The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Discrete Prior-Based Temporal-Coherent Content Prediction
for Blind Face Video Restoration

Lianxin Xie!, Bingbing Zheng', Wen Xue!, Yunfei Zhang', Le Jiang!, Ruotao Xu?, Si Wu!%",
Hau-San Wong**
'School of Computer Science and Engineering, South China University of Technology
2Institute of Super Robotics(Huangpu)
3Department of Computer Science, City University of Hong Kong
{cslianxin.xie, 202321044369, csxuewen, cszhangyunfei, csjiangle } @mail.scut.edu.cn
rtxu @superobots.com, cswusi@scut.edu.cn, cshswong @cityu.edu.hk

Abstract

Blind face video restoration aims to restore high-fidelity
details from videos subjected to complex and unknown
degradations. This task poses a significant challenge
of managing temporal heterogeneity while at the same
time maintaining stable face attributes. In this paper,
we introduce a Discrete Prior-based Temporal-Coherent
content prediction transformer to address the challenge,
and our model is referred to as DP-TempCoh. Specifi-
cally, we incorporate a spatial-temporal-aware content
prediction module to synthesize high-quality content
from discrete visual priors, conditioned on degraded
video tokens. To further enhance the temporal coher-
ence of the predicted content, a motion statistics mod-
ulation module is designed to adjust the content, based
on discrete motion priors in terms of cross-frame mean
and variance. As a result, the statistics of the predicted
content can match with that of real videos over time.
By performing extensive experiments, we verify the ef-
fectiveness of the design elements and demonstrate the
superior performance of our DP-TempCoh in both syn-
thetically and naturally degraded video restoration.

Introduction

The task of blind face video restoration(BFVR) aims to
restore high-quality face image sequences from degraded
videos, and the main challenge is to address various un-
known degradations while at the same time preserving the
dynamic consistency of the synthesized content. The de-
graded face videos typically exhibit temporal heterogeneity.
Even if the frames of a face video are subjected to sim-
ilar degradations, each restored face may appear different
from the others significantly. As shown in Figure 1, state-of-
the-art blind face restoration and video restoration methods,
DiffBIR and FMA-Net, fail to synthesize faces with stable
characteristics.

To synthesize clear and realistic face images from de-
graded ones, a number of image enhancement methods in-
corporate various face priors into the generation process,
such as high-quality (HQ) reference samples with the same
identity or geometric information(Li et al. 2018)(Dogan,
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Figure 1: An example to visually compare the proposed DP-
TempCoh with the competing image/video restoration meth-
ods: DiffBIR and FMA-Net, in restoration quality and tem-
poral coherence.

Gu, and Timofte 2019). On the other hand, the well-trained
Generative Adversarial Networks (GANs)(Chen et al. 2016)
on high-quality face datasets has the capability of generat-
ing diverse and realistic face images, and thus there are at-
tempts to apply the pre-trained generator as generative pri-
ors to face image enhancement(Zhu et al. 2022)(Wang et al.
2021)(Wang, Hu, and Zhang 2022)(Menon et al. 2020). On
the other hand, Stable Diffusion(Rombach et al. 2021) has
also exhibited impressive generation ability in face image
generation recently (Lin et al. 2023)(Wang et al. 2023)(Kim
etal. 2022)(Zhao et al. 2023). Since the GAN- and diffusion-
based methods are designed for processing images, directly



applying them to face video restoration inevitably results in
the synthesized results with unexpected temporal disconti-
nuities. There are also methods that attempted to improve
the temporal consistency of diffusion model, in which they
fine-tuned diffusion model by adding temporal block includ-
ing 3D convolution(Wang et al. 2024)(Blattmann et al. 2023)
and temporal attention(Chen et al. 2023)(Zhou et al. 2022a).
Although these modifications enhance video stability, the in-
herent randomness of diffusion sampling can still lead to sig-
nificant variations between reconstructed sequences.

In this paper, we present a Discrete Prior-based Temporal-
Coherent content prediction transformer (DP-TempCoh) for
high-fidelity blind face video restoration. Specifically, the
proposed DP-TempCoh mainly consists of a visual prior-
based spatial-temporal-aware content prediction module and
a motion prior-based statistics modulation module. To to
deal with the temporal heterogeneity issues in BFVR task
and enhance the content consistency of the restored video,
the content prediction module learns to generate the features
of high-quality content from discrete visual priors in terms
of latent bank, conditioned on the contextual information of
degraded video frames. Further, the modulation module is
incorporated to enhance the temporal coherence by mod-
ulating the predicted content, based on the motion priors
in terms of cross-frame mean and variance. We have per-
formed extensive experiments to verify the effectiveness of
the designed modules and demonstrate the superior perfor-
mance of our DP-TempCoh in real-world face video restora-
tion with unknown degradation. The main contributions of
this work are summarized as follows:

* We propose a novel blind face video restoration frame-
work to synthesize high-fidelity and temporal-coherent
content by leveraging two types of complementary dis-
crete priors.

* We transform the spatial-temporal features of degraded
video tokens by matching with the discrete visual priors
in terms of a latent bank learnt from external high-quality
face videos.

» To improve the temporal coherence of synthesized face
videos, we construct discrete motion priors in terms of
cross-frame mean and variance, and perform modulation
on the transformed video token features, such that the
resulting ones can match with the temporal statistics of
real face videos.

Related Work
Video Enhancement

An important video enhancement task is super-resolution,
which aims to restore high-resolution (HR) video frame se-
quences from degraded low resolution (LR) video frames
while preserving the original semantics. Due to the fact that
adjacent frames in video sequences can provide reference
information to each other, there are a number of tempo-
ral sliding-window based VSR methods that processed LR
frames in a time sliding window manner. STTN(Kim et al.
2018) selectively warped target frames for enhancement us-
ing the estimated optical flow. (Liu et al. 2017) proposed
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a spatial alignment network for neighboring frames align-
ment. Another line of research involves utilizing recurrent
neural networks to harness temporal information from multi-
ple frames. RLSP(Fuoli, Gu, and Timofte 2019) propagated
high-dimensional hidden states to better capture long-term
information. BasicVSR(Chan et al. 2021) utilized a recur-
rent network design with bidirectional propagation to en-
chance video quality and detial by leveraging information
from neighboring frames. BasicVSR++(Chan et al. 2022)
built upon this framework by adding a second-stage refine-
ment network and alignment module to further improve the
precision and stability of the super-resolution process. Nev-
ertheless, these methods have not incorporated suitable gen-
erative priors, which made them struggle to restore content
that has lost texture details. Recently, diffusion-based meth-
ods have made great progress(Esser et al. 2023)(Hu, Chen,
and Luo 2023)(Ho et al. 2022). Upscale-A-Video(Zhou et al.
2024a) proposed text-guided latent diffusion framework for
video enhancement, in which a flow-guided recurrent latent
propagation module was used to enhance temporal stabil-
ity. However, in BVFR task, it is difficult for the model to
obtain stable optical flow from degraded data, which could
negatively affect the performance of the restoration model.

Blind Face Restoration

Significant progress has been achieved in face image restora-
tion in recent years. There are methods that introduced facial
landmarks (Hu et al. 2021; Lin et al. 2020), face parsing
maps(Chen et al. 2021), or 3D shapes(Zhu et al. 2022) in
their designs. However, prior information obtained from de-
graded images often contains significant noise, which could
lead to a performance drop. On the other hand, a number
of recent works(Wang et al. 2021; Yang et al. 2021) focus
on exploring how to utilize the generative priors in gener-
ative models, such as StyleGAN2(Karras et al. 2020), Sta-
ble Diffusion(Rombach et al. 2021), etc, to assist in image
restoration. However, these methods overly relied on the fa-
cial features of degraded images, which made them sensitive
to facial noise. To handle degradations robustly, DR2(Wang
et al. 2023) added Gaussian noise to the degraded images,
and then restored them through a pre-trained diffusion model
to achieve the effect of removing degradation. DiffBIR(Lin
et al. 2023) first removed degradation without generating
new content, and then restored face details based on a pre-
trained Stable Diffusion model(Rombach et al. 2021). How-
ever, because these methods were specifically designed for
the task of image restoration and involve randomness in
sampling, they could result in issues such as discontinu-
ity and flickering when applied to sequences of degraded
face images. There are also methods that attempted to uti-
lize sparse representation with learned dictionaries to ad-
dress image restoration tasks which took advantage of dic-
tionary information in different ways to represent degraded
images(Gu et al. 2022; Wang et al. 2022; Zhou et al. 2022b).
However, these methods were specifically designed for im-
age restoration, and did not take into account temporal co-
herence in the video restoration task.

Different from the above dictionary-based methods, we
model visual priors with respect to videos, capture the inter-



relationships among video tokens, and predict high-quality
token features from the priors to replace the degraded ones.
In addition, we perform cross-frame statistics modulation
with motion priors, such that the predicted content can be
further improved in terms of temporal coherence. This de-
sign distinguishes the proposed approach from the existing
face restoration and video enhancement methods.

Proposed Method
Overview

We introduce a novel BFVR method of applying visual
prior-based content prediction to restore degraded features,
and leveraging motion prior-based statistics modulation to
enhance temporal coherence. The structure of our frame-
work is depicted in Figure 2 and comprises four main
components: an Encoder E, a Visual Prior-based Spatial-
temporal-aware Content Prediction Module C, a Motion
Prior-based Statistics Modulation module M, and a Genera-
tor GG. The process begins with the Encoder F, which trans-
forms frames from degraded video clips v;, into a sequence
of video tokens. These tokens z are then processed by the
content prediction module C, which generate the features
z" of high-quality content from a vision bank. Features z’
is further refined by the motion prior-based statistic modu-
lation Module M, which adjusts the cross-frame mean and
variance of 2/, resulting in a motion-enhanced representation
2", Subsequently, several cross-attention-based transformer
were applied to merge 2’ and z”, forming the feature 2 that
corresponds to a high-quality and temporally smooth face
video. The feature Z are then decoded by G to reconstruct
the face video clip ¢ that aims to achieve maximum con-
sistency with the ground truth. This reconstruction process
contributes to the fidelity and fluidity of the restored video.

Spatial-temporal-aware Content Prediction

Traditional image restoration techniques typically focus
on individual frames, thus neglecting the dynamic inter-
dependencies among successive frames, which makes it dif-
ficult to fully utilize the spatial information between frames
in the video clip, especially for degraded video. To address
this problem, the proposed spatial-temporal-aware content
prediction module, conditioned on degraded video tokens,
predicts index values from the pre-trained vision bank T.
The vision bank is constructed through vector quantiza-
tion during the high-quality image reconstruction process, in
which each index corresponds to a high-quality visual repre-

sentation. In order to effectively predict index values [ with
nuanced contextual associations, we model both the spatial
and temporal information of degraded video clips. Initially,
video clip tokens z, extracted from encoder E, are flattened.
To enhance the model’s capability of interpreting spatial and
temporal positioning of each token, we integrate a learnable
spatial-temporal position embedding into each token. Sub-
sequently, multiple self-attention-based transformer blocks,
coupled with an activation function, calculate the likelihood
of each token belonging to a particular bank’s index. The
process of index prediction can be formalized as follows:

zZ= fl(SA(g(Z) +Pemb))7 (1)
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lijr = argmax ¢(Zjk)r,
re{0,1,..,N}

2

where P.,,;, represents the learnable spatial-temporal po-
sition embedding, & and fl denote the flatten and unflatten
operations respectively, SA denotes the self-attention based
transformer, (), denotes the softmax activation output on
r-th index and lA”k € {0,1, ..., N} denotes the predicted in-
dex of bank, where IV is the size of the bank T, and 7, 7, and
k represent the spatial and temporal locations of the video
clip tokens. By computing the index [, we can match the
corresponding features of high-quality content in the bank
as follows:

3)

where x represents using an index /; ; ;. to extract features

from the bank T and 2z denotes the high quality face fea-
tures. The self-attention-based computation facilitates the
modeling of the relationships between tokens across mul-
tiple frames, such that the module can predict index values
by extracting complementary information from different to-
kens, eventually combining the extracted features to create a
representation of high-quality content with contextual asso-
ciation and dynamic consistency.

! A~
Zigk — 5(T, L j k)

Motion Prior-based Statistics Modulation

In order to further enhance the temporal coherence of
the predicted content, we introduce the motion prior-based
statistics modulation module. Initially, we construct a statis-
tics bank, denoted as M, which is trained using high-quality
face videos. The bank M is designed to store the cross-frame
mean and variance vectors whose components are the chan-
nel mean and variance corresponding to each frame. During
the processing of features 2/, we first calculate the mean and
variance in the channel dimension for each frame as follow:

25 o n
M =y L, “
C
c
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53 g = Lt Mot 5)

L¢ ’
where L denotes the channel size of z’. Subsequently, we
concatenate (i, » and 0}% w5, 1N the temporal dimension to
generate a mean vector and a variance vector, respectively.
The mean and variance vectors are then concatenated, and a
nearest matching algorithm is employed to retrieve the cor-
responding element from M, which can be formalized as fol-
lows:
! 2 : 2 2
[:uw,h’ aw,h] = argmin |\Concat(uw7h, Uw,h) - 6‘ |27 (6)
eceM

where Concat represents the concatenation operation in
the temporal dimension. We exploit the mean u;U 5, and vari-

ance 03 5, vectors with high-quality motion priors to modu-
late predicted content 2/, as follows:

’
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Figure 2: Overview of the proposed DP-TempCoh framework. An encoder E extracts the tokens z from a degraded face video
segment vy,. A latent spatial-temporal-aware content prediction module is applied to z to predict 2’ that enriched spatial and
temporal contextual information. Next, a prior-based motion statistics modulation module modulates the statistics of 2’ to
obtain z””. We perform several cross-attention-based transformer computation over z’ and z”, and feed the resulting feature into

a generator G to synthesize a HQ face video Z.

where € is a small real value and zf ., denotes the mod-
ulated feature. The modulation of mean and variance is
tailored to maintain temporal coherence of predicted con-
tent, thereby mitigating issues like flickering. In addition,
we incorporate a cross-attention based transformer block, in
which feature 2’ serves as the query and 2"’ is used as both
the key and value. This arrangement allows for a compre-
hensive integration of content information with modulated
features, which can be formalized as follows:

£ =¢(cale(?),£(z")), ®)
where CA(a, b) denotes the transformer block in which a, b
denote query and key-value input, respectively. We restore
the clear face video clip by inputting 2 into the generator
G. The transformer block is optimized together with G. To
enhance the temporal coherence of restored texture, we have
integrated multiple 3D residual blocks and frame attention
mechanisms into G.

Model Training

Let © denote the restored face video clip derived from a de-
graded input v;,. Initially, we employ pixel-level loss to en-
sure consistency with the ground truth, defined as:

= Ew,un |0 = vhgl1 +10(0) = dvng) 1], (9)

where vy, denotes the ground-truth high quality video clip
with respect to vy, and ¢ represents the feature maps ex-
tracted by a pre-trained VGG19 (Simonyan and Zisserman
2014). For the purpose of improving the visual quality of re-
stored video segments, We also adopt an adversarial training
loss as follows:

ﬁconsi

e LT NN
£252 = B, [0 = D),
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where D(-) denotes the predicted probability of an input face
image being real. In addition, we employ a cross entropy
loss to train the spatial-temporal-aware content prediction
module as follows:

»Cbank = vlq [ Z Zz i klog Zl,j,k)) )

.5,k

Y

where 1) represents the softmax activation function and z9°
denotes the ground truth of bank index labels which is de-
rived from the pre-trained encoder E and vision bank T. By
integrating the above training losses, we formulate the opti-
mization problem of our restoration model as follows:

sync
énén Econsz + ‘Ca?c/lv + )\Ebankv

£real Csync (12)
mgx adv adv

where A\ denotes a weighting factor that controls the relative
importance of content prediction term.

Experiments

In this section, we conduct extensive experiments to evalu-
ate the proposed DP-TempCoh on a wide range of blind face
video restoration tasks. Initially, we outline the experimen-
tal settings, which include descriptions of the training and
test datasets, implementation details, and evaluation proto-
col. Subsequently, we comprehensively investigate the ef-
fectiveness of the prior-based modules in face video restora-
tion. This is followed by quantitative and qualitative com-
parisons with state-of-the-art methods.

Experimental Settings

Training Data DP-TempCoh was trained on VFHQ(Xie
et al. 2022), which is a high-quality video face dataset and



contains over 15,000 high-fidelity clips of diverse interview
scenarios. To construct LQ training face videos, we fol-
low(Yang et al. 2021) to degrade the VFHQ video frames
as follows:

vl = (0], ®Kp)y, +n0)spec,,  (13)

where vl’; /hq donotes f-th frame in video clip v;q/pq- Each

HQ frame is first convolved with the Gaussian blur kernel
which has a standard deviation p’ € [p — 1, p + 1] where
p € {1 :0.1: 10}. Afterwards, it is downsampled b’ €
[b—1,b+ 1] times where b € {2 : 32}, and is corrupted by
Gaussian noise with intensity parameter o’ € [0 — 1,0 + 1]
where ¢ € {0 : 10}. Furthermore, the JPEG compression
with quality factor w’ € [w—>5, w+5] where w € {50 : 100}
is then applied to the resulting frames.

Test Data We assess the restoration performance of the
proposed DP-TempCoh and the competing methods on three
benchmark datasets: HDTF(Zhang et al. 2021), VFHQ-
Test(Xie et al. 2022) and YouTube Faces dataset(Wolf, Has-
sner, and Maoz 2011). HDTF includes about 16 hours of
high-resolution videos and VFHQ-Test has 100 video clips.
We randomly sample clips from each video and apply the
degradation operation defined in Eq.13 to construct de-
graded video clips, and the resulting test dataset is referred
to as HDTF-Deg and VFHQ-Test-Deg. In addition, YTF-
Medium/Hard are derived from the YouTube Faces, and
there are 500/520 in-the-wild face video clips with medi-
um/heavy degradations.

Implementation Details We implement the model using
PyTorch on two NVIDIA A800s. For optimization, we use
the Adam (Kingma and Ba 2014) algorithm with a learning
rate of 8 x 10~°. The training process spans 200,000 itera-
tions with a batch size of 4. The weighting factor A in Eq.12
is set to 0.5. The sizes of the vision and motion banks are
1,024 and 16,384, respectively. The size of each video clip
processed by the model is 8 frames.

Evaluation Protocol We implement all the competing
methods based on the open source codes. The widely used
metrics, Peak Signal-to-Noise Ratio (PSNR), Learned Per-
ceptual Image Patch Similarity (LPIPS) and the Fréchet In-
ception Distances (FID) (Heusel et al. 2017), are used to
quantitatively evaluate the restored videos. We additionally
report the IDentity Similarity (IDS) based on a well-trained
face recognition model: CosFace (Wang et al. 2018). Con-
sidering the temporal coherency is critical for BVFR, we
further report the inter-frame difference (IFD) which eval-
uates video coherency by calculating the pixel mean square
error between consecutive frames.

Content Prediction

In this section, we assess the effectiveness of our content
prediction module. First of all, we analyze the convergence
of this module. To illustrate the role of spatial-temporal con-
text in accelerating convergence speed, we replace spatial-
temporal-aware content prediction module (labeld as ‘S &
T-aware’) with spatial-aware version (labeled as ‘S-aware’)
which do not consider the relationship between frames. As
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Figure 3: Convergence comparison between spatial-

temporal-aware (S & T-aware) and spatial-aware (S-aware)
prediction loss.
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Figure 4: Visualization of stable attention maps correspond-
ing to the query of left eye.

shown in Figure 3, at the beginning of training, distortions
are noticeable in the restored face. When converging to the
same position, ‘S-aware’ requires 5.6 times more iterations
than ‘S & T-aware’. After convergence, both methods can
restore face semantics well, but ‘S & T-aware’ has better fa-
cial details. To ascertain whether the module leverages con-
textual information of degraded video frames, we visualize
the attention maps of the last transformer block in Figure 4.
The region of left eye serves as query, and the four attention
maps on the right hand side show the responses correspond-
ing to the query. It is worth noting that the module exhibits
a heightened focus on the left eye region across different
poses. The result suggests that our model effectively cap-
tures contextual information from multiple frames to restore
the content on the current position.

Ablation Study
Module Metrics

Exp

S-aware S & T-aware Motion PSNR?T FIDJ 1IFDJ
(a) v 23.12 72.14 9.86
(b) v 24.52 55.11 3.92
(c) v 12.55 210.12 5.59
(d) v v 25.12 52.04 3.80

Table 1: Results of ablative models on VFHQ-Test-Deg. S-
aware’, ‘S & T-aware’ and ‘Motion’ denote spatial-aware
prediction, spatial-temporal-aware prediction and motion
statistics modulation module, respectively.

Does prior-based spatial-temporal prediction aid
restoration? To verify the efficacy of the proposed



Ground truth

Figure 5: Visual comparison between DP-TempCoh and ab-
lative models(defined in Table 1) on VFHQ-Test-Deg video.

spatial-temporal-aware content prediction module, we
conducted a comparative experiment between (a) and (b)
where (a) is equipped with a spatial-aware (labeled as
‘S-aware’) content prediction module which does not have
token information exchange between frames and (b) used
the proposed spatial-temporal-aware component (labeled as
‘S & T-aware’). As shown in Table 1, when using ‘S-aware’,
all performance metrics decrease compared to the ‘S &
T-aware’ version, e.g., the PSNR is reduced by 1.4. This
decline can be attributed to the model’s inability to account
for the spatial and temporal context across multiple frames.
Additionally, as depicted in Figure 5, the quality of facial
restoration was slightly compromised.

Can motion prior-based statistics modulation improve
temporal coherence? We initially assess if statistics mod-
ulation enhances temporal feature coherence in latent space
by comparing average Euclidean distances between consec-
utive frames. To verify whether the modulation module can
improve the temporal coherence in the video space, we re-
placed the S-aware module in (a) with the statistics modu-
lation module and named it (c). As shown in Table 1, it can
be seen that while the FID score increased and PSNR score
decreased, IFD score decreased from 9.86 to 3.92. In exper-
iment (d), we introduced the statistics modulation module
based on experiment (b), which led to a reduction in the IFD
score from 3.92 to 3.80. At the same time, both PSNR and
FID metrics showed improvements. As shown in figure 5, it
can be observed that both qualitative and quantitative com-
parisons show improvements in (d), indicating that adding
the statistics modulation module to the content prediction
module can further enhance the quality and temporal coher-
ence of restored videos.

Comparison to State-of-the-arts

To demonstrate the superiority of the proposed DP-
TempCoh, we perform quantitative and qualitative compar-
isons with state-of-the-arts, including the following image
enhancement methods: CodeFormer(Zhou et al. 2022b), Re-
storeFormer(Wang et al. 2022), DR2(Wang et al. 2023),
DiffBIR(Lin et al. 2023), DifFace(Yue and Loy 2024),
and video enhancement methods: BasicVSR++(Chan et al.
2022), MIA-VSR(Zhou et al. 2024b), IA-RT(Xu et al.
2024), FMA-Net(Youk, Oh, and Kim 2024).

Results on synthetic data We conducted a comparative
experiment in which DP-TempCoh and competing methods
were used to restore degraded face videos. The results of
the methods are summarized in Table 2. CodeFormer and
DifFace achieve lower FID and LPIPS values than the other
competing methods, which indicates that they perform better
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Figure 6: Comparison of DP-TempCoh and competing
methods in terms of restoration stability.

in terms of the precision and realism of the restored face se-
quences. In addition, the competing video restoration meth-
ods can achieve lower IFD value, suggesting that they can re-
store a coherent sequence of face images. On the other hand,
DP-TempCoh surpasses the competing methods in terms of
all the metrics. In particular, DP-TempCoh is able to achieve
the highest IDS score, which reflects that it faithfully pre-
serves the identity. In addition, DP-TempCoh achieves the
IFD and FID scores of 3.13 and 25.65, which are lower than
the second best methods (BasicVSR++ IDF 5.21; Code-
Former: FID 34.14) by 2.08 and 8.49, respectively. To ver-
ify whether the proposed DP-TempCoh can achieve more
coherent face image sequence restoration, Figure 6 presents
the LPIPS metric of the proposed method and the competing
methods across a sequence of video frames. The diffusion-
based method, DiffFace, shows notable fluctuations in met-
ric LPIPS, indicating instability. Although both CodeFormer
and MIA-VSR exhibit less variability, it underperform in
terms of the LPIPS metric. In contrast, our proposed method
consistently excels in terms of LPIPS scores and maintains
stable performance across all frames.

Results on in-the-wild data To verify the generaliza-
tion ability of the proposed model, we further assess DP-
TempCoh and competing methods on YTF-Medium/Hard.
As shown in Table 2, the DP-TempCoh model not only
attains IDF metrics comparable to those of existing video
restoration methods but also achieves the best FID values.
The representative results shown in Figure 7 demonstrate the
advantages of DP-TempCoh in reducing artifacts, restoring
realistic details, and preserving dynamic consistency.

User Study We conduct a user study to evaluate the
quality of restoration from three perspectives: visual qual-
ity, semantic consistency and tenporal coherence. We ran-
domly select 30 degraded face video clips from YTF-
Medium/Hard, and enlist 30 workers to grade the restored
video from above three perspectives on a scale from O to
10. High scores on visual quality, semantic consistency and
temporal coherence indicate realistic details, high semantic
similarity with the input image and coherent video content,
respectively. Figure 8 displays three average scores achieved
by each model. DP-TempCoh achieves the highest average
scores in terms of three perspectives.



Methods VFHQ-Test-Deg HDTF-Deg YTF-Medium TYF-Hard
PSNRT IDST LPIPS| FID | IFD} PSNRT IDS?T LPIPS| FID | IFDJ FID} IFD} FID| IFD}
Image Restoration Methods
CodeFormer (Zhou et al. 2022b) 24.75 0.7115 0.3562 65.68 9.86 24.55 0.7323 0.3254 34.14 8.64 65.15 7.6 7225 9.86
RestoreFormer (Wang et al. 2022) 23.54 0.6034 0.4737 95.25 10.42 23.37 0.6543 0.4529 52.62 11.26 72.82 8.12 81.12 1031
DR2 (Wang et al. 2023) 2228 0.5411 0.4109 87.57 10.46 23.55 0.5916 0.3586 37.67 8.38 76.51 9.60 79.02 11.47
DiffBIR (Lin et al. 2023) 23.96 0.6826 0.3643 66.85 11.91 23.09 0.6464 0.3488 41.25 12.35 69.74 10.21 80.18 13.42
DifFace (Yue and Loy 2024) 25.01 0.6526 0.3483 63.73 9.82 24.63 0.6341 0.3281 34.47 8.75 68.12 11.10 83.34 11.48
Video Restoration Methods
BasicVSR++ (Chan et al. 2022) 24.84 0.4802 0.4573 189.10 5.11 24.45 0.4851 0.4618 210.36 5.21 92.86 5.55 120.54 7.40
MIA-VSR (Zhou et al. 2024b) 24.77 0.4756 0.5163 168.12 5.44 24.38 0.4816 0.5219 125.68 5.24 132.07 6.05 185.93 7.44
IA-RT (Xu et al. 2024) 24.78 0.4754 0.5165 171.65 5.43 24.38 0.4814 0.5223 128.83 5.25 128.15 6.06 182.67 7.54
FMA-Net (Youk, Oh, and Kim 2024) 24.73 0.4464 0.4914 179.94 6.99 24.35 0.4515 0.4958 115.07 6.89 127.02 6.79 137.91 7.43
DP-TempCoh 25.12 0.7721 0.2262 52.04 3.80 24.71 0.7685 0.2427 25.65 3.13 51.86 5.51 55.50 7.38

Table 2: Quantitative Comparison between DP-TempCoh and competing methods on synthetic/in-the-wild data.
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Figure 7: Visual comparison between DP-TempCoh and the competing methods on representative frames of in-the-wild videos.
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Figure 8: The scoring result of user study on wild data.

Conclusion

This paper presents a discrete prior-based temporal-coherent
content prediction transformer to achieve high-quality face
video restoration. We model the contextual information of
degraded video frames to learn the interrelationships be-
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tween frames, which allows us to effectively predict high-
quality content from discrete visual priors. We further lever-
age the motion priors in terms of cross-frame mean and vari-
ance to modulate predicted content, which is essential for
improving the temporal coherence of the restored video se-
quences. Comprehensive experimental results demonstrate
that our content prediction and modulation modules can ef-
fectively generate high-quality content with dynamic con-
sistency. A possible following up work is to apply our idea
to diverse video restoration tasks, where the emergence of
textual and visual prompts is concerned.
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