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Abstract. Existing single-view 3D human generation methods remain
limited in modeling clothed human—object interactions (CHOI), due to
two key challenges: (1) the lack of reliable guidance for human—object
spatial relationships resulting in implausible layouts, and (2) the absence
of physical interaction modeling between entities leading to unrealistic
contacts. To address these issues, we propose Part CHOI, a part-aware
method that formulates the CHOI task as generating a human-centered
scene with objects treated as parts of the human body. Specifically, to
model spatial relationships between objects and the human, we design
a Human-Guided Pose Estimator (H-GPE) that efficiently infers object-
part poses by separating and localizing them within the coupled interac-
tion scene. Furthermore, we devise an Object-Guided Refinement Mod-
ule (O-GRM) to perform fine-grained human surface deformation for
preventing penetration into objects, thus yielding realistic contact. Ben-
efiting from the above design, Part CHOI generates plausible and detailed
interactive scenes while avoiding lengthy layout optimization. Extensive
experiments demonstrate our approach surpasses state-of-the-art meth-
ods in generation and interaction quality.

Keywords: Digital Humans - Human-Object Interaction - 3D Genera-
tion

1 Introduction

Modeling 3D digital humans and their interactions with other entities is of
great importance, with applications in virtual reality, education, gaming, 3D
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Fig. 1: We propose PartCHOI, a part-aware method for single-view 3D clothed hu-
man-object interaction (CHOI) generation. Our approach (A) achieves plausible lay-
outs and natural contacts in image-to-CHOI scenes, (B) generates realistic scenes with
complex interaction semantics from text prompts, and (C) supports diverse extended
scenarios (a-c) and applications (d-e).

printing, and embodied intelligence [7,[32]. Compared with approaches based
on videos or multi-view capture , generating 3D humans or infer-
ring interactions from a single view is far more cost-effective, attracting increas-
ing research attention. Existing single-view clothed human generation meth-
ods achieve solid results on clean, non-interactive images. However,
their capabilities are limited when modeling human-object interactions (HOI),
i.e., cases involving handheld items, hats, or chairs that are ubiquitous in in-the-
wild scenes. This challenging scenario is referred to as the single-view clothed
human—-object interaction (CHOI) generation task, which aims to generate high-
quality clothed humans and objects while accurately modeling their interactions
within the scene.

There are two closely related directions in solving this task. The first is
monocular HOI reconstruction , which directly infers interaction param-
eters from encoded image features. However, these methods typically rely on
pre-defined object templates and parameterized human models. Such reliance,
coupled with the scarcity of large-scale in-the-wild data, severely limits their
generalization, preventing accurate modeling of complex poses and diverse ob-
ject geometries. In addition, the absence of clothing and texture modeling fur-
ther constrains their applicability. The second direction is compositional scene
generation . These approaches generate individual entities separately and
subsequently arrange them within a scene through layout optimization. While
such methods can prevent obvious floating or penetration by imposing hard con-
straints, they remain effective only for simple cases. When extended to complex
HOI scenarios, coarse spatial optimization fails to capture the fine-grained de-
tails of real interactions. Moreover, without explicit interaction supervision or
spatial priors, the process tends to be both slow and unreliable.
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In summary, existing methods remain limited for CHOI generation due to
two key challenges: (1) the lack of reliable guidance for resolving complex hu-
man—object spatial relationships in real-world inputs leads to implausible lay-
outs, and (2) the difficulty in modeling subtle physical interactions results in
unnatural contacts, such as object penetration through human clothing.

To address these challenges, we propose PartCHOI, a single-view CHOI gen-
eration framework that requires no additional task-specific training. Our key
insight is that CHOI can be reformulated as a human-centered scene, in which
each interacting object is treated as a part of the human body. Based on this
perspective, we design a part-aware mutual guidance mechanism that extends
part-level 3D modeling [2}[18,|44] from single-object reconstruction to compo-
sitional scene generation. Specifically, to leverage the spatial relationships im-
plicitly encoded within the scene, we design a Human-Guided Pose Estimator
(H-GPE) for object-part pose estimation. Starting from a coarse voxel recon-
struction of the scene, H-GPE uses the human body surface as a boundary to
extract object-part voxels and efficiently estimate each object pose based on
their voxel distribution. Furthermore, to model physical human—object contact,
we devise an Object-Guided Refinement Module (O-GRM), employing a 3D Ja-
cobian deformation field [1] to deform the human mesh. Using already placed
object parts as anchors, O-GRM guides the deformation so that the human sur-
face forms natural, close contact with object surfaces without interpenetration.
Moreover, we introduce a Pose-Aligned Reconstruction (PAR) stage that aligns
the human pose with its voxel structure, improving both reconstruction quality
and the effectiveness of subsequent modules. Building on high-quality reconstruc-
tion of separate entities, Part CHOI eliminates the reliance on object templates
and avoids unreliable layout optimization, yielding realistic and editable CHOI
scenes.

Our main contributions are summarized as follows:

— We propose PartCHOI, a novel single-view CHOI generation paradigm that
models interactions through a part-aware mutual guidance strategy.

— We deliberately design H-GPE, which enables stable layout inference by
reformulating pose estimation as part localization in a coupled scene.

— O-GRM is further devised to prevent human—object penetration by refining
contact through smooth surface deformation, producing more natural and
realistic interactions.

— Extensive experiments are conducted to assess both appearance quality and
interaction fidelity, demonstrating the effectiveness of the proposed method.

2 Related Work

2.1 3D Clothed Human Generation

Existing single-image 3D human generation methods [3,/26,42,/57] typically em-
ploy feedforward networks to directly predict the 3D human representation.
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While computationally efficient, these approaches often lack fine-grained real-
ism and geometric detail. In contrast, recent methods such as MagicMan [10]
and PSHuman [17] adopt a hybrid paradigm: they first synthesize multi-view
images, then refine the geometry and texture through optimization-based recon-
struction. This two-stage design offers a favorable trade-off between fidelity and
efficiency compared with purely feedforward or fully optimization-based frame-
works [9|14,/52]. However, these methods only handle input images without in-
teractions. When applied to HOI scenarios, their reliance on human-centered
datasets and predefined human priors (e.g., SMPL-X [§|) results in incomplete
geometric structures and unrealistic contact patterns. To address these limi-
tations, our PartCHOI extends the two-stage generation paradigm to complex
CHOI scenes through part-aware mutual guidance, enabling the joint generation
of clothed humans and interactive objects.

2.2 HOI Reconstruction

Research on HOI reconstruction from text [6], multi-view [48|, and sparse-view [33]
inputs has recently been extended to unconstrained in-the-wild scenarios. De-
spite this progress, most single-view HOI methods [23}34,41},|50], which hold
greater potential for practical applications, still depend on predefined object
templates and HOI detection, producing only pose parameters for the human
and objects. Recent works, such as HDM [40] and Open3DHOI [36], attempt to
generalize HOI reconstruction to in-the-wild settings by removing template de-
pendency. However, they still fail to explicitly model the appearance of clothed
humans, and their interaction quality remains limited by training data. In con-
trast, our PartCHOI achieves realistic CHOI generation by performing layout
inference and interaction refinement through part-aware strategies, without re-
quiring HOI-specific training.

2.3 Compositional Scene Generation

General single-view image-to-3D generation methods [31,[37H39] typically treat
the entire input image as a single object, which limits the editability of the
generated 3D models and constrains their ability to handle multi-object scenes.
To address these, recent works such as ComboVerse [4], Flash Sculptor [13],
CAST [45] and Depr [54], disentangle individual objects via segmentation and
occlusion recovery, and construct composite scenes by optimizing layouts. How-
ever, these methods are often slow and prone to local minima, leading to unstable
results. In contrast, rather than interpreting the input as a complex multi-entity
scene, our PartCHOI treats it as a human-centered structure composed of mul-
tiple parts, enabling efficient and reliable interaction modeling and generation.
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Fig. 2: Overview of PartCHOI. After separating the human and object images, the
pipeline consists of three main branches: (1) the object generation branch generates
object models; (2) the pose estimation branch infers object poses from scene voxels
under part-aware human guidance (H-GPE); (3) the human generation branch re-
constructs a pose-aligned human model (PAR) and further performs surface refinement
under part-aware object guidance (O-GRM). Finally, the human and object models are
integrated to form the final CHOI scene.

3 Method

3.1 Overview

Problem formulation. We begin by formulating the single-view CHOI gener-
ation task. Given a single input image I (for text input, I can be generated via a
text-to-image method ), the goal is to generate a 3D scene S = {Mp,, {O;};}
that contains both the human mesh M) and the interacting objects {O;}Y,
preserving accurate spatial layouts and interaction details. Interacting objects
include backpacks, handheld items, seats, and other entities that exhibit explicit
physical contact with the human. The human body is parameterized by SMPL-
X , with parameters @4 = {6, 5,1}. Each object pose is parameterized by
B0 = {R, S, T}, representing rotation, scale, and translation.

Preliminaries. TRELLIS is a native 3D generative model. Its core design
introduces two rectified-flow Transformers: a flow Transformer 7Ty generates a
sparse voxel structure .S, while a sparse flow Transformer T assigns unified
structural latents (SLAT) to active voxels, which are then decoded by a Sparse
Decoder (Sp.Dec.) into multiple 3D representations, such as meshes, 3D Gaussian
Splatting (3DGS) [12], and NeRFs [22|. Formally, the SLAT z is represented as:

z= {(zi,pi)}iL:l, 2z €RY, p; € {0,1,...,N — 1}3, (1)

where p; denotes the spatial index of an active voxel on the 3D grid, and z;
is its associated local latent feature. N is the spatial resolution of the voxel
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Fig. 3: Introduction to the voxel filtering strategy of H-GPE. Taking a z-axis slice of
the voxel space as an example, each voxel’s position relative to the human’s exterior
or interior is first determined by casting camera rays from front-view object-relevant
pixels. Next, the occlusion relationships between objects and the human body are used
to identify which non-empty voxels belong to object parts.

space. Intuitively, p; captures the coarse spatial structure, while z; enriches each
voxel with geometry and appearance details. Through the generated models
are relatively coarse, we observe that TRELLIS can (1) produce complete and
spatially coherent interactive scenes, and (2) reasonably recover complex human
poses. Therefore, we adopt it as a spatial and pose guidance backbone.
Pipeline. Based on the above formulation, we design Part CHOI, as illustrated in
Fig. 2] We first introduce a Separation Module to decompose I into a human im-
age I" and a set of object images {I¢}. This module consists of three stages: lever-
aging a vision—language model (VLM) [24] to predict object categories and occlu-
sion relations; employing a detection—segmentation model Grounded-SAM 28|
to localize and separate human and object regions based on text prompts; and
applying image inpainting techniques |21}29] to each region to remove occlusions,
producing clean separated images.
Subsequently, the generation pipeline proceeds as follows:

(1) The object models are generated using the two-stage TRELLIS pipeline.

(2) In the Pose-Aligned Reconstruction (PAR) stage, the optimized human pa-
rameters 0, are obtained through iterative alignment and used as the ref-
erence pose for reconstructing the voxel-aligned clothed human mesh Mj,.

(3) ©,; and the voxelized scene S, inferred from I are jointly fed into the Human-
Guided Pose Estimator (H-GPE) to estimate the object poses Op.

(4) The object parts are placed into the human-centered scene according to Op.
Mj, is further refined by the Object-Guided Refinement Module (O-GRM)
to produce a part-aware human mesh, resulting in the final scene S.

The following sections detail the proposed H-GPE, O-GRM, and PAR.

3.2 Human-Guided Pose Estimator

To achieve efficient and robust pose estimation, H-GPE directly infers object
spatial cues from the voxelized scene S,. The activated voxels in S, arise from
both the human and object parts, implicitly encoding their spatial relationships.
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Therefore, instead of adopting learning-based approaches [44] or relying on unre-
liable priors such as depth estimation, we devise a training-free filtering strategy
that extracts object-specific voxel subsets from S, for part-level localization.
Concretely, we obtain a SMPL-X human body mesh M, from ©7,, rescale it and
center it within the voxel grid. The mesh surface then serves as geometric guid-
ance: the activated voxels within the surface belong to the human body, while
those outside are associated with potential object parts.

As shown in Fig. [3] for each object part O;, camera rays are projected from
the foreground pixels of its mask (segmented from I?) and passed through the
voxel grid. Based on occlusion relations inferred by the VLM, voxel assignments
fall into five cases:

(a) No occlusion: voxels along the ray are assigned to O;.

(b) Human occludes object: only voxels after the last intersection with the
human surface are assigned to O;.

(¢c) Object occludes human: only voxels before the first intersection.

(d) Human enclosed by object: voxels both before the first and after the last
intersection, corresponding to wearable objects (e.g., hats, hula hoops).

(e) Object enclosed by human: voxels between inner-facing surfaces (arms,
hands), modeling held objects.

Following these rules, we obtain the voxel subset V; corresponding to each
object O;. To estimate the object pose parameters O ;, we align the voxels of
the decoded voxel set V! from I? with V;. This occlusion-free alignment can be
addressed via a closed-form Kabsch alignment [15]:

)

2
05 ,; =arg min ||V, — (SRV, +T)||;. 2
b= i [V~ (SHV+ 7)) @)
Given scale S calculated from the segmentation mask area, this strategy requires
only a single Singular Value Decomposition (SVD) to compute rotation R and
translation T Specifically, we first normalize both voxel sets V; and V! by sub-
tracting their centroids ¥ and ©’. Then, a covariance matrix H = (V/—') T (V;—0)

is constructed to capture their spatial correspondence. Performing SVD on H,
ie., H=UXVT, yields the optimal R and T in closed form:

R=VU', T=%-S-Rv. (3)

This formulation avoids iterative optimization and ensures stable alignment un-
der partial visibility, enabling efficient and reliable estimation of object poses.
Discussion. Since SMPL-X mesh does not represent clothing, some voxels out-
side the mesh may correspond to garments rather than objects, which could
seemingly introduce pose estimation errors. However, empirical observations
show that clothing usually conforms closely to the body surface upon contact
with objects, and even loose garments deform toward the body under pressure.
Therefore, using the SMPL-X model as the interaction boundary helps position
reconstructed objects naturally close to the body instead of floating, while also
promoting realistic clothing deformation in subsequent processing.
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Fig. 4: Overview of O-GRM and PAR. (A) Refining human-object interactions using
the Jacobian deformation field guided by object parts. (B) Progressively align human
poses with the structure predicted by the generative model, along with multi-view
predicted RGB images and normal maps.

3.3 Object-Guided Refinement Module

Although H-GPE achieves coarse-grained pose estimation, fine-grained penetra-
tion may still occur. To address this, O-GRM refines unreasonable contact details
between the clothed human mesh M; = (V,T) and the object parts, where V'
denotes the vertices and T the triangular faces. Existing methods typically avoid
penetration by adjusting poses, yet fail to model contact pressure and may com-
promise layout stability. In contrast, we apply surface deformations guided by a
Jacobian field J [1,46,47], which enables localized adjustments while preserving
global structural coherence. J is parameterized as a set of per-face Jacobians
J; € R3*3, with each J; defined as:

Ji = Vi(Vp), (4)

where V; denotes the gradient operator of triangle ¢. The deformed vertices V'
are then obtained by solving the following Poisson equation:

: 2
V' = arg min LV’ — VTAJ| o (5)

where L € RIVIXIVl is the Laplacian operator, V stacks the per-face gradient
operators, and A € R3IT3ITI ig the mass matrix. This formulation preserves
geometric plausibility while allowing smooth local deformations. Building on
this, each optimization iteration consists of two steps, as shown in Fig. (A):
(1) applying mesh surface deformations guided by J; and (2) updating J via
backpropagation using the following loss:

Lo = M Ling + Xa||J[l1 + Az|| LV 13, (6)

where Li,; denotes the part-aware interaction loss. The key idea is to constrain
each triangle to remain within the gap between the SMPL-X surface and the
object surface, without penetrating either. Formally, the loss is defined as:

Lint = Z [max (O7 fso(ct)) + max (O, —sh(ct))] , (7)

te{tr}
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where s,(+) and sp,(+) denote the pre-computed signed distance field (SDF) [25]
values to the object surface and the @, surface, respectively. ¢; is the centroid
of triangle t. {¢,.} is the set of faces covered by the interaction region R, which
is precomputed by projecting the object parts onto the human body surface. In
addition, the second term of Eq. [f] penalizes excessive local deformations, and
the third term enforces global geometric smoothness. The hyperparameters \q,
A2, and A3 are specified in the supplementary material.

Through this iterative surface refinement process, O-GRM (1) prevents the
human mesh from intruding into objects, and (2) encourages clothing to con-
form naturally to the human body under object-induced pressure. Notably, the
TRELLIS pose prior is designed for single-object generation and thus tends to
produce tightly coupled structures, which suppress gaps but may cause penetra-
tions. Therefore, O-GRM resolves only penetrations, without causing excessive
deformation from forced contact.

3.4 Pose-Aligned Reconstruction

During the PAR stage, we align the poses @4 with the human voxels predicted
by TRELLIS to ensure the validity of the voxel-based H-GPE. However, since
the texture of the human model is derived from PSHuman [17]-generated multi-
view images, naively aligning @3 with the TRELLIS mesh would introduce
structure-texture misalignment. To address this, PAR performs alignment in
a progressive manner. As illustrated in Fig. B), each optimization iteration
consists of two steps: (1) generating multi-view images from the PSHuman gen-
erator Gp; and (2) updating @7, via backpropagation using the following loss:

Ealign = Mﬁalign—H + (1 - M) Ealign—Gy (8)
L:align—H = )\n»cn + )\SES7 »Calign-G = >\s£s + >\J »ij

where L, Ls, and L; denote the L; losses between the rendered outputs and
the reference normal maps, silhouettes, and 2D keypoints [10|, respectively. The
references for Lajign-n are obtained from G}, whereas those for L,jign-g are ren-
dered from the TRELLIS-generated mesh. During optimization, the weight  is
linearly increased from O to 1, while A,, A, and A;j are detailed in the Supp.

In the early iterations, PAR updates @4 to progressively align the poses of
images generated by G}, with those output by TRELLIS. As alignment improves,
the supervision smoothly transitions to multi-view guidance from G}, to main-
tain appearance—pose consistency. Overall, the PAR stage not only enhances the
reliability of pose estimation, but also mitigates structural inaccuracies in the
reconstructed human model M), caused by pose errors via optimizing ©.

4 Experiments

4.1 Experimental Setup

Datasets. To comprehensively evaluate the performance of Part CHOI, we uti-
lize three distinct data sources. (1) Internet-sourced in-the-wild HOI images are
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Fig. 5: Appearance qualitative comparisons of single-image 3D generation results. The
first two inputs are captured from in-the-wild scenes, while the latter two are taken
from the DNA-Rendering and THuman-Sit datasets. All input images exhibit
complex human poses and diverse human—object interactions.

collected exclusively for subjective evaluation, covering diverse interaction sce-
narios and object categories. (2) We select handheld-object interaction instances
from DNA-Rendering dataset ,@/ to evaluate fine-grained interaction generation.
(3) Moreover, we randomly select a subset from the THuman-Sit dataset [51)], fo-
cusing on challenging human-—seat interaction scenarios. Data from both datasets
are used for quantitative and perceptual evaluations.
Evaluation Metrics. We adopt standard metrics for multi-view 3D reconstruc-
tion, including PSNR, SSIM , LPIPS , and CLIP Score . Each gener-
ated scene is rendered from four viewpoints (0°, 90°, 180°, and 270°) to compute
the above metrics. To further assess perceptual quality, we conduct a user study
evaluating three aspects of multi-view rendering: appearance fidelity (A), layout
consistency (L), and interaction realism (I). Each invited respondent is asked to
select the best method for each of the three indicators. We additionally employ
GPT-5 as an automated evaluator to perform holistic judgment across all
generated scenes and report the percentage of cases it selects as the best (G-S).
Moreover, to evaluate interpenetration in interactions, we first construct a
human SDF over a volumetric grid that encloses the object. We then uniformly
sample points within the object volume and evaluate the SDF value at each
sampled location. The Penetration Ratio (PR) is defined as the ratio of
points with negative SDF values to the total number of points.

Implementation Details. All experiments are implemented in PyTorch and
executed on a single NVIDIA RTX A6000 (48GB) GPU. PAR and O-GRM are
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Table 1: Quantitative and perceptual comparison with existing SOTA single-image 3D
reconstruction methods. The first three methods are general-purpose, and the last four
are human-focused. Among them, PSHuman and TRELLIS are baselines for generating
humans and objects, respectively. Best results are in bold; second-best are underlined.

User Study (%) Reconstruction Quality

Method A L I S (%) CLIP poNRt SSIMT LPIPS|
Wonder3D 0 4625 2.25 0  0.2637 1552 0.6833 0.1956
Unique3D 0 525 1.875 0  0.2695 1593 0.7015 0.1716
Ouroboros3D 0 15 075 0 02813 16.35 0.6933 0.1699
TRELLIS [39] 0 33.25 19.375 2.5 0.2804 17.28 0.7188 0.1513
SIiTH [11] 125 225 1.875 0 02691 18.09 0.8219 0.1231
IDOL 025 0 025 0 02564 17.73 0.7968 0.1584

PSHuman 23.125 4.625 9.625 3.75 0.2766 19.47 0.8420 0.1104
PartCHOI (Ours) 69 46.25 61.875 92.5 0.2962 20.04 0.8532 0.0967

MulthO 6.375 2.25 2.125 125 0.2758 18.38 0.8006 0.1330
17

Input PartCHOI InterFusion TRELLIS Input PartCHOI InterFusion TRELLIS
ECCV’24 CVPR’25 ECCV’24 CVPR’25

' \AI

A/

Fig. 6: Comparison of text-to-3D generation results on clothed human—object interac-
tion scenes.

optimized for 700 and 100 iterations (experimentally determined), respectively,
using the Adam optimizer . For additional details, please refer to the Supp.

4.2 Comparisons

Baselines. We compare our method against two categories of approaches. The
first includes state-of-the-art (SOTA) single-image or text-driven digital human
generation methods, namely SiTH [11], IDOL [57], MultiGO [49], PSHuman [17],
and InterFusion ﬂ§|| The second category comprises general text- or image-to-
3D methods, including Wonder3D [20|, Unique3D |38|, Ouroboros3D and
TRELLIS .

Image-to-3D Comparison. As shown in Fig. we compare the proposed
method with SOTA approaches on multi-view rendering from a single input im-
age. Among them, TRELLIS is capable of modeling interactions but lacks fine
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Table 2: Runtime comparison between Part CHOI and optimization-based methods.

LayoutDreamer [56] Flash Sculptor |13”H—GPE O-GRM PAR Full Model

Time 65min 6min ‘ s 25s  1.5min  3min

details, while PSHuman excels in realism but struggles with modeling interac-
tions in certain regions. Other methods exhibit significant shortcomings in terms
of interactive relationships, geometric structures, or textural details. In contrast,
PartCHOI not only generates highly realistic and view-consistent appearance,
but also accurately recovers the spatial relationships and interaction details be-
tween entities, benefiting from H-GPE’s reliable object-part pose estimation and
O-GRM’s fine-grained contact refinement. Furthermore, incorporating PAR en-
ables the reconstructed human models to achieve more accurate and natural
postures than those produced by PSHuman. Additionally, existing methods typ-
ically produce only coarse coupled models, whereas our approach separates the
human and objects within the scene, better supporting downstream tasks. Quan-
titative results in Table[I] further confirm that our method outperforms existing
approaches across both subjective and objective metrics, thanks to part-aware
modeling of human—object interactions.

Text-to-3D Comparison. As shown in Fig. [6] we evaluate text-driven CHOI
generation. Existing HOI generation methods capture spatial relationships to
some extent but often lack fine-grained details. General text-to-3D approaches
struggle to accurately model complex descriptions involving multiple entities and
interaction semantics. By integrating the high-quality text-to-image generation
capabilities of VLMs with the robust generation framework of PartCHOI, our
method achieves higher visual fidelity and more accurate interaction details.

4.3 Efficiency Analysis

Tab. 2] shows the runtime analysis of our pipeline. In addition to the core mod-
ules, the separation stage takes approximately 10-40 seconds, and all other op-
erations require no more than 30 seconds each. Overall, the total runtime is
160-180 seconds, which is substantially more efficient than iterative approaches.
While real-time feedforward methods [26,/57] are faster, their performance de-
grades due to limited training diversity, hindering their ability to generalize
to complex CHOI scenarios. The VRAM requirement of the entire pipeline is
primarily determined by the human generation model. PartCHOI can switch
between serial and parallel modes to accommodate different VRAM limits.

4.4 Ablation Study

Quantitative Ablation Analysis. As shown in Table [3] the results show that
H-GPE serves as the core component of our framework, ensuring physically
plausible object placement. Furthermore, as we prioritize synthesizing natural
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Table 3: Further ablation studies are conducted on individual components of the
PartCHOI framework. The baseline corresponds to directly placing both the recon-
structed human and object at the scene center.

|PSNRT SSIM?t LPIPS| CLIPT PR(%)!

Baseline 17.25 0.7375 0.1438 0.2601 61.5
+ H-GPE 19.55 0.8429 0.1001 0.2927 104

w/ PAR w/o O-GRM| 20.10 0.8528 0.0956 0.2955 9.1
w/o PAR w/ O-GRM| 19.49 0.8520 0.0977 0.2932 6.5
Full model 20.04 0.8532 0.0967 0.2962 4.9

Input Initial Pose w/SDS  w/Depth w/M-Vs w/H-GPE Input Initial Pose w/SDS  w/Depth w/M-Vs w/H-GPE

LIV A B A 2

PR (%) 6l. 25.8 16.9

Fig. 7: Visualization of spatial layouts and corresponding PR (%) results under differ-
ent optimization strategies. For a fair comparison, both O-GRM and PAR are disabled,
and all experiments are conducted using fixed S.

and realistic scenes over fully reconstructing the input, enabling O-GRM slightly
lowers some quantitative metrics but significantly reduces object penetration.
Activating PAR not only facilitates structural alignment and improves part-pose
accuracy but also enhances the fidelity of the reconstructed scenes.

The effectiveness of H-GPE. As shown in Fig.[5] the proposed H-GPE effec-
tively incorporates TRELLIS’s modeling of the interaction between human and
object parts, achieving reasonable layouts. Furthermore, as illustrated in Fig. [7]
we explore alternative layout optimization strategies based on Score Distillation
Sampling (SDS) loss [4], depth alignment loss [43|, and multi-view supervision
with TRELLIS-rendered images (M-VRGBs). However, these approaches con-
verge more slowly and produce less accurate pose estimation. Quantitatively,
H-GPE achieves the lowest penetration rate, highlighting its superiority in effi-
cient and precise layout modeling.

The effectiveness of O-GRM. As visualized in Fig. a), we present the
structural variations in the reconstructed human model before and after apply-
ing O-GRM. Following object-guided surface deformation, the human garment
remains closely aligned with the object’s surface, showing more natural and
physically plausible variations in the interaction region. Moreover, both qualita-
tive and quantitative results indicate that O-GRM substantially reduces mutual
penetration between the human and objects, confirming its effectiveness in pro-
ducing reasonable interactions. Additionally, as shown in the second row of Fig.
(the contact between the human’s shorts and the skateboard) and fourth row
(the contact between the human’s pants and the chair), our method may not al-
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w/o PAR +H-GPE

. \ R
\ Input

w/o O-GRM PR(%): 8.1

L
N\
-\

w/ O-GRM PR(%): 4.9

w/ PAR +H-GPE

(@) )

Fig. 8: (a)Effect of O-GRM on object-guided deformation. Normal details are visu-
alized to clearly show structural variations. In the translucent projection map, gray
regions within the blue object indicate human body parts intersecting the object. (b)
Effect of PAR on pose refinement and spatial alignment. We overlay TRELLIS voxel
renderings with human surface normals to show spatial alignment.

ways faithfully match the input image under the influence of O-GRM. However,
it ensures reasonable, non-penetrative contact, thereby maintaining the overall
physical plausibility of the scene.

The effectiveness of PAR. As illustrated in Fig. b), we visualize the struc-
tural changes of the human SMPL model and the final generated scene after
applying PAR. The results show that the optimized SMPL-X parameters align
more accurately with the poses in the input images, while preserving strong
geometric consistency with the human voxels produced by TRELLIS. In con-
trast, disabling PAR leads to inaccurate human poses and misaligned spatial
arrangements of object parts, highlighting its essential role in refining pose and
interaction consistency.

4.5 Applications

As shown in Fig. [1| (C), PartCHOI naturally supports diverse interactive exten-
sions, with corresponding strategies outlined below:

(a) Disable the human generation branch. The most central object is treated as
the primary subject, with the remaining objects modeled as its parts.

(b) Treat one human as the subject and the other as a part.

(c) Process complex scenes hierarchically by first reconstructing sub-scenes and
then assembling them.

(d) Enable object replacement and addition by refining contacts via O-GRM
and estimating poses via H-GPE.

(e) Use video input to drive editing by reconstructing or deforming humans
frame by frame, updating object poses with H-GPE.
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For specific operational steps for each scenario and application, please refer to
the supplementary materials.

5 Conclusion

We propose PartCHOI, a method that addresses the challenging task of gen-
erating clothed human-object interactions. Unlike existing methods that rely
on object templates, large-scale training data, or complex layout optimization,
Part CHOI achieves joint generation and interaction modeling from a novel part-
aware perspective. Specifically, our framework leverages human geometric priors
to guide object-part pose estimation, and further utilizes object-part layouts to
refine human surface deformations. With this design, Part CHOI enables efficient
and accurate modeling of both coarse spatial layouts and fine-grained physical
contacts. Experimental results demonstrate that our method outperforms prior
approaches in generation quality and interaction detail. Furthermore, Part CHOI
paves the way for a new paradigm in modeling and editing HOIs, with promising
potential for future real-world applications.
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