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Abstract:�Nowadays�practical�solutions�of�engineering�problems�involve�model-integrated
computing.�Model�based�approaches�offer�a�very�challenging�way� to� integrate�a�priori
knowledge� into� the� procedure.� Fuzzy� and� neural� network� based� models� can� also
successfully�be�applied�in�cases�of�highly�nonlinear�problems,�where�only�partial,�uncertain
and/or�inaccurate�data�is�available.�Although,�even�their�use�is�limited�by�the�exponentially
increasing� computational� complexity.� In� this� paper� the� applicability� of� (Higher�Order)
Singular� Value� Decomposition� based� Soft� Computational� models� is� analyzed� with� an
extension�towards�anytime�usage.
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1 Introduction
Nowadays�practical�solutions�of�engineering�problems�involve�model-integrated
computing.�This�integration�means�that�the�available�knowledge�is�represented�in�a
proper�form�and�acts�as�an�active�component�of�the�procedure�(computer�program)
to�be�executed�during�the�operation�of�the�measuring�and�control,�etc.�devices.
Thus,�model�based�approaches�offer�a�very�challenging�way�to�integrate�a�priori
knowledge�into�the�procedure.

����������������������������������������������������������
1�This�work�was� sponsored� by� the�Hungarian� Fund� for� Scientific� Research� (OTKA�T
035190)



In�case�of�linear�problems�very�well�established�methods�are�available�and�they
are� successfully� combined� with� adaptive� techniques� to� provide� optimum
performance.�Nonlinear�techniques,�however,�are�far�from�this�maturity.�There�is�a
wide�variety�of�possible�models�to�be�applied�based�on�both�classical�methods�[1]
and�recent�advances�in�handling� information�[2]�but�up� till�now�practically�no
systematic�method�was�available�which�could�be�offered�to�solve�a�larger�family
of�nonlinear�engineering�problems.�The�efforts�on�the�fields�of�fuzzy�and�neural
network�(NN)�modeling�and�control�seem�to�result�in�a�real�breakthrough�in�this
respect� (see�e.g.� [3]).�These� techniques�can�be�applied�even� in�cases�when�no
analytical�knowledge�is�available�about�the�system,�the�information�is�uncertain�or
inaccurate,�or�when�the�available�mathematical�form�is�too�complex�to�be�used.
Although,� the� use� of� fuzzy� and� NN� models� is� limited� by� their� exponentially
increasing�complexity�and�we�can�easily�get�into�trouble�when�the�problem�is�very
complex�with�probably�large�number�of�parameters�especially�when�only�partial
and�uncertain�measured�data�is�available�about�the�system�to�be�modeled.
Singular�Value�Decomposition� (SVD)� technique�has� successfully�been� used� to
reduce�the�complexity�of�a�large�family�of�systems�based�on�both�classical�and�soft
techniques�[4].�An�important�advantage�of�the�SVD�reduction�technique�is�that�it
offers�a�formal�measure�to�filter�out�the�redundancy�(exact�reduction)�and�also�the
weakly�contributing�parts�(non-exact�reduction).�This�implies�that�the�degree�of
reduction� can� be� applied� according� to� the� maximum� acceptable� error
corresponding� to� the� temporal� circumstances.� In� case� of� multi-dimensional
problems,�the�SVD�technique�can�be�defined�in�a�tensor�product�form,�i.e.�Higher
Order�SVD�(HOSVD)�can�be�applied.
SVD� is� serious� candidate� to� overcome� the� complexity� problems� arising� in
modeling�of� complex� systems�where�we� have� an� analytical� description� of� the
system,�which�is�too�complicated�to�be�handled�or�if�we�have�a�system�represented
by�input-output�sample�pairs.�In�these�cases�we�can�build�a�model�approximating
the�system�using�local�(linear)�models.�Such�techniques�include�Takagi-Sugeno
(TS)�fuzzy�model�approximation�[5]�or�polytopic�model�approximation�(PMA).
These�methods�have�theoretically�a�universal�approximation�property,�however,�it
can� not� be� really� exploited� because� they� have� an� exponentially� increasing
complexity�growing�with�the�number�of�parameters.�This�means�that�if�the�number
of�the�local�units�is�bounded�then�the�built�model�will�only�be�an�approximation�of
the�original�system.�Thus,�we�have�to�find�a�balance�between�the�computational
complexity�and�the�accuracy.�On�the�other�hand,�after�ensuring�a�needed�or�given
accuracy,�which�may�mean�the�application�of�a�huge�number�of�local�models,�the
computational�complexity�can�be�reduced�by�applying�some�kind�of�exact�or�non-
exact�complexity�reduction�method�like�SVD.
A� further� reason� for� dealing� with� so� called� soft� computational� model� based
techniques� is� that� in� computer-based� monitoring� and� diagnostic� systems� the
operations�should�be�performed�under�prescribed�response�time�conditions.�It�is�an
obvious�requirement�to�provide�enough�computational�power�but�the�achievable
processing�speed�is�highly�influenced�by�the�precedence,�timing,�and�data�access
conditions�of�the�processing�itself.�It�seems�to�be�unavoidable�even�in�the�case�of
extremely�careful�design�to�get� into�situations�where�the�shortage�of�necessary



data� and/or� processing� time� becomes� serious.� Such� situations� may� result� in� a
critical�breakdown�of�the�monitoring�and/or�diagnostic�systems�[6].�The�concept
of��“anytime”�processing�tries�to�handle�the�case�of�too�many�abrupt�changes�and
their�consequences�in�larger�scale�embedded�systems�[7].�The�idea�is�that�if�there
is�a�temporal�shortage�of�computational�power�and/or�there�is�a�loss�of�some�data
the�actual�operations�should�be�continued�to�maintain�the�overall�performance�“at
lower�price”,�i.e.,�information�processing�based�on�algorithms�and/or�models�of
simpler�complexity�should�provide�outputs�of�acceptable�quality�to�continue�the
operation� of� the� complete� system.� The� accuracy� of� the� processing� will� be
temporarily� lower� but� possibly� still� enough� to� produce� data� for� qualitative
evaluations� and� supporting� decisions.� Consequently� “anytime”� processing
provides�short� response� time�and� is�very� flexible�with� respect� to� the�available
input�information�and�computational�power.
The� novelty� of� the� paper� is� that� it� proposes� a� uniform� frame� for� a� family� of
modeling�methods�based�on�soft�computing�techniques�together�with�an�anytime
extension.� This� results� in� low� (optimal� or� nearly� optimal)� computational
complexity,� easy� realization,� robustness,� a� possibility� to� maintain� continuous
operation,�and�to�cope�with�the�limits�arising�in�the�system�or�in�its�environment.
Furthermore,�the�accuracy�can�also�easily�and�flexibly�increased�and�we�do�not
need�any�a�priori�or�expert�knowledge�about�the�system�to�be�modeled.��It�can�be
used�either�when�a�mathematical�description�(possibly�too�complex�to�be�handled)
or�when�only� (possibly�partial,� inaccurate,� and�uncertain)�measurement�data� is
available.
The�paper� is� organized� as� follows:� in� the� first� section� the�generalized� idea�of
anytime�processing�is�introduced,�while�in�the�second�the�basics�of�singular�value
decomposition� are� summarized.� Section� three� is� devoted� to� the� complexity
reduction� of� models� based� on� soft� computing� techniques.� In� the� next� section
Takagi-Sugeno�fuzzy�model�approximation�is�briefly�discussed�which�is�followed
by�two�sections�with�the�ideas�of�anytime�modeling�and�anytime�control.

2 Anytime�processing
Today�there�is�an�increasing�number�of�applications�where�the�computing�must�be
carried� out� on-line,� with� a� guaranteed� response� time� and� limited� resources.
Moreover,� the� available� time� and� resources� are� not� only� limited� but� can� also
change�during�the�operation�of�the�system.
Good� examples� are� the� modern� computer-based� diagnostics� and� monitoring
systems,�which�are�able�to�supervise�complex�industrial�processes�and�determine
appropriate�actions�in�case�of�failures�or�deviation�from�the�optimal�operational
mode.�In�these�systems,�for�the�diagnosis�usually�the�model�of�the�faultless�system
is�used�and�the�evaluation�of�the�model�must�be�carried�out�on-line,�thus�the�model
must�not�only�be�correct,�but�also�treatable�by�the�limited�resources�during�limited
time.�Moreover,�if�some�abnormality�occurs�in�the�system’s�behavior,�some�kind
of�fault�diagnostic�task�should�also�be�completed�meaning�the�reallocation�of�a



part�of�the�finite�resources�from�the�evaluation�of�the�system�model�to�this�task.
Also�in�case�of�an�alarm�signal,�lower�response�time�may�be�needed.
In� these� cases,� the� so-called� anytime� algorithms� and� systems� [8]� can� be� used
advantageously,� which� are� able� to� provide� guaranteed� response� time� and� are
flexible�in�respect�to�the�available�input�data,�time,�and�computational�power.�This
flexibility�makes�able�these�systems�to�work�in�changing�circumstances�without
critical� breakdowns� in� the� performance.� Naturally,� while� the� information
processing�can�be�maintained,�the�complexity�must�be�reduced,�thus�the�results�of
the�computing�become�less�accurate�[9].
The�algorithms/computing�methods,�which�are�suitable�for�anytime�usage�have�to
fulfill�the�following�expectations:

•� Low�complexity:� for� the�optimized�behavior� the� results�must�be�produced
with�as�little�computing�as�possible,�i.e.�the�redundant�calculations�must�be
omitted.

•� Changeable,�guaranteed�response�time/computational�need�and�accuracy:�the
achievable�accuracy�of�the�results�and�the�necessary�amount�of�computing
time/resources�must�be�flexibly�changeable�and�usually�known�in�advance.

•� Known�error:�the�error,�originating�from�the�necessary�model�“fitting”�(e.g.
complexity�reduction�resulting�in�non-exact�solutions)�must�also�be�known,�to
be�able�to�find�the�optimal�or�at�least�still�acceptable�solution�in�the�given
circumstances,�and�to�be�able�to�compute�the�resultant�error�of�the�outputs.

Iterative� algorithms� are� popular� tools� in� anytime� systems,� because� their
complexity� can� be� easily� and� flexibly� changed.� These� algorithms� always� give
some�-�not�accurate�-�result,�and�more�and�more�accurate�results�can�be�obtained,
if� the� calculations� are� continued.� A� further� advantageous� aspect� of� iterative
algorithms� is� that�we� don’t� have� to� know� the� time/resource-need� of� a� certain
configuration�in�advance,�the�calculations�can�be�continued�until�the�results�are
needed.�Then�by�simply�stopping�the�calculations,�always�in�the�given�conditions
achievable�most�accurate�results�are�obtained.
Unfortunately,�the�usability�of�iterative�algorithms�is�limited.�While�there�is�a�wide
range� of� problems,� which� can� be� solved� by� iterative� algorithms,� adequate
evaluation�methods�can�not�always�be�found.�Not�only�the�existence�of�some�kind
of� iterative� evaluation� method� can� be� a� problem,� even� more� frequently� the
accuracy�of�the�results�is�unknown:�we�only�know,�that�the�algorithm�gives�more
and�more�accurate� results,�but�we�do�not� know,�how�much� time� is� needed� to
achieve�a�given�accuracy�or�what�will�be�the�rate�of�error�if�the�calculations�are
stopped�at�a�given�point.
Besides� the� iterative� algorithms,� a� wide-range� of� other� types� of� computing
methods/algorithms� can� be� applied� in� anytime� systems,� as� well,� if� a� modular
architecture� (Fig.� 1.)� is� used� [10].�The� applicability� of� this� technique� is�more
general� with� a� burden� of� lower� flexibility� and� it� needs� extra� planning� and
considerations.
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Fig.�1.�Anytime�system�with�modular�architecture

Using� this� latter� solution,� each� module� of� the� system� offers� several
implementations� (characterized�by�different� attribute-values)� for� a� certain� task.
The� units� within� a� given� module� have� uniform� interface� (same� set� of� inputs,
output,�and�solve�the�same�problem)�but�differ�in�their�computational�need�and
accuracy.�At�a�given�time,�in�the�knowledge�of�the�temporal�conditions�(tasks�to
complete,�achievable�time/resources,�needed�accuracy,�etc.)�an�expert�system�can
choose�the�adequate�configuration,�i.e.�the�units,�which�will�be�used.�This�means
the�optimization�of�the�whole�system�instead�of�individual�modules,�i.e.�in�some
cases�it�can�be�more�advantageous�to�reduce�the�computational�complexity�and
accuracy�of�some�parts�of�the�systems�and�rearrange�the�resources�to�an�other,�at
the�moment�more�important�task.
Although,� the� units� implementing� a� certain� task� may� have� different� internal
structure,�from�several�point�of�view�(see�e.g.�[10])�it�is�advantageous�if�they�are
built�of�similar�structure.�In�this�case�the�adaptation�or�change�between�the�units
means�only�the�change�of�some�parameter�set.

3 Singular�Value�Decomposition
The�SVD-based�complexity�reduction�algorithm�is�based�on�the�decomposition�of
the�F�matrix:

F A B An n n n n n n n
T

( ) ,( ) ( ) ,( )1 2 1 1 1 2 1 21 2× × × ×= � (1)



where�Ak�are�orthogonal�matrixes�( A A Ek k
T = ),�and�B�contains�the� λi �singular

values�of�F�in�decreasing�order.�The�maximum�number�of�the�nonzero�singular
values�is�n n nSVD = min( , )1 2 .�The�singular�values�indicate�the�significance�of�the
corresponding�columns�of�Ak.�Let�the�matrices�be�partitioned�in�the�following�way:
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denotes�“reduced”�and�n nr SVD≤ .

If� Bd� contains� only� zero� singular� values� then� Bd� and� Ak
d � can� be� dropped:

F A B Ar r rT= 1 2 .� If� Bd� contains� nonzero� singular� values,� as� well,� then� the

F A B Ar r rT'= 1 2 �matrix�is�only�an�approximation�of�F�and�the�maximal�difference

between�the�values�of�F�and�F’�[11]:
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For�higher�order�cases�Higher�Order�SVD�(HOSVD)�can�be�applied�in�a�similar
way�(see�e.g.�[12]).
Here�we�have�to�remark�that�if�SVD�is�applied�to�a�two�dimensional�matrix�then�it
can� be� proved� that� the� resulting� matrix� of� lower� rank� will� be� the� best
approximation�of�the�original�matrix�in�least-squares�sense�(i.e.�the�reduction�is
“optimal”).�Although,�if�HOSVD�is�applied�then�the�minimum�property�does�not
hold�anymore.�We�can�state�only�that�the�“significant”�singular�values�will�have
the� lower� indices,� however� in�most� cases� if� there� is� a� considerable� difference
among�the�singular�values�it�results�in�an�approximation�which�is�very�near�to�the
possible�best�one.

4 Exact�and�Non-Exact�Complexity�Reduction�of
Neural�Network�and�Fuzzy�Models�Based�on�SVD
�SVD� based� complexity� reduction� can� be� applied� to� various� types� of� soft
computational� systems.� Here,� as� examples� the� complexity� reduction� of� the
product-sum-gravity� fuzzy�systems�with� singleton�consequents� (PSGS)�and� the
reduction�of�generalized�neural�networks�(GNN)�will�be�presented.

�



�4.1 Reduction�of�fuzzy�rule-bases�with�SVD

�Consider�a�fuzzy�rule�base�with�two�inputs,�where�the�antecedent�fuzzy�sets�are�in
Ruspini-partition�and�the�consequence�fuzzy�sets�are�singletons.�So�the�rules�are:

�Ri j, :�If� x1 �is� A i1, �and� x2 �is� A j2, �then� y = yi j, ,��where�i n= 1 1... �and� j n= 1 2... .

�
�The�fuzzyfication�method�is�singleton�and�during�the�inference,�product�T-norm
and� sum� S-norm� are� used.� � The� result� of� the� fuzzy� inference� in� case� of� the

( , )* *x x1 2 �input�values�will�be:

�

� y y x xi i A A
i i i i

*
,.

* *

,. , ,
( ) ( )= ∑

1 2 1 1 2 2
1 2

1 2μ μ . (3)

�
�Let�F�be�a�matrix,�containing�the� yi j, �elements,�then�apply�the�above�mentioned

procedures� to� obtain� F F A BAT≈ =' 1 2 ,� where� A1� and� A2 � are� SN� (Sum-
Normalized:�the�sum�of�each�row�equals�to�one)�and�NN�(Non-Negative).�Then
the�new�rule-base�will�be:
�
�R i j' , :�If� x1 �is� A i' ,1 �and� x2 �is� A j' ,2 �then� y = y i j' , ,

�

�where�i nr= 1 1... ,� j nr= 1 2... ,� y i j' , �are�the�elements�of�B,�and�the�new�membership

functions�can�be�obtained�as:
�
� μ μA k A k k j i

jk i k j
x x A' , ,, ,

( ) ( )= ∑ , � (4)

�

�where� ijkA ,, �is�the�(j,i)th�element�of� kA .

�The�reduced�rule-base�contains�only� nr
2 �rules�instead�of�n1*n2�rules�and�the�error

can�be�estimated�from�the�discarded�singular�values.
The�method�can�be�extended�to�n-dimension�cases�by�applying�HOSVD.
PSGS�fuzzy�systems�can�be�evaluated�iterative-type�in�anytime�systems.�The�proof
and�the�necessary�transformation�is�described�in�[17].

4.2 Reduction�of�neural�networks�with�SVD

�The� classical� multi-layer� neural� network� can� be� generalized,� if� the� non-linear
transfer�functions�are�moved�from�the�nodes�into�the�links.�It�results�in�neurons
that� apply� only� a� sum� operation� to� the� input� values,� and� links� that� are
characterized� by� possibly� non-linear� weighting� functions,� instead� of� simple
constant�weights.



�Let�us�focus�on�two�neighbouring�layers�l�and�l+1�of�a�forward�model.�Let�the
neurons�be�denoted�as� ilN , ,� lni ..1= �in�layer�l,�where� ln �is�the�number�of�neurons.

Further,� let� input� values� of� ilN , � be� kilx ,, ,� 1..1 −= lnk � and� its� output� ily , .� The

connection�between�layers�l�and�l+1�can�be�defined�by�the� )( ,,, ilijl yf �weighting

functions�( 1..1 += lnj ).�Thus

�
� )( ,,,,,1 ilijlijl yfx =+ � (5)

�
�Therefore,�the�output�of�neuron� jlN ,1+ �will�be

�

� ∑=
=

+
ln

i
ilijljl yfy

1
,,,,1 )( . � (6)

�
�The�weighting�functions�can�also�be�changed�during�the�training:�the�unknown
weighting�functions�are�approximated�with�linearly�combined�known�functions,
where�only� the�linear�combination�must�be�trained.�For� this�approximation� the
above�described�PSGS�fuzzy�systems�can�be�used,�with�one�input�and�one�output:
�
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�
�To�reduce�the�size�of�a�generalised�neural�network� the�SVD-based�complexity
reduction�can�be�used.�Eq.�(7)�can�always�be�transformed�into�the�following�form:
�
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�

�where�“r”�denotes�“reduced”,�further� 11 ++ ≤ l
r
l nn �and� il

r
il mmi ,,: ≤∀ .

�The�reduced�form�is�represented�as�a�neural�network�with�an�extra�inner�layer
between� layers� l� and� l+1.�Between� the�original� layer� l� and� the�new� layer� the
weighting�functions�are�approximated�from�the�reduced�PSGS�fuzzy�systems,�and
layer�l+1.�simply�computes�the�weighted�sum�( al j z, , )�of�the�outputs�of�the�new

layer.

�The�reduction�means�the�reduction�of�the� [ ]B bl j i t= , , , �three-dimensional�matrix

by� using�HOSVD.�The�maximal� error� of� the� resulting� neural� network� can� be
computed�from�the�discarded�singular�values�[13],�[14].



5 Takagi-Sugeno�Fuzzy�Model�Approximation
Takagi-Sugeno� (TS)� fuzzy� modeling� is� a� technique� to� describe� a� nonlinear
dynamic�system�using� local� linearized�models� [5].�The� idea� is� that� the� system
dynamics� is� captured� by� a� set� of� fuzzy� implications,� which� characterize� local
regions� in� the� state� space.�The�overall� fuzzy�model� i.e.� the�description� of� the
whole�system�is�achieved�by�the�convex�combination�-�fuzzy�blending�–�of�the
linear�models.�The�combination�is�usually�defined�by�an�array�of�local�models�and
the�tensor�product�of�basis�functions,�which�express�the�local�dominance�of�the
local�models.�Using�the�TS�fuzzy�model�approximation,�the�controller�design�and
Lyapunov� stability� analysis� reduces� to� solving� the� Linear� Matrix� Inequalities
(LMIs)�problem.
TS� fuzzy� modeling� technique� can� be� used� both� if� we� have� an� analytical
description�of�the�system,�i.e.�the�system�is�given�e.g.�by�differential�equations�or
if�only�input-output�samples�are�given,�thus�we�make�a�black-box�modeling.�In�the
first�case�we�are�to�sample�the�system�over�a�rectangular�hyper-grid,�which�leads
to�a�similar�problem�as�black-box�modeling,�accept�that�in�this�case�the�samples,
i.e.�the�approximation�points�can�directly�serve�as�linear�models,�while�in�the�latter
case�we�have�to�evaluate�a�Lagrange�interpolation�to�adapt�the�local�models�to
force�the�overall�model�to�copy�the�behavior�of�the�system�in�the�sampling�points.
TS�fuzzy�models�are�theoretically�universal�approximators.�Despite�this�advantage
their� use� is� practically� limited,� because� their� computational� complexity� grows
exponentially� with� the� number� of� parameters� and� the� universal� approximation
property�doesn’t�hold�if�the�number�of�antecedent�sets�are�limited�[15].�Thus,�if�we
want�to�get�a�good�approximation�we�usually�have�to�apply�a�high�number�of
antecedent� fuzzy� sets� with� a� burden� of� possibly� unmanageable� complexity.
Consequently,� methods� helping� to� find� the� minimum� number� of� necessary
building�units�to�a�given�accuracy�are�highly�desirable.
SVD�(or�HOSVD)�is�an�excellent�tool�for�the�above�purpose.�It�can�not�only�be
used�to�filter�out�the�redundancy�of�a�system.�The�singular�values�can�be�applied
for�the�decomposition�of�the�system,�as�well�and�they�indicate�the�degree�of�the
significance�of�the�decomposed�parts,�i.e.�in�which�extent�they�contribute�to�the
output�of�the�overall�system.�Thus,�if�it�is�necessary�or�advantageous�we�can�apply
a� further� non-exact� reduction� to� decrease� the� computational� complexity� by
truncating�the�model,�i.e.�by�discarding�the�weakly�contributing�parts�to�find�the
trade�off�between�computational�complexity�and�accuracy.

6 Anytime�Modeling:�Complexity�Reduction�and
Improving�the�Approximation
With�the�help�of�the�SVD-based�reduction�not�only�the�redundancy�of�the�rule-
bases�(or�neural�nets)�can�be�removed,�but�further�reduction�can�also�be�obtained,
considering�the�allowable�error.�This�latter�can�be�down�adaptively�according�to



the�temporal�conditions,�thus�offering�a�way�to�use�soft�computational,�i.e.�fuzzy
and�generalized�neural�network�(NN)�based�models�in�anytime�systems.
The�method�also�offers�a�way�for�improving�the�model�if� later�on�we�get� into
possession� of� new� information� (approximation� points)� or� more� resources.� An
algorithm� can� be� suggested�which� finds� the� common� minimal� implementation
space� of� the� compressed� original� and� the� new� approximation� points,� thus� the
complexity�will�not�exploit�as�we�include�new�information�into�the�model�(for
more�details�see�[16]).�These�two�techniques,�nonexact�complexity�reduction�and
the�improvement�of�the�approximation�accuracy�ensure�that�we�can�always�cope
with� the� temporarily� available� (finite)� time/resources� thus� find� the� balance
between�accuracy�and�complexity.
The� steps� of� using� anytime� models� are� the� followings:� First� a� practically
“accurate”�fuzzy�or�NN�system�is�to�be�constructed.�For�the�determination�of�the
rule-base�expert�knowledge�can�be�used.�Further�improvement�can�be�obtained�by
the�use�of�training�data�and�some�learning�algorithm.
In� the� second� step� applying� the� SVD-based� complexity� reduction� algorithm� a
reduced�but�accurate�model�can�be�generated.�To�make�possible�the�use�of�the
model�in�anytime�systems,�either�the�iterative�algorithm�described�in�[17]�can�be
followed�or�further�variations�of�the�rule-base�of�the�model�must�be�constructed,
with� different� accuracy� and� complexity.� An� alternative� rule-base� can� be
characterized�by�its�complexity�and�its�error�that�can�be�estimated�by�the�sum�of
the�discarded�singular�values.
In�this�latter�case�the�different�rule-bases�form�the�different�units�realizing�a�given
module�(Fig.�1.).�The�expert�system,�monitoring�the�actual�state�of�the�supervised
system,�can�adaptively�change�the�units�-�rule-bases�-�according�to�the�available
computing�time�and�resources�at�the�moment.�Because�the�inference�algorithm�is
the�same,�only�the�rule-bases�-�a�kind�of�parameter�set�-�must�be�changed.�It�is
worth� mentioning,� that� the� SVD-based� reduction� finds� the� optimum,� i.e.,
minimum�number�of�parameters�which�is�needed�to�describe�the�system.

7 Anytime�Control�Using�SVD�Based�Models
Recently,�the�popularity�of�fuzzy�control�has�grown�rapidly.�There�are�numerous
successful�applications�of�fuzzy�control�which�affect�on�the�analysis�and�design�of
fuzzy�control�systems.�The�previously�discussed�ideas�and�tools�can�fruitfully�be
combined� if� a� certain� type� of� fuzzy� model� based� control,� namely� TS� fuzzy
modeling�and�for�the�controller�design�Parallel�Distributed�Compensation�(PDC)
[18]�is�used.�If�the�model�approximation�is�given�in�the�form�of�TS�fuzzy�model,
the� controller� design� and� Lyapunov� stability� analysis� of� the� nonlinear� system
reduce�to�solving�the�LMI�problem.�This�means�that�first�of�all�we�need�a�Tagaki-
Sugeno�model�of�the�nonlinear�system�to�be�controlled.�The�construction�of�this
model� is� of� key� importance.� This� can� be� carried� out� either� by� identification
starting� from� input-output� data� pairs� or� we� can� derive� the� model� from� given
analytical�system�equations.



The�PDC�offers�a�technique�to�design�a�fuzzy�controller�from�the�TS�fuzzy�model.
This�procedure�means�that�to�each�local�model�a�local�controller�is�determined.
This� implies� that� the� more� complex� the� system� model� is� the� more� complex
controller�will�be�obtained.�According�to�the�complexity�problems�outlined�in�the
previous�sections�we�can�conclude�that�when�the�approximation�error�of�the�model
tends�to�zero�the�complexity�of�the�controller�explodes�to�infinity.�This�pushes�us
focus�on�possible�complexity�reduction�and�anytime�use.
SVD�based�complexity�reduction�can�be�applied�on�two�levels�in�the�TS�fuzzy
controller.�First,�we�can�reduce�the�complexity�of�the�local�models�(local� level
reduction).� Secondly,� it� is� possible� to� reduce� the� complexity� of� the� overall
controller� by� neglecting� those� local� controllers,� which� have� negligible� or� less
significant�role�in�the�control�(model�level�reduction).�Both�can�be�applied�in�an
anytime� way,� where� we� take� into� account� the� “distance”� between� the� current
position�and�the�operating�point,�as�well.�The�model�granularity�or�the�level�of�the
iterative�evaluation�can�cope�with� this�distance:� the�more�far�we�are� the�more
rough�control�actions�can�be�tolerated.�Although,�the�approximated�models�may
not� guarantee� the� stability� of� the� original� nonlinear� system,� this� can� also� be
ensured�by�introducing�robust�control�(see�e.g�[19]).

8 Conclusion
In� modern� monitoring,� diagnostics,� measurement,� and� control� systems,� the
available�time�and�resources�are�often�not�only�limited,�but�could�change�during
the�operation�of�the�system.�In�these�cases,�the�so�called�anytime�algorithms�can�be
used� advantageously.�While� different� soft� computing�methods� are�wide-spread
used� in� system� modeling,� their� usability� is� limited,� because� the� lack� of� any
universal�method�for�the�determination�of�the�needed�complexity�often�results�in
huge� and� redundant� neural� networks/� fuzzy� rule-bases.� This� paper� proposes� a
possible�way�to�carry�out�anytime�information�processing�and�control� in� fuzzy
systems�or�neural�networks,�with�the�help�of�the��(Higher�Order)�Singular�Value
Decomposition�based�complexity�reduction�algorithm.
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