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Motion Interpolation in Animation Processes

Keyframes: The definitions and timings of motion details, in the form of key poses.

(a) (b) © A N

Interpolation: To fill the temporal gaps Common interpolation algorithms:

between keyframes
a) Constant

(a)
(b) Linear interpolation (a.k.a. LERP)
(c) Quadratic/polynomial functions
(d) Bezier/spline functions



Refining Keyframed Motions

Motion features only exist when defined by a keyframe

+ Greater control over final motion

- Burden on animator manpower to
define all details

- High cost for detail-heavy styles, notably
realistic motions.

- Destructive keyframing process:
Early mistakes = Start-over for refining

We can automate this process using learned interpolation




Transformer was built for Discrete Data

Existing masking approaches do not address the continuous nature of motion data

Monolithic masking!" LERP masking [213]

- Discrete representation + Continuous representation, however

- Poor predictive precision Provides a trivial local minimum
- Discontinuous input — Smooth continuous - Over-reliance on LERP pattern
output
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Our approach: Implicit manifold learning

Manifold: Smooth high-dimensional surface representation for masks

Three-stage process:
(D Keyframe encoding — ) Initial manifold estimation — 3 Constrained manifold & refinement
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Initial Manifold Estimation

Context-guided attention

- Query: Sinusoidal positions of intermediate frames
- Key & Value: Stage-1 embeddings map a latent subspace on temporal axis

- Self-attention is removed to increase independent feature variety
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Manifold Control & Refinement

Reformulation FFN

- Transforms Stage-I encodings — equivalent Stage-II manifold elements

- Enables Stages I &II to cooperate
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Sequence-level Re-centreing (Seq-RC)

Transformer models normalise feature vectors using LayerNorm

- Token-wise normalisation disables consistent feature magnitudes in continuous sequences

Instead, we propose sequence re-centreing + RMSNorm!! to preserve feature magnitudes
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Consistent improvement across all metrics

Our method outperforms all SOTA approaches in all major metrics:

- L2P: Global joint position L2
- L2Q: Global joint quaternion rotation L2

- NPSS: Fourier-based visual similarity

L2P L2Q NPSS

KF interval 5 15 30 5 15 30 5 15 30

LERP 0.178 0.837 1.327 0.146 0.544 0.779 0.073 0.304 0.642
BERT!Y 0.277 0.886 1.331 0.222 0.584 0.803 0.092 0.280 0.602
TG omplete” 0.299 0.854 1.391 0.244 0.608 0.923 0.136 0.401 0.628
MAER! 0.275 0.737 1.123 0.262 0.536 0.757 0.111 0.299 0.585
A-interpolator!®! 0.209 0.823 1.313 0.158 0.492 0.770 0.091 0.267 0.638
Our method 0.151 0.557 0.940 0.163 0.455 0.677 0.052 0.216 0.450
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Summary

This research work claims three contributions:

1) Transformer-based manifold learning architecture for motion interpolation
2) Sequence-level re-centreing for continuous feature representations

3) Comparative & ablation study of our method vs SOTA & various settings



