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Abstract. We analyze the problem of processing of very large datasets on parallel systems and find that the natural approaches to parallelization fail for two
reasons. One is connected to long-range correlations between data and the other
comes from nonscalar nature of the data. To overcome those difficulties the
new paradigm of the data processing is proposed, based on a statistical simulation of the datasets, which in its turn for different types of data is realized on
three approaches - decomposition of the statistical ensemble, decomposition on
the base of principle of mixing and decomposition over the indexing variable.
Some examples of proposed approach show its very effective scaling.

1 Introduction
The amount of data, generated by scientific and technological activity of humanity is
increasing by the order of magnitude every couple of years. The new features, which
become evident in the last years are the nonhomogeneous types of the data and the
need of determination of the detailed characteristics of the process, including higher
order moments of it. Presence of long-range correlations and nonscalar nature of data
make it very difficult to use large parallel computer systems for their processing.
Even when it becomes possible, the effect of parallelization can be very small, because of the bad load balancing. To build the effective algorithms several steps should
be taken, that make it possible to decrease the dimension of the problem, to find the
variable, that make it possible to make uniform indexing of data through all set and
finally to simulate the initial process by the relevant procedures, that can be mapped
effectively onto the large computer system.
Due to the complexity of the natural and technological phenomena it is possible to
formulate several approaches within proposed paradigm for solution of pertinent
problem. That is why we give also the algorithms for determination of the optimal
approach for given multiprocessor system. The same technology can be used for
control of the load balancing.
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2 Challenges in Parallel Data Processing
The problem of the processing of very large datasets can be illuminated for the simplest probabilistic models, e.g. – model of random value (RV) or multivariate random
value (MRV). These models allow the use of the classical statistical approaches for
the parallel processing of independent data flows on the transputers or multicomputer
farms. The development of the parallel algorithms for processing of a more complicated data models, e.g. sets of time series (TS) ζ (t ) or spatiotemporal random fields

Ξ (r, t ) (STRF), is not so easy, as seems.
The main source of difficulties of the parallelization of the statistical algorithms is
the correlations in the multivariate data. It is the result of the multiscale variability,
nonstationarity and inhomogeneity for both the natural and technical complex systems. The two types of such correlations could be considered [4]:
− Spatiotemporal dependence of the data in different points r at the time t , as
result of the non-local effects (non-stationary behavior and spatial inhomogeneity).
− Intra-element dependence, as the result of the axiomatic representation of the
multivariate random data (as the system of scalar values, Euclidean of affine vectors, functions etc.).
Multivariate statistical analysis (MSA) is the traditional tool for the development of
the statistical models of the correlated data (e.g. [2]). Its goals are the reduction of the
dimensionality, determination of correlations and description of inhomogeneity of the
multivariate statistical sample. Nowadays classical MSA is proposed for model of
MRV, but for TS and STRF the principal approaches were not generated yet, in spite
of some specific approaches for certain classes of the data [9,19]. Hence, the more
general approach on the base of the functional analysis is needed for formalization of
both types of the dependence.
Moreover, the generalization of MSA procedures for more general models is associated with the complicate statistical inference tools. It crucially restricts the possibility to obtain the simple and transparent analytical expressions even for the simplest
statistical estimates. Hence, the computational tools of the statistics on the base of
Monte-Carlo simulation must be widely used [24].
Thus, the principal problem of the development of high-performance statistical algorithms is not in extensive code optimization only. The development of the adequate
parallel models for statistical description of the multivariate data is of the prime importance. This approach must take into account both the spatiotemporal and intraelement variability of the data. Only such approach allows to achieve the direct intrinsic mapping to architecture of the parallel computer system.

3 Regenerative Paradigm of Multivariate Statistics
The problem of the development of the parallel statistical models could be solved in
the frame of regenerative paradigm of the computational statistics [23]. It means, that
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the result of any data processing could be considered as the imitation model (algorithm for Monte-Carlo simulation) for the initial dataset. It allows simulate the largesize ensemble of the data realizations for the numerical studies of different features of
the data, especially – non-observable events etc. [5].
This paradigm leads to the promising new possibilities for the development of the
parallel algorithms for both the statistical analysis and synthesis. It allows constructing the intrinsic parallel models for the dependent data, when the parallelization of
the classical statistical procedures is impossible. Thus, the problem of parallel decomposition may be solved on the level of the imitative model.
The development of the parallel statistical models for TS and STRF variability is
possible to represent as the next four stages.
Reduction of the dimensionality for the initial data Ξ (r, t ) ∈ H in the linear space
H . The goal of this stage is the construction of the set of most informative indexes,
characterizing the sample variability. This gives the system of the linear operators
I k : H → X , where dim( X ) ≤ dim( H ) , and allows to project the initial data set on a
subspace. The sequential (in order p ) application of the hierarchy of the operators

I k( p ) : H p × H p +1 → R × H p +1, p = 1,2,... ,

(1)

allows not only to “fold” the multivariate data space to R , but also simplify the probabilistic data model. E.g., in accordance with Eqn. (1) the representation of non-scalar
STFR reduced to analysis of the set of TS, and further – to MRV. This principal step
makes it possible the complete use of the traditional techniques MSA MRV.
Identification of the model. The Eqn. (1) allows to express the dependence between
non-scalar components of Ξ (r, t ) ∈ H in terms of the system of scalar indexes

Z = {z k (t )} . These indexes may be treated as the MRV or system of TS. For the

quantitative description of the temporal ( t ) and intra-element ( k ) dependencies of
these data the model of linear stochastic dynamic system has been considered [1]:
LZ = RE + BΗ .
(2)
Here L, R, B – are the linear differential operators, Е – is the multivariate white
noise (independent realizations of random value), and Η is the set of driving stochastic factors (predictors). The objects Z (t ), Ε (t ), Η (t ) are multivariate, and possible dim(Ξ ) ≠ dim(Η ) . The Eqn. (2) is the generalization for different regression
models for TS, e.g. ARMA [13], dynamic [22] and spectral [12] regressions. This
way also allows intrinsically extend the qualitative correlation theory of the RV on
the TS and STRF, because Eqn. (2) is justified the terms of functions of partial, multiple and canonical correlations. These characteristics reflect the non-local dependencies of TS on the whole time interval. The results of the qualitative analysis are used
for the identification of the set of model parameters ϑ (coefficients of the L, R, B) on
the initial data sample.
Statistical synthesis. The Eqn. (2) may be treated as the algorithm for Monte-Carlo
simulation of multivariate TS Z = {z k (t )} , using the advanced numerical techniques
[20]. Hence it is considered as the milestone for the construction of the hierarchy of
the stochastic operators J ( p ) of Monte-Carlo procedure opposite to Eqn. (1). It al-
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G
lows synthesizing the large-size ensemble Ξ (r , t ) ∈ H on the base of the estimated
parameters ϑ .
Verification, scenarios and forecast. The procedure of verification (error analysis)
is proposed as the technique for qualitative control of the statistical model. It allows
to establish the degree of the model adequacy to initial data. The verification based on
the statistical comparison of the simulated and sample characteristics has not been
used for the identification of the parameters ϑ . The elements of the verified simulated ensemble may be treated as the statistical scenarios of the non-observable
events, in respect to the probability of its occurrence [5]. On the base of statistical
scenarios the different statistical problems for the inferences, control, monitoring and
statistical forecast may be solved.
In view of parallel processing, the principal feature of I ( p ) , J ( p ) construction is
the intrinsic formalization of the parallel algorithm, using the possibility of the elimination of the correlations between data in computational procedure.

4 Principles of Intrinsic Parallelization
Generally, there is no unique way to parallel formalization of all the types of statistical models, due to complexity of the mathematical tools. But the mapping of the
statistical algorithms on the parallel architecture may be based on the three principles
[7]. These principles allow classifying the methods of statistical processing and
Monte-Carlo simulation by means of the natural way of intrinsic parallelization.
Decomposition of the statistical ensemble. This principle reflects the postulate of
the independence of sample elements. It allows dividing the sample on the independent fragments and process these data in parallel. The resulting computational algorithm is rather homogenic. Hence, the most statistical procedures for both RV and
MRV models may be, in principle, adopted for parallel architecture. The main problem of the ensemble decomposition is the further integration of the estimates, obtained on the different processors. If each parallel estimate is treated as the realization
of RV, the theory of small sample may be adopted for the formalization of the results
of parallel processing.
Decomposition on the base of principle of mixing. This is the modification of statistical ensemble decomposition for the model of TS with local dependence between
data. The idea of mixing principle [15] is the possibility to consider the values Ξ (t )
and Ξ (s ) independently, when t − s >> 1 . Hence, the realization of TS may be divided on the set of uncrossed fragments. Each fragment simulated by Eqn. (2) in
parallel. After that, the matching of the parallel fragments may be organized as binary
tree algorithm, when Eqn. (2) is considered as the boundary problem, where boundary conditions are the values, obtained on the previous step.
Decomposition of the indexing variable. This principle corresponds to alternative
way for dependence elimination in stochastic model. It is important for the multivariate data, e.g. – for model of inhomogeneous STRF Ξ (r, t ) , where the mixing princi-
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ple is out of consideration. The general approach is based on the specific construction
of the operators I ( p ) , J ( p ) of data transformation, thus the values of the transformed
data for different values of index variable (e.g. - r ) could be computed independently. If the operators in Eqn. (1) may be expressed by means of orthogonal expansions technique [3,16]:

Ξ (r, t ) = ∑ z k (t )φ k (r, t ) ,

def

I k ≡ z k (t ) = (Ξ , φ k ) r ,

(3)

k

the values of Ξ (r, t ) for different r may be expressed in parallel. Hence, the spatial
domain r ∈ ℜ allows the intrinsic decomposition on the fragments has been processed in parallel.
Let us note, that the development of rather complicated models of computational
multivariate statistics for the data with both the intra-element, spatial and temporal
(spatiotemporal) dependence, not allows using only one principle of the parallel decomposition. Usually some combinations are used for multivariate data in respect to
features of the each type of variability.

5 Performance Analysis and Load Balancing Optimization
Non uniqueness of the principles of intrinsic parallel decomposition, agglomeration
and communications require the use of the specific techniques [11] for the preliminary quantitative analysis of the parallel performance for statistical algorithms. The
main object of the analysis is the parallel speed-up S . Let us consider, that the initial
dataset is characterized by means of set of parameters χ (sample size, dimension of
the data, number of model coefficients etc.), and the architecture of the parallel computer system is characterized by parameters (t s , t w , t c ) (latency, communication time,
and computation time respectively) [10]. It allows developing of the analytical model
for comparison of the two (or more) statistical algorithms for the parallel processing.
The isoefficiency surface in terms of S p for two algorithms (“A” and “B”) may be
expressed in implicit form:
S A (t s , tc , t w , p, χ ) = S B (t s , tc , t w , p, χ ) .

(4)

When (t s , t w , tc ) is fixed (for concrete architecture of computer system), the Eqn.
(4) describe the surface in space ( p, χ ). This surface may be treated as the barrier for
the success domains for each algorithm.
The Eqn. (4) allows formulating of the so call “concurrence principle”, as the criterion of the selection of most effective algorithm. The realization of this principle is
the intellectual technology of mapping that allows to take into account both features
of the initial data and specific features of the parallel architecture. Hence, it provides
the possible scalability of the algorithm, and the code may be effectively ported for
different parallel systems.
The use of the theoretical performance model (Eqn. (4)) is possible only for computational systems with rather simple topology of the network, and low number of

244

A.V. Bogdanov and A.V. Boukhanovsky

processors (not more 256). Generally, these models do not take into account the technical features of MPP-systems, e.g. the possibility of communications via more, than
one router. The different ways for model improvement are rather specific [21].
Hence, the problem of practical scalability for large number of processors requires the
special techniques of parallel load balancing, instead of analytical models (4). For the
development of algorithms for scheduling and load balancing the same principles of
decomposition, as for parallel statistical models, may be used.

6 Applications
Statistical analysis and simulation of different natural and technical complex events in
frame of regenerative approach requires the development of the different models
associated with specific parallel representation. Let us consider two crucial computational problems.
6.1 Estimation of the Extreme Waves in the Storm once T-years
The stochastic model of multiscale (synoptic, annual, year-to-year) spatiotemporal
variability of sea wave fields is considered in [6]. Using of this model for estimation
of T-years waves require a lot of computational resources. E.g., even for Barents Sea
0
0
on the gridpoint (0.5 ×1.5 ) for statistical estimation of 100-years waves the computa11
tions of 10 values are required. The principle of the decomposition on indexing
variable is the best (in accordance with Eqn. (4)) for these data. In the fig. 1(a,b) the
results of the computation of 10- and 100-years significant wave height extremes in
different points of the sea are shown. Let us note, that the estimates of field extremes
(e.g. – simultaneous values in the few points) may be obtained by means of regenerative approach only, because all other methods are extensively oriented on rare events
in a fixed point [17].
6.2 Simulation of Multivariate ECG Signal Variability
Another application of the regenerative approach is the stochastic simulation of ECG
signal for criterion formulation of the pathological cardio-dynamics [8]. The most
known models of ECG have been developed for unichannel signal for the purposes of
the classification and discrimination [14]. But arising of the new multichannel cardiomonitors with extremely high resolutions require using parallel computations for
real-time simulations. The most crucial elements of the model are the estimation of
the basic functions {φ k } in Eqn. (3) on the sample data, and the direct Monte-Carlo
simulation. In the fig. 1(c) the absolute computational time for different stages of
modeling are shown for the different number of the processors. In the fig. 1(d) the
result of dynamic balancing of the computational algorithm (in term of the parallel
efficiency E p ) are shown in dependence of value m - number of sub-samples that
geometrically distributed on all the processors.
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Fig. 1. Result of the parallel stochastic models applications; (a,b) – estimation of combinations
of significant wave heights once 10- and 100-years in the points A and B in a Barents sea:
(74N,30E-74N,35E) (a) and (74N,30E-74N,40E) (b). Points are the annual extremes on hydrodynamic modeling [18]; (c,d) – performance of the stochastic model of multilead ECG: Total
computational time of model stages (c), and parallel efficiency for different regimes of the
dynamic load balancing (d).

7 Conclusions
The new paradigm of the data processing is proposed, based on a statistical simulation of the datasets, which in its turn for different types of data is realized on three
approaches – decomposition of the statistical ensemble, decomposition on the base of
principle of mixing and decomposition over the indexing variable. In practical realization the combination of only one or two of those approaches can be used, that open
effective possibilities for processing of very large data on multiprocessors computer
system. The concurrence principle is proposed for choosing the most effective algorithm and to make load balancing more easily. Some examples of proposed approach
show, that even for most complex natural processes it is possible to find the approach
for determination most sensitive characteristics of the phenomenon.
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