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1. Experiment Details001

Dataset. For blind face restoration (BFR) task, we adopt002
the degradation pipeline from [7] to generate low-quality003
(LQ) videos through a multi-stage process:004

x = {[(y ⊗ kσ)↓r
+ nδ]FFMPEGq

}↑r
, (1)005

where the HQ video y is first convolved with a Gaussian006
kernel kσ , and then downsampled to scale r. After that,007
additive Gaussian noise nδ is added to the video, and then008
the video coding degradation is implemented through FF-009
PMEG [4] with a quality factor q. Finally, the LQ video010
is resized back to 512×512. During training, we randomly011
sample σ, r, δ and q for [1, 21], [1, 4], [0, 20], [10, 30]012
respectively.013

Settings. For all facial restoration training tasks, we em-014
ploy the Adam [3] optimizer with a batch size of 4 and015
train for 100k iterations. The initial learning rate is set to016
5× 10−5, and is gradually reduced to 2× 10−5 using a co-017
sine annealing strategy, after which it remains constant. To018
ensure training stability, we apply gradient clipping with a019
maximum norm of 1.0 to the model gradients during train-020
ing. Our method is implemented based on Pytorch Frame-021
work and trained use two NVIDIA A100 GPUs.022

Metrics The evaluation framework for our facial restora-023
tion model incorporates multiple complementary measure-024
ment dimensions. For image restoration quality assess-025
ment, we employ three conventional metrics: Peak Signal-026
to-Noise Ratio (PSNR) and Structural Similarity Index027
(SSIM) [6] quantify pixel-wise reconstruction fidelity at028
the individual frame level, while Learned Perceptual Im-029
age Patch Similarity (LPIPS) [9] evaluates human-aligned030
visual similarity through deep feature analysis. To specifi-031
cally monitor facial identity preservation during restoration,032
we implement Identity Similarity (IDS) measurements by033
cosine similarity of the off-the-shelf identity detection net-034
work ArcFace [1]. To comprehensively evaluate pose align-035
ment in restored video sequences, we integrate the Average036

Keypoint Distance (AKD) [8], which calculates mean land- 037
mark deviations between detected landmarks and the gener- 038
ated and ground-truth video frames. 039

At the temporal analysis level, we employ the Fréchet 040
Video Distance (FVD) [5] to conduct a comprehensive 041
quality assessment by comparing the distributions of gener- 042
ated videos with reference samples across both spatial and 043
temporal domains. Given that our task involves video face 044
restoration, it is crucial to evaluate facial continuity. To this 045
end, we utilize the method proposed by [2] to extract five 046
facial landmarks from both restored and real faces. We then 047
compute the L2 distance between the landmark displace- 048
ments of real faces and those of restored faces, which we 049
term the Temporal Landmark Motion Error (TLME). This 050
metric effectively assesses the temporal consistency of fa- 051
cial components throughout the video sequence. 052

2. More Experiments 053

Generalization on Out-of-Domain Data. We compare 054
the methods on out-of-domain videos for the blind video 055
face restoration task, and the results are shown in Figure 3. 056
On the videos that are very different from the training data, 057
our approach produces more reasonable results and shows 058
superior generalization ability. 059

Temporal Stability. For both blind video face restora- 060
tion and inpainting, we visualize the prediction results on 061
VFHQ-Test dataset to evaluate the temporal stability of the 062
methods. As shown in Figure 1, our method produces 063
more consistent faces and preserves temporal continuity 064
over time. 065

Temporal Transformer. We compare different Trans- 066
former architectures in Table 1. By aggregating features 067
at multiple time steps using Transformer, we achieve lower 068
FVD for blind video face restoration on VFHQ-Test dataset, 069
meaning that our design is helpful to produce face videos 070
closer the ground truth. Moreover, the FVD is further re- 071
duced by feeding the concatenation of multi-scale (16, 32, 072
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Figure 1. Comparison of temporal stability with other state-of-the-
art methods for face restoration and inpainting on the VFHQ-Test
dataset. We selected a column (red line) along the subject’s eye
and plotted its temporal variations over time. Our method exhibits
significantly mitigated temporal jitter, enhancing spatial consis-
tency across restored frames and preserving temporal continuity
over time.

64) features of the encoder to the Transformer.073

Method SSIM↑ PSNR↑ LPIPS↓ FVD↓

(a) w/o 0.818 28.882 0.265 347.423
(b) single-scale 0.818 28.902 0.264 341.038
(c) multi-scale 0.819 28.929 0.262 336.076

Table 1. Ablation study of temporal Transformer for blind video
face restoration on VFHQ-Test dataset. (a) means no temporal
Transformer. (b) means feeding features with resolution 16 × 16
into Transformer. (c) means feeding concatenation of features with
resolution 16× 16, 32× 32 and 64× 64.

Number of Samples. During inference, we investigate074
the effect of sampling more ŵ from the posterior distribu-075
tion and average the predictions ypred as the final predic-076
tion. The results on VFHQ-Test dataset for blind video face077
restoration are shown in Table 2. We found the performance078
was stable with respect to the number of samples. There-079
fore, to save the computational cost we sample only one ŵ080
in other experiments.081

Codebook Size. We conduct an ablation study to evalu-082
ate codebook capacity using sizes of 256, 512, and 1024083
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Figure 2. Ablation study on multi-scale design on the VFHQ-Test
dataset. The visualized frames are sampled at 10-frame intervals.
The multi-scale temporal design enhances temporal coherence, re-
sulting in consistent gaze alignment for the central subject across
sequential frames.

# ŵ PSNR↑ AKD↓ FVD↓ TLME↓

1 29.099 2.093 336.015 1.107
4 29.103 2.091 332.290 1.099
8 29.104 2.091 334.945 1.102

16 29.104 2.091 333.978 1.102

Table 2. Ablation for number of weight ŵ sampled from poste-
rior distribution during inference for Blind Face Restoration on
VFHQ-Test dataset. The final prediction is obtained by averaging
predicted images decoded from all the sampled ŵ.

entries (Table 3). Increasing the codebook from 256 to 084
512 entries yields substantial improvements: AKD de- 085
creases by 20.5% (2.667→2.121) and FVD by 25.3% 086
(449.907→336.216), indicating enhanced feature represen- 087
tation. Further expansion to 1024 entries provides marginal 088
improvements—AKD decreases by 1.6% (2.121→2.088) 089
and FVD by 0.04% (336.216→336.076)—suggesting per- 090
formance saturation. Notably, all metrics achieve opti- 091
mal values at 1024 entries, justifying this configuration for 092
balancing representational capacity and computational effi- 093
ciency. 094

3. Limitations and Future Work 095

Limitations. Despite demonstrating superior temporal 096
consistency and restoration quality, two limitations remain. 097
First, the sliding window inference strategy restricts tempo- 098
ral context to a local neighborhood (five frames), limiting 099
long-range dependency modeling crucial for videos with 100
abrupt scene changes. Second, the fixed codebook capac- 101
ity may constrain representational diversity, occasionally 102
yielding suboptimal reconstructions of rare facial attributes 103
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Codebook sizes PSNR↑ SSIM↑ LPIPS↓ IDS↑ AKD↓ FVD↓ TLME↓

256 28.033 0.801 0.289 0.889 2.667 449.907 1.203
512 28.916 0.819 0.264 0.907 2.121 336.216 1.110

1024 28.929 0.819 0.263 0.907 2.088 336.076 1.091
Table 3. Ablation for codebook sizes on the VFHQ-Test for blind face restoration.

Figure 3. Comparison of the BVFR on out-of-domain data.
Our approach demonstrates more reasonable results that are more
closely matched to the original images and appear more realistic.
CodeFormer fails to generate reasonable outcomes, and the results
of other methods also have some obvious unreasonable aspects.

or extreme expressions.104

Future Work. Three promising directions emerge: (1)105
Developing adaptive codebook mechanisms that dynam-106
ically adjust code distributions based on video content107
could enhance feature diversity. (2) Extending the tem-108
poral context through hierarchical attention architectures109
may improve long-range dependency modeling. (3) Hy-110
brid approaches integrating diffusion models with our vari-111
ational framework could boost reconstruction fidelity for112
severely degraded inputs while maintaining temporal coher-113
ence.114
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