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Supplementary Material

7. Overview
This supplementary material provides additional technical
details and algorithmic descriptions that complement the
main paper.

8. Mask Embedding
Diffusion-based video editing frameworks typically rely on
a 3D-VAE [20] to encode videos into spatiotemporal latent
tokens. However, existing approaches such as VACE [7] di-
rectly resize the input mask to the latent resolution, which
implicitly assumes a pixel-wise correspondence between
the RGB space and the latent space. Since the 3D-VAE
encodes the video in spatiotemporal blocks with strides
(Fv, Hv,Wv), a simple resize operation does not correctly
reflect whether a latent token corresponds to a masked re-
gion. As a result, the latent-space mask generated through
resizing may incorrectly mark clean regions as masked or
miss fine-grained masked areas.

To obtain an accurate latent-space mask that is consis-
tent with the 3D-VAE’s block-wise encoding, we introduce
a block-wise mask embedding mechanism. Instead of re-
sizing, we determine whether each latent token should be
marked as masked by examining the corresponding entire
spatiotemporal block in the input mask. Specifically, for
every VAE block of size (Fv, Hv,Wv), we aggregate the
binary mask values within the block using a multiplicative
rule:

1−
FvHvWv∏

i=0

(1−mi), (15)

where mi is the binary mask at the i-th position inside the
block. This rule ensures that a latent token is considered
masked if and only if any pixel inside its receptive block is
masked.

The resulting latent-space mask is fully aligned with the
3D-VAE’s tokenization scheme and can seamlessly inte-
grate with our BVI algorithm. Together, they enable precise
identification of essential tokens for selective processing in
YOSE. The full procedure is summarized in Algorithm 2.

9. Details of DiffSim Module
Algorithm 3 provides the detailed pseudocode of our Dif-
fusion Process Simulator (DiffSim). DiffSim is designed
to simulate the diffusion process in DiT while avoiding a
full forward pass through all tokens. Given the noise la-
tent LatNis, the masked-video latentLatmask, and the cor-

Algorithm 2 Mask Embedding

Input: mask ∈ RB×1×F×H×W

Output: Embmask

1: Fv, Hv,Wv: 3D-VAE Stride
2: Num = Fv ×Hv ×Wv

3: mask
reshape⇒

4: Embmask ∈ RB×1× F
Fv

×Fv× H
Hv

×Hv× W
Wv

×Wv

5: Embmask
transpose⇒

6: Embmask ∈ RB×1× F
Fv

× H
Hv

× W
Wv

×Fv×Hv×Wv

7: Embmask
reshape⇒

8: Embmask ∈ RB×1× F
Fv

× H
Hv

× W
Wv

×Num

9: Embmask =
Num−1∏

i=0

(1− Embmask[..., i])

10: return 1− Embmask

responding mask mask, DiffSim produces the selective la-
tent update used by YOSE.
Mask–guided token partitioning. We first convert the
input mask into a latent-space mask using the Mask Em-
bedding function (Alg. 2). The latent tokens are then di-
vided into foreground (to be updated) and background (to
be preserved) subsets using the Batch Variable-length In-
dexing function (BIndex(·), detailed in Alg. 1). This step
yields four index sets. IndF in, IndF out: indices for to-
kens fed into the short branch, IndB in, IndB out: indices
for tokens sampled back into the full-resolution latent. This
partitioning ensures that only tokens relevant to the edited
region will be handled by the DiT-like module.

As shown in Eq. (5), we compute the residual latent
ResNis. Then, using GSample(·), we extract the tokens
corresponding to the foreground region, Stin.

At each iteration, the current latent features are com-
bined with positional information and passed through a
DiT block consisting of attention and feed-forward lay-
ers. The attention mechanism incorporates information
from the simulated latent contexts, while learnable scaling
and bias parameters modulate the intermediate representa-
tions to better align them with the statistics of the target do-
main (Stin). Throughout this process, the model repeatedly
evaluates which tokens require additional updates based on
the mask embedding and the indexing strategy used earlier.
Only those latent tokens that correspond to the masked re-
gions are regenerated and refined. Unmasked tokens remain
fixed, ensuring stability and avoiding unnecessary compu-
tation. The refinement proceeds iteratively until all DiT



blocks have been applied. As a result, the output latent
becomes increasingly consistent with both the valid video
content and the expected diffusion trajectory, enabling the
final reconstruction to better match the underlying spatial-
temporal structures of the masked video.

Algorithm 3 Diffusion Process Simulator

Input: LatNoise,Latmask, mask
Output: out

1: NumD: The Number of DiT Blocks
2: G: Learnable Combining Parameters
3: S: Learnable Scaling Parameters
4: Bias: Learnable Bias Parameters
5: LatNis: The Input Noise Latent
6: Latmask: The Latent of Masked Video
7: Posemb: Position Embedding
8: BIndex(): Function of Batch Varible-length Indexing

(As Mentioned in Alg. 1)
9: GSample(): Function ‘F.grid sample’ in Torch

10: Mask Emb(): Function of Mask Embedding
11: mask = Mask Emb(mask)
12: IndF in, IndB in = BIndex(mask)
13: IndF out, IndB out = BIndex(1−mask)
14: ResNis = LatNis − Latmask

15: Stin = GSample(Latmask, IndF in)
16: for each i ∈ [0, NumD − 1] do
17: Q = Apply(Stin, GSample(Posemb, IndF in))
18: KV = G[i] ∗ Latmask + (1− G[i]) ∗ResNis

19: KV = (1 + S[i]) ∗KV + Bias[i]
20: KV = Apply(KV ∪ Stin, Posemb)
21: Stin = Attn&FFN(Q,K, V )
22: end for
23: out = mask ∗GSample(Stin, IndB in)
24: return out

10. More Details
10.1. Causal Encoding of 3D-VAE
Previous study [22] found that the slight localized blur-
ring and color casts in certain cases were primarily arti-
facts of the 3D-VAE’s causal encoding mechanism. This
mechanism can introduce statistical inconsistencies at mask
boundaries during the latent space transformation, particu-
larly when the content inside the mask is not aligned with
its surroundings. To resolve this, YOSE pre-fills masked
regions with neighboring pixels prior to encoding, thereby
harmonizing feature distributions across boundaries.

10.2. Efficiency Metrics
The Tab. 3 shows a comparison of the speeds of vari-
ous DiT-based methods. We applied YOSE to VACE, a
ControlNet-like DiT-based video editing model. As shown

VACE YOSE (VACE)

Figure 6. Visual Comparison between VACE and YOSE (VACE).

in Fig. 6, the original VACE suffers from mask-shaped
semantic bias, inadvertently generating mask-shaped fore-
ground objects, and significantly altering the background.
After applying YOSE, we discovered that YOSE’s selec-
tive token processing effectively suppresses these unwanted
hallucinations. By focusing computation exclusively on es-
sential tokens within the mask, YOSE prevents the model
from over-interpreting mask semantics, thus achieving the
improvement of success rate in object removal(from 62.2%
to 97.8%). Since the control branch of VACE consumes
significant computation, which cannot be accelerated by
YOSE, the acceleration effect of YOSE on this part is rela-
tively limited.

VideoPainter ROSE VACE YOSE (VACE) Minimax YOSE (Minimax)

0.402 1.066 0.308 0.417 9.515 24.509

Table 3. Efficiency Metrics (FPS).

10.3. Relative Performance Change Analysis
As shown in the scatter plot (Fig. 7), we measured the Rel-
ative Performance Change (γ /%) across 180 cases in two
datasets. 76.1% of cases fall within the mask ratio range
of 0–25%, exhibiting minimal fluctuations in visual quality.
As the mask ratio increases, the amplitude of fluctuations
begins to grow, ±25%. Notably, the vast majority of cases,
about 75%, fluctuate within a range of ±5%, which demon-
strates YOSE’s high robustness and stability across diverse
removal scenarios.
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Figure 7. Relative Performance Change Analysis.
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