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Get3DHuman: Lifting StyleGAN-Human into a 3D Generative
Model using Pixel-aligned Reconstruction Priors

ICCV 2023



Motivation

x Surged need of 3D humans in a variety of appllcatlons

BATTLEGROUNS

Game characters Game NPC AR/VR
x High- quality 3D human models are tedious to obtain
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Motivation

x But ... 2D Images are Abundant!

StyleGAN-Human

> 230K high-quality human images

Concurrent/later works
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Motivation

X |s 2D ONLY enough for 3D synthesis? Probably NO!

Janus Problem Our Speculation
Ben Poole
@poolio
We have been calling this issue where the learned 3D model has multiple

faces the Janus problem (en.wikipedia.org/wiki/Janus)
h/t @jon_barron

View-dependent prompting helps, but doesn't solve it in all cases as
seen with the DreamFusion model of the squirrel below.

A good 3D generator should have seen
the real 3D data!
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Related Works

[CVPR 2022] EG3D [ICLR 2023] EVA3D

All of these works do NOT have explicit
geometry supervision



Method



Key ldea

2D Prior (Large Quantity) 3D Prior (Good Quality)

Get3DHuman

Sample 1
3D Human

Latent Space
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Pipeline Overview

StyleGAN2-Based Encoder PIFu Decoder —

Code Feature Shape Volume Shape (SDF) Avatar (Mesh)
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Pipeline Overview

StyleGAN2-Based Encoder PIFu Decoder —

Code Feature Shape Volume Shape (SDF) Avatar (Mesh)
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Pipeline Overview

StyleGAN2-Based Encoder PIFu Decoder —

Code Feature Shape Volume Shape (SDF) Avatar (Mesh)
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Pipeline Overview

StyleGAN2-Based Encoder PIFu Decoder —

Code Feature Shape Volume Shape (SDF) | Avatar (Mesh)
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Training Data

StyleGAN- Human Real world Internet
Synthesized Images Images
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Training Data Usage

(1) Train with

( ,;l ) (latent, image) pair

Supervised Learning:
a. Zs =7t = latent (fixed)
b. Optimize generator

Code

Texture
|

(2) Train with

Real & Synthetic
iImages only

Adversarial Learning:
Zs and Zt optimizable

(3) Train with

Real 3D data

Supervised Learning:
Supervise generation ofFsv& Ftv

-> disentangle shape and texture
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Train Shape Branch (Stage 1)

Forward Process:
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Train Texture Branch (Stage 2)
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Train Refinement Module (Stage 3)

Shape (SDF)

Avatar (Mesh)

Use Image to-image (121)
translation network

I, = gr (IC)
Image loss
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Results



Ablation Study on Adv. and Prior

Geometry evaluatiorcoVv, MMD & FPD
TextureevaluationFID, FID 5,

Table 2: Quantitative evaluation on adversarial and prior.

| COV? (%) | MMDJ | FPDJ | FID]. | FIDsp |

Adv.only| 35.62 0.72 | 0.63 |89.39| 105.63
Prioronly |  31.51 0.80 | 0.88 |69.81| 89.32

Ours (w/o refine)

(Adv. & Prior) 39.22 0.58 | 0.85 [59.95| 74.38

Ours (w/ refine)

(Adv. & Prior) 39.22 0.58 | 0.85 [54.39| 69.70
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Ablation Study on Refinement Module

Image Avatar, . Image Avatar,

MAML

Avatar,




Ablation Study on Normal Loss

w/0 normal w/ normal
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Comparisons with SOTAs

Table 1: Quantitative comparisons with SOTA methods.

COVT (%) MMD,| FPD| FID] FIDsp |

EG3D 15.33 254 221 7655 221.73
SDF-StyleGAN 23.35 1.12 1.02 - -

GET3D 35.93 0.77 0.87 61.69 88.15

Ours 39.22 0.58 0.85 35439 69.70

EG3D




Comparisons with GET3D

GET3D Ours w/o refine Ours w/ refine






Sampling Results




Applications



Re-texturing




Re-texturing













Inversion




NerVE: Neural Volumetric Edges for Parametric Curve
Extraction from Point Cloud

CVPR 2023



Motivation

x Edges, the abstraction of 3D shapes, are important for shape analysis and modeling

Input curves 3D Reconstruction

CAD Design Shape from 3D Curves
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Problem Formulation

Problem: Mainly focus on CAD models

)
V

A Big CAD(ABC) Model Dataset
Input Point Cloud Ouput Parametric Curves

A Line
A Circle, Ellipse
A B Spline



Related Works

X Previous works mostly focus orpoint - wise operations

Previous Methods o

\ Limitations
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L~ 1. Must tune the threshold carefully
Detected Edge Points Post-Processing Parametrlc Curve 2. Affected by input samples

Fitting ‘ \

Error- Prone Post- Processing:
(a) Endpoint detection

(b) Graph structure analysis

(c) Points thinning

(d) Special treatment for closed
curves

Edge & Corner Points Curve Result

[NeurlPS 2020] PIE-NET [TVCG 2010] VCM

[ECCV 2018] EC-NET



