
Guiding Human-Object Interactions with Rich Geometry and Relations

Mengqing Xue1* Yifei Liu1* Ling Guo1* Shaoli Huang3 Changxing Ding1,2†

1South China University of Technology 2Pazhou Lab, Guangzhou 3Tencent AI Lab
{eemengqing, ft lyf, eeguoling}@mail.scut.edu.cn, shaoli.huang@gmail.com, chxding@scut.edu.cn

A person lifts the clothes stand, moves it, and then puts it on the ground. 

A person kicks the trashcan, lifts and moves it, and finally puts down the trashcan. 
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Figure 1. Our proposed ROG begins by leveraging rich geometric information to construct an Interactive Distance Field (IDF), effectively
capturing the relational dynamics of Human-Object Interactions (HOI). It then utilizes the learned IDF prior to refine the generated motion’s
IDF, guiding the motion generation process to produce movements that are both relation-aware and semantically aligned. For clarity, we
simplify the visualization by displaying only four key points for each object.

Abstract

Human-object interaction (HOI) synthesis is crucial for
creating immersive and realistic experiences for applica-
tions such as virtual reality. Existing methods often rely
on simplified object representations, such as the object’s
centroid or the nearest point to a human, to achieve phys-
ically plausible motions. However, these approaches may
overlook geometric complexity, resulting in suboptimal in-
teraction fidelity. To address this limitation, we introduce
ROG, a novel diffusion-based framework that models the
spatiotemporal relationships inherent in HOIs with rich geo-
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metric detail. For efficient object representation, we select
boundary-focused and fine-detail key points from the object
mesh, ensuring a comprehensive depiction of the object’s
geometry. This representation is used to construct an interac-
tive distance field (IDF), capturing the robust HOI dynamics.
Furthermore, we develop a diffusion-based relation model
that integrates spatial and temporal attention mechanisms,
enabling a better understanding of intricate HOI relation-
ships. This relation model refines the generated motion’s IDF,
guiding the motion generation process to produce relation-
aware and semantically aligned movements. Experimental
evaluations demonstrate that ROG significantly outperforms
state-of-the-art methods in the realism and semantic accu-
racy of synthesized HOIs. This paper’s code will be released
at https://lalalfhdh.github.io/rog page/.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Human-object interaction (HOI) synthesis is crucial for cre-
ating immersive and realistic experiences for applications
such as virtual reality [24], computer animation [3, 4, 8],
and robotics [1]. A vivid HOI sequence may consist of a
series of actions involving an object, such as picking it up
while walking, putting it down, and then adjusting its posi-
tion with a foot, where the movements of the person and the
object should be synchronized and the contact points must
be precise. Achieving such lifelike HOIs requires generating
natural body movements and an in-depth understanding of
the spatiotemporal relationships between humans and the
objects they manipulate.

Recently, the remarkable success of diffusion models
[25, 30, 33, 34, 46] has spurred notable efforts to apply them
in HOI generation [9, 14, 16, 17, 44]. Some studies incor-
porate prior information into the motion generation model,
such as fine-grained textual descriptions [15], physical forces
[16], hand joint positions [14], and possible contact maps
[9, 17]. Meanwhile, a body of research have introduced
guidance mechanisms to impose additional constraints on
diffusion models, thereby achieving more physically plau-
sible motions. For instance, Peng et al. [12] and Li et al.
[13] propose guidance mechanisms that enforce contact at
selected keypoints during the denoising process. Xu et al.
[44] and Diller et al. [10] introduce guidance by optimizing
the distances between specific vertices at contact areas. Wu
et al. [11] leverage the human motion as auxiliary guidance
to correct the object’s movement.

Despite these advances, the complex relationships be-
tween humans and objects remain underexplored due to cer-
tain challenges, resulting in suboptimal interaction fidelity.
First, efficiently representing an object’s geometry is diffi-
cult, hindering the accurate computation of spatiotemporal
relationships between humans and objects such as spatial dis-
tance. Previous approaches [10, 11] often simplified object
representation using its centroid or the nearest point relative
to the human, neglecting the object’s overall geometric com-
plexity. Directly utilizing all the surface points on the object
is also impractical due to the substantial increase in com-
putational cost. Second, due to the high-dimensional and
dynamic nature of HOIs, designing models that can learn
these relationships is inherently challenging. Capturing sub-
tle, context-dependent interactions requires sophisticated
modeling techniques that effectively integrate spatial geome-
try with temporal dynamics.

To address these challenges, we introduce ROG, a
diffusion-based framework that comprehensively captures
the spatiotemporal relationships in HOI through Rich
geOmetric details, offering Guidance for the generation of
more realistic interactions. For the first problem, we propose
an efficient object representation method utilizing Poisson
disk sampling (PDS) [32]. Specifically, we begin by defining

the smallest bounding box that encloses the object. Then,
we select eight points on the object closest to the bounding
box and apply PDS to obtain an additional sixteen points.
Typically, boundary points are located at the object’s extrem-
ities and corners, being essential for defining the object’s
overall shape. Meanwile, PDS captures fine surface de-
tails and subtle geometric variations that may be typically
overlooked. Combining boundary-focused and PDS points
ensures a holistic representation of the object’s geometry.
Using this representation, we construct a three-dimensional
(3D) matrix that measures the distance between human joints
and the object keypoints over time, termed the interactive
distance field (IDF). We use IDF as an additional objective
function to improve the motion generation model’s under-
standing of HOI dynamics.

For the second problem, we develop a diffusion-based
relation model that captures spatiotemporal relation in HOI
by predicting the IDF matrix. More specifically, drawing
inspiration from successful modeling of three-dimensional
data in the domain of video generation [21–23, 35, 36], we
incorporate spatial and temporal self-attention into our re-
lation model to capture local interactions and temporal de-
pendencies. We then design a guidance process in which
the relation model directs the motion generation model to
produce relation-aware movements. Specifically, during the
denoising process, we compute the IDF matrix based on
the motion predicted by the motion generation model. The
relation model then takes this matrix as input and produces
a refined IDF matrix that, in turn, corrects the motion, ensur-
ing that the generated motions adhere closely to the desired
spatiotemporal relationships.

By integrating these core designs, our approach enables
the generation of more realistic and semantic-aligned human-
object interactions. We quantitatively evaluate the realism
and semantic correctness of our synthesized motion com-
pared to ground truth and state-of-the-art methods on the
FullBodyManipulation dataset [14]. Experimental results
demonstrate that our model surpasses state-of-the-art meth-
ods both in qualitative and quantitative terms, advancing the
field of human-object interaction synthesis.

2. Related Work
Existing approaches to enhancing HOI motion generation
quality can be categorized into two paradigms, i.e., prior-
based strategies and post-optimization-based strategies. The
prior-based strategies focus on incorporating prior informa-
tion into the motion generation model. Various priors can be
utilized, including textual descriptions of body part move-
ments [15, 18], physical force [16], hand joint position [14],
arm movements [18], keyframe poses [40, 43], and possible
contact maps [9, 17]. However, owing to the lack of direct
supervision on the spatial relation between human and ob-
ject, the generated results are likely to present artifacts, e.g.,
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inconsistent contact, interpenetration, and floating.
The post-optimization-based strategies typically leverage

a meticulously designed subsequent process combined with
a specific human-object relation representation to optimize
the generated coarse motion. Based on the human-object
relations representation, existing works approaches can be
classified into (i) contact-based methods [12, 13], (ii) motion-
based methods [11], and (iii) distance-based methods [10,
27, 44]. The contact-based methods typically select a fixed
set of body joints and use a generation module to predict
the contact probability of each joint and the corresponding
vertices on the object. In contrast, the motion-based methods
focus on the differences in translation and rotation between
human joints and the object. They then incorporate this
information to correct the object motion. The distance-based
methods, on the other hand, compute the distances between
specific vertices on the human and the object to supervise or
adjust the generated coarse motions. Additionally, most of
the works mentioned above apply various forms of guidance
during inference [10, 12, 13, 19, 44], such as distance-based
constraints and spatial alignment techniques. These guidance
methods help refine the output motion distribution, bringing
it closer to the desired interaction distances. While human-
object relation representations are addressed in these works,
they primarily rely on a single view, i.e., the human joints
and their nearest object vertices, without incorporating the
mutual spatial relations between the human and object. This
may affect the model’s ability to capture complex HOIs with
fine details, leading to suboptimal generation results.

To address this, our method samples and tracks vertices
on both the human and the object to compute a mutual in-
teraction distance field. Furthermore, we introduce a video
diffusion transformer (VDT) module to effectively integrate
distance information into generation through guidance.

3. Method

Overview. Given an object mesh, a human body skeleton,
and a text prompt, our diffusion-based framework generates
human-object interactions which are semantically-aligned
with the text prompt. During each denoising step, the motion
generation model first produces initial movements for both
the human and the object. Subsequently, the relation model
takes the Interactive Distance Field (IDF) derived from these
initial movements as input and outputs a refined IDF. This
refined IDF serves as guidance to enhance the quality of the
initial movements.

To provide a comprehensive overview of our framework,
we begin with a preliminary section that briefly introduces
the data representation and our motion generation model,
which is based on the Motion Diffusion Model [39] (Section
3.1). Following this, we introduce our Interactive Distance
Field (IDF) and explain the process for computing the IDF

(Section 3.2). Finally, we describe our relation model and
the guidance mechanism in detail (Section 3.3).

3.1. Preliminary

Data representation. Our framework integrates multi-
ple data modalities, including text, objects, human skeletons,
and motion. Text embeddings are encoded using a pretrained
CLIP model [38] and are represented as ftext ∈ R512. Objects
are modeled by their mesh vertices V = {vi}Ki=1, where
each vertex vi ∈ R3 denotes its position in 3D space, and
K is the total number of vertices. key points sampled on the
object mesh are denoted by P = {p1,p2, . . . ,p24}. The
human skeleton is represented by Q = {q1,q2, . . . ,q24},
indicating 24 key points corresponding to human joints. Mo-
tion data is expressed as m = {mhm,mobj} ∈ RN×288,
where N denotes the number of frames in the sequence.
mhm ∈ RN×204 captures the sequence of human motions,
including joint positions and 6D continuous rotations [45],
and mobj ∈ RN×84 captures the sequence of object motions,
encompassing object transitions, rotations, and key point
positions.

Motion Generation Model. Our motion generation model
is based on the Motion Diffusion Model (MDM) [39], which
learns to reconstruct motion data from noise through a series
of time steps. Starting with an initial motion sequence m0

sampled from the data distribution, we apply the diffusion
process to generate a sequence of progressively noisier data
{mt}Tt=1, where T denotes the total number of diffusion
steps:

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

where αt ∈ (0, 1) is a time-dependent variance schedule
parameter, N (0, I) represents a standard normal distribu-
tion, and I denotes the identity matrix. As t increases, the
distribution of mT progressively approaches N (0, I).

The motion generation model G is trained to approximate
the reverse diffusion process, modeling the conditional distri-
bution p(m0 | c). This is achieved by iteratively denoising
mT to reconstruct the original motion sequence. The train-
ing objective is to minimize the following reconstruction
loss:

Lrec = Em0,t ∥m0 − m̃0∥22 , (2)
m̃0 = {m̃hm, m̃obj} = G (mt, t, c) , (3)

where m̃0 is the motion predicted by the model G, com-
prising the predicted human motion m̃hm and the predicted
object motion m̃obj. c = {ftext,Q,P} represents the condi-
tioning information including the text embedding ftext, object
key points in the default pose Q, and human key points in
the default pose P.
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Figure 2. Overview of ROG. Given an object, ROG first extracts key points that comprehensively represent the object’s geometry. These
object key points, along with human key points, a text prompt, and the diffusion step t, are then input into ROG to generate human-object
interactions that are semantically aligned with the text prompt. During each denoising step, the motion generation model initially produces
movements m̃0 = {m̃hm, m̃obj} for both the human and the object. The relation model then uses the Interactive Distance Field (IDF)
D derived from these initial movements to output a refined IDF D̃. This refined IDF guides the enhancement of the initial movements,
improving their quality.

3.2. Interactive Distance Field

Generating realistic Human-Object Interactions (HOI) re-
quires accurately modeling the spatial relationships between
humans and objects. Existing approaches [11–13] have sig-
nificantly advanced this area by representing object transla-
tions using object centroids [11] or leveraging contact points
between human and object surfaces [10]. While these meth-
ods effectively capture certain aspects of spatial dynamics,
they may not fully encompass the comprehensive spatial re-
lationships inherent in complex interactions. Building upon
these foundations, we introduce the Interactive Distance
Field (IDF), a novel approach that calculates the spatial
proximity between the human and object through a compre-
hensive matrix representation.

A key aspect of establishing the IDF matrix is the effi-
cient representation of the object’s shape and structure. To
achieve this, we sample key points on the object’s surface
V to capture its geometry, including both its rough outline
and detailed features. First, we establish the object’s Axis-
Aligned Bounding Box (AABB) [6], the smallest cuboid that
fully encloses the object based on its extreme coordinates
in 3D space. We then identify the surface points closest to
the AABB vertices to outline the object’s boundaries. To
achieve a more refined and comprehensive representation of
the object’s shape, we employ Poisson Disk Sampling [32], a
probabilistic method that enforces a minimum distance con-

straint between points to ensure uniform distribution across
the object’s surface V. Ultimately, we sample a total of
twenty-four key points, denoted as P = {p1,p2, . . . ,p24}.
Each point represents a significant surface feature on the 3D
object mesh, providing a representative and precisely located
set of points for detailed spatial analysis.

Parallel to object feature identification, we select twenty-
four skeletal key points from the SMPL-X [2, 5, 7] human
model, represented as Q = {q1,q2, . . . ,q24}. These key
points include major skeletal joints such as the spine, elbows,
pelvis, and knees, as well as the palm centers of both hands,
capturing the full spectrum of human motion dynamics es-
sential for realistic HOI.

Building upon the identified object and human key points,
we compute the distance matrix between these key points
during the HOI, referred to as the Interactive Distance
Field (IDF) matrix. Specifically, for a sequence of HOI
motions spanning N frames, we construct the IDF matrix
D({Qn}Nn=1, {Pn}Nn=1) = [Di,j,n] ∈ R24×24×N . Each el-
ement Di,j,n represents the Euclidean distance between the
i-th human joint and the j-th object point at frame n:

Di,j,n = ∥qi,n − pj,n∥22 , (4)

where qi,n and pj,n denote the i-th human joint and the
j-th object point at frame n, respectively. By focusing on
both human joint coordinates and salient object surface fea-
tures, the IDF provides a detailed and comprehensive spatial
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mapping of interaction dynamics. Additionally, the matrix
representation of distances facilitates effective modeling of
complex spatial relationships, addressing the limitations of
centroid-based and contact point-based approaches.

Interactive Distance Field Loss. After establishing the
Interactive Distance Field (IDF), we leverage it to directly
supervise the training of the motion generation model. This
supervision enables the model to develop a deeper under-
standing of the spatial relationships between humans and
objects, thereby enhancing the accuracy and realism of the
generated human-object interactions. Specifically, the IDF
loss quantifies the discrepancy between the predicted IDF
matrix Dpr and the ground truth IDF matrix Dgt using the
Mean Squared Error (MSE):

LIDF = Em0,t∥Dpr −Dgt∥22, (5)

Dpr = D
(
{Q̃n}Nn=1, {P̃n}Nn=1

)
, (6)

Dgt = D
(
{Qn}Nn=1, {Pn}Nn=1

)
, (7)

where {Q̃n}Nn=1 and {P̃n}Nn=1 denote the predicted human
joints and object key points derived from the predicted mo-
tion sequence m̃0. {Qn}Nn=1 and {Pn}Nn=1 represent the
ground truth human joints and object key points from the
ground truth motion sequence m0. D(·) is the function that
computes the IDF matrix from the provided key points. By
minimizing LIDF, the motion generation model G is encour-
aged to produce motion sequences that closely align with
the spatial dynamics captured in the ground truth, resulting
in more realistic and coherent human-object interactions.

Overall, the loss function for the motion generation model
is formulated as:

Lm = Lrec + λIDFLIDF, (8)

where λIDF is set to 5.0, controlling the contribution of the
IDF loss to the total loss.

3.3. Relation Model and Guidance Mechanism

Given the Interactive Distance Field (IDF) that captures the
dynamics of human-object interactions, our next objective is
to learn this dynamic prior from real data. By doing so, we
can provide informed guidance during the motion generation
process, ensuring that the synthesized interactions maintain
realistic spatiotemporal relationships. To achieve this, we
introduce two key components: the Relation Model, which
captures the intricate spatiotemporal relationships inherent in
human-object interactions, and the Guidance Mechanism,
which utilizes the outputs of the Relation Model to refine
and enhance the generated motions.

Relation Model. To effectively capture the intricate spa-
tiotemporal relationships in human-object interactions, our

Relation Model integrates both spatial and temporal self-
attention mechanisms, drawing inspiration from space-time
self-attention techniques commonly utilized in the video gen-
eration domain [35]. The primary objective of the Relation
Model is to learn a dynamic prior from real data distributions,
which can guide the motion generation process to produce
realistic and semantically aligned interactions.

Given the Interactive Distance Field (IDF) matrix at diffu-
sion step t, denoted as Dt ∈ R24×24×N , our Relation Model
R aims to reconstruct the ground truth IDF matrix D0. As
illustrated in Figure 2, to reduce computational complex-
ity while preserving essential spatial information, we first
apply a linear transformation that downsamples the spatial
dimensions from 24× 24 to 4× 4. This dimensionality re-
duction allows the model to process the IDF more efficiently
without imposing any predefined partitioning based on body
parts or object regions, thereby enabling the network to au-
tonomously identify and prioritize the most salient spatial
features relevant to the interactions.

The dimension-reduced IDF tensor is then processed
through multiple transformer blocks [41] that integrate spa-
tial and temporal self-attention mechanisms. Within each
transformer block, spatial self-attention is applied across
the 4× 4 spatial grid, enabling the model to aggregate and
model dependencies between different spatial regions of the
human body and the object. Concurrently, temporal self-
attention is applied along the temporal dimension N , which
represents the sequence of interaction frames. This com-
bination of spatial and temporal self-attention facilitates a
holistic understanding of the spatiotemporal dynamics inher-
ent in human-object interactions, ensuring that the Relation
Model captures both spatial dependencies and the temporal
evolution of interactions.

To train the Relation Model, we aim to reconstruct the
ground truth IDF matrix D0 from the noisy input Dt using
the following loss function:

LD = ED0,t

∥∥∥D0 − D̃0

∥∥∥2
2
, (9)

D̃0 = R (Dt, t, c) , (10)

where c = {ftext,Q,P} represents the condition information
that is consistent with Eq. 3, and R (·) denotes our Relation
Model.

Guidance Mechanism. The motion generation model
could produce unrealistic motions, exhibiting implausible
contacts and dynamics, which are subsequently reflected in
the Interactive Distance Field (IDF) during inference. To
address this issue, we leverage the previously learned IDF
prior to optimize the generated motion’s IDF in the model
inference stage. By propagating gradients from the IDF prior
to the generated motion, we refine the motion to better align
with realistic interaction dynamics.

22718



At the denoising step t in the motion generation process,
the motion generation model G predicts an initial motion
sequence m̃0. We perform forward kinematics on m̃0 to
obtain the corresponding human joints and object key points,
which are then used to compute the IDF matrix D. This
IDF matrix D is subsequently fed into the Relation Model
R to produce a refined IDF matrix D̃. The guidance loss is
defined as:

Lguidance = ∥D− D̃∥22. (11)

To minimize Lguidance, we optimize the predicted motion
sequence m̃0 using the second-order L-BFGS optimizer [29],
following the methodology proposed by Wang et al. [37].
This optimization encourages the motion generation model
to produce sequences that closely align with the realistic
spatial dynamics captured in the ground truth IDF.

Realizing that motions generated in the early timesteps
are particularly noisy [26], we apply the guidance mecha-
nism selectively during the last ten timesteps. In these final
stages, the L-BFGS optimizer iteratively refines m̃0, enhanc-
ing the realism and coherence of the resulting human-object
interactions. This targeted application ensures computational
efficiency while significantly improving the quality of the
synthesized motions.

Overall, the guidance mechanism effectively bridges the
gap between initial motion predictions and realistic inter-
action dynamics by utilizing the refined IDF matrix. This
results in more accurate and visually plausible human-object
interactions during model inference, addressing the limita-
tions of previous centroid-based and contact point-based
approaches.

4. Experiments
4.1. Dateset and Settings

Dateset. The FullBodyManipulation dataset [14] provides
high-quality HOI data. It includes 10 hours of human and
object motion data, with corresponding videos featuring
17 subjects interacting with 15 objects. Following CHOIS
[13]’s split, our training set consists of data from 15 subjects,
while the testing set includes data from the remaining two
subjects. Additionally, articulated objects, such as vacuums
and mops, have been excluded from the dataset.

Metrics. Following existing works [10, 13, 17], we employ
widely recognized evaluation metrics for HOI synthesis re-
sults: Fréchet Inception Distance (FID), which quantifies
the discrepancy between real and generated motion distribu-
tions; R-Precision, which measures the alignment between
generated motions and their corresponding textual prompts;
and Diversity, which captures the variation within the gener-
ated motions. Additionally, we incorporate the Foot Sliding
score (FS) [13] to assess the extent of foot sliding in the
motion sequences.

We further introduce three additiponal metrics: Contact
Percentage (C%) [13], Collision Percentage (Coll%) [14],
and Motion Deviation (MDev) [20]. The Contact Percent-
age measures the proportion of frames where human-object
contacts are detected, while the Collision Percentage in-
dicates the proportion of frames where collisions happen
between the human and object meshes. For both metrics, we
adopt the same threshold values as those in [13, 14] to define
contacts or collisions. The Motion Deviation (MDev) [20]
measures the difference in movement directions between the
human hand and object over a window of time. Therefore, it
reflects whether the body parts are in stable contact with the
object, and it uses the same threshold value as the Contact
Percentage for its calculations.

Implementation Details. In alignment with MDM [39],
we encode text prompts using the ‘ViTB/32’ variant of the
CLIP model [38]. Our Motion Generation Model employs
an encoder composed of 8 transformer layers and operates
with a batch size of 64. For the Relation Model, we adopt
the configuration from VDT [35], which includes 1 input
channel, 16 patches, 8 blocks, a hidden layer size of 384,
and a batch size of 8. Both models are optimized using the
AdamW optimizer [31] with a learning rate of 1 × 10−4

over a total of 1,000 diffusion steps. We apply the DDPM
sampling [25] and select diffusion timesteps to implement
guidance using the L-BFGS algorithm [29]. Details of the
guidance setup are provided in the appendix. All experi-
ments were conducted on an NVIDIA RTX 4090 GPU.

Baselines. We make comparisons with multiple state-of-the-
art open-source approaches, namely InterGen [28], MDM
[39], CHOIS [13], and HOI-Diff [12], and adapt them to fit
our task. Given InterGen’s strong performance in synthe-
sizing human-human interactions, we modify it by training
cooperative networks for human-and-object motions instead
of human-and-human motions. For MDM, a widely used
method for text-to-motion generation, we expand its input
and output dimensions to predict both object translations
and rotations, enabling HOI synthesis. For CHOIS, which
generates HOI by requiring additional control signals such
as waypoints, we remove these signals and retrain the model.
Finally, since HOI-Diff directly aligns with our setting, we
train it on the FullBodyManipulation dataset without modi-
fying its model structure.

4.2. Quantitative Results

Table 1 presents our quantitative results on the FullBodyMa-
nipulation dataset, comparing ROG with four baseline mod-
els. Our approach demonstrates significant improvements
across many metrics. Notably, ROG achieves a substantial
increase in R-Precision, indicating better alignment between
generated motions and textual descriptions. Compared to
CHOIS, the most advanced baseline, our method boosts Con-
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Methods R-precision ↑ FID ↓ Diversity → FS ↓ C% Coll% MDev ↓
Top-1 Top-2 Top-3

Real motions 0.651 0.862 0.917 0.001 8.693 0.222 0.623 0.157 4.846
InterGen [28] 0.490 0.619 0.685 19.038 12.113 0.603 0.179 0.156 39.795
MDM [39] 0.495 0.626 0.681 9.775 9.972 0.331 0.349 0.210 9.549
HOI-Diff [12] 0.534 0.646 0.722 11.875 11.063 0.430 0.372 0.175 58.728
CHOIS [13] 0.630 0.776 0.844 5.227 9.106 0.425 0.444 0.208 13.408
ROG (Ours) 0.706 0.835 0.902 5.119 8.863 0.349 0.466 0.200 5.815

Table 1. Quantitative comparisons on the FullBodyManipulation dataset [14]. We evaluate our model (ROG) by comparing it with four
baseline models, as well as with real motions from the test set. The symbol ‘→’ means results closer to those of the real motions are
considered better.

(a) InterGen

Lift the wood chair over your head, walk and then place the wood chair on the floor. 

Kick the trashcan, lift and move it, and put down the trashcan. 

(b) MDM (c) HOI-Diff (d) CHOIS (e) Ours (ROG)

Figure 3. Qualitative comparisons. We use circles to highlight incorrect interactions, illustrating that our method can generate more realistic
and physically plausible interactions that align with the given text.

tact Percentage without increasing Collision Percentage, sug-
gesting more physically plausible contacts. Furthermore, the
increase in the MDev metric reflects improved synchroniza-
tion and consistency between human and object movements.
These results underscore the effectiveness of our relational
modeling approach in capturing complex spatiotemporal re-
lationships, guiding generated motions, and producing more
realistic and coherent human-object interactions.

4.3. Qualitative Results

We visualize the generated HOIs from each baseline, with
the results presented in Figure 3. Both InterGen and MDM
exhibit unnatural object movements and noticeable gaps be-
tween human and object contacts, significantly reducing the
realism of the interactions. While HOI-Diff [12] and CHOIS
[13] employ guidance mechanisms to direct human-object

interactions, each has inherent limitations. HOI-Diff relies
on fixed contact points between human and objects, perform-
ing well in scenarios with constant contact but struggling
in dynamic, multi-stage interactions such as the example
in Figure 3, where the human initially kicks a trashcan and
later picks it up and places it. This rigidity results in jitter
and unnatural motion. Similarly, CHOIS imposes guidance
exclusively on hand-object interactions, neglecting contact
from other body parts, and leading to incomplete modeling
of human-object dynamics. In contrast, our model excels
at generating coherent and natural interactions that capture
the evolving relationship between human and objects. This
adaptability allows our model to produce more realistic and
contextually appropriate interactions, demonstrating its ef-
fectiveness.
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Components R-precision↑ FID↓ Diversity→ FS↓ C% Coll% MDev↓
obj-kp IDF loss G Top-1 Top-2 Top-3

× × × 0.495 0.626 0.681 9.775 9.972 0.331 0.349 0.210 9.549
✓ × × 0.547 0.686 0.767 7.514 9.738 0.417 0.374 0.205 9.227
✓ ✓ × 0.666 0.817 0.879 5.726 8.915 0.415 0.424 0.194 7.020
✓ ✓ C 0.668 0.839 0.892 5.902 8.910 0.371 0.364 0.176 9.936
✓ ✓ D 0.706 0.835 0.902 5.119 8.863 0.349 0.466 0.200 5.815

Table 2. Ablation study on the FullBodyManipulation dataset [14]. Starting with the baseline, we incrementally incorporate three components
to evaluate their individual impact on HOI synthesis. ‘C’ denotes using a distance matrix that contains only the object centroid and human
joints, while ‘D’ represents using a full distance matrix that includes both object key points and human joints (our proposed setting).

Lift the clothesstand, move and put down the clothesstand. 

Lift the small table, move the small table and put down the small table.

Hold the white chair and turn it around to face a different orientation. 

(a) Ours w/o IDF loss & 
Guidance

(b) Ours w/o Guidance (c) Ours (ROG)

Figure 4. Ablation visual results. We systematically assemble the
model, starting from a basic baseline and incrementally adding our
innovative components.

4.4. Ablation Studies

To assess the contribution of each component in our pro-
posed ROG, we conduct a series of ablation experiments
by incrementally adding components to evaluate their indi-
vidual impacts. The results are summarized in Table 2 and
visualized in Figure 4.

Initially, incorporating object key points (obj-kp) into
the input provides a more comprehensive representation of
objects, thereby enhancing the realism of motion, as demon-
strated by improved FID score. Building on this, the in-
troduction of the distance loss function (IDF loss) further
optimizes the spatial relationships in human-object interac-
tions, resulting in better coordination. This improvement
is reflected in higher contact percentages, lower collision

rates, and improved MDev scores, while also enhancing
the alignment between generated motions and text prompts,
as indicated by higher R-Precision scores. Moreover, us-
ing the full distance matrix (D) significantly outperforms
both the centroid distance matrix (C) and the absence of
guidance, with superiority evident across metrics such as
semantic alignment (R-Precision), realism (FID), and others.
These results collectively underscore the effectiveness of in-
tegrating each component in enhancing performance across
multiple dimensions.

5. Conclusion and Limitations
In this work, we introduce ROG, a novel diffusion-based
framework designed to model the spatiotemporal relation-
ships inherent in human-object interactions with detailed
geometric precision. We begin by constructing an Interac-
tive Distance Field (IDF) that captures the dynamics of HOIs
by leveraging both boundary-focused and fine-detail key
points on the object mesh, ensuring an accurate representa-
tion of the object’s geometry. Building on this, we develop
a diffusion-based relation model to refine the IDF of the
generated motion, guiding the motion generation process to
produce relation-aware and semantically aligned movements.
Limitations include dataset constraints: excluded hand/finger
motions result in low-fidelity hand details.

Broader Impacts. Human-object interaction synthesis en-
hances applications such as virtual reality, computer anima-
tion, and robotics by enabling more immersive and realistic
experiences. To the best of our knowledge, this work has no
obvious negative social impacts.
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