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Abstract

Recent advances in video diffusion models have enabled the
generation of high-quality videos. However, these videos
still suffer from unrealistic deformations, semantic viola-
tions, and physical inconsistencies that are largely rooted in
the absence of 3D physical priors. To address these chal-
lenges, we propose an object-aware 4D human motion gener-
ation framework grounded in 3D Gaussian representations
and motion diffusion priors. With pre-generated 3D humans
and objects, our method, Motion Score Distilled Interaction
(MSDI), employs the spatial and prompt semantic informa-
tion in large language models (LLMs) and motion priors
through the proposed Motion Diffusion Score Distillation
Sampling (MSDS). The combination of MSDS and LLMs en-
ables our spatial-aware motion optimization, which distills
score gradients from pre-trained motion diffusion models,
to refine human motion while respecting object and seman-
tic constraints. Unlike prior methods requiring joint train-
ing on limited interaction datasets, our zero-shot approach
avoids retraining and generalizes to out-of-distribution ob-
ject aware human motions. Experiments demonstrate that
our framework produces natural and physically plausible
human motions that respect 3D spatial context, offering a
scalable solution for realistic 4D generation.

1. Introduction
Recent advancements in video generation have led to impres-
sive results in generating realistic and semantically rich vi-
sual content. Video diffusion models [5, 8, 9, 32, 33, 49, 60]
have achieved high visual quality on diverse tasks. Despite
the progress, state-of-the-art models, including large-scale
systems like Sora [30], still face persistent challenges such
as unrealistic deformation, object penetration, and semantic
violations. These issues often stem from the lack of ex-
plicit physical and spatial constraints, which are difficult to
capture in purely 2D representations [1, 51].

†Work done during internship at NEC Laboratories America.

To address these limitations, there has been a growing
interest in incorporating 3D priors into generative model-
ing. The success of methods like DreamFusion [38] has
demonstrated that distilling 2D priors from pre-trained dif-
fusion models can guide 3D content generation, which has
motivated many 3D and 4D generation works [11, 13, 22,
26, 28, 35, 58, 61]. However, 4D generation methods that
rely solely on video diffusion models inherit the spatial am-
biguity and semantic misalignment problems. For instance,
prompts involving spatial relations (e.g., “a dog under the
bed”) often produce incorrect visual arrangements. To miti-
gate this, compositional 4D generation approaches [3, 4, 52]
have been proposed to combine multiple priors and syn-
thesize novel distributions. Yet, these methods still face
a fundamental bottleneck: human motions generated from
pre-trained video models often suffer from distortions and
fail to respect the physical constraints of interactions with
static objects.

In this work, we tackle the challenging problem of zero-
shot object-aware 4D human motion generation. Specifi-
cally, we aim to generate realistic 3D human motion inter-
acting with a 3D static object over time, without requiring
additional training on paired human-object data. Unlike
prior methods [7, 12, 48, 53] that rely on training dedi-
cated models with limited joint human-object datasets, our
framework leverages a compositional approach with strong
generalization capability. Our method, Motion Score Dis-
tilled Interaction (MSDI), builds on recent advances in 3D
Gaussian representations, i.e., motion diffusion models, and
spatial reasoning with large language models (LLMs).

Specifically, we first generate high-fidelity human and ob-
ject 3D Gaussians using HumanGaussian [27] and Dream-
Gaussian [43], respectively. To control the temporal mo-
tion, we propose to guide human trajectories using LLM-
generated spatial instructions, which provide coarse but
plausible global motion plans. Then, instead of directly
sampling from pre-trained motion diffusion models, which
are often unreliably out of distribution, MSDS distills guid-
ance from the motion diffusion model to form an optimiza-
tion process that adjusts human poses and trajectories to
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align with both learned motion priors and interaction con-
straints. Furthermore, we formulate a constrained optimiza-
tion framework that combines MSDS loss with smoothness,
trajectory alignment, and collision-avoidance terms. This
allows us to generate motion sequences that are realistic,
smooth, and physically plausible with respect to the static
object. Our zero-shot formulation ensures that the system
can benefit from future improvements in motion diffusion
models without the need for retraining, offering a scalable
path toward generalizable and realistic object-aware 4D hu-
man motion generation. Experiments on multiple zero-shot
prompts show, that our generated 4D scenes produce realis-
tic motions with high physical constraint obedience ability
while previous 4D generation methods can only generate
unnatural distortions without plausible motion.

2. Related Work
Video generation. Video generation models have been
widely used to generate realistic videos. Although the
video diffusion models [5, 8, 9, 32, 33, 49, 60] have shown
promising results in various areas, unrealistic deformation,
twisted, penetration, and semantics violations still exist even
in large video generation model Sora [30]. These issues
are often considered as the lack of physics information
learned [2, 47, 54]. Despite many studies in addressing
these issues by using trajectory tracking [14], occlusion
masks [19], and semantic masks [34], we argue that it is
not feasible to solve this problem in 2D space without intro-
ducing extra information equivalent to physical information
in 3D space, and the natural and intrinsic way to tackle these
challenges should lie in the use of 3D space.

3D generation. While 3D generation has been explored
in recent years [13, 26, 28, 41, 43, 46, 61], one of the most
popular and convincing directions is to extract prior knowl-
edge from 2D diffusion models. Specifically, DreamFusion
[38], the first method introducing Score Distillation Sam-
pling (SDS), generates 3D content by leveraging informa-
tion from 2D image diffusion models. This work inspires
a significant amount of following works [10, 50, 56] on
improving 3D content quality, optimization efficiency, and
human avatar generations [16, 21, 27].

4D Generation. Aligning with the philosophy of extract-
ing information from pre-trained image diffusion models,
many 4D generation works adopt pre-trained video diffusion
models [25, 55, 59], to tackle challenges in image to 4D [39]
and video to 4D [11, 17, 22, 23, 31, 35, 57, 58] tasks. How-
ever, the generation ability of these studies cannot go beyond
the original distribution of the pre-trained diffusion models,
and shares the same limitations as the original 2D pre-trained
diffusion models. For example, most of the pre-trained video
diffusion models face difficulties in understanding spatial in-
formation, e.g., generating with a prompt ”a human walks
towards the table” can produce unrealistic results, such as

deformed bodies, poor framing that shows only the legs, or
the human being omitted from the scene entirely. In order
to solve this challenge, one convincing direction is to apply
compositional 4D generation, which incorporates multiple
prior distributions and combine them to generate samples
with novel distributions. Recently, 4DFy [4], Comp4D [52],
and TC4D [3] have shown promising results on 4D composi-
tional generation. However, although generating contents in
3D space helps with spatial information/trajectory planning,
all the motion information from the pre-trained video dif-
fusion model inherits its original distortions, especially on
human-related motions. Motivated by this problem, we con-
sider distilling information from dedicated motion models
to guide the motion optimization process.

Different from interaction generations between humans
and objects/scenes [7, 48, 53], our method is zero-shot,
which does not need to train specific dedicated models;
thus, it widens the application range. Human-object in-
teraction generations like InterDiff [53] and CG-HOI [12]
require the joint distribution of humans and objects for train-
ing, while the sizes of these datasets are still limited, which
cannot extend to any out-of-distribution scenarios. Since
our work focuses on the interaction between humans and
static objects, our setting is more similar to the HUMAN-
ISE task [7, 48]. Compared with them, our setting eliminates
the object-locating phase and focuses on the human trajec-
tory and human motion generation with the static object.
While these works require training extra models for human
trajectory and human motion generation just for the addi-
tional object, our method does not require any additional
motion diffusion model training and can achieve realistic
interactions between humans and static objects with motion
diffusion model score distillation sampling (MSDS). This
zero-shot behavior enables this framework to improve as the
motion diffusion model iterates in the future without extra
distribution and retraining requirements.

3. Preliminaries

3.1. 3D Gaussian Splatting

3D Gaussian Splatting [20] (3DGS) is a dominating repre-
sentation in the 3D field, due to its explicit 3D space rep-
resentation and high efficient optimization. The individual
units of 3DGS are 3D Gaussian ellipsoids, where each 3D
Gaussian is parameterized by position 𝜇, anisotropic covari-
ance Σ as its shape, and opacity 𝛼 and spherical harmonic
coefficients 𝑠ℎ as its optical characteristics, where 𝑠ℎ is a
view-dependent property. The shape of the 3D Gaussian
Σ can be considered as the composition of a scaling and a
rotation as follows:

Σ = 𝑅𝑆𝑆𝑇𝑅𝑇 , (1)
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where the scaling matrix 𝑆 can be denoted as a 3D vector 𝑠,
and the rotation matrix 𝑅 as a quaternion 𝑞 ∈ SO(3).

Therefore, the formal definition of a Gaussian centered
at point 𝜇 is:

𝐺 (x, 𝜇) = 𝑒− 1
2 (x−𝜇)

𝑇Σ−1 (x−𝜇) , (2)

where x is a random variable in 3D space.
To render 3D Gaussians into a 2D image, 3DGS considers

the additional opacity 𝛼 and spherical harmonic coefficients
by utilizing a tile-based rasterizer and point-based 𝛼-blend
rendering. For each pixel 𝑢, its color𝐶 (𝑢) is rendered under
the following calculation:

𝐶 (𝑢) =
∑︁
𝑖∈𝑁

𝑇𝑖𝑐𝑖𝛼𝑖SH (𝑠ℎ𝑖 , 𝑣) ,

𝑇𝑖 = 𝐺 (x, 𝜇𝑖)
𝑖−1∏
𝑗=1

(
1 − 𝛼 𝑗𝐺

(
x, 𝜇 𝑗

) )
,

(3)

where 𝑇𝑖 denotes the transmittance for the 𝑖-th Gaussian,
SH denotes the spherical harmonic function, and 𝑣 rep-
resents the viewing direction. The 3D Gaussian optimiza-
tion process includes adjusting all 3D Gaussian properties
{𝜇, 𝑞, 𝑠, 𝜎, 𝑐} and the high-level 3D Gaussian density mod-
ifications using densifying and pruning processes.

3.2. SMPL-X
SMLP models [37] represent a human by transforming the
human mesh of a standard pose, the canonical model, into the
observation space, using pose parameter 𝜃, shape parameter
𝛽, and expression parameter 𝜙:

𝑀 (𝛽, 𝜃, 𝜙) = LBS(𝑇 (𝛽, 𝜃, 𝜙), 𝐽 (𝛽), 𝜃,W),
𝑇 (𝛽, 𝜃, 𝜙) = T + 𝐵𝑠 (𝛽) + 𝐵𝑒 (𝜙) + 𝐵𝑝 (𝜃),

(4)

where 𝑀 is the function mapping parameters to a trans-
formed human mesh model; 𝑇 represents the transformed
human key points/vertices adjusted by different human
shapes, expressions, and poses through corresponding func-
tions 𝐵𝑠 , 𝐵𝑒, and 𝐵𝑝 , respectively. Given the transformed
vertices, the skins of the human mesh need to be adjusted
according to the transformations of several nearby joints,
which is done by the linear blend skinning function LBS(·)
where W stands for blend weights that determine the ef-
fects from different joints. Specifically, the LBS process is
defined as follows:

v𝑜 = G · v𝑐, G =

𝐾∑︁
𝑘=1

𝑤𝑘G𝑘 (𝜃, 𝑗𝑘) , (5)

where the vertices v𝑜 in the observation space is deformed
from the canonical pose vertices v𝑐 by the deformation G.
The deformation is determined by the affine deformation
G𝑘 (𝜃, 𝑗𝑘) that merges the warping effects from K neigh-
boring joints, simulating the smooth position changes of
vertices.

4. Motion Score Distilled Interaction
Our object-aware human motion generation (OAHM) frame-
work addresses the challenging zero-shot generation prob-
lem by leveraging pre-trained motion priors within an ex-
plicit optimization paradigm. In this section, we first intro-
duce the overall OAHM generation pipeline, followed by a
description of our spatially-aware coarse motion generation
strategy. Finally, we detail our Motion Score Distilled In-
teraction (MSDI) method, where we propose motion score
distillation sampling (MSDS) and incorporate spatial and
physical constraints to optimize human motion trajectories,
enabling the synthesis of physically plausible and natural
motion sensitive to object.

4.1. OAHM Generation Framework

With expressive 3D representations as the foundation, we
employ HumanGaussian [27] to generate high-fidelity 3D
human Gaussians 𝐺ℎ from textual prompts, and utilize
DreamGaussian [43] to synthesize 3D objects from an initial
shape-e geometry [18], as illustrated in Figure 1. Given a
motion sequence 𝑋 , we establish a correspondence between
the motion trajectory and the human Gaussian points 𝐺ℎ,
enabling dynamic Gaussian-based human motion.

Concretely, we initialize the SMPL-X model in a rest
pose, consistent with the canonical configuration of the hu-
man Gaussian points. Each Gaussian point is mapped to the
nearest barycentric coordinate on the corresponding SMPL-
X mesh face. By preserving these fixed barycentric cor-
respondences, any transformation applied to the SMPL-X
mesh is faithfully propagated to the associated Gaussian
points, ensuring coherent deformation of the 3D human
representation.1 Note that this mapping is differentiable,
enabling gradients back propagation.

With a controllable Gaussian human and an indepen-
dently generated Gaussian object co-located in the same co-
ordinate system, we render interactive sequences via Gaus-
sian splatting. While high-quality 3D human and object rep-
resentations can be readily obtained, the availability of joint
4D human-object distributions remains limited [6], mak-
ing it infeasible to train generative models directly on such
data. To this end, we propose a zero-shot OAHM genera-
tion framework. Constructing this framework and achieving
realistic object-aware human motion remains highly chal-
lenging due to the need for temporally consistent, physically
plausible, and semantically appropriate interactions. There-
fore, this framework presents two major challenges: (1)
extracting meaningful and realistic human motion distribu-
tions, and (2) enforcing human-object interaction constraints
on generated motions.

1Recalculating or interpolating linear blend skinning (LBS) weights
for the Gaussian points is a viable alternative; however, we focus on the
barycentric mapping approach for clarity.
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4.2. Spatial-Aware Coarse Motion Generation
Motion diffusion models. To address the first challenge, we
avoid relying on video diffusion models, as prior work [4] has
shown that distilling human motion from such models often
leads to unrealistic results. Instead, we leverage dedicated
human motion diffusion models (MDMs) [40, 45], which
are currently state-of-the-art for generating plausible human
motions.

Our motion representation consists of an𝑁-length motion
sequence 𝑋 = {𝑥𝑖}𝑁

𝑖=1, where each 𝑥𝑖 ∈ R3+6+𝐽×6 encodes
the pose parameters 𝜃𝑖 ∈ R𝐽×6, global translation 𝑟 𝑖 ∈ R3,
and 6D global orientation 𝛾𝑖 ∈ R6. Other parameters, such
as body shape, are omitted for simplicity. During the MDM
process, the 𝑁-frame motion sequence 𝑋 is subject to 𝑇
steps of Gaussian noise:

𝑞 (𝑋𝑡 | 𝑋𝑡−1) = N
(√
𝛼𝑡𝑋𝑡−1, (1 − 𝛼𝑡 )𝐼

)
, (6)

where 𝑡 ∈ {1, . . . , 𝑇} denotes the diffusion step and 𝑋𝑇 ∼
N(0, 𝐼). The MDM is trained to predict the clean motion
𝑋̂0 given a noisy motion 𝑋𝑡 and a text condition 𝑐 encoded
by a CLIP-based text encoder.

LLM-based trajectory generation. Despite the advan-
tages of MDMs, directly sampling from these models does
not guarantee meaningful object-aware motions, as they lack
explicit spatial awareness necessary for modeling relation-
ships between humans and objects. Attempts to use guid-
ance from 2D image and video diffusion models also failed
to yield reliable spatial supervision signals.

To overcome this, we harness the spatial reasoning capa-
bilities of LLMs. Given the initial coordinates of the human
and object, along with a textual motion instruction, the LLM
generates a coarse global trajectory for the human. This
LLM-derived trajectory, denoted as 𝑟 𝑖LLM for 𝑖 = 1, . . . , 𝑁 ,
can be further refined using trajectory interpolation and col-
lision detection, enabling the system to produce physically
plausible paths, such as automatic detours around obstacles.
For example, when instructed to “walk four meters toward
a table two meters away,” the LLM can synthesize a motion
that navigates around the object.

The LLM-generated trajectory is used to initialize the
global translation in the MDM framework [40]. With es-
timated time/frames and extracted pure motion prompt as
two additional inputs, the MDM can yield a coarse motion
sequence that incorporates spatial awareness. While the re-
sulting motions may lack fine-grained realism, they provide
a strong starting point for subsequent optimization. Detailed
examples of LLM prompts are provided in the Appendix.

4.3. Constrained Motion Optimization
The core challenge in generating realistic object-aware hu-
man motion lies not only in producing plausible human
motion, but also in enforcing physical constraints such as

collision avoidance and trajectory fidelity. These challenges
are not easily addressed by existing generative models. As
mentioned above, two major issues must be overcome: (1)
generating meaningful, in-distribution human motion se-
quences, and (2) ensuring these motions respect spatial and
physical constraints posed by objects in the environment.

While our LLM-guided approach and MDM address the
extraction of plausible motion trajectories, these solutions
alone cannot guarantee realistic interactions. Specifically,
directly applying the LLM-generated coarse trajectories of-
ten results in infeasible or unnatural motions, as these tra-
jectories may violate object penetration constraints or fall
outside the motion distribution captured by the pre-trained
MDM. Moreover, existing diffusion models are not inher-
ently designed to encode or enforce collision and spatial
constraints.

To overcome these limitations, we introduce a constrained
motion optimization framework, namely, motion score dis-
tilled interaction (MSDI), that jointly refines human motion
by leveraging the prior knowledge encoded in motion diffu-
sion models, while explicitly enforcing trajectory, smooth-
ness, and collision-avoidance constraints.

Motion Diffusion Score Distillation Sampling
(MSDS). Instead of generating human motions directly from
the diffusion model, we extract the score (gradient) informa-
tion from the MDM to guide the optimization of both tra-
jectories and poses under physical constraints. Specifically,
we propose Motion Diffusion Score Distillation Sampling
(MSDS), which optimizes human motion 𝑋 by maximizing
the log-likelihood under the MDM prior. The gradient of
the MSDS objective is given by:

∇𝑋LMSDS (𝜙) ≜ E𝑡 , 𝜖
[
𝑤(𝑡)

(
𝑋 − MDM𝜙 (𝑋𝑡 , 𝑡, 𝑐)

) ]
, (7)

where MDM𝜙 denotes the pre-trained MDM and 𝑤(𝑡) is a
weighting function over diffusion steps. This process aligns
the optimized motion with the learned distribution of human
poses and trajectories.

Constrained Optimization Objectives. To ensure the
resulting motions are physically plausible and interact nat-
urally with the object, we further introduce explicit con-
straints:

• Trajectory Alignment. We regularize the optimized
trajectory to remain close to the LLM-generated coarse
trajectory. The trajectory loss is defined as:

Ltraj = 𝜆middle ·
𝑁−1∑︁
𝑖=2

∥𝑟 𝑖 − 𝑟 𝑖𝐿𝐿𝑀 ∥2
2 +

𝜆end ·
∑︁

𝑖∈{1,𝑁 }
∥𝑟 𝑖 − 𝑟 𝑖𝐿𝐿𝑀 ∥2

2, (8)

where 𝜆middle and 𝜆end control the fidelity at middle and
endpoint frames, respectively.

11566



Interaction 
Prompt

Time 
estimator Trajectory Motion 

extractor

ChatGPT-4o

Collision 
detector

MDM

SMPL-X

Merge

Mesh to 
3DGS

mapping

Jump

Jump onto the table

Collision 
feedback

2 seconds 
60 frames

Course motion initialization

HumanGaussian DreamGaussian

MSDS gradients

Human 3D generation Object 3D generation

Motion sequence
<latexit sha1_base64="DHPjGy2HZaDFhCiQun1K//LfUuE=">AAAB+HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKxBwDXjwmYB6QLGF20psMmdldZmaFuOQLvOrdm3j1b7z6JU6SPWi0oKGo6qaaChLBtXHdT6ewsbm1vVPcLe3tHxwelY9POjpOFcM2i0WsegHVKHiEbcONwF6ikMpAYDeY3i787gMqzePo3swS9CUdRzzkjBortXrDcsWtukuQv8TLSQVyNIflr8EoZqnEyDBBte57bmL8jCrDmcB5aZBqTCib0jH2LY2oRO1ny0fn5MIqIxLGyk5kyFL9eZFRqfVMBnZTUjPR695C/NcL5FqyCet+xqMkNRixVXCYCmJismiBjLhCZsTMEsoUt78TNqGKMmO7KtlSvPUK/pLOVdWrVWut60qjntdThDM4h0vw4AYacAdNaAMDhCd4hhfn0Xl13pz31WrByW9O4Recj2/scZOD</latexit>

X

Rendering

<latexit sha1_base64="0bgALRknMjZUwNE3wrodGJZkqBQ=">AAAB/XicbVC7SgNBFJ2NrxhfUUubwSBYhV2RaBm0sYxgHpAsYXZ2Nhkzs7PM3A2EJfgLttrbia3fYuuXOEm20MQDFw7n3Mu5nCAR3IDrfjmFtfWNza3idmlnd2//oHx41DIq1ZQ1qRJKdwJimOAxawIHwTqJZkQGgrWD0e3Mb4+ZNlzFDzBJmC/JIOYRpwSs1OqNQwWmX664VXcOvEq8nFRQjka//N0LFU0li4EKYkzXcxPwM6KBU8GmpV5qWELoiAxY19KYSGb8bP7tFJ9ZJcSR0nZiwHP190VGpDETGdhNSWBolr2Z+K8XyKVkiK79jMdJCiymi+AoFRgUnlWBQ64ZBTGxhFDN7e+YDokmFGxhJVuKt1zBKmldVL1atXZ/Wanf5PUU0Qk6RefIQ1eoju5QAzURRY/oGb2gV+fJeXPenY/FasHJb47RHzifPyjIlfM=</latexit>...

Video frames

Gaussian 
Splatting

Coarse motion generation Constrained motion optimization

Backward

Forward

Collision detectorControllable 3D Gaussian

<latexit sha1_base64="Dy3qfrWwsDE9iwb90nv2jh2DTXE=">AAACJnicbVDLSgNBEJyNrxhfUY9eBoPixbArEnMMePHgIYJ5QDaE2ckkGTOzs8z0CmHZr/An/AWvevcm4k38EiePQ0wsaCiquunuCiLBDbjul5NZWV1b38hu5ra2d3b38vsHdaNiTVmNKqF0MyCGCR6yGnAQrBlpRmQgWCMYXo/9xiPThqvwHkYRa0vSD3mPUwJW6uTPfUlgQIlIbtNOApo8pNjH/qmtecNIpWCQdvIFt+hOgJeJNyMFNEO1k//xu4rGkoVABTGm5bkRtBOigVPB0pwfGxYROiR91rI0JJKZdjJ5K8UnVunintK2QsATdX4iIdKYkQxs5/hWs+iNxX+9QC5shl65nfAwioGFdLq4FwsMCo8zw12uGQUxsoRQze3tmA6IJhRssjkbircYwTKpXxS9UrF0d1molGfxZNEROkZnyENXqIJuUBXVEEVP6AW9ojfn2Xl3PpzPaWvGmc0coj9wvn8BZwKmmw==</latexit>Ltraj & Lsmooth

<latexit sha1_base64="JIAySiBHJqKB0kgMBUzyJeCBBg4=">AAACC3icbVDLSsNAFJ34rPUV69LNYBFclaRIdVnQhQuFSu0D2hAm00k7dGYSZiZiCf0Ef8Gt7t2JWz/CrV/ipM1CWw9cOJxzL/dwgphRpR3ny1pZXVvf2CxsFbd3dvf27YNSW0WJxKSFIxbJboAUYVSQlqaakW4sCeIBI51gfJn5nQciFY3EvZ7ExONoKGhIMdJG8u1SnyM9woilN1M/vW1eNae+XXYqzgxwmbg5KYMcDd/+7g8inHAiNGZIqZ7rxNpLkdQUMzIt9hNFYoTHaEh6hgrEifLSWfYpPDHKAIaRNCM0nKm/L1LElZrwwGxmSdWil4n/egFf+KzDCy+lIk40EXj+OEwY1BHMioEDKgnWbGIIwpKa7BCPkERYm/qKphR3sYJl0q5W3FqldndWrlfzegrgCByDU+CCc1AH16ABWgCDR/AMXsCr9WS9We/Wx3x1xcpvDsEfWJ8/pYSbCA==</latexit>LMSDS

<latexit sha1_base64="nJqpXKkqmz8rO9v0BT3sFjuiyeo=">AAACEHicbVC7TsMwFL0pr1JeAQYGlogKialKKlQYK7EwMBSJPqQ2ihzXba3aTmQ7SFWUn+AXWGFnQ6z8AStfgtNmgJYrWTo65957rk8YM6q0635ZpbX1jc2t8nZlZ3dv/8A+POqoKJGYtHHEItkLkSKMCtLWVDPSiyVBPGSkG05vcr37SKSikXjQs5j4HI0FHVGMtKEC+2TAkZ5gxNK7LEjNPuNphCywq27NnZezCrwCVKGoVmB/D4YRTjgRGjOkVN9zY+2nSGqKGckqg0SRGOEpGpO+gQJxovx0/oHMOTfM0BlF0jyhnTn7eyJFXKkZD01nfq5a1nLyXy3kS856dO2nVMSJJgIvjEcJc3Tk5Ok4QyoJ1mxmAMKSmtsdPEESYW0yrJhQvOUIVkGnXvMatcb9ZbVZL+IpwymcwQV4cAVNuIUWtAFDBs/wAq/Wk/VmvVsfi9aSVcwcw5+yPn8AnXudzw==</latexit>Lcollision

Figure 1. Method overview. The framework includes 4 components: human and object 3D generation, coarse trajectory generation,
constrained motion optimization, and rendering.

• Motion Smoothness. To prevent unnatural or abrupt
changes in motion, we introduce a jerk (third derivative)
regularization:

Lsmooth =

𝑁∑︁
𝑖=1





𝑑3𝑟 𝑖

𝑑𝑡3





2

2
, (9)

where, in practice, the derivative is approximated using
finite differences over adjacent frames.

• Collision Avoidance. To prevent human-object pene-
tration, we employ a two-stage collision detection and
penalty scheme. First, we compute the intersection C of
the 3D bounding boxes for the human and object. If C
is non-empty, we evaluate pairwise collisions between
object points 𝑜𝑖 ∈ C and their nearest human points
ℎ 𝑗 ∈ C. The collision loss is then given by:

Lcollision = max
(
n 𝑗 · (ℎ 𝑗 − 𝑜 𝑗 ),−𝜖𝑐

)
, (10)

where n 𝑗 is the normal vector at ℎ 𝑗 and 𝜖𝑐 is a collision
margin hyperparameter.

MSDI Objective. The final loss function for human
motion optimization combines the above terms:

L = 𝜆MSDS · LMSDS + 𝜆traj · Ltraj +
𝜆smooth · Lsmooth + 𝜆collision · Lcollision, (11)

where𝜆MSDS, 𝜆traj, 𝜆smooth, and𝜆collision are hyperparameters
balancing the different objectives.

This MSDI constrained optimization aggregates all gra-
dients to the motion sequence 𝑋 and updates it. Through
this optimization, we ensure that the generated motions 𝑋
are not only realistic according to the learned motion diffu-
sion prior but also spatially and physically consistent with
the surrounding environment and objects.

5. Experiments
In this section, we evaluate the effectiveness of our proposed
MSDI framework for object aware 4D human motion gen-
eration. Our experiments include both qualitative and quan-
titative analyses, benchmarking against the state-of-the-art
4Dfy method. We report results across a suite of objective
metrics designed to assess motion realism, diversity, and
physical plausibility. Ablation studies further demonstrate
the importance of main components within our pipeline.

5.1. Metrics

To quantitatively assess the quality of generated object-
aware human motion, we adapt several metrics that col-
lectively measure pose realism, motion diversity, and tem-
poral dynamics. We evaluate using established metrics like
Optical Flow Score [29] and we introduce three metrics de-
signed to asses motion dynamics: Pose Plausibility, Pose
Variation and Trajectory Length. We propose this suite of
metrics because there is no single universally accepted met-
ric to quantify the perceptual quality of human motion. It is
important to consider these metrics in combination, as any
individual metric can be trivially satisfied by a degenerate
solution (e.g., a high trajectory score with a static, implau-
sible pose). Since the metrics operate on different scales
and cannot be combined arithmetically, their value lies in
the holistic, comparative assessment of different methods.
A model can only be judged to produce high-quality motion
if it demonstrates strong and balanced performance across
this entire suite.

For each generated video, we extract per-frame 3D hu-
man meshes using HMR2.0 [15], which estimates SMPL
parameters [37] for every detected human instance using a
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the human walks around the 

table in a circle and stops 

close to the start position

the human walks towards 

the lamp

the human jumps from the 

stepstool onto the ground

the human prepares to jump 

for 1 second then jumps 

over the fence

Time

4D-fy MSDI

Figure 2. Qualitative Results. Generated videos from 4Dfy and MSDI across various text prompts. Each row corresponds to a different
prompt. Within each row, columns display frames sampled at incremental timesteps from the generated video, illustrating temporal
progression and motion characteristics. The frames are center cropped for better visibility.

ViTDet detector [24]. From these per-frame SMPL mod-
els and multi-view RGB frames, we compute the following
metrics:2

Pose Plausibility. We evaluate the realism of each human
pose using VPoser [36], a variational autoencoder trained
on large-scale pose data. For each frame 𝑡, we convert the
predicted SMPL body pose parameters 𝜽

pose
𝑡 into VPoser-

compatible axis-angle representation 𝝓𝑡 ∈ R𝑁𝑉×3, then en-
code these to obtain a posterior 𝑞(𝑧𝑡 |𝝓𝑡 ) over the latent pose
space. The plausibility for each frame is quantified by the
KL divergence to a standard normal prior 𝑝(𝑧).

Pose Variation. To quantify diversity and motion mag-
nitude, we measure the temporal standard deviation of the
pose vector 𝝓𝑡 (flattened dimension 𝐾 = 𝑁𝑉 × 3) across all
frames. High variation reflects diverse and dynamic mo-
tions.

Trajectory Length. To assess the extent of global char-
acter movement within the 3D space, we calculate the tra-
jectory length of the root joint. For each frame 𝑡, HMR2.0
provides the 3D keypoint coordinates. The total trajectory
length is the sum of Euclidean distances between the root
joint positions in consecutive frames. A longer trajectory
length suggests more substantial displacement of the char-
acter over time.

Optical Flow Score. To quantify the amount of mo-
tion and temporal dynamics, we compute an Optical Flow
Score [29]. For each of the𝑁𝑐𝑣 = 4 views, we estimate dense
optical flow between consecutive frames using RAFT [44].

2Further details on metrics and user study are provided in the supple-
mentary material.

The score for each view is the average magnitude of these
flow vectors across all pixels and frames. The final Optical
Flow Score is the average of these per-view scores. A higher
score signifies a more pronounced motion.

User Study. To complement our quantitative metrics,
we also conducted a user study to qualitatively assess the
performance of our method against 4D-fy. The study was
designed to measure human perception of motion quality,
physical plausibility, and overall realism. We followed the
human evaluation setup established by 4D-fy and MAV3D
[42].

5.2. Results
We conduct a comprehensive set of experiments to evaluate
our method. The results demonstrate that MSDI consis-
tently outperforms baseline 4D-fy method overall across all
metrics.

Quantitative and Qualitative Analysis. As shown in our
quantitative analysis (Figure 3), MSDI shows a clear ad-
vantage. Specifically, it achieves substantially higher scores
in both Pose Variation and Optical Flow, indicating diverse
and larger motion. Furthermore, MSDI produces better Pose
Plausibility and longer Trajectory Lengths for most prompts,
while remaining comparable on others.

This numerical advantage translates directly to visually
perceptible improvements, as shown in our qualitative com-
parisons in Figure 2. In contrast, 4Dfy often produces videos
where frames appear largely similar, with only minor arm or
leg movements, and the human subject frequently remains
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Figure 3. Quantitative Results. Quantitative comparison of MSDI and 4Dfy. The bar chart displays scores for 4 key metrics across 10
text prompts. An ’X’ marker indicates that the metric failed to detect any humans in all four generated views for that particular prompt.

static in the same position. It’s limited human motion could
be attributed to the inherent constraints of the underlying
video diffusion model, such as VideoCrafters [8] used for
Score Distillation Sampling. MSDI using Motion SDS gen-
erates coherent and physically-grounded interactions with
human subject showing larger change in their positions over
time.

User Study. To validate that our quantitative and quali-
tative findings align with human judgment, we performed
a formal user study comparing MSDI against 4D-fy. The
results, summarized in Table 1, show a decisive preference
for MSDI across all categories. Crucially, the preference
in Motion Quality (MQ) is an overwhelming 87%, di-
rectly validating our core technical contribution. This result
also confirms that the higher Pose Plausibility and Vari-
ation captured by our metrics correspond to motions that
humans perceive as significantly more natural and realis-
tic. The high preference for Appearance (AQ) (79%), 3D
Structure (SQ) (71%) and Text Alignment (TA) (75%)
further suggests that physically plausible motion enhances
overall visual fidelity and text alignment. The 80% overall
preference underscores that generating believable 4D videos
hinges not just on appearance, but critically on the quality
of the motion itself.

5.3. Ablation study
We conduct qualitative ablation studies to demonstrate the
importance of key components in our proposed method.
We focus on the prompt “the human jumps onto the table”

Preferred Method AQ SQ MQ TA Overall

MSDI (%) 79% 71% 87% 75% 80%
4D-fy (%) 21% 29% 13% 25% 20%

Table 1. User study results comparing MSDI with 4D-fy. We
report the percentage of times users preferred our method. MSDI
significantly outperforms 4D-fy across all metrics, with all results
being statistically significant (𝑝 < 0.001).

Time

"the human jumps onto the table"

w/o Lcollision

w/o LMSDS

MSDI

Figure 4. Ablation study on key components of MSDI. We
visualize the impact of removing our main loss terms for the prompt
”the human jumps onto the table”.

to highlight specific failure modes when certain losses are
excluded. For all variants, the high-level LLM planned
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trajectory remains consistent. Visualizations are provided
in Figure 4.

Effect of Collision Loss (Lcollision). Without collision
loss Lcollision, the optimization fails to enforce physical non-
penetration constraints. The generated human visibly pen-
etrates or pierces into the table surface during the landing
phase of the jump.

Effect of Motion Diffusion Score Distillation Sampling
(LMSDS). Excluding the MSDS LMSDS, significantly de-
grades the quality of the human motion and object interac-
tion, particularly contact points. Without Lmsds, the human
appears to float during the jump and makes unnatural con-
tact, with improperly planted feet.

6. Conclusion

In this work, we introduced Motion Score Distilled Interac-
tion (MSDI), a novel zero-shot framework for object-aware
human motion generation. Our approach uniquely com-
bines the strengths of 3D Gaussian representations for high-
fidelity visuals, motion diffusion models for realistic human
movement priors, and large language models for spatial rea-
soning and initial trajectory planning. A key component of
our framework is Motion Diffusion Score Distillation Sam-
pling (MSDS), which allows us to refine human motion by
leveraging gradients from pre-trained motion diffusion mod-
els. This, coupled with our constrained optimization strat-
egy that considers trajectory alignment, motion smoothness,
and collision avoidance, enables the generation of interac-
tions that are not only natural but also physically plausible
and respectful of object presence.

Unlike previous methods that often require extensive
training on specific datasets, MSDI operates in a zero-shot
manner. This means it can generalize to novel interactions
without retraining, making it a scalable and adaptable
solution. Our experiments have shown that MSDI can
produce realistic human motions interacting with static 3D
objects, overcoming common issues like unnatural distor-
tions and physical violations seen in outputs from methods
relying solely on video diffusion models. We believe MSDI
offers a promising direction for creating more dynamic
and believable 4D content by effectively integrating 3D
physical and semantic priors into the generation process.
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