Document made available under
Patent Cooperation Treaty (PCT)

International application number: PCT/NL2008/050247

International filing date: 25 April 2008 (25.04.2008)

Document type: Certified copy of priority document
Document details: Country/Office: EP

Number: 07106963.7
Filing date: 25 April 2007 (25.04.2007)

Date of receipt at the International Bureau: 13 August 2008 (13.08.2008)

Remark:  Priority document submitted or transmitted to the International Bureau in
compliance with Rule 17.1(a) or (b)

World Intellectual Property Organization (WIPO) - Geneva, Switzerland

the

Organisation Mondiale de la Propriété Intellectuelle (OMPI) - Gengve, Suisse
GOOGLE EXHIBIT 1005

Page 1 of 17

Google v. Mizra
IPR2026-00304



Europiisches Patentamt .

European Patent Office

Office européen des brevets

PCT/NL 2008 /050247

Bescheinigung

Die angehefteten Unterlagen
stimmen mit der urspriinglich
eingereichten Fassung der
auf dem nachsten Blatt
bezeichneten européischen
Patentanmeldung liberein.

Certificate

The attached documents are
exact copies of the
European patent application
described on the following
page, as originally filed.

Attestation

Les documents fixés a cette
attestation sont conformes a
la version initialement
déposée de la demande de
brevet européen spécificée a
la page suivante.

Patentanmeldung Nr.

The organizatioh code and number of your prio

Convention, is EP07106963

EPA/EPO/OEB Form 1014  02.00

Patent application No.

07106963.7 / EP07106963

Page 2 of 17

Demande de brevet n°

rity application, to be used for filing abroad under the Paris

Der Prasident des Europaischen Patentamts;
Im Auftrag

For the President of the European Patent Office

Le President de ['Office européen des brevets
p.o.

Y

R.C. van Dijk




Européisches Patentamt - European Patent Office Office européen des brevets

9

Anheldung Nr: : Anmeldetag:

Application no.:  07106963.7 . Date of filing: 25.04.07
Demande no: Date de dépét:

Anmelder/Applicant(s)/Demandeur(s):

Nederlandse Organisatie voor toegepast-
natuurwetenschappelijk onderzoek TNO
Schoemakerstraat 97

2628 VK Delft/NL

Bezeichnung der Erfindung/Title of the invention/Titre de l'invention:

(Falls die Bezeichnung der Erfindung nicht angegeben ist, S|ehe Beschreibung.
If no title is shown please refer to the descrlptlon )

Si aucun titre n'est indiqué se referer a la description.)

Machine learning hyperparameter estimation

In anspruch genommene Prioritat(en) / Priority(ies) claimed / Priorité(s) revendiquée(s)
Staat/Tag/Aktenzeichen / State/Date/File no. / Pays/Date/Numéro de dépdt:

Internationale Patentklassifikation / International Patent Classification / Classification internationale de brevets:

GO06F19/00

Am Anmeldetag benannte Vertragstaaten / Contracting states designated at date of filing / Etats contractants désignées lors du dépét:

ATBEBGCHCYCZDEDKEEESFIFRGBGRHUIEISITLILTLULV MC MT NL PL PT RO SE SISK TR

EPA/EPO/OEB Form 1014  02.00 2
Page 3 of 17



10

15

20

25

30

1

Machine Learning Hyperparameter Estimation

The present invention relates to hyperparameter estimation. More in
particular, the present ,»inverition relates to a method and device for determining
hyperparameters of classifiers in machine learning systems and applications.

Classifiers are used in machine learning systems to classify physical objects
and/or their _(t_Ypically digital) representations. Machine learning systems may, for
example, be used to assist fruit picking robots. The classifier of the machine learning
system is trained to distinguish ripe fruit (e.g. tomatoes) from unﬁp.e fruit. For each
fruit item, the classifier determines a set of parameters which are compared w1th
stored parameters in order to classify the items as “ripe” or “unripe”. The
classification process is, in turn, controlled by hyperparameters which determine, for
example, decision criteria such as threshold values. |

Classifiers are typically trained using a training set prepared on the basis of
human input: an operator indicates the correct classification for the items of the
training set. On the basis of these training data, the correct hyperparameters of the
classifier can be estimated.

Hyperparameters may be détermined using various methods, for example
heuristic or statistical optimisation methods. However, many heuristic methods are
ad hoc methods, while not'all statistical optimisation methods are suitable for
determining hyperparameters. '

A particularly efficient yet relatively simple method for estimating

~ parameters in general is the cross-entropy (CE) method. This iterative method

comprises the repeated steps of drawing, in a parameterised way, a random sample of
candidate solutions, and updating the parameters on the basis of the random sample.
At the time of writing, the paper “A Tutorial on the Cross-Entropy Method” by P.T.
de Boer et al. could be found at'ht_tp://iew3.technion.ac.il/.CE/tutor.p_ hp , said pﬁper is
herewith incorporated in this document in its entirety.

Unfortunately, the cross-entropy method as described in the above-mentioned
paper is not suitable for determining hyperparameters. Determining optimal sets of
hyperparameter values is a difficult problem due to the extremely large size of the
search space: the optimal solution typically is a rate event. While the cross-entropy
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method—.is—geared—towards-sampl.ing-raré.,ev.ent‘spacés,_it;is,not_a.pr_iat_‘_i_clear how the

process of drawing hyperparam_et_er values can be parameterised, as the
hyperparameter samples are not classical parameterised -probabil.ity density fu_hctioné;

Tt is an object of the pfesent iﬁvelition to overcome these and other problems .'
of the Prior Art and to provnde a method and device for determining hyperparameters |
which allow efficient cross-entropy methods to be utilized.

Accordingly, the present invention prowdes a method of determ1mng

'hyperparameters of a classifier in a machine learning system, the method involving a

cross-entropy algonthm to iteratively produce estimates of the hyperparameters, each
iteration compnsmg the steps of:

- drawing a random sample comprising a plurality of data vectors, and

- up_détin_g ihe hyperparameters _oﬁ the basis of the random sample,
the method being characterised in that each iteration comprises the steps of:

- determining the d,ata've_cior producing the best result in the present iteration,

and | | | |
- updating the hyperparameters using said data vector producing the best result

in the present iteration.

. By determining the data vector producing the best result in the present iteration and

using said data vector to update the hyperparameters, the properties of the best
performinghyp'elparaméters are used to guide the next iteration. In this way, the
cross-entropy method can be used effectively for determining hyperparameters, even
when the hyperparameters are not continuous and their effects are not transparent.

In a preferred embodiment, the method according to the _pfesent invention |
further comprises the ‘st_e_pvof restricting the sample on the basis of the data vector
producing ﬂ.le best result in the previous iteration. The step of restri_cting the sample
preferably involves the use of an interval surrounding the data vector producing the
best result in the present iteration. ,

Ttis prefefred that the step of restricting the sample is carried out prior to the
step of determining the data vector producing the best result in the present iteration.
However, in alternative embodiments, the step of restricting the sample is carried out
during the step of updating the hyperparameters, preferably by using indicator

functions. Said indicator function may have a value equal to one when the result of
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the sample exceeds a threshold value, and ﬁav_e a value equal to zero when the result
of the sample is below the threshold value, )

- In a preferred embodiment, E' is the random sample X', at iteration ¢
producing the best result S(X’; ), the random sample X; having elements X';, wherein
the step of updating the hyperparameters comprises the step of determining the
hyperparameter v, where ' t
S HS(X!) 2y W (X EDX,

[
Vv, =—

S HS(X!) 2y W (X5 E)

i=1

wherein ¥ is a threshold value and Wisa weighting function. The weightjng function

W is preferably given by
> X, -}
FXGE) =1 .
Bo Sy
= j=1

Accordingly, the step of updating the hyperparameters may involve a weighting
function based upon a distance function, preferably a Euclidean distance function. It
is noted that when Euclidean distance between E* and X; is zero, the weighting
function W is equal to one.

The method according to the present invention is typically carried out by

computer apparatus, for example a general purpose computer system comprising a

processor and an associated memory, one part of the memory storing a software
program for instructing the processor to carry out the method steps of the present

invention, and another part of the memory storing data, said data comprising the

hyperparameter values referred to above.

The present invention also provides a computer program product for carrying
out the method as defined above. A computér program product may comprise a set of
computer executable instructions stored on a data carrier, such as a CD or a DVD.
The set of computer executable instructions, which allows a programmable computer
to carry out the method as defined above, may also be available for downloading

from a remote server, for example via the Internet.
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- Th'e‘present“inv_ention'additionallypr_o‘vides7é'classiﬁcr'for‘useinfa”ma,chine
leamning system, the classifier being arranged for using hyperparameters as control

parameters, wherein the hyperparameters have been determined by the method

- according to any of the preceding claims. The classifier is preferably embodied in

software, but may also be embodied in hardware, or in a combination of hardware
andso_ﬁwarc.

~ The preéent invention still further provides a device for determining

~ hyperparameters of a classifier in a machine learning system, the device comprising a

prdc,ess_or arranged for carrying out a cross-entropy algorithm to iteratively produce
estimates of the hyperparameters, each iteration comprising the steps of:

- d_raw.ihg arandom sample comprising a plurality of data vectors, and

- updating the hyperparameters on the basis of the random sample,

the device being characterised in that the processor is arranged such that each

~ jteration comprises the steps of:

- determining the data vector producing the best result in the present iteration,
“and , |
- updating the hyperparameters using said data vector producing the best result

in the present iteration.

A machine learning system comprising a device as defined above and/or arranged for

carrying out the method as defined above is also provided by the prés_ent invention.

The machine learning system may comprise hardware and/or software components.

The present inventibn will further be .exp‘laihed below with reference to
exemplary embodiments illustrated in the accompanying drawings, in which: |
Fig. 1 schematically shows \é classifier having hyperparameters as input
control variables. - .
_ Fig. 2 schematically shows a device for determining hyperparameters
according to the present invention. | ‘

Fig. 3 schematically shows a machine learning system according to the

present invention.
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‘The classifier 1 shown schematically in Fig. 1 receives feature data FD and
hyperparameters HP, and produces élassiﬁcaﬁon.data CD. The feature data FD may
include image data produced by a CCD (Charge Coupled Device) an'ay or other
light-sensitive device. Additionally, the feature data FD may include sound data or -
data concerning database items, such as library data (book numbers and titles). The
classifier may be constituted by an. apparatus (hardware embodiment), but is
preferably constituted by a software program running on a computer apparatus, for
exﬁmple a general purpose computer (“personal computer”), a dedicated computer,
or other suitable apparatus. | .'

The classifier 1 is capable of classifying the items represented by the input

feature data FD. The feature data FD typically comprise parameters of the items, for

éx'ample their size and/or colour in the case of fruit or machine parts. Under control
of the hyperparameters HP the items are each assigned to a class, for example “ripe”
in the case of fruit. At least two different classes are used, and typically an item is
assigned to one class only

The hyperparameters HP determine the a decision ﬁ1ﬂction of the classifier:

- items that classifies items. For example, when this function is based upon ’

thresholding, items producing an aggregate value (derived from the feature values)
equal to or greater than the threshold are asSigned to class A, while items producing a -
value smaller than the fhreshold are assigned to class B. It is noted that other
classification techniques may be used as well.

Applications of the classifier 1 include picking fruit, sorting parts (e.g.
machine parts), classifying books, selecting songs, recognising adult video material,
detecting damage, etc..

The present invention allows the cross-entropy (CE) method to be used for
estimating and determining hyperparameters. To this end, the present invention
proposes to include a memory facility into the CE algorithm by preserving samples
which produce a good result (the result being defined by a suitable function, such as
a loss function). Additionally, or alternatively, the sampling of candidate
hyperparameter settings is made dependent on the (hyper)parameter vector updated

by the CE algorithm, and/or a suitably weighting function (also known as “change of
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‘measure”-or-“likelihood ratio™ in-the-CE-algorithm)-guiding the.search process
should be provided. ‘ |

The method of the present inventionuseé ‘parameters N, _,b._and M which are
Wpically predetermined. It is noted that these parameters may be thought of as
hyperparamet.ér;s of the method but are distinct from the hyperparameters to be
determined by the method. The parameter N represents the number of random drawé;
the parameter N may for example be equal to 10, 100 'of 1000. In the iterations a-
parameter n is uscc'lkwh’ich represents the _sizé 6f each data vector, that is, the number
of elements X,j of each data vector X;. The parameter n may for example be equal to
5, 10 or 100, although other numbers are also _possible. The parameter prepresents a

fraction and may have a valu'e ranging from 0.2 to 0.01, although other values may

also be used. The width parameter 4 which will be explained in more detall below,

md1cates a prefened sampling interval. ,
' The initial set of hyperparameters, the hyperparameter vector #, can typically

be chosen arbltrarlly Each estimated hyperparameter vector v at point in time (or

iteration number) ¢ consists of hyperparameters V. _

In the present invention, the “best” data vector (or datum) X’ of iteration ¢ is
kept for use in the next iteration and is denoted E'. This best data vecfo_r is found
using a function S(X’) which may be a loss function or any other suitable function
producing a result value based upon X, the value .of.X corresponding with the

~ maximum value of S(X) is denoted argmax S(X). In additioh, the values of S(X’) are
ranked and are used to determine a threshold #, involving p and N to determine the
((1-p)N)™ value of S.

Then the hyperparameters are determined using'an expression involving
indicator functions /{S(X") 2/} and weighting functions W(X;;E). The indication
functions are equal to 1 when S(X’) > ¥ and equal to 0 when S(X*)< . The weighting

functions W(X;;E"), also known as “change of measure” functions, have the data

vector elements .X; (actually X',-)‘_énd E' as input variables. This implies that the b_és’t
data vector E' of the present iteration is used to determine the hyperparameters.
The weighting function W(X*; E) is preferably defined as:

Page 9 of 17



10

15

20

25

7

- IZ(X E)2
W(XE)=1-—2L2

\/z< 5

J=1 J=1

M

This function produces a value of 1 when the Euclidean distarice between a sample
and the “best” sample is 0.

Accordingly, a preferred embodlment of the method according to the present
invention comprises the following ste_ps.

1. Choose initial parameters N, pand x and generate an initial hyperparameter

vector u.
2. Let 0 = E® = 4 and set iteration number ¢ = 1.
3. Generate a random sample X*;, ..., X', restricted by_.E’"_. Compute the

performance S(X*) for every value of i and rank the results: Sy <... $Sp).
Compute 7 = Spercenste and compute E' = argmax S(X).
4.  For every hyperparameter v let
ZI{S(X') 2y (X, E")Xz'
v, = @
ZI{S(X )2y }W(X:,E')

i=1

5. Let ¢ := t+1, repeat from step 3 until the stop condition is met.

The final set v of j hyperparameters v; is the desired optimal set.

By using the best sample E; in hyperparameter estimation / ubdate formula
(2), the better results are reinforced, leading to a more efficient convergence of the
method. In addition, any discontinuity problems associated with hyperparameters are
overcome by the method of the present invention.

The stop criterion is preferably a non-changing value of the parameter ¥
during a number of iterations, but.éould also be a threshold value. The value Spercenite
is determined using the ((1-p)N)™ value of S in the ranking S;) ... <8, Where
rounding up may be used if this value is not an integer.

~ The restriction which is applied when generating a random sample at time # in

step 3 may be defined by the interval:
[ * A=), B * (14 )] 3)
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where uis a width parameter and “*” denoted multiplication. If the sample X', lies

within this interval, its distance relative to the best sample E, of the previous

iteration is limited to the value of 4. It is noted that the use of this interval is

advantageous but not essential.
Altematlvely, the restriction could be applxed by using indicator functlons
X' y~, E  which are equal to 1 when X',, deviates less than  from E'; and equal to

0 when this is not the case. Formula (2) may then be rewritten as:

S s 2 I{X' ~ B WXSE, B
v;. = — - (23)
> IS 2y VIX, ~, B3 (XE E™Y

l-—-l

where

. N |
/4 X‘,E' E)=ex - 1L~ = (a).
( )=exp IZ; ,,[E, E,_,D [1% (1a).

The device 2 for determining hyperparameters comprises a proéessor 21 and

an associated memory 22. The memory stores both instructions for the processor and

data. The device 2 receives parameters P, such as the parameters pand u mentioned
above, and outputs hyperparameters HP. The stored instructions allow the processor
to carry out the- method according to the present invention.

| The machine learning _System 10 shown merely by way of non-limiting
example in Fig. 3 comprises a classifier 1 and a device 2 for determining

hjperparameters. The machine learning system 10 may further comprise at least one

- sensor 3 and a display screen 4. The sensor 3 serves to collect data while the display

screen 4 serves to display classification result and othcr data.

The present invention is based upon the insight that the cross-entropy method
can be adapted f;Jr hyperparameter estimation by addmg a best performance
preservation feature. The present invention benefits from the additional insight that
the best performance ina particular iteration may be preserved by restricting the |
sample using the best performance of the _pfevious iteration. )

It is noted that any terms used in this document should not be construed so as
to limit the scope of the present invention. In particular, the w_ords “comprise(s)” and

“comprising” are not meant to exclude any elements not specifically stated. Single
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(circuit) elements may be substituted with thulﬁple (circuit) elements or with their
equivalents.
| It will be understood by those skilled in the art that the 'p.r’esent invention is
not limited to the embodiments illuétratcd above and that many modifications and
additions may be made without departing from the scope of the invention as defined

in the appending claims.
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Claims-

1. A method of determining hyperparameters (HP) of a _classiﬁer (ina

machine learning system (10), the method involving a cross-entropy algorithm to
iteratively pfoduce estimates of the hyperparamefers,’ each iteration comprising the
steps of: | | | |

- drawing a random sample comprising a plura‘lity'of data vectors, and

- “updating the hyper_parameters on the basis of the random sample,
the method being characterised in that each iteration comprises the steps of:

- determining the data vector producing the best result in the present iteration;

o _ _
- u_bdating the hyperparameters using said data vector producing the best result

in the present iteration.

2. The method according to claim 1, further comprising the step of restricting
the sample on the basis of the data vector producing the best result in the previous

iteration.

3. The method according to claim 2, wherein the step of restricting the sample
involves using an interval surrounding the data vector producing the best result in the

present iteration.

4. The method according to claim 2 or 3, wherein the step of restricting the

sample is carried out prior to the step of determining the data vector producing the

‘best result in the present iteration.

5. The method according to claim 2 or 3, wherein the step of restricting the
sample is carried out during the step of updating the hyperparameters, preferably by

using indicator functions.

6. The method according to any of the preceding claims, wherein the step of

updating the hyperparameters involves a weighting function.
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7. " The method accordmg to any of the precedmg claims, wherem E'is the
random sample X'; at iteration t producing the best result S(X*; ), the random sample
X'; having elements X’,-,-, ‘wherein the step of updating the hyperparameters comprises
the step of determining the hyperparameter v, where

ZI{S(X')>7 }W(X-‘;E‘)Xf-
t - i=1 ‘

v, =
ZI{S(X') 2y }W(X.',E')

=l _

2

‘wherein ¥ is a threshold value and # is a weighting function.

8. The method according to claim 7, wherein the weighting function # is given
by '

Z(Xt ET)2
W(XE) =1~ =

\/Z;(X )2@(3‘

9. The method .accdrding to any of the preceding claims, carried out by

computer apparatus.

10. A computer program product for carrying out the meﬂlod.according to any of
the preceding claims. '

11. A classifier for use in a machine learning system, the classifier being
arranged for using hyperparameters as control parameters, wherein the
hyperparameters have been determined by the method according to any of the .

preceding claims.

12. ° A device (2) for determining hyperparameters ofa classifier in a.maéhine

learning system (10), the device comprising a processor (21) arranged for carrying

out a cross-entropy algorithm to iteratively produce estimates of the

hyperparameters, each iteration comprising the steps of:
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- drawing a random sample éomprising a plurality of data vectors, and
- updating the hyperparameters on the basis of the random sample,
the device being characterised in that the processor is arranged such that each
iteration comprises the steps of: , _
- determining the data ‘vector producing the best result in the preserit iteration,
and } |
- updating the hyperparameters using said data vector producing the best result

in the present iteration.

13.  The device according to claim 11, wherein the processor (21) is further

arranged for restricting the sample on the basis of the data vector producing the best

result in the previous iteration.

14. A machine learning system (10), comprising a device (2) according to claim
12 or 13.
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Abstract

A method of determining hyperparameter:s' (HP) of a classifier (1) in a :
machine learning system (10) uses a cross-entropy method to iteratively produce
estimates of the =hyperpar_ametefs. The method éomprises the steps of determining the
data vector producing the best result in the present iteration, and updating the
hyperpar_'ametérs (HP) ‘using said data vector producing the best result in the present
iteration. The sample may be restricted on the basis of the data vector produéing the
best result in the previous iteration.

[Fig. 3]
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