max planck institut

informatik
f% Stanford
3_3/ University

Hyeongwoo Kim |

TUTI

Technische Universitat Munchen

UNIVERSITY OF

BATH

Motivation

Face reconstruction from a single image

Estimate

Inverse Face
Rendering

Single-Shot

- High dimensional problem
» Runtime constraint
- Face identification and editing

Contributions

Deep convolutional inverse rendering framework for faces

Real World Images
without Ground Truth

Training Corpus =) with Domain Shi =)
- Joint estimation of all face rendering parameters
. Single input image

. Single shot inference

» Real-time

- Domain shift from synthetic to real-world imagery
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Method

Input Estimate Geometry Error

Geometry Error Estimate

Parameterization
Rendering face images with 350 parameters

0 — (R,Q[S]jg[e]’g[fhg[i]) c R™

sose shape  expression reflectance. lluminaor
a, B ~ U(—40°,40°)
v ~U(—15°,15°)
0", 0" ~ N(0,1)
0'° ~ 14(—12,12)
0" ~ 1/(—0.2,0.2)

Sampling
Synthetic images to train
Distribution provided by a PCA face model

P(6) = P(R) P(6") P(6') P(6™) P(6")

Loss
Parameter-space loss with statistical normalization

£(6,60,) =6 — 6,
— (9 _ HQ)T\/ (9 _ 99)

ZT 2 diag(leg, wso'[SL wea-[e]’ Wra'[r], w1127) c RM XM

Resampling

Domain shift from synthetic to real images
New proposals from a Gaussian distribution

P(Ir(g) ‘ Ireal) ™ H(Ireal) _I_N(Oa 0-2)
a, B,7: U(=5°,5°) 8" N(0,0.05)
0" : N'(0,0.2) 0. A7(0,0.1) 61 A(0,0.02)

ResNet101
(MSL)

AlexNet
(MSL)

AlexNet
(MSL + Bootstrap)

Justus Thies3 Christian Richardt*

"MPI Informatics  “Stanford University > Technical University of Munich  *University of Bath

InverseFaceNet: Deep Monocular Inverse Face Rendering
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Quantitative comparison

Results
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mean error: 1.85mm
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Estimated Geometry

Ours (complete model)

Input Video Garridoetal. Garrido et al. Thies et al. InverseFaceNet Input Video

2013 2016 2016

(Ours)

~550 seconds/frame ~60 seconds/frame ~0.033 seconds/frame ~0.0039 seconds/frame

Comparison to learning-based approaches

Garrido et al. Garrido et al.
2013 2016

~550 seconds/frame ~60 seconds/frame

Approach

Training
iterations

Training
time[h]

Test time
[ms/image]

Photometric
error [8 bits]

Geometric
error [mm]

Intersection
over union[%]

AlexNet [ 31]
+ model-space loss

+ bootstrap (= InverseFaceNet)

75K
75K
75K*

4.14
436
29.40

3.9
3.9
3.9

46.26 + 12.42
39.71 9.86
34.03 7.56

291 = 0.99
2.77 = 1.00
211 = 0.84

9044 + 3.81
9251 = 2.59
93.96 + 2.08

ResNet-101 [21] + model-space loss

150K

40.99

21.0

41.23 = 10.58

2.54 = 0.87

9207 = 2.87

MoFA [ 58]

3.9

17.23 + 4.42

394 + 1.34

84.20 + 4.23
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Thies et al. InverseFaceNet
2016 (Ours)

~0.033 seconds/frame ~0.0094 seconds/frame
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