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Task & Motivation

Temporal Action Segmentation
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Challenges

« How to preserve fine-grained temporal dynamics under aggressive condensation?
« How to distribute condensation budget across segments of varying complexity?
« How to efficiently achieve high-fidelity reconstruction?



Approach

1) Action Modeling with Diffusion Model
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Approach

2) Adaptive Latent Trajectory Anchoring

Anchor Initialization: Adaptive Allocation:
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Approach

3) Decoding & Training
Decoding from latent anchors: &; = ®roo(T(2], x5 Ni),a,¢)

ldentical TAS loss for learning: Lias = Las(Z,y) + Alsm(2)

4) Computational Complexity
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More efficient condensation than optimization-based GNI



Results

Performance
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Significant improvements over
baselines

Close performance to the original
features



Results

Anchor Budget
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Increasing the anchor budget generally
improves the performance

The gains saturate beyond a moderate budget

Adaptive allocation is more effective than
uniform anchoring under smaller budgets

Adaptive Anchor Distribution
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Adaptive allocation is independent of the
action frequency

Longer actions tend to receive more anchors,
reflecting more need for finer grained
temporal coverage



Results

Choice of Action Models
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« GNI saturates with more latent codes,
indicating an expressiveness bottleneck.

Interpolation Space
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« Latent-space interpolation consistently
outperform feature-space interpolation.



Takeaways

Fine-grained Temporal Dynamics

Latent trajectory anchoring preserves fine-grained temporal dynamics through interpolation.

Condensation Budget Allocation

Adaptive anchor allocation distributes capacity according to segment reconstruction difficulty.

Efficient High-fidelity Reconstruction

Deterministic DDIM mapping enables high-fidelity reconstruction without iterative optimization.
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