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Abstract. Reconstructing dynamic scenes with complex human—object
interactions is a fundamental challenge in computer vision and graphics.
Existing Gaussian Splatting methods either rely on human pose pri-
ors while neglecting dynamic objects, or approximate all motions within
a single field, limiting their ability to capture interaction-rich dynam-
ics. To address this gap, we propose Human-Object Interaction Gaussian
Splatting (HOIGS), which explicitly models interaction-induced deforma-
tion between humans and objects through a cross-attention-based HOI
module. Distinct deformation baselines are employed to extract features:
HexPlane for humans and Cubic Hermite Spline (CHS) for objects. By
integrating these heterogeneous features, HOIGS effectively captures in-
terdependent motions and improves deformation estimation in scenarios
involving occlusion, contact, and object manipulation. Comprehensive
experiments on multiple datasets demonstrate that our method con-
sistently outperforms state-of-the-art human-centric and 4D Gaussian
approaches, highlighting the importance of explicitly modeling human-
object interactions for high-fidelity reconstruction. Video results are pro-
vided in the supplementary material.
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1 Introduction
Reconstructing dynamic scenes in Human-Object Interactions (HOI) from
a monocular video is a fundamental challenge in computer vision and graphics.
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Ground Truth  Ground Truth ExAvatar Ex4DGS Ours Ours
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Fig. 1: 4DGS-based and human-centric models fail to render HOI scenes.

Achieving high-quality view synthesis and 4D reconstruction in these scenarios is
critical for downstream applications such as immersive virtual reality, metaverse
content creation, and 3D animation. However, accurately modeling the com-
plex spatial and temporal dependencies between humans and objects remains a
challenging task, particularly given the inherent ambiguity of monocular camera
inputs. Existing methods often struggle to jointly model the articulated motion
of humans with the rigid or semi-rigid dynamics of manipulated objects, leading
to reconstructions that lack physical plausibility.

Recent advancements in human-centric scene reconstruction [12,14,21,22,27,
31,36,42] have successfully combined parametric human models (e.g., SMPL [28])
with 3D Gaussian Splatting (3DGS) [20]. These methods typically operate by
defining a canonical space based on a reference T-pose, learning 3D Gaussian
attributes via feature planes or MLPs, and deforming them into the world space
using Linear Blend Skinning (LBS). While these approaches achieve impressive
results for the human body by leveraging strong pose priors, they inherently
neglect the objects being interacted with. Consequently, dynamic objects are
frequently treated as static background elements or simply omitted, resulting
in severe artifacts such as ghosting or floating geometry in the reconstructed
scene (Fig. 1). By failing to explicitly model the object as a separate dynamic
entity, these frameworks cannot capture the mutual influence that is essential
for realistic HOI synthesis.

Conversely, general dynamic scene reconstruction methods, often referred to
as 4D Gaussian Splatting [2, 18,23, 24,44, 50|, aim to represent all moving el-
ements within a scene. These methods typically employ implicit deformation
fields to map a canonical space to the world coordinate system or explicitly pa-
rameterize motion trajectories. However, by treating humans and objects as a
unified motion field without semantic distinction, they often fail to capture the
high-frequency details of human articulation and the specific rigid dynamics of
objects. Implicit deformation fields tend to over-smooth complex motions, mak-
ing it difficult to stably represent long-term non-linear trajectories. Furthermore,
without explicit interaction modeling, these methods struggle with scenarios in-
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volving close contact, occlusion, and manipulation, where the motion of the
object is tightly coupled to the human.

To bridge this gap, we propose Human-Object Interaction Gaussian Splatting
(HOIGS), a unified framework designed to reconstruct complex dynamic scenes
by explicitly modeling the mutual dependencies of human and object motions.
Unlike prior works that isolate humans or treat the scene as a unified field,
HOIGS disentangles the representation of humans and objects to apply special-
ized deformation strategies, while simultaneously coupling them through a novel
interaction mechanism.

To accurately model the complex interactions, we introduce entity-specific
deformation strategies that reflect the fundamentally distinct physical and kine-
matic properties of humans and objects. The human body has complex motion
driven by a skeletal structure, alongside local deformations near joints that are
well-captured by pose-conditioned priors. In contrast, manipulated objects are
predominantly rigid structures and follow continuous spatial trajectories. To re-
flect these differences, we adopt separate deformation models for humans and
objects.

For humans, we employ a HexPlane-based [4] deformation field grounded in
SMPL-X priors [34]. By utilizing temporally varying parameters alongside spa-
tial features, we capture fine-grained soft-tissue deformations while maintaining
temporal consistency. For objects, we propose a Cubic Hermite Spline (CHS)
motion model. This approach embeds velocity vectors from keyframe Gaussians
with learnable parameters to ensure continuous, smooth, and physically plausible
motion trajectories, preventing the temporal jitter often observed in frame-wise
deformation methods.

To effectively couple these representations, we link the human and object de-
formation models through an HOI-aware Cross-Attention Module. This module
captures the bidirectional dependencies between the human and the object at
each frame. By attending to the dynamic features of the human (derived from
the HexPlane) and the motion features of the object (derived from the CHS
embedding), the module learns to predict interaction-aware corrections. This
explicit interaction modeling significantly mitigates interaction artifacts, partic-
ularly recovering fine hand details in challenging scenarios (Fig. 1). In summary,
our main contributions are as follows:

— We propose HOIGS, a novel framework that effectively captures the distinct
physical properties of humans and objects through entity-aware representa-
tions: employing a HexPlane-based model for complex human articulations
and Cubic Hermite Splines (CHS) for smooth object trajectories.

— We introduce a Cross-Attention-based HOI Module that explicitly models
the mutual influence between the human and the object, enforcing consis-
tency during complex interactions.

— Extensive experiments on diverse datasets demonstrate that our method sig-
nificantly outperforms state-of-the-art human-centric and general 4D Gaus-
sian approaches in reconstructing dynamic interaction scenes from a monoc-
ular video.
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2 Related Work

2.1 3D Human Modeling

Research on realistic human modeling has been extensively studied in com-
puter vision. Early parametric models [19] enabled efficient estimation of human
pose but struggled to capture clothing and accessories. To address this limitation,
implicit function-based methods [16,38,39,46,47| were proposed to recover fine
details such as hair and clothing. However, these approaches often suffer from
limited global consistency and rendering efficiency. Furthermore, most methods
focus primarily on human geometry, paying little attention to human-object in-
teractions.

Following the emergence of Neural Radiance Fields (NeRF) [30], several
works have adapted this technique for human modeling [1, 11,17, 25, 35, 43],
achieving realistic appearances and view consistency. However, these NeRF-
based approaches still suffer from high training costs and slow rendering speeds.
While some attempts [8] have introduced objects into the reconstruction pipeline,
dynamic human-object interactions remain largely unexplored.

Recently, 3D Gaussian Splatting (3DGS) [20] has emerged as a powerful
representation and has been applied to human reconstruction [12,14, 22,27, 31].
However, most existing methods still treat objects as static. To address this gap,
we propose HOIGS, a model for stable human reconstruction in dynamic scenes
that explicitly captures human-object interactions.

2.2 Dynamic Scene Modeling

The field of dynamic scene rendering has evolved from NeRF-based ap-
proaches [10, 32, 33, 45| to more efficient 3D Gaussian Splatting frameworks.
HOSNeRF [26] effectively models human-object interactions by driving human
motion through skeleton-based models such as SMPL [28] and leveraging object
state embeddings. Nevertheless, the implicit representation inherent to NeRF
introduces significant computational overhead during training and rendering,
hindering the reconstruction of fine details in large-scale environments.

To address these efficiency bottlenecks, 4D Gaussian Splatting (4DGS) [44,
50] extends 3DGS to the temporal domain, achieving real-time rendering speeds.
However, these methods face fundamental challenges. First, they typically rely
on Structure-from-Motion (SfM) [40] for Gaussian initialization, which assumes
a static world and thus produces inaccurate point clouds for dynamic subjects.
Second, the MLP-based implicit deformation fields commonly used to model
motion are adequate for simple trajectories but tend to produce oversmoothed
or unnatural movements in complex human-object interaction scenarios.

To overcome these limitations, we propose an explicit, spline-based mo-
tion model that effectively captures detailed temporal dynamics. Our approach
achieves robust rendering in dynamic scenes involving human-object interactions
while maintaining computational efficiency.
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Fig. 2: Overview of the Proposed Framework. Given an input video sequence,
we first extract object-specific information to reconstruct the 3D object shape via a
diffusion prior. Based on the reconstructed shape, we initialize 3D Gaussians for each
keyframe and use a spline-based deformation as our baseline. Here, time-invariant and
time varying HexPlane features are employed for canonical human and interaction
modeling, respectively. The final deformation is driven by the HOI module, which
integrates HexPlane-derived human features with CHS-based object features to model
human-object interactions.

3 Method

As illustrated in Fig. 2, our framework reconstructs dynamic scenes by dis-
entangling the motion of humans and objects before unifying them through
interaction-aware refinements. We model the deformation of each entity inde-
pendently using distinct baselines tailored to their dynamic characteristics: a
Cubic Hermite Spline (CHS) for objects (Sec. 3.1) and a HexPlane-based [4] de-
formation field for humans (Sec. 3.2). To capture the mutual influence between
entities, we introduce a Cross-Attention HOI Module (Sec. 3.3). This module in-
gests motion features from both streams to regress interaction-aware geometric
corrections. Finally, the entire scene is optimized using an integrated objective
function (Sec. 3.4).

3.1 Object Deformation

Object Initialization. We initialize the object representation by segment-
ing the target region from a representative frame and generating a canonical
3D Gaussian point cloud via a diffusion prior [6] guided by Score Distillation
Sampling (SDS). While diffusion-based priors are capable of generating visually
plausible shapes, they often suffer from scale ambiguity, failing to recover the
precise scale of the actual scene geometry.
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Fig. 3: Spline-based Object Motion Modeling. To ensure temporally continuous and
physically plausible object trajectories, we parameterize the sequence of 3D Gaussians
using a Cubic Hermite Spline (CHS).

Since these canonical Gaussians lack physical scale and world alignment, we
explicitly transform them into the world coordinate system. To compute the
projected 3D Gaussian bounding box area (Af)roj), we project the 3D Gaussians
onto the 2D image plane using the camera parameters at frame t. We then
estimate a global scale factor S by averaging the scale ratio between the ground-
truth 2D mask bounding box area (A? ) and this projected area (A! ;) across

mask
T frames:

T
1 | At
S =_ E mask . (1)
thl A;roj

Next, we scale the canonical Gaussian means p,,, and shift them into camera
space using a translation vector vy, which is derived from the object’s masked
depth. The points are then transformed into world coordinates using the camera
rotation R; and translation t, extracted from COLMAP [40]:

roj)

l'l’zvorld = Rt_1 ((S *Hcan + Vt) - tt) (2)

Finally, we initialize our deformation model using these world-aligned Gaus-
sian means pf 1, and their corresponding colors, setting the remaining Gaussian
attributes (rotation, scale, and opacity) to default identity values.

Spline-based Motion Modeling. To represent continuous and smooth object
motion, we model the centroids of the object Gaussians using a Cubic Hermite
Spline (CHS) (Fig. 3). Unlike standard discrete interpolation, CHS ensures con-
tinuity in both position and velocity, preventing abrupt jumps in the object
trajectory. We define the position of an object Gaussian at time ¢, denoted as
M(t), as:

M(t) = CHS(¢t,m), (3)

where m = {my | my € R3}k€[0’Nkcy,1] is a learnable set of control points
representing the mean positions at each keyframe, and Ny, is the number of
keyframes. The spline function is formulated as:

CHS(t,m) = (2t2 — 3t2 + D)myy | + (£2 — 2t + t,)74.
+ (=262 + 3t2)myp, 11 + (82 — )T 41

(4)
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where t, =ts — [ts], ts = tn(Ngey — 1), t = ﬁ, and Ny denotes the number
of all frames. m|;_| denotes the mean of the 3D Gaussians corresponding to the
|ts]-th key frame. We set the keyframe interval step to 4 frames during training.

Crucially, rather than approximating the tangent vector 7 using the finite
difference of surrounding keyframes (e.g., 7 ~ 1 (mg41 —mk—_1)), we reinterpret
T as an explicit velocity vector and optimize it as a learnable parameter. This
allows the model to capture complex dynamic behaviors that are not strictly
inferred from positional changes alone. During training, gradients are backprop-
agated from the rendered intermediate frames to optimize both the keyframe
positions m and velocities 7.

Regarding appearance and geometry, the rotation is modeled via Spheri-
cal Linear Interpolation (SLERP) of keyframe rotations, and opacity is time-
dependent to handle occlusions. The scale parameter remains constant across
keyframes to preserve object rigidity.

3.2 Human Deformation

We adopt a HexPlane-based representation to model human deformation,
leveraging its ability to encode spatiotemporal features efficiently. We utilize
time-invariant spatial features f from the HexPlane to encode the texture of a
canonical T-pose mesh T,. These features are processed by an MLP head 1, to
predict Gaussian attributes in the canonical space:

¢h(f(Tc)) = (Ca 0, AP, R, S, W)a (5)

where the output tuple represents color, opacity, position offset, rotation, scale,
and skinning weights, respectively. To deform this canonical representation into
the posed world space, we apply Linear Blend Skinning (LBS):

Ghuman =a- LBS(P('a 03 W)a (6)

where 6 represents the SMPL-X pose parameters [34] and « is a learnable scale
factor. To ensure geometric fidelity, we enforce a depth supervision loss Lgeptn, =
|Drender — D||1, where D is obtained from an off-the-shelf depth estimator [5],
scaled via COLMAP [40] points.

3.3 Cross-Attention Interaction Module

Feature Extraction. We extract time-varying features from both humans
and objects to learn their interactions. For humans, instead of relying on time-
invariant texture features from the canonical space, we utilize time-varying fea-
tures from HexPlane. Furthermore, since it is not possible to know in advance
which body parts are involved in object interactions, we divide the human body
into 16 parts and extract HexPlane features for each part. The human feature
set is represented as

1

Fryman = {fp(t) |p: 1,...,16}, fp(t) = m

Z ¢(xiayi7ziat)7 (7)

i€V,
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Fig.4: Cross-Attention-based HOI Module. The proposed architecture estimates
human-object interactions using human body part features and per-Gaussian object
representations.

where V), denotes the set of vertices in part p, and ¢ queries the HexPlane feature
at time ¢. Each part feature f,(¢) € R%, and the human feature set comprises
16 tokens, yielding a 16 x 96 representation corresponding to SMPL-X semantic
parts (e.g., head, torso, arms, legs, and left /right hands).

For objects, we build features from each keyframe’s velocity 7, = (vg, vy, v;) €
R? and a learnable embedding e, € R??, which are concatenated and interpo-
lated by CHS to yield continuous motion features. These are combined with
the time value ¢t € R and projected through a shallow MLP. Each object fea-
ture f,(t) € R32, and the entire object feature set comprises Nob; such tokens,
yielding an Ngp,; x 32 representation:

Fobject = {fo(t) |o=1,...,Nop;}, folt) = MLP([T(t); e(t);t]). (8)

Interaction Module. The proposed interaction module (HOI module) takes
time-varying features of the human and the object as inputs and explicitly
models their interactions (Fig. 4). We linearly project both features into 32-
dimensional queries, keys, and values for mutual attention:

Qh7 Kha Vh = FHumanW}?v FHumanWhK» FHumanW]Y' (9)

QoaKm V:) = FObjectWoQa FObjectWoK> FObjectWy- (10)

Cross-attention is then performed in both directions, from human to object and
from object to human, while incorporating a distance mask B into the attention
computation:

Fiuman = softmax(Q”i\g"T + B) Vi, FObject = softmax(Q"i\ZhTr + BT) V5.
(11)
The distance mask B filters out distant objects based on their 3D spatial
proximity to the human. Specifically, for each object, we compute the Euclidean

distance between the object’s Gaussian center ¢¥°''4 and the human pelvis po-

obj
sition p‘I’Jngvlfi in world coordinates. B;; encodes the relative distance between the

i-th human token and the j-th object token:
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: 1d 1d
B, = {—oo i ey = pperiall 2 dun 12

0 otherwise

where dy, is set to the human arm length (derived from the SMPL-X model).
When B;; = —o0, the corresponding object tokens are masked out during atten-
tion, effectively excluding non-interacting background objects.

The resulting interaction-aware features Fyy,,,,,, and F .., are used to pa-
rameterize residual corrections to the human and object. We regress SMPL-X
pose refinements A0 = (Abpoqy, Abinand, Abrhand) from Ffp,.., where Abpoqy €
R21X3 . Afipana € RY%*3, and Ab,pana € R¥*3, and object Gaussian mean offsets
AGobiect € R? from Fépject- These residuals are added to the HexPlane+LBS
human and the CHS object to produce interaction-consistent trajectories.

Ab = MLPhum(FI/{uman)a girel = ¢ + A, AGObjeCt = MLPObj (Fé)bject)'
(13)
Using the refined pose and object offsets, the final Gaussians for both the
human and the object are obtained as follows:

Gﬁnal —a- LBS(PC, 9ﬁna17 W), Gﬁnal (t) + AGobject- (14)

human object —

3.4 Optimization

We employ an integrated optimization strategy that jointly refines the human
deformation field, object motion splines, and static background representation.
The comprehensive objective function balances these components alongside the
depth supervision loss:

L= £h1unan + Eobject + ‘Cscene + Edepth (15)

Human Loss. Following Moon et al. [31], we supervise the rendered human
avatar using photometric losses on the cropped human region. We minimize the
L1 distance, D-SSIM, and LPIPS [52] between the rendered image Thuman and
the ground-truth image Ig;. The human loss incorporates this combined image
loss Limg, a mesh-based facial consistency term L.ce, and a Laplacian regularizer
L,cg for body shape stability:

Ehuman = Eimg + ‘Cface + Lreg (16)

Object and Scene Losses. We isolate the dynamic object and static back-
ground using pre-trained segmentation masks. To effectively mitigate rendering
inconsistencies at complex occlusion boundaries, we compute L1 and D-SSIM
photometric errors exclusively on their respective regions:

Lobiect = L£1(Igts Tobj) + Lp-ssiv (gt Tob;) (17)

Escene = £1 (Ig‘m frender) + ‘CD—SSIM (Igta frender) (18)
Please refer to the supplementary material for more detailed definitions and
configurations of the loss functions.
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Table 1: Per-scene quantitative evaluation on the HOSNeRF [26] dataset against
baselines of our method. We color code each cell as best and second best.

Methods Backpack Tennis Suitcase Playground Dance Lounge
PSNR1 LPIPS||PSNRt LPIPS||PSNR1 LPIPS||PSNR1 LPIPS||/PSNRt LPIPS||PSNR1T LPIPS|

K-Planes [10| 19.05 0.557 | 19.31 0.536 | 18.64 0.602 | 17.92 0.635 | 18.17 0.623 | 24.21 0.453
D?NeRF [45] 20.52  0.608 | 23.97 0.540 | 20.99 0.645 | 21.23 0.616 | 19.92 0.647 | 27.13  0.509
Nerfies [32] 19.56  0.559 | 22.12 0.443 | 19.01 0.555 | 21.14 0.533 | 19.37 0.524 | 25.90 0.342
HyperNeRF [33] 19.62 0.587 | 21.26 0.510 | 19.41 0.607 | 21.67 0.578 | 19.30 0.601 | 27.25 0.332
NeuMan [17] 21.21 0478 | 23.17 0.442 | 20.84 0.551 | 21.46 0.551 | 21.19 0.490 | 28.40 0.341
4DGS [44] 24.49 0.192 | 26.57 0.162 | 17.98 0.460 | 24.34 0.222 | 21.34 0.212 | 30.50 0.067
D3DGS [51] 24.06 0.099 | 25.09 0.125 | 17.85 0.453 | 23.93 0.141 | 21.07 0.117 | 26.90 0.072
E-D3DGS [2] 24.78 0.146 | 26.53 0.161 | 18.05 0.461 | 24.37 0.206 | 23.87 0.159 | 30.04 0.086
Ex4DGS [23] 18.07 0.433 | 17.90 0.399 | 15.25 0.557 | 16.36 0.535 | 17.08 0.529 | 23.15 0.310
ExAvatar [31] 24.15 0.107 | 23.57 0.160 | 20.32 0.260 | 25.30 0.129 23.32 0.170 | 29.43 0.048
HOSNeRF [26] 22,56 0.243 | 24.15 0.320 | 21.74 0.382 | 22.67 0.336 ‘ 22.63 0.248 | 27.74 0.227
HOIGS (Ours) 25.78 0.082 | 27.12 0.108 | 22.09 0.246 | 25.23 0.103 24.17 0.098 | 30.97 0.048

Table 2: Per-scene quantitative evaluation on the BEHAVE [3] dataset against base-
lines.

Seone 4DGS [44] E-D3DGS [2] ExAvatar [31] HOIGS (Ours)
PSNRT LPIPS| | PSNRt LPIPS| | PSNRt LPIPS, | PSNRf  LPIPS|
Backpack 1 21.81 0.076 19.99 0.086 27.86 0.041 31.79 0.031
Plasticcontainer 1 22.92 0.072 20.15 0.086 29.96 0.042 33.10 0.032
Plasticcontainer 2 26.37 0.081 24.75 0.078 30.11 0.038 32.39 0.034
Suitcase_2 26.66 0.071 25.85 0.058 30.86 0.032 34.58 0.028
Backpack 3 24.59 0.085 23.72 0.074 26.47 0.054 30.17 0.044
Plasticcontainer 3 24.60 0.087 23.81 0.070 26.71 0.056 29.38 0.046
Backpack 6 23.43 0.090 22.07 0.079 25.78 0.038 29.05 0.030
Trashbin_6 26.07 0.082 25.56 0.062 29.81 0.029 31.62 0.023
Average 24.56 0.082 22.99 0.079 28.47 0.041 31.51 0.034

4 Experiments

4.1 Datasets

For both datasets, following HOSNeRF [26], we uniformly select 16 frames
per sequence for testing and utilize the remainder for training.
HOSNeRF. A monocular dynamic-scene dataset capturing human—object in-
teractions across 6 indoor/outdoor locations with 6 subjects. Each sequence
contains 300-400 frames.
BEHAVE [3]. Adapted from multi-view RGB-D to a monocular setting using a
single fixed camera. We curate 8 sequences (labeled Object Subject) comprising
300 uniformly sampled frames each, covering 4 indoor environments, 4 subjects,
and 4 objects.
ARCTIC [9]. A hand—object interaction dataset, enabling comparisons with
hand-object baselines. Because HOIGS is human-centric, we solely evaluate se-
quences where the full body is visible, utilizing sequences of 1 subject interacting
with 4 objects (=600 frames/sequence).

4.2 Comparison with State-of-the-Art

Tabs. 1, 2, and 3 show that HOIGS consistently achieves the highest PSNR
and lowest LPIPS across the HOSNeRF, BEHAVE, and ARCTIC datasets. By
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(a) Qualitative rendered results on the HOSNeRF dataset.
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(b) Qualitative rendered results on the BEHAVE dataset.

Fig.5: Qualitative comparison of reconstructed rendered views. We compare our
method (HOIGS) against state-of-the-art baselines on both the HOSNeRF [26] and
BEHAVE (3] datasets. We display the full-frame (top) rendering and a zoom-in (bot-
tom) of the red Region of Interest (ROI).
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Ground Truth Ours HOLD (8] E-D3DGS [2] 4DGS [44]

Fig. 6: Qualitative comparison of reconstructed rendered view results on the ARCTIC
[9] dataset.

Table 3: Per-scene quantitative evaluation on the ARCTIC [9] dataset against base-
lines of our method.

Methods ‘ Capsulemachine Mixer Espressomachine Box
PSNR? LPIPS| PSNRT  LPIPS| PSNRtT  LPIPS| PSNR?T LPIPS|
4ADGS [44] 26.15 0.124 23.21 0.166 21.80 0.196 22.22 0.182
E-D3DGS [2| 25.10 0.089 22.14 0.139 19.50 0.227 20.60 0.153
HOLD (8] ‘ 25.52 0.522 23.35 0.540 23.52 0.547 24.72 0.494
HOIGS (Ours) 27.05 0.069 24.59 0.095 25.29 0.079 23.50 0.124

successfully disentangling and jointly modeling entities, our method effectively
reconstructs complex human—object interactions from single-view inputs, sur-
passing prior 3D Gaussian dynamic scene models and human avatars. Further-
more, on the ARCTIC dataset, HOIGS outperforms the hand-object baseline
HOLD [8]. While HOLD focuses exclusively on hand reconstruction, our model
reconstructs the complex full-body while simultaneously capturing dynamic ob-
ject interactions.

Figs. 5a and 5b demonstrate that our method produces photorealistic novel
views without the severe artifacts present in baseline approaches. On the HOS-
NeRF dataset (Fig. 5a), dynamic-scene models (D3DGS [51], Ex4DGS [23])
suffer from ghosting artifacts because they fail to disentangle human and ob-
ject motions during complex interactions. ExAvatar [31] reconstructs the human
body but completely fails to render dynamic objects. On the BEHAVE dataset
(Fig. 5b), ExAvatar exhibits body—background overlap due to human misalign-
ment in world space, whereas our depth-based alignment ensures accurate spatial
placement. On the ARCTIC dataset (Fig. 6), HOLD shows limited performance
in full-body interactions by solely rendering hands, whereas HOIGS successfully
reconstructs the entire human body alongside the interacting objects.
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Ground Truth Ground Truth Ours
(Cropped)
Fig.7: More qualitative comparison between ground truth and our HOIGS on the
HOSNeRF [26] dataset.

Ground Truth Ours ExAvatar E-D3DGS  4DGS
31] 2] [44]
Fig.8: 4DGS-based and human-centric models fail to render HOI scenes on the
BEHAVE (3] dataset.

Fig. 7 shows close-ups of the interaction regions. Despite the severe occlusion
and low resolution of these cropped areas, HOIGS maintains high visual fidelity,
yielding sharp reconstructions that closely match the ground truth.

Fig. 8 illustrates that both 4DGS and E-D3DGS completely fail to recon-
struct the HOI scene. The human pose-based deformation model, ExAvatar [31],
fails to render the interacting object altogether. Additionally, due to inaccurate
alignment in world space, ExAvatar suffers from occlusion by background Gaus-
sians. In contrast, our model directly and accurately represents these complex
human-object interactions.
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Table 4: Ablation study for the effec- Table 5: Ablation study for the effective-
tiveness of our model components on the ness of our interaction components on the
HOSNEeRF [26] test set. The best re- HOSNeRF [26] test set. The best re-

sults are highlighted. sults are highlighted.
Settings PSNRT LPIPS| Settings PSNRT LPIPS|
w/o CHS deformation 2452 0.154 w/o Human feature 25.67  0.119
(using MLP) B : w/o HOI module 25.24  0.128
Baseline deformation 25.01  0.130 HOIGS (Ours) 25.89 0.114
HOIGS (Ours) 25.89 0.114

4.3 Ablation Study

We conduct ablation studies to validate the effectiveness of our proposed
components. As shown in Tab. 4, modeling object deformation with a simple
MLP yields the lowest performance, whereas our CHS-based baseline deforma-
tion improves the PSNR by 0.5, demonstrating its effectiveness. Furthermore,
Tab. 5 shows that removing the HOI module and relying solely on velocity results
in an approximately 0.65 drop in PSNR compared to the full model, confirming
the necessity of explicitly modeling human-object interactions. Finally, replacing
the time-varying HexPlane features with simple parameter embeddings for the
human features leads to a 0.2 decrease in PSNR, highlighting the advantage of
our feature design.

5 Conclusion

We present HOIGS, a novel framework for high-fidelity monocular recon-
struction of dynamic human—object interactions (HOI). By disentangling human
and object motion representations, we employ a hybrid deformation strategy:
HexPlane-based [4] deformation for detailed human articulation and Cubic Her-
mite Splines (CHS) for smooth, physically plausible object trajectories. Our
interaction-aware HOI module couples these representations via cross-attention,
capturing subtle bidirectional influences often missed in prior work. Experiments
on HOSNeRF, BEHAVE, and ARCTIC [3,9,26] demonstrate that HOIGS sig-
nificantly outperforms state-of-the-art human-centric and 4D Gaussian methods
in visual quality and temporal consistency.

Limitations. First, we enforce object rigidity by fixing scale parameters to sta-
bilize CHS optimization, which limits performance on highly deformable objects
(e.g., soft tissues, and fabrics) that undergo large topological changes or com-
pression. Second, reliance on off-the-shelf diffusion models [41] for initial object
geometry and pre-computed SMPL-X parameters [34] makes the pipeline vul-
nerable to initialization errors, particularly under severe occlusion.

Future Work. To better handle deformability, we plan to integrate physics-
based priors (e.g., collision handling and soft-body dynamics) into the 3D Gaus-
sian Splatting optimization. To reduce dependence on fixed preprocessing, we
aim to develop a fully end-to-end pipeline that jointly refines human pose esti-
mation and object initialization.
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SUPPLEMENTARY MATERIAL for

HOIGS: Human-Object Interaction
Gaussian Splatting
from Monocular Videos

Overview. This supplementary material provides additional experiments, in-
depth discussions, and further technical details omitted from the main manuscript
due to space constraints. The contents are organized as follows:

Section. A: Geometry Evaluation of Interaction

— Section. B: Sensitivity Analysis on External Modules

— Section. C: Computational Complexity and Runtime Analysis
— Section. D: Additional Ablation Studies

— Section. E: Feature Extraction

— Section. F: Objective Function Details

A Geometry Evaluation of Interaction.

Motivation and Evaluation Protocol. Rendering metrics alone are in-
sufficient to fully validate the geometric fidelity of human-object interactions.
To comprehensively evaluate the geometric accuracy in hand-object interaction
scenarios, we conducted additional evaluations on three challenging ARCTIC [9]
sequences (espressomachine_grab 01, mizer grab 01, box grab 01) that in-
volve complex interactions.

While the ARCTIC sequences lack official 3D ground-truth annotations, we
evaluate the geometric proximity between the reconstructed hand and object
point clouds, which serves as a robust proxy for contact quality and interaction
plausibility. In hand-object interaction (HOI) tasks, the fidelity of physical con-
tact is a core objective. Therefore, measuring the inter-surface distance directly
reflects how well the method resolves the interaction, making it a highly meaning-
ful metric even in the absence of absolute ground truth. For a fair comparison,
we evaluated both our method (HOIGS) and the baseline (HOLD [8]) under
identical conditions, using the same input sequences and metric definitions.
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Chamfer Distance (CD). To accurately measure contact quality, we com-
pute the bidirectional Chamfer Distance between the object point cloud (O)
and the interacting hand point cloud (H € {Hp, Hg}). To precisely capture the
interaction, we calculate the distance for both the left and right hands indepen-
dently and select the minimum value, representing the hand actively engaging
with the object. The distance between a single hand H and the object O is
defined using the squared Ly norm to penalize large deviations:

11 _ s 1 . )
dCD(OvH) - ) <|O OEZOhmEIII}I HO h||2 + ‘H| hEZH{)Igg”h 0”2) (19)

O Dbt = min (dep(O,Hy),dep (O, Hg)) (20)

Table A: Geometric evaluation on the ARCTIC [9] dataset. Our method (HOIGS)
demonstrates significantly lower distance metrics compared to the baseline, indicating
closer, more physically plausible hand-object contact. Results are averaged over all
sequences.

Metric HOLD (8] HOIGS (Ours)
CDP*t |m?| | 1.5035 0.1337

As shown in Table A, our method significantly outperforms the baseline.
HOIGS achieves a substantial improvement in Chamfer Distance compared to
HOLD, demonstrating its superior ability to model physical hand-object inter-
actions with significantly higher geometric accuracy.

B Sensitivity Analysis on External Modules

Robustness to External Priors. To evaluate the impact of different ex-
ternal priors, we conducted a sensitivity analysis on the HOSNeRF dataset [26]
by evaluating our framework with various combinations of segmentation (e.g.,
Samurai [48], SAMv2 [37], MaskRCNN [29], TrackAnything [49]) and depth es-
timation (e.g., Video Depth Anything [5], MetricV2 [13]|, DepthCrafter [15])
models.

As shown in Table B, HOIGS maintains highly consistent performance (Avg
PSNR 25.44-26.1) across different modern priors, demonstrating that our method
is robust to variations in preprocessing quality. Notably, even when employing
the standard, older baseline of MaskRCNN combined with MetricV2, our model
achieves an average PSNR of 25.44. This performance remains significantly
higher than the state-of-the-art human-centric baseline, ExAvatar [31](Avg PSNR
24.35), and the 4DGS baseline, Ex4DGS [23] (Avg PSNR 17.97).
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Table B: Sensitivity analysis of HOIGS on the HOSNeRF [26] dataset using different
combinations of segmentation and depth estimation priors. The results demonstrate the
robustness of our method, with consistent performance across various modern priors
and strong performance even with older baselines (MaskRCNN [29]).

Tennis
PSNRT LPIPS|
2712 0.108
2718  0.106

Backpack
PSNRT LPIPS)
25.78 0082
2585 0.080

Suitcase
PSNRT LPIPS)
2200  0.246

Playground
PSNRT LPIPS)
25.23  0.103

Dance
PSNRT LPIPS)
2417 0.098

—— Lounge
Method Combinations PSNRt LPIPS|

30.97  0.048

Average
PSNRT LPIPS)
2580 0114

Samurai [48] + MetricV2 [13]
Samurai [48] + Video Depth Anything [5]

22.15 0.241 25.28  0.102 2422 0.096 31.05  0.046 25.96  0.112
Samurai [48] + DepthCrafter [15] 25.72  0.088 27.08  0.108 22.06  0.249 25.20  0.109 24.08  0.099 30.93  0.048 25.85  0.117
TrackAnything [49] + MetricV2 [13] 25.72  0.086 27.05  0.109 22.03  0.246 25.18  0.106 24.15  0.100 30.93  0.052 25.84 0.116
SAMv2 [37] + Video Depth Anything [5] | 26.01 0.076 27.38 0.103 22.33 0.241 25.47 0.100 24.42 0.095 31.20 0.041 26.14 0.109
MaskRCNN [29] + MetricV2 [13] 25.33 0.099 26.67 0.125 21.66 0.257 24.78 0.117 23.69 0.110 30.52 0.065 25.44 0.129

Table C: Runtime performance comparison on the HOSNeRF [26] dataset. We report
the approximate training time per scene and the inference speed in Frames Per Second
(FPS). Our method maintains real-time performance (>30 FPS) despite the added
complexity of interaction modeling.

Methods Training Time | Inference Speed (FPS)
IDGS [44] 40 min 61.04
Ex4DGS [23] 2 hr 30 min 46.38
D3DGS [51] 3 hr 37.79
E-D3DGS [2] 2 hr 54.71
HOIGS (Ours) 5 hr 44.27

C Computational Complexity and Runtime Analysis

Runtime Performance. We evaluate the computational efficiency of our
method on the HOSNeRF dataset using a single NVIDIA H100 GPU. As shown
in Table C, our method achieves an inference speed of 44.27 FPS. While
this is slightly lower than 4DGS [44] (61.04 FPS), it remains comparable to
Ex4DGS [23] (46.38 FPS) and outperforms D3DGS [51] (37.79 FPS). This re-
sult confirms that the inclusion of the HOI attention mechanism does not create
a significant bottleneck, allowing our method to comfortably support real-time
applications.

Complexity Analysis. The efficiency of our HOI module stems from the
token-based architectural design. The cross-attention is computed between M
human part tokens (where M = 16 is fixed) and N object Gaussian tokens.
Unlike standard self-attention which scales quadratically (O(N?)), our cross-
attention scales linearly (O(M - N)) with respect to the number of object Gaus-
sians. Furthermore, we utilize compact 33-dimensional embeddings for object
motion features, which minimizes the memory footprint and matrix multiplica-
tion overhead during the forward pass.

Discussion on Training Time. While our training time (~5 hours) is
longer than the baselines, this is a deliberate trade-off to prioritize physical
plausibility and interaction accuracy. Explicitly modeling mutual dependencies
and backpropagating gradients through the attention mechanism requires more
iterations. However, this cost is strictly confined to the offline training phase,
ensuring that the final online user experience remains real-time.
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Table D: Quantitative ablation study on Object Priors using the HOSNeRF [26]
dataset. We evaluate the effectiveness of our Diffusion Prior against MASt3R [7] and
Depth Reconstruction priors.

Methods Backpack Tennis Suitcase Playground Dance Lounge Average
PSNRt LPIPS||PSNRt LPIPS||PSNRt LPIPS||PSNRt LPIPS||PSNRt LPIPS||PSNRt LPIPS||PSNRt LPIPS|
MASt3R Prior 2351 0.135 | 25.25 0.121 | 22.40 0.197 | 24.65 0.074 | 23.63 0.115 | 28.99 0.057 | 24.59 0.128
Depth Recon Prior 21.63 0.142 | 25.65 0.122 | 22.13 0.230 | 25.24 0.103 | 24.08 0.123 | 28.95 0.095 | 25.36  0.136
Diffusion Prior (Ours)| 23.70 0.082 | 27.13 0.112 | 22.96 0.235 | 25.63 0.123 | 24.17 0.093 | 29.97 0.043 | 25.89 0.114

D Additional Ablation Studies

Impact of Object Diffusion Prior. To validate the effectiveness of our
design choice, we investigate the impact of different geometric priors on the
final reconstruction quality. We compare our method, which utilizes a generative
Diffusion Prior, against two alternative initialization strategies:

1. MASt3R Prior: Initialization using MASt3R [7], a state-of-the-art dense
matching and reconstruction model.

2. Depth Reconstruction Prior: Initialization using standard monocular
metric depth estimation.

Table D presents the quantitative comparison on the HOSNeRF dataset.
Our method equipped with the Diffusion Prior achieves the highest average
reconstruction quality (25.89 PSNR), outperforming the MASt3R prior (24.59
PSNR) and the Depth prior (25.36 PSNR). While discriminative approaches
like MASt3R or metric depth estimation rely heavily on visible cues, they often
struggle to reconstruct accurate geometry in the presence of heavy occlusions,
a common occurrence in human-object interaction scenarios (e.g., hands cover-
ing objects). In contrast, the Diffusion Prior leverages generative knowledge to
plausibly complete 3D geometry even in occluded or unseen regions. This holistic
geometric initialization provides a more robust starting point for our Cubic Her-
mite Spline (CHS) deformation, leading to sharper rendering and more stable
tracking throughout the dynamic sequence.

E Feature Extraction

Object Feature. As shown in Fig. A(a), we extract object features by lever-
aging the velocity vectors and embedding parameters of Gaussians at keyframes.
As illustrated in Fig. A(b), each keyframe’s velocity vector, denoted as 7, =
(Vg vy, v5) € R3, is applied to the Cubic Hermite Spline (CHS) and jointly op-
timized alongside the baseline deformation to serve as input features for the
HOI module. Furthermore, we introduce a 29-dimensional learnable embedding
er € R? for each keyframe Gaussian, which is concatenated with the velocity
vector.

To yield continuous motion features, these concatenated vectors are interpo-
lated through the CHS. The interpolated Gaussian features are then combined
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Fig. A: Object feature extraction. Extraction of object motion features using the
embedded parameters and velocity vectors of each key frame.

with the temporal variable ¢ € R and projected through a shallow Multi-Layer
Perceptron (MLP). This process results in a 33-dimensional feature vector for
each object token f,(t) € R33. The entire object feature set comprises Nobj
such tokens, yielding a comprehensive N,p,; X 33 representation. This extraction
process is formally defined as:

Fobject = {fo(t) [o=1,...,Nopj}, [folt) = MLP([T(t);e(t);t]). (21)

Human Feature. To construct the human representation, we utilize time-
varying features directly from the HexPlane [4] rather than relying on time-
invariant texture features from the canonical space. Because it is not possible to
know in advance which specific body parts will be involved in object interactions,
we divide the SMPL-X [34] model into 16 distinct semantic parts and extract
corresponding HexPlane features for each.

Temporal features are sampled from the HexPlane at the SMPL-X vertices,
where each feature at time t is obtained based on the dynamic coordinates
(4, Y5, 2;). For each body part, the features of its associated vertices are av-
eraged to form the part-specific representation. The resulting human feature set
is represented as:

FHuman = {fp(t) | b= ]-7 B 16}3 fp(t) = i Z ¢(xiayivziat)v (22)

IVl i€V

Here, V), denotes the specific set of vertices belonging to part p, and ¢ is
the function querying the HexPlane feature at time ¢. Each resulting part fea-
ture f,(t) resides in R%. Consequently, the human feature set comprises 16 to-
kens, yielding a 16 x 96 tokenized representation that corresponds to meaningful
SMPL-X semantic regions (e.g., head, torso, arms, legs, and left /right hands).
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F Objective Function Details

We employ an integrated optimization strategy that jointly refines the human
deformation field, object motion splines, and static background representation.
To ensure consistent interaction modeling, the entire scene is optimized simul-
taneously using a unified objective function. The total loss £ is defined as:

L= Ahumﬁhuman + )\obj »Cobject + )\scene»cscene + Adepthﬁdepth (23)

The weights Aphum, Aobj, Ascene, and Adepth control the relative importance of
each term and are empirically set to 0.5, 1.0, 0.25, and 1.0, respectively.

Human Loss. Following Moon et al. [31], we supervise the rendered human
avatar to ensure high-fidelity appearance and structural stability. Diverging from
relying solely on skeletal joint errors, our human loss formulation focuses on
photometric accuracy, facial detail preservation, and topological consistency. The
total human loss, Ljymaen, comprises three primary components: a combined
photometric image loss (Limg), a mesh-based facial consistency term (L yqce),
and a Laplacian regularizer (Lyeq).

Specifically, the photometric image loss, L4, is computed exclusively on the
cropped human region to isolate the subject’s appearance from the background.
This term is designed to minimize the visual discrepancies between the rendered
human image Thuman and the corresponding ground-truth image I;; by concur-
rently evaluating the L; distance, D-SSIM, and LPIPS [52] metrics. To further
maintain geometric and textural coherence in highly expressive areas, Lfqce is
applied to explicitly enforce mesh-based facial consistency. Finally, the Lapla-
cian regularizer, L,¢q, is applied to the underlying mesh to prevent degenerate
deformations and enforce global body shape stability during the optimization
process. Formally, the comprehensive human loss is formulated as:

Eimg = El (fh,1Lm,ana Igt) + ED—SSIM (fhuman; Igt) + ELPIPS (jhumany Igt) (24)

['human = £img + ['face + £7'eg (25)

Object Loss. The Lopject term is a photometric loss that focuses exclu-
sively on the object regions within the scene. We render only the segmented
object areas and compute the loss solely on these regions. A pre-trained object
segmentation model is employed to isolate object masks in the input images.
The object loss encourages accurate reconstruction and appearance consistency
for moving objects, which often undergo significant deformation and motion. By
supervising only the object regions, this loss helps to refine the geometry and
texture of the object-specific Gaussians without being influenced by background
or human-related elements. The object loss is defined as:

Lobject = 0.8 L1(Igt, Lob;) + 0.2 Lp_ssi (Iet, Lonj) (26)
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Scene Loss. The Lgcene term is a photometric loss focusing on the back-
ground regions of the entire scene, following the image similarity-based loss
used in existing 3D Gaussian Splatting [20] (3DGS) methods. Specifically, a
pre-trained human/object segmentation model is employed to mask out human
and object regions in the images, optimizing the background Gaussians for the
remaining pixels only. This involves minimizing the difference between the ren-
dered result and the background pixels excluding the segmented human and
object areas. Occlusions frequently occur during interactions between human
hands and objects, causing inconsistencies in masks. By optimizing humans, ob-
jects, and backgrounds simultaneously, our method effectively mitigates these
boundary inconsistencies. The scene loss is explicitly defined as:

Escene =0.8 El (Igt7 jl'ender) + 0.2 ED—SSIM (Igt7 jrender) (27)
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