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INTRODUCTION

As is known to usCognition process is the instinct learning ability lmiman beingand
this process is perhaps the most complex but highly efficient and intelligizednation
processing procesgor the cognition process of the natural worldmian always transfers the
featureinformation to the brain througherception and then the brain will process the feature
information and remember the feature information fer given objectsSince the invention of
computer, scientists are always working toward improving its artificial intelligesmzehope
one day the computer could hatheir own genuine intelligenfibraind like the human brain.
However, acording to the cagtion science theory, the human brain can be imitatedéuomot
be completely reproducedhus, to let the computer trufithinko by themselveseems easy yet
there is still a long way taccomplistthis objective

Currently, artificial intelligence isstill an importantand activedirection of function
imitation of the human brainYet traditionally, the Neuratomputing and neural networks
families are the majority part of the directigiaykin, 1994. By imitating the working
mechanism of human neuro the brain, scientist found the neural networks computing theory

according teexperimental progressesich asPerceptiomeurons and@piking neurons(Gerstner



& Kistler, 2002 in understanding the working mechanigrhneurons.For a long time, the
related researchworks mainly emphasize omeuron modelneural netwd topology, learning
algorithm, and thus there arequite flourish large families (Bishop 1995 such as Back
Propagatiomeural networks (BPNN), Radical Basis Function neoedvorks(RBFNN), Self
Organization Map (SOM@and various otherariants

Neuratcomputing and neural networks (NN) families have made @g&aevementin
various aspects. Recentbtatisticallearning and support vector machines (SMMapnik, 19%;
Scholkopf & Smda, 2001)draw extensivattention show attractive and excellent performances
in various areaqLi, Wei & Liu, 2004) compared withNN, which imply that artificial
intelligencecan also be made via advadcgatistical computing theorjNowadaysthese two
methods tend to merge under statistical learning theory framework.

BACKGROUND

It should be noted as for NN and SVM, the function imitai®from themicrocosmic
view utilizing the mathematic model oheuron working mechanism. However the whole
cognition process can also be summarized as two basic prinéipitaghe macroscopicatiew,

i.e. the first is thahuman always cognizs things of the same kind the seconds thathuman
recognizes things of a new kind easily without affecting thexisting knowledge These two
commonprinciples are easily concluded.

In order to make the ideamore clearly, we firstly analyze theunction imitation
explanation of NN and SVMThe function imitation of human cognitive process for pattern
classificationvia NN and S\M can be explained as follovki & Wei, 2005) Given the training
pairs (sample features, class indicator), we can train a NN or a SVM learning machine. The

training process ahese learning machinestually imitates the learning ability of human being.



For clarity, we call this procesécognizing. Then, the trained NN or SVM can be used for
testing an unknown sample and determine the class indicator it belongs to. The testing process of
an unknown sample actually imitates the recognizing process carhiln@ing.We call this
processirecognizing.

From themathematigpoint of view, both these two learning machines are based on the
hyperplane adjustment, and obtée optimum or suboptimumhyperplane combinations after
the training processAs for NN, each neuron acts as a hyperplane in the feature space. The
feature space is divided into many partitions according to the selected training principle. Each
feature space gtition is then linked with a corresponding class, which accomplishes the
ficognizing processGiven an unknown sample, it only detects the partition whereahwple
locates in and theassigns the indicator of this sample, whatcomplisheshe firecognizing
process.Like NN, SVM is based on the optimum hyperplakmlike NN, standardSVM
determineghe hyperplane via solving @P convex optimization problem. They have the same
ficognizing andfirecognizin@ process except different solving strategies.

Now, suppose we have a complete sample databasef artdtally unknown and novel
sanple comes, both SVM and NN will noaturallyrecognize it correctly andonverselyprefer
to assign a most close indicator in the learned clgks&Wei, 2005).

However, this phenomenon is quite easy for human to hawithe If we have learned
somethings of the same kind before, givsimilar things we can easily recognize them. If we
have neveencountereavith them, we caralsoeasily tell that they are fresh things. Then under
supervised learning of them, wanthen remember their features irethrain without changing

other learned things.



The root cause of this phenomenontie learning principleof the NN or SVM
ficognizing algorithm which is based on feature space partition. This kind of learning principle
may amplify each clagsdistribuion region especially when the samptEsdifferent kindsare
small due to incompleteneskhis makes it impossible to automatically detect the novel samples.

Here comes theoncern how to make it automatically identify the novel samfiikes human.
MAIN FOCUS

Human being generally cognizéhings of one kind andecognizs complete unknown
things of a novel kind easilyso the answer is why ndét thelearning machindicognize or
firecognize like human being(Li, Wei & Liu, 2004). In other words, thdéearning machine
shouldficognize the training samples of the same clemgardless of the other classseethat
our intention isfocusedonly on each single class. This point is important to assurelihte
existing classes are precisely learmathout amplification To learn each class, we can jlest
each classbe cognized or described by a cognitive learnert uses some kind of model to
describe each class instead of using feature space partition so as to imitategthizingd
process.Therefae, now there is no amplificationccur different from NN or SVM. The
bounding boundary of each cognitive learner scatters in the feature #platee learneré
boundarieonsist of the whole knowledge of tlearnedclassesFor an unknown sample, the
cognitive class recognizer then deteuwisether the unknown sample is located inside a
cognitive learnerés boundary to imitate thefirecognizing processif the sample isompletdy
new (i.e., none of theainedcognitive learner contains tlsample) it can be again described by
a new cognitive learnaand thenew obtained learner can be added to the feature space without
affecing others. This concludes the baprocessof our proposedenclosing machinéarning

paradigm(Wei, Li & Li, 2007A).



Mathematic Modeling

In order torealize above ideas for practical usage, we have to link the ideas with concrete
mathematic model§Weli, Li & Li, 2007A). Actually the first principlecan bemodeledas a
minimum volume enclosing problem. The second principle @aitdaly modeled as a point
detection problemin fact, he minimum volume enclosing problem is quite hard to solve for

samples fromarbitrary distributionn and the actuatlistributionshape might be rather complex

for calculatingdirectly. Therefore,a ndural alternativeis to use regular shapssch as sphere
(Fischer Gartner & Kutz, 2003, ellipsoid and so omo enclose all samples of the same class
with minimum volume toapproximate the true minimum volume enclosing boundsvei,
Ldberg, Feng Li & Li, 2007) Moreover, he approximation method caamlso be easily
formulated asa convex optimization probleniThusit can be efficiently solveth polynomial
time using stateof-the-art availableopen source solvers such as SDRT@h, Todd & Tutuncu,
1999), SEDUMI (Sturm 1999, YALMIP (Ldberg, 2009 etc Consequently, the point detection
algorithm can be easily concludeid detecting its location inside it or not
Enclosing Machine Learning Concepts

Using previousnodelingmethods, we canow introducesome important concepts. Note
that the new learning metholdgy now actually has threaspects The firstaspectis to learn
each class respectively, we call it cognitive learning. The seaspelctis to detect unknown
sampleélocation and determine itadicator, we call it cognitive classification. While the third
aspects to conduct a new cognitive learning process, we call it feedbacleasiing and he
third aspecis for imitation ofthe character dearning samplesf new kindwithout affecing the
existing knowledgeThe whole process can Hepictedn Fig 1. We now can give following two

definitions.



Class Learner. A cognitive classlearner is defined as the bounding boundary of a
minimum volume set which encloses all the given samples.cégnitive learner can be either a
sphere or an ellipsoid or their combinatioks) 2, Fig 3 and Fig 4depict the examples of sphere

learner, ellipsoid learner, amdmbinationakllipsoidlearnerin 2D.
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Fig.1 Enclosing Maclnie Learning Process. The real line denotes the cognizing process. The dotted line

denotes the recognizing process. The dhmted line denotes the feedback $etfrning process.

Fig. 2 $here Learner



Fig.4 CombinationakEllipsoid Learner

Remarks: As for the aboveillustratedthree type learnenve can see thahe sphere
learner generally has the biggest volumeand next is single Ellipsoid learer, and the
combinational Ellipsoid learner has the smallest volume.

Recognizer A cognitive recognizer iglefined asthe point detection and assignment
algorithm.

The cognitive lemer shouldown at least following featureso get commendable
performane:

A. regularandconveniento calculate

B. boundingwith the minimum volume

C. convexbodies to guarantee optimality

D. fault tolerant tassuregeneralization performance.



The basic geometric shapes are the best choices. Because they are all coegeanood
the operations likantersection union orcomplementof the basic geostric shapes can be
implement@ using convex optimization methodasily. So we propose to use basic geometric
shapes such as sphere, box or ellipsoiserve as base learner.

The cognitive learner is then to use these geometric shapes to enclose all the given
samples withthe minimum volumeobjectivein the feature space. This is the most important
reason why we call this learnipgiradigmenclosing machine learning.

Cognitive Learning & Classification algorithms

We first investigate the difference between enclosing machine learning andeattfoee
space partitiorbasedmethods.Fig.5 gives a geometric illustration of the differences. For the
cognizing (or learning) processachclassis described by a cognitive class description learner.
For the recognizing (or classification) process, we only need to check which bounding learner

the testing sample locates inside.

@ (b)

Fig.5. A geometricillustration of learning a three class samples via enclosing machine learsing
feature space partition learning paradigm. (a) For the depicted example, the cognitive learner is the bounding
minimum volume ellipsoid, while the cognitive recognizer is actually tietpocation detection algorithm of

thetestingsample. (b) All the three classes aeparatedy three hyperplanes.



But for the partition based learning paradigm, amdtmg learning process, each two
classesreseparatedia a hyperplanéor other bomdary forms, such as hypersphere eWwhile
amongthe classification process, we need to check whether it is located on the left side or the
right side of the hyperplane and then assign the corresponding class indiat@an see that
the feature spacpartition learning paradigm in fact amplify the real distribution regions of each
class. But the enclosing machine learning paradigm obtains neasenablealistribution region
of each class.

In enclosing machine learning, the most important step ibtamroa proper description
of each single class of samples. From mathematic point of view, our cognitive class description
methods actually aréhe secalled one class classification method (QQGcholkopf, Platt
ShaweTaylor, Smolg & Williamson, 2001). OCC canrecognize the new samples that resemble
the training set and detect uncharacteristic samples, or outliers, to tmeoidngrounded
classification.

By far, the wellknown examples of OCC are studied in the context of S¥M. this
problem, One Clss Support Vector Machines (OCSViMax & Duin, 1999 is firstly proposed.

The OCSVM first maps the data from the original input space to a feature $pagesome map

F , and then construct a hyperplaneQirwhich separatehe mapped patterns from the origin
with maximum margin.The oneclass SVM proposed by Taldax, 200]) is named support
vector domain description (SVDD), which seeks the minimum hypersphereritiases all the
dataof the target clasm a feature spacén this way, it finds the descriptive area that covers the
data and excluddbe superfluous space that results in false alarms.

However, both OCSVM and SVDD depend on the Euclidean distance, which is often

suboptimal. An important problem in Euclidean distance based learning algorithm is the scale of



the input variables. And thu$ax et al Tax & Juszczak 2003 proposes a KPCA based
techniquedo rescale the data in a kernel feature space to unit vaniaraéder to reduce the
input variable scale influences to minimfnd Peopleproposed to maximize the Mahalanobis
distance of the hyperplane to the origin instead, which is the core idea of the One Class Minimax
Probability Machine (OCMPMJLanckriet, Ghaou& Jodan 2002) and the Mahalanobis One
Class Support Vector Machines (MOCSVNIJsang, Kwok, & Li, S, 2006) Because the
Mahalanobis distance is normalized by the covariance mati,liear translation invariant
Thereforewe needhot worry about thecales of input variables.

Whats more, to alleviate thandesirable effects of estimation eriorthe covariance
matrix, we can easilyncorporatea priori knowledge with an uncertainty model and then address
it as a robust optimization problem

Becaus Ellipsoid and the accompanying Mahalanobis distamgemany commendable
virtues mentioned above, we proposed to incorporate Ellipsoid and Mahalanobis into class
learning. And thenwrrently our main progress towards class learninficognizing is thatwe
proposed a new minimum volume enclosing ellipsoid leaandrseveral Mahalanobis distance
based OCC methodk our previous works, we proposed a QP based Mahalanobis Ellipsoidal
Learning Machine (Q®ELM) (Wei, Huang & Li, 2007A) and QP based Mahalabis
Hyperplane Learning Machine (@Q¥HLM) (Wei, Huang& Li, 200/) via solving the dual
form, and applications to real world datasets show promising performances. However, as is
suggested(Boyd, & Vandenberghe2004), if both the primal form and dual forrof an
optimization problem is feasible, then the primal form is more preferable. Therefore, we

proposed a Second Order Cone Programming representable Mahalanobis Ellipsoidal Learning



Machine (SOCRMELM) (Wei, Li, Feng& Huang 2007A). And according to tls new learner,
we developed severatefullearning algorithms.
Minimum Volume Enclosing Ellipsoid Learner

In this new algorithmwe summarize several solutiofseeKumar, Mitchell, & Yildirim,
2003 Kumar, P. & Yildirim, 2005 Sun & Freund 2004. As for the SDP solution, we can
directly solve its primal form using Schur complement theorem. Ath&ndet solutionwe can
solve its dual efficiently in polynomial time. Asr the SOCP solutior{Wei, Li, Feng & Huang,
2007B), we can also efficiently sodvits primal formin polynomial time. V& suppose all the
samples are centered firstly. So we only give results for minimum volume encégsgid
center at the origior this caseBut it is straightforward for lift the ellipsoid with center a
d dimension spac® ageneralizeellipsoid with center at the origin a d +1dimension space

for more detail, the reader may chebk paper Wei, Li, Feng& Huang 2007A) for more detail.
Given samples< i R™", supposeE(c, $: &¢(x ¢ (X 9 4} is the demanded
ellipsoid, therthe minimum volume problem can be formulated as
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However this is not a convex optiration problemFortunately it can be transformed
into following convex optimization problem
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In order to allow errorsusing Schur Complete theorem, (2) can be represented in

following SDP form
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Solving (3), we can then obtain the minimum volume enclosing ellip¥@t. SDP is
quite demanded espatly for large scale or high dimensional data learning problem

As for E(c, $: B¢ (x ¢ (X 9 - R, we can reformulatehe primal form of

minimum volume enclosing probleas following SOCP form

N
min R+ @ X
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Accordingly, it can bekernelizedas

min R+ @ x
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Wherec the center of the ellipsoid,ifR is the generalized radius is numberof samples,

andk . =Q'qQ.



So as to obtain more efficient solving methedcept above primal form based methods,
we can also reformulatbe minimum volume enclosing ellipsoid centered at orggiriollowing
optimization problen:

n
min- Indet S +&Qz,
vz i=1

(4)

Where Q balances the volume and the errars? 0 is slack variable.

Actually via optimization conditions and KKT conditiorthjs problem can befficiently

solved using following dugdedrepresentatioform:

maxIndety axx - aa
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Wherea is the dual variable.
We see that (5¢annotbe kernelized diregt| therefore we need to use some trigk®

kernelizedts equivalent counterpart
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Multiple Class Classificationalgorithms

As is pointed out previously,ognitive learningis actually to use minimum volume
geometric shapes to enclose each class samples for imitating the learning process of human brain.
Thus for multiple claslassification problem, a naturally solution is firstly to use minimum
volume geometric shapes to approximate each class sé@de#ution, and then for giving
unknown samples, we only need to check whether they are inside a learnerBut tioéseare
for ideal cases, where no overlaps occugach singleclass distributionsWhenoverlaps occur,
we proposed two algorithms to handle this qagei, Huang& Li, 2007C).

For the first solution, we use a distance based metric, we would like to a@stighe

closestlass. This algorithm can be summarized as

f(x)=arg ||x -4, R (7)

ki {1 29 )
Where||\ﬁS denotes Mahalanobis norm

Another way is to use optimuBayesiandecision theory, and assi@s indicator to the

class with maximum posterior probability

[x- Ckll

(8)

f(x)=arg max L exp(

T 2ot

N
whered is the dimension of the feature space &pdc%allyl:k is the prior distributionof

classk. According to 8) the decision boundary between class 1 and 2 is given by

P(Zpr) expé - il )
R g )

Ix- ¢l
P
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And this is equivalent to

- el o+ Ix <l
1

10
2 = L (10)

Therefore we can give a new decision rule

2
f(x)=arg maxMx_RK#;”M T, (11)

whereT, =dlog R -log Rcan be estintad from the training samples.

Remarks. Actually, we also proposed single MVEE learner based two class
classification algorithn{Wei, Li, Feng& Huang 2007A), which owns both features of MVEE
description and SVM discriminatioithen using One Vs One or One Against One, we can also
get a multiple class classification algorithBxcept this, we are now working on a multiple class
classification algorithm at complexity of a single MVEE based two class classification algorithm,
which is expected to obtain promising performances.

Gap tolerant SVM design

Herewe briefly review the newgap tolerant SVM design algorithm. This new algorithm
is based on the minimum volume enclosing ellipsoidnieafor assuring a compact description
of all the samples. We firstly find the MVEE around all the samples and thus obtain a
Mahalanobis transformiWe then use the Mahalanobis transform to whiten all the sammaptes
thusmap thento a spheralistribution Then we construct standard SVMs in this whiten space.

The MVEE gap tolerant classifier design algorithm casuramarizeds

Stepl, Solve MVEE ad obtainS and centerc

1
Step2 Whiten data usinlylahalanobidransfornt, = S?(x €)and get new sample

pairs(t;, y ),
Step3 Solve standard SVM and get the decision functigix) =sgnWw t +b).
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Fig 6 MVEE gap tolerant classifidlustration
Remarks.This algorithm is very concise and hasveral commendable features worth
noting. The classifier designed using this algorithm has less VCndiore compared with
traditional ones. Also this algorithm is scale invariawt. fRore details, the reader should refer to
(Wei, Li & Dong,2007).

FUTURE TRENDS

In the future,more learner algorithms will be developed. Another important direction is
to develop set based combinational learner algorifhviei, & Li, 2007 Wei, Li, & Li, 2007B).
Also more reasonable classification algorithms will be focused. Exvepteticaldevelopments,
we will also focus orapplicationssuch as novelty detectigbBolia, Page, White& Harris,2004),
face detection, industrial process condition monitoring, and many other possible applications.

CONCLUSION

In this article, we introducednclosing machine learning paradigm. We focused on its
concept definition, and progresseas modeling the cognizing process via minimum volume

enclosing ellipsoid. We then introduced sevégalkning ancclassification algorithmbased on



MVEE. And we also report a new gap tolerant SVM design method based MMiEdly, we

give future developmemirections.
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KEY TERMS AND THEIR DEFINITIONS

Enclosing Machine Learning It is a newmachinelearning paradigm which is based on
function imitation of human beiidg cognizing and recognizing process.

Cognitive Learner: A cognitive learner is defined as the bounding boundary of a minimum
volume set which encloses all the given samfaemitate tle learning process.

Cognitive Recognizer A cognitive recognizer idefined aghe point detction and assignment
algorithmto imitate the recognizing process.

MVEE Gap Tolerant Classifier: A MVEE Gap Tolerant Classifier is specified by thleape
matrix andlocation of an ellipsoid, andby two hyperplanes, with parallel normal$he set of

points lying in between (but not on) the hyperplanes is called the margin set.tRatili¢sinside

the ellipsoid but not in the margin set are assigned a ({Iaib, dependingon which side of the

margin set they lie on. All other points are defined tedreect they are not assigned a class.
MVEE gaptolerantclassifier is in fact a special kind of Suppwctor Machine which does not
count data falling outside thellipsoid containing thetraining data or inside the margin as an

error.



