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Abstract

LENSs is aneuralnetworksimulatordesignedor speedandeaseof customizationOnlarge networks,L ENS is several
timesfasterthanmostcommonlyusedsimulators Althoughintendedprimarily for backpropagationetworksit also
currently supportsdeterministicBoltzmannmachinesand Kohonennetworksand could easily be extendedto other
Hebbianor Bayesianmodels. LENS is written entirely in the C and Tcl languagesnd operateson both Unix and
Windows platforms. This reportgivesa brief overview of LENS anddescribesomeof the interestingaspect®f its

design.
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1 Intr oduction

Neuralnetworksimulatorstendto be of two basicvarieties: very simple,fast programsdesignedor a specifictype
of networkon the onehand,andlarge, graphicallyintensve systemgargetedat diverseuserson the other Although
generallyquite fast, the former suffer primarily from inflexibility . They are not easily extendedto newv network
architecturesThis increaseslevelopmentime for new simulationsandpreventsmultiple usersfrom sharinga single
platform, which hinderscollaborationand verification of results. Without a suficient commandanguage simple
simulatorsaretypically limited to afew command-linénstructionsandmustbe changedt the sourcecodelevel and
recompiledo performmorecomplex experiments Withoutadequateisualizatiortools,understandingnddelugging
a networkcanbe very difficult. A final drawbackof simple simulatorsis thatthey are oftenlessaccessibléo non-
programmersindarethusnotgoodplatformsfor introductorycourser for broadpublicationof methods.

On the otherendof the spectrum)arge-scalesystemsattemptto provide enoughflexibility to satisfymostusers
needs.However, it is quiteimpossibleto anticipateevery featurethat might be desiredand,ultimately, sophisticated
userswill needto modify the sourcecode. This is not easyin mostcomplex programs. Even if the codecanbe
understoochindmodified,without a convenientmethodof dissociatinghe original codefrom a users changesthose
changewill have to bereappliedoy handto ary new releases.

LENs wasdesignedo fill amiddle groundbetweerlargeandsmallsimulatorswith threeprimarygoalsin mind:

1. Speed The developmentof ever fastermachinesdoesnot reducethe needfor an efficient simulator Speed
resultsfrom fastinnerloopsandconserative memoryuse,with particularattentionto cacheperformance.

2. Flexibility : A scriptinglanguageandlarge commandsetallows mostexperimentgo be performedwithoutthe
needto modify sourcecode.Unit behaiors canbecomposedrom severalinput, transfeyintegration,andnoise
functions,providing awide variety of standardinit types.

3. Customizability: Whenit is necessaryo makemodificationgo the sourcejt canbedonewith minimal inter-
actionbetweergenericandusercodeby registeringnew typesandfunctionsandcreatingnew shellcommands.

LENS is primarily a backpropagatiosimulator designedor feed-forward simple-recurrentbackprop-through-
time, andfully recurrennetworks.However, thebasicnetworkframevork canbe easilyadaptedo othermodelsand
deterministicBoltzmannmachinesand Kohonennetworkshave beenimplementecaswell. LENS operaten most
Unix platformsandhasrecentlybeenportedto Microsoft Windows. It waswrittenin C andusesthe Tcl/Tk libraries
to supportgraphicsanda shellinterface.

Section2 of this documenttompareghe performancenf LENS to several other popularbackpropagatiosimu-
lators. Section3 explains someof the optimizationsthat leadto its good performance.Section4 briefly describes
facilities for trainingon multiple machinesn parallel. Section5 explainssomeof the principlesthateasecustomiza-
tion of LENS andSection6 talksa bit aboutits userinterface.

2 Performance Benchmarks

LENS! hasbeenbenchmarkedlongwith five othercommonlyused,non-commerciasimulators: SNNS?, UTs?,

PDP++4, RCS®, and TLEARN®. The simulatorsperformedbackpropagatioftraining usingmomentumdescenbn

a feed-forwardnetworkhaving two hiddenlayers. The input and outputlayerseachcontainedfour units. The two

hiddenlayerswereapproximatelyequalin sizeandwereadjustedo controlthe total numberof links in the network,
which rangedfrom 100 to 1 million. The training set consistecbf 40 randompatternsand, where possible,batch
learningwasused.Thus,40forwardandbackwardoassesvereperformecdbeforeeachweightupdate All simulations
wererunonanunloaded450MHz Pentiumll.

1LENS, v. 2.02,wasrunin batchmode.lt is availableat http://www.cs.cmu.edu/~dr/Lens.

2SNNS, v. 4.2, is the StuttgartemNeuralNetwork Simulatorfrom the University of TuebingenGermanyRunwith the batchmarprogram
usingthe BackpropMomentm learningfunction. It is availableat http://www-ra.informatik.uni-tuebingen.de/SNNS.

3UTs, v. 4.1p1,is thesequeto X ERION, andwasdevelopedat the Universityof Toronto. It is availableat ftp://ftp.cs.toronto.edwpub/xerion.

4PDP++, V. 1.2,wasdevelopedat CarnegieMellon University. bp++wasrunin -noguimode.lt is availableat
http://www.chbc.cmu.edu/PDP++/PDP++.html.

5RCS, v. 4.2,is the RochesteConnectionisBimulator developedat the University of Rochesterlt wasrun using6 settlingstepsandonline
learning.lt is availableat ftp://ftp.cs.rochester.edu/pub/packages/simulator.

8TLEARN, v. 1.0,wasdevelopedat the University of California, SanDiego. It is availableat http:/crl.ucsd.edu/innate/tlearn.html.
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Figurel: Totalmemoryusagewith networksof varyingsize.

2.1 Memory Usage

With mediumto large networks,simulatorsarememory-intensie applicationandmemoryuseis a critical factorin
their performanceTime spenton memoryoperationsandominatethatspenton floating point operations Although
small structuresallow larger networksto fit into main memory a reasonablesimulatorwill not pushthe limits of
currentmachinesvenwith a networkhaving seseralmillion links. A moreimportantresultof conserative memory
useis its contributionto cacheperformance Simulatorspeeds primarily boundedoy the rateat which the program
cancycle throughthe links. Using smalllink representationkeadsto fewer cachemissesand greaterspeed. Due
to interactionsbetweenthe network’s working set size, the sizesof primary and secondarycachesand the cache
replacemenprotocols simulatorspeeds nota linearfunctionof networksizeandis not easilypredictedbasednthe
machines floating point performance.

Figurel shavsthememoryrequirementsf thesix simulators With smallnetworksthememoryis almostentirely
dueto simulatoroverhead Next to PDP++, which hasa very large profile, LENS hasthesecondhighestat justunder
1.7 MB. Neverthelessthe overheadbf mostprogramsioesnot affect their working setsizeandmemoryusagds not
acritical factoron smallnetworks.

As the networksgrow, memorydevotedto link structureslominatesHeretheimportantdifferencedetweerthe
simulatorshecome®vident. LENS uses3 (4-byte)wordsperlink: onefor its weight,onefor its errorderivative, and
onefor the previous weight change which contributesthe momentumterm” SNNS andRCS eachappearto use
6 words, which is reasonable PDP++, TLEARN, andUTS, on the otherhand,useroughly 10, 34, and 35 words,
respectiely.

Althoughnot a factorin theseexperimentsthe amountof memorydevotedto datasetscanalsobe animportant
issue. Experimentson languagecaninvolve corporaconsistingof hundredsof thousandsr millions of examples.
LENS is able to reducethe memoryandtime requiredfor example setsby using a mixture of denseand sparse
representationgpadingexampleson-the-flyfrom afile or pipeline,anddraving examplesfrom biaseddistributions.

“LENs canalsobe compiledwith flagsthatcreatea fourth field for eachlink, which allows the delta-bardeltaand quick-propalgorithmsto be
used.
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Figure2: Speedasmeasuredn millions of link traversalspersecondduringtrainingof a feed-forwarchetwork.

2.2 Speed

Simulatorspeedwasevaluatedby training the networksfor a numberof weightupdatesqualto 10 million over the
numberof links in the network.A link traversal occurredor eachlink oncein theforwardpasspncein thebackward
passandonceduringa weightupdate.Thus,all networksweretrainedfor 810 million link traversals.Trainingtime
includedstartingandstoppingthesimulators.Threetrialswererun for eachsimulatoron eachsizeof networkandthe
bestof thethreetimeswasused.Theresultsareshovnin Figure2.

Onthe smallesnetwork,LENS performsonly moderatelywell. Tlearndoesaswell andSNNSis nearlytwice as
fastdueto smalleroverheadutsideof theinnerlink-traversalloop. However, LENS wasnot designedor networksof
thissize.Onlargernetworkswhichareincreasinglyusedn connectionistnodelingiit is theclearwinner. At 300,000
links LENS is over threetimesfasterthanthe competitorsandat a million links it is over four timesfaster

Eachsimulatortendsto have a sweetspotatwhich therelatively lower overheadf alarge networkandthe better
cacheperformancenf a small networkresultin optimallink traversalrate. On this machine L ENS appeardo have a
peakat around10,000weights,while UTs hasa surprisinglystrongsweetspotat 100,000links. Thesearereplicable
on similar machinesut may shift significantlyon otherarchitectures.



3 Optimizations

This sectiondiscussesomeof the designprinciplesandoptimizationsthatresultin the goodperformanceof LENS
on mediumto large networks. To bagin with, unitsin a network are organizedinto groups. The groupstend to
correspondlirectly to layersof the network. All unitsin a groupare of the sametype, using the sameinput and
outputfunctions. In mostmodels,units calculatetheir input asthe dot-productof the incomingweight vectorand
the vectorof correspondinginit activationsandtheir outputasthe sigmoidof their input. In the backwardpassthe
reverseprocessesccur Theunit calculatests inputderivative (the derivative of theerrorw.r.t. theunit'sinput) asthe
productof its outputderivative andthe derivative of theinput w.r.t. the output. It thensendserror derivativesbackto
its incominglinks andto the outputderivativesof the sendingunits. Computingthe unit inputsandsendingbackthe
input derivativescomprisethe innerloopsof backpropagatiotrainingandthey will typically usearound99% of the
processindime on alarge network.

In optimizingtheinnerloops,it is importantto minimizethe numberof memoryaccessethey requireby properly
structuringthe link representationslherearetwo basicwaysto organizethelinks: They couldbe controlledby their
sendingunit (the onefrom which thelink projects)andactivation“pushed”overthelink, or links couldbe controlled
by the receving unit and activation “pulled”. LENS usesthe latter method. Eachunit maintainsthe arraysof its
incominglinks but hasno directaccesgo its outgoinglinks. During theforward passasa unit traversedts incoming
links it needonly accesshelink weightandthe sendingunit activationfrom memory The accumulatingnput value
canremainin aregister Thus,therearejusttwo memoryreadsperlink. If links wereownedby the senderandthe
valueswerepushedo therecevers,theoutputof thesendingunit couldremainin registerbut theinputto thereceving
unit would have to beretrievedfrom memory incrementedandthenstoredback,requiringanextra memaoryaccess.

Becausehe valuespropagatedn the backwardpassdependon the receving unit’s input combiningfunction,
which neednotbea dot-productit is easierfor thereceving unit to pushthe derivativesbackwardover its incoming
links. Thisinvolvessix memoryaccessedhelink weightandthesendingunit outputareloadedandthelink derivative
andsendingunit outputderivative areincrementedlf oneknew thatall receving unitsusedthedot-productthis could
bereducedo 5 accessely having thesendingunit pull valuesbackwardacrossts outgoinglinks, but thiswouldlikely
resultin worsecacheperformance.

Althoughareceving unit couldgetprojectionsrom several differentgroupsor receve sparsenputs,projections
tendto arisefrom a few blocksof consecutie units. LENS usesthis block structureto its advantage.Becausave
know, by definition, thatall sendingunitsin a block areconsecutie andbelongto the samegroup,if thoseunitsare
allocatedn asinglearrayof memorywe couldsimplywalk down thearrayaswe accessheoutputor outputderivative
of eachunit.

Thefour critical valuesthatmustberetrievedin the backwardpassarethelinks’ weightsandderivativesandthe
sendingunits’ outputsandoutputderivatives. To getgoodperformancewe wouldlike to beableto fill thecachewith
asmary of thesevaluesaspossible.Therefore the weightsandderivativesof incominglinks to eachunit arestored
in asinglearray Thelastweightchangeandary otherlesscritical valuesfor thelink arestoredin a separatarray
Ratherthanaccessinghe outputandoutputderivative directly from the sendingunit structureswhich would involve
loadingthe entiresendingunit arrayinto the cachewe keepseparatarraysfor eachgroupthatjust containa copyof
theunits’ outputsor outputderivatives. This minimizestheamountof non-criticalinformationthatentersthe cache.

To furtherimprove the speedthe innerloopsareunrolledtentimesby hand,whichis noticeablybetterthanary
unrolling thatmay be performedby mostoptimizingcompilers.

Finally, althoughunit-level costsarerelatively insignificantfor large networks,someimprovementcanbe gained
by usinga fast sigmoidfunction. In placeof the straight-forwardsigmoid, which requiresan exponentiationand a
division, LENS usesa lookuptable of 32K valuesandperformslinearinterpolationbetweervalues.Thisis accurate
to within 2 x 10~7. Althoughthefastsigmoidcanspeedip smallnetworksby 15-20%its effecton large networksis
minimal.

4 Parallel Training

LENS providesutilities for training networksin parallelon multiple machines Parallel trainingis at the batch-level.
Thatis, the networkitself is not partitionedamongmachines Eachmachinehasa completecopy of the networkand
its own exampleset. In orderfor paralleltraining to be effective, the batchsize mustbe large enoughthat the work
canbe partitionedamongthe clientswithout the overheadf communicatiordominatingary benefitsof parallelism.



Neverthelesssomenetworksdo seea performanceadwantage. Thereare two differentforms of paralleltraining:
synchronousndasynchronous.

Synchronougrainingis functionally equivalentto single-processdvatchlearning. At the startof eachbatch,the
sener sendsa copy of the network’s link weightsto eachof the clientsandtells eachclienthow mary examplesto
process.Theclientsrun the networkon the assignedxamples accumulatindink derivatives,andthenshipthelink
derivativesbackto the sener. Whenthe sener hassummedhe derivativesfrom eachof the clients,the weightsare
updatedandthe processepeatsA potentialdravbackof synchronousrainingis thatit is only asfastasthe slowest
client. However, LENS maintainsa runningestimateof the speedf eachclientandadjustsheassignmentsothatall
machinecompletan approximateljthesameamountof time. A moreseriousdravbackis thattheclientsareidle for
thetime it takesthe senerto updatetheweightsandeithersendor receve from the otherclients.

In the secondorm, asynchronousraining, eachclientis giventhe samesize batchof examplesto run. Whena
clientis done,it returnsthederivativesandthe senerimmediatelyupdatesheweightsandsendsackthe nen weight
information. Theprimaryadwantagds thatclientsneednotwait for oneanothemunlesgheseneris really overloaded.
However, the drawbackis thatthe clientsareworking with slightly differentversionsof the networkandtrainingcan
be unstableat high learningratesor with large batchsizes.

Although paralleltrainingis usefulwhena single networkmustbe trainedas quickly as possibleand machines
areavailable,it is lessusefulthanonemight expect. It is typically the casewhenworkingwith neuralnetworksthata
rangeof networkor trainingparametermustbe searchedo find the bestperformanceTherefore usersarelywantto
runjustonenetwork.In thiscasejt is moreefficientto simply devoteeachmachingo its own network,thusobtaining
perfectparallelism.

5 Customization

The novel way in which LENS organizesunit-level functionsprovides considerabldlexibility without the needto
modify the program.Operation®n unitsaredividedinto threemainclassesprocedure$or computingthe unitinput,
for computingthe unit output,andfor attributing costor error directly to the unit. For eachof theseoperationsthe
type of the unit’s groupdefinesa pipelineof simpleproceduresThe proceduregsanbe combinedto producevarious
behaiors.

For example, most units will have a basicoutput procedure suchas linear, sigmoidal, or exponential,which
determineghe outputasa functionof theinput. Oncethatis computeda secondarproceduren theoutputpipeline
mightinject noise.Anotherprocedurecouldthenintegratethe unit's outputover time or normalizethe outputsacross
agroup. Eachprocedureéhasa correspondingnverseproceduravhich operatesn the backwardpassto computethe
unit’s input derivative from its outputderivative. Without the ability to combinesimple operationdn this way, one
would have to createmary moregrouptypesto handleall reasonableombinationof simpleprocedures.

However, no simulatorcansatisfyall usersandmary modelerswill eventuallyneedto getinsideandmaketheir
own changes.In mostsimulators,changesvould needto be madein variousplacesthroughoutthe code,which
leadsto problemswheneer a new versionis released.LENS waslargely born out of frustrationwith the difficulty
of tracingand modifying the codein othersimulators.To easecustomization] ENS providesan extension module,
in which usermodificationscanbe contained.Threemain featuresof its designfacilitate encapsulatioof changes:
extensionstructuresareprovidedto allow the userto augmenthe major structuresnetworkbehaior is controlledby
a modifiablehierarchyof function pointers,and new function typesfor controlling variousaspectof the simulator
canberegisteredo makethemeasilyaccessiblérom the commandnterface.

The networkmaintainspointersto functionsfor suchactionsastrainingfor a numberof weightupdatestraining
on a singlebatchof examples,training on an example,training on an event within an example,andso forth. The
functionstendto becomesimpleraswe descendhe hierarchyand eachfunction typically usesthe pointerto the
onebelawv it. Marny changedo networkbehaior canbe madeby replacinga single networkfunction, minimizing
the amountof new codethat mustbe written andenablingthe new codeto remainin the extensionmodule. Having
written a new function,the usermightthencreatea shellcommandhatcauseshe networkto usethe new functionin
placeof theold one.

However, to makenew networkor grouptypesmore naturally accessibldrom the shellinterface,typescanbe
registered. This createsa nameby which the userwill be able to refer to that type, makingit equialentto the
built-in types.Ratherthancreatinga specialshellcommandanew networktype couldbecreatedcandaninitialization
proceduralefinedo configureary new networksof thattype. Customizationshatcurrentlymayberegisterednclude



#define SINE_QUT ((mask) 1 << 20)

static void sineQutput(Goup G G oupProc P) {
FOR_EACH UNI T(G U >output = sin(U>input););
}

static void sineCutputBack(Goup G G oupProc P) {
FOR_EACH UNI T(G, U >inputDeriv = U >outputDeriv * cos(U >input));
}

static void sineCQutputlnit(Goup G GoupProc P) {
P->f orwar dProc = si neCQut put;
P- >backwar dProc = si neCQut put Back;

}

flag userlnit(void) {
regi ster GoupType("SI NE_OUT", SINE_OUT, GROUP_QOUTPUT, sineCQutputlnit);
return TCL_CK;

}

Figure3: Thecodeto adda customunit outputfunction.

additionsof basic networktypes, unit input, output, and cost functions, algorithmsfor updatingthe weights, for
selectingthe next example,andfor creatinglink projectionpatterns.Figure3 containsall of the codenecessaryo
createandregistera new unit outputfunctionthatcomputeghesineof theinput.

6 Interface

Theprimaryinterfaceto LENS is aTcl/Tk-basedccommandanguageTheusercaneitherentercommandso ashellor
run programsut of scriptfiles. Over 120commandsrecurrentlyavailableallowing the userto, amongotherthings,
build andlesionnetworks save andload exampleandweightfiles, describehe networklayout,and,of course train
andtest. New procedureganbewrittenin Tcl, which areespeciallyhelpful in runningexperiments.Commandgan
alsobewrittenin C andcompiledif speeds anissue.Finally, thefieldsin theC structureof thenetworkandexample
setscanbeaccesseftom theshell.

Thedesignof LENS wasguidedby the philosophythatcommonthingsshouldbe easyanddifficult thingsshould
be possible.Oneusefulfeatureis the relative easewith which networkscanbe constructed Most feed-forwardand
simple-recurrenhetworkscanbe describedvith a singlecommand For example,thecommand:

addNet nyNet 10 20 ELMAN 5 SOFT_MAX

would createa simple-recurrenhetworkwith 10 inputunits,a 20-unithiddenlayerwith correspondingontext layer,
anda 5-unit outputlayer which usesa soft-maxconstraintandthe appropriatedivergenceerror measure.The input
andcontet groupsprojectto the hiddenlayerwhich projectsto the outputlayer To build the samenetwork, other
simulatorsmight requirethat six or more commandse issued,a C programbe written and compiled,or that the
networkbe constructedy pointingand clicking on a graphicalinterface.If morecomplicatechetworksaredesired
in LENS, suchasonesthatusenon-simplerecurrenceor sparseconnectity, the networkcanbe partially built with
addNet andthenextendedpiece-by-piece.

The script languagemakesit possibleto parameterizespectof network building. For example,a procedure
might be definedto createa networkwith a specifiednumberof hiddenunits,thusmakingit easyto experimentwith
differentarchitectures Somesimulatorsrequirethat a separatdile be createdfor eacharchitecturewhich canbe a
serioushindrance.

6.1 Displays

Although LENS canbe operatedusingonly the shell, graphicalinterfacesare corvenientfor providing bettervisu-
alizationandquick accesgo commonoperations.Someof the LENS displaysare shovn in Figure4. By default,a
mainwindow, which givesaccesdo themostusefulcommandsandtraining parameterds opened.The eightpanels
in themainwindow canbeindividually hiddento consere screerspace A shellconsolewindow is alsooptionaland
providesa nicercommand-lineenvironmentthanthe basicTcl shell,includingthe ability to edit commandstraverse
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Figure4: A collectionof LENS displays.



thecommancdhistory, performcommand-andfile-namecompletion,andexecutecommandsvhile LENS is busy. The
object viewer allowstheuserto view andeditthe C datastructuresvhich representhe networksandexamplesetsand
their componentsWhereappropriatefieldsin the C structuresanbe hiddenor write-protected.

The unit viewer is perhapghe mostusefuldisplay It showvsthetrainingor testingexamplesandthe activations,
inputs, derivatives, or othervaluesassociatedvith the units or the links projectingto or from a singleunit. This
is helpful in observingthe behaior of the networkand quickly diagnosingoroblems. By default, the layout of the
networkin this window will be createdautomaticallybut commandsrealsoprovidedfor customizingthe network
representationThe link viewer depictsthe valuesassociatedavith someor all of the links and calculatessummary
statistics Finally, ary real-\aluedfield, typically the network’s error, maybe graphedver time.

7 Conclusion

LENS is a fast, flexible neuralnetworksimulatorwith the potentialto satisfythe needsof a wide variety of users.
Althoughcurrentlyusedmainly by experiencednodelerstherelatively straightforwardnterface the easeof creating
new simulationsandthe ability to run on a variety of platformsmakeit well-suitedfor usein introductorycourses.
LENS is available free-of-chage to thoseteachingor conductingresearchat academidnstitutions. The complete
manualandinstallationinstructionscanbefound onthewebat

http://www.cs.cmu.edu/~dr/Lens



