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Momentum Adapt

Inspired by AuxAdapt, Momentum Adapt is an online unsupervised adaption

Previous Works
Changing Model Design Fine-tuning Pre-trained Model .

Motivation

In many situations, the semantic network might miss a particular object
method that improves the segmentation model's temporal consistency.
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because of imperfect conditions (e.g., noise, occlusion. etc.), which could !
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 Momentum Adapt has two identical networks. AuxNet is updated by back-
haove been avoided by considering the information from past frames. ' P P Y

: . _ ) propagation and momentum updates from the initial network. MainNet is
These misdetections can have catastrophic consequences in safety-

updated using momentum updates from AuxMet.

sensitive applications like self-driving cars.

Momentum Update are computed
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