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Quantum machine learning represents a promising approach to disclose novel possibilities for quantum
information protocols. Thus, recent efforts have been dedicated to determine how to merge, or extend, machine
learning approaches in the quantum domain. A relevant example is provided by a quantum-optical neural network
(QONN), a class of physical systems that aim to represent the quantum-optical version of classical neural
networks. This architecture was first introduced to identify the structure of optical circuits in analogy to their
classical counterpart, showing the possibility of tackling different quantum tasks. However, the full potential of
such an approach still needs to be explored. In this work, we provide a step forward in this direction by employing
it to tackle the fundamental task of optical quantum cloning. The employed architecture has been successfully
trained to perform deterministic universal quantum cloning on a photonic platform, achieving results that are very
close to that of an optimal universal quantum cloner. Furthermore, we have verified numerically the robustness
of this approach with respect to experimental imperfections relevant for future implementations. This work thus
shows the capabilities and flexibility of QONNs, which might prove important for designing even more complex
optical circuits.
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I. INTRODUCTION

In recent years, several technological advances have sig-
nificantly improved our ability to handle quantum systems
with progressively larger complexity for quantum information
applications [1]. Such applications include quantum comput-
ing, simulation, communication, and sensing. In particular,
these advances in the available platforms have enabled the first
experiments [2–6] tackling the quantum advantage regime,
namely the scenario in which quantum devices are capable
of outperforming classical computers in specific tasks. These
results have thus paved the way for the development and
application of noisy intermediate-scale quantum (NISQ) pro-
cessors [7] for quantum-enhanced information processing.

The aforementioned technological improvements are cur-
rently accompanied by new prospects for the development of
quantum algorithms. A promising direction has been iden-
tified in seeking to extend machine learning approaches
in the quantum domain, thus merging that discipline with
the quantum information field. Machine learning, and more
specifically deep learning [8], is currently being applied to
different fields, ranging from physics [9] to medicine [10].
Most machine learning algorithms start with (usually) ran-
domized parameters and then seek to change these parameters
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over multiple iterations to optimize the value of a function.
These methods can be applied to a large variety of tasks, and
their effectiveness is based on the manifold hypothesis [11],
which states that real-world high-dimensional data lie on low-
dimensional manifolds embedded within high-dimensional
space.

Among all the different machine learning techniques, neu-
ral networks [12], i.e., machine learning models that are
inspired by the biological neural networks that constitute the
brains of living beings, have attracted by far the most attention
in recent years. They are currently considered to be one of
the most promising approaches thanks to their good perfor-
mance and high flexibility, making them well suited for a
large number of applications, such as image recognition [13]
and automated driving [14]. This has led to the creation of
several different neural network models, each one specialized
to tackle specific tasks, such as convolutional neural networks
for image detection and long short-term memory for semantic
parsing.

The merging of machine learning and quantum information
has been pursued in different directions. On one side, conven-
tional machine learning methods have been shown to be an
effective solution to control [15–17], characterize [18–21], or
analyze the output [22–25] of quantum devices. Conversely,
a different approach called quantum machine learning aims
at devising a novel class of algorithms directly extending the
concept of machine learning in the quantum domain [26–30].
For instance, quantum machine learning algorithms for uni-
versal quantum computers have been proposed, leading to the
first small-scale implementations [31]. Additionally, the first
analysis has been reported for applications in other research
areas [32]. Within this context, an architecture to design a
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quantum-optical neural network was proposed in Ref. [29].
This system represent a type of optical network designed
specifically to represent the quantum-optical version of clas-
sical neural networks. In Ref. [29], a first investigation on
the classes of tasks that can be solved via this approach was
reported, with further analysis reported in Ref. [33]. However,
the potentiality of such an approach still needs to be fully
explored.

In this paper, we perform a step forward by applying
the quantum-optical neural network (QONN) architecture to
identify an appropriate circuit realizing the optimal quantum
cloning process [34,35], a fundamental process in differ-
ent quantum information protocols [1,36–41]. Besides a
circuital approach, several optical implementations of uni-
versal quantum cloning on an optical platform have reported
[41–48]. However, current optical implementations are inher-
ently probabilistic. Recently, variational techniques have been
proposed as a tool to optimize quantum circuits for quantum
cloning [49]. Here, we numerically show that the QONN is
capable of learning the correct structure to perform nearly
optimal deterministic universal quantum cloning.

In Sec. II we provide a brief overview of the optimal
quantum cloning problem. Then, in Sec. III we discuss the ar-
chitecture and the employed training approach for the QONN
circuit tackling the chosen task. In Sec. IV we then report
the obtained numerical results, showing that the system can
achieve fidelity of the operation close to the optimal value.
Finally, in Sec. V we perform detailed numerical simulations
to show the impact of the relevant noise factors in future
implementations.

II. OPTIMAL QUANTUM CLONING IN OPTICAL
PLATFORMS

Cloning is a process that takes an arbitrary, unknown state
and seeks to make an exact copy without altering the original
state. In classical computing, it is a fundamental operation that
is at the basis of all computing architectures. In the quantum
domain, however, exact cloning of an unknown quantum state
is forbidden by the laws of quantum mechanics as shown by
the no-cloning theorem, which states that there is no admitted
operation for cloning any arbitrary state perfectly [50]. How-
ever, approximate quantum cloning is possible, and it has been
shown [34,51] that the maximum 1 → 2 single copy fidelity
that is theoretically possible for a universal quantum cloner
is F opt

1 = 〈ψ |ρ1|ψ〉 = 5/6, this latter quantity measuring the
distance between two quantum states. As such, a single copy
fidelity of F opt

1 indicates that the clone has a 5/6 chance of
collapsing into the state of the original qubit when measured
in the original qubit basis. It is also important to note that,
if partial information of the input state is known, one can
design a cloning machine for this kind of input state, which
achieves higher fidelities than that of a universal quantum
cloner [52,53]. Quantum cloning thus refers to a process that
approximately copies qubit states, changing the original qubit
in the process.

Subsequent studies have thus focused on the implemen-
tation of quantum devices, called quantum cloners, tailored
to perform the cloning task reaching optimal fidelity. These
machines obtaining the maximum theoretically possible

fidelity are called optimal quantum cloners [51]. When no
a priori information on the state is available, these devices
are called universal optimal quantum cloners. A circuit model
for such a machine has been defined in [34,35]. However,
when talking about optical quantum cloning [54], all of the
implementations that have been proposed and realized so far
are probabilistic in nature [41–48], and thus typically rely on
postselection costs [55], which limits the amount of useful
signal. Conversely, the target operation of cloning machines
to avoid such overhead is to obtain optimal performances in a
deterministic fashion.

III. QUANTUM-OPTICAL NEURAL NETWORK FOR
QUANTUM CLONING

An architecture to define the quantum-optical extension
of neural networks has been proposed in Ref. [29]. Such an
architecture is made up of multiple layers, each composed of a
linear unitary transformation and a set of nonlinear single-site
transformations. Input states in the network are photon states
employed to encode qubits. More specifically, the dual-rail
encoding is used to associate each pair of modes to a qubit,
where states {|0〉, |1〉} correspond to a single photon in the first
and second mode, respectively. The QONN can be consid-
ered the quantum-optical version of the multilayer perceptron
(MLP), where the linear transformations generated by the
weight matrices are replaced by the unitary transformations
generated by a set of matrices U (L)

k and the nonlinear activa-
tion functions are replaced by single-site optical nonlinearities
with a Kerr-type interaction �(χ ) [a schematic of the QONN
structure is shown in Fig. 1(a)].

In this work, we will use the QONN architecture to im-
plement the optical quantum cloning task. We will consider
the adoption of the backpropagation method in the training
process, which allows for a significant reduction in training
time. It must be noted that there is currently no known way to
use backpropagation when training directly on quantum hard-
ware, and thus this technique can only be used when training
the QONN using simulations. Of course, the trained network
can then be physically realized using the trained parameters,
so this limitation only applies to circuits that are too complex
to be simulated classically. The topic of how to efficiently
train larger quantum machine learning (QML) models is a
very important and challenging one, requiring several inves-
tigations in the future. To fully exploit the backpropagation
approach, we will also employ a detection method for the
output state by measuring the output modes in pairs, as ex-
plained in Sec. III C. This allows for a faster implementation
of the backpropagation approach, compared to measuring the
whole state on all modes, also enabling fewer resources for
the physical implementation.

A. Layer structure

The quantum-optical neural network considered here is
made up of multiple layers, as shown in Fig. 1(a). Each
layer of our network can be divided into two parts. The first
block is a linear transformation U (L)

k , consisting of an M × M
unitary interferometer according to the universal architecture
of Ref. [56], decomposed in a network of beam-splitters
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FIG. 1. (a) Structure of quantum-optical neural network architecture. This is composed of a sequence of layers performing a linear
evolution, U (L)

k , interspersed by layers composed of single-site nonlinearities with a Kerr-type interaction �(χ ). (b) Implementation of a general
linear transformation U (L)

k according to the structure defined in [56], composed of a sequence of beam-splitter transformations B(θ k
i , φk

i ) and a
layer of output phase R(ϕk

i ). (c) Complete circuit including the input state preparation stage [obtained via the sequence R(−π/2), B(θin, φin ),
R(−π/2)] and the output state measurement one [implemented as the sequence R(−π/2), B(θ k

out, φ
k
out ), R(−π/2) on each pair of modes

corresponding to a logical qubit].

and phase shifters with appropriate layout. More specifically,
the architecture for M modes requires M(M − 1)/2 beam-
splitters and M phase shifters as shown in Fig. 1(b). The
second block is a set of nonlinear single-site transformation,
in this case corresponding to Kerr interactions �(χ ) on each
mode:

�(χ ) =
∞∑

n=0

eın(n−1)χ |n〉〈n|. (1)

To reach the desired operation, the training process on the
network is performed only on the linear part. More specifi-
cally, the parameters that are learned in the process are the
beam-splitter transmittivities and the phase shifters, while the
nonlinear phases χ for the Kerr layer is fixed to χ = π

2 .
Indeed, each beam-splitter B is described by a 2 × 2 matrix
depending on two parameters, θ and φ:

B(θ, φ) =
[

cos θ −e−ıφ sin θ

eıφ sin θ cos θ

]
. (2)

Additionally, a single layer of phase shifts at the output {ϕi}
requires one additional parameter per mode. This means that
in total each layer has 2M(M − 1)/2 + M = M2 trainable
parameters. In the specific application for cloning, we require
the network to have six modes (see Fig. 1).

Regarding the nonlinear layers, they serve the same role as
activation functions in classical MLP models, and thus it is not
necessary to train them. Their role is to increase the expressiv-
ity of the network, allowing for an accurate approximation of
any kind of function, not limited to only linear ones [57,58].
The usefulness of nonlinear layers in the quantum case is
shown by the observation that increased performances are
obtained by increasing the number of layers. It is important to
note that, in principle, this is not limited to Kerr nonlinearities,
but in fact any kind of nonlinearity could be used, although

there would likely be differences in performance depending
on the adopted evolution.

B. Network structure

As anticipated in the previous section, the QONN dis-
cussed in this manuscript is composed of a sequence of layers
having the structure highlighted above. The number of layers
to be included in the full network has to be chosen depending
on the following considerations. On the one hand, increasing
the number of layers is typically associated with improved
expressivity of the network, making it possible to solve prob-
lems with higher complexity. In parallel, this corresponds to a
larger number of parameters that need to be trained, increasing
the training time and thus the convergence of the training
process to an effective set of system parameters to solve
the chosen task. Hence, it is necessary to verify the optimal
compromise between the complexity of the network and the
training time. Another point that is important to consider is
that, when realizing the physical circuit, a larger number of
layers will be associated with increasing errors caused by
imperfections in the actual implementation. Thus, it is crucial
to choose the minimal amount of layers that still provide
enough expressivity to solve relevant tasks. For these reasons,
in the optimal cloning scenario we considered as a good com-
promise the adoption of a seven-layer network. As shown in
Fig. 1(c), the system requires the addition of a module before
the QONN, used to prepare the input states, and a second
module after the QONN, required to measure the output states.

Training of the input according to the employed method-
ology requires preparation of six input states correspond-
ing to the three mutually unbiased orthonormal bases,
namely the computational basis (|0〉, |1〉), the diagonal ba-
sis ( |0〉+|1〉√

2
,

|0〉−|1〉√
2

), and the circular basis ( |0〉+i|1〉√
2

,
|0〉−i|1〉√

2
).

As previously introduced, encoding of the logical states is
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performed by considering pairs of modes, and assigning the
logical values |0〉 (|1〉) depending on the presence of a single
photon in modes 1 (2) in the mode pair. The chosen bases set
has the relevant property of being complete and balanced, as
well as being the minimal set satisfying this feature. Being
complete, this ensures that it is not necessary to expand it
to obtain improved training capabilities. Furthermore, being
balanced, the training process does not favor operation of the
circuit on one specific basis with respect to the others. Finally,
avoiding overfitting via this approach also permits us to train
the network without requiring the additional use of techniques
(such as early stopping [59]) that would usually be employed
to prevent such an undesired effect, at the cost of reduced
accuracy.

To prepare these input states, we start with either the |0〉 or
the |1〉 state on the first pairs of modes, which in our encoding
are represented by a photon in the first mode or a photon in
the second mode, respectively. States |0〉+|1〉√

2
and |0〉−|1〉√

2
are ob-

tained via application of a symmetric beam-splitter and phase
shifters on the second mode [60]. Preparation of states |0〉+i|1〉√

2

and |0〉−i|1〉√
2

requires an additional ϕin = π
2 phase shift on the

second mode. This corresponds to the set of transformations
shown in Fig. 1(c) before the QONN. The complete input
state is thus prepared as follows. The two upper modes are
employed to encode the qubit to be cloned, while the other
two qubits are initialized to the state |0〉, thus requiring a
single-photon in the first mode of each subsequent pairs (input
modes 3 and 5 of the network).

After evolution in the QONN, the aim is to obtain an
optimal copy of the input qubit in the second qubit. Thus, it
is necessary to measure the output of the first four modes,
corresponding to the first two qubits, while the remaining
part is treated as an ancilla for the computation. Measure-
ment of the output state can be performed with different
approaches. On the one hand, complete information can be
obtained via state tomography, which requires a progressively
large number of measurements and thus may not represent the
optimal choice for our purpose. For the chosen task (quantum
cloning), knowledge of the target output state can be exploited
during the training process. Indeed, a more efficient approach
can be devised by projecting the output qubit onto the desired
state, allowing us to measure the fidelity of the cloning with
a single configuration for each state. This projection is done
via a sequence of a phase shift and a Hadamard gate, thus
reversing the sequence of operation for the input preparation
[the complete scheme is shown in Fig. 1(c)].

C. Training the network

Once the structure of the quantum-optical neural network is
defined, we can describe the training process. A custom code
for the quantum simulations and the training of the QONNs
was written in PYTHON 3 [61], and it was based on the libraries
Pennylane [62], Strawberry Fields [63], and Tensorflow [64].
As discussed in Sec. III B, input states are prepared according
to the scheme of Fig. 1(c). This permits us to prepare the set
of six states belonging to three mutually unbiased orthonormal
bases. A single epoch of the training process corresponds to
calculating (or measuring, if performed on an actual device)

the probability of each combination of photons in the first two
pairs of modes. More specifically, this is performed for a fixed
value of the internal parameters (beam-splitter transmittivities
and phases) of the neural network. The set of probabilities y j

corresponding to a given network configuration is then com-
pared with the expected predictions ŷ j via a suitably chosen
cost function C({θ k

i , φk
i , ϕ

k
l }). In our case, the chosen cost

function is the mean-squared error (MSE), defined as

C
({

θ k
i , φk

i , ϕ
k
l

}) =
∑n

j=1(y j − ŷ j )2

n
, (3)

where n is the number of relevant probabilities (see below).
This cost function was chosen because it leads to balanced
performances with respect to the full set of states. Once we
have obtained the loss, we use backpropagation to decide how
to adjust the values of the network parameters in order to
reduce the loss. More specifically, the new set of parameters
is defined for the subsequent epoch through minimization
of the cost function via the ADAM optimizer [65]. In the
following, we then discuss specific details regarding such a
training process.

The first relevant aspect addresses the chosen dual-rail
encoding for the qubit implementation with respect to the
architecture of the QONN. Indeed, such a choice of encoding
requires input and output states where only one photon is
present per each pair of modes, corresponding to the logical
|0〉 and logical |1〉 states. Conversely, the optical architecture
corresponding to the QONN provides a photon evolution that
is not limited to input states that have a logical meaning
in dual-rail encoding. Thus, the training process must favor
a circuit operation leading to input-output states in such an
encoding. To this end, it is not sufficient to measure the mean
photon number in each output mode after the projection, since
the process will not distinguish between states associated with
logical qubits rather than other states, such as those with
two photons on the same output mode or those with photons
in both wires associated with the same qubit. To take such
an aspect related to the logical encoding into account, the
training process exploits output probabilities related to pairs
of adjacent output modes. More specifically, given a pair of
modes ( j, j + 1) corresponding to the two rails of a logical
qubit [e.g., pairs (1,2), (3,4), and (5,6)], the process includes
within the set yi all the probabilities Pr(n j, n j+1) related to
measuring n j photons in mode j, and n j+1 photons in mode
j + 1 at the output of the network, with the constraint of
having n j + n j+1 < N , with N the total number of input pho-
tons. Then, the target probabilities ŷi for all configurations
(n j, n j+1) that do not correspond to a logical qubit are set to
0. Namely, only the two configurations (n j = 1, n j+1 = 0) and
(n j = 0, n j+1 = 1) corresponding to logical qubits |0〉 and |1〉
have a nonzero associated target probability. In such a way,
during the training process the network is driven to generate
only states associated with logical qubits in dual rail encoding.

One of the main issues we encountered is the possibility
that the training process will fail to reach the global mini-
mum while getting stuck in a local one. While this possibility
can be reduced by an appropriate choice of the optimizer,
such as the ADAM one, the probability of this undesired
outcome of the training process is still non-negligible. We then
chose to divide the training process in two different steps. (i)
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FIG. 2. Evolution of the cost function C({θ k
i , φk

i , ϕ
k
l }) during the

epochs in a successful first step of training.

The first stage is performed by using a relatively high learning
rate, with the aim of reaching the parameter space region
close to the global minimum. (ii) In the second stage, we
performed a longer and more refined training, with a smaller
learning rate than step (i), to perform fine-tuning optimization
around the global minimum. During both training steps, we
use a decaying learning rate. This two-step procedure has been
shown to reduce significantly the probability of reaching a
local minimum, thus reducing the effective time required for
the overall process.

In the first stage of the training process, we employed
the MSE cost function to avoid obtaining asymmetric re-
sults with respect to the target values ŷi for the probabilities
Pr(n j, n j+1). In particular, we set to 1 only the probabilities
for the configurations corresponding to the output associated
with perfect clones. This choice is performed to provide an
additional boost to the learning process to approach the region
corresponding to a global minimum. Note that these values are
effectively forbidden by the laws of quantum mechanics, since
they correspond to a perfect (unitary fidelity for the clones)
universal cloning machine. A first interesting thing to note
is that, even though we initially set the target values to be
those corresponding to a physically impossible scenario, we
find that the training process reaches the correct configuration.
Additionally, when the probability of cloning the correct state
approaches the (physically accessible) optimal value of 5/6,
the probability of obtaining the orthogonal state converges to
the value of 1/6. Hence, the system naturally converges to
a configuration close to the expected result for an optimal
cloning machine. This also motives the choice of the target
probabilities to be inserted in the second stage. In Fig. 2 we
show graph of the loss, i.e., the cost function C({θ k

i , φk
i , ϕ

k
l }),

during the epochs in a successful first step of training.
For the second stage of training, we first keep the MSE

cost function and the target to be a clone with unitary fidelity.
Then, after some training with those conditions we switch the
cost function to MAE (mean absolute error), and we switch
the targets to the theoretical physical accessibility maximum
fidelity, meaning that we set the probability Pr(nj, n j+1) of
a perfect clone to 5/6 and the probability of the orthogonal
state to 1/6. This choice, in parallel to the adoption of a low

learning rate, reduces the probability that the training process
exits from the region corresponding to a global minimum in
this second stage.

Finally, we have considered also the possibility of extend-
ing the depth of the network to verify whether it can lead
to significant improvements in the system performances. In
particular, after training the seven-layer network and setting
the parameters of the first section accordingly, we included
three additional layers by initializing their parameter such
that the added part performs the identity operation. This new
10-layer network is then trained with a low learning rate. We
discuss the output of this configuration in the following sec-
tion by analyzing the interplay between the slightly improved
fidelities and the unavoidable errors introduced by an actual
implementation of the network.

IV. RESULTS

Once we complete the training, we stop updating the pa-
rameters and we test the trained network. More specifically,
the trained circuit can be now used to act as a universal optimal
cloning machine on unknown input states. To measure the
performance of the trained network, we tested the fidelity of
the output clones with 1000 different input states, randomly
generated over the Bloch sphere. These states are generated
and measured via the two blocks shown in Fig. 1(c). More
specifically, the input states are prepared via a beam-splitter
B(θin, φin ) with φin = π

2 and θin ∈ [0, 2π ) taken randomly
from 0 to 2π , with a phase shift R(−π

2 ) on the second mode
both before and after the beam-splitter. This gives us the
matrix

U (θin ) =
[

cos θin sin θin

sin θin − cos θin

]
. (4)

Finally, a phase shifter R(ϕin ) with ϕin ∈ [0, 2π ) is inserted in
the lower mode. The circuit is then injected with the logical
state |000〉, corresponding to a three-photon input state in
modes (1,3,5). The above circuit permits us to generate a log-
ical input state of the form |ψ00〉, where |ψ〉 = cos θin|0〉 +
eıϕin sin θin|1〉 is the qubit to be cloned.

The output fidelity of the clones is then measured by pro-
jecting the output qubits on the specific basis corresponding to
the desired output [see Fig. 1(c)]. For each clone, i.e., for each
pair of modes, this directly provides an estimate of the fidelity
as the probability of getting one photon on the first mode
and zero photons on the second mode, which is equivalent to
the qubit state |0〉. As a relevant note, such a figure of merit
provides the probability that we obtain the desired output
given an arbitrary input without applying postselection. Thus,
reaching performances close to the optimal value provides an
indication that the device is acting as a deterministic quantum
cloner.

We then tested the performances of a seven-layer QONN
by considering both the results obtained after the first state
of training and after the second part acting as a refinement.
The obtained results (see Table I) show the capability of
reaching performances that are close to the optimal fidelity
value F opt

1 = 5/6. As a second study, we verified whether
additional layers can lead to increased performances. The
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TABLE I. Fidelities obtained for the different trained QONNs.
In the table we report the average single-copy fidelity 〈F1〉, estimated
as described in the main text, over all tested random states, and the
corresponding maximum F max

1 and minimum F min
1 values. Further-

more, we also report the value for the two-copy fidelity 〈F2〉. The
obtained values should be compared with the optimal single-copy
F opt

1 = 5/6 ∼ 0.8333 and two-copy F opt
2 = 2/3 ∼ 0.6667 fidelities.

Network 〈F1〉 F max
1 F min

1 〈F2〉
seven layers, first stage 0.8243 0.8379 0.8092 0.6576
seven layers, second stage 0.8269 0.8371 0.8143 0.6605
ten layers 0.8297 0.8364 0.8230 0.6633

ten-layer QONN, after the training, was able to achieve
slightly improved performances compared with its seven-
layer counterpart (see Table I). Given the larger amount of
parameters, imperfections in a physical circuit implement-
ing these QONNs could make the ten-layer network perform
worse than the seven-layer one. For this reason, it is important
to choose the appropriate network depth depending on the
quality of the available optical elements. It is important to note
that the input states we used in this test were mostly states on
which the network was not trained. These results show that
the system is not memorizing the input-output combinations
that we fed it during training, but is actually learning how to
perform genuine optimal quantum cloning.

As an additional analysis, we report in Fig. 3 a fidelity
heatmap over the input states for the fully trained seven-layer
and the ten-layer QONN. Such heatmaps are obtained by
choosing 25 equally spaced values of both θin ∈ [0, 2π ) and
ϕin ∈ [0, 2π ), and then evaluating the fidelity for each of those
different input states distributed over the Bloch sphere. We ob-
serve that the ten-layer QONN improved average performance
comes mainly from an increase for those states having lower
values of the fidelity, although the pattern of low-fidelity and
high-fidelity zones remains mostly unchanged. This behavior
is likely due to the low learning rate used when training the
ten-layer QONN, which leads only to small corrections on the
performances of the seven-layer network.

All these results thus show that QONNs can be success-
fully trained to be a deterministic optical universal quantum
cloner.

V. IMPACT OF IMPERFECTIONS

We investigate in this section the impact on the per-
formances derived from imperfections when seeking an
experimental realization of the QONN scheme. In particular,
in our case we consider how the fidelity of the trained optimal
quantum cloner is affected by noisy circuit implementations.
In this analysis, we will not consider the Kerr parameters χ ,
which are not part of the training process while being fixed
for the network. Starting from an a priori characterization,
small deviations from the ideal χ = π/2 may be expected to
be (at least partially) compensated during the training process.
Nevertheless, we leave this aspect open for future analyses.

As a main source of error, we focused on the im-
plementation of the tunable beam-splitters, in particular
when using integrated photonic technologies. The equivalent

FIG. 3. Fidelity heatmap as a function of the input state parame-
ters (θin, φin) for (a) the seven-layer after both stages of training, and
(b) the ten-layer QONN.

operation of a tunable beam-splitter is commonly obtained
by the circuit shown in Fig. 4, composed of two symmetric
directional couplers, and two phase-shifters that are typi-
cally implemented exploiting the thermo-optic effect. In an
actual implementation, one needs to consider the common
experimental fabrication errors on such fundamental building

FIG. 4. Integrated decomposition of a tunable beam-splitter
operation into two 50-50 directional couplers and two tunable phase-
shifters.
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blocks. On the one hand, thermal phase-shifters have been
demonstrated in several platforms (see Ref. [66] for a recent
review) to be capable of reaching the full [0, 2π ) interval.
Their correct operation then shifts the problem to the char-
acterization of the response function between voltage applied
to the thermal elements, and the actual phase added in the
circuit [19]. For a sufficiently large characterization data set,
therefore, it is in principle possible to obtain a reconstruction
of such a response function with enough accuracy. However,
it is often the case that the directional couplers that are fab-
ricated do not achieve perfect symmetric operations. Overall,
this leads to a restricted range of transmittivity for the tunable
beam-splitter operation. Indeed, by replacing the transmission
coefficients of the symmetric couplers from the ideal value
ti = ri = 1/

√
2, we find that the overall transmissivity of the

block of Fig. 4 reads T = |t1t2eıθ − r1r2|2, where (t1, r1) and
(t2, r2) are the parameters of the first and second coupler.
However, as soon as the values of t1 and t2 stray from their
perfect value, the maximum (minimum) of the transmittivity
of the tunable beam-splitter operation decreases (increases),
limiting the capabilities of its operation. Overall, this effect
reduces the interval achievable from [0,1] to [Tmin, Tmax], with
Tmin > 0 and Tmax < 1.

We have performed some numerical simulations to inves-
tigate the impact of such imperfections in the seven-layer
architecture. This can be simulated by evaluating the accessi-
ble values of T for the overall tunable beam-splitter operation
for a given fabrication error 
Tj , where Tj = |t j |2 is the
transmittivity of the directional couplers. This is performed by
sampling over values of the transmittivities Tj according to a
Gaussian distribution centered around Tj = 0.50 (the optimal
case), and with increasing uncertainty 
Ti. In our case, we
evaluated the set 
Tj = {0.00, 0.01, 0.02, 0.03, 0.04, 0.05}.
To evaluate the transmittivity T of the overall tunable beam-
splitter operation, we sampled 20 000 values from the
Gaussian distribution (10 000 for each of the two different
50-50 directional couplers in the block of Fig. 4), and from
those we obtained the value of T from the expression T =
|t1t2eıθ − r1r2|2.

To implement this limitation into the training of our
QONN, we restricted the possible values that the parame-
ters θ k

i can have according to such previous characterization.
In particular, we obtained the restricted range of values by
calculating cos−1 (

√
T ) for the minimum and maximum trans-

mittivity T of the tunable beam-splitter operation estimated
from the procedure above. Since we are restricting the values
of θ k

i , we decided to initialize the values of θ k
i in a uniform

distribution around π/4 so that the values of θ always start
around the middle point, and they have more freedom to
both increase and decrease in value. We then first trained
the QONN with the restrictions caused by the uncertainty
of the transmittivity of the directional couplers according to
the maximum noise considered (
Tj = 0.05). Then, we relax
those restrictions to the ones caused by a lower uncertainty,
and we let the network train with a low learning rate to
perform an optimization for the new limits on θ k

i . This choice
of the procedure is performed to provide a meaningful com-
parison of the impact of the imperfections on the resulting
cloner, in particular to minimize the potential oscillations on
the results due to multiple trainings.

FIG. 5. Fidelity of the clones as a function of the fabrication error

Tj in the directional couplers. The red bars represent the range
between the minimum and maximum fidelity for each QONN, while
the purple line represents the theoretical maximum average fidelity.

Finally, after training each network with the corresponding
restrictions due to imperfections, we evaluated the fidelity
of each configuration as for the noiseless case. The results
are shown in Fig. 5. As expected, decreasing the fabrication
error 
Tj leads to a better fidelity. However, even for a value
of 
Tj = 0.05, well within the capabilities of current tech-
nology, we obtain only a modest reduction in the cloning
fidelity (F1 ∼ 0.8087). A more detailed analysis is reported
for 
Tj = 0.05, to be compared with the noiseless case, and
it is shown in the fidelity heatmaps of Fig. 6 constructed as in
Fig. 3.

A closer look at this behavior can be obtained by observing
the distribution of the values of the parameters T k

i = cos2(θ k
i )

for the different trained networks, corresponding to the differ-
ent noise level 
Tj (see Fig. 7). By comparing the obtained
results, we find as expected that the distribution of the values
T k

i becomes progressively less concentrated over the extremal
values around T k

i ∼ 0 and T k
i ∼ 1. However, the results on

FIG. 6. Fidelity heatmap for the noisy QONN as a function of
the input state parameters (θin, φin) for the case with 
Tj = 0.05.
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FIG. 7. Distribution of the transmittivity T k
i of the beam-splitter operations, related to the network parameters θ k

i , in the trained cloners for
different values of the fabrication error 
Tj .

the fidelity show that the system is capable of rearranging
the configuration of the internal parameter during the training
so as to minimize the impact on the output performances.
Thus, all this analysis suggests that this approach presents a
certain degree of robustness with respect to practical sources
of noise, a crucial requirement towards future experimental
implementations.

VI. CONCLUSIONS

In this work, we have shown the capabilities of quantum
optical neural networks by training via numerical simulations
a seven-layer network to obtain a near-optimal deterministic
universal quantum cloner. The achieved average single-copy
fidelity 〈F1〉 ∼ 0.8269 shows the possibility of reaching per-
formances very close to the optimal value of F opt

1 . We have
also shown that such an approach presents a certain degree of
resilience to relevant noise sources towards future implemen-
tation. Indeed, we have quantified via numerical simulations
how different levels of fabrication errors affect the perfor-
mances of the trained networks. Even with significant levels
of noise, well within the reach of current photonic technology,
the QONN was capable of reaching high values of the oper-
ation fidelity, proving a significant resistance to noise. This
result represents an essential feature for implementations of
such an architecture based on NISQ technology.

Future investigations in this direction are expected, with
a specific focus on a further in-depth analysis of the effects
of various types of imperfections beyond those addressed
in this work. These noise processes include photon losses
[33], as well as imperfections in the nonlinear elements of
the structure acting the counterpart of the activation nodes in
classical neural networks. This latter analysis is also motivated
by recent experimental advances in the implementation of

nonlinear photon-photon gates [67–73]. Analysis on the effect
of different types and different sizes of nonlinearities on the
performance of the QONN would also be needed. There has
already been a first insight on the use of Kerr nonlinearities
with smaller strengths [29], which showed that a smaller
strength leads to reduced performances for a fixed number
of layers, but that can be at least partially compensated by
using more layers in the circuit. This aspect is a relevant open
challenge requiring additional investigations in the future.

Given their potential and flexibility, QONNs can find appli-
cations in different contexts, such as to perform classification
tasks, to find more compressed and noise resistant versions of
already existing quantum circuits, or to create small circuits
that perform nontrivial operations. On a general note, their
application can be foreseen as building blocks that can be
combined in more complex architectures. An open challenge
regards the scalability of this architecture. On the one hand,
the scaling of the hardware itself will be related to the current
development of photonic technologies, with the linear part
of the network likely associated with current development of
photonic integrated circuits. On the other hand, the scalability
to larger sizes of the optimization algorithm will likely be
related to the same challenges that are currently associated
with all QML models. As such, scaling up to larger sizes will
define whether this architecture can be used for medium-scale
circuits with useful applications, as here described, or if it will
be able to tackle even more complex tasks.
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