
L ENS: The light, efficient network simulator

DouglasL. T. Rohde

August,1999
CMU-CS-99-164

Schoolof ComputerScience
Carnegie Mellon University

Pittsburgh,PA 15213

Abstract

LENS is aneuralnetworksimulatordesignedfor speedandeaseof customization.Onlargenetworks,LENS is several
timesfasterthanmostcommonlyusedsimulators.Althoughintendedprimarily for backpropagationnetworks,it also
currentlysupportsdeterministicBoltzmannmachinesandKohonennetworksandcould easilybe extendedto other
Hebbianor Bayesianmodels. LENS is written entirely in the C andTcl languagesandoperateson both Unix and
Windows platforms.This reportgivesa brief overview of LENS anddescribessomeof the interestingaspectsof its
design.
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Pittsburgh,PA 15213–3890, USA.
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1 Intr oduction

Neuralnetworksimulatorstendto beof two basicvarieties:very simple,fastprogramsdesignedfor a specifictype
of networkon theonehand,andlarge,graphicallyintensive systemstargetedat diverseuserson theother. Although
generallyquite fast, the former suffer primarily from inflexibility . They are not easily extendedto new network
architectures.This increasesdevelopmenttime for new simulationsandpreventsmultipleusersfrom sharinga single
platform, which hinderscollaborationandverificationof results. Without a sufficient commandlanguage,simple
simulatorsaretypically limited to a few command-lineinstructionsandmustbechangedat thesourcecodelevel and
recompiledtoperformmorecomplex experiments.Withoutadequatevisualizationtools,understandinganddebugging
a networkcanbevery difficult. A final drawbackof simplesimulatorsis that they areoften lessaccessibleto non-
programmersandarethusnotgoodplatformsfor introductorycoursesor for broadpublicationof methods.

On theotherendof thespectrum,large-scalesystemsattemptto provideenoughflexibility to satisfymostuser’s
needs.However, it is quiteimpossibleto anticipateevery featurethatmight bedesiredand,ultimately, sophisticated
userswill needto modify the sourcecode. This is not easyin mostcomplex programs. Even if the codecan be
understoodandmodified,without a convenientmethodof dissociatingtheoriginal codefrom a user’s changes,those
changeswill have to bereappliedby handto any new releases.

LENS wasdesignedto fill amiddlegroundbetweenlargeandsmallsimulators,with threeprimarygoalsin mind:

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

2. Flexibility : A scriptinglanguageandlargecommandsetallowsmostexperimentsto beperformedwithout the
needto modify sourcecode.Unit behaviorscanbecomposedfrom severalinput, transfer, integration,andnoise
functions,providing a widevarietyof standardunit types.

3. Customizability : Whenit is necessaryto makemodificationsto thesource,it canbedonewith minimal inter-
actionbetweengenericandusercodeby registeringnew typesandfunctionsandcreatingnew shellcommands.

LENS is primarily a backpropagationsimulator, designedfor feed-forward,simple-recurrent,backprop-through-
time,andfully recurrentnetworks.However, thebasicnetworkframework canbeeasilyadaptedto othermodelsand
deterministicBoltzmannmachinesandKohonennetworkshave beenimplementedaswell. LENS operateson most
Unix platformsandhasrecentlybeenportedto Microsoft Windows. It waswritten in C andusestheTcl/Tk libraries
to supportgraphicsanda shell interface.

Section2 of this documentcomparesthe performanceof LENS to several otherpopularbackpropagationsimu-
lators. Section3 explainssomeof the optimizationsthat leadto its goodperformance.Section4 briefly describes
facilities for trainingon multiplemachinesin parallel.Section5 explainssomeof theprinciplesthateasecustomiza-
tion of LENS andSection6 talksa bit aboutits userinterface.

2 PerformanceBenchmarks

LENS1 hasbeenbenchmarkedalongwith five othercommonlyused,non-commercialsimulators: SNNS2, UTS3,
PDP++4, RCS5, and TLEARN6. The simulatorsperformedbackpropagationtraining usingmomentumdescenton
a feed-forwardnetworkhaving two hiddenlayers. The input andoutputlayerseachcontainedfour units. The two
hiddenlayerswereapproximatelyequalin sizeandwereadjustedto controlthetotal numberof links in thenetwork,
which rangedfrom 100 to 1 million. The training setconsistedof 40 randompatternsand,wherepossible,batch
learningwasused.Thus,40forwardandbackwardpasseswereperformedbeforeeachweightupdate.All simulations
wererunonanunloaded450MHz PentiumII.

1LENS, v. 2.02,wasrun in batchmode.It is availableathttp://www.cs.cmu.edu/� dr/Lens.
2SNNS, v. 4.2,is theStuttgarterNeuralNetworkSimulatorfrom theUniversityof Tuebingen,Germany. Runwith thebatchmanprogram

usingtheBackpropMomentumlearningfunction.It is availableathttp://www-ra.informatik.uni-tuebingen.de/SNNS.
3UTS, v. 4.1p1,is thesequelto XERION, andwasdevelopedat theUniversityof Toronto.It is availableat ftp://ftp.cs.toronto.edu/pub/xerion.
4PDP++, v. 1.2,wasdevelopedat CarnegieMellon University. bp++wasrun in -noguimode.It is availableat

http://www.cnbc.cmu.edu/PDP++/PDP++.html.
5RCS, v. 4.2,is theRochesterConnectionistSimulator, developedat theUniversityof Rochester. It wasrun using6 settlingstepsandonline

learning.It is availableat ftp://ftp.cs.rochester.edu/pub/packages/simulator.
6TLEARN, v. 1.0,wasdevelopedat theUniversityof California,SanDiego.It is availableathttp://crl.ucsd.edu/innate/tlearn.html.
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Figure1: Totalmemoryusagewith networksof varyingsize.

2.1 Memory Usage

With mediumto largenetworks,simulatorsarememory-intensive applicationsandmemoryuseis a critical factorin
their performance.Time spenton memoryoperationscandominatethatspentonfloatingpointoperations.Although
small structuresallow larger networksto fit into main memory, a reasonablesimulatorwill not pushthe limits of
currentmachinesevenwith a networkhaving severalmillion links. A moreimportantresultof conservative memory
useis its contribution to cacheperformance.Simulatorspeedis primarily boundedby therateat which theprogram
cancycle throughthe links. Using small link representationsleadsto fewer cachemissesandgreaterspeed.Due
to interactionsbetweenthe network’s working set size, the sizesof primary and secondarycaches,and the cache
replacementprotocols,simulatorspeedis nota linearfunctionof networksizeandis noteasilypredictedbasedonthe
machine’s floatingpointperformance.

Figure1 showsthememoryrequirementsof thesixsimulators.With smallnetworks,thememoryis almostentirely
dueto simulatoroverhead.Next to PDP++, whichhasa very largeprofile, LENS hasthesecondhighestat justunder
1.7MB. Nevertheless,theoverheadof mostprogramsdoesnot affect their workingsetsizeandmemoryusageis not
a critical factoronsmallnetworks.

As thenetworksgrow, memorydevotedto link structuresdominates.Heretheimportantdifferencesbetweenthe
simulatorsbecomesevident. LENS uses3 (4-byte)wordsperlink: onefor its weight,onefor its errorderivative,and
onefor the previous weightchange,which contributesthe momentumterm.7 SNNS andRCS eachappearto use
6 words,which is reasonable.PDP++, TLEARN, andUTS, on the otherhand,useroughly 10, 34, and35 words,
respectively.

Althoughnot a factor in theseexperiments,theamountof memorydevotedto datasetscanalsobean important
issue. Experimentson languagecan involve corporaconsistingof hundredsof thousandsor millions of examples.
LENS is able to reducethe memoryand time requiredfor examplesetsby using a mixture of denseand sparse
representations,loadingexampleson-the-flyfrom afile or pipeline,anddrawing examplesfrom biaseddistributions.

7LENS canalsobecompiledwith flagsthatcreatea fourth field for eachlink, which allows thedelta-bar-deltaandquick-propalgorithmsto be
used.
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Figure2: Speedasmeasuredin millions of link traversalspersecondduringtrainingof a feed-forwardnetwork.

2.2 Speed

Simulatorspeedwasevaluatedby trainingthenetworksfor a numberof weightupdatesequalto 10 million over the
numberof links in thenetwork.A link traversal occurredfor eachlink oncein theforwardpass,oncein thebackward
pass,andonceduringa weightupdate.Thus,all networksweretrainedfor 810million link traversals.Trainingtime
includedstartingandstoppingthesimulators.Threetrialswererunfor eachsimulatoroneachsizeof networkandthe
bestof thethreetimeswasused.Theresultsareshown in Figure2.

On thesmallestnetwork,LENS performsonly moderatelywell. Tlearndoesaswell andSNNSis nearlytwice as
fastdueto smalleroverheadoutsideof theinnerlink-traversalloop.However, LENS wasnotdesignedfor networksof
thissize.Onlargernetworks,whichareincreasinglyusedin connectionistmodeling,it is theclearwinner. At 300,000
links LENS is over threetimesfasterthanthecompetitorsandat amillion links it is over four timesfaster.

Eachsimulatortendsto have a sweetspotatwhich therelatively loweroverheadof a largenetworkandthebetter
cacheperformanceof a smallnetworkresultin optimallink traversalrate.On this machine,LENS appearsto have a
peakat around10,000weights,while UTS hasa surprisinglystrongsweetspotat100,000links. Thesearereplicable
onsimilarmachinesbut mayshift significantlyonotherarchitectures.
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3 Optimizations

This sectiondiscussessomeof the designprinciplesandoptimizationsthatresultin thegoodperformanceof LENS

on mediumto large networks. To begin with, units in a network areorganizedinto groups. The groupstend to
corresponddirectly to layersof the network. All units in a groupareof the sametype, using the sameinput and
outputfunctions. In mostmodels,units calculatetheir input asthe dot-productof the incomingweight vectorand
thevectorof correspondingunit activationsandtheir outputasthesigmoidof their input. In the backwardpassthe
reverseprocessesoccur. Theunit calculatesits inputderivative(thederivativeof theerrorw.r.t. theunit’sinput)asthe
productof its outputderivativeandthederivative of theinput w.r.t. theoutput. It thensendserrorderivativesbackto
its incominglinks andto theoutputderivativesof thesendingunits. Computingtheunit inputsandsendingbackthe
input derivativescomprisethe innerloopsof backpropagationtrainingandthey will typically usearound99%of the
processingtimeona largenetwork.

In optimizingtheinnerloops,it is importantto minimizethenumberof memoryaccessesthey requireby properly
structuringthelink representations.Therearetwo basicwaysto organizethelinks: They couldbecontrolledby their
sendingunit (theonefrom which thelink projects)andactivation“pushed”over thelink, or links couldbecontrolled
by the receiving unit andactivation “pulled”. LENS usesthe latter method. Eachunit maintainsthe arraysof its
incominglinks but hasnodirectaccessto its outgoinglinks. During theforwardpass,asa unit traversesits incoming
links it needonly accessthelink weightandthesendingunit activationfrom memory. Theaccumulatinginputvalue
canremainin a register. Thus,therearejust two memoryreadsper link. If links wereownedby thesenderandthe
valueswerepushedto thereceivers,theoutputof thesendingunit couldremainin registerbut theinputto thereceiving
unit wouldhave to beretrievedfrom memory, incremented,andthenstoredback,requiringanextra memoryaccess.

Becausethe valuespropagatedon the backwardpassdependon the receiving unit’s input combiningfunction,
which neednot bea dot-product,it is easierfor thereceiving unit to pushthederivativesbackwardover its incoming
links. This involvessix memoryaccesses:thelink weightandthesendingunit outputareloadedandthelink derivative
andsendingunit outputderivativeareincremented.If oneknew thatall receiving unitsusedthedot-product,thiscould
bereducedto 5 accessesbyhaving thesendingunit pull valuesbackwardacrossits outgoinglinks,but thiswouldlikely
resultin worsecacheperformance.

Althougha receiving unit couldgetprojectionsfrom severaldifferentgroupsor receive sparseinputs,projections
tendto arisefrom a few blocksof consecutive units. LENS usesthis block structureto its advantage.Becausewe
know, by definition,thatall sendingunits in a block areconsecutive andbelongto thesamegroup,if thoseunitsare
allocatedin asinglearrayof memorywecouldsimplywalkdown thearrayasweaccesstheoutputor outputderivative
of eachunit.

Thefour critical valuesthatmustberetrievedin thebackwardpassarethelinks’ weightsandderivativesandthe
sendingunits’ outputsandoutputderivatives.To getgoodperformance,wewouldlike to beableto fill thecachewith
asmany of thesevaluesaspossible.Therefore,theweightsandderivativesof incominglinks to eachunit arestored
in a singlearray. The lastweightchangeandany otherlesscritical valuesfor the link arestoredin a separatearray.
Ratherthanaccessingtheoutputandoutputderivativedirectly from thesendingunit structures,whichwould involve
loadingtheentiresendingunit arrayinto thecache,wekeepseparatearraysfor eachgroupthatjustcontaina copyof
theunits’ outputsor outputderivatives.Thisminimizestheamountof non-criticalinformationthatentersthecache.

To furtherimprove thespeed,theinner loopsareunrolledten timesby hand,which is noticeablybetterthanany
unrolling thatmaybeperformedby mostoptimizingcompilers.

Finally, althoughunit-level costsarerelatively insignificantfor largenetworks,someimprovementcanbegained
by usinga fast sigmoidfunction. In placeof the straight-forwardsigmoid,which requiresan exponentiationanda
division, LENS usesa lookuptableof 32K valuesandperformslinear interpolationbetweenvalues.This is accurate
to within 	�

������� . Althoughthefastsigmoidcanspeedupsmallnetworksby 15-20%,its effecton largenetworksis
minimal.

4 Parallel Training

LENS providesutilities for trainingnetworksin parallelon multiple machines.Parallel trainingis at thebatch-level.
Thatis, thenetworkitself is not partitionedamongmachines.Eachmachinehasa completecopyof thenetworkand
its own exampleset. In orderfor paralleltraining to beeffective, thebatchsizemustbe largeenoughthat thework
canbepartitionedamongtheclientswithout theoverheadof communicationdominatingany benefitsof parallelism.
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Nevertheless,somenetworksdo seea performanceadvantage. Thereare two different forms of parallel training:
synchronousandasynchronous.

Synchronoustrainingis functionallyequivalentto single-processorbatchlearning.At thestartof eachbatch,the
server sendsa copyof thenetwork’s link weightsto eachof theclientsandtells eachclient how many examplesto
process.Theclientsrun thenetworkon theassignedexamples,accumulatinglink derivatives,andthenshipthelink
derivativesbackto theserver. Whentheserver hassummedthederivativesfrom eachof theclients,theweightsare
updatedandtheprocessrepeats.A potentialdrawbackof synchronoustrainingis thatit is only asfastastheslowest
client. However, LENS maintainsa runningestimateof thespeedof eachclientandadjuststheassignmentssothatall
machinescompletein approximatelythesameamountof time. A moreseriousdrawbackis thattheclientsareidle for
thetime it takestheserver to updatetheweightsandeithersendor receive from theotherclients.

In the secondform, asynchronoustraining,eachclient is giventhesamesizebatchof examplesto run. Whena
client is done,it returnsthederivativesandtheserver immediatelyupdatestheweightsandsendsbackthenew weight
information.Theprimaryadvantageis thatclientsneednotwait for oneanotherunlesstheserver is reallyoverloaded.
However, thedrawbackis thattheclientsareworkingwith slightly differentversionsof thenetworkandtrainingcan
beunstableat high learningratesor with largebatchsizes.

Althoughparalleltraining is usefulwhena singlenetworkmustbe trainedasquickly aspossibleandmachines
areavailable,it is lessusefulthanonemight expect.It is typically thecasewhenworkingwith neuralnetworksthata
rangeof networkor trainingparametersmustbesearchedto find thebestperformance.Therefore,usersrarelywantto
run justonenetwork.In thiscase,it is moreefficientto simplydevoteeachmachineto its ownnetwork,thusobtaining
perfectparallelism.

5 Customization

The novel way in which LENS organizesunit-level functionsprovidesconsiderableflexibility without the needto
modify theprogram.Operationsonunitsaredividedinto threemainclasses:proceduresfor computingtheunit input,
for computingtheunit output,andfor attributing costor errordirectly to theunit. For eachof theseoperations,the
typeof theunit’sgroupdefinesa pipelineof simpleprocedures.Theprocedurescanbecombinedto producevarious
behaviors.

For example,most units will have a basicoutput procedure,suchas linear, sigmoidal,or exponential,which
determinestheoutputasa functionof theinput. Oncethatis computed,a secondaryprocedurein theoutputpipeline
might injectnoise.Anotherprocedurecouldthenintegratetheunit’soutputover timeor normalizetheoutputsacross
a group.Eachprocedurehasa correspondinginverseprocedurewhich operatesin thebackwardpassto computethe
unit’s input derivative from its outputderivative. Without the ability to combinesimpleoperationsin this way, one
wouldhave to createmany moregrouptypesto handleall reasonablecombinationsof simpleprocedures.

However, no simulatorcansatisfyall usersandmany modelerswill eventuallyneedto get insideandmaketheir
own changes.In mostsimulators,changeswould needto be madein variousplacesthroughoutthe code,which
leadsto problemswhenever a new versionis released.LENS waslargely bornout of frustrationwith the difficulty
of tracingandmodifying thecodein othersimulators.To easecustomization,LENS providesanextension module,
in which usermodificationscanbecontained.Threemainfeaturesof its designfacilitateencapsulationof changes:
extensionstructuresareprovidedto allow theuserto augmentthemajorstructures,networkbehavior is controlledby
a modifiablehierarchyof function pointers,andnew function typesfor controlling variousaspectsof the simulator
canberegisteredto makethemeasilyaccessiblefrom thecommandinterface.

Thenetworkmaintainspointersto functionsfor suchactionsastrainingfor a numberof weightupdates,training
on a singlebatchof examples,training on an example,training on an event within an example,andso forth. The
functionstendto becomesimpleras we descendthe hierarchyandeachfunction typically usesthe pointer to the
onebelow it. Many changesto networkbehavior canbe madeby replacinga singlenetworkfunction,minimizing
theamountof new codethatmustbewritten andenablingthenew codeto remainin theextensionmodule.Having
writtena new function,theusermight thencreatea shellcommandthatcausesthenetworkto usethenew functionin
placeof theold one.

However, to makenew networkor grouptypesmorenaturallyaccessiblefrom the shell interface,typescanbe
registered. This createsa nameby which the userwill be able to refer to that type, making it equivalent to the
built-in types.Ratherthancreatingaspecialshellcommand,anew networktypecouldbecreatedandaninitialization
proceduredefinedto configureany new networksof thattype.Customizationsthatcurrentlymayberegisteredinclude
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#define SINE_OUT ((mask) 1 << 20)

static void sineOutput(Group G, GroupProc P) {
FOR_EACH_UNIT(G, U->output = sin(U->input););

}
static void sineOutputBack(Group G, GroupProc P) {
FOR_EACH_UNIT(G, U->inputDeriv = U->outputDeriv * cos(U->input));

}
static void sineOutputInit(Group G, GroupProc P) {
P->forwardProc = sineOutput;
P->backwardProc = sineOutputBack;

}
flag userInit(void) {

registerGroupType("SINE_OUT", SINE_OUT, GROUP_OUTPUT, sineOutputInit);
return TCL_OK;

}

Figure3: Thecodeto addacustomunit outputfunction.

additionsof basicnetwork types,unit input, output, and cost functions,algorithmsfor updatingthe weights, for
selectingthe next example,andfor creatinglink projectionpatterns.Figure3 containsall of thecodenecessaryto
createandregistera new unit outputfunctionthatcomputesthesineof theinput.

6 Interface

Theprimaryinterfaceto LENS is aTcl/Tk-basedcommandlanguage.Theusercaneitherentercommandsto ashellor
runprogramsoutof scriptfiles. Over 120commandsarecurrentlyavailableallowing theuserto, amongotherthings,
build andlesionnetworks,save andloadexampleandweightfiles, describethenetworklayout,and,of course,train
andtest.New procedurescanbewritten in Tcl, which areespeciallyhelpful in runningexperiments.Commandscan
alsobewrittenin C andcompiledif speedis anissue.Finally, thefieldsin theC structuresof thenetworkandexample
setscanbeaccessedfrom theshell.

Thedesignof LENS wasguidedby thephilosophythatcommonthingsshouldbeeasyanddifficult thingsshould
bepossible.Oneusefulfeatureis therelative easewith which networkscanbeconstructed.Most feed-forwardand
simple-recurrentnetworkscanbedescribedwith a singlecommand.For example,thecommand:

addNet myNet 10 20 ELMAN 5 SOFT MAX

wouldcreateasimple-recurrentnetworkwith 10 inputunits,a 20-unithiddenlayerwith correspondingcontext layer,
anda 5-unit outputlayerwhich usesa soft-maxconstraintandthe appropriatedivergenceerrormeasure.The input
andcontext groupsprojectto thehiddenlayerwhich projectsto the outputlayer. To build the samenetwork,other
simulatorsmight requirethat six or morecommandsbe issued,a C programbe written andcompiled,or that the
networkbeconstructedby pointingandclicking on a graphicalinterface.If morecomplicatednetworksaredesired
in LENS, suchasonesthatusenon-simplerecurrenceor sparseconnectivity, thenetworkcanbepartially built with
addNet andthenextendedpiece-by-piece.

The script languagemakesit possibleto parameterizeaspectsof networkbuilding. For example,a procedure
might bedefinedto createa networkwith a specifiednumberof hiddenunits,thusmakingit easyto experimentwith
differentarchitectures.Somesimulatorsrequirethata separatefile becreatedfor eacharchitecture,which canbea
serioushindrance.

6.1 Displays

Although LENS canbe operatedusingonly the shell, graphicalinterfacesareconvenientfor providing bettervisu-
alizationandquick accessto commonoperations.Someof the LENS displaysareshown in Figure4. By default,a
mainwindow, which givesaccessto themostusefulcommandsandtrainingparameters,is opened.Theeightpanels
in themainwindow canbeindividually hiddento conserve screenspace.A shellconsolewindow is alsooptionaland
providesa nicercommand-lineenvironmentthanthebasicTcl shell,includingtheability to edit commands,traverse
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Figure4: A collectionof LENS displays.
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thecommandhistory, performcommand-andfile-namecompletion,andexecutecommandswhile LENS is busy. The
object viewer allowstheuserto view andedittheC datastructureswhichrepresentthenetworksandexamplesetsand
theircomponents.Whereappropriate,fieldsin theC structurescanbehiddenor write-protected.

Theunit viewer is perhapsthemostusefuldisplay. It shows the trainingor testingexamplesandtheactivations,
inputs,derivatives,or othervaluesassociatedwith the units or the links projectingto or from a singleunit. This
is helpful in observingthe behavior of the networkandquickly diagnosingproblems.By default,the layout of the
networkin this window will becreatedautomatically, but commandsarealsoprovidedfor customizingthenetwork
representation.The link viewer depictsthe valuesassociatedwith someor all of the links andcalculatessummary
statistics.Finally, any real-valuedfield, typically thenetwork’serror, maybegraphedover time.

7 Conclusion

LENS is a fast, flexible neuralnetworksimulatorwith the potentialto satisfy the needsof a wide variety of users.
Althoughcurrentlyusedmainlyby experiencedmodelers,therelatively straightforwardinterface,theeaseof creating
new simulations,andtheability to run on a varietyof platformsmakeit well-suitedfor usein introductorycourses.
LENS is available free-of-charge to thoseteachingor conductingresearchat academicinstitutions. The complete
manualandinstallationinstructionscanbefoundon thewebat

http://www.cs.cmu.edu/ � dr/Lens

8


