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Task & Motivation

Approach

Temporal Action Segmentation

« Temporally segment untrimmed
procedural videos and assign frame-

Untrimmed Procedural Video

1) Action Modeling with Diffusion Model
Model actions with Diffusion conditioned on:

Adaptive Latent Trajectory Anchoring for
Action Segmentation Dataset Condensation
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2) Adaptive Latent Trajectory Anchoring

Anchor Initialization: Adaptive Allocation:
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3) Decoding & Training

Decoding from latent anchors:  &; = ®7_,o(Z(z] , z;
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than uniform anchoring under smaller
 Significant improvements over baselines budgets

« Close performance to the original features

* Equal Contribution

Acc Edit F1@l0 F1@Q25 F1@50

Latent-space interpolation consistently
outperform feature-space interpolation

GNI saturates with more latent codes,
Indicating an expressiveness bottleneck.

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



