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The supplementary material contains: 1) detailed per-
formance comparisons on three subsets of AIGC-Vid; 2)
more comparisons on YouHQ40 [9]; 3) validation on dif-
ferent key-frame selections; 4) validation on different im-
age reference generation approaches; 5) visualization re-
sults of GenVE by using different noise levels; 6) analy-
sis of model complexity; 7) more visualization comparisons
on the YouHQ40, VideoLQ [2], and AIGC-Vid datasets; 8)
hard case analysis with significant scene change.

1. Detailed Performances on AIGC-Vid

We build AIGC-Vid by exploiting three text-to-video (T2V)
advances, i.e., ModelScope [8], LaVie [7], VideoCrafter [3]
to generate videos with 93 text prompts in VBench [5].
Thus, AIGC-Vid contains 279 videos for evaluation in total.
Table 1 details the performances of video enhancement on
the three video subsets synthesized by different T2V mod-
els. GenVE achieves the best performances across all met-
rics on the subsets of ModelScope and VdieoCrafter.

2. More Comparisons on YouHQ40

In Table 2, we report the performances on four more eval-
uation metrics (i.e., Ewarp [], PSNR, SSIM and LPIPS)
across different methods on YouHQ40. GenVE achieves
the lowest flow warping error Ewarp (i.e., 2.188) among all
methods, verifying the efficacy of GenVE on keeping better
temporal coherence. In terms of PSNR and SSIM, default
GenVE may exhibit sub-optimal performances. Neverthe-
less, we can adjust the degree of video fidelity via using
different noising step T1 in our GenVE. When decreasing
T1 from 900 to 600, GenVE achieves 23.84dB PSNR on
YouHQ40, which attains an improvement of 5.30dB.

*Co-corresponding author.

Table 1. Performance comparisons in terms of MUSIQ, DOVER
and CLIP-IQA on the three video subsets (ModelScope, LaVie,
VideoCrafter) of AIGC-Vid.

Generation Enhancement MUSIQ↑DOVER↑CLIP-IQA↑

ModelScope

DATSR [1] 47.40 53.63 0.5124
LaVie-SR [7] 58.43 68.90 0.6080

Upscale-A-Video [9] 55.08 68.24 0.5803
VEnhancer [4] 58.89 68.99 0.5460

GenVE 59.31 69.53 0.6107

LaVie

DATSR [1] 61.20 60.89 0.6123
LaVie-SR [7] 64.22 78.76 0.6603

Upscale-A-Video [9] 60.58 75.30 0.6207
VEnhancer [4] 65.63 77.86 0.6639

GenVE 65.44 77.87 0.6675

VideoCrafter

DATSR [1] 63.84 57.26 0.6368
LaVie-SR [7] 68.47 82.88 0.6989

Upscale-A-Video [9] 64.33 78.99 0.6646
VEnhancer [4] 68.39 82.54 0.6925

GenVE 68.93 83.72 0.7011

3. Different Key-frame Selection

To determine the best key frame selection strategy, we ex-
perimented by using different key frames in GenVE, and
summarize the results in Table 3 . The performance dif-
ferences between using the first, middle and last frame of
the input video are negligible. We speculate that the results
are contributed by our masking augmentation which makes
GenVE not highly sensitive to the reference visual contents.
Thus, we empirically select the first frame for high-quality
image reference generation.

4. Different Image Reference Generation

To investigate the influence of image reference generation,
we conduct another run of replacing our semantics-aligning
image diffuser with a CNN-based super-resolution (SR)
model, i.e., ESRGAN [6]. As shown in the lower part of
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Table 2. Performance comparisons in terms of Ewarp, PSNR, SSIM and LPIPS on YouHQ40.

Metrics LaVie-SR[7] Upscale-A-Video[9] VEnhancer[4] GenVE
Ewarp(×10−3) [] ↓ 7.777 2.401 2.230 2.188

PSNR ↑ 22.32 25.83 17.63 18.45
SSIM ↑ 0.527 0.733 0.471 0.484
LPIPS ↓ 0.476 0.268 0.541 0.518

Table 3, GenVE outperforms such “CNN-based SR + Dif-
fusion” paradigm across all three metrics on YouHQ40, ver-
ifying the efficacy of semantics-aligning image diffuser for
image reference enhancing. Compared to CNN-based SR
models, diffusion models excel at synthesizing images with
superior aesthetic quality and finer details, which benefits
the texture aligning and transferring in video enhancement.

5. Different Noise Levels
In addition to the investigation of noise level n on the im-
age reference as mentioned in Sec. 4.3 of the main paper,
we further study the noise level T1 on the up-sampled low-
quality video latent in the forward diffusion process. Fig-
ure 1 showcases five video enhancement results of GenVE
by using different noise levels T1 on YouHQ40. As ob-
served in the figure, exploiting higher noise levels makes
GenVE generate more fine-grained details, and achieves
better visual quality. Nevertheless, when the noise level T1

equals to 1, 000, GenVE tends to hallucinate some extra vi-
sual contents (e.g., messy textures of the house wall in the
1st and 2nd cases), which jeopardizes the spatial fidelity.
Therefore, we empirically set T1 as 900 to seek a good bal-
ance between video quality and spatial fidelity.

6. Model Complexity
We report the model complexity comparisons in Table 4.
All models are tested on YouHQ40 with a single NVIDIA
H100 GPU. Compared to the best competitor VEnhancer,
GenVE leads a comparable TFLOPs/runtime of 102.3/3.37s
per denoising step. The extra TFLOPs/runtime brought by
image diffusion and augmentation in GenVE are 6.0 and
0.04s, accounting for a small part of computation.

7. More Visualization Comparisons
In Figure 2, 3 and 4, we further present six visualization
cases on three datasets for comparison. Overall, the videos
generated by GenVE attain better visual quality and contain
more fancy local details. We also provide a video demo of
the comparisons (file “GenDemo.mp4”) for more details.

8. Hard Case Analysis
Additionally, we provide two hard cases with signifi-
cant scene change (files of “HardCase1.mp4” and “Hard-
Case2.mp4”). In each video, the left part is the low-quality
video input and the right part is the enhanced result by

GenVE. The region in the red box is presented in the zoom-
in view. As shown in the two cases, GenVE well enhances
videos under extreme scenarios, verifying the merit of our
semantic and texture alignment. Note that there are some
minor inconsistencies when handling over-exposed video as
shown in the case of “HardCase2.mp4”. We will further ex-
plore the feasibility of introducing additional lighting-aware
conditions in our model to address this issue in the future.



Table 3. Ablation studies of using different key frames and image reference generation approaches on YouHQ40.

Ablation Setting MUSIQ ↑ DOVER ↑ CLIP-IQA ↑

Key-frame selection
1st frame (GenVE) 69.93 83.50 0.596

15th frame 70.05 83.48 0.596
30th frame 69.93 83.56 0.595

Image reference generation ESRGAN [6] 68.19 80.12 0.557

Table 4. Comparisons of model complexity on YouHQ40. (All runs are tested on a single NVIDIA H100 GPU.)

Model # of Params TFLOPs Memory Runtime (per step) MUSIQ ↑
LaVie-SR[7] 0.36B 18.5 19G 0.35s 64.17
Upscale-A-Video[9] 0.36B 18.5 18G 1.00s 63.69
VEnhancer[4] 2.0B 101.1 42G 3.29s 68.99
GenVE 2.0B 102.3 58G 3.37s 69.93
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T1 = 700 T1 = 800 T1 = 900 T1 = 1000

Figure 1. Five video enhancement results of GenVE by using different noise levels T1 in forward diffusion process on YouHQ40.
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Figure 2. Two visual examples of video enhancement results by different approaches on videos from YouHQ40. The region in the red box
is presented in the zoom-in view for comparison.
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Frame t Frame t+7 Frame t+14 Frame t+21

Figure 3. Two visual examples of video enhancement results by different approaches on videos from VideoLQ. The region in the red box
is presented in the zoom-in view for comparison.
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Figure 4. Two visual examples of video enhancement results by different approaches on videos from AIGC-Vid. The region in the red box
is presented in the zoom-in view for comparison.
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