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Abstract

3D multi-human reconstruction from single images holds sig-
nificant potential for advancing AR/VR applications. While
remarkable progress has been made in single-human recon-
struction, existing methods face challenges when reconstruct-
ing multiple humans. These challenges include: (1) severe
inter-occlusion that disrupts individual body structures, and
(2) the absence of physically plausible relative positioning
among subjects. We present DECON, a novel DEcouple-
and-re CONstruct framework that systematically addresses
these limitations through two technical innovations: (1) a
decouple-and-reconstruct framework with multi-view synthe-
sis. It separates individuals and reconstructs detailed 3D bod-
ies from a single image. (2) a Perspective-Aware Position
Optimization (PAPO) approach. It ensures realistic position-
ing by fixing overlaps and gaps between subjects. Exten-
sive experiments demonstrate our method’s capability to re-
construct fully separated, anatomically complete 3D humans
with clothed-geometric details and plausible interactions.
Quantitative evaluations show a 54% reduction in Chamfer
Distance and 35% in Point-to-Surface Distance compared to
state-of-the-art methods.

Code — https://github.com/IridescentJiang/DECON

1 Introduction
Despite recent progress in single-image 3D reconstruction
of individual humans (He et al. 2025; Li et al. 2024; Zhuang
et al. 2024b; Jiang et al. 2025), clothed-geometric single-
image 3D reconstruction of multi-human with close interac-
tions remains an open challenge. The research gap between
the two is noteworthy, as real-world scenarios encompass
numerous instances of human-human interactions. While
previous research has explored multi-human reconstruction,
existing approaches require multi-view image inputs (Zheng
et al. 2021), multi-frame video sequences (Jiang et al.
2024), or exhibit insufficient personal characteristics (Cha
et al. 2024). Single-image multi-human 3D reconstruction
holds application potential in AR/VR scenarios, enabling
the creation of personalized stereoscopic photo albums, or
3D printing reconstructed group photos for home display.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Given a single RGB image, DECON can recon-
struct clothed-geometric multi-human interacting 3D re-
sults. The reconstructed models exhibit three critical proper-
ties: (1) clearly separated individuals, (2) anatomically com-
plete bodies with preserved clothing details, and (3) spatial
relationships between humans faithfully match the input.

This task is challenging as it requires achieving pixel-level
restoration without depth information or other geometric
information. Moreover, compared to single-person cases,
multi-human scenarios inherently involve mutual occlusions
and require careful consideration of interpersonal interac-
tions - all of which must be inferred solely from a single 2D
RGB image.

We propose a novel framework, DECON, for single-
image multi-human 3D reconstruction. As shown in Fig. 1,
our method requires only a single RGB image as input
and outputs 3D human models that preserve clothing de-
tails, maintain separated individual entities, and accurately
restore interacting behaviors. Recent methods using diffu-
sion model (Ho, Jain, and Abbeel 2020) have achieved re-
markable progress in human geometry reconstruction: some
employing SDS loss for distillation (Wang et al. 2024), oth-
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ers combining Large Language Model (LLM) or Control-
Net (Zhang, Rao, and Agrawala 2023) to extract additional
constraints from images (Zhuang et al. 2024b; Weng et al.
2024).

However, they have fundamental limitations in multi-
human scenarios arising from two inherent challenges: i)
severe inter-person occlusion and overlapping that compro-
mises individual body completeness, and ii) complicated
spatial relationships that connect both relative positioning
and interaction patterns among subjects.

To overcome these challenges, we propose a novel
‘decouple-and-reconstruct’ paradigm. It first separates en-
tangled individuals and reconstructs the complete human
models by generative multi-view synthesis. Then, it restores
the correct spatial positioning of inter-human spatial rela-
tionships. Specifically, we adopt the following approaches:
i) we design a geometry-guided human decoupling strat-
egy. This strategy achieves a fully isolated human image
by utilizing parameterized geometric body information as
a topological prior. We integrate the strategy with a gen-
erative multi-view synthesis approach. This approach tack-
les the issue of information incompleteness due to occlu-
sions by employing the parametric human model-guided
novel view images generation, thereby ensuring consistency
across the synthesized multi-view images. ii) We propose
a Perspective-Aware Position Optimization (PAPO) method
that utilizes single-image perspective scaling effects to re-
fine interacting spatial relationships between individuals.

In experiments, we compare our method with current
state-of-the-art single-image and monocular video-based
human reconstruction methods, demonstrating that our
method can reconstruct multiple 3D human models with
separate bodies, correct limb structures, and rich geometric
details of clothing, while also exhibiting appropriate interac-
tivity within the scene. Comprehensive ablation studies val-
idate the effectiveness of our key components. Our source
code will be publicly released.

Our contributions can be summarized as follows:
• We propose DECON, a novel decouple-and-reconstruct

framework for clothed-geometric single-image multi-
human 3D reconstruction, integrating multi-human de-
coupling and a generative multi-view synthesis module
to reconstruct clothed full-body geometries.

• We introduce a simple yet powerful Perspective-Aware
Position Optimization method to recover plausible rel-
ative positioning between individuals, addressing erro-
neous inter-person overlaps and implausible separations.

• We provide comprehensive evaluations of our method us-
ing the multi-human datasets MultiHuman (Zheng et al.
2021) and Hi4D (Huang et al. 2024a), demonstrating the
state-of-the-art geometric fidelity and relative positional
validity for multi-human reconstruction.

2 Related Work
Conditionally controlled image generation. Diffusion-
based inpainting frameworks (Brack et al. 2024; Ju et al.
2024; Zhuang et al. 2024a; Zuo et al. 2023; Suvorov et al.
2022) enable high-fidelity editing through conditional score

prediction. Key innovations include: (1) Efficient inversion
mechanisms (LEDITS++ (Brack et al. 2024)); (2) Struc-
tural control modules (BrushNet (Ju et al. 2024), Pow-
erPaint (Zhuang et al. 2024a)); (3) Regularization tech-
niques (SCAT (Zuo et al. 2023), LaMa (Suvorov et al.
2022)). Based on mask-aware consistency, these methods
achieve pixel-level image completion. Novel-view synthesis
has evolved from 3D-aware GANs to hybrid architectures
combining diffusion models with geometric priors. Won-
der3D (Long et al. 2024) synchronizes normal/RGB gen-
eration via cross-domain diffusion for sub-2-minute mesh
reconstruction. In the human 3D reconstruction field, Mag-
icMan (He et al. 2025) combines SMPL-X parametric mod-
els with hybrid multi-view attention for pose-texture co-
optimization. These approaches effectively bridge incom-
plete 2D inputs with full 3D geometry recovery, enabling the
reconstruction of complete 3D human bodies from partial
observations through conditionally guided diffusion models.

Monocular image-based clothed single-human re-
construction. Implicit functions (Chen and Zhang 2019;
Mescheder et al. 2019; Park et al. 2019; Peng et al. 2020)
enabled continuous clothed human reconstruction (He et al.
2020; Huang et al. 2020; Saito et al. 2019; Alldieck, Zan-
fir, and Sminchisescu 2022; Liao et al. 2023; Yang et al.
2023; Song et al. 2025). However, single-view inputs suffer
from depth ambiguity and self-occlusion. Recent solutions
include: (1) Parametric priors (PaMIR (Zheng et al. 2022),
ICON/ECON (Xiu et al. 2022, 2023), HFHuman (Jiang
et al. 2025)) that enhance geometry but rely on model accu-
racy; (2) Tri-plane transformers (GTA (Zhang et al. 2023),
SIFU (Zhang, Yang, and Yang 2024)) tackle with view am-
biguity; (3) Multi-view Score Distillation Sampling (Poole
et al. 2022) (TeCH (Huang et al. 2024b), GeneMAN (Wang
et al. 2024)) and (4) image conditioned diffusion models
(SiTH (Ho, Song, and Hilliges 2023), Human-LRM (Weng
et al. 2024), DiffHuman (Sengupta et al. 2024)) generating
novel-view details. While effective, these methods critically
depend on parametric model quality for novel-view con-
sistency. Recently, MagicMan (He et al. 2025) and PSHu-
man (Li et al. 2024) leverages multi-view image gener-
ation to simultaneously optimize parametric model poses
while synthesizing novel views, ensuring tighter alignment
between the parametric skeleton and observed human pos-
ture in images, thereby yielding more accurate reconstructed
models.

Monocular multi-human reconstruction. Current re-
search in clothed-geometric multi-person 3D reconstruction
from a single image remains in its nascent stage. Existing
methods mainly focus on the estimation of parameterized
models or multi-frame/multi-image input. SAT-HMR (Su
et al. 2024), Multi-HMR (Baradel et al. 2024), and Clo-
seInt (Huang et al. 2024a) enable efficient monocular multi-
human estimation, yet their outputs remain limited to tex-
tureless parametric human models lacking clothing details.
DeepMultiCap (Zheng et al. 2021) and ContactField (Lee
et al. 2025) achieve high-fidelity through sparse multi-view
inputs. Multiply (Jiang et al. 2024) addresses dynamic multi-
human scenarios via hierarchical neural rendering and hy-
brid instance segmentation. In single-image multi-human
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3D reconstruction, Mustafa et al. (Mustafa et al. 2021) pio-
neered monocular clothed multi-human reconstruction. Cha
et al. (Cha et al. 2024) achieved interacting-body recov-
ery relying on latent code-based identity representations.
ECON (Xiu et al. 2023) provides a multi-human reconstruc-
tion function based on single-person reconstruction. Al-
though they successfully recover the overall shapes and the
relative position, the fine details of clothing remain impre-
cise. Inspired by prior solutions, our approach reconstructs
geometric fidelity multiple-interacting 3D humans from a
single image through a decouple-and-reconstruct framework
and Perspective-Aware Position Optimization.

3 Method
As shown in Fig. 2, we propose a decouple-and-reconstruct
framework for single-image multi-human 3D human recon-
struction (Sec.3.2). In the decoupling stage, we employ esti-
mated human geometry as guidance to extract individual hu-
man images from the original input. During reconstruction,
these decoupled human images are processed by our multi-
view synthesizer to generate complete 3D human models
with detailed clothing geometry. Finally, Perspective-Aware
Position Optimization (PAPO) restores each individual’s
spatial positioning in 3D space according to the original im-
age composition (Sec.3.3).

3.1 Preliminary
Skinned multi-person linear model. The SMPL
model (Loper et al. 2015) is a parametric model for
human body representation that maps pose θ ∈ R3×24 and
shape β ∈ R10 to a mesh with 6890 vertices. The map
function MSMPL can be represented as:

MSMPL (θ ,β ) : R3×24 ×R10 7→ R3×6890, (1)

where θ affects joint positions and orientations. β controls
body size. We also use SMPL-X (Pavlakos et al. 2019) as
the guidance of multi-view human image synthesis.

3.2 Decouple-and-Reconstruct Framework
Geometry-guided human decoupling. This stage aims to
decouple complete individual humans from multi-human
images. Due to mutual occlusions between subjects, each
person’s visual information in the image is inherently in-
complete. We address this by leveraging parametric human
models (SMPL (Loper et al. 2015)) as geometric priors
to ensure anatomical completeness. While existing meth-
ods can estimate parametric models from multi-human im-
ages, we specifically adopt SAT-HMR (Su et al. 2024) as
our Geometry Estimator. SAM 2 (Ravi et al. 2024), a foun-
dation model capable of segmenting various image cate-
gories, serves as our image segmentation method. Since
the segmented human images remain incomplete, we em-
ploy PowerPaint (Zhuang et al. 2024a) as our image in-
painting method to achieve pixel-level completion for sub-
sequent reconstruction. Indeed, our proposed method allows
for the flexibility of replacing any existing multi-human
pose estimation, segmentation, and image inpainting method
within our workflow. Throughout the decoupling pipeline,

the parametric human model (geometry prior) estimated by
the Geometry Estimator provides guidance through three
critical interactions: i) During image segmentation, the ge-
ometry prior’s corresponding human bounding boxes pro-
vide segmentation scope guidance to the image segmenta-
tion method. ii) We implement Geometry-Guided Decou-
pling Optimization (GGDO) through differentiable rasteri-
zation to enhance alignment between the geometry prior and
segmented human images. iii) In the inpainting phase, the
geometry prior MSMPL defines completion regions mgeo to
guide the image inpainting method in generating complete
human images from partial segments.

Specifically for the GGDO process, the differentiable ren-
derer from PyTorch3D (Ravi et al. 2020), denoted as DR, is
utilized to generate the geometric mask mgeo of the estimated
SMPL model MSMPL, which can be represented as:

DR(MSMPL)→ mgeo. (2)

The optimization has two stages. In the first stage fG−I , we
use the segmented image mask ms to optimize the geome-
try prior’s translation parameters t ∈ R3, ensuring that the
geometry projection is close to the image, which can be rep-
resented as:

fG−I = min
t
(Lm di f f ),

Lm di f f = |mgeo −ms|,
(3)

where Lm di f f is the MSE loss between mgeo and ms. After
fG−I , the optimized translation t ′ is obtained. In the second
stage fG−II , we optimize the pose and shape parameters θ

and β :
fG−II = min

θ ,β ,t ′
(Lm di f f ) (4)

Ablation studies for the GGDO are presented in Sec. 4.3.
Generative multi-view synthesis human reconstruc-

tion. Single-view-to-multi-view generation followed by
synthesized 3D reconstruction effectively ensures full cir-
cumferential completeness of human bodies. Inspired by
MagicMan (He et al. 2025), we integrate generative multi-
view synthesis-based 3D reconstruction while utilizing es-
timated parametric human models (Pavlakos et al. 2019)
as geometry priors. Through ControlNet-style (Zhang, Rao,
and Agrawala 2023) constraints, we use decoupled human
images as color and style references for the multi-view ren-
dering of the parametric human model. A Denoising UNet
is then employed to generate novel-view imagery from these
renderings. During training, we also iteratively optimize the
pose parameters of the parametric human model to enhance
its alignment with the decoupled human image. Guided by
geometry priors, geometrically consistent human multi-view
images are generated for 3D reconstruction. Following the
Wonder3D (Long et al. 2024) paradigm, 3D human meshes
are ultimately reconstructed using NeuS (Wang et al. 2021).

3.3 Perspective-Aware Position Optimization
For multi-human scene reconstruction tasks, it is crucial
to recover the relative positions and interactions between
subjects. Multi-human reconstruction requires precise inter-
mesh positioning but faces two challenges: 1) decoupled im-
ages lose original spatial contexts, and 2) inaccurate SMPL
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Figure 2: Pipeline. Our decouple-and-reconstruct framework operates in three stages: First, we leverage geometry-guided
human decoupling to separate individual humans. Then, we employ generative multi-view synthesis for complete human model
reconstruction. Finally, we assemble these models through Perspective-Aware Position Optimization.

position estimates. To this end, we propose PAPO. The key
motivation of PAPO lies in using perspective scaling effects
to optimize inter-mesh positioning. Considering that each
estimated subject MSMPL from the Geometry-Guided Human
Decoupling stage already has a coarse position, we use the
coarse position as the initial positioning. Specifically, we ob-
tain initial XYZ-axis offsets oxyz ∈ R3 for each subject and
parameterize the offsets as learnable parameters. We then
get the projection pini through the differentiable renderer DR
from all subjects with their initial offsets from the camera
viewpoint. Simultaneously, we perform pixel-wise summa-
tion of the segmented images of all subjects to create the
target ptar. Notably, all segmented images maintain the orig-
inal input resolution - their pixel-wise summation essentially
generates a background-free multi-human image. The PAPO
fP can be represented as:

fPAPO = min
oxyz

(LPAPO),

LPAPO = |pini − ptar|,
(5)

where LPAPO is the MSE loss between projections pini and
targets ptar to individually optimize each subject’s offsets.
Ablation studies for the PAPO are presented in Sec. 4.3.

4 Experiments
4.1 Implementation Details
Datasets and baselines. The novel view generator is trained
on the THuman2.1 dataset (Yu et al. 2021), which contains
2,445 human scans. The training data includes RGB images
and normal maps captured at 72 uniformly spaced view-
points from 0° to 360°. For the geometry estimator and the
geometry-guided image inpainting module, we directly use

the pre-trained models from SAT-HMR (Su et al. 2024) and
PowerPaint (Zhuang et al. 2024a), respectively.

We compare our method with three existing approaches:
PIFu (Saito et al. 2019), ECON (Xiu et al. 2023), and Mul-
tiply (Jiang et al. 2024). Our benchmark selection is based
on the following reason: While methods like SIFU (Zhang,
Yang, and Yang 2024) and MagicMan (He et al. 2025)
achieve state-of-the-art single-human reconstruction, their
architectures inherently lack multi-human decoupling mod-
ules. This critical functionality gap necessitates our compar-
ison with PIFu and ECON, which, despite being primarily
optimized for single-human reconstruction, retain essential
capabilities for multi-human processing. Our choice specif-
ically excludes newer single-human methods to ensure fair
evaluation under multi-person interaction scenarios. All ex-
periments are conducted on a single NVIDIA RTX 4090
GPU. More details are provided in the Supplementary Ma-
terial.

We chose the MultiHuman dataset (Zheng et al. 2021) for
comparison with PIFu and ECON. The test set consists of 16
groups of multi-human models, categorized into four types:
two-person with minimal contact (4 groups), two-person
with natural contact (4 groups), two-person with close con-
tact (4 groups), and three-person (4 groups).

We chose the Hi4D dataset (Huang et al. 2024a) for com-
parison with Multiply, a method designed for multi-human
3D reconstruction from videos. This dataset contains chal-
lenging human interaction videos between pairs of people
with ground truth meshes. We chose one video as the test set.
Specifically, we extract a single frame f from the video as
input to our method and sample varying numbers of frames
(30, 70) before and after f to test Multiply.
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Metrics. We utilize two quantitative metrics: Point-to-
Surface Distance (P2S) and Chamfer Distance (CD). P2S
quantifies the proximity of the reconstructed shape points
to the surface of the ground-truth shape. CD measures the
shape similarity between two point sets by computing aver-
age bidirectional point-to-surface distances.

4.2 Evaluation
Comparison with single-image-based human reconstruc-
tion methods. We compare our method with existing
high-performance methods PIFu (Saito et al. 2019) and
ECON (Xiu et al. 2023). In creating visualization results,
ECON appends the predicted mesh with the predicted
SMPL-X face and hand parts. For fairness, our method’s re-
sults also automatically stitch the predicted mesh with the
predicted SMPL-X parts. We use Poisson Surface Recon-
struction (Kazhdan, Bolitho, and Hoppe 2006) for stitching.

The visualization results in Fig. 3 demonstrate our
method’s superior performance in both limb completeness
and plausible relative positioning between subjects. For
challenging multi-occlusion cases involving three individu-
als (Rows 1&3), our approach reconstructs physically rea-
sonable poses with ground-truth-aligned positioning. No-
tably, existing methods demonstrate fundamental limitations
in spatial relationship prediction. Besides, existing methods
would show an obvious segmentation border (Row 1 front
view) or fail to achieve effective segmentation under severe
overlapping conditions (Row 3). In scenarios with close two-
person contact (Rows 2), our framework successfully recon-
structs two distinct bodies while the baseline methods fail to
maintain the proper separation between subjects. More re-
sults are provided in the supplementary material.

We quantitatively compare our method against existing
high-performance methods, as shown in Table. 1. We eval-
uate our method in four distinct categories: two-person
with minimal contact, two-person with natural contact, two-
person with close contact, and three-person scenarios, mea-
suring both CD and P2S metrics. The metrics are computed
for all the people in the scene after translation optimiza-
tion. Our approach achieves the best results across most met-
rics, particularly excelling in three-person cases, where our
CD and P2S are 7.534 × 10−3 and 4.271 × 10−3 lower
than ECON (Xiu et al. 2023), respectively, demonstrating
significant advantages in multi-human reconstruction. Com-
peting methods cannot accurately estimate the relative spa-
tial relationships between individuals and struggle to distin-
guish overlapping human bodies in the image. In general,
our method outperforms PIFu (Saito et al. 2019) by 4.919
× 10−3 and 1.682 × 10−3 in CD and P2S and outperforms
ECON (Xiu et al. 2023) by 3.948 × 10−3 and 2.476 × 10−3.

Comparison with monocular video-based multi-
human reconstruction method. We compare our method
with state-of-the-art methods MultiPly (Jiang et al. 2024).
Since MultiPly is a video-based method, we provide Multi-
Ply with 1 frame, 30 frames, and 70 frames of video as input.
We select the 1-frame video as the input for our method. In
Fig. 4, we present a comparison of test results on a set of
images from the Hi4D (Huang et al. 2024a) dataset (row 1)
and a set of in-the-wild images (row 2). With 30-frame in-

put, MultiPly struggles to fully separate the two human sub-
jects from the background. With 30-frame input, MultiPly
produces relatively complete results. With 70-frame input,
although there is slight redundancy in the clothing around
the legs and arms, the human figures are fully reconstructed
with rich surface details. Using only a single image as input,
our method outperforms MultiPly with a 30-frame input in
terms of geometric accuracy and achieves results compara-
ble to MultiPly with a 70-frame input.

In Table 2, we present the quantitative results for this set
of images from the Hi4D (Huang et al. 2024a) dataset. The
time refers to the inference time required for each person
using a single NVIDIA 4090 GPU. As shown, our method
achieves the best performance in the CD metric, while P2S
is not far behind. Furthermore, the inference time of our
method is only 1/22 of MultiPly with a 30-frame input and
1/45 of MultiPly with a 70-frame input. Despite presenting
more surface redundancy, MultiPly with a 30-frame input
offers a more precise bending angle estimation for a bent
posture, leading to better metrics than the 70-frame input
version.

In-the-wild images evaluation. We conduct experiments
across a diverse set of in-the-wild scenarios, encompassing
various complex occlusions, different crowd sizes, and out-
door lighting conditions. As shown in Fig 5, our approach ef-
fectively captures intricate details of clothing and accurately
reconstructs the relative positions between individuals. More
results are provided in the Supplementary Material.

4.3 Ablation Studies
Ablation on PAPO. As shown in Table. 1, our method sig-
nificantly reduces CD and P2S in all categories after PAPO,
with overall improvements of 1.955 × 10−3 and 1.684 ×
10−3, respectively. Fig. 6 presents the frontal and side views
of the partial qualitative results. For the side view, we anno-
tate the contact regions between two individuals in red and
green. Before optimization, these regions exhibit a notice-
able gap, while after optimization, they achieve tight physi-
cal contact. In the red-circled regions, the frontal view of the
reconstructed model demonstrates improved alignment with
the input after optimization.

Ablation on GGDO. Fig. 7 presents partial qualitative
ablation results on GGDO. The inpainted images (right in
Rows (c) and (d)) exhibit a reduction in erroneous redundant
regions after optimization. Row (b) shows the segmented
images from the input image. Rows (c) and (d) depict the
parametric human model mask, which defines the inpaint-
ing range, and the resulting inpainted images. The yellow
contour on the mask corresponds to the segmented human
silhouette in row (b). Through optimization, the mask ex-
hibits improved alignment with the yellow contour. The op-
timization reduces redundant inpainting artifacts in specific
regions: the elbow and wrist for the left individual, the toes
for the middle individual, and the fingers for the right.

5 Conclusion
We present DECON, a novel framework addressing
clothed-geometric single-image multi-human 3D recon-
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Figure 3: Qualitative evaluation against single-image-based human reconstruction methods, including (b) PIFu (Saito
et al. 2019) and (c) ECON (Xiu et al. 2023). Our approach achieves superior results on both the front and sides of the model,
ensuring better independence for each subject and avoiding the fusion artifacts observed in other methods. The key areas of the
side results are circled in red, and the key areas of the front/back results are circled in green. In order to distinguish different
subjects, we manually colored the models. Please ü zoom in to see details.

Categories Two minimal contact Two natural contact Two close contact Three-person All
Methods CD↓ P2S↓ CD↓ P2S↓ CD↓ P2S↓ CD↓ P2S↓ CD↓ P2S↓

PIFu (Saito et al. 2019) 5.998 4.083 5.743 3.494 3.892 2.076 17.455 9.553 8.272 4.801
ECON (Xiu et al. 2023) 4.333 3.874 4.023 3.840 7.504 5.177 13.346 9.487 7.301 5.595

Ours(w/o PAPO) 4.266 3.895 2.371 1.986 7.246 7.786 7.348 5.545 5.308 4.803

Ours 3.099 3.114 1.570 1.328 2.931 2.817 5.812 5.216 3.353 3.119

Table 1: Quantitative evaluation on MultiHuman (Zheng et al. 2021). We compare our method with PIFu (Saito et al. 2019),
ECON (Xiu et al. 2023), and our method without PAPO. Our method achieves the lowest values on nearly all metrics. The best
and the second-best results are highlighted in gray. All CD and P2S values in the table are scaled by 10−3.

Figure 4: Qualitative evaluation against MultiPly (Jiang et al. 2024), the SOTA monocular video-based multi-human
reconstruction method. Our method outperforms Multiply when provided with 30 frames as input and achieves comparable
results when given 70 frames as input. However, in contrast to Multiply with a 70-frame input, our approach requires only a
single image as input, and the inference time is merely 1/45 of that. Please ü zoom in to see details.

5464



Methods Input CD↓ P2S↓ Time (h/p)
1 frame 12.062 8.034 1.75

MultiPly 30 frames 7.621 3.351 7.5
(Jiang et al. 2024) 70 frames 9.628 3.356 15

Ours 1 frame 5.519 5.385 0.33

Table 2: Quantitative evaluation on Hi4D (Huang et al.
2024a) with MultiPly (Jiang et al. 2024). Our method re-
quires only a single image as input and surpasses all input
modes of MultiPly in terms of the CD metric, while the in-
ference time is merely 1/45 of MultiPly with a 70-frame in-
put. All CD and P2S values in the table are scaled by 10−3.

Figure 5: In-the-wild images evaluation. Our method per-
forms well across a diverse set of scenarios, encompassing
various complex occlusions, different crowd sizes, and out-
door lighting conditions. Please ü zoom in for details.

struction with interacting relationships. Our decouple-and-
reconstruct paradigm has two contributions: 1) decoupling
of entangled individuals through parametric priors and then
reconstructing the complete body by generative multi-view
synthesis, and 2) Perspective-Aware Position Optimiza-
tion of multi-person spatial arrangements. Extensive ex-
periments demonstrate that DECON outperforms existing
single-image and video-based approaches in reconstructing
mutually separated, geometrically detailed 3D humans with
plausible interactions. This work fills a critical gap in re-
constructing interacting human groups from monocular im-
agery, enabling applications in VR and 3D photography.

Limitation and future work. DECON fails to recon-
struct the human with severe (>50%) occlusion. In the fu-
ture, we plan to address this by using the large human model.

Figure 6: Visualization results of ablation on the PAPO.
After optimization, the relative positioning of the individuals
exhibits improved spatial coherence.

Figure 7: Visualization results of ablation on the GGDO.
The inpainted image exhibits a reduction in erroneous re-
dundant regions after GGDO.
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