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ABSTRACT

Video inpainting is a fundamental task with wide applications in film post-
production and object removal. Existing text-guided image and video editing
methods typically rely on implicit conditioning by injecting text embeddings
into the generation process, which lacks explicit intermediate representations and
makes it difficult to precisely align the semantic space with the pixel space. To
address this limitation, we propose an LLM-guided video inpainting framework
that leverages a Multi-Modal large language model to generate explicit masks,
followed by a mask smoothing and enhancement module for post-processing, and
a video inpainting backbone for final restoration. Furthermore, We propose a
Warp-Relation Consistency Mechanism that explicitly enforces temporal align-
ment between frames via flow-guided warping and relation-aware constraints.
Extensive experiments demonstrate that our approach not only achieves state-of-
the-art PSNR and SSIM, but also effectively reduces mask boundary artifacts and
improves temporal consistency compared to existing methods.We will publicly
release the code and pretrained models to facilitate reproducible research.

1 INTRODUCTION

Video inpainting is a traditional video restoration task, whose aim is to restore the video by filling
in the surrounding and previous relevant content of the damaged area Bertalmio et al. (2001). Its
application scenarios are very extensive, such as post-production of films and television Lin et al.
(2024), removal of objects Li et al. (2022), video restorationChen et al. (2023), creative editing Guo
et al. (2023), autonomous driving Buburuzan et al. (2025), etc. With the rise of short videos, their
audience base is expanding and the system is developing rapidly. Generally speaking, they can be
roughly divided into two categories: unrestricted video inpainting and restricted video inpainting.

Most traditional methods Liu et al. (2021) Ren et al. (2022) Wu et al. (2024b) Zhang et al. (2024)
fall into the category of unrestricted conditions and usually rely only on mask sequences. Under
the guidance of optical flow, they fill in the missing areas through the transmission and generation
mechanism of spatio-temporal information. This method is relatively dependent on the existing
content around the missing area or in the previous and subsequent frames, and requires precise
masking positioning, which limits the application range of users.

In contrast, the video inpainting method with constraints not only relies on the existing pixel in-
formation of the input video when generating the content of the missing area, but also introduces
additional prior information or external guidance as constraints, thereby enhancing the semantic
consistency and visual quality of the generated results. For example, Cho et al. (2025)proposed
taking the first frame as the key frame, first performing high-quality restoration on the key frame,
and then using optical flow information to propagate the restoration result of the key frame to sub-
sequent frames to achieve cross-frame time-consistent inpainting. The advantage of this method
lies in its ability to significantly reduce the drift and flicker phenomena generated in subsequent
frames. SAVIT Lee et al. (2023)adopts the semantic-aware Dynamic Experts mechanism to perform
hyperclassification of intra-frame objects before inpainting and assign Semantic labels to different
objects. Subsequently, these semantic labels are utilized to guide the content generation of the miss-
ing areas, thereby ensuring the semantic consistency between the generated areas and the original
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scene. Such methods typically rely on precise mask segmentation as a guiding condition, enabling
the model to clearly know which regions need to be repaired and which remain as they are, thereby
better controlling the generation quality and semantic fidelity. Methods such as Zi et al. (2025) and
Brooks et al. (2023) take text input as a constraint condition and guide the generation process in the
semantic space through CLIP embedding to achieve semantic control of video content. However,
most of these methods focus on video editing rather than specialized video inpainting. Their goal is
to generate or modify existing content rather than simply repair damaged areas. To overcome these
limitations, some latest studies Wu et al. (2024a) have begun to take Multi-Modal large language
models into consideration by parsing the natural language prompts input by users. And inject the
generated semantic information into the Cross Attention module of the diffusion model to guide
video generation. Although this approach can achieve semantic-driven content modification, since
language information mainly functions in the semantic space and lacks precise alignment with the
pixel space, it is difficult to perform post-processing operations such as boundary optimization or
morphological smoothing. Furthermore, these methods typically do not explicitly constrain cross-
frame consistency, which leads to the restoration results being prone to flickering, ghosting or insta-
bility in the temporal dimension, thereby limiting their application in high-quality video restoration
and inpainting tasks.

In this work, we propose an LLM-guided framework for video inpainting, which fully utilizes the
semantic understanding capabilities of large language models to transform users’ text instructions
into explicit mask constraints. Specifically, we use MLLM to automatically generate the initial mask
of the target area and perform post-processing optimization on the mask through Gaussian blur and
binarization operations, thereby enhancing the repair effect simultaneously at the semantic level
and the pixel level. Unlike the existing methods that directly inject language information into the
generative network, our approach can explicitly control the area that needs to be restored, providing
clear spatial guidance for the generative model during inpainting, thereby enhancing the accuracy
and controllability of the restoration.

Furthermore, we proposed the Warp-Relation Consistency (WRC) mechanism to enhance the con-
sistency of videos across frames. This mechanism combines optical flow-guided inter-frame dis-
tortion and relational awareness constraints to explicitly constrain the temporal alignment between
video frames, thereby effectively alleviating common problems in video restoration such as flicker,
glint, or discontinuous object morphology. Through the WRC mechanism, the model can not only
generate high-quality single-frame restoration results, but also ensure the natural continuity of the
restoration object in the temporal dimension, making the video visually smoother and more stable.

In summary, this work achieves precise control and high-quality generation of video inpainting by
integrating the semantic understanding capabilities of MLLM and explicit cross-frame consistency
constraints, significantly enhancing semantic alignment and temporal stability, and providing an
effective new method for text-driven video restoration.

2 RELATED WORK

2.1 VIDEO INPAINTING

Traditional video inpainting methods mainly focus on restoring damaged areas by utilizing limited
spatial and temporal information. For this goal, multiple technical routes have been developed.
Some methods Zeng et al. (2020) Bian et al. (2025), without the aid of optical flow, perform feature
encoding and generation on the missing regions through spatio-temporal transformation, which can
maintain inter-frame consistency to a certain extent. Clark et al. (2017) adopts CNN to simulate the
FlowNet structure and simultaneously uses LSTM to encode time series information to predict and
fill the missing areas, thereby achieving content completion across frames.

However, with the increasing complexity of video scenes, most mainstream methods Xu et al.
(2019)Zhang et al. (2022)Gao et al. (2020)Henschel et al. (2025)Wang et al. (2025) rely on opti-
cal flow to capture the precise motion of objects in the previous and subsequent frames, thereby
enhancing temporal consistency and generation effect. More crucially, almost all of these methods
require precise masks to identify the areas that need to be repaired. Neither optical flow-assisted nor
non-optical flow-assisted methods can bypass this constraint. At the video scale, the annotation and
processing of masks often consume a large amount of manual and computing resources, which not
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Figure 1: Overview pipeline of our MaRC

only increases the usage cost but also limits the scalability and universality of the method in actual
scenarios.

2.2 TEXT-GUIDED VIDEO EDITING AND INPAINTING

Text demonstrates great application potential and research value in the field of video generation and
editing due to its convenient accessibility and low cost. Zi et al. (2025) integrates a Stable Diffusion-
based Image Inpainting model with a Personalized Editing model, and incorporates motion modules
at each intermediate layer following the principle of task vectors to enforce temporal consistency.
Khachatryan et al. (2023) introduces a warp function that propagates latent features across frames
to simulate camera and scene transformations, thereby extending image editing models to the video
domain.

Models such as Singer et al. (2022), Mei & Patel (2023), and Wu et al. (2023) focus on text-guided
video generation, where language information guides the content creation. These approaches em-
phasize generation rather than restoration, and thus may produce artifacts or generate undesired new
content when applied to video inpainting tasks. In contrast, Wu et al. (2024a) specifically targets
video inpainting, and for the first time leverages the powerful text understanding capabilities of
Multi-Modal large language models to guide video restoration.

The above methods, whether CLIP-guided Radford et al. (2021) or MLLM-guided, typically in-
ject semantic embeddings directly into the cross-attention module for computation. However, this
strategy suffers from insufficient alignment between the semantic space and pixel space, making
precise boundary control challenging. Moreover, these methods generally lack effective temporal
constraints, often leading to flickering or discontinuities in the generated videos.

3 METHODS

3.1 PRELIMINARY

3.1.1 LISA FOR IMAGE INPAINTING

Large language models have been successfully applied to image inpainting, achieving strong seman-
tic understanding. We build on the LISA model Lai et al. (2024), which introduces a special ¡seg¿
token to indicate editable regions. LISA freezes the vision backbone and uses an LLM to parse user
prompts into segmentation instructions, which are then executed by the Segment Anything Model
Kirillov et al. (2023) to produce accurate masks for image editing.
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3.1.2 PROPAINTER FOR VIDEO INPAINTING

To perform inpainting within video sequences, we adopt ProPainter Zhou et al. (2023) as the in-
painting block. ProPainter is a state-of-the-art video inpainting framework that leverages feature
propagation and temporal alignment to fill in missing regions across frames with high consistency.
It introduces bidirectional propagation to exploit both past and future contexts, and employs a fea-
ture alignment module to mitigate motion mismatch between adjacent frames. This design enables
the model to maintain temporal coherence while producing visually plausible content in occluded
regions.

By integrating ProPainter as our inpainting backbone, we ensure that once the masks are generated
, the missing regions can be restored with both spatial fidelity and temporal consistency.

3.1.3 OVERVIEW

To address the misalignment between semantic and pixel spaces in text-guided video inpainting and
reduce manual effort, we leverage LISA as a preliminary module to generate masks from prompts.
These masks are refined in the MSEM module to improve boundaries and fill internal holes, then
fed into the inpainting module for content restoration. Sequential application of image-based LISA
can introduce temporal inconsistencies, so we further propose Warp-Relation Consistency to enforce
coherence across frames. This pipeline effectively combines language-guided segmentation, mask
refinement, and temporally consistent inpainting for high-quality video restoration.The complete
framework diagram is shown in Fig 1.

Original

Ours

Remove the airplane flying down over a road cars and people.

Original

Ours

Remove the white seagull flying in the city.

Figure 2: Qualitative results of MaRC. Each pair of rows corresponds to a video prompt, showing
Original and Ours frames.

Given a video sequence
V = {v1, v2, . . . , vT }, vt ∈ RH×W×3, (1)

4
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and a textual prompt p ∈ P , our goal is to automatically generate frame-wise masks

M = {m1,m2, . . . ,mT }, mt ∈ [0, 1]H×W , (2)

indicating regions to be restored.

Initial Mask Generation Each frame vt is encoded by a visual encoder Ev to obtain features:The
textual prompt p is tokenized and wrapped with a special <seg> token, then embedded by a lan-
guage model El to produce semantic guidance:

These visual and textual features are fed into a Multi-Modal large language model combined with
the Segment Anything Model to generate the initial mask:

mraw
t = SAM(MLLM(ft, hp)). (3)

The raw mask mraw
t roughly indicates the regions described by the prompt but is often coarse, jagged,

and may contain internal holes due to imperfect semantic-to-pixel alignment.

Mask Refinement To produce masks suitable for inpainting, we apply a three-step refinement
procedure inspired by morphological operations in our MSEM model:

Gaussian Blur: smooths jagged edges and high-frequency noise:

m̃
(1)
t = Gσ ∗mraw

t , (4)

where Gσ is a Gaussian kernel and ∗ denotes convolution.

Thresholding: converts the blurred mask into a binary mask:

m̃
(2)
t (i, j) =

{
1, m̃

(1)
t (i, j) > τ

0, otherwise
, (5)

where τ is a predefined threshold to remove low-confidence regions.

Morphological Operations: removes small holes and connects fragmented regions:

mrefined
t = Morph(m̃(2)

t ), (6)

where Morph(·) includes operations such as closing (dilation followed by erosion) and optional
opening to eliminate isolated noise.

The final refined mask sequence is

M refined = {mrefined
1 ,mrefined

2 , . . . ,mrefined
T }, (7)

which is then fed into the inpainting module. This pipeline combines semantic guidance from the
LLM, pixel-level segmentation via SAM, and morphological post-processing to produce accurate
and spatially coherent masks suitable for temporally consistent video inpainting.

3.2 WARP-RELATION CONSISTENCY

Extending image inpainting modelsYang et al. (2024)Wang et al. (2018) to video often introduces
temporal inconsistency due to moving objects and camera motion. Existing approaches enforce tem-
poral consistency by warping features using optical flow and computing feature differences between
adjacent frames. While effective in reducing abrupt changes, these losses mix natural motion with
reconstruction errors, which can lead to suboptimal results in moving regions.

Inspired by the relation-based temporal consistency proposed in Dai et al. (2022), we adapt this idea
for video inpainting by introducing a mask-restricted Warp-Relation Consistency loss. Specifi-
cally, we first warp features from adjacent frames to the current frame and compute the differences
between predicted and ground-truth warped features. By restricting this computation to the in-
painting mask or other regions of interest, the loss focuses on areas where reconstruction errors are
expected, avoiding inappropriate penalties in moving background regions and preserving natural
motion.
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Formally, the loss is defined as:

Lrelation =
∑
t

∥∥(Ft −W (Ft−1))− (FGT
t −W (FGT

t−1))
∥∥
Ω
, (8)

where Ft denotes predicted features, FGT
t denotes ground-truth features, W (·) is the optical flow

warp operation, and Ω indicates the mask or regions of interest.

In addition, we include a standard warp loss:

Lwarp =
∑
t

∥∥Ft −W (Ft−1)
∥∥
Ω
. (9)

While Lwarp reduces abrupt changes and flickering by directly enforcing feature consistency between
adjacent frames, it does not distinguish reconstruction errors from natural motion. By combining
Lwarp with our mask-restricted Warp-Relation Consistency loss, we achieve both smooth temporal
transitions and accurate reconstruction in masked regions.

The overall training objective is:

Lgen = λhLhole + λvLvalid + λwLwarp + λrLrelation, (10)

where Lhole and Lvalid are conventional pixel-wise losses in masked and unmasked regions, respec-
tively. λh, λv , λw, and λr are weighting factors.

Remove the man in a red shirt shooting at the goal.

Remove the man in dotted shirt following the baby.

Remove the monkey hanging by its tail from a log.

Input LGVI MaRC (Ours) GT

Figure 3: Quantitative Comparison of text-guided video inpainting. Each row shows one frame,
with the prompt on the left. Column labels at the bottom.

4 EXPERIMENT

4.1 IMPLEMENTATION DETAILS

4.1.1 DATASET

For all experiments, we use the ROVI Wu et al. (2024a) dataset, which is specifically designed for
text-guided video inpainting tasks. The dataset consists of 5,650 video clips and 9,091 inpainting
samples. Each sample includes a raw video sequence, a natural language instruction, a multi-valued
mask indicating the regions to be inpainted, and the corresponding inpainting result.
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ROVI is built upon the YouTube-VOS Xu et al. (2018) and A2D-Sentences Xu et al. (2015) datasets,
covering various scenarios such as dynamic object motion, varying backgrounds, and multiple scene
types. The inclusion of both visual and textual information allows for comprehensive evaluation of
language-guided inpainting models, particularly in assessing temporal consistency and mask-guided
reconstruction accuracy.

Currently, ROVI is the only large-scale public benchmark available for this task; therefore, all our
quantitative experiments are restricted to this dataset. While this setting provides a fair basis for
comparison with prior work, further evaluations on additional benchmarks will be an important
direction for future studies.

4.1.2 TRAINING SETTINGS

All models are trained using the Adam optimizer with parameters β1 = 0 and β2 = 0.99, an
initial learning rate of 1× 10−4. A MultiStepLR scheduler is employed with a milestone at 60,000
iterations and a decay factor of 0.1. Training is conducted for a total of 200,000 iterations. Video
clips are loaded with 10 consecutive local frames and 6 reference frames per sample to provide
sufficient temporal context. All frames are resized to a resolution of 432 × 240. Data loading is
accelerated using 8 worker threads and 8 prefetch queues, with logging every 100 iterations and
model checkpoints saved every 10,000 iterations.

Optical flow for temporal consistency is precomputed using the RAFT Teed & Deng (2020) model
and stored in the specified flow directory. During training, these precomputed flows are loaded to
reduce computational overhead. Mask post-processing is applied using a Gaussian blur with kernel
size (5, 5) and σ = 0, followed by binarization using a threshold of τ = 127.

The overall training objective combines multiple loss components to balance reconstruction accu-
racy and temporal coherence. The masked region reconstruction loss λh is weighted by 6, the valid
region reconstruction lossλv by 3, the feature warp lossλw by 0.5, and the Warp-Relation Consis-
tency lossλr by 0.3. This configuration ensures that the model can effectively restore masked regions
while preserving temporal coherence and minimizing flickering artifacts.

Before

After

Figure 4: Comparison of masks before and after MSEM processing. The first row shows masks
before processing, and the second row shows masks after processing.

4.1.3 EVALUATION METRICS

All experiments are conducted on a workstation equipped with two NVIDIA GeForce RTX 3090
GPUs, each with 24 GB of memory, with the total training time approximately 3 days.

7
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We evaluate our model from both image quality and temporal consistency perspectives.

For video quality, we use Peak Signal-to-Noise Ratio Hore & Ziou (2010) and Structural Similarity
Index Measure Wang et al. (2004) . PSNR quantifies the pixel-wise reconstruction fidelity be-
tween the inpainted frames and the ground truth, with higher values indicating better reconstruction.
SSIM measures perceptual similarity by considering luminance, contrast, and structural information,
where higher scores correspond to more visually plausible results.

To assess temporal consistency, we employ the Ewarp metric Lai et al. (2018), which measures the
feature difference between adjacent frames after optical flow warping. Lower Ewarp values indicate
better temporal coherence, as the model is able to maintain consistent content across consecutive
frames without introducing flickering artifacts.

By combining these metrics, we comprehensively evaluate the effectiveness of the proposed model
in producing both high-quality frame-level reconstructions and temporally stable video sequences.

Remove the dog rolling on the ground.

Remove the guy in black shorts jumping on the stairs.

GT Text2Video-Zero MaRC (Ours)

Figure 5: Comparison of video editing results. Each row corresponds to a different prompt, with
columns showing GT, Text2Video-Zero, and MaRC (Ours).

4.2 VIDEO INPAINTING RESULTS

4.2.1 QUANTITATIVE COMPARISON

We present qualitative comparisons to validate our approach. Fig. 2 shows inpainted results guided
by prompts, while Fig. 3 provides side-by-side comparisons with baselines, where our method
better preserves object structures and temporal consistency, whereas baselines often yield artifacts
or incomplete restorations. Fig. 4 illustrates mask refinement in the MSEM module: the initial
LISA masks are coarse with holes or jagged edges, and after Gaussian smoothing, thresholding, and
morphological operations, the refined masks align more accurately with target regions and textual
instructions. Fig. 5 compares our model with text-editing baselines, showing that while Text2Video-
Zero removes occlusions, it often introduces unintended content. Overall, these results demonstrate
that combining language-guided mask generation, MSEM refinement, and Warp-Relation Consis-
tency yields visually plausible and temporally coherent inpainting.

4.2.2 QUANTITATIVE COMPARISON

We evaluate the performance of our model on the ROVI dataset using standard image quality and
temporal consistency metrics, including PSNR, SSIM, and Ewarp. As reported in Table 1, our
approach consistently outperforms baseline methods across all metrics. Specifically, our model
achieves higher PSNR and SSIM scores, indicating more accurate reconstruction of the missing

8
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Table 1: Quantitative comparison on the ROVI dataset. Higher PSNR/SSIM indicate better spatial
quality

Method PSNR ↑ SSIM ↑
InstructPic2Pix 18.12 0.600
MagicBrush 20.39 0.725
Text2Video-Zero 19.58 0.671
LGVI 22.85 0.756

Ours 28.71 0.915

Figure 6: Ewarp comparison with other models,Our model has the lowest mean and the best stability.

regions and better preservation of structural details. At the same time, the Ewarp values are signif-
icantly lower, demonstrating improved temporal coherence and reduced flickering in consecutive
frames.

The results also highlight the effectiveness of mask post-processing and the Warp-Relation Con-
sistency loss. When these components are applied, both frame-level reconstruction and temporal
consistency are further enhanced, suggesting that precise mask guidance and explicit temporal con-
straints are crucial for high-quality video inpainting. Overall, the quantitative comparisons confirm
that our method achieves state-of-the-art performance in both spatial fidelity and temporal stability.
we adopt a box plot visualization to provide a clearer view of the variance and robustness of each
method across all test samples. As shown in Fig.6.

4.2.3 ABLATING DESIGN COMPONENTS

To further verify the effectiveness of each proposed component, we conducted ablation experiments
on the ROVI dataset. As shown in Table 2, starting from the baseline model, introducing the MSEM
module can improve PSNR and SSIM. When Warp is introduced

When using the Warp-Relation Consistency, the Ewarp score drops significantly. When we further
merge the relationship-based modules, performance will be consistently enhanced and the best re-
sults will be achieved in all metrics. These results indicate that each component makes a positive
contribution to the final performance, and their combination effectively enhances the reconstruction
quality and temporal coherence.Numbers and Arrays
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Table 2: Ablation experiment results. Comparison of each strategy

Warp-Relation Mask MSEM PSNR ↑ SSIM ↑ Ewarp ↓
× ✓ × 28.65 0.915 0.259
✓ ✓ × 28.69 0.915 0.220
✓ × × 12.35 0.436 0.349

✓ ✓ ✓ 28.71 0.915 0.218

4.3 CONCLUSION

In this paper, we introduced a video inpainting framework driven by Multimodal Large Lan-
guage Models. By combining language-guided mask generation with advanced restoration models,
our method enables flexible text-driven editing. A morphology-based mask optimization reduces
jagged edges and voids, while the proposed Warp-Relation Consistency enforces temporal align-
ment through optical flow and relation-aware constraints.

Experiments on public benchmarks show superior restoration fidelity and temporal coherence
over state-of-the-art methods. Beyond performance gains, our work demonstrates the potential of
MLLMs to bridge high-level semantic guidance with low-level restoration. Future directions include
applying the framework to long-form videos and interactive editing for broader use in film, content
creation, and immersive media.

A current limitation of our study is that experiments are conducted only on the ROVI dataset, due
to the scarcity of large-scale public benchmarks for text-driven video inpainting. In future work,
we plan to extend evaluation to additional datasets and more diverse scenarios, including higher-
resolution and longer video sequences, to further validate the generalizability of our framework.+/-//
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