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Abstract

Machinelearning hasreacheda point where most probabilistic meth-
ods can be understoodas variations,extensionsand combinationsof a
much smallersetof abstractthemes.e.g., asdifferentinstancesf the
EM algorithm. This enableghe systematiderivationof algorithmscus-
tomizedfor differentmodels. Here,we demonstratéhe AUTOBAYES
systemwhichtakesahigh-level statisticaimodelspecificationusespow-
erful symbolictechniqgue®asedn schema-basegrogramsynthesisand
computeralgebmato derive anefficientspecializedlgorithmfor learning
thatmodel,andgenerategxecutablecodeimplementinghatalgorithm.
This capabilityis far beyondthatof codecollectionssuchasMatlabtool-
boxesor even toolsfor model-independergptimizationsuchasBUGS
for Gibbs sampling: complex new algorithmscan be generatedvith-
out new programmingalgorithmscanbe highly specializecandtightly
craftedfor the exact structureof the modeland data,and efficient and
commentectode can be generatedor differentlanguagesr systems.
We presentautomatically-dexied algorithmsrangingfrom closed-form
solutionsof Bayesiartextbook problemso recently-proposeiM algo-
rithmsfor clusteringregressionanda multinomialform of PCA.

1 Deriving Statistical Algorithms by Computer

Overview. We describea symbolicprogramsynthesianethodwhich actsasa “statistical
algorithmcompiler:” it cancompile a statisticalmodel specificationinto a customalgo-
rithm designandfrom that further down into a working programimplementingthe algo-
rithm design.Thesystemimplementinghis method AUTOBAYES, canbelooselythought
of as“part theoremprover, part Mathematica part statistics/learningextbook, and part
NumericalRecipes. It providesmuchmorethana fixed coderepositorysuchasa Mat-
lab toolbox, andallows the creationof efficient algorithmswhich have never beforebeen
implementedpr even written down. The systemis intendedto automatethe more rou-
tine applicationof complex methodsin novel contets. For example,recentmultinomial
extensiongo PCA[2, 4] canbederivedin thisway.



The algorithm designproblem. Givena datasetind a task, creatinga learningmethod
canbecharacterizethy two mainquestionsi. Whatis themodel?2. Whatalgorithmwill
optimizethe modelparameters?he statisticalalgorithm (i.e., a parameteoptimization
algorithmfor the statisticalmodel) can then be implementedmanually The systemin
this paperanswerghe algorithm questiongiven that the userhaschosena modelfor the
data! andcontinueghroughto implementationPerformingthis taskat the state-of-the-art
level requiresan intertwinedmeld of probabilitytheory computationamathematicsand
softwareengineeringHowever, anumberof factorsuniteto allow usto solve thealgorithm
designproblemcomputationally: 1. The existenceof fundamentabuilding blocks (e.qg.,
standardizegbrobability distributions,standardptimizationproceduresandgenericdata
structures)2. Theformalizationof acommorrepresentatiofi.e.,graphicaimodelq3, 14]
andprogramschemas- to bedescribed)3. Theformalizationof schemayuards(i.e., their
known applicability constraintsy.

The challengesof algorithm design.Thedesignproblemhasaninherentlycombinatorial
nature,sincesubpartsof a function may be optimizedrecursvely andin differentways.
It alsoinvolvesthe useof new datastructureor approximationgo gain performance As
theresearctstatisticalalgorithmsadwancesits creative focusshouldmove beyondthe ul-
timately mechanicalaspectsand towardsextending the abstractapplicability of already
existing schemagalgorithmicprincipleslike EM), improving schemag waysthatgener
alizeacrossarything they canbe appliedto, andinventingradicallynenv schemas.

2 Combining Schema-basedynthesisand BayesianNetworks

Computational logic and theorem proving. Our approacHalls into a classof techniques
known as computationalogic. It hasits basisin logic programming as exemplified by
the Prologlanguaggin which AUTOBAYES is implemented)a computationallyefficient
embodimenbf the generalideaof theoem proving within Horn clauselogic. It begins
with aninitial goalanda setof initial assertionspr axioms,andaddsnew assertionsor
theoremsby repeatepplicatiorof theaxioms,until thegoalis proven. In ourcontet, the
goalis givenby thestatisticaimodel;thederivedalgorithmsaresideeffectsof constructve
theoremgroving the existenceof algorithmsfor the goal.

Computer algebra. Thefirst core elementwhich makesautomaticalgorithmderivation
feasibleis the fact thatwe canmechanizahe requiredsymbolmanipulation,usingcom-
puteralgebramethods.Generalsymbolicdifferentiationand expressionsimplificationare
capabilitiesfundamentato our approach.AuTOBAYES containsa computeralgebraen-
gine usingterm rewrite ruleswhich are an efficient mechanisnfor substitutionof equal
quantitiesor expressionsindthuswell-suitedfor this task®

Schema-basedynthesis.While attractize from a first-principlespoint of view, the com-
putationalcostof full-blown theoremproving grindssimpletasksto a halt while elemen-
tary and intermediatefacts are reirventedfrom scratch. To achieve the scaleof deduc-
tion requiredby algorithmderivation, we thusutilize a schema-basedynthesigechnique

IStrictly, thereis a third question:“3. Whatmechanisnwill be usedto ensuregeneralization?”
In AUTOBAYES generalizatiorproceduresuchas cross-alidationare implementableas ordinary
schemasandtechniquesuchaslikelihood penalizatiorareimplementablesadditionalmaximiza-
tion goals;herewe focuson parametepptimizationschemasLearningmethodsoutsidethe fixed-
modelformat,suchasstructurdearningandfeatureselectioncanbeaddresseth systemextensions
usingthe describedtapabilitiesn aninnerloop.

2Guardsvarywidely; for example contrasNead-Meldesimplex or simulatecannealingor Gibbs
sampling(which requireonly numericfunction evaluation),conjugategradient(both Jacobiarand
Hessian)EM andits variationalextension[7] (alatent-\ariablestructure).

3PopularsymbolicpackagesuchasMathematicaontainknown errorsallowing unsoundieriva-
tions;they alsolack the supportfor reasoningvith vectorandmatrix quantities.



which breaksaway from stricttheoremproving. Insteadwe effectively encodehigh-level
knowledge suchasthe generaEM stratgy, assthemasor auxiliary lemmaswith explic-
itly specifiedpreconditions.The secondcore elementwhich makesautomaticalgorithm
derivationfeasibleis the fact thatwe canuseBayesiametworksto efficiently encodethe
precondition®f complex algorithmssuchasEM.

First-order logic representationof Bayesiannetworks. A theoryof indexed Bayesian
networkswasdevelopedin [8]; hereindicesarerepresente@sPrologvariablesandnet-
works correspondo back-trackfree datalogprograms,allowing the dependencie be
efficiently computed. We have extendedtheseresultsto work with non-groundproba-
bility queriessincewe seekto determineprobabilitiesover vectorsand matrices. Tests
for independencen theseindexed Bayesiametworksare easilydevelopedin Lauritzens
frameavork which usesancestraketsand setseparatior{10] andis more amenablgo a
theoremprover thanthe doublenegativesof the morewidely known d-separatiorriteria.
Givena Bayesiametwork,someprobabilitiescaneasilybe extractedby enumeratinghe
componenprobabilitiesateachnode:

Lemma 1. LetU, V besetsof variablesovera Bayesiametworkwith 7' N V' = . Then
V N descendent#’) = @ and parentU) C V hold in the correspondingdependency
graphiff thefollowing probability statemenholds:

Pr(U|V) = Pr(U|parentgU)) = HPr(u | parentgu)).

Symbolic probabilistic inference. How can probabilitiesnot satisfyingtheseconditions
be convertedto symbolicexpressionsVhile mary generalschemegor inferenceon net-
worksexist, our principal hurdleis the needto performthis over symbolicexpressionsn-

corporatingrealandintegervariablesfrom disparateeal or infinite-discretedistributions.
For instance,we might wish to computethe full maximuma posteriori probability for

the meanandvariancevectorsof a Gaussiammixture modelundera Bayesiarframeavork.

While thesum-producframework of [9] is perhapgloserto our formulation,we have out
of necessitydevelopedanotherschemehatlets us extract probabilitieson a large classof

mixed discreteandreal, potentiallyindexed variables whereno integralsare neededand
all maginalizationis doneby summingout discretevariables. We give the non-indexed
casebelow; this is readilyextendedto indexedvariabled(i.e., vectors).

Lemma 2. V N descendent§’) = ( holdsand ancestorgV’) is independenof U given
V iff there exists a setof variablesU’ sud that Lemmal holds if we replaceU by
U U U’. Moreover the unique minimal setU’ satisfyingtheseconditionsis given by
ancestor§l/) /(ancestor6l ) U V) .

Lemmaa3. LetV’ beasubsebfV/descendent ) sud thatancestorsl’) isindependent
of (U U V)/(V' U ancestor§V’)) givenV’. ThenLemma2 holdsif we replaceU by

UuV/V"andV by V. Moreover there is a uniquemaximalset V' satisfyingthese
conditions.

Lemma2 letsus evaluatea probability by a summation:
PrUIV)= > PrU =u,U|V)
u’ eDom(U")
while Lemma3 letsus evaluatea probability by a summatiorandaratio:
Pr(UUV/V' |V
Pr(V/V'|V")
Sincethelemmasalsoshav minimality of thesetsU/’ andV/V’, they alsogivetheminimal

conditionsunderwhich a probabilitycanbe evaluatedoy discretesummatiorwithoutinte-
gration. Theseinferencelemmasare operationalizecs networkdecompositiorschemas.

PrU|V) =




However, we usually attemptto decompose probability into independentomponents
beforeapplyingthis schema.

3 The AuTtoBAvEs System— Implementation Outline

Levelsof representation.Internally, our systenuseghreeconceptuallydifferentlevelsof
representationProbabilities (includinglogarithmicand conditionalprobabilities)arethe
mostabstracievel. They areprocessedia methodgor Bayesiametworkdecomposition
or matcheswith corealgorithmssuchasEM. Formulaeareintroducedwhenprobabilities
of theform Pr(U | parent$lU)) aredetectedgitherin theinitial network,or afterthe ap-
plicationof networkdecompositionsAtomic probabilities(i.e., U is asinglevariable)are
directly replacedby formulaebasedon the givendistribution andits parametersGeneral
probabilitiesare decomposedhto sumsand productsof the respectie atomic probabili-
ties. Formulaearereadyfor immediateoptimizationusingsymbolicor numericmethods
but sometimeshey canbe decomposeturtherinto independensubproblemsFinally, we
useanimperatieintermediatecodeasthelowestlevel to represenibothprogramfragments
within the schemasswell asthe completelyconstructegrograms.All transformations
we applyoperateon or betweerthesdevels.

Transformations for optimization. A numberof differentkinds of transformationsre
available. Decompositiorof a probleminto independensubproblemss alwaysdone.De-
compositionof probabilitiesis drivenby the Bayesiametwork;we have aseparatesystem
for handlingdecompositiorof formulae.A formulacanbe decomposedlonga loop, e.g.

the problem*“optimize g for [T, f(6;)" is transformednto a for-loop over subproblems
“optimize 6; for f(6;)” More commonly “optimize d, ¢ for f(6) + g(¢)” is transformed
into the two subprogramsoptimize ¢ for f(#)” and“optimize ¢ for g(¢).” Thelemmas
givenearlierareappliedto changehelevel of representatioandthusfor simplificationof
probabilities Examplesf generalexpressionsimplificationincludesimplifying thelog of
aformula,maving asummatiorinwards,andsoon. Whennecessarysymbolicdifferentia-
tion is performed.n theinitial specificatioror in intermediateepresentationdikelihoods
(i.e. subexpressionof theform log [, Pr(z;|6)) areidentifiedandsimplifiedinto linear
expressionwith termssuchasmeariz;) andmear{z?). Thestatisticalalgorithmscemas
currentlyimplementedncludeEM, k-meansanddiscretemodelselection Addinga Gibbs
samplingschemawould yield functionalitycomparabldo thatof BUGS[15]. Usually, the
schemagsequirea particularform of the probabilitiesinvolved; they arethustightly cou-
pledto the decompositiorandsimplificationtransformations For example,EM is a way
of dealingwith situationwhereLemmaz2 appliesbut wherelU” is indexedidenticallyto the
data.

Code and test generation. Fromthe intermediatecode,codein a particulartargetlan-
guagemay be generatedCurrently AUTOBAYES cangenerateC++ andC which canbe
usedin a stand-alondashionor linked into Octare or Matlab (asa mex file). During this
code-generatiophasemostof the vectorand matrix expressionsare corvertedinto for-
loops,andvariouscodeoptimizationsare performedwhich areimpossiblefor a standard
compiler Our tool doesnot only generatesfiicient code, but also highly readabledoc-
umentedprograms:model-andalgorithm-specificommentsaregeneratecautomatically
during the synthesigphase. For mostexamples,roughly 30% of the producedines are
comments.Thesecommentgprovide explanationof the algorithm’s derivation. A gener
atedHTML softwaredesigndocumentwith navigation capabilitiefacilitatescodeunder
standingandreading. AUTOBAY ES alsoautomaticallygenerates programfor sampling
from the specifiedmodel, so that closed-looptestingwith syntheticdataof the assumed
distributionscanbe done. This canbe doneusingsimpleforward samplingsincetestdata
needso begeneratedlongwith the“true” modelparameterso generatea full testcase.



4 Example: Deriving the EM Algorithm for GaussianMixtur es

1. User specifiesmodel. First, the
userspecifieghe modelof interestin
a high-level specificationlanguagé
(as opposedto a programming lan-
guage). Note the constraintthat the
sum of the class probabilities must
equalone (line 8) along with others
(lines 3 and 5) that make optimiza-
tion of the modelwell-defined. Also
note the ability to specify assump- 10 int_c(l.n_p oints) as ‘class labels;
tionsof thekind in line 6, whichmay ' ¢~ ®scvee (= L.ncla sses, phi))
be usedby somealgorithms.Thelast
line specifieghe goalinferencetask:
maximizethe conditionalprobability
pr(f|{$, i, &}) with respecto the parameters, ji, and&. Notethatmoving the parame-
tersacrosgo theleft of the conditioningbarconvertsthis from a maximumlikelihoodto a
maximura posterioriproblem.

model mog as 'Mixture of Gaussian s’ ;

const int n_points as ’'nr. of data points’
with 0 < n_points ;

const int n_classes := 3 as 'nr. classes’
with 0 < n_classe s
with  n_classe s << n_points;

double phi(l..n _cla sses) as 'weight s’
with 1 = sum(l := 1.n_clas ses, phi(l));

double  mu(l..n_ cl asses);

double sigma(l. .n _clas ses) ;
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data double x(1..n_poi nts) as ’'data’
x() 7 gauss(mu (c (I ), sigma(c( 1))) ;

= e
w

4 max pr(x] {phi ,mu,sig ma}) wrt {phimus igma};

2.Systemparsesmodelto obtain underlying Bayes N
net. Fromthe model,the underlyingBayesiannet- dasse
work (dependencgraph)of themodelis derivedand @ 9

representedhternallyasa directedgraph.For visual-
ization, AUTOBAY ES canalsoproducea graphdraw- N
oo

ing asshavn in thefigure. | X
[N ; discrete gauss
3. System observeshidden-variable structure in (Noons )

Bayesiannetwork. Firstthe systemattemptgo de-

composdhe optimizationgoalinto independenparts,but findsthatit cannot.However, it
thenfindsthatthe probabilityin theinitial optimizationstatementnatcheghe conditions
of Lemma2.

4. System invokes abstract EM-
family schema. This triggersthe  Schemamax Pr(U|V)wrt V,C) : —
EM-schemawhoseoverall structure
is shavn. The syntacticstructureof . .
the current subproblemmust match while ([converging(V)]){

: ) * M-step*/ [max Pr(W, U |V)wrt V];
_the flr_sf[ argument of_the scher_na, I* E-step*/ [calculatePr(W | U, V)];
if additionalapplicability constraints )
(notshaown here)hold, this schemads
executed. It constructsa pieceof codewhich is returnedin the variableC'. This code
fragmentcan containitself calls to other schemagdenotedby [...]) which returncode
for subproblemsvhich thenis insertedinto the schemasuchasconvergin g, a generic
convergencecriterion hereimposedover the variables;i, &, (/; The systemidentifiesthe
discretevariable¢ asthe singlehiddenvariable,i.e. W = {c}. For representationf the
distribution of the hiddenvariablea matrix ¢’ is generatedwherey;; is the probability that
the i-th point falls into the j-th class. AUTOBAYES thenconstructghe new distribution
c() ~ disc(vec( J = 1.n _classes, q(I, J)) whichreplacegheoriginal dis-
tributionin thefollowing recursve callsof AUTOBAYES.

C = "[initialize W1;

“In thisfigure, keywordshave beenunderlinedandline numbershave beenaddedor referencen
thetext. Theas-keyword allows annotationgo variablesvhichendupin thegenerated¢odes com-
ments.In thisexamplen_classes hasbeensetto three(line 4), but n_points  is left unspecified.
The classvariableandsingledatavariable(feature)arevectors,which definethemasindependently
andidenticallydistributed.



while (convergi ng (7., &)1 5. E-step: Systemperforms marginaliza-

for i=1:N tion. Thefreshlyintroduceddistribution for
for j=1:C ¢; implies that ¢; can be eliminatedfrom
9i5 = Pr(zile: = 4, 1, 8); theobjective functionby summingoveryg; ..

y Pr(os cilhie oe;, ) wrt {77, ) This givesus the partial programshawn in

theinternalpseudocode.

R 6. M-step: System recursively decom-

hil i i,3d A
Wf:;)? Ecgmfer?lv n9(#, 5, posesoptimization problem. AUTOBAYES
for j=1:C is recursvely called with the new goal
i; = Pr(zile; = 4, @, &); - o T oo = T oo o
oo TR max log Pr({Z, 7} | {3, fi,#)) wit {3, i, 7).

maxz i log Pr(a g, o) wit {ug,0,} Now, the Bayesia_nnetworkdeftzmposition
max Z " gi)eswt 18] sghemaapphesyvlth U = {e,z}, V =
1 ! ' {#, i, &}, revealingthat¢ is independenof
@, ji, thustheoptimizationproblemcanbedecomposeihto two optimizationsubproblems:
max Pr(Z|{¢, i, #}) wrt {{i, &} andmax Pr(¢|¢) wrt {}.

7. Systemunrolls i.i.d. vectors. The first subgoalfrom the decompositionschema,
max Pr(z| {¢, &, #})wrt {{, 7}, canbeunrolledover theindependenandidentically dis-

tributedvector # usingan index decompositiorschemawhich moves expressionout of

loops (sumsor products)whenthey arenot dependenon the loop index. Sincec and&

areco-indexed,unrolling proceedsver both (alsoindependenandidenticallydistributed)
vectorsin parallel: max Hf‘il Pr(zi|{ci, g, d})wrt {i,3}.

8. Systemidentifies and solvesGaussianelimination problem. The probability Pr(z; |
{ei, i, 7}) is atomic becauseparentsxz;) = {¢;, ii,&}. It canthusbe replacedby the
appropriatelyinstantiatedsaussiardensityfunction. Becausehesstrictly monotondog(-)
function can first be appliedto the objectve function of the maximization,it becomes
max 3.1, 37, i (— 5= (2 —p;)° —log V2m —log o) it {ji, 7}. Anotherapplicationof
index decompositiorallows solutionfor the two scalars:; ande;. Gaussiarelimination
is thenusedto solwve this subproblemanalytically yielding the sequencef expressions

Hj = Yoiey Gigei/ Yicy dij andoy = o7, gij(ei — )2/ icy dig-

9. Systemidentifies and solvesLagrange multiplier problem. The secondsubgoal
max Pr(¢| ¢) wrt {¢} canbeunrolledover thei.i.d. vector¢ asbefore. The specifica-
tion condition Z].Czl ¢; = 1 createsa constrainednaximizationproblemin the vectorg
which is solved by an applicationof the Lagrangemultiplier schema.This in turn results
in two subproblemdor a singleinstanceg; andfor the multiplier which are both solved
symbolically Thus,theusualEM algorithmfor Gaussiammixturesis derived.

10. System checks and optimizes pseudocode. During the synthesis process,
AUTOBAYES accumulates numberof constraintswhich have to hold to ensureproper
operationof thecode(e.g.,absencef divide-byzeroerrors).Unlesstheseconstraintcan
beresohedagainsthemodel(e.g.,o; > 0), AUTOBAYES automaticallyinsertsarun-time
checkinto the code. Beforefinally generatingC/C++ code,the pseudocodés optimized
usinginformationfrom thespecificatior(e.g.,ZjC ¢; = 1) andthedomain. Thus,deep
optimizationsbeyondthe capabilityof aregular compilercanbedone.

11. System translates pseudocodeto real code in desired language. Finally,
AUTOBAYES corvertsthe intermediatecodeinto codeof the desiredtarget system. The
sourcecodecontainsthoroughcommentdletailingthe mathematicsmplemented A reg-
ular compilercontaininggenericperformanceptimizationsnotrepeatedy AUTOBAYES
turnsthe codeinto an executableprogram. A programfor samplingfrom a mixture of
Gaussianss alsoproducedor testingpurposes.



5 Rangeof Capabilities

In this section, we discuss18 examples which have been successfullyhandled by

AUTOBAYES, rangingfrom simpletextbook examplesto sophisticatedEM modelsandre-

centmultinomialversionsof PCA. For eachentry, thetablebelow givesabrief description,
the numberof lines of the specificationand synthesizedC++ code(loc), andthe runtime
to generatehe code(onadual-2.2GHZ inux system).Correctnessvascheckedor these
examplesusingautomatically-generategdstdataandhand-writtenimplementations.

Bayesiantextbook examples.SimpletextbookexamplesJike Gaussiamith simpleprior
B;, Gaussianwith inversegammaprior By, or Gaussiarwith conjugateprior Bs have
closed-formsolutions.The symbolicsystemof AuTOBAY ES canactuallyfind thesesolu-
tionsandthusgenerateshortandefficient code. However, a slight relaxationof the prior
on u (Gaussiawith semi-conjugate@rior, B,) requiresaniterative numericalsolver.

Gaussiansin action. Oneappliedexampleis a Gaussiarchange-detectiomodelG;. A
slight extensionof the model(toward several features)yields a GaussiarBayesclassifier
modelG,. G5 hasbeensuccessfullytestedon variousstandardoenchmark$l], e.g.,the
AbalonedatasetCurrently the numberof expectedclassesiasto be givenin advance.

Mixtur e modelsand EM. A wide rangeof k-Gaussiamixturemodelscanbehandledoy
AUTOBAYES, rangingfrom the simple1D (#;) and 2D with diagonalcovariance(Ms)

to 1D modelsfor multi-dimensionatlassesV/s andwith (conjugate)riors on meani,

or varianceMs. Usingonly a slight variationin the specificationthe Gaussiardistribu-

tion canbereplaceddy otherdistributions(e.g.,exponentials Mg, for failure analysis)or

combinationge.g.. GaussiarandBeta, M-, or k-CauchyandPoissonMg). In the algo-
rithm generatetby M-, theanalyticsubsolutiorfor the Gaussiartasds combinedwith the
numericalsolver. Finally, M, is a k;-Gaussiangand k,-Gaussianswo-level hierarchical
mixture modelwhichis solvedby a nestednstantiationof EM [16]: i.e.the M-stepof the
uppermixture’s EM algorithmis asecondEM algorithmnestednsidethefirst.

Mixtur esfor Regression. We representedegressionwith Gaussiarerror and Legendre
polynomialswith full conjugatepriors allowing smoothing(e.g.,[11]). Two versionsof

thiswerethendone:robustlinearregressionR; replaceshe Gaussiarerrorwith a mixture
of two Gaussiangonebroad,onepeakedothcenteredat zero. TrajectoryclusteringRs

replaceshesingleregressiorcurve by amixtureof severalcurves[6]. In bothcaseanEM

algorithmis correctlyintegratedwith the exactregressiorsolutions.

Principal Component Analysis. We representethe multinomialversionof PCA called
latentDirichlet allocation[2]. AUTOBAY ES currentlylacksvariationalsupportyetit man-
agedo combinea k-meansstyleouterloop onthecomponenproportionswith anEM-style
innerloop onthehiddencounts producingtheoriginal algorithmof Hofmann,LeeandSe-
ung,andotherg[4].

[ # Description loc T. | # Description loc T |

Bi  p~N(po,07°) 12/137 0.2 B> p 13/148 0.2
o’ ] o’ NF_I(‘;—U—i—L %0005)

Bs  p~ N(uo, (2—0)0'5) 16/188 0.4 || Bs  p~ N(uo, 7o) 17/233 0.4
o’ ~ (P 41, Poy’) ! ~ (P +1, Poy’)

G,  Gaussstep-detect 19/662 2.0 | G2 GaussBayesClassify 58/1598 4.7

M, k-Gausanix 1D 17/418 0.7 || My k-Gausamix 2D, diag 22/599 1.2

Ms; —"—, multi-dim 24/900 1.1 | M. —"-1D,pu prior 25/456 1.0

Ms —"—, o prior 21/442 09 || Me¢ k-Expmix 15/347 0.5

M-  Gauss/Betanix 22/834 1.7 || Ms k-Cauchy/Poisson 21/747 1.0

My k1, ko-Gausshierarch 29/1053 2.3 mix

Ry, rob.lin. regression 54/1877 145 P PCAmult/w k-means  26/390 1.2

R, mixtureregression 53/1282 9.8




6 Conclusion

Beyond existing systems.Codelibrariesarecommonin statisticsandlearning(e.g.Mat-

lab, S), but they lack the high level of automatiorachievableonly by deepsymbolicrea-

soning. The BayesNet Toolbox[13] is a Matlab library which allows usersto program
in modelsbut doesnot derive algorithmsor generatecode. The BuGssystem[15] also

allows usersto programin modelsbut is specializedor Gibbs sampling. The stochastic
parametrizedgrammarf Mjolsnessand Turmon[12] allow a concisemodelspecification
similarto AUTOBAY ES’s specificatiolanguagebut arecurrentlyonly anotationaldevice

similar to XML. The systemof EllmanandMurata[5] alsosynthesizeprogramsrom a

high-level specificationput for the domainof differentialequatiormodeling.

Benefitsof automated algorithm and codegeneration. Industrial-stengthcode Code
generatedy AUTOBAYES is efficient, validated,and commented.Extremeapplications.
Extremelycomplex or critical applicationsuchasspacecrafthallengahereliability limits
of human-deelopedsoftware Automaticallygeneratedoftwareallows for penasive con-
dition checkingand correctness-by-constructiorkast prototypingand experimentation.
For boththe dataanalystandmachinelearningresearchelAuTOBAY ES canfunctionasa
powerful experimentalworkbench.Nex comple algorithms. Evenwith only thefew ele-
mentsmplementedofar, we shavedthatalgorithmsencroachingnresearch-hel results
[11, 6, 16, 4] canbe automaticallyderived. As moredistributions,optimizationmethods
and generalizedearningalgorithmsare addedto the system,an exponentially-graving
numberof comple new algorithmsbecomepossible jncluding non-trivial variantswhich
may challengeary singleresearches’particularalgorithmdesignexpertise.

Future agenda.Theultimategoalis to give researchertheability to experimentwith the
entire spaceof complex modelsandthe state-of-the-arstatisticalalgorithmsneededor
them,andto allow new algorithmicideas,asthey appearto be implicitly generalizedo
every modeland specialcaseknown to be applicable. We have alreadybegun work on
generalizinghe EM schemao continuoushiddenvariablesaswell asaddingschemagor
variationalmethodsfastkd-treeand NV -bodyalgorithms MCMC, andtemporalmodels.
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