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Abstract

Stencil Computation Auto-Tuning via Data�ow Graph
Transformations

Erik Lagercrantz

Fine-tuning of optimizations such as loop tiling and array padding
is typically required in order to achieve good performance in
memory-intensive numerical applications on current computer ar-
chitectures. Auto-tuning techniques can automate this tradition-
ally laborious task and achieve good performance, but the tech-
niques have so far been application-specific and difficult to adapt
to new applications. This thesis investigates developing a frame-
work and language supporting a more general purpose auto-tuner.
A high level language capable of expressing programs that deal
with multi-dimensional arrays was created to serve as a program
representation for use with the auto-tuner. The language is based
on the dataflow model where a program is represented as a di-
rected graph describing the flow of data between operations, and
uses a novel iteration model based on a hierarchy of flows leading
to simple representations of certain loop tiling and parallelization
transformations. The iteration construct proved useful by allowing
composition of tiling and parallelization transformations, but may
not have been a good choice since it made it difficult to validate
transformation opportunities.

The auto-tuner was evaluated by applying it to a simple sten-
cil computation program. It was confirmed that memory access
optimizations do matter for parallel stencil computations on main-
stream multicore architectures, and that the impact of optimiza-
tions is architecture-dependent. Auto-tuning was shown to be a
useful strategy for applying a range of parameterized optimizations.
The presented auto-tuner lacks an algorithm for identifying valid
optimization opportunities, and must be told what transformations
to apply and where to apply them. Still, the use of a high-level
dataflow language did simplify auto-tuning by removing the need
for writing a program-specific code generator.
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Summary in Swedish

SAMMANFATTNING

Ett datorprogram utgörs av en serie instruktioner som datorn utför
en efter en. Vid utvecklingen av ett program anges instruktionerna
ofta på en relativt abstrakt nivå i ett språk som är utformat för
att hanteras av människor. Innan programmet exekveras måste
det bearbetas av en så kallad kompilator för att översättas till
ett konkret maskinspråk med primitiva instruktioner som datorns
processor kan följa. I samband med översättningen utförs också
ett antal så kallade optimeringar av programmet. En optimering
går ut på att byta ut instruktioner på ett sätt som inte ger några
märkbara förändringar i programmets beteende och resultat, men
som gör att det kan utföras snabbare.

Vilka optimeringar som resulterar i bäst prestanda beror på
många faktorer som varierar från program till program och mellan
olika datortyper. Kompilatorn identifierar mönster i programmet
och förlitar sig sedan ofta på heuristisk information om vad som
ger bra prestanda för en viss typ av dator. Detta fungerar utmärkt
för många optimeringar, men det finns också fall där det är mycket
svårt eller omöjligt att avgöra hur olika optimeringar bör anpassas
eller kombineras för att nå ett bra resultat.

Arbetet som presenteras i denna rapport bygger på en komplet-
terande teknik som kallas autojustering, eller auto-tuning på eng-
elska. Autojustering kan välja bra kombinationer av optimeringar
även när kompilatorn inte förmår göra detta, genom att optime-
ringarnas effekt undersöks experimentellt istället för att beräknas
eller gissas i förväg. Det fungerar så att ett stort antal varianter
av programmet skapas med olika kombinationer av optimeringar.
Alla varianter kompileras och exekveras, och den med kortast ex-
ekveringstid väljs ut. Programmet blir då automatiskt optimerat
för den aktuella datorn utan att kompilatorn behöver känna till
något om denna.

Autojustering har hittills använts i begränsad utsträckning för
att till exempel snabba upp program som arbetar med stora mäng-
der numeriska data. Dessa tillämpningar har gett goda resultat,
vilket visar på teknikens potential, men ett problem är att lösning-
arna har varit programspecifika. Varje autojusteringslösning har
utformats för att optimera ett visst program, och anpassning för
tillämpning på nya program kräver en stor arbetsinsats. Detta har
hittills begränsat teknikens spridning.

Jag har därför undersökt hur man kan skapa en autojusterings-
lösning som är mer generell och som därmed enkelt kan tillämpas
på nya program. En sådan lösning skulle kunna utgöra ett steg på
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vägen mot att på ett bättre sätt utnyttja dagens och framtidens
flerprocessordatorer.

En generell autojusterare måste kunna tolka det program som
ska optimeras och utröna hur det kan modifieras. Vidare krävs att
de optimeringar som ska justeras kan beskrivas med hjälp av nå-
gorlunda enkla transformationer som kan utföras på programmet.
Dessa kriterier är svåra att uppfylla för traditionellt representerade
program som består av en serie instruktioner, eftersom dessa be-
skriver hur något ska utföras snarare än vad som är målet. Detta är
troligtvis en starkt bidragande orsak till att existerande autojuste-
ringslösningar är programspecifika, och ett val av en mer lämplig
programrepresentation kan därför underlätta utvecklingen av en
generell autojusterare.

Den autojusteringslösning som beskrivs i denna rapport arbetar
med en alternativ typ av programbeskrivning som bygger på data-
flöden. Programmet byggs då upp som en enkelriktad graf istället
för en serie instruktioner. Grafen består av noder som utgör pro-
grammets operationer, och bågar som visar hur information flödar
från en operation till en annan. Ett enkelt dataflödesspråk utfor-
mades för att användas i den nya autojusteringslösningen. Språ-
ket innehåller en konstruktion för iterativa beräkningar som skil-
jer sig från andra dataflödesspråk, och i rapporten beskrivs hur
detta medför att ett antal optimeringar kan beskrivas som enkla
transformationer av programmets dataflödesgraf.

Autojusteringslösningen utvärderades genom att testas på ett så
kallat stencilberäkningsprogram. Stencilberäkningar används bland
annat inom bildbehandling och för datormodeller av fysikaliska fe-
nomen. Programmet uttrycktes som ett dataflöde och optimerades
med den generella autojusteraren, som då förbättrade program-
mets prestanda avsevärt. Prestandaförbättringen var snarlik den
som tidigare uppnåtts med en programspecifik autojusterare.

Den beskrivna lösningen kräver fortfarande ett visst manuellt ar-
bete för varje enskilt program som ska autojusteras, då den behö-
ver hjälp med att identifiera optimeringsmöjligheter i programmet.
Detta visade sig svårt att lösa med den valda programrepresenta-
tionen, eftersom den i vissa fall saknar tillräcklig information för
att verifiera om en viss transformation är säker att applicera. En
möjlighet för vidareutveckling är därmed att förbättra dataflödes-
språket i detta avseende och utveckla en algoritm för att identifiera
och verifiera optimeringsmöjligheter i godtyckliga program.
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Part I

MAIN D ISCOURSE



1
INTRODUCTION

Programmers of performance-critical software typically need to
spend a significant amount of time manually optimizing the per-
formance of their code. Because of the diversity and complexity of
modern parallel computer architectures, many optimizations have
an architecture-dependent impact, meaning that achieving satisfac-
tory performance requires tuning of the optimizations for specific
architectures; a laborious and traditionally manual task.

Auto-tuning is a method that assists tuning of program optimiza-
tions using a “generate and test” principle and automated search
of alternative optimization combinations. Recently developed auto-
tuning solutions have shown great promise by delivering significant
performance improvements when tuning numerical computations
for modern multicore architectures [�, �]. However, most of these
techniques have been designed for a specific program and contain
detailed hardcoded instructions for tuning a particular algorithm.
Adapting such a special purpose auto-tuning solution for other
applications requires significant effort and knowledge. The avail-
ability of a more general purpose auto-tuner is therefore crucial
for enabling wider use of auto-tuning techniques.

The purpose of this work is exploring how to develop a gen-
eral purpose auto-tuner that reduces the efforts required to tune
a program with a range of optimizations. Naturally, a general pur-
pose auto-tuner must be able to reason about the program and
the data manipulated by it in order to find safe optimization op-
portunities. The basic premise of this thesis is that such reasoning
becomes feasible if the program is described using a suitable high
level representation. The representation should allow the wanted
optimizations to be implemented as simple reusable transforma-
tions, and it must expose the information required to determine
where the transformations can be safely applied. A dataflow lan-
guage may be a particularly suitable representation since control
flow is abstracted while data movement and parallelism is directly
exposed, as explained in section �.�. The goals of this work are
therefore to create a simple data flow language that lends itself
well to auto-tuning, and to implement an auto-tuner that can ap-
ply a few different effective optimizations.

The auto-tuner is evaluated by applying it to a program that
performs stencil computations; a type of nearest neighbor array
computations described in section �.�. To aid the evaluation, a tra-
ditional special purpose auto-tuner is also created and hardcoded
for optimizing the same type of program. The results from the spe-
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�.� stencil computations �

cial purpose solution are used as a baseline that the more general
purpose dataflow solution is compared to.

� .� stencil computations

This work investigates auto-tuning applied to a widely used class
of algorithms called stencil computations. A stencil computation
is a form of nearest-neighbor algorithm in which a compute kernel
is applied in one or more sweeps over a numerical array [�].

The following items are typically involved in a stencil computa-
tion: a) an n-dimensional input array where n is usually � or �; b) a
stencil of some shape which works as a moving mask or window
into the input array; c) a compute kernel which is a function that
is applied to data selected by the stencil; and in most cases d) a
separate output array of the same shape as the input array. As
illustrated in Figure �, a stencil computation sweep consists of let-
ting the stencil move over the elements of the input array in some
predefined regular order. At each position, the elements which are
overlapped by the stencil are used as input to the compute kernel,
and the kernel output is usually written to the corresponding posi-
tion in the output array (which may be used as the input array in
the next sweep). In other words, each output element is calculated
by applying the compute kernel to the values overlapped by the
stencil when it is centered on the corresponding input element.

The following pseudo-code, which corresponds to the example in
Figure �, will perform a �-dimensional stencil computation sweep
through a M-by-N array with a �-by-� stencil:

for i:=� to M-� do
for j:=� to N-� do

outi,j :=kernel(ini−1,j−1, . . . , ini+1,j+1);
Since the stencil requires an input of �x� to produce a single

output the stencil cannot be applied at the edge of the array. The
iteration index limits are therefore inset by � in this case, mean-
ing that a �-element border of the output array will remain unset.
Alternatively a modified calculation can be used at the border,
or the output array can be made slightly smaller than the input
array so as to completely remove the border. Note that the itera-
tion is performed in row-major order, meaning that the outer loop
goes over the rows of the array, and the inner loop goes over the
columns within each row. The row-major iteration order is used in
all computations performed in this work, and array elements are
always stored in the corresponding order in memory. The dimen-
sion iterated in the inner loop can thus be called the unit stride
dimension, owing to the fact that advancing one array element in
this dimension corresponds to advancing a single memory location.

Stencil computations are widely used in scientific computing, im-
age analysis and other fields and have become an important and
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(a) First iteration, index (2, 2).
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Input array Output array

(b) Second iteration, index (2, 3).
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(c) Iteration N− 2 (end of row), index (2,N− 1).
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(d) Iteration N− 1, index (3, 2).
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M-1

M

(e) Iteration N, index (3, 3).
1

2

3
⋮

M-1

M

(f) Iteration (N− 2) ∗ (M− 2) (end of sweep), index (M− 1,N− 1).
1
2
3
⋮

M-1
M

Not yet used

Used in previous iterations

Used in current iteration (stencil location)

Not yet written

Written in previous iterations

Written in current iteration 

Figure �: Simple �-dimensional stencil computation with a �-by-� sten-
cil. The illustration shows input data usage and output data
production during selected iterations of a single sweep. The
iteration is performed in row-major order. Note that nothing
is written to the border of the output array in this example.
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performance-critical part of many applications. In particular, sten-
cil computations are the core of many algorithms for differential
equation solving and image filtering [�].

Apart from widespread usage, the main reason for using stencil
computations as a benchmark is that, while the algorithms are very
simple, the performance characteristics are still complex. Changes
that affect memory traffic can have a big impact on performance
since stencil computations are in many cases memory bound [�].
For example, as illustrated Figure �, the use of neighbors around
each input element leads to data reuse which can be exploited by
the cache hierarchy to reduce memory traffic. For any given cache
size, the degree to which data reuse can be taken advantage of
mostly depends on the reuse distance, i. e., the number of unrelated
memory accesses between use and reuse of an element. Because of
this, iteration order changes and other changes that affect memory
reuse patterns may significantly affect performance. Compilers are
typically not very good at exploiting opportunities for this kind of
high level memory optimizations [�], making stencil computations
a good candidate for auto-tuning.

N+1 N N-1 N-2 N-3 N-4 … 4 3 2 2 2

1 N-3 N-4 … 4 3 2 2 2

1 N-3 N-4 … 4 3 2 2 2

1

1

2

3

⋮

M-1

M

N

Not previously used

Previously used

Currently used

1 2 3 � N-1 N

11

1 1 N-2

1 1 N-2

Figure �: Reuse of elements demonstrated for a stencil computation with
the same state is as in Figure �(e). Each previously used cell
contains its age as the number of iterations since it was last
used. The cells in the rightmost column of the stencil have an
age tied to the width of the array (except for the very last cell,
which is used for the first time). To take advantage of this reuse,
all cells with age N-� or less (i.e. several full array rows) need to
fit in the cache, since cells will otherwise be expelled from the
cache before reaching age N-�, assuming the cache eliminates
the least recently used element when full. The rest of the cells
have an age of one, meaning that they were just used in the
previous iteration. To keep these cached it is sufficient to have
a small cache corresponding to the stencil size.

Extensive research has been conducted into high level optimiza-
tion of stencil computations. The following list describes some of
the optimization types that have been described [�, �].

loop tiling is a transformation that changes the order of iter-
ation within a sweep, without changing the result. Conceptually,
tiling can be seen as dividing the input and output array into
smaller blocks, and sweeping each block completely before moving
on to the next one, as shown in Figure �.
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(a) First iteration, index (2, 2) in the first tile.

1 2 � N/2

1
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3
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Input array

1 2 � N/2 1 2 � N/2 1 2 � N/2

Output array

(b) Second iteration, index (2, 3) in the first tile.
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3
⋮

M-1

M

(c) Iteration N/2− 1 (end of row in first tile), index (2,N/2) in the first tile.
1

2

3
⋮

M-1

M

(d) Iteration N/2, index (3, 2) in the first tile.
1

2

3
⋮

M-1

M

(e) Iteration (N/2− 1) ∗ (M− 2) + 1, index (2, 1) in the second tile.
1

2

3
⋮

M-1

M

(f) Iteration (N− 2) ∗ (M− 2) (end of sweep), index (M− 1,N/2− 1) in the
second tile.
1

2

3

⋮

M-1

M

Not yet used

Used in previous iterations

Used in current iteration

Not yet written

Written in previous iterations

Written in current iteration

Figure �: The same computation as in Figure �, but here the arrays
are tiled in one dimension, which affects the iteration order.
Note that input elements from neighboring tiles are used when
computing output elements that lie on the edge of a tile.
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The ways in which iteration order and thus tiling affect perfor-
mance are connected to the cache hierarchy and reuse distance.
Changing the iteration order in a way that reduces the number of
iterations between use and reuse of an element may increase the
chance that the element remains cached when reused, thus improv-
ing performance.

Imagine, for instance, a �-dimensional array that is iterated in
row-major order during a stencil computation sweep. If this array
is tiled in the horizontal dimension, so that the width of a tile is
less than the total array width, the number of elements per row
is effectively reduced. This is illustrated in Figure �. By adjusting
the tile size we can change the number of previous rows (if any)
that remain in the cache during the iteration, which affects the
number of requests that need to be sent to the main memory to load
the elements overlapped by the stencil. If the tiles are made too
small, however, the reduced length of sequential memory accesses
may reduce performance by undermining the ability of the memory
system to exploit spatial reuse of data.

The following pseudo-code, which corresponds to the example
in Figure � when T = 2, will perform a tiled stencil computation
sweep through an M-by-N array with a �-by-� stencil. The array
is split into T evenly sized tiles along the horizontal dimension:

for t:=� to T do
for i:=� to M-� do

for j:=tilestart(t) to tileend(t) do
outi,j :=kernel(ini−1,j−1, . . . , ini+1,j+1);

To avoid applying the stencil on the border of the input array, the
function tilestart needs to be defined to return 2 for t = 1, and
(t− 1) ·N/T for 1 < t � T . The tileend function similarly needs
to be defined to return N− 1 for t = T and t ·N/T for 1 � t < T .

By comparing the tiled example with the untiled example shown
previously, it can be seen that in practice, a loop tiling transforma-
tion can be applied by wrapping the original loops in a new outer
loop for iterating through the tiles, and manipulating the index
limits of the inner loops.

By applying multiple levels of tiling (i. e., further subdividing
each block into smaller blocks) we can adapt for multiple levels of
caches, where the tile size at each level is adjusted to improve reuse
in the corresponding cache. Still, the optimal tile sizes can not be
exactly predicted since hardware prefetchers and other code and
data also interact with the caches in non-obvious ways.

parallelization of stencil computations is straight forward
in theory since each element in the output array can be calculated
independently of any other (though some input elements will be
shared). However, on today’s multi-core architectures parallelism
is often limited by contention of resources such as bandwidth, cache
space and hardware prefetchers. This means that the optimal level
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of parallelism may be unpredictable, and the level of parallelism
will at least affect the optimal combination of other optimizations.
For example, the optimal tile size may be affected by parallelization
if two processors share cache space.

Note that a parallelization scheme for stencil computations can
be based on tiling as described above, by distributing tiles among
the available processors. Parallelization can also be achieved on a
smaller scale using instructions that take advantage of SIMD hard-
ware. These two approaches may be combined.

NUMA-aware memory allocation implies making sure that each
piece of data is placed at a memory location that can be accessed
quickly from the processor that is most likely to work on the data.
This is applicable on Non-Uniform Memory Access (NUMA) com-
puters, where a memory bank may be logically closer to certain
processors than to others. For stencil computations, NUMA-aware
memory allocation can be achieved by distributing the initializa-
tion of the input array, so that each processor initializes the tiles
that it is going to work with.

padding of the input array may have an impact on the perfor-
mance of stencil computations by affecting the memory access pat-
tern, and hence also the cache access pattern, of the program. For
example, with certain combinations of array sizes and tile sizes, the
distance in memory between nearby array elements will be such
that they are mapped to the same location in the cache, which
may cause conflict misses. Padding the input array to artificially
increase its size in some dimension may resolve the conflict misses
by increasing the distance in memory between the array elements
in question.

software prefetching can potentially be used to reduce
load delays in cases where changing the iteration order prevents
the hardware prefetcher from finding patterns in the memory ac-
cesses. However, in simple stencil computations the iteration order
is highly regular even after loop tiling, meaning that the hardware
prefetcher can do a good job of predicting memory accesses, so that
software prefetching is unlikely to add any benefit.

bypassing the cache when writing to the output array leaves
more cache space for other data, such as the input array. This is
likely to result in a performance benefit because there is reuse of
input array elements during a stencil computation sweep, but no
reuse of output array elements.

As we have seen there are several conceptually simple optimiza-
tions that can be applied to stencil computations. Among the op-
timizations described above, tiling and parallelization are perhaps
the more interesting ones. They perform high-level algorithmic
changes with results that are difficult to predict, mainly because
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they are affected by computer architecture and memory hierarchy
details that can be hard to model. These difficulties often pre-
vent us from analytically determining optimal parameter values for
each optimization, and further each added optimization is likely to
change the effect of other optimizations. Finding the optimal com-
bination of optimizations is therefore non-trivial, which leads us
to consider auto-tuning as discussed in the next section.

� .� auto-tuning

Auto-tuning is a name used for methods that assist computer pro-
gram optimization by automated empirical evaluation and selec-
tion of various optimization alternatives. Auto-tuning is a brute-
force approach that can be used to find optimal parameters for
parameterized optimizations, and finding optimal combinations of
mutually compatible optimizations, even in cases when theory and
heuristics cannot be used to correctly predict the optimal selection.

When auto-tuning a program, the set of possible combinations
of optimizations and optimization parameters is given structure
and treated as a traversable parameter space. A search algorithm
walks this parameter space and picks candidate solutions that are
then evaluated by applying the corresponding optimizations and
measuring the resulting run time. In the end, the evaluated candi-
date with the shortest run time is selected. The search algorithm
may be a naïve brute force search, which guarantees the selection
of a globally optimal result by trying every possible candidate so-
lution, or it may be a more sophisticated algorithm that applies
a heuristic using partial results to guide the progression of the
search.

Since performance is evaluated by measuring the actual run time
of a program, the auto-tuning result will necessarily be optimized
for any specific input data and parameters used during evaluation.
If this is not desired, it may be necessary to test each candidate
several times with different input data.

Similarly, the result will also necessarily be tuned to the environ-
ment — and specifically the computer architecture — in which the
evaluation is performed. In many cases this aspect may be seen as
a major advantage of auto-tuning, mainly because it allows pro-
grams to be optimized for computer architectures that are not yet,
or cannot be, well understood. It also allows tuning to multiple en-
vironments or architectures without performing additional analysis
or extra manual work.

Stencil computations are a good example of the potential bene-
fits of auto-tuning for multiple architectures. It was argued in the
previous section that several interesting optimizations are applica-
ble to stencil computations, but that it is difficult to analytically
determine the best way to apply and combine some of those opti-
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mizations since the result of each depends in subtle ways on the
hardware and on other optimizations. Previous work by Datta et al.
[�] has shown that auto-tuning optimization techniques can avoid
these difficulties and achieve good performance on diverse modern
multicore architectures.

Datta et al. built an auto-tuning environment for stencil compu-
tations supporting parallelization and optimizations such as multi-
level tiling, array padding, NUMA-aware memory allocation, soft-
ware prefetching, SIMD hardware utilization and cache bypass for
store instructions. The auto-tuner was evaluated on various recent
multi-core architectures, showing significant speedup over naïve im-
plementations in every case. Performance improvements for some
of the architectures are summarized in Figure �.
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implement the threading model and use thread blocking
as part of the auto-tuning strategy. The thread blocks for
the two core block sizes are restricted to 1×8 and 1×4
respectively. Since the GT200 contains no automatically-
managed caches, we use the circular queue approach that
was employed in the Cell stencil code. However, the
register file is four times larger than the local memory,
so we chose register blocks to be the size of thread blocks
(RX = TX,RY = TY,RZ = 1) and chose to keep some
of the planes in the register file rather than shared memory.

5. Performance Results and Analysis

To evaluate our optimization strategies and compare
architectural features, we examine a 2563 stencil calcu-
lation which, including ghost cells, requires a total of 262
MB of memory. Since scientific computing relies primarily
on double precision, all of our computations are also
performed in double precision across all architectures. In
addition, to keep results both consistent and comparable,
we exploit affinity routines to first utilize all the hardware
thread contexts on a single core, then scale to all the
cores on a socket, and finally use all the cores across all
sockets. This approach prevents the benchmark code from
exploiting a second socket’s memory bandwidth until all
the cores on a single socket are in use.

The stacked bar graphs in Figures 3 show individual
platform performance as a function of core concurrency
(using fully threaded cores). The stacked bars indicate
the performance contribution from each of the relevant
optimizations. All the attempted optimizations are listed in
the legend below. On the Cell, only the SPEs are used, and
on the GTX280 we plot performance as a function of the
number of CUDA thread blocks per CUDA grid. However,
neither the Cell SPEs nor the GTX280 can run our portable

C code, so there is no truly naı̈ve implementation for
either platform. Instead, for Cell, a DMA and local-store
implementation serves as the baseline. For the GTX280,
there are two baselines, both of which use a programming
style recommended in NVIDIA tutorials that we call Naı̈ve
CUDA. The lower green baseline represents the case where
the entire grid must be transferred back and forth between
host and device memory once per sweep (accelerator
mode). In contrast, the upper red line is the ideal case
when the grid may reside in device memory without any
communication to host memory (stand-alone). A typical
application will lie somewhere in between.

Figure 4 is a set of summary graphs that allows
comparisons across all architectures. Figure 4(a) focuses
on maximum performance, while Figure 4(b) examines
per core scalability. Then, we examine each architecture’s
resource utilization in the 2D scatter plot of Figure 4(c).
We computed the sustained percentage of the attainable
memory bandwidth (ABW ) and attainable computational
rate (AFlop) for each architecture. The former fraction
is calculated as the sustained stencil bandwidth divided
by the OpenMP Stream [14] (copy) bandwidth. For Cell,
we simply commented out the computation, but continued
to execute the DMAs. Similarly, the attainable fraction
of peak is the achieved stencil GFlop/s rate divided by
the in-cache stencil performance derived by running a
small problem that fits in the aggregate cache (or local-
store). For Cell, we simply commented out the DMAs,
but performed the stencils on data already in the local-
store. Thus floating-point bound architectures will be near
100% AFlop on the x-axis (GFlop/s), while memory bound
platforms will approach 100% ABW on the y-axis (GB/s).

These coordinates allow one to estimate how balanced
or limited the architecture is. Architectures that depart from
the upper or right edges of the figure fail to saturate one of
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implement the threading model and use thread blocking
as part of the auto-tuning strategy. The thread blocks for
the two core block sizes are restricted to 1×8 and 1×4
respectively. Since the GT200 contains no automatically-
managed caches, we use the circular queue approach that
was employed in the Cell stencil code. However, the
register file is four times larger than the local memory,
so we chose register blocks to be the size of thread blocks
(RX = TX,RY = TY,RZ = 1) and chose to keep some
of the planes in the register file rather than shared memory.

5. Performance Results and Analysis

To evaluate our optimization strategies and compare
architectural features, we examine a 2563 stencil calcu-
lation which, including ghost cells, requires a total of 262
MB of memory. Since scientific computing relies primarily
on double precision, all of our computations are also
performed in double precision across all architectures. In
addition, to keep results both consistent and comparable,
we exploit affinity routines to first utilize all the hardware
thread contexts on a single core, then scale to all the
cores on a socket, and finally use all the cores across all
sockets. This approach prevents the benchmark code from
exploiting a second socket’s memory bandwidth until all
the cores on a single socket are in use.

The stacked bar graphs in Figures 3 show individual
platform performance as a function of core concurrency
(using fully threaded cores). The stacked bars indicate
the performance contribution from each of the relevant
optimizations. All the attempted optimizations are listed in
the legend below. On the Cell, only the SPEs are used, and
on the GTX280 we plot performance as a function of the
number of CUDA thread blocks per CUDA grid. However,
neither the Cell SPEs nor the GTX280 can run our portable

C code, so there is no truly naı̈ve implementation for
either platform. Instead, for Cell, a DMA and local-store
implementation serves as the baseline. For the GTX280,
there are two baselines, both of which use a programming
style recommended in NVIDIA tutorials that we call Naı̈ve
CUDA. The lower green baseline represents the case where
the entire grid must be transferred back and forth between
host and device memory once per sweep (accelerator
mode). In contrast, the upper red line is the ideal case
when the grid may reside in device memory without any
communication to host memory (stand-alone). A typical
application will lie somewhere in between.

Figure 4 is a set of summary graphs that allows
comparisons across all architectures. Figure 4(a) focuses
on maximum performance, while Figure 4(b) examines
per core scalability. Then, we examine each architecture’s
resource utilization in the 2D scatter plot of Figure 4(c).
We computed the sustained percentage of the attainable
memory bandwidth (ABW ) and attainable computational
rate (AFlop) for each architecture. The former fraction
is calculated as the sustained stencil bandwidth divided
by the OpenMP Stream [14] (copy) bandwidth. For Cell,
we simply commented out the computation, but continued
to execute the DMAs. Similarly, the attainable fraction
of peak is the achieved stencil GFlop/s rate divided by
the in-cache stencil performance derived by running a
small problem that fits in the aggregate cache (or local-
store). For Cell, we simply commented out the DMAs,
but performed the stencils on data already in the local-
store. Thus floating-point bound architectures will be near
100% AFlop on the x-axis (GFlop/s), while memory bound
platforms will approach 100% ABW on the y-axis (GB/s).

These coordinates allow one to estimate how balanced
or limited the architecture is. Architectures that depart from
the upper or right edges of the figure fail to saturate one of
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implement the threading model and use thread blocking
as part of the auto-tuning strategy. The thread blocks for
the two core block sizes are restricted to 1×8 and 1×4
respectively. Since the GT200 contains no automatically-
managed caches, we use the circular queue approach that
was employed in the Cell stencil code. However, the
register file is four times larger than the local memory,
so we chose register blocks to be the size of thread blocks
(RX = TX,RY = TY,RZ = 1) and chose to keep some
of the planes in the register file rather than shared memory.

5. Performance Results and Analysis

To evaluate our optimization strategies and compare
architectural features, we examine a 2563 stencil calcu-
lation which, including ghost cells, requires a total of 262
MB of memory. Since scientific computing relies primarily
on double precision, all of our computations are also
performed in double precision across all architectures. In
addition, to keep results both consistent and comparable,
we exploit affinity routines to first utilize all the hardware
thread contexts on a single core, then scale to all the
cores on a socket, and finally use all the cores across all
sockets. This approach prevents the benchmark code from
exploiting a second socket’s memory bandwidth until all
the cores on a single socket are in use.

The stacked bar graphs in Figures 3 show individual
platform performance as a function of core concurrency
(using fully threaded cores). The stacked bars indicate
the performance contribution from each of the relevant
optimizations. All the attempted optimizations are listed in
the legend below. On the Cell, only the SPEs are used, and
on the GTX280 we plot performance as a function of the
number of CUDA thread blocks per CUDA grid. However,
neither the Cell SPEs nor the GTX280 can run our portable

C code, so there is no truly naı̈ve implementation for
either platform. Instead, for Cell, a DMA and local-store
implementation serves as the baseline. For the GTX280,
there are two baselines, both of which use a programming
style recommended in NVIDIA tutorials that we call Naı̈ve
CUDA. The lower green baseline represents the case where
the entire grid must be transferred back and forth between
host and device memory once per sweep (accelerator
mode). In contrast, the upper red line is the ideal case
when the grid may reside in device memory without any
communication to host memory (stand-alone). A typical
application will lie somewhere in between.

Figure 4 is a set of summary graphs that allows
comparisons across all architectures. Figure 4(a) focuses
on maximum performance, while Figure 4(b) examines
per core scalability. Then, we examine each architecture’s
resource utilization in the 2D scatter plot of Figure 4(c).
We computed the sustained percentage of the attainable
memory bandwidth (ABW ) and attainable computational
rate (AFlop) for each architecture. The former fraction
is calculated as the sustained stencil bandwidth divided
by the OpenMP Stream [14] (copy) bandwidth. For Cell,
we simply commented out the computation, but continued
to execute the DMAs. Similarly, the attainable fraction
of peak is the achieved stencil GFlop/s rate divided by
the in-cache stencil performance derived by running a
small problem that fits in the aggregate cache (or local-
store). For Cell, we simply commented out the DMAs,
but performed the stencils on data already in the local-
store. Thus floating-point bound architectures will be near
100% AFlop on the x-axis (GFlop/s), while memory bound
platforms will approach 100% ABW on the y-axis (GB/s).

These coordinates allow one to estimate how balanced
or limited the architecture is. Architectures that depart from
the upper or right edges of the figure fail to saturate one of
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implement the threading model and use thread blocking
as part of the auto-tuning strategy. The thread blocks for
the two core block sizes are restricted to 1×8 and 1×4
respectively. Since the GT200 contains no automatically-
managed caches, we use the circular queue approach that
was employed in the Cell stencil code. However, the
register file is four times larger than the local memory,
so we chose register blocks to be the size of thread blocks
(RX = TX,RY = TY,RZ = 1) and chose to keep some
of the planes in the register file rather than shared memory.

5. Performance Results and Analysis

To evaluate our optimization strategies and compare
architectural features, we examine a 2563 stencil calcu-
lation which, including ghost cells, requires a total of 262
MB of memory. Since scientific computing relies primarily
on double precision, all of our computations are also
performed in double precision across all architectures. In
addition, to keep results both consistent and comparable,
we exploit affinity routines to first utilize all the hardware
thread contexts on a single core, then scale to all the
cores on a socket, and finally use all the cores across all
sockets. This approach prevents the benchmark code from
exploiting a second socket’s memory bandwidth until all
the cores on a single socket are in use.

The stacked bar graphs in Figures 3 show individual
platform performance as a function of core concurrency
(using fully threaded cores). The stacked bars indicate
the performance contribution from each of the relevant
optimizations. All the attempted optimizations are listed in
the legend below. On the Cell, only the SPEs are used, and
on the GTX280 we plot performance as a function of the
number of CUDA thread blocks per CUDA grid. However,
neither the Cell SPEs nor the GTX280 can run our portable

C code, so there is no truly naı̈ve implementation for
either platform. Instead, for Cell, a DMA and local-store
implementation serves as the baseline. For the GTX280,
there are two baselines, both of which use a programming
style recommended in NVIDIA tutorials that we call Naı̈ve
CUDA. The lower green baseline represents the case where
the entire grid must be transferred back and forth between
host and device memory once per sweep (accelerator
mode). In contrast, the upper red line is the ideal case
when the grid may reside in device memory without any
communication to host memory (stand-alone). A typical
application will lie somewhere in between.

Figure 4 is a set of summary graphs that allows
comparisons across all architectures. Figure 4(a) focuses
on maximum performance, while Figure 4(b) examines
per core scalability. Then, we examine each architecture’s
resource utilization in the 2D scatter plot of Figure 4(c).
We computed the sustained percentage of the attainable
memory bandwidth (ABW ) and attainable computational
rate (AFlop) for each architecture. The former fraction
is calculated as the sustained stencil bandwidth divided
by the OpenMP Stream [14] (copy) bandwidth. For Cell,
we simply commented out the computation, but continued
to execute the DMAs. Similarly, the attainable fraction
of peak is the achieved stencil GFlop/s rate divided by
the in-cache stencil performance derived by running a
small problem that fits in the aggregate cache (or local-
store). For Cell, we simply commented out the DMAs,
but performed the stencils on data already in the local-
store. Thus floating-point bound architectures will be near
100% AFlop on the x-axis (GFlop/s), while memory bound
platforms will approach 100% ABW on the y-axis (GB/s).

These coordinates allow one to estimate how balanced
or limited the architecture is. Architectures that depart from
the upper or right edges of the figure fail to saturate one of
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implement the threading model and use thread blocking
as part of the auto-tuning strategy. The thread blocks for
the two core block sizes are restricted to 1×8 and 1×4
respectively. Since the GT200 contains no automatically-
managed caches, we use the circular queue approach that
was employed in the Cell stencil code. However, the
register file is four times larger than the local memory,
so we chose register blocks to be the size of thread blocks
(RX = TX,RY = TY,RZ = 1) and chose to keep some
of the planes in the register file rather than shared memory.

5. Performance Results and Analysis

To evaluate our optimization strategies and compare
architectural features, we examine a 2563 stencil calcu-
lation which, including ghost cells, requires a total of 262
MB of memory. Since scientific computing relies primarily
on double precision, all of our computations are also
performed in double precision across all architectures. In
addition, to keep results both consistent and comparable,
we exploit affinity routines to first utilize all the hardware
thread contexts on a single core, then scale to all the
cores on a socket, and finally use all the cores across all
sockets. This approach prevents the benchmark code from
exploiting a second socket’s memory bandwidth until all
the cores on a single socket are in use.

The stacked bar graphs in Figures 3 show individual
platform performance as a function of core concurrency
(using fully threaded cores). The stacked bars indicate
the performance contribution from each of the relevant
optimizations. All the attempted optimizations are listed in
the legend below. On the Cell, only the SPEs are used, and
on the GTX280 we plot performance as a function of the
number of CUDA thread blocks per CUDA grid. However,
neither the Cell SPEs nor the GTX280 can run our portable

C code, so there is no truly naı̈ve implementation for
either platform. Instead, for Cell, a DMA and local-store
implementation serves as the baseline. For the GTX280,
there are two baselines, both of which use a programming
style recommended in NVIDIA tutorials that we call Naı̈ve
CUDA. The lower green baseline represents the case where
the entire grid must be transferred back and forth between
host and device memory once per sweep (accelerator
mode). In contrast, the upper red line is the ideal case
when the grid may reside in device memory without any
communication to host memory (stand-alone). A typical
application will lie somewhere in between.

Figure 4 is a set of summary graphs that allows
comparisons across all architectures. Figure 4(a) focuses
on maximum performance, while Figure 4(b) examines
per core scalability. Then, we examine each architecture’s
resource utilization in the 2D scatter plot of Figure 4(c).
We computed the sustained percentage of the attainable
memory bandwidth (ABW ) and attainable computational
rate (AFlop) for each architecture. The former fraction
is calculated as the sustained stencil bandwidth divided
by the OpenMP Stream [14] (copy) bandwidth. For Cell,
we simply commented out the computation, but continued
to execute the DMAs. Similarly, the attainable fraction
of peak is the achieved stencil GFlop/s rate divided by
the in-cache stencil performance derived by running a
small problem that fits in the aggregate cache (or local-
store). For Cell, we simply commented out the DMAs,
but performed the stencils on data already in the local-
store. Thus floating-point bound architectures will be near
100% AFlop on the x-axis (GFlop/s), while memory bound
platforms will approach 100% ABW on the y-axis (GB/s).

These coordinates allow one to estimate how balanced
or limited the architecture is. Architectures that depart from
the upper or right edges of the figure fail to saturate one of
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implement the threading model and use thread blocking
as part of the auto-tuning strategy. The thread blocks for
the two core block sizes are restricted to 1×8 and 1×4
respectively. Since the GT200 contains no automatically-
managed caches, we use the circular queue approach that
was employed in the Cell stencil code. However, the
register file is four times larger than the local memory,
so we chose register blocks to be the size of thread blocks
(RX = TX,RY = TY,RZ = 1) and chose to keep some
of the planes in the register file rather than shared memory.

5. Performance Results and Analysis

To evaluate our optimization strategies and compare
architectural features, we examine a 2563 stencil calcu-
lation which, including ghost cells, requires a total of 262
MB of memory. Since scientific computing relies primarily
on double precision, all of our computations are also
performed in double precision across all architectures. In
addition, to keep results both consistent and comparable,
we exploit affinity routines to first utilize all the hardware
thread contexts on a single core, then scale to all the
cores on a socket, and finally use all the cores across all
sockets. This approach prevents the benchmark code from
exploiting a second socket’s memory bandwidth until all
the cores on a single socket are in use.

The stacked bar graphs in Figures 3 show individual
platform performance as a function of core concurrency
(using fully threaded cores). The stacked bars indicate
the performance contribution from each of the relevant
optimizations. All the attempted optimizations are listed in
the legend below. On the Cell, only the SPEs are used, and
on the GTX280 we plot performance as a function of the
number of CUDA thread blocks per CUDA grid. However,
neither the Cell SPEs nor the GTX280 can run our portable

C code, so there is no truly naı̈ve implementation for
either platform. Instead, for Cell, a DMA and local-store
implementation serves as the baseline. For the GTX280,
there are two baselines, both of which use a programming
style recommended in NVIDIA tutorials that we call Naı̈ve
CUDA. The lower green baseline represents the case where
the entire grid must be transferred back and forth between
host and device memory once per sweep (accelerator
mode). In contrast, the upper red line is the ideal case
when the grid may reside in device memory without any
communication to host memory (stand-alone). A typical
application will lie somewhere in between.

Figure 4 is a set of summary graphs that allows
comparisons across all architectures. Figure 4(a) focuses
on maximum performance, while Figure 4(b) examines
per core scalability. Then, we examine each architecture’s
resource utilization in the 2D scatter plot of Figure 4(c).
We computed the sustained percentage of the attainable
memory bandwidth (ABW ) and attainable computational
rate (AFlop) for each architecture. The former fraction
is calculated as the sustained stencil bandwidth divided
by the OpenMP Stream [14] (copy) bandwidth. For Cell,
we simply commented out the computation, but continued
to execute the DMAs. Similarly, the attainable fraction
of peak is the achieved stencil GFlop/s rate divided by
the in-cache stencil performance derived by running a
small problem that fits in the aggregate cache (or local-
store). For Cell, we simply commented out the DMAs,
but performed the stencils on data already in the local-
store. Thus floating-point bound architectures will be near
100% AFlop on the x-axis (GFlop/s), while memory bound
platforms will approach 100% ABW on the y-axis (GB/s).

These coordinates allow one to estimate how balanced
or limited the architecture is. Architectures that depart from
the upper or right edges of the figure fail to saturate one of
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implement the threading model and use thread blocking
as part of the auto-tuning strategy. The thread blocks for
the two core block sizes are restricted to 1×8 and 1×4
respectively. Since the GT200 contains no automatically-
managed caches, we use the circular queue approach that
was employed in the Cell stencil code. However, the
register file is four times larger than the local memory,
so we chose register blocks to be the size of thread blocks
(RX = TX,RY = TY,RZ = 1) and chose to keep some
of the planes in the register file rather than shared memory.

5. Performance Results and Analysis

To evaluate our optimization strategies and compare
architectural features, we examine a 2563 stencil calcu-
lation which, including ghost cells, requires a total of 262
MB of memory. Since scientific computing relies primarily
on double precision, all of our computations are also
performed in double precision across all architectures. In
addition, to keep results both consistent and comparable,
we exploit affinity routines to first utilize all the hardware
thread contexts on a single core, then scale to all the
cores on a socket, and finally use all the cores across all
sockets. This approach prevents the benchmark code from
exploiting a second socket’s memory bandwidth until all
the cores on a single socket are in use.

The stacked bar graphs in Figures 3 show individual
platform performance as a function of core concurrency
(using fully threaded cores). The stacked bars indicate
the performance contribution from each of the relevant
optimizations. All the attempted optimizations are listed in
the legend below. On the Cell, only the SPEs are used, and
on the GTX280 we plot performance as a function of the
number of CUDA thread blocks per CUDA grid. However,
neither the Cell SPEs nor the GTX280 can run our portable

C code, so there is no truly naı̈ve implementation for
either platform. Instead, for Cell, a DMA and local-store
implementation serves as the baseline. For the GTX280,
there are two baselines, both of which use a programming
style recommended in NVIDIA tutorials that we call Naı̈ve
CUDA. The lower green baseline represents the case where
the entire grid must be transferred back and forth between
host and device memory once per sweep (accelerator
mode). In contrast, the upper red line is the ideal case
when the grid may reside in device memory without any
communication to host memory (stand-alone). A typical
application will lie somewhere in between.

Figure 4 is a set of summary graphs that allows
comparisons across all architectures. Figure 4(a) focuses
on maximum performance, while Figure 4(b) examines
per core scalability. Then, we examine each architecture’s
resource utilization in the 2D scatter plot of Figure 4(c).
We computed the sustained percentage of the attainable
memory bandwidth (ABW ) and attainable computational
rate (AFlop) for each architecture. The former fraction
is calculated as the sustained stencil bandwidth divided
by the OpenMP Stream [14] (copy) bandwidth. For Cell,
we simply commented out the computation, but continued
to execute the DMAs. Similarly, the attainable fraction
of peak is the achieved stencil GFlop/s rate divided by
the in-cache stencil performance derived by running a
small problem that fits in the aggregate cache (or local-
store). For Cell, we simply commented out the DMAs,
but performed the stencils on data already in the local-
store. Thus floating-point bound architectures will be near
100% AFlop on the x-axis (GFlop/s), while memory bound
platforms will approach 100% ABW on the y-axis (GB/s).

These coordinates allow one to estimate how balanced
or limited the architecture is. Architectures that depart from
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implement the threading model and use thread blocking
as part of the auto-tuning strategy. The thread blocks for
the two core block sizes are restricted to 1×8 and 1×4
respectively. Since the GT200 contains no automatically-
managed caches, we use the circular queue approach that
was employed in the Cell stencil code. However, the
register file is four times larger than the local memory,
so we chose register blocks to be the size of thread blocks
(RX = TX,RY = TY,RZ = 1) and chose to keep some
of the planes in the register file rather than shared memory.

5. Performance Results and Analysis

To evaluate our optimization strategies and compare
architectural features, we examine a 2563 stencil calcu-
lation which, including ghost cells, requires a total of 262
MB of memory. Since scientific computing relies primarily
on double precision, all of our computations are also
performed in double precision across all architectures. In
addition, to keep results both consistent and comparable,
we exploit affinity routines to first utilize all the hardware
thread contexts on a single core, then scale to all the
cores on a socket, and finally use all the cores across all
sockets. This approach prevents the benchmark code from
exploiting a second socket’s memory bandwidth until all
the cores on a single socket are in use.

The stacked bar graphs in Figures 3 show individual
platform performance as a function of core concurrency
(using fully threaded cores). The stacked bars indicate
the performance contribution from each of the relevant
optimizations. All the attempted optimizations are listed in
the legend below. On the Cell, only the SPEs are used, and
on the GTX280 we plot performance as a function of the
number of CUDA thread blocks per CUDA grid. However,
neither the Cell SPEs nor the GTX280 can run our portable

C code, so there is no truly naı̈ve implementation for
either platform. Instead, for Cell, a DMA and local-store
implementation serves as the baseline. For the GTX280,
there are two baselines, both of which use a programming
style recommended in NVIDIA tutorials that we call Naı̈ve
CUDA. The lower green baseline represents the case where
the entire grid must be transferred back and forth between
host and device memory once per sweep (accelerator
mode). In contrast, the upper red line is the ideal case
when the grid may reside in device memory without any
communication to host memory (stand-alone). A typical
application will lie somewhere in between.

Figure 4 is a set of summary graphs that allows
comparisons across all architectures. Figure 4(a) focuses
on maximum performance, while Figure 4(b) examines
per core scalability. Then, we examine each architecture’s
resource utilization in the 2D scatter plot of Figure 4(c).
We computed the sustained percentage of the attainable
memory bandwidth (ABW ) and attainable computational
rate (AFlop) for each architecture. The former fraction
is calculated as the sustained stencil bandwidth divided
by the OpenMP Stream [14] (copy) bandwidth. For Cell,
we simply commented out the computation, but continued
to execute the DMAs. Similarly, the attainable fraction
of peak is the achieved stencil GFlop/s rate divided by
the in-cache stencil performance derived by running a
small problem that fits in the aggregate cache (or local-
store). For Cell, we simply commented out the DMAs,
but performed the stencils on data already in the local-
store. Thus floating-point bound architectures will be near
100% AFlop on the x-axis (GFlop/s), while memory bound
platforms will approach 100% ABW on the y-axis (GB/s).

These coordinates allow one to estimate how balanced
or limited the architecture is. Architectures that depart from
the upper or right edges of the figure fail to saturate one of
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implement the threading model and use thread blocking
as part of the auto-tuning strategy. The thread blocks for
the two core block sizes are restricted to 1×8 and 1×4
respectively. Since the GT200 contains no automatically-
managed caches, we use the circular queue approach that
was employed in the Cell stencil code. However, the
register file is four times larger than the local memory,
so we chose register blocks to be the size of thread blocks
(RX = TX,RY = TY,RZ = 1) and chose to keep some
of the planes in the register file rather than shared memory.

5. Performance Results and Analysis

To evaluate our optimization strategies and compare
architectural features, we examine a 2563 stencil calcu-
lation which, including ghost cells, requires a total of 262
MB of memory. Since scientific computing relies primarily
on double precision, all of our computations are also
performed in double precision across all architectures. In
addition, to keep results both consistent and comparable,
we exploit affinity routines to first utilize all the hardware
thread contexts on a single core, then scale to all the
cores on a socket, and finally use all the cores across all
sockets. This approach prevents the benchmark code from
exploiting a second socket’s memory bandwidth until all
the cores on a single socket are in use.

The stacked bar graphs in Figures 3 show individual
platform performance as a function of core concurrency
(using fully threaded cores). The stacked bars indicate
the performance contribution from each of the relevant
optimizations. All the attempted optimizations are listed in
the legend below. On the Cell, only the SPEs are used, and
on the GTX280 we plot performance as a function of the
number of CUDA thread blocks per CUDA grid. However,
neither the Cell SPEs nor the GTX280 can run our portable

C code, so there is no truly naı̈ve implementation for
either platform. Instead, for Cell, a DMA and local-store
implementation serves as the baseline. For the GTX280,
there are two baselines, both of which use a programming
style recommended in NVIDIA tutorials that we call Naı̈ve
CUDA. The lower green baseline represents the case where
the entire grid must be transferred back and forth between
host and device memory once per sweep (accelerator
mode). In contrast, the upper red line is the ideal case
when the grid may reside in device memory without any
communication to host memory (stand-alone). A typical
application will lie somewhere in between.

Figure 4 is a set of summary graphs that allows
comparisons across all architectures. Figure 4(a) focuses
on maximum performance, while Figure 4(b) examines
per core scalability. Then, we examine each architecture’s
resource utilization in the 2D scatter plot of Figure 4(c).
We computed the sustained percentage of the attainable
memory bandwidth (ABW ) and attainable computational
rate (AFlop) for each architecture. The former fraction
is calculated as the sustained stencil bandwidth divided
by the OpenMP Stream [14] (copy) bandwidth. For Cell,
we simply commented out the computation, but continued
to execute the DMAs. Similarly, the attainable fraction
of peak is the achieved stencil GFlop/s rate divided by
the in-cache stencil performance derived by running a
small problem that fits in the aggregate cache (or local-
store). For Cell, we simply commented out the DMAs,
but performed the stencils on data already in the local-
store. Thus floating-point bound architectures will be near
100% AFlop on the x-axis (GFlop/s), while memory bound
platforms will approach 100% ABW on the y-axis (GB/s).

These coordinates allow one to estimate how balanced
or limited the architecture is. Architectures that depart from
the upper or right edges of the figure fail to saturate one of
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implement the threading model and use thread blocking
as part of the auto-tuning strategy. The thread blocks for
the two core block sizes are restricted to 1×8 and 1×4
respectively. Since the GT200 contains no automatically-
managed caches, we use the circular queue approach that
was employed in the Cell stencil code. However, the
register file is four times larger than the local memory,
so we chose register blocks to be the size of thread blocks
(RX = TX,RY = TY,RZ = 1) and chose to keep some
of the planes in the register file rather than shared memory.

5. Performance Results and Analysis

To evaluate our optimization strategies and compare
architectural features, we examine a 2563 stencil calcu-
lation which, including ghost cells, requires a total of 262
MB of memory. Since scientific computing relies primarily
on double precision, all of our computations are also
performed in double precision across all architectures. In
addition, to keep results both consistent and comparable,
we exploit affinity routines to first utilize all the hardware
thread contexts on a single core, then scale to all the
cores on a socket, and finally use all the cores across all
sockets. This approach prevents the benchmark code from
exploiting a second socket’s memory bandwidth until all
the cores on a single socket are in use.

The stacked bar graphs in Figures 3 show individual
platform performance as a function of core concurrency
(using fully threaded cores). The stacked bars indicate
the performance contribution from each of the relevant
optimizations. All the attempted optimizations are listed in
the legend below. On the Cell, only the SPEs are used, and
on the GTX280 we plot performance as a function of the
number of CUDA thread blocks per CUDA grid. However,
neither the Cell SPEs nor the GTX280 can run our portable

C code, so there is no truly naı̈ve implementation for
either platform. Instead, for Cell, a DMA and local-store
implementation serves as the baseline. For the GTX280,
there are two baselines, both of which use a programming
style recommended in NVIDIA tutorials that we call Naı̈ve
CUDA. The lower green baseline represents the case where
the entire grid must be transferred back and forth between
host and device memory once per sweep (accelerator
mode). In contrast, the upper red line is the ideal case
when the grid may reside in device memory without any
communication to host memory (stand-alone). A typical
application will lie somewhere in between.

Figure 4 is a set of summary graphs that allows
comparisons across all architectures. Figure 4(a) focuses
on maximum performance, while Figure 4(b) examines
per core scalability. Then, we examine each architecture’s
resource utilization in the 2D scatter plot of Figure 4(c).
We computed the sustained percentage of the attainable
memory bandwidth (ABW ) and attainable computational
rate (AFlop) for each architecture. The former fraction
is calculated as the sustained stencil bandwidth divided
by the OpenMP Stream [14] (copy) bandwidth. For Cell,
we simply commented out the computation, but continued
to execute the DMAs. Similarly, the attainable fraction
of peak is the achieved stencil GFlop/s rate divided by
the in-cache stencil performance derived by running a
small problem that fits in the aggregate cache (or local-
store). For Cell, we simply commented out the DMAs,
but performed the stencils on data already in the local-
store. Thus floating-point bound architectures will be near
100% AFlop on the x-axis (GFlop/s), while memory bound
platforms will approach 100% ABW on the y-axis (GB/s).

These coordinates allow one to estimate how balanced
or limited the architecture is. Architectures that depart from
the upper or right edges of the figure fail to saturate one of

Figure �: Selected parts of a figure by Datta et al. [�], showing results
of auto-tuning stencil computations on three different CPU ar-
chitectures: Intel’s Clovertown, AMD’s Barcelona and Sun’s
Victoria Falls. Optimizations included multiple levels of tiling
(called blocking in the figure) corresponding to different mem-
ory hierarchy levels, as well as NUMA-aware memory allocation,
array padding, software prefetching and cache bypass. The re-
sults are presented by the number of CPU cores used, and
show that tuning was needed to successfully utilize hardware
parallelism.

Apart from stencil computations, auto-tuning has also been used
successfully to optimize real world linear algebra software such
as ATLAS [�] and OSKI [�], signal processing software such as
FFTW [�] and SPIRAL [��], and various other application-specific
computations. These examples have demonstrated the usefulness
of auto-tuning for achieving good performance on diverse computer
architectures, especially on modern cache-based multicore architec-
tures, where tuning was essential for achieving close to optimal per-
formance. It appears that auto-tuning is becoming more important
as the complexity of computer architectures increases.

All of the aforementioned auto-tuning examples were performed
using application-specific auto-tuners, each incorporating a custom
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parameterized code generator that outputs the code of the pro-
gram with transformations applied according to given optimization
parameters. Developing such a code generator is non-trivial and
requires the programmer to investigate potential transformations
and analyze their effect on the program code. With the approach
taken by Datta et al., the code generator is a script that produces
stencil computation C code with, e. g., variations in loop struc-
tures depending on parameters that control the details of tiling
and tile sizes. A separate auto-tuner component searches the op-
timization parameter space and calls the code generator for each
candidate combination of parameter values. To adapt this type of
solution for auto-tuning a different program would entail rewriting
the code generator to emit code corresponding to that program
instead, which requires a significant amount of work.

The difficulty of reusing existing auto-tuning solutions seems to
have largely limited the use of auto-tuning to certain high-profile
numerical software, most notably cross-platform numerical com-
putation libraries. The availability of a reusable, general purpose
auto-tuning solution would facilitate auto-tuning of many applica-
tions.

The need for custom code generators can be eliminated by creat-
ing an auto-tuner that works with general purpose program descrip-
tions. The auto-tuner needs to be able to read an input program
and apply transformations that must not change the correctness
of the program. Doing this is difficult if programs are described us-
ing a low level imperative programming language. Applying tiling
or parallelization transformations, for instance, requires analyzing
loops to determine number of iterations, and more significantly,
data dependencies between loops and between iterations of a single
loop. This is possible to do in simple cases, but extremely difficult
or impossible to do in other cases. Stencil computations are regular
enough that a straight forward implementation can be analyzed by
existing loop analysis tools. However, these tools are fragile, and re-
quire programs to follow expected patterns. They are likely to fail
for programs that are not written with this in mind. The difficulty
of loop analysis is demonstrated by the fact that it is currently not
included by default in mainstream compilers [��].

Application of important transformations that affect data move-
ments, such as tiling and parallelization, can be greatly simplified
by using a high-level language that removes the need for loop de-
pendence analysis.

� .� dataflow languages

In a dataflow programming language, a program is represented as
a directed graph describing the flow of data between operations, as
in Figure �. Operations correspond to nodes in the graph. Edges



�� introduction

between nodes dictate how data moves or flows between operations
or, in other words, how the output from one operation is used as
input for another operation. Whereas in imperative programming
the focus lies on describing control flow and state modifications, in
dataflow programming it lies instead on describing what happens
to the data that the program is operating on.

B

C

DA

Figure �: A simple dataflow graph. When operations are executed, data
flows over the edges that connect them.

In most dataflow models the operations are seen as black boxes,
and their construction is left undefined. They are often seen as au-
tomatons, but may be implemented using a traditional imperative
programming language.

To enable execution of a dataflow program, we need to define
when and how operations are run. The basic principle is that an
operation can run (or fire) when data is available on all of its input
edges. When an operation is run it will provide data on each of its
output edges. When data is available for more than one operation
they may in principle be run in parallel, and if an operation has
no input edges it can be run at any time. Execution is said to be
data-driven because the order in which operations are run is only
constrained by availability of data (or equivalently, by the data
dependencies that are implied by edges in the dataflow graph) [��].

Based only on the above description, a dataflow language would
be quite restricted. It would not, for example, have any iteration
construct. The basic model thus needs to be extended to be useful
for general purpose programming. This is solved to varying extents
and in different ways in actual dataflow languages.

One common way of attaining basic iteration is to let each edge
carry a sequence of data tokens instead of just a single item of data,
thus allowing operations to run repeatedly. If this is combined
with letting operations consume and produce multiple data tokens
when run, it allows operations to be run at different rates. These
extensions roughly form the basis of streaming dataflow models,
where the inputs and outputs of a program are conceptually infi-
nite streams of data tokens. Operations, also called computation
kernels, are connected together and to the inputs and outputs by
channels which act as First In, First Out (FIFO) queues for the
stream data. Streaming models map well to application domains
where the input is generated and processed continuously, and where
reuse of the data is largely local in both time and space.
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Of particular note is Synchronous Data Flow (SDF), a basic
streaming dataflow model on which many later dataflow languages
are based. SDF was described and implemented in the ����s and is
most suitable for signal processing applications [��]. In this model
it has to be statically declared, for each input and output of an op-
eration, how many tokens of data will be consumed or produced,
respectively, when the operation fires. This implies that programs
can only describe loops with a predetermined number of itera-
tions, which greatly limits the ability of SDF programs to handle
dynamically sized data, but allows for sophisticated optimization
and scheduling of computation. Figure � contains an SDF program
dataflow graph.

B CA
1 8 2 1 4 1

Figure �: An SDF graph example. When one data token is available on
the input edge, Operation A can fire, producing � data tokens
on the outgoing edge for operation B to consume. Operation
B only consumes � tokens of data a time, so it needs to be
fired at four times the rate of operation A. Operation C, on
the other hand, will fire at the same rate as operation A.

SDF has been used to describe traditional signal processing ap-
plications such as data modems [��] and digital audio sample rate
conversion [��]. However, because streams are one-dimensional, it
cannot easily be used to process higher dimensional data, as re-
quired for stencil computations.

There have been multiple attempts at extending the SDF model
to support multidimensional data. A recent example is the Win-
dowed Synchronous Data Flow (WSDF) language by Keinert et al.
[��], which incorporates streams of multidimensional data tokens,
and also supports iteration over these using windows that can be
made to move in an way that corresponds to stencil computa-
tions. However, the language was developed with a strong focus
on minimizing buffer space between operations at the expense of
other concerns, which led to the following problems: a) the intro-
duction of concepts such as “effective tokens”, “virtual tokens” and
“virtual token unions”, resulting in a complex application descrip-
tion; b) limited iteration that cannot easily be extended since it
is formalized as a fundamental part of the language; and c) as in
SDF, no support for dynamically sized data. Figure � contains an
example that demonstrates the complexity of describing iteration
in WSDF.

In summary, dataflow models do limit the expression of program-
mers in some ways. For example, data usage is limited to that which
can be expressed as edges between operations, and control flow is
limited to that which is implicitly defined by data dependencies.
As we have seen, this has led to awkward ways of achieving iter-
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Figure 32: Example WSDF Graph

2. v = src (e):
The execution of one minimal period of actor v corresponds to Li (v) actor invocations.
For each source actor invocation, �−→pe ,−→ei � data elements are produced.

If Equation (10) holds, then the number of produced and consumed tokens is identical. As we
execute each actor an integer multiple times of its minimal actor period, we are sure, that only
complete virtual token unions are consumed. Consequently, the same is valid for production and
the WSDF graph returns to its initial state.

As the topology matrix in Equation (10) has exactly the same properties as for SDF graphs, we
can derive from [LM87] that for a connected graph there exists a strictly positive and integer
vector −→qi , if and only if

rank (Γi) = |V |− 1

Consequently, also −→ri is integer and strictly positive.

5.9.1 Example

Figure 32 shows an example WSDF graph. The graph behavior is borrowed from image process-
ing, however generalized in some aspects in order to show all elements of the WSDF model.
Actor 1 produces two output images. The first one has a size of 2048*1024 pixels. The size of
the second image shall be identical, however it is cut in blocks of 64x64 pixels each. Actor 2 takes
these blocks, performs a down-sampling in vertical direction and an up-sampling in horizontal
direction and combines the resulting blocks to an image with the size 4096*512 pixels. Actor 3
consumes 2x2 images of actor 1 and down-samples them in vertical direction. Furthermore, it
consumes two images of actor 2. Both the images from actor 1 and actor 2 are processed with a
sliding window of size 5x6, respectively 5x3. The result is passed to actor 4 which performs a
sliding window operation with border extension.

47

Figure �: Example WSDF graph presented by Keinert et al. [��], repre-
senting an image processing application. The edge annotations
describe sizes of various types of tokens, windows, iteration
steps and borders.

ation. However, these limitations come with the advantage that
it greatly simplifies program analysis, and thus optimization, by
directly exposing data movements and parallelism. This should
simplify optimizations that modify data movement, such as tiling,
and makes parallelization trivial in many cases.

In this work, the focus lies on finding a simple high level pro-
gram representation that is well suited for describing stencil com-
putations and applicable optimizations. By relaxing the typical
streaming model goals of optimal scheduling and minimal buffer
space, it should be possible to develop a dataflow language with
a simpler iteration concept, that also supports dynamically sized
data.

� .� hypothesis

With this work I seek to demonstrate auto-tuning of traditional
imperative optimizations in the context of a dataflow graph. The
work is primarily limited to n-dimensional stencil computations to
make it possible to focus on the optimization steps without having
to develop a complex application description infrastructure. The
insights gained from this work should hopefully provide a piece
in the puzzle of how to get programs automatically optimized for
multicore execution.

Specifically, my hypothesis is that traditional imperative opti-
mizations such as loop tiling can be easily expressed and applied
as transformations of a dataflow graph, and that doing so will sim-
plify auto-tuning of such optimizations.



2
HARDCODED AUTO-TUNER

This chapter describes a problem-specific solution for auto-tuning
n-dimensional stencil computations, which I refer to as the hard-
coded auto-tuner to distinguish it from the more general purpose
dataflow auto-tuner described in chapter �. The hardcoded auto-
tuner was created to serve as a comparison baseline for the dataflow
auto-tuner. The methods used to create the hardcoded auto-tuner
were chosen to be similar to those used in the study by Datta et al.
[�] that was described in section �.�, with the intent of partially
replicating the results produced by that study.

The hardcoded auto-tuner is a program that takes options spec-
ifying the size of a certain stencil computation problem, as well
as allowed values for various optimization parameters, and finds
the combination of parameters that results in the fastest run time
when used to generate an optimized stencil computation program.
The output of the auto-tuner is the best parameter values that
were found, along with the corresponding optimized stencil com-
putation C code. It also optionally outputs a table of parameter
value combinations and corresponding run times for all tested con-
figurations, which can be used for evaluation purposes.

The main steps performed by the auto-tuner are:

• Creating a representation of the parameter space, the set of
allowed combinations of optimization parameters, controlled
by arguments provided by the user.

• Traversing the parameter space, picking combinations of pa-
rameter values to evaluate.

• For each configuration, generating stencil computation C code
transformed according to the corresponding optimization pa-
rameter values.

• Compiling and running the generated C code and measuring
its run time.

These steps are described in the following sections, after an ini-
tial section describing the program that is being generated and
tuned.

� .� stencil program

The generated C code is a complete program that initializes an
input array with pseudo-random values, performs a stencil compu-

��
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tation repeatedly while measuring run time and, finally, sends the
measurement results to the auto-tuner.

For simplicity, the stencil computation works on arrays with ��-
bit integer elements. The stencil used contains the points at a Man-
hattan distance of � from the center point, as illustrated in Figure �.
The kernel that is applied calculates the bitwise exclusive OR of
all the input values. This simple operation is chosen to minimize
the computation complexity of the kernel and thus maximize the
bandwidth dependency of the program, so as to put the focus on
memory-related optimizations.

-1

0

1

-1 0 1

Center point

Not part of stencil

Part of stencil

Figure �: Shape of the stencil used to perform a �-dimensional stencil
computation in program generated by the hardcoded auto-
tuner. The stencil includes points at a Manhattan distance
of � from the center point.

Listing � shows the interesting part of the code generated for
a �-dimensional stencil computation with no optimizations turned
on (except for moving the array index calculations out of the inner
loop, which is done regardless of optimization parameters).

� .� optimizations

Optimizations that can be added and tuned by the auto-tuner are:

tiling: Multiple levels of tiling can be added for each array di-
mension. A tiling optimization is tuned by a tile size pa-
rameter. Listing � shows an example of code generated with
tiling.

parallelization: The outermost tiling loop of any array di-
mension can be parallelized, with the tuning parameter speci-
fying in which array dimension to tile for parallelization, and
which CPU cores to use.

padding: Each row of the input and output array is padded with
the same amount, tuned by a pad size parameter.

cache bypass: Cache can be bypassed when storing values to
the output array. The tuning parameter for cache bypass is
simply on or off.

NUMA-aware memory allocation is always enabled, and loop in-
dex calculations are always moved out of the inner loop, regardless
of tuning parameters.
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const int y_start = 1, y_stop = 299;
const int x_start = 1, x_stop = 499;

const int base = x_start + 500 * y_start;
int * o0 = &output[base + 0];
const int * i0 = &input[base - 1];
const int * i1 = &input[base - 500];
const int * i2 = &input[base + 500];
const int * i3 = &input[base + 1];
const int dx = 1, dy = 500 - (x_stop - x_start);

for (int y = y_start; y < y_stop; y += 1) {
for (int x = x_start; x < x_stop; x += 1) {

*o0 = *i0 ^ *i1 ^ *i2 ^ *i3;
o0 += dx; i0 += dx; i1 += dx; i2 += dx; i3 += dx;

}
o0 += dy; i0 += dy; i1 += dy; i2 += dy; i3 += dy;

}

Listing �: Main part of the C code generated for a basic �-dimensional
stencil computation. In this example the input array has a size
of ��� by ��� elements. The code formatting has been edited
to improve readability.

const int y_start = 1, y_stop = 299;
const int x2_start = 1, x2_stop = 499;

for (int x1_start = x2_start; x1_start < x2_stop; x1_start += 125) {
const int x1_stop = x1_start + 125 < x2_stop ?
x1_start + 125 : x2_stop;

const int base = x1_start + 500 * y_start;
int * o0 = &output[base + 0];
const int * i0 = &input[base - 1];
const int * i1 = &input[base - 500];
const int * i2 = &input[base + 500];
const int * i3 = &input[base + 1];
const int dx = 1, dy = 500 - (x1_stop - x1_start);

for (int y = y_start; y < y_stop; y += 1) {
for (int x = x1_start; x < x1_stop; x += 1) {

*o0 = *i0 ^ *i1 ^ *i2 ^ *i3;
o0 += dx; i0 += dx; i1 += dx; i2 += dx; i3 += dx;

}
o0 += dy; i0 += dy; i1 += dy; i2 += dy; i3 += dy;

}
}

Listing �: Main part of the C code generated for a �-dimensional stencil
computation, with one level of tiling in the unit stride dimen-
sion. In this example the input array has a size of ��� by ���
elements, divided into � tiles of size ��� by ���.
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� .� code generation, compilation and evaluation

The code generation is implemented by means of a simple method.
A complete syntax tree is not constructed. Instead the code gen-
erator module consists of functions that each returns one snippet
of C code, and many also take a number of smaller snippets of
C code as arguments. Most of these functions are trivial code
builders corresponding to C syntax elements, such as add which
takes two strings containing C expressions and returns a C ex-
pression for adding the two, or for_loop which takes initializer,
loop-test, counter and body statements as strings, and returns a
corresponding for loop statement. Functions for constructing more
intricate code are built around calls to the trivial functions.

The most complicated code generation function is stencil_iter,
which produces stencil computation code as shown in listings � and
� after being provided with a) stencil shape description; b) names
of the input and output arrays; c) size of the arrays by dimension,
including padding; d) border size for limiting the sweep area; e) a
list of the levels of iteration, each item specifying a dimension and
step size; f) a list of dimensions for which the outer loop should be
parallelized; g) a mapping from threads to cpu cores; h) data type
names; i) and finally, statements for the body of the inner loop.
The function will return the provided body statements wrapped
in nested for loops corresponding to the specified iteration levels.
Loop index updates and other array index calculations are gener-
ated according to the step size of each iteration. Loops that should
be parallelized are preceded with appropriate OpenMP pragma di-
rectives.

There is also a top-level code generator function which creates a
complete program that can be compiled and executed. The main
function of the generated program comprises array allocation and
initialization code, stencil computation code surrounded by calls
for measuring run time, and code for communicating results to the
auto-tuner. Computation and measurement is repeated � times
and the shortest run time is used to reduce noise. The shortest
run time ought to be less susceptible to noise than the average
since there is a lower bound that can be approached when there is
no interference, but there is no upper bound.

The generated C code is passed to gcc version �.� for compilation.
The following compiler flags are used: -O2 -m64 -march=native
-mtune=native -mmmx -msse -msse2 -msse3 -mssse3 -fopenmp.
The Streaming SIMD Extensions (SSE) compiler flags are needed for
supporting the cache bypass optimization, which is implemented
using an SSE streaming store instruction. The output executables
have been manually inspected to verify that the compiler does not
override the loop transformations that were made by the auto-
tuner.



�.� searching the parameter space ��

To evaluate a candidate program, the auto-tuner runs the com-
piled executable and records the presented run time. Only one
candidate program is executed at a time to avoid interference. For
the same reason, although multiple candidate programs are com-
piled in parallel, compilation and evaluation are not performed
simultaneously.

� .� searching the parameter space

The auto-tuner employs a simple brute force search algorithm that
tries all possible combinations of parameter values, ensuring that
the results are based on complete information. This is inefficient
but has proven to be sufficient for the particular program and pa-
rameter spaces that were used in this case, with auto-tuning typi-
cally taking a few hours to complete.

� .� results

The auto-tuner was used to optimize a �-dimensional stencil com-
putation with an array size of 210 rows by 219 columns, stored
and iterated in row-major order. Given that the elements were ��-
bit integers, the combined storage requirements for the input and
output array were � GiB in the base case, and slightly more when
array padding optimizations were applied.

The optimization parameter space allowed the following opti-
mizations: a) parallelization by tiling the outer dimension by �, �,
� or � CPUs; b) tiling the outer dimension with a tile height of 2n

for 1 � n � 7; c) tiling the inner (unit-stride) dimension with a
tile width of 2n for 6 � n � 18; d) padding the inner dimension by
0 or 7 elements; and e) cache bypass for stores enabled or disabled.
NUMA-aware memory allocation was always enabled. Padding was
limited to 0 or 7 elements in this experiment to limit the size of
the search space, and because a pad size of 7 had been identified
in earlier experiments to give good results.

The experiments were run on two computer systems. The first
machine had two quad-core �.�� GHz Intel Xeon 5520 CPUs of
the Nehalem architecture, with � MiB L3 cache per CPU, ��� KiB
L2 cache per core and �� KiB of L1 data cache per core. It was
equipped with �� GiB of RAM, accessed with a maximum theoret-
ical bandwidth of ��.� GB/s per CPU.

The second machine had two dual-core �.� GHz AMD Opteron
2220SE CPUs of the Santa Rosa architecture, with � MiB of L2
cache per core and �� KiB of L1 data cache per core. It was
equipped with � GiB of RAM, accessed with a maximum theo-
retical bandwidth of ��.� GB/s per CPU.
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(a) Intel Nehalem
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(b) AMD Santa Rosa

Figure �: Performance improvement by auto-tuned optimizations on two
computers based on different CPU architectures. The stacked
bars separate the contribution to speedup from paralleliza-
tion, tiling, array padding and cache bypass optimizations, com-
pared to unoptimized serial version.

The main parts of the C code of the untuned program as well
as the program tuned for the AMD Santa Rosa architecture are
included in Appendix A.

The performance improvements attained by auto-tuning on the
two architectures are shown in Figure �. The tiling and cache by-
pass optimizations had a large impact on both architectures in the
highly parallel case when running on all cores. When using only
a single core per CPU, the impact was still large on the AMD
Santa Rosa CPU, but non-existent or negligible on Nehalem. This
indicates that the significantly larger memory bandwidth of the Ne-
halem CPU was large enough to satisfy the needs of the stencil com-
putation on a single core. Array padding improved performance in
all cases on the Opteron machine, but provided no improvement
at all on the Nehalem machine.

An example of the impact of the tiling optimization as a function
of tile size can be seen in Figure ��.

� .� conclusions and discussion

It was confirmed that memory access optimizations do matter for
parallel stencil computations on mainstream multicore architec-
tures, and that the impact of optimizations varies from one archi-
tecture to another. This is consistent with the conclusions reached
by Datta et al. [�]. Auto-tuning was shown to be a useful strategy
for applying parameterized optimizations such as loop tiling.

The auto-tuner implementation was fairly straightforward, ex-
cept for code generation. The code generator component consisted
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of over ��� lines of Python code, much of it quite convoluted, which
was used to generate less than ��� lines of simple C code. While
some parts of the code generator could be reused to generate parts
of other programs, the main part of it was problem-specific.

With the auto-tuning model used here, the manual steps for auto-
tuning a program include a) writing code for solving the problem;
b) finding optimization opportunities; c) determining how the code
should change (systematically) according to optimization parame-
ters; d) implementing a code generator that generates equivalent
code, modified according to optimization parameters; and e) mod-
ifying or configuring the auto-tuner to search an appropriate pa-
rameter space and to correctly pass on the parameters to the code
generator.

While this process is workable, repeating it for each program is
impractical. The following chapters describe how a more general
purpose auto-tuner can be created which removes some of the steps
from the process.
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(a) Serial, single core

(b) Parallelized over all � cores

Figure ��: Comparison of the effect of loop tiling on the Nehalem-based
computer for minimum and maximum number of cores, show-
ing speedup compared to untiled version as a function of tile
width and height. The baseline for calculating speedup in (b)
includes parallelization; this means that the plotted speedup
is from tiling only.



3
DATAFLOW LANGUAGE

We saw how creating an auto-tuner based on an application-specific
code generator is a difficult and time consuming manual process.
In order to simplify the process, a high level language that can
represent programs for use with a general purpose auto-tuner is
needed. I have created a dataflow language to serve this purpose.
This chapter describes the design of the dataflow language and
the implementation of a framework for creating and manipulating
dataflow programs and generating runnable code. Also shown are
a few examples of operations and how they can be used to build a
program.

The main requirements for the language were that it should be
a) capable of expressing programs that deal with multi-dimensional
arrays and iteration in general, and stencil computations in partic-
ular; b) sufficiently high level to allow simple and compact repre-
sentation of said concepts; c) exposing the details that need to
be examined or modified in order to apply transformations corre-
sponding to loop tiling and other optimizations; and finally, for
practical reasons d) simple to implement.

While each individual requirement is most likely satisfied by
some existing dataflow language, I have found no language that sat-
isfies all of them. Dataflow languages that support multi-dimensional
arrays tend to be complex, and thus not simple to implement or
extend. Existing languages are also likely to be missing details
needed for certain optimizations, while at the same time contain-
ing features that are not relevant for this study, adding unnecessary
complexity. As a consequence it was decided to start with a clean
slate and design a simple language for investigating the needs for
auto-tuning of stencil computations and similar algorithms.

The language and dataflow framework is designed for translating
dataflow programs into C code, allowing the generation of efficient
machine code to be delegated to a C compiler.

� .� language basics

The basic building block of a program is an operation. An opera-
tion may contain (or more correctly, generate) C code that is to
be executed when the operation runs (i. e., each time it is fired).
Each operation can have any number of input ports and output
ports. An input port is a named receiver of data that will be used
by the operation, and an output port is a named provider of data

��
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produced by the operation. Each port declares the type of the data
that it will send or receive.

Pieces of data have to arrive at the same rate to all input ports
that belong to the same operation, but the various input ports may
be receiving data items of different types and sizes. An operation
can run only when a piece of data is available on each input port.
When the operation is run, it has to make a piece of data available
on every one of its output ports. Therefore, when an operation is
said to consume one item, it means that it is consuming one item
from each of its input ports, and when it is said to produce one
item it means that it is producing one item for each output port.

The C code within an operation should perform some compu-
tation that uses the available input data to produce some output
data. Input data can be accessed by reading from variables that
correspond to input ports, and output data is provided by writing
to variables that correspond to output ports. The computation is
not allowed to have any side effects that are visible to other oper-
ations.

Operations are organized by connecting ports to each other using
directed edges, forming a dataflow graph. The direction of an edge
is always from an output port of the source operation, to an input
port of the target operation. Several edges may originate form the
same output port, but only one a single edge may arrive to a given
input port. Cycles are not permitted.

Figure �� shows a graphical representation of the basic elements
defined in this section.

Operation A

x y

z

Operation B

in

out

Figure ��: Illustration of the basic elements of the dataflow language.
Operation A has two input ports and one output port, and
correspondingly generates C code that reads two input vari-
ables and writes to a single output variable. Operation B has
one input port and one output port. An edge connects the
output port of Operation A to the input port of Operation
B, ensuring that the output variable written by the former
operation is used as an input variable in the latter.
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� .� data types

Each input port specifies the type of data it can receive, and each
output port specifies the type of data that it provides. The sup-
ported data types are defined in a type hierarchy, formed as a tree
with the most general type at the root and more specialized types
further out on the branches. A type inherits from and is considered
to conform to its parent type, so that every type conforms to the
general root type.

The implemented data type hierarchy is shown in Figure ��.
Data types include the base type to which all other types conform,
the void type which is used for inputs or outputs that transport no
actual data, and the primitive types which correspond to C types
such as int and float. There are also array types with varying levels
of specificity. A basic array type requires that the element type is
known, but the size and shape of the array can vary. A more specific
type can be used when the number of dimensions is known, and an
even more specific type can be used when the exact shape of the
array is known. This allows operations to generate efficient code
(with, e. g., pre-calculated constant loop bounds) when the shape
of an array is known in advance.

When using a fixed shape array type, the tokens passed between
operations consist of a pointer to the start of the memory area al-
located for the array. When using dynamically sized arrays, tokens
comprise size and memory stride information along with a pointer
to the array memory.

Corresponding to each array type there is also a range of view
types, which are used for referring to regions of larger arrays. A
view type is considered to conform to its corresponding array type,
meaning that a view into a larger array can be used transparently
in place of an array of the same size as the view. The view types
can be used by some operations to provide parts of the input array
as output without having to copy data from the input array to a
separate output array; instead they can simply provide a pointer to
the start of the wanted area within the input array. This is useful
for creating array tiling operations, as we will see in section �.�.

� .� memory handling

To support use of the view types described in the previous section
as a means to avoid unnecessary copying of data passed between op-
erations, the base language has been extended with annotations for
specifying where data storage should be allocated. This is achieved
by adding a flag to each input and output port, indicating whether
or not the port provides storage for the data.

The usefulness of this can be seen by studying the two examples
in Figure ��. In example (a), one operation produces an array. The
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Base
Primitive 
<ctype>

Array 
<elem_type>

Void

FixedDimArray
<elem_type, dims>

FixedShapeArray 
<elem_type, shape, pad>

View 
<array_type>

FixedDimView
<array_type, dims>

FixedShapeView 
<array_type, shape, pad>

Figure ��: Data type hierarchy of the dataflow language. Angle brackets
indicate that a type is parameterized, meaning that there can
be multiple realizations of the type with different parameter
values. A solid arrow from type A to type B indicates that
type A conforms to type B, while a dashed arrow indicates
that each realization of type A refers to a realization of type
B.

second operation takes this as input and outputs a slightly larger
array, which is equal to the input except for an added outer border.
In this case, we have an operation that incorporates its input data
unchanged as part of its output data.

In example (b), on the other hand, the first operation takes an
array as input and outputs a smaller array equal to the input but
with a border removed. Here, we have an operation that extracts
and outputs an unmodified part of its input data. The smaller
array is then passed to another operation that may use it in some
way.

Generate Array

-

arr

Add Border

inarr

outarr

(a) Incorporating array

Remove Border

inarr

outarr

Use Array

inarr

-

(b) Extracting array

Figure ��: Example programs for demonstrating the effect of memory
allocation strategies in the dataflow language.

Depending on what storage allocation strategy is used, the two
examples are affected in different ways. Imagine first that each op-
eration is responsible for allocating or in some other way preparing
storage space for its own output data. The Generate Array opera-
tion in example (a) would then allocate just enough space for its
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output array and write the array data to this space. The Add Bor-
der operation would be given a pointer to the array, and would not
be able to wrap the existing array in a border. This strategy thus
requires copying of data in example (a). In example (b), however,
copying can be avoided in the Remove Border operation by using
a view type for the output port. The operation could then skip
allocation of a separate output array, and simply provide a pointer
to the first element inside the border of the input array, along with
the stride information of the original input array. The Use Array
operation could safely treat this as a pointer to a normal array.

Now imagine instead that each operation is responsible for allo-
cating or preparing storage space for its input data. The Generate
Array operation in example (a) would then write its output array
to storage space provided by the Add Border operation. The Add
Border operation could allocate storage large enough for storing
the final output array including the added border, and provide the
Generate Array operation with a pointer to the first element inside
of the border in this array. The Generate Array operation would
then write its array data directly to the final output array, and the
Add Border operation would simply have to fill in the values at
the border. With this strategy, copying of data is thus no longer
needed in example (a). In example (b), though, the Remove Border
operation can no longer simply provide a pointer to existing data,
because it has to write the data into storage provided by the Use
Array operation.

To summarize, copying can be eliminated in example (a) if stor-
age is provided by the data consumer, but this leads to copying in
example (b). Copying can be eliminated in example (b) if storage
is provided by the data producer, but this instead leads to copy-
ing in example (a). By allowing both storage strategies copying
can be eliminated in both cases, and this is achieved using the
aforementioned flags added to each input and output port.

When an output port of a source operation is connected to an in-
put port of a target operation, there are four possible combinations
of storage flags, which result in different data transfer strategies.

• If only the output port provides data storage, the target op-
eration will access data directly form there. In this case, the
edge connecting the two ports is considered to be a read edge.

• If only the input port provides data storage, the source opera-
tion should contain code that writes the output data directly
to the provided storage. The connection is considered to be
a write edge.

• If both ports provide storage, indicating that the source op-
eration will write to the storage allocated by its output port
and the target operation will read from the storage allocated
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by its input port, a copy operation is implied between the
operations. In this case, the connecting edge is considered
to be a copy edge. It may be possible to eliminate the copy
operation in some cases but this has not been investigated.

• Finally, if none of the ports provide storage, a shared storage
— to which the source operation should write and from which
the target operation should read — will automatically be
allocated by the dataflow framework. The edge that forms
the connection is therefore called a write-read edge.

The four possible situations and the resulting data transfer strate-
gies are illustrated in item ��. The input and output ports in Fig-
ure �� are colored to show the storage allocation flags required to
avoid copying of data in the example programs.

copy

read

writewrite

read

alloc

Figure ��: Graphical representation of data transfer strategies. A black-
filled shape represents a port with data storage provided, and
a white-filled shape represents a port that does not provide
storage. For an output port and an input port connected by an
edge this gives four possible combinations (from left to right),
resulting in the edge types a) write-read; b) write; c) read;
and d) copy.

Deallocation of allocated memory is not handled by the current
implementation. This was not a major concern since the simple
programs studied in this work have static data regions; they have
a single input array and a single output array, and no memory is
dynamically allocated.

� .� flows and iteration

In dataflow languages that derive from the SDF model, iteration is
based on the static data consumption and production rates of op-
erations. As discussed in section �.�, this allows for sophisticated
scheduling optimizations, but it also limits the possible types of
iteration constructs: only loops with static number of iterations
can be constructed, and only highly regular iteration orders are
supported since iteration is based on consuming a stream of ele-
ments. Multidimensional iteration is also problematic; as we saw,
it results in complicated application descriptions.

For these reasons, I have used a different iteration model that
is not based on a stream concept, and which has no consumption
and production rate annotations. Instead, iteration is controlled by
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the code inside a certain kind of operations. This allows any itera-
tion order to be implemented, and also allows loops with dynamic
number of iterations. As we will see in chapter �, it also leads to
simple and composable representations of tiling and parallelization
transformations.

Operations are classified by kind. The following three kinds are
supported: a) normal operations that consume one item and pro-
duce one item when run; b) generators that consume one item and
produce multiple items, thus controlling iteration; and c) accumula-
tors that consume multiple items and produce a single item. Other
variations are not allowed. The number of items produced by a gen-
erator or consumed by an accumulator does not have to be static;
it can be decided at runtime by the operation implementation.

Generators and accumulators are used in pairs, with each pair
forming the basis of a so called flow. A flow is a logical grouping
of operations, which consists of a subgraph that starts with a gen-
erator and ends with an accumulator, with any number of other
operations in between. For each element produced by the generator,
each operation within the flow will be fired exactly once, and the
accumulator will receive exactly one element. In other words, all
operations belonging to the same flow will be fired at the same rate,
which is determined by the generator. Also, the number of items
consumed by an accumulator will always be equal to the number
of items produced by the corresponding generator. Figure �� illus-
trates how a generator and accumulator form a flow that describes
a simple iteration construct.

Mean

Assemble Elem.

Sliding Window

array

window

value

array

Figure ��: Dataflow program for smoothing a signal using a simple mov-
ing average. The program consists of three operations: a gen-
erator shown in red, a normal operation shown in blue, and
an accumulator shown in green. The generator takes a one-
dimensional array and outputs a sequence of partly overlap-
ping subarrays, as if by sliding a window over the input array.
The middle operation takes an array and outputs the aver-
age value of its elements. Finally, the accumulator takes a
sequence of values and puts them back together in an array.
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By putting one flow within another, a hierarchy of flows can be
created, corresponding to multiple levels of iteration. The program
in Figure �� demonstrates the use of nested iterations to calculate
a matrix norm.

Absolute Value

Sum

Each Element

Each Row

Max

element

abs

sum

max

row

matrix

Figure ��: Dataflow program with nested flows, calculating the ∞-norm
of a matrix as the maximum absolute row sum.

Every operation is part of a flow; either explicitly or by being
part of an implicit top level main flow. Connections between dif-
ferent flows are only permitted through generators and accumula-
tors. Each generator and accumulator has connections to two flows,
called the outer flow and the inner flow, but is considered to be
part of the one that controls its execution, i. e., the flow in which
the input ports are located. Thus, a generator is part of its outer
flow, and an accumulator is part of its inner flow.

� .� implementation

There is a base class for each type of entity (operations, ports,
edges, flows and data types) which implements the relevant Appli-
cation Programming Interface (API), and subclasses for specializa-
tion. The major parts of this class hierarchy are shown in Figure ��.

Flow Port Edge

MainFlow Input Output

TokenInput TokenOutput

Operation

BinOp

…

Generator

…

Accumulator

…

…

Figure ��: Hierarchy of key classes in the dataflow language framework.

Ignoring generators and accumulators for the moment, an oper-
ation is basically an object that contains or generates a fragment
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of C code that should be executed to read a number of input vari-
ables, perform a computation, and write to a number of output
variables. The code for a complete dataflow program then consists
of such code fragments joined together in an appropriate order, in-
termingled with code for preparing the input and output variables.

Operations in dataflow graphs are instances of operation classes,
and every type of operation is implemented in its own class. A nor-
mal operation class contains, at the minimum, a declaration of the
names and types of input and output ports, and a code generation
method that takes the names of input and output variables and
returns a code fragment for performing the operation. If any of the
input or output ports has a flag set indicating that it provides stor-
age, the operation class should also contain a method that takes
the name of a port and of the corresponding input or output vari-
able, and returns code for initializing the variable (e. g., making it
point to the correct place in memory).

The code generation method of a generator operation addition-
ally takes an existing code fragment corresponding to its inner flow,
and may include this code fragment by, for example, wrapping it
in a loop.

Accumulator operations may have an extra code generation method
that returns a code fragment for any preparation needed before
starting the accumulation, since the main code fragment will be
executed within an iteration. For example, the prepare fragment
of a sum accumulator might initialize the sum to zero, while the
main fragment would add a single value to the sum each time it
was executed.

A few predefined operation classes are described in section �.�.
Code generation starts with the top level main flow. To gener-

ate code for a flow, the constituent operations are traversed in a
topological order, i. e., an order where for every edge uv, the oper-
ation u comes before v in the ordering. This ensures that the data
dependencies of the operations are satisfied. During the traversal,
code is generated for each operation, and the generated code frag-
ments are joined in order. The following steps are performed for
each operation:

• Incoming edges are followed backwards to the output ports
of preceding operations, and the names of the variables used
to store the output of those ports are retrieved to be used
for accessing the input data in the current operation.

• New unique variable names are generated for the output
ports of the current operation.

• Code fragments for declaring and initializing the output vari-
ables are generated. Initialization code is generated by the
current operation if the outgoing edge is a read or copy edge,
or by a succeeding operation if the outgoing edge is a write
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edge, as discussed in section �.�. If the outgoing edge is a
write-read edge, generic initialization code is generated that
is appropriate for the data type of the output port. In this
case, for primitive types, no initialization is performed. For
array types, the initialization code generates a memory allo-
cation call corresponding to the size of the array.

• If the current operation is a normal operation or an accumu-
lator, the main fragment of the operation code is generated.
The code may read the input variables, perform some com-
putation, and write to the output variables.

• If the current operation is a generator, multiple code frag-
ments are generated and pieced together. Code for declaring
and initializing the output variables of the corresponding ac-
cumulator is generated together with an optional fragment of
preparation code needed by the accumulator. Code for the
inner flow is generated recursively. Finally, the main code
generation method of the generator operation is called and
given the names of input and output variables, as well as the
inner flow code to be embedded.

� .� .� Array implementation

In the generated code, an array is described by four pieces of in-
formation: a) a typed pointer to the start of a contiguous chunk of
memory; b) a shape description, which consists of a list of integers
specifying the number of elements in each array dimension; c) an
integer offset in case there is initial padding; and d) stride specifi-
cation, which is a list of integers specifying the distance in memory
between consecutive array elements in each dimension. The same
pieces of information are used for all array types. However, for
fixed-shape arrays, only the pointer needs to be stored in a vari-
able. The other information is implicit in the data type and can
be used as constants in the generated code, leading to code with,
e. g., static increments in loops.

Array views are described similarly. The differences are that the
offset is always zero, and that the pointer does not necessarily refer
to the start of a chunk of memory; it points to the first element
of the view, which may be anywhere within a chunk of memory
that belongs to an array. A view will have a shape that is smaller
than that of the target array, but the stride specification is always
identical to that of the target array. The use of stride specifications
when iterating arrays allows operations to work on arrays and array
views indiscriminately.
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for (int idx1 = 0; idx1 < HEIGHT - 2; idx1 += 1)
for (int idx2 = 0; idx2 < WIDTH - 2; idx2 += 1) {

int a = input[OFFSET + S1 * idx1 + S2 * (idx2 + 1)];
int b = input[OFFSET + S1 * (idx1 + 1) + S2 * idx2];
int c = input[OFFSET + S1 * (idx1 + 1) + S2 * (idx2 + 2)];
int d = input[OFFSET + S1 * (idx1 + 2) + S2 * (idx2 + 1)];

// INNERFLOWCODEINSERTED HERE
}

Listing �: Example showing the structure of code generated by the Ap-
ply Stencil operation. Array-specific values have been replaced
with names in capital letters for increased readability. The val-
ues S� and S� refer to the stride lengths of the array.

� .� operations

A few operations that are useful for constructing stencil computa-
tion programs have been implemented.

apply stencil is a generator operation that takes a �-dimensional
array as input and performs a stencil computation sweep us-
ing a �-point stencil, in the same way as was done in the
hard-coded auto-tuner in chapter �. This produces code sim-
ilar to that in Listing �. There are � normal output ports,
one for each element in the �-point stencil. There are also
two hidden output ports that may be accessed by the ac-
cumulator; one provides the shape of the iteration, i. e., the
number of iteration steps in each dimension, and the other
provides the current iteration indices.

index iterator is a generator that iterates over the coordi-
nates of a given array shape, instead of the contents of an
actual array. It can be used to initialize array elements based
on the coordinates of their position in the array. There is one
normal output port for each dimension, providing the current
iteration index. There are hidden output ports that may be
accessed by the accumulator, providing the shape of the iter-
ation.

assemble elements is an accumulator that takes a sequence
of values, and assembles them into an array. It can only be
used if the generator of the inner flow provides information
about the shape of the iteration, which is used to determine
the shape of the output array, as well as the current iteration
indices, which is used to determine where in the output array
to place an element.
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// PREVIOUS OPERATION: element = . . .
output[OFFSET + STRIDE1 * idx1 + STRIDE2 * idx2] = element;

Listing �: Example of code generated by the Assemble Elements opera-
tion. Array-specific values have been replaced with names in
capital letters for increased readability. The idx� and idx� vari-
ables are provided by the generator of the flow (e. g., Apply
Stencil or Index Iterator).

sum, min and max are reduce accumulators that all have a
single input port taking a sequence of values, which is reduced
to a single value provided on a single output port.

kernel is a normal operation provided as an example of what
might be used in a stencil computation program. It has four
input ports that may correspond to four stencil points, and
it calculates a Xor-based checksum of the input values.

Figure �� illustrates how some of the operations described above
can be used together to crate a minimal stencil computation pro-
gram, and Listing � contains C code generated from this example.

Kernel

Assemble

Apply Stencil

Figure ��: Stencil computation dataflow program, consisting of an Ap-
ply Stencil generator paired with an Assemble Elements ac-
cumulator. The inner flow contains a Kernel operation that
in each iteration operates on the four values provided by the
generator and provides a single value to the accumulator.

� .� limitations

While the language and type system are designed to handle dy-
namically sized data, some of the functionality needed for using
dynamically sized arrays is currently unimplemented.

The memory management model currently has some features
for avoiding excessive copying and multiple memory allocations
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// Apply Stencil (generator)
for (int idx1 = 0; idx1 < 498; idx1 += 1)

for (int idx2 = 0; idx2 < 998; idx2 += 1) {
int a = input[0 + 1000 * idx1 + 1 * (idx2 + 1)];
int b = input[0 + 1000 * (idx1 + 1) + 1 * idx2];
int c = input[0 + 1000 * (idx1 + 1) + 1 * (idx2 + 2)];
int d = input[0 + 1000 * (idx1 + 2) + 1 * (idx2 + 1)];

// Assemble Elements (accumulator , input storage preparation)
int result;

// Kernel (operation)
result = a ^ b ^ c ^ d;

// Assemble Elements (accumulator , main step)
output[0 + 998 * idx1 + 1 * idx2] = result;

}

Listing �: Code generated from the dataflow program in Figure ��, with
an input array size of ��� by ����, and an output array size of
��� by ���. The code has been edited to improve formatting.

for each piece of data, which is enough for minimizing memory use
in simple programs. However, allocated data is never deallocated.
Thus, for more complex programs, memory leaks are unavoidable.
To solve this problem a memory deallocation strategy has to be
implemented.
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DATAFLOW AUTO-TUNER

In this chapter I present an auto-tuning solution that can be ap-
plied to programs expressed in the dataflow language described
in chapter �. The solution is intended to be general purpose in
the sense that it requires no significant re-implementation for each
program. However, the optimizations supported so far are adapted
for stencil computations since they closely mimic those used in the
problem-specific auto-tuner described in chapter �. This enables a
fair comparison with the results of the problem-specific auto-tuner.

The dataflow auto-tuner is a program that takes a dataflow pro-
gram and a description of optimization opportunities as input and,
given arguments specifying allowed values for various optimization
parameters, finds the combination of optimization parameters that
results in the fastest run time. The output of the auto-tuner is the
best parameter values that were found, along with the correspond-
ing optimized dataflow program. For evaluation purposes it can
also optionally output a full table of the tested configurations with
parameter value combinations and corresponding run times.

The construction of the dataflow auto-tuner has much in com-
mon with that of the hardcoded auto-tuner. They share the same
basic steps of a) building a parameter space corresponding to user-
given arguments; b) traversing the parameter space and picking
combinations to evaluate; c) generating C code with transforma-
tions applied according to the parameters; d) compiling and run-
ning candidates and measuring run time.

Most steps are virtually unchanged from the hardcoded auto-
tuner. The significant differences lie in the generation of optimized
C code, which in the dataflow auto-tuner has been split into sepa-
rate transformation and code generation steps. The optimizations
supported by the hardcoded auto-tuner were recreated as dataflow
graph transformations, which are described in the following sec-
tions. C code is generated from the dataflow graph as was described
in section �.�.

� .� tiling

� .� .� Implementation

Two dataflow operations, Tile and Join Tiles, are defined to sup-
port a transformation that corresponds to loop tiling of array op-
erations.

��
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The first operation, Tile, is a generator that takes an array and
splits it along one of its dimensions into equally sized tiles that may
optionally be overlapping. The Tile operation constructor takes
three parameters: �. the array dimension to tile, �. the size of a
tile in the tiled dimension, and �. the amount of overlap between
tiles. There is one input port which takes an array of any size and
dimensionality, and a single output port which provides the tiles
in order as a sequence of views into the input array. The tiles are
of the same shape as the input array, except that the size in the
tiled dimension is equal to the specified tile size.

The Tile operation implementation generates a loop that iter-
ates over the tiles and wraps execution of the inner flow. In each
iteration, an offset variable is incremented and used to calculate
the memory address of the first element of the current tile. The
address is stored in a variable that represents a view into the in-
put array, and is then provided as input to succeeding operations
which are part of the inner flow and thus executed within the loop
body. Listing � shows the type of code that is generated for a Tile
operation.

for (int offset = 0; offset < DIM_SIZE; offset += TILE_STEP) {
int * tile = &input_array[DIM_STRIDE * offset];

// Code for inner flow inserted here
}

Listing �: Example of code generated by the Tile operation for a fixed-
shape input array. DIM_SIZE represents the size of the input
array in the tiled dimension, TILE_STEP represents the size
of a tile in the tiled dimension, minus the size of the overlap
between tiles, and DIM_STRIDE represents the input array
stride length, i. e., the distance in memory between successive
elements, in the tiled dimension.

The second operation, Join Tiles, is an accumulator that can be
seen as taking a series of equally sized arrays and stitching them
together, in order, into a larger array. A single parameter specifies
the dimension along which the tiles are joined. An array type can
be given as the data type of the input port. The data type of the
single output port will be the same as that of the input port, except
that the size in the joined dimension is multiplied by the number
of input arrays received.

In practice, by setting the data storage flag of its input port, the
Join Tiles operation does not actually neeed to perform the work of
copying data from separate pre-existing tiles into the output array.
Instead, it tiles the output array similar to how the Tile operation
tiled its input, and in each iteration calculates a view into the pre-
allocated output array corresponding to one of the tiles. The view
is provided to the preceding operation as storage for the data it
produces. Therefore, the data type of the input port is an array
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view type, rather than a regular array type, and the input port has
the data storage flag set so that it gets to provide storage.

If a Tile and Join Tiles operation are used together as genera-
tor and accumulator, respectively, of the same flow, the effect is
that the operations in the inner flow will map each tile of the in-
put array into the corresponding tile of the output array. A tiling
transformation is thus performed by wrapping an existing array
operation in a new flow that has a Tile generator and a Join Tiles
accumulator, as shown in Figure ��. The subgraph that is wrapped
should have a single input and a single output, each with an array
type annotation. Fixed-size array type annotations are modified
when wrapping to reflect the sizes of the input and output tiles.

�

Tile

Join Tiles

array

tile

tile

array

Figure ��: Tiling by wrapping a subgraph in a flow with a Tile generator
and a Join Tiles accumulator.

Multiple levels of tiling are achieved by wrapping the subgraph
several times, creating multiple levels of flows with Tile generators
and Join Tiles accumulators. The outermost flow works with the
largest tiles, which are split further into smaller tiles in the second
level flow and so on.

� .� .� Limitations

The Tile and Join Tiles operations are implemented with support
only for statically sized arrays. Recall that static array sizes are
achieved using type annotations. A consequence is that a type
annotation will specify the size of the tiles produced by a Tile op-
eration, and that size applies for all invocations of the inner flow. In
other words, all tiles need to have the same size, which means that
tiling can only be applied to arrays with a size that can be divided
into (overlapping) tiles of equal size. This limitation is acceptable
for demonstration purposes, but it would not be acceptable for
general use.

In order to support tiling of arbitrary arrays the tile genera-
tor must be able to produce differently sized arrays in different
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iterations. This could be achieved by implementing support for dy-
namically sized arrays in the tiling operations, though that could
potentially sacrifice performance. To support tiling of arbitrary
arrays while keeping the use of static array sizes, the dataflow lan-
guage would need to be extended. One alternative is to allow a
generator to instantiate its inner flow with different types in dif-
ferent iterations, though that would make the programming model
more complicated.

� .� .� Differences from hardcoded auto-tuner

The approach to tiling used in the dataflow solution follows from
the nature of the paradigm and differs somewhat from the ap-
proach used in the hardcoded auto-tuner.

In the hardcoded auto-tuner the array is divided into equally
sized, non-overlapping tiles. There is no need for the tiles to overlap
because it is possible to access elements outside of the tile being
processed, meaning that the stencil can be applied at the border
of a tile. However, the original array borders need to be avoided
since they lack neighboring elements, which means that the tiles
adjacent to the original array borders (henceforth called edge tiles)
need special handling.

In the dataflow language there is no way to access elements
of neighboring tiles, because a tile is seen as self-contained data
rather than a pointer to a location in a bigger array. To cater for
this limitation all neighboring tiles need to overlap by an amount
related to the stencil size. With this approach to tiling, elements
that are close to a border belong to more than one tile and the
stencil never needs to be applied on the border of any tile. All tile
borders are avoided, whether they were original array borders or
not, so there is no longer a need for special handling of the edge
tiles.

The introduction of overlap in tiling leads to differences in the
naturally supported array sizes. As an example, in a program pro-
duced by the hardcoded auto-tuner, an array of width �� might
be split into � tiles of width ��. When iterating through such a
tile with a stencil of width �, an extra column of elements will
be accessed on each side so that �� columns of data will be used,
except in the edge tiles, where only �� columns of data will be
used. The closest possible corresponding example in the dataflow
solution consists of � overlapping tiles of with ��, with an overlap
of �. However, this adds up to a total array width of ��, not ��. In
general, the array sizes supported for tiling into equally sized tiles
by the dataflow auto-tuner are larger than those supported by the
hardcoded auto-tuner by the size of the stencil minus one. The real
underlying difference is in the handling of the edge tiles, which are
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special-cased in programs from the hardcoded auto-tuner but not
so in the dataflow programs.

The hardcoded auto-tuner could have been implemented with a
tiling approach similar to the one used by the dataflow auto-tuner
to avoid these differences. However, changing the hardcoded auto-
tuner to suit the dataflow auto-tuner is against the spirit of this
work.

� .� other optimizations

� .� .� Parallelization

To support parallelization of array operations, a Parallel Tile oper-
ation is created. It functions like the regular Tile operation, but the
array tiles are processed in parallel, i. e., the inner flow executions
are concurrent. This is implemented by attaching an OpenMP
pragma to the loop that iterates over tiles. Instantiation of a Paral-
lel Tile operation requires three parameters: �. the array dimension
to tile, �. the number of tiles, i. e., the number of threads to launch,
and �. the amount of overlap between tiles.

� .� .� NUMA-aware memory allocation

NUMA-aware memory allocation can be achieved by parallelizing
the initialization of an array in the same way that the main com-
putation is parallelized.

� .� .� Array padding

An array, or its data type annotation in the case of fixed-shape
arrays, contains memory stride lengths for advancing an element
in each dimension. Array padding is implemented by manipulating
these stride lengths, as well as the initial offset and the total array
length.

� .� .� Cache bypass

Cache bypass for storing data is represented as a flag on the port
that provides the data. If the flag is set, assignments to the output
data are replaced with a call to a compiler intrinsic function that
may result in a store instruction that bypasses the cache.

� .� locating optimization opportunities

An algorithm for automatically finding safe optimization oppor-
tunities was removed from the scope of the project. Instead, the
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auto-tuner must be told where to try to apply the various transfor-
mations. This is done by supplying references to the parts of the
dataflow graph that should be wrapped in tiling and/or paralleliza-
tion flows, the output ports that may have cache bypass enabled,
and the data type annotations that array padding may be applied
to.

� .� time measurement

To allow tuning of a certain part of the program, dataflow oper-
ations that measure run time are defined. The auto-tuner can be
told what part of the input program to wrap with these time mea-
surement operations. The operation Start Timer outputs the cur-
rent value of the system clock, and the operation Read Timer takes
a clock value as input and outputs the time interval difference be-
tween the input value and the current clock value. The operation
Auto-Tune takes a numerical value as input and sends it to the
auto-tuner as the score (i. e.run time or any other measurement
that should be minimized) of the program.

� .� auto-tuning stencil computations

The stencil computation program used to evaluate the dataflow
auto-tuner is based on the dataflow graph shown in Figure ��. The
tiling, parallelization and cache bypass transformations described
above can easily be applied to that dataflow graph. Array padding
and NUMA-aware memory allocation, however, cannot be applied
to the program as shown; this is because they both apply to opera-
tions that allocate and initialize an array, and the shown dataflow
graph contained no such operations since it was assumed that an
already initialized input array would be provided. Thus, in order
to apply all the optimizations, the allocation and initialization of
the input array needs to be part of the program.

The complete stencil computation dataflow program including
initialization (and implicitly allocation) of the input array is shown
in Figure ��. Note that type annotations are not visible in the
graph visualization, but all the arrays in this example have fixed
sizes. An Index Iterator operation is used to iterate over the coordi-
nates of the array to be created. Each array element is initialized
to a value based on the coordinates of its position in the array.
The actual array creation is performed by the Assemble Elements
accumulator that was described in section �.�.

To auto-tune the program, it was first annotated to specify the
optimizations that may be applied, as indicated by the annotation
labels in Figure ��. Via these annotations, the auto-tuner is in-
formed that a) the subgraph consisting of the Apply Stencil opera-
tion and its inner flow can be wrapped in a tiling flow; b) the same
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Figure ��: Stencil computation dataflow program including input array
initialization. This program was used as input to the auto-
tuner. Tags are attached to the dataflow graph to show how
the auto-tuner was told about optimization opportunities.
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Figure ��: Tuned stencil computation program. This shows the same
program as in Figure �� after transformations have been ap-
plied by the auto-tuner. Repeated run time measurement op-
erations used by the auto-tuner are also visible, but would
normally be removed after tuning.
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subgraph can be wrapped in a parallel tiling flow as well, while
applying the same transformation to the subgraph consisting of
the Index Iterator operation and its inner flow; c) the data type
annotations of the input and output array may be manipulated to
add padding; d) the output port of the Assemble Elements oper-
ation may have the cache bypass flag enabled; and finally e) the
run time of the stencil computation part of the program should be
measured and minimized when auto-tuning.

The auto-tuner then performs the following steps: �. traverse
the allowed parameter space, picking combinations of parameter
values to evaluate; �. for each configuration, apply transformations
according to the parameters to generate a modified dataflow graph;
�. generate C code from the modified dataflow graph; �. compile
and run the generated C code and measure its run time.

� .� results

The dataflow auto-tuner was evaluated by applying it to the sten-
cil computation program shown in Figure �� using an array size of
210 + 2 rows by 219 + 2 columns. While this is slightly larger than
the array used in the hardcoded auto-tuner, it is the closest possi-
ble array size that is supported by the tiling approach used in the
dataflow auto-tuner, as explained in section �.�. The experiment
was performed on the same two machines that were used to evalu-
ate the hardcoded auto-tuner in section �.�, and with an equivalent
selection of allowed values for the transformation parameters.

The auto-tuner successfully applied the supported optimization
transformations with all permitted parameter combinations, and
evaluated the resulting candidate programs. The best candidate
program found for the Opteron machine is displayed in Figure ��,
showing the outcome of all the transformations that were applied
by the auto-tuner. The C code generated from the unoptimized
program in Figure �� as well as the fully optimized program in
Figure �� is contained in Appendix A.

The performance improvements attained on each machine is pre-
sented in Figure ��, which shows results with a similar pattern to
those obtained with the hardcoded auto-tuner in section �.�, as ex-
pected. The speedup values are not identical to those of the hard-
coded auto-tuner, however, with discernible differences between the
two solutions on the AMD Santa Rosa architecture in particular.
Likely contributing factors are the aforementioned difference in
array size and tiling approach compared to the hardcoded auto-
tuner.
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Figure ��: Performance improvements achieved by dataflow auto-tuner
compared to untuned dataflow program. The stacked bars sep-
arate the contribution to speedup from parallelization, tiling,
array padding and cache bypass optimizations.



5
CONCLUS IONS

In this study I showed that auto-tuning is useful but currently
difficult to utilize, and that the process can be simplified by ex-
pressing programs and optimizations using a high level dataflow
representation.

At first I confirmed the usefulness of auto-tuning by demonstrat-
ing its use in applying architecture-dependent program optimiza-
tions to stencil computations. At the same time, I demonstrated
that auto-tuning a program by building a program-specific code
generator is a formidable task. This made it clear that there is a
need for a general purpose auto-tuning framework.

I then created a high level dataflow model that allows straight-
forward representation of stencil computations. The language pro-
vides a simple and flexible iteration construct based on a hierarchy
of flows, which proved useful by allowing composition of tiling and
parallelization transformations and thus simple application of rel-
evant optimizations.

By implementing an auto-tuner that manipulates dataflow pro-
grams, I also showed that using such a representation does simplify
auto-tuning by removing the need for writing a program-specific
code generator. The dataflow auto-tuning solution applied the
same optimizations as the hardcoded auto-tuning solution, and
provided similar performance improvements on multiple computer
architectures, with less implementation work.

The presented dataflow auto-tuner did not fully eliminate man-
ual work, as it requires information about optimization opportuni-
ties to be provided as input. This limitation prevents the solution
from being generally useful at this point. The chosen iteration con-
struct, while simple and flexible and allowing composition of opti-
mizations, did not make it particularly easy to analyze programs
in order to identify and validate optimization opportunities.

� .� future work

To further reduce the effort required to auto-tune a program and
allow scaling up to larger programs, an algorithm is needed for iden-
tifying where transformations can be applied, and verifying that
transformations do not change the meaning of the program. Doing
the latter would require, among other things, an analysis method
to determine whether or not a dataflow operation that works on
arrays is data parallel. It should be investigated if the iteration
construct of the presented dataflow language allows such analysis.

��



�.� discussion ��

It may be valuable to explore alternative iteration models, or using
an existing data flow language with a strict iteration model.

The presented dataflow language needs to be developed further
in order to be generally useful. Among other things, it needs sup-
port for automatic deallocation of allocated memory. Support for
dynamically sized data should be improved, and the possibility of
supporting generators that produce elements of different but stat-
ically known sizes in different iterations (as needed for supporting
arbitrary array and tile sizes) could be explored.

The brute force search algorithm used by the auto-tuning solu-
tion could be replaced by a more sophisticated search algorithm
to reduce auto-tuning time.

� .� discussion

In trying to make the language simple but powerful I made it so
that iteration, rather than being a strictly defined part of the lan-
guage, was a basic operation that could be implemented by the
program developer. This allowed optimizations such as paralleliza-
tion, array tiling and array padding to be expressed as operations,
avoiding the need for extra language constructs and keeping the
language small and elegant. It also made it easy to apply the op-
timizations as transformations to an existing program, which is
an important aspect when creating a general purpose auto-tuner.
However, another important aspect is being able to automatically
identify and validate optimization opportunities by determining
where the various transformations can be safely applied. The lan-
guage cannot be said to be the right representation for the problem
until this second aspect has also been solved, and the chosen iter-
ation construct may have made it more difficult to do so.

While the idea of completely controlling iteration inside gener-
ator operations made the optimization transformations simple to
represent and added much flexibility to the language, it also made
use of iteration somewhat opaque, thereby making it difficult to
determine where the transformations can be safely applied. The
program would need to be annotated with this information, and
this puts the responsibility on the program developer.

In retrospect, it would have been better to start with one of the
existing, stricter data flow languages, where iteration is completely
explicit in the data flow graph. There it would be possible to rea-
son about how a transformation such as tiling would affect the
following operations.

The reasons for not using existing data flow languages was that
they were considered limited and difficult to work with. However,
the limitations stem from the strictness of those languages, and the
strictness would likely have been helpful in achieving the immedi-
ate goal of this work. Implementing auto-tuning in a strict and
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well-understood language with a working, efficient implementation
would have been easier than simultaneously trying to develop a
new and more flexible language, and might have been immediately
useable and thus valuable within the problem domain served by the
existing language. Language development to improve auto-tuning
support further or to increase iteration flexibility could then have
proceeded in a separate project.

I was trying to avoid influence from existing data flow languages
because of the idea that I should find the minimal information
needed in a language to support auto-tuning, and that starting
with an existing language would bring existing irrelevant baggage.
The goal was not to create a real-world useable data flow language,
and basing the work on one of those was therefore considered a
distraction, while starting from scratch could allow me to focus on
what is needed for auto-tuning.

However, I think that in reality the opposite is true. Starting
from scratch without being an export in existing data flow lan-
guages meant that I had to spend most of the time designing the
language, trying out different constructs, trying to make it simple
yet general. The number of open questions when designing a lan-
guage from scratch without relevant experience is enormous, and
without clear requirements on the language (or actual real world
users) it is difficult to know when it is good enough, or if the basic
ideas are even going in the right direction. I therefore kept com-
ing back to the basic design, without a fixed ground to stand on,
taking up time that could have been better spent focusing on the
problem of finding and validating optimization opportunities.
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A
GENERATED CODE

a.� hardcoded auto-tuner

a.� .� Before auto-tuning

The following code was produced by the hardcoded auto-tuner with
no transformations enabled. It performs a four-point stencil compu-
tation on a 210 row by 219 column array of ��-bit integers, writing
to an equally sized output array.

C code generatoed by the hardcoded auto-tuner before adding any opti-
mizations.
// Allocation
int *const restrict input = alloc_array(4096, 536870912 * sizeof(

int));
int *const restrict output = alloc_array(4096, 536870912 * sizeof(

int));

// Initialization
const int y1_start = 0;
const int y1_stop = 1024;
const int x1_start = 0;
const int x1_stop = 524288;
for (int y = y1_start; y < y1_stop; y += 1)

for (int x = x1_start; x < x1_stop; x += 1) {
input[1 * x + 524288 * y] = x ^ y;
output[1 * x + 524288 * y] = 0;

}

// Repeat experiment
double min_real_time = INFINITY;
for (int i = 0; i < 9; i++) {

// Check start time
real_time_t real_time_start, real_time_end;
get_real_time(real_time_start);

// Stencil computation
const int y1_start = 1;
const int y1_stop = 1023;
const int x1_start = 1;
const int x1_stop = 524287;

const int base = 1 * x1_start + 524288 * y1_start;
int * o0 = &output[base + 0];
const int * i0 = &input[base - 1];
const int * i1 = &input[base - 524288];
const int * i2 = &input[base + 524288];
const int * i3 = &input[base + 1];
const int dx = 1;

��
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const int dy = 524288 - (x1_stop - x1_start);

for (int y = y1_start; y < y1_stop; y += 1) {
for (int x = x1_start; x < x1_stop; x += 1) {

*o0 = *i0 ^ *i1 ^ *i2 ^ *i3;
o0 += dx; i0 += dx; i1 += dx; i2 += dx; i3 += dx;

}
o0 += dy; i0 += dy; i1 += dy; i2 += dy; i3 += dy;

}

// Check end time , calculate run time
get_real_time(real_time_end);
double real_time = real_time_diff_to_seconds(real_time_end,

real_time_start);
min_real_time = real_time < min_real_time ? real_time :

min_real_time;
}

// Output
printf("Real time: %f\n", min_real_time);

a.� .� After auto-tuning

The following code was produced by the hardcoded auto-tuner
when tuning for the AMD Santa Rosa machine. It performs the
same stencil computation as the previous example, but with trans-
formations applied to enable parallelization on � threads, tiling
into 26 row by 211 column blocks, array padding by � columns,
and cache bypass using streaming store instructions.

C code generatoed by the hardcoded auto-tuner after tuning for the
Opteron machine.
// Allocation
int *const restrict input = alloc_array(4096, 536878080 * sizeof(

int));
int *const restrict output = alloc_array(4096, 536878080 * sizeof(

int));

// Initialization
const int y2_start = 0;
const int y2_stop = 1024;
const int x2_start = 0;
const int x2_stop = 524288;
uint8_t cpus[4] = {0, 1, 2, 3};
#pragma omp parallel num_threads(4) default(shared)
{

const int thread_num_y = omp_get_thread_num();
pin_current_thread_to_cpu(cpus[thread_num_y]);
#pragma omp for schedule(static)
for (int y1_start = y2_start; y1_start < y2_stop; y1_start +=

64) {
const int y1_stop = y1_start + 64 < y2_stop ? y1_start + 64

: y2_stop;
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for (int x1_start = x2_start; x1_start < x2_stop; x1_start
+= 2048) {
const int x1_stop = x1_start + 2048 < x2_stop ?

x1_start + 2048 : x2_stop;
for (int y = y1_start; y < y1_stop; y += 1)

for (int x = x1_start; x < x1_stop; x += 1) {
_mm_stream_si32(&(input[1 * x + 524295 * y]), x

^ y);
_mm_stream_si32(&(output[1 * x + 524295 * y]),

0);
}

}
}

}

// Repeat experiment
double min_real_time = INFINITY;
for (int i = 0; i < 9; i++) {

// Check start time
real_time_t real_time_start, real_time_end;
get_real_time(real_time_start);

// Stencil computation
const int y2_start = 1;
const int y2_stop = 1023;
const int x2_start = 1;
const int x2_stop = 524287;

uint8_t cpus[4] = {0, 1, 2, 3};
#pragma omp parallel num_threads(4) default(shared)
{

const int thread_num_y = omp_get_thread_num();
pin_current_thread_to_cpu(cpus[thread_num_y]);
#pragma omp for schedule(static)
for (int y1_start = y2_start; y1_start < y2_stop; y1_start

+= 64) {
const int y1_stop = y1_start + 64 < y2_stop ? y1_start

+ 64 : y2_stop;
for (int x1_start = x2_start; x1_start < x2_stop;

x1_start += 2048) {
const int x1_stop = x1_start + 2048 < x2_stop ?

x1_start + 2048 : x2_stop;

const int base = 1 * x1_start + 524295 * y1_start;
int * o0 = &output[base + 0];
const int * i0 = &input[base - 1];
const int * i1 = &input[base - 524295];
const int * i2 = &input[base + 524295];
const int * i3 = &input[base + 1];
const int dx = 1;
const int dy = 524295 - (x1_stop - x1_start);

for (int y = y1_start; y < y1_stop; y += 1) {
for (int x = x1_start; x < x1_stop; x += 1) {

_mm_stream_si32(o0, *i0 ^ *i1 ^ *i2 ^ *i3);
o0 += dx; i0 += dx; i1 += dx; i2 += dx; i3

+= dx;
}
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o0 += dy; i0 += dy; i1 += dy; i2 += dy; i3 +=
dy;

}
}

}
}

// Check end time , calculate run time
get_real_time(real_time_end);
double real_time = real_time_diff_to_seconds(real_time_end,

real_time_start);
min_real_time = real_time < min_real_time ? real_time :

min_real_time;
}

// Output
printf("Real time: %f\n", min_real_time);

a.� dataflow auto-tuner

a.� .� Before auto-tuning

The following code was generated from the dataflow stencil com-
putation program with no tuning enabled. It performs a four-point
stencil computation on a 210+ 2 row by 219+ 2 column array of
��-bit integers, writing to an equally sized output array.

C code generatoed for the stencil computation dataflow program in Fig-
ure �� before auto-tuning.
// Storage preparation for Constant output , Index Iterator input
int value_1;

// Constant (operation)
value_1 = 0;

// Storage preparation for Assemble Elements output , Apply Stencil
input

int * assemblage_1 = calloc(524290 * 1026, sizeof(int));

// Index Iterator (generator)
for (int array_idx_1 = 0; array_idx_1 < 1026; array_idx_1 += 1)

for (int array_idx_2 = 0; array_idx_2 < 524290; array_idx_2 +=
1) {
int y_1 = value_1 + array_idx_2;
int x_1 = value_1 + array_idx_1;

// Assemble Elements (accumulator , input storage
preparation)

int result_1;

// XOR (operation)
result_1 = x_1 ^ y_1;

// Assemble Elements (accumulator , main step)
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assemblage_1[0 + 524290 * array_idx_1 + 1 * array_idx_2] =
result_1;

}

// Storage preparation for Assemble Elements output
int * assemblage_2 = calloc(524290 * 1026, sizeof(int));

// Apply Stencil (generator)
for (int stencil_idx_1 = 0; stencil_idx_1 < 1024; stencil_idx_1 +=

1)
for (int stencil_idx_2 = 0; stencil_idx_2 < 524288;

stencil_idx_2 += 1) {
int bottom_1 = assemblage_1[0 + 524290 * (stencil_idx_1 +

2) + 1 * (stencil_idx_2 + 1)];
int right_1 = assemblage_1[0 + 524290 * (stencil_idx_1 + 1)

+ 1 * (stencil_idx_2 + 2)];
int top_1 = assemblage_1[0 + 524290 * stencil_idx_1 + 1 * (

stencil_idx_2 + 1)];
int left_1 = assemblage_1[0 + 524290 * (stencil_idx_1 + 1)

+ 1 * stencil_idx_2];

// Assemble Elements (accumulator , input storage
preparation)

int result_2;

// Kernel (operation)
result_2 = top_1 ^ left_1 ^ right_1 ^ bottom_1;

// Assemble Elements (accumulator , main step)
assemblage_2[524290 + 1 + 524290 * stencil_idx_1 + 1 *

stencil_idx_2] = result_2;
}

a.� .� After auto-tuning

The following code was generated from the dataflow stencil com-
putation program after tuning by the dataflow auto-tuner for the
Intel Nehalem architecture. It performs the same stencil computa-
tion as the previous example, but with transformations applied to
enable parallelization over � threads, tiling into 27 row by 214 col-
umn blocks, array padding by � columns, and cache bypass using
streaming store instructions.

C code generatoed for the stencil computation dataflow program after
auto-tuning for Opteron. This corresponds to the dataflow graph in Fig-
ure ��.
// Storage preparation for Constant output , Index Iterator input
int value_1;

// Constant (operation)
value_1 = 0;

// Storage preparation for Join Tiles output , Repeat input
int * assemblage_1 = calloc(524297 * 1026, sizeof(int));
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// Parrallel Index Tile (generator)
#pragma omp parallel for num_threads(8) schedule(static) default(

shared)
for (int tile_offset_1 = 0; tile_offset_1 < 1024; tile_offset_1 +=

128) {
int y_1 = value_1;
int x_1 = value_1 + tile_offset_1;

// Join Tiles (accumulator , input storage preparation)
int * tile_1 = &assemblage_1[0 + 524297 * tile_offset_1 + 1 *

0];

// Index Iterator (generator)
for (int array_idx_1 = 0; array_idx_1 < 130; array_idx_1 += 1)

for (int array_idx_2 = 0; array_idx_2 < 524290; array_idx_2
+= 1) {

int y_2 = y_1 + array_idx_2;
int x_2 = x_1 + array_idx_1;

// Assemble Elements (accumulator , input storage
preparation)

int result_1;

// XOR (operation)
result_1 = x_2 ^ y_2;

// Assemble Elements (accumulator , main step)
tile_1[524297 * array_idx_1 + 1 * array_idx_2] =

result_1;
}

}

// Storage preparation for Last output
int * item_1 = calloc(524297 * 1026, sizeof(int));

// Storage preparation for Min output
double min_1;

// Min (accumulator , preparation step)
min_1 = INFINITY;

// Repeat (generator)
for (int i_1 = 0; i_1 < 9; i_1 += 1) {

int * item_2 = assemblage_1;

// Storage prepearation for Start Timer output
real_time_t timer_1;

// Start Timer (operation)
get_real_time(timer_1);

// Last (accumulator , input storage preparation)
int * item_3 = item_1;

// Parallel Tile (generator)
#pragma omp parallel for num_threads(8) schedule(static)

default(shared)
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for (int tile_offset_2 = 0; tile_offset_2 < 1024; tile_offset_2
+= 128) {

int * tile_2 = &item_2[0 + 524297 * tile_offset_2 + 1 * 0];

// Join Tiles (accumulator , input storage preparation)
int * tile_3 = &item_3[524297 + 1 + 524297 * tile_offset_2

+ 1 * 0];

// Tile (generator)
for (int tile_offset_3 = 0; tile_offset_3 < 128;

tile_offset_3 += 128) {
int * tile_4 = &tile_2[524297 * tile_offset_3 + 1 * 0];

// Join Tiles (accumulator , input storage preparation)
int * tile_5 = &tile_3[524297 * tile_offset_3 + 1 * 0];

// Tile (generator)
for (int tile_offset_4 = 0; tile_offset_4 < 524288;

tile_offset_4 += 16384) {
int * tile_6 = &tile_4[524297 * 0 + 1 *

tile_offset_4];

// Join Tiles (accumulator , input storage
preparation)

int * tile_7 = &tile_5[524297 * 0 + 1 *
tile_offset_4];

// Apply Stencil (generator)
for (int stencil_idx_1 = 0; stencil_idx_1 < 128;

stencil_idx_1 += 1)
for (int stencil_idx_2 = 0; stencil_idx_2 <

16384; stencil_idx_2 += 1) {
int bottom_1 = tile_6[524297 * (

stencil_idx_1 + 2) + 1 * (stencil_idx_2
+ 1)];

int right_1 = tile_6[524297 * (
stencil_idx_1 + 1) + 1 * (stencil_idx_2
+ 2)];

int top_1 = tile_6[524297 * stencil_idx_1 +
1 * (stencil_idx_2 + 1)];

int left_1 = tile_6[524297 * (stencil_idx_1
+ 1) + 1 * stencil_idx_2];

// Assemble Elements (accumulator , input
storage preparation)

int result_2;

// Kernel (operation)
result_2 = top_1 ^ left_1 ^ right_1 ^

bottom_1;

// Assemble Elements (accumulator , main
step)

_mm_stream_si32(&tile_7[524297 *
stencil_idx_1 + 1 * stencil_idx_2],
result_2);

}
}
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}
}

// Min (accumulator , input storage preparation)
double time_1;

// Read Timer (operation)
real_time_t timer_3;
get_real_time(timer_3);
time_1 = real_time_diff_to_seconds(timer_3, timer_1);

// Last (accumulator , main step)
item_1 = item_3;

// Min (accumulator , main step)
if (time_1 < min_1)

min_1 = time_1;
}

// Auto−Tune (operation)
printf("Real time: %f\n", min_1);
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