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A few techniques to optimize multi-task models

» Better proposal generator (supported by J3) » Dense prediction -> sparse prediction » Task head combination
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A few techniques to optimize multi-task models

» Better proposal generator (supported by J3) » Dense prediction -> sparse prediction » Task head combination
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A few techniques to optimize multi-task models

» Better proposal generator (supported by J3) » Dense prediction -> sparse prediction » Task head combination
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» Better proposal generator (supported by J3) > Dense prediction -> sparse prediction » Task head combination
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A few techniques to optimize multi-task models

» Better proposal generator (supported by J3) » Dense prediction -> sparse prediction » Task head combination
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