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Motivations Differentiable rendering

Experiments

Differentiable  simulation for control

Fig. 1:  rasterization and aggregation steps 
induce non-smoothness in the computational 
flow (Top). They can be made differentiable 
via randomized smoothing (Bottom).

Fig. 2:  Contacts induce null gradients 
of physics.

- Physical processes such as image rendering or physical 
simulation, are subject to non-smooth phenomena (Fig. 1,2) 
[2,3]. 
- These result in badly conditioned gradients which may be 
uninformative (i.d., null almost everywhere) or even undefined 
(Fig.2).
- This lack of regularity, in the end, may drastically hinder 
gradient-based optimization algorithms (Fig.3) [4].

Rendering is the 
process which, given a 
3D scene and a camera 
parameterization, 
outputs the 
corresponding RGB 
image (Fig.1).

Rasterization and 
aggregation steps are 
naturally 
discontinuous. 
Mathematically, they 
corresponds to Linear 
Programming 
argmax operators:

whose  gradients are 
null or even undefined.

The non-smooth rasterization and aggregation operators can be 
replaced by their randomly smoothed approximations [3].

The smoothing noise is automatically reduced across the 
iterations of the algorithms used for optimization or learning.

Differentiable perturbed renderers allow to perform 3D mesh-
reconstruction task in a self-supervised way.

The noise is reduced 
adaptively to 
converge towards a 
solution of the physical 
problem (Alg. 1).
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Randomized smoothing

Gradients of a randomly smoothed function can be evaluated via 
a zero-th order estimator:

Alternatively, when the original function is differentiable, one can 
use a first order estimator:

Such estimators averages gradients over a noise distribution and, 
thus, mechanically augments the quantity of captured 
information in the gradients even when they are uninformative 
e.g null in a region of the optimization space.

Randomized smoothing convolves the original non-smooth 
function g with a probability distribution [1]. In practice, a Monte-
Carlo estimator is used to compute the smooth approximation:

Contacts and friction 
cause the physical 
simulation to be non-
smooth [2] and its 
gradients to remain 
null over large regions 
of the trajectory space 
(Fig. 2) [4].

Task: reach a target pose (lifting of the tip of one leg while keeping the three others on the ground). 
Randomized smoothing coupled with Differential Dynamic Programming (R-DDP) allows to solve this task while classical 
DDP algorithm is not able to precisely apprehend contacts because of non-informative gradients of the dynamics.

Fig. 3:  R-DDP is able to break 
contacts while classical DDP fails

Randomized 
smoothing 
approximates the 
physics by a 
smoother one (Fig. 2).
This frames the 
stochasticity of 
exploration as a key 
element of the success 
of RL on  solving 
physical problems.


