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Abstract

Face video restoration (FVR) is a challenging but im-
portant problem where one seeks to recover a perceptually
realistic face videos from a low-quality input. While diffusion
probabilistic models (DPMs) have been shown to achieve
remarkable performance for face image restoration, they of-
ten fail to preserve temporally coherent, high-quality videos,
compromising the fidelity of reconstructed faces. We present
a new conditional diffusion framework called FLAIR for
FVR. FLAIR ensures improved temporal alignments across
frames in a computationally efficient fashion by converting
a traditional image DPM into a video DPM. The proposed
conversion uses a recurrent video refinement layer and a
temporal self-attention at different scales. FLAIR also uses
a conditional iterative refinement process to balance the per-
ceptual and distortion quality during inference. This process
consists of two key components: a data-consistency module
that analytically ensures that the generated video precisely
matches its degraded observation and a coarse-to-fine image
enhancement module specifically for facial regions. Our
extensive experiments show superiority of FLAIR over the
current state-of-the-art (SOTA) for video super-resolution,
deblurring, JPEG restoration, and space-time frame inter-
polation on two high-quality face video datasets.

1. Introduction

As a subcategory of the general image and video restora-
tion [47,48,69,87], face restoration is an active research area
in computer vision [34, 38, 40, 44, 58, 71]. Image and video
restoration is usually ill-posed due to the information loss
induced by degradation (e.g., resolution loss, blur, encoding
artifacts, and noise), with multiple plausible high-quality
(HQ) objects leading to the same low-quality (LQ) observa-
tion. Face restoration has recently been greatly improved by
using generative priors [28, 74, 84] and pre-trained face dic-
tionary priors [25, 42, 77, 93]. While SOTA methods—such

as Codeformer [93], VQFR [25], and RestoreFormer [77]—
can restore high-quality results with fine details, they usually
hallucinate HQ faces that diverge from the original subjects
in the presence of severe degradation [91], leading to large
distortion, as can be seen in Fig 1 (Top). On the other hand,
our method generates more realistic facial appearances and
better preserves identity, which may benefit downstream
tasks such as face recognition [50] and surveillance and
security [3, 26].

Diffusion probabilistic models (DPMs) [31, 67] have at-
tracted significant attention as an alternative to traditional
generative models due to their excellent performance in
image and video generation [5, 21, 27, 57, 60, 89]. DPMs
have been applied to a range of imaging problems, show-
ing impressive results for face restoration. These methods
generally fall into two categories: model-based unsuper-
vised methods [16, 36, 39, 66, 75, 79] and conditional train-
ing methods [56, 59, 61, 80]. Despite recent activity in the
area, there are very few DPM-based frameworks for video
restoration, especially in the context of face video restora-
tion (FVR). The key challenges are the significant compu-
tational cost of training on video data and the lack of large-
scale, publicly available HQ face video datasets. Given the
stochasticity of the generative process in DPMs, another chal-
lenge is the effective use of nearby, similar but misaligned
frames for reconstructing temporally aligned HQ reference
frames [51, 73]. Unlike DDNM [75], one of the latest condi-
tional image DPMs, our method consistently restores facial
features across frames, enhancing temporal consistency, as
illustrated in the zoomed-in region in Fig.1 (Middle).

Proposed Work: We present Diffusion Probabilistic Face
Video Restoration (FLAIR), a conditional generative model
for FVR that generates multiple distinct, high-quality en-
hanced face videos from degraded sequential data. FLAIR
is designed as a ”repeated-refinement” conditional DPM.
Instead of directly training on high-resolution videos, we
first pre-train our conditional DPMs on images, leveraging
large-scale HQ image datasets efficiently. The image DPMs
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Figure 1. Qualitative evaluation of the proposed FLAIR method. Top: FLAIR can restore high-quality facial details and preserve the data
fidelity across frames, while both CodeFormer [93] and RestoreFormer++ [78] hallucinate faces that diverge from the original subject. Middle:
FLAIR produces better temporal consistency than existing conditional diffusion method DDNM [75]. Bottom: FLAIR delivers superior
perceptual quality results than video restoration method VRT [46] on real-world web video.

take degraded estimations as auxiliary inputs for conditional
restoration similar to [52, 61, 80]. Given a pre-trained image
DPM backbone based on UNet [21], we modify it into a
video restoration model by introducing a temporal dimen-
sion into the feature space and training these temporal layers
on video sequences. Specifically, we propose a flow-guided
video enhancement layer with a multi-scale recurrent module
at high-resolution scales and several temporal self-attention
blocks for low-resolution features in a sliding-window fash-
ion. FLAIR captures long-range temporal dependencies,
using information from multiple neighboring frames for the
restoration of each frame during inference.

To better balance perceptual quality and data fidelity [6],
we propose a two-stage refinement process at each reverse
diffusion step. The first stage uses an interpretable data-
consistency (DC) module to ensure that the generated coarse,
clean intermediate results precisely match their LQ counter-
parts, despite various mixed real-world degradations (e.g.,
resolution loss, blur, JPEG). In the second stage, the DC
outputs are processed by an enhancement module for high-
quality facial details (see Fig. 2). This design ensures com-
patibility with various restoration methods, enabling FLAIR
to produce both perceptually realistic and data-consistent
results. Our method introduces novel technical ideas to the
field of conditional DPMs by integrating the DC module and
facial priors.

Our main contributions can be summarized as follows:
(1) We propose FLAIR as the first conditional diffusion

framework for the recovery of long-term consistent, high-
quality face videos from their LQ observations. Our key
insight is to convert conditionally pre-trained image DPMs
into video restoration models by inserting temporal layers
that learn to align images from severely degraded video
clips in a temporally consistent manner (Fig. 3). (2) To-
gether with a data-consistency module and an enhance-
ment module, we employ FLAIR in a two-stage condi-
tional refinement process at each iteration of the reverse
diffusion to further improve the perception and fidelity
simultaneously. (3) We show through extensive experi-
ments that FLAIR outperforms SOTA methods for composite
noisy degradation on two high-quality face video datasets
both quantitatively and qualitatively, showing great poten-
tial for practical applications. (4) Our code is available
at https://github.com/wustl-cig/FLAIR.

2. Related Work
Face Restoration. Traditional approaches for face restora-
tion are based on the incorporation of prior knowledge and
degradation models [10, 26, 68]. The quality of restored
faces has been progressively improving after adoption of
convolutional neural networks (CNNs) [32, 70, 86, 88]. Re-
cent work has investigated various deep priors for face
image restoration, including geometric and reference pri-
ors [8, 13, 14, 22, 43]. The restoration quality has been
further improved by adapting pre-trained GANs, such as
StyleGAN [35], as generative priors [1, 28, 74, 82, 84]. This
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Figure 2. Overview of the proposed FLAIR framework. At the t-th sampling step, FLAIR uses the degraded video frame y as the guidance
for the video DPM to denoise the latent video sequence xt. The estimated x0t is passed through the data-consistency module to ensure that
its low-frequencies are consistent with y. The enhancement module then improves faces from x̃0t for next sampling step.

line of works treats face restoration as a conditional image
generation problem by projecting the LQ faces into a com-
pact, low-dimension space of the pre-trained generator. An-
other line of works, e.g., VQFR [25], CodeFormer [93], Re-
sotreFormer [77] and its variant [78], leverages pre-trained
Vector-Quantization (VQ) codebooks [23] as dictionaries
learned on facial regions, achieving SOTA results in blind
face restoration. Diffusion Models. Apart from uncondi-
tional image generation, diffusion models have been exten-
sively investigated in various imaging restoration tasks. One
line of works has focused on designing conditional training
methods in a supervised fashion [20, 56, 59, 61, 80]. An-
other line of work has focused on keeping the training of
an unconditional image DPM intact, and only modify the
inference procedure to enable sampling from a conditional
distribution [15, 17, 18, 36, 53, 75, 79]. However, few DPM
methods [12, 19, 92] have been explored for image video
enhancement and restoration. Notably, none have directly
addressed video restoration tasks focused on FVR.

Recent works convert pre-trained text-to-image DPMs
into video DPMs for video editing and generation. Instead
of training video DPMs from scratch [30], recent meth-
ods [5, 24, 33] add temporal attention layers to pre-trained
image DPMs and fine-tune on video datasets. Some zero-
shot methods [54, 81, 83] reshape self-attention to spatial-
temporal self-attention without changing pre-trained weights
during inference. However, we observe that using temporal
attention alone results in sub-optimal outcomes for severely
degraded FVR (see Table 3). Therefore, we focus on a novel
conditional sampling algorithm for FVR and study video
diffusion priors to learn temporal coherence from degraded
face videos.

3. Preliminaries

Diffusion Probabilistic Models. The forward process of
DPMs [31, 64] is a Markov Chain that gradually adds noise
ϵ ∼ N (0, I) to data x0 ∼ q(x0),x0 ∈ Rd according to the
variance schedule βt ∈ (0, 1) for all t = 1, · · · , T . Using
the notation αt := 1− βt and ᾱt := Πt

s=1αs, sampling of

xt given x0 can be expressed in a closed form

q(xt|x0) := N (xt;
√
ᾱtx0, (1− ᾱt)I). (1)

The unconditional generative reverse process is a Gaussian
transition that samples from xT ∼ N (0, I) to x0 as

q(xt−1|xt,x0) := N (xt−1;µt(xt,x0), σ
2
t I), (2)

where µt(xt,x0) and σt depend on xt,x0, and βt. DPMs
train ϵθ to learn the Gaussian transition pθ(xt−1|xt) as an
approximation of reverse diffusion q(xt−1|xt,x0). By train-
ing the residual denoiser network ϵθ(xt, t) to predict the
total noise ϵt, one can estimate x0t through

x0t = (xt −
√
1− ᾱtϵθ(xt, t))/

√
ᾱt, (3)

where x0t denotes the first prediction of x0 given the noisy
observation xt. One can use the DDIM [65] strategy to
sample from the generative process more efficiently

xt−1 =
√
ᾱt−1x0t+

√
1− ᾱt−1(

√
1− ηtϵt+

√
ηtϵ), (4)

where the magnitude of ηt = ησ2
t /(1− ᾱt−1) controlled by

η ∈ R+
0 determines how stochastic the forward process is

(e.g., when η = 0, (4) becomes deterministic).

Inverse Problems. The FVR can be formulated as an inverse
problem involving the recovery of a sequence {Xn}Nn=1 ∈
RH×W×C of video frames from a series of LQ measure-
ments, where N,H,W , and C are the video length, height,
width, and channel, respectively. For x = [x1, . . . ,xN ] ∈
RNd defined in a vector form, we have xn = vec(Xn)T ∈
Rd. The measurements can be represented as y = A(x)+e,
where A = [A1, . . . ,AN ] : RNm → RNd (m ≪ d) is
the measurement operator modeling the degradation process,
and e = [e1, . . . , eN ] ∈ RNm denotes the measurement
noise. In this paper, we consider the scenario in which video
quality suffers from spatial and temporal degradation of im-
ages due to factors such as out-of-focus, motion, limited
sensor array intensity, and JPEG encoding [9, 49, 73].
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Figure 3. Overview of our video DPM. (a) Layer-wise informa-
tion of UNet model. The image DPM backbone θ is fixed and
only temporal layers ϕ are fine-tuned. The recurrent feature en-
hancement (RFE) and temporal attention are selected for different
resolutions. (c) Illustration of the RFE module, where each recur-
rent block takes the flow estimation from y for feature alignment.

4. Proposed Approach: FLAIR
In this section, we describe the training and testing details

of FLAIR tailored for FVR. Fig. 2 illustrates the overview
of the proposed method. FLAIR is defined as a genera-
tive process over T steps conditioned on degraded video
sequence y, pθ(x0:T |y). The conditional generative process
pθ(xt−1|xt,y) is learned to approximate the intractable con-
ditional reverse process q(xt−1|xt,x0,y) for the inference,
similar to unconditional DPMs.

4.1. Diffusion Video Restoration Network

We leverage pre-trained DPMs for images to efficiently
train the video diffusion model [5,63]. Our proposed method
extends a DPM designed for image restoration, denoted as
ϵθ, into a video diffusion restoration network represented
as ϵθ,ϕ. We introduce additional temporal neural network
layers parameterized by ϕ to ϵθ and fine-tune them to align
individual frames for temporal consistency. We adopt UNet
architecture in [21] for network ϵθ. The training of the
conditional model requires concatenation of the input image
xt ∈ Rd and condition c ∈ Rd along the channel dimension.
The condition c represents the up-scaled LQ measurements
y ∈ Rm to the same dimension as x0:T (see supplements
for more details).
Temporal Layers Implementation. Input feature maps
in the pixel space are processed using the layers of image
DPM denoted as spatial layers {Hi

θ}Li=1, while each in-
terleaved temporal layer is denoted as Hi

ϕ. We use two
distinct types of temporal layers depicted in Fig. 3: re-
current feature enhancement (RFE) and temporal attention.
Each temporal module contains several 3D convolutional
residual blocks. The spatial layers Hi

θ process the video

as a collection of individual images within a batch by re-
arranging the temporal dimension into the batch axis, i.e.,
RB×C×N×H×W → R(BN)×C×H×W , where B is the batch
size. Subsequently, we reshape it back to the original video
dimensions for each temporal layer Hi

ϕ.
At i−th resolution (i.e., [512, 256]) of the RFE, a 3D

convolutional residual block first extracts temporal features
f̃i from the spatial output fi of Hi

θ. The extracted fea-
tures are then propagated and aligned by several recurrent
blocks. Each block consists of a flow-guided deformable
feature alignment (DFA) inspired by [11] and a propagation
annealing output layer. The DFA is designed for bidirec-
tional propagation, aiming to enhance the robustness of the
recurrent network against error accumulation and alteration
in appearance. Given the fused feature outputs {gn

i,j}Nn=1

in the j-th propagation branch, the annealing balances the
smoothness of the background scenes in the feature space as

gn
i,j = w̃ ∗ (1− m̃n

t,i)⊙ g̃n
i,j + (m̃n

t,i)⊙ g̃n
i,j , (5)

where w̃ ∈ [0, 1] is a learnable parameter. The masks
{m̃n

t,i}Nn=1 are the downscale version (i−th scale) of facial
region masks {mn

t }Nn=1 estimated from x0t at the t-th re-
verse diffusion step. The main motivation behind this design
is to enhance robustness against appearance changes within
the recurrent network. We have observed that this annealing
can notably improve the temporal consistency of background
scenes across frames while preserving the sharpness of fa-
cial region. We detail the modified DFA and facial mask
mt warping process in Sec. A.2 and A.6 in the supplemental
material, respectively.

In addition, we integrate temporal attention following
each Hi

θ to concurrently process N frames locally in par-
allel within low-resolution blocks (e.g., [32, 16, 8]). This
can notably reduce memory complexity compared to directly
integrating temporal attention into high-resolution scales. To
enhance the expressiveness of modeling sequential represen-
tation, we include sinusoidal positional embeddings [31] into
the attention blocks. Our video temporal backbone is then
trained with the same noise schedule as in (1). We optimize
the temporal layers’ weights with the objective function

Lϕ = Ex0,c,ϵ,t∼[1,T ]

[
∥ϵ− ϵθ,ϕ(xt, c, t)∥2

]
, (6)

while the spatial layers are frozen.

4.2. Analytical Data Consistency Module

We initially consider a linear forward-model yn =
(hn ∗ xn) ↓s without noise added to individual frames
{yn}Nn=1 ∈ Rm. In this expression, hn ∗ xn denotes two-
dimensional convolution of clean image xn and the blur
kernel associated with the point-spread function (PSF) of the
camera at frame n and ↓s represents a s-fold down-sampler.
For convenience, we denote the forward-model as y = Ax.

5231



Method Task CelebV-Text [85] CelebV-HQ [94]
PSNR↑ SSIM↑ LPIPS↓ FVD↓ FID↓ KID↓ PSNR↑ SSIM↑ LPIPS↓ FVD↓ FID↓ KID↓

A+y

16
×

B
ic

ub
ic

20.81 0.721 0.542 1278.46 182.22 150.72 21.32 0.704 0.567 2145.50 260.01 183.21
VQFR [25] 23.49 0.746 0.362 500.76 97.27 32.12 22.78 0.716 0.407 1103.10 180.93 59.50
RestoreFormer++ [78] 23.29 0.732 0.368 518.95 92.86 26.20 22.75 0.706 0.414 1154.06 175.27 50.04
CodeFormer [93] 23.58 0.738 0.374 507.03 101.20 32.90 22.89 0.711 0.419 1155.91 178.08 55.84
DR2E [79] 24.38 0.755 0.314 456.12 81.42 21.81 23.73 0.726 0.349 984.00 148.80 37.55
DDNM [75] 25.78 0.789 0.337 617.05 82.07 41.80 24.85 0.753 0.368 1264.72 148.13 67.27
ILVR [15] 25.56 0.777 0.285 635.46 68.90 23.83 24.74 0.743 0.312 1306.38 128.67 47.93
FLAIR (Ours) 26.70 0.800 0.216 158.05 58.09 8.94 25.49 0.758 0.222 442.55 99.15 17.56
A+y

4×
,G

au
ss

ia
n

bl
ur

σ
=

0.
05

17.21 0.287 0.832 1905.12 143.77 85.97 17.77 0.299 0.827 3022.43 204.81 108.90
VQFR [25] 27.54 0.810 0.195 385.35 50.22 9.62 27.87 0.816 0.200 628.88 84.72 16.94
RestoreFormer++ [78] 28.13 0.818 0.193 322.94 47.15 7.99 27.90 0.813 0.191 527.08 78.29 13.85
CodeFormer [93] 28.64 0.825 0.193 294.92 50.09 9.09 28.04 0.816 0.192 494.30 81.99 15.65
DR2E [79] 27.43 0.802 0.220 564.43 56.15 12.45 27.01 0.788 0.218 909.62 100.89 20.86
DDNM [75] 30.24 0.863 0.250 320.77 74.11 34.40 29.20 0.846 0.265 629.74 112.86 50.14
DiffPIR [95] 28.93 0.838 0.210 672.55 43.80 6.29 28.04 0.815 0.223 1051.06 83.07 16.86
FLAIR (Ours) 29.87 0.856 0.149 82.82 39.54 8.25 28.15 0.818 0.179 255.44 74.47 14.40
A+y

4
×

,G
au

ss
ia

n
bl

ur
σ
=

0.
05

,J
PE

G
60

19.53 0.481 0.710 1856.50 141.39 90.56 20.15 0.472 0.696 2990.26 205.48 113.83
VQFR [25] 27.15 0.807 0.214 483.55 54.09 10.59 26.68 0.798 0.215 807.43 94.40 19.59
RestoreFormer++ [78] 27.12 0.806 0.214 427.63 52.58 9.42 26.83 0.797 0.214 739.01 89.94 17.20
CodeFormer [93] 27.71 0.814 0.211 385.63 55.24 10.74 27.05 0.802 0.215 720.54 94.25 19.15
DR2E [79] 26.58 0.789 0.242 695.99 60.39 12.89 26.01 0.773 0.243 1091.43 116.38 21.90
DDNM [75] 29.02 0.851 0.271 509.15 74.48 35.89 27.63 0.818 0.317 1067.57 126.23 57.91
FLAIR (Ours) 29.39 0.857 0.178 126.36 45.90 9.11 28.40 0.841 0.185 316.89 74.12 14.04

Table 1. Quantitative results on two face video datasets (short clips). Our method generates better perceptual quality and data-fidelity results
than SOTA face restoration baselines. Best and second-best values for each metric are color-coded.
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Figure 4. Visual comparisons on FVR 4× SR, motion deblurring. Our FLAIR produces higher restoration quality and better data-consistent
than existing DPM-based restoration methods. See supplements for additional numerical results.

We enforce consistency of reconstructed x̃ (e.g., x0t in (3))
by using a projection onto the subspace spanned by Ax,
where rank(A) = Nm ≤ Nd. We recover the consistent re-
construction by solving the following minimization problem

x̃0t = argmin
x̃

∥x̃− x0t∥22 s.t. Ax̃ = y, (7)

corresponding to least-norm problem with equality con-
straints. This problem can be solved analytically [7] as

x̃0t = x0t −A+(Ax0t − y), (8)

where A+ = AT (AAT )−1 ∈ RNd×Nm is the Moore-
Penrose pseudo-inverse of A and satisfies AA+ = INm.
By substituting the estimated x0t with x̃0t in (4), we enforce
the low-frequency content of x̃0t to align with that of the
ground-truth video sequence x (i.e., Ax̃0t = Ax = y),
while allowing the reverse diffusion process to recover the
high-frequency components. We reformulate (8) by calcu-
lating A+ according to [2] for each individual frame

x̃n
0t = xn

0t − h̃n ∗ (kn ∗ ((hn ∗ xn
0t) ↓s −yn)) ↑s,

where h̃n is the mirrored version of the blur kernel hn, and
↑s denotes spatial upsampling by zero-filling of new entries.
kn is used to replace the multiplication by (AAT )−1 and
corresponds to the inverse of filter (hn ∗ h̃n) ↓s in Fourier
domain.
Noisy FVR Degradation. In the presence of noise, the
forward model is y = Ax + e, where e = {en}Nn=1

represents additive white Gaussian noise (AWGN) with
en ∼ N (0, σ2

eIm). Directly applying (8) to noisy
measurements y will result in an additional noise term
A+e in x̃0t, consequently affecting the reverse diffusion
q(xt−1|xt, x̃0,y). We can approximate A+

n e
n as a AWGN

N (0, σ2
eIm), given A+ in FVR closely resembles a copy

operation [75]. Thus (8) and (4) can be modified into

x̃0t = x0t − γtA+(Ax0t −Ax) + γtA+e, (9)

xt−1 =
√
ᾱt−1x̃0t +

√
1− ᾱt(

√
1− ρtϵ̃t +

√
ρtϵ),

where γt ≥ 0 and ρt > 0 are user-defined hyperparameters
such that σt =

√
ᾱt−1γ2

t σ
2
e + ρt, and ϵ̃t = 1√

1−ᾱt
(xt −√

ᾱtx̃0t) ∈ RNd is the recalculated noise estimate. By
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Figure 5. Qualitative comparisons. Our method with different enhancement module backbones achieve higher restoration quality while
maintaining data fidelity well. Top: FLAIR + RestoreFormer++. Bottom: FLAIR + CodeFormer.

Method 16× Bicubic 4×, Gaussian blur, σ = 0.05, JPEG 60
PSNR↑ SSIM↑ LPIPS↓ FVD↓ FID↓ KID↓ PSNR↑ SSIM↑ LPIPS↓ FVD↓ FID↓ KID↓

A+y 16.89 0.657 0.621 4456.46 216.34 145.39 16.11 0.426 0.728 3574.66 189.92 126.43
VRT [46] 29.38 0.866 0.287 580.65 114.91 54.26 31.18 0.889 0.238 357.04 97.58 43.50
BasicVSRPP [11] 26.91 0.836 0.308 634.21 143.10 63.24 31.02 0.880 0.243 337.28 102.65 46.87
RestoreFormer++ [78] 23.80 0.742 0.353 518.95 92.86 26.20 28.15 0.818 0.213 761.40 78.68 22.57
CodeFormer [93] 23.80 0.738 0.366 1059.39 141.79 51.20 28.58 0.824 0.203 698.86 73.96 22.17
DR2E [79] 24.83 0.764 0.312 903.16 113.63 35.93 24.83 0.764 0.312 903.16 113.63 35.93
DDNM [75] 26.28 0.809 0.343 846.88 104.91 48.88 29.72 0.849 0.275 954.21 99.86 50.78
FLAIR (Ours) 28.23 0.842 0.240 358.72 84.40 27.26 29.99 0.860 0.175 235.86 62.10 17.73
FLAIR-SA (Ours) 28.96 0.855 0.268 571.36 95.90 35.97 30.57 0.873 0.199 295.60 77.17 30.51
FLAIR+CodeFormer (Ours) 27.57 0.830 0.212 344.99 80.47 24.71 29.96 0.858 0.174 246.77 59.48 16.49
FLAIR+RestoreFormer++ (Ours) 27.31 0.819 0.233 352.00 78.68 23.78 29.95 0.857 0.172 229.69 62.27 17.48

Table 2. Quantitative results on CelebV-Text [85] (long clips). Our method generates better temporal coherence in the video contents
compared to SOTA video restoration baselines [11, 46], and it yields improved perceptual results than existing face restoration methods.

appropriately setting γt and ρt, we make the total noise vari-
ance in xt−1 conform to the forward diffusion q(xt−1|x0)
in (1). This allows for an effective estimation of noise by
ϵθ,ϕ(xt−1, c, t) at next step.
Composite FVR Degradation. FLAIR is also applicable to
more complicated FVR degradation

yn = En ((hn ∗ xn) ↓s +en) , (10)

where E = {En}Nn=1 denotes the JPEG encoding with qual-
ity factors Q ≥ 0. It is worth to note that the degra-
dation setting in (10) aligns with current face restoration
literature [25, 41, 78, 84, 93]. While JPEG is non-linear,
we can construct JPEG decoding operator D, such that
E(D(E(x))) = E(x),∀x ∈ RNn, similar to [37], which
is analogue to the matrix pseudo-inverse AA+Ax = Ax.
For composite forward operator A = A1 ◦ ... ◦ Ak, we may
approximate A+ with A+ = A+

k ◦ ... ◦ A+
1 . Hence, x̃0t

in (9) under composite degradation in (10) can be efficiently
solved using

x̃0t = x0t − γtA+D(E(Ax0t)− y). (11)

The full algorithm of FLAIR is detailed in the supplements.

4.3. Efficient Spatial Enhancement Module

Finally, we introduce a coarse-to-fine image enhancement
module designed for refinement of estimated x̃0t, as

x̃0t = (1− wtmt)⊙ x̃0t + wtmt ⊙ G(x̃0t), (12)

where wt balances the importance of the facial enhance-
ment region m ⊙ G(x̃0t) ∈ RNd and originally estimated
mt ⊙ x̃0t ∈ RNd at each step, and (1−mt)⊙ x̃0t denotes
the background scenes. Note that we do not impose any spe-
cific constraints on the method or architecture of G, allowing
the enhancement module to be trained independently. For
our enhancement module, we consider two well-established
backbones: Restorformer++ [78] and CodeFormer [93]. This
shows the compatibility of FLAIR with a diverse range of
existing methods. Both backbones make use of pre-trained
high-quality VQ codebooks [23] specifically designed for
face images. We refer to these methods as FLAIR + Restore-
Former++ and FLAIR + CodeFormer, respectively.

5. Experiments

5.1. Experimental Setup

Datasets. We use FFHQ [35] and 7200 clips from CelebV-
Text [85] for training image DPMs. These CelebV-Text clips
are then used to fine-tune the video DPMs. We choose 125
short clips and 6 long clips from the unused identities of
the CelebV-Text for testing. We also consider 20 clips from
CelebV-HQ [94] for testing. We additionally crawled four
real-life video clips from YouTube videos, each around 150
frames for testing. See supplements for more details.
Evaluation Metrics. Our evaluation is based on both per-
ception and distortion metrics. For perception, we choose
three frame-wise perceptual metrics: FID [29], LPIPS [90],
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Figure 6. Visual results on real-world FVR. Note that FLAIR outperforms the baselines even when the degradation is not known exactly.

Figure 7. (a): Comparison of PSNR ↑ (left) and LPIPS ↓ (right) of FLAIR with various controlling schedules {wt}K−1
t=τ in (12), where

K = 25 and τ = 5 for all experiments. Note the improved perception (LPIPS) quality by increasing wτ . (b): Comparison of PSNR (left)
and LPIPS (right) of FLAIR w/ and w/o data-consistency module for FVR with uniform re-scheduling strategy starting from K = 5 to
K = 100. Note the improved data-fidelity (PSNR) by imposing data-consistency and the trade-off between perception and distortion [6].

and KID [4]. Following the video quality assessment litera-
ture [5,62,94], we report FVD [72]. For distortion, we adopt
two pixel-wise metrics: PSNR and SSIM [76].
Training and Inference Details. We consider three types
of degradation models: video super-resolution (SR), deblur-
ring, and JPEG restoration. For video SR, we pre-train
a conditional image DPM backbone (spatial layers) using
downsampling factors s = 8 with bicubic degradation and
then fine-tune the video DPMs using the loss function in (6)
with s ∈ 4, 8, 16. For video deblurring, we pre-train a con-
ditional image DPM with scale factors s = 4 and AWGN
σe ∈ [0, 25] using anisotropic Gaussian and motion kernels.
For video JPEG restoration, we use the same settings as for
deblurring with additional JPEG quality factor Q ∈ [60, 100].
For motion deblurring, we generate 100 distinct motion blur
kernels and apply them to frames using (10) without JPEG
encoding. We use pre-trained SPyNet [55] as our flow esti-
mation network. For the enhancement module, we employ
the original pre-trained models of RestoreFormer++ [78] and
CodeFormer [93].

5.2. Comparisons with SOTA Methods

We present quantitative comparisons 1 between our
FLAIR and several methods across various degradation set-
tings in Table 1 and Table 2. VQFR [25], CodeFormer [93],
and RestoreFormer++ [78] are SOTA face restoration meth-

1The comparisons only within face regions are presented in Table 1 in
the supplements.

ods using pre-trained high-quality facial dictionary priors.
As there is no existing work using video diffusion models
for FVR, we compare FLAIR with the latest conditional
image DPMs using unconditionally trained diffusion mod-
els for inverse problems, including ILVR [15], DR2E [79],
DDNM [75], and DiffPIR [95]. DR2E consists of a degrada-
tion removal module built on image DPM and an enhance-
ment module similar to FLAIR; we use VQFR as the en-
hancement module for DR2E. For the DPM baselines, we
pre-train an unconditional image DPM on the same training
images as FLAIR. For each task, we omit any method not
implemented in the original work for fair comparison.

The quantitative results on short video clips from CelebV-
Text and CelebV-HQ are listed in Table 1. Overall our
FLAIR achieves similar or much superior results to SOTA
baselines on all evaluation metrics for different restoration
tasks. The quantitative results on long video clips from
CelebV-Text are listed in Table 2. The visual comparisons
with DPM baselines are in Fig. 4. We additionally compare
two video restoration methods: VRT [46] and BasicVS-
RPP [11]. VRT is a supervised deep learning approach to
video SR and deblurring, while BasicVSRPP is a deep recur-
rent network method specifically designed for video SR. We
include FLAIR-SA (sampling average) to illustrate that dif-
ferent samples generated by our method achieve pixel-wise
consistency in performance. By carefully constructing the
forward model in (10), one may directly applying FLAIR
for real-world FVR (see supplementary material for more
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Method Ewarp ↓ (×10−3)

CodeFormer [93] 3.928
VRT [46] 2.639
FLAIR (Image DPM) 5.625
FLAIR (Video DPM) 2.546
FLAIR (Video DPM) + CodeFormer 2.531

Method PSNR↑ SSIM↑ LPIPS↓ FVD↓ FID↓ KID↓
FLAIR (Image DPM) 27.04 0.808 0.247 680.17 87.00 28.14
FLAIR (3D Res. + RFE) 27.51 0.829 0.248 387.40 87.44 28.26
FLAIR (3D Res. + Temp. Attn.) 27.64 0.830 0.251 408.85 87.46 28.72
FLAIR (All) 28.23 0.842 0.240 358.72 84.40 27.26

Table 3. Additional numerical studies. Left: Temporal inconsistency measured by warping error Ewarp, lower value corresponding to
smoother temporal results. Right: Ablation study on different FLAIR temporal layers.

Method AMT [45] + Restoration Restoration + AMT [45]
PSNR↑ SSIM↑ LPIPS↓ FVD↓ FID↓ KID↓ PSNR↑ SSIM↑ LPIPS↓ FVD↓ FID↓ KID↓

VRT [46] 30.03 0.884 0.259 509.92 90.52 42.84 30.87 0.904 0.190 275.78 62.75 27.92
BasicVSRPP [11] 29.75 0.871 0.251 495.87 88.12 40.04 30.15 0.899 0.187 272.96 59.25 28.12
VQFR [25] 26.19 0.799 0.248 487.78 111.00 35.71 26.35 0.816 0.251 473.47 111.51 35.93
RestoreFormer++ [78] 26.68 0.805 0.236 415.03 100.91 32.49 26.85 0.822 0.237 477.78 99.05 31.54
CodeFormer [93] 26.52 0.801 0.246 535.59 105.60 35.68 26.67 0.819 0.244 596.61 104.53 35.09
DR2E + VQFR [79] 27.08 0.823 0.218 533.37 81.38 25.36 27.34 0.841 0.220 470.57 83.47 26.78
DDNM [75] 28.93 0.863 0.266 435.32 94.87 52.76 29.19 0.872 0.247 329.15 91.06 52.84
FLAIR (Ours) 29.04 0.866 0.160 242.60 51.42 12.24 29.74 0.885 0.182 271.80 57.70 18.43

Table 4. Quantitative results for space-time video super-resolution (time: 4×, space: 8×) on CelebV-Text [85] (long clips). AMT [45] is a
SOTA frame interpolation method. Note that our FLAIR is only trained on spatial 8× SR task.

details), as shown in Fig 6. The running time comparisons
are shown in Sec. C in the supplements. Note our method
outperforms SOTA face restoration methods, CodeFormer
and RestoreFormer++, in out-of-distribution datasets. Addi-
tional quantitative and visual comparisons are shown in the
supplements.

5.3. Ablation Studies

Effect of Enhancement Module. We report PSNR and
LPIPS results for our method in Fig. 7 (a) by adjusting the
weighted schedule {wt}K−1

t=τ , τ ∈ [0,K − 1] in (12). For
simplicity, we have selected RestoreFormer++ for 4× SR
and CodeFormer [93] for 16× SR and JPEG Q = 60. We
consider growth sequences 1 ≥ wτ > · · · > wK−1 = 0
from K − 1 to τ and wt = 0 for t < τ . Note that w adjusts
the relative weights of the enhancement module at each inter-
mediate step. By setting an appropriate wτ , one can achieve
perception (LPIPS) improvement for all three video tasks,
with a slight compromise on PSNR performance. Qualita-
tive results in Fig. 5 show that FLAIR with the enhancement
module yields superior visual outcomes.
Effect of Data-Consistency. We report PSNR and LPIPS
results of our method in Fig. 7 (b) left and right for a mix of
degradation consisting of 4× SR, Gaussian blur and JPEG
Q = 60. We see that, while both FLAIR w/ and w/o data-
consistency module achieve similar LPIPS scores, FLAIR w/
data-consistency module better preserves the PSNR results.
Effect of Temporal Layers. For completeness, Table 3
(left) shows that FLAIR with video DPMs outperforms
its image DPM counterpart in temporal consistency (e.g.,
head movement) for video restoration. Temporal consis-
tency is measured by the averaged flow warping error
Ewarp(x) = 1

N−1

∑
n = 1N−1Ewarp(x

n,xn+1), where a
lower value indicates smoother temporal results. Our tempo-
ral layers enhance sequential consistency, outperforming the
SOTA video restoration method, VRT. Table 3 (right) reports
the effects of different temporal layers on performance (see

supplements for visuals). Clearly, FLAIR with both tempo-
ral layers significantly reduces the learning burden, leading
to more accurate, efficient estimations, and superior results
across all metrics.

5.4. Space-Time Video Super-Resolution

We demonstrate that pre-trained FLAIR on video SR can
be combined with any video frame interpolation method for
space-time video SR. Here, we use pre-trained AMT [45] for
frame interpolation. In practice, FLAIR can be cascaded in
two ways: AMT followed by FLAIR or FLAIR followed by
AMT. As shown in Table 4, FLAIR achieves the best LPIPS,
FVD, FID, and KID scores compared to existing methods,
despite being a two-stage model and not specifically trained
for this task. Additional details and video visual comparisons
are available in the supplements.

6. Conclusion

In this paper, we propose the FLAIR, a novel frame-
work based on diffusion probabilistic models for face video
restoration. The key idea of FLAIR is to build upon pre-
trained image diffusion models specialized in face image
restoration and to transform them into video diffusion restora-
tion models by incorporating and fine-tuning temporal align-
ment layers. We further propose a two-stage refinement
process at every reverse sampling step. In the first stage,
FLAIR analytically imposes reconstruction fidelity by us-
ing a data-consistency module that can handle composed
degradation in practice. The subsequent stage involves an
enhancement module dedicated to regional improvement.
Extensive comparisons show that our FLAIR framework pro-
vides temporally aligned, high-quality results in face video
restoration.
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