, 30, 57,73, 74, 80, 81]
and reference priors [10, ] to retain natural and faith-
ful restoration for the given low-quality faces. To further
improve the perceptual quality of the restoration, several
models [1, 35,44, 62, 72] employ GAN-based priors with
perceptual and adversarial losses during supervised train-
ing, or use pre-trained GAN models [24, 25] as priors di-

rectly. Some works [31,34] explore facial component dic-
tionaries as a more robust prior for higher quality restoration
and identity preservation.

Following the high-quality codebook learning ap-
proaches [12,61], more recent methods [19,65,78,79] show
great performance on real-world degraded faces by first pre-
training on large-scale clean face data to obtain high-quality
discrete dictionaries or codebooks as priors during restora-
tion. These methods achieve great perceptual quality, but
do not generalize to the degradations that are outside of the
training degradation distribution. The reliance on the large-
scale training data pairs also limit their practicality for real-
world applications. Different from the previous supervised
approaches, we aim to address the generalization problem
of pre-trained face restoration models on out-of-distribution
degradations in an unsupervised manner.

2.2. Diffusion Priors for Image Restoration

Diffusion models [22,49] have recently become the most
powerful generative models in image synthesis. Despite not
being initially designed for low-level imaging tasks, some
works modify diffusion model’s architecture and train them
by conditioning on either the degraded image or its features
for tasks such as super-resolution (SR) [17,41,52, 54, 68],
shadow-removal [20, 41], deblurring [48, 68], inpainting
and uncropping [53, 68], face-restoration [77], and adverse
weather restoration [41,46]. Some works [40, 47, 67] ex-
plore different sampling and training procedure of diffu-
sion models for better restoration performance. However,
all of these models require supervised training with large
amount of data pairs and computational resources, while
still suffering from lack of adaptability to generalize to out-
of-distribution degradations.

A large group of the methods utilize pre-trained diffu-
sion models for zero-shot image restoration tasks [5-7, 11,

, 14,26-28,45,51,60, 63, 82] including super-resolution,
inpainting, deblurring, denoising, and JPEG artifact correc-
tion. However, they require the knowledge of the degrada-
tion type to design custom denoising process, which can-
not be applied to blind image restoration directly. To tackle
the blind restoration problem, where the degradation is un-
known, the conditioning or guidance during the denoising
process needs to be generalized enough to handle a variety
of degradation types. On this line of research, some pa-
pers [4, 16,066] use the low frequency content of the images
to guide the denoising process in order to preserve the con-
tent of the image. Some other papers [37,69,75] use a sim-
ple pre-trained restoration model to first reduce the amount
of artifacts in the image while preserving the smoothed se-
mantics, and then use a pre-trained or fine-tuned diffusion
model to inject sharp textures to the restoration model’s
output. Although these zero-shot approaches achieve great
level of perceptual quality, they share the common problem
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Figure 2. Overview of our unsupervised fine-tuning pipeline. Given a pre-trained restoration model that produces low-quality restoration
outputs (severe artifacts on hair and over-smoothed skin) on samples with unknown and out-of-distribution degradations, we generate
pseudo targets using a pre-trained unconditional diffusion model with a combination of low frequency content constrained denoising and
unconditional denoising. The generated clean images can be used as pseudo GT to fine-tune the pre-trained restoration model without the

need for real GT images.

of long inference time due to running the diffusion model
for every input. There have been efforts to make the dif-
fusion models faster by reducing the number of sampling
using DDIM [59] or progressively distilling it into fewer
steps [55] at the expense of image quality. Our approach
elimiates the burden of running the diffusion model alto-
gether at inference time. It only uses the diffusion model’s
outputs during training as pseudo targets to improve a pre-
trained restoration model by injecting its prior to restore un-
known degradations.

3. Method

3.1. Preliminaries on Diffusion Models

Denoising Diffusion Probabilistic Model (DDPM) [22,
58] has been one of the most used and powerful genera-
tive models in computer vision. An unconditional diffusion
model learns a natural image manifold from large-scale im-
age datasets. It follows a Markov forward process to gradu-
ally corrupt an image x( with a pre-defined Gaussian noise
variance schedule §3; for each timestep ¢ € {1,2,...,T}.
Thanks to the Markovian formulation of the diffusion pro-
cess, one can write the expression for the noisy image z; at
any timestep ¢, given the clean image x( as

q(zi]xo) = N (245 VAo, (1 — ay)I), (D

where a; = 1 — 8; and &y = Hi:1 .

An unconditional diffusion model generates natural im-
ages by reversing the forward diffusion process. Specifi-
cally, the process can be written as:

pe(.%‘tfl‘l't) ZN(mtq;He(ﬂCut)aUtQI% 2

where o7 is set to a time-dependent constant, and the mean
of the denoised image pg (¢, t) is computed as:

1*Oét

o, 1) = eealnt). )

=

— (-
Nen
where the noise €g(z¢,t) at timestep ¢ is predicted by a
trained timestep conditioned U-Net [50]. To perform un-
conditional image generation, we can start with a sample
from the standard Gaussian distribution zp ~ N(0,I)
and gradually denoise it using the predicted noise at each
timestep. Note that one can use techniques from DDIM [59]
or simply uniformly skip timesteps during the reverse diffu-
sion process to accelerate the denoising process.

3.2. Method Overview

Given a restoration model that is pre-trained on synthetic
data pairs, its performance on out-of-distribution inputs is
often heavily degraded. To bridge the gap without the need
for paired ground-truth high-quality images, we use a pre-
trained unconditional diffusion model [22] to clean up the
artifacts in restoration model’s output via a low frequency
constrained denoising process. As shown in Fig. 2, our
pipeline consists of two stages: 1) generating pseudo targets
using a diffusion model (Section 3.3) and 2) using the gen-
erated targets to fine-tune the pre-trained restoration model
(Section 3.4).

3.3. Generating Pseudo Targets

Consider a pre-trained restoration model, R, and a real-
world low-quality image observation y. Due to the domain
gap between the synthetic data and the real-world data, the
output from a pre-trained restoration model, yo = R(y),
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Figure 3. Visualization of low frequency contents at different timesteps. We show low frequency contents of the low-quality restoration
from a pre-trained SwinlR [36] and its GT counterparts at different timesteps of the forward diffusion process (zoom in for details).

still contains a lot of artifacts. Following Eq. (1), we can
apply the forward diffusion process on yp, to get a noisy
version of the low-quality restoration y; at timestep ¢ as:

Y+ = Vawyo + V1 — aze, where e ~ N(0,1).  (4)

If we directly perform an unconditional denoising on the
noisy image y; as in [75], the structured content will not be
preserved well, which yields inconsistent restoration. Sim-
ilar to the observations from [9, 66], we found that as more
Gaussian noise (larger timestep) is added to the low-quality
restoration, the low frequency content of y; is getting closer
to the low frequency content of the noisy image z; as if
we start with the clean image counterpart zy. Specifically,
given a low pass filter ¢ and if ¢ is large enough (¢t > L):

On(y) = on(21) = dn(Varwo + V1 — ave), &)

where x; is the noisy version of the clean image, and € is
the same sampled noise in Eq. (4). We visualize and com-
pare the low frequency contents of the two images at dif-
ferent timesteps in Fig. 3. The noisy images become closer
as timestep increases, and eventually indistinguishable vi-
sually after ¢ = 400. With this critical observation, we can
constrain the denoising process by regularizing the low fre-
quency content at each denoising timestep when ¢ > L,
in order to preserve the structural information. At lower
timesteps (t <= L), the low frequency property in Eq. 5
no longer holds and applying such regularization will de-
teriorate the denoising process. In addition, since we are
using an unconditional diffusion model, going all the way
to t = T would completely destroy all the information in
the image. Hence, we start the low frequency constrained
denoising process at a smaller timestep ¢ = K, where the
low frequency content is not yet destroyed by the injected
Gaussian noise.

Combined with the insights above, we describe our
pseudo target generation process as follows: we take the
restoration model’s output, yy, on an image from the target

Algorithm 1 Generating pseudo targets using a pre-trained
diffusion model

Input: low-quality restoration output yo = R(y), low-
pass filter ¢
Output: pseudo target T for low-quality input y
Tk < sample from N (yx; @k Yo, (1 — ax)I)
for ¢ from K to 1 do
Tt < sample from pp(Z1_1|T+)
denoising
if ¢ > L then
yi—1 <« sample from N (y;—1; /@ —190, (1 —
a—1)I)
Ty Ty — ON(Ty—1) + ON(ye—1) > low
frequency content constraint
end if
end for
return 7

> unconditional

dataset, and follow the pre-defined noise schedule to inject
Gaussian noise into the image up to timestep /. We then
pass it to the diffusion model to clean up the image. Sim-
ilar to [4, 16, 66], we guide the denoising process by con-
straining the low frequency content to be consistent with
the input. This is done by replacing the low frequency con-
tent of the denoised image with the corresponding part from
the noisy copy of the input image at each time step. Some
methods [4, 16] apply such guidance on all denoising steps,
which would lead to blurry outputs with artifacts due to
over-constraining the denoised images on information that
can be a mixture of signal and noise.

Different from previous methods, we only apply this low
frequency content constraint for timesteps when ¢ > L.
This is because the low frequency property does not hold
anymore for small timesteps (¢ < L) as shown in Fig. 3.
Moreover, we observe that the denoised images at these
timesteps already have reasonably good structure. There-
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fore, we perform unconditional denoising for the remaining
L timesteps since unconditional denoising steps contribute
to high-frequency details at small timesteps [43]. With this
approach, there is no need for directly estimating zo from
x 1, in one step and running another enhancement model on
the generated image [660]. We summarize the detailed pro-
cedure of generating pseudo targets in Algorithm 1.

3.4. Fine-tuning the Pre-trained Models

After obtaining the pseudo targets from the diffusion
model, one can fine-tune the pre-trained restoration model
with the low-quality inputs and pseudo targets data pairs.
We apply the widely used image-level L1 loss, perceptual
(LPIPS) loss [76], and adversarial (GAN) loss [18]:

L1 =||R(y) — Zollr, Lrprps = LPIPS(R(y), Zo),
Lean =log(1 - D(R(y))), (6)

where R is our restoration model, and D is a discrimina-
tor that outputs the probability of its input coming from the
distribution of real natural faces. This discriminator is opti-
mized from scratch along with the restoration model, with
the following cross-entropy training objective [18]:

Lp =Eyr(y[—(1 —10gD(x))] + Exnp, [~logD ()],

(7
where P,. represents the distribution of real high-quality
face images. In practice we treat the images in FFHQ
dataset [24] as our real data distribution. Therefore, we use
randomly sampled images from the FFHQ dataset as clean
references for optimizing the discriminator. This ensures
that the discriminator is robust enough to provide useful
gradient signals for optimizing the restoration model. The
complete training objective is as follows:

L=Lr1+ AprpsLrpips + AganLaan, (8)

where A\pprps and Agan are hyperparameters for the
weights of the losses.

4. Experiments
4.1. Implementation and Evaluation Settings

Pre-trained Models. We use a pre-trained unconditional
face diffusion model with image resolution of 512x512.
This diffusion model is trained by following the training
procedure from [8,75] on the entire FFHQ dataset [24] with
70,000 images. We demonstrate the effectiveness of our ap-
proach on two model architectures: SwinIR [36] and Code-
Former [79] (current state-of-the-art non-diffusion based
method for blind face restoration). For SwinlR, we follow
training setup from [62] to pre-train the SwinIlR model on
the FFHQ [24] dataset following the losses in Eq. (8). For
CodeFormer, we use the pre-trained checkpoint from the

authors. Both models are trained using the synthetic degra-
dation function as in [31,33,62]:

ILQ = {[(IHQ*ka)ir +1’15]JPEG(I}T s (9)
where the high-quality image Z 5 is first convolved with a
Gaussian blur kernel k,, of kernel size o and downsampled
by factor of . Then Gaussian noise of standard deviation
0 is added, followed by JPEG compression of quality factor
q and upsampling by a factor of r to obtain the low-quality
image I1,g.
Low Pass Filter and Timesteps. We adopt the low pass fil-
ter from [4], where it is implemented as a sequence of down-
sampling and upsampling with factor of N. For the SwinIR
pseudo targets, we set N to be 16. For the CodeFormer
pseudo targets, we set N to be 8 for all the 4x data setup,
and to be 16 for all the 8 x. We set the starting timestep to
be K = 600 and apply the low frequency constrained de-
noising process for 240 timesteps. As a result, we start the
unconditional denoising at the timestep of L = 360.
Fine-tuning Setup. For fine-tuning the SwinIR model, we
set the weights of the losses to be A\pprps = 0.1 and
Agan = 0.1 for all the experiments. For CodeFormer
[79], we follow their training setup and empirically found
that only adopting their code-level losses to optimize the
code prediction module and the VQ-GAN encoder gives
better fine-tuning performance than the image-level losses
in Eq. (8). Note that this fine-tuning procedure is specific
to CodeFormer architecture and cannot be generalized to
all model architectures. Please refer to the supplementary
material for more details on our fine-tuning experiments.
Testing Datasets. We evaluate our pipeline on both syn-
thetic and real-world datasets. For the synthetic dataset, we
generate low-quality testing inputs using 3,000 high-quality
face images from the CelebA-HQ [23] dataset. To simu-
late more realistic degradations instead of the the commonly
used pipeline (Eq. (9)) in [31, 33,62], we apply the follow-
ing degradation model:

Tro = {ISP (ISP~ ((ZTugq),,) + n.] }T (10

r

where we first unprocess (I.SP~"') the downsampled high-
quality images Zpq to RAW [56], and then apply the
widely used camera noise models [15,38,42] n. to simulate
noisy RAW images. We then render (/.S P) the images back
to sRGB [56] and upsample the images to the same resolu-
tion as the high-quality ones. We construct datasets at 4x
and 8x downsampling factors |,. For each downsampling
factor, we generate degraded images at moderate and severe
noise levels. This yield four sets with each set containing
3,000 input-GT pairs. We use 2,500 images to generate the
pseudo targets for fine-tuning, and use the remaining 500
pairs for evaluation. Note that during fine-tuning, we do not
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Figure 4. Qualitative comparison of pre-trained versus fine-tuned models. We show the effectiveness of our proposed approach to
a pre-trained SwinlR [36] and a pre-trained CodeFormer [79] models on 4x and 8x downsampled data at moderate noise level. The
fine-tuned models are able to produce realistic restoration (zoom in for details).

4x Downsampling
PSNRt

FID, ‘ PSNR?

8x Downsampling

SSIM? LPIPS] SSIM? LPIPS] FID,
SwinIR [36] 212872092 0.5744/0.5444 0.5446/0.5842 74.12/120.44 | 21.28/19.00 0.5744/0.4813 0.5446/0.6435 99.44 /152.90
SwinIR + Ours 24.75/2341 0.6676/0.6284 0.3853/0.4156 41.42/49.46 | 23.28/21.91 0.6206/0.5720 0.4348/0.4821 68.25/115.97
CodeFormer [79] | 24.31/22.90 0.6335/0.5810 0.4007/0.4420  40.66/53.02 | 22.19/20.60 0.5716/0.5108 0.4420/0.4938 51.91/72.16
CodeFormer + Ours | 23.20/22.85 0.6138/0.6036 0.4117/0.4258 41.74/41.21 | 22.28/21.38 0.5848/0.5514 0.4290/0.4589 41.72/46.66

Table 1. Improvements gained on at 4x downsampling and 8 x downsampling test sets at moderate and severe noise levels for pre-trained
SwinlR [36] and CodeFormer [79]. Numbers presented as: [moderate / severe].

use the GT images and each set is fine-tuned independently.
Due to limited space, we average the results on the moder-
ate and severe settings when presenting results for each one
of 4x and 8x downsampling factors. More details on our
dataset synthesis pipeline and the detailed results on each
one of the four sets are provided in the supplementary ma-
terial. For the real-world dataset, we use the Wider-Test set
from [79] for fine-tuning the pre-trained model, and we se-
lect another 200 severely degraded images from the testing
set of the Wider-Face dataset [70] as Wider-Test-200 for
evaluating fine-tuned models. Note that our Wider-Test-200
has no overlap with the set we obtained from [79].

Evaluation Metrics. For synthetic datasets, we report

PSNR, SSIM [64], and LPIPS [76], as we have access to the
ground-truth images. For our Wider-Test-200 set, we report
the non-reference image quality metrics (MANIQA [71]
and MUSIQ [29]). In addition, we report the commonly
used FID scores [21] for all datasets, where we use the dis-
tribution of the ground-truth images as the reference statis-
tics for synthetic dataset. Since the Wider-Test-200 does
not contain the ground-truth images, we use statistics of the
FFHQ dataset [24] as reference to measure the FID score.

4.2. Results

Pre-trained vs. fine-tuned models. We first compare the
performance of the pre-trained models with the fine-tuned
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Figure 5. Qualitative comparison with SOTA baselines on synthetic datasets. Our fine-tuned CodeFormer model outperforms all other
baselines and its pre-trained counterparts on severely degraded inputs from both 4 x downsampling and 8 x downsampling inputs (zoom

in for details).

Diffusion at

PSNRT SSIM? LPIPS| FID| | * °0L"

DifFace [75] 20.02  0.5225 0.6077 110.36 v
DiffBIR [37] 20.28 0.4959 0.6605 126.44 v
PG-Diff [69] 19.50  0.5339 0.5484 119.82 v
DR2 [66] 20.34  0.5658 0.4815  54.94 v
Our pseudo targets 21.66  0.6044 0.4706  46.29 v
GFPGAN [62] 21.09 0.5283 0.5298  82.90 X
VQFR [19] 19.38  0.4540 0.5567 123.12 X
CodeFormer [79] 2140 0.5412 04679  62.04 X

X

CodeFormer + Ours | 21.83  0.5681 0.4440 44.19

Table 2. Results on data at 8 x downsampling test set. Top rows:
diffusion-dependent models at test time. Bottom rows: diffusion-
free models at test time.

ones (obtained following our proposed approach in Sec-
tion 3). We show the qualitative comparison in Fig. 4.

For SwinIR [36], the pre-trained model produces lots of
artifacts. We achieve significant improvements on the per-
ceptual quality of the restoration after fine-tuning. We ob-
serve that the pre-trained CodeFormer [79] already outputs
faces in relatively good quality at lower degradation levels,
but still produces noticeable artifacts on the 8 x downsam-
pling data, especially in dark and hair regions. Our fine-
tuned model is able to remove such artifacts.

We show quantitative comparison for the two models
in Tab. 1. For SwinlR, the pre-trained model receives con-
sistent improvements after fine-tuning. The perceptual im-
provements are reflected in terms of the large boost in FID

Diffusion at
MANIQAT  MUSIQT  FID| inference time?
DifFace [75] 0.5252 55.10 89.19 v
DiffBIR [37] 0.5994 62.42 92.33 v
PG-Diff [69] 0.5643 61.69 97.82 v
DR2 [66] 0.6007 68.05 90.45 v
Our pseudo targets 0.5772 62.56 80.60 v
GFPGAN [62] 0.5864 67.14 87.71 X
VQFR [19] 0.5929 69.19 91.76 X
CodeFormer [79] 0.6082 66.46 87.60 X
CodeFormer + Ours 0.6343 73.02 84.65 X

Table 3. Results on Wider-Test-200 set. Top rows: diffusion-
dependent models at test time. Bottom rows: diffusion-free mod-
els at test time.

and LPIPS scores. For CodeFormer, we found it to be more
resistant to smaller degradations (4 x moderate), and hence
the fine-tuning mostly makes the images more realistic by
removing the remaining artifacts (as observed in Fig. 4 top
two rows). On inputs with larger degradations (4x se-
vere and 8 x), our approach consistently improves the pre-
trained model.

Comparison with state-of-the-art models. We benchmark
our best fine-tuned model (fine-tuned CodeFormer) against
other blind face restoration baselines in Tab. 2. Our ap-
proach (bottom row) outperforms all baseline methods. In
top rows we provide results of the zero-shot diffusion-based
baselines that use a diffusion model at test time and compare
them with our pseudo targets. Our targets improve on all
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Number of images | PSNRf ~ SSIM{ LPIPS| FID| | MANIQAT MUSIQt

Pre-trained ‘ 23.57 0.6391 04851 74.12 ‘ 0.4623 64.38
20 2298  0.6321 04607 77.14 0.5239 59.05

100 2282  0.6218 04516 62.60 0.5748 68.56
500 22.84 0.6216 04324 53.39 0.5932 72.17
1000 23.10  0.6200 0.4286 51.11 0.5918 72.80
2500 2475 0.6676 0.3853 41.42 0.6023 73.36

Table 4. Effects of varying fine-tuning dataset size for SwinIR.

metrics compared to these models, showing our approach
can better preserve the content in the input image (higher
PSNR and SSIM) while being more realistic according to
LPIPS and FID scores.

The bottom rows in Tab. 2 show test-time non-diffusion
based models, compared to which we improve consistently
on all metrics. This group contains closer baseline models
to ours, as none of them require running a diffusion model at
test time, and hence are much more efficient. An interesting
observation is that on some metrics our fine-tuned results
are better than our pseudo targets. We believe a mixture
of inductive bias from the pre-trained model together with
distilled information from the diffusion model is injected
into the parameters of the restoration model. In addition,
directly learning from samples of the target (fine-tuning)
dataset helps better generalize to target degradations. As
shown in the first ablation study (Sec. 4.3), using more sam-
ples of the target dataset leads to better fine-tuned models.
Evaluation on real-world dataset. In Tab. 3, we compare
our fine-tuned model with baselines on real-world degrada-
tions (Wider-Test-200). We improve on all non-reference
based metrics compared to all baselines. We provide quali-
tative results on Wider-Test-200 in the supplementary mate-
rial. One observation is that DR2 obtains higher MANIQA
and MUSIQ while our approach gets higher FID. We be-
lieve that it is due to compromising fidelity for quality, as
observed in examples in the visual results of Wider-Test-
200 in the supplementary material. Our fine-tuned model,
however, improves on all metrics on this real-world dataset.

4.3. Ablation Study

Effects of fine-tuning dataset size. We investigate the ef-
fects of varying fine-tuning dataset size. In Tab. 4, we com-
pare the results of the fine-tuning pre-trained SwinIR fine-
tuning datasets of different sizes (i.e. different number of
low-quality and pseudo target pairs). We starts to obtain
consistent improvements even with only 100 fine-tuning im-
ages. The fine-tuned SwinIR becomes worse with 20 fine-
tuning images. We believe that the SwinIR has over-fitted to
this extremely small fine-tuning dataset in this case, which
causes slight performance degradation. The same ablation
on fine-tuned CodeFormer is in the supplementary material.
Effects of timesteps and low pass filter choices. In the
pseduo target generation stage, our approach involves ap-
plying a forward diffusion process on low-quality restora-

Different Low Pass Filter Downsampling Factor

Input
180

K

=360

Low-Quality
Restoration
K

K =600

K =600 K =600 K =900

L=180 L=0 L =360 1 (€) Uncond Denoising Only

Figure 6. Effects of low pass downsampling factor and timestep
choices on pseudo target. In (a) we show the effects of adjusting
the low pass filter downsampling factor (/V); In (b) we show the ef-
fects of different timestep windows for low frequency constrained
denoising (K and L); In (c) we show the pseudo targets if only
unconditional denoising is applied (zoom in for details). A large
version of this figure is included in the supplementary material for
better visualization of the details.

tion to timestep ¢ = K, and then utilizing low frequency
constrained denoising process from timestep ¢ = K down
to t = L, followed by the standard unconditional denoising
for the rest of the timesteps. Having downsampling factor
of N = 8 for the low pass filter gives better fidelity to the in-
puts, but with artifacts carried over, while larger N produces
targets with higher perceptual quality. Overall, N = 16
gives the best balance between fidelity and quality (Fig. 6
(a)). As shown in Fig. 6 (b), applying low frequency con-
straint down to L = 180 and to L = 0 would also produce
lower quality images due to artifacts in the low frequency
content at small timesteps, while our approach is robust to
the starting timestep (X = 900). We also show the results
of unconditional denoising for all timesteps in (c), where
small timesteps of () = 180) and (K = 360) produces ar-
tifacts, and a large timestep of (K = 600) distorts the image
content due to the lack of regularization during denoising.

5. Conclusion

In this paper, we propose an unsupervised approach
for blind face restoration that addresses the problem of
pre-trained restoration models failing on out-of-distribution
degradations. Our method requires neither paired ground-
truth high-quality images nor knowledge of the inputs’
degradation process. Our two-stage pipeline starts by gen-
erating pseudo targets using a pre-trained diffusion model
with a combination of low frequency constrained denois-
ing and unconditional denoising. We then fine-tune the
pre-trained models with pairs of low-quality inputs and
pseudo targets. Our approach can consistently improve
a pre-trained model’s performance on out-of-distribution
degradations, producing realistic restoration with satisfac-
tory balance of fidelity and perceptual quality. Our best fine-
tuned model achieves state-of-the-art blind face restoration
on both synthetic and real-world datasets.
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