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Figure 1. Our amodal completion pipeline for human-object interaction. (a) Occlusions frequently occur during human-object interactions.
(b) By applying a convex hull based method to contact points (shown with yellow circles), we identify primary region Mp highly likely to
contain occluded parts, as well as secondary region Ms that exhibit a lower, yet present, probability of occlusion. (e) Our multi-regional
inpainting method completes the segmented image using these masks, without additional training.

Abstract

Amodal completion, the task of inferring the complete ap-
pearance of objects despite partial occlusions, is crucial for
understanding complex human–object interactions (HOI) in
computer vision and robotics. Existing methods, includ-
ing pre-trained diffusion models, often struggle to gener-
ate plausible completions in dynamic scenarios due to their
limited understanding of HOI. To address this challenge,
we propose a novel approach that leverages physical prior
knowledge alongside a specialized multi-regional inpaint-
ing technique tailored for HOI. By incorporating physical
constraints derived from human topology and contact infor-
mation, we define two distinct regions: the primary region,
where occluded object parts are most likely to reside, and
the secondary region, where occlusions are less probable.
Our multi-regional inpainting method employs customized
denoising strategies across these regions within a diffusion
model, thereby enhancing the accuracy and realism of gen-
erated completions in both shape and visual detail. Experi-
mental results demonstrate that our approach substantially
outperforms existing methods in HOI scenarios, advancing
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machine perception toward a more human-like understand-
ing of dynamic environments. Furthermore, we show that
our pipeline remains robust even without ground-truth con-
tact annotations, broadening its applicability to tasks such
as 3D reconstruction and novel view/pose synthesis.

1. Introduction
Understanding human-object interactions (HOI) is a fun-
damental challenge in the fields of computer vision and
robotics. Accurate perception of these interactions enables
a wide range of applications, from autonomous robots that
can safely navigate human environments to augmented real-
ity systems that seamlessly integrate virtual objects into the
real world. However, a significant obstacle in interpreting
these interactions is the presence of occlusions, where parts
of objects or humans are hidden from view due to overlap-
ping elements in the scene.

Amodal completion [3, 5] offers a promising solution
to this problem by enabling systems to infer the complete
shape and extent of partially occluded objects. This cogni-
tive ability, inherent in human perception, allows us to rec-
ognize objects and estimate occluded parts of human body
even when we cannot see them in their entirety.
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Recently, pre-trained diffusion models [25] have
emerged as powerful tools for amodal completion due to
their generative capabilities. These models can generate
plausible completions of occluded regions, enhancing the
overall understanding of complex scenes [22, 37, 40]. A
straightforward approach is to apply inpainting/outpainting
on the segment of the occluder. However, applying dif-
fusion models directly to occluded images without proper
regioning often leads to implausible or incorrect comple-
tions. For HOI, when an object is occluded by human, the
occluder region is often significantly larger than the actual
occluded area of the object as shown in Figure 1. Inaccu-
rately identifying occluded region causes diffusion models
to generate overextended or inaccurate completions, as the
inpainting process affects a larger area than necessary.

To address this issue, we introduce a novel region iden-
tification method that precisely defines the areas requiring
inpainting. Specifically, we divide the occluded region into
two distinct areas: a primary region and a secondary re-
gion. The primary region, which is more likely to con-
tain the occluded parts of the object, is identified using a
contact-aware convex hull operation that incorporates con-
tact information and the human-object boundary. This tar-
geted approach focuses the inpainting process on the most
relevant area, improving the accuracy and plausibility of the
completions. In contrast, the secondary region encompasses
the remaining parts of the occluder, with a lower probabil-
ity of containing occluded object details. By distinguishing
these two regions, we apply inpainting more effectively, re-
ducing unnecessary alterations in areas unlikely to contain
occluded information.

Building on this region identification, we introduce a
novel inpainting method, multi-regional inpainting, which
operates without requiring additional training. This method
applies differentiated denoising strategies across the re-
gions: it constructs a coarse structure in the primary re-
gion and then adds finer details in the secondary region. By
implementing these multi-regional denoising strategies, we
enhance the model’s capacity to produce accurate comple-
tions in the primary region while maintaining the integrity
of the secondary region. With these amodally completed
images, we demonstrate that the visually enriched images
can boost applications such as 3D human and object recon-
struction with Gaussian Splatting [12] on HOI.

In summary, our contributions are:
• Amodal Completion Framework for Human Object

Interaction: To the best of our knowledge, our work is
the first to address amodal completion in HOI. We de-
velop a framework that accurately predicts the complete
appearance of both the human and the object during in-
teraction. By leveraging distinct constraints inherent in
HOI, our approach precisely identifies occluded regions.

• Multi-Regional Inpainting Method: We introduce a

novel inpainting technique that extends the pre-trained
diffusion model [25] without requiring additional train-
ing. This method employs differentiated denoising strate-
gies across regions with different levels of priority, en-
abling more precise completion.

• Applications of Amodal Completion: For practical ap-
plicability, we propose a pipeline that operates without
ground-truth contact information. In addition, we demon-
strate that our amodal completion method for HOI sup-
ports various applications, including 3D reconstruction
with Gaussian Splatting and novel-view/pose synthesis
for humans and objects.

2. Related Work

2.1. Amodal Segmentation and Completion

Amodal segmentation and completion address the challenge
of reconstructing fully visible object shapes from partially
occluded views, enhancing scene comprehension. Early
approaches, such as the bilayer convolutional network by
[11], improve segmentation accuracy by differentiating oc-
cluders from occludees, while variational autoencoders [16]
model latent structures for plausible occlusion completion.
Bayesian generative models [30] and vector-quantized rep-
resentations [6] introduce probabilistic and coarse-to-fine
methods for handling various occlusion levels. To cap-
ture mutual occlusions in structured scenes, [43] proposed
a holistic relation inference framework.

Recent advancements in amodal completion include
diffusion-based models, such as [37] and Pix2gestalt [22],
which leverage segmentation order analysis and synthetic
whole-part pairs to accurately infer occluded areas. Self-
supervised methods [42] allow models to infer occlusion
relationships, while new datasets with 3D ground truth [41]
provide valuable benchmarks for real-world scenarios. In
contrast to these approaches that restrict the inpainting re-
gion to a single mask or operate without one, our method
handles multiple inpainting regions with varying priorities.

2.2. Human-Object Interaction and Occlusion

Human-Object Interaction (HOI) research often faces oc-
clusion challenges, obscuring key parts of human-object
interactions. Contact estimation methods, such as CON-
THO [20], HOT [4], and DECO [32], help predict occluded
regions by identifying interaction points, preserving dy-
namics in both 2D and 3D views. Models like LEMON [39]
and COMA [13] enhance scene understanding by capturing
spatial relationships and affordance cues. Additionally, 3D
reconstruction methods like CHORE [34], VisTracker [35],
and HDM [36] improve pose estimation from partial views,
collectively supporting a more complete understanding of
HOI under occlusion.
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Figure 2. The overall pipeline of our proposed method. Given an RGB image of human-object interaction, our pipeline utilizes human, ob-
ject, contact, SMPL mask information, represented by Mhuman, Mobject, Mcontact, Msmpl, respectively, and a text prompt P describing
the object category. Firstly, it leverages Mhuman, Mobject and Mcontact to identify key regions of interests: primary Mp and secondary
Ms occluded region on the occluder. The identified regions Mp and Ms, text prompt P along with segmented object image Iin, are then
utilized for the amodal completion, a process where both the human and object can interchangeably act as an occluder or an occludee.

3. Preliminary
3.1. Convex Hull
A convex hull is a fundamental geometric concept in com-
putational geometry and computer vision, frequently em-
ployed to delineate regions of interest, infer spatial relation-
ships, and establish bounding areas for subsequent analy-
sis [9, 10, 26, 28, 33, 38]. Its ability to simplify complex
shapes and accurately approximate object boundaries sig-
nificantly enhances the efficiency of spatial analyses in im-
age processing and pattern recognition tasks.

The convex hull represents the smallest convex set that
contains all given points in a 2D space. Given a set of
points:

C = {p1, p2, . . . , pn} (1)

where each point pi = (xi, yi) ∈ R2 defines a location in
the plane, the convex hull H of the set C is the smallest
convex polygon that encloses all the points in C. Formally,
we denote the convex hull as:

H = ConvexHull(C), (2)

where Hull(C) is the boundary formed by connecting the
outermost points in C such that every point lies either on
this boundary or within the polygon. This polygon can be
visualized as a “tight rubber band” stretched around the out-
ermost points. To create a mask Mhull representing the con-
vex hull, we define it as follows:

Mhull(x, y) =

{
1 if (x, y) ∈ H
0 otherwise

(3)

This binary mask Mhull assigns a value of 1 to pixels inside
the convex hull, representing the enclosed area, and a value
of 0 to all other pixels.

4. Method
As shown in Fig. 2, we address the amodal completion
problem in human-object interactions by leveraging distinc-
tive characteristics inherent to dynamic scenarios. Unlike
typical occlusions observed in static scenes, human-object
interactions present specific challenges and unique features:
(1) the visible regions of subjects often exhibit concave
shapes or multiple segmented parts, (2) human body topol-
ogy is accessible, and (3) the presence of human-object con-
tact points provides crucial spatial relationship cues.

Motivated by our observations of concave and seg-
mented appearances (1), we employ the convex hull oper-
ation to effectively identify regions requiring completion.
Additionally, by utilizing the topology of the human body
(2), we can accurately confine body part locations enabling
estimation of human-object contact points (3). Integrating
this contact information with the convex hull expands and
refines the region targeted for amodal completion.

Based on these insights, we propose a pipeline consist-
ing of two main components: Occluded Region Identifica-
tion (Sec. 4.2.1) and Multi-Regional Inpainting (Sec. 4.2.2).
To facilitate practical application in in-the-wild scenarios,
we further introduce a method for estimating human-object
contact information without relying on ground-truth anno-
tations, detailed in Sec. 4.3.

4.1. Problem Formulation
Similar to the setup in [37], we define the amodal comple-
tion problem as:

Iout = Fs→e(Iin, Min, P), (4)

where Iin ∈ RH×W ×3 is the segmented input image
containing only the visible parts of the subject, Min ∈
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Figure 3. Given an RGB image (Iorig) of human-object interaction, we obtain Mbounday using dilation operation to the mutually exclusive
mask of human Mhuman and object Mobject. This information along with contact Mcontact is used to obtain convex hull Mhull, which
then yields Mp. These identified occluded region masks Mp and Ms are used for multi-regional inpainting for amodal completion. During
the denoising process, the strength parameter r regulates the initiation timestep for inpainting the secondary region.

{0, 1}H×W is the input mask confining the area of inter-
est for inpainting, and P is a text prompt providing contex-
tual guidance for completion. The function Fs→e represents
the diffusion denoising process, which reconstructs the oc-
cluded region within the mask Min, operating from the start-
ing step s to the ending step e, and outputs the completed
image Iout ∈ RH×W ×3. To describe the inpainting process
in multiple stages, we introduce a new notation |, which al-
lows us to decompose the process into intermediate steps.
For any intermediate timestep e < t < s, the inpainting
process can be broken down as follows:

Iout = Fs→e(Iin, Min, P)
= Fs→t(Iin, Min, P)|Ft→e(Iin, Min, P). (5)

This formulation allows flexibility in representing the in-
painting process at various stages, facilitating controlled in-
painting with varying levels of completion across different
regions within the mask.

Stable Diffusion with a Strength Parameter For the dif-
fusion model F , we utilize the pre-trained Stable Diffusion-
v2 inpainting model (SD-inpaint) [25]. The SD-inpaint
model includes a strength parameter r, which modulates the
amount of noise applied within the inpainting mask. This
parameter r, ranging from 0 to 1, controls the intensity of
noise added to the masked region. At r = 1, the model
begins denoising from pure noise, fully overwriting the ini-
tial image in the masked area. Conversely, as r approaches
0, less noise is introduced, preserving more of the original
image information in the masked region. The SD-inpaint
process with the strength parameter r can be expressed as:

Iout = FT →0(Iin, Min, P, r)
= FT ′→0(Iin, Min, P), where T ′ = "T · r# (6)

Here, T = 50 represents the total number of diffusion
timesteps of DDIM scheduler [29], and "·# indicates round-
ing down to the nearest integer.

4.2. Multi-Regional Inpainting with Convex Hull
Diffusion models are known to establish coarse structures in
the initial stages of the denoising process, gradually refining
details as the process advances. Building on this character-
istic, and drawing inspiration from recent mask-inpainting
strategies [13, 15, 37] that effectively restrict the inpaint-
ing area, we propose a novel multi-regional mask-inpainting
approach. This approach enhances the diffusion model’s ef-
fectiveness by confining the completion area using physical
constraints, particularly focusing on the contact points be-
tween the human and object within the scene.

4.2.1. Occluded Region Identification
We introduce a method to identify occluded regions with
different levels of priority, improving inpainting accuracy
by focusing on areas with a high likelihood of occlusion
derived from contact points. In the occluded region identi-
fication stage, we generate an input mask tuple {Mp, Ms}
using a convex hull operation as introduced in Sec. 3.

Contact-aware Convex Hull Our contact-aware convex
hull process, illustrated in Fig. 3, refines the inpainting re-
gion by incorporating proximity and interaction cues. First,
we compute an occlusion boundary mask Mboundary by ap-
plying a dilation operation [27] to the mutually exclusive
masks of the human (Mhuman) and object (Mobj), which seg-
ment the visible parts of the human and object in the image.
This step highlights areas where the human and object are
in close proximity, marking potential occlusions.

We then define a set of points C by combining Mboundary
with a binary contact map Mcontact, resulting in C =
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Figure 4. Our amodal completion pipeline designed to process in-the-wild data without relying on ground-truth contact annotations.

Mboundary ∪ Mcontact. From this combined set C, we com-
pute the convex hull H = Hull(C), forming the smallest
convex polygon enclosing all points in C, as described in
Sec. 3. Then we assign values to the convex hull Mhull
with Eq. (3). The contact-aware convex hull mask, named
as primary mask Mp, is then derived by intersecting the oc-
cluder mask Min with Mhull, yielding Mp = Min ∩ Mhull.
This mask excludes visible parts of the occludee and des-
ignates the primary region where occlusion is most likely,
effectively confining the inpainting area to enhance comple-
tion quality. While Mp captures most of the occluded areas,
as shown in Iout of Fig. 3 , it may not cover all occluded re-
gions. Remaining areas within Min that are outside Mp are
referred to as the secondary region Ms = Min \ Mp. These
secondary regions represent areas that still need handling to
ensure comprehensive coverage in the inpainting process.

4.2.2. Multi-Regional Inpainting
As outlined in Sec. 4.2.1, we identify two key regions: the
primary region Mp, where occluded areas highly likely ex-
ists, and the secondary region Ms, which may require fur-
ther inpainting refinement. These regions form the founda-
tion of our multi-regional inpainting method, designed to
adaptively address varying occlusion levels within a uni-
fied framework. We extend the SD-inpaint pipeline to han-
dle the multi-regional masking by adapting the expressions
in Eqs. (5) and (6):

Iout = FT →0(Iin, {Mp, Ms}, P, r) (7)
:= FT →T ′(Iin, Mp, P) | FT ′→0(Iin, Mp∪Ms, P), (8)

where T ′ = "T · r#. This formulation enables an adap-
tive inpainting process that first establishes the coarse struc-
ture within Mp and then progressively refines details across

both Mp and Ms, guided by the initial structure in the pri-
mary region. This multi-regional approach ensures seam-
less blending and alignment between regions. As illustrated
in Fig. 3, the parameter r controls the inpainting strength
applied to the secondary region. Visually, r adjusts the hor-
izontal placement of the vertical bar in green box, thereby
influencing when inpainting of the secondary region begins.

Unlike existing diffusion-based inpainting algo-
rithms [25, 37] that typically handle a single input mask,
our method is specifically designed to manage multiple
regions simultaneously, applying different noise intensities
and strategies for each. This multi-regional inpainting
process leverages adaptive strengths to prioritize occluded
areas near the occlusion boundaries while refining poten-
tial regions, all within a single framework and without
additional training. This enables superior coverage and ac-
curacy for dynamic occlusion scenarios, a clear advantage
over traditional inpainting techniques.

4.3. Amodal Completion on In-the-Wild Data
To extend our approach to real-world data, we propose a
method for generating the necessary inputs for our pipeline
without relying on ground truth annotations. As visulaized
in Fig. 4, instead of requiring ground-truth 3D meshes,
segmentation masks, contact information, and object cat-
egories, we employ Segment Anything (SAM) [24] to gen-
erate human and object masks, Human Mesh Recovery
(HMR) models [1] to estimate SMPL parameters for the
human body, and VLM [21] to produce a single-sentence
description of the interaction between the human and ob-
ject. For example, as shown in Fig. 4, a prompt-engineered
VLM takes an image and outputs both a textual description
“a man is holding an object with both hands” and the cor-
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Figure 5. Qualitative comparison. Our approach produces more accurate and realistic results through effective region identification.

responding SMPL joint IDs (22 and 23 for “both hands”).
With SMPL regressor, we can identify the 3D coordina-
tion of ”both hands”, and then we generate contact mask by
projecting them into 2D space. This streamlined pipeline
enables amodal completion on in-the-wild data, making it
practical for real-world applications. We also propose a re-
gioning for human amodal completion utilizing SMPL pa-
rameters; details are in the supplementary.

5. Experiments
5.1. Datasets & Evaluation Metrics
BEHAVE [2] includes 321 RGB-D sequences of human-
object interactions, featuring 8 subjects with 20 objects in
indoor settings, captured by 4 Kinect cameras. It provides
3D SMPL and object fits with annotated contacts. Among
4,500 testing frames, we filter images with occlusion ratio
(10 ∼ 70%), resulting in 1,709 test images.

InterCap [8] includes 223 RGB-D videos of human ob-
ject interactions, captured from 6 views with 10 subjects

and 10 objects. Using 1 fps sampling and occlusion-based
filtering, we obtain 1,034 test images.
Evalutaion metrics In the experiment section, we report
only the results for object amodal completion. CLIP [23]
score and mIoU is used for evaluation metrics follow-
ing [22, 37]. The CLIP score measures alignment between
generated images and object category prompts, while mIoU
assesses overlap between predicted and groundtruth amodal
masks. We calculate the CLIP score after the segmentation
with SAM [24]. 3D reconstruction performance is evalu-
ated using Chamfer distance between predicted and GT hu-
man/object meshes. We also report a win-rate derived from
1-on-1 user preference studies against other baseline meth-
ods.

5.2. Amodal Completion Results
In the following subsections, we present the amodal com-
pletion results from our pipeline. Unless otherwise noted,
Ours refers to the in-the-wild pipeline as described in
Sec. 4.3, focused solely on objects with r = 0.5.

In Tab. 1, we compare our method against baselines



Method BEHAVE InterCap Win-rateCLIP mIoU CLIP mIoU
Naive outpainting [25] 27.34 50.92% 27.55 52.07% 94.0%
LaMa [31] 25.97 60.47% 26.43 51.38% 92.4%
Inst-Inpaint [40] 26.08 63.71% 26.12 57.54% 88.0%
pix2gestalt [22] 23.45 69.58% 26.14 68.32% 68.0%
Xu et al. [37] 26.34 71.03% 26.21 69.23% 65.8%
Ours 26.91 77.64% 26.97 72.34% -

Table 1. Comparison of amodal completion performance with
baseline models. Our method achieves the highest mIoU by iden-
tifying occluded regions. Win-rate indicates the ratio of user pref-
erences for our method compared to each baseline in user studies.

Method r Region CLIP ↑ mIoU ↑
- Input image - - 21.75 34.43%

Si
ng

le

Naive outpainting - Iin
! 27.34 50.92%

Human mask r =1.0 Mp∪Ms 26.27 69.98%
Convex hull w/o contact r =0.0 Mp 26.43 75.24%
Convex hull w/ contact r =0.0 Mp 26.63 76.11%

M
ul

ti Ours r =0.5 {Mp, Ms} 26.91 77.64%
Ours w/ GT-contact r =0.5 {Mp, Ms} 27.07 80.15%

Table 2. Ablation study comparing single-region and multi-region
strategies for Amodal Completion on the BEHAVE dataset. Our
multi-regional approach outperforms single-region methods.

such as pix2gestalt [22], LaMa [31], Inst-inpaint [40],
and Naive outpainting [25], demonstrating superior perfor-
mance across both CLIP score and mIoU metrics. Our ap-
proach consistently achieves the highest scores in mIoU,
surpassing competing methods in generating amodal com-
pletions that accurately capture occluded regions. These re-
sults highlight our model’s effectiveness in producing con-
textually aligned and precise amodal completions. How-
ever, in terms of CLIP score, the Naive outpainting method
achieves the highest performance. This is because Naive
outpainting generates content across the entire canvas, in-
herently favoring broader visual alignment with the query.

We visualize our result in Fig. 5, demonstrating that
our proposed method effectively confines the inpainting re-
gion with contact information, resultingly completes the oc-
cluded object and human with accurate shape as well as the
appearance. More qualitative results and the human amodal
completion results and can be found in the supplementary.

5.3. Ablation Study
Effect of Different Mask Inpainting Strategies We
present an ablation study on various regioning strategies
for amodal completion on the BEHAVE dataset in Tab. 2.
The results demonstrate that straightforward single mask
approaches such as naive outpainting and human mask ap-
proaches inadequately capture occluded regions, leading
to unrealistic reconstructions. In contrast, our proposed
contact-aware multi-regional inpainting strategy effectively
leverages spatial consistency from human-object interac-
tions, significantly improving accuracy and realism. Ad-
ditionally, we evaluate the effectiveness of our in-the-wild

Figure 6. Amodal completion results based on the inpainting
strength parameter r. When r is close to 0, the model focuses
mainly on the primary region Mp (orange). As r approaches 1,
the model extends its attention to include both Mp (orange) and
the secondary region Ms (violet).

Occ. (10-40%) Occ. (40-70%) Total
Method CLIP ↑ mIoU ↑ CLIP ↑ mIoU ↑ CLIP ↑ mIoU ↑
r = 1.00 26.37 72.45% 26.11 68.33% 26.27 69.98%
r = 0.90 27.01 80.33% 26.94 73.94% 26.97 76.50%
r = 0.50 27.00 84.70% 26.85 72.93% 26.91 77.64%
r = 0.10 26.94 85.44% 26.82 71.54% 26.87 77.10%
r = 0.00 26.82 84.97% 26.50 70.20% 26.63 76.11%

Table 3. Ablation study on mask strength parameter, grouped by
occlusion ratio, for amodal completion on the BEHAVE dataset.

pipeline by comparing it with a scenario using ground truth
contact information. The results indicate a modest 2.5%p
gap in mIoU, demonstrating the robustness of our method
even in practical, annotation-free scenarios.

Effect of Strength Parameter on Amodal Completion
We evaluate the impact of the strength parameter r on
amodal completion performance through an ablation study
using the BEHAVE dataset, as shown in Fig. 6 and Tab. 3.
Occlusion cases are divided into two groups based on oc-
clusion ratio: light occlusion (10–40%) and heavy occlu-
sion (40–70%). For both groups, varying r affects the CLIP
and mIoU scores, but with opposite tendencies. When the
occluded area is small (top row in Fig. 6 and left columns
in Tab. 3), a smaller r yields better mIoU performance.
Conversely, when the occluded area is large (bottom row
in Fig. 6 and middle columns in Tab. 3), a larger r tends to
produce superior results. This is because a larger r facili-
tates inpainting a broader area, including the secondary re-
gion Ms, while a smaller r primarily focuses on the primary
region Mp, leaving insufficient steps to inpaint Ms. Given
these trends, r = 0.5 generally provides the best overall
performance, suggesting it as a balanced value when the
occlusion ratio is unknown.

5.4. Applications
Our amodal completion method can be extended to enhance
various downstream tasks, particularly in 3D reconstruc-
tion. Our method recovers the full appearance of occluded



Figure 7. Our amodal completion method enhances 3D Gaussian
Splatting and extends to joint human-object novel-pose/view syn-
thesis. The last row demonstrates that separately trained 3D-GS
human and 3D-GS object can be animated with novel poses ex-
tracted from another video.

objects and humans, which then serves as a more complete
input for 3D reconstruction models.

For multi-view reconstruction from human-object inter-
action (HOI) scenarios, we apply our amodal completion on
sequences of images to separately recover occluded humans
and objects. The enhanced images are then used to train 3D
Gaussian Splatting (3D-GS) [12] for objects and Gaussian
Avatar [7] for humans. As shown in Fig. 7, this preprocess-
ing step significantly improves the quality of the resulting
3D models and enables more effective joint human-object
novel-pose and novel-view synthesis.

We also validate our method on single-view 3D object
reconstruction, as presented in Tab. 4 and Fig. 8. Here,
we first apply our amodal completion to a single occluded
image to recover the object’s full appearance. This com-
pleted image is then fed into a Triplane model [45] to gen-
erate a 3D reconstruction. This demonstrates our method’s
versatility in improving 3D reconstruction quality from just
a single view. For further details and additional examples,
please refer to the supplemental material.

6. Discussion and Limitation

Our work may have limitations in generalizing to scenar-
ios with multiple subjects occluding each other. The dataset
employed in our study primarily consists of indoor scenes

Figure 8. Single-view 3D reconstruction results using Tri-
plane [45]. Our amodal completion acts as a bridge, transforming
occluded images into inputs suitable for single-view reconstruc-
tion models.

Method CD ↓
SAM [24] + Triplane [45] 0.2303
pix2gestalt [22] + Triplane [45] 0.2258
Ours + Triplane [45] 0.2155
Ours (GT mask) + Triplane [45] 0.2089

Table 4. 3D mesh reconstruction of object with single-view image.

featuring single human-object interactions, so our method
might not generalize well to environments with several hu-
mans and objects. Moreover, our approach is designed for
single-image processing and is affected by the stochastic
nature of diffusion models, leading to a lack of temporal
consistency that restricts its application in video tasks re-
quiring frame-to-frame coherence. Additionally, our model
relies heavily on the inpainting capabilities of the diffusion
model, which may struggle to reconstruct objects that were
not seen during the training of the stable diffusion model.

7. Conclusion
To summarize, we have presented a novel approach to
amodal completion that markedly improves the realism and
precision of reconstructing occluded object appearances,
especially within complex human-object interaction set-
tings. Our method utilizes a multi-regional inpainting strat-
egy that incorporates physical constraints and contact infor-
mation to delineate regions with different occlusion prob-
abilities, thus enabling focused denoising within the diffu-
sion model. By effectively addressing both structural and
visual components, our approach moves artificial percep-
tion closer to a more intuitive, human-like interpretation
of occluded scenes. Our experimental results confirm that
the proposed method surpasses existing techniques, demon-
strating its robustness and efficacy in HOI scenarios even in
the absence of ground-truth annotations.

While our work focuses on single images, future exten-
sions could address its current limitations, such as gener-
alizing to more complicated scenarios involving multiple
humans and objects or incorporating temporal consistency
to handle video data. Expanding the approach to account
for dynamic sequences would enable realistic and coherent
reconstructions across frames, further broadening its appli-
cability to challenging real-world settings. This direction
holds promise for advancing 3D HOI reconstruction and en-
riching applications in AR/VR and robotics.
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