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Abstract—The 0/1 loss is an important cost function for
perceptrons. Nevertheless it cannot be easily minimized by
most existing perceptron learning algorithms. In this paper, we
proposea family of random coordinate descentalgorithms to
dir ectly minimize the 0/1 lossfor perceptrons, and prove their
corvergence.Our algorithms are computationally ef cient, and
usually achieve the lowest 0/1 loss compared with other algo-
rithms. Suchadvantagesmake them favorable for nonseparable
real-world problems.Experiments show that our algorithms are
especially useful for ensemblelearning, and could achieve the
lowesttest error for many complexdata setswhen coupled with
AdaBoost.

I. INTRODUCTION

The perceptrorwas rst introducedby Rosenblatf1] asa
probabilisticmodel for information processingn the brain.
It is simply alinearthresholdclassi er, which canbethought
asa hyperplanein the input space.

Given a setof exampleswith binary labels,an important
taskof perceptroriearningis to nd a hyperplanehatclas-
si es the exampleswith the smallestnumberof mislabeling
errors.A datasetthat canbe classi ed by someperceptron
without ary mislabelingerrorsis called linearly sepaable,
or simply sepaable For a separableset,the taskof learning
is relatively easyand can be carried out by mary existing
algorithms. For example, the perceptronlearning rule [2]
is guaranteedo corverge to a separatinghyperplanein a
nite numberof iterations.The hard-magin supportvector
maching(SVM) caneven nd the separatindhyperplanehat
maximizesthe minimal examplemamgin [3].

However, thesealgorithmsbehae poorly whenthe dataset
is nonseparableyhich is a more commonsituationin real-
world problems.In sucha situation,the perceptroriearning
rule will not corverge, and is very unstablein the sense
that the learnedhyperplanemight changefrom an optimal
one to a worst-possibleone within a single trial [4]. The
optimization problem of the hard-magin SVM becomes
infeasible andhencecannotbe solvedwithout modi cations.
To tacklethe nonseparableasesmary differentalgorithms
have beenproposed(see Sectionll). Although thosealgo-
rithms appearquite different, they usually try to minimize
some cost functions of example mamins. Note that the
number of mislabelingerrorsis proportionalto a specic
costfunction, the 0/1 loss.

The 0/1 loss is an important criterion for perceptron
learning. It capturesthe discretenatureof the binary clas-
si cation (corrector incorrect), and partially indicatesthe
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prediction power. A good 0/1 loss minimization algorithm

can be used either to obtain standaloneperceptrons,or

to build more complex classi ers with mary perceptrons.
However, the 0/1 loss cannotbe directly minimized by most

existing perceptronalgorithms, which is both becausethe

minimization problemis NP-complete[5], and becausehe

lossis neithercorvex nor smooth.

In this paper we proposea family of new perceptron
algorithmsto directly minimize the 0/1 loss. The central
idea is random coordinatedescent,i.e., iteratively search-
ing along randomly chosendirections.An ef cient update
procedureis usedto exactly minimize the 0/1 loss along
the chosendirection. Both the randomnessand the exact
minimization procedurehelp escapefrom local minima.
Theoretical analysesindicate that our algorithms globally
minimize the 0/1 losswith arbitrarily high probability under
simple settings, and perform random search towards an
optimal hyperplaneef ciently . Experimentalresultsfurther
demonstratethat our algorithmsachieve the best 0/1 loss
most of the time when comparedwith other perceptron
algorithms,andarethusfavorablebaseearnerdor ensemble
learningmethodssuchas AdaBoost[6].

The paperis organizedas follows. We discusssome of
the existing algorithmsin Section Il. We then introduce
our randomcoordinatedescentalgorithms,as well as their
convergence analyses,in Section lll. Our algorithms are
comparedwith existing ones, both as standalonelearners
and as baselearnersof AdaBoost,in SectionlV. Finally,
we concludein SectionV.

II. RELATED WORK
We assumethat the input spaceis a subsetof R™. A

with wp = b, and accordingly expand the original input
vectorto x 2 R™*! with xo = 1. Then, the perceptron
performs classi cation by the sign of the inner product
betweenw andx, i.e., sign(hw;xi).

For a given training setf(xi;yi)gi'\':l withy; 2 f 1;1g
being the labels,let ; = y; hw;x;i be the unnormalized
maugin of the i-th example.Most perceptronalgorithmstry
to minimize somecostfunction basedon :

Cw)= "ic(i);
i=1
where' ; is the sampleweight, andc( ) is a mamgin cost
function. Some common mamin cost functions are listed
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TABLE |
SOME COMMON MARGIN COST FUNCTIONS

costfunction c()
perceptrorcriterion maxf0; g
SVM hingeloss maxf0;1 g
modi ed least-squares (maxf0o;1 )2
0/1loss [ 0]

in Tablel. Note that mary mamgin costfunctions,including
the rst threein Tablel, canbe viewed as monotonicand
continuousapproximationsof the 0/1 loss [7], which is a
direct measureof the classi cation performance.

The well-known perceptronlearningrule (PLR) [2] peF
forms gradientdescenbn the perceptrorcriterion associated
with someindividual (x;;V;). It updateghe weightvectorw
whenit predictswrongly on x;, i.e., wheny; hw;x;i 0,

(2)

This updaterule is appliedrepeatedlyto every examplein
thetrainingset.If thetraining setis separablethe perceptron
corvergencetheorem[2] guaranteeshat a separatindiyper
planecanbefoundin nite time.However, if thetrainingset
is nonseparablehe algorithmwill never corvergeandthere
is no guarantedor obtaining good perceptronsn terms of
the 0/1 loss.

The poclket algorithm[4] solvesthe convergenceproblem
of PLR at the price of muchmore computationit runsPLR
while keeping“in its pocket” the best-till-nav weightvector
in terms of the 0/1 loss. Although it can nd an optimal
weightvectorthatminimizesthe0/1 losswith arbitrarily high
probability, the numberof epochsrequiredis prohibitively
largein practice[4]. Thisis partly becaus¢healgorithmaims
at minimizing the 0/1 loss, but only adopts(2) from PLR to
updatethe weight vector SincePLR is very unstablewhen
thetraining setis nonseparablenuchcomputationis wasted
on bad weight vectors.

In contrastto the pocket algorithm, which usesonly the
bestweight vector, Freundand Schapire[8] suggestedom-
bining all theweightvectorsthatoccurredn thetrials of PLR
by amajority vote.Onevariant,which usesaveraginginstead
of voting, can producea single perceptron.Since it was
shawvn that the voted- and the averaged-perceptromodels
perform similarly in practice[8], we will only considerthe
averaged-perceptroalgorithmin this paper The averaged-
perceptronalgorithm operateswith the perceptroncriterion,
but doesnot explicitly minimize any cost functions. Thus,
the obtainedperceptroris usually not the bestminimizer of
eitherthe perceptrorcriterion or the 0/1 loss.

When the mamin cost function c¢( ) satis es certain
smoothnesassumptionswhich is the caseof all costfunc-
tions in Table | exceptthe 0/1 loss, the stochasticgradient
descentalgorithm (SGD) [9] can be usedto minimize the
associatedC(w). For example,PLR is just a specialcase
of SGD with the perceptroncriterion. However, because
the0/1losshassharptransitionsat = 0, andzerogradients
elsavhere,it cannotbe directly minimized by SGD.

Minimizing the 0/1 loss for perceptronds a challenging

w( W+ yX;:

task.The problemis NP-completd5], andhencedeterminis-
tic optimizationis likely to beinef cient. In addition,general
numerical optimization cannot work becauseof the zero
gradients,non-corvexity, and non-smoothnessPractically
smoothandpreferablycorvex approximation®f the 0/1 loss
are usually considerednstead.

Neverthelessthe 0/1 lossis importantbecausét captures
the discrete nature of the binary classi cation (correct or
incorrect). It is thus interestingto see whether a decent
minimizer of the 0/1 loss could outperform minimizers of
other costfunctions.In addition,a good 0/1 loss minimizer
canbe usefulin somepracticalcasesFor example,adaptve
boosting (AdaBoost), one of the most popular ensemble
learningalgorithms,expectsan ef cient anddecent0/1 loss
minimizer asthe baselearner[6]. Sucha goodbaselearner
could help AdaBoost in training speed and algorithmic
convergence However, existing perceptroralgorithmsmen-
tioned above usually cannot be good base learners (see
SectionlV), becauseof slowness(e.g., pocket) and/orcost
function mismatch(e.g., averaged-perceptron).

I1l. RANDOM COORDINATE DESCENT

Fromnow on,wewill focusonthe0/1lossfor perceptrons
and proposea family of algorithmsto directly minimize
it. The notation E(w), or the word error, will be used
to speci cally representC(w) with the 0/1 loss. Similar
to (2), our algorithmsupdatesthe perceptronweight vector
iteratively by choosingan updatedirectiond and a proper
descentstep

w( w+ d:

®3)

We rst shaw how to determine for a given directiond,
andthendiscusshow we could choosed.

A. Finding Optimal DescentStep

Assumethat an updatedirectiond hasbeenchosen.To
have the mostdecreasef E (w) alongthe directiond, we
determinethe beststepsize by solving

rr12i2E(W+ d) = "ilyibw+ d;xiji 0] (4)
i=1

We cantake a closerlook attheerrorthat(w + d) makes
on an individual example(x;;y;). Let ; = hd;x;i.

When ; 6 0, hw+ d;xji = ; ; Yhw;xii+

The error of (w + d) on (X;;yi) is the sameasthe

error of a 1-D decisionstump[10] with bias on the

example | “hw;x;i;yisign( i) .

When ; = 0, w + d;xji = hw;x;i. Thus,the error

doesnot changewith
Thereexists a deterministicand ef cient algorithmfor mini-
mizing the training error for decisionstumps[10]. Hence,
we can transformall training exampleswith ; 6 0 us-
ing (xi;yi) 7' Yhw; xii ;i sign( i) , and then apply
the decision stump learning algorithm on the transformed
training setto decidethe optimal descentstep . Suchan
updateprocedurads illustratedin Fig. 1. Notethat  is not
restrictedto be positive, and hencethe directiond doesnot
needto be strictly descent.



Input: A training setf (xi;yi)gl, , its sampleweight f* ig/, ,
the currentw, and an updatedirectiond

: fori = 1to N do f generatehe 1-D training seg

i ( hd;xii

if i 6 0then
xP( thwsxid, v (O wisign( i)

end if

: end for

: Find the optimal decision stump only for those f (x%;y)g
andf' jgwith ; 6 0:

X

NoaRARWNE

( argmin “ioy? sign xX+ 0
2R i: ;60

gw( w+ d

Fig. 1. The updateprocedurethat solves (4)

Input: A training set,sampleweight, andthe numberof epochsT
1: Initialize w®

2. fort=1t0 T do

3:  Generatea randomupdatedirectiond® 2 R™**

4:  Updatew® to w*? with the algorithmin Fig. 1
5: end for
6: return w(T*Y asthe perceptrorweight vector

Fig. 2. Randomcoordinatedescen{RCD) for perceptrons

B. ChoosingUpdateDirections

Thereare mary waysto choosean updatedirection. The
simplestway might be the cyclic coordinatedescen{CCD).
It focuseson one basisvector in eachepoch,and rotates
throughthe (m + 1) basisvectorsrepeatedly Sucha tech-
nigue is commonly used when the cost function is not
differentiable.

To avoid getting stuck in somelocal minima potentially
causedby using x ed directionsin a x ed order, we may
chooseheupdatedirectionsrandomly This method together
with the update procedure,is called random coorinate
descent(RCD) and is depictedin Fig. 2. Note that CCD
can be thought as a degeneratevariant of RCD. Below
we will discusssomeother representatie variantsof RCD
algorithms!

The simplestvariantis called RCD-plain, in which the
updatedirectionsare independenaindidentically-distrituted
randomvectors. We have usedtwo common distributions
for generatingthe randomvectors.The rst one, calledthe
uniformrandomvectoss, picks eachcomponenbf the vector
from a uniform distribution spannecdver the corresponding
feature range. The other one uses Gaussiandistribution
estimatedfrom the correspondingfeature statistics,and is
calledthe Gaussianrandomvectos.

Note that the nal value of the bias,wp, canbein quite
different rangesfrom the other componentsof w, due to
the settingxp = 1. Thus, it might be helpful to have an
updatedirection devotedto adjustingwg only. If the zeroth
basisvectoris additionally adoptedas the updatedirection
every (m + 1) epochs RCD-plain becomesRCD-bias.

Inspiredby what PLR does,we may alsousethe gradient
of the perceptrorcriterionassociatedvith arandomlypicked

IMore variantscan be found in our earliertechnicalreport[11].

example (x;;y;) asthe updatedirection. We call this vari-
antRCD-grad. ThedifferencebetweernPLR andRCD-grad
is that PLR doesnot pursuethe optimal descentstep.

C. Corvergenceof RCD

Next we analyze the corvergence properties of RCD
algorithms,which follows from randomsearchtechniquesn
optimization[12]. NotethatbothE (w) andRCD algorithms
areinvariantto the magnitudeof vectorsw or d. For easier
analysis,we assumethat every nonzerow® or d® is
normalizedto unit length.

First, we shav a generalresultof global corvergencethat
appliesto RCD-plain and RCD-bias, with either uniform
or Gaussiarrandomvectors.

e nition 1: We call d® tlzl sufciently random
if ., 1 Prd®2A =o0forallA S[ fOgwith
nonzeromeasurewhereS = fw: kwk = 1g.

Theoem1: For an RCD algorithm with sufciently ran-
dom directions d( _
[
Jlim Pr w® minimizesE(w) = 1: (5)

Proof: We extend from the global searchcorvergence
theorem[12, page 20], which, togetherwith the property
thatE (w) is lower boundedandevaluateso discretevalues,

impliesthe correctnessf (5) underthefollowing conditions:

1) S| fOgis a measurableset; E (w) is measurable.

2) Thedirections d( tlzl aresufciently random.

3) The sequence E(w®) tlzl is non-increasing,

andE(w®D ) E(dM):

The proof relies on the third condition, which holds be-
cause is the minimizerof E(w® + d®) in Fig. 1. m
We can easily verify that the assumptionof Theorem1l is
satis ed by RCD-plain and RCD-bias, with eitherthe uni-
form or the Gaussiarrandomvectors.However, Theoreml
doesnot fully reveal their ef ciency. Next, we take RCD-
plain with the Gaussiamandomvectorsd® N (0; 1) asan
example,andshav how it performsef cient randomsearch.

De ne B(w ;R) asa hyperspherén R™*1 with cen-
terw andradiusR. Let

A(w ;R) = fw=kwk:w 2 B(w ;R)nfOgg S:

An integration on S shows that when kw k = 1, the
probability of the directiond(® 2 A(w ;R) is
z R
m Vm rm 2d r2  vpyR™; (6)

0
where v, is some constant[13]. Note that in the space
of weight w, the N hyperplaneshxi;wi = 0 cut the
surfaceS into differentregions, eachof which representa
speci ¢ predictionpatternon the training set. Following the
analysisof Dunaganand Vempala[14], eachregion canbe
approximatelymodeledoy someA(w ;R) with kw k = 1.2
Assumethatw is from a region whereE (w ) < E(w(®),

2Within the region, we chooseaw  suchthatR is maximized.



Equation(6) givesa lower boundfor locatingthe regionin a
naive randomsearchHowever, RCD-plain canperformthe
searchmore ef ciently from the currentw (:

Theoem?2: For the pieceA(w ;R) de ned above, if the
anglebetweenw andw( is 2 [0; 5], then RCD-plain
with the shandard?-aussiarrandlomvectorssatis es

Pr EwW®D) Ew )  vuRT

sin™ :

Proof: The scale invariance of E(w) implies
thatE(w) = E(w ) for any k > 0 andw 2 B (kw ;kR).
Consider dV such that the line w® + d®
intersectsB (kw ;kR), which is equivalentto d(® 2 Ay
with Ay =hA(kw w(t);kR)._Thus,fﬁr ary k > 0,

i

|
Pr E(wD) Ew ) Pr d® 2 A,

Thetheoremis provedby settingk = 1=cos , whichresults
in a pieceAx with the maximummeasure. [ |

Similaranalysiscanbe carriedout for the caseof theuniform
or other Gaussiarrandomvectors.Whenw (! andw are
close,the angle betweenthem is small, and RCD-plain
greatly improves the lower bound of the probability for
decreasingd= (w). In otherwords,RCD-plain performsfast
local searchfor a betterw nearby Note that becauseof the
structureof the w-space,a region with global minima is
closeto regionswith smalltraining errors.With the implicit
use of the structure,and the ability to escapefrom local
minima, RCD-plain (and similarly RCD-bias) can hence
perform global minimization ef ciently .

IV. EXPERIMENTS

We rst comparethe performanceof differentRCD vari-
antsin minimizing the training error. Some better variants
arefurthercomparedvith the existing perceptroralgorithms.
We use nine real-world data set$ from the UCI machine
learning repository [15], with 80% of randomly chosen
examplesfor training andthe restfor testing.Threearti cial
dataseté are also randomly generatedyith 600 examples
for training and 4400 for testing. The 0/1 loss (error) is
measuredver 500 runson the training andtestingsets,and
is presentedising the meanandthe standarderror.

a) DataPreprocessing Thefeaturedn thetrainingset
are rst linearly normalizedto [ 1;1] solely basedon the
training examples.Then the test examplesare normalized
accordingly

b) Initial Seeding We initialize w® with either the
zero vector or the Fishers linear discriminant (FLD, see
for example[17]). For the latter case,ary singularestimate
of the within-classcovariancematrix is regularizedwith an
eigervalue shrinkageparametenof 10 19 [18].

A. Comparisonswithin RCD Variants

In Fig. 3, we comparedifferent RCD variantsusing their
training errorson the pima dataset. The resultsshovn are

3They are australian, breast, cleveland, german, heart, ionosphere,
pima, sonar, andvotes84. See[11] for details.
4They areringnorm, threenorm [16], andyinyang. See[11] for details.
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basedon uniform randomvectors,while similar resultshave
beenobsenedfor Gaussiamandomvectors.Someimportant
obsenationsare:

With the samenumberof epochstrainingerrorsof RCD
algorithms using the FLD seeding are signi cantly
lower thanthoseusing the zero seeding.
Both CCD andRCD-grad do notwork aswell asRCD-
plain and RCD-bias. This result con rms that suf-
ciently randomdirectionsare importantfor RCD.
RCD-bias is betterthan RCD-plain, especiallyat the
beginning. However, the edge gets smallerwith more
training epochs.
We obtain similar obsenations in some other data sets.
Thus,RCD-plain andRCD-bias, with the FLD seedingare
morepromising.Next, we comparethemwith someexisting
perceptroralgorithms.For a fair comparisonwe also equip
the otheralgorithmswith the FLD seeding.

B. Comparisonsas Standalond_earness

We considerthe pocket algorithm with ratchet(denoted
as pocket) [4], an improved variant of the averaged-
perceptroralgorithm,in which examplesare presentedom-
pletely randomly during training (ave-perc) [8, 11], SGD
with a learning rate 0:002 on the modied Ileast-
squares(SGD-mls) [9], and the linear soft-magin SVM
with parameterselection (soft-SVM) [19, 20]. The rst
threestochastialgorithmscanbe directly comparedo RCD
algorithmsby allowing the sameT = 2000 epochsandthe
last oneis includedfor reference.

Fig. 4 presentsthe performanceof the stochasticalgo-
rithms on the pima data set® In the competitionfor low
training errors, RCD-bias is clearly the best, and pocket

5The curves of RCD-plain arevery closeto thoseof RCD-bias, andare
thus not shavn.



TABLE Il
TRAINING ERRORS (%) OF PERCEPTRON ALGORITHMSUSING THE FL D SEEDING

dataset RCD-plain RCD-bias pocket ave-perc SGD-mls soft-SVM
australian  10:12 0:03 9:98 0:03 10:81 0:03 1219 0:03 1270 0:04 14:33 0:03
breast 1:68 0:01 1:68 0:01 1:86 0:01 2:87 0:02 2:77 0:02 2:70 0:02
cleveland 10:57 0:05 10:62 0:05 12:07 0:05 14:40 0:06 14:48 0:06 1474 0:.05
german 19:16 0:04 18:80 0:03 21:10 0:03 21:31 0:04 22118 0:05 21:48 0:04
heart 9:48 0:05 9:49 0:05 11:22 0:05 1364 0:06 1382 006 1420 0:06
ionosphere  3:88 0:04 3:97 0:04 3:41 0:05 4:92  0:06 5:14 0:05 6:95 0:10
pima 19:60 0:04 19:60 0:03 20:34 0:03 21:99 0:04 2225 0:04 2209 0:04
ringnorm 27:61 0:07 27:36 0:08 3046 007 3549 011 3452 0:13 31:.82 0:09
sonar 2:56 0:04 2:62 0:04 0:00 0:00 0:37 0:02 1:42 0:06 11:58 0:20
threenorm 11:41 0:06 11:39 0:06 1353 0:06 14:43 0:06 1451 0:06 14:47 0:06
votes84 1:32  0:02 1:31 0:02 1:46 0:02 2:42 0:03 2:48 0:03 3:.02 0:04
yinyang 15:33 0:05 15:36 0:05 1561 0:05 1910 0:07 19:03 0:.07 1889 0:08
(resultswithin one standarderror of the bestare marked in bold)
TABLE 11l
TEST ERRORS (%) OF PERCEPTRON ALGORITHMS USING THE FLD SEEDING
dataset RCD-plain RCD-bias pocket ave-perc SGD-mls soft-SVM
australian  14:24 0:12 1392 0:12 1431 0:12 13:64 0:12 1387 0:12 14:78 0:12
breast 3:65 0:07 3:61 0:07 3:43 0:06 336 0:06 3:28 0:06 3:22 0:06
cleveland 18:68 0:22 1857 0:21 1849 0:21 16:74 0:20 16:76 0:20 16:72 0:20
german 24:45 0:12 2370 0:13 2524 0:13 23:24 0:12 2405 0:13 2364 012
heart 18:13 0:21 1820 0:22 17:63 0:20 16:51 0:20 16:49 0:20 16:45 0:20
ionosphere 13:91 0:17 1472 0:18 12:87 0:18 1276 0:18 12:63 0:18 12:57 0:17
pima 2379 0:14 2350 0:14 2350 0:14 22:79 0:14 2307 0:14 2319 0:14
ringnorm 35:83 0:04 35:65 0:04 3659 004 3927 008 3838 010 3570 0:05
sonar 2598 0:29 2620 0:29 2520 0:25 2509 0:26 2490 028 23:89 0:27
threenorm 16:82 0:03 16:86 0:03 17:65 0:04 16:14 0:02 16:18 0:02 16:08 0:02
votes84 5:21 0:09 5:00 0:10 5:24 0:10 4:52  0:10 4:70 0:11 4:39 0:09
yinyang 17:71 0:02 17:75 0:02 17:74 0:02 1925 0:02 1921 0:02 1921 0:02

(resultswithin one standarderror of the bestare marked in bold)

follows. However, whenthetesterroris concernedthe other
three methods,especiallyave-perc, are the winners. The
nal performanceof all perceptronalgorithms are shavn
in Tablesll and Ill. Similarly, RCD-plain and RCD-bias
achieve the lowesttraining errorsfor most of the datasets.
On the other hand, soft-SVM and ave-perc, which are
known to be regularized, could usually obtain better test
errors. Thus, the 0/1 loss itself may not be the best cost
function, and over tting without regularizationshall explain
the inferior testperformanceof RCD algorithms.

We also obsene that pocket is much slower than RCD-
bias, becausevith nonseparabldatasets,checksonwhether
a new weight vector shouldreplacethe in-pocket one may
happenvery often. In addition, pocket usually also needs
more epochsin orderto achiese the samelevel of training
error as RCD-bias.

C. Comparisonsas AdaBoostBaselLearnes

AdaBoost expectsits baselearnersto efciently nd a
hypothesiswith low weightedtraining error. The detailsfor
plugging the sampleweights ' ; into existing perceptron
algorithmsarelistedin our technicalreport[11]. We usethe
reweighting techniquefor pocket and ave-perc. Then, we
setT = 200for all perceptroralgorithms which seemgo be
sufcient for all the datasets,and apply them as AdaBoost
baselearnersWe run AdaBoostfor up to 200iterations,and
reportthe resultswith the zero seedingin Table IV, while
similar resultshave beenobtainedwith the FLD seeding.

We obsere that ave-perc, SGD-mls, and soft-SVM,
which are not designedfor the weighted training error,
usually fail to return a decentperceptron,and causeAda-
Boost to stop at some early iteration [11]. That is, their
performanceis mainly associatedwith a few regularized
perceptrongatherthan with AdaBoost.On the other hand,
AdaBoostwith RCD-plain, RCD-bias, or pocket always
runsthroughall 200 iterations,andhencetheir performance
is fully connectedo AdaBoost.

To further compareperceptroralgorithmsasa baselearn-
ers to AdaBoost,we mark the entrieswith  in Table IV
to denotea signi cant improvementfrom the bestentry of
Tablelll. Thereare somedatasetswithout , which means
thatthey aresimpleenoughandcanbe modeledsufciently
well with onesingle perceptrone.g.,australian). For those
data sets, ave-perc, SGD-mls, and soft-SVM have good
performancéoth asstandalondearnersandwith AdaBoost.
However, since they already perform well as standalone
learners,thereis no needin binding them with AdaBoost
on thosedatasets.

Onthe otherhand,for complex datasetsthatcanbe better
modeledby AdaBoostwith perceptronge.g.,yinyang), base
learnersthat aim at minimizing the 0/1 loss (RCD-plain,
RCD-bias, or pocket) perform signi cantly better than
others.In addition, RCD-plain and RCD-bias are usually
betterthanpocket in termsof boththetrainingspeedandthe
performanceThus,RCD-plain andRCD-bias t the needs



TABLE IV
TEST ERRORS (%) OF ADABOOST WITH PERCEPTRON ALGORITHMS USING THE ZERO SEEDING

dataset RCD-plain RCD-bias pocket ave-perc SGD-mls soft-SVM
australian 1545 0:12 1549 0:12 1575 0:12 13:61 0:12 14,00 0:12 1565 0:13
breast 3:21 0:06 3:34 0:.06 341 0:.07 335 006 3:24 0:06 3:20 0:06
cleveland 1800 0:21 1822 0:21 1895 0:20 16:81 0:20 16:74 0:20 16:69 0:21
german 25:17 0:13 2537 0:12 2557 0:13 23:25 0:12 2396 0:13 2348 0:12
heart 1760 0:21 1758 0:22 1894 0:21 16:55 0:20 16:54 0:20 16:57 0:21
ionosphere 10:36 0:16 10:30 0:16 11:65 0:17 1321 0:17 1267 0:17 10:83 0:16
pima 24:87 0:14 2479 0:14 2515 0:14 22:77 0:14 2301 0:14 2306 0:13
ringnorm 860 005 1222 007 7:12 0:04 3929 008 3832 009 1549 0:17
sonar 16:44 0:25 16:06 0:25 25:02 0:27 2577 0:27 2537 027 2152 0:25
threenorm 14:51 0:02 15:34 0:.03 1495 0:.02 1614 002 16:17 0:02 1597 0:02
votes84 4:25 0:09 4:24 0:09 454 010 4:74 0:10 468 010 482 0:10
yinyang 3:95 0:03 3:98 0:03 487 002 1925 002 1923 0:02 1914 0:.02

(resultswithin one standarderror of the bestentry in the row are marked in bold)
(resultsbetterthanthe bestof Tablelll by one standarderror are marked with )

of AdaBoost,and can almostalways achiese the besttest
errorin this situation.The resultsdemonstratéhe usefulness
of RCD algorithmsas baselearnersof AdaBoost.

V. CONCLUSION

We have proposeda family of new learning algorithms
to directly optimize the 0/1 loss for perceptronsThe main
ingredientsare random coordinatedescent(RCD) and an
update procedureto exactly minimize the 0/1 loss along
the updatedirection. We have proved the corvergenceof
our RCD algorithms,and have also analyzedtheir speedup
heuristic. Experimental results have con rmed that RCD
algorithmsare ef cient, and usually achieve the lowestin-
sample0/1 loss comparedwith sereral existing perceptron
learningalgorithms.

RCD algorithms can be used not only as standalone
learners,but also as favorable baselearnersfor ensemble
learning.In termsof the improvementfor the out-of-sample
performance,our experimental results have demonstrated
that AdaBoostworks betterwith RCD algorithmsthanwith
other existing perceptroralgorithms.

On somedata setson which a single perceptronworks
well, our resultsindicatethat RCD-based/1 lossminimizer
may not be the bestchoice.On the other hand, regularized
algorithms such as the averaged-perceptromand the soft-
margin SVM could achieve better out-of-sample perfor
mance.Futurework will be focusedon RCD algorithmsfor
someregularized0/1 loss.
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