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Abstract

Oscilloscopesandtheir cousins,logic analyzers,are the
toolsof choicefor dif�cult electronichardwareproblems.In
thehandsofa skilledengineeror technician,thesetoolscan
beusedto solvestubbornproblems.Thekey to theutility of
oscilloscopesis the depthof detail they provide and their
�exibility, which allowsthe level of detail to beadjustedto
�t thetaskat hand.

Distributedapplications,which run on computingclus-
tersandcomputationalgrids,arealsocomplex anddif�cult
to tame. Weneedtoolsto understandtheir complexitiesand
theability to choosethelevelof detail to �t thetask,whether
thetaskbedebugging, tuning, monitoringor controlling.

The MAGNET User-SpaceEnvironment (MUSE) has
beendesignedasa “software oscilloscope”for computing
clustersandcomputationalgrids. It is a toolkit for applica-
tions and developers to obtain detailedinformationabout
theenvironmenton the host. Theinformationcan be used
on-line or savedfor off-line analysis. It haslow overhead
andallowsthe level of detail to beadjusted.Furthermore,
MUSEmonitors without requiring the modi�cation or re-
linking of applications.It hasbeendesignedto makeit easy
to develop“adaptiveapplications”—applicationsthatare
awareof their environmentandcanadaptto changes.

1 Intr oduction

Many contemporaryarchitecturesfor high-performance
computingarebuilt from commercialoff-the-shelf(COTS)
componentsin order to leverage the rapidly increasing
performanceand decreasingcost of consumerhardware.
Clustersof (high-end) consumercomponentsconnected
with (near-) commodity networks and programmedin a
message-passingstyle are the scienti�c workhorsesof to-
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day. Thenext, or meta,level in high-performancecomput-
ing is to view powerful clustersconnectedby a wide-area
network, suchastheInternet,asa computationalresource.
Suchsystemsarecalledcomputationalgrids. Yet in spite
of dramaticincreasesin computationalpower affordedby
sucharchitectures,writing, debuggingandtuning parallel
applicationsremainsapainful task.

A largepartof theproblemstemsfrom thehighly asyn-
chronousnatureof distributedcomputations.Applications
written to take advantageof large numbersof CPUsmust
overlapcomputationandcommunicationin orderto effec-
tively useavailableresources.Not surprisingly, thecauses
of performanceproblemsin distributedapplicationsareof-
ten distributed and henceextremely dif�cult to identify
without a global knowledgeof executionhistory. Further-
more, the causesare often subtle issuesof timing which
make accurateglobal historiesmore important. Yet accu-
rateglobalhistoriesareverydif�cult to obtain.A meansfor
monitoringdistributedapplicationsandthehostson which
they run is needed.Furthermore,globalhistorieswill need
to be �ltered to only containeventsof interest,or they are
likely to becomeunmanageable.

Monitoring frameworks for collecting and presenting
signi�cant eventsin thelife of adistributedcomputationare
beingdevelopedaspart of, or in conjunctionwith, frame-
works for writing suchapplications. (This is particularly
trueof computationalgridsdueto their increasedcomplex-
ity.) As an example, NetLogger[9, 19,20] and Autopi-
lot [14,15] are both monitoring frameworks which work
well with theGlobus[7] computationalgrid toolkit.

Oneof the challengesfacedby monitoringframeworks
is the selectionof an appropriatelevel of detail at which
to identify a problem. For example,it is suf�cient to col-
lect a periodic heartbeatfrom nodesin order to monitor
the availability of computingresourcesin a computational
grid. If, however, theproblemis low performancecausedby
poorly timedarrivalsof messages,detailsconcerningmes-
sagearrival times are required. Perhapsthe performance
problemis dueto increasedlatency causedby messagesar-
riving while theprocessfor whichthey areintendedis wait-
ing for its next timeslice. In general,it is dif�cult to know
beforehandwhat level of detail is requiredto diagnoseand
solve a particularproblem.Not only is suf�cient detail re-
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quired,but problemscould be identi�ed andsolved much
morequickly if theamountof detailcouldbevariedon the
�y .

We have developed a tool, which we call MUSE—
MAGNET User-SpaceEnvironment— thatallows theon-
line monitoringof nodesof a computingclusteror compu-
tationalgrid. TheinformationavailablethroughMUSEcan
betunedto provide just theright level of detail for thetask
at hand,whetherthat task be debugging, tuning or status
monitoring.1 Furthermore,MUSE canbe usedto support
thedevelopmentof “adaptiveapplications”— applications
thatareawareof theenvironmentin whichthey executeand
canadapttheir behavior basedon thatawareness.

As an exampleof an adaptive applicationthat MUSE
facilitates,considera distributed visualizationtool which
steersthrougha largedataset.Theapplicationconsistsof a
rendererwhichis co-locatedwith thestoreddataataremote
site anda userinterfacewhich executeson the scientist's
workstation.Whentheavailablebandwidthis plentiful, the
renderercansendraw framesto theuserinterfacefor dis-
play. Thisprovidesthemaximumresolutionto thescientist.
If the network becomescongested,however, the renderer
canreducethe framerateor compressthe datato provide
betterresponsetimes.Thekey capabilityneededto respond
appropriatelyis for theapplicationto know whatbandwidth
is availablefrom thenetwork. MUSEis designedto provide
suchinformationto applications.

2 Designof MUSE

As thename“MA GNET User-SpaceEnvironment” im-
plies,MUSEprovidesanenvironmentfor user-spaceappli-
cationsto makeconvenientuseof thewealthof information
which theMAGNET toolkit [5, 6,10] exportsfrom theop-
eratingsystemkernel. It wasdesignedto consolidatethe
functionsof event �ltering and informationsynthesisinto
onecomponent,magnetd . Theresultinginformationcan
be saved to disk for later analysisor sentto (multiple) ap-
plicationsfor immediateuse. Thus, MUSE provides the
infrastructurefor debuggingor tuningsystemperformance,
monitoring computingclustersor computationalgrids, or
building adaptiveapplications.

In the following sub-sections,we presentthe architec-
tureof MUSEandits maincomponent,magnetd , thende-
scribehow magnetd �lters eventsandsynthesizesinfor-
mation.Finally, we describehow magnetd supportsuser-
de�ned extensionsthroughthe useof dynamically linked
datahandlers.

2.1 magnetd

Figure 1 shows the architectureof MUSE. The main
componentof MUSE, magnetd , is designedas a multi-
threadeddaemonprocesswith two main threadsof execu-
tion. The�rst, calledthedatacollectionthread,is responsi-

1Initial feedbackfrom endusersindicatesthatclusterenvironmentsre-
quire�ner granularitythangrid environments.
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Figure 1. Architecture of MUSE

ble for extractingevent recordsfrom theMAGNET kernel
buffer andprocessingthem. Thesecond,themasterserver
thread,listensfor commandconnectionsfrom clientsinter-
estedin obtaininginformationfrom magnetd andcreating
server threadsto servicetheir requests.

Although clients can requesta copy of the MAGNET
event stream,it is more ef�cient for most applicationsto
requestthesubsetof eventsthat they �nd interesting.This
greatlyreducestheamountof informationapplicationsneed
to processandalsominimizesthe amountof communica-
tion required.

To emphasizetheneedfor �ltering, wehaveseenMAG-
NET traceratesashigh as1.76 million event recordsper
second(33.6MBps, whereMBps = ����� bytesper second)
dependingon the host and con�guration. A single copy
of theeventstreamsentto a remoteapplicationcouldeas-
ily consumea 100MbpsEthernetconnection.Filtering the
event streambeforesendingit to applicationsreducesthe
costof communicationandconsolidatesthe �ltering code
for all applications.Functionswhich performthis service
arecalled�lter s.

After the event streamis �ltered, the remainingevents
can be synthesizedinto application-speci�c information
throughthe useof datahandlers. Handlersmay perform
arbitrarycomputationsbut shouldbeaslightweightaspos-
siblesincetime-consumingcomputationsarelikely to per-
turb the phenomenabeing monitoredand will reducethe
time available for other handlers. Usedjudiciously, how-
ever, handlersfurtherreducetheamountof communication
andsimplify applicationprocessing.

Clients communicatewith magnetd by sendingre-
queststo the masterserver threadusingUNIX or TCP/IP
sockets. Local (UNIX) connectionsareusefulfor applica-
tions,runningon thesamehostasmagnetd , to querythe
stateof thehost. Remote(TCP/IP)connectionsareuseful
for themonitoringof computingclustersandcomputational
gridsby middlewareor by thedistributedapplicationitself.



typedef struct magnet_data RECORD;
typedef struct data {int count;} DATA;

int help(int rsize, char *rstr) {
strncpy(rstr, "counts events", rsize);
return NO_ERROR;

}

int create(void *args, void **data,
void **filters) {

*data = malloc(sizeof(DATA));
if (!*data) {return MEM_ERR;}
((DATA *) *data)->count = 0;
return NO_ERROR;

}

int destroy(void **data) {
free(*data);
return NO_ERROR;

}

int process(void **data, RECORD*record) {
((DATA *) *data)->count++;
return NO_ERROR;

}

int query(void **data,
int size, char *result) {

snprintf(result, size, "event count %d",
((DATA *) *data)->count);

return NO_ERROR;
}

Figure 2. A Handler that Counts Events

Using the commandconnection,a client createsa han-
dler to synthesizeparametersof interest,suchasmeasured
bandwidth. It alsoadds�lters to restrictwhich eventsare
usedto computethe parameters. The client also starts,
stops,resetsandqueriesthehandlerthroughthecommand
connection.

Dependingonhow thehandleris written,thesynthesized
parametersmay be sentperiodically (“push” model)or in
responseto aqueryfrom theclient (“pull” model).

2.2 User­De�ned Handlers

magnetd supportsa plug-in architecturethat makesit
very easyfor developersto write handlersto suit their ap-
plicationwithout recompilingmagnetd . Theobjectcode
for a handleris containedin a dynamicallylinked library.
Figure2 shows a simplehandlerthatcountsthenumberof
eventsthatmatchits �lters.

Handlers are required to implement � ve functions:
create , destroy , process , query andhelp . Each
handlerfunction is expectedto returnzeroon successor a
non-zeroerrorcodeon failure. All of the functionsexcept
process are called in responseto a commandfrom the
client,sotheerrorcodeis propagatedbackto theclient. Er-
rorsin theprocess functionareloggedto theconsoleand
magnetd stopsthehandlerto preventfurthererrors.

Thecreate functionperformsinitialization, including
allocatingstoragefor thehandler's internalstate.Although
the exampledoesnot show it, �lters canbe addedwithin

create , if appropriate.Newly createdhandlersareplaced
in a “stopped” stateand must be activatedby a separate
“start” requestfrom the client. When a client is �nished
with a handler, it sendsa “destroy” request,which results
in thehandler'sdestroy functionbeingcalledto perform
appropriateclean-upactivities, including deallocatingthe
internalstate.

The process function analyzes,stores, or streams
events as appropriate. Updatesto the handler's internal
statealso occur in process . Filters ensurethat records
receivedby thehandleronly containrelevantevents.Han-
dlersshouldbedesignedto minimizetheexecutiontime of
the process function to minimize perturbingthe quanti-
ties being measured.In the example, the count is incre-
mentedfor eacheventreceived.

In responseto “query” requestsfrom clients,thequery
functionpreparesastringre�ecting thevaluesof theparam-
eterscomputedby thehandler. In theexample,theresponse
stringreportsthenumberof eventsthatthehandlerhasseen.
For moredetailsabouthandlers,seethe documentationat
http://www.lanl.gov/˜radiant/ .

3 Performance

Theprocessof monitoringa computationhasthepoten-
tial to perturbthe very parametersbeingmeasured.If the
effectsof theperturbationaresmallenough,they cansafely
be ignored. In this section,we boundthe effectsof using
MUSE to monitorparallelscienti�c computationsfrom the
NAS ParallelBenchmarksuite.

The two metricswe considerarethe reductionin CPU
cyclesavailabledueto the increasedload causedby mon-
itoring andthe latency betweenwhenan eventoccursand
when the monitoring applicationreceives the event. The
former is importantsincefewer CPUcyclestranslatesinto
slower executionof applicationson the host. The latter is
importantfor on-linemonitoringpurposessincestaleinfor-
mationmakesgooddecisionsdif�cult.

3.1 Load Incr ease

We usethe NAS Parallel Benchmarksuiteversion2.2
IS ClassA kernel [16] as the workload. The IS kernel is
a distributed bucket sort algorithm in which eachproces-
sor sendsthe keys which fall in its rangeto all the other
processors.BecauseIS communicatesheavily, magnetd
mustprocessa largenumberof network events. The CPU
cycles usedby magnetd are unavailable for computing
and hencereducethe operationsper secondreportedby
the benchmark. Each socket sendof � bytes generates

�����

���

�	�

��
�
�
��

eventswhenMAGNET is con�guredto
monitor throughoutthe network stack.2 We also test the
casewhereonly socket sendand receive calls are moni-
tored.

2Oneevent comesfrom the socket call itself. Threeadditionalevents
occurfor eachfragmentthat traversesthenetwork stack. BecauseLinux
makesuseof TCPoptions,themaximumfragmentsizeis 1448bytes.



 0

 2

 4

 6

 8

 10

 12

 0  1  2  3  4

M
O

ps

Handler Instantiations

SMP Baseline
SMP all events
SMP socket-only
Uniprocessor Baseline
Uniprocessor all events
Uniprocessor socket-only

Figure 3. MOps vs. Number of Handler s

The test equipmentconsistsof two identical machines
with dual933MHz PentiumIII processorsand512MB of
RAM connectedby MPICH runningoverGigabitEthernet.
Fivecon�gurationsarepresented.The�rst or baselineruns
stock Linux 2.4.18kernels. The secondruns MAGNET-
ized2.4.18kernelswith magnetd executingon themoni-
toring hostwithout handlers.The �nal threetestsare the
sameas the secondbut with one, two and four handlers
whichcountthenumberof eventsseen.The�lters arecon-
�gured to acceptany network event.

Thenumberof IS kerneloperationspersecondasafunc-
tion of thenumberof handlersis presentedfor bothunipro-
cessorandSMPkernelsin Figure3. In all cases,the95%
con�denceintervalsarelessthan � 0.03%.

First, we note that the performanceof the stockkernel
on multiple processorsis nearly0.5%lower thanthestock
kernelona singleprocessordueto lockingoverhead.Next,
thenumberof IS kerneloperationspersecondis reducedby
only 1.3–1.4%in theSMPcon�gurationwith 1–4handlers.
The gradualincreasein overheadindicatesthat SMP sys-
temsarenot sensitive to thenumberof handlers.Thereis a
higherimpacton uniprocessorsystems,however. Theper-
formanceis reducedby 7.2–24.7%whenmagnetd com-
peteswith theapplicationfor processorcycles.

Dueto thefact that theIS kernelcommunicatesheavily
and MAGNET is con�gured to collect eventsthroughout
thenetworkingstackin thesetests,theresultsarerepresen-
tative of worst-casebehavior. The performanceimpact is
lessif MAGNET is con�gured to only collect the events
needed.For example,if we collectonly socket events,the
rateat which monitoredeventsoccuris reducedby 24.6%.
Theoverheadisalsoreducedbyasimilaramount.Although
theoverheadis still 19.8%for a singleprocessor, scienti�c
applicationswith abalancedcomputeto communicationra-
tio will seelessoverhead.

Clearly, excessprocessingcapacitymustexist for theef-
fect of monitoringto be negligible. This is not surprising
sinceextensive monitoring doesperturbthe system. The
effect can be minimized by con�guring MAGNET to ex-
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Figure 4. Latenc y Between MAGNET and
magnetd with Sleeping on Idle

port only theeventsnecessaryfor handlersto performtheir
computationsandby runningmultipleprocessors.

3.2 Data Path Latency

Wenow turnourattentionto measuringthelatency from
whenaneventoccursuntil thetime anapplicationreceives
it. Therearefour componentsto thelatency. The�rst is the
time it takesMAGNET to registertheevent. Thesecondis
thetime it takesmagnetd to receive aneventrecordfrom
MAGNET.Thethird is thetimeit takesahandlerto receive
an event recordfrom magnetd . The fourth is the time it
takesto transmitresultsfrom thehandlerto theapplication.

It takes MAGNET an averageof 371ns to register an
event on the test hosts. The next two componentsof la-
tency dependupon the performanceof magnetd , while
thefourth is independent.We quantifymagnetd 'sperfor-
manceby comparingthe timestampwhenan event record
arriveswith thetimestampwhenit wassent.

In the resultsthat follow, the monitoringapplicationis
run on thesamehostasmagnetd . Componentsof thedis-
tributedapplicationuseeitherFastEthernetor GigabitEth-
ernetto communicate.Theresultsarefor runswhich used
FastEthernetexceptwherenoted.

Figure 4 shows the time it takes for magnetd to see
aneventexportedby MAGNET. Thelatency repeatedlyde-
creasesto near zero indicating that magnetd processes
events faster than they are generated. The latency is
the smallestfor the last event to arrive beforemagnetd
sleepsandgreatestfor eventswhich arrive immediatelyaf-
ter magnetd goesto sleep.Thelinearshapeof thecurves
con�rms that magnetd removes events from the kernel
buffer in FIFO order.

The average latency from MAGNET to magnetd
is 4.01ms. Since a timeslice under Linux is 10ms,3

magnetd is operatingat 40% capacityin this test. Con-

3Thespacingbetweenlinesin Figure4 correspondsto a timeslice.
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�guring magnetd to poll for new eventscontinuouslyre-
ducestheaveragelatency to 38 � satthecostof greaterCPU
load.

We note that the latencies between MAGNET and
magnetd arehigherfor GigabitEthernetthanfor FastEth-
ernet(4.98msvs.4.01ms). This is causedby interruptco-
alescingwhich increasesthe averagelatency substantially.
The averagelatency from magnetd to a handleris also
higherfor GigabitEthernetthanfor FastEthernet(1.273ms
vs.0.248ms).Thecauseis still unknown.

In summary, thebiggestcauseof latency is the process
scheduler. Theaveragelatency is lessthan5msevenfor Gi-
gabitEthernetwith interruptcoalescing.Thus,the latency
shouldbe acceptablefor many monitoring tasks,particu-
larly in computationalgrids,whereround-triptimesareon
theorderof 100ms.

4 Handler Validation

The bandwidthhandlersuppliedwith MUSE computes
theaveragebandwidthover the last � socket sendevents.
In this section,we show thatanaccuratebandwidthcanin-
deedbe computedin a handlerfrom an event stream.We
validatethehandlerby comparingits resultswith theresults
obtainedthroughindependentmeans.

As a�rst check,wemonitoranFTPapplicationtransfer-
ring a467MB �le from ftp.debian.org andcomparetheav-
eragetransferratereportedby FTPwith theoverallaverage
computedby the bandwidthhandler. FTP reportsan aver-
agetransferrateof 3.947Mbps,whereMbps=

�����

bits per
second.Thebandwidthhandlerreportsanaveragetransfer
rateof 3.946Mbps,adifferenceof 0.025%.Figure5 shows
the“instantaneous”transferrate,windowedover ���

���	�	�

events,alongwith the two averagerates. Timeswhenthe
network wascongestedareclearlyvisible.

Thenext checkis alsoperformedbetweenthesametwo
hostsas in Section3. First, a netperf connectionis
startedandallowedto reachstreamingstate.Next, another
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Figure 6. Band width Handler for Two netperf
Connections

netperf connectionis started14.33s after the �rst con-
nection. Five secondslater, the secondnetperf is ter-
minated. Figure 6 shows the computedbandwidthas a
functionof time. Thestartingandendingtimesof thesec-
ond connectionaredelimitedby vertical lines. The �gure
clearlyshowsthatthebandwidthof the�rst connectionfalls
off exponentiallyas the secondconnectiongoesthrough
slow start. After aboutonethird of a second,bothconnec-
tions reachsteadystateoncemore. Finally, thebandwidth
of the�rst connectionincreasesafterthesecondconnection
hasterminateduntil it reachesstreamingstateagain. (The
slight curvature in the line during linear increasecomes
from computingtheaverageover thelast � events.)

5 Applications of MUSE

MUSE providesmany bene�ts to the parallel and dis-
tributedcomputingcommunity. Its overheadis low enough
that it canbeusedon-linefor many taskswhich usedto be
doneoff-line. This ability hasmany practicalapplications,
someof whichwediscussin this section.

5.1 Event Visualization in Distrib uted Systems

Distributed systems,by nature,are very complex with
plenty of opportunitiesfor subtle bugs and performance
problems.Theability to visualizetheexecutionhistoryof a
distributedapplicationcouldpotentiallysave largeamounts
of time andspeedup the developmentanddeploymentof
suchapplications.AlthoughMUSE doesnot containtools
for visualization,it caneasily serve asan datasourcefor
existing tools.

As a proof of concept,we have developeda translator
from MAGNET event recordsto the UniversalLog Mes-
sage(ULM) format usedby the NetLoggertoolkit [9, 19,
20]. This allows one to usethe NetLoggerVisualization
tool (NLV) to view aneventstreamgraphically. Thetransla-



Figure 7. Visualizing the Transf er of a Packet in FTP

tor establishesa connectionwith magnetd , requestssome
subsetof the event records,translatesthem to ULM for-
mat and appendsthem onto the end of a log �le. NLV
watchesthe tail of the �le andupdatesthe displayasnew
eventsappear. Also as a proof of concept,we have de-
velopeda translatorfrom MAGNET event recordsto the
format expectedby GScope[8], an open-sourcesoftware
oscilloscopelibrary.

Bulk datatransfers,via FTPor someotherprotocol,are
an importantoperationin grid computing. In this test, a
monitoringapplicationconnectsto magnetd on the FTP
server nodeusingTCP/IP. It alsoconnects,via TCP/IP, to
magnetd on the FTP client node. Eventsare collected
from the MAGNET daemonson both nodes,collatedand
displayed.

Figure7 showsaGScopescreencaptureof asegmentof
a FTP transferwith MUSE monitoringboth theclient and
theserver. The�rst threedatapointsshow theserver send-
ing a packet down thenetwork stackandout onto thenet-
work. Thesecondthreedatapointsshows thesamepacket
climbingup thenetwork stackon theclient. Of theremain-
ing four points, the �rst threeshow an TCP acknowledg-
mentbeingsentbackto the server, while the fourth point
showsthesocketon theclient receiving thepacket thatwas
sent.

From the �gure, we can see that the packet traveled
down the server's network stackat nearlyconstantspeed,
i.e., eachlayer took similar amountsof time to processthe
packet. On the client side, however, the packet sat in a
buffer in thedevicedriveruntil theIP layerwasreadyfor it.
TheIP layer, on theotherhand,passedthepacketon to the
TCP layer fairly quickly. Finally, a signi�cant amountof
time passedbeforetheclient actuallyreadthepacket from
thesocket.

With justashortlook at thegraphweareableto tell a lot
aboutthebehavior of theFTPtransfer. Wewerealsoableto
identify two placeswheretime is potentiallybeingwasted
andwherethetransfermightbespedup.

5.2 Distrib uted Application Monitoring

Oneof thebig challengesin developingadistributedap-
plicationis acquiringinsightinto theoperationof theappli-
cationin orderto debug,tune,monitoror controltheappli-
cation. Several frameworks,suchasNetLogger[9,19,20],
Autopilot [14,15],Remos[2,3] andCODE[17], havebeen
proposedwhichaccomplishthesegoals.

Eachof theseframeworkshassomemechanism,calleda
sensor, for acquiringinformationabouta distributedcom-
putation. Some, like NetLogger, require the application
to be modi�ed or relinked in order to collect information.
Someobtain information about the behavior of the oper-
ating systemthroughdaemonssuchas rstatd , through
the /proc �le system[12, 18], through SNMP [2, 3],
through active probing [2, 3] or through CPU hardware
counters[4,11].

MUSE is anotherway for theseframeworks to obtain
information. It makesavailable,in a convenientform, the
wealthof extremelydetailedinformationwhich MAGNET
exports. It addsvaluebecauseit providesinformationthat
the typesof sensorsdiscussedabove do not andbecauseit
can�lter andsynthesizespeci�c informationneededby the
framework. Furthermore,MUSE is able, throughMAG-
NET, to export internaloperatingsystemvariableswhich
areimportantto understandthebehavior of thesystem.

As describedin Section5.1, we have implementeda
translatorfrom MAGNET eventrecordsto ULM formatso
MAGNETeventscanbeusedin theNetLoggerframework.
We areworking with theUniversityof Illinois to integrate
MUSE into theAutopilot framework.

5.3 AdaptiveApplications

Adaptive applicationsare aware of the environmentin
which they executeandcanadaptto changingconditions.
Within thecontext of MUSE,anadaptiveapplicationenters
into a dialog with magnetd to receive pertinentinforma-
tion aboutthecurrentstateof thesystem.



Going back to the distributedvisualizationexamplein
Section1, MUSE provides accuratebandwidthmeasure-
mentsthat therenderercanuseto reducethe framerateor
increasethecompressionratioof thedata.

Wenotethatthetwo validationexperimentsin Section4
area �rst-order modelsof a distributedvisualizationappli-
cationin which thenetwork sufferscongestion.Thus,Fig-
ure6 is a graphof thebandwidthmeasurementswhich the
rendererwould useto decidewhat the framerateor com-
pressionratioshouldbe.

6 RelatedWork

Asdiscussedearlier, therearequiteafew frameworksfor
debugging, tuning, monitoring and controlling distributed
applications.SomeexamplesareNetLogger[9,19,20],Au-
topilot [14,15],Remos[2,3] andCODE[17] Eachof these
hasat leastonewayto obtaintheinformationthey actupon.
For example,Autopilot obtainsinformationby manuallyor
automaticallyinstrumentingthe object code. Other tools,
suchasSupermon[12,18] andClusterPerformanceMoni-
tor [1], collectoperatingsystemperformanceby exporting
datathroughthe/proc �le systemor by sendingthedata
to a centralizedmonitorvia thenetwork.

Another distributed monitoring framework which de-
serves special mention is the Network WeatherService
(NWS) [13,21,22]. It is a distributedmonitoringsystem
whichperiodicallysamplesnetwork bandwidthandlatency,
CPU utilization and available non-pagedmemory. It in-
cludestheability to forecastresourceavailability.

MUSE, throughMAGNET instrumentation,providesa
different set of information than the sensorsin the above
tools.Theinformationit providesis complementary. Since
multiple setsof sensorsmay give a more completeview
of thebehavior of a distributedsystem,we intendto make
MUSEcompatiblewith thoseframeworks.

Anothertool for �ne-grainedmonitoringof applications
is pfmon [4]. It is an IA-64/Linux-speci�c tool for CPU
performancemonitoring on Intel Itanium and Itanium II
processors.Like MUSE, it provides�ne-grainedinforma-
tion without requiring applicationsto be modi�ed or re-
linked. Also like MUSE, pfmon requiressupportto be
compiledinto thekernel.Unlike MUSE, theapplicationto
bemonitoredmustbestartedfrom within pfmon . Further-
more,therearenoprovisionsfor pfmon to exporteventsto
remotehosts.

Finally, thetool mostlikeMAGNET-MUSEis theLinux
TraceToolkit (LTT) [23]. Both toolsoriginatedataboutthe
sametimebut with differentinitial purposes.Overtime,the
tools have evolved until now they are remarkablysimilar.
Theemphasisin LTT hasbeenbreadthof instrumentation,
while the emphasisin MAGNET-MUSE hasbeendepth.
Both LTT andMAGNET-MUSEhave low overhead,but it
appearsthat MAGNET-MUSEis moreef�cient in certain
circumstances.4 Unlike MUSE, LTT hasits own graphi-

4Theoverheadfor LTT is reportedto be ����� ��� (Figure3, con�gura-

cal event visualizationtool. Merging the two open-source
projectswould leveragethestrengthsof eachtool.

7 Future Work

MUSEis averynew tool andassuchhasplentyof room
to grow. Oneareaof futurework is thedevelopmentof han-
dlersfor magnetd . Somehandlerswill begeneralenough
thatthey canbeusedin many differentmonitoringdomains.
For example,a handlerwhich utilizes CPU performance
monitoring hardware, like pfmon does,shouldbe devel-
oped.Most handlers,however, will likely bevery applica-
tion speci�c andhencewill probablybewritten alongwith
theapplicationwhichusesthem.

Sofar, all thehandlershave beendesignedto “pull” the
datathey require. For sometasks,it would bemuchmore
naturalfor magnetd to “push” thedatato theapplication.
Early in the life of magnetd , codeexisted to pushdata
to NLV for display. In implementingthe currenthandler
mechanism,that codewas removed. The codeshouldbe
addedbackandanexampleof apush-stylehandlerwritten.

Oneareawhich we have not addressedis security. Al-
though the information exported from kernel spaceby
MAGNEThasnoobvioussecurityissuesthatweareaware
of, therearelikely to beseveralsubtleones.Unauthorized
usersshouldbe preventedfrom accessingthe MAGNET
eventstream.Right now, however, any useron thesystem
canreadtheMAGNETdevice �le. Thisproblemcaneasily
besolvedby creatinga “MA GNET” useror groupandap-
propriatelysetting�le permissionsontheMAGNETdevice
�le usedby magnetd to readeventsfrom thekernel.

AnotherwayMUSEcouldbemoresecureis by authenti-
catingclientsbeforerespondingto requests.A Kerberosor
PKI systemfor authenticationcouldbeaddedto magnetd .
In certain contexts, such as when MUSE is usedwithin
a framework which providesauthenticationin the middle-
ware,MUSE could rely on thesecuritymechanismsof the
framework.

We are collaboratingwith colleaguesto develop the
adaptive distributedvisualizationapplicationalludedto in
Section5.3. Accordingto thecurrentdesign,theresolution
of theframesgeneratedby therendereris adjustedbasedon
theavailablebandwidth.

We have receivedfeedbackwhich suggeststhat it is im-
practical for someusersto install MAGNET in order to
useMUSE. Assumingthat this would be the case,we are
nearingcompletionof a user-spacesolution for monitor-
ing applicationswithout installing a MAGNET-izedker-
nel. This tool will becomepart of theMUSE toolkit. The
MUSE andMAGNET toolkits are available from http:
//www.lanl.gov/radiant/software.html .

tion 6 of [23]) while theoverheadof MAGNETaloneis �	��� 
�� [6] under
assimilar conditionsaswehave tested.OnSMPmachines,theworst-case
overheadof MAGNET-MUSEis ���
� ��� , while theworst-caseoverhead
is ������� �
� onuniprocessormachines.



8 Conclusion

MUSE is a tool for applicationsto obtain information
aboutthehostson which they executewithout theneedto
know thegory detailsof MAGNET. For many uses,it has
suf�ciently low overheadasto ensurevery little perturba-
tion of thephenomenabeingmeasured.Wehaveshown that
MUSEcauseslessthana0.8%reductionin performanceof
theNAS IS benchmarkif suf�cient computingcapacityex-
ists.

Thanksto the �ne level of detail provided by MAG-
NET, MUSE can synthesizeinformation from MAGNET
exportedeventswith greataccuracy. We have shown that
thehandlerwhich synthesizesbandwidthfrom socket send
eventswas within 0.025%of the bandwidthreportedby
FTP. By selectively processingMAGNET events,MUSE
cantailor thelevel of detailfor any task.

Finally, we gave examplesof several ways in which
one can useMUSE. The �rst was to visualizethe events
of a distributed application using NetLogger's NLV or
GScope. The secondillustrated how MUSE could pro-
vide the eventsneededby computingclusterand compu-
tational grid monitoring frameworks suchas CODE [17],
NetLogger[9,19,20] or Autopilot [14,15]. Thelastexam-
ple showed how an applicationcan take advantageof the
informationprovidedby MUSE to becomeadaptable.
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