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Abstract

Since its introduction, transfer entropy has become a popular information-theoretic tool for detecting
causal inference between two discretized random processes. By means of statistical tools we evaluate
the transfer entropy of stationary processes whose continuous probability distributions are known. We
study transfer entropy of processes coming from the family of y-order generalized normal distribution.
Applying Kullback-Leibler divergence we provide explicit expressions of the transfer entropy for
processes which are normal, as well as for processes from the class of y-order normal distributions.
The results achieved in the paper for continuous time can be applied also to the discrete time case,
concretely to the time series whose underlying process distribution is from the discussed classes.
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1 Introduction

Transfer entropy (TE), defined in [1], and equivalently in [2] via conditional mutual information, is
an information-theoretic statistic, measuring the amount of directed (time-asymmetric) transfer of
information between two random processes. It is a statistic working with time series. After its introduc-
tion, transfer entropy gained a wide interest in physics, neuroscience, climatology and other scientific
disciplines, see for example [3], [4], among others.

Transfer entropy has been studied in relation to Granger causality (G-causality), see for example in [5],
[6]. The results in [7] are asymptotic. In this paper, we study the relationship of transfer entropy and
Granger causality for discretized random processes following certain probability distributions, including
the family of y-order generalized normal distributions (briefly y-GND) as introduced in [8] and studied
in [9, 10, 11, 12], delivering certain entropy and information-theoretic results. Moreover, the y-GND
was also considered in a work by [13], and the corresponding transfer entropy was in the spirit of data
analysis, as introduced in the pioneering paper of Tukey [14].

2 Causality Measures in Time Series

Causality or causal inference, can be defined in terms of an effect of interventions, giving direction to
the association between two variables. This approach was studied by great philosophers and recently
by statisticians, as [15] among others. Another approach, coming from econometrics, called Granger
causality, introduced in [16] utilizes time series analysis of the processes. It has been argued that the
concept of Granger causality belongs to a different category than those of Pearl’s causal model, but these
concepts are closely linked, since each relates to straightforward notions of direct causality embodied in
settable systems; see for example [17].

In our paper, we deal with two temporal approaches to causality inference: an econometric one, introduced
by [16], and the transfer entropy (or conditional mutual information) one, as introduced by physicists
[1] and [2]. In particular, we study transfer entropy by means of statistical tools, namely by considering
distributions belonging to the family of y-order generalized normal distributions, and express the corres-
ponding transfer entropy by means of their parameters.

2.1 Granger causality

The concept of causality based on time series was introduced by C. W. J. Granger (the 2003 Nobel prize
winner in economy) in [16]. Inspired by the Wiener’s work, Granger based his concept on two principles:

1. The cause precedes in time the effect;
2. The cause contains information about the effect that is unique, and is in no other variable.

In other words, the causal variable can help to forecast the effect variable; see [18] for details. It is said
that for “process X; Granger causes another process Y;”, if future values of Y; can be predicted better
using the past values of X; and Y; rather than only past values of Y;.

The related hypotheses testing which Granger developed by [16] is based on a linear regression model,
and uses two alternative test statistics, the Granger-Sargent and the Granger-Wald test.
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For our future development, we adopt and use here the notation of [5]. Let d be a positive integer
number and let ® denote the concatenation of vectors, so that for x = (x1,...,x4) and y = (y1,...,¥m),
x @y is the d + m vector (x1,...,%4,¥1,-..,¥m). Given jointly distributed multivariate random variables
(r.v.-s) X and Y, i.e. random vectors in R, we denote by 2(X) the d xd matrix of covariances Cov(X;, X ;)
and by 2(X,Y) the d x m matrix of cross-covariances Cov(X;,Y}). Let Z(X|Y) denote the d x d matrix

SXIY)=2(X)-2(X,Y)2Y) 12X, 7)T, (2.1)
whenever 2(Y) is invertible.

Assume a multivariate stochastic process X; in discrete time (i.e. marginal distributions are jointly
distributed). Denote with ng) =X;0X; 10 -®X;_p,1 for X along with £ —1 lags so that X;k) isakd

random vector for each ¢. Given the lag k, where it is clear, we use the shorthand notation X, =X f‘]i)l
for the lagged variable.

Suppose we have three jointly distributed stationary multivariate stochastic processes X¢,Y;,Z;. Consider
the regression models

X; = at+(X§’f’1eaz§’_)l)A+et, (2.2a)

Xy

o+ (xP 0¥[? 0z ) A +e, (2.2b)

where A and A’ are the matrices of regression coefficients, a; and (x; are the constant terms and the
random vectors ¢; and E; comprise the residuals, so that the predictee variable X is regressed firstly on
the previous % lags of itself plus r lags of the conditioning variable Z and secondly, in addition, on g lags
of the predictor variable Y.

The G-causality of Y to X given Z assesses the extent to which inclusion of Y in the second model
(2.2b) reduces the prediction error of the first model (2.2a). The standard measure of G-causality in the
literature is defined for the predictor and predicted variables Y and X respectively, and is given by the
natural logarithm of the ratio of the residual variance in the restricted regression (2.2a) to that of the
unrestricted regression (2.2b). It has been proven by [5] that for the G-causality it holds

XX~ eZ)
X X-eY-8Z),

Fy_xiz=lo (2.3)
where Fy _ x|z denotes the G-causality for a univariate predictor and predicted variables Y and X,
conditioned by Z.

2.2 Transfer entropy

This section is based on the definitions given in [19]. Transfer entropy (TE) is a model-free, information-
theoretic expression measuring the amount of time-directed information between two dynamical systems,
which was introduced by [1], and contemporarily by [2] as conditional mutual information; for comparison
see [20]. Given the past time of a dynamical system X, then the TE from another dynamical system
Y to the first system X is the amount of the reduction of Shannon uncertainty measured in the future
time of X when the past of Y is given. Since its introduction it has been extensively applied in modeling
complex systems, especially in neuroscience and climatology, see e.g. [4, 3]. Transfer entropy is based on
Shannon entropy, which is defined for X, a discrete (multivariate) r.v. given by a set of possible values
{x1,x9...,x}, as
n
HX):= Z plx;)Inp(x;), 2.4)
i=1

where p denotes the probability mass function of X. With X, Y;, and Z; as defined earlier, the transfer
entropy of Y to X given Z, denoted by Iy _ x|z, is then defined as the difference between the entropy of
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X conditioned on its own past and the past of Z, and its entropy conditioned on the past of Y:
IJy_xiz=HX|X eZ)-HX|X oY &Z"), (2.5)

where H(.|.) is the conditional entropy. In other words, Iy _ x|z denotes the transfer entropy of the
time series (stochastic process) Y to the time series (stochastic process) X under the condition of time
series (stochastic process) Z. For stationary variables, transfer entropy does not depend on ¢, so we shall
exclude it from labeling.

For a broad class of predictive models, Barnett and Bossomaier showed in [7], that the log-likelihood
ratio test statistic for the null hypothesis of zero transfer entropy is a consistent estimator for the
transfer entropy itself. An asymptotic chi-squared distribution was established for the transfer entropy
estimator. Their result generalizes the equivalence of transfer entropy and Granger causality in the
Gaussian case and bridges the notion of directed information transfer and G-causality.

In addition to these general results, it has been proven that the complexity of approximation of entropy
is polynomial; see e.g. [21]. However, practical methods to achieve a good approximation of (differential)
entropy are non-trivial; see for details [22] or [23] among others.

3 Continuous Transfer Entropy

Zhu et al. in [24] formulated the definition of causality by transfer entropy for continuous processes via
Markov processes, equivalent to transfer entropy definition as in [25]. For our computations in what
follows, we adopt that definition.

Denote by X,(fk) =Xi_ b1, Xt_p+92,---,Xt), k>0, and assume the probability measure Py (defined on
measurable subsets of real sequences) on X fulfills the m— th order Markov property:

A
forall¢: forallm'>m: d'@Xt+1|X;'") (xt+1|x§’")) = dg’XHllX;mr) (xt+1|x§m )),

for x;+1 € R, xgk) e Rk, Then, the past information X ;m) (preceding the time instant ¢ + 1) is sufficient
for predicting X;.z, £ = 1, and can be considered as an m-dimensional state vector at time ¢. Assume
further that N is a positive integer corresponding to the length of the discretized time series (X;, X i Y ),
t=1,2,...,N. For independent and identically distributed (i.i.d.) random series, each term has the
same distribution as the random vector (X X7, Y )e R1+m+", whatever i is considered. For random
variables X, X~, Y, note that ”*” indicates “predicted”, while “~” means “past”, which is a common
notation in the literature; see for example [20] among others.

3.1 Causality defined by deviation from Markov property

In this section we use the terms random variable and random process interchangeably. Let us suppose
that a causal influence exists from random process Y to process X, and is such that at each time i
integer and for some n >0, Y, is an image of the physical state Y, and it can be written as Y, £ Yt(n ),
The negation of this causal influence implies that for given ¢:
5 (M) _ 5 | (m) (n)
ngXt|X§’”)(xt|xt ) = dQ’Xt (xt|xt , Yy ), for all m,n >0, 3.1)

(m) y7(n)
Xt ’Yt

defines the causal flow. If (3.1) holds, it is said that there is an absence of information transfer from Y
to X.

Otherwise, the process X can be no longer considered strictly as a Markov process. Let us suppose the
joint process (X,Y) is Markovian, i.e. there exists a given pair (m',n’), a transition function f and an
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independent random sequence ¢¢, ¢ € Z (Z denotes the set of integer numbers), such that [X;, 1, Yt+1]T =
! !

f(XEm ),Yt(n ),Et+1), where the r.v. £;41 is independent of the past random sequence (X;,Y},¢;), j <

t, whatever ¢ is considered. As X; = g(X;m),Yt(n)), where g is clearly a non-injective function, the

triplet (X I(:m),Yt(n/),X t), t € Z, corresponds to a hidden Markov process, and it is well-known that this
observation process is not generally Markovian, [24].

Similarly as in Section 2.2, for the discrete transfer entropy, if the processes X and Y are assumed to
be jointly stationary, then the expectation of the form E(g(X;41,X ;m),Yt(n))] does not depend on ¢ for
any function g: R™*"*!1 . R, see [24]. This assumption is essential for the construction of transfer
entropy, since it allows us to omit the index ¢, as we are moving from the discrete to the continuous case.

3.2 Transfer entropy as Kullback-Leibler divergence

Recall the Kullback-Leibler (KL) divergence, defined by [26], is a non-symmetric measure of the difference
between X and Y as

Dk, (X|Y):= fp(x)log@dx, (3.2)
RY q(x)

where p(x) and q(x), x € R4 being the probability densities of X and Y respectively.
Formulated using probability theory, transfer entropy is a conditional mutual information, [2], [22].

The deviation from Markov property can be expressed through the Kullback-Leibler divergence which
leads to the definition of transfer entropy at time ¢:

TE 1 Pl el 7) iz bl yr (3.3)
yoXp= |08 dng,|X’ (&¢]x;) Xi|x7y; (&t ,o7). '
t

R1+m+n

If the joint probability measure ‘@X}l x- y-@tlx;, ;) can be derived with respect to the Lebesgue
toTt
measure [ in RI*™+7 then the (joint) probability density function (p.d.f) exists (and also each p.d.f.
for each subset of Xt|Xt_,Yt_); we denote it as P, x- y-&lx;,y;). Then, transfer entropy TEy . x;;
toTt
can be rewritten as
pr*,y* (gz’xt_’yt_)pX; (xt_)

TEy_x- :f o (®,x; v )]0 i d#sdx; dy; . (3.4)
e 9 by )

R1+m+n

More details to the derivation of the definition of transfer entropy can be found in [24].

Now we proceed as follows. Denote u := %¢, v:=x; and w:=y; (assuming stationary processes), where
U=X,V:=X ;> W:=Y . We can define a simpler form of (3.4) through the definition of the triple
(u,v,w) and the corresponding probabilistic relationship:

p,w)p(u,v)

q(u,v,w):= T (3.5)

Then through (3.5) and (3.4) we obtain the more simplified form,

TEy .x:=TEw_yy = fp(u,v,w)loglwdudvdw (3.6)
’ . plw,w)p(u,v)
R m+n

p(u,v,w)

dudvdw, 3.7
q(u,U,w)

= fp(u,v,w)log

]Rl+m+n
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where p and q are probability distributions.

Equation (3.7) for TE will be investigated as the Kullback-Leibler measure between two probability
distributions. In this paper, we assume that p(-) is a y-order generalized normal p.d.f. (p follows the
Y-GND). These will be briefly discussed in the following section.

The causality, measured by transfer entropy in (3.4) and, in agreement with notation in Section 3 can
be tested with hypothesis Hy: U L W|V, where L denotes probabilistic independence.

4 Family of y-Order Generalized Normal Distributions

[8] came with the idea of generalizing Fisher’s entropy type information, the entropy type measure from

J(X)::f|v1ogf|2fdx:fw~v1ogfdx, “.1)
R4 R4
see [27], to
Ja(X):zf|Vlogf|afdx=f|Vf|a-Vlogf1_“dx, (4.2)
R4 R4

for r.v. X with probability density 7 on R,

Applying the optimal Euclidean logarithm Sobolev inequality, [8] noted that its extremals (i.e. the
function that makes the Sobolev inequality to be an equality) offered a generalized form of the multivariate
normal distribution, called as the y-order normal distribution, and denoted with 4} (u,Z). The density

function of ar.v. X ~ e/Vyd(u,Z) is of the form
_ _r
fx(x 1, 2) = Cr, ) 2| exp {—Yy—lQX(x)ZW-D } xeRY, 4.3)

where Qx(x) := (x — 1,2 1 - wT) = (x — W=~ 1x — wT, |Z| denotes the determinant of =, and the
normalizing factor, for y € R\ [0,1] is given by

g I
I'(d

= ol
=+

1 -1
)ty 4.4)

c?=cCy,d):=n"
+1) v

.

For details see Kitsos and Tavoularis in [8].

The generalized Fisher entropy type information, as well as the generalized entropy power for a r.v.
X~ L/Vyd(,u,Z) were studied in [9] and [28]. Moreover, the maximum likelihood estimation (MLE) for the
Y-GND family is studied in [11]. The family of y-order GND is based on a solid theoretical background
and extensively studied in [10], [11], and [12], for the multivariate case. Notice that with y =2 we get
the well known thzd(u, 2).

One of the merits of the y-order GND is that “fat tails” can be produced for a particular y value.

The shape parameter y influences the “amount of probability at the tails” of the normal distribution.

Moreover, from an information-theoretic point of view, the y-GND provides the equality in the generalized
Cramér-Rao inequality, introduced by [8]), just like the usual normal distribution does for the usual

Cramér-Rao inequality; see also [29].

The y-GND is an elliptically contoured distribution when its scale matrix X is a positive definite matrix,
while is spherically contoured when X := 0'2]1];.

The family of c/VYd(u,Z), i.e. the family of the elliptically contoured y-order normals, provides a "smooth
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bridging” between the multivariate (and elliptically countered) uniform, normal and Laplace r.v.-s U, N
and L respectively, i.e. between U ~ %d(u,Z), N ~ JVd(u,Z) and Laplace L ~ fd(/.t,Z) r.v.-s as well as
the multivariate degenerate Dirac distributed r.v. D ~ @d(y), with pole at the point u. Recall the p.d.f-s
of U,N,L,and D, i.e.

r(g+)
—_— x€Ag,
fU(x) = fU(x; M,Z) = nd/Q\/m (4.5a)
0, x¢Ag,
_ . — 1 1 d
fN(x)—fN(x, /J,Z) = mexp{—gQg(x)}, xeR , (4.5b)
r(¢+1) p
f1.(x) = fr(x; u,2) = mexp{—\/Qg(x)}, xeRY, (4.5¢)
+0o0, X =M,
_ S = 4.5d
fp=)=fp 1 {o, xe R\ (), (450

where Ag denotes the area enclosed by the d-ellipsoid defined by Qg, i.e. Ag: Qgx) <1, x € R?, with
Qo) =:(x— = Nx—wT, 0:= (u,3).

That is, the Wyd, family of distributions not only contains the usual normal, but two other very significant
distributions, as the uniform and Laplace distributions, are also members of this family, together with
the degenerated Dirac distribution. The above discussion is summarized in the following theorem; see
also [10].

Theorem 4.1. The elliptically contoured d-variate y-order normal distribution JVYd( U, %) for order values
of y=0,1,2, +c0 coincides with

2% (), for y=0 and d=1,2,
0, for y=0 and d =3,

M2 =3 whwz),  for y=1, (4.6)
Nw,3), for y=2,
$d(u,2), for y = too.

The above briefly discussed properties of the y-GND are applied in Section 6, generalizing the results
that we obtained for normal distribution in Section 5. Moreover, Section 7 develops the achieved results
and provides examples of the known distributions this family includes. For different y values (shape
parameter) close to the value 2, different "normal-like distributions” can be obtained.

5 Explicit Form of Transfer Entropy for the Normal Distri-
bution

The joint probability density p X7 Y7 (&ilx;,y;), asin (3.4), is considered now to be a d-variate normal
distribution, with d := 1+m+n, m,n € N* := IN\ {0}, m # n. In order to calculate TEw_yy as
in (3.6), first we consider a vector x € R? such that x = (xi)‘ii=1 =u®vodw, where u:=x1 € R, v:=
(x2,%3,...,Xm+1) € R™, and w := (X +2,Xm+3;- -, Xd=1+m+n) € R™. In general, for every d-dimensional
vector x € R?, we can write x = x;, ® x, @ x,, Where vectors x,, x, and x;, are the corresponding 1-, m-
and n-dimensional components of x € ]Rd, like u, v, and w as above. Moreover, let x, gy := x, ®xy =
x1®xp € R™*1 and xpew 1= xp ®a € RS = R,

Consider now a d-variate and spherically contoured normally distributed r.v., say X ,i.e. X ~ A d (1, 02]Id)
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with mean vector p = (ui)fl:l € R% and o > 0 with I € Rdxd denoting the identity d x d matrix.
Using the notation as above, we can adopt the m-variate, (m + 1)-variate, and (m + n)-variate normally
distributed random variables Xy ~ A (1y,0%1), Xyev ~ A (tuev,02I14m), as well as X, ~
HmER (Nv@w,UQ]Im-m)-

Assume now that the joint probability density p(u,v,w) of the transfer entropy W — U|V, as in the
simplified form of (3.6), corresponds to the (1 + m + n)-variate normal distribution followed by r.v. X as
above, i.e. p(u,v,w) = px(x), x € R, with random variable X :=UeV e W ~ A% (4,021,). Then the
p.d.f-s p(v), p(u,v) and p(v,w) can be calculated and hence the value of TEw_ g7y can be obtained.
Indeed, we consider

plu,v,w):=pxx)= [\/ﬁa]_dexp{—% Hx;”HZ}, erRd, (5.1)

where |- || denotes the £2(R?) norm.

Thus, we let p(u) := p;;(u), p(u,v) := pyay (©,v), p(,Ww) := py gy (0, w) and p(u,v,w) := pyayew U, V,W),
where the random variables V:=X,,U&V := X, ¢y and V @ W := X, ¢,. Therefore,
Pyevew Pv (5.2)

TEW—»UlV = pr@V®W log ’
RE PysvPvew

which is a mathematically correct expression (using random variables) of (3.6), which shall be used
here. Substituting (5.1) and p(u), p(u,v) and p(v,w) as described above, into (5.2) we obtain, after some
computations, that

TEw-u\v = ‘2(271)}1/2001 f]Rd (" =" "2 +|

Through the linear transformation z = z(x) := (x — /o, x € ]Rd, which implies dx = dxjdxg---dxg =
o dz1dzg---dzg = od dz, we have

g g

Xy ;ﬂv “2 _ H Xvow ~ Hvew ||2)exp{—% H . Hz} dx. (5.3)

_ _Ll2
TEw_yy = -3@n 42 f 1202+ 2012 = I2ueo % - lzvew ) e 2171 dz. (5.4)
IRd
However, as

2_ 2,(2, .2 2 2 2 2
2% = 25+ (25 + 25+ +25 1)+ (2h40 T 2mag T +25) (5.52)
lzo 1% = zg+zg+-~+23@+1, (5.5b)

2 _ 2.,(.2,.2 2

lzueull 221+(22+Z3+”'+2m+1), (5.5¢)
lzvowl® = (25425 +++2p01) + (Fhman + 2mag + o +25), (5.5d)

it holds, eventually, that TEw_ |y = 0 after substituting (5.5a)—(5.5d) into (5.4). Therefore, the transfer
entropy with normally distributed and spherically contoured joint distribution vanishes. Indeed, the
concatenated vectors z in eqgs. (5.5a)-(5.5d) imply that TE = 0. For the most general multivariate normal
distribution, i.e. the elliptically contoured normal, can be in general TE non-zero.

On the other hand, it is well-known that the conditional mutual information I(U,W|V) is zero if and only
if random variables U|V and W|V are independent. Since we can express transfer entropy, according to
[2] by means of conditional mutual information

TEw_yy =1U,W|V),

the statement holds also for transfer entropy.
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For TEw_yv rewritten in our notation as TEY‘ﬂXlX" it holds that TEY‘HXlX‘ = 0 if and only if
t ¢ t t

the processes (X|X; ) and (Y, |X;) are independent. This is the case when Markov property (3.1) is not
violated, i.e. there is (for stationary processes) no information transfer from Y to X; in other words Y;
has no causal influence on X;.

The vanishing of TEw_ gy can also be justified by the fact that (5.2) is written as a KL divergence
between p(u,v,w) (normally distributed) and q(u,v,w) as in (3.5). This is because, substituting p(u),
p(u,v) and p(v,w), as described earlier, into (3.5), then g(u,v,w) coincides with p(u,v,w) (the corres-
ponding summations inside the exponential function follow the same pattern as shown by the relations
(5.5b)—(5.5d)). Thus, the KL divergence between the same p.d.f. is zero, and hence TEw_yv =0.

6 Explicit Form of Transfer Entropy for the y-GND

Consider now that the joint probability density p(u,v,w) of the transfer entropy TEw_.yv in (3.6)
corresponds to the (1 +m + n)-variate y-order normal distribution. In particular, let X :=U eV oW ~
JVYd (u,azﬂd) with mean vector u = (ui)?zl €R? and 0 > 0. Its p.d.f. is then given by (4.3). We also

adopt the m-variate, (m + 1)-variate, and (m +n)-variate y-GND r.v.-s V := X, ~ ‘/VYm (uv s O'Z]Im), UsV =
Xuev ~ «/Vyh—m (IJuer’ 02H1+m), and VoW :=Xyey ~ J%/m+n(ﬂv®w,gzﬂm+n), respectively.

The following Lemma is needed for the calculation of the transfer entropy for the general case of the
y-order GND. Recall that (), :=r(r—1)(r—2)---(r—k+1), r € R, k € IN, denotes the Pochhammer symbol.

Lemma 6.1. The transfer entropy TEw_y |y, whenUeV oW ~ ,/Vyd (,u,crzl[d], d:=1+m+m, equals to

TEyw_yy =logC - 20 2 Z(g/Z)kZ( )( D' _zZt(k D! ﬁJg, ©.1)
k=0 =0

where C := Cde/(C1+mCm+"), g:=y/y-1), and Ts_l is considered to be the set of indexes Ts_l =
{(tl,tQ,...,td)E]Ntli: t1+to+-+tg=k—-1and (0<t1 <k—-lor0<tpio+---+tg <k—l)}. Moreover,

oﬁk D+d=1gen!_ dp, k-l€eN, (6.2a)
0
Jyp = fsm” preosPttp,dp,, €=1,2,...,d-2, (6.2b)
0
2n
Jg_1:= fsian*1 Pg_1cos2td1p, 1dpg 1. (6.2¢)
0

See Appendix A for the proof.

The following theorem provides the transfer entropy for the general case of the y-order GND, and
therefore generalizes the result in Section 5.

Theorem 6.2. The transfer entropy TEw _.y v forUeV e W ~ e/V),d (u,0211d), is calculated to be

Hr(B)rgH)r=)
()T ()T ()T (=52)
r(g

) S (g2 v (k) ;
(-1'g
J.[d/2r(g)g(d+g)/g];) k! l;ol

TEw_yv =log

2(k— l)+q

2(k-1)+ (k-1)
( q)z t1't2!---tq!Pd’ (6.3)
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where
min_q t9001tl (1 1)/2 mon
2 2041 2041~ 2
o min = (-1 T20+1 Roy ( T2¢
Pa=amzi) 11 WRMHZO T zj( j Blzm ) A

for m,n € N* being both odd or even numbers, and

m+n-1 m+n 1

p 2R Tors1 (ror-y2 TV r
—ond-1| T Baem 1—[ e Y (-1 (T2c
Pd =2n =0 2T20+1 (T2[+1/2) = 920~ T otar—2 R2[j:0 T2¢ —2j ] ’ (6.5)

for m,n € IN* not being both (simultaneously) odd or even numbers, with 1y :=2(tp,1 +torg+ - +tg)+
m+n—-4¢,¢=12,....m+n, and for k€N,
(2t — DN _ (2t — D!

= (6.6)
(2 +Tp)@ + T =2 (T +2) (2t + 1) (5 + §71),,

Ry =

See Appendix B for the proof.

It is worth mentioning that the transfer entropy under the y-GND family ,/Vyd(p,Z), T = UZ]Id, is

invariant in terms of the mean e RY and the (spherically contoured) scale matrix X € RYxd,

7 Special Cases

Theorem 6.2 can be applied to all members of the y-GND family. The cases of normal and Laplace (recall
Theorem 4.1) attract special interest and are studied in the following subsection.

7.1 The normal and the Laplace distribution

The following corollary confirms the vanishing transfer entropy for the case of the multivariate spherically
contoured normal distribution.

Corollary 7.1. The transfer entropy of W — U|V, with UeV e W ~ N (,u,a2]Id), is vanishing, i.e.
TEw_ywv =0.

Proof. Recall Theorem 4.1 where for value y := 2 the J/zd [p,aglld] coincides with the d-variate normal
,/Vzd (u,azlld). Thus, substituting g = y/(y — 1) := 2 into (6.3) we obtain that

1 (k= l) d
TEw_yy = d/QZ( )kZ( )( 1o p(2-2ted Z (k l)'
2(271) e
d
_ 1 d/2 _
T o@endZ 0 (0)2 F(d/Z)Ztl'tz g1t
_1 Wyl 21+d/2F(1+d/2)Z—P -
2em?? 1 o filpl- 2! ¢
d
1 W (1) gdre
22m@2 1! (1 ? F(O”z)zt AL @D

which is true, as the Pochhammer symbol (1), = 0 for £ > 1, k € IN, while (r)g := 1, r € R. Therefore, (7. 1)
yields TEw_ g7y =0 as the sets of indexes TO, = @, due to the assumed inequalities 0 <¢1 <k —1[ =

10
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or0<tmio+tmis+ - -+tg<k-1=0for Tg, andO0<t;<k-l=1lor0<tp,io+imi3+--+tqg <k-1=1for
Té (recall the definition of the indexing set Ts_l, d,k—1€eNN).

O

The following corollary calculates the transfer entropy for the multivariate spherically contoured Laplace
distribution.

Corollary 7.2. The transfer entropy of W — U|V, with UeV e W ~ L1+ (14 621, 1) is given by

mT (B3E2)r (%) r ()
m+

0, (m—n)r(+T)r( 2n)_J.[(1+m+n)/2(m+n)!><

18
-
=

=
S
ol

—_——

gl t14mn!

k _
l)(—l)l[2(k—l)+m+n]! Y %thm, (7.2)
Tk

where P1im4n is given in (6.4) when m,n € IN are both odd or both even numbers, or in (6.5) when only
one of m,n € IN is an odd number.

Proof. Recall Theorem 4.1 for limiting order value y = +oo. Then, it holds that the limiting filgom (X)) =
limy — +00 ./Vyl”"*"(,u, ), with = := 6211 4 4, coincides with the d-variate Laplace distribution £%(y, ).
Thus, substituting g =y/(y —1) := 1 into (6.3) we easily obtain the requested form of (7.2). O

7.2 Kullback-Leibler divergence and the y-GND
Recall formula (3.7) from Section 3.1. We can express transfer entropy as
TEy_.x =Dxw(pl9), (7.3)

where p(z) := p(u,v,w) with q(2) := q(u,v,w) as in (3.5). Denote by Nj‘,i (/J(),O'%]Id) a spherically contoured
Y-GND distribution with mean pg and scale matrix U%Hd. This allows the following conclusions.

Corollary 7.3. If the joint p.d.f. Pxix- Y,)(fclx_,y_) exists for stationary random processes Y and X,
and for the partial densities holds p = p(Z,x™,y”) ~ N}‘,i (yO,U%]Id) and q = p(&,y )p@&E,x )px™)]"1 ~

N;Zl (uo,a%]Id ), then TEy _x coincides with KL divergence and can be expressed in terms of parameters
of the distribution p and q as

_ _r
TEY_,X=DKL(p|Iq)=d{log(U—‘l’)—Y71 [1—(g—3)v—1”. (7.4)

See [9] for details.

From the above corollary recall that for o # o1 the same y parameter, it is easy to see that
DL <DLy, d=12,...,

Whe.re D%L(y? = DKL(P lg), p ~ JVYd (u,a(z)]ld) and q ~.g/V7d (H,U%Hd). In practice it means, the more
variables are involved in processes X and Y, the larger is their KL divergence.

Similar inequalities hold also in case of Laplace probability function for y — +oo.
For given d, uj = o, og # o1 the KL divergence appears in a strict descending order as y € R\[01]

rises. In particular,
D (yD)> Dy (y2), for y1<y2.

11
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Therefore with Laplace, y — +00, we obtain a lower bound, i.e.
D%L(oo) < D‘Ii{L(y), for every y and d

. Moreover, it is easy to see that TEy _. x is a function of the ratio o¢/o1.
Recall now the definition of the symmetric KL divergence or Jeffreys divergence, [30]:

J(plq):= %[DKL(pIIq) +Dx1,(qlp)] = %f(p —q)(ogp —logq).
Denote with STE(X,Y) the average of TEy _.x and TE x_.y for given processes X, Y.

From Corollary 7.3 the following result can be obtained.

Corollary 7.4. The symmetric transfer entropy STE(X,Y) with p ~ g/VYd (,u,o%]ld) and q ~ g/Vyd (u,a%ﬂd),
equals
STE(XX,Y):= }(TEy_x +TEx_y)= —d% (2-s8 -578), (7.5)

where s:=01/0g and g:=y/(y —1). For p and q normal, it is
STEX,Y)=$(2-s%-s72). (7.6)

Proof. Following [30] and evaluating TEy _.x and TEx_y through (7.4), their average gives (7.5)
Moreover, the case y =2, again provides the normal case as in (7.6).
O

Notice that when ¢ being a uniform distribution, it holds STE(X,Y) =0, i.e. TEx_.y and TEy_x
are cancelling each other. Results can also be obtained for the Geometric and Harmonic means of
Dx1,(pllg) and Dki,(qllp), which provide the corresponding geometric and harmonic means of TEy _ x
and TE x_.y respectively. These can be useful indexes for their applications. Moreover, as J(p,q) is
between min and max of the Dgp,(pllg) and Dky,(¢llp), it provides a measure of comparison about the
desired min and max of the corresponding TE.

Corollary 7.5. It holds that TEy vy, .xxx, = TEy .x +TEy, _x, with X1 and Y1 being also normally
distributed random variables.

Proof. Recall that the Rényi divergence measure R, is equal to the KL divergence, as Rényi’s extra
parameter a tends to 1. Then, Rq(p x p1,9 X q1) =Ra(p,q)+ Ra(p1,91); see [31]. Therefore, as a — 1,
Dx1,(p xp1llg xq1) =DxL(pllg) + Dki,(p1llg1) and hence Corollary is true. O

8 Conclusions

In this paper we evaluated transfer entropy of stationary processes for which we know their probability
distributions. Transfer entropy for the normal (Section 5) and for the class of the generalized normal
distribution (y-GND, in Section 6) were computed. Special cases were also discussed in Section 7 and
examined for different values of the shape parameter y of for the y-GND. We expressed transfer entropy
of two processes with their probability distributions given from y-GND by means of the parameters
of these distributions. We derived that the transfer entropy of processes with spherically contoured
multivariate normal distributions is zero.

The results for continuous time achieved in the paper can also be applied to the discrete time case,
particularly to the time series whose underlying process distribution is from the discussed classes.

12
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In terms of information theory, transfer entropy can be considered as a special case of Kullback-Leibler
divergence, namely as a “distance” between two probabilities corresponding to the studied processes.

There are some open problems we still have to face; the easiest one is to study processes for which
transfer entropy is always non-zero, i.e. to find a subset of functions, within the family of y-GND, that
their members provide non-zero TE. The simplified (discretized) forms can be applied to time series and
therefore can be used in practice. In our future work we shall provide examples with calculations.
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Appendix

A

Proof of Lemma 6.1. Considering the y-GND r.v-s X :=UeVeW,V:=X,,UeV =X ey and VoW :=
Xyew, the corresponding transfer entropy (5.2) gets the form

d m
_ clc
TEw-uy = log 13 fme1 ~

C?fifd(nic;quJr H xU;Mv Hg_ H xueu;uueav Hg_u xyeew;llvew Hg)eXp{—é Hx;p“g} d,
R

where g = g(y):=y/(y —1) > 1, for all defined y values, and through the linear transformation z = z(x) :=
(x—plo,xe Rd, which implies that dx = ad dz, we have

d o m _
TEWHUW:]og%—g 1cdadf hg(z)exp{—éllzllg}dz, (A1)
Rd
where
hg(2):= 12118 +lzu118 = lzuevll® - lzvewll®, z€ RY, geRs, (A.2)

while z = (z; )p eRY, 2z, : =(z; )’”+1 e R™, zyep := 2102y = (2 )erl R, and zpew = 20 ® 2 =
(z )1+m+n € Rm+n

In order to calculate the multiple integral in (A.1), a series expansion of A is utilized. Firstly, the series
expansion of f(x) :=x8, x,g € R is obtained, i.e.

12112 = £(121%) Zf W o2 - 1)t Zk—knzn2—1) (A.3)

zZE€ ]Rd, where (), :=r(r—1)(r—2)---(r—k+1), r € R, k € IN, denotes the Pochhammer symbol. Therefore,
function A can also be expanded, through (A.3), as

X (g/2
hg@)= Y. (i—,)k (20 = 1) + (12012 = 1)* = (I2wew 12 - 1 - (lzvewl? - 1)*], (A4)

zeR?. With the help of the known binomial theorem, the expressions (lal%-1)%, a € {z, 20, zuev, Zvewh
k € N, can also be expanded as

k
(lal® - 1)F = Z( )(—1)l||a||2(k‘”,
=0

and hence (A.4) is then written as

k
hg(2) = Z &2 Z(l)(—l)lhz(k,l)(z), zeR%. (A5)
=0

Applying this time the multinomial theorem, the expressions |a (12t ,a€{z,2y,2y 1,2p,w}, can be expanded
furthermore as
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d
(E Zz?) =) Alty,tg,....tq), (A.62)
i=1 t1+to++tg=t
m+1
lzy 1 = z; ) ZA(tz,ts, stm+1), (A.6b)
=2 to+tz++tme1=t
m+1
lzugoll® = z?) Y Alt1,te,.. tma1), (A.60)
=1 t1+to+-+tme1=t
2t A
”211,93141" = Z ZA(t27t3, 7 7 (A6d)
i=2 to+itg+-+iqg=t
where \ o 9 o
N — t! ta 2ta+1 2%
Aty);_, =Alta ta+1,---5tp) = Taltari Tl tb'za z2, ey (A.7)

for a,b=1,2,...,t. However, (A.6a), (A.6¢), and (A.6d) can be splitted as

12128 =) At + ) Alta,ts,....t))+ ) Alt1,ta,...,tq)
t1=t to+ig+-+ig=t t1+to+-+tg=t

(t2:"':td:0) (t1=0) 8:2:t-~+td<t

—Z%t‘F ||zv||2t+ZA(tm+2,tm+3...,td)+ZA(t2,t3,...,td) +ZA(t1,t2,...,td), (A.8a)

tm+2+tm+3--+tg=t tot+tg+--+tg=t ti+tot+--+tg=t
PO —" =0 0<tg+-+tm+1<t O<ti<t
(t2=t2 m+1=0) 0<tmagt-tig<t O<tot++tg<t
lzueull® = 2y A ) (A.8b)
Zuev 21 Ptllzl® + 11,2,.. ., tm+1), .
t1+to+-+tm+1=t
O<ti<t
O<tg+-+tm+1<t
2=z )®+) A A A8
lzvew ™ =llzul™ + Em+2:tm+8s---5tg) + (t2,83,..-,tq), (A.8c¢)
tmi2++ig=t to+tg+--+tg=t
(tI:...:tm+1:0) O<tg+tg+-+tpm+1<t

O<tpmig+--+tg<t

respectively. We note here that the multi-index inequalities in the above summations has to be considered
as “union” rather than as ”intersection”. For example,

Y Flt1,ta,sta) = Y f(t1,te,st )+ Y [t t2,e Ea), (A.9)
t1+ig+-+ig=t t1t+ig+-+tg=t t1+io+-+tg=t

(ineq. 1) (ineq. 1) (ineq. 2)

(ineq. 2)

for an arbitrary expression f of d indices ¢1,%9,...,t45 € IN. By substitution of (A.8a)-(A.8¢c) into (A.2) we
derive that
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hot(z) = ZA(tl,t2,...,td)—ZA(tl,tg,...,tm+1)

t1+tot-+tg=t t1+to+-+ime1=t
O<ti<t O<ti<t
O<to+tz+-+tqg<t 0<tg+tg+-+tm+1<t

= ZA(tl,t2,...,tm+1)+ZA(t1,t2,...,td) —ZA(tl,tg,...,tm+1)=ZA(t1,t2,...,td),

t1+tg+-t+tm+1=t t1tigte+tg=t tittott+tme1=t tit+tot+--+tg=t
O<ti<t O<ti<t O<ti<t 0<ti<t
0<to+tg+-+tm+1<t O<to+tsz+-+tqg<t 0<tg+itg+-+tm+1<t O<to+itz+-+tqg<t
(tme2=-=t4=0) O0<tmigt-+tg<t 0<tmiot+-+tg<t

with z € ]Rd, and hence, through (A.7),

! 2ty 2t 2t d
hzt(Z) Zmz 1222 "de, zeR%. (A10)
t1+ig+-+ig=t
0<ti<t

0<tpig+-+tg<t

Therefore, the series expansion of h4(2) is obtained by substitution of (A.10) to (A.5), i.e.

[es) k
/2 !
hez)= ) B2 ( )( 'y Dl ik gt 2z eRY (A.11)
k=0 o j=o‘l 1'al-
t1+tgt+tg= k l
O<ti<k-1

O<tpmig+-+tg<k-l
Eventually, the requested transfer entropy as in (A.1) adopts the form
_ Ci09 HE (g/2)k 1 (k=D 2t 2t 2t
TEW_,U‘V—logC—TUf Z Z &) Z En e 2150 2 de, (A12)
RY?

where C := C4C™/(C1*™C™*") and Ts_l is considered to be the set of indices, according to the description
in (A.9), as stated in Lemma 6.1.

By switching subsequently to hyperspherical coordinates the multiple integral in (A.12) can be solved,
and hence the transfer entropy can finally derived through series expansions. Recall that the known
hyperspherical transformation H : $; — Rd, where S := Ry x [O,H)d_2 x [0,2m) such that

H
Sa3(0,01,902,-..,9q-1) — (21,22,...,29) € RY,

is given by
z1 = pcosei, (A.13a)
z; = psingysingy---sin@;_1cos@;, (=2,3,...,d -1, (A.13b)
zq = psingysingg---singq_gsingy_1, (A.13¢)

where p e Ry, ¢1,99,...,9045-9 €[0,7), and ¢z_1 €[0,2n). It is hold that ||z||2 = z% +zg e +z(21 = p2,

z € R?, while the volume element dz = dzjdzg---dzg of the d-dimensional Euclidean space is given in
hyperspherical coordinates as

d-2
dz =J(H)dpdgy, @2, dpg_1 =p? " ( [] sin?~%-1 ‘Pk) dpdei---dog-1, (A.14)
k=1
where J(H) is the Jacobian determinant of the transformation H, i.e.
0
J(H) := |det M = pd*1 sin? 2 ¥1 sin? ™3 @2---sin@g_g. (A.15)

00, 91,---,94-1)
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Firstly, from (A.13a)-(A.13c) it holds that

2t1 2t 2tq 2k=1) [ s 2(t2+-+t 2t Atg+-+t 2t
22 1222 2 :p( )[Sm(z q)<p1cos 1 (t3 ) 2

2tqd-2

(2 coS

2td-1

o] [sn ]

- 2tg-1+t .21,
[sm (tg-1+ d)(pq_gcos <Pd—2] [sm d¢pq-1cos ‘Pd—l]

d-1
2(k-1) H Sin2(t[+1 +-"+td)
/=1

=p pecos®C g, zeRY,

with ¢; € ]N , i =12,...,d, such that t; +t9+---+t45 = £ — [, and multiplying the hyperspherically
transformed volume element in (A.14) to the above product, we obtain

d-1
2t1 2t 2t - - .
2] eyt d dz = p2k—D+d—1 [Hl sin™ gy cos?tl ¢,, zeRY, (A.16)

where 79 :=2(tp11 +tpio+--+tg)+d—-¢-1,¢=1,2,...,d-1.

Applying finally then the hyperspherical transformation (A.13a)-(A.13c) to the multiple integral in
(A.12) it is transformed, through (A.16), as in (6.1). O

B

Proof of Theorem 6.2. The transfer entropy from (6.3) can be fully calculated through the calculation of
the three multiple integrals (6.2a), (6.2b) and (6.2c).

In particular, the single definite integral in (6.2a) implies, through the appropriate transformation, an
expression of the known gamma function, while the definite integrals Jy, £ =1,2,...,d — 1, in (6.2b) and
(6.2¢), can be calculated using the following indefinite trigonometric integrals, [32, pp. 152-153], i.e.

fsian)cosz" do =

sin™ 1y ) on1 +n_1(2n—1)(2n—3)-~-(2n—2k+1)cosz(”_k)_1(p
2n+71 ¢ i @2n+1-2)2n+1-4)---2n+1-2F)

@n- 1! L,
(2n+r)(2n+r—2)-~(r+2)fSln ¢dp, nelN, TeR\{-2,-4,...,-2n}, (B.D)
and

;- 2n _ 1 (-1)" 2n)\ (- l)ks1n(2(n k)p)

fsm pde = 92n ( ] 22n T Z( ) 20 —F) , (B.2a)
k
. on+l _ (=t 1)n+1 (2n+1)(—1) cos (2(n— k) + )

fsm pdp = TgZn kzo k 2Rl s (B.2b)

Applying the transformation r = r(p) := g_lpg, p € Ry, which yields dr = pd_ldp, integral (6.2a) is
calculated as
+ 2k-D+d _; [+00 2Ak-D+d—g
0 0

2k=Dtd | [+00 ;. 2k-D+d 2h=D+d _ _
1[ r 1+ g e_rdr:g g IF(M). (B.3)
0

=g g z
As far as the trigonometric integrals, as in (6.2b) and (6.2c), are concerned, we note that due to the fact
that the power values 74, £ =1,2,...,d — 1, can be either odd or even numbers, they have an influence on
the corresponding integration, as (B.1) needs the calculation of [sin™ ¢,d¢g,, which is given through
(B.2a) or (B.2a). Therefore, the product of J, in (6.1) has to be splitted in odd and even parts in order
the right form of (B.2a) or (B.2a) can be used. In particular, the following product-splits are adopted:
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e Cased:=2s+1,se€IN: Equivalently m,n € IN being both odd or even numbers. It holds that

d-1:=2s 21 a1
[1Je=ds - Jos_1)Jady- - Jas—2)as = | [] Jacs1 || [] J2¢|Ja-1, (B.4)
=1 /=0 =1

while the power values 79p11 =2(f9p10+t2p13+ - +tg)+d—2¢,¢=0,1,...,(d —1)/2—1, are all then odd
numbers (recall the definition of ¢y, ¢ =1,2,...,d — 1, in (A.16)). Thus, integrals Jo,,1, ¢ =0,1,...,(d -
1)/2 -1, as in (6.2b), are then calculated through (B.1) and (B.2b), i.e.

T

. 2t
Jor41 = U sin"204+1 g1 cos™ 2 gy 1 dgoriy
p20+1=0

(2t9p11 - D! [f sin"20+1 gy q dw21+1]
-0 P20+1=0

+
(2t20+1 +720+1) (22011 + T204+1—2) -+ (Top41 +2)

(D)2t V2985, 4 - 1) Ry (72“1

2720417228901 + T9p41)(2t2041 +T2041 —2) -+ (Top41 +2) joo T2e+1T 2\

), (B.5)

for ¢=0,1,...,(d—-1)/2—1. Moreover, as 79y, ¢ =1,2,...,(d—1)/2—1, and 74_1 are even number, integrals
Jg—1 as in (6.2b), and Jop, £ =1,2,...,(d —1)/2 -1, as in (6.2¢), are then calculated through (B.1) and
(B.2a), i.e.

- 2n
\ 2n (2tg_1 - D[ sin"d-1 pg_1dgg_ U 120
Jg 1= fsian*1 _qcos?td-1g, 1 dgy_ ] = -1
- a1 e B Y P ey W R CFWET
2tg_1— D! Td-1
- — UC D ) ( /2),and (B.6)
2Td-171 2t g 1 +79-1)2tg_1+749-1—-2)-(Tg_1+2)\Td-1
T (2tgp — ! T2¢
Jop = fsinT” cosZter d = ( ), B.7)
20 Doy P20 AP2yp =0 2725(2t25+‘[25)'--(‘[25+2) 12[/2

for ¢ =1,2,...,(d —3)/2. Thus, by substitution of (B.5)—-(B.7) into (B.4), we derive that Hd 1g ¢ =Pg, with
P, as in (6. 4) where Ry, k € IN, as in (6.6). Note that the last equality in (6.6) holds from the fact that
r2)p =r(r-2)r—4)---(r-2k + 2)/(rk), re R, k € IN, and hence the product (2n +1)2n+7-2)--- (7 +2)
as appeared in (B.1) can be written, in a more compact form, as (2"”] @2n+1)".

e Case d :=2s,s€IN: Equivalently m,n € IN not being both odd or even numbers simultaneously.
It holds that

d-1:=2s-1 - g-1
[1Jr=1d3 - Jas-3)2s-1(Jady - JI2s-2) = ( 1 J2[+1)Jd 1( [1 Jzz), (B.8)
/=1
while the power values t9p,1 =2(¢9p49 +topi3+ - +tg)+d -2¢,¢=0,1,...,d/2-1, correspond then to
even numbers. Thus, integrals Joy,1, £ =0,1,...,d/2—-1, as in (6.2b), are then calculated through (B.1)
and (B.2b), i.e.

2n
Jg-1 = fSinrd‘l<Pd—1COS2td‘1<Pd—1d<Pd—1
¢@d-1=0
2tg_1— D! Td-1
- — ™2tq-1-1) ( /2), and (B.9)
27d-1 (2td_1+‘[d_1)(2td_1+‘rd_1—2)~--(Td_1+2) Td-1
T
Jor+1 = fsinm"l P20+1€0522 L o0 1 Ao

P20+1=0

T[(2t2[+1 - T20+1 )

, ¢=0,1,...,%-2. (B.10)
2720412t 9041 +T20+1)( 22011 + T2041-2)* (T2041 +2) (T2€+1/2 ?
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Moreover, as 194, ¢ =1,2,...,d/2 -1, are odd numbers, integrals Joy, £ =1,2,...,d/2-1, as in (6.2b), are
then calculated through (B.1) and (B.2b), i.e.

x (—1)(72?+1)/2(2t25—1)!! (12/71—1)/%_1)]- (Tzz

©20=0 2720=2(2t9p +Tgp) - (Top +2) jour T20=2j\ j

Jog = [f sin"2¢ g, cos?t2r @20 dpay ), (B.11)

for (=1,2,..., % — 1. Thus, by substitution of (B.9)—(B.11) into (B.8), we derive that H‘[i;ll Jo =Py, with
P, asin (6.5).

Therefore, by substitution of (6.2a), and ]'[‘[i:_l1 Jy with Py (for d odd as in (6.4), or for d even as in (6.5))
into (6.1), and then using (4.4), the requested transfer entropy is eventually derived in (6.3) as a series
expansion form.

O
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