S -

TE R4 A 7 5

Tl
B
T

ERMAGAN (ZENFERIAER G, HET . AERERE)

1982 £ XV Fob/RIE Tk Ko, B 408 BUE 3K E B % A& . JRiE A A
TARHRRFELFM. 1995 FXHERETRY, HEHEAR. &HK.
B ARABRETE . REEE. REER, KR40 RBFFRALL, 200
AE R &R TERERMTI. Web of Science 5| F k3 4000 % (% =44
Gl R B 500 KD, 12 RZ#AERTFEFASWBAR/FHFHRE. 2010 F X%
B HE R T A7, ZEARE T LAY, 2013 4 N AF T E RS
Bt (CSIRO) 2013-2014 A WA¥ K7 it k], 2014 FANB/AFENRAENFF S
4+, fE AIAA Journal Bl E45. 2020 FH F N Web of Science 2IRAN 2% R
MER “FERPWI” FE.

4 H Turbulent boundary layer control it 5 /= 42l

W& WAEAN (R 5005)
This talk presents recent advances in the control of turbulent boundary layer

(TBL) at the Centre for Turbulence Control, covering the measurement techniques (-
PIV, u-PTV and a built-in-house floating element force balance with ultra-high
resolution), conventional active methods (periodic blowing through arrays of
streamwise slits and DBD plasma actuators) which may cut down the skin-friction drag
by more than 60%, and even produce a net saving of power. The newly developed
artificial intelligence (AI) control is introduced, where various optimization algorithms
are examined and compared, and the preliminary results point to a great potential of Al
in conquering the vast opportunity space of control laws for many actuators and sensors

and in the control of TBL.
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Machine learning-based fluid dynamics is based on the database, which was
generated from experimental and numerical studies of fluid flows. In fact, the database
represents the previous experiences. Machine learning-based prediction of fluid
dynamics is different from the conventional computational fluid dynamics (CFD),
which solves a set of governing differential equations with detailed solution but lacks
accumulation of experiences and flexibility. Another important tool in the study of fluid
dynamics is the experimental investigation. Usually, the experimental cost is high and
sometime the measurement is limited due to some constraints. Thus, it is desirable to
combine the machine learning-based techniques with conventional CFD approach and
experimental investigation in order to improve the accuracy and efficiency of
numerical and experimental studies. In this talk, we will report some of our recent
progresses on the machine learning-based fluid dynamics. At first, we will show the
development of a new network algorithm, that is, the MLP-RBF neural network. Then
the flow field prediction by Physics Informed Neural Network (PINN) will be reported.
Finally, we will briefly discuss the perspectives of machine learning-based fluid
dynamics.
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Optlmlzation models are ubiquitous in machine learning. In this talk, we will

i

review semi-smooth Newton methods for composite convex programs and its
application to large-scale semi-definite program problems, and sub-sampled
semismooth Newton for nonsmooth composite minimization problems. We will also

present a sketchy empirical natural gradient method for deep learning.
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As a prominent variant of principal component analysis (PCA), sparse PCA attempts to
find sparse loading vectors when conducting dimension reduction. This paper aims to calculate
sparse PCA through solving an optimization problem pursuing orthogonality and sparsity
simultaneously. We propose a splitting and alternating approach, leading to an efficient
distributed algorithm, called DAL1, for solving this nhonconvex and nonsmooth optimization
problem. Convergence of DAL1 to stationary points has been rigorously established.
Computational experiments demonstrate that, due to its fast convergence in terms of iteration
count, DAL1 requires far fewer rounds of communications to reach the prescribed accuracy
than those required by existing peer methods. Unlike existing algorithms, there is a relatively
small possibility of data leakage for DAL1.
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Clustered tensegrity structures, including continuous cables running through
pulleys, are lightweight, foldable and deployable, and thus can be used as flexible
machines or soft robots in aerospace engineering and robotics. It is essential to quantify
uncertainty of actuation in tensegrity structures and to modulate the actuated
deformation in structural design. The paper proposes a comprehensive data-driven
computational framework to study uncertainty quantification (UQ) and propagation in
clustered tensegrity structures, and a surrogate-based optimization method is proposed
for the deformation control. An example of clustered tensegrity beam subjected to
clustered actuations is presented to show its application. Three main outcomes of the
data-driven computational framework are summarized: (i) A surrogate model, able to
avoid the difficulty of convergence of nonlinear finite element method (FEM), is
established by two machine learning methods, such as Gauss Process Regression
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(GPR) and Neutral Network (NN). (ii) A fast prediction on uncertainty propagation can
be achieved by using the surrogate model. (iii) Optimization designs of actuated
deformation are carried out by using both Sequence Quadratic Programming (SQP)
and Bayesian optimization methods. The proposed powerful data-driven
computational approach can be extended further by considering different UQ models
and alternative optimization objectives.
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