MARS: Model-agnostic Biased Object Removal without Additional Supervision
for Weakly-Supervised Semantic Segmentation
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Experiments and Results
v SOTA performance on WSSS benchmarks.

Introduction to Blased Problem
v The FP iIs the most crucial bottleneck for WSSS methods.

Fully-automatic Biased Object Removal

v Overview of MARS. Our method consists of three stages:
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v USS feature clusterin

g separates biased and target objects.

Generating Debiased Labels (Sec. 3.3) Debiased Mask Debiased Label

Complementing Debiased Labels (Sec. 3.4)

with various WSSS and USS methods.
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Summary & Conclusion

v We first apply USS features to address the biased problem in WSSS.

v We present MARS that removes biased objects by utilizing USS features,
narrowing the performance gap of 53% between WSSS and FSSS.
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