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Abstract. Determination of a source term of release of a hazardous material into the atmo-
sphere is a very important task for emergency response. We are concerned with the problem of
estimation of the source term in the conventional linear inverse problem y = Mx is described
using the source-receptor-sensitivity (SRS) matrix M and the unknown source term x. Since
the system is typically ill-conditioned, the problem is recast as an optimization problem

min
R;B

(y �Mx)T R�1(y �Mx) + xT B�1x: (1)

The first term minimizes the error of the measurements with covariance matrix R, and the
second term is a regularization of the source term [2]. There are different types of regularization
arising for different choices of matrices R and B, for example, Tikhonov regularization assumes
covariance matrix B as the identity matrix multiplied by scalar parameter.In this contribution,
we adopt a Bayesian approach to make inference on the unknown source term x as well as
unknown R and B.We assume prior on x to be a Gaussian with zero mean and unknown
diagonal covariance matrix B.The covariance matrix of the likelihood R is also unknown. We
consider two potential choices of the structure of the matrix R. First is the diagonal matrix
and the second is a locally correlated structure using information on topology of the measuring
network. Since the inference of the model is intractable, iterative variational Bayes algorithm
is used for simultaneous estimation of all model parameters. The practical usefulness of our
contribution is demonstrated on an application of the resulting algorithm to real data from the
European Tracer Experiment (ETEX).

Keywords: Bayesian inference, atmospheric transport model, inverse modeling

Abstrakt. Určení zdrojového členu úniku nebezpečného materialu do atmosféry je velmi
důležitým úkolem pro krizové řízení vzniklé situace. Zabýváme se problémem odhadu zdro-
jového členu v běžném lineárním inverzním problému y = Mx, který je definován pomocí matice
citlivosti (source-receptor-sensitivity, SRS) M a neznámého vektrou zdrojového členu x. Pro-
tože soustava lineárních rovnic je obvykle špatně podmíněna, problém je řešen jako optimalizační
úloha s regularizací

min
R;B

(y �Mx)T R�1(y �Mx) + xT B�1x: (2)

Prvni člen minimalizuje chybu měření pomocí kovarianční matice R, a druhý je regularizace
zdrojového členu. Existují různé typy regularizace pro různé možnosti matic R a B, například

�This research is supported by EEA/Norwegian Financial Mechanism under project MSMT-
28477/2014 SourceTerm Determination of Radionuclide Releases by Inverse Atmospheric Dispersion
Modelling (STRADI).
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2 A. Belal

Tichonovova regularizace, která předpokládá kovarianční matici B jako jednotkovou matici vyná-
sobenou skalárním parametrem. V tomto příspěvku, používáme Bayesovský přístup k odvození
jak zdrojového členu x tak neznámých matic R a B. Předpokládáme, že apriorní rozložení x je
Gaussovske s nulovou střední hodnotou a neznámou diagonální kovarianční maticí B. Kovari-
anční matice R je také neznáma. Uvažujeme dvě možnosti výběru struktury matice R. První je
diagonální matice a druhá je lokálně korelovaná struktura využívající informaci o topologii měřicí
na sítě. Vzhledem k tomu, že analytické řešení modelu neexistuje, používáme metodu variační
Bayes pro simultánní odhad všech parametrů modelu. Praktická užitečnost našeho přístupu je
demonstrována na datech z experimentu ETEX (European Tracer Experiment).

Klíčová slova: Bayesovská statistika, atmosférický transportní model, inverzní modelování

1 Introduction

The task of determination of a source term of an atmospheric pollutant is important
in many situations such as radioactive release from nuclear power plants or emission of
greenhouse gases.The source term is the vector of amounts of the pollutant released in
regularly sample time.The location of the release is assumed to be known.Uncertainty in
the source term is one of the largest source of errors in modeling and prediction of the
pollutant dispersion in the atmosphere, hence, any improvement of the reliability of the
source term estimation has significant impact The common approach for determination
of the source term is to combine the data measured in the environment (e.g., radionuclide
concentrations) with an atmospheric transport model.The quality of the estimated source
term to a given measurements can be modeled and optimized using various approaches
including the Bayesian approach[2]. Typically, the problem is formulated as a linear
regression.The vector of measurements is assumed to be a product of a computed source-
receptor-sensitivity (SRS) matrix determined using an atmospheric dispersion model and
an unknown source term vector.

2 Bayesian inference
The process of inferring data from observations can be described by using Bayesian infer-
ence, Here we formalize a Bayesian inference framework to make use of the observations
to infer the parameter values by updating our prior knowledge. This inferring process
can be formalized using the Bayes’ theorem:

p(x; R;Bjy;M) =
p(yjx;M)p(x; B)p(R)p(B)R

p(yjx;M)p(x)dx
(3)

where p(x) is the prior distribution, p(yjx;M) is the likelihood of the measurements. For
the choice of Gaussian models [1]

p(yjx;M) = N (Mx; R�1); p(xjB) = N (0; B�1) (4)

The result of the Bayes’ theorem (2) is a Gaussian distribution N (x̂; B�1), where x̂
corresponds to the solution of the optimization problem (1).



Bayesian Source Term Determination with Unknown Covariance of Measurements 3

3 Prior Models of Covariance Matrix of Source term

We use modified Cholesky factorization of a source term x unknown covariance matrix
B = (W�W T )�1, where W is a lower diagonal matrix.We assume correlation only be-
tween the time adjacent parameters, i.e

W =

26664
1 0 0 0

w1 1 0 0

0
. . . 1 0

0 0 wm�1 1

37775 ;� = diag(�i):

We define prior distribution of the model as follows:

� �
mY

i=1

G(�0; �0); w �
m�1Y
i=1

N(w0; �0); � � G

m�1Y
i=1

(!0; �0);

with selected prior constants �0; �0; �0; !0; �0. The system is that ill-conditioned is usu-
ally related to rapidly oscillation solutions, and using this structure for modeling the
covariance matrix of source term favors in fact the smooth solutions.

4 Prior Models of Covariance Matrix of residue model

The main problem is the fact that small errors in the (SRS) lead to large errors in the
source determination. The errors in this matrix are caused by inaccurate priori knowledge
of meteorological conditions such as the wind field [1]. This can cause either spacial or
temporal displacement of the model. We model spatially- and temporally-correlated
matrix of the Gaussian distribution of the error. We consider the following structure of
matrix R:

R = L>DL; L =

0BBBB@
1 0 0 0
... 1 0 0

l1
... 1 0

... lk ln�1 1

1CCCCA ; D =

0BBB@
d1 0 0 0
0 d2 0 0

0 0
. . . 0

0 0 0 dn

1CCCA :

where the vectors of unknowns are l1; : : : ; ln�1;d = [d1; : : : ; dn]. The Bayesian formalism
requires to define prior distribution on all unknowns. We define prior distribution on
all unknowns vectors p(di) = G(a0; b0) and p(ljj j)=N (l0;  j

�1). The spatial correlation
matrix is designed by vectors l0. For example,we assume all elements in the vector l0 to
have value (�1), if the distance between the measuring stations is less than 100 km, and
zero otherwise.
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Figure 1: Estimated correlation matrix of residue model.

Figure 2: Estimated correlation matrix of Source term model.
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5 Approximations of posterior distribution

The task is to calculate the posterior distribution of parameters and hyperparameters
based on the Bayes’ theorem (3) which gives the posterior probability of the parameters
given the data and the model p(xjy;M) where p(x) is the prior distribution, p(yjx;M)
is the likelihood of the measurements. The associated Byaes rule is

p(xjy;M) / p(yjx;M)p(x); (5)

where symbol / denotes equality up to a normalizing constant.
It may not be possible to evaluate the posterior probability distribution analytically.

Minimising the Kullback-Liebler divergence (KL distance), also known as the Relative
Entropy, between the solution and the hypothetical true posterior, leads to a set of
implicit equations which have to be solved iteratively and convergence to local minima
is guaranteed [3]. To avoid negative results, truncated normal of prior p(x) to positive
domain are considered, to enforce the positivity of the retrieved source term:

p(xj) = tN (0; ��1
xj
; h0;1i);

Figure 3: Example of the normal distribution N (1; 1), blue line, and the truncated normal
distribution tN (1; 1; < 0; 3 >), red line.

6 Experiment

The European tracer experiment (ETEX) were two releases of perfluorocarbon that took
place in autumn of 1994 in north-western part of France. These releases were tracked
across Europe using a network of 168 ground stations with limited airborne support. The
aim of the experiment was to simulate an emergency response situation for meteorological
modellers whose task was to create long-range dispersion prediction models in real time.
In the first one, 340kg of perfluorocarbon was released in range of 12 hours.
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Figure 4: Domain of the ETEX experiment with source (red triangle) and receptors (blue
crosses).

7 Example results
We study three models:

� independent source term and residue models. R = w�1lp, B = ��1

� correlated source term model with independent residue model. R = w�1lp, B =
(W�W T )�1

� correlated source term model with correlated residue model R = (LDLT )�1, B =
(W�W T )�1
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Figure 5: Shows estiamated source term with correlated source term and residue models.

Figure 6: Shows estiamated source term with correlated source term model and independent
residue model.

Figure 7: Shows estiamated source term with correlated source term model and correlatedt
residue model.

8 Conclusions
� The models of linear regression with two prior models of covariance matrix of residue

model and source term are studied.

� If smooth solutions are preferred, a model of correlated source term could be ap-
propriate.

� The models of covariance matrix of residue source term model is estimated from
the observations.
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Abstract. We introduce several modifications of classical statistical tests applicable to weighted
data sets in order to test homogeneity of weighted and unweighted samples, e.g. Monte Carlo
simulations compared to the real data measurements. The asymptotic approximation of p-
value and power of our weighted variants of homogeneity tests are investigated by means of
simulation experiments. The simulation is performed for various probability distributions of
samples. Finally, our methods of homogeneity testing are applied to Monte Carlo samples and
real data sets measured at the particle accelerator Tevatron in Fermilab at DZero experiment
originating from top-antitop quark pair production in two decay channels (electron, muon) with
2, 3 or 4+ jets detected. Consequently, the final variable selection is carried out and the resulting
subsets chosen from 46 dimensional physical parameters are recommended for further top quark
cross section analysis.

Keywords: statistical homogeneity testing, data weighting, top quark

Abstrakt. Je představeno několik modifikací klasických statistických testů pro vážená po-
zorování za účelem testování homogenity rozdělení váženého a neváženého vzorku, tj. Monte
Carlo simulace v porovnání se skutečně naměřenými daty. Řadou simulačních experimentů je
prověřena asymptotická aproximace p-hodnoty i síla vážených variant testů homogenity. Výsled-
nými metodami jsou porovnány vzorky Monte Carlo simulace a skutečná data naměřená na
částicovém urychlovači Tevatron ve Fermilabu při experimentu DZero pocházející z produkce
páru top-antitop kvarku ve dvou rozpadových kanálech (elektron a mion) se 2, 3 nebo 4 a více
jety. Následně je provedena finální selekce vhodných fyzikálních proměnných. Tato podmnožina
ze 46 kompletních parametrů je doporučena pro další analýzu účinného průřezu top kvarku.

Klíčová slova: statistické testování homogenity, vážení dat, top kvark

1 Introduction

Homogeneity testing is an important step in many analysis techniques, particularly in ma-
chine learning (ML) applications in physics research. It is often the case that physicists
apply a field-specific data preprocessing procedure called data weighting. Via assigning
weights w1; : : : ; wn > 0 to simulated observations x1; : : : ; xn, they are able to fine-tune

�This work has been supported by the grants LG15047 (MYES), LM2015068 (MYES),
SGS15/214/OHK4/3T/14 (CTU) and GA16-09848S (GACR).
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10 P. Bouř

their Monte Carlo (MC) simulation dataset so that it meets their requirements. A typ-
ical example is shifting data distribution so that the resulting distribution is positively
skewed. However, theory concerning statistical homogeneity tests does not handle any
weighting procedures, nor associates weights with observations. Therefore, the classical
homogeneity tests must be adjusted for weighted datasets. Despite relatively straightfor-
ward incorporation of weights into the classical homogeneity tests and their modification,
asymptotic properties of these tests can be no longer guaranteed. Thus, our goal is
to investigate the validity of asymptotic properties of homogeneity testing for weighted
observations.

The underlying problem the physicist might require us to solve may be a simple
signal/backgrounds binary classification task. In this typical ML application, we often
use MC simulation for both training and testing our ML classifier. We may then apply
the trained classifier to a real measured dataset (DATA). Naturally, we expect both MC
� F and DATA � G to be identically distributed: F � G. Otherwise, the classification
model will not perform well. Thus, we indeed need to test homogeneity of MC and DATA
prior to the modelling step.

2 Weighted Tests of Homogeneity
Prior to subsequent utilization of ML methods, it is vital to guarantee homogeneity of
DATA and MC distributions. For this purpose, we first define an analogy with empirical
distribution function (EDF) for weighted data set.

Definition 1. Let X = (X1; : : : ; Xn) be iid random variables distributed by cumulative
distribution function (CDF) F (x) and let (w1; : : : ; wn) be respective weights, where W =Pn

i=1 wi. We define the weighted empirical distribution function (WEDF) to be

FW
n (x) =

1

W

nX
i=1

wiI(�1;x](Xi); (1)

where IA(X) is the indicator of the set A.

Remark 1. In the case of wi = 1 for all i 2 bn, that is the unweighted DATA, the
definition of WEDF goes over to usual EDF.

In order to avoid an investigation of an unknown parametric family, we shall pursue
our homogeneity testing only with nonparametric approaches. Thus, proceeding further
in this section, we present the Kolmogorov-Smirnov test based upon EDFs of two data sets
X1 =

�
X

(1)
1 ; : : : ; X

(1)
n1

�
; X2 =

�
X

(2)
1 ; : : : ; X

(2)
n2

�
, with respective distribution functions

F;G. Also, we provide another class of nonparametric tests based upon �-divergences,
with the purpose of verifying precedent homogeneity results. By the homogeneity hy-
pothesis, as our null hypothesis is H0, we understand

H0 : F = G vs H1 : F 6= G at significance level � 2 (0; 1): (2)

We require our homogeneity tests to meet the condition

P (WC jH0) � �; (3)
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where WC is a critical region for the specific test statistic T , i.e. we reject hypothesis H0

if T 2 WC .
The nature of homogeneity testing prompted us to look for the p-value, i.e., the lowest

significance level � for which we reject hypothesis H0. Thus, for every � > p-value we
may automatically reject hypothesis H0.

2.1 Two Sample Kolmogorov-Smirnov Test

Let Fn1 ; Gn2 denote the EDFs of the two data samples X1;X2 with respective sample
sizes n1; n2. We consider the test statistic

Dn1;n2 = sup
x2R
jFn1(x)�Gn2(x)j: (4)

It is clear from the Glivenko-Cantelli lemma that under the true H0 it holds Dn1;n2

a:s:�! 0
for n1; n2 !1. Furthermore, due to [6] it holds for the true H0 and � > 0 that

lim
n1;n2!1

P

�r
n1n2

n1 + n2

Dn1;n2 � �

�
= 1� 2

1X
k=1

(�1)k�1e�2k2�2

: (5)

Therefore, we obtain the approximate p-value as 2
P1

k=1 (�1)k�1e�2k2�2
0 , where �0 =q

n1n2

n1+n2
Dn1;n2 .

However, for weighted data sample we are forced to replace EDFs Fn1 ; Gn2 , and the
numbers of entries n1; n2, with their respective WEDFs FW1

n1
; GW2

n2
, and the sums of weights

W1;W2 in (4) and (5). Instead of (4), we thus obtain the test statistic

DW1;W2
n1;n2

= sup
x2R

��FW1
n1

(x)�GW2
n2

(x)
��: (6)

Remark 2. The Definition 1 of WEDF makes it clear that the statistic DW1;W2
n1;n2

a:s:�! 0
for n1; n2 ! 1 and W1;W2 ! 1. Nevertheless, it is important to notice some of the
weaknesses inherent in the above approach. This modified test for the weighted data
sample does not have to obey the asymptotic property (5). Let us stress that the p-value
obtained using the statistic DW1;W2

n1;n2
can not be considered a regular approximate p-value

without subsequent detailed research. This is why we propose numerical verification of
our approach in Section 3.

2.2 Divergence Tests of Homogeneity

This particular class of tests converts the problem (2) to testing homogeneity in multi-
nomial populations. It does not utilize the EDF and therefore serves as an indepen-
dent verification. We recall our notation of two samples X1 =

�
X

(1)
1 ; : : : ; X

(1)
n1

�
; X2 =�

X
(2)
1 ; : : : ; X

(2)
n2

�
, and the pooled sample fX1;X2g with N = n1 + n2 observations. Let

ft0; : : : ; tkg denote a partition of R such that for all x 2 fX1;X2g it holds x 2 [t0; tk].
Hereby we make binning over the populations X1;X2 consisting of k bins. For i 2 f1; 2g
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and j 2 bk we denote by pij the probability that a randomly chosen observation from X i

lies in the j-th bin [tj�1; tj]. Instead of (2) we now test equivalently the hypothesis

H0 : p1j = p2j for all j 2 bk vs H1 : H0 is not true: (7)

For i 2 f1; 2g it holds
Pk

j=1 pij = 1. This will provide us with the k � 1 free parameters
for each sampleX1;X2. Thus let us denote the free parameters by �i = (pi1; : : : ; pi(k�1)).
The parametric space of the dimension 2(k� 1) for the task (7) is therefore generated by

� = f� j � = (�1;�2) = (p11; : : : ; p1(k�1); p21; : : : ; p2(k�1))g: (8)

Under the true H0 we carry out the maximum likelihood estimate (MLE)

b� =

�
N1

N
; : : : ;

Nk�1

N
;
N1

N
; : : : ;

Nk�1

N

�
; (9)

where Nj stands for the number of observations x 2 fX1;X2g lying in j-th bin. In
what follows, for i 2 f1; 2g we write p(�i) = (pi1; : : : ; pik) for the vector of probabilities
assigned to the bins. Hence for p(�i) we have MLE

p(b�i) =

�
Ni1

ni
; : : : ;

Nik

ni

�
; (10)

where Nij denotes the number of observations x 2 X i belonging to the j-th bin. First,
we construct the vector of joint probabilities

bp =
�n1

N
p( b�1);

n2

N
p( b�2)

�
=

�
N11

N
; : : : ;

N1k

N
;
N21

N
; : : : ;

N2k

N

�
: (11)

Secondly, we consider the vector

p�(�) =
�n1

N
p(�1);

n2

N
p(�2)

�
=
�n1

N
p11; : : : ;

n1

N
p1k;

n2

N
p21; : : : ;

n2

N
p2k

�
: (12)

Furthermore, adopting the definition of �-divergence from [4], we arrive at

D�(bp;p�(�)) =
2X
i=1

kX
j=1

ni
N
pij�

�
Nij

nipij

�
; (13)

where � is a certain function selected from the convex family of real non-negative valued
functions on (0;1). We now apply the previous MLE b� of (9) to p�(�). Thereafter we
can define the statistic of the divergence test of homogeneity

H�(b�) =
2N

�00(1)
D�

�bp;p�(b�)
�

=
2N

�00(1)

2X
i=1

kX
j=1

ni
N

Nj

N
�

�
NijN

niNj

�
: (14)

The distribution of (14) is �2(k � 1). Accordingly, the approximate p-value can be
computed as

p-value = 1� �2
(k�1)(H�(b�)): (15)
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Remark 3. An important special case of (14) is the �2 test of homogeneity for �(x) =
1
2
(x � 1)2. Moreover, the test (14) coincides with the likelihood ratio test for �(x) =
x log x� x+ 1. Notwithstanding, the �2(k � 1) distribution of (14) holds independently
on the underlying convex function � (numerically verified in [1]). Throughout what
follows, we shall use only the case of the �2 test of homogeneity though.

Remark 4. The statistic (14) makes it evident that the divergence test of homogeneity
is dependent of the choice of the number of bins k as well as the subsequent binning
ft0; : : : ; tkg. That is why we consider histograms with robust equiprobable binning from
[1]. However, in order to carry out the construction of the test, we must make a judicious
choice of k. Because of the large number of observations in DATA (or sum of weights
W in MC, as W � #DATA for each ensemble under consideration), the test would loose
its power with increasing bin number k, see [3], (numerically validated in [1]). Thus, we
choose the following wise number of bins k = d1 + log2 W e, due to [2]. Finally, let us
state once more, we might want to supersede the members Nij; Nj; ni; N , in (14) with the
corresponding sums of weights at the sacrifice of losing some control on the asymptotic
property (15).

Figure 1 provides comparison of the divergence test of homogeneity (represented by
�2 test) with the Kolmogorov-Smirnov and Anderson-Darling [5] test. Notice that the
divergence tests produce generally higher p-values compared with the tests based on the
EDF.
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Kolmogorov-Smirnov Anderson-Darling @2 , = 0:1 , = 0:05 , = 0:01 , = 0:001

Figure 1: Homogeneity tests of MC and DATA distributions: p-value for all m = 46
variables in MC channel Electron 4+ Jets.

3 Simulation

3.1 Ensemble Modification and p-value Validation

In Remarks 2 and 4, we have already mentioned the problem of insecure asymptotic
properties when applying weighted modifications of the standard tests. We now turn our
attention over the numerical simulation. For our purposes here, the best way would be
to validate the asymptotic properties using standard, unweighted tests. This requires us
to plug into the testing an unweighted data set (only instead of weighted MC; DATA
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is unweighted already). We shall do this by appropriate transformation of the weighted
ensemble MC into the unweighted ensemble MCy.

We make two requirements for the transformation. Firstly, we desire to preserve or
exploit information contained in weighting in MC. Since the weight of an observation
states to what extent the distribution should be present in the neighbourhood of the
observation. Secondly, we require that the sum of weights in MC corresponds to the
number of observations in the unweighted MCy. Continuing in this manner, we now
proceed as follows.

Denote by X =
�
X(1); : : : ; X(n)

�
the ordered sample in MC with weights (w1; : : : ; wn)

and let W =
Pn

i=1 wi. Let N = bW c denote the desired number of observations in the
new transformed ensemble MCy. Given both our requirements regarding MCy, we are
constructing special weighted averages from X. For simplicity, we presume 0 � wi � 1
for all i 2 bn. Into the set intended for the first weighted average we include the smallest
possible number of observations

�
X(1); : : : ; X(k1)

�
such that

1 �
k1X
i=1

wi < 2: (16)

Thereby, for all l < k1
lX

i=1

wi < 1: (17)

The portion of weight wk1 of the observation X(k1) which contributes above 1 to the sum
(16) will not be included into the first weighted average. Hence, we denote this residual
portion as

rk1 =

k1X
i=1

wi � 1: (18)

Thereafter the first observation Y(1) in MCy can be defined as the following weighted
average

Y(1) =

Pk1

i=1 X(i)wi �X(k1)rk1Pk1

i=1 wi � rk1

: (19)

From (18) we arrive at

Y(1) =

k1X
i=1

X(i)wi �X(k1)rk1 =

k1�1X
i=1

X(i)wi +X(k1)(wk1 � rk1): (20)

The residual portion rk1 will be added to the next weighted average for Y(2). In general,
for Y(j) we write

rkj
=

kjX
i=kj�1+1

wi � rkj�1 � 1 (21)

Y(j) = X(kj�1)rkj�1
+

kj�1X
i=kj�1+1

X(i)wi +X(kj)(wkj
� rkj

): (22)
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Repeating the same steps we transform the original weighted ensemble MC with X =�
X(1); : : : ; X(n)

�
into the new unweighted ensemble MCy with Y =

�
Y(1); : : : ; Y(en)

�
. We

have distributed the weights from the MC so that there is the unit weight for each
observation Y(j). Therefore, we are authorized to apply standard homogeneity tests,
which guarantees the asymptotic properties.

0

1e-05

0.0001

0.001

0.01

0.1

1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46

MC MCy , = 0:1 , = 0:05 , = 0:01 , = 0:001

Figure 2: Kolmogorov-Smirnov test: p-value for all m = 46 variables in MC/MCy channel
Electron 4+ Jets.

Now, we can finally verify the correctness of the modified tests, used to weighted data.
Indeed, the resulting p-values from the standard tests, performed over MCy, remarkably
matches with accuracy p-values from the modified tests performed over MC. This is true
even for small orders of magnitudes of p-values, as evidenced by comparison in Figure 2.

3.2 Generic Validation

As we verified eligible usage of modified weighted tests in previous section with datasets
originating from high energy physics, we aim to provide more general verification now.
Thus, we consider several different distributions for X = (X1; : : : ; Xn): Beta, Cauchy,
Exponential, Laplace, Logistic, Lognormal, Normal, Uniform and Weibull. On the con-
trary, weightsW = (W1; : : : ;Wn) are taken from Beta distribution as we may easily tune
the expected value:

W � Beta(�; �) =) E [W ] =
�

� + �
: (23)

The appropriate number of simulation data points was determined by preliminary con-
vergence studies. Otherwise, the simulation steps proceed as follows:

1. Generate n random weighted data points (X;W ), e.g. n = 3; 500; 000.

2. Estimate weighted distribution from all the observations (X;W ) (using kernel den-
sity estimation). Repeat all the following k times, e.g. k = 1; 000:

(a) Drawmw = n
k
weighted observations from (X;W ) as your current MC sample,

e.g. mw = 3; 500.

(b) Generate mu �
Pmw

i=1 wi unweighted observations from estimated weighted
distribution as your current DATA sample, e.g. mu = 1; 000.

(c) Apply weighted homogeneity test MC vs DATA.
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(d) Rearrange MC into unweighted sample MCy and apply standard unweighted
test.

Thus, we obtain k p-values from the weighted tests and also another k corresponding
p-values from the unweighted tests. We may now check asymptotic properties of both
weighted and unweighted tests.

For all the distributions under consideration we arrived at two main results. First,
the significance level condition (3) is uniformly satisfied as shown in Figure 3, i.e. both
EDFs are located under the diagonal in graph. Second, both weighted modifications
and unweighted tests have the same resulting p-value distribution. This can be tested via
ordinary classical homogeneity tests for unweighted data. Nevertheless, the extraordinary
correspondence is obvious from the graph already.

Figure 3: EDF of p-value for weighted and unweighted tests of homogeneity. Underlying
data are taken from the lognormal distribution.

4 Conclusion
We performed numerical validation of modified statistical homogeneity tests for weighted
data. Our simulation verifies that the approximate asymptotic properties remain the
same for both weighted and unweighted tests. In consequence, in practice, we may either
utilize modified weighted tests or we may apply the rearranging technique from Section
3.1 directly with the unweighted standard tests (where the asymptotics are proven). In
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future research, we aim to investigate the effect of various homogeneity tests and different
weights distribution on the overall significance and power. We also plan to explore the
possibility of proving the validity of weighted tests for arbitrary data distribution as well
as potentially perform multivariate testing. The former may be reached by limiting the
possibilities for the weights distribution as there exist only limited number of physical
motivations for weighting procedures in practice.
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Abstract. With use of the multivariate trigonometric functions, the Chebyshev polynomials
of the fourth kind are generalized to orthogonal polynomials of several variables. The general
form of recurrence relations is obtained. These polynomials are further investigated in dimension
three, exact form of recurrence relations is obtained and the first four polynomials are calculated
using trigonometric identities. Then the first ten multivariate Chebyshev-like polynomials of
fourth kind are generated.
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Abstrakt. Za užití trigonometrických funkcí více proměnných jsou Čebyševovy polynomy
čtvrtého druhu zobecněny na ortogonální polynomy více proměnných. Je získán obecný tvar
rekurentních relací. Pro dimenzi tři jsou tyto polynomy dále zkoumány, je získán přesný tvar
rekurentních relací a první čtyři polynomy jsou spočteny za užití trigonometrických identit.
Následně je vygenerováno prvních deset více dimenzionálních Čebyševových polynomů čtvrtého
druhu.

Klíčová slova: Čebyševovy polynomy, Trigonometrické funkce více proměnných, Ortogonální
Polynomy

1 Introduction

In mathematics and physics we often encounter special functions on n-dimensional Eu-
clidean space which are symmetric or antisymmetric with respect to permutation of
variables. Example of such functions are multivariate trigonometric functions defined
by Klimyk and Patera [10] as determinants and permanents of matrices, which entries
are one dimensional trigonometric transforms. These functions inherit many important
properties from the classical trigonometric functions and properties of determinants and
permanents and due that are extensively studied [7, 8, 9].

One of application of multivariate trigonometric functions is to use them for general-
ization of discrete trigonometric transforms [1]. For multivariate discrete sine transforms

�This work was supported by the Grant Agency of Czech Technical University in Prague, grant No.
SGS16 /239/OHK4/3T/14

19
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this was done in [7] and for multivariate discrete cosine transforms in [2]. Another ap-
proach is to use the multivariate trigonometric functions as a starting point to define
multivariate orthogonal polynomials.

Orthogonal polynomials [4, 5] are appearing in many parts of mathematics and physics
and are intensively studied. Orthogonal polynomials which are connected to trigonomet-
ric functions are the Chebyshev polynomials [6, 11]. These polynomials are connected
to effective methods of numerical interpolation and approximation and thus their multi-
variate generalizations is interesting topic to study. Using the multivariate trigonometric
functions one can generalize the classical Chebyshev polynomials and obtain multivariate
Chebyshev-like polynomials. In total there exist four kinds of Chebyshev polynomials,
each of them can be generalized using symmetric or antisymmetric multivariate trigono-
metric functions. The generalization of the Chebyshev polynomials of first and third kind
was done in [7] the generalization of Chebyshev polynomials of second kind in [3]. The
generalization of Chebyshev polynomials of fourth kind is part of this paper.

2 Multivariate trigonometric functions

The multivariate generalizations of trigonometric functions are defined as determinants
and permanents of matrices with entries cos(��ixj) resp. sin(��ixj) in [10]. The antisym-
metric trigonometric functions cos�� (x), sin�� (x) and symmetric trigonometric functions
cos+

� (x), sin+
� (x) of variable x = (x1; : : : ; xn) 2 Rn with parameter � = (�1; : : : ; �n) in

the form:

cos�� (x) =
X
�2Sn

sgn(�) cos(���1x1) cos(���2x2) � � � cos(���nxn);

sin�� (x) =
X
�2Sn

sgn(�) sin(���1x1) sin(���2x2) � � � sin(���nxn);
(1)

for the antisymmetric trigonometric functions and

cos+
� (x) =

X
�2Sn

cos(���1x1) cos(���2x2) � � � cos(���nxn);

sin+
� (x) =

X
�2Sn

sin(���1x1) sin(���2x2) � � � sin(���nxn);
(2)

for the symmetric trigonometric functions.
For our applications we will only consider parameters � in form � = k or � = k + �

where k 2 Zn and � =
�

1
2
; 1

2
; : : : ; 1

2

�
. Further, due (anti)symmetries, we will consider

parameters k only lexicographically ordered, i.e.,

k1 � k2 � : : : � kn: (3)

Due to properties of determinants and permanents the functions can be considered only
on closure of the fundamental domain F (eSaff

n ), of the form:

F (eSaff
n ) = f(x1; x2; : : : ; xn) 2 Rn j 1 � x1 � x2 � : : : � xn � 0g ; (4)
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which can be further restricted by omitting boundaries in specific cases due to additional
properties discussed in [2], i.e,

� xi = xi+1; i 2 f1; : : : ; n� 1g for cos�k (x)

� xi = xi+1; i 2 f1; : : : ; ng, x1 = 1 or xn = 0 for sin�k (x)

� xi = xi+1; i 2 f1; : : : ; n� 1g or x1 = 1 for cos�k+�(x)

� xi = xi+1; i 2 f1; : : : ; n� 1g or xn = 0 for sin�k+�(x)

� x1 = 1 or xn = 0 for sin+
k (x)

� x1 = 1 for cos+
k+�(x)

� xn = 0 for sin+
k+�(x)

3 Chebyshev polynomials
The classical Chebyshev polynomials of one variable are connected to effective methods of
interpolation and numerical integration and due that they are well known and extensively
used class of orthogonal polynomials [6, 11]. There exist four kinds of the Chebyshev
polynomials defined as

PIn(x) = Tn(x) = cos (n�) ; PIIIn (x) = Vn(x) =
cos
��
n+ 1

2

�
�
�

cos
�

1
2
�
� ;

PIIn (x) = Un(x) =
sin ((n+ 1) �)

sin (�)
; PIVn (x) = Wn(x) =

sin
��
n+ 1

2

�
�
�

sin
�

1
2
�
� ;

(5)

with variable x = cos (�), x 2 [�1; 1].
For further uses we will focus mainly on the Chebyshev polynomials of the fourth

kind. These polynomials are orthogonal on interval (�1; 1). i.e.,Z 1

�1

Wn(x)Wm(x) (1� x)
1
2 (1 + x)�

1
2 dx = 0; n 6= m: (6)

The first two polynomials can be obtained using of trigonometric formulas as:

W1(x) = 1; W2(x) = 2 cos (�) + 1 = 2x+ 1: (7)

The recurrence relations for following polynomials can be obtained using theory of or-
thogonal polynomials. However it is easier to obtain it using the following trigonometric
identity:

sin

���
n+

1

2

�
+ 1

�
�

�
+ sin

���
n+

1

2

�
� 1

�
�

�
= 2 cos (�) sin

��
n+

1

2

�
�

�
(8)

which in coordinates x = cos (�) gives recurrence relations:

Wn(x) = 2xWn�1(x)�Wn�2(x); n = 2; 3; : : : : (9)

This together with knowledge of the first two polynomials generates all polynomials.
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4 Multivariate Chebyshev-like polynomials of the fourth
kind

The multivariate generalizations of trigonometric functions can be used to define mul-
tivariate Chebyshev-like polynomials. In total for any dimension there exist eight mul-
tivariate Chebyshev-like polynomials. Every classical Chebyshev polynomials can be
generalized by use of symmetric or antisymmetric multivariate trigonometric functions.
The Chebyshev polynomials of the first and the third kind were generalized in [7]. In this
paper we focus on symmetric multivariate Chebyshev-like polynomials of fourth kind.
Lets introduce variables X1; X2; : : : ; Xn:

X1 = cos+
(1;0;:::;0); X2 = cos+

(1;1;:::;0); : : : ; Xn = cos+
(1;1;:::;1) : (10)

Now the multivariate symmetric generalization of the Chebyshev polynomials of the
fourth kind can be introduced in a form:

PIV;+k (X1; X2; : : : ; Xn) =
sin+

k+�(x)

sin+
� (x)

; (11)

where � =
�

1
2
; 1

2
; : : : ; 1

2

�
. These functions are well defined for all points of interior of

fundamental domain F ( ~Saffn ).
We use ordering of the polynomials from [7], we say that a polynomial PIV;+k is greater

than polynomial PIV;+k0 , k 6= k0 if for all i, ki � k0i and smaller if for all i, ki � k0i.

4.1 Recurrence relations

To obtain recurrence relations for the generalized Chebyshev-like polynomials PIV;+k0 one
has to consider generalized trigonometric identity which can be obtained using the clas-
sical identity (8):

sin+
k (x) cos+

l (x) =
1

2n

X
�2Sn

X
ai=�1

i=1;:::;n

sin+

(k1+a1l�(1);:::;kn+anl�(n))
(x): (12)

Specially case where l = �1 = (1; 1; : : : ; 1), i.e,

sin+
k (x) cos+

�1
(x) =

n!

2n

X
ai=�1

i=1;:::;n

sin+
(k1+a1;:::;kn+an)(x); (13)

the recurrence relations then obtain form:

sin+
k =

2n

n!
sin+

k�l1�l2�:::�ln Xn �
nX
i

sin+
k�2li
�

nX
i;j=1
i<j

sin+
k�2li�2lj

� : : :� sin+
k�2l1�2l2�:::�2ln

:

(14)
where li is vector with 1 on i-th coordinate and 0 for the rest.

Using identity (14) each polynomial can be expressed as linear combination of lower
polynomials and combination of products of lower polynomial with variables Xi. There-
fore each polynomial can be defined recursively.
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4.2 Three-dimensional polynomials

Properties of generalized sine functions together with generalized trigonometric identity
(14) leads to the following set of recurrence relations for PIV;+(k1;k2;k3). The first four poly-
nomials are obtained using trigonometric identities in form:

PIV;+(0;0;0) = 1; PIV;+(1;0;0) =
1

3
X1 + 1;

PIV;+(1;1;0) =
2

3
X2 +

2

3
X1 + 1; PIV;+(1;1;1) =

4

3
X3 + 2X2 +X1 + 1:

(15)

Following polynomials are then obtained using recurrence relations:

k1 � 2; k2 = k3 = 0 : PIV;+(k1;0;0) = PIV;+(k1�1;0;0)X1 � PIV;+(k1�2;0;0) � 2PIV;+(k1�1;1;0) + 2PIV;+(k1�1;0;0)

k1 � 1 > k2 > k3 = 0 : PIV;+(k1;k2;0) = PIV;+(k1�1;k2;0)X1 � PIV;+(k1�2;k2;0) + PIV;+(k1�1;k2;0)

� PIV;+(k1�1;k2+1;0) � P
IV;+
(k1�1;k2�1;0) � P

IV;+
(k1�1;k2;1)

k1 � 1 >; k2 = k3 > 0 : PIV;+(k1;k2;k2) = PIV;+(k1�1;k2;k2)X1 � PIV;+(k1�2;k2;k2)

� 2PIV;+(k1�1;k2+1;k2) � 2PIV;+(k1�1;k2;k2�1)

k1 � 1 >; k2 > k3 > 0 : PIV;+(k1;k2;k3) = PIV;+(k1�1;k2;k3)X1 � PIV;+(k1�2;k2;k3) � P
IV;+
(k1�1;k2+1;k3)

� PIV;+(k1�1;k2�1;k3) � P
IV;+
(k1�1;k2;k3+1) � P

IV;+
(k1�1;k2;k3�1)

k1 � 1 = k2 > k3 = 0 : PIV;+(k1;k1�1;0) =
1

2
PIV;+(k1�1;k1�1;0)X1 � PIV;+(k1�1;k1�2;0)

� 1

2
PIV;+(k1�1;k1�1;1) +

1

2
PIV;+(k1�1;k1�1;0)

k1 � 1 = k2 > k3 > 0 : PIV;+(k1;k1�1;k3) =
1

2
PIV;+(k1�1;k1�1;k3)X1 � PIV;+(k1�1;k1�2;k3)

� 1

2
PIV;+(k1�1;k1�1;k3+1) �

1

2
PIV;+(k1�1;k1�1;k3�1)

k1 � 1 = k2 = k3 > 0 : PIV;+(k1;k1�1;k1�1) =
1

3
PIV;+(k1�1;k1�1;k1�1)X1 � PIV;+(k1�1;k1�1;k1�2)

(16)
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k1 = k2 = 2; k3 = 0 : PIV;+(2;2;0) = 2PIV;+(1;1;0)X2 � 2PIV;+(1;0;0)X1 + PIV;+(1;1;0)X1

� PIV;+(1;1;1)X1 + PIV;+(0;0;0) + 6PIV;+(1;1;0) � 4PIV;+(1;0;0)

+ PIV;+(2;1;1) � P
IV;+
(1;1;1)

k1 = k2 > 2; k3 = 0 : PIV;+(k1;k1;0) = 2PIV;+(k1�1;k1�1;0)X2 � 2PIV;+(k1�1;k1�2;0)X1 � PIV;+(k1�1;k1�1;1)X1

+ PIV;+(k1�1;k1�1;0)X1 + PIV;+(k1�2;k1�2;0) + 4PIV;+(k1�1;k1�1;0) + 2PIV;+(k1�1;k1�2;1)

+ 2PIV;+(k1�1;k1�2;0) + 2PIV;+(k1�1;k1�3;0) + PIV;+(k1�1;k1�1;2) � P
IV;+
(k1�1;k1�1;1)

k1 = k2 > k3 + 2 > 2 : PIV;+(k1;k1;k3) = 2PIV;+(k1�1;k1�1;k3)X2 � 2PIV;+(k1�1;k1�2;k3)X1

� PIV;+(k1�1;k1�1;k3+1)X1 � PIV;+(k1�1;k1�1;k3�1)X1

+ PIV;+(k1�2;k1�2;k3) + 2PIV;+(k1�1;k1�2;k3+1)

+ 2PIV;+(k1�1;k1�2;k3�1) + 4PIV;+(k1�1;k1�1;k3)

+ 2PIV;+(k1�1;k1�3;k3) + PIV;+(k1�1;k1�1;k3+2)

+ PIV;+(k1�1;k1�1;k3�2)

k1 = k2 = k3 + 2 = 3 : PIV;+(3;3;1) = 2PIV;+(2;2;2)X2 � 2PIV;+(2;1;1)X1 �
2

3
PIV;+(2;2;2)X1

� PIV;+(2;2;0)X1 + PIV;+(1;1;1) + 5PIV;+(2;2;1)

+ 4PIV;+(2;1;0) + PIV;+(2;2;0)

k1 = k2 = k3 + 2 > 3 : PIV;+(k1;k1;k1�2) = 2PIV;+(k1�1;k1�1;k1�2)X2 � 2PIV;+(k1�1;k1�2;k1�2)X1

� 2

3
PIV;+(k1�1;k1�1;k1�1)X1 � PIV;+(k1�1;k1�1;k1�3)X1

+ PIV;+(k1�2;k1�2;k1�2) + 5PIV;+(k1�1;k1�1;k1�2)

+ 4PIV;+(k1�1;k1�2;k1�3) + PIV;+(k1�1;k1�1;k1�4)

k1 = k2 = k3 + 1 = 2 : PIV;+(2;2;1) =
2

3
PIV;+(1;1;1)X2 � PIV;+(1;1;0)X1

+ PIV;+(1;0;0) + PIV;+(1;1;1) � P
IV;+
(1;1;0)

k1 = k2 = k3 + 1 > 2 : PIV;+(k1;k1;k1�1) =
2

3
PIV;+(k1�1;k1�1;k1�1)X2 � PIV;+(k1�1;k1�1;k1�2)X1

+ PIV;+(k1�1;k1�2;k1�2) + PIV;+(k1�1;k1�1;k1�1)

+ PIV;+(k1�1;k1�1;k1�3)

k1 = k2 = k3 = 2 : PIV;+(2;2;2) =
4

3
PIV;+(1;1;1)X3 � 6PIV;+(1;1;0)X2 + 3PIV;+(1;0;0)X1 � 3PIV;+(1;1;0)X1

+ 2PIV;+(1;1;1)X1 � PIV;+(0;0;0) � 9PIV;+(1;1;0) + 6PIV;+(1;0;0) + 3PIV;+(1;1;1)

(17)
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k1 = k2 = k3 = 3 : PIV;+(3;3;3) =
4

3
PIV;+(2;2;2)X3 � 6PIV;+(2;2;1)X2 + 3PIV;+(2;1;1)X1

+ 2PIV;+(2;2;2)X1 + 3PIV;+(2;2;0)X1 � PIV;+(1;1;1)

� 9PIV;+(2;2;1) � 6PIV;+(2;1;0) + PIV;+(2;2;0)

k1 = k2 = k3 > 3 : PIV;+(k1;k1;k1) =
4

3
PIV;+(k1�1;k1�1;k1�1)X3 � 6PIV;+(k1�1;k1�1;k1�2)X2

+ 3PIV;+(k1�1;k1�2;k1�2)X1 + 2PIV;+(k1�1;k1�1;k1�1)X1

+ 3PIV;+(k1�1;k1�1;k1�3)X1 � PIV;+(k1�2;k1�2;k1�2)

� 9PIV;+(k1�1;k1�1;k1�2) � 6PIV;+(k1�1;k1�2;k1�3)

� 3PIV;+(k1�1;k1�1;k1�4);

(18)

which are obtained from the generalized trigonometric identity (14).
With the use of recurrence relations one can obtain the exact form of first ten poly-

nomials (k � (2; 2; 2)) as follows:

PIV;+(0;0;0) = 1;

PIV;+(1;0;0) =
1

3
X1 + 1;

PIV;+(1;1;0) =
2

3
X2 +

2

3
X1 + 1;

PIV;+(1;1;1) =
4

3
X3 + 2X2 +X1 + 1;

PIV;+(2;0;0) =
1

3
X2

1 �
4

3
X2 +

1

3
X1 � 1;

PIV;+(2;1;0) =
1

3
X2

1 +
1

3
X2X1 �

2

3
X3 �

2

3
X2 �

2

3
X1 � 1;

PIV;+(2;1;1) =
1

3
X2

1 +
4

9
X3X1 �

2

3
X2X1 �

2

3
X2 �

1

3
X1 � 1;

PIV;+(2;2;0) = �4

3
X2

1 +
4

3
X2

2 �
8

9
X3X1 �

4

3
X3 +

4

3
X2 �

1

3
X1 + 1;

PIV;+(2;2;1) = �2

3
X2

1 +
4

3
X2

2 +
8

3
X3X2 +

4

3
X3 + 2X2 +

5

3
X1 + 1;

PIV;+(2;2;2) =
16

9
X2

3 � 4X2
2 +X2

1 +
8

3
X3X2 � 4X3X1 � 2X2X1 +

16

3
X3 � 12X2 +X1 � 1:

(19)
From the first ten polynomials one can see that the polynomial PIV;+(k1;k2;k3) is of order k1

for k1 � 2, which can be proven generally for any k1 using the generalized trigonometric
identity (14).
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5 Conclusion

The generalization of the Chebyshev polynomials of fourth kind was done using the sym-
metric multivariate trigonometric function. The generalization by antisymmetric function
follow similar procedure but is slightly more complicated due to the antisymmetry con-
dition. This generalizations completes the set of eight multivariate Chebyshev-like poly-
nomials. The multivariate Chebyshev-like polynomials inherited many usable properties
from the one dimensional cases, and thus are interesting topic for further study.

One of possible applications of the multivariate Chebyshev-like polynomials is to ob-
tain cubature formulas. Cubature formulas allow replacing weighted integral of poly-
nomial function with a linear combination of polynomial values at some points. This
allows faster computation and therefore can lead to effective numerical methods. For the
multivariate Chebyshev polynomials of first and third kind this was already done in [7].
The cubature formulas obtained from multivariate Chebyshev polynomials of second and
fourth kind are point of current study.
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Abstract. There are many approaches to evaluate density within pedestrian scenarios, including
point approximation, Voronoi cells or more sophisticated methods. In this project we focus on
the individual density, where each pedestrian is considered as a source of density distribution. A
cone can be considered as a reasonable shape, with its diameter as a blur parameter. Naturally,
pedestrians adapt their velocity and path selection with respect to the conditions around them
in given range. The correlation of density and velocity, respective density and exit angle was
evaluated on laboratory experiment data for all acceptable blur – range combination. Because
negative correlation corresponds to more significant response of velocity (exit angle) to the
density, the correlations seem to be a perfect tool to estimate density parameters.

Keywords: crowd dynamics, individual density, velocity response

Abstrakt. Existuje mnoho přístupů k vyhodnocování hustoty v rámci systémů chodců, jako
je bodová aproximace, Voronoiské buňky nebo další, sofistikovanější metody. V tomto projektu
se zaměřujeme na individuální hustotu, kde je každý chodec považován za zdroj distribuce hus-
toty. Za vhodný tvar může být považován kužel jednotkového objemu, jehož průměr vyjadřuje
parametr rozostření. Chodci zřejmě přizpůsobují svou rychlost a výběr cesty okolním pod-
mínkám v daném okolí. Korelace hustoty a rychlosti, popřípadě hustoty a úhlu k výstupu byla
vyhodnocována na základě údajů z laboratorních experimentů pro všechny myslitelné kombinace
parametrů rozostření a rozsahu okolí. Vzhledem k tomu, že více negativní korelace odpovídá
výraznější odezvě rychlosti (úhlu výstupu) na hustotu, zdá se, že tyto korelace jsou vhodným
nástrojem pro odhad parametrů hustoty.

Klíčová slova: dynamika davu, individuální hustota, reakce rychlosti

1 Introduction
The pedestrian movement, including egress situations, walking in corridors or in cross-
section areas has been widely studied in last twenty years [4]. This period seems long
enough to bring the answer to such fundamental question as "how pedestrians react to

�GAČR 15-15049S & SGS15/214/OHK4/3T/14
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their surrounding", but so far, there are only qualitative studies or macroscopic approxi-
mations. Moreover, the definitions of fundamental quantities are not unified [5] and the
only criteria to use some method is to bring the prettiest data.

In this paper, the study of pedestrian reaction starts with quantification of state of
his neighborhood and quantification of his reaction. The main idea has been presented
and described at the conference PED 2017 [3]. This paper partially discusses some part
of density evaluation and concludes preliminary results.

The reaction consisting of velocity and direction changes is considered to be induced
by the trend of density. There are many ways to evaluate density and even the reaction
range should be parametrized, thus the pedestrian behavior in front of the exit is analyzed
on parametric grid with respect to multiple defined densities (defined bellow). This
parametric grid is generally based on two features:

� blur, e.g. the size of area affected by one pedestrian,

� range, e.g. the size of area affecting one pedestrian.

At the end, Pearson correlation coefficient

R t (� ! � ; v� ) =
Cov (� ! � ; v� )

p
Var (� ! � ) Var (v� )

(1)

is used as a metric to select the density with the best fit to pedestrian reactions.
Numerical study is based on the egress experiment organized in the study hall of

FNSPE CTU in Prague in 2014, see [1], [2].

2 Definitions
As mentioned above, the analysis is provided on pedestrian trajectory data. The velocity
v� (t) of pedestrian � is defined as usual using central differences of space coordinates.
The exit angle #� (t) 2 [0; � ] is defined as angular deflection from the ideal direction of
the pedestrian � to the exit

The density is the only flexible variable in this study. Its value is integrated over the
distribution generated by each pedestrian � individually

� =
N
jA j

=
R

A p(~x) d~x
jA j

=
R

A

P N
� =1 p� (~x) d~x

jA j
=

NX

� =1

R
A p� (~x) d~x

jA j
: (2)

There are several methods to define the individual density distribution function (ker-
nel) p� (~x):

� point approximation
p� (~x) = � ~x;~x � ;

where
R

A � ~x;~x � d~x =
�

1 if ~x� 2 A;
0 otherwise;
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� stepwise function

p� (~x) =
� 1

jA � j if ~x 2 A � ;
0 otherwise;

where special cases are

1. cylindrical distribution

p� (~x; R) =
� 1

R2 � if jj~x � ~x� jj < R;
0 otherwise;

2. Voronoi distribution, where A � is a voronoi cell – the whole space is segregated
into pedestrian cells A � according to a simple rule: each point ~x
is assigned to the nearest pedestrian ~x� ,

� linear (conic) distribution

p� (~x; R) =
� 3

R3 � (R � jj ~x � ~x� jj ) if jj~x � ~x� jj < R;
0 otherwise;

� Gaussian distribution

p� (~x; �) =
1

2�
p

j� j
e� 1

2 (~x� ~x� )T � � 1 (~x� ~x� )

with covariance matrix � = � 2 I2� 2, where I2� 2 represents identity matrix.

Figure 1: Example of density distribution

In this paper, linear (conic) distribution was used due to its decreasing trend with
increasing distance, limited support and independence of one pedestrian to others. An
example of density distribution generated by the method mentioned above is visualized
in Figure 1.
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3 Analysis
Basic overview is provided by of velocity – density, resp. direction – density relation of
all trajectories. For each blur and range parametric set, Pearson correlation coefficient
was evaluated over the whole trajectory, and then averaged over all trajectories of the
experiment, see Figure 2.

Figure 2: Correlation coefficient over the whole trajectory, mean over all trajectories

We can see expected zero correlation for zero range point approximation in case of
both, velocity and the exit angle as well as natural negative velocity correlation for short
range narrow approximation. On the other hand, positive velocity correlation for any
long range approximation and negative exit angle correlation for all reasonable sets of
parameters weren’t expected at all. Moreover, the absolute value of correlation is rather
small, indicating week dependency of density and pedestrian reaction.

To see the source of positive or negative correlation, we have to go to individual level
and check rolling correlation (window width 1:56 s) for segments of one trajectory, see
Figure 3.

There is strong positive correlation of velocity and long-range density in free flow
area that can be explained by competitiveness between pedestrians. Strong negative
correlation of velocity and all densities in avoiding/joining the cluster area corresponds
to adjusting velocity to higher density. And at the end, positive correlation of velocity
and all densities in the cluster area is caused by the flow conservation law – closer the
exit, lower number of participants carry the flow, the velocity at the exit is much higher
than inside the crowd, even the density is higher as well.



Pedestrian Density Distribution with Respect to the Velocity Response 33

Figure 3: Correlation coefficient of four density combinations and velocity

4 Conclusions

Correlation between velocity and density isn’t obviously as clear as expected on the
first sight. Expected decrease of velocity implied by increasing density is observed only
in transition phase between free flow and congested areas. Others situations produce
different behavior due to the complex dynamics.

In general, individual pedestrian density reflects phase transition changes very well,
as can be seen in Figure 4. The value of correlation of velocity and one specific density is
not stable, but differs with the traffic mode around, personal preferences and individually
selected strategy. The analysis of such complexity is a subject of further research.

Yet these preliminary results described and explained unexpected positive correlation
in the exit area by the flow conservation law. We hope that deep decomposition and
clustering of trajectories reveal more fundamental facts that increase our ability to predict
the pedestrian reactions.

Figure 4: Changes of blur (blue dotted neighborhood) and range (yellow neighborhood)
parameters according to the phase transitions.
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Abstract. This study presents a mathematical model of density pro�le computation for multi-
component mixtures of two commonly used phase geometries. The model uni�es the description
of multicomponent systems of planar and spherical interface geometry. The mathematical model
is supplied with PC-SAFT equation of state for thermodynamic property evaluation. The fun-
damentals of the presented model lie in the gradient theory approximation used to formulate
the governing di�erential equation. An innovative approach to the problem formulation divides
the solution into two simple parts. The solution method applicable for arbitrary geometry was
developed and a special case for planar and spherical interfaces was solved. In addition to
the density pro�le and the surface tension are computed for modelled system. Binary system
CO2; C4H10 was investigated and compared with available experimental data. Surface tension
estimate was found to be in good agreement with experiment.

Keywords: phase interface, gradient theory, multicomponent system, surface tension

Abstrakt. P°edm¥tem studie je zkoumÆní fÆzových rozhraní dvou zÆkladních typ• geometrií.
JednÆ se o rovinnØ a sfØrickØ geometrie, kterØ jsou ve studii zkoumÆny jednotným modelem.
Tento model vyu”ívÆ poznatky gradientní teorie a je dopln¥n o stavovou rovnici PC-SAFT,
kterÆ vy£ísluje termodynamickØ vlastnosti zkoumanØho systØmu. Pomocí originÆlního p°ístupu
je model rozd¥len na dva výpo£etní kroky. Ve studii jsou zkoumÆny ob¥ geometrie na vybranØ re-
alnØ sm¥si obsahujícíCO2; C4H10. Vypo£tenØ výsledky jsou nÆsledn¥ srovnÆny s dostupnými ex-
perimentÆlními daty. Výsledky srovnÆní pro povrchovÆ nap¥tí jsou v dobrØ shod¥ s vytvo°eným
modelem.

Klí£ovÆ slova:fÆzovØ rozhraní, gradientní teorie, víceslo”kovØ systØmy, povrchovØ nap¥tí

1 Theoretical background
The methods for accurate modelling of phase interfaces are important for the under-
standing of natural processes and applications in technology. One such application is

� The research has received funding from the Norwegian Financial Mechanism 2009-2014 under Project
Contract no. 7F14466
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carbon capture and storage (CCS). In particular, the prediction of non-equilibrium phase
transitions requires a detailed knowledge of the phase interfaces.

The gradient theory (GT) framework presented here was initially used for pure systems
only. The initial aim was to predict interface properties of said pure system. Through the
recent years the originally simple description of pure systems was extended into multiple
component systems for example [15, 16]. The authors derived the formulas and governing
equation system for the multi-component problems and provided comparison with avail-
able experimental data. But during the derivation authors restricted themselves to the
planar phase interface geometry. There also exist group of authors who extend the the-
ory to the more complicated spherical interface geometry [6, 17, 20]. While these authors
derived the terms for the special geometry e.g droplets, they also restricted themselves
and constructed the models for the pure systems only. Based on our observation there
is no uni�ed framework which describes how to approach spherical phase geometry in
multi-component systems.

The presented study continues in line with mixture systems research by Vin†et. al.
[19] and combines the spherical interface geometry research by PlankovÆet. al. [18].
The aim of this study is the prediction of multi-component systems with spherical phase
interface geometry initially outlined in [4]. The method is extended into derivation of the
generalized computational approach for two interface geometries in multiple-component
system. This study also present the comparison of investigate two-component system
with experimental data in the last section.

2 Theoretical background

2.1 Cahn-hilliard gradient theory

The main advantage of gradient theory approach is the computational speed and the
overall simplicity compared to the full density functional theory (DFT) or molecular
simulation models. But the simplicity of the approach comes at the cost of lowered
accuracy in regions with large gradients of Helmholtz energy.

Gradient theory formulate the work of formation �
 and uses it to describe the op-
timal density pro�le. The work of formation is de�ned as the di�erence between the
homogeneous system and the non-homogeneous system where the phase interface e�ects
are accounted for. Same formulation can be expressed in multiple thermodynamic po-
tentials, but for the case of multi-component mixtures the grand potential is the most
suitable:

�
( � ) = 
 inhom (� ) � 
 hom(� ): (1)

Grand potentials here depend on the molar density� which can be understood as an
universal descriptor of a system. It is also usual to search for the molar density sys-
tem description in form of density pro�le. In an arbitrary system such density pro�le
is a function of the systems coordinates for example� = � (s1; s2; s3). With this for-
mulation the solution becomes substantially complex. Therefore, it is usual to assume
that the system is non-uniform in only single coordinates1 denoted further simply ass.
Helmholtz energy of inhomogeneous system is then expressed as Taylor expansion around
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homogeneous Helmholtz energy with higher order terms omitted as follows:

f inhom = f hom(� ) + C1 � r 2� +
1
2

C2 � (r � )2 : : : (2)

According to the approach used by Cahn and Hilliard [3] the Taylor expansion is utilised in
the formulation of the grand potential. With a simpli�ed notation the following equation
for grand potential di�erence is obtained.

�
 =
Z

s

 

� ! (� (s)) +
1
2

C3

�
@�
@s

� 2
!

Sds; (3)

Here C3 parameters contain the Taylor expansion coe�cients and� ! is the grand po-
tential density which can be also expressed in following form:

� ! (� ) = f hom (� ) �
nX

i =1

� G
i � i + pG: (4)

It can be noted that formation work in eq. (3) was derived for generalized type of interface
geometry parametrized withs and S. This geometry can be speci�ed later with the choice
of coordinate system best describing the intended interface geometry. Selecting Cartesian
coordinates the planar geometry can be described and similarly spherical coordinates can
be used for droplets.

2.1.1 Core problem derivation

When the task is transferred into grand potential formulation it can be noticed that it is
also a functional formulation for an unknown density pro�le function� . With the problem
then understood as functional problem of �nding the saddle point the variational calculus
can be used with advantage. The required criterium for optimal density pro�le can be
formulated accordingly as:

� �
 [ � ]� = � 0 = 0 (5)

The extremal point of previous formulation is found by Euler-Lagrange equations.
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In such form the set of equations is overly complex. The following three simpli�cations
are proposed for the iterative solution approach taken in the model.

@� ! (� (s))
@�k

= � � k (7)

Secondly the equation (6) also contains the non-diagonal in�uence parameterci;j i 6=
j . This type of in�uence parameter is rarely tabulated and has to be inferred from
experimental data. This approach is available only for narrow substance range therefore
the approximation of parameter is usually used instead.

ci;k
:= p ci;i � ck;k (8)
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Lastly the in�uence parameter ci;j is also assumed to be independent on molar density.
This assumption is valid for most systems exhibiting a very weak density dependence.

@ci;j
@�k

= 0 (9)

By combining the (7,8,9) together with a special derivative notation� 0
i = @�i =@sthe set

of equations (6) is substantially reduced into:
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Core problem is now formulated as the set of second order di�erential equations with
non-zero right hand side (RHS).

3 Model description
As stated in the previous section 2 the core problem lies within the solution of the
second order di�erential equation set. Moreover the RHS of equations (10) is generally
analytically non-integrable due to the fact that � � k is computed from the EoS. Complex
equation of state without analytically integrable chemical potential� k (such as PC-SAFT)
prohibit the analytical solution. Additionally the left hand side contains dS=ds factor
dependent on the interface geometry. To answer both problem simultaneously an uni�ed
numerical method for the two investigated geometries is proposed here.
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While solution of aforementioned core problem is possible in this form. It would
require a substantial computational e�ort coupled with the increased error of solution
and fundamentally problematic situation for system with more than two components. It
is therefore quite favourable to modify the form of a problem. A similar approach as
[5, 13, 9, 12] was used to transform the original set into algebraic problem and simpli�ed
di�erential problem. An idea similar is to restructure the set (10) in such a way that all
elements withk index are transferred to the right hand side of the set and subtract the
�rst equation form the rest. This creates the system of nonlinear equations and single
di�erential equation to solve.

According to this schema the di�erential equation has to be modi�ed to preserve the
connection between sections. The connection can be expressed as a single variableX also
referred as an arti�cial variable.

X =
� � 1p c1;1

(12)

In addition to the variable X the partial densities are also treated. Introduced mod-
i�cation is inspired by the problem of monotonous density. It is known that multiple
component systems in gradient theory require at least one density to have a monotonous
character along the coordinate axis. The same requirement was formulated by Cahn and
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Hilliard [2] and later further investigated by Liang et. al. [10]. This requirement implies
the remaining partial densities are expressed as functions of the one selected monotonous
density.

Proposed approach inspired by [10], introduces a new modi�ed density~� . With this
modi�ed density the problem with selection can be softened and all partial densities are
processed in same manner as a functions of~� .

~� =
P n

i =1
p ci;i � iP n

i =1
p ci;i

(13)

Heren is the number of components in mixture andci;i is in�uence parameter of purei -th
component. Monotonous character is justi�ed by the existence of monotonous component
with high in�uence parameter as in case of investigated system.

With modi�ed density (13) and arti�cial variable (12) the di�erential section of prob-
lem can be written as:

dS
ds

~� 0+ ~� 00=
X� P n

i =1
p ci;i

� (14)

This shape of equation is expressed for arbitrary geometry and specialized solver can be
used for individual geometries. For example, when the factordS=ds= 1 the problem can
be numerically integrated. In other cases a numerical solution of di�erential equation is
searched for.

The algebraic section is also treated with notation (12,13). Consequentially one equa-
tion has to be added into a system for modi�ed density. The linear system is then
composed ofn nonlinear equations:

� � 2p c2;2
= � X

...
...

...
� � np cn;n

= � X

nX

i =1

p ci;i � i = ~�
nX

i =1

p ci;i : (15)

Algebraic system here does not depend on the type of interface geometry as a trivial
result of the previous derivation. This feature of system permits the independent solution
regardless of the geometry type.

3.1 Algebraic system solution
This subsection o�er a solution method for the nonlinear algebraic set of equation ob-
tained from core problem derivation. Because of the nonlinear character of problem the
Newton-Rhapson solver was selected. The numerical properties of a solver were further
improved with rearrangement of the set so that Jacobean matrix is symmetric. The fact
is straightforward consequence of the partial derivatives interchangeability also previously
shown by [10].
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The computational procedure of the algebraic solver can be therefore developed around
the Newton-Rhapson iterator with the Jacobean inversion method. The whole procedure
is in steps applied across the modi�ed density discretization and individual solution are
found. These values are coupled into the following data structure evaluated for discrete
modi�ed densities ~� 1; ~� 2; : : : ~� disc.

This data structure is fundament for the piecewise cubic interpolation used after-
wards. The interpolation enables to use fewer discretization points and alleviate some
computational strain without su�ering much greater error. It is also useful for following
solution to hold the algebraic solver results as functions� 1 (~� ) ; � 2 (~� ) ; : : : ; � n (~� ) ; X (~� ).

3.2 Di�erential equation solution
The initial algebraic solution is followed by the di�erential solver. In developed solver
an arti�cial variable interpolation X (~� ) is used and a general approach is undertaken to
produce the density pro�le dependence~� (s)

Utilising the previous knowledge of selected interface geometry permits the specialized
di�erential solver to be developed. This is especially useful for planar geometry case where
solution can be found analytically. The analytical solution is presented in next section 3.3
. In this study we develop the general solution method primarily used for the spherical
geometry. Therefore, the following equation is written withdS=dsfactor substituted for
spherical geometry case.

2
r

~� 0+ ~� 00=
X (~� )� P n
i =1

p ci;i
� (17)

From the performed analysis of the problem and through the trial and error it has
been determined that the shooting method coupled with the predictor corrector type
solver can be used. Wide range of methods were tested and deemed to be not useful
because of the widespread convergence issues.

The solution method in theory translates the originally boundary value problem into
the initial value problem. Therefore, the investigation of droplets in this case can access
an information about gas density of surroundings. Also the initial bulk liquid density
derivative is known and understood as being zero, because of the requirement of homoge-
neously distributed density in volume in the centre of droplet. The task for the shooting
method is to �nd initial density that yields the density pro�le �nishing at the a priory
known gas density. For droplets the shooting parameter is the initial liquid density which
correspond with experimentally measured systems.
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The shooting method is also supplied with a decision criteria. The criteria is respon-
sible for the selection of the next shooting parameter� next . It was found out that a
bisection method construct a reliable criteria and is able to cope with steep nature of
investigate searching task for� optimal shooting parameter.

3.3 Density pro�le computation

As mentioned in the previous section the core problem can be solved analytically in
special case of planar phase interface geometry. This was well investigated [13, 8, 11] and
found out that the shape of planar phase interface density pro�le can be computed as
following integral:
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Here the � 0 and z0 stand for initial selected values for initial density of integration
as the centre of pro�le respectively. These two parameters determine how is the pro�le
oriented and where it begins. This approach also replace di�erential for numerical integral
computation and only the partial densities are left to be determined.

In spherical case geometry the di�erential solver produces result in a form of mod-
i�ed density function of radius ~� (r ) further modi�ed into � i r . The process includes
transformation of modi�ed density and partial density computation base on algebraic set
solution. With interpolated functions � i (~� ) the transformation of ~� (r ) into � i (r ) becomes
trivial. This operation depends on the monotonousness of modi�ed density which implies
injectivity required for transformation.

The main property of interface is surface tension. This property states the force
exerted onto the dividing surface that holds the phases separate. For the systems with
planar interface geometry the generally known [21, 12, 14] expression for surface tension
is used as:
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Following the argument by Lianget. al. [10] the integration can be also performed
in modi�ed density which gives a negligible boost to the accuracy, because this way the
computation does not rely on modi�ed density backward transformation. The second case
of spherical geometry o�ers no such direct approach and the Young-Laplace equation
have to be used for computation. It should be noted that saturation of system plays
important role as input parameter in droplet density pro�le computation. This state can
be identi�ed with the Laplace pressure� p. After a simple treatment the equation for
spherical surface tension is obtained.

� =
3

r
3�
� p2

16�
(20)
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Figure 1: Planar density pro�les ofC4H10 �
CO2 mixture for T = 300 K, p = 1 :36 MPa
and � p = 0 MPa
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Figure 2: Spherical density pro�les of
C4H10 � CO2 mixture for T = 300 K, p =
1:85 MPa and � p = 5 :53 MPa

4 Results

Density pro�les give the information about phase interface and they are computed with
either (18) equation for planar geometry or according to the method described in section
about di�erential equation solution. These solutions are presented for theC4H10 � CO2
mixture depicting both investigated geometries. Distinct feature of both �gures is the
substantial adsorption of carbon dioxide. The adsorption is more pronounced with in-
creased� p illustrated with �gures for � p = 0 and � p = 5 :53MPa. It can be also noted
that pro�les are computed until the stop criteria evaluation which in spherical case result
in longer gaseous part of pro�le. Because of a direct computation of planar case geome-
try the Fig. 1. have no such feature. Additionally the planar geometry has an arbitrary
selected initial distance of computation here set toz = 0 . This means it should be used
only as reference for interface width in contrary to the spherical geometry where radial
distance is directly related to the size of droplet.

For the more complete comparison we also calculated the surface tension ofC4H10 �
CO2 mixture and compared it with the measurements of surface tension performed by
Brauer and Haugh [1] at Fig. 3. and Hsu, Nagarajan and Robinson [7] at Fig. 4. Both
�gures depict the planar case because the experimental data for surface tension of droplets
are presently non-existent.

Figure 3. show good agreement of the experimental data with model across measured
temperatures. The model is qualitatively very well aligned to experiment with constant
over-prediction under 10% of modelled value. More troubling is problem with aborted
computation visible for lower temperaturesT < = 327:59 K. These points were omitted
because the computation was terminated prematurely due to the improper equilibrium
conditions. Such problem is caused by non-compatible prediction of equilibrium state
from equation of state as compared with experimentally measured values. This issue
remain a task for future development with the aim for more robust equilibrium evaluation.
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Figure 3: Comparison of model and experi-
mental data surface tension forC4H10 � CO2
mixture for T = 310:93 K � 344:26 K.
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In second comparison forC4H10 � CO2 mixture at Fig. 4 three datasets are com-
pared. System conditions were well reproduced by model with a stunning precision for
higher temperatures344:30K and 377:30K. The prediction for temperatureT = 319:30K
provides appropriate estimation for higher pressures and deviates slightly more in region
of lower pressures around0:2 � 0:35MPa. Aforementioned precision of prediction can
be attributed to selected EoS and system combination with medium carbohydrate and
carbon dioxide. Similar behaviour is expected for larger carbohydrates where prediction
of thermodynamic properties is better.

5 Conclusions

This study presents the uni�ed mathematical model for two types of phase interface
geometry targeted at multi-component mixtures. The model is based on gradient theory
description of interface and utilise an advanced PC-SAFT EoS for equilibrium and system
properties calculation. The study also present an overview of proposed model together
with derivation of model key points. At the end of derivation the used formulas for
density pro�le and surface tension results are presented.

The proposed solution utilize the special shape of the simpli�ed problem and enables
the innovative two step solution. The presented solution also uni�es the two types of
investigated geometry previously not mentioned in literature. The model was tested
on binary system of carbon dioxide and methane which falls into the category of CCS
relevant mixtures. Modelled results were compared with experimental values of surface
tension and a close correspondence of prediction and data was observed.
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Abstract. Fractal investigation of a signal often involves estimating its fractal dimension or
Hurst exponent H when considered as a sample of a fractional process. Fractional Gaussian
noise (fGn) belongs to the family of self-similar fractional processes and it is dependent on
parameterH . There are variety of traditional methods for Hurst exponent estimation. Our novel
approach is based on zero-crossing principle and signal segmentation. Thanks to the Bayesian
analysis, we present a new axiomatically based procedure of determining the expected value
of Hurst exponent together with its standard deviation and credible intervals. The statistical
characteristics are calculated at the interval level at �rst and then they are used for the deduction
of the aggregate estimate. The methodology is subsequently used for the EEG signal analysis of
patients su�ering from Alzheimer disease.

Keywords: fractal dimension, Hurst exponent, Bayesian approach, EEG, Alzheimer disease

Abstrakt. Hurst•v exponent H je u”ite£nou charakteristikou pro fraktÆlní analýzu signÆlu,
který je zkoumÆn jako realizace nÆhodnØho zlomkovØho procesu. Zlomkový Gauss•v †um (fGn)
pat°í do t°ídy sob¥podobných zlomkových proces• a je zÆvislý na stejnØm parametruH . V
sou£asnØ dob¥ existuje °ada tradi£ních metod, kterØ slou”í pro odhad Hurstova exponentu. Nový
p°ístup k odhadu je zalo”en na charakteristice pr•chod• signÆlu nulou a vyu”ívÆ jeho segmentaci.
S vyu”itím BayesovskØ analýzy je p°edstavena novÆ axiomaticky zalo”enÆ procedura odhadu
H , kterÆ poskytuje jeho standardní odchylku a kon�den£ní interval. StatistickØ charakteristiky
jsou nejprve odhadovÆny na œrovni jednoho segmentu a nÆsledn¥ jsou pou”ity pro stanovení
celkovØho odhadu. Metoda je pou”ita na analýzu signÆlu EEG pro identi�kaci pacient•, kte°í
trpí Alzheimerovou chorobou.

Klí£ovÆ slova:fraktÆlní dimenze, Hurst•v exponent, Bayesovský p°ístup, EEG, Alzheimerova
choroba

PlnÆ verze: M. Dlask, J. Kukal, O. Vysata. Bayesian Approach to Hurst Exponent
Estimation. Methodology and Computing in Applied Probability 19 (2017), 973�983.
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Abstract. In practise we can encounter many problems where is useful (and sometimes neces-
sary) to employ small area estimation (SAE) methods to obtain reliable estimates of characteris-
tics of interest (means, totals, quantiles, etc.). The contribution deals with an area-level gamma
mixed model that can be useful in some applications involving only positive responses (e.g. in a
�nancial sector). To obtain estimates of regression parameters and predictors of random e�ects
the PQL algorithm and the ML Laplace approximation algorithm are introduced. In order to
check the behaviour of the �tting algorithms we perform simulation experiments and compare
acquired results of both of them.

Keywords: Area-level model, Generalized linear mixed model, PQL algorithm, ML Laplace
approximation algorithm

Abstrakt. V praxi lze narazit na °adu problØm•, kde je u”ite£nØ (a £asto nezbytnØ), pou”ít
metody odhadovÆní v malých oblastech, abychom získali odhady charakteristik, kterØ nÆs za-
jímají (st°edních hodnot, kvantil•, atd.). Tento £lÆnek pojednÆvÆ o statistickØm modelu na
œrovni oblastí, kde p°edpoklÆdÆme, ”e odezvy mají gamma rozd¥lení. DomnívÆme se, ”e by tento
model mohl být u”ite£ný v praktických aplikacích vy”adujících pouze kladnØ odezvy (nap°. ve �-
nan£ním sektoru). K odhadu regresních parametr• a predikci nÆhodných efekt• pou”ijeme PQL
algoritmus a ML Laplace•v aproxima£ní algoritmus. NÆsledn¥ provedeme simula£ní experiment,
abychom ov¥°ili kvalitu výstup• obou algoritm•.

Klí£ovÆ slova:Model na œrovni oblastí, Zobecn¥ný lineÆrní smí†ený model, PQL algoritmus,
ML Laplace•v aproxima£ní algoritmus.

1 Introduction
Small area estimation models can be divided into two parts: area-level models and unit-
level models. Considering area-level models, data are available (unlike unit-level models)
only at the area level. Data collected for each domain are usually used to compute the
direct estimate of investigated characteristic (e.g. mean). In unit-level models there are
some auxiliary data even at the individual level. One of the most basic area-level models
is the Fay-Herriot model that can be expressed as (see [1])

yd = xT
d � + vd + ed; d = 1 ; : : : ; D;

� This work was supported by the grant SGS15/214/OHK4/3T/14. This work has arisen in coopera-
tion with Domingo Morales: the author used some parts from a still not published article dealing with
this topic.
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where � is a vector of regression parameters,ed � N (0; � 2
d) are independent sampling

errors and vd � N (0; � 2
v) are independent random e�ects. It is also assumed that the

random e�ects are independent on the samplings errors and the variances� 2
1; : : : ; � 2

D are
known. The model hasp+1 unknown parameters:� = ( � 1; : : : ; � p)T and � 2

v . The task is
then to estimate the quantity � d = xT

d � + vd. In this work we suppose that the responses
have the gamma distribution and we try to estimate unknown parameters.

2 Model
We consider a set of random e�ectsf vd : d = 1 ; : : : ; Dg such that vd

iid� N (0; 1). In matrix
notation we havev = ( v1; : : : ; vD )T � ND (0; I D ), i.e.

f v (v ) =
1

(2� )D=2 exp
�

�
1
2

vT v
�

:

The conditional distribution of the target variable yd given vd is

ydjvd � Gamma
�

� d; ad =
� d

� d

�
; d = 1 ; : : : ; D

and the density follows

f (ydjvd) =
a� d

d

�( � d)
y� d � 1

d expf� adydgI (0;1 )(yd) =
�

� d

� d

� � d y� d � 1
d

�( � d)
exp

�
�

� d

� d
yd

�
I (0;1 )(yd):

The expectation and variance of the conditional random variableyd given vd are

E [ydjvd] =
� d

ad
= � d; var[ydjvd] =

vd

a2
d

=
� 2

d

� d
:

The canonical link for the gamma distribution (see [2]) is the inverse link,g(x) = 1
x , then

we model the conditional expectation� d as

g(� d) =
1
� d

= xT
d � + �v d; d = 1 ; : : : ; D;

where � = ( � 1; : : : ; � p)T and xT
d = ( xd1; : : : ; xdp). Considering the datay = ( y1; : : : ; yD )T

satisfy the assumptions of GLMM the random variablesydjvd, i = 1 ; : : : ; D , are indepen-
dent, i.e. f (y jv ) =

Q D
i =1 f (ydjvd). Finally, we get

f (y ) =
Z

RD
f (y jv )f v (v )dv =

Z

RD
 (y ; v )dv ; (1)

where

 (y ; v ) = (2 � )� D=2 exp
�

�
vT v

2

� DY

d=1

�
� d

� d

� � d y� d � 1
d

�( � d)
exp

�
�

� d

� d
yd

�

= (2 � )� D=2 exp
�

�
vT v

2

�  
DY

d=1

� � d
d y� d � 1

d

�( � d)

!

exp

(
DX

d=1

� d log(xT
d � + �v d)

)

�

� exp

(

�
pX

k=1

 
DX

d=1

� dydxdk

!

� k � �
DX

d=1

� dydvd

)

:
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The partial derivatives of � d = 1
x T

d � + �v d
are

@�d
@�r

= �
xdr

(xT
d � + �v d)2 = � xdr � 2

d;
@�d
@�

= �
vd

(xT
d � + �v d)2 = � vd� 2

d:

There are p + 1 unknown parameters in this model:� = ( � 1; : : : ; � p)T and � . Due to
the fact that the integral in (1) cannot be calculated explicitly we employ two di�erent
methods to obtain estimates of these parameters: PQL algorithm and ML Laplace ap-
proximation algorithm.

Remark 1 In practise, yd is a direct estimate of a domain total or mean with estimated
design-based variance� 2

d = var � (yd). By equating var(ydjvd) to � 2
d and substituting � d

by yd, we get � 2
d = y2

d
� d

.

3 PQL algorithm
The ML-PQL estimator of � and predictor ofv (see [3]) maximizes the joint log-likelihood

l = log  (y ; v ) = �
D
2

log 2� �
1
2

DX

d=1

v2
d +

DX

d=1

(� d log � d + ( � d � 1) logyd � log �( � d))

+
DX

d=1

� d log(xT
d � + �v d) �

pX

k=1

 
DX

d=1

yd� dxdk

!

� k � �
DX

d=1

yd� dvd:

We use the Newton-Raphson algorithm to maximizel = l(� ; v ). The �rst derivatives of
l with respect to � and v are

Ur =
@l

@�r
=

DX

d=1

� dxdr

xT
d � + �v d

�
DX

d=1

yd� dxdr ; r = 1 ; : : : ; p;

Up+ d =
@l

@vd
= � vd +

� d�
xT

d � + �v d
� �y d� d; d = 1 ; : : : ; D:

The second derivatives ofl with respect to � and v are

H r 1 r 2 =
@2l

@�r 1 @�r 2

= �
DX

d=1

� dxdr 1 xdr 2

(xT
d � + �v d)2 ; r1; r2 = 1 ; : : : ; p;

H r;p + d =
@2l

@�r @vd
= �

� dxdr �
(xT

d � + �v d)2 ; r = 1 ; : : : ; p; d= 1 ; : : : ; D;

Hp+ d;p+ d =
@2l
@v2d

= � 1 �
� d� 2

(xT
d � + �v d)2 ; d = 1 ; : : : ; D;

Hp+ d1 ;p+ d2 =
@2l

@vd1 @vd2

= 0 ; d1; d2 = 1 ; : : : ; D; d1 6= d2:

The updating equation for the Newton-Raphson algorithm with �xed� is

� (k+1) = � (k) � H � 1(� (k))U (� (k)); (2)
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where� = ( � T ; vT )T , U = U (� ) = ( U1; : : : ; Up+ D )T andH = H (� ) = ( H rs )r;s =1 ;:::;p+ D . At
the stepk of the algorithm, the penalized maximum likelihood estimation of� maximizes
the joint likelihood of linear predictors � (k)

1 ; : : : ; � (k)
D where � (k)

d = xT
d � (k) + � (k)v(k)

d and

� (k)
d � N (xT

d � (k) ; � 2); d = 1 ; : : : ; D:

The joint log-likelihood of � (k)
1 ; : : : ; � (k)

D is

l (k) = �
D
2

log 2� � D log � �
1

2� 2

DX

d=1

(� (k)
d � xT

d � (k))2:

By taking the �rst derivative of l (k) with respect to � and equating to zero, we get

0 = U(k) =
@l(k)

@�
= �

D
�

+
1
� 3

DX

d=1

(� (k)
d � xT

d � (k))2;

� 2 =
1
D

DX

d=1

(� (k)
d � xT

d � (k))2 = � (k)2 1
D

DX

d=1

v(k)2

d :

Finally, the ML-PQL updating equation for � is

� (k+1) 2
= � (k)2 1

D

DX

d=1

v(k)2

d : (3)

3.1 Algorithm
The PQL algorithm calculates predictors ofv and estimators of� and � . Steps of the
algorithm:

1. k := 1 (k denotes iterations), set the values� (0) , v (0) and � (0) .

2. Run (2). Use� (k � 1) as known value and� (k � 1), v (k � 1) as algorithm seeds. Let� (k)

and v (k) be the output.

3. Update � by using the updating equation (3), i.e.

� (k)2
= � (k � 1)2 1

D

DX

d=1

v(k)2

d :

4. Repeat the steps 2-3 until the convergence of� (k) , v(k)
d and � (k) .

4 ML Laplace approximation algorithm

4.1 Laplace approximation to the likelihood
Let h : R 7! R be a twice continuously di�erentiable function with a global maximum at
x0, i.e. _h(x0) = 0 and �h(x0) < 0. Taylor’s series expansion ofh(x) around x0 yields to

h(x) = h(x0) +
1
2

�h(x0)(x � x0)2 + o(jx � x0j2) � h(x0) +
1
2

�h(x0)(x � x0)2:
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The univariate Laplace approximation is
Z 1

�1
eh(x) �

Z 1

�1
eh(x0 ) exp

�
�

1
2

(� �h(x0))( x � x0)2
�

dx

= (2 � )1=2(� �h(x0)) � 1=2eh(x0 )
Z 1

�1

exp
�

� 1
2

�
x � x0

( � �h(x0 )) � 1=2

� 2
�

(2� )1=2(� �h(x0)) � 1=2
dx

= (2 � )1=2(� �h(x0)) � 1=2eh(x0 ) : (4)

Recalling assumptions,v1; : : : ; vd � N (0; 1) are independent and

ydjvd
ind� Gamma

�
� d;

� d

� d

�
; � d = � d(vd) = ( xT

d � + �v d)� 1; d = 1 ; : : : ; D:

The marginal density ofyd can be expressed as

f (yd) =
Z 1

�1
f (ydjvd)f (vd)dvd

=
Z 1

�1

� � d
d y� d � 1

d

(2� )1=2�( � d)
expf � d log(xT

d � + �v d) � � dyd(xT
d � + �v d)gexp

�
�

1
2

v2
d

�
dvd

=
� � d

d y� d � 1
d

(2� )1=2�( � d)

Z 1

�1
exp

�
�

v2
d

2
+ � d log(xT

d � + �v d) � � dyd(xT
d � + �v d)

�
dvd

=
� � d

d y� d � 1
d

(2� )1=2�( � d)

Z 1

�1
expf h(vd)gdvd;

where

h(vd) = �
v2

d

2
+ � d log(xT

d � + �v d) � � dyd(xT
d � + �v d); (5)

_h(vd) = � vd +
� d�

xT
d � + �v d

� �� dyd = � vd + �� d� d(vd) � �� dyd;

�h(vd) = �
�

1 +
� 2� d

(xT
d � + �v d)2

�
= � (1 + � 2� d� 2

d(vd)) :

Let v0d denote the global maximum ofh then _h(v0d) = 0 and �h(v0d) < 0. By applying
(4) in vd = v0d, we get

f (yd) �
� � d

d y� d � 1
d

�( � d)
(1 + � 2� d� 2

d(v0d)) � 1=2�

� exp
�

�
v2

0d

2
+ � d log(xT

d � + �v 0d) � � dyd(xT
d � + �v 0d)

�
:

It holds that y1; : : : ; yD are unconditionally independent and then the likelihood has the
form L (� ; � ) =

Q D
i =1 f (yi ). The log-likelihood isl(� ; � ) =

P D
d=1 ld, where

ld = log f (yd) � l0d = log
� � d

d y� d � 1
d

�( � d)
�

1
2

log � 0d �
v2

0d

2
+ � d log(xT

d � + �v 0d)

� � dyd(xT
d � + �v 0d);
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where � 0d = 1 + � 2� d� 2
0d and � 0d = � d(v0d). The �rst derivatives of � 0d and � 0d are

@�0d

@�r
= � xdr � 2

0d; � 0dr =
@�0d

@�r
= � 2� 2� dxdr � 3

0d;

@�0d

@�
= � v0d� 2

0d; � 0d =
@�0d

@�
= 2 �� d� 2

0d � 2� 2� dv0d� 3
0d:

The �rst derivatives of l0d with respect to � r and � are

@l0d

@�r
= �

1
2

� 0dr

� 0d
+ � dxdr � 0d � � dxdr yd;

@l0d

@�
= �

1
2

� 0d

� 0d
+ � dv0d� 0d � � dv0dyd:

It holds that

@�0dr

@�s
= 6 � 2� dxdr xds� 4

0d;
@�0dr

@�
= � 4�� dxdr � 3

0d + 6 � 2� dxdr v0d� 4
0d;

@�0d

@�r
= � 4�� dxdr � 3

0d + 6 � 2� dv0dxdr � 4
0d;

@�0d

@�
= 2 � d� 2

0d � 8�� dv0d� 3
0d + 6 � 2� dv2

0d� 4
0d:

The second partial derivatives ofld are

@2l0d

@�s@�r
= �

1
2

@�0dr
@�s

� 0d � � 0dr � 0ds

� 2
0d

� � dxdr xds� 2
0d;

@2l0d

@�@�r
= �

1
2

@�0dr
@� � 0d � � 0dr � 0d

� 2
0d

� � dv0dxdr � 2
0d;

@2l0d

@�2
= �

1
2

@�0d
@� � 0d � � 2

0d

� 2
0d

� � dv2
0d� 2

0d:

For r; s = 1 ; : : : ; p+ 1 , the components of the score vector and the Hessian matrix are

U0r =
DX

d=1

@l0d

@�r
; U0p+1 =

DX

d=1

@l0d

@�
;

H0rs = H0sr =
DX

d=1

@2l0d

@�s@�r
;H0rp+1 = H0p+1 r =

DX

d=1

@2l0d

@�@�r
; H0p+1 p+1 =

DX

d=1

@2l0d

@�2
:

In matrix form we haveU 0 = U 0(� ) = ( U01; : : : ; U0p+1 )T andH 0 = H 0(� ) = ( H0rs )r;s =1 ;:::;p+1 ,
where � = ( � T ; � )T . The Newton-Raphson algorithm maximizesl0(� ), with �xed vd =
v0d, d = 1 ; : : : ; D . The updating equation is

� (k+1) = � (k) � H � 1
0 (� (k))U 0(� (k)): (6)

For d = 1 ; : : : ; D , the Newton-Raphson algorithm maximizesh(vd) = h(vd; � ), de�ned in
(5), with � = � 0 �xed. The updating equation is

v(k+1)
d = v(k)

d �
_h(v(k)

d ; � 0)
�h(v(k)

d ; � 0)
: (7)



Area-Level Gamma Mixed Model 55

4.2 Algorithm

The ML Laplace approximation algorithm is

1. Set the initial values k = 0 , � (0) , � ( � 1) = � (0) + 1p+1 , v(0)
d = 0 , v( � 1)

d = 1 , d =
1; : : : ; D .

2. Until jj � (k) � � (k � 1) jj < " 1, jv(k)
d � v(k � 1)

d j < " 2, d = 1 ; : : : ; D , do

(a) Apply algorithm (7) with seeds v(k)
d , d = 1 ; : : : ; D , convergence tolerance"2

and � = � (k) �xed. Output: v(k+1)
d , d = 1 ; : : : ; D .

(b) Apply algorithm (6) with seed � (k) , convergence tolerance"1 and v0d = v(k+1)
d

�xed, d = 1 ; : : : ; D . Output: � (k+1) .

(c) k  k + 1

3. Output: �̂ = � (k) , v̂d = v(k)
d , d = 1 ; : : : ; D .

5 Simulation experiments
The target of simulations is to check the behaviour of the �tting algorithms: PQL and
Laplace approximation algorithm. We set the true values of parameters as� 0 = 0 :05,
� 1 = 0 :1 and � = 0 :01, i.e. p = 2 . Let D = 50; 100; 150; 200 be the number of domains
to be considered. Ford = 1 ; : : : ; D , we generate� d = 100, xd = d

D , vd � N (0; 1) and

yd � Gamma
�

� d;
� d

� d

�
; where � d = ( � 0 + � 1xd + �v d)� 1:

Steps of the algorithm

1. RepeatK = 1000 times (k = 1 ; : : : ; D)

(a) Generate a samplef ydjd = 1 ; : : : ; Dg.

(b) Calculate �̂ (k)
0 , �̂ (k)

1 and �̂ (k) .

2. For � 2 f � 0; � 1; � g, calculate

BIAS =
P K

k=1 ( �̂ (k) � � )
K

; MSE =
P K

k=1 ( �̂ (k) � � )2

K
:

As can be seen from tables 1 and 2, ML Laplace approximation algorithm seems to
work well. Despite of the very small values of both BIAS and MSE for the PQL algorithm,
there is a problem with estimation of the parameter� . We suppose that the true value
of � is 0:01 but the output of the PQL algorithm for � is smaller by several orders. The
estimations of the regression parameters� 0 and � 1 by PQL are, however, very well.
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D = 50 D = 100 D = 150 D = 200
PQL Lap PQL Lap PQL Lap PQL Lap

�̂ 0 -0.0019 0.0042 -0.002 0.0042 -0.0018 0.0041 -0.0018 0.0041
�̂ 1 0.0016 0.0013 0.0017 0.0014 0.0015 0.0016 0.0014 0.0016
�̂ -0.01 0.0051 -0.01 0.0052 -0.01 0.0052 -0.01 0.0052

Table 1: BIAS depending on the number of the domains D.

D = 50 D = 100 D = 150 D = 200
PQL Lap PQL Lap PQL Lap PQL Lap

�̂ 0 1.96e-05 0.00006 1.17e-05 3.92e-05 8.39e-06 3.27e-05 7.07e-06 3.09e-05
�̂ 1 6.32e-05 0.00012 3.37e-05 6.98e-05 2.16e-05 4.94e-05 1.71e-05 4.24e-05
�̂ 9.99e-05 0.00003 1e-04 2.88e-05 9.99e-05 2.80e-05 9.99e-05 2.79e-05

Table 2: MSE depending on the number of the domains D.
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Abstract. The anomaly detection is sub �eld of arti�cial intelligence the aim of which is
identifying data that are somehow di�erent from an expected pattern. Anomaly detection is
also known as one-class classi�cation because it is a similar task to the classi�cation with the
only di�erence: The training set contains the only class. This makes the task di�cult because
the character of the anomalous data is unknown when the model is trained. We give a survey of
neural network based models for anomaly detection and their noise robust modi�cations. The
performance is evaluated on the most advanced benchmark data for the anomaly detection

Keywords: Anomaly detection, autoencoder, replicator neural network

Abstrakt. Detekce anomÆlií je podoborem um¥lØ inteligence a zabývÆ se nalezením anomÆlních
prvk•. Jako anomÆlní se dají pova”ovat data (pozorovÆní), kterÆ jsou rozdílnÆ bu⁄ od vzorových
dat, nebo od o£ekÆvanØho vzoru. Tato œloha se n¥kdy nazývÆ jako jednot°ídní klasi�kace a to
proto, ”e pro trØnovÆní modelu jsou k dispozici pouze data z jednØ konkrØtní t°ídy. Av†ak detekce
anomÆlií je mnohem slo”it¥j†í a obtí”n¥j†í œkol ne” klasi�kace, proto”e p°i detekci anomÆlii
není p°edem znÆm charakter anomÆlních dat a je nutnØ rozhodovat, jak velkØ výchylky musí
data dosÆhnout, aby byla detekovÆna jako anomÆlní. V textu jsou popsÆny ji” znÆmØ modely
neuronových sítí pro detekci anomÆlií v£etn¥ t¥ch robustních v•£i †umu. V zÆv¥ru je testovÆna
p°esnost t¥chto metod na zatím nejpokro£ilej†ích testovacích datech pro anomÆlní detekci.

Klí£ovÆ slova:Detekce anomÆlií, autoencoder, neuronovØ sít¥

1 Introduction
Representation Learning is enabler of many types of models - classi�ers, anomaly detec-
tors, etc. We focus on anomaly detection as the �eld that is relatively least researched,
while constantly gaining on importance. The anomaly detection is identifying data, items
and observations that are di�erent from the other data or does not conform the expected
pattern. It is widely applied in many �elds such as medicine, banking and credit card
fraud detection, system health monitoring, intrusion detection and network security.

Our ultimate aim is to de�ne models well usable in large scale data modeling in
the area of network security. This, however, will be the next step. First, we aim at
verifying our models on smaller scale benchmark data. The choice of benchmark data
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itself is a problem (see Sec. 3.4) - currently there is not available many good data sets
allowing reliable evaluation of methods [9] [12]. The existing anomaly detection models
very often fail to generalize well - some models work on some data but not on others,
with other existing models, it is the other way round. Hence our initial work focused on
1) reviewing existing models (see Sec. 2.1), 2) �nding best methodology for performance
evaluation 3) researching options to utilize representation learning models to improve
anomaly detection (autoencoders have been used before but to limited extent only, while
in other �elds - other than anomaly detection - they are known to provide signi�cant
results), see Sec. 2.1.

2 Anomaly detection

Anomaly detection is a sub�eld of machine learning and is also known as one-class classi�-
cation and is similar to outlier detection. The goal is to detect a sample that is somehow
di�erent from expected pattern or other observations. Contrary to the other machine
learning tasks such as classi�cation, the anomaly detection is more di�cult because the
character of the anomalous data is unknown when the model is trained. In addition to
that, the decision how much the sample must be di�erent from others, to be detected
as anomalous, is a problem. To solve the anomaly detection problem, we need to ad-
dress the following concerns: 1) Choice of the model/ method with properties suitable
for the problem. 2) Address conceptual problems including thresholding and evaluation
(see Sec.3)

There is a number of methods for anomaly detection the survey of which is given in
[8], [21] and [25]. An example of a simple and popular method is one-class KNN [17] that
is bene�cial for small scale data with an adequate structure. Next, there are methods
such as kernel PCA [23], kernel density estimation (KDE), robust KDE and one-class
support vector machine (SVM) that all have been dominated by neural network based
method proposed in [32] because deep architectures can learn and represent behaviour
and structure of the data more e�ciently than shallow architectures like SVMs. Hence
the following text will be focused mainly on the neural networks. A paretical focus of the
work is on evaluation on real based data where the prior art is mostly lacking.

2.1 Neural networks in anomaly detection

Neural networks are utilized for anomaly detection, intrusion detection etc. in two di�er-
ent ways. The �rst is that the neural network detector is learned with the only regular
data as usual in anomaly detection. The result should be an anomaly score or an another
similar metric which can be thresholded. Such networks are autoencoders (see Sec.2.1.1).
The second way is a usage of knowledge about the possible outliers thus the problem is
more related to the classi�cation. Despite that, it is applied as an anomaly detector (see
Sec.2.1.2). The following text expects a basic knowledge of neural networks which could
be found in 1992 Neural networks and fuzzy systems [18], 2014 Neural network design
[10] and 2016 Deep learning book [15]
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2.1.1 Autoencoders

The autoencoders are applied under various conditions with more or less su�cient results.
First the autoencoder was applied on several problems in a simple way and the param-
eters of the neural network was the main issue. Then the autoencoder was extended to
deionising autoencoder which is powerful for noisy data. Finally, a few other types of
autoencoder have been introduced in last several years.

One of the earlier application was the autoencoder for credit card fraud detection [3]
introduced by Aleskerov in 1997. The paper also highlights the di�culty of discovering the
optimal setup of the autoencoder and demonstrates the developed user friendly GUI tool
box for tuning the parameters. In 2005, Han proposed a paper about the methodology
of constructing an optimal structure of the autoencoder using evolutionary algorithm
[16]. Thompson demonstrated utilizing autoencoder in novelty assessment in [29]. They
recognized simulated anomalous behavior of computer with the CPU’s load metrics.

In 2008, the deionising autoencoder was introduced in [30] and extended in [31] by
Vincent. The main point of the deionising autoencoder is that the training data are noised
and as a result, the network becomes noise robust. Salt and pepper noise is frequently used
in the literature for that purpose. Sakurada utilized autoencoder and extended denoising
autoencoder for the problem of processing the spacecrafts’ telemetry data in [27]. The
paper shows an e�ectiveness of dimensionality reduction with autoencoder on a noised
and correlated data from spacecrafts’ sensors. In 2014 the potential of autoencoder’s
utilizing in general on a real data is demonstrated in [9] by Dau. The paper points out
the problem of comparison among methods and tests the autoencoder on six data sets
based on a real data.

Two di�erent types of autoencoder were developed in last years. The main di�erence
is the substitution of reconstruction error which forms the loss function that is minimized
while training and in addition it represents the anomaly score for each sample. The re-
construction error (see Sec. 2.2) is used standardly in all the presented papers above.
Variational Autoencoder based Anomaly Detection using Reconstruction Probability [4],
introduced in 2015, utilizes the reconstruction probability instead of reconstruction error.
Moreover the autoencoder is learned such that the training data must have a Gaussian
distribution in the hidden layer. The second method Deep Structured Energy Based
Models for Anomaly Detection[32], published in 2016, de�nes energy model that mini-
mizes the energy for the training set while learning. The energy has an inverse relation
to the reconstruction probability from [4]. Both methods are demonstrated as a noise
robust.

2.1.2 Other neural networks

In 1998 Cannady designed a neural network for misuse detection [7]. The neural net-
work has two output neurons that represent anomalous and legitim sample. It has nine
�xed input neurons and the number of hidden layers was determined empirically. The
disadvantage compared to the autoencoder is that the training needs samples of outliers.
Meanwhile Ryan introduced neural network for intrusion detection [26] that is trained on
computer’s logs and commands to recognize individual users. Then a log is detected as
anomalous if it is assigned to another user instead of the author. This is an example of
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a good utilizing of classi�cation and the author obtained results with testing on random
commands , however, the network was not tested for commands and logs not seen before.
In 2005 Sarasamma proposed Hierarchical Kohonenen net for anomaly detection in net-
work security [28]. Single and multi-layer network is performed with KDD-99 based data
set. The method is designed with an expert knowledge of the data thus feature selection
is performed in advice and network is prede�ned according to types of anomalous data.
Each neuron of the layer except one represents a class of anomaly and the one is active
of the anomaly is represented in following layer. In other words, in the �rst layer the
only neuron is activated during detection and then either the neuron represents type of
anomaly or it is the only one without label that suggests to go to the next layer. In
addition to these methods there are many others which are similar such as [14], [33], and
[24].

2.2 Autoencoder principle

The autoencoder which is also known as replicator neural network or autoassociative
neural network is feed forward neural network that encodes the input to a compressed
form and then decode back to replicate the input.

Figure 1: Structure of the autoencoder as an feed forward neural network that encodes the
four-dimensional vector into two-dimensional (the hidden layer) and consequently decodes
to the original space. (Credit: https://www.researchgate.net/�gure/222834127_�g1_-
Fig-1-The-structure-of-a-four-input-four-output-auto-encoder)

The autoencoder is composed of the encoder and the decoder such that the encoder
observes and performs nonlinear dimensionality reduction with minimal loss of informa-
tion and similarly the decoder performs a projection from the reduced space back to the
original one. In other words, the input vectorx 2 Rd is encoded toy 2 Rd0 which is
projected consequently tox0 2 Rd.

The encoding is performed as:

y = f � (x) = a(Wx + b)

where f is parameterized by� = f W ; bg, a is an activation function, W is a d0 � d
weight matrix and b is a bias vector. Similarly the decoding (reconstruction) is performed
as:

x0 = g� 0(y ) = a(W 0x + b0)
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The parameters of the model are optimized with a training setX = f x (1) ; x (2) ; :::;x (n)g
thus each vectorx ( i ) 2 X can be projected toy ( i ) and x0( i ) such that the average recon-
struction error is minimized:

� � ; � 0� = arg min
� 0;�

1
n
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�

x ( i ) ; x0( i )
�

= arg min
� 0;�
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�
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whereL represents a loss function which may be de�ned in many ways, however, the
squared errorL (x; x0) = jjx � x0jj2 is the most common. [30]

Since the autoencoder is trained to minimize the reconstruction error for the training
data, tested observations that do conform to the pattern of the training data will have
smaller reconstruction error than observations that do not. As a consequence, the re-
construction error could represent the anomaly score and its analyses can be applied for
determining outliers (see Sec.3.2).

2.2.1 Denoising autoencoder

The denoising autoencoder is a modi�cation of the basic method which should be noise
robust. The only di�erence is that the training data are noised for each training iteration.
The already proposed methods (see Sec.2.1.1) utilize salt and pepper noise such that the
only pepper corruption is performed. However the gaussian noise was not utilized in the
searched papers.

3 Thresholding and evaluation

3.1 Sensitivity
The sensitivity is an essential issue of all anomaly detection problems. In practice, dif-
ferent setups are required according to the problem. For example, the medical tests need
to be performed high sensitively not to neglect an ill patient. On contrary, the system
health monitoring must not be too sensitive because the operator would ignore the alarm
after many false alarms. Such a widely used setup of sensitivity gives an opportunity for
a failure of the detection thus a health patient could be redundantly treated and detained
in the hospital and a system could not run optimally without an alarm. However, this is
still a better case, than a dead patient or a crashed system due to alarm ignorance.

3.2 Threshold
The threshold is a numerical representation of the sensitivity and it decides whether the
tested sample is anomalous or not according to the anomaly score. The threshold is tuned
to the optimal value for the certain application. Theoretically, if the tested subject is
simple or the test is preformed perfectly, it is possible to �nd a perfect threshold with
a total true rate. In other words, the informative value of the test’s result is in the
separability of the distribution of regular and anomalous samples (see Fig.2). In addition
to the method’s quality, the training set has a signi�cant in�uence on the result of the
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Figure 2: Thresholding - The graph in the upper left corner shows the distribution of
anomaly score for the regular samples (left peak) and anomalous samples (right peak).
Possible threshold is demonstrated with the vertical line and the consequential clas-
si�cation is indicated with colors and labels (True negative, false negative, false pos-
itive, true positive). The ROC curve, which is plotted in lower part, demonstrates
all possible thresholds and their probability of true positive and false negative.(Credit:
https://en.wikipedia.org/wiki/Receiver_operating_characteristic)

thresholding. Therefore it is tuned as one of the last parameters depending on the known
and current data. Anyway, since the thresholds may be di�erent, it is more complicated
to de�ne a metric for anomaly detection performance. If there was the only threshold,
the percentage of success could be used. [5]

3.3 Receiver operator characteristics and AUC

The performance measuring of the anomaly detection method must take into account all
possible thresholds. Receiver operator characteristics (ROC) is utilized to analyze the
performance over all thresholds. The graphical representation, which is shown in Fig. 2,
is a parametric plot that shows proportion of true positive and false positive rate for all
possible thresholds. Note that these proportions are based on the data-set as described
in previous paragraph. The curve always starts and �nishes in the corners because the
lowest threshold classify all samples as positive thus the false and true positive rate is 1.
Similarly the highest threshold hits the opposite corner. In an optimal case, the curve
is plotted near the third corner that represents high true positive and low false positive
rate. On contrary, thresholding an random variable will form the curve as an diagonal.
Which means that none method should have the curve under the diagonal. To conclude,
it has been shown that the better the method is the higher the curve is plotted which
allows us to represent the quality of the method as a scalar that is independent on a
speci�c threshold. This metric is called area under the ROC curve (AUC) and it is often
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used in anomaly detection. [6] [13] [22] [20]

3.4 Benchmarks

Several di�erent benchmark sets and metrics have been used for the anomaly detection
performance evaluation thus the comparison among the anomaly detectors is di�cult.
However, several benchmark sets are more frequent in the literature than others because
they are built for a speci�c purpose such as intrusion detection or image recognition and
are widely used by their community.

KDD-99 [1] is a data set used for The Third International Knowledge Discovery and
Data Mining Tools Competition, which was held in conjunction with KDD-99 The Fifth
International Conference on Knowledge Discovery and Data Mining. The competition
task was to build a network intrusion detector, a predictive model capable of distinguish-
ing between �bad� connections, called intrusions or attacks, and �good� normal connec-
tions. This database contains a standard set of data to be audited, which includes a wide
variety of intrusions simulated in a military network environment.

MNIST [19] is a database of handwritten digits. It has been created as a sample
of NIST database and the data have been preprocessed and formatted for easier usage.
These data are real world based and widely used for image recognition and many other
machine learning branches due to the simpli�cation of MNIST set.

99 DARPA IDEVAL [2] is a data set for intrusion detection. It contains network
tra�c and audit logs collected on a simulation network in three weeks. The �rst and
third week does not contain any attack contrary to the second week when the network
faced various types of attack.

The great advantage of using one of these sets is the comparability of the results
among methods. On the other hand, the data sets presented above could be declared as
obsolete for the issues in present. In addition to that, the sets are narrowly focused on a
speci�c problem thus they are inappropriate to create a general benchmark for anomaly
detection. As a consequence, many authors in the �led of anomaly detection rather
constructed their own arti�cial data because the existing data sets were too di�erent
from their problem.

In 2014 Sakurada [27] constructed arti�cial data from Lorenz system for the purpose
of processing the spacecrafts’ telemetry data. In 2014 Dau [9] created the data sets by
their own from the multi-class problem in the UCI machine learning repository. In 2005
Sarasamma [28] used an expert knowledge of KDD-99 (internet security) to present his
method to operate optimal. He selected only the most representative features in advice,
prede�ned several classes of outliers to the model and moreover, modi�ed the data set.
However, this could have signi�cantly a�ect the performance. Such an approach prefers
the best results under given conditions (typically used in practise) rather than measure
the performance of the proposed method in general.

In 2013 Emmott probably reacted on the situation of missing general comparison
data set for anomaly detection and introduced his methodology of creating such sets with
using multi-class data set from the UCI repository in [12]. Besides creating a number of
carefully selected sets, they also measured performance of 6 popular methods for anomaly
detection and demonstrated their score. There is a large number of various multi-class
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data sets usually based on a real data in the UCI repository hence the constructed sets
for anomaly detection are real-based. The performance evaluation could be more e�cient
and general due to utilizing a number of di�erent sets. This might be a breakthrough in
anomaly detection performance measurement if other researchers start to utilize it. In
2014 Dau considered these methodology as the most advanced [9].

4 Proposed experiment
The aim of the experiment is to evaluate the selected state-of-the-art approach with the
most advanced benchmark data for anomaly detection because their evaluation is not
covered properly with a uniform and well de�ned data set in the literature (see Sec. 3.4).
A similar idea was implemented in [9] but the author did not manage the original set and
did not replicate the methodology from the Emmott’s work [12].

A feed forward replicator neural network is utilized with several di�erent setups. The
number of input and output neurons is equivalent to the dimension of the data set. We
use the following approach to �nd out the near-optimal size of the "bottle neck (see Fig.
1)" :

1. The required variations are prede�ned. Exactly: 0.7, 0.8, 0.9, 0.95, 0.97 and 0.98.

2. Number of dimensions (neurons) is computed to preserve the variations in the
following way:

(a) PCA is performed and the variation of each component is the matter.
(b) The components are sorted with respect to the variation.
(c) The components are excluded consequently from the smallest one until the

variance of the rest forms the required proportion.
(d) The number of the included components is the result.

3. The experiment runs for each number of neurons in the "bottleneck" many times
and the results are averaged.

4. The best number of neurones is selected according to the results.

The algorithm above is an heuristic algorithm applicable generally. The best results
are expected for the chosen variance. However, the optimal number of neurons can only be
found with trial and error method for all possible values. Such an approach is mentioned
in the literature and is well applicable if the number of sets is low.

The utilized activation functions is ReLU (f (x) = max(0 ; x)) and linear (f (x) = x).
The experiment is performed with autoencoder consisting of 4 layers: Input(ReLU), bot-
tleneck(ReLU), output-hidden(ReLU), output (linear). The anomaly score is computed
as the reconstruction error in and the AUC of ROC evaluates the results (See Sec. 3.3).

The evaluation is performed with 29 data sets that were created in accordance to the
Emmott methodology proposed in [12]. The utilized datasets represent various problems
from the real world and have di�erent properties such as dimension and number of ele-
ments. Each data set is composed of the target class (regular data) and anomalous data
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at four levels of di�culty to detect: easy, medium, hard, very hard which are tested sep-
arately and are assumed as separate data sets in the following text. Random sampling is
performed such that 75% of the regular data are included to the training and the rest to
the validation. The number of sampling iterations is eight and input data are normalized
to [0,1].

Evaluation over multiple data sets o�ers many sophisticated methods that are not
described in detail. However the survey is given in Statistical Comparisons of Classi�ers.
over Multiple Data Sets [11].

The �rst experiment compares the performance of the basic autoencoder and the PCA
with kernel density estimation. Pairwise comparison over multiple data set is carried out
with scoring a point for each data set as shown in Tab.1. In other words the comparison
counts the number of sets where the method outperforms the other.

Table 1: Performance comparison of basic autoencoder and PCA with kernel density
Winning method easy medium hard very hard Sum
Basic autoencoder 14 14 13 7 48
Tie or missing data 1 1 4 8 14
PCA and kernel density estimation 14 14 12 14 54

The second experiment compares the performance among the four selected methods
(see Tab. 2). The noise "intesity" was selected from values 0.2, 0.1, 0.05 and 0.01 in order
to optimize the performence. The "intensity" represents proportion of corupted features
for the pepper noise and variance for the gaussian noise. Friedman ranking is utilized
for comparison such that lower rank means better performance. The Table 2 shows that
denoising autoencoders outperofrm the PCA and that the gaussian noise is more suitable
for the real-based data.

Table 2: Performance comparison among all methods
Method Friedman rank
Basic autoencoder 2.94
Denoising autoencoder with pepper noise 2.53
Denoising autoencoder with Gaussian noise 2.02
PCA and kernel density estimation 2.51

4.1 Discussion
The results indicate that the Gauss denoising autoencoder have better performance than
PCA and other methods on real data in general. An unexpected observation is that the
Gaussian noise has a better performance despite that the salt and pepper noise is mainly
used in the literature. Possible explanation is that the "salt and pepper" deionising
autoencoder is robust to the missing values and that could be the case of their testing
data.

The performance comparison of autoencoder over such many sets that are constructed
on more di�culty levels has never been done. The statistical signi�cance should be proved
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to declare that any method is signi�cantly better than other. The performance of the
methods in the �rst proposed experiment is not signi�cantly di�erent according to the
Wilcoxon signed-rank test. The same for the second experiment where the Friedman test
was performed. The obtained critical value isQ = 6 :1 but the required value for� = 0 :1
is Q = 7 :78.

5 Conclusion
The anomaly detection topic was introduced with a focus on the neural networks and
especially the autoencoders, the principle of which is explained in Sec.2.2. The di�culties
of evaluation with respect to sensitivity and the state of the benchmark sets in present
were discussed in Sec.3.

The performance of four methods for anomaly detecion (PCA based and three types of
AE) was compared with using 116 di�erent problems (data sets). The experiment showed
that the noise robust autoencoder could outperform PCA. However, the comparison of
these methods over multiple data sets, does not proof that any method is better for all
sets but only for more sets than any other method. In other words, there might be a
number of data sets for which the worst ranked method is the most suitable. Moreover,
the tests (Wilcoxon and Friedman) did not prove the signi�cance of the results.

It was discovered that there an universal method has not been Discovered yet (At
least among the autoencoders) and the existing have many imperfections such as abilities
to detect di�cult data, no general key to �nd out the optimal structure and properties
of the neural network etc... Solving that is a future challenge. Especially with respect
to the increasing importance of applications on big data with di�cult properties, both
robust and sensitive methods will be required.

References
[1] KDD Cup 1999 Data.http://kdd.ics.uci.edu/databases/kddcup99/kddcup99.

html . Accessed: 2017-08-30.

[2] MIT Lincoln Laboratory: DARPA Intrusion Detection Evaluation. https://ll.
mit.edu/ideval/data/1999data.html . Accessed: 2017-08-30.

[3] E. Aleskerov, B. Freisleben, and B. Rao. Cardwatch: a neural network based
database mining system for credit card fraud detection. In ’Proceedings of the
IEEE/IAFE 1997 Computational Intelligence for Financial Engineering (CIFEr)’,
220�226, (1997).

[4] J. An and S. Cho. Variational autoencoder based anomaly detection using recon-
struction probability. Technical report, (2015).

[5] J. Beck and E. Shultz.The use of relative operating characteristic (ROC) curves in
test performance evaluation. Archives of Pathology and Laboratory Medicine110
(January 1986), 13�20.



Towards Reliable Anomaly Detection on Di�cult Data 67

[6] A. P. Bradley. The use of the area under the roc curve in the evaluation of machine
learning algorithms. Pattern Recognition 30 (1997), 1145 � 1159.

[7] J. Cannady.Arti�cial neural networks for misuse detection. In ’National Information
Systems Security Conference’, 368�81, (1998).

[8] V. Chandola, A. Banerjee, and V. Kumar. Anomaly detection: A survey. ACM
Computing Surveys (CSUR)41 (2009), 15.

[9] H. A. Dau, V. Ciesielski, and A. Song.Anomaly Detection Using Replicator Neu-
ral Networks Trained on Examples of One Class, 311�322. Springer International
Publishing, Cham, (2014).

[10] H. B. Demuth, M. H. Beale, O. De Jess, and M. T. Hagan.Neural Network Design.
Martin Hagan, (2014).

[11] J. Dem†ar. Statistical comparisons of classi�ers over multiple data sets. J. Mach.
Learn. Res.7 (December 2006), 1�30.

[12] A. F. Emmott, S. Das, T. Dietterich, A. Fern, and W.-K. Wong. Systematic con-
struction of anomaly detection benchmarks from real data. In ’Proceedings of the
ACM SIGKDD Workshop on Outlier Detection and Description’, ODD ’13, 16�21,
New York, NY, USA, (2013). ACM.

[13] T. Fawcett. An introduction to ROC analysis. Pattern Recognition Letters27 (2006),
861 � 874. ROC Analysis in Pattern Recognition.

[14] A. K. Ghosh, A. Schwartzbard, and M. Schatz.Learning program behavior pro�les for
intrusion detection. In ’Workshop on Intrusion Detection and Network Monitoring’,
volume 51462, 1�13, (1999).

[15] I. Goodfellow, Y. Bengio, and A. Courville. Deep Learning. MIT Press, (2016).
http://www.deeplearningbook.org .

[16] S.-J. Han and S.-B. Cho.Evolutionary neural networks for anomaly detection based
on the behavior of a program. IEEE Transactions on Systems, Man, and Cybernetics,
Part B (Cybernetics) 36 (2005), 559�570.

[17] E. M. Knorr, R. T. Ng, and V. Tucakov. Distance-based outliers: algorithms and
applications. The VLDB Journal 8 (Feb 2000), 237�253.

[18] B. Kosko. Neural networks and fuzzy systems: a dynamical systems approach to
machine intelligence/book and disk. Vol. 1Prentice hall (1992).

[19] Y. LeCun, C. Cortes, and C. Burges. Mnist handwritten digit database.http:
//yann.lecun.com/exdb/mnist/ . Accessed: 2017-08-30.

[20] C. Marrocco, R. Duin, and F. Tortorella.Maximizing the area under the ROC curve
by pairwise feature combination. Pattern Recognition 41 (2008), 1961 � 1974.



68 M. Flusser

[21] D. Martinus and J. Tax. One-class classi�cation: Concept-learning in the absence
of counterexamples. PhD thesis, Delft University of Technology, (2001).

[22] C. E. Metz. Basic principles of ROC analysis. Seminars in Nuclear Medicine8
(1978), 283 � 298.

[23] S. Mika, S. Schölkopf, et al. Kernel PCA and de-noising in feature spaces. In ’Ad-
vances in neural information processing systems’, 536�542, (1999).

[24] S. Mukkamala, G. Janoski, and A. Sung.Intrusion detection using neural networks
and support vector machines. In ’Neural Networks, 2002. IJCNN’02. Proceedings of
the 2002 International Joint Conference on’, volume 2, 1702�1707. IEEE, (2002).

[25] T. Pevný. Loda: Lightweight on-line detector of anomalies. Machine Learning102
(2016), 275�304.

[26] J. Ryan, M.-J. Lin, and R. Miikkulainen. Intrusion detection with neural networks.
In ’Advances in Neural Information Processing Systems’, 943�949, (1998).

[27] M. Sakurada and T. Yairi. Anomaly detection using autoencoders with nonlinear
dimensionality reduction. In ’Proceedings of the MLSDA 2014 2Nd Workshop on
Machine Learning for Sensory Data Analysis’, MLSDA’14, 4:4�4:11, New York, NY,
USA, (2014). ACM.

[28] S. T. Sarasamma, Q. A. Zhu, and J. Hu�.Hierarchical kohonenen net for anomaly
detection in network security. IEEE Transactions on Systems, Man, and Cybernetics,
Part B (Cybernetics) 35 (2005), 302�312.

[29] B. B. Thompson, R. J. Marks, et al.Implicit learning in autoencoder novelty assess-
ment. In ’Neural Networks, 2002. IJCNN’02. Proceedings of the 2002 International
Joint Conference on’, volume 3, 2878�2883. IEEE, (2002).

[30] P. Vincent, H. Larochelle, Y. Bengio, and P.-A. Manzagol.Extracting and composing
robust features with denoising autoencoders. In ’Proceedings of the 25th international
conference on Machine learning’, 1096�1103. ACM, (2008).

[31] P. Vincent, H. Larochelle, I. Lajoie, Y. Bengio, and P.-A. Manzagol.Stacked de-
noising autoencoders: Learning useful representations in a deep network with a local
denoising criterion. Journal of Machine Learning Research11 (2010), 3371�3408.

[32] S. Zhai, Y. Cheng, W. Lu, and Z. Zhang. Deep structured energy based models
for anomaly detection. In ’Proceedings of the 33rd International Conference on
International Conference on Machine Learning - Volume 48’, ICML’16, 1100�1109.
JMLR.org, (2016).

[33] Z. Zhang, J. Li, C. Manikopoulos, J. Jorgenson, and J. Ucles.Hide: a hierarchical
network intrusion detection system using statistical preprocessing and neural network
classi�cation. In ’Proc. IEEE Workshop on Information Assurance and Security’,
85�90, (2001).



Podpora distribuovaných výpoŁetních
systØmø v knihovnì TNL pomocí MPI �

Vít Hanousek

1. roŁník PGS, email:hanouvit@fjfi.cvut.cz
Katedra matematiky
Fakulta jadernÆ a fyzikÆlnì in¾enýrskÆ, ¨VUT v Praze

„kolitel: TomÆ„ Oberhuber, Katedra matematiky
Fakulta jadernÆ a fyzikÆlnì in¾enýrskÆ, ¨VUT v Praze

Abstract. This paper presents �rst part of support of distributed computing systems in the
Template Numerical Library (TNL). This library is developed at Department of mathematics
at FNSPE. The TNL library uses the Message Passing Interface (MPI) for communication be-
tween compute nodes, since it is the most often communication standard on high performance
computing clusters. This paper shortly presents a domain decomposition of a regular rectan-
gular mesh and some implementation details which is used in the TNL library. A performance
measurement is presented at �nal section.
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Abstrakt. V tØto prÆci prezentujeme první kroky v płidÆní podpory distribuovaných výpoŁet-
ních systØmø do knihovny Template Numerical Library (TNL ), kterÆ je aktivnì vyvíjena na
katedłe matematiky na FJFI. Pro komunikaci mezi výpoŁetními uzly vyu¾ívÆ knihovna TNL
standarad Message Passing Interface (MPI ), proto¾e je jedním z nejroz„íłenìj„ích zpøsobø ko-
munikace mezi výpoŁetními servery na clusterech pro vysoce výkonnØ poŁítÆní. V tomto ŁlÆnku
nejdłíve płedstavíme pou¾ití pravidelných pravoœhlých sítí v TNL a dÆle se zamìłíme na imple-
mentaci distribuovaných sítí v knihovnì TNL. ZÆvìrem tØto prÆce płedstavíme výsledky mìłení
rychlosti synchronizací distribuovanØ sítì.

KlíŁovÆ slova:Cluster, DomØnovÆ dekompozice, MPI, TNL

1 Úvod
Meassage Passing Interface (MPI) je standard pro komunikaci na clusterech pro vysoce
výkonnØ poŁítÆní. Je primÆrnì navr¾en pro komunikaci mezi servery, ale dÆ se vyu¾ít i
pro meziprocesovou komunikaci bez jakØhokoli zÆsahu do aplikace. Tento standard mÆ
více implementací, mezi nejznÆmìj„í patłí OpenMPI [2], MPICH [3], Intel MPI [1] a dal„í.
Pro testovÆní jsme zvolili knihovnu OpenMPI, ov„em díky standardizaci je mo¾nØ płelo¾it
knihovnu TNL i s jinou implementací MPI. Mezi zÆkladní funkce MPI patłí blokující a
neblokující zasílÆní zprÆv, dÆle rozesílÆní hromadných zprÆv a redukce.

Template Numerical Library (TNL)[4] je numerickÆ knihovna vyvíjenÆ na katedłe
matematiky FJFI a je zamìłenÆ na výpoŁty na vícejÆdrových procesorech (CPU) a na

� Tato prÆce vznikla za podpory projektø CERIT Scienti�c Cloud (LM2015085) a CESNET
(LM2015042) �nancovaných z programu M'MT Projekty velkých infrastruktur pro VaVaI.
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gra�ckých kartÆch �rmy nVidia podporujících technologii CUDA (GPU). Pomocí „ab-
lon jsou implementovÆny zÆkladní i pokroŁilØ objekty pro røzný hardware, co¾ umo¾òuje
pouhou zmìnou „ablonovØho parametru zmìnit hardware, na kterØm œloha bude poŁí-
tÆna, bez dal„ích zÆsahø do kódu. Knihovna TNL podporuje výpoŁty na strukturovaných
pravoœhlých sítích, tak i nestrukturovaných sítích.

Prvním ŁÆstí knihovny TNL s podporou distribuovaných systØmø je podpora dekom-
pozice vìt„ích strukturovaných pravoœhlých sítí mezi více výpoŁetních uzlø. V tomto
ŁlÆnku płedstavíme domØnovou dekompozici 1D, 2D a 3D sítí. Knihovna TNL s touto
podporou bude schopnÆ provÆdìt napłíklad výpoŁty explicitních łe„iŁø na distribuova-
ných systØmech. Jako płíklady budeme uvÆdìt 2D sí», implementovÆna byla i 1D a 3D
sí».

2 Dekompozice 2D a 3D sítì
Dekompozice sítì mezi více uzlø probíhÆ nÆsledujícím zpøsobem. Sí» rozdìlíme na pod-
sítì, kterØ jsou pokud mo¾no stejnì velkØ, a dÆle tyto lokÆlní sítì zvìt„íme o płekryv
se sousedním výpoŁetním uzlem. Velikost płekryvu volíme dle œlohy. Napłíklad łe„íme-li
Laplaceovu rovnici pomocí explicitního schØmatu koneŁných diferencí, pak nÆm staŁí płe-
kryv jednoho prvku. Na obrÆzku 1 je dekompozice 1D sítì a na obrÆzku 2 je dekompozice
2D sítì. Na obrÆzku 3 je „ipkami naznaŁena komunikace pro 8-mi okolí. Volba okolí takØ
zÆvisí œloze. Napłíklad vý„e zmínìný diskretizovaný Laplaceøv operÆtor zÆvisí pouze na
4 okolních bodech. Pak je zbyteŁnØ v rÆmci dekompozice sítì uva¾ovat 8-mi okolí, kterØ
bere v œvahu i rohovØ sousedy. Stejný zpøsobem lze provØst i dekompozici ve 3D. Zde
se mø¾eme bavit o 6-ti okolí, pro sousedství płes stìny, o 18-ti okolí pro sousedství płes
hrany a stìny a plnØ 26 okolí.

Volba okolí takØ urŁuje poŁet navÆzaných spojení mezi výpoŁetními uzly, co¾ mø¾e
mít vliv na rychlost komunikace. Druhý parametr, který mÆ zÆsadní vliv na rychlost
komunikace je mno¾ství płenÆ„ených dat. Zde mají nejvìt„í płíspìvek hrany pro 2D a
stìny pro 3D. Mno¾ství płenÆ„ených dat zÆvisí na velikosti sítì a na poŁtu výpoŁetních
uzlø a jejich distribuci. V nÆsledujícím płíkladu uva¾ujme 2D sí» a 4 okolí. Nech» sít mÆ
n � m prvkø a mÆmeN výpoŁetních uzlø, dÆle nech»N lze rozlo¾it na souŁin i � j . Pak
poŁet płenÆ„ených prvkø sítìS je

S = m(j � 1) + n(i � 1)

a poŁet navÆzaných spojení je

P = ( i � 1)j + ( j � 1)i

Pro lep„í płedstavu vlivu distribuce uzlø na tyto parametry uveïme tabulku pro røznØ
distribuce pro sí»100� 100a pro 24 uzlø. TeoretickØ minimum płenesených dat nastÆvÆ
pro i = j =

p
N , vychÆzí-li celoŁíselnì.

Nakonec tØto ŁÆsti uveïme, ¾e velkØ výpoŁetní clustery mívají kruhovØ sí»ovØ topolo-
gie, kterØ je pro tento typ distribuce sítì velmi vhodný. KruhovÆ sí»ovÆ technologie mÆ
płímØ propojení sousedních uzlø. Płi sprÆvnØm namapovÆní na„í œlohy na cluster mají
sousední uzly, ve smyslu dekomponovanØ sítì, płímØ propojení a neblokují sí»ový provoz
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ObrÆzek 1: Dekompozice 1D sítì s 15 prvky mezi 3 výpoŁetní uzly. ÚhlopłíŁným „rafovÆ-
ním jsou vyznaŁeny płekryvy mezi výpoŁetními uzly, „ipkami je naznaŁena komunikace
mezi nimi a svislým vlnitým „rafovÆním jsou vyznaŁeny hraniŁní prvky sítì.

Distribuce PoŁet prvkø PoŁet spojení
1 � 24 2300 23
2 � 12 1200 34
3 � 8 900 37
4 � 6 800 38

Tabulka 1: PoŁet płenesených prvkø sítì a poŁet navÆzaných spojení mezi výpoŁetními
uzly v zÆvislosti na zvolenØ rozlo¾ení 24 výpoŁetních uzlø do dvojrozmìrnØ młí¾e. De-
komponovanÆ sí» mÆ100� 100elementø.

jinØ komunikaci, płenosy pak probíhají plnì paralelnì. MÆ-li cluster kruhovou sí» o ni¾„í
dimenzi, ne¾ na„e sí», pak je výhodnØ dekomponovat sí» prÆvì v dimenzi kruhovØ sítì.

3 Distribuovaný Grid v TNL
Nejdłíve se podívÆme jak je strukturovanÆ pravoœhlÆ sí» v TNL implementovÆna. Tato
sí» je reprezentovÆna „ablonovou tłídouGrid. Tłída gridu sama nenese data sí»ovØ funkce
vyhodnocovanØ na tØto síti. Pouze popisuje prostorovØ uspołÆdÆní uzlø, bunìk Łi hran, ob-
sahuje souładnice poŁÆtku a prostorový krok. Nad tímto gridem se vytvÆłí sí»ovÆ funkce,
reprezentovanÆ tłídouMeshFunction. Tato tłída spojuje informace o gridu s pamìtí alo-
kovanou pro jednotlivØ hodnoty funkce. Ty se uklÆdají vìt„inou do tłídyVector.

Grid poskytuje pro prÆci s sí»ovou funkcí tłi zÆkladníTraversary. První z nich vy-
hodnocuje pouze vnitłní prvky sítì, druhý vyhodnocuje v„echny prvky sítì a poslední
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ObrÆzek 2: Dekompozice 2D sítì s12 � 12 prvky mezi 9 výpoŁetních uzlø. ÚhlopłíŁným
„rafovÆním jsou vyznaŁeny płekryvy mezi výpoŁetními uzly a svislým vlnitým „rafovÆním
jsou vyznaŁeny hraniŁní prvky sítì.

vyhodnocuje pouze okrajovØ prvky sítì, kde prvky mohou být buòky, hrany nebo uzly
sítì. Tyto zÆkladní traversary jsou vyu¾ívÆny tłídami operÆtorø, Łi jinými tłídami pra-
cujícími se sí»ovou funkcí. Pou¾ití pravidelnØ pravoœhlØ v TNL je pak nÆsledující:

typedef MeshType Grid<2,double,Host,int>;

MeshType grid(size);
int dofsize=grid.getEntitiesCount()
Vector<double, Host, int> dof(dofsize);

MeshFunction<MeshType,2,double> meshFunction;
meshFunction.bind(grid,dof)

functionevaluator.evaluateAllEntities(meshFunction,
somefunction);

Pro implementaci dekomponovanØ sítì jsme zavedli tłíduDistributedGrid. Tento objekt



Podpora distribuovaných výpoŁetních systØmø v knihovnì TNL pomocí MPI 73

ObrÆzek 3: Detail komunikace 2D dekomponovanØ sítì. VyznaŁenØ jsou kopírovanØ entity
pro výpoŁetní uzel v levØ horní ŁÆsti obrÆzku. œhlopłíŁnì jsou vy„rafovÆny odesílanØ entity
tohoto uzlu, vlnitì jsou vy„rafovÆny prvky płijímanØ tímto výpoŁetním uzlem.

nenahrazuje pøvodní grid, pouze uchovÆvÆ informace o distribuci sítì mezi výpoŁetními
uzly, velikosti lokÆlní sítì, velikosti płesahø a podobnì. Distribuovaný grid na ka¾dØm
výpoŁetním uzlu takØ płedpoŁítÆ Łísla sousedních výpoŁetních uzlø v„emi smìry, pokud
existují. Pokud je výpoŁetní uzel na kraji pøvodní sítì, pak nemÆ tímto smìrem souseda
a distribuovaný grid si pro tento smìr ulo¾í Łíslo � 1. Díky tomu je snadnØ a rychlØ
ve výpoŁtu urŁit, zda výpoŁetní uzel obsahuje daným smìrem okrajovØ entity, Łi zda
mÆ daným smìrem płesah. Nakonec distribuovaný grid obsahuje metodu, kterÆ nastaví
parametry lokÆlní sítì płedstavovanØ pøvodním gridem tak, aby jednotlivØ lokÆlní ŁÆsti
na sebe navazovali. LokÆlní grid pak obsahuje pouze płesahy ve smìrech kde mÆ daný
výpoŁetní uzel souseda.

Pro sprÆvnou funkŁnost traversarø płibyla gridu reference na distribuovaný grid. Po-
kud není nastavena, pak se pou¾ijí pøvodní traversary. Pokud je nastavena, vyhodnocují
se pouze entity mimo płesahy a hranice se vyhodnocují jen na výpoŁetních uzlech zpraco-
vÆvající okraj sítì. Tyto informace získÆvají traversary prÆvì z objektu distribuovanØho
gridu.

Po vyŁíslení sí»ovØ funkce je potłeba doplnit hodnoty sí»ovØ funkce v płesazích. K
tomuto œŁelu byl sestaven nÆstrojDistributedGridSynchronizer, který u¾ivateli zakrývÆ
ve„kerou prÆci s MPI. Tato tłída v konstruktoru podle distribuovanØho gridu, který płe-
bírÆ jako parametr, płedpoŁítÆ velikosti posílaných dat jednotlivými smìry a vytvołí
zasílací a płijímací bu�ery. Po zavolÆní funkce synchronize, kterÆ bere jako parametr
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tłídu sí»ovØ funkce, kterÆ mÆ být synchronizovÆna, naplní płijímací a odesílací bu�ery
daty z lokÆlní sí»ovØ funkce a zajistí komunikaci, pomocí asynchronního zasílÆní zprÆv
MPI. Funkce provede zahÆjení posílÆní v„ech zprÆv pomocí funkceMPI Isenda zahÆjení
płíjmu v„ech zprÆv pomocí funkceMPI Irecv a potØ poŁkÆ na dokonŁení v„ech operací po-
mocí funkceMPI Waitall . Pro funkceMPI Isenda MPI Irecv byly vytvołeny „ablonovØ ,
kterØ automaticky doplòují parametr MPI Type, dle typu zasílaných dat. Dłíve uvedený
płíklad pou¾ití gridu v TNL se płi roz„íłení na distribuovaný systØm zmìní nÆsledujícím
zpøsobem:

typedef MeshType Grid<2,double,Host,int>;

MeshType globalGrid(size);
DistributedGrid<MeshType,2> distributedGrid(globalGrid);
MeshType localGrid;
distributedGrid.SetupGrid(localGrid);

int dofsize=localgrid.getEntitiesCount()
Vector<double, Host, int> dof(dofsize);

MeshFunction<MeshType,2,double> meshFunction;
meshFunction.bind(localgrid,dof);

functionevaluator.evaluateAllEntities(meshFunction,
somefunction);

distributeGridSynchronizer.Synchronize(distributedGrid,
meshFunction);

Nakonec uveïme, ¾e distribuovaný grid v TNL pro rozmístìní výpoŁetních uzlø do 2D
Łi 3D młí¾e vyu¾ívÆ funkci MPI Dims create. Tato funkce umo¾òuje u¾ivateli vynutit
distribuci uzlø v nìjakØm smìru ruŁnì. Distribuovaný grid tento zpøsob ovlivnìní roz-
místìní výpoŁetních uzlø umo¾òuje pomocí volitelnØho parametru, který pracuje stejným
zpøsobem. Díky tomu mø¾eme dosÆhnout jednodimenzionÆlní dekompozice 2D sítì. Dis-
tribovaný grid i synchronizer podporují plnohodnotnÆ okolí, tedy ve 2D 8-mi okolí, a ve
3D 26-ti okolí. Podpora volby okolí bude płidÆna pozdìji.

4 Mìłení
Pro testovÆní na„í implementace distribuovanØho gridu jsme sestavili nÆsledující aplikaci.
Aplikace vytvołí 2D distribuovaný grid na kterØm nìkolikrÆt vyhodnotí lineÆrní funkci.
Po ka¾dØm vyhodnocení funkce provede synchronizaci sí»ovØ funkce. Mìłíme prømìrnou
dobu synchronizace, prømìrnou dobu vyhodnocení lineÆrní funkce a celkovou dobu bìhu
programu. Velikost sítì a poŁet opakovÆní zÆpisø jsou programu płedÆny jako parametr.
PoŁet výpoŁetních uzlø je dÆn parametrem płedÆvaným spou„tìcímu programumpirun.
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Distribuce 500 1000 2000 4000 8000 16000 32000
(2,2) 0,60 0,42 0,64 0,58 0,76 1,44 2,41
(4,1) 0,40 0,45 0,52 0,83 1,62 2,32 4,48
(1,4) 0,64 0,69 0,50 0,73 0,63 1,02 1,30

Tabulka 2: prømìrnÆ doba synchronizace v milisekundÆch pro røznÆ rozdìlení 4 výpoŁet-
ních serverø pro røznì velkØ sítì. Rozdìlení je uvedeno v prvním sloupci ve tvaru uspołÆ-
danØ dvojce poŁtu uzlø v ose X a v ose Y. Sítì byly ŁtvercovØ o hranì uvedenØ v prvním
łÆdku.

500 1000 2000 4000 8000 16000 32000
(3,2) 0,47 0,73 0,57 0,84 1,13 1,66 2,95
(6,1) 0,38 0,18 0,28 0,52 1,10 1,85 3,70
(1,6) 0,13 0,14 0,21 0,26 0,59 0,49 0,86

Tabulka 3: prømìrnÆ doba synchronizace v milisekundÆch pro røznÆ rozdìlení 6 výpoŁet-
ních serverø pro røznì velkØ sítì. Rozdìlení je uvedeno v prvním sloupci ve tvaru uspołÆ-
danØ dvojce poŁtu uzlø v ose X a v ose Y. Sítì byly ŁtvercovØ o hranì uvedenØ v prvním
łÆdku.

Celkovì byly sestaveny 3 aplikace, první volí rozlo¾ení výpoŁetních uzlø pomocí zmiòo-
vanØ funkceMPI Dims create, druhÆ vynucuje rozlo¾ení výpoŁetních uzlø pouze v ose X,
a tłetí pouze v ose Y.

Døvodem pro porovnÆní lineÆrních rozlo¾ení výpoŁetních uzlø v osÆch X a Y je sku-
teŁnost, ¾e data sí»ovØ funkce jsou v pamìti ulo¾eny v jednorozmìrnØm poli po łÆdcích.
Płi rozdìlení výpoŁetních uzlø v ose Y se do posílacích bu�erø kopíruje první a poslední
łÆdek, tedy data v pamìti ulo¾enÆ za sebou, zatímco płi rozdìlení výpoŁetních uzlø v ose
X se do posílacích bu�erø kopíruje v¾dy první a poslední prvek ka¾dØho łÆdku, tudí¾ se s
pamìtí nepracuje efektivnì. Jak ukÆzalo mìłení mÆ tato skuteŁnost zÆsadní vliv na dobu
synchronizace płi komunikaci po rychlØm rozhraní In�niBand.

Mìłení byla provedena s20 zÆpisovými cykly na sítích o rozmìrech500� 500, 1000�
1000, 2000� 2000, 4000� 4000, 8000� 8000, 16000� 16000a 32000� 32000elementø.
Postupnì byly v„echny tłi aplikace spou„tìny na 1 a¾ 9 výpoŁetních uzlech. VýpoŁetní
uzly byly exkluzivnì vyhrazeny pouze pro toto mìłení, ov„em sí»ovØ prvky In�nibandu
exkluzivnì vyhrazeny nebyly, co¾ mohlo ovlivnit mìłení. Mìłení na 2 výpoŁetních uzlech
bylo ukonŁeno chybou, pravdìpodobnì zpøsobenou infrastrukturou výpoŁetního clusteru
na kterØm byl výpoŁet spou„tìn, proto je ve výsledcích neuvÆdíme.

Z namìłených dat jsme vybrali nÆsledující výsledky. V prvních tłech tabulkÆch jsou
uvedeny prømìrnØ Łasy synchronizace dat pro røznÆ rozdìlení výpoŁetních serverø a
røznì velkØ sítì. V tabulce 2 jsou rozdìlení Łtył uzlø, v tabulce 3 jsou rozdìlení „esti
uzlø a v tabulce 4 rozdìlení osmi uzlø. Z prezentovaných výsledkø je vidìt, ¾e rozdìlení
serverø v ose Y je v synchronizaci nejrychlej„í i za cenu více płenÆ„ených dat. Z ostatních
výsledkø, zde neprezentovaných je patrnØ ¾e lineÆrní rozdìlení výpoŁetních uzlø v ose Y
je v¾dy výhodnìj„í ne¾ rozdìlení uzlø v ose X.

V tabulce 5 uvÆdíme porovnÆní dob synchronizace pro lineÆrní rozdìlení výpoŁetních
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500 1000 2000 4000 8000 16000 32000
(4,2) 0,44 0,48 0,68 0,77 0,94 1,49 2,86
(8,1) 0,66 0,50 0,83 1,07 1,54 2,35 3,78
(1,8) 0,52 0,70 0,71 1,00 0,85 0,87 1,37

Tabulka 4: prømìrnÆ doba synchronizace v milisekundÆch pro røznÆ rozdìlení 8 výpoŁet-
ních serverø pro røznì velkØ sítì. Rozdìlení je uvedeno v prvním sloupci ve tvaru uspołÆ-
danØ dvojce poŁtu uzlø v ose X a v ose Y. Sítì byly ŁtvercovØ o hranì uvedenØ v prvním
łÆdku.

3 4 5 6 7 8 9
500x500 0,06 0,64 0,09 0,13 0,40 0,52 0,11

1000x1000 0,08 0,69 0,11 0,14 0,40 0,70 0,37
2000x2000 0,15 0,50 0,40 0,21 0,21 0,71 0,43
4000x4000 0,19 0,73 0,21 0,26 0,50 1,00 0,22
8000x8000 0,25 0,63 0,28 0,59 0,57 0,85 0,36

16000x16000 0,35 1,02 0,56 0,49 0,77 0,87 0,51
32000x32000 0,62 1,30 0,68 0,86 0,83 1,37 1,06

Tabulka 5: prømìrnÆ doba synchronizace v milisekundÆch pro røznØ poŁty výpoŁetních
uzlø v lineÆrní distribuci v ose Y a røznØ velikosti sítì. Velikost sítì je uvedena v prvním
sloupci, a poŁty výpoŁetních uzlø v prvním łÆdku.

uzlø v ose Y pro røznØ poŁty výpoŁetních uzlø a røznì velkØ sítì. Z výsledkø je patrnØ,
¾e mìłení bylo ovlivnìno vnìj„ími vlivy, proto¾e prømìrnÆ doba synchronizace pro 8
výpoŁetních uzlø vychÆzí znatelnì del„í ne¾ doba synchronizace pro 9 výpoŁetních uzlø.
Pro porovnÆní uvÆdíme takØ tabulku 6 s prømìrnými dobami vyhodnocení lineÆrní funkce
na synchronizovanØ síti. Pro nejvìt„í dvì testovanØ sítì synchronizace płedstavuje mØnì
ne¾ 5% celkovØho Łasu.

Nakonec uveïme standardní porovnÆní celkovØ doby bìhu aplikace pro røzný poŁtech
výpoŁetních uzlø a røznØ sítì. Pro porovnÆní byly zvoleny Łasy pro lineÆrní rozlo¾ení
uzlø v ose Y proto¾e vìt„inou byly nejrychlej„í. Tabulka 7 uvÆdí dobu bìhu aplikace v
zÆvislosti na velikosti sítì a poŁtu výpoŁetních uzlø, tabulka 8 uvÆdí vypoŁtenØ urychlení
a tabulka 9 uvÆdí vypoŁtenou efektivitu. Z namìłených dat je vidìt, ¾e i velmi rychlÆ
synchronizace mÆ negativní velký vliv na celkovou efektivitu. Proto bude dÆle do knihovny
TNL płidÆna podpora pro płekrytí výpoŁtø a synchronizace. Uveïme takØ, ¾e v celkovØ
dobì je zahrnuta takØ œvodní ŁÆst programu, kterÆ mÆ takØ na celkovou efektivitu vliv.

5 ZÆver
V tomto ŁlÆnku byla prezentovÆna implementace dekompozice pravidelnØ pravoœhlØ sítì v
knihovnì TNL. ImplementovÆna byla dekompozice 1D, 2D i 3D sítí, princip synchronizace
dekomponovanØ sítì byl vysvìtlen na 1D a 2D síti. Pro 2D sí» byla sestavena a spu„tìna
testovací aplikace, kterÆ odhalila, ¾e na rychlØm rozhraní In�niband mÆ velký vliv na
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1 3 4 5 6 7 8 9
500x500 0,34 0,75 1,06 1,09 1,09 1,57 1,66 1,80

1000x1000 1,06 1,12 1,24 1,52 1,42 1,72 1,61 1,65
2000x2000 4,62 2,34 2,25 2,22 2,16 2,28 2,14 1,96
4000x4000 16,74 6,78 5,48 4,64 4,31 4,02 3,62 3,95
8000x8000 59,20 23,31 17,89 14,68 13,48 11,87 10,43 10,30

16000x16000 222,94 79,94 60,78 102,50 45,66 41,78 35,94 33,74
32000x32000 899,60 305,72 225,66 182,22 165,01 139,85 121,45 249,77

Tabulka 6: prømìrnÆ doba vyŁíslení lineÆrní funkce v milisekundÆch pro røznØ poŁty
výpoŁetních uzlø v lineÆrní distribuci v ose Y a røznØ velikosti sítì. Velikost sítì je
uvedena v prvním sloupci, a poŁty výpoŁetních uzlø v prvním łÆdku.

1 3 4 5 6 7 8 9
500x500 0,008 0,017 0,035 0,024 0,025 0,040 0,044 0,039

1000x1000 0,030 0,026 0,040 0,034 0,032 0,043 0,047 0,042
2000x2000 0,113 0,058 0,061 0,057 0,051 0,053 0,060 0,052
4000x4000 0,413 0,169 0,148 0,115 0,106 0,103 0,104 0,095
8000x8000 1,471 0,570 0,456 0,365 0,340 0,302 0,272 0,260

16000x16000 5,412 1,957 1,500 1,261 1,109 1,015 0,889 0,845
32000x32000 21,237 7,332 5,476 4,453 3,983 3,391 2,977 2,847

Tabulka 7: doba bìhu aplikace v sekundÆch pro røznØ poŁty výpoŁetních uzlø a røznì
velkØ sítì.

3 4 5 6 7 8 9
500x500 0,5 0,2 0,3 0,3 0,2 0,2 0,2

1000x1000 1,1 0,7 0,9 0,9 0,7 0,6 0,7
2000x2000 2,0 1,8 2,0 2,2 2,1 1,9 2,2
4000x4000 2,4 2,8 3,6 3,9 4,0 4,0 4,3
8000x8000 2,6 3,2 4,0 4,3 4,9 5,4 5,7

16000x16000 2,8 3,6 4,3 4,9 5,3 6,1 6,4
32000x32000 2,9 3,9 4,8 5,3 6,3 7,1 7,5

Tabulka 8: urychlení aplikace v sekundÆch pro røznØ poŁty výpoŁetních uzlø a røznì velkØ
sítì.
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3 4 5 6 7 8 9
500x500 16 6 7 6 3 2 2

1000x1000 37 18 17 15 10 8 8
2000x2000 65 46 39 37 30 23 24
4000x4000 81 70 72 65 57 50 48
8000x8000 86 81 81 72 70 68 63

16000x16000 92 90 86 81 76 76 71
32000x32000 97 97 95 89 89 89 83

Tabulka 9: efektivita paralelizace aplikace v procentech pro røznØ poŁty výpoŁetních uzlø
a røznì velkØ sítì.

rychlost synchronizace uspołÆdÆní kopírovaných prvkø sítì v pamìti. Z namìłených dat
se nejvýhodnìj„í jeví lineÆrní rozdìlení uzlø v ose Y. Mìłení bylo prozatím provedeno na
malØm poŁtu výpoŁetních uzlø, do budoucna bude roz„íłeno alespoò na 20 uzlø. Pro vìt„í
testy nÆm prozatím není dostupnÆ infrastruktura.

Mezi dal„í kroky pro dokonŁení tØto ŁÆsti patłí implementace uklÆdÆní dekompono-
vanØ sí»ovØ funkce do souboru, podpora płekrytí výpoŁtu se synchronizací a podpora
synchronizace men„ích okolí. NÆsledovat by mìla podpora dekompozice sítì mezi více
GPU.
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Abstract. Proportional integral derivative (PID) controllers are important and widely used
tools of system control. However, tuning their gains is a laborious task, especially for complex
systems with multiple coupled controllers. To minimize the time and e�ort spent tuning the
gains in a simulation software, we propose to formulate the problem as a black-box optimization
problem and solve it with an appropriate method.

We introduce two applications of tuning PID controllers in simulations: combustion engines
and an AC �lter. For each, a be�tting objective function is derived and the resulting problem
is successfully solved by a variant of CMA-ES. For the �rst application, the performance of
CMA-ES, PSO and SHADE is compared and the winning method’s practical applicability is
veri�ed on models of real production engines.

Keywords: CMA-ES, black-box optimization, PID controller

Abstrakt. PID (propor£ní, integra£ní, deriva£ní) regulÆtory jsou d•le”itým a †iroce pou”ívaným
nÆstrojem pro °ízení systØm•. Ov†em naladit jejich jednotlivØ slo”ky m•”e být slo”itØ, obzvlÆ†·
v p°ípad¥ komplexních systØm• s více navzÆjem se ovliv‹ujícími regulÆtory. Cílem tØto prÆce je
minimalizovat £as a œsilí nutnØ k nalezení sprÆvnØho nalad¥ní regulÆtor• v simula£ním softwaru.
ProblØm formulujeme jako black-box optimaliza£ní œlohu, kterou nÆsledn¥ °e†íme pomocí vhodnØ
metody.

ZabývÆme se dv¥mi konkrØtními aplikacemi lad¥ní PID regulÆtor• pomocí simulací: vzn¥tovØ
motory a AC �ltr. V obou p°ípadech odvodíme vhodnØ œ£elovØ funkce a výslednou œlohu °e†íme
pokro£ilou verzí metody CMA-ES. V œloze s motory srovnÆvÆme CMA-ES s PSO a SHADE
a u”ite£nost vít¥znØ metody je ov¥°ena na lad¥ní regulÆtor• v modelech skute£n¥ pou”ívaných
motor•.

Klí£ovÆ slova:CMA-ES, black-box optimalizace, PID regulÆtor

1 Introduction
In a controlled system, PID controllers ensure that given quantities remain constant or
within given range. For example, in a room with air-conditioning and/or heating and
a temperature sensor, a PID controller keeps the temperature at the pre-set21� C. The
principle remains the same for more complex systems such as a running combustion engine

� This work has been supported by grant 260007 Stradi.
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or an AC �lter, where multiple controllers may be present and a�ect each other (i.e. be
coupled).

An engineer’s task is to tune the gains of all the controllers, so that the system’s
behavior is satisfactory, i.e. all controlled quantities get to and remain at desired levels.
For �nancial and time reasons, this is often done �rst with the help of simulations before
dealing with physical equipment. This work focuses on the use of such simulations and
suggests a method that is to aid engineers in their task without the need to analyze
the given system. For combustion engine simulations, 1D dynamics simulation software
WAVE is used [18]. This part is largely based on the author’s preprint paper [10]. For
AC �lter simulation, Matlab Simulink [16] and PLECS [1] software combination is used.

The need to solve both these problems arose from industrial applications. Presently,
manual work makes up a major part of the controller tuning process. This lengthy
procedure is based on trial and error and requires a knowledgeable and experienced control
engineer. For systems with a single controller (or multiple but decoupled controllers),
simple rules of thumb (e.g. Ziegler-Nichols) can be employed. Similar, already-solved
problems can also provide a guideline. However, when having a complicated or unique
system of coupled controllers, the complexity of the task makes it very di�cult to solve
even for an experienced control engineer. Moreover, in our application of PID controllers
in combustion engine models, other professionals need to tune the controllers as well,
creating the need for a simple-to-use, robust tool. We aim to deliver a method that
would eliminate or signi�cantly lower the need for manual tuning. It should �nd a
solution within acceptable time and with as little user interaction as possible. When
combined with simple tuning rules or educated guess, our method is to use the provided
solution approximation as a starting point and quickly �nd a more re�ned solution.

The PID tuning problem with either one controller or multiple but decoupled or sym-
metric controllers can be and has been reformulated as a black-box optimization problem
and solved with an appropriate method. Evolutionary algorithms have been used, e.g.
genetic algorithm [15], di�erential evolution (DE) [3, 11], particle swarm optimization
(PSO) [4, 5] and many hybrids [11, 14].

The tuning problem with multiple coupled controllers can too be formulated as an
optimization problem. However, compared to other research on controller tuning [3, 4,
5, 11, 14, 15], dealing with coupled controllers requires an extra level of complexity. Its
multiple objectives can be e�ciently combined into one, enabling us to solve the problem
with usual, and faster, algorithms.

The time budget poses the greatest limitation. With simulations taking up to several
minutes each, we aim for few thousand simulation runs at most. This imposes high
expectations upon e�ciency of the method used.

Considering properties of the problem and with the support of experimental evidence,
we choose to use a variant of the Covariance Matrix Adaptation Evolution Strategy
(CMA-ES) [8, 6, 9, 13], an evolutionary algorithm founded deep in probability theory. It
has proven to be very e�ective and robust method in the extensive testing of Black-Box
Optimization Benchmarking (e.g. [7, 2]), surpassing the above mentioned algorithms and
many others (on the relevant sort of problems). Despite its fame in the optimization
community and large number of practical applications, it has so far been little used for
tuning PID controllers [11, 12, 20] or similar problems.
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In this work, we derive �tting objective functions for both problems and show the
applicability of CMA-ES. For the combustion engine problem, we compare performance
of CMA-ES, PSO and SHADE (Success-History based Adaptative Di�erential Evolution
[19]).

2 Formulation of the problem

2.1 PID controllers in simulations
PID controllers are well known and powerful tools in system control [17]. Their input is
the error

e(t) = actual(t) � target(t);

i.e. the time-dependent di�erence between the desired target value and the actual value
of a quantity (as measured by a sensor or computed by a model). The output control
signal that de�nes the system’s subsequent reaction is given as

C(t) = Pe(t) + I
Z t

0
e(� )d� + D

d
dt

e(t);

whereP , I and D are the proportional, integral and derivative gains, respectively.
In both our applications, the controllers’ implementation is provided within the simu-

lation software. Havingk controllers within a system, each determined by three constant
gains P , I and D , there are 3k gains to be tuned: x = ( P1; I 1; D1; : : : ; Pk ; I k ; Dk):
When the controllers’ gains are set and the whole simulation is run, it outputs the above-
mentioned error functions’ei (t) = ei (x; t ); i = 1 ; : : : ; n: development over time.

It remains to processei (x; t ) so that the �nal function value contains all information
about the input’s quality. We do so in the next sections by de�ning an objective function
F (x; t ) that will be minimized (without loss of generality, we always assume that that
higher quality inputs have lower function values).

Our goal is to �nd such vectorx that the corresponding controlled quantities converge
to the target values (for constant targets) or start mirroring the target value functions
(for targets changing in time) and do so as quickly as possible. For practical purposes,
the minimizer found need not be unique.

2.2 Objective function for combustion engine simulations
In the case of combustion engine simulations, construction of the objective function is
rather straightforward. Figures 1 and 2 show how the simulation output looks like (on
a simple testing model with 3 controllers and 3 controlled quantities). The objective
function must then re�ect that: 1) all controlled quantities must converge to the target
values, 2) the convergence should be as fast as possible, 3) larger error in the beginning
of the simulation is OK, 4) each controlled quantity uses di�erent units.

Placing more emphasis on errors with greater time, we weight the error function by
time and integrate over time interval[t0; t]. Finally, we scale each objective by the inverse
of the (constant) target value, so that their numerical values are comparable and do not
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Figure 1: Unsatisfactory solutions: at least one of the controlled quantities does not
converge to the target value.

Figure 2: Good solutions: all controlled quantities converge to the target values.

depend on the units of the corresponding quantity. Note thatjtargeti j is the remainder
of the integral over time of the target’s (constant) function.

F (x; t ) =
X

controlled quantities

1
jtargeti j

Z t

t0

(� + 1) jei (x; � )j d�

Time t corresponds with the end of the simulation. Timet0 � 0 is, however, subject
to choice. It must be selected manually as a time point just before the output starts to
follow a trend. The meaning oft0 > 0 is that it cuts out from the objective function the
information that � in this particular application � is essentially noise. Setting t0 > 0 is
not neccessary but it can signi�cantly shorten the optimization computation time.

2.3 Objective function for AC �lter simulations

For the AC �lter, we must take a more general approach. Figure 3 depicts the typical
outputs and the prescribed smooth sinusoidal target value functions. The actual value
functions tend not to be smooth and overshoot signi�cantly (large overshoot is forbidden
due to practical restrictions on not burning the equipment). Moreover, there are 6 sections
for each phase (= controlled quantity), the beginning of each being the most troublesome.
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Figure 3: Various outputs of AC �lter simulation.

To derive an appropriate objective functionF (x; t ), the weighted sum over the ob-
jectives is used again, this time over all phases and all sections. Each objective is then
composed of two parts: scaled L1-norm of the error function (this time we do not use
time to weight the error within the integral because the error is most important in the
beginning of each section) and L1-norm of the error function’s derivative (i.e. its bounded
variation), which penalizes non-smooth outputs.

F (x; t ) =
X

phases

X

sections

D0
1

ktarget(� )kL 1

ke(x; � )kL 1 + D1






de(x; � )

d�






L 1

:

Resetting the time counter to0 at the begining of each phase, the L1-norm is de�ned
as kf (� )kL 1 =

Rt
0 jf (� )jd�: Based on typical values of the corresponding L1-norms, the

constants were set toD0 = 10; D1 = 1e � 09:

3 The optimization method
Clearly, the objective functions will be non-convex, non-di�erentiable, possibly ill-condititoned,
multimodal and must be taken as a black box (since the simulations are such). Meta-
heuristic and evolutionary methods have been extremely successful when tackling this
sort of problems. Based on the results of the extensive Black-Box Optimization Bench-
marking [7, 2], the Covariance Matrix Adaptation Evolution Strategy with bi-population
restart scheme (BIPOP-CMA-ES) was the method of �rst choice for our application.

The Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [8] is an evolu-
tionary algorithm that uses stochastic and algebraic tools to de�ne optimally diverse
population of candidate solutions in an area that seems to be most promising. The size
of the area and its location are determined based on the algorithm’s previous experience
with the objective function. New candidate solutions are sampled from a multivariate
normal distribution, whose mean and covariance matrix are adapted in each generation
along with the general step size. For details see Algorithm 1.

There are many upgrades available for basic algorithm. In our application, supported
by numerical experiments, we use the elitist BIPOP-aCMA-ES version, i.e. Covariance
Matrix Adaptation Evolution Strategy [8] with active covariance matrix updates (includ-
ing information about detrimental directions [13]), elitist scheme of parent selection (best



84 K. HenclovÆ

candidate solutions are parents of new generations until they are superseded [6]) and bi-
population restart strategy (method alternanates between 2 regimes with small and large
population sizes [9]).

Several important properties of CMA-ES make it so e�ective in our application. First
and foremost, CMA-ES does not use gradients and it does not even presume their ex-
istence. Moreover, it does not even use the actual values of the objective function once
relative ranking has been assigned to the candidate solutions (except for some stop-
ping/restart criteria). As a result, transformations of the objective function that have no
e�ect upon the relative ranking of individuals do not e�ect the method’s performance,
making it more robust. Further, the method exhibits invariance to invertible linear trans-
formations of the search space. In particular, CMA-ES is invariant to scaling of variables
(coordinate axes), which is the key property that makes it well-suited for tuning multiple
controllers: parameters of one controller are usually of roughly the same scale, but with
multiple controllers, the scaling may di�er by many orders. A reference point (a vec-
tor of typical or expected magnitudes of the controllers’ gains) provided by a user then
determines how the coordinates are rescaled.

Algorithm 1: Elitist BIPOP-aCMA-ES
set �; �
initialize m; �; C = I; p � = 0 ; pc = 0
initialize restart _ regime = 1 ; count 1 = 0 ; count 2 = 0

while termination criteria not met do
while restart criteria not met do

if not �rst generation in a restart then
for i = 1 ; : : : ; � do

x i + � = x i // relabel parents of previous generation
f i + � = f i // relabel parents’ objective function values

for i = 1 ; : : : ; � do
x i � N (m; � 2C ) // sample new population from normal distribution
f i = evaluate (x i ) // evaluate x i with objective function

sort x i ; i = 1 ; : : : ; � + � acc. to f i // assign relative (descending) ranking
m � = m
m = update_ m (x i ; : : : ; x � ) // move the mean utilizing the parents
// the evolution paths contain information about past progress
p� = update_ p� (p� ; � � 1C � 1=2 (m � m � )) // isotropic evolution path update
pc = update_ pc (pc ; � � 1 (m � m � ); kp� k) // anisotropic evolution path update
C = update_ C (C; pc ; (x1 � m � )=�; : : : ; (x � + � � m � )=� ) // covariance matrix update
� = update_ � ( �; kp� k) // step size update

if restart _ regime = 1 then
count 1 = count 1 + �

else
count 2 = count 2 + �

if count 1 < count 2 then
restart_regime = 1

else
restart_regime = 2

reinitialize parameters and variables acc. to selected restart regime
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Table 1: Results of 5 CMA-ES runs on real-world models with one (M.1.1, M1.2), two
(M2.1, M2.2, M2.3) and three (M3.1) controllers with reference points of various quality.
Minimum, maximum and average number of simulation runs is provided.

model reference p. min max aver.

PI baseline 2 68 28

101 PI b. 35 153 79

M1.1 102 PI b. 95 519 225

10� 1 PI b. 20 120 66

10� 2 PI b. 49 296 123

PI baseline 1 22 9

101 PI b. 4 28 11

M1.2 102 PI b. 80 225 187

10� 1 PI b. 34 100 51

10� 2 PI b. 57 181 94

model reference p. min max aver.

PI baseline 11 66 35

M2.1 101 PI b. 244 280 255

10� 1 PI b. 4 32 21

PI baseline 8 98 29

M2.2 101 PI b. 60 770 364

10� 1 PI b. 44 107 64

PI baseline 9 78 32

M2.3 101 PI b. 250 757 629

10� 1 PI b. 49 1188 347

PID baseline 10 91 57

M2.3 101 PID b. 274 857 522

10� 1 PID b. 82 1576 749

PID baseline 41 331 152

M3.1 101 PID b. 827 1763 1268

10� 1 PID b. 179 3867 2476

4 Experiments

Extensive experiments were performed using a simpli�ed model of a combustion engine
to determine the best setting of CMA-ES for our application and to verify its robustnes.
The method’s practical usability was tested on models of real engines (see table 1).
CMA-ES was also compared to Particle Swarm Optimization (PSO) and Success-History
based Adaptative Di�erential Evolution (SHADE), clearly defeating both (see table 2),
especially regarding reliability. For details see [10].

In all cases, we aimed for computation times that are acceptable for engineers using
an ordinary PC, i.e. cca 3000 objective function evaluations (= simulation runs) at most.
The methods were provided with starting reference points of various quality with �PID
baseline� and �PI baseline� (i.e. with D gains set to 0) being the easiest and the other
reference points adding orders of magnitude to each of the baseline vector’s elements.

The AC �lter testing shows very promising preliminary results as well, yet more tests
must still be performed.

5 Conclusion

This paper has shown how to construct �tting objective functions for two problems of
tuning PID controllers in simulations. It was also shown that CMA-ES can solve the
corresponding numerical optimization problem. CMA-ES reaches satisfactory run times
and outperforms PSO and SHADE, especially in terms of reliability and robustness.
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Abstract. The Self-Organized Mapping (SOM) represents a traditional tool for multidimen-
sional data analysis overperforming analytical power of cluster analysis. But there are possible
di�culties when the SOM is applied to data patterns of large size. We present testing exam-
ple using iris dataset. Our approach is mainly used for macro-economical data analysis which
is based on logarithmic di�erences, pattern dimensionality reduction and �nalization of data
analysis using Kohonen SOM learning. General methodology was applied to main economic
indicators describing the situation of thirty �ve countries during more than twenty years. The
used dataset comes from regularly published statistics of European Commission. The main aim
is to identify the similarities of countries. The role of SOM topology, learning strategy and
reduced pattern size can be also used to predict behaviour during crisis based on the identi�ed
similarity and known.
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Abstrakt. Samoorganizující se mapy (SOM) p°edstavují tradi£ní nÆstroj pro multidimen-
zionÆlní analýzu dat, který p°esahuje analytickou sílu shlukovØ analýzy. Pokud se SOM aplikuje
na datovØ vzory velkých rozm¥r•, vyskytují se problØmy. V p°ísp¥vku nechybí detailní testovací
p°íklad. NÆ† p°ístup se pou”ívÆ hlavn¥ pro makroekonomickou analýzu dat, kterÆ je zalo”ena na
logaritmických diferencích, sní”ení dimenze a u£ení pomocí Kohonenových map (SOM). ObecnÆ
metodika byla aplikovÆna na hlavní ekonomickØ ukazatele, kterØ popisují situaci t°iceti p¥ti zemí
b¥hem více ne” dvaceti let. Pou”itÆ datovÆ sada pochÆzí z pravideln¥ publikovanØ statistiky
EvropskØ komise. Hlavním cílem je ur£it podobnosti zemí. Úloha topologie SOM, strategie
u£ení a redukci dimenze lze takØ pou”ít k predikci chovÆní v pr•b¥hu krize, a to na zÆklad¥
zji†t¥nØ podobnosti.

Klí£ovÆ slova:SOM, Kohonenovo u£ení, œloha identi�kace kosatc•, neuronovÆ sí·, makroeko-
nomickØ ukazatele, predikce krize
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1 Introduction
In our research we deal with basic economical indicators which are published on regular
basis. The Self-Organized Mapping (SOM) represents a traditional tool for multidimen-
sional data analysis which overperforms analytical power of cluster analysis. We face
possible di�culties applying the SOM to data patterns of large size. So we have to make
data preprocessing. Our approach of macroeconomic data analysis is based on logarith-
mic di�erences, pattern dimensionality reduction and �nalization of data analysis using
Kohonen SOM learning.
This general methodology was applied to the statistic data describing the economic situa-
tion of more than thirty countries during more than twenty years. The regularly published
data come from statistics of European Commission. The aim is to identify similar groups
of countries and characterize the similarity. The role of SOM topology, learning strategy
and reduced pattern size can be also used to crisis prediction based on similarities with
countries already su�ering with crisis.

2 Kohonen Learning
Kohonen Self Organized Map (SOM) is organized as follows. Letm; n; H 2 N be number
of patterns, pattern dimensionality and number of SOM neurons [4]. The individual
patterns are x j 2 Rn where j = 1 ; :::; m and form the pattern set S = f x1; :::;xmg.
The topology of SOM [8] is described by undirected graphG of H vertices which are
connected with unit length edges. The SOM topology matrixG 2 f 0; 1gH � H generates
mutual vertex distances� i;j for 1 � i; j � H . The result of SOM learning is the system
of weights [10]w i 2 Rn where ; i = 1 ; :::; H . We begins with random weights setting
w i (0). The weights evolve during learning process and their values are denoted asw i (q)
whereq 2 N0.
Kohenen learning rules [7] are very simple. The weight ofi -th neuron is changed inq-th
step by rule

w i (q) = w i (q � 1) + � (q) � ci;q � (xq � w i (q � 1)) (1)
for i = 1 ; :::; H , xq � U(S) is uniformly selected pattern fromS, ci;q is space factor and
� (q) > 0 is ageing function which is supposed to be non-increasing. The winner is also
selected according to Kohonen rule [7] as

’ q 2 arg min
k=1 ;:::;H

kxq � wkk2: (2)

We recommend generate the initial weights from the multi-varietal Gaussian distribution
as

w i (0) � N(EX ; varX =100) (3)
for i = 1 ; :::; H . The space factorci;q is calculated using mutual vertex distances as
follows. Using learning radiusRq > 0 and index of winner vertex� q, we directly evaluate

ci;q = exp

 

�
� 2

i;� q

2R2
q

!
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according to Gaussian decay. The �nal learning strategy consists ofE 2 N learning epoch
which we characterized by triplets (� k , Rk , Nk) for k = 1 ; :::; E . Here, � k is ageing factor,
Rk is learning radius, andNk is number of learning steps ink-th epoch.

3 Quality Measures
The basic way of quality measurement design is based on measuring distances. The
Euclidean distance of pointsx ; y in Rn is denotedd(x ; y ) = kx � yk2.
Using the pattern x j we can investigate the distances to weightswk and de�ne winner as

win( j ) 2 arg min
k=1 ;:::;H

d(x j � wk) (4)

but the function win(j) is of stochastic nature due to possible distance equities. In some
cases we found the winner but one i. e. the second winner which is de�ned as

win2(j ) 2 arg min
k2M j

d(x j � wk) (5)

whereM j = f 1; :::; Hg n fwin( j )g.
Using distances and winners we can design traditional measures of various nature.

3.1 Distance penalization
The Quantization Error (QE) is traditionally related to all forms of vector quantization
and clustering algorithms [9]. Using linear penalisation we directly penalise the distances
between patterns and corresponding winner weights as

QE1 =
mX

j =1

d(x j ; wwin( j )): (6)

The quadratic penalisation

QE2 =
mX

j =1

d2(x j ; wwin( j )) (7)

is also frequently used but has higher sensitivity to outliers.

3.2 Topographic error
General topographic rule is: if two objects are close in reality they must be closed also
in the map. Using this principle the Topographic error (TE) [5] is de�ned as

TE = 1 �
1
m

mX

j =1

gwin( j );win2( j ) (8)

whereG 2 f 0; 1gH � H is SOM topology matrix with gu;v = I( kpv � pvk2 � 1). The main
advantage of TE is in its robustness to outliers. Therefore we use this criterion as main
quality measure in this study.
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3.3 Correlation based measures

The correlations between mutual distances of patterns and mutual distances of winner
weights can be directly used as quality measures.
Let i; j be pattern indexes. The mutual pattern distances can be de�ned as
di;j = d( x i ; x j ). The mutual distances of corresponding weights are
� i;j = d( wwin ( i ) ; wwin ( j )).
Finally, we obtain m(m � 1)=2 pairs of corresponding distances and directly calculate
Pearson correlation coe�cientr , Spearmann� or Kendall � coe�cient as quality measure.

3.4 Time Complexity of Measures

The evaluations ofQE1, QE2 and TE are very fast with time complexity O(mnH ). The
evaluation of correlation measures is more complex. The Pearsonr has time complexity
O(mnH + m2) due to simple statistics overm(m � 1)=2 distance pairs. The Spearmann
� is complicated with pair sorting and its time complexity isO(mnH + m2 log(m)) . The
Kendall � is not recommended for large pattern sets due to time complexityO(mnH + m4).

4 Testing Example
The SOM and its learning as testing example was studied for nineteen neurons placed in
2D space in hexagonal topology with unit neighborhood distances, i.e.H = 19, N = 2 .
Arti�cial two dimensional data were generated in the �rst case as follows. Total number
of 5 000 patterns were generated randomly from seven classes with uniform probability.
The center of the �rst class was placed in the origin. The centres of remaining six classes
were placed around in unique distance in the vertices of hexagon. Individual patterns
were generated from this Gaussian mixture with standard deviation� = 0 :2.
Basic quality measures are included in table 1. Resulting weights are depicted in �gure
1, meanwhile the density map �gure (pattern number in given neuron) and traditional
U-map [1]are depicted in �gure 2. All neurons and SOM properties were interpolated
on convex hull of SOM neurons using cubic interpolation. This convention is useful for
weight and density interpretation. As seen the algorithm is able to map the weights pro-
portionally to data coordinates and corresponding contours are approximately uniformly
placed parallel lines in �gure 1. The density map shows higher central density and six
density regions in the network corners meanwhile U-map is approximately constant due
to data homogeneity.
Traditional iris �ower classi�cation task [2] was originally designed for classi�er testing
but we apply them for SOM learning with �nal class density evaluation. Total number
of 150 patterns of three classes (Iris setosa, Iris virginica, Iris versicolor) are described by
four properties (sepal length, sepal width, petal lenght, petal width). The initial weights,
ageing factor and number of learning steps were the same as in previous case. Resulting
weight maps are depicted in �gure 3 together with class densities and U-map of iris �ower
problem in �gure 4. The SOM learning results can be interpreted using class membership
knowledge. As seen in �gure 4 the class of Iris setosa is well separated in right corner but
remaining two classes are not separable but placed in opposite part of SOM in the left
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Measure Hexagonal Test Iris Dataset
QE1 0.2389 0.3121
QE2 0.2339 0.3450
TE 0.0000 0.0000
p-value of r 0.0953 0.0120
p-value of � 0.1054 0.0165
p-value of � 0.2682 0.1030

Table 1: Quality of SOM learning for hexagonal test
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Figure 1: Resulting weightsw1(left) and w2(right) for hexagonal test

top corner. The remaining part of SOM is not occupied by patterns as also demonstrated
as maximal values in U-map.
The subjective evaluation was followed by quality measures evaluation. The results of
traditional Graph SOM [4] with Kohonen learning, Gaussian characteristic andH = 19
was learned forE = 9 with
� = (0 :1; 0:08; 0:07; 0:06; 0:05; 0:04; 0:03; 0:02; 0:01),
R = (5 ; 3; 3; 1:5; 1; 0:7; 0:5; 0:3; 0:2) and Nk = 1000. The results are collected in table 1.

5 Case Study: Economical Indicators
As input data we used the main economic indicators. Data has been selected from
Statistical Annex of European Economy presented by European Commission in autumn
2016 [3]. As analysis input serve the thirty �ve countries from the whole world, majority
are the European countries. The indicators are observed in years 1993 to 2016. Selected
indicators are the total population, unemployment rate, gross domestic product at current
market prices, private �nal consumption expenditure at current prices, gross �xed capital
formation at current prices, domestic demand including stocks, exports of goods and
services, imports of goods and services and gross national saving. Nine indicators are
monitored in total. The main aim of our research is based on data for each country.
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Figure 2: Density map (left) and U-map (right) for hexagonal test

4.7

4.8 4.9

4.9

5

5

5.1

5.1

5.2

5.2 5.3

5.3

5.3

5.4

5.5
5.4

5.4

5.5
5.5

5.6

5.8
5.7

5.65.6
5.7

5.7 5.85.8

6
5.96

5.9

6
5.9

6.1

6.3

6.2

6.1
6.3
6.2
6.1

6.2
6.1

6.2
6.3

6.
4

6.6
6.5
6.4

6.6
6.5
6.4

6.5
6.6

6.
7

6.7

6.
8

6.8

7
6.9

7.1

7.3
7.2

2.55
2.5
2.45

2.65
2.6

2.
85

2.
8

2.
75

2.
7

2.
65

2.72.75

2.8

2.8

2.8
5

2.85

2.9

2.9

2.
9

2.
95

2.95

2.95

3

3

3

3

3.
05

3.
4

3.
35

3.
3

3.
25

3.
2

3.
15

3.
1

3.
05

3.3 3.25
3.2 3.15 3.1

3.05

3.
1

3.15

3.4
3.35

3.3
3.25

3.2

3.4

3.6
3.55 3.

5
3.

45

3.7
3.65
3.6

3.55
3.5

3.45

3.7
3.65

3.
85 3.
8

3.
75

2.6
32.8
3.23.43.6

54.84.64.4
43.8
4.2

5.6
5.4

5.2

1.4 1.
6

1.6

1.8

1.8

2

2

2

2.
2

2.4
2.2

2.4
2.2

2.4

2.6

2.6

3
2.8

3
2.8

3.2

3.2

3.4

3.4

3.6

3.6

3.8

4
3.8

4

4.2

5
4.8

4.6
4.4

4.2

4.4

4.6

4.8

5

5.2

5.4

5.6

5.8
6

6.2

0.7
0.8

10.9
1.1

1.4
1.2

1.5
1.3

2.1
21.9

1.6
1.8

0.2

0.3

0.3

0.4

0.4

0.
5

0.7
0.6
0.5

0.5

0.6

0.6

0.7

0.8

0.8

0.9

1
0.9

1

1.1

1.1
1.2

1.2

1.31.4
1.3

1.4

1.5

1.5

1.6

1.6

1.7

1.8

1.71.7

1.8

2
1.9

2.1

2.3
2.2

Figure 3: Resulting weightsw1(left top), w2(right top), w3(left bottom), w4(right bottom)
for iris �owers



Kohonen SOM Learning Strategy and Country Classi�cation 95

0

0

0

00

2

2

6
4

2

4

4
6

6
8

10 8

10

12

12 1216
14

12

0

0

0

0

0

0

2

2

2

4

4

4

6

6

6

8

8

8

10

10

10

0

00

0

0

0 0

0

2

2

2

4

4

4

8
6

6

6

8

8

10

10

12

0.6

0.7

0.7

0.7

0.
8

0.8

0.8
0.

9

0.9

0.9

0.9

1

1.
1

1

1

1

1

1.1

1.1

1.1

1.1

1.2
1.1

1.2

1.2

1.21.2

1.3

1.
3

1.31.3

1.
4

1.4
1.4

1.
5

1.5

1.5

1.
6

1.6

1.6

1.
7

1.7

1.
8

1.8

1.
9

1.9

2

2.1

2.2

Figure 4: Resulting class densities � setosa (left top), versicolor (right top), virginica (left
bottom) and U-map (right bottom) for iris �owers



96 R. H°ebík

As the dimensionality of input data is quite high, represented by main nine indicators
in each year, we use principal component analysis for data dimension reduction. We
prefer the standardize variant of PCA which divides the components into square roots
of adequate eigenvalues. This approach is frequently called data whitening. The main
advantage of the standardization is in identity covariance matrix which generates the
components in uni�ed form. We studied data whitening forD = 2 ; 3; 4; 5. Then we
applied Kohonen SOM with hexagonal topology with node numberH = 7 ; 19. The SOM
learning with Gaussian decay was driven by two strategies. ForH = 7 we used only
E = 2 with � = (0 :1; 0:05), R = (2 ; 1), Nk = 1000. The larger SOM with H = 19
was learned forE = 9 with � = (0 :1; 0:08; 0:07; 0:06; 0:05; 0:04; 0:03; 0:02; 0:01), R =
(5; 3; 3; 1:5; 1; 0:7; 0:5; 0:3; 0:2) and Nk = 1000. Our aim was to obtain the SOM with
zero topographical error (TE) and minimum possible quadratic penalisation (QE1). The
results ofQE1 are captured in table 2.

Table 2: Optimal QE1 measures

D SOM7 SOM19

2 0.002 0.001
3 0.003 0.002
4 0.010 0.007
5 0.020 0.010

6 Results

In all cases we obtained zero values of TE which means that learning was executed well.
It is evident from table 2 that SOM19 generates results with lower value of QE1 which is
rising with growing dimension. The distribution of countries is captured in �gure 5. We
see the PCA with 2 components as the best solution and resulting SOM. The di�erent
groups of countries were identi�ed. They tell us about the similarities of the concrete
countries. The main thing what we can see is the position of Germany, which is usually in
the same group as France. In the case of Czech Republic its position depends on number
of components but we are in the same group with Poland and Slovenia in all cases. In all
cases there are relative compact group of traditional countries which slightly di�ers each
other. The positions of countries with extreme macro-economical behaviours di�er with
whitening dimensionality. The results are also in accordance to our previous research
based on PCA and data whitening [6]. We see some countries which are complicated
to be predicted and forms separate groups in each case. This group is represented by
Bulgaria and Latvia. The country classi�cation serves also as indicator of upcoming crisis
to the closest countries.
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Figure 5: Results forH = 19 and di�erent number of components

7 Conclusion
Kohonen SOM learning was used to country self-organization in hexagonal SOM topol-
ogy with whitened log di�erentiated macroeconomic data. The best result were obtained
for H = 19 and 2 dimensional whitening with topological error 0% and minimum pos-
sible quadratic penalisation. The resulting SOM maps are in agreement with general
expectations. From the crisis prediction point of view there is a group of leading Euro-
pean countries (DE, FR, AT, DK, CY, IE), the other European countries with standard
economies (UK, ES, IT, IR, BE, NL, LU, CZ, SK, PL, HU) are in the neighbourhood
with slightly di�erent response during crisis. The countries with extreme behaviour dur-
ing crisis (RS, BG, LV, LT, ME, RO) are placed far from the previous groups. The
Kohonen SOM is not too sensitive to dimension of data whitening and therefore, the
resulting maps only di�er in details but save the country similarity property.
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Abstract. Ten types of discrete Hartley transforms of Weyl orbit functions are developed. These
functions form a generalization of the one-dimensionalcas transform. Fundamental domains of
even a�ne and dual even a�ne Weyl groups, governing the argument and label symmetries of
orbit functions, are determined. The discrete orthogonality relations are formulated on �nite
sets of points from the re�nements of the dual weight lattices.
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Abstrakt. Cílem je vývoj deseti typ• diskrØtních Hartleyovsých transformací Weylových orbit-
ních funkcí. Tyto funkce tvo°í zobecn¥ní jednorozm¥rnØ transformacecas. Ur£ili jsme funda-
mentÆlní domØny sudých a�nních a duÆlních sudých a�nních Weylových grup, pomocí kterých
se °ídí symetrie argument• a symetrie indexovaní orbitních funkcí. DiskrØtní ortogonalita je
formulovÆna na kone£ných souborech bod• na zhu†t¥nØ duÆlní vÆhovØ m°í”e.

Klí£ovÆ slova:WeylovØ orbitní funkce, diskrØtní ortogonalita, diskrØtní Fourierova transformace,
HartleyovskÆ orbitní transformace

1 Introduction
The aim of recent research is to complete and extend the discrete Fourier analysis of
Weyl-orbit functions from [10, 8, 11]. The discrete Fourier calculus of all ten types of
orbit functions with symmetries inherited from all four types of even Weyl groups is
uni�ed in full generality. The real-valued versions of the functions and transforms are
also developed by modifying the exponential kernels of orbit functions to their Hartley
alternatives [1].

Since introduction of the discrete version of the Hartley transform in [1], both con-
tinuous and discrete Hartley transforms form fully equivalent real-valued variants of the
standard Fourier transforms. As alternatives to complex Fourier transforms, these trans-
forms together with their 2D and 3D versions found applications in many �elds includ-
ing signal processing [18], pattern recognition, geophysics [17], measurement and optics.
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In the context of Weyl-orbit functions and their corresponding transforms, the Hartley
transforms have not yet been studied. Replacing exponential kernel as in original 1D
Hartley transform yields novel families of real-valued special functions of Weyl groups,
which inherit (anti)symmetry properties as well as discrete orthogonality relations from
the original Weyl-orbit functions. The resulting generalized Hartley transforms together
with the original ten types of Weyl-orbit functions o�er, especially in 2D and 3D, richer
options and application potential due to greater variability of domain shapes and bound-
ary behaviour.

2 Weyl groups and Crystallographic root systems
Consider the root system� with its associated Lie algebra of rankn: The notation from
[10, 11] is taken. The simple system� = f � 1; � � � ; � ng of the root system� forms a basis
of the Euclidean spaceRn , with the symbol h; i denoting its scalar product. Note that
the notions of the root system� and its inherent set of simple roots� are also developed
independently on Lie theory. There exist two types simple systems � the �rst type with
roots of only one length, denoted byAn ; n � 1, Dn ; n � 4, E6, E7, E8, and the second
type with two di�erent lengths of roots, denoted by Bn ; n � 3, Cn ; n � 2, G2 and F4.
The following notation of the standard objects [13], which are induced by the set� are:

� the highest root � 2 �

� the marksm1; : : : ; mn 2 N of the highest root� = m1� 1 + � � � + mn � n together with
m0 = 1 ,

� the Coxeter numberm = m0 + m1 + � � � + mn ,

� the root lattice Q = Z� 1 + � � � + Z� n ,

� the Z-dual lattice to Q,

P_ = f ! _ 2 Rn j h! _ ; � i 2 Z; 8� 2 � g = Z! _
1 + � � � + Z! _

n ;

with
h� i ; ! _

j i = � ij ; (1)

� the dual root lattice Q_ = Z� _
1 + � � � + Z� _

n , where

� _
i =

2� i

h� i ; � i i
; i 2 f 1; : : : ; ng; (2)

� the dual marksm_
1 ; : : : ; m_

n of the highest dual root� = m_
1 � _

1 + � � � + m_
n � _

n together
with m_

0 = 1

� the Z-dual lattice to Q_

P = f ! 2 Rn j h!; � _ i 2 Z; 8� _ 2 Q_ g = Z! 1 + � � � + Z! n ;



Discrete Fourier Calculus of Hartley Orbit Functions 101

� the Cartan matrix C with elements

Cij = h� i ; � _
j i ;

� the index of connectionc of � equal to the determinant of the Cartan matrixC,

c = det C: (3)

The properties of Weyl groups and a�ne Weyl groups can be found for example in
[13]. The �nite Weyl group W is generated byn re�ections r � , � 2 � , over the hyperplane
de�ned by the normal vector �:

r � i a � r i a = a �
2ha; � i i
h� i ; � i i

� i ; a 2 Rn :

The in�nite a�ne Weyl group W a� is the semidirect product of the Abelian group of
translations Q_ and of the Weyl groupW

W a� = Q_ o W: (4)

Let  denote the retraction homomorphism : W a� ! W of the semidirect product.
The fundamental regionF � Rn of W a� can be chosen as the convex hull of the pointsn

0; ! _
1

m1
; : : : ; ! _

n
mn

o
:

Alternatively, W a� is a Coxeter group generated byn re�ections r i and an a�ne
re�ection r0 given as

r0a = r � a +
2�

h�; � i
; r � a = a �

2ha; � i
h�; � i

� ; a 2 Rn :

The set ofn re�ections r i together with the a�ne re�ection r0 is denoted by

R = f r0; r1; : : : ; rng:

2.1 Sign homomorphisms
Any homomorphism � from W to the multiplicative group f 1; � 1g is called a sign ho-
momorphism [8]. Two standard choices of sign homomorphisms are the trivial homomor-
phism and the determinant denoted as

� e(w)= det( w);
1(w) =1 :

The sign homomorphisms� l and � s are de�ned on the set of generatorsf r � j � 2 � g
of W as

� s(r � ) =
�

� 1 if � 2 � s;
1 otherwise,

� l (r � ) =
�

� 1 if � 2 � l ;
1 otherwise.
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The set of sign homomorphisms� of a root system� with two di�erent lengths of roots
contains only four elements [8], i.e.

� = f 1; � e; � s; � lg:

The set of ’negative’ generators fromR with respect to the sign homomorphism� is
denoted byR� ,

R� = f r 2 R j � �  (r ) = � 1g : (5)

The set F � � F is given by

F � =
�

a 2 F
�� � �  (StabW a� (a)) = f 1g

	
: (6)

3 A�ne even Weyl groups

3.1 Fundamental domains
Kernels of the non-trivial sign homomorphisms of a given Weyl groupW form normal
subgroupsW � � W known as even Weyl groups [16],

W � � f w 2 W j � (w) = 1 g :

The corresponding a�ne even Weyl groups are the kernels of the expanded sign homo-
morphisms� �  

W a�
� �

�
wa� 2 W a� j � �  (wa� ) = 1

	
:

For any r � 2 R� , the set F [ r � F � is a fundamental domain ofW a�
� [9].

Generalizing relation (6), the setF e�;� is given as

F e�;� =
�

a 2 F [ r � F � j e� �  (StabW a�
�

(a)) = f 1g
	

: (7)

Note also that for the fundamental domainF [ r � F � it holds that

F [ r � F � = F 1;� : (8)

3.2 Dual a�ne Weyl group and its even subgroups

The dual a�ne Weyl group cW a� is a semidirect product of the group of shifts from the
root lattice Q and the Weyl groupW ,

cW a� = Q o W: (9)

Let b denote the dual retraction homomorphismb : cW a� ! W of the semidirect product.
Equivalently, the dual a�ne Weyl group cW a� is generated by re�ectionsr i and the

re�ection r _
0 given by

r _
0 a = r � a +

2�
h�; � i

; r � a = a �
2ha; � i
h�; � i

�; a 2 Rn :
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The set of generators ofcW a� is denoted byR_ ,

R_ = f r _
0 ; r1; : : : ; rng:

Similarly to the fundamental domainF , the fundamental regionF _ of cW a� is the convex
hull of the vertices

n
0; ! 1

m_
1

; : : : ; ! n
m_

n

o
:

The corresponding dual a�ne even Weyl groups are the kernels of the expanded sign
homomorphisms� � b 

cW a�
� =

n
bwa� 2 cW a� j � � b ( bwa� ) = 1

o
:

The set of generators of the a�ne Weyl groupcW a� with negative values of the sign
homomorphisms� � b is denoted byR_ � ,

R_ � =
n

r 2 R_ j � � b (r ) = � 1
o

:

Similarly to (6) the domain F _ � is given by,

F _ � =
n

b2 F _ j � � b (StabcW a� (b)) = f 1g
o

:

The fundamental domains of the dual even a�ne Weyl groupscW a�
� are determined anal-

ogously. The setF _ [ r � F _ � is for any r � 2 R_ � a fundamental domain ofcW a�
� . The

dual analogue ofF e�;� is given as

F _ e�;� =
n

b2 F _ [ r _
� F _ � j e� � b (StabcW a�

�
(b)) = f 1g

o
: (10)

3.3 Orthogonality coe�cients and weights
This section de�nes the coe�cients (h_ �

M ) and weights (� � ) necessary in the discrete or-
thogonality of Weyl-orbit functions and Hartley kernel orbit functions.

The isotropy subgroups ofW a�
� and their orders are for anya 2 Rn denoted by

StabW a�
�

(a) =
�

wa�
� 2 W a�

� j wa�
� a = a

	
; h� (a) = jStabW a�

�
(a)j:

Related functions� � : Rn ! N are de�ned by the relation

� � (a) =
jW � j
h� (a)

: (11)

Since for anywa�
� 2 W a�

� are the stabilizersStabW a�
�

(a) and StabW a�
�

(wa� a) conjugated,
it holds that

� � (a) = � � (wa�
� a); wa�

� 2 W a�
� : (12)

The calculation procedure of the coe�cientsh1(a) is detailed in �3.7 in [10]. Having
calculated the values ofh1(a) from this procedure the remaining valuesh� (a) for any
a 2 F are calculated thusly

h� (a) =
�

h1(a) if a 2 F � ;
1
2h1(a) otherwise. (13)
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The last step is to extend the values ofh� (a); a 2 F to the entire fundamental domain
F 1;� of W a�

� via the following relation

h� (r � a) = h� (a):

Finally, the coe�cients � � (a); a 2 F 1;� are determined fromh� (a) by equation (11).
The dual versions are developed analogously. The isotropy subgroups ofcW a�

� are for
any b2 Rn denoted by

StabcW a�
�

(b) =
n

wa�
� 2 cW a�

� j wa�
� b= b

o
:

Consider the discretization factorM 2 N; de�ning the density of the discretization pro-
cedure. The orders of the stabilizersStabcW a�

�
(b=M); are denoted by

h_ �
M (b) =

����StabcW a�
�

�
b

M

� ���� : (14)

The calculation procedure of the coe�cientsh_ 1
M (a) is detailed in �3.7 in [10]. Having cal-

culated from this procedure the values ofh_ 1
M (b) the following relation allows to determine

h_ �
M (b) for any b2 MF _ as

h_ �
M (b) =

�
h_ 1

M (b) if b=M 2 F _ � ;
1
2h_ 1

M (b) otherwise.

The last step is to extend the values ofh_ �
M (b); b 2 MF _ to the entire magni�ed funda-

mental domainMF _ 1;� of cW a�
� via the following relation

h_ �
M (r � b) = h_ �

M (b):

4 Orbit functions
Consider a sign homomorphism� 2 � and the corresponding even subgroupW � � W .
Taking another sign homomorphisme� 2 � and a parameterb 2 Rn , the most general
form of Weyl-orbit functions 	 e�;�

b : Rn ! C is introduced as

	 e�;�
b (a) =

X

w2 W �

e� (w)e2� ihwb;ai : (15)

This general de�nition leads to three types of orbit functions for root systems with one
root-length and to ten types of orbit functions for root systems with two root-lengths [9].

The real-valued modi�cation of orbit functions which fora 2 R uses the Hartley kernel

cas(a) = cos(a) + sin( a)

instead of exponential kernel. Fixing an even subgroupW � � W , an additional sign
homomorphisme� 2 � and a parameterb2 Rn , the Hartley orbit functions � e�;�

b : Rn ! R
are de�ned via relation

� e�;�
b (a) =

X

w2 W �

e� (w) cas(2� hwb; ai ): (16)
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Similarly to (15), such de�nition leads to three types of real-valued orbit functions for
root systems with one root-length and to ten types of orbit functions for root systems
with two root-lengths. Note that the relation of exponential function to thecasfunction
implies

� e�;�
b = Re 	 e�;�

b + Im 	 e�;�
b : (17)

This property immediately allows to replicate the argument-label symmetries formulated
in [8].

Let b2 P; then for any wa� 2 W a�
� and any a 2 Rn it holds that

� e�;�
b (wa� a) = e� �  (wa� ) � � e�;�

b (a): (18)

Let a 2 1
M P_ ; then for any bwa� 2 cW a�

� and any b2 Rn it holds that

� e�;�
M bwa� ( b

M )(a) = e� � b ( bwa� ) � � e�;�
b (a):

5 Discretization of orbit functions
Following the standard choice in Fourier analysis, only discrete values of labels of orbit
functions b 2 P are considered. For any resolution factorM 2 N, the discrete Fourier
calculus of orbit functions is developed on the set of pointsF e�;�

M de�ned as

F e�;�
M =

1
M

P_ \ F e�;� :

The sets of labels� e�;�
M are de�ned as

� e�;�
M = P \ MF _ e�;� : (19)

For any e�; � 2 � and M 2 N it holds, for the numbers of elements of the setsF e�;�
M

and � e�;�
M ; that ���F e�;�

M

��� =
��� � e�;�

M

��� : (20)

5.1 Discrete orthogonality of orbit functions
The discrete orthogonality relations of the discretized functions	 e�;�

b , b2 � e�;�
M on the �nite

point sets F e�;�
M have the following formulation [9]. For any�; e� 2 � and any b; b0 2 � e�;�

M
it holds that D

	 e�;�
b ; 	 e�;�

b0

E

F e�;�
M

= c jW � j M nh_ �
M (b)� b;b0; (21)

where c, h_ �
M are de�ned by (3) and (14), respectively, andjW � j is the order of the

subgroupW � :
The discrete orthogonality relations of all types of functions	 e�;� are also inherited

by the related orbit functions with Hartley kernel � e�;� i.e. For any �; e� 2 � and any
b; b0 2 � e�;�

M it holds that
D

� e�;�
b ; � e�;�

b0

E

F e�;�
M

= c jW � j M nh_ �
M (b)� b;b0: (22)
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5.2 Discrete orbit function transforms
An arbitrary function f : Rn ! C, sampled on the point setF e�;�

M , can be interpolated
by the interpolating function I[f ]e�;�M . The interpolating function I[f ]e�;�M is required to
coincide with f at all the gridpoints of F e�;�

M ;

I[f ]e�;�M (a) = f (a); a 2 F e�;�
M : (23)

The interpolating function I[f ]e�;�M is given in terms of expansion functions	 e�;�
b ;

I[f ]e�;�M (a) =
X

b2 � e�;�
M

ke�;�
b 	 e�;�

b (a); a 2 Rn : (24)

The frequency spectrum coe�cientske�;�
b are uniquely determined by the standard method

of calculation of Fourier coe�cients

ke�;�
b =

D
f; 	 e�;�

b

E

F e�;�
MD

	 e�;�
b ; 	 e�;�

b

E

F e�;�
M

=
1

c jW � j M nh_ �
M (b)

X

a2 F e�;�
M

� � (a)f (a)	 e�;�
b (a): (25)

Taking into account equality (23), relations (25) and (24) constitute the forward and
backward discrete Fourier-Weyl transforms, respectively, of the discretized functionf .
Furthermore, using the Parseval equality of the orthogonal basis	 e�;�

b ; b2 � e�;�
M results in

the following relation
X

a2 F e�;�
M

� � (a) jf (a)j2 = c jW � j M n
X

b2 � e�;�
M

h_ �
M (b)

���ke�;�
b

���
2
:

Similarly to the interpolation formulas and discrete transforms of the standard orbit
functions, their related real-valued versions are formulated in terms of Hartley orbit
functions. An arbitrary real-valued function g : Rn ! R sampled on the point set
F e�;�

M can be interpolated by the real-valued interpolating functionsIh[g]e�;�M . Again, the
interpolating function Ih[g]e�;�M coincides withg at all the gridpoints F e�;�

M ;

Ih[g]e�;�M (a) = g(a); a 2 F e�;�
M ;

and is given in terms of expansion functions� e�;�
b ;

Ih[g]e�;�M (a) =
X

b2 � e�;�
M

le�;�
b � e�;�

b (a); a 2 Rn :

The frequency spectrum coe�cientsle�;�
b of the Hartley-Weyl transform are determined

by

le�;�
b =

D
g; � e�;�

b

E

F e�;�
MD

� e�;�
b ; � e�;�

b

E

F e�;�
M

=
1

c jW � j M nh_ �
M (b)

X

a2 F e�;�
M

� � (a)g(a)� e�;�
b (a) (26)

and the relation between the sum of squared values ofg and the sum of squared values
of its frequency spectrum is

X

a2 F e�;�
M

� � (a)g2(a) = c jW � j M n
X

b2 � e�;�
M

h_ �
M (b)( le�;�

b )2:
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6 Concluding Remarks
Discrete orthogonality relations (21) and decomposition formulas are in [4] exempli�ed for
six types of two-variableE � functions of algebrasC2 and G2. E�ectiveness of interpola-
tion formulas (24) of these two-variableE � functions is demonstrated on complex-valued
model functions in [5]. Comparable interpolating ability of real-valued functions is ex-
pected for Hartley orbit functions. Good performance of orbit functions in interpolation
tasks indicates great potential in other �elds related to digital data processing. The
interpolation properties of all types of orbit functions as well as existence of general
convergence criteria of the operator sequenceIe�;�

M : f 7! I[f ]e�;�M deserve further study.
Link between the Weyl-orbit functions and the inherited discrete and continuous or-

thogonality relations of the generalized multidimensional Chebyshev polynomials is being
recently investigated in connection with the corresponding polynomial methods such as
polynomial interpolation, approximation and cubature formulas.

The discrete transforms (25) and (26) of orbit functions specialize for the caseA1 to
one-variable discrete Fourier, discrete Hartley, discrete cosine and sine transforms [1].

Discrete orthogonality relations (21) and (22) are formulated on the points of the
re�ned dual weight lattice. This choice of the points induces in turn the dual a�ne Weyl
group (anti)symmetry of the orbit function labels. The labels of this discretization share
the same (anti)symmetry with the points generated by the given a�ne Weyl group. The
Fourier transforms constructed on the points of the re�ned (dual) root lattice represent
the remaining unresolved discrete transforms related to the four classical Weyl group
invariant lattices. The merit of having all four classical lattice transforms available is the
possibility of generating novel and relevant transforms on generalized lattices, including
the 2D honeycomb lattice. The open problem of detailing the root lattice transforms
is however, speci�cally challenging, since the symmetry groups of the labels are not in
general Coxeter groups.
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Abstract. This paper deals with the CramØr-Rao Lower Bound (CRLB) for a novel blind
source separation method called Independent Component Extraction (ICE). The CramØr-Rao
Lower Bound is used to determine the best achievable accuracy of blind source separation (BSS)
methods. Only e�cient methods are able to reach the CRLB. Blind source separation focuses
on estimation of unknown source signals from observed mixtures.

The most popular method for BSS in last years is well known Independent Component
Analysis (ICA). We have recently performed a novel ICA based method: ICE. Compared to
ICA, ICE aims to extract only one independent signal from a linear mixture. The target signal
is assumed to be non-Gaussian, while the other signals, which are not separated, are modeled
as a Gaussian mixture.

The most frequently used criterion for measurement of the accuracy of a method is Interference-
to-Signal Ratio (ISR). Hence, CRLB-induced Bound (CRIB) for ISR is derived. Numerical sim-
ulations, performed in MATLAB, compare the CRIB with the performance of an ICA and an
ICE algorithm. The results show good agreement between the theory and the empirical results.

Keywords: Blind Source Separation, CramØr-Rao Lower Bound, Independent Component Anal-
ysis, Independent Vector Analysis

Abstrakt. V tØto prÆci se zabývÆme odvozením CrÆmerovy-Raovy dolní meze pro nov¥ p°ed-
stavenou metodu pro slepou separaci signÆlu zvanou Independent Component Extraction (ICE).
CrÆmerova-Raova mez se vyu”ívÆ pro stanovení maximÆlní dosa”itelnØ p°esnosti separace signÆl•
pomocí danØ separa£ní metody. Metody dosahující CRLB nazývÆme e�cientní. Úkolem slepØ
separace je odhadnout neznÆmØ zdrojovØ signÆly z jejich sm¥si.

V posledních letech je nejroz†í°en¥j†í metodou pro slepou separaci analýza nezÆvislých kom-
ponent (ICA). Na zÆklad¥ modelu ICA jsme pro slepou separaci signÆlu vyvinuli novou metodu:
ICE. Narozdíl od ICA, se ICE zabývÆ separací pouze jednoho nezÆvislØho signÆlu z lineÆrní
sm¥si. P°edpoklÆdÆme, ”e cílový signÆl není Gaussovský. Ostatní signÆly, kterØ nejsou p°ed-
m¥tem separace, pak modelujeme jako Gaussovskou sm¥s.

Nejb¥”n¥ji pou”ívaným kritØriem pro m¥°ení p°esnosti separa£ních metod je Interference-to-
Signal Ratio (ISR). Z tohoto d•vodu dÆle odvodíme mez pro toto kritØrium, tzv. CRLB-induced
Bound (CRIB). Pro porovnÆní výsledk• metod ICA a ICE s odvozenou mezí CRIB jsme vyu”ili

� This work was supported by The Czech Science Foundation through Project No. 17-00902S.
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numerickØ simulace v programu MATLAB. ZÆv¥ry z t¥chto simulací ukazují na dobrou shodu
mezi teoretickými p°edpoklady a empirickými výsledky.

Klí£ovÆ slova:Analýza nezÆvislých komponent, Analýza nezÆvislých vektor•, CramØrova-Raova
dolní mez, SlepÆ separace signÆlu

Full paper: This paper has been accepted for presentation at the 2017 IEEE Inter-
national Workshop on Computational Advances in Multi-Sensor Adaptive Processing
(CAMSAP 2017), which will be held in Curaçao, Dutch Antilles, December 10-13, 2017.
V. Kautský, Z. Koldovský, P. Tichavský, CramØr-Rao Induced Bound for Interference-to-
Signal Ratio Achievable Through Non-Gaussian Independent Component Extraction.
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Abstract. In this paper, we present an e�cient GPU accelerated solver for the numerical solu-
tion of two-phase compositional �ow in porous media and potentially other interesting problems.
The underlying system of partial di�erential equations is formulated in general coe�cient form
to allow us to easily test di�erent models and problem formulations without substantial mod-
i�cations of the numerical solver. The numerical scheme is based on the mixed-hybrid �nite
element and discontinuous Galerkin methods, semi-implicit time discretization, and various sta-
bilization techniques. The used numerical methods allow us to consider any spatial dimension
and use both structured and unstructured meshes. The solver is implemented in the C++ lan-
guage with the help of the TNL library, the CUDA framework and OpenMP. We also present
multiple key optimizations necessary for high-performance computations such as ordering of the
mesh entities and an improved GMRES method. We use a benchmark problem with known
semi-analytical solution to verify the convergence of the numerical scheme and present the GPU
speed-up compared to single- and multi-thread computations on CPU.

Keywords: two-phase compositional �ow, mixed-hybrid �nite element method, upwind, GMRES
method, parallel implementation on GPU, unstructured meshes

Abstrakt. V tØto prÆci p°edklÆdÆme efektivní °e†i£ akcelerovaný pomocí GPU pro numer-
ickØ °e†ení kompozi£ního dvoufÆzovØho proud¥ní v porØzním prost°edí a potenciÆln¥ i dal†ích
zajímavých œloh. Soustava parciÆlních diferenciÆlních rovnic je formulovanÆ pomocí obecných
koe�cient•, díky £emu” lze jednodu†e testovat r•znØ modely a formulace œloh bez zÆsadních zm¥n
v numerickØm °e†i£i. NumerickØ schØma je zalo”eno na kombinaci hybridní metody smí†ených
kone£ných prvk• a nespojitØ Galerkinovy metody, semi-implicitní £asovØ diskretizaci a n¥ko-
lika stabiliza£ních technikÆch. Pou”itØ numerickØ metody umo”‹ují pou”ití strukturovaných i
nestrukturovaných sítí v prostoru libovolnØ dimenze. �e†i£ je implementovÆn v jazyce C++ s
vyu”itím knihovny TNL, platformy CUDA a OpenMP. PrÆce takØ popisuje n¥kolik klí£ových op-
timalizací pro zlep†ení efektivity výpo£tu, jako nap°. p°e£íslovÆní entit sít¥ a modi�kace metody
GMRES. Konvergence numerickØho schØmatu je ov¥°ena pomocí analýzy experimentÆlního °Ædu

� This work has been supported by the Student Grant Agency of the Czech Technical University in
Prague, project No. SGS17/194/OHK4/3T/14.
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konvergence pro testovací œlohu se znÆmým semi-analytickým °e†ením. Pro v†echny výpo£ty je
provedena analýza efektivity paralelního výpo£tu na GPU a vícejÆdrovØm CPU.

Klí£ovÆ slova:dvoufÆzovØ kompozi£ní proud¥ní, hybridní metoda smí†ených kone£ných prvk•,
upwind, metoda GMRES, paralelní implementace na GPU, nestrukturovanØ sít¥

1 Introduction
Numerical simulations of complex practical problems in the �eld of computational �ow
dynamics require immense computational power. In recent years, using GPUs for general-
purpose computations has become very popular because of their massive computational
power and better power e�ciency compared to traditional CPUs. However, e�cient
utilization of the GPU typically requires data structures and algorithms to be designed
speci�cally for this architecture.

In this work, we present a numerical solver for a general system of partial di�erential
equations, which can be used to describe many practical problems. We describe the key
aspects of the e�cient implementation of the solver for the CPU and GPU architectures.
The GPU speed-up compared to single-thread and multi-thread computations on CPU
is measured on a benchmark problem of two-phase �ow in porous media.

2 General formulation
The numerical scheme is derived for the following system ofn partial di�erential equations
in a general coe�cient form

nX

j =1

N i;j
@Zj
@t

+
nX

j =1

u i;j � r Z j +

r �

"

mi

 

�
nX

j =1

D i;j r Z j + w i

!

+
nX

j =1

Z j a i;j

#

+
nX

j =1

r i;j Z j = f i

(1)

for i = 1 ; :::; n, where the unknown vector functionZ = ( Z1; :::; Zn )T depends on position
vector x 2 
 � Rd and time t 2 [0; T ], d = 1 ; 2; 3. The system of equations (1) is
supplemented by the initial condition

Z j (x ; 0) = Z ini
j (x ); 8x 2 
 ; j = 1 ; : : : ; n; (2)

and boundary conditions for allt 2 (0; T),

Z j (x ; t) = Z D
j (x ; t); 8x 2 � D

j � @
 ; j = 1 ; :::; n; (3a)

v i (x ; t) � n @
 (x ) = vN
i (x ; t); 8x 2 � N

i � @
 ; i = 1 ; :::; n; (3b)

where byv i we denote the velocity

v i = �
nX

j =1

D i;j r Z j + w i : (4)
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Based on the nonlinear coe�cients in (1) we refer to the computational method as
NumDwarf. The choice of coe�cients in (1) depends on the problem and its formulation.
The details of the choice of coe�cients for the immiscible two-phase �ow and two-phase
compositional �ow in porous media can be found in [5, 6].

3 Numerical scheme
The numerical scheme for the solution of the system (1) is based on the combination of
the mixed-hybrid �nite element and discontinuous Galerkin methods for the spatial dis-
cretization, the Euler method for temporal discretization and the semi-implicit approach
of the frozen coe�cients method for the linearization in time. The scheme is stabilized
with upwind and mass-lumping techniques.

The scheme has the following features: it is locally conservative, leads to a linear
system with a positive-de�nite matrix, allows to use unstructured meshes, and it can be
e�ciently parallelized. Last but not least, a modi�cation of the MHFE method described
in [5] can be employed to solve problems with vanishing di�usion.

The detailed derivation of the numerical scheme can be found in [5, 6].

4 Implementation
The solver is implemented in the C++ language with the help of the TNL library, the
CUDA platform [8] for the GPU parallelization, and OpenMP [3] for the CPU paral-
lelization. The TNL library is being developed by the team around TomÆ† Oberhuber at
the Department of Mathematics, FNSPE CTU in Prague, and the key novel algorithms
and data structures implemented in TNL for theNumDwarfsolver are described in the
following subsections.

4.1 Data layout
In high-performance computing, data structures and algorithms have to be designed
collectively. The NumDwarfsolver stores many coe�cients which are naturally stored in
multidimensional arrays. An interesting problem is how to choose the orientation of
these arrays, i.e., the order of indices for accessing the elements. In [6], it is explained
that the optimal orientation depends on the computational architecture, for example in
the case of two-dimensional arrays, the optimal orientation for CPU is row-wise, but for
GPU it is column-wise. To avoid code duplication, we need to have a uni�ed interface
independent of the architecture and a possible technical solution using multiple C++ 14
meta-programming techniques has been proposed in [6].

4.2 Parallelization of the numerical scheme
The computation of the numerical solution to (1) consists of initialization and a time
loop, which for eachk = 0 ; : : : ; Nk � 1 computes the approximation of the solution
Z k+1 at time tk+1 from the state Z k at current time tk . The computations in each time
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step involve many local computations on the mesh entities such as coe�cient updates
which are independent of each other and therefore can be computed in parallel. We
also have to assemble many small matricesQK 2 Rn;n which are local to each cell
K 2 K h and compute the inversesQ � 1

K R K;F and Q � 1
K GK for eachK 2 K h and F 2 EK .

The computation on local inverses on GPU can be implemented e�ciently using the LU
decomposition of matrices stored in the shared memory [6].

Then we have to assemble the sparse matrix for the linear systemA Z k+1 = b which
has to be solved to obtain the approximationZ k+1 for the next time level. In sequential
codes, matrices arising from various PDE discretizations are traditionally constructed by
initializing all matrix entries to zero, traversing the mesh cellsK 2 K h, and adding the
coe�cients local to K to the corresponding matrix elements. However, when performed
in parallel, this simple approach leads to con�icts between multiple cells that contribute
to common matrix elements. The con�icts can be avoided by mesh coloring [2] but it still
impairs the e�ciency of the solver for medium size problems. In theNumDwarfscheme,
the rows ofA correspond to facesE 2 Eh and the contributing terms originate from faces
F 2 EK 1

[ E K 2
of cellsK 1 and K 2 adjacent to the faceE . Therefore, the matrix can be

assembled row�by�row even in parallel without any con�icts. In addition, the number
of non-zero elements per row is �xed and depends only on the geometry of mesh cells.
This is advantageous for GPUs because it avoids insertion of padding zeros to the sparse
matrix storage format as well as divergent threads during the SpMV operation. For the
meshes consisting of a single type of cells, i.e., with constant number of faces per celle,
the number of non-zero entries ofA is (2e � 1)n, en, and 1 for rows corresponding to
inner, Neumann boundary, and Dirichlet boundary faces, respectively.

4.3 Linear system solver
The resolution of the linear systemA Z k+1 = b at each time level is the computationally
most expensive step. The matrixA 2 RN;N is large, sparse, nonsymmetric, and its
structure can be very complex depending on the mesh ordering. Direct methods for the
solution of such systems su�er from huge memory requirements due to �ll-in, therefore
iterative methods such as GMRES, BiCGstab or TFQMR are usually more e�cient.

Due to highly non-linear coe�cients in (1), the matrix A is extremely ill-conditioned
and methods such as TFQMR need a strong preconditioner in order to converge. The
TNL library currently provides only the Jacobi preconditioner for all architectures, there-
fore we rely on the restarted GMRES(s) method which is robust enough to converge. The
GMRES method is based on the Arnoldi’s algorithm for the construction of the orthonor-
mal basis of the Krylov subspaceKs = spanf �v1; A �v1; : : : ;A s� 1 �v1g which traditionally
uses the MGS orthogonalization. It is commonly written as in [9]:

Algorithm 1

1. Set �v1 2 RN such, that k �v1k = 1 .
2. For i = 1 ; : : : ; s:
2.1. �w i := A �v i

2.2. For k = 1 ; : : : ; i:
2.2.1. hki = �w T

i �vk
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2.2.2. �w i := �w i � hki �vk

2.3. hi +1 ;i = k �w i k. If hi +1 ;i = 0 , stop.
2.4. �v i +1 = 1

h i +1 ;i
�w i

Algorithm 1 is inherently a sequential algorithm because the order of steps in the inner
loop ensures numerical stability. In practice, we even have to repeat the orthogonalization
step 2.2 twice to ensure convergence (MGSR). Overall, only SpMV and Level 1 BLAS
operations can be parallelized.

To improve the scalability of the Arnoldi’s algorithm, we replace the MGS part by
Householder transformations [9]:

Algorithm 2

1. Choose non-zero vectorz1 2 RN .
2. For i = 1 ; : : : ; s + 1 :
2.1. Find Householder vectory i 2 RN such, that (y i ) j = 0 for j = 1 ; : : : ; i � 1 and

(P i z i ) j = 0 for j = i + 1 ; : : : ; N , whereP i = I � �t i y i y
T
i , �t i =

2
ky i k

2 .

2.2. h i � 1 =
�
(P i z i ) j

� s+1
j =1

2.3. �v i = P1 : : : P i ei

2.4. If i � s, computez i +1 = P i : : : P1A �v i .

Algorithm 2 is numerically more stable than the original version using MGS (Algo-
rithm 1) and its cost is comparable to MGSR. To expose more parallelism, we replace the
sequential application of the Householder transformations with thecompact WY repre-
sentation (CWY) for the products P1 : : : P i and P i : : : P1, which was introduced in [10].
We denote Y i = [ y1; : : : ;y i ] 2 RN;i , T 1 = �t1 2 R1;1 and recursively de�ne an upper
triangular matrix T i 2 Ri;i ,

T i =
�

T i � 1 � �t i T i � 1Y i � 1y i
0 �t i

�
: (5)

Then the following relations hold:

P1 : : : P i = I � Y i T i Y
T
i ; (6a)

P i : : : P1 = I � Y i T
T
i Y T

i : (6b)

Application of the compact WY representation leads to the following modi�cation of the
Arnoldi’s algorithm:

Algorithm 3

1. Choose non-zero vectorz1 2 RN .
2. For i = 1 ; : : : ; s + 1 :
2.1. Computey i and �t i for the current z i same as before.
2.2. UpdateY i and T i using �t i , y i , T i � 1 and Y i � 1.
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2.3. h i � 1 =
�
(P i z i ) j

� s+1
j =1

2.4. �v i =
�

I � Y i T i Y
T
i

�
ei

2.5. If i � s, computez i +1 =
�

I � Y i T
T
i Y T

i

�
A �v i .

Algorithm 3 has better numerical stability than Algorithm 1, it has less global syn-
chronizations because there is no explicit inner loop and the orthogonalization can be
implemented with Level 2 BLAS operations.

In both variants of the GMRES method, the restarting parameters can be chosen
adaptively, which reduces the computational cost on both CPU and GPU architectures.
We use the strategy introduced in [1] and slightly improved in [6].

4.4 Unstructured meshes
As part of the TNL library, we implemented theMeshtemplate, which is a data structure
for working with homogeneous unstructured meshes, i.e. meshes where all cells have the
same shape (e.g. triangle, rectangle, tetrahedron or cuboid) and the number of neigh-
bouring cells of a vertex is not constant. Its purpose is to provide storage for numerical
meshes and algorithms for accessing topological properties, such as enumerating neigh-
bouring cells of a given vertex. It was designed with e�ciency and �exibility in mind,
which makes it suitable for integration into complex algorithms for high-performance com-
putations. To achieve these goals, the implementation relies heavily on C++ 11 features
and template meta-programming techniques.

The static compile-time con�guration allows to change many parameters, such as the
mesh topology determined by the cell shape, dimension of the space in which the mesh is
included, coordinate data type (e.g.float , double), global and local index types (e.g.int
and short int ), dimensions of the entities stored in the mesh, and the data representing
connectivity information between neighbouring entities.

4.4.1 Optimizations for CPU and GPU

The static con�guration a�ects the size of the mesh itself (unnecessary entities can be
omitted), as well as the size of mesh entity structures (unnecessary connections can be
omitted). Consequently, the size of a mesh entity depends on its shape, but not on
the number of its neighbours. To work with the mesh on GPU, it has to be initialized
sequentially on the CPU and then it can be transferred to the GPU. Similarly to the
handling of multidimensional arrays, the internal data layout ofMeshallows coalesced
memory accesses during parallel traversal on GPU.

On both CPU and GPU architectures, the e�ciency of the solver for (1) is strongly
a�ected by the ordering of mesh entities. Not only direct manipulation with the mesh data
structure is a�ected, most important consequence is the structure of the sparse matrix
resulting from the MHFE discretization. We demonstrate this e�ect on a 2D benchmark
problem using two ordering strategies: the original ordering generated by the frontal
algorithm of Gmsh(see Fig. 1), and a custom ordering based on an in-order traversal of
a d-dimensional tree of the entity centres (see Fig. 2). The original ordering does not
consider the spatial position of the entities and, consequently, the corresponding sparse
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(a) Mesh ordering (polygonal chain connecting
the cell centres)

(b) Matrix structure

Figure 1: Ordering of the coarsest triangular mesh with Id. 2D41 generated by the frontal
algorithm of Gmshand the corresponding structure of the global sparse matrix.

(a) Mesh ordering (polygonal chain connecting
the cell centres)

(b) Matrix structure

Figure 2: Ordering of the coarsest triangular mesh with Id. 2D41 generated by the 2-d
tree traversal and the corresponding structure of the global sparse matrix.

matrix �does not look sparse�, although every row contains at most 10 non-zero elements.
The alternative ordering preserves the spatial locality of neighbouring entities and the
corresponding sparsity pattern constitutes of several diagonals and small blocks. The
results in Table 1 show that computations using the alternative ordering are signi�cantly
faster, which can be attributed to better cache e�ciency in the SpMV operation.

5 Results
We use a benchmark problem with known semi-analytical solution to verify the conver-
gence of the numerical scheme by means of the experimental order of convergence. It
is a multidimensional extension of the one-dimensional McWhorter and Sunada problem
[7] for the special case of incompressible two-phase �ow in homogeneous porous medium
with neglected gravity and speci�c initial and boundary conditions. The general semi-
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Intel Core i7-5820K Nvidia Tesla K40

1 core 6 cores

Id. Gmsh tree t=G Gmsh tree t=G Gmsh tree t=G

2D4
1 0,4 0,4 0,91 0,6 0,6 0,92 1,3 1,3 1,00

2D4
2 5,1 5,0 0,99 3,6 3,6 1,00 7,9 7,9 1,00

2D4
3 99,9 98,5 0,99 36,2 35,7 0,99 47,0 46,2 0,98

2D4
4 2 662 2 383 0,90 632,5 573,6 0,91 374,4 351,5 0,94

2D4
5 64 145 45 953 0,72 15 687 11 976 0,76 3 913,2 3 387,0 0,87

Table 1: Comparison of the computational times for triangular meshes ordered by di�er-
ent strategies: the frontal algorithm of theGmshprogram and using 2-d tree.

analytical solution described in [4] exhibits radial symmetry due to a point injection of
one of the phases. The details of the setup for this benchmark problem as well as the
choice of parameters for the numerical solution can be found in [5, 6].

The numerical solution of the benchmark problem has been computed in 2D on struc-
tured rectangular grids and unstructured triangular meshes and in 3D on structured
cuboidal grids and unstructured tetrahedral meshes. A series of re�ned meshes of each
type has been used for the EOC analysis in theL1 and L2 norms. The results presented
in Table 2 for the capillarity models by Brooks and Corey and by van Genuchten indicate
that the scheme converges with the �rst order of accuracy in all cases.

Brooks & Corey van Genuchten
Id. kEh;Sn

k1 eocSn ;1 kEh;Sn
k2 eocSn ;2 kEh;Sn

k1 eocSn ;1 kEh;Sn
k2 eocSn ;2

2D�
1 1,52� 10� 2

0,80
3,26� 10� 2

0,65
1,41� 10� 2

0,84
2,17� 10� 2

0,812D�
2 8,75� 10� 3

0,82
2,08� 10� 2

0,62
7,88� 10� 3

0,87
1,24� 10� 2

0,862D�
3 4,97� 10� 3

0,85
1,35� 10� 2

0,60
4,31� 10� 3

0,88
6,83� 10� 3

0,882D�
4 2,76� 10� 3

0,87
8,93� 10� 3

0,63
2,34� 10� 3

0,86
3,72� 10� 3

0,852D�
5 1,51� 10� 3 5,79� 10� 3 1,29� 10� 3 2,06� 10� 3

2D4
1 1,54� 10� 2

0,97
3,25� 10� 2

0,84
1,43� 10� 2

0,97
2,13� 10� 2

0,93
2D4

2 8,14� 10� 3

0,80
1,89� 10� 2

0,61
7,58� 10� 3

0,84
1,16� 10� 2

0,83
2D4

3 4,44� 10� 3

0,96
1,19� 10� 2

0,67
4,01� 10� 3

1,01
6,22� 10� 3

1,00
2D4

4 2,41� 10� 3

0,86
7,79� 10� 3

0,64
2,12� 10� 3

0,85
3,30� 10� 3

0,84
2D4

5 1,29� 10� 3 4,90� 10� 3 1,15� 10� 3 1,79� 10� 3

3D�
1 8,28� 10� 3

0,83
2,59� 10� 2

0,70
8,15� 10� 3

0,88
1,64� 10� 2

0,863D�
2 4,67� 10� 3

0,84
1,59� 10� 2

0,69
4,42� 10� 3

0,90
9,06� 10� 3

0,893D�
3 2,60� 10� 3

0,86
9,87� 10� 3

0,69
2,36� 10� 3

0,93
4,90� 10� 3

0,923D�
4 1,44� 10� 3 6,12� 10� 3 1,24� 10� 3 2,58� 10� 3

3D4
1 1,15� 10� 2

0,69
3,48� 10� 2

0,62
1,21� 10� 2

0,77
2,43� 10� 2

0,73
3D4

2 8,02� 10� 3

0,86
2,52� 10� 2

0,75
8,13� 10� 3

0,93
1,66� 10� 2

0,90
3D4

3 4,41� 10� 3

1,02
1,49� 10� 2

0,93
4,26� 10� 3

1,14
8,83� 10� 3

1,13
3D4

4 2,40� 10� 3

1,01
8,62� 10� 3

0,71
2,16� 10� 3

1,08
4,53� 10� 3

1,08
3D4

5 1,26� 10� 3 5,48� 10� 3 1,09� 10� 3 2,28� 10� 3

Table 2: Errors of numerical solutions and experimental orders of convergence for rect-
angular, triangular, cuboidal and tetrahedral meshes.
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For the same benchmark problem, we also present the GPU speed-up compared to
single- and multi-thread computations on CPU. The values in Tables 3 and 4 demonstrate
the advantages of massive parallelization for su�ciently large problems. Additionally, we
compare the MGSR and CWY variants of the GMRES method which were introduced in
Algorithms 1 and 3, respectively. On GPU the CWY variant is signi�cantly faster than
the MGSR variant, but on CPU the computational times are more or less the same.

GPU CPU
1 core 2 cores 4 cores 6 cores

Id. CT CT GSp CT Eff GSp CT Eff GSp CT Eff GSp

M
G

S
R

2D�
1 5,1 0,6 0,12 0,7 0,45 0,13 0,8 0,19 0,15 0,9 0,110,17

2D�
2 28,1 11,5 0,41 7,9 0,72 0,28 6,4 0,45 0,23 6,8 0,280,24

2D�
3 117,1 173,6 1,48 95,9 0,91 0,82 61,2 0,71 0,52 52,8 0,550,45

2D�
4 740,4 4 023,5 5,43 2 154,1 0,93 2,91 1 192,1 0,84 1,61 941,6 0,711,27

2D�
5 8 237,3 82 323,5 9,99 47 982,0 0,86 5,82 26 919,0 0,76 3,27 19 915,5 0,692,42

C
W

Y

2D�
1 1,5 0,7 0,45 0,4 0,79 0,28 0,3 0,52 0,22 0,3 0,410,18

2D�
2 11,0 13,2 1,20 7,6 0,87 0,69 4,8 0,68 0,44 4,0 0,550,37

2D�
3 46,3 197,0 4,25 107,5 0,92 2,32 65,7 0,75 1,42 52,6 0,621,14

2D�
4 380,0 4 325,711,38 2 360,6 0,92 6,21 1 448,1 0,75 3,81 1 195,8 0,603,15

2D�
5 4 449,9 91 166,320,49 49 004,3 0,93 11,01 29 182,1 0,78 6,56 24 684,0 0,625,55

M
G

S
R

2D4
1 4,7 0,3 0,07 0,5 0,33 0,11 0,5 0,18 0,10 0,6 0,090,13

2D4
2 22,4 5,0 0,22 3,9 0,65 0,17 3,1 0,40 0,14 3,6 0,230,16

2D4
3 120,0 98,5 0,82 59,5 0,83 0,50 38,3 0,64 0,32 35,7 0,460,30

2D4
4 778,3 2 382,8 3,06 1 298,8 0,92 1,67 701,0 0,85 0,90 573,5 0,690,74

2D4
5 7 387,9 45 953,4 6,22 25 512,4 0,90 3,45 14 602,7 0,79 1,98 11 976,4 0,641,62

C
W

Y

2D4
1 1,5 0,4 0,27 0,3 0,60 0,22 0,2 0,45 0,15 0,2 0,320,14

2D4
2 8,9 6,2 0,70 3,7 0,84 0,42 2,3 0,66 0,26 2,0 0,520,23

2D4
3 51,1 122,0 2,39 67,7 0,90 1,32 40,3 0,76 0,79 32,5 0,630,64

2D4
4 396,1 2 695,6 6,80 1 480,7 0,91 3,74 855,2 0,79 2,16 671,7 0,671,70

2D4
5 4 008,3 57 404,214,32 32 100,5 0,89 8,01 18 814,1 0,76 4,69 16 414,0 0,584,09

Table 3: Comparison of computational timesCT, parallel CPU e�ciency Eff and
GPU/CPU speed-upGSp for the 2D benchmark problem.

6 Conclusion
We presented a parallel solver for a general system of PDEs based on the semi-implicit
MHFEM/DG numerical scheme. Multiple optimizations were performed to improve the
e�ciency of the solver, namely a modi�ed GMRES method using the CWY orthogo-
nalization instead of MGSR was employed and the unstructured meshes were suitably
reordered. The results of numerical simulations for a benchmark problem with known
semi-analytical solution indicate that the numerical scheme converges with the �rst order
of accuracy in all cases. Computations on GPU were about 20 times faster compared
to 1-threaded computations on CPU and about 6 times faster compared to 6-threaded
computations on CPU, hence, GPU acceleration can be very bene�cial for large problems.
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GPU CPU
1 core 2 cores 4 cores 6 cores

Id. CT CT GSp CT Eff GSp CT Eff GSp CT Eff GSp

M
G

S
R

3D�
1 5,9 13,8 2,34 7,2 0,96 1,22 4,3 0,80 0,73 3,4 0,670,58

3D�
2 55,7 524,6 9,42 304,7 0,86 5,47 173,7 0,76 3,12 128,2 0,682,30

3D�
3 1 234,3 21 128,717,12 12 770,7 0,83 10,35 7 317,4 0,72 5,93 6 241,6 0,565,06

3D�
4 44 798,3 (not computed on 1, 2 and 4 cores) 272 104,0 6,07

C
W

Y

3D�
1 2,1 15,2 7,30 8,0 0,96 3,82 4,4 0,86 2,13 3,4 0,751,62

3D�
2 30,8 564,318,33 319,5 0,88 10,38 186,7 0,76 6,07 150,3 0,634,88

3D�
3 828,0 20 569,524,84 12 406,1 0,83 14,98 7 092,6 0,73 8,57 5 533,7 0,626,68

3D�
4 31 805,6 (not computed on 1, 2 and 4 cores) 234 066,0 7,36

M
G

S
R

3D4
1 3,8 1,7 0,44 1,2 0,71 0,31 0,8 0,53 0,21 0,8 0,330,22

3D4
2 6,1 7,2 1,19 4,3 0,84 0,70 2,6 0,70 0,43 2,3 0,530,37

3D4
3 45,3 274,5 6,06 152,6 0,90 3,37 87,5 0,78 1,93 72,4 0,631,60

3D4
4 873,1 11 270,012,91 6 228,3 0,90 7,13 3 414,9 0,83 3,91 3 187,9 0,593,65

3D4
5 55 880,2 (not computed on CPU)

C
W

Y

3D4
1 1,4 2,0 1,48 1,2 0,85 0,88 0,7 0,68 0,54 0,6 0,540,46

3D4
2 2,6 8,7 3,30 4,9 0,89 1,85 2,9 0,75 1,10 2,3 0,640,86

3D4
3 23,9 330,913,87 184,8 0,90 7,75 107,9 0,77 4,53 93,4 0,593,92

3D4
4 566,2 12 069,521,32 6 506,3 0,93 11,49 3 771,0 0,80 6,66 3 306,2 0,615,84

3D4
5 37 695,3 (not computed on CPU)

Table 4: Comparison of computational timesCT, parallel CPU e�ciency Eff and
GPU/CPU speed-upGSp for the 3D benchmark problem.
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Abstract. This work aims to provide the comprehensive interaction analysis of the spectra
of random matrices from hyperbolic damped ensembles. For that purpose, the transformation
of spectra through unfolding procedure needs to be performed. Here, it is introduced and
thoroughly investigated for general counting processes. After its application on the random
matrix spectra, the nearest-neighbor spacing of the eigenvalues is studied in the dependence of
its position in the spectra.
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Abstrakt. Tato prÆce si dÆvÆ za cíl d•kladn¥ analyzovat spektra hyperbolických utlumených
nÆhodných matic. Pro tento œ£el je nezbytnØ pou”ít transformaci spektra skrze zobrazení un-
folding. Zde je tento koncept p°edstaven a do detailu probírÆn z hlediska teorie £ítacích proces•.
Po aplikaci procedury unfolding je zkoumÆn odstup mezi sousedními vlastními £ísly daných
nÆhodných matic v zÆvislosti na pozici t¥chto vlastních £ísel ve spektru.

Klí£ovÆ slova:unfolding, hladinový odstup, £ítací proces, nahodnØ matice

Introductory Talk
The counting process theory has been thoroughly dealt with in [1] where the classical
theory is extended by new results of which the most important ones are presented in the
paper [2]. The usefulness of those results lies in their ability to describe certain agent
systems from the interaction point of view. These agents are assumed to be characterized
through the sequence of one-dimensional random variables which often represent arrival
times of events or the locations of some objects in space.

Here, we particularly focus on the system of eigenvalues of the so called hyperbolic
damped unitary ensembles �rstly mentioned in the paper [3] as the numerical implemen-
tation of the so called Calogero-Moser hyperbolic random matrices. However, the notion
damped unitary ensembles (DUE) was introduced in [4]. In that paper, a very close cor-
respondence between the matrices’ eigenvalues and the system of vehicle locations was
found. Particularly, it was shown that the nearest-neighbor spacing of the eigenvalues
very well describes that of cars located in one lane of the road.

� This work was supported by the grant Detection of stochastic universalities in non-equilibrium states
of socio-physical systems by means of Random Matrix Theory within agency GACR, number 15-15049S
.
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The �rst section of the work is devoted to the necessary transformation procedure
called unfolding. The concept will be established in its most general way for counting
processes. The important transition to �nite version of counting processes will be dealt
with as well. In the second section, the damped unitary ensemble of random matrices will
be de�ned. Moreover, the origin of these matrices and mainly the guess of the theoretical
formula for the level spacing between the matrices’ eigenvalues will be provided. The
last section belongs to the con�rmation and application of the gained knowledge on
the numerically generated data. Primarily, the level spacing between the eigenvalues of
matrices from hyperbolic DUE will be thoroughly examined.

1 Unfolding of Counting Process
Before we investigate nearest-neighbor spacing distribution, it is necessary to transform
the initial system via unfolding. To properly understand the procedure, we will �rst
introduce the basic terms and notation of the counting process theory. First of all, let us
de�ne the general counting process itself.

De�nition 1. Let (Ri ) i 2 N be a tight sequence of independent a.s. positive random vari-
ables where the sequence of the inversions(1=Ri ) i 2 N is also tight. De�ne the variables
Tk =

P k � 1
i =0 Ri for k 2 N and N t = # f k 2 N j Tk � tg for t 2 R. Then (N t )t2 R is said to

be a counting process.

The random variableT1 = R0 in the de�nition above expresses kind of an initial point
of a counting process while the elements of the sequence(Ri ) i 2 N represent the nearest-
neighbor spacings between the points(Tk)k2 N. Concerning the assumptions of tightness,
they ensure that the counting process has expected properties. First, thanks to the
tightness of the inversions(1=Ri ) i 2 N, the sequence of the partial sums(Tk)k2 N converges
to in�nity a.s. Using this fact, some other fundamental results can be derived most of
which are summarized in the following proposition.

Proposition 1. Let (N t )t2 R be a counting process. Then fort 2 R+
0 , it holds

1) N t < 1 a.s. ,

2) E(N r
t ) < 1 for r 2 R+

0 ,

3) 9p0 2 R so that E
�
epN t

�
< 1 for p < p0,

4) lim
t !�1

N t = 0 a.s. and lim
t !1

N t = 1 a.s.

The de�nition 1 is quite general and there is not actually much more to claim about the
corresponding counting process. To derive some more advanced characteristics describing
the process, additional assumptions have to be imposed on the sequence(Ri ) i 2 N0 . The
most natural and also simple approach is to assume an identical distribution of the
respective random variables and alsoR0 := 0 a.s. The resulting process then represents a
very famous renewal process. As a matter of fact, this is not an ideal type of a counting
process to use since its properties are di�cult to handle not only from the theoretical
point of view. However, performing just a slight change by considering the density for
the distribution of the random variable R0 in the form

f R0 = � (1 � FR1 ) (1)
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with positive parameter � = 1=E(R1), the major downsides of the corresponding counting
process disappear. The formal de�nition of such a process is given below.

De�nition 2. Let (� t )t2 R be a counting process with the i.i.d. spacing sequence(Ri ) i 2 N
and the initial point R0 distributed according to (1). Then (� t )t2 R is said to be a level
counting process andL k = R0 + Sk � 1 the kth level whereSk =

P k
i =1 Ri is the so called

k-fold level spacing fork 2 N.

The process just de�ned was introduced in the paper [2]. It provides an easier and
more slick way of dealing with the properties of counting processes and interacting agent
systems in general. Its crucial property is the linearity of the corresponding expected
value. Speci�cally, it holds E(� t ) = �t for t 2 R so the derivative of the expected value,
i.e. the density of the counting process, is constant everywhere.

In this work, we aim to present a transformation which maps a general counting
process from the de�nition 1 to the level counting one. The transformation is called
unfolding and its de�nition is provided below.

De�nition 3. Let (N t )t2 R be a counting process andU : R ! R+
0 a function satisfying

� lim t !�1 U(t) = 0 and lim t !1 U(t) = 1 ,

� U is continuous and increasing,

� there is a level counting process(� t )t2 R such thatN t = � U(t )

The mappingU is said to be an unfolding of the counting process(N t )t2 R.

In real applications, it is usually very di�cult, mostly rather impossible, to verify all
the assumptions so that it is eligible to apply unfolding. In fact, the most problematic
part is the last point of the de�nition. Particularly, there is usually not enough data to
verify that the transformed process satis�es all the properties of a level counting process.
However, here we deal with the eigenvalues of random matrices so we can a�ord to
generate enough of them to analyze even this condition. Some numerical tests will be
thus given on this topic in the next section. Now let us introduce the speci�c form of a
mapping which satis�es at least part of the assumptions required in the de�nition 3.

Theorem 1. Let (N t )t2 R be a counting process such that the �rst member of the partial
sum sequence is a countinous random variable. The mapping de�ned as

U(t) := � E(N t ) (2)

where � = 1=� and � > 0 then satis�es the �rst two conditions in the de�nition 3 and
for N t = � U(t ) , it also holdsE(� t ) = �t for all t 2 R. What is more, the mapping with
such properties is unique.

Proof: The easier part of the proof is to verify the �rst two conditions. The very �rst one
is immediately implied from the fourth claim of the proposition 1. The increasing trend
of U follows from the the fact that a counting process is a.s. increasing function.
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To proceed further, we need to express the expected value of a counting process
through the distribution functions of the corresponding partial sum sequence(Tk)k2 N. In
fact, it holds

E(N t ) = E
�
# f k 2 N j Tk � tg

�
= E

 
1X

k=1

I(Tk � t)

!

=
1X

k=1

FTk (t) (3)

whereby the convergence is even uniform which follows from the monotone convergence
theorem. Now because we can writeTk+1 = T1 +

P k
i =1 Ri for all k 2 N and T1 is

continuous, all the members of(Tk)k2 N must be continuous as well. All the reasoning put
together, the expected value of a counting process is a continuous function.

The derivation of the last condition in the claim is the most strenuous part of the proof.
First of all, let us denote the random variables transformed viaU and the corresponding
counting process as

L k := U(Tk) ; � t := # f k 2 N j L k � tg (4)

wheret 2 R and k 2 N. Due to the increasing trend of the functionU, the process(� t )t2 R
is related to the original one(N t )t2 R through the relation

N t = # f k 2 N j Tk � tg = # f k 2 N j U(Tk) � U (t)g = � U(t )

which is in fact the �rst part of the condition being proved. To show the linearity of the
expected valueE(� t ), it would be useful to apply the inversion ofU now. However, that
does not have to necessarily exist becauseU might not be strictly increasing. We thus
need to deal with the areas where the function is constant. According to (3), the function
U is constant on some set if and only ifFTk for all k 2 N are on that set constant. This is
equivalent to the statement that U is strictly increasing on some set if and only if there
is k 2 N such that FTk is strictly increasing on that set. Based on these observations,
de�ne the set

A :=
1[

k=1

supp(Tk)

where the symbolsupp(Tk) denotes the support of the corresponding random variable.
From here, it holds that Tk 2 A a.s. for all k 2 N and as a consequence, the restriction
V := UjA then satis�es

U(Tk) = V(Tk) a:s:

Additionally, the equation V(A) = R+
0 applies which follows from the properties ofU as

the expected value of a counting process. The restrictionV is already strictly increasing
which allows one to write

E(� t ) =
1X

k=1

E
�
U(Tk) � t

�
=

1X

k=1

E
�
V(Tk) � t

�
=

1X

k=1

E
�
Tk � V � 1(t)

�
= E

�
NV � 1 (t )

�

where the relation (4) was used. Using the de�nition (2) and also the fact thatV� 1(t) 2 A
for all t 2 R+

0 , we �nally get the equality

E(� t ) = � U
�
V� 1(t)

�
= � V

�
V� 1(t)

�
= �t :
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The last part of the proof is devoted to the uniqueness of the function chosen as (2)
having all the properties claimed. LeteU be an arbitrary function satisfying the �rst two
conditions in the de�nition 3 and also the relationN t = � ~U(t ) where E(� t ) = �t for all
t 2 R. The mapping eU then complies with the de�nition (2) as

E(N t ) = E( � U(t )) = � eU(t) :

According to the relation (4), the function U maps the points (Tk)k2 N to the new
ones(L k)k2 N so that they become uniformly distributed in their state space. If the state
space is for instance time, this action results in the loss of the information about the time
evolution in the system. On the other hand, if the mappingU is in addition unfolding,
the simplicity of the resulting level process allows one to unfold many useful properties
about the corresponding system as will be seen in the third section. Various counting
processes can be in this way transformed so that they are examined and consequently
compared to each other.

As a result of the theorem 1, the mapping of the form (2) is actually the only candi-
date which could satisfy even the third assumption for the unfolding of a counting process
(N t )t2 R. That brings up a question what are the requirements to be imposed on the pro-
cess(N t )t2 R so that the function (2) is its unfolding. The intuitive idea is that unfolding
only kind of rescales all the nearest-neighbor spacings so that their distributions become
the same as it is required in the de�nition for a level process. Therefore, it is believed
that the counting process, on which we intend to apply unfolding, should be formed by
the sequence of spacings(Ri ) i 2 N all having the same or very similar distribution up to
some scale constant. Ideally, it should thus hold

8i; j 2 N 9s 2 R : Ri
D= sRj : (5)

Unfolding is shrouded by mysteries and it is still far from being completely understood.
Some of the insights will be given in the next sections using real data, but before that,
let us present one particular case in which the mapping (2) actually satis�es all the
requirements to be unfolding.

Theorem 2. Let (N t )t2 R be a counting process de�ned through the partial sum sequence
(Tk)k2 N. Suppose that the sequence(Tk;n )n

k=1 is the increasingly ordered version of the
i.i.d. random variables (Yk;n )n

k=1 for all n 2 N such that the limit limn !1 Tk;n �! Tk
holds for all k 2 N. Then unfolding of the process(N t )t2 R exists and its image results in
the homogeneous Poisson process.

Proof: The theorem will be shown by the transition from the process(N t )t2 R to its �nite
version de�ned asN t;n := # f k 2 bn j Tk;n � tg for t 2 R where n is the number of
elements present in the system. The corresponding �nite version of unfolding for� < 1
then satis�es

Un (t) := � E
�
N t;n

�
= � E

�
# f k 2 bn j Tk � tg

�
= �

nX

k=1

FTk;n (t) = �nF Y1;n (t) (6)
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where the distribution function of Y1;n is the mixture of all the distribution functions
(FTk;n )n

k=1 . Based on this kind of notation, it is clear that (Tk;n )n
k=1 represents the or-

dered statistics of the i.i.d. sequence(Yk;n )n
k=1 established in the claim of the theorem.

Analogically, the sequence of levelsL k;n := Un (Tk) is then the ordered version of the
variablesX k;n := Un (Yk;n ). According to the relation (6), the sequence(X k;n )n

k=1 is also
i.i.d. and moreover, its elements has uniform distributionU(0; �n ).

Suppose now that(� t;n )t2 R is the �nite counting process de�ned through the partial
sum sequence(L k;n )n

k=1 . As the consequence of the results obtained in the previous
paragraph, the process(� t;n )t2 R has the binomial distribution Bi(n; t=(�n )) . Denoting
the limits of (N t;n )t2 R and Un as (N t )t2 R and U respectively, it additionally holds

N t = lim
n !1

N t;n = lim
n !1

� Un (t );n = � U(t ) (7)

E(� t ) = lim
n !1

E(� t;n ) = lim
n !1

nFX 1;n (t) = �t

for all t 2 R where� := 1=� . Now thanks to the convergencelimn !1 Bi(n; �t=n ) = Po( � ),
the resulting counting process(� t )t2 R is actually the Poisson process. Moreover, since the
Poisson process satis�es the properties of a level counting one, the mappingU is truly
unfolding.

As a matter of fact, the counting process(N t )t � 0 described in the claim of the theorem
above is the inhomogeneous Poisson process. Indeed, the relation (7) directly implies that

P(N t = k) = P( � U(t ) = k) =
Uk(t)

k!
e�U (t )

for all k 2 N and t 2 R. This relation actually provide the way of generating a general
counting process with an arbitrary expected valueE(N t ) = � U(t) for t 2 R. The function
U might then represent a time or a space evolution re�ecting some real application system
and the parameter� the intensity which the elements occur in that system with.

The concept of the �nite counting process discussed above is crucial while dealing
with the real application systems since they naturally always contain a �nite number
of elements. That is why the results presented for the counting processes based on the
de�nition 1 are just asymptotically approximative ones. As was mentioned, that is also
why the tools introduced here and in the paper [2] must be used for the systems with
number of elements high enough. Their actual application will be performed on the real
data in the following sections.

2 Introduction to DUE of Hyperbolic Kind
The major system studied in this work is the set of eigenvalues of the random matri-
ces called damped unitary ensembles (DUE). Before restricting only to their hyperbolic
version, let us introduce the concept generally.

De�nition 4. The random matrix D =
�
D ij;n

� n
i;j =1 for natural n is said to belong to the

damped unitary ensemble ifD ij � N(0; � 2) for i = j and D ij;n = i g=fn(i � j ) a.s. for
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i 6= j whereg and � are positive. The functionf n is required to be continuous, odd and
to satisfy j lim t !1 f n (t)j = 1 .

Since the functionf n is odd, the matrix de�ned above must be always hermitian. That
means the corresponding eigenvalues are real random variables so the concepts discussed
in the previous section apply to them as well. The word dumped was used because of the
increasing character of the functionf n which makes the elements of the matrixD smaller
as they get farther from the diagonal. The simplest type the functionf n is a linear one
for which the respective ensemble is called the rational. In this work, we will deal with
the hyperbolic ensemble which is obtained by setting

1
f n (t)

=
2�

n sinh(2�t=n )

for t 2 R. This particular choice of the function f n comes from the paper [3] where the
corresponding matrix ensembles were introduced as the numerical implementation of the
so called Calogero-Moser hyperbolic matrices. These represent the Lax matrices of the
integrable models characterized by the Hamiltonian

H (p1; : : : ; pn ; q1; : : : ; qn ) =
1
2

nX

i =1

p2
i + g2

X

i<j

1
f 4�=
 (qi � qj )

(8)

for n particles with momentum (pi )n
i =1 and one-dimensional positions(qi )n

i =1 whereg and

 are positive parameters. The Lax matrixL is determined by the existence of the pair
matrix M such that the Hamilton equations can be then rewritten in the form

@L
@t

= LM � ML : (9)

Considering the Hamiltonian (8), the condition (9) determines the elements of the matrix
L as L ij = pi for i = j and L ij = i g=f4�=
 (qi � qj ) for i 6= j where i; j 2 bn. Using
the methods of statistical physics, one can then derive the probability density for the
momentum and positions in the form

f (p1; : : : ; pn ; q1; : : : ; qn ) = cexp

 

� a

"
nX

i =1

p2
i + g2

X

i 6= j

1
f 2

4�=
 (qi � qj )

#

� b
nX

i =1

cosh(
q i )

!

:

(10)
where the second term in the exponent represents the con�nement potential holding the
repulsing particles together. The density above seems to be very cumbersome to work
with. That is also why its approximation for the implementation purposes was proposed.
Particularly, instead of considering positions to be random, they were chosen to take the
valuesqi = i a.s. Using this adjusted distribution and setting
 := 4 �=n , the matrix L
then matches the one from hyperbolic DUE established in the de�nition 4.

In the paper [3], the authors also derive the joint distribution of the eigenvalues of the
random matrix L . Thanks to the integrability of the underlying system, it is possible to
perform the canonical transformation of the momentum and the positions of the particles
to the corresponding action-angle variables. As a matter of fact, the action ones turns
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out to be the eigenvalues of the Lax matrixL . After the transformation of the density
(10) and integration over the angle variables, we get the joint density for the eigenvalues
in the form

f (� 1; : : : ; � n ) = cexp

 

� a
nX

i =1

� 2
i

!
nY

i =1

K 0

 

b
Y

i 6= j

����1 +
ig


� i � � j

����

!

(11)

whereK 0 stands for the Macdonald’s function of the zeroth order.
From the density above, it is possible to deduce the estimate of the level spacing

distribution for the respective eigenvalues. First, let us investigate the character of the
distribution for the high values of spacings. In that case the function (11) is mainly deter-
mined by its exponential part which corresponds to the distribution of the independent
Gaussian random variables. Based on the theorem 2, the spacing after unfolding is of an
exponential character. To deduce the behavior of the level spacing density around zero,
it is necessary to use the approximationK 0(t) �

p
�= (2t) exp(� t) as t ! 1 . Plugging

this into the expression (11) and combining it with the estimate for the high values of
level spacing, we obtain

f S1 (t) = ct� e� �=t + dt (12)

for t > 0. The constantc normalizes the density andd is often determined by the condition
E(S1) = � applied for the purpose of comparing di�erently scaled spacings. As a matter
of fact, this density determines the generalized inverse Gaussian (GIG) distribution. How
well it �ts to the data generated from the matrix in the de�nition (4) will be tested in
the following section.

3 Level Spacing for Eigenvalues of DUE h

In this section, we will thoroughly look at the repulsive interaction kind of dependencies
governing in the spectra of the matrices established in the de�nition (4). Speci�cally, we
are aiming to study the distribution of the spacings between two nearest eigenvalues. We
will do so after the application of the rescaling transformation introduced in the theorem
(1) and compare individual spacings throughout the whole spectra. For that purpose,
the expected value

E(N t;n ) =
nX

k=1

F� k;n (t) (13)

for t 2 R is required. The sequence(� k;n )n
k=1 represents the ordered version of the spectra

of the matrix from DUE h(n; g).
The intensity function as the derivative of the expected value (13) becomes the density

mixture of all the ordered eigenvalues. This mixture is sometimes also denoted as the
eigenvalue density. It is well known that the eigenvalue density of the Wigner matrices
is a semiellipse according to the famous Wigner semicircular law. In the case of damped
matrices, the distribution certainly does not follow this behavior as can be seen in the
�gure 1. Instead, it gradually changes from the Gaussian distribution to almost uniform
one as the parameterg increases. This trend was attempted to be captured in the paper
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Figure 1: The eigenvalue densities of DUEh matrices for various values of the param-
eter g.

[3] by the formula

f (t) =
c(#)

"
exp

�
#2"2

� 2 � t2

�
(14)

for jt j < " and f (t) = 0 otherwise. The functionc(#) plays the role of a normalization
factor while "; # > 0 are the parameters of the distribution. The distribution function of
(14) can be used as the decent approximation of the rescaling transformation� E(N t ; n).
If no such a theoretical formula is available, a polynomial regression is usually performed
to estimate the distribution function of eigenvalue density. Nevertheless, non of these
strenuous approximative approaches will be needed in our case. Since we deal with
random matrices, we can generate enough of them to precisely normalize the scale of all
the spacings manually. By normalization, it is meant here to convert all the respective
means to one. Note that this method might not be able to be used in the real systems as
only one realization of the �nite counting process is usually available. It is also su�cient
only when dealing with nearest-neigbor spacing distributions. If one wants to study
more advanced characteristics like multi-fold spacing or rigidity, the transformation (2)
is necessary to be applied.

Let us now try to �t the spacing distributions by the guessed formula (12) in which the
parameterd is determined the scaling conditionE(S1;n ) = 1 . The �ts for various positions
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of the spacings in the spectra are presented in the �gure 2. Apparently, the distribution
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Figure 2: Histograms and �ts of spacing densities between two nearest eigenvalues
from DUE h located in various parts of spectra.

changes signi�cantly determined by the weak repulsion character on the edge of the
spectra to quite strong one in the bulk. It is surprisingly di�erent behavior than in the
case of the well-known Gaussian random matrices whose eigenvalue spacing distributions
appear to be identical no matter the position of the spacing in the spectra. As a result,
the �nite counting process formed by the eigenvalues of the matrices from DUEh does
not have an unfolding. Indeed, the application of the mapping (2) to the process would
not result in a level counting one since the corresponding spacing distributions would not
be the same.

Let us now have a look at the dependence of the spacing distribution on the position
in the spectra more in detail. The �gure 3 shows the estimates of the parameters� and
� of the distribution (12) for all the nearest-neighbor spacings between the eigenvalues of
the matrices from DUEh(128; g) for various values ofg. As expected from the symmetry
of the graphs in �gure 1, the change in the parameters� and � going from the edges of
spectra to its bulk is symmetric as well. The trend of the change seems to be parabolic in
the case of the parameter� . Despite the high variability in the estimates of the parameter
� , their trend indicates to have a semicircular behavior.

The spectra of the matrices from DUEh thus truly cannot be unfolded as a whole.
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Figure 3: The estimates of the parameters� and � of the density (12) for the spacings
of the nearest eigenvalues from DUEh with various values of the parameterg.
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Figure 4: The estimates of the parameters� and � of the density (12) for the spacings
of the nearest eigenvalues from DUEh located in various parts of spectra.
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Nevertheless, the estimates of the parameter� in roughly the middle quarter of the spec-
tra appear to have a steady trend. Considering only those eigenvalues, the unfolding
could be performed on corresponding counting process. However, the theoretical predic-
tion (14) does not �t very well this time and the mentioned polynomial regression method
has to be used instead.

As a matter of fact, it is again possible to bypass the method using polynomial re-
gression. Setting a thresholdh and taking only those eigenvalues(� i )128

i =1 from the middle
quarter of the spectra(i 2 f 48; : : : ;80g) satisfying j� i j < h performs the approximate
unfolding1 as well. The thresholdh is chosen with respect to the estimates of the expected
valuesE(� 48) and E(� 80).

So far, we have investigated the spacing distribution in the dependence of the loca-
tion in the spectra of the matrices from DUEh(128; g). Let us now have a look at the
dependence of the distribution on the parameterg more thoroughly.

In the �gure 4, the respective estimatesb� (g) and b� (g) are plotted for various locations
of the spacings in the spectra. In the case of parameter� , its estimates seem to have
a quadratically increasing trend while those of the parameter� indicate possible linear
trend.
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Abstract. Object recognition is a process for identifying objects in images or video sequences.
One of the powerful tools in object recognition is an invariant description of objects. The
descriptors ought to be computationally stable and have high discriminative power. Hence,
invariants constructed from orthogonal Gaussian�Hermite moments can be used advantageously.
Gaussian�Hermite (GH) moments play a special role among various orthogonal moments [1, 2,
3, 5, 6, 8, 10]. They were proved to be very robust w.r.t. additive noise comparing to other
common moments [4, 7]. The GH moments are the only moments orthogonal on a rectangle
which o�er a possibility of an easy and e�cient design of rotation invariants. This is guaranteed
by the Yang’s Theorem [9]. However, the construction of invariants w.r.t. scaling cannot be
accomplished easily and a novel approach is needed.

The �rst paper is concerned with invariants with respect to scaling constructed from Gaussian�
Hermite moments. The invariance is achieved owing to modulation of Gaussian�Hermite poly-
nomials using variable parameter� that depends on the input image. The scale invariance can
be easily coupled with the rotation invariance. This approach can be e�ortlessly applied in 2D
and 3D with high numerical stability as demonstrated in experiments on real data.

The second paper is dealing with rotation invariants of vector �elds. Vector �eld images
are a new type of data appearing in many engineering areas in the last few years. A 2D
vector �eld f (x ) can be mathematically described as a pair of scalar �elds (images)f (x ) =
(f 1(x ); f 2(x )) . At each point x = ( x; y), the value of f (x ) show the orientation and the magnitude
of a certain vector. Hence, it is necessary to develop new methods and algorithms for dealing
with this type of data. In this paper, we propose a method for the description and matching
of 2D vector �eld patterns under an unknown rotation of the �eld. The considered rotation
of a vector �eld is so-called total rotation, where the action is applied not only on the spatial
coordinates but also on the �eld values. Invariants of vector �elds with respect to total rotation
constructed from Gaussian�Hermite moments orthogonal on a square and Zernike moments
orthogonal on a disk are introduced. Their numerical stability is shown to be better than that
of the geometric/complex moment invariants. We demonstrate their usefulness in a real world
template matching application of rotated vector �elds � a vortex detection in a �uid �ow.

Keywords: Scale invariants, Variable modulation, Normalization, Vector �eld, Total rotation,
Invariants, Gaussian-Hermite moments, Zernike moments, Numerical stability.

Abstrakt. RozpoznÆvÆní objekt• je proces identi�kace objekt• v obraze £i videu. Jedním
z p°ístup• je pou”ití deskriptor• objekt•, kterØ jsou invariantní v•£i jistým typ•m transformací
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v obraze. Výpo£et t¥chto deskriptor• by m¥l být numericky stabilní a m¥ly by mít vysokou
diskriminabilitu. S výhodou lze proto pro jejich konstrukci vyu”ít ortogonÆlních Gaussových�
Hermitových (GH) moment•. Tyto momenty hrají d•le”itou roli mezi ortogonÆlními momenty
[1, 2, 3, 5, 6, 8, 10]. Bylo dokÆzÆno, ”e GH momenty jsou velmi robustní v•£i aditivnímu †umu
ve srovnÆní s jinými b¥”n¥ pou”ívanými momenty [4, 7]. GH momenty jsou jedinØ momenty
ortogonÆlní na obdØlníku, ze kterých lze snadno zkonstruovat rota£ní invarianty. Co” je mo”nØ
díky Yangov¥ v¥t¥[9]. Bohu”el roz†í°ení na invarianty v•£i †kÆlovÆní je netriviÆlní a je t°eba
zvolit nový p°ístup.

První z uvedených £lÆnk• pojednÆvÆ o invariantech v•£i †kÆlovÆní konstruovaných pomocí
Gaussových�Hermitových moment•. Invariance je dosa”eno díky modulaci Gaussových�Hermi-
tových polynom• prom¥nným parametrem � , který zÆvisí na vstupním obrÆzku. Invariance v•£i
†kÆlovÆní m•”e být snadno kombinovÆna s invariancí v•£i rotaci. Tento p°ístup lze jednodu†e
pou”ít jak pro dvourozm¥rnÆ tak i pro t°írozm¥rnÆ data. NumerickÆ stabilita výpo£t• je demon-
strovÆna na experimentech s reÆlnými daty.

Druhý £lÆnek se zabývÆ rota£ními invarianty pro vektorovÆ pole. V posledních letech se díky
novým zp•sob•m m¥°ení a novým typ•m m¥°ících za°ízení setkÆvÆme stÆle £ast¥ji s multidimen-
zionÆlními vektorovými poli. 2D vektorovØ polef (x ) lze matematicky popsat jako uspo°Ædanou
dvojici skalÆrníích obrÆzk•f (x ) = ( f 1(x ); f 2(x )) . V ka”dØm bod¥x = ( x; y), popisuje hod-
nota f (x ) velikost a sm¥r danØho vektoru. Je proto pot°eba k jejich analýze vyvíjet speciÆlní
metody a algoritmy £i významn¥ modi�kovat stÆvající postupy z tradi£ní oblasti zpracovÆní
obrazu. V tomto £lÆnku navrhujeme metodu pro popis a vyhledÆvÆní vzor• ve 2D vektorových
polích p°i neznÆmØ rotaci pole. Uva”ovanÆ rotace je tzv. totÆlní rotace, kdy transformace nep•-
sobí pouze na prostorovØ sou°adnice, ale takØ na hodnoty pole. DÆle p°edstavujeme invarianty
vektorových polí vzhledem k totÆlní rotaci zkonstruovanØ pomocí Gaussových�Hermitových mo-
ment• ortogonÆlních na £tverci a Zernikeových moment• ortogonÆlních na kruhu. UkÆ”eme, ”e
numerickÆ stabilita t¥chto invariant• je vy††í ne” stabilita invariant• zalo”ených na geometrick-
ých/komplexních momentech. U”ite£nost t¥chto invariant• demonstrujeme na reÆlnØ problØmu
� detekci vír• v proud¥ní kapalin.

Klí£ovÆ slova: Invarianty v•£i †kÆlovÆní, prom¥nnÆ modulace, normalizace, vektorovØ pole,
totÆlní rotace, invarianty, Gaussovy�Hermitovy momenty, Zernikeovy momenty, numerickÆ sta-
bilita.
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Abstract. Random walk is a very well studied object. Since its �rst introduction by Pearson in
1905 a number of alternative models have been developed. This paper presents a novel approach
to a random walk with memory. This memory is introduced by a varying transition probability.
Asymptotic properties of such a random walk are described and possible real life applications of
such model are introduced.

Keywords: Random walk, memory, varying transition probability

Abstrakt. NÆhodnÆ prochÆzka je objekt studovaný více ne” sto let. Od roku 1905, kdy Pear-
son poprvØ koncept nÆhodnØ prochÆzky p°edstavil, byla vyvinuta celÆ °ada alternativ k p•vod-
nímu modelu. Tento £lÆnek se v¥nuje nÆhodnØ prochÆzce s pam¥tí, je” se projevuje prom¥n-
livou p°echodovou pravd¥podobností. Jsou zkoumÆny asymptotickØ vlastnosti takovØto nÆhodnØ
prochÆzky a nazna£ena mo”nÆ pou”ití modelu v praxi.

Klí£ovÆ slova:NÆhodnÆ prochÆzka, pam¥·, prom¥nlivÆ pravd¥podobnost

1 Introduction
Random walks has been subject to extensive study for over a hundred years since they
were �rst introduced in by Pearson in 1905 [1]. Since then, many di�erent variations of
a random walk have been introduced. Those variations usually involve di�erent supports
(i.e. a random walk on a lattice, graph, �nite set) and time properties (discrete or
continuous) [3]. Many variations also involve a memory factor added into the random
walk, such as self-avoiding walk or reinforced random walk [2]. Introducing a long term
memory factor into a random walk leads to a very di�erent asymptotic behavior.

In this paper one-dimensional random walk is considered, in which the position of the
walker is controlled by a varying transition probabilities. After each step, the probability
that the next step will be in the same direction as the previous one is lowered and the
probability that the walker will move in opposite direction is increased accordingly. The
transition probabilities evolve in time in a random way and the actual values of the
transition probability depend on the entire history, making the walk a non-Markovian
stochastic process.

The model is described in the next section and section 3 indicates possible evolution
of this theory and concludes this paper.

141



142 T. Kou°im

2 Model

2.1 Previous work
Similar problem has been studied by Turban in [4]. In the paper, the discrete time one-
dimensional random walk with the following properties is studied. The step sizel+

t of the
t � th step to the right and step sizel �

t of the t � th step to the left satisfy the condition

l+
t + l �

t = 2 8t

and the size of the step is evolving according to the following rules fort > 1

� t � 1 = +1 !

(
l+
t = �l +

t � 1

l �
t = 2 � �l +

t � 1

� t � 1 = � 1 !

(
l+
t = 2 � �l �

t � 1

l �
t = �l �

t � 1

where the Ising variable� i = � 1 with equal probability p = 1
2, l+

1 = l �
1 = 1 and 0 � � � 1.

The limit � = 1 corresponds with the Bernoulli random walk, the limit� = 0 corresponds
to a situation when the walker does not move for some time. Turban shows that such a
random walk is well controlled and that it is non-di�usive (with Hurst exponent of the
mean square displacement� = 0 ) even for � close to1.

2.2 The Model
In this paper slightly di�erent approach is considered. Let’s take a random walk on
integers, with step sizel t 2 f� 1; 1g. The probability that in time t the step will be
positive is

P (l t = 1) = p+
t

and the probability that the step will be negative is

P (l t = � 1) = p�
t = 1 � p+

t :

The transition probabilities vary in time such that the probability of moving in the same
direction as in previous step is lowered by a coe�cient� 2 (0; 1)

p+
t =

(
�p +

t � 1 l t � 1 = 1
1 � �p �

t � 1 l t � 1 = � 1
(1)

p�
t =

(
1 � �p +

t � 1 l t � 1 = 1
�p �

t � 1 l t � 1 = � 1
(2)

As there always holds thatp�
t = 1 � p+

t ; it is su�cient to further only consider p+
t : Let

pt = p+
t : From equations 1 and 2 follows fort > 1 that

pt =

(
�p t � 1 l t � 1 = 1
1 � � + �p t � 1 l t � 1 = � 1

(3)
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pt = �p t � 1 +
1
2

(1 � � )(1 � l t � 1) (4)

Let’s calculate the expression forpt using induction. First let’s assumep1 = 1
2 . For t = 2

expression 4 gives
p2 =

1
2

� +
1
2

(1 � � )(1 � l1): (5)

For any t let’s assume that

pt =
1
2

� t � 1 +
1
2

(1 � � )
t � 1X

i =1

� t � 1� i (1 � l i ) (6)

This holds for t = 2 (5). For t = t + 1 we get

pt+1 = � (
1
2

� t � 1 +
1
2

(1 � � )
t � 1X

i =1

� t � 1� i (1 � l i )) +
1
2

(1 � � )(1 � l t )

pt+1 =
1
2

� t +
1
2

(1 � � )
t � 1X

i =1

� t � i (1 � l i ) +
1
2

(1 � � )(1 � l t )

pt+1 =
1
2

� t +
1
2

(1 � � )
tX

i =1

� t � i (1 � l i )

which is in accordance with 6 and thus 6 holds for anyt > 1. Since

(1 � � )
t � 1X

i =1

� t � 1� i = (1 � � )
t � 2X

i =0

� i = (1 � � )
1 � � t � 1

1 � �
= 1 � � t � 1

expression 6 can be reduced to

pt =
1
2

� t � 1 +
1
2

(1 � � t � 1) �
1
2

(1 � � )
t � 1X

i =1

� t � 1� i l i (7)

pt =
1
2

(1 � (1 � � )
t � 1X

i =1

� t � 1� i l i ): (8)

Proposition 1. For p1 = ~p; 8t � 1 it holds

pt = ~p� t � 1 +
1
2

(1 � � )
t � 1X

i =1

� t � 1� i (1 � l i );

which can be expressed as

pt = (~p �
1
2

)� t � 1 +
1
2

(1 � (1 � � )
t � 1X

i =1

� t � 1� i l i ):

Proof. Follows directly from 4, 5 and 7.

Examples of the random walk with memory in probability as well as the model intro-
duced in [4] and the standard random walk can be seen in Figures 1 and 2. It can be
seen that the memory coe�cient on probability does not limit the position of the walker
as much as the step length memory coe�cient, but it still signi�cantly a�ects the random
walk development.
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Figure 1: Comparison of random walks generated by the same random numbers for
starting probability ~p = 0 :5 and varying memory factor� . Red dashes are the standard
random walk, blue dots are random walks with memory introduced by Turban and green
dash-dot lines represent random walks generated by the model introduced in this paper.

2.3 Mean values of the process

Let X t be the position of the walker at timet: It holds that

X t = X t � 1 + l t

To calculate the expected valueEX t it holds that

EX t = EX t � 1 + El t (9)

with
El t = 2Ept � 1: (10)

The expected transition probability Ept at time t can be calculated as

Ept = ( Ept � 1)2� + (1 � Ept � 1)(1 � (1 � Ept � 1)� )

Ept = 2Ept � 1� � � � Ept � 1 + 1 : (11)

Proposition 2. For 8t � 1; it holds that

Ept = (2 � � 1)t � 1~p +
1 � (2� � 1)t � 1

2
: (12)
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Proof. For t = 1 , equation 12 yields

Ep1 = ~p (13)

and for t = 2
Ep2 = (2 � � 1)~p +

1 � 2� + 1
2

= 2~p� � � � ~p + 1 ; (14)

which is in accordance with 11. Fort = t + 1 we get from 11

Ept+1 = 2[(2 � � 1)t � 1~p +
1 � (2� � 1)t � 1

2
]� � � � [(2� � 1)t � 1~p +

1 � (2� � 1)t � 1

2
] + 1

Ept+1 = 2 � (2� � 1)t � 1~p � � (2� � 1)t � 1 � (2� � 1)t � 1~p �
1 � (2� � 1)t � 1

2
+ 1

Ept+1 = (2 � � 1)t � 1~p(2� � 1) +
� 2� (2� � 1)t � 1 � 1 + (2 � � 1)t � 1 + 2

2

Ept+1 = (2 � � 1)t ~p +
1 � (2� � 1)t

2
and thus 12 holds for allt � 1.

Proposition 3. For 8t � 1; it holds that

EX t = (2~p � 1)
1 � (2� � 1)t

2(1 � � )
: (15)

Proof. For t = 1 equations 9, 10 and 13 yield (givenX 0 = 0 , i.e. the walker starts at the
beginning)

EX 1 = 2~p � 1

and for t = 2 (using 14)

EX 2 = 2~p � 1 + 2(2~p� � � � ~p + 1) � 1

EX 2 = 2 � (2~p � 1);

which is the same as the result when using 15. Assuming 15 holds fort we get fort = t +1
from 9, 10 and 12

EX t+1 = EX t + 2Ept+1 � 1

EX t+1 = (2~p � 1)
1 � (2� � 1)t

2(1 � � )
+ 2[(2 � � 1)t ~p +

1 � (2� � 1)t

2
] � 1

EX t+1 = (2~p � 1)(
1 � (2� � 1)t

2(1 � � )
+ (2 � � 1)t )

EX t+1 = (2~p � 1)(
t � 1X

i =0

(2� � 1)i + (2 � � 1)t )

EX t+1 = (2~p � 1)
1 � (2� � 1)t+1

2(1 � � )
:
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Figure 2: Comparison of random walks generated by the same random numbers for
di�erent starting probability ~p = 0 :8 and varying memory factor� .

2.4 Asymptotic behavior
Now let’s examine the situation fort ! 1 . From Proposition 2 follows that

Ept =
t !1

1
2

and from Proposition 3 that

EX t =
t !1

2~p � 1
2(1 � � )

:

In other words the memory introduced by the coe�cient � will in long term eliminate
the e�ect of the starting probability ~p and drag the transition probability to the value of
1
2: In a similar manner, the expected position of the walker will remain constant in the
long run, at the position given by

2~p � 1
2(1 � � )

:

2.5 Monte Carlo simulations
Monte Carlo simulations have been used to explore the asymptotic properties of the
random walk with variable transition probability and to compare it to the standard
random walk and to the random walk with memory introduced by Turban [4]. Figure
3 shows the expected position of the walker for the di�erent types of random walk1

1The case when~p = 0 :5 is trivial, as all three types converge to0. The standard random walk diverges
for 8~p 6= 0 :5 and is thus not showed.



Random Walks with Varying Transition Probabilities 147

0 20 40 60 80 100

0

10

20

30

E
X

(t
)

= 0.99, p = 0.80

Variable step size

Variable probability

Variable probability - computed

0 20 40 60 80 100

0

1

2

3

4

5

6

E
X

(t
)

= 0.90, p = 0.80

Variable step size

Variable probability

Variable probability - computed

0 20 40 60 80 100
t

0.0

0.2

0.4

0.6

0.8

E
X

(t
)

= 0.20, p = 0.80

Variable step size

Variable probability

Variable probability - computed

0 20 40 60 80 100

1.0

0.8

0.6

0.4

0.2

0.0

E
X

(t
)

= 0.99, p = 0.49

Variable step size

Variable probability

Variable probability - computed

0 20 40 60 80 100
0.30

0.25

0.20

0.15

0.10

0.05

0.00

E
X

(t
)

= 0.90, p = 0.49

Variable step size

Variable probability

Variable probability - computed

0 20 40 60 80 100
t

0.075

0.050

0.025

0.000

0.025

0.050

0.075

0.100

E
X

(t
)

= 0.20, p = 0.49

Variable step size

Variable probability

Variable probability - computed

Figure 3: Comparison of the expected position of the walker for di�erent starting proba-
bilities ~p and memory factor� . Blue dots are random walks with memory introduced by
Turban, green dash-dot lines represent random walks generated by the model introduced
in this paper and red line is the computed value ofEX t given by Proposition 3.

and di�erent values of starting probability ~p and memory factor � together with the
expected position of the walker given by Proposition 3. The expected values of transition
probabilities for di�erent ~p and � , both theoretical and observed, can be seen in Figure
4.

Finally, Figures 5 and 6 show the observed variance of the walker position and the
transition probabilities V ar(X t ) and V ar(pt ). These observations suggest that the vari-
ance of transition probability converges and does not depend on the initial probability
~p and the variance of the position of the walker diverges linearly with respect to both~p
and � .

3 Conclusion
In this paper, a novel approach to a random walk with memory was introduced and
the basic properties of such random walk were derived. Asymptotic properties were
also demonstrated using Monte Carlo simulations. It seems that there are many real
life application of such a model. The evolution of the score in some sports seems to
follow the rules introduced in this paper. The (out)performance of a new worker in a
company or the reliability of a machine could be another examples of real life applications
of the introduced model. However, further research has to be conducted to prove these
assumptions.
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Figure 6: Variance of the position of the walker.
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Abstract. Latest works show that quantum physics allows for new type of chaotic behaviour
without analogy in classical physics. This chaos is connected to quantum description of physical
state which is subject to nonlinear operation. The chaos has been analytically described in
particular set of pure two-qubit states subject to a particular protocol. We aim on investigating
chaotic evolution of mixed states which is beyond contemporary knowledge. We work with single-
qubit version of protocol originally designed to purify quantum entanglement. We reveal a new
phenomenon, half-attractiveness of quantum physical states. Our main result lies in concept of
box-counting dimension which is used to characterise structures of chaotic mixed states. We
show that the structure undergoes a phase transition where the purity of states plays the role
of temperature. These sudden qualitative changes of the structures are very surprising. Finally,
we also give quantitative characteristics of basins of attraction which indicate that number of
states that can be puri�ed by the protocol explodes exponentially with growing purity.
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Abstrakt. V nedÆvných £lÆncích byla objevena existence novØho typu chaotickØho chovÆní
kvantových systØm•, který nemÆ analogii v klasickØ fyzice. P°í£inou chaosu je samotný kvantový
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Klí£ovÆ slova:qubit, kvantovØ provÆzÆní, chaos

� This work was supported by the Grant Agency of the Czech Technical University in Prague, grant
No. SGS16/241/OHK4/3T/14 and the Hungarian National Research, Development and Innovation
O�ce under Contract No. K124351.

151



152 M. Malachov

1 Introduction
Quantum information and computation o�er great improvements to classical tasks. Quan-
tum entanglement is one of phenomena that is widely exploited in newly proposed al-
gorithms. However, it su�ers form decoherence that cannot be in principle eliminated.
Processes aiming on repairing the entanglement are called puri�cation protocols. One of
them proposed [2] and generalised [1] lately sacri�ces a copy of a piece of information to
repair another copy. These exponential costs have to be taken into account for multiple
iterations and they are the reason to seek improvements to the protocol. The particular
protocol has been shown to induce chaotic behaviour in a special set of pure states.

This type of chaos in the sense of the sensitiveness of the state’s evolution to initial
conditions has no analogy in classical physics. It is also di�erent from so called quantum
chaology (which studies quantum systems corresponding to classically chaotic systems)
because the chaos is rooted deeply in the mathematical description of the quantum reality.
The reason for this chaotic feature lies in nonlinear maps which can be generally found
in physics of open quantum systems but these have not been yet studied. We now aim
on showing that the dynamical regimes can be very interesting, rich and surprising.

Because of the complex and intricate nature of the topic we study single-qubit version
of the protocol acting on general mixed states. The single-qubit states can be isomorphi-
cally mapped onto a particular set of two-qubit states. This allows for reinterpretation
of our results to protocol capabilities regarding entanglement puri�cation. We propose a
new method to characterise chaotic dynamics inside the Bloch sphere based on study of
states that are sensitive to initial conditions. These states form an interesting structure
which we characterise in the parameter space of the physical system using concept of box-
counting dimension. After explaining the method and we present our main observation.
We �nd that the structure of chaotic states undergoes a phase transition with respect to
purity of the initial states.

Additionally, we show that the relative amount of states of given initial purity that
converge to the mixed attractor increases with lowering purity. This �nding can be
interpreted in terms of puri�cation capabilities of the protocol; this puri�cation is meant
as increasing the purity of the state here but in two-qubit reinterpretation it manifests
in entanglement puri�cation capabilities.

2 Chaos and quantum systems
The nonlinear map acting on mathematical representation of a physical system is the
crucial point of our research. General nonlinear maps in quantum physics can be studied
only in open systems, because closed system evolve unitarily. In this mode it is impossible
to implement expanding or contracting maps. And it is exactly the expanding property
that is responsible for the sensitivity to initial conditions, i.e. chaos.

If we would like to examine general nonlinear operator acting on two qubits we would
need theory for 15 functions of 15 real variables. Therefore, we choose single-qubit pro-
tocol version where three real variables are dealt with. Nevertheless, we remain beyond
scope of mathematical books. In this setting we will �nd many phenomena familiar to
classical nonlinear dynamics [6] and theory of complex functions [5]. Amongst these are
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fractal structures and attractiveness/repulsiveness in certain directions.
The nonlinearity in our protocol is result of interaction of two qubits mediated by

measurement-based modi�cation. This is experimentally implemented via CNOT gate
which determines computational base of a qubit(j0i ; j1i ), whole this paper is set into this
basis. The CNOT gate is also responsible for the nonlinearity of the protocol. For the
detail discussion of the protocol, its construction and physical realisation see [1, 2, 3, 4];
in following text we only present crucial shards of information.

2.1 Protocol iteration
The original puri�cation protocol is constructed to act on two-qubit states but it can
be generalised to act an other systems. We choose single-qubit system because of two
reasons. The system is simpler but it still goes beyond accessible knowledge as already
mentioned. And we can show that the single-qubit states can be mapped to a class
of two-qubit states in a way that preserves all physical characteristic and the evolution
function. Our examination of single-qubit mixed states than can be easily reinterpreted
for that particular set of mixed entangled states.

Let us take the most general single-qubit state and we shall parameterise it in following
way with respect to computational basis:

� =
1
2

�
1 + a b� ic
b+ ic 1 � a

�
; a; b; c2 R : a2 + b2 + c2 � 1 (1)

where the conditions ensure that the state is physical. The protocol action on the state
given by triplet (a; b; c) yields state with (a0; b0; c0):

(a0; b0; c0) = F (a; b; c) =
�

b2 � c2

1 + a2 ;
2a

1 + a2 ;
� 2bc
1 + a2

�
(2)

The evolution function stirs the states wildly inside the interior of Bloch ball while the
surface, the Bloch sphere is invariant. Pure state can be characterised with a complex
number j i = (1 + jzj2)� 1(j0i + zj1i ) and its evolution is expressed via functionf (z) =
1� z2

1+ z2 , for details see [4, 3]. Asymptotic dynamics of a pure state has only two possibilities:

� state belongs to the Fatou set of evolution functionf , therefore it is attracted to
superattractive cyclej0i $ 1=

p
2(j0i + j1i );

� state belongs to the Julia set off , which means it evolves chaotically. The set is a
fractal formed by border of the basins of attraction that belong to di�erent parts
of the pure cycle. This regime also contains �xed unstable states.

For mixed states we �nd following new additional possibilities of asymptotic evolution:

� state converges to new attaractor� 0 = 1
2

�
1 0
0 1

�
, the maximally mixed state;

� state converges to half-attractive mixed cycle(0:295598; 0; 0) := ( a0; 0; 0) � � a $
� b � (0; b0; 0) := (0 ; 0:543689; 0) or half-attractive pure state � 2 � (a2; b2; 0) =
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(b0;
p

1 � b2
0; 0); the numbersa0; b0 can be determined analytically by solving equa-

tions � 00= � . States in this regime are sensitive to initial conditions, perturbation
can de�ect them to either of attractors. State� 2 is even guaranteed to be chaotic in
the pure states dynamics. Now we also (numerically) �nd it is attractive for certain
set of mixed states.

The last possibility is very interesting because it suggests that the state can be re-
sistant to certain types of perturbation (and sensitive to others). Generally, this e�ect
can have relevant impact on experimental usability of some general nonlinear protocols.
These �nding were obtained from numerical computations, now we give analytical clues
that state � 0 is indeed an attractor and cycle� a $ � b is half-attractive. To do this we
evaluate two protocol iterations.

a00= 4
a2 � b2c2

(1 + a2)2 + ( b2 � c2)2 ; b00= 2
(1 + a2)(b2 � c2)

(1 + a2)2 + ( b2 � c2)2 ; c00= 8
abc

(1 + a2)2 + ( b2 � c2)2

(3)
and consider regime of small perturbations to state� 0 by setting jaj; jbj; jcj < 1=8.
Within this regime each state is forced to converge to� 0 in sense of converging se-
quencesa(n) ; b(n) ; c(n) . Their convergence is not necessarilly monotonic but it is mono-
tonic when the protocol is applied pairwise. To give clues to half-attractiveness of
� a $ � b we consider also two iterations of the protocol and regime of small pertur-
bations a := a0; b := 0 ; c = 0 . Using Taylor series we �nda00ja= a0 ;b= " = a0(1 � b4 + O(b8)) :=
a0; jb00jj a= a0 ;b= " =

��� 2b2

1+ a2
0

� O (b6)
��� < jbj wheneverjbj < 1=2. The cycle is therefore resistant

to perturbation satisfying particular relations in a; b. This relation basically determines
a curve in planec = 0 , we see in �gure 3 that this curve runs throughc = 0 plane
and separates attractor basins of the mixed and the pure attractors. The relation is
very complicated and we have not succeeded in expressing it. Repulsiveness of the cycle
can be viewed when considering states(t; 0; 0) or (0; t; 0); t 2 h0; 1i subject to two itera-
tions. In these invariant sets of states repulsiveness is proven analytically via derivative
of evolution function t ! t00.

Particular plane of statesc = 0 is important for several reasons. It captures all
asymptotic features of mixed states because all states (up to negligible set not capturable
by numerical calculations) approach this plane; inside this plane they are evolved to the
positive-positive quadrant because of the squaring in 2. All critical states are found in
this quarterdisc and the attractiveness inside this disc is clearly presented in 3.

2.2 Box-counting method and chaos description
We remind the chaotic behaviour can be described analytically on the Bloch sphere which
can be identi�ed with the Riemann sphere which is conformal to complex plane, state and
its evolution are then described by single numberz 2 C and function z ! z0 = 1� z2

1+ z2 . This
function can be examined using theory [5]. The main feature is that the chaotic states are
con�ned to a peculiar fractal structure with deterministically chaotic evolution. Such tool
is not available for mixed states. However, we develop a new method of characterising
the chaotic evolution in mixed states based on the pure states analysis. We notice that
the states 1 with the same purityP are spheres. We identify these states with a plane
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using stereographical projection

P =
1 + a2 + b2 + c2

2
; x =

b
1 + a

; y =
c

1 + a
(4)

Identi�cation with a complex plane does not yield evolution function which can be anal-
ysed using theory [5] unlessP = 1 . We stay with the two-dimensional real plane and
calculate evolution numerically. After determining asymptotic evolution of the states in
the plane, we assign them a colour based on attractor they converge to. In this way we
obtain an image we will refer to asattractor map. We stress that one such map is created
for chosen purity valueP and illustrate asymptotic evolution of states that initially have
purity P . The evolution typically brings states away from their initial sphere but in this
way we can analyse what asymptotic regimes are and are not available depending on the
mixedness of the state.

In the attractor maps we �nd areas of the same colour which are cuts of basins of
attraction of attractors. In other words, the islands are states with regular behaviour.
On contrary, states forming the borders of these islands are necessarily chaotic because
perturbations can de�ect them to one or another attractor meaning the states are sensitive
to initial conditions. We state that we are going to study the particular structure of
borders of attractor islands in attractor maps. This structure in pure state case collapses
to fractal structure shown in [4] (the existence and properties are guaranteed by theory).
There is a measure capable of characterising the fractalness of the structure, it is the
fractal dimension, also known as Hausdor� dimension:

Statement 1. Dimension D of an objectY � X in metric space(X ; � ) is

D = lim
" ! 0

min
logN"

log 1
"

; (5)

where N" is number of open sets covering the objectY , the minimum is taken over all
possible coverings with open sets of diameter< " .

This quantity captures how �ner the structure gets when we study it in �ner and �ner
scales. Nonetheless, it is impossible to determine it for general objects. Therefore, we
use following concept ofbox-counting dimensionwhich relieves the de�nition to estimate
the dimension numerically. The method is described in many similar but not same ways,
e.g. like in [6] and for its fundamentally simple approach we develop it on our own in
MATLAB interface as described later. The crucial idea of the box-counting concept lies in
taking boxes instead of challenging all possible coverings. Bypassing the minimum across
all possible coverings increases the dimension estimate but allows to easily numerically
determine number of covering boxes. We use pictures of fractals which we cover with
rigid grid of m � m squares which is in contrast with [6] where �oating boxes are used.
Second idea simulates the limit" ! 0 by taking boxes of smaller and smaller size, in
other words m increasing to the resolution of the picturen pixels. Although we can
reach only " = n=m � 1 the dimension estimate remains reliable when pictures of high
resolution are used. It is because we use another idea: from the 1 we can see that the
dimension is a slope of line formed by points[logm; logNm ] in limit m ! 1 . As this
limit is simulated we conclude that the method is implemented in following steps: We
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choose purity of initial statesP . We create attractor map (as described earlier) of the
states. This map of resolutionn � n is then cut into m � m boxes for all possiblemjn
and number of covering boxesNm is determined. The dimension is gained as the slope
of line �tted by least squares method through points[logm; logNm ].

This approach naturally has several pitfalls. If the box structure coincides with the
structure of our interest, it cannot capture the structural character properly, especially
when the structure is curve, in pathological case like the model of Sierpinski carpet in
�gure 1 the method fails. The setting of the object in the picture (and in consequence
its setting in the box grid) has important in�uence on the resulting value, see �gure
1. Last important caveat lies in the �nite resolution of used pictures. These inherently
cannot capture in�nitely recurring fractal structure but can only approximate it. That
is the reason to use images with high resolution. However, when the number of boxes is
large m � n each box captures only few pixels which do not contain proper structural
information. In consequence, we cannot use high values ofm to �t the dimension because
they underestimate the value. Also, for low values ofm a single box contains large pieces
of object and does not capture �ne details. Aware of these issues we suggest to use
various pictures of the object and decide image from image proper values ofm to �t the
dimension of the structure. We ’calibrated’ the method on basic structures to be more
reliable but still the method can yield value precisely only to �rst, maximally second
decimal digits. Avoiding pathological objects we conclude the dimension of the structure
can give indicative estimate of its fractalness but not precise value. Besides, no other
method of characterising the structural features exists.

Figure 1: Simpli�ed
model of the Sierpinski
carpet simulates �nite
resolution of pictures
and also demonstrates
position dependence of
the box grid. A level
�ner grid cannot capture
border of grey-white.

3 Chaotic dynamics in single-qubit mixed states

3.1 Phase transition in the structure of chaotic states

In �gure 2 we illustrate the structure of chaotic states on a sphere within mixed states.
From the numerical calculations we immediately make following conclusion. For purity
P = 1 � " ; " > 0 arbitrary, there are states converging to the mixed attractor. However,
visually the structure is very similar to structure of pure states. In order to qualify the
structure we use the box-counting method to �nd the dimension of the borders of the
coloured island in these images.
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Figure 2: Example of attractor map for ini-
tial purity P = 0 :9. Colour coding of at-
tractors is same in both �gures 2,3: white
colour marks states converging toj0i af-
ter even number of protocol iterations and
bright grey states converging toj0i after
odd number of iterations; grey colour marks
states converging to the mixed attractor;
dark colour stand for nonphysical states.
Only positive-positive quadrants are shown
because of central symmetries.

Figure 3: Evolution in quarterdisc ofc = 0
plane. The arrows symbolise ’the attrac-
tive forces’ - how fast does a state converge
to its attractor when two(!) protocol itera-
tions are used. When the attractive forces
of the attractors compensate on the bor-
ders of the grey-scaled regions, the states
can be attracted to the saddle states marked
with half-�lled circles. The attractive states
are marked with �lled circles, the repulsive
state with an empty circle.

Results con�rm that the fractal structure can be preserved in the mixed states. This
is surprising result because mixedness means statistical uncertainty of the physical state.
Presence of this uncertainty does not necessarily change the evolution to some trivial
regime. Even more surprising is the fact that the dimension remains constant in regime
P = 1 � " which means that the fractal structure is the same.

The most important result is obvious when we plot the dimension of the structure of
chaotic states of chosen initial purityP with respect to this purity. From 4 we can see
that the dependence is essentially a phase transition. The structure is the phase and it
is in modefractal when the purity of states is in rangeP 2 (P1; 1i . Value P1 numerically
coincides with purity of state

� 1 =
1
2

�
1 + a1 1 � a1
1 � a1 1 � a1

�
; a1

:= 0 :3611 ! P1
:= 0 :769292 (6)

which is a repulsive �xed state also shown in �gure 3. The valuea1 can be determined
analytically solving � 0 = � . It seems that this state is the least pure source from which
the fractal structure grows. For lower purity, the structure of states that initially have the
chosen purity and exhibit sensitivity to perturbations has dimension 1, i.e. isnonfractal.
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Figure 4:
The fractal
structure of
chaotic states
is a phase,
its dimension
transits sud-
den changes
when the
temperature
(the purity)
changes.

This means that the structure is formed by union of ’common’ curves. Another transition
in structure happens at the purityP0 of � a de�ned earlier as a part of half-attractive cycle.
This value is equal toP0 = 1+ a0

2 = b0
:= 0 :543689. The state � a is the least pure state

which does not converge to the maximally mixed state� 0. This implies that for P < P0
there is no structure of chaotic states.

We interpret the sudden change of the fractal dimension when the purity of the initial
states is changed as phase transition. The reason is that the structure of chaotic states
is not some abstract mathematical construction but truly a phase with its own physical
properties, namely exponential sensitiveness to initial conditions, i.e. chaos.

3.2 Quantitative characteristics of attractor basins
The dimension of the structure is its qualitative characteristic and the phase transition
expresses that there is single fractal structure changing to nonfractal and than disap-
pearing suddenly. The fact that the fractal structure has its dimensionD := 1 :56 means
that the structure has zero area but in�nite length. The dimension expresses the self-
similarity and complexness of the structure. In contrast, the nonfractal structure after
the transition has �nite length. While in preceding subsection we have demonstrated the
qualitative properties of the structure of chaotic states, now we have discussed also its
quantitative properties.

However, we also present certain quantitative properties of the attractor basins. This
structure is formed by points of regular behaviour and in the attractor maps it is formed
by coloured islands themselves (not their borders like before). We now want to determine
relative amount of states drawn to each attractor. To do this we express the sphere of
states as a matrix of elemental areas in spherical coordinates and we assign to an attractor
all elemental areassin#� #� ’ for each state� ’; # that converges to it. By omitting
the radius of the sphere we obtain percentage of states of chosen initial purity converging
to this and that attractor.

The dependence of relative areas is shown in �gure 5. Numerically �tted, it is piecewise
composed of exponential functionsA = exp( � i P + � i ) + 
 i . The parameters undergo
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Figure 5: Parti-
tion of states with
chosen initial pu-
rity that converge
to the mixed
attractors. Curve
is formed by
piecewise expo-
nential functions
e� i P + � i + 
 i .

sudden changes, not only in points of phase transition studied before but also other purity
values which numerically match with appearance of other sources of fractal structure, i.e.
points where the fractal visually emerges from. The quantitative description of attractive
basins (more precisely their cuts with hyperplanes of states if constant initial purity) is
more complex in purity than the quality of structure of chaotic states. We can interpret
the exponential dependence in following sense: Relative amount of states that are not
puri�ed by the protocol exponentially explodes as the purity is lowered. This time we use
term puri�cation for making a state less mixed, in two-qubit protocol version this leads
to analogous statement about puri�cation of entanglement.

4 Conclusion and outlook
When we step outside the unitary dynamics of quantum system we can come across
irregular dynamics exhibiting sensitivity to initial conditions. This type of chaos goes
far beyond classical physics. As a result of quantum description of physical system it
can manifest in interferences or have no analogy at all. The physics of quantum open
systems is at its very beginning concerning the chaos in quantum states. Although the
theoretical tools demonstrated its presence in pure states subject to particular protocol,
it was not clear whether same chaos is present in mixed states which contain uncertainty.
Our study shows that this uncertainty is not necessarily ampli�ed during the evolution
and even mixed states can be puri�ed and they can be chaotic.

The phase transition presented in our work is not only some abstract mathematical
construction but has its physical meaning and properties. The phase is the structure
of chaotic states which is understood via its dimension. The temperature is the purity
of the initial states which is capable of measuring statistical uncertainty of the physical
state. The transition of phase vs. temperature then means sudden dramatic change
of the structure of chaotic states of given initial purity. This transition can hardly be
experimentally measured because the dimension of the states is stillD < 2. Therefore,
the experimental chance to prepare such state is also negligible. In contrast to this jump
from fractal to nonfractal structure, the jump from nonfractal to no structure means that
no state can experimentally exhibit sensitivity to initial conditions. All states with purity
P < P0 are doomed to converge to the maximally mixed state under our protocol.
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While the dimension gives qualitative description of the structure, we also presented
certain quantitative characteristic of the evolution of the mixed states by means of areas of
attractor basins captured by attractors within states of chosen purity. We demonstrated
that the relative number of puri�able states is reduced exponentially with decreasing pu-
rity. Nevertheless, the exponential function changes its parameters with the temperature
yielding more complex dependence behaviour than the qualitative characteristics.

The presented results describe dynamics within mixed single-qubit states. There
is an isomorphism between the single-qubit mixed states and a particular set of two-
qubit states that preserves evolution and all physically relevant properties of the state.
In consequence, these results are also valid for these particular two-qubit states when
properly interpreted.

The fact that the structure of chaotic state undergoes a transition ’fractal$ nonfractal
$ none’ means that the amount of chaotic states is qualitatively and also quantitatively
di�erent. The exact nature of the evolution of these states remains unclear because
numerical simulations show half-attractive behaviour of certain states (we remark in pure
states the theory guarantees deterministic chaos in Julia set of the evolution function).
This newly-found property could possibly manifest in experiments. The question we settle
now is: What type of chaos can quantum physics allow? What regimes are forbidden by
quantum description of the world? The fractal shapes can be possibly change when the
protocol is modi�ed. When the Hadamard gate is replaced by another protocol, we can
encounter di�erent chaotic patterns and di�erent attractors. We suggest detailed study
of the protocol modi�cation. We believe the nonlinear dynamics in quantum physics is
unusually rich and exotic and has many to o�er.
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Abstract. Quantum walk is a simple abstract model of an excitation spreading in some envi-
ronment represented by an undirected graph, where the state and the evolution of the system
are described by quantum physics. Therefore, quantum walks can be used for simulation of
various quantum systems. In this work, we investigate a percolated version of a quantum walk,
where the graph undergoes a continuous change during the evolution.

We use our previous general results to determine asymptotic transfer probabilities of an
excitation from some given initial vertex to a sink vertex for several examples of 3-regular graphs.
First we demonstrate our methods on one of the simplest graph representing a spatial structure
- the cube graph. Further we investigate tree graphs and present a closed-form expression for
the transfer probability on a class of "snow�ake" graphs of arbitrary size.

Keywords: quantum walks, percolation, transfer, asymptotic behaviour

Abstrakt. KvantovÆ prochÆzka je jednoduchý model †í°ení excitace v prost°edí reprezento-
vanØm neorientovaným grafem, kde je stav a vývoj systØmu popsÆn pomocí kvantovØ mechaniky.
KvantovØ prochÆzky tedy mohou slo”it k simulaci kvantových systØm•. V tØto prÆci se zabývÆme
kvantovými prochÆzkami s perkolací, kde podkladový graf podlØhÆ nep°etr”itØ zm¥n¥ p°i £asovØm
vývoji systØmu.

Pou”ívÆme zde na†e p°edchozí výsledky ke stanovení asymptotickØ pravd¥podobnosti p°enosu
excitace z danØho po£Æte£ního vrcholu do koncovØho vrcholu pro n¥kolik p°íklad• 3-regulÆrních
graf•. Nejprve demonstrujeme na†e metody na jednom z nejjednodu††ích graf• p°edstavujících
prostorovØ t¥leso - na grafu krychle. DÆle zkoumÆme stromovØ grafy a dochÆzíme k výrazu pro
pravd¥podobnost p°enosu na t°íd¥ graf• "sn¥hových vlo£ek" libovolných velikostí.

Klí£ovÆ slova:kvantovØ prochÆzky, perkolace, p°enos, asymptotickØ chovÆní

1 Introduction
Even without quantum computers capable of outperforming the classical ones, there is a
need for understanding quantum e�ects in various systems. Since the number of classical
bits needed to simulate a certain number of qubits grows exponentially, it is intrinsically
di�cult to simulate a quantum system on a classical computer. Fortunately, one does
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not need a universal quantum computer to deal with this problem. We may just use
some other quantum system, which we are able to controll and measure, and use it as a
quantum simulator [1] to gain insights about another system of interest. The model of
quantum walk can be used just for this purpose. An example of this can be the realised
simulation of two-particle dynamics by a 1-walker quantum walk in a 2-dimensional lattice
[2].

In our previous work [3], we have presented some general solutions of the asymptotic
behaviour of percolated coined quantum walks on general and in particular 3-regular
graphs. Now we apply these �ndings in the study of an asymptotic transfer of an exci-
tation in chosen graphs and classes of graphs. In the whole work we use our modi�ed
framework for de�ning coined quantum walks. We shortly introduce this framework and
recapitulate the previous results (without derivations) so that we can use them further.

2 Coined Quantum Walk De�nition
The quantum walk is de�ned on an undirected graphG(V; E), where V is the set of
vertices andE is the set of edges. We callG the structure graph of the quantum walk.

The Hilbert Space
The walker is described as standing in some vertex facing towards some other vertex. We
associate with the structure graphG a directed graphG(d)(V; E(d)) called the state graph.
Every undirected edge in the structure graph corresponds to two directed edges of the
state graph and these directed edges correspond to base states of the walker. The Hilbert
spaceH is, therefore, spanned by statesje(d) i , where e(d) 2 E (d) is some directed edge.
Apart from edges going from one vertex to another, the state graph may also contain
added loops. (Those may be used to assure regularity of the state graph.)

We will denote subspaces spanned by states corresponding to edges originating in
some vertexv 2 V as H v. The Hilbert spaceH of a quantum walk can than be written
as a direct sum of vertex subspaces:H =

L
v2 V H v.

The Time Evolution
The time evolution proceeds in discrete steps and is governed by a unitary evolution
operator U:

j (t + 1) i = U j (t)i = Ut+1 j (0)i :

The operator U can be further decomposed into applications of three unitary operators:

U = CPR:

HereR is what we call a re�ecting shift operators and it moves the walker among vertices
- every state is mapped to the other one on the same undirected edge (the initial and
the terminal vertex are swapped) or it is left unchanged in the case of loops. Further,
the local permutation operatorP is applied. It is a permutation operator that only acts
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locally in vertex subspaces and determines the �nal direction of the walker in the new
vertex. The combined action ofR and P represents a so called shift operator. Finally,
there is the coin operator, which is an arbitrary vertex-local unitary operation.

Percolated Quantum Walk

By percolation we understand a random disturbance of the underlying structure graph
resulting in some broken edges that can not be traversed by the walker. In particular, we
will study dynamical percolation, where a new percolated graph (graph obtained from
the original structure graph by closing some edges) is generated in every step of the walk.
(An edge can, therefore, be closed in one step and open in the following step.)

The Hilbert space is not a�ected by the percolation, but directed edges corresponding
to a closed undirected edge are replaced by loop. Consequently, the re�ecting operator
RK (corresponding to some con�guration of open edgesK � E ) does not move the walker
over a broken edge.

The coin operatorC and the local permutationP are not a�ected by percolation.

3 Asymptotic Evolution of Percolated Quantum Walks

The process of percolation brings classical randomness into the system and we now use
a density matrix to describe the state of the walk. The time evolution is now governed
by a random unitary operation:

� (t + 1) =
X

K � E

� K UK � (t)Uy
K ;

where UK is the evolution operator with the modi�ed re�ecting shift operator RK cor-
responding to the particular percolated structure graphGK (V; K ) for K � E and � K is
the probability of the occurrence of this con�guration.

The asymptotic behaviour of a system with such time evolution is studied in [4]. The
asymptotic state is determined by so called attractors � solutions of the set of equations:

UK X � Uy
K = �X � ; for all K 2 2E ; (1)

for some given� ful�lling j� j = 1 .
The asymptotic state (the limit for in�nitely many steps) of a percolated quantum

walk is than given as [4]:

� t !1 (t) =
X

�;i

� tTr
�

� (0)X y
�;i

�
X �;i ;

where i distinguishes di�erent attractors for the eigenvalue� in the orthonormal basis of
the solutions of (1) and� (0) is the initial state of the quantum walk.
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Pure Eigenstates Ansatz
In many cases it is possible to use a simpler approach [6] for �nding the set of attractors
using common eigenstates of all unitary operatorsUK :

UK j� �;i i = � j� �;i i ; for all K � 2E ; (2)

with a corresponding eigenvalue� (i distinguishes di�erent common eigenstates corre-
sponding to � ). Then the operator:

Y� =
X

�� � = �

A �;i
�;j j� �;i i h� �;j j

is an attractor corresponding to the superoperator eigenvalue� = �� � . It is common
that the whole set of attractors can be constructed from these so called p-attractors
and a single non-p-attractor resulting from the identity operator. We have shown in
the previous work that this is the case for a percolated quantum walk with the grover
coin on a 3-regular graph with the re�ecting shift operator (the local permutationP is
the identity) or cycling shift operators (in every vertex, P can act as a clock-wise or
counter-clock-wise permutation).

4 Percolated Grover QWs on 3-regular Graphs
Here we will consider both true 3-regular undirected structure graphs (leading immedi-
ately to 3-regular state graphs) and structure graphs with some vertices of lower degree,
where we add some loops in the state graph to assure 3-regularity.

We use the 3-dimensional Grover coin in every vertex:

G3 =
1
3

2

4
� 1 2 2
2 � 1 2
2 2 � 1

3

5 :

We have dealt with the asymptotic behaviour of such walks in the previous contri-
bution. Here we restrict ourselves to uantum walks with the re�ecting shift operator
(the local permutation P is the identity), which exhibit an interesting phenomenon of
trapping.

Common Eigenstates
Since there are only p-attractors and the identity attractor for this percolated quantum
walk, the task of �nding the asymptotic state reduces to �nding the set of common
eigenstates of all evolution operators. There is always one p-attractor corresponding to
the eigenvalue 1, which has all the matrix elements the same. The interesting part are
the attractors corresponding to -1, where the condition (2) ultimately leads to two rules
for the common eigenstates:

1. The sum of vector elements in one vertex must be equal to 0.
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2. Vector elements corresponding to directed edges on one undirected edge must be
the same.

It can be shown that the equations are independent except from the case of a bipartite
structure graph. Then there areN = 2# V � # E common eigenstates corresponding to
the eigenvalue -1. If the graph is bipartite, one of the equations can be obtained from
the others and the number of independent common eigenstates isN = 2# V � # E + 1 .

It is possible to construct a non-orthogonal basis of the subspace of common eigen-
states in such a way that all the matrix elements are 1, -1 or 0. (This is no longer true
after orthogonalization.) Then the common eigenstates can be represented as paths of
non-zero elements in the graph, which are either closed or start and end in loop states.
(Due to the zero-sum condition, only two elements in every vertex can be non-zero, so
there is no branching.) As a result, the common eigenstates are typically restricted to
some subset of vertices and the walker can be trapped in some part of the graph.

Asymptotic Transport

We study a scenario where the walker starts in some given vertex and there is a sink in
some other vertex. Whenever the walker enters the sink vertex, he is lost in the sing.
This means that the state of the system is projected to a subspace of non-sink states
after every step of the walk.

We ask, what is the probability of the walker moving from the initial vertex to the
sink (excitation transfer) versus the case of the walker staying trapped in the non-sink
vertices of the graph.

If we have the common eigenstates of the percolated walk and we orthogonalize them
in such a way that we �rst use the sates with no sink overlap (preserving this property in
the maximal number of states after orthogonalization), we can determine the asymptotic
transfer probability easily. We just exclude the common eigenstates with sink overlap and
the probability of trapping is given by the overlap of the initial state with the remaining
common eigenstates.

5 Example: Percolated Grover QW on a Cube

One of the simplest examples of 3-regular graphs is the cube. Let us position the cube
in a coordinate system as shown in �gure 1. Every vertex has one edge in the direction
of every axis and we use this to denote states of the walk - the computational basis is
chosen in the orderex ; ey; ez in every vertex.

The graph is bipartite and has 8 vertices and 12 edges. Therefore, we must �nd
N = 16 � 12 + 1 = 5 common eigenstates corresponding to the eigenvalue -1. The
cube has 6 faces with even number of edges and we simply choose 5 of those and use
common eigenstates corresponding to cycles on these faces (denoted as "down", "left",
"back", "right", "front"). For example the eigenstate on the left edge will be:j ( � 1)

l i =
[� 1; 0; 1; � 1; 0; 1; 0; 0; 0; 0; 0; 0; � 1; 0; 1; � 1; 0; 1; 0; : : : ;0]T . The only common eigenvector
for the eigenvalue1 has all elements equal:j (+1) i = 1p

24[1; 1; 1; : : : ;1]T .
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Figure 1: Coordinates on the cube graph. The vertex numbers are chosen so that they
correspond to binary numbers given by coordinateszyx. We denote faces by their position
so for example the left face has verticesv0; v1; v5 and v4.

Further calculations are performed using Wolfram Mathematica software, which al-
lows for symbolic solutions. Overall, we obtain a complete set of 37 attractors, 10 cor-
responding to the eigenvalue -1 and 27 corresponding to +1 allowing us to calculate the
asymptotic regime when an initial state is given.

The sink is located in the vertexv7 and the initial state is always localised in the vertex
v0. The common eigenstates with no sink overlap correspond to the "down", "left", and
"back" faces. Depending on the initial state, the transfer probability ranges from 70 % to
100 %. The full transfer occurs exclusively for the initial statej 0i = 1p

3 [1; 1; 1; 0; : : : ;0],
because it is orthogonal to all trapped common eigenstates with no overlap with the sink:
j ( � 1)

d i ; j ( � 1)
l i and j ( � 1)

b i . States with the minimum transfer are linear combinations of
the states:

2

4
� 1
0
1

3

5 ;

2

4
� 1
1
0

3

5 : (3)

Obviously, if the walker begins for example in the statej ( � 1)
d i , he will stay trapped in

that state and the transfer probability will be 0, but this state is not localised in the
vertex v0 at the beginning.

This kind of asymptotic trapping has already been shown in [7] for a quantum walk
on a line with a coin state corresponding to no movement of the walker ("lazy quantum
walk"). Our result demonstrates that the trapping is not associated with the presence o
these no-movement states, but rather with the presence of vertices of the degree higher
than two.

We also investigate (numerically) the transfer probability in the non-percolated version
of the re�ecting quantum walk on a cube graph. Obviously, the common eigenvectors
present in the percolated version are also eigenvectors for the non-percolated walk, so
the trapping is again present for most of the initial states. Nevertheless, more trapped
eigenvectors can be identi�ed. There are eigenstates corresponding to the eigenvalue -1
similar to

n
j ( � 1)

i i
o

i 2f d;l;b;r;f g
. The di�erence is that the values 1 and -1 of the elements

oscillate on the level of directed edges. (There is no condition requiring the elements
corresponding to the same undirected edge to be the same.) For example the eigenvector
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Figure 2: Numerical simulation of Grover quantum walk on a cube graph with a re�ecting
shift operator: without percolation, initial states j 0i = 1p

3[1; 1; 1; 0; : : : ;0] (blue circles)
and j 0i = 1p

2 [1; � 1; 0; 0; : : : ;0] (purple squares) and with percolation , initial states
j 0i = 1p

3 [1; 1; 1; 0; : : : ;0] (yellow diamonds) andj 0i = 1p
2 [1; � 1; 0; 0; : : : ;0] (green tri-

angles). The horizontal axis shows the step of the walk and the vertical axis cumulative
transfer probability.

corresponding to the left face is:

j� ( � 1)
l i = [ � 1; 0; 1; 1; 0; � 1; 0; 0; 0; 0; 0; 0; 1; 0; � 1; � 1; 0; 1; 0; : : : ;0]T :

The vector j 0i = 1p
3[1; 1; 1; 0; : : : ;0] is again orthogonal to all the trapped eigenstates

and therefore is fully transferred. The minimum transfer probability is again for linear
combinations of the states (3). Nevertheless, the transfer probability is only 40 %, so the
chance of trapping is doubled compared to the percolated walk. This is associated with
the presence of the other set of localised eigenvectors.

Results of a numerical simulation are shown in �gure 2. We can see that the per-
colated walk converges to higher asymptotic transfer probability for the initial state
j 0i = 1p

2 [1; � 1; 0; 0; : : : ;0].

6 Example: Percolated Grover QW on Tree graphs
A class o graphs with some interesting properties are tree graphs - graphs with no cycles.
Let us now consider 3-regular tree graphs. In fact, an undirected structure graph can not
be a 3-regular tree graph, but we add loops in the state graph to achieve the 3-regularity.

The tree structure makes the construction of the set of p-attractors easy. The common
eigenstate corresponding to the eigenvalue 1 is trivial (all vector elements are the same).
For the eigenvalue -1 we need to �ndN = 2# V � # E common eigenstates. A tree graph
with # V vertices has exactly# E = # V � 1 undirected edges and therefore2# E paired
directed edges and �nally the remainder of3# V � #2 E = 2# V � # E + 1 loops.

We can just choose one loop as a starting one and construct independent common
eigenstates as paths from this loop to all other loops. Nevertheless, the common eigen-
states have to be orthogonalized while keeping in mind that the eigenstates with no sink
overlap have to be used �rst in the Gram-Schmidt process.
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Figure 3: Snow�ake graphs of the order 1, 2 and 3. The walker starts in the middle
vertex and the sink vertex is not �lled. The common eigenstates correspond to paths in
the graph depicted by lines. The dotted-line states have an overlap with the sink and
therefore will be removed from the asymptotics. The dashed-line states are crucial since
those have no overlap with the sink and have an overlap with the initial vertex. In the
orthogonalisation, we start with the solid-line states (no overlap with the sink or the
origin), then we use the dashed-line states and the dotted-line states must be added last.

"Snow�ake" Graphs

Let us consider a class of tree graphs recursively generated in the following way: The
graph of the order 0 is just one vertex with three loops. The next order is obtained by
replacing every loop by an edge leading to a new vertex with two loops.

Let us now investigate trapping in these graphs with the walker starting in the middle
vertex and with a sink in one of the border vertices. The asymptotic transfer is given
by the presence of trapped common eigenstates of the eigenvalue -1. A possible choice of
those (before orthogonalisation) is shown in �gure 3.

After orthogonalisation, we have only two common eigenstates with an overlap with
the original vertex and no overlap with the sink (only one for the order 1). Let us denote
them as jT1i (spanning only the two branches without the sink) andjT2i spanning the
whole graph without the sink vertex. Those are the only ones contributing to the trapping.
The amount of trapping is given by an overlap of the initial state with these two states.

The state jT1i is very symmetrical and we will describe it asjt1 ip
N1

, where jt1i is the
state scaled to natural numbers. The statejt1i has elements2k and � 2k in the initial
vertex and the values are halved in every branching with also gaining the -1 phase.

Let us also denotejT2i = jt2 ip
N2

. The state jt2i has elements2k , 2k and � 2k+1 (on the
sink branch) in the initial vertex. On the non-sink branches it is similar tojt1i , but the
corresponding elements in the two branches have equal signs. The sink branch is more
complicated, because the presence of the sink introduces asymmetry. Nevertheless, in
the end we only need some information about the normalisation constant, in particular
that N2 � 3N1. To prove this, let us �rst note that the squares of the elements on the
non-sink branches contributeN1 to the sum. Now we can consider every element on the
sink branch with two corresponding elements on the non-sink branches. If the non-sink
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branch was symmetrical, the values on the sink branch would be double the values on
the non-sink branches. Then since(2a)2 = 4a2 = 2( a2 + a2), the normalisation constant
would beN2 = 3N1. The sum of the elements in every vertex must be the same and since
uneven splitting will always generate larger sum of squares, it will in fact beN2 > 3N1
for arbitrary order k.

We note that not only hT1jT2i = 0 , but also the restrictions of these states to the initial
vertex are orthogonal. Therefore, the trapping will be maximal, if the initial state is only
a scaled version of the restriction with the greater magnitude. Sincej

[� 2k +1 ;2k ;2k ]T j
j [0;2k ;� 2k ]T j =

j[� 2;1;1]T j
j[0;1;� 1]T j =

p
3 and

p
N2 �

p
3N1, the trapping will be always maximal for the initial

state 1p
2 [0; 1; � 1; 0; : : : ;0]T having an overlap with jT1i .

Thanks to a simple structure ofjT1i , we can explicitly calculate the normalisation
constant N1 as:

N1(k) = 2 k+1 +
k � 1X

i =0

22+ i (2k � i )2 = 2 k+1 (2k+2 � 3):

This allows us to express the maximal trapping probability on a snow�ake graph for an
arbitrary order k as:

Ptrap (k) =
2 � (2k)2

N1(k)
=

2k

2k+2 � 3
:

The values for the smallest graphs arePtrap (1) = 2
5 = 0 :4 for the order 1,Ptrap (2) = 4

13 =
0:307692for the order 2 andPtrap (3) = 8

29 = 0 :275862for the order 3. The maximal
trapping probability decreases withk, approaching the value1=4:

We have also investigated a "disabled" version of the graphs where one of the non-sink
branches is missing. Here the asymmetry prevented us from �nding nice simple results for
a general order of the graph. Nevertheless, our procedure allows for �nding trapping rates
for some small orders. Using Wolfram Mathematica, the maximal trapping probabilities
were found to bePdis (1) := 0 :571 for the order 1, Pdis (2) := 0 :528 for the order 2 and
Pdis (3) := 0 :522. While for the order k = 1 the state with maximal trapping is the same
as for the non-disabled version, for other orders the states with maximal trapping di�er
(from the one fork = 1 and also among themselves).

We can see, that in the disabled version the trapping is stronger, which is due to
a very high weight on the loop in place of the missing branch, which is now a part of
the initial vertex. The trapping also decreases slower with increasing order of the graph.
Since the �rst trapped state j ~T1i is analogous to the one for non-disabled graphjT1i ,
where the missing elements are just cut o�, we can estimate the the maximal trapping
probability by the one for a state 1p

2 [0; 1; � 1; 0; : : : ;0]T having a maximal overlap with
j ~T1i . (The true maximal trapping state is di�erent and has a non-zero overlap withj ~T2i .)
The normalisation constant is:

~N1(k) =
N1(k)

2
+ 22k
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and the maximal trapping probability

Pdis (k) �
2 � 22k

~N1(k)
=

2k+1

2k+2 � 3 + 2k =
2

5 � 3 � 2� k �
2
5

:

Therefore, the maximal trapping probability will not decrease under25 for an arbitrary
order of the graph. Nevertheless, it can stay higher and the limit may be di�erent.

7 Conclusion
In this work we apply general results presented in the previous contribution. Certainly, it
is advantageous to make some modi�cations of the procedure suited for particular graph
of interest, but it is demonstrated that our methods are applicable for quantum walks on
various graphs.

As seen mainly in the example of the cube graph, percolation can enhance the transfer
probability on the studied graph by excluding some trapped states from the asymptotic
regime. This result also transfers to other 3-regular graphs, since analogous trapped
states will be present. Note also, that the analytical solution of the percolated quantum
walk brings a signi�cant insight into transfer properties of the unpercolated walk.

On the example of snow�ake graphs we demonstrate that the results may be rather
counter-intuitive. By removing a non-sink branch, where the walker could be trapped,
we increase the maximal trapping probability. Nevertheless, thanks to the analytical
solution, this can be understood mathematically.

References
[1] Johnson, T. H., Clark, S. R., Jacksch, D.What is a quantum simulator?. EPJ Quan-

tum Technology 1(10) (2014).

[2] Schreiber, A. et al.A 2D Quantum Walk Simulation of Two-Particle Dynamics. Sci-
ence336(6077) (2012), 55-58.

[3] Mare†, J.Modi�ed De�nition of Coined Quantum Walks for Arbitrary Graphs. Dok-
torandskØ dny 2016. Praha: �eskÆ technika - nakladatelství �VUT, �VUT v Praze,
(2016)

[4] J. Novotný, G. Alber, I. Jex. Asymptotic evolution of Random Unitary Operations.
Central European Journal of Physics8 (2010), 1001�1014.

[5] B. KollÆr, T. Kiss, J. Novotný, I. Jex.Asymptotic dynamics of coined quantum walks
on percolation graphs. Physical Review Letters108 (2012), 230505.

[6] B. KollÆr, J. Novotný, T. Kiss, I. Jex.Percolation induced e�ects in 2D coined quantum
walks: analytic asymptotic solutions. New Journal of Physics16 (2014), 023002.

[7] M. �tefa‹Æk, I. Bezd¥kovÆ, I. Jex, M. Barnett.Stability of point spectrum for three-
state quantum walks on a line. Quantum Information & Computation 14 (2014),
1213�1226.



Synchronizing Delay of Primitive Sturmian
Morphisms

Kate°ina MedkovÆ

2nd year of PGS, email:katerinamedkova@gmail.com
Department of Mathematics
Faculty of Nuclear Sciences and Physical Engineering, CTU in Prague

advisors:
Vojt¥ch Rödl, Department of Mathematics and Computer Science
Emory University
Edita PelantovÆ, Department of Mathematics
Faculty of Nuclear Sciences and Physical Engineering, CTU in Prague

Abstract. A synchronizing delay is a constant related to circularity of morphism. It is well-
known that knowledge of the value of the synchronizing delay is very helpful when analysing the
structure of bispecial factors of a given morphism. As shown in this paper, it is also possible
to use this connection in the opposite direction: if the structure of bispecial factors is known, a
good upper bound on the value of the synchronizing delay can be found. Using this method, a
linear upper bound on the minimal value of the synchronizing delay of any primitive Sturmian
morphisms is given.
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Abstrakt. Synchroniza£ní zpo”d¥ní je konstanta svÆzanÆ s cirkularitou mor�sm•. Je znÆmo, ”e
znalost hodnoty synchroniza£ního zpo”d¥ní m•”e být s výhodou vyu”ita p°i analýze struktury
bispeciÆlních faktor• danØho mor�smu. V tomto £lÆnku ukazujeme, ”e tento vztah lze vyu”ít takØ
opa£ným sm¥rem: pokud je struktura bispeciÆlních faktor• znÆmÆ, lze toho vyu”ít ke stanovení
dobrých horních odhad• hodnoty synchroniza£ního zpo”d¥ní. S vyu”itím tØto metody je nalezen
lineÆrní horní odhad hodnoty synchroniza£ního zpo”d¥ní pro v†echny primitivní sturmovskØ
mor�smy.

Klí£ovÆ slova:cirkularita, sturmovský mor�smus, synchroniza£ní zpo”d¥ní

1 Introduction
The notion of circularity originally comes from theory of codes, where circular codes are
well-known. A set X of �nite words is a code if each word inX + (the set of all �nite
concatenations of words fromX ) has a unique decomposition into words fromX . If we
slightly modify the requirement of uniqueness, we get the de�nition of a circular code:X
is a circular code if each word inX + written in a circle has a unique decomposition into
words from X .

In combinatorics on words, an analogue to codes are morphisms which are injective
on their languages. Circularity is de�ned as slightly relaxed injectivity: a morphism is
circular if all long enough factors of its language have a unique preimage in its language
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except for some pre�x and su�x bounded in length by some constant. This constant is
called a synchronizing delay and it is studied in this paper.

As explained by Cassaigne in [1], knowledge of the value of the synchronizing delay
can be very helpful when analysing the structure of bispecial factors in languages of
�xed point of morphisms. This idea was further developed by one of the authors in [3],
where an algorithm for generating all bispecial factors is given. This algorithm works
for a large family of morphisms and its computational complexity depends on the value
of the synchronizing delay. Moreover, as shown in this paper, this link between the
synchronizing delay and the structure of bispecial factors can be used also in the opposite
direction: if the bispecial factors are known, it is possible to �nd a good bound on the
value of the synchronizing delay.

MossØ in [9] proved that every injective primitive morphism is circular. In fact, circu-
larity is closely related to repetitiveness [8, 6]. Because of this connection, the circularity
is decidable by an e�cient algorithm [5]. However, if the morphism is circular, the al-
gorithm does not provide any information about the value of the synchronizing delay
(except for �niteness). Recently, a theoretical upper bound on this constant for all prim-
itive morphisms was given in [2], but this bound is unreasonably huge and clearly is very
far from being optimal. No other general upper bounds are known.

Therefore, we focus on some restricted cases in order to �nd some more reasonable
bounds on the synchronizing delay. We have already studied the case of binaryk-uniform
morphisms in [4], where we found a polynomial (ink) upper bound. In this paper we
focus on primitive Sturmian morphisms, which are well-known and widely studied objects
in combinatorics on words [7].

The main result of this work is a linear (in the length of images of letters) upper
bound on the synchronizing delay of primitive Sturmian morphisms. In particular, we
prove the following result. The details of the proof are given in Section 3.

Theorem 1. Let  be a primitive Strumian morphism. Then its minimal synchronizing
delayZmin is bounded as follows:

Zmin � 3j (0)j + 2 j (1)j � 3 :

Moreover, it seems this bound is not far from being optimal. In fact, we suppose
that methods similar to those used in [4] will allow us to �nd the exact value of the
synchronizing delay for a given primitive Sturmian morphism.

2 Preliminaries
A �nite set of symbols is an alphabetA . A �nite word of length n over A is a string
u = u0u1 � � � un � 1, whereui 2 A for all i = 0 ; 1; : : : ; n � 1. The length of u is denoted by
juj = n. The set of all �nite words over A is denoted byA � , the empty word is � and
A+ = A � n f � g. An in�nite word over A is a sequenceu = u0u1u2 � � � = ( ui ) i 2 N 2 A N with
ui 2 A for all i 2 N = 0 ; 1; 2; : : :

If a word u 2 A � is a concatenation of three (possibly empty) wordsx; y and z from
A � , i.e. u = xyz, the word x is a pre�x of u, z is a su�x of u and z is a factor of u.
A factor is denoted byy @ u. We put x � 1u = yz and uz� 1 = xy. Similarly, w 2 A �
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is a factor of u = u0u1u2 � � � , denoted by r @ u, if there are indicesi � j such that
r = ui ui +1 : : : uj . The index i is called the occurrence ofr in u.

The languageL (u) of an in�nite word u is the set of all its factors. The mapping
Cu : N 7! N de�ned by Cu (n) = # f w 2 L (u) : jwj = ng is called the factor complexity
of the word u. An in�nite word u is eventually periodic if u = wvvvvv : : : for some
v; w 2 A � . Otherwise, u is aperiodic. It is easy to prove that an in�nite word u is
eventually periodic if and only if its factor complexity Cu is bounded. Moreover, the
factor complexity of any aperiodic word satis�esCu (n) � n + 1 for every n 2 N. An
in�nite word u with Cu (n) = n + 1 for every n 2 N is called Sturmian word.

A word w @u is called right special factor if there are at least two lettersa; b 2 A
such that both wa and wbbelong to the languageL (u). Similarly, a word w @u is called
left special factor if there are at least two lettersa; b 2 A such that aw; bw belong to
L (u). If a factor w is both left and right special then it is called bispecial factor.

A morphism overA � is a mapping : A � 7! A � such that  (vw) =  (v) (w) for all
v; w 2 A � . The domain of the morphism can be naturally extended toA N by

 (u0u1u2 � � � ) =  (u0) (u1) (u2) � � � :

A �xed point of the morphism  is an in�nite word u such that  (u) = u.
A morphism  is non-erasing if (a) 6= � for all a 2 A . A morphism  is primitive if

there exists a positive integerk such that the letter a occurs in the word k(b) for each
pair of letters a; b2 A . And a morphism  is injective if for everyu; v 2 A � :  (u) =  (v)
implies that u = v.

2.1 Circularity
In [1] circularity is de�ned using the notion of synchronizing point (see Section 3.2 in [1]
for details). We give here an equivalent de�nition employing the notion of interpretation.

De�nition 2. Let  be a non-erasing morphism overA � with �xed point u and u @u.
A triplet (p; v; s), where p; s 2 A � and v @ u, is an interpretation of the word u if
 (v) = pus.

De�nition 3. Let  be a morphism overA � with �xed point u. We say that two interpre-
tations (p; v; s) and (p0; v0; s0) of a wordu @u are synchronized at positionk, 0 � k � j uj,
if there exist indicesi; j such that

’ (v1 : : : vi ) = pu1 : : : uk and ’ (v0
1 � � � v0

j ) = p0u1 � � � uk ;

wherev = v1 � � � vn 2 A n ; v0 = v0
1 � � � v0

m 2 A m and u = u1 � � � u‘ 2 A ‘ . (If k = 0 , we put
u1 � � � uk = � .) Two interpretations that are not synchronized at any position are called
non-synchronized. We say that a wordu @u has a synchronizing point at positionk if
all its interpretations are pairwise synchronized at positionk.

De�nition 4. Let  be a injective morphism overA � with �xed point u. We say that  
is circular (on L (u)) if there is a positive integerZ , called a synchronizing delay, such
that any u @u longer thanZ has a synchronizing point. The minimal constantZ with
this property is denoted byZmin .
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Example5. The word u = 010010100100101001010� � � is the �xed point of the morphism
 : 0 ! 010; 1 ! 01. For example, the factor10 is non-synchronized, however, the factor
01 has a synchronizing point at position0 (before letter 0): j01. In fact, it is easy to
see that every factor of length 3 has its synchronizing point:0j01, j010, 10j0, 1j01. Since
the minimal value of the synchronizing delay represents the length of the longest factor
without synchronizing point, the minimal value of the synchronizing delay it this case
is 2.

2.2 Sturmian words and morphisms
Sturmian words appear in many various mathematical concepts and so there is a lot of
equivalent de�nitions. For example, any Sturmian wordu can be identi�ed with an upper
or lower mechanical word. A mechanical word is described by two parameters: slope and
intercept. The slope is an irrational number� 2 (0; 1) and the intercept is a real number
� 2 [0; 1). To de�ne the lower mechanical words�;� = ( sn ) we put I 0 = [0 ; 1 � � ). The
nth letter of s�;� is as follows:

sn =
�

0 if the number �n + � mod 1 belongs toI 0 ;
1 otherwise .

The de�nition of the upper mechanical words0
�;� = ( s0

n ) is analogous, it just uses the
interval I 0 = (0 ; 1� � ]. Let us stress thatsn 6= s0

n for at most one indexn 2 N. All upper
and lower mechanical words are Sturmian and any Sturmian word equals to a lower or
to an upper mechanical word. Language of a mechanical word depends only on� . Many
further properties of Sturmian words can be found in [7].

A morphism  is called Sturmian if  (u) is Sturmian word for any Sturmian wordu.
It is easy to prove that every Sturmian morphism is injective. As mentioned in Introduc-
tion, MossØ [9] proved the following theorem: Every injective and primitive morphism is
circular. Since we study only primitive Sturmian morphisms, these morphisms are always
circular.

We will work with these four Sturmian morphisms:

’ a :

(
0 ! 0
1 ! 10

’ b :

(
0 ! 0
1 ! 01

’ � :

(
0 ! 01
1 ! 1

’ � :

(
0 ! 10
1 ! 1

and with the monoid M generated by them, i.e.M = h’ a; ’ b; ’ � ; ’ � i . For a non-empty
word u = u0 � � � un � 1 over the alphabetf a; b; �; � g we put

’ u = ’ u0 � ’ u1 � � � � � ’ un � 1 :

Note that the monoid M is not free. It is easy to show that for anyk 2 N we have

’ �a k � = ’ �b k � and ’ a� k b = ’ b� k a :

Moreover, Theorem 2.3.14 in [7] says that these two relations are the only relations
on the monoidM .
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Remark 6. The morphism E : 0 ! 1; 1 ! 0 cannot change the factor complexity of
an in�nite word and so E is clearly Sturmian morphism. But E does not belong to
the monoid M , in fact, E is the only missing morphism. More precisely, any Sturmian
morphism  either belongs toM or  = � � E , where � 2 M . To generate the whole
monoid of Sturmian morphisms, usually denoted bySt, one needs only three morphisms,
say E , ’ a and ’ b. We have

’ � = E’ aE and ’ � = E’ bE: (1)

Our aim is to study the �xed points of Sturmian morphisms. If u is a �xed point of  ,
it is also a �xed point of  2. Due to (1), the square 2 always belongs toM . Therefore
we may restrict ourselves to �xed points of morphisms fromM .

Example 7. The Fibonacci word is the �xed point of the morphism� : 0 ! 01; 1 ! 0.
Morphism � is Sturmian, but � =2 M . We see that� = ’ b � E and by the relations (1)
we have� 2 = ’ b’ � .

It is easy to prove that a Sturmian morphism’ w from the monoid M is primitive if
and only if w contains at least one letter from both setsf a; bg and f �; � g.

2.3 Conjugate morphisms

We say that a morphism ’ : 0 ! w1; 1 ! w2 over f 0; 1g� has 1-conjugate, denoted by
conj1(’ ), if the last letters of the wordsw1 and w2 are equal. If we denote this letter by
x, we put

conj1(’ ) :

(
0 ! xw1x � 1

1 ! xw2x � 1

or equivalently,  = conj1(’ ) if there exists a letterx 2 f 0; 1g such that

x’ (v) =  (v)x for eachv 2 f 0; 1g� :

Example 8. In this notation, ’ b = conj1(’ a) and ’ � = conj1(’ � ) as

0’ a(v) = ’ b(v)0 and 1’ � (v) = ’ � (v)1 for eachv 2 f 0; 1g� :

We say that non-erasing morphisms’ and  are conjugate if one can be reached from
the other one by applying the mapping conj1 repetitively.

Let  be a non-erasing morphism. Denote byJ  the set of all morphism which
are conjugate with  . Obviously, we get for any’; ’ 0 2 J  that j’ (0)j = j’ 0(0)j and
j’ (1)j = j’ 0(1)j. Let us put j’ (1)j + j’ (0)j = L . If the morphism  is Sturmian, then,
by Proposition 2.3.21 in [7], the cardinality ofJ  is L � 1. Therefore, there areL � 1
morphisms inJ and they are all mutually conjugate.

Finally, let us notice that conjugacy could be analogously done also in the opposite
direction, in that case the common letter goes from the beginning of images to the end
of images. Indeed, the setJ  remains the same.
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Example 9. Consider the Sturmian morphism = ’ b� : 0 ! 010, 1 ! 01. SinceL = 5 ,
the set J  contains four distinct morphisms: ’ b� : 0 ! 010, 1 ! 01, ’ a� : 0 ! 100,
1 ! 10, ’ b� : 0 ! 001, 1 ! 01 and ’ a� : 0 ! 010, 1 ! 10. We can also see all these
conjugates from the following notation:

 (0)u
 (1)u

=
010 010
01 010

=
0 100 10
0 10 10

=
01 001 0
01 01 0

=
010010
01010

; (2)

whereu is a sequence of letters which one by one moves from the beginning of images to
the end of images. Clearly, it is:juj = L � 2.

3 Upper bound on synchronozing delay

To bound the value of the synchronizing delay, we use knowledge of the structure of
bispecial factors in �xed points of Sturmian morphisms. There are several concepts
which enable us to describe the structure of bispecial factors in Sturmian words. We use
the method similar to the basic ideas from [3].

Let  be a primitive Sturmian morphism with a �xed point u. First, we study
how bispecial factors change under the application of one of the following morphisms:
’ a; ’ b; ’ � ; ’ � . In particular, we show that every bispecial factor longer than1 has at
least one synchronizing point under any of these morphisms. By repeating this process,
we can show that every long enough bispecial factor has at least one synchronizing point
under the morphism too. Then, we �nd some suitable bispecial factorr and we bound
its length. Finally, we determine how often the bispecial factorr has to appear inu. As
a consequence, we are capable to �nd a lengthK such that every factor longer thanK
contains at least one occurrence of a bispecial factorr and so at least one synchronizing
point. But it means that we have a upper bound on the value of the synchronizing delay
of  : Zmin � K .

3.1 Preimages of bispecial factors

Because of (1), the role of’ a and ’ � and, analogously, the role of’ b and ’ � are symmetric,
so we focus only on images under the morphisms’ a and ’ b. We use results from [7],
more precisely, a small modi�cation of Proposition 2.3.2:

Proposition 10 ([7]). Let x be an in�nite word.

� If ’ b(x) is Sturmian, then x is Sturmian.

� If ’ a(x) is Sturmian and x starts with the letter1, then x is Sturmian.

Lemma 11. Let u and u0 be Sturmian words such thatu = ’ b(u0). Let w be a bispecial
factor of u with jwj > 1. Then there is a w0 @ u0 such that w = ’ b(w0)0. Moreover,
this factor w0 is unique, it is a bispecial factor ofu0 and all the interpretations ofw are
synchronized both at the beginning and at the end of the factor’ b(w0).
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Proof. Take a Sturmian wordu; u0 such that u = ’ b(u0). By the form of morphism ’ b,
u can be written asu = 0 k0 10k1 10k2 1 � � � , where ki > 0 for all i 2 N. Take a bispecial
factor w of u with jwj > 1. Then the word w must both begin and end with0. So we
can easily �nd a wordw0 such that w = ’ b(w0)0, it su�ces to cut w into blocks 0 and 01
(we omit the last letter 0) and desubstitute0 and 01 for 0 and 1 respectively. It remains
to show that this w0 is unique. Indeed, it follows from the fact that the morphism’ b is
injective. The factor w0 is obviously a bispecial factor, because of the form of’ b and the
fact that w is a bispecial factor. Since there is a synchronizing point before every letter0,
all the interpretations of w are synchronized both at the beginning and at the end of the
factor ’ b(w0). In other words, the occurrences of bispecial factorw in u are one-to-one
to occurrences of bispecial factorw0 in u0.

Lemma 12. Let u and u0 be Sturmian words such thatu = ’ a(u0) and u starts with
the letter 1. Let w be a bispecial factor ofu with jwj > 1. Then there is aw0 @u0 such
that w = 0 ’ a(w0). Moreover, this factor w0 is unique, it is bispecial factor ofu0 and all
the interpretations of w are synchronized both at the beginning and at the end of factor
’ a(w0).

Proof. Take a Sturmian wordsu; u0 such that u = ’ a(u0). By the form of morphism ’ a,
u can be written asu = 10k0 10k1 10k2 1 � � � , whereki > 0 for all i 2 N. Take a bispecial
factor w of u with jwj > 1. Then the word w must both begin and end with0. So we
can easily �nd a word w0 such that w = 0 ’ a(w0), it su�ces to cut w into blocks 0 and
10 (we omit the �rst letter 0) and desubstitute 0 and 10 for 0 and 1 respectively. This
w0 is unique, since the morphism’ a is injective. The factor w0 is obviously bispecial
factor, because of the form of’ a and the fact that w is a bispecial factor. Since there is
a synchronizing point after every letter0, all the interpretations of w are synchronized
both at the beginning and at the end of factor’ a(w0). In other words, the occurrences
of bispecial factorw in u are one-to-one to occurrences of bispecial factorw0 in u0.

The only case which is not covered by Lemmas 11 and 12, namely the case that
u = ’ a(u0) and u begins with 0, can be transformed to one of the previous cases.

Lemma 13. Let u be a Sturmian word such thatu starts with the letter0 and u = ’ a(u0)
for some wordu0. Then there exists a Sturmian wordv such thatu0 = 0v and u = ’ b(v ).

Proof. By using the following easy observation’ a(0w) = ’ b(w0) for every w 2 f 0; 1g� ,
we haveu = ’ a(u0) = ’ a(0v ) = ’ b (v ).

Prove the observation by induction onjwj. The �rst step w = � is trivial since
’ a(0) = ’ b(0). Suppose that’ a(0w) = ’ b(w0) for every w 2 f 0; 1g� . Then

’ a(0w1) = ’ a(0w)’ a(1) = ’ a(0w)10 = ’ b(w0)10 = ’ b(w)010 = ’ b(w10);
’ a(0w0) = ’ a(0w)’ a(0) = ’ b(w0)0 = ’ b(w00):
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In accordance with Lemma 13, in this case we will use the Sturmian wordv instead
of the word u0, since we need to maintain the Sturmian property. Indeed, in this case
the occurrences of bispecial factorw0 in v are not exactly one-to-one to occurrences of
bispecial factorw in ’ a(v ), the �rst occurrence of w0 in v (in this casew0 is a pre�x of
v ) does not have its complete corresponding occurrence ofw in ’ a(v ) � the �rst letter
0 is missing. However, this exception is not substantial and we can omit it without
lose of correctness: there are in�nitely many occurrences of any bispecial factor in every
Sturmian word and the new uncomplete bispecial factor is not important at all.

3.2 Suitable bispecial factor

Let  = ’ w be a primitive Sturmian morphism,w = w0 � � � wk and u be a �xed point of
 . Without lose of generality, we can suppose that letter0 is more frequent inu, since
the exchange of letters0 $ 1 cannot change the value of the synchronizing delay. It
means that 0 is a bispecial factor inu. The aim of this section is to �nd the shortest
bispecial factorr in u containing  (0), prove that r has at least one synchronizing point
and bound its length.

First, we apply the morphisms ’ wk 2 f ’ a; ’ b; ’ � ; ’ � g on the in�nite word u, the
choice of the morphism depends on the last letter of the wordw. Because of Lemma
11 or 12 (or their analoques for’ � , ’ � ), the in�nite word ’ wk (u) is Strumian and we
obtain a new bispecial factorr1 = s1’ wk (0)p1, where s1; p1 2 f �; 0g, from the bispecial
factor 0. Moreover, the bispecial factorr1 has a synchronizing point under’ wk and the
occurrences of0 in u and r1 in ’ wk (u) are one-to-one. Clearly, we can continue in the
same way: application of the morphism’ wk � 1 leads to the new in�nite word ’ wk � 1wk (u)
and the bispecial factorr2 = s2’ wk � 1 (r1)p2 = s2’ wk � 1 (s1)’ wk � 1wk (0)’ wk � 1 (p1)p2, which
has a synchroninizing point under’ wk � 1 and its occurrences in’ wk � 1wk (u) are one-to-one
to occurrences of0 in u.

After repeating this processk-times, we obtain the original in�nite word u again and
the bispecial factor r k = sk ’ w1 pk = � � � = s (0)p. This bispecial factor r k has some
synchronizing point under’ w1 and its occurrences inu are one-to-one to occurrences of0
in u. But it means that r k must have at least one synchronizing point under the morphism
 too. One can also realize thatr k is the shortest bispecial factor ofu containing  (0).

It remains to bound the length of wordss and p on the length of  (0) and  (1). As
follows from the notation (2) in Example 9, the numberjsj + jpj has to be equal to the
length of the wordu (from Example 9): juj = L � 2 =  (0)+  (1) � 2. Now we summarize
all these result in the following observation.

Observation 14. Let  be a primitive Sturmian morphism with a �xed pointu such
that 0 is more frequent letter inu. Then the shortest bispecial factorr in u containing
 (0) has at least one synchronizing point under and its length is bounded byjr j �
2j (0)j + j (1)j � 2.
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3.3 Occurrences of suitable bispecial factor
Finally, we have to determine how often the bispecial factorr appears inu, more precisely,
we have to determine the length of the longest factor ofu which does not have to contain
the whole factor r as its factor.

Let us denote byv the longest factor ofu which does not contain any occurrence
of r (the beginning of the factor r ). Since the wordu is Sturmian and the letter 0 is
more frequent in u, the word 11 is not a factor of u. We also know the occurrences
of 0 and r always coincide inu. Based on this two observations one can realize that
jvj � j  (0)j + j (1)j � 1. Therefore, we can bound as follows:

L � j vj + jr j = j (0)j + j (1)j � 1 + 2j (0)j + j (1)j � 2 = 3j (0)j + 2 j (1)j � 3 :

In other words, every word longer thatL has to contain the wordr as its factor and so
has to contain at least one synchronizing point under . This concludes the proof since
now he have

Zmin � L � 3j (0)j + 2 j (1)j � 3 ;
which is the statement of Theorem 1.
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Abstract. The e�ect of unilateral sources on the existence of patterns in reaction-di�usion
equations has been studied in a vast number of papers. There was proved that this type of
sources leads to an emergence of patterns for di�usion rates, for which this cannot happen in
systems without sources. In this paper, basic regularity theorems and Hopf lemma are used
to prove the existence of bifurcation points in a system with two unilateral condition and the
existence of a new class of non-homogeneous solutions (i.e. patterns). The explicit formula for
such bifurcation points is derived as well as the form of the solutions.

Keywords: reaction-di�usion equations, bifurcation, unilateral sources

Abstrakt. Vliv jednostranných zdroj• na existenci vzor• v systØmech reakce-di�uze byl studovÆ
n v mnoha £lÆncích. Ukazuje se, ”e tento typ zdroj• vede k existenci vzor• i v systØmech s
hodnotami difœzních parametr•, pro kterØ by bez p°ítomnosti zdroj• k formovÆní vzor• nedo†lo.
V tomto £lÆnku je pomocí zÆkladních v¥t o regularit¥ parciÆlních diferenciÆlních rovnic a Hopfova
lemmatu dokÆzÆna existence bifurka£ních bod• v mno”in¥ takových parametr•. DÆle je zde
odvozen explicitní vzorec pro výpo£et t¥chto bod• a popsÆna konstrukce p°íslu†ných °e†ení.

Klí£ovÆ slova:rovnice reakce-difuze, bifurkace, jednostrannØ zdroje

1 Introduction

The aim of this paper is to study bifurcation from zero of stationary solutions of the
reaction-di�usion system

d14 u + b11u + b12v + n1(u; v) = 0 in 
 n
 U ;
d24 v + b21u + b22v + n2(u; v) = 0 in 
 n
 U ;

(1)

� This work has been supported by the grant SGS16/239/OHK4/3T/14

181



182 J. NavrÆtil

u � 0; d14 u + b11u + b12v + n1(u; v) � 0 in 
 U ;
u � (d14 u + b11u + b12v + n1(u; v)) = 0 in 
 U ;
v � 0; d24 v + b21u + b22v + n2(u; v) � 0 in 
 U ;
v � (d24 v + b21u + b22v + n2(u; v)) = 0 in 
 U ;
u = v = 0 on @
 ;

(2)

in a bounded domain
 � R with Lipschitz boundary and with unilateral obstacles in
the set 
 U � R. This is a system containing a mechanism which prohibits the decrease
of concentrations ofu an v below zero in the area
 U .

Let d1 > 0 be �xed, d2 2 R be a bifurcation parameter andn1; n2 � 0. If the obstacle
is not present, i.e. 
 U = ; , then under the assumption

b11 > 0 > b22; b21 > 0 > b12; Tr B = b11 + b22 < 0; detB = b11b22 � b12b21 > 0; (3)

the set of all positive critical points can visualized as a system of hyperbolas in the
spaceR2 with the asymptotes x i , see Fig. 1. More precisely, for any �xed positive

Figure 1: Sketch of hyperbolas.

d1 2 (0; x1)nf x2; x3; � � � g it is possible to �nd a valued2 for which there exists a nontrivial
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solution of the system without obstacles. The setsDS; DU are called the domain of
stability and instability respectively. In the domain of stability, the trivial solution of the
system (1) with 
 U = ; and with the Dirichlet b.c. is stable and hence, there cannot
appear any non-homogeneous solutions. On the other hand, in the domain of instability
the trivial solution of this system is unstable, and there are nontrivial non-homogeneous
stationary solutions, i.e. patterns.

In a general system withn1; n2 6= 0 , (4) and (3), these critical points can be under
additional assumptions also bifurcation points. For particular systems there can exists
non-homogeneous solutions (patterns) even inDS, but there is no guarantee that it will
happen for an arbitrary system. Let us note that the assumptions (4) guarantee that the
system has a trivial solution.

However, if the unilateral sources are active and (3) is true, there exist a branch
of critical points, which interfere into DS, and therefore there are nontrivial solutions.
Under some additional assumptions these critical points can be also bifurcation points of
the problem (1), (2); see Theorem 1. This shows that the addition of unilateral sources
leads to an occurrence of non-homogeneous stationary solutions, i.e. patterns, for the
di�usion parameters, for which it is impossible in the system without these unilateral
sources. In addition to the previously published result [1], the new bifurcation branch
will be described by anexact formula, depending only on parametersbij ; d1 of the system
and eigenvalues of Laplacian on the set
 n
 U with Dirichlet boundary conditions. The
analytic results will be demonstrated on particular examples.

This paper is a natural generalization of the results proved in [3] for the case of Laplace
equation. Although the generalization to the system of two partial di�erential equations
is straightforward, there are several technical problems which have to be treated.

1.1 Abstract formulation
Let 
 � R2 and 
 U � R2 be bounded domains with a Lipschitz andC2 boundary
respectively. Let 
 U � 
 . The nonlinear functionsn1; n2 2 C1(R2) are supposed to
satisfy

n1(0; 0) = n2(0; 0) = 0 ; n0
1(0; 0) = n0

2(0; 0) = 0 ; (4)

where prime denotes the total derivative, and the growth conditions
jn1(�; � )j + jn2(�; � )j � C(1 + j� jp� 1 + j� jp� 1) for all �; � 2 R
����
@ni
@�

(�; � )
���� +

����
@ni
@�

(�; � )
���� � C(1 + j� jp� 2 + j� jp� 2) for i = 1 ; 2 for all �; � 2 R;

(5)

with 2 < p < 1 . The Sobolev spaceW 1;2
0 (
) and a convex coneK will be de�ned in a

standard way as

W 1;2
0 (
) := f u 2 W 1;2(
)

�� uj@
 = 0 in the sense of tracesg; (6)
K := f u 2 W 1;2

0 (
) j u � 0 on 
 Ug: (7)

The scalar product and norm on this space will be de�ned by

hu; vi =
Z



r u � r v dx; kuk =

� Z



jr uj2 dx

� 1
2

for all u; v 2 W 1;2
0 (
) :
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The weak formulation of the system (1) is

Find u; v 2 K :
Z



d1r u � r (’ � u) � b11u(’ � u) � b12v(’ � u) � n1(u; v)( ’ � u) � 0;

Z



d2r v � r ( � v) � b21u( � v) � b22v( � v) � n2(u; v)(  � v) � 0;

for all ’;  2 K:

(8)

The linearization of this system is a problem

Find u; v 2 K :
Z



d1r u � r (’ � u) � b11(’ � u) � b12(’ � u) � 0 for all ’ 2 K;

Z



d2r v � r ( � v) � b21( � v) � b22( � v) � 0 for all  2 K:

(9)

Let d1 2 (0; y1) be �xed. A signi�cant role will play here two Laplace eigenvalue
problems. The �rst one is

� u + �̂u = 0 in 
 n
 U ;
u = 0 on @
 [ @
 U ;

(10)

and the second one is
4 u + �u = 0 in 
 ;
u = 0 on @
 :

(11)

Remark 1. If is well known, that the �rst (smallest) eigenvaluê� 1 of the problem (10)
is simple, and the respective eigenfunction does not change its sign in the set
 n
 U . The
second smallest eigenvalue of (10) will be denoted as�̂ 2.

The �rst eigenvalue and the respective eigenfunction of (11) have the same properties.
Because the eigenvalues of Laplacian with Dirichlet b.c. are monotone w.r.t. domain,
there is �̂ 1 < � 1.

Remark 2. Let 
 U = ; , i.e. the obstacle is not present. It can be proved that thek-th
hyperbola from the Fig. 1 is described by the formulas

d2;k (d1) =
1
� k

�
b12b21

d1� k � b11
+ b22

�
;

see e.g. [2]. Ifd1 2 (b11=� 2; b11=� 1), then d2;1 is positive andd2;k is negative for any
k � 2. And in general, if d1 2 (b11=� i +1 ; b11=� i ), then d2;j > 0 for all j � i and d2;j < 0
for all j > i . The envelope of these hyperbolas is denoted byDE . The set which is to the
right from the envelope is called the domain of stability,DS and the set to the left from
the envelope is called the domain of instability,DU .

De�nition 1. The point d2 > 0 is a critical point of the system (9) with �xed d1 > 0 if
and only if there exists a solutionu; v 2 K; (u; v) 6= 0 of this system.

De�nition 2. The point d2 > 0 is a bifurcation point of the system (8) with �xedd1 > 0
if and only if in any neighborhood of(d2; 0; 0) in R � K 2 there exists( ~d2; u; v) 2 R � K 2

with (u; v) 6= 0 solving this system.
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2 Main Theorem
Theorem 1. Let d1 2 (b11=�̂ 2; b11=�̂ 1). Under the assumptions (3) � (5) the number

dK
2 :=

b12b21

�̂ 1(d1�̂ 1 � b11)
+

b22

�̂ 1
(12)

is a bifurcation point of (8) with �xed d1.
Let � 2 < �̂ 1. There existsd1;m ; d1;M 2 (b11=�̂ 2; b11=�̂ 1) such that if d1 2 (d1;m ; d1;M ),

then dK
2 2 DS.

Proof. First step is to prove that the point dK
2 is a critical point of the system (9) with

�xed d1 2 (0; b11=�̂ 1). For further purposes we will de�ne the spaceW 1;2
0 (
 n
 U ) in the

same way asW 1;2
0 (
) in (6) and consider an auxiliary problem

d14 u + b11u + b12v = 0 in 
 n
 U ;
d24 v + b21u + b22v = 0 in 
 n
 U ;

(13)

and with the Dirichlet b.c. on @
 [ @
 U . It can be by a direct computation veri�ed that
for (d1; dK

2 ) there exists a nontrivial solution of (13), with the respective eigenfunction

(u0; v0) =
�

b12

d1�̂ 1 � b11
e1; e1

�
;

where e1 is the eigenfunction respective tô� 1 with unit norm, and becausee1 does not
change its sign in
 n
 U , see Remark 1, it can be chosen either positive or negative a.e.
in 
 . Even though the sign does not play role for such linear system, it will play a crucial
role for variational inequality. For further purposese0 will be chosennegativea.e. Since
also b12 < 0 and d1� 1 � b11 < 0, the functions u0; v0 have the same constant sign a.e. in

 . Sinced1 2 ( �̂ 2=b11; �̂ 1=b11) is �xed, and because�̂ 1 is simple, there exists only one
couple(u0; v0) (up to multiples) solving (13) with the parameters(d1; dK

2 ).
To get the bifurcation, the Dancer Theorem will be employed.

Theorem 2 (Dancer Theorem). Let L : H ! H be a compact linear operator,N :
R � H ! H be a nonlinear compact operator,� 0 be a simple characteristic value of the
operator L , u0 be the eigenfunction corresponding to the characteristic value� 0. Moreover
let for any bounded setM � R the operatorN satisfy a condition

lim
kuk! 0

N (�; u )
kuk

= 0 uniformly for all � 2 M : (14)

DenoteS the closure of all solutions of the equation

�u � Lu + N (�; u ) = 0 (15)

with u 6= 0 , i.e.
S = f (�; u ) j u 6= 0 ; u is a solution of (15)g:
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Then (� 0; 0) 2 S, i.e. � 0 is a bifurcation point of the equation (15). DenoteC the com-
ponent ofS which contains(� 0; 0). Then C consists of two connected setsC+ ; C� ; C =
C+ [ C � such that

C+ \ C � \ B (( � 0; 0); � ) = f (� 0; 0)g and C � \ @B(( � 0; 0); � ) 6= 0 ;

where B (( � 0; 0); � ) is a ball with su�ciently small radius � . The setsC+ and C � are
either both unbounded or

C+ \ C � 6= f (� 0; 0)g:

By use of (5) and Theorem about Nemyckii operator there can be de�ned the operators
A : W 1;2

0 (
 n
 U ) :! W 1;2
0 (
 n
 U ) ; N1; N2 :

�
W 1;2

0 (
 n
 U )
� 2 ! W 1;2

0 (
) as

hAu; wi =
Z



uw dx; for all u; w 2 W 1;2

0 (
 n
 U );

hN i (u; v); wi =
Z



ni (u; v)w dx for all u; v; w 2 W 1;2

0 (
 n
 U ); i = 1 ; 2:

Due to the compact embeddingW 1;2
0 (
 n
 U ) ,! c Lp(
) the operatorsA; N 1; N2 are com-

pact. The weak formulation of the system

d14 u + b11u + b12v + n1(u; v) = 0 in 
 n
 U ;
d24 v + b21u + b22v + n2(u; v) = 0 in 
 n
 U ;

(16)

is equivalent to a system of two operator equations

d1u � b11Au � b12Av � N1(u; v) = 0 ;
d2v � b21Au � b22Av � N2(u; v) = 0 ;

and this system can be written in a form
�
1 0
0 1

� �
u
v

�
�

�
d� 1

1 0
0 d� 1

2

� ��
b11A b12A
b21A b22A

� �
u
v

�
�

�
N1(u; v)
N2(u; v)

��
= 0 : (17)

The linearization of this equation is
�
1 0
0 1

� �
u
v

�
�

�
d� 1

1 0
0 d� 1

2

� ��
b11A b12A
b21A b22A

� �
u
v

��
= 0 ;

and asd1 is �xed, it is a characteristic value problem

w � � (d2)Lw = 0 ;

wherew = ( u; v) 2 W 1;2
0 (
 n
 U )2, L is a linear compact operator (due to compactness of

A), and � (d2) is an characteristic value, depending on the parameterd2. This problem is
equivalent to a weak formulation of (13). Sincê� 1 is simple andd1 2 (b11�̂ 2; b11=�̂ 1) the
characteristic valuedK

2 is simple. The vector formulation of 17 is

w � � (d2)Lw + N (� (d2); w ) = 0 ;
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which is suitable for Dancer Theorem. The operator N(u; v) := ( N1(u; v); N2(u; v)) is
compact and due to (4) it satis�es (14). Hence, the assumptions of the Dancer Theorem
are ful�lled and the point � (dK

2 ) is according to this theorem a (global) bifurcation point
of the equation (17) and therefore also of the equation (16) with Dirichlet b.c. and �xed
d1. Moreover, there exists two branches of solutions bifurcating in the directions� (u0; v0)
from (dK

2 ; 0) 2 R � W 1;2
0 (
 n
 U ). More precisely, there exists two sequencesf d2;n ; u+

n ; v+
n g

f d2;n ; u�
n ; v�

n g of weak solutions of (16) with Dirichlet b.c. such that

lim
n !1

d2;n = dK
2 ; lim

n !1

u�
np

ku�
n k2 + kv�

n k2
= u0;

v�
np

ku�
n k2 + kv�

n k2
= v0 (18)

lim
n !1

u+
np

ku+
n k2 + kv+

n k2
= � u0;

v+
np

ku+
n k2 + kv+

n k2
= � v0; (19)

lim
n !1

u+
n = lim

n !1
u�

n = lim
n !1

v+
n = lim

n !1
v�

n = 0 ; (20)

the limits of u�
n ; v�

n are w.r.t. W 1;2
0 (
 n
 U ). Let us remind here thatu0; v0 were chosen

to be negative a.e. in
 . For the purposes of this proof the branchf d2;n ; u+
n ; v+

n g will be
discarded, and the sequencef d2;n ; u�

n ; v�
n g will be relabeled asf d2;n ; un ; vng. The next

step is to prove the regularity of solutions in a neighborhood of the set@
 U .
Let 
 V be a domain withC2 boundary satisfying


 n(
 U [ 
 V ) � 
 n
 U ; @
 V \ @
 U = @
 U : (21)

The growth conditions (5) and standard regularity arguments can be used to prove that
that un j 
 V ; vn j 
 V 2 W 3;2(
 V ) and moreover

lim
n !1







u0 �

unp
kunk2 + kvnk2







W 3;2 (
 V )

= lim
n !1







v0 �

vnp
kunk2 + kvnk2







W 3;2 (
 V )

= 0 ; (22)

the step-by-step procedure for a case of Laplacian is described in [3].
Sinceu0; v0 2 W 3;2(
 V ), it is possible to use the Hopf Lemma together with negative-

ness ofu0; v0 the get a result

@u0
@~n

(x) > 0 for a.a. x 2 @
 U ;
@v0
@~n

(x) =
b12

d1� k � b11

@u0
@~n

> 0 for a.a. x 2 @
 U : (23)

Now we de�ne the functionu0 by

~u0(x) =
�

0 if x 2 
 U
u0(x) if x 2 
 n
 U

and v0 similarly. Substituting ~u0; ~v0 in (9) and using that ~u0(x) = 0 for a.a. x 2 @
 U
leads to

Z



d1r ~u0 � r (’ � ~u0) � (b11u0 + b12v0)( ’ � ~u0) =

= d1

Z


 n
 U

� �~u0 � (b11u0 � b12v0)( ’ � ~u0) dx +
Z

@
 U

@~u0

@~n
(’ � ~u0) =

Z

@
 U

@~u0

@~n
’ � 0;
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because’ � 0 a.e. in @
 U . Similarly the second equation gives
Z



d2r ~v0 � r ( � ~v0) � (b21u0 + b22v0)(  � ~v0) =

=
Z


 n
 U

� d2�~u0 � (b21u0 + b22v0)(  � ~v0) dx +
Z

@
 U

@~v0

@~n
( � ~v0) =

Z

@
 U

@~v0

@~n
 � 0:

Therefore u0; v0 are nontrivial solution of (9) and dK
2 is a critical point of this system.

We construct the functions

~un (x) =
�

0 if x 2 
 U
un (x) if x 2 
 n
 U

~vn (x) =
�

0 if x 2 
 U
vn (x) if x 2 
 n
 U

Due to (22), (23) there existsn0 such that for any n > n 0 the normal derivatives of
un and vn on @
 U satisfy

@un
@~n

(x) > 0 for a.a. x 2 @
 U ;
@vn
@~n

(x) > 0 for a.a. x 2 @
 U :

Similar procedure as for linear case gives

d1

Z



r ~un � r (’ � ~un )� (b11un + b12vn � n1(~un ; ~vn ))( ’ � ~un ) dx =

= d1

Z


 n
 U

� �~un � (b11un � b12vn � n1(~un ; ~vn )( ’ � ~un ) dx+

+
Z

@
 U

@~un

@~n
(’ � ~un ) dS =

Z

@
 U

@~un

@~n
’ dS � 0;

d2;n

Z



r ~vn � r ( � ~vn )� (b21un + b22vn � n2(~un ; ~vn ))(  � ~vn ) dx =

= d2;n

Z


 n
 U

� �~vn � (b21un � b22vn � n2(~un ; ~vn )(  � ~vn ) dx+

+
Z

@
 U

@~vn

@~n
( � ~vn ) dS =

Z

@
 U

@~vn

@~n
 dS � 0;

i.e. the functions ~un ; ~vn are solutions of (8). ThereforedK
2 is a bifurcation point of (8).

The key to the proof of the last statement is in Proposition 3.1 in [2]. Let

d2( �̂; d 1) :=
1
�̂

�
b12b21

d1�̂ � b11
+ b22

�
:

For d1 2 (b11=�̂ 2; b11=�̂ 1) there is dK
2 = d2( �̂ 1; d1), as follows from the de�nition of dK

2 . If
�̂ i < �̂ j are di�erent positive numbers, then there exists exactly one positived1 < b11�̂ i
such that d2( �̂ i ; d1) = d2( �̂ j ; d1). In simple terms, the hyperbolas intersects exactly at
one point. The points of intersection satisfy

�̂ i �̂ j b22d2
1 � ( �̂ i + �̂ j )d1

detB
b11

+
b11 detB

b22
= 0 :
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Let � 2 < �̂ 1 < � 1. The intersection points are

�̂ 1� 1b22d2
1;M � ( �̂ 1 + � 1)d1;M

detB
b11

= �
b11 detB

b22
;

�̂ 1� 2b22d2
1;m � ( �̂ 1 + � 2)d1;m

detB
b11

= �
b11 detB

b22
:

Dividing these equations gives

�̂ 1� 1b22d2
1;M � ( �̂ 1 + � 1) det B

b11

�̂ 1� 2b22d2
1;m � ( �̂ 1 + � 2) det B

b11

= 1 :

Since �̂ 2 < � 1 < �̂ 1 this can be true only if d1;m < d 1;M . Since d2(� 2; d1) is negative
for all d1 2 (b11=� 2; b11=� 1), cf. Remark 2, and becaused2( �̂; d 1) < d 2(� 1; d1) for any
d1 2 (d1;m ; d1;M ) it must be (d1; dK

2 ) 2 DS.

3 Applications
The set of all positive critical points (d1; d2) 2 R2

+ of the problem (1) with Dirichlet b.c.
on @
 , i.e. of the problemwithout unilateral terms, is

C :=
1[

i =1

�
(d1; d2) 2

�
0;

b11

� 1

�
� R+

�� d2 :=
1
� i

�
b12b21

d1� i � b11
+ b22

��
:

It is easy to verify that there are no positive critical points ifd1 > b11=� 1. The set of
bifurcation points of (1), (2) is described by the exact formula (12), and it only su�ces
to (numerically) compute the eigenvalueŝ� k . To demonstrate the results Thomas model
from [4] in the set 
 = [ � 1; 1]2 and 
 U = B0:05(0; 0) was chosen. In particular,

ut = d1� u + 
 (a � u � h(u; v)) ;
vt = d2� u + 
 (�b � �v � h(u; v)) ;

with a = 150; b = 100; � = 1 :5; 
 = 252; K = 0 :05; � = 13 and with Dirichlet
boundary condition and small random initial condition. This system has a stationary
solution (�u; �v) = (37 :738; 25:1588). The system has to be shifted byu � u � �u; v � v � �v,
in order to this stationary solution be equal to zero and (4) be true. The stationary
system with unilateral sources is then as follows:

d1� u + 226:7u � 1124:5v + n1(u; v) = 0 in [� 1; 1]2;
d2� v + 478:7u � 1502:5v + n2(u; v) = 0 in [� 1; 1]2;

(24)

u � 0; d14 u + 226:7u � 1124:5v + n1(u; v) � 0 in B0:05(0; 0);
u � (d14 u + 226:7u � 1124:5v + n1(u; v)) = 0 in B0:05(0; 0);
v � 0; d24 v + 478:7u � 1502:5v + n2(u; v) � 0 in B0:05(0; 0);
v � (d24 v + 478:7u � 1502:5v + n2(u; v)) = 0 in B0:05(0; 0);
u = v = 0 on @
 ;

(25)



190 J. NavrÆtil

wheren1; n2 satisfy (4). The eigenvalues of the Laplace operator on
 are known to be

� k =
(k� )2

4
:

The �rst eigenvalue � 1 = � 2=4, the second one is� 2 = � 2 = 9 :9. The �rst eigenvalue of
the Laplacian (10) was numerically computed aŝ� 1 = 9 :1� 0:1. The situation is sketched
in the Fig. 2. The red curve represents the set of bifurcation points of the problem (24),
(25) partially interfering into DS, which is impossible for a system without sources, whose
critical points generates the hyperbolas in this �gure (cf. the Fig. 1). Although there is
in�nitely many hyperbolas, there are plotted only �ve of them in the Fig. 2.

Figure 2: Hyperbolas for Thomas system

The further research will focus on numerical solution of this particular problem and
other systems, and on a study of resulting patterns.
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Abstract. In this work we study the Kramers-Fokker-Planck equation with a potential whose
gradient tends polynomially fast to zero at the in�nity. For this class of short-range potentials
in one position variable, we show that complex eigenvalues do not accumulate at low-energies.
The �rst threshold zero is always a resonance and the corresponding resonant state is uniquely
determined. This allows us to obtain the low-energy resolvent asymptotics, which, in combina-
tion with more general high energy pseudospectral estimates, gives the large-time asymptotics
of solutions to the KFP equation in appropriate spaces. These are expressed in terms of the
equilibrium state, the Maxwellian.

Keywords: return to equilibrium, threshold spectral analysis, pseudo-spectral estimates, Kramers-
Fokker-Planck equation.

Abstrakt. V tomto £lÆnku studujeme Kramers-Fokker-Planckovu rovnici s potenciÆlem, jeho”
gradient v nekone£nu klesÆ polynomiÆln¥ rychle k nule. Pro tuto t°ídu krÆtkodosahových po-
tenciÆl• v jednØ prom¥nnØ polohy ukazujeme, ”e komplexní vlastní hodnoty neakumulují poblí”
nízkých energií. První prahovÆ hodnota nula je v”dy rezonancí a odpovídající rezonantní stav
je jednozna£n¥ ur£en. To nÆm umo”‹uje získat asymptotiky rezolventy pro nízkØ energie, je”,
spole£n¥ s více obecnými vysokoenergetickými pseudospektrÆlními odhady, nÆm dÆvÆ ve vhod-
ných prostorech aysmptotiky °e†ení KFP rovnice pro velkØ £asy. Tyto jsou vyjÆd°eny pomocí
rovnovÆ”nØho stavu, MaxwelliÆnu.

Klí£ovÆ slova: nÆvrat do rovnovÆhy, prahovÆ spektrÆlní analýza, pseudospektrÆlní odhady,
Kramers-Fokker-Planckova rovnice
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Abstract. We give the classi�cation of T-duals of the �at background in four dimensions with
respect to one-, two-, and three-dimensional subgroups of the PoincarØ group using non-Abelian
T-duality with spectators. As duals, we �nd backgrounds for sigma models in the form of
plane-parallel waves or diagonalizable curved metrics often with torsion. Among others, we �nd
exactly solvable time-dependent isotropic pp-wave, singular pp-waves, or generalized plane wave
(K-model).

Keywords: sigma model, pp-wave background, string duality, non-Abelian T-duality, isometry
group, spectator

Abstrakt. P°edklÆdÆme klasi�kaci T-duÆl• plochØho pozadí ve £ty°ech rozm¥rech vzhledem
k jednorozm¥rným, dvourozm¥rným a trojrozm¥rným podgrupÆm PoincarØho grupy s vyu”itím
neabelovskØ T-duality s p°ihlí”e£i. Jako duÆly nalØzÆme pozadí pro sigma modely ve tvaru pp-vln
nebo diagonalizovatelných k°ivých metrik £asto s torzí. Mimo jinØ nalØzÆme exaktn¥ °e†itelnou
£asov¥ zÆvislou izotropní pp-vlnu, singulÆrní pp-vlny nebo zobecn¥nou rovinnou vlnu (K-model).

Klí£ovÆ slova:sigma model, pp-vlna, strunovÆ dualita, neabelovskÆ T-dualita, grupa isometrií,
p°ihlí”e£

Full paper: F. PetrÆsek, L. Hlavatý, and I. Petr. Plane-parallel waves as duals of the
�at background II: T-duality with spectators. Class. Quantum Grav. 34 (2017) 155003.
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Abstract. An area of increasingly frequent applications of evolutionary optimization to real-
world problems is continuous black-box optimization. However, evaluating real-world black-box
�tness functions is sometimes very time-consuming or expensive, which interferes with the need
of evolutionary algorithms for many �tness evaluations. Therefore, surrogate regression mod-
els replacing the original expensive �tness in some of the evaluated points have been in use
since the early 2000s [3]. The Surrogate Covariance Matrix Adaptation Evolution Strategy (S-
CMA-ES) [1] and its successor the Doubly Trained S-CMA-ES (DTS-CMA-ES) [4] represent
two surrogate-assisted versions of the state-of-the-art algorithm for continuous black-box opti-
mization CMA-ES [2]. In [5] and [9], we have investigated extensions of S- and DTS-CMA-ES
that control the usage of the model according to the model’s error. In [6] and [7], we have com-
pared the ordinal and metric Gaussian process regression model using in combination with the
DTS-CMA-ES. Moreover, we have presented an overview of several algorithms using surrogate
models to speed up the original CMA-ES [8].

Keywords: benchmarking, black-box optimization, surrogate model, Gaussian process

Abstrakt. Oblastí se stÆle se zvy†ujícím mno”stvím aplikací evolu£ní optimalizace na prob-
lØmy z praxe je spojitÆ black-box optimalizace. Vyhodnocení takovØto skute£nØ black-box �t-
ness funkce ale bývÆ velice £asov¥ nebo výpo£etn¥ nÆro£nØ, co” koliduje s faktem, ”e evolu£ní
algoritmy vy”adují mnoho vyhodnocení �tness funkce. Proto se ji” tØm¥° od roku 2000 vyu”í-
vají nÆhradní regresní modely namísto skute£nØ �tness funkce pro n¥kterØ z vyhodnocovaných
bod• [3]. Algoritmy Surrogate Covariance Matrix Adaptation Evolution Strategy (S-CMA-
ES) [1] a jeho nÆsledník Doubly Trained S-CMA-ES (DTS-CMA-ES) [4] p°edstavují dv¥ vari-
anty v sou£asnosti nejlep†ího algoritmu na spojitou black-box optimalizaci jmØnem CMA-ES [2],
kterØ pou”ívají nÆhradní modely. V £lÆncích [5] a [9], jsme p°edstavili roz†í°ení S- a DTS-CMA-
ESu, kterÆ °ídí pou”ívÆní modelu v zÆvislosti na jeho chyb¥. PorovnÆní ordinÆlních a metrických
model• zalo”ených na gaussovských procesech v kombinaci s DTS-CMA-ESem jsme provedli v
[6] a [7]. DÆle jsme takØ vypracovali porovnÆní n¥kolika algoritm• pou”ívajících nÆhradní modely
k urychlení p•vodního CMA-ESu [8].

Klí£ovÆ slova:benchmarking, black-box optimalizace, nÆhradní modelovÆní, gaussovskØ procesy
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Abstract. Arti�cial intelligence is present in many modern computer science applications.
The question of e�ectively learning parameters of such models even with small data samples is
still very active. It turns out that restricting conditional probabilities of a probabilistic model
by monotonicity conditions might be useful in certain situations. Moreover, in some cases,
the modeled reality requires these conditions to hold. In this article we focus on monotonicity
conditions in Bayesian Network models. We present an algorithm for learning model parameters,
which satisfy monotonicity conditions, based on gradient descent optimization. We test the
proposed method on two data sets. One set is synthetic and the other is formed by real data
collected for computerized adaptive testing. We compare obtained results with the isotonic
regression EM method by Masegosa et al. which also learns BN model parameters satisfying
monotonicity. A comparison is performed also with the standard unrestricted EM algorithm
for BN learning. Obtained experimental results in our experiments clearly justify monotonicity
restrictions. As a consequence of monotonicity requirements, resulting models better predict
data.

Keywords: computerized adaptive testing, monotonicity, isotonic regression EM, gradient method,
parameters learning

Abstrakt. V dne†ní dob¥ se um¥lÆ inteligece vyu”ívÆ v mnoha oblastech lidskØ £innosti a to s
pomocí rozli£ných model•. OtÆzka mo”nosti efektivního u£ení takových model• je proto stÆle
velmi aktuÆlní. Ukazuje se, ”e, v p°ípad¥ omezení modelu dodate£nými podmínkami monotonic-
ity, je v ur£itých podmínkÆch p°ínosnØ. V mnoha aplikacích je dokonce nezbytnØ, aby byly tyto
podmínky spln¥ny, proto”e vychÆzí z modelovanØ reality. Tento £lÆnek se zam¥°uje na podmínky
monotonicity uplatn¥nØ v modelech bayesovských sítí. P°edstavujeme algoritmus zalo”ený na
gradientním sestupu k u£ení parametr• model• spl‹ujících podmínky monotonicity. Tyto algo-
ritmy testujeme na dvou datových sadÆch. První sada je tvo°ena syntetickými daty, zatímco
druhÆ se sklÆdÆ z reÆlných dat sesbíraných pro tento œ£el. ZískanØ výsledky porovnÆvÆme s
EM isotoní regresí vytvo°eným autory Masegosa et al., který takØ u£í model bayesovskØ sít¥
spl‹ující podmínky monotonicity. SrovnÆní je tØ” provedeno s neomezeným EM algoritmem pro
u£ení bayesovských sítí. ZískanØ výsledky z na†ich experiment• jasn¥ potvrzují u”ite£nost pod-
mínek monotonicity. Jako d•sledek jejich vynucení p°i u£ení parametr•, výslednØ model lØpe
p°edpovídají data.

� This work was supported by the Czech Science Foundation (project No. 16-12010S) and by the
Grant Agency of the Czech Technical University in Prague, grant No. SGS17/198/OHK4/3T/14.
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Klí£ovÆ slova:po£íta£ovØ adaptivní testovÆní, monotonicita, EM isotoní regrese, gradientní
metoda, u£ení parametr•
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Abstrakt. NelineÆrní Schrödingerovou rovnicí se v principu rozumí jakÆkoli z obecnØ t°ídy rov-
nic � i t (x; t ) = �  (x; t )+ F [ (x; t );  � (x; t )] (x; t ), kde F je libovolný nekonstantní funkcionÆl.
Pro r•znØ volbyF se nÆsledn¥ objevují r•znØ mo”nosti fenomenologickØho uplatn¥ní tØto rovnice.
V praxi se setkÆvÆme zejmØna s p°ípadem kvadratickØ nelinearityF [ (x; t )] =  � (x; t ) (x; t )
v teorii supravodivosti a p°i studiu Bose-Einsteinova kondenzÆtu. Z nepolynomiÆlních funkcio-
nÆl• se lze (v podobných aplikacích) v literatu°e nej£ast¥ji setkat s logaritmickou nelinearitou
F [ (x; t )] = ln[  � (x; t ) (x; t )].

NelineÆrní Schrödingerova rovnice je pro libovolnou volbuF rovnicí lokÆlní, co” je takØ nutnÆ
podmínka v¥t†iny sou£asných fyzikÆlních teorií. V nedÆvnØ dob¥ se ale objevilo n¥kolik mo”ných
aplikací tzv. PT -symetrických HamiltoniÆn• (jak v klasickØ, tak v kvantovØ mechanice), kterØ
mohou v n¥kterých p°ípadech vØst na nelokÆlní (efektivní) teorie. To bylo takØ popudem k
nedÆvnØmu studiu modi�kovanØ NLSE s (nelokÆlním) funkcionÆlemF =  � (� x; t ) (x; t ) (cit.
no. 43, 44).

V tomto £lÆnku se zabývÆme dal†ím logických krokem v tØto œvaze: srovnÆním logaritmickØ
NLSE a její nelokÆlní analogieF [ (x; t )] = ln[  � (� x; t ) (x; t )]. Jeliko” nelokÆlní �hustota prav-
d¥podobnosti�  � (� x; t ) (x; t ) je obecn¥ komplexní funkcí prox 2 R, studujeme tuto rovnici
(inspirovÆni cit. no. 42) na modi�kovanØm de�ni£ním oboru, který tvo°í sprÆvn¥ zvolený kontur
v komplexní rovin¥. Nakonec diskutujeme n¥kolik explicitn¥ zkonstruovaných referen£ních °e†ení
lokÆlní i nelokÆlní logaritmickØ NLSE, a to jak pro p°ípad jedno£ÆsticovØ vlnovØ funkce, tak pro
její vektorovou (více£Æsticovou) formu.

Klí£ovÆ slova:nelineÆrní Schrödingerova rovnice, logaritmickÆ Schrödingerova rovnice,PT -
symetrie

Abstract. In its most general meaning, the nonlinear Schrödinger equation is understood to be
any of the family of equations� i t (x; t ) = �  (x; t )+ F [ (x; t );  � (x; t )] (x; t ), with F being an
arbitrary nonconstant functional. For varying F we may encounter vastly di�erent possibilities
of phenomenogical appllications of the equation. The most often discussed case is probably the
quadratic nonlinearity F [ (x; t )] =  � (x; t ) (x; t ) relevant e.g. when studying superconductivity
and Bose-Einstein condensates. Among non-polynomial functionals, one may encounter also the
F [ (x; t )] = ln[  � (x; t ) (x; t )].

The NLSE is a local equation for any choice ofF , which is also a strict requirement of the
vast majority of current physics theories. However, a number of possible applications ofPT -
symmetric Hamiltonians (in both classical and quantum mechanics) emerged recently, which
could sometimes lead to nonlocal (e�ective) theories. This was also the principal motivation for
studying a modi�ed NLSE with a nonlocal functional F =  � (� x; t ) (x; t ) in cit. no. 43, 44.
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In the present paper, we take another step in this direction and provide a comparison of
the logarithmic NLSE and its nonlocal analogueF [ (x; t )] = ln[  � (� x; t ) (x; t )]. Since the
nonlocal �probability density�  � (� x; t ) (x; t ) is in general complex-valued forx 2 R, we study
the equation (iinspired by cit. no. 42) on a modi�ed domain, consisting of a carefully selected
contour in the complex plane. We �nally construct several reference solutions to these equations,
both for the case of single-particle wavefunction and its many-body matrix counterpart.

Keywords: nonlinear Schrödinger equation, logarithmic Schrödinger equation, PT -symmety

PlnÆ verze: M. Znojil, F. R•”i£ka and K. G. Zloshchastiev, Schrödinger Equations with
Logarithmic Self-Interactions: From Antilinear PT-Symmetry to the Nonlinear Coupling
of Channels, Symmetry 9 (2017), 165.
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Abstract. Our research reported in this paper is twofold. In the �rst part of the paper we
use standard statistical methods to analyze medical records of patients su�ering myocardial
infarction from the third world Syria and a developed country - the Czech Republic. One of our
goals is to �nd whether there are statistically signi�cant di�erences between the two countries.
In the second part of the paper we present an idea how to deal with incomplete and imbalanced
data for tree-augmented naive Bayesian (TAN). All results presented in this paper are based on
a real data about 603 patients from a hospital in the Czech Republic and about184 patients
from two hospitals in Syria.

Keywords: Machine Learning, Data analysis, Bayesian networks, Missing data, Imbalanced data,
Acute Myocardial Infarction.

Abstrakt. NÆ† výzkum, kterým se zabývÆme v tomto £lÆnku, mÆ dv¥ £Æsti. V první £Æsti
pou”ívÆme standardní statistickØ metody k analýze lØka°ských zÆznam• pacient•, kte°í prod¥lali
infarkt a pochÆzeli bu⁄ ze zem¥ t°etího sv¥ta (Sýrie) nebo z rozvinutØ zem¥ (�eskÆ republika).
Jedním z na†ich cíl• je zjistit, zda mezi ob¥ma zem¥mi existují statisticky významnØ rozdíly.
V druhØ £Æsti £lÆnku p°edklÆdÆme my†lenku zabývat se neœplnými a nevyrovnanými daty pro
klasi�kÆtor Tree-Augmented Naive Bayes (TAN). V†echny na†e výsledky jsou prezentovÆny v
tomto £lÆnku a vychÆzejí z reÆlných œdaj• o 603 pacientech z nemocnice v �eskØ republice a
p°ibli”n¥ 184 pacient• ze dvou nemocnic v Sýrii.

Klí£ovÆ slova:strojovØ u£ení, analýza dat, bayesovskØ sít¥, neœplnÆ data, nevyrovnanÆ data,
akutní infarkt myokardu

1 Introduction
Acute myocardial infarction (AMI) is commonly known as a heart attack. A heart attack
occurs when an artery leading to the heart becomes completely blocked and the heart
doesn’t get enough blood or oxygen. Without oxygen, cells in that area of the heart
die. AMI is responsible for more than a half of deaths in most countries worldwide. Its
treatment has a signi�cant socioeconomic impact.

One of the main objectives of our research is to design, analyze, and verify a predictive
model of hospital mortality based on clinical data about patients. A model that predicts

� This work has been supported by the SGS grant CTU SGS16/253/OHK3/3T/14.
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well the mortality can be used, for example, for the evaluation of the medical care in
di�erent hospitals. The evaluation based on mere mortality would not be fair to hospitals
that treat often complicated cases. It seems better to measure the quality of the health
care using the di�erence between predicted and observed mortality.

A related work was published by [1]. The authors analyze the mortality data in U.S.
hospitals using the logistic regression model. Other work was published by [2]. The
authors compare di�erent machine learning methods using a real medical data from a
hospital.

2 Data
Our dataset contains data about787patients characterized by24 variables. 603patients
of them are from the Czech Republic [2] and184are from Syria. The attributes are listed
in the Table 1. Most of the attributes are real valued, four attributes are nominal. Only a
subset of attributes was measured for the Syrian patients. Most records contain missing
values, i.e., for most patients only some attribute values are available. The thirty days
mortality is recorded for all patients. In the Czech Republic the results of blood tests are
reported in millimoles per liter of blood. In Syria some of the measurements are reported
in milligrams per liter and some in millimoles per liter. We standartize all measurements
to the millimoles per liter scale.

We will note U = f X 1; X 2; : : : ; X mg for a discrete domain, whereX i ; i 2 f 1; 2; : : : ; mg
is a discrete attribute and take on values from a �nite set, denoted byV al(X i ). We
use capital letters such asX , Y , Z for attribute names, and lower-case letters such as
x,y,z to denote speci�c values taken by those variables. Sets of variables are denoted
by boldface capital letters such asX ,Y ,Z and assignments of values to the variables in
these sets are denoted by boldface lowercase lettersx ,y ,z. A classi�ed discrete domain
is a discrete domain where one of the attributes is distinguished as �class�. We will use
U C = f A1; A2; : : : ; An ; Cg for a classi�ed discrete domain. A datasetD = f u1; : : : ;uN g
of instances ofU C , where eachu i ; i 2 f 1; : : : ; Ng is a tuple of the form (a1

i ; : : : ; an
i ; ci )

wherea1
i 2 V al(A1); : : : ; an

i 2 V al(An ) and ci 2 V al(C). Also we note that the class is
always known, and a missing value in the dataset is denoted byNA .

3 Preliminary Statistical Analysis
For a preliminary statistical analysis [3] we selected a subset of attributes that are highly
correlated with the class [5] and present in both groups, namely, we considered these
variables: age, nationality, gender, STEMI location, and the class mortality. The STEMI
location encoded by1 denotes a STEMI.inf, 2 denotes a STEMI.ant, and3 denotes a
STEMI.lat. The nationality is encoded by a binary variable, where 0 means Czech and 1
means Syrian. The Gender is encoded by a binary variable where 0 denotes a man, while
1 stands for a female. The mortality is also encoded as a binary variable, where 0 means
that the patient survived 30 days, while 1 means that he/she did not.

Already from Figure 1, where the histogram of the age values is presented, we can see
that from patients that didn’t survive a high percentage are young patients from Syria.
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Table 1: Attributes

Attribute Code type value range in data Country
Age AGE real [23, 94] SYR, CZ
Height HT real [145, 205] CZ
Weight WT real [35, 150] CZ
Body Mass Index BMI real [16.65, 48.98] CZ
Gender SEX nominal {male, female} SYR, CZ
Nationality NAT nominal {Czech, Syrian} SYR, CZ
STEMI Location STEMI nominal {inferior, anterior, lateral} SYR, CZ
Hospital Hospital nominal {CZ, SYR1, SYR2} SYR, CZ
Kalium K real [2.25, 7.07] CZ
Urea UR real [1.6, 61] SYR, CZ
Kreatinin KREA real [17, 525] SYR, CZ
Uric acid KM real [97, 935] SYR, CZ
Albumin ALB real [16, 60] SYR, CZ
HDL Cholesterol HDLC real [0.38, 2.92] SYR, CZ
Cholesterol CH real [1.8, 9.9] SYR, CZ
Triacylglycerol TAG real [0.31, 11.9] SYR, CZ
LDL Cholesterol LDLC real [0.261, 7.79] SYR, CZ
Glucose GLU real [2.77, 25.7] SYR, CZ
C-reactive protein CRP real [0.3, 359] SYR, CZ
Cystatin C CYSC real [0.2, 5.22] SYR, CZ
N-terminal prohormone of
brain natriuretic peptide NTBNP real [22.2, 35000] CZ

Troponin TRPT real [0, 25] CZ
Glomerular �ltration rate
(based on MDRD) GFMD real [0.13, 7.31] CZ

Glomerular �ltration rate
(based on Cystatin C) GFCD real [0.09, 7.17] CZ

The standard chi-square test of conditional independence between two variables re-
veals (see Table 2) that there is a signi�cant dependence (at the level 0.05) between
the mortality and nationality, the gender and nationality, also there are a signi�cant de-
pendencies between the gender and age, the mortality and gender � the patients from
Syria have the lowest probability to survive, also they are younger and there is higher
percentage of woman.

Finally, we learned the logistic regression model, that describes the relationship be-
tween the considered independent variables and the mortality as the dependent variable.
We have got:

logit P (C = 1 jA = a) = � 0 + � 1a1 + : : : + � 4a4

= � 0:034 + 0:001� a1 + 0 :027� a2 � 0:007� a3 + 0 :065� a4

where a1: age, a2: gender, a3: STEMI loc, and a4: nationality. Variables age and
nationality appeared to be statistically signi�cant for mortality prediction.
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Figure 1: Histogram of the age values

From the preliminary statistical analysis we can conclude that:

� In Syria the mortality from AIM is signi�cantly higher than in the Czech Republic
� 87:3% Syrian patients survive, while94:7% patients from the Czech Republic
survive.

� The age of patients in Syria is lower in average (the average di�erence is 13 years)
and there is a higher prevalence of women among the patients with AIM in Syria
than in the Czech Republic.

� The STEMI location is related to the mortality.

Table 2: The Chi-Square Test of conditional independence

gender STEMI loc. mortality nationality
age value .174 -.010 .048 -.381

sign. .0001 .775 .181 .0001
gender value .022 .068 .92

sign. .53 .057 .01
STEMI loc. value -.026 -.036

sign. 0.46 .312
mortality value .089

sign. 0.013
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4 Machine Learning Methods

The preliminary statistical analysis studied mostly the pairwise relations only. Since the
explanatory variables may combine their in�uence and the in�uence of a variable may be
mediated by another variable it is worth of studying the relations of variables alltogether.
Our data are incomplete and imbalanced. We will present an idea for dealing with that
type of data using tree-augmented naive Bayesian (TAN).

4.1 Bayesian networks

A Bayesian network [6] is an annotated directed acyclic graph that encodes a mass prob-
ability distribution over a set of random variablesU . Formally, a Bayesian network forU
is a pair B = hG; � i . The �rst component, G, is a directed acyclic graph whose vertices
correspond to the random variablesU = f X 1; X 2; : : : ; X mg, and whose edges represent
direct dependencies between the variables. The graphG encodes independence assump-
tions: each variableX i is independent of its non-descendants given its parents inG. The
second component of the pair, namely� , represents the set of parameters that quanti�es
the network. It contains the parameter� x i j� x i

= f (x i j� x i ) for each possible valuex i of X i
and � x i of � X i , where� X i denotes the set of parents ofX i in G. Accordingly, a Bayesian
network B de�nes a unique joint probability distribution over U given by:

f (X 1 = x1; : : : ; X m = xm ) =
mY

i =1

f (X i = x i j� X i = � x i ) =
mY

i =1

� x i j� x i

for each � X i which is a parent of X i .

4.2 Learning with Trees
A directed acyclic graph on f X 1; X 2; : : : ; X ng is a tree if � X i contains exactly one parent for
all X i , except for one variable that has no parents (this variable is referred to as the root).
A tree network can be described by identifying the parent of each variable [7]. A function
� : f 1; : : : ; ng ! f 0; : : : ; ng is said to de�ne a tree overX 1; X 2; : : : ; X n if there is exactly one i
such that � (i ) = 0 (namely the root of the tree), and there is no sequencei 1; : : : ; i k such that
� (i j ) = i j +1 for i � j < k and � (i k ) = i 1 (i.e., no cycles). Such a function de�nes a tree network
where � X i = f X � ( i )g if � (i ) > 0 and � X i = ; if � (i ) = 0 .

4.3 Learning Maximum Likelihood TAN
Let f A1; A2; : : : ; Ang be a set of attribute variables andC be the class variable. We say that
B (Bayesian network) is a TAN model if � C = ; and there is a function � that de�nes a tree
over f A1; A2; : : : ; Ang . The optimization problem consists on �nding a tree de�ning function �
over f A1; A2; : : : ; Ang such that the log likelihood is maximized [8]LL (BT jD ) =

P
u2 D log f (u).

To learn the maximum likelihood TAN we should use the following equation to compute the
parameters [8], � ai ;� a i

=
Na i ; � a i

(ai ;� a i )
N � a i

(� a i ) where Nai ;� a i
(ai ; � ai ) stands for the number of times

that attribute i has valueai and its parents have values� ai in the dataset. Similarly, N � a i
(� ai )

is the number of times that the parents of attribute A i have values� ai in the dataset.
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5 Learning TAN from incomplete data
Missing data are a very common problem which is important to consider in a many data mining
applications, and machine learning or pattern recognition applications. Some variables may
not be observable (i.e. hidden) even for training instances. Now more and more datasets
are available, and most of them are incomplete. Therefore, we want to �nd a way to build
a new model from an incomplete dataset. Normally, to learn the maximum likelihood TAN
structure [8], we need a complete data, such that all instancesu i ; i 2 f 1; : : : ; N g from U C are
complete and don’t have any missing value. In case the data are incomplete and there is an
instance which has a missing value, we will not use the whole instance in TAN structure learning
i.e. not use the other known values from that instance in TAN structure learning. Note that the
class is always known, and a missing value in the dataset is denoted byNA . Our goal is to learn
a tree-augmented naive Bayesian (TAN) from incomplete data. Some previous work by [13]
propose maximizing conditional likelihood for BN parameter learning. They apply their method
to MCAR (Missing Completely At Random) incomplete data by using available case analysis in
order to �nd the best TAN classi�er. In other work by [9] also deals with TAN classi�ers and
expectation-maximization (EM) principle for partially unlabeled data. In their work, only the
variable corresponding to the class can have missing. Also, other work by [10] deals with TAN
based on the EM principle, where they have proposed an adaptation of the learning process of
Tree Augmented Naive Bayes classi�er from incomplete data. In their work, any variable can
have missing values in the dataset. The TAN algorithm can be adapted to learn from incomplete
datasets, such that most available data will be used in TAN structure learning. The procedure
is shown in Algorithm 1, where the Conditional Mutual Information "CMI" is de�ned as:

I (X; Y jZ ) =
X

x,y,z
f (x,y,z ) log

f (z)f (x,y,z )
f (x,z )f (y,z )

where the sum is only overx,y,z such that f (x,z ) > 0 and f (y,z ) > 0: In Algorithm 1, on line
25 we build a complete undirected graph in which the vertices are the attributesA1; : : : ; An :
Annotate the weight of an edge connectingA i to A j ; i 6= j by I pi j = I (A i ; A j jC) One line 26
we build a subgraph from G, without any cycles and with the maximum possible total edge
weight. On line 27 we transform the resulting undirected tree to a directed one by choosing a
root variable and setting the direction of all edges to be outward from it. On line28 we add the
classC to the graph as a node and add edges fromC to all other nodes in the graph

The idea behind Algorithm 1 is that we believe if we use more data then the estimates of
conditional mutual information are more reliable.

6 Imbalanced Data
In case of imbalanced data the classi�ers are more sensitive to detecting the majority class and
less sensitive to the minority class. Thus, if we don’t take care of the issue, the classi�cation
output will be biased, in many cases resulting in always predicting the majority class. Many
methods have been proposed in the past few years to deal with imbalanced data. In our research
the mortality rate of patients with myocardial infarction refers to the percentage of patients who
have not survived more than 30 days, where the results are89% of patients survive and 11%
of patients do not survive, therefore the data are quite imbalanced. One of the most common
and simplest strategies to handle imbalanced data is to under-sample the majority class [11, 12].
While di�erent techniques have been proposed in the past, they did not bring any improvement
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Algorithm 1 TAN For Incomplete Data
1: procedure CMI (A i ; A j ; Cg) . // Conditional Mutual Information
2: D = f u1; : : : ;uN g; um = ( ai ; aj ; c); m 2 f 1; : : : ; Ng; such that um =

(a1; : : : ; an ; c) 2 D
3: Foreach um 2 D
4: If (ai == NA jaj == NA )
5: Delete um from D
6: endfor
7: Compute I p = I (A i ; A j jC) from D
8: return I p
9: Endprocedure

10: ReadD = f u1; : : : ;uN g; um = ( a1; : : : ; an ; c); m 2 f 1; : : : ; Ng
11: var:
12: n the number of attribute variablesA;
13: Ip[n][n] the WeightMatrix;
14: UG the UndirectedGraph;
15: UT the UndirectedTree;
16: T the DirectedTree;
17: TAN the DirectedGraph;
18: Foreach A i ; i 2 f 1; : : : ; n � 1g
19: Foreach A j ; j 2 f 2; : : : ; ng
20: I pi j = CMI (A i ; A j ; C)
21: Ip[i ][j ] = I pi j
22: Ip[j ][i ] = I pi j
23: EndForeach
24: EndForeach
25: G = ConstructUndirectedGraph(Ip[i ][j ])
26: UT = MaximumWeightedSpanningTree(G);
27: T = MakeDirected(UT);
28: TAN = AddClass( T);

with respect to simply selecting samples at random. So, for this analysis we propose the following
steps:

� Let M be the number of samples for the majority class, and N be the number of samples
for the minority class, and M be L times greater than N.

� Divide the instances which have majority class into L distinct clusters.

� Train L predictors, where each predictor is trained on only one of the distinct clusters,
but on all of the data from the rare class. To be clear, the data from the minority class
are used in the training of all L predictors.

� Use model averaging for the L learned predictors as your �nal predictor. i.e (in our
case we will compute a conditional mutual information between each pair of attributes
(A i ; A j ); i; j 2 1; 2; : : : ; n; i 6= j given the class L times for each pair, in each time will use
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only one of the distinct clusters and all data from the minority class, then we will use the
average of conditional mutual information for each pair to compute a weight matrix).

After integrating this step into the Algorithm 1, we will have a TAN algorithm which deals with
an incomplete and imbalance data 2:

Algorithm 2 TAN for incomplete and imbalance data
1: var
2: M The number of samples for the majority class
3: N The number of samples for the minority class
4: DT All instances of the majority class,DT � D
5: DF All instances of the minority class,DF � D
6: integer division L = M=N
7: Divide DT to L parts, DTk ; k 2 f 1; : : : ; Lg
8: Foreach DTk

9: Dk = DTk [ DF
10: EndForeach
11: Compute WeightMatrix Ipk [n][n] foreachDk

12: Îp[n][n] = the average ofIpk [n][n]; k 2 1; : : : ; L . // Îp is the WeightMatrix which
wwill be used in Algorithm 1

13: Continue from line 26 in Algorithm 1 usingÎp

7 Results
For each data record classi�ed by a classi�er there are four possible classi�cation results. Either
the classi�er got a positive example labeled as positive (in our data the positive example is
the patient survived) or it made a mistake and marked it as negative. Conversely, a negative
example may have been mislabeled as a positive one, or correctly marked as negative. Our
results are summarized in Figure 2 using the ROC curves. We use the10 fold cross validation
as the model evaluation method. The ROC curve shows how the classi�er can sacri�ce the
true positive rate (TP rate: number of positive examples, labeled as such over total positives)
for the false positive rate(FP rate: number of negative examples, labeled as positive over total
negatives) (1-speci�city) by plotting the TP rate to the FP rate. In other words, it shows how
many correct positive classi�cations can be gained as you allow for more and more false positives
by changing the threshold.

In Figure 2 we compare our results with normal TAN ([8]) and SMOTE algorithm ([4]) for
TAN. Algorithm 2 has achieved the highest area under the ROC curve (AUC) with 0:82. The
results of Algorithm 1 (ROC = 0.77) is better than the normal TAN algorithm (ROC = 0.62).
But SMOTE algorithm with TAN (ROC = 0.802) is better than Algorithm 1.

8 Conclusions
First, we used medical data on patients with AIM for preliminary statistical analysis. We
found a signi�cant di�erence between Syrian patients and Czech patients. Second, Bayesian
networks are a tool of choice for reasoning in uncertainty, with incomplete data. However, often,
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Bayesian network structural learning only deals with complete data. We have proposed here an
adaptation of the learning process of the Tree Augmented Naive Bayes classi�er from incomplete
and imbalanced datasets. This methods have been successfully tested on our dataset. We have
seen that our Algorithm 2 performed better than normal TAN and TAN-SOMTE.
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Abstract. During the recent developments of quantum theory it has been clari�ed that the
observable quantities (like energy or position) may be represented by operators� (with real
spectra) which are manifestly non-Hermitian in a preselected �friendly� Hilbert spaceH (F ) .
The consistency of these models is known to require an upgrade of the inner product, i.e.,
mathematically speaking, a transition H (F ) ! H (S) to another, �standard� Hilbert space. We
prove that whenever we are given more than one candidate for an observable (i.e., say, two
operators � 0 and � 1) in advance, such an upgradeneed not exist in general.

Keywords: non-Hermitian operator, two observables,PT -symmetry, metric operator

Abstrakt. B¥hem nedÆvnØho rozvoje kvantovØ teorie bylo vyjasn¥no, ”e pozorovatelnØ veli£iny
(jako energie £i poloha) mohou být reprezentovÆny operÆtory� (s reÆlným spektrem), kterØ
jsou z°ejm¥ nehermitovskØ v p°edvybranØm�p°ÆtelskØm� Hilbertov¥ prostoruH (F ) . Konzistence
takovýchto model• vy”aduje zm¥nu skalÆrního sou£inu, to jest, matematicky °e£eno, p°echod
H (F ) ! H (S) do jinØho,�standardního� Hilbertova prostoru. Ukazujeme, ”e kdykoliv mÆme více
ne” jednoho kandidÆta na pozorovatelnou (to jest nap°íklad dva operÆtory� 0 a � 1), takovýto
p°echod nemusí obecn¥ v•bec existovat.

Klí£ovÆ slova:nehermitovský operÆtor, dv¥ pozorovatelnØ,PT -symetrie, metrický operÆtor

Full paper: M. Znojil, I. SemorÆdovÆ, F. R•”i£ka, H. Moulla, and I. Leghrib.The
problem of coexistence of several non-hermitian observablesin PT-symmetric quantum
mechanics. Phys. Rev. A 95 (2017), 042122.
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Abstract. This work deals with testing of a numerical method for solving two phase 
ow
problems in porous media. We brie
y describe the numerical method, it’s implementation, and
benchmark problems. First, the method is veri�ed using test problem in homogeneous porous
media in 2D and 3D. Results show that the method is convergent and the experimental order
of convergence is slightly less than one. On the problem in heterogeneous porous media, the
method produces oscillations at the interface between di�erent porous media and we demon-
strate that these oscillations are not caused by the coarseness of the grid. To overcome the
oscillations, we use the mass lumping technique which eliminates the oscillations at the inter-
face. Tests on the problems in homogeneous porous media show that although the mass lumping
technique slightly decreases the accuracy of the method, the experimental order of convergence
remains the same.

Keywords: two phase 
ow, heterogeneity, mixed hybrid �nite element method, mass lumping,
porous media, upwind

Abstrakt. ¨lÆnek se vìnuje testovÆní numerickØ metody pro łe„ení œloh dvoufÆzovØho proudìní
v porØzním prostłedí. Na zaŁÆtku je struŁnì popsÆna numerickÆ metoda, její implementace
a testovací œlohy. Metoda je nejprve testovÆna na œloze v homogenním prostłedí ve 2D i
3D. Ukazuje se, ¾e numerickØ schØma je konvergentní s experimentÆlním łÆdem konvergence
o nìco men„ím ne¾ jedna. Płi łe„ení œlohy v heterogenním prostłedí se na rozhraní mezi
røznými prostłedími objevují oscilace, u kterých ukÆ¾eme, ¾e nejsou zpøsobeny pou¾itou sítí.
Pro odstranìní oscilací pou¾ijeme techniku mass lumping, kterÆ oscilace na rozhraní výraznì
omezí. Na testech v homogenním prostłedí se pak ukazuje, ¾e aŁkoli pou¾ití mass lumpingu
nepatrnì zhor„í płesnost numerickØ metody, experimentÆlní łÆd konvergence zøstÆvÆ stejný.

KlíŁovÆ slova:dvoufÆzovØ proudìní, heterogenity, hybridní metoda smí„ených koneŁných prvkø,
mass lumping, porØzní prostłedí, upwind

1 Introduction
Mathematical modeling of two phase 
ow in porous media can be used in many appli-
cations. For instance prediction of contaminant transport can be used for protection of

� The work was supported by the Czech Science Foundation project no. 17-06759S: Investigation of
shallow subsurface 
ow with phase transitions and by grant No. SGS17/194/OHK4/3T/14 of the Grant
Agency of the Czech Technical University in Prague.
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water resources or for sanitation of dangerous substances leakage. Except for special
cases, there is no known way how to solve these problems exactly but with numerical
methods, we can �nd at least a good approximation of the solution.

This paper focuses on the veri�cation of the proposed numerical method. The method
is implemented in parallel usingMPI[12, 13]. Firstly, we test the method on two phase 
ow
problems in homogeneous porous media in 2D and 3D. We further proceed with a problem
in heterogeneous porous media which shows limitations of the method. Therefore, we
propose a modi�cation using mass lumping technique which helps to solve problems in
heterogeneous porous media correctly. Finally, we compare both approaches on problems
with known exact solution.

2 Numerical method

Here, we brie
y describe the numerical method. A detailed description of the method
together with a di�erent approach to parallelism, using CUDA, is described in [7]. The
method can be used for solving a system ofn partial di�erential equations in the following
coe�cient form:

nX

j =1

N i;j
@Zj
@t

+ r �

"

mi

 

�
nX

j =1

D i;j r Z j + w i

!#

= f i ; (1)

whereZ j = Z j (x ; t), j = 1 ; : : : ; n, are unknown functions(8t > 0; 8x 2 
) , 
 � Rd is
the computational domain, andd is the spatial dimension,d 2 f 1; 2; 3g. N i;j , f i , and
mi are scalar coe�cients,w i are vector coe�cients andD i;j are symmetric, second order
tensors. The coe�cients can be functions of timet and spatial coordinatesx , but also of
the unknown functionsZ j .

The method was implemented inC++and for the parallel implementation,MPI was
used. Serial implementation of the method is described in detail in [7], parallel imple-
mentation in 2D, using MPI, is described in [13]. The parallelism in 3D which is used in
this paper is a direct extension of the 2D case.

Triangular and tetrahedral meshes used in this paper were generated byGmsh[8].

2.1 Coe�cients in general formulation

All benchmark problems presented here are represented by the following choice of coe�-
cients in the general formulation of the method given by Eq. (1):
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where:
� [ � ] is the porosity,
S� [� ] is the � -phase saturation,
� � [kg � m� 3] is the � -phase density,
f � [kg � m� 3 � s� 1] are the sinks/sources,
g [m � s� 2] is the gravity vector,
K [m2] is the permeability tensor,
kr� [� ] is relative permeability (Burdine [2] or Mualem [11]

model),
� � [kg � m� 1 � s� 1] is dynamic viscosity of the phase� ,
� � = kr �

� �
[kg� 1 � m � s] is the � -phase mobility (� t = � w + � n ),

p� [Pa] is the � -phase pressure,
� 2 f w; ng denotes the wetting or non{wetting phase.

These coe�cients represent mass conservation law and Darcy’s law for both phases, refer
to [6] for details .

3 Homogeneous porous media
In this section, we verify the numerical method on benchmark problems in 2D and 3D
in homogeneous porous media. For these problems, the exact solution can be found and,
therefore, we can compute the errors of the numerical solution and experimental order of
convergence.

3.1 Benchmark problems
The benchmark problem used in this section is the extension of the McWhorter and
Sunada problem into an arbitrary dimension. We only brie
y describe the con�guration
of the problem, a more detailed description together with the method to �nd the exact
solution can be found in [5, 10]. We assume a radially symmetric domain with the
prescribed initial saturation Si and the in
ow at the origin in the form:

Q0(t) = At
d � 2

2 : (2)

The problem con�guration in 2D is illustrated in Fig. 1. This setting together with the
neglected gravity and the assumption of incompressible phases allow us to �nd the exact
semi-analytical solution of the problem [5, 10].

The problem is de�ned in the wholeR2 or R3 but due to the assumed radial symmetry,
we restrict ourselves only to one quadrant in 2D or one octant in 3D, respectively. We
also have to restrict ourselves to a domain of �nite length and compare the results at
a certain time when the head of the solution does not reach the boundary representing
in�nity.

In this paper, the computational domains are a square with1 m long side and a cube
with 1 m long edge in 2D and 3D, respectively. In both cases, we compare the solutions
at time t = 20 000 s.

The exact solution requires prescribing a 
ux at the origin (point-wise). Numerical
method used in this paper cannot handle to prescribe a 
ux in one point, therefore, we
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Figure 1: Benchmark problem con�guration in 2D.

approximate the point in
ow condition via a boundary condition by prescribing the 
ux
through all element boundaries (edges, faces) that are adjacent to the origin as illustrated
in Fig. 2. The corresponding value of the Neumann boundary condition is computed so
that the total volume injected through the boundary is the same as the volume given by
Eq. (2).

We set coe�cients A = 10� 5 m2 � s� 1 for the 2D case andA = 10� 7 m3 � s� 3
2 for the

3D case. Initial saturation in the domain isSi = 0 :95 for both cases.

x

y

O
in NAPL injection

(b) Triangles
in NAPL injection area y

x

z

O

(a) Tetrahedra

Figure 2: Approximation of the point injection 
ux at the origin in 2D and 3D.

3.2 Numerical analysis

In this paper, Brooks{Corey [1] and van Genuchten [14] models for capillary pressure
together with Burdine [2] and Mualem [11] models for relative permeability, respectively,
are used.

Numerical solutions in 2D (contours) and 3D (isosurfaces) together with the compar-
ison with the exact solution in radial coordinates are shown in Fig. 3.

With the known exact solution, we can compute errors of the numerical solution and
the experimental order of convergence. Results for 2D and 3D are shown in Table 2 and 3,
respectively. Properties of the used meshes are given in Table 1, the following notation
is used:



Numerical Method for Two Phase Flow Problems in Porous Media 217

Mesh ID h Elements Degrees of freedom
2D4

1 6:71 � 10� 2 242 766
2D4

2 3:49 � 10� 2 944 2 912
2D4

3 1:64 � 10� 2 3 714 11 302
2D4

4 8:73 � 10� 3 14 788 44 684
2D4

5 4:23 � 10� 3 59 336 178 648
3D4

1 2:13 � 10� 1 1 312 5 874
3D4

2 1:27 � 10� 1 3 697 15 546
3D4

3 6:29 � 10� 2 29 673 121 678
3D4

4 3:48 � 10� 2 240 372 973 750
3D4

5 1:84 � 10� 2 1 939 413 7 807 218

Table 1: Properties of the meshes used in the benchmarks described in Section 3.1.

Brooks & Corey van Genuchten
Id. kEh;S n k1 eocSn ;1 kEh;S n k2 eocSn ;2 kEh;S n k1 eocSn ;1 kEh;S n k2 eocSn ;2

2D4
1 1,45 � 10� 2

0,92
3,17 � 10� 2

0,78
1,42 � 10� 2

0,98
2,12 � 10� 2

0,94
2D4

2 7,94 � 10� 3
0,78

1,91 � 10� 2
0,60

7,51 � 10� 3
0,86

1,15 � 10� 2
0,84

2D4
3 4,40 � 10� 3

0,95
1,21 � 10� 2

0,69
3,93 � 10� 3

1,05
6,11 � 10� 3

1,03
2D4

4 2,41 � 10� 3
0,85

7,84 � 10� 3
0,66

2,03 � 10� 3
0,90

3,19 � 10� 3
0,89

2D4
5 1,30 � 10� 3 4,85 � 10� 3 1,06 � 10� 3 1,68 � 10� 3

Table 2: Errors of the numerical solution and experimental orders of convergence in 2D
for the benchmark problem described in Section 3.1.

h mesh element size. To computeh, we circumscribe a circle (ball) to each triangle
(tetrahedron) of the mesh and takeh as the radius of the largest such circle (ball).

kEh;Sn kp is the Lp norm of the di�erence between the exact and numerical solution of the
saturation Sn on mesh with element sizeh.

eocSn ;p is the experimental order of convergence inLp norm, see [7] for details.
Di�erent results for the Brooks{Corey and van Genuchten models are caused by dif-

ferent capillary pressure - saturation relationships for the near-water-saturated state.
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Brooks & Corey van Genuchten
Id. kEh;S n k1 eocSn ;1 kEh;S n k2 eocSn ;2 kEh;S n k1 eocSn ;1 kEh;S n k2 eocSn ;2

3D4
1 1,12 � 10� 2

0,69
3,38 � 10� 2

0,60
1,21 � 10� 2

0,77
2,43 � 10� 2

0,73
3D4

2 7,82 � 10� 3
0,84

2,47 � 10� 2
0,72

8,13 � 10� 3
0,93

1,66 � 10� 2
0,90

3D4
3 4,35 � 10� 3

1,03
1,49 � 10� 2

0,92
4,25 � 10� 3

1,14
8,84 � 10� 3

1,12
3D4

4 2,37 � 10� 3
0,82

8,63 � 10� 3
0,79

2,17 � 10� 3
1,04

4,56 � 10� 3
1,02

3D4
5 1,41 � 10� 3 5,23 � 10� 3 1,12 � 10� 3 2,39 � 10� 3

Table 3: Errors of the numerical solution and experimental orders of convergence in 3D
for the benchmark problem described in Section 3.1.

(a) 2D - contours of saturation Sn .
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(b) 2D - comparison with the exact solution.

(c) 3D - isosurfaces of saturationSn .
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(d) 3D - comparison with the exact solution.

Figure 3: Numerical results and comparison with the exact solution. In radial coordinates,
� denotes the distance from the origin (injection point).



Numerical Method for Two Phase Flow Problems in Porous Media 219

4 Heterogeneous porous media
In this section, we focus on problems in heterogeneous porous media. As was shown
in [12], the numerical method cannot correctly capture the e�ects at the interface between
two di�erent porous media. Oscillations appear in the solution and are more apparent in
the case of 
ow from �ner to coarser sand.

To demonstrate the oscillations in this work, we use the same benchmark problem as
in [12] which was originally proposed in [9]. The problem setup is shown in Fig. 4. We
consider three layers of sand, the middle one �ner than the remaining two, initially fully
saturated with water. NAPL is injected through the upper boundary with a given 
ux.

Fine

Coarse

Coarse

0,5 m

0,155 m

0,2 m

0,145 m

Figure 4: Heterogeneous problem setup based on [9, 12].

We use the numerical solution obtained using the vertex centered �nite volume method
in 1D on a very �ne mesh as a reference solution to which we compare our numerical
results. The 1D solution taken from [4] is in a good match with results provided in [9].
We want to compare our 2D results with this 1D solution. We do not use only the values
over single crossection through the center of the domain, but we plot superposed values
from all the elements of the mesh using theiry position of the center.

Numerical results for the original variant of the method are shown in Figs. 5a, 5c,
and 5e. We can see the oscillations that are present for several mesh re�nements and,
therefore, are not caused by the coarseness of the mesh.

4.1 Mass Lumping
To overcome the oscillations at the material interface we use the mass lumping technique.
One of the steps of the MHFEM method used in this paper is to discretize numerical 
uxes
between elements. This is done by computing matricesB i;j;K , with elements de�ned by
the following integral [12]:

B i;j;K;E;F =
Z

K
! T

K;F D � 1
i;j ! K;E ; (3)

whereK is the element,! K;F and ! K;E are the basis functions of the lowest order Raviart-
Thomas-NØdelec space. ElementK is a simplex (line segment, triangle or tetrahedron
depending on the dimension of the problem) and integrated functions are polynomials
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Brooks & Corey van Genuchten
Id. kEh;S n k1 eocSn ;1 kEh;S n k2 eocSn ;2 kEh;S n k1 eocSn ;1 kEh;S n k2 eocSn ;2

2D4
1 1,48 � 10� 2

0,91
3,22 � 10� 2

0,76
1,44 � 10� 2

0,98
2,16 � 10� 2

0,95
2D4

2 8,17 � 10� 3
0,77

1,96 � 10� 2
0,59

7,59 � 10� 3
0,86

1,17 � 10� 2
0,85

2D4
3 4,56 � 10� 3

0,96
1,25 � 10� 2

0,69
3,95 � 10� 3

1,04
6,15 � 10� 3

1,04
2D4

4 2,49 � 10� 3
0,86

8,10 � 10� 3
0,68

2,04 � 10� 3
0,90

3,20 � 10� 3
0,89

2D4
5 1,33 � 10� 3 4,96 � 10� 3 1,06 � 10� 3 1,68 � 10� 3

Table 4: Errors of the numerical solution and experimental orders of convergence in 2D
for the mass lumping variant of the method.

of the second order and, therefore, the integral in Eq. (3) can be computed exactly
(in the following using notation exact integration). The value of this integral can be
also approximated using a quadrature rule [3]. We use the following quadrature rule to
approximate the integral of arbitrary function over simplexK .

Z

K
f � j K j

1
k

kX

i =1

f (x i ); (4)

where k is the number of vertices of the simplex (line segmentk = 2 , triangle k = 3 ,
tetrahedron k = 4 ) and x i are the positions of the vertices. In our case, the functionf is
the integrated function on the right hand side of Eq. (3).

Numerical solutions using mass lumping technique are shown in Figs. 5b, 5d, and
5f. In the comparison with the basic variant of the method using exact integration, it
can be seen that the use of the mass lumping technique eliminates the oscillations at the
material interface.

5 Mass Lumping in homogeneous porous media
In the previous section, we showed that use of mass lumping eliminates the oscillations
at the material interface. In this section, we show how the mass lumping technique
a�ects the accuracy of the method in the case of homogeneous porous media where we
can compare the results with exact solutions. We use the benchmark problem described
in Section 3.1, solve it with the mass lumping variant of the method, and compare the
results with those given in Section 3.2.

Errors of the solution and experimental orders of convergence in the 2D and 3D cases
are shown in Table 4 and 5, respectively.

Results show that in both 2D and 3D cases, the errors of the mass lumping variant
of the method are slightly worse than without mass lumping but the method is still
convergent with the same experimental order of convergence.
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(c) 5 886 elements, exact integration.
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(d) 5 886 elements, mass lumping.
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Figure 5: Comparison between the exact integration and the mass lumping technique on
various meshes for the solution in a heterogeneous porous medium.

Brooks & Corey van Genuchten
Id. kEh;S n k1 eocSn ;1 kEh;S n k2 eocSn ;2 kEh;S n k1 eocSn ;1 kEh;S n k2 eocSn ;2

3D4
1 1,13 � 10� 2

0,67
3,46 � 10� 2

0,61
1,22 � 10� 2

0,77
2,49 � 10� 2

0,74
3D4

2 7,96 � 10� 3
0,82

2,52 � 10� 2
0,72

8,22 � 10� 3
0,93

1,70 � 10� 2
0,91

3D4
3 4,50 � 10� 3

1,01
1,53 � 10� 2

0,92
4,30 � 10� 3

1,13
8,97 � 10� 3

1,12
3D4

4 2,47 � 10� 3
0,83

8,64 � 10� 3
0,79

2,20 � 10� 3
1,04

4,63 � 10� 3
1,02

3D4
5 1,44 � 10� 3 5,26 � 10� 3 1,15 � 10� 3 2,41 � 10� 3

Table 5: Errors of the numerical solution and experimental orders of convergence in 3D
for the mass lumping variant of the method.
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6 Conclusion
In this work, we tested the numerical method for solving two phase 
ow problems in
porous media. We showed that for homogeneous porous media, the method is convergent
for both 2D and 3D cases with the experimental order of convergence slightly less than
one. In the case of heterogeneous porous media, the method produces oscillations at
the interface between di�erent porous media when exact evaluation of the integrals in
matrix B is used. To overcome the di�culties, we used the mass lumping technique which
eliminates the oscillations and only very slightly a�ects the accuracy of the method as
was shown in the comparison of the solutions using the benchmark problems in 2D and
3D with known exact solutions.
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The theory of fractional Levy processes is then applied to �nancial time series data. Key
ARFIMA parameters are estimated on rolling window basis for S&P 500 daily data and transmu-
tations of statistics are detected in the original data based on time evolution of these parameters.
This transmutation reminds phase transitions in statistical physics.

Keywords: Fractional Levy processes, ARFIMA, Transformation of statistics, Finacial time
series

Abstrakt. P°edstavíme frak£ní Levyho procesy a jejich diskrØtní verzi ARFIMA model. Tato
t°ída obsahuje †irokou †kÆlu proces• vyzna£ující se takzvaným frak£ním chovÆním. Efektivní
metody pro odhad ARFIMA parametr• jsou p°edstaveny.
Tato teorii je potØ aplikovÆna na �nan£ní data. ARFIMA parametry jsou odhadnuty na posou-
vající se podmno”in¥ uva”ovaných dat a transmutace statistika je detekovÆna na zÆklad¥ jejich
£asovØho vývoje.

1 Introduction
Fractional processes have been successfully applied to number of problems in physics,
biology or economy [1,12]. They are closely related to anomalous (non-Brownian) di�u-
sion and they lead to non- standard scaling relations between temporal and positional
coordinates, i.e. standard Brownian scaling

hx2(t)i � �t (1)

is no longer valid. For self similar processes this can be caused by two mechanisms - by
correlations between increments of the process or by in�nite variance of underlying pro-
cess [2]. We will see that fractional Levy processes can compass both of these mechanism
in uni�ed framework.

� This work was supported by the Grant Agency of the Czech Technical University in Prague, grant
No. SGS16/239/OHK4/3T/14 and by Czech Science Foundation Grant No. 17-33812L.
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There is a number of ways which may give a rise to fractional dynamics. Trapping or
long range memory e�ects may for example lead to this behaviour. However probably the
most illustrative way to derive fractional processes is from continuous time random walk.
It is well known result that continuous time random walk with �nite average waiting
time between jumps and �nite jump size variance leads to Brownian motion in the limit.
However if one of these assumptions fails to be satis�ed the resulting process exhibits
fractional behaviour. The in�nite average waiting time leads to processes with various
memory e�ects, fractional Brownian motion being the most prominent example, while
in�nite jump variance leads to stable processes. These are the two already mention mech-
anism leading to fractional behaviour.
Fractional processes can be well described using fractional di�erential equations [3].
Changing the order of temporal and spatial derivative in Fokker-Planck equation to non-
integer order leads to desired distortion of standard Brownian scaling. However there is
a number of di�erent non-equivalent de�nitions of fractional di�erentiation and uni�ed
framework for fractional processes de�ned as solutions of fractional di�erential equations
is still missing.
That is why we will not pursue the approach based on fractional di�erential equations
in this paper. Instead we will start from de�nition of so called Levy fractional pro-
cesses [4]. This class of processes directly combines fractional behaviour observed for
fractional Brownian motion with behaviour of heavy tailed stable processes. This means
that fractional behaviour of these processes is caused simultaneously by both correlations
between increments and in�nite variance of underlying process. While these processes
cover incredibly wide range of processes and they likely provide general enough framework
to model any type of fractional behaviour their analytical tractability is a major issue.
Even simulation of such processes is a complicated issue with no satisfying solution am
aware of.
However in the limit fractional Levy processes can be written as normalized sums of so
called ARFIMA processes [5]. ARFIMA is discrete time stochastic model which directly
generalizes well known ARMA linear model. Broadly speaking ARFIMA model describes
(in the limit) behaviour of increments of Levy fractional processes.
Fitting ARFIMA model is complicated but tractable process [6]. However for our pur-
poses we will only need to �t two main parameters of ARFIMA process - parameters
e�ecting deformation of scaling of temporal and positional coordinate. Discontinuities
and local extremes in time evolution of these parameters may be regarded as points of
transmutation of underlying statistics. Furthermore in analogy to truncated Levy �ights
another so called damping coe�cient is introduced which essentially cuts o� extreme val-
ues produced by stable noise which lead to unrealisticly high fourth moments which are
not observed in �nancial time series.
The class of fractional Levy processes contains essentially all self-similar processes with
stationary increments. Financial data have typically fractal nature [11] i.e. are self-similar
and the assumption of stationary increments is also in most of the cases reasonable. That
is why we believe that fractional Levy processes provide appropriate and su�cient frame-
work for �nancial time series modelling.
The paper is organized as follows - in the �rst part theoretical background behind frac-
tional Levy processes is presented. Basic properties of these processes are discussed and
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in particular two cases are mentioned - fractional Brownian motion and Levy stable pro-
cesses. Then discrete time counterpart of Levy fractional processes - ARFIMA model
- is introduced. The basic properties of this model are presented and connection with
fractional Levy processes is established.
The second part of this paper will focus mostly on numerical methods used to estimate
ARFIMA parameters and their application to real data. Computationally tractable
method is introduced which allows for e�ective estimation of these parameters. The
method is applied to daily data observed on �nancial markets during last sixty years.
Analysis of evolution of these parameters on rolling window data is then used for detec-
tion of transmutation of statistics.

2 Fractional Levy processes and ARFIMA model
General Levy fractional process can be de�ne in analogical way as fractional Brownian
motion as an integral [7]

L �
H (t) =

Z

R

�
(t � x)d

+ � (� x)d
+

�
dL � (x) (2)

where L � is � -stable symmetric process,d = H � 1=� with H 2 (0; 1) and 0 < � � 2
and (x)+ = max( x; 0). In what follows we will always also consider� > 1 because Levy
processes with� < 1 have number of undesirable properties.
Parameter � is called stability index andH is famous Hurst self similarity index. Hurst
index is connected with fractal dimension of graph of the process which is equal to2 � H
[8].
Fractional Levy processes areH -self similar processes with stationary increments. They
can be described via their characteristic function [4]

’ H;�
t (z) = e� (ctH jzj) �

(3)

The density of fractional Levy processes is not available in closed form in the general
case.
The alternative to describe very similar class of processes exhibiting this type of fractional
behaviour is through fractional Fokker-Planck equation. One of possible forms of this
equation is [1]

@W
@t

= 0D 1� 

t K �

@2

@x2
W (x; t ) (4)

where0D 1� 

t is Riemann-Liouville derivative. Riemann-Liouville operator is integral op-

erator and therefore this equation is non-local and resulting process exhibits non-trivial
memory e�ects. Parameter
 e�ects scaling - it holdshx2(t)i � t 
 which means that case

 > 1 corresponds to super-di�usion and
 < 1 to sub-di�usion.
There are two special of fractional Levy processes we should mention.

Levy stable processes: The cased = 0 i.e. H = 1=� leads obviously to Levy stable
processes [2]. Levy stable processes areH -self similar processes with stationary and in-
dependent increments. The general form of characteristic function of Levy stable process
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is
ln ’ t (k) = it
k � �t jkj � (1 + i�

jkj
k

! (k; � )) (5)

where

! (k; � ) =
�

� tan(��= 2) for � 6= 1
(2=� )ln jkj for � = 1

However in this paper we will focus only on symmetric case i.e.� = 0 .
The stability index � determines the tail behaviour of density of stable process (if� < 2)

p� (x) �
1

jxj � +1 jxj ! 1 (6)

The closed form density for Levy processes is available only in several cases - most
important being case� = 2 which leads to Brownian motion. All Levy processes other
than Brownian motion have in�nite variance.
The theoretical importance of stable distributions follows from generalized central limit
theorem - stable distributions are attractors for normalized sums of iid variables with
in�nite variance [10].
Stable processes with� < 2 have qualitatively di�erent behaviour than Brownian motion,
one of important di�erences is the fact that fractional dimension of a trail of a stable pro-
cess is equal tomax(�; 1) [8]. This means that Brownian motion can �ll two dimensional
space while any other stable process cannot. This behaviour is due to the fact that heavy
tailed stable processes move by very small jumps with occasional large jump - this means
that they form clusters instead of �lling the whole space.

Fractional Brownian motion: The case� = 2 leads to integration with respect to
Brownian motion which yields fractional Brownian motion [8].
Fractional BM is H -self similar Gaussian process with stationary but not with indepen-
dent increments. The increments of fractional BM are positively correlated in the case
H > 1=2 and negatively forH < 1=2. This means that the caseH > 1=2 leads to super-
di�usion and long range dependence of increments, ifH < 1=2 increments are negatively
correlated and process is sub-di�usive. The caseH = 1=2 is just Brownian motion.

2.1 ARFIMA model
Autoregressive fractionally integrated moving average model (ARFIMA) [5,13] generalizes
the standard linear ARMA model in two ways, naturally these two generalizations repre-
sent the two mechanisms leading to fractional behaviour. The general form of ARFIMA
model is

A p(B )X t = Bq(B )(1 � B )� dZ t (7)

whereB is a lag operator,A ; B are polynomials of orderp respectivelyq and Z t are iid
� -stable variables representing random noise.
The term (1 � B )� d is de�ned via Taylor expansion as

(1 � B )� dZ t =
1X

i =0

�( i + d)
�( i )�( d + 1)

Z t � i (8)
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We denote the above de�ned model asARFIMA (p; d; q; � ), for it to be correctly speci�ed
(converge a.s.) the following must hold [6]

H = d + 1=� < 1 (9)

Furthermore if roots of polynomialA p lie outside of unit circle the ARFIMA process is
stationary.
Stationary ARFIMA process is asymptotically H self-similar with H = d + 1=� . The
most important result for us is the following limiting relation, let X be ARFIMA process
then

N � H
bNt cX

i =1

X i
D! L �

H (t) N ! 1 (10)

So ARFIMA model can be considered as discrete time version of Levy fractional processes.
The cased = 0 leads to ARMA processes (with� -stable noise) and exponentially decaying
autocorrelation functions. The cased > 0 is similar to the case of fractional Brownian
motion and leads to long range dependence

1X

k=0

E [X (0)X (k)] = 1 (11)

The cased < 0 is analogical to the case of fractional Brownian motion withH < 1=2 and
leads to short and negative correlations.
Even though ARFIMA is discrete time model it is quite complicated and even simulation
of ARFIMA is quite tricky. However it is much more tractable than fractional Levy
processes and at the same time it exhibits fractional dynamics caused by both non-trivial
correlation structure and by in�nite variance of its noise process.

3 Parameter estimation and transmutation of statistics

The methods for estimating parameters� and d of ARFIMA model are presented in this
section and applied to S&P 500 daily data.

3.1 Numerical estimation of ARFIMA parameters

ARFIMA model is de�ned by four parametersd; �; p; q and by p + q coe�cients of poly-
nomials A and B. Due to large complexity of ARFIMA model parametersp; q are often
assumed to be equal to one at most which still gives the ARFIMA model su�cient gen-
erality. The estimation of coe�cient of polynomials A ; B can then be formulated as well
de�ned optimization problem and solved numerically [6].
However the most important parameters of ARFIMA model are the two parameters de�n-
ing the fractional nature of the modeld and � . We will introduce computationally simple
methods to estimate these parameters in the following paragraphs.
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Estimation of anomalous di�usion parameter
The parameterd e�ects the memory e�ects of the underlying process, it is sometimes

called memory or long range dependence parameter.
Most common way to estimate this parameter is so called rescaled range (R/S) method
[11]. It estimates Hurst exponent as

E [
R(t)
� (t)

] � CtH t ! 1 (12)

whereR(t) is a range of the cumulative sum of the underlying stationary (noise) process
and � (t) denotes standard deviation of the noise process.
However this method returns the true parameterH only in Gaussian case, it generally
gives valued + 1=2 which is equal to the true Hurst exponent only in the case� = 2 .
In other words this method assumes that the fractional behaviour of the underlying self-
similar process is caused solely by the correlations between increments (i.e. the underlying
process is fractional BM) and therefore fails in the general case of fractional Levy pro-
cesses.
Similarly there are methods assuming that fractional behaviour of self-similar process is
caused solely by in�nite variance of the underlying noise process. Mantegna and Stanley
for example proposed the following test [9]:
For process with stationary increments self-similarity implies the following relationpt (0) =
1

tH p1(0). First we estimate an empirical density at zerôpt (0). This can be done from the
histogram for example. Then we get the following relation

ln p̂t (0) ’ H ln
�
t

+ ln p̂� (0) (13)

Mantegna and Stanley applied this to SP 500 and obtainedH ’ 0; 55. They concluded
the � -stable model with � ’ 1; 8. However this test implicitly assumes that the other
source of fractional behaviour is not present (i.e. that process has independent incre-
ments).
We instead propose the following simple method which seems to provide accurate esti-
mated of parameterd. We de�ne mean sample displacement as follows

MN (t) =
1

N � t � 1

N � tX

i =0

(X i + t � X i )2 (14)

The key result is that if the processX t is cumulative sum process of stationary ARFIMA
process (with� > 1) then the following asymptotic relation holds (for largeN ) [6]

MN (t) � t2d+1 (15)

So clearly the cased = H � 1=� > 0 corresponds to super di�usion andd = H � 1=� < 0
leads to sub di�usion. Interesting is the cased < 0 with non-Gaussian noise, in this case
the large jumps produced by stable noise are compensated by large jumps of opposite
sign and on average the di�usion of the process is slower that in the standard Brownian
case.
The proposed method of estimation of parameterd is the following:
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1. Estimate MN (t) for t = 1 ; 2; ::; 10

2. Run regressionln MN (t) � ln t

3. Take the calculated slope� and calculated = � � 1
2

The proposed estimator is consistent, it has been tested and seems to produce reliable
results. However in some case it is required to calculateMN (t) for more values oft before
running the regression.

Estimation of stability index
There is number of ways in which parameters of stable distribution can be �tted. The

most common ones are maximum likelihood method (using approximate likelihood func-
tion), methods based and tabulated quantile values and methods based on regression of
empirical characteristic function. The regression methods seems to be most reliable [14].
However we are interested only in stability parameter� , so we will follow di�erent ap-
proach. We present method for calculation of Hurst indexH applicable for general class
of fractional Levy processes. Combined with previous method to estimated we then
obtain stability index as � = 1

H � d .
We will apply concept of p-variation for this analysis, we de�ne sample p-variation of
processX i 2f 1::N g of lag m as [16]

V p
m =

N=m � 1X

i =0

jX ( i +1) m � X im jp (16)

Let us assume thatX is cumulative sum process of stationary ARFIMA process, then
for su�ciently large N=m it holds [6]

1. if � = 2 or if 1 < � < 2 and d � 0

V p
m � mHp � 1 (17)

2. if 1 < � < 2 and d < 0
V p

m � mHp � p=� (18)

It worth noticing that in the �rst case variation increases with growingp but it decreases
in the second case.
In the �rst case the following estimation technique can be applied.

1. Estimate V p
m for p = 1=f 0:01; 0:02::1g

2. For �xed m �nd p that minimizes ( V p
m � V p

1
V p

1
)2

3. estimateH = 1=p

The appropriate choice ofm has to done based on sample size, generally it is better to
choose largerm as long asN=m remains su�ciently large.
The second case can be transformed into the �rst case by using concept of surrogate
data, which means essentially reshu�ing the (stationary increment) data. That should
break the correlation structure within the data and essentially setd = 0 , then the same
approach can be applied.
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3.2 Transmutation of statistics in �nancial time series

We will apply the methods presented above to detect the transmutation of statistics in
S&P 500 daily data observed between years 1950 to 2007. There is approximately 14500
data points in analysed time series.
Proposed approach assumes that logarithms of observed prices follow fractional Levy pro-
cess. This is quite standard approach, in fact famous Black-Scholes theory assumes that
logarithms of asset prices follow particular case of fractional Levy processes - Brownian
motion. We checked stationarity of increments of the process using unit root test and
self-similarity of log-levels using rescaled range approach, both these assumptions seems
to be satis�ed.
We applied methods for estimation of� and d parameters of fractional Levy process to
rolling window sample of original S&P 500 daily data. The evolution of these parameters
determining the fractional nature of process will allow us to detect transmutations of
statistics in original data.
Some parameters of the approach were determined purely by numerical analysis, after
testing di�erent speci�cations we chose

1. the length of rolling window sample to be 3000 data points

2. to replace 600 data points of the rolling window sample in every iteration

3. we chose parameterm used in estimation of Hurst index to be equal to3

We �rst applied the above approach to the whole dataset, we obtained

H ’ 0:56; d ’ 0:01 ) � ’ 1:81 (19)

Notice that this is exactly the same result that Mantegna and Stanley obtained for similar
dataset using di�erent approach based on self similarity, they ignored the fractionality
causes by parameterd however in this case we can see that its e�ect is negligible.
Application of the above described approach on rolling window sub-sample of size 3000
data points and replacing 600 data points in every iteration yielded time evolution of
Hurst index H = d + 1=� depicted in Figure 1. The dates in the graph are always the
end dates of the corresponding rolling window sample.
The red lines denotes points where derivative ofH changes sign, these will be regarded
as point of transmutation of statistics. The blue line denoted point whered changes
sign from positive to negative, i.e. point of transmutation from super-di�usion to sub-
di�usion. The discontinuity of H in this point is caused by this transmutation, due to
nature of rolling window approach this discontinuity can be seen twice, however only the
�rst one interests us.
When we plot the original log-prices we can see that the located points of transmutation of
statistics are clearly signi�cant For the �rst two "red lines" the transmutation of statistics
can be seen very clearly, the other two are less clear mainly due to smaller sample size in
these windows. This can be also seen from the following table summarizing the di�erent
windows (separated by red lines in Figure2)
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Figure 1: Hurst index evolution

Figure 2: Hurst index evolution
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H d � kurtosis skewness damping coe�cient
1st 0.55 0.02 1.89 9 -0.7 0:06%
2nd 0.65 0.07 1.72 2.5 0.23 0:16%
3rd 0.53 0 1.89 5.8 -0.42 0:08%
4th 0.52 -0.06 1.72 3.8 -0.31 0:1%
5th 0.48 -0.04 1.9 2.9 0.13 0:14%

where damping coe�cient is introduced because kurtosis of simulated values from stable
distributions are much higher than observed kurtosis. The damping coe�cient determines
how many extreme values simulated from given stable distribution we have to exclude for
simulated and observed kurtosis to match. We used simulation approach to determine
these values. This idea is known from theory of truncated Levy �ights [12] and damping
is there introduced through cut-o� of density function, for fractional processes this is
more complicated however.
The transition from super-di�usive regime to sub-di�usive regime can be clearly seen. It
also seems that there are two well de�ned regimes of stability index� , in addition the
stability index of whole dataset lies approximately in the middle of these. Interesting is the
third transition where H does not change much because the change in� is compensated
by change ofd .
Based on our analysis of this and few similar samples we can state few empirical rules
that seem typically to hold

1. The point of transmutation is typically either point where d or derivative of d
changes sign, in this case �rst and last transition are related to change of sign of
derivative of d and middle transitions to sign ofd

2. transitions seem often to be followed by change of sign of skewness

3. transitions caused by change of sign ofd seem to behave less regularly

4. transition from super di�usive to sub di�usive regime causes discontinuities in
rolling window graph of H

Conclusion
We used formalism of fractional Levy processes and ARFIMA model to detect transmu-
tations of statistics in daily S&P 500 data observed on �nancial markets. The method
seems very promising and we can conclude that the underlying dynamics of the observed
data clearly changes in located points of transmutation. Proposed parameter estimation
technique seems to be quite reliable and on the whole dataset it gave similar results as
other methods typically used.
While the initial results are promising the method must be tested for much broader range
of datasets. That should also give us better understanding of underlying transitions. We
would also like to develop analytical framework for estimation of size of rolling window
sample and for number of points that are replaced in every iteration.
The main objective would be to classify transitions observed on �nancial markets in uni-
�ed framework, the idea we have in mind at the moment is to build in this framework
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in analogy with phase transitions in statistical physics. For example the key di�usion
parameter d could play similar role as thermodynamic potentials, because the statistic
transmutation is typically related to discontinuity of d or of its derivative.
We also plan to apply this method to higher frequency data in the future, the results
there might be quite di�erent due to much higher volatility of di�usion parameter d.
The understanding of these transition could also allow us to forecast future volatility of
underlying �nancial time series.
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Abstract. Multiple-instance learning (MIL) is a subset of supervised binary classi�cation. In
MIL, multiple instances (feature vectors) belonging to a single individual are collected inbags
which are then labeled as positive or negative. Usually, no indication is given whether the label is
given by a number of positive/negative observations in a bag or if the bags di�er with their entire
structure. In this contribution we research the possibility of representing the internal structure
of bags by a set of base vectors and selection matrices which are unique for each bag. This
leads to an ill-posed matrix factorization problem which we solve by employing the Bayesian
framework. Performance of the resulting algorithm is validated on a testing MIL dataset. Also,
motivation is given by describing a real-world MIL problem of detection of malware infected
computers.

Keywords: multiple-instance learning, supervised learning, variational Bayes, matrix factoriza-
tion

Abstrakt. Multiple-instance learning (MIL) je druhem binÆrní klasi�kace s u£itelem. MIL prob-
lØmy se vyzna£ují tím, ”e ke ka”dØmu jedinci existuje n¥kolik vektor• p°íznak• sdru”ených do jed-
inØ matice - tzv. bagu. Ka”dØmu bagu jako celku je pak p°i°azeno ozna£ení pozitivní/negativní.
Není p°itom dÆno, zda je nap°. pozitivní ozna£ení zp•sobeno n¥kolika pozitivními vektory mezi
zbytkem negativních nebo zda se li†í celkovÆ struktura bag•. V tomto p°ísp¥vku se zabývÆme
reprezentací vnit°ní struktury bag• pomocí mno”iny zÆkladních vektor• a výb¥rových matic,
unikÆtních pro ka”dý bag. �e†ení tØto †patn¥ podmín¥nØ œlohy je navr”eno ve tvaru maticovØ
faktorizace a je hledÆno pomocí bayesovskØho hierarchickØho modelu. Odvozený algoritmus
je otestovÆn na vzorovØm MIL datasetu. V textu je takØ popsÆna motivace danÆ problØmem
vyvstÆvajícím v detekci malwarem napadených po£íta£•.

Klí£ovÆ slova:multiple-instance learning, u£ení s u£itelem, varia£ní Bayes, maticovÆ faktorizace

1 Introduction
In multiple-instance learning (MIL), the problem of supervised binary classi�cation is
made more di�cult for the learner due to a number of reasons. Firstly, instead of having
a set of instances (feature vectors) labeled as negative or positive, a number ofbagsof
instances is received, where the whole bags are labeled as positive or negative. Every
bag consists of a (possibly di�erent) number of instances whose individual labels are not
known. The common conception is that a bag is labeled negative if all instances in it
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are negative, but if even a single instance is positive, then the label of the bag is also
positive [6]. Secondly, the ratio of negative to positive instances in a bag can be arbitrarily
high. In real-world problems however, this presumption can be violated and positive and
negative bags may be generated from entirely di�erent sources. In [4], the MIL model
was formalized for the �rst time and a solution using axis-parallel rectangles constructed
by the conjunction of the features was proposed.

A number of di�erent MIL problems were solved using di�erent approaches. Decision
trees were used [3] for the drug activity prediction problem. Boosting algorithm was
proposed to be used for face detection in [2]. The kNN nearest algorithm with Hausdor�
distance [11], a variant of the support vector machine algorithm [1] or various set distances
[10] were compared on a common MIL dataset.

The problem of malware detection in computers connected to a network whose activity
we supervise is of particular interest to us. In such a case, the communication of every
computer with the outside world (using a HTTP protocol) goes through a common hub.
The observer, for a limited time frame, collects all HTTP requests of the computers in
the network. From each request, we substract a number of features (e.g. bytes sent
and received, request lenght in ms). A collection of such instances for one computer
creates a bag. Additionaly, some computers are known to be infected with malware that
communicates with the Internet. Their bags are then labeled as positive and together with
bags of some uninfected computers compose a training dataset. Presumably, positive bags
should contain a number of positive instances - requests created by the malware. This
poses an interesting MIL problem, as the ratio of positively labeled bags to negatively
labeled ones is small (� 2%) and it is possible that not all positively labelled bags actually
contain a malware-originated request. Decision trees [8] and neural networks [9] were used
to tackle this problem.

In the following text, the MIL problem will be formalized. Also, an approach leading
to matrix factorization will be outlined. The solution will be sought after using Bayesian
formalism. The performance of the resulting algorithm will be presented on a well-known
MIL dataset. Finally, some comments will be made about the method and the future
outlook

2 MIL and matrix factorization
Let the structure of the training MIL dataset be following: there areN bags - matrices
Yn 2 RL � M n ; n 2 bN . The columns of each bag are instancesynm 2 RL ; m 2 cM n . Labels
of the bags are stored in the vectorx 2 f 0; 1gN . Now, let Y 2 RL � M be a single bag.
Consider the following factorization

Y = BA T + E; (1)

whereB 2 RL � H is a matrix consisting of a few base, general instances.A 2 RM � H can
be thought of as a selector matrix that chooses the base instances for a givenY . Matrix
E 2 RL � M is the noise. This model can very well represent a true MIL problem as it
can be expected that there is a numberH of universal instances that repeat across and
inside bags. Some of these can be positive and some negative.
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Computation of this factorization is an ill-posed problem and has in�nitely many
solutions. To achieve the properties described above, we must impose some further re-
strictions on the simple model (1). This will be discussed in the next section.

Now, suppose that we concatenate all the positive and negative bags together in two
general matrices

T0 2 RL � M 0 ; M0 =
NX

n=1
xn =0

M n ; (2)

T1 2 RL � M 1 ; M1 =
NX

n=1
xn =1

M n : (3)

By computing the factorization (1) for T0 and T1, we obtain two base matricesB0 and B1.
If we computed them in accordance with the properties stated above, then they should
di�er by a number of base positive instances. When deciding on the label of an unknown
bagYN +1 , we compute matricesA0 and A1 from (1) with YN +1 on the right side and with
a �xed B0 and B1, respectively. Then the label is given by the decomposition where the
reconstruction has smaller error, i.e.

xN +1 = argmin fjj YN +1 � B i AT
i jj 2 : i 2 f 0; 1gg; (4)

where jj :jj 2 is the matrix L2-norm. The classi�cation is based on the assumption that
decomposing with respect to a correct base should be more precise than the using the
wrong one. However this might not be true for all MIL datasets.

3 Variational Bayes matrix factorization
In this section, we build a bayesian hierarchical model around the simple model (1) with
the proposed factorization properties in mind, i.e.B is a matrix of base instances andA
is a selector matrix. To achieve this, we want the matrixA to be sparse. In an ideal case,
A would only consist of ones and zeros as it selected the apropriate instances encoded in
B . In a Bayesian context, the property of achieving sparsity is called ARD (automatic
relevance determination, see [12]).

3.1 The hierarchical model
We will start by choosing the data likelihood and prior forB in accordance with [7],
where ARD is implied on the columns ofB and A in order to reduce the inner dimension
H . However, to achieve the proposed sparsity, we will impose the ARD property on every
single element ofA by choosing a normal distribution of vectorized matrixA instead of
the the original matrix normal distribution. The data likelihood and priors on A; B are
chosen as

p(Y jB; A; � ) = MN (Y jBA T ; � � 1I L ; I M ); (5)
p(vec(AT )jCA ) = N (vec(AT )j0; C� 1

A ); (6)
p(B jCB ) = MN (B j0; I L ; C� 1

B ): (7)
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Here, N M (:) is the matrix normal distribution and N (:) is the normal distribution, I d
is identity matrix of size d. Prior distributions for covariances are following:

p(CA ) =
H;MY

h;m =1

G(CAmh j� 0; � 0); (8)

CA = diag(CA11; CA12; : : : ; CAMH ); (9)

p(CB ) =
HY

h=1

G(CBh j
 0; � 0) (10)

CB = diag(CB 1; : : : ; CBH ); (11)
p(� ) = G(� j� 0; � 0); (12)

whereG(:) denotes the gamma distribution. It is actually through the estimation of the
precisions (inverse variances) that the ARD property is achieved.

3.2 The Variational Bayes method
The joint probability distribution of the data and the parameters is now

p(Y;�) = p(Y; A; B; CA ; CB ; � ) = p(Y jB; A; � )p(A jCA )p(B jCB )p(CA )p(CB )p(� ); (13)

where the simpli�cation � = ( A; B; CA ; CB ; � ) is used. The structure of the model
does not permit a direct evaluation of the true posteriorp(A; B; CA ; CB ; � jY ) = p(� jY ).
Instead of resorting to MCMC methods, we use the computationally less expensive Vari-
ational Bayes (VB) framework. Using some approximations, VB will enable us to come
to an analytic expression for an equilibrium state that describes the parameters of the
posterior.

VB approximates the true posterior distribution with a product of mutually indepen-
dent posteriors

p(� jY ) � q(� jY ) = q(A jY )q(B jY )q(CA jY )q(CB jY )q(� jY ): (14)

The �xed log marginal probability of Y can be expressed as

ln p(Y ) =
Z

q(� jY ) ln
�

p(Y;�)
q(� jY )

�
d� (15)

+
Z

q(� jY ) ln
�

q(� jY )
p(� jY )

�
d� (16)

= F (q) + KL (q(� jY )jjp(� jY )) : (17)

Here, F (q) is the free energyand KL(:) is the Kullback-Leibler divergence between the
true and the approximate posterior. It is an integral probability measure and is equal
to zero if the two arguments are equal. Because KL divergence is always non-negative,
we can minimize it by choosing the right forms of approximate posteriors inq(� jY ) that
maximize the negative free energyF (q), thus bringing the approximate posterior closer
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to the true one. From the VB theory, the posteriors that maximize the free energy have
the form

ln q(� i jY ) = Eq(� j jY );j 6= i [ln p(Y;�)] ; (18)

where the expectation is taken over all other approximate posteriorsq(� j jY ) but the
i -th. For details see Chapter 3 in [13]. Using conjugate priors, the posterior distributions
have known forms and analytical expressions of their parameters.

3.3 The approximate posterior
In this place, we will analytically derive the posterior distribution for variance of the data
� using prescription (18). It is a simple and straightforward computation compared to
other posteriors but it ilustrates the principle of the VB method. Recollecting the form
of the likelihood, the priors (5) - (12) and using (18) we have

ln q(� jY ) = ( � 0 � 1) ln � � � 0� � �
1
2

tr
�

E
h�

Y � BA T � T �
Y � BA T � i�

+
ML

2
ln � + const.

(19)
Here, const. stands for terms that are not dependent on� and that are considered to be
part of the integration constant of the posterior distribution. Expectation is computed
with respect to the other posteriors. By collecting the terms for� and ln � , we see that
the posterior of � is again a Gamma distribution of the following form

q(� jY ) = G(� j�; � ); (20)

� = � 0 +
ML

2
; (21)

� = � 0 +
1
2

tr
�

E
h�

Y � BA T � T �
Y � BA T � i�

: (22)

Clearly, the posterior balances the in�uence of the prior and the data. Usually, the prior
parameters� 0; � 0 are set to small values (e.g.10� 10) to keep the estimates unbiased.

Following the procedure outlined above for the rest of the estimated parameters, we
arrive at the following posterior distributions

q(vec(AT )jY ) = N (vec(AT )j� A ; � A ); (23)
q(B jY ) = MN (B jMB ; I L ; � B ); (24)

q(CAmh jY ) = G(CAmh j� mh ; � mh ); (25)
q(CBh jY ) = G(CBh j
 h; � h); (26)

with their shaping parameters given by this set of equations:

� A = b� � A vec( bB T Y ); � A = ( cCA + b�I M 
 [B T B )� 1; (27)

MB = b�Y bA� B ; � B = ( b� [AT A + cCB )� 1; (28)

� mh = � 0 +
1
2

; � mh = � 0 +
1
2

dA2
mh ; (29)


 h = 
 0 +
L
2

; � h = � 0 +
1
2

\B T
h Bh: (30)
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Here, the notationb: is used for expectation over posterior distribtutions and
 is used
for Kronecker product. The equations contain a number of lower and higher moments
that can be expresed using the shaping parameters and well known properties of used
distributions. They have the following form

bA = devec(� A )T ; [AT A = bAT bA +
MX

m=1

sub(� A ; m; H ); (31)

bB = MB
[B T B = bB T bB + L � B ; (32)

cCA = diag
�

� 11

� 11
; : : : ;

� MH

� MH

�
; cCB = diag

�

 11

� 11
; : : : ;


 MH

� MH

�
; (33)

b� =
�
�

; (34)

tr
�

E
h�

Y � BA T � T �
Y � BA T � i�

= tr
�

Y T Y + [B T B [AT A � 2Y bA cB T
�

: (35)

The notation devec(:) is used for the operation of devectorization a vector into a
matrix of the original size, sub(� A ; m; H ) is the m-th diagonal submatrix of � A of size
H � H .

To compute the solution of the system of equations, we use an iterative algorithm. It
starts with some initial values for the shaping parameters. Then, the shaping parameters
of each posterior are updated using the equations (21), (22), (27) - (30) and keeping
the shaping parameters of other posteriors �xed. This way, it is guaranteed that a local
minimum of KL divergence is found [5]. The algorithm is described in Algorithm 1.

Algorithm 1: VBMF - Variational Bayes Matrix Factorization
input : bag Y 2 RL � M , inner dimensionH , stopping conditions

maxIter 2 N; " 2 R
output: shaping parameters of posterior distrubutionq(� jY )
initialization : initialize the values of shaping parameters, set
nIter = 0 ; B � = MB ; � = " + 1 ;

while niter < maxIter ^ � > " do
update shaping parameters ofq(vec(AT )jY ) using (27) ;
update shaping parameters ofq(B jY ) using (28) ;
update shaping parameters ofq(CA jY ) using (29)8m 2 cM; h 2 bH ;
update shaping parameters ofq(CB jY ) using (30)8h 2 bH ;
update shaping parameters ofq(� jY ) using (21), (22) ;
set � = jj B � � M B jj

jj M B jj ;
set B � = MB ;
set niter = niter + 1 ;

report B = MB , A = devec(� A )T and the rest of estimated shaping parameters;
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3.4 The classi�cation algorithm
This section compiles the whole procedure of training the classi�cation algorithm and
then using it to classify a new sample bag. The basic idea of classi�cation was already
described in section 2.

Algorithm 2: MIL classi�cation using VBMF
input : training dataset f T0; T1g, testing dataset f Y1; : : : ; YD g
output: estimated labelsf x1; : : : ; xD g
using Algorithm 1 on the matrix T0, compute negative basisB0 and its
covariance� B 0;

using Algorithm 1 on the matrix T1, compute positive basisB1 and its covariance
� B 1;

for d = 1 ; : : : ; D do
Compute the backward factorization with �xed B0;

� initalize Algorithm 1 for Yd with MB = B0; � B = � B 0

� compute the rest of Algorithm 1, ommiting updates forq(B jY ) ;

� report estimates and setAd0 = A

Compute the backward factorization with �xed B1;

� initalize Algorithm 1 for Yd with MB = B1; � B = � B 1

� compute the rest of Algorithm 1, ommiting updates forq(B jY ) ;

� report estimates and setAd1 = A

set the estimate of label asxd = argmin fjj Yd � B i AT
di jj 2 : i 2 f 0; 1gg;

4 Validation
The classi�cation algorithm was tested on set of well-known datasets of MIL problems.
While on some it did not perform well, on a few particular datasets the classi�cation
procedure did achieve some success. This is the case for other MIL algorithms, that
are sometimes tuned with a particular dataset in mind. An overview of the size of the
datasets is in table 4. In these datasets, the labels of all bags are known.

dataset number of bagsN instance lengthL average bag sizeM
BrownCreeper 548 38 19

Musk1 166 92 5
WinterWren 548 38 19

On these datasets, the classi�cation algorithm was tested in the following manner:
a) a subset of bags was randomly chosen and used as traning data b) for every bag in
the remaining (testing) subset, the classi�cation was computed. This was repeated more
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times. Each time, an error metric calledequal error rate(EER) was computed. We de�ne
it as

EER =
� P

false negativesP
positive labels

+
P

false positivesP
negative labels

�
=2 (36)

It is used here because of the unbalanced number of negative and positive samples in
some datasets.

The matrix � A has a total of M 2H 2 elements. For some datasets, this slows down
the computation due to memory allocation and a very di�cult inversion of the term in
(27). A compromise between precision and speed has been done so that forMH > 200
only the diagonal of the matrix is estimated and kept in memory. When compared to the
computation of the whole matrix, this does not lead to signi�cantly deteriorated results.

For the 3 datasets, the histograms of EER for di�erent ratio of training and testing
data for 100 tries is in Figure 1. Missing entries for smaller percentage of known labels
are caused by numerical di�culties when inverting ill-conditioned matrices. Clearly, for
larger percentage of known labels the mean error is smaller and is in the range of 10-20%.

Figure 1: Equal error rate histograms for the classi�cation experiment on available
datasets. Internal factorization dimensionH = 5, 100 retries for each known label per-
centage.

5 Discussion
In this article, an introduction to multiple-instance learning was given with the motivation
for the work given by malware datection in a network of computers. Unfortunately, real-
world data from this �eld are not yet available, so all experiments were only made on a set
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of well-known MIL problems. In the rest of the paper, basic idea behind the method was
described and further elaborated using Bayesian formalism. The proposed hierarchical
model was detailed together with the resulting algorithms for matrix factorization and
classi�cation of MIL datasets.

In comparison to other MIL algorithms, the classi�cation error of our method is still
high, as the cutting-edge approaches achieve EER in the range of 5-10%. Clearly, further
work is required to be able to compete. The direction in which to improve is certainly
the classi�cation rule, which is now based on a very simple error criterion.
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Abstrakt. �lÆnek se zabývÆ p°ístupem k rozhodovÆní p°i neœplnØ znalosti prost°edí a vysokým
výpo£etním omezením. Uva”ujeme uzav°enou smy£ku slo”enou z pÆru agent a prost°edí pop-
sanØho pomocí akcí agenta a stav• prost°edí (£Æste£n¥ pozorovatelných). Cíl agenta je ovlivnit
chovÆní prost°edí výb¥rem a uplatn¥ním rozhodovací strategie. Lazy learning je obecný p°ístup,
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Abstract. Modern experiments in high energy physics impose great demands on the reliability,
the e�ciency, and the data rate of Data Acquisition Systems (DAQ). This contribution focuses on
the development and deployment of the new communication library DIALOG for the intelligent,
FPGA-based Data Acquisition System (iFDAQ) of the COMPASS experiment at CERN. The
iFDAQ utilizing a hardware event builder is designed to be able to readout data at the maximum
rate of the experiment. The DIALOG library is a communication system both for distributed and
mixed environments, it provides a network transparent inter-process communication layer. Using
the high-performance and modern C++ framework Qt and its Qt Network API, the DIALOG
library presents an alternative to the previously used DIM library. The DIALOG library was fully
incorporated to all processes in the iFDAQ during the run 2016. From the software point of view,
it might be considered as a signi�cant improvement of iFDAQ in comparison with the previous
run. To extend the possibilities of debugging, the online monitoring of communication among
processes via DIALOG GUI is a desirable feature. In the paper, we present the DIALOG library
from several insights and discuss it in a detailed way. Moreover, the e�ciency measurement and
comparison with the DIM library with respect to the iFDAQ requirements is provided.

Keywords: Data acquisition system, DIALOG library, DIM library, FPGA, Qt framework,
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Abstrakt. Moderní experimenty ve fyzice vysokých energií kladou velikØ nÆroky na spolehlivost,
efektivitu a rychlost p°enosu dat systØm• pro sb¥r dat (DAQ). Tento £lÆnek se zam¥°uje na vývoj
a nasazení novØ komunika£ní knihovny DIALOG pro inteligentní systØm pro sb¥r dat zalo”enØho
na FPGA (iFDAQ) experimentu COMPASS v CERNu. iFDAQ £erpÆ udÆlosti vytvo°enØ na
œrovni hardwaru a je navr”en tak, aby umo”‹oval £tení dat p°i maximÆlní rychlosti p°enosu
dat z experimentu. Knihovna DIALOG je komunika£ní systØm jak pro distribuovanØ tak pro
smí†enØ architektury a poskytuje sí·ovou transparentní meziprocesovou komunika£ní vrstvu. Po-
mocí vysoce výkonnØho a moderního C++ frameworku Qt a jeho Qt Network API p°edstavuje
knihovna DIALOG alternativu k d°íve pou”ívanØ knihovn¥ DIM. Knihovna DIALOG byla pln¥
integrovÆna do v†ech proces• v iFDAQ b¥hem sb¥ru dat v roce 2016. Tato integrace z hlediska
softwaru m•”e být pova”ovÆna za významnØ vylep†ení iFDAQ ve srovnÆní se sb¥rem dat v
p°edchozím roce. Pro roz†í°ení mo”ností lad¥ní je DIALOG GUI vítaným nÆstrojem pro on-
line sledovÆní komunikace mezi procesy. V £lÆnku prezentujeme knihovnu DIALOG z n¥kolika
pohled• a detailn¥ ji diskutujeme. Krom¥ toho je k dispozici výkonnostní m¥°ení a porovnÆní s
knihovnou DIM s ohledem na po”adavky iFDAQ.

Klí£ovÆ slova:SystØm pro sb¥r dat, knihovna DIALOG, knihovna DIM, FPGA, Qt framework,
TCP/IP
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Abstract. The structure and function of human brain is quite complex. Various brain regions
communicate with each other. Observing external potentials via EEG electrodes, we can study
these communications as dependencies of multichannel EEG signal. The hypothesis presented
here is that Alzheimer’s diseased and normal control participants can be distinguished due to
di�erent distributions of scalp EEG-based causality measurements. The theory of Vector Auto-
Regressive model and Granger causality is used to obtain the Causality Index as a novel criterion
of brain activity. The general methodology is applied to real 21-channel EEG data obtained from
normal control and Alzheimer’s diseased groups of patients. The developed method is applicable
to the localization of pathophysiological changes of Alzheimer’s disease.

Keywords: VAR model, Granger causality, EEG, Alzheimer’s disease, multiple-testing

Abstrakt. Struktura a funk£nost lidskØho mozku jsou velmi slo”itØ. R•znØ oblasti mozku
spolu navzÆjem komunikují. P°i sledovÆní externích potenciÆl• skrz elektrody EEG m•”eme
studovat tuto komunikaci jako zÆvislosti vícekanÆlovØho EEG signÆlu. PrezentovanÆ hypotØza
p°edpoklÆdÆ, ”e pacienti s Alzheimerovou chorobou a kontrolní œ£astníci mohou být od sebe
odli†eni díky rozdílnØmu rozlo”ení míry kauzality v nam¥°enØm EEG. Je zde pou”it vektorový
autoregresní model a Grangerova kauzalita k tomu, aby byl ur£en nový KauzÆlní index, který
popisuje mozkovou aktivitu. ObecnÆ metodologie je aplikovÆna na reÆlnÆ 21kanÆlovÆ EEG data
od zdravých pacient• a pacient• s Alzheimerovou chorobou. VyvinutÆ metoda se dÆ pou”ít k
lokalizaci patofyziologických zm¥n p°i Alzheimerov¥ chorob¥.

Klí£ovÆ slova:VAR model, Grangerova kauzalita, EEG, Alzheimerova choroba, mnohonÆsobnØ
testovÆní

1 Introduction
Alzheimer’s disease (AD), the most common form of a neurodegenerative disease, causes
brain cells atrophy in parallel with a decline in memory, language and everyday activities.
EEG records electrical activity of the neural tissue. Thus, any pathological changes a�ect
the resulting EEG signal [3], [1], [5]. Lower mean levels of channel-to-channel synchro-
nization [11], [17] and greater uniformity in alpha and gamma band activity [14] have
been shown in AD patients’ EEG data. The dynamic relations between EEG channels,
the direction of interactions, and their strength can be studied via Granger causality [8],

� This work has been supported by the grant SGS 17/196/OHK4/3T/14
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[10], [4]. An alternative approach to causality investigation was used by McBride et al.
[13]. In this research, the Vector Auto-Regressive (VAR) model of optimum length is
directly applied to channel pairs followed by Granger causality testing to obtain novel
criterion called Causality Index. Channel pairs with maximum signi�cance of di�erences
are localized and interpreted.

2 VAR model of multichannel EEG
The multichannel EEG data are proceeded by VAR model [16] to obtain both an opti-
mum model order [9] and Granger causalities [7]. I suppose time series of lengthM in
k-dimensional space and VAR(p) model of orderp in the form [12]

xn = c +
pX

m=1

A mxn � m + en (1)

for n = p+ 1 ; : : : ; M wherexn ; c; en 2 Rk for n = 1 ; : : : ; M , A m 2 R k � k for m = 1 ; : : : ; p,
and en � N(0; � ) as independent vectors. Unknown matricesA m and bias vectorc
are estimated by the least squares method. The covariance matrix� is estimated from
residuesr n as

C =
1
T

MX

n= p+1

r n r T
n ; (2)

whereT = M � p is constrain number.
The quality of VAR( p) model varies with its orderp. Schwarz criterion BIC(p) (Bayesian
Information Criterion) [6] is frequently used to �nd the optimum model order aspopt 2
argmin BIC(p), where

BIC(p) = ln jC j +
pk2 ln T

T
: (3)

The optimum value of model order varies segment by segment, but the most frequent
value of popt (over all patients and their segments of lengthM ) is postulated as the best
choice for following Granger causality analysis [7].

3 Granger causality in investigation of multichannel
EEG interactions

The k-dimensional VAR model of orderp is used to investigate EEG signal dependences.
Granger causality is focused on EEG channel pairs investigations. We study channelschi ,
chj for i; j 2 1; : : : ; k; i 6= j . The complete model is studied �rst as a two-dimensional
VAR( p) model with xn = ( xn;i ; xn;j )T 2 R2 and 2p+ 1 unknown parameters as producing
residual sumSSQc.
The reduced one-dimensional case produces residual sumSSQr using also VAR(p) model
of p+1 unknown parameters but only for channelchi , wherexn = xn;i 2 R. Therefore, in
this submodelp parameters were constrained to zero values to eliminate the in�uence of
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channelchj . The standard F-test of variance equity hypothesis H0 is based on criterion

F =
SSQr � SSQc

SSQc
�

T � 2p � 1
p

; (4)

which has Fisher-Snedecor distribution F ofp and T � 2p � 1 degrees of freedom for
independent channels. Applying this test to all segments of all patients, we obtain various
p-values, but it is a case of multiple-testing. Therefore, False Discovery Rate (FDR) [2]
correction has to be performed to obtain decreased critical value� FDR as follows.
Let H 2 N be the number of independently tested hypotheses on critical level� > 0. The
correspondingp-values arepk for k = 1 ; : : : ; H . Comparing the sortedp(k) values with
diminished critical levelsk�=H , we �nd k� = max( k : p(k) � � ) if it exists. The decreased
critical value is de�ned as � F DR = p(k � ) or � F DR = 0 in the case ofk� non-existence.
Finally, all hypotheses satisfyingpk � � F DR are rejected, which is statistically correct as
proven in [18].

The FDR technique is employed in this novel approach as a very sensitive tool to
localize signi�cant segment dependencies. This approach is used for the design of novel
Causality Index of relative channel synchronization.
Let u be patient index, AD, CN be sets of diseased and control patients, and let us denote
Nu, N �

i;j;u as the number of all segments ofu-th patient and the number of signi�cant
segment dependences ofchi on chj of u-th patient.
The Causality Index can be de�ned as the relative frequency of synchronized events

Si;j;u = N �
i;j;u =Nu: (5)

Variable Si;j;u 2 [0; 1] is a measure of synchronization fromj -th to i -th channel for a
given patient. The �nal hypothesis is focused on the Causality Index di�erences between
AD and CN groups. For the �xed pair of channelschi ; chj I test the hypothesis H0 if
the median of Causality Index di�ers, using Wilcoxon-Mann-Whitney (WMW) rank-sum
test, again with FDR correction.

4 Data description
General approach was applied to the group of 26 patients with Alzheimer’s disease (AD)
and 139 control patients (CN). All subjects were recorded under the same resting protocol,
i.e. eyes closed, lying on a bed. The standard 10-20 EEG system of electrode placement
was used to obtain 21-channel digital EEG via TruScan 32. The sampling frequency was
200 Hz with 22 bit AD converter. Due to quasistationarity, the EEG signal was segmented
to two-second segments of 400 samples for separate analysis. The total number of 24 742
segments from all patients were used for statistical investigation.

5 Results
The statistical analysis had three aims. The optimum order of VAR(p) model was in-
vestigated �rst. Then inter-channel causalities in individual segments were tested and
segments with statistical signi�cant causalities were localized. In the �nal step, the main
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Figure 1: Signi�cant increasing (grey) and decreasing (black) of Causality Index in
Alzheimer’s disease: consequent channelschi as rows, antecedent channelschj as columns.

issue, i.e. whether the Causality Index is a�ected by Alzheimer’s disease, was the subject
of multiple-testing.

5.1 Optimum length of VAR model
The �rst aim of separate segment processing was to estimate the optimum model order
popt of VAR(p) model of dimensionk = 19. Using non-overlapping 24 742 segments of all
patients I minimized BIC(p) for p � 100. The optimum order varied from 11 to 48, and
the most frequent value waspopt = 26 as experimental modus. This value was postulated
as the recommended model order for the consequent Granger causality investigations.

5.2 Signi�cant channel dependencies
The total number of 19 � 18 = 342 channel pairs can potentially signi�cantly interact
in the case of 19-channel EEG. The F-test of hypothesis H0: � 2

complete = � 2
reduced was used

for all pairs and 24 742 segments withp = 26 on critical level � = 0.05. The resulting
p-values were corrected by FDR to obtain decreased value� FDR = 0.0023. Signi�cant
combinations of channels and segments were labelled and counted to obtain Causality
IndexesSi;j;u .

5.3 Causality Index changes
Being focused on channel pairchi ; chj , The H0: Si;j (AD ) = Si;j (CN ) hypothesis was
tested, whereSi;j (AD ) is a median ofSi;j;u for u 2 AD and Si;j (CN ) is a median of
Si;j;u for u 2 CN. The non-parametric WMW test of critical level � = 0.05 was applied.
The p-values resulting from 342 independent tests were corrected by FDR technique



Diagnosing Alzheimer’s Disease Using Granger Causality 255

with � FDR = 7 :3074� 10� 4. Signi�cant channel pairs with increasing or decreasing
Causality Indexes in Alzheimer’s disease are collected in Tab. 1. The dependencies
between antecedent (rows) and consequent (columns) channels are depicted in Fig. 1.
For better biomedical interpretation, the traditional EEG 10-20 scheme is used to show
channel pairs with signi�cant dependencies in Figs 2, 3.

Table 1: Signi�cant changes of Causality Index

i j �SAD �SCN p-value
7 10 0.9677 0.7097 3.01� 10� 5

11 10 0.6882 0.4301 6.35� 10� 5

3 15 0.9839 0.8495 2.73� 10� 6

4 15 0.9462 0.7742 2.34� 10� 5

5 15 0.8763 0.7097 2.73� 10� 4

6 15 0.9140 0.7312 8.43� 10� 6

7 15 0.9839 0.7957 7.49� 10� 7

9 15 0.9194 0.6882 9.14� 10� 5

11 15 0.8172 0.5806 1.48� 10� 6

7 16 0.9785 0.8495 2.58� 10� 4

14 3 0.5000 0.7312 5.48� 10� 4

15 3 0.5376 0.7849 2.83� 10� 5

14 7 0.6828 0.8710 4.61� 10� 4

15 7 0.6344 0.8602 2.08� 10� 4

16 7 0.6183 0.8065 1.99� 10� 4

16 9 0.5108 0.6667 8.25� 10� 5

5.4 Biomedical interpretation

As seen in Tab. 1, there are many signi�cant changes in the Causality Index. The lowest
p-value was observed for the pair of 7th and 15th channels. This pair can be used for
distinguish between AD and CN. Using ruleS7;15;u > 0:92 for the diagnosis of AD in the
case ofuth participant, the sensitivity and speci�city were 73 % and 77 % respectively.
Similar behaviour was also observed on the other signi�cant channel pairs.

During Alzheimer’s disease, the Causality Index exhibits very interesting changes. The
signi�cant increase in the Causality Index (Fig. 2) points from parietal to frontal regions
of the brain. In AD, it means that neural activity in the frontal lobes is highly activated
from the parietal zone. The opposite signi�cant dependencies (Fig. 3) come from the
left and right frontal lobes to the parietal zone. This behaviour can be interpreted as a
decreasing Causality Index between the inspiring frontal neurons and receiving parietal
zone. This interpretation is consistent with the concept of the dynamics of changes in
the course of a developing Alzheimer’s disease [15].



256 L. TylovÆ

Figure 2: Causality increasing in the case of Alzheimer’s disease: arrows from antecedent
to consequent channels.

Figure 3: Causality decreasing in the case of Alzheimer’s disease: arrows from antecedent
to consequent channels
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6 Conclusions
The theory of VAR model was applied to multichannel EEG. The optimal order was 26
as an experimental modus value. Signi�cant interchannel causalities were obtained over
segments of patients. The False Discovery Rate correction was used as an e�cient tool
for selecting signi�cant EEG events. The event counting forms a novel Causality Index
as a criterion able to distinguish between AD and CN. 10 signi�cant electrode pairs were
observed with decreasing Causality Index and 6 electrode pair with increasing Causality
Index in AD. The di�erence in Causality Indexes can help in diagnosing Alzheimer’s
dementia. Interchannel dependencies observed exhibiting statistically signi�cant changes
in the Causality Index have direct biomedical interpretation. In AD, there is a signi�cant
increase in the Causality Index between the parietal and frontal domains of the brain.
The complementary e�ect of decreasing Causality Index was also localized, however the
direction was opposite.
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Abstract. Iterative reconstruction techniques �nd their used in many optimization problems,
such as matrix completion in computer vision or reconstruction in image processing. Brief intro-
duction to iterative algorithm based on proximal gradient method will be presented together with
connection to the image reconstruction problem. Furthermore, reconstruction of the subsam-
pled (compressed) medical data will be formulated as a variational problem using total variation
regularization, ready to be solved using presented method. Finally, we will demonstrate and
compare selected methods on real data acquired from MRI scanner at ISI of the CAS in Brno
and propose further extension of current model.

Keywords: image reconstruction, TV regularization, proximal algorithms

Abstrakt. Iterativní rekonstruk£ní metody jsou £asto vyu”ívÆny v mnoha optimaliza£ních
œlohÆch jako nap°íklad dopln¥ní dat ve strojovØm u£ení nebo rekonstrukci obrazu. Provedeme
krÆtkØ shrnutí iterativního algoritmu zalo”enØm na vyhodnocení proximÆlního operÆtoru a ukÆ”eme
jeho vazbu na œlohu rekonstrukce obrazu. DÆle formulujeme rekonstrukci podsamplovaných
zdravotnických dat jako”to œlohu varia£ního po£tu s regularizací ve tvaru totÆlní variace v
takovØm tvaru, aby byla °e†itelnÆ uvedenou metodou. Nakonec vybranØ algoritmy p°edvedeme
a srovnÆme na datech ze skeneru vyu”ívající magnetickou rezonanci umíst¥nØho na ÚPT AV �R
v Brn¥ a navrhneme dal†í roz†í°ení modelu.

Klí£ovÆ slova:rekonstrukce obrazu, TV regularizace, proximÆlní algorithmy

1 Introduction
Many inverse imaging problems such as image denoising, image deconvolution or image
signal reconstrucion can be conveniently formulated as a variational problem

min
x2 R2

�
�

Z



jK (x)j +

1
2

ky � Axk2
2

�
; (1)
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where 
 � R2 is image domain,x 2 L1 (
) is the desired solution andy 2 L1 (
) is
the original data which are to be reconstructed. Parameter� 2 R+

0 scales the trade-o�
between "data" term and regularization term. Data term ensures closeness of the solution
and the input, whereas regularization represents e�ort to improve visual features of an
image. OperatorA represent transformation of output to comparable domain in whichy
is acquired. In basic case of medical imaging,A typically denotes Fourier transformation.
Modern imaging techniques relies on methods of compressed sensing (CS), where only
selected samples of Fourier domain are taken into account, rather than sampling at the
full (i.e. Nyquist) rate. Usually, matrix A also models trajectory of given samples and
multi-coil sensitivites for more realistic models. IfK is assumed to be gradient of input
image, proposed model (1) becames so-called Total Variation (TV) regularization model
(or ROF model) introduced in [1]. Major advantage of incorporating TV regularization
is allowing appearance of sharp discontinuities in the solution. This fact is often sought
after in image processing, since edges represent important features such as boundaries of
objects. However this formulation of cost functional (1) leads to di�cult minimization,
given the non-smooth property of the total variation. We will introduce used algorithm
based on proximal operators, which can be successfully used to tackle such problems with
application to MRI data reconstruction.

2 Iterative Reconstruction Technique
Algorithms based on evaluating proximal operator can be percieved as a generalization
of standard gradient descent. We will brie�y introduce main idea of this technique and
present its use in iterative method to solve optimization problem (1).

2.1 Proximal Operator

Let us suppose, that we want to solve

min
x2 Rn

f (x) = min
x2 Rn

g(x) + h(x) (2)

whereg : Rn 7! Rn is convex and di�erentiable whileh : Rn 7! Rn is only convex but
not necessarily di�erentiable. Instead of making quadratic approximation off around x
with step sizet 2 R+ to get gradient descent update for the case ofg and h both convex
and di�erentiable, it is possible to approximate onlyg while h stays in its original form.
We obtain following

x+ =argmin
z

�
g(x) + r g(x)T (z � x) +

1
2t

kz � xk2
2 + h(z)

�

=argmin
z

�
1
2t

�
kz � xk2

2 + 2 tr g(x)T (z � x) + t2kr g(x)k2
2
�

+ g(x) �
2
t
kr g(x)k2

2 + h(z)
�

=argmin
z

�
1
2t

kz � (x � tr g(x))k2
2 + h(z)

�

=prox t;h ((x � tr g(x))) ;
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where we denoted minimizing term by the symbolprox. Components inprox forces
update to be as close to gradient step ofg as possible and keeps values ofh small. Using
this intuitive derivation, we can formally de�ne proximal operator proxt;h : Rn 7! Rn by

proxt;h (x) = argmin
z

�
1
2t

kz � xk2
2 + h(z)

�
:

Combining proximal operator with gradient descent, leads to writing minimizing algo-
rithm of (2) as

Algorithm 1 General proximal operator minimization

1. Initialize x0 2 Rn .

2. Let x+ = ( xk � 1 � tr g(xk � 1)) .

3. De�ne xk = prox tk ;h(x+ ):

The last step of Algorithm 1 can be also written in the gradient descent manner as

xk = xk � 1 � tkGtk (xk � 1); Gt (x) =
x � proxt;h (x � tr g(x))

t
;

where Gt (x) is so-calledgeneralized gradient. Notice that the evaluation of proximal
operator depends only on the gradient ofg and h itself, thus it can be conveniently used
when proximal operator ofh is known. Especially, this is the case ofh = � k � k1, where
respective proximal operator is of form

proxt ;� k�k1 (x) = argmin
z

�
1
2t

kz � xk2
2 + � kzk1

�
: (3)

The solution to this equation can be written as asoft thresholding operatorS�t (x) where

S�t (x) = sgn(x)( jxj � �t )+ :

It can be easily shown, thatS�t (x) minimizes term in (3) and is easily numerically com-
puted.

2.2 Alternating Direction Method of Multipliers
Following algorithm employs alternating minimization of objective functions to tackle
variational problems with non-smooth regularization. Such method is called Alternating
Direction Method of Mutlipliers (ADMM) and is built on minimizing each function from

min
x2 Rn

g(x) + h(x)

separately. This technique is known as dual minimization or Douglas-Racheford splitting
and its main advantage is when evaluating proximal operator off + g is more numeri-
cally demanding, than computing each proximal operator separately. We will now derive
solution to (1) using this method.
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Formal steps of ADMM algorithm originates from minimizing augmented Lagrangian
[2]. Firstly, rewrite original problem (1) as a constrain optimization

min
x

1
2

ky � Axk2
2 + � kzk1 s:t : Kx � z = 0 :

Furthermore, we write augmented Lagrangian of such problem as

L%(x; z; u) =
1
2

ky � Axk2
2 + � kzk1 + �u T (Kx � z) +

�
2

kKx � zk2
2; (4)

where constant% >0 is called penalty parameter. Notice, that additional terms equal to
zero at optimal point by de�niton of constraint Kx � z = 0 . Minimizing of augmented
Lagrangian (4) is treated separately over its primal variablesx and z, therefore we can
write ADMM algorithm in following manner

Algorithm 2 ADMM
1. Initialize x0; u0; z0 2 Rn , � 2 R+ .

2. Let xk = argmin
x

L%(xk ; uk ; zk) = argmin
x

n
1
2ky � Ax kk2 + %uk T Kx k + %

2kKx k � zkk2
o

:

3. Let zk = argmin
z

L%(xk ; uk ; zk) = argmin
z

n
� kzkk1 � %uk T zk + %

2kKx k � zkk2
o

4. Update uk = uk + %(xk � zk).

Finding optimal value x? in step 2 of Algorithm 2 can be easily attained using
partial derivative of L% over x in closed-form solution

x? = ( AT A + %KT K )� 1(AT y + %KT (z � u)) :

To �nd optimal z? one can successfully use evaluation of proximal algorithm, namely soft
thresholding operator de�ned in previous section. We can write

z? = S�=� (uk + Kx k):

Finally, dual variable u is updated by gained values of constrain to conclude current
iteration. Notable feature of ADMM is, that it converges fast at early stage, but requires
fair number of iterations for high precision results.

3 MRI Data Reconstruction

Let us now closely describe acquired data that were used in reconstruction and exactly
formulate model to simulate measurement and reconstruction.
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3.1 Data Description
Data originate from in-vivo experiment with a standard Sprague-Dawley rat at the Bruker
9.4T MRI Small Animal Scanner stationed at the Institute of Scienti�c Instruments of
the CAS. MRI scanner collects signal in k-space (i.e. Fourier domain) and due to the
physical constraints of the scanner, data are sampled alongside the radial trajectories.
Radials are rotated through the space usinggolden angletechnique allowing relatively
dense sampling of important regions of k-space [5]. MRI machine compound aquisition
from 4 coils and returns 128 complex coe�cients of k-space for each coil and radial.
During the experiment time of 14 minutes 50 000 projections of 128 coe�cients were
sampled. In all formulations, coil sensitivities were estimated using ESPIRiT algorithm
proposed in [7].

3.2 Formulation of Reconstruction Problem
Firstly, we will omit the element of time for simpler notation and write formulation of
reconstruction ofstatic data as

min
x2 C2

(
4X

i =1

1
2

kyi � MFS i xk2
2 + � kKx k1

)

; (5)

where Si maps sensitivity of coil i , F corresponds to the 2D Fourier transform andM
interpolates cartesian grid to the sampled radial space. MatrixM together with F can
be replaced withnon-uniform Fourier transformation. Regularization term is in form of
Total Variation, therefore K computes gradient of the image.

This formulation can be extended to reconstructdynamical data as

min
x t 2 C2

(
T � 1X

t=0

4X

i =1

1
2

kyt;i � M tFSi x tk2
2 + � kKx tk1

)

: (6)

It is worth noting, that instead of estimating output image for each time-frame sep-
arately (as can be achieved iterating static case through all data), this formulation opti-
mizes coe�cients of given basis. Let us elaborate more explicitly for the case of modeling
dynamics as a polynomial of 2nd degree

p(t) = a + bt + ct2:

If plugged into the (6) for x t we get

min
a;b;c;2 C2

(
T � 1X

t=0

4X

i =1

1
2

kyt;i � M tFSi (a + bt + ct2)k2
2 + � kK (a + bt + ct2)k1

)

:

and reformulated to more compact and tidy matrix notation

min
x2 C2

(
T � 1X

t=0

4X

i =1

1
2

kyt;i � M tFSi B txT k2
2 + � kKB txT k1

)

;
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whereB t = [ I It It 2] and x = [ a b c]. It is clear, that we can choose various forms of
prescribed basisB t with coe�cients x and we will present results of di�erent options in
following sections.

Finally, let us brie�y note the formulation of Low Rank + Sparse model (L+S) which
will be also evaluated in results section. L+S model can be written as

min
L;S 2 C2

�
1
2

ky � MFS (L + S)k2
2 + � L kLk� + � SkKS k1

�
; (7)

and estimates output image as a sum of two components: low-rank regularized by nu-
clear norm and sparse regularized by TV norm. Used implementation of L+S model uses
non-uniform Fourier transformation together with density compensation technique (cou-
pled in matrix MF ) rather than radial interpolation M with uniform Fourier transform
F developed in ADMM formulation. For further detail see for example [8].

4 Results Comparison
We will now present reconstructed data and several di�erent approaches to attain the
most realistic outcome. All ADMM results share the same parameters� = 1 and %= 0 :1,
L+S algorithm was used with setting� L = 0 :025and � S = 0 :5.

4.1 Regridding and Reconstruction
Simple method how to transform measured signal into image domain is calledregridding
and it is direct, non-iterative approach. Regridding is one-o� application of operatorA,
i.e. matrices M , F and S in our formulation, to the input data. No regularization is
employed and it can be easily seen (Figure 1), that this operation su�ers from artifacts
when compared to the results of the ADMM algorithm on static formulation (5). Namely,
notice the streak-like artifacts that originate from radial sampling. Both results were
obtained using 200 projections per one frame. Decreasing number of used projections
increases temporal-resolution of outcome image (as 60 projections takes roughly 1 second
of measurement) but brings signi�cant degradation of image quality (at least in static
formulation), as is shown on Figure 2.

4.2 Perfusion Curves
The measured data are not the same during the whole experiment, intensity of signal
varies on time and body tissue. One of the main objectives of reconstruction is to get
this function of intensity on time (so calledperfusion curve) as detailed and realistic as
possible. Typical perfusion curve has sharp increase at the beginning of the measurement
(corresponding to the increased activity of contrast agent) followed by slow decline. Per-
fusion curves of static reconstruction (i.e. separately reconstructed image through whole
data) together with several selected outcomes of dynamic formulation (6) is shown on Fig-
ure 3. Selected pixel is marked by red dot in Figure 1 b). Prescribed basis for dynamical
formulation was estimated orthogonal basis using singular-value decomposition method
on various perfusion curves from static case. In presented case, �rst 3 singular curves
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(a) Regridding. (b) Static reconstruction.

Figure 1: Comparison of regridding and iterative reconstruction.

Figure 2: Iterative reconstruction using 28 projections.
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Figure 3: Comparison on static reconstruction using 200 samples and dynamic from 50,
or 28 samples.

were used. It can be seen, that prescribing basis for dynamic reconstruction can lead to
improved stability of perfusion curve and possibility to further reduce used samples, thus
increase temporal resolution.

4.3 Comparison with L+S
Measured data were also processed by di�erent formulation of reconstruction problem,
the Low Rank +Sparse model (7). L+S model assumes, that perfusion curve consists
of one component with low rank and other, that is sparse in Fourier domain. Figure 4
shows comparison of perfusion curve reconstructed from 28 projections per one frame and
relative improvement of cost functional in each iteration. Convergence comparison agrees
with standard ADMM feature of high convergence speed, namely in the �rst iterations.
Perfusion curves were rescaled by maximum of each curve and prompt to say, that L+S
model estimates somewhat more stable decline after the growth phase. It is worth noting,
that �nal rank of L+S model was one, whereas ADMM was the most stable at basis of
rank 2 and 3. Nevertheless, these di�erences are up to more detailed research.

5 Conclusion
We have introduced main idea of proximal operator and demonstrated its application on
iterative recontruction of MRI data. Two di�erent formulation of reconstruction problem
were shown and results on real data we demonstrated. Further work lies in modeling
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(a) Perfusion curves. (b) Relative improvement of cost.

Figure 4: Comparison of perfusion curve and convergence of ADMM and L+S model

acquisition process in greater detail and developing faster reconstruction techniques to
increase both temporal and spatial resolution of outcoming images. This should lead to
more reliable perfusion analysis of outcoming data and to improve diagnostics of vascular
diseases a�ecting myocardium, brain and other organs, as well as cancer diseases in the
long-term.
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