HErE At EES
Korea Computer Graphics Society

Vol. 32, No. 4, P. 79~89

=0

AALDT AARA L) SHAZE 5
Bl

a9

=
ox

ot

—

=9 7|5t A E 24 B4

A

ghopeyala Aurelelel A E 4L ES ojsk

{c00oast, gang31115, taesoo} @hanyang.ac.kr

Physics-based Character Motion Generation through Unified Prediction of

Single-Rigid-Body Dynamics and Full-body Pose

Geonwoo Kim° Gangrae Park

Taesoo Kwon*

Department of Computer Science, Hanyang University

oF
o}

e}

7]Z¢] Single Rigid Body(SRB) 715t 7€ €] Alo]& &
body motion reconstruction)©] 2] o] ¢Jof X|&£ A
Ho] ZA)3t) B =B AL o] 83t 3HA
S Ao of| &5 2] 7|4t AR Y E B A T

701-

Ak At

o] OJ E_E_

A S 5
AL JSsAe "ot

Abstract

agde %

[e]

FE4o] 3] 7 (post-processing) ] -2
H& =S55H7] 915t SRBO| 5ot AH e} %
Al Qreteh. ARt e
o2 T H A RS Yo g ol th-g L9 o] SRB BH, th Y
| &3tct. ”fé A}, Aorsh el Q)T 7]E SRBTrack X th

Z+Z|HE, SRB A o] <} - (full-
o|E4L gtk 31
AAZ shte] ol
93= A2 SRB AE], AR A A Abe|,
10] A4 B AA), The Ll o]
we oy o=

A4 B4

il

JA] 21

! oo

2 ZH(motion prediction error)2}

Existing Single Rigid Body(SRB) based character control methods achieve high robustness and computational efficiency by

decoupling SRB control from full-body motion reconstruction. However, the quality of the resulting motion heavily depends

on a computationally expensive post-processing stage. To address this limitation, we propose a physics-based character motion

generation framework that simultaneously predicts SRB-level dynamics information and full-body pose information within a

single policy. The proposed framework takes the current SRB state, the current full-body state, and future reference motion as

input, and jointly predicts the SRB target, the full-body target pose, and the foot contact state for the next timestep. Experimental

results show that the proposed framework achieves lower motion prediction error and higher FPS than the existing SRBTrack,

demonstrating its potential for real-time applications.
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2 Related Work

2.1 Kinematic-based Character Animation
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2.2 Physics-based Simulation
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2.4 Simplified Character Models and SRB-based
Control
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Figure 1: Overview of the proposed framework.
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4.2 Unified SRB and Full-body Policy
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Figure 2: SRB model and full-body model.
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4.3 Reinforcement Learning Formulation
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Table 1: Reward weights used in the reinforcement learning envi-
ronment.

Symbol Value Description

Wes 0.1 Contact-state prediction loss weight

Wy 50.0  Full-body pose prediction loss weight

Wy 0.01  Action regularization loss weight

Wy, 0.3  Pose-error weight

We 0.0  End-effector error weight

Wet 1.0 Contact-timing error weight

wy 0.1 Full-body tracking error weight

Wp1 50.0  Relative position error weight

Wp2 30.0  Relative orientation error weight

Wp3 600.0  Absolute position error weight

Wp4 50.0  Absolute orientation error weight
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10, otherwise.
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4.4 MMIK-based Full-body Motion Refinement
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Figure 3: Qualitative results for different tasks: walking, running,
and jumping from top to bottom.

S Experiments
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5.3.1 Full-body Motion Accuracy Compared to SRBTrack
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Method Joint position error (cm) | | Motion jerk (cm/frame®) | | Foot skating error (cm) |
SRBTrack w/o MMIK 18.6833 3.1249 2.3155
Ours w/o MMIK 10.7494 2.2991 1.8447
SRBTrack + MMIK 18.2154 1.7356 1.8029
Ours + MMIK 8.3116 0.8369 1.5419

Table 2: Quantitative comparison between SRBTrack and Ours with and without MMIK.

Table 3: Runtime comparison of SRBTrack and Ours.
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5.3.2 Runtime Efficiency Compared to SRBTrack + MMSTO
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6 Conclusion
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