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Training Multi-Task TAS Models from Single-Task Videos

ig
Foreground-Aware @ Pt AN action
Action Refinement L/ probabilities
d Pt

Domain Adaptive MT-TAS

Overview

Multi-task Sequence Blending (MSB) » Leverage unlabeled multi-task videos for domain adaptation

» Create realistic multi-task sequences by asking LLM whether to switch tasks or not * Add a domain classifier with Gradient Reversal Layer (GRL)
to encourage indistinguishable features across domains

* Traditional Temporal Action Segmentation (TAS): single-task per video
* Multi-Task Temporal Action Segmentation (MT-TAS): segment
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Effects of Domain Adaptation (DA) for Offline MT-TAS Effects of Domain Adaptation (DA) for Online MT-TAS
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Dynamic Isolation of Video Elements (DIVE)
m « Disentangle foreground and background regions by detecting action-relevant objects - .
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“What are the relevant objects necessary for performing the step

/” transfer water to kettle?”

(0]
o
1

-
R Foreground | £) 'Y ﬂ

' .
-
»
»
- i
- . I -
F ) ;
: 7 B » /. P
@ ;
<«
- 4

“Kettle and measuring cup.” @ Forearound % é
Challenge 2: complex scenes with objects from multiple tasks Action: transfer water to kettle  J=ouecs Frame 57
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Qualitative Results

Qualitative Analysis of FBFC
Nearest Multi-Task Frame

Foreground-Background Feature Composition (FBFC)
» Learn to reconstruct original feature from foreground and background features
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» Mix backgrounds from different tasks during trairﬁing to improve generalization
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Challenge 3: lack of multi-task data for training and evaluation

Multi-task Sequence Blending &

MEKA Dataset
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Foreground-Aware Action Refinement (FAAR) ) o] o] Boede
* Apply a light-weight TAS model on foreground frames and combine with initial predictions . e ;
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single-task TAS dataset EgGoPER (Lee et al. CVPR’24)

« MEKA provides multiple modalities: RGB, depth, audio, eye gaze, ,
and hand tracking. I e ro a e ry e

@ Used only during training @ Both training and inference
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Offline TAS model: MSTCN Offline TAS model: FACT Online TAS model: ProTAS . Tporel . . . .
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