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Rendering Multi-Human and Multi-Object with 3D Gaussian Splatting
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Abstract— Reconstructing dynamic scenes with multiple in-
teracting humans and objects from sparse-view inputs is
a critical yet challenging task, essential for creating high-
fidelity digital twins for robotics and VR/AR. This prob-
lem, which we term Multi-Human Multi-Object (MHMO)
rendering, presents two significant obstacles: achieving view-
consistent representations for individual instances under severe
mutual occlusion, and explicitly modeling the complex and
combinatorial dependencies that arise from their interactions.
To overcome these challenges, we propose MM-GS, a novel
hierarchical framework built upon 3D Gaussian Splatting. Our
method first employs a Per-Instance Multi-View Fusion module
to establish a robust and consistent representation for each
instance by aggregating visual information across all available
views. Subsequently, a Scene-Level Instance Interaction module
operates on a global scene graph to reason about relationships
between all participants, refining their attributes to capture
subtle interaction effects. Extensive experiments on challenging
datasets demonstrate that our method significantly outperforms
strong baselines, producing state-of-the-art results with high-
fidelity details and plausible inter-instance contacts.

I. INTRODUCTION

The development of intelligent robotic systems — capa-
ble of operating autonomously and safely in human-centric
environments — is a central goal in robotics research [45],
[4]. A cornerstone for these systems is the ability to perform
safe and socially-aware navigation, a task that demands a
deep, fine-grained understanding of the surrounding world
and the complex interactions within it [3], [20], [1]. In
applications ranging from assistive robotics to human-robot
collaboration [6], [50], [39], navigation requires that a robot
must not only avoid static obstacles but also comprehend
and predict the dynamics of multiple humans interacting
with objects. Creating high-fidelity, dynamic digital twins
of real-world scenes serves as a critical foundation for
this capability, enabling robust path planning, human-intent
prediction, and advances in sim-to-real transfer [38], [16],

This work was supported by Key R&D Program of Zhejiang
(2025C01128), the National Natural Science Foundation of China Young
Scholar Fund Category B (62522216), Young Scholar Fund Category C
(62402408), the National Natural Science Foundation of China (62441617,
62506333), Zhejiang Provincial Natural Science Foundation of China (No.
LD25F020001), Fundamental Research Funds for the Central Universities
(226-2025-00057), the Hong Kong SAR RGC General Research Fund
(16219025), and Early Career Scheme (26208924), the China Postdoctoral
Science Foundation (2025M781525), Postdoctoral Fellowship Program of
CPSF (GZC20251077) and Zhejiang Province Postdoctoral Research Ex-
cellence Funding Project (ZJ2025065). (Corresponding author: Long Chen)

1Weiquan Wang, Jun Xiao, Feifei Shao, Yi Yang, and Yuet-
ing Zhuang are with the State Key Lab of CAD&CG, College of
Computer Science, Zhejiang University, Hangzhou 310027, China (e-
mail: wqwangcs@zju.edu.cn; junx@cs.zju.edu.cn; sff@zju.edu.cn; yangy-
ics@zju.edu.cn; yzhuang @zju.edu.cn).

2Long Chen is with the Department of Computer Science and Engineer-
ing, The Hong Kong University of Science and Technology, Clear Water
Bay, Hong Kong (e-mail: longchen@ust.hk).

979-8-3315-8160-2/26/$31.00 ©2026 IEEE

View Independent Multiple Relations

Mutual Influence

Ambiguous
Contact

Information Propagatio

Combinatorial
Interaction

Problems

occluded view unoccluded view Interaction Area
(.

J
Per-Instance Multi=View Scene-Level Instance
Fusion Interaction
( _——Tm e - A
-~ Sas Path Planning
l'/ £ @L&‘\\\
» © o\ .. . Human-Intent
IMM-GS ‘}\i( 1) Digital Twins uman-inte!
\‘\ /'I Sim-to-Real
SN - Transfer
L _—
Fig. 1. Core challenges in Multi-Human Multi-Object (MHMO)

rendering. From sparse views, rendering complex interactions involves
overcoming two key challenges: ensuring cross-view consistency under
severe occlusion (top) and modeling the mutual influence between instances
at contact regions (bottom). Our MM-GS is designed to address both.

[18]. A critical bottleneck, however, remains in faithfully
capturing and rendering the underlying 3D scene, particularly
in complex, dynamic environments where multiple humans
and objects interact simultaneously. This challenge gives
rise to the challenging task of Multi-Human Multi-Object
(MHMO) Rendering: the high-fidelity reconstruction of
dynamic scenes from sparse-view inputs, as dense camera
setups are often impractical for real-world applications.
Tackling the MHMO rendering task presents two signifi-
cant and coupled challenges, as illustrated in Fig. 1. The first
challenge lies in the difficulty of achieving a complete and
view-consistent representation for each instance from sparse
inputs. In a typical MHMO scene, individuals and objects
frequently occlude each other, leading to severe ambigu-
ity [56]. The optimization pipelines in prevalent methods like
NeRF [33] and 3DGS [19], typically process the information
from each camera view independently. Such a common
paradigm lacks an explicit mechanism to let informative,
unoccluded views guide the reconstruction of occluded ones,
e.g., where geometry and appearance are poorly observed or
fully occluded from other angles. This limitation often results
in artifacts or geometric inconsistencies for a single instance.
For example, appearing complete from one viewpoint but
blurry or fragmented from another. Establishing a robust and

20415



coherent per-instance representation is a critical prerequisite
before their complex inter-dependencies can be modeled.

The second challenge, involves explicitly modeling the

subtle yet crucial dependencies between interacting in-
stances. An MHMO scene is far more than a simple col-
lection of independent entities. Its realism hinges on cap-
turing their mutual influence [56], [32]. These dependencies
manifest primarily in resolving ambiguity at contact regions
and creating subtle appearance adjustments due to proximity.
A dedicated mechanism is required to refine the geometry
and appearance of Gaussians at these contact surfaces to
produce sharp, clear boundaries. Furthermore, close prox-
imity between instances can introduce subtle visual effects
like localized shadowing or slight color bleeding that must
be captured. Existing works all focus on single human-
object pairs [13], [43], [55], and they can only model one
such relational link. They lack a mechanism to resolve the
combinatorial complexity of MHMO scenes, where multiple
humans and objects form a dense graph of potential relation-
ships that must be reasoned about collectively to produce a
coherent and realistic final rendering.

To overcome these two challenges, we propose MM-GS,

a novel hierarchical framework built upon the efficiency
and quality of 3DGS. Our pipeline is specifically designed
to address the aforementioned problems in a coarse-to-
fine manner, starting from strong human geometric priors
(e.g., SMPL [31]) and object templates. Specifically, we first
align these canonical models to their target poses within each
frame and then initialize a 3D Gaussian at each vertex of
the resulting meshes. This process provides a robust initial
representation for the entire scene. From this starting point,
we tackle the first challenge of achieving view-consistency
by introducing a Per-Instance Multi-View Fusion module.
Unlike standard pipelines that treat views independently,
this module employs a graph attention network to create
an explicit information flow between different camera views
of the same instance. This allows well-observed viewpoints
to inform the reconstruction of occluded or poorly-defined
regions, ensuring a complete and coherent representation
for each individual participant. Subsequently, to address the
second challenge of modeling inter-instance dependencies,
we introduce the Scene-Level Instance Interaction module.
This component constructs a global scene graph that connects
all interacting instances, allowing our model to collectively
reason about their dense web of relationships. By propa-
gating information across this graph, MM-GS refines the
Gaussian attributes at contact surfaces to delineate sharp
boundaries and render subtle, proximity-based appearance
effects, yielding a more realistic depiction of the interaction.

In summary, our main contributions are as follows:

o We tackle the novel and challenging problem of MHMO
rendering from sparse-view inputs.

o We propose MM-GS, a hierarchical graph-based refine-
ment framework that models complex MHMO scenes
by decoupling per-instance view-consistent representa-
tion learning from scene-level interaction modeling.

« We design two specialized modules to explicitly address

the key challenges in MHMO rendering: multi-view
consistency and inter-instance dependencies.

e Our method achieves state-of-the-art performance on
complex MHMO datasets, producing realistic and co-
herent digital twins of human-centric environments.

II. RELATED WORKS

Free Viewpoint Rendering. Free Viewpoint Rendering
(FVR), the task of synthesizing novel views from a set of
input images [49], [48], is a pivotal capability for robotics
applications such as creating digital twins for simulation
and policy learning [58], [22]. This field has been revolu-
tionized by differentiable rendering, with 3DGS-based meth-
ods [19], [60], [29] offering a compelling balance of real-
time speed and photorealism over prior methods like NeRF-
based techniques [33], [59], [24]. However, existing 3DGS-
based methods lack a dedicated mechanism for the fine-
grained refinement of Gaussian primitives. This makes them
struggle to resolve ambiguities from severe occlusions and
inter-instance dependencies, a challenge severely exacerbated
in the sparse-view setting [54]. We are the first to address
this gap, proposing a hierarchical framework that explicitly
models view-consistency and inter-instance interactions to
handle complex MHMO scenes from sparse views.
Reconstruction of Dynamic and Human-Centric Scenes.
Extending differentiable rendering techniques to dynamic
environments is a significant area of research [36], [52], [17],
[41]. A prevalent approach is to learn a deformation field
that maps a static canonical representation to the observed
dynamic state [34], [25], [23], [5]. For human subjects,
this strategy is commonly combined with parametric body
models like SMPL [31] to handle complex, non-rigid mo-
tion. This has enabled impressive reconstructions of single
and multi-person scenes across various neural representa-
tions [48], [11], [9], [37], [28], [14]. Despite these advances,
a crucial gap remains: the vast majority of existing methods
treat each participant as a standalone, independent entity.
They lack a mechanism to explicitly model the subtle yet
crucial dependencies that arise from inter-person and person-
object interactions. Our work is the first to address this gap
by focusing on the high-fidelity reconstruction of complex
scenes with a dense graph of inter-instance interactions.
Modeling Human and Object Interactions. For a scene
to be realistic, it is crucial to accurately model complex
interactions between instances [7], [40], [8], [43], [42],
[53], [51], [2]. While a line of research on human-object
interaction rendering has enabled high-quality results for iso-
lated human-object pairs, these methods are fundamentally
limited in scope [13], [43], [15], [46], [10], [27]. A prime
example is NeuralDome [55], which relies on dense inputs
and expensive volumetric rendering. Even recent advance-
ments leveraging 3DGS and physical priors have focused
exclusively on improving the realism of these single human-
object pairs [46]. A fundamental limitation of all these
methods is their singular focus on a single relationship. They
are not designed to handle the combinatorial complexity
of realistic scenes where a dense graph of relationships
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exists between multiple humans and objects. In contrast,
our work tackles this more general and challenging MHMO
rendering problem, where a collective reasoning process over
all participants is required to produce a coherent result.

III. PRELIMINARY

Our method is built upon the 3DGS [19] representation,
which models a 3D scene as a collection of differentiable
Gaussian primitives. This representation achieves state-of-
the-art visual quality and real-time rendering speeds. Each
Gaussian primitive is defined by a set of optimizable at-
tributes G = {u, ¢, o, r, s}, which include its center pu € R?,
Spherical Harmonics (SH) coefficients for view-dependent
color c, opacity a € R, a rotation representation r (e.g., a
quaternion), and a scaling vector s € R3. The rotation and
scale are used to form a covariance matrix 3.

To render an image, all 3D Gaussians are projected onto
the 2D image plane. The color of a pixel p is then computed
by blending the projected 2D Gaussians sorted by depth:

k—1
= Z CrOf H(l — 0’1)7

keN =1

or = uGr(p), (1)

where N is the set of sorted Gaussians overlapping pixel
p, and G;c is the projected 2D Gaussian. In this work,
we manipulate the attributes of Gaussian sets belonging to
different instances. We will use the notation G;’ to denote the
full attribute set for instance ¢ at stage s of our pipeline.

IV. METHODOLOGY

Given N sparse-view images {I; };VZI of an MHMO scene
with M instances, along with their camera parameters and
instance masks, our objective is to reconstruct and render the
scene with high fidelity. Our method aims to achieve both
per-instance view-consistency and realistic inter-instance in-
teractions. To this end, our MM-GS framework, illustrated
in Fig. 2, introduces a hierarchical refinement process. First,
we establish a robust initial representation by deforming
canonical models to their target poses and initializing them
with 3D Gaussians (Sec. IV-A). Furthermore, the Per-
Instance Multi-View Fusion stage (Sec. IV-B) explicitly
aggregates visual information from multiple viewpoints to
ensure the completeness and consistency of each individual
instance. Finally, the Scene-Level Instance Interaction
stage (Sec. IV-C) employs a global scene graph to model
the dependencies between all instances, which is crucial for
resolving ambiguities at contact boundaries and capturing
subtle interaction-driven appearance effects.

A. Human-Object Deformation

The first stage of our pipeline establishes a robust initial
geometric representation for the MHMO scene. This involves
transforming all M humans and objects from their canonical
template spaces into their target poses, yielding the initial
state (stage 0) of their Gaussian attributes, denoted as g? .
Human Deformation. For each human instance ¢, we lever-
age the SMPL [31] parametric body model. We initialize
3D Gaussians on the vertices of the canonical Da-pose

SMPL mesh and then deform them to the target pose via
a modulated Linear Blending Skinning (LBS) process [12],
[35], [26], [27]. Specifically, the posed center u? is computed
from its canonical center p; by applying a weighted average
of each joint’s transformation:

K

=) wp(Reps + ti) + b, 2)
k=1

where wy is the skinning weight for the k-th joint and
(Rg, tx) is the joint’s transformation. Moreover, the co-
variance matrix X3¢ is transformed by first computing an
effective blended rotation matrix, r’, and then applying it
to the canonical covariance:
K

20 = 0@’ = wiRyg. (3)

While standard LBS effectively captures the overall pose,

it often struggles with fine-grained details. To address this,
we employ a small MLP, ®y, to predict a modulation vector

m for the initial SMPL weights wiMPk. The final, modulated
skinning weight used in Eq. (2) is then computed as:

wy, = softmax(wiM™ +my). “)

This approach yields a more detailed initial pose for
each human, with the full attribute set denoted as G =
{ud, eV, a? r? s}, where attributes other than the center
are initialized to generic values.

Object Deformation. For each object instance 7 in the
MHMO scene, we assume it behaves as a rigid body. Our
method directly utilizes the ground-truth pose information
provided by the datasets [56], [30]. Specifically, we take the
given rigid transformation, defined by a rotation matrix Rp;
and a translation vector Ty, and apply it to the vertices of
the object’s canonical template mesh. This process accurately
positions the object in the scene and defines its initial posed
Gaussian centers p. The remaining attributes are initialized
to generic values to form the complete initial set G°.

B. Per-Instance Multi-View Fusion

The deformation stage provides a robust geometric foun-
dation GY. However, the initial attributes {c?, a?,r? s0} are
generic and non-expressive. As established in Sec. I, a key
challenge in MHMO rendering from sparse views is the
severe ambiguity caused by inter-instance occlusions. Con-
sequently, our primary objective in this stage is to produce
a complete and view-consistent representation for each in-
stance. To achieve this, our Per-Instance Multi-View Fusion
module intelligently aggregates visual information from all
available viewpoints. This process operates independently on
each instance ¢ and updates its state from Q? to g}.
View-dependent Feature Construction. To enable context-
aware fusion, we first construct a comprehensive feature
representation for the instance’s Gaussian set that encodes
both its current 3D state and the visual evidence from each
specific viewpoint. We begin by employing a 2D CNN-based
image encoder ®,p to extract a multi-channel feature map
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Fig. 2. Overview of MM-GS pipeline. Our method refines initial 3D Gaussian representations through three main stages. (a) Human-Object Deformation:
We initialize the scene by deforming canonical human and object models to their target poses and representing them as collections of 3D Gaussians. (b)
Per-Instance Multi-View Fusion: A Cross-View Fusion network refines each instance’s appearance and local geometry by aggregating visual features
from all its visible viewpoints, ensuring a view-consistent representation. (¢) Scene-Level Instance Interaction: Finally, an Instance Interaction network
operates on a global scene graph to model the dependencies between all participants, enabling a final refinement to capture interaction-driven effects.

F; from each input image I;. Then, we perform a Point-
wise Feature Lifting operation, which projects the posed
Gaussian centers p? onto the image plane of view j to
sample corresponding features, as formulated below:

(&)

where II is the projection function and S is the bilinear
sampling function. Finally, this collection of visual features
is concatenated with the initial optimizable attributes to form
a rich and view-dependent feature representation:

{cz,a r SO}) (6)

Cross-View Fusion. The features {f}}_, constructed from
individual views are merely 1solated hypotheses The core
of our fusion process is to build a robust consensus by
allowing these features to communicate and mutually refine
one another. Specifically, for a Gaussian occluded in view j,
this mechanism aggregates complementary appearance and
geometric cues from visible context views p € V;. We
formulate this fusion as a single operation that transforms
the set of per-view features {de}N“‘ into a unified, view-

£ = S(F;, I(p) K;, W),

fiv,d Concat(fZ“;,

consistent feature representation fzused.
Neix
ffused _ 1 [ 1 fvd + fvd (7)
‘ B Nex Zi,; Lj P ’
=t \"" PEV: p#]

where ~ is a fusion factor, and Z; ; is a normalization term.
ffused gerves as a robust target for the subsequent decoding.
Fused Feature Decoding. The feature fi**d now encodes
robust, multi-view consistent information. The final step is to
decode this abstract representation into concrete updates for

the Gaussian attributes. To this end, an MLP-based decoder,
Wy, maps the fused feature to the final attribute updates:

(®)

The attributes of instance ¢ are residually updated, yielding
the new Gaussian set G} = {u?, ¢}, al,r} sl}.

(Ac;, A, Ar;, As;) = \I;V(fifused)_

C. Scene-Level Instance Interaction

The multi-view fusion stage yields a set of individually
refined and view-consistent instances, denoted as {G}}M,
However, these instances are modeled in isolation and thus
lack awareness of each other. As established in Sec. I,
another fundamental challenge in MHMO rendering is ex-
plicitly modeling the subtle yet crucial dependencies between
interacting entities. These dependencies are key to resolving
ambiguities at contact boundaries and capturing proximity-
based visual effects. To address this, our Scene-Level In-
stance Interaction module operates on a dynamically con-
structed scene graph. This final stage updates the instance
attributes from state G} to their final state G2.

Scene Graph Construction. To facilitate reasoning about
inter-instance relationships, we first construct a scene graph
G = (U,E) for each frame. The nodes U = {uq,...,un}
represent the M scene instances. Each node u; is represented
by the instance-level feature f{“sed produced by the previous
fusion stage. The edge set £ defines the connectivity based
on spatial proximity. For each instance i, we compute its
axis-aligned bounding box B; = [min(u?), max(u?)], which
is defined by the component-wise minimum and maximum
coordinates over the set of points. An undirected edge
(u;, up) is added to the edge set £ if and only if the bounding
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boxes of the two instances intersect, resulting in a graph that
connects all potentially interacting instances:

(ui,up) € E <= B;NB, #0. )

Interaction-Aware Feature Aggregation. With the scene
graph established, we employ a graph attention network
(GAT) [44] to propagate information between interacting in-
stances. The GAT takes the set of node features {fus*d} M ag
input and performs message passing along the graph edges.
The network adaptively weighs the influence of neighboring
instances via the attention mechanism, which learns to assign
higher importance to neighbors that are physically close in
contact, thereby explicitly encoding interaction dependen-
cies. This process transforms the initial node features into
a set of aggregated, interaction-aware features {£;**"} .

=1
(B3, = GATUE™}, G). (10)

To improve efficiency, the subsequent decoding is only
applied to a subset of actively interacting instances Upciive =
{u; € U | deg(u;) >= Tyee}, Where deg(u;) represents the
degree of i-th node, and 74, is a pre-defined threshold.
Gaussian Attribute Decoding. The aggregated feature f;**'
encapsulates the necessary contextual information to refine
the Gaussian attributes in a way that reflects the interac-
tion. Specifically, a final MLP-based decoder, ¥, takes the
interaction-aware feature f;**" and predicts a set of residual
updates for the optimizable attributes:

(Ap;, Aci, Aa) = U (£755). (11)

The final Gaussian attributes for instance ¢ are thus given
by gZZ = {“zzvczz’azzvrzlvszl}’ where /J’z2 = Au'(i) + Apy,
c? =c! + Ac;, and o? = o} + Aq;. Note that the position
update Ap; is applied to the initial posed centers p? (as they
were unaltered in the fusion stage), whereas the appearance

updates are applied to the already-refined c; and o).

D. Hierarchical Refinement Strategy and Loss Function

Our framework’s core design is a hierarchical strategy that
decouples the optimization of different Gaussian attributes
across stages. This staged refinement is key to resolving the
complex MHMO rendering problem.

The Per-Instance Multi-View Fusion stage establishes a
view-consistent representation for each instance in isolation
by refining its appearance (c,«) and local geometry (r,s)
attributes. The Gaussian centers (u) remain frozen during
this stage for two key reasons: first, to preserve the strong
geometric prior from the initial pose uY, and second, to
provide stable spatial anchors for the feature lifting process.

The Scene-Level Instance Interaction stage then ad-
dresses the relationships between instances. Here, we in-
troduce updates to the Gaussian centers (u) to resolve
physical ambiguities like contact and penetration, which is
only possible once contextual information from neighboring
instances is available. We also continue to refine appearance
attributes (c, ) to model effects like contact shadows. The
local geometry attributes (r!,s!) are kept fixed, preserving
the high-quality shape learned in the previous stage.

The entire framework is trained end-to-end by minimizing
a composite 10ss, Lrender, between the rendered image I;
(with final attributes G?) and the ground-truth image I;:

Lrender =M1 || I — Ij| |1 + Assm(1 — SSIM(I;, I;))
+ Avees Lopies (15, 1),

where the loss is a weighted combination of L1, SSIM [47],
and LPIPS [57] terms.

12)

V. EXPERIMENTS
A. Experimental Setup

Datasets. We conduct a comprehensive evaluation of our
method on two challenging datasets featuring complex multi-
human and object interactions. HOI-M? [56] is a large-
scale, high-quality dataset specifically designed for capturing
interactions involving multiple humans and multiple objects
in various indoor scenarios. Our evaluation focuses on rep-
resentative sequences from three diverse daily scenarios:
Livingroom, Fitnessroom, and Office. For these sequences,
we select four challenging sparse views (8, 12, 17, and 20)
for training our model, and evaluate the novel view synthesis
quality on the remaining unseen views. CORE4D-Real [30]
is a recent dataset focusing on collaborative object rear-
rangement, featuring two humans interacting with a certain
object. The dataset was captured using a motion capture
system and four allocentric cameras. Although its scenes are
slightly less complex than those in HOI-M?, it provides an
effective testbed for evaluating the generalization capabilities
of our method. We test our method on sequences from two
distinct interaction scenarios involving a bucket and a box. To
demonstrate our model’s robustness in these extremely sparse
settings, we train our model on three randomly selected views
and test on the held-out fourth view. We report the averaged
results across all four possible splits.

Implementation Details. Our framework is implemented in
PyTorch and trained on a single NVIDIA A100 GPU using
the Adam optimizer with a learning rate of 1 x 1073, Per-
Instance Multi-View Fusion. We use a lightweight CNN for
2D feature extraction. For the cross-view propagation, the
fusion factor ~y is set to 0.1. The subsequent MLP decoder
Uy (2 hidden layers, [128, 64], ReLU) maps the fused
features and initial Gaussian attributes to residual updates
and a 64-dim instance feature for the next stage. We use 4
context views for this fusion process. Scene-Level Instance
Interaction. Instance interactions are modeled by a 2-layer
GAT with a hidden dimension of 64, 4 attention heads, and
a dropout of 0.1. The pre-defined threshold 74, is set to 1.
A final MLP decoder, ¥, maps the aggregated 64-dim GAT
feature to a 7-dim modulation vector for updating the color
and opacity of the Gaussians.

Baselines. As our work is the first to tackle the comprehen-
sive MHMO rendering task, no direct prior methods exist for
comparison. Therefore, we establish two strong baselines by
extending state-of-the-art methods from related domains to
our setting, ensuring a fair comparison by providing them
with the same input data. NeuralHOIFVV-MM. Our first
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TABLE I
QUANTITATIVE COMPARISON FOR NOVEL VIEW SYNTHESIS ON THE HOI-M? DATASET. WE REPORT PSNR(1), SSIM(?), AND LPIPS(]) ON THREE
REPRESENTATIVE SCENES. WE USE RED AND YELLOW TO DENOTE THE BEST AND SECOND-BEST RESULTS.

Method Livingroom Fitnessroom Office
PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
NeuralHOIFVV-MM [55] 21.33 0.8704 0.1884 22.66 0.9148 0.1575 21.65 0.8876 0.1702
GTU-MM [21] 20.82 0.8527 0.2045 2191 0.9095 0.1683 21.71 0.8841 0.1734
Ours 22.47 0.8894 0.1722 23.24 0.9224 0.1504 22.89 0.9029 0.1633

Livingroom

Fithnessroom

Office

NeuralHOIFVV-MM

GTU-MM

Fig. 3. Qualitative comparison on the HOI-M? dataset. We highlight specific regions with colored dashed circles to illustrate the differences. Note that
our MM-GS generates significantly sharper details and more plausible contact regions. In contrast, the NeRF-based NeuralHOIFVV-MM tends to produce
overly smooth or blurry results, while the 3DGS-based GTU-MM suffers from floating artifacts and geometric inconsistencies.

baseline is an extension of NeuralHOIFVV [55], a NeRF-
based method for single human-object interaction rendering.
We adapt its layered representation to our multi-instance
setting by assigning an independent, pose-conditioned NeRF
to each human and object in the scene. All layers are then
rendered compositionally. GTU-MM. To provide a strong
comparison based on the same underlying 3D representation,
we adapt GTU [21], a SOTA 3DGS method for multi-
human reconstruction. The original method focuses solely
on humans. We extend its pipeline by introducing a parallel
branch for objects, where we initialize their Gaussians from
posed template meshes using the provided rigid transforma-
tions. The final scene, composed of all human and object
Gaussians, is then jointly optimized using the same training
objectives as the original method.

Metrics. To quantitatively evaluate the quality of rendered
novel view and novel pose images, we evaluate the rendering
quality using standard metrics: Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index Measure (SSIM) [47],
and Learned Perceptual Image Patch Similarity (LPIPS) [57].

B. Rendering Evaluation

We evaluate our MM-GS against the baselines on both
datasets, presenting quantitative metrics and qualitative vi-

TABLE II
GENERALIZATION PERFORMANCE ON THE CORE4D-REAL DATASET.
RESULTS ARE AVERAGED OVER TWO INTERACTION SCENARIOS.
NEU.-MM: NEURALHOIFVV-MM.

Method Bucket Box
PSNR  SSIM LPIPS PSNR SSIM LPIPS
Neu.-MM 19.43 09347 0.0602 18.78 0.9218 0.0629
GTU-MM  19.07 09281 0.0644 18.56 0.9231 0.0637
Ours 20.08 09387 0.0527 19.22 0.9302 0.0598

sual comparisons.

Quantitative Results. As shown in Table I, our MM-GS
consistently outperforms both baselines across all metrics
on the challenging HOI-M? dataset. Notably, our approach
achieves a significant improvement in PSNR and SSIM,
while also attaining the lowest (best) LPIPS scores. The
substantial margin over GTU-MM, which is also based
on 3DGS, underscores the effectiveness of our hierarchi-
cal refinement process. The NeRF-based NeuralHOIFV V-
MM tends to produce overly smooth results, and GTU-
MM, lacking our explicit fusion and interaction modules,
struggles to optimize the complex scenes, leading to lower
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TABLE III
ABLATION STUDY OF CORE COMPONENTS ON THE HOI-M?3 DATASET

(LIVINGROOM).
Method PSNRT  SSIM{ LPIPS| FPST  Training
MM-GS (Full) 22.47 0.8894 0.1722 160+  ~40min
w/o View Fusion 20.98 0.8566 0.1927 160+  ~32min
w/o Interaction 21.51 0.8621 0.1893 160+ ~36min
w/o Both 19.42 0.8140 0.2031 160+  ~30min

performance. Table II shows the generalization performance
on the CORE4D-Real dataset. Even in this extremely sparse
setting (training on only three views), our method continues
to achieve the best results in both interaction scenarios.
Qualitative Results. The qualitative comparisons in Fig. 3
visually corroborate our quantitative superiority and high-
light the specific advantages of our hierarchical design.
Our method consistently generates renderings with sharp
details, vibrant and consistent colors, and plausible contact
regions. In contrast, NeuralHOIFVV-MM, as a NeRF-based
approach, tends to produce overly smooth and blurry results,
failing to capture high-frequency textures and struggling
to define clear boundaries at human-object contact points.
GTU-MM, while also based on 3DGS, suffers from incon-
sistent and mixed colors on the rendered instances. Our
method avoids these issues by explicitly propagating rich
visual features from the actual input views and aggregating
multi-instance information, demonstrating that our proposed
fusion and interaction networks are crucial for reconstructing
high-fidelity MHMO scenes.

C. Ablation Study

To validate the effectiveness of our two core components,
the Per-Instance Multi-View Fusion stage and the Scene-
Level Instance Interaction stage, we conduct a comprehen-
sive ablation study on the HOI-M? dataset. We evaluate four
variants of our model: (1) our full MM-GS model; (2) our
model without the Scene-Level Instance Interaction stage
(denoted as ‘w/o Interaction‘); (3) our model without the
Per-Instance Multi-View Fusion stage (denoted as ‘w/o View
Fusion‘); and (4) a baseline version without both modules
(denoted as ‘w/o Both*).

Quantitative Analysis. The results of our ablation study are
presented in Table III. The baseline model without either
of our proposed modules performs the worst across all
rendering quality metrics. Our full model, which incorporates
both modules, achieves the best performance by a clear
margin, confirming the complementary nature of our two-
stage refinement process. Either introducing the Per-Instance
Multi-View Fusion or the Scene-Level Instance Interaction
module brings significant gains over the baseline. Regarding
computational efficiency, our full model maintains real-
time rendering capabilities at over 160 FPS, demonstrating
that our hierarchical design effectively balances high-fidelity
interaction modeling with computational performance.

Qualitative Analysis. The qualitative results in Fig. 4 pro-
vide visual evidence for the function of each module. The

+View Fusion+Interaction

w/o Both +View Fusion

Fig. 4. Qualitative results of our ablation study. Removing both modules
(w/o Both) leads to blurry results. Adding the View Fusion module (+
View Fusion) significantly improves sharpness. Further incorporating the
Interaction network (+ View Fusion + Interaction) resolves ambiguities at
contact regions, resulting in cleaner boundaries.

baseline rendering is noticeably blurry and lacks detail. After
incorporating the Per-Instance Multi-View Fusion module,
the sharpness and overall clarity of the rendering are signifi-
cantly improved However, ambiguities at contact points may
still exist, as seen in the magnified region where the person’s
shoe and the carpet appear intermingled. Finally, by adding
the Scene-Level Instance Interaction module, these contact
boundaries become sharp and well-defined, which highlights
its crucial role in reasoning about spatial relationships to
produce a physically plausible and coherent scene.

VI. CONCLUSION

In this paper, we introduced and tackled the novel and
challenging task of rendering complex Multi-Human Multi-
Object (MHMO) interactions from sparse view inputs. We
presented MM-GS, a novel hierarchical framework built
upon 3D Gaussian Splatting that addresses this problem
through a coarse-to-fine refinement strategy. Extensive ex-
periments demonstrate that our approach significantly out-
performs strong baselines adapted to this new task, achieving
high fidelity with plausible contacts, thereby supporting high-
quality digital twin creation for robotic simulation.
Limitations and Future Works. Our current scope focuses
on common interaction scenarios involving articulated hu-
mans and largely rigid objects. Extending our modeling to
more complex physical phenomena is a valuable avenue for
future research. Moreover, our pipeline relies on available
object poses and 2D masks, which pose a constraint on
immediate in-the-wild robotic deployment.
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