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A person picks up the beer with his right hand,
picks up the goblet with his left hand, pours the beer into the goblet,
and finally pours the beer from the goblet into the trashcan
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Figure 1. Qualitative Comparison on HIMO dataset [53]. Our method PAMotion produces physically plausible human—object interactions,
while the baseline method HIMO-Gen [53] often exhibits floating or penetration artifacts.

Abstract

We present PAMotion, a physics-aware diffusion frame-
work for generating realistic full-body human interactions
with multiple objects. Existing diffusion-based methods that
Jjointly synthesize human and object motions often struggle
to capture the intricate physical interactions—especially
those involving complex hand—object contacts. To address
this issue, in this paper, we begin with our key observa-
tion: in everyday, slow-motion scenarios, object acceler-
ations inherently reveal the underlying physical interac-
tions. If an object’s acceleration aligns with gravity, it is
likely in free motion with no physical contact from human
or other objects; otherwise, it must be in contact—directly
or indirectly—with the human body. Building on this in-
tuition, PAMotion jointly models full-body human motion,
object motion, and their corresponding accelerations, en-
forcing physical plausibility through a physics-aware inter-
action loss. In this loss, we softly penalize violations of
consistency between object acceleration and human-object

contact states. PAMotion follows a coarse-to-fine pipeline:
we first synthesize global torso and object translations,
then conditionally refine hand motions and object rota-
tions, achieving both high-level motion-text consistency and
low-level physical fidelity. Experiments on two challenging
datasets HIMO and ParaHome demonstrate that PAMotion
achieves state-of-the-art performance in generating realis-
tic, physically consistent full-body manipulation sequences
involving multiple objects. Our code is released at ht tps :
//github.com/1iyuheng520/PAMotion.

1. Introduction

Generating realistic human—object interactions (HOIs) is a
fundamental problem in computer vision and graphics, with
broad applications in AR/VR [67, 77], robotics [39, 69],
and human behavior understanding [7, 124, 132]. Given
the recent progress of diffusion-based generative models,
it has become possible to synthesize high-quality motion
sequences of a single human manipulating one target ob-



ject [34, 64,78, 87, 98]. However, real-world human-object
interaction is typically far more complex. To achieve a goal
specified by a language command, humans usually need
to manipulate multiple target objects simultaneously. A
straightforward idea is to directly extend previous single-
human single-object methods, such as HIMO [53], which
adopts a dual-branch diffusion network to jointly predict
kinematic human and object motions. However, such meth-
ods often fail to produce physically plausible results, hands
may penetrate objects, objects may float in mid-air, or con-
tact timing may not align with physical forces. The key
reason behind this limitation lies in the intricate nature of
multi-object interactions: treating the interactions as simple
kinematic signals without capturing the underlying physics
leads to physically inconsistent generation.

In this paper, we aim to explicitly understand why ob-
jects move the way they do, that is, the physical causes be-
hind motion. We start from a simple yet insightful observa-
tion: in everyday, slow-motion human-object interactions,
object accelerations inherently reveal the underlying physi-
cal contact states. We introduce it with three cases. First, if
an object’s acceleration aligns with gravity, it is most likely
in free fall with no human or object contact. Second, if an
object remains stationary in mid-air, the external force from
a human or another object balances gravity, implying phys-
ical contact. Third, if an object’s acceleration deviates from
gravity, it implies that human exerts force on it directly or
indirectly by using other objects. These observations al-
low us to bridge the gap between kinematic generation and
physical reasoning within a generative framework.

Building upon this insight, we introduce PAMotion, a
Physics-Aware Motion diffusion framework that jointly
synthesizes full-body human motions and multiple ob-
ject trajectories while ensuring physical plausibility, con-
ditioned on text commands. Overall PAMotion follows a
coarse-to-fine generation pipeline. Since humans usually
describe tasks from a high-level perspective, the purpose of
coarse stage is to better fulfill the goals implied by the lan-
guage command. For example, a common instruction like
“move the desk lamp from the table to the bed” does not
specify the fine details of hand motion or object orientation.
Directly generating the complete motion of the human body,
including both torso and hands, along with fine-grained ob-
ject motions can cause the network to become unbalanced
between achieving the goals specified by the language com-
mand and focusing on physical details. Therefore, at the
coarse stage, we first synthesize global torso and object
translations to capture high-level motion patterns, condi-
tioned on initial states of human and objects, language com-
mands, and objects geometry. At the fine stage, we generate
fine-grained hand pose and object orientations conditioned
on the results of coarse stage, mainly complying to physical
plausibility. We employ the structure of HIMO [53] for the

coarse stage, while for the fine stage, we adopt a new dual-

branch network architecture, one for handling hand pose

and the other for generating object-related signals. Then we
turn the three observations into a soft physics-aware interac-
tion loss, which constrains the contact of human (typically
hand) and object according to the object acceleration states.

We evaluate PAMotion on two challenging benchmarks,

HIMO and ParaHome, which involve complex multi-object

manipulation and rich contact dynamics. Quantitative

and qualitative results demonstrate that PAMotion achieves
state-of-the-art performance in generating realistic, physi-
cally consistent human—object interaction sequences. Our
approach significantly reduces physically implausible arti-
facts while maintaining high motion diversity.

In summary, our main contributions are as follows,

1. Physics-Aware Motion Reasoning: we introduce the
physics-aware interaction loss that uses object acceler-
ations to enforce consistency between physical interac-
tions and human—object contact states, bridging kine-
matic synthesis and physical reasoning.

2. Coarse-to-Fine Generation Strategy: We design a hi-
erarchical generation pipeline that progressively refines
global and local motion components for high-quality
language-motion consistency and fine-grained physical
plausibility.

3. Superior Performance: PAMotion achieves superior per-
formance on multiple benchmarks, setting a new stan-
dard for physically realistic full-body human—object in-
teraction generation, enabling potential real-world appli-
cations.

2. Related Work

2.1. Text-guided Human Motion Generation

Along with the rapid development of large-scale mo-
tion—language datasets [21, 45, 68, 128], text-conditioned
human motion generation has experienced remarkable
progress. Recent methods [2, 8, 12, 14, 21, 22, 30, 32,
35, 41, 46, 51, 55, 65, 66, 71, 82, 89, 92, 106, 112, 114,
118, 120, 123, 125, 127, 129, 130, 133, 135, 137] lever-
age diffusion, transformer, and generative language—motion
alignment techniques to produce semantically coherent, and
physically plausible motion sequences conditioned on natu-
ral language. These approaches can synthesize a wide range
of human activities [106], from everyday actions to expres-
sive or stylized movements, and even extend to multi-person
interaction generation [20, 27, 40, 49, 90, 91], showcasing
strong generalization to complex social scenarios. Despite
their impressive achievements, most existing models are
primarily designed for human-only motion synthesis and do
not explicitly account for interactions with surrounding ob-
jects or physical constraints arising from the environment.
As aresult, they often struggle in scenarios that involve rich
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Figure 2. Illustration of PAMotion. PAMotion is a two-stage coarse-to-fine conditional diffusion framework. In the Coarse Motion
Generation stage, the model predicts coarse, text-aligned global motion by generating global human body translation g;, human body
motions (Jp,;, Qs,s) and the object’s translational state 7;*, conditioned on initial state xo, object geometry G and text embedding L. We
supervise the coarse stage with Lcoqrse. In Fine Motion Refinement stage, we generate fine-grained hand articulation (Jp,;, Qn,;) and
the object’s rotational state R;', conditioned on results from the coarse stage and xo, G, L. This refinement is guided by £;ne, Which
incorporates the Physics-Aware Interaction Loss Lpny to enforce consistency between object acceleration ¢ and human—object contact
states. We demonstrate that Ly, ensures physically plausible interactions and effectively mitigates hand penetration and object floating.

human—object interactions or require simultaneous manip-
ulation of multiple objects [33, 53], where understanding
contact dynamics and environmental affordances becomes
crucial for generating realistic and coherent behavior.

2.2. Human-Object Interaction Generation

Researchers first focus on hand—object interactions [5, 9,
13, 26, 31, 34, 43, 44, 48, 54, 61, 64, 84, 87, 93, 98, 105,
107, 109, 110, 113, 116, 121, 122, 134, 136], as the hands
are the most frequently used body parts for direct physical
contact with surrounding objects in daily activities. Early
studies [78] in this direction concentrate on grasp genera-
tion, hand and object pose estimation [16, 115], and local
interaction reasoning from visual or textual cues, enabling
fine-grained manipulation dynamics at the hand level.
More recently, research has expanded toward full-body
dynamic human—object interaction (HOI) generation [78],
aiming to synthesize temporally coherent and physically
plausible full-body interactions involving both human mo-
tion and object dynamics. Such works can be broadly cat-
egorized into kinematics-based approaches [10, 15, 19, 23,
25, 36-38, 42, 57, 63, 73, 75, 76, 80, 85, 94-96, 102, 104,
126], which focus on geometric or motion prior constraints,

and physics-based approaches [1, 4, 6, 11, 24, 47, 52, 58,
60, 81, 83, 86, 88, 97, 100, 101, 103, 111], which explic-
itly model forces, contacts, and environmental constraints
to achieve physically grounded interaction realism. These
advancements are largely supported by the emergence of
high-quality 3D HOI datasets [3, 17, 28, 29, 33, 42, 50,
53,56,79,99, 108, 117, 119, 131], which capture complex
scenes, multi-contact scenarios, and rich object categories,
thereby enabling data-driven learning of realistic interaction
dynamics at scale. In this paper, we focus on developing
a physics-aware approach for modeling human interactions
with multiple objects, building upon the HIMO-Gen [53].

3. Method

The goal of PAMotion is to generate realistic and physically
plausible human—multi-object interaction (HOI) sequences
X = [z;],¢4 € {1,...,T}, conditioned on textual guid-
ance L, object geometry G = [¢"],n € {1,..., N}, and
initial state xg, where 1" denotes total frame number and
N denotes the object number. Each frame z; = (h;,0l)
contains the human state h; and object states [o}'],n €
{1,..., N}. We use SMPL-X [62] to represent the human



and Rgp [138] to parameterize human joint rotation. We
further decompose h; into global translation g; € R3 and
joint poses (J;, Q;). The joint position .J; and rotation Q;
are split into body part Jj ;, Q,; and hand part Jp, ;, Qp ; re-
spectively, with J, ; € R?2X3_ ], , € R30%3 Q, ;, € R?2x6
and Qp,; € R30%C. The object state o} consists of transla-
tion 7" € R? and rotation R? € RS,

Overview: To generate the full motion sequence, we pro-
pose PAMotion, a two-stage coarse-to-fine conditional dif-
fusion framework, as shown in Fig. 2. The first stage pre-
dicts coarse global motion aligned with the text, generating
(94, Jb,i, Qv,;) and object translation state 7. The second
stage then refines fine-grained physical details, including
hand articulation (Jj;, @n ;) and object rotation state R}
This refinement is guided by a Physics-Aware Interaction
Loss Ly, which enforces consistency between object ac-
celeration and human—object contact states, ensuring phys-
ically plausible interactions and effectively preventing hand
penetration and object floating.

3.1. Physics-Aware Motion Modeling

We first introduce the basic theory of our physics-aware
approach and then describe how we formalize this theory
into a concise yet powerful Physics-Aware Interaction Loss
(Lphy) to ensure physically plausibility between human and
object motions in the generated sequences.

Our key insight is that an object’s acceleration serves as
a critical indicator of its contact state with humans or other
objects in everyday, slow-motion interactions. We leverage
this observation to bridge the gap between purely kinematic
motion generation and physically grounded interaction rea-
soning. This observation can be categorized into three rep-
resentative cases. First, as illustrated in Fig. 3 (a), when the
object (apple) is solely influenced by gravity, such as dur-
ing free fall or along a parabolic trajectory—its acceleration
a should approximately equal the gravitational acceleration
g (i.e,, & = g). In this condition, the object has no func-
tional contact with the human body or any other object. We
refer to this as the Free-Motion State. Second, as shown
in Fig. 3 (b), when the object (apple) is held stationary in
mid-air (& = 0), the gravitational force acting on it is coun-
terbalanced by the upward force exerted by the hand, result-
ing in a state of static equilibrium. Third, as illustrated in
Fig. 3 (c), when the object (knife) is used to cut the apple, it
experiences external forces from both the hand and the ap-
ple, causing its acceleration to deviate from g (i.e., & # g).
In both the second and third cases, the object’s acceleration
reveals the presence of contact forces, indicating direct or
indirect interaction with the human. We therefore define
these cases collectively as the Contact-Motion State.

Directly enforcing & = g or constructing contact losses
can be unstable and impractical in real-world scenarios.
This instability arises from that (i) the human hand can un-

dergo subtle deformations, (ii) the measured acceleration is
often noisy, and (iii) our physical assumptions may not al-
ways hold. Nevertheless, the loss function should remain
effective under these imperfections. To address these chal-
lenges, we propose a more concise and robust loss formu-
lation that enforces the underlying physical intuition in a
soft manner. Specifically, we establish a differentiable con-
straint between the object’s acceleration & and the mini-
mum distance d; from the object to other objects or the
hands. For simplicity, we only consider the hands and
omit contact with the torso. Intuitively, this formulation en-
sures that when an object exhibits non-trivial acceleration
(@ # g), that is, when it is in the Contact-Motion State,
it must maintain a close, non-penetrating contact with the
hands or other objects. Based on this principle, we intro-
duce the Physics-Aware Interaction Loss Lphy, applied dur-
ing the fine-grained generation stage, formalized as:

o ()N -a el | )

where ¢ indexes the frame time, and (3 is a hyperparameter
allowing for subtle deformation of hands and objects.
This loss Lyny works as follows,

* When the object is Free-Motion State (a; ~ ¢g): Re-
gardless of the value of |log(d;/0.01)], it is scaled by a
near-zero value |(a; — g) - t|, driving Lphy toward zero.
That means the hand and other objects are free to move
independently, without need to consider the contact.

* When the object is in Contact-Motion State: Here,
|(at — g) - t| acts as a positive weight. To minimize Ly,
the model needs to optimize and reduce |log(d;/3)|, ef-
fectively driving the condition d; — /.

ﬁphy =E, {

The advantages of this formulation include:

* Jointly penalizes floating and penetration: As formu-
lated in Eq. 1, we introduce a heuristic loss that enforces
physically plausible contact. When the object’s accelera-
tion G # g, it is expected to be in contact with the hand
or other surrounding objects. Due to the log(-) function,
the loss increases sharply when penetration occurs, effec-
tively discouraging interpenetration. Conversely, when
the object is slightly detached (floating) from other sur-
faces, the loss increases gradually, providing soft super-
vision that avoids imposing excessive constraints in situ-
ations where physical contact is not intuitively required.

* Dynamic activation: The term |(a; — g) - t| functions as
a dynamic weight that activates the distance constraint
only when physically meaningful—specifically, when the
object is in the Contact-Motion State.

With this loss function, we effectively couple object mo-

tion and physical interactions, guiding the model to gener-

ate physically consistent sequences that are free of penetra-
tion and maintain proper contact.



(c) PersonO cuts }he apble
with the knife.

(a) PersonO stands behind (b) Person0 holds the apple
the table. Apple falls down. ~ With his both hands in mid-air.

Figure 3. Illustration of Physics-Aware Motion Modeling. Object
acceleration a as an indicator of human-object contact state. Free-
Motion State: (a) the apple is influenced only by gravity (& = g).
Contact-Motion State: (b) the apple is held in equilibrium (&4 = 0);
(c) the knife interacts with the apple and the hand, causing & # g.
We transform these three cases into Lpny.

3.2. PAMotion: Coarse-to-Fine Generation

Our motion generation pipeline adopts a two-stage coarse-
to-fine generation strategy built upon conditional diffusion
models. The coarse stage predicts global human-object mo-
tion, while the fine stage refines hand articulation, object
rotation and enforces physically grounded interactions.

Motivation. Since humans typically describe tasks from
a high-level perspective, the purpose of the coarse stage
is to capture and fulfill the overarching goals implied by
the textual command. For instance, an instruction such as
“move the desk lamp from the table to the bed” provides
an abstract objective without specifying fine-grained details
such as hand trajectories or object orientations. Generat-
ing the complete motion of the human body, including both
torso and hand movements together with detailed object dy-
namics may lead to an imbalance in the network’s learn-
ing process, where it struggles to reconcile high-level goal
achievement with low-level physical precision. A natural
idea, therefore, is to first estimate the goal-related motions
defined by the input text, and then use these motions as con-
ditions to optimize the local physical interactions.

Stage I: Coarse Global Interaction Synthesis. This
stage generates human body motion (gf s Jbis Qp,;) and ob-
ject translation state 77", where ¢ € {1,...,T} denotes
the frame index inside the motion sequences and n €
{1, ..., N} denotes the object index inside total N objects.
We follow HIMO [53] to adopt a dual-branch diffusion net-
work, where one branch is designed to human motion gen-
eration and the other to object state generation. Information
exchange between the two branches is facilitated through
the mutual interaction module [53]. The conditions in-
clude textual guidance L, object geometry G = [¢"],n €
{1,..., N}, and initial state zy. L is encoded via a pre-
trained CLIP [72] encoder. We encode G using the Basis
Point Set (BPS) representation [70]. We supervise the gen-
erated motion using kinematic and geometric consistency
terms. For human body joints J, ;, we employ an L loss
to constrain both their positions and first-order derivatives,
thereby promoting spatial alignment and temporal smooth-

ness.

3. )

T T .
Loy = Z | Joi — Joaill3 + Z | Jy,i = J.i
i=1 i=1

For Qyp,;, T and giT , we use similar formulations as Lp,,
yielding Lqy, Ly and Ly, respectively. To maintain stable
spatial relationships among objects, we additionally super-
vise relative object distances,

T
L:dist = Z Hdmn,z - dmn,z' % (3)
=1

where d.,, ; calculate the center distance of objects o}" and
oy. Thereby the total loss for the coarse stage is,

Leoarse = va + Eqv + Ly + Egv + Ao Laist “4)

where )\ is a weighting constant.

Stage II: Fine-Grained Physical Interaction Genera-
tion. This stage generates human hand motion (Jy, ;, Qn.i)
and object rotation state ;. Besides the conditions em-
ployed in Stage I, we also include the coarse stage results
(9T, Jb.i,Qp;) and T as conditions. All the conditions
are pre-encoded into latents and integrated into the diffu-
sion network. We also adopt the dual-branch architecture as
in Stage I but modifies the last output layer to output corre-
sponding hand motion and object rotation. For acceleration
al of object o}, we randomly sample 1024 points on the
object surface and for any selected point p on the surface of
ol', a7 calculates as & = R (w x p+w x (w x p)) + 17,
where w denotes the angular velocity vector. Since Lphy in
Eq. 1 computes the magnitude of |(a; — g) - t|, for object
o', we simply select the maximum value of |(a; — g) - ¢|
by evaluating all accelerations of all points on o}'. Besides
Loy, we supervise (Jp,5, Qp,;) and R} in a similar formu-
lation to Eq. 2, yielding £}, L7, and L. Therefore, the
total loss for the fine stage is,

Lbne = L:;\, + »C(:V + L::\, + Alﬁphy ®))
where \; is a weighting constant.

4. Experiments

4.1. Experiment Setup

Datasets. We conduct experiments on HIMO [53] and Para-
Home [33] datasets. HIMO is a large-scale 4D MoCap
dataset focusing on full-body human interactions with mul-
tiple objects. It contains 3.3K 4D HOI sequences captured
from 34 subjects interacting with 53 daily objects. Each se-
quence includes fine-grained textual descriptions and tem-
poral segments. We follow the official train/test split for
training and evaluation. ParaHome comprises 207 motion



Table 1. Quantitative comparison under two-object and three-object settings on the HIMO dataset. PAMotion outperforms all state-of-the-
art methods on nearly all metrics—except MM-Dist in the two-object case—and achieves a clear performance margin in the three-object
case. These results demonstrate PAMotion’s strong ability to model complex human—object interactions. ’1’: higher is better, ’|’: lower is
better, >—’: closer to ground truth is better.

Method Two-object Three-object
R-Prec. + FID]| MM-Dist] Diversity = R-Prec. T FID] MM-Dist] Diversity —
Real 0.7988  0.0176 3.5659 11.3973 0.6988  0.1811 3.7696 9.7674
IMoS [19] 0.5013  7.5890 8.7402 7.0033 0.4662  4.9902 7.7702 9.2310
priorMDM [74] 0.5891 7.8517 7.2509 12.5799 0.5137  4.8210 5.8900 9.3402
HIMO-Gen [53]  0.6369 1.4811 3.6491 11.6603 0.5350 4.7712 5.0866 8.9460
Ours 0.6914  0.8285 3.9841 11.4431 0.6750  1.3763 3.7707 9.4573
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Figure 4. Qualitative Comparison on HIMO dataset [53]. Our method surpasses HIMO-Gen in generating physically plausible human-

object interactions.

captures from 38 participants interacting with 22 objects.
From these, we randomly select 500 human—object interac-
tion (HOI) sequences, each accompanied by detailed textual
descriptions. The dataset is split into 80% for training, 10%
for validation, and 10% for testing.

Implementation Details. Our model was trained on a sin-
gle NVIDIA GeForce RTX 3090 GPU with a batch size
of 32 for 1000 epochs. The training process took approxi-
mately 25 hours in total, with 10 hours for coarse training
and 15 hours for fine stage training. Input text is encoded
using a frozen CLIP-ViT-B/32 model. The attention module
uses 4 heads with a latent dimension of 512. The denoising
network consists of /¢, = 8 layers of mutual interaction
modules. We set {3, Ao, A1} = {0.01,1.0,0.1} in all ex-
periments unless specified. During training, the fine-stage
diffusion network is conditioned on the ground-truth human
torso and object translations. During inference, these con-

ditions are replaced with the predictions generated by the
coarse stage. PAMotion takes 2.1 seconds to perform 1,000
diffusion steps and generate the motions for all objects and
humans.

Evaluation Metrics. We adopt the evaluation protocol es-
tablished by the HIMO benchmark [53] and based on [21]
to quantitatively assess the quality of generated HOI se-
quences. Following the standard setup, all metrics are com-
puted using a pre-trained motion-text feature extractor that
captures both human and object motion dynamics. The
metrics used in our evaluation include: R-Precision (Top-
3): evaluates whether the correct text-motion pair appears
among the top three closest matches in the latent feature
space, reflecting text-motion alignment. MM-Dist: mea-
sures the distance between generated motions and their cor-
responding text embeddings, quantifying semantic consis-
tency. Fréchet Inception Distance (FID): assesses the sim-
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Figure 5. Qualitative Comparison on ParaHome dataset [33]. Our method outperforms HIMO-Gen in generating physically plausible

human-object interactions.

ilarity between the distributions of generated motions and
real motions in the encoded feature space. Diversity: cap-
tures the variability of generated motions across different
text prompts, indicating the model’s ability to produce di-
verse outputs.

4.2. Comparison with State-of-the-Art Methods

Baseline. To comprehensively evaluate the performance
of our proposed method, we conduct a direct comparison
against the state-of-the-art method HIMO-Gen from the
HIMO benchmark [53]. Additionally, we include several
key baselines: priorMDM [74], and IMOS [19], which we
adapted according to the HIMO setup.

Results. In Tab. |, we compare PAMotion with state-of-
the-art methods on the HIMO dataset. As can be clearly ob-
served, our method surpasses all competing approaches, in-
cluding the recent HIMO-Gen [53], by a significant margin
across all metrics except MM-Dist. Under the two-object
setting, our method outperforms HIMO-Gen by 5.45% and
0.653 on R-Precision and FID, respectively, demonstrating
the effectiveness of our physical interaction loss and coarse-
to-fine design. When comparing MM-Dist, our method
shows a slight degradation of 0.335 (3.9841 vs. 3.6491), in-
dicating that when the number of objects is relatively small,
both HIMO-Gen and our approach can maintain strong mo-
tion—text consistency. When moving to the three-object set-
ting, the increased number of objects leads to more com-
plex and challenging human—object interactions. In this
scenario, our method clearly outperforms all competitors
by a substantial margin, showing an even greater advan-
tage compared to the two-object setting. Specifically, our

approach exceeds the second-best method, HIMO-Gen, by
14.0%, 3.395, and 1.316 on R-Precision, FID, and MM-
Dist, respectively. In terms of Diversity, our method also
better approximates the real motion distribution, achieving
9.4573 (ours) vs. 9.7674 (Real), compared with 8.9460
(HIMO-Gen) vs. 9.7674 (Real).

Qualitative results shown in Fig. 1 and Fig. 4 further
demonstrate the superiority of our approach in generating
fine-grained physical interactions. For different objects, our
method produces physically plausible human—object inter-
actions, while the baseline method HIMO-Gen often ex-
hibits noticeable floating or penetration artifacts.

In Table 4, we present the results on the ParaHome
dataset. Compared to the baseline method HIMO-Gen,
our approach consistently outperforms it across all evalu-
ation metrics, with a particularly large improvement in FID
(0.7962 vs. 3.2398). Fig. 5 shows qualitative results on
ParaHome. Our method consistently surpasses HIMO-Gen
in generation quality.

4.3. Ablation Study

We conduct ablation experiments to evaluate the effective-
ness of the physical interaction loss L,y in both two-object
and three-object settings. The results are reported in Tab. 2
and 3. Removing L, leads to a consistent performance
drop across all metrics. In the two-object case, the full
model achieves a lower FID (0.8285 vs. 0.9046) and higher
R-Precision (0.6914 vs. 0.6758), indicating better visual fi-
delity and text-motion alignment. Similarly, in the three-
object scenario, the full model surpasses the variant without
Lophy, reducing FID from 1.5736 to 1.3763 and improving



Table 2. Ablation study of Ly on two-object setting on HIMO
dataset. The results verify the effectiveness of Lpny.

Method R-Prec. t FID| MM-Dist| Diversity —
Ours (full) 0.6914 0.8285 3.9841 11.4431
Ours w/o Lyhy 0.6758 0.9046 4.0274 11.5996

Table 3. Ablation study of Ly on three-object setting on HIMO
dataset. The results verify the effectiveness of Lypy.

Method R-Prec. T FID| MM-Dist| Diversity —
Ours (full) 0.6750 1.3763 3.7707 9.4573
Ours W/0 Ly 0.6312 1.5736 3.8260 9.4524

Table 4. Quantitative comparison on the ParaHome dataset.
PAMotion consistently outperforms the baseline method HIMO-
Gen across all metrics. In particular, PAMotion achieves a sig-
nificantly lower FID score (0.7962 vs. 3.2398), demonstrating its
superior generation quality.

Method R-Prec. t FID| MM-Dist| Diversity —
Real 0.6818 0.0017 5.3107 6.4100
HIMO-Gen 0.5909 3.2398 5.4455 6.1703
Ours 0.6364  0.7962 5.3356 6.3145
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Figure 6. Ablation Study of Ly on HIMO dataset. The results
verify that Ly effectively mitigates float and penetration prob-
lems in human-object interaction generation.

R-Precision from 0.6312 to 0.6750. Visualization results in
Fig. 6 demonstrate that L,y effectively enhances physical
plausibility by mitigating floating and penetration problems
in human-object interactions.

The person picks up the bulb with his right hand and
installs it on the lampholder held by his left hand

Figure 7. Failure Case on HIMO dataset. Although the hand inter-
acts with the bulb, the grasp pose is physically implausible

4.4. Failure Cases and Limitations.

We illustrate a failure case in Fig. 7. Although L, enforces
that the hand and object maintain direct or indirect contact
when the object is in the Contact-Motion State, it does not
explicitly constrain the grasp configuration between them.
As shown in Fig. 7, the hand interacts with the bulb, but the
resulting grasp pose is misaligned and physically implau-
sible. One potential solution is to incorporate a pretrained
large-scale grasp model, such as GraspNet [18, 59], to fur-
ther regularize the grasp pose. However, extending such
an approach to human—multi-object interactions introduces
additional challenges, including the need to ensure biman-
ual coordination and inter-hand consistency, which would
require substantial data and training time.

5. Conclusion

In this work, we presented PAMotion, a Physics-Aware
Motion diffusion framework for generating realistic, phys-
ically consistent human—object interactions conditioned
on textual commands. Unlike previous single-human
single-object approaches that treat motion synthesis purely
as a kinematic prediction problem, PAMotion explic-
itly incorporates physical reasoning into the generative
process. By leveraging the insight that object accelera-
tions reveal underlying contact states, we introduced a
physics-aware interaction loss that enforces consistency
between human—object contact and physical dynamics.
Combined with a coarse-to-fine generation strategy,
our model first captures high-level task semantics and
global motion trajectories, and then refines fine-grained
hand—object interactions to ensure physical plausibility.
Extensive experiments on the HIMO and ParaHome
datasets demonstrate that PAMotion achieves state-of-
the-art performance across multiple metrics, significantly
reducing implausible artifacts such as object floating
and penetration while maintaining high diversity and
motion—text alignment. In future work, we plan to extend
PAMotion to multi-human multi-object motion generation,
further advancing its applicability to real-world scenarios.
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