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Fluid Dynamics Plus Kinetics

Approximation

Many physical systems can be modeled by a fluid dynamics
plus kinetics approximation.
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Realistic Networks for the Type la
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Coupling Realistic Thermonuclear

Networks to Hydrodynamics

To incorporate realistic networks in astrophysical simulations we
must improve (substantially) the speed and efficiency for computing
kinetic networks coupled to fluid dynamics.
There are two general approaches that we might take:

* Improve the algorithms used to solve the kinetic networks.

* Improve the hardware on which the algorithms are executed.

This presentation is about using both to affect a dramatic
Improvement in the speed and efficiency for solving this problem.



The Nature of Stiff Equations

e Stiff systems have two or more numerical timescales

e One quantitative measure of stiffness is the
In the system.

e Since most physical systems involve processes
operating on very different timescales,

e Some stiff systems, such as those
encountered in astrophysical
thermonuclear networks, are

with timescales
differing by




Methods to Integrate Stiff Equations

* There are two general approaches that we might use
to deal with stiffness.

¢ The traditional way: Integrate equations
implicitly, which is stable but requires an iterative
solution with matrix inversions at each step
(expensive for large networks).

* A new way: Replace equations with some that
are more stable and integrate them explicitly.

* |f we could stabilize explicit integration we could do
each timestep more quickly in large networks.




Fundamental Sources of Stiffness
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The key to stabilizing explicit integration is to understand the
three basic sources of stiffness for a typical reaction network:

* Negative populations,
* Macroscopic equilibration
* Microscopic equilibration.



Fundamental Sources of Stiffness

_ Negative populations

dy; __ Macroscopic equilibration

Microscopic equilibration

The key to stabilizing explicit integration is to understand the
three basic sources of stiffness for a typical reaction network:

* Negative populations,
* Macroscopic equilibration
* Microscopic equilibration.



A Simple Example

Species {a, '*C, 10O}

Reactions 0: 3o == 12C 1: a+ 2C =10

Network
Yo = —k Y3+ KOs — ki YoYia+ kD6
Yo = &Y — kO — kYo Yio+ KV
Yie = kVYaY10— kY6

Macroscopic Equilibration Example:

- 0 . 1
Yio= kt Yo+ KDYe — KOV, — kYo
| | |
F* F-
Microscopic Equilibration Example:
fflg: kl(cO)YOCB —kSO)le -i-kp)Ym—klg])YaY]g
| | |
3a =12C o+ 12C 10



Example: Simulations of Nova

Explosions
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Example: EXxplicit Integration for a Nova

Simulation
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Summary of Results: Explicit vs Implicit

Speedup for a Single Network
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Thus our new algorithms can give a speed increase of about an order of
magnitude for networks with several hundred species. Now let us consider the
role of modern hardware in this problem.



GPU Acceleration for the Network

CPU host GPU kernel
One-time initial setup Integrate network over one hydro step
Read in rate libraries and network setup Compute the temperature-density
information; assign to appropriate arrays dependent rates, once per hydro interval
* ¢ Sync
Analyze network and create arrays [
defining its logical structure Network time integration loop
v Copy
” once ( Update all fluxes )4—
Copy rate parameters and arrays defining
network logic permanently to GPU. * Sync
Sum F* and F- for each
isotope, and E release
Network update, one hydro step ; E’
Sync e
Launch I
Copy abundance array, current hydro k | e — had
variables, time interval, and initial dt to erne ;S mototic al orithmy
the GPU for the network integration over ymp 9
one hydro timestep. Launch GPU kernel. * Sync
Iy
Ist<t o y?
Copy abundance array, ( end )
energy release, and final Retulzn 2
timestep back to CPU. S ¢ Yes
Data from Pass the abundance and [~ ( )
hydro energy information to the Done
hydro solver for next step.
Data to
hydro
Hydro Solver Implemented with CUDA
C/C++




Scaling for Single Networks
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Scaling for a Single Network
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This is impressive speedup but a single network utilizes only a small
fraction of available GPU threads. Greater efficiency requires that
we give the GPU more work.



Stacking Multiple Networks on a GPU

GPU
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Thus, not only might it be possible to run one network of
realistic size faster than is now feasible, it may be possible to

run many such networks faster than it is now possible to run
one such network.



Timing: Concurrent Network Launches
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Timing: Concurrent Network Launches
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Summary

@ QOur new algebraically-stabilized explicit algorithms are intrinsically
faster than standard implicit algorithms by factors of 5-10 for networks
with several hundred species.

* For a single network, GPU acceleration increases this to a factor of
~20-40 for networks with several hundred species.

* The GPU is capable of running ~250-500 networks in parallel in about
the same length of time that a standard implicit code can run one such
network (on a CPU or a GPU).

* These potential speed increases may mean that much more realistic
kinetic networks coupled to hydrodynamics are now feasible in a range
of large-scale problems in astrophysics and other disciplines.



Summary

@ More generally, entire classes of stiff equations may be amenable to
solution by these new methods. Some examples being considered:

Thermonuclear networks in astrophysics. Example: realistic Type
la supernova simulations.

Atmospheric chemical networks in NOAA real-time continental
weather simulation (urban-scale ozone forecast, etc)

Chemical and aerosol networks in climate modeling
Solution of neutrino transport equations in core-collapse supernovae
Fuel depletion in fission reactors

Simulation of reactor (fusion or fission) containment damage by
radiation, and related materials science.
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