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Performance portability is extremely important for modern
simulation codes. Algorithms must run efficiently on an
increasing number of target architectures, but choosing the
fastest threading model, block size, thread schedule , and other
tuning parameters for each architecture is a daunting task. The
performance of modern scientific codes depends not only on
the target architecture, but also on data-dependent aspects of
the code.

Depending on a code’s input, different physics modules may
call the same kernel in many ways. Different materials in the
same mesh element may require different types of physics to
be executed by the same kernel, or the kernel may handle
a wide range of patch sizes in an adaptive mesh refinement
(AMR) application. Moreover, such behaviors may evolve and
change over the course of a run. These dynamic applications
require on-line tuning to achieve the fastest performance, as
tuning parameters may need to be set based on the state of
each kernel invocation.

Large codes contain thousands of independent kernels, and
developing and maintaining multiple versions of each one is
infeasible. Templated portability layers such as RAJA [1] and
Kokkos [2] have emerged to fill this gap; they allow developers
to separate the concerns of tuning and correctness. Developers
write each kernel only once, and they set tuning parameters
independently for each architecture at compile time.

I. RELATED WORK

Auto-tuning is a broad field, and there has been much existing
work on tuning the performance of codes. Extensive work has
been done in the area of compile-time auto-tuning [3, 4, 5]
as well as run-time adaptation and compilation [6, 7, 8, 9,
10]. Existing approaches typically perform a large, guided
search of a performance parameter space, running dummy
invocations of the kernel to determine the best assignment of
tuning parameters. Despite a host of techniques that prune
the search space and reduce the required number of trials, the
fastest runtime searches today still take minutes to run. Existing
tuning approaches work only if the code’s behavior changes
slowly. The tuner must either be run infrequently, to amortize
the large cost, or on separate resources from the application.
With caching, decisions can be made faster, but a search must
generally be run for each kernel. AMR applications evolve
much more dynamically, and many different tunings of the
same kernel may be needed within a single time step.

II. APPROACH

To cope with this complex tuning problem, we use machine-
learning to generate classifiers that can rapidly predict the
fastest parameter values for a kernel at runtime. Using mea-
surement collected from training runs, we gather features such
as the total number of iterations the kernel will perform, or
the number of instructions in the kernel body. We use these to
pre-train a decision tree classifier, and we generate light-weight
code for the classifier that can be used on-line to dynamically
select tuning parameters for each kernel. Our approach avoids
the costly hill-climbing and search algorithms associated with
other dynamic auto-tuning approaches. To the best of our
knowledge, this is the first technique to approach tuning at this
granularity with this level of generality and responsiveness.

Our work is implemented in Apollo, an extension of the
RAJA performance-portability library. RAJA allows static
tuning through specialized policy template parameters, that
allow the programmer to select the programming model back-
end an application kernel will be executed by. We introduce a
unified interface to collect training data from trial runs, and to
collect dynamic measurements as input to our runtime decision
models.

III. RESULTS

We apply Apollo to two mini-applications and one production
multi-physics application. To generate training data, we run
each application and problem configuration at a range of
global problem sizes, capturing the range of computational
performance attributed to hardware specifications such as cache
size. From the training data collected we generate decision
models that can be compiled and loaded by the application at
runtime to make tuning decisions.

Figure 1 shows the speedup provided by the models for each
parameter in both applications running on a single node. For
LULESH and CleverLeaf, these predictions speed up execution
by as much as 4.8x. The speedup for ARES is 1.15x. It is
important to note that in these are total application wallclock
time speedups, and only one physics component of ARES
currently uses RAJA.

IV. CONCLUSION

In this poster, we introduce Apollo, a framework to generate
and use lightweight, dynamic decision tree models to tune
application parameters at runtime. We have used our framework
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Fig. 1: Speedups when using the online models for each
parameter in each application.

in both a proxy application, and with several different input
problems to a production multi-physics code. Apollo models
are accurate when cross-validated (up to 0.98 accuracy) and
achieve real-world speedups from 1.2x to 4.8x. The main
limitation of our technique is that it requires model training to
be performed ahead of time on a range of representative training
data. Our approach can be generalized across performance-
portability frameworks and furthermore, can be extended to
support additional application parameters easily.
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