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Abstract

e We propose a novel end-to-end adversarial G G(x)
training framework to generate photorealistic oMM . Dr
face images of new identities constrained by ia ‘
synthetic 3DMM images with identity, pose,  Opose.
illumination and expression diversity. The re- 2
sulting synthetic face i isually plau- — C sec
g synthetic face images are visually plau De Setbased Loss

sible and can be used to boost face recognition
as additional training data or any other graph-
ical purposes.
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Figure 3: Random samples from GANFaces dataset. Each row belongs

We propose a novel semi-supervised adver- . . . L : . . . .
pTop P Figure 1: Our approach aims to synthesize photorealistic images (G (x)€R ) conditioned by a given synthetic image (x€S) by 3DMM. It regularizes to same identity. Notice the variation in pose, expression and lighting.

sarial Style transfer appI'OaCh that trains an cycle consistency [1] by introducing an additional adversarial game between the two generator networks (G, G”) in an unsupervised fashion. Thus
inverse mappmg network as a discriminator the under-constraint .cycle loss is supervised to have correct matching between the tw.o.domains by a limitgd numbe? pf paired data (s € Ps,r €
Pr ). The generator is also encouraged to preserve face identity by a set-based supervision through a pretrained classification network (C).

with paired synthetic-real images.

Proposed Adversarial Identity Generation from 3DMM

We employ a novel set-based loss function to
preserve consistency among unknown identi-
ties during GAN training.

e Synthetic images (x € S) of new IDs are ren- e Adv. Pair Matching with modified BEGAN
dered by sampling from a 3DMM with random
pose, expression and lighting attributes

~ . (a) 3DMM inputs (b) simGAN [4] (¢c) CycleGAN [1] (d) Reconstruction Err.
- G /(R — S ) network functions as a pair— Figure 4: Comparison to the state-of-the-art studies

matching discriminator supervising G net-
work to align the correlation distributions of

Project page: https:/ /github.com/barisgecer/facegan
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e Unsupervised Domain Adaptation resulting synthetic pairs (z € .5, G(z) €R) and
— Cycle consistency for Syn. -> Real -> Syn. aired training data (s€Ps,r € Pr).
Related Work yeecmsseney HG,(YG( e y P g data (s€Ps,rE€Pr)
— T — n / D
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. . . real/fake
e Supervised[7]/unsuperv.[1] style transfer GAN’s — Adversarial domain transfer by BEGAN ;
* . . real/fake diff <= ------+
. o discriminators for Real and Syn. T b
2. Syntetic Training Data: T . DolC T 20, e
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(a) Grap 1Cally rendered 1images [8] : | . : . e
L =T G ( G( ZIZ‘)) _D ( el ( G( CE‘))) H - ; i Figure 5: Our model is capable of generating photorealistic images
(b) Simulated Unsupervised GAN [4] G' — Hzes S 1 ° | preserving the pose and expression conditioned by the 3DMM input
r _ T D 1.Dr r . | | ke images. Identity variation in vertical axis, normalized and mouth open
. ‘ R — HrEo,y - " expression in left and right blocks and pose variation in horizontal axis.
D res,yer||Y r(Y) 1 G p left and right blocks and p h I
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(a) Cross entropy loss for known ids [5] Lps = Egesllz — Ds(x)|l1 — k% Lo ~Los J oW ] x Jp— |
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(b) Set-based loss for unkown ids [6] r " | -
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