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SeCVOS Experiment Results

* SeC consistently performs better across benchmarks, with more scene changes leading to greater improvements.
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Discussion

Does SeC progressively construct concept-level representation?

Method: Progressive Concept Construction

* SeC leverage the capability of LLMs to introduce concept-level features.
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* Concept Guidance only activate when the scene 1s changed and concept bank is updated dynamically. « SeC learns comprehensive concepts on the fly.

Pixel Level Association * Offline setting even makes the performance stronger.
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* Activating less than 10% of frames 1s sufficient; — . 622 618 626
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SeC 70.0 7.4 14.8
SAM 2 58.2 N/A 22.0

SeC 82.7 1.0 18.1
SAM2  78.6 N/A 22.0

Fixed Prompt Query Frame

Please segment the object | | S
in the last frame based on | G, | r - e &
’“*"J

=
oo

SeCVOS

the object labeled in the - . -
first several images. k| Decoder ;

SA-V

Concept
Embedding

J&F Scores
z 2
SAM2Long SAMURAI

Large Vision Language Model

10 20 30 40
ncept Guidance Ratio(/%)

SeC




	Slide 1

