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A Introduction

This supplementary document provides additional details and analysis of our proposed method. In
Section B, we provide a more comprehensive review of related work. Section C includes more details
about our method. In Section D, we describe implementation details and experimental settings, and
provide further ablation studies to validate our design choices. Section E provides deeper analysis of
the generated motions and showcases various capabilities enabled by our method. Finally, Section F
discusses more limitations and broader impacts of this work.

We provide a supplementary video that demonstrates the capabilities of our method, comparisons with
baseline approaches, and visualizations from ablation studies. In addition, we offer a supplementary
webpage that presents high-resolution visualizations of all generated motion sequences.

B Additional Related Work

Motion generation. Human motion generation is a long-standing research problem [21, 74, 57–
59, 13, 60, 6, 65, 83]. Recent approaches adopt a wide range of neural architectures, including
Mixture of Experts (MoE) [22, 74], recurrent neural network [42], transformer [62, 15, 50], and
Mamba [12, 81]. To enhance motion diversity and realism, various generative paradigms have been
explored, such as generative adversarial networks [11, 31], normalizing flow [27, 17], variational
auto-encoder [26, 50, 16], VQ-VAE [53, 77, 23, 80, 36], diffusion models [19, 60, 78, 7, 70, 69, 1]
and mask modeling [3, 14]. With the availability of the large-scale datasets [51, 40, 32, 13, 33],
motion generation has been conditioned on diverse modalities such as text [77, 14, 5], music [61],
and audio [4]. In parallel, physics-based methods [47, 48, 37, 54] have enabled simulated humanoids
[41] to perform various motor skills [73, 84, 66] through reinforcement learning. Several recent
works [49, 68, 71, 9, 72, 39] learn latent representations of human motion that support skill reuse.

Diffusion noise optimization. Diffusion models [19] have shown great success in various generative
tasks [20]. To better control the generation process, classifier guidance [8] and classifier-free guidance
[18] have been proposed. SDEdit [43] enables image editing by injecting noise into the reverse
stochastic differential equation (SDE) process. DOODL [63] introduces an optimization-based
approach that directly updates the input noise of diffusion models by leveraging the invertible
ordinary differential equation (ODE) [64]. This framework has been extended to other domains
such as music generation [45]. In the motion domain, DNO [24] applies this idea for body-only
motion editing, while ProgMoGen [34] uses LLMs [46] to select constraints and performs noise-space
optimization for open-set motion control. However, these works are limited to body motion. In
contrast, our work tackles the more complex setting of whole-body manipulation of articulated
objects. We perform coordinated optimization over three diffusion models specialized for the body,
left hand, and right hand, enabling coherent and physically plausible motion across the whole body.

C Method Details

We adopt a RoPE-based encoding scheme for object motion, inspired by 6-DoF CaPE [28], to
effectively capture the temporal dynamics of objects.

Given the object pose at i-th frame, we could use Pi to denote its 4× 4 transformation matrix:

Pi =

[
Ri ti
0 1

]
, (1)

where Ri is the rotation matrix and ti is the translation vector. The relative position embedding
function π(v,P) should statisfy the following properties:
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where v is the position embedding. Under this constraint, the attention between two transformed
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Therefore, the relative embedding function can be implemented as π(v,P) = ϕ(P)v, where the
transformation ϕ(P) is defined as:

ϕ(P) =


Ψ 0 · · · 0

0 Ψ 0
...

... 0
. . . 0

0 · · · 0 Ψ

 ,Ψ =

{
P if key
P−⊤ if query

(6)

Here, the embedding dimension is assumed to be divisible by 4, and Ψ is either P or P−⊤ depending
on whether the input is a key or query.

This formulation allows each frame’s object pose to attend to others within a temporal window using
relative transformations, enabling more expressive modeling of object trajectories compared to simple
velocity inputs. Following [55], we restrict the attention window to 120 neighboring frames during
training and inference.

D Implementation Details

D.1 Training details

Transformer Encoder

Linear projection

Linear projection

Linear projection

(b)

Transformer Encoder

Linear projection

Linear projection

Linear projection

(a)
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Transformer Encoder

Linear projection

Linear projection
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Figure 1: Model architecture. (a) The object motion diffusion model. (b) The end-effector
trajectories diffusion model. (c) The body motion and hand motion diffusion models.

Model architectures. We adopt a transformer-based diffusion architecture [62, 19], similar to MDM
[60], for all models in our framework, as illustrated in Figure 1. The object motion diffusion model
is shown in Figure 1 (a). The condition C includes the initial object pose, text CLIP [52] feature,
and object BPS [79] at idle pose. t denotes the diffusion timestep. They will be processed by a
linear projection layer to the embedding space and added to the nosiy motion embedding. The end-
effector trajectories diffusion model is shown in Figure 1 (b). The difference here is the frame-wise
condition γ, which inlcudes object geometry embedding and object global trajectories, would be
added frame-wise to the noisy end-effector embedding. We also use a RoPE-based representation
in this transformer to capture relative object trajectories of each frame. The body motion and hand
motion diffusion models are shown in Figure 1 (c), which is an unconditional diffusion model, covers
the motion manifolds. All diffusion models are 8 transformer encoder layers, with 4 attention heads
and 512 hidden units, and the feed-forward layer has 1024 hidden units.

Network training. For object motion and end-effector trajectories diffusion models, we train them
for 500 epochs with batchsize 32 and AdamW [35] optimizer, with a learning rate 1 × 10−4. For
body motion and hand motion diffusion models, we train them for 2000 epochs with batchsize 128
and AdamW optimizer, with a learning rate 1× 10−4. All diffusion models use 1000 sampling steps
during training [19], with a variance schedule increasing from β1 = 0.0001 to βT = 0.02 using
the cosine schedule [44]. At inference time, we accelerate sampling for object motion and fingertip
distance generation using DDIM [56] with T = 100. All our experiments are conducted on a single
NVIDIA A100 GPU.
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D.2 Optimization details

End-effector trajectories generation. Given the generated end-effector BPS, we use the Adam
[25] optimizer with a cosine-decayed learning rate 0.05 for 800 steps to calculate the end-effector
trajectories.

Whole-body motion generation. During inference, we perform noise optimization using DDIM
[56] with T=10 for 800 steps and a cosine-decayed learning rate 0.05, following the DNO [24]
strategy. The optimization loss with different weights λee, λpen, and λreg is as follows:

L = λeeLee + λpenLpen + λregLreg, (7)

where Lee, Lpen, and Lreg are the end-effector tracking, penetration, and regularization losses. For
first 300 steps, we set fingertip part as zero and only use the wrist targets, as the body motion might
be very different from the generated end-effector trajectories, with λee = 1, λpen = 0, λreg = 0. For
300 to 500 steps, we optimize with all end-effectors, and set λee = 1, λpen = 0, λreg = 0. For 500
to 800 steps, we enable the penetration loss and regularization loss, and set λee = 1, λpen = 5.0,
λreg = 1.0.

D.3 User study details

Figure 2 shows the user study webpage. We conduct a user study using 22 sequences, covering 11
articulated objects from the ARCTIC dataset, with two motion sequences per object. A total of 16
participants completed the study anonymously. For each sequence, participants were asked to rank
the generated motions from different methods based on motion quality and physical plausibility.

D.4 More ablation study and details

Ablation study implementation details. We present more details about the implementation of each
variant in the ablation study. (a) A single model to jointly predict object motion and end-effector
trajectories. In our proposed pipeline, we utilize different models for object motion and end-effector
trajectories. Instead, we train a variant where a single model predicts both object motion and end-
effector trajectories. The difference is that in our pipeline, the input of the end-effector trajectory
model includes the frame-wise object geometry embedding, as the object geometry of articulated
objects is dynamic and changes over time. (b) Predicting the relative coordinate of end-effectors
to the object center without end-effector BPS. In this variant, we directly predict the coordinate of
end-effectors in the object coordinate system. This variant validates our design of using end-effector
BPS to represent the end-effector trajectories. (c) Using object velocity and rotational velocity as
the trajectory input without RoPE-based representation. This variant is to validate the effectiveness
of the RoPE-based representation of object trajectories, which could capture the relative object
trajectories in a local temporal window of each frame. (d) Removing the optimization process and
using a conditional diffusion model with fingertip trajectories as input. This variant is to validate the
effectiveness of the optimization process, which could generate more realistic whole-body motion. (e)
Using a single diffusion model for the entire body without the decoupled body-hand representation.
This variant is to validate the effectiveness of the decoupled representation. (f) Excluding the
AMASS [40] dataset during training the body motion model. This variant validates the effectiveness
of including more body data (the AMASS [40] dataset) for training the body motion model. (g)
Replacing the end-effector representation with a distance field [75]. This variant validates the effect
of different distance-based representations. Both encode trajectories as distances, but the distance
field uses a fixed voxel grid instead of a basis point set. (h) Conditioning the hand motion diffusion
model on object trajectories. This variant validates the impact of training a conditional model instead
of a pure prior, examining whether explicit conditioning on object motion affects coordination quality.

More ablation study. We present more ablation study results in Table 1. (i) w/ VAE. We replace the
diffusion model with a VAE and optimize the VAE latent space instead. This variant is to validate
the effectiveness of the diffusion noise space. (j) w/ Guidance. We replace noise optimization with
a guidance strategy in the diffusion process. This variant is to validate the effectiveness of the
optimization strategy.

4



User Study Instructions
For each question, you will see one video containing four motion clips (A, B, C, D). Please rank them based on:

Motion Quality: smoothness, realism, style consistency
Physical Plausibility: balance, force realism, no impossible motions

You will assign a Best, Second Best, and Third Best for each aspect.

Question 1 - A person uses the box.

🔹  Motion Quality

The best:
--Select--

Second best:
--Select--

Third best:
--Select--

🔹  Physical Plausibility

The best:
--Select--

Second best:
--Select--

Third best:
--Select--

Figure 2: User study interface. The webpage of our user study, where participants are asked to rank
the generated motions based on motion quality and physical plausibility.
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Table 1: More ablation study on the ARCTIC [10] dataset. The right arrow → means the closer to
real motion the better. The best and second-best results are highlighted green and yellow, respectively.

Methods FID↓ R-Precision↑ Diversity→ Foot skating↓ IV↓ ID↓ CR↑
Real − 0.531 8.664 0.002 4.68 11.47 0.085

(i) w/ VAE 5.082 0.430 6.717 0.032 6.28 12.79 0.090
(j) w/ Guidance 11.737 0.242 4.506 0.775 16.88 16.36 0.009

Ours 2.283 0.477 7.208 0.002 5.25 12.87 0.086

Table 2: Ablation study on the optimization steps.
Steps FID↓ R-Precision↑ Diversity→ Foot skating↓ IV↓ ID↓ CR↑
Real − 0.531 8.664 0.002 4.68 11.47 0.085

400 3.750 0.453 7.025 0.002 5.46 12.38 0.086
1200 2.264 0.445 7.305 0.001 5.42 13.22 0.087

Ours (800) 2.283 0.477 7.208 0.002 5.25 12.87 0.086

We further investigate the effect of the optimization steps on the performance. As shown in Table 2,
with more optimization steps, the performance is improved. But 800 steps obtains similar performance
to 1200 steps. So we set 800 steps as the default optimization steps.

We also analyze the effect of the BPS number on the performance. Previous work [30, 29] use 1024
points for the BPS. As shown in Table 3, increasing BPS number obtains similar performance in our
setting.

E More Analysis

E.1 Generalization to different object geometry

To validate the generalization to different object geometries, we train the object motion and end-
effector trajectory models on the hand-only dataset [82]. Following previous work [82, 76, 79], we
use 7 training and 3 testing objects. Thanks to our multi-stage design, the optimization only relies on
the object motion and end-effector trajectories. Therefore, our method could generate whole-body
motion, as shown in Figure 3.

E.2 Object motion control

To enable controllable object motion, we apply diffusion noise optimization to the object motion
generation model by specifying keyframe object poses as targets. As shown in Figure 4, our method
successfully generates manipulation sequences where the object is guided to reach the desired poses,
producing plausible whole-body interactions.

E.3 Simultaneous locomotion and manipulation

We demonstrate simultaneous locomotion and manipulation in Figure 5. Starting from the generated
object motion, we manually add horizontal translation to simulate object movement in different
directions. This translation is then set as the root position target in the optimization process. Our

Table 3: Ablation study on the BPS number.
BPS number FID↓ R-Precision↑ Diversity→ Foot skating↓ IV↓ ID↓ CR↑
Real − 0.531 8.664 0.002 4.68 11.47 0.085

1024 2.483 0.430 7.471 0.003 4.98 12.22 0.091

Ours (256) 2.283 0.477 7.208 0.002 5.25 12.87 0.086
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Figure 3: Generalization to different object geometry. We train the object motion and end-
effector trajectory models on hand-only data [82] with different object geometries. These models are
integrated into our framework to provide optimization targets, enabling realistic whole-body motion
synthesis for unseen object geometry.

Figure 4: Object motion control. Our method could generate coherent whole-body motion with the
object motion keyframe. The blue object indicates the object motion keyframe.

a) Walk forward b) Walk backward

c) Walk to the right d) Walk to the left

Figure 5: Simultaneous locomotion and manipulation. Our method enables the human to manipu-
late objects while simultaneously a) walking forward, b) walking backward, c) walking to the right,
and d) walking to the left. The transparency of the meshes indicates time progression, where more
transparent frames correspond to earlier frames.

7



method successfully produces whole-body motions that combine manipulation with walking forward,
backward, left, and right. Notably, such combinations are not present in the ARCTIC [10] dataset,
which only features manipulation while standing still.

E.4 Text-based control

A person grabs 
the microwave.

A person uses 
the microwave.

Figure 6: Text-based control on the ARCTIC dataset. Given different textual instructions (e.g.,
“grab the microwave” vs. “use the microwave”), our method generates distinct interaction behaviors
that reflect the intended mode of manipulation.

On the ARCTIC dataset. Due to dataset constraints, most interactions fall into two primary modes:
(1) grasp mode, where the articulated object is treated as a rigid object and manipulated without
actuating its joints, and (2) use mode, which involves interacting with the object along its articulation
axes, such as opening or closing. As shown in Figure 6, our method is capable of generating distinct
interaction behaviors aligned with different textual instructions like “grab the microwave” and “use
the microwave,” effectively capturing the semantic difference between these two modes. Although
Text2HOI [2] provides rule-based annotations for left- and right-hand actions, they often result in
very short sequences, making it difficult to generate temporally coherent long-horizon interactions.
To support longer and more natural sequences, we instead use pre-defined text templates to assign
instructions at the sequence level.

The person passes 
the camera.

The person takes picture 
with the camera.

Figure 7: Text-based control on the GRAB dataset. Given different textual instructions (e.g., “passe
the camera” vs. “take picture with the camera”), our method generates distinct interaction behaviors
that reflect the intended mode of manipulation.
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On the GRAB dataset. Figure 7 shows the results on the GRAB dataset. Our method generates
different interaction behaviors in response to different instructions, such as “pass the camera” and
“take a picture with the camera,” demonstrating the model’s ability to interpret and act upon textual
input.

E.5 Diverse results

Sample 1:
A person uses the laptop.

Sample 2:
A person uses the laptop.

Figure 8: Diverse results. Our model generates different motions from identical text prompts,
illustrating diversity in interaction synthesis.

Our model is capable of generating different human-object interactions conditioned on the same
textual instruction. As shown in Figure 8, even with identical prompts, the resulting motions vary in
execution, demonstrating the model’s ability to capture multiple interaction patterns.

E.6 Deployment on simulated humanoids

Figure 9: Deployment on simulated humanoids. We apply existing motion tracking techniques
to deploy the generated motion to a simulated humanoid. The articulated object is physically
manipulated by the humanoid within the physics simulator [41].

As shown in Figure 9, our generated whole-body motion can serve as a reference for controlling
humanoids in physics-based simulators. We apply physical motion tracking methods [47, 37, 67] to
track the synthesized motions. The humanoid is able to physically interact with objects and perform
coordinated manipulation behaviors in the simulated environment.

E.7 Generating whole-body motion from hand-only dataset

We demonstrate that our framework can generate whole-body motion from hand-only datasets.
Specifically, we use the object trajectories provided by the dataset, and extract the end-effector
trajectories (fingertips and wrists) as optimization targets. Our method only requires 3D positions of
the fingertips and wrists, without the need for full joint rotations or detailed hand mappings, making
it easier to apply. As shown in Figure 10, our method successfully produces realistic whole-body
motions aligned with the provided hand-object interactions.
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Figure 10: Generating whole-body motion from hand-only dataset. We use the fingertip and
object trajectories from the dataset and assign them as the optimization targets. After the optimization,
we could get the whole-body motion.

Table 4: Inference time.
Module Object motion End-effector Whole-body motion

Time 0.52 secs 3.66 secs 16.93 mins

E.8 Inference speed

Table 4 presents the inference time of each module in our pipeline. All results are measured on a
single NVIDIA A100 GPU, generating a motion sequence of 300 frames. The majority of the time
cost comes from the whole-body motion optimization process, which involves iterative diffusion
sampling and gradient-based updates. Although slower than feed-forward models [30], this process
enables high-quality, physically plausible whole-body interactions.

E.9 Visualization of optimization process

Step=0 Step=100 Step=300 Step=500 Step=800

Figure 11: Visualization of optimization process. We visualize the optimization process in the
optimization process. The blue points indicate the optimization targets while the red lines indicate
the error.

We visualize the optimization process in Figure 11. In the early steps, the body motion has rapid
adjustments to align with the wrist trajectories. As optimization progresses, finer adjustments appear
in the finger motions. By the final steps, the motion satisfies the end-effector targets while minimizing
hand-object penetration, resulting in realistic and physically plausible interaction.

F More Discussions

F.1 Limitations

The optimization process is relatively slow compared to feed-forward generative models such as
MDM [60], which may hinder real-time deployment or interactive applications. Reducing inference
time while maintaining quality remains an important direction for future work.

Due to the limited diversity of object categories in current datasets like ARCTIC [10], our model strug-
gles to generalize to novel objects with significantly different geometries, topologies, or manipulation
affordances. Our method only considers the rotational articulated objects, but other manipulation
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tasks, such as pushing or pulling, are not considered. Scaling to broader object types would require
more diverse and high-quality motion data.

Our current framework focuses on single-object manipulation. Extending it to multi-object scenarios,
such as opening a drawer and retrieving an item, or performing sequential multi-step tasks, poses
both modeling and optimization challenges and remains an open problem.

Our method does not explicitly model obstacle avoidance. While the resulting body and hand motions
are physically plausible, the character may occasionally intersect with surrounding geometry in
cluttered or constrained scenes. Enabling both the fingers and the full body to reason jointly about
nearby obstacles and environment geometry is an important direction for improving interaction
realism.

Our text conditioning is currently limited by the simplicity of available annotations. While Text2HOI
[2] provides rule-based captions for hand-object interactions, they are typically segmented into
short atomic motions, whereas we aim to model longer and more coherent manipulation sequences.
Developing richer textual annotations and grounding them to temporally extended actions is a
promising avenue for future work.

Our method primarily focuses on manipulation tasks, with the body posture adapting naturally to
support the behaviors. However, some interactions require direct contact between the object and
other body parts, such as pressing a box against the torso or holding an item between the arm and the
body. Modeling such whole-body contact behaviors remains largely unexplored and could further
expand the expressiveness of interaction generation.

F.2 Broader impact

Our method can be used to create a realistic manipulation sequence, which could be rendered as a
video. It also has the potential to be transferred to humanoid robots [38]. Therefore, our method has
a potential positive social impact to help build the development of character animation and humanoid
robotics.
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