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Abstract

Machinelearninghasreacheda point wheremost probabilisticmeth-
odscanbe understoodasvariations,extensionsandcombinationsof a
muchsmallersetof abstractthemes,e.g., asdifferent instancesof the
EM algorithm.Thisenablesthesystematicderivationof algorithmscus-
tomizedfor differentmodels. Here,we demonstratethe AUTOBAYES
systemwhichtakesahigh-levelstatisticalmodelspecification,usespow-
erful symbolictechniquesbasedonschema-basedprogramsynthesisand
computeralgebra toderiveanefficientspecializedalgorithmfor learning
thatmodel,andgeneratesexecutablecodeimplementingthatalgorithm.
Thiscapabilityis far beyondthatof codecollectionssuchasMatlabtool-
boxesor even tools for model-independentoptimizationsuchasBUGS
for Gibbs sampling: complex new algorithmscan be generatedwith-
out new programming,algorithmscanbehighly specializedandtightly
craftedfor the exact structureof the modelanddata,andefficient and
commentedcodecan be generatedfor different languagesor systems.
We presentautomatically-derivedalgorithmsrangingfrom closed-form
solutionsof Bayesiantextbookproblemsto recently-proposedEM algo-
rithmsfor clustering,regression,anda multinomialform of PCA.

1 Deriving Statistical Algorithms by Computer

Overview. We describea symbolicprogramsynthesismethodwhich actsasa “statistical
algorithmcompiler:” it cancompilea statisticalmodelspecificationinto a customalgo-
rithm designandfrom that furtherdown into a working programimplementingthe algo-
rithm design.Thesystemimplementingthismethod,AUTOBAYES, canbelooselythought
of as“part theoremprover, part Mathematica,part statistics/learningtextbook, andpart
NumericalRecipes.” It providesmuchmorethana fixedcoderepositorysuchasa Mat-
lab toolbox,andallows thecreationof efficient algorithmswhich have never beforebeen
implemented,or even written down. The systemis intendedto automatethe morerou-
tine applicationof complex methodsin novel contexts. For example,recentmultinomial
extensionsto PCA[2, 4] canbederivedin thisway.



The algorithm designproblem. Givena datasetanda task,creatinga learningmethod
canbecharacterizedby two mainquestions:1. Whatis themodel?2. Whatalgorithmwill
optimizethe modelparameters?The statisticalalgorithm (i.e., a parameteroptimization
algorithmfor the statisticalmodel) can then be implementedmanually. The systemin
this paperanswersthe algorithmquestiongiven that the userhaschosena modelfor the
data,1 andcontinuesthroughto implementation.Performingthis taskat thestate-of-the-art
level requiresan intertwinedmeldof probabilitytheory, computationalmathematics,and
softwareengineering.However, anumberof factorsuniteto allow usto solvethealgorithm
designproblemcomputationally:1. The existenceof fundamentalbuilding blocks(e.g.,
standardizedprobabilitydistributions,standardoptimizationprocedures,andgenericdata
structures).2.Theformalizationof acommonrepresentation(i.e.,graphicalmodels[3, 14]
andprogramschemas– to bedescribed).3. Theformalizationof schemaguards(i.e., their
known applicabilityconstraints).2

The challengesof algorithm design.Thedesignproblemhasaninherentlycombinatorial
nature,sincesubpartsof a function may be optimizedrecursively andin differentways.
It alsoinvolvestheuseof new datastructuresor approximationsto gainperformance.As
theresearchstatisticalalgorithmsadvances,its creative focusshouldmove beyondtheul-
timately mechanicalaspectsand towardsextendingthe abstractapplicability of already
existing schemas(algorithmicprincipleslike EM), improving schemasin waysthatgener-
alizeacrossanything they canbeappliedto, andinventingradicallynew schemas.

2 Combining Schema-basedSynthesisand BayesianNetworks

Computational logic and theorem proving. Ourapproachfalls into a classof techniques
known ascomputationallogic. It hasits basisin logic programming, asexemplifiedby
theProloglanguage(in which AUTOBAYES is implemented),a computationallyefficient
embodimentof the generalideaof theoremproving within Horn clauselogic. It begins
with an initial goal anda setof initial assertions,or axioms,andaddsnew assertions,or
theorems,by repeatedapplicationof theaxioms,until thegoalis proven.In ourcontext, the
goalis givenby thestatisticalmodel;thederivedalgorithmsaresideeffectsof constructive
theoremsproving theexistenceof algorithmsfor thegoal.

Computer algebra. The first coreelementwhich makesautomaticalgorithmderivation
feasibleis the fact thatwe canmechanizetherequiredsymbolmanipulation,usingcom-
puteralgebramethods.Generalsymbolicdifferentiationandexpressionsimplificationare
capabilitiesfundamentalto our approach.AUTOBAYES containsa computeralgebraen-
gine usingterm rewrite ruleswhich arean efficient mechanismfor substitutionof equal
quantitiesor expressionsandthuswell-suitedfor this task.3

Schema-basedsynthesis.While attractive from a first-principlespoint of view, thecom-
putationalcostof full-blown theoremproving grindssimpletasksto a halt while elemen-
tary and intermediatefactsare reinventedfrom scratch. To achieve the scaleof deduc-
tion requiredby algorithmderivation,we thusutilize a schema-basedsynthesistechnique

1Strictly, thereis a third question:“3. Whatmechanismwill beusedto ensuregeneralization?”
In AUTOBAYES generalizationproceduressuchascross-validationareimplementableasordinary
schemas,andtechniquessuchaslikelihoodpenalizationareimplementableasadditionalmaximiza-
tion goals;herewe focuson parameteroptimizationschemas.Learningmethodsoutsidethefixed-
modelformat,suchasstructurelearningandfeatureselection,canbeaddressedin systemextensions
usingthedescribedcapabilitiesin aninnerloop.

2Guardsvarywidely; for example,contrastNead-Meldersimplex or simulatedannealingor Gibbs
sampling(which requireonly numericfunctionevaluation),conjugategradient(both Jacobianand
Hessian),EM andits variationalextension[7] (a latent-variablestructure).

3PopularsymbolicpackagessuchasMathematicacontainknownerrorsallowing unsoundderiva-
tions;they alsolack thesupportfor reasoningwith vectorandmatrixquantities.



which breaksaway from strict theoremproving. Instead,we effectively encodehigh-level
knowledge,suchasthegeneralEM strategy, asschemas, or auxiliary lemmaswith explic-
itly specifiedpreconditions.The secondcoreelementwhich makesautomaticalgorithm
derivationfeasibleis the fact thatwe canuseBayesiannetworksto efficiently encodethe
preconditionsof complex algorithmssuchasEM.

First-order logic representationof Bayesiannetworks. A theoryof indexed Bayesian
networkswasdevelopedin [8]; hereindicesarerepresentedasPrologvariablesandnet-
works correspondto back-trackfree datalogprograms,allowing the dependenciesto be
efficiently computed. We have extendedtheseresultsto work with non-groundproba-
bility queriessincewe seekto determineprobabilitiesover vectorsandmatrices. Tests
for independenceon theseindexedBayesiannetworksareeasilydevelopedin Lauritzen’s
framework which usesancestralsetsandsetseparation[10] and is moreamenableto a
theoremprover thanthedoublenegativesof themorewidely known d-separationcriteria.
Givena Bayesiannetwork,someprobabilitiescaneasilybeextractedby enumeratingthe
componentprobabilitiesateachnode:

Lemma 1. Let ����� besetsof variablesovera Bayesiannetworkwith ���	��

� . Then��� descendents������
�� and parents��������� hold in the correspondingdependency
graphiff thefollowing probabilitystatementholds:
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Symbolic probabilistic inference. How canprobabilitiesnot satisfyingtheseconditions
beconvertedto symbolicexpressions?While many generalschemesfor inferenceonnet-
worksexist, ourprincipalhurdleis theneedto performthis over symbolicexpressionsin-
corporatingrealandintegervariablesfrom disparaterealor infinite-discretedistributions.
For instance,we might wish to computethe full maximuma posteriori probability for
themeanandvariancevectorsof a Gaussianmixturemodelundera Bayesianframework.
While thesum-productframework of [9] is perhapscloserto our formulation,wehave out
of necessitydevelopedanotherschemethat letsusextractprobabilitieson a largeclassof
mixeddiscreteandreal,potentiallyindexedvariables,whereno integralsareneededand
all marginalizationis doneby summingout discretevariables.We give the non-indexed
casebelow; this is readilyextendedto indexedvariables(i.e.,vectors).

Lemma 2. �5� descendents�����6
7� holdsand ancestors���6� is independentof � given� iff there exists a set of variables �98 such that Lemma1 holds if we replace � by��:;�98 . Moreover, the unique minimal set �98 satisfyingtheseconditionsis given by
ancestors�����=<>� ancestors���?�(:@�6�(A
Lemma 3. Let �98 bea subsetof �CB descendents���D� such thatancestors���E8F� is independent
of ����:G�D�HB=����8%: ancestors���D8I�4� given �98 . ThenLemma2 holds if we replace � by��:J�CBK�98 and � by �98 . Moreover, there is a uniquemaximalset �98 satisfyingthese
conditions.

Lemma2 letsusevaluatea probabilityby asummation:
���-���� "!9#L$ M
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while Lemma3 letsusevaluatea probabilityby asummationandaratio:
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Sincethelemmasalsoshow minimality of thesets�98 and �1B2�98 , they alsogivetheminimal
conditionsunderwhichaprobabilitycanbeevaluatedby discretesummationwithout inte-
gration. Theseinferencelemmasareoperationalizedasnetworkdecompositionschemas.



However, we usually attemptto decomposea probability into independentcomponents
beforeapplyingthisschema.

3 The AUTOBAYES System— Implementation Outline

Levelsof representation.Internally, oursystemusesthreeconceptuallydifferentlevelsof
representation.Probabilities(including logarithmicandconditionalprobabilities)arethe
mostabstractlevel. They areprocessedvia methodsfor Bayesiannetworkdecomposition
or matcheswith corealgorithmssuchasEM. Formulaeareintroducedwhenprobabilities
of the form Z6[2����\ parents�����H� aredetected,eitherin the initial network,or after theap-
plicationof networkdecompositions.Atomic probabilities(i.e., � is a singlevariable)are
directly replacedby formulaebasedon thegivendistributionandits parameters.General
probabilitiesaredecomposedinto sumsandproductsof the respective atomicprobabili-
ties. Formulaearereadyfor immediateoptimizationusingsymbolicor numericmethods
but sometimesthey canbedecomposedfurtherinto independentsubproblems.Finally, we
useanimperative intermediatecodeasthelowestlevel to representbothprogramfragments
within the schemasaswell asthe completelyconstructedprograms.All transformations
weapplyoperateonor betweentheselevels.

Transformations for optimization. A numberof differentkinds of transformationsare
available.Decompositionof a probleminto independentsubproblemsis alwaysdone.De-
compositionof probabilitiesis drivenby theBayesiannetwork;wehave aseparatesystem
for handlingdecompositionof formulae.A formulacanbedecomposedalonga loop,e.g.
the problem“optimize ]^ for _@`baL� ^ ` � ” is transformedinto a for-loop over subproblems
“optimize

^ ` for aL� ^ ` � .” More commonly, “optimize
^ �dc for a%� ^ �1egfh�ic(� ” is transformed

into the two subprograms“optimize
^

for aL� ^ � ” and“optimize c for fh�ic(� .” The lemmas
givenearlierareappliedto changethelevel of representationandthusfor simplificationof
probabilities. Examplesof generalexpressionsimplificationincludesimplifying thelog of
a formula,moving asummationinwards,andsoon. Whennecessary, symbolicdifferentia-
tion is performed.In theinitial specificationor in intermediaterepresentations,likelihoods
(i.e. subexpressionsof theform j�k�f�_ ` Z6[2��l ` \ ^ � ) areidentifiedandsimplifiedinto linear
expressionwith termssuchasmean�il ` � andmean��lnm` � . Thestatisticalalgorithmschemas
currentlyimplementedincludeEM, k-means,anddiscretemodelselection.AddingaGibbs
samplingschemawouldyield functionalitycomparableto thatof BUGS[15]. Usually, the
schemasrequirea particularform of theprobabilitiesinvolved; they arethustightly cou-
pled to thedecompositionandsimplificationtransformations.For example,EM is a way
of dealingwith situationwhereLemma2 appliesbut where �E8 is indexedidenticallyto the
data.

Code and test generation. From the intermediatecode,codein a particulartarget lan-
guagemaybegenerated.Currently, AUTOBAYES cangenerateC++ andC which canbe
usedin a stand-alonefashionor linked into Octave or Matlab(asa mex file). During this
code-generationphase,mostof the vectorandmatrix expressionsareconvertedinto for-
loops,andvariouscodeoptimizationsareperformedwhich areimpossiblefor a standard
compiler. Our tool doesnot only generateefficient code,but alsohighly readable,doc-
umentedprograms:model-andalgorithm-specificcommentsaregeneratedautomatically
during the synthesisphase. For mostexamples,roughly 30% of the producedlines are
comments.Thesecommentsprovide explanationof the algorithm’s derivation. A gener-
atedHTML softwaredesigndocumentwith navigationcapabilitiesfacilitatescodeunder-
standingandreading.AUTOBAYES alsoautomaticallygeneratesa programfor sampling
from the specifiedmodel,so that closed-looptestingwith syntheticdataof the assumed
distributionscanbedone.Thiscanbedoneusingsimpleforwardsamplingsincetestdata
needsto begeneratedalongwith the“true” modelparametersto generatea full testcase.



4 Example: Deriving the EM Algorithm for GaussianMixtur es

1. User specifiesmodel. First, the 1 model mog as ’Mixture of Gaussian s’ ;

2 const int n_points as ’nr. of data points’
3 with 0 < n_points ;
4 const int n_classes := 3 as ’nr. classes’
5 with 0 < n_classe s
6 with n_classe s << n_points;

7 double phi(1..n _c la sse s) as ’weight s’
8 with 1 = sum(I := 1..n_clas se s, phi(I));
9 double mu(1..n_ cl as ses );
9 double sigma(1. .n _c las se s) ;

10 int c(1..n_p oin ts ) as ’class labels’;
11 c ˜ disc(vec (I := 1..n_cla sse s, phi(I))) ;

12 data double x(1..n_poi nt s) as ’data’;
13 x(I) ˜ gauss(mu (c (I )), sigma(c( I) )) ;

14 max pr(x| o phi ,mu,s ig map ) wrt o phi,mu,s igm a p ;

userspecifiesthemodelof interestin
a high-level specificationlanguage4

(as opposedto a programming lan-
guage). Note the constraintthat the
sum of the class probabilitiesmust
equalone (line 8) along with others
(lines 3 and 5) that makeoptimiza-
tion of the modelwell-defined. Also
note the ability to specify assump-
tionsof thekind in line 6, which may
beusedby somealgorithms.Thelast
line specifiesthe goal inferencetask:
maximizethe conditionalprobability
pr � ]lL\ � ]c%� ]q � ]r ��� with respectto theparameters]c , ]q , and ]r . Notethatmoving theparame-
tersacrossto theleft of theconditioningbarconvertsthis from a maximumlikelihoodto a
maximuma posterioriproblem.

2.Systemparsesmodelto obtain underlying Bayes
classesN

σµ

gauss

c

Npoints

discrete

x

Nclasses

φ

net. From the model, the underlyingBayesiannet-
work (dependency graph)of themodelis derivedand
representedinternallyasadirectedgraph.For visual-
ization,AUTOBAYES canalsoproduceagraphdraw-
ing asshown in thefigure.

3. System observeshidden-variable structure in
Bayesiannetwork. First the systemattemptsto de-
composetheoptimizationgoalinto independentparts,but findsthatit cannot.However, it
thenfindsthat theprobability in theinitial optimizationstatementmatchestheconditions
of Lemma2.

4. System invokes abstract EM-
schema

�
max Pr

���� "!9#
wrt

!sTut�#wvyx
. . .
C = ”[initialize z ];

while
��{ |~}��y�y�-�~�=���y�-��!�#P�F#��

/* M-step*/
{
max Pr

� z TH�� "!9# wrt
!��

;
/* E-step */

{
calculatePr

� z  "��TH!E#P�
;�

”

family schema. This triggers the
EM-schema,whoseoverall structure
is shown. The syntacticstructureof
the current subproblemmust match
the first argument of the schema;
if additionalapplicability constraints
(not shown here)hold, this schemais
executed. It constructsa pieceof codewhich is returnedin the variable � . This code
fragmentcan containitself calls to other schemas(denotedby �IA-A-A � ) which return code
for subproblemswhich thenis insertedinto the schema,suchasconvergin g, a generic
convergencecriterion hereimposedover the variables ]q � ]r � ]c . The systemidentifiesthe
discretevariable ]� asthe singlehiddenvariable,i.e. ��
 � ]� � . For representationof the
distributionof thehiddenvariablea matrix ]� is generated,where � `�� is theprobabilitythat
the � -th point falls into the � -th class. AUTOBAYES thenconstructsthe new distribution
c(I) ˜ disc(vec( J := 1..n classes, q(I, J)) which replacestheoriginal dis-
tribution in thefollowing recursive callsof AUTOBAYES.

4In thisfigure,keywordshavebeenunderlinedandline numbershavebeenaddedfor referencein
thetext. Theas -keywordallowsannotationsto variableswhichendup in thegeneratedcode’scom-
ments.In thisexamplen classes hasbeensetto three(line 4), but n points is left unspecified.
Theclassvariableandsingledatavariable(feature)arevectors,whichdefinethemasindependently
andidenticallydistributed.



5. E-step: Systemperforms marginaliza-
while � convergi ng �H��2� ��2� ��~�"� o

for `b���%�d�
for �1���%�O ¡d¢ £ � Pr �¥¤ ¢"¦ §d¢ �D� � ��/� �� �i¨
max Pr �¥¤ ¢ ��§ ¢ ¦ �~© ¢ �"�~© ¢ � ��~� wrt o/��/� ��2� �� pp

tion. Thefreshlyintroduceddistribution for� ` implies that � ` can be eliminatedfrom
theobjectivefunctionby summingover � ` � ª .
This givesus the partial programshown in
theinternalpseudocode.

6. M-step: System recursively decom-
while � convergi ng �H��2� ��2� ��~�"� o

for `b���%�d�
for �1���%�O ¡ ¢ £ � Pr �¥¤ ¢ ¦ § ¢ �D� � ��/� �� �i¨
for �1���%�O 

max «­¬¢ ®K¯ ¡ ¢ £y° ±d² Pr �³¤ ¢ ¦ � £ �"� £ � wrt o � £ ��� £ p
max «­´£�®K¯ �U« ¬ ¢�®2¯ ¡d¢ £ �"� £ wrt o �� pp

posesoptimization problem. AUTOBAYES
is recursively called with the new goal
max µ¥¶-· Pr

���b¸¹ Ty¸º �  -� ¸»(Ty¸¼ Ty¸½ � # wrt
� ¸»(Ty¸¼ Ty¸½ � .

Now, the Bayesiannetworkdecomposition
schemaapplies with �¾
 � ]� � ]ln� , �¿
� ]cL� ]q � ]r � , revealingthat ]c is independentof

]r � ]q , thustheoptimizationproblemcanbedecomposedinto twooptimizationsubproblems:
max Pr

�O¸º  "�2¸¹ Ty¸¼ Ty¸½ � # wrt
�À¸¼ Ty¸½ � andmax Pr

�u¸¹  ¸»À# wrt
� ¸» �

.

7. System unrolls i.i.d. vectors. The first subgoalfrom the decompositionschema,
max Pr

�O¸º  H�2¸¹ Tb¸¼ TÁ¸½ � # wrt
�À¸¼ Ty¸½ � , canbeunrolledover the independentandidenticallydis-

tributedvector ]l usingan index decompositionschemawhich movesexpressionsout of
loops(sumsor products)whenthey arenot dependenton the loop index. Since ]� and ]l
areco-indexed,unrollingproceedsover both(alsoindependentandidenticallydistributed)
vectorsin parallel:max _	ÂÃ¥ÄnÅ Pr

� º Ã  "� ¹ Ã Tb¸¼ Ty¸½ � # wrt
�À¸¼ Ty¸½ � .

8. Systemidentifies and solvesGaussianelimination problem. TheprobabilityPr �il ` \� � ` � ]q � ]r ��� is atomic becauseparents��l ` �Æ
 � � ` � ]q � ]r � . It can thus be replacedby the
appropriatelyinstantiatedGaussiandensityfunction.Becausethestrictly monotoneÇUÈyÉ=�4Ê��
function can first be appliedto the objective function of the maximization,it becomes
max « ÂÃ³ÄnÅ «wËÌ ÄnÅbÍ Ã Ì ��x ÅÎHÏ £ � º Ã x ¼ Ì # Î x µ¥¶Y·ÑÐ Ò-Ó x µ¥¶-· ½ Ì # wrt

�À¸¼ TÁ¸½ � . Anotherapplicationof
index decompositionallows solutionfor the two scalarsq � and r � . Gaussianelimination
is thenusedto solve this subproblemanalytically, yielding the sequenceof expressionsq � 
 « �`"�L� � `�� l ` B « �`"�L� � `�� and r � 
 « �`"�L� � `�� �il `(Ô q � �Hm-B « �`"�L� � `�� .
9. System identifies and solvesLagrange multiplier problem. The secondsubgoal
max Pr

�u¸¹  ¸»=# wrt
� ¸» �

can be unrolledover the i.i.d. vector ]� asbefore. The specifica-
tion condition «  �-�L�Àc � 
ÖÕ createsa constrainedmaximizationproblemin the vector ]c
which is solvedby anapplicationof theLagrangemultiplier schema.This in turn results
in two subproblemsfor a singleinstancec � andfor themultiplier which arebothsolved
symbolically. Thus,theusualEM algorithmfor Gaussianmixturesis derived.

10. System checks and optimizes pseudocode. During the synthesis process,
AUTOBAYES accumulatesa numberof constraintswhich have to hold to ensureproper
operationof thecode(e.g.,absenceof divide-byzeroerrors).Unlesstheseconstraintscan
beresolvedagainstthemodel(e.g., r `�×ÙØ ), AUTOBAYES automaticallyinsertsarun-time
checkinto the code. Beforefinally generatingC/C++ code,the pseudocodeis optimized
usinginformationfrom the specification(e.g., «  �Æc � 
ÖÕ ) andthedomain. Thus,deep
optimizationsbeyondthecapabilityof aregularcompilercanbedone.

11. System translates pseudocodeto real code in desired language. Finally,
AUTOBAYES converts the intermediatecodeinto codeof the desiredtarget system.The
sourcecodecontainsthoroughcommentsdetailingthemathematicsimplemented.A reg-
ularcompilercontaininggenericperformanceoptimizationsnot repeatedby AUTOBAYES
turns the codeinto an executableprogram. A programfor samplingfrom a mixture of
Gaussiansis alsoproducedfor testingpurposes.



5 Rangeof Capabilities

In this section, we discuss18 examples which have been successfullyhandledby
AUTOBAYES, rangingfrom simpletextbookexamplesto sophisticatedEM modelsandre-
centmultinomialversionsof PCA.For eachentry, thetablebelow givesabrief description,
thenumberof lines of thespecificationandsynthesizedC++ code(loc), andthe runtime
to generatethecode(ona dual-2.2GHzLinux system).Correctnesswascheckedfor these
examplesusingautomatically-generatedtestdataandhand-writtenimplementations.

Bayesiantextbook examples.Simpletextbookexamples,like Gaussianwith simplepriorÚ � , Gaussianwith inversegammaprior
Ú
m , or Gaussianwith conjugateprior

ÚÜÛ
have

closed-formsolutions.Thesymbolicsystemof AUTOBAYES canactuallyfind thesesolu-
tionsandthusgenerateshortandefficient code. However, a slight relaxationof theprior
on q (Gaussianwith semi-conjugateprior,

ÚÜÝ
) requiresaniterativenumericalsolver.

Gaussiansin action. Oneappliedexampleis a Gaussianchange-detectionmodel Þ � . A
slight extensionof the model(towardseveral features)yieldsa GaussianBayesclassifier
model Þ m . Þ m hasbeensuccessfullytestedon variousstandardbenchmarks[1], e.g.,the
Abalonedataset.Currently, thenumberof expectedclasseshasto begivenin advance.

Mixtur e modelsand EM. A widerangeof ß -Gaussianmixturemodelscanbehandledby
AUTOBAYES, rangingfrom the simple1D ( à � ) and2D with diagonalcovariance( à m )
to 1D modelsfor multi-dimensionalclassesà Û andwith (conjugate)priorson meanà Ý
or varianceàâá . Usingonly a slight variationin the specification,the Gaussiandistribu-
tion canbereplacedby otherdistributions(e.g.,exponentials,àâã , for failureanalysis)or
combinations(e.g.. GaussianandBeta, àâä , or ß -CauchyandPoissonà	å ). In the algo-
rithm generatedby à ä , theanalyticsubsolutionfor theGaussiancaseis combinedwith the
numericalsolver. Finally, àâæ is a ß � -Gaussiansand ß m -Gaussianstwo-level hierarchical
mixturemodelwhich is solvedby a nestedinstantiationof EM [16]: i.e. theM-stepof the
uppermixture’sEM algorithmis asecondEM algorithmnestedinsidethefirst.

Mixtur esfor Regression. We representedregressionwith Gaussianerror andLegendre
polynomialswith full conjugatepriors allowing smoothing(e.g., [11]). Two versionsof
thiswerethendone:robustlinearregressionç � replacestheGaussianerrorwith amixture
of two Gaussians(onebroad,onepeaked)bothcenteredat zero.Trajectoryclusteringç m
replacesthesingleregressioncurveby amixtureof severalcurves[6]. In bothcasesanEM
algorithmis correctlyintegratedwith theexactregressionsolutions.

Principal ComponentAnalysis. We representedthe multinomialversionof PCA called
latentDirichlet allocation[2]. AUTOBAYES currentlylacksvariationalsupport,yet it man-
agesto combinea ß -meansstyleouterlooponthecomponentproportionswith anEM-style
innerlooponthehiddencounts,producingtheoriginalalgorithmof Hofmann,LeeandSe-
ung,andothers[4].

# Description loc èné # Description loc ènéê Å ¼ìë N
� ¼=í THî ídï ðí #

12/137 0.2
ê Î ¼ 13/148 0.2½ Î ½ Î ë	ñ%ò Å �YóiôÎöõg÷ TyóiôÎ ½ ï ðí #ê�ø ¼ìë N

� ¼=í Td� Ï-ùú ô # ídï ð # 16/188 0.4
ê�û ¼Wë N

� ¼=í T�î í # 17/233 0.4½ Î ëâñLò Å � óiôÎöõ	÷ T óiôÎ ½ ï ðí # ½ Î ë	ñ%ò Å � óiôÎöõg÷ T óiôÎ ½ ï ðí #ü Å Gaussstep-detect 19/662 2.0
ü Î GaussBayesClassify 58/1598 4.7ý Å þ -Gaussmix 1D 17/418 0.7
ý Î þ -Gaussmix 2D, diag 22/599 1.2ý ø

–”–, multi-dim 24/900 1.1
ý û

–”– 1D, ¼ prior 25/456 1.0ý ð –”–, ½ prior 21/442 0.9
ý�ÿ þ -Expmix 15/347 0.5ý��

Gauss/Betamix 22/834 1.7
ý�� þ -Cauchy/Poisson 21/747 1.0ý�� þ Å , þ Î -Gausshierarch 29/1053 2.3 mix� Å rob. lin. regression 54/1877 14.5
� Å PCAmult/w þ -means 26/390 1.2� Î mixtureregression 53/1282 9.8



6 Conclusion

Beyond existingsystems.Codelibrariesarecommonin statisticsandlearning(e.g.Mat-
lab, S), but they lack thehigh level of automationachievableonly 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 specializedfor Gibbssampling.Thestochastic
parametrizedgrammarsof MjolsnessandTurmon[12] allow aconcisemodelspecification
similar to AUTOBAYES’sspecificationlanguage,but arecurrentlyonly anotationaldevice
similar to XML. Thesystemof EllmanandMurata[5] alsosynthesizesprogramsfrom a
high-level specification,but for thedomainof differentialequationmodeling.

Benefitsof automatedalgorithm and codegeneration. Industrial-strengthcode. Code
generatedby AUTOBAYES is efficient, validated,andcommented.Extremeapplications.
Extremelycomplex orcritical applicationssuchasspacecraftchallengethereliability limits
of human-developedsoftware.Automaticallygeneratedsoftwareallowsfor pervasivecon-
dition checkingandcorrectness-by-construction.Fast prototypingand experimentation.
For boththedataanalystandmachinelearningresearcher, AUTOBAYES canfunctionasa
powerful experimentalworkbench.New complex algorithms.Evenwith only thefew ele-
mentsimplementedsofar, weshowedthatalgorithmsencroachingonresearch-level results
[11, 6, 16, 4] canbeautomaticallyderived. As moredistributions,optimizationmethods
and generalizedlearningalgorithmsareaddedto the system,an exponentially-growing
numberof complex new algorithmsbecomepossible,includingnon-trivial variantswhich
maychallengeany singleresearcher’s particularalgorithmdesignexpertise.

Future agenda.Theultimategoalis to giveresearcherstheability to experimentwith the
entirespaceof complex modelsandthe state-of-the-artstatisticalalgorithmsneededfor
them,andto allow new algorithmicideas,asthey appear, to be implicitly generalizedto
every modelandspecialcaseknown to be applicable. We have alreadybegun work on
generalizingtheEM schemato continuoushiddenvariables,aswell asaddingschemasfor
variationalmethods,fastkd-treeand � -bodyalgorithms,MCMC, andtemporalmodels.
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