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Â
uv

11/29



Sym-UNet: Albedo completion module that leverages symmetry

Auv
m

Muv

⊕

Â
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Â
uv

Â
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flip

||1

11/29



Sym-UNet: Albedo completion module that leverages symmetry

Auv
m

Muv

X⊕

Â
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Â
uv

freeforminpainting

11/29



Sym-UNet: Albedo completion module that leverages symmetry

Auv
m

Muv

X⊕

Â
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Quantitative evaluation - MultiPIE Pose and Illumination
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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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