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Motivation
Input: 2D image collection (different object, view, light, camera, etc.)

Output:  Generative 3D model

Contribution
1. Adversarial training of 3D generator with 2D discriminator 
that operates exclusively on widely available unstructured 
collections of images, i.e. no relation among images is known.
2. Family of differentiable rendering layers .
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Annotation-free - + + + + + +

3D template-free - - + + + + +

Unknown camera pose + - - - + + +

No pre-defined camera poses + + + + - - +

Only single view required + - - - - + +

Color + + + + - - +
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Algorithm: PlatonicGAN Reconstruction Update Step
1: IDat ← sampleImage(pDat)
2: ω ← sampleView(pView)
3: z ← E(IDat)
4: v ← G(z)
5: IView ← R(ω, v)
6: IFront ← R(ω0, v)
7: cDis ← logD(IDat) + log(1−D(IView))
8: cGen ← log(1−D(IView))
9: cRec ← L2(IDat − IFront)

10: Ψ ← maxmize(cDis)
11: Θ,Φ ← minimize(cGen + λcRec)
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