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Abstract—The article is devoted to the possibilities of improving
the recoverability of cluster neuroprocessor systems of pipeline,
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. INTRODUCTION

The most effective way to achieve the given efficig
level is scalable parallel architectures use [14r8}reasing of
reliability is based on the rectifying errors usiaghitectural
and additional embedded equipment. The completinth®
given tasks is performed by means of software ardvhare
realization redundancy of different
architectures.The authors suggest a conceptuajrdesodel
which allows to implement the system as one ofpbssible
structures by means of clustering and to incredsster
neuroprocessor systems recoverability by means
redundancy.

. MATHEMATICAL METHODS OFCLUSTERANALYSIS

The term “cluster” is applied to two or more congst
connected to a single system with special hardvand
software [3]. The clusters can be seen as a hetrenys
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equivalence is based on proximity and likeness oreasand
so on. Further the term “cluster” would be used doset of
close objects obtained as a result of solving thester
analysis problem.

The principles according to which the objects are
united into one cluster are set in any particulgodhm of
clustering. Knowing these principles the user cdarpret the
results of any specific method.

Different clustering methods can result in decision
having sufficient differences. Thus besides theofedifferent
clustering methods there is a practical interesh@épresence
of automatic results processing obtained by differe
algorithms independently [3-5]. There are some waysolve
a cluster analyses problem.

Further the main task of clustering would be coaisid
first and foremost as a task of the search foritpart of

fault-tolerance attribute definitions sample

1(S,),1(S,), - 1(8,), 1(S) = (X1(S), X5 (S),--, X, (S))
given by a numerical table,J.

The given problem is considered as a search praifess
tsplitting the sample into groups (classes, clusttasa) of
similar objects. The required splitting itself isnsidered as a
solution of some optimization task, as a resultaivergence
of some iterative procedure, as the result of dpglya
deterministic procedure and so on.

In general, let's consider the task of clusterimgoi
Iclusters. We will assign the sample of attributecatiptions

computing system with shared memory and distribute of the objects as

control. As a result, high level of parallelizatjoreliability,
availability, and serviceability is provided at aBVely low
costs.

The term “clustering” means implementation of cotepu

unification representing a single entity for theemying
system, system software,

resources sharing, high availability, high througthease of
system maintenance and extensibility.

X={X 1, X ea X b X = {X iy X0 Xy
SplittingK = {K ,K,,...,K,} the sample into
X ={x,X,...X,,} groups is a random totality of non-
overlapping subsets of the set X, covering all cisjén the

applications and userse Tlsample
computers thus clustered have the following progert

K, OX,i=12...1,
K, =X, K, nK, =0,i #]

i=1 !

Clustering methodssolve the problems of object:Assume that some criterion F(K) of K splitting izen. Then

dividing with the given feature space or of objegteximity

the task of clustering means to find the K* spiigtidelivering

matrices into equivalence classes [4], and the otbje €Xtreme value for the criterion
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F(K): F(K*)=KD‘{3§t}rF(K) Assume that some positive number R is set. Then the
random element is and a hypersphere of R radiuls thi¢

For example we can use such criteria as [6]: .
: . centeriny, =x: R={x: < R}are chosen.
1.Amount of intra-class variance or the sum ofghaares for =% Ry={:p(xy; ) <R}

the mistakes. Suppose
F(K)=i ZPZ(x,yJ) Ki={x,:x,OXnR,}-
= K, Then
Where 1 KZ={x,:x,0X nR,}is calculated.
Y =FJX§‘X M =K 1= A new sphere center is calculatedy?s:i Tx and a group
is a number of objects in thedfoup. ‘Ki X 0K}

The solution of the cluster analysis problem witte t of R,={x : p(x,y,)<R}.
criterion given is such K* splitting which minimigethe The process is complete when such group of objects
functional F(K).

2. Criteria based on scattering matrix. The scager ™
matrix for the K group is defined as fair.

Ki={x,:x OX nR,}, is calculated for whichK; = K;™is

S = Z(x —y,)(x -yj)‘ ’ Ill.  THE SETFTHEORETIC MODEL

x, 0K,

and matrix of intragroup scattering is defined as To solve the given problem we can introduce the
|

conception of data Gl= CL, processing clusters Cand Cly

s:;sj equality, which presupposes the equality of thegﬂlef; of
(whergmeans transposition). chisg c:ﬁjgers and match them up to the command“MK
There are several known criterion definitions of |CL| =|ClL| OLk=1,N;
clustering on the base of matrix of intragroup teoatg. E.g. it MK ©=MK® 0i=1,|CLy| . 1)
can bg the choice of matrix of intragroup scattgrin The cluster structureKS,0S of data processing
determinant F(K) =|§ . introduced is a relation of equivalence and satsfthe
A well-known technique is a “k-intragroup conditions of reflexivity, symmetry and trans_it'mit o
averages” technique. This technique implies theting of Any random cluster of Cldata processing satisfying (1)
splitting consequencek = {K',K' .. ,K'} i=1,2,... as a s running parallel to itself, s€L, [J 15 CL,.
result of the following homogeneous iterations. Thus the condition of reflexivity of any data presing cluster
Let splitting K is chosen at random. For the K grou CL,0 PRY is fair.
its center If CL, data processing cluster is equal to (Cdata
y _1 T, processing cluster and, consequently is paralleit tthen
1 j . . .
il CL.data processing cluster is equal to Ctata processing
is calculated. cluster and consequently can run simultaneously, so
Further all the elements of the sample which avses! to CL, CLOPR? :CL, KS,CL =CL KS, CL. (2)
y: then to similarly obtained,yys,...y; are included to the Inother words, the condition of any two CICL
Ki*L group. PR® data processing clusters symmetry is met.
|

+2 ) ) o ) If CL, data processing cluster is equal to (Cdata
K “group is formed in a similar way, but according to processing cluster and, gHata processing cluster is in turn

. X equal to Cl, data processing cluster then Cdata processing
the set of object KL and so on.. cluster is equal and consequently parallel to, Glata
. . . . processing cluster so _
After the calculating oiK'lﬂ, K';l,..., K'I+l the centers of CL,, CL, CL,O PRYEKS,: CLKS,CL,,

these groups are recalculated and the processmputing CLkKSWCLq?CL'KSWCLq-.. . (3)
repeats. Thus the condition of transitivity of two randomtaa

Another technique is Forel method which impliegthe ~ Processing clusters GLCLOPRY is fair.Then the statement
clusters found are not the results of some criterio @bout the relation oKS,, cluster processing structure is a

optimization but by iterative procedures applicatiwhen the elation of equivalence.

hyperspheres of the set radius move in the dineaifoplaces Indeed the relation oKS,, cluster processing structure
"condensation” of objects [3,6]. indicates that any two random clusters Cland Cl

satisfying (1) can run simultaneously by differgmbcessing
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modules under the control of commands belonginght®
clusters indicated.
CL,, cLOPR? : CLKS, CL, (4).

The introduced relation oKS, data processing cluster
structure puts into correspondence of sgmeogram of P
data processing the totality of any independent anequal
CL, clusters, number of which is equal to the L numbkr
equivalence classes, and (multiplication factor is defined

by the equivalence class ordaﬂ :
0j=1, NPRY O - {(cL, ),

Og=1laf; 01 =1L
Any equivalence class has its own Clcluster
representative, which has macro instruction nundagral to
the | CL | cluster order. The equation (5) is a solutioclo$ter

analyses problem since it specifies the requirdittisp of the
initial program PR into clusters.

®)

IV. CLUSTERREPRESENTATION OFNEUROPROCESSOR
SYSTEMS

As a result the following variants of solving theoplem
(5) are possible.
1. The number of equivalence classes is equaland_the the
order of each class is equal to oned. Thenj information
algorithm is represented by a procession of L ehgst

Al oy {cL} = (cL, CL,,...CL ,...,CL. ). (6)
each of them is a is representative of its equnadeclass, and
provides input information for the subsequent.Clcluster.
Taking the number of processing modules equal tend
assigning each I-th unit a corresponding clustex, abtaina

neuroprocessing of the pipeline type on the badéhd640X
neuroprocessor [8] as represented in Figure 1.

NM
B8
i

Figure 1. Cluster processing structure
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Next, define the basic parameters of the resulting

information processing pipeline: the number of pssing
units of L, the amount of RAM (Memory) |CL|, penfeance
as the time of a pipeline cycld's; downtime F4, and so on
[5-7].

2. The number of equivalence classes of L is etjuahe
and the |4 order of the class is equal to q. Thefl data
processingj algorithm is corresponding to the q set of
completely identical clusters AS*= {(CL)%. Thus, if the
output information of each cluster CLi = 1,q is the input
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information for each subsequent Gl t hen we have the
pipeline type cluster structure with the number cbisters
equal to g, and each of them functions accordinghéo CL
cluster commands (See Pic. 1).

If the input is required simultaneously for all sfers,
then, appointing q processor modules for data [s0g we
obtain the neuroprocessor realization of vectgoarallel type

Aoy -{cL}=(cL, CL,,...CL,..,CL, ), in which

all the q processor modules function accordingh® same
CL; cluster (See Figure 2)

Figure 2. Cluster processing structure

Similarly we define the basic parameters of theilteg)
vector cluster structure of the information prooess
processing module numbers L, RAM (Memory) — |CL],
pipeline productivity F,, downtime ¥4, and so on.

3. The number of equivalence classes is equal éamd.
the order of I-th each class is |aThis case is common and
involves the relationship not only between clusteigin a
class, but also between clusters of different elass

If the clusters within the I-th class are exchaggdata
logically, we have pipeline-vector data processstigicture.
The structures indicated are the particular cadegeaeral
matrix cluster structure of data processing shawfigure 3.
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Figure 3. Matrix cluster structure of data processing
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Then for each of the obtained data processing tsires The faultless functioning probability with separate
the basic parameters are defined. redundancy is defined assuming the NPS consistaN of
Thus the introducing of clustering gave aparfunity  consists of Nserially connected elements, and teenent

to thread the processing program depending on tigaésd  failures in the section are independent events, tis®
PRY data processing algorithms to obtain cluster Bsiog  probability is defined as

structures: pipeline, vector [1] and new structuaeipeline- , (10)
vector and vector-pipeline [5,7]. As a result, thardware I_lpoh |-|[1 Gult)]=
redundancy in the form of separate neuroprocessaiutes is i ]
introduced. Iﬂ -Dq, t}:[hl‘[l[l‘ m ()

where pit), g«(t) are a faultless functioning
probability and i-th section in the connection Uad

For calculating the recoverability the time of correspondingly; andft), g;(t) are a faultless functioning
maintenance is used.Operational measure of maati#ity of  probability and the j-th element in i-th sectionildre
NPC equipment is the probability of equipment remgv correspondingly.lf all (m+1) elements in the sectiare
within the specified period of timpg(t) as a probability of equally reliable than the probability of separatdundancy is
recovery timetz won't exceed the period of tintespecified defined as

V. THE RECOVERABILITY OF NEUROPROCESSOKYSTEMS

for the equipment repair: () = P{t,<=t}. (11)
If all the elements in the series operate indepethygle Pa(t)= ﬂ{ ~b-p 1}
the probability of failure-free operation of the SIRircuit The comparison of formulae (9) and (11) allows to
consisting of N elements fdrperiod of time is calculated on ascertain that for all;{t), N u m (with the exception of trivial
the following formula: case whenift) =0u N =1) the values R{t) < Pse;(t)-
P(t)= pl(t)pz(t)...p‘(t)...pN(t)=ﬁ p.(t) The  multifunctional  software-based complex

In the given circuit connected of k elements along NeuroCS” based upon the given results of scintifi

with the basic elements there are (k-) reservemerds.
According to it, the probability of parallel cir¢ufailure is
equal to

researchwas designedfor modeling, clustering aradyaimg
compound, distributed and cloud computing systeaset on
neuroprocessors[5,9].

o= a)-a-a.0=[]h-n] VI ConcLusion
where ¢t) is a probability of i-thneuroprocessor of the
parallel circuit failure.Then the probability of ehfaultless
functioning of the parallel neuroprocessor cirgsiéqual to

The technique suggested permits to represent the
system designed as a totality of clusters and impi# it as
one of structures obtained: vector, pipeline, veptpeline or
@) pipeline-vector on the base of modern Russian re@idivi
:1_|i![1_ )] 640X or K1879BMX. With general redundancy the failure of

any element of the functioning circuit recalls thecessity of
one element switching that promotes the cluster
neuroprocessor systems recoverability increase.

The ratio of the number of reserve circuits to the
number of major circuits is called themultiplicifyo
reservation. The reliable functioning probabilitg found
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