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1 Abstract

Automatic Differentiation (AD) concerns the accurate and efficient differentiation of functions
defined by computer programs [Gri00]. AD is used in a wide variety of applications including
weather forecasting [GKT+05], climate studies [GTH+02], aerodynamic optimisation [BGHK94],
and is being integrated into packages for solving ODEs [SKF05] and optimisation.

Over the past 9 years Dr Shaun Forth has developed an AD tool named MAD (see [For06] and
www.matlabAD.com) for the automatic differentiation of computer codes written in Matlab. Cran-
field University has a vacancy for a suitably qualified, able and enthusiastic student to undertake
undergraduate summer intern work for up to 3 months in the field of automatic differentiation in
Matlab or applications thereof with Dr Shaun Forth. Possible areas of research include:

∙ Sparsity detection - robustly finding which entries of a functions Jacobian or Hessian are
non-zero [GK06, Wal08].

∙ Improving the efficiency of reverse mode AD [Gri00].

∙ Extended Jacobian-based approaches to AD [FTPR04].

∙ Sensitivity analysis of differential equation solvers such as Kunge-Kutta methods.

∙ Applications of AD to scientific and engineering problems.

The area to be studied will depend on the experience, abilities and interests of the successful
applicant.

2 Pre-Requisites

Applicants will be expected:

∙ To be studying for a degree in a mathematical, scientific or engineering discipline.

∙ To have some experience in writing computer programs for scientific or engineering analysis.

∙ To have good Matlab programming skills.
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∙ Depending on the exact project to which they are assigned, applicants might also benefit
from experience of

– Object-oriented programming.

– Mathematics/numerical methods for linear algebra, differential equations, finite-elements,
optimization.

3 Questions for Applicants

If you wish to be considered for this positions then please submit response to all of the question
in Sect. 3.1 and ONE of the questions in Sect. 3.2, together with any Matlab code developed, to
Dr Forth compressing any folders using WinZip or gzip if necessary. Dr Forth will be looking for
evidence of good Matlab software development skills and mathematical insight in your response
- you are not expected to have experience of AD. Please feel free to attach relevant additional
supporting documents, e.g., reports/papers relating to mathematical or software tasks you have
previously performed.

3.1 COMPULSORY QUESTION: A Simple Implementation of Forward
Mode AD in Matlab

The class folder @fwdmode found with this document contains a simple implementation of the
so-called forward mode of automatic differentiation. The m-file SimpleExample.m shows how this
class may be used to calculate the derivative of the function y = x ∗ x + 3 ∗ x + 2 for x = 3 where
∗ means multiplication.

1. How are the multiplication and addition operations differentiated?

2. Why is the derivative component of x set to be 1?

3. Can you extend the fwdmode class to differentiate,

y = 3 ∗ x ∗ x− 2 ∗ x− 5,

or
y = 3x2 ∗ sin(x).

4. What other operations/operations can you add to the fwdmode class so it can differentiate
more general functions? Make sure to document your testing of these functions.

3.2 ANSWER ONE of the Following Additional Questions

Submit answers to ONE of the following topic areas:

1. The m-file SecondExample.m shows how the fwdmode class can be used to calculate second
derivatives. Explain how this is done and test for a greater range of functions.

2. Extend the fwdmode class to cope with if statements leading to branching, i.e., to automat-
ically cope with code of the form:

y=3*x*x-2*x-5

if y>2

z=3*y;

else

z=-y;

end
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3. Describe how the accurate and efficient use of derivatives via AD has, or might, improve ac-
curacy or robustness of algorithms for your particular area of interest in scientific computing.
You might like to look for and review a relevant paper using AD in this area.

4. What is the reverse, or adjoint mode of automatic differentiation? How does this compute
the gradient of a function for a cost of only a small multiple of the number of floating point
operations in the original code - no matter how many variables the function depends on?
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