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Abstract

Blind face restoration is a highly ill-posed problem due to the
lack of necessary context. Although existing methods pro-
duce high-quality outputs, they often fail to faithfully pre-
serve the individual’s identity. In this paper, we propose a per-
sonalized face restoration method, FaceMe, based on a diffu-
sion model. Given a single or a few reference images, we use
an identity encoder to extract identity-related features, which
serve as prompts to guide the diffusion model in restoring
high-quality and identity-consistent facial images. By simply
combining identity-related features, we effectively minimize
the impact of identity-irrelevant features during training and
support any number of reference image inputs during infer-
ence. Additionally, thanks to the robustness of the identity
encoder, synthesized images can be used as reference im-
ages during training, and identity changing during inference
does not require fine-tuning the model. We also propose a
pipeline for constructing a reference image training pool that
simulates the poses and expressions that may appear in real-
world scenarios. Experimental results demonstrate that our
FaceMe can restore high-quality facial images while main-
taining identity consistency, achieving excellent performance
and robustness.

Code — https://modyu-liu.github.io/FaceMe_Homepage

Introduction

Face restoration focuses on improving the quality of fa-
cial images by removing complex degradation and enhanc-
ing details. In the real world, facial images frequently suf-
fer from complex degradation, e.g., blurring, noise, and
compression artifacts, which can significantly impact down-
stream tasks like face recognition and detection.

Face restoration is inherently a highly ill-posed task be-
cause a single low-quality input can correspond to many
potential high-quality counterparts scattered throughout the
high-quality image space. Most advanced face restoration
methods cannot guarantee identity consistency, i.e., the iden-
tity of the restored portrait may significantly deviate from
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the actual identity. Such deviations in identity are unaccept-
able in practical applications, e.g., restoring facial images in
personal photo albums.

Recently, some studies have used high-quality reference
images of the same identity to enhance identity consistency
in restored facial images. These approaches improve results
through feature alignment (Li et al. 2018, 2020, 2022) or
by fine-tuning the diffusion model to constrain the gener-
ation prior (Varanka et al. 2024; Ding et al. 2024; Chari
et al. 2023). Although these methods have achieved sig-
nificant results, they have obvious limitations. The feature
alignment-based methods are influenced by the degradation
of the input image and the pose of the reference image. If the
features are not well aligned, the quality of the restoration
can significantly deteriorate. The fine-tuning-based meth-
ods typically require 5~20 reference images and need to be
fine-tuned again whenever the identity changes, making it
a time-consuming process. Additionally, the quality of the
reference images may significantly impact image restoration
quality. We illustrate the differences between our proposed
personalized method and the fine-tuning-based personalized
method in Fig. 1.

In this paper, we proposed FaceMe, a fine-tuning-free per-
sonalized blind face restoration method based on the diffu-
sion model. Given a low-quality input and either a single
or a few high-quality reference images of the same identity,
FaceMe restores high-quality facial images and maintains
identity consistency within seconds. Remarkably, changing
identities does not require fine-tuning, and the reference im-
ages can have any posture, expression, or illumination. Fur-
thermore, the quality of the reference image does not sig-
nificantly impact the quality of the restored image. To our
knowledge, this is the first approach that leverages diffusion
prior for personalized face restoration tasks, which does not
require fine-tuning when changing identity.

The fine-tuning-free personalized blind face restoration
currently faces three significant challenges: 1) Influence of
identity-irrelevant features from reference images, 2) Bal-
ancing the dependency between low-quality input and ref-
erence images; and 3) Insufficient datasets for personalized
blind face restoration.

To address the first challenge, we propose to use an
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Figure 1: Make the people in the photo look like you and those you are familiar with. Using a single or a few reference images,
we can restore realistic images without any fine-tuning for identity. Zoom in for best view.

identity encoder to extract identity-related features and a
multi-reference image training approach to minimize the im-
pact of identity-irrelevant features. In addition, we found
that the second challenge of balancing dependencies be-
tween low-quality input and reference images arises from si-
multaneous personalization and restoration training. To ad-
dress it, we propose a two-stage training approach that ef-
fectively balances these dependencies. In the training stage
I, we focus on training the model’s personalization ability,
i.e., training the proposed identity encoder. In the training
stage II, we fix the identity encoder and train a ControlNet,
which corresponds to the image restoration capability of the
model. Considering the third challenge of insufficient train-
ing data, we propose to use synthetic datasets as reference
images. Specifically, to better align reference images with
real-world application scenarios, we create a pose-reference
pool categorized by poses and expressions. During the syn-
thesis process, we sample several images from this pose-
reference pool to serve as pose references and select one im-
age from a publicly available facial image dataset to serve
as identity control. Using a personalized generative model,
we synthesize reference images that match the poses of the
given pose references while maintaining the identity of the
provided identity control image, thereby producing a set of
images with the same identity but diverse poses.

Related Work
Blind Face Restoration

Recently proposed blind face restoration methods rely on
generating priors to achieve high-quality image restoration.
Methods based on GAN priors, such as GPEN (Yang et al.
2021) and GFP-GAN (Wang et al. 2021), enhance the qual-
ity of restored images by embedding rich generative pri-
ors from pre-trained face GANSs into their network struc-
tures. Inspired by VQGAN’s(Esser, Rombach, and Om-
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mer 2021) success in image generation, methods such as
VQFR(Gu et al. 2022), CodeFormer(Zhou et al. 2022), and
RestoreFormer(Wang et al. 2022) focus on learning high-
quality codebooks and achieving superior image restoration
by matching high-quality vectors. Recently, diffusion mod-
els have been applied to face restoration, with methods like
DR2 (Wang et al. 2023) and DifFace (Yue and Loy 2024) us-
ing these models for robust degradation removal. Although
these blind face restoration methods achieve impressive re-
sults, restored identities often deviate from the real ones due
to the lack of identity information.

Reference-based Face Restoration

To enhance the quality of restored images and ensure iden-
tity similarity, several methods leverage reference images
of the same identity for face restoration. GFRNet (Li et al.
2018), ASFFNet (Li et al. 2020), and DMDNet (Li et al.
2022) require alignment modules to align the features of
low-quality images and reference images. However, when
low-quality images’ degradation is severe or the quality of
the reference images is suboptimal, the restoration quality is
compromised. Recently, some methods (Chari et al. 2023;
Varanka et al. 2024; Ding et al. 2024) achieve personalized
face restoration based on diffusion models. Their core idea
is to utilize 5 ~ 20 reference images of the same iden-
tity to constrain the generation priors of the diffusion model
through fine-tuning. Although these methods are effective in
maintaining identity, they are generally time-consuming and
require re-fine-tuning whenever the identity is changed.

Personalized Generation

Recently, some personalized face generation models have
been proposed. Due to the constraints of the dataset, IP-
Adapter (Ye et al. 2023), InstantID (Wang et al. 2024b), and
Arc2Face (Paraperas Papantoniou et al. 2024) are trained
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Figure 2: Overview of proposed FaceMe (left) and training data construction pipeline (right). For the proposed FaceMe,
identity-related features from the reference image are extracted by the identity encoder, by simply combining to support multi-
reference image inputs. We first use a fixed text, i.e., a photo of face. and then apply the combined identity-related features
to replace the face embedding. The updated embeddings are sent to the cross-attention layer of the diffusion model to guide

personalized face image restoration.

in a self-supervised manner, i.e., using the same facial im-
age as reference and ground truth. Although this training
strategy can generate realistic images that match the identity
of a given reference facial image, it also introduces many
identity-irrelevant features, such as posture and expressions.
Photomaker (Li et al. 2024) collects a large-scale set of im-
ages of the same identity and supports the input of any num-
ber of reference images. The essence of personalized gener-
ation lies in blending reference images with text descriptions
to create character images that both align with the identity of
the reference images and adhere to the text descriptions. Per-
sonalized image restoration, on the other hand, seeks to bal-
ance the reliance on both reference images and low-quality
input, aiming to restore high-fidelity facial images that main-
tain consistency with the identity of the reference image.
Given the similarities in the core objectives of these tasks,
personalized generation methods can be effectively applied
to personalized restoration.

Methodology
Overview

An overview of the proposed FaceMe is shown in Fig. 2.
Given a few reference images of the same individual as the
target image, the primary objective of this work is to lever-
age prior knowledge from a diffusion model to restore real-
istic facial images from degraded ones, while ensuring the
individual’s identity in the restored images. By utilizing the
identity encoder to extract identity-related features, we can
obtain a unified identity representation from a given refer-
ence image without needing to fine-tune the model for each
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new identity. By simply combining identity-related features,
our method enables an arbitrary number of reference images
(single or a few). Furthermore, to effectively train our model,
we design a dataset construction pipeline to remedy the lack
of personalized facial image restoration datasets.

Problem Definition

Let X, Y, D, and G denotes the degraded facial image,
the corresponding high-quality facial image, the degradation
function, and the generation function, respectively. The ob-
jective of facial image restoration is to generate Y = G(X),
while ensuring the following two constraints are satisfied:

Consistency : D (f/) = X, Realness:Y ~ q (Y),
(1)
where ¢(Y") denotes the distribution of high-quality facial
images.

Let Ref denote the reference images of the same identity
as Y. Based on reference images, personalized face restora-
tion can be formulated as Y = G(X|Ref). In addition to
meeting Consistency and Realness, it also needs to meet the
following constraint:

Identity Consistency : Y ~ ID (Y), )

where 1D (Y') denotes the distribution of high-quality facial
images of the same identity as Y.

If we consider only Realness and Identity Consistency, it
becomes a personalized face generation task. From the per-
spective of problem definition, we can decompose the prob-
lem of personalized face restoration into a combination of



personalized face generation and face restoration. Next, we
detail how we achieve personalized face restoration based
on personalized face generation.

Proposed Personal Face Restoration

Identity encoder Following recent works (Wu et al.
2024b; Guo et al. 2024), we combine the CLIP (Radford
et al. 2021) image encoder ¢ and the facial recognition mod-
ule 1, i.e., ArcFace (Deng et al. 2019) network, to extract
identity features from facial images. Due to the different fea-
ture dimensions extracted by € and 1, we employ MLPs to
map the features extracted by v to align with those extracted
by ¢. The final embeddings, which correspond to the identity
information of the given reference images, are obtained by
merging these two sets of features using MLPs.

Specifically, let { R;}_; denote the given N reference fa-
cial images. After face detection and cropping, r; is obtained
from R;. We use € and 9 to extract features from r;, denoted
as f; € R%and g; € R°12, respectively, where d denotes the
dimension of cross-attention in the diffusion model. We then
employ MLPs to align the dimension of g; with f;, resulting
in §; € R?. Finally, we use MLPs to fuse §; and f;, resulting
ins; € R

Combining and replacing We begin by combining the
extracted e;, obtaining:

. sn]), s € RV*d, 3)

Since our approach does not require semantic guidance,
we consistently use a simple prompt: “a photo of face.”,
during both the training and inference phases. Let cteyr =
{e1, e2, €3, e4, €5} represent the embedding of the text ob-
tained through the tokenizer and CLIP text encoder. We re-
place the embedding e4 corresponding to the word “face”
with s, resulting in ¢;q = {eq, €2, €3, s, €5}, which is used
as prompt embedding to guide the diffusion model for per-
sonalized face image restoration.

s = Concat([s1, . .

Training strategy The model consists of two trainable
modules, i.e., ControlNet and ID encoder (Identity Encoder
in Fig. 2). In this work, we propose a two-stage training strat-
egy. In training stage I, we simultaneously train ControlNet
and ID encoder, but only save ID encoder’s weights. In train-
ing stage II, we fix the ID encoder and only train ControlNet.
In this traning process, we randomly replace identity em-
bedding c;q with non-identity embedding c¢;c.; with a 50%
probability. The loss function for the two training stages can
be expressed as:

“

where € is target noise, €y is the proposed model, z; is the
latent code at time ¢, I, is the low-quality input, and I,
are the reference images. Next, we will discuss the reasons
for using such a training strategy.

Our training strategy is based on the following experimen-
tal insights: 1) When training the ID encoder independently,
i.e., training a personalized generative model, we encounter
unsatisfactory results. The ability to generate personalized
faces is significantly compromised due to insufficient train-
ing data and the absence of semantics. 2) Simultaneously

L= EztaILQajrehe ”E — €9 (Zt’ ILQ7I7'€f)||2 ,
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training the ControlNet and ID encoder can lead to insta-
bility. As training progresses, although the model’s genera-
tive ability improves, the control ability of low-quality im-
age diminishes, leading to undesired artifacts in restored im-
ages. However, we found that upon completing the simulta-
neous training, the personalized face restoration model can
seamlessly transition into a personalized generative model
by simply removing the ControlNet.

The primary goal of training stage I is to train the ID
encoder, i.e., to train the model’s personalized generation
ability. Training with ControlNet, as opposed to training the
ID encoder only, can compensate for the limitations of in-
sufficient training data and the absence of semantics. Since
ControlNet provides the layout information of the target im-
age, the ID encoder can focus on guiding the model to re-
store identity-specific detail features.

In training stage II, we focus on balancing the depen-
dency between low-quality input and reference images.
When training the ControlNet and ID encoder simultane-
ously, the continuous updating of the ID encoder’s weights
prevents the ControlNet from providing stable low-quality
image control. To enhance the ControlNet’s ability, we fix
the ID encoder obtained in stage I and then train only the
ControlNet, replacing c;q with c¢;e,; With a 50% probability.

Inference strategy Following (Wu et al. 2024a), we em-
bed the low-quality input directly into the initial random
Gaussian noise according to the training noise scheduler. Us-
ing Classifier-free guidance (CFG) (Ho and Salimans 2022)
for personalized guidance, the CFG in the inference stage
can be represented as:

id

i1 = ¢ (Zt7ZLQ7 c’id) y Rt—1 = (b (Zt7 ZLQ)y

. 5

Zi—1 = Zi—1 + Acfg X (Zﬁl - Zt—l) ) ®
where ¢(-) denotes the proposed model, A s, is a hyperpa-
rameter, z;_1 is the output of model without identity con-
trol, and 2} | is the output of model with identity control. In
addition, to mitigate the possibility of color shift, we apply
wavelet-based color correction (Wang et al. 2024a) to the
final result.

Training Data Pool Construction

To our knowledge, no publicly available facial dataset can
support diffusion models for training with multiple refer-
ence images of the same identity. Additionally, following
the Photomaker (Li et al. 2024) to collect a large-scale fa-
cial dataset of the same identity is both time-consuming and
challenging. Thus, in this study, we employ synthetic facial
images as reference facial images to construct our training
data pool. Unlike previous methods (Li et al. 2018, 2020,
2022) that extract features from reference facial images and
align them with degraded ones to enhance image details,
our proposed method uses reference facial images as prompt
to guide the diffusion model denoising process. Without a
substantial shift in identity, it allows for lower-quality refer-
ence images without significantly affecting the results. Sub-
sequently, we will detail the method of synthesizing refer-
ence facial images.



We synthesize multiple reference facial images of the
same identity as the given facial image using Arc2Face
(Paraperas Papantoniou et al. 2024), equipped with Control-
Net. Given a pair of facial images (Zyef, Tpose ), Arc2Face
can synthesize facial images that maintain the identity of
Zrey and the pose of Tpose.

Pose reference data pool We begin by constructing the
pose-reference pool. Let X = {x;}!, represent the images
in the FFHQ dataset (Karras, Laine, and Aila 2019). Using
EMOCA v2 (Danécek, Black, and Bolkart 2022; Filntisis
et al. 2023), we extract the pose attribute 6 € R1*6and the
expression attribute 1) € R'*50 for each image in X. Ini-
tially, we conduct K-Means (MacQueen et al. 1967) cluster-
ing on X based on 6, setting the number of the cluster cen-
ters to c;. This divides X into ¢y disjointed parts, denoted as
{X;};1,. Subsequently, we conduct K-Means clustering on
X based on 1, setting the number of the cluster centers to
co. This results in ¢; X co disjoint subsets of X, denoted as
P={p; }?lec2 , forming the pose-reference pool.

Same identity For each x;, we randomly sample an im-
age p; from P; to serve as the pose-reference image. Using

(@i, pj) as input for Arc2Face, we synthesize the image y; .

We then assess the identity similarity between x; and v . If
the identity similarity falls below d, we re-sample p; from
P; for regeneration. If an acceptable ] is not obtained after
three attempts, we stop generating it. We name the synthe-
sized reference images for the FFHQ dataset as FFHQRef.
The detailed settings can be found in the Supplementary Ma-
terial.

Experiments
Experimental Setup

Training datasets Our training dataset consists of FFHQ
dataset (Karras, Laine, and Aila 2019) and our synthesized
FFHQRef dataset, with all images resized to 512x512. Iy
denotes the high-quality image from the FFHQ dataset. To
form training pairs, 1~4 images with the same identity as
I}, are randomly selected from the FFHQRef dataset as ref-
erence images. The corresponding degraded image I; is syn-
thesized using the following degradation model (Wang et al.
2021; Zhou et al. 2022; Yue and Loy 2024):

L= {{(h® k) be +15lyppg, } 1 ©)

where ® denotes 2D convolution, k£, denotes a Gaussian
kernel with kernel width o, |, and 1, denote downsam-
pling and upsampling operators with scale r, respectively.
ns denotes Gaussian noise with standard deviation 4, and
[lspEG, denotes the JPEG compression process with qual-
ity factor q. We randomly sample o, r, 4, and g from
[0.2,10], [1,16], [0, 15], and [30, 100], respectively.

Implementation details We employ the SDXL model
(Podell et al. 2023) stable-diffusion-xl-base-1.0 fine-tuned
by PhotoMaker as our base diffusion model. We employ the
CLIP image encoder, fine-tuned by PhotoMaker, as part of
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our identity encoder. We use the AdamW (Loshchilov and
Hutter 2019) optimizer to optimize the network parameters
with a learning rate of 5 x 10~ for two training stages. The
training process is implemented using the PyTorch frame-
work and is conducted on eight A40 GPUs, with a batch
size of 4 per GPU. The two training stages are trained 130K
and 210K iterations, respectively.

Testing datasets We use one synthetic dataset CelebRef-
HQ (Li et al. 2022) and three real-world datasets: LFW-Test
(Huang et al. 2008), WebPhoto-Test (Wang et al. 2021), and
WIDER-Test (Zhou et al. 2022) for test. CelebRef-HQ is
collected by crawling images of celebrities from the inter-
net. It contains 1,005 identities and a total of 10,555 im-
ages. LFW-Test consists of 1,711 mildly degraded face im-
ages from the LFW dataset. WebPhoto-Test consists of 407
medium degraded face images from the internet. WIDER-
Test consists of 970 severely degraded face images from the
WIDER Face (Yang et al. 2016) dataset.

For the synthetic dataset, we randomly select 150 identi-
ties and select one image per identity as the ground truth,
using 1~4 images of the same identity as reference images.
We employ the same degradation model described in Eq.(6)
to synthesize the corresponding degraded images, maintain-
ing the same hyperparameter settings used during training.

For the real-world datasets, due to the lack of reference
images with the same identity, we first use face restoration
method, i.e., Codeformer (Zhou et al. 2022), to restore low-
quality input. The restored images are then used as input to
Arc2Face to generate reference images. It is worth noting
that this method of synthesizing reference images does not
compromise generalization capability. The synthesized im-
ages have varying poses and relatively low quality, whereas,
in real-world scenarios, the reference images provided by
users are often of much higher quality.

Comparisons with State-of-the-art Methods

Comparison methods We compare FaceMe with state-of-
the-art methods, including GFP-GAN (Wang et al. 2021),
CodeFormer (Zhou et al. 2022), VQFR (Gu et al. 2022),
GPEN (Yang et al. 2021), DifFace (Yue and Loy 2024), and
DR2 (Wang et al. 2023), PGDiff (Yang et al. 2024), and
DMDNet (Li et al. 2022). Since PGDiff only supports a sin-
gle reference image, we use the first image in the reference
dataset as the reference input during testing.

Evaluation metrics For the synthetic dataset that contains
ground truth, we adopt the following metrics for quantita-
tive comparison: full-reference metrics PSNR, SSIM, and
LPIPS (Zhang et al. 2018), as well as non-reference met-
rics MUSIQ (Ke et al. 2021) and FID (Heusel et al. 2017).
We also use LMD (landmark distance using Lo norm) and
IDS' (cosine similarity with ArcFace (Deng et al. 2019)) to
evaluate identity preservation. For real-world datasets with-
out ground truth, we employ the widely-used non-reference
perceptual metric FID. All evaluation metrics are measured
by PyIQA? except for LMD and IDS.

"https://github.com/deepinsight/insightface
*https://github.com/chaofengc/IQA-PyTorch



Input DMDNet PGDiff VQFR CodeFormer DifFace Ours GT Reference
(a) Qualitative comparison on CelebRef-HQ. In comparison to the state-of-the-art methods, our FaceMe can restore high-quality faces
while maintaining identity consistency. Zoom in for best view.

Input VQFR CodeFormer DR2 DifFace Ours

(b) Qualitative comparison on real-world faces. The first row is from the LFW-Test; the second row is from the WebPhoto-Test; and the
third row is from the Wider-Test. Our method can restore high-fidelity and high-quality images, while previous methods produce unrealistic
artifacts. Zoom in for best view.

Figure 3: Comparison of our method with state-of-the-art on different datasets.

Evaluation on synthetic data Tab. 1 shows the perfor- different methods. In comparison, FaceMe can handle more
mance of FaceMe on the synthetic dataset CelebRef-HQ. As complex scenes and restore high-quality images without in-
shown, our method achieves the best performance in PSNR, troducing unpleasant artifacts.

FID, LMD, and IDS, and the second-best performance in

LPIPS. Additionally, note that FaceMe has significantly im- Ablation Studies

proved in both LMD and IDS, which demonstrates its abil-

ity in personalization while minimizing the impact of ID- Due to space limitations, more ablation studies and the com-
irrelevant features. The visualization results are shown in plete table for the ablation studies are provided in the Sup-
Fig. 3a. It can be observed that the compared methods ei- plementary Material.

ther produce many artifacts in the restored images or restore
high-quality images but fail to maintain identity consistency
with the ground truth. In contrast, our FaceMe can restore
high-quality images while preserving identity consistency.

The number of reference images We study the effects of
different numbers of reference image inputs on the restored
results. As shown in Tab. 2a, as the number of reference im-
ages increases, the quality of the results improves slightly.

Evaluation on real-world data As presented in Tab. 1, The improvement in LMD and IDS metrics indicates that
our FaceMe achieves the best FID score on the LFW- adding reference images enhances identity consistency. We
Test and Wider-Test datasets. LFW-Test and Wider-Test are attribute this improvement to the influence of the most ef-
mildly degraded and heavily degraded real-world dataset, re- fective reference image. When the ground truth (GT) image
spectively. The excellent performance on both datasets indi- is used as a reference (ORef. w GT), the model achieves its
cates that FaceMe is capable of adapting to complex degra- best performance. Even when the GT image is mixed with
dation scenarios in the real world, demonstrating excep- other reference images (3Ref. w GT), the model still benefits
tional robustness. Fig. 3b shows the visual comparisons of positively from GT’s inclusion.
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Dataset CelebRef-HQ LFW-Test | WebPhoto-Test | WIDER-Test Ref
Method PSNR?T SSIM{ LPIPS| MUSIQtT FIDJ ‘LMD¢ IDST| FIDJ FID| FID| ’
GFP-GAN 23.10 0.653 0.249 7567 59.85|3.736 0.546| 51.33 91.51 40.46
CodeFormer | 2398 0.665 0.214 76.88 52.21| 3.012 0.546| 53.75 86.14 40.04
GPEN 24.08 0.686 0.317 70.01 72.96| 4.197 0.546| 56.02 87.04 47.90
VQFR 2275 0.620 0.262  76.26 62.36| 3.521 0.541| 51.83 77.44 45.02
DifFace 24.11 0.679 0.255 71.85 53.26| 3.293 0.438| 46.99 82.65 38.47
DR2+VQFR | 22.71 0.650 0.272  75.66 64.59| 4.017 0.402| 64.44 117.48 56.84
PGDiff 21.97 0.636 0.297 68.47 72.59| 4.149 0.615 - - - v
DMDNet 2371 0.664 0.263 74770 58.29| 5.837 0.559| 53.34 89.27 41.98 v
FaceMe (Ours) | 24.37 0.678 0.227  75.62 51.01| 2.908 0.647| 43.95 92.46 33.59 v

Table 1: Quantitative comparison. The bold and underlined represent the best and the second best performance, respectively.

Number | PSNRT LPIPS| FID| |LMD| IDSt

one 24.65 0.233 49.38| 2.899 0.620
two 2459 0.232 48.94| 2914 0.631
three | 24.54 0.232 48.52| 2.896 0.632
four | 2452 0.232 48.12| 2.871 0.634
one* | 2474 0.218 48.19| 2.753 0.641
four* | 24.56 0.227 48.12| 2.813 0.640

(a) Ablation study on the number of reference images. * denote
using GT as part of reference.

Training Strategy |[PSNR{ LPIPS| FID| LMD/ IDS?t
0.274 61.84| 4.195 0.534

22.23
24.37

one-stage training

two-stage training 0.227 51.01] 2.908 0.647

(b) Ablation study on the proposed training strategy.
Identity Encoder| PSNRT LPIPS| FID| |LMD| IDSt

2488 0.281 59.87| 3.083 0.568

w/o ID encoder

w/ ID encoder | 24.37  0.227 51.01| 2.908 0.647

(c) Ablation study on the proposed identity encoder.

Table 2: Ablation studies.

Training strategy Tab. 2b presents the comparison of
our proposed two-stage training strategy with the one-stage
training strategy, i.e., jointly training ControlNet and ID en-
coder. While the one-stage training strategy can restore high-
quality images, it significantly reduces the control over low-
quality inputs and compromises identity protection. In Fig.
4a, we observe that the one-stage training produces some
unnatural characteristics, such as excessive wrinkles and
clearly unrealistic expressions, indicating that the generative
capacity is overly strong. In contrast, the two-stage training
effectively balances the dependency between low-quality in-
put and reference images.
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Input

One-stage
(a) Qualitative comparison of different training strategies.

Two-stage

W/O ID encoder
(b) Qualitative comparison of different identity encoder.

Input W/ ID encoder

Figure 4: Qualitative comparison of ablation studies.

Identity encoder We compare the proposed identity en-
coder with not using an identity encoder, as shown in Tab.
2c. Using an identity encoder can significantly improve
identity consistency compared to the model without an iden-
tity encoder. Additionally, as shown in Fig. 4b, using the pro-
posed identity encoder produces clearer and higher-quality
images. In contrast, the absence of an identity encoder re-
sults in blurry restored images.

Conclusion

We propose a method to address the issue of identity shift in
blind facial image restoration. Based on the diffusion model,
we use identity-related features extracted by the identity en-
coder to guide the diffusion model in recovering face im-
ages with consistent identities. Our method supports any
number of reference images by combining identity-related
features. In addition, the robustness of the identity encoder
allows us to use synthetic images as reference images for
training. Moreover, our method does not require fine-tuning
the model when changing identities. The experimental re-
sults demonstrate the superiority and effectiveness of our
method.
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