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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 loss for perceptrons, and prove their
convergence.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
especiallyuseful for ensemblelearning, and could achieve the
lowest test error for many complexdata setswhen coupledwith
AdaBoost.

I . INTRODUCTION

Theperceptronwas�rst introducedby Rosenblatt[1] asa
probabilisticmodel for information processingin the brain.
It is simplya linearthresholdclassi�er, whichcanbethought
asa hyperplanein the input space.

Given a setof exampleswith binary labels,an important
taskof perceptronlearningis to �nd a hyperplanethat clas-
si�es the exampleswith the smallestnumberof mislabeling
errors.A dataset that canbe classi�ed by someperceptron
without any mislabelingerrors is called linearly separable,
or simply separable. For a separableset,the taskof learning
is relatively easyand can be carriedout by many existing
algorithms.For example, the perceptronlearning rule [2]
is guaranteedto converge to a separatinghyperplanein a
�nite numberof iterations.The hard-margin supportvector
machine(SVM) caneven�nd theseparatinghyperplanethat
maximizesthe minimal examplemargin [3].

However, thesealgorithmsbehavepoorlywhenthedataset
is nonseparable,which is a morecommonsituationin real-
world problems.In sucha situation,the perceptronlearning
rule will not converge, 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-margin SVM becomes
infeasible,andhencecannotbesolvedwithoutmodi�cations.
To tackle the nonseparablecases,many differentalgorithms
have beenproposed(seeSectionII). Although thosealgo-
rithms appearquite different, they usually try to minimize
some cost functions of example margins. Note that the
numberof mislabelingerrors is proportional to a speci�c
cost function, the 0/1 loss.

The 0/1 loss is an important criterion for perceptron
learning. It capturesthe discretenatureof the binary clas-
si�cation (correct or 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 many perceptrons.
However, the 0/1 losscannotbe directly minimizedby most
existing perceptronalgorithms,which is both becausethe
minimization problemis NP-complete[5], and becausethe
loss is neitherconvex nor smooth.

In this paper, we proposea family of new perceptron
algorithms to 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 used to exactly minimize the 0/1 loss along
the chosendirection. Both the randomnessand the exact
minimization procedurehelp escapefrom local minima.
Theoreticalanalysesindicate 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 algorithms achieve the best 0/1 loss
most of the time when comparedwith other perceptron
algorithms,andarethusfavorablebaselearnersfor ensemble
learningmethodssuchasAdaBoost[6].

The paper is organizedas follows. We discusssomeof
the existing algorithms in Section II. We then introduce
our randomcoordinatedescentalgorithms,as well as their
convergenceanalyses,in Section III. Our algorithms are
comparedwith existing ones, both as standalonelearners
and as baselearnersof AdaBoost, in Section IV. Finally,
we concludein SectionV.

I I . RELATED WORK

We assumethat the input spaceis a subsetof Rm . A
perceptronconsistsof a weight vector (w1; : : : ; wm ) and a
bias term b (i.e., the negative threshold).To avoid treating
themseparately, we usethe notationw = (w0; w1; : : : ; wm )
with w0 = b, and accordingly expand the original input
vector to x 2 Rm +1 with x0 = 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 set f (x i ; yi )g
N
i =1 with yi 2 f� 1; 1g

being the labels, let � i = yi hw; x i i be the unnormalized
margin of the i -th example.Most perceptronalgorithmstry
to minimize somecost function basedon � i :

C(w) =
NX

i =1

' i c(� i ) ; (1)

where ' i is the sampleweight, and c(� ) is a margin cost
function. Some common margin cost functions are listed
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TABLE I
SOME COMMON MARGIN COST FUNCTIONS

cost function c(� )
perceptroncriterion max f 0; � � g
SVM hinge loss max f 0; 1 � � g
modi�ed least-squares (max f 0; 1 � � g)2

0/1 loss [� � 0]

in Table I. Note that many margin cost functions,including
the �rst three in Table I, can be viewed as monotonicand
continuousapproximationsof the 0/1 loss [7], which is a
direct measureof the classi�cation performance.

The well-known perceptronlearning rule (PLR) [2] per-
formsgradientdescenton theperceptroncriterionassociated
with someindividual (x i ; yi ). It updatestheweightvectorw
when it predictswrongly on x i , i.e., whenyi hw; x i i � 0,

w ( w + yi x i : (2)

This updaterule is appliedrepeatedlyto every example in
thetrainingset.If thetrainingsetis separable,theperceptron
convergencetheorem[2] guaranteesthat a separatinghyper-
planecanbefoundin �nite time. However, if thetrainingset
is nonseparable,the algorithmwill never convergeandthere
is no guaranteefor obtaininggood perceptronsin termsof
the 0/1 loss.

The pocket algorithm[4] solvesthe convergenceproblem
of PLR at the price of muchmorecomputation.It runsPLR
while keeping“in its pocket” thebest-till-now weightvector
in terms of the 0/1 loss. Although it can �nd an optimal
weightvectorthatminimizesthe0/1 losswith arbitrarilyhigh
probability, the numberof epochsrequiredis prohibitively
largein practice[4]. This is partlybecausethealgorithmaims
at minimizing the 0/1 loss,but only adopts(2) from PLR to
updatethe weight vector. SincePLR is very unstablewhen
thetrainingsetis nonseparable,muchcomputationis wasted
on badweight vectors.

In contrastto the pocket algorithm, which usesonly the
bestweight vector, FreundandSchapire[8] suggestedcom-
biningall theweightvectorsthatoccurredin thetrialsof PLR
by amajorityvote.Onevariant,whichusesaveraginginstead
of voting, can producea single perceptron.Since it was
shown that the voted- and the averaged-perceptronmodels
perform similarly in practice[8], we will only considerthe
averaged-perceptronalgorithm in this paper. The averaged-
perceptronalgorithmoperateswith the perceptroncriterion,
but doesnot explicitly minimize any cost functions.Thus,
the obtainedperceptronis usuallynot the bestminimizer of
either the perceptroncriterion or the 0/1 loss.

When the margin cost function c(� ) satis�es certain
smoothnessassumptions,which is the caseof all cost func-
tions in Table I except the 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
the0/1 losshassharptransitionsat � = 0, andzerogradients
elsewhere,it cannotbe directly minimizedby SGD.

Minimizing the 0/1 loss for perceptronsis a challenging

task.Theproblemis NP-complete[5], andhencedeterminis-
tic optimizationis likely to beinef�cient. In addition,general
numerical optimization cannot work becauseof the zero
gradients,non-convexity, and non-smoothness.Practically,
smoothandpreferablyconvex approximationsof the0/1 loss
areusuallyconsideredinstead.

Nevertheless,the 0/1 lossis importantbecauseit captures
the discretenature of the binary classi�cation (correct or
incorrect). It is thus interesting to see whether a decent
minimizer of the 0/1 loss could outperformminimizers of
othercost functions.In addition,a good0/1 lossminimizer
canbe usefulin somepracticalcases.For example,adaptive
boosting (AdaBoost), one of the most popular ensemble
learningalgorithms,expectsan ef�cient anddecent0/1 loss
minimizer as the baselearner[6]. Sucha goodbaselearner
could help AdaBoost in training speed and algorithmic
convergence.However, existing perceptronalgorithmsmen-
tioned above usually cannot be good base learners (see
SectionIV), becauseof slowness(e.g., pocket) and/orcost
function mismatch(e.g.,averaged-perceptron).

I I I . RANDOM COORDINATE DESCENT

Fromnow on,wewill focuson the0/1 lossfor perceptrons
and proposea family of algorithms to 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 updatedirection d and a proper
descentstep� ,

w ( w + � d: (3)

We �rst show how to determine� for a given direction d,
and thendiscusshow we could choosed.

A. Finding Optimal DescentStep

Assumethat an updatedirection d has beenchosen.To
have the most decreaseof E(w) along the direction d, we
determinethe beststepsize � � by solving

min
� 2 R

E(w + � d) =
NX

i =1

' i [yi hw + � d; x i i � 0] : (4)

Wecantakeacloserlook at theerrorthat(w + � d) makes
on an individual example(x i ; yi ). Let � i = hd; x i i .

� When � i 6= 0, hw + � d; x i i = � i
�
� � 1

i hw; x i i + �
�
.

The error of (w + � d) on (x i ; yi ) is the sameas the
error of a 1-D decisionstump[10] with bias � on the
example

�
� � 1

i hw; x i i ; yi sign(� i )
�
.

� When � i = 0, hw + � d; x i i = hw; x i i . Thus,the error
doesnot changewith � .

Thereexistsa deterministicandef�cient algorithmfor mini-
mizing the training error for decisionstumps[10]. Hence,
we can transform all training exampleswith � i 6= 0 us-
ing (x i ; yi ) 7!

�
� � 1

i hw; x i i ; yi sign(� i )
�
, and then apply

the decision stump learning algorithm on the transformed
training set to decidethe optimal descentstep� � . Suchan
updateprocedureis illustratedin Fig. 1. Note that � � is not
restrictedto be positive, andhencethe directiond doesnot
needto be strictly descent.



Input: A training set f (x i ; yi )gN
i =1 , its sampleweight f ' i gN

i =1 ,
the currentw , andan updatedirectiond

1: for i = 1 to N do f generatethe 1-D training setg
2: � i ( hd; x i i
3: if � i 6= 0 then
4: x0

i ( � � 1
i hw ; x i i , y0

i ( yi sign(� i )
5: end if
6: end for
7: Find the optimal decision stump only for those f (x0

i ; y0
i )g

and f ' i g with � i 6= 0 :

� � ( argmin
� 2 R

X

i : � i 6=0

' i
�
y0

i � sign
�
x0

i + �
�

� 0
�

8: w ( w + � � d

Fig. 1. The updateprocedurethat solves (4)

Input: A trainingset,sampleweight,andthenumberof epochsT
1: Initialize w (1)

2: for t = 1 to T do
3: Generatea randomupdatedirectiond ( t ) 2 Rm +1

4: Updatew ( t ) to w ( t +1) with the algorithm in Fig. 1
5: end for
6: return w ( T +1) as the perceptronweight vector

Fig. 2. Randomcoordinatedescent(RCD) for perceptrons

B. ChoosingUpdateDirections

Therearemany ways to choosean updatedirection.The
simplestway might be thecyclic coordinatedescent(CCD).
It focuseson one basisvector in eachepoch,and rotates
throughthe (m + 1) basisvectorsrepeatedly. Sucha tech-
nique 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
choosetheupdatedirectionsrandomly. Thismethod,together
with the update procedure,is called random coordinate
descent(RCD) and is depictedin Fig. 2. Note that CCD
can be thought as a degeneratevariant of RCD. Below
we will discusssomeother representative variantsof RCD
algorithms.1

The simplestvariant is called RCD-plain, in which the
updatedirectionsareindependentandidentically-distributed
random vectors.We have used two common distributions
for generatingthe randomvectors.The �rst one,called the
uniformrandomvectors, pickseachcomponentof thevector
from a uniform distribution spannedover the corresponding
feature range. The other one uses Gaussiandistribution
estimatedfrom the correspondingfeaturestatistics,and is
called the Gaussianrandomvectors.

Note that the �nal value of the bias,w0, can be in quite
different rangesfrom the other componentsof w, due to
the setting x0 = 1. Thus, it might be helpful to have an
updatedirectiondevoted to adjustingw0 only. If the zeroth
basisvector is additionally adoptedas the updatedirection
every (m + 1) epochs,RCD-plain becomesRCD-bias.

Inspiredby whatPLR does,we mayalsousethegradient
of theperceptroncriterionassociatedwith a randomlypicked

1More variantscanbe found in our earlier technicalreport [11].

example(x i ; yi ) as the updatedirection. We call this vari-
antRCD-grad. ThedifferencebetweenPLR andRCD-grad
is that PLR doesnot pursuethe optimal descentstep.

C. Convergenceof RCD

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

First, we show a generalresultof global convergencethat
appliesto RCD-plain and RCD-bias, with either uniform
or Gaussianrandomvectors.

De�nition 1: We call
�

d ( t )
	 1

t =1 suf�ciently random
if

Q 1
t =1

�
1 � Pr

�
d ( t ) 2 A

��
= 0 for all A � S [ f 0g with

nonzeromeasure,whereS = f w : kwk = 1g.

Theorem1: For an RCD algorithm with suf�ciently ran-
dom directions

�
d ( t )

	 1

t =1 ,

lim
t !1

Pr
h
w ( t ) minimizesE(w)

i
= 1: (5)

Proof: We extend from the global searchconvergence
theorem[12, page 20], which, togetherwith the property
thatE(w) is lower boundedandevaluatesto discretevalues,
impliesthecorrectnessof (5) underthefollowing conditions:

1) S [ f 0g is a measurableset;E (w) is measurable.
2) The directions

�
d ( t )

	 1

t =1
aresuf�ciently random.

3) The sequence
�

E(w ( t ) )
	 1

t =1 is non-increasing,
andE(w ( t +1) ) � E (d ( t ) ):

The proof relies on the third condition, which holds be-
cause� � is the minimizer of E(w ( t ) + � d ( t ) ) in Fig. 1.

We can easily verify that the assumptionof Theorem1 is
satis�ed by RCD-plain andRCD-bias, with either the uni-
form or the Gaussianrandomvectors.However, Theorem1
doesnot fully reveal their ef�ciency. Next, we take RCD-
plain with theGaussianrandomvectorsd ( t ) � N (0; 1) asan
example,andshow how it performsef�cient randomsearch.

De�ne B (w � ; R) as a hyperspherein Rm +1 with cen-
ter w � andradiusR. Let

A(w � ; R) = f w=kwk : w 2 B (w � ; R) n f 0gg � S:

An integration on S shows that when kw � k = 1, the
probability of the directiond ( t ) 2 A(w � ; R) is

m � vm

Z R

0
r m � 2 d

p
1 � r 2 � vm Rm ; (6)

where vm is some constant[13]. Note that in the space
of weight w, the N hyperplaneshx i ; w i = 0 cut the
surfaceS into different regions,eachof which representsa
speci�c predictionpatternon the training set.Following the
analysisof Dunaganand Vempala[14], eachregion can be
approximatelymodeledby someA(w � ; R) with kw � k = 1.2

Assumethat w � is from a region whereE(w � ) < E(w ( t ) ).

2Within the region, we choosea w � suchthat R is maximized.



Equation(6) givesa lower boundfor locatingtheregion in a
naive randomsearch.However, RCD-plain canperformthe
searchmoreef�ciently from the currentw ( t ) :

Theorem2: For the pieceA(w � ; R) de�ned above, if the
anglebetweenw � and w ( t ) is � 2 [0; �

2 ], then RCD-plain
with the standardGaussianrandomvectorssatis�es

Pr
h
E(w ( t +1) ) � E (w � )

i
� vm Rm �

sinm �:

Proof: The scale invariance of E(w) implies
that E(w) = E(w � ) for any k > 0 and w 2 B (kw � ; kR).
Consider d ( t ) such that the line w ( t ) + � d ( t )

intersectsB (kw � ; kR), which is equivalent to d ( t ) 2 Ak

with Ak = A(kw � � w ( t ) ; kR). Thus,for any k > 0,

Pr
h
E(w ( t +1) ) � E (w � )

i
� Pr

h
d ( t ) 2 Ak

i
:

Thetheoremis provedby settingk = 1=cos� , which results
in a pieceAk with the maximummeasure.

Similaranalysiscanbecarriedout for thecaseof theuniform
or other Gaussianrandomvectors.When w ( t ) and w � are
close, the angle � betweenthem is small, and RCD-plain
greatly improves the lower bound of the probability for
decreasingE(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 small training errors.With the implicit
use of the structure,and the ability to escapefrom local
minima, RCD-plain (and similarly RCD-bias) can hence
performglobal minimizationef�ciently .

IV. EXPERIMENTS

We �rst comparethe performanceof differentRCD vari-
ants in minimizing the training error. Somebetter variants
arefurthercomparedwith theexistingperceptronalgorithms.
We use nine real-world data sets3 from the UCI machine
learning repository [15], with 80% of randomly chosen
examplesfor trainingandthe restfor testing.Threearti�cial
datasets4 are also randomlygenerated,with 600 examples
for training and 4400 for testing. The 0/1 loss (error) is
measuredover 500 runson the trainingandtestingsets,and
is presentedusing the meanandthe standarderror.

a) Data Preprocessing.: Thefeaturesin thetrainingset
are �rst linearly normalizedto [� 1; 1] solely basedon the
training examples.Then the test examplesare normalized
accordingly.

b) Initial Seeding.: We initialize w (1) with either the
zero vector or the Fisher's linear discriminant (FLD, see
for example[17]). For the latter case,any singularestimate
of the within-classcovariancematrix is regularizedwith an
eigenvalueshrinkageparameterof 10� 10 [18].

A. Comparisonswithin RCD Variants

In Fig. 3, we comparedifferentRCD variantsusing their
training errorson the pima dataset.The resultsshown 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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Fig. 3. Training errorsof RCD algorithmson pima
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Fig. 4. Training andtesterrorsof stochasticalgorithmson pima

basedon uniform randomvectors,while similar resultshave
beenobservedfor Gaussianrandomvectors.Someimportant
observationsare:

� With thesamenumberof epochs,trainingerrorsof RCD
algorithms using the FLD seeding are signi�cantly
lower than thoseusing the zeroseeding.

� BothCCD andRCD-grad donotwork aswell asRCD-
plain and RCD-bias. This result con�rms that suf�-
ciently randomdirectionsare importantfor RCD.

� RCD-bias is better than RCD-plain, especiallyat the
beginning. However, the edgegets smaller with more
training epochs.

We obtain similar observations in some other data sets.
Thus,RCD-plain andRCD-bias, with theFLD seeding,are
morepromising.Next, we comparethemwith someexisting
perceptronalgorithms.For a fair comparison,we alsoequip
the otheralgorithmswith the FLD seeding.

B. Comparisonsas StandaloneLearners

We considerthe pocket algorithm with ratchet(denoted
as pocket) [4], an improved variant of the averaged-
perceptronalgorithm,in which examplesarepresentedcom-
pletely randomly during training (ave-perc) [8, 11], SGD
with a learning rate 0:002 on the modi�ed least-
squares(SGD-mls) [9], and the linear soft-margin SVM
with parameterselection (soft-SVM) [19, 20]. The �rst
threestochasticalgorithmscanbedirectly comparedto RCD
algorithmsby allowing the sameT = 2000epochs,and the
last one is includedfor reference.

Fig. 4 presentsthe performanceof the stochasticalgo-
rithms on the pima data set.5 In the competition for low
training errors, RCD-bias is clearly the best, and pocket

5Thecurvesof RCD-plain arevery closeto thoseof RCD-bias, andare
thusnot shown.



TABLE II
TRAINING ERRORS (%) OF PERCEPTRON ALGORITHMS USING THE FLD 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 12:19 � 0:03 12:70 � 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 14:74 � 0:05
german 19:16 � 0:04 18:80 � 0:03 21:10 � 0:03 21:31 � 0:04 22:18 � 0:05 21:48 � 0:04
heart 9:48 � 0:05 9:49 � 0:05 11:22 � 0:05 13:64 � 0:06 13:82 � 0:06 14:20 � 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 22:25 � 0:04 22:09 � 0:04
ringnorm 27:61 � 0:07 27:36 � 0:08 30:46 � 0:07 35:49 � 0:11 34:52 � 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 13:53 � 0:06 14:43 � 0:06 14:51 � 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 15:61 � 0:05 19:10 � 0:07 19:03 � 0:07 18:89 � 0:08

(resultswithin onestandarderror of the bestaremarked in bold)

TABLE III
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 13:92 � 0:12 14:31 � 0:12 13:64 � 0:12 13:87 � 0:12 14:78 � 0:12
breast 3:65 � 0:07 3:61 � 0:07 3:43 � 0:06 3:36 � 0:06 3:28 � 0:06 3:22 � 0:06
cleveland 18:68 � 0:22 18:57 � 0:21 18:49 � 0:21 16:74 � 0:20 16:76 � 0:20 16:72 � 0:20
german 24:45 � 0:12 23:70 � 0:13 25:24 � 0:13 23:24 � 0:12 24:05 � 0:13 23:64 � 0:12
heart 18:13 � 0:21 18:20 � 0:22 17:63 � 0:20 16:51 � 0:20 16:49 � 0:20 16:45 � 0:20
ionosphere 13:91 � 0:17 14:72 � 0:18 12:87 � 0:18 12:76 � 0:18 12:63 � 0:18 12:57 � 0:17
pima 23:79 � 0:14 23:50 � 0:14 23:50 � 0:14 22:79 � 0:14 23:07 � 0:14 23:19 � 0:14
ringnorm 35:83 � 0:04 35:65 � 0:04 36:59 � 0:04 39:27 � 0:08 38:38 � 0:10 35:70 � 0:05
sonar 25:98 � 0:29 26:20 � 0:29 25:20 � 0:25 25:09 � 0:26 24:90 � 0:28 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 19:25 � 0:02 19:21 � 0:02 19:21 � 0:02

(resultswithin onestandarderror of the bestaremarked in bold)

follows.However, whenthetesterror is concerned,theother
three methods,especiallyave-perc, are the winners. The
�nal performanceof all perceptronalgorithms are shown
in TablesII and III. Similarly, RCD-plain and RCD-bias
achieve the lowest training 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,andover�tting without regularizationshall explain
the inferior testperformanceof RCD algorithms.

We also observe that pocket is much slower than RCD-
bias, becausewith nonseparabledatasets,checksonwhether
a new weight vector shouldreplacethe in-pocket one may
happenvery often. In addition, pocket usually also needs
more epochsin order to achieve the samelevel of training
error asRCD-bias.

C. Comparisonsas AdaBoostBaseLearners

AdaBoost expects its baselearnersto ef�ciently �nd a
hypothesiswith low weightedtraining error. The detailsfor
plugging the sample weights ' i into existing perceptron
algorithmsarelisted in our technicalreport[11]. We usethe
reweighting techniquefor pocket and ave-perc. Then, we
setT = 200for all perceptronalgorithms,whichseemsto be
suf�cient for all the datasets,andapply themasAdaBoost
baselearners.We run AdaBoostfor up to 200iterations,and
report the resultswith the zero seedingin Table IV, while
similar resultshave beenobtainedwith the FLD seeding.

We observe 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
perceptronsrather than with AdaBoost.On the other hand,
AdaBoost with RCD-plain, RCD-bias, or pocket always
runsthroughall 200 iterations,andhencetheir performance
is fully connectedto AdaBoost.

To furthercompareperceptronalgorithmsasa baselearn-
ers to AdaBoost,we mark the entrieswith � in Table IV
to denotea signi�cant improvementfrom the bestentry of
Table III. Therearesomedatasetswithout � , which means
that they aresimpleenough,andcanbemodeledsuf�ciently
well with onesingleperceptron(e.g.,australian). For those
data sets,ave-perc, SGD-mls, and soft-SVM have good
performancebothasstandalonelearnersandwith AdaBoost.
However, since they already perform well as standalone
learners,there is no needin binding them with AdaBoost
on thosedatasets.

On theotherhand,for complex datasetsthatcanbebetter
modeledby AdaBoostwith perceptrons(e.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
performance.Thus,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 15:45 � 0:12 15:49 � 0:12 15:75 � 0:12 13:61 � 0:12 14:00 � 0:12 15:65 � 0:13
breast 3:21 � 0:06 3:34 � 0:06 3:41 � 0:07 3:35 � 0:06 3:24 � 0:06 3:20 � 0:06
cleveland 18:00 � 0:21 18:22 � 0:21 18:95 � 0:20 16:81 � 0:20 16:74 � 0:20 16:69 � 0:21
german 25:17 � 0:13 25:37 � 0:12 25:57 � 0:13 23:25 � 0:12 23:96 � 0:13 23:48 � 0:12
heart 17:60 � 0:21 17:58 � 0:22 18:94 � 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� 13:21 � 0:17 12:67 � 0:17 10:83 � 0:16�

pima 24:87 � 0:14 24:79 � 0:14 25:15 � 0:14 22:77 � 0:14 23:01 � 0:14 23:06 � 0:13
ringnorm 8:60 � 0:05� 12:22 � 0:07� 7:12 � 0:04 � 39:29 � 0:08 38:32 � 0:09 15:49 � 0:17�

sonar 16:44 � 0:25� 16:06 � 0:25 � 25:02 � 0:27 25:77 � 0:27 25:37 � 0:27 21:52 � 0:25�

threenorm 14:51 � 0:02 � 15:34 � 0:03� 14:95 � 0:02� 16:14 � 0:02� 16:17 � 0:02� 15:97 � 0:02�

votes84 4:25 � 0:09 � 4:24 � 0:09 � 4:54 � 0:10 4:74 � 0:10 4:68 � 0:10 4:82 � 0:10
yinyang 3:95 � 0:03 � 3:98 � 0:03 � 4:87 � 0:02� 19:25 � 0:02 19:23 � 0:02 19:14 � 0:02

(resultswithin onestandarderror of the bestentry in the row aremarked in bold)
(resultsbetterthan the bestof TableIII by onestandarderror aremarked with � )

of AdaBoost,and can almost always achieve the best test
error in this situation.Theresultsdemonstratetheusefulness
of RCD algorithmsasbaselearnersof AdaBoost.

V. CONCLUSION

We have proposeda family of new learning algorithms
to directly optimize the 0/1 loss for perceptrons.The main
ingredientsare random coordinatedescent(RCD) and an
updateprocedureto exactly minimize the 0/1 loss along
the updatedirection. We have proved the convergenceof
our RCD algorithms,and have also analyzedtheir speedup
heuristic. Experimental results have con�rmed that RCD
algorithmsare ef�cient, and usually achieve the lowest in-
sample0/1 loss comparedwith several 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
otherexisting perceptronalgorithms.

On somedata setson which a single perceptronworks
well, our resultsindicatethatRCD-based0/1 lossminimizer
may not be the bestchoice.On the other hand,regularized
algorithms such as the averaged-perceptronand the soft-
margin SVM could achieve better out-of-sampleperfor-
mance.Futurework will be focusedon RCD algorithmsfor
someregularized0/1 loss.
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