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Topology optimization applications
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AIRBUS: 13 A380 leading edge ribs
Credit: AIRBUS

Prototype “A” slab, 80% mass reduction
Credit: Andrei Jipa et al.

Topologically optimized chassis
Credit: SIEMENS



Topology optimization
• Optimized structural design with few geometric constraints
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Problem Definition Discretize Optimize



What we’re trying to solve next
• Improve optimization algorithms
• Include more nonlinear physics 
• Solve multiphysics problems
• Coupling with other disciplines
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Where does OpenMDAO come in?

Where we’re going to use it:
• Improve modularity of our own 

codes that are coupled together
• Integrate with other disciplines
• Include derivatives/adjoint-

compatibility for all coupling
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f (xk) rxf (xk)

xk+1

ParOpt

Where we’re using it now:
• Structural optimization with objectives and 

constraints from system performance
• Integration with mphys



ParOpt: Driver and in pyOptSparse
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Using exact Hessian-vector products
• Hessian-vector products can 

speed up solution
• Can be used as a globalization 

strategy
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Second-order adjoint
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Curvature condition failures for compliance optimization
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Compliance minimization
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Stolpe-Svanberg 6-bar truss system 

Compliance contours, definiteness contours and constraint subspace
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Approximate only the positive part of the Hessian
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Positive part

Negative part Causes curvature condition 
failures



Maximize stiffness and optimize for frequency
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Curvature condition failures
• Curvature condition fails on average 50% – 90% of the time
• Very few failures with correction
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Correction performs better across 150 problems
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Performance profile after 100 function evaluations
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Large-scale results: 90+ million dof
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Second derivative conclusions
• First-order derivatives need to be accurate
• Second-order derivatives generally do not – positive curvature is more 

important
• We make our “Hessian approximation” worse and the optimizer converges 

faster
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TACS and pthreads: A cautionary tale
• Around 2011 I added pthreads to TACS
• This was actually a lot of fun to do, but tedious
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• This was before c++11 so 
functors/lambdas weren’t widely 
available yet
• Shared memory – all threads work 

on the same memory
• Lots of unnecessary control over 

the thread behavior
• Not portable code



Vector access and memory layout

• Contribution from a single 
element residual
• Read/write to random 

locations within the 
solution and residual 
vectors
• When you parallelize

vectors you implement
some buffering magic so 
that non-local components 
can be accessed
• For instance Petsc

vectors
17

global solution

element
solution

element
residual

global residual



Better parallelism, more memory

• From the element 
perspective, the view of the 
vector has changed
• Fewer cache misses since

the variables are stored in
the correct view
• This is a generalization of

the vector magic that Petsc
implements
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global solution global residual

element solution
view

element residual
view



Two abstractions and programming efficiency
• Abstraction 1: Vector views and access
• I want to express the finite-element equations in a generic way without worrying 

about how memory is accessed
• Abstraction 2: Execution pattern
• I don’t want to deal with pthreads
• Implementation should express an algorithm, not a specific implementation

• Programming efficiency: Automatic differentiation for everything
• I never want to compute a derivative again
• But I don’t want to give up performance
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• We’re developing A2D (Almost Automatic Differentiation) to achieve these 
goals



A2D: Almost Automatic Differentiation
• Straightforward to implement new tightly coupled multiphysics analysis
• Derivatives computed using automatic differentiation

• We need first and second derivatives
• Target different HPC architectures
• We use Kokkos to abstract the vectors and execution space

• Path towards integration with TACS



Why second derivatives?

• Residual is the derivative of energy:
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AD applied here

Computed from the 
element solution

<latexit sha1_base64="fZ5chR14N6uj5CGocB0Ow5NUwYM=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16WSyCp5KIqBeh6MWTVLAf0IYw2W7apZtN2N2IJeSvePGgiFf/iDf/jds2B219MPB4b4aZeUHCmdKO822VVlbX1jfKm5Wt7Z3dPXu/2lZxKgltkZjHshuAopwJ2tJMc9pNJIUo4LQTjG+mfueRSsVi8aAnCfUiGAoWMgLaSL5d7QsIOOAUX+E7nPoZzX275tSdGfAycQtSQwWavv3VH8QkjajQhINSPddJtJeB1Ixwmlf6qaIJkDEMac9QARFVXja7PcfHRhngMJamhMYz9fdEBpFSkygwnRHokVr0puJ/Xi/V4aWXMZGkmgoyXxSmHOsYT4PAAyYp0XxiCBDJzK2YjEAC0SauignBXXx5mbRP6+55/ez+rNa4LuIoo0N0hE6Qiy5QA92iJmohgp7QM3pFb1ZuvVjv1se8tWQVMwfoD6zPH3uWk3M=</latexit>ru = Nue



Why second derivatives?

• Adjoint terms are Hessian-vector products
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• The Jacobian is the second derivative of energy:
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How the second derivatives are computed
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• Original code

• Reverse mode AD

• Forward and reverse mode for Hessian
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Initial optimization demonstration with A2D

• Compliance minimization with 
geometrically nonlinear 
analysis
• Optimized design changes 

with load magnitude
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A path to BYOV in OpenMDAO/Mphys?
• Current approach to vector views provides component-

wise slices of the residual/solution/design
• Problem: Not all data will be on the CPU or should be 

copied from component
• Vector class encapsulates two behaviors

• Global operations – uses inaccessible data implicitly
• norm, dot-product, axpy

• Component-wise access and manipulation – explicit 
access only to buffered data
• __setitem__, __getitem__

• Provide component-wise vector through views of subset 
of data
• Less capability for automatic scaling/unit conversions on 

inaccessible data
25

global vector

view buffer for
read/write

inaccessible 
data on GPU



Conclusions
• Second derivatives can improve computational efficiency
• Automatic differentiation can be used for multiphysics applications
• Something like BYOV needed for integration of OpenMDAO with GPU/HPC 

computing
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History of topology optimization

27


