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We have used Automatic Differentiation to linearise a time-dependent CFD solver that is written in Fortran
95 and features mesh movement. The CFD code simulates a smalldevice that generates a jet-like flow by
oscillating fluid in a chamber connected to its surroundingsvia an orifice. Using the resulting derivative code,
we discuss a case study aimed at optimising the kinetic energy of the upwards motion of the jet by controlling
the period and the amplitude of the oscillation.
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Synthetic jet actuators are small scale devices generatinga jet-like motion by oscillating fluid in a chamber
connected to an external flow via an orifice. They may be embedded into an aircraft wing to control flow sepa-
ration or they can serve as a propulsion system for microfluidsystems [10, 21]. The associated fluid mechanics
is governed by the unsteady Navier-Stokes equations that are solved using a finite volume approach on a moving
mesh [21]. Figure 1 shows the vorticity contours using a two-dimensional geometry, see [21] for further details.

Fig. 1 Vorticity contours of the synthetic jet flow

In this study, we consider the synthetic jet actuator modelled in [21] and aim to maximise the kinetic energy
of the jet in the upwards movement for a given fixed amount of work that cannot be exceeded by the system. The
optimisation is carried out using a gradient-based algorithm from the MATLAB optimisation toolbox. Finite-
differencing (FD) is a popular way of calculating first-order derivatives. It is easy to implement but incurs trun-
cation errors that may affect robustness of algorithms thatuse derivatives. An alternative is to use the algorithms
and tools of Automatic Differentiation (AD) [19, 12], also known as Algorithmic or Computational Differentia-
tion by which derivatives of a function represented by a computer program are computed without the truncation
errors associated with finite-differencing. This facilitates the generation of the gradient of the objective function
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represented by, in our case, some4500 lines of Fortran 95 code. Performance of the AD-generated code is en-
hanced using manual modifications. Preliminary results of an optimisation test case aiming at maximising the
kinetic energy of the upstream jet flow using the MATLAB optimisation routinefmincon have shown improved
solution and convergence as compared to using FD.

1 Computing derivatives via Automatic Differentiation

Solving nonlinear systems or nonlinear optimisation oftenrequires derivative computation. Derivatives can be
obtained by hand when they are easy. However, if the functions are too complicated, we may use the popular
finite differencing scheme, the complex-step derivative approximation [17] or the truncation-error-free derivative
evaluation known as Automatic Differentiation [12, 19].

Automatic Differentiation of a computer code representinga functionF : Rn 7→ Rm can be viewed as a
program transformation in which the original code’s statements that calculate real valued variables are augmented
with additional statements to calculate their derivatives. This is carried out by regarding the original computer
code as a sequence of elementary functions having at least a first derivative and then using the chain rule to
automatically evaluate the function represented by the given code as well as its derivative. The main advantage
of this technique is that it can handle codes of arbitrary complexity to provides accurate and fast derivatives while
being reliable compared to hand-coding.

Assuming dx is the derivative associated with a variablex andx1, x2 the variables with respect to which we
desire derivatives, the functionF : R2 7→ R : (x1, x2) 7→ x1X2/(1 + x2

1) represented by the following code can
be transformed as follows:

v1 = x1x2

v2 = 1 + x2
1

y = v1/v2

⇒

dv1 = x2dx1 + x1dx2

v1 = x1x2

dv2 = 2x1dx1

v2 = 1 + x2
1

dy = (v2dv1 − v1dv2)/v2
2

y = v1/v2

(1)

In AD terminology, we define theindependent variables to be those input variables with respect to which we
need to compute the derivatives, thedependent variables to be those outputs whose derivatives are desired, and
the intermediate variables to be those whose value depends on an independent and affects a dependent variable.
An active variable is an independent, intermediate, or dependent variable.

We distinguish at least two standard AD algorithms: the forward mode and the reverse or adjoint mode. The
forward mode propagates directional derivatives along thecontrol flow of the original program. The cost of
evaluating∇F (see [9, 12] for more details) is bounded above as follows:

Cost(∇F) ≤ 3nCost(F) (2)

The adjoint mode is composed of two passes: a forward pass that computes the function and a reverse pass that
calculates the sensitivities of the dependent variables with respect to the intermediate and independent variables
in the reverse order to their calculation in the function. Inthe reverse pass, we may need to recompute interme-
diate values required by the differentiation process or extract them from a storage data structure called the tape
(essentially a LIFO stack) if they have been stored during the forward pass. The sensitivities of the dependent to
the independent variables give the desired derivatives. The cost of calculating∇F (see [9, 12] for more details)
is bounded above as follows:

Cost(∇F) ≤ 3mCost(F) (3)

Note that the adjoint mode is particularly efficient in calculating gradients (m=1) since its complexity is not
dependent on the number of inputs. However, the storage requirement may increase dramatically and powerful
strategies to reduce the tape size are required in order to approach the complexity bound shown in (3).

The forward and adjoint modes of AD are implemented in various AD tools that usually use the following
approaches:

Copyright line will be provided by the publisher



ANAC header will be provided by the publisher 3

• Augmenting the given computer code with extra statements calculating derivatives and output a transformed
computer code (e.g., ADIFOR 3.0 [2, 3], TAF [6], TAPENADE 2.1 [16]).

• Providing a library that overloads the elementary operations to support derivatives calculation (e.g., ADOLC [14],
MAD [8], AD IMAT [1]).

In this paper we are concerned with AD software for numericalcodes written in the Fortran programming lan-
guage. Examples of such AD tools are ADIFOR 3.0, TAF, and TAPENADE 2.1 that implement the two AD
modes with variant strategies for performance purposes (seewww.autodiff.org for references and details).

To differentiate a given source code using an AD package, we usually specify the independents, dependents,
and the toplevel routine, and then choose an AD algorithm (e.g., forward mode AD). However, the process is fre-
quently not that straightforward for large-scale applications since current AD tools are limited by their language
coverage. This limitation often forces the AD user to rewrite his or her input code before being transformed by
the chosen software. This phase of code preparation may be aided by scripting languages (e.g., SED, PERL, or
PYTHON) to automate the rewrite process. Examples of Fortran features not currently well handled by current
AD tools include structured or derived data types, modules,dynamic allocation, pointers, or control structures
such ascycle or exit . Consequently, an input code that uses such features may need to be rewritten prior
to differentiation. In this preparation process, the AD user must validate each transformation by checking the
semantic of the input code is preserved. This may become a difficult task when the input program is a legacy
code that has been validated or developed in a third party location. Eventually, when the input code can be read
and analysed by the AD tool, a transformed code that computesthe original function and its derivatives will be
generated. The obtained computer program need be compiled and run to get derivative values. This leads us
to seek ways of checking the correctness of derivative values hence validating the AD generated code and of
improving its performance.

1.1 Validation

To ensure an AD generated code calculates the correct derivative values, it is important to check that the AD
obtained values are in line with those from finite-differencing and that different AD algorithms give the same
values to within the limits of the machine precision. We may proceed as follows:

1. Compute a single directional derivativeẏ = ∇F (x)ẋ for a random directioṅx by using finite-differencing
and the forward mode AD. Then check that the difference between the two values is about the square root
of the machine precisionε.

2. Compute a single adjoint̄x = ∇F (x)T ȳ for a random̄y via the reverse mode AD. Then check thatȳẏ ≡
x̄ẋ.

This validation process is crucial and needs careful attention. Note that AD makes the assumption that the input
functionF to be differentiated is composed of elemental functionsφ that are continuously differentiable on their
open domains [12]. However, this may not be the case for real-life applications. At a point on the boundary of an
open domain, the functionF can be continuous, but its derivative∇F may jump to a finite value or even infinity.
A black box approach of AD can lead to wrong results in the presence of non-differentiable functions or iterative
processes.

1.1.1 About non-differentiability

A real-life application may contain mathematical functions that are not differentiable in some points in their
domain. A computer code that models such an application may contain intrinsic functions (e.g.abs , sqrt , or
arccos ) or branching constructs used to treat physical constraints for instance non physical values of model
parameters. We now describe three situations, which may cause non-differentiability problems.

First, let us consider the case related to non-differentiable intrinsic functions. For instance, the derivative of
cos−1 is not defined atx = 0 since

dcos−1(x = 1)

dx
= ∞.
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Moreover, consider the functionabs . Its derivative evaluated at the pointx = 0 has more than one possible
values including−1, 0, 1. Choosing one of these values depends upon the numerical application. This suggests
that there is no “automatic” way of treating such a pathological case and that code insight is crucial in guiding
sensible choices. To date, the best thing an AD tool can do is to provide an exception handling mechanism that
can be turned on in order to track down intrinsic related non-differentiable points. ADIFOR 3.0 is a primary
example for such a mechanism and to our knowledge, at the timeof the writing, it is unique in that respect.

Second, let us consider pathological cases related to branching constructs. Differentiating blindly such a
construct may give point-valued derivatives. Therefore a functionF that is mathematically differentiable may
become non-differentiable when AD is applied. This happensnamely when the test used in the branching con-
struct involves active variables as in the following example:

if x == 0 then y = 1.0 else y = x + 1.0 (4)

An AD tool will give a derivative value zero atx=0 in lieu of the value one. Although in this example, the
branching construct is not needed, there may be cases where such constructs may be used to prevent unphysical
values. Currently AD tools do not handle or even detect thesecases. Tracking down such pathological cases may
require developing robust program analysis algorithms or rely on the user’s insight of the given computer code.

Third, consider an engineering application in which the independent or dependent variables are real-valued
but complex-valued data have been used for computation purposes. Using the equivalence betweenR2 andC, a
complex functionh : a + ib 7→ f(a, b) + ig(a, b) of a complex variablea + ib, wherea, b are real values and
f, g are real-valued functions, is differentiable if and only ifh is analytic meaning∂f

∂a
=∂g

∂b
and ∂f

∂b
= − ∂g

∂a
. It

follows that the conjugate operatorz 7→ z̄ is not differentiable. The application of AD into such complex-valued
functions is discussed in [18]. Unlike real-valued functions, complex-valued functions may be many-to-one
mappings. For example, the function sqrt maps a complex numberx=a + ib to two complex numbersz and−z

with z=
√

1/2(a +
√

a2 + b2) + i
√

1/2(−a +
√

a2 + b2). This may raise subtle issues for the application of
AD. It also turns out that the modulus functionabs raises issues when evaluated at the origin. To handle possible
singularities, the application of the chain rule must be robustly used by the AD tools [18].

1.1.2 Iterative Numerical Solvers

An important question in using AD concerns differentiatingthrough iterative processes. Typically, AD augments
the given iteration with statements calculating derivatives. Empirically, AD provides the desired derivatives.
However, questions remained as to whether the AD generated iteration converges and what it converges to.
Consider Fischer’s example as discussed in [7]. The iterative constructorxk+1 = gk(xk) with

gk(x) = x exp(−kx2) (5)

converges tog ≡ 0 whenk → ∞ whilst its derivativeg
′

k(x) → 0 but g
′

(0) = 1. The issues of derivative
convergence for iterative solvers in relation to AD are discussed in detail in [11, 13] for the forward mode AD
and in [4] for the adjoint mode. In [13], it is been shown that the mechanical application of AD to a fixpoint
iteration gives a derivative fixpoint iteration that converges R-linearly to the desired derivative for a large class of
nicely contractive iterates or secant updating methods.

Usually, current AD tools generate derivative code using the same number of iterations as the original solver.
However, if the initial guess is close to the solution, then this adjoint solver does no longer converge to the adjoint
of the solution. For example, let us consider the following implicit iterative solver:

z0 = z0(x, y), zi = g(x, y, zi−1) for i = 1 . . . l, (6)

for l a non negative integer and the functiong defined as:

g : R3 → R

(x, y, z) 7→ (y2 + z2)/x

z0 = z0(x, y) is meantz0 is initialised for some values ofx andy. For given valuesx = 3, y = 2 and an initial
guessz = 0.5, the implicit equation

z = g(x, y, z)
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has a solutionz∗=z∗(x, y)=1 and∇g(x, y, z∗)=(−1, 1). When the code in equation 6 is mechanically differen-
tiated using for example TAPENADE 2.1, we observed:

• if the initial guess is within a radius of the solution that leads to convergence, then the AD generated iteration
converged to the correct derivative.

• if the initial guess is closer to the solution, say the initial value ofz=1, then the derivative iteration converges
in one iteration to∇g(x, y, z∗)=(−1/3, 1/3), which is wrong.

This means the assumption made by most AD tools to use the samenumber of iterations taken by the original
iterative process for the derivative one is fair but may leadto wrong derivatives in certain cases. As suggested
in [4], the AD tool ought to augment the convergence criterion to account for derivative convergence.

In summary, validating derivative calculation via AD can bedifficult in the presence of non-differentiable
functions and iterative solvers. It is hoped future AD toolswill help spotting such anomalies and raising warnings
to the AD user since, to our knowledge, there is no automatic ways of solving these issues.

1.2 About Efficiency

In theory, the fundamental idea of AD is simple: consider a computer code as a composition of elementary
functions and differentiate it using the chain rule. The main advantage of this technique is that it provides
algorithms that exhibit better accuracy and performance compared to finite differencing and that it is more reliable
than hand-coded derivatives, which are error prone. In practice, there is a scope for AD tools to improve further in
producing fast and reliable derivatives. Most of these improvements concern code optimisation. New algorithms
have been developed and implemented into some AD software. These include the followings:

• Dependency analyses which determine the set of active variables and procedures. This eliminates many
redundant calculations e.g., creating derivative objectsthat are a priori zero or adding/multiplying zero, see
for instance [2, 6, 16].

• In-out analyses [16] which determine sets of active variables or required variables for the reverse sweep of
the adjoint mode at subroutine level.

• TBR (To-Be-Recorded/Recomputed) analyses [6, 15] that enable reduction of the tape size [computing load]
for the reverse mode AD. These analyses determine which values of variables are needed by the reverse
sweep of the adjoint mode and hence need be stored or recomputed.

• Automatic checkpointing performed at subroutine call levels. Although not optimal, this strategy allows for
a fair trade-off between storage and recomputation [16].

• Providing ’directives’ facilities for the user to exploit certain insights of the code to be differentiated (e.g.,
parallel loops) [6].

However, hand-tuning the AD generated code can give furtherperformance as illustrated in Section 3.1 of this
report. In the next section, we focus on applying AD into the DGRINS code that implements a time-dependent
CFD solver modelling a two-dimensional synthetic jet actuator.

2 DGRINS: A Time-Dependent CFD Solver

In previous work [21], the unsteady Navier-Stokes were discretised using a cell-centered finite volume approach
and solved on a moving mesh. Figure 2 shows the chamber containing the air flow. The diaphragm is forced to
move in a sinusoidal oscillation with given periodp and amplitude (as a percentage of its length)a. Boundary
and internal mesh pointsxi are moved into positionxnew

i =xi+∆xi, where∆xi is prescribed for boundary mesh
points and for internal mesh points∆xi is given by,

∆xi =
1

Di

∑

j∈Nbr(i)

1

|xi − xj |
∆xj , with Di =

∑

j∈Nbr(i)

1

|xi − xj |
, (7)
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Diaphragm

cavity

orifice

Fig. 2 Schematic of a synthetic jet flow

where Nbr(i) represents the neighbouring points ofi. This “smoothing” is repeated50 times to ensure converged
mesh movement.

In the numerical simulation, the residualRi(q,x) for cell i is obtained using a finite-volume semi-discretisation
of the Navier-Stokes equations in the form of∂Viqi/∂t = Ri(q,x) whereVi andqi are respectively the volume
and conserved variables at celli. By using a backward Euler scheme and introducing a pseudo-time stepτ , we
obtain the following nonlinear system forqn+1

V n+1
i

∂qn+1
i

∂τ
= Ri(q

n+1
i ,xn) − V n+1

i qn+1
i − V n

i qn
i

∆t
. (8)

This system is solved by matching to steady state inτ using low-storage 4-stage Runge-Kutta scheme. The
objective function is defined as the time averaged specific kinetic energyF= 1

Tmax

∫ t=Tmax

t=0 (u2
k+v2

k)dt wherek

is the index of a nominated cell in the freestream above the cavity, (uk, vk) is the cell’s velocity vector andTmax

is taken as5 periods of the diaphragm motion. The numerical code called DGRINS can be sketched as follows:

Read in mesh geometry x (nodes, cells, faces)
Initialise flow variables and boundary conditions
Read in design variables designvars : a, p

Read in number of time-steps N and k

Set F = 0
For t from 0 to N

Move the mesh boundary using a sin scheme
Update interior mesh then cell and face information
While (not converged ) ! FIXPOINT

Converge the flow variables using a RK4 solve:
Compute residual R = r(qj) for each cell j

Update the flow variables qj using R

End While
Update F = F + u2

k + v2

k

EndDo

Fig. 3 A Sketch of the time-dependent CFD code DGRINS

To maximise the kinetic energy represented by the objectivefunctionF , we need the gradient∇F and there-
fore the differentiation of the DGRINS code representing the functionF . The actual DGRINS computer code
is about4, 500 lines of code and uses Fortran features such as dynamic allocation, modules, derived types and
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array operations. These features make the differentiationchallenging since they are not well handled by current
AD softwares.

3 Differentiation of DGRINS

To differentiate the DGRINS code, we use the TAPENADE 2.1 AD software. TAPENADE 2.1 is a source-to-
source translation tool handling a subset of Fortran 95. It provides single directional derivative computation using
the forward or adjoint modes as well as Jacobian evaluation using the so-calledvector mode that concurrently
calculates multiple directional derivatives using the forward mode.

Note that TAPENADE 2.1 only provides a limited handling of Fortran 95 derived types, modules and intrinsic
functions (e.g., matmul and dotproduct are not currently handled within TAPENADE 2.1) but does not handle
at all dynamic memory allocation. These language coverage limitations imply we need “clean up” the code before
being differentiated. By code clean up, we mean rewriting the input code into an equivalent form that can be well
handled by TAPENADE 2.1. We manually replace the dynamic allocation to static allocation by declaring large
enough arrays to store data. We then transformed Fortran modules into common blocks. Finally, as carried out
in [20], we transformed all Fortran derived types into a set of arrays. For example the following declaration of
the derived type calledbound type :

type nodetype
sequence
double precision :: X
double precision :: Y
integer :: env
integer :: actnnum
integer :: cellnei(neibnum)

end type nodetype
type(nodetype) :: node(nodenum0)

was replaced by the set of declarations:

double precision :: nodeX(nodenum0)
double precision :: nodeY(nodenum0)
integer :: nodeenv(nodenum0)
integer :: nodeactnnum(nodenum0)
integer :: nodecellnei(neibnum,nodenum0)

and all occurrences of expressions of the form e.g.,node(i)%X or node(i)%cellnei(j) in the code’s
statements are replaced by respectivelynode X(i) or node cellnei(j,i). This ’cleaned up’ is carried
out using the SED [5] scripting language to rewrite the entire DGRINS code.

Moreover, the vector mode of the current version of TAPENADE2.1 works well when we specify the
shapes of arrays in array operations meaning that ifa andb are one-dimensional arrays, we write the state-
menta(:)=b(:) rather than its equivalent forma=b. Note that each ’clean up’ need be validated by ensuring
the semantic of the input code is preserved. This is carried out by gradually testing the transformed code against
its original version.

3.1 Results and Discussion

The rewritten code has been differentiated by TAPENADE 2.1 using the adjoint mode and the vector mode to
calculate the gradient of the objective functionF : R2 7→ R. The obtained codes were compiled with maximum
compilation optimisations and run for a small mesh size of654 nodes and582 cells on a Sun Blade 1000 machine.
Both AD generated codes gave consistent gradient values in line with the result from finite-differencing. However,
the adjoint code (TAPENADE 2.1(adj) in Table 1) required1.5GB of tape size and2 hours9 minutes to run.
This gives a ratio of255 between the run-times of the gradient and function evaluations.

Because, this ratio is too high, we ought to seek further waysof improving the adjoint code. A profile of the
TAPENADE 2.1(adj)-generated code showed that about90% of the CPU time is spent storing or retrieving data
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from the tape. We then identified kernel routines with a higher percentage of the CPU time and operated the
following changes from the input code:

1. Removal of overwritten variables: An overwritten variable may be unnecessarily stored into the tape by
the forward sweep of the adjoint mode for codes with complex control flow since the static TBR analyses
areconservative, meaning they provide approximate solutions in lieu of exact solutions.

2. Making arguments of subroutines explicit: The flux and boundary routines operate on sets of flow vari-
ables (pressure, density, temperature and velocities) foreach mesh cell that are stored in two-dimensional
arrays. Arguments of these subroutines were cell indices which we have changed to flow variable arrays.
The advantage is that the TAPENADE 2.1 taping mechanism willpush5 double precision numbers into
the stack instead of5 × k, wherek is the number of mesh cells.

3. Making local copies of global data: The input code uses large arrays storing mesh or flow information in
common blocks. Flux routines operate on two sections of these large arrays at a time. Making local copies
of these sections increase data locality and minimises memory traffic by reducing cache or TLB misses.
This is good for the input code and of great help for the AD software.

After these manual changes, the runtime of the resulting input code (indicated as “new” in Table 1) was decreased
by about40%. Then, we use the new input code for TAPENADE 2.1 to regenerate codes calculating the gradient
of the objective functionF .

The obtained codes were compiled with maximum compilation optimisations and all performance results for
a small mesh size654 nodes and582 cells are shown in Table 1.

Table 1 Performance of the AD-generated Code, the timings are in (s)

Method CPU(∇F ) (s) Tapesize CPU(∇F )

CPU(F )
Difference

TAPENADE 2.1(adj) 7774.6 1.585 GB 254.9 O(10−11)
One-sided FD (new) 57.6 — 3.1 O(10−6)
TAPENADE 2.1(new, fwd) 75.2 — 4.0 0.0
TAPENADE 2.1(new, adj) 450.8 0.12GB 24.2 O(10−11)
TAPENADE 2.1(new, adj, FP) 384.2 0.09GB 20.7 O(10−6)

Considering the TAPENADE 2.1(fwd) results as being correct, Table 1 shows the difference between AD
and FD results is about10−5 and FD has used3 function evaluations to calculate the gradient. TAPENADE
2.1(new, adj) is10 times faster than TAPENADE 2.1(adj) showing that simple changes to the input code can
result in a huge performance improvement of the AD-generated code.

This percentage dropped to36% with TAPENADE 2.1(new, adj). However, TAPENADE 2.1(new, adj) is
5 times slower than TAPENADE 2.1(new, fwd). We believe this isdue to the overheads incurred by the taping
required by the adjoint mode AD. Note that TAPENADE 2.1 adjoint uses a recursive checkpointing strategy
performed at the subroutine level to trade-off off between storage with recomputation of intermediate values.
The last line of Table 1 shows the improvement in performanceobtained by hand-modifying TAPENADE 2.1
adjoint code to store the converged nonlinear system and adjoining it [4]. Here, we have used the same number
of iterations in the reverse pass as for the forward pass. Theresulting derivative values are as precise as those
of FD and the discrepancies with other AD results is, we believe, due to the finite convergence tolerance used in
the nonlinear iteration at each backward Euler step. The runtime and memory requirement performance of the
mechanical adjoining used by default in TAPENADE 2.1 are improved respectively by a percentage of15% and
25%.

In AD theory [12], gradients are cheaply calculated using the adjoint mode when the number of independent
variables is fairly large. Here, we have two independents and the computation of the adjoint is dominated by
the taping routines. The adjoint approach will be competitive when we have a large number of independent e.g.,
geometric design of a complex actuator.
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4 Application to an Optimisation Test Case

We consider a case study aiming at maximising the kinetic energy of the upwards motion in a given cell of
the mesh above the chamber by controlling the periodp and the amplitudea of the oscillation. We con-
strained this optimisation problem by setting a maximum work that the system cannot exceed. This work
C(p, a)= 1

Tmax

∫ Tmax

0

∫

Γ=diaphragm
P (t)n(t). dx

dt
dΓdt is obtained by integrating the surface force over the time

steps. Our optimisation problem is,

max F (p, a) subject to






C(p, a) ≤ 1
10−3 ≤ p ≤ 10−1

10−2 ≤ a ≤ 10−1

(9)

We used MATLAB’sfmincon function to solve the above optimisation. The results are shown in Table 2. At
the initial guess, we haveF (p, a)=2.65D−4 andC(p, a)=8.73D−3. We observedfmincon using the gradients

Table 2 Optima calculated by MATLAB’sfmincon

Initial Guess Optimum Opt. Value
Method p a p a F(p,a) Iter.
fmincon 1.D-2 1.D-2 0.0024 0.0229 0.0389 13
fmincon(AD) 1.D-2 1.D-2 0.01 0.1 1.4535 11

supplied by AD converged to a better solution in 11 iterations than that obtained using FD in 13 iterations. By
taking the solution obtained byfmincon using FD as an initial guess, the optimiser converged in5 iterations to
the optimal solution obtained byfmincon(AD). We believe fast and accurate first derivatives provided by AD
in the optimisation has increased robustness of thefmincon routine.

5 Conclusion and Future Work

We have presented preliminary results in using AD to producean adjoint solver for a time-dependent CFD
code. This shows that AD is a useful tool as it facilitates theautomatic generation of adjoint code and can
enhance robustness of an optimisation algorithm that requires derivatives. Furthermore, we have shown that
simple changes of the input code prior to differentiation can greatly enhance the efficiency of the AD-generated
code. The “better” the function is coded, the faster the AD calculated derivative will be.

Future work include optimising the geometry of the actuatorby varying the width or length of the orifice or
the volume of the chamber. This implies computing the mesh sensitivities. Therefore we need to differentiate
the mesh generator. By choosing a certain number of control points that can be moved around for a superior
geometry, there is a scope to increase the number of independent variables and therefore the AD adjoint mode
will be of great benefit. We will also investigate checkpointing schemes that can further enhance the performance
of the adjoint code and then run the resulting adjoint solverusing finer meshes.
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