
Automatic Differentiation: application in op-
timization and sampling 
Accelerate the optimization 
by computing the deriva-
tives of the function under 
optimization using automat-
ic differentiation 
Derivatives of the function under op-
timization can significantly accelerate 
the algorithms. Automatic differentia-
tion is an algorithm that is able to 
compute the derivatives of a general 
function without the involvement of 
the user. Derivative based optimiza-
tion may stuck on local minima and 
thus combination with algorithms ap-

propriate for global optimization must 
be utilised.
The goal of this project is to add an 
automatic differentiation library in 
Π4U, a high performance computing 
framework for optimization and uncer-
tainty quantification. The student will 
combine algorithms for local and 
global optimization, e.g. Evolutionary 
Strategy algorithms.

Depending on the level of the student 
these techniques can be extended to 
sampling algorithms. The project is 
appropriate for both Bachelor and 
Master Thesis. 

!

�

PREREQUISITES
• Good knowledge of C/C++

• Work Independently

• Enjoy critical thinking

CONTACT
Prof. Petros Koumoutsakos
Dr. Georgios Arampatzis
Dr. Panos Hadjidoukas

e-mail: petros@ethz.ch
  garampat@ethz.ch
  phadjido@mavt.ethz.ch
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CSELAB 
Chair of Computational Science - D-MAVT

WWW.CSE-LAB.ETHZ.CH  

In the CSE Lab, we combine computational methods, computer science tools and do-
main specific knowledge to solve scientific and engineering problems in areas such as 
Fluid Mechanics, Nanotechnology and Life Sciences. The core computational compe-
tences of our group are in particle methods and in stochastic optimization techniques.
Motivated by challenges in application fields, we focus on identifying the common ele-
ments among computational techniques and on formulating common methodological, 
algorithmic and software structures that facilitate their further development.
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https://en.wikipedia.org/wiki/Automatic_differentiation
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Sampling Path of RMHMC
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Figure 1: The first 10 iterations in sampling from a banana shaped distribution with random
walk Metropolis (RWM), Hamiltonian Monte Carlo (HMC), and Riemannian Manifold HMC
(RMHMC). For all three methods, the trajectory length (i.e., step size times number of integration
steps) is set to 1. Solid red lines are the sampling path, and black circles are the accepted proposals.

As the dimension grows, the system becomes increasingly restricted by its smallest eigen-
direction, requiring smaller step sizes to maintain the stability of numerical discretization. Giro-
lami and Calderhead (2011) proposed a new method, called Riemannian Manifold HMC (RMHMC),
that exploits the geometric properties of the parameter space to improve the e�ciency of stan-
dard HMC. Simulating from the resulting dynamic, however, is computationally intensive since it
involves solving two implicit equations, which require additional iterative numerical analysis (e.g.,
fixed-point iteration).

To increase RMHMC’s speed, we propose a new integrator that is completely explicit: we
propose to replace momentum with velocity in Riemannian Manifold Hamilton dynamics. As we
will see, this is equivalent to using Lagrangian dynamics as opposed to Hamiltonian dynamics. By
doing so, we eliminate one of the implicit steps in RMHMC. Next, we construct a time symmetric
integrator to remove the remaining implicit step in RHHMC. This leads to a sampling scheme,
called e-RMHMC, that involves explicit equations only.

In what follows, we start with a brief review of RMHMC and its geometric integrator. Section
3 introduces our proposed semi-explicit integrator based on defining Hamiltonian dynamics in
terms of velocity as opposed to momentum. Next, in Section 4, we eliminate the remaining
implicit equation and propose a fully explicit integrator. In Section 5, we use simulated and real
data to evaluate our methods’ performance. Finally, in Section 6, we discuss some possible future
research directions.
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