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Abstract

Video object insertion (VOI) aims to seamlessly composite a user-specified object into an existing video while preserving scene
consistency and generating realistic object motion that interacts naturally with the surrounding environment. Despite recent
progress, achieving high-quality VOI remains challenging. Most existing approaches perform insertion purely in the RGB domain
without explicitly modeling scene geometry, which often leads to depth ambiguity, incorrect occlusion reasoning, and unrealis-
tic object—scene interactions. Moreover, current frameworks provide only limited control over object motion and cannot model
movement along the depth axis. In this paper, we propose InDepthVOI, a depth-aware video object insertion framework that
explicitly incorporates geometric reasoning into the generation process. Our method employs a dual-branch diffusion transformer
that jointly models RGB appearance and depth representations. We further introduce a depth trajectory map, a structured condi-
tioning signal that encodes the spatio-temporal trajectory of inserted objects across both the image plane and depth dimensions,
enabling depth-consistent motion control. To train InDepthVOI, we construct a new dataset comprising carefully curated back-
ground—composite video pairs and structured depth trajectory annotations. Extensive experiments demonstrate that InDepthVOI

significantly outperforms existing methods in both visual realism and controllability, establishing a new state of the art for VOI.
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VACE

InDepthVOI

e

Figure 1: Qualitative comparison of different methods. VACE [7], a state-of-the-art method for video editing, does not explicitly model
depth conditions, often causing depth ambiguity and unrealistic object—scene interactions, as highlighted in the yellow boxes. In contrast,
InDepthVOI jointly generates object appearance and relative depth, enabling geometry-aware scene integration. Depth maps generated

by our method are also shown in the orange boxes.
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Figure 2: Overview of the propsed InDepthVOI. (a) Overall framework of InDepthVOI, which performs video object insertion jointly
in both depth and RGB modalities.

Composite  BG BG Video 0-1 Dynamic Real-World  #of
Dataset Video Video (Visual effect removed) Mask Object Video Frames
Senorita-2M [15] v v X v v v 33-64
VPData [11] v X X v v v 81<
ROSE++ [13] v v v v X X 81<
RealVOI (Ours) v v v v v v 81

Table 1: Comparison with existing open-source VOI datasets. Our dataset offers realistic background videos with visual effects removed,
and dynamic object annotations, enabling realistic VOI.
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Figure 3: The detailed pipeline of RealVOI dataset. Representative examples from RealVOI dataset are shown below.
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Figure 4: Qualitative comparison with existing SOTA models.
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Background Subject Motion Imaging
Model ViCLIP-T 1 | Consistency T Consistency T Smoothness T Dynamic 1 Quality T | CLIP-I1T DINO-I 1

AnyV2V 23.094 0.885 0.883 0.979 0.400 0.604 0.697 0.405
ReVideo 24.478 0.905 0.908 0.989 0.360 0.634 0.725 0.512
VACE-Inp 24.545 0.932 0.940 0.991 0.440 0.664 0.701 0.554
VACE-VOI 24.621 0.934 0.942 0.989 0.480 0.675 0.698 0.563
Pika-Pro 24.103 0911 0.937 0.989 0.400 0.646 0.726 0.562
InDepthVOI 24.638 0.934 0.947 0.991 0.493 0.678 0.728 0.581

Table 2: Quantitative comparisons with baseline methods. Here, VACE-Inp denotes an inpainting model using pre-trained VACE, and
VACE-VOI denotes VACE fine-tuned on the Real VOI dataset for the VOI task.

Source Video

ReVideo

-
InDepthVOI
RGB-Branch & v/
InDepthVOI
Depth-Branch

Figure 5: Qualitative ablation of motion editing using the tracking
condition. In the Revideo [10] result, the object follows the trajec-
tory but exhibits unnatural motion.

Q
-y

Subject Imaging
Consistency T Dynamic T Quality 1
0.945 0.480 0.682
0.943 0.480 0.674
0.947 0.493 0.678

ViCLIP-T 1

24.572
24.581
24.638

CLIP-It DINO-11
0.720 0.575
0.726 0.571
0.728 0.581

Trajectory Map Condition
F'e
Point Trajectory Map (x,y)
Depth Trajectory Map (x,y,depth) (ours)

Table 3: Effect of trajectory representation. Depth Trajectory Map
denotes our proposed trajectory representation incorporating depth
information.
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(optimizer) [34] & AF25}0] SHEE-S 1e-42 3 of| Z(epoch) FQF
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Background Subject Imaging
Consistency T Consistency T Dynamic T  Quality T

0.942 0.480 0.675 ‘

Depth Condition

X 0.934
Controlnet 0918
Joint Cross Attention (ours) 0.935

CLIP-It DINO-I 1

0.698 0.563
0.720 0.393
0.720 0.575

0.880 0.333 0.558
0.945 0.480 0.682

Table 4: Effect of joint cross attention on depth condition learning.
Joint Cross Attention is our proposed method, which trains without
tracking condition.

InDepthVOI
Depth-branch

»

Figure 6: Qualitative ablation about the effect of depth condition.
Here, the colored straight lines represent the joints of each body. In
the VACE-VOI result, when an animal moves, the front and hind
legs swap positions.
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o= (1) 24 Y34 H7HSubject Consistency; CLIP-I [37]
and DINO-I [38]), (2) VBench [39]& &85t H|tje &2 1
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and Imaging Quality), (3) Bl A~E-H|t] @ & $HA (text-video align-
ment; ViCLIP-T [40]) & Hol| A Ad5& F7Iokith.
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