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Deep Learning Essentials

11. Implicit Layers

Root-finding layers, Differentiable rendering, ...

Lukas Neumann

Adapted from B3B33UROB slides of Karel Zimmerman



https://cw.fel.cvut.cz/b241/courses/b3b33urob/start
https://cw.fel.cvut.cz/b241/courses/b3b33urob/start
https://cw.fel.cvut.cz/b241/courses/b3b33urob/start
https://cw.fel.cvut.cz/b241/courses/b3b33urob/start
https://cw.fel.cvut.cz/b241/courses/b3b33urob/start

Prerequisites

* Explicit function

* Explicit functions define the dependent variable directly in terms of the
independent variable y = f(x)

« Egy=2x*+3

* Implicit functions

* Even though the direct dependence f(x) does not exist, you can still express
the relationship between xandyas F(x,y) =0

* Eg.x*+y*=4

* Implicit Differentiation
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Explicit vs Implicit layers

Explicit layers Implicit layers
Sigmoid: Root-finding layer:
—— o(X) — — solve:f (X,w) = 0

Convolution: Unconstrained optimizer:

= y — @ | argminf(x,w)
conv(X,w) X
X
Constrained optimizer:
Batch-norm: P
v, B LR argminf (X, w)
— X
. BN, 5(x) |[—— g(x,0) <0
> h(x,u) =0

Differentiable Rendering:

————| 3D Rendering engine
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[Z0## Root-finding layer
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While changing w, root function x*(w)
follows the yellow curve

fx*(w),w) =x*"(w)?—w=0

of (x* (w), w) —0 Yellow space is locally defined as the direction in w-domain
ow which locally preserves zero value of f(x*(w), w) function



* We want to back-propagate through the layer — we need to find

f&x*(w),w) =0

Of (x* (@), ) _
Jw B

Root-finding layer

Given parameters w, the code delivers solution x* such that f (x*,w) = 0
Often the function is a compiled binary without the access to its source

0x*(w)
ow

Given w, the root function x*(w) satisfies this equation

w is allowed to change only in directions which
does not change the value of f(x*(w), w) in order
to stay within the solution manifold

fxX*(w),w) =x"(w)?—w=0

If (x*(w), w)
dw

= 2x"(w) -

ox*(w) . X (w) 1
w1702 5, T 2x*(w)




Implicit Differentiation

* Differentiation of compound function yields manifold that we search for

a”";i‘i’)' D o @) ) ax;iw) +0,f (X" (@), w) = 0

ox* ()

5 | = L0 (X" (@), @)] 0 f (X" (@), w)

using notation 52 = 3, f (a,b), L2 = 9, f (a, b)

 Bothterms d; f(x*(w),w) and 9, f (x*(w), w) can be calculated using
Autograd



Image Correspondences
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ground truth
motion
predicted ‘ T
motion X
X*
* _ GT 12
solve:f(x,w) = 0 ——)p | | X" — X" 12

f(x, w) = 0 is setof
non-linear equations
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Godard et al., "Digging into self-supervised monocular depth estimation”, ICCV 2019
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Depth Encoder __ Depth Decoder
- 1 1 . Depth
.-’ L —— | Map
g 8 § | Lo Dy
Image Loss
t+1 Pose Encoder Warping Function
L

Godard et al., "Digging into self-supervised monocular depth estimation”, ICCV 2019
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s Ego-Vehicle Motion Prediction

I, D,

|

depth encoder depth decoder

Tt—>t+1
Tt—>t+2
R
t—t+3
It-3’ It-2’ It-l > It pose encoder  pose decoders warp image

(Resnet3D)

NeumannL., Vedaldi A., "Pedestrian and ego-vehicle trajectory prediction from monocularcamera”, CVPR 2021



Ego-Vehicle Motion Prediction

Predicted @ +1.5s Actual @ +1.5s

NeumannL., Vedaldi A., "Pedestrian and ego-vehicle trajectory prediction from monocularcamera”, CVPR 2021
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* Pytorch3D

% Differentiable Rendering

™ PyTorch

Renderer
Cameras
Extrinsics (R, T) Rasterizer Shader
Intrinsics (K)
G Rasterize
OpenGLPerspectiveCameras R Shading PhongShader
SfmOrthographicCameras & CUDA GouradShader
. SilhouetteShader
Apply lighting
Transform Interpolate textures
Blend top K values
hard_rgb_blend
Meshes Rasterize sigmoid_alpha_blend
R =»  forward Fragments
: [ CUDA Top K*:
Vertices Faces Normals e Indlces par pbel
- barycentric coordinates
Meshes - zbuf
- 2D euclidean distance
*The value of K is set by the
‘faces_per_pixel' parameter
v 1 v 1
Meshes Properties Lights
Functions/Modules in PyTorch3d Texture maps Location/direction
Vertex RGB colors Ambient/diffuse intensity
== Forward Pass Ambient/diffuse/specular reflectivity
S PointLights
< Backward pass (gradient flow) Textures DirectionalLights

Materials



Mesh R-CNN

Input Image

3D Meshes 3D Voxels

Gkioxari, Georgia, Jitendra Malik, and Justin Johnson. "Mesh r-cnn." Proceedings of the IEEE/CVF international conference on computer vision. 2019.
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Mesh R-CNN

RolAlign

%

Box/Mask Branch

—> box, class, 2D mask

—

Voxel Branch

Cubified Mesh

| (o
P
> h-‘ : ‘: * = - - -
‘. . - -
Vert Align  Graph conv Refine Vert Align  Graph conv
o

Mesh Refinement Branch

Final Mesh

Gkioxari, Georgia, Jitendra Malik, and Justin Johnson. "Mesh r-cnn.” Proceedings of the IEEE/CVF international conference on computer vision. 2019.



Differentiable Rendering

Texture map + Texture Atlas [1]

Vertex textures Vertex UV coordinates
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Texture map

N T R for each face,
8 7] thownle mesn | (compie sing
Textures: (N, V, D) UV coords: (N, V, 2) Atlas: (N,F,R,R, 3)

Texture map: (N, H, W, 3)

[1] S. Lis, W. Chen, T. Li and H. Li Scft rasterizer: Differentiable rendering for unsupervised single-view mesh reconstruction In ICCV, 2019



Summary

* Implicit layers allow incorporating prior knowledge
— less overfitting

* Many different implicit layers, choose the one which fits your problem the best
— “Always use the right tool”



Competencies gained for the test

* Explicitvs Implicit Layers
* Usefulimplicit layers (root-finding, optimization, differentiable rendering)
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