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ABSTRACT
InterWeave is a distributed middleware system that supports the
sharing of stronglytyped,pointer-rich datastructuresacrossawide
varietyof hardwarearchitectures,operatingsystems,andprogram-
ming languages. As a complement to RPC/RMI, InterWeave fa-
cilitates the rapid developmentof maintainablecodeby allowing
processes to accessshareddatausingordinaryreadsandwrites.

Internally, InterWeaveemploysavarietyof aggressiveoptimiza-
tionsto obtainsigni�cant performanceimprovementswith minimal
programmereffort. In this paper, we focuson application-speci�c
optimizations thatexploit dynamichigh-level information aboutan
application's spatial dataaccesspatternsand the stringency of its
coherencerequirements. Using applicationsdrawn from computer
vision, datamining, and webproxy caching,we illustrate thespec-
i� cation of coherencerequirementsbasedon the (temporal) con-
ceptof “recent enough”to use,and introducetwo (spatial)notions
of views, which allow a programto limit coherence management
to the portionof a datastructureactively in use.Experimentswith
theseapplicationsshow that InterWeavecanreducetheircommuni-
cationtraf�c by up to oneorderof magnitudewith minimumeffort
on thepartof theapplicationprogrammer.

1. INTRODUCTION
As the Internetbecomes increasingly central to moderncom-

puting, more and more applications are taking advantage of re-
sources at distributed sites. Exampleproblem domains include
e-commerce,computer-supported collaborative work, multi-player
games,intelligent environments, interactive datamining, and re-
motevisualization andsteering of real or simulatedsystems. Con-
ceptually, most applicationsin these domains involve somesortof
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distributedsharedstate: information that hasrelatively staticstruc-
turebut mutable content, andthat is neededat morethan one site.
To allow applications to work ef�c iently acrosshigh-latency, low-
bandwidthlinks, programmers typically attemptto increase thelo-
cality of shared statethroughad-hoc, application-speci�ccaching
or replication protocolsbuilt on top of RPC-basedsystemssuch as
SunRPC, JavaRMI, CORBA, and.NET.

Softwaredistributedsharedmemory (S-DSM) systemssuchas
TreadMarks [3] and Cashmere[39] automatethe managementof
sharedstatefor local-areaclusters, but they do not extendin any
obvious way to geographic distribution. As a general rule, they
assumethat sharingprocessesarepart of asingleparallel program,
running on homogeneoushardware, with communication latencies
and bandwidthstypical of modernlocal- or system-areanetworks,
andwith datalifetimes limited to thatof therunningprogram.

Our recentInterWeave system [12, 41], by contrast,catersex-
plicitly to the needsof distributed applications. It provides pro-
gramswith a global, persistentstore that canbeaccessed with or-
dinary readsandwrites, regardless of themachinearchitecturesor
programming languagesused. As a complement to RPC, Inter-
Weaveservesto (1) eliminatehand-writtencodethatmaintains the
coherenceandconsistency of cached data; (2) supportgenuineref-
erence parametersin RPC calls, eliminating the need for overly
conservative deep-copy parametersor, in many cases, for callback
invocations; and (3) reducethenumber of “tri vial” invocationsused
simply to put or getdata.

Unfortunately, theconvenience of a global store introduces sig-
ni�c antperformancechallenges.S-DSMsystemswork well when
the temporalandspatial sharing granularity managed by the run-
time matchesthe access pattern of the application. Without such
carefulmatching, signi�c antoverheadmaybeincurred to maintain
data that are not actually shared at presentor, worseyet, that are
falselyshared,e.g.asanartifact of co-locationin thesamepageof
virtual memory. Thisoverheadis aseriousproblemfor system-area
S-DSMsystems. It wouldbe fatalfor wide-areasharing.

Building on prior work in S-DSM,several recent projects have
proposedmechanismsto reducethecostof coherence. RTL [7] and
InterWeave allow applications to share memoryat the granularity
of application-de� nedregions. Object View [28] allows program-
mers to givehintsto acompilerto specify how threadsuseobjects.
Thecompiler thenconstructscachingprotocolscustomized to ap-
plicationrequirements. TACT [44] andInterWeaveallow program-
mers to exploit thetypically morerelaxedcoherencerequirements
of Internet applicationsusing tunablecoherencemodels.

A common theme in thesesystems is the desire for program-
mers to deal with coherencein high-level terms,allowing themto
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Figure 1: Three cameras monitor the same envir onment and
cooperativelydiscover four objectsby sharing relevant portions
of their imagecubes.

obtainapplication-speci�c performanceoptimizationswithoutget-
ting boggeddown in thedetails of exactly whichdataareneededat
particularnodes at particular points in time. We elaborateon this
themein this paper, consideringhigh-level speci�cations of both
the temporal (whenmust updatesoccur?) and spatial(which data
must be updated?)aspectsof coherence.As describedin previous
papers [12], wecapturethetemporal aspect of coherenceby allow-
ing a program to specify a predicate thatdetermineswhen cached
datais “ recent enough”to use.For thespatial aspectof coherence
(not covered in previouspapers), we allow a programto specify a
“view” of asharedsegmentthat eliminatescoherencemanagement
for inactive data. We considerviews of both monolithic (array-
based)andpointer-baseddatastructures.

Wemaketwo key contributionsto thehigh-level speci�cation of
coherencerequirements. First, we show how highly relaxed coher-
encecan beprovided for a programmingmodel basedon ordinary
readsandwrites, despitethe complicationsof heterogeneous lan-
guages and machinearchitectures.Second,we allow programs to
adjusttheir spatial and temporal coherencerequirements dynami-
cally, to keeppacewith changingneeds.Neither languagehetero-
geneity nordynamic adaptation appearsto bepossible in compiler-
basedsystemssuchasObjectView.

To illustrate the need for dynamic adaptationof coherence re-
quirements,consideran intelligent environment application, cur-
rently under development in our department[35, 34]. Cameras
mountedthroughoutanof� ce space monitor a commonareafrom
several vantage points. The cameraswork cooperatively to dis-
cover objects by detecting eventsthat aresimultaneouslyobserved

by multiplecameras. Figure1 givesanexampleof discoveringob-
jects with threecameras. Each camera is served by a computing
node,and the nodesare connectedby a local-areanetwork. Each
nodestorescaptured images locally as an image cube (X � Y � t)
and scansthem for events of interest. For instance,a color change
in an image regionmay indicateamoving object.

When interpretingan event, a given node enhances its under-
standingof what occurredby scanning imagescaptured by other
nodes.For non-critical tasks such asobject tracking (e.g., where is
my coffeemug?), imagesfrom othernodesmay be“recent enough”
to useevenwhenthey aresecondsoutof date. For moredemanding
tasks(e.g. roboticmanipulation),temporalcoherencerequirements
may becomesigni�cantly tighter. Similarly, because eventsof in-
terest occur in subregions of images,it suf�c es to shareonly the
“ interesting”image areasat any given time. While an entire im-
agemay logically beshared,theactualsharingvariesdynamically
accordingto theactivity in theenvironmentbeing observed.

The unit of sharingin InterWeave is a self -descriptive segment
(a heap) within which programsallocatestrongly typed blocks of
memory. “Recent enough” predicatesallow a programto control
the circumstancesunderwhich it will (needto) obtain updates to
a segment. Views allow theprogram to specify theportionsof the
segment for which it will obtain thoseupdates.Extensions to the
InterWeaveAPI allow viewsto bechanged by applicationsdynami-
cally. Sharersof asinglesegment can havedifferent views. Solong
asaprogramspeci�es its view correctly, it retainsall of theadvan-
tagesof InterWeave: a sharedmemoryprogramming model, true
referenceparametersfor RPC,relaxedcoherencemodels(a speci-
�c ationof “ recent enough”), two-way dif�ng to identify, transmit,
and updateonly the data that have changed, and transparentsup-
port for heterogeneousmachines and languages. Our experience
with dynamic views and relaxed coherence modelson a variety
of InterWeaveapplicationsindicatesthatprogrammerscan provide
high-level coherenceinformationwith very modesteffort, and that
InterWeave can in turn exploit this informationto improve perfor-
manceby asmuchasanorderof magnitude.

Previouspapershavediscussedmulti-level sharing[12] andhet-
erogeneity[41] in InterWeave. In the currentwork we focus on
exploiting application-level coherenceinformation to optimizeper-
formance. We begin in Section 2 with a review of the InterWeave
programmingmodel andits implementation. We thendescribe the
design andimplementationof dynamicviews in Section 3. In Sec-
tion 4 we presentperformance results for threerealistic applica-
tions: Internet proxy caching, intelligent environments,andinter-
active datamining. We discuss relatedwork in moredetail in Sec-
tion 5, andconcludein Section 6.

2. INTERWEAVE BACKGROUND
As a prelude to thedescription of views in Section3 andto the

evaluation of both relaxed coherence andviews in Section 4, we
brie�y review the design and implementation of InterWeave. A
moredetailed descriptioncanbefoundin other papers[12, 41].

2.1 Designof InterW eave
TheInterWeave programmingmodelassumesa distributedcol-

lectionof serversandclients.Serversmaintainpersistent copiesof
shareddata,and coordinate sharingamong clients. Clientsin turn
must belinkedwith aspecial InterWeavelibrary, whicharrangesto
map acachedcopy of needed datainto local memory, andto update
that copy when appropriate. In keepingwith wide-areadistribution,
InterWeave allows processesto be written in multiple languages
and to run on heterogeneousmachinearchitectures,while sharing
arbitrary typed datastructuresasif they resided in local memory.



In C, operationson shared data, including pointers, take precisely
thesameform asoperationsonnon-shareddata.

Servers may be replicated to improve availability and reliabil-
ity. Data coherence among replicated servers is basedon group
communication[25]. A detaileddiscussionof server replicationis
beyond thescopeof thispaper.

2.1.1 SharedDataAllocationandAccess
Theunit of sharingin InterWeave is a self-descriptive dataseg-

ment(aheap)within whichprogramsallocatestronglytypedblocks
of memory. Every segment is speci�ed by an Internet URL. The
blockswithin a segmentarenumbered andoptionally named. By
concatenating thesegmentURL with a block nameor numberand
optionaloffset (delimitedby poundsigns), we obtaina machine-
independentpointer(MIP): “ foo.o rg/p ath# bloc k#of fset ” .
To accommodateheterogeneousdataformats,offsetsaremeasured
in primitivedataunits—characters, integers,�oa ts, etc.—ratherthan
in bytes.

Every segment is managedby an InterWeave server at the IP
addresscorrespondingto the segment's URL. Differentsegments
may be managedby differentservers. Assuming appropriate ac-
cessrights,theIW open se gment() library call communicates
with theappropriateserver to openan existingsegment or to create
a new one if the segment does not yet exist. The call returnsan
opaquehandlethat canbepassed astheinitial argument in callsto
I Wmalloc () :

I W_hand le_ t h = IW_open_s egment(u rl) ;
I W_wl_a cqu ire (h) ; /* wr it e l ock */
my_t ype * p = IW_mal loc (h, my_t ype _desc) ;
* p = .. .
I W_wl_r ele ase (h) ;

InterWeavesynchronizationtakestheformof reader-writer locks.
A processmustholdawriter lock onasegment in order to allocate,
free, or modify blocks. Thelock routinestake a segment handleas
parameter.

As in multi-languageRPC systems, the types of shared data
in InterWeave mustbe declared in an InterfaceDescription Lan-
guage(IDL—currentlySunXDR). The InterWeave IDL compiler
translatesthesedeclarationsinto theappropriateprogramminglan-
guage(s) (C, C++, Java, Fortran). It also creates initialized type
descriptors that specify thelayoutof thetypesonthespeci�ed ma-
chine,andthatallow the InterWeave library to translate datafrom
oneform to anotherwhen communicating between machineswith
different byteorder, wordlength,alignment,or datarepresentation.

InterWeaveautomatically translatesandswizzlespointersinside
shared datasegments. When necessary(e.g. to obtain an initial
pointerto adatastructureusingaMIP containedin acommand-line
parameter), a process can also translate explicitly between MIPs
andlocalpointersusing IW mip to ptr () or IW ptr to mip() .

2.1.2 Coherence
As clientsmodify anInterWeave segment,thechangesarecap-

tured in a series of internally consistentversionsof the segment.
When aprocess�rst locksasharedsegment (for eitherread or write
access), the InterWeave library obtains a copy from thesegment's
server. At eachsubsequent read-lockacquisition, thelibrary checks
to seewhetherthelocal copy of thesegment is “recentenough” to
use. If not, it obtains an update from the server. Twin and diff
operations[8], extended to accommodate heterogeneousdatafor-
mats, allow theimplementationto perform an update (or to deliver
changesto the server at the time of a write lock release)in time
proportionalto thefractionof thedatathathavechanged.

InterWeavecurrentlysupportssix different de�nitions of “ recent
enough”. It is alsodesigned in sucha way that additional de�ni-
tions(coherence models)can easily beadded.Amongthecurrent
models, Full coherence(thedefault)alwaysobtainsthemostrecent
version of the segment; Strict coherence obtains the most recent
version and excludesany concurrentwriter; Null coherencealways
accepts the currently cachedversion, if any (the process must ex-
plicitly overridethe model on an individual lock acquirein order
to obtainanupdate); Delta coherence[37] guaranteesthattheseg-
ment is no morethan x versions out-of-date; Temporal coherence
guaranteesthatit isnomorethanx timeunitsoutof date;andDiff-
basedcoherenceguaranteesthat no morethan x% of theprimitive
data elementsin thesegmentare out of date. In all cases, x can be
speci�ed dynamically by theprocess. All coherencemodelsother
than Strict allow a process to hold a readlock on a segmenteven
whenawriter is in theprocessof creating anew version.

2.2 Implementation of InterW eave
InterWeave currently consists of approximately 31,000lines of

heavily commentedC++code.Both theclientlibrary andtheserver
have been portedto a variety of architectures (Alpha, Sparc, x86,
MIPS, and Power4), operatingsystems(Windows NT/2000/XP,
Linux, Solaris,Tru64 Unix, IRIX, and AIX), and languages (C,
C++,Fortran 77/90,andJava).

Our experienceswith InterWeave have shown that it is scalable
with respectto thenumberof clients[12] and that its performance
is comparable to that of RPCparameterpassing when transmitting
previously uncacheddata [41]. Whenupdating previously cached
data, InterWeave's useof platform-independentdiffs allows it to
signi�cantly outperform thestraightforward useof RPC.

2.2.1 Client Library Implementation
When a process acquiresa writer lock on a given segment,the

InterWeavelibraryaskstheoperatingsystemtodisablewriteaccess
to thepages that comprise the local copy of thesegment. Whena
write fault occurs, the SI GSEGV signalhandler, installed by the
InterWeave library atprogramstartuptime,createsapristinecopy,
or twin [8], of thepagein which thewrite fault occurred. It savesa
pointerto that twin for futurereference,and thenaskstheoperating
system to re-enablewrite access to thepage.

When a process releases a writer lock, the library gatherslocal
changes andconverts them into machine-independentwire format
in aprocesscalled diff collection. It thensendsthisdiff back to the
server. Whenaclient acquiresa reader lock and determines that its
local cachedcopy of thesegmentis not recentenoughto useunder
the desired coherencemodel, the client asks the server to build a
diff thatdescribesthedatathathave changedbetween thecurrent
local copy at theclientandthemastercopy at theserver. Whenthe
diff arrives, thelibrary usesit to updatethelocal copy in a process
calleddiff application.

2.2.2 Server Implementation
Eachservermaintainsanup-to-datecopy of eachof thesegments

for which it is responsible,andcontrolsaccess to thosesegments.
To avoid an extra level of translation,the server stores both data
and typedescriptorsin wire format. For eachsegment, the server
keepstrack of blocks andsubblocks. Eachsubblockcomprisesa
small contiguous group of primitive data elementsfrom the same
block. For each modest-sized block andeach subblock of a larger
block, the server remembersthe version numberof the segment
in which the content of the block or subblock wasmost recently
modi�ed. This conventionstrikes a compromisebetween thesize
of server-to-clientdiffs andthesizeof server-maintainedmetadata.



Upon receiving a diff from a client, an InterWeave server uses
thediff to update its master copy. It also updatestheversion num-
bersassociatedwith blocks andsubblocks affected by the diff. At
thetime of a lock acquire, if theclient's cachedcopy is not recent
enoughto use, theclient sendstheserver the(out-of-date) version
numberof the local copy. Theserver thenidenti�es theblocks and
subblocks thathave changedsince the lastupdate to this client by
comparing their version numberswith the client-presented version
number, constructsawire-formatdiff, andreturnsit to theclient.

Supportingrelaxedcoherencemodels,in particular, delta coher-
ence, is relatively easywith the helpof the segmentversion num-
bersmaintained by both the client and the server—it involves a
simple comparisonof version numbers at the server. Temporalco-
herence is almost aseasy: clientssupportit by maintaininga real-
time stampfor each locally cached segment and request anupdate
whenthe difference between current time and the time stampex-
ceedsthecoherenceparameter. Diff coherence,by contrast,is abit
morecomplicated. For any client usingDiff coherence, theserver
must be able to track thepercentageof thesegment thathasbeen
modi�ed since the last version sent to theclient. To minimize the
costof this tracking, the server conservatively assumesthat all up-
datesin eachversionare to independent portionsof the segment.
Thus, it suf�ces to keep track of the size of the diff for each ver-
sion. By adding up the sizes for all versions newer than the last
version seen by the client, the server can determine whetherthe
client's diff coherence parameter hasbeen exceededandwhether
anupdateis necessary.

A varietyof optimizationsimproveperformancein commoncases.
A clientthathastheonly cachedcopy of asegment will enterexclu-
sivemode, in which it canacquireand release locks (both read and
write) an arbitrary number of times,with no communication with
theserver. A segmentthat is usuallymodi�ed in its entiretywill en-
ter no-diff mode, eliminating the needfor write faults,twins, and
diffs. Dependingon the frequency of updates,a client/server pair
will choosedynamically between polling mode, in which theclient
queriesthe server when it needs to evaluate its “recent enough”
predicate, and noti�cation mode, in which the server pushes this
datato theclientproactively. Theutili ty of thenoti�cation modeis
also a function of the number of clients,since the server needs to
keeptrack of per-client coherence requirements.Theseandother
optimizationsaredocumentedelsewhere[12, 41].

3. INTERWEAVE VI EWS
Viewsallow anInterWeaveclient to specify theportion of aseg-

mentin whichit is currently interested, thereby relieving theunder-
lying systemfromtheneedto maintaincoherencefor therest of the
segment. A view is constructed dynamically andcanevolve over
time. Sharersof a single segmentcanhave different views. Where
coherence models (Full , Temporal, Delta, etc.) address the tem-
poraldimensionof application-level coherenceinformation, views
addressthespatial dimension.As with relaxed coherencemodels,
it is theprogrammer's responsibility to de�ne views correctly and
to touchonly thedatacoveredby thecurrent view.

3.1 InterW eaveView Design
EachInterWeave view is explicitly associated with a segment

andmaycontainanarbitrary numberof view units. Eachview unit
is a contiguousportion of a block. Theview may bespeci�ed by
a pair of MIPs that refer to its start and end, respectively, or by
equivalent local pointers, if thesegment is locally cached.

A processcan createanemptyview given asegmenthandle:

I W_view _t v = IW_cr eat e_v iew (h );

Onceaview hasbeencreatedtheprocessthat created it canaug-
ment theview by attaching moreview units:

IW_mi p_t st art , end;
bool rec urs ive ;
IW_at tac h_v iew _un it( v, st art , end, re cur siv e);

It canalsocorrespondingly detach view units using IW det ach
view uni t() .

The recu rsiv e parameter indicateswhetheror not the view
unit should berecursively expanded. If therecu rsiv e �a g is set,
theruntimeincludesin theview all otherdata thatarereachable by
following intra-segment pointersthatoriginateinsidetheview unit.
(Data reachable by following a pointer chain out of the segment
andbackin again will notbeincluded.) Each contiguousregionof
additional data becomesan additional (implicitly speci�ed) view
unit in theview.

A view unit canbepart of an array or multiplecontiguous � elds
of a structure. We provide an API for convenient creation of fre-
quently usedview structures, suchasslicesof multi-dimensional
arrays. Such structurescomprise multiple view units, and canbe
attached to a view asa group.Recursive views areespecially con-
venientfor pointer-rich dynamic datastructures,suchasthesubtree
rooted atagivennodeor a linkedlist starting fromaheadernode.

After view unitshavebeenattachedto aview, theview canbeac-
tivatedfor useby a call to IW activ ate view () , which trans-
mits the view de�nition to the InterWeave server. At any given
time, a single processcanhave at most oneactive view on a given
segment. Once a processactivatesa view, future lock acquisitions
will maintain coherence only for the portion of the segmentcov-
ered by the view. As pointersinsidea recursive view change, the
view will beupdated automatically by theruntime. New view units,
whether recursively reachableor explicitly attached, will become
effective (i.e.,actually cached)at thetimeof thenext lock acquire.
A view remainsin effect until it is disabled using IW deacti-
vate vie w() . A view thatis no longer neededcanbedestroyed
usingIW dele te view( ) .

3.2 InterWeaveView Implementation
Thecurrent InterWeave implementation is highly optimized for

ef� cient datasharingin heterogeneousenvironments[41]. It em-
ploys sophisticateddata structuresto managesegment memory on
both clients and servers, to trackversions of segments, blocks,and
subblocks, to swizzle pointers, andto generatewire-formatdiffs. In
addingviews to the system,we have tried to minimize the impact
on performance whenviews are not beingused. Only one minor
changewasrequiredto thewire format itself (seeSection3.2.3).

Theview implementationadds2,500linesof codeto InterWeave.
This codeservesto maintain view descriptions at both client and
server, and to generate view-speci�c diffs whena client mustbe
updated.Weelaborateonthesepointsin thefollowing subsections.

3.2.1 Client SideView Management
Within the client library, a view is represented by a hashtable

indexed by block serialnumber. Each entry in the tablecontains
a list of the view units containedin a given block, together with
their primitive offset ranges. WhenIW at tach vie w unit()
is invoked, the runtimetranslatesthesta rt and end pointers of
theview unit into ablock serial numberandaprimitiveoffsetrange
within theblock, and updates theview'shash tableaccordingly.

To track updatesto views, both the view itself andeach of its
view entrieshasaversionnumber. Whentheprocesscalls IW ac-
tiva te view( ) and thenattemptsto lock thesegment,therun-
time passesthe hash table entries to the server. If view units are



subsequently addedto or deletedfrom theview, theclient passesa
listof thesechangesto theserver thenext time it acquiresthelock.

So long asa client processkeepsits promise to touch only the
datacoveredby its view, the existing modi�cation detectionand
wire format translationroutinesin InterWeavecorrectly collectany
changesmadeby theclient, and passthem to theserver.

3.2.2 Server SideView Management
When a server receivesa view de�nition from a client, it creates

its own hash table, indexedby block serial number, to storethelist
of view units. For eachlargeblock in the tableit alsostoresa bit
vector indicatingwhichsubblocksare in theview.

For recursive view units, the server traverses thesegment meta-
datato determinethefull extent (scope) of theview. Thetraversal is
drivenby thetypedescriptorsalready maintainedfor thesegment.
For each view unit encountered, the server searches the type de-
scriptorof the block to � nd thelocations of pointers. It thenbuilds
anew view unit for each(strongly typed) pointed-todatum (not the
entireblock containing thedatum)and addstheseview units to the
view. Thetraversal procedurestopswhenno moreview units can
beadded.

When aclientinformstheserver thatit hasaddedor deleted view
units, the server updates its descriptionof the view accordingly.
When a block is deletedfrom a segment(by any client), theserver
automatically removesany view unitscontainedin thatblock from
all known client views. (The server also informseach client of the
deleted block aspart of thenormal updatemechanism whenit next
updates theclient's cachedversion of thesegment.)

With recursive view units, the scopeof a view can changedy-
namically as pointersare reassigned. Before sending diffs to a
client,any view with recursiveview unitsneeds(at least conceptu-
ally) to bere-expandedby recursively following pointers. To avoid
this expensive operation,the server actually updatesview scopes
lazily and conservatively. Assisted by block version numbers, the
server searchesonly subblocks thathavechanged since thelastup-
datesentto theclient. For eachpointer in suchsubblock, theserver
addsthepointed-toview unit into theview if it is not present yet.
To avoid accidentally droppinguseful view units, theserver conser-
vatively keepsthe old pointed-to view unit in the view. With this
strategy, a client mayreceive someview units thatshould already
have been dropped. Althoughthis is harmlesssemantically, it may
wastebandwidth. Asa trade-off, weseta threshold for thenumber
of changedversions. Whenthe threshold is exceeded, the server
traversesall viewsand re-builds theview scopes.

3.2.3 Server SideDiff Collection
A serverkeepsthemost recent version of thesegmentsfor which

it is responsible. For each modest-sizedblock in eachsegment, and
for each subblock of a largerblock, the server remembers thever-
sion numberof the segment in which the content of the block or
subblock wasmost recently modi�ed. Without views, the server
cancomputediffs for a client using theversionnumber of theseg-
mentcachedat the client andthe version number associated with
theserver's master copy. Theserver simplyupdatestheclientwith
blocksor subblocks whoseversion is larger than the client's ver-
sion. When views are in use, the process is similar except that
the server now mustconsiderthe blocks or subblocks covered by
the views andthe version of these blocks or subblocks cachedat
theclient. In this case, a single versionnumber for each client no
longersuf�ces.

Consider aclient that activatesaview of somesegmentS atver-
sion V1 and obtainsits �r st updateat version V2 . At this point the
datain theview have been updatedto versionV2 , but thedataout-

v10 blk#6, v5blk#1, v10

server's master copy

blk#4, v8

blk#1, v9 blk#4, v8

blk#1 blk#6

view unit table view version table

wire-format diff for updating a client

blk#43 blk#19 blk#6

Figure2: An InterWeaveserver collectsa diff to updatea client
with an activeview. Herebl k#4 and blk#6 wereadded to the
view after the last update to the client. blk# 4 wasonce in the
view but wasdroppedafter the client updatedits version to v8 .
Since then blk#4 has not been modi�ed. blk# 6 was not in
the view before. Using its view version, pre-view version, and
view version table, the server constructs a diff containing the
necessary updatesfor bl k#1 and bl k#6 , but not blk# 4.

sidetheview have not. Now suppose theclient advancesto a new
version V3 , andthen decidesto addanew view unit v into theview
(v might alsobe addedby theruntimeautomatically asa result of
pointerchangesin arecursiveview). Sincethedatad in v werenot
in theview before,theclient-cachedcopy of d is at versionV1 . If
the server only maintainsa singleversion number for the view, it
will beunaware thatd missed theupdates between versionV1 and
V2 . Simplyput,while theserver will know that anewly added view
unit needsto bebrought up to date,it won't know how out-of-date
that view unit was before. Similar problemsexist whendropped
view unitsareaddedbackinto aview.

To addresstheseproblems,theservermaintainssomeadditional
information for each client that hasactivateda view: (a) a pre-
view version—thesegmentversion number whentheview was ac-
tivated;(b) a view version—thesegmentversion number when the
client wasmost recently updated;and (c) a view version table—a
hash table that tracks the version of each client-cached view unit,
evenif theview unit hasbeen detached.

To collect a diff for a view unit covered by the current active
view, theserver mustknow whichversionof theview unit is cached
by theclient. For viewswhosescopehasnotchangedsincethelast
updateto the client, the server knows that the client-cached view
units have beenupdatedto view version. This is thecommoncase,
and is handled ef�ciently by InterWeave. For view units added to
the view since the last update, thereare two cases. In onecase,
the correspondingview units are found in the view version table,
so theserver knows exactly which version is cached by theclient.
In theother case,theservercaninfer that theclient's copy mustbe
thepre-view version. Once theserver determines a versionfor the
client-cachedcopy, it computes the differencebetweenthe client's
version and the currentversion, using the normal diff collection
processalready implementedin InterWeave. Theserver sends the
diff to the client and updates the view version table to re�ect the
new versioncachedat theclient. Figure2 gives anexampleof the
processdescribed above.

While datanot in thecurrent view arenot updatedwhenacquir-
ing a lock, the server must still inform the client of any changes
to segment metadata,including: (a) addedor deletedtypedescrip-
tors; (b) theserialnumber of added or deletedblocks;and (c) the
serialnumbersof typedescriptorsof addedblocks. This informa-
tion is neededfor management of segment memory space, andfor
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Figure3: Theeffect of using non-recursiveviews. (a) 100Mbps
network. (b) 10Mbpsnetwork. Thex axisshowsthe increasing
coverage of the view from 10% to 100%. The left-most bar in
eachgraph is the baselineperformance when no view is used.
For casesinvolving views, wevary the scopeof the view fr om a
coverageof 10% to 100% of the segment. For each view cover-
age,the left bar (“Blk. View”) usesa view consisting of x% of
all blocks; the right bar (“Subblk. View”) includes x% of each
block in the view.

swizzling pointers in aview that pointsto dataoutside theview. In
theoriginal InterWeave implementation, the data and metadataof
a newly created block weresentto theclient together. The ability
to sendthemetadata by itself wastheonly changeto InterWeave's
wire formatrequiredto accommodateviews.

4. PERFORMANCE AND APPLICATI ON
EXPERIENCES

In thissection,weevaluatetheperformanceof InterWeaveviews
using microbenchmarksanddescribeour experiences in specifying
andexploitinghigh-level coherenceinformation in threedistributed
applications. Unless otherwisespeci�ed, in all experiments, the
InterWeave server and client processesrun on separatemachines,
each with a 2GHz Pentium IV processorrunningLinux 2.4.9,and
areconnected with either100Mbpsor 10MbpsEthernet.

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

View Coverage

N
or

m
al

iz
ed

 T
ra

ff
ic

   
   

   
   

   
 Blk. View

Sublk. View

Figure4: Communication traf� c for “ Blk. View” and “Subblk.
View”, normalized to the communication traf� c without views.

4.1 Micr obenchmark Perf ormance
With appropriateuseof views,anapplicationcanhelptheInter-

Weavesystemreducetheoverheadof coherencemaintenance. This
is especially bene�cial for processes distributedover the Internet
wherebandwidth is limited. However, such bene�ts comeat the
cost of moremetadataandmaintenance operationson the server.
In this section, we usemicrobenchmarks to evaluatethe potential
bene�ts of viewsand theoverhead associatedwith them.

4.1.1 Non­recursiveViews
The �rs t experiment compares the time required for an Inter-

Weaveclientto receiveupdateswith orwithoutnon-recursiveviews.
Wearrangefor two InterWeaveclientprocesses to shareasegment
consisting of 1000blocks. Each block is a 160-element integerar-
ray. One processfunctions asa writer andupdatesevery integer
in thesegment. Thesecondprocessfunctions asa readeranduses
Full coherenceto readthesegment after each update. We measure
thelatency for thereader process to acquirea reader lock. Thela-
tency is brokendown into thecommunicationtime to transmit the
client requestand server update, the diff construction time on the
server, and the translation time to apply the diff on the client. To
factor in the network bandwidth, we experiment with two differ-
ent connectionsbetweenthethereader processandtheInterWeave
server, i.e. 100Mbpsor 10MbpsEthernet.

Theresultsareshown in Figure3. As canbeseenfrom the� g-
ure, thecommunication time is signi�cantly reduceddueto there-
duction in traf�c by using views. The absolute reduction is more
dramaticwith the10Mbpsnetwork (notethedifferent scalesonthe
two y axes). “Subblk. View” hasslightly highercomputation and
communicationoverheadthan “Blk. View” for both theclient and
server. On theserver, whenanentire block is in a view, theserver
only needs to collect changesin theblock. When only a portion of
ablock is in theview, theserverhasto perform extrawork to locate
theportionof theblock that is coveredby theview. Theresulting
diff is also larger becausemoreblocks, and thusmore metadata,
are in the diff. The larger diffs, increasedmetadata,andscattered
changes increasetheclient's translation cost correspondingly.

We plot the communication traf�c (bytes transferred) for the
“Blk. View” and“Subblk.View” in Figure4. Thebandwidth con-
sumptionis directly proportional to the percentageof total data
contained in thecurrent view.
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Figure5: Communication traf�c with recursiveviews, normal-
ized to the communication traf�c without views.

4.1.2 RecursiveViews
Oursecondexperiment measuresthetimerequiredfor theserver

to maintain views with recursive view units. We arrangefor one
writer andonereader to sharea segmentthat contains50 doubly
linkedlistswith headernodes. Besidespointersto thepreviousand
next itemsin the list, each item contains16 integers as a payload.
We startwith eachlist containing 1,000items. The writer inserts
100itemsat theendof eachlist andthereaderlocksthesegment to
get theupdates. Thereader includesa list into its view by adding
the header of the list asa recursive view unit. Thus the itemsin-
sertedinto thoselists will be automatically added to the view by
InterWeave. We vary the coverage of views from 10% to all of
the50 lists. Again, we conductexperimentson both100Mbpsand
10MbpsEthernet.

Figure5 shows the reduction in communication traf�c with re-
cursiveviews. Asdescribedin Section3.2.3,theInterWeaveserver
always updates the client with full segment metadata. Because
someof thismetadatacorresponds to datanot included in theview,
communicationtraf�c ishigher thanin Figure4.

In Figure 6, we compare the latency of client updateswith and
withoutviews. Thelatency breakdown in this �gure includesanew
item, Server Recur. Vie w, which is thecostof recursively
computingtheview scopeon theserver.

Unsurprisingly, there isahigheroverheadassociated with recur-
siveviews. This cost growslinearly astheview coverageincreases.
Combined together, the lower bandwidth reduction(see Figure5)
and the larger overhead of view maintenanceactually cause the
theperformanceof view coverageover60%to becomeworse than
that without views for the fast100Mbpsnetwork. However, with
a slower 10Mbps network, usingviews continuesto be bene�cial
until it reaches100% coverage. We expectInternetapplicationsto
bene� t from views in InterWeave in mostcasessince thenetwork
conditions(e.g., bandwidth and latency) in the Internet are typi-
cally worsethanthat of a congestion-free10Mbps local-area net-
work. We arealso investigatingways to maintainrecursive views
moreef�cie ntly.

4.2 Views in an Intelligent Envir onment
Application

In Section 1, we describeda distributedobject discovery appli-
cationin an intelligent environment [35, 34], wheremultiplenodes
share their “ imagecubes”. Each imagecubeis an array of im-
agescapturedrecently by thenode's camera.As explainedearlier,
different nodesat different times accessdifferent portionsof the
cubes. Straightforward sharingof thesecubesusing InterWeave
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Figure 6: The effectof using recursiveviews. (a) 100Mbpsnet-
work. (b) 10Mbps network. The left-most bar in each graph is
the baselineperf ormancewithout views.

segmentswouldbevery inef�cien t, wasting largeamountsof com-
municationbandwidth if a nodeonly wants to access a small por-
tion of thecube. Similarly, splitting up thecubeinto multiple seg-
mentsis cumbersomeanddif�cult, especially giventhattheportion
of the cubeaccessed by any nodechangesover time. In the fol-
lowing, we describe how we solve the problem using InterWeave
views.

Sincea full �edged intelligent environment is still under devel-
opment,we use an application kernelto evaluate InterWeave. As
shown in Figure 7, each cameranode collects an image cube and
storesit in an InterWeave segment sharedby other nodes. Each
image is storedas a separateblock. An application running on a
remote machine samplesthe images andexecutesa seriesof op-
erations to �nd andanalyze eventsin the cube. It �rst looks for
eventsin thecubestartingfrom the �r st imageandcoarsely sam-
pling imagesthrough time. Once evidenceof anevent is detected
in asample imaget0 , theapplicationlocatesaminimal rectangular
region that contains theevent. To verify and interpret theevent, it
accessesthe sameregion within d time stepsbeforeand after the
event—thesubcube from t0 � d to t0 + (d � 1).

Without using views, whenever a remoteimageis accessed, the
entire imagemust bebrought in, eventhoughonly a small part of
it will everbeexamined. Oursolution is to useviewsto specify the
portion of theimagethat will bescannedfor events.Onceanevent
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Figure 7: Finding and interpreting events in a shared image
cube. The application samples imagesin the shared cube to
detect interesting events. Later it examines the subcubecon-
taining that event.
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Figure 8: Bandwidth consumption with views under differ ent
sampling intervals, normalized to the bandwidth consumption
without views. The x axis indicates the number of imagesin-
tersectedby the subcube.

is locatedwithin a sampleimage,we add thesurrounding subcube
to theview to morecloselyexaminetheevidencefor theevent.

Figure8 shows thereductionin communicationtraf�c achieved
by using views. In this experiment, the imagecubecontains 100
recentlycollectedimages, eachof size320� 240pixels. Thecube
is sampledat two different rates,every 5th image(“Sample 5”) or
every 10th image (“Sample10”). We assumethe the discovery of
aneventis in themiddleof thesampling process(i.e.at the50thof
100images in thecube). Theapplicationthen examinestheremote
subcubecenteredaroundtheevent point. Thecross section areaof
thesubcubeis 80 � 60 pixelsandthelengthof thesubcubevaries
from10 to 90 pixelsasindicated by thex axis in the�gure.

As we canseefrom this �gu re, thecommunication traf�c is sig-
ni�cantly reduced. While the traf�c increasesasthe lengthof the
subcubeincreases for both “Sample10” and“Sample5”, a closer
comparisonrevealsthat theformer increasesslightly fasterthan the
latter. This is becausethe smallersampling interval causesmore
imagesto beaccessed and hencecached by theapplication. When
aneventis detected,theapplicationneedsa smalleramount of up-
datedatato construct thesubcubecontainingtheevent.

A->A->C

Root

A B C

A->CB->BABC->AA->A

A->AB

Figure9: Including querieson a summary structure. Eachnode
represents a meaningful dataming sequence. Each node has
pointers to all other nodes for which it is a subsequence. Here
the result for an including query concerning item B can be ob-
tained by traversing the substructure rooted at nodeB .

4.3 RecursiveViewsin an Inter activeand
Incremental Datamining Application

We demonstratethebene�t of recursive views using an interac-
tive andincremental datamining application. This applicationper-
formsincremental sequenceminingona remotedatabaseof trans-
actions(e.g.retailpurchases).Each transaction in thedatabase(not
to be confusedwith transactionson the database) comprises a set
of items, suchasgoodsthat werepurchased together. Transactions
are orderedwith respect to oneanother in time. Thegoalis to �nd
ordered sequencesof itemsthat are commonlypurchased by indi-
vidual customersover time.

In our experiments,both the databaseserver andthedatamining
client are InterWeave clients. The database server reads from an
active, growing database,and builds a summarydata structure(a
lattice of item sequences)that is used to answermining queries,
as shown in Figure9. Each nodein the lattice representsa poten-
tially meaningful sequenceof transactions s andcontainspointers
to othersequences containings. Thesummarystructureis shared
between thedatabaseserverand theminingclient in asingleInter-
Weavesegment.Approximately 1/3of thespacein thelocal-format
version of thesegmentis consumed by pointers.

Theminingclientexecutesanincludingqueryover thesummary
structure,returning all sequencescontainingthe queryitems. For
example, in the example shown in Figure 9, an including query
concerning item B will returnthe nodes highlightedin the �gure
(i.e., B , AB , B ! B and A! AB ). Becauseeachsequence node
containspointers to every node for which it is a subsequence, we
canprocessanincludingquery by starting fromthenodesthathave
itemsthat arerequiredandthen traversingthedescendantsof those
nodes. If a client processis only interestedin including queries
on a certainsetof items, it cansave communicationbandwidth by
updatingonly thesubstructurerootedat thoseitems.

Oursampledatabaseisgeneratedby toolsfromIBM research [38].
It includes 100,000 customersand 1000 different items, with an
averageof 10 transactions per customer and a total of 5000item
sequencepatternsof averagelength4. Theaveragetransactionsize
is 2.5.Thetotal databasesize is 20MB.

Thesummary structureis initially generated using half thedata-
base. The server then repeatedly updates the structure using an
additional1%of thedatabaseateachupdate. As a result, thenum-
ber of nodesin the summary structure slowly andmonotonically
increasesover time. For our testswe selected four items for which
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Figure 10: Update latency with views normalized to the cost
without views in thedatamining application.
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including querieswould produce a relatively large number of se-
quencesfromthelattice.

Figure10 compares the average updatelatency andbandwidth
consumptionseen at theclient side using different view con�gura-
tions. “View X ” meansX of our four selecteditemsare addedas
recursive view units to the view. When the client acquiresa lock
onthesegment,only thesubstructuresrootedat those itemsareup-
dated.Threedifferentmetricsaremeasured:updatelatency, update
traf�c , and the numberof nodes updated. The�gure demonstrates
thatrecursive views tremendouslyreduce theupdatetraf�c and la-
tency.

With fewer nodesto update, the server and the client also save
diff processing time. Figure 11 shows the time spent constructing
diffsandmaintaining recursiveviewsontheserver. Recursiveview
maintenanceoverhead increasesasthe numberof nodesadded to
theview increases.However, this overhead is adequately compen-
sated for by the reduction in diff construction time, not to mention
thereducedcommunication timedueto lower traf�c.

4.4 ScalableSharing of Metadata in ICP
With the rapid growth of Internet traf�c, hierarchical and co-

operative proxy caching have proven to be effective in reducing
bandwidth andimproving client sideaccess latency [15]. The In-
ternetCaching Protocol(ICP), designed by the Harvard Harvest
group [10], is perhapsthe most popularsharing protocol, and is

widely deployed. In ICP, cooperative proxiesareorganized into a
hierarchical structure. Each proxy can have parentsandsiblings,
all of which are referred to aspeer proxies in this paper. When a
proxymisses in its own local cache, it probesits peersfor possible
remotehits. If all of its peersmiss, theproxymust goto theoriginal
webserveron its own or askits parent to fetchtheobject.

Unfortunately, ICP does not scalewell asthe size of caches or
thenumberof cooperating proxiesincreases.On a local miss, the
proxy sendsquerymessagesto its peers askingfor themissedob-
ject. The number of thesemessagesis quadratic in the number
of peerproxies. To solve this problem, SummaryCache [15] and
Cache Digest [33] have independently proposedsimilar solutions,
in which eachproxykeepsacompactdirectoryof contentsrecently
cached at every other proxy. Now whena proxy missesin its local
cache, it consultsits peerdirectoriesbeforesendingout ICPquery
messages. Queriesaresentonly to thoseproxies indicatedby the
directory ashaving a recent version of the page (URL). Both so-
lutions use Bloom �lter s [6] to representthe peerdirectories. A
Bloom �lter is a succinct randomizeddatastructurethat supports
ef� cientmembership queries.

There is a basic trade-off in the implementationof directories:
frequent updatesconsumecommunication bandwidth, while out-
dated directories may introduceboth false hits and false misses.
False hits occur when thedirectory falselyindicatesa URL exists
in another proxy's cache. Falsemisses occur whenthe directory
doesnot list any proxy ascontainingthe URL in its cache,even
thoughtheURL is actually cachedat a peer. Useof a Bloom �lte r
also entailsasmallbut controllablefalsehit rate [6, 15].

SummaryCache [15] proposesa broadcasting update scheme.
Each proxy broadcaststo its peersan updateof its directory after
a �x edpercentageof changes have occurred(for example,broad-
casting every 1% of its local changes). To reducethe size of a
broadcastmessage,each time only thedifferencesincethelastup-
date is broadcast. Cache Digest [33] usesan on-demandupdate
scheme. Each proxy decideshow often it needs an updatefrom
other proxies. A proxy can piggy-back updaterequestson query
messages to its peers.Likewise,aproxy can inform its peers that a
new directory updateis available by piggy-backing theinformation
on its responsesto querymessages.

Neither of the above schemes is ideal. Broadcastingrequires
that all peersbeupdated ata �x ed rate.If oneproxy requiresmore
accurate information, eachof its peers mustalsoreceive morefre-
quent updates. More importantly, ef�cie nt and robust broadcast-
ing support is usually not available in wide-areanetworks. While
updateon demandis more �e xible, it consumesmorebandwidth
than broadcastingbecause it always transmits the entiredirectory
(aBloom�lter) oneachupdate. SincetheBloom�lte r is arandom-
izeddatastructure,it is dif �c ult to compress [30].

To evaluate the overheadincurredby updatingpeerdirectories
ondemand,weconduct an experiment onanICPsimulator, proxy-
cizer, from theCrispy Squid GroupatDukeUniversity [14]. Since
the original proxycizer implementsneither SummaryCache nor
Cache Digest, we augmented it with a directory implementation
based on CacheDigest [33]. We use a trace �le from theIRCache
organization [21]. The tracerecordsonedayof requeststo oneof
its proxies at Pittsburgh, Pennsylvania. The trace comprises1.4
million HTTP requestswith anaverageobject sizeof 11.4KB. We
�rst run thetracethroughproxycizer's ICP simulator with 4 simu-
lated proxies, eachwith a disk cache of about 1.2GB (this allows
space for approximately 100,000objects). The traceis fed to the
proxies in a round-robinmanner. Table1 summarizes theresults.

Each proxy caches3 Bloom �lters to summarize the contents
cached at each of its peer proxies. Each Bloom �lter is 200KB
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Figure 12: Using dir ectories to reduce ICP query messages.
The number of queries is normalized to that of ICP and the
directory update traf�c is normalizedto the traf�c of transmit-
ting remotehit objects.

long. (We usea Bloom �lter longerthanthat speci�ed in [33] in
order to achieve a reasonable remotecachehit rate.) For each of
itscached Bloom�lters, aproxyrequiresan updateoncetheproxy
thatis modeled by theBloom�lte r haschangedits content beyond
acertain threshold.Figure12 showsthenumberof query messages
and the total communication traf�c required to updatethe direc-
tories aswe vary the update thresholdfrom 0.1% to 2%. In this
�gure, we alsoshow the percentageof remotehits lost dueto the
impreciseinformationin thedirectories.

The �gure shows that using cached directories indeed signi�-
cantly reducesthe numberof ICP querymessages.However, the
proxies voraciouslyconsumebandwidth to updatethe directories.
At theupdatethreshold of 0.6%, thecommunication traf�c to up-
datethe directoriesequalsalmost half the traf�c for transmitting
theobjectsthemselvesfromhits in remotepeers.Thedirectory up-
datetraf�c can bereducedby increasingtheupdatethreshold,with
thetrade-off of increasing lost remotehits.

We proposeusingInterWeave to automatethesharingof thedi-
rectoriesamongpeerproxies.Wecanthenreducethetraf� c to up-
datedirectoriesusing InterWeave's relaxed coherence modelsand
dif� ng. To evaluatethis idea, we addanInterWeave simulatorinto
themodi�ed proxycizer. In thesimulator, each proxy storesits own
directoryin asegment sharedby otherpeerproxies.Eachproxyup-
datesits directorysegmentwhenever 0.1%of its local disk cache
changes. Otherproxiesaccess thedirectory by acquiringa reader
lock on thesegment.

Weagain run thepreviously describedexperiments,this timeon
the InterWeave-augmented simulator. To control the updatefre-
quency of cached segments of peerdirectories, we usethe Delta
coherencemodel with parameters x ranging from 1 to 20. These
causeInterWeave to updatetheclient's local segmentcachewhen-
ever it is x versions older than the server's masterversion. Since

Number of requests 1295000
Numberof ICPquery messages 2187207

Hits in local cache 28.4%
Hits in remotepeercache 9.7%

Aggregatesizeof remotehit objects 1860.89MB

Table1: Simulation results for ICP.
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Figure 13: Using InterWeave segmentsto share peer dir ecto-
r ies. The x axis represents the parameter for the Delta coher-
ence model. The dir ectory update traf�c is normalized to the
traf�c of transmit ting remotehit objects. Note that thescaleof
the y axis is oneorder less than that in Figure12.

eachproxy updates its own directory segmentwhen 0.1% of the
cachechanges (and thus createsa new version at that time), the
parameters we usedeffectively correspond to the previously used
updatethresholds of 0.1% to 2%. The results are shown in Fig-
ure13.

Comparing the InterWeave resultswith thosein Figure12, we
seethatInterWeavesigni�cantly reducesthecommunication traf�c
required to keepthepeerdirectoriesup to date.Each time a proxy
locksapeer directory segment for update, thesegment server com-
putesand transmitsa diff capturing thedifference betweenthedi-
rectory's newestversion and theproxy's cachedversion. Although
Summary Cache[15] also broadcasts thedifferences between con-
secutiveversionsto reducemessagesize(whichhasnotbeencom-
paredhere),InterWeave providesa muchmore�e xible methodfor
doing so without requiring complex coherencemanagementcode
within the application. With InterWeave, the application (and in
fact, eachproxy) canchange theupdatefrequency simply by tun-
ing the parameter for Delta coherence. In addition, cooperating
peer proxies no longerhave to communicate in lock stepin order
to coordinatewith eachother to update their directories.

In Figure12, the choiceof Delta coherenceparameterexhibits
a correlationwith the rate of lost remote cache hits. Thus,each
proxycanmakeindividual decisionsabouthow oftenit wantsto get
updatesfor eachof its peers' directories, keepingthelostremotehit
rateatasatisfactorylevel.

5. RELATED WORK
InterWeave �nds context in anenormousbodyof related work.

We focus hereon some of the most relevant literature;additional
discussion canbefoundin technical reports [11, 40].

Dozens of object-based systemsattemptto provide a uniform
programming model for distributed applications. Many are lan-
guagespeci�c; many of themorerecentof thesearebasedonJava.
Language-independent distributed object systemsinclude PerDiS
[16], Legion [18], Globe [42], Microsoft's DCOM, and various
CORBA-compliant systems. Globe replicates objects for avail-
ability and fault tolerance. PerDiS and a few CORBA systems
(e.g. Fresco [26] and CASCADE [13]) cache objects for local-
ity of reference. While we speculate that relaxed coherence and
views might be applicable to suchsystems,current implementa-



tions tend to rely on the inef�cie nt retransmission of entire ob-
jects, or the transmission and replay of operationlogs. Equally
signi�c antfrom our point of view, thereareimportant applications
(e.g., compute-intensive parallel applications) that do not employ
anobject-orientedprogrammingstyle.

At least two early S-DSM systemsprovided supportfor het-
erogeneous machinetypes. Toronto's Mermaid system [45] al-
loweddatato besharedacrossmorethan onetypeof machine,but
only amongprocessescreatedaspart of asingle run-to-completion
parallel program. All data in the same VM page was required
to have the same type, and only onememorymodel—sequential
consistency—wassupported. CMU' s Agorasystem [5] supported
sharing among more loosely-coupled processes,but in a signi�-
cantly more restricted fashionthan in InterWeave. Pointersand
recursive typeswerenot supported,all shareddata hadto be ac-
cessed indirectly througha local mappingtable,and only a single
memorymodel (similar to processor consistency) was supported.
Precedentsfor the automaticmanagement of pointers includeHer-
lihy'sthesis work [19], LOOM [24], and themorerecent“pickling”
(serialization) of Java [32].

Several “software-only”S-DSMsystemshaveproposedthatpro-
grammersexplicitly identify the data to be modi�ed in a critical
section,eitherdirectly [23,20] or by explicit [36, 4] or implicit [22]
association with asynchronization object (lock). In contrast to sys-
temsthatmaintaincoherenceat the level of virtual memory pages,
software-only S-DSM is less vulnerableto false sharing.In a sim-
ilar vein, views in InterWeave relieve the system of the need to
inform processesof updates to “uninteresting”portionsof a data
structure.In addition, InterWeaveallowseachprocessto customize
its view aswell asto changeits coveragedynamically asneeded.

Munin [8] is an earlyhomogeneousS-DSM systemthatchooses
amongalternativecoherenceprotocols(invalidatev. update,for ex-
ample)basedon programannotationsthatspecifyexpectedaccess
patterns(migratory, widely shared,etc.). While it providesa re-
leaseconsistent programmingmodel,Munin does not allow users
to further relax coherencerequirementswith respect to reads and
writesof thesamelocation.

Stampede [31] is a system designed speci�cally with multime-
dia applications in mind. A datasharing abstraction called space-
time memory allows processes to access a time-sequencedcollec-
tion of dataitemseasilyand ef�ciently . One of the novel aspects
of this systemis thebuffer management and garbagecollectionof
thisspace-timememory. InterWeaveattemptsto providesemantics
similar to thoseof hardware shared memory, andtherefore retains
only thelatestversion of shared data.

ObjectView [28] usesprogrammerknowledgetoclassify objects
according to their accesspatterns. Object views must bespeci�ed
at compile time. InterWeave views do not rely on languageexten-
sions,andcanbecomposed dynamically. Object Clusters[29] are
closedsetsof shared Java objectsreachableand accessible only
from a single root object by following object references. Inter-
Weavesimilarly followspointers to expandarecursiveview scope,
but hasno restrictionson thechoiceof rootobjects.

Problem-Oriented Object Memory (POOM) [27] is an object
modelthat allows exploitation of application speci�c semantics by
relaxing strict consistency to achieve goodperformancefor shared
write-intensive data. Speci�ca lly, it allows multiple objectreplicas
to bemodi�ed in parallelandusesavalue“amalgamation”process
to mergethestateof diverged replicasof an object to asinglemean-
ingful value. In thePOOM modeltheunit of consistency isstill the
entireobject.InterWeave's relaxedcoherencemodelsservemainly
to improve performancefor readers of shareddata; coherencecan
bemaintainedfor only partof asegment by usingviews.

Friedman[17] andAgrawal et al. [1] have shown how to com-
bine certain pairs of consistency modelsin a non-version-based
system. Alonso et al. [2] presenta generalsystem for relaxed,
user-controlled coherence. Khazana[9] alsoproposesthe use of
multipleconsistency models. TheTACT system of Yu etal. [43] al-
lowscoherenceandconsistency requirementsto vary continuously
in threeorthogonal dimensions.Several of InterWeave's built-in
coherencemodelsaresimilarly continuous, but becauseourgoal is
to reduceread bandwidth andlatency, ratherthanto increaseavail-
ability (concurrency) for writes, we insist on strongsemantics for
writer locks.

6. CONCLUSION
InterWeaveallowsdistributedapplicationstosharestronglytyped,

pointer-richdatastructuresacrossheterogeneoushardwareandsoft-
wareplatforms. We describeda new dynamic view mechanism for
InterWeave,anddiscussedhow views andrelaxedcoherencemod-
els exploit an application's high-level coherence requirements to
optimize system performance. We demonstrated the convenience
and effectivenessof thesemechanisms with applicationsin intel-
ligent environments,interactive datamining, andcooperative web
proxy caching. We plan to evaluate and adopt techniques used
in Peer-to-Peer (P2P)computingsystemsto improve InterWeave's
scalability and fault tolerance, andto provide a sharedstate infras-
tructurefor increasingly popularP2Papplications. Wearealsocon-
sideringtransactional extensionsto the InterWeave programming
model, to enable processes to more easily modify a collection of
segmentsconsistently.
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