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Abstract 

1 Introduction 
(‘urretit trrnds ilkclicate t,hat, rria.bsi\ely parallel pro- 

rr.isors (MPPs) will ernergc as t,hc mainstream su- 
pt rcoriiputers, with I‘urrcrit rnachInt% inclutling IHhl’s 
.C;l’-2, Gray’s TRD, Int,el’s I’aragon, Thinking Machine 
III.,.‘s (31.5. Kendall Square Researrh’s KSR-2, t%c. 
hIanufacI,ui-ers of 1 lirse machines h;tvcL posted ifnpres- 
SI’,,‘C performance nllInhrrs. some 1 If which even excused 
t.Ilose of r~~urh triorc 1sxp+nsivr vect(lr su~~t~rcc~rn~)utc~rs. 
tit wever. these ~rur~llwrs ofhl c~ip( urc peak machine 
l*r,rformant.e, and (‘an not 1x1 achicvc>d hy rnosl ,I[‘- 
k:lrcxt,iori prograrris In addition, an application nray 
l;c’rform very diffcrc,lltly on differ[,nl XI PPs deprndlng 
car, t,heir tnentory arc.hit~~c.l,llrcs atlrl prc,cessor/rrlern’,ry 
illtrrc-onrirc.ts[l]. 

The topic of this work is the invcast,igat.ion of t.he ef- 
fr-f$ive performance attainable for w specific c-lasb of 
alaplication progratris ~‘111 shared nilmory supcrl.orn- 
I)ott,rs. Specifically. WC’ a.rr t,o Iuvr\sligat,e how st,is- 
~iiic data analysis appli<~atrons tFtlilVF\ on the Kentiall 
Scluare Researrh Inc. ‘s KSR multillrc,l,~ssors. Toward 
t llis end, the computational kerucll of seisnlic cornl)u- 
t ;~t,ion algorithnls is I)ar;tll+~lized ar~(l its pcrforlnaucc~ 
ih analyzed. I he L;O c-;tllr~,I ~15 kf r’f~f 1 arrollrits for as 
trtuch as 9:io/;, of t,oi.aI t,xrr-ut.ion t inie of t,ypical sf,is- 
~iii(- analysis programs As a result, t.he performarlcf 
_- _______.-- 

of the g5 kernel is a good predicator of the class of 
applications’ performance. 

The machine OII which the g-5 kc>rnel cocie is paral- 
Ielized and studied is a single ring XL-node KSR.-1 ma- 
chine and a dual-ring 64-node KSR-2 machine avnil- 
able at Georgia Inst,itute of Technology. The tiSR ma- 
chines have an AI.I,CA( ‘HE memory architecture, in 
which all memory units on all processors arc’ t,reated as 
,.aches at different levels. ‘I%c machine is t,irne shared: 
hut. procrssors can be dedic-at,rd to the exerution of a 
specific applicatioli”. 

This paper is organiz,Ltl into four secticlns. In the 
next. sect.ion, an overview of the KSR. systpln is given, 
followed hy discussions of the g5 kernel atlii its paral- 
lelizat,ion on KSR. In Sect ion 3, the performance re- 
sults of the g5 kernel and its data illput/oul put, on l.he 
KSR machines are presented and evaluate(i”. (lonclu- 
sions are prcsent,etl Ias,. 

2 The g5 kernel and its paral- 
lelization on KSR 

Seismic data analysis is an important st(6.p in oil ex- 
ploration. Dat,a is first, acquired from surface survey. 
It is then processed and interpreted in ordr,r to under- 
stand the su1)surfac.e st,ructure of a region, and to de- 
termine whether there are oil deposits in tile surveyed 
area[2, 31. Such seismic data processing typically takes 
months on the fast.est computing machintss available 
today, and it involves brabytes of data. ‘I’he major- 
ity of cotnputational rost in seismic- data processing 
is captured by the g5 kernel, which is described be- 
low after a brief overview of the KSR multiprocessor 
systems. 

21Jsers canl~ot dedicate Al processors available on a tiSR 
machine to their jobs. The system reserves sane l~rocessors for 
handling I/O and other system administration tahks. 

“The technical report. version (GIT-(‘C:-94.43) of this paper 
contains additional wsults and analysis, IKH availallle in this pa- 
per due to mnst mints of space. 7‘11~ technical repurt is available 
online by FTP at ftp.cc.gatech.edu( 130.207.9.1 I )in directory 
pubcoctechxeports. 
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Overview of the KSR multiprocessors. The 
KSR multiprocessors (both KSR- 1 and KSR-2) are 
NUMA (non-uniform memory access) shared mem- 
ory cache-only architectures with an interconuection 
ntbtwork that consi& of hierarchically interconnected 
rlilgs. Each KSR node c.onsists of a Cibbit RISC’ based 
processor, 32 MB of r[lailI memory, a higher perfor- 
rrlance 512 KB sub-cache (half of which for caching 
ill:structions and the other half for caching data), and a 
ritlg interface. Peak computational performance is 20 
Al FLOPS (million floating point operations) for each 
K:iR-1 node and 40 MFLOPS for each KSR-2 node. 

The KSR’s ALL(.‘AC HE; memory architecture, is a 
t,hree-level hierarchy At the top is each node’s high 
pc,rformanc.e cache, c-alled mbcnrhe in ALLC:A(:Ht<‘s 
tt,rnrinology. At the sec,ond level is each node’s main 
nlcxrnory, termed loin/ cache. The lowest. Icvc~l is 
th+ disk storage providing conventional virtual meni- 
ory. ALL(:ACHE i1nplement.s a sequentially c‘ons~s- 
t~rzf shared memory ntodcbl. In t,his memory model, 
data moves to the point of reference on deman(l, and 
till? unit of data movenlent8 is always a subpage of I28 
1)) tf*s. Specifically, if a dat,um is requested by a I)roces- 
S~II’ and found in neit her the proressor’s subcache uor 
its local cache, a request for the subpage t,hat contains 
l.1~~~ datum is sent, to ot,her processors on the same ring 
as the requesting processor. If none of the proccassors 
on the same ring have the requestsed subpage, t,hf> re- 
qllost message is propagated to other rings. When the 
slll,page is finally brc,ught in to t,he requesting node, 
it IS replicated in it,s local cache. A write requt%st t,o 
a .iubpagr goes t,hrough a similar pn,cess, with addi- 
tic,nal cornplexit,y t,hat ii write request invalidat.es all 
rf~l~licatjetl copies of t,hat subpage on other nodes’ lot-al 
c-;tl,hrs and subcaches. l’herefore, the cost of acccssiug 
a ?,hared variable depends on wherf* it is located. In 
gl*;leral, a subcaache n~clnory access only takes 2 clock 
c>~l~les, while it takes 10 clock cycles tjo access a word 
in a processor’s own local cache. Accessing a subpage 
m ot,her processor’s tnernory t,akes 175 clock cyc-lrs if 
it is on the same ring as the requesting processor, and 
alr~)ut 600 clock cycles if 011 other rings. 

While the KSR. machine‘s shared memory architec- 
I ure is designed for ease of use by application program- 
mf rs, programmers still nc-led t,o carefully distribute 
hoi h computat~iori and data among participating pro- 
(‘cs;jors in order to ac.hicve high performance on this 
rnachinc. The expericnres and resu1t.s from parallr$z- 
ing t,he g5 kernel (presented next,) demonstratr not 
only that, srlch careful parallelization is ncbcessary for 
high perfortnanc-e, but also that it, is achievable. 

The 85 kernel. The g5 kernel code is the compu- 

tational core of many numerical analysis algorithms, 
such as convocation and finite element methods, cow- 
monly used in seismic analysis applications and in 
many other scientific computation programs. Typi- 
cally, such algorithms operate on a two or three di- 
mensional computation space, representetl by a two 
or three dimensional array of discrete points. Given 
Some initial values of these points, the algorithm it- 
eratively computes new values for each point from its 
previous values and from the values of neighboring 
points. The algorithm terminates when either conver- 
gence or divergencct is detected. Divergence indicates 
that the algorithm fails on the problem with the given 
initial values. 

The g5 kernel’s computation space is a two dimen- 
sional array of points layered on a plane. The specific 
computation used by t,he g5 kernel is described by the 
following forlnula, 

N,,, = 
Cl * (E--2p-2 + p1-2,,+2 + F)rtz.,--2 -k P*tz,j+z)+ 

c2 f (f:,,-z t P,,,tz + p,--2,j + Ptt2,,).t 

c3 * (P,-l,,-I + Pl-l,J+l + P,+1,1--l + f,+1,,+1)+ 

c4 * (fl*:,,-l --I- Pt,,+1 + Pt--l,j + P,.+,,j) t 

c5 * I>,,, 

where Pi,) is the old valucx of the point at. row i and 
c,olurnn j from the previous iteration, and Ni,j holds 
the new value to b(, calculated. (Constants cl, ~2, cg, 
(‘4, and cg are weights used in the calculat,ions. For 
I)oundary points, the values of their neighbors outside 
the plane boundary are always assumed to be 0. All 
coefficients are real numbers and all point. values :Ire 
complex numbers (represented by two floating point 
words). From the formula, the calculation for each 
point per it,eration requires 21 operations of complex 
and real nurnljer additionsor rnultiplic:at.iorr~, resulting 
in 42 actual floating point operations. For a problem 
size of an 1 Ii x 1 I< (1,024 x 1,024) plant, the tot,al 
computation required for each iteration of the g5 ker- 
uel code is 42 million floating point, operations. 

A straightforward implrmentation of thcl g5 kernel 
algorithm requires t,wo arrays, one containlug the old 
values from the previous iteration (‘previous value ar- 
ray’), the ot,her st,oring new values calculated from 
the current iteration (‘nr>w value array’). The roles 
of these arrays are interchanged between it,erations. 
Namely, the ‘new value a.rray’ becomes the ‘previous 
value array’ in the next, iteration, and vice versa. To 
rrlake the calculation of the boundary points the same 
as inside points, we extend the arrays by two rows 
and two columns outside each plane boundary, and 
set these ext,ended array elements to 0. Thus there 
is no need for special t,reat)ment for boundary points 
during the computation. 
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Parallelization of the g5 kernel. Attainment 
I.I~ high performance on parallel machines require that 
programs exhibit balanced workloads and high data 
Ircality on all participating processors. Balanced 
workloads are not difficult to achieve for the g5 kernel 
c.l)de because the required computation for each point 
is always the same. The following t,hree decomposi- 
t,ions of the kernel’s computation space result in bal- 
;tnced work load: (1‘) mu+based parallelization divides 
t,he plane into blocks of rows and assigns each row 
Iliock to one processor, (2) colutrm.based paralleliza- 
I Ion divides the problem space into blocks of columns 
and assigns each ~~:~lurnn block to one processor, and 
(3) grid-based parallelization divides the plane into 
grids and distributes t.he grids among processors. 

However, data toca1il.y on the, KSR machines, 
;Irld t,herefore, performance varies significantly among 
these three methods due to the machine’s ‘rnove-on- 
c lemand ’ shared mc~mory po1ic.y. Specifically, t hr g5 
iinplementation uses two arrays to store I tie c&l val- 
ues from the previous it,eration (‘previous value array’) 
and new values from the current ,iteration (‘new value 
array’). After all poiltts on the plane are colliputed, 

thp distribution of t,he ‘new value array’ is exactly the 
s.ame as the computational space distribution, I)ecause 
all replicated copies of array elenlent,s have been invali- 
tlated by storing nrw values into the: array. During the 
tlext, iteration of computation, howevrr, t hc ‘new value 
;Irray ’ becomes thr ‘previous value array’. Therefore, 
some elements of the ‘previous value array’ must be 
;Iccessed remot.ely. For a problem of size 25li x 256 
t,omputed on 16 procf!ssors, tht> column-basted paral- 
Mization method requires each l)rocessor to access 128 
remote subpagrs per iteration (Fort.ran uses cc~lumn 
major array storage): while the: row-based and grid- 
Ijased (each processor is responsible for 16 grids of 
hize 16 x 16) m&hods rcaquire rtach procc>ssor lm ac- 
mess 5 12 and 704 subpages respectively. botch of which 
:Lre significantly higher than with the column-based 
;Lpproach. 

If we increase the problem sizr, to a 1 K x 1 I\’ plane 
I still running on 16 processors), the numbers of re- 
Inote subpage accesses per iteration for the column- 
teased, row-based, and 16 x 16 grid-based paralI&a- 
tion methods increases to 512, 2,04X, and 11.26,4 re- 
>pectively. Note that the number of rernote subpage 
;lccesses for the column-based parallelization approach 
1s determined by the rlumber of rows in the comI)uta- 
tion space, while the number for the row-based ap- 
Ijroach is only affected by the number of columns in 
the computation spat-e. The g&l-based approach is 
.tffected by bot,h factors, howevttr But if the grid size 

increases as the problem size grows, the total num- 
ber of remote subpage accesses drops drastically. For 
example, if the grid size increases to 256 x 256 for 
problem size 1 I< x 1 Ii’, each processor only needs to 
access 648 remote subpages, which is quite close to the 
column-based parallelization approach. 

The access pat,tern of the ‘new value array’ is sim- 
ilar to that of the ‘previous value array’. After each 
iteration, those elements of the ‘previous value array’ 
accessed by multiple processors are replicated on t,hesr: 
processors’ local caches. During the next it.eration, the 
‘previous value array’ becomes the ‘new value array’. 
Writing new values into the ‘new value array’ has to 
invalidate those replicated subpages, a reversal of the 
process describe above. The column-bast>d approach 
invalidates the least amount of subpages, while the 
small grid-based approach invalidates the most. 

In summary, the three parallelization techniques, 
column-based, row-based, and grid-basecl decompo- 
sitions, produce balanced work loads for the g5 ker- 
nel. However, column-based paratlelization result,s in 
the best dat(a locality, whereas small grid-based paral- 
lelization behaves the worst. for small size grids. 

3 Evaluation of the g5 kernel 
on KSR 

In this section. the performance of the parallelized 
g5 kernel is evaluated by comparison of results ob- 
tained with the rolutnn-, row-, and grid-based meth- 
ods of parallelization. The KSR-I and KSR.-2 ma- 
chines are used in the evaluations. Last,, the I/O 
throughput, and perfornlance of the g5 kernel are char- 
acterized and evaluat,ed. 

Computational performance and speedups 
on the KSR-1. Table 1 depicts the average ex- 

No. Proc. 1 4 8 16 24 
1 Ir' x 1 K 5.03 1.14 0.552 0.280 0.191 
512 x 512 1.10 0.279 0.142 0.0736 0.0524 
256 x 256 0.276 0.0723 0.0380 0.0206 0.0152 

Table 1: Average execution time (in seconds) of 
each iteration of the g5 kernel (parallel&d with the 
column-based approach). 

ecution time of each iteration of the g5 kernel code 
on a 32-node KSR-1, and the resulted speedups are 
shown in Figure 1. Execution times and speedups are 
presented for thrr>e clifferent problem sizcbs, lli’ x lr\’ 
(1,024 x 1,024), 512 x 312, and 256 x 256. In the case 
of a problem size of an 1 li x I I< plane cg)mputing on 
24 processors, the average computation time of each 
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F’igure 1 Speedups40f thr g5 kernel on the KSR-I 

ittgration is less than 0.2 seconds. Therefore, the ac- 
tual computational throughput, of the application is 
at least 210 millions operations per second. Since t,he 
peak computational performance of ‘L4 KSR-1 proces- 
sors is 4X0 MFLOPS, t.he g5 kernel paralleliaed with 
thl> column-based t.echnique realizes 44% of the nla- 
&me’s peak performan1.e. 

From t,hr results in ‘Yable 1 and Figure 1, it is clear 
th;tt, t.he g5 kernel sc.ales wrll both in problem size and 
in number of processors. Furtherniore, as expPcti%d, 
spfaedup improves when problem sizes are increased. 

Comparing the performance of different par- 
allelization techniques. Se&on 2 describes SW- 
er;rl alternative parallelizat,ion techniques. Figure 2 
depicts measurements (in terms of speedups) of 111~ 
g5 kernel parallelizt~d with these parallelization tech- 

Figure 2: Speedups of the g5 kernel for different par- 
allclization techniques on the KSR- 1. 

“Super-linear speedups are due to KSR-l’s ALLCAC’HE 
mt:~nory architecture. When the g5 kernel runs on a large nurn- 
her of processors, it can toad all its mIdi: and data into the 
fast sub-caches or local caches msuciated with these processors, 
wt>ile it can not when running on one proressur. 

niques: row-based, column-based, small grid-based 
(grid size 16 x 16), and large grid-based (grid size 
256 x 256 ). The problem size for all the measure- 
ments is the same 1K x IIT plane. 

From the results shown in the figure, it is clear 
that column-based parallelization produces the best 
performance and speedups on any number of proces- 
sors, while the small grid-based parallelization tech- 
nique using small grids yields the worst performance. 
Row-based parallelization is generally close to the 
small grid-based approach. However, the large grid- 
based approach approximates the performance of t,he 
column-based approach, except on 24 processors. This 
anomaly is due to the fact that, there are only 16 grids 
of size 256 x 256 for a problem size of I A’ x lli’. and 
t.herefore at most 16 processors are needed 

We can conclude from these results th;tt data lo- 
rality determines the overall performance of the g5 
kernel. especially on large numbers of processors. The 
column-based parallelization approach is superior in 
performance because it best preserves data locality. 
Performance differences due t,o data locality are sig- 
nificant. For example, when the g5 kernel runs on 24 
processors, the best caSe speedup (column-base paral- 
lelization) is more t,han 3 times as much a;4 the worst 
case (small grid-based parallelization). 

Performance of the g5 kernel on the KSR-2. 
The performance of the g5 kernel on the 64-node 
KSR-2 is shown in Figure 3. The figure shows t,he 

Figure 3: Average execution time of each it,eration of 
the g5 kernel on a 64-node KSR-2 (with column-based 
parallelization). 

average execution time of each iteration of t,tle g5 krsr- 
nel code with different problem sizes on different num- 
bers of processors. By cornparing the results on the 
KSR-2 (Figure 3) with the results on the KSR-1 (Ta- 
ble l), it is clear that the execution speed of the g5 
kernel on KSR.-2 is about t,wice as fast as on KSR-1, re- 
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suiting from faster processor and interconnection net- 
work speed on the KSR-2. Column-based paralleliza- 
tlon is again superior in performance to other tech- 
niques. Specifically, the execution time for problem 
size II{ x lli’ on 48 processors is less than 0.05 sec- 
onds, resulting in total computational throughput of 
840 MFLOPS. While the peak computational perfor- 
mance of 48 KSR-2 processors is 1,920 MFLOPS, t,hc 
g5 kernel can still realize 44% of KSR-2’s peak perfor- 
mance. 

From the comparison, we can also conclude that 
the g5 kernel scales very well except for small prob- 
lem sizes on KSR-2 (specdup numbers on KSR.-2 are 
not shown here clue to const,raints of space). It is also 
clt:ar that running on two rings (the &l-node KSR,-2 is 
interconnected by 2 rings) does IIOI. have any obsrrv- 
aljle effects on the overall perforItl;tnce of the g5 ker- 
nrml, thereby indicating good scalability for coven larger 
machine sizes. 

Input/Output performance on the KSR ma- 
rhines. Sinc.e typical seismic data processing appli- 
cations involve large amounts of ttat,a, the I/O perfor- 
mance of the machine on which tht, applications are 
running can affect overall program perfortnitncc. Only 
al)plication-level I/O pF,rformance is measured in this 
paper. The KSR nlachinr> 11a.s I/O controllers at.t~achetl 
to only some nodes. which implies that I/O pcrfor- 
tlbance may be diffcrellt from ncde to node. More- 
($1 er, despite the availa.bility of irrtlqwndmt. disks :Ind 
I/O contsrollers, parallel l/O is riot, sllpportpd by t.hr 
KSR. machine’s OS. :is a rllsult, t.hr pflrfornlancr nlea- 
sllrements present,c>d h’prr are at,t ainecl frown a sinlple 
l’nogram that, reads from a file and writes l,o anotller. 
This program is rlln on different pro(‘essors to oljtain 
rf$alist,ic averages. ‘I’ablrl 2 shows thr best, and avcragc 
titnes and the throughput of reading and writing tiles 
01 size 8 MB on the KSR-2 installed at Georgia ‘l?r-ch. 

I 

_- --.-.-_-- 
Time (seconds) 11 Throughputa (MB/s) 

Best Avg. Bwt, Avg. - !I ____. 

~~~~~~~~~~ 

Table 2: l/O perform:mce of the KSR-2: Best and 
average access t,inles and t.hrougtllu~~ of rexdilkg and 
Lvriting an 8 MB file. 

From the results, it is clear that the l/O pf,rFor- 
Itlance of the current KSR configuration is not suffi- 
clent for applicat,ions that require input and output of 
large amounts of data. However, there exist ways to 
irriprove I/O perforrnaricp. For px;+,mple, initia.1 data 

and final results can be compressed to redul:e the total 
amounts of I/O, at some cost of extra computation. 
Support of parallel I/O can also improve t.he KSR’s 
I/O performance. 

4 Conclusions 
The g5 kernel is a computational kernc,l extracted 

from seismic data processing applicat,ions. In this pa- 
per, the kernel is parall~lized and it,s performanccl is 
evaluated on the KSR-1 and KSR-2 multtprocessors. 
Three approaches for parallelizing t,he g.5 kernel are an- 
alyzed: colulnn-based, row-based, and grid based par- 
allelizations. All three a.pproaches result !n well l)al- 
anced deromposit,ions, but differ significarltly in data 
locality. In general, t.he c-olumn-based approach has 
the best data locality, while the small gritl-based ap- 
proach has the worst. 

These results clearly indicate that, dat,a locality is 
one of the critical factors for attaining high perfor- 
mance for the g5 kernel. The best, parallellzed g5 ker- 
nel code achieves about 44% of bot,h the KSR-1 and 
KSR-2 machines’ peak computational pc*rformallce. 
Similar conclusions can be clrawn for thtb g5 kernel 
on any other N7IMA shared mernor?. machines. 

The I/O performance of the KSR is nclt adequate 
for applications t,hat require input and out,put of large 
amounts of data. Improvements of the performance> of 
the I/O syst,em, such as supporting parallel l/O, are 
required to nlake possible efficient execut.if)n of these 
applications. 
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