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- Goal N Neural Fitter

Fit parametric models of human bodies, Levenberg—Marquardt algorithm:
hands or faces to sparse input signals in an T . T 3T
\accurate, robust, and fast manner. y (J J+)‘d|ag(‘] J))A@ =J'R B D ¢ 0O
/ Related work \ Learned optimization (ours):
Regression T wW(AB®,,gn-1,0,_1) = AAO,, + (—vgn_1) B D P h
| ' )\7'7 — fA,v(R(@n—l)a 7Z(Gn—l T A@n))v )‘7'7 S R|@|

Algorithm Neural fitting

_
- c c \ "-."',.;.-I":IJr Vasileios Choutas™ * ", Federica Bogo® ', Jingjing Shen #, Julien Valentin®
Dps MAX PLANCK INSTITUTE

Require: Input data D
Oy = (D)
ho = &5, (D)
while not converged do

. Accurate ExPose [5] A@ny hn . f([gn—17 @’n—l]a D7 h’n—l)
. Rgbu_st o @n < @n—l +u (A@nagn—la @n—l)
« Misalignment with input data end while
Optimization
Vertex-to-Vertex (mm) | MPJPE GrPe.
Method Full body Head L /R hand (mm) | (mm) |
F H F H F H F H F H
L-BFGS, GMM /73.1 116.2 29 34 3.2/3.0 5.6/5.3 49.7 137.26 70.8 74.0
L-BFGS, GMM, Tempo. 72.6 1133 29 34 3.3/3.1 6.8/6.5 494 1321 70.7 735
L-BFGS, VAE Enc. /6.1 119.3 3.9 4.1 5.3/4.7 8.7/76 52.6 1405 63.6 66.7
Dittadi et al. [2] N/A N/A N/A 43.3 N/A N/A
Ours @, (N = 0) 442 69.7 191 22.7 27.8/259 32.1/299 389 849 16.1 20.1
Ours (N = 5) 261 499 22 32 3.0/3.3 3.1/3.7 181 621 125 155
E (Q, L) - Elandmarks + Eidentity + Eexpression + Ejoints + Etemporal + Eintersect
Data term ) Re uerizers g
- | ’ Wood et al. [3]
« Tight alignment to observations
« Hard to come-up and balance energy terms 4

« Significant time investment for real-time performance

- Bodly fitting to 2D keypoints N

Learned optimization R et i Method Type Image 2D Part PA-MPJPE
' LGD, Song et al. [4] e d keypoints segmentation
‘ - Bt N, N8R  SMPLify[1] O X v/ X 106.1
v e, el J . SCOPE[7] o X / 68.0
Tq. 2 L [ ‘f M TRy e MR VIBE [6] R v/ X X 55.9
g @1"""-%1 g ﬂ Neural Descent [8] | R+O v v v 57.5
. . g LGD [4] R+O X v X 55.9
« Benefits of regression and optimization
« Learn priors from data Ours (full) R+0O X v X 52.2

 Fast inference thanks to performant Machine

k Learning backends. / \
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