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1. Problem Statement 2. Contributions

* Markerless tracking systems provide 3D joint positions 1. Propose bone-aligned world rotations as a canonical, rig-agnostic,

o avatar animation requires joint orientations for skinning stable learning target for neural inverse kinematics

2. Introduce IK-GAT, a lightweight graph-attention neural network, to

* This position-to-orientation problem is under-constrained < _ , - _ _
recover joint orientations from positions using a hybrid approach

o twist around the bone is not determined by positions alone | | |
o learned stage recovers canonical bone-aligned world rotations

o analytic stage converts to rig-specific parent-relative local rotations
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Dense orientation recovery task. Given a set of N 3D joint Twist ambiguity problem. |dentical joint positions (blue
positions, compute N parent-relative local rotations that transform dots) are produced by any rotation around the bone axis (red). This
the 3D rig from rest pose to the articulated pose. makes the inverse problem ill-posed without strong priors.
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3(a). Method: Bone-Aligned World Rotations

Orientation recovery using IK-GAT. We use a two-stage inference pipeline to first recover canonical world rotations
using the learned neural network, followed by an analytical step to convert them to rig-specific local rotations.
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3(b). Method: IK-GAT Architecture : ;ngéé%
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SMPL benchmark and analysis. IK-GAT outperforms a dense transformer using 8.6x fewer parameters, with improvements

° I K'GAT USES S ke Ieta l 9 ra p h atte n tl on Wlth kl nem atl C p I’i ors, a con tl NUOUS 6 D mainly concentrated in distal bones (left-top), and remains robust under minor noise (left-bottom). Model behavior can be explained
r Ot at | on re p resen t at | on. an d g eo d es | C su p erv | S | on on S O ( 3) by visualizing the graph attention (right), showing that IK-GAT learns to look at related bones when predicting a given joint.

4(b). Results: Unreal Engine Benchmark
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6. Conclusions

SMPL-Based Animation Pipeline
Shape

 We demonstrate that it is possible to train a lightweight neural network for

KCGAT | the inverse orientation recovery task (or neural inverse kinematics) using:
- nference

SMPL

3D Joint
Tracking

o graph-based kinematic priors, and

Body Model

o more interpretable rotation frames.
» Pose 6

 We use our proposed method to demonstrate end-to-end applications with
Direct Game Engine Streaming SMPL and rigged game avatar animation.
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