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Figure 1. Core challenges in monocular multi-human 3D reconstruction: (a) geometric complexity and perspective distortion, (b) lack of
interaction-aware geometric modeling, and (c) missing texture and geometry in occluded regions. HUG3D addresses all three challenges.

Abstract

Reconstructing textured 3D human models from a single
image is fundamental for AR/VR and digital human appli-
cations. However, existing methods mostly focus on sin-
gle individuals and thus fail in multi-human scenes, where
naive composition of individual reconstructions often leads
to artifacts such as unrealistic overlaps, missing geometry
in occluded regions, and distorted interactions. These lim-
itations highlight the need for approaches that incorporate
group-level context and interaction priors. We introduce
a holistic method that explicitly models both group- and
instance-level information. To mitigate perspective-induced
geometric distortions, we first transform the input into a
canonical orthographic space. Our primary component,
Human Group-Instance Multi-View Diffusion (HUG-MVD),
then generates complete multi-view normals and images by
jointly modeling individuals and group context to resolve
occlusions and proximity. Subsequently, the Human Group-
Instance Geometric Reconstruction (HUG-GR) module op-
timizes the geometry by leveraging explicit, physics-based

* Authors contributed equally. tCorresponding author.

interaction priors to enforce physical plausibility and accu-
rately model inter-human contact. Finally, the multi-view
images are fused into a high-fidelity texture. Together, these
components form our complete framework, HUG3D. Exten-
sive experiments show that HUG3D significantly outper-
forms both single-human and existing multi-human meth-
ods, producing physically plausible, high-fidelity 3D recon-
structions of interacting people from a single image. Project
page: jongheeanl 1.github.io/HUG3D _project

1. Introduction

Reconstructing detailed 3D human models from visual in-
put [10, 11, 15, 22, 31, 32, 35, 40, 41] is a fundamental
task in computer vision, supporting applications in aug-
mented and virtual reality (AR/VR) [24, 27], digital hu-
mans, and social behavior understanding. While monocu-
lar 3D reconstruction from a single RGB image [10, 22, 40]
has made substantial progress, most existing methods are
limited to isolated individuals in controlled environments.
However, these approaches often fail to generalize to real-
world scenes involving multiple interacting people, where
occlusion, perspective distortion, and spatial entanglement
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introduce significant ambiguity and modeling challenges.

In particular, we identify three core challenges in monoc-
ular multi-human 3D reconstruction: (1) Geometric com-
plexity and perspective distortion. Multi-human scenes
often involve substantial depth variation and complex spa-
tial layouts, which can lead to perspective distortions.
While most methods assume orthographic views leading
to distortions on real-world perspective inputs (Fig. 1(a)),
a few perspective-aware models [21, 34] remain limited
to single-object cases and struggle with multi-human com-
plexity. The scarcity of annotated multi-human data [37, 41]
further hinders generalization across camera poses and in-
teraction patterns. (2) Lack of interaction-aware geomet-
ric modeling. Most methods reconstruct individuals in-
dependently, overlooking contextual cues like contact, oc-
clusion, and spatial proximity (Fig. 1(b)). This often re-
sults in unrealistic outputs such as overlapping limbs or
unnatural distances. Although group-wise SMPL-X ap-
proaches [1, 25, 33] offer early signs of interaction mod-
eling, full-surface, textured reconstruction remains under-
explored. (3) Missing geometry and texture in occluded
regions. Occlusions between people obscure critical body
parts, causing incomplete geometry and textures (Fig. 1(c)).
While generative inpainting [18, 30] can hallucinate plausi-
ble content, only a few approaches [2, 4] jointly address ge-
ometry and appearance, and even fewer try handling multi-
view consistency under occlusion.

To address these challenges, we propose a holistic
method for human interaction-aware 3D reconstruction
from a single image. Our method incorporates both group-
and instance-level information with three main components:
(1) Canonical Perspective-to-Orthographic View Transform
(Pers20rtho). To make multi-view diffusion tractable un-
der severe geometric distortion, we transform the input per-
spective image into a canonical orthographic space. From
the image, we estimate a partial 3D textured geometry and
reproject it to obtain consistent multi-view RGB and nor-
mal representations. (2) Human Group-Instance Multi-View
Diffusion (HUG-MVD). This diffusion model jointly com-
pletes missing geometry and textures while serving as an
implicit prior that enforces physically plausible human in-
teractions. (3) Textured Mesh Reconstruction. Our Human
Group-Instance Geometry Reconstruction (HUG-GR) mod-
ule first optimizes the mesh using group-level, instance-
level, and physics-based supervision. Subsequently, the
multi-view images are fused into a final, high-fidelity tex-
ture using occlusion-aware blending. Collectively, these
components form our holistic framework, HUG3D.

Experiments show that HUG3D outperforms baselines,
producing physically plausible, high-fidelity textured re-
constructions of interacting people from a single image.

2. Related Works

Single-Human 3D Reconstruction. Significant advances
in single-human 3D reconstruction have been driven by
parametric models such as SMPL [23, 28]. Early methods
fit models to 2D cues [3], while later works regress param-
eters directly from images using deep networks [13]. Im-
plicit and volumetric approaches [7, 26, 31, 32] further im-
prove geometric detail. Recent efforts enhance view consis-
tency and texture. SIFU [40] optimizes UVs via SDF, and
SiTH [10] uses back-view synthesis. PSHuman [22] gen-
erates multi-view RGBs via diffusion, and LHM [29] uses
transformers over image and SMPL-X tokens. Though ef-
fective for isolated individuals, these methods struggle in
multi-human settings. Naive application per instance leads
to artifacts like overlapping meshes and inconsistent scale,
underscoring the need for interaction-aware models.
Multi-Human 3D Reconstruction. Reconstructing multi-
ple humans in 3D remains challenging due to occlusions,
inter-person interactions, and depth ambiguities. Early ap-
proaches reconstructed each individual independently [20,
33, 41], but this often led to physically implausible results.
Later methods improved spatial coherence by introducing
global constraints [8] or jointly regressing shapes and poses
in a shared coordinate system [26]. Multi-view and video-
based approaches [11, 17, 19] further enhanced reconstruc-
tion accuracy, though they require video or multi-view in-
puts, which can be costly to acquire and process. More
recently, learning-based methods have sought to tackle
multi-human reconstruction from a single image. While
interaction-aware networks [5—7] and model-free architec-
tures [26] improve plausibility, their performance remains
limited in single-view, single-frame scenarios.
Scene-Level Human Reconstruction and Interaction
Modeling. Several methods incorporate human-scene or
human-human interaction to improve physical plausibil-
ity. POSA [8] enforces realistic body-ground contact
but focuses on single-person scenarios. Group-level pri-
ors [25] enhance pose coherence, while BUDDI [25] learns
a diffusion-based prior for plausible two-person interac-
tions. Other approaches rely on explicit contact labels [12],
but typically focus on coarse geometry or pose estimation.
However, these methods often yield results with low tex-
ture fidelity or limited to SMPL-X mesh predictions, falling
short of producing fully textured, detailed 3D reconstruc-
tions of multi-human interacting.

3. Human Interaction-Aware 3D Reconstruc-
tion from a Single Image

Our HUG3D framework operates in three main stages, as
illustrated in Fig. 2. First, the Canonical Perspective-to-
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Figure 2. Overview of our HUG3D framework. Given a single perspective image, (1) the Canonical Perspective-to-Orthographic View
Transform (Pers20rtho) converts it into a canonical multi-view orthographic representation to resolve scale ambiguity and enable consis-
tent multi-view reasoning. (2) The Human Group-Instance Multi-View Diffusion (HUG-MVD) model completes occluded geometry and
texture while maintaining plausible interactions. (3) The Textured Mesh Reconstruction stage refines the mesh and generates high-fidelity
textures with our physics-based Human Group-Instance Geometry Reconstruction (HUG-GR), which enforces physical consistency via
optimization with multi-view normal cues and interaction constraints.
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Figure 3. Comparison of results from multi-view diffusion trained
on perspective vs. orthographic images.

Orthographic View Transform (Pers20rtho) module con-
verts the input perspective image into a consistent multi-
view orthographic representation. Next, our Human Group-
Instance Multi-View Diffusion (HUG-MVD) model com-
pletes occluded geometry and texture while ensuring plau-
sible interactions. Finally, the Textured Mesh Reconstruc-
tion stage refines the mesh with our physics-based HUG-GR
module and synthesizes a high-fidelity texture.

3.1. Canonical Perspective-to-Orthographic View
Transform

Multi-human scenes exhibit severe depth variation and oc-
clusion, which violate the orthographic assumptions typi-
cally adopted in multi-view diffusion models. As a result,
directly learning interactions from a single perspective-view

image is challenging due to extreme geometric complex-
ity (see Fig. 3). To overcome this limitation, we introduce
Pers20rtho module, a canonical view transformation mod-
ule that estimates partial 3D geometry from the input per-
spective view and constructs consistent multi-view repre-
sentations robust to geometric distortion.

Initial Geometry, Segmentation, and Camera Setup.
Given a single RGB input, we first estimate an initial
SMPL-X mesh, instance segmentation masks, and the per-
spective camera parameters (Ki,, Rin, Tin) of Ciy. We em-
ploy RoBUDDI, our more robust variant of BUDDI [25],
as detailed in supplementary Sec. A.l. To define a canoni-
cal processing space, the SMPL-X mesh is first normalized
to a tight bounding box. Around this normalized geome-
try, we place six orthographic cameras {Cy, . .., Cs } at fixed
azimuths {0°,45°,90°,180°,270°, 315°} with zero eleva-
tion. Each camera has extrinsic parameters (R;, T;). This
canonical camera rig ensures spatial alignment across all in-
stances, providing a stable basis for downstream multi-view
generation.

Partial 3D Construction. To enhance the fidelity of the
canonical representation, we initialize a partial 3D mesh M
with the initial SMPL-X mesh and refine it using geometric
supervision from Sapiens [14]. Specifically, Sapiens pre-

dicts affine-invariant depth (dgs,) and surface normals (ng) )
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from the perspective input view Ci,. The mesh vertices are
optimized to align with these predictions by minimizing the
geometry loss:

Loco = ||di — a5 |2+ 1 — (ny.niky), (1)
where d’ ‘“ and n denote the depth and normal maps ren-
dered from the mesh The first term enforces depth consis-
tency via L2 distance, while the second term enforces orien-
tation consistency via cosine similarity. To handle possible
topology mismatches between the initial mesh and Sapiens
predictions, we adopt a remeshing strategy [22].
Multi-View Input Generation via PCD Reprojection.
For the multi-view diffusion stage, we first render a com-
plete set of normal maps {ng@[PLX}f:O from all six canoni-
cal views {C;} from the initial SMPL-X mesh for the pose
guidance.

Second we

generate  partial RGB

{:z:pcd, pcd, pccl} by reprojecting the input image onto
the refined partial 3D mesh M from three key canonical
views (0°, 45°, and 315°). Concretely, we render a depth
map d’}% from M and build a dense point cloud (PCD) P
in the coordinate system of Ci,. This PCD is reprojected
into each orthographic view C; as:

inputs

Pi = Upo(P) = Ry - P+ T, 2

where IT? . denotes the orthographic projection. RGB val-

ues from Cj, are then transferred onto P;, yielding partial
RGB maps xgg. Unlike mesh vertex coloring, which of-
ten produces sparse and low-quality textures, our PCD re-
projection preserves dense appearance details in visible re-
gions while maintaining spatial consistency across canoni-
cal views. These inputs serve as robust conditioning signals
for multi-view diffusion. Further details can be found in
Sec. A.2 of the supplementary.

3.2. Human Group-Instance Multi-View Diffusion

We introduce Human Group-Instance Multi-View Diffusion
(HUG-MVD), a diffusion model that leverages both group-
level and instance-level priors to resolve occlusions and
inter-person interactions in multi-human scenes.

Interaction- and Occlusion-Aware Multi-View Diffu-
sion. Given reprojected partial RGB inputs and canonical-
view SMPL-X normal maps, HUG-MVD reconstructs ge-
ometry and appearance missing due to occlusion. Un-
like standard single-human diffusion models, our formula-
tion incorporates group-level priors by jointly training on
two complementary sources. First, diverse single-human
datasets with full supervision [9, 38] provide coverage over
a wide range of body shapes and identities. Second, multi-
human datasets with partial geometry [37] capture realistic
inter-person occlusions and interactions, though with lim-
ited identity variation. This combination enables the model

to generalize across diverse individuals while remaining ro-
bust to complex group-level occlusions.

To simulate realistic occlusions for single-human train-
(4)

ing data, we generate masked inputs x,

jected point clouds xl()c)d and visibility masks M., as de-

scribed in Sec. A.3.3. These masks indicate unobserved re-
gions for each canonical view C;. The model is conditioned

from the repro-

on SMPL-X normal maps {ng\%mx}?:o’ which provide ge-
ometric guidance via ControlNet [39], steering the denois-
ing process toward consistent, human-like reconstructions.

Multimodal Training Objective. Given 6 canonical views,
the model predicts complete RGB images {#(Y} and sur-
face normals {(?)} simultaneously using a shared denois-
ing diffusion process. To train the model, we minimize the
following objective L as below:

£ (el

(2) '
+Et€|:H6_€9(anormal7t’ nfa%k’ SMPLX H :|>

(®) (4) (4)
(Zt ,rgb? t’ xnjdsk’ nSiVlPLX H2 :|

3)

where zfir)gb and zf r?ormal are the noisy latents for the RGB

and normal map at timestep t, respectively. The denois-

ing network ey learns to estimate the clean signals for both
(4)

modalities, conditioned on the masked RGB inputs z
and SMPL-X normal maps nél&pLX. By jointly optimiz-
ing RGB and normal prediction, the model enforces con-
sistency between appearance and geometry.

Joint Group-Instance Inference. At inference, a single
HUG-MVD model jointly performs group- and instance-
level reconstruction, predicting complete normals {ﬁ(i)}
and RGB images {2V} from partial RGB inputs and
SMPL-X guidance.

To maintain consistency between group- and instance-
level latent representations, instance-specific latents
zt(fi)nst(k) are injected into the group latent zf( g)mup at their
corresponding spatial regions.  Formally, at diffusion

timestep ¢:

K
(i.k) () (i,k)
Zf group — Z |: 1mt “¢ Jinst(k) + (1 ) ]]'lmt
k=1

i,k)
Zlg group] ( Z IL1(nst ) ég,)roupv (4)
where 1(%

mst) indicates the spatial extent of instance £ in
view C;, and o € [0, 1] controls blending strength. This
composition allows fine-grained instance details to inform
the global group representation, improving geometric con-
sistency across overlapping surfaces.
Further details with detailed illustrations of HUG-MVD
are provided in Sec. A.3 of the supplementary.
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Figure 4. Qualitative comparison on multi-human 3D reconstruction from a single image. HUG3D outperforms baselines by correcting
perspective distortion, preserving inter-human contact, and hallucinating plausible textures under heavy occlusion.

3.3. Textured Mesh Reconstruction

3.3.1. Human Group-Instance Geometry Reconstruction

We refine the initial SMPL-X mesh to produce physically
plausible geometry for multi-human scenes, leveraging both
group- and instance-level supervision and physics-inspired
constraints.

Group-Instance Normal Supervision. The mesh M is
optimized to match predicted normals from HUG-MVD at

both group and instance levels. Let nl(v[)VD eroup AN 5\/)1 aroup

denote predicted and rendered normals for the group, and
(i,k) (i,k)

NMVD,inst A0 7004 g for instance k. We define:
Enorma] = /\group . ['group + >\inst : ['instancey &)
. (4) (4)
Egroup = Z (1 <nMVD ,group? n./\/l,group>)
=0 ( 6)

(i,k)

MVD,inst?

(i,k)
nM,inst

5 K
Linslance = Z Z (1 - <n

i=0 k=1

)

where n is rendered from the currently optimized mesh
via a differentiable renderer at each step.

Interpenetration Loss. To prevent implausible overlaps
between body parts, we define an interpenetration loss over
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tolerance pairs (4, j) € V, where V denotes the set of part
pairs derived from contact regions in the initial SMPL-X
meshes. For each pair, let sl’] and SQ’J be the closest points
on the surfaces of parts ¢ and j. The loss penalizes distances
below a threshold tol, with £ acting as a smoothing temper-
ature that controls the softness of the penalty:

L:pen = meany |:§ ln(l =+ e(t017‘siyjis;,j|)/5):| . (7)

Visibility Loss. We enforce consistency between rendered
visibility and ground-truth masks:

®)

where Ef and M} denote incorrectly occluded and total
visible pixels for body part b in instance k. This loss en-
courages each body part in the rendered mesh to match its
expected visible region, ensuring accurate silhouettes and
occlusion boundaries, especially in complex multi-human
interactions.

Total Optimization Objective.
mized using:

The final mesh is opti-

Etotal = Enormal + Avis - Evis + )\pen : ‘Cpen' (9)
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Figure 5. Qualitative results on in-the-wild images. Our method demonstrates robust multi-human reconstructions, outperforming baseline

approaches and highlighting its practical applicability.

We apply finer learning rates to high-frequency semantic
regions (e.g., hands, face) to improve local accuracy while
maintaining overall shape stability.

Additional details for HUG-GR are provided in Sec. A.4
of the supplementary.

3.3.2. Texture Construction

Full-body vertex texture is generated by projecting multi-
view RGBs onto the optimized mesh. To improve fidelity,
occluded and low-confidence regions are blended using
view-aware confidence masks. High-fidelity face restora-
tion is applied for oblique or occluded views. Please refer
to Sec. A.5 of the supplementary for additional details.

4. Experiments

4.1. Experimental Setup

Implementation Details. The Pers2Ortho module is based
on BUDDI [25] for SMPL-X fitting and camera parameter
estimation. For partial 3D construction, the initial SMPL-
X mesh is optimized for 200 iterations using Adam [16]
with a learning rate of 0.02. HUG-MVD is initialized from
PSHuman [22], based on Stable Diffusion 2.1 [30], and in-
tegrates a frozen normal-map ControlNet [39]. Training is
performed on a single NVIDIA A100 (80GB) GPU with

a batch size of 16 and gradient accumulation of 8 steps,
using Adam (Ir=5 x 1076, 31 = 0.9, B2 = 0.999). A
two-stage curriculum is employed: (1) 1,000 steps with-
out inpainting masks, and (2) 1,000 steps with inpainting
masks to simulate occlusion. Training takes approximately
two days. A DDPM scheduler with 1,000 diffusion steps is
used during training, while inference uses a DDIM sched-
uler (n = 1.0) with 40 denoising steps. A blending factor
of a@ = 0.8 balances diversity and fidelity. HUG-GR opti-
mizes the mesh over 200 iterations with a learning rate of
0.01 and loss weights: Agroup = 1.0, Ajpst = 0.2, Apen = 2.0,
and \;s = 1.0. Further implementation details are provided
in Sec. A of the supplementary.

Training Data. Training samples of HUG-MVD are ren-
dered from raw scans which are composed of textured mesh
sequences. We train our model using the Hi4D dataset [37]
for multi-human supervision, along with THuman2.0 [38]
and CustomHumans [9] for diverse single-human poses and
appearances, enabling robust learning across varied interac-
tions and body configurations. Additional details are pro-
vided in Sec. A.3.1 of the supplementary.

Evaluation Dataset. We conduct experiments on the Mul-
tiHuman [41] dataset, which provides multi-person, multi-
view sequences with full 3D mesh supervision. For quan-
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Table 1. Quantitative comparison of geometric metrics for multi-human 3D reconstruction. HUG3D achieves the best overall scores in all
metrics including CD, P2S, and NC, and also outperforms other baselines in CP, indicating better interaction-aware reconstruction.

Method CDh | P2S | NC 1T F-score T bbox-IoU 7 Norm L2 | CP7
SIFU 5.644 2.284 0.754 29.244 0.778 0.028 0.089
SiTH 9.251 3.185 0.709 21.037 0.708 0.040 0.135

PSHuman 15.579 6.088 0.617 9.749 0.659 0.069 0.027
DeepMultiCap 13.719 2.555 0.749 18.125 0.513 0.049 0.083
Ours 3.631 1.752 0.811 41.504 0.847 0.019 0.240

Table 2. Quantitative evaluation on texture quality of multi-human
3D reconstruction.

Table 3. Quantitive evaluation on geometry and texture quality
within occluded region.

Method PSNR1T SSIM1T  LPIPS |
SIFU 15.202 0.793 0.202
SiTH 13.798 0.789 0.233

PSHuman 11.418 0.742 0.304
Ours 16.456 0.809 0.168

Table 4. Ablation study of key components in HUG3D. We report geometry (CD, P2S, Norm L2) and texture (PSNR, LPIPS) metrics

under various configurations.

Method Norm L2 | PSNR 71 SSIM 1
SIFU 0.197 6.157 0.559
SiTH 0.197 6.355 0.539

PSHuman 0.252 4.621 0.510
DeepMultiCap 0.217 - -
Ours 0.140 8.388 0.602

Module Method CDJ] P2S] OccNormL2| PSNRT LPIPS] Occ.PSNR T
Trained on group-only data 4.564 2203 0.157 15.641 0.191 7.423
HUG-MVD Trained on instance-only data 4.645 2.245 0.156 15.840 0.185 7.726
w/o Instance-to-group latent composition 4.646  2.249 0.159 16.198 0.183 7916
HUG-GR Instance-only normal supervision 4.642  2.250 0.156 16.180 0.183 7.902
Group-only normal supervision 4.620 2230 0.159 16.169 0.183 7.678
Ours (Full) 4316 2.122 0.153 16.454 0.179 8.082

titative evaluation, we focused on two-person interacting
scenes, including 20 sequences - six of these feature closely
interacting pairs with heavy occlusions and complex spa-
tial entanglements, while the remaining sequences capture
more natural interactions. For each scene, we select a ran-
dom initial viewpoint and render four perspective views, to
evaluate under natural camera distortion, at azimuth offsets
of {0°, 90°, 180°, 270°}, yielding 80 images in total. See
Sec. B.2 of the supplementary for the details.

Baselines. To the best of our knowledge, we are the
first to tackle multi-human 3D reconstruction with both ge-
ometry and texture, and no existing public baselines di-
rectly address this task (see Tab. S5 in supplementary).
We therefore compare our method against two categories
of prior works: (i) single-human reconstruction from a
single image, and (ii) multi-human reconstruction from
multi-view images or videos. To ensure a fair compari-
son, we follow the evaluation protocol of [5]. For single-
human methods—ECON [36], SIFU [40], SiTH [10], and
PSHuman [22]—we crop each person using the dataset’s
ground-truth instance masks, reconstruct them indepen-
dently, and then align the results into a shared coordinate
frame and composite to form the complete scene. We also
report PSHuman’s performance when applied directly to
uncropped multi-person images. For multi-human meth-
ods, we evaluate DeepMultiCap [41], designed for multi-

view images, and Multiply [11], designed for videos, under
single image setting. All SMPL-based methods use ground-
truth SMPL-X poses to isolate reconstruction quality from
pose estimation errors. Further details are provided in sup-
plementary Sec. B.1 and results on multi-human baselines
can be found in Sec. C.1 of the supplementary material.
Evaluation Metrics. We evaluate geometry with L; Cham-
fer distance (CD) [cm] and 1-directional point-to-surface
distance (P2S) [cm], normal consistency (NC), F-score, and
bbox-IoU between reconstructed and ground-truth meshes.
To assess surface detail consistency, we compute Lo normal
error between predicted and ground-truth normal renders -
across four rotated views at {0°, 90°, 180°, 270°} relative
to the input view. This is also separately computed specif-
ically within occluded regions to evaluate robustness under
occlusions. Physical realism is quantified through contact
precision score (CP) defined by the overlap between the es-
timated and ground-truth inter-body contact map. Texture
fidelity is assessed using PSNR, SSIM, and LPIPS, com-
puted across same views as Lo normal error. Also sepa-
rately computed specifically within occluded regions. More
details are provided in Sec. B.3 of the supplementary.

4.2. Results

Quantitative Results. As shown in Tab. 1, our method out-
performs on all geometric metrics, with the lowest CD, P2S
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Figure 6. Ablation study on key components. (a) Pers2Ortho improves projection sharpness.(b) Each HUG-GR loss boosts geometric

plausibility.
and highest NC. CP is markedly higher than other base-
lines, indicating superior physical realism and fidelity of
inter-instance contacts. Tab. 2 shows our method achieved
the highest PSNR and SSIM scores along with the lowest
LPIPS. Moreover, in the occluded-region evaluation, Tab. 3,
we significantly outperform the baselines in both Normal
L2 error for geometry and PSNR/SSIM for texture. This
indicates better perceptual quality of hallucinated textures
where baselines typically fall.
Qualitative Results. Fig. 4 illustrates that our approach
surpasses all baselines in multi-human 3D reconstruction
from a single image. Pers2Ortho enables accurate shape re-
covery in challenging viewpoints such as elevated scenes,
while baseline models produce distorted results. Through
HUG-MVD and HUG-GR, we model inter-human interac-
tions, producing meshes that faithfully align with contact
regions in the input image. In contrast, baselines either suf-
fer from interpenetration or fail to preserve contact. Visual
inspections confirm that HUG3D successfully reconstructs
complete human meshes even under substantial occlusion.
Hallucinated textures plausibly infer clothing and shape de-
tails not visible in the input. Competing methods, by con-
trast, exhibit broken surfaces, floating limbs, and missing
textures. Fig. 5 shows results on in-the-wild images. Our
approach consistently reconstructs multiple humans with
high fidelity, surpassing baseline methods and demonstrat-
ing real-world applicability.

Additional results can be found in Secs. C and D of the
supplementary.

4.3. Ablation Study

Pers20rtho. As shown in Fig. 6(a), we evaluate our PCD-
based Pers2Ortho against several baselines: the generative
method Era3D [21], and our custom diffusion and mesh re-
projection variants. These competing methods often pro-
duce blurry results with lost facial details, whereas our strat-
egy consistently preserves high-fidelity features from the
original view.

HUG-MVD. Tab. 4 shows that training HUG-MVD on
group-only data [37] suffers from limited geometry and
texture diversity, while instance-only data [9, 38] fails to

capture inter-person interactions. Our full setting, com-
bining both sources, significantly outperforms either alone,
highlighting their complementary benefits. Also, disabling
instance-to-group latent composition leads to inconsistent
surfaces and breaks continuity across instances.
HUG-GR. We analyze the impact of each component in
HUG-GR. As shown in Fig. 6(b), omitting adaptive-region
specific optimization degrades quality in high-frequency ar-
eas, such as hands. Removing interpenetration loss leads
to mesh interpenetration and unrealistic overlaps, demon-
strating its importance for physically grounded reconstruc-
tion. Excluding the visibility loss impairs alignment and
produces unnatural surface at contact regions. In Tab. 4, by
comparing variants using only group-level or only instance-
level losses, we found that incorporating both losses simul-
taneously yields the best performance.

More ablations and analysis can be found in Sec. E of
the supplementary.

5. Discussion

Limitations. HUG3D focuses on inter-human occlusion
and does not handle occlusions from external objects, which
we plan to address in future work. Although robust in the
wild, our method can fail under severe depth ambiguity or
heavy occlusion due to the inherent limitations of the single-
image setting. Further discussion appears in Sec. G of the
supplementary.

Conclusion. We presented HUG3D, a three-stage frame-
work for high-fidelity 3D reconstruction of interacting peo-
ple from a single RGB image. HUG3D addresses key chal-
lenges such as occlusions, complex interactions, and geo-
metric distortions by combining a canonical view transform
(Pers20rtho), a group-instance multi-view diffusion model
(HUG-MVD), and a physics-based reconstruction stage
(HUG-GR) for refined geometry and texture. Extensive
experiments show that HUG3D significantly outperforms
single-human and prior multi-human methods, producing
visually accurate, physically plausible reconstructions. Our
framework enables reliable applications in AR/VR, telep-
resence, and digital human modeling, advancing realistic
multi-human 3D reconstruction from a single image.
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