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Abstract—Using the well-known ATLAS and LAPACK dense
linear algebra libraries, we demonstrate that the parallel manage-
ment overhead (PMO) can grow with problem size on even stati-
cally scheduled parallel programs with minimal task interaction.
Therefore, the widely held view that these thread management
issues can be ignored in such computationally intensive libraries
is wrong, and leads to substantial slowdown on today’s machines.
We survey several methods for reducing this overhead, the
best of which we have not seen in the literature. Finally, we
demonstrate that by applying these techniques at the kernel level,
performance in applications such as LU and QR factorizations
can be improved by almost 40% for small problems, and as
much as 15% for large O(N3) computations. These techniques
are completely general, and should yield significant speedup in
almost any performance-critical operation. We then show that the
lion’s share of the remaining parallel inefficiency comes from
bus contention, and, in the future work section, outline some
promising avenues for further improvement.

I. I NTRODUCTION

Long-running architectural trends have signaled the end of
sustained increases in serial performance due to increasing
clock rate and instruction level parallelism (ILP), but have not
changed Moore’s law [5]. Therefore, since architects are faced
with an ever-increasing circuit budget which can no longer be
leveraged for meaningful serial performance improvements,
they have increasingly turned to supplying additional cores
within a single physical package. Today it is difficult to buy
even a laptop chip that has less than two cores, and 4 cores is
common on the desktop. This trend is expected to continue,
with some architects predicting evendesktopchips with huge
numbers of simplified cores, as in the IBM Cell [7] and Intel
Larrabee [13] architectures.

As commodity OSes (i.e. OSes not written specifically for
HPC) are used on increasingly parallel machines, previously
reasonable assumptions may become untenable. In particular,
we can no longer assume the hardware, OS or compilers
are highly tuned to exploit multiple cores or efficiently share
common resources. Such assumptions were built into our own
ATLAS [18], [17], [16] (Automatically Tuned Linear Algebra
Package) software (eg., we assumed that the OS would sched-
ule threads to separate cores whenever possible). However,
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on several eight core systems running a standard Linux OS,
ATLAS produced alarmingly poor parallel performance even
on compute bound, highly parallelizable problems such as
matrix multiply.

Dense linear algebra libraries like ATLAS and LAPACK [2]
are almost ideal targets for parallelism: the problems are
regular and often easily decomposed into subproblems of equal
complexity, minimizing any need for dynamic task scheduling,
load balancing or coordination. Many have high data reuse
and therefore require relatively modest data movement. Until
recently, ATLAS achieved good parallel speedup using simple
distribution and straightforward threading approaches. This
simple threading approach failed to deliver good performance
on commodity eight core systems, and thus it became neces-
sary to investigate what had gone wrong.

In the course of this investigation, we have developed two
measurements which we believe help us understand parallel
behavior. The first of these is Parallel Management Overhead
(PMO). Because our problems are statically partitioned and
compute intensive (O(N2) or O(N3)), PMO should grow only
with O(t) (the number of threads). For eight threads it should
be a constant.It is not. Not only isPMO a major factor in our
lack of parallel efficiency, it grows with problem size, evenon
very large problems.

Outline: Section I-A introduces necessary terminology and
defines our timing measurements, while§I-B discusses our
timing methodology. In§II we survey techniques for managing
thread startup and shutdown, show thatPMO is a significant
cost that can grow with problem size rather thant, and
introduce our technique for reducingPMO to a small constant
on t. In §III we provide a quantitative comparison of these
techniques, and show they are important even in very large
operations that can be perfectly partitioned statically. In §IV
we show how these relatively simple changes to a kernel
library such as the BLAS [4] (Basic Linear Algebra Subpro-
grams) can deliver substantial parallel speedup for higherlevel
applications such as the QR and LU factorizations found in
LAPACK. Finally, in §VI we discuss future work, and offer
our summary and conclusions in§VII.



A. Terminology and Definitions

We refer to one serial execution engine/CPU as acore, with
multiple cores sharing aphysical package(or justpackage). A
physical package is the component plugged into a motherboard
socket, whether comprised of one actual chip (as with recent
AMD systems) or multiple chips wired together (as with recent
Intel systems).

When discussing the problem, we may refer to thefull
problem, which is the size of the entire problem to be solved.
Thepartitioned problemis the problem size given to each core
after decomposition for parallel computation (in this paper we
consider only problems that can be simply divided so that each
core has a static partition of equal size).

We directly measure several important times. TheFull
Serial Time(FST) is the elapsed time when solving the full
problem in serial. ThePartitioned Serial Time(PST) is elapsed
time when solving the partitioned problem serially.

The Full Parallel Time (FPT) is the elapsed time when
solving the full problem using the parallel algorithm and
multiple cores.

Finally, the per-core time (PCT) is the elapsed time each
core spends computing on its section of the partitioned prob-
lem. Thus PCT does not include any thread management
overhead (eg., signalling other threads or waiting on mutex
or condition variables). On a problem requiring no shared
resources, therefore,PCT would always equalPST, but we will
see that it does not for our present parallel implementations.

Using these directly measured times we define two quan-
tities we believe illuminate the major causes of slowdown in
our parallel algorithms. These indirect measures led us to the
improved algorithms provided here, and so we believe this is
a contribution that may benefit other researchers as well. We
mentionedPMO earlier, this is the full parallel time minus the
maximumPCT.

In an ideal system, this time would be zero, meaning the
parallel algorithm ran only as long as required to solve the
partitioned problem on the slowest processor. A non-zeroPMO
represents time doing non-computational activities, suchas
starting/killing threads, waiting on mutexes, etc. Therefore, the
major goal of this paper is to reducePMO to a small constant
on t, which is its expected value for statically distributed
problems with minimal interactions.

Low PMO by itself is not enough to ensure efficient
parallel performance, since it says nothing about how long the
computation itself takes. We capture this information witha
measure we callPartitioned Computational Expansion(PCE),
which is the average of the per-core compute time on a given
problem divided by the average partitioned serial time for that
same problem.

In an ideal parallel machine with no shared resources, this
value would be one. In practice cores share some resources
(caches, buses, TLB, etc) and interfere with each other. The
most obvious example is when multiple cores attempt to access
memory on a shared bus, causing additional stalls and making
PCE > 1.

B. Experimental Methodology

When performing serial optimization on a kernel with no
system calls, we often report the best achieved performance
over several trials [15]. This will not work for parallel times:
parallel times are strongly affected by system states during the
call and vary widely based on unknown starting conditions.
If we select the best result out of a large pool of results,
we cannot distinguish between an algorithm that achieves the
optimal startup time by chance once in a thousand trials from
one that achieves it every time by design. An average of many
samples will make that distinction.

In our timings, the sample count varies to keep experiment
runtimes reasonable: for the rank-K experiments, we used 200
trials. For theO(N3) factorizations, we used 200 trials for
N ≤ 3000, and 50 trials for larger problems. Since the BLAS
are typically called with cold caches, we flush all processors’
caches between timing invocations, as described in [15].

All timings used ATLAS3.9.4. We changed the threaded
routines as discussed and modified our timers to more thor-
oughly flush all core caches. We timed on two commodity plat-
forms, both of which have 8 cores in two physical packages.
The OS is critically important, in that it determines scheduling
and degree of threading support. Linux is a system where the
programmer can manually control the thread affinity, and thus
avoid having the system schedule competing threads on the
same processor despite having unloaded processors (without
affinity, this occurs on both Linux and OS X). OS X possesses
no way to restrict the set of cores that a thread can run on.
Even within a given OS, scheduler differences may change
timing significantly, so we provide kernel version information
here. Our two platforms were:

(1) 2.1Ghz AMD Opteron 2352 running Fedora 8 Linux
2.6.25.14-69 and gcc 4.2.1 (this system is abbreviated asOpt ),

(2) 2.5Ghz Intel E5420 Core2 Xeon running Fedora 9 Linux
2.6.25.11-97 and gcc 4.3.0 (C2).

Each physical package on theOpt consists of one chip,
which has a built-in memory controller. The physical packages
of the Intel processors contain two chips, and all cores share
an off-chip memory controller.

We will survey several operations in order to show the
generality of these techniques. Our main operation will be
the rank-K update, which is the main performance kernel of
the LAPACK library. The rank-K update is a matrix multiply
where the dimension common to both the input matrices (the K
dimension) has been restricted to some small value for cache-
blocking purposes. On the Core2-based platforms, this value
will be 56, and is 40 for the AMD machine (these values come
from ATLAS’s tuned GEMM, which is the BLAS routine
providing GEneral Matrix Multiply).

II. T HREAD MANAGEMENT TECHNIQUES

We are aware of two basic approaches for handling thread-
ing. We call the simplest approachLaunch and Join(abbre-
viated LJ ), and in pthreads this is accomplished by having
the master process createt worker threads to perform the
computation, and then maket calls to pthread_join to



wait on all thread completion (a slight variant of this approach
is to launcht−1 threads, and have the master process perform
one unit of computation).

In the simplestLJ approach, the master process creates allt

threads, and then joins them, for anO(t) theoretical cost. This
simplest algorithm is what ATLAS (and quite a few software
packages) use. A more complicatedLJ approach is to have
the created threads spawn threads as well, which can reduce
the theoretical cost toO (log2(t)).

We implemented both, but because the cost ofinitiating
thread creation is much lower than the time it takes to actually
begin executing a created thread, the simplerO(t) algorithm
outperforms theO (log2(t)) algorithm for t = 8. Therefore,
our LJ times use the simpleO(t) algorithm.

Note that launch and join is also the paradigm that OpenMP
presents to the programmer; we will see, however, that it is not
necessarily the paradigm actually used by particular OpenMP
implementations.

If we assume that creating and destroying a thread is
relatively expensive, a second approach suggests itself: create
the t threads just one time (for a library, on the first call),
and keep the threads around for the entire execution (they can
be killed using the ANSI C standardatexit function for
a library). We call this approachPersistent Workerthreads,
(abbreviated asPW). There are many ways to implement
PW; our workers each have an individual interface area that
includes a condition variable which is signalled by the master
to have that thread do the unit of work specified by its interface
area.

Both of these approaches can be augmented withprocessor
affinity. Many OSes (including Linux and Solaris, but not
OS X) allow the user to restrict the range of processors a
thread can be scheduled on using OS-specific calls. This can
make a big difference: when left alone, the OS often schedules
two or more threads to a single processor, so that some cores
go unused while some delay the computation due to competing
threads.

The OS may eventually notice this bad scheduling and move
threads around, but this has a cost beyond the initial lack of
parallelism: any cache that was warm (and much of linear
algebra is rich in cache reuse) is now cold, thus causing
increasing bus traffic as threads are migrated across cores.
Therefore, the obvious extension is to createt threads, each
of which can be scheduled only on a unique core.

To indicate that a given approach has affinity, we suffix it
with an ‘A’.

These techniques are the ones we found in the literature,
and it was assumed they would suffice to reduce our overhead
to a constant ont, but this did not prove to be the case, as
shown in Figure 1(a). This figure shows thePMO for rank-K
update in microseconds as a function of problem size on the
C2 platform for launch and join both with and without affinity.
Since all of these problem sizes uset = 8, and the cost isO(t),
we expect the overhead to be flat across the graph, but instead
it essentially rises linearly (the rank-K computation isO(N2))
with N . This linear rise in cost with problem size holds true

(a) With & w/o affinity

(b) Master-last thread assignment

Fig. 1. Parallel Management Overhead in rank-K update for launch and join
and persistent worker on a 2.5GhzC2

for both architectures and for persistent worker threads aswell.
We examined detailed logs of individual runs, and found a

large variance in overheads, depending on where the master
process was in relation to the spawn.

Essentially, when the master was on the same processor as
one of the early-started threads, that thread would compete
with the master for execution, and seriously extend the time
it took to get all threads working (Linux perplexingly seems
to preferentially launch new threads on the master core). The
same problem was observed withPW: if we start a worker
thread on the master core, it competes with the master for
memory and time slices, delaying the startup.

This led us to a new technique, which we callMaster Last
(suffix: ML), which ensures that, whether usingLJ or PW,
you call for threads to begin executing on all other cores
before starting the computation on the core that the master
is executing on. This is shown in Figure 1(b) for both launch
and join and persistent workers, and we see that thePMO is
now independent of problem size, and orders of magnitude
less.

We can also see that it is much quicker to signalt condition
variables (as inPWAML) than to create and joint threads from
scratch (as inLJAML). In §III we will quantify how important
these overhead savings are in terms of total runtime, so that
a judgment can be made as to whetherPWAMLis worth the
extra complexity.

Note that master last is important because of the relatively
poor scheduling job being done by the OS: an OS that



scheduled threads to non-master cores first would achieve
master last implicitly. As a practical matter, OS X appears to
almost never achieve implicit master last, but anolder version
of Linux which we were running on theOpt before a system
update achieved master last most of the time. Therefore, master
last appears to have become important due to OS scheduling
algorithms that are probably more geared to desktop than HPC
use.

In the remainingPMO timings, we wish to quantify the
contribution of each of these techniques, which we do with
the easy-to-understand launch and join paradigm, giving us
three differentLJ timings: LJ , LJA (LJ with affinity only)
and LJAML (LJ with affinity and master last). Finally, we
will show the performance for the lowest-overhead technique
we have yet discovered, persistent worker threads with affinity
and master last (PWAML).

III. I MPACT OF THESE TECHNIQUES ON RUNTIME

We have shown that the master last technique can reduce
the PMO to a small constant ont, which only matters ifPMO
is an important component of the total runtime. Obviously this
will be strongly affected by the problem size, since work done
is O(N2), while PMO either remains constant, or appears to
rise with N . Figure 2 shows thePMO of rank-K update as a
percent of the total runtime on both theC2 andOpt platforms.

(a) On 2.5Ghz C2

(b) On 2.1Ghz Opt

Fig. 2. PMO of rank-K update as a % of runtime for surveyed techniques

On both platforms, we see that for small problems, the
overhead is actually the dominant cost of the algorithm, but
for the master last algorithmsPMO cost drops precipitously.

Algorithms without ML decline much less quickly, as the
O(N2) cost slowly dominates the startup time.

From this, we would expect something similar on full matrix
multiply, but with theO(N3) computation dominating more
quickly. We see thatLJAML is almost as good asPWAML
towards the end of the curve, but that thePMO advantage of
PWAMLis still fairly important in the medium-range problems
(eg.,N ≤ 2000).

So far, we have been focusing completely on overhead, but
this can be misleading, in that a given technique might reduce
PMO and yet makePCE worse, thus making the algorithm
slower despite a lowerPMO. Our goal is actually to increase
parallel speedup, and we need to show that these methods do
that. This is shown in Figure 3, which also quantifies how
much each technique contributes to final speedup.

(a) C2 benefit vs.LJ

(b) Opt benefit vs LJ

Fig. 3. Contribution to rank-K speedup by technique

In this chart, the average speed ofLJ is taken as 100%, and
we plot the speed of all others relative to it. Specifically, the
Y axis is computed as LJ time

method time
× 100.0.

The first thing to notice is the sheer magnitude of the
speedups from these techniques: for small problems the best
technique is over 220% of the speed of the naı̈ve technique,
and even for very large problems, the advantage is still over
5%!

The second lesson from these graphs concerns the relative
importance of each technique: we see that all techniques have
the greatest impact for small and midrange problem sizes,



where theO(N2) computation is not so dominant. Affinity
is important on both machines, and while its impact initially
goes down with problem size, it then levels off – we therefore
conclude that affinity is important regardless of problem size
(this is confirmed even with full GEMM timings, where we
haveO(N3) computations).

PWis particularly helpful on theC2, but on both machines
its advantage looks likely to go away asymptotically. Finally,
master last is extremely important on both systems, particu-
larly for midrange problems. It is worth noting that what we
are calling “midrange” problems are actually quite large; for
problems roughly in the range of2000 ≤ N ≤ 4000, master
last accounts for over half of the available advantage overLJ !

We did test the performance ofPWA, i.e. persistent worker
threads with affinity but not master last. For clarity we left
it off the charts.PWAperformance is about halfway between
LJAML and PWAML. PWAis about 25% slower thanPWAML
when N ≤ 2000. On larger problems the deficit narrows to
about 4% asymptotically. It is comparable to the difference
betweenLJA and LJAML. Thus in bothPWand LJ imple-
mentations, master last delivers significant improvement.

IV. LAPACK PERFORMANCE

It is possible to speed up a compute kernel, and yet have
little effect on application performance.

To show these techniques make a meaningful contribution
to the performance of higher level codes, Figures 4 and 5 show
the usual % speedups overLJ using various threaded GEMM
implementations in two commonly-used LAPACK routines,
QR and LU factorization.

In parenthesis on the X-axis, we show the parallel speedup
(i.e. FST

FPT ) achieved by our basis case ofLJ . The timed
factorizations use several different BLAS routines, but wehave
changed only the way GEMM operates. Therefore, these charts
have all non-GEMM threading done using ATLAS’s original
implementation, which is essentially simpleLJ with a more
complicated data distribution.

Since our techniques supply substantial speedups even when
applied to only one BLAS routine, we can expect even
greater application performance once we have applied these
techniques to all the BLAS.

Note that when using a threaded kernel in an application,
there are two general concerns that need be addressed: at what
stage do you use additional cores (i.e. where is the crossover
point at which it is more efficient to add another core rather
than doing the operation serially), and what data distribution
is used in doling out work to the threads. These issues are
operation-specific, and strongly affectPCE, so optimizing
them is part of our future work.

In these timings, we chose a simple crossover point (each
thread needed to have at least a full block of GEMM to do),
and we distributed GEMM’s output matrix over a 4x2 process
grid. In addition to our normal algorithms (LJA, LJAML,
PWAML) we also chart the performance achieved when gcc’s
OpenMP implementation is used instead of pthreads in GEMM
(using the same data distribution and crossover point).

(a) 2.5Ghz C2

(b) 2.1Ghz Opt

Fig. 4. Statically blocked QR factorization % speedup vs.LJ ; the number
in parenthesis on the X axis is the parallel speedup achievedby our basicLJ .

Figure 4 shows the performance achieved by these tech-
niques on both platforms for the QR factorization. QR is
statically blocked, which means that for a given problem size,
it will select a particularK to call GEMM with in the rank-K
matrix shape.

Figure 4(a) shows the performance of these methods on
the C2, and we see that they are ranked in performance as
predicted by our earlier rank-K timings:PWAML, LJAML, LJA,
followed byLJ . OpenMP does better than straightLJ for large
problems, and worse for small problems (this is why it only
appears on the graph aroundN = 1800).

QR performance is improved substantially across the entire
range of problems, with almost 40% improvement on the
small end, and a roughly 12% asymptotic performance boost.
We note that the most critical technique is affinity, closely
followed by master last.

The performance curves are quite a bit more messy for
QR on the Opt as we see in Figure 4(b). These curves
do not follow the performance rankings suggested by our
earlier rank-40Opt GEMM timings. We will see a similar
discrepancy on LU timings, and discuss possible reasons for
this in Section IV-A.

Performance gains are even more substantial on theOpt,
with our best case showing a roughly 32% speedup, but
with evenasymptoticspeedup well above 24%. We see that



(a) 2.5Ghz C2

(b) 2.1Ghz Opt

Fig. 5. Recursive LU factorization % speedup vs.LJ on a 2.5 GhzC2; the
number in parenthesis on the X axis is the parallel speedup achieved by our
basicLJ .

affinity is absolutely critical on QR/Opt, and that master last
is important across the entire range of problem sizes.

Figure 5 shows the speedup numbers using ATLAS’s recur-
sive LU, and againLJAML beatsPWAMLon both machines.

Therefore, we see that these techniques are of modest help
for very large LU problems (roughly 6% improvement on the
C2, and 9% on theOpt).

Our greatest improvement of around 18% (22%) is seen
in midsize (2000 ≤ N ≤ 3500) problems on theC2 (Opt).
By comparing with theLJA line, we see that the the lion’s
share of this performance advantage comes from master last
for small and medium size problems, and large problems on
the Opt. Affinity is important for all problem sizes, and is
critical for large LU problems on theC2.

We notice that OpenMP is not competitive on either plat-
form for our recursive LU. For theC2, it appears untenable:
OpenMP never achieves more than 82% of the performance of
simpleLJ , and thus fails to show up on our chart at all! Just
as with QR, OpenMP does much better on theOpt, where
for LU it is able run slightly faster thanLJ . Note that tuning
the crossover and distribution shapes might improve OpenMP
performance (as it should for all techniques).

We also timed the factorizations using ATLAS’s original
GEMM algorithm (straightLJ with a more complex distri-
bution), but do not show these on the charts. Our original

code’s performance is roughly the same as ourLJ for QR, and
decidedly worse for LU. Therefore, the speedups reported in
this paper will actually be the minimum of what we will have
when these techniques are available in ATLAS. Further, since
the only difference is in distribution, the fact that our simple
4x2 distribution is better for LU suggests that even further
improvement can be had fromPWAML/LJAML by tuning the
data distribution, as proposed in§VI.

There are some interesting observations to be drawn from
this data.

The first concerns OpenMP, which we added to our timings
in order to see if it is reasonable to skip the complexity of
applying these techniques in pthreads, and rely on a higher-
level system like OpenMP instead. At this time, the answer
appears to be a decided no. On no machine or factorization
does OpenMP run at the speed of our improved methods, and
at times it can be significantly slower than using straightLJ .

When examining the various techniques, we see that affinity
is the most important property for a thread to have for
asymptotically large problems, but for the majority of the
range, master last provides the most speedup.

A. Why DoesPWAML Lose ToLJAML?

The most startling result for LU on both machines is that
PWAMLis decidedly inferior toLJAML for all but the smallest
of problems. Similarly for QR: On theOpt, PWAMLloses to
LJAML.

This is counter-intuitive. On both machines, GEMM is
consistently faster usingPWAML. It is true that QR and LU
use more of the level 3 BLAS than just GEMM, and for our
experiments we only codedPWAMLor LJAML for the GEMM
implementation. Thus, our non-GEMM level 3 routines were
parallelized by ATLAS the “old” way, namely usingLJ
without affinity.

Our assumption was that any processing time spent by QR
or LU in the non-GEMM portions would be equal under
PWAMLand LJAML, and so the net effect would be a faster
QR or LU when usingPWAML, due to its faster GEMMs. That
assumption is false.

In initial experiments in which all the level 3 BLAS routines
for LU or QR have been rewritten to use persistent worker
threads, thePWAMLperformance deficit vanished completely.

Thus the problem is in usingPWAMLfor GEMM and LJ
(without affinity) for the rest of the level 3 routines. Apparently
in this mixed case, either theLJ threads are running slower,
or thePWAMLthreads are running slower, or both.

In our implementation, ourPWAMLworker threads wait on
pthread condition variables to be notified of work. We assume
they will only consume cycles when their condition variables
are signalled, and this never happens during theLJ portions of
the algorithm. Nevertheless, the worker threads and condition
variables are still in OS structures, and it is possible that
for some unknown reason the OS expends overhead cycles
to maintain them, and this somehow degrades theLJ thread
performances.



Alternatively, it is possible that theLJ thread performance
is not degraded at all but the OS, in the process of launching,
running and joining them, for some reason deprioritizes our
idle persistent worker threads, or creates conditions thataffect
the startup or operational overhead of the worker threads.
This would mean the launching and joining ofLJ threads
has some lasting effect on how the OS handles thePWAML
worker threads, and that effect is felt even after the temporary
LJ thread has terminated.

If true, this is a disconcerting development for any system
that uses worker thread pools. Even if the thread pools are
shown to improve performance when tested alone, they may
actually reduce performance when unrelated applications are
threading using launch and join operations, or using their own
thread pool.

Verifying or falsifying these speculations is a major objec-
tive of our future work, as described in Section VI.

We must also point out that in the OpenMP implementation
we used for our experiments, OpenMP presents anLJ inter-
face to programmers but internally implements a thread pool
approach. Our OpenMP timings were exceptionally slow, but
it is possible that OpenMP performance on QR and LU were
degraded by the same mechanisms responsible for degrading
our PWAMLperformance on these operations, and would
improve if all parallel operations were done with OpenMP.

Persistent worker threads can dramatically reduce overhead
and improve performance, but the factorization results imply
that these performance gains, although real, currently remain
fragile. For libraries it becomes important to measure perfor-
mance in the final use environment. To fully exploit persistent
worker threads, we need a greater understanding of bothPCE
and the unexpected interaction betweenPWandLJ threads.

V. RELATED WORK

We have found no work in our area that directly addresses
overhead issues due to threading, but [1] discusses using pro-
cess (rather than thread) affinity for performance improvement.
There are numerous papers that address these issues in some
way outside our field; we cite only a representative handful of
these here. There are several papers that discuss the advantage
of process affinity in at least a cursory way, including [3],
[10]. The mention of persistent worker threads which is most
closely allied to our area can be found in papers on optimizing
OpenMP libraries, as in [11], [8].

Threading overhead issues are widely discussed in research
on web servers and services [6], [12], [9]. They have stan-
dardized some terminology: ourlaunch and joinparadigm
roughly corresponds to theirthread-per-request, while our
persistent worker threadsis roughly theirthread pool. We have
kept our idiosyncratic naming strategy, since the web services
terminology has built-in assumptions that are not true for HPC
(eg., that you have multiple requests at once, or that the thread
pool consists of far more threads than the number of cores).
We have found no mention of master last in any publication.

VI. FUTURE WORK

Operating systems like OS X lack the ability to fix processor
affinity and the scheduler seems to migrate threads frequently;
other means must therefore be developed to capture at least
some of the benefit of affinity and master last. If such
techniques are not found, then OSes without affinity can expect
substantial performance loss when compared to OSes that
support affinity. This loss is presently around 40%, but it
should rise as we addressPCE (severalPCE techniques will
need affinity for optimal application).

With PMO addressed, the bottleneck becomesPCE on both
platforms.

Experiments on theC2 (results on theOpt are similar) show
that two rank-K threads can be running on each package (four
total) with PCE remaining extremely low (around 1.04). Three
threads running on one package, with the other package idle,
exhibit aPCE around 1.15, and adding a fourth thread to that
package raises thePCE to 1.45.

Thus it seems there is contention within a package when
more than two of the four cores are working. In addition we
see that if we load both packages, there is additionalPCE,
rising to 1.80 if all eight cores are busy (this would suggest
a maximum rank-K speedup of around 4.4 for an 8 processor
system).

To narrow down the cause ofPCE we wrote a special timer
program that can call the GEMM kernel in three ways: (1)
with array (and thus cache) access changing in the same way it
would during the innermost loop of a standard rank-K update,
(2) with array access changing as it would in the innermost
loop of a large square GEMM, and (3) with all array data
preloaded to the L1 cache.

Our experiments with this framework confirm that there is
no PCE when using data preloaded to the L1, and similarPCE
numbers to what we observed in our rank-K timings when used
in way (1), and in our square GEMM timings when timed in
way (2).

Thus we have learnedPCE is primarily due to cache effects.
We plan to use this framework to investigate how muchPCE
is due to shared caches versus main memory bus contention.

With the knowledge thatPCE comes from memory usage,
we can suggest promising avenues of investigation to over-
come it. Most are operation-specific, unlike the techniqueswe
discussed here.

We will try to improve our data distribution to encourage
both additional private cache reuse as well as cache reuse
among cores sharing a cache. Also, kernels can be written with
varying prefetch strategies, so that bus load is distributed more
evenly in time. We will try more explicit bus management
through the use of gating mechanisms (semaphores, mutexes),
and try coding explicitly for the bus with strategies like block
fetch [14].

We have already begun one modified version of the ATLAS
library that will use strictly persistent worker threads for all
parallel operations, and a second modified version that willuse



strictly OpenMP. This will allow us to make a more thorough
comparison of the threading strategies.

We also want to pin down the exact cause of slowdown
with mixed strategies. Our general approach will be to isolate
aspects of the mixing, to determine precisely what causes the
added overhead. For example, we can create several persistent
worker threads that remain idle, and see if their mere presence
impacts LJ performance. Or we might create two sets of
persistent worker threads and see if alternating between them
(i.e. so only one set is in use at a time) produces significantly
worse performance than using only one set.

Whatever the cause, we hope to devise an approach that
eliminates this interference, so HPC libraries can gain the
performance advantages ofPW threads without the risk of
damaging the performance of other threading packages that
might be sharing the platform.

VII. SUMMARY AND CONCLUSIONS

We have introduced two measures,PMO and PCE, which
can help illuminate the major causes of parallel slowdown.
We have discussed a variety of techniques for reducing thread
management overhead which should be usable for almost any
threading application, the most efficient of which (master last)
we have not seen in the literature.

We have shown that the conventional wisdom that overhead
is unimportant when doing large compute-intensive operations
needs to be re-examined. We have quantified the relative
contribution of these techniques to the performance of one
of the most widely used kernels in Linear Algebra.

Finally, we have shown that these techniques provide sub-
stantial speedups for LAPACK factorizations on the high-end
systems of today, and are therefore likely to be critical for
even the desktop machines of tomorrow. We conclude that all
HPC threading should employ affinity and master last.

Choosing betweenPWand LJ is less clear-cut, and will
depend on the problem being examined, the sophistication of
PCE control, and perhaps whetherPWand LJ threads must
share the machine. Our initial results suggest that persistent
workers/thread pools (which are widely used) may cause prob-
lems when more than one library is independently threading
(this is, of course, quite common for large applications). We
also note that at the present time, developers should not rely
on OpenMP to automatically apply these techniques.
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