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ABSTRACT OF THE THESISUsing a Proxy to Enable Communi
ation Overlap with ComputationbyStephen LauMaster of S
ien
e in Computer S
ien
e & EngineeringUniversity of California, San Diego, 2003Professor S
ott B. Baden, ChairParallel 
omputation with distributed memory has two key phases: lo
al 
omputa-tion on the nodes of the system, and 
ommuni
ation between these nodes. While
ommuni
ation speeds have in
reased with te
hnologi
al improvements, the levelof growth 
an not mat
h the rapid in
rease of speed of pro
essors leading to arising imbalan
e in the 
ost of 
ommuni
ation relative to 
omputation. Overlap of
ommuni
ation with 
omputation is thus desirable as it helps to amortize the 
ostof 
ommuni
ation laten
y by hiding it during periods of 
omputation.Typi
ally, nodes in a parallel ma
hine 
ommuni
ate via message passinglibraries su
h as MPI. However, MPI is not always able to realize overlap, evenwith the asyn
hronous routines provided. The MPI standard does not mandatewhen a message has to be delivered, and 
an often delay transmission of messagesarbitrarily. Also, larger messages may ex
eed system pre-set syn
hronous messagelimits thus delaying the return of 
ontrol to the sender and in
reasing the per
eivedoverhead of the message passing system.We present a hybrid model of 
omputation 
ombining the two most 
om-mon paradigms of parallel 
ommuni
ation: message passing, and shared memory,to enable a Proxy thread running on a dedi
ated CPU on an 
lustered SMP systemto maximize overlap of 
ommuni
ation with 
omputation.We gathered results from two SMP 
lusters; LeMieux with 4-way nodes,and Blue Horizon with 8-way nodes. viii



Chapter I
Introdu
tion

There have been many trends for design of parallel 
omputers. Histori-
ally, parallel 
omputers have been 
omposed of highly spe
ialised and expensiveunique super
omputers. However, this proved to be too expensive to build, lead-ing to designs attempting to use 
heaper 
omponents. Multi-
omputers, 
omposedof networks of single pro
essor 
omputers have been on one end of the spe
trum(Figure I.1). Another design used multi-pro
essor 
omputers whi
h were singlema
hines with multiple CPUs within the ma
hine. This led to the next obvioustrend whi
h was to 
ombine the two single tier hierar
hies and use 
lusters ofmulti-pro
essor 
omputers to form a multi-tier hierar
hy (Figure I.2) [12℄ [11℄.

Figure I.1: Single-tier Computer System
1
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Figure I.2: Multi-tier Computer SystemThe relative 
ost of 
omputational power has fallen with Moore's Lawmaking 
lusters of workstations or multi-pro
essor 
omputers more feasible and
ost-e�e
tive. Commodity-o�-the-shelf 
omputers and workstations, due to highsales volumes, and more rapid te
hnologi
al innovation provide superior 
ost-performan
e ratios as 
ompared to more traditional parallel ma
hines or mi
ro-
omputers. However, the level of advan
ement in 
ommuni
ations te
hnology hasnot kept up with the level of growth of 
omputation, leading to a disparity in 
om-putation vs. 
ommuni
ation.[14℄ The growth of 
omputational power is qui
klyout-pa
ing the growth of 
ommuni
ation, leading to a highest 
ost for 
ommuni-
ation within parallel algorithms. Hardware solutions have attempted to remedythis by o�-loading some 
omputational load of 
ommuni
ation proto
ols to on-board pro
essors on the network interfa
es themselves, but in addition to beingexpensive, they often 
an't o�-load basi
 software proto
ol overheads. With thede
reasing 
osts of symmetri
 multi-pro
essing (SMP) ma
hines, 
lusters with high
omputational power are be
oming more and more available at 
heaper 
osts while
ommuni
ations 
osts remain at a higher premium.This is a signi�
ant 
on
ern in 
lusters of multi-pro
essor 
omputers, as



3they typi
ally are limited to one network input/output devi
e per node. In multi-
omputers, where ea
h node has only one pro
essor, the network I/O devi
e is more
apable of handling the 
ommuni
ation load generated by the single pro
essor.Multi-pro
essors, whi
h have no external network, don't have a 
ommuni
ationsload problem as ea
h pro
essor is 
onne
ted to every other pro
essor through thema
hines internal bus. However, with 
lusters of SMPs, the network I/O devi
emust be shared between all the pro
essors within the node. Ea
h node 
an have4, 8, 16, or even more pro
essors per node. As more pro
essors are added, the
ostliness of 
ommuni
ations rises.Mult-tier ar
hite
tures attempt to save on 
ommuni
ation 
osts by ag-gregating pro
essors onto a node. For example, given a system whi
h has 512pro
essors total, a 128 node arrangement where ea
h node has 4 pro
essors mightbe slightly faster in that its available bandwidth per pro
essor is higher than thatof a 64 node 8-way arrangement. However, as more nodes are added to the inter-
onne
t, the 
ost of the swit
h be
omes more expensive, sometimes prohibitivelyso. Multi-tiered 
omputers must balan
e the trade-o� of 
ost of the inter
onne
tversus the available 
ommuni
ation 
apabilities for ea
h node on the inter
onne
t.While narrowing the width of the node by de
reasing the number of pro
essorsper node will in
rease 
ommuni
ations performan
e, the in
rease in 
ost will be
ounter to the whole point of using 
ommodity 
omponent 
lusters!I.A The need for overlapThe most 
ommon means of implementing 
ommuni
ation between nodesof a multi-
omputer system is by message passing. Message passing software li-braries su
h as MPI[22℄ (Message Passing Interfa
e - the industry standard formessage passing) often do not provide an easy way to eliminate 
ommuni
ationssoftware overheads. Their basi
 message passing routines are syn
hronous result-ing in blo
ks of 
omputation with global syn
hronisation points where all 
lients



4syn
 up and 
ommuni
ate. This model of parallel 
omputation is 
alled Bulk Syn-
hronous Parallelism (BSP) [4℄. They were also 
alled Loosely Syn
hronous prob-lems by G. C. Fox [13℄. Smaller messages 
an often be sent immediately withoutrequiring a syn
hronous re
eive 
all to be posted prior (referred to as Rendezvousmode 
ommuni
ations) but on
e they ex
eed the Eager Limit1 set by the system,then the syn
hronous re
eive 
all must be 
alled on the re
eiving side before thesend 
all will return 
ontrol ba
k to the 
aller 2 . MPI gets around this by o�eringnon-blo
king asyn
hronous routines in an attempt to provide overlap of 
ommuni-
ation with 
omputation by allowing the user to setup or "post" 
ommuni
ation
alls that will return qui
kly, allowing the program to 
ontinue on into a periodof 
omputation while the system asyn
hronously handles the 
ommuni
ation inthe ba
kground. However, even these aren't foolproof. The MPI standard doesn'tmandate or even set a 
eiling for when a message must be delivered. It 
an beheld and delayed for an arbitrary amount of time before delivery. [22℄ Overlapstrategies involving these non-blo
king 
ommuni
ation 
alls ne
essitate networkinterfa
e polling [20℄ [18℄ whi
h 
ompromises performan
e by for
ing the systemto periodi
ally 
ontext-swit
h to handle the system-level polling 
alls. At a morebasi
 level, it is also possible that the message layer library (MPI) may not beoptimised to the hardware platform 
orre
tly and may not be able to take advan-tage of any intelligent asyn
hronous 
ommuni
ation 
apabilities the hardware ornetwork interfa
e may have.The 
ost of message passing proto
ols su
h as MPI 
an be broken downinto two basi
 
omponents: overhead and transmission time. The overhead isthe 
ost of the message startup: essentially, all the time involved aside from thea
tual message transmission. This in
ludes 
omponents su
h as data serialisation,1The system's de�ned Eager Limit is the largest point-to-point message whi
h will be a

eptedby a syn
hronous 
ommuni
ation-send if no mat
hing re
eive 
all has been posted prior, allowingthe syn
hronous send to return 
ontrol ba
k to the 
aller immediately similar to an asyn
hronoussend.2http://www.
s.unb.
a/a
rl/training/general/programming ibm power3/sld048.htmhttp://www.lanl.gov/orgs/
i
/
i
8/para-dist-team/MSGPASS/MPI/...IMPLEMENTATION ISSUES/CHARACTERISTICS/unexpe
ted.html



5proto
ol sta
k startup, memory bu�er pa
king, et
. The transmission time is thea
tual network transfer 
ost of sending the 
omplete message. The overhead ismainly limited by on-node resour
es su
h as the 
omputational ability to qui
klypa
k data and get the data to the network interfa
e; it is not limited by bandwidthor the inter
onne
t itself, unlike the transmission time whi
h is governed almostsolely by the bandwidth of the inter
onne
t. In asyn
hronous 
alls su
h as thoseprovided by the immediate mode MPI 
alls, only the transmission time 
an beoverlapped. The overhead 
ost of 
alling the basi
 
ommuni
ations primitives 
annot be avoided simply. Overlap using asyn
hronous 
alls does however a
hieve thegoal of overlapping the per
eived 
ommuni
ation time with 
omputational periodsthus amortizing the 
ost of the network transfer out among the 
omputation timeperiod. This is all of 
ourse dependent on the MPI library's ability to realiseoverlap using asyn
hronous 
ommuni
ation to begin with. In our Results 
hapterwe provide data showing one of our ma
hine's MPI library's inability to attainoverlap using MPI's Imode asyn
hronous 
ommuni
ation primitives.Di�erent 
lasses of problems lend themselves to overlap di�erently. In-dependent, or embarrassingly parallel 
omputation 
lasses 
an be rewritten quiteeasily to utilise overlap as iterations or datasets are relatively independent of ea
hother. However, problems where iterations and/or data are dependently inter-twined, or problems where frequent periodi
 syn
hronisation points are requiredare often harder to a
hieve overlap with.I.B Enabling Overlap via a ProxyProxies are useful as a intermediary 
ommuni
ations manager. Theyallow nodes to fo
us on being 
omputational 
lients, and they 
an help amortizethe 
ost of 
ommuni
ations on multi-pro
essors [17℄. In addition, be
ause 
lustersof multipro
essors are 
omposed of SMP nodes, proxies give an opportunity to



6a
hieve overlap on ma
hines that may not support 
ommuni
ation overlap via
onventional asyn
hronous 
alls.Consider a multi
omputer with four-way SMP nodes; one 
an set asideone CPU per node as the proxy for the remaining three CPUs. Rather than havingea
h CPU in
ur its own network I/O 
osts for ea
h Send/Re
eive of data, the proxy(typi
ally the �rst of the SMP CPUs, for no ne
essary reason) in
urs all 
osts. Ina system of single-pro
essor nodes, using 
onventional overlap te
hniques (su
h asasyn
hronous message passing 
alls) allow the transmission time to be hidden (asnoted above), however the 
osts asso
iated with the overhead of the messagingsystem 
an not be hidden.The usefulness and pra
ti
ality of a proxy be
omes more evident on 
lus-ters where the nodes are symmetri
 multi-pro
essing (SMP) ma
hines. Using oneof the CPUs on an SMP node to manage all the 
ommuni
ation will allow theseoverhead 
osts to be in
urred by the proxy leaving the other CPUs free to 
on-tinue pro
essing, thus eliminating a serial portion of the 
ommuni
ation 
ode. Thedownside to this is, of 
ourse, the loss of one of the CPUs from the total 
ompu-tational power of the node if using a dedi
ated CPU for the proxy. If sharing aCPU between a proxy and 
ompute 
lient, thrashing of that CPU and its 
a
hemay o

ur leading to disproportionate run-times for that 
ompute 
lient for
ed toshare its CPU with the proxy. If running a syn
hronous algorithm, this may inturn slow down the other CPUs for
ed to syn
hronise with the shared 
ompute
lient. While we are interested 
hie
y in proxies as a means of obtaining better
ommuni
ations overlap, they 
an also be used as a means of giving prote
teda

ess to a single network I/O interfa
e as mentioned in the paper by Lim, Hei-delberger, Pattnaik, and Snir.[17℄. This is often an important 
onsideration, asmany libraries su
h as MPI are not guaranteed to be thread-safe. MPICH (afree implementation of MPI popular under Linux and BSD 
lusters)3 for exam-3MPICH - A Portable MPI Implementation 
an be found at



7ple is not thread safe. Use of a proxy allows all MPI 
ommuni
ations routinesto be 
alled from the proxy thread, maintaining prote
ted a

ess to the networkinterfa
e. IBM's implementation of MPI[2℄, for instan
e, is not guaranteed to bethread-safe. This prote
ted a

ess also leads to higher throughput 
ommuni
ation,as the single proxy thread saves the network I/O from being shared and swit
hedbetween multiple other threads.I.C Plan and Summary of ResultsThe work in this thesis will extend work done by Fink[11℄ and Baden[3℄.We attempt to show that for 
ertain 
lasses of problems, using a 
ommuni
ationproxy will prove advantageous over asyn
hronous immediate mode MPI 
alls inenabling overlap of 
ommuni
ation with 
omputation. For the two appli
ations weimplement, a partial di�erential equation solver (RedBla
k3D), and matrix-matrixmultipli
ation (SUMMA), we observed mixed results. We observed that gettingthe best performan
e out of problem retooled to use a proxy required balan
ingbetween the size of the problem as well as the node 
on�guration used to solve theproblem. Smaller problem sizes tend to not provide enough 
ommuni
ation, andlarger problem sizes tend to provide too mu
h 
omputation, thus making a proxybene�
ial for some 
lasses of problems, but not in the general 
ase.

http://www-unix.m
s.anl.gov/mpi/mpi
h/



Chapter II
Motivating Appli
ations
II.A Finite Di�eren
e MethodThe �rst appli
ation is 
alled RedBla
k3D, a solver whi
h solves a partialdi�erential equation (Poisson's equation) in three dimensions. It uses a su

essiveover-relaxation method, Gauss-Seidel's method to solve the dis
rete equation usinga seven-point nearest-neighbour (in all three dimensions) sten
il.The basi
 strategy of RedBla
k3D, not taking into a

ount the multi-tierhierar
hy of the 
omputer, is to divide the grid a 
at uniform distribution 
hunks ofdata evenly distributed a
ross all nodes. Figure II.1 shows an example distributionof data a
ross four nodes. The RedBla
k3D algorithm is divided into two phases:

Figure II.1: The single-tier syn
hronous solution, partitioned in a 
at uniformdistribution a
ross 4 nodes, showing the halo region of ghost 
ells for ea
h node8
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Figure II.2: The single-tier asyn
hronous solution, partitioned in the same 
at uni-form distribution a
ross 4 nodes, showing the same halo region of ghost 
ells. Theshaded region denotes the outer annulus whi
h is dependent upon the 
ompletionof the asyn
hronous 
ommuni
ation.

Figure II.3: The multi-tier solution, partitioned at the node level on a 4-way SMP,showing the halo as the shaded region. The annulus is depi
ted in the outer regionslabelled 4-7. The interior is labelled as regions 0-3, one for ea
h pro
essor on thenode.



10ST Relax()f initiate ghost 
ell 
ommuni
ationwait for ghost 
ell 
ommuni
ation 
ompletionserialRelax(U[pro
entire℄)g Figure II.4: Pseudo-
ode for the RedBla
k3D single-tier relaxation kernelMT Relax()f initiate ghost 
ell 
ommuni
ationserialRelax(U[pro
inner℄, rhs[pro
inner℄)wait for ghost 
ell 
ommuni
ation 
ompletionserialRelax(U[pro
annulus℄)g Figure II.5: Pseudo-
ode for the RedBla
k3D multi-tier relaxation kernelMT Relax()f initiate ghost 
ell 
ommuni
ationparallel for (ea
h pro
essor in node)serialRelax(U[nodeinner℄, rhs[nodeinner℄)wait for ghost 
ell 
ommuni
ation 
ompletionparallel for (ea
h pro
essor in node)serialRelax(U[nodeannulus℄, rhs[nodeannulus℄)g Figure II.6: Pseudo-
ode for the RedBla
k3D proxy relaxation kernel
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omputation and 
ommuni
ation.In the syn
hronous, non-overlapped version single-tier version, the sub-problems are de�ned solely as one region per node, with a ghost 
ell region border-ing the sub-problem. This ghost 
ell region is 
opied during the 
ommuni
ationphase from pro
ess that owns the neighbouring sub-problem. The 
omputationphase then 
omputes and updates the lo
al sub-problem, and sends out the borderregion to its neighbours so they 
an update their own ghost regions.In the asyn
hronous, overlapped single-tier version, the sub-problem isfurther divided into regions that depend on the ghost 
ells (
alled the annulus), andthe region that is independent of any ghost 
ell updates (
alled the inner region).The two phases are then further sub-divided so that a �rst 
ommuni
ation phaseis started where asyn
hronous 
ommuni
ation is initiated to re
eive the ghost 
ellsfrom its neighbours. Lo
al 
omputation is then done on the inner region. Afterthe inner 
omputation is 
ompleted, the pro
ess waits to ensure the asyn
hronous
ommuni
ation has 
ompleted; upon 
ompletion, the 
omputation updates theannulus region. After the annulus region has 
ompleted, it is sent to its neighboursso they 
an update their ghost 
ell values.In the asyn
hronous, overlapped multi-tiered proxy version, the sub-problems are de�ned at the node level rather than the pro
essor level. The annulusand inner regions are de�ned the same way as in the asyn
hronous single-tier ver-sion, ex
ept now the annulus region is wrapped around the entire node, rather thanjust the pro
essors. The phases are the same in that a 
ommuni
ation phase is�rst run initiating asyn
hronous 
ommuni
ation on the ghost 
ells from the node'sneighbours. The lo
al 
omputation divides up the inner region into p smallerdisjoint sub-blo
ks (not ne
essarily uniform) whi
h are mapped to the number ofpro
essors within the node. The pro
essors 
ompute and update their own sub-blo
ks. Upon 
ompletion, the algorithm waits to ensure ghost 
ell updates have
ompleted before dispat
hing the pro
essors to 
ompute and update the annulusregion and 
ommuni
ate the updated values to the node's neighbours. Figure II.3



12shows the partition and distribution of data at the node level, depi
ting the annulusand partitioning of the inner region.In the MPI native non-blo
king asyn
hronous model, 
ommuni
ation is
attened out into the single-tier model, whi
h ignores the node-level 
ommuni-
ation. All 
ommuni
ation is done pro
essor to pro
essor. An MPI geometry isde�ned whi
h blo
ks all the pro
essors on a node into a grid, thus minimizingo�-node 
ommuni
ation. However, the proxy model maps more 
losely onto themulti-tier model, eliminating pro
essor-level 
ommuni
ation. In the proxy model,pro
essors do not 
ommuni
ate to other pro
essors o� node. All 
ommuni
ationo�-node is handled at the node level by the proxy thread. The non-overlappedmodel will of 
ourse tend to have the highest 
ommuni
ation 
ost as the pro
esseswait for 
ommuni
ation to 
omplete before 
ontinuing on to the 
omputationalupdate phase. The overlapped single-tier model attempts to overlap the 
ommu-ni
ation with the lo
al 
omputation. Communi
ation in this single-tier overlappedmodel will o

ur at two speeds as 
ommuni
ation between two neighbouring pro-
esses residing within the same node should be fast as it does not have to go out tothe inter
onne
t while two pro
esses residing on di�erent nodes will be slowed bythe inter
onne
t. Communi
ation in the multi-tier proxy model should be moreoptimal, as it eliminates ex
essive annulus region partitioning be
ause the annulusis de�ned at the node level rather than the pro
essor level.II.B Matrix-matrix Multipli
ationThe se
ond appli
ation implemented was Van de Geijn's SUMMA (S
al-able Universal Matrix Multipli
ation Algorithm) [15℄ [1℄. SUMMA is a fast matrixto matrix multipli
ation algorithm whi
h allows for fast s
alable matrix multipli
a-tion. More importantly, the SUMMA algorithm is very easy to re-write to enableoverlap. Essentially, SUMMA uses broad
asting of data within row and 
olumngroups to more eÆ
iently 
ompute the produ
t, as shown in Figures II.7-II.9. The
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Figure II.7: Phase 1 - All pro
essors in the same 
olumn group as the root nodebroad
ast their sub-matri
es of A to all the nodes in their same row group (i.e.:laterally along the mesh)lo
al sub-problems are 
omputed using the BLAS level 3 dgemm matrix-multiplykernel whi
h is generally provided as part of the system libraries.A detailed des
ription of the algorithm 
an be found in [15℄. A briefoverview is ne
essary here to explain how overlap is a
hieved, however. The pro-
essors are partitioned into a r x 
 mesh of nodes, with the two-dimensional ma-tri
es overlaid on top. In Figures II.7-II.9, a 4x4 grid of pro
essors is overlaid onthe matrix to partition it up into 16 equally sized sub-matri
es. Ea
h sub-matrixis of dimension i rows by j 
olumns. For our purposes, sin
e we're operating on auniform square matrix, i = j.The matrix-matrix multipli
ation is then exe
uted as a sequen
e of rank-1updates, where ea
h node loops over the 
ommon dimension k (given that A=m x kand B=k x n). The iteration runs in panels, pro
essing several k together to bene�tfrom the use of lo
ality and stride. Within the loop (iterating with i from 0 to k asmentioned), the algorithm works in three phases. During phase 1 (Figure II.7), allpro
essors in the ith 
olumn broad
ast a 
opy of theirA sub-matrix to all the other



14

Figure II.8: Phase 2 - All pro
essors in the same row group as the root nodebroad
ast their sub-matri
es of B to all the nodes in their same 
olumn group(i.e.: longitudinally along the mesh)pro
essors in the same row group (e.g.: a lateral broad
ast along the rows of themesh). The re
eiving pro
essors re
eive this sub-matrix into a lo
al bu�er R. Inphase 2 (Figure II.8), all pro
essors in the ith row broad
ast a 
opy of their B sub-matrix to all the other pro
essors in the same 
olumn group (e.g.: a longitudinalbroad
ast along the 
olumns of the mesh). The re
eiving pro
essors re
eive thissub-matrix into a lo
al bu�er S. In the third and �nal phase (Figure II.9)e, ea
hpro
essors does its lo
al dgemm operation. The root node (the node whi
h ownsboth the ith row and 
olumn) does a dgemm of the two lo
al sub-matri
es of Aand B. The nodes that broad
ast laterally do a dgemm of their sub-matrix of Awith the re
eived sub-matrix of B in S (from phase 2). The nodes that broad
astlongitudinally do a dgemm of their sub-matrix of B with the re
eived sub-matrix ofA in R (from phase 1). The remaining nodes in the mesh do a lo
al dgemm of there
eived sub-matrix of A in R (from phase 1) with the re
eived sub-matrix of B inS (from phase 2).For the syn
hronous model, the algorithm follows a basi
 model where for
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Figure II.9: Phase 3 - Lo
al dgemm phase where the root node (hat
hed) multipliesthe two sub-matri
es of A and B it owns together. The neighbours (shaded) inits row group matrix-multiply their sub-matrix of B with the re
eived sub-matrixof A from Phase 1. The neighbours (shaded) in its 
olumn group matrix-multiplytheir sub-matrix of A with the re
eived sub-matrix of B from Phase 2. The othernodes matrix-multiply both the re
eived A and B sub-matri
es.
Cmn = 0for i = 0 to (k � 1)f broad
ast Ami to members of row groupbroad
ast Bin to members of 
olumn groupCmn+ =dgemm(Ami x Bin)g Figure II.10: Pseudo-
ode for the SUMMA operation for C = AB



16ea
h iteration, the row broad
ast is done �rst, followed by the 
olumn broad
ast -both done using syn
hronous 
ommuni
ation as the data being re
eived is ne
essaryfor the dgemm sub-matrix multipli
ation. The dgemm is then run, and the nextiteration is then started.Enabling overlap is relatively straightforward on the SUMMA algorithmdue to the 
lean separation and relative independen
e of 
ommuni
ation withinea
h loop iteration. The very �rst iteration is dependent upon data already beingthere, so the R and S bu�ers are �lled syn
hronously for this �rst iteration. On
ethat is 
omplete however, for ea
h iteration i, asyn
hronous 
ommuni
ation isstarted on the i+1 iteration before starting the dgemm operation on the i sub-matrixmultipli
ation. When the dgemm is 
omplete, the node waits on the asyn
hronous
ommuni
ation for i+1 to ensure that all the data ne
essary for the i+1 iterationis re
eived properly. On
e the data transfer is 
omplete, the next iteration i+1is started, thus asyn
hronously starting the 
ommuni
ation for the i+2 iterationand so on, so forth. This makes for a relatively easy to overlap algorithm.



Chapter III
Implementation
III.A OverviewWe propose using a dedi
ated "Proxy" thread running as a dedi
atedthread running on a dedi
ated CPU of an SMP node. This proxy then manages
ommuni
ation for that entire node. We hope that by using a hybrid 
ommuni-
ation model in
orporating both shared memory threads and message passing we
an enable better performan
e, and a
hieve easier overlap.III.B What does the proxy provide?III.B.1 Network devi
e sharing and prote
tionAs mentioned in the introdu
tion, 
lusters of multi-pro
essor nodes typ-i
ally only have one network interfa
e devi
e per node. Uni-pro
essor ma
hineshave ex
lusive a

ess to the network devi
e allowing for unlimited use. However,this is wasteful in that the network devi
e isn't always in use. There are inevitablyperiods of non-use within many parallel algorithms.In an SMP node, we 
an �ll in the periods of non-use by enabling theother pro
essors to share the network devi
e making expensive 
ommuni
ations

17



18interfa
es more 
ost-e�e
tive by bringing up their utilisation per
entage. Theextra threads 
reate more 
ommuni
ation, whi
h 
an then be multiplexed by theproxy thread onto the network devi
e.However, if all pro
essors share the network interfa
e, then 
ontention forthe single hardware devi
e rises. While some implementations of MPI are thread-safe, it is not guaranteed that all are. Also, even if they are thread-safe, there is a
ontext-swit
hing overhead in
urred when the s
heduler must manage permission
ontrol of the network interfa
e between multiple pro
essors or threads that requesta

ess to it. The system must manage a

ess to the network devi
e with some sortof mutual ex
lusion. With the proxy however, all 
ommuni
ation is managed bythe single proxy thread. This frees up the other threads from having to needto swit
h a

ess to the network interfa
e, allowing one thread to retain ex
lusivea

ess and 
ontrol of the interfa
e. This eliminates any prote
tion or lo
king issues,as well as eliminating the 
ontext-swit
h overhead mentioned above.III.B.2 A dedi
ated 
ommuni
ations managerA proxy a
hieves better performan
e by allowing overlap, as mentioned.It allows a separate proxy thread to handle 
ommuni
ation so that 
omputational
lients running in other threads don't waste 
y
les on 
ommuni
ations routines,and 
an instead devote their pro
essing power to 
omputational 
y
les. Regu-lar asyn
hronous routines provide ways of hiding the laten
y of 
ommuni
ations.However, proto
ol overheads 
an not be amortized away with these asyn
hronousroutines. A proxy allows for redu
ed laten
y, as well as eliminating the proto
oloverheads thus resulting in in
reasing e�e
tive bandwidth. Falsa� and Wood show[10℄ that a proxy running on a dedi
ated CPU 
an give a bene�t for light-weight
ommuni
ations proto
ols in appli
ations that exhibit high amounts of 
ommuni-
ation, i.e.: where 
ommuni
ation is a bottle-ne
k.By eliminating 
ommuni
ation portions of the algorithm, and allowingother threads to fo
us solely on 
omputation, the dedi
ated proxy thread helps



19eliminate 
ontext overheads in
urred between swit
hing from 
omputation to 
om-muni
ation management. Be
ause all the management is done by a dedi
atedthread on its ex
lusive pro
essor, the other threads running on the remainingpro
essors a
hieve better 
a
he lo
ality by 
onstantly staying within their 
ompu-tational phases without having to worry about 
ommuni
ations management.An analogy 
an be made between a group of n engineers. While havingall n engineers do development work is one solution; in pra
ti
e, it is almost alwaysbetter to have one manager to manage the team of engineers taking 
are of busywork su
h as budgeting, s
heduling, et
. Essentially, taking 
are of the busy-work freeing up the other team members to fo
us on the engineering developmentne
essary to 
omplete the proje
t. If all n engineers have to deal with their ownpaperwork involving balan
ing budgets, or s
heduling meetings, then they are lesse�e
tive as 
ompared to having the one manager to manage them, even with theloss of the manager as a potential engineer.III.C Models of 
ommuni
ationThere are four permutations of 
ommuni
ation models an algorithm 
anbe 
lassi�ed into. The issue of single-tier vs. multi-tier deals with how 
losely thealgorithm is aware of the ar
hite
ture of the system. In single-tier formulations,the algorithm sees the system merely as a one-level forest of nodes, thus 
atteningout any sense of a hierar
hy (if one exists). Multi-tier formulations are more awareof the system ar
hite
ture, and thus 
an take advantage of system enhan
ementsand lo
ality issues that the single-tier formulation may not. The issue of makingan algorithm single-tier or multi-tier aware is a balan
e between portability andperforman
e. Single-tier algorithms are more portable sin
e any ar
hite
ture 
anbe 
attened to a single-tier representation. While some performan
e may be lost inthe dis
arding of system-awareness, it 
an often be 
ompensated for by hardwareor system-level enhan
ements (su
h as making the under-lying 
ommuni
ation li-



20brary multi-tier aware, yet still retaining a single-tiered API). However, multi-tieralgorithms whi
h 
an map themselves to the system ar
hite
ture better 
an havea better idea of how to partition data, and optimize the distribution of data inorder to minimize 
ommuni
ation. Sin
e this is done at the algorithm level, anysystem-level enhan
ements done at the library level 
an not help out as mu
h.Syn
hronous versus asyn
hronous 
ommuni
ation deals with how the
ommuni
ation between nodes is negotiated. In a syn
hronous 
ommuni
ationmodel, the re
eiver must be aware and ready to re
eive a 
ommuni
ation beforethe sender 
an 
omplete and return 
ontrol ba
k to the 
aller (as mentioned in theintrodu
tion). In an asyn
hronous 
ommuni
ation model, the sender 
an initiatea sending 
ommuni
ation before the re
eiver is even aware that it will be re
eivingdata. The 
ontrol returns ba
k to the sender who 
an go ahead and 
omplete othertasks. When it wants to know when the 
ommuni
ation has been 
ompleted, itwill wait on the 
ommuni
ation - thus making it syn
hronous in that the wait willnot return until the 
ommuni
ation has 
ompleted.Overlap is a
hieved by using either asyn
hronous 
ommuni
ation in asingle-tier model or multi-tier model. Overlap is also a
hievable in the multi-tiermodel by using a dedi
ated proxy thread using either syn
hronous or asyn
hronous
ommuni
ation.Our data in this thesis 
ompares three models: single-tier syn
hronous,single-tier asyn
hronous, and multi-tier using a dedi
ated thread.III.C.1 Message passingMessage passing toolkits su
h as MPI provide an expli
it, 
lear-
ut meansof doing both inter and intra node 
ommuni
ation. On the MPI implementationsrunning on LeMieux and Blue Horizon, ea
h pro
ess is spawned as its own heavy-weight pro
ess, rather than as a thread. This models the node environment moreas a 
at single-tier system, as it abstra
ts away the SMP layer, treating everypro
ess (and thus CPU) as members of a 
at system of nodes. On an improperly



21designed implementation of a message passing layer, it's possible that this mayresult in ex
essive network usage due to the hiding of the SMP hierar
hy. Onboth LeMieux and Blue Horizon, the MPI runtime is designed to short-
ir
uit thenetwork for intra-node messages, i.e.: any messages going from one MPI pro
ess toanother MPI pro
ess residing on the same node will short
ut the network interfa
eand stay within the node. However, this still results in a deep memory 
opy fromthe address spa
e of the �rst MPI pro
ess to the se
ond. On Blue Horizon, thepoint to point transmission time of two pro
essors on-node is 12�s, versus 140�sfor an o�-node message sent using MPI syn
hronous primitives. On LeMieux,the point to point transmission time of two on-node pro
essors is 12�s, with anessentially identi
al time of 13�s for o�-node messages. These times are for pointto point messages 
onsisting of one double. For longer messages of 4096 doubles,LeMieux takes approximately twi
e as long (79�s on-node, versus 154�s o�-node).Message passing toolkits' main advantages are in its more expli
it 
ontrol
ow, as 
ompared to shared memory toolkits thus leading to easier developmentand subsequent debugging. While shared memory systems are 
onvenient for intra-node 
ommuni
ation, distributed shared memory (DSM) systems abstra
t awaythe distribution of memory a
ross remote nodes, resulting typi
ally in worse per-forman
e. Higher performan
e is possible, if "hints" are provided, or if the shareddata is laid out in a spe
i�
 manner in whi
h to minimise 
oheren
e transa
tions.However, to a
hieve the best performan
e, it is often ne
essary to provide as mu
h
ontrol information as one would need to program in a message-passing environ-ment [18℄III.C.2 Shared memoryOther parallel pro
essing toolkits su
h as OpenMP or POSIX threads(pthreads) support a shared memory method of sharing information between pro-
esses. Shared memory provides an easier interfa
e than the message-passingparadigm, as it is simply an extension of the serial memory programming interfa
es



22with whi
h the programmer is already familiar with. However, shared memory im-plementations to allow o�-node a

ess are often 
omplex or 
ompli
ated, and havelonger laten
ies or higher overheads than the more simple message passing toolk-its - hen
e the popularity of MPI vs. threads. Shared memory libraries are oftenfaster for intra-node 
ommuni
ation however, as shown by the thread pa
kages' be-haviour on both LeMieux and Blue Horizon. Threads are spawned as light-weightpro
esses, or threads. This enables them to have shared pages of memory mappedbetween threads.As mentioned above, however, using distributed shared memory for re-mote node memory a

ess often results in poor performan
e. While semanti
s makefor more 
onvenient usage, the 
osts are often hidden in the ease of use. Abstra
t-ing away the "remote-ness" of data merely allows the programmer to 
onvenientlyignore where that data resides, resulting in medio
re or sub-par performan
e as
ompared to message passing environments whi
h for
e the programmer to addresswhere the data a
tually resides.Typi
ally, parallel algorithms are implemented using either message pass-ing (on multi-
omputers, or 
lusters 
omposed of a network of single-pro
essornodes), or shared memory (on multi-pro
essors, or a single 
omputer 
omposed ofmultiple pro
essors).The shared memory paradigm does not map easily to a distributed net-work of multi-pro
essors. The overhead of attempting to maintain shared memorysemanti
s overlaid on top of (typi
ally) a message passing 
ommuni
ations layerbetween nodes 
auses signi�
ant overheads, despite the bene�ts of maintaining aneasy to use programming paradigm and syntax [18℄. However, within threads run-ning within the same node on a multi-pro
essor ma
hine su
h as the SMP nodesutilized in this work, shared memory often provides better performan
e and loweroverheads than message passing toolkits. Sharing pages of memory between light-weight threads, and allowing the threads to maintain their own prote
tion modeleliminates many overheads as 
ompared with more heavy-weight message passing



23pro
esses. Be
ause the threads share the same address spa
e, 
ontext-swit
hingoverheads between threads are signi�
antly redu
ed as 
ompared to pro
esses aswell. Often threads are able to give bene�ts when parallel 
ode done solely withMPI su�ers from load balan
ing, or memory limitations [21℄ [8℄. Load balan
ing
an be hard to setup and manage in a system of pro
esses 
ommuni
ating withmessages. For example, a master-worker job queue 
an be hard to manage withsolely message passing. Workers may take too larger a job sli
e, leading to loadimbalan
e. On the other hand, taking too little work leads to frequent and ex
essive
ommuni
ation. Shared memory allows for �ner grain load balan
ing as workers
an take work as they need it from a shared data area without expli
it messages.Memory limitations 
an often be involved when spawning multiple heavy-weightpro
esses on one node as ea
h pro
ess must take its own sta
k and in
ur its ownoverhead. Lightweight threads working with a shared data area often enjoy loweroverheads leading to lower memory requirements.III.C.3 POSIX threads vs. OpenMP threadsIn our �ndings, we 
ompared using POSIX threads (pthreads) versusOpenMP threads. The main di�eren
es lie in the s
heduling and pla
ement of therespe
tive threads on dedi
ated or shared CPUs. Pla
ement of both OpenMP andPOSIX threads is 
ontrolled by the operating system, with a job queue asso
iatedwith ea
h of the CPUs within a node. The management of the queues is 
ontrolledat the operating system level. Working with the Pittsburgh Super
omputing Cen-tre support sta�, it was determined that di�eren
es in pla
ement over time inresponse to system load varied between pthreads and OpenMP threads.OpenMP allo
ates a �xed number of threads as determined by theOMP NUM THREADS environment variable upon initialisation of the omp parallelpragma dire
tive. Typi
ally, if the number of threads mat
hes the number ofCPUs on a node (in the 
ase of LeMieux, this is four), then the threads are usually



24s
heduled onto separate and dedi
ated CPUs, regardless of the potential workload.The POSIX threads pa
kage however will not move a newly instantiatedthread to its own pro
essor unless the 
urrent pro
essor has a high enough workloadto mandate migrating a thread to a new CPU. If the total aggregate workloadis not enough to warrant another pro
essor, then the pthreads pa
kage will runthe multiple threads on a smaller subset of physi
al pro
essors for
ing two ormore threads to share a pro
essor. The idea behind this is to improve 
a
hea

esses/misses for multiple threads that may be sharing memory.While initial behaviour of both pa
kages is di�erent (i.e.: initial pla
e-ment of a newly 
reated thread), the prolonged behaviour of both thread pa
kagesresulted in similar s
heduling poli
ies. Both the OpenMP and pthreads pa
kagestend to bind threads to a pro
essor where they remain in pla
e as long as work-load is 
onsistent. The only ex
eption is if the workload is trivial, in whi
h 
aseOpenMP tends to keep the threads running on separate CPUs, whereas the POSIXthreads will 
oales
e onto a smaller subset of CPUs.In addition, there is the issue of portability. OpenMP is a thread librarythat has been standardized on by HPC (high-performan
e 
omputing) vendors,with open support by the likes of HP/Compaq, IBM, et
. There are many threadlibraries out there, su
h as pthreads, but OpenMP is the supported and a

eptedstandard. Even if it is available, the pthreads pa
kage does not often exhibitstandard behaviour. The POSIX standard provides a standardized interfa
e, butdoes not di
tate portable behaviour su
h as s
heduling poli
ies.The 
hoi
e was made to use the OpenMP threads pa
kage as it providedmore expli
it dedi
ated CPU s
heduling during the initialisation phase. Sin
e weknow that our 
omputational phases are designed to maximize CPU utilization,we know that our threads will need dedi
ated pro
essors. The POSIX threads willmigrate the threads to their own dedi
ated pro
essor eventually, however, OpenMPsaves us the 
ost of migrating the thread from one pro
essor to another.



25III.C.4 Utilizing a hybrid modelWhile the MPI routines on both LeMieux and Blue Horizon use sharedmemory to by-pass and short 
ir
uit going out to the network, we believe that ahybrid approa
h of both message passing (using MPI) and shared memory (usingOpenMP threads) will provide better performan
e.The message passing paradigm maps well to heavy-weight pro
esses; andone 
an indeed run multiple pro
esses on an SMP ma
hine, mapping one pro
essorper pro
essor. However, using a message passing library to go out onto the networkto 
ommuni
ation from one pro
essor to another pro
essor residing on that samenode is extremely wasteful. MPI implementations on both LeMieux and BlueHorizon short 
ir
uit the network by using shared memory to pass data betweentwo 
ommuni
ating pro
essors within the same node.Other work on SMP ma
hines has often used heavy-weight pro
esses in-stead of the more light-weight threads we use in this work [17℄ [24℄. While 
re-ating one pro
ess per physi
al pro
essor does provide more traditional message-passing semanti
s as well as ease of porting, we feel that the bene�ts of utilizing athreaded model outweigh the bene�ts of using pro
esses. A threaded model pro-vides redu
ed swit
hing/s
heduling and 
opying overheads[18℄, allowing for faster
ontext-swit
hes. Utilizing a threaded model also allows for the usage of sharedmemory - a feature 
riti
al to eÆ
ient queue management, as we use shared mem-ory to a
hieve fast intra-node 
ommuni
ation.However, the expli
it 
ontrol and semanti
s of messages allow for moreoptimal and 
ost-e�e
tive inter-node 
ommuni
ations. A hybrid approa
h of usingOpenMP threads to manage on-node 
ommuni
ation using shared memory datastru
tures, and MPI message passing routines to manage inter-node data transferwill bring the bene�ts of both paradigms, utilizing the bene�ts of ea
h individual
ommuni
ation model to help o�set the 
ons of the other.Essentially, going to the hybrid multi-tier model 
reates another layerin the 
ommuni
ation 
ontrol levels. Previously with message-passing or shared



26memory, there was just the Colle
tive and Pro
essor levels of 
ommuni
ation 
on-trol. With a hybrid multi-tier model, we now have a new middle-level, Node level
ontrol. In addition, by 
onsolidating the 
ommuni
ations to one proxy thread wede
rease the amount of pro
esses 
ommuni
ating on the network interfa
e for thenode. It has been shown that when fewer pro
esses share an interfa
e, the 
on-tention de
reases allowing for lower laten
y and higher bandwidth to the interfa
e.[9℄. In addition, by 
onsolidating messages, we eliminate any ex
ess 
osts in
urredby message start-up times.III.C.5 S
heduling the proxy threadOne issue with s
heduling a proxy 
ommuni
ator thread is whether or notto dedi
ate a CPU in the SMP node to run the proxy thread, or whether the threadshould share that CPU with a 
omputational 
lient. We adopt the terms dedi
atedto indi
ate the proxy thread running on its own dedi
ated CPU, and shared toindi
ate that the proxy shares a CPU with another 
omputational 
lient.In the dedi
ated s
enario, a CPU whi
h 
an be used to run 
omputa-tional threads is taken o� to handle the proxy thread. This obviously redu
es thepeak performan
e 
apability in terms of raw 
omputational power of the appli
a-tion as a whole. However, this added 
ost must be weighed against the potentialbene�ts of o�-loading the 
ommuni
ation overhead out of the remaining 
ompu-tational threads onto the proxy thread. A dedi
ated s
heduling s
heme seems tobe more appli
able for appli
ations that are very 
ommuni
ation-intensive and ex-hibit another 
ommuni
ation load to make the loss of 
omputational power worththe 
ost. In the shared s
enario, the hope is that 
ommuni
ation isn't enough toload the entire CPU that the proxy thread is running on, and that by sharingthat CPU among both the proxy thread and another 
omputational 
lient, we 
ana
hieve the best of both worlds. Pra
ti
e seems to indi
ate that this isn't optimal,



27as it is only pra
ti
al if the 
ommuni
ation load isn't truly intensive enough towarrant using a proxy thread in the �rst pla
e. The potential thrashing and 
a
he-invalidation due to 
ontext-swit
hing of the threads redu
es the performan
e sothat the performan
e is not worth running a proxy thread at all.III.D Programming with the ProxyAny programmer familiar with OpenMP will be familiar with how tospawn OpenMP threads. To use a proxy 
ommuni
ator, the developer must�rst isolate the 
ommuni
ations routines and rewrite the algorithm to separate
ommuni
ation-dependent data from 
ommuni
ation-independent data.The basi
 stru
ture of an algorithm written to utilize a proxy thread lookslike the pseudo-
ode shown in Figure III.2.A library was developed whi
h followed a similar model, by running athread full-time that would a

ept MsgSend/MsgRe
v primitives in an attempt toutilize a proxy while maintaining MPI/message-passing semanti
s with minimal
hange, but performan
e was not optimal. A proxy requires that 
ommuni
ationand 
omputation patterns be well known and partitioned in advan
e, rather than
ommuni
ating messages as they o

ur. To this end, a good interfa
e that mightbe useful in the future would be to maintain a data stru
ture separate from themain 
omputational stru
ture that des
ribes the work-set data. I.e.: it would giveindexes and ranges partitioning a dataset seen in one of the nodes in Figure II.1and des
ribing it so it looks like the dataset seen in Figure II.2 from Chapter II.A suitable interfa
e that we would build given time would look like the 
ode inFigure III.2.Indeed, this interfa
e is similar to the MotionPlan and FloorPlan stru
-tures whi
h are a part of the KeLP library [11℄ [12℄.
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main()f for ea
h iteration f#pragma omp parallelif (thread id = 0) fasyn
hronous send ghost 
ell region dataasyn
hronous re
v ghost 
ell region datawait for asyn
hronous sends to 
ompletetrigger 
omputational threadg else fdo 
ommuni
ation-independent 
omputationwait for trigger from proxy (thread id 0)
omplete 
omputationggg Figure III.1: Pseudo-
ode for utilizing a Proxy 
ommuni
ator thread
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main()f ProxyThread proxyDataStru
ture dataDataCommuni
ationPlan plandes
ribe/partition data into planfor ea
h iteration fproxy.StartIteration()do 
ommuni
ation-independent 
omputationproxy.WaitForCompletion()
omplete 
omputationgg Figure III.2: Pseudo-
ode for a future Proxy library interfa
e



Chapter IV
Results
IV.A Testbed & Ar
hite
tural DetailsThe proxy was implemented on two systems. The �rst, LeMieux, is a750 node 
luster lo
ated at the Pittsburgh Super
omputer Centre. Ea
h node isan HP/Compaq AlphaServer ES45 system 
omposed of a 4-way SMP (symmet-ri
 multi-pro
essor) 
on�guration of four 1GHz Alpha 21264C EV68 pro
essors.Ea
h pro
essor has a peak 
oating-point 
apability of 2 giga
ops. Ea
h pro
es-sor has separate 64 Kbyte write-ba
k L1 data and instru
tion 
a
hes, with 2-wayset asso
iativity and a 
a
he line size of 64 bytes. The L2 
a
he is a 8 megabytedual data rate 
a
he, enabling it to perform two data fet
h operations per 
lo
k
y
le. It is a uni�ed data and instru
tion write-ba
k 
a
he, also with 2-way setasso
iativity. 1 The nodes are 
onne
ted with a Quadri
s QSNet inter
onne
t, ahigh performan
e network inter
onne
t designed for low-laten
y, high-bandwidth
ommuni
ation with an advertised peak bandwidth of 340 MB/se
, and a pro
essto pro
ess laten
y of 2 �s (5 �s for MPI messages). Ea
h node has 4 Gigabytesof shared main memory, with a memory 
ross-bar swit
h 
apable of swit
hing 8gigabytes/se
ond. 21http://www.ps
.edu/ma
hines/t
s/lemieux.html#optimization2http://h18002.www1.hp.
om/alphaserver/es45/30



31The nodes run Compaq Tru64 Unix v5.1A, and provide parallel program-ming toolkits in the form of MPI, OpenMP, and Shmem. The Fortran 
ompilerused was the f90 Fortran90 
ompiler. LeMieux provides both GNU and HP 
om-pilers. The 
ode for this thesis was 
ompiled using the HP 
xx C++ 
ompiler. TheFortran 
ode was 
ompiled with the following options: -fno-se
ond-unders
ore-ff90 -fugly-
omplex, while the C++ 
ode was 
ompiled with the followingoptions: -O3The se
ond system used was Blue Horizon, a 144 node system lo
atedat the San Diego Super
omputer Centre. Ea
h node is an 8-way IBM Power3system 
onsisting of eight 375MHz Power-3 pro
essors. Ea
h node has 4 Gigabytesof shared main memory, with ea
h pro
essor having 1.5 GB/se
 bandwidth tomemory. Ea
h pro
essor has an 8MB 4-way set asso
iative L2 
a
he, and a 64KB128-way set asso
iative L1 
a
he. Both the L2 and L1 
a
he have a 
a
he line sizeof 128 bytes. The nodes are inter
onne
ted with IBM's fast proprietary Colonyswit
h whi
h has a measured MPI bandwidth of 350MB/se
, and a laten
y of 17�sThe nodes run AIX 4.3 with the IBMMPI and OpenMP implementations.Native IBM 
ompilers are used, with xlC r and xlf r used for C++ and Fortran 
oderespe
tively. The 
ompilers are wrapped in the MPI mpCC, and mpF 
ompilerwrappers. The C++ 
ode was 
ompiled with the following options: -O3 -qstri
t-qar
h=auto -qtune=auto -qsmp=omp:noauto while the Fortran 
ode was 
om-piled with the -O3 -qstri
t -qar
h=auto -qtune=auto -qsmp=omp:noauto -u-qnosave -q64 
ags.IV.B Performan
e Side E�e
tsWe believe the hybrid model will provide the bene�ts of both messagepassing and shared memory with hopefully none of the de�
ien
ies. However, thereare some side e�e
ts that will be 
aused by using a proxy thread. Be
ause one ofthe pro
essors has been taken out of the 
ompute pool to dedi
ate toward running
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ommuni
ation, this ne
essarily 
auses the 
omputation time on the remaining
omputational threads to in
rease (i.e.: the other three CPUs on LeMieux, andthe other seven CPUs on Blue Horizon).We 
an model an expe
ted level of performan
e as follows:Let Ts = total running time in the syn
hronous modelCt < T = time spent 
ommuni
atingp = number of CPUs per nodes = number of CPUs dedi
ated to running a proxy per nodeThen the theoreti
al time on the proxy model Tp is de�ned as:Tp = max((Ts � Ct) � pp�s ; Ct)3E.g.: we are s
aling the 
omputational time by the ratio given that weare losing s pro
essors to run proxy 
ommuni
ators. Assuming one would utilizeall the p CPUs on a node we 
an expe
t to lose sp 
omputational performan
e.For example, with Blue Horizon, ea
h node has eight pro
essors. Assuming ea
hCPU is utilized to its full extent (100%), we expe
t to see a 18 = 12:5% rise in
omputational time for the seven other 
omputational threads when used with aproxy thread running dedi
ated on the eighth pro
essor. Similarly, with LeMieux,we expe
t to see a 14 = 25% rise in 
omputational time on the remaining three
omputational threads. This performan
e model was originally derived by Fink[11℄ and Baden [3℄.In addition, sin
e all the CPUs within a node share the same main mem-ory, problems with shared memory 
ontention arises. As the node grows wider (e.g.:more pro
essors sharing the same bus) this shared memory 
ontention 
ost growsgeometri
ally. In ma
hines with two or four CPUs per node (su
h as LeMieux),3It is the maximum of the two expressions sin
e there are 
ases in 
ommuni
ation-intensivealgorithms where the 
ommuni
ation time spent by the proxy thread dwarfs the 
omputationaltime spent by the other threads, thus making the overall time the same as the proxy 
ommuni-
ation time.



33this is generally not too mu
h of a problem. As the 
on�gurations grow widerthough, this 
an be
ome detrimental - espe
ially on ma
hines su
h as Blue Hori-zon whi
h is 8-way, or another NERSC ma
hine Seaborg whi
h is 16-way. This isoften alleviated by having multiple ports to memory, allowing CPUs to simulta-neously a

ess memory without being bottlene
ked. On Blue Horizon, ea
h groupof four CPUs within a node share the same memory port. For our 
ase, sin
e weare running one proxy thread whi
h deals mostly with 
ommuni
ation and doesn'thave the same memory bandwidth requirements as the 
omputational threads,this presents a load imbalan
e problem in that three 
omputational threads wouldshare one port, while the remaining port would be shared among the other four
omputational threads.Communi
ation-wise, though we noted in Se
tion III.C.4 that aggregating
ommuni
ations onto one thread (the 
ase where s=1 in the performan
e modelpresented) 
an result in lower laten
y with higher bandwidth it must also be notedthat in problems where the 
hief 
onstraint is bandwidth (as opposed to CPU, ormemory bounds), often the aggregate bandwidth is lower than when using multiplepro
esses to 
ommuni
ate [9℄.One other side e�e
t must be noted in even using simple overlap usingMPI asyn
hronous 
alls. It is 
ommon for asyn
hronous 
ommuni
ations to 
ausean in
rease in the 
omputational time, even without the proxy. This 
an be at-tributed to a few 
omponents. The asyn
hronous transfer of data 
ould 
ausenetwork interrupts, 
ausing the system to 
ontext-swit
h and possibly use time tomanage the transfer of 
ommuni
ation or lose 
a
he lo
ality in the servi
ing of the
ommuni
ation. Additionally, the network interfa
e must get the data ba
k intomemory whi
h pla
es an additional burden on the memory system de
reasing theavailable memory bandwidth for the 
omputational threads.We also noted that IBM's MPI implementation on Blue Horizon seemsto be unable to overlap 
ommuni
ation using MPI's simple non-blo
king asyn-
hronous 
alls. Indeed, it a
tually 
auses the 
ommuni
ation time to in
rease.



34Model Total (s) Per Iteration (ms)Total Comm. Wait Ideal Proxy Total Relax Comm.Syn
 2.95 1.07 0.88 2.36 178 133 70Asyn
 3.60 1.72 1.63 2.25 225 133 108Table IV.1: RedBla
k3D on Blue Horizon, Average Times for 4 nodes � 16 it-erations, N=400) showing IBM's MPI implementation's la
k of ability to realiseoverlap when using immediate mode asyn
hronous 
ommuni
ationIV.B.1 Optimized HardwareClusters 
an have a varying level of inter
onne
ts, ranging from regularEthernet up to highly spe
ialized networks su
h as IBM's Colony, or the Quadri
sQsNet inter
onne
t (used on Blue Horizon and LeMieux respe
tively). Both aredesigned for high bandwidth, and low laten
y 
ommuni
ations. In the 
ase of theQuadri
s inter
onne
t, the network interfa
e Elan is as intelligent as some nodes inprevious super
omputers! Its 
ore 
onsists of a 
exible and powerful dedi
ated 
o-pro
essor whi
h 
an be programmed as the user wishes. As su
h, Compaq's MPIimplementation on LeMieux is highly optimized to exploit the power of Elan. Thisextra 
o-pro
essors is powerful enough to be thought of as a 
ommuni
ations proxyin its own right employing its own 
a
he, CPU, and memory. This may have a sidee�e
t in that optimizing the algorithm for use of a software proxy may attemptto 
ir
umvent the very usefulness of having the Elan interfa
e, and may resultin adverse e�e
ts as the Elan 
o-pro
essor, having been programmed by the MPIlibrary to respond favourably to a single-tier 
ommuni
ation model, attempts tohandle the abnormal 
ommuni
ations pattern of our multi-tier asyn
hronous proxy
ommuni
ation model.



35IV.C Redbla
k3DIV.C.1 Blue HorizonWe �rst ran some small ben
hmarks on problems to evaluate the abil-ity to a
hieve overlap using base MPI immediate mode asyn
hronous 
alls. Fromthe results shown in Table IV.1, we observed that the MPI implementation onBlue Horizon was unable to realize overlap using the asyn
hronous 
ommuni
ationprimitives. Be
ause of this, 
omparisons are made 
hie
y between the syn
hronoussingle-tier and proxy multi-tier models. Before we ran experiments, it was helpfulto see how the RedBla
k3D kernel would s
ale thread-wise. These results wouldthen give us a ballpark �gure as to what sub-problem size per node would bemost optimal. This enables us to see how well the RedBla
k3D kernel parallelisesa
ross multiple threads a

essing the memory sub-system, as well as what over-heads (if any) the thread layer would 
reate. To examine how the RedBla
k3D
omputational kernel s
aled, we ran the kernel itself on one node only with no
ommuni
ation. We ran it varying from 1 to 8 threads, with the results shown inTable IV.2. These results show that at a smaller problem size per node (2403),the problem s
ales poorly due to the size of the problem. It's just too small toe�e
tively parallelize a
ross 8 pro
essors. At 3603 we see the problem start tos
ale more e�e
tively. At 4 threads, the running time has de
reased from 30.658sto 7.888s, a speedup of 3.886 - very 
lose to the linear speedup value of 4 we wouldhope to a
hieve. At 7 threads, we attain a speedup of 6.316. This is the valuewe are most interested in, sin
e we will be taking o� 1 thread to run the 
ommu-ni
ation proxy. At 4803 we see that the problem starts to s
ale mu
h less. At 7threads, we have attained a speedup of 4.935 - hardly the linear speedup value of7 we would hope to a
hieve. The graph in Figure IV.1 shows the speedup valuesplotted in Table IV.2. Sin
e this is run only on one node, eliminating o�-node
ommuni
ation, we 
an observe that the la
k of speedup at 7 threads on the largersized problem is 
ontributed to mostly by the overhead of the thread system.
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Problem Size Number of OpenMP Threads1 2 3 4 5 6 7 8240 4.94 2.67 2.10 1.94 1.56 1.32 1.21 1.04360 30.66 15.25 10.27 7.89 6.35 5.33 4.85 4.14480 44.20 21.51 16.63 15.35 12.25 10.29 8.96 8.01Table IV.2: Running time in se
onds, showing the e�e
t of varying threads on theRedBla
k3D kernel to observe s
aling of the memory system and thread systemoverhead on Blue Horizon

Figure IV.1: Speedup on the RedBla
k3D kernel for Blue Horizon



37Problem Size Threaded MPI HWPTotal Total Comm120 0.10 0.08 0.03240 1.06 1.11 0.18320 2.51 2.62 0.38360 4.81 3.93 0.87400 4.87 5.11 0.72480 8.36 9.10 0.95540 11.94 n/a n/a600 16.33 n/a n/aTable IV.3: RedBla
k3D on Blue Horizon, MPI HWP vs. OpenMP LWP (
om-muni
ation on the proxy is always zero for 1 nodeThe plot in Figure IV.1 shows that to obtain 
lose to linear speedup,the problem size per node must be great enough that there is enough work toparallelize, but not too great as to 
ause saturation of the bandwidth to the sharedmain memory system. At our problem size of N=8003 running over eight nodes,this equates to a per-node sub-problem size of N=4003, whi
h obtains reasonably
lose to linear speedup.We also experimented with 
omparing the performan
e of running eightMPI heavy-weight pro
esses per node (1 per CPU) 
ommuni
ating using the MPImessage-passing via shared memory implementation versus running one MPI pro-
ess per node spawning eight light-weight OpenMP threads. Essentially, we areben
hmarking message passing at a single-tier level versus the threaded model,with the intent of measuring thread system overheads. This also gives an idea ofhow the pro
essor sub-problem strides and geometry a�e
t the performan
e.This ben
hmark shows more 
learly, and justi�es the use of OpenMP tomanage intra-node 
ommuni
ation, by eliminating the o�-node 
ommuni
ation.From this data shown in Table IV.3, we 
an see that the proxy outperforms thesyn
hronous model slightly at N = 2403, and more so at N = 4803. At N = 4803the 
ommuni
ation 
ost for the syn
hronous model has started to take up anreasonable fra
tion of the running time at almost 19 of the total time - a 
ost



38the proxy model does not have to bear. However, at 3603, the single-tier solutiongives an 18% performan
e in
rease over the multi-tier, despite being slower at boththe smaller and larger problem sizes of 2403 and 4803. We believe this is due towhat is essentially bad lu
k in hitting a poor stride for the sub-problem. Withthe multi-tier model, the threads operate on a single large matrix whi
h 
reateslarger memory strides in a

essing subsequent rows. This 
an 
ause some TLB
on
i
ts between the multi-pro
essors as they try to a

ess the shared memory.At the single-tier model, sin
e ea
h pro
ess has its own isolated sub-problem, theper-pro
ess sub-problem is 18 th the size of the multi-tier model's single large matrix.This allows for ea
h pro
essor on the node to have smaller memory strides whi
hare more optimal.We noti
ed an interesting problem at N = 6003 where the pro
ess 
rashedwhen trying to allo
ate enough memory for 8 subproblems of 60038 , but it su

eededwhen 
reating a single 6003 matrix and sharing over 8 lightweight OpenMP threads.The node has 4GB of memory, and a problem of 6003 (assuming 8 byte doubles)will 
ome very 
lose to �lling that sin
e the node has to allo
ate both the mainmatrix and the right hand side matrix. The lower overhead of 
reating LWPthreads seems to enable a larger working-spa
e versus the heavier MPI pro
esses,though this is a small example.Table IV.4 summarises results typi
al of a run of RedBla
k3D for 8 itera-tions, on 8 nodes (64 pro
essors), with a problem size of 8003 using double-pre
ision
oating point; the table shows the total time spent 
ommuni
ating, the total timeof the run, the per
entage of time spent 
ommuni
ating as well as the total timespent waiting for 
ommuni
ation to �nish. For the syn
hronous and asyn
hronousversions, the per
entage of time spent 
ommuni
ating is the total time for over-head of 
ommuni
ations and the time to wait for that 
ommuni
ation to �nish(laten
y). On the proxy, sin
e the proxy thread initiates 
ommuni
ation on behalfof the node, the overhead experien
ed for 
ommuni
ation primitives on the otherthreads is zero, and the 
ommuni
ation time 
onsists solely of the time spent



39Model Total (s) Per Iteration (ms)Total Comm. Wait Ideal Proxy Total Relax Comm.Syn
 11.81 3.58 2.61 10.51 738 557 224Proxy 10.20 0.53 0.53 637 606 33Table IV.4: RedBla
k3D on Blue Horizon - Average Times, 8 nodes � 16 iterations,N=800in the 
omputational thread waiting for 
ommuni
ation to �nish. There is stilloverhead involved in terms of thread syn
hronization. For the syn
hronous andasyn
hronous runs, the performan
e model des
ribed in the previous se
tion wasapplied to determine an ideal proxy performan
e time. Table IV.4 also shows thebreakdowns of iterations for ea
h model, showing the time spent in 
omputationvs. 
ommuni
ation.The jobs were run with suÆ
ient iterations to ensure any "warm-up"e�e
ts were amortized out, and to make sure runs lasted at least a 
onsistentamount of a few se
onds to ten se
onds. Times were reported as the average of16 runs, with outliers dis
arded. We de�ned outliers as runs where the total timewas at least 20% slower than the average of the other runs. Wall 
lo
k times wereobserved with MPI Wtime().For the 8003 
ase, we observed that the relaxation time (
omputationalphase of the RedBla
k3D algorithm) in
reased by about 8.8% when going fromthe syn
hronous algorithm to utilizing the proxy. Sin
e we took o� one CPU torun the proxy, we predi
t that the system loses about 12.5% of its 
omputationalpower, so our a
tual observed value of 8.8% is 
lose to this predi
ted value. The
ommuni
ation time de
reased 
onsiderably by about 85%, bringing the total (periteration) time down by about 13.7%. It is interesting to note the relaxation timedidn't go up as mu
h as we predi
ted, this suggests that the problem is memory-bandwidth 
onstrained, rather than CPU 
onstrained.Given the performan
e of the syn
hronous 
ase, the ideal proxy perfor-man
e (modelled in the performan
e model dis
ussed above) should have been



40Model Total (s) Per Iteration (ms)Total Comm. Wait Ideal Proxy Total Relax Comm.Syn
 12.41 4.40 3.43 10.26 775 558 274Proxy 12.89 1.21 1.21 806 740 76Multi-tier 14.30 3.20 3.20 894 704 201Table IV.5: RedBla
k3D on Blue Horizon, Average Times, 16 nodes � 16 itera-tions, N=100810.5s. Our observed running time was 10.2s, thus showing that the shared mem-ory model, in addition to eliminating part of the 
ommuni
ation 
osts, helpedspeedup other parts of the algorithm, most likely related to the 
ost savings whenusing shared memory a

ess. We eliminated 1.51s o� the syn
hronous time of11.8s, whi
h 
an be attributed to the di�eren
e between eliminating the 
ommuni-
ation o�set by the in
reased relaxation 
omputational time for an overall speedupof about 13.6%.We next attempted to s
ale the workload up to 16 nodes, by maintainingroughly the same sub-problem size per node of 4003 doubles. This makes foran aggregate problem size of N=10083. However, at this problem size we seethe proxy performan
e being unable to mat
h the performan
e of the baselinesyn
hronous model. Our results whi
h 
an be seen in Table IV.5 show that whilethe relaxation time per iteration for the syn
hronous model (running at a 4x4x8geometry) remains 
onstant at around 560ms per iteration, the relaxation timefor the proxy model jumps from 600ms to 740ms. It was surprising to see therelaxation time jump up this mu
h; upon taking a 
loser look at the runs, it seemspart of the problem 
an be laid down to 
a
he lo
ality. The 8003 problem allowedus to run at a geometry of 1x2x8 (in the X x Y x Z dimension order), whi
h breaksthe problem up into 3D sub-matri
es of 800x400x200. At the 10083 problem, wetried a few di�erent geometries with the best results (Table IV.5 being in the 1x4x4geometry whi
h gives us a sub-matrix size of 1008x252x252. The matrix is laid outsu
h that x is the nearest dimension, with the y-dimension being o� by a stride



41of x, and the z-dimension being o� by a stride of x � y. Therefore, the best 
a
helo
ality 
omes from having a longer x-partition, hen
e the need to partition with1 pro
essor along the x-axis. This leaves a Y x Z geometry of 1x16, 2x8, 4x4,8x2, or 16x1. Sin
e the node divides the sub-problem internally along the y-axis,it would be more bene�
ial to avoid over-partitioning of the y-dimension, whi
hleaves either 1x16, 2x8, or 4x4 as the optimal Y x Z geometry. The 1x16 and2x8 partitions leave a Z-dimension of size either 63 or 126, whi
h is not enoughto bene�t from 
a
he pre-fet
hing. This leaves 1x4x4, whi
h while it gets thebest performan
e of the proxy geometries, is unable to mat
h the syn
hronousperforman
e due to the smaller sizes of the y-dimension partitioning. At 1x4x4,ea
h node gets a 252-row blo
k in the y-dimension, whi
h means ea
h pro
essorworks on roughly a 2527 = 36 row sub-blo
k whi
h does not enjoy the same 
a
hebene�ts as the smaller problem whi
h has a y-dimension blo
k of 4007 = 57 whi
hallows for more lo
al 
omputation to be performed.Our results obtained were similar to the ones obtained by Baden andShalit on the same ma
hine [5℄. With 8 nodes at a problem size of 800, theya
hieved total iteration times of 626ms when using the multi-tier variant withoverlap, proxy, and irregular partitioning while ours a
hieved 637s. Their single-tier syn
hronous version also a
hieved 
omparable performan
e at 732ms whileours a
hieved 738ms.We attempted a run at 24 nodes, but saw 
ontinued performan
e degra-dation along the same vein as in the 16 node 
ase. Our 24 node runs 
ompleted in13.69s on the syn
hronous single-tier implementation, whereas the proxy �nishedin a slightly slower 15.13s. This was still however, faster than the asyn
hronousMPI implementation.We implemented a multi-tier model without using overlap and withoutusing a proxy thread (similar to Baden and Shalit's MT(k)+!OVLP model) toensure that the proxy was not 
ausing unne
essarily high overheads. Our relaxationtimes 
ompared similarly (shown in the last row of Table IV.5, with the multi-tier



42w/o overlap or proxy model getting relaxation times of about 700ms. The proxy'srelaxation time is slightly higher due to the loss of a 
omputational thread. Thisresult seems to indi
ate that the high spike in
rease in relaxation time is not due tothe proxy thread or overlap. Instead, it seems to be due to some sort of overheadpenalty in
urred by the shared memory OpenMP thread system. Part of this maybe due to the memory stride of the sub-problem in going to a multi-tier awaremodel. The single-tier model splits up the sub-problems to a smaller size allowingfor smaller strides thus in
reasing the performan
e and lo
ality (by redu
ing thenumber of misses) of the 
a
he as well as the TLB.It seems that the proxy is hard pressed to get performan
e out of morethan the eight nodes we ran on. At larger problems we run into 
a
he problems dueto non-optimal geometry partitioning, as well as in
reasing the impa
t of losing
omputational threads. At smaller problems, we run into the problem where thereis not enough 
omputation to amortize the 
ommuni
ation 
osts away. There is abalan
e that must be stru
k between smaller problems whi
h too little 
omputationand larger problems with too mu
h 
omputation.IV.C.2 LeMieuxThe MPI implementation on LeMieux is supposedly 
apable of realizingoverlap in the baseline asyn
hronous MPI model, so we were able to ben
hmarksome more interesting results. Due to there being four pro
essors per node, versusthe eight in ea
h Blue Horizon node, we expe
ted the proxy to have a more sig-ni�
ant impa
t in the loss of 
omputation sin
e there would now be a loss of 25%aggregate 
omputational power versus the 12.5% 
ost for a Blue Horizon node.We performed similar kernel ben
hmarks on LeMieux as we did on BlueHorizon in order to see how well the memory system would s
ale. We suspe
tsimilar results to Blue Horizon, as the node 
on�gurations are similar. WhileLeMieux has four pro
essors per node versus Blue Horizon's eight, the port tomemory is similarly half (LeMieux's pro
essors share one port to memory, similar
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Problem Size Number of OpenMP Threads1 2 3 4240 3.36 na 1.98 1.70x 1.57 2.14x 1.49 2.26x360 12.92 na 7.42 1.74x 5.69 2.27x 5.00 2.58x480 30.08 na 17.16 1.75x 13.40 2.25x 12.01 2.51xTable IV.6: Running time (in se
onds) and speedup showing the e�e
t of varyingthreads on the RedBla
k3D kernel to observe s
aling of the memory system andthread system overhead on LeMieux

Figure IV.2: Speedup on the RedBla
k3D kernel for LeMieux



44Problem Size Multi-tier Single-tierTotal Relax/iter Total Comm Relax/iter304 2.89 .36 3.29 0.48 .35360 4.94 .62 5.54 0.89 .59424 8.09 1.05 8.95 1.06 1.01456 10.34 1.31 11.41 1.61 1.21480 12.02 1.49 13.31 1.84 1.38Table IV.7: RedBla
k3D on LeMieux, MPI HWP vs. OpenMP LWP (
ommuni-
ation on the proxy is always zero for 1 node, 8 iterations. 3043 
orresponds to7683 over 16 nodes, and 4563 
orresponds to 11523.to Blue Horizon's 
on�guration where ea
h set of four has its own port to mainmemory). Sin
e RedBla
k3D is more 
onstrained by memory, we expe
ted theresults to be similar given similar memory subsystem performan
e.The data in Table IV.6 shows that the nodes on LeMieux seem to peakat around a 2.6 times speedup. Going to 4 threads on one node versus 1 threadonly o�ers a 2.2 to 2.6 times speedup for any of the three sample problem sizes.At the proxy 
on�guration (3 threads), the best speedup attained was at 3603where we attained a 2.27 times speedup going from 12.924s to 5.686s. Sin
e o�-node 
ommuni
ation is eliminated in this ben
hmark, these results seem to verifythat the problem seems to be more memory bound, rather than CPU bound thus
onstraining the speedup of having multiple threads pro
essing the data.We again ran the same MPI single-tier versus OpenMP multi-tier 
om-parison on a single node in order to better understand the issues of how lo
alproblem stride and geometry might a�e
t performan
e of the RedBla
k3D kernel.These results 
an be seen in Table IV.7. We took our later problem sizes of 7683and 11523 run over 16 nodes, and s
aled them down to roughly the single-nodesub-problem sizes of 3043 and 4563. We also ran at a 
ouple intermediate values(3603 and 4243) as well as a slightly larger problem size of 4803. The table showsthe total runtime for the multi-tier (threaded) model, and the relaxation time periteration. It also shows the total runtime for the single-tier (MPI syn
hronous)



45model along with the total time spent 
ommuni
ating, as well as the relaxationtime per iteration. From these results, one 
an see that the 
omputational timeon the multi-tier threaded model is slightly higher than the single tier model.In the multi-tier model, the data set is allo
ated as a single shared large three-dimensional matrix, leading to longer strides than the smaller sub-problems whenallo
ated per pro
ess in the single-tier model. The shorter strides prove bene�
ialto the single-tier solution in redu
ing the relaxation times. However, overall, thetotal run-times tend to be smaller for the multi-tier threaded model due to theelimination of intra-node 
ommuni
ation.Our results of running RedBla
k3D in syn
hronous, asyn
hronous, andproxy modes 
an be seen in the following tables. Table IV.8 shows the run-timeswhen a problem size of 8003 is run on 8 nodes (4 pro
essors ea
h) for 16 iterations,the same 
on�guration we ran on Blue Horizon. Table IV.9 shows the performan
ewhen run for 256 iterations on sixteen nodes at both 7683 and 11523.At 8 nodes at 8003, we see a surprising result: asyn
hronous versionrunning slower in both 
omputation AND 
ommuni
ation in 
omparison to thesyn
hronous version. It appears that the 
ost of running both 
omputation and
ommuni
ation simultaneously for a�e
ts the node's performan
e very negatively.This seems to be an indi
ator that overlap using regular asyn
hronous MPI 
om-muni
ation primitives (Isend/Ire
v) is not possible, an observation we noted withBlue Horizon. With the proxy model however, we were able to eliminate almostentirely the 
ommuni
ation wait time, de
reasing it from 17% to a negligible 0.2%.This in
reases the 
omputation time per iteration by about 10%. The in
reased
omputation time dire
tly leads to the fa
t that there is almost a zero wait timeas the loss of 25% aggregate 
omputational power 
auses the in
reased 
omputa-tion to 
ompletely overlap the 
ommuni
ation. Overall though, a positive result isattained resulting in an overall speedup of 5.13%.For the 16 node 
on�guration, at the smaller problem size 7683, we seethat the proxy, while out-performing regular MPI syn
hronous 
ode, does not out-



46Model Total (s) Per Iteration (ms)Total Comm. Comm. % Wait Ideal Total Relax Comm.Syn
 16.56 2.81 16.9% 2.51 18.73 1034 885 178Asyn
 17.18 3.48 20.2% 3.38 18.40 1073 963 217Proxy 15.71 0.04 0.3% 0.04 981 977 2Table IV.8: RedBla
k3D on LeMieux, Average Times, 8 nodes � 16 iterations,N=800Size Model Total (s) Per Iteration (ms)Total Comm. Comm. % Total Relax Comm.Syn
 114.78 26.62 23.2% 448 365 1047683 Asyn
 110.96 9.80 8.8% 433 406 38Proxy 112.64 4.65 4.1% 440 421 18Syn
 383.48 72.14 18.8% 1500 1250 28211523 Asyn
 390.96 59.43 15.2% 1530 1340 232Proxy 378.57 16.86 4.4% 1480 1430 65Table IV.9: RedBla
k3D on LeMieux, Average Times, 16 nodes � 256 iterations,varying Nperform the baseline MPI asyn
hronous 
ode. This result seems to indi
ate thatoverlap IS indeed possible, though only at a slight margin.At the larger problem size of 11523, the proxy does start to out-perform,as it barely edges out the asyn
hronous model by 3.1%. What is interesting isthat at that same problem size, the asyn
hronous model a
tually runs slower thanthe syn
hronous model. It seems at that point the 
ost of both managing overlapwhile simultaneously 
omputing takes its toll on the 
omputational threads toomu
h 
ausing the overall system to run slower than its base syn
hronous model.
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Size Model Total (s) Per Iteration (ms)Total Comm. Comm. % Total Relax Comm.Syn
 4.74 2.49 52.5% 19 10 0.973843 Asyn
 4.55 2.28 50.1% 18 11 0.89Proxy 6.17 0.78 12.6% 24 23 0.3Syn
 59.83 17.02 28.5% 234 180 667683 Asyn
 54.28 7.14 13.2% 212 192 28Proxy 57.03 3.25 5.7% 223 218 12Syn
 197.75 49.07 24.8% 772 631 19211523 Asyn
 191.12 31.19 16.3% 747 651 122Proxy 190.58 10.19 5.3% 744 722 39Syn
 475.63 88.37 18.6% 1860 1570 34515363 Asyn
 490.51 122.72 25.1% 1920 1540 479Proxy 454.01 23.75 5.2% 1770 1710 92Table IV.10: RedBla
k3D on LeMieux, Average Times, 32 nodes � 256 iterations,varying N



48At any problem size, however, it 
an 
ertainly be seen that the proxymodel saves 
ommuni
ation 
osts, as it brings down the 
ommuni
ation times
onsiderably in ea
h problem size. However, it appears that the 
ost of takingaway 25% of the available 
omputational power on these 4-way SMP nodes doesnot o�-set the bene�ts of having a dedi
ated 
ommuni
ations manager. The QSNetinter
onne
t ba
kend is more than 
apable of qui
kly delivering 
ommuni
ationsa
ross the network - enough to warrant having all available pro
essors on the node
ompute, rather than removing one to run a dedi
ated 
ommuni
ations proxy.Table IV.10 shows our results when run on a 32 node 
on�guration. At32 nodes, for the smaller problem sizes, we again see the proxy not being able todeliver faster performan
e. It signi�
antly redu
es the 
ommuni
ation per
entage,but it isn't until we get to a problem size of 11523 that we start to see the proxyout-perform the syn
hronous and asyn
hronous models. At 11523 the proxy justbarely squeezes by at 3.67% faster than the syn
hronous model, and 0.3% fasterthan its asyn
hronous model. At a problem size of 15363, we see slightly betterperforman
e with the proxy performing 4.5% faster than the syn
hronous model,and 7.4% faster than the asyn
hronous model. The asyn
hronous model givesus an interesting result at that problem size. The 
ommuni
ation time jumpsup in
redibly, making the total running time longer than the syn
hronous model.The results for the asyn
hronous model were 
onsistently the best at this geometry
on�guration (4x8x4 in the X x Y x Z axis). At other geometry 
on�gurations,the problem ran in 
omparable 
ommuni
ation times to the syn
hronous model,but the 
omputation time in
reased dramati
ally. At this 4x8x4 
on�guration,the 
ommuni
ation time spiked higher than any other geometry, but the overallrunning time was the best of all the asyn
hronous runs.A similar trend was shared between both the 16 and 32 node 
ases whereas the problem sizes got larger, the proxy implementation starts to perform betterrelative to the syn
hronous or asyn
hronous single-tier implementations. Fromexamining the 
omputation times per iteration on the 11523 and 15363 problem



49sizes for the 32 node 
ase we 
an see that the proxy's 
omputational speed improvesby a 
ouple of per
entage points going to the larger problem size. At the 11523 
ase,the di�eren
e between the asyn
hronous single-tier and proxy is 71ms, or 9.8% ofthe proxy time. At the 15363 
ase, the di�eren
e between the syn
hronous andproxy is 140ms, or 8.2% of the proxy time. This shows the proxy's 
omputational
ompabilities are more eÆ
ient at the larger problem size, thus showing a speedup
ompared to the smaller problem sizes. Essentially, at the larger problem size, theproxy's impa
t on the remaining 
omputational threads de
reases.Both the 16 and 32 node results seem to indi
ate that the proxy providesmarginally better results at large enough problem sizes. Any larger than 15363 isboth unreasonably large (for a �nite di�eren
e method), as well as detrimental interms of losing the proxy thread. Problem sizes larger than 15363 require enough
omputation that it isn't desirable to dedi
ate a proxy thread. At 
ertain problemsizes and node 
on�gurations, the proxy thread 
an a
hieve overlap where thebaseline MPI asyn
hronous 
ode is unable to.IV.C.3 Summary of RedBla
k3DOur analysis of RedBla
k3D on both Blue Horizon and LeMieux is thatwhile performan
e gains 
an be made, they are more often than not, small. Withthe ex
eption of the 13.6% speedup we obtained at a problem size of 8003 on 8nodes on Blue Horizon, most of the gains made were small (less than 6%). Forthis kernel, as we moved to larger node 
on�gurations, the gains made be
amenon-existant. At the smaller problems (both in node 
on�guration and in problemsize), 
ommuni
ation plays a higher per
entage of the total problem and justi�esdedi
ating a thread to manage 
ommuni
ation. S
aling up to larger problemson larger node 
on�gurations seem to in
ur overheads due to the shared memoryOpenMP thread system. The threads allow for the 
reation of a larger shared sub-problem per node, but this large stride seems to 
ause a higher 
ost. In addition,it is possible that the OpenMP implementation may be adding extra overhead in



50terms of thread and loop syn
hronization. In addition, at the larger 
on�gurations,the loss of 
omputational power and the 
onstraints of the geometry partitioninglead to less bene�
ial returns.IV.D SUMMASUMMA presents an interesting problem in that it is relatively straight-forward to overlap. Contrary to RedBla
k3D whi
h requires repartitioning ea
hnode's sub-problem into regions that do or do not require 
ommuni
ation to havebeen 
ompleted for that iteration before pro
eeding with 
omputation, SUMMAallows for easy overlap by allowing for a 
lean and intuitive separation of an itera-tion's 
ommuni
ation from 
omputation. The formulation of the algorithm allowsfor any given iteration i to start 
ommuni
ating the data needed for the (i+ 1)thiteration while working on the 
omputational steps for 
al
ulating the result of theith iteration.The SUMMA 
ommuni
ations requirements are also interesting in thatnodes 
ommuni
ate in broad
asts rather than staggered/o�set point to point mes-sages (i.e.: all 
ommuni
ating pro
esses send their messages at on
e, rather thanbeing staggered). The algorithm 
ommuni
ates by broad
asting along row and
olumn groups whi
h 
ould lead to in
reased 
ommuni
ation saturation of theinter
onne
t given enough nodes and large enough messages as dis
ussed in Se
-tion II.B.In our experiments we deviated slightly from the published SUMMA al-gorithm by utilizing a restri
ted panel [4℄ parameter. The panel de
reases thegranularity of the 
ommuni
ations by limiting the messages to a 
ertain size, ratherthan 
ommuni
ating an entire sub-matrix. By restri
ting the size of the message, itenables overlap to be better a
hieved sin
e the 
omputation 
an start earlier while
ommuni
ation of the subsequent messages o

urs. Through our experiments weobserved that the syn
hronous and asyn
hronous typi
ally rea
hed their best run-



51times at a panel size of 100 or 128 elements. The proxy model, due to its utilizationof shared memory within a node typi
ally enjoyed its best performan
e at a largerpanel size of 256.IV.D.1 Lo
al Matrix-Matrix Multipli
ationThe larger matri
es in SUMMA are divided up into smaller sub-matri
esper pro
ess (on the single-tier variants), or per node (on the multi-tier variant).These sub-matri
es are multiplied using the lo
al BLAS level 3 dgemm fun
tion. OnLeMieux, the dgemm operation used in our implementation is Goto's "Fast dgemmfor Alpha systems", whi
h is optimised spe
i�
ally for the Alpha 21264 pro
essorused within ea
h node of LeMieux. HP/Compaq also provide a 
xmlp librarywhi
h has an optimised CXML dgemm routine intended for parallel exe
ution usingOpenMP threads a
ross a node.On Blue Horizon, we utilize the BLAS dgemm operation provided by theoptimised IBM ESSL library. For the parallel SMP kernel, we use the analogousdgemm operation provided by the ESSL-SMP library whi
h is optimised for parallelexe
ution using OpenMP threads a
ross the node, similar to LeMieux. The parallelESSL (PESSL) library, also provided by IBM, 
an be used; however, PESSL wasdesigned for parallel exe
ution on distributed data a
ross multiple-nodes, and isthus more appropriate for a inter-node distributed partition of data. Sin
e weuse dgemm as a lo
al (on-node) operation only, it was more appropriate to use theESSL-SMP library instead.By default, the MPI implementations lay out the pro
essors per nodestraight a
ross per row, as shown in Figure IV.3 for an 8 node, 8 CPUs per node
on�guration as one might see on Blue Horizon. Conse
utively numbered pro
es-sors are in the same node, in groups of eight (i.e.: pro
essors 0-7 are in one node,pro
essors 8-15 are in a se
ond node, and so on so forth). However, this is not anoptimal layout. Sin
e the SUMMA algorithm broad
asts along row and 
olumngroups, this layout 
auses unbalan
ed broad
asts as all row broad
asts remain
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Figure IV.3: SUMMA pro
essor partitioning, 1x8 pro
essor 
on�guration per nodefor an 8x8 node partitioningon-node, while ea
h 
olumn broad
ast 
reates seven o�-node 
ommuni
ation 
alls
ausing a total 
ost of: 7off + 7on (IV.1)Alternative layouts whi
h may be more optimal 
an be seen in Fig-ure~refim:summa-
pulayout8x8-alt for an 8x8 node layout. The �rst re-balan
esrow broad
asts to be one on-node, and six o�-node 
ommuni
ation 
alls, while
olumn broad
asts 
ost three on-node, and three o�-node for a total 
ost of:10off + 4on (IV.2)The se
ond layout is just a transpose of the �rst, with the same total 
ost.Our last layout is for a 4x16 node 
on�guration, with a 2x4 pro
essorpartitioning whi
h results in a row broad
ast 
ost of 12 o�-node and 3 on-node
ommuni
ation 
alls. The 
olumn broad
ast 
osts 4 o�-node and 1 on-node 
om-muni
ation 
alls for a total 
ost of:14off + 4on (IV.3)While the overall total 
ost of the default layout for an 8x8 partitioningis the most balan
ed, it 
auses the 
ost of 
olumn broad
asts to be disproportional



53

Figure IV.4: SUMMA pro
essor partitioning, 4x2 & 2x4 pro
essor 
on�gurationsper node an 8x8 node partitioning

Figure IV.5: SUMMA pro
essor partitioning, 2x4 pro
essor 
on�guration per nodean 4x16 node partitioning



54Problem Size Number of OpenMP Threads1 2 3 4 5 6 7 810003 1.511 0.745 0.508 0.392 0.323 0.276 0.247 0.21315003 5.120 2.646 1.783 1.339 1.087 0.922 0.839 0.72920003 12.195 6.326 4.291 3.260 2.585 2.171 1.889 1.675Table IV.11: E�e
t of varying threads on the SUMMA kernel to observe s
alingof the memory system on Blue HorizonProblem Size Syn
 MT10003 0.25 0.2215003 0.79 0.7220003 1.70 1.66Table IV.12: SUMMA on Blue Horizon, MPI HWP vs. OpenMP LWPto the 
ost of row broad
asts. The 2x4 pro
essor 
on�guration allows for slightlymore balan
ed 
osts.IV.D.2 Blue HorizonWe �rst ran a similar ben
hmark to the RedBla
k3D appli
ation wherewe ran the SUMMA kernel at varying numbers of threads to examine how wellthe kernel would s
ale a
ross a single SMP node using a threaded kernel. Theresults shown in Table IV.11 show that the threaded model on a single node s
alesin
reasingly well as the problem size in
reases with the 10003 problem a
hieving a6.86 times speedup, the 15003 a
hieving 7.11 times, and the largest 20003 problema
hieving a 7.36 times speedup. The speedups are plotted in Figure IV.6To 
ompare, we also ran the same size problems on the single-tier kernelon a single node with 8 pro
esses. Our results, as 
ompared to the thread kernelwith 8 threads from Table IV.11 
an be seen in Table IV.12. The results showboth kernels exhibiting similar performan
e on the single node, with the multi-tierthreaded 
ode slightly outperforming the single-tier syn
hronous 
ode by a fewper
entage points.
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Figure IV.6: Speedup on the SUMMA kernel varying threads for Blue HorizonDuring our experimentation with SUMMA on Blue Horizon, we ran fourmodels. Single-tier syn
hronous (no overlap), single-tier asyn
hronous (overlap),multi-tier with overlap, and multi-tier with proxy enabled overlap. Through run-ning these experiments, we observed that the multi-tier with proxy enabled overlapdid not seem to be fun
tioning properly. Be
ause of our desire to use the esslsmplibrary's optimized dgemm kernel, we 
oded the algorithm as in Figure IV.7.Be
ause the esslsmp's dgemm also uses OpenMP threads, we had to�rst spawn two threads. One be
omes the proxy thread, while the other be-
omes the master 
omputational thread. This 
omputational thread then runsthe esslsmp provided dgemm whi
h internally spawns 7 
hild threads (one for ea
hCPU whi
h isn't running the proxy thread). This requires the use of OpenMP'ssupport for nested threading, whi
h unfortunately, the IBM SP2 implementationof MPI doesn't seem to support. Thus, varying the number of threads set in themaster 
omputational thread does not a�e
t the dgemm kernel whatsoever. Themulti-tier without proxy version is essentially the same 
ode with the key di�er-



56parallel DGEMM ()f spawn 2 threadsif (thread 0)setup asyn
hronous 
ommuni
ation for next iterationelse set OpenMP to use 7 threads, and enable nested threadslo
al ESSLSMP DGEMM()gFigure IV.7: Pseudo-
ode for the SUMMA parallel dgemm when the proxy is en-ableden
e being that the asyn
hronous 
ommuni
ation setup is done in serial 
ode beforeany threads are spawned, thus eliminating the need for nested thread spawning(as it removes the outer parallel se
tion). This same multi-tier 
ode responds andbehaves as expe
ted when varying the OMP NUM THREADS variable to 
hange thenumber of threads the OpenMP system will utilize.After some investigation, it turns out that the IBM MPI implementationon Blue Horizon is indeed in
apable of supporting nested parallelismwith OpenMP4. The 
ompiler synta
ti
ally supports the full OpenMP spe
i�
ation, but the C
ompiler reports "(W) Option -qsmp=nested par may 
ause behavior that is di�er-ent from the one des
ribed in OpenMP API Spe
i�
ation." when nested parallelismis enabled.The a
tual behaviour, instead of spawning a se
ond level tree of threads,instead simply reuses any available threads. In addition, it turns out that thereused/nested threads aren't even guaranteed to run in parallel, as the behaviourmight be su
h that the threads run serialized instead.4As stated by the IBM C manual, http://www.
sit.fsu.edu/ burkardt/pdf/s
094960.pdf



57Problem Size Single-tier Multi-tierSyn
hronous Asyn
hronous30003 0.94 0.95 1.2040003 1.98 2.12 2.5380003 15.75 17.59 17.93Table IV.13: Summary of SUMMA run-times on Blue Horizon, over 8 nodesWe implemented and ran the 
ode to enable multi-tier overlap with aproxy by spawning 8 threads initially, and then keeping 6 of them idle in the hopesthat the dgemm 
all would use their CPUs anyway; however, this added even moreadditional overhead and resulted in performan
e degradation.Experimenting with the panel size, our best results for the single-tiervariants were with the panel size of 100. For the smaller 30003 size, the resultswith a panel size of 64 were the same as with 100, but at all other sizes, a panelsize of 100 outperformed 64. Similarly for the multi-tier variants, we observedbest performan
e at a panel size of 100, with 128 o

asionally netting the samerun-times.We exe
uted runs for 8 nodes at di�erent pro
essor 
on�gurations. Ourbest performan
e obtained was universally at the 8x8 node 
on�guration (i.e.: thewhole problem size is split with 8 nodes per edge), and with a CPU partition pernode of 4x2 (i.e.: the 8 CPUs per node were laid out in 4 rows, and 2 
olumns asseen in Figure IV.4.Our results when running the di�erent variants 
an be seen in Table IV.13.From these results, we see that the single-tier asyn
hronous 
ode is unable toa
hieve any better performan
e through overlap, thus validating our results weobtained with RedBla
k3D: the MPI implementation on Blue Horizon is unableto realize performan
e gains through overlap. The multi-tier 
ode a
hieved similarresults to the asyn
hronous 
ode, again failing to a
hieve overlap. Part of thisfailure 
an be attributes to the overhead of spawning extra threads and havingthem idle. The multi-tier 
ode should theoreti
ally be able to a
hieve reasonable



58performan
e due to the signi�
ant de
rease in 
ommuni
ation (i.e.: no intra-nodebroad
asts of data required).While the results are in
on
lusive, the results presented in the next se
tionon LeMieux show that overlap 
an be realized if the dgemm kernel is �ne-tuned toexpose more of its internal parallelism. If the dgemm kernel were more amenableto being run in a hybrid OpenMP/MPI environment, and 
ould take advantage ofthe multi-tier layout, it might result in better overlap.IV.D.3 LeMieuxOn LeMieux, we used Kazushige Goto's ex
ellent Fast dgemm for Alphakernel whi
h is 
omparable, and in some 
ases, often faster than Hewlett-Pa
kard'sreferen
e CXML (Compaq eXtended Math Library) library optimized for parallelSMP nodes (
xmlp). In parti
ular, it let us expli
itly set the number of threadswe wished to dedi
ate to the lo
al dgemm kernel with the STATABO NUMTHREADSenvironment variable.We ran the same ben
hmark kernel to examine the s
alability of theSUMMA kernel a
ross one of LeMieux's 4-way nodes, with our results shown inTable IV.14. At a problem size of 20003 we see almost perfe
t linear s
alinggoing to two threads with a speedup of 1.98. At three threads we also obtainvery 
lose to linear speedup with a speedup of 2.87. At four threads we startto in
ur slowdown, most likely due to either memory 
ontention issues or largememory strides as we obtain a (still respe
table) 3.52 times speedup. The resultsare similar at the smaller problem size of 15003 with similar speedups of 1.96, 2.83,and 3.41 respe
tively as we in
rease the number of threads. At 10003 we see de
entspeedups when going to 2 and 3 threads (1.96 and 2.84 times speedup respe
tively).At 4 threads however, the speedup barely in
reases to 2.91. These results seem toindi
ate that the SUMMA kernel s
ales well a
ross the memory subsystem, withthe 
aveat that there must be enough work for the threads to 
ompute on, with10003 being the lower bound on the per node sub-problem.



59Problem Size Number of OpenMP Threads1 2 3 410003 1.08 0.55 0.38 0.3715003 3.59 1.83 1.27 1.0520003 8.64 4.37 3.01 2.45Table IV.14: E�e
t of varying threads on the SUMMA kernel to observe s
alingof the memory system on LeMieux

Figure IV.8: Speedup on the SUMMA kernel varying threads for LeMieuxModel Total Runtime Communi
ation TimeProxy 2.45Syn
 2.40 0.12Asyn
 2.3 0.18Table IV.15: SUMMA on LeMieux, MPI HWP vs. OpenMP LWP (
ommuni
ationon the proxy is always zero for 1 node at N=2000, panel=128



60We also ran the same pure MPI vs. Proxy 
omparison on one nodeto examine the performan
e of the MPI message passing implemented in sharedmemory messages versus OpenMP shared memory data sharing. The MPI messagepassing implementation bene�ts by varying the panel size in order to blo
k, withour experiments showing the optimal panel size (for this single node experiment)to be 128. For 
omparison, we �xed the Proxy to run at the same panel size -but in truth, this is an unfair 
omparison. Be
ause the Proxy's OpenMP threadsoperate on a shared data stru
ture, they a
hieve best performan
e when thereis limitation on the panel size. From looking at Table IV.15 it seems that thepure MPI implementation out-performs the Proxy. However, these results beliethe true advantages of using shared memory. When the Proxy model is set to anunrestri
ted panel length, the runtime for our sample 20003 problem goes downto a blazingly-fast 0.11s. This is a re
e
tion of the shared memory bene�ts ofusing OpenMP, rather than a re
e
tion of the proxy itself - sin
e indeed, thereis no o�-node 
ommuni
ation for the proxy thread to manage. Setting it to anunrestri
ted panel size allows the CPUs to more fully utilize 
a
he lo
ality. TheMPI implementation still bene�ts from restri
ting a panel limitation due to theneed to 
ommuni
ate data, as limiting the panel size allows the appli
ation tode
rease the granularity of the 
ommuni
ated messages to the other pro
esses.Sin
e no data needs to be 
ommuni
ated in the shared memory implementation,there is no need to restri
t the panel limit.Results for running at varying problem sizes on both 16 and 32 node
on�gurations are show in Table IV.16 and Table IV.17. At 16 nodes, our resultsshow that asyn
hronous overlap of 
ommuni
ation is possible, though the bestresults are with the asyn
hronous baseline MPI version with the results nettingas mu
h as a 30% performan
e speedup for the 50003 
ase. The proxy still showsgood speedup as 
ompared to the syn
hronous 
ase however, thus showing it isstill de�nitely 
apable of realizing overlap.At 32 nodes we see similar results, with both the MPI asyn
hronous



61

ProblemSiz
eSyn

hronous
Asyn
hronou
s
Proxy

TotalCom
pComm
TotalCom
pComm
TotalCom
pComm

30003
0.8040.526
0.2750.5
540.471
0.0750.6
870.650
0.037

40003
1.7661.301
0.4501.2
701.124
0.1271.4
731.411
0.062

50003
3.4932.808
0.6702.3
962.226
0.1182.7
322.636
0.096

80003
10.338.624
1.6559.3
848.912
0.38610.
1810.085
0.096

TableIV.16
:SUMMA,
onLeMieux
�16nodes

ProblemSiz
eSyn

hronous
Asyn
hronou
s
Proxy

TotalCom
pComm
TotalCom
pComm
TotalCom
pComm

80003
5.884.31
1.544.6
94.29
0.375.4
95.48
0.01

100003
12.319.85
2.3410.
439.84
0.5810.
2410.15
0.09

TableIV.17
:SUMMA,
onLeMieux
�32nodes



62and proxy out-performing the MPI syn
hronous implementation by 20% and 6.6%respe
tively at a problem size of 80003. At the larger 100003 problem, the proxymarginally outperforms the asyn
hronous implementation with a 16.8% (versusthe asyn
hronous's speedup of 15.2% over the MPI syn
hronous implementation).On both the 16 and 32 node runs, we see that the asyn
hronous 
ommu-ni
ation times 
ost very little in terms of the overall total runtime. The proxy 
antherefore do little to improve on these times, as the asyn
hronous implementationmanages to a
hieve good overlap with the MPI I mode 
ommuni
ation 
alls. Nev-ertheless, the proxy is able to squeeze that extra 1.6% improvement over the MPIasyn
hronous implementation.IV.D.4 Summary of SUMMAThe results from SUMMA 
learly show that overlap is both attainable,and relatively easily a
hievable when the inter-node 
ommuni
ation library (MPIin this 
ase) permits asyn
hronous 
ommuni
ation due to the simpli
ity and easeof overlapping the algorithm. Despite ea
h iterations dependen
e on the iterationprior to it, the results show that with a large enough problem size, and enough
ommuni
ation to warrant the loss of a 
omputational thread, the speedup gainsare worth the investment. Similarly to RedBla
k3D, a balan
e must be stru
kbetween ensuring the problem is large enough that the 
ommuni
ation time re-quired by the proxy 
an be overlapped entirely by the 
omputational time andensuring that there is also enough 
ommuni
ation in order to warrant taking oneCPU away from the 
omputational resour
es to dedi
ate to handling the 
ommu-ni
ation. Due, in small part, to the aggregation of 
ommuni
ation broad
asts ontoone thread, we only generate enough 
ommuni
ation on the proxy model whenwe rea
h a large number of nodes. In our results, we didn't typi
ally start to see
onsistent speedup until 32 nodes on LeMieux.Our results with SUMMA also illustrated a dependen
e parallel algo-rithms have on the system libraries upon whi
h they 
all. For Blue Horizon, the



63results were in
on
lusive due to the limitations of the IBM ESSL-SMP dgemm ker-nel in 
onforming to a new model of parallelism. Given a more tunable library, onethat is more amenable to having the number of threads be a variable parameter(rather than a all-or-one threads model), we suspe
t more signi�
ant performan
egains on Blue Horizon 
ould be obtainable.



Chapter V
Related Work
V.A Proje
t InspirationThe proxy was based o� a previous proje
t written in Professor S
ottBaden's CSE 262 (Software and Systems Support for Parallel Computation)1
ourse. It was originally written in a manner whi
h supported Valkyrie, a Linuxsystem running MPI (tested with the MPICH implementation) on a sixteen node,two-way SMP 
luster of COTS (Commodity O� The Shelf) systems of PCs. Itruns SDSC's Ro
ks 
luster management tools. Valkyrie's model of thread spawningsupports LWP (light-weight pro
esses) as threads. Using POSIX thread 
alls al-lows a newly instantiated thread (
reated with pthread 
reate()) to be spawnedonto the se
ond CPU. Any memory allo
ated on the sta
k before the thread isspawned, or any heap memory allo
ated is shared between the th`reads. Theproxy was written su
h that when ea
h MPI HWP (heavy-weight pro
ess) starts,it allo
ates shared queues for outgoing and in
oming data before spawning a newLWP onto the se
ond CPU to be the 
omputational 
lient. Whenever the 
lienthas data to be sent, it is pushed onto the outgoing work queue. The proxy slept ona semaphore prote
ting a

ess to the work queue; when the semaphore goes 'up',the proxy starts sending the outgoing data.1This proje
t was written by Craig Donner, Cyrus Jam, and Stephen Lau64



65Originally, an e�ort was made to attempt to port this 
ode-base dire
tlyto the new ar
hite
tures of LeMieux and Blue Horizon. It was however ultimatelyde
ided, for performan
e reasons, that an entire re-write from the ground up wouldbe better.V.B Other workAny previous work in the area of using 
ommuni
ations proxies will in-evitably 
ome down to work done by Lim, Heidelberger, Pattnaik, and Snir [17℄.While their goal was primarily 
on
erned with prote
ting a

ess to a shared net-work interfa
e, it laid the groundwork for further development with regard togaining faster and more 
ost-e�e
tive performan
e.Falsa� and Wood did similar work [10℄ in determining whether dedi
atedor shared proto
ol pro
essors produ
ed more e�e
tive performan
e on NOW (Net-works of Workstations) using SMP nodes. Their work di�ered in that they weredetermining whether more optimal performan
e 
ould be obtained from havinga dedi
ated proto
ol pro
essor versus having the di�erent 
omputational threadsshare the role of being a proto
ol pro
essor. A proto
ol pro
essor is similar inidea to a proxy in that it handles 
ommuni
ation for that node. A '
oating' pro-to
ol pro
essor was a model where ea
h thread would handle the 
ommuni
ationmanagement, depending on their idleness. I.e.: if the threads were performing abulk-syn
hronous 
omputation, then the �rst to �nish would immediately start
ommuni
ation for the next stage, rather than having one �xed 
ommuni
ationmanagement thread. Their work determined that a dedi
ated proto
ol pro
essorbene�ted lighter-weight proto
ols more than heavy-weight proto
ols (i.e.: proto-
ols with smaller end-to-end laten
ies). They also found that a dedi
ated, or �xed,proto
ol pro
essor was more bene�
ial as 
ompared to a '
oating' proto
ol pro
es-sor for appli
ations where 
ommuni
ation was the main bottlene
k.Steven Lumetta has also done similar work [18℄ [19℄ [20℄ involving multi-



66proto
ol A
tive Messages (i.e.: using both shared memory and message passing) toin
rease 
ommuni
ations performan
e a
ross 
lusters of multi-pro
essors or SMPs.The work done there was also di�erent in that ea
h thread or pro
essor within anode 
ould still 
ommuni
ate with any other pro
essor on any other node. As faras ea
h thread is 
on
erned, the 
luster is still 
attened out as a single-tier. Themulti-tier awareness is limited to the 
ommuni
ation system, rather than beingbrought into the algorithm itself. Lumetta's work also involved more lower-levela

ess to a more intelligent NIC, while our work should remain portable to anyNIC, as it simply builds on top of other already-existing 
ommuni
ations layerssu
h as MPI and OpenMP.Mu
h work has been done in des
ribing advantages and disadvantagesof hybrid MPI and OpenMP approa
hes to managing 
ommuni
ations. [9℄ [6℄ [8℄[7℄ [21℄ The results are mixed, though the generally 
onsensus is that mixed-modehybrid MPI/OpenMP appli
ations 
an deliver performan
e for spe
i�
 algorithmsat 
ertain problem sizes and/or geometries, but often the gains are either notappli
able to the general 
ase, or not worth the e�ort put in to perform the non-trivial optimizations.Some of the work in this thesis was derived from work done by S
ottBaden with Stephen J. Fink [3℄ [4℄ and Daniel Shalit [5℄. Fink was instrumentalin the development of KeLP and its support for multi-tiered parallel 
omputerar
hite
tures. His PhD thesis [11℄ on KeLP provided an appli
ation runtime in-frastru
ture whi
h allows the programmer to model parallel algorithms arounddata, rather than having to 
on
entrate on expli
it movement of the data. Mu
hwork has been done by Baden and Fink on KeLP (and its su

essor KeLP2) whi
hprovides many bene�ts of exploiting multi-tier hierar
hies in addition to overlapof 
ommuni
ation with 
omputation [12℄. Some of the strategy in this thesis foroverlapping the SUMMA algorithm was derived from Agarwal, et. al in [1℄ as wellas Stephen J. Fink's SUMMA algorithm using KeLP2 in [3℄.The RedBla
k3D kernel used was the Fortran numeri
al kernel developed



67by Baden and Fink. The original work in developing the strategy for overlappingRedBla
k3D 
ame from Sohn and Biswas [23℄.The SUMMA algorithm used was Van de Geijn's as presented in [15℄with some overlapping te
hniques des
ribed by Agarwal, Gustavson, and Zubairin [1℄. The dgemm kernel used on Blue Horizon was provided by IBM's ESSL (SMP)library, while Goto's "Fast DGEMM for Alpha" was used as the dgemm kernel onLeMieux [16℄.



Chapter VI
Con
lusion

Overlap is not as simple as just moving the 
riti
al path out of 
ommu-ni
ation. With today's hardware, 
ommuni
ation performan
e has improved sin
eprior work regarding proxies and other multi-tier formulations for a
hieving over-lap. Now programmers must 
ontend with the adverse a�e
ts of thread libraryoverhead, as well as the negative impa
t of irregular geometries and other 
ompu-tational side e�e
ts on fa
ets of performan
e su
h as 
a
he lo
ality, TLB lo
ality,and poor memory strides.In addition, an inherent diÆ
ulty in realizing overlap when using o�-the-shelf numeri
al libraries su
h as ESSL, or CXML is the inability to use thenumeri
al operations in ways the author did not intend. E.g.: ESSL-SMP is opti-mized to use all available pro
essors on a node as threads when doing a lo
al dgemmoperation. It doesn't 
ope as well when trying to run with one less pro
essor aswith the proxy. Often, one may want to get a

ess to the raw serial numeri
alkernel within the operation in order to use it in more 
exible ways su
h as ours.The dependen
e upon system libraries whi
h provide both intra and inter-node 
ommuni
ation su
h as OpenMP and MPI was also highlighted through thiswork. This work utilized both types of 
ommuni
ation libraries in its hybrid model,and the inability of an implementation to support su
h 
ommuni
ation modelsas nested parallel threads, and asyn
hronous 
ommuni
ation signi�
antly hinders
68



69work seeking to unify the two models.Perhaps one reason for the inabilities or failings of system libraries toprovide an expe
ted behaviour (su
h as nested threads or asyn
hronous 
ommu-ni
ation) is due inadvertently to the system designers. The designers or ar
hite
tsoften envision a paradigm of use for their ma
hine, and may signi�
antly optimizefor that model at the 
ost of hurting other approa
hes. It may not be the IBM MPIimplementation's la
k of ability to realize overlap with asyn
hronous 
ommuni
a-tion, instead, it may be that the syn
hronous 
ommuni
ation is so optimized as torender the need for faster asyn
hronous 
ommuni
ation primitives unne
essary.In addition, on 
lusters of multi-pro
essors su
h as LeMieux and BlueHorizon, the nodes 
ommuni
ate via an intelligent fast inter
onne
t su
h as Qs-Net/Quadri
s or Colony. The nodes' network interfa
es (su
h as Elan, in the
ase of LeMieux) have now rea
hed a point at whi
h they are extremely robustand 
exible, 
ertainly more so than the dedi
ated 
o-pro
essors of yesterday. The
ombination of these intelligent network interfa
es, the high-bandwidth and low-toleran
e inter
onne
t itself, and an appropriately written system library su
h asMPI optimized to exploit the performan
e potential of the inter
onne
t is oftenenough to squeeze enough performan
e. The dedi
ated 
o-pro
essor on the net-work interfa
e essentially a
ts as a proxy for the ma
hine, thereby often making aspe
i�
ally software-programmed proxy not worth the development e�ort involved.While su
h a tailored approa
h 
an provide performan
e gains, it is usually for asmall 
lass of problems and is not s
alable without suÆ
ient e�ort.Nonetheless, our work showed that a proxy 
an help deliver potential per-forman
e gains on 
ertain 
lasses of ma
hines where overlap may not be possibleusing 
onventional asyn
hronous 
ommuni
ations (su
h as the MPI implementa-tion on Blue Horizon). This shows that a proxy 
an deliver performan
e portabilityin that overlap is generally a
hievable. While it may not outperform 
onventionalasyn
hronous te
hniques on every platform, it is usually 
apable of a
hieving over-lap and thus has the potential to deliver better performan
e relative to a 
onven-



70tional syn
hronous 
ommuni
ation model (dependent upon the software 
exibilityof libraries and su
h being used). The proxy method 
an often then provide a moreportable method of a
hieving overlap. The proxy is able to realize overlap on asystem that 
ould not do I-mode 
ommuni
ation (IBM's Blue Horizon) while stilla
hieving better performan
e relative to the syn
hronous model without indu
ingperforman
e penalties on a system that 
ould realize better performan
e throughI-mode 
ommuni
ation (Compaq's LeMieux). For the general broad 
ase, a proxy
an help a
hieve more portable performan
e as 
ompared to using stri
tly I-modeasyn
hronous 
ommuni
ation.



Chapter VII
Appendix A: Proxy APIDe�nition

While our implementation was 
ustom-written for the RedBla
k3D andSUMMA algorithms and integrated into their 
ode, we envision a suitable libraryAPI would look like the following when the proxy 
ode is extra
ted into a generallibrary.

71



72


lass ProxyThread fprivate:/* v handles is where the 
ommuni
ation handler should store theMPI Request 
ommuni
ation handles/des
riptors so that waitComm 
an �ndthem */MPI Request** v handles;int num threads;publi
:int init(int num 
omp threads, int (*
ommFn)(int iteration));int startComm(int iteration);int waitComm(int iteration);g;the Proxy 
an then be utilized by a 
lient (doing a 10 iteration 
omputation) asfollows:
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#in
lude "ProxyThread.h"DataStru
ture data; int handleCommuni
ation(int iteration)f /* 
ommuni
ation handler to do 
ommuni
ation for a given iteration */v handles[iteration℄ = Send(data[myrank℄[iteration℄,num threads%iteration);gint main(int arg
, 
har** argv)f ProxyThread proxy;int num 
pus = sys
onf( NUM AVAILABLE CPUS);int iter;proxy.init(num 
pus-1, handleCommuni
ation);for (iter=0; iter<=10; iter++)f proxy.startComm(iter);doInnerComputation();proxy.waitComm(iter);doAnnulusComputation();gg
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