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APPENDIX

A EXPERIMENTAL DETAILS

We use an NVIDIA RTX 6000 Ada graphics card for all training and inference tasks.

A.1 MULTI-TO-MULTI

In the Multi-to-Multi setting, we utilize the DDIM Inversion scheduler (Song et al., 2020) with 50
inversion steps for all methods. We use Stable Diffusion v1-51 as the pre-trained multi-step model.

FLATTEN (Cong et al., 2024). We use the official PyTorch implementation of FLATTEN2, fol-
lowing the settings from the original paper. We set the guidance scale to 20 and use 50 sampling
steps.

TokenFlow (Geyer et al., 2023). We use the official PyTorch implementation of TokenFlow3. Fol-
lowing the paper’s methodology, we utilize Plug-and-Play editing (Tumanyan et al., 2023) and set
the guidance scale to 7.5 with 50 sampling steps.

FRESCO (Yang et al., 2024). We use the official PyTorch implementation of FRESCO4. As recom-
mended in the paper, we use ControlNet with HED conditioning5, 20 sampling steps, and a guidance
scale of 7.5. We select a keyframe every 8 frames and use EbSynth6 for propagation and final editing.

RAVE (Kara et al., 2024). We use the official PyTorch implementation of RAVE7. Following the
paper, we employ a ControlNet conditioned on depth maps8 with a grid size of 3, a guidance scale
of 7.5, and 50 sampling steps.

COVE (Wang et al., 2024). We use the official PyTorch implementation of COVE9. Following the
settings from the paper, we set the guidance scale to 7.5, the DIFT up-sampling index to 7.5, the
window size to 7, the correspondence-guidance scale to 3, and the token merging ratio to 50%.

A.2 MULTI-TO-ONE

In the Multi-to-One setting, we use DMD2 (Yin et al., 2024) as our pre-trained one-step model.
For all methods, we use the DDIM Inversion scheduler (Song et al., 2020) with 50 inversion steps.
Inference is performed in a single step for all experiments in this setting.

Prompt Replacement. This baseline method involves replacing the source prompt (e.g., “A photo
of a dog”) with the target prompt (e.g., “A photo of a cat”).

Prompt-to-Prompt (Hertz et al., 2023). We use the official PyTorch implementation of Prompt-to-
Prompt10. For our evaluation, we only replace the cross-attention maps, as we found that replacing
self-attention maps significantly degraded image quality.

ControlNet (Depth) (Zhang & Agrawala, 2023). We use a pre-trained ControlNet model for depth
conditioning from Hugging Face11. We set the ControlNet injection parameter to 0.8.

ControlNet (Canny) (Zhang & Agrawala, 2023). We use a pre-trained ControlNet model for Canny
edge conditioning from Hugging Face12. We set the ControlNet injection parameter to 0.8.

1https://huggingface.co/runwayml/stable-diffusion-v1-5
2https://github.com/yrcong/flatten
3https://github.com/omerbt/TokenFlow
4https://github.com/williamyang1991/FRESCO
5https://huggingface.co/lllyasviel/sd-controlnet-hed
6https://github.com/jamriska/ebsynth
7https://github.com/RehgLab/RAVE
8https://huggingface.co/lllyasviel/sd-controlnet-depth
9https://github.com/wangjiangshan0725/COVE

10https://github.com/google/prompt-to-prompt
11https://huggingface.co/lllyasviel/sd-controlnet-depth
12https://huggingface.co/lllyasviel/sd-controlnet-canny
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Plug-and-Play (Tumanyan et al., 2023). We use the official PyTorch implementation of Plug-and-
Play13. We inject the spatial features from the convolutional layers of the U-Net, as described in the
paper.

A.3 ONE-TO-ONE

In the One-to-One setting, both inversion and sampling are performed in a single step using one-step
models.

VEDIS (Ours). We use our trained VEDIS encoder for one-step inversion, passing the predicted
noise directly to the DMD2 (Yin et al., 2024) one-step diffusion model. In this setting, edits are
performed using only the target text prompt, as our inversion encoder is designed to preserve the
structure of the source image.

Table 1: Ablation on noise injection parameter λnoise.

λnoise
Structure

Distance (↓)
CLIP

Whole (↑)
CLIP

Edit (↑)

0.0 0.087 21.797 19.884
0.1 0.064 22.329 20.416
0.2 0.068 22.314 20.406
0.3 0.075 22.449 20.422
0.4 0.085 22.531 20.402
0.5 0.101 22.641 20.424

B ABLATION ON PROMPT PERTURBATION

Table 1 presents an ablation study on the noise injection parameter for the SAE loss. The results in-
dicate that a parameter of 0.1 achieves the lowest structure distance, signifying the best preservation
of the source content’s geometry. Conversely, as the injection parameter increases, the CLIP score
also rises. This suggests a trade-off: a larger parameter pushes the inverted latent to be more editable
and better aligned with the target prompt, but at the cost of structural fidelity. Given that our primary
objective is to perform edits while faithfully preserving the original structure, we set this parameter
to 0.1 for our main experiments.

C ENCODER TRAINING

We trained the inversion encoder for 72 hours using a batch size of 6. The weight for the SAE loss,
λsae, was set to 1. For optimization, we used the AdamW (Kingma, 2014) optimizer with a learning
rate of 1e-05, betas of (0.9, 0.999), an epsilon of 1e-8, and a weight decay of 1e-2. The loss curves
during training are visualized in Figure 1 and 2.

Table 2: Ablation of Anchor methods (90 Frames).

Anchor method
90 Frames

SC BC MS AQ IQ BQS

Random 0.950 0.963 0.987 0.670 0.723 0.673
First 0.958 0.962 0.988 0.670 0.723 0.675
Pixel-Centroid 0.957 0.962 0.988 0.670 0.723 0.675
Pixel-Medoid 0.957 0.964 0.988 0.670 0.723 0.675
DINO-Medoid 0.958 0.965 0.989 0.670 0.723 0.676
CLIP Top-1 0.957 0.963 0.988 0.670 0.723 0.675
Hybrid 0.956 0.962 0.988 0.670 0.723 0.675

13https://github.com/MichalGeyer/plug-and-play
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D ANCHOR ABLATION

To determine the optimal anchor selection strategy, we conducted an ablation study comparing our
chosen method against seven alternatives. The evaluated methods include: 1) Random, which selects
a random frame; 2) First, which always uses the initial frame; 3) Pixel-Centroid, which selects the
frame closest to the pixel-wise mean of all frames; 4) Pixel-Medoid, which selects the frame min-
imizing the sum of pixel-wise distances to all other frames; 5) DINO-Medoid, which identifies the
medoid in the DINO (Caron et al., 2021) feature space; 6) CLIP Top-1, which selects the frame with
the highest CLIP (Radford et al., 2021) similarity to the source prompt; and 7) Hybrid, which con-
siders both DINO and CLIP scores. The ablation was performed on 90-frame videos to capture the
long-term effects of the anchor choice. As shown in Table 2, the DINO-Medoid strategy consistently
yielded the best performance, achieving the highest scores across our metrics.

E ABLATION ON SLIDING WINDOW AND ANCHOR

In this section, we conduct an ablation study on the sliding window size and stride to find the optimal
balance between editing quality and processing speed. As shown in Table 3, a window size of 7 and
a stride of 5 (with an anchor) provides a strong trade-off, which we adopt for our main experiments.

Table 3: Ablation on Unified-Frame-Editing on 90 Frame videos.

Window
size w Stride

w/o Anchor w/ Anchor

SC BC MS AQ IQ BQS FPS SC BC MS AQ IQ BQS FPS

1 1 0.931 0.948 0.980 0.680 0.723 0.668 20.925 0.943 0.950 0.985 0.680 0.722 0.669 15.332

3 1 0.950 0.962 0.988 0.676 0.723 0.676 11.646 0.958 0.966 0.988 0.010 0.723 0.679 8.698

5
1 0.952 0.963 0.988 0.674 0.722 0.676 7.068 0.957 0.965 0.988 0.010 0.723 0.678 5.644
3 0.952 0.962 0.987 0.673 0.722 0.675 17.409 0.958 0.963 0.988 0.010 0.723 0.677 14.324

7
1 0.954 0.964 0.988 0.670 0.722 0.674 4.769 0.957 0.966 0.988 0.010 0.723 0.677 3.959
3 0.954 0.963 0.988 0.671 0.722 0.674 12.354 0.957 0.964 0.988 0.010 0.723 0.676 10.551
5 0.954 0.963 0.988 0.672 0.723 0.675 18.140 0.958 0.962 0.988 0.010 0.723 0.676 15.793

9

1 0.955 0.963 0.989 0.669 0.723 0.674 3.351 0.957 0.963 0.989 0.010 0.723 0.675 2.870
3 0.954 0.962 0.988 0.670 0.723 0.674 9.203 0.957 0.961 0.988 0.010 0.723 0.675 7.886
5 0.954 0.965 0.988 0.669 0.723 0.674 13.862 0.957 0.964 0.988 0.010 0.723 0.676 12.109
7 0.955 0.964 0.988 0.670 0.723 0.674 17.599 0.958 0.964 0.988 0.010 0.723 0.676 15.614

F UNIFIED-FRAME EDITING

We prepare the sequence for sliding window processing. To ensure sufficient context for boundary
frames, we apply reflect padding to the sequence of inverted latents V̂T

K = (ẑT0 , . . . , ẑ
T
K−1). Let

p = (w − 1)/2 be the padding size (for an odd w). The padded sequence V̂T
pad is constructed as:

V̂T
pad = (ẑTp , . . . , ẑ

T
1︸ ︷︷ ︸

left reflection

, ẑT0 , . . . , ẑ
T
K−1︸ ︷︷ ︸

original

, ẑTK−2, . . . , ẑ
T
K−1−p︸ ︷︷ ︸

right reflection

)

The padded sequence is processed to generate a series of output segments. The total number of
segments, Nw, is given by Nw = ⌈K/s⌉. For each segment index i ∈ {0, 1, . . . , Nw − 1}, we first
extract a window of w latents from the padded sequence. These are spatially concatenated to form
the window map WT

i :

WT
i = Concat(ẑi·s, . . . , ẑi·s+w−1, axis = 2)

The final input for the generator, W ′T
i , is then constructed by prepending the anchor latent ẑTA to this

window map:
W ′T

i = Concat(ẑTA,W
T
i , axis = 2)

The generator processes this input, producing a unified output map W ′0
i = Gθ(W

′T
i , cedit). From

this output, we first discard the initial portion corresponding to the anchor frame to get W 0
i :

W 0
i = W ′0

i [:, :,W :] (Dimensions: RC×H×(W ·w))
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Next, we extract the central s frames from W 0
i to form the final segment Si:

Si = W 0
i [:, :,W · offset : W · (offset + s)] (where offset = (w − s)/2)

After generating all Nw segments, they are concatenated. The resulting map is truncated to the
original length of K frames to form the final edited latent map, Z0

edit:

Z0
edit = Truncate(Concat(S0, S1, . . . , SNw−1, axis = 2),K).

Finally, this unified map is partitioned back into a sequence of individual frame latents:

ẑ0kedit
= Z0

edit[:, :, k ·W : (k + 1) ·W ] for k = 0, . . . ,K − 1.

The final edited video, V0
edit, is the sequence of these K latents:

V̂0
edit = (ẑ00edit , ẑ

0
1edit

, . . . , ẑ0K−1edit
).
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Figure 1: Graph of MSE loss while training.

Figure 2: Graph of SAE loss while training.
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