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Appendix A Experiments

Appendix A.1 Experiment Details

Implementation Details. We employ Stable Diffusion V1.5 [1] and ControlNet V1.0 [2] with canny edge maps, HED

boundary, and depth maps as our base models. To perform frame interpolation, we utilize a trained video interpolation

model named RIFE [3]. For the dataset, we gather object-centric videos from DAVIS [4] and Pexels following [5, 6]. We

collect 30 cases for the experiment. The source videos are truncated to the first 48 frames, with 512× 512 resolution. We

manually annotate source and target prompts. The source prompts provide simple video descriptions, while the target

prompts involve replacing or adding specific words to indicate the desired edits. We divide the editing task into three

categories: the replacement of the attributes of foreground objects, style transfer, and background replacement. Style

transfer is a global editing task, where we do not use masks for the latent fusion module. We empirically observe that

performing naive latent fusion in the late stages of the generation process can lead to poor object boundaries, so we design

different fusion strategies for different editing tasks and invoke it only in the first T1 timesteps, which denotes the timestep

that we disable the latent fusion strategy.

• Replacement of the attributes of the foreground objects: we fuse masks for the first 40 steps for preserving the

background and fuse latent states of source frames for the first 30 steps for maintaining the details of the foreground object

empirically, i.e., T0 = 30, T1 = 40, and we set γ = 0.97.

• Style transfer: we do not fuse masks in the task and fuse latent states of source frames for the first 10 steps for providing

rough source information, i.e.,T0 = 0, T1 = 10, and we also set γ = 0.97.

• Background replacement: we fuse masks for preserving foreground and fuse latent states of source frames for the first

10 steps for providing rough source information, i.e.,T0 = 0, T1 = 20, and γ = 0.97.

Baselines. We take T2V-Zero [9], ControlVideo-I [10], and ControlVideo-II [5] as baselines, which are all ControlNet-based

video editing methods for fair comparisons. The rationale for not taking FateZero [6] and Tune-A-Video [8] as baselines was

their lack of use of ControlNet, and we aspire to a fair comparative analysis. Besides, ControlVideo-II has an additional

fine-tuning process to update the attention module. We integrate DDIM inversion into T2V-Zero and ControlVideo-I to

perform video editing rather than video generation. Additionally, we reimplement ControlVideo-II for longer video editing.

We employ a DDIM sampler with 50 steps, classifier-free guidance of magnitude 12, and a default control scale of 1 for all

approaches.

Metrics. Following [5–7], we compute CLIP-Text, which is the average of the CLIP feature similarities between the

generated frames and the target prompt and indicates the video-text alignment. We also compute CLIP-Temp, which is

the average of the CLIP feature similarities of consecutive frame pairs in the generation and indicates temporal consistency.

We further propose CLIP-SE to assess the fidelity of the source video by computing the average of the CLIP feature

similarities between all pairs of source and edited frames. We empirically discover that CLIP-Temp cannot reliably identify

the video flickering issue, so we introduce Con-L2 as a supplementary metric, by calculating pixel-wise L2 distance of all

consecutive frame pairs in the edited video. In addition to objective metrics, we also conduct a user study to assess the

alignment of the edited video quality with human preferences, covering text alignment, fidelity to the source video, temporal

consistency, and overall impressions.

In the user study, a total of 15 participants took part in the survey. We evaluated the quality of the videos based on

four dimensions: text alignment (Text), fidelity (FL), temporal consistency (TC), and overall impression (Overall). The

participants first watched the original video and became acquainted with the editing target, and then selected the best

video for each criterion in each case. After the survey concluded, we computed the ratio of each criterion to the total count

for comparison purposes.
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