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We use Automatic Differentiation to linearise a time-degemt CFD solver that is written in Fortran 95 and
features mesh movement. The CFD code simulates a smalledénat generates a jet-like flow by oscillating
fluid in a chamber connected to its surroundings via an orifitsng the resulting derivative code, we discuss
a case study aimed at optimising the kinetic energy of theangsvmotion of the jet by controlling the period
and the amplitude of the oscillation.
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1 Introduction

Synthetic jet actuators are small scale devices generat-
ing a 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 mi-
crofluid systems [2, 7]. The associated fluid mechan-
ics is governed by the unsteady Navier-Stokes equa-
tions that are solved using a finite volume approach on a
moving mesh [7]. Figure 1 shows the vorticity contours
using a two-dimensional geometry, see [7] for further
details.

In this study, we consider the synthetic jet actuator
modelled in [7] 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- baset?
algorithm from the MATLAB optimisation toolbox. Finite-fierencing (FD) is a popular way of calculating
derivatives. It is easy to implement but incurs truncatimoss that may affect robustness of algorithms that use
derivatives. An alternative is to use the algorithms andstobAutomatic Differentiation (AD) [5, 3], also known
as Algorithmic or Computational Differentiation by whiclervatives of a function represented by a computer
program are computed without the truncation errors astastiaith finite-differencing. This facilitates the gen-
eration of the gradient of the objective function repreedrity somel500 lines of Fortran 95 code. Performance
of the AD-generated code is enhanced using manual moddicatiPreliminary results of an optimisation test
case aiming at maximising the kinetic energy of the upstrgrilow using the MATLAB optimisation routine
fmincon have shown improved solution and convergence as compatesintg FD.

1 \orticity contours of the synthetic jet flow
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2 The Time-Dependent CFD Solver

In previous work [7], the unsteady Navier-Stokes were @issed using a cell-centered finite volume approach
and solved on a moving mesh. Figure 2 shows the chamber notgdhe air flow. The diaphragm is forced to
move in a sinusoidal oscillation with given peripdand amplitude (as a percentage of its lengthBoundary
and internal mesh points are moved into positior]*“* =x;+Ax;, whereAx; is prescribed for boundary mesh
points and for internal mesh poinfsx; is given by,

1 1 . 1
Ax; = — E —Ax;, with D; = E — 1)
D; X =% , i =%
jeNbr) jeNbrg)

where Nbf7) represents the neighbouring pointsiofhis “smooth-
ing” is repeated0 times to ensure converged mesh movement.

In the numerical simulation, the residdl (q, x) for cell i is ob- ‘9

. ) . L o . g
tained using a finite-volume semi-discretisation of the ida®%tokes
equations in the form ofV;q; /0t = R;(q,x) whereV; andg; are caviy
respectively the volume and conserved variables aticely using
a backward Euler scheme and introducing a pseudo-timersteje Diaphradm
obtain the following nonlinear system fgf*!

Vn+1 aq"“ R nH ey Vian?H — Vrqr  Fig. 2 Schematic of a synthetic jet rov%/2
or ’ At '

This system is solved by matching to steady state imsing low-storage 4- stage Runge-Kutta scheme. The
objective function is defined as the time averaged specifietid energyF'= : OT’”“ (u3+v?)dt wherek

is the index of a nominated cell in the freestream above thgycauy, vy) is the ‘cell's velocity vector and;,,ax
is taken orb periods of the diaphragm motion.

3 Differentiation of the CFD Solver

Differentiating a code representing a functiBn: R™ — R™ can be viewed as a program transformation in
which the original code’s statements that calculate rdaledivariables are augmented with additional statements
to calculate their derivatives. This is carried out using tichniques of Automatic Differentiation that regards
the original computer code as a composition of elementangtfans having at least a first derivative and then
uses the chain rule to automatically evaluate the funcepnasented by the given code as well as its derivative.
Assuming d is the derivative associated with a variablendz;, x5 the variables with respect to which we
desire derivatives, the following statement can be transéd as follows:

dv = dv+ 2(xodry + x1dxs)
v =v+ 2122

®3)

In AD terminology, we define thendependent variables to be those input variables with respect to whieh w
need to compute the derivatives, tiependent variables to be those outputs whose derivatives are desined
theintermediate variables to be those whose value depends on an indepemkaffacts a dependent variable.
We distinguish at least two standard AD algorithms: the fmivmode and the reverse or adjoint mode. The
forward mode propagates directional derivatives alongctrgrol flow of the original program. The adjoint
mode is composed of two passes: a forward pass that competlsiction and a reverse pass that calculates the
sensitivities of the dependent variables with respectedritermediate and independent variables in the reverse
order to their calculation in the function. In the reversegpave may need to recompute intermediate values
required by the differentiation process or extract thermfeostorage data structure called the tape (essentially a
LIFO stack) if they have been stored during the forward p&@ke.sensitivities of the dependentto the independent
variables give the desired derivatives. The complexityhesigof these two algorithms can be found in [3]. The
forward and adjoint modes AD are implemented in various Addsuch as AIFOR 3.0, TAF, or TAPENADE
2.1, with variant strategies for performance purposesygee aut odi f f. or g/ for references and details).
Here, we have used TAPENADE 2.1 to calculate the gradiertebbjective functior' defined in Section 2.

Vv =0+ T122
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3.1 Results and Discussion

To use TAPENADE 2.1 [4] for our Fortran 95 code, we have 'ckghnp’ the code using a sed script as in [6],
since certain Fortran 95 features were not handled by TAPEEAR.1. Namely, derived types are transformed
to a set of arrays, static allocation is used in lieu of dyreaaibcation and modules are transformed into common
blocks. Furthermore, kernel routines of the input code vienesformed by removing any overwriting of vari-
ables, arguments of routines made explicit, and we use l@eables instead of accessing global array sections
in a common block. The runtime of the resulting input codéi@ated as “new” in Table 1) after these manual
changes was decreased by ab#ft. Then we calculated the gradient of the objective funcfionR? — R
using the two equivalent input codes.

The obtained codes were compiled with maximum compilatiptingisations and run on a Sun Blade 1000
machine. Performance results for a small mesh&izenodes an@82 cells are shown in Table 1.

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

Method CPUVF) (s) Tapesize %UZ;;) Difference
TAPENADE 2.1(adj) 7774.6 1.585 GB 254.9 0O(1071)
One-sided FD (new) 57.6 — 3.1 01079
TAPENADE 2.1(new, fwd) 75.2 — 4.0 0.0
TAPENADE 2.1(new, adj) 450.8 0.12GB 242 O(1071)
TAPENADE 2.1(new, adj,FP) 384.2 0.09GB 20.7 O(1079)

Considering the TAPENADE 2.1(fwd) results as being corréable 1 shows the difference between AD
and FD results is about)—® and FD has used function evaluations to calculate the gradient. TAPENADE
2.1(new, adj) isl0 times faster than TAPENADE 2.1(adj) showing that simplenges to the input code can
result in a huge performance improvement of the AD-gendratele. A profile of the TAPENADE 2.1(adj)-
generated code showed that abdff; of the CPU time is spent storing or retrieving data from theetaThis
percentage dropped 85% with TAPENADE 2.1(new, adj). However, TAPENADE 2.1(newj}id 5 times
slower than TAPENADE 2.1(new, fwd). We believe this is du¢hi® overheads incurred by the taping required
by the adjoint mode AD. Note that TAPENADE 2.1 adjoint uses@ursive checkpointing strategy performed
at subroutine levels to trade-off off between storage asdmgutation of intermediate values. The last line of
Table 1 shows the improvement in performance obtained by-naodifying TAPENADE 2.1 adjoint code to
store the converged nonlinear system and adjoining it [BretHwe have used the same number of iterations in
the reverse pass as for the forward pass. The resultingatiggwalues are as precise as those of FD and the
discrepancies with other AD results is, we believe, due ¢dfithite convergence tolerance used in the nonlinear
iteration at each backward Euler step. The runtime and mgmguirement performance of the mechanical
adjoining used by defaultin TAPENADE 2.1 are improved resipely by a percentage db% and25%.

In AD theory [3], gradients are cheaply calculated usingatint mode when the number of independent
variables is fairly larger. Here, we have two independentsthe computation of the adjoint is dominated by
the taping routines. The adjoint approach will be competitthen we have a large number of independent e.g.,
geometric design of a complex actuator.

4 Application to an Optimisation Test Case

We consider a case study aiming at maximising the kinetieggnef the upwards motion in a given cell of
the mesh above the chamber by controlling the peficahd the amplitude: of the oscillation. We con-
strained this optimisation problem by setting a maximum ktirat the system cannot exceed. This work
C(p, a):ﬁ fOTmam fF:dmphmgm P(t)n(t).‘é—fdl“dt 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
103<p<10t (4)
1072 <a<107!
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We used MATLAB'’sf ni ncon function to solve the above optimisation. The results amvshin Table 2.
At the initial guess, we havE(p, a)=2.65D—4 andC(p, a)=8.73D—3. We observed m ncon using the gra-

Table 2 Optima calculated by MATLAB'’S ni ncon

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

dients supplied by AD converged to a better solution in Ithttens than that obtained using FD in 13 iterations.
By taking the solution obtained byri ncon using FD as an initial guess, the optimiser convergégifarations

to the optimal solution obtained Hymi ncon(AD). We believe fast and accurate first derivatives proditg
AD in the optimisation has increased robustness of tiiencon routine.

5 Conclusion and Future Work

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

Future work include optimising the geometry of the chamb€his will imply increasing the number of
independent variables and therefore the AD adjoint modeheilof great benefit. We will also investigate
checkpointing schemes that can further enhance the peafarenof the adjoint code and then run the resulting
adjoint solver using finer meshes.

Acknowledgements This work is supported by EPSRC under grant GR/R85358/01.

References

[1] B. Christianson. Reverse accumulation and attractkezifpoints.Optimization Methods and Software, 3:311-326, 1994.

[2] Q. Gallas, G. Wang, M. Papila, M. Sheplak, and L. Catt@esOptimization of synthetic jet actuatoré\lAA paper,
(0635), 2003.

[3] A. Griewank. Evaluating Derivatives: Principles and Techniques of Algorithmic Differentiation. Number 19 in Frontiers
in Appl. Math. SIAM, Philadelphia, PA, 2000.

[4] L. Hascoét and V. Pascualhe TAPENADE 2.1 user’s guide. Inria Sophia Antipolis, Tropics Project, 2004, Route des
Lucioles, 09902 Sophia Antipolis, France, Jan 2005. Hetpnv-sop.inria.fr/tropics/.

[5] L. B. Rall. Automatic Differentiation: Techniques and Applications, volume 120 ofLecture Notes in Computer Science.
Springer-Verlag, Berlin, 1981.

[6] M. Tadjouddine, S. A. Forth, and A. J. Keane. Adjoint diffntiation of a structural dynamics solver. In M. Biicker,
G. Corliss, P. Hovland, U. Naumann, and B. Norris, editéi32004: Proceedings of the 4th International Conference
on Automatic Differentiation, Lecture Notes in Computational Science and Engineeriage do appear. Springer, 2005.

[7] H. Xia and N. Qin. Dynamic grid and unsteady boundary dtos for synthetic jets flow.43rd AIAA Aerospace
Sciences Meeting and Exhibit, Reno, Nevada, (AIAA 2005-106), 2005.

(© 2005 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim



