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PATTERNS AND ASSESS THE VALUE OF DECI SIONS Background This application

rel at es twoaBasizgg i cal pattern recognition and/ or classifipcatisomanagl, in
particular, relates to |l earning strategi es whereby a conputer can | earn how

to identify and reca@NtHODCANDERPPARBRAUSFOR EEARNINGT@Nd/ or
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interpretation, nedical diagnosis/decision support, digital
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effected by trainabl e networks, sugcRsrda@dr@l networks, which can,
t hrough a series of training exerci'sm,gﬁl‘gar n" the concepts necessary to
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associ ated with the exanples. The network (conputer) |earns the key

char act gc¢agnizesop¢epihe concepts that give rise to a proper classification
for the concept. Thus, the neural network classification nodel forns its
own nat hemat i Reaterr repogstaont andiarrelassification is vssfidpn 2 Wde vatiety of 1gal-wesjd tasks,
characteristics it has learned. Wth this representation, the network can

recogni zgick b toseasssqihesd with dphieal chiavaetpt reodgmitidrt) esmaete semsimpoungenyed. The
network may be referred to as a classifier. A differentiable classifier is

one that intelrﬁ'é{aﬂén,%'edi&q)Hiagﬁ@sié?&'écﬁ)d%n SEpPHI iy taehoumhirdichtidns @hd ee lik¥t er nal
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functi Or@ucﬁg)%ttglgj c?a%tslg\é%%%llg? ﬁgl%pgﬁ?ﬁe@tegg% bhnablRdetwdtNalsHa fSelipyv vel | the

classifier evolvin eature vector space to classification

space T er];eltv%gr 2, \}V}I;]igh e ,Itﬂrloﬁ&l a geef‘le%to% 8&%pnlg%xte)r%}s\é\§e‘?ea¥nh’ethé g n%teptg%%éees"srarr]? toOf the

effect pattern classification tasks. Such networks are trained by inputting to them (a) learning
examples of the concepts of interest, these examples being expressed mathematically by an
ordered set of numbers, referred to herein as “input patterns”, and (b) numerical
classifications respectively associated with the examples. The network (computer) learns the
key characteristics of the concepts that give rise to a proper classification for the concept.
Thus, the neural network classification model forms its own mathematical representation of
the concept, based on the key characteristics it has learned. With this representation, the
network can recognize other examples of the concept when they are encountered.

The network may be referred to as a classifier. A differentiable classifier is one that
learns an input-to-output mapping by adjusting a set of internal parameters via a search aimed
at optimizing a differentiable objective function. The objective function is a metric that
evaluates how well the classifier’s evolving mapping from feature vector space to
classification space reflects the empirical relationship between the input patterns of the

training sample and their class membership. Each one of the classifier’s discriminant
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trai ning sanple and their class nenbership. Each one of the classifier's
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is asynptotically efficient, guaranteeing the best generalization allowed
that implements the BDF is said to yield Bayesian discrimination. The challenge of a

learning strategy is to approximate the BDF efficiently, using the fewest training examples
and the least complex classifier (e.g., the one with the fewest parameters) necessary for the

task.



by the choice of hypothesis class as the training sanple size grows |arge,
while requiring the |east classifier conplexity necessary for Bayesian
(i.e., mwomsprobability-of-error) discrimnation. Mr@Qrdarsp2rds4as
there shown that differential |earning al nbst al ways guarantees the best
generalization allowed by the choice of hypothesis class for small training
sanpl e sizes. However, it has been found that, in practi ce, differential

| earning as 1 hgy afmgwmore% ba REfEkeifal Do VARG AR ABRARA D @

nunber of prac stances ar ning concept

TR N S Pl Shl'reea s °ﬁe%°{ya?§ SRR

mat hemati cal characteristics of the neural network re ati onal nodel
bei ng enfffigiFatiStagstica} Pattarns Recognigien’, Hocipraldhesispimseie ? n‘tj'ﬁ‘é(e‘ﬁ%tévi ous
differential learning analysis dealt only wth pattern cI assification, and
di d not @B¥MysBiffaentiedleanypefosttastisl paicreelatsifingtioniskasedon Bissessnent

i.e., assessing the profit and | oss potential of decisions (enunerat ed by
out put s Olassifidaeion Figuat-ofidlativ (FCHMU)edb)jednias Gehction.t hevas niguwe dgaaorserated. th@unmar y
This application describes an inproved systemfor training a neural network

nodel Mffsﬁénﬁmqeﬁﬁmgl@@#mt&ﬁﬂﬁeﬁﬁme@t ig@Arafitleein g ISR MBe okl izaticH dRwddng
addi tional structurall and operating advantages 3 WO 03/032248

PCT/ Uso%ﬁﬁééﬁ ICJBFK otiRsHeRES LORE 1Gin &g bbSE L € Al (PEARRS thet hat
cﬁ ﬁd |lg1e %Ss%y and % S 5/ or

enable a corrp earn how to cognl e concept

t he econon ¢ deci sions Y i attern Xpressed
nuner i cgle?s\} Claﬁﬁh?rrfﬁmql%tty ne?g%sé%ry f?f ?yﬁgalﬁﬁow%lnbnrllun&fp rgbattonl it ﬁrrog’yst em of
the type, set forth, which can nmake dis nant, ?ffl Ci e[‘uca/ gl uar ant ees of
maxi nal HeRraRat. SMB?er'?rt itpgs tl%prqﬁ o) % grential learning almost always

guarantees the best generalization allowed by the choice of hypothesis class for small training
sample sizes.

However, it has been found that, in practice, differential learning as there described
cannot provide the foregoing guarantees in a number of practical instances. Also, the
differential learning concept placed a specific requirement on the learning procedure
associated with the nature of the data being learned, as well as limitations on the
mathematical characteristics of the neural network representational model being employed to
effect the classification. Furthermore, the previous differential learning analysis dealt only
with pattern classification, and did not address another type of problem relating to value
assessment, i.e., assessing the profit and loss potential of decisions (enumerated by outputs of

the neural network model) based on the input patterns.

Summary

This application describes an improved system for training a neural network model
which avoids disadvantages of prior such systems while affording additional structural and

operating advantages.



network nodel and m ninmal conplexity requirenents for the neural network
nodel necessary to achieve a target |evel of correctness or profit, and
can make wbas®3nuar ant ees universally, i.e., independent IPgTafS02/s48
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transition region and being asymetric outside the transition region.
Another aspect is the provision of the system of the type set forth which permats fast

learning of typical examples without sacrificing the foregoing guarantees.

In connection with the foregoing aspects, another aspect is the provision of a system
of the type set forth which utilizes a neural network representational model characterized by
adjustable (learnable), interrelated, numerical parameters, and employs numerical
optimization to adjust the model’s parameters.

In connection with the foregoing aspect, a further aspect is the provision of a system
of the type set forth, which defines a synthetic monotonically non-decreasing, anti-
symmetric/asymmetric piecewise everywhere differentiable objective function to govern the
numerical optimization.

A still further aspect is the provision of a system of the type set forth, which employs
a synthetic risk/benefit/classification figure-of-merit function to implement the objective
function.

In connection with the foregoing aspect, a still further aspect is the provision of a

system of the type set forth, wherein the figure-of-merit function has a variable argument &



In connection with the foregoing aspect, a still further aspect is the
provision of a systemof the type set forth, wherein the figure-of-nerit
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a cost to incorrect decisions and a profit to correct decisions.

In connection with the foregoing aspects, yet another aspect is the provision of a
profit maximizing resource allocation technique for speculative value assessment tasks with
non-zero transaction costs.

Certain ones of these and other aspects may be attained by providing a method of
training a neural network model to classify input patterns or assess the value of decisions
associated with input patterns, wherein the model is characterized by interrelated, numerical
parameters which are adjustable by numerical optimization, the method comprising:
comparing an actual classification or value assessment produced by the model in response to
a predetermined input pattern with a desired classification or value assessment for the
predetermined input pattern, the comparison being effected on the basis of an objective
function which includes one or more terms, each of the terms being a synthetic term function
with a variable argument § and having a transition region for values of § near zero, the term

function being symmetric about the value & = 0 within the transition region; and using the



nodel are adjusted. Brief Description of the Draw ngs For the purpose of
facilitating an understandi ng of the subject matter sought to be

pr ot ect edwotdsmsr4@re illustrated in the acconpanyi ng dr awipogausewbesds ment s
thereof, froman inspection of which, when considered in connection with
the fol | @wingr WesshpaisoR o géedn tlﬁqﬁhﬁﬁkalfﬁ?tihﬂaﬂ%@%g WhidPpRenBERIFGRed, its
construction and operation, and many of its advantages should be readily
understo %ER iated. FIG 1 is a functional block diagrammtic

repr esen’ggﬁqg% 0 ge%rqi sk differential learning system FIG 2 is a

functional bl ock di agrammtic. resentation_of a neural network
classification nodel that mﬁyﬁﬁﬁw&f«iﬁ@%% of FIG 1, FIG 3 is a
functional block diagrammti.c, r.epresentati.on a_neural networ al ue
hsessent nobIS POy T aling o wer ek Sya st Heratopeho 88 4% < 4
diagramillustrating an exanple of a synthetic risk/benefit/classification
fi gur e- aBrotesters thergraee illyatrated 1 the acqompapying AEntingReRbadigete terapd FURARI on of
the systemof FIG 1; FIG 5 is a diagramillustrating the first

der i vat i mepeofion bewhighcwhencoosideiedin donnegtia®, wigh the fallelviagdasariptibughe at i ng t he
synthetic function of FIG 4 shown for five different values of a

st eepnesgibfkct matdfsodgiiae be prtaunet, &s corfstrietion dndl opeifatiog,tand madnylf o k
diagrammatic illustration of the neural network classification/ value

assess ety A& shebldfk GadllyhRlierdob@ah@sipragaBario; FIG 8 is an
illustration Simlar to Fl 7 for an incorrect scenario of the neural

network model gef 4 FL GyrfttioRal MR R ani St et &P risk differential learning

system,

FIG. 2 is a functional block diagrammatic representation of a neural network
classification model that may be used in the system of FIG. 1;

FIG. 3 is a functional block diagrammatic representation of a neural network value
assessment model that may be utilized in the system of FIG. I;

FIG. 4 is a diagram illustrating an example of a synthetic risk/benefit/classification
figure-of-merit function utilized in implementing the objective function of the system of FIG.
1;

FIG. 5 is a diagram illustrating the first derivative of the function of FIG. 4;

FIG. 6 is a diagram illustrating the synthetic function of FIG. 4 shown for five
different values of a steepness or “confidence” parameter;

FIG. 7 is a functional block diagrammatic illustration of the neural network
classification/ value assessment model of FIG. 2 for a correct scenario;

FIG. 8 is an illustration similar to FIG. 7 for an incorrect scenario of the neural

network model of FIG. 7,



FIG 9is anillustration simlar to FIG 7 for a correct scenario of a

si ngl e-out put neural network classification/value assessnent nodel; FIG 10
is an il |lwetmasizah simlar to FIG 8 for an incorrect scemamusopicsihe

singl e- output neural network nodel of FIG 9; FIG 11 is an illustration
simlar to FIIBG.9if o ilRReitharsieiar 0 FIGST &tardodriectrscéharidbdfiasimle-bhtpust r at i on
simlar to FIG 11 for another incorrect scenario; and FIG 13 is a flow

di agram jid LHSEF \i&r gﬁgjdow\;gg{elaggegélﬂ&tmgyr ce allocation protocols
utilizing aris erent| al learning systémlike that of FIG 1. Detailed

Descr i ptF'on Refienoiog, 408Gy ik I8HFo! Srdr bh URbHRLafe Aoty AR nel udi ng

a randonly ararreterl ze T A4S PICat an/ Ue ‘Assessment
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can be taught or trained to performa classification or value assessnent
t ask repr esentlédl bis annBustiatiore piatilag & F%Qﬁphwt}lféﬁpﬁﬁ@‘dswaﬂﬁe net wor k. For
pur poses of this application, the term "neural network" includes any
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(as defined in the study of calculus) mathematical mappings froma

nuneri cal i NPEIG.N3ti$ £F6wtdagars ellushbitiOglpiofit-o plidibexiSres@acdall bt giprotogoiser
corresponding to a unique classification of the input pattern or a value

assessrremhzg{ AritdigRndebshg s%bﬁhlk%ﬁﬂat%?ﬁ@dle in response to the input
pattern. The ™ neural network nodél can take nany inplenmentational forms.

For exanple, it can be sinulated in software running on a general - purpose
digital conputer. It can be inplemented in software running on a digital

si gnal - processing (DSP) chip. It ca[] | emented in a floating-point
gate array (FPGA) or an appl i catggﬁ—ﬁiﬁéﬁﬂf—ﬂﬂnt egrated circuit (ASIC). It
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parameterized neural network classification/value assessment model 21 of the concepts that
need to be learned. The neural network that defines the model 21 may be any of a number of
self-learning models that can be taught or trained to perform a classification or value
assessment task represented by the mathematical mappings defined by the network. For
purposes of this application, the term “neural network” includes any mathematical model that
constitutes a parameterized set of differentiable (as defined in the study of calculus)
mathematical mappings from a numerical input pattern to a set of output numbers, each
output number corresponding to a unique classification of the input pattern or a value
assessment of a unique decision which may be made in response to the input pattern. The
neural network model can take many implementational forms. For example, it can be
simulated in software running on a general-purpose digital computer. It can be implemented
in software running on a digital signal-processing (DSP) chip. It can be implemented in a
floating-point gate array (FPGA) or an application specific integrated circuit (ASIC). It can

also be implemented in a hybrid system, comprising a general-purpose computer with



WO 03/ 032248 PCT/ US02/ 26548 associ ated software, plus peripheral

har dwar e/ sof tware running on a DSP, FPGA, ASIC, or sone conbination

t her eof . Wioasnerza@l network nodel 21 is trained or taught Pog/ysomseagi ng to
it a set of learning exanples of the concepts of interest, each exanple
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ordered set of nunbers. ring this |earning phase, these input patterns,
one of IS, i at 22 in FIG 1, are sequentially presented to
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acqui sition d/or .storage device 23. For e I .he. i nput tterns
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series of |abeled nmedical jnages from an u]trasound, conputer tonography
scanner , ©3Mphsg dig coneenriy Féeﬁ"’r?é@lé?’fa”%prl\f’egelfl%m tge fd)‘g“hoéé‘tm@ft Pafteenet ry
froma spacecraft; they could be "tick data" fromthe stock nmarket obtained
vi a t he expressechimathematieplly bartaa cadayed sdtof bembgrel/ Drrisg Bvslgernsngsphang. these can
serve a sequence of |abeled exanples can provide the input patterns and

cl ass/ vainpet pastbris soreafuwhiedis fdesighaad ati2Bgn FTGel, arseeentaifly prpedtegptt ther ns i n
the training set may vary dependi ng upon the choice of neural network
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correctness achievable by the nodel, which is desired. In general, the

| ar ger L 6P ARG Ee 95, F&%Xﬁ?fe?ﬂh@?ﬂpu??@t@ﬁse&uld béa serfe?%fﬁgﬁl‘éd %{1@:@ $io¥eat he
trai ning, tHe greater the ctassification correctness Ich w be

achi evabl.e. hy the neural. networ.k |, 21. .The neural network npdel 21
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or learning technique referred to herein as Ri sk thfer ntial Learning

(" RDL") . Copatgfrigmagraghy s98nney, of rapgnetig Fesonaqige fHRRers IBRafo s BERSEWMi ch ef f ect
and are affected by the Risk Differential Learning. It will be appreciated
t hat t helslengydkan gapadgeraft they eowld be dti¢khdata clhem whestodpapiket ohjainedivie the or ed
program control. Each input pattern 22 has associated with it a desired

out put cinasseétf.i eyt dadnAccalsitéon and/or storage system that can serve a sequence of labeled

examples can provide the input patterns and class/value labels required for learning. The
number of input patterns in the training set may vary depending upon the choice of neural
network model to be used for learning, and upon the degree of classification correctness
achievable by the model, which is desired. In general, the larger the number of the learning
examples, i.e., the more extensive the training, the greater the classification correctness which
will be achievable by the neural network model 21.

The neural network model 21 responds to the input patterns 22 to train itself by a
specific training or learning technique referred to herein as Risk Differential Learning
(“RDL”). Designated at 25 in FIG. 1 are the functional blocks which effect and are affected
by the Risk Differential Learning. It will be appreciated that these blocks may be
implemented in a computer operating under stored program control.

Each input pattern 22 has associated with it a desired output classification/value

assessment, broadly designated at 26. In response to each input pattern 22, the neural



assessnent, broadly designated at 26. In response to each input pattern 22,
the neural 8 WO 03/032248 PCT/ US02/ 26548 network nodel 21 generates an

actual ouwput/osi2assi fication or val ue assessnment of the i mo@tUSOpadsiern, as
at 27. This actual output is conmpared with the desired output 26 via an RDL
obj ect i veetivoikChb@ 21 @gnérhte? 8n amtbil ©btputitiasi fidatibs oAvaleassdeSmeht Sfgpethpass” for
the conparison. The result of this conparisonis, in turn, used to govern,
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whi ch, in_turn, ensures that the neural network nodel 21 generates actual

cl assi f i ahestoanyasthe paremetesof thaneyial setresk modak Hpes a9, ddeispecilionatyramtt h a

high I evel of goodness, as at 28. After the neural network nodel 21 has
under gonte intimetied optimgzapiha skgoribyn rsemeperifieg, smibng petpddoll ngjettovectmottiafist he
i nput patterns in the set of |earning exanples, the system 20 can respond

to new iiNedto paenethesopttiigdtion! Thasompdrisos fgictios @EXR effedtsy mpsdricyl cl assi fy
themor to assess the profit and |oss potential of decisions which may be

made in §RHNOARSH SradiRERRnt bDthe WINE bb Ao RSfunddh ilselfAwiRah tdsaid RAMthOhREsss by
whi ch the neural network nodel 21 ad]j usts its paranmeters, |earni ng from

pai r ed neﬁ‘?gm%tglsacﬁ&t %29%\? tuﬂP% Hﬁéé ﬁlﬁtq ?xﬁ&l‘rfe't&&‘k'rﬁéﬂe}’ﬂ unct i on

asSsSess rm I as§| I catl on ue assessnen

wh ted d I . Il b
expl al el HBIE 1 w%&ﬂr?tw gt M&Iﬁ?ﬁﬂ%&?’%ﬁ%%@%ﬁ%ﬁ soan

make powerful guar ant ees of either maximal correctness (classification) or
maxi mal Webigvel of gpedpessasaéd8nent) associated with its output response to
i nput patterns.

After the neural network model 21 has undergone its learning phase, by receiving and

responding to each of the input patterns in the set of learning examples, the system 20 can
respond to new input patterns which it has not before seen, to properly classify them or to
assess the profit and loss potential of decisions which may be made in response to them. In
other words, RDL is a particular process by which the neural network model 21 adjusts its
parameters, learning from paired examples of input patterns and desired classification/value
assessments how to perform its classification/value assessment function when presented new
patterns, unseen during the learning phase.

As will be explained more fully below, having learned with RDL, the system 20 can
make powerful guarantees of either maximal correctness (classification) or maximal profit

(value assessment) associated with its output response to input patterns.



9 WO 03/032248 PCT/ US02/ 26548 RDL is characterized by the follow ng
features: 1) it uses a representational nodel characterized by adjustable
(1 ear nablwp,03/08228%rrel at ed nunerical paranmeters; 2) it emplCayEsoneses i cal
optim zation to adjust the nodel's paraneters (this adjustnment constitutes
t he | ear ni ng)RDB)is thar&ig@izy by ahesfpllowaigi fegturednot oni cal | y non- decr easi ng,
anti- symetric/asymmetric, piecew se differentiable

ri sk/benefit/p) fi’t%fsbia%&és@maﬁérﬁyﬁﬁdel%ﬁlaﬁa@h&edB%Mam@(lem ent the RDL
obj ective function defined in feature 4, below 4) it deflnes an RDL

obj ective f“”CtMRBm&%fgﬂ Huﬁ?%aﬁ% cal optim zation; 5) for val ue
assessnent, a generalization o obj ective function (features 3 and

4) assigns a gost tq incorrect eC| ions rofit to correct decisions;
&) Given T ar g TIPSR Lt iond g o B o ratTar pre i cy
guarantees (see below for detajled definitions and descriptions) of, a.
maxi mal corr ect aekSIANGEonstifuss the lgpvaineur al net wor k nodel ; b. m ni mal
conplexity requirenments for the neural network nodel necessary to achieve
a target |eved) dfencpoysecsymgsticonomtafically npp-debesagngraatit ees of feature 6
apply universally: they are independent of (a) the statistical properties
of the input/ outspuimettiy/asyamsndd, piceewisk Uiffardiviablel rizskthichié¢ fitad dssificatidnufigure-
assessnment task to be learned, \ (b) the mathematical characteristics of

the neural netwopkdRPRBEERRS lrﬂﬁl&heﬁﬁﬂ@k&rﬂﬂﬂ%ﬁeéfur@ﬂ% G&finddhi femurdpgr  of

cl asses conprising the | earning task; and 8) includes a profit
maxi m zi ng reso%g%g,allocatlon procedure for specul ative

4) it defines an RDL objective function to govern the numerical optimization;

5) for value assessment, a generalization of the RDL objective function (features 3
and 4) assigns a cost to incorrect decisions and a profit to correct decisions;

6) given large learning samples, RDL makes discriminant efficiency guarantees (see
below for detailed definitions and descriptions) of;

a. maximal correctness/profit for a given neural network model,;
b. minimal complexity requirements for the neural network model necessary
to achieve a target level of correctness or profit;

7) the guarantees of feature 6 apply universally: they are independent of (a) the
statistical properties of the input/output data associated with the
classification/value assessment task to be learned, \ (b) the mathematical
characteristics of the neural network representational model employed, and (c) the
number of classes comprising the learning task; and

8) RDL includes a profit maximizing resource allocation procedure for speculative

value assessment tasks with non-zero transaction costs.
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val ue assessnent tasks with non-zero transaction costs. 10 WD 03/032248
PCT/ US02/ 26548 Features 3 - 8 are believed to nmake RDL uni que from all

ot her | eawpion@3nas adi gns. The features are di scussed bel eaT/URezaRdHmEe 1) :
Neural Network Model Referring to FIG 2, there is illustrated a neural

net wor k cl asskdangad 3 ong ardRiliedddvo mukd RDLI snifpasireal dilyothbieleB@itigaparadigier K
nodel 21 of FIG 1, specifically arranged for classification of input

pat t er nstR2A Wﬂé's%gedikéhswﬁbeilé&.us”at ed exanple, may be digital photos of
obj ect s, sucﬁ irds. Inthe illustrated exanple, the birds belong to one
of six possible species, viz., wen, chickadee, nuthatch, dove, robin and
catbird. Gven an input pattern 22A, the classification nodel 21A
generates six differe out LKEI | ues 30-35, respectively proportional to
the |i kelsHBEGLE Migurp eﬁ"Y‘Pﬁgt Bﬁ\@to is a picture of each of the six
possible bird species. If, for exanple, the value 32 of output 3 is |arger
than the val uRefgfringrig F&6. 2.ilere isillpstragest pHugusal netyeork glostifigpionanedsl 1 Assi f i ed
as a nuthatch. Referring to FIG 3, there is illustrated a neural network
val ue aswbshnebdsicabiyldle R3] netwhorlc moilsl Haddil€i hlspycifitedl yreetangtd foet wor k nodel
21 of FIG 1, configured for value assessnment of input patterns 22B which,
in the itlhdssidadbeef paimtemns 2a% Wigcistin e illigletsd symbrR, fay Ge\dgiital pilbtog Ut
stock ticker data pattern, the val ue assessnent nodel 21 B generates three

out put m&&gﬁu@}pﬁsqgrdéh ﬁﬁthe@ﬂﬁtrafe%%ﬁ@%?fevﬁleYﬁrd@ﬁ&@ﬁ’é {od QRAf sixpdsfsleprof it or

| oss that "'woul d be incurred If eac three different decisions
associ ated W th the out.nut " Y hold, .o A re t n.
SO oo Gitaih v PenPllEe bhiudon, AU ropi Hdabif GV bn houlFlEn THET. |

out put's, ,LhENLhe, TostpooliLable, deckalon for, LS. PRTAL Sular ok Ui oker
proportional to the likelihood that the input photo is a picture of each of the six possible bird
species. If, for example, the value 32 of output 3 is larger than the value of any of the other
outputs, the input photo is classified as a nuthatch.

Referring to FIG. 3, there is illustrated a neural network value assessment model 21B,
which is essentially the neural network model 21 of FIG. 1, configured for value assessment
of input patterns 22B which, in the illustrated example, may be stock ticker symbols. Given
an input stock ticker data pattern, the value assessment model 21B generates three output
values 36-38 which are, respectively, proportional to the profit or loss that would be incurred
if each of three different decisions associated with the outputs (e.g. “buy,” “hold,” or “sell”)
were taken. If, for example, the value 37 of output 2 were larger than any of the other

outputs, then the most profitable decision for the particular stock ticker symbol would be to

hold that investment.
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WO 03/ 032248 PCT/ US02/ 26548 Feature 2): Nunerical Optimzation RDL enpl oys
nunmerical optim zation to adjust the paraneters of the neural network

cl assi fi caDioos22a8 ue assessnent nodel 21. Just as RDL canPoa/uysaz/eesds with a
broad class of learning nodels, it can be paired with a broad class of
numer i cate@mdm Nda€Rcd190; gpdagisn Al 1l nunerical optimzation techniques
are designed to be guided by an objective function (the goodness neasure

used to quantgyy b fEunierikal o %Azdn%a\f@aajbﬁ t@ppﬁ%m\eﬁs them.cﬁeu% network

unspeci fi ed becaus |t I's generally scenario-dependent. In the cases of
' dth
o ?%3‘?29%?@% oM ARy A SEE e

function is.the riate. c e for |rt al | cases

oS cquolseBinatg it HBn RIS T 5 arodhPaip phiumer G pelizeton (Fifes

descri bed bel ow can be used for RDL. The nurrerl cal optim zation nust be
gover nedAByunkEcHROPtiBRfaEen tseaNUpTATT 8¢5i2ned to Berided by abebiseiyedbectipndthey )
Beyond this specific attribute, the nunmerical optimzation procedure nust
be usabl goodineds neeaneanatd trmemamiﬂy apooelity).ashejelsavd the dbjgbioveeiunetmh wi t h t he
RDL objective function, described bel ow. Thus, any one of countless

nuner i cainspedified Bexhie!t ispeagaly sefat@degeaddit eth wetcﬁseRBEpat?ém claxsifiqitios of
appr opri ate nunerical optimzation procedures for RDL are "gradient

ascent” ﬁi@%al&%ké&%&ﬁ ﬂfp@l‘éhrﬁ has 8&E6@Mhed thhita ‘%M%eﬂe@ﬁclaﬁmc‘ﬁﬂoﬂ ﬁ?ﬁre -of-

maxi m zi ng the RBCFM RDL obj ective function i's obviously equivalent to

m ni m zi &?ﬁ ?Q{{%r PlopaNYS fllBo B %@gplprﬁ &%ide\iEr \f/ﬁ’tﬂﬁltl)% ﬂgcﬁi&%ﬁﬁﬁ ROL

Consequen ererences” nerern assocl maxi m zin

obj ective function extend.t the equival.ent m nimzati edure.
Fomt ur o SSOISRMENGH AR IFDEF ARTRGATSY MG msnBe] pey dufebortisd g cin be
Figure-of-Merit The RDL objective function governs the numerical

opt i ni zagsed rﬁorﬁﬂabeémfs @umyrlwﬂ opmizaten pastbel covemge by tha BREiobjectys Bcten ue

assessnment nodel's paraneters are adjusted to account for the
rel at i on3%idpscribed helew (5deel TCnput Beyantl ehim spearits astitbptet thel rswircalamptinorsional ue

procedure must be usable with a neural network model (as described above) and with the
RDL objective function, described below. Thus, any one of countless numerical optimization
procedures can be used with RDL. Two examples of appropriate numerical optimization
procedures for RDL are “gradient ascent” and “conjugate gradient ascent.” It should be
noted that maximizing the RBCFM RDL objective function is obviously equivalent to
minimizing some constant minus the RBCFM RDL objective function. Consequently,
references herein associated with maximizing the RBCFM RDL objective function extend to

the equivalent minimization procedure.

Feature 3): RDL Objective Function’s Risk/Benefit/Classification Figure-of-Merit
The RDL objective function governs the numerical optimization procedure by which
the neural network classification/value assessment model’s parameters are adjusted to

account for the relationships between the input patterns and output classifications/value

12



12 WO 03/ 032248 PCT/ US02/ 26548 assessnents of the data to be learned. In
fact, this RDL-governed paraneter adjustnent via nunerical optimzation is
t he | ear nwog@3fpsx2e®ess. The RDL objective function conpri sePCIMSIDL6SAD €
terns, each of which is a risk- benefit-classification figure-of-merit
(RBCFM 4sedssine@s of tHeelata th b ¢dartyd’ )In fack thid R INgbeerfédsparardétef &fjedtinead via
argunent. The risk differential argunent is, in turn, sinply the difference

bet ween M},@er{&p@wnﬁ%tldﬁqg%qeé}flmtg\wo&eyraI network out puts or, in the case
of a single-output neural network, a sinple linear function of the si ngl e

funeti on?g; i lsﬂ%feaﬁ??a ﬂ?‘%ﬁ s %r?'é{*’%é% SRS ‘fszmﬁ‘ﬁ" o'
i C
Thee. 1 tapeitar hrdiaor Geerat e BRCEN Bk e e AR OR o Wk Roelst

during learnin In FIG 7, three out puts of the neural network have been
shown ( adlffh@ngg.l argisnentc dhe HSIB@f%FFymﬁlﬂfB@?l?m I i s sEMBlydhie diffsranear i |y
arranged fromtop to bottomin order of increasing output value, so that
out put |bdtwed¢ntbe homestal valueed wtnsutal actdvoduowputs Cr,iig thdmsmbMEBglethd
output. The correspondence between the input pattern 22C and its correct
out put cheasdinkivaak, Ddimele lit@htfincthaseaBaEngle aueut. NRléfeatredfdrexahpli IOt h of
themw th thick outlines. (These conventions wll be followed for FIGS.

7-10.) Ff Gre HDI dejietivatibhs CQMBIIASTRE O diftrehiatd désflére&eers Igeﬁe?rateaor a

"correct" scenarlo wherein a Coutput neural network

di fferenti ﬁé &aft g\%l ?@Wo&??ﬁglﬁ% tiofiVafaE a ds%@@@e%ltq rrfo|a§1 ?1% V\'Pﬁe%

| ar gest -va outp Fastraré correspon Ing to

the corr ficatio alue a nent for t nput, and
each of ‘?ftérefif‘ é?‘}el Ieéi ¥ g ‘3‘“?? I‘—“Ftsﬁor]‘?somﬁs H‘?u ng i%ﬁ@ ’61-63 are

illustrated, there are tvvo ri sk differentials 64 and 65, respectively
desi gnat @Epe@upuls afithe geyrahnetwiopkthaye beaptrhewn 4zlthogals thera ouldbe aydiuwsahest by
the direction of the arrows extending fromthe larger output to the
smal | er muthpyte been arbitrarily arranged from top to bottom in order of increasing output value, so

that output 1 is the lowest-valued output and output C is the highest-valued output. The
correspondence between the input pattern 22C and its correct output classification or value
assessment are indicated by showing both of them with thick outlines. (These conventions
will be followed for FIGS. 7-10.) FIG. 7 illustrates the computation of the risk differentials
for a “correct” scenario, wherein a C-output neural network has C - 1 risk differentials, 9,
which are the differences between the network’s largest-valued output 63 (C in the illustrated
example) corresponding to the correct classification/value assessment for the input pattern,
and each of its other outputs. Thus, in FIG. 7, wherein three outputs 61-63 are illustrated,
there are two risk differentials 64 and 65, respectively designated & (1) and & (2), both of
which are positive, as indicated by the direction of the arrows extending from the larger
output to the smaller output.

FIG. 8 illustrates computation of the risk differential in an “incorrect” scenario,

wherein the neural network has outputs 66-68, but wherein the largest output 68 (C) does not

13



FIG 8 illustrates conputation of the risk differential in an "incorrect"
scenari o, wherein the neural network has outputs 66-68, but wherein the

| ar gest owbpow3Bds (C) does not 13 WD 03/032248 PCT/ US02/ 2654802/26318 espond
to the correct classification or value assessnent output which, in this

exanpl e, cdrspdtidith e &Heﬁ@c)lassiﬂ&aﬁ&l&\%ﬁm%sﬁ?meﬁtlﬁﬁtpqu@%%h ﬂﬁﬂ}ﬁ/&férxﬁm fe, s has

only one rlsk differential 69, (1), which is the difference be ween the
t t
nai cat SRy %?#%3@&5%%%“%?“?ﬁ%ﬁrs%?%%&%*?e@?%ﬁé/@“ f%F&fféaﬁ‘?ﬂ?%L%ﬁ 12,

there is he s eci al .case LP raI rk 21
b “Not & @hartighisght ditkgines ReeanB o Fetey R DR St Pl 5ss 1
FIG 9 through FIG 12 have thick outlines. In FIG 9 and FIG 10, the

i nput paandds Regire, %@%?ﬂj@d?bthﬁﬁgeﬁtﬁb%ﬂ?%ﬁ%ent ed by the neural network's
single output. In FIG 9, the sin output 70 is larger than the phantom
71, so the coRglatring tp FERS o9 hieuhrit Ldﬂerensll? trpted ithei spesiakuage of hainglamutput
pattern 22D is correctly classified. In FIG 10, the single output 73 is

smal | er ddugd) netvrek phBniNane that owputs ke phampnit @dputs)skprdsentiag et doadect7dasssn
negative, and the input pattern 22D is incorrectly classified. In FIG 11

and Fl G20 thR@gh FROT 1208 itk 8&nélogs FIGL9 Bed Iy 100the h%ut %ﬁtﬁﬁﬁ 22D
represent ed by t%e neural network's single output. I'n FI the single

out put nl?elérfg _}(2 Hﬁl él%g répl?@s@nfea %%@%@ thvor@g S E th? glé Ig5 ?ilgcsﬁ?%le

differe positive, I nput is cor
the hant,om

C|aSSIer sin ut 79 | er t
o mﬂbﬁ%ala@%ﬂ FigdhePrife K? | %ﬁ%giomgutﬁ% 416 R e Bt at t or n
22D is incorrectly _classified. [isk- geneflt ClaSSIflcﬁﬁt
fi gur e- ohe B PatERBERR)S §aTFRCHY sﬁssl e In s 1 & dhetingle onpuh éitsmaer than
attributes. Let the notation 6(86, yﬁ) denote the RBCFM function eval uated
for thethe mhmtdmfmesceﬁhmcampeteéwdkﬂ ergtiebphsgwgdivecandt the érmsie pptaragebas yr
(defined below). FIG 4 is a plot of the RBCFM function against its
var i abl einasmgeoni®rlaséifiedhind G-I Gand FiG. 12, fledhpuafpattéra 22D does not belong to the
class represented by the neural network’s single output. In FIG. 11, the single output 76 is
smaller than its phantom 77, so the computed risk differential 78 is positive, and the input
pattern 22D is correctly classified; in FIG. 12, the single output 79 is larger than the phantom
80, so the computed risk differential 81 is negative, and the input pattern 22D is incorrectly
classified.
The risk-benefit-classification figure-of-merit (RBCFM) function itself has several
mathematical attributes. Let the notation o(8,y) denote the RBCFM function evaluated for
the risk differential & and the steepness or confidence parameter y (defined below). FIG. 4 is
a plot of the RBCFM function against its variable argument 8, while FIG. 5 is a plot of the
first derivative of the RBCFM function shown in FIG. 4. It can be seen that the RBCFM
function is characterized by the following attributes:

1. The RBCFM function must be a strictly non-decreasing function. That is, the

function must not decrease in value for increasing values of its real-valued argument §. This
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first derivative of the RBCFM function shown in FIG 4. It can be seen that
the RBCFM function is characterized by the followng attributes: 1. The
RBCFM f urwDioan3amst be a strictly non-decreasi ng functi onPCThE02/26548 t he
function nust not decrease in value for increasing values of its

real - val 4efbu i We®RtarP in didksSto ghdrad¥ee ARt G2AZABF MUK 2R 2diratdighiidelnft € i s

necessary in order to guarantee that the RBCFM function is an accurate

gauge of e fhg b ?ﬂec&tss%rp&@mpﬁm% lwlﬂfc‘ﬁftﬁé QQL&L&%%%MW&&%&&@ has

associ at ed neural network node earned to classify or val ue-assess

i nput pattermns. 2. ..Jhe CEM funct.i st be piecewise differentiable for
all val 3‘5?“8@% ‘flaslsmfgroél‘j%eg%tay > 1%%@%&&@% |y, the RBCFM function's

derivatives st exjs |1 .valueg of S, . with the foll ow ng exception:
the derivatives naijh‘bﬁB{:rE@’l ﬁ%‘f“‘@k‘?‘é‘fﬁqﬂé’?ec{:w&g@??‘ﬂf@gl r gl VE‘HgSr%ébsondi ng
to the function's "synthesis inflection points.” Referring to FIG 4, as an
RBCFM f uarguent de)xSpepifisally, lesRBCHM Boriionis gerivatisesanest ekist fooialtvelugs ol ch t he
natural function wused to describe the synthetic function change. In the

exanpl e Wwith teefoRBOMY dxbéttion Othe 4Brivdtivesisay af 8dy nbt dXigefordthodehaluegarf 8 cul ar
function constitutes three linear segnents 41-43 connected by two

quadr at i &ri%gﬁfﬂamgsto‘{ﬁe ARdtidPs “wlﬂhfesas éﬁﬂbcﬁdi&?;%&iHTsU’S RERLSE ©430P4 s AT €

respectively portions of parabolas 46 and 4 he synthesis inflection

POI NS 2 B PRPRRCh Loy AAS s Blec B RAL 1B SEIRNR S RLF S AAREA TR

synt hesiZe "t he overa C near segmne
tangent to.th uadratic, se nts. Ascnﬁiseeni F . Lhe first
dor Pyvat | V84 E00esiph e RRRAT (HCE TR | 17 O PerAne! e GHOT fextisn 40r e
respectively, the first derivatives of the segnents 41-45, exists for all
val ues oflugratqhia e AnhatnaatisilayHepctiop caestitetey thiestlingassegmiests o3 al | val ues
of 6 except the synthesis inflection points. In this particular instance
of an acocampteed by RBOFMdraiivcegoents #hend§htwlash,sn thefillesttatedrexpmtet gre
correspond to points at which the first derivative 50 of the synthetic
funct i onredfkctiod@poridns of parabolas 46 and 47. The synthesis inflection points are where the

constituent functional segments are connected to synthesize the overall function, i.e., where

the linear segments are tangent to the quadratic segments. As can be seen in FIG. 5, the first

derivative 50 of the RBCFM function 40 in which the segments 51-55 are, respectively, the

first derivatives of the segments 41-45, exists for all values of 8. The second and higher-

order derivatives exist for all values of & except the synthesis inflection points. In this

particular instance of an acceptable RBCFM function, the synthesis inflection points

correspond to points at which the first derivative 50 of the synthetic function 40 makes an

abrupt change. Thus, derivatives of order two and higher do not exist at these points in the

strict mathematical sense.

This particular characteristic stems from the fact that the constituent functions used to

synthesize this particular RBCFM function in FIG. 4 are linear and quadratic functions. By

being differentiable everywhere except, perhaps, at its synthesis inflection points, the
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abrupt change. Thus, derivatives of order two and higher do not exist at
these points in the strict mathematical sense. This particular

char act erwstiso3ztens fromthe fact that the constituent fweertisonsssused to
synthesi ze this particular RBCFM function in FIG 4 are linear and

quadr at i gbjédtivetfuitdn cBY be Bairddgvieh 4 bryag MirgaRIf QuBY e WhehEZa8Y¥E RBAniqRE], RAPS,
at its synthesis inflection points, the 15 WD 03/032248 PCT/ US02/ 26548

obj ecti V@aéﬁﬂ@&%ﬁeﬂ%%@ be paired with a broad range of nuneri cal
optim zation techniques, as was indicated above. 3. The RBCFM function

MRt S e SRR IR e R R

T o B Sitemes | Aadd BF it GPeBBGEM fmeignenor bokacem
function shown in FIG 4, for five different values of the steepness

par anmet ederivativelfoata stgdepaiessf thastaemicsy orcanfitenge panagneteayudniddbweghereane and

zero, but not including zero. The norphol ogy of the RBCFM function nust be

snoot hl yillaghrated plbtses6-6yof the s@ithgicR BERMV-fvadtiondhsiva epRES St Gr foenfiffeence
paraneter yr, between the following two extrenes. a. An approxinmately

i near{ gLt Olieddhsss ROty SIS ReHesEpdimBcBpirflar® and vilubbbihen 1. (1)

where a and b are rea n approxi mat e avi side step function

of its argunment 8 when.yr .approagches 0: 6(8,y). = i nd.only if 6 > 0,
ot her wi s@%a"(r;g,zﬁfc} but gpt ”KC\IPQ“EE 8".“"( Fe “*?Hﬁ??ogiﬁé%%g%&kﬁ'ﬁcfl?f‘ ‘Pﬁ’%ﬁbe& as yr
approaches 1, the RBCFM function is approximately linear. As yr approaches

zero, thsn®BdENdiustable, by thessingbpreak v atagstsepacssos ¢priidpacs papmeter v, between

the following two extremes.
a. An approximately linear function of its argument & when y = 1:
cdy)~aed+by=1, (1)
where a and b are real numbers.
b. An approximate Heaviside step function of its argument 6 when
approaches  0:
o(,y) =1 if and only if & > 0, otherwise c(d,y) =0; vy —> 0. (2)
Thus, as can be seen in FIG. 6, as y approaches 1, the RBCFM function is approximately
linear. As  approaches zero, the RBCFM function is approximately a Heaviside step (i.e.
counting) function, yielding a value of 1 for positive values of its dependent variable §, and a
value of zero for non-positive values of 6.
This attribute is necessary in order to regulate the minimal confidence (specified by
) with which the classifier is permitted to learn examples. Learning with y =1, the
classifier is permitted to learn only “easy” examples — ones for which the classification or
value assessment is unambiguous. Thus, the minimal confidence with which these examples

can be learned approaches unity. Learning with lesser values of the confidence parameter v,
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counting) function, yielding a value of 1 for positive values of its
dependent variable 8, and a value of zero for non-positive val ues of 8.

Thi s attrwbuwBm®3i2gs necessary in order to regul ate the m ni maell/usontdsdence
(specified by yr) with which the classifier is permtted to |learn

exanpl esthe kRiggifibr1g pédniifted to learh,mdrbedifGbiS Skamples s op&r ot whistl the | earn only
"easy" exanples - ones for which the classification or value assessnent is
unanmb QuASifickiiPor VG AEUsARAL i AN HRRGRONM e Withfifll LOFS X AR \AfcH Can be
| ear ned approaches unity. Learning wt esser val ues of the confidence
paranete%ﬁ%%, 1F V[)83{032§48 PCI4U§%§/26548 the classifier is permtted
to | ear nARSrEAMRIP LA OF SANEL ATOBLIONK @Y f or which the classification or
val ue assessnent is nore anbi guous. The mninmal confidence wth which

t hese exanpl eEhepractisal efdest aEleamningwish deareasiug condsncy yalugy idhatdlg leamingct of

| earning with decreasing confidence values is that the |earning process

m gr at esprbcessmgates Haim omd thaainitially dousessonorase asynpestomne shat evaviaallyhat
eventually focuses on hard exanpl es. These hard exanpl es are the ones that
define tfeuRodndard &amphs! TaeR akd exandidswec tleassethaodefinkthd hRndase of val ue
assessnent, profitable and unprofitable investnents. This shift in focus

equat es {&ygordflichative clalies BRURIGRASATPIRI sttt SrolibbEMhAnpfdimait ocat i on

of nodel conplexity In e academc field of conmputational |earning theory)

f . . i ffi i ffi . I
have. by aermaie: B SRLEibekEtihs SR Bne FRGRLAS G Gl s RBEE o7
ne requj rdey to

unari QUURIGEEA GO BRIk e BYASEIe PTG RA PR GRPBOEY ] Ko
Thus, learning with decreased mnimal acceptable confidence demands
i ncr easi #rgpyntiter e masadifieyt ewmples. Hesause difficylhexanpies hagptbysdediationer wor k,
the maxi mal val ue of yr depended on the statistical properties of the
pat t er nsarheignaps| obes ned)bevihgr easpedied nalmisirte leaahing madhide payudtesia tange ) t he
number of these examples in order to unambiguously assign a most-likely classification or
valuation to them. Thus, learning with decreased minimal acceptable confidence demands
increasingly large learning sample sizes.
In the applicant’s earlier work, the maximal value of y depended on the statistical
properties of the patterns being learned, whereas the minimal value y depended on 1) the
functional characteristics of the parameterized model being used to do the learning, and ii)
the size of the learning sample. These maximal and minimal constraints were at odds with
one another. In RDL, y does not depend on the statistical properties of the patterns being
learned. Consequently, only the minimal constraint survives, which, like the prior art,
depends on i) the functional characteristics of the parameterized model being used to do the
learning, and ii) the size of the learning sample.
4. The RBCFM function must have a “transition region” (see FIG. 4) defined for
risk differential arguments in the vicinity of zero, i.e., -T <8 < T, inside which the function

must have a special kind of symmetry (“anti-symmetry”). Specifically, inside the transition
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functional characteristics of the paraneterized nodel being used to do the
| earning, and ii) the size of the | earning sanple. These maxi mal and

m ni mal cwpIBoai2me s were at odds with one another. | n RDPCT{iSO2ioess8 not
depend on the statistical properties of the patterns being I|earned.

Consequeﬂagiom th@ rfhlycufoheemdawa%r SeRSIRINNS, i§ B{UAl KPS condhinl ,mlhumetfmnrahl or
art, depéends on i) the functlonal characteristics of the paraneterized

model bei n o the in and ii). the size of the |earning
sanpl e. %2 ﬂlﬁﬁezﬁd% Iﬂegﬂh"@t‘?a&% mﬁsaﬁﬁ\?ég“é"e“tt%arfsugh on region" (see FIG 4)
defined for risk differential arguments in the vicinity of zero, i.e. T

<'S < T, inside which @ﬁbv}uﬁbﬁﬂdhw)ﬁW§ﬂlﬁ%§§‘§>s%eC|al ki nd of(§ynnétry
"anti-symretry"). Specifically, inside the transition 17 WD 03/032248

PCT/ USO02A R4 8ther ehjilgmthist dteitfutnatsines thaethalfursttded vitore dfitlee RBGHNEfuinc®@on iss
equal to a constant C mnus the function evaluated for the negative val ue

of the s@@Barfé GHBRM pdsitive and n8gtive Rk Wffererftiats VS, the sdn@f aldblutelrlueSas T; 6 >
0 (3) Anpbng other things, this attribute ensures that the first derivative

of the nﬁ??g%fﬁ%ﬁ%lh@ﬂ& 1?131&%@&@5@03 ‘§1(9105teg fgsi.tive and negative risk

differe aving the sane abso ut value as Iong as that value lies
inside the transition r on S %@%5% § %ég% = d/d6 6(-8, for al |
161 <_ T (4) This math t?@@f at £V filal to the maxi'th
correctness/profitability guarantee and the distribution- |ndependence
guar ant ee of Rpp mahematisalatmaiednessenippbiq g maxany)cogectpgssipreliabilied t hat
the objective function be asymmetric (as opposed to anti-symetric) in the
transi t i guaranges and, thé disibationtimlepersignes guammtasal) RPIE, akscussedbaiony of di fficul t
exanpl es under certain cases. However, applicant has since determ ned that
t hat asyApplidat’s prievesikadqiired thdjtiecsbjsegive fnetibo be bsyommetia@adppesedgo maxi mal
correctness and distribution independence.

anti-symmetric) in the transition region, in order to assure reasonably fast learning of difficult

examples under certain cases. However, applicant has since determined that that asymmetry

prevented the objective function from guaranteeing maximal correctness and distribution

independence.

5. The RBCFM function must have its maximal slope at & = 0, and the slope
cannot increase with increasing positive or decreasing negative values of its argument. The

slope must, in turn, be inversely proportional to the confidence parameter y (see FIGS. 4 and

6) Thus:

20 (8,y) .
2y s o (6lw) 2 22 (5] + e )i £ >0 ©

Applicant’s prior work requires that the figure-of-merit function have maximal slope
in the transition region and that the slope be inversely proportional to the confidence
parameter y, but it does not require the point of maximal slope to coincide with & = 0, nor
does it prevent the slope from increasing with increasing positive or decreasing negative

values of its argument.
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5. The RBCFM function nust have its nmaximal slope at 8 = 0, and the sl ope
cannot increase with increasing positive or decreasing negative val ues of
its argurwoto3/oIires sl ope nust, in turn, be inversely propcvctr'msnaimsum t he
confidence paraneter tv (see FIGS. 4 and 6) Thus: a6(s,W aw- ,; (1,51,

V) > a6(,5+6,4r); PrOowe) leg@2 oqt%eassgrﬁ&aMm@FMSfuﬁm&,r(l ¥OfHat p&fibh bEet hat
the figure-of-nerit functlon have maxi mal slope in the transition region

dth h fjd
o ot T e? Aot YL BP0 e S 20 SR e Wi e

0, nor does it prevent the slope fromincreasing wth increasing positive
or decre@gnwgnm@lga Freasing pelyeemist funcomeigh e mimmalgiyreaytolis Juvger leg
PCT/ US02/ 26548 6. The lower |leg 42 of the signoidal RBCFM function (i.e

t hat por#Hoah & (bthgeed hungdcesarilydbe) Mgty préporabnit so HE cOnfidinst garaBer
transition regi on) (see FIG 4) must be a nonotonically increasing

pol ynom @Lefr}é\ i puef 8. The mininmal slope of this lower |leg should be
(but need not nécessarily be) linearly proportional to the confidence

paranmeter ui (see FIG 6). Thus: E % a618 yr) sic yl/ (6) 6<o0 aS
Applicant's earlier work inposesmin kraint that the lower |eggpf the
si gnoi dal objective function have pa®itive slope that is linearly
proportional to the confidence paraneter, but it does not further

explicitly regpplicanthearliewesrkli@godes tiee qaktydimithalthd lowek legrofake sigmoiblak
addi tion of the polynom al functional constraint to the prior

proporti %&tiv@hr&@i@ﬁ%ﬁ@é ;5651t1\13%ld@ﬁ%‘atti§"l‘?nefai=l§‘%de%ﬁuﬁlaﬁt%rthé/ addfien@nd the

confi dence par anet er y results in a nore COI’Tp ete
parameter, but it does not further explicitly require the lower leg be a polynomial function of
8. The addition of the polynomial functional constraint to the prior proportionality constraint
between the function’s derivative and the confidence parameter \y results in a more complete
requirement. To wit, the combined constraints better ensure that the first derivative of the
objective function retains a significant positive value for negative values of d outside the
transition region, as long as the confidence parameter y is greater than zero (see FIG. 5).
This, in turn, ensures that numerical optimization of the classification/value assessment
model parameters does not require exponentially long convergence times when the
confidence parameter y is small. In plain language, these combined constraints ensure that
RDL learns even difficult examples reasonably fast.

7. Outside the transition region, the RBCFM function must have a special kind of

asymmetry. Specifically, the first derivative of the function for positive risk differential
arguments outside the transition region must not be greater than the first derivative of the

function for the negative risk differential of the same absolute value see FIGS. 4 and 5. Thus:

d/dd o(d,y) < d/dd o(-d,y) forall 8>T,0<T <y (7
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requirenent. To wit, the conbined constraints better ensure that the first
derivative of the objective function retains a significant positive val ue
for negatwoesmwadzues of 8 outside the transition region, ®€TIus022638t he
confidence parameter y! is greater than zero (see FIG 5). This, in turn,

ensures that RUWRHEGRbutGIRE K ZakitRn réfiod Re1cdsea§itd bisatd BB Mo RaspRSs MENt
nodel paraneters does not require exponentially |ong convergence times when

the co ned
const r aﬂh%s%e 2 PRy Bpfunp R oFRBg s gl ol exa%g?fgéﬂ?‘@e%“%&ﬁ?

f ast. i on regi.on on. nmust

Choei ol KAELA ths?\%?é\? Ct“éﬂévéﬁ OBy S b B i Rygh o & ﬁ@s
function, for positive r rential . ar nts outside th tran3|t|on
r egi on naﬂglfleﬂgmweu b leam 41 f ﬁja%'ﬁt%mpkemrea PGS it guld-igke thg mimeRRalt or
the negative risk dlfferentlal of the same absolute value see FIGS. 4 and
5. Thus: optimigatiqrepro¢edure a viyry &ong(times fp)conyrgald a gats of magimal toregtness7) 19 WO
03/ 032248 PCT/ US02/ 26548 Asymetry outside the transition region is

necessar profimbditgur@n theathedhbfid, ¢itht REBCHN festian eveleeaymadktrie hsth madideyarfdast
wi thout affecting the maxi mal correctness/profitability guarantee of RDL.

I'f the Reile fﬂéﬁ%isiﬂﬁn\“@:iﬁl AR WaSthEWRlih Gpplithsl Slgarlidrovdrk ans tdul@ Budr@@tk®n as
well as inside, RDL could not |earn dlfflcult exanpl es |n reasonable time

(it coul ghifaKakie P 'ide%@ of il B Al @1 51991%@1%% geﬁ"’ce ng time to

converge to a state o maxi correctness prof i rity). t he ot her

hand, if _the.RBCEFM.funct] nmret ric bo S|de an t e the
transitiOf' aé@‘fl%ﬁml Sggm\XkLig R V% tﬁ%g}%%lltﬁonare Olncrflgn!g regee. r|nglre Wor SIdSe tgf" coul d

guarantee neither X] corre rofita n |str|but|on

i ndepend&HEHIOTTREEN. %Cgﬁaﬁ Tl eagyﬁ%@f di §fllq xapplaaitiodhsi ¢ i on
regi on and breaking symmetry outS|de the transition region, RBCFM function
al ows fsesrifitiagitsintreriradl catreethessiprofenbitipl asd digtribision independeme Ewayantees. maxi mal

correctness/profitability and distribution i ndependence guar ant ees.
The attributes listed above suggest that it is best to synthesize the RBCFM function

from a piece-wise amalgamation of functions. This leads to one attribute, which, although
not strictly necessary, is beneficial in the context of numerical optimization. Specifically, the
RBCFM function should be synthesized from a piece-wise amalgamation of differentiable
functions, with the left-most functional segment (for negative values of 6 outside the

transition region) having the characteristics imposed by attribute 6, described above.

Feature 4): The RDL Objective Function (with RBCFM Classification)

As was indicated above, the neural network model 21 may be configured for pattern
classification, as indicated at 21 A in FIG. 2, or for value assessment, as indicated at 21B in
FIG. 3. The definition of the RDL objective function is slightly different for these two
configurations. We now discuss the definition of the objection function for the pattern

classification application.

20



The attributes |isted above suggest that it is best to synthesize the RBCFM
function froma piece-w se anal gamati on of functions. This | eads to one
at tri but ewowhiog1248 al t hough not strictly necessary, is bemeffiusoakesus t he
context of nunerical optimzation. Specifically, the RBCFM function should

be synt hesi zegls §RetediniF 155 7VH0S the RIBI. ghjeet vedin@fonds fdreiee by icabllgind tBCt i ONS,
with the Ieft-nmost functional segment (for negative values of b outside the

transiti Eﬁﬂfugmomv 'oﬂamt Ihsreqnﬁrm&r@ﬁﬁa% e M@&@%dt}yorﬁrtﬁerd\%%}@oﬁthe

descri be ove. Feature 4): DL Obj ective Function (with

Cl assification t be
cont  gur G0y B plTer a%%?% e?%fa? Rifoacl, ARG o 33 5?952‘*17'139 Rlige’S

for val ue assessne as jndicated a F The definit] on of
he FOL B PR aHEV PG ot §Tas e rets e SBeciglsese o
configurations. W now di scuss the definition of the objection function for
t he pat tueural netvwesk withcesingdaowtppl i cati on. 20 WO 03/ 032248 PCT/ US02/ 26548 As
depicted in FIGS. 7-10, the RDL objective function is formed by eval uating
t he RBCFM f unatthogerfecal cmethorclassiﬁeat'rdnsif thh ihpetrpatteinab sdicatdddiy the éargest i ved
fromthe outputs of the neural network classifier/value assessnment nodel.

FI'GS. 7 @fhl Beividrk Shipai eé hrs, 98 nBhAhg fe%ﬁﬁn%)fthe RDN&IWfRvORINMREK OV, thkes

mul tiple outputs and FIGS. 9 and 10 illustrate the speC|aI case of a
neural net n. Ie o] In the general case,
cl assi f W&?‘%&W" mtSh enenﬁlg\s OBaYLfF@'feﬁ Of 8Ot t%katggﬁté&uw neiork 8?@3%&5 Ondhfr al

network output (see FIG 7). During |learning, the RDL objective function
OR -, takesorrespwndingttovthel inest claeifieaibm@r dre inphatphesrnor not the | argest
neural network output is O, the one corresponding to the correct

classification for the input pattern. C J6 O -§' ' 5O >dm
[
>0|0,-0,,y|, 0.,>0,,
N B et '
JEr 5
Dp =1 ®)
c O,—O,,t// , O ;20,5 ]#T
L s

When the neural network correctly classifies an input, equation (8), like FIG. 7,

indicates that the RDL objective function @, is the sum of C-1 RBCFM terms, evaluated
for the C-1 risk differentials between the correct output O, (which is larger than any other
output, indicating a correct classification) and each of the C-1 other outputs. When O, is not

the largest classifier output (indicating an incorrect classification), @, is the RBCFM
function evaluated for only one risk differential, between the largest incorrect output

(0, 20,,;;j #7) and the correct output O, (see FIG. 8).
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Jnmr ~t ORD - (8) O -0il/l , O > &*/;7 ~r dr Wen the neural network

correctly classifies an input, equation (8), like FIG 7, indicates that

t he RDL owjpastoB2ees f unction (DRD is the sum of C 1 RBCFM t @cmajsozeessgiat ed

for the CG1 risk differentials between the correct output O (which is

| arger than apy,oL el sifbieRkitput LAMIGRLTIBY. 6 1FOiJIEEY) 6 itapplifd gat i on) and
}Q acsjluglp pu V\herg O i %he)lal DRl

each of the G 1 other uts. I's not argest classifier

out put (indicat.ing an_i,ncorrec (ficati '
Punet| ot BORRLPEaRS pag RRGEERL G pREishhar b Tpprl B P N e
i ncorrect output ? CKk* J;. ] r) .and the correct output O..(see FIG
8). 21 Y556 tesspisdyiespuatif et g iFie AuPWsEereds the Higipain ot ﬁ%ﬁyrt?gg% (see
FIGS. 9 through 12) as it applies to classification, the single neural
net wor k 60gpUtlGSnpedhi Bs Qthervisenthejonfyt ingigates that g igAgPattern dess nef hedang
represented by the output if, and only if, the output exceeds the m dpoint
of its dypnbailess (FHBYel ((dadGS). Bitleandndieition (¥ hedongs seglassfier Sdagsubt belogmt es
that the input pattern does not belong to the class (FIGS. 10 and 11).
Ei t her idgisCpdan®R corrbétlopngsreet, ddppading on thcto@sclatlatebf@nige: éxamptd,adey) can
be correct or incorrect, depending on the true class |label for the exanple,
a key f@EHLPIN the FARRIARINBIA ROD oBfectiRerdRBloPfol Bl divde-butpat éR8 for the
si ngl e-out put case. The RDL objective function is expressed nmathenmatically
as the RBCFM i on. -ed. f ' j ff [ i.ch,
dependi ng on wegl‘tiﬁkérorﬁfeﬁg‘\;%kdggéﬁgﬁsfgﬁ rle%)%airédﬂz%?érigéltl%sg@g @C&g@@tﬁg or
mnus two tines the djfference_between the neural network' s single output
O and it%vabﬁ%tfemheml(élf?qﬁatﬂaf Pr ‘éﬁ‘ﬁmﬁt cprndieg of Kae ot 6(%?@%@&86{? QEEt he
average of the

or not, is plus or minus two times the difference between the neural network’s single output

O and its phantom. Note that in equation (9) the phantom is equal to the average of the

maximal Op,ax and minimal O, values that O can assume.

o 2 O_(Omax;Omin) ,l// , 0=OT
Phantoin
s,
<
Dy = ©)
o 2 (Omax;'Omin)_O "// , OZO_J
Phantom
b.f

When the neural network input pattern belongs to the class represented by the single

output (O = 0,), the risk differential argument &, for the RBCFM function is twice the

output O minus its phantom (equation (9), top, FIG. 9, and FIG. 10). When the neural

network input pattern does not belong to the class represented by the single output
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maxi mal Omand mininmal O,,,;,, values that 0 can assune. Qmax+0 2' O
mn) OO 2 r Phantoma RDJ =(9) 6 2 \0Omax +Onn) OGO -, ti -J
Phant om wo 03Wk2ast he neural network input pattern bel ongecrashbrecsas ass
represented by the single output (0 = OI) , the risk differential argunent

5, for the -RBCTMhE wak bifRiertil &gmemtsﬂ@or (RURBAFM AitcAbS il thicetRABHPBIs
(equation (9)7 top, FIG 9, and FIG 10) V\hen the neural network input

pattern does not beI ong tot cl as y the si out put 22 WO
03/ 032248haptem ways/Q dedugtiop b‘ﬁf“)ms“ = gﬁ@i ﬁerBérFt"P Jj&%ﬁmnf ST for
the RBCFM function is twice the output's phantom m nus O (equation (9),

bot t om FFE@nents of egvatien (), it p3n begshossnghaidhnenterrauliphinegfector of Z euvaes et (9)

it can be shown that the outer nultiplying factor of 2 ensures that the

ri sk di ftherisktifferernial dfthe singlgt@rpuinmde! sppdethe span sangh et wartd fmremg@-dnnpmoul d
for a two-output nodel applied to the sane |earning task. Applicant's
earlier wedd abﬁl‘?ddttdeﬁb s@anfedeardingttaskn whi ch cal cul ated the differential

bet ween the correct output and the | argest other output, whether or not the

exanpl e was Applicant’s earlier work included a formulation which calculated the differential
between the correct output and the largest other output, whether or not the example was
correctly classified. While this formulation could guarantee maximal correctness, the
guarantee held only if the confidence level y met certain data distribution-dependent
constraints. In many practical cases, y had to be made very small for correctness guarantees
to hold. This, in turn, meant that learning had to proceed extremely slowly in order for the
numerical optimization to be stable and to converge to a maximally correct state. In RDL,
the enumeration of the constituent differentials, as described in FIGS. 7-12 and equations (8)
and (9) guarantees maximal correctness for all values of the confidence parameter vy,
independent of the statistical properties of the learning sample (i.e., the distribution of the
data). This improvement has a significant practical advantage. The effect of the earlier
formulation’s data distribution dependence was that difficult learning tasks could not be
concluded in reasonable time. Consequently, using that prior formulation, one could learn
quickly by sacrificing correctness guarantees, or one could learn with maximal correctness if
one had unlimited time. RDL, in contrast, can learn even difficult tasks rapidly. Its maximal
correctness guarantee does not depend on the distribution of the learning data, nor does it

depend on the learning confidence parameter y. Moreover, learning can take place in

reasonable time without affecting the maximal correctness guarantee.
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correctly classified. Wiile this fornmulation could guarantee nmaxi mal
correctness, the guarantee held only if the confidence |evel w net certain
dat a di stwiolstoB2as dependent constraints. I n many practi c@cToEse®s654¢ had to
be nmade very small for correctness guarantees to hold. This, in turn,

nmeant t h@dathiR3)NITHE RPY. @ngl@ﬁﬂ@?ﬂ%tﬁ%t(WMBCFMNa}’ué Asseésagunty or the

nunmerical optim zation to be stable and to converge to a naximally correct

state. In R Ia&gﬁé‘aﬁ?gﬁ?ﬁ%@%ﬁ@tlf%fno?ibfr‘?ggﬁﬁrﬁéﬁ%&%ﬁsﬂi&eﬁfw i Al ation ¥kks

described in and equati ons guar ant ees max| ma
correctness for.all values,of t confidence paranetes .1 ndependent of
Che. st ataiasicia spaft Sl pfE PEbRICBLE BRRe Lol brisskTaPRpRRERE: on
of the data). This inprqovenent has a signifjicant practical advantage. The
of fect JFAnHE teuFIdhbRol IRQRdRYas BRess etk RO S5b PR daPEASREATE as t hat
difficult learning tasks could not be concluded in reasonable tine.
Consequédatrhing tagkisn & onerrtuablyi BPLipssend el ieosssessmentciaskl as d dagsiicatéen @Rl yithy
sacrificing correctness guarantees, or one could |earn with naxi nmal

corr ect nesscidtéd vaoes. Hizohs uaml R tebadsificaton rRidhineimigholetémas identifincdreardh even
difficult tasks rapidly. Its maximal correctness guarantee does not depend

on the diisip ks Oth@éastanRIDE @Ik Bgesiatent macHindlg@sht idarn deidenidy earstahe
| earni ng confidence paraneter w. Mreover, |earning can take place in

reasona i i ut e affeediiAgel he maxi mal correctness guarantee. 23 WO
03/ 0322%&5% UE;§W§}Q%54§ Feature B): The RDL Objective Function (with

RBCFM Val ue Aﬁsslesgment £ Itn g(tptgl ia(%a I ' Sed rel\i] Gl c‘;épd’eki’ n h§as%8t ion %ficl ear ni ng
was restricted 9 LFHEEPT VR é?‘l P a5k ?he. ga '© USSHEI08T 84 Bﬁtnf’“enrﬁ %ith one
of C possiri](gql e concepts or "classes' qf opjects). Adm ssibl l earni ng tasks
i d ot GRS /SRl ooeaEhanterslizeRen O AR S R4 S SuBeRh
| earni ng tasks. Conceptually, RDL poses a val ue assessnent task as a
cl assi f i wRwt patterngs kn thetchntessefduiblabeérenial beamingus simphe gDEradization afiteat i on
machine mght learn to identify cars and pickup trucks, whereas an RDL
val ue asRBbisigetiveriimbiioeeffeghthe remisite tcondepent géneratmnatsoramtded for value
assessment.
In learning for pattern classification, each input pattern has a single classification
label associated with it — one of the C possible classifications in a C-output classifier —, but
in learning for value assessment, each of the C possible decisions in a C-output value
assessment neural network has an associated value.
In the special, single output/decision case as it applies to value assessment, the single
output indicates that the input pattern will generate a profitable outcome if the decision
represented by the output is taken — if and only if the output exceeds the midpoint of its
dynamic range. Otherwise, the output indicates that the input pattern will not generate a
profitable outcome if the decision is taken (see FIGS. 9 and 10). The generalization of
equation (9) simply multiplies the RBCFM function by the economic value (i.e., profit or

loss) Y of an affirmative decision, represented by the neural network’s single output O

exceeding its phantom:
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trucks as well as their fair market values. Using a neural network to |earn
to assess the val ue of decisions based on nunerical evidence is a sinple
concept uawogefsx2as i zati on of using neural networks to cl ap€irfusonesses i cal

i nput patterns. In the context of Risk Differential Learning, a sinple
generalization of the RDL objective function effegts the requisite
conceptual generalization needed|fo V?| e (2i3355 nt. In learning for
pattern classification, Q§3ﬁ=ﬁﬂ b .|patt gy Y ,piingl e classificgphon

| abel associated with it -"one of the C po§5ib|é cliassifications in a
C-output classifier -, but in |earmmnyg for vatde assessnent, each of the C
possi bl e decisions in a Goutput value assessment’ neural network has an
associ ated value. In the special, single output/decision case as it applies
to val ue assessnent, the single output indicates that the input pattern

wi || gener at e[nah® p&ekd] 20! Rty HedsTBn tdse bR a@plidssd O8lue bepsBEROt@thdy t he
output is taken - if and only if the output exceeds the mdpoint of its
dynam c A . t Lndi t i ttern will
ot genel A, HOHASL thiRgd SR QW Bt iRLAahER oI ORhs SO0 AR OB s, o
and 10). The generalization of equation (9) sinply nultiplies the RBCFM

f unct i ondeppnding osadether er natitheelaggestaneurah pefork eutpul ip £4) the ase carespphdingat i ve
deci sion, represented by the neural network's single output 0 exceeding

i ts phanioams st WOrRMOB2 248 RETY URORIAEEAGe ifRPpYZern Beb BIBX 20WHdY): (10) In
the general, C-output decision case as it applies to val ue assessnent
during learning, the RDL objectiye function (DR' takes one of two forns,
see equation (11), depending|on ether or not the largest neural network
output is O , the one correspdmajfig- O o t.he MhstOprofitable (or |east
costly) decision for the inputﬁpa Te{nJ(s e FIGS. 7 and 8):

D=, - (11)

c|0,-0,,y |, 0,20,
\—ﬂ__/
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From a pragmatic, value assessment perspective, equations (10) and (11) differ
according to whether there is more than one decision that can be taken, based on the input
pattern. Equation (10) applies if there is only one “yes/no” decision. Equation (11) applies if
the decision options are more numerous (e.g., the three mutually-exclusive securities-trading
decisions “buy”, “hold”, or sell” each of which has an economic value Y).

The ability to perform value assessment with maximal profit guarantees analogous to
the maximal correctness guarantees for classification tasks has readily apparent practical

utility and great significance for automated value assessment.

Feature 6): RDL Efficiency Guarantees

For pattern classification tasks, RDL makes the following two guarantees:
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pattern classification tasks, RDL makes the followi ng two guarantees: 25
WO 03/ 032248 PCT/ US02yilgsdgereatecrhpesificatipm eerrectiess thepany athef lepmingal net wor k
nodel to be used for |earning, as the nunber of |earning exanples grows
very large, no other stratagni ng strategy will ever yield greater
classification correctness. In general RDL wll yield greater
cl assification cor2.e®RDiessguirbsathe &yt @idpdex deaedl netv@rk stodal egyssa®.to RDL
requires the | east conplex neural network nbdel necessary to

achieve a specific level of classification correctness. All other learning

strategies generally require greater model complexity, and in all cases

require at least as much complexity.

For value assessment tasks, RDL makes the following two analogous guarantees:

3. Given a particular choice of neural network model to be used for learning,
as the number of learning examples grows very large, no other learning
strategy will ever yield greater profit. In general RDL will yield greater
profit than any other learning strategy.

4. RDL requires the least complex neural network model necessary to
achieve a specific level of profit. All other learning strategies generally
require greater model complexity.

In the value assessment context, it is important to remember that the neural network
makes decision recommendations (the decisions being enumerated by the neural network’s
outputs), and profits are incurred by making the best decision, as indicated by the neural
network.

As was indicated above, applicant’s prior work did not admit of value assessment and,
accordingly, it made no value assessment guarantees. Furthermore, owing to design

limitations of the earlier work, addressed above, the prior work had deficiencies that
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RDL learning strategy;

(b) alternatively, if one specifies a priori, a level of classification accuracy
or profitability desired to be provided by the learning system, the
complexity of the model required to provide the specified level of
accuracy/profitability when paired with RDL will be the minimum
necessary, i.e., no non-RDL learning strategy will be able to meet the

specification with a lower-complexity model.

Appendix I contains the mathematical proofs of these guarantees, the practical
significance of which is that RDL is a universally-best learning paradigm for classification
and value assessment. It cannot be out-performed by any other paradigm, given a reasonably

large learning sample size.

Feature 7): RDL Guarantees Are Universal

The RDL guarantees described in the previous section are universal because they are
both “distribution independent” and “model independent”. This means that they hold
regardless of the statistical properties of the input/output data associated with the pattern
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gdominateg %){e computational learning process, consuming substantial time and human

resources. The universality of RDL eliminates these time and labor costs.

Feature 8): Profit-Maximizing Resource Allocation

In the case of value assessment, RDL learns to identify profitable and unprofitable
decisions, but when there are multiple profitable decisions that can be made simultaneously
(e.g., several stocks that can be purchased simultaneously with the expectation that they all
will increase in value) RDL itself does not specify how to allocate resources in a manner that
maximizes the aggregate profit of these decisions. In the case of securities trading, for
example, an RDL-generated trading model might tell us to buy seven stocks, but it doesn’t
tell us the relative amounts of each stock that should be purchased. The answer to that
question relies explicitly on the RDL-generated value assessment model, but it also involves
an additional resource-allocation mathematical analysis.

This additional analysis relates specifically to a broad class of problems involving

three defining characteristics:
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purpose being to realize a profit fromsuch allocations; 2. The paynent of
a tr ansaller-gerodaansagtpnsCosh (BRAGEHE) Biobled1Sy. | investnent) in a
transacti on; and

The following are just a few representative examples of FRANTIC problems:

Pari-mutuel Horse Betting: deciding what horses to bet on, what bets to place, and
how much money to place on each bet, in order to maximize one’s profit at the track

over a racing meet.

Stock Portfolio Management: deciding how many shares of stock to buy/or sell from
a portfolio of many stocks at a given moment in time, in order to maximize the return
on investment and the rate of portfolio value growth while minimizing wild, short-

term value fluctuations.

Medical Triage: deciding what level of medical care, if any, each patient in a large
group of simultaneous emergency admissions should receive — the overall goal being

to save as many lives as possible.

Optimal Network Routing: deciding how to prioritize and route packetized data over
a communications network with fixed overall bandwidth supply, known operational

costs, and varying bandwidth demand, such that the overall profitability of the
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3. A non-zero, albeit small, chance of ruin (i.e., losing all resources -
"going broke") occurring in a sequence of such transactions. FRANTiI C
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The fol | ow nohepwerki isgdaxanizedv represent ati ve exanpl es of FRANTiI C probl ens:
Pari -mutuel Horse Betting: deciding what horses to bet on, what bets to
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per second) required to archive or transmit a high-fidelity digital recording of the
signal. Lossy data compression therefore strives to maximize the fidelity of the

recording (measured by one of a number of distortion metrics, such as peak signal to

noise ratio [PSNR]) for a given bandwidth cost.
Maximizing Profit in FRANTIC Problems

Given the characteristics of FRANTIC problems, enumerated at the top of this

section, the keys to profit in such problems reduce to definitions of three protocols:

1. A protocol for limiting the fraction of all resources devoted to each
transaction, in order to limit to an acceptable level the probability of ruin in a sequence of
such transactions.

2. Establishing, within a given transaction, the proportion of resources allocated
to each investment (a single transaction can involve multiple investments).

3. A resource-driven protocol by which the fraction of all resources devoted to a
transaction (established by protocol 1) is increased or decreased over time.

These protocols and their interrelationships are flow-charted in FIG. 13. In order to

clarify the three protocols, consider the stock portfolio management example. In this case, a
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case, a 30 WO 03/ / 2/ 2 transaction is_defi.ned t he
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money to be allocated to the
increase or decrease the fraction of wealth devoted to a transaction; that is, protocol three

limits the manner and timing with which the overall transactional risk fraction, determined by
protocol one for a particular transaction, should be modified in response to the affect on

her/his wealth of a sequence of such transactions, occurring over time.

Protocol 1: Determining the Overall Transactional Risk Fraction

Referring to FIG. 13, a routine 90 is illustrated for resource allocation. The allocation
process charted is applied to an ongoing sequence of transactions, each of which may involve
one or more “investments”. Given the investor’s risk tolerance (measured by her/his
maximal acceptable probability of ruin) and overall wealth, a fraction of that wealth — called
the “overall transactional risk fraction R” — is allocated to the transaction by the first
protocol. The overall transactional risk fraction R is determined in two stages. First, the
human overseer or “investor” decides on an acceptable maximum probability of ruin at 91.

Recall that the third defining characteristic of FRANTIC problems is an inescapable, non-
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transaction, established by the first protocol, the second protocol
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acceptable fraction, R ,,, of the investor's total wealth that may be
allocated to a given transaction.
R=a-—<R_.; >0, (12)
B
where

expected profit/loss
A

expected value of transaction - transaction cost

B

. >0, (13)
transaction cost

and the RDL value assessment model generates an estimate of expected profit/loss used in
equations (13) and (18) [below], having learned with the value assessment RBCFM

formulation given in equation (10) or (11).

Only profitable transactions (i.e., those for which 3 > 0) are considered. The investor
chooses a minimum acceptable expected profitability (i.e., return on investment) B,n, from
which the proportionality constant a in equation (12) is chosen to ensure that R never exceeds

the upper bound R,4x.
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Appendi x Il provides a practical nmethod for estimating R ,,ax in order to
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t he

A=R-W (15)

Protocol 2: Determining the Resource Allocation for Each Investment of a Transaction

Just as protocol one allocates resources to each transaction in inverse proportion to the
transaction’s overall expected profitability, protocol two allocates resources to each
constituent investment of a single transaction in inverse proportion to the investment’s

expected profitability. Given N investments, the fraction p, of all assets 4 (equation (15))

allocated to the overall transaction that is allocated to the nth investment of the transaction is

inversely proportional to that investment’s expected profitability £, :

p,,=:’,%; 5,0 Vn, (16)

where the n positive investment risk fractions sum to one

2o =1, 17)

n=l1

the nth investment’s expected percentage net profitability £, is defined as
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transaction currently being considered, whereas the latter is the m ninum
acceptable profitability of any transaction the investor is wlling to
consi der .wbrosfs22lte cal cul ati ons of equations (12) - (14) wycaluwsonegssas (3,
and R, the total assets (i.e., resources) A allocated to the transaction
are equal to the overal |l transagtck@mabsinglennfraction R tinmes the

i nvestor' s total cMeACER.VE oPmRVimr_- PEAkLRGRN cdst JPRIVESHIRt /Y t he Resource
Al | ocation fdf, tdbol(18he

al | ocates resources to each "PPSAUALEISHAT NESHEUse proportion to the
transaction's overall expected profitability, protocol two allocates

resour Cea%dttf-?eﬁx% Brtfoa ?tér'f&é%@r"@ isifav £ 86t Rl inftedd H;Qieﬁn&d M@%&m%@all fhd Nverse
proportion to t e |nve tment’s expected profitability. G ven

i nvest nent s t rgl t§ gft t assets A (equation (15)) aIIocat ed to
t he overlgﬁ’s e Flslﬁﬁ‘atrf’%?f‘ﬂeﬁ § broti aaH "§€ated to the nth investnent of the

transaction is inversely proport| onal to that investnent's expected
profitability 8,,: 1 ; ">Ovn, E I~vvherethenp05|t|ve|nvestrrent
ot

risk fractions sumto one N hegne,tmvﬁvest ment' s expect g49)
percentage net profitability 8 efined as 33 WD 03/032248

PCT/ US02/ 26548 expected profidl oss for investnent it - expected val ue of
investment n - transaction cost of investnment n >0, (18) transaction cost
of i nvest nentOnlygmefitable ipvesipmants (@nathosy foradtidy B;->i09 armtonaidersds fanse, but
instead is defined as the sumof all the

profitable investments are identified at 93 in FIG. 13, using an RDL — generated model; i.e.,

one trained using RDL as described above. Note that the definition of £ in equation (19) is a

necessary consequence of equations (15) and (16).

Thus, the assets 4, allocated to the nth investment are equal to the total assets 4

allocated to the overall transaction, times p,,:

AN
il

n pH.A

20
= p,RW o

This allocation is made at 94 in FIG. 13. Then at 95, the transaction is conducted.

It should be clear from a comparison of equations (12) — (15) and (16) — (20) that
protocols one and two are analogous: protocol one governs resource allocation at the

transaction level, whereas protocol two governs resource allocation at the investment level.

Protocol 3: Determining When and How to Change the Overall Transactional Risk
Fraction

Each transaction constitutes a set of investments that, when “cashed in”, result in an
increase or decrease in the investor’s total wealth . Typically, wealth increases with each
transaction, but, owing to the stochastic nature of these transactions, wealth sometimes

shrinks. Thus, at 96 the routine checks to determine whether the investor is ruined, i.e.,
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I nvestments' inverse expected profitabilities: NI -1 6 ; 6,,>0 b" n (19)
n=1 n) Only profitable investnents (i.e., those for which /3" > 0) are

consi der ewO 03l0a2d8 profitable investnents are identified &CTAB02/265H8 G 13,
using an RDL - generated nodel; i.e., one trained using RDL as descri bed

above. Noh&hdrdltastiehsleibebnh Hé;ﬂéte@flf‘swtﬂe gankatiicn atcliBitell Gt 97. HAGLHTA! Y
consequence of equations (15) and (16). Thus, the assets A z al 'ocated to

et IMASLIERRL oo S othi ol hEQh%}eaéeasqgfb,ﬁle RUBAEALE ot e

overal |l transaction, tine 'S alfocatlon

I s made at an tio

shoutd BBt PeRiphog %’81%%?% udhetrenlsd S RRCRES Hﬂeefssamra&%(cfgyal (20)
that protocols one and two e anal ogous: protocol one governs resource
aIIocatﬁﬁ¥é§“¥%éﬂgﬁF§ﬁ§HHF|%#'level, wher eas protocol two governs resource
all ocation at the investnent |level. Protocol 3: Determ ning Wen and How

to Change t hePn@(&Bﬁ!h&erﬁxﬁBﬁ@ﬁétht@@ﬁqbt 1'3&:%Keraﬁ"tﬁﬁsiab%halﬁﬁ%frﬁét%ss'iﬁiiﬁepn
constltutes a set of |nvestnents t hat, whe cashed result 'in an

|ncreas crease.in stor tota i.cal | weal t h
|ncrease gﬁ“%BEWOHFW5 é@P? ?ﬁw(we H‘v%ﬁbﬁpu§P63ﬁg§?$% ﬁature of
t hese transacti ons, wealth sonetlnes shrinks. Thus, at 96 the routine

checks tesuatens (2 and A&t Hew rohee dasuassedy thedastirduseetiop resulted in e9se3/ 032248
PCT/ US02/ 26548 whether all assets have been depleted. If so, the
t r ansact otbersvige, thebahurabersmag be chdngad tq reflhes the investor’s increased wealth and/or

changing risk tolerance.

The rationale for this restriction is rooted in the mathematics governing the growth
and/or shrinkage of wealth occurring over a series of transactions. Although it is human
nature to reduce transactional risk after losing assets in a previous transaction, this is the
worst — that is, the least profitable, over the long-term — action the investor can take. In
order to maximize long-term wealth over a series of FRANTIC transactions, the investor
should either maintain or increase the overall transactional risk following a loss, assuming
that the statistical nature of the FRANTIC problem is unchanged. The only time it is wise to
reduce overall transactional risk is following a profitable transaction that increases wealth
(see FIG. 13). It is also permissible to increase overall transactional risk following a
profitable transaction, assuming the investor is willing to accept the resulting change in
her/his probability of ruin.

In many practical applications there will be transactions outstanding at all times. In
such cases, the value of wealth W to be used in equations (15) and (20) is, itself, a non-
deterministic quantity that must be estimated by some method. The worst-case (i.e., most
conservative) estimate of W is the current wealth on-hand (i.e., not presently committed to

transactions), minus any and all losses resulting from the total failure of all outstanding
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routi ne checks at 98 to see if total wealth has increased. If so, the
routine returns to 91. If not, the routine, at 99, maintains or increases,
but does wotosetugce, the overall transactional risk fractcerusangssahen
returns to92. Protocol three sinply dictates that the overall transactional

ri sk fragtaindtisnd) PREWith BRUREmRte of R, B IARPPEAAR M, Hiy WeRRShRNMstiRatedTP Ishe
overall wealth Wused in protocol one equations (12) and (15) nust not be

decr eased,iif qddNE oS to §al’ti§f‘}3tﬂ§ Péq‘aﬂeﬁlﬁxgt%ét ofle islﬂlléd 088 ﬁeld%&%&%%ﬁtﬁlﬁleg’%%f gr

nunbers may be changed to - reflect t I nvestor’s I ncrease
changi ng h%sl‘(/ ttx%l erance. The rationale for this restriction is rooted in
the mat héRal e 30verni ng the growth and/or shrinkage of wealth occurring

over a series of transactions. A though it is human nature to reduce
Cransact i onal THEQKORRE Sor rpsgsqflﬁgatk%g%%’@nsnﬁtea by serrbiklog ORHAELOYM this is
the worst - that is, the least profitable, over the long-term- action the
i nvest or n@afpltoan@agﬁmentmtr@@glep‘oTges;ifmm@elb@ﬁgof@pmfmgcm @ifekio a series of
FRANTiI C transactions, the investor should either maintain or increase the

overal | tmangantitowhhiquesand ot clovelngelated tsthe BhagtBuhnigs ptibiap fordenlstfat i sti cal
nature of the FRANTI C problemis unchanged. The only tine it is wise to

reduce owefitltles bptadisadhk @Fiat art kiskalldtafi®d st nakerd fdlldblig: dss@np@sst on
that increases wealth (see FIG 13). It is also pernmi ssible to Increase

overall transactional risk followng a. _gr ofitabl e transacti on, assum ng
the investor ils W ¢ashef the trapsaspen isweeligiBlgl ti ng change in her/his
probability of ruin. In many practical applications there will be

t ti t ' . ' oY | f Ith
Wio bo used i ShORA BBhq BuhylchiErsabdts SHERAETh. Sl e, SR

o R S S Lo STl bl el R 5. o ™
presently comritted to transactions), mnus any and all | osses resulting

from the total3 fRisk4hsul@be alibcaidtifi tRspditith t8%he probability of a profitable

transaction, without regard to the specific expected value of the profit.

4. It is more important to maximize the long-term growth of an investor’s wealth

than it is to control the short-term volatility of that wealth.
The invention described herein makes the following substantially different assumptions:

1. The cost of the transaction is significant; moreover, the cumulative cost of

transactions can lead to financial ruin.

2. Optimal portfolio management reduces to maximizing an investor’s profits in any

given time period.

3. Risk should be allocated in inverse proportion to the expected profitability B of a
transaction (see equations (12-(13) and (16)-(20)): consequently, all transactions
made with the same risk fraction R should yield the same expected profit, thus

ensuring stable growth in wealth.
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WO 03/ 032248 PCT/ US02/ 26548 transactions. As with the estimate of Rmax in
Appendi x |1, this worst-case estimate of Wis included in order to satisfy
t he requiwermms22ahat one skilled in the field be able to iPeplEsomeds48t he
invention. The prior art for risk allocation is dom nated by so-called

| 0g- opt i mal4, gniG¥iddre REpdriaal foGedTBR IGOREIGIIS (b Rinaging sing Th@seerinqrdfitsjle basi s
of nost financial portfolio nanagenent techniques and are closely related

to the Black-meholiesahiedais, Jngrnqmin%e fren rotRBiHy bt WS tHARYd i9 RPmax; Hﬁzep“ or
art risk allocation strat egl es nake t fp | owi'ng assunptions: 1. The cost
of the trans ctl is n . 2. QOtl mal portfolio managenent reduces
to maxi m zi ng P%g a?g“%? WR the investor's wealth doubles (or,

equi valently, the rate at mhlch it grows). 3. Risk should be allocated in
proportion toThdatrabaforthiif shedbregoipp dbdctiptiband 4ceb@padyinndrawiniddast regard
to the specific expected value of the profit. 4. It Is nore inportant to

maxi m zeyfrdyed l))PQ@y b [lmsﬁﬁt@dﬂ &l?gncﬁiﬁbt 'aé‘){ ﬁﬁhﬁﬁoﬁ Vﬁﬁ‘lletplartlchlh@ BmbbdilnisO
control the short=termvolatility of that wealth. The invention described

herein r‘r]?%,g %F%Ig%s E&An(a\ﬂegcqlb%ﬂ b@%@%é layeng{o tin&rees'ﬂ §1§ mﬂ tﬂ?tschan%es aé(

cost of Ion s significa t nor eover, e cumu

transacti on can | ea nanci rui tfolio management
educes OO NERS SR Pemade VR e%aﬁa}%fmr{léhﬁrogﬁ el PP Ser T od, 3.
Ri sk shoul d be allocated in inverse proportion to the expected

pr of i t abfqnirigutipnofThe actiplseerecef thhpistonsyght isnatepded.tp bsﬁe%rﬁd intly) - (20)):
consequently, all transactions nade with the sanme risk fraction R should
yi el d t hisllswing daipsorled vievwdd in theihpropergsspeétivg besealoinethgpoot ért.i n weal th. 36
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WO 03/ 032248 PCT/ US02/ 26548 4. It is nore inportant to realize stable
profits (by maxi m zing short-termprofits), maintain stable wealth, and
mnimze whespsb@bi ity of ruin than it is to maximze [PORFFSOZLGRUEr oWt h
in wealth. The matter set forth in the foregoing description and
acconpanying drawings is offered by l}ﬁ@fyd&fli | lustration only and not as a
limtation. Wile particul ar enbodi n% ts have been shown and described, it
w || be apparent to those skilled in the art that changes and

nodi fi cat i onViimimakCesaplexitydkaximed Gorrgctness, and Madmal Beolitt s of
applicants' contribution. The Gahvahteesdpe RDLf he protection sought is
intended to be defined in the follow ng clains when viewed in their proper
perspective based on the prior art. 37, WO 03/032248 PCT/ US02/ 26548 Appendi X
| M nimal Complogki thy notghenakapnventionscisad isthisgpaendin fakigh eessty thosepfdbant ees
for RDL Note: the notational conventions used in this appendi x foll ow

cl osel y appbisatsfprionavorka@pBi Hampshiredt,i“dr Didéar¢ntiab Th®ry plhgsshing dor Efficieat
Differential Theory of Learning for Efficient Statistical Pattern

Recogni t $tatisticaPPatiorn RéwghiionCaPinByiTaedik IdaaregldMulborsUhiwersie pa¢faneent of

El ectrical and Conputer Engineering, Septenber 17, 1993). The applicant's

prior \ADElléctHeal\anG@%rﬁm@rwgi&@ﬁﬁgq_csfe?@&%elam19'93)1 mal conplexity guarantees
that are substantially nore restrictive than those that follow The prior

art does not provide maximal profit guarantees. The chief differences

between RDL and the prior art that |lead to substantially nore general

guar ant ees of. maxi carrectness adnd mnimal ¢ Iex(l .share g d%pendence
1 plexi

on t he confi 'El’éehig)@ﬁg%}l gr?éItOéPNOI' proviaes maximal correciness an &Ynn%a com

guarantees that are substantially more restrictive than those that follow. The prior art does

not provide maximal profit guarantees.

The chief differences between RDL and the prior art that lead to substantially more
general guarantees of maximal correctness and minimal complexity share a dependence on

the confidence parameter y:

1. Monotonicity: With RDL, the RBCFM & RDL objective function
monotonicity are guaranteed regardless of the confidence parameter y value.
In contrast, the prior art, sections 2.4.1 and 5.3.6. focus on constraining y to
satisfy equation (2.104) therein, thereby guaranteeing the monotonicity of the
prior art’s classification figure of merit (CFM) and differential learning (DL)

objective function.

2. Asymmetry and Anti-Symmetry: RDL’s RBCFM function has anti-
symmetry inside the transition region and asymmetry outside the transition

region. As described in the main disclosure, the confidence parameter y
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1. Monotonicity: Wth RDL, the RBCFM & RDL objective function nonotonicity
are guaranteed regardl ess of the confidence paraneter yf value. 1In

contrast ,wohwpruor art, sections 2.4.1 and 5.3.6. focus @cTamo%beésas ni ng yr
to satisfy equation (2.104) therein, thereby guaranteeing the nonotonicity

of the prior art’gfhbafhtd fasRiondBgibh:gthe&rater MRS vdlud SRM)thanddeditd er enti al
| earning (DL) objective function. 2. Asymmetry and Anti-Symmetry: RDL'Ss

RBCFM f uncti on has j - | nsi it '
nsyrmet 1y out si do FREop sPRR he EkEnt B deRRELhl G SAH OB when

di scl osure, the confiden par anet f 8 WD 03/032248 PCT/ US02/[ 26548
defines this transFeibi rclgﬁipé ra ﬁgf%\?fé‘éﬁc PN RS BNMENSEVEY Whelge Theder t he
transition region, and the greater the confidence required of the
classifier when |a3mHishy of heeprinriaghWagpotyvatgdyvraleaicrlontomps tadg#eat ri c
everywhere. The asymetry of the prior art was notivated by a | ogi cal
attenpt to create mongtomigobjectveofinetean, bet thelogid @iits dssiign wes flangd ¢thefllaivs s
design was flawed (the flaws are discussed in the main disclosure's
treatnment of the caoetlisdessedinxbe ammit disclogurg’s tréftmededs the cordfieaceopardheteRBCFM
in the current invention (explained in the "Mximl Correctness for

G assification” segyipg & igﬁhil%ﬁép&%'ﬂi@MﬁREHe%frémtih@erftio%"(@xﬂi’iinéd“ﬁl thé 1 or

S
art. 3. Regularization: Wt t he confidence paraneter 'w controls how

the classifier/valye .assgssnment | ' s. functional mplexity is allocated

Lo the Tearning t AURITIEL TR Bsauioho  cCPRLo S RRrRhd el e i

RDL. Specifically ér r%gul ates the scope of patterns that the nodel can
Ce&th

learn to represen fhggior it can t ake on val ues between one and zero,
not

3. Regularization: With RDL, the confidence parameter y controls how the
classifier/value assessment model’s functional complexity is allocated to the
learning task. This “regularization” is the sole function of y in RDL.
Specifically, y regulates the scope of patterns that the model can learn to
represent each class. It can take on values between one and zero, not
including zero. Large values of y (approaching unity) induce the model to
learn only “easy” examples, which are the most common pattern variants
associated with each class being learned. Decreasing values of
(approaching zero) induce the model to expand the set of learnable examples
to include increasingly “difficult” (or “hard”) examples, which are the pattern
variants of the class being learned that are most likely to be confused with
difficult examples of other classes being learned. These difficult examples
literally lie near the pattern boundaries that separate the different classes being
learned. The terms “easy” and “difficult” are absolute, but models with

greater functional complexity (i.e., ones that are more complicated
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i ncluding zero. Large values of yr (approaching unity) induce the nodel to
| earn only "easy" exanples, which are the nbst comon pattern variants
associ at esowBbe2emch cl ass bei ng | earned. Decreasi ng val u®ETafSome6548
(approaching zero) induce the nodel to expand the set of |earnable exanples
to include increasma@kbimatichlly} howlthe f1é&abilith@r dogplexianm Rarn shécimpésembiee
pattern variants of the class being |earned that are nost likely to be

confused with di féaisﬁy.' ’rh&‘sxe,r}%ﬁaeé)ﬁom&%o&e@%ﬁ 1%@8%1&%@3 ereB1€SE

difficult exanples iterafl'y Ti e near the patter ries that separate
the different classes being,. Learpnedq. The.ti. "easy" and "difficult" are
bbsol ut e but el SE FHne Gy ane fesses rishiethy af e Ples tat el 5y
are nore conplicated 39 WD 03/ 032248 PCT/ US02/ 26548 nmathenatically) have
the flexibility (otandeapl kxihe pyior gyt yepleys &yq rolssahisldeminapt eole isge ighgrantppus,
yr regul ates how the nodel's conplexity is allocated, thereby placing sone

limt on the degr ethe afondichiditywifthe ©FMtadnd Dixabipitee ftuaiont gieenrthd atatisticah
learn. In the prior art, y! plays two roles. Its domnant role is to

guarantee the nongbhpdtied dfth@fath BeineRMnaad tHelneobkiRE bf thes rol 6 bliihatedi 4N t he
statistical properties of the data being | earned (the necessity of this

role is elimnat edth@?ﬂreséﬂ?mﬁ:é;ﬁ?@“tIts&@y@gé%g%)gglal‘i&&k&ﬁ?%qgﬂBtyaddressed

regul ari zation role s not sse wea scussion I n section

7.8 of the prior art. lLndeed . the . requir.e f Lts prinary role

(ensuri ng: monot on; P99 7 SREE 40 Giab SN RTaRprional bl V' +or e
(regularization): this issue .is addressed npre fully  in attrjbute 3 of the
RBCFM f unct i on ( mefCAURRAISRISPrImaly A7lFATnsenphmaRyPhicky) Heatddsdtth n t he

preceding item2 entitled "Reqularization," the confidence ,
those of its secondary role (regularization): this issue is addressed more fully

in attribute 3 of the RBCFM function (main disclosure).

Minimal Complexity
As described in the preceding item 2 entitled “Regularization,” the confidence

parameter y, which takes on values between one and zero, not including zero, limits the
difficulty of the examples that the model can learn. Let the notation G(®,,, |n,y) denote
all possible parameterizations (®) of the classification/value assessment model 21 in FIG. 1
that maximize RDL, given a learning sample size of n examples and the confidence
parameter y. Furthermore, let ®,,, denote all the parameterizations of the model
maximizing the RDL objective function, such that G(®,,, |n) denotes all possible
parameterizations of the model 21 in FIG. 1 that maximize the RDL objective function, given
a learning sample size of n, regardless of y. Given a learning sample size of n, the set of all

parameterizations for model 21 in FIG. 1 that can be learned with the minimal value of v

(approaching zero) includes the smaller set of all model parameterizations that can be learned
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paranmeter yf, which takes on val ues between one and zero, not including
zero, limts the difficulty of the exanples that the nodel can |earn. Let
t he not atwon3@2@2"L | n, yr) denote all possible paranecarisoatisans (0)
of the classification/value assessnent nodel 21 in FIG | that maxi m ze

RDL, gi V@ﬁhq, b fﬁiaﬂ%ex%amicﬁ i%'tﬁﬁx 9Icld&e§ﬁ1%'§9{ ﬁﬁalﬁ?getto‘f‘ﬁll &RRiE] dence

paran”et er . urt her m)re O, v enote al he paran”et eri zati ons of

t he nodel maX|mz|n t he RDL bj tlon such t,,, I n)
denot es RATFTHSHEIIRE ab%%%f‘eﬁ?ﬁeéﬁf% BiEet HpaRRaR PSPt o | ha
maxi m ze the RDL obj ective function, given  a |earni sanpl e size of n,
regar dl egscespivg set lmth;ésﬁqaem@@rfmrﬂglssaaw’pqseéOEltiereéweﬁsorﬁgshe set of all
paraneterizations for nodel 21 in FIG 1 that can be learned with the

m ni mal val ue of yr (approaching zero) incl udes the smal |l er set of all

nodel paraneteri g ong, ,},hqpl) @e | £%y ngi> I d’é?élpﬁ @%}8 PCT/ {902/ 26548
Al U

with yi larger thanZero ’H)’turn smal | er set of
all nodel paraneterizations that maxim ze the RDL obj ectl ve function for
any val uequatioly (I. Bae h spesifacsiaisingrt of ghe inpretdenerabenpudeserededfinitamge i s a subset
of its predecessor(s): GGOW In,yi=0+)QF ORDL In,y/=a)DEA,,, 1n);

aE( 0, 1] . (“Regulyrizdtiqudtabone.(To Wwjt: igivm aslpminfgisammeasﬁmm”mt thefset dfeallnor e gener al
one described in item2 ("Regularization") above. To wit: given a | earning

sanpl e shzem@brifatiohd forseddePd1 &l FIG. @Qﬁa’%'@ﬁﬁ B¢ Icantel W £ }S’thlémge\Jalu%]oﬂqﬂ FIG 1
that can be learned with a partlcu ar val ue of w grows |arger as w

d f | th
T o Pt o TR A8 S n iR Sl e OF i it e SR, e Bt aces

fromlts | ower bound (approaching zero) towards its upper bound of one:
G((r)1 1ofiall payamstexizatons thahcaprbedadrheca@0®'s sinaller-as B DctEpsesdram s lowea+e>a

(1.2) As described in item 2 above, smaller values of wallow the nodel to
| ear n nmocind (approaching zero) towards its upper bound of one:

G(Op, 1My =a)2G(Opy, Iny=a+¢);ae(0,1], a+ee(0l], >0 st a+e>a
1.2)

As described in item 2 above, smaller values of y allow the model to learn more
difficult examples, whereas larger values restrict the model to learning easier examples. If
the model 21 in FIG. 1 contains at least one possible parameterization that yields “Bayes-
Optimal” classification of any/all input patterns 22 in FIG. 1, all input patterns can be

classified with maximal correctness using that parameterization. Whether or not such a

Bayes-optimal parameterization exists for the model (it exists if and only if G(@ Baym,) is not
the empty set ¢), there will be some maximal value of the confidence parameter y* and some
correlated minimal sample size n, denoted by n*, respectively below-and-above which RDL
will learn a maximally-correct approximation to the Bayes-optimal parameterization. If the

model has at least one Bayes-Optimal parameterization such that G ((-_'-) Buye_\.) is not empty,

then the model parameterizations are related as follows:
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difficult exanples, whereas |arger values restrict the nodel to | earning
easier exanples. If the nodel 21 in FIG 1 contains at |east one possible
par anet erwpaBiosa24s hat yi el ds "Bayes- Optimal" cl assifi cat ipom/usb2/265y38 al |

i nput patterns 22 in FIG 1, all input patterns can be classified with
maxi mal correctness usi ng that paraneterization. V\het her or not such a

PRI PR RS TR TR L

of the confidence paraneter SOl correl at ed m ni mal sanple” size n,
denoted by n *, respectively beI o and- bove which RDL wll learn a
maxi mal | y-correct approximtion to the Bayes-optimal paraneterization. If

the nodelG(@g,, Atisleaps), tamehBByse apfopkintEibn patha By e Opaiblodlasifieh tHabdfe G
(0,,,.) is not enpty, then the nodel paraneterizations are related as

fol |l ows: 0 248 PCT/ USQ2/ 26548

n, y/ =0+) m@ﬁ%@%&ﬁ‘%& errepdy rhﬁ%&ﬁ megme erléytloreeheea%b&) #0. If
G(CRay~ v.) is enpty, then the best approxi mation to the Bayes-Opti nal
classifier that the nmodel 21 in FIG 1 can render has the foI | owi ng

paraneterization rel atg @shl p =) G h) 2,0, n?n .yl ~yl
(L4) G (OHaye.c) = 0. RD" W qQB(1 /)W %é/l nduced Bayes (Dptl mal
parameteri zation - or the best a@é@p,;g)rm}ﬂ on aI | owed by the nodel -
g0z,,,, I n?n*W*) has the |owest conplexity of all Bayes-Opti nal
paramet eri zations/ approxi mations for the nodel. Specifically, the
conplexity of a set of 45arameter|zat|ons for, the nodel, 21 in FIG IS

measur ed by i¥ent &Hindi4tthe RDIginduggddBaygerfpdimabparpmstefasHos<)or t%Fn'EFSf he

m nimal conplexity of RDL for yr* (versus snaller val ues
approximation allowed by the model — G(@ won | P2 n*,t,//') has the lowest complexity of all

Bayes-Optimal parameterizations/approximations for the model. Specifically, the complexity
of a set of parameterizations for the model 21 in FIG. 1 is measured by its cardinality (i.e., the
number of its members), and the minimal complexity of RDL for y* (versus smaller values

of y) is proven by combining (1.2) — (1.4) thus:

G(@RD,‘ |lnzn',w=y" - U) ) G(G)RD,, |n2 n',t//');u € (O,t//') (L.5)
It remains to be proven that there is always an RDL-parameterized model
G’ (@ woL |2 n',t,//") with complexity that is as low or lower than any other model generated
by any other learning strategy yielding the same level of correctness for learning sample sizes
greater than or equal to n*. Equation (3.42) of the inventor’s prior work [reproduced in (1.6)]
makes the apparently contradictory assertion that, independent of the confidence parameter y
and the learning sample size #, the sets of all possible maximally correct (i.e., “Bayes-

Optimal”) parameterizations of the model (if any exist) are ordered from least inclusive to

most inclusive as follows:
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of yr) i's proven by combining (1.2) - (1.4) thus: GORD, |
n>n',y/=y/'-v)Q ORD/, | n?n",y/*);vVE(OQO y/*) (1.5 It remains to be proven
that therwoiss/oademys an RDL- paraneterized nodel G (OM' | PRTAISON26548) with
conmplexity that is as low or |ower than any other nodel generated by any
other learning strategy yielding the sane | evel of correctness for |earning

sanpl e si zes ter than or (@J@ ton *. (3.42) of the
inventor's pri orf@ "ks"‘f"r"é’b'r“ﬂ'd)\r% Br"Y“f‘T“YBYT"‘”'% (is ‘i"*fém"é[’bsﬁ‘a)ént |y

contradi ctory assertion tHp B, of )&he confidence paramgggpr yr
and the | earni ng sanpl e srwi(e Bﬁeso'ffeh mts oP® LTI "Bossi bl e maxi mal Ir($ gorrect
(i.e., "Bayes Optimal") paranete(ﬁ(@@,;er)mé?(@f) the nodel (if any exist) are
ordered fromleast inclusive to nost inclusive as follows: 42 WO 03/032248

PCT/ US02/ 265 B Strictl b
o (1) baoeas o i @B yBprrErart e Phivsgor B0 Rt dkfssifier fat rhsjeaeleg task,

(OBayes-Differential) = ) B C FHaye ) Bayes O In
(1.6), PEjes tl}i’éﬁéltl‘é%edc lPﬁethGr‘i'i‘Qf'é’rg]e %ﬁIGBéygé?@Xﬂ“mF&F marleéiwﬂ | @rap lefrtOt he

| earning task, not just those allowed by the nodel 21 of FIG 1. The

ar gunent bqthrp;her mthr oyt ahd {18 pragept mefsnttoe [RBY is symanyprous rwn;hr“Bamthffﬁeerpmla”smnt
invention [RDL is synonynous with "Bayes-Differential” in (1.6)]. To wit:
RDL adm {I$)sTowiti RDL adrhit{ asfopaimea) alBaY esy)dlyesvaptipalrrarmie¢nizatabnsosfshof t he
nodel G(O . Since we neasure conplexity by cardinality, (1.6) mght seemto

cont r adi ghad|Rqe) RBkncIWY HbUShRUTRIpEXidy fs/%ﬁﬁrmmr 6)HAWRY §dem ﬂotcoﬂegcﬁctnﬁé
Maki ng no di sti nctr on anong Iearnr ng strategies that are not RDL,

consi derj n the. unr erse 0 oss bilities, we can note each
nodel ' %@g‘tmlélb 'f’%lxcro SI?XCBW atssertt] %/Vgg’l ' classifier as G

((r)_Bayes) and re-wite (1.6) as follows: G( OBayes-Clher Lear ni ng
Strategy) C G (O Bayes-RDL) G (O Bayes) (1.7)

Making no distinction among learning strategies that are not RDL, and considering all

models in the universe of possibilities, we can note each model’s best approximation to the

Bayes-Optimal classifier as G (®~Baye5) and re-write (1.6) as follows:

G (®~Bayes-0ther Learning Strategy ) < G (®~Bayes-RDL ) =G (®~Bayes ) (17)

Now consider a particular model G’ (®~ ,,u_wl\,) out of the universe of all possibilities F_,, .

that yields a specified approximation to the Bayes-Optimal classifier with the least possible
complexity of any model (here the notation | - | denotes the set-cardinality operator, which is

our measure of complexity):

G

s[G(Q,,W) for all G(© ) € Fypee  (L8)

G (®~Bayu.\'—RDL )| = (®~Bayux )

Then there is some confidence parameter value y* and some learning sample size n*

respectively below-and-above which an RDL-induced parameterization of that model
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Now consi der a particular nodel & (O HGveS.) out of the universe of all
possibilities F H that yields a specified approximation to the

Bayes- OptwoaB/ogd2assi fier with the | east possible conpl exiPCy/ush2/265y8 nodel
(here the notation | denotes the set-cardinality operator, which is our

measur e @bldapme spdcified:appfakihididriay eise Bile}-Optimal clasifi@)e guarantbdd to@xHybea)
for all % (O_Haygljyd) E Fpﬁlayes. (1.8) @ﬁer??g[ here is sorr% confidence

par amet eghy@éﬁ%ﬁ aﬂﬂgxiﬁﬁ%nh BRI AR) &ist FARItBMati lERREH Y Hlakies:

bel ow and- above I ch an RDL-induced paraneterization of that” np I1 43 WO
03/ 032248 PCT/ US02/ 26548 vyielding the specified approximation to the
Bayes-Optimal classifier is guaranteed to exist, whereas such an

appr oxi mat i o i(9_netw gaEr B ééﬁSt & eXi @..idr alternative |earning

strat egi es: qg}*éOBayes_J l n?2n* yt :I~-V1*) CG& (OBrnrs ) &
(OBayes-ClheL (l_ea»esﬁ'imﬂﬂg"i"@ta* {egy )1 I & (OBayet_ m | n >_n*, 1// <yl¥*)
, G (0_Bayes- O fier(d-ear ni t ) (O Bayer ) therwwse (1.9) In
pl ai n English, gq@ )dzé'f"éﬁ”‘e@gzt 'ﬁé{/%tli%ap’/j ud g?“’ea"éf“‘é”(‘j'ﬁ%{1‘“ly go(gt(i@eﬁ‘ﬁm al |

approxi mati ons GO O Bayes) to the Bayesth@wisenal cl assifier. The equation
does not specify whether any other |earning strategy can gener at@gopne or
nore equal ly optinmal approximtions to the Bayes- Optinal classifier. If

opti mal appr oAl FARESPHL A Ry RO gy o BPBLE RO RS et

set of parameterizations satisfying the approximtion specification - a
fact refd& ad. )i to tha Bayes-Optima)classifieny Theecquatinerddganer pecify whetherginly othdie
ot her learning strategy cannot generate fewer equally optimal

appr oxi ' N : dah j hy . 0gi :
cont r ad R surlsey shn B6HEFatc bAEEY mdeSqudity obump) abFoeo BT Prves 1y
ROL 1's aOmirrﬁafHQgs&Regpif%)ﬁbﬁlgr learning strategy can, then it will not generate more equally

optimal approximations than RDL (by its definition, RDL admits the broadest set of

parameterizations satisfying the approximation specification — a fact reflected in (1.6) — (1.8)

. On the other hand [c.f., (1.9)], the other learning strategy cannot generate fewer equally

G (@

~,;ayu4\.) is, by logical contradiction, not the

optimal approximations: if it does, then,
minimum-complexity model specified in (1.8). Thus, RDL is a minimum-complexity

learning strategy.

The foregoing minimal complexity proofs extend and generalize the prior art in two
ways:
1. Equations (I.1) — (1.5) extend the minimum complexity claim of the prior art
and characterize the confidence parameter y’s sole function of regularization.
In the prior art, y had two conflicting roles, which contributed to its failure to

yield maximal correctness and minimal complexity.
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| earni ng strategy. The foregoing m niml conplexity proofs extend and
generalize the prior art in tw ways: 1. Equations (1.1) - (1.5) extend
the m ni nemososhexity claimof the prior art and char actP€miuse2/2dses
confidence paraneter yi's sole function of regularization. In the prior
art, kV had twoacopdlatiehd M9) LqT @re-sid &Y S@HdIthdHigithal Borhplxifyadlhiid 6f the
yi el d maxi mal correctness and mnimal conplexity. 44 WO 03/032248
PCT/ US02/ 26548 2. i.QF Tl P o= . i ni mal
AL BRI by Bt el R B D T KBt

conplexity claim rior ar

classification and_approximations thereto. T ri or t. proofs rtai ned
Sl ety o Bayes. OptEIEA Hieagier A mats i eplity Rtsbbe Bl Shtaditon
Classification Equation (8) in the main disclosure is the general
expression for the RDL objective function (DOj. It can be re-stated with a
reference to the input pattern x 22 in FIG 1 thus: la O(x)-0,(x),V/ ,
O (x) >0 Maxim3l Conrednessfoy CRBificatior( 1. 10) 6 O (x)-O (X),y/ ,

Q (x)?2Ck*J(X);j#r ~r(Xiw) The expected value of the RDL objective function
for a parti cuEquatival8)dn die mapulisclpatetiethe geiidal(exprestiak €or thy RDIL digecsiet of al |
Cclasses Q= {w,,}, where w, is the ith class, is given by equation

(1. 11) Dehoithn SRS EHAES RIHELHith HeRRNEE lORBINNAPIRA| 206 FARNLMGY the
actual ith nost-Tikely class for x (W)) and the class that the RDL
objective function estimates is the ith nost-likely class (con ). Since
the RDL objective function uses the

C
D o|l0.(x)-0,(x).w | O0.(x)>0,,(x)
j= —_— 0
JET S (xly)
P (%) =) (1.10)
o Or(x)—Oj(x)J// > O,/(X)ZOk;:./(X);jif
\ 8 (xlp)

The expected value of the RDL objective function for a particular value of input

pattern @, (x), taken over the set of all C classes Q = {w,,®,.,...®, }, where @, is the ith

class, is given by equation (I.11) below. The equation uses two notational variants to identify

the actual ith most-likely class for x (@, ) and the class that the RDL objective function

estimates is the ith most-likely class (a)(;) ). Since the RDL objective function uses the
rankings of the classifier’s outputs to estimate the class rankings, @, corresponds to the ith
largest output of the classifier, given x, which we denote with O ; (x). The distinction
between the actual class label for x (@,,,, which corresponds to the classifier output that

should be largest O ;,(x)) and the one that RDL estimates to be most likely (e , which

0K
corresponds to the classifier output that actually is largest O(,-_) (x)) is the very learning issue
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ranki ngs of the classifier's outputs to estimate the class rankings, wW;)
corresponds to the ith largest output of the classifier, given x, which we
denote wwbo®03224€ Xx). The distinction between the actual pcirase2/besbel for x
(o)(,), which corresponds to the classifier output that should be | argest

Q) (Xtolbeandrebded ivtis §dafbn. RO wats tthd @bt SalicD tHAER MO Sdstitniates Ity bé WBso) likelhi ch
corresponds to the classifier output that actually is largest O(_) (x)) is

the very. h6aGl 3dhd tél%é'ftﬁﬁt ék%a“@zsoll:%g?t&%@ THe LoD 248 31y tQuites adarpgsed in

this section” To wt: e class label that RDL eStinates to be nost |ikely
converges_to the,on ] Ly I ' . : { mply
Fequi r ea e R IRFICh e hiekelfo SRR, ¥t 40ing AR ELERIR, B 2
nunber of (nput patterns (22 in, Fl 1 avi t he. i.cul ar . val ue x,
Do Ped Wit PBBUE e £ amurd et 1 AgP Rk 1§ BoRime Sect
possibilities 0. As that nunber of ordered exanple/label pairs grows |arge,
t he expepissibilitiea Kl eAvthat munbet »f orggred extmpledabetpaifs gpws biras sksexpastede
expressed thus: En[(D/?D(x)] =P(wW(i) Ix). a Q(i)(x)-0OX(x J=2 s~i,(x1lw) C
(1:11) SRR ), (29) SueXl0 ety it klablos Vark B2expmébsed k) P(W(,) 1) EL O, 1]
for all I Recal["fromthe main disclosure, equations (3) - (5) and (7),
that the RBCFMis asymetric outside the transition region (FIG 4 and
FIG 5) and anti-symetric inside the transition region, with a maxi mal
slope at 8 = 0. The RBCFM s sl ope does not increase with

Eq[ @4 ()] =P (@, |x).éa 04, (x) =0, (x).p

8, (xlw)
& (L.1D)
+;P(w(k) | x) Yoy Q(E) (x) - O(i) (x)/,(//
) 85, (xb)

P(a, |x)e[0,1] forall i

Recall from the main disclosure, equations (3) — (5) and (7), that the RBCFM is
asymmetric outside the transition region (FIG. 4 and FIG. 5) and anti-symmetric inside the
transition region, with a maximal slope at § =0. The RBCFM’s slope does not increase with

increasingly positive or negative arguments:

o(d,) = C-o(-d,y) forall |6 < T;6>0

a—i;a(&,q//) = %O’(-5,l//) forall |0] £ T; T<y
(1.12)
o (8,v) 4 0 oo
S . —ollo|,w)=—([0|+e,w); >0
v o=o(lv)z (6l ew)
00(0y) (39(0W) grall 65 T0<T <y

00 06
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i ncreasingly positive or negative argunents: a((5, yr) = C- 6(-8, yr) for
all 151 < T, 8 >0 a6(8, W) =a a(-8, yr) for all 1,51 T;T<y/ as as
(1.12) awoas/am4@u (5 V/) <ate(-s'yr) for all 8>T; 0<T<- yrPCTAS0H36546 WO
03/ 032248 PCT/ US02/ 26548 (the limt T of the transition region is

t ypi cal | (yhe litait TSdf tBdrirhositsorBetion id fhpiRalinpiscaighild emeker thar eeodidende The
attributes of (3) - (5) - restated in (1.12) - allow us to make the

foll thejth
rgnkg‘é"' %&%ng)? Wéfﬁﬁ%&&aﬁ@?r@b—gf&s&g (dg?%:l\%) V"%%@v &%%\ﬁa%@?ﬂfs (1. ?3)
STERENE R (e R R TP

non-negative, i.e., cr (8, yr) > 0 for all 6, yr , (1.14) a necessary
condition for maximzing the RDL objective function is the follow ng: the

Ki f th I t d
o rankings of the Alpbolelran ol 2eiCh boastmrt¢d HiEh iy 1 s o2
{1, 2, ,C. Mathematically, in (I. 11) En [DR'" (x)] is nmaxim zed if and

only i f Ec(ua)xoﬁ X 1H) i9 sifnp)y andoéier Raywfastale that BfecRBCFM is axgjrictlylnoh&ecrebsiag, i ->
i, ] -+] As stated in the prior art, the only requirenent for

Bayes- Opfuh&fdn &ligeshimért SRge i RBErMio hivays Ren-AbGive 8%S stringent one:

o(8.w)=20 forall §,p, (1.14)

a necessary condition for maximizing the RDL objective function is the following: the

rankings of the classifier’s outputs for the input value x must correspond to rankings of the a

posteriori class probabilities P(a)(,) | x); i={1,2,..,C}. Mathematically, in (I.11),

E, [CD . (x)] is maximized if and only if
0, (x)z O, (x) when P(a)(,) | x) > P(a)(‘,) | x); (1.15)
ie., i—)?,j—)}'
As stated in the prior art, the only requirement for Bayes-Optimal classification is the

following much less stringent one:

The top-ranked output O(i) corresponds to the top-ranked a posteriori

P(ag, %) [ie. (1)=(1)]

(1.16)
Pursuing this logic, a numerical optimization procedure (29 in FIG. 1) should induce the

conditions of (I.15) or, at least, (1.16).
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The top-ranked output Ocorresponds to the top-ranked a posteriori P(w(l) I
x) [i.e., (1) (1.16) Pursuing this logic, a nunerical optimzation

pr ocedur ew28/081248-| G 1) should i nduce the conditions of pCT/UB) 26888 at

| east, (1.16). 47 WD 03/032248 PCT/ US02/ 26548 The requirenents for the RDL
obj ective funmid efuiténdmicioe 8RR IDEYBRAtIV Binctit t8 Hficryak beyotidatsfduFrehevalue

| ear ni ng, assum ng one and only one output is |largest, are expressed by the

fol | ow
e S e L e O

2 O k) PR Heprt wpngef it Rpeyors sy, @%?e&wio 1) deggres e St 1 ()

n[ R- ()] (we~) I - : '~) (1.18) +P(w(,)Ix)6" (Q(2)(x)-A1)(x),y/)<0
for all dm&a&emhm@om terms and using the properties of (1.12), the

equations of (1.17) and (1.18) can be re-expressed thus: a aQ(;)(x) En
[(DRD (x)] _ (1.19)

0
60“)()() Ql:CDRD(X)]:P(a)(l)I ) ZO’( (1) (/)( )'//)
y (1.17)
_Z;P(wmIx).a'(O(h(x)—o(i)(x),V,)>O
and
0
Eu0 (5)]=P(oy, 13) (0, (90, ()
90;,(%) [ ] " ( (0 0 ) .

+P(w(-/') |X>'O-,(O(.}')(x)_0(i) (x),!,//) <0 forall j=1

By collecting terms and using the properties of (1.12), the equations of (I.17) and

(1.18) can be re-expressed thus:

0
W o Pun(x)]=

(i)
. (119)
Z P(“’(l)|x)‘P(0’u)|X2 o' 0(1)( x)- 0 )(X) w|>0

=2 -
Ap(x) U,("W)

and
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C I P(r,~(,) I X)-P(W.i) Ix) a Q;)(x)-0Qx),y/l >0 j=2 w(X) 5 ~)(xlw
and 48 WD 03/032248 PCT/ US02/ 26548 a En [cl (x)] _ ao - (x) a 06) (x) -
0Q) (x),wdosmsa4gor all j ~ 1, -8~) (x| yr) -T su~(xlwcTRISOMGS4§ X) - P
(rjo) I x) -AMNGE' O (x) - O (x), VI <Oforall -8 (xI yr)<T -"si;,(rlw)
(1.20) Thega posterlorl risk differential distribution A(x) is the set of
CG1 diffeggn'?esl’«{gnzx ¥, A(3) (x),..., 0(,) (x )} between the a
posteriorié Xks probability of the most likely class for the input val ue
x and each of the less likely classes. Note that (1.20) expresses the
negative of thejth constituyent termin (1.19) when the enpirical risk
differential is greater than or equal to the | ower bound of the transition
region: 5)(xl yr) > -T. gnN o h(- 16 (ke 8 @or alifje: T opsi. n& Ibi i1y of
(1.20) applies: it may or qib@hpl_ﬂt(_ffwlt does% hol &, qK‘? derivative
is zero Ie r g £R te; ‘dtherwi s€, learning is still ongoing.
When t he il |ff rential falls, below the | ower bound of the
transitio reglon(() T) t b tto i ne y of ]:20) applie t he
derivative of the RBCFM fon? ffén@é)ga?(m@éfé/ ?Pl‘&ré‘l'/rlék m(’f@f fnlial is
used and the associated inequal ity s.@ahways holds. This is mathenatical
rational e (1.20)

The a posteriori risk differential distribution A(x) is the set of C-1 differences
{Au) (%), A0 (%) Ay (x)} between the a posteriori class probability of the most likely

class for the input value x and each of the less likely classes. Note that (1.20) expresses the
negative of the jth constituent term in (I.19) when the empirical risk differential is greater

than or equal to the lower bound of the transition region: & G )(xl w)=-T. When this is the

case, the top inequality of (1.20) applies: it may or may not hold. If it doesn’t hold, the
derivative is zero and learning is complete; otherwise, learning is still ongoing. When the
empirical risk differential falls below the lower bound of the transition region (-T) the bottom
inequality of (1.20) applies: the derivative of the RBCFM for the negative empirical risk
differential is used and the associated inequality a/ways holds. This is mathematical rationale
of the asymmetry of the RBFCM outside the transition region, combined with symmetry
inside the transition region. The fact that RDL never stops trying to learn examples that are

very wrongly classified (i.e., the empirical risk differential is strongly negative —

1) (})(X| w) 2 —T) ensures that RDL learns even the most difficult examples (which often

exhibit strongly negative differentials early on in the learning process). At the same time,
symmetry within the transition region ensures that RDL ultimately yields maximal

correctness by evenly weighing correctly- and incorrectly-classified examples against one
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of the asymetry of the RBFCM outside the transition region, conbined with
symmetry inside the transition region. The fact that RDL never stops

tryi ng towbaaiose2exanpl es that are very wongly classifie@®Ciruse226s8he
enpirical risk differential is strongly negative .5 - (xj yr) > -T)
ensur es irvdtier RDbnsugathmstheviass lubed fofhé inuf paterd valexbaing Raredhd thb oaé tianis

exhi bit strongly negative differentials early on in the |earning process).
At the sga® nidsfBkelySymMetry within the transition region ensures that RDL
ultimatel y yi el ds maximal correctness by evenly weighing correctly- and
incorrectly-classified exanpl es agai nst one 49 WD 03/ 032248 PCT/ US02/ 26548

earned i s ¢ novscha0t) § GuPTi FaBtiseRia porxBEuh Rl it e o "o

and (1.20) is always non-negative and |larger for less likely classes

(i denti f ¢legdediiddntiied by doikerirak @aRkes —t the pieatarttiey intlbrethie Nl thbieankpwer t he
rank): ARD(W,.) Ix)> 0 for all j (1.21) AIW(WEkK) I x) ~- ARD (W,) | Xx)
for all k > The optimumof a function is typically found by setting
"normal " equations |ike (1.19) nd §i5§0%¥tﬁ zero and solving for the
unknowns (in this case, the ranklPndkta aYHe outputs). Howev t hat

Oy
techni que works only if there | uni_qu i .0 the nornalﬁ'gc]qbations.
That is generally not th%’")iggér)%"tﬁ%’”’t ag,) ct‘J())Iibjejhfe%'?i Le function, which is
why the preceding equations are stated as inequalities. These inequalities
are the necessary conditions for the RDL objective function to increase
beyond its cuTheoptinmah o€a furetibuid thpicallyefond by settimg@idmmal” dguatidhs ke dl. (9. 20)
express the gradient 0, Ef, [(DR' (X)] of the RDL objective function with

respect ifi (}I{DQ) RFeHPdndiRAghg RN tRUIknd®hs (iR this case, th¥ rank ifddesdf i Satpds). By
answering the follow ng two questions, we can characterize how a nuneri cal
However, that technique works only if there is a unique solution to the normal equations.
That is generally not the case with the RDL objective function, which is why the preceding

equations are stated as inequalities. These inequalities are the necessary conditions for the

RDL objective function to increase beyond its current value via further learning; together

(1.19) and (1.20) express the gradient V, E [CD D (x)] of the RDL objective function with

respect to the actual model outputs {0,,0,,...,0.} (27 of FIG. 1).

By answering the following two questions, we can characterize how a numerical
optimization procedure (29, FIG. 1) will affect the outputs (27, FIG. 1) when maximizing the

RDL objective function for a given input pattern value x:

1. What output state elicits a maximal RDL objective function gradient, which
indicates that learning is far from complete?
2. What output state elicits a minimal RDL objective function gradient, which

indicates that learning is nearly complete?
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optim zation procedure (29, FIG 1) will affect the outputs (27, FIG 1)
when maxi m zing the RDL objective function for a given input pattern val ue
x: 1. Whawooatpzrus state elicits a nmaxi mal RDL objective fweeTtisomanadi ent,
which indicates that learning is far fromconplete? 2. Wiat output state
elicits a mnimal RDL objective function gradient, which indicates that

| pofeited 1 .21
o |, NSREL PR i 85, 0rD 3 B3TACHIIGTILBhd (548 himn (121

rermi n ieatil iR A e R ARk ot e %‘%F%%%%ﬁ’@? bR Ea0RARE o
and (120 ptsi‘ews BB BT TR R oGP e PR { nl cat i hg
that learning is as far as possible fromconplete, when outputs of the

cl assi f i @pswared eagilyebyt Wepestnp ofdildeand G1PY i s equival ent to the enpirical
risk differentials {8(;) (x),...,8(~) (x)} in (1.19) and (1.20) all being
equal to zero, thereby generating naxinmal U (.). As |earning progresses
fromthis dtafle RDhebRblivohjreten grdicunis masimgeddidivatingshatdoarning echs fahen t he
smal | est enpirical risk differentials 1(5(,) (x),8() (x)...... (,,,) (X}

in (1.19) ang godsiBR)frohi orhpR! SReD6EPIite df WeldhassiBSPEChavieahd fgncavad@st eri or |
risk differentials {A(2) (x), A(3) (x) . A(( ) ()} ¢ (2) - (C) (3) -+

E)C(:) 1?5\( 3§ %X§"12 is 1squc2.1(2vae ?iavt Qef{ngl(ncal I'lS)i( dlg‘gren ial >{% ) (1)6 r) éx) }aj?ld tAC2)

9 s (@
(1.19) and (1.20) all being equal to zero, thereby generating maximal o'(:). As

learning progresses from this state, the RDL objective function gradient is maximized
when the smallest empirical risk differentials { (2)( x),8 ) (x),ees S )( )} in (1.19)

and (1.20) are reverse-ordered with respect to the a posteriori risk differentials

{Au) (%): 8¢ (%)55 8¢ (X)} :

[ ®)-©)
J®->cC-n

L &) -
(1.22)

given {85 (%), 85 (%),--8g, (%)} and {A (%), 80 (X)ss Ay (¥)}

As learning progresses further, the RDL objective function gradient is maximized
when the subset of mis-ordered empirical risk differentials in (I.22) contains the worst

order mis-matches.
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As | earning progresses further, the RDL objective function gradient is
maxi m zed when the subset of m s-ordered enpirical risk differentials in
(1.22) cowpaBis22the worst order m s-matches. 51 WO 03/ 0322481502/26548

PCT/ US02/ 26548 2. The RDL objective function gradient is mnimzed,

i ndi cat i ng 2t halie RBArIbjdREve fundBed indiean ntihienized) aidlidaiiag that patnifgiskiengs mat ch
the rankings of the a posteriori class probabilities. (2) -* (2) (3) (3)
(Q (1.23) giofgfleteXWherfthe o{ltﬁ(llzl)anf(ﬁﬁ%s Aﬁ{c)l tkeankings é¥the b poXekdiorpliid of this
nearl|y-conplete state of |earning, ob jecglve function gradient is
m nimzed whe oEQﬁlﬁ%@set of correctly ordered enpirical risk differentials
in (1.23) contarns he best (nost likely) order matches. Equivalently, if
only one output were to be correctly ranked, the gradi ent would be
mnimzed if that output were the one associated with the [|argest a
posteriori class probability: 1-*1 s.t. Q1)(x) = 0(,)(x). Likewse, if
only two outputs were to be corrle@yby(2)anked, the gradi ent woul d be

mnimzed if those two outputs re associ ated with the tmo | ar gest a
posteriori class probabilities: 1-O)DH)-1.2, s.t. q1)(x) = 0(1)(x), ) (x)
= 0(?) (x) . And so on... If the |oodel (2[I, FIG 1) has suff|C|ent
functional conplexity to |l earn at Eeast tlhe nost Ilikely class of x (i

the nodel 21 in FIG | has at |eadf)onél ayes- Cptlnal paraneterlzatlon for

the input pattern value x: G (OaayeS, x) # 0 )'then, given the deBLbutes
of RBCFM described in the nmain dlsclfsure, t he expected val ue o

obj ective functgien {Iﬁ})(()d SELNX ), 8 (X)) and {8, (%), Ag) (), B ()}

Short of this nearly-complete state of learning, the RDL objective function gradient is
minimized when the subset of correctly ordered empirical risk differentials in (1.23) contains
the best (most likely) order matches. Equivalently, if only one output were to be correctly

ranked, the gradient would be minimized if that output were the one associated with the
largest a posteriori class probability: 11 s, O(i)(x) =0,,,(x). Likewise, if only two
outputs were to be correctly ranked, the gradient would be minimized if those two outputs
were associated with the two largest a posteriori class probabilities:

1—-)1 2—)2 5.t 0. (x)=0,,(x),0 5 (x)=0,(x). Andsoon...

M 2

If the model (21, FIG. 1) has sufficient functional complexity to learn at least the most

likely class of x (i.e., the model 21 in FIG. 1 has at least one Bayes-Optimal parameterization
for the input pattern value x: G (@Bayes, x) # ¢ ), then, given the attributes of RBCFM
described in the main disclosure, the expected value of the RDL objective function in (I.11)

will converge to the fraction of examples of x having the most likely class label (P (‘0(1) | x))

as the confidence parameter y goes to zero. Since the Bayes-Optimal classifier consistently
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wi |l converge to the fraction of exanples of x having the nost |ikely class
| abel (P (a (lI) I x) as the confidence paraneter w goes to zero. Since the
Bayes- Optwoal/ogd2assi fi er consistently 52 WO 03/032248 PCPCUSGAZ/2455%818
associ ates all exanples of x with the nost likely class w0) , the RDL

obj ecti vgsbdined LPBxAPREs of GORNE RS S0t AKON 1} WS, thé SctBef@ctioAla®o
limw+0" En [ORD(X)] = P(wc])Ix) (1.24)° =1 -"Pc Bayes(x) As described in
the section on M ninum Conpl exity in this appendi x, confidence need not
appr oac hCoverges syongmpinpigtheddayps ¢ 18i6t put associated with the nmost |ikely
class. Indeed, confidence nust only neet or exceed y/" for the |argest
output's expected identity to converge to the nost likely class (the
foll owi ng equati on uses the notation F(x) to indicate the class | abel
identified by the nodel' g,] arge oqkyytziQ>@¢sggnse to the input pattern
X): liny/-4v" E. [['(x)] =wC) “%t)l), T(X): (‘ELB(x)- 0 (1.25) s@r4)liny/
,W, EQ[Pe W = Pc Bayes (x) In summarysz dhdéhzal(x)out puts can be ordered
appropriately, RDL learning satisfies the conditions of (I.15). Wen al

outputs can nOAF ﬁgscgf)gc?irnqﬂe 9@%9{31? §1[1 Mﬂ‘lﬁl‘l %‘ﬁ@?&it&% kﬂlﬂ Lﬂ&géqnﬁ'dgn&o del

conplexity or € m ninum con ence va alt 'owed "durin earning) RDL

| earning wi.ll satisfy th dition_.of (1.16).. That..i if th del has
suf {1 of cpedaphnesaizetonor RESF 1eaf ¢ one et gt Pt [y FBES  ank
t he out put associated with the nost |ikely class above all other outputs.

*

The pri oindegd, confidsoee masttanlpmesterr gnéapd tynator thedamest fogtpatis expectedadenitityyto (DL)
obj ective function resulted in the | argest output coinciding with the npst

likely cl@sgrgeitd theGRO gﬁka?fclaeg QNé 8R100te dRandH gs e dotah TR thaantdit y of
the nost likely class if the nodel's

the class label identified by the model’s largest output in response to the input pattern x):

lim,,,.Eq I:F(x):l = ay, =05 D(x):0;(x) > Q

(1.25)
s.t. limv,_w,. EQ I:PL (x):l = Pe Bayes (X)

In summary, when all outputs can be ordered appropriately, RDL learning satisfies the
conditions of (I.15). When all outputs cannot be ordered appropriately (owing to limitations
in model complexity or the minimum confidence value y allowed during learning) RDL
learning will satisfy the condition of (I.16). That is, if the model has sufficient complexity to
learn anything, it will at least learn to rank the output associated with the most likely class
above all other outputs. The prior art purported to prove only that its Differential Learning
(DL) objective function resulted in the largest output coinciding with the most likely class; it
could not provide for learning at least the identity of the most likely class if the model’s

functional complexity or v were limited. In fact, owing to flaws in the formulation of the
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functional conplexity or yr were limted. In fact, owng to flaws in the,
formul ati on of the 53 WO 03/032248 PCT/ US02/ 26548 prior art's DL objective
functi on wods3icsxz4@ssoci at ed CFM unction, the proofs therelPCTUESOE26548

i nval i dated. None of the foregoing proofs for the present invention place
any conspdieh dit’s DIobjtddBe Filrtib® ihd 8s @fsoéibRdIORMYureabh, @hd\srdoBi ihgrelreaéraed or
the confidence paraneter yJ being used: in the prior art, both nust neet

certain gGhif®pdp. NJ&%fnﬁeeﬁ)@égomgrms@fslthé Frkant Rdzntible 1@5@%@%&%&@&8 t hat

it learns to rank outputs according to the probabllltles of their
associ at gd Iass |I| iLmted i.ty or
Const r ai fit SeRIP ?*h B rteins Beink MRt e doBbis phalRrd) SRR b <
allocated, it at least |learns to associate the largest output with the
most | i K&F prier aédodt mystineet ceitain eriteRpyu T hp st ﬁwaql%(RQIa)shals yhe RrR¥ethr i or
art provided a flawed rationale for the shape of its CFM function: that

rat i onal kengfits thatiit learng id fapk eHtoutputsracedrdingrie thermtebabilities of theirerssagiateht
i nvention's RBCFM function. Thus we have proven that optim zing the RDL

obj ect i veladseaid, eiliivd Batowinfes litited n@Ell JonANiQTor ORI 6n Withdt generate
t he best approximation to the Bayes- Cptinal classifier for a given input

pat t ern l\ﬁiaénpgngﬁ 11{m'h§w% aloght & @m?&%aﬂ?@l Zebﬂqeal?ﬁset%%g%d&gat@fh%m S

extend tO classPfiers w S|ng pu s, which use | ective

function exp S|on 9 mei n . | ete
the over BT e %OEF P Hats ) apvragb%“?ww%ﬁea? oy hﬁawe@s 3
mat hematics to the set of a p pattern val ues X IS Asynptotlcally
Ef fi ci enftt mgldgéyrﬁﬁwlréﬂ%\alq fer g"ﬁé aR’iFOft"ﬁ§Fl\f§$‘éT}?PBP Qlabﬁtlapalw 4pide pr oven
in section 3.3 therein. Many |lengthy definitions arezglven in chapter 3 of
t he pri odiffgrent framtthe pre wedegpiaming thy curmiet ipreios’sddBEOY, fupetiont oo | engt hy to
include in this disclosure. Inportant terns defined therein and used
herein are printed in italics. The reader is hereby referred to the prior
art for a detailed description of the theoretical statistical franmework
underlyi ng t hendsakd BWeBovedrtB& optimizing the RDL objective function via a numerical

optimization procedure will generate the best approximation to the Bayes-Optimal classifier

for a given input pattern value x. It is straightforward to show that the preceding proofs

extend to classifiers with single outputs, which use the RDL objective function expression in

equation (9) of the main disclosure. We complete the overall RDL maximal correctness

proof by extending the preceding mathematics to the set of a// input pattern values .

RDL is Asymptotically Efficient

The asymptotic efficiency of the inventor’s prior work is proven in section 3.3
therein. Many lengthy definitions are given in chapter 3 of the prior art that are relevant to
the proofs of RDL, but too lengthy to include in this disclosure. Important terms defined
therein and used herein are printed in italics. The reader is hereby referred to the prior art for

a detailed description of the theoretical statistical framework underlying the following terse

54



54 WD 03/ 032248 PCT/ US02/ 26548 proof of RDL's discrimnant efficiency
(i.e., its ability to learn the relatively efficient classifier). Note:
t he presewD a3ns2agi on does not change the definitions or Pcariser/iesas
framework of the prior art's third chapter, which describe the intended
t heor et i §abf SIRISLI difrimiB@ReHiciy @ .c., TR t/les@Ithefdlad B dfifiBnPar adi gm
The present invention substantially changes the flawed neans that the
pri or ar‘;la%%yegi.oped to achi eve those ends. The expected val ue of the RDL
objective tunction over the set of all classes for a single input pattern
val ue x, expressed by (1.11), can be extended to a joint expectation over
the set of all classes and the set of all input pattern values thus:
En,x[a)"]= P(% 1x)zZ6 ;) (x)-00)(4v =2 .. S(') pz(x)ax . z c,

+1 P((O(K) I X) LN@(ek)t%w@m fnvgatimgoey not %A(ﬂkse thg d%}lﬂow Sstgal FaMEYork)
denotes the probabil i'égﬁl density function (pg]:% of the input pattern,
assum ngof the pgorary e driskchepten whighcdnserieghe indendgil thepreficelands (leogwalsh of a
generality: for exanple, equation (1.26) and the all the follow ng

equat i onmaxianllyeoiractiedroing ppratigpat Tler presedeivaetnonbstantady chaigee thebdivewaa,
sinmply by changing the probability density function to a probability mass
functi onpegfEfthat tROridrHreivaloped © a2HRIBHOSN Ends.

The expected value of the RDL objective function over the set of all classes for a
single input pattern value x, expressed by (I.11), can be extended to a joint expectation over

the set of all classes and the set of all input pattern values thus:

EQ,,( [(DRI)] =

= —

P(w(n 'X)'

¢

Jj=

0.

(o)
Q)
2

(x)-0,;,(x).w

+iP(wm | x)

k=2

)

el 0(;)()()—0(?) (X?,l//

S(k)

p,(x)0x

(1.26)

The notation p, (x) denotes the probability density function (pdf) of the input pattern,

assuming it is a vector on an uncountable domain  without loss of generality: for example,

equation (1.26) and the all the following equations can pertain to input patterns defined on a

countable domain, simply by changing the probability density function to a probability mass

function (pmf), and integrals to summations.
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55 WD 03/ 032248 PCT/ US02/ 26548 Now the cl assification/val ue assessnent
nodel 20 of FIG 1 learns the nost |likely class of each uni que i nput
pattern valouws/g22¢ FIG 1): given a sufficiently |arge | e@miusg226aspl e
size, each unique pattern x will occur with a frequency proportional to the

pdf px(x), aNeweRcHasifassohabiat apaishedt wbidl 20agIFIGNE leantehomoxt Iiely) occur
with a frequency proportional to it's a posteriori class probability P(wW;

) 1 X)5 dag of Ladk unigudThput FaMER @%2(2@,'}@@@ lf.m%i%n SQMERXdY Yarped 1B RIp00f s Of

the preceding section apply to (1.26), and the expected value of the RDL
objective function.over the set all classes and the. .s e, of. .all .input
ot ¢ or nempt e ARt U ooy o oG pih BTG ReB bR IR I s B Loer o

linmy/->01 En,x { RDJ = 1 - Pc Bayes; (1.27) GO x) E FBayes for all x As
i n the caslecaol classslabe]lpairedipith epat methmcevdixueill cwomf wille adequerely pespoytionaéto or

exceed the smallest yr' of any input pattern for the |argest output's

ted. tity t t,he. mogt, | i kel I : EnX[F =wW(,
CPe P JEN b SRR, P 05, B g1V €l pss B EGOL D)
Bat'es' y' 5 mn W* (1.28) X G E), x) E FBayeS for all x Finally, if the

nodel does not have sufficient conplexity to learn the Bayes-Optinmal class
for all input patterns, or if |learning confidence is unspecified, then

| ear ni ng wi | | GRen se@¢anheddaYcohiptexey P@E F)ﬂ%fs\/@ﬂ the pekedihg sddtdon pp1§Ed (1V25),
function's gradi ent over the space of all 56
and the expected value of the RDL objective function over the set of all classes and the space

of all input patterns is one minus the Bayes error rate as confidence approaches zero:

limq,_,o’ En,z [(DRI)] =1- Pc Bayes;
(1.27)
G(®,x)e F,_ . forall x

ayes

As in the case of a single input pattern value, confidence must only meet or exceed
the smallest " of any input pattern for the largest output’s expected identity to converge to

the most likely class:

E,, I:F(x)] = w,, =w;, forall x; y < rr}(in wx I(x): 0;,(x) > Q

st. By [P.]=P, puyess W < min g * (1.28)
X

G(©,x) € Fy,,, forall x
Finally, if the model does not have sufficient complexity to learn the Bayes-Optimal

class for all input patterns, or if learning confidence is unspecified, then learning will be

governed by the expected value of the RDL objective function’s gradient over the space of all
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WO 03/ 032248 PCT/ US02/ 26548 input patterns. In that case, the joint
expectation anal ogs of equations (1.19) and (1.20) wll apply. In order
for | ear nwogstoe22be | nconpl ete, the follow ng inequality eroFaisateesas nust
hol d, and the analysis following (1.19) and (1.20) applies: a En.x

[ 0Q( X. 1?nphtpatternsl Ir2fhht cdse Ie foift(@Rpéttdtioh-aRa10BI of-egua@onsQ(.19Ya0H (ROYWXD , 1!/
PX( x) ax >8 )%azz av>(x) ~c i(x]rovv) a Eu.: (x) aO- (X) inn cn( P()W.)

bt s ot R oy oo fe (o) RHEROIBly periong b, V) T
e b BRSO B BB BebhE) Pt on 1o tne

Bayes- Optimal classifier allowed by the nodel conplexity and the
confidence paraneter yr applies to the joint expected derivatives of (1.29)
and (1.30). The associated details are omtted for brevity. Thus we have
proven that opfimging the RDL objective function via a nunerical

optim zati ofgp eeedﬁﬂgé)kw(k) generate the best approxinmation to the

Bayes- Opti mal %%i?i er over the set of all i nput pattern values x.
Again, it is straightforward to show.th t he precedi proofs eﬁ%d to

classifiers with ¢
L z \1’(w(,)|x)—P(a)(])]x) o’ O(i)(x)—O(})(x),t// p,(x)ox >0

/

i= v

Aplx) é'(})(.rh//)
E, | ——0, (x) |-
. aO(;)(X)
J; {’(a)m | x) - P(wm | x) o' 0. (x) -0 (x),w |p,(x)0x <0 forall j =1, -5- (xlw)z-T
- _ v
-8,(x) o+ (ste)
<
L Ij(w(j) | x) - P(a)“) | x) o' 0 (x) -0 (x),v |p,(x)x <0 forall j # 1, 8- (xly)<T
ag ;————\/—/
-4,,(¢) -t",;,(XIw)

(1.30)
The analysis following (I.19) and (1.20), proving that maximizing the RDL objective
function yields the best approximation to the Bayes-Optimal classifier allowed by the model
complexity and the confidence parameter y applies to the joint expected derivatives of (1.29)
and (I.30). The associated details are omitted for brevity. Thus we have proven that
optimizing the RDL objective function via a numerical optimization procedure will generate
the best approximation to the Bayes-Optimal classifier over the set of all input pattern values

x. Again, it is straightforward to show that the preceding proofs extend to classifiers with



57 WD 03/032248 PCT/ US02/ 26548 single outputs, which use the RDL objective
function expression in equation (9) of the main disclosure. The proofs in
this sectwonsappky to the present invention, but do not appiywsvm2dshe pri or
art. The conparison of the present invention and prior art contained in the
previ oussig@e bl@its, Fhichhisé tRIIBN dbjéc@rPub&fonepadstivn irbeduliisn BBGF iiRMmailBXi nal
Profit for Value Assessnent Equations (10) and (11) of the main disclosure
expr ess &i@&o@é’. objective function for value assessnent tasks: equation
(10) covers the special case of a single-output value assessnent nodel

(21, FIG 1), and (11) covers the general C-output case. The di scussion of
this section will address only the general C-output case for brevity: the
extension of this case .to the special case.is straightforward. |n the

i nterest of fﬁhqwepgbvéw gegptiop ﬁmﬁyé%@lﬁpmewpvenﬂefl’abtgpwet %Hpiet tOFQEtPWa ds
maxi mal profit in detail. Instead it will sinply characterize the val ue
assessnedt. Phoetmpasisen ef thp peeseririnantionaind preorpriceoathingg inwee BrevipnoIestionaxi mal
correctness proof for pattern classification. In light of this

char act esfi thgstappendit hgplipatduabtly td Has stetion.l ed maxi mal profit proof will be
evident. Equation (11) of the main disclosure expresses the RDL objective
function for value assessnent as follows: C 16 O (x)-O.,(x),yr , 0,(X) >
Ox (x) | % Sr(XIw) (Dnn(x) =Y, (1.31) 6 0,(X)-G(x),yr G (x)>_Ck*;(x);

J #z Maximal Profit for Value Assessment

Equations (10) and (11) of the main disclosure express the RDL objective function for
value assessment tasks: equation (10) covers the special case of a single-output value
assessment model (21, FIG. 1), and (11) covers the general C-output case. The discussion of
this section will address only the general C-output case for brevity: the extension of this case
to the special case is straightforward. In the interest of further brevity, this section will not
prove that RDL yields maximal profit in detail. Instead it will simply characterize the value
assessment proof as a simple variant of the preceding two sections’ maximal correctness
proof for pattern classification. In light of this characterization, the path of the detailed

maximal profit proof will be evident.

Equation (11) of the main disclosure expresses the RDL objective function for value

assessment as follows:

[&
Dol0.x)-0,x)w|, O,x)>0,,(x)
J= —
jer 8, (xy)
Dpp(x)=T, 1 (1.31)
o Or(x)_o_,(X),l// s O,-(X)ZOkt'l.(x);j¢z-
| 8, (xly)
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S 'NO 58 WD 03/032248 PCT/ US02/ 26548 Now we view the C outputs of the
nodel 21 in FIG 1 as representing the set of C different,

mut ual | y-woal3esinve decisions Q= {co , w2,..., wC} that eam/use2pwde based
on the input pattern x, each with its owm value {Y',,12,..., lc: } . The

expected (i.eNowdvd@sivahé Oroutputs/stl themotieleadh Fob. t hegpredatingitnsetbesul ts in
a ranking fromnost profitable (or |least costly) to |east profitable (or

nost cost.l 1 I | t ed I
of "t he. il harl-riltbe SRCSht 1 fiw e B8 bt b N mad B BERCC < one
is therefore given by the follow ng, wherein 1(wW,) | Xx) denotes the a
posterior' @ Bieadh@itias bwarnafuet or.} |Hﬂ:5d eqed jesiog), co(,
D/’?fnbl(lx ] T(vv(ea I;E) awg(l e{)&tpjcﬁg(( e ol (I§I)v6\l/)q@@é (15'32) (+)1Y

m |k) it b Rt dctonkiipbin § faaEmséf%“ﬁw)skpf%gﬁgleéﬂaﬁﬁt§0%{P¥§|t%§a? or

classification in (1.11). The only difference between the two fornul ati ons

is that Iehﬁpaoﬁtms(@rm@stbognryot{a@wjl)l|tx|);e)s( & (£R(.X (0 (3(Dx)l}n’l(hls.eiﬂ£)ctddamgﬁa
bet ween zero and one, whereas 'the a poster| ori val‘les I(w(,) I x) in
(1.32) can assune any real val ue, t he proofs of  maxi rral ?I’Oflt are
i dent i caff the RDMeobjeciye Suncgipn nyer FPélsemﬁmléte%We@@luS@s@éEﬁtﬂorr@ﬁs psfra genn
whi ch there are no profitable decisions for a particular input pattern

(i.e., thethedsowing Whébin T(a)(l) |x) denotes the a posteriori value of the most profitable (or

least costly) decision, @

E, |:(DRD (x)] = Y(a)(l) |x)-ga 05 (x)= 0, (x).yw

83, (xlw)

¢ (1.32)
+ZY(w(k)|x) 4 O(k)( ) O(i)(x)"//

k=2

8y (xl)

Y (@, |x)eR forall i

The reader will immediately notice the similarities between (1.32) and its analog for

classification in (I.11). The only difference between the two formulations is that the a
posteriori probabilities P(a)(,) | x) in (I.11) range between zero and one, whereas the a
posteriori values Y(a)(,) | x) in (1.32) can assume any real value. Thus, the proofs of

maximal profit are identical to the proofs for maximal correctness, except for the case in

which there are no profitable decisions for a particular input pattern (i.e., the case in which

Y(a)(,.) | x) <0 forall i). A mathematical “trick” allows us to formulate the value assessment

task such that there is always at least one profitable decision: we simply add an additional
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Y(o)(;) I x) < O for all i). A mathematical "trick" allows us to fornulate

the val ue assessnent task such that there is always at | east one
profitablwodaosziton: we sinply add an additional 59 WO 03/,P03AB4826548

PCT/ US02/ 26548 deci sion class (bringing our total nunber of possible

deci si ongeclsforetdss,(bAiEin@6ad tg1l AurBdrE podsible dedigibits tb@+1Niahd assign a value of
"avoi d-al |l -t he-ot her-deci sions" decision. Then, each tine all the other

deci si on, v glibRShA avii-aA At olRPEeisibhe de@i‘éf?)'nd ‘F?ileﬁ eTaEl?flﬂTe hf rthéj&ﬁéls I ons”
decision is taken. Under this scenario, the proofs of maximal profit

fol Fow ag. dy e&alu %%IeolllA f‘?asolé Od %[‘%hfd-s[ﬂggs(@lé d%?sfoﬁ?%%?s?on 19'&[!&8r parts.

The prior o art. contal ns ng on varue assessmen

Consequ there. e no ar.i sons de re din roofs in
Chrs aectrist g gSinerind %g@ﬁﬁao% 56@HE A5 purec TS Dihelbarergral
Estimating the Maxi mal Fraction of Wealth R', to Risk on a Transactlon

G ven a ¢M@mﬂﬁ§%$%mﬁ@mHWGX|nun1AcceptabIe Probablllty of Rui n Background

I f any given transaction returns a net loss with probability Ptoss, the
probabi i ty tHat prior apiontsfinsmothiagsatheitopis ofiivalhe asstssment. dsassquestigahencned by
the binom al probability mass function (Pnf): (") P(k losses in n

t r ansactar® s omphrisdis ko' be fide fegardirlg thé pioofs in this section.
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(n- k) . kI _n(n-1)...(n-k+l) k " _k k(k-1)(k-2) ... 1
P,.,.,"(I-P,,.,.,)The cunul ati ve expected profit or loss resulting fromk
of n tot awoloe®s2288 ansactions E [PLc,,,,,] is a function @CTtuse2/eespect ed
gross transactional return E [ Rgross] and the average transactional cost
E[C: E[PLG,,,,(n-k)E[Rgr,,c,,] - %i(gndﬁjﬂz) Since a given transactional
profit/loss is its gross return mn Its cost, and all transactions are
assuned to be statistically_independent, equatjon (11.2) can be .

r e- expr esAelMethod fan Estimating the Magimp] F racrdonF_Oé Wgalth R,,.. toRiskong1 WO
03/ 03224 & Teans@0oR56&i8en aPreiDeteraniaedsVeximumsAteepfabiloPaobability
transactions if E[PL. u,,,] is | essogggnnzero, which requires the

followi ng relati onship between the nunber of successful transactions (n-Kk)
and the nunber of failures k: k >n E[PL] E[ R};r,,.ee (12.4) >n, 1_

E[C] E [E.rnrs |f the investor has sufficient reserves to withstand g
failed tPaskgerrdns, each costing an average of E[C], then (s)he can
continue investing through at |east that many transactions. In fact, (s)he

nust i ncur sol@nygivsa trapsagtiemcarns paet lossrith probability Fros> the Rrebabslity thasks i n
order to be ruined. Gven the investor's total wealth W that nunmber is k
>- (n-q) olt-of E[t@ns@tiphd Wib) return lossep)is govierndd byGhe byl probability mass function

(pmif):

P(k losses in 1 transactions)

(kj P(-R)"

n! . »
" i 0.1
(n=FK)-k! foxs ( ln-\.\) (IL1)
) I;C‘(n_l)'---'(n—k'{h]).E{I;\,\'(]_Plu,u)"_k
(k-1-(k-2)-...-1

The cumulative expected profit or loss resulting from k of » total-loss transactions E
[PLcum] is a function of the expected gross transactional return E [R,,0] and the average

transactional cost E[C]:

E[PL,,]=(n-k)-E[R,,,|-n-E[C] (I11.2)

g"l).\'.\'
Since a given transactional profit/loss is its gross return minus its cost, and all

transactions are assumed to be statistically independent, equation (I1.2) can be re-expressed as

E [ PLCIH"

|=n-E[PL]-k-E[R,,,] (IL3)
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E[Rgrn.e.c] E[C] Consequently, the investor will, on average, be ruined in
n > q investnents with probability " (n). P(ruinl n > g investnents) = |
P'" (1- P WOb38}2249SS K=k K Equation (11.6) represents thePardarsayzss48
probability of ruinin n > q investnents, not, for exanple, the worst-case
probabi |l ity oA netioBs ocbissasiageduticaulie tlagsactio@ddf EQPLL, S ldss tianGerd) Wvich
stochastic process. Equation (11.6) represents the average probability of

ruin forpghies the ﬁﬂﬁ%ﬁ %@ﬁgﬁﬁB&%emhelrﬁlﬁg;ehoﬁ@c&sful fraﬁs‘gptlldlﬁ?n KPatd does
not expressly articula the vitally inportant caveat that the

pr obabi | . a particular sequence of n > g transactl ons could
be much £h%é3$‘fbelr6¥fglh9r\é§k'l ess than the average indicates. 62 WO 03/032248

PCT/ U802/26548 Estimating Rmx On reflection it should be clear that if
the investor divides his/her wealth | q equal parts, each of which is
to be risked on a FRAI\I'I'lCtra,{:sgct o ﬂ1e risk fraction Rwill be R= -
(11.7) g The maxi num accept abl € rlsgi]{ra tion for the investor is ( )
1.8 Rinax = Wgroin where q,,]j,, en such that k in equaE
(11.5) and (11.6) yields a P (rui n >E{C] estnments) that is cept ably
small to the investor. 63 2

B[R]

If the investor has sufficient reserves to withstand ¢ failed transactions, each costing
an average of E[C], then (s)he can continue investing through at least that many transactions.

In fact, (s)he must incur some number k greater than g failures in n > ¢ transactions in order

to be ruined. Given the investor’s total wealth W, that number is

k 2 |(n-q) I_EE:% +q
: e (IL5)
[, _E[C] w
2 [(n-q)|1 E[Rg,m +IVE[C]—‘

Consequently, the investor will, on average, be ruined in n > ¢ investments with probability

P(ruin | n > ¢ investments) = Z[ j o (1-P,) (11.6)
K

=k
Equation (I1.6) represents the average probability of ruin in n > ¢ investments, not, for
example, the worst-case probability of ruin. This is because the “road to ruin” is a doubly-
stochastic process. Equation (11.6) represents the average probability of ruin for all
transaction sequences of length » > ¢. It implies, but does not expressly articulate, the vitally
important caveat that the probability of ruin over a particular sequence of n > q transactions

could be much greater or much less than the average indicates.
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WD 03/ 032248 PCT/ US02/ 26548 What is clained is: 1. A nethod of training a
neural network nodel to classify input patterns or assess the val ue of
deci si onswagsmsi2at ed wi th i nput patterns, wherein the nod@CTitGS02/26548
characterized by interrelated, nunerical paraneters, which are adjustable,
by nunerical optimzation, the nmethod conprising: conparing an actual

cl assi figgaih#Min@R,y2l ue assessment produced by the nodel in response to a
predeterm ned input pattern with a desired classification or val ue

assessnent fogy %as“% q%berdrﬂermr 'tH%PHtthepﬁa%ﬁ&”dxv1‘%1@seh1§ﬁﬁglp@éélﬁﬂﬂtobcfécgﬂl e

effected on t I's of an objective function which includes one

terms, p%ég (gj‘h o? Whlc%rlngO l?elllgf(%d%n%mﬂd:trén%amofnu&%trisﬁ’?rag‘h&pR?\]Nl %r' abl e

ar gunent avi ng Fansrtrén region 1or var hear zero, the
term function being synnetrlc about the value 6 = 0 within the transition
region; and using the result of the co%parison to govern the nunerical
optim zation by which paranmeters ofpt nodel are adjusted. 2. 6y et hod
of claim 1, wherein each tern1funct|on4;s a piece-wi se amal gama |o%
differentiable functions. 3. The nmethod of claim1l, wherein each term
functio ]ﬂgﬁ %Hﬁ1?£&wkﬂgﬁ?mk?ﬂﬁu&9ﬁnﬂ&hﬁ§&mﬂ?§'Vat'Ve of the termfunction
for p05| Ive values © out si e transition region is not greater than
the first derivative of the termfunction for negative values of 6 having
the sane absolute values as the positl%g val ues. 4. The nethod of claim1,
wherein each termfunction is piecgw se”differentiable for all yagyes of
its argunent 6. 5. The nethod of cl&imdq, wherein each termfunction is
nonot oni cal | y non- decreasing so that it does not decrease in value for

i ncreasi P gl UeScHdbed fith BBk 1Y &uAG6hs (11.5) and (IL6) yields a P (ruin | n > ¢

investments) that is acceptably small to the investor.
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argunment 6. 64 WO 03/032248 PCT/ US02/ 26548 6. The method of claiml,
wherein each termfunction is a function of a confidence paraneter kV and
has a maxwmel3/osizape at 6 = 0, the slope being inversely mpoapmoteeaal to w
7. The nethod of claim1l1l, wherein each termfunction has a portion for
negat i veywphdi8sinRia i6: outside the transition region which is a

nonot onicarty 1 ncreasi ng polynomal function of 8 having a m nimal sl ope

which is lineprly an%qm&éﬂfﬁﬁ1n%9n@uxﬁpmtwgﬁﬂﬁ8del @@élagm*y%put%auém@oﬁet hod of
claim1l1, wherein each termfunciion has a shape that snoot

adj ust ablsg“esg¥he va?'e:ncs::-itl&msfs(‘.‘)?ilgI %’sﬁ% ?l%? gltqilblﬂ?%ﬁgm?%}?qulh%e IWO%MN Ch vari es

bet ween zer 0 and one, Suc unct’ on approacnes a Heavi si de,

step function of its nt 6 proaches ze The t hod of

ol al m 8, HAERGRERRd Eh@ﬂ%ﬁlﬁﬁf o8 TRt anH s FrebnyDle R armerticy s on of
its argunent delta when = 1, 10. The method of claim8, wherein each term
f unct i orcHiEEZatina, tetmsthed ompising he first derivative of the termfunction
for positive values of 6 outside the transition region is not greater than
the first derdonmgtaring apfctubleclassidicatidnierctalusrasfassmerd gadduged bythgesodsl il havi ng
t he sane absol ute values as the positive values, each termfunction is a

f unct i onregfonse wanpredaa@dn@bingoriaeermywilng desdg dalazsificativn & lvajpe assbsrlers fé, t he
sl ope being inversely proportional to w, each term function having a

portion e Pré@l@&%in\é@ iRk Hﬁfer@fth@c&h'ﬁa‘iisgﬁb&ﬁg eﬁ*é@lék%ﬂ {1RMasis 8PAPFbMRiveh 1S a
nmonot oni cal ly increasing polynom al function of havi ng a m ni rmal sl ope,

whi ch 1 sl LSaGh¥n RICRRRS bhe Qlanlnortec%eﬁfns,

each of the terms being a synthetic term function with a variable argument 6 and
having a transition region for values of 6 near zero, the term function being symmetric about
the value 6 = 0 within the transition region; and

using the result of the comparison to govern the numerical optimization by which
parameters of the model are adjusted.

2. The method of claim 1, wherein each term function is a piece-wise
amalgamation of differentiable functions.

3. The method of claim 1, wherein each term function has the attribute that the
first derivative of the term function for positive values of 8 outside the transition region is not
greater than the first derivative of the term function for negative values of 6 having the same
absolute values as the positive values.

4. The method of claim 1, wherein each term function is piecewise differentiable
for all values of its argument 6.

5. The method of claim 1, wherein each term function is monotonically non-
decreasing so that it does not decrease in value for increasing values of its real-valued

argument 9.
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each termfunction is piecewise differentiable for all values of its
argunent 6, and each termfunction is nonotonically non-decreasing so that
it does nwD desrease in value for increasing values of i tETreab265a8 ued
argunment 8. 65 WO 03/032248 PCT/ US02/ 26548 11. A nethod of learning to

classify inpus. patTis msthaadf claint 0, wbseiazathermi &hnttionts a fAMetion 6Ng associ at ed
with input patterns, the nethod conprising: applying a predetermned input

pattern é&ﬁaeﬁb%tﬂa?émgai\y@ﬁ&mqﬁixﬁm AORCARLS0 [h@diop @s&g% iRyl €arned to

produce an actual output classification or decisional ue assessnent
with res t predeterm ned i nput pattern, wherein the nodel is
charactéﬂsgkgg altQﬁ'nterrelated adjustable nunerical parameters; defining

i Torenti al yoBfﬂ%deC%e?ah@?%ﬁ e PR S BT < b ngor neeaive

classification or decisional value assessnent wiith a desired output

cl assi f i @aseh dSontsidestbe appiiricicsiogydiick/igiagponasenieally ipsreasangepalynsaial nput
pattern on the basis of the objective function; and adjusting the

par amet efusctodn afifehavigsd mipymalstepe whikch epinienily atdportiog@kﬁerarwdﬁb%whe resul t
of the conparison. 12. The nethod of claim 11, wherein the neural network
nmodel prgmgaaasr. N out put values in response to the predeterm ned input
pattern, where N > 1. 13. The nmethod of claim 12, wherein the objective

function inclgdes Mdmb@bTBE claMier RhcifREMh kR Mukciod hhyRSKdRMATs 2
differential argument 8. 14. The nethod of claim 13, mhereln for each term

the val &;thl adﬁls{ag% J &1‘?%55' vallagcli aft&é)a\{ﬁ'l’lé{gr ﬂl@ﬁ %’rﬁs%{ween

representi ng he’ corre |cat| on/ v assess

corres poznecrjcl) ngd (%lee sgcfh therﬁhe err]nelrfu O"flloglé})pr\(l)gclh%g a Heaviside, step function of its

argument & when y approaches zero.

9. The method of claim 8, wherein the term function is an approximately linear
function of its argument delta when y = 1.

10. The method of claim 8, wherein

each term function has the attribute that the first derivative of the term function for
positive values of 8 outside the transition region is not greater than the first derivative of the
term function for negative values of 8 having the same absolute values as the positive values,

each term function is a function of a confidence parameter y and has a maximal slope
at 6 = 0, the slope being inversely proportional to v,

each term function having a portion for negative values of 8 outside the transition
region which is a monotonically increasing polynomial function of 6 having a minimal slope,
which is linearly proportional to v,

each term function is piecewise differentiable for all values of its argument 9, and

each term function is monotonically non-decreasing so that it does not decrease in

value for increasing values of its real-valued argument 8.
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15. The method of claim 12, wherein when the exanple being learned is
incorrectly classified or val ue-assessed, the objective function includes a
single tewmoahBd2hsis a function of a variable argunent 8PCENENZR6548 he
value of 6 is the difference between the value of the output representing

the correct Cilf'J.lSSiAirﬁéthéd)(ﬁﬂlvﬁhlh?t@&%@ﬁ@ﬂ'ﬁﬁﬁt feknt b/ g v abess thetvaRik ofout put
val ue. 66 WD 03/032248 PCT/ US02/ 26548 16. The nethod of claim 11, wherein

the neur aloiieiualoKiaiRASHn Ri-AdhRR 2R S QiiRKngyal ue i response to the

predeterm ned i nput patter The method of claim 16, wherein the

ob et ve U\ 8 PELARRR 8o LUNERAR, Rl p Lk BNASTERf i ©

etween e Si val ue an m out put

which is equal 1o tge av rqge ofz%he ma in%l and m nimal  values that the
out put cH443 8y Fame é‘.’%{gﬂﬁ 2t rtua GRPLT HRsSHTGUAN HedfeiiomabY AT RSSFSEER! ¢ o
classify input patterns or assess the val ue of decisions associated with

i nput pavitk Fespect hediredetaiminpddenut patterawhereindhe medel iy characdsrized dy ed,
nunerical paranmeters adjustable by nunerical optimzation, the apparatus
conpri siingrretadeth adjustable namgicabpargroetpesr i Nng an actual classification or

val ue assessnent output produced by the nodel in response to a

pr edet er m nedddfinpig a PAhétefildaly hdéh-dectkesingeshti-ohnasstit] Gatyjvarropievatise
assessnment output for the predeterm ned input pattern, the conparison nmeans

i ncl udi ng 8y aAMMOBBREIR fR&idg the conparison on the basis of an
obj ective function ‘which includes one or nore terns, each of the terns

PeL 1, 2 SN LARELL 8 At Ao SHPRLE 2R
symmetri gesggc? (L>|1tltputtc gssiflaclatlilgn gr azsse%sgg &e@ispon%p \?alltxer f%?t ietljrgé]eterrfen Ae%r}ilp%np%ttem
on the basis of the objective function; and
adjusting the parameters of the model by numerical optimization governed by the
result of the comparison.
12.  The method of claim 11, wherein the neural network model produces N output
values in response to the predetermined input pattern, where N > 1.
13.  The method of claim 12, wherein the objective function includes N-1 terms,
wherein each term is a function of a differential argument 3.
14, The method of claim 13, wherein for each term the value of 8 is the difference
between the value of the output representing the correct classification/value assessment and a
corresponding one of the other output values.
15. The method of claim 12, wherein when the example being learned is
incorrectly classified or value-assessed, the objective function includes a single term which is
a function of a variable argument §, wherein the value of § is the difference between the value

of the output representing the correct classification/value assessment and the greatest other

output value.
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adj ust mrent nmeans coupled to the conparison neans and to the associ ated
neural network nodel and responsive to a result of a conparison perforned
by the cowpasiosams nmeans to govern the nunerical optim zatcarusby26s$ ch
paranmeters of the nodel are adjusted. 19. The apparatus of claim 18,

wher ei n each t&r m Thn@kihod of Slaian Pi,eciersih sie neard hgavsek madelofrodidet @sgld abl e
functions. 20. The apparatus of claim 18, wherein each termfunction has

the att rg@%;tg,atdé% re ngseftb frtpréidit@tddifp Rfpatidlg, term function for positive
val ues of outsid he tranS| tion regionis 67 WO 03/032248

PCT/ US02/ 26548, n%hegxgls@%gggle]gﬁ,mg%efré e (gogéqnwgtmn\éa Qlnchlfs %g&mmﬂ% tion

for negat| ve val ues sarre a ues as e pOSI ive

b1 coowi SbYirAPlS BEORET Qo Berlr o 1 htrate by PR ey Vags

apparatus of claim 18, wherein each term function i s npnot oni caI I y non-
decr easi Pgnisen papt whichseraualge threpiceags of the maita! ansdrminimalovdyes ghaj Hieues of
its real-valued argunent 6. 23. The apparatus of claim 18, wherein each

t erm f unatpwreangssanfeuncti on of a confi dence paraneter kV and has a maxi nal
slope at 8 = 0, the slope being inversely proportional to W 24. The

appar atus of r§.ai nApBaratel &refainiege hedralr etk otk ahddeh tdsssiy pgput patteriodr
negative values of 6 outside the transition region which is a nonotonically

i ncreasi figess A m&%@decfswﬁg hisBBiaRfl vAtHiaphHaterns] Whdigh & @BgeIi ch i's
linearly proportional to a confl dence paraneter. 25. The appar atus of

Cl Al L Senat R BB O A B MG AR 2 INBRC D urleFica VIR MO, the

adj ust abl'é rea ce para

bet ween
apparatus comprising:

comparison means for comparing an actual classification or value assessment output
produced by the model in response to a predetermined input pattern with a desired
classification or value assessment output for the predetermined input pattern,

the comparison means including a component effecting the comparison on the basis of
an objective function which includes one or more terms,

each of the terms being a synthetic term function with a variable argument 3 and
having a transition region for values of  near zero, the term function being symmetric about
the value 8 = O within the transition region; and

adjustment means coupled to the comparison means and to the associated neural
network model and responsive to a result of a comparison performed by the comparison
means to govern the numerical optimization by which parameters of the model are adjusted.

19.  The apparatus of claim 18, wherein each term function is a piece-wise
amalgamation of differentiable functions.

20.  The apparatus of claim 18, wherein each term function has the attribute that

the first derivative of the term function for positive values of & outside the transition region is
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zero and one, such that the term function approaches a Heavi side, step
function of its argunment 6 when W approaches zero. 26. The apparatus of

cl aim 25, wotwns2es t he term function is an approxi mately Ipcmamo2/tasmet i on of
its argunent 6 when W= 1. 27. The apparatus of claim 25, wherein each term

funct i on nBasrehBEthah tHe st Rrividde oftth@tetrh fedctidg Forvirightive: Riluds e sthavimy kmnct i on
for positive values of 8 outside the transition region is not greater than

the fi rstsalggg%ﬁ\ég%éVglu%fasttngg(gﬁ\;g\)‘amg;i on for negative val ues of 8 having

the sane abs e values a e positive values, 68 WD 03/032248

PCT/ US02/ 2654 each term fungtion is.a function of conf i dence paraneter
v and has. a mhx nane gPBus PFQRBNYS Syftecit P O RinsBof Bi<elRB=0, Boort onal
to yr, each termfunction having a portion for negative val ues of S outside
t he trané‘iffqrﬁfﬁlabkefgfB‘EV%HF%‘%IF%Q%"’H%“& oni cal Iy increasing pol ynoni al
function of S having a mninmal slope, which is linearly proportional to
yr, each ter m2Ruibepparatys pf deiaw & avhgrdin egcarieinabinetiérois nagnoterggallgionf its
argunment at S, and each termfunction is nonotonically non-decreasing so
that it de@sasiy sodhatriedsss nondecvarseim Yabwe fon orcessing yalas ofits ehl-vdlged

real -val ued argunent S. 28. Apparatus for learning to classify input

patterns aghedcpf 5assessing the value of decisions associated wth input
patterns, the apparatus conprising: a neural network nodel of concepts that

need to be 'e%nedqh]tefagpmgbfasim& WA AELEN thAE HirlHoh RtSLh& A &S

adj ustabl e, nunerical paraneters, the neural network nodel being responsive

to a predeterm ned inpu tern to _an l,..cl assi fication or
deci si onﬁpnt\?/%elnﬁ%p %{ggjg{s%g&eaﬁl? th(%%% Bﬁf{ l,m%gfo g'réfgoﬁ)’ tr?%%ﬁlolsé%fbglr géf(?)\?%géerlfng t he

actual out put ,vvi}h a desired output for the
proportional to y.

24.  The apparatus of claim 18, wherein each term function has a portion for
negative values of & outside the transition region which is a monotonically increasing
polynomial function of § having a minimal slope which is linearly proportional to a
confidence parameter.

25. The apparatus of claim 18, wherein each term function has a shape that is
smoothly adjustable by a single real-valued confidence parameter y, which varies between
zero and one, such that the term function approaches a Heaviside, step function of its
argument 6 when y approaches zero.

26.  The apparatus of claim 25, wherein the term function is an approximately

linear function of its argument & when y = 1.

27.  The apparatus of claim 25, wherein each term function has the attribute that
the first derivative of the term function for positive values of § outside the transition region is
not greater than the first derivative of the term function for negative values of é having the

same absolute values as the positive values,
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predeterm ned i nput pattern on the basis of a nonotonically non-decreasing,
anti-symmetric, everywhere piecew se differentiable objective of function,
and neanswoaspBrdsto the conpari son neans and to the neur @cTrnesomwessus nodel
for adjusting paraneters of the nodel by numerical optimzation governed

by a result ofach terfiORiREidnSIOA fRekibA OIE dolfidehbep L anpas i 300 haeamaxind slopbe
apparatus of claim 28, wherein the neural network nodel produces N out put

val ues if s-6PAPSBrE Beihd BivREE JRisedd pput pattern, where N > 1. 30. The
appar at us of ’cPa?nPZQe,l g/her eSi tﬁﬁe 5bj ect‘iw\je function includes N-1 terns,

wherein each tefmis functi of .. i f ntial : »

031 092245 PeriORTE I BRGAN é)né%lpg)rr é‘%‘%&‘%&&a@f”a?{n? Wa%hgr‘&%%“}g\gr each
termthe value .of . Sis the djfference hetween.the v(gj e of the.ouf ut
r epr eserERg WHED iscPergionipalydngTeesiid paly b ARGl i ne g pinimal Slope,
correspondi ng one of the other output values. 32. The apparatus of claim
29, wher whighwhbreatly@repesignabionsi ng | earned is incorrectly classified or

val ue- assessed, the objective function includes a single termwhich is a
function of aecachtérabfuectamyspeatwise diffeeengiabletfhieall edlugs obfits Srgumenhat &iafid er ence
bet ween the value of the output representing the correct

cl assi fi cat i ogych&ritefuastsasis Mvabtoardlly hen-geqadsast soahdtér doed ubpdicransd ihe.  33.
The apparatus of claim 28, wherein the neural network nodel produces a

singl e oufiplfor YkdBinoWahRS BORSRal PalhdiearpliRdftser M ned input pattern. 34. The
apparatus of claim 3§, wherein the objective function includes a function

f i abl LD S LS4 h [ i ngl
out put v ue 2" 8 PRl SIS R b A o B e R ID 2

maxi mal and.minimal val ues that the output can assumne.
c?ec?smns assoc1atecf1 WH}I mput patterns, the appaﬁatus comprising:

a neural network model of concepts that need to be learned, the model being
characterized by interrelated, adjustable, numerical parameters,

the neural network model being responsive to a predetermined input pattern to
produce an actual classification or decisional value assessment output,

comparison means for comparing the actual output with a desired output for the
predetermined input pattern on the basis of a monotonically non-decreasing, anti-symmetric,
everywhere piecewise differentiable objective of function, and

means coupled to the comparison means and to the neural network model for
adjusting parameters of the model by numerical optimization governed by a result of a
comparison performed by the comparison means.

29.  The apparatus of claim 28, wherein the neural network model produces N
output values in response to the predetermined input pattern, where N > 1.

30.  The apparatus of claim 29, wherein the objective function includes N-1 terms,

wherein each term is a function of a differential argument 3.
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35. A nethod of learning to classify input patterns and/or to assess the
val ue of decisions associated with input patterns, the nethod conpri sing:
app! yi ng wopsestier m ned i nput pattern to a neural networlpcmase/ 26348
concepts that need to be learned to produce one or nore output val ues and
an actual output clrasgpfaraiad bfulaify 30, d@eieth QR@hchvdinl eheABHRSEBEthe t h
respect to the predeterm ned i nput pattern, wherein the nobdel is

char act eaiffeﬁ&c@%eiw ﬁmeexla%ee&th@&utp@tcrg@{esemiﬂg ffgréoﬁ%bt PRERIEL G/ Palu@Nd

conparing the actual output classi on o ecl sional val ue assessnent
with a desired oufput classification deci.sional val ue assessnent for
the pr edgﬁsﬁsmeﬁéﬁflqt% UtesP %ré &Y ogrt]I%[ %tggrboé%?ust%g@egn obj ective function

whi ch includes_one_or nore te , ch termbeing a functiaqn of the

di fference betteen ef‘PHaéTtu%%{“g%fn i"gl reé.‘hg']h@i‘ {hqg:gcalgpfél}gwgﬂaargfﬂ But val ue
or the mdpoint of the dynam c range of the first output value, such that
70 WO 03imepealy daifisdd? vaesAassested ethgebisedy ofuneticty inflydescaningle Hampuhigh i | y
of the statistical properties of data associated with the concepts to be

| ear ned affichctiodepe wvdeattld grgomentie wietdie thetviabelof dhathacli féeremtei besweph thdhiealneur al
networ k, guarantee that (a) no other nmethod of learning will yield greater

cl assi fi ghthe@htpdk représkhitnths €53¢tE Blassifcatioaivare Ssdediment ghd/eie gheitdsabtheet wor k
nodel, and (b) no other nethod of learning will require a | ess conpl ex

neur al ng{lgﬁg{galﬁggdel to achieve a given |level of classification or value
assessnent correctness. 36. The nethod of claim35, wherein each termis a

ssm cctness. 36 The method of | s
egi on for vabies i pbLofuels, SR IR HERR AR el ot

the value,. S = 0 within the transition regiqn. 37. The nethod of clai m 36,
wher ei n &8l QUERULVRLA LR FesPesa ﬁ@reé]ﬁef‘?‘gﬁﬁénﬂuﬁﬁ?ﬁetrﬁe first derivative of
the termfunction for positive values of S outside the transition region is
not greater Bhan {lhe apparaius efetlpivedd, vederin theeobjesting fupstien wsludes a fgHeR ve
val ues of S having the sane

of a variable argument 8, wherein 3 is the difference between the single output value and a

phantom output, which is equal to the average of the maximal and minimal values that the
output can assume.

35. A method of learning to classify input patterns and/or to assess the value of
decisions associated with input patterns, the method comprising:

applying a predetermined input pattern to a neural network model of concepts that
need to be learned to produce one or more output values and an actual output classification or
decisional value assessment with respect to the predetermined input pattern, wherein the
model is characterized by interrelated, adjustable, numerical parameters; and

comparing the actual output classification or decisional value assessment with a
desired output classification or decisional value assessment for the predetermined input
pattern on the basis of an objective function which includes one or more terms,

each term being a function of the difference between a first output value and either a

second output value or the midpoint of the dynamic range of the first output value, such that
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absol ute val ues as the positive values. 38. The nethod of claim 36, wherein
each termfunction is piecewise differentiable for all values of its

ar gunent 80 0303223he net hod of claim 36, wherein each ter mpCoNSN2/24548 S
nonot oni cal | y non- decreasing so that it does not decrease in value for

i ncr eaSitH_@rriéﬂ{ddQ)TléTafrnih% garf, @alepyialettd of Mk GakiBtidal Bropélies Ihdatardsbeidicaiwied ai m
36, wherein each termfunction has a shape that is snoothly adjustable by

a singl Ght eﬁlc-e @lt&sgleamagiaﬂénfo%pmewmhe WhathdaGiBal Ak iaBRriRE WAL nekigf10 and
one, such that the termfunction approaches a Heaviside, step function of

its ar grijeﬁvggrikegs% el iat (%?rfl)(g Sﬁ%pﬁgt%g ro?lﬁqg@?%apfﬁgﬁtﬁgﬁerocfl?sgﬂfﬁh@nllﬁ S

wher ei n unctio an appr oxi ear unctron o

ar gunent when w = 1. 71 03/.032248 PCTI/ US02/ 26548 . 42. The t hod of

C1 21 m 36N SO A e L Br PG FbRE ngtvr gk 36 @m&%%mqu &
differentiable functions. 43. A nethod of allocating resources to a

t r ansactlegningividirequirg algasscopmexopeusy metwark modehierpelicva g giyendeyebpk i ni ze
profit, the nethod conprising: determining a risk fraction of total

r esour c egdassificheordencll wchstessibig corrastsesst i on based on a predeterm ned risk
tol erance |l evel and in inverse proportion to expected profitability of the

transaction; 3glentTHeihewWoPoDElhinaBi,evlichole shdlEbins isaf syhthetit ramsfaaétionnwith a
utilizing a teachabl e value assessnent neural network nodel; determ ning

por t i ons,phhfchgourhd §hhahiiRg a AhndifbRleg[RIOLVARS Jre MR Akd ARALSH function
respectively to0 profitable Tnvestnents of the transaction;
being symmetric about the value & = 0 within the transition region.

37. The method of claim 36, wherein each term function has the attribute that the
first derivative of the term function for positive values of 8 outside the transition region is not
greater than the first derivative of the term function for negative values of 6 having the same
absolute values as the positive values.

38. The method of claim 36, wherein each term function is piecewise
differentiable for all values of its argument 6.

39.  The method of claim 36, wherein each term function is monotonically non-
decreasing so that it does not decrease in value for increasing values of its real-valued
argument 9.

40.  The method of claim 36, wherein each term function has a shape that is
smoothly adjustable by a single real-valued confidence parameter y, which varies between
zero and one, such that the term function approaches a Heaviside, step function of its
argument 8 when y approaches zero.

41. The method of claim 40, wherein the term function is an approximately linear

function of its argument 6 when y = 1.
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conducting the transaction; and nodifying the risk tol erance |evel and/or
the risk fraction of total resources based on whether and how the
transactiwo d3ms22as fected total resources. 44. The net hod @CToISa2/Re4S,
wherein the expected profitability of the transaction is determ ned by

utilizing a tgachabhemybdof AaineSss aldreil @bdhaterm GlnoaoK isWsiete-vizeassess
possi bl e transactions. 45. The nethod of claim43, wherein the nodifying

st ep i ncldesmimel JodiftdeidBle fuhskorsOl erance level to reflect an increase in
total resources. 46. The method of claim45, wherein the nodifying step

i ncl udes nodi fying,th i fraction of total resour. refl ect
change. i n the i s aior ARt 1 S e b EE ach BB E GileeR o
the event that the transac,tio‘%{a not increased total resources, the
nodi fyi ngYEBRNE.FEI3S G2 EPIYRKG P Fn'f“smﬁ}}?& QPPI§®Eeasi ng, but not reducing,
the risk fraction of total resources. 72 WO 03/032248 PCT/ US02/ 26548 48.
The met hod ofdei¢raiinng 3 riskA@ction effetal esppeessio g dgeated 1 the Hgnsapeembaseden not
resources have been exhausted i medi ately after conducting the transaction.
49. The apetadmohedtish wietdcewhel andintiverseptbporting testxppcted paffitattiodiomnd y i n
the event that the transaction has not exhausted the avail abl e resources.
50. The w@ishdnof claim 43, wherein the determ nation of the risk fraction
of total resources includes first determning the | argest acceptable

fraction of t@%@t&fyén%ﬁﬁ&ﬁtﬁﬁl% im R of tRetrAlshQfRl Rzt 4 BscHhbRASREt | ON, and

determning t fraction of total resources so that i1t does not

exceed the | ALgeRlARESRIERG.] " action. 73

determining portions of the risk fraction of total resources to be allocated respectively
to profitable investments of the transaction;

conducting the transaction; and

modifying the risk tolerance level and/or the risk fraction of total resources based on
whether and how the transaction has affected total resources.

44.  The method of claim 43, wherein the expected profitability of the transaction
is determined by utilizing a teachable value assessment neural network model to assess
possible transactions.

45.  The method of claim 43, wherein the modifying step includes modifying the
risk tolerance level to reflect an increase in total resources.

46.  The method of claim 45, wherein the modifying step includes modifying the
risk fraction of total resources to reflect a change in the risk tolerance level.

47. The method of claim 43, wherein in the event that the transaction has not
increased total resources, the modifying step includes only maintaining or increasing, but not

reducing, the risk fraction of total resources.
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48. The method of claim 43, and further comprising determining whether or not
resources have been exhausted immediately after conducting the transaction.

49, The method of claim 48, wherein the modifying step is effected only in the
event that the transaction has not exhausted the available resources.

50. The method of claim 43, wherein the determination of the risk fraction of total
resources includes first determining the largest acceptable fraction of total resources that may
be allocated to the transaction, and determining the risk fraction of total resources so that it

does not exceed the largest acceptable fraction.
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