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Abstract: Quantum entanglement becomes more complicated and capricious when more than two
parties are involved. There have been methods for classifying some inequivalent multipartite entan-
glements, such as GHZ states and W states. In this paper, based on the fact that the set of all W states
is convex, we approximate the convex hull by some critical points from the inside and propose a
method of classification via the tangent hyperplane. To accelerate the calculation, we bring ensemble
learning of machine learning into the algorithm, thus improving the accuracy of the classification.

Keywords: multipartite entanglement; G states; W states; ensemble learning

1. Introduction

Machine learning was born from pattern recognition, which possesses the ability to
make decisions without explicit programming after learning from large amounts of data.
Up to now, machine learning has been employed to quantum areas. Thus far, a number
of promising applications have been proposed, such as quantum metric learning [1], the
gate decomposition problem [2], quantum states discrimination [3], quantum discrete
feature encoding [4], quantum nodes based on variational unsampling protocols [5] and
quantifying steerability [6].

Entanglement was first described by Einstein, Podolsky and Rosen [7]. Later, quantum
entanglement became a useful resource, enabling tasks such as quantum cryptography [8],
quantum teleportation [9] and driving fields on the spectrum [10]. There are also many
methods which have been proposed to distinguish and quantify entanglement, includ-
ing Tsallis-q entanglement [11], device-independent entanglement witnesses [12] and the
geometric measure of entanglement [13].

When it comes to the number of parties involved in entanglement, there are two
typical classes: bipartite entanglement and multipartite entanglement. When there are more
than two parties involved, the situation gets complicated. For example, when there are
three qubits in the Hilbert space H 4, Hp and H, a state is called a fully separable state if
it can be written as

o)

e = 04 @18l © 7 0

where |a) , € Ha, |B)g € Hp,|7)c € Hc. Biseparable states can be written as a product
state in the bipartite system. A biseparable state can be created if two of the three qubits
are grouped together into one party. There are three possibilities for grouping two qubits
together, and hence there are three classes of biseparable states. There are three possibilities:

‘®bS>A|Bc = 104 ®10)5c q)bS>B|AC = [0)p ®10)5c and ‘®bS>C|AB
|0) denotes a two-party state that might be entangled. Finally, a state is called genuine
entangled if it is neither fully separable nor biseparable. There are two main families of
multipartite entanglement: one is the GHZ states [14,15], and the other is the so-called W

states [16]. A schematic picture of the structure of mixed states for three qubits is shown in
Figure 1 [17].

= |a)c ® [6) o, where
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GHZ states W states

Figure 1. Schematic picture of the structure of mixed states for three qubits. The convex set of all
fully separable states (fs) is a subset of the set of all biseparable states (bs). The biseparable states are
the convex combinations of the biseparable states with respect to fixed partitions sketched by the
three different leaves. Outside are the genuine tripartite entangled states, the W class and the GHZ
class. There are many more GHZ states than W states. Reproduced with permission from Otfried
Giihne, Géza Toéth, Physics Reports; published by Elsevier, 2009.

Given two three-qubit states |¢) and |), one can ask whether it is possible to transform
a single copy of |¢) into |i) with local operations and classical communication (LOCC)
without requiring that this be done with certainty. This operation is called stochastic
local operations and classical communication (SLOCC). Compared with the well-known
local operations and classical communication (LOCC), SLOCC has a non-unit probability.
For systems of N qudits described by Hilbert spaces of the form H := C @ ... ® C~,
SLOCC operations are mathematically described by the group G := SL(d,C) x ... x
SL(dy,C), and the action is given by the tensor product. We call two states equivalent
if there is a non-vanishing probability of success when trying to convert one to another
through SLOCC. The distinction between a GHZ state and a W state is that one cannot be
transferred to another through SLOCC [18]. In that case, we can establish an equivalence
relation stating that two states |¢) and |¢) are equivalent if the parties have a no probability
of success when trying to convert |¢) into |ip) and also |ip) into |¢) when |¢) is a GHZ state
and |¢) is a W state. However, this conversion can happen when both states are GHZ or
W states. This relation has been termed stochastic equivalence. Their equivalence under
SLOCC indicates that both states are again suited to implement the same tasks of QIT,
although this time, the probability of a successful performance of the task may differ from
|$) to |¢). For instance, in a three-qubit case, we have that |¢) can be locally converted into
|¢) if an operator A ® B ® C exists, satisfying

¢) =A@ BRCly) 2

where operator A contains contributions from any round in which party A takes action on
its subsystem and likewise for operators B and C. To make sure the opposite conversion
can happen, each of these operators is necessarily invertible, particularly such that

¢) =A"@B ' @Cy) €)

There has been an abundance of methods for classifying separable and entangled states.
For instance, for 2 x 2 and 2 x 3 systems, the PPT criterion is a well-known method [19],
the computable cross-norm or realignment (CCNR) criterion is simple and strong [20,21],
and the entanglement witness is a necessary and sufficient criterion in terms of directly
measurable observables [22]. However, criteria for classifying GHZ and W states are
relatively few at present. In this work, we employ machine learning techniques to tackle
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the GHZ and W states by recasting them as learning tasks. Namely, we attempt to construct
a GHZ-W classifier. Our idea is to give the classifier a large number of sampled trial states
and corresponding category labels and then train the classifier to predict the category labels
of new states that it has not encountered before.

2. The Construction of the Classifier
2.1. Convex Hull Approximation

As with the detection of entanglement, a natural question is asked: how is it decided
which class a given state belongs to? However, methods for distinguishing between the
GHZ class and the W class are very rare. For the detection of entanglement, the entangle-
ment witness [23] can be used, as the W class states form a convex set. However, it is not
clear how one can show that a state is tripartite entangled and belongs to the W class. This
cannot be accomplished with witnesses; since they are designed to show that a state lies
outside a convex set, they fail to prove that a state is inside a convex set. The traditional
entanglement witness is used as a separability-entanglement classifier. An observable WV is
called an entanglement witness (or witness for short) if Tr(JWo,) > 0 for all separable o
and Tr(Wo.) < 0 for at least one entangled ¢, holds. Thus, if one measures Tr(Wp) < 0,
then one knows for sure that the state ¢ is entangled. From a geometric point of view,
both the state spaces and the entangled spaces form a convex set. The witness forms a
hyperplane in the space, dividing it into two parts.

However, the boundaries of the convex set are so complicated that direct application
of supervised learning to the classification will not be satisfying. In addition, due to the lack
of prior knowledge for training, the neural network cannot provide an acceptable accuracy.
In a study in 2018, researchers proposed a method of classification for entangled states
and separable states via constructing a convex hull approximating the set of entangled
states [24]. Entangled states form a convex set in the spaces, and as shown in Figure 1, W
states also form a convex set inside the set of GHZ states. Therefore, inspired by [24], we
introduce the convex hull approximation [25] here. The construction of convex hull is one
of the most fundamental problems in computational geometry. Here, we approximate the
W states from inside, for the W state space is a close convex set, and its critical points are
all the pure W states [17]. We define a convex hull as follows:

C =conv({c1, ..., cn}) 4)

where ¢y, ..., ¢y € X are pure W states sampled randomly. C is said to be a convex hull
approximation (CHA) of the W state space. To find the critical points, we propose an
iterative algorithm in Section 3.2.2. With the increasing of the number of critical points,
the convex hull approaches the W state space. In other words, C will be a more accurate
CHA of the W state space if we construct it with more pure W states. With this we can
approximately tell whether a state p is a W state or not by testing if its feature vector is in
C. This is equivalent to determining whether the feature vector can be written as a convex
combination of ¢; by solving the following linear programming;:

max o s.t.ap €C 5)

The constraint condition is equivalent to the following expansion:

m
ap=Y Nci, A>0, TiA=1 (6)
i=1

Here, « = «(C, p) is a function of C and p, and p is the feature vector of the state p to
be tested. If a(C,p) > 1, then p is in C, and thus p is a W state; otherwise, p it is highly
possible that this is a GHZ state. A schematic picture of the convex hull approximation is
shown in Figure 2.
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Figure 2. Convex hull approximation. The more critical points there are, the better the approximation is.

Then, we propose an iterative algorithm for detecting the W states. At the first step,
we use a few critical points (i.e., pure W states to build a CHA C). For a state p whose
feature vector is p, we find the maximum « by Equation (5), and it is still in C. If &« > 1, then
p is certainly in CHA and thus is a W state. Otherwise, suppose ap lies on a hyperplane P
such that P N C is the boundary of C. We can enlarge C by sampling the pure W states near
the known critical points. Then, we repeat the above procedure many times until « > 1 or
« converge.

2.2. A Tangent-Based Classifier via CHA

Due to the fact that the set of W states is convex, there must exist many tangent
hyperplanes P so that all the W states are on the same side of the space divided by the
hyperplane (i.e., N(P)|p),y > 0 is satisfied with all W states, where N(P) is the normal
vector of the tangent hyperplanes P).

A single tangent hyperplane P is not enough to classify the W and GHZ states, but
with enough tangent hyperplanes, the error rate can be tolerated. Thus, we aim to generate
enough tangent hyperplanes here. Due to the fact that the boundary of the set of W states WV
is so complicated, it is difficult to find tangent hyperplanes directly. However, with enough
critical points on the convex hull, we could approximate the tangent hyperplane by a
hyperplane determined by some points on the convex hull that are close enough (i.e., the
volume of the formed hyper-body would be minimized). With # dimensions for the states,
n critical points are needed here.

Suppose we have a set P = {Py,... P} now, so |p) being a W state approximately
equals to N(P;)|p) > 0, holding fori € {1, ..., k}. To approximate P, we implement the
method of Voronoi diagrams [26].

2.2.1. Voronoi Diagram

A Voronoi diagram is a given finite set of points that divides the space into some
small regions based on the nearest neighbor principle, where the points in the region are
closer to the points in the set of points contained in the region than to any other store in
the set of points. Given a set S = {py,p2, ..., pn} constructed by n points, the Voronoi
district of p; comes to Reg(p;) = {pld(p, pi) < d(p,pj),i # j}, where d(p;, pj) refers to the
Minkowski distance between p; and p;. The division given by Reg(p;)(i = 1,2, ..., n) and
their boundary is called the Voronoi diagram generated by p;.

2.2.2. Minimum Hyper-Body

As was mentioned above, to find the most approximately tangent hyperplanes means
to find the minimum hyper-body. Here, we utilize critical points and their neighbors
to generate the Voronoi diagram, and it was proven in [26] that the optimal time com-
plexity is O(nlogn). We implement the method of divide-and-conquer. The intersec-
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tion of the region where the target point is located is called the vertex. In a Voronoi
diagram, the existence of a vertex implies the existence of a hyper-body. Figure 3 is a
plane Voronoi diagram schematic. 41, g2 and g3 are three arbitrary points in the given
n points. Point O is the barycenter of the triangle constructed by 41, g2 and g3, which
means that there are no other target points in the triangle. Therefore, we can approxi-
mately consider the hyper-body composed of adjacent target points to be a locally op-
timal solution. In the plane Voronoi diagram case, we first select segment 414, as a
side of the triangle and then divide the n — 2 points other than g1, 4, into two subsets:
S1 = {p|Target points in the areas adjacent to the area where qy and q are located} and
Sy = {p|Target points in other areas}. We can select g3 and g as the present, so we ob-
tain Ag1g9293 and Agiq2q. Therefore, we just have to select all triangles made by the
Voronoi vertex and compare them to find the triangle with the smallest area as the solution.

Figure 3. A plane Voronoi diagram schematic. g1, 4 and g3 are three arbitrary points in the given
n points. Point O is the barycenter of Ag14,43. In a Voronoi diagram, there is a property where the
vertex point is the barycenter of the triangle formed by the target points. Therefore, there will not be
any other target points in Ag14243. Point O is an arbitrary target point, so it must be outside of the
triangle. In this case, Ag14243 can be considered the minimum triangle.

2.3. Combining CHA and Machine Learning

The method above (see Section 2.1) can detect the GHZ states and W states. However,
when increasing the accuracy, we have to enlarge the convex hull so that there is a large
number of critical points waiting for determination of whether they are in the convex hull

or not, leading to a greater time cost. Therefore, we bring supervised learning here to speed
up the algorithm.

2.3.1. Data Preparation

As for the data preparation, for any quantum state p, the density operator acting on
Ha @ Hp ® Hc can be presented as a real vector in X' = R4 que to the fact that
p is Hermitian and of trace 1, where d; is the dimension of H;. Generalized Gell-Mann
matrices [27] are a frequently used linear independent Hermitian orthonormal basis here.
Let {|1), ..., |n)} be the computational basis of the n-dimensional Hilbert space and

Ejx = 1|j) k| )

Thus, there are symmetrical matrices presented as follows:
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Sik=Ejx+tEj1<j<k<n (8)

There are also anti-symmetrical matrices, presented as
Ajy = —i(E]-,k - Ek,]), 1<j<k<n )

and diagonal matrices, presented as

’ 1
D, = I(1+1) <]§ Eis = lEl+1,l+1>/ I<l<n-1 (10)

Therefore, the generalized Gell-Mann matrices can be presented as follows:
{Ai} = {Sj,k} U {Aj,k} U{D;} (11)

where tr(A;) = 0 and tr(AA;) = 26;; when i # j.
Therefore, every p can be expanded into linear combinations as follows:

1 1 -
p:n<n+ 1) )x.A> (12)

where x; = Z(Hﬁl)tr(p)ti) .

In supervised learning, the training set should have the following form:

Dirain = {(x1,1abely), ..., (xm,labely,)} (13)

where m is the size of the training set, x; is the state vector input and label; is the corre-
sponding tag such that label; € {0,1}.

2.3.2. Extended Data Form

The CHA method described above has another obvious drawback from the perspective
of the trade-off between accuracy and time consumption. Improving the accuracy means
adding additional critical points to expand the convex hull, which leads to a greater time
cost to determine whether a point is within the expanded convex hull. To overcome
this problem, we combine CHA with supervised learning, as machine learning has the
ability to speed up this computation. To boost the accuracy, we add more information into
Equation (13). The original feature vectors x are extended to (x,«) so it can contain the
boundary information. Therefore, the dataset can be rewritten as

Dirain = {(x1, a1, labely), ..., (xn, &y, label,)} (14)

where a; = a(C, x;). Therefore, the classifier 4 is defined on X x R. The loss function of & is
defined as follows:

1
L(h, Dirain) = W Z I(y; # h(x;, a;)) (15)
rain (

x; i label;) € Dyygin
Then, we can employ a standard ensemble learning approach to train a classifier.

2.3.3. Ensemble Learning

In supervised learning algorithms, the goal is to learn a stable model that performs
well in all aspects, but in practice, this is often not the case, and sometimes, we can only
obtain multiple models with preferences. The underlying idea of integration learning is that
even if a weak classifier gets a wrong prediction, the other weak classifiers can correct the
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error [28]. In the bagging method, the bootstrap method is used to obtain N datasets from
the overall dataset with put-back sampling, a model is learned on each dataset, and the
final prediction results are obtained using the output of the N models. Specifically, the
classification problem uses the N model prediction voting method, and the regression
problem uses the N model prediction averaging method. Boosting is a machine learning
algorithm that can be used to reduce bias in supervised learning. It is also mainly used to
learn a series of weak classifiers and combine them into a strong classifier. Each training
example is assigned an equal weight at the beginning of training, and then the algorithm is
used to train the training set for several rounds. After each training, the training examples
that fail are assigned a larger weight (i.e., the learning algorithm pays more attention to the
wrong samples after each learning, resulting in multiple prediction functions). Here, we
imply both two models to compare their effects.

3. The Performance of the Classifier
3.1. Training Phase of the Predictors

Here, we generated GHZ and W states directly, calling the functions GHZState.m and
WState.m as in [29]. We generated a specific number of random quantum states which were
either GHZ states or W states with different labels. Then, we generated SLOCC to transfer
these states and obtain the training set, as is shown in Figure 4.

(-
sLocc
GH7 State m — P, —
\ -
g
sLocc
WState.m - )
<
\

Figure 4. Schematic diagram for generating the training set. We implemented the typical forms of

@n @n
GHZ states |GHZ) = % and W states [W) = J-(|100...0) +]010...0) + ...+ [000...1)) as
the original sates and generated SLOCC to transfer 191 these states and form more states in the GHZ
states set and W states set. We adopted the result as the training set.

3.2. Testing Phase of the Predictors

With the training set, we could construct the convex hull. Here, we choose an iterative
algorithm to find more critical points by one known critical point (i.e., to find its neighbors).
The algorithms are shown below.

3.2.1. Algorithm for Calculating the a

Let the GHZ states |¢) sy, € Ha and the W states |¢),, € Hp. To approximate the
set of W states with a convex hull C, we generated a bunch of critical points. The process
was carried out as follows:

(1) Randomly sample a state |¢) oy, € Ha = C?4 from a uniform distribution according
to the Haar measure;
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(2) Randomly sample a state |¢p),y € Hp =2 C from a uniform distribution according to
the Haar measure;

() Return |¢) 7 [¢)y-

Execute the process above N times to obtain # critical points cy, ..., ¢;. Then, solve
the convex optimization problem mentioned above to decide whether the vector is in the
convex hull generated.

3.2.2. Algorithm for Finding Critical Points

For the set of W states WV, which is closed and convex, for an arbitrary state p, there
must exist and only exist a critical point satisfying that app + (1 — a,)I/(ddp) is on the
boundary of W. When o < &, p is a W state, and when a > «), it is a GHZ state. Here is
an iterative algorithm for calculating a, based on the convex hull C:

(1) Initiate p as the feature vector of p, and sete =1, = 0.9;

(2) Update ap < a(C, p);

(3) Now, app =Y Aic;. Pick¢;, ..., ¢, to be the critical points satisfying A; > 0. Update
C < conv(cyy, ..., Cip);

(4) Foreachk =1,...D, suppose c; is the feature vector of |ax)|by). Sample the neighbor
of ¢;,; that is, to randomly generate two Hermitian operators Hy € Ha, Hy € Hp,
satisfying ||[Hy|| = 1, ||Hz|| = 1. Let § be a random number in [0, ¢]. Set |a;")|b") =
(eH1 @ e0H2) g ) by ). Set C < conv(C,ck’), where ¢ is the feature vector of |a) [by);

(5) Update € <— ¢e and go back to step 2.

We repeated step 4 10 times to find enough neighbors. The initiation of ¢ could be
adjusted. When ¢ is closer to 1, the approximation is more precise, and on the contrary,
when ¢ is closer to 0, the speed of approximation gets faster.

3.2.3. Algorithm for Calculating an Approximate Tangent Hyperplane

For a given set of critical points S = {p1, p2, ..., pn}, we chose a Voronoi diagram to
find the approximate tangent hyperplanes:

(1) Divide the n critical points into 50 parts, each of which contains m critical points.
Generate a Voronoi diagram via each part. Here, we directly implement the function
voronoin.m of the Qhull toolbox [30] to generate the n-dimensional Voronoi diagram.

(2) Find the minimum hyper-body via the adjacent target points. Generate the correspond-
ing tangent hyperplane. Decide which states are GHZ states according to the hyperplane.

(38) Repeat step 2 50 times or until all the diagrams have been used.

Without the implementation of CHA, the results of the direct supervised learning are
shown below (Table 1).

Table 1. Error rate of the classifier via the direct supervised learning algorithm.

Method SVM Decision Tree Bagging Boosting
Error (%) 14.1 25.2 18.8 17.3

Here, we name the CHA combined with a tangent hyperplane as TCHA and name the
CHA combined with ensemble learning as ECHA. For the lack of boundary knowledge,
it was difficult to reduce the error rate. For the three-qubit and four-qubit cases, the error
rates of different numbers of critical points are shown below (Figures 5 and 6).
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==Emor of CHA(%) ==Emor of TCHA(%) == Emor of ECHA(Boosting)(%) Error of ECHA(Bagging )(%)
25

20

15

10

Too——ap

N=1000 N=2000 N=5000 N=10,000

Figure 5. The error rates of different classifiers for the 3-qubit case when N increased. The perfor-
mances of the two ECHAs were better than the CHA, while those of the ECHAs were similar.

==CEmor of CHA() ==Emor of TCHA(%) == Emor of ECHA(Boosting)(%) Error of ECHA(Bag ging )(%)
30

25

20

15

10

N=1000 N=2000 N=5000 N=10,000

Figure 6. The error rates of different classifiers for the 4-qubit case when N increased. They were
slightly poorer than those for the 3-qubit case.

It can be seen that the accuracy decreased when the number of critical points in-
creased. The performances of the three-qubit cases were better than those of the four-qubit
cases. The approximation was more accurate when the number of critical points increased,
and when the number of qubits increased, the entanglements became more complicated.
For the case of the TCHA, the performance was better than that of the CHA due to the
introduction of a tagent hyperplane. However, TCHA highly depends on the number of
critical points, leading to a huge amount of computations, so the performances have limits.
The performances of the ECHA were better than those of TCHA and CHA. The training
of the machine learning model is related to the dimensions of the feature vectors, which
was 65 in the case of the 3-qubit, case and increased to 257 in the case of the 4-qubit case.
The dimensions of the feature vectors predictably grew as the number of qubits grew, so
the accuracy would be reduced.
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4. Conclusions

In this paper, we built a GHZ-W state classifier by an ensemble learning approach.
To improve the accuracy,we first implemented a Voronoi diagram to build a tangent
hyperplane classifier. Then, we added the boundary information about the convex hull
as prior knowledge in the data to be trained and tested it to build an ensemble learning
classifier. Such classifiers outperformed the algorithm with direct supervised learning in
terms of accuracy.

The key of our scheme is the approximation of the convex hull of quantum states,
so in theory, this method can be implemented with other classifications of multipartite
entanglements meeting the conditions of a convex set. For example, the hierarchy of
multipartite entangled states among N-party quantum states meets this condition, so
genuine multipartite entangled states and k separable states can be classified via this
method. Classifications of W states as well as Dicke states, cluster states and graph states
are part of the same case [31]. We hope our scheme can be implemented in other types
of entanglement classification. Aside from that, theoretically, such a classifier can also be
extended to higher dimensions. We hope that our classifier will be able to handle more
quantum information tasks in the future.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available at https://github.com/
Pingxun-Wang/GHZ-W-states-classifier, accessed on 1 March 2022.

Acknowledgments: The authors would like to thank S. Qian of the Communication Science and
Engineering Department of Fudan University for helpful discussions on topics related to this work.
The authors are grateful to J. Ren, J. Xu and ]. Zhan for help with proofreading and other discussions.

Conflicts of Interest: The author declares no conflict of interest.

References

1.

10.

11.

12.

Thumwanit, N.; Lortaraprasert, C.; Yano, H.; Raymond, R. Trainable Discrete Feature Embeddings for Quantum Machine Learning.
In Proceedings of the 2021 IEEE International Conference on Quantum Computing and Engineering (QCE), San Francisco, CA,
USA, 5-9 December 2021; pp. 479-480. [CrossRef]

Yi, T.; Wang, J.; Xu, F. Optimizing Hamiltonian control using quantum machine learning method. In Proceedings of the 2021
International Conference on Electronic Information Engineering and Computer Science (EIECS), Changchun, China, 23-26
September 2021; pp. 529-532. [CrossRef]

Quiroga, D.; Date, P.; Pooser, R. Discriminating Quantum States with Quantum Machine Learning. In Proceedings of the 2021
IEEE International Conference on Quantum Computing and Engineering (QCE), Broomfield, CO, USA, 17-22 October 2021;
pp. 481-482. [CrossRef]

Yano, H.; Suzuki, Y.; Itoh, K.M.; Raymond, R.; Yamamoto, N. Efficient Discrete Feature Encoding for Variational Quantum
Classifier. IEEE Trans. Quantum Eng. 2021, 2, 1-14. [CrossRef]

Tacchino, F.; Barkoutsos, P.K.; Macchiavello, C.; Gerace, D.; Tavernelli, I.; Bajoni, D. Variational Learning for Quantum Artificial
Neural Networks. IEEE Trans. Quantum Eng. 2021, 2, 1-10. [CrossRef]

Zhang, Y.Q.; Yang, L.]J.; He, Q.L.; Chen, L. Machine learning on quantifying quantum steerability. Quantum Inf. Process 2020, 19,
263. [CrossRef]

Einstein, A.; Podolsky, B.; Rosen, N. Can quantum-mechanical description of physical reality be considered complete? Phys. Rev.
1935, 47, 777. [CrossRef]

Ekert, A.K. Quantum Cryptography Based on Bell’s Theorem. Phys. Rev. Lett. 1991, 67, 661. [CrossRef]

Bennett, C.H.; Brassard, G.; Cr epeau, C.; Jozsa, R.; Peres, A.; Wootters, W.K. Teleporting an unknown quantum state via dual
classical and Einstein-Podolsky-Rosen channels. Phys. Rev. Lett. 1993, 70, 1895. [CrossRef]

Mortezapour, A.; Nourmandipour, A.; Gholipour, H. The effect of classical driving field on the spectrum of a qubit and
entanglement swapping inside dissipative cavities. Quantum Inf. Process 2020, 19, 136. [CrossRef]

Moslehi, M.; Baghshahi, H.R.; Mirafzali, S.Y. Upper and lower bounds for Tsallis-q entanglement measure. Quantum Inf. Process
2020, 19, 413. [CrossRef]

Paul, B.; Mukherjee, K.; Karmakar, S.; Sarkar, D.; Mukherjee, A.; Roy, A.; Bhattacharya, S.S. Detection of genuine tripartite
entanglement in quantum network scenario. Quantum Inf. Process 2020, 19, 246. [CrossRef]


https://github.com/Pingxun-Wang/GHZ-W-states-classifier
https://github.com/Pingxun-Wang/GHZ-W-states-classifier
http://doi.org/10.1109/QCE52317.2021.00087
http://dx.doi.org/10.1109/EIECS53707.2021.9587938
http://dx.doi.org/10.1109/QCE52317.2021.00088
http://dx.doi.org/10.1109/TQE.2021.3103050
http://dx.doi.org/10.1109/TQE.2021.3062494
http://dx.doi.org/10.1007/s11128-020-02769-4
http://dx.doi.org/10.1103/PhysRev.47.777
http://dx.doi.org/10.1103/PhysRevLett.67.661
http://dx.doi.org/10.1103/PhysRevLett.70.1895
http://dx.doi.org/10.1007/s11128-020-02634-4
http://dx.doi.org/10.1007/s11128-020-02926-9
http://dx.doi.org/10.1007/s11128-020-02750-1

Appl. Sci. 2022,12,12778 11 of 11

13.

14.

15.

16.

17.
18.

19.
20.
21.
22.
23.
24.

25.
26.

27.
28.

29.

30.

31.

Susulovska, N.A.; Gnatenko, K.P. Quantifying Geometric Measure of Entanglement of Multi-qubit Graph States on the IBM’s
Quantum Computer. In Proceedings of the 2021 IEEE International Conference on Quantum Computing and Engineering (QCE),
Broomfield, CO, USA, 17-22 October 2021; pp. 465-466. [CrossRef]

Svetlichny, G. Distinguishing three-body from two-body nonseparability by a Bell-type inequality. Phys. Rev. D 1987, 35, 3066.
[CrossRef]

Greenberger, D.M.; Horne, M.A.; Zeilinger, A. Going beyond Bell’s theorem. In Bell’s Theorem, Quantum Theory, and Conceptions of
the Universe; Springer: Dordrecht, The Netherlands, 1989.

Zeilinger, A.; Horne, M.A.; Greenberger, D.M. Proceedings of Squeezed States and Quantum Uncertainty. NASA Conf. Publ. 1992,
3135, 73.

Giihne, O.; Téth, G. Entanglement detection. Phys. Rep. 2009, 474, 1-75. [CrossRef]

Bennett, C.H.; Popescu, S.; Rohrlich, D.; Smolin, J.A.; Thapliyal, A.V. Exact and asymptotic measures of multipartite pure-state
entanglement. Phys. Rev. A 2000, 63, 012307. [CrossRef]

Peres, A. Separability criterion for density matrices. Phys. Rev. Lett. 1996, 77, 1413. [CrossRef] [PubMed]

Rudolph, O. Further results on the cross norm criterion for separability. Quantum Inf. Proc. 2005, 4, 219. [CrossRef]

Chen, K.; Wu, L.A. A matrix realignment method for recognizing entanglement. Quant. Inf. Comput. Quant. Inf. Comp. 2003,
3,193.

Horodecki, M.; Horodecki, P.; Horodecki, R. Separability of mixed states: Necessary and sufficient conditions. Phys. Lett. A 1996,
1, 223. [CrossRef]

Chen, X.; Jiang, L. What Criterion Can We Get From Precise Entanglement Witnesses? IEEE ]. Sel. Areas Commun. 2020, 38,
557-567. [CrossRef]

Lu, S;; Huang, S.; Li, K; Li, J.; Chen, J.; lu, D.; Ji, Z; Shen, Y.; Zhou, D.; Zeng, B. Separability-Entanglement Classifier via Machine
Learning. Phys. Rev. A 2018, 98, 012315. [CrossRef]

Hossain, M.Z.; Amin, M.A. On Constructing Approximate Convex Hull. Am. J. Comput. Math. 2013, 3, 11-17. [CrossRef]

Chen, J. A raster-based method for computing Voronoi diagrams of spatial objects using dynamic distance transformation. Int. J.
Geogr. Inf. Sci. 1999, 13, 209-225. [CrossRef]

Bertlmann, R.A.; Krammer, P. Bloch vectors for qudits. J. Phys. A Math. Theor. 2008, 41, 235303. [CrossRef]

Freund, Y.; Schapire, R.E. A Decision-Theoretic Generalization of On-Line Learning and an Application to Boosting. J. Comput.
Syst. Sci. 1997, 55, 119-139. [CrossRef]

Johnston, N. QETLAB: A MATLAB Toolbox for Quantum Entanglement. Version 0.9. Available online: http://www.qetlab.com
(accessed on 12 January 2016). [CrossRef]

Barber, C.B.; Dobkin, D.P.; Huhdanpaa, H.T. The Quickhull Algorithm for Convex Hulls. ACM Trans. Math. Softw. 1996, 22,
469-483. [CrossRef]

Das, S.; Chanda, T.; Lewenstein, M.; Sanpera, A.; Sen De, A.; Sen, U. The separability versus entanglement problem. In Quantum
Information: From Foundations to Quantum Technology Applications; Wiley: Hoboken, NJ, USA, 2017.


http://dx.doi.org/10.1109/QCE52317.2021.00080
http://dx.doi.org/10.1103/PhysRevD.35.3066
http://dx.doi.org/10.1016/j.physrep.2009.02.004
http://dx.doi.org/10.1103/PhysRevA.63.012307
http://dx.doi.org/10.1103/PhysRevLett.77.1413
http://www.ncbi.nlm.nih.gov/pubmed/10063072
http://dx.doi.org/10.1007/s11128-005-5664-1
http://dx.doi.org/10.1016/0375-9601(95)00904-3
http://dx.doi.org/10.1109/JSAC.2020.2969006
http://dx.doi.org/10.1103/PhysRevA.98.012315
http://dx.doi.org/10.4236/ajcm.2013.31A003
http://dx.doi.org/10.1080/136588199241328
http://dx.doi.org/10.1088/1751-8113/41/23/235303
http://dx.doi.org/10.1006/jcss.1997.1504
http://www.qetlab.com
http://dx.doi.org/10.5281/zenodo.44637
http://dx.doi.org/10.1145/235815.235821

	Introduction
	The Construction of the Classifier
	Convex Hull Approximation
	A Tangent-Based Classifier via CHA
	Voronoi Diagram
	Minimum Hyper-Body

	Combining CHA and Machine Learning
	Data Preparation
	Extended Data Form
	Ensemble Learning


	The Performance of the Classifier
	Training Phase of the Predictors
	Testing Phase of the Predictors
	Algorithm for Calculating the 
	Algorithm for Finding Critical Points
	Algorithm for Calculating an Approximate Tangent Hyperplane


	Conclusions
	References

