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Abstract

Binary classi�cation is a core data mining task. For
large datasetsor real-timeapplications,desirable classi-
�er s are accurate, fast,andneedno parametertuning. We
presenta simpleimplementationof logistic regressionthat
meetstheserequirements. A combinationof regulariza-
tion, truncatedNewtonmethods,anditerativelyre-weighted
leastsquaresmakeit fasterandmoreaccuratethanmodern
SVMimplementations,andrelativelyinsensitiveto param-
eters. It is robust to linear dependenciesandsomescaling
problems,makingmostdatapreprocessingunnecessary.

1 Moti vation and Terminology

This article is motivatedby the successof a fast, sim-
ple logistic regression(LR) algorithm in several high-
dimensionaldatamining engagements,including life sci-
encesdatamining[10, 7], threatclassi�cationandtemporal
link analysis[16], collaborative �ltering [11], andtext pro-
cessing[7]. The rise of supportvectormachines(SVMs)
for binaryclassi�cationhasrenewedinterestin LR, dueto
similar loss functions[20, 21]. Many recentpaperspro-
posenew methodsof estimatingtheLR modelparameters,
see[8] and referencestherein. Many of the new LR im-
plementationsincludeinstructionsfor tuningparametersor
datapreprocessing.Thesestepscanbedistractingonsmall
datasets,and impracticalor impossibleon large datasets.
Runningmany cross-validationsto tunea parameterwastes
researchers'andpractitioners'time.

OurLR �tting procedureis asimplemodi�cation of iter-
atively re-weightedleastsquares(IRLS) thatmimics trun-
catedNewtonmethodsandaddsregularization.Weclaimit
issimpleanddoesnotneedparametertuningor dataprepro-
cessing.We compareour algorithm,TR-IRLS, to otherLR
implementationsandlinearandradialbasisfunction(RBF)
SVMs. See[8] for further comparisonandanalysis. Our
software,source,andmostof our datasetsareavailableat

http://www.autonlab. org andhttp://komarix.org .
Our primary contribution is the demonstrationthat TR-

IRLS canmake LR simple,effective, andparameter-free.
By parameter-free,wemeanthattuningis generallyunnec-
essary. Thoughnotdiscussedin thisshortarticle,TR-IRLS
appliesto kernelizedLR, aswell asany generalizedlinear
model.Weprovideacompletedescriptionof ouralgorithm.

In thispaperweareconcernedwith binaryclassi�cation,
andhencea datapoint belongsto the positive or negative
class.A suf�ciently fastbinaryclassi�er canbereasonably
appliedto multiclassproblemsthrougha linear-time(in the
numberof classes)transformation[11]. A datasetis a ma-
trix of inputsX, anda binary vectorof outputsy. When
yi = 1, theith row of X belongsto thepositiveclass.There
areM featuresandR records.For asparsebinarymatrix,F
is thesparsity, andMRF is thenumberof nonzeroelements.

Conjugategradient(CG) is aniterativeminimizational-
gorithm. CG only requirescomputationof matrix-vector
products. When appliedto a quadraticform, CG simpli-
�es to linear CG. Otherwise, it is called nonlinear CG
andrequiresheuristicdirectionupdates,line searches,and
restarts.BecausetheHessianof a quadraticform is a ma-
trix, linearCG canbeusedto solve systemsof linearequa-
tions.Furtherexplanationcanbefoundin [19, 17].

2 Logistic regression

LR modelsthe relationof eachrow xi of X to the ex-
pectedvalue E(yi), with the logistic function µ(x;b) =
exp(bTx)=(1+ exp(bTx)) , whereb is thevectorof param-
eters.We assumex0 = 1 sothatb0 is a constantterm. Our
regressionmodel is y = µ(x;b) + e, wheree is a binomial
errorterm.Let µi = µ(xi ;b). Thelog-likelihoodis

lnL(X;y;b) =
R

å
i= 1

yi ln (µi ;b)) + (1� yi) ln (1� µi;b)) (1)

The lossfunction is the deviance(DEV), which for binary
outputsis � 2lnL [13, 4]. LR is a linear classi�er and



input : X, y, initial LR parameterestimateb̂0

output : �nal LR parameterestimatêb
Seti = 0
repeat

Computeµ j = µ(b̂i ;xj ) for j = 1: : :R
Weights:w j = µ j (1� µ j), W = diag(w1; : : : ;wR)
Adjusteddependentcovariates:

zj = b̂T
i xj + (y j � µ j)=w j

Computeb̂i+ 1 via WLS:
(XTWX)b̂i+ 1 = XTWz

i = i + 1
until b̂i+ 1 converges

Alg. 1: Finding the LR MLE with IRLS.

might classifylow-dimensionaldatawith nonlinearbound-
ariespoorly. However, in high-dimensionalspaces,linear
boundariesareoften adequate.KernelizingLR may over-
comethis low-dimensionallimitation [21].

IRLS Iteratively re-weightedleast squares(IRLS) is a
nonlinear optimization algorithm that uses a series of
weightedleastsquares(WLS) subproblemsto searchfor
theMLE. [13, 2]. IRLS is aspecialcaseof Fisher'sscoring
method,a quasi-Newton algorithmthat replacestheobjec-
tivefunction'sHessianwith theFisherinformation.ForLR,
IRLS is a specialform of Newton's method[13, 3, 2]. We
summarizeIRLS in Algorithm 1. Thereis nosteplengthto
compute,in contrastwith mostNewton variants. The dif-
�cult part is solvingtheWLS subproblem(XTWX)b̂i+ 1 =
XTWz, alinearsystemwith M equationsandvariables.The
(i; j)th entryof XTWX is the weighteddot-productof the
ith and jth input columns.Theweightschangeevery iter-
ation, forcing recomputation.Newton's methodconverges
quadratically, but eachiterationis expensive. For a detailed
descriptionof our earlywork on IRLS, see[10].

TR-IRLS BecausetheWLS subproblemsarelinearsys-
tems,they canbesolvedusinglinearCGasshown in Algo-
rithm 2. This is simplerthanlikelihoodoptimizationwith
nonlinearCG,sincelinearCG hasanoptimaldirectionup-
dateformulaandno line searchesor restarts.LinearCG is
O(MRF), if one ignoresthe conditionnumberof XTWX
[19]. We canstopCG iterationsearly to approximatethe
WLS solution, thus creatinga truncatedNewton method
with accompanying convergenceguarantees[17]. CG only
requiresmatrix-vectorproducts,eliminatingcomputationof
XTWX andsimplifying sparsecomputations.

Correlatedattributescancausescalingproblems,which
we addressusing ridge regressionto regularizethe WLS
subproblems[18, 3]. This only requiresperturbingXTWX

input : A = (XTWX), b = (XTWz), v0

output : v suchthatAv = b
Seti = 0, initialize residualr 0 to b � Av0
repeat

Updatethesearchdirectionmixing parametert i :
On thezerothiteration,let t i = 0
Otherwise,let t i = r i

T r i=(r i� 1
T r i� 1)

Updatesearchdirection:di = r i + t idi� 1

Computeoptimalstep: a i = � di
T r0=(di

TAd i)
Updateapproxsolution: vi+ 1 = vi � a idi
Updateresidual: r i+ 1 = b � Av i

i = i + 1
until jDEVi� 1 � DEVi j=jDEVi j converges

Alg. 2: Linear CG solving (XTWX)v = XTWz

by l I . We call the combinationof IRLS, linear CG, and
ridgeregression,truncatedregularizedIRLSor TR-IRLS.

We stop IRLS when the relative differenceof the de-
viancejDEVi� 1 � DEVi j=jDEVi j is lessthane1. The same
testcanbe usedfor CG iterations,with bounde2. Some-
timesCGiterationsstrayandincreasethedeviance,andwe
limit the numberof consecutive non-improving iterations
with theCG windowparameter. Our �nal specializationis
to initialize v in Algorithm 2 to b̂i whensolvingfor b̂i+ 1.

During a largeempiricalevaluationof l , e1, e2, andthe
CG window [7], we observed that accuracy wasrelatively
insensitive to theseparametervalues.Thereforewe usede-
fault valuesfor all experimentsin this paper, with l = 10,
e1 = 1=100,e2 = 1=200,anda CGwindow of 3 iterations.

CG-MLE BesidesIRLS, othernonlinearmethodscanbe
usedto optimize the LR likelihood. Nonlinear CG was
amongthebettermethodsin Minka's survey [15], andwas
amongtheearliestmethodsusedfor computerizedLR [14].
We call this combinationCG-MLE. See[8] for discussion
of quasi-newtonalternativesto nonlinearCG.NonlinearCG
is O(MRF) if oneignorestheconditionnumberof the in-
put matrix [19]. Theactualrun-timedependson many fac-
torsincludingthedirectionupdateformula,line search,and
restartingcriterion. NonlinearCG hasmany directionup-
dateformulas.We comparedthetop four in [7], andchose
the modi�ed Polak-Ribíereformula. It combinesa Polak-
Ribiéreupdatewith Powell restarts[17], andmaybewrit-
ten t i = max(0;r i

T (r i � r i� 1) =r i� 1
T r i� 1) wheret i corre-

spondsto thesamesymbolin Algorithm 2.
Regularizationis importantfor CG-MLE [20, 15]. Like

ridge regression,the likelihood is penalizedby l (b̂T b̂).
Any reasonablel works well [7], and we use10. It has
beenreportedthatinitializing b0 to themeanof y improves
stability [14], but we only observeda speedimprovement.
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Table 1. Dataset summar y, see Section 3.
Name Columns Rows Nonzero Pos
citeseer 105,354 181,395 512,267 299
imdb 685,569 167,773 2,442,721 824
ds2 1,143,054 88,358 29,861,146 423
ds1 6,348 26,733 3,732,607 804
ds1.100 100 26,733 NA 804
ds1.10 10 26,733 NA 804
modapte.sub 26,299 7,769 423,025 495

TheTR-IRLS CG window techniquealsohelpsCG-MLE.
WeterminateCG-MLE iterationsusingthesametestasTR-
IRLS, with anepsilonof 1/200[7].

3 Experiments

All experimentsare ten-fold cross-validations scored
with theArea UnderCurve (AUC ) metric [3]. AUC mea-
suresthe ability to rank-orderclassi�cations,with 1.0 for
perfectionand0.5 for randomguessing.We describeAUC
furtherin [7]. Ourconclusionsholdwith othermetrics,such
asprecision,recall,andF1. All timesare“real” secondsbut
donot includeI/O or timespenttuningtheSVMs. Weused
anAMD Opteron242,andlessthan4GBof RAM.

In this short paper, we compare LR to per-dataset
tunedlinear and radial basisfunction (RBF) SVMs from
SVMlight version5 [6]. We brie�y compareTR-IRLS to
SAS' proc logistic . In previouswork, NaiveBayesand
C4.5decisiontreesroutinelyscoredworsethanLR [7].

Table1 summarizesthesevendatasetsof thispaper. De-
tails for the link analysisdatasetsciteseer andimdb and
the life sciencesdatasetsds2 , ds1 , ds1.100 , andds1.10
are in [7]. The last two arePCA projectionsof ds1 . We
alsousea text classi�cationdatasetmodapte.sub , a subset
of the multiclassReuters-21578ModApte trainingcorpus.
We keptclasseswith 100or morepositive rows: acq,cof-
fee, corn, crude,dlr, earn,gnp, grain, interest,money-fx,
money-supply, oilseed,ship, sugar, trade,and wheat,de-
noteda1 througha16. The column “Nonzero” shows the
numberof nonzeroinputsin sparsedatasets.“Pos” shows
the number of positive rows, except for modapte.sub
whereit is averagedover theoutputattributes.All datasets
exceptds1 andds2 arepublicly available[9].

4 Resultsand analysis

Table2 shows AUC andtimeresultson thelife sciences
and link datasets.The LR methodshave nearly identical
AUC scores.To eliminateany AUC versusspeedbiasheld
by theauthors,we ran two setsof SVM experiments.The
�rst optimizesthe AUC throughextensive tuning, andthe

Table 3. Times in seconds for LR and SVMs
on the �r st ten attrib utes of modapte.sub .

a1 a2 a3 a4 a5 a6 a7 a8 a9 a10

TR-IRLS 14 16 16 15 15 14 16 14 15 14
SVM LIN 26 18 18 24 17 28 17 24 22 25
SVM RBF 131 68 70 99 58 127 57 97 84 102
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Figure 1. Erratic SVMlight behavior on ds1.10 .

secondsetoptimizesspeedsuchthattheAUC is within 10%
of thebestSVM AUC . Still, TR-IRLS wasfasterin every
case. The considerabletime spenttuning linear andRBF
SVMs is not includedin any of our timings.

TuningtheSVMlight capacityandRBF gammaparam-
etersproducedsigni�cant improvementsin accuracy. The
�nal valuesusedareavailable in [8]. TR-IRLS scoredas
well or betterthanotherclassi�ers in all experimentsex-
ceptds1.100 andds1.10 . Thesetwo datasetshave rela-
tively few dimensions,that likely requirenonlinearbound-
ariesfor goodclassi�cations,andRBF SVMs easilybeat
all the linear classi�ershere. However, TR-IRLS requires
lesstime to computea betterclassi�er on theoriginal ds1 ,
thanRBF SVM requiredfor thePCA-compressedversions
ds1.100 andds1.10 . A fastversionof KNN for skewed-
classproblems[12] wasmore competitive on thesesmall
datasets[8]. The nearestcompetitorto TR-IRLS in accu-
racy on thelargerdatasetsis CG-MLE. However, TR-IRLS
is consistentlyfasterand easierto implementand under-
standin depth. All classi�ers did well on modapte.sub ,
with LR and SVM always above 0.977. Table 3 reports
timeson the�rst tenattributes.Again,TR-IRLS is fastest.

SVMlight wasgenerallymoresensitiveto its parameters
thanTR-IRLS,but its linearkernelwassurprisinglyerratic
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Table 2. Lif e sciences and link datasets. Times are in seconds, and do not inc lude SVM tuning.
citeseer imdb ds2 ds1 ds1.100 ds1.10

Classi�er Time AUC Time AUC Time AUC Time AUC Time AUC Time AUC
TR-IRLS 53 0.945 272 0.983 1460 0.722 45 0.948 35 0.913 8 0.842
CG-MLE 70 0.946 310 0.983 2851 0.724 120 0.946 294 0.916 43 0.844
SVM LIN BEST 82 0.821 647 0.949 3729 0.704 846 0.931 1744 0.882 373 0.741
SVM LIN FAST 79 0.810 564 0.938 2030 0.690 183 0.918 123 0.874 73 0.675
SVM RBF BEST 1150 0.864 4549 0.957 67118 0.700 3594 0.939 2577 0.934 167 0.876
SVM RBF FAST 408 0.798 1929 0.947 14681 0.680 1593 0.902 932 0.864 248 0.848

onds1.10 . Theextremechangesin AUC for smallchanges
in capacityareshown in Figure1. The left axis represents
AUC , the horizontalaxis is capacity, andcirclesareAUC
datapoints.Theright axisandsolid line show thetime for
eachexperiment.LIBSVM [1] showedsimilarbehavior [8].

We comparedTR-IRLS to SAS' proc logistic [5]
(specialthanksto Lujie Chen,Auton Lab). Becauseproc
logistic lacksan option for sparsedata,we madelarge
densesubsetsof ds1 . TR-IRLSconsistentlyranthreetimes
fasterwith densecomputations.SAS' memoryusegrew
rapidlywith thenumberof columns,andlimited our tests.

5 Relatedwork

The main debatein current LR literature is how to
calculateLR parameters,see[8] and referencestherein.
Proposedmethodsinclude variantsof Newton's method,
CG, iterative scaling and Gauss-Seidel/cyclic coordinate
descent. Thesemethodsfacethe numericand over�tting
problemscommonto nonlinearoptimization in machine
learning.Seesurveys in [15, 20], andanalysisin [8].

6 Conclusions

WepresentedtheTR-IRLS�tting procedureanddemon-
stratedits use with logistic regression. This combina-
tion appearsfasterand at leastas accurateas SVMs and
other logistic regression�tting procedures.TR-IRLS can
be usedwith any generalizedlinear model. TR-IRLS is
very simple and can be implementedfrom details in this
paper. Our software, sources,and data are available at
http://www.autonlab.o rg andhttp://komarix.org .
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