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Introduction

Portrait view synthesis
e camera poses using a light stage

e 3D model based methods only covers the center

of the face

NeRF

e modeling the volumetric density and color by MLP
e requires images of static subjects from

multiple viewpoints




Introduction

Propose
e Train an MLP for a single headshot portrait.

Pretrain MLP

e a na’ive pretraining performs poorly for unseen subjects

Meta learning

e adapts to an unseen subject

Rigid transform

e using a rigid transform from the world coordinate in a canonical face space

Dataset

e multi-view protrait dataset in a light stage



Meta-Learning

learn-to-learn

Machine Learning & Meta Learning
o ML:y=f(x)
o Meta-Learning : f = F*, y=f(x)

Support set (training set), Query set (testing set)

Task : Training task & Testing task

meta-training

training data

test set

meta-testing

Se)




Meta-Learning

Model Pre-training MAML RMFER ¢ & training
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Algorithm

Training data
light stage captures over multiple subjects

Support set (D) : The center view to the front view expected at the test time.

Query set (Dg) : The remaining views are the target for view synthesis.

Task (7;,) : NeRF model parameter for subject m from the D,
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Algorithm
. Query
Pretraing NeRF ‘,
* Oy Updates tjzl.QDé* Up(fatee by @)
e Goal : Pretrain a NeRF model parameter 0, : S LT

e Loop K subjects, model parameter in each subject m as Hp,m, m = {0,...K — 1}
e For each task, trainDgand Dy
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Algorithm

Canonical face space

e normalize the world coordinate to canonical space REaR _
(a) Subject (b) World (c¢) Canonical (d) Mean face

PY rlgld transform l}l — S”,RI”{E + t”? coordinate face coordinate
e use SVD decomposition to optimize rigid transform between F,,and F
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Algorithm

Finetuning and rendering

a single frontal view of the subject s

rigid transform between the world and canonical coordinate.

finetune the pretrained model parameter

sample the camera ray in the 3D space, warp to the canonical space
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Experimental Results

PSNR :
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e use pre-defined network to

computers the image similarity PSNRT SSIMT LPIPS |
Jackson et al. [25] 10.23 0.4356 0.485
Wang et al. [68] 14.70 0.4578 0.380

Zakharov et al. [77] 1525 0.4746 0.403
Siarohin et al. [56] 15.90 0.5149 0.437
Xu et al. [74] 18.91 0.5609 0.276
Our method 23.92 0.7688 0.161




Experimental Results

Perspective manipulation
e moving the camera from the subject and adjusting the focal length

Initialization
e compares the results from different initialization methods.

f* = argmin Z Lo, (fo) + Lp,(fo),

! Table 2. Ablation study on initialization methods.

m

Initialization | PSNRT SSIMT  LPIPS |

Random 14.99 0.5763 0.491
Pretrain by (5) 22.87 0.7824 0.215
Our method 23.70 0.8051 0.178

(a) Random (b) Pretrain by (5) (c¢) Our method (d) GT




Experimental Results

Canonical face coordinate

Table 3. Ablation study on canonical face coordinate.

Coordinate | PSNRT SSIMT LPIPS |

World 24.80 0.8167 0.172
Canonical (our method) 2498 0.8178 0.156

(a) Input (b) World coordinate (c) Our method

Input views in test time

(a) I view (b) 2 views (c) 5 views (d) GT
PSNR=2498 PSNR=2770 PSNR=3245

Limitaiton

(a) Background (b) Non-frontal view



