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Figure 1: We propose CoherentEdit, which unifies video understanding and generation, leveraging text prompts and optional reference
images to enable diverse video editing tasks, such as object removal, replacement, and style transfer.

Abstract
Recent progress in video generation has intensified demand for controllable video editing. Vision-language models have demon-
strated strong capabilities in video understanding, yet they appear to offer limited support for video generation and editing.
We present CoherentEdit, a two-stage framework for unified multimodal understanding and video editing. We explore how to
leverage the powerful video understanding capabilities of Vision-Language Models (VLMs) to better serve video generation
and editing. In the first stage, the VLM model interprets the user instruction and the source video to derive a unified multi-
modal embedding and we explored how to push the VLM output from text space to multimodal space. In the second stage, a
diffusion-based generation network performs controllable video synthesis. To better preserve lighting coherence, CoherentEdit
extracts an implicit lighting representation from the source video via a VQ-VAE encoder, and injects this representation into
the generation process to promote consistent illumination and shadowing across edited regions and unchanged context. Exper-
iments demonstrate that our method outperforms the state-of-the-art approaches. For more details and videos, please refer to
the anonymous webpage: https://anonymous-name-paper.github.io/anonymous-project/.
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1. Introduction

Unifying multimodal understanding and generation has become a
central goal in the development of multimodal large language mod-
els (MLLMs) [ZYD�24,YFZ�24]. Recent advances, such as Gem-
ini 2.0 Flash [TAB�23], GPT-5 [Ope25], Bagel [DZL�25], and
OmniGen2 [WZY�25], demonstrate that a single framework can
jointly handle perception, reasoning, generation, and editing across
modalities. These achievements mark a shift from task-specific net-
works to multimodal models that learn unified representations for
visual-textual understanding and synthesis.

However, achieving such unification in the video domain re-
mains challenging. Most recent work on video understanding
uses autoregressive models (e.g., Flamingo [ADL�22], Qwen2.5-
VL [BCL�25]), whereas video generation relies on diffusion-based
models (e.g., Sora [LZL�24b], Hunyuan-Video [KTZ�24]). A ma-
jor gap exists because the former use discrete tokens for tempo-
ral reasoning, while the latter operate on continuous latent repre-
sentations. Aligning the feature spaces and training strategies of
these two model families is non-trivial. Moreover, effective unifi-
cation requires large-scale paired video-editing data, which is far
more difficult to obtain than image editing data, further limiting
end-to-end training. Although HunyuanCustom [HYZ�25], Uni-
Video [WLY�25], and OmniVideo [TYQ�25] incorporate Vision-
Language Models (VLMs), they commonly use VLM hidden states
as a replacement for the text encoder, often relying on the final-
token representation. Our analysis shows that this final-token hid-
den state is frequently dominated by sentence-ending or formatting
information and is therefore a weak condition for video editing.
In summary, current VLMs primarily support multimodal inputs
but are not explicitly trained to produce multimodal editing con-
ditions. Their outputs remain biased toward the language space,
which makes direct coupling with continuous-latent video diffu-
sion models suboptimal.

To address these issues, we propose CoherentEdit, a two-stage
framework that unifies video understanding and generation within a
coherent pipeline for diverse editing tasks. In the first stage, Coher-
entEdit employs a video understanding network to encode seman-
tic instructions and global video context into latent features. In the
second stage, a diffusion-based generator performs instruction- and
reference-guided video synthesis conditioned on these aligned la-
tent features. To bridge the inherent gap between discrete tokens in
autoregressive models and continuous latents in diffusion models,
we design task-specific alignment tokens and train them with our
self-supervised editing tasks. These tokens provide hidden states
that are optimized for video-text interaction rather than sentence
completion, thereby pushing the VLM outputs from the original
text space toward a multimodal conditioning space, as illustrated
in Fig. 2. Furthermore, to mitigate the scarcity of labeled video-
editing data, we adopt a self-supervised learning strategy that au-
tomatically generates high-quality pseudo-editing pairs to facilitate
the training of our two-stage framework.

We also observe that many edited videos contain a visible mis-
match between edited foreground objects and their backgrounds,
particularly in terms of lighting and shadows. To further enhance
visual coherence, we extract quantized implicit illumination fea-
tures from the source video via VQ-VAE [VDOV�17] and feed

Figure 2: Token-space alignment visualization. Hidden states are
collected from validation samples and projected to two dimen-
sions using PCA. Blue points denote learned task-alignment to-
kens, while the remaining points denote ordinary language-token
hidden states. The visualization shows that task-alignment tokens
form editing-oriented conditions that are separated from sentence-
ending language tokens.

them into the video generation stage, resulting in more consistent
lighting and shadows across frames.

We validate the effectiveness of our unified framework on var-
ious video editing tasks, including object removal, insertion, re-
placement, and attribute modification. Our results demonstrate
strong qualitative and quantitative performance across multiple
video editing benchmark metrics.

Our contributions are summarized as follows:
� We propose CoherentEdit, a unified framework for video under-

standing and video editing. Rather than simply replacing the text
encoder with a Vision-Language Model (VLM), CoherentEdi-
taligns VLM output features with diffusion-model conditioning
features to better exploit VLM video reasoning for controllable
editing.
� We mitigate the gap between discrete VLM tokens and continu-

ous diffusion embeddings through self-supervised training with
task-specific alignment tokens, avoiding reliance on large-scale
manually annotated video-editing pairs.
� We model environment illumination via VQ-VAE and implic-

itly transfer it to the edited output, ensuring photorealistic light-
ing and consistent shading. We validate our approach and design
through comprehensive benchmarks across multiple video edit-
ing tasks.

2. Related Works

2.1. VLM-based Video Understanding

Video understanding seeks to analyze video content and reason
about the temporal relationships [ZAOT18]. Early VLMs estab-
lished that LLM can ground visual inputs and perform open-
ended reasoning [WYM�22, LLSH23, LLWL23]. Among these
works, Flamingo [ADL�22] and Video-LLaMA [ZLB23] have
demonstrated effectiveness in processing video content for in-
terpretive tasks, including visual question answering [KSX�25,
LCLY24, HCS�25] and summarization [HTXL25, TBX�25], by
capturing both global semantics and temporal information. Re-
cent video LLMs push toward longer sequences and finer tem-
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poral resolution [QDZ�24, WHH�24, LWJ24, SCW�24]. Video-
ChatGPT [MRKK24] targets detailed conversational understand-
ing of videos, while Qwen2.5-VL [BCL�25] provides video per-
ception by capturing long-range temporal dependencies and fine-
grained dynamics across entire sequences. MovieChat [SCW�24]
introduces sparse memory to manage long-range sequences and re-
leases a long-video benchmark. However, while the methods men-
tioned perform well in video understanding, they cannot drive gen-
erative control or leverage MLLM reasoning to guide the video
editing process.

2.2. Controllable Video Editing

Video editing has progressed from early optimization pipelines
based on optical flow [XLZL19, LLQ�22] and per-frame
masks [ZLCL23] to deep generative methods that enable more
realistic and controllable edits. GAN-based methods [XAH22,
FSX�23] improved visual fidelity but often suffered from un-
stable training and weak temporal consistency. With the rise of
diffusion models [CHIS23], video editing [LZL�24a, QCZ�23]
achieves markedable improvements in quality and controllabil-
ity. Methods such as Tune-A-Video [WGW�23] and Control-A-
Video [CWX�23] adapt image diffusion backbones with tem-
poral modules to achieve content-consistent edits. Zero-shot ap-
proaches such as Text2Video-Zero [KMT�23] further reduce the
per-video tuning by reprogramming cross-frame attention. Video-
P2P [LZL�24a] extends this line by employing cross-attention
control and a decoupled-guidance strategy after video inver-
sion. More recently, Diffusion Transformers (DiTs) [LDH�21,
CLT�22, YZLL23, PX23] have become strong backbones for
long-range temporal modeling and high-fidelity video genera-
tion (e.g., CogVideoX [YTZ�24], Hunyuan-Video [KTZ�24] and
Sora [LZL�24b]). Within controllable editing, CCEdit [FWW�24]
separates structure and appearance control based on diffusion and
ControlNet [ZRA23], and adds temporal layers to improve mo-
tion consistency. UniAnimate [WZG�25] maps appearance and
driving pose to a shared space and adopts state-space tempo-
ral modeling to produce identity-consistent videos. Despite these
gains, many pipelines remain a task-specific (one model per edit
type) [BTOAF�22, CWX�23, ZLCL23] design and lack physi-
cally consistent modeling (e.g., lighting and shadows) [WGW�23,
KMT�23], thus they cannot achieve unified and realistic video edit-
ing. In contrast, we unify video understanding and video generation
editing via aligned multimodal space and integrating implicit illu-
mination, which helps achieve scene-aware, consistent, and con-
trollable video editing.

3. Method

Our proposed CoherentEdit aims to integrate video understanding
and generation into a unified two-stage pipeline, as illustrated in
Fig. 3. Firstly, a VLM with strong video reasoning capabilities en-
codes both the input video and textual prompts into unified mul-
timodal embeddings. Secondly, these embeddings, along with de-
tailed reference features, are used to guide the generation process
for the diffusion model.

3.1. Unified Video Understanding

We employ QwenVL-2.5-7B [BCL�25] as our vision-language
model (VLM). However, we observe that while VLMs possess
strong visual understanding capabilities, their outputs consist of
discrete text tokens, which cannot be directly utilized for the con-
tinuous and spatially coherent requirements of video editing tasks.

To bridge this gap, we introduce a dedicated adaptation and
training strategy. Specifically, standard VLMs are typically trained
on video captioning tasks—generating descriptive text from video
content. However, when presented with editing instructions such as
“erase the airplane in this video”, the model lacks clear guidance on
what to output. This is due to two key challenges: (1) the absence
of ground-truth edited videos as supervision signals, and (2) the
difficulty of representing complex video edits using only discrete
textual tokens.

To address these issues, we design a set of special task-specific
tokens: < =generate >, < =eraser >, < =add >. When the input
prompt involves a video editing operation, we use the correspond-
ing special token as the target output during training, to push the
model’s outputs from the original text space into multimodal space
shown in Fig. 5.

Accordingly, we restructure the VLM’s training data into four
distinct components aligned with these tasks:

� < =generate >: For standard video generation or reconstruction
tasks. The prompt is formulated as “According to this video, gen-
erate a video similar to this video”.
� < =erase >: We randomly erase certain regions (e.g., objects) in

the video frames and pair them with the instruction “According
to this video, identify what is missing or problematic and try to
fix it". This encourages the model to recognize incompleteness
and infer appropriate restoration or editing behavior.
� < =add >: We synthetically insert animals or human figures into

random regions of the video and use the same instruction “Ac-
cording to this video, identify what is missing or problematic
and try to fix it". This trains the model to detect unnaturalness or
anomalies and reason about plausible additions.
� Captioning (original): We retain the original captioning data

without modification, preserving the VLM’s general video com-
prehension ability.

3.2. Unified Video Generation for Editing

Video diffusion model can be defined as follows: Assuming x0 2
R f�h�w�c represent a video latent with f frames, each with di-
mensions h� w. The forward diffusion process is defined as a
Markov chain which adds Gaussian noise to the original video step
by step:

xt =
p

ātxt�1 +
p

(1� āt)e;e� N (0;1) ; (1)

where t 2 1; :::;T denotes the diffusion step, āt is a noise sched-
uler and e is sampled from a standard Gaussian noise. The model
learns to reverse this process, estimating p(xt�1jxt). In this paper,
we adopt a diffusion transformer (DiT) architecture for noise es-
timation. Overall, DiT-based models have demonstrated superior
stability and generation quality compared to Unet-Based architec-
tures.
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Figure 3: The pipeline of our CoherentEdit: 1) a VLM first encodes video frames and text prompts into unified multimodal embedding;
2) A DiT-based diffusion model receives detailed reference features and multimodal latent features to produce final results with coherent
appearance and realistic lighting under the projection of implicit environment lighting.

Figure 4: Architecture of our VQ-VAE used for implicit illumina-
tion latent encoding and reconstructing images under the albedo
maps.

Training large models like Huanyuan-video [KTZ�24] for video
editing is often hampered by a critical data bottleneck. An end-
to-end approach typically requires large-scale paired data, which
are exceptionally rare and difficult to collect. Manually curating or
synthetically generating paired video editing data is a significant
challenge.

The foundation of our approach is a custom dataset we con-
structed from the WebVid [BNVZ21a] and OpenVid [NXZ�24] us-
ing a self-supervised way. We synthetically generate training exam-
ples by defining three distinct editing tasks aligned with the training
of the VLM model:

� Object Erase < =erase >: We randomly mask certain regions
(e.g., objects) in the original video frames and train the diffusion
model to restore the original video.

� Object Insert < =add >: We insert objects (animals or humans)
into random locations within the video and train the model to
restore them.
� Reconstruction < =generate >: The original, unmodified video

serves as both the input and the target for high-fidelity video gen-
eration.

In all three scenarios, the unmodified input video (before erase-
ment or insertion) serves as the ground-truth during training. This
self-supervised setup allows us to generate realistic editing super-
vision without requiring manually annotated or edited video pairs
shown in Fig. 5.

Our video generation backbone is built upon Hunyuan-
Video [KTZ�24]. Our approach differs fundamentally from Omni-
Video [omn26] and UniVideo [WLY�25], which directly feed the
hidden state of the last token from the final transformer block into
the subsequent generator. Through careful analysis, we observe that
while Vision-Language Models (VLMs) possess multimodal input
capabilities, they inherently lack multimodal output capabilities.
To bridge this gap, we deliberately design task-aligned multimodal
control tokens (such as < =add >,< =erase >, et al.)to steer the
VLM’s output from the textual domain into a multimodal repre-
sentation space, as illustrated in Fig.2. Consequently, we discard
the original text stream and replace it entirely with VLM stream.
The VLM model is designed to capture the correlation between
user prompts and corresponding videos, which outputs comprehen-
sive video embeddings serving as unified multimodal embeddings
for the video generation. As illustrated in our pipeline (Fig. 3), in
the visual stream, we incorporate the original background video
and the reference image to provide detailed spatial and image-level
guidance, ensuring that the generated content aligns well with both
the detailed global scene structure and the desired new reference
image. The architecture is built upon two complementary trans-
former block designs. The first part, maintains separate processing
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pathways for visual embedding and VLM embedding throughout
the �rst 20 layers of the network. Crucially, these separate streams
converge through a joint attention mechanism where the query, key,
and value matrices from both modalities are concatenated before
computing the attention weights. After each visual stream block,
we integrate the implicit environment light through separate atten-
tion to merge the environment light features, referring to section3.3,
which uses the illumination latents zl to query video latents zv and
add a residual connection before the next visual stream block, as:

z0
v = Attention(Ql ; Kv; Vv) = Softmax

�
QKT

�
V; (2)

where Ql = W Qzl ,Kv = W Kzv,Vv = W Vzv. After the double pro-
cessing stage, the visual embedding and VLM embedding are con-
catenated into a uni�ed representation that passes through the com-
bined stream to do full attention comprising 40-layer blocks. To
prevent gradient explosion caused by an excessive number of train-
ing parameters, we adopted a separate training approach shown in
section4.1.

3.3. Implicit Video Illumination Transfer

To alleviate visual inconsistency between edited regions and their
background, an ideal solution would estimate scene lighting, object
geometry, and material properties jointly. Recent inverse-rendering
methods [BBJ� 21, ZSH� 22, LGL� 25] optimize lighting and scene
parameters with photometric losses, but they often require dense
multi-view observations or known geometry. Relighting methods
such as IC-Light [ZRA25] and RelightVid [FSZ� 25] focus on re-
lighting images or videos, but they are not designed to extract a
reusable illumination condition from an arbitrary source video for
editing. Accordingly, we avoid explicit physical light reconstruc-
tion and instead learn an implicit illumination representation from
controlled-lighting supervision. We assume that the source-video
illumination can be represented as a smooth spatio-temporal fac-
tor that should be preserved around the edited foreground and its
nearby background. This representation is injected into the genera-
tor as an auxiliary condition rather than used as a complete physical
lighting model.

We adopt a Transformer-based VQ-VAE [OVK] for implicit il-
lumination encoding, as shown in Fig. 4. Given an illuminated im-
age I and its albedo image A, the illumination encoder El produces
continuous light tokens h = El (I). A vector-quantization codebook
C = fe kgK

k=1 maps each token to its nearest codeword:

zl = VQ(h) = e k� ; k� = argmin
k

kh � e kk2: (3)

In our implementation, the codebook contains K = 1024 entries
with dimension d = 256, and each image is represented by n =
16 quantized illumination tokens. The decoder D reconstructs the
illuminated image from the albedo image and the quantized light
tokens,Î = D(A;z l ). The VQ-VAE is trained with reconstruction,
perceptual, codebook, and commitment losses:

L vq = kI � Îk1 + l pL perc(I; Î) + ksg(h) � z l k
2
2 + bkh � sg(z l )k

2
2;
(4)

where sg(�) denotes stop-gradient, lp controls the perceptual term,
and b is the commitment weight. The compact codebook does not
formally guarantee perfect illumination disentanglement; rather,

under controlled-lighting supervision it empirically encourages the
latent tokens to capture lighting-related factors instead of high-level
semantic content.

At inference, we extract zl (t) from the raw video frames and
inject it into the generation network through the attention module
described above. We further analyze the light-latent attention re-
sponse during generation and observe stronger responses around
the edited foreground subject and nearby regions, while unchanged
background areas receive weaker responses. This behavior suggests
that the illumination latent is mainly activated where foreground-
background lighting harmonization is needed, helping maintain co-
herent shading, color temperature, and shadow consistency around
edited objects.

4. Experiment

To better demonstrate the strengths of our approach, we conduct ex-
periments to validate object editing and the generated video quality
across various datasets and video generation benchmarks.

4.1. Implementation Details

We train the whole pipeline in three stages: 1) the VLM, 2) the
implicit-illumination VQ-VAE, and 3) the video editing backbone.
First, for the VLM component, we adopt Qwen2.5-VL [BCL� 25]
as the foundation model and train the task-alignment tokens on
WebVid [BNVZ21b] with a learning rate of 5 � 10�5 for 10,000
iterations. Second, to train the implicit-illumination VQ-VAE,
we construct a dataset of 30,000 controlled-lighting samples, in-
cluding Internet images and samples generated with Diffusion-
Light [PCS� 23], RelightVid [FSZ� 25], and IC-Light [ZRA25].
The VQ-VAE is trained with a learning rate of 1 � 10�4 for
10,000 iterations. Finally, for the video editing backbone, we use
the Hunyuan-Video architecture, which jointly processes VLM
alignment-token embeddings, source-video features, reference-
image features, and implicit illumination latents. Video generation
is trained on WebVid and OpenVid [NXZ� 24] with a learning rate
of 10�4 for 20,000 steps. Relative to the Hunyuan-Video backbone,
our added editing modules increase the parameter count by about
200M. We use AdamW for all stages; full training takes about four
days on 16� NVIDIA A800-80GB GPUs, and inference for a sin-
gle edited video takes about �ve minutes on 4� NVIDIA A800
GPUs. The code, trained weights, and data construction scripts will
be released after publication for reproducibility.

4.2. Comparison with Previous Methods

Our training data is exclusively sourced from OpenVid and We-
bVid datasets. To ensure experimental fairness, we have not used
any closed-source or internally produced data. Moreover, all eval-
uation data is drawn from open-source datasets that were not in-
cluded in the training phase. Following Propainting [ZLCL23],
we conduct experiments on both YouTube-VOS [XYF� 18] and
DAVIS [PPTM� 16] to evaluate the performance of our method for
object erasement from videos. We compared with Propainting, Dif-
fuEraser [LXRB25] and HunyuanCustom [HYZ� 25] using multi-
ple metrics, including LPIPS, PSNR, FVD to assess the tempo-
ral consistency and smoothness of the resulting video sequences.
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Figure 5: Data synthesis pipeline and self-supervised training: 1)
we randomly insert objects into videos or mask regions to create
corrupted inputs; 2) the video understanding model learns task-
alignment tokens, while the video generation model reconstructs
the clean source video using VLM embeddings and implicit illumi-
nation features.

The detailed results are presented in the Tab. 2 and Fig. 8. Bene�t
from the uni�ed design of our framework and the implicit illumi-
nation transfer, the edited video after object erasement appears sig-
ni�cantly more realistic, with fewer artifacts of inconsistent light-
ing and shadows, as shown in Fig. 8 and Fig. 6. Our method also
achieves superior performance across multiple metrics, as shown in
Tab. 2.

To further evaluate the generalization ability of our approach,
we additionally test the quality of human-centric editing and mo-
tion control on the TikTok [JP21] and UBC fashion video datasets
[ZSZS19].

To validate the overall video quality and temporal consistency,
we also adopt some metrics from VBench [HHY� 24] like Sub-
ject Consistency, Background Consistency, Motion Smoothness,
Aesthetic Quality, and Dynamic Degree, and we compare our
method with state-of-the-art character animation and video editing
methods, including HunyuanCustom (HunyuanCus) [HYZ� 25],
VACE [JHM� 25], Omni-Video [TYQ� 25] (Wan2.1 [WWBA25]-
based video generation model), , as shown in Tab. 1. We present the
qualitative results in Fig. 7. Omni-Video only supports text-guided
video editing at a coarse semantic level. HunyuanCustom produces
relatively good results but tends to exhibit distortions, particularly
in details such as hands, and also requires high alignment between

the reference image and reference video. VACE could replace ob-
jects well but struggles to control corresponding poses. Other ap-
proaches also suffer from similar issues. In contrast, our method
achieves superior performance in terms of lighting consistency and
subject �delity, even when the reference image and reference video
are not well aligned, as shown in Fig. 7. This demonstrates the ro-
bustness and generalization ability of our approach in video gener-
ation and various editing tasks. See our appendix for more infor-
mation.

4.3. Ablation Study and Analysis

To validate the effectiveness of our overall design, we conducted a
series of ablation studies on the TikTok dataset. The experimental
details are as follows:

VLM Performance. We �rst investigate the role of the VLM
by replacing it with a standard T5 text encoder [RSR� 23], which
is widely adopted in video generation models. This variant corre-
sponds to the �rst row of Table 3 and Fig. 9. For simple textual
descriptions, VLMs and T5 provide comparable coarse semantics.
However, in complex scenarios such as object editing, background
completion, and artifact removal, the model needs to reason over
the source video and the desired edited state. The VLM provides
more useful video-conditioned semantics for such cases, as illus-
trated in Fig. 9.

VLM Alignment. We further validate the effectiveness of align-
ing VLM outputs with diffusion-model inputs. Taking object era-
sure as an example, directly decoding a frozen VLM produces a
�uent textual instruction, as shown in Fig. 9, but such text-only
output is not the condition needed by a diffusion generator. The
generator requires grounded multimodal features that describe how
the edited content should appear in the scene. As shown in Table 3,
using a pre-trained VLM without task-speci�c alignment still leads
to a performance decline. In contrast, our aligned task-token train-
ing produces more suitable editing embeddings and yields more
accurate and detailed generated videos.

Implicit Illumination Transfer. We evaluate the impact of re-
moving implicit illumination transfer. Quantitative ablations are
reported in Table 3. As shown in Fig. 8 and Fig. 9, existing ap-
proaches and our ablated variants tend to leave visible artifacts
or inconsistent shading around the edited region. In contrast, the
full model better harmonizes foreground and background lighting,
leading to improved visual quality and temporal consistency.

5. Conclusion

In this paper, we present a uni�ed video editing pipeline, named
CoherentEdit, to effectively integrate video understanding and gen-
eration. Our approach unfolds in two stages: �rst, a VLM encodes
the input video and editing instruction into a comprehensive em-
bedding; second, a diffusion-based generator leverages this embed-
ding to produce controllable, semantically consistent edits, and we
prove that task-speci�c tokens can better bridge the gap between
discrete tokens from VLM models and continuous embeddings
from diffusion models. We further incorporate implicit illumina-
tion features extracted from the source video to maintain lighting
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