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ABSTRACT
Many recent multicore multiprocessors are based on a non-
uniform memory architecture (NUMA). A mismatch between
the data access patterns of programs and the mapping of
data to memory incurs a high overhead, as remote accesses
have higher latency and lower throughput than local ac-
cesses. This paper reports on a limit study that shows
that many scientific loop-parallel programs include multiple,
mutually incompatible data access patterns, therefore these
programs encounter a high fraction of costly remote mem-
ory accesses. Matching the data distribution of a program
to the individual data access patterns is possible, however it
is difficult to find a data distribution that matches all access
patterns.

Directives as included in, e.g., OpenMP provide a way to
distribute the computation, but the induced data partition-
ing does not take into account the placement of data into
the processors’ memory. To alleviate this problem we de-
scribe a small set of language-level primitives for memory
allocation and loop scheduling. Using the primitives to-
gether with simple program-level transformations eliminates
mutually incompatible access patterns from OpenMP-style
parallel programs. This result represents an improvement of
up to 3.3X over the default setup, and the programs obtain
a speedup of up to 33.6X over single-core execution (19X on
average) on a 4-processor 32-core machine.

Categories and Subject Descriptors
C.4 [Performance of Systems]: Performance attributes,
Measurement techniques; D.1.3 [Concurrent Program-
ming]: Parallel programming

General Terms
Measurement, Performance, Languages

Keywords
NUMA, scheduling, data placement

1. INTRODUCTION
Multicore multiprocessors are an attractive and popular plat-
form that are used as stand-alone systems or as building
blocks in supercomputers. These systems usually have a
non-uniform memory access (NUMA) architecture to allow
scaling. Figure 1 shows an example 2-processor system.
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Figure 1: Example NUMA-multicore machine.

In a NUMA multiprocessor system, each processor enjoys a
direction connection to some of the memory modules that to-
gether make up the system’s memory. Accessing these locally
connected modules has high throughput and low latency.
However, as NUMA systems still offer the shared memory
programming paradigm, each processor must be able to ac-
cess the memory modules of other processors as well. The
processors of a NUMA system are therefore connected with
a cross-chip interconnect, and cross-chip (or shortly remote)
memory accesses experience the additional overhead of be-
ing transferred through this interconnect. Reducing the
number of remote memory accesses is critical for the perfor-
mance of NUMA systems.

In this paper we focus on the performance of loop-based
parallel code within a shared-memory multiprocessor with
NUMA characteristics. In the first part of the paper we an-
alyze the memory behavior of multi-threaded scientific com-
putations of the NAS Parallel Benchmark (NPB) suite [6].
Experiments show that in many of these computations the
threads access a large number of memory locations, and we
characterize the applications with regard to their access pat-
terns. A consequence of these access patterns is that it is
difficult to obtain good data locality on NUMA systems, and
thus it is difficult to get good performance. The experiments
show furthermore that OS data migration and locality-aware
iteration scheduling can in some cases soften the problems
caused by global accesses, however in many cases the over-
head of using these mechanisms cancels the benefits of good



data locality (or worse).

The mismatch between the data layout in the processor’s
memory and the accesses to these data as performed by
the processors’ cores is immediately felt by users of popu-
lar parallelization directives like OpenMP. These directives
allow partitioning of computations but do not allow a pro-
grammer to control neither the mapping of computations to
cores, nor the placement of data in memory. We present a
small set of user-level directives that, combined with simple
program transformations, can almost completely eliminate
remote memory accesses for the NPB suite and thus result
in a performance improvement of up to 3.3X over the default
setup in a 4-processor 32-core machine.

2. MOTIVATION
2.1 Experimental setup
This section presents an analysis of the memory behavior of
data-parallel programs of the NPB suite [6]. Table 1 shows
a short characterization of the NPB programs.

The programs are executed on a 2-processor quad-core NUMA
machine based on the Intel Nehalem microarchitecture (Fig-
ure 1) with 6 GB DRAM/processor. The total theoretical
throughput of both local memory interfaces of the system is
51.2 GB/s, and the cross-chip interconnect has a total the-
oretical throughput of 23.44 GB/s. Local memory accesses
have a lower memory access latency than remote memory
accesses (50 ns vs. 90 ns). The experiment platform runs
Linux 2.6.30. patched with perfmon2 for performance mon-
itoring [5].

Benchmark Class Working set size Run time
bt B 1299 MB 125 s
cg B 500 MB 26 s
ep C 72 KB 85 s
ft B 1766 MB 19 s
is B 468 MB 10 s
lu C 750 MB 368 s
mg C 3503 MB 33 s
sp B 423 MB 82 s

Table 1: Benchmark programs.

All benchmark programs are configured to execute with 8
worker threads (the total number of cores in the system)
for all experiments described in this paper (if not explicitly
stated otherwise). Similarly, for all experiments the thread-
to-core mapping of the worker threads is fixed to identity
affinity. Identity affinity maps each worker thread to the
core with the same number as the thread’s number (e.g.,
Thread T0 is mapped to Core 0). As threads are mapped
to cores with identity affinity, the terms core and thread are
used interchangeably in this paper. Fixing the thread-to-
core affinity disables OS reschedules and thus measurement
readings are more stable. Additionally, as the programs of
the NPB suite are data-parallel, using thread-to-core affini-
ties other than identity affinity does not result in any in-
crease or decrease of performance (as noted previously by
Zhang et al. [19]). In NUMA systems memory allocation
happens on a per-processor basis, therefore we refer to pro-
cessors when we describe the distribution of data in the
system: Processor 0 contains the memory local for threads

T0–T3, and Processor 1 contains memory local for threads
T4–T7.

Figure 2 shows a breakdown of the total measured mem-
ory bandwidth into local and remote memory bandwidth
for all benchmark programs of the NPB suite. For these
measurements the first-touch page placement policy was in
effect. This policy places every page at the processor that
first reads from/writes to this page after page allocation.
We refer to the combination of first-touch policy and iden-
tity affinity as default setup. As shown in Figure 2, the total
memory bandwidth generated by ep is negligible. As a re-
sult, the performance of this program does not depend on
the memory system, and the program is excluded from fur-
ther investigation. The is and mg programs are excluded
as well because both programs exhibit a low percentage of
remote memory accesses with the default setup (on average
3% and 2% of the total bandwidth, respectively). Nonethe-
less, the other benchmarks generate a significant amount of
bandwidth (up to 23 GB/s) and also show a significant con-
tribution of remote memory accesses (11%–48% of the total
bandwidth). These high percentages suggest that there is
a need for approaches that reduce the number of remote
memory accesses.
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Figure 2: Memory bandwidth generated by the NPB suite.

2.2 Profiling
To explore the memory performance issues in a limit study,
we profile the execution of the NPB programs using the
latency-above-threshold profiling mechanism of the Intel Ne-
halem microarchitecture. This hardware-based mechanism
samples memory instructions with access latencies higher
than a predefined threshold and provides detailed informa-
tion about the data address used by each sampled instruc-
tion. Based on the sampled data addresses it is straight-
forward to determine the number of times each page of the
program’s address space is accessed by each core of the sys-
tem. To account for accesses to all levels of the memory
hierarchy we set the latency threshold to 3 cycles (accesses
to the first level cache on the Nehalem-based system have
a minimum latency of 4 cycles). The profiling technique
is portable to many different microarchitectures, because
most recent Intel microarchitectures support latency-above-
threshold profiling. Additionally, AMD’s processors support
Instruction-Based Sampling [2], a profiling mechanism very
similar to that of Intel’s.

As memory access profiling on the Intel Nehalem is sampling-
based, not all pages of the program’s address space appear



in the profiles. Figure 3(a) shows for each program the per-
centage of the virtual address space covered by samples. A
page of the address space is covered if there is at least one
sample in the profiles to an address that belongs to the page
in question. Samples cover a large portion of the address
space (up to 90%). The coverage is low in the case of cg

because around 50% of the program’s address space is oc-
cupied by data structures that store temporary data. As
these structures are used only in the initialization phase of
the program, very few samples are gathered for pages that
store these structures.

A program’s address space can be divided into three cate-
gories. The first category contains private pages that be-
long to each thread’s stack. As the stack is private for
each thread, the first-touch policy (remember that we profile
program execution with the default setup) can allocate the
pages for thread-private stacks on each thread’s processor.
The first category also contains pages that are reserved for
dynamically linked shared objects and the program’s image
in memory. These latter regions are small and are shared by
all threads. As not much can be done for the first category
of pages as far as data placement is concerned, these pages
are excluded from further analysis and optimizations.
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(a) Sampled and covered address space.
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(b) Performance improvement; remaining remote accesses.

Figure 3: Hardware-based profiling.

Most data accessed by the computations is allocated on the
heap, which holds the second and third category of pages.
Some heap pages are exclusively accessed by a single thread,
thus these pages are non-shared. Other heap regions, how-
ever, are accessed by multiple threads, and are thus shared.
Figure 3(a) shows the percentages of the address space that

belong to the three categories previously described. The
NPB programs we consider exhibit various degrees of shar-
ing, ranging from almost no sharing (e.g., cg) to intense
sharing when up to 51% of the program address space is
accessed by multiple threads (e.g., lu).

2.3 Frequency-based page placement
Profiles provide a great deal of information about the access
patterns of a program, but the usefulness of profiles for opti-
mizing data locality remains to be determined. To optimize
data locality we adapt the profile-based page-placement ap-
proach described by Marathe et al. [10], and we use a simple
heuristic to determine for each page the processor it should
be allocated at: On a profile-based run of a benchmark we
allocate each page on the processor whose cores accessed
the page the most frequently. Figure 3(b) shows the per-
formance improvement over the default setup when profile-
based memory allocation is used. The performance measure-
ments include the overhead of reading the profiles and plac-
ing data into memory. Profile-based allocation performs well
for only the cg benchmark, which improves 20%. However,
the remaining benchmarks show minor or no performance
improvement over the default setup.

The same figure (Figure 3(b)) shows also the percentage of
the programs’ default remote memory accesses remaining af-
ter profile-based allocation. The performance improvement
correlates well with the reduction of the remote memory
traffic measured with the default setup. For cg (the pro-
gram with the largest performance improvement) a small
percentage of the default remote memory accesses remains
after profile-based allocation. For programs with little or no
performance improvement (e.g., lu) remote memory traffic
is the same as with the default setup, because profile-based
memory allocation was not able to determine a distribution
of pages in memory that reduces or removes remote memory
traffic (that was originally observed with the default setup).

The information about the number of shared pages (Fig-
ure 3(a)) provides additional insights into the performance
improvement due to profile-based allocation (Figure 3(b)):
the cg benchmark, which has a small number of shared
pages improves with profile-based memory allocation, but
the other benchmarks, which have a high number of shared
pages, do not. Benchmarks with high degree of sharing
have the same number of remote memory accesses both with
profile-based memory allocation and the default setup (Fig-
ure 3(b)). These measurements show that profile-based al-
location cannot correctly allocate exactly those pages that
are shared between multiple processors. In this paper we
describe various techniques to improve the performance of
programs with a high degree of data sharing.

3. UNIFORM DATA SHARING
NUMA systems introduce another aspect into the problem
of managing a program’s data space. The program’s compu-
tation determines the memory locations that are accessed;
directives (e.g., OpenMP) or compilers and the runtime sys-
tem determine how computations are partitioned respec-
tively mapped onto cores. A simple characterization of mem-
ory access patterns provides a handle to understand the
memory behavior of programs. We start with the memory
allocation and data access patterns that frequently appear



in scientific computations (and thus in the NPB programs).
Then we analyze the ability of different mechanisms (in-
program data migration and loop iteration distribution) to
improve data locality.

3.1 Access and distribution patterns
Many scientific computations process multidimensional ma-
trices. Figure 4 shows a three-dimensional matrix stored in
memory (in row-major order, addresses increase from left
to right and from top to bottom, respectively). The ma-
trix contains NX = 5 rows (the size of the matrix along the
x-dimension, shown vertically in the figure). Each row con-
tains NY = 4 columns (the size of the matrix along the y-
dimension, shown horizontally). As the matrix has a third,
z-dimension, the matrix contains a block of NZ items for
each (x,y) element. The memory layout of matrices with
dimensionality higher than three is analogous to the three-
dimensional case, therefore we do not discuss such matrices
in detail. Moreover, to keep the following discussion sim-
ple, we focus on two-dimensional matrices. Nonetheless, the
principles we describe in this section apply to matrices with
any dimensionality.
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Figure 4: Memory layout of 3D matrix (row-major order).

When we study processor memories that are accessed by
threads of scientific computations, we encounter two fre-
quent data access- and data distribution patterns for two-
dimensional matrices. We call these the x-wise and y-wise
pattern, respectively.

x-wise pattern. Figure 5(a) shows a simple loop that ac-
cesses all elements of a two-dimensional matrix. In this ex-
ample the outermost loop (the loop that iterates along the
x dimension of the matrix) is parallelized with a standard
OpenMP parallel for construct. The loop iterations are
distributed across all worker threads (here: eight threads).
Each thread gets a chunk of size D = NX / 8 of the total
iteration space (assuming that NX is an integer multiple of
8). Figure 5(c) shows the assignment of iterations to worker
threads for the code shown in Figure 5(a). Each thread T0
to T7 accesses D non-overlapping rows of the matrix. Fig-
ure 5(c) shows the distribution of the matrix’s memory in
the system for an x-wise data access pattern. As we map
threads to cores with identity affinity, the first-touch policy
allocates the first 4 × D rows at Processor 0 and the second
4 × D rows at Processor 1. We call this distribution of the
matrix in memory an x-wise data distribution.

y-wise pattern. If the second for loop (the one that sweeps
the y-dimension) is parallelized (as shown in Figure 5(b)),
the result is a different, y-wise, data access and distribution

pattern. Figure 5(d) shows both the allocation of the iter-
ation space to worker threads and the distribution of the
matrix memory to processors (based on a first-touch allo-
cation). With the y-wise access pattern, the first 4 × D

columns are allocated at Processor 0, and the second 4 × D

columns are allocated at Processor 1.

Some programs that operate on data with a dimensional-
ity higher than two have higher order access patterns. E.g.,
some programs of the NPB suite have a z-wise pattern. The
iteration and data distribution in this case is analogous to
the x-wise and y-wise patterns, respectively. The only dif-
ference is that the blocks of data are distributed among the
threads and processors of the system along the z-dimension.

Uniform data sharing. The problem of many data-parallel
programs is that in many cases programs access a single
memory region with multiple data access patterns. Let
us assume that a memory region is accessed in two stages
by eight worker threads (T0–T7). In the first stage (Fig-
ure 5(c)) the worker threads access the memory region with
an x-wise access pattern, followed by an y-wise access pat-
tern in the second stage (Figure 5(d)). Figure 5(e) shows the
iteration distribution (i.e., mapping of rows resp. columns to
threads for processing) for both stages: the iteration space
distribution of the two stages overlaps.

If we divide the memory region into four equal-sized mem-
ory sub-regions (quadrants), then in both stages the upper
left and lower right quadrants of the memory region are ac-
cessed exclusively by threads T0–T3 and threads T4–T7,
respectively. Therefore, these quadrants are non-shared and
allocating these quadrants at Processor 0 (Processor 1) guar-
antees good data locality for threads T0–T3 (T4–T7).

The upper right and lower left quadrants, however, are ac-
cessed by all threads, and we call these quadrants uniformly
shared. A memory region is considered to be uniformly
shared if it is accessed by multiple threads from more than
one processor (without concern about the number of ac-
cesses from each processor). For our example, uniformly
shared quadrants constitute 50% of the region presented in
this example. In this case the shared quadrants of the ma-
trix are accessed equally often by the threads of all proces-
sors of the NUMA system, therefore the profile-based opti-
mization technique described in Section 2 cannot determine
the processor memory that should store these quadrants. If
the processor of threads T0–T3 is preferred in allocation,
then threads T4–T7 must access these regions remotely (or
threads T0–T3 access their regions remotely if threads T4–
T7 are preferred). For many programs that perform scien-
tific computations uniform data sharing is a major perfor-
mance limiting factor, as we have seen in Section 1. In the
next section we describe in more depth a real-world example
of uniform data-sharing, the bt benchmark from NPB.

3.2 Example: bt
The bt benchmark is a 3D computational fluid dynamics ap-
plication [6] that iteratively solves partial differential equa-
tions using the alternating direction implicit method (im-
plemented by the adi() function in Figure 6). The adi()

function calls several other functions (also listed in Fig-



#pragma omp parallel for

for (i = 0; i < NX; i++)

   for (j = 0; j < NY; j++)

       // access m[i][j]

(a) x-wise data access pattern.

for (i = 0; i < NX; i++)

#pragma omp parallel for

   for (j = 0; j < NY; j++)

       // access m[i][j]

(b) y-wise data access pattern.
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Figure 5: Data access patterns and uniform data sharing.

ure 6). These functions operate mostly on the same data,
but they have different access patterns: The functions com-

pute_rhs(), y_solve(), z_solve(), and add() have an x-
wise access pattern, but the function x_solve() accesses
memory y-wise. Moreover, as the adi() function is also used
for data initialization in the first stage of bt, some of the re-
gions (the ones that are first touched in compute_rhs()) are
laid out x-wise in memory, and some of the regions (first
used in x_solve()) are laid out y-wise. As a result of this
mismatch in data access and memory allocation patterns a
high percentage of this program’s virtual address space is
uniformly shared (35%), and the program has a high per-
centage of remote memory accesses (19%).

 1: adi() {

 2:     compute_rhs(); // x-wise pattern

 3:     x_solve();     // y-wise pattern

 4:     y_solve();     // x-wise pattern

 5:     z_solve();     // x-wise pattern

 6:     add();         // x-wise pattern

 7: }

Figure 6: bt data access patterns.

In-program data distribution changes. The simplest ap-
proach to reduce the fraction of remote memory accesses of
programs with uniform data sharing is to change the distri-
bution of the program’s data on-the-fly so that it matches
each different access pattern that appears during program
execution. A similar approach has been described in a clus-
ter context for a program that calculates the fast Fourier
transform (FFT) of 3D data [1]. To evaluate the effec-
tiveness of this approach we insert into the code of the bt

program calls to functions that change the data distribu-
tion in the system (line 4 and 7 in Figure 7). These func-

tions are based on the migration primitives offered by the
OS (see Section 4.3 for more details about the implemen-
tation). The data distribution of the regions accessed by
x_solve() is changed to y-wise data distribution before the
call to x_solve() and then changed back to x-wise after the
x_solve() function completes. The adi() function is ex-
ecuted in a tight loop, therefore starting with the second
iteration of the loop the compute_rhs() function will en-
counter the correct, x-wise, data layout it requires (due to
the previous iteration of adi()).

 1: adi() {

 2:     compute_rhs();

 3:

 4:     distribute_to(y_wise);

 5:     x_solve();

 6:

 7:     distribute_to(x_wise);

 8:     y_solve();

 9:

10:

11:     z_solve();

12:

13:

14:     add();   

15: }

Memory allocated at Processor 1

Memory allocated at Processor 0

Figure 7: bt with in-program data migration.

Similar in-program data layout changes can be done to the
ft benchmark. Figure 8(a) compares the bandwidth distri-



bution of the default setup (first-touch memory allocation)
with dynamic in-program data layout changes for ft and bt.
The figure reports the percentage of remote accesses relative
to the total number of accesses, as measured in user-mode.
As data migration is performed by the kernel, the band-
width generated by data migrations is not included in the
figure. The measurements show that in-program data lay-
out changes significantly improve data locality for these two
programs (bt: reduction of the percentage remote accesses
from 19% to 1%, ft: reduction from 43% to 8%). This
reduction of the fraction remote accesses results in a re-
duction of execution time of the computations, as shown in
Figure 8(b) (this figure shows execution time relative to the
default setup, therefore lower numbers are better). For the
computation part, bt experiences a performance improve-
ment of around 10%, and ft speeds up 16%. However, if we
account for the overhead of data migration, the total perfor-
mance is worse than without data migration (bt slows down
2.5X, ft slows down 1.4X).
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Figure 8: In-program data migration.

In conclusion, in-program data migration can eliminate re-
mote memory accesses by guaranteeing the data distribution
required by each access pattern of the program. However,
if access patterns change frequently (as it is in the case of
bt), the overhead of data migration cancels the benefits of
data locality. Moreover, data migrations serialize the execu-
tion of multithreaded code, because access to the page tables
shared by the threads requires acquiring a shared lock (par-
allel migrations do not result in any improvement relative
to serial migrations). As a result, in-program data layout
changes should be avoided for programs with frequent ac-
cess pattern changes (but data migration could be still a
viable option for coarser-grained parallel programs).

Iteration redistribution. Changing the data distribution
causes too much overhead to be a viable option. As chang-
ing the distribution of computations has far less overhead
than redistributing data, in this section we explore the idea
of changing the schedule of loop iterations so that the ac-
cess patterns of the program match the distribution of data
in memory. We take the following simple approach for the
bt benchmark: As the majority of the functions executed
by bt has an x-wise access pattern, we change the distribu-
tion of all program data to x-wise. As a result, most func-
tions experience good data locality and their performance
improves. However, as the function x_solve() has a y-wise

access pattern, the number of remote memory accesses it
must perform increases due to the change of the data distri-
bution to x-wise. At the end, the performance of the whole
program (bt) does not improve.

NY

NX

(a) y-wise parallelization.

NY

NX

(b) x-wise parallelization.

Figure 9: Access patterns of code with y-wise dependences.

To make x_solve() have also an x-wise access pattern, we
take an approach similar to [7, 8], and we change the dis-
tribution of the iterations of the loops in x_solve() to x-
wise. This transformation reduces the percentage of remote
memory accesses from 19% to 8%, and improves the perfor-
mance of bt by 6% relative to the default setup. Although
changing the data distribution and the iteration distribution
of bt eliminates half of the remote memory accesses of the
program, further reduction is not possible without inserting
extra synchronization operations due to loops in x_solve()

that have loop-carried dependences along the y-dimension of
the processed data. Usually iterations of loop-parallel code
are distributed among worker threads so that loop-carried
dependences are within the iteration space assigned to each
thread for processing. The main reason for this decision is
to keep the number of inter-thread synchronization opera-
tions low: if data dependences are within the iteration space
assigned to each thread, threads do not need to synchronize.
For example, Figure 9 shows the distribution of the itera-
tion space for two different parallelizations of a computa-
tion that has y-wise data dependences. In the first, y-wise,
parallelization (Figure 9(a)) the loop dependences do not
cross per-thread iteration space boundaries. Nonetheless, in
the second, x-wise parallelization of the code (Figure 9(b))
the data dependences cross iteration space boundaries, thus
inter-thread synchronization is required. The overhead of
inter-thread synchronization is potentially high, thus it can
cancel the benefit of data locality achieved with redistribut-
ing iterations.

4. FINE-GRAINED DATA MANAGEMENT
AND WORK DISTRIBUTION

In-program data migration can be used to match the data
distribution in the system to the access patterns of programs
with uniform data sharing, however the high cost of the data
migration cancels the benefit of improved data locality. Sim-
ilarly, it is also possible to redistribute computations so that
the data access patterns of the program matches a given
data distribution, however this method is also incapable of
completely eliminating remote memory accesses without in-
troducing potentially large synchronization overhead. To
address the dual problem of distributing computations and
data, we describe a simple system API that can be used to
change both the distribution of computations and the dis-
tribution of data in the system. Using the described API



together with simple program-level transformations can al-
most completely eliminate remote memory accesses in pro-
grams with uniform data sharing and thus helps to better ex-
ploit the performance potential of NUMA systems. The API
presented here is implemented as an extension to GCC ver-
sion 4.3.3 and offers two kinds of language primitives: prim-
itives to manipulate the distribution of a program’s data,
and additional schedule clauses for distribution of loop iter-
ations.

4.1 Data distribution primitives

Block-cyclic data distribution. Figure 10(a) shows the
function create_block_cyclic_distr() that is used to de-
fine a block-cyclic data distribution. The block size given
as parameter to this function influences the data distribu-
tion. Consider the case of a memory region that stores a
two-dimensional matrix of size NX × NY (as shown in Fig-
ure 5(c)). If the block size is NX × NY / 2, the data region
will be x-wise distributed as shown in Figure 5(c). If, how-
ever, the size of the block is NY / 2, the region will be y-wise
distributed (Figure 5(d)). By further varying the block size
the function can be used to set up a block-cyclic distribution
for matrices with dimensionality higher than two as well.

data_distr_t *create_block_cyclic_distr(

       void *m, size_t size, size_t block_size);

(a) Block-cyclic data layout.

data_distr_t *create_block_exclusive_distr(

       void *m, size_t size, size_t block_size);

(b) Block-exclusive data layout.

void distribute_to(data_distr_t *distr);

(c) Apply data layout.

Figure 10: Data distribution primitives.

Enforcing data distributions. The primitives of the API
decouple the description of the data distribution from the
operations to implement a chosen data distribution. The
function create_block_cyclic_distr() defines only a de-
scription of the distribution in memory of region m passed
to it as parameter. The function distribute_to() shown in
Figure 10(c) takes this description and then applies it (i.e.,
the function migrates data to enforce the distribution). For
example, the in-program data distribution described in Sec-
tion 3.2 uses this call to change the distribution of data in
the system at runtime (see lines 4 and 7 of Figure 7).

Block-exclusive data distribution. Changing the access
pattern of code with loop-carried dependences requires fre-
quent inter-thread synchronization. In many cases inter-
thread synchronization has a high overhead so that the data
locality gained from changing access patterns does not in-
crease performance. Alternatively, the distribution of a data
region can be changed to block-exclusive (see Figure 11(a)).
The key idea behind using a block-exclusive distribution
is that a region with a block-exclusive distribution can be

swept by two different data access patterns (e.g, with an
x-wise and a y-wise access pattern) with no parts of the
memory region shared between the processors of the system.
As a result, a block-exclusive data region can be placed at
processors so that all accesses to the region are local.

To illustrate the advantages of the block-exclusive data dis-
tribution let us consider the simple example when eight
worker threads access the block-exclusive memory region
in Figure 11(a). To simplify further discussion, we divide
the memory region into four equal-sized quadrants (Q1–Q4).
The eight worker threads considered in this example traverse
the memory region with two different access patterns, first
with an x-wise access pattern followed by a y-wise access
pattern.

NX

NY

Memory allocated at Processor 0

Memory allocated at Processor 1Q1 Q2

Q3 Q4

(a) Block-exclusive data distribution on two processors.
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(b) x-wise traversal: phase 1.
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(c) x-wise traversal: phase 2.
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(d) y-wise traversal: phase 1.
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(e) y-wise traversal: phase 2.
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(f) Block-exclusive data distribution on four processors.

Figure 11: Block-exclusive data distribution.

The x-wise traversal of the memory region must be processed



in two phases due to the block-exclusive data distribution of
the region. These two phases are illustrated in Figure 11(b)
resp. Figure 11(c). In the first phase (Figure 11(b)) the
worker threads process in parallel the left half of the data
region (quadrants Q1 and Q3). The iteration distribution
is standard OpenMP static scheduling: threads get their it-
erations in the ascending order of their respective thread
number (threads T0–T3 process Q1, threads T4–T7 process
Q3). As a result all threads access memory locally. In the
second phase (Figure 11(c)) the threads process quadrants
Q2 and Q4, which are allocated to processors in a different
order than quadrants Q1 and Q3. To guarantee data locality
in the second phase as well, the distribution of iterations be-
tween the threads is different from the first processing phase:
threads T0–T3 process quadrant Q4, and threads T4–T7
process quadrant Q2 (as shown in Figure 11(c)). Between
the two phases of the x-wise traversal thread synchroniza-
tion is required, however as there is only one place in the
traversal where cross-thread data is accessed (when execu-
tion transitions from processing the first two quadrants to
processing the second two), the cost of this synchronization
is negligible.

Uniform data sharing is in many cases caused by a memory
region being traversed with an x-wise pattern followed by a
y-wise pattern. So far we have seen an x-wise traversal of
a block-exclusive memory region. A y-wise traversal of the
same memory region is also possible, and it proceeds in two
phases. In the first phase (Figure 11(d)) the worker threads
process quadrants Q1 and Q2, followed by quadrants Q3 and
Q4 in the second phase (Figure 11(e)). As the distribution of
loop iterations in the phases of the y-wise traversal is similar
to the case of the x-wise traversal, we do not discuss it any
further. Please note, however, that the y-wise traversal of
the memory region guarantees data locality as well.

Figure 10(b) shows the programming language primitive to
create a block-exclusive data distribution. So far we have
discussed the block-exclusive layout only for two processors.
Using the create_block_exclusive_distr() on a system
with a number of processors higher than two results in a
latin-square [15, 4] distribution of memory. The latin-square
distribution of a two-dimensional matrix on a 4-processor
system is shown in Figure 11(f). The data distribution prim-
itives described in this section can be used in a system with
any number of cores/processors. The primitives only require
that information about the number of cores/processors is
available at runtime (which is the case in many recent OSs).

4.2 Iteration distribution primitives
Well-known methods for iteration distribution, like static
scheduling are inflexible and cannot always follow the dis-
tribution of data in the system. For example, the assign-
ment of loop iterations to data shown in Figure 11(c) or
Figure 11(e) is impossible in an OpenMP-like system. To
alleviate this problem we define inverse static scheduling
as shown in Figure 12(a). With this simple extension data
locality can be guaranteed also for code accessing regions
with distribution as in Figure 11(c) or Figure 11(e).

We have seen in the previous section that the block-exclusive
data distribution can be generalized to any number of pro-
cessors (see Figure 11(f) for the 4-processor case). As the

distribution of loop iterations must match the distribution
of data in the system if good data locality is desired, inverse
scheduling must be generalized to a high number of proces-
sors as well. We call the generalized scheduling primitive
block-exclusive scheduling (syntax shown in Figure 12(b)).

In the general case the block exclusive data distribution par-
titions a data region into blocks. In a system with p proces-
sors the data distribution can be seen either as p columns of
blocks, or as p rows of blocks (see Figure 11(f) for a block-
exclusive data distribution on a system with p = 4 proces-
sors). For example on an x-wise traversal the data distribu-
tion can be viewed as p columns of blocks and on a y-wise
distribution the data distribution can be viewed as p rows
of blocks. For both views of a block-exclusive data distri-
bution there are p different iteration-to-core distributions,
one iteration distribution for each different configuration of
columns of blocks resp. rows of blocks (so that the iterations
are allocated to the processors that hold the block of data
processed). As a result, a block-exclusive scheduling clause
is defined as a function of two parameters. The first param-
eter specifies the view taken (columns of blocks resp. row
of blocks), and the second parameter specifies the identifier
id (0 ≤ id < p) of the schedule used. Section 5 presents a
detailed example of using the block-exclusive loop iteration
distributions primitive.

#pragma omp parallel for schedule(static-inverse)

(a) Inverse static scheduling.

#pragma omp parallel for

       schedule(block-exclusive, dir, id)

(b) Block-exclusive static scheduling.

Figure 12: Loop iteration scheduling primitives.

4.3 Implementation and portability
The proposed system-level API uses system calls to migrate
memory between the processors of the system and also to
set the affinity of threads to processor cores. Linux ex-
poses these OS functionalities through the move_pages()

and pthread_setaffinity_np() system calls. Most recent
OSs support memory migration and affinity scheduling, and
we expect that the primitives we propose are straightfor-
ward to implement on these OSs as well. Moreover, as the
presented API masks from the programmer the exact way
to use these facilities, programs that use the API can be
compiled on several platforms with minimal modifications.

5. EXAMPLE: PROGRAM TRANSFORMA-
TIONS

This section shows how two NPB programs can be trans-
formed with the previously described API to execute with
better data locality.

bt. Figure 13(a) shows code that is executed in the main
computational loop of bt (for brevity we show only an ex-
cerpt of the complete bt program). The code has a y-wise
access pattern and accesses two matrices, lhs and rhs, in
the matvec_sub() function. There are loop-carried depen-
dences in the code: The computations performed on the



current row i depend on the result of the computation on
the previous row i - 1.

for (i = 1; i < NX - 1; i++)

#pragma omp parallel for schedule(static)

   for (j = 1; j < NY - 1; j++)

       for (k = 1; k < NZ - 1; k++)

           matvec_sub(lhs[i][j][k][0],

                      rhs[i - 1][j][k],

                      rhs[i][j][k]);

(a) Original bt code.

for (i = 1; i < (NX - 2) / 2; i++) {

#pragma omp parallel for schedule(static)

    for (j = 1; j < NY - 1; j++) {

        for (k = 1; k < NZ - 1; k++) {

            matvec_sub(lhs[i][j][k][0],

                       rhs[i - 1][j][k],

                       rhs[i][j][k]);

for (i = (NX - 2) / 2; i < NX - 1; i++) {

#pragma omp parallel for schedule(static-inverse)

    for (j = 1; j < NY - 1; j++) {

        for (k = 1; k < NZ - 1; k++) {

            matvec_sub(lhs[i][j][k][0],

                       rhs[i - 1][j][k],

                       rhs[i][j][k]);

(b) 2-processor version of bt code.

for (p = 0; p < processors; p++) {

    for (i = p * (NX - 2) / processors;

         i < (p + 1) * (NX - 2) / processors;

         i++) {

#pragma omp parallel for

        schedule(block-exclusive, X_WISE, p)

        for (j = 1; j < NY - 1; j++)

            for (k = 1; k < NZ - 1; k++) {

                 matvec_sub(lhs[i][j][k][0],

                            rhs[i - 1][j][k],

                            rhs[i][j][k]);

}
(c) Generalized version of bt code.

Figure 13: Program transformations in bt.

The code is transformed in two steps. At the start of the
program the distribution of both matrices lhs and rhs is
changed to block-exclusive using the memory distribution
primitives described in Section 4.1. In the second step the
outermost loop of the computation (the loop that iterates
through the rows of the arrays using variable i) is split
into two halves. The transformed code is shown in Fig-
ure 13(b). Both of the resulting half-loops iterate using vari-
able i, but the first loop processes the first (NX - 2) / 2

rows of the matrices, and the second loop processes the re-
maining (NX - 2) / 2 rows. The work distribution in the
first loop is standard static block scheduling, but in the sec-
ond loop inverse scheduling is required so that the affinity of
the worker threads matches the data distribution. Splitting
the outermost loop results in the two-phase traversal pre-
viously shown in Figure 11(d) and Figure 11(e). Note that
the transformation does not break any of the data depen-

#pragma omp parallel for schedule(static)

for (i = 0; i < NX; i++)

   for (j = 0; j < NY; j++)

           // ...

(a) lu lower triangular part.

#pragma omp parallel for schedule(static)

for (i = NX - 1; i >= 0; i--)

    for (j = NY - 1; j >= 0; j--)

            // ...
(b) lu upper triangular part.

#pragma omp parallel for schedule(static-inverse)

for (i = NX - 1; i >= 0; i--)

   for (j = NY - 1; j >= 0; j--)

           // ...
(c) lu upper triangular part with inverse scheduling.

Figure 14: Program transformations in lu.

dences of the program, therefore only one synchronization
operation is required for correctness (at the point where the
first half of the iteration space has been processed). This
program transformation can be generalized to systems with
an arbitrary number of processors as shown in Figure 13(c).

The main computational loop of bt executes other loops as
well (not just the loop shown in Figure 13(a)). Many of
these other loops have a different, x-wise, access pattern.
To match the access patterns of these loops to the block-
exclusive data distribution of the program’s data, the code
must be transformed in a manner similar to the transfor-
mations shown in Figure 13(b) and 13(c). These transfor-
mations require programmer effort, but at the end the ac-
cess patterns of all loops of the program match the blocked-
exclusive distribution of shared data, and data distribution
is required only once (at the start of the program).

lu. The lu program solves the Navier-Stokes equations in
two parts: a lower (Figure 14(a)), and an upper part (Fig-
ure 14(b)). Both parts have an x-wise access pattern, there-
fore the memory regions used by the program are initialized
x-wise. However, as the upper triangular part (Figure 14(b))
traverses rows in descending order of row numbers, the static
scheduling clause of OpenMP distributes loop iterations be-
tween worker threads so that each worker thread operates on
remote data. To increase data locality we match the access
pattern of lu to its data distribution by using the static-

inverse scheduling clause for the upper triangular part, as
shown in Figure 14(c).

6. PERFORMANCE EVALUATION
This section presents a performance evaluation of the previ-
ously described program transformations. We evaluate the
performance of the benchmark programs on the 2-processor
8-core machine described in Section 2.1 (in Section 7 we look
at the scalability of program transformations onto a larger,
4-processor 32-core machine). The benchmark programs ep,
is, and mg are excluded from the evaluation for the reasons
explained in Section 2.1.
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Figure 15: Performance with program transformations (2-processor 8-core machine).

The original version of sp is synchronization-limited due to
a single triple-nested loop that is parallelized on the inner-
most level. We eliminate the synchronization boundedness
of this loop by moving the parallelization primitive to the
outermost loop. We also store data accessed by the loop
in multi-dimensional arrays (instead of single-dimensional
ones), so that loop-carried data dependences are eliminated.
This simple change gives a 10X speedup on our 2-processor
8-core machine; as a result sp is memory bound, and can
profit further from data locality optimizations.

Figure 15(a) shows the percentage of remote memory band-
width relative to the total bandwidth for each program we
consider. For bt, lu and sp program transformations reduce
the percentage of remote accesses significantly (to around
4% on average). For the cg benchmark profile-based mem-
ory allocation almost completely eliminates remote memory
accesses (see Figure 3(b)). However, we are able to achieve
the same effect without profiling by inserting data distribu-
tion primitives into the program. In ft most remote mem-
ory accesses are caused by a single loop. Transforming this
loop is possible only by inserting fine-grained inter-thread
synchronization that results in high overhead that cancels
the benefits of the improved data locality. Nonetheless, we
obtain a reduction of the fraction of remote memory ac-
cesses relative to profile-based memory allocation (from 23%
to 18%) by distributing memory so that the distribution
matches the access patterns of the most frequently execut-
ing loop of the program.

Figure 15(b) shows for each program we consider the per-
centage of program address space shared with the default
setup, with profile-based memory allocation, and with pro-
gram transformations. For three programs (bt, lu, and sp)
program transformations reduce the number of shared pages,
thus it is possible to place more pages appropriately than
with the original version of the program (either by using
the proposed data distribution primitives, or by profiling
the program). Finally, Figure 15(c) shows the performance
improvement with profile-based memory allocation and pro-
gram transformations relative to the default setup. By elim-
inating sharing we obtain performance improvements also
when profile-based allocation does not. Moreover, for cg

(the program that improves with profile-based allocation)
we are able to match the performance of profile-based al-
location by distributing memory so that the distribution of

memory matches the access patterns of the program.

7. SCALABILITY
Adding more processors to a NUMA system increases the
complexity of the system. Standard OSs and runtime sys-
tems handle the increase of the number of processors grace-
fully, however, if good program performance is also desired,
action must be taken (e.g., by the programmer). This sec-
tion evaluates the scalability of the proposed program trans-
formations on a 4-processor 32-core NUMA machine larger
than the 2-processor 8-core machine previously examined.

The benchmark programs of the NPB suite we consider are
executed on a system equipped with four 8-core Intel pro-
cessors based on the Westmere microarchitecture. Each pro-
cessor has 16 GB directly-connected RAM and a last-level
cache shared by all processor cores. In total, the system has
32 cores and 64 GB RAM. For all benchmark programs, size
C (the largest size) is used.

To look at the scalability of the benchmark programs each
program is executed in four different configurations (i.e.,
with 4, 8, 16, and 32 threads, respectively). As cache con-
tention can cause significant performance degradations in
NUMA systems [9, 2], we fix the thread-to-core affinities so
that the same number of threads is executed on each pro-
cessor of the system and thus the cache capacity available
to each thread is maximized (remember that each proces-
sor has a single last-level cache shared between all processor
cores). E.g, in the 4-thread configuration one thread is ex-
ecuted on each processor of the 4-processor system; in the
32-thread configuration each processor runs eight threads.

Figure 16 shows the speedup of the benchmark programs
over their respective sequential version. The figure compares
two version of the benchmark for each runtime configuration.
The default setup relies on the first-touch memory alloca-
tion policy and uses the previously discussed thread-to-core
assignment (which corresponds to identity affinity in the 32-
threads configuration). With program transformations the
memory distribution and the scheduling of loop iterations is
changed so that data locality maximized. Performance im-
proves with program transformations, with results that are
similar to those obtained on a 2-processor 8-core system. In
the 32-thread configuration we measure a performance im-
provement of up to 3.3X (and 1.7X on average) over the
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Figure 16: Performance with program transformations (4-processor 32-core machine).

default setup. Program performance also scales better with
program transformations than with the default setup. (For
the programs of the NAS suite studied here, the programs
obtain a speedup of up to 33.6X over single-core execution,
with a mean speedup of 19X.)

8. RELATED WORK
Several authors have noticed the problem of uniform data
sharing. Thekkath et al. [16] show that clustering threads
based on the level of data sharing introduces load imbal-
ances and cancels the benefits of data locality. Tam et
al. [14] schedule threads with a high degree of data shar-
ing onto the same last-level cache. The authors admit that
their method works only with programs without uniform
data sharing. Verghese et al. describe a OS-level dynamic
page migration [18] that migrates thread-private pages but
does not consider uniformly shared pages. Therefore, their
results show significant amount of remaining remote mem-
ory accesses. An approach similar to the work of Vergh-
ese et al. is described by Nikolopoulos et al. [12]. Re-
mote memory accesses are not eliminated in this approach
either. Marathe et al. [10] describe the profile-based mem-
ory placement methodology we use, but they do not dis-
cuss how uniform data sharing influences the effectiveness
of their method. Tikir et al. [17] present a profile-based
page placement scheme. Although successful in reducing the
percentage of remote memory accesses for many benchmark
programs, their method is not able to eliminate a signifi-
cant portion of remote memory accesses for some programs,
possibly due to uniform data sharing.

In [13] Nikolopoulos et al. claim that data distribution prim-
itives are not necessary for languages like OpenMP, because
dynamic profiling can place pages correctly. We find that
even with perfect information available, runtime data mi-
grations have too much overhead to be beneficial for pro-
grams with uniform data sharing. Bikshandi et al. [1] de-
scribe in-program data migrations in a cluster environment,
however their language primitives are too heavyweight in
small-scale NUMA machines. Darte et al. [4] present gener-
alized multipartitioning of multi-dimensional arrays, a data
distribution very similar to the block-exclusive data distribu-
tion. Multipartitioning, however, relies on message-passing,
while we consider direct accesses to shared memory. Zhang
et al. [19] take an approach similar to ours: They show
that simple program transformations that introduce non-
uniformities into inter-thread data sharing improve perfor-

mance on multicore architectures with shared caches. Chan-
dra et al. [3] describe language primitives similar to ours,
but they do not show how programs must be transformed to
eliminate uniform data sharing. McCurdy et al. [11] show
that adjusting the initialization phase of programs (so that
data access patterns of the initialization phase are similar
to that of the computations) gives good performance with
the first-touch policy. We find that in programs with multi-
ple phases that have conflicting access patterns, first-touch
cannot place pages so that each program phase experiences
good data locality.

Tandir et al. [15] present an automatic compiler-based tech-
nique to improve data placement. It is not clear how their
tool distributes loop iterations that access shared memory
regions and have loop-carried dependences at the same time.
Kandemir et al. [7] describe an automatic loop iteration
distribution method based on a polyhedral model. Their
method can optimize for data locality, however in the pres-
ence of loop-carried dependences it inserts synchronization
operations. We show that the number of additional syn-
chronization operations can be kept at low if the memory
distribution of the program is carefully adjusted.

9. CONCLUSIONS
In NUMA systems the performance of many multithreaded
scientific computations is limited by uniform data sharing.
In-program memory migration, a conventional method in
large cluster environments, does not help because of its high
overhead. In some cases it is possible to redistribute loop
iterations so that the access patterns of a loop match the
data distribution. However, in the presence of loop-carried
dependences inter-thread synchronization reduces (or com-
pletely eliminates) the benefits of data locality.

This paper presents a simple system API that is powerful
enough to allow for programming scientific programs in a
more architecture-aware manner, yet simple enough to be
used by programmers with a reasonable amount of knowl-
edge about the underlying architecture. Using this API to-
gether with program transformations reduces the number
of shared pages and remote memory accesses for many pro-
grams of the NPB suite. This API allows a programmer to
control the mapping of data and computation and realizes a
performance improvement of up to 3.3X (1.7X on average)
compared to the“first-touch”policy for NAS benchmark pro-
grams. Future multiprocessors are likely to see a widening



performance gap between local and remote memory accesses.
For these NUMA systems, compilers and programmer must
collaborate to exploit the performance potential of such par-
allel systems. The techniques described here provide an ap-
proach to attempts to strike a balance between complexity
and performance.
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