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Postdoc @ Stanford

• Ph.D. from Cornell University, 
advised by Prof. Serge Belongie 
and Prof. Bharath Hariharan


• Research in the intersection of 
ML, CV, and CG.


• Collaborate with NVIDIA, Intel, 
Google, Magic Leap, and Adobe 


• Hobbies: Trad climbing, piano

Guandao Yang
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Geometry Processing
Creation, Manipulation, Analysis of Shapes
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Creation Manipulation Analysis



The Birth of a Digital Shape

Idea
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The Birth of a Digital Shape

Applications

Create

Idea

Edit



9

Geometry Processing is usually done with Mesh

Analyze

Create

V1 = {(x(1)
i , y(1)

i , z(1)
i )}n

i=1

F1 = {(u(1)
j , v(1)

j , w(1)
j ) |u, v, w ∈ [1,n]}m

j=1
ApplicationsIdea

Edit



Mesh Creation is Hard

Create

V1 = {(x(1)
i , y(1)

i , z(1)
i )}n

i=1

F1 = {(u(1)
j , v(1)

j , w(1)
j ) |u, v, w ∈ [1,n]}m

j=1

Credit to Prof. Keenan Crane,  Monte Carlo Geometry 
Processing


https://www.youtube.com/watch?
(Yang et. al., 2021)

Point clouds, 
Sketch, 


Image, Ideas,

…

(Sawhney et. al., 2020, Sawhney et. al. 2022)

https://www.youtube.com/watch?v=bZbuKOxH71o&t=525s


Edit
Analyze

Mesh Editing and Analysis are also Difficult

11

V1 = {(x(1)
i , y(1)

i , z(1)
i )}n

i=1

F1 = {(u(1)
j , v(1)

j , w(1)
j ) |u, v, w ∈ [1,n]}m

j=1

Topological changes

(Liu et. al., SIG 22’)

Sensitive to discretization

https://www.comsol.com/multiphysics/mesh-refinement



Can we use a different representation?
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f : ℝ3 → ℝ
∂Ω = {x | f(x) = c}

f(x)x

fθ(x) : ℝ3 → ℝ

∂Ω

Neural Fields



Topological changes

x

∂Ω

f(x)

Neural Fields

Neural Fields

Compact

High fidelity
(Sitzmann et al., 2020, Martel et al., 2021, 


Park et al., 2019)

(Davies et al., 2020, Martel et al., 2021, 

Mescheder et al., 2021)
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x

∂Ω

f(x)

Neural Fields

Easy to optimize 
(with Deep Learning 

Frameworks)

(Sitzmann et al., 2020, 

Lindel et al., 2021, Tancik et al., 2022)

(Sitzmann et al., 2020, 

Lindel et al., 2021, Tancik et al., 2022)

Continuous, avoid explicit 
discretization, and easy 

access to gradient

(Yang et al., 2022)

Neural Fields



Geometry Processing with Neural Fields

Edit
Create

f(x)x
ApplicationsIdea

Analyze



NFGP (NeurIPS 2021)

Today’s Agenda
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PointFlow (ICCV 2019)

ShapeGF (ECCV 2020)

Synthesis Analysis

2019 2020 2021 2023 2024

NCV (SIGRAPH 2024)

Symmetry (SIG Asia 2024)Neural cache (SIG Asia 2023)
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ShapeGF (ECCV 2020)

2019 2020 2021 2023 2024

Synthesis - Generation

NFGP (NeurIPS 2021)

PointFlow (ICCV 2019)

ShapeGF (ECCV 2020)

Synthesis Analysis

NCV (SIGRAPH 2024)

Symmetry (SIG Asia 2024)Neural cache (SIG Asia 2023)
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Problem Set-up: Shape Generation

Training

Testing

…
(A collection of 

3D point clouds)
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Representation for Arbitrary Size Point Clouds



Each shape is a distribution of 3D points. 
(i.e. shape as a 3D density field)

Off-surface points 
have low probability.

On-surface points 
have high probability.
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Point cloud is a sampled from such distribution

Off-surface points 
have low probability.

On-surface points 
have high probability.
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Transforming a Gaussian to a Shape
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Transforming a Gaussian to a Shape

CNF
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(Chen et al., 2018)



CNF

t0 t1

Continuous Normalizing Flow

y = y(t0)

x = y(t1) = y + ∫
t1

t0

gθ(y(t), t)dt

x = y(t1)
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CNF

t0 t1

Continuous Normalizing Flow

y = y(t0)

x = y(t1) = y + ∫
t1

t0

gθ(y(t), t)dt

x = y(t1)
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CNF

CNF is invertible

y = y(t0) x = y(t1)

t0 t1

y = y(t0) = x + ∫
t0

t1

gθ(y(t), t)dt
27



CNF

CNF is invertible

y = y(t0) x = y(t1)

t0 t1

y = y(t0) = x + ∫
t0

t1

gθ(y(t), t)dt
28



CNF

log P(x) = log P (x + ∫
t0

t1

gθ(y(t), t)dt) − ∫
t1

t0

Tr ( ∂gθ(x(t), t)
∂x(t) ) dt

t0 t1

Change of Variable Formula

y = y(t0) x = y(t1)

29



Point CNF
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Encoding multiple shapes

gθ : ℝ3 × ℝ → ℝ3

gθ : ℝ3 × ℝ × ℝ128 → ℝ3

log P(x |z) = log P (x + ∫
t0

t1

gθ(y(t), t, z)dt) − ∫
t1

t0

Tr ( ∂gθ(x(t), t, z)
∂x(t) ) dt



Generation Results
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Slow training time

Limitation
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Modeling a normalized distribution is hard

log P(x) = log P (x + ∫
t0

t1

gθ(y(t), t)dt) − ∫
t1

t0

Tr ( ∂gθ(x(t), t)
∂x(t) ) dt

Invertible 
(Restricted)

Normalizing 
(Slow, create noise)

Point CNF

33



Each shape is an unnormalized 3D density fields.

1e10

1

1

1e-10

Different scale, SAME SHAPE

Density field Density field
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Representing an unnormalized 3D density field

Gradient field

?

?
Unnormalized density field

?
?
?
?
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Representing an unnormalized 3D density field.

Point cloud creation as 
stochastic gradient ascend Gradient field

36



Complicated topologies and non-watertight mesh
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38(Cai et. al., 2020)
Serge Belongie Bharath 

Hariharan

Ruojin Cai Zekun Hao Hadar 
Averbunch-Elor

Noah Snavely



∇xlog Pσ(x)

x

σ

z
Learning a conditional neural gradient field

log Pσ(x)
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gθ : ℝ3 × ℝ × ℝ128 → ℝ3



Generation results
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Auto-encoding and surface extraction

Input Point cloud Surface

41
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Synthesis - Editing

ShapeGF (ECCV 2020)

2019 2020 2021 2023 2024

NFGP (NeurIPS 2021)

PointFlow (ICCV 2019)

ShapeGF (ECCV 2020)

Synthesis Analysis

NCV (SIGRAPH 2024)

Symmetry (SIG Asia 2024)Neural cache (SIG Asia 2023)



Elastic Deformation

Stretching Bending

43

Terzopoulos et. al., 1987; 
Sorkine and Alexa, 2007; 
Levi and Gotsman, 2015



Elastic Deformation with Neural Fields

Input shape 
User spec Output shape
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Algorithm



Editing algorithm requires prior knowledge

Multiple possible outputs
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Input (sparse!)

Broken head :( Changed surface details

Elastic Deformation is under constrained 



Input (sparse!)
Multiple possible outputs
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Shape Priors for Editing



Quantify Priors

f : (u, v) ↦ (x, y, z)

Normal n =
fu × fv

∥fu × fv∥

II = [
fT
uun fT

uvn
fT
vun fT

vvn] κ =
|II |
|I |
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Curvature



Quantify Prior - Mesh

V = {(xi, yi, zi)}n
i=1

F = {(u, v, w) |1 ≤ u, v, w, ≤ n}

ni,j,k =
(Vj − Vi) × (Vk − Vi)

| (Vj − Vi) × (Vk − Vi) |

κi =
1
2 ∑

j∈𝒩(i)

(cot αij + cotβij)(Vi − Vj)
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Normal

Curvature



Quantify Prior - Neural Fields

(x, y, z) f(x, y, z)

∂Ω

∂Ω = {(x, y, z) | f(x, y, z) = 0}
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Normal

Curvature



Differentiability of Neural Fields

AutoGrad Frameworks Positional Encoding

Input x

Smooth Activation

y = sin(x)

y = exp (−
(x − μ)2

σ )
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(Tannic et al., 2020, Mildenhall et al., 2020)
(Sitzmann et al., 2020, Chng et al., 2022, 


Ramasinghe et al. 2022, Zheng et al., 2021, 

Fathony et al., 2021)



Quantify Prior - Neural Fields

(x, y, z) f(x, y, z)

∂Ω

∂Ω = {(x, y, z) | f(x, y, z) = 0}

n(x) =
∇f(x)

∥∇f(x)∥

κ(x) = −
1
2

∇ ⋅ ( ∇f(x)
∥∇f(x)∥ )
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Normal

Curvature



Problem Setup

F(x, y, z)

F(x) ≈ σ(x) min
p∈∂Ω

∥p − x∥

σ(x) = {−1 if x ∈ Ω
1 otherwise



h1

h3
h2

User specification

Problem Setup

F(x, y, z)

F(x) ≈ σ(x) min
p∈∂Ω

∥p − x∥

σ(x) = {−1 if x ∈ Ω
1 otherwise

t3

t1 t2

53



h1

h3
h2

User specification

Problem Setup

F(x, y, z)

F(x) ≈ σ(x) min
p∈∂Ω

∥p − x∥

σ(x) = {−1 if x ∈ Ω
1 otherwise

t3

t1 t2 t2
t3

t1

Desired Output 
Natural Elastic Deformation
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Elastic Deformation

Stretching Bending

2. Correspondences1. Sampling 3.  Comparing

55



F(x)
x

n(x)∂Ω

Step 1: Sampling

= x − F(x)n(x)

F(x) ≈ SDF(x)
xc = arg min

p∈∂Ω
|p − x |

xc

56



F(x, y, z)

x̂ = x0 − F(x0)n(x0)

x0 ∼ U([−1,1]3)

Step 1: Sampling
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x0 ∼ {x |x ∈ U([−1,1]3), F(x) < τ}

Step 1: Sampling

F(x, y, z)

x̂ = x0 − F(x0)n(x0)

58



Gθ(x) = F(Dθ(x))F(x) Dθ(x)

D−1
θ (x)
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Step 2: Correspondences



F(x) Dθ(x) = x + gθ(x)

Invertible ResNet 
(Behrmann et. al., 2019)

Gθ(x) = F(Dθ(x))

60

Step 2: Correspondences



Step 2: Correspondences

Gθ(x) = F(Dθ(x))

Lip-bounded 
Positional Encoding

x
Invertible ResNet 

(Behrman et. al., 2019)

F(x) Dθ(x) = x + gθ(x)
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Step 3: Comparing

Dθ

Stretching Bending
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xDθ(x)



Stretch - change of tangent 
dot-product

Step 3: Comparing
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Step 3: Comparing

Dθ(x)

v

PGv

JDPGv

PG = I − nnT

n

ℒs = ∫ PT
G (I − JT

DJD) PG
F

dx

Stretch - change of tangent 
dot-product
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Bending - change of curvature

Step 3: Comparing

More curved Less curved

Bend

65



Curvature - change along normal direction

Step 3: Comparing

Hf =

fxx fxy fxz

fyx fyy fyz

fzx fzy fzz
Low curvature 
Little change

High curvature 
Large change
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Bending - change of curvature



ℒb = ∫x
PT

G (HG − JT
DHFJD) PG

F
dx

Step 3: Comparing

Dθ(x)

HF HGθ
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Bending - change of curvature



min
θ

ksℒs + kbℒb + kcℒspecℒb = ∫x
PT

G (HG − JT
DHFJD) PG

F
dx

ℒs = ∫x
PT

G (I − JT
DJD) PG

F
dx

Final Objective

68

ℒspec = ∑
i

max(τ, |Dθ(ti) − hi | )

Input shape 
User spec Output shape

Preference

Unnatural 

Natural Output
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2019 2020 2021 2023 2024

Analysis - Solving PDEs

NFGP (NeurIPS 2021)

PointFlow (ICCV 2019)

ShapeGF (ECCV 2020)

Synthesis Analysis

NCV (SIGRAPH 2024)

Symmetry (SIG Asia 2024)Neural cache (SIG Asia 2023)



Partial Differential Equations are Important

71

Equations that involve partial derivatives.


e.g. Laplace Equation


(Poisson eq) Image Editing 

(Perez, Gangnet, and Blake, 2012)

(Biharmonic equation) Deformation 

(Jacobson et. al, 2011)

(Navier-Stokes) Fluid Simulation 

(Rioux-Lavoie et. al, 2022)



Solving PDEs - Finite-element Method
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Figure Credit: Keenan Crane



Solving PDEs - Finite-element Method
Discretization can be difficult.

73

Figure Credit: Keenan Crane
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Can we solve PDEs without Discretization?

Derive an integral solution for the PDE; 
estimate the integral by Monte Carlo method.

(Shawney and Crane, 2020)

Neural network represent the mapping from 
spatial coordinate to the PDE solutions; train 

with losses to enforce PDE constraints.
(Raissi et. al., 2019, Sitzmann et. al., 2020)
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Can we solve PDEs without Discretization?

Unbiased (accurate)

High variance (slow) Low-variance (fast)

Biased (inaccurate)
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Can we solve PDEs without Discretization?

Accurate + Fast

Our hypothesis: hybrid 
methods are better!

Xi Deng Bharath HariharanZilu Li Chris De Sa Steve MarschnerLeonidas Guibas Gordon Wetzstein

Unbiased (accurate)

High variance (slow) Low-variance (fast)

Biased (inaccurate)

Qingqing Zhao



Monte Carlo Solver for Laplace Equation
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x



Monte Carlo Solver for Laplace Equation
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x



Monte Carlo Solver for Laplace Equation
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x
x

y



x

Monte Carlo Solver for Laplace Equation
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x

x

y

…y



x y

x

Our Method
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x y



Our method - training
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10x faster



Results
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Limitation - Bias

85

x y



Neural field is a biased estimator for Integral
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Solution: Control Variates
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Solution: Control Variates
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Solution: Control Variates
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Solution: Control Variates

90

Two requirements:
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Xi Deng

Bharath Hariharan

Zilu Li

Leonidas Guibas Gordon Wetzstein

Qingqing Zhao



1D Example - estimating ∫
b

a
f(x)dx

92

f(x)

a b

High Variance 



93

f(x)

a b

High Variance 

g(x)

1D Example - estimating ∫
b

a
f(x)dx



Instantiate the Network to Approximate Indefinite Integral
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G(x)
x

Gθ :
Indefinite Integral

∫
a

f(x)dx≈
∂
∂x

Gθ ≈ f(x)



Approximating the Definite Integral
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∫
b

a

∂
∂x

Gθ(x)dxGθ(b) Gθ(a)

∂
∂x

Gθ

Gθ(x)

b a
Gθ(x)

∂
∂x

Gθ

Gθ(x)

— =

a b
Gθ(x)

∂
∂x

Gθ



Approximating the Definite Integral
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a b
Gθ(x)

∂
∂x

Gθ

a b

f(x)≈

∫
b

a
f(x)dx∫

b

a

∂
∂x

Gθ(x)dx



Computing the Integrand  
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Gθ(x)∂/∂𝑥

∫
b

a

∂
∂x

Gθ(x)dx = Gθ(b) − Gθ(a)
a b

Gθ(x)

∂
∂x

Gθ
∂
∂x

Gθ

g(x)

gθ(x) =
∂
∂x

Gθ

(LINDELL, D. et al., 2021)



Constructing Control Variates
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Gθ(x)

∫
b

a
f(x)dx = ∫

b

a
( f(x) −

∂
∂x

Gθ(x))dx + Gθ(b) − Gθ(a)

∂/∂𝑥



Training
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Objective: Minimizing the Variance

Gθ(x)

∫
b

a
f(x)dx = ∫

b

a
( f(x) −

∂
∂x

Gθ(x))dx + Gθ(b) − Gθ(a)

∂/∂𝑥

𝕍 = ∫
b

a (f(x) −
∂
∂x

Gθ(x))
2

dx − (Gθ(a) − Gθ(b) − ∫
b

a
f(x)dx)

2



Training the Derivative Network
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Objective: Minimizing the Variance
 Var( f − g)—:           —:  f(x)

∂
∂x

Gθ



NF

WoS Ours

POLY

Var 14.67 x Var 1.24 x

Var 1.00 x Var 0.30 x



Our estimator is faster for high resolution

102

Computational Time Breakdown to Create a 1024 Resolution Image

10x faster
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Analysis - Symmetry Detection

ShapeGF (ECCV 2020)

2019 2020 2021 2023 2024

NFGP (NeurIPS 2021)

PointFlow (ICCV 2019)

ShapeGF (ECCV 2020)

Synthesis Analysis

NCV (SIGRAPH 2024)

Symmetry (SIG Asia 2024)Neural cache (SIG Asia 2023)



Symmetry is ubiquitous
How do we detect symmetry of a shape? 

104

Grand Budapest Hotel

Space Odyssey 2002



How do we detect symmetry of a shape? 
IDEA: Voting
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(Mitra et al. 2006)(Mitra et al. 2006)



How do we detect symmetry of a shape? 
IDEA: Voting

106

d 
 (intercept)

θ 
(slope)

(Mitra et al. 2006)

Transformation Space



How do we detect symmetry of a shape? 
IDEA: Voting
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(Mitra et al. 2006)

d 
 (intercept)

θ 
(slope)

Transformation Space



How do we detect symmetry of a shape? 
IDEA: Voting

108

(Mitra et al. 2006)

d 
 (intercept)

θ 
(slope)

Transformation Space



How do we detect symmetry of a shape? 
Prior works - mean shift to seek mode
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(Mitra et al. 2006)

d 
 (intercept)

θ 
(slope)



How do we detect symmetry? 
Prior works limitation: unable to handle noisy shape
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Other mode-seeking algorithms?

111

Langevin
(Song et al.,  2020)



Mean shift is a form of Langevin without Stochasticity
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Meanshift Langevin
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Our method: Langevin with Stochasticity

Langevin



Step 1: Create Transformation Space

114



Transformation Space in 3D

115

Raw 3D shape 3D transformation space
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Ours

Mitra et al. 06

Geometry 
Key symmetry



Step 2: Define Distance Function
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a

b

c

dist(a,b) > dist(a,c)



Step 2: Define Distance Function
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Step 3: Walking in the Transformation Space

119



120

Global symmetries Local symmetries
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123



Additional symmetry types

124
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Analysis - Symmetry Detection

ShapeGF (ECCV 2020)

2019 2020 2021 2023 2024

NFGP (NeurIPS 2021)

PointFlow (ICCV 2019)

ShapeGF (ECCV 2020)

Synthesis Analysis

NCV (SIGRAPH 2024)

Symmetry (SIG Asia 2024)Neural cache (SIG Asia 2023)



Serge Belongie
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Thank you all!

Qingqing Zhao Xi Deng

Leonidas Guibas Bharath 
Hariharan

Gordon 
Wetzstein

Ruojin Cai Jihyeon JeZilu Li Shengqu Cai Boyang Deng

Zekun Hao Xun Huang Ming-Yu Liu Hadar 
Averbunch-Elor

Or Litany

Vladlen Koltun

Chris De Sa

Noah Snavely Steve Marschner

Jack Liu


