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Abstract

We present ENTED, a new framework for blind face
restoration that aims to restore high-quality and realistic
portrait images. Our method involves repairing a single de-
graded input image using a high-quality reference image.
We utilize a texture extraction and distribution framework
to transfer high-quality texture features between the de-
graded input and reference image. However, the StyleGAN-
like architecture in our framework requires high-quality la-
tent codes to generate realistic images. The latent code ex-
tracted from the degraded input image often contains cor-
rupted features, making it difficult to align the semantic in-
formation from the input with the high-quality textures from
the reference. To overcome this challenge, we employ two
special techniques. The first technique, inspired by vec-
tor quantization, replaces corrupted semantic features with
high-quality code words. The second technique generates
style codes that carry photorealistic texture information
from a more informative latent space developed using the
high-quality features in the reference image’s manifold. Ex-
tensive experiments conducted on synthetic and real-world
datasets demonstrate that our method produces results with
more realistic contextual details and outperforms state-of-
the-art methods. A thorough ablation study confirms the
effectiveness of each proposed module.

1. Introduction

Blind face restoration (BFR) is a technique in com-
putational photography that focuses on transforming low-
quality facial images into high-quality ones, even when the
type of degradation is unknown. This process is crucial for
those who wish to improve the quality of their facial im-
ages. However, the task of accurately reconstructing facial

details from a low-quality image can be quite challenging
due to the loss of specific identity information. To tackle
this issue, we consider the use of a high-quality reference
image of the same individual. This approach leads us to ex-
plore the concept of reference-based blind face restoration,
where our goal is to utilize the information from a high-
quality reference image to enhance the restoration process.

The technique of reference-based super-resolution
(RefSR) has been gaining interest recently. It enhances
the quality of a low-resolution input by incorporating high-
quality semantic details from a reference image. However,
if the features of the reference image are not managed cor-
rectly, it can result in under-utilization or incorrect use of
the reference. To overcome these challenges, we employ
a texture extraction and distribution framework that can be
trained with attention reconstruction loss to improve the ac-
curacy and the use of HQ features throughout the texture
transfer process. The texture extraction and distribution
framework was successfully applied to the controllable hu-
man image synthesis task [26], and we extend this concept
to our reference-based blind face restoration framework.

The latent representation of low-quality (LQ) input of-
ten contains incorrect information during the texture dis-
tribution process. Simply applying the texture extraction
and distribution framework is not enough to produce high-
fidelity images. To overcome this challenge, we utilize a
vector-quantization (VQ) technique. This technique entails
replacing degraded latent features with high-quality latent
codes obtained from a high-quality (HQ) dictionary. By di-
rectly substituting these codes, we are able to close the dis-
parity between low and high-quality latent codes, thereby
offering suitable semantic guidance for texture distribution.

As shown in table 3, we notice that modulated convolu-
tions aid in enhancing the realism of facial details during the
restoration process. However, they necessitate high-quality
style code representation for superior image restoration.
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Input Ground truth Without residual With residual Input Ground truth Without residual With residual

Figure 1. When each face restoration is performed using the same reference image and experimental setup, the output without a residual
connection tends to degrade the facial identity. However, when a residual connection is used, the result exhibits superior facial details that
align more closely with the original image.

Generating meaningful style codes from a high-dimensional
latent space is challenging [30], particularly with an imper-
fect and noisy latent representation of the degraded input
image. To tackle this, we refine the latent space using the
cross-attention technique [4] and information from the ref-
erence prior. This cross-comparison and refinement of the
low-quality latent features with the HQ latent codes from
the reference prior yield an enriched latent space. This as-
sists in creating HQ style codes with more significant tex-
ture detail. Different from previous works [24,27] for blind
face restoration, which typically infers the style code from
a single information source, we utilize a reference-based
method, using the HQ features from the reference image
to refine the latent space. This results in a higher quality
style code generation with fewer flawed semantic features
and biases.

We also recognize that a degraded input image loses not
just texture information but essential structural content in-
formation, crucial for maintaining fidelity. As demonstrated
in figure 1, insufficient fidelity information or incomplete
inference for fidelity features leads to a significant loss of
facial identity. To counteract this, we add residual connec-
tions to enhance the flow of fidelity information between the
decoder and content encoder, thereby preserving identity.

Our contribution can be summarized as follows:

• We apply a latent space refinement technique that can
utilize the information from the high-quality reference
prior for generating style code that carries high-quality
semantic details.

• To facilitate the texture distribution process, we mod-
ify the texture extraction and distribution framework
by adopting the vector-quantization technique.

• Extensive experiments show that our model advances
the state-of-the-art method in blind face restoration. It

can handle badly corrupted face images from both real-
world and synthetic data.

2. Related Work

2.1. Blind Face Restoration

The goal of Blind Face Restoration (BFR) is to restore
high-quality faces that have suffered from complicated and
unknown degeneration. In recent years, it has gotten a
lot of attention. Since Human perceptions are more sen-
sitive to facial images than other image domains, hence ne-
cessitating more solid and thorough image generation ma-
nipulation. Most high-resolution face restoration methods
[9, 27, 34] use maximum likelihood estimation to rebuild
realistic facial features and adversarial learning to produce
a natural image distribution. Prior face restoration meth-
ods often make use of face-specific priors, such as gener-
ative priors [8, 24, 27, 32, 33]. These techniques typically
use a pre-trained face generative adversarial network such
as StyleGAN [13, 14] and embed the latent representation
of the degraded image into the GAN latent space, which
encapsulates rich and diverse high-quality features like fa-
cial texture and facial geometry, etc. Some of them are
done by projecting the degraded face straight into the la-
tent space [32, 33] or exploring a latent vector with a costly
target-specific optimization [24]. Directly embedding the
latent representation of a degraded input image into the la-
tent space of a pre-trained GAN model, however, tends to
generate overly smooth face images and inaccurate facial
details because the latent representation of a degraded in-
put image carries noise and leads to the formation of im-
perfect latent codes with erroneous information. Another
approach explores geometric priors, for which facial land-
marks [3, 15], face parsing maps [1, 28], and facial compo-
nent heat-maps [39] are commonly employed in blind face
restoration algorithms. Because the bulk of the geometric
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Figure 2. Visual comparison with the state-of-the-art blind face restoration methods. The first row demonstrates the visual comparisons of
real-world data and the second row shows the visual comparisons of synthesized data.

information is approximated from distorted faces, and the
geometric information becomes imprecise for substantially
degraded input images, the restoration performance is eas-
ily influenced by the input’s quality. It does not function
well for generating realistic facial details in extreme cases.

2.2. Reference-based Restoration

As corrupted images often lack high-quality details, the
reference-based image restoration approach seeks to extract
high-quality features from the reference image to be trans-
ferred to the low-quality image. Unlike Single Image Super-
Resolution (SISR), which does not include extra informa-
tion, the Reference-based Image Super-Resolution (RefSR)
task restores damaged input images by transferring high-
quality features from reference images. In SRNTT [41], the
correspondence matching was done based on the extracted
features from the pre-trained VGG network. Xie et al. [36]
and Yang et al. [35] employed learnable feature extractors
that undergo end-to-end training with the primary restora-
tion network. However, their correspondences were calcu-
lated only using contents and appearances. Recent works
like Dogan et al. [6] employ a warper sub-network to align
the content of the input and reference images in order to
perform feature fusion. Li et al. [21] proposed an in-
tegrated framework for face restoration, which includes a
warping subnetwork to predict flow fields for transferring
features and an extra reconstruction subnetwork to utilize
the warped features and then recover the clear images. Sub-
sequently, Li et al. [20] increase the restoration quality by
using more reference face images and an adaptive mech-
anism to fuse the high-quality guidance features and low-
quality features. Recently Li et al. [22] turn the high-quality
features into two dictionaries encoding generic high-quality
prior information and person-specific features, respectively.
Texture mapping methods [23, 36] maps the high-quality
texture from the reference image to the corrupted input im-

age. In order to align the features of the input and reference
images, Yang et al. [36] and Zhang et al. [41] adopt the
Patch-Matching technique. However, there are transforma-
tion gaps and resolution gaps between the input and refer-
ence images. [11] performs correspondence matching in a
different way. It employs a contrastive correspondence net-
work and knowledge distillation to bridge the gap.

3. Method

3.1. Neural Texture Extraction and Distribution

One of the most difficult aspects of texture transfer is
precisely reassembling the texture extracted from the ref-
erence images and properly mapping them to the degraded
input images. To address this issue, neural texture extrac-
tion and distribution [26] based on the attention mechanism
is introduced. The benefit of using [26] for texture transfer
is that it helps to learn specific extraction and distribution
kernels to map appropriate semantic texture components be-
tween the input and reference images. During the extraction
process, high-quality semantic textures extracted from the
reference image act as keys and values, while the features
obtained from the low-quality input image work as queries,
providing clues that guide appropriate high-quality seman-
tic textures to enhance the corrupted textures in the input
image.

Texture Extraction Process. Firstly, a texture encoder
Eref is employed to extract a hierarchy level of feature
maps from the reference image Iref , denoted as F i

ref ,
where i represents the layer index. Then we utilize a set
of texture extraction kernels W i

e to project the feature maps
into latent texture codes, Ci

e = W i
eF

i
ref , where W i

e ∈ Rk×c

and F i
ref ∈ Rc×hw. Here we compress the height and width

dimensions into one spatial dimension to better apply ma-
trix multiplication. Softmax is applied on Ci

e along the spa-
tial dimension to obtain semantic texture extraction matrix
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Figure 3. A summary of our pipeline. Using reference features, we construct a high-quality image by transferring high-quality reference
details (Neural Texture Extraction and Distribution Process) and repairing (Application of VQ Dictionary and Latent Space Refinement)
distorted semantic information in degraded input images.

C̃i
e. The neural texture F i

tex ∈ Rk×c is obtained as:

C̃i
e(p, q) =

exp(Ci
e(p, q))∑hw

q=1 exp(C
i
e(p, q))

,

F i
tex = (C̃i

e)(f1×1(F
i
ref ))

⊺,

(1)

where f1×1(·) indicates a 1× 1 convolution, p and q are the
indices along the channel and spatial dimensions, respec-
tively.

Texture Distribution Process. To distribute the ex-
tracted semantic texture to the low-quality input image
ILQ ∈ R3×H×W , a content encoder Ec is first applied to
ILQ to get the high-level semantic feature map of the input
image. The final output of Ec is then directly passed into a
decoder G. Let F i

d denote the output feature map from the
ith layer of the decoder G. The distribution process starts
in the same manner as the extraction operation. The latent
codes Ci

d = W i
dF

i
d is obtained by applying texture distri-

bution kernels W i
d ∈ Rk×c on F i

d ∈ Rc×hw. The resulting
feature mapF i

o ∈ Rc×hw is obtained by first adopting soft-
max function on Ci

d along the channel dimension and then
multiplying the transpose of extracted neural texture Ftex

with the semantic texture distribution matrix C̃i
d. The over-

all distribution process is formulated as follows:

C̃i
d(p, q) =

exp(Ci
d(p, q))∑k

p=1 exp(C
i
d(p, q))

,

F i
o = (F i

tex)
⊺(C̃i

d).

(2)

3.2. Vector-Quantized Dictionary

Some prior works [9, 19, 34] have introduced a vector
quantized dictionary to replace faulty features in the latent
space for blind face restoration. They consider the dictio-
nary a high-quality low-level feature bank that stores mean-
ingful facial representations. Different from prior work
[2,9,34,42,43] that consider the dictionary as a feature bank
for facial representation, we treat the HQ dictionary as a
reservoir of semantic queries that can provide comprehen-
sive guidance during the texture distribution process. We
define the HQ dictionary with K discrete tokens as Z =
{zk}Kk=1 . The feature map of the last layer obtained from
the content encoder ZLQ = Ec(ILQ) ∈ Rc×h×w could be
considered as a set of vectors of length cc expanded along
the spatial dimension, denoted by {zi,jLQ}

h,w
i=1,j=1. Subse-

quently, each vector can be enhanced by replacing it with
the nearest entry ẑk ∈ Rc in the HQ dictionary Z , which has
the minimum l2 distance with the feature vector ẑi,jLQ ∈ Rc

located at spatial position (i, j), The overall quantization
process q(·) is defined as

zi,jq = q(zi,jLQ, ẑk) = argmin
zk∈Z

∥zi,jLQ − zk∥22, (3)

where zijq ∈ Rc is the quantized feature vector, and all the
quantized vectors could be rearranged back as a refined fea-
ture map ẐLQ.

Since the quantization process is non-differentiable, we
follow a similar optimization strategy as VQ-GAN [7]. A
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straight-through gradient estimator is employed to simply
copies the gradients from the decoder to the content encoder
and optimize via the quantization loss Lq:

Lq =

h∑
i=1

w∑
j=1

∥sg[zi,jLQ]−zi,jq ∥22+β∥sg[zi,jq ]−zi,jLQ∥
2
2, (4)

where β is the commitment weight and sg[·] denotes the
stop gradient operator. Throughout all the experiments, the
commitment weight is set to 0.25.

Given a degraded input image ILQ ∈ R3×H×W , the de-
graded latent representation ẑLQ = Ec(ILQ) ∈ Rc×h×w ,
where h = H/s, w = W/s, and s is the down-sampling
factor. Following previous works [7, 9], we choose s = 32
for 512 × 512 input. Moreover, in order to maximize the
usage of the HQ dictionary, we adopt [18] and periodically
re-initialize the dictionary with the k-means algorithm as
what it did in [9]. The number of clusters k is chosen to be
1024.

3.3. Latent Space Refinement

Our method applies style code and modulated convolu-
tion proposed in the StyleGAN [13] architecture for restora-
tion. However, generating the style code ω ∈ W ⊆ Rc

using only high-quality features from the reference image
leads to the loss of fidelity information, which is essen-
tial for retaining facial identity. Nonetheless, generating
the style code using only latent features from degraded in-
put introduces erroneous information, which is harmful to
the perceptual quality of the final restored image. To mini-
mize the fidelity change while maintaining high perceptual
quality, we generate the style code ω from the refined latent
space of ẑLQ and ẑref , which is achieved by exchanging
information between them through a cross attention tech-
nique. We follow a similar formulation as [4] with a bit of
modification on the normalization method, which results in
more stable training. We define the scalar dot product at-
tention [31] as ϕ with given query Q, key K and value V :

ϕλ(Q,K, V ) = Softmax(
QK⊺

√
d

)V, (5)

where λ indicates applying the Softmax function along λ
axis and d is a normalization constant. Given an input image
ILQ ∈ R3×H×W and a reference image Iref ∈ R3×H×W ,
we pass them into the content encoder Ec and the tex-
ture encoder Eref separately to get the semantic latent rep-
resentation ẐLQ = Ec(ILQ) ∈ Rc×h×w and Ẑref =
Eref (Iref ) ∈ Rc×h×w. Then, we apply feature normal-
ization [26] FN on ẑLQ and ẑref for stable training. The
feature normalization is formulated as follows:

FNΛ(z) =
x− EΛ(x)√∑Λ

i=1 x
2
i + ϵ

, (6)

where Λ indicates the operation along the Λ axis (e.g., the
channel axis), ϵ is a constant to avoid numeric issues, and
EΛ(x) represents the expectation value of x along the Λ
axis. After that, the quantized feature maps are processed
by 1x1 convolution and reshaped along the spatial dimen-
sion to get the feature matrices Z̃LQ, Z̃ref ∈ Rc×hw for
attention calculation:

V̂LQ = ϕhw(Z̃LQ, Z̃ref , Z̃ref ),

V̂ref = ϕhw(Z̃ref , Z̃LQ, Z̃LQ),
(7)

where V̂LQ, V̂ref are the refined feature maps encoding ex-
changed information.

V̂LQ, V̂ref are then reshaped to normal size with c ×
h × w and re-scaled by learn-able scale factors γLQ ∈ Rc

and γref ∈ Rc respectively. To make the best use of high-
quality information in the reference image, we concatenate
both the input and reference’s refined latent representations
along the feature channel c to achieve a more informative
and complete inference for the style code generation. The
style code ω ∈ Rc is then obtained by embedding refined
latent representations as

ω = Ψ(concat[γLQV̂LQ + ẐLQ, γref V̂ref + Ẑref ]). (8)

where Ψ(·) is a linear layer.

3.4. Loss Functions

To train our model, we employ non-saturating adversar-
ial loss [14] for restoring photo-realistic images, percep-
tual loss [12] to evaluate the style difference, quantization
loss [7] as discussed in Section 3.2 and attention reconstruc-
tion loss [26] to supervise the texture extraction and distri-
bution process.

Adversarial loss Ladv . [14] To motivate the generator to
prioritize entries in the natural image manifold and generate
realistic textures, we train the generator with non-saturating
adversarial loss. Denote the discriminator as D and the gen-
erator as G. We use χ to denote the set of degraded images.
Given a low-quality input image ILQ and a reference image
Iref , the adversarial loss is calculated as

Ladv = EILQ∼χlog

(
1+exp

(
−D

(
G(ILQ, Iref )

)))
. (9)

Perceptual loss Lpercep. [12] Given a degraded image
ILQ and a reference image Iref , the restoration model G
generates a restored image ISR = G(ILQ, Iref ) . The
restored image ISR is then compared with corresponding
ground truth image Igt and evaluated by the l1 difference
between the pretrained VGG-19 [29] activations:

Lpercep =
∑
j

∥φj(ISR)− φj(Igt)∥1, (10)
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Figure 4. The first row demonstrates a 8x blind face restoration. Our results display fewer distortions and align more closely with the
original images, particularly in terms of the color of the pupils. The second row shows a 4x blind face restoration. Our approach reveals a
skin texture that is more detailed and refined compared to what is achieved by current state-of-the-art methods.

where φj indicates the jth activation map of VGG-19.
Attention reconstruction loss Latt. We use attention

reconstruction loss [26] to penalize inaccurate texture ex-
tracted from the reference image to facilitate the perfor-
mance of the texture extraction and distribution process. As
mentioned in Section 3.1, at each layer l of the encoders, we
can obtain an extraction matrix C̃l

e ∈ Rk×HW/s2 and a dis-
tribution matrix C̃l

d ∈ Rk×HW/s2 , where H and W are the
initial height and width of the input image and s is the size
downsample ratio at the l-th layer. Therefore the attention
reconstruction loss is calculated as:

Latt =
∑
l

∥I l↓gt − I l↓ref (C̃
l
e)

⊺C̃l
d∥1, (11)

where I l↓s

gt , I l↓s

ref ∈ R3×HW/s2 represent the bilinearly
downsampled and dimension-compressed ground truth im-
age and reference image corresponding to the lth layer, re-
spectively.

Total loss Ltotal. The overall loss is the sum of the losses
mentioned above:

Ltotal = λadvLadv + λpercepLpercep + λqLq + λattLatt,
(12)

where λadv , λpercep, λq and λatt are weighting factors cor-
responding to adversarial loss, perceptual loss, quantization
loss, and attention reconstruction loss respectively.

4. Experiments
4.1. Experimental Setup

We train our model from scratch on the FFHQ dataset
[13], which contains 70,000 high-resolution images. As for
the reference base blind face restoration, it is hard to find
a corresponding reference image for each photo in a huge

dataset. Therefore, we adopt [30] to generate reference
images during training by altering pose and age. All im-
ages are resized to 512 × 512 during training. Additionally,
we employ the degradation model used in [33] to gener-
ate low-quality input images. The degradation model simu-
lates low-quality images found in the actual world as a re-
sult of noises, defocus, jpeg compression, long-range sens-
ing, and their combinations. As we propose a reference-
based method for blind face restoration, which requires
high-quality reference images, we use the CelebA-HQ test
set and select the relevant image from real data distribution
as the reference image for each individual test image in the
dataset. There is no overlap between test data, including the
reference images, and our training data. Table 1 quantita-
tively demonstrates the 4x blind face restoration results con-
ducted on this modified CelebA-HQ test set which consists
of 2398 image pairs with corresponding reference images
for quantitative and visual evaluation. As demonstrated in
Table 2, we also evaluate our model performance quantita-
tively on real-world data. For LFW-Test, we carefully select
1,680 images with corresponding relevance from their own
data distribution. For CelebChild-Test, which consists of
180 child images, we take the adult image as the reference
image for each corresponding child image. For WebPhoto-
Test, there are a total of 407 images in this dataset. As it is a
dataset constructed by crawling images from the internet, it
is difficult to find a corresponding reference image for each
individual test data from the dataset. Therefore, we employ
Tov et al. [30] to generate reference images for each test
image, the same as what we have done for the FFHQ train-
ing set.

Implementation Setting. The model generates images
of 512 × 512 resolution with a given degraded input of size
512 × 512. The training batch size is set to 4. We augment

5167



Table 1. Quantitative comparison with state-of-the-art blind face restoration methods on the modified CelebA-HQ test set. Red indicates
the best performance while Blue indicates the second best performance

Method LPIPS ↓ NIQE ↓ FID ↓ Deg. ↓ PSNR ↑ SSIM ↑
HiFaceGAN [37] 0.3789 4.96 40.99 35.13 25.57 0.6503

PSFRGAN [1] 0.2779 4.15 24.04 36.12 25.11 0.6272
DFDNet [19] 0.2910 5.41 19.47 30.48 24.69 0.6375
GPEN [38] 0.2439 4.08 13.79 28.65 25.11 0.6313
VQFR [9] 0.2274 3.68 12.02 32.91 24.25 0.6371

GFP-GAN [33] 0.2224 4.23 13.63 32.84 25.34 0.6694
ENTED (Ours) 0.2156 3.60 12.80 27.77 25.87 0.6664

the data by applying the degradation model. We employ
the pretrained vector-quantized (VQ) dictionary from Gu et
al. [9]. The VQ dictionary contains 1024 entries with a code
length of 256 for each latent code. The VQ dictionary is re-
estimated via k-means clustering for every 2000 iterations.
We also adopt 10,000 warm-up iterations before starting to
adopt the VQ dictionary. Our model was trained using the
Adam optimizer [16] for 400,000 iterations, using a learn-
ing rate of 2× 10−3 for the generator and 1.882× 10−3 for
the discriminator. The weighting factor λadv , λpercep, λq ,
λatt are set to 1.5, 1.0, 1.0 and 15.0 respectively.

Evaluation Metrics. We qualitatively evaluate our mod-
els based on the Peak Signal-to-Noise Ratio (PSNR), the
Structural Similarity Index Measure (SSIM), the Learned
Perceptual Image Patch Similarity (LPIPS) [40], the Fréchet
Inception Distance (FID) [10], the Natural Image Quality
Evaluator (NIQE) [25] and the identity metric indicated as
Deg., which calculates the face embedding angle between
the restored face and the ground truth face using the em-
bedding angle of ArcFace [5]. For the LPIPS evaluation
model, we adopt pretrained AlexNet [17] to evaluate the
LPIPS value for all our experiments.

4.2. Comparison with Blind Face Restoration Base-
lines

Our model is compared to several state-of-the-art blind
face restoration baselines. We compare our model with
GFP-GAN [33], VQFR [9], GPEN [38], DFDNet [19]. PS-
FRGAN [1] and HiFaceGAN [37]. We adopt the official
code and pre-trained weight for all the qualitative and quan-
titative comparisons.

4.2.1 Comparison on Modified CelebA-HQ Test

The experimental results are the outcomes of 4x blind face
restoration. As seen in Table 1, ENTED has the best LPIPS
and NIQE. The improvement in LPIPS demonstrates that
our method generates images that are perceptually nearer to
ground truth than other cutting-edge methods. Furthermore,

our model achieves the best NIQE, suggesting that our ap-
proach can generate face images with better high-quality
details than other state-of-the-art approaches. The restored
image is closer to the natural image distribution. Besides,
our method preserves richer identity information from the
given input, as indicated by the smallest face feature em-
bedding angle degree. The best PSNR value in Table 1 also
suggests that our results have a closer pixel-wise value with
the ground truth.

4.2.2 Comparison on Real-world Datasets

We conduct experiments on Modified LFW-Test,
CelebChild-Test and WebPhoto-Test separately.To
compare our method to state-of-the-art methods in the
extreme scenario for real-world data, we impose a bit
of deterioration on the input data using the degradation
model [33]. According to the quantitative findings in Table
2, ENTED has relatively better FID results over three
real-world datasets, indicating that our method can recover
images near the true face distribution. On the other hand,
ENTED outperforms the majority of other state-of-the-art
methods across three real-world datasets in terms of NIQE.

4.3. Ablation Study

4.3.1 Effect of Residual Connections

The residual connection plays a crucial role in transmit-
ting fidelity information from the content encoder to the
decoder, ensuring the preservation of important identity de-
tails in the final restored image. By comparing Model 1 and
Model 4 in Table 3, we observe that Model 1 performs bet-
ter in terms of LPIPS and FID. This indicates that the output
from the model without the residual connection is perceptu-
ally distant from the ground truth and true face distribution.
The absence of the residual connection leads to a significant
decrease in fidelity. However, by incorporating the residual
connection into the decoder, the content encoder is able to
provide complete fidelity information, resulting in facial de-
tails that are consistent with the ground truth distribution.
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Table 2. Quantitative Comparison with state-of-the-art blind face restoration methods on modified real-world LFW, CelebChild, WebPhoto
dataset. Red indicates the best performance while Blue indicates the second best performance

Dataset LFW-Test CelebChlid WebPhoto
Method FID ↓ NIQE ↓ FID ↓ NIQE ↓ FID ↓ NIQE ↓

HiFaceGAN [37] 95.32 4.94 130.62 4.99 123.59 5.48
PSFRGAN [1] 70.57 4.89 114.95 4.80 90.19 4.34
DFDNet [19] 75.11 5.81 111.09 5.81 105.30 5.70
GPEN [38] 70.74 4.62 110.70 4.33 95.60 4.78
VQFR [9] 70.21 3.98 106.18 3.74 78.68 3.77

GFP-GAN [33] 69.04 4.77 113.30 4.55 86.79 4.40
ENTED (Ours) 77.76 3.78 104.37 3.79 76.24 3.91

Table 3. Ablation study results on Modified CelebA-HQ test set.
Skip: applying skip connection; Style: applying modulated convo-
lution; VQ: applying vector-quantized dictionary; Refine: applying
latent space refinement. Red indicates the best performance while
Blue indicates the second best performance

Models
Configuration CelebA-Test

Skip Style VQ Refine LPIPS ↓ FID ↓ NIQE ↓
Model 1 ✓ ✓ 0.2762 16.59 3.64
Model 2 ✓ ✓ 0.2185 12.20 3.73
Model 3 ✓ ✓ 0.2121 12.89 3.81
Model 4 ✓ ✓ ✓ 0.2178 13.08 3.63
ENTED ✓ ✓ ✓ ✓ 0.2156 12.80 3.60

4.3.2 Effect of Applying Modulated Convolution

When comparing Model 2 and Model 4, we observe that
Model 4 achieves lower LPIPS and NIQE values. This sug-
gests that Model 4 is perceptually closer to the ground truth
distribution and exhibits more high-quality details. The uti-
lization of modulated convolution promotes the generation
of high-frequency details, resulting in more photo-realistic
images. However, in Model 4, there is no refinement of the
latent space for degraded features, and the style code is di-
rectly generated from the degraded input’s latent space. As
a result, any defective features present in the input affect
all modulated features, leading to inaccurate inference for
fidelity details. This discrepancy contributes to a slightly
higher FID in Model 4, indicating that the output of Model
4 deviates from the true face features.

4.3.3 Effect of VQ Dictionary

Since we are utilizing the high-quality details from the ref-
erence image, the effectiveness of the texture transfer pro-
cess is vital for generating high-quality facial details in the
restored image. The VQ dictionary provides high-quality
semantic queries to help in texture distribution, resulting in
effective texture transfer. When Model 3 and Model 4 are

compared in Table 3, it is shown that the performance in
NIQE improves when the VQ dictionary is included, indi-
cating that the existence of VQ dictionary helps to produce
more high-quality details.

4.3.4 Effect of Latent Space Refinement

The quality of the final restored image is closely related to
the quality of the generated style code. As shown in Ta-
ble 3, Model 4 does not employ the latent space refinement
procedure and instead generates the style code straight from
the latent space of degraded input. Erroneous information
in the degraded input’s latent space impacts the quality of
the style code unless the input’s latent space is rectified us-
ing high-quality features from the reference prior. Refining
the Latent space using reference prior aids in the generation
of high-quality style code, resulting in photorealistic im-
ages with more high-quality details (e.g., best NIQE value,
which favors high-quality details) and hence improved per-
formance.

5. Conclusion

In this study, we have introduced a reference-based ap-
proach for blind face restoration. To address the blind face
restoration problem, we have expanded and adapted the tex-
ture extraction and distribution framework proposed in con-
trollable human image synthesis task. We have explored the
network architecture and made modifications by incorporat-
ing a skip connection and utilizing modulated convolution.
Additionally, we have integrated the VQ dictionary to fa-
cilitate the texture distribution process. To enhance the im-
age restoration capabilities of the model, we have incorpo-
rated two types of attention mechanisms. A double attention
mechanism has been employed for the texture transfer pro-
cess, while the cross-attention technique has been utilized to
refine the latent space and generate high-quality style codes.
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