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Figure 1: With ZeroPatcher, a text-to-video generative model can achieve video inpainting and video
editing without any finetuning.

Abstract

Video inpainting and editing have long been challenging tasks in the video genera-
tion community, requiring extensive computational resources and large datasets to
train models with satisfactory performance. Recent breakthroughs in large-scale
video foundation models have greatly enhanced text-to-video generation capa-
bilities. This naturally leads to the idea of leveraging the prior knowledge from
these powerful generators to facilitate video inpainting and editing. In this work,
we investigate the feasibility of employing pre-trained text-to-video foundation
models for high-quality video inpainting and editing without additional training.
Specifically, we introduce a model-agnostic denoising sampler that optimizes the
trajectory by maximizing the log-likelihood expectation conditioned on the known
video segments. To enable efficient dynamic object removal and replacement, we
propose a latent mask fuser that performs accurate video masking directly in latent
space, eliminating the need for explicit VAE decoding and encoding. We imple-
ment our approach in widely-used foundation generators such as CogVideoX and
HunyuanVideo, demonstrating the model-agnostic nature of our sampler. Compre-
hensive quantitative and qualitative evaluations confirm that our method achieves
outstanding video inpainting and editing performance in a plug-and-play fashion.

1 Introduction

Given an input video and a dynamic mask, video inpainting or editing tasks require models to render
the masked regions according to user specifications. As a long-standing challenge in video research,
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this problem has been approached through various paradigms, including transformers (44; 17) and
diffusion models (42; 15). Recent advances in foundational video generators (33; 38; 28), particularly
through large diffusion transformers, have significantly improved video generation capabilities. This
progress naturally suggests leveraging these powerful foundation models to advance video inpainting
and editing. However, effectively utilizing their conditional generation abilities for these tasks
would typically demand substantial computational resources for training, given their massive scale.
Furthermore, as foundation models continue to evolve, traditional approaches relying on extensive
fine-tuning will face increasing challenges in adapting to new video generators. An alternative
solution is to employ these video generators as data priors, enabling task resolution in a training-free
manner.

Recent research has extensively explored methods for enabling conditional generation in image
diffusion models. For inpainting tasks where significant portions of the image are unavailable, current
approaches typically employ back-projection operations (32) to incorporate information from known
regions. However, this process does not directly estimate the conditional denoising distribution and
may fail when the generation trajectory substantially deviates from the known data (32).

In this work, we introduce ZeroPatcher, a novel training-free approach that unlocks video inpainting
capabilities in text-to-video foundation models. Our method is theoretically model-agnostic and com-
patible with diffusion-based video generators. To approximate the conditional denoising distribution,
we propose conditional denoising expectation maximization (CD-EM), which formulates an EM
problem over the denoising trajectory conditioned on known data. The framework consists of an
expectation step implemented through Monte-Carlo sampling and a maximization step solved via
fixed-point iteration. We further establish the uniqueness of the fixed point in the maximization step
through theoretical analysis. While existing methods inject known information by pixel replacement
at each denoising step, this approach is incompatible with prevalent latent diffusion models that
cannot perform precise masking in latent space. To overcome this limitation, we present a mask fuser
- a lightweight convolutional architecture that enables accurate dynamic masking in latent space.

We perform extensive evaluations on the DAVIS (22) and YouTube-VOS (35) datasets to assess both
the inpainting and editing capabilities of our method. By leveraging the generative power of modern
video foundation models, our approach achieves performance competitive with trained inpainting
models. Furthermore, we demonstrate ZeroPatcher’s video editing potential, showing superior ability
to modify object shapes while maintaining surrounding content compared to existing methods. Our
key contributions are:

• We introduce ZeroPatcher, a training-free framework that adapts video diffusion models
for video inpainting and editing. The proposed latent mask fuser enables dynamic video
masking directly in latent space.

• We present conditional denoising expectation maximization (CD-EM) to optimize sampling
trajectories using known video regions as guidance, accompanied by theoretical analysis
proving solution uniqueness and convergence.

• Comprehensive experiments demonstrate our method’s model-agnostic nature and compet-
itive performance against trained approaches across various video inpainting and editing
tasks.

2 Related Works

2.1 Video generative models

Recent advances in generative learning methods, including autoregressive models (29), diffusion
models (32; 26; 21), and flow matching models (19), have significantly enhanced video generation
capabilities. Early approaches focused on learning video distributions in pixel space, with Video
Diffusion Model (12) pioneering the application of diffusion denoising to this domain. Subsequent
works like Make-A-Video (25), PYoCo (8), and Imagen Video (10) integrated large language models
to enable text-to-video generation. To address the high dimensionality of video data, recent research
has shifted toward latent space learning. VideoGPT (37), combining VQ-VAE (6) with transformer-
based next-token prediction, established an early benchmark for latent video modeling. He et
al. further advanced this direction by employing diffusion models to approximate latent video
distributions, giving rise to latent video diffusion models (9; 43; 34; 2; 1; 31; 3; 4). CogVideoX (38)
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introduced diffusion transformers and temporal-compressed video VAEs, substantially improving
motion complexity. With growing datasets and computational resources, large-scale video generators
(28; 33) are now achieving unprecedented video generation quality.

2.2 Video inpainting and editing

Video inpainting and editing represent crucial downstream applications in video generation research.
For video inpainting, E2FGVI (16) employs optical flow to guide the inpainting process, while
ProPainter (44) utilizes a transformer architecture to expand the perceptual field. More recently, Zhang
et al. (42) introduced diffusion models to video inpainting by training a UNet for masked conditional
denoising. The rapid advancement of foundation models has similarly propelled progress in video
editing. Approaches like FateZero (23) and VideoP2P (18) leverage diffusion inversion and attention
map control for content swapping while preserving backgrounds, whereas VideoComposer (30) trains
an editing-compatible generator. However, these methods rely on architecture-specific properties. In
this work, we investigate a model-agnostic approach that enables text-to-video generators to perform
inpainting and editing through theoretical sampling analysis.

3 Method
3.1 Preliminatry

Diffusion model Given a video x0 ∼ p(x0),x0 ∈ Rt×h×w×c, where t, h, w are temporal and
spatial dimensions and c is the latent channel size. Generative models approximate this distribution
through a series of Markovian diffusion and denoising transitions (12; 26; 21; 27). The forward and
backward diffusion processes are defined as:

q(xt|x0) = N (xt|
√
αtx0, (1− α)I) (1)

q(xt−1|xt,x0) = N (xt−1|µ(xt,x0), σ
2
t I), (2)

where xt denotes the noisy data at timestep t = 1, 2, · · · , T , and the mean µ(xt,x0) is a linear combi-
nation of xt and x0. A diffusion model is trained to iteratively denoise samples starting from Gaussian
noise xT ∼ N (xT |0, I). The model learns to approximate the reverse diffusion process conditioned
on y (e.g. textual prompts) through the distribution pθ(xt−1|xt, y) = N (xt−1|µθ(xt, y),Σθ(xt), y).
For notational simplicity, we will generally omit the explicit conditioning on y in subsequent sections.
The diffusion model is parameterized to predict the clean data fθ(xt) ≃ x0. Using this trained model,
we can approximate the denoising distribution by substituting the ground truth x0 with the model’s
prediction: pθ(xt−1|xt) = q(xt−1|xt, fθ(xt)). Specifically, the learned denoising distribution is

pθ(xt−1|xt) = N (xt−1|µ(xt, fθ(xt)), σ
2
t I). (3)

Training-free image inpainting The back-projection method (32; 7) has emerged as a prevalent
approach for zero-shot image inpainting. This method employs a linear degradation operator A,
where the degraded observation is given by xa

0 = A†Ax0. Common degradation operators include
masking, downsampling, and monochromatization. The complete image can be decomposed into
orthogonal components:

x0 = A†Ax0︸ ︷︷ ︸
rangespace

+(I−A†A)x0︸ ︷︷ ︸
nullspace

, (4)

where A† is the pseudo inverse of A such that AA†A = A. The range space component represents
the preserved information in the degraded observation, while the null space component contains the
missing information to be recovered. In training-free inpainting, we assume access to xa

0 but not the
original x0. The key idea is to leverage a pretrained diffusion model fθ(·) to estimate the null space
component during denoising. DDNM (32) proposes a back-projection step that enforces consistency
with the observed data:

f̂θ(xt) = (I−A†A)fθ(xt) +A†xa
0 . (5)

This formulation ensures the diffusion model only predicts in the null space of A while perfectly
preserving the range space component xa

0 in the final output.
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Figure 2: An illustration of the sampling process with conditional denoising expectation maximization
(CD-EM) and back-projection method. In each sampling step, we first use CD-EM to optimize the
sampling trajectory with the guidance of the known data. Then we inject known information through
back-projection method.

3.2 Formulation

Consider a data instance x0 = {xa
0 ,x

b
0},x0 ∈ Rd composed of masked xb

0 and unmasked components
xa
0 , where the partitioning is defined by a binary mask m ∈ Zd,mi ∈ {0, 1},xa

0 = {xi
0|mi =

0},xb
0 = {xi

0|mi = 1}. This mask-based partitioning extends naturally to noisy data xt at any
timestep t. Given a pretrained diffusion model fθ(·) that estimates clean data from noisy inputs
fθ(xt), our goal is to recover xb

0 through conditional denoising while preserving xa
0 starting from xT .

3.3 Conditional denoising expectation maximization

For inpainting tasks, we observe the ground truth denoising trajectory for known segments xa
t .

Current back-projection methods sample from pθ(xt−1|xa
t ,x

b
t) (32; 12), where xb

t represents noisy
inpainting results. However, this approach suffers from two key limitations:

• The estimation is biased from the true conditional denoising distribution pθ(xt−1|xt,x
a
0).

While diffusion models approximate the unconditional distribution pθ(xt−1|xt). learning
the conditional variant requires additional training.

• The method only leverages information from xa
t at noise level t, ignoring less noisy versions

(e.g. xa
t−1) that contain more reliable information.

Since pretrained text-to-video diffusion models lack explicit conditional generation capabilities,
we circumvent the need for pθ(xt−1|xt,x

a
0) by reformulating the sampling process as a maximum

likelihood estimation problem. The pipeline of the method is presented in fig. 2. Our proposed
conditional denoising expectation maximization (CD-EM) method optimizes the sampling trajectory
to maximize the joint likelihood We aim to follow a sampling trajectory that maximizes the likelihood
pθ(x

a
t−1,x

b
t−1|xt). Within this likelihood, xb

t−1 denotes the unknown masked component. While
xa
t−1 =

√
αt−1x

a
0 +
√
1− αt−1ϵt−1 represents the known unmasked ones. The expectation of the

log-likelihood is defined as:

Q(xt|xold
t ) =

∫
xb
t−1

pθ(x
b
t−1|xold

t ) log pθ(x
a
t−1,x

b
t−1|xt)dx

b
t−1 (6)

We use xold
t to denote the old noisy latent in the previous EM step. In eq. (6), sampling from

pθ(x
b
t−1|xold

t ) requires neural network forward propagation and thus the integration is intractable.
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We can approximate it with Monte-Carlo integration:

Q(xt|xold
t ) ≃

N∑
i

log pθ(x
a
t−1,x

b,i
t−1|xt), (7)

where xb,i
t−1 is sampled from pθ(x

b
t−1|xold

t ) and N is the number of samples. Since the likelihood
term is Gaussian. We analytically express the approximated expectation and our objective:

Q(xt|xold
t ) ≃ − 1

2σ2
t−1

N∑
i

∥(xa
t−1,x

b,i
t−1)− µ(xt, fθ(xt))∥22 (8)

x∗
t = argmin

xt

∥(xa
t−1,x

b,i
t−1)− µ(xt, fθ(xt))∥22. (9)

Given this, we can optimize the conditional denoising trajectory by iteratively computing and
maximizing the expectation. This method demonstrates two advantages:

• We does not need to spend additional training to approximate pθ(xt−1|xt,x
a
0). Therefore,

our method is training-free and model-agnostic.
• Instead of using xa

t as the condition for the denoising step. CD-EM utilizes xa
t−1 which is

less noisy and therefore provides a more reliable guidance.

3.4 Solving the maximization

In this section, we present our approach to maximize the expectation in eq. (9). The objective is to
find a xt that satisfies:

(xa
t−1,x

b,i
t−1)− µθ(xt) = (xa

t−1,x
b,i
t−1) + c1t−1xt + c2t−1fθ(xt) = 0, (10)

where c1t−1, c
2
t−1 are constant coefficients. Since this equation cannot be solved analytically due to

the neural network function fθ(·). In alternative, we propose to employ fixed point iteration to obtain
an approximate solution. A special case is when N = 1, the iteration formula becomes:

xt ← −
(xa

t−1,x
b,1
t−1) + c2t−1fθ(x

′

t)

c1t−1

. (11)

We find N = 1 is able to get plausible results while maintaining computational efficiency. The
complete deduction and the matrix formation when N > 1 are provided in the appendix. The
effectiveness of our fixed point iteration method depends on solution uniqueness and convergence.
We establish these properties if the used diffusion model is well trained and N = 1.
Theorem 3.1. Given a diffusion model fθ(·), a noisy latent xt, and a future step known data xa

t−1. If
the diffusion model is well trained with Lipschitz constant Ls. The score function s(·) is approximated
through sθ(xt) ≃ s(xt|x0). The approximation satisfies

∥sθ(x1
t )− sθ(x

2
t )∥2 < Ls∥x1

t − x2
t∥2, (12)

where x1
t ∈ Rd and x2

t ∈ Rd are two arbitrary noisy samples. Then there is a noise schedule
{α0, · · · , αT }, {σ0, · · · , σT } and an ending timestep t0. For T ≥ t ≥ t0, the iteration xt ←
−
(
(xa

t−1,x
b,1
t−1) + c2t−1fθ(xt)

)
/c1t−1 converges to a unique fixed point.

The proof of theorem 3.1 is shown in the appendix. This theorem guarantees that CD-EM can
effectively optimize the noisy latent xt through fixed point iteration. Let K denote the number of
fixed point iterations and let P denote the number of EM iterations. While our method involves
both Monte Carlo integration and fixed point iteration, experiments demonstrate that high-quality,
consistent results can be achieved with N = 1,K = 1, P = 2 without significant computational
overhead. Notably, when using 1 step of fixed point iteration, no additional neural network forward
passes are required.

3.5 Sampling with CD-EM

Our method operates independently or with back projection techniques (32). As shown in fig. 2, back
projection follows CD-EM optimization. Let x∗

t denote the CD-EM optimized latent. We then apply
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Figure 3: Sketched pipeline of latent mask fuser. We use VVAE to abbreviate video VAE. The model
use two videos to be fused and the pixel space dynamic mask as the input. After encoding them with
the encoder, the latent mask fuser concatenates the three inputs in channel dimension and perform
video fusing in latent space.

denoising xt−1 ∼ pθ(xt−1|x∗
t ). For CD-EM only, we optimize xt−1 to x∗

t−1. Repeat this process
until we reach x0. With back projection, we inject range space data during sampling. Mathematically,
the process is

xt−1 ∼

{
q(xt−1|x∗

t , f̂θ(x
∗
t )) Use back proj.

pθ(xt−1|x∗
t ) Others

(13)

f̂θ(x
∗
t ) = {xa

0 , f
b
θ (x

∗
t )}, (14)

where f bθ (x
∗
t ) = {f iθ(x∗

t )|mi = 1} is the masked portion of fθ(x∗
t ). CD-EM shows significant

improvements in early denoising stages when visual layouts are determined, with subtle effects in
later stages. We suspend CD-EM when t < τ to save computation (see appendix for algorithm).

3.6 Latent mask fuser

Pixel-space masks m ∈ Zd are straightforward to apply, and can be represented via DDNM’s linear
degeneration matrix A (32). However, modern generators using VAEs {E ,D} create compressed
latent representations where direct masking becomes non-trivial due to lost spatial correspondence.
Simple approaches like resizing pixel masks to latent space lose accuracy, while decoding to pixel
space introduces computational overhead and potential information loss.

We propose latent mask fuserM(·) to achieve fast video masking in video latent space. The module
leverages a light-weight convolutional architecture. Let m̃ ∈ Zl denote the mask in pixel space with
length l = T ×H ×W × 3, where the capital letters T,H,W are the video dimensions in pixel
space. Given two videos in the latent space x1 ∈ Rd,x2 ∈ Rd, the latent mask fuser computes the
output via

x =M(x1,x2, E(m̃)) (15)

where E(m̃) is the encoded mask. With this, we can achieve fast and accurate video masking
and replacement in latent space. Let x̃1 ∈ Rl, x̃2 ∈ R̃d denote the videos in pixel space and
x1 = E(x̃1),x2 = E(x̃2). We aim to approximate the masking operation in pixel space

x̃ = {x̃1, x̃2}, x̃i =

{
x̃i
1, if m̃i = 1

x̃i
2, if m̃i = 0

, (16)

where we use the superscript i to denote the element at the i-th entry. Then the training loss for the
latent mask fuser is

L = Ex̃1,x̃2,m̃ [∥x̃− x∥+ λ · LPIPS(x̃,x)] . (17)

we use a series of simplex noise generators to produce dynamic random masks m̃.

4 Experiments
4.1 Details

We apply our method to a video diffusion models CogVideoX (13; 38), which uses a diffusion
transformer architecture. We also show ZeroPatcher can be used in HunyuanVideo, please see it in
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Figure 4: A visual comparison in video inpainting.
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… The person is wearing protective gear, 
including knee pads and elbow pads, and is 
holding a hockey stick → glowing lightsaber

… a person walking on a rocky terrain wearing 
a backpack and appears to be hiking → 
humanoid robot with solar panels on its back

Figure 5: A visual comparison in video editing. We mark the changes in editing textual prompt using
red (source) and green (editing).

the appendix. With CogVideoX, we generate 49× 720× 480 videos using discrete euler sampler
(11). To use dynamic video mask, we train the latent mask fuser on CogVideoX Video VAE using a
small subset including 20,000 smaples from Panda-70M(5). The video resolution used during the
training is 17× 256× 256. The exact inference hyperparameters, the training configuration of the
latent mask fuser, and a comprehensive computation and memory cost analysis can be found in the
appendix.

For video inpainting evaluation, we conduct experiments on DAVIS (22) (50 videos) and YouTube-
VOS (35) (508 videos) using their original splits (44). As CogVideoX requires text guidance, we use
LLaVa-NeXt (41) to generate precise original prompts identifying main objects, then modify them
with GPT-4 mini o1 by removing object descriptions to create inpainting prompts. Following (44),
we evaluate using PSNR and SSIM for unmasked region similarity to source videos, VFID for visual
realism, and Ewarp for temporal consistency, with all inputs center-cropped to model resolution.

For video editing evaluation, we test on 50 DAVIS videos following (42; 18), using GPT-4 mini
o1 to create editing prompts by modifying original video descriptions. We assess performance
using CLIP scores for text alignment, PSNR/SSIM for background preservation, and Ewarp for
temporal smoothness. Additionally, we conduct human evaluation collecting 1,310 responses from
171 participants who compared results on DAVIS.
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Model Youtube-VOS DAVIS

PSNR↑ SSIM ↑ VFID↓ Ewarp ↓ PSNR↑ SSIM ↑ VFID↓ Ewarp ↓
Trained

FuseFormer 33.32 0.9681 0.053 1.053 32.59 0.9701 0.137 1.349
ISVI 30.34 0.9458 0.077 1.008 32.17 0.9588 0.189 1.291
FGT 32.17 0.9599 0.054 1.025 32.86 0.9650 0.129 1.323
E2FGVI 33.71 0.9700 0.046 1.013 33.01 0.9721 0.116 1.289
ProPainter 34.43 0.9735 0.042 0.974 34.47 0.9776 0.098 1.187
Training-free

SDEdit 26.41 0.8436 0.089 0.988 25.89 0.8266 0.203 1.266
DDNM 34.13 0.9705 0.067 1.069 33.97 0.9744 0.127 1.376
Ours 34.33 0.9715 0.039 0.961 34.13 0.9765 0.096 1.163

Table 1: Quantitative comparisons of video inpainting on Youtube-VOS (36) and DAVIS (22). Note
that we ensure the number of computation using the denoising network are 100 for all training-free
methods for a fair comparison. This indicates the computation cost for SDEdit, DDNM, and ours are
almost the same in this experiment.

Model Automatic metrics Human evaluation

CLIP score PSNR SSIM Ewarp BC TA

PF 0.3341 34.07 0.9684 1.513 30.6% 2.3 %
VideoComposer 0.3172 - - 1.361 - 12.8 %
Video-P2P 0.3313 30.47 0.9433 1.457 9.3% 15.3 %
DDNM 0.3267 33.48 0.9649 1.264 29.2% 8.9 %
Ours 0.3543 34.23 0.9712 1.231 30.9% 60.7%

Table 2: Quantitative comparisons of editing performance. PF denotes per-frame video inpainting
using stable diffusion inpainting (24). BC represents back ground preservation. TA denotes text-video
alignment. We ignore PSNR, SSIM, and TA metrics in VideoComposer because it does not have the
ability to maintain the background.

4.2 Comparisons

We evaluate ZeroPatcher on both video inpainting and editing tasks, comparing against training-free
baselines and trained models.

Computation and memory cost We show the throughput and computation overhead of ZeroPatcher
in the appendix.

Video inpainting We compare against trained methods (FuseFormer (17), ISVI (40), FGT (39),
E2FGVI (16), ProPainter (44)) and training-free baselines (SDEdit (20), DDNM (32)). To use SDEdit
in video inpainting, we fill the main object with the mean colour of the video background. For a
fair comparison, the number of function evaluations (NFE) is 100 for all training-free methods. The
results are presented in table 1. ZeroPatcher achieves the state-of-the-art performance within the
training-free methods and is very competitive even compared with the training based counterparts.
Note that we achieved the best performance in Ewarp in Youtube-VOS among all the methods. A
visual comparison is provided in fig. 4. Our method has strong generation capability and can preserve
good consistency between the removed parts and the background. The generation ability is very
useful especially when the inpainting region is large and lack of references.

Video editing We compare ZeroPatcher with stable diffusion inpainting model (24), VideoCom-
poser (30), Video-P2P (18) and DDNM (32). We rephrase our editing text prompts for Video-P2P,
because it only allows users to change a word from the original description. The quantitative results
are shown in table 2. ZeroPather achieves the state-of-the-art performance in quantitative metrics.
Notebly, VideoComposer uses depth to guide video editing, so we ignore the background similarity
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Model PSNR↑ SSIM ↑ VFID↓ Ewarp ↓
Ours 34.13 0.9765 0.106 1.213
w.o. CD-EM 33.89 0.9711 0.123 1.355
w.o. LMF 33.61 0.9673 0.125 1.361
w.o. BP 17.41 0.5351 0.116 1.224

Table 3: Ablation results on the technical components. We use BP to represent back projection and
use LMF to represent the latent mask fuser.
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Figure 6: Ablation experiment on choice of P , N , and K parameters.

for VideoComposer. A visual comparison is shown in fig. 5. Our method achieves the best text-video
alignment, video smoothness, and background similarity.

4.3 Ablation

We evaluated the individual technical components of ZeroPatcher to study their effectiveness. Specif-
ically, the ablation experiments are finished based on the pretrained CogVideoX (38) generator to
produce 49× 720× 480 videos. We measure the impact of technical components including CD-EM,
back projection, and latent mask fuser. The results are shown in table 3. Using CD-EM or back
projection alone cannot achieve an ideal performance. Incorporating both methods can exploit the
capability of the foundation model to the limit. When we are using dynamic video masks, the latent
mask fuser improves a lot in terms of visual fidelity compared with using resized masks. Meanwhile,
the visual comparison shows our method achieves accurate video masking with subtle reconstruction
loss.

A series of ablation experiments are conducted to validate the parameters in ZeroPatcher. We
make a grid search over the sample number of Monte-Carlo integration N , the fixed point iteration
step number K, and the EM outer-loop iteration number P . The results are shown in fig. 6. We
perform video inpainting on DAVIS and compute VFID. The experiment suggests when N , K, and
P become larger, the performance of our method increases monotonically. Compared to the case
N = 1,K = 1, P = 2, the largest computation setting achieves approximately 3% improvement
on VFID. The iteration speed is shown in the appendix. Our method is able to achieve convincing
performance without considerably more computation.

5 Conclusion and limitation

In this paper, we present ZeroPatcher, a training-free plugin to introduce video inpainting and editing
capability for pre-trained video foundation models. Our method optimizes denoising trajectory given
the unmasked video through conditional denoising expectation maximization. To achieve the video
masking in video VAE features, we propose latent mask fuser to achieve fast and accurate video
masked fusing. ZeroPatcher is widely applicable to prevalent diffusion generators and demonstrates
satisfactory performance in inpainting and editing tasks. ZeroPatcher relies on the prior knowledge
of a pretrained text-to-video generation model to perform video inpainting and editing. As a result, if
the input data or textual prompts are beyond the domain of the pretrained model, our method may not
be able to correctly render the video.

Acknowledgement This work was supported by Alibaba Innovative Research Program.
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1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: All claims are closely related to the contributions of this paper.
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• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We show the limitations of the method in main text.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
Justification: All theoretical result is supported by the main text and the appendix.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We show all the details to reproduce the results.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [No]

Justification: Code and checkpoints will be released after the review process.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We show all the details.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: We use the metrics in this research field.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: Details are in the experiment section.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: Obey the rules.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: Societal impacts are in the script.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: [NA]

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Related works are properly cited.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: [NA]
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: [NA]
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: [NA]
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: We use LLM to produce textual prompts for evaluation only.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Detailed deduction of the fixed point method

Below, we show the matrix formation for the fixed point iteration that soles CD-EM. To simplify
the equation, we use two constants c1t−1, c

2
t−1 to represent the coefficients. c1t−1 and c2t−1 are

mathematically

c1t−1 =

√
1− αt−1 − σ2

t−1

1− αt
, c2t−1 =

√
αt−1(1− αt)−

√
1− αt−1 − σ2

t−1 ·
√
αt

√
1− αt

. (18)

We aim to make the equation holds:

(xa
t−1,x

b,i
t−1)− µθ(xt) = (xa

t−1,x
b,i
t−1) + c1t−1xt + c2t−1fθ(xt). (19)

We aim to find a xt that ensures

(xa
t−1,x

b,i
t−1) + c1t−1xt + c2t−1fθ(xt) = 0 (20)

in order to maximize the expectation log-likelihood. Unluckily, this equation can not be solved
analytically since fθ(·) is a neural function. In alternative, we propose to use fixed point iteration to
get an approximated solution. We rewrite eq. (20) to matrix formation. Mathmatically that is

−


((xa

t−1,x
b,1
t−1) + c2t−1fθ(x

′

t));

((xa
t−1,x

b,2
t−1) + c2t−1fθ(x

′

t));
· · ·

((xa
t−1,x

b,N
t−1) + c2t−1fθ(x

′

t))

 = c1t−1

 I
I
· · ·
I

xt (21)

where we use ";" to denote concatenation in column, and x
′

t is xt at the previous fixed point iteration
step. We use I to denote the Nd× d matrix I = [I I · · · I]

T . The fixed point iteration follows a
formation of least square solution. Specifically, the solution is

xt ← −
1

c1t−1

(IT I)−1I


((xa

t−1,x
b,1
t−1) + c2t−1fθ(x

′

t));

((xa
t−1,x

b,2
t−1) + c2t−1fθ(x

′

t));
· · ·

((xa
t−1,x

b,N
t−1) + c2t−1fθ(x

′

t))

 . (22)

B Proof of theorem 3.1

We show the proof in this section.

Proof. We first study what we need fθ(·) to be like in order to ensure an unique fixed point. We use
g(·) to denote the iteration step

xt ← g(xt), g(xt) = −
(xa

t−1,x
b,1
t−1) + c2t−1fθ(xt)

c1t−1

. (23)

According to Banach’s fixed point theorem, we need g(·) to guarantee smaller than 1 Lipschitz
constant

∥g(x1
t )− g(x2

t )∥2 < 1 · ∥x1
t − x2

t∥, (24)

for arbitrary x1
t ,x

2
t . Expanding g(·) to the fθ(·) formation, we derive∥∥∥∥∥− (xa

t−1,x
b,1
t−1) + c2t−1fθ(x

1
t )

c1t−1

+
(xa

t−1,x
b,1
t−1) + c2t−1fθ(x

2
t )

c1t−1

.

∥∥∥∥∥
2

< ∥x1
t − x2

t∥2 (25)

⇐⇒
c2t−1

c1t−1

∥fθ(x1
t )− fθ(x

2
t )∥2 < ∥x1

t − x2
t∥2 (26)

⇐⇒ ∥fθ(x1
t )− fθ(x

2
t )∥2 <

c1t−1

c2t−1

∥x1
t − x2

t∥2. (27)
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Therefore, we require the Lipschitz constant of fθ(·) denoted by Lf to meet Lf <
c1t−1

c2t−1
. Note

that c1t−1 > 0 and c2t−1 > 0. The former one is obvious since we pre-define σt−1 to satisfy
1− αt−1 − σ2

t−1 > 0. In a diffusion model, αt < αt−1, t ∈ {1, · · · , T}. Therefore we also derive
√
1− αt >

√
1− αt−1 − σ2

t−1 which makes the denominator of c2t−1 positive. We then relate the
Lipschitz constant Lf to that of the real score function Ls. The clean data estimant can be expressed
by

fθ(xt) =
xt −

√
1− αtϵθ(xt)√

αt

=
xt + sθ(xt)√

αt
. (28)

We construct an inequality that can be the sufficient condition for to find the Lipschitz constant of
fθ(·). Assume the following inequality is satisfied

1 + Ls <
c1t−1

√
αt

c2t−1

(29)

⇐===⇒ ∥x1
t − x2

t∥2 + Ls∥x1
t − x2

t∥2 <
c1t−1

√
αt

c2t−1

∥x1
t − x2

t∥2 (30)

eq. (12)⇐===⇒ ∥x1
t − x2

t∥2 + ∥sθ(x1
t )− sθ(x

2
t )∥2 < ∥x1

t − x2
t∥2 + Ls∥x1

t − x2
t∥2 <

c1t−1

√
αt

c2t−1

∥x1
t − x2

t∥2

(31)
triangular⇐=====⇒
inequality

∥(x1
t − x2

t ) + (sθ(x
1
t )− sθ(x

2
t ))∥2 <

∥x1
t − x2

t∥2 + ∥sθ(x1
t )− sθ(x

2
t )∥2 <

c1t−1

√
αt

c2t−1

∥x1
t − x2

t∥2 (32)

⇐===⇒
∥∥∥∥x1

t + sθ(x
1
t )√

αt
− x2

t + sθ(x
2
t )√

αt

∥∥∥∥
2

= ∥fθ(x1
t )− fθ(x

2
t )∥2 <

c1t−1

c2t−1

∥x1
t − x2

t∥2. (33)

Therefore, if 1 + Ls <
c1t−1

√
αt

c2t−1
is satisfied, we ensure an unique fixed point can be found. Then, the

Lipschitz constant of the real score function s(·) is computed below. The score function is defined as

s(xt|x0)
.
= ∇xt log p(xt|x0) = −

xt −
√
αtx0

1− αt
. (34)

We derive the Lipschitz constant through

∥s(x1
t |x0)− s(x2

t |x0)∥2 =

∥∥∥∥−x1
t −
√
αtx0

1− αt
+

x2
t −
√
αtx0

1− αt

∥∥∥∥
2

(35)

=
1

1− αt
∥x1

t − x2
t∥2 < Ls∥x1

t − x2
t∥2. (36)

Therefore, the Lipscthiz constant is Ls = 1/(1− αt). Replacing this and the definition of c1t−1, c
2
t−1

to eq. (29) we have

2− αt

1− αt
<

√
(1− αt−1 − σ2

t−1)αt√
αt−1(1− αt)−

√
(1− αt−1 − σ2

t−1)αt

(37)

rearrange⇐====⇒ (2− αt)

(√
αt−1(1− αt)−

√
(1− αt−1 − σ2

t−1)αt

)
< (1− αt)

√
(1− αt−1 − σ2

t−1)αt

(38)

⇐==⇒ (2− αt)
√
αt−1(1− αt) < (3− 2αt)

√
αt(1− αt−1 − σ2

t−1) (39)

Knowing whether this inequality holds is not obvious. Instead of seeking what kind of noise
schedule makes the condition holds, we study the commonly used noise schedules. We use m(t) =
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Algorithm 1: Conditional denoising expectation maximization for diffusion model
1 Input: Known video segment xa

0 , pre-trained diffusion model fθ(·), stopping criteria τ ,
inference timesteps T , EM iteration number P , Monte-Carlo sample number N , fixed point
iteration step number K

2 Output: Rendered video segment xb
0

3 xT ∼ N (0, I)
4 for t = T to 0 do
5 for p = 1 to P do
6 xold

t ← xt

7 for i = 1 to N do
8 xi

t−1 ∼ pθ(x
b
t−1|xold

t )
9 end

10 ϵ ∼ N (0, I)
11 xa

t−1 ←
√
αt−1x

a
0 +
√
1− αt−1ϵ

12 for k = 1 to K do
13 Apply eq. (22) to get xt

14 end
15 end
16 xt−1 ∼ pθ(xt−1|xt)
17 end
18 return x0
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Figure 7: The curve of m(t) under different settings of η, The right curve zoom in the regions that
curves hit zero line.

(3−2αt)
√
αt(1− αt−1 − σ2

t−1)−(2−αt)
√

αt−1(1− αt) for simplification. Then the convergency
and uniqueness hold when m(t) > 0. We plot m(t) curve for a series of diffusion schedules. The
results are shown in fig. 7. We plot the situation of CogVideoX scheduler with different choices of η.
In most sampling timestep, we can ensure uniqueness and convergency.

C CD-EM on flow matching generators

Our method is not only applicable to diffusion based generators. Instead, CD-EM is also applicable
to flow matching generative models. Consider a model that uses the following flows and velocity
field in t ∈ [0, T ).

xt = ϕt(x0) = σ(t)x0 + (1− σ(t))ϵ, ut(ϕt(x0)) =
∂

∂t
ϕt(x0) =

∂σ(t)

∂t
· (x0 − ϵ), (40)

where σ(·) is the noise schedule, and ϵ is a random gaussian noise. The velocity field ut(·) will
support a probability path

q(xt|x0) = N (xt|σ(t)x0, (1− σ(t))2I). (41)
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Solving the ODE in Eq.(4.1.1) produces the sampling result. Euler sampler is commonly used in
which the iteration is

xs = xt + (s− t)ut(xt), 0 ≤ s < t ≤ T (42)
To optimize the model throught flow matching, one usually use a neural network vθ(·) to approximate
the scaled velocity field vθ(xt) ≃ ϵ − x0, ut(xt) ≃ −∂σ(t)/∂t · vθ(xt). Replace the velocity in
Eq.(4.1.3) with the model estimation, we derive

xs = xt + (σ(t)− σ(s))vθ(xt). (43)
To optimize the trajectory with expectation maximization method, we need to know the sampling
posterior distribution q(xs|xt,x0), 0 ≤ s < t ≤ T of the flow model. Applying bayes formula, we
get

q(xs|xt,x0) =
q(xt|xs,x0)q(xs|x0)

q(xt|x0)
. (44)

The distribution q(xs|x0) and q(xt|x0) are already known. However, since a flow model is deter-
ministic, the term in the nominator q(xt|xs,x0) is specifically Dirac delta. Therefore, the sampling
distribution will also be Dirac delta that

q(xs|xt,x0) = δ

(
xs −

1− σ(s)

1− σ(t)
· xt +

σ(t)− σ(s)

1− σ(t)
· x0

)
. (45)

Meanwhile, we also derive the the modeled sampling distribution
pθ(xs|xt) = δ (xs − xt − (σ(t)− σ(s))vθ(xt)) . (46)

Given this, we are able to maximize the expectation in Eq.(2.2.3)

Q(xt|xold
t ) ≃

N∑
i

log pθ(x
a
s ,x

b,i
s |xt)dx

b
s, (47)

which requires pθ(xa
s ,x

b,i
s |xt) to be maximized. In this case, we expect the following equation set to

hold
(xa

s ,x
b,1
s ) = xt + (σ(t)− σ(s))vθ(x

old
t )

(xa
s ,x

b,2
s ) = xt + (σ(t)− σ(s))vθ(x

old
t )

· · ·
(xa

s ,x
b,N
s ) = xt + (σ(t)− σ(s))vθ(x

old
t )

⇐⇒

(x
a
s ,x

b,1
s ) + (σ(s)− σ(t))vθ(x

old
t );

(xa
s ,x

b,2
s ) + (σ(s)− σ(t))vθ(x

old
t );

· · ·
(xa

s ,x
b,N
s ) + (σ(s)− σ(t))vθ(x

old
t )

 =

 I
I
· · ·
I

xt.

(48)
I ∈ Rn×n is an identity matrix. We solve this equation set with least square and produces the fixed
point iteration step

xt ← (IT I)−1I

(x
a
s ,x

b,1
s ) + (σ(s)− σ(t))vθ(x

old
t );

(xa
s ,x

b,2
s ) + (σ(s)− σ(t))vθ(x

old
t );

· · ·
(xa

s ,x
b,N
s ) + (σ(s)− σ(t))vθ(x

old
t )

 , (49)

where we use I to denote the Nd × d matrix I = [I I · · · I]
T . Similarly, when N = 1, the

iteration step is implified to
xt ← (xa

s ,x
b
s) + (σ(s)− σ(t))vθ(x

old
t ). (50)

To uniqueness and convergency of the fixed point iteration can be found using a similar way in
appendix B. We try this method on a flow matching video generator named HunyuanVideo (33) to
perform video editing. Please see our supplementary material.

D Computation and memory cost

Ablation experiment The computation and memory cost of ZeroPathcer is shown in table 4.
The theoretical complexity considers the computation required for each denoising step. We let the
complexity for every function evaluation be O(1). P is the outer loop step number of the expectation
maximization. N denotes how many xb

t−1 are sampled in order to compute the likelihood expectation.
K is the step number of the fixed point iteration. With a reasonable set of hyperparameters (i.e.
P = 2, N = 1,K = 1), ZeroPathcer will not introduce enormous computation compared to the
direct text-to-video inference. Meanwhile, we show that the ZeroPathcer does not use considerable
addition memory which is usually required for attention manipulation methods like Video-P2P (18)
and FateZero (23).
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Model Theoretical complexity Memory Speed

Inference params P = 2, N = 1,K = 1

t2v model O(1) 22,489MB 2.61 s/it
+ BP O(1) 22.512MB 2.63 s/it
+ CD-EM O(1 + PN + P (K − 1)) 22,567MB 7.41 s/it
+ LMF O(1 + PN + P (K − 1)) 22.893MB 7.63 s/it

Table 4: Theoretical and practical computation cost analysis of our method. Theoretical complexity
and speed show the computation required for each denoising step. We use LMF to represent the latent
mask fuser. The speed is computed under seconds per iteration.

Method Resolution Memory NFE Speed

Text-to-video

CogVideoX 49× 720× 480 22.488MB 30 78.3 s/sample

Inpainting

SDEdit 49× 720× 480 22.503MB 100 240.3 s/sample
DDNM 49× 720× 480 22.512MB 100 241.7 s/sample
Ours 49× 720× 480 22,567MB 100 250.9 s/sample

Editing

PF 8× 512× 512 4,279 MB 50 81.2 s/sample
VideoComposer 16× 256× 256 7,394MB 50 101.4 s/sample
VideoP2P 8× 512× 512 19,453MB 100 137.8 s/sample
DDNM 49× 720× 480 22.522MB 100 241.5 s/sample
Ours 49× 720× 480 22,569MB 100 249.4 s/sample

Table 5: A comparison over computation and memory usage.

Comparison with other methods We compare the memory and throughput among the methods.
The result is shown in table 5. Our method achieves remarkable improvements over the training-
free methods under similar computation cost. To achieve faster inference, one can choose to trade
performance for speed by letting N = 1,K = 1, P = 1.

E Algorithmic description of CD-EM

We show an algorithmic description of CD-EM in Algo.1. It provides the clean CD-EM without back
projection and latent mask fuser.

F Details of latent mask fuser

In this sector, we briefly introduce the architecture of our latent mask fuser. It is consists of 6 residual
blocks, a convolutional input layer, and a convolutional output layer. After the 3-th block, we use an
adaptive instance normalization layer (14) to perform mask fusing. Each residual block is made up of
two convolution blocks (a concatenation of a GroupNorm layer, a SiLU layer, and a 3D convolution
layer) and a skip connection layer achieved by a 1× 1× 1 3D convolution. During inference, we
concatenate three latent features from the two source video and the mask in channel dimension, and
then the feature is feed into the input layer. No upsampling and downsampling modules are used in
latent mask fuser. The model uses a channel size of 1536.

G Inference details and hyperparameters

The inference hyperparameters are shown in table 6. We use DDIM diffusion sampler with sampling
stochasticity factor η = 1.0. Our experiment shows using η = 1.0 can greatly increase video
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Hyperparameter CogVideoX

EM outer loop steps P 2
Number of samples in expectation N 1
Fixed point iteration steps K 1
Sampler DDIM
Inference steps 50
CD-EM stop step 25
NFEs 100
Classifier-free guidance scale 6
eta 1.0

Table 6: Hyperparameters use in inference.

consistency since the model will not follow the deterministic sampling trajectory. CD-EM is not
always required in all denoising timesteps. We find using CD-EM in early sampling stages can already
produce plausible results. Therefore, we add a stoping step for CD-EM at 25 to save computation
without losing noticeable performance. With CD-EM hypermarameters set to P = 2, N = 1,K = 1,
we ensure every denoising step with CD-EM will only cost 3 NFEs. With the remaining 25 steps
using only 1 NFE, sampling through ZeroPatcher requires 100 NFEs in total. We use 8 NVIDIA
A100 80G GPUs to run in parallel during inference to get results faster.

H Additional visual results

We attach result videos in our supplementary material. We would appreciate it if you check them.

I Broader impact

The integration of pre-trained text-to-video foundation models into video inpainting and editing
workflows presents transformative opportunities alongside critical ethical challenges. By enabling
high-quality video manipulation without additional training, this approach democratizes access to
advanced editing tools, empowering independent creators and small studios to achieve professional-
grade results—potentially revitalizing archival restoration efforts and lowering costs for cultural
heritage preservation. However, the same capabilities raise significant concerns: the efficiency
of dynamic object removal and latent-space masking could streamline the creation of convincing
deepfakes, exacerbating misinformation risks in an era already plagued by synthetic media distrust.
The model-agnostic nature of the method further amplifies these risks, as it could be applied to any
foundation model, including those with fewer ethical safeguards.

24


	Introduction
	Related Works
	Video generative models
	Video inpainting and editing

	Method
	Preliminatry
	Formulation
	Conditional denoising expectation maximization
	Solving the maximization
	Sampling with CD-EM
	Latent mask fuser

	Experiments
	Details
	Comparisons
	Ablation

	Conclusion and limitation
	Detailed deduction of the fixed point method
	Proof of theorem 3.1
	CD-EM on flow matching generators
	Computation and memory cost
	Algorithmic description of CD-EM
	Details of latent mask fuser
	Inference details and hyperparameters
	Additional visual results
	Broader impact

