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Figure 1: The proposed deep fitting approach can reconstruct high quality
texture and geometry from a single image with precise identity recovery.
The reconstructions in the figure and the rest of the paper are represented
by a vector of size 700 tloating points and rendered without any special et-
fects. We would like to highlight that the depicted texture is reconstructed
by our model and none of the features taken directly from the image.
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Figure 3: Our approach is robust to occlusion (e.g., glasses), low resolution
and black-white in the photos and generalizes well with ethnicity, gender
and age. The reconstructed textures are very well at capturing high fre-
quency details of the identities; likewise, the reconstructed geometries from
3DMM are surprisingly good at identity preservation thanks to the identity
features used, e.g. crooked nose at bottom-left, dull eyes at bottom-right
and chin dimple at top-left
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e In this paper, we revisit optimization-based 3D face
reconstruction under a new perspective:
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e Instead of linear models, we use a GAN trained
with high-resolution UV maps as our statistical
representation of the facial texture.
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e Instead of primitive cost functions used in the Ours

literature based on low- and mid-level features
(e.g., RGB values, edges, SIFT), we propose a
novel cost function that is based on deep face
recognition network.

We replace physical image formation stage with a

Figure 2: A 3D face reconstruction is rendered by a differentiable renderer (shown in purple). Cost functions are mainly
formulated by means of identity features on a pretrained face recognition network (shown in gray) and they are optimized
by tlowing the error all the way back to the latent parameters (ps, pPe, Pt, Pc, Pi, shown in green) with gradient descent
optimization. End-to-end differentiable architecture enables us to use computationally cheap and reliable first order
derivatives for optimization thus making it possible to employ deep networks as a statistical model and as a cost function.
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differentiable renderer to make use of first order
derivatives (i.e., gradient descent).
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e Cost Functions:

o Texture GAN (G(p;) : R?12 — REXWxC .,

A Progressive Growing GAN [1] is trained with
10,000 high resolution textures as our texture

e This is the first time that GANs are used for
model fitting and the proposed approach shows
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