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OmniInsert: Mask-Free Video Insertion of Any Reference via Diffusion

Transformer Models

Supplementary Material

In the supplementary material, the sections are organized492

as follows:493

• We provide more details regarding parameters in Sec. A.494

• We provide more details of our proposed benchmark In-495

sertBench in Sec. B.496

• We provide more qualitative results and comparisons of497

OmniInsert in Sec. C.498

• We provide an additional comparison with the mask-499

based video insertion methods in Sec. D.500

• We provide more details of our proposed Context-Aware501

Rephraser (CAR) in Sec. E.502

• We discuss the limitations and the future work of our503

method in Sec. F.504

A. Implementation Details505

A.1. Detailed Parameters506

The hyper-parameters used in our experiments are set as fol-507

lows:508

• For the Lphase1-3 mentioned in Eq. 5, we set λ1 and λ2 as509

1, 1, respectively.510

• For the Lreg(c, xw, xl) mentioned in Eq. 7, we set the511

hyper-parameters β to 5.512

A.2. Generalizability of the Method513

As discussed in the main article, our method is built upon514

a vanilla I2V base model. By reusing and modifying the515

model’s native input channels and training LoRA modules516

without incorporating auxiliary structures, we equip the517

model with an end-to-end video insertion capability. The-518

oretically, this design allows our approach to adapt to the519

majority of I2V architectures. We have validated the effec-520

tiveness of our method on both the open-source Wan14B-521

I2V [10] model and an in-house I2V model, the latter of522

which yields superior performance. All qualitative and523

quantitative results, as well as the extended discussions and524

analyses presented in this paper, are based on this in-house525

model. We plan to open-source the model checkpoint based526

on Wan14B-I2V after proper organization and cleaning.527

A.3. Training and Inference Details528

Training time. The phase-1 subject-to-video training529

takes about 70k iterations (nearly 3,600 A100 GPU hours).530

The phase-2 pretraining for the mask-free video insertion531

task costs about 30k iterations (nearly 1,800 A100 GPU532

hours), and the phase-3 refinement costs about 10k itera-533

tions (nearly 600 A100 GPU hours). The last phase-4 pref-534

erence optimization takes about 8k iterations (nearly 1,200 535

A100 GPU hours). 536

Trainable Parameters. We integrate the LoRA mecha- 537

nism into the DiT blocks, configuring it with a rank of 538

256. This results in a total of 0.6B trainable parameters. 539

A comparison between ours and existing methods refers to 540

Tab. 4. Notably, the following methods are excluded from 541

the training data comparison: (1) training-free approaches, 542

such as [4, 13] which are based on DDIM inversion; and 543

(2) methods which are closed-source and do not disclose 544

the amount of trainable parameters in their papers or tech- 545

nical reports (e.g., the academic study like [6, 9, 12], and 546

commercial models like [3, 7]). For works that provide 547

multiple versions (e.g., [2]), we use the amount of train- 548

able parameters from the best-performing version for the 549

comparison. Since most existing methods introduce com- 550

putationally heavy structures (e.g., ControlNet) or require 551

full-parameter fine-tuning of the base model, whereas our 552

approach only trains highly parameter-efficient LoRA mod- 553

ules, our method demonstrates significantly fewer trainable 554

parameters compared to prior works. 555

Table 4. The trainable parameters of existing methods and ours.

Methods Trainable Parameters

VACE [2] ∼3B

GetInVideo [14] 2B

Ours ∼0.6B

Training Data Details. For the training of the phase-1 556

subject-to-video task and the phase-2 video insertion task, 557

we use a large-scale training dataset containing about 0.5M 558

samples. Mark data generated by the introduced RealCap- 559

ture Pipe, SynthGen Pipe (T2I + I2V + subject removal), 560

SynthGen Pipe (video editing), and SimInteract Pipe as (a), 561

(b), (c), (d), respectively. The actual ratio of different types 562

of data (type (a) : type (b) : type (c) : type (d)) in phase 563

1 and phase 2 is set to 5:2:2:1. For the training of phase-3 564

refinement, the dataset contains about 50k samples and the 565

ratio of different data is 3:3:3:1. For the training of phase-4 566

preference optimization, the training dataset has about 0.5k 567

good-bad paired data, and the ratio is set to 3:3:3:1. A com- 568

parison about the amount of the training data between ours 569

and existing methods refers to Tab. 5. Similarly, the follow- 570

ing methods are excluded from the training data compari- 571

son: (1) training-free approaches, such as [4, 13] which are 572
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Figure 7. Screenshot of the user study.

based on DDIM inversion; and (2) methods that do not dis-573

close the amount of training data in their papers or technical574

reports (e.g., the academic study like [2, 6], and commercial575

models like [3, 7]). For VideoAnydoor [9], it chooses the576

frame that has the largest distance from the picked target577

video clip as the reference image; For GetInVideo [14], it578

selects the first clear frame containing the reference subject579

from the target video as the reference image; For Unic [12],580

it directly uses the part of target video as the reference. Our581

training dataset is the first cross-paired dataset constructed582

for the video insertion task, which organizes the reference583

image from a brand new source (cross-paired) instead of584

the target video itself (in-paired). Our dataset will be open-585

sourced after proper organization and cleaning.586

Table 5. The training data of existing methods and ours.

Methods Training Data Source Video Cross-paired

VideoAnydoor [9] ∼440K % %

GetInVideo [14] 1,000K ! %

Unic [12] ∼166K ! %

Ours: Phase1-2 500K ! !

Ours: Phase3 50K ! !

Ours: Phase4 0.5K ! !

Ours: Total ∼551K ! !

Inference Details of the Model. Classifier-free guid-587

ance [1] balances sample quality and diversity in diffusion588

models through joint conditional and unconditional train-589

ing. During inference, we design a joint classifier-free guid-590

ance to balance multiple conditions: 591

v̂θ(zt, cp, ci, cv) = vθ(zt, ∅, ∅, ∅)

+ S1 · (vθ(zt, cp, ∅, ∅)− vθ(zt, ∅, ∅, ∅))

+ S2 · (vθ(zt, cp, ci, ∅)− vθ(zt, cp, ∅, ∅))

+ S3 · (vθ(zt, cp, ci, cv)− vθ(zt, cp, ci, ∅)) ,
(8) 592

where cp, ci, cv represent prompt condition, reference sub- 593

jects, and source video. S1, S2 and S3 are guidance scales, 594

which are assigned as 3.5, 5.0, 1.5, respectively. We run 595

a standard Flow Euler sampler with 50 steps to obtain our 596

inference results. 597

Inference time. Generating a single 5-second 480P video 598

(121 frames) with our proposed model takes approximately 599

45 seconds using 8 NVIDIA A100 GPUs. Under these 600

conditions, a further comparison between ours and exist- 601

ing methods refers to Tab. 6. Note that inversion-based 602

methods [4, 13] are excluded from our comparison due to 603

their additional inversion stage introducing significant com- 604

putational overhead. For works that provide multiple ver- 605

sions (e.g., [2]), we use the inference time from the best- 606

performing version for the comparison. We exclude closed- 607

source methods without publicly accessible demos from our 608

comparison. For closed-source methods with available de- 609

mos (e.g., Kling [3] and Pika-Pro [7]), we record their infer- 610

ence time in our tables. However, these results are marked 611

with * and should be interpreted cautiously, as the actual 612

computational resources used by these services cannot be 613

verified. Further discussion on potential improvements to 614

inference speed can be found in Sec. F. 615

A.4. User Study 616

To compare with the baseline methods, we conduct a user 617

study as part of the evaluation. The survey randomly pre- 618

sented 40 sets of generated results to each participant. Fig. 7 619
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Add a girl next to the man, 
recording with her phone

Add a boy
playing with Doraemon

Add a monkey
inside the wooden box

Add a necklace to the man

Add a girl walking in the streetReal-world People + Open Outdoor Scenes      More Realistic insertion task 

Add a dog sitting in the bathroomReal-world Animals + Open Indoor Scenes     More Realistic insertion task       

Real-world People + Scenes with Main Subjects      More Realistic insertion task 

Objects + Scenes with Main Subjects      More Realistic insertion task 

Virtual IP Characters + Scenes with Main Subjects      More Creative insertion task 

Virtual IP Characters + Scenes with Obvious Interaction      More Creative insertion task 

Figure 8. Examples of InsertBench.

Figure 9. The distribution of InsertBench.

displays a screenshot from our user study, showcasing a set620

of generated results. From left to right, it shows the ref-621

erence subject, the source video, and the results from all 622

competing methods in random order, paired with the corre- 623
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Table 6. The inference time of existing methods and ours.

Methods Inference Time

VACE [2] ∼180s

Kling [3] ∼120s*

Pika-Pro [7] ∼150s*

Ours: ∼45s

sponding text prompt. We ask each participant four ques-624

tions:625

1. Which result appears to have the highest consistency626

with reference subjects?627

2. Which result best matches the prompt ‘[prompt]’?628

3. Which result appears to have the highest insertion ratio-629

nality?630

4. Which result matches your best choice based on compre-631

hensive considerations?632

For each set of results displayed in the survey, we en-633

sured that their order was randomly shuffled to prevent bias.634

Responses where all answers had the same selection and re-635

sponses with completely identical answers were considered636

invalid.637

B. InsertBench Details638

To address the lack of a benchmark for video insertion639

tasks, we introduce a comprehensive benchmark, Insert-640

Bench, which consists of 170 videos paired with meticu-641

lously selected corresponding subjects (suitable for inser-642

tion in each video) and the prompts. Our collected videos643

span diverse categories, including natural landscapes, in-644

door environments, transportation scenes, dynamic interac-645

tions, animated contexts and wearable scenarios, each com-646

prising 121 frames at 24 fps. As shown in Fig. 8, we care-647

fully select suitable subjects for each video to insert, while648

considering harmonization and creativity. The detailed data649

type distribution of our benchmark is shown in Fig. 9. A650

current limitation in our benchmark is that there are insuf-651

ficient source videos containing prominent interactive ac-652

tions. Such videos are critically important for both gener-653

ating creative effects and validating models’ understanding654

of physical laws. Consequently, a key future improvement655

direction for this benchmark involves augmenting the col-656

lection with more interaction-oriented source videos. Addi-657

tionally, we will incorporate statistical analysis and evalua-658

tion of video styles (e.g., real-world style, cartoon style) in659

subsequent versions.660

C. More Visual Results661

In this section, we provide more visual results of OmniIn-662

sert. Fig. 11 and Fig. 12 present our inference results and663

comparisons with baselines. Corresponding videos for all 664

results (main paper and supplement) are available in sup- 665

plementary attachments. We strongly recommend view- 666

ing the mentioned dynamic results for a more intuitive 667

understanding of the practical effectiveness of our pro- 668

posed method. 669

All results are generated at 480P resolution based on 670

our proposed benchmark InsertBench. Supplemental re- 671

sults demonstrate enhanced capabilities in diverse aspect 672

ratios (e.g., vertical video) and multi-subject scenarios, fur- 673

ther demonstrating that our method can achieve stable, se- 674

mantically coherent insertions with strong prompt fidelity. 675

Thanks to our designed data curation pipeline InsertPipe, 676

which covers a wide range of scenes and subject cate- 677

gories, the model exhibits excellent robustness across vari- 678

ous resolutions and aspect ratios. Our designed Condition- 679

Specific Feature Injection (CFI) mechanism injects both 680

video and subject features in a unified yet efficient manner, 681

ensuring differentiated condition injection. And we inte- 682

grate the LoRA mechanism into the DiT blocks, preserv- 683

ing the model’s original prompt following capabilities. Fur- 684

thermore, the adopted progressive training strategy enables 685

the model to effectively achieve subject-scene equilibrium 686

through multi-stage optimization, further enhancing inser- 687

tion stability. As shown in Fig. 12, both Pika-Pro [7] and 688

Kling [3] exhibit issues with insertion failures and unnat- 689

ural insertion artifacts, whereas our method demonstrates 690

superior robustness. 691

Additionally, our model is capable of dealing with multi- 692

subject scenarios, a capability that other baseline models 693

either lack or perform poorly on. Our proposed CFI can 694

be effortlessly extended from a single-reference to a multi- 695

reference setup. This is achieved by simply concatenating 696

all reference images in the temporal order. This approach 697

introduces no additional trainable parameters and requires 698

no modifications to the training paradigm. The correspond- 699

ing results are visualized at the bottom of Fig. 1 and Fig. 11, 700

and the associated original files are included in the attach- 701

ment of our supplementary material. 702

D. Additional comparison 703

In this section, we compare our method with another type of 704

approaches: mask-based video insertion methods. These 705

methods, such as VACE [2], rely heavily on a user-provided 706

mask to guide the placement of the inserted object. This 707

requirement has two significant drawbacks: first, creating 708

the costly mask is not user-friendly; second, it inherently 709

constrains the model’s creative potential. In contrast, our 710

proposed mask-free method is more intuitive to use and 711

more conducive to generating imaginative results. Quali- 712

tative comparisons are visualized in Fig. 13, while quantita- 713

tive results from automated metrics are presented in Tab. 7. 714

As evidenced by both qualitative and quantitative evalua- 715
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Table 7. Quantitative comparisons with mask-based method, and ∗ indicates the consistency of the segmented subject area.

Method
Subject Consistency Text-Video Alignment Video Quality

CLIP-I∗ ↑ DINO-I∗ ↑ FaceSim ↑ ViCLIP-T ↑ Dynamic ↑ Image-Quality ↑ Aesthetics ↑ Consistency ↑

VACE [2] 0.673 0.532 0.348 24.860 0.731 0.653 0.543 0.929

Ours 0.745 0.639 0.488 25.945 0.825 0.704 0.556 0.930

tions, our method outperforms VACE across several key di-716

mensions, including reference consistency, text-prompt fi-717

delity, and physical plausibility.718

E. Context-Aware Rephraser (CAR)719

We employ CAR during the inference stage to either elabo-720

rate on concise user-provided prompts or, in their absence,721

generate a semantically rich prompt from scratch. CAR722

accepts three inputs: source video, reference image, and723

an optional prompt. The module is powered by a pre-724

trained Vision-Language Model (VLM); specifically, we725

use Doubao VLM [8] as the backend. The user-provided726

prompt can be divided into three categories: imperative, de-727

scriptive, or null (empty). Given that our main model is728

trained on descriptive-style prompts, CAR is engineered to729

convert all these three input types into a detailed descriptive730

prompt. This conversion process is conditioned on the pro-731

vided source video and reference image, and the final out-732

put serves as the text condition for our model. Notably, we733

use 20 uniformly sampled frames as a substitute for the full734

source video when feeding it into CAR. The complete in-735

structions for CAR, including the system and user prompts,736

will be open-sourced with our code implementation. The737

text generation process of CAR is illustrated in Fig. 14.738

F. Limitation and Future Work739

In this section, we discuss the limitations of our method and740

potential directions for future work.741

Limitations Imposed by the Base Model. Our method is742

built on a naive I2V base model. By exclusively training743

LoRA modules without altering the model’s core architec-744

ture, we enable it to generalize from the I2V modality to745

the V2V capability, ultimately accomplishing the video in-746

sertion task. The primary advantage of this approach is that747

it maximally preserves the base model’s high-quality pre-748

trained abilities (e.g., generated quality and prompt fidelity)749

while incurring significantly lower computational costs than750

full-parameter fine-tuning or incorporating auxiliary struc-751

tures like ControlNet. On the other hand, since we do not752

modify the base model’s intrinsic architecture or parame-753

ters, the upper bound of our performance is inherently con-754

strained by the base model’s own capability domain (e.g.,755

maximum generation resolution and count of the generated756

frames). We observe that when running inference on cases757

with out-of-domain parameters, such as higher resolutions758

or longer durations, the model frequently generates physi-759

!

"

Figure 10. The failure cases. (a) shows the physically implausible

bad cases, such as model interpenetration, and (b) shows the slight

color discrepancy between the source video and the inference re-

sult.

cally implausible results shown in Fig. 10 (a) (the same case 760

as that shown in Fig. 1 but with a longer duration of 18s), 761

and occasionally produces outputs with significant color 762

discrepancies from the source video shown in Fig. 10 (b) 763

(inference with a larger source video of 1080p). Although 764

our dataset is diverse in parameters like duration and resolu- 765

tion, and our multi-stage progressive training strategy is the- 766

oretically designed to mitigate these problems, we still find 767

that the base model’s inherent characteristics persistently 768

impact performance during out-of-domain-parameter infer- 769

ence. Therefore, a foreseeable direction for future work is 770

to strike a better trade-off between training efficiency and 771

model performance. This involves exploring how to opti- 772

mize the method with more suitable trainable architectures 773

and a larger set of trainable parameters, thereby reducing 774

the dependency on the base model’s inherent limitations. 775

Inference Speed. Our method adheres to a standard video 776

diffusion model baseline, with an inference time of approx- 777

imately 45 seconds for a 5-second 480P video on 8 A100 778

GPUs. Its performance could be further enhanced by ap- 779

plying general-purpose acceleration techniques [5, 11] for 780

video diffusion models. 781
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Figure 11. More qualitative results.
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Add a wild boar in the restaurant
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Add a woman next to the man, recording with a mobile phone
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Add a bird flying upon the tree

Add a groundhog wearing a pair of glasses next to the tree
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Figure 12. More qualitative comparisons.

Add a woman cuddling up to the man

Add a pair of sunglasses to the man Add a bear standing next to the sheep
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Add a woman walking towards the flower from a distance 
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Figure 13. An additional qualitative comparison with mask-based methods.

8



CVPR

#10991

CVPR

#10991

CVPR 2026 Submission #10991. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Add a horse
standing 
on the grass

Provided Imperative Prompt  

A man 
wearing a hat 
is talking

Provided Descriptive Prompt  

Provided NULL Prompt  

Your task is to return a detailed description based on user-uploaded images and optional text.

Definition of User-Uploaded Images:

The user uploads multiple images. 

Among them, [Image 1] contains a subject, which can be of any category 

such as a person, an animal, or an object. 

The other images are scene frames uniformly sampled in sequence from a video.

The user-uploaded text is a brief sentence describing the content of a new scene, 

which is imagined by placing the subject from [Image 1] into the video scene described by the other images, 

or a brief sentence describing how to place the subject from [Image 1] into the video scene, 

or empty.

Detailed Rules for the Text Description:

Specifically, your final output text must simultaneously consider the following three aspects:

First, …

Doubao VLM

Context-Aware Rephraser (CAR) A real-world video. On a lush green meadow, 
two white buildings are visible. 

In the foreground, a pure white horse with a soft mane and a robust body stands quietly.
In the background, an orange-yellow sun is slowly setting, dyeing the sky in warm tones.

The camera remains static. 
The glow of the sunset gradually dims, and the horse occasionally shifts its position, pacing on the grass. 

The entire scene is serene and beautiful as the sky darkens over time.

Real-world video footage. 
A man is standing on a stage, wearing a gray and black plaid hat adorned with a black decorative band. 

He is equipped with a headset microphone and is dressed in a dark gray jacket over a green inner shirt. 
The background consists of pink and purple geometric patterns.

The man stands on the stage, occasionally turning his head 
and moving his mouth as if delivering a speech or performance. 

The camera remains relatively stable, with occasional slight movements 
to capture the man's various expressions and postures.

A real-world video. In an open field, a vibrant red carpet stretches out straight, 
flanked by neatly arranged white and red chairs.

A long-haired woman stands at the front end of the carpet, dressed in a black sleeveless top and ripped jeans. 
One hand rests on her head while the other hangs naturally, her posture elegant. 

The camera is static as the woman walks slowly forward along the red carpet, 
her steps light and her hair fluttering in the wind. She passes between the neatly arranged rows of chairs, 

with a vast field and an azure sky in the background.
The entire scene is tranquil and beautiful.

.

Figure 14. Illustration of CAR. Zoom in for more details.
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