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Summary

In the realm of physics, causality remains an enigmatic and debated concept. Though numer-
ous measures of causality have been proposed, including Causal Influence [1], Liam’s causality
2], Pearl’s average causal effect [3], Granger’s causality [4], and Transfer entropy [5], a unified
consensus on its nature and measurement has yet to be reached.

This thesis focuses on transfer entropy, a model-free metric introduced by Thomas Schreiber,
with widespread applications across many disciplines. Notably, transfer entropy has been
used in fields like neuroscience ([6], [7]), finance ([8], [9]), and the study of complex systems

([10], [r1]).

Our aim is to provide a comprehensive understanding of transfer entropy and explore its
application to quantum circuits. We investigate how transfer entropy behaves when data
originates from quantum processes, focusing particularly on spin measurements, different
initial states, and different channels.

To achieve this, we developed a program ([12]) that can simulate classical and quantum
measurements of two interacting observables and calculate the transfer entropy from the
obtained time series. For the quantum case, we derive an analytical formula for transfer
entropy in our specific setup, enabling us to study its properties and calculate its value without
relying on simulation.
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Chapter 1

Transfer entropy: definition and
properties.

1.1 Information Theory

Information theory is the mathematical study of the quantification, storage, and communi-
cation of information. The key measure in information theory is entropy: It quantifies the
amount of uncertainty involved in the value of a random variable or the outcome of a random
process. It is the building block of many important information theory quantities, which
we are going to use extensively in this thesis. For an exhaustive explanation of entropy and
entropy related quantities, and how they are linked to quantum information, we refer to the
following review [13]. The most commonly used measure of entropy was proposed by Shannon
in his renowned article [14]:

Definition 1.1.1. The entropy H of a variable X is defined as:

H(X) = — E;(p(w) log p(), (L.1)

where p(x) is a discrete probability distribution of values x of X.

In the following we report basic properties of Shannon’s entropy H:
o [t is non-negative.
e H(X) is a continuous function of X.
o H(X) is a symmetric function of its arguments.

For two variables X and Y, the entropy of the joint system is H(X,Y).

We can derive another key quantity, conditional entropy: it quantifies the amount of informa-
tion needed to describe the outcome of a random variable X given that the value of another
random variable Y is known.
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Definition 1.1.2. The conditional entropy of X conditioned on'Y is

p\r,y

HXY)=— Y ploy)los ™29 — gix,y) - m(y), (12)
zeX,yeY p(y)

We list some properties of the above-mentioned quantities:

o Entropy and conditional entropy are both non-negative, as it can be immediately seen,
since the logarithm is always negative for arguments less than 1.

o If X and Y are two independent random variables, we have H(X|Y) = H(X), due to
the factorization of the probability: p(z,y) = p(x)p(y), the formula for the conditional
entropy Eq. ( 1.2) reduces to the one of the Shannon entropy.

o The maximal entropy of a variable that can take n values is logn and it is reached when
the probability distribution is uniform.

Most of the important quantities in information theory are described with entropy measures.
We introduce the Kullback-Leibler Divergence, also called relative entropy. It is a quantity
used as "distance" between two probability distributions. Let us imagine that a variable has
a probability distribution (), while the real distribution is P. Kullback-Leibler Divergence
is a measure that tells us how wrong we are with our assumption. It is often related to the
storing and processing of information,which are key concepts in this thesis.

Definition 1.1.3 (Kullback-Leibler Divergence). Given two probability distributions p(x) and
q(z) of values of X :

Drr(p(@)lla(e)) = 3 p(a) log 2 (1.3)

zeX Q(iﬂ)

To show that the Kullback-Leibler divergence can represent a distance between probability
distributions, we prove that it is always non-negative.

Property 1.1.1. Considering P and QQ as probability distributions for the observable X,
Drr(PllQ) >0 VP,Q (1.4)
Proof. To prove the above mentioned property, we will use the following inequality

—logx > 1 —x.

Starting from Eq. ( 1.3)

S pla)log 29 — 3 pa (—log z)>>z (-qm)

rxeX (I) reX reX p(ll')

Using the property of probability distributions > cx p(x) = 1,

3 (o) (1—)) S pe) - Y ae) =1- Y qfa)

reX xeX reX reX
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note that non-negativity is obtained when 1 — Y . ¢(z) > 0, meaning that it is verified for
all @ that represent a probability distribution (3 ,cx ¢(z) = 1) but also for non-normalized
probability distributions with the constrain that > ,cx ¢(x) < 1. O

Kullback-Leibler divergence fails as a metric in the usual sense, because it is asymmetric. The
asymmetry comes from the fact that we assume one distribution to be the true one, in this
case P, since the expectation value is calculated with respect to P. We are calculating the
distance of our assumed distribution from the "true" distribution of the variable. For a more
detailed explanation, see [15].

To represent and quantify the information shared by two variables, mutual information is
often used.

Definition 1.1.4 (Mutual Information). The mutual information between two variables is

defined as:

I(X:Y)= ;Yp(x,y)logm:H(X)—l—H(Y)—H(X,Y), (1.5)

When we desire to measure the information shared between two systems, after knowing the
value of a third additional variable, we use the conditional mutual information:

Definition 1.1.5 (Conditional mutual information). The conditional mutual informationbe-
tween two variables X and Y, considering an additional variable Z, is defined as:

[(X:Y|Z) = Xg; Zp(x,y,z)logm:H(X|Z)—H(X\Y,Z). (1.6)

A convenient and immediate way to visualize entropy quantities is to use Venn diagrams,
as we show in Fig. 1.1 Mutual information Eq. ( 1.5) and conditional mutual information
Eq. ( 1.6) can be written as Kullback-Leibler divergences, thus inheriting non-negativity:

I(X :Y) = Drr(p(X,Y)|[p(X)p(Y)).

Mutual information is equal to the distance between the joint probability distribution of
variables X and Y, p(X,Y), and the joint probability distribution assuming that the variables
are independent, p(X)p(Y).

I(X :Y[Z) = Dgo(p(X, Y, 2)||p(X|Z2)p(Y|Z)p(Z)), (1.7)

with the same meaning as before, after knowing the value of variable Z.

Mutual Information and conditional mutual information are symmetric with respect to X
and Y.

Property 1.1.2. The conditional mutual information is upper bounded by the conditional
entropy
I(X:Y|Z2) < HX|Z). (1.8)

3
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Figure 1.1: Venn diagrams for entropy, conditional entropy and mutual information.

This is clear from the Venn diagram representation shown in Fig. 1.1.

Property 1.1.3. The conditional entropy of X conditioned on'Y wvanishes if and only if there
exists an analytical function such that X = f(Y):

H(X|Y)=0 < 3f: f(Y)=X. (1.9)

Proof. f(y) = x can be interpreted with probability distributions as: for all xy such that
p(xo) > 0 there exist a unique yo such that p(yo|xe) = 1.
First we prove the "=" relation. Assuming conditional mutual information to be zero:

H(XY)==>_> ply)p(zly)logp(z|y) = 0.

rzeX yeY

Since every summand is non-negative, for the conditional mutual information to vanish each
of them must be zero. Imposing this condition, we obtain:

p(y) > 0= p(z|y)logp(z|y) = 0.

One has tlogt =0 <= t € {0, 1}, and the properties of probability distribution assure that
> zex P(zly) = 1, so for each y in the conditional mutual information summation there exists
one and only one z s.t. p(z|y) = 1. When this happens we can conclude that z = f(y). To
extend the property to the whole system we notice that:

1 z=f(y)

p(z) > 0= p(ylz) =d(x — f(y)) = {0 v 4 1(y)

where ¢ is the Kronecker-delta.
We claim that X = f(Y) with probability 1.
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Whenever p(z) > 0:

P(X = f(Y))=E[0(z — f(y))]
= > > plx,y)s(x - f(y)

yeY zeX

= plx) > ply)o(z — f(y))

yEY IeX

23 pa) Y plaly)

yEY IeX

yeY zeX

where in the a) step, we reduce the summation over all x = f(y), and we saw previously that
when H(X|Y') =0 for every p(y) # 0 there exists a unique x that satisfies this condition. To
prove the "<" we assume that there exists f : X = f(Y'). This means that each z € X is a
function of an y € Y, obtaining: p(x|y) = 6(z — f(y)). The conditional entropy thus becomes:

HXY)==> > py) (y))logd(z — f(y)) = 0.

zeX yeY

Because § € {0,1} and tlogt =0 <= t € {0,1}. O

1.2 Definition of transfer entropy

To define the transfer entropy, we have to start by Granger’s definition of causality [4].

Definition 1.2.1 (Granger null causality principle). Given two variables X and Y , when
past observations of Y do not influence our ability to predict X, then there is no causation
effects from'Y to X. This can be summarized as a probability distribution:

P(regr|me, oy ) = P(Teg1 | Tty ooy Tompey Yty oy Yei) (1.10)
for arbitrary k and [.

Transfer entropy is a measure, defined by Thomas Schreiber [5], originated from the need to
quantify Granger causality. In order to define properly the transfer entropy, we will set up
the environment and notation we are going to be working with.

1.2.1 Environment and Notation

We are considering two variables that evolve in time, X and Y, representing our information
about object /system /state and X;,Y; constitute measurements/realizations of said systems
at time t. X;,Y; will be referred as variables which represent points in space-time.

A very convenient representation, shown in Fig. 1.2, is a graph where the nodes are space-time
points and the arrows the information flow between variables. The highlighted points are
the conditioned ones (it will make more sense when we define the transfer entropy), the blue
hatched ones are sources of information flow, the red one is the target.

5
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Figure 1.2: Example of the notation used to represent two systems

Conditioned

@ (xu) (%) .
. Target
O Source

XX

Information
We will represent a set of multiple variables in the following way:

Flow

Notation

o aF ={x; p,..., 24 1,7} represents the set of variables of system X from time ¢ — k to
t so that p(zF) = p(xs_x, ..., 241, 2¢) is the joint distribution of the variables
o We define 20 = 2,, z;' =10

o Note that {z;,q, 2F} = 2}

o When a parameter of the system is left unchanged, or it does not influence the calculation,
it will not be appearing when explicating the argument of functions.

1.2.2 Definition

Now we are ready to present the definition of the transfer entropy:

Definition 1.2.2 (Transfer entropy). The incorrectness of the assumption made by Granger
to define causality in Def. 1.2.1 can be quantified with:

Touy |2k, o)
Tyox(t+1LkD)= Y p(xt+1,xf,yi)10gw
STy p(Tey1]2y)

(1.11)

It is said that is a non-linear generalization of Granger causality, because it is zero when
Granger non-causality condition (Def. 1.2.1) is true, and it is shown to be equivalent to
Granger causality when the variables are Gaussian distributed in the following paper [16].
Transfer entropy is a measure proposed to determine information flow between two systems.
Specifically, it measures how useful are the y! variables to predict the value of x;,; given that
x¥ are known. The variables y! assume the role of the considered source of information flow,
7,1 the target of such flow and z¥ are the target’s past. In the following we will assume that

there is causal influence if and only if the transfer entropy is positive.

1.2.3 Properties

Transfer entropy can be written as a particular conditional mutual information, inheriting
the previously discussed properties

Ty x(t+ 1,k 1) = I( Xy : YHXF) (1.12)

6
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just by noticing that p(z,1, yilaf)/p(ytlef) = p(xialyl, =F)
A brief recap of the previously presented properties of conditional mutual information:

o Ty_.x > 0 transfer entropy is non-negative.

o Ty_x(t+1,k,1) < H(X;,1|XF) transfer entropy is bounded by conditional entropy of
the target variable and its past.

Dependence on the 1 parameter

We can start to look into the properties of transfer entropy by asking how its value changes
when an additional source is considered in our calculation. For this purpose we examine the
quantity:

Ty x(I+1) =Ty x(1).

obtaining the behaviour of transfer entropy in function of [.

Property 1.2.1. The difference between transfer entropy for two consequent | can be written
as a Kullback-Leibler divergence

Tyox(l+1) = Ty x(1) = Drplp(@es, oF, yr ) (@l o, vo)p(ay, vilve- aa0)pWe-r1))]
(1.13)

This property can be interpreted as follows: adding a new source to the transfer entropy
influences it for an amount that is the measure of difference between two probability distri-
butions, one obtained considering the variables :vfill dependent from the new source y;_ (41
(the probability distribution as a first argument in the Kullback-Leibler divergence) and the
second one obtained considering the z, variable dependent on (zF,y!) but independent from
the last introduced source y;—(11) while the set of variables (zf,y!) depends on it.

Proof. We start by rewriting explicitly the transfer entropy formula in Eq. ( 1.11) for Ty, x (I+
1) = Ty x(l) and we obtain:

p(xtﬂ‘xfa Z/fs)
(i ’xf)

I+1

ko L+l
P\Tt41|T¢, Y

3" plaee, byt log (el - )—Zp(fﬂm,ﬂff’yi)log
I+1 p('rtJrl’xt)

1
Yy Yt

We now use the marginal probability formula p(z,41, 2}, y;) = %, wony P(Tea1, oF yit) and
separate the summation

p(win oy, yit (e |7%, )
Z Z (@i, 2y, g ) log s Z Z p(zrer, zf, 47 lo g+—tkt,
yb Ye—(41) p($t+1|$ yb Ye—(+1) p(l’t+1|mt)

the sum over all variable that are not y,_(41) is equal for both terms, so it can be collected,
together with the full probability distribution,

l+1)

Tip1| Ty, Y Tpp|2F, 4l
S5 plan, ) (log A o Pl
yb Yt—(+1) p(It+1|ZL’t) p(xt+1|xt)
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and using logarithm’s properties,

I+1 (T4 |$i€7 yé“)p(ﬂﬁtﬂ |I?)
Z > p(wer, zf,y ) log - e
Yyl Ye—(i+1) p(@epa|zf) (e |2y, yt)

l+1) k l+1) _

After simplifying p(z¢1]|2F), we use Bayes theorem to rewrite the probabilities p(z; 1|2, yi T )p(xF, v,

p(241, 2, yi™) and we obtain:

ko, l+1

1+1 p($t+17$t7yt )
p(zer, 2y, y ) log

yiz:-i-l . p(xtillmf,yi)p(xt,yfrl)

We rewrite the probability in the denominator in a more significant way, using Bayes theorem,
to get the formula

ko l+1
P\ Zey1, Ty,
E:p l’t+1,l’t,yi+1)log (T, 28,y )

= (@ |zf, yhp(@f, yilye— a0 P(Ye— 1))

Ye

We can recognise the form of a Kullback-Leibler divergence. The only thing that remains to
be proven is that the denominator of the log is indeed a probability distribution, i.e. it sums
to 1:

ST p(@e |z, y)p(F vhlye-as0)pWi-aan) = Do p(@ea|eb,v) DL plaf,yith)

yi+1 yi Yt—(1+1)

:Zp(xt—l-lleuyt Z p xt? l+1 :Zp(‘rt+17xf7yil€) =1

yi Yt—(141)

Where we just used the previously mentioned Bayes theorem and marginal probability
distribution formula. Now we can say that indeed the quantity that we found can be written
as a Kullback-Leibler divergence, proving the property. O

Keeping in mind property 1.2.1, and naming
D(l + 1) = DKL[ (xt-l—l? xt ) yi+1)||p($t+1|l’f, yi)p(l‘f, yzltlyt—(l-i-l))p(yt—(l-i-l))]7
transfer entropy can be reformulated as:
Ty x(1) =D()+ Ty x(I—1).

We notice that Ty_,x(—1) = 0, where [ = —1 means that we consider no source (see the
notation). Transfer entropy can finally be written as:

Ty_x(l) = Z:D(i). (1.14)

The above mentioned Eq. ( 1.14), displays two behaviours of the transfer entropy:

o Transfer entropy is monotonically increasing as a function of [, since Dy > 0, from the
properties of Kullback-Leibler divergence

e Since D(I) =Ty x(I) — Ty x(I — 1), this quantity can be considered as a measure of
the strength of information flow due to a specific source (it could be used to model our
system more efficiently or to gain more insight about the dynamics)
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Transfer entropy’s bound

Transfer entropy can be written as a conditional mutual information, and from property 1.1.2
we can write

Property 1.2.2. Transfer entropy is bounded by the conditional entropy of Xy11 and its own
past X}

Ty x(t+ 1,k 1) < H(X 1| XF) (1.15)

To better understand what happens when we consider an additional variable in the past of
the target in our calculation, we start by studying how the upper bound varies in function of
parameter k. We analyze the difference between two conditional entropies

Property 1.2.3. The difference between two conditional entropies that variate for a condi-
tioned variable X;_(41):

H(Xt+1|Xf+1) - H(Xt+1|Xf) = _TXz—(k+1)—>X(k) (116)
Proof. We start by considering the difference of the two conditional entropies:
H(XtJrl‘thH) - H(Xtﬂ‘th) =

k+1 k

k+1 (i1, v) k p(Teq1, 7))
- - p Ti41, T )1 O —— 717 + p($t+1,l‘ )logi
2,2 oA 2 bl mi)log =y

) P, P(Zer1, )
=-=> > p(ze4r, 2 log t+k+1t +> > p(xes, @) 1)1gt+7kt

To—(k+1) p(z; o 1) p(zy)
k+1 k
) Z Z /C+1 ( p($t+1,$t ) p<xt+17$t)>
=- P(Teqr,277) | log —log
Tt—(k+1) p(xf—H) p(l'f)

)
~

= = plag, a1 (e, 7 )p(a)
p(ﬂffﬂ)p(ﬂ?tﬂ,asf)
= > p(w1, 21+ o P(@e1 ]2}, Tem(er)

P11 |l"f)

|| &

('b
~

- _TXt—(kH)—’X(k)‘

a) marginal probability property was used, p(zy41, 7¥) = Y e (g1, 28T

b) the term 3%, . P41, 251 was collected

)
)
c) we applied the property for the difference of logarithms
d) we used Bayes theorem

)

e) we apply the definition of transfer entropy noticing that z;_(;11) has the role of source
in the formulation.

]
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Tx,x(-1)

DIONOY

Figure 1.3: Scheme of sum terms in the bound Eq. 1.17

Corollary 1.2.0.1. The bound of transfer entropy can be rewritten recursively using prop-
erty 1.2.3 as:

k
H(Xpn | X)) = H(Xp1) = D Txiox (i = 1) (1.17)
=0

The term H(X;.1) denotes the entropy of the target variable (system X observed at time
t+1), it represents the uncertainty of X, ;: It can also be seen as the space in X, to receive
information. Indeed the more information it receives the less uncertain it becomes. The terms
in the sum are fluxes of information from a single source variable in its own past, given that
all the following variables are known (i.e. conditioned on) as represented in Fig. 1.3. The
bound of the transfer entropy the maximal information that a system Y can send to a system
X, is the actual information that the target variable can receive, minus all the information it
receives from it is past.

1.2.4 Transfer entropy bound saturation
We aim to find the probability distribution that maximizes transfer entropy.

Theorem 1.2.1. Transfer entropy is equal to its bound, Eq. 1.15, when system X is obtained
by a deterministic process from (XF,Y}), i.e. Xyy1 is an analytic function of (XF,Y}). Which
means:

P(wesr, 7, 4p) = Dl 4r).
Proof. We equate the transfer entropy to its bound:
Tyox (k1) = H(Xea] XF)

Toyp |2k, oyl Lo, 2F
PN ICHERE N log 2zl ) _ S p(ae, af) log PEtr171)

P($t+1|$f) P(xf)
k l k k
ko1 p<xt+17 Ty, yt)p(xt) k p($t+1> 37,:)
p<xt+1)x 7y)10g = - p(xt-i-lﬂx )10 B\
2P, T Y08 e e gy P T e T

k 0 k k
P\T41, ¢, Y P\ Tt41, T P(Tig1, T
Zp@t-ﬁ-l?xf»yi) <log ( tHk L) — log ( Hlk t>> - _Zp(xtﬂ,xf)log(th)

p(xt ) ?let) p(xt ) p(xt )
kol k k
ko1 P(Tep1, 27, y;) kol p(Tig1, 7)) k (T4, 77)
p(iv 1, ,y)log—— p($ 1, ay)IOgiz_ p(x 1:55)10?;7
2 pl@yy) log = G e = D (e aiy) g T R = = plana, m)log =
kol
ko1 P(xt+1737t7yt)
p(wep1, 2/, y;) log ———F—7-- =0
2. P(@e1, 375 4) p(xf, yh)

Since p(zi11,2F,yl) > 0 and we assume that there is at least one set of value for which
p(ze1, 2, y!) > 0, (otherwise we would obtain 0 = 0, and in this case the theorem is trivially

10
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verified), for the sum to vanish we need to have p(zyy 1,25, y!) = p(aF,yl). Meaning that
re1 = f(xf,y;), because

Pz, zf,yp) = p(af, up)
P($t+1, xf, ?Jé)
p(zf, yt)
p(zelzy,yp) = 1.

=1

The last equation exactly means that z;,; = f(2F,y!). (It was further explained in the proof
of property 1.1.3) O

We now know that deterministic processes saturate the transfer entropy. But as we have
seen in Eq. ( 1.17), the bound of the transfer entropy is still dependent on the k parameter:
the known history of our target variable. We may want to know which processes realize the
transfer entropy to be equal to its bound and the bound to be maximal. We recall that
conditional entropy is maximized by:

H(X|Y)< H(X) H(X|Y)=H(X) < P(X,Y)=P(X)P(Y).

Then it is easy to formulate that transfer entropy is maximised when both of the required
conditions happen:

Tiy1 = f(l“f’yi) A p($t+17$f) = p(ﬂft+1)p($f),

which is true, but does not give any insight in the processes that leads to a maximal transfer
entropy. We present an interesting example found in the book [17] to clarify the problem.

Example 1.2.1. Consider two observables, X € {—1,1} and Y € {—1,1}. Suppose their
initial value is random and then they evolve through the following dynamics:

1+4c
2
1—c

—Yi1  with probability =<

Y. ith babilit
Y — v, Xt:{tl with probability

Where X, is equal to Y;_; with probability p = % or equal to —Y;_; with probability 1 — p.

Parameter ¢ € [—1, 1]. Since the evolution of X is not a deterministic function we can already
expect that transfer entropy will not be maximal. We are interested in studying how the
transfer entropy varies in function of & (In reference text it is also reported in function of ¢).
Just by looking at the dynamics one could naively infer that:

e X = f(Y), where f is not a deterministic, analytical function.

e X only depend on Y: it is independent on its past.

11
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Figure 1.4: Transfer entropy varying in function of ¢ and k for the dynamic of Ex. 1.2.1

However when we compute the transfer entropy varying ¢ and k we obtain the result in
Fig. 1.4. We can observe that, when k increases, transfer entropy decreases, and goes to 0
when k — oo. It could imply that the bound of the transfer entropy are still dependent on k,
i.,e. X is dependent on its past: it receives a nonzero flow of information each time the system
is conditioned to an additional past variable. This is not immediately clear just by looking
at the dynamics. This effect is due to the stored information about Y in X’s past. Indeed,
since Y evolves deterministically, once one value is known the full series is given. Having the
information about infinite variables in the past of X let us infer the value of Y, making it
useless in the prediction of X, ;. There is a flow of information from X’s past to X about
the source of causality Y.

We conclude that a description of the dynamic that lead to a maximal transfer entropy rather
than a description of the probability distributions of the system is preferable.

Theorem 1.2.2. Transfer entropy is fully mazimized, i.e. it is equal to its maximized bound
Ty x(k, 1) = H(X¢11)

when:
1. X1 = f(Y), the target variable Xyy1 is an analytic function of variables of system Y .
2. f 1is constant with respect to variables of system X.
8. p(Y)=p(Y)p(Y/Y]): Y! set is independent from its past.
4. The domain of X1 = f(Y) is disjoint from the domain of any other X;, Vt.
Proof. From theorem 1.2.1 we know that transfer entropy is equal to its bound when X, =

f(XF Y}!). During the proof we will assume that X;,; = f(XF,Y}). In order to obtain the
maximum bound, it is required for the conditional entropy H(X;,1|XF) to be maximal, which

12



Chapter 1. Transfer entropy: definition and properties.

happens when the two systems are independent: p(x;i1,2F) = p(xsy1)p(aF). Firstly we will
show that if two variables are independent than they are not function of each other, meaning
that X, .1 = f(XF,Y}) = f(YF). Let us proceed for absurd, and suppose that two systems,
A and B are independent and there exists a function between two elements a € A, b € B s.t.
a = f(b). Then we have:

— p(alb) = pp R = p(a)

pla) =1

Y

where in step 1) we used the hypothesis of independence. p(a) = 1 means that the only
possible result of a realization of system A is a; which means that any function with domain
in B and co-domain in A has value a. Those function can be either constant or independent
from B. Proceeding with the proof, we will consider X;; = f(Y}).

Firstly it is useful to prove a property of conditioned probability distribution for functions.
Let A and B be two systems and a € A and suppose a; = f(B) and ay = g(B), where f
and g are two analytical functions, (All the system B is in the argument, because it does not
matter from which elements of B the functions depend on).

plar,as|B) =1, p(ar|B) =1, plag|B) =1 = plar, az|B) = p(a1| B)p(as| B).

The probability distributions of distinct variables, obtained from deterministic functions,
conditioned on their variables are independent.

We will now prove that for the process with the properties described in the enunciation of the
theorem, p(x;11,2F) = p(z441)p(z¥), making the conditional entropy maximal. Our objective
is to decompose the three probability distributions that form the conditional entropy to
explicit how they are influenced by the system Y. Firstly we consider the full distribution
p(z¢11, ) and use the property of marginal distribution to rewrite it:

k+l+1
p $t+1,$t Z p $t+17$t7yt Z p $t+1»1‘t

k41 kt+1
iy Y+

k+l+1) k+l+1)'

p(yt

We define the set of variables that are argument of the function X; as Y;:
Vi={y:yeY A yedom(X,=f(Y))},

where dom(X; = f(Y)) is the domain of the function f that produce X;. Now, recalling the
property mentioned above, we can rewrite the sum as:

p($t+17$t Zp Tt yt+1) (It’yt) (It k\yt k) (yfff)
~k+1
Yer1

Applying the same methodology to the other two probability distributions we obtain

p(:v,]f) = Z p(ﬂft—k |gt—k)p(xt—k+1 ’ﬂt—k+1)---p($t‘gt)p(gf)
gF

P(Te41) = Z P(Teg1|Te41)P(Gies1)

Yt+1

13
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The last step is to multiply the probabilities and verify which conditions satisfy independence.

p(af)p(Tes1) =

= Zp(xtfk‘gtfk)p(ajtflwrl‘gtkarl)--'p(xt’gt)p(gf) Zp($t+1’ﬂt+1)p(ﬂt+1)
gk

Yt+1

We will define Y/ as the set of variables that belong to the set obtained by the intersection
of the domain of X; and the domain of any other X, and X the variables related to these
domains

Y/={y:yeY A Ji st. yeY,inyY;
X ={z:zeX A dom(x)NY,#0}

After the product, the only part of the summation that differs is the one that sums over Y/,

i.e.
Z Z P(x:eﬂ |y£+1)p(x;+1\y£+1). (1~18)

y1/s+1 y£+1
Indeed from the product of the two probability distributions we get two sums on the overlap of
the shared arguments between X;,; and other variables. Conditional probability distribution
for variables that are analytical functions conditioned on their domain are a Kronecker delta

P($2+1|y£+1) = 5(X£+1 = f(Yt/H))

knowing that 62 = §, we obtain

> > 0X = (Y1)

y1/s+1 yfs+1

= Z 1= [yl Yl

y£+1
This term does not appear in the full distribution, so if we want the probability to be
independent,we need to eliminate it is effects, |Y/,;| and |y;, | must be one, meaning that
only one variable belongs to Y}, | and its dimension is 1; there is only one possible result
from observing it. A better assumption is considering Y, empty: the variables in the domain
of X, are not part of any other variable domain. in this case there is no overlap of sums
and the product can be written as:
> p(@m | Ge—r )P (@bt 1 [ Gemrr1)--D(Teg1 |Ge0)p( )P (Fes1)

~k+1
t+1

The only condition left to have the equality p(x.1)p(z:) = p(@ii1, 2¢) is that p(FF, §i1) =
p(GF)p(Gi11): the variables in the domain of X;,; are independent of all variables in other
domains. n

The described dynamic is better understood if we think for example at a stationary process,
where at every time step, system X is a function of the same number of past observation of
system Y. In this case the conditions in theorem 1.2.2 assume a more understandable form.

14



Chapter 1. Transfer entropy: definition and properties.

1.2.5 Study of interesting processes
Transfer entropy critiques

Thinking about transfer entropy as a measure of causality in every situations can lead to
misconceptions. Two are pointed out in the article [18]. We report them below.

Example 1.2.2. Consider the following process:

Y, X €{0,1}
X1 =X @Y,
Y; = rand([0, 1])

and Xy and Y, are randomly initialized.

H(X¢41), the entropy of system X4 is equal to 1, meaning that it can store a bit of information.
The transfer entropy Ty _, x is also equal to 1, meaning that the process maximizes it, and all
the information of the variable X;,; derive from system Y. But we can reverse the logic and
calculate the conditional mutual information:

I(Xor : XFY) = L.

This, in our picture, should represent the information flow to X;; from its past. We have a
contradiction, if we think at the transfer entropy as a measure of information flow, because in
this case, variable X;,; would receive 2 bit of information while being capable to contain only
1. In short, the 1 bit of reduction in uncertainty H(X;1) should not be localized to either
time series. The transfer entropy, however, erroneously localizes this information to its past.
It could be inferred that the transfer entropy overestimates information flow.

Example 1.2.3. The next process involves three systems:

XY, Z € {0,1},
X; = rand([0,1])Y; = rand([0, 1]),
Zig1 =X @Y.

If we calculate the transfer entropy from each system to Z they result Tx ,z = Ty .,z = 0,
underestimating the influence. Then we could consider to expand the transfer entropy to
include a third system by defining the causal entropy [19]:

CX—>Z|Z,Y = [(Zt+1 : Xfo’YtOOZfO)-

We obtain:

Cxszizy = Cyozizx =1
Again, as in the previous case overestimating the flux of information to the target variable. The
paper aims at evidencing how transfer entropy and transfer entropy like measures, although
being good estimator for the the reduction in uncertainty about one time series conditioned

on another, can fails to pinpoint the source of flow and can lead to some misinterpretation of
the physics of the process.
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Stochastic and deterministic processes

As depicted in theorem 1.2.2, the stochasticity of our system influences transfer entropy. It can
affect the value of the transfer entropy and its dependence over the k parameter: the flow of
information deriving from its past. To better understand the behaviour of the transfer entropy
we code a program that: simulate the evolution of two time series given a certain dynamic and
then calculates the transfer entropy over many realization. We report a significant example of
the obtained results.

Example 1.2.4. We consider X,Y € {—1, 1} be two systems that evolve according to the
following dynamic:

X, - rand({—1,1}) p
Y L—p

Meaning that with probability p the value of X is random, and with probability 1 — p, it is
a copy of previous Y. So p is a parameter that represents the randomness of the process.
We will study how the behaviour of the transfer entropy changes when the evolution of Y is
completely random or it is completely deterministic.

Y Random evolution Y Deterministic evolution

0.20

=
"

=
=
]
-

06

HOENOUN B WN

a

TE
o
5

/

e2r 0.05 7 -
/ =
= k=10
0.0 | | | | ] : nog | =——— . | 1 :
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
p p
Figure 1.5: Here Y evolution is random: it Figure 1.6: Here Y evolution is determinis-
assumes a random value at each tic: it multiplies by —1 the pre-
time-step vious value at each time-step

The graphs are representing the value of the transfer entropy plotted for value of p € [0, 1]
and for increasing k. Considering Fig. 1.5, where Y value is extracted randomly from the set
{—1,1}, we observe that the transfer entropy is effectively independent of the k parameter,
(The slight differences are due to the limited data-set of samples, which create some fluctuation
especially for large number of k), and has the expected behaviour in function of p, when
p = 0 we obtain the greatest value of the transfer entropy that decreases as p increases until it
reaches zero when p = 1: X evolution is completely randomized. Considering Fig. 1.6, where
the evolution of Y is deterministic: we start with a random Y value and then we multiply it by
—1 each time-step. As we increase k as expected from our discussions, the value of the transfer
entropy decreases, shifting his maximum value towards increasing p. What can be interesting
to notice is that increasing k we converge towards a specific curve, with peak around p = 0.6.
The meaning could be that even when the Y dynamic is completely deterministic, if the

16



Chapter 1. Transfer entropy: definition and properties.

process of X is random enough to lose some memory and not be able to recover the Y series
even if we have the knowledge of the complete X’s past, but not completely random so that
we still have some influence from Y, then there are certain information about the target that
can only be predicted with the Y observable.
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Chapter 2

Transfer entropy on quantum circuits

2.1 Introduction

In this this section we will refresh some concepts of quantum mechanics that are used through
this thesis and introduce quantum information theory and quantum computing. In the
following we assume basic knowledge of quantum mechanics and linear algebra. Most of the
concepts presented can be found in any introductory book on quantum information. For
reference, we mainly used the book "Quantum Computation and Quantum Information" by
Nielsen and Chuang [20].

2.1.1 Quantum mechanical concepts
Density operator

The state of a system can be represented by a density operator, usually indicated with p. We
can distinguish two types of density operators, pure and mixed. A pure density operator is
an operator that can be expressed as:

p=v) (¥,

where |U) is the state of the system.
A mixed density operator is defined as a linear combination of pure density operators as:

p= Zpi i) (Wil

where p; is the probability to have our system in the state [);).
In the following we list two important properties that characterize the density operator:

» tr(p) = 1, the density operator has trace equal to one.

* p is a positive operator.
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Projective measurements

In quantum mechanics, an observable can be described as an operator, and if we measure
it, the state of our system collapses to one eigenvector of the operator. These are called
projective measurements. After measuring a state, it is projected onto the eigenvector of the
observable operator associated to the eigenvalue corresponding to the measurement result.
To describe the process we will use projection operators, which have the following property:
ILII; = 11,.

For each measurement, the probability distribution over the possible outcomes can be computed
from the density operator using the following:

Definition 2.1.1 (Born’s rule).
p(x;) = tr(Tp), (2.1)

with x; being the outcome of observable X and I1; the projector operator.
After the measurement the state changes:

1;pll;
tr(Ilip)

Positive-operator-valued measures (POVMs) are a generalization of projective measurements.
POVM is a measure whose values are positive semi-definite operators. It can be described by
a set of positive semi-definite Hermitian operators that sum up to the identity:

{Al,...,An}, ZAZ:]L Az 20,

=1

where the A; are associated to outcomes ¢ of the measurement. Following definition 2.1.1:
p(i) = tr(Aip),

where p(i) is the probability that outcome i is measured.

Pauli matrices

Pauli matrices are a particular set of matrices, usually associated with the spin of a spin-1/2-
system. Given an orthonormal basis {x,y, z}, the spin can be described using Pauli matrices

as: "
Si = 50-2'7

for i € {z,y,z}.

Pauli matrices inherit their properties from commutation and anti-commutation properties of

the spin operators:

1. [0'1',0']'} = ZQiEijkak-
k
2. {O'i, O'j} = 2(5”1[
3. tr(o;) =0, Vi€ {x,y,z}.
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Pauli matrices are explicated in the basis of eigenvectors of o,:

o1 o =i 1o
9x= 01 o0 Tl ool %FT o —1|

All Pauli matrices have two eigenvalues —1 and 1. For a generic o;:

O ‘T>z =+1 |T>z )
ol = ~111);.

Usually we use the eigenvectors of o, as basis elements, defining the computational basis:

Definition 2.1.2. The computational basis is defined from the eigenvectors of o, :

0) = ).,
NEST

The expressions of the eigenvectors of the Pauli matrices are:

And written in the computational basis:

). =10), ). =11,
1 1
1) = 1+) ZE(IOH\D), e =1-) Iﬁ(l())— 1)),

1 1

1)y \/5(!0> +i1)), )y = ﬁ(m) —i1).

We note that each eigenvector for a specific o; can be written as a superposition of the
eigenvectors of a different o, in this case o..

Measuring the spin in the (72) direction

Spin measurements are represented by the spin operator, which can be described with the
Pauli matrices. We will focus on the latter to explain briefly what it means to measure the
spin in an arbitrary direction.

Definition 2.1.3. Given a vector of Pauli matrices ¢ = (0,,0,,0,) and
n = (cos(f)cos(p), cos(0)sin(¢), sin(0)) the usual versor in spherical coordinates, a general
measurement of spin in the n direction is defined as:

M, ¢) =7 - n.

Here we only point out that the eigenvalues of the measures are 1 and —1 for every direction,
although the eigenvectors change.
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2.1.2 Composite systems
Tensor product

The tensor product is crucial to construct composite systems in quantum mechanics. Suppose
we have two Hilbert spaces V, W of dimension m,n respectively. Then their tensor product,
which is represented by the operator ®, is written as V ® W and it is a mn dimensional space.
Given i) and |j) basis for V' and W respectively, then the tensor product |i) ® |j) is a basis
for V'@ W. Usually to represent the tensor product between two vectors |v) and |w) is used
the abbreviated notation |[v) ® |w) = |vw).

Entanglement

A system is defined as entangled when the state of the system cannot be factorized. Given
two systems A and B, defined on the Hilbert space H = H4 ® Hp, the most general form for

a pure state is:
¢) = Z%’ lia) ® |jB)
ij
where |i4) and |jp) are bases for the respective spaces Hy and Hp. A state is said to be
separable if there exist complex coefficients a; and b; such that:

_ (Z a; \¢A>> ® (ij a; \jB>) = |¢a) ® |6B) -

When this is not possible we say that the systems are in an entangled state.
The most renown entangled states are the Bell states:

@) = 7(\00> + 1),
@) = 7(\00> 1)),
W) = 7(|01> +10)),
W) = (|01> 10)).

%\

Schmidt decomposition

In linear algebra, the Schmidt decomposition refers to a way of expressing vectors defined in
a space formed as product of two spaces, as the tensor product of vectors belonging to the
latter.

Theorem 2.1.1. Suppose |¢) is a pure state of a composite system AB. There ezists a set of
orthonormal vectors |ia) € A and |ig) € B such that:

=2 Ailia) ®ip) (2.2)
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with \; are real non-negative coefficients and fulfill the normalization > A} = 1.

Proof. 1t is a proof by construction, we consider the state |¢) written in the basis |i) ® |7).
6) = > _cij i) 1d)
(2%

where ¢;; are the elements of a matrix C'. We can rewrite the matrix C' using the singular value
decomposition (SVD): a linear algebra theorem states that any complex matrix C' admits a
decomposition UAVT such that A is a diagonal matrix with non-negative real numbers on
the diagonal. Then the elements ¢;; can be written as ¢;; = %:luik)\klvlj where, since A is a

)

diagonal matrix, Ay = 0 \g, and the equation becomes:

|¢> = ZZW@MWU |’L> |J> =

g kil

=Y wirAkvk; |7) 7) -

ik
Redefining the terms in the following way:

i) =D uwli)  lis) =D veili)s M=
i J

we re-index the sum:

6) =3 Ailia) ® i)

If we consider a two qubit space and |¢) as a state, then we also have the normalization
condition (¢|¢) = 1 that reduces the description of the state to one parameter after the
vectors |i4) i) have been determined. O

Channels

The qubit can evolve due to the action of a unitary operator, which preserves the norm of the
state, called channel. When a channel acts on a single qubit it is said to be local. We will
represent some of the most often used local channels, in the computational basis:

01 0 —1 1 0 111 1
A R (A R A
where X, Y, Z are the Pauli matrices and H is the Hadamard gate. X is often called the
NOT gate, since it has the effect of exchanging the computational basis vectors.

X0)=11), XI1)=]0).
The effect of the Hadamard gate on the computational basis is:

0) + 1)

_ 0 - _
o= B =S =,

H|0) = NG
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Performing a basis change from the Z basis to X basis.

When the system is composite, channels can act on multiple qubits, creating an interaction
between them.

In this thesis we will focus on two qubits systems that interact and evolve through a common
channel. We list two channels that act on two qubit systems:

CNOT = . SWAP =

_ o O O

0
0
1
0

o O = O
_— o O O

0
1
0
0 0
The C-NOT gate, or the control-not gate, is a main example of conditional gate, where the
state of a qubit, called control qubit, can vary the operation performed on a second qubit,

called target qubit.
The swap gate exchanges the state of the two qubits.

Kraus-Cirac decomposition of non-local unitary operators

We will briefly explain the decomposition of an arbitrary unitary operator Usp acting on
two qubits, introduced by Kraus and Cirac in the article [21]. The proof was obtained by
construction and it states the following:

Theorem 2.1.2. For any unitary operator Uap acting on two qubits, there exist local operators
Ua,Up,Va, Vg, that only act on a qubit such that:

Usp =Ua@UgUsVa® Vg (2.3)

where Uy = e P with D = a0, ® 0, + ayoy 0y + 0, ® 0.

Since local unitary operators can be considered as a simple rotation of the state, Us, Ug, V4, Vi
merely have the effect to change the direction of the spin, and if the spin is measured before
and after the evolution, the effect of this operator can be incorporated in the measurements,
changing their direction. If we perform a maximization over all measurement angles, then the
effect of the local unitary operators vanishes, allowing us to represent any non local two qubit
channel with only three parameters.

No-communication theorem

Theorem 2.1.3. Given a bipartite system AB, there is no local operation on one subsystem
that can affect the measurements on the other one.

Proof. Consider a system that lives on the Hilbert space H = H4 ® Hg. The state of our
system can be described by a density operator of the form:

where X; and Y; are local operators. The theorem still holds without assuming p to be a
density matrix, i.e. operators X; and Y; could be different from state projection operators.
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Suppose that Alice performs a local measurement on qubit A, which can be described as a
map defined by Kraus operators K; such that:

O(p) =Y (K; @ Ip)p(K] @ Ip),

J

SKK] =1L
j

where ®(p) is the state after Alice’s operations. The form of the Kraus operators (K; ® Ig)
indicates that Alice only performs local operations: Alice’s measurement apparatus does not
interact with Bob’s system.

The state that Bob observes is the partial trace over Hilbert space H4 of ®(p). This state
can be directly calculated:

tri, (2(p) = tr, (3 (K; @ Ip)p(K] @ 15))

J

= tTHA(Z(Kj ® 1p) ZXz ® Y;(KJT ®Ip))

J

= trHA(Z Z(Kj ®1p)X; ® Yz‘(KJT' ®1p))

J 3

] 3

=tr, (33 KKIX,®Y))

i
=try,(p).

Meaning that Bob can not statistically tell what Alice did. Bob’s statistic of the system is
unchanged by local operations on Alice system. O]

2.1.3 Quantum information
Quantum computation

The fundamental component of quantum computation is the qubit, an object that lives in a
two dimensional Hilbert space. We will use the computational basis as a basis to describe its
space. The qubit is described by a state:

[¢) = a|0) + B 1)
Imposing the normalization condition |a|? + |5|> = 1, it can be expressed as:
6 4 0
|) = cos 5 10) + ewsini 11).

The parameters ¢ and ¢ define a point on the surface of the unit three-dimensional sphere,
called the Bloch sphere, represented in Fig. 2.1.
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Figure 2.1: Bloch sphere.

Adding a qubit to our system increases the dimension of the Hilbert space by a factor two.
A multi qubit system is defined on the Hilbert space resulting from the tensor product of
the Hilbert spaces of its qubits. If we want to consider a two qubit system our basis will be
composed by four vectors, which are, using the notation |a) ® |b) = |ab):

{100),[01) , |10), [11)}.

And the state that describes our system:
‘w> = (o ‘00> + Qo1 |01> + oq0 |10> + aqy ’11> .

An important operation that can be done onto our system is measuring, which, as known
from quantum mechanics, collapses the state of the qubit into the measured state.

Qubits, channels and measurements are the principal components to construct a quantum
circuit. Quantum circuits are used to represent quantum processes. The notation to draw a
quantum circuit is:

|t)) —————— | A qubit in the state |))
A classical bit
@ A channel U
— A= A measurement

As an example let us draw a two qubit system where both qubits evolve according to U, then
the first qubit’ spin is flipped and measured:
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0y —— X 4

U
0) L

Quantum entropies

We start by introducing the Von Neumann entropy. In classical information theory, Shannon
entropy measures the uncertainty associated with a probability distribution. Density operators
replace probability distributions in quantum mechanics.

Definition 2.1.4 (Von Neumann entropy). The Von Neumann entropy of a quantum state p
18:

S(p) = —tr(plogp). (2.4)

Since the trace is invariant under unitary transformations, diagonalizing the density matrix,
the previous definition 2.1.4, can also be expressed, being \; the eigenvalues of the density
matrix, as:

S(p) = _Z)‘i log \;,

where the logarithm is taken to base two.
The basic properties of the Von Neumann entropy are very similar to the classical Shannon
entropy’s properties. Here we list a few of them:

o The entropy is non-negative and it is 0 if and only if the state is pure.

e In a d-dimensional Hilbert space the entropy is maximized by logd and its maximal
when the density matrix is the one of the completely mixed state: 1/d.

 If a composite system AB is in a pure state, then S(A) = S(B).
As in classical physics, it is useful to define the quantum version of relative entropy

Definition 2.1.5 (Quantum relative entropy).
S(pllo) = tr(plog p) —tr(plogo). (2.5)

As in the classical case, the quantum relative entropy has the same property of non-negativity,
as shown by the Klein’s inequality.

Theorem 2.1.4 (Klein’s inequality). The quantum relative entropy is non-negative
S(plle) = 0,
with equality if and only if p = 0.

Proof. Consider p =Y p|l) (I, o =2 ¢;|j) (j| be orthonormal decomposition for p and
o, applying the definition of relative entropy we obtain:

S(pllo) =>_pilogpi — (il plogo|i).

i
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Knowing that:

(il p =" ill) (1] = > pudaa (1| = pi (il ,

|10g0 Z log q; where sz = <Z|j> <]|Z>’

we substitute in the relative entropy equation,
S(pllo) = sz‘ log p; — Zpipij log gj,

where we note that 3, P;; = 37, P;; = 1 and Pj; = §;

YK

S(pllo) = Zpi (10gpz' - Zpij 10g%‘> .
i J

Since log is a strictly concave function, calling 3°; P;;log q; = s;, we have }°; P;;log q; < log s;
with equality if and only if 35 s.t. F;; = 1. Thus

Di
S(pllo) = X pilog ™,

with equality if and only if Vi Jj s.t. Pj; = 1, meaning that Pj; is a permutation matrix; in
that case, p and o have the same eigenvectors, just ordered differently.

The previous equation has the same form as the classical relative entropy, for which it is proved
that it is always greater than zero, and zero if and only if the two distributions are equal,
pi = s;, meaning that p and o have the same eigenvalues. Remembering that for equality P;
are permutations, then if they have same eigenvalues and eigenvectors the condition implies
that the matrices are equal: p = 0. O

2.2 Transfer entropy on quantum processes

In this section we apply the transfer entropy to data derived from measurements of quantum
systems. The quantum circuit that describes our process is:

A—A4
U (2.6)
B — A HX

Where A and B are qubits and U is a channel. B will act as a target and A as a source. The
observables that we decide to measure are spins represented by the Pauli matrices. We will
use the notation on Tab. 2.1:

We imagine to receive a set of data from measurements, and from them we inquire what are
the transfer entropy’s properties when the process is quantum. First we will discuss how the
transfer entropy varies for different configurations of the circuit 2.6 and later we will retrieve
an analytical formula to describe the simulations.
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) The eigenvector, associated to eigenvalue 1 of the
Z operator o,
The projector onto |1)_ that operates in the Hilbert
1"2 =L space of qubit A
T pIid The density matrix after the measurement of ob-
PAllz = tr(TL)_p) servable o, of qubit A has result 1

Table 2.1: Notation used on section 2.2.

2.2.1 Simulations

For a better understanding of the results, we will briefly explain how the code [12] that
computes the transfer entropy works. Let us imagine that we have a lot of realizations of two
time series, A and B. We aim to study the transfer entropy considering system A as a source
and B as target, both binary variables (they can only take two values), with £ = =1 and
t = 2, meaning that we have two possible outcomes from each measurement and that we only
consider two instants of time, namely, before and after the application of the channel. The
first thing that is going to be calculated, and the only probability that we extract directly
from the data, is:

p(bz, ai, bl),

where by, by are the measures of observable B and a; the measure of observable A. In order
to calculate the probability we use a simple frequentist approach, where for each possible
combination of the measurements’ outcomes we calculate the probability that it occurs,
counting the number of realization, in the following way:

p(by = b5, a1 = af, by = b7) = >_ 5(b), b3)d(al, a})d (b, b7),
7=1

where ¢ is the Kronecker function, b% is the j;;, observation of variable by, n is the total number
of different time series and the starred variables are fixed values.

Once the full probability distribution is calculated for each possible combination of outcomes,
the rest of required probability distributions can be obtained applying the marginal rule and
the Bayes formula in the following way:

p(b2>a1>bl) _ p(b27alab1)
Yo, p(b2,ar,b1) — plar,by)
Yoy P(b2,a1,b1)  p(ba, by)
Yo P02, a1,01) — p(by)

p(balay, b1) =

p(b2|by) =

We simulate the measurement given by the quantum circuit in 2.6. We have the freedom to
measure the qubit’ spin in a generic direction in the unitary sphere. We do this to emphasize
the different behaviours of the transfer entropy over different initial states and how it varies
as our measurements rotate.

From the theory we know that after a measurement the state of the qubits collapses into an
eigenvector of the measurement operator. Measurements on qubit A and B are described by
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operators in different Hilbert spaces, and so they commute (it does not matter the order of
the measurements). We will now show results obtained using the C-NOT channel, where we
rotate the measurement of the source qubit A from o, to o,, while we measure the target
qubit B on o,. We perform the simulation for a comprehensive (but not exhaustive) set
of states, which will be presented later. The results for the value of the transfer entropy
are reported for all the fifteen initial states with which the simulation is performed in Fig. 2.2.

1.0 r —
08 F
—
0.6
0.4
0.2
D.ﬂ 1 1 1 |
0.0 0.25 0.5 0.75 1.0 8

Figure 2.2: Fifteen curves are represented, on the y-axis we have the value of the transfer entropy
while on the x-axis we plot the angle 6 of the rotation, which defines the measured
observable, from o, (§ = 0) to o, (f = 1). The value on the horizontal axis must be
multiplied by /2

We can observe that, the value of the transfer entropy can be divided into three main categories,
which depend on the initial state. We classify the curves for their value on the origin, when
the measure is performed on o, later we will also try to analytically understand the behaviour
of the curve with the changing of the angle, and try to generalize our apparatus. We notice
that initial values of the transfer entropy are 1, 0.66 and 0. We report in table 2.2 which
states are associated with their respective curve.

We will then give an intuition to why the states reproduce these values of the transfer entropy.
Starting from the case where TE = 1, we notice that qubit A, the source of our flow of
information, is always in the state |+), this state, as explained in the section about quantum
concepts, is an eigenstate of o, operator:

) = —=(10) + 1),

.
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reE=1 TE = 0.66 TE—0
1+0) 7(|00>+|01>+y1o>) |20>,‘01> 10y |11)
+1), 7(|00>+|01>+|11>) 75100 + f|11>
[++)

01) + —= [10),,

1
(|01> + |10) + |11)) ﬁ ﬁ
0+), [1+)

Sl

(|00> +[10) + [11))

Sl

Table 2.2: Initial states that outputs a certain value of the transfer entropy

The main point is that the state is totally undetermined with respect to a measurement
of 0,: when measured, the state collapses in |0) or |1) with equal probability. Measuring
the state |[4) is the same as initializing the value a; randomly. As we saw in the previous
chapter, the transfer entropy is influenced by the deterministic nature of the source, and it is
able to capture fully the flux of information when our source is randomized. We could infer
that to obtain a maximal value of the transfer entropy we need an initial state where the
source qubit is in an undetermined state respect to its measure, even though this condition
is not enough to ensure a maximal value of the transfer entropy as we will see for the next case.

The states where TE = 0 are all the ones where source qubit A is in an eigenstate of the
measured observable ¢, and the maximally entangled states:

—1 00 —1 11
75100 + 5 1),
1 1

5100+ 75110

The reason why for entangled states we obtain zero is that, once the qubit A is measured
then also the value of B is certain, so for the same entangled state, each measurement process
gives us back the same coupled values of a; and b;. The transfer entropy, due to the way the
probabilities are calculated, can never see the effect of the source on the target, because it
always receives the same initial combinations, and attributes the change of the target variable
only to its past. The same reasoning is done when the qubit A is prepared in an eigenstate of
the measured observable, since the transfer entropy never sees it varying, it will attribute the
change, if there are any, to the target’s past.

To understand why the value of the transfer entropy is 0.66 in the states reported in the
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1.00

075

o050

0.25 F

0.00 }

00 01 02 03 04 05 06 07 08 09 10
q

Figure 2.3: Transfer entropy for state in Eq. 2.7, varying ¢

Tab. 2.2 we can rewrite them in a different form.

(|00>+\01 + [10)) \[HO \/_101)
(|00> +101) + [11)) = \[|+1> + 7 100)

(|01>+|10 +[11)) \[|+1 \/_11())

(|00> 110) + [11)) f|+o 1)

We see that our states are in a superposition of states where with probability of 2/3 it collapses
on a state that produce a transfer entropy’s value of one, and with probability 1/3 collapses
into a state with transfer entropy’s value of zero. It suggests a linear dependency between
the transfer entropy and the squared coefficients of the state. We observe what happens in
Fig. 2.3 in a state with the following structure:

Va|+0) + vT—q|o1). (2.7)

It is immediately clear that the transfer entropy is linear with the squared coefficients of the
initial state. Going back to the Fig. 2.2, we briefly explain why the transfer entropy seems
to be 0 for every initial states when o, is measured on the source qubit (we have the same
identical results for o,). We can exploit what happens for an arbitrary initial state.

sl sl 8- s~
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Example 2.2.1. Suppose to have the following circuit with initial state |10):

Oy
1) — XK
o, o,

|0y A +—D— K&

The source qubit A, after the measurement will be in an eigenstate of o, in this case with
p= %, which are |[+), |—). The first measure on the target qubit B is 1 in this case, (remember
how the computational basis is defined). Now if we apply the C-NOT gate we obtain:

1 1 1 1

CNOT|+0) = Z5ONOT [00) + —5CNOT [10) = —5[00) + 5 |11)
1 1 1

CNOT |—0) = \}ECNOT 00) = Z5CNOT[10) = —5[00) = = [11)

A measurement on o, of the qubit B returns as a result —1 or 1 with equal probability,
independently if we measured 1 or —1 for o,. Our ability to predict the value of the second
measurement of qubit B is completely unaltered by our knowledge of the measurement of o,
on the source A, yielding:

p(b2|a1,b1) Zp(bz|bl>7

which is the condition to have transfer entropy’s value equal to zero.
Note that using o, as measured observable we would have obtained the same result.
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TE value

1.00 |

0.50 /

0.25 -

0.00 | " __--------- L 1 1 I 1
0.0 0.2 0.4 0.6 0.8 1.0 (I)

Figure 2.4: Transfer entropy’s values when rotating the measurements on the target qubit B from
0z to oy.

Rotating target qubit measurements

If we rotate the measurement over the target qubit B, we can observe some differences; the
main one is a different value of the transfer entropy if we measure o, or o,. In Fig. 2.4 are
reported the results from simulations where we measure the target qubit B from o, to o,
with initial state |+0) and gate C-NOT. Recalling that for the same initial state, rotating
the measurements on source qubit A we obtained zero value for the transfer entropy for both
o, and o, measurements. To understand this behaviour we recognize the difference between
applying the C-NOT gate to o,’s eigenvectors and o,’s. If the control qubit, in this case
A, is in state |0), the C-NOT will not do anything to the states, so we assume that the
state of qubit A is [1) and analyze the action of the C-NOT gate when qubit B is in a state
corresponding to an eigenvector of o,. We will call the C-NOT gate C"

1 1
1+) =) @[+) = 7 10) + 7 11),
1) = [ ® =) = = [10) = =11},
1 1 1 1
Cli+4) = EC|10> + ﬁCHl) = —2 111) + ﬁ |10) = |1+4),
=) = conoy— Loy = Ly - Loy = o).

V2 V2 V2 V2
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And the state remains unchanged after the action of the C-NOT, if we do not consider an
overall phase to the state. For o,’s eigenvectors instead

e[, = \/—|10> \/—|11>

1) ® ), = 75110) = 2= 11
cmwm:zmm+émm:$m>¢mm\fmmm

Cl1y @ 1), = —=C [10) — —=C [11) =

NG V2 -

1
— 10) = —= 1) @ [1)

V2 \F V2 v
We observe that the C-NOT flips the eigenvectors of o, in the same way as it does for
eigenvectors o, and so we expect a similar value of the transfer entropy when we measure,

for source qubit A the spin o, and for B, o, and o, even thought for different initial states
we obtain different results.

2.2.2 Analytical study

The purpose of this section is to obtain an analytic formulation of the transfer entropy
calculated as described in the previous section. For this purpose we will study the following
circuit:

A—A4
B1 U B2
B —~ A X

where the measurement of spin are done in an arbitrary angle and «q, 51, 82 represent the
tuple of angles necessary to define the direction of the measurements, with « representing
measurements on qubit A and S on qubit B, namely:

ar = (0,0)aq, M(ay) =0 - (o),
61 = (07¢)b1 M(Bl) =7 ﬁ(ﬁl)a
Ba = (0, ), M(B2) = 7 - (Bz).

To rewrite the projectors in a general and more convenient way we can exploit property 2.2.1:

Property 2.2.1. If we have an observable M in a two dimensional Hilbert space, with
eigenvalues 1 and —1, we can write the associated projectors in this form:

) {a] = (T +aM)
with a € {1, -1}
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Proof. 1t is know that:

M1) = (1),
M|=1) = —|-1),
M = 1) (1] = |=1) (1]

In a two dimensional space, the eigenvectors of an observable form a orthonormal basis, so we
can write:

1) A+ [=1) (1] =L

From the M and I equation we can find the form of the projector just by summing and
subtracting:

T+ M =2|1) (1],
I-M=2|-1)(-1],

which can be easily rewritten in the convenient way shown in the proposition. O]

To keep the notation light we will indicate:

mt =TI, H;;‘l,ﬁl — 11,

a1lon

For the above mentioned property 2.2.1:

a1]og

1
mt  — 1, = il ayM(ay)) @1

As explained, the code to calculate the transfer entropy starts with calculating the full
probability distribution p(by, a1,b;). We rewrite the probability distribution in the transfer
entropy’s formula using Born’s rule 2.1.1. The probability of the first measure is straightforward.
Suppose we start in a state p, we apply the rule obtaining the density matrix:

g, pIl,,

Par = 777 7
b (e, p)

with play) = tr(IL, p).

We can calculate the state and the probability of the next measurement, keeping in mind
that the projectors for the two different qubit commute, since they act on different Hilbert
spaces. We obtain the density matrix after the second measurement:

_ 1 pa, Iy,
pbl tr(HlpGJ) ’
with probability given by:
Ha, Ha tr(1l Ha Ha b ,
tT(Hblpal) = tr(Hbl 11_f 1) _ T( blH 1)0 1) _ p( 1 al)
tr( alﬂ) t'f’( a1p> p(al)

= p(biay).
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Combining all the formulas together:

Hal PHa1

oy = 1y, pay oy I, =y o _ 11y, 1, pllg, T,
p(bi]a1) p(b1]ar) p(bilar)p(ar)
1y, g, pIL,, I,
B p(b1, a1) .
Afterwards the channel operator is applied to the density matrix:
pu = Upy,U".

The last measure will give us a result with the following probability:
p(ba|br, a1) = tr(ly,py) =
 tr(IL, U, I, pIT,, Ty, UT)
p<bla CL1>

We notice that:
P(bm b1, al) = P(bszb al)p(bh al) = tT(HszHblnalpHmel UT)~

This is the starting point for the computation of the transfer entropy. We also observe that:

> p(be,ar,by) = > tr(IL, ULy, 1L, pIL, 11, UT) =
b bo==+1

= tr(I, Uy, My, pll,, Iy, UT) + tr (T ULy, T, pI1,, 11, UT) =
= tr(IL Uy, I1,, pIl,, 11y, U + 11 UTL,, 11, pIl,, 11, UT) =
= tr((Ty + I_ ) U, T, pl,, 1T, UT) =
= tr(IUTLy, I, pIly, I, UT) = tr(10,, T, pIl,, 11, )
= p(b1, a1)
Where we used cyclic property of the trace and known properties of projectors.
To calculate the transfer entropy we require three probability distributions:
p(bs, a1, br) algﬂp(bz, ay, by)
719(@1,51) , p(ba|by) = p(b1)
We already know how to obtain p(bs, ai, b1) and p(bs|ai, by), p(by) is easily calculated from

the initial state and the Born rule, while p(bs, b1) = >°,,—+1 p(b2, a1, b1) has to be calculated.
In order to obtain this probability we expand the sum:

Z p(b27 ai, bl) —
a;==+1

= > tr(I, UlLy, I, pIL,, I, UT) =

a1==%1
= tr (I, ULy, TTy pIT, Ty, UT) + tr (T, UTT,, Ty pIT_ 11, UT) =
= tr (I, UTLy, Ty pI1, Ty, UT + T0, UTLy, T pIT_ 11, UT) =
= tr (I, UTLy, [Ty pIT; + Ty pIT_4 1L, UT).

p(b%alabl)a p(b2|a1,b1)=
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We analyze the central term and apply property 2.2.1:

II; = ;(]H M(ay))®1

1
H_1 = §(H — M(O./l)) & I
studying the two terms independently:
Hlpﬂl =

= S+ M(@)) @ Ty (T + M) @1 =

_ jl(ﬂ + M) @ Dp(I+ M(ar) @ T) =

= 1o+ M(a2) @ To + pM(ay) © T+ M(an) @ oM () & ),
M, pll, —

_ ;(]1 ~ M) @ ]Ip;(]l ~ M) @1 =

_ jﬂ — M) @ Dp(I = M(an) @ T) =

= 10— M) © Tp ~ pM(as) ® T+ M) @ oM (o) 1)

The sum explicated will read:

1 1
Hlpﬂl + H,lpH,1 = 5[) -+ §(M(Oél) &® ]I)p(M(Oq) &® ]I)
Introducing this result in the equation of the probability, we obtain:

> pba,ar, by) = tr(My, UTL, [T pITy + I pIT_4|IL, UT) =

a1==+1

— (UL, [+ 5(M(ar) © Dp(M(ar) & D], UT) =

1 1
= itT(HbUnblprl UT) + §tT(Hb2UHb1(M(a1) & ]I)p(M(Oq) ® H)Hln UT)7
omitting ®1:
1 1
p(by, b)) = §tr(Hb2UHbl plly, UT) + 5757~(r1b2(J11b1M(oq)pM(oq)Hbl Ut

We present all the probability distributions’ formulas together with the transfer entropy
equation, for the sake of clarity:

+1
p(b2’a1>bl)

TE = by, ay, by)log————= 58
bz%hp( o 1) g p(52|b1) ( )

p(b2, al,bl) = tT(Hb2UHb1Ha1pHa1Hb1UT) (29)

tT(HszHbIHalpHmelUT)
balar, br) = 2.10
p(balay, by) tT’(HaIHpr) ( )
p(b2|by) = ltr(HbQUHblprl UT) + tr (10, UTTy, M (o) pM (aq)TT,, UT) (2.11)
2 tT’(Hpr)
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The previous equation 2.8, can be generalized up to 10 parameters:
o Two angles for each of the three measurements, leading up to six parameters.

e One angle to describe our initial state, that adds one parameter, for the Schmidt
decomposition.

o Three parameters that describe any two qubit interacting unitary due to the Kraus-Cirac
decomposition.

We report the results obtained rotating the measurement on source qubit A and rotating
both measurements for B at the same angle, with a fixed initial state, when applying the
C-NOT gate. We confront the simulation’s results with the ones obtained by the analytic
formula. We project the value of the transfer entropy on the Bloch sphere where every point
on the surface indicates a measure of the spin in that direction and the color indicates the
value of the transfer entropy.

We report in Fig. 2.5 the data from the simulations as a scatter plot over the sphere, while the
data from the analytic formula are represented as continuous lines. This is done to differentiate
them but mainly because using the analytic formula allows us to compute the transfer entropy
way faster than simulating. We obtain the same results between simulations and analytic

. . 1.0 . 1.0
Simulations Analytic

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

¥ 10 y 1.0

Figure 2.5: Data for the entangled initial state \%(|00> + |11)), rotating measurements on source
qubit A. Each point in the surface of the sphere represents a measure of spin in the
direction of the versor connecting the center of the sphere with the point. The rotation
happens from o, to o,, then to o, then back to 0.

formula, for different states and rotating over all angles, proving, at least computationally
the validity of the analytic formula. We can now exploit the speed of the formula 2.8 to
compute values of the transfer entropy for all points in the sphere. We present an example
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in Fig. 2.6 with results for the initial state |4+0) for just the principal quadrant of the Bloch
sphere, where we first rotate the measurement on A and then on B (for better data reading,
the heat map is usually more clear).

10 1.0

Rotating A Rotating B

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

y 1.0 y 1.0

Figure 2.6: Value of the transfer entropy rotating respectively the measurements on qubit A and
B for initial state |+0).

2.2.3 Properties

We will use a different notation, expressed in Tab. 2.3, to keep this section light and easy to
read. Most of the parameters are fixed after choosing our measurement apparatus and we
will not note them. We drop the indexing for first or second measure of B since it will be
clear from the position of the projector in the trace.

A B Observable measured on qubit A and B

1) The eigenvector, associated to observable B, with
eigenvalue 17

The projector onto |a') that operates in the Hilbert

space of qubit A

Al = a’) (@] @ I

Table 2.3: Notation for subsection 2.2.3

Considering the transfer entropy’s analytic formulation, we can look for some property and
case of interests.

Theorem 2.2.1. When the channel acts only locally, U = Us ® Up then the transfer entropy
18 zero.
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Proof. This is a direct consequence of the Non-communication theorem expressed in subsec-
tion 2.1.3. Since the operations performed on the initial state are local, regardless of the
initial state, p(bs|a, b1) = p(ba|b1), due to the statistical independence of system B respect to
A. m

Reviewing what has been done for the classical part, we want to see when the transfer entropy
it is equal to the bound found in the classical section. what theorem 1.2.1 means for our
process. Starting with the former we reformulate it for the analytical version of the transfer
entropy:

Theorem 2.2.2. The transfer entropy is equal to its bound, when:

tr(BFUA'BI pBI A'UY) = tr(A'B?p) Vi, j,k s.t. tr(BFUA'BIpBI A'UT) £ 0.

Remembering that in our case:
p(ba, by, ay) = tr(B2UA™ B pB* A UT),
p(b1,a;) = tr(A“ B p),

We will consider the proof in the classical case valid, and consider what implication it has for
the processes we observe. To start we want to understand when p(bs, by, a;) = 0. We analyze

tr(BFUA'BI pBIA'UT) = 0,

where 17, 7, k are representing the values that our variables can assume, namely 4+ and —. We
will consider that the same observable is measured on qubit B before and after the evolution
through the channel. We represent operators in the basis {|a™),|a")} and {|bT),|b7)},
eigenvectors for observable measured on qubit A and B respectively:

p= Y. Cmsch ambf> <arbt

m,f,rt
alb5> <ahbc

U= Z Ulshe

l,s,h,c

Y

We first consider the central term in the trace and expand it:

A'BipBI A = (2.12)
= |a") {a| @ b)) (V| 3 gty |am bF) (" ¥| o) (al| @ [B) (¥ = (2.13)
LS et b ][0 07 (o o ) (a0 — (214)
2 mgt e Coilim 0 |0l 07} {0 V] = (2.15)
= 7]2:1; a' V) (al V| = |ey[PATBY, (2.16)

where in a) the orthogonality of the basis was used.
The equation p(bs, by, a;) = 0 reduces to:

|ci|*tr(BFUA'BIUT) = 0.

41



Niccolo Ciolli

We further expand the term inside the trace, and just with same calculation as before we
obtain:

UABU = > ugijilm s

s,bm, f

a’® bl> <am bf‘ )

We multiply both sides by B* (it does not affect the trace because a projector is equal to
itself squared):

BFUA'B'UTBF =
_ ‘bk> <b’“‘ DL Y Usti gy g

S,t,m,

S Uegi UL s <b’“‘b’> <bf \bk>

S,t,m,

= Z Us 1 57 ;. fOkIO 1k ‘as bk> <am b’“’ =

S7l7m7f
* s 1k m 1k
= Zus,k,i,jui,j,m,k a’ b ><a b

s,m

o ) am ) (1 =

e

a’ bk> <am bk‘ =

)

where in a) we use the fact that we choose to measure the same observable for qubit B
before and after the channel, otherwise so the scalar product would not have resulted into a
Kronecker delta and the computation would be way more complicated, but it would include as
a parameter the angle between eigenvectors of the two observables measured for B. The trace
is easy to compute because it only takes diagonal elements, the elements in the sum associated
to identical kets and bras. In our case it reduces to a d,,s in the calculation, obtaining in the
end:

Z usvkviaju;j,s,k = 0 (217)

Before analyzing with more attention the term, we consider the condition in theorem 2.2.2,
having already calculated the first term, Eq. 2.17, and the second, Eq. 2.12, we can rewrite
the condition as:

tr(BFUA'BI pBI A'UY) = tr(A'B?p),
i 1P D s g jon = leil”

S
*
Zuszkzivjui,j,s,k = 1'
S

We can notice that the condition imposes a restriction on the form of the channel written
in the basis of eigenvectors of our observables. This does not mean that, given a channel,
transfer entropy remains constant varying the initial state, as we have seen previously. It
only means that the transfer entropy for channel respecting the previous constraint is equal
to its bound, which will probably be dependent on the state, measurement apparatus and
channel all together. For the purpose of understanding, we try to rewrite the two conditions
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in a more practical form, even thought more intricate:
D U iU =
=5 (¥ U] B (@ V]
— Z (a* VU

at b7> <a+ bk’UJr

o) -
N

at bj> <as bk’UJr a
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Calling U3, = U |a’ V) <as bk‘ Ut:
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Introducing the permutation operator P, that exchanges row [ with row m of the matrix,
we can rewrite everything compactly:

<CL+ bk’ UZ—; + P173P2,4UZ-;

a' bl) (2.18)

Combining our condition together we can see that the transfer entropy is equal to its bound
when:
(a* V| U5 + PraPaaly;

@' by €01 Vijke+l,—1 (2.19)

and if all elements are zero, then transfer entropy and its bound are zero. Practically, once
U;JT + P13 4U;; is computed, we have to check the values of the first two row to see if the
transfer entropy it is equal to its bound.

43



Chapter 3

Conclusions and outlooks

This thesis aimed to introduce and investigate the behavior of the transfer entropy in both
classical and quantum systems.

After providing a concise introduction to information theory and transfer entropy, we in-
vestigated some of its properties. We successfully demonstrated the monotonicity of the
transfer entropy respect to the number of considered variables as a source of information flow,
establishing a recursive representation through a sum of relative entropies. Additionally, we
explored transfer entropy’s boundary properties, revealing its monotonically decreasing nature
respect to the number of known variables in the target’s past. We found a representation of
the boundary as a sum of transfer entropies that represented the information flow from the
target’s past to the target itself.

We identified the conditions necessary for a dynamic between two systems to saturate transfer
entropy’s bound and achieve its maximum value. It became evident that the dynamics of the
source directly influenced the value of the transfer entropy. Specifically, to attain a maximal
value for the transfer entropy, the source’s dynamics should be non-interacting with its past.

We reported the behavior of the transfer entropy for some interesting cases and provided a
critique of its interpretation as a measure of causality. It appears that the transfer entropy
may not accurately capture the true source of causality when more than two systems are
interacting, leading to overestimation or underestimation of the causal effect from a source.

Furthermore, we developed a code to simulate the dynamics of two interacting systems.
With these simulations, we calculated the transfer entropy, with a focus on scenarios where
the target variables were randomly extracted with a probability of p, while copying the
source’s value with a probability of 1 — p. The evolution of the source system variables was
governed by two distinct dynamics: one involved random extraction from a set of values,
while the other multiplied the values of the previous variable by minus one. Remarkably, the
behavior predicted theoretically was observed. Particularly, in cases where the source evolved
deterministically, it became apparent that the transfer entropy decreased with an increase in
conditioned variables, reflecting the effect of what can be described as "stored information."
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Subsequently, we applied the transfer entropy on measurements of spin on quantum circuits.
Initially, we designed a code to simulate two-qubit quantum circuits, offering flexibility in
selecting measurement types, channels, and circuit lengths. Our implementation utilized a
tree structure to depict the circuit, where nodes represented density matrices and edge weights
encoded transition probabilities between density matrices. Using this structure, we conducted
numerous simulations and computed the transfer entropy effectively.

The utilized circuit involved two qubits initialized with an arbitrary state. It started by
measuring the spin of the qubits, followed by their evolution through the C-NOT gate, and
concluded with another round of measurements. To compute the transfer entropy, we used
the measurement of qubit A as the source and those of qubit B as the target.

Initially, we simulated the transfer entropy for spin measurements in the z direction. Notably,
we observed that the choice of the initial state strongly influenced the behavior of the
transfer entropy. Different initial states yield distinct probability distributions of measurement
outcomes. When the source qubit’s initial state was an eigenstate of its measurement, the
transfer entropy was equal to zero, as it could not detect the effect of the source on the target
without observing varied source values. It was also observed the linearity of the transfer
entropy with the squared coefficients of the initial state.

In order to have a better description of the behaviour of the transfer entropy on quantum
circuit we tried to provide an analytical formulation of how the code computed the transfer
entropy, and use the Born’s rule to derive the probability distributions. It is shown that the
analytic formulation reproduces the same results of the simulations. It can be used to infer
constraints on our circuit that present certain properties of the transfer entropy.

Subsequently It would be interesting to measure how the transfer entropy behaves respect
to entanglement creating channels, to understand if the transfer entropy is an appropriate
measure of causality in quantum processes and to find a formulation that uses density matrices
instead of probability distributions.
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