Tw o Adaptiv e Hybrid Cac he Coherency Proto cols

Craig Anderson Anna R. Karlin

Apple Computer Dept. of Computer Science and Engineering

1 In�nite Lo op, MS 301-4G Univ ers it y of W ashington

Cup ertino, CA 95014 Seattle, W

A 98195-2350

Abstract

We pr esent and evaluate adaptive, hybrid c ache c o-

her enc e pr oto c ols for bus-b ase d, shar e d-memory mul-

tipr o c essors. Such pr oto c ols ar e motivate d by the ob-

servation that sharing p atterns vary substantial ly b e-

twe en di�er ent pr o gr ams and even c ache blo cks within

the same pr o gr am. Performanc e me asur ements acr oss

a r ange of p ar al lel appli c atio ns indic ate that the adap-

tive pr oto c ols we pr esent p erform wel l c omp ar e d to b oth

Write-Invalidate and Write-Up date pr oto c ols.

1 In tro duction

In a bus-based m ultipro cessor, bus con ten tion can

lead to increased program execution time b ecause a

pro cessor ma y stall while its cac he is w aiting for the

bus. F or man y in teresting applications, the bus trans-

actions required to main tain cac he coherence are the

main source of con ten tion. It is kno wn that no single,

non-adaptiv e cac he coherence proto col minimizes bus

con ten tion for all applications or ev en for all cac he

blo c ks within the same application. In this pap er,

w e presen t and ev aluate new coherence proto cols that

adapt to application b eha vior on a blo c k b y blo c k ba-

sis.

There are t w o commonly used coherence proto-

cols: write-invalid ate (WI) and write-up date (WU).

In write-in v alidate, a pro cessor in v alidates all other

cac hed copies of shared data and can then up date its

o wn cop y without further bus op erations. In write-

up date, a pro cessor broadcasts up dates to shared data

to other cac hes, so the cac hes sta y coheren t.

Clearly

, there are reference patterns for whic h these

proto cols are sub optimal in terms of bus busy cycles.

F or example, supp ose that t w o pro cessors are alter-

nately writing to the same cac he blo c k. Then eac h

write will result in an in v alidation, so that a subse-

quen t blo c k read is required. F or a sequence of n

suc h alternate writes, the write-in v alidate proto col re-

sults in n in v alidates and n blo c k reads, whereas on

the same sequence the write-up date proto col results

in only n up dates. If a blo c k read tak es sev eral more

bus cycles than an up date, this di�erence will b e sig-

ni�can t.

On the other hand, supp ose that t w o pro cessors

initially read from some cac he blo c k and subsequen tly

only one of the pro cessors activ ely uses the blo c k, sa y

writing to it n times. Then write-up date broadcasts

eac h of these up dates for a total cost of t w o initial

blo c k reads and n up dates. On this same sequence write-in v alidate incurs the cost of t w o initial blo c k

reads and only one subsequen t in v alidate.

A k ey program c haracteristic underlying these ex-

amples is the blo ck write run, whic h is de�ned as a

sequence of write references to a shared cac he blo c k,

unin terrupted b y either an access to that blo c k b y an-

other pro cessor, or replacemen t of the blo c k [8]. In

the �rst example ab o v e, there w ere man y write runs

of length one; in the second, a single write run of

length n. In general, short write runs fa v or write-

up date proto cols, while long write runs fa v or in v ali-

date based proto cols. On the other hand, short write

runs can lead to p o or p erformance on mac hines using

in v alidate-based coherency (lik ewise long runs and up-

date strategies).

In an attempt to a v oid the pathological b eha viors

of up date and in v alidate proto cols, hybrid proto cols

whic h com bine b oth strategies ha v e b een prop osed.

Suc h strategies usually consist of up dating for some

n um b er of consecutiv e writes to a blo c k b y the same

pro cessor, and then in v alidating on the next write. T o

do this, a coun ter is asso ciated with eac h cac he blo c k.

The initial v alue of the coun ter is set to the invalida -

tion thr eshold. On an up date transaction, the coun ter

for the blo c k b eing written is decremen ted. When the

blo c k’s coun ter reac hes 0, the blo c k is in v alidated in all

cac hes except that of the writing pro cessor, up dates

no longer need to b e sen t, and the blo c k in the writer’s

cac he b ecomes exclusiv e.

The c hoice of in v alidate threshold is critical to the

p erformance of h ybrid proto cols. If the v alue is to o

small, blo c ks with short write runs will b e in v alidated

to o early; to o large, and man y useless up dates will

b e done for blo c ks with long write runs. Karlin et

al. prop osed an algorithm whose c hoice of in v alidate

threshold did no w orse than t wice the bus cycle cost of

the optimal o�-line algorithm [12]. Ho w ev er, it often

did not ac hiev e the b est p erformance. One reason wh y

is that using a single, �xed v alue of in v alidate thresh-

old for all blo c ks and for all applications necessitates

a compromise, since applications ha v e widely v arying

write run distributions (whic h w e sho w in section 4).

Our solution to this problem is to use an adaptive

h ybrid proto col that v aries the in v alidate threshold on

a p er-blo c k basis o v er time. The adaptiv e strategies

w e consider use write-run lengths collected on-the- y

in order to determine the in v alidation threshold for

that blo c k in the future. F or example, if v ery long

write-runs are observ ed, the adaptiv e strategy should set the in v alidation threshold to 0, i.e. implemen t WI.

On the other hand, if v ery short write-runs are ob-

serv ed, the adaptiv e strategy should set the in v alida-

tion threshold su�cien tly high that only up dates are

issued. In other w ords, the adaptiv e strategies should

ha v e the p oten tial to con v erge to near-optimal p erfor-

mance on a cac he blo c k b y cac he blo c k basis.

In this pap er, w e presen t t w o adaptiv e coherency

proto cols. W e sho w that across a range of parallel ap-

plications that w e ha v e measured, their p erformance is

as go o d as the b etter of WU and WI, and on some sig-

ni�can tly b etter. Moreo v er, b oth adaptiv e proto cols

generally had lo w read and write miss rates, and lo w

n um b ers of bus transactions and b ytes transferred.

The rest of the pap er is organized as follo ws. Sec-

tion 2 describ es the proto cols that w e ha v e measured

and in particular presen ts the new adaptiv e proto cols.

Section 3 discusses our metho dology and b enc hmarks.

Section 4 presen ts measuremen ts of write-run distribu-

tions. Sections 5 and 6 presen t p erformance measure-

men ts. In section 7, w e discuss related w ork. Finally ,

sections 8 and 9 outline some limitations of this w ork

and conclusions.

2 The Coherence Proto cols

2.1 Bac kground

A ma jor reason wh y programs fail to exp erience lin-

ear sp eedup on bus-based m ultipro cessors is bus con-

ten tion. Th us it is imp ortan t to reduce the n um b er of

bus busy cycles where p ossible. In this section, w e dis-

cuss the bus-cycle costs of eac h coherence sc heme, and

describ e the adaptiv e proto cols that w e will measure.

All the results presen ted in this pap er assume that

the system implemen ts r e ad-snar�ng

1

[17, 10]. In

suc h a system, the cac he sno op mec hanism of ev ery

cac he, and not only of the requesting cac he, c hec ks the

address asso ciated with all completed cac he-to-cac he

read op erations on the bus. If the address of the data

matc hes in the cac he, but the state of the blo c k is in-

v alid, the cac he will read the v alue of the blo c k from

the bus, and set the state of the blo c k to read-shared.

The main b ene�t of read snar�ng is that it reduces the

n um b er of read misses for blo c ks that w ere in v alidated

b ecause of coherence actions. The �rst pro cessor to

reload a blo c k b ecause of an in v alidation miss will ef-

fectiv ely supply the blo c k to other pro cessors whose

blo c ks w ere in v alidated in the past, assuming that the

in v alidated blo c ks w ere not o v erwritten b y other data.

In addition, w e assume the existence of a shar e d

line, a bus wire whic h is used b y the writing cac he to

tell if other cac hes curren tly p ossess the blo c k b eing

up dated. In a normal up date proto col, it is asserted

b y a cac he when it receiv es an up date for a blo c k cur-

ren tly in its cac he.

W e use the follo wing notation in our discussion.

1

W e presen t results assuming read-snar�ng in order to sim-

plify the presen tation: the proto cols and analysis are simpler

to describ e in this case since the n um b er of rereads follo wing a

write-run is alw a ys at most 1. Ho w ev er, w e ran the appropri-

ate v arian ts of the exp erimen ts describ ed in this pap er without

read-snar�ng as w ell. The results w ere not substan tially di�er-

en t. F or more information, see [1].

� C

i

, the cost in bus cycles of an in v alidate trans-

action.

� C

u

, the cost in bus cycles of an up date transac-

tion.

� C

r

, the cost in bus cycles of reading a cac he blo c k.

� R , the invalida tion r atio, de�ned as (C

i

+ C

r

)=C

u

.

Note that eac h initial read of a blo c k, and eac h read

to a blo c k that w as previously replaced, en tail bus

cycle costs that are incurred regardless of the cac he

coherency proto col used. Therefore, in the discussion

b elo w, w e fo cus only on those bus cycle costs whic h

v ary from proto col to proto col.

2.2 The Standard Proto cols

The W rite-In v alidate Proto col (WI)

In write-in v alidate, a pro cessor in v alidates all other

cac hed copies of shared data and can then up date its

o wn cop y without further bus op erations. The cost in

bus cycles incurred b y WI dep ends only on the n um b er

of write runs observ ed and not on their lengths.

Note that b ecause read-snar�ng is used, only one

read is required to restore the blo c k to all cac hes in

whic h is w as in v alidated and not replaced.

The W rite-Up date Proto col (WU)

In write-up date, a pro cessor broadcasts up dates to

shared data to other cac hes, so the cac hes sta y coher-

en t. Ho w ev er, shared blo c ks migh t not remain shared

for the en tire duration of a write-run due to replace-

men t. The sharing line ensures that up dates only need

b e broadcast when the data is activ ely shared.

The Comp etitiv e Proto col (SR)

As describ ed in the in tro duction, the comp etitiv e pro-

to col (SR)

2

asso ciates a coun ter with eac h cac he blo c k,

initialized to R , the in v alidation ratio. On an up date

to an activ ely shared blo c k, the coun ter in the writer’s

cac he is decremen ted. When the coun ter reac hes 0, the

blo c k is in v alidated in all cac hes except for that of the

writing pro cessor, and the coun ter is reset to R . In

addition, if an up date is broadcast, and the sharing

line is not raised, the coun ter is reset to R .

One adv an tage of this proto col is that its w orst-

case p erformance is b ounded: the n um b er of bus cycles

used b y this proto col is pro v ably within a factor of 2 of

the n um b er used b y the optimal o�ine proto col [13].

2.3 The Adaptiv e Proto cols

W e no w describ e the t w o dynamic h ybrid proto cols.

Both proto cols are adapted from comp etitiv e thread-

spinning algorithms found in [11]. In that pap er, the

algorithms decide when to switc h b et w een spinning a

thread while w aiting for a lo c k | an inexp ensiv e op er-

ation that can b e rep eated man y times | and blo c king

a thread, whic h is an exp ensiv e op eration that is done

only once. In our algorithms, up dating is analogous

to spinning, while in v alidating is analogous to blo c king

(since it en tails the subsequen t large reread cost).

2

SR stands for \sno op y reading", the name giv en to the pro-

to col b y Eggers and Katz [8]

These proto cols are dynamic v ersions of the com-

p etitiv e proto col SR. They main tain a coun ter and an

invalida tion thr eshold T

b for eac h cac he blo c k b. The

coun ter asso ciated to a blo c k is initialized to the v alue

of T

b

.

On an up date to an activ ely shared blo c k, the

coun ter in the writer’s cac he is decremen ted. When

the coun ter reac hes 0, the blo c k is in v alidated in all

cac hes except for that of the writing pro cessor. When

the blo c k is read again b y some pro cessor, a new v alue

for T

b is computed, and eac h coun ter for that blo c k is

reset to that v alue. Whereas the SR proto col main-

tains a constan t threshold (equal to the in v alidation

ratio R ), the adaptiv e proto cols adjust the v alue of T

b

for a blo c k after eac h write run. The di�erence b e-

t w een the t w o adaptiv e proto cols is in ho w they mak e

this adjustmen t.

The Random W alk Proto col (R W)

In the Random W alk proto col, the v alue of T

b for eac h

cac he blo c k b is 0 when the program starts. It is then

adjusted as follo ws: if the length of the most recen t

write run to b exceeds the in v alidation ratio R , then

the in v alidation threshold T

b is decremen ted b y 1, as

long as it sta ys nonnegativ e. On the other hand, if the

write run to b has length less than or equal to R , the

threshold T

b is increased b y 1 as long as it do es not

exceed the in v alidation ratio.

This approac h ensures that blo c ks that consisten tly

ha v e long write runs will so oner or later ha v e their

thresholds reduced to 0, so that the blo c k will b e in-

v alidated immediately

, with no w asted up dates. Sim-

ilarly

, for blo c ks with consisten tly short write runs,

the threshold will b e adjusted up w ards, so that the

blo c k will not b e in v alidated when it is b eing activ ely

shared.

F or example, supp ose that the in v alidation ratio is

5, and the curren t threshold T

b for a particular blo c k

is 3. A pro cessor then b egins a write run on blo c k b.

If the pro cessor only writes the blo c k 4 times b efore

it is accessed b y another pro cessor, then T

b will b e in-

creased b y 1 (to 4). This means that if the subsequen t

write run also has length 4, T

b will b e at an optimal

v alue, and only up dates will b e issued.

On the other hand, if the blo c k is written 10 times

b efore b eing accessed b y another pro cessor, then T

b

will b e decreased to 2. Therefore if the subsequen t

write run is also v ery long, the proto col will incur a

cost of t w o up dates, an in v alidate and a reread, rather

than three up dates, an in v alidate and a reread. After

t w o more long write runs, T

b will b e reduced to 0, and

in v alidation will b e immediate.

The Random W alk algorithm requires additional

memory of 3 to 5 bits p er memory blo c k to store the

curren t threshold. Our sim ulations assume that addi-

tional bus lines exist to transmit threshold v alues to

and from pro cessors and memory .

The Last-Three-Samples Proto col (L TS)

Supp ose that w e are giv en a probabilit y distribution

on write-run lengths, i.e. for eac h L, w e kno w the probabilit y that the next write-run will b e of length L.

Then it is p ossible to determine the optim um thresh-

old for that distribution, i.e. that whic h minimizes

the exp ected n um b er of bus busy cycles on the next

write-run. T o do this, w e w ould �nd the exp ected

cost of using t as a threshold, E C (t), for eac h p ossible

v alue of t, and then c ho ose the v alue whic h minimizes

(E C (t)). The last three samples (L

TS) proto col ap-

pro ximates this computation, b y estimating the prob-

abilit y distribution for the next write-run using the

last three write-run lengths observ ed. Sp eci�cally

, if

the last three write-runs had lengths i; j and k , then

L TS c ho oses the threshold using the h yp othesis that

the next write-run will ha v e length i with probabil-

it y 1/3, j with probabilit y 1/3 and k with probabilit y

1/3. Giv en this appro ximate distribution, the opti-

m um threshold is computed.

F or eac h c hoice of i; j; k in this range, the optim um

threshold is stored in a static table, so that L

TS can

lo okup the b est threshold to use based on the last

three observ ations, and set its in v alidation threshold

equal to that v alue.

Note that w e limited the v alues of i, j , and k to

(2 � R ) to k eep the size of the table manageable, though

in practice limiting the v alues further to R w ould not

ha v e a�ected the actual threshold v alues determined

b y the algorithm.

When no write history is a v ailable for a blo c k, w e

used 0 as the threshold. When a blo c k had only 1

or 2 write runs, the thresholds w ere determined b y

assuming that the distribution is determined b y 1 or

2 samples, rather than 3.

The o v erhead for the L

TS algorithm is substan-

tially higher than that of the Random W alk algorithm.

Though the L

TS do esn’t store the curren t threshold,

it do es store the lengths of the last three write runs

for ev ery memory blo c k. Additional storage is needed

for the threshold lo okup table. The additional stor-

age needed mak es L

TS a less practical algorithm than

Random W alk.

3 Metho dology

Using the Cerb erus sim ulator [4], w e sim ulated the

proto cols describ ed in the previous section. The WI

proto col w e used is the Illinois proto col [16], while

the WU proto col w e used is the Dragon proto col [15].

The Dragon proto col uses a shared line to detect if a

blo c k b eing up dated is b eing activ ely shared. If the

blo c k is not b eing shared b y an y other pro cessor, it

is mark ed as exclusiv e in the writer’s cac he, and no

further up dates are done for the length of the write

run. WU and the adaptiv e proto cols use the shared

line to stop up dates when the blo c k is not activ ely

shared.

W e c hose sev en applications to ev aluate our proto-

col. The reference b eha vior of these applications fall

in to three categories:

� Applications that ha v e go o d spatial lo calit y and

exhibit high cac he hit rates (Gauss, Badgauss,

Cholesky).

� An application that exhibits true sharing

(MP3D).

� Applications that exhibit b oth true and false

sharing (T op opt, Pv erify).

� An application that has few shared accesses

(Barnes).

Gauss is a standard gaussian elimination program

whic h solv es a system of linear equations. W e ran our

sim ulation on a 250x250 matrix, comprising appro xi-

mately 161 million instructions on a single pro cessor.

Because the b enc hmarks w e used fa v ored WU, w e

constructed an additional b enc hmark that w ould do

p o orly with WU. W e mo di�ed the Gauss b enc hmark

so that all pro cessors access the en tire arra y b efore

starting the ro w reduction op erations. This is done

so that the en tire arra y is shared in man y pro cessors,

forcing an up date proto col to do an up date transaction

for ev ery write. W e then ran the mo di�ed v ersion

of Gauss with a large cac he so that the en tire arra y

w ould sta y residen t during the parallel section of the

program. W e call this program Badgauss.

Cholesky is a program from the SPLASH b enc h-

mark suite for sparse matrix factorization [18]. Our

sim ulation used the BCSSTK14 input �le (65 million

instructions).

MP3D is another program from the SPLASH

suite. MP3D is a 3-dimensional particle sim ulator

whic h has p o or lo calit y and incurs a great deal of co-

herence misses. W e ran MP3D on 20000 molecules for

100 steps (497 million instructions).

T op opt p erforms top ological optimization on VLSI

circuits using a parallel sim ulated annealing algorithm

[6]. This application exhibits a fair amoun t of b oth

true and false sharing [7]. W e used the cpla1.lomim

input �le (1.7 billion instructions).

Pv erify determines whether t w o b o olean circuits

are functionally iden tical [14]. It exhibits a great

deal of false sharing, ev en when using mo derate-

sized blo c ks [7]. W e ran Pv erify on the circuits

C880.21.b erk1 and C880.21.b erk2 (1 billion instruc-

tions).

Our �nal applications is Barnes-Hut, from the

SPLASH suite. Barnes exhibits a v ery lo w coherence

miss rate, ev en when 64 pro cessors are used. W e sim-

ulated 128 b o dies (111 million instructions).

Except for the Badgauss b enc hmark (where w e used

a v ery large cac he size), w e sim ulated 128K pro cessor

cac hes. W e used a blo c k size of 64 b ytes and a bus

size of 32 bits. Up date transactions transferred 4 or

8 b ytes of information, dep ending on the size of the

data item b eing written.

The relativ ely small bus width mak es it more ex-

p ensiv e to read an en tire cac he blo c k than to up date

the part of the blo c k whic h has b een written. In gen-

eral, the size of the bus and the system’s blo c k size

are not imp ortan t to the success of h ybrid sc hemes;

what is imp ortan t is that the ratio of the cost doing

an in v alidate (including blo c k rereads) v ersus the cost

of an up date is high enough. The ratio is high when

blo c k sizes are large relativ e to the bus size, or when

snar�ng is not used and the a v erage n um b er of blo c k

rereads is at least 2 or 3.

Giv en these parameters, the cost of an in v alidate

transaction (C

i

) is 2 cycles, the cost of reading a cac he blo c k from another cac he (C

r

) is 19 cycles, and the

cost of an up date (C

u

) is 4 cycles. (Similar v alues

are obtained using, for example, 128 b yte blo c ks and

a 64 bit bus.) W e assumed a sequen tially consisten t

system and a split-transaction bus when main-memory

accesses w ere p erformed. Main memory required 10

cycles to pro duce the �rst (32-bit) w ord, and a cycle

for ev ery subsequen t w ord in the blo c k.

W e w ere able to accommo date up to 32 pro cessors

on a single bus b ecause the bus cycled at the same

sp eed as the pro cessor. In the case where the pro ces-

sor is m uc h faster than the bus, few er pro cessors could

b e e�ectiv ely connected b ecause of increasing bus sat-

uration, whic h mak es reducing bus tra�c all the more

imp ortan t.

F or the Random W alk algorithm, the initial v alue

of the in v alidate threshold w as set at 0 (in v alidate im-

mediately). Similarly

, the threshold used for the L TS

when there w ere no prior samples w as 0. V arying the

initial v alue sho w ed no appreciable e�ect on the results

of the adaptiv e proto cols.

4 W rite runs

In this section, w e presen t the distribution of write-

run lengths measured for four of the applications. W e

will discuss distributions for b oth 4 and 32 pro cessors

runs; unfortunately

, in most cases space constrain ts

allo w us to include only the graphs for the 32 pro ces-

sor, 128K cac he run. The additional graphs ma y b e

found in [1].

Gauss

The most noticeable feature of the Gauss data is

the large spik e at a write length of 8 (Figure 1). The

spik e is exp ected due to the access patterns in the pro-

gram. As eac h pro cessor mo di�es its ro ws, it writes

ev ery elemen t to the righ t of the piv ot column. Since

ev ery 64 b yte cac he blo c k can con tain 8 double oat-

ing p oin t v alues, most write runs are 8 long. The

w orking set for Gauss �ts in less than 512K; ho w ev er,

ev en with 32 128K cac hes, con ict misses still cause

blo c ks con taining some matrix elemen ts to b e evicted

on eac h iteration. Th us there are not man y write runs

of length greater than 8.

If not for replacemen t and a sharing line, a WU

proto col w ould p erform w orse than WI on Gauss, since

the lengths of the v ast ma jorit y of write-runs exceed

the break ev en p oin t (in v alidation ratio) of 5. As w e

shall see, ho w ev er, during man y of the long write-runs,

the blo c k did not remain activ ely shared, enabling WU

to p erform as w ell as WI.

Badgauss

The Badgauss b enc hmark w as run with larger

cac hes (512K) and greater asso ciativit y (32) than the

Gauss b enc hmark. Since con ict and capacit y misses

w ere all but eliminated, the distribution of write run

lengths shifted from Gauss’s man y runs of length 8 to

runs of length greater than 100 (Figure 1). In addition,

since (b y design) the algorithm mak es the en tire arra y

activ ely shared, under WU the sharing line will b e ac-

tiv ated on ev ery write to the arra y . Th us under WU

ev ery write to a blo c k con taining arra y elemen ts will

incur a write up date transaction. This should cause a

Write Run Length 0

200

400

600

Frequency, in thousands

Gauss - 32 processors, 128K caches

1 2 3 4 5 6 7 8 9 10 11-20 21-99 100+ 0

50

100

150

Badgauss - 32 processors, 512K caches

Figure 1: W rite run lengths for Gauss and Badgauss

large drop in p erformance v ersus WI, esp ecially when

large n um b er of pro cessors are used.

Cholesky

Lik e Gauss, Cholesky also has a spik e at write

runs of length 8 (Figure 2). Ho w ev er, unlik e Gauss,

Cholesky also has man y write runs of length other

than 8. When 4 pro cessors w ere used with 32K cac hes,

Cholesky had a wide distribution of write runs, with

a large n um b er of runs in the 11{20 and 21{99 range.

When 128K cac hes w ere used, the length of most write

runs (except those of length 100 or greater) increased.

When 32 pro cessors w ere used the n um b er of runs of

length 1 and 8 dramatically increased, though there

w ere still a non-trivial n um b er of longer write runs.

Unlik e the 4 pro cessor case, there w ere few di�erences

b et w een the 32K and 128K cac he runs.

Pv erify

Because of large amoun ts of b oth false and true

sharing, the v ast ma jorit y of write runs in Pv erify are

v ery short | 1 or 2 writes b efore the blo c k is refer-

enced b y another pro cessor (Figure 2). Suc h write pat-

terns hea vily fa v or up date-based proto cols. Changing

the cac he size had little e�ect on write run distribu-

tions for either 4 or 32 pro cessors.

Summary

W e ha v e presen ted write-run distributions for a set

of b enc hmarks. As exp ected, the distributions v ary

rather signi�can tly from application to application.

In terestingly

, for the most part the distributions tend

to b e bimo dal, with man y v ery short write runs and

some v ery long write runs A more detailed analysis

of the write-run data sho ws that the v ariance in the

write-run lengths on a p er blo c k basis is signi�can tly

smaller than that of the o v erall application. This is

to b e exp ected, since the reads and writes to a shared

cac he blo c k represen t accesses to shared data struc-

tures, and these tend to b e fairly consisten t o v er time,

ev en though the access patterns to di�eren t parts of

the data structure ma y b e quite v aried.

Nonetheless, all together, these measuremen ts sug-

gest that there is p oten tial for adaptiv e proto cols to

p erform as w ell as the b etter of WI and WU. In partic-

ular, for those cac he lines where the write-run lengths

are uniformly short or uniformly long, the adaptiv e

proto cols ma y b e able to con v erge to near optimal

p erformance.

5 P erformance

W e no w turn to the measuremen ts of the p erfor-

mance of the v arious proto cols. W e b egin with a sum-

mary of the sim ulated execution time of the �v e on

eac h of the b enc hmarks using 128K cac hes and 32 pro-

cessors. All sp eedup graphs in this pap er are relativ e

to the execution time when running the same program

on a single pro cessor using the same arc hitectural pa-

rameters.

Figure 3 sho ws the sp eedups the v arious proto-

cols ac hiev ed. Both adaptiv e proto cols p erformed w ell

compared to WI and WU. On MP3D, L

TS ran 27%

faster than WI, and 16% faster than WU. On T op opt,

L TS w as 14% faster than WI, and just as fast as WU.

On Barnes, Gauss, Badgauss and Cholesky , L TS w as

b et w een 1 and 5% faster than the b etter of WU and

WI. On Pv erify , L TS w as 70% faster than WI, but

slo w er (3%) than WU.

The p erformance of Random W alk w as generally

ev en b etter. On MP3D, Random W alk ran 24% faster

than WI, and 13% faster than WU. On T op opt, Ran-

dom W alk w as 27% faster than WI, and 11% faster

than WU. On Barnes, Gauss, Badgauss and Cholesky ,

Random W alk w as b et w een 1 and 5% faster than the

b etter of WU and WI. On Pv erify

, Random W alk w as

70% faster than WI, but sligh tly (2%) slo w er than

WU.

The nonadaptiv e h ybrid proto col SR (with in v al-

idation threshold of 3) did not do nearly as w ell as

the adaptiv e proto cols. F or those programs where WI

w orks b etter than WU (Barnes, Gauss, Badgauss, and

Cholesky), it generally did ab out as w ell as WI. F or

those applications that did signi�can tly b etter using

Write Run Length 0

50

100

Frequency, in thousands

Cholesky - 32 processors, 128K caches

1 2 3 4 5 6 7 8 9 10 11-20 21-99 100+ 0

5

10

Frequency, in millions

Pverify - 32 processors, 128K caches

Figure 2: W rite run lengths for Cholesky and Pv erify

WU (MP3D, Pv erify

, and T op opt), SR did relativ ely

p o orly

. On MP3D, it did as w ell as WI, while the

dynamic proto cols p erformed 25% b etter. It did not

come near the p erformance of the adaptiv e proto cols

(or WU) on Pv erify

, and actually p erformed w orse

than all proto cols on T op opt.

F rom the p oin t of view of other metrics, the adap-

tiv e proto cols w ere also v ery successful. As exp ected,

WU t ypically had a substan tially lo w er read miss rate

than WI. The adaptiv e proto cols had read miss rates

m uc h closer to those of WU. On the other hand, WU

t ypically required man y more bus arbitrations than

WI. The adaptiv e proto cols issued a n um b er of bus

transactions m uc h closer to that of WI, and some-

times smaller than b oth. Finally

, the n um b er of bus

b ytes transferred b y the adaptiv e proto cols w as closer

to the smaller of WU and WI. (F requen tly , there w as

a substan tial di�erence b et w een the t w o, and neither

w as uniformly sup erior.)

In the next section, w e presen t a detailed descrip-

tion of the results of some of the b enc hmarks

3

.

6 Detailed Measureme n ts

Badgauss

W e b egin with the results for our arti�cial b enc h-

mark Badgauss on whic h WU p erforms p o orly . W e

used 512K cac hes so that the en tire arra y w ould re-

main cac hed in all pro cessors, forcing WU to do an

up date transaction on ev ery write. As exp ected, WU

did p o orly on Badgauss, though the e�ect of the man y

up date transactions did not a�ect p erformance m uc h

un til 32 pro cessors w ere used (Figure 4). The reason

for this is that a relativ ely large amoun t of computa-

tion is done for ev ery store in the program. Th us it

is only when the cost of an up date b ecame high (due

to con ten tion) that the additional bus load caused b y

the large n um b er of up dates b ecame a factor. WU

used 40{60 times more bus transactions than in v ali-

date, and transferred 8{13 times the data (Figure 5).

Because the write runs to the blo c ks that mak e

up the arra y w ere m uc h longer than the in v alidation

threshold, the adaptiv e strategies alw a ys in v alidated

on these blo c ks, th us a v oiding the p o or b eha vior of

3

Due to the p o or p erformance of SR, and lac k of space, w e

omit the detailed measuremen ts of its p erformance from the

next section.

WU. On the other hand, b y con v erging to WU b eha v-

ior for blo c ks with short write runs, they succeeded in

transferring less than 40 % of the bus b ytes transferred

b y WI.

Cholesky

Because of the n um b er of long write runs, the WI

proto col p erformed b etter than WU on Cholesky (Fig-

ure 6). The t w o adaptiv e proto cols p erformed ab out

the same as WI, v arying in p erformance no more than

1% for all con�gurations. WU p erformed the w orst of

the 4 proto cols. F or b oth cac he sizes, WU p erformed

5% w orse using 16 pro cessors, and ab out 10% w orse

using 32 pro cessors. This p erformance decrease o c-

curred despite the reductions in b oth read and write

miss rates under WU. WU reduced read misses for the

32K con�guration b y ab out 12% for 4 and 16 pro ces-

sors, and 50% for 32 pro cessors. The reductions w ere

ev en greater when 128K cac hes w ere used. The adap-

tiv e proto cols also reduced the read and write miss

rates o v er WI | though in most cases not as m uc h as

WU. The exceptions w ere for 16 pro cessors and 32K

cac hes, where b oth adaptiv e proto cols did b etter than

WU, and 32 pro cessors and 32K cac hes, where R W

did b etter than WU.

The reason for the p erformance decline under WU

can b e seen in the graphs of the n um b er of bus trans-

actions and the n um b er of b ytes transferred (Figure

7). The WU proto col consisten tly used man y more

bus transactions than the WI proto col. When 32K

cac hes w ere used, the increase ranged from 1.7 times

as man y for 4 pro cessors to 2.9 times for 32 pro cessors.

The increase w as ev en w orse for 128K cac hes, where

the increase ranged from 3.2 to 3.6 times that of WI.

The n um b er of transactions for WU did not increase

b y v ery m uc h when going from 32K to 128K cac hes,

but the n um b er of transactions for WI decreased when

the cac he size w as increased, leading to the greater

disparit y in the n um b er of bus transactions. The in-

crease in the n um b er of b ytes transferred w as not as

sev ere | it ranged from 11% to 33% for 32K cac hes

and from 34% to 45% for 128K. The additional load

placed on the bus b y the man y up date transactions

lead to the decreased p erformance of WU when com-

pared to WI. The p erformance impact of using WU

v ersus WI w ould ha v e b een ev en greater if the o v erall

bus utilization of the application had b een greater.

Using the adaptiv e proto cols also increased bus

Barnes Gauss Badgauss Cholesky

Program 0 5 10 15 20 25

Speedup vs. 1 processor Invalidate

1.00

1.05

1.05

1.05

1.00

1.00

0.97

1.03

1.00

0.98

1.00

0.65

1.04

1.04

1.02

1.00

0.90

1.00

1.01

0.98

MP3D Pverify Topopt 0

10

20

30

1.00

1.09

1.24

1.27

1.03

1.00

1.74

1.70

1.70

1.34

1.00

1.14

1.27

1.14

0.75

Figure 3: Results summary: 128K Cac hes, 32 Pro cessors

1 4 16 32

Number of Processors 0 5

25

Speedup vs. 1 processor Invalidate

Badgauss - 512K Cache

Invalidate Update Random Walk LTS

1.00

1.00

1.00

1.00

1.00

0.96

1.00

1.00

1.00

0.98

1.02

1.02

1.00

0.65

1.04

1.04

0.00

0.05

0.10

0.15

Proc Read Miss Rate (%)

1.00

0.00

0.00

0.00

1.00

0.00

0.08

0.17

1.00

0.00

0.12

0.12

1.00

0.06

0.19

0.25

Figure 4: Sp eedups(L) and read misses(R) for Badgauss

0 1 2 3 4 5

Bus Transactions, in millions

1.00

1.00

1.00

1.00

53.45

0.80

0.85

1.00

40.51

0.64

0.64

1.00

43.37

0.69

0.69

0

10

20

30

40

Bus Bytes Transferred, in millions

1.00

13.31

0.28

0.38

1.00

8.90

0.24

0.25

1.00

8.82

0.25

0.26

Figure 5: Bus transactions(L) and b ytes transferred(R) for Badgauss transactions for the adaptiv e proto cols, but not to the

degree that WU did. The increase in bus transactions

ranged from 6{24% for 32K cac hes, and from 14% to

33% for 128K cac hes. The increase of R W w as in gen-

eral sligh tly higher than that of L

TS. Except for the

4 pro cessor, 128K cac he case, the adaptiv e proto cols

reduced the n um b er of b ytes transferred b elo w ev en

that of WI. The decrease ranged from 1%{3% for 4

and 16 pro cessors and 32K cac hes to ab out 10% for

the other con�gurations.

Ov erall, the adaptiv e proto cols did fairly w ell on

Cholesky

. They p erformed ab out as w ell as the b etter

of the t w o standard proto cols (WI), while decreasing

the miss rate without a h uge increase in the n um b er

of bus transactions, and in most cases transferring less

data than the WI proto col.

Pv erify

As discussed in section 4, Pv erify has a great deal of

true and false sharing, whic h leads to a large n um b er of

v ery short write runs. Therefore, w e w ould exp ect that

an up date strategy w ould w ork b etter than in v alidate.

When 32K cac hes w ere used, m uc h of the tra�c on

the bus w as due to reads and writebac ks due to ca-

pacit y and con ict misses. Because of this, using WU

or an adaptiv e sc heme o v er WI did not dramatically

increase the p o or sp eedup of the application. F or 16

pro cessors, using R

W increased p erformance b y 19%,

with WU and R

W close b ehind at 18% and 15% re-

sp ectiv ely . F or 32 pro cessors, WU w as b est with a 19%

impro v emen t, while R

W and L

TS b oth p erformed 15%

b etter. The impro v emen ts w ere en tirely due to the re-

duction in bus tra�c, since the bus is completely sat-

urated when 16 or 32 pro cessors are used. The three

non-in v alidate sc hemes reduced the read miss rate b y

ab out 20% for all con�gurations. The write miss rate

w as cut b y all three b y more than 80%. The reduction

in misses help ed to reduce the n um b er of bus transac-

tions b y 7{10%, and the n um b er of b ytes transferred

b y 12{19%.

The di�erences b et w een using WI and WU or an

adaptiv e strategy w ere m uc h larger when 128K cac hes

are used (Figure 8). WU, R

W, and L

TS increased

p erformance b y 20% when 16 pro cessors w ere used.

F or 32 pro cessors, using WU increased p erformance

b y 74%, with R

W and L

TS b ehind at 70%. Read

misses w ere cut b y ab out 60% for 4 and 16 pro ces-

sors using WU and R

W, and sligh tly less for L

TS. All

three proto cols cut misses b y ab out 50% when 32 pro-

cessors w ere used. W rite misses w ere also reduced b y

ab out 85% for L

TS, and b y 95% or more for R

W and

WU. Because of the reduced n um b er of misses, bus

transactions w ere cut b y ab out 20% for all con�gu-

rations (Figure 9). The reduction in n um b er of bus

transactions, plus the fact that up dates only transfer

8 b ytes, while re-reads due to in v alidates transfer 64

b ytes (most of whic h are usually not used in Pv erify)

resulted in a drop in the n um b er of b ytes transferred

b y 40{50% for all three non-in v alidate proto cols o v er

WI.

These results are not surprising, giv en the p o or

b eha vior of Pv erify when using large blo c k sizes [2].

While false sharing h urts p erformance under b oth WI and WU, it it m uc h w orse under WI, since the en tire

cac he blo c k is \ping-p onging" b et w een the false shar-

ing cac hes, rather than just the v alues actually b eing

written.

7 Related W ork

There ha v e b een v arious studies of h ybrid cac he

coherence proto cols. Eggers and Katz compared the

p erformance of the h ybrid proto col of [12], whic h they

called \sno op y reading", with WU and WI [9]. Us-

ing a v alue of 3 for the in v alidation threshold, they

found that neither WU nor WI w as uniformly sup erior

and that sno op y reading consisten tly had p erformance

whic h w as in termediate b et w een the t w o.

Arc hibald in tro duced a proto col whic h impro v es

o v er h ybrid proto cols in whic h the coun ter is asso-

ciated with the reader (as opp osed to the writer). In

his proto col, a blo c k is not automatically in v alidated

when its coun t reac hes 0 [3]. Instead, a cac he sim-

ply do esn’t raise the shared line if the relev an t blo c k’s

coun t is 0. If some cac he whose blo c k coun t is not

0 indicates that it is k eeping the blo c k b y raising the

shared line, then no cac he in v alidates its blo c k. The

blo c k is in v alidated in the sharing cac hes only when

all coun ts for the blo c k are 0. This sc heme also has

the adv an tage that a succession of single writes from

di�eren t pro cessors will not cause other copies to b e

deleted. It do es this without an y additional hardw are

required.

V eenstra and F o wler ev aluated the cac he coherence

proto col used b y the DEC Alpha AXP [19], whic h uses

the sno op y reading sc heme with an in v alidate thresh-

old of 2 [20]. They rep orted that using a threshold

of 2 resulted in shared blo c ks b eing in v alidated to o

quic kly , th us applications did not gain from selectiv e

up dating. Increasing the in v alidate threshold in order

to get more up dating b eha vior do es ha v e dra wbac ks,

ho w ev er. A pro cessor executing a mo derate or long

write run will ha v e to pa y for sev eral unnecessary up-

dates b efore it can in v alidate. This is a problem with

using a static v alue for the in v alidate threshold.

More recen tly , Dahlgren compared Arc hibald’s pro-

to col and a sligh t v arian t of the sno op y-reading pro-

to col [5]. He found that Arc hibald’s proto col consis-

ten tly outp erformed sno op y-reading. He also found

that b y using read snar�ng, write cac hing and (nec-

essarily) a release consistency mo del, along with

Arc hibald’s proto col, substan tially increased program

p erformance of Arc hibald’s proto col o v er a base arc hi-

tecture executing an in v alidate proto col.

The primary di�erence b et w een Dahlgren’s w ork,

and the w ork in this pap er, is that w e assume that a

stricter memory consistency mo del (se quential c onsis-

tency) m ust b e pro vided to the application. This rules

out using a coalescing write bu�er. Applications run-

ning on mac hines without write bu�ers ha v e not only

longer write runs on a v erage, but also a wider v ariance

in the distribution of write run lengths. It is this v ari-

ance whic h mak es it di�cult for a h ybrid coherence

proto col that uses a �xed threshold to p erform w ell.

1 4 16 32

Number of Processors 0

5

10

Speedup vs. 1 processor Invalidate

Cholesky - 128K Cache

Invalidate Update Random Walk LTS

1.00

1.00

1.00

1.00

1.00

0.99

0.98

0.98

1.00

0.95

1.00

1.00

1.00

0.90

1.00

1.01

0.0 0.2 0.4 0.6 0.8

Proc Read Miss Rate (%)

1.00

1.00

1.00

1.00

1.00

0.80

0.91

0.95

1.00

0.70

0.79

0.89

1.00

0.38

0.51

0.51

Figure 6: Sp eedups (L) and read misses (R) for Cholesky

0.5

1.0

Bus Transactions, in millions

1.00

1.00

1.00

1.00

1.00

3.40

1.24

1.16

1.00

3.57

1.33

1.19

1.00

3.23

1.28

1.14

0 5 10 15 20

Bus Bytes Transferred, in millions

1.00

1.00

1.00

1.00

1.00

1.41

1.00

1.00

1.00

1.45

0.96

0.95

1.00

1.34

0.88

0.87

Figure 7: Bus transactions (L) and b ytes transferred (R) for Cholesky

0 5

Pverify - 128K Cache

1.00

1.00

1.00

1.00

1.03

1.03

1.03

1.00

1.20

1.20

1.20

1.00

1.74

1.70

1.70

0

1

2

3

Proc Read Miss Rate (%)

1.00

1.00

1.00

1.00

1.00

0.39

0.39

0.46

1.00

0.39

0.43

0.44

1.00

0.52

0.50

0.50

Figure 8: Sp eedups and read misses for Pv erify

1 4 16 32

Number of Processors 0

5

10

Bus Transactions, in millions

Pverify - 128K Cache

Invalidate Update Random Walk LTS

1.00

1.00

1.00

1.00

1.00

0.79

0.79

0.81

1.00

0.76

0.75

0.75

1.00

0.75

0.76

0.75

0 100 200 300 400 500

Bus Bytes Transferred, in millions

1.00

1.00

1.00

1.00

1.00

0.47

0.47

0.52

1.00

0.47

0.47

0.48

0.49

0.50

0.50

Figure 9: Bus transactions and b ytes transferred for Pv erify

8 Limitations

This study demonstrates the p erformance adv an-

tages of adaptiv e coherence proto cols via sim ulation of

a collection of parallel b enc hmarks. It remains unclear

whether the cost of the adaptiv e sc hemes is justi�ed

b y the increase in p erformance gained b y using them.

Giv en that L

TS has a higher hardw are cost than R W,

and in most cases did not p erform b etter than R W,

it is hard to justify using L

TS o v er R

W. In our test

programs, R

W signi�can tly outp erformed the b etter

of WU or WI only on MP3D and T op opt. In most of

the other cases, R

W did as w ell or sligh tly b etter than

the b est c hoice of WI or WU for a particular appli-

cation. In the �nal analysis, one needs to w eigh the

b ene�t of using an adaptiv e proto col and obtaining

p erformance equal to the b etter of WI and WU v er-

sus the additional complexit y and hardw are needed to

implemen t the adaptiv e proto cols. In addition, there

is no guaran tee that optimizing a coherence proto col

to reduce bus busy cycles will lead to b etter o v erall

system p erformance.

On the surface, it ma y b e surprising that WU p er-

formed as w ell as it did. One reason is that the p er-

formance of WU degrades less than WI in the pre-

sense of false sharing, since only those p ortions of the

blo c k whic h are written are transmitted o v er the bus,

rather than the en tire blo c k whic h is the case with

WI. In addition, our sim ulation assumptions fa v ored

WU o v er WI, since w e assumed b oth a large blo c k size

and a fast bus relativ e to the sp eed of the pro cessors.

Since WU usually required more bus transactions than

WI, increasing the cost of initiating a bus transaction

w ould a�ect WU more than WI. In addition, in man y

of the b enc hmarks the application’s w orking set did

not �t in cac he, whic h caused blo c ks that w ere not

b eing activ ely used in a giv en cac he to b e replaced.

This tended to increase the n um b er of blo c ks that are

found in only one cac he, i.e. blo c ks that ma y b e writ-

ten without an up date transaction. In systems with

large (second-lev el) cac hes, replacemen t activit y ma y

b e minimal or non-existen t. In this case, a blo c k whic h is written exclusiv ely b y a single pro cessor, but w as

referenced at one time b y another pro cessor (p erhaps

in the algorithm’s initialization phase) w ould still ha v e

up dates sen t for ev ery write. Note that the Badgauss

b enc hmark w as constructed to exhibit this kind of b e-

ha vior. Applications that exhibit this sort of b eha vior

p erform p o orly under WU, but the adaptiv e proto cols

handle the situation w ell b y recognizing the long write

run(s) and in v alidating the blo c k immediately .

9 Conclusions

This pap er ev aluates adaptiv e, h ybrid cac he co-

herency proto cols for shared-memory m ultipro cessors.

The write-run distributions that w e ha v e collected in-

dicate that there is large v ariabilit y b et w een write-run

lengths for di�eren t cac he blo c ks and b et w een di�eren t

programs. This suggests that no �xed non-adaptiv e al-

gorithm can p erform uniformly w ell, ev en on the small

sample of applications w e studied.

Our results indicate that easily implemen table

adaptiv e proto cols p erform w ell compared to WI and

WU. Random W alk in particular did uniformly as w ell

as the b etter of WI and WU, and sometimes m uc h b et-

ter than that. Moreo v er, it is a simple proto col with

lo w time and space o v erhead. The adaptiv e proto cols

did v ery w ell with resp ect to other p erformance met-

rics as w ell. They ac hiev ed lo w miss rates, lo w n um-

b ers of bus transactions and lo w n um b ers of bus b ytes

transferred; in all cases, closer to the b etter of WI and

WU. The p erformance adv an tages of the adaptiv e pro-

to cols increased with the n um b er of pro cessors and the

size of the cac hes sim ulated.

References

[1] C. Anderson. Impr oving the Performanc e of Bus-

Base d Multipr o c essors. PhD thesis, Univ ersit y of

W ashington, 1995.

[2] C. Anderson and J.-L. Baer. Tw o tec hniques

for impro ving the p erformance of bus-based m ul-

tipro cessors. In IEEE Int. Symp. on High-

Performanc e Computer A r chite ctur e, pages 264{

275, 1995.

[3] J. Arc hibald. A cac he coherence approac h for

large m ultipro cessor systems. In International

Confer enc e on Sup er c omputing, pages 337{345,

1988.

[4] E. D. Bro oks I I I, T. S. Axelro d, and G. A. Dar-

mohra y . The Cerb erus m ultipro cessor sim ula-

tor. In G. Ro drigue, editor, Par al lel Pr o c essing

for Scienti�c Computing, pages 384{390. SIAM,

1989.

[5] F. Dahlgren. Bo osting the p erformance of h y-

brid sno oping cac he proto cols. In Pr o c. 22nd Int.

Symp. on Computer A r chite ctur e, pages 60{69,

June 1995.

[6] S. Dev adas and A. R. Newton. T op ologi-

cal optimization of m ultiple lev el arra y logic.

IEEE T r ansactions on Computer-A ide d Design,

No v em b er 1987.

[7] S. Eggers and T. Jeremiassen. Eliminating false-

sharing. In Pr o c. of Int. Conf. on Par al lel Pr o-

c essing, pages I{377{381, 1991.

[8] S. Eggers and R. Katz. A c haracterization of shar-

ing in parallel programs and its application to co-

herency proto col ev aluation. In Pr o c. of 15th Int.

Symp. on Computer A r chite ctur e, pages 373{382,

1988.

[9] S. Eggers and R. Katz. Ev aluating the p erfor-

mance of four sno oping cac he coherence proto-

cols. In Pr o c. of 16th Int. Symp. on Computer

A r chite ctur e, pages 2{15, 1989.

[10] J. Go o dman and P . W o est. The Wisconsin Multi-

cub e: A new large-scale cac he coheren t m ultipro-

cessor. In Pr o c. of 15th Int. Symp. on Computer

A r chite ctur e, pages 422{431, 1988.

[11] A. Karlin, K. Li, M. Manasse, and S. Owic ki.

Empirical studies of comp etitiv e spinning for a

shared-memory m ultipro cessor. In Pr o c. of 13th

A CM Symp osium on Op er ating Systems Princi-

ples, pages 41{55, 1991.

[12] A. Karlin, M. Manasse, L. Rudolf, and D. Sleator.

Comp etitiv e sno op y cac hing. In Pr o c. of 27th

Symp osium on F oundations of Computer Scienc e,

pages 244{254, 1986.

[13] A. Karlin, M. Manasse, L. Rudolf, and D. Sleator.

Comp etitiv e sno op y cac hing. A lgorithmic a, 3:79{

119, 1988.

[14] H.-K. T. Ma, S. Dev adas, R. W ei, and

A. Sangio v anni-Vincen telli. Logic v eri�cation al-

gorithms and their parallel implemen tation. In

Pr o c e e dings of the 24th Design A utomation Con-

fer enc e, pages 283{290, 1987.

[15] E. McCreigh t. The Dragon computer system: An

early o v erview. T ec hnical rep ort, Xero x Corp.,

1984.

[16] M. P apamarcos and J. P atel. A lo w o v erhead co-

herence solution for m ultipro cessors with priv ate

cac he memories. In Pr o c. of 11th Int. Symp. on

Computer A r chite ctur e, pages 348{354, 1984.

[17] Z. Segall and L. Rudolph. Dynamic decen tralized

cac he sc hemes for an MIMD parallel pro cessor.

In Pr o c. of 11th Int. Symp. on Computer A r chi-

te ctur e, pages 340{347, 1984.

[18] J. P

. Singh, W.-D. W eb er, and A. Gupta.

SPLASH: Stanford P arallel Applications for

Shared Memory

. Computer A r chite ctur e News,

pages 5{44, Marc h 1992.

[19] C. Thac k er, D. Conro y , and L. Stew art. The

Alpha demonstration unit: A high-p erformance

m ultipro cessor for soft w are and c hip dev elop-

men t. Digital T e chnic al Journal, 4(4):51{65,

1992.

[20] J. V eenstra and R. F o wler. The prosp ects for

on-line h ybrid coherency proto cols on bus-based

m ultipro cessors. T ec hnical Rep ort 490, Univ er-

sit y of Ro c hester, 1994.