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Abstract

As a very common type of video, face videos often appear
in movies, talk shows, live broadcasts, and other scenes.
Real-world online videos are often plagued by degradations
such as blurring and quantization noise, due to the high
compression ratio caused by high communication costs and
limited transmission bandwidth. These degradations have a
particularly serious impact on face videos because the hu-
man visual system is highly sensitive to facial details. De-
spite the significant advancement in video face enhance-
ment, current methods still suffer from i) long process-
ing time and 1ii) inconsistent spatial-temporal visual ef-
fects (e.g., flickering). This study proposes a novel and effi-
cient blind video face enhancement method to overcome the
above two challenges, restoring high-quality videos from
their compressed low-quality versions with an effective de-
flickering mechanism. In particular, the proposed method
develops upon a 3D-VQGAN backbone associated with
spatial-temporal codebooks recording high-quality portrait
features and residual-based temporal information. We de-
velop a two-stage learning framework for the model. In
Stage I, we learn the model with a regularizer mitigat-
ing the codebook collapse problem. In Stage II, we learn
two transformers to look up code from the codebooks and
further update the encoder of low-quality videos. Exper-
iments conducted on the VFHQ-Test dataset demonstrate
that our method surpasses the current state-of-the-art blind
face video restoration and de-flickering methods on both ef-
ficiency and effectiveness. Code is available at https :
//github.com/Dixin—Lab/BFVR-STC.

1. Introduction

Real-world videos usually suffer from varying degrada-
tions due to shooting methods, transmission compression,
etc., which leads to blurring, noise, brightness flickering,
color jitter, and other perturbations. With the develop-
ment of video generation technologies such as Sora [32],

*Corresponding author: dixin.lJuo@bit.edu.cn.

2Zhejiang University

2183

3Renmin University of China

Al-generated videos have few problems with content qual-
ity. Still, the inherent randomness of the generative model
often leads to inconsistency between frames thus causing
Al-based (pixel) flickering, resulting in its limited practi-
cal applications. In recent years, deep learning techniques
have greatly contributed to the development of the com-
puter vision field, giving rise to a series of works dedicated
to achieving video enhancement, including video restora-
tion [28, 44], video super-resolution [19, 38], video de-
flickering [13, 26], video colorization [51, 55], and so on.

The face usually serves as a common focal point or re-
gion of interest in media such as images and videos, and a
huge amount of research has been devoted to realizing face
restoration. Blind face restoration (BFR) aims to recon-
struct high-quality faces from low-quality faces suffering
from multiple degradations [27]. Numerous studies have
addressed blind face image restoration (BFIR) by leverag-
ing face geometry priors [6, 7, 15], generative priors [3, 20,
21, 50], and codebook priors [14, 47, 58]. However, ap-
plying BFIR methods directly to degraded videos frame-
by-frame will lead to inconsistencies in background and
portrait features between frames due to the lack of tempo-
ral constraints. Consequently, blind face video restoration
(BFVR) approaches typically adopt carefully crafted strate-
gies to enhance the inter-frame correlation [12, 41, 49].
Despite these advancements, these works suffer from in-
efficiency, e.g., long inference times, and an inadequate
temporal perceptive field. KEEP [12] needs an additional
restoration method RealESRGAN [46] and face detection
model to process background and faces separately, while
StableBFVR [41] requires BasicVSR++ [4] for preliminary
restoration. Additionally, PGTFormer [49] only considers
two neighboring frames in its perceptive field, making it
difficult to achieve global consistency across the video.

To improve the above BFVR paradigms, in this study,
we propose a novel 3D-VQGAN framework to enable ef-
ficient video-level compression and quantization. To con-
quer the instability and artifacts caused by video-level com-
pression, we leverage a pre-trained feature network, such
as DINOvV2, as a more powerful discriminator, followed by
multiple multi-scale discriminator heads. In terms of quan-
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tization, the intrinsic properties of videos motivated us to
design spatial-temporal codebooks, where the spatial code-
book is used to record high-quality portrait features and the
temporal codebook to record residual-based temporal infor-
mation. We also propose a marginal prior regularization to
alleviate the codebook collapse problem caused by nearest
neighbor retrieval as well as multiple codebooks.

The overall video face enhancement framework com-
prises two stages. The Stage I trains the spatial-temporal
codebooks and high-quality (HQ) auto-encoders by recon-
struction. The Stage II predicts the code sequences of
spatial-temporal compressed tokens in two codebooks by
two code lookup transformers respectively. The training of
Stage II fixes the codebooks and decoder learned in Stage I
and trains the code lookup modules and low-quality (LQ)
encoder by HQ-LQ video pairs. The proposed enhance-
ment framework can be used to remove degradations such
as low resolution, noise, and blurring in BFR tasks, and can
also be used to remove brightness flickering in real-world
videos and flickering due to intra-frame inconsistencies in
Al-generated videos.

In summary, the contribution of our work includes:
We propose a novel video face enhancement framework
that efficiently solves the BFVR and de-flickering tasks.
We propose a 3D-VQGAN backbone and a powerful dis-
criminator that can support effective video compression.
We propose spatial-temporal codebooks for video quan-
tization and marginal prior regularization to mitigate the
codebook collapse problem.
We conduct comprehensive experiments on VFHQ-Test
on BFVR and de-flickering tasks and compare ours to
state-of-the-art methods. Experimental results demon-
strate the effectiveness of our method.

2. Related Works
2.1. Blind Face Restoration

Early blind face image restoration (BFIR) methods typically
rely on geometry priors-based methods [6, 7, 15]. How-
ever, for highly degraded images, the geometry informa-
tion such as face landmarks and face heatmaps often de-
viates drastically from those of the real images, limiting
their effectiveness. Subsequently, researchers attempt to in-
troduce the power of generative models as the generative
prior for better visual effects and model robustness. The
works in [3, 21, 50] adopt the pre-trained StyleGAN [20] as
the generator, while the works in [29] leverage pre-trained
Stable Diffusion as prior information to achieve realistic
restoration. The works in [14, 47, 58] propose to train a
VQGAN with a codebook to learn discrete high-quality por-
trait features, which can be seen as a special case of gener-
ative prior. On the basis of BFIR methods, blind face video
restoration (BFVR) methods focus more on the temporal
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consistency between frames. For example, PGTFormer [49]
proposes to derive face parsing context cues from input
video to reduce artifacts and jitters. StableBFVR [41] in-
serts temporal layers in the diffusion process to incorporate
temporal information into the generative prior. KEEP [12]
employs Kalman filtering principles to guide the restoration
of the current frame using previously restored frames.

2.2. Video De-flickering

Video flickering is common in real-world and Al-generated
videos, resulting in poor visual viewing. The reasoning
for flickering in two types of video is different. In real-
world videos, flickering usually comes from the shooting
equipment and environment. For example, the unstable
brightness flickering in old films is usually due to outdated
cameras that can’t set a fixed exposure time [8]. Prior
works require additional guidance to remove the flicker,
such as flickering frequency [18] and counterpart unpro-
cessed video [2]. In contrast, pixels from inconsistent tex-
ture and details between frames are responsible for flick-
ering in Al-generated videos. FastBlend [9, 10] adopts
intra-frame fuzzy interpolation to solve flickering in Al-
generated videos, but the generated results suffer from de-
tail loss and blurring. The work in [26] utilizes the neural
atlas with a neural filtering strategy to learn consistent fea-
tures and provide temporal guidance. Our proposed video
face enhancement framework can effectively and efficiently
conquer both the brightness flickering in real-world face
videos and pixel flickering in Al-generated face videos.

2.3. Codebook Collapse

Vector quantization (VQ) maps continuous feature vectors
into a discrete space by projecting them to the closest items
in a codebook, which has been widely used in various vi-
sion and language tasks [34, 35, 57]. However, optimizing
the code items in vector quantization models, such as VQ-
VAE [43] and VQ-GAN [11], is not toilless. The nearest
neighbor retrieval method [53] and the stop-gradient opera-
tion caused by quantization [16] lead to the codebook col-
lapse problem, which means only a small subset of items re-
ceive gradients for optimization, while the majority remain
unused and unupdated. The strenuous effort has been made
to alleviate codebook collapse, such as Exponential Moving
Averages (EMA) [43], codebook reset [24, 52], probabilis-
tic sampling [1, 40], and anchor updating [56]. The work
in [53] proposed to regularize the tokens used for quanti-
zation with a pre-defined uniform distribution. However, it
relies on retrieved indexes to count the frequency of each
code item, which is still unfair to inactive code items. To
address this limitation, we propose marginal prior regular-
ization, which counts the frequency of code items by ac-
cumulating similarity scores, instead of one-hot encodings,
further improving the utilization of codebooks.
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Figure 1. Network architecture of Stage I. Stage I uses HQ face videos to train HQ 3D-VQGAN (E}, and Dy,) and spatial and temporal
codebooks (Cs and Cr). (a) illustrates the quantization operation STLookUp through two codebooks in our proposed framework. (b) and
(c) display the computation process of temporal attention and motion residual, respectively. (d) We leverage a pre-trained feature network
DINOV2 and trainable multi-scale discriminator heads to construct a more powerful discriminator for stable training.

3. Methodology
3.1. Overview

The primary objective of video face enhancement is to
reconstruct high-quality (HQ) face videos from heavily-
degraded low-quality (LQ) face videos, which may suffer
from downsampling, blurring, noise, flickering, and color
jitters. The limitations of existing video face enhancement
methods are the inefficiencies arising from long processing
chains and the limited temporal perceptive field that can-
not guarantee global consistency. We extend the VQGAN
paradigm to the video domain to more effectively capture
spatial-temporal information for a more direct and compre-
hensive video face enhancement. The proposed framework
comprises two stages, as illustrated in Fig 1 and Fig 2. In
Stage I, we utilize HQ videos to train temporal and spatial
codebooks under a 3D-VQGAN backbone, through which
the discrete HQ facial representations and temporal shifts
can be stored in the codebooks in a self-supervised manner.
In Stage II, using HQ-LQ video pairs, we incorporate two
transformers to predict temporal and spatial code indices of
patches from LQ inputs.

3.2. Codebook Learning (Stage I)

In Stage I, we pre-train a 3D-VQGAN model and spatio-
temporal codebooks with HQ face videos, where the spatial
codebook records HQ facial representations and the tempo-
ral one records motion dynamics. We design a more power-
ful discriminator to stabilize model training and reduce arti-
facts. Besides, we introduce a marginal prior regularization
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to mitigate the issue of codebook collapse.

3D-VQGAN. The input consists of a sequence of HQ
face video frames denoted as x;, € RT*HXWX3  These
frames are fed into the 3D encoder E}, which produces
spatial-temporal compressed latent representations zp €
R#xhxwxD yith meticulously designed spatial-temporal
codebooks Cg and Cr, we derive the quantized latent rep-
resentations z, € R"*%XD through nearest neighbor
(NN) codebook retrieval. Finally, the 3D decoder D, recon-

structs the quantized representations into the output &, €
RTXHxW 3

zn = Ep(xh;08,),
zq = STLookUp(zy;Cs,Cr),
i/L'\h = Dh(zq;eph).

&)

The encoder and decoder are implemented as purely con-
volutional structures to support faster processing efficiency
while accommodating inputs of various resolutions. The
autoencoder is constructed by multiple blocks, each con-
taining a residual block, a down/up-sampling block, and
a convolution-based self-attention block. Spatial-temporal
compression is achieved through downsampling layers,
where the degree of spatial compression is larger than
that of temporal compression so that both spatial-only and
spatial-temporal versions of the sampling layer will exist.
Guided by the design strategy in prior work [23], we didn’t
consider the temporal-only sampling layer.

Due to the instability and artifact-prone nature of train-
ing video-level VQGANS, we propose to leverage a par-



tially initialized and more powerful discriminator. Specifi-
cally, the discriminator consists of a frozen pre-trained fea-
ture network F, such as DINOv2 [33, 36, 37], paired with a
set of trainable lightweight MLP-based discriminator heads
Dy i.. For a reconstructed video 1, (6), the adversarial loss
of the model incorporates the outputs from multiple dis-
criminator heads, such as

Dy (zn(0)) = —Ea, (Z Dy i (F
k

Ladv (Th,0,9) = [log Dy(s) +log(l — Dy(21(0)))].

Spatial-temporal codebooks. Compared to image face en-
hancement, the difficulty of video face enhancement lies
in maintaining the consistency of facial features and back-
ground details between frames. The discretization nature
of a codebook dictates that applying it directly to video
tasks often results in poor temporal consistency, leading
to the common flickering problem. In addition, conven-
tional codebooks are limited to capturing spatial features
and fail to account for the motion information embedded
in the videos. To tackle the above challenges, we propose
learnable motion-aware spatial-temporal codebooks, where
the spatial codebook Cg = {c; € RP }kN 5, records portrait
features and the temporal codebook Cr = {¢; € RP}'T
stores motion residuals between frames.

Given the compressed latent representation z, €
RExhxwxD output by Fj,, we first calculate the spatial
and temporal latents, respectively. The spatial latents zj, g
are directly derived from zj, whereas the temporal latents
zp, T incorporate inter-frame temporal-attention (TA) infor-
mation and motion residuals, defined as follows:

3)

where the motion residuals are defined as the difference be-
tween latents of two frames separated by a time window,
as illustrated in Fig 1 (b) and (c). Subsequently, we can
calculate the code (indices) sequences and quantized latents
corresponding to spatial and temporal latents respectively
based on nearest neighbor retrieval:

(4.9)

zns = zn;  Zno = TA(zp) + Residual(zy,)

Ig’” —argmln”z —cill2 €{0,...,Ng — 1},
z((lig) = argm1n||z( i) ckll2 € RP;

’ creCs (4)
Iéf’j) = argmln ||zh wi) _ cll2€{0,...,Npr — 1},
zész) = arg min ||z( ) _ cil2 € RP.

c€Cr

The quantized latents can be obtained by considering two
types of latents. The Eqn. 4 and Eqn. 5 correspond to the
STLookUp operation in Eqn. 1.

®)

2q = 2q,5 D zq,T

:ch(ﬁ)))> ; @
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where the fusion operator @ is set as element-wise addition
by default.

Marginal prior regularization. Given the flattened spa-
tial latents z};’S € RPw)xD and spatial codebook Cg €

RVs*D  we can calculate the Euclidean distance matrix
Dyg € R(EPw)xNs petween them. From this, we de-
rive the similarity scores s = o0,(1/Dg) = [si;] €
R(7w)xNs - where ¢,(-) means applying normalization
operation to each row of the matrix. The posterior dis-
tribution is approximated by the marginal distribution of
the similarity score matrix s, €.g., Ppost = Z:hw Si; =
[p1,P2, "+, pNns] € RYS. The uniform prior distribution is
defined as P,,jor = [1/Ng,1/Ng,--- ,1/Ng] € R¥s. We
leverage KL-divergence to implement the marginal prior

regularization:
zmm( ).

Similarly, we can calculate £%; between flattened tem-

poral latents zin and temporal codebook Cr.

Training objectives. In stage I, we adopt the loss func-
tions commonly used in VQGAN training, including recon-
struction loss £y, perceptual loss [17, 54] Ly, adversarial
loss [11] L44v and code-level loss [11, 43] Ly:

wlI3,

1/Ng

EKL =KL (Ppost7 prwr = (6)

Ly =lzn —Znll, Lper = |P(zn) — (2
Ly = llsg(zn) — 2413 + Bllzn — sg(zq) 13,
Lr=2L1+Lper + L+ (LYr +LEL) + Nado - Lado

@)

where ® denotes the feature extractor of VGG19 [39], sg(-)
is the stop-gradient operator. We hope to jointly optimize
the encoder F} and codebooks Cg and Cp via the code-
level loss Ly, and 3 controls the relative update rates of
the encoder and codebooks. We also adopt straight-through
gradient estimator [11, 43] to solve the non-differentiable
problem of quantization operation.

3.3. Lookup Transformer Learning (Stage II)

The heavy degradations in real-world videos not only de-
stroy the structure and details of the original face but also
disrupt the continuity of temporal motions. In order to
support LQ video input x;, we introduce two additional
Transformer-based code lookup modules designed to pre-
dict the code sequence indices of the compressed spatial la-
tents z; ¢ and temporal latents z; 7 within the codebooks,
respectively. The lookup transformer consists of multiple
transformer layers based on self-attention. In stage II, we fix
the HQ decoder Dy, and spatial-temporal codebooks trained
in stage I, and train the LQ encoder E; and code lookup
modules via HQ-LQ video pairs.

Given the compressed latents output
by Ej, the spatial latents z; s and temporal latents z; 7 can

2z € RtxhxwxD
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Figure 2. Network architecture of Stage II. Stage IT uses HQ-LQ face video pairs to train LQ encoder E; and LookUp Transformers (75
and 7). The weights of Dj, are pre-trained in Stage I and fixed in Stage II.

be calculated analogously to Eqn. ( 3). The spatial latents
215 € R>¥WxwxD gre initially flattened into sequence-

shaped latents zle g € R®7w)xD and then processed by a
cascaded Transformer module 7g. Learnable position em-
beddings are inserted into the lookup module to enhance
the model’s awareness of spatial relative positions. The
lookup module outputs classification probabilities for each
sequence item, which are used to generate code sequences
Is € {0,...,Ng — 1}*"®_ Similarly, code sequences
TT € {0,..., Np — 1}*"" for temporal latents z;,T can be
obtained using the code lookup module 77. The proposed
3D-VQGAN achieves a substantial compression ratio (i.e.,
% = % = 8 and % = 2), significantly alleviating the
computational burden on the Transformers.

Training objectives. Following the work [58], we consider

B /.
only cross-entropy prediction loss and code-level loss £

thw

LEp= §kj ~1810g (T5), £be = t}tf—fé tog (7& ) ,

Ly = |z —sg(za)ll3, L11 =Ly +Acr - (Lép + LEr)

®)

where TS and TT are the code sequences predicted by
lookup modules, while I and I are the ground-truth
sequences generated by HQ encoder and frozen spatial-
temporal codebooks. We use code-level loss L’/f to mini-
mize the distance between compressed latents z; and quan-
tized latents z,, which simplifies the training of Stage II.

4. Experiments
4.1. Implementation Details

Datasets. We train the model on the VFHQ [48] and our
own collected live broadcast datasets. The VFHQ dataset
contains 16,000 video sequences in total. We filtered VFHQ
based on face proportion, face orientation, and the presence
of text, and finally used approximately 3,200 videos, the
data processing details can be found in the Data Manipula-
tion subsection. The collected live broadcast dataset con-
tains about 9,000 videos of people talking. We evaluate our
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method and other baselines on VFHQ-Test dataset. VFHQ-
Test is composed of 50 high-quality videos, we choose the
first 24 frames (1s) of each sequence as our test set.

For the blind face video restoration task, our data degra-
dation method is consistent with other competitors [12, 41,
49]. Specifically, the degradation model is as follows [14]:

y= {[(m@ko) .+ ©)

FEMPEG,.,. f } 4

where y is a degraded frame, x is a HQ frame. x is first
convolved with a gaussian kernel k, to add blurring, then
downsample to scale r. Then, gaussian noise ns and video
coding degradation FFMPEG with a constant rate factor are
applied into the frames. Finally, the output is resized to
5122. All frames in one video have a consistent o, 7, and §.
For the de-flickering task, we consider brightness flick-
ering and pixel flickering. Each frame in the input video has
a 30% probability of being degraded. The brightness degra-
dation is implemented through cv2 . convertScaleAbs
to simulate the brightness flickering problem in old movies
and damaged videos. The pixel flickering is implemented
by re-rendering the frame through the Stable Diffusion
model to simulate the inconsistency of details and textures
between frames.
Data Manipulation. We preprocess the training videos in
three aspects, including face proportion (A), face orien-
tation (B), and the presence of text (C). Previous meth-
ods typically employ a face detection module to separate
faces for separate processing, resulting in inefficient infer-
ence. We improve the quality of the training data by crop-
ping videos based on face proportions, thus simplifying the
data processing chains and eliminating the need for face
background separation. Specifically, we select the region
with the largest face proportion in the video as a reference
to crop that video to maximize the face region. Secondly,
the work in [58] proposes that frontal faces are more con-
ducive to the model learning high-quality portrait features.
We filtered out side-face-dominated videos by assessing the
ratio of the horizontal distances from the eyes to the nose



Task Method Quality and Fidelity

Pose Consistency

Temporal Consistency Efficiency

PSNR?T SSIM1T LPIPS| AKDJ Face-Const IDSt FVDJ] Flow-Score] Runtime(s)]

VQFR [14] 2594 0.7852 0.2467 5978  0.9947  0.6659 388.2 1.451 15.60
BFIR GFPGAN [45] 27.15 0.8207 0.2279 4.134  0.9950  0.9206 246.9 1.316 14.44
CodeFormer [58]  26.77 0.8102 0.2373 4.543  0.9947  0.8596 261.8 2.672 28.18
ysg  BasicVSR++[4] 2722 08218 02742 5129 09965 0.9234 3927 1.286 72.21
Real-BasicVSR [5] 27.45 0.7929 0.2968 4.780  0.9936  0.8785 305.7 1.404 12.20
PGTFormer [49] ~ 28.68 0.8426 0.1752 3.519  0.9942  0.9296 107.6 1.154 7.085
BFVR KEEP [12] 27.04 0.8223 0.2370 3.979  0.9953  0.8783 264.9 1.302 19.01
o Ours 2747 0.8641 0.1829 3.858 0.9954 09312 1051 1150 2995

Table 1. Quantitative comparison on the VFHQ-test dataset for blind face video restoration. The inference efficiency of our method
is much higher than that of other baselines. We bold the best and underline the second-best performances.

CodeFormer

VQFR

KEEP

PGTFormer

Figure 3. Qualitative comparison on the VFHQ-Test for BFVR task. Our method has better fidelity and fewer hallucination cases
compared to other methods, such as wrinkles (1st row), eye orientation (1st row), nose shape (2nd row), and hairstyle (3rd row).

to determine face orientation. Thirdly, we found that some
text obscures the face in the training data, so we removed
videos containing text using PaddleOCR.

Evaluation Metrics. For the evaluation of the BFVR task,
we adopt PSNR, SSIM, and LPIPS [54] to evaluate the
quality and fidelity of restoration videos. Following video
evaluation benchmark EvalCrafter [30], we utilize two met-
rics to gauge temporal consistency, including FVD and Av-
erage Flow (Flow-Score). Flow-Score assesses the aver-
age dense flows extracted by RAFT [42] from the generated
videos. Following the work in [12], we apply Face Con-
sistency (Face-Cons), Identity Preservation Scores (IDS),
and Average Keypoint Distance (AKD) to evaluate identity
preservation and pose consistency. AKD is calculated by
the average distance between detected face landmarks in the
generated and ground-truth video frames. Face-Cons calcu-
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lates the average cosine similarity between the embedding
of the first frame emb(x;) and subsequent frame embed-
dings {emb(z4)}1_,, focusing on the consistency of human
identity in generated videos. Additionally, we measure the
efficiency of different methods by considering the time re-
quired to generate a 24-frame (1-second) video. For the
evaluation of de-flickering tasks, we adopt FVD and Flow-
Score to assess temporal consistency.

Model Configuration. In stage I, the training videos are re-
sized to 2562 and only the first 24 frames are used for train-
ing. The latent dimension D is set to 256. Both the size
of spatial and temporal codebooks are 1024. The training
iteration is 250,000. The used pre-trained feature network
Fisdinov2_vitsl4. In stage II, the training videos are
resized to 5122. The training iteration is 50,000. The degra-
dation degree o € [2,5], 7 € [2,4], § € [0,5]. The training



Method GT FVDJ Flow-Score] Runtime(s)]
Input - 4943 1.572 -
FastBlend [9] v 3458 1.574 18.44
DVP [25] v 14.53 1.492 410.2
NeuralAtlas [26] X 111.0 1.468 851.3
Ours X 100.7 1.100 2.934

Table 2. Quantitative comparison for brightness de-flickering.

Method GT FVDJ Flow-Score] Runtime(s)J
Input - 65.32 1.702 -
FastBlend [9] v 4580 1.566 18.60
DVP [25] v 15.09 1.505 413.9
NeuralAtlas [26] X 110.5 1.471 854.1
Ours X 86.88 1.063 2.967

Table 3. Quantitative comparison pixel de-flickering.

is conducted on 4 NVIDIA A100 GPUs, with batch size 4.
Both the two stages use Adam optimizer [22]. We apply
stable-diffusion-x4-upscaler to generate pixel
(Al-based) flickering.

4.2. Quantitative and Qualitative Comparisons

Blind face video restoration. Our comparison for BFVR
task primarily focuses on existing BFIR, VSR, and BFVR
methods, including VQFR [14], GFPGAN [45], Code-
Former [58], BasicVSR++ [4], Real-BasicVSR [5], PGT-
Former [49], and KEEP [12]. We present the quantitative
comparison on the VFHQ-Test in Table 1. Our method out-
performs both BFIR and VSR methods across almost all
metrics. Compared to image-based methods, our generated
results exhibit higher quality, fidelity, and improved tem-
poral consistency. Among the BFVR methods, our results
are comparable to those of state-of-the-art methods, with
enhanced inference efficiency. This demonstrates that the
proposed 3D-VQGAN and spatial-temporal codebooks en-
able effective video compression and quantization, offering
promising restoration quality coupled with reduced infer-
ence costs. Figure 3 provides some representative restora-
tion results from different methods. Our method success-
fully captures portrait features in low-quality inputs and
achieves higher fidelity. In contrast, due to a limited tem-
poral perceptive field, other methods inaccurately alter key
features, such as wrinkles, eye orientation (1st row), nose
shape (2nd row), and hairstyle (3rd row).

De-flickering. We report the quantitative results for bright-
ness de-flickering and pixel de-flickering in Table 2 and
Table 3, respectively. For both tasks, we consider three
baseline methods, including FastBlend [9], DVP [25], and
NeuralAtlas [26]. It should be noted that FastBlend and
DVP achieve long-term temporal consistency by integrating
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or training on a temporally consistent unprocessed video.
However, such ground-truth videos are typically unavail-
able in real-world scenarios. In contrast, NeuralAtlas and
our approach require only a single flickering video with-
out additional guidance. Furthermore, the training-at-test-
time strategy used by DVP and NeuralAtlas significantly
reduces their inference efficiency. Our method achieves
strong temporal consistency while maintaining high infer-
ence efficiency, as indicated by the quantitative results.

Figure 4 presents the temporal profiles of different meth-
ods for brightness de-flickering and pixel de-flickering. We
visualize temporal variation by stacking pixels of a partic-
ular column over time. In Figure 4(a), the LQ input video
contains some frames with brightness perturbations, and the
generated video of NeuralAtlas is affected by the input re-
sulting in subtle color shifts. In contrast, our method, utiliz-
ing the 3D-VQGAN backbone and spatial-temporal code-
books, produces de-flickered videos with consistent colors.
In Figure 4(b), our method better maintains the consistency
of the static text and texture in Al-generated videos, effec-
tively addressing common flickering problems.

4.3. Ablation Study

We conducted an ablation study to evaluate several design
choices, which we discuss in detail below.

Discriminator feature networks. (Table 4(a)). The work
in [36] indicates that applying pre-trained feature networks,
such as CLIP and DINO, as the discriminator can boost
the performance of diffusion distillation. We adopt a pre-
trained network to serve as a more powerful discriminator
to reduce artifacts and stabilize training. The results show
that DINO’s objective is more suitable than CLIP’s and the
scale of ViT has little effect on the performance.

Fusion operation. (Table 4(b)). For the fusion opera-
tion @ between quantized spatial latent 2, g and tempo-
ral latent z, 7, we have tried various fusion methods, such
as direct addition, convolution projection, and 3DFFT fu-
sion [31]. Convolution projection means concatenating two
latents along the channel dimension and using 3D convolu-
tion to reduce it to normal size. 3DFFT represents the fusion
of latents by processing two variables separately by 3DFFT
with a pre-defined pass threshold. Among these methods,
direct addition yields the best performance.

Loss terms. (Table 4(c)). The results in the table show
the contribution of the discriminator and proposed marginal
prior regularization in the training of Stage I.

Codebook regularization. (Table 4(d)). We report the re-
construction performance in Stage I under different regular-
ization. PDR and MPR contribute to the learning of code-
books and backbones compared with the vanilla version.
CVQ failed when jointly optimizing multiple codebooks,
leading to model collapse. Figure 5 display the comparison
of codebook utilization when reconstructing the videos in
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(b) Pixel de-flickering.

Figure 4. Comparison of temporal profile for brightness and pixel de-flickering. We select a column to observe the changes across time.

Arch Objective SSIMT FVD| Fusion®  SSIM{ FVDJ Loase Lado Lrr SSIMT FVDJ
ViT-S DINOv2 0.9054 49.11 Add 0.9054 49.11 v/ X X 0.8887 66.82
ViT-B DINOv2 0.9050 49.08 Conv 0.8799 97.67 v v X 0.8914 65.90
ViT-B  CLIP 0.8935 66.86 3DFFT [31] 0.8741 118.7 v v v 09054 49.11
(a) Discriminator feature networks. (b) Fusion operation & between quantized spa- (c) Loss terms for Stage 1.
tial and temporal latents.

Regularization SSIM?T FVDJ Ng Np D SSIMtT FVD] A B C #Video SSIMT FVDJ
None 0.8914 65.90 512 512 256 0.8919 69.28 X X X 15967 0.8891 71.67
PDR [53] 0.9015 56.46 1024 1024 256 0.9054 49.11 v X X 15967 0.8918 67.62
CVQ [56] 0.4667 940.1 2048 2048 256 0.8934 66.29 v / X 12216 0.8995 61.81
MPR(Proposed) 0.9054 49.11 1024 1024 64 0.8871 71.31 v v v 11057 0.9054 49.11

(d) Codebook regularization.

(e) Codebook size and dimension.

(f) Data manipulation.

Table 4. Ablation study. We report SSIM and FVD results of different variants for reconstruction on the VFHQ-test dataset. The training

length is 250,000 iterations. Default settings are marked as gray .
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Figure 5. Comparison of

Usage of Cr: 0.9990

and | temporal codebooks’ uti-
lization when applying different regualizations.

the VFHQ-Test dataset. Applying the proposed MPR can
effectively alleviate the codebook collapse problem and im-
prove the utilization of codebooks.

Codebook size and dimension. (Table 4(e)). Experiments
show that a moderate codebook size and latent space dimen-
sion improve performance.

Data manipulation. (Table 4(f)). We preprocess train-
ing videos in three aspects, comprising face proportion (A),
face orientation (B), and the presence of text (C). From
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the results, we can learn that compared to the quantity, the
quality of face videos is more helpful for the learning of
3D-VQGAN backbone and spatial-temporal codebooks.

5. Conclusion

In this work, we propose a two-stage video face enhance-
ment framework, which can jointly solve BFVR and de-
flickering tasks. This framework develops upon a 3D-
VQGAN backbone and a more powerful discriminator for
efficient video compression and spatial-temporal codebooks
for effective video quantization. We also design a marginal
prior regularization to mitigate the codebook collapse prob-
lem. Experiments demonstrate that our method achieves
promising restoration and de-flickering performance with
enhanced inference efficiency.
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