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Deep Learning in 2D
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Deep Learning in 3D
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What is a good representation for 3D output?



3D Representations

Voxels:
e Discretization of 3D space into grid

 Cubic memory O(n3) = limited resolution




3D Representations

Points or Volumetric Primitives (ex. spheres):

Discretization of surface into 3D points
Does not model connectivity / topology
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3D Representations

Meshes:

Discretization into vertices and faces
Limited number of vertices / granularity
Requires class-specific template

Leads to self-intersections




This week

* Deep Learningin 3D
* Implicit neural shape representations

e Differentiable rendering
* Neural radiance fields (Volumetric rendering)
* Gaussian Splatting



Explicit vs Implicit shape representations (2D)
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Unreal Engine 5 Nanite
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Explicit vs Implicit shape representations (2D)

Mesh (Explicit): Continuous function (Implicit):
approximation error No approximation error
y
Unit circle: \i
x2+y?2=1

N

discontinuous Smooth & continuous
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Quiz I: Implicit functions

What is the slope of the tangent line (i.e. %) at any point on the unit circle (x% + y* = 1)?
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Answer: flnd (V|a implicit differentiation)

x2+yt=1
Find Z—y.
x d 5 5 d
E [x + y ] = E [1] [Take derivative on both sides]
d d
d_xxz + E 2 — 0 [Arrange differentials]
d _dy
2x + dyyz dx =0 [Chain rule applied to: (d%y(x)z)]
2x + Zy% =0 [simplification]
dy X

— dy
= [solve for dx]



Quiz II: Implicit differentiation

What is the slope m of the tangent line at

am=5
b)m=1
c)m=-—1
d)m = oo
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Explicit vs Implicit shape representations (2D)

Implicit function:

y —

1 1
Unit circle:

N/

x2+y2=1 [\/E\/E]

JIL
=




3D Representations

Implicit Representations
Represent surface as the level-set of a continuous function

&

= Arbitrary resolution/ topology

&

f(x) =x%+x3 +x%—1?

S={x|f(x) =0}

21.05.2025

16



3D Representations

Implicit Representations
Represent surface as the level-set of a continuous function
How to represent complex shapes?

flx) =7
). §=1{x|f(x) =0}



Drawing complex shapes with Maths?
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https://www.youtube.com/watch?v=8--5LwHRhjk&t=494s
https://www.youtube.com/watch?v=8--5LwHRhjk&t=494s
https://www.youtube.com/watch?v=8--5LwHRhjk&t=494s

3D Representations

Implicit Representations

Represent surface as the zero level-set of a continuous function
How to represent complex shapes?

Conventionally, store SDF values on a regular grid
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KinectFusion (Implicit Surfaces anno 2011)
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3D Representations

Implicit Representations

Represent surface as the zero level-set of a continuous
function

How to represent complex shapes?
Conventionally, store SDF values on a regular grid

However: cubic memory requirement and limited
resolution

21.05.2025
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Universal approximation theorem

Given that 0 € C™ (R) is non-linear (e.g., sigmoid), what type of
functions can we learn?

f (x) continuous function

/h

3 g(x) as NN, g(x) = f(x), and |g(x) — f(x)| <€

— M

21.05.2025 Original proof: Multilayer feedforward networks are universal approximators 22



http://www.sciencedirect.com/science/article/pii/0893608089900208

Neural Implicit Representations

Neural Implicit Representations

Fit the function with a neural network to represent complex shapes

Either occupancy or signed distance field

Occupancy Networks DeepSDF
[Mescheder et. al., CVPR’19] [Park et. al., CVPR’19]

:R3 x X - [0,1 R3 X X >R
fo X [\] fo

oot A

3D Condition Occupancy 3D Condition Signed
Location Probability Location Distance
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Neural Implicit Representations

Implementation
* fgis parametrized as an MLP

ol < Occupancy Probility

Signed Distance Field

fo



Neural Implicit Representations

Implementation
* fgis parametrized as an MLP

* Conditioning via input concatenation

| - x

fo
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3D Representations

Neural Implicit Representations:
* |Implicit representation

- Continuous

- Arbitrary topology & resolution
* Low memory footprint

21.05.2025
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Neural Fields

Possible to build neural fields of other properties

e Color
* Lighting
e Radiance

e Deformation

* Force



Quiz lll: Normals

The implicit formulation has another advantage related to
computing surface normals. Can you guess?



Learning 3D Implicit Shapes
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Learning 3D Implicit Shapes

From watertight meshes

* Randomly sample 3D points in space
 Query GT occupancy or SDF from GT meshes
* Train with cross-entropy loss

K
L(O,Y) = 2 BCE(fe(Pij» Zi)» Oij)
j=1

21.05.2025

Watertight Meshes
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Learning 3D Implicit Shapes

Ground-Truth Occupancy
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Visualizing 3D Implicit Shapes

4

2D Image —

Voxel
21.05.2025

)

: Marching Cubes

N

Meshes

32



Learning 3D Implicit Shapes

21.05.2025

Input

3D-R2N2 PSGN Pix2Mesh AtlasNet

[*Mescheder et. al., CVPR 2019 Occupancy Networks: Learning 3D Reconstruction in Function Space]

Ours*®
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Tomorrow

* Learning from Points

* Learning from Images (Differentiable Surface Rendering)

* Neural radiance fields (Volumetric rendering)

* 3D Gaussian Splatting (Volumetric primitive-based rendering)
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