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Abstract

Although diffusion prior is rising as a powerful solu-
tion for blind face restoration (BFR), the inherent gap be-
tween the vanilla diffusion model and BFR settings hin-
ders its seamless adaptation. The gap mainly stems from
the discrepancy between 1) high-quality (HQ) and low-
quality (LQ) images and 2) synthesized and real-world im-
ages. The vanilla diffusion model is trained on images
with no or less degradations, whereas BFR handles mod-
erately to severely degraded images. Additionally, LQ im-
ages used for training are synthesized by a naive degrada-
tion model with limited degradation patterns, which fails to
simulate complex and unknown degradations in real-world
scenarios. In this work, we use a unified network FLIPNET
that switches between two modes to resolve specific gaps.
In restoration mode, the model gradually integrates BFR-
oriented features and face embeddings from LQ images to
achieve authentic and faithful face restoration. In degrada-
tion mode, the model synthesizes real-world like degraded
images based on the knowledge learned from real-world
degradation datasets. Extensive evaluations on benchmark
datasets show that our model 1) outperforms previous diffu-
sion prior based BFR methods in terms of authenticity and
fidelity, and 2) outperforms the naive degradation model in
modeling the real-world degradations.

1. Introduction

Blind face restoration (BFR) aims to recover high-quality
(HQ) facial images from various degradations. The ill-
posed nature of this task stems from the complexity and
uncertainty of degradations in real-world scenarios. Versa-
tile facial priors have been used to help BFR, such as facial
landmarks [4], referential HQ images or features [31, 35],
and the pretrained StyleGAN [33, 40]. The success of diffu-
sion models (DMs) [7, 28] in generation tasks has recently
excited the restoration field, as their ability to generate HQ
content from noise aligns perfectly with the restoration ob-
jective [21, 22, 36, 38]. Despite its powerful generative abil-
ity, the inherent gap between the vanilla diffusion process
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Figure 1. Restoration results of WIDER [39]. Pre-processing
module (i.e., SwinIR) based methods (i.e., DiffBIR) fail to render
fine-grained details. Methods with condition-concatenated inputs
(i.e., WaveFace) unable to handle unknown and complex degrada-
tion in real-world scenarios, leading to over-smoothed results.

and the BFR setting hinders its seamless adaptation. The
gap arises mainly from the distribution mismatch between:
1) HQ images and low-quality (LQ) images and 2) synthe-
sized images and real-world images.

The vanilla DMs are trained on natural images with
minor or no degradation, making them unfit the BFR
task, which primarily targets moderately to severely de-
graded face images. To bridge the gap, previous at-
tempts [21, 23] brutally remove the severe degradations
via a pre-processing module [20], followed by a DM to
render facial details. However, the pre-processing mod-
ule also removes discriminative details such as wrinkle
and freckle (Fig. 1(b)), thus compromising the fidelity of
restoration (Fig. 1(c)). Some approaches [22] bypass the
pre-processing module by concatenating the degraded im-
ages, acting as the condition, to HQ inputs. Although the
first gap is mitigated by gradually introducing LQ features
throughout denoising, they fail to deliver adequate results
on real-world data (Fig. 1(d)) as the degradation model used
for training set synthesizing fails to simulate real-world
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degradations. A pioneering work [34] applies the naive

degradation model repeatedly to HQ images to create LQ

counterparts. Although effective, this work generates less
diverse data due to its reliance on limited degradation pat-
terns, which is incompatible with “blind” face restoration.

To address these problems, this work uses only a large-
scale Text-to-Image (T2I) model with few trainable param-
eters, eliminating the reliance on pre-processing modules
in both training and inference. Our goal is to steer the
pretrained T2I model towards authentic and faithful face
restoration while preserving its strong image prior by prop-
erly integrating contributive features from LQ images. De-
spite offering valuable cues such as color and structure for
faithful face restoration, LQ images also carry the degra-
dation that affects authenticity. To strike a balance, we
propose BoostHub to selectively integrate BFR-oriented
features from LQ inputs while discarding irrelevant ones.
Meanwhile, we identify the misalignment between face em-
beddings used in personalized T2I generation [24, 25] and
those needed for BFR, which inspires us to explore BFR-
oriented face embeddings. Apart from face restoration, we
unlock the potential of diffusion prior in modeling real-
world degradations. Being trained with HQ and degraded
image pairs collected from real-world scenarios, the T2I
model learns the distribution of real-world degradations,
which is used to synthesize degraded images.

In this work, we unify the above solutions into a single
model, i.e., FLIPNET, which takes HQ and LQ image pairs
as input. By simply flipping the inputs, the model switches
between restoration mode and degradation mode, achiev-
ing authentic and faithful face restoration and real-world
degradation synthesis, respectively. The contributions of
this work can be summarized as follows:

* A two-pronged solution, i.e., FLIPNET, is proposed to
bridge two inherent gaps that hinder the seamless adap-
tation of diffusion prior in BFR by simply switching be-
tween restoration mode and degradation mode.

* When switching to restoration mode, FLIPNET achieves
authentic and faithful face restoration by integrating BFR-
oriented features and face embeddings from LQ images.

* When switching to degradation mode, FLIPNET learns
from degraded images in real-world scenarios and, in
turn, synthesizes such images with acquired knowledge.

* Comprehensive experiments demonstrate the superiority
of FLIPNET in integrating diffusion prior to BFR.

2. Related works

Blind face restoration (BFR). BFR works are generally
based on three priors: 1) Geometric priors, including facial
landmarks [4, 6] and facial parsing maps [3, 43], are used
to provide explicit facial structure information. They often
yield inferior restoration results due to the imprecise predic-
tion on degraded images. 2) Reference priors based meth-

ods either leverage high-quality (HQ) reference images to
provide identity information [32] or construct a dictionary
that restores HQ facial features [31, 35]. But the restoration
performance is restricted by the authenticity of reference
images and the size of the codebook. 3) Generative priors
encapsulated in StyleGAN2 [14] are used to provide rich fa-
cial details for restoration. GFP-GAN [33] and GPEN [40]
restore degraded faces by learning the mapping from LQ
input to the latent space where GAN prior network can re-
produce the desired HQ face images.

Diffusion prior in BFR. Inspired by the ability of diffu-
sion models (DMs) [28, 30] in emerging HQ content from
noise, diffusion prior has become a favorable solution for
BFR. However, DMs are typically trained on images with
less or no degradation while BFR deals with moderately
to severely degraded images, which makes its seamless
adaptation challenging. Therefore, some works break BFR
down to two stages: degradation removal and details gen-
eration. DR2 [36] employs the diffusion prior at first stage
to obtain degradation-invariant images, where HQ counter-
parts are obtained by the follow-up face restoration model.
DiffBIR [21] and PMRF [23] first coarsely remove severe
degradations with a pretrained pre-processing module [20].
Given the obtained intermediate results, DiffBIR renders
realistic facial details via a follow-up T2I model. Whilst
PMREF takes such images as the initial state of the distri-
bution transportation, where a rectified flow model is op-
timized to model the path to HQ counterparts. Instead of
adopting such a two-stage scheme, PGDiff [38] uses a pre-
trained BFR model [34] to provide instructive semantics.
Throughout the denoising process, the model is trained to
minimize the discrepancy between intermediate outputs and
target properties. WaveFace [22] uses diffusion prior to re-
store the low-frequency component exclusively, where low-
frequency subbands of LQ images are concatenated to noise
and serve as condition for generation. Although exciting
restoration results have been achieved, the pre-processing
module will also smooth out facial details, thereby compro-
mising the fidelity. Additionally, the reliance on other face
restoration models imposes limitations on the potential of
the proposed model. How to effectively unleash the poten-
tial T2I model in BFR task has NOT been fully exploited.

Real-world degradation modeling. Apart from the gap
between HQ and LQ images, diffusion prior BFR methods
general deliver inferior performance on real-world images
as the degradation model used to synthesize training set fail
to simulate that in real-world scenarios. Classical degrada-
tion model [18] includes four types of degradations: blur,
noise, resize, and JPEG compression. The simple combina-
tion fails to handle real-world cases where images typically
spread several times over different digital devices. Thus,
Real-ESRGAN [34] proposes a “high-order” degradation
model, where classical degradations with different hyper-
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parameters are applied repeatedly on HQ images to synthe-
size the degraded counterparts. While this may serve as a
stopgap, the synthesis remains constrained by the limited
degradation patterns. How to effectively simulate complex
and blind degradations remains a formidable challenge.

In this work, we address above challenges with a uni-
fied model that is solely based on a large-scale T2I model
with few trainable parameters. The model provides a two-
pronged solution to both authentic and faithful face restora-
tion and real-world degradation modeling.

3. Preliminary

Stable Diffusion is a large-scale text-to-image (T2I) latent
diffusion model, which performs both diffusion and de-
noising processes in latent space. Specifically, an autoen-
coder [16] converts an image x to a latent z with encoder £
and reconstructs it with decoder D, i.e., & = D(E(x)). In
diffusion process, Gaussian noise € ~ A (0, 1) is applied to
the starting latent z( to achieve noisy latent z;:

zt =\ azo + V1 — e,

where {a; }1_, is a pre-defined noise variance schedule over
timestep ¢. For denoising, a network €y is optimized to pre-
dict the noise ¢ at a particular timestep ¢ conditioned on c,
such as text prompt, which follows the objective:

(1

Liam =B conone|lle = ozt 3] @)
Given the noise predicted at timestep ¢, the denoised latent
Zp can be predicted by:

zZ0 —

(zt — V1 — ageg(ze, t, c)) ) 3)

1
Vau
The denoised image can be further obtained by &g = D(2).
Low-Rank Adaptation (LoRA) is widely used for the effi-
cient adaptation of large language models or text-to-image
models to downstream tasks [10]. Concretely, two low-rank
matrices B € R™*" and A € R"*™ are introduced to up-
date the base model weights Wy € R™ ™ with AW =
BA, where r < min(n,m) refers to the intrinsic rank
of AW. The updated weight matrix W = Wy + AW is
used for inference. By updating A and B exclusively dur-
ing training, the base model gradually adapts to the specific
domains. Meanwhile, since W is frozen throughout the
optimization, the generative ability of base model is well
preserved. For efficiency, LoRA is typically applied only to
attention layers for model fine-tuning.

4. Methodology

This work aims to handle inherent gaps between the vanilla
diffusion prior and blind face restoration (BFR) setting,
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which stem from the distribution mismatch between 1)
high-quality (HQ) and low-quality (LQ) images, and 2)
synthesized and real-world images. Unlike previous at-
tempts addressing the first gap with pre-processing mod-
ules [21, 23] or guidance from other face restoration meth-
ods [38], our model, namely FLIPNET, is simply built upon
a T2I model with few trainable parameters. The framework
is illustrated in Fig. 2, which takes pairs of HQ and LQ
images as input. By simply flipping the input, the model
switches between restoration mode (Sec. 4.1) and degrada-
tion mode (Sec. 4.2) to achieve authentic and faithful face
restoration and synthesizing real-world degraded images,
respectively. Note that, to preserve the strong image prior
of the large-scale T2I model, we fine-tune only the LoRA
weights [10] plugged to all attention layers.

4.1. Restoration mode

In restoration mode, the denoising network takes HQ im-
ages x as input and LQ images y as condition. Unlike pre-
vious works concatenating LQ images [22] or pre-processed
results [21, 23] to HQ images, our model is conditioned
on diffused LQ images. Specifically, the diffusion process
(Eq. (1)) is applied to both HQ and LQ images, where noise
(€z, €y) and timestep (¢, t,) are sampled separately. The
noisy pairs (x¢,,y:,) are concatenated along the batch axis
and fed to the denoising network, which is optimized to si-
multaneously denoise both inputs, enabling the restoration
of HQ images from LQ counterparts under varying noise
levels. However, LQ images act as a double-edged sword,
which improves the restoration fidelity by providing struc-
tural information while compromising the authenticity. To
strike a balance, BoostHub is proposed to selectively inte-
grate BFR-oriented features, and meanwhile, discard irrel-
evant ones. Additionally, we identify the misalignment be-
tween face embeddings widely-used for personalized gen-
eration [24, 25] and those required by BFR, which inspires
us to explore BFR-oriented face embeddings.

BoostHub. Following the pioneering T2I model [28], our
denoising network €y is implemented as UNet, with its
blocks comprising ResNet layers, self-attention layers, and
cross-attention layers. Inspired by a joint module used in
conditioned generation [19], we use BoostHub to enhance
noisy HQ features with BFR-oriented features from LQ
conditions. As shown in Fig. 2, BoostHub is placed in par-
allel to self-attention layers to involve LQ features without
interrupting the spatial relationships within HQ images.

As illustrated in Fig. 2, given the noisy HQ and LQ fea-
tures (I, I,), BoostHub projects them to query, key and
value via projection matrices Wg, Wk, and Wy, and then
integrate them with attention mechanism:

Fro =Wo - Attn(Q,, Ky, V)

4
= Wo - Softmax(Q. K. /Vd)V,, @
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Figure 2. FLIPNET pipeline. FLIPNET takes noisy high-quality (HQ) and low-quality (LQ) image pairs as input. It can switch between
restoration mode and degradation mode. Taking restoration mode as an example, HQ images are used as input while LQ images are
condition, where a BoostHub is placed in parallel to each self-attention layer to selectively integrate the BFR-oriented LQ features for
denoising. Additionally, LoORA weights are plugged to all self-attention and cross-attention layers to adapt the base model to face domain.
By simply flipping the image-condition order, it switches to degradation mode to synthesize degraded data with real-world degradations.

where Q, = Wq, Fy, Ky, = Wk F,, and V, = Wy, F,.
Following prior arts [8], Wq_, WKy and WVy are initialized
by corresponding self-attention weight of the base model
and the output projection matrices Wy are initialized by all-
zero matrix to avoid harmful effects that additional modules
might introduce. The BFR-oriented features F)., are then
combined with self-attention output Fj,  as:

Fjoint = Fsaz + (b . Fro = Self'Attn(Fz> + ¢ . F’r‘m (5)

where the enhance weight ¢ is set to control how much LQ
features will be involved. Subsequently, the joint features
Fjoint are integrated with text prompts as well as BFR-
oriented face embeddings via cross-attention.

BFR-oriented face embeddings. In personalized genera-
tion works [24, 25], face embeddings, acting as an addi-
tional condition, are integrated via cross-attention layers to
control the identity. However, prior arts generally leverage
ID embeddings from a face recognition network [5]. Yet,
such embeddings are trained to distinguish different per-
sons instead of preserving fine-grained facial details, mak-
ing them ineffective in providing instructive guidance for
restoration. To this end, this work aims to explore BFR-
oriented face embeddings, which should 1) well represent
the appearance of the given person, and 2) be positioned in
the common latent space of both HQ and LQ inputs so that
they will not be biased when integrating with joint features
from BoostHub in cross-attention layers. Inspired by the

training scheme used in DAEFR [31], we propose to obtain
such embeddings from an autoencoder [16] trained for face
reconstruction. Instead of the discrete codebook, we adopt
continuous latent features which can provide fine-grained
details. A two-stage learning scheme is adopted.

a) Reconstruction stage. First, HQ/LQ autoencoders are
trained to reconstruct input face images. HQ/LQ images
x/y € RIXWX3 are projected to latent space z, /y €
Rh>*wxd via encoder and then projected back to images
& /9 by decoder. To achieve faithful reconstruction, the ob-
jective consists of L1 loss £y, perceptual loss £, and ad-
versarial 1088 Lagy, i.€., Lae = L1+ Xap - Lp + Nado - Ladvs
where A\, and A, g4, are set as 0.5 and 0.8, respectively.

b) Association stage. Similar to CLIP [26], we fine-tune
the autoencoders via the cross-entropy loss to map HQ/LQ
features into a common latent space. HQ and LQ latents are
first flattened to {z € RGN /N = h x w. The simi-
larity matrix between z and 2z, can be computed as M €
RY*N " We adopt the cross-entropy loss (£ and £L) to
maximize the similarity between corresponding patches via
maximizing scores in the diagonal:

L = ZZ@/M log(z,7,), (6)

11]1

where y; ; represents ground-truth labels. The objective of
the association stage is Losso = Lae + (L2 + LL) /2.
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Once trained, the LQ encoder is used to extract face em-
beddings z, € RN*4 which are then passed through a
lightweight adapter 7(-) to align with the dimensionality
of text tokens before integrating with the T2I model, i.e.,
cia = T(zy). The adapter consists of several linear layers
with Layer Normalization [41].

Objectives. In restoration mode, the model learns how to
denoise the noisy (x:, , y:, ) jointly following the objective:

‘Cldm = ]Ew7y:€)t:£7ty HG - 66(wtwyyty7tz,tyvc)||2 )

where € = (€5, €,) and ¢ = (Cex, Cia). Beyond latent-level
constraints, image-level constraints are applied to the de-
noised predictions & at each timestep obtained by Eq. (3),
which include MSE loss L, and perceptual loss £,:

L, =o(x) — o(&0)[3, (8)

where ¢(-) represents VGG19 [29] backbone. The overall
training objective is Ly = Ligm + Amse - Lmse + Ap - Lp.
Amse and A, are set as 1 and 0.01 throughout the training.

Lipse = ||z _’@0”31

4.2. Degradation mode

By simply flipping the input, i.e., LQ images y serving
as input while HQ images x as condition, our FLIPNET
switches to degradation mode. To learn the real-world
degradations, our model needs to be trained with paired
HQ and LQ images collected from real-world scenarios.
In the absence of such face datasets, we gather multiple
low-level vision datasets captured in real-world scenarios
to construct the training dataset for degradation mode, in-
cluding Dense-Haze [2] for image dehazing, LOL [37] for
low light enhancement, SIDD [1] for image denoising, and
RealBlur [27] for image deblurring. To construct the train-
ing set, full set of Dense-Haze and LOL are included and
1000 pairs are randomly selected from SIDD and RealBlur-
J, obtaining a real-world dataset with around 2500 pairs. To
keep the model’s ability in synthesizing the classical degra-
dations Eq. (9), 4000 face images are randomly selected
from FFHQ to synthesize LQ counterparts on-the-fly during
training. The training process is the same with restoration
mode, except for the condition and the objective.
Cross-attention conditions. Being trained on both face and
non-face datasets, we do NOT leverage BFR-oriented face
embeddings in this mode. In other words, text prompts are
the only condition for cross-attention layers, which are gen-
erated by BLIP [17] following previous works [8].
Objectives. Only diffusion loss L;4,, is used, i.e., Lg, =
Liam, as imposing image-level constraints on degraded im-
ages will introduce unforeseen noise to predictions.

Once trained, the model can be used to synthesize de-
graded counterparts of HQ face images with the acquired
knowledge. The generated images carry diverse and com-
plex degradations, with the intensity of degradation re-
maining entirely unknown, which are more suitable for

“BLIND” face restoration. The visualization and distribu-
tion of degraded images synthesized by a prior art [34] and
our method are illustrated in Fig. 5. As observed, FLIPNET
could well model real-world degradations, evidenced by its
diverse distribution across multiple real-world face datasets.
The synthesized degraded images can be subsequently used
to train our FLIPNET under restoration mode.

5. Experiments

5.1. Datasets and Settings

Training Dataset. FFHQ [13], containing 70k high-quality
(HQ) face images, is used as the training set. Following
previous works [33, 36], images are resized to 512 x 512
before synthesis. Two degradation models are adopted to
synthesize low-quality (LQ) counterparts:

1) On-the-fly degradation. Considering its efficiency,
Real-ESRGAN [34] is used to synthesize degraded images
online following the formula:

Y= {[(:c@ko)irs +n5}]PEGq}TS7 9

where a HQ image x is firstly blurred by a Gaussian ker-
nel k., followed by a downsampling of scale s. Afterward,
Gaussian noise ns and JPEG compression with quality fac-
tor g are applied to the image, which is then upsampled
back to the original size to obtain its LQ counterpart y. The
hyper-parameters o, s, J, and ¢ are uniformly sampled from
[0.1,15], [0.8,32], [0, 20], and [30, 95] respectively. On top
of this, the process is performed for the second time, where
random degradations are applied in shuffled order.

2) Off-shelf degradation. In light of its diversity and au-
thenticity, our FLIPNET is switched to degradation mode
to synthesize degraded images offline. For each HQ face
image, we generate five images with diverse and unknown
degradations, serving as LQ counterparts.

For each iteration, degraded images generated by on-the-
fly and off-shelf schemes are selected by a probability of 0.5
to construct a training batch.

Testing Dataset. = We evaluate FLIPNET on a syn-
thetic dataset: CelebA-Test and three real-world datasets:
LFW [11], WebPhoto [33] and WIDER [44]. CelebA-Test
contains 3000 HQ images from CelebA-HQ [12]. Akin
to the training set, LQ counterparts in test set are synthe-
sized by both on-the-fly and off-shelf degradation scheme
at equal probability. In terms of three real-world datasets,
LFW contains 1711 mildly degraded face images in the
wild, which comprises the first image for each person in
LFW [11]. WebPhoto includes 407 images crawled from
the internet, some of which are old photos with severe
degradation. WIDER consists of 970 images with severe
degradations from the WIDER dataset [39].

Evaluation Metrics. For evaluation, we adopt two pixel-
wise metrics (PSNR and SSIM), a reference perceptual met-
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Figure 3. Visualization of the effectiveness of enhance weight ¢ on CelebA-Test. ¢ strikes a balance between fidelity and authenticity by
determining the amount of LQ features involved. PSNR(1) / Deg.({) are reported.

ric (LPIPS [42]), and a non-reference perceptual metric
(FID [9]). To measure the consistency of identity, the angle
between ID embeddings extracted by ArcFace (“Deg.”) [5]
is used. All metrics are used for the evaluation of synthetic
dataset while only FID is used for real-world datasets due
to the lack of ground-truth HQ images.

Implementation Details. We adopt Stable Diffusion 2.1-
base' as the base T2I model and plug LoRA modules to all
self-attention and cross-attention layers. We train LoRA for
90k iterations (batch size=16), with the intrinsic rank set to
64. The text prompts are generated by BLIP [17] for all
datasets. We use AdamW [15] optimizer with the learning
rate Se-5. The training process is conducted on 512 x 512
resolution with 8 NVIDIA V100 GPUs.

For restoration mode, autoencoders are initialized by the
pretrained weight [28]. We trained model for 200k at recon-
struction stage and 80k at association stage (batch size=32).
For non-face datasets, the model takes no embeddings other
than text prompts as condition. During training, we use a
probability of 0.5 to drop text prompt and 0.3 to drop face
embeddings to enhance the robustness. For inference, we
use words such as “low quality”, “blurry”, and “poorly ren-
dered hands” as the negative prompt for restoration mode
while use null text prompt for degradation mode. The
classifier-free guidance (CFG) scale is set as 1.5.

5.2. Ablation Studies

5.2.1. Restoration mode

BoostHub enhance weight. According to Eq. (5), the en-
hance weight ¢ determines the amount of BFR-oriented
features integrated from LQ inputs. When less LQ fea-
tures are involved, the ability of the T2I model in gen-
erating high-quality contents is fully exploited while fea-
tures that facilitate face restoration, such as color and struc-
ture, are ignored, thereby affecting the authenticity. Con-
versely, an over-injection of such features will compromise
the restoration quality. Restoration results with different en-

IStable Diffusion v2.1: https:
stablediffusion

//github.com/Stability-AI/

hance weights as illustrated in Fig. 3.

As observed, without guidance from LQ images (¢ = 0),

the restoration strictly relies on text prompt and face em-
beddings. Despite its high quality, the restoration deviates
significantly from the original identity. In contrast, LQ fea-
tures dominate the generation when ¢ = 2, leading to the
poor quality with fine-grained facial details being smoothed
out. When we set ¢ = 1, the model could strike a good
balance between fidelity and authenticity.
BFR-oriented face embeddings. We identify the mis-
alignment between the widely-used face embeddings from
a face recognition model [5] and those required by blind
face restoration (BFR). To make a comparison, we visual-
ize the restoration results, conditioned on ArcFace embed-
dings and our BFR-oriented face embeddings in Fig. 4(a)
and Fig. 4(c), as well as corresponding attention maps. As
observed, the face recognition model, trained to distinguish
different persons, exclusively focuses on features at dis-
criminative regions, such as eyes. As a result, the restora-
tion fails to render fine-grained details at cheeks or hairs.

Beyond presenting facial details, the alignment between
HQ and LQ face embeddings is important for our model
as face embeddings are supposed to integrated with joint
features (Eq. (5)) via cross-attention, which include both
HQ features from self-attention layers and BFR-oriented
LQ features from BoostHub. The alignment is achieved
by “Association stage”. To demonstrate its effectiveness,
we use face embeddings from the autoencoder trained only
with reconstruction stage to perform the restoration. The
result is shown in Fig. 4(b). Due to the absence of “Associ-
ation stage”, face embeddings are biased on BFR-oriented
LQ features while neglecting HQ ones, leading to compro-
mised the restoration quality. On the contrary, when BFR-
oriented face embeddings integrating with the aligned HQ
and LQ features, our model is able to deliver faithful results
with face details such as wrinkle well preserved (Fig. 4(c)).

5.2.2. Degradation mode

Synthesized images and distribution. We visualize the
degraded images generated by Real-ESRGAN [34] and our
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Figure 5. Distribution of degraded images synthesized by Real-

ESRGAN [34] and our FLIPNET compared to three real-world

datasets: LFW, WebPhoto and WIDER. Synthesized images of
and Ours are shown below.

FLIPNET in Fig. 5. To evaluate how well they fit real-
world degradations, the feature distribution of degraded
images synthesized by both methods and three real-world
datasets: LFW [11], WIDER [44] and WebPhoto [33] is
also illustrated. Our model is capable of synthesizing de-
graded images that are widely distributed across different
real-world datasets whereas Real-ESRGAN generates data
gathering in a limited region. This can be proved by exam-
ples shown below. Images degraded by our model present
diverse degradations while that by Real-ESRGAN demon-
strate limited degradation patterns.

5.3. Comparisons with State-of-the-Art Methods

Evaluations are performed on synthetic and real-world
datasets. Unlike previous BFR methods, our training data
are synthesized by dual degradation schemes (on-the-fly

(b) BOw/osso (22.89 dB /46.02)

(c) BO (23.39dB / 43.81)

Figure 4. Restoration results (Right) of the model conditioning on face embeddings extracted from ArcFace (Arc), our BFR-oriented ones
trained without (BO,, /, ass0) and with (BO) “Association stage” on CelebA-Test. Corresponding attention maps (Left) of embeddings are
also shown. PSNR(1) / Deg.(]) are reported. The lighter the color, the higher the attention scores.

Table 1. Quantitative comparison on CelebA-Test. “RF++” and
“F” refer to “RestoreFormer++” and our FLIPNET. “4+0O”: on-
the-fly synthesized images. “+4O/F”: both on-the-fly and off-shelf
synthesized images. “Deg.” refers to the angle between identity
embeddings of restored images and HQ counterparts. The best
and the second best results are indicated.

Methods

PSNR?}

SSIM+

LPIPS|

FID|

Deg.|

GPEN

‘WaveFace
PMRF

23.65/22.86
23.85/22.70

24.03/23.15
22.70/21.96

22.27/21.83
22.87/22.08
24.37/23.39
24.16/23.05
24.70/23.40

0.61/0.60

0.63/0.61
0.63/0.62
0.62/0.60
0.62/0.62
0.63/0.62

0.42/0.43

0.38/0.40
0.38/0.39
0.44/0.44
0.42/0.42
0.42/0.43
0.42/0.43
0.42/0.42

18.67/20.20
17.38/18.52
14.98/15.15
14.43/15.65
31.59/34.49
19.48/21.35
20.78/22.54
21.44/23.48
13.48/15.36

47.24/51.33
44.96/47.99
44.00/45.86
48.44/49.85
59.24/61.29
59.43/60.38
46.58/47.00
43.80/46.50
44.75/45.76

F 1o/ +oF

24.44/23.39

0.64/0.63

0.42/0.42

13.82/15.06

43.29/43.81

Table 2.

Quantitative comparisons on

in terms of FID(]).

real-world

datasets

“RF++” and “F” refer to “Restore-

Former++” and our FLIPNET. “+0”: on-the-fly synthesized im-
ages. “+O/F”: both on-the-fly and off-shelf synthesized images.
The best and the second best results are indicated.

Methods LFW WebPhoto WIDER
Input 124.974 170.112 199.961
GPEN [40] 50.792 80.572 46.340
_GFP-GAN[33] | 49560 | 87584 | 39499
RF++ [35] 50.439 75.059 49.395
C_DAEFR[31] | 47310 | 75453 | 3534
DR2 [36] 45.298 112.344 45.348
PGDiff [38] 44.630 89.754 36.807
DiffBIR [21] 44.383 91.777 35.343
WaveFace [22] 43.175 81.525 36.913
PMREF [23] 50.275 81.064 40.685
F +o/ +oF 43.10/42.98 | 83.34/81.37 | 33.09/31.81

and off-shelf). To make a fair comparison, we also synthe-
size another group with only on-the-fly degradation scheme.
The quantitative results are indicated by “+O/F” and “40”
in Tab. 1 and Tab. 2.

Synthetic dataset. Quantitative comparisons on CelebA-
Test [12] are illustrated in Tab. 1. Methods tend to yield in-
ferior performance on the test set synthesized by dual degra-
dation schemes, as the degradation better aligns with real-
world scenarios, in other words, are more challenging.

13477



LQ GFPGAN [33] RF++ [35] DR2 [36]

PGDiff [38]

DiffBIR [21]

PMREF [23] Ours HQ

Figure 6. Qualitative comparison with state-of-the-art BFR methods on CelebA-Test. Our method achieves authentic and faithful restora-

tion with fine-grained facial details being well preserved. (Zoom in for best view).

[ W

T34 T
& I 4

LQ GFPGAN [33] RF++ [35] SwinlR [20]

DR2 [36]

PGDiff [38] DiffBIR [21] PMREF [23] Ours

Figure 7. Qualitative comparison with state-of-the-art BFR methods on real-world datasets, including LFW (first row), WebPhoto (second

row), and WIDER (third row). (Zoom in for best view).

For visualization, we present qualitative comparisons
with SOTA methods with increasing degradations in Fig. 6.
GFPGAN [33] and RestoreFormer++ [35] struggle with ob-
vious artifacts especially when images are corrupted by
mild or severe degradation. They also fail to preserve the
identity as the restoration is based on, and also, limited
by the StyleGAN prior [33] or the pre-constructed dictio-
nary [35]. As inherent gaps between the vanilla diffusion
models and the BFR setting have not been properly handled,
previous diffusion prior based methods generally yield un-
satisfactory results. DR2 [36] and PGDiff [38] tend to de-
liver either faithful or authentic results, as the restoration
starts from a preliminary result from another face restora-
tion model, making their method suboptimal. DiffBIR [21]
and PMRF [23], based on a pre-processing module, typi-
cally suffer from rendering vivid facial details or avoiding
unexpected artifacts. In comparison, our model delivers au-
thentic and faithful results.

Real-world datasets. We show the quantitative compari-
son on real-world datasets in Tab. 2. FLIPNET outperforms
SOTA methods on LFW [11] and WIDER [44]. Qualita-
tive comparisons (Fig. 7) show that previous diffusion prior
based methods yield over-smoothed faces and fail to pre-
serve discriminative facial details. For severely-degraded
images (Row 3), most methods are plagued by artifacts
caused by unknown and complex real-world degradation.
In contrast, our approach delivers faithful and authentic
restoration results with rich facial details such as mustache.

6. Conclusion

We propose FLIPNET to bridge the inherent gap between
vanilla diffusion model and BFR settings. The model pro-
vides a two-pronged solution, enabling authentic and faith-
ful face restoration and real-world degradations modeling
by simply switching between restoration mode and degra-
dation mode.
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