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Abstract
Opensourcetoolshaverecentlyreachedalevel of maturitywhichmakesthemsuitablefor building
large-scalereal-world systems.At the sametime, the �eld of machinelearninghasdevelopeda
largebodyof powerful learningalgorithmsfor diverseapplications.However, thetruepotentialof
thesemethodsis not used,sinceexisting implementationsarenot openlyshared,resultingin soft-
warewith low usability, andweakinteroperability. Wearguethatthissituationcanbesigni�cantly
improved by increasingincentivesfor researchersto publishtheir softwareunderanopensource
model. Additionally, we outlinetheproblemsauthorsarefacedwith whentrying to publishalgo-
rithmic implementationsof machinelearningmethods.Webelievethataresourceof peerreviewed
softwareaccompaniedby shortarticleswouldbehighly valuableto boththemachinelearningand
thegeneralscienti�c community.
Keywords: machinelearning,opensource,reproducibility, creditability, algorithms,software
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1. Intr oduction

The�eld of machinelearninghasbeengrowing rapidly, producinga wide varietyof learningalgo-
rithmsfor differentapplications.Theultimatevalueof thosealgorithmsis to a greatextent judged
by theirsuccessin solvingreal-world problems.Therefore,algorithmreplicationandapplicationto
new tasksarecrucialto theprogressof the�eld.

However, few machinelearningresearcherscurrentlypublishthesoftwareand/orsourcecode
associatedwith theirpapers(Thimbleby, 2003). Thiscontrastsfor instancewith thepracticesof the
bioinformaticscommunity, whereopensourcesoftwarehasbeenthefoundationof furtherresearch
(StrajichandLapp, 2006). The lack of openlyavailablealgorithmimplementationsis a majorob-
stacleto scienti�c progressin andbeyondourcommunity.

We believe that opensourcesharingof machinelearningsoftwarecanplay a very important
role in removing that obstacle.The opensourcemodelhasmany advantageswhich will leadto
betterreproducibilityof experimentalresults:quicker detectionof errors,innovative applications,
and fasteradoptionof machinelearningmethodsin otherdisciplinesand in industry. However,
incentivesfor polishingandpublishingsoftwareareat presentlacking. Publishedsoftwareper se
doesnot have a standard,acceptedmeansof citationin our �eld, andis thusinvisible with respect
to impactmeasurementtools like citationstatistics:at presenttheonly way of referringto it is by
citing the paperwhich describesthe theoryassociatedwith the codeor alternatively by citing the
user's manualwhich hasbeenreleasedin the form of sometechnicalreport,suchasBensonetal.
(2004). To addressthis dif�culty , we proposea methodfor formal publicationof machinelearning
software,similar to what theACM Transactionson MathematicalSoftwareprovide for Numerical
Analysis.

This paperis structuredasfollows: First, we brie�y explain the ideabehindopensourcesoft-
ware (Section2). A widespreadadoptionof this publicationmodelwould have several positive
effectswhich we outline in Section3. Next, we discusscurrentobstacles,andproposepossible
changesin orderto improve this situation(Section4). Finally, we proposea new, separate,ongo-
ing track for machinelearningopensourcesoftwarein JMLR (JMLR-MLOSS)in Section5. We
provide an overview aboutopensourcelicensesin AppendixA andguidelinesfor goodmachine
learningsoftwarein AppendixB.

2. OpenSourceand Science

If I have seen further it is by standing on the shoulders of giants.

—Sir Isaac Newton (1642–1727)

Thebasicideaof opensourcesoftwareis very simple;programmersor userscanread,modify and
redistributethesourcecodeof apieceof software(GacekandArief, 2004). While therearevarious
licensesof opensourcesoftware(cf. AppendixA; Lin etal., 2006; Välimäki, 2005) they all share
a commonideal,which is to allow freeexchangeanduseof information. Theopensourcemodel
replacescentralcontrolwith collaborativenetworksof contributors.Everycontributorcanbuild on
thework thathasbeendoneby othersin thenetwork, thusminimizing time spent“reinventingthe
wheel”.

TheOpenSourceInitiative(OSI)1 de�nesopensourcesoftwareaswork thatsatis�esthecriteria
spelledout in Table1. Thesegoalsarevery similar to theway researchworks(Bezroukov, 1999):

1. OSIcanbefoundat http://www.opensource.org .
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1. Freeredistribution
2. Sourcecode
3. Derivedworks
4. Integrity of theauthor's sourcecode
5. No discriminationagainstpersonsor groups
6. No discriminationagainst�elds of endeavor
7. Distributionof license
8. Licensemustnotbespeci�c to aproduct
9. Licensemustnot restrictothersoftware

10. Licensemustbetechnology-neutral

Table1: Attributesof OpenSourceSoftwarefrom theOpenSourceInitative

researchersbuild uponwork of otherresearchersto developnew methods,apply themto produce
new results,andpublishall of thiswork,alwaysciting relevantpreviouswork. It is well documented
how themoveto an“openscience”or “opensource”modelin theAgeof Enlightenment(Schaffner,
1994) greatly increasedthe ef�ciency of the experimentalscienti�c method(Kronick, 1962) and
openedtheway for thesigni�cant economicgrowth of theIndustrialRevolution (Mokyr, 2005).

However, scienti�c publicationsarealsonot asfreeasonemay think. Major journalsarenot
freely availableto thegeneralpublic sincepublisherslimit accessonly to subscribers.A few pio-
neeringjournalssuchastheJournalof MachineLearningResearch,theJournalof Arti�cial Intel-
ligenceResearch,or thePublicLibrary of ScienceJournalshave begunpublishingin thesocalled
“open access”model.2 Open-accessliteratureis digital, online, free of charge, andfree of most
copyright andlicensingrestrictions.This modelis enabledby low-costdistribution on theInternet,
which waseconomicallyimpossiblein theageof print. The“journal pricing crisis” in which jour-
nal subscriptionfeeshave risenfour timesfasterthanin�ation since1986,stronglymotivatedthe
developmentof openaccess.In summary, openaccess(with certainlimitations)removespricebar-
riers, for instance,subscriptionandlicensingfees,andpermissionbarriers, that is, mostcopyright
andlicensingrestrictions.An extensiveoverview andatime-lineconcerningthisdistributionmodel
which our brief summaryis alsobasedon, is availablefrom theSPARC OpenAccessNewsletter.3

An openletterto theU.S.Congress,signedby 25Nobellaureates,putsit succinctly:

Open access truly expands shared knowledge across scienti�c �elds , it is the best path for accelerating multi-

disciplinary breakthroughs in research.4

—Open letter to the U.S. Congress, signed by 25 Nobel laureates, (August 26, 2004)

It is plausiblethata similar boostcouldbeexpectedfrom a morewidespreadadoptionof open
sourcepublicationpracticesin themachinelearning�eld, in which thesoftwareimplementingthe
methodswould play a comparablerole to theunderlyingtheoryin theadvancementof science.To
achieve this, the supportingsoftware and data shouldbe distributedundera suitableopensource
licensealongwith the scienti�c paper. This is alreadycommonpracticein somebiomedicalre-
search,whereprotocolsandbiologicalsamplesarefrequentlymadepublicly available. In thearea

2. A list of openaccessjournalsis currentlymaintainedat http://www.doaj.org .
3. Thenewslettercanbeobtainedfrom http://www.earlham.edu/ ˜ peters/fos/ .
4. Theletteris availablefrom http://www.public- domain.org/?q=node/60 .
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of machinelearning,this is still rarely the case.However, somefreely availablebenchmarkdata
setsexist, for example,the UCI Repository,5 the Delve repository,6 the Caltech101 dataset7 or
Rätschetal. (2001). Nonetheless,this smallnumberof datasetshashada signi�cant in�uence on
the progressin machinelearning,sincechallenging(in their sizeor complexity) datacollections
have helpedto calibratealgorithmsandto establishtheir relative merits.For instance,muchof the
progressof thepatternrecognitiongroupatAT&T wastrackedin termsof theperformanceof their
algorithmson theNIST andUSPSdatasets.

In Section4, we will discusspossiblereasonsfor the currentsituationin moredepth. In the
restof this section,we would like to clarify thenotionof “opensource”by addressinga common
misconceptionthatopeningthesourcemakescommercialexploitationimpossible.Onthecontrary,
opensourcesoftwarehascreatednumerousnew opportunitiesfor businesses(Riehle, 2007). Also,
simply usinganopensourceprogramon a day to daybasishaslittle legal implicationsfor a user
provided they comply with the termsof their license. Usersare free to copy and distribute the
softwareasis. Most issuesarisewhenusers,playingtheroleof adeveloper, modify thesoftwareor
incorporateit in their own programsanddistributea modi�ed product.

A variety of opensourcelicensesexists, which protectdifferentaspectsof the softwarewith
bene�tsfor theinitial developeror for developerscreatingderivedwork (Laurent, 2004). Therefore,
thereis some�e xibility in choosingthelicenseaccordingto thespeci�c needsof thedeveloper, or
employer. In thefollowing we give suggestionson which licenseto choosefor commonscenarios.
This oversimpli�ed descriptionis targetedat developerswho just want to “get the programout
there”.

1. A developerwhowantsto giveawaythesourcecodein exchangefor propercredit for deriva-
tive works, even closed-sourceones,could choosethe BSDlicense. A typical examplefor
thiskind of developerwouldbearesearcherwho justwantsto makehiswork availableto the
public,but doesnot wantto prevent inclusioninto closed-sourcesoftware,andalsodoesnot
rely on gettingimprovementbackfrom thecommunity. An examplefor a projectusingthe
BSD licenseis FreeBSD,onwhichApple'soperatingsystemMacOSX is partiallybased.

2. A developerwho wantsto give away thesourcecode,is comfortablewith his sourcebeing
incorporatedinto aclosed-sourceproductbut still wantsto receivebug-�xesandchangesthat
arenecessaryto his sourcewhenintegratingthecodecouldchoosetheGNU LesserGeneral
Public License(LGPL). This developercouldbesomeonewho wantsto keepdevelopinghis
software,andby publishinghis softwarebasicallyinvitesthecommunityto contributeto the
software.Usingthesoftwareas-isin closed-sourceproductsis allowed. An exampleproject
usingthis licenseis theGNU C library, usedby nearlyall programsona linux system.

3. A developerwho wantsto give away thesourcecodeandmake sure that his programstays
opensource, that is, any extension(or integration) will requireboth the original and the
derived codeto be releasedasopensource,couldchoosethe GNU General Public License
(GPL). Here, the developercould be a researcherwho hasfurther planswith his software
andwantsto make surethatno closed-sourceproduct,not evenoneof his own if it includes
changesof external developers, is bene�ting from his software. An exampleof this is the
GNU/Linux project.

5. Thisdatabaseis locatedat http://mlearn.ics.uci.edu/MLRepository.html .
6. Thewebsiteis at http://www.cs.toronto.edu/ ˜ delve/ .
7. Thedatasetisavailableathttp://www.vision.caltech.edu/Image_Datasets/Caltech101/Caltech101. html .
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License Apache BSD/MIT GPL LGPL MPL/CDDL CPL/EPL
Closedsource Yes Yes No Maybe Yes Yes
Commercial Yes Yes No Maybe Yes Yes
Modi�cation release No No Yes Yes Yes Yes
Patent Yes No No No Yes Yes
Jurisdiction Silent Silent Silent Silent California New York
Freedom PR Free PR PR Free PR

Table2: The rights of the developer to redistribute a modi�ed product. A compari-
son of open source software licenses listed as “with strong communities” on
http://opensource.org/licenses/category . Themainquestionsare:whethercode
canbe usedin closedsourceprojects(Closedsource);whethera programthat incorpo-
ratesthecodecanbesoldcommercially(Commercial)without releasingtheincorporating
programunderthe samelicense;whetherthe sourcecodeto modi�cations mustbe re-
leased(Modi�cation release);whetherit providesan explicit licenseof patentscovering
the code(Patent);the legal jurisdiction the licensefalls under(Jurisdiction);freedomto
adaptlicenceterms(Freedom)(PR= PermissionRequiredfrom licensedrafter).Apache:
Licenseusedby theApachewebserver; BSD: Licenseunderwhich theBSD Unix vari-
ant is released;MIT: developedby the MIT; GPL/LGPL: (lesser)GNU GeneralPublic
License;MPL: Licenseusedby theMozilla webbrowser;CDDL: CommonDevelopment
andDistributionLicensedevelopedby SunMicrosystemsbasedon theMPL; CPL: Com-
monPublicLicensepublishedby IBM; EPL: EclipsePublicLicenseusedby theEclipse
Foundation,derivedfrom theCPL.

All of the opensourcelicensesallow for derivative works (item two in Table1). In additionit is
not possibleto limit anopensourceproductto a particularuse,for example,to non-commercialor
academicuse,asit con�icts with item six in Table1. In a brief summaryof commonopensource
licenses,Table2 shows therightsof a developerto distributea modi�ed product.A morein-depth
discussionaboutlicensescanbe found in AppendixA. For moredetailsanda comparisonof the
variousfreedomsdifferentlicensesprovide,seeLin etal. (2006).

Finally, notethattheideaof “opensource”is not limited to scienti�c publicationsandcomputer
software. Authors of other creative works may also want to openly distribute their work. This
hascreateda demandfor “opensource”type licensesapplicableto othermedia,suchasmusicor
images.Oneof themostprominentmovementsaddressingthis demandaretheCreative Commons
(CC) licenses.8 The CC projectwasstartedin 2001to supplythe analogto opensourcefor less
technicalformsof expression(Coates, 2007) andextendsto all kindsof medialike text documents,
photographs,videoandmusic.All CClicensesallow copying, distribution,andpublicperformance
anddisplayof thework without any licensepayments.However, CC commontermsstatethat the
licensesdo not interferewith fair userights (suchascitations,privateuseetc.), �rst saleor the
freedomof expressionandit mayrestricttheuseto, for instance,non-commercialpurposesor that
no derivative works areallowed (Lin etal., 2006; Välimäki, 2005). It thereforecon�icts with the
non-discriminationprovision in theopensourcede�nition (Table1). It shouldalsobenotedthatin

8. Thecreativecommonshomepageis http://creativecommons.org/ .
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principleanyonecansubmita new licenseto theOpenSourceInitiative to becerti�ed to comply
with theOpenSourceDe�nition. CreativeCommonsdoesnothavesuchaprocessbut wasdesigned
top-down(Välimäki, 2005). Applied to theareaof science,Creative Commonsadvocatesnot only
having opensourcemethods,but alsoopensourcedataandresults. It shouldbe notedthat open
accessjournalslike PLoSusea CC license,namelythe Creative CommonsAttribution License.9

TheEuropeanUnion supportsa relatedprojecttowardsfreeexchangeof scienti�c resultsanddata
sets.10

3. OpenSourcein Machine Learning

This sectionof thepaperaimsto provide a brief overview of opensourcesoftwareandits relation-
ship to scienti�c activity, speci�cally machinelearning. The readermay think that we areoverly
positive aboutthe bene�ts of opensource,anddo not discussnegative views. The truth is that it
is extremelydif�cult to obtainhardevidenceon thedebatebetweenproprietarysystemsandopen
sourcesoftware.11 We arguefrom moral, ethicalandsocialgroundsthat opensourceshouldbe
thepreferredsoftwarepublicationoptionfor machinelearningresearchandrefer thereaderto the
many advantagesof theopensourcesoftwaredevelopment(Raymond, 2000). Therearealsoamul-
titudeof advantagesof sharingof dataandresources,aspromulgatedin theopenscienceapproach
(Nature, 2005). Here,we focuson the speci�c advantagesof opensourcesoftware for machine
learningresearch,which combinestheneedsandrequirementsbothof beinga scienti�c endeavor,
aswell asbeingaproducerandconsumerof software.They canbecategorizedinto:

1. reproducibilityof scienti�c resultsandfair comparisonof algorithms;

2. uncoveringproblems;

3. building onexisting resources(ratherthanre-implementingthem);

4. accessto scienti�c toolswithoutcease;

5. combinationof advances;

6. fasteradoptionof methodsin differentdisciplinesandin industry;and

7. collaborativeemergenceof standards.

Wediscussthesepointsin thefollowing sevensubsections.

3.1 Reproducibility and Fair Comparisonof Methods

Reproducibilityof experimentalresultsis a cornerstoneof science.In many areasof scienceit is
only whenanexperimenthasbeencorroboratedindependentlyby anothergroupof researchersthat
it is generallyacceptedby thescienti�c community. It is oftenthecasethatexperimentsarequite
hardto reproduceexactly, andin many �elds (e.g.,medicine)peoplego to greatlengthsto try to

9. Seefor examplehttp://www.plos.org/oa/definition.html .
10. The Digital Repository Infrastructure Vision for European Research located at

http://www.driver- repository.eu .
11. SeeSection1.2of http://www.dwheeler.com/oss_fs_why.html .
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ensurethis. Reproducibilitywould bequiteeasyto achieve in machinelearningsimply by sharing
thefull codeusedfor experiments.

In the �eld of machinelearning,numericalsimulationsareoftenusedto provide experimental
validationandcomparisonof methods.Ideally, suchacomparisonbetweenmethodswouldbebased
on a rigoroustheoreticalanalysis.For variousreasonshowever, it maynot bepossibleto theoret-
ically analyzea particularmachinelearningalgorithmor to analyticallycomputeits performance
in contrastto another. As many methodsseekto do well on somereal-world problemswherethe
underlying(true) modelis unknown, it is very dif�cult to measureperformancein any otherway
thanempirically. In thatsense,experimentsplay a differentrole thanin thenaturalsciences,asfor
examplephysicsor chemistry, whereexperimentsareusedto betterunderstandcertainaspectsof
nature,insteadof algorithmsconstructedby humans.Nevertheless,theresultsof theexperimental
validationsareequallyimportant,asthesemayfor instanceprovide theevidencethatamethodout-
performsexisting approaches(or not). Unfortunately, thecurrentpracticein themachinelearning
communityis extremelysloppy, aspapersget accepted,which arenot detailedenoughto allow
replication.12 In thepre-internetera,onecouldperhapshave argued,that for complex algorithms
typically usedin machinelearning,describingeverydetailwouldbetoolengthy for publication;but
nowadays,therewould seemto be no suchconstraints,assupplementarymaterialcouldbe made
availableonline. Indeed,for many complex algorithmsonecanprobablyargue, that a clearand
well documentedprogramis perhapsthemostconvenientway of documentingthefull detailsof a
machinelearningalgorithm.So,it follows thatanopensourceapproachwould beideally suitedto
thischallenge.

A survey13 askingJMLR authorsfor theavailability of thesystemthey describedin theirJMLR
papersconcludedthatabouta third speci�cally saidtheir systemswereunavailablefor thereasons
discussedin Section4.

My informal survey suggests some authors have a relaxed regard for scienti�c virtues: reproducibility,

testability, and availability of data, methods and programs—the openness and attention to detail that supports

other researchers. It's a widespread problem in computer science generally. I'm guilty, too. We programmers

tend not to keep the equivalent of lab books, and reconstructing what we have done is often unnecessarily

hard. As I wrote elsewhere (see Thimbleby, 2003) there can be problems with publishing work that is not

rigorously supported. It is the computer science equivalent of fudging experimental data—whether this really

matters for the progress of science is another question.

—Harold Thimbleby, 2003

Reproducingnumericalresultsin orderto comparemethodsis not trivial, asit is oftennot pos-
sible to re-implementa methodbasedonly on the informationcontainedin publications.Methods
oftenhaveanumberof freeparameterswhosecorrectadjustmentrequiresextensiveexperiencewith
thespeci�c algorithm,dataset,or both. In this context it shouldbenotedthatall stepsinvolvedin
datapre-processingareequallycrucialin reproducingresults.

Thenon-reproducibilityof resultsis notmerelyatheoreticalpossibility. Considertherecentex-
changeof papersin this journal(Loosli andCanu, 2007; TsangandKwok, 2007). A commenthas
beenpublishedin which theauthorsdocumentthat they couldnot reproducetheresultsof another
paper. The authorsof the original paperdefendedtheir original results,blaming the differences

12. Onemayindeedgo further, andaskwhethersuchapracticelivesup to thebasicrequirementsof scienti�c work.
13. A summaryis at http://www.uclic.ucl.ac.uk/harold/srf/jmlr.html .
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on theoperatingsystemusedto performtheexperiments.Needlessto say, sucha situationis un-
satisfactory. This examplealsore�ects anotherbene�t of makingsourcecodeavailable: it allows
us to uncover hiddentricks that remaintypically undocumented(Orr andMüller, 1998). The rea-
sona certainimplementationof a machinelearningmethodoutperformsall otherapproacheswith
similar algorithmsmaybedueto a numberof functionsthathave beentunedto speci�c machine
instructions.

Furthermore,instancesof fraudor scienti�c misconductcanbemoreeasilydetectedif all the
coderequiredto performtheexperimentis madeavailable.Thus,makingalgorithms,includingthe
sourcecodeanddatapublicly available(suchasthe efforts mentionedin Section2) signi�cantly
enhancesthereproducibilityandthefeasibilityof (fair) comparisons.

3.2 Quicker Detectionand Corr ectionof Bugs

An importantfeaturethathascontributedmuchto thesuccessof opensourcesoftwareis thatwith
the availability of the sourcecode,it is mucheasierto spotand�x bugs in software. While not
everyonewould be inclined (or able) to satisfactorily resolve a bug himself, everybodyhasthe
possibility to inspectthe sourcecode,�nd the bug andsubmita patchto the maintainersof the
project. This observationhasbeensummarizedas“Givenenougheyeballs,all bugsareshallow”,
known asLinus's Law (Raymond, 2000). Further, to paraphraseAl Viro,14 all softwarecontains
bugs,be it open-sourceor proprietary. The only questionis what canbe doneabouta particular
instanceof softwarefailure,andthatis wherehaving thesourcematters.

3.3 FasterScienti�c Progressby ReducedCost for Re-implementationof Methods

Scienti�c progressalwaysbuildsonexistingpublicationsandmethods.The�eld of machinelearn-
ing is no exception.However, re-implementingexisting methodsin orderto testthem,usethemas
partof a largerproject,or to extendthem,is a largeburdenon theresearcher. This is particularly
truefor methodorientedresearch.As alreadydiscussedabove,publicationsoftendonotcontainall
the informationnecessaryto re-implementa method.Thecomplexity of existing methodsis often
solargethatre-implementingits algorithmscanrequireprohibitiveeffort.

As a consequence,work on suchmethodsis oftenrestrictedto a few groupswho alreadyhave
implementations,andnewcomersto the �eld have to �rst redothe work of others. Alternatively,
sucha situationcanleadto ignoringexisting competitorssinceimplementationsarenot available,
andre-implementationseemsinfeasible.Therefore,theavailability of opensourceimplementations
canhelpspeedupscienti�c progresssigni�cantly.

3.4 Long Term Availability and Support

For the individual researcher, opensourcemay provide a meansof ensuringthat he will be able
to usehis researchevenafter changinghis employer. Even themostgenerousinstitutionstendto
introducedelaysbeforegiving formal approval for codereuseafter theresearchermoves. This is,
however, harmful for both researcher and employer: obviously for the researchersincehe loses
accessto the tools he hasbeenworking with but also for the institution sincethe pieceof code

14. This quotation can be obtained from the linux kernel mailinglist
http://www.ussg.iu.edu/hypermail/linux/kernel/0404.3/1344.html .
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in questionbecomesunsupported. By releasingcodeunderanopensourcelicensethechancesof
having long-termsupportaredramaticallyincreased.

3.5 Combination of Advances

Scienti�c progressdoesnotalwaysoccurasparadigmshifts(e.g.,theemergenceof DecisionTrees,
NeuralNetworks, KernelMethods,Boosting,andGraphicalModels)but it is muchmore likely
to occurby incrementalimprovementsover a givenexisting technique.Moreover, it is likely that
severalsuchchangesoccursimultaneouslyoncea given topic reachesthemainstream.While this
is, in principle, a goodthing, it posesa ratheruniqueproblem: how to combineseveral of those
advancesinto onejoint implementation.

As a casein point, considerprogressin kernelmethods.Thereis currentlyno pieceof code
or even a publicationwhich combinesstructuredestimation,semiparametricmethods,automatic
margin adjustment,different typesof regularization,methodsfor dealingwith missingvariables,
methodsfor dealingwith invariances,a largesetof kernelfunctions,nonconvex approximationsof
theloss,leave-one-outestimators,or transductiveestimation.While eachof thesemodi�cationsare
well establishedandit is commonlyacceptedthat they work, thereis no publicationindicatingthe
performanceof acombinationof morethanthreeof thetenaforementionedmethods.

This is morethanjust a simplenuisance:it is not clearat all whetherthecombinationof all of
those“improvements”would really bebene�cial andwhattheir interactionsmight be. Do someof
thesemethodseffectively solve thesameproblemandderive their gainsfrom a commonchangein
theestimate?Whatarethecomputationallimitations?

Without accessto a commoncodebaseand willingnessof the communityto improve uponit
it will be next to impossibleto addressthis issue,sinceit is likely to be too dif�cult for a single
researcherto trackandcompareall modi�cations.

3.6 FasterAdoption in Machine Learning, Other Disciplinesand Industry

Availability of high-qualityopensourceimplementationscaneaseadoptionby othermachinelearn-
ing researchers,usersin otherdisciplinesanddevelopersin industryfor thefollowing reasons:

1. Opensourcesoftwarecanbeusedwithoutcostin teaching.

2. If amethodprovesusefulandits sourcecodeis available,it canbedirectlyappliedto related
realworld problemsin other�elds or in industry.

In areassuchasbioinformatics,the expertiseto implementadvancedmachinelearningmethods
from scratchis often not available. While this situationmight be perceived asdesirableby some
to ensurethat machinelearningexpertsare soughtby the industry, hiring machinelearningex-
pertswill becomemoredesirablefor companiesasthe �eld gainsprominence.In fact, onemay
arguethat it is theproblemof automaticadjustmentanddeploymentthatmachinelearningtheory
shouldbe addressingby suitablemeansof model selection. Having accessto an extensive ma-
chinelearningtoolkit will allow us to comparemodelselectiontechniquesin realisticsettings.15

Increaseddistribution of machinelearning's end-product,software,will leadto moresuccesssto-
riesof its usewithin industrialapplications.Publishingsoftwareasopensourcemight alsobethe

15. See, for example, the NIPS'04 workshop on the (Ab)Use of Bounds
http://www.hunch.net/ ˜ jl/conferences/abuse_of_bounds/abuse_of_bounds.html .
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only meansto reachwide-spreaddistribution of your softwareif you lack the logistic infrastruc-
tureof big companieslike MicrosoftTM . In addition,theadoptionof machinelearningmethodsin
large-scaleapplicationscanhave a very stimulatingeffect on the�eld itself, andleadto novel and
interestingchallenges.It still requiresanexpertwith deepunderstandingof themethodto adjustit
to aparticularapplication.Therearealsoimpressiveprecedentsof opensourcesoftwareleadingto
thecreationof multi-billion dollar companiesandindustries.16

3.7 CollaborativeMovestowards Better Inter operability

Thediversityof machinelearningforbidsasingle,mono-culturalsoftwareframework satisfyingall
needs.However, evenin areaswhereit is in principlefeasible,mostpiecesof machinelearningsoft-
waredonot inter-operateverywell, becauseof differencesin interfaces,dataabstractionsandwork
�o ws. Ultimately it would be desirableto agreeto a setof standardswhich ensure,for example,
thatdatasetscanbeexchangedbetweenmachinelearningtools,andthatclassi�cationalgorithms
canbeinterchangedseamlessly.

However, giventhedistributednatureof scienti�c work, it is unlikely thata centralizedinstitu-
tion canbeformedwhichdevelopssuchstandardsin a top-down manner. Now with thepublication
of toolboxesaccordingto anopensourcemodel,it becomespossiblefor individualprojectsto move
towardsstandardizationin acollaborative,distributedmanner.

This processhasalreadybegun, mostly with toolboxes incorporatingother toolboxesor pro-
viding “glue” codeto accessfunctionalitycontainedin othertoolboxes.A typical examplearethe
librariesfor learningsupportvectormachines,suchasLIBSVM (ChangandLin, 2001), SVMLin
(SindhwaniandKeerthi, 2006), SVMTorch(CollobertandBengio, 2001) andGPDT(Zannietal.,
2006). A smallsampleof largerframeworkswhichprovideaccessto (amongotherfeatures)oneor
moreof theselibrariesincludeElefant(Gawandeetal., 2007), Orange(DemsarandZupan, 2004),
PLearn(Vincentetal.), RapidMiner17, Shogun(Sonnenburg etal., 2006), Torch (Collobertetal.,
2002) andtheWeka(WittenandFrank, 2005) toolboxes.

In thefuture,insteadof theconstantrepetitionof work, standardsshouldemerge,pushedeither
by library and/ortoolboxdevelopers,in orderto make this integrationmuchlessdif�cult. A con-
sensuscouldalsoemergevia dialog in journalor communitywebsites.18 Which standardswill be
adoptedwill dependon thepopularityof theindividual toolboxesor libraries.

Weconcludethissectionby summarizingtheadvantagesdescribedabove in Table3.

4. Curr ent Obstaclesto an OpenSourceCommunity

While thereexist many advantagesto publishingimplementationsaccordingto the opensource
model,this option is currentlynot taken often. We believe that therearesix main reasonswhich
will bediscussedin greaterdetail in thenext sections.

16. Perhapsthe oldest,datingfrom the early 1970s,is SPICE(SimulationProgramwith IntegratedCircuit Emphasis)
(Wikipedia, 2007b), which hasled to the foundationof SynopsysandCadenceDesignSystems,andsigni�cantly
grew thewholeElectronicDesignAutomationIndustry.

17. FormerYALE toolbox,availablefrom http://www.rapidminer.com .
18. We proposeto usehttp://mloss.org as the platform for machinelearningopensourcesoftware (MLOSS) to

openlydiscussdesigndecisionsandto hostandannounceMLOSS.

2453

http://www.rapidminer.com
http://mloss.org


SONNENBURG, BRAUN, ONG, ET AL .

1. Reproducibilityof scienti�c researchis increased
2. Algorithmsimplementedin sameframework facilitatefair comparisons
3. Problemscanbeuncoveredmuchfaster
4. Bug �x esandextensionsfrom externalsources
5. Methodsaremorequickly adoptedby others
6. Ef�cient algorithmsbecomeavailable
7. Leverageexisting resourcesto aidnew research
8. Wideruseleadsto wider recognition
9. Morecomplex machinelearningalgorithmscanbedeveloped

10. Acceleratesresearch
11. Bene�ts newcomersandsmallerresearchgroups

Table3: ElevenAdvantagesof MachineLearningOpenSourceSoftware

4.1 Publishing Software is Not Considereda Scienti�c Contrib ution

Someresearchersmaynot considertheextra effort to createa usablepieceof softwareout of ma-
chinelearningmethodsto bescience.However, machinelearningis a syntheticdisciplineaswell
asananalyticone,andcertainlyif it is scienceit is in Simon's phrase,a “Scienceof theArti�cial”
(Simon, 1969), in whichartifacts,speci�cally implementedalgorithms,is oneof themajoroutputs.
In additionto the“pure” scienti�c pursuits,machinelearningresearchersalsoproducetechnolog-
ical outputs.As such,the disciplinecould be consideredto be mathematicalengineering.In any
case,aswaspointedout in Section3, thecomplexity of existing methodsis growing suchthat re-
implementingalgorithmscaneasilytake months.Somearguethatif you wantto really understand
analgorithmandwantto extendit—which is animportanttaskfor machinelearningresearchers—
you have to implementit from scratchandthusit is not bene�cial to have the softwareavailable.
This is only partially true: onedoesnot want to reimplementall thebasicalgorithmsanadvanced
methodbuilds on, but simply understandthehigh-level steps.After all, onehasto build uponex-
isting libraries,asfor examplethestandardor mathlibrary, theBasicLinearAlgebraSubprograms
(BLAS) (Lawsonetal., 1979), theLinearAlgebraPACKage(LAPACK) (Andersonetal., 1999) to
beproductive. Only few peoplewould want to re-implement,or would beableto generatea high
qualityimplementationof, commonsortingalgorithmssuchasqsort , basicmathematicalfunctions
suchassin , or linearalgebraoperationssuchasdgemmor dgesv .

4.2 Misconception—Openingthe SourceCon�icts with Commercial Inter ests

As alreadydiscussedin Section2, thereis acommonmisconceptionthatopeningthesourcemakes
commercialuse—licensingof commercialversionsor usein industrial projects—impossible.It
may, however, prevent the creationof closed-sourceproductsthat include external open-source
contributions.In reality, carefulselectionof asuitableopensourcelicensewouldsatisfytherequire-
mentsof mostresearchersandtheir employer. For example,usingtheconceptof dual licensingone
couldreleasethesourcecodeto thepublic undera opensourcelicensewith strongreciprocalobli-
gations(like theGNU GPL),andat thesametime sell it commerciallyin a closed-sourceproduct.
In AppendixA wegivea few hintsfor choosinganappropriatelicense.
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4.3 The Incentive for Publishing OpenSourceSoftware is not High Enough

Unlike writing a journal article, releasinga pieceof softwareis only the beginning. Maintaining
a softwarepackage,�xing bugsor writing further documentationrequirestime andcommitment
from thedeveloper, andthis contribution is alsorarelyacknowledged.Opensourceprogrammers
oftengainagood“reputation”amongtheirpeers,which in somesituationsmaybeworthmorethan
citations(Kelty, 2001; Franck, 1999). But scienti�c success,especiallyin researchinstitutions,is
oftendeterminedby measuressuchascitationstatistics.However, thereexistsnoacademic,widely
acceptedplatform to publishsoftware. As a result,researcherstendto not acknowledgesoftware
usedin theirpublishedresearch,andtheeffort whichhasto beexpendedto turnapieceof codefor
personalresearchinto asoftwareproductthatcanbeused,understood,andextendedby othersis not
suf�ciently acknowledged.As justoneexample,awell-known structuredclassi�cationmethodhad
766GoogleScholarcitationsasof this writing, while thesupportingsoftware,which wasreleased
with an open-sourcelicensebut no peer-reviewed publication,hasonly 78 citations. In contrast,
publishedsoftwaredescriptionsfor bioinformaticsprogramsarecitedin everypublisheduseof the
program:thepublisheddescriptionof oneversionof BLAST had20540GoogleScholarcitations,
for instance.

4.4 Machine Learning ResearchersareNot GoodProgrammers

While mostmachine-learningmethodsareimplementedin someform, it doesnot follow that the
bestmachinelearningresearchersarethebestprogrammers.Openingup “researchquality” code
to theinspectionandmodi�cation of others(who maybemoreskilled programmers)cancertainly
help to improve the quality of the codebase. On the other hand,the initial developersmay be
reluctantto exposetheirprogrammingpracticesto publiccriticism.

4.5 SloppinessHidesProblemsof Newly ProposedMethodsand EasesAcceptanceat
Conferencesand Journals.

A certaindegreeof sloppinessmaybeadvantageousto someonetrying to promotea new method.
For example,many algorithmsrequirethesettingof parameters,decisionsaboutconvergence,anda
multitudeof otherthings,andit is perhapsnotunusualthatresearchersinadvertently“help theirnew
algorithmsalong”,by carefullymakingsurethat“nothing goeswrong” duringtheapplicationof a
method,andif somethingdoesgowrong,asuitablemeasureis taken,thatis, reductionof a learning
rate,restartwith a new randomseedetc. Thus,beingabsolutelypreciseaboutthealgorithm,could
helpbringtheseissuesto thesurface,but thisis currentlyonly rarelydone,presumablybecausesuch
detailsarethoughtof assecondary, andnotreallypartof theideaof thealgorithm.Therefore,at �rst
glance,makingthesourcecodefor a particularmachinelearningpaperpublic mayseemcounter-
productive for theresearcher, asotherresearcherscanmoreeasily�nd problemswith theproposed
method,and possiblyeven discredit the approach. The researchermay also lose a competitive
advantagebecausecompetinggroupscanalsousethesoftware.However, thesameargumentholds
for makingresearchpaperspublicly available,andasdiscussedin Section2 themove to anopen
sciencein the Age of Enlightenmentspedup scienti�c progressand boostedeconomicgrowth.
Therefore,the alreadyaltruistic behavior of publishingpapersshouldbe complementedby also
providing opensourcecodeasthe samegreatbene�ts canbe expectedif many otherresearchers
follow thispathandalsodistributeaccompanying opensourcesoftware.
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4.6 Tradition—ReviewersPassPapersof Similar Quality

Finally, thereseemsto exist a tradition,which let's people“get away” with less. Whenreviewers
examinea paper, they have othersimilar papers(they passed)in mind. They thereforepasspapers
“for tradition”, althoughthe paperscould have becomea lot morevaluable,if reviewersrequired
thatthesourcecodeof thealgorithmhadbeenprovided.

Theselatter two issuesareclosely relatedto the questionof how to designexperimentsin a
way which ensurestheability to make strongstatisticalclaimsabouttheoutcomesof experiments.
Onesuchattemptwasmadein the DELVE (Datafor EvaluatingLearningin Valid Experiments)
archive. However, this archive never gainedmuchpopularity, presumablybecauseits datasetsare
typically not very large, and it hasproven to be dif�cult to reachstatisticallystrongconclusions
usingrelatively smalldatasets.

5. Proposal

In summary, providing opensourcecodewouldhelpthewholecommunityin acceleratingresearch.
Arguably, the bestway to build an opensourcecommunityof scientistsin machinelearningis
to promoteopensourcesoftwarethroughtheexisting rewardsystembasedon citationof archival
sources(journals,conferences).Unfortunately, persuadingpeopleto publish the implementation
togetherwith their researchpaperis a long-termprocess,exacerbatedby a potentiallycon�icting
industrialinterest.However, it is possiblethatapushin thisdirectioncouldgathermomentum,with
peerpressuredoingtherest.

We would like to initiate this processby giving researchersthe opportunityto publish their
machinelearningopensourcesoftware,therebysettinganexampleof how to dealwith thiskind of
publicationmedia.Theproposednew JMLR trackon machinelearningopensourcesoftwarewith
review guidelinesspeciallytailoredto theneedsof softwareis designedto serve thatpurpose.

We encouragesubmissionswhich arecontributions relatedto implementationsof non-trivial
machinelearningalgorithms,toolboxesor even languagesfor scienti�c computing. As with the
mainJMLR papers,all publishedpaperswill befreely availableonline. Thesoftwaremustadhere
to a recognizedopensourcelicense(http://www.opensource.org/licenses/ ). Submissions
shouldclearlyindicatethatthey areintendedfor this specialtrackin thecover letterof thesubmis-
sion.

Sincewe speci�cally want to honorthe effort of turning a methodinto a highly usablepiece
of software,prior publicationof the methodis admissible,as long as the softwarehasnot been
publishedelsewhere.As aninspirationwe discussin AppendixB basicsoftwaredesignprinciples
andmoremachinelearning(toolbox) relatedideas. In summary, preparingresearchsoftwarefor
publicationis asigni�cant extraeffort whichshouldalsoberewardedassuch.

It is hopedthat the opensourcetrack will motivatethe machinelearningcommunitytowards
openscience,whereopenaccesspublishing,opendatastandardsandopensourcesoftwarefoster
researchprogress.

5.1 Format

We invite submissionsof descriptionsof high quality machinelearningopensourcesoftwareim-
plementations.Submissionsshouldat leastinclude:
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1. A cover letter statingthat the submissionis intendedfor the machinelearningopensource
softwaresection,theopensourcelicensethesoftwareis releasedunder, thewebaddressof
theproject,andthesoftwareversionto bereviewed.

2. An up to four pagedescriptionbasedon theJMLR format.

3. A zip or compressedtar-archive �le containingthesourcecodeanddocumentation.

5.2 Review Criteria

Thefollowing guidelineswould beusedto review submissions.While ideally submissionsshould
satisfyall the criteria below, they arenot necessaryrequirements.Someexamplesof acceptable
submissionswhich do not satisfyall criteria are: well designedopensourcetoolboxesbasedon
MatlabTM ; learningalgorithmsusingcommercialoptimizerssuchasMOSEKor CPLEXasaback-
end;or a teachingtool which haspoorcomputationalperformancedueto its didacticimplementa-
tion.

1. Thequalityof thefour pagedescription.

2. Thenovelty andbreadthof thecontribution.

3. Theclarity of design.

4. Thefreedomof thecode(lackof dependenceonproprietarysoftware).

5. Thebreadthof platformsit canbeusedon(shouldincludeanopen-sourceoperatingsystem).

6. Thequalityof theuserdocumentation(shouldenablenew usersto quickly applythesoftware
to otherproblems,includinga tutorial andseveralnon-trivial examplesof how thesoftware
canbeused).

7. Thequality of thedeveloperdocumentation(shouldenableeasymodi�cation andextension
of thesoftware,provideanAPI reference,provideunit testingroutines).

8. Thequalityof comparisonto previous(if any) relatedimplementations,w.r.t. run-time,mem-
ory requirements,features,to explain thatsigni�cant progresshasbeenmade.

After acceptance,theabstractincluding the link to thesoftwareprojectwebsite,the four pagede-
scriptionandthereviewedversionof thesoftwarewill bepublishedon theJMLR-MLOSSwebsite
http://www.jmlr.org/papers/mloss . Theauthorscanthenmake surethat thesoftwareis ap-
propriatelymaintainedandthatthelink to theprojectwebsiteis keptup-to-date.

6. Conclusion

We have arguedthat theadoptionof theopensourcemodelof sharinginformationfor implemen-
tationsof machinelearningsoftwarecanbehighly bene�cial for thewhole�eld. Theopensource
modelhasmany advantages,suchasimprovedreproducibilityof experimentalresults,quicker de-
tectionof errors,acceleratedscienti�c progress,andfasteradoptionof machinelearningmethods
in otherdisciplinesandin the industry. As the incentivesfor publishingopensourcesoftwareare
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currentlyinsuf�cient, we outlineda platformfor publishingsoftwarefor machinelearning.Addi-
tionally, wediscusseddesirablefeaturesof machinelearningsoftwarewhichwill ultimatelyleadto
highly usable,�e xible andscalablesoftware. We invite all machinelearningresearchersdevelop-
ing machinelearningalgorithmsto submitto thenew JMLR track for machinelearningsoftware.
De�ning well-designedinterfaceswill prove crucial towardsbetter interoperability, leadingto a
communitybuilt suiteof high-qualitymachinelearningsoftware.

Researchersin machinelearningshouldnotbecontentwith writing smallpiecesof softwarefor
personaluse.If machinelearningis to solverealscienti�c andtechnologicalproblems,thecommu-
nity needsto build on eachothers'opensourcesoftwaretools. Hence,we believe that thereis an
urgentneedfor machinelearningopensourcesoftware.Suchsoftwarewill ful�ll severalconcurrent
roles:a bettermeansfor reproducingresults;a mechanismfor providing academicrecognitionfor
qualitysoftwareimplementations;andaccelerationof theresearchprocessby allowing thestanding
onshouldersof others(notnecessarilygiants!).

Acknowledgments

Theauthorswould like to acknowledgeS.V.N. Vishwanathan,TorstenWernerandtheattendeesof
theNIPSWorkshoponMachineLearningOpenSourceSoftware2006for inspiringdiscussions.We
thankAndreNoll andSebastianSchultheißwhosecarefulreadingandinsightshave improvedthis
manuscript.We thankEvanaUshakoff for providing legal comments.We gratefullyacknowledge
partial supportfrom the PASCAL Network of Excellence(EU #506778).C. S. Ong is alsowith
Max PlanckInstitutefor Biological Cybernetics,Spemannstr. 38, 72076Tübingen,Germany and
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Appendix A. Which Licenseto Choose?

As discussedin Section2, mostissuesregardingthe useof opensourcesoftwarearisewhenone
wantsto distributea modi�ed or derivedproduct.In this section,wewish to discusstheseissuesin
moredepth.

With theproliferationof opensourcesoftware,variouslicenseshave beenput forward,confus-
ing a developerwho just wantsto releasehis programto the public. Whilst the choiceof license
mightbeconsideredaboringlegal/managementdetail,it is actuallyvery importantto getit right—
the choiceof certainlicensesmay signi�cantly limit the impacta pieceof softwaremay have.19

In this sectionwe brie�y summarizesomepertinentquestionsbelow asa guidelineto someof the
morepopularlicenses.20

The owner of the intellectualpropertypresentin the code(often the original author, but de-
pendingonemploymentcontract,sometimestheemployer)ownsthecopyright of thework andcan

19. For exampleif theSPICEsoftwarehadbeenreleasedunderaGPL-like license,it is extremelyunlikely thatit would
havehadtheimpactthatit did, with multi-billion dollarcompaniesbeingcreatedonthebasisof it becausethevalue-
addthecompaniescreatedcouldnothavebeenprotected,andthustherewouldbenocompetitiveadvantage.On the
otherhandit is questionablewhethertheLinux kernelwouldhaveevolvedinto anopen,full featuredmulti-platform
kernelwith thousandsof developerscontinuouslycontributing if it wasBSD licensed.

20. Disclaimer:This doesnot constitutelegal advice.Sincelicensingis a legal issue,andsinceemployersusuallyhave
aninterestin theprotectionof whatis usuallytheir intellectualproperty, readersshouldalwaysseektheirown formal
legal advice.

2458



MACHINE LEARNING OPEN SOURCE SOFTWARE

thusdictatethe licenseunderwhich it is released(Webbink, 2003). Differentlicensesprotectdif-
ferentaspectsof thesoftwarewith bene�ts for the initial developeror developerscreatingderived
work (Laurent, 2004). Signi�cant licensingissuesmayarisewhenopensourcesoftware(OSS)is
combinedwith proprietarycode. Dependingon the license,the resultingproductmay have to be
publishedasopensource,including the formerly proprietarycode. Licenseswhich demandthat
subsequentmodi�cations of thesoftwarebereleasedunderthesamelicensearecalled“copyleft”
licensesWikipedia(2007a), themostfamousof which is theGNU GeneralPublicLicense(GPL).

For example,for developerscreatingderivedworksa BSD/MIT licenseis themostliberal, as
it allows a developerto incorporatethe software in his own product,without opensourcingthe
wholeproductlater; andGPL is themoststrict, trying to ensurethatall subsequentderivativesof
thesoftwarealsostayopen.Fromtheviewpointof theoriginaldeveloper, thissituationis reversed:
UsingtheBSD/MIT license,hemaynot bene�t from patcheswith enhancements,while usingthe
GPL licenseensuresthat derived work will stayopen,making future enhancementsavailable to
theoriginal developer. Thentherearethe“in between”licenses,like LesserGNU GeneralPublic

Figure1: An illustrationof opensourcelicenseswith respectto therightsfor theinitial developer
andthedevelopercreatingderivedworks.

License(LGPL), the CommonPublic License(CPL) andthe Mozilla Public License(MPL) that
only requirethe changesto the codeto be released.Hencethe original authorhasaccessto any
futuremodi�cations(bug �x esor new features)of his or herparticularpieceof software.Figure1
visually illustrateslicenseinterdependencies.

Notethatonecanreleaseone'sown softwareundermultiple licenses.This is referredto asdual
licensingandallowsadeveloperto releasehiscodeto thepublicundertheGPLandatthesametime
sell it commerciallyin aclosed-sourceproduct.However if oneincludeschangesin aprogramthat
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otherdevelopershave madecontributions,theagreementof all contributorsis requiredto changea
license(Laurent, 2004; Burnette, 2006; FitzgeraldandBassett, 2003). A crudesummaryof some
of thesimpledistinctionsbetweensomeOSSlicensesis givenin Table2. It shouldbenotedthata
simpletablehidesthecomplexity of someof thekey issues(seebelow).

A.1 SomeComplexities

As an illustration of someof the dif�culties, let us considerthe issueof con�icting opensource
licensesandtheissueof reciprocalobligations.

A.1.1 OPEN SOURCE L ICENSES MAY CONFLICT

Whenreleasingaprogramas“opensource”it is notobviousthatalthoughtheprogramis now “open
source”it still may have a licensethat con�icts with many otheropensourcelicenses.Licenses
mayhave mutuallycon�icting requirements,for examplewith respectto jurisdiction,or including
advertisingclauses,suchthatonecannotlegally combinethetwo programsinto anew derivedwork
(simply usingbothprogramsis usuallypossible,though). TheOSI currentlylists 60 opensource
licenses21 andtheconsequenceof this licenseproliferation22 meansthatthesimpleinclusionBSD
� LGPL � GPLasshown in Figure1 doesnothold for otherlicenses.23 For exampletheMPL and
CPL con�ict with themostwidely usedlicenses,which aretheGPL (in useby about70%of the
OSSprograms)andtheLGPL (about10%spread),andmayevencon�ict with eachotherFigure2.
While this canbe usedto purposelygeneratecon�icts, asa generalrule, oneshouldrefrain from
doing so as it will make codeexchangebetweenopensourceprojectsimpossibleandmay limit
distribution andthussuccessof a opensourceproject.For a morein-depthdiscussionseeWheeler
(2007). Researchersaspiringto a wide developeraudiencefor their softwareshouldconsiderGPL
compatiblelicenses,24 or selectonewith astrongcommunity.25

Figure2: OpenSourceLicensesmaycon�ict with eachother.

21. TheOSI licenselist canbefoundat http://www.opensource.org/licenses/alphabetical .
22. Thelicenseproliferationcommitteereportisavailableathttp://opensource.org/osi3.0/proliferation- report .
23. Notethat this only holdsfor the3-clauseBSD license.Also notethat this is a one-way street,that is, BSD licensed

softwarecannotmergecodefrom LGPL/GPLandLGPL cannotmergesoftwarefrom GPLprojects
24. The Free Software Foundations GPL compatible license list is available at

http://www.gnu.org/philosophy/license- list.html
25. Licenseswith astrongcommunityarelistedat http://opensource.org/licenses/category .
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A.2 ReciprocalObligations

Another issueis the one of reciprocalobligations: any modi�cations to a pieceof opensource
softwaremay needto be availableto the original authors. In the following, to give a hint of the
complexity, reciprocalobligationsarediscussedfor thefollowing licenses:

� LGPL – appliestheconceptof “derivativeworks”, which (confusingly)canincludethecom-
binedwork resultingfrom linking aLGPL-licensedLibrary andanon-LGPL“work thatuses
the Library”. Problematically, the LGPL requiresfor suchcombinedworks that the source
codeof the “work that usesthe Library” needsto be disclosedwhenthe combinedwork is
distributed(LGPL section2, third lastparagraph).This is asubstantiallimitation to theutility
of theLGPL in enablingcomponentsto befurtherdevelopedanddistributedwith proprietary
code. The LGPL alsotries to make somefairly complex anduncleardistinctionsbetween
what constitutesa collective or derivative work to determinewhetherthe LGPL attachesto
licensee-createdworks.

� MPL – doesnotapplytheconceptof “derivativeworks”, but talksinsteadof “modi�cations”
to (i.e., additionsto or deletionsfrom) theOriginal Codeascomprisingpartof theCovered
Code(i.e., codeto which the MPL applies).This makesthe MPL morecomprehensibleto
(some)legal audiences,andthereforemorecertainfrom that perspective. However, it also
makes the MPL's reciprocalobligation more limited. The MPL permitsCoveredCodeto
be distributedwithin Larger Works in a combinedwork without the MPL attachingto the
non-MPLcode(aslong asthedistributor continuesto apply theMPL to theCoveredCode
componentof the Larger Work). This overcomesthe over-inclusivenessaspectof the GPL
andLGPL, andmakestheMPL morefriendly towardsdeveloperswhomaywish to combine
MPL codewith their own proprietarycodethatis nota “modi�cation” of MPL code.

� CPL – like MPL, appliesthe conceptof additionsor changesfrom the original Contribu-
tion. However, the CPL arguably imposesmorenarrow reciprocityobligationsthaneither
GPL/LGPL or MPL, becausethe CPL explicitly exemptsthe reciprocity obligationsfrom
applyingto a“separatemoduleof softwaredistributedin conjunction”with theoriginalCon-
tributionthatis nota“derivativework”. Putanotherway, theCPLreciprocityobligationonly
attachesto additionsto theoriginal contribution thatare“derivative works” but not separate
modulesof software.

Appendix B. Guidelinesfor GoodMachine Learning Software

Without claimingto beexhaustive, in this appendixwe recordsomeguidelineswhich,we believe,
would leadto highqualitymachinelearningsoftware.

B.1 GoodSoftwarePractices

Thereis a signi�cant differencebetweena pieceof codewhich is intendedto be usedprivately
(eitheraloneor within asmallresearchgroup),andonewhich is intendedto bemadepublicandto
beused(or evenextended)by externalusers.While a certainlack of organization,documentation,
androbustnesscanbetoleratedwhenthesoftwareis usedinternally, it canmake thesoftwarenext
to uselessfor others.Theold rule thatsoftwareis primarily written for otherhumans,andnot only
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for computers,is evenmoreimportantwhenyouraudienceis largerthancolleagueswith whomyou
closelycollaborate.

1. Softwareis usefulandusable.
2. Softwareis documented.
3. Softwareis robust.
4. Softwarehaswell-de�ned interfaces.
5. Softwareusesexisting interfacesandstandards.
6. Softwarehaswell established(unit) testingroutines.

Table4: Six featuresof usefulmachinelearningsoftware

Goodmachinelearningsoftwareshould�rst of all beagoodpieceof software(Table4). There
exist many bookson softwaredesign. The inclined readeris referredto the booksby Raymond
(2004) or HuntandThomas(2000) for further information.Justputtingyour researchsoftwareon
your web-pagewill not besuf�cient. Oneshouldfollow generalrulesfor developingopensource
software(seealsothediscussionby Levesque, 2004, which highlightscommonfailuremodesfor
opensourcesoftwaredevelopment):

� Thesoftwareshouldbestructuredwell andlogically suchthatits usabilityis high.

� It shouldbe documentedwell, suchthat you canlearnto usethe softwarequickly; for ex-
ample,in the form of a tutorial, a reference,andexamples;ideally, alsoincludedeveloper's
documentationwhichexplainsthesoftware's internals;

� It shouldbesuf�ciently robust,which meansthat it is asmuchaspossiblebug-free,but also
toleratesincorrectinputsaswell asproviding meaningfulerrormessagesinsteadof breaking
down silently.

� It shouldprovide testingroutinesto verify automaticallywhetherthe codeis correct. This
reducesthelikelihoodthatmodi�cationsof thecodeintroducesbugs.

In any case,themaingoalshouldbeto maximizethere-usabilityof your software.Thereforeyou
would wantto make your softwareas�e xible aspossiblesuchthat it candealwith a largenumber
of differenttypesof data.Youwouldalsowantto clearlyde�ne theinterfaceto yoursoftwaresuch
thatotherscaneasilyuseit directly.

Ideally, thesoftwarealsoincludesa numberof unit tests.Thesearesmallprogramswhich can
berun automaticallyandtestthe individual partsof theprogramfor correctness.Unit testsarean
indispensabletool for ensuringthatasmallchangedoesnot introducebugswhichgounnoticedfor
a long time. Suchteststhereforefacilitatemodi�cation of softwaregreatly.

Apartfromtheseconsiderationsthatapplytoany softwaredesign,thereareseveralrequirements
that arespeci�c to the domainof machinelearning. Sincetheserequirementsarequite different
dependingon whetheryou arewriting high-quality implementationsof a speci�c algorithm(for
example,supportvectormachines),or moregeneralframeworks, we have split the discussionin
two sectionsdiscussingthesetwo extremes.
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B.2 Guidelinesfor SingleMachine Learning Algorithms

Considerthecasethata researcherhasspecialexpertisein implementingacertainclassof machine
learningalgorithms,andhasdeveloped,for example,a new implementationof supportvectorma-
chineswhich is very ef�cient, or a clever implementationof a certainclassof graphicalmodels.
Thereshouldexist severalwaysof usingtheprogram,for example,stand-alonefrom thecommand
line, andasa library which canbelinkedto otherprograms.Reusingtheinterfaceof existing soft-
waresolving the sameproblemis alsovery useful. Then, the softwarecanbe usedasa drop-in
replacement.If the algorithmcanbe practicallyappliedto large datasets,it is desirablethat the
availablemainmemoryis not the limiting factor, but if thealgorithmsaredesignedsuchthat they
canalsodealwith datasetswhich resideon theharddisk, usingthemainmemoryasa cache.Fi-
nally, oneshouldmake surethat thesoftwareis ableto readandwrite dataformatsin at leastone
commonlyuseddataexchangestandard.

B.3 Guidelinesfor Lar ger Machine Learning Frameworks

A completelydifferentkind of endeavor is to build a framework, or anenvironment,which canbe
usedfor alargenumberof differentmachinelearningtasks.Suchaframework typically integratesa
numberof existingmorespecializedmachinelearningalgorithms,or low-level numericallibraries.

Since frameworks shouldbe suited for a wide rangeof applications—potentiallyincluding
methodsanddatatypeswhich have not yet beeninvented—acleandesignis particularly impor-
tant. Oneapproachto achieve this is to decomposetheframework into severalsmallmoduleswith
clearlyde�ned interfacessoasto minimizethecouplingbetweendifferentpartsof theframework.
Then,individualmodulescanbemodi�ed or extendedmoreeasily.

For example,a framework which dealswith vectorial dataand matrices,could also provide
accessto a standardsetof basiclinearalgebraroutines,learningalgorithmsdealingwith vectorial
datalike supportvectormachines,or leastsquaresregression,androutinesto storeandreadthese
standarddatatypes.However, theinterfacesbetweenthesecomponentsaresuf�ciently abstractthat
it is possibleto replacethelinearalgebraroutinesby moreef�cient oneswithout affectingtherest
of theframework.

But asmachinelearningdealswith a largenumberof differentkindsof datasets,frameworks
couldalsosupportotherdatatypeslike strings,sequences,trees,graphs,sparsevectors,et cetera.
Likewise,toolsfor graphicalmodelsshouldallow for easyspeci�cationof themodel,ability to save
states,a varietyof approximatesamplersandsolvers,convergencemonitors,and�e xible nonpara-
metricmessagepassingtools.

Beyondthesebasicfeatures,thefollowingmethodswouldbenicetohave: ef�cient optimization
solvers; accessto classicalstatisticalmethodsand probability distribution; a good visualization
library, thatprovidesgraphsof variouskinds to helpanalyzingdataandreportingresults;various
classi�cationandregressionalgorithms,alsowith extensionstoone-classandmulti-class;clustering
andstructurelearningalgorithms;graphicalmodels,andBayesianinference,et cetera.

As clustersof machinesbecomemoreandmoreaffordable,it would beniceto provide simple
waysto parallelizepartsof thealgorithms.Oftenmachinelearningalgorithmsareeasyto parallelize
andonly thebarrierof low-level parallelcomputingstopsthedesignersfrom doingso. To achieve
thisgoalparallellibrariessuchasOpenMPandMPI couldbeused.
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