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Upsampling Residual Layer
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Feature reconstructiom loss:
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Style reconstruction loss:
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Fig. 4. Similar to [10], we use optimization to find an image j that minimizes the style
reconstruction loss ff,‘;,c(g},y) for several layers j from the pretrained VGG-16 loss
network ¢. The images 7 preserve stylistic features but not spatial structure.

Total reconstnuctionlosss

Feature reconstruction loss + Style reconstruction loss + Total variation  regularization
(For denosing)
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