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A brief survey

GFC (CVPR, 2017)
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A brief survey

SymmFCNet (TIP, 2020)
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A brief survey

PartialConv, Nvidia (ECCV, 2018)
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A brief survey

DeepFill, Adobe (ICCV, 2019)
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A brief survey

PICNet (CVPR, 2019)
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A brief survey

DSA (CVPR, 2020)
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2D based FC models may fail when
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Sym-UNet: Albedo completion module that leverages symmetry
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Qualitative evaluation - Shape deformation
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Quantitative evaluation - CelebA-HQ Dataset
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Qualitative evaluation - MultiPIE Pose
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Quantitative evaluation - MultiPIE Pose and lllumination
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3D completion and view synthesis
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Effect of iterative refinement

Groundtruth [terl lterl-GT [ter2 lter2-GT  lter2-lterl

® ® Coarse inpainting leads to finer 3D modelling, which

5 leads to finer inpainting
4
33.5.

® We hypothesize that the stagnation (or slight dip)
after Iter2 is because of worse pose estimation
33 Iterl Iter2 Iter3 lIter4 Iter5 lIter6

PSNR (dB)
w

® Two iterations are sufficient
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Effect of Sym-UNet and the symmetry loss

Input Groundtruth

27/29



Effect of Sym-UNet and the symmetry loss

Input Groundtruth NoSym Model

27/29



Effect of Sym-UNet and the symmetry loss

Input Groundtruth NoSym Model NoSym+Attn

27/29



Effect of Sym-UNet and the symmetry loss

Input Groundtruth NoSym Model NoSym-+Attn  Full Model ~ Full-NoSym

27/29
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Conclusions

Face completion using explicit 3D priors leads to geometrically and photometrically
better results

Our method efficiently leverages facial symmetry

Qualitative and quantitative improvement in face completion under diverse
conditions of shape, pose, illumination, etc

Limitations:

® Completes only the face region, excluding inner mouth
® Resolution is limited by the resolution of the 3D mesh
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Explicit 3D and

Symmetry Priors

Thank you.
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