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Aging a Face, Changing Expression, Adding Moustache and Glasses Age Progression

Model-free editing (no training step). Across a row: identity 1s preserved. Down a column: the desired attribute 1s added. Interpolation steps are smooth and produce stable videos.
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Data-driven Results

Attribute matching relates correlated attributes so
young men get dark facial hair and seniors get gray facial hair.

Deep Feature Interpolation (DFI)

Applies the feature space difference of two 1mage sets to the input image.
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Megapixel-scale Editing
Convolutional features work with any input size. Memory and processing time scale linearly.
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Conclusions

Attribute matching combined with a discriminative convolutional feature

Reverse mapping details

Minimize space 1s surprisingly good at editing the content of photographic images.
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