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 Examining how errors related to computational color constancy can «  We use the same number of iterations for fair comparisons CIFAR-10 (diff. WB) 0-66A-0.80 (1 ~13%) 0751 A:0.86 (1 6-9%) 077 AQ87 (1 7-11%) | 52 0.79 | A: 0.89 (1 9-13%)
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