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Geometrical Head Avatars

High Fidelity Normals & Depths
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Geometrical Head Avatars — Previous art
IMAvatar (Zheng et al., CVPR 2022)
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Geometrical Head Avatars — Previous art

IMAvatar (Zheng et al., CVPR 2022)
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Geometrical Head Avatars — Previous art

IMAvatar (Zheng et al., CVPR 2022)

A

§— Correspondence
/ }\, md search

R . OCC -
“ Geomet

Ray Marching: find the nearest surface intersection .-

Analyllcal
Gradlent

: occupancy value

.I.'d sampled deformed point

Eiven Zy  find xh st

( Oz, _ 6FI-‘(1-‘:)
| =t

| Equality constraint:

=05 (o o v_ql

Differentiable x.:

-1 aFap ($C) on
9o, F |/ F': equality constraint function

/| O F: learnable parameters of F'

FLARE (Bharadwaj et al., TOG 2023)

g

@ 0
XC

@k g

rasterize

5

.

® Exhaustive Numerical Surface Search

(n,X¢) —  Reflectance —* Q cht
|- - J

Losses

@0
/A
%f@ 61“,(@ FG-LUT |—

D1—>¢

® Unstable Training-time Remeshing




How to design ‘geometrical’ & ‘dynamic’ Gaussian head avatars?
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3D Gaussians

3DGS (Kerbl et al., SIGGRAPH 2023) .




How to design ‘geometrical’ & ‘dynamic’ Gaussian head avatars?

To achieve accurate normal and depth, we utilize 2D surfels
Also accurate rigging states, inspired by DTF, rigging Gaussians with Jacobian gradients.

Tangent frame (u,v) Image frame (x.y)
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2D Gaussian Splat

in object space in image space

2DGS (SIGGRAPH 2024, Huang et al.)
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DTF (SIGGRAPH 2000, Sumner and Popovic)



However,

Only using 2DGS and Jacobian Gradients lead to floating artefacts and ambiguous normal.

'Vanilla | + Jacobian



To handle these,

We propose Jacobian Blend Skinning (JBS).
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To handle these,
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Mesh Binding Inheritance

We follow 3DMFM binding inheritance strategy of GaussianAvatars (CVPR 2024, Qian et al.)
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Similarity to Jacobian Transforms

Following DTF, we replace the GaussianAvatars' similarity transforms to Jacobian transforms.
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Similarity to Jacobian Transforms

Following DTF (Sumner and Popovic), we replace the GaussianAvatars’ similarity transforms to Jacobian
transforms.

R — Rpch /,L — SpRp//LC_I_Tp, S — SpSC

21/2 — JRcsc




Jacobian Deformation Transfer

Jacobian can represent stretch and shear transforms unlike similarity transforms.
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Jacobian Deformation Transfer

Jacobian can represent stretch and shear transforms unlike similarity transforms.

Vo
E = [vq-vg,V2-Vo,V3-Vol
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DTF (SIGGRAPH 2000, Sumner and Popovic.)



Jacobian to JBS

We replace again it with our JBS, blending Jacobians with adjacent transforms.
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Jacobian to JBS

We replace again it with our JBS, blending Jacobians with adjacent transforms.

JBS
Jp = oxp(' Z w;log(U; )/,)‘. Z w;P;
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JBS?



Let's delve into JBS step-by-step

We replace again it with our JBS, blending Jacobians with adjacent transforms.

J, = JBS(J, w)
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We replace again it with our JBS, blending Jacobians with adjacent transforms.
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Let's delve into JBS step-by-step

We replace again it with our JBS, blending Jacobians with adjacent transforms.
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Let's delve into JBS step-by-step

We replace again it with our JBS, blending Jacobians with adjacent transforms.

In matrix-logarithm space
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Let's delve into JBS step-by-step

We replace again it with our JBS, blending Jacobians with adjacent transforms.
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Let's delve into JBS step-by-step
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Let's delve into JBS step-by-step
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Finally

Vanilla | + Jacobian



Finally




Resolving hollow-illusion




Resolving hollow-illusion
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Resolving hollow-illusion
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ASG (TOG 2013, Xu et al.)



Resolving hollow-illusion
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Comparison on FaceTalk (CVPR 2023, Zheng et al.)
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Comparison on NeRSemble (SIGGRAPH 2023, Kirschstein et al.)
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Application #1 Relighting
using GaussianShader (CVPR 2024, Jiang et al.)

Driving sequence



Application #2 Meshing
using Truncated Signed Distance Function (TSDF)




Thank you for watching!

For more details visit summertight.github.io/SurFhead



https://summertight.github.io/SurFhead/
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