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Abstract

The supplementary materials contain three parts. In the first
part, we provide additional visual results on the FullBody-
Manipulation and 3D-FUTURE datasets. Then, we conduct
more ablation studies on the the proposed method. Finally,
we discuss about the limitation of the proposed method and
future work.

1. Visualization Results

We visualize more experimental results in this part. In
Fig. 1, we provide additional visual results for objects from
FullBodyManipulation [3]. Besides, we visualize more
samples for objects from 3D-FUTURE [2] in Fig. 2.

2. Ablation Studies

To demonstrate the effectiveness of the newly introduced
modules in our method, we conducted the following abla-
tion experiments.

2.1. Ablation Study on Foot Correction

We divided the experiments into three groups: ours is our
proposed method, which is the same as Group C described
above; ours (without L) is the same as ours but without
the additional foot loss £y, during training; CHOIS is the
baseline method.

Table 2 and Table 1 shows the Hyee and FS metrics for
each group on two datasets.

Our foot floating and sliding penalties are crucial. As
shown in Table 1, after adding the foot floating and sliding
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Table 1. Hyeet | for each method on Fullbody and 3D-Futrue

Dataset ours  ours (without Ly,) CHOIS
Fullbody ~ 0.0353 0.0535 0.0363
3D-Futrue  0.0276 0.0433 0.0319

Table 2. FS | for each method on Fullbody and 3D-Future datasets

Dataset ours ours (without Ly,) CHOIS
Fullbody 2.98 4.56 3.28
3D-Future 3.12 4.67 3.70

loss penalties, there is a significant percentage decrease in
the average foot height off the ground and foot sliding met-
rics compared to the version without these penalties and the
baseline. Without the floating penalty, the foot height in-
creases, indicating severe foot floating issues. Meanwhile,
without the sliding penalty, the average frame-to-frame foot
translation during ground contact increases, indicating seri-
ous foot sliding problems.

2.2. implementation details

We provide a detailed description of our experimental setup
below.

» Hardware & Software: All experiments were performed
on a single NVIDIA RTX 4090 GPU with 64GB of mem-
ory, using an Ubuntu 18.04 operating system.

* Training Hyperparameters:

— Optimizer: AdamW

Learning Rate: 1 x 1074

Batch Size: 32

Training Iterations: 12, 000 (for fine-tuning)

Data Order: Random Shuffling



"Put the clothesstand hor?zonta”t{ down."

"Pull the largetable, and set it back down."

"Push the plasticbox, and set it back down.”
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Figure 1. Additional visual results given by competing method for objects from FullBodyManipulation dataset.

"Pull the largebox, and set it back down."

"Lift the floorlamp, move the floorlamp, and put down the floorlamp.”

‘Push the smalltable, release the hands,
then drag the smalltable, and set it back down."
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Figure 2. More visual comparison between the proposed method and the SOTA method on objects from 3D-FUTURE dataset.

* Diffusion Model Configuration: — Denoising Function: Prediction of xg
— Denoising Steps: 20 * Loss Coefficients: The composite loss function is defined
— Beta Schedule: ‘cosine’ with the following weights:



- h* =0.195, dtoe = 0.2, Sankie = 0.4

- Aps = 0.5, Aeet = 1, Ax = 0.5

- /\obj,kpt =1, Mbase = 1, Acontact = 1
¢ Other Components:

— CLIP Version: ' ViT-B/32’

3. Discussion

Although our method improves both efficiency and quality
of 3D human motion synthesis, several directions remain
worth exploring.

(1) Extension to multimodal conditions: The current
framework mainly relies on language descriptions and ob-
ject meshes as control conditions. Future work may con-
sider integrating multimodal sensory signals, such as in-
corporating audio rhythms for dance generation and hap-
tic feedback for fine manipulation, to build a richer control
system.

(2) Integration of physical simulation: To further en-
hance the physical plausibility of generated motions, future
research can explore combining physical simulation tech-
niques and applying more realistic physical laws to guide
human motion generation.

For future work, we aim to integrate physics-based simu-
lation [ 1] and reinforcement learning [4] to further improve
the physical realism and adaptability of HOI motion syn-
thesis. Incorporating differentiable physics engines could
allow the model to learn complex interactions and contact
dynamics directly, while reinforcement learning could en-
able the generation of motion sequences that better satisfy
task-level goals and constraints [5].
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