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* From food logging to personalized services * Different food may have subtle difference « Use ingredients to distinguish food
hidden in minor ingredients, sauces, and

* Food recognition from images is a key cooking methods * Align visual factors to ingredients

Food Recognition Under LUPI Paradigm
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« Partial heterogeneous transfer learns to compress and align « Only images are needed as input
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* A mapping from LY to ingredient prediction boosts information
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e Multiview decision fusion enables a refinement
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— Case Study 2: Performance in Feature Alignment — Case Study 3: Multiview Decision Fusion—
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