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Introduction

* Human pose prior
* What is a human pose prior?
* Why do we need human pose prior?
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SMPL(A Skinned Multi-Person Linear Model)
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Figure 1: SMPL model[1]
3D mesh with N = 6890 vertices and K = 23(24) joints Bs(g): a blend shape function
I 2 R J(B): a function to predict K
M(B,0) = W(Tp(B,0),J(B),0,W) joint locations
Tp(ﬁ, ) —y WL Be (ﬁ) + Bp (9) Bp (6_’): a pose-dependent blend

shape function

[1] SMPL: A Skinned Multi-Person Linear Model 4



SMPLify

Fig. 2. SMPLify System overview|[2]

* CNN-based method to predict 2D joint locations(DeepCut)
* fit a 3D body model to predicted 2D joints

[2] Keep it SMPL: Automatic Estimation of 3D Human Pose and Shape from a Single Image 5



SMPLify

Loss function

E(xga 6) — EJ()Ba 9; K: Jest) + AQEG(G) + AQEQ(G) + /\S'pEsp(G; )8) + AﬁEﬁ(B)

Eg(68) = —log » (g;N(0; po.5, To.5)) ~ —10g(m?X(ngN(9; 1.5 26.5)))

= 1’1’;11’1 (— log(cng(G; Mo 5, Eﬂ,j)))

[2] Keep it SMPL: Automatic Estimation of 3D Human Pose and Shape from a Single Image



SMPLify

Fig. 3. Example results[2]

[2] Keep it SMPL: Automatic Estimation of 3D Human Pose and Shape from a Single Image 7



Human pose prior(VPoser)

Variational autoencoder(VAE based)

Extend SMPL to SMPL-X
The new SMPL-X model has N = 10475 vertices and K = 54 joints

Extend SMPLify to SMPLify-X
E(BJ gﬂw) — EJ _I_ /\QbEQb _|_ /\QfEQf _|_ /\thmh‘l‘ )\CIEO& _|_ ABE/B + AEEE
+ AeEe

E;(8,0; K, Jost) = Y | wip(IIx(Ro(J(B)i)) — Jest,i)

joint 1z

Ea(gb) = Zie(elbows,knees) exp(g’i)

What about Fl, (6p)

[3] Expressive Body Capture: 3D Hands, Face, and Body from a Single Image



Human pose prior(VPoser)

Variational autoencoder(VAE based)

Etotal = ClﬁKL + CQE*rec + C3[:0?"th, iy C4£det1 + C.51-,';"69

Lk = KL(q(Z|R)|IN(0,I))
Lrec =||R - R|3
Loren = ||}%}?f - I||§
Laer1 = |det(R) — 1
Lreg = [18]5,

Where Z € R3*? R € SO(3) Eqg, (05)= ||2II3

[3] Expressive Body Capture: 3D Hands, Face, and Body from a Single Image



VPoser Experiments

Table 1
Model Keypoints v2v error Joint error
“SMPL” Body 57.6 63.5
“SMPL” Body+Hands+Face 64.5 71.7
“SMPL+H”  Body+Hands H4.2 63.9
SMPL-X Body+Hands+Face 52.9 62.6
Table 2
Version v2v error
SMPLify-X 52.9
gender neutral model 08.0
replace Vposer with GMM 56.4
no collision term 23.9

[3] Expressive Body Capture: 3D Hands, Face, and Body from a Single Image

both fit on EHF dataset
(Expressive Hands and Face)
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VPoser Experiments

Fig. 4. Example results[3]

[3] Expressive Body Capture: 3D Hands, Face, and Body from a Single Image



VPoser Experiments

[3] Expressive Body Capture:

Fig. 5. Failure cases|3]

3D Hands, Face, and Body from a Single Image
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Human pose prior(Pose-NDF)

» High-dimensional domain SO(3)"
* More robust

* Fully differentiable

* More diverse samples

3D representation based on SMPL

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields
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Human pose prior(Pose-NDF)

H g ... =) | Pose-NDF | mm)

Kﬁ(’* fudf _ gdf o gene

Fig. 6. Pose-NDF[4]

S=1{0€50(3)" | f(6) =0}

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields
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Human pose prior(Pose-NDF)

Distance between two poses:

d(6,0) = Z % arccos 0, - 0,])2,
i=1

0=1{0,,..0k 0=10, .. 0%

Hierarchical implicit function:

e (O) v S (O Vo) = Vi k€ (2. K)

p = [vlu---uvfd
fdf : RI*K S RT
F14(8) = (97 ) 6)

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields
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Human pose prior(Pose-NDF)

Training the implicit function
Loss function:

Lypr = Z 1/ Y(0) —do|l2  Leikonal = Z

(6,d)eD (8,d)€D, d#0
D = {(0:,di) }1<i<n
Projection Algorithm:
0'=0"" —af(6” )Vef(6" )

6 = argmin d(0,S)

0cSO(3)K

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields

(Vo f ¥ (8)[|-1)?
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Pose-NDF Experiments

Motion denoising

Table 3
Data HPS [23] AMASS [3¢] Noisy AMASS
# frames 60 120 240 60 120 240 60 120 240
Method
VPoser [19] 4.91 4.16 3.81 1.52 1.55 1.47 8.96 9.13 9.15
HuMoR [52] 9.69 8.73 10.86 3.21 3.62 3.67 11.04 17.14 30.31

Pose-NDF 2.32 2.14 2.11 0.59 0.55 0.54 7.96 8.31 8.46

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields 17



Pose-NDF Experiments

Motion denoising

VPoser HuMoR Ours

Fig. 7. motion denoising results[4]

Input VPoser HuMoR Ours

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields 18



Pose-NDF Experiments

Occlusion

Table 4
Data Occ. Leg Occ. Arm+hand Occ. Shoulder +Upper Arm

# frames 60 120 240 60 120 240 60 120 240

Method
VPoser [19] 2.53 2.57 2.54 8.51 8.52 8.59 9.98 9.49 9.48
HuMoR [52] 5.60 6.19 9.09 7.83 8.44 10.25 4.75 5.11 4.95
Pose-NDF 2.49 2.51 2.47 7.81 8.13 7.98 7.63 7.89 6.76

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields
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Pose-NDF Experiments

3D pose estimation from images

COCO dataset [35] 3DPW dataset [40]

Fig. 8. 3D shape and pose estimation[4]

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields 20



Pose-NDF Experiments

3D pose estimation from images

f‘i’, 0 — argmin L7+ AgLe + A\gLag + Ao Ly
3.6

Lo = fr9(0)

Ao = wf(0)

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields
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Pose-NDF Experiments

3D pose estimation from images

Table 5
Method Optimization ExPose ExPose + Optimization

VPoser [19] GAN-S [16] Pose-NDF - +No prior + VPoser [19] + GAN-S [16] +Pose-NDF
Per-vertex error (mm)  60.34 59.18 57.39 54.76 99.78 67.23 54.09 53.81

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields 22



Pose-NDF Experiments

3D pose generation

Fig. 9. pose generation[4]

[4] Pose-NDF: Modeling Human Pose Manifolds with Neural Distance Fields

Ours
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Future work

Rerson-ground Contacts(HuMoR)

Learning parameters directly from images(extended model)
Dynamic Dataset(motion)

Moving cameras
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HuMoR

Input Ground Contacts

[5] HuMoR: 3D Human Motion Model for Robust Pose Estimation

Alternate View
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Thank you for listening
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