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Abstract—The microprocessor field today has begun to reach
its limits as power and thermal constraints have been met and
no longer can much leverage of increasing the processor’s clock
speed be achieved. Thus, much of the scientific and engineering
community has shifted to using many-core architectures, such as
GPUs, in order to do parallel computations. This paper focuses
on the use of genetic algorithms to guide the optimization of
stencil codes on NVIDIA’s Compute Unified Device Architecture
(CUDA) based GPUs and GPGPUs. In particular, we have
implemented two separate stencil kernels (Jacobi 7 point and
27 point) in CUDA with each implementation parameterized
for several optimiation parameters (thread blocking and loop
unrolling factors). We then used a genetic algorithm to find
optimal configurations for each kernel. This genetic algorithm
is one part of our proposed solution of using an optimization
framework incorporating the genetic algorithm to auto-tune
automatically optimized stencil codes. Our results show that using
a genetic algorithm to auto-tune stencil code optimizations is a
valid approach of generating near-optimal configurations in a
much more timely fashion than an exhaustive search.

I. I NTRODUCTION
As microprocessors reach the power wall, benefits of increasing the clock frequency are no longer achieveable as the
cost to system stability and cooling is too much to warrant
the increase in performance [1]. This has shifted the focus
of the parallel community to many-core architectures, such as
those found in Graphical Processing Units (GPUs), as they are
comprised of a few hundred or thousand simple cores that are
capable of performing highly-parallel computations with much
more throughput than a typical multi-core system. However,
developing parallel algorithms for GPUs can be no simple task
for developers as developers must have a firm understanding of
the underlying architecture and hardware properties in order
to correctly write programs that correctly take advantage of
these properties. Thus, there is a desire to develop a method
to automatically apply optimizations to GPU programs in order
to avoid the necessity of understanding the complexities of the
hardware and architecture of the system.
Recently, in order to meet this desire, researchers have
devloped several methods in order to automatically tune or
automatically generate optimized codes for both GPUs and
multi-core systems. However, as more optimizations are discovered, the search space the auto-tuner must search through
grows to an amount where auto-tuning is no longer viable as
the number of possible combinations of parameters becomes
too large to effectively search through. This then sets the
perfect stage for a machine learning application to predict

the optimal code instead as it does not have to go through
the entire search space, but rather make predictions based on
previous results.
This work presents a method to use genetic algorithms
in order to discover optimized configurations of parameterized CUDA stencil (nearest-neighbor) codes – a class of
algorithms that typically work in structured grids to perform
computations, such as finite-difference methods for solving
parital differential equations, on a node within the grid by
doing computations on the neighbors around the given node.
Our work focuses on a simple 3D heat equation using two
different stencil codes as the training set for a genetic algorithm to search through a search space of several thousand
combinations of possible optimization parameters. Although
stencil codes are important as scientific computations, they
also provide a unique opportunity for hardware benchmarking
as they are computationally simple and require a large use of
memory, allowing for benchmarking of instruction-level and
data-level parallelism [3]. These codes greatly benefit being
run on GPUs as the parallel forms of these codes contain a
great deal of instruction level parallelism which translates well
to SIMD architectures, which are present on GPUs.
This research is the development of the optimal configuration generator portion of the framework detailed in Figure
1. The auto-optimization framework will be used to optimize
existing stencil codes using machine learning in order to
predict optimal tuning parameters that will be given to the
optimizer which will apply these optimizations to the given
stencil code and then output the optimized version of the
given code. This is done so that developers can easily write
unoptimized code for use in their programs and then run this
auto-tuning framework on their code in order to use optimized
code that correctly fits within their existing program.
In order to train the machine learning portion of the configuration generator, we implemented two stencil kernels to
be used across three separate GPUs. The stencil codes we
implemented were a 7 point and 27 point Jacobi iterative
stencil codes and then parameterized the relevant optimizations
that the genetic algorithms would find configurations for so
that the fitness test for the genetic algorithm could change
these parameters easily before compiling and running.
The optimization parameters considered for the generation
of the search space that we used were the number of threads
to use in the computation, and the distance to unroll the
inner loop in our code. This inner-loop arises from our use

Fig. 1. Overview of auto-optimization framework

of 2.5D blocking, a thread blocking optimization that allows
for threads to only be launched in a single plane of the 3D data,
and then stream through the remaining axis as the computation
goes on. This search space consists of 60 different thread
configurations and 192 different loop unrolling configurations,
giving us a search space of 11,520 possible combinations.
Although the size of this search space is relatively small for
most machine learning applications, one must consider the
time it takes to compile the code as on our system, typical
complilation time is 3 seconds, meaning that an exhaustive
search through the search space would take more than 9 hours,
whereas our use of a genetic algorithm took on average 8
minutes to find an optimized configuration.
Our contribution is a genetic algorithm that is capable
of tuning optimizations on parameterized stencil codes. This
genetic algorithm can effectively tune these codes to find nearoptimal configurations for the applied optimizations in a very
short amount of time, making it an effective method to use
for auto-tuning stencil code optimizations.
The rest of the paper is organized into four sections: related
work, tuning framework, experimental results, and conclusions
and future work. In related work, other research that has
been done in the field is presented and summarized along
with how it is utilized in this research. The tuning framework
section goes into more detail of stencil codes, optimizations,
and the genetic algorithm that we used. Experimental results
includes the experimental setup and the results we obtained
from running our implementation on three different systems
as well as a discussion of these results. Conclusions and future
work summarizes this research and presents the outlook of
incorporating it into future work.
II. RELATED WORK
There exists significant research to automatically tune optimized stencil codes in order to find the best configuration of
parameters for such optimizations [1], [3], [8], [11]. Datta et all
have demonstrated the usefulness of optimizations with autotuning techniques as a means to effectively optimize stencil
codes on both CPUs and GPUs [3]. Their work provides
an effective base for the challenges of optimizing and autotuning stencil codes. Gana et all cite this work as their

basis for using machine learning to optimize CPU stencil
codes. In their research, they used a genetic algorithm in
combination with the KCCA algorithm to perform quick
searches through the parameter space of 4 × 107 different
combinations. They managed to effectively auto-tune stencil
codes on CPUs in two hours using their method [5]. Zhang
and Mueller also researched auto-tuning and auto-generation
of optimized stencil codes specifically for GPUs and GPU
clusters which provides a more specific list of optimizations
that are specifically used for GPU stencil code optimizations
that were used in this research. In particular, their descriptions
of 7-point and 27-point stencils, along with shared memory
and register allocation for optimization were used throughout
our research. [11].
Many optimizations have been developed over the years for
stencil codes [2], [6], [7], [9], [10]. Nguyen et all provided
a state-of-the art stencil code optimization that uses a combination of 2.5D thread blocking combined with 1d temporal
blocking to create what they have called 3.5D blocking which
provides throughput increases on GPUs of about two times
what prior research had claimed [10]. In our research, we
used their excellent description of 2.5D blocking as one of
our optimizations for the genetic algorithm to automatically
tune. Nguyen et all’s research can also be parameterized by
changing the amount of temporal blocking to perform, thus
allowing a search space to be created for this optimization
which was incorporated into this research.
III. O PTIMIZATION F RAMEWORK
A. Stencil Codes
Stencil codes are primarily used to solve partial differential
equations in order to perform simulations such as heat flow
or electromagnetic field propogation [3]. Most methods for
solving these partial differential equations use iterative sweeps
through spatial data, performing nearest-neighbor computations which are called stencils. Each node in the computation
is weighted based on distance from the central node, which
allows for the solving partial differential equations by switching these weights for the coefficients used in the solver. Using
this structure, methods are created for different types of partial

differential equation solvers such as Jacobi iterative methods,
which are the stencil codes we used in this research.

Fig. 2. A 6-point Von-Neuman stencil (credit: wikipedia.org)

As the data sizes used for stencil computations typically
range outside the size of available cache memory, there is
a large emphasis on data reuse and data-level parallelism in
order to fully optimize stencil codes. This can cause portability
issues as memory speeds and sizes can differ widely system
to system, causing the need to use different parameters for
optimizations on different architectures. This then produces a
demand for a method to automatically tune stencil code optimizations on each architecture in order to enhance portability
of the codes.
Auto-tuning of stencil kernels has become a fairly large area
of study in order to work around the necessity of knowledge
of the low-level specifications of the architecture in order to
optimize the kernel. However, these auto-tuners may have
to look in a parameter space that is upwards of 40 million
combinations that may take months to fully check every single
one for optimal performance [3]. This then creates a demand
for a faster optimization process that is still automated in
order to create a process that is viable for industry use.
Thus, machine learning may be a good option for automatic
optimization as it can use reinforcement learning paired with
statistical machine learning and genetic algorithms in order
to explore the parameter space much faster. Using machine
learning may also overcome another downfall of auto-tuning
in that each auto-tuner is generally programmed for one
architecture, whereas a learner can learn architectures as well
and correctly optimize for them.
B. Optimizations
In this research, we applied two types of optimizations to
our stencil codes to be used in the tuning phase. The first
optimization we used was 2.5D blocking. 2.5D blocking is an
optimization for thread blocking of 3D stencil codes that only
blocks in the x and y axes of the structured grid. Each thread
then streams through the remaining z-axis, allowing for datareuse of data already fetched by the thread earlier to fulfill

data requirements. This optimization reduces the amount of
global store and load instructions as threads can keep some
data in the registers for quick access for several computations
instead of fetching data from global memory each time a
node must be calculated. The second optimization used is
loop unrolling. Due to the nature of 2.5D blocking in that
it must stream through the z-axis via a loop, this loop can
be unrolled in order to provide more data-level parallelism
and keep threads from becoming idle. These optimizations
must be tuned in order to be fully optimized. 2.5D blocking
takes two parameters: an x-axis blocking dimension and a
y-axis blocking dimension. For a 2563 grid, there are 60
different configurations of 2.5D blocking. For loop unrolling,
the maximum unroll length allowed by the compiler is 192
iterations. By combining these two search spaces, the genetic
algorithm used for tuning these optimizations searches through
a search space containing 11,520 different configurations.
C. Genetic Algorithms
Genetic algorithms are a set of algorithms that mimic the
natural selection process in order to find solutions to problems.
Genetic algorithms do this by generating an initial population
that generally consists of randomly generated individuals that
contain randomly generated values for each parameter that will
be searched. Each individual in the population then undergoes
a selection process by which the fitness of their parameters
that they contain is evaluated. The most fit individuals are
then selected to be mutated and mated with each other in
order to generate the next generation of individuals. This then
continues until the population either converges to a singular
value or the number of set generations is reached.
In this research, we used an initial population of ten individuals each with a chromosome (parameter set) containing
three parameters – thread blocking for the x and y axes
and loop unrolling factor. This population then underwent
ten generations in order to get the individuals to converge
on one value. The best performing individual was saved and
then returned at the end of the generation process as the
best configuration for the given optimizations. All of this was
done using the Distributed Evolutionary Algorithms in Python
(DEAP) project [4]. It allowed for use of built-in algorithms
for the mating, mutating, and selection processes.
IV. E XPERIMENTAL R ESULTS
A. Goal
The goal of this experiment is to determine if genetic
algorithms are a viable approach to tuning stencil code optimizations faster than other methods of tuning. The genetic
algorithm used must be able to produce an optimal or nearoptimal configuration for the optimized stencil code in a
reasonable amount of time in contrast to the time it takes for
an exhaustive search method to find the optimal configuration.
B. Setup
The setup we used to perform the experiments on consisted
of three GPUs: one GPGPU (Tesla C2050) and two standard

GPUs (GTX 480, 680). Figure 3 details the theoretical peak
FLoating-point OPeration (FLOP) rate determined by the
number of cores (α) multiplied by the clock rate of each core
(δ) multiplied by the number of FLOPs that can be performed
each clock cycle (γ).

line is of the 27 point stencil code. The two dashed lines in
each graph show the optimal configuration performance for
each stencil code. The optimal configuration was found by
performing an exhaustive search through the parameter search
space.

α × δ × γ = GF LOP S/sec
Fig. 3. Theoretical peak FLOP rate equation.

GPU
GTX 480
Tesla C2050
GTX 680

Architecture
Fermi
Fermi
Kepler

Peak FLOP rate
1344 GFLOP/s
1030 GFLOP/s
3250 GFLOP/s

Fig. 4. Peak GFLOP rate of GPUs (single precision)

The genetic algorithm was run on two stencil kernels: a 27
point Jacobi stencil and a 7 point Jacobi stencil. This genetic
algorithm was used on each of the GPUs and was trained
on the GTX 480 using the 7 point stencil. After the initial
training, no values of the genetic algorithm were changed in
order to generate the final results. The genetic algorithm used
a three-gene chromosome to find configurations. The first two
genes were for thread blocking dimensions along the x and y
axes each being a power of two and their combined product
could not exceed 210 (60 combinations for 2563 grid size). The
third gene was for loop unrolling which was an integer from
1-192 for unroll length. The combined search space consisted
of 11,520 different combinations the algorithm could possibly
generate. This genetic algorithm was then run to create ten
generations based on an initial population of ten individuals
in order to find a configuration for each optimized stencil code
that was close to the optimal value that was found through an
exhaustive search of the search space.
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Fig. 5. 7-point Jacobi stencil equation.
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Fig. 6. 27-point Jacobi stencil equation.

The equations in figures 5 and 6 detail a typical 7-point
and 27-point Jacobi stencil where a is the input grid, n is the
iteration, and α, β, γ,  are coefficients multiplied upon the
neighborhood sum. The ±1 symbols are used to save space
in writing out each i + 1 and i − 1 for each i, j, k within the
array of nodes.
C. Results
The graphs in Figure 7 are of the average performance in
GFLOPS/sec of the population per generation. The red line is
of the performance of the 7 point stencil code and the blue

Fig. 7. Genetic algorithm average fitness of each generation for the three
GPUs on both stencil kernels. The solid lines are for the average population
fitness by generation for the 27-point stencil (blue) and 7-point stencil (red).
The dashed lines show the optimal configuration throughput rate.

Fig. 8. Best configurations found by genetic algorithm vs the absolute best configuration found by exhaustive search for each stencil and GPU.

These results show the effectiveness of a genetic algorithm approach to auto-tuning stencil code optimizations as
it generally only took 3–4 generations for each stencil code
to be near-optimal. It should also be noted that these results
only show the average performance of the entire population
per generation, not the best candidates. The best candidates
shown in Figure 8 of the population were typically within
3% of the optimal performance found for each stencil kernel
by the 10th population. The initial population for the genetic
algorithm consisted of only ten members. Due to the small
search space size, this small number of members was still
able to quickly converge to a near-optimal configuration for
each kernel. The small search size also allowed for us to
check our results through exhaustive search as doing so took
about 4–5 hours per kernel for each GPU. This speed is in
contrast to the average eight minute execution time for the
genetic algorithm to generate all ten generations and find a
near-optimal configuration. These speeds differ in terms of
which CPU is used to compile each code, but the large gap
in performance still persists for each CPU, regardless of its
speed.

However, these results show that each kernel could only
reach up to a maximum of 100 GFLOPS/sec for the 27
point stencil on the Tesla C2050, which is far lower than
the 450 GFLOPS/sec produced by Bergstra et all [2] on the
same model of GPU. This is due to the optimizations that
were used in our stencil codes as they are the main bottleneck of performance for the stencil code. Our optimizations
still contain thread divergence in the code, and is thus less
optimized compared to Bergstra et all’s kernel which contains
no thread divergence. For future work on this research, more
optimizations will be considered so that the results will be
closer to current stencil code performance.

V. C ONCLUSIONS AND F UTURE W ORK
This work demonstrates the effectiveness of using a genetic
algorithm in order to find near-optimal configurations for
stencil code optimizations across multiple GPUs with differing architectures. This result allows for enhanced portability
of stencil code optimizations to differing architectures in a
timely fashion as the tuning phase was demonstrated to be
much faster than exhaustive search alternatives as the genetic
algorithm took, on average, eight minutes to generate all ten
generations of the population in contrast to the 4–5 hour run
time of the exhaustive search.
In the future, we would incorporate more parameters for
use in the chromosome for the genetic algorithm in order to
generate a search space worthy of using a machine learning
technique to traverse it instead of exhaustive search being a
viable method to use. We will also develop more parts to
the auto-optimization framework from figure 1 such as the
optimizer and stencil code classifier. This is in the hopes that
a functional framework can be created such that it may be used
to optimize existing stencil codes that are in use today and be
continually optimized as more stencil code optimizations are
found.
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