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ABSTRACT

Integrated photonic technologies have recently shown significant advances, enabling the possibility to implement reconfigurable

interferometers with increasing size. One of the main tasks to fully exploit the capabilities of reconfigurable integrated

interferometers is the possibility to precisely program their operation to perform a desired target unitary. While recipes are known

for circuit layouts based on a cascade of beam-splitter and phase-shifter operations, a methodology applicable for reconfigurable

continuously coupled waveguide arrays is currently missing. Here, we devise a machine learning-based approach for this task,

using a black box methodology that does not rely on precise a priori modeling of the circuit’s internal architectures. We verify

the effectiveness and the robustness of this approach via numerical simulations on different continuously coupled waveguide

layouts, either with planar or 3D structures. The proposed method makes use of a limited number of single- and two-photon

measurements, making it suitable for optical quantum information processing. The obtained results open the perspective of
employing this methodology as an effective tool to program the operation of integrated interferometers designed via different

architectures.

1 | Introduction

Over the last decade, quantum devices have shown a rapid
growth and evolution, with some having already claimed the
first instances of quantum advantage [1-8]. This technological
development has been accompanied by the adoption of different
architectures and technologies for the fabrication of quantum
devices, each with its own set of advantages and drawbacks.
Among the different experimental platforms, photonic systems
have been shown to be a relevant approach to scale-up to large
dimensional quantum systems [5, 6]. The technological devel-
opment has also been accompanied to the theoretical definition
of different encodings and protocols for quantum information
processing, specifically suitable for photonic platforms [9-20].
Some of the more common approaches to process quantum
information with photons involve using linear optical compo-

nents, such as beamsplitters and phase shifters, as a building
block for complex interferometric networks. Several recipes are
already known to decompose an arbitrary target unitary into a
sequence of elementary components [21, 22], with the number
of elements scaling typically as O(m?), being m the number
of optical modes. As an effective platform to implement multi-
mode interferometer with this architecture, recent experiments
have shown the realization of progressively larger devices with
integrated photonics [23].

A different approach to implement multi-mode interferometric
networks with integrated photonics involves using an archi-
tecture inspired by continuous-time quantum walks. More
specifically, a set of continuously-coupled waveguides permits
to implement a linear unitary dynamics, where the effective
transformation depends on the mutual distance between the
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modes and on the interaction length [24]. Furthermore, recent
technological advances enabled the integration of reconfiguration
capabilities via either thermal or elecro-optic phase shifters
[25-27]. This architecture allows for compact designs, which
enable coupling of several modes with a reduced circuit length,
thus potentially reducing the impact of losses. Such a prop-
erty have been further enhanced with recent demonstration
of continuously-coupled multi-mode interferometers with a 3D
structure, which enables improved connectivity between modes
with respect to planar designs [25, 28-32]. However, there are
still challenges in the adoption of this architecture to obtain
fully-programmable and controllable devices, given that there
is currently no known general algorithm that links the circuit
parameters to the implementation of specific target unitaries.

Recently, machine learning has seen a surge in uses in all types
of fields [33-37], and has proven to be a useful tool when used
in conjunction with quantum devices [38-45]. The ability of
machine learning techniques to work even on systems that are
not well characterized, using a black box approach, makes them
suitable for scenario in which a complete characterization by
standard means might be challenging and expensive. Hence,
these methods may prove to be applicable to the aforementioned
task of programming multi-mode interferometers.

In this work, we devise a machine learning based approach
to program reconfigurable integrated interferometers based
on continuously-coupled waveguides. The advantages of this
approach relies on the lack of needing the full reconstruction
of the unitary matrices for a comprehensive set of system
parameters, and on employing a limited number of single- and
two-photon measurements. We then showcase that the method
can be effective for different circuit layouts and programmabili-
ties, including some of the recently demonstrated architectures
based on 3D geometries [25].

This work is organized as follows. In Section 2, we discuss
the theoretical framework for continuously-coupled integrated
interferometers. Then in Section 3, we describe the methods
at the basis of the devised machine-learning approach acting
as local optimization. In Section 4, we discuss the results of
numerical simulations of circuits with different layouts used
to test the effectiveness of the method. In Section 5, we then
discuss possible approaches to implement the initial step of the
optimization, complementing the local optimization approach.
Finally in Section 6, we provide some concluding remarks.

2 | Implementing Linear Interferometers via
Continuously Coupled Waveguides

As briefly discussed in the introduction, implementation of linear
optical unitary transformations can be performed by following
two different approaches. As a first approach, a generic m x m
transformation between optical modes can be implemented via
a structure composed of discrete 2 x 2 cells, where each cell
is composed by a beam-splitter of arbitrary transmittivity and
a phase shifter in one of the modes (see Figure 1a). Different
layouts [21, 22] have been identified leading to implementation
of arbitrary unitary transformations, requiring O(m?) elementary
cells arranged in O(m) layers, each accompanied by a related

algorithm to deterministically find the circuit parameters to
implement a chosen overall transformation. This approach has
the advantage of having a specific recipe for its programming, and
is accompanied by a well defined scaling with losses as O(n™),
where 7 is the transmission per element.

As a second approach, integrated devices composed of contin-
uously coupled waveguides do not rely on the composition of
multiple discrete optical units to achieve a final target unitary.
Conversely, coupling between the modes is obtained by having
the set of optical waveguides arranged so that their distance
allows for mutual coupling for the complete circuit length (see
Figure 1b). This can be described by an Hamiltonian 7 between
the mode operators {4;, d;} of the form:

H = isiajai + i C,,a'a )

where the coefficients ; are the propagation constants of the
modes, while the off-diagonal elements C;; are the coupling
coefficients between different modes. In the case of a chip with m
modes with a planar structure and first-neighbor connectivity, the
coupling coefficients are non-zero only if j ={i — 1,i + 1}. The
effective unitary operator U(z) induced by a circuit of length z
can be obtained from the Hamiltonian (1). It is important to note
that the value of the parameters of the Hamiltonian can change
over the length of the circuit, based on its structure. In that case,
one needs to divide the circuit in k blocks of length Az, with z =
kAz, each described by an Hamiltonian H, and a corresponding
unitary operator U;(Az). The overall unitary operator is obtained
U(z) = U,,(Az) --- U,(Az). Considering the form of 7, the trans-
formation induced by this class of systems is linear between the
modes, and is thus described by a unitary matrix U, ; that defines
the input-output relations for the mode operators b, = Zj U, ;G

which are obtained from b, = U(2)4,0%(z).

The off-diagonal C; ; elements of the Hamiltonian are given by the
structure of the chip, since they depend on the distance between
the waveguides, and are thus typically fixed in the fabrication
process. Conversely, the diagonal elements [5; can be actively
modified, through the use of the thermo-optic [25] or of the
electro-optic [26, 27] effect. Modifying the propagation constants
of the modes using thermo-optic effects is usually achieved by
placing resistors on the chip surface that, when given a certain
input current, change by heating the propagation constants 3; of
the affected modes.

Albeit some recipes [46] based on stochastic quantum walks
[47] to generate Haar-randomness from continuously-coupled
waveguide arrays are known, the challenge is the lack of a known
procedure to translate the coefficients of a desired unitary matrix
U, of elements U, ; in a set of parameters to program a given
interferometer. In this work, we intend to tackle this issue by
using machine learning techniques to train continuously-coupled
arrays with thermo-optic tuning to achieve specific unitaries.
We test our methods on different waveguide structures, both
planar and 3D. Furthermore, we will also consider a scenario
where thermo-optic tuning does not allow to control only the
propagation constant §; of a single given mode due to the presence
of thermal cross-talks. This will be accompanied also by an
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FIGURE 1 | Implementation of linear optical unitary transformation with integrated photonics. (a) Schematics of unitary decomposition via a
discrete approach. The unitary matrix is obtained by a set of 2 X 2 elementary cells, composed of a directional coupler (DC) with arbitrary transmittivity
and a phase shift, arranged in a suitable layout. (b) Interferometer composed by a network of continuously-coupled waveguides. The relevant parameters

describing the evolution are represented by the propagation constants {3;}, and by the coupling coefficients {C; ;}.
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FIGURE 2 | Schematic of the training cycle. Logical sequence of
operations to perform the training process in the algorithm. In purple, we
highlight the parts that are performed on the quantum hardware, while
in orange the parts performed on classical hardware.

analysis of the impact on the performance caused by performing
the training process with a finite number of measurements.

3 | Methods

Our approach to program reconfigurable interferometers based
on continuously-coupled waveguide arrays was based on a
machine learning approach, where the set of parameters to be
applied to obtain a given unitary transformation was determined
through a training phase. A schematic of the training cycle can be
seen in Figure 2. More specifically, the cycle embeds a sequence
composed of (i) choosing a set of system parameters, (ii) applying
them to the reconfigurable interferometer, (iii) measuring a finite
sample at its output after feeding the circuit with a chosen set of
input states, and (iv) determining through the training algorithm
the set to be applied to the circuit in the subsequent step. The
training phase stopped after a given halting condition was met.

As shown in Figure 2, this cycle involved two main blocks
depending on the hardware employed at the corresponding state.
A part of the process is performed on the quantum hardware (A),

namely setting the parameters and measuring the samples, and
a part of the process is performed on a classical hardware (B),
namely the training algorithm that decides the set of parameters
to be inserted at the next step. In our case, part (A) was
performed by testing our approach on numerical simulations of
the quantum hardware. The latter is performed by exploiting
the Python libraries Qutip [48] and Perceval [49]. Conversely, in
part (B) the training code is mostly ad-hoc implemented for this
analysis. We describe below all the relative steps carried out in the
performed analysis.

3.1 | Simulation of Continuously-Coupled
Waveguide Arrays

In order to address the capability of the algorithm to find
a chosen target unitary for different device architectures, we
simulate various sizes and designs of optical continuously-
coupled waveguide arrays. More specifically, we first started by
considering integrated interferometers with a planar structure,
such as those reported in [24, 26, 27], with varying number of
optical modes. Then we also considered integrated interferom-
eters with a 3D structure [28-32], more precisely a triangular
structure reproducing the one of Ref. [25]. We show in Figure 3a—
b the cross-section of the two different geometric architectures
simulated in the present study.

A crucial aspect of the simulation process is how we introduce
the active reconfigurability in the device through thermo-optic
resistors. These elements inserted modifications in the index of
refraction of the underlying waveguide(s), which depend on the
amount of dissipated power in the resistor, due to the thermo-
optic effect. Hence, thermo-optic resistors can be in principle
used to modify the propagation constants §; in Equation (1).
However, one needs to consider that in general, due to the heat
propagation process, thermal cross-talks can be present. This
lead to inducing modifications of ;. even if the resistor is
placed on top of waveguide i. This is particularly relevant for
3D geometries, where the heat propagation progress can affect
not only the waveguide placed right below the resistors, but also
those buried deeper below in the structure. To take into account
this relevant aspect for actual implementations, we progressively
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planar layout
Cross section

Cross section

FIGURE 3 | Structure of the simulated architectures. (a,b) Cross-section of the different interferometer layout, where circle represents a mode. (a)

Planar design, in this case representing the scenario with ten modes. (b) 3D structure with triangular mesh with 32 modes. (c) Visual representation of

the architecture for 3D interferometers with multiple segments. The thermal resistors are placed on top of the device surface, and control the propagation

constant of the underlying modes.

performed a more physically-detailed simulation of the process.
More specifically, we first started by considering the case in
which we have individual control over all of the modes. Then,
in the case of the 3D structure, we also considered the case
where tuning the current in a single resistor does not address
only the propagation constant of a single mode, but affects
multiple modes simultaneously (see also Ref. [25]). Finally, we
modified the architecture of the simulated interferometers taking
into account more complex geometries for the resistors [25],
namely the scenario where the devices is performed via multiple
connected segments which can be controlled independently (see
Figure 3c). More details can be found in Appendix A.

The numerical simulation process of the interferometer evolution
is performed with the following approach. First, we generate
the Hamiltonian, representing the transformation performed by
a cross-section of the chip, with a chosen set of parameters.
Then, we calculate the unitary matrix U resulting from a chosen
length z for the chip. Then we use the obtained unitary matrix

to simulate a set of output events, with a specified number of
samples, resulting from injecting the circuits with the set of
input states used for the training. For the training process, we
employ single- and two-photon input states. More specifically,
the complete set of single-photon input states is probed, equal
to the number of modes, following the consideration that this
set provides information on the moduli of the unitary matrix
elements (|U,;|). For the two-photon input states, we use a
limited set of input configurations to also obtain information on
the complex phases of the transformation, where the chosen set
depends on the structure of the chip and on the training method.

3.2 | Training

We now describe the training procedure for our method. A
schematic description of the used procedure is reported in
Algorithm 1. The aim is to program the circuit to perform a
specific target unitary U', defined initially before the starting
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ALGORITHM 1 | Training of the continuously coupled optical chip

Input: Chip and training settings, initial value of trainable
parameters {ﬁl@} = {ﬁ(o), ;0), ey E,m}

Result: Trained parameters {ﬁi(f )}, where f indicates the last

epoch of the training.

1=0;

f = number of epochs ;

while [ < f do

B =18

Choose index i0 of the parameter to modify at this iteration ;

Choose subset of available two-photon input pairs to use for

this epoch ;

Compute I,,., = L({,"})

Compute I, = L({ﬁf”} +8:0);

Compute o, = LB} ~ &)

/* Choose in which direction to shift ﬁg to
minimize the loss. The exact value of &/
depends on the training settings. x/

if (lup < lpreu) and (ldawn < lpreu) then

if (lgon < 1,p) then

‘ 61*((I]+1) — ﬁl((l)) - §shift :
else
‘ i((l)+1) — ﬁl((l)) + §shift :

end

else

if (I, < l,.,) then

‘ ﬁi((l)+1) — ﬁl((l)) + gshift :
else

if (Ljown < Lprey) then

‘ i(([)+1) — ﬁf(l)) - §shift :

else
/* Do not shift the parameter if both

directions led to higher loss than

its current position */
) _ )
o~ Pio >
end
end
end
I=1+1;
end

return {ﬁi(f )} ;

point. In principle, for the training to be possible in an exact
form, there should exist a set of parameters {ﬁlf ,Cl.“j}, which
correspond to the unitary U’ according to the Hamiltonian
description of Equation (1). In the experimental platform, the
circuit can be programmed via a set of control knobs, provided
by the currents applied to the resistors placed on the surface
of the interferometer. As discussed previously, application of a
current I, in the k-th resistor modifies the propagation constants
{B;} via the thermo-optic effect, according to heat propagation
mechanisms. In general, this means that changing the current
I, on the resistor placed on top of waveguide i does not imply
changing only a single §; in the presence of thermal cross-talks.
Conversely, the coupling parameters {Ci“j} are unchanged by
thermo-optic phase shifters, and thus we will consider them fixed
in all performed numerical simulations.

Our training method works by training directly the parameters of
the quantum system. In fact, the only classical part used in the
approach is the optimizer, which takes the output distributions
from the quantum systems, and decides how to update the
parameters based on a cost function. These updated parameters
are then provided to the quantum system for the successive epoch
of training, repeating the process until a predetermined number
of epochs has passed. This means that, when working with real
quantum hardware, there is no need to simulate the behavior of
the quantum system classically to perform the training process.
This allows in principle to apply our training method to devices
of arbitrary size.

The proposed training method is then tailored to allow for
training directly on-chip, both by making use of a limited num-
ber of single- and two-photon measurements, and by ensuring
that the techniques used can be applied directly on an actual
device. This also means that we avoid using in the training
process techniques that would be possible only in a simulated
environment, such as backpropagation, to make our training
method suitable for implementation on real hardware. Crucially,
our training method treats the optical chip as a black box,
and thus does not require extensive characterization and a
precise a-priori modeling of the circuit internal architectures.
This approach also allows the devised method to work for
chips with various layouts, without requiring modifications to
the training process. We also implemented several optimiza-
tions, such as reducing the number of input pairs that are
used in each training epoch, to accelerate the training pro-
cess.

We now give a short overview of the training process, which
will be described below in more detail. We start with a desired
target unitary, and a set of starting parameters, which will be used
as the starting point for the training. We then choose a set of
single- and two-photon input states, and collect Ny samples for
each chosen input state, from which we obtain a set of output
distributions. These output distributions are then used to evaluate
a chosen loss function L({;}) between the measured samples and
the expected target probabilities. After that, we choose one of
the trainable parameters, shift its value, and evaluate the loss
at the new position. This allows us to use an adapted version
of Finite Differences Stochastic Approximation (FDSA) [50, 51]
to determine how to modify the chosen parameter to reduce
the loss value. We then repeat this process a chosen number of
times, obtaining as output the parameters to be set on the device
to perform our desired transformation. We will now proceed to
show in more detail how each of these steps works, including the
methods used to increase the efficiency of the training process.

The starting point of the implemented approach is thus an initial
set of currents {I ,((0)}. In the numerical simulation of the method
performed here to test its functioning, this corresponds to a set
of initial propagation constants {ﬁl@}, while as said the coupling
parameters are fixed to {Cl." ; }. The values of {Bfo)} dr }({O)} in anactual
experiment) reflect the initial knowledge on the system before
the training algorithm is run. Specifically, the starting parameters
{ﬁfo)} are fixed by taking the true parameter values {8/}, and
applying a set of random shifts {68}, whose value depend on
the size and mesh of the circuit and on the amount of initial
knowledge on the circuit operation.
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The training process then starts by choosing a set of single- and
two-photon input states, and collect Ny samples for each input
state. A relevant aspect of the method is the criteria used to
choose the set of states. As discussed above, in all tested scenarios
the full set of single-photon inputs is employed. For the two-
photon states, we considered different rules depending on the
circuit geometry. In the case of the planar design, we use all of
the input pairs of first neighbors (i,i + 1), plus the input pair
(1, m) composed by the first and last mode. This corresponds to
an overall amount of M; = m single-photon and M, = m two-
photon input states. In the case of the triangular mesh, we first
considered the set of all first neighbor states, which is larger than
m due to the higher connectivity of the design. For instance, this
corresponds to M, = 73 distinct mode pairs for a m = 32 mode
device. As a second trial, we tested the performance of the training
when reducing the size of this set. This can be seen as similar
to the approach used by Stochastic Gradient Descent [52], where
only a subset of the dataset is used to approximate the gradient at
each step. While in each epoch the training uses only a subset of
all the input pairs, if this subset is of an appropriate size it is still
informative on the complete evolution. This corresponds to an
approximately correct identification of the parameter shift. Also,
since the elements of the subset change at each epoch, over the
length of the whole training all the input pairs are used to train
the model, ensuring that the trained model is not biased toward a
specific subset of input pairs. This leads to a significant speed up
in the training process, while maintaining a similar final fidelity.
We will see in the results section how using different numbers of
pairs per epoch influences the training process.

The exploited set of output distributions used at each epoch is
then composed by (i) estimates {p;;} of the M, single-photon
probabilities from input i to output j, obtained as p;;; = V. /N,
where N;; is the number of events obtained for the given
configuration, and (ii) estimates {p;.;,} of the M, two-photon
probabilities from input pair (i, k) to output pair (j, 1), also in this
case obtained as p;y.;; = N;x.;x/N,, where N, ., is the number
of events obtained for the given configuration. In an experimental
implementation, each output distribution is collected by directly
preparing the chosen states and measuring output samples of
the chosen size N for each input. In the numerical simulation
performed here to test the algorithm operation, the estimates
{P:;} and {p;.;;} of the single- and two-photon probabilities
are obtained by sampling N, events from the simulated output
probabilities {pf;l;} and {PF,I;Z;J-,Z}' The latter are evaluated via the
permanent formula from the unitary matrix U’ corresponding to
{ﬁi(l), Cf,].}, where {61.(1)} are the propagation constants at step [, as

pl(l]) =|U;,;|* and pf,’,z;jyl = |U;;Uy, + U;;Uy,|*. Note that explicit
knowledge of {[31.([)} and {Ci[, j} is needed to perform the numerical
simulation, while this is not necessary in an actual experiment
since only the currents {I, } are modified, and the training dataset

is estimated from the measurements.

The loss function L({$;}) of the algorithm is chosen to be the Mean
Absolute Error (MAE) between the measured samples and the
expected probabilities, calculated as:

M, M,
1 ~ 1 -
LABY = 31 2 1By = bl + T8 };l |Bisjs = Phpjul @
i,j LK, ],

where the sums are extended over the measured input-output
combinations, and the target probabilities are calculated directly
from U'. Note that using this loss function, rather than comparing
the fidelity F = |Tr[(U")'U®]|/m between the target unitary U*
and the actual unitary U, can be less expensive in terms of
measurement overheads since estimating F requires performing
the tomography of the implemented unitary at each step to
reconstruct also the phase contributions [53-56]. While we do
compute the fidelity F during the simulations to prove that the
training is performing well, this information is not used to train
the circuit, and is thus not needed when performing this training
method on actual quantum hardware. An analysis on the loss
landscape with respect to individual parameters is discussed in
Appendix B.

One significant challenge present in training this model is that
backpropagation, or even just backpropagation-like scaling, is
generally not possible, at least without using multiple copies of a
state [57]. Thus, we need to use a different method to estimate the
gradient required by the training process. In the anayzed scenario,
we found out that an adapted version of Finite Differences
Stochastic Approximation (FDSA) [50, 51] suffices for our scope.
For each epoch [, the starting point is a set of parameters {ﬁ[.(l)} (or,
for an actual experiment, the currents {I}({D}). The algorithm then
chooses a parameter specified by a randomly-sampled index i,
and requires to estimate L({$;}) in three different cases, namely
for (1) {8"}, (2) by shifting 8 of a quantity +& and (3) by shifting
ﬁl?u” of a quantity —&, where ¢ is the learning rate that needs to
be adapted during the algorithm. Knowledge of these values for
the loss permits to estimate the correct direction to shift /31.(:)) and

define the set of parameters {ﬁia”)} at epoch [ + 1. This approach
can be also further adapted to involve in some epochs the estimate
of L({8;}) in only 2 points. Thus, an epoch requires 2 or 3 full
evaluation of the training dataset. In Appendix C, we discuss
in more details this adapted version of FDSA, and also discuss
prospects of applying other approaches such as Simultaneous
Perturbation Stochastic Approximation (SPSA) [58].

During the numerical simulation, we included also some refine-
ments to the discussed training algorithm to match the physical
implementation. For instance, we included an upper and lower
bound to the propagation constants, which reflect the finite range
of operation of thermo-optic resistors. Furthermore, as discussed
above, for the triangular mesh we included the effect that shifting
a parameter [5; produces a cross-talk effect that modifies also
neighbors §;;. In our simulation, we included this effect in a
way that mimics heat propagation mechanisms (see Appendix A).
Finally, we also tested the performance of the algorithm when the
target unitary is not necessarily achievable by the device, namely
that the thermo-optic shifters do not allow to program the set of
parameters {§;, C; ;} for the exact implementation of U*. This was
done by slightly changing the values of the coupling parameters
{Cl.’,j}, and then using throughout the algorithm those modified
parameters during the training.

4 | Results

In this section, we discuss the results of the different simulations
performed to test the method described in the previous sections.
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FIGURE 4 | Numerical simulations for the planar layout. (a) Loss and (b) infidelity for the 10-mode planar layout, with initial fidelity Fy, ~ 0.7.
Green data sets: Ny = 103, Purple data sets: Ny = 10*. Orange data sets: N; = 10°. (c) Loss and (d) infidelity for the 20-mode planar layout, with initial
fidelity Fy, ~ 0.7. Green data sets: N, = 2 x 10°. Purple data sets: N; = 2 X 10*. Orange data sets: Ny = 2 x 10°. () Loss and (f) infidelity for the 50-mode
planar layout, with initial fidelity Fy, ~ 0.7. Purple data sets: Ny = 5 x 10*. For the 10 and 20 modes cases, 100 simulations were done for each case,

while for the 50 mode case only ten simulations were performed. For the loss, the shaded zone represents the area between the 10th and 90th percentile

of the runs. The histogram x axis is in logarithmic scale.

We simulated the training process for different systems, namely
interferometers ranging from 10 to 50 modes with a planar struc-
ture, and interferometers with 32 modes using a 3D triangular
mesh. In our analysis, we included in the simulations the effect
of the sample size, by varying the number of samples N, for
each state in the range N, € [10%,2 X 10°]. The training has been
shown for all these cases to highlight its capability to work with
different structures and limitations, and thus show the flexibility
of this method. As figures of merit, we report the values of the
loss function L({f;}), which is effectively estimated during the
training process, and of the infidelity 1 — F, being F the fidelity
between the target unitary and the trained one as defined above.
The latter parameter is not used in the training process due to
the need to perform expensive unitary tomography at each step,
while it expresses how close the trained unitary is to the target
unitary. We also show that the training algorithm works properly
since, although the fidelity F is not computed during the process,
minimization of the loss function corresponds to simultaneous
minimization of 1 — F.

4.1 | Planar Layout

First, we start by considering interferometers with a planar
geometry, assuming that the propagation constant of each mode
can be controlled directly via phase shifters placed on top of
the surface above the waveguide. We have started by testing our
method via numerical simulations for ten-mode interferometers,

investigating the role of the sample size statistics per input state.
In Figure 4a,b, we show specifically different trainings for several
unitaries, by varying the number of samples N,. Each run was
performed by having a starting fidelity of F;, ~ 0.7, achieved in
our simulation with a random shift of §3; € [-0.1,+0.1] mm™! for
the propagation constants. For an experimental implementation,
this corresponds to the need of having a starting knowledge of
the circuit operation corresponding to that value of the fidelity.
The final average fidelity over 100 runs is reported in Table 1.
From this analysis, we observe that for this system size, an
average fidelity > 0.99 can be achieve already with N, = 103,
while considering larger values can lead to further improving
the average values of the programming fidelity. Ultimately, the
choice of N, has to take into account collecting a larger number
of samples N, increases the time required for each epoch of
the training, while at a certain point increasing its value N;
stops yielding significant gains in the final fidelity of the trained
optical chip.

We have then performed the same numerical simulation for the
20-mode scenario, using the same amount of initial shift §8; in the
propagation constants, which corresponds to a starting fidelity in
the range F;, ~ 0.4 — 0.5. We observed a similar behavior to the
case with ten modes in terms of scaling with Ny, although for
this size and starting point, we found runs where the training got
stuck in a local minimum. However, we can also notice that the
lower fidelity reflects in a higher loss. This analysis is shown for
the ten mode case in Figure 5, and analogous results are obtained
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TABLE 1 | Summary table of the output fidelity for the simulations
with the planar layout. Average (F) and minimum (F,,;,,) fidelity for the
planar layout, for different number of modes and values of N;. All results
are averaged over 100 different runs, except for the 50 mode case, for
which only ten different runs were performed. The starting fidelity for
the training was of Fj, ~ 0.7. For all results, except for the 50 mode one,
a couple of the runs were discarded, based on a high loss at the end of
training, such as the one shown in Figure 5.

m N, F Foin
10 103 0.9915 0.9249
10 10 0.9955 0.9073
10 10° 0.9966 0.9009
20 2% 10° 0.9824 0.9008
20 2% 10* 0.9921 0.8664
20 2% 10° 0.9939 0.9113
50 5% 10* 0.9919 0.9637

b
107!
uw 1072
|
~10-3
1074
0
0 20 40 60 80 100 0 20 40 60 80 100
epoch epoch

FIGURE 5 | Comparison between loss and fidelity for the ten-mode
planar layout. (a) Loss and (b) infidelity for the ten-mode planar layout,
with Ny =1x10* Each line corresponds to a different run. In the
plots, we observe the presence of a few runs characterized by a value
of the loss above a certain threshold, marked in red. These runs are
also characterized by a low fidelity value. This highlights that runs
characterized by low value of the fidelity can be identified from the loss
values achieved during the training process, thus enabling the adoption
of different techniques to avoid the evolution getting stuck in a local
minimum.

in all considered system sizes. Hence, it is possible to recognize
early during the process if the algorithm gets stuck in a local
minimum. As a result, this permits the use of various techniques
to correct the training, either stopping the training early and
restarting, or shifting the parameters of a sufficient quantity to
move outside the local minimum. We have performed additional
analyses by fixing the starting fidelity to F;, ~ 0.7 for all circuit
sizes. More specifically, we have then performed some numerical
simulations in this condition for 20 and 50 modes, whose results
are shown in Figure 4 and in Table 1.

These analyses show that the method is effective in reaching
the target unitary even when scaling up to larger instances,
although requiring increasing resources (N, number of epochs)
with the system size. Furthermore, we observe that the chosen
loss function is appropriate for the training process, since a
reduction of the loss corresponds in parallel to an improvement
in the fidelity.

a 1.6 b
12 20
-
208 =z
I 10
0.4 \
0.0

0 |
0 60 120 180 240 300 107 1073 1072 107!
epoch 1-F

FIGURE 6 | Training process for 32-mode, 3D triangular layout
interferometers, for different number of two-photon input combinations
per epoch. (a) Loss and (b) infidelity for the training process. Input pairs
for each epoch are chosen randomly from the list of first-neighbor pairs.
For each tested number of input combinations per epoch, we report the
results for 100 runs. Purple data sets: scenario with all 73 input pairs.
Orange data sets: scenario with ten input pairs. Green data sets: scenario
with one input pair. Red data sets: scenario by using only single-photon
combinations. For the loss, the shaded zone represents the area between
the 10th and 90th percentile of the runs. The histogram x axis is in
logarithmic scale.

TABLE 2 | Summary table of the output fidelity for the simulations
with the triangular layout with direct control. Average (F) and minimum
(Fnin) fidelity for the triangular layout with direct control, for different
numbers of input pairs used per epoch. All results are averaged over 100
different instances, with a starting fidelity of F ~ 0.7.

# input pairs F Fpin

73(all) 0.9996 0.9988
10 0.9994 0.9986
1 0.9969 0.9914
0 0.9980 0.9911

4.2 | 3D Layout with Direct Control on the
Propagation Constants

We then proceeded to test numerically our method on interfer-
ometers with 3D triangular layout having m = 32 modes, and
assuming direct control on the single propagation constants
without cross-talks. As a first step, we performed some runs
with F;, ~ 0.7 starting point. As discussed previously, in this
scenario, we also tested the possibility to reduce the overhead
required for the training procedure. More specifically, we tested
how the method performed by reducing the number of two-
photon input states combinations. Initially, we tested the scenario
where, for each epoch, we used all 73 two-photon combinations
corresponding to first-neighbor pairs, using Ny = 3 x 10* samples
per input, and performing the training process for 300 epochs.
The results are shown in Figure 6. We observe that the training
procedure provides promising results, reaching convergence on
average after 200 epochs. We then proceeded to perform the
training process by reducing the number of input two-photon
pairs for each epoch. This is performed, as previously discussed,
by randomly picking at each epoch a subset of the first-neighbor
input combinations. The results over 100 runs are shown in
Figure 6 and in Table 2. We find that, even with a limited
number of ten input pairs per epoch, the training procedure
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FIGURE 7 | Training process for 32-mode, 3D triangular layout
interferometers, with multiple phase control. (a) Loss and (b) infidelity
reached in the training process. The runs were done using only ten
two-photon input configuration per epoch, chosen randomly from the
set of first-neighbor mode pairs. Orange data sets: Ny = 3 x 103 per
input. Purple data sets: Ny = 3 x 10* shots per input. For each tested
configuration of number of samples N, we report the results for 100 runs.
For the loss, the shaded zone represents the area between the 10th and
90th percentile of the runs. The histogram x axis is in logarithmic scale.

TABLE 3 | Summary table of the output fidelity for the simulations
with the triangular layout with multiple phase control. Average F)
and minimum (F,;,) fidelity for the triangular layout with multiple
phase control, for different values of Ny. All results are averaged over
100 different instances, with starting propagation constants ,Bi(o) chosen

randomly.
Ns F Fmin
3x10° 0.9966 0.9871
3 x 10* 0.9974 0.9902

provides close performances to the case where all 73 combi-
nations are used. However, it is worth noting that a limited
number of two-photon combinations is required, since reducing
to 1 or O two-photon pairs per epoch leads to significantly
worse performances.

4.3 | 3D Layout with Multiple Phase Control

As the next step, we ran simulations by using the model, described
above, to consider a scenario similar to the one of Ref. [25].
More specifically, we separate the chip in multiple sections, we
place resistors on top of the device surface, and introduce the
effect of thermal cross-talks due to heat propagation mechanisms.
We performed 100 trainings with different starting parameters,
starting from a completely random set of propagation constants
B;. Each training was carried out for 200 epochs. The loss and
fidelity per epoch of the trainings are shown in Figure 7, while
the obtained values of the fidelities are reported in Table 3. In
this case, we observe that, with this kind of model, the training
process allows us to obtain convergence regardless of the choice
of starting propagation constants (5;, assuming that the target
unitary is within the set achievable with the device structure. One
of the reasons can be found in the presence of chip structure,
where likely multiple parameter configurations can lead to the
same target unitary. This potentially helps the training algorithm
to find a path that leads to the desired output when starting from
different position.

4.4 | 3D Layouts with Shifts in the Estimation of
the Coupling Parameters

To complement this analysis taking into account the presence
of small errors in the coupling estimations, we also did some
simulations inserting shifts in the estimation of the coupling
parameters C; ; as explained in the previous section (more details
on this simulation procedure can be found in Appendix D). We
did the tests for the ten mode planar layout, and for the 32 mode
triangular layout, in the latter case considering both direct control
of the propagation constants and multiple phase control. The
results for the triangular layouts are shown in Figure 8 and in
Tables 4 and 5. More specifically, we compare the performances
in this scenario with the one assuming perfect knowledge on
the coupling constants. We observe that, even with a moderate
amount of error in the coupling constant knowledge, the training
procedure still reaches high fidelity values, close to the ones
achieved with {8}. In the case of the 32 mode with direct control
of the propagation constants, we can notice that the trained
parameters {[S’if } perform even slightly better than the target
parameters {8/}, when using the shifted coupling coefficients
{Cl.s’ j}. This indicates that, for this error regime, the training
process within the tested layout was capable to compensate for
characterization errors and find a unitary close to the target.

5 | Identifying the Optimization Starting Point

The variational method to train the integrated interferometers
described above has been tested by considering a starting point
which, in most of the cases, requires an initial knowledge on the
circuit programming. One question that then arises is how one
can find such a starting position. In some cases, where the optical
chip can reproduce a limited range of unitaries, a random starting
point can be in principle used since any programmed unitary will
have a non-negligible fidelity with the target. However, when the
interferometer spans a significant portion of the unitary space, it
is necessary to develop additional methods that can be employed
to find a suitable starting position.

Here, we consider the analysis of two specific approaches. The
first one is based on training a classical machine learning model
to obtain the starting parameters, by giving it as input the target
unitary. The second approach relies on using the variational
method to progressively search for a sequence of unitaries,
starting from a random one, where the unitary at each step k + 1
is progressively closer to the target one. A schematic view of the
working principles for two approaches is shown in Figure 9. We
tested these techniques on the 10 and 20 mode planar layouts.
Both methods are shown to have their benefits and challenges,
that we discuss below in this section.

5.1 | Classical Machine Learning Approach

We start by describing the classical machine learning method. In
this approach, one constructs a neural network (NN) that takes
as input a unitary, and gives as output a set of parameters that
is as close as possible to those used to generate said unitary. As
said, this method is implemented to provide the starting point
for the variational local optimization algorithm described above.
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FIGURE 8 | Training process for 32-mode, 3D triangular layout interferometers, with different off-diagonal errors. Top row (a, b, ¢): simulations for
the 3D layout with direct control. Bottom row (d, e, f): simulations for the 3D layout with multiple phase control. Orange data sets: 6C; ; = 0.01. Purple
data sets: 5C; ; = 0.02. (a) and (d) Loss. For the training, the target unitary is calculated with the correct coupling coefficients {C‘ -} and propagation
constants {3}. Panels (b) and (e) compare the ﬁdehty Fpase Teached when using the target parameters {8/} (in red and blue) w1th the fidelity Fpojse
reached when using the final trained parameters {ﬁi } (in orange and purple), in the situation where the shifted coupling coefficients {Cij} are used. The

x axis is in logarithmic scale. Panels (c) and (f) compare the difference in fidelity AF = F ;s — Fpase- 100 runs were performed for each configuration.

For more information, refer to Appendix D.

TABLE 4 | Summary table of the output fidelity for the simulations
with the triangular layout with direct control in the case of imperfections
in the estimation of C; ;. Average fidelity using the target (Fpase) and
trained (Fpoise) parameters while using the shifted values of Ci,j,aswell as
their difference AF = F,gise — Fpase, for different values of the shift 5C; ;.
All results are averaged over 100 different instances, with a starting fidelity

of Fj, ~ 0.7. For more information, refer to App. D.

TABLE 5 | Summary table of the output fidelity for the simulations
with the triangular layout with multiple phase control in the case of
imperfections in the estimation of C; ;. Average fidelity using the target
(Fyase) and trained (Fyoe) parameters while using the shifted values of
Ci,j, as well as their difference AF = Fygjse — Fpase, for different values
of the shift 6C;, i All results are averaged over 100 different instances,
with starting propagation constants 51,(0) chosen randomly. For more
information, refer to Appendix D.

aci, Jj F base F noise AF — — —
8C;; F Fpoi AF

0.01 0.9835 0.9863 0.0028 i base notse

0.02 0.9335 0.9456 0.0121 0.01 0.9836 0.9816 —0.0020
0.02 0.9332 0.9294 ~0.0038

For this reason, for this initial step we consider the training to
be successful if the fidelity between the input unitary and the
one corresponding to the network output parameter satisfies F >
0.69. This bound is chosen since this fidelity threshold is found
to be sufficient to provide a reasonable starting point for the
local optimization.

In all of the trainings of the classical neural network, the
input set is obtained by generating a single set of coupling
coefficients {C; ;}, which are common for all generated unitaries
for that specific training set, and then selecting a random set of
propagation constants {3;}, different for each generated unitary.
The input unitary is then computed from this set of parameters.

Unless otherwise stated, the train-test split was 0.8, meaning that
80% of the input unitaries were used for training, and 20% for
testing. Further details on the structure and training of the neural
network are reported in Appendix E.

As a first analysis, we applied this approach to the ten-mode
scenario with planar layout. In particular, we tested the perfor-
mances as a function of the number of unitaries shown to the
NN during the training process. The results of this analysis are
reported in Table 6. The performances of the trained network
are tested by retrieving the circuit parameters for a distinct set
of 1000 unitaries, employed as the test set and common to all
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FIGURE 9 | Schematic of the two different methods to define the
starting point for our training algorithm. Logical sequence of operations
to implement the two methods described in the main text. In purple we

highlight the parts that are performed on the optical chip, while in orange
are shown the parts performed on classical hardware.

TABLE 6 | Summary table of the success rate of the trained neural
network model for the ten-mode planar layout. Success rate and average
fidelity of the trained neural network model for the ten mode planar
layout with respect to the number and type of unitaries used during
training. The values are obtained by testing on 1000 random unitaries,
which are the same for all configurations tested.

# unitaries in the training set  Success rate F

100 8.9% 0.4049
1000 66.7% 0.7246
10000 98.3% 0.9350
10000 (noisy) 96.7% 0.9060

trainings. We then calculated the success rate, defined as the
frequency where a fidelity F > 0.69 between the target unitary
and the one obtained using the network output. We observed
that, for a training process with 10000 unitaries, a success rate of
98% is obtained on the test set. Then, we selected a subset of 100
unitaries, and used the output of the network as a starting point
for the local optimization algorithm described in the previous
section. We observe that 97% of these unitaries reach a fidelity
F > 0.98 after the complete training process.

As a further test for this classical neural network method, we also
tested its resilience to noise. This was performed by using in the
training set noisy unitaries, thus reflecting the scenario where a
finite number of measurements is performed to characterize the
unitaries of the training set. Robustness to this kind of noisy also
suggests that less measurements need to be performed for the
unitary characterization in this initial stage, thus lowering the
resource requirements. Noisy unitaries are simulated by starting
from the set of 10000 noiseless unitaries used previously, and
applying to each unitary U; in the set a random noise term
obtained as:

Unoise - est (3)

F~=~0.866 F=0.866 F~0.866

FIGURE 10 | Example of the intermediate unitaries method applied
on a 2x2 unitary matrix. The fidelity F between the starting unitary Uy
and the target one U, is small, thus leading to reduced performance of the
training algorithm. This can be circumvented by generating intermediate
unitaries, that permits us to divide the training process in steps with
targets that have a sufficient value of the fidelity for the method to be
effective.

where € is a parameter quantifying the noise strength, and H is a
random Hermitian matrix. The noisy unitary is found as Ul.noiSy =
U;U™"¢, In our case, the noise parameter was set to € = 0.1,
corresponding to an average fidelity F ~ 0.95 between the noisy
and noiseless unitaries. After training the network with the noisy
unitary, we used a test sample with noiseless unitaries to check
its performance, and obtained a success rate of 96%, which shows
only a limited decrease in performance of the trained model (see
Table 6).

We have then repeated a similar analysis for the 20-mode planar
layout, corresponding to an increased size system. In this case, a
training set composed of 40000 input unitaries leads to a success
rate of ~ 75%, while increasing the size of the training set to
400000 provides a success rate of ~ 98%.

5.2 | Training Through Intermediate Unitaries

As a second approach to obtain the starting point for the
local optimization, we considered a different approach based
on dividing the optimization in multiple steps. The idea is to
perform a progressive training through multiple steps having as
intermediate targets a set of unitaries, which are progressively
closer to the target one, chosen according to an appropriate
metric. This set of intermediate unitaries can be generated by
using the geodesic [59]. More specifically, let us call U, and U, the
starting and target unitaries, respectively. Then, we can define:

r=uu, 4)

and obtain:
U(t) = Uye''e" ®)
The parameter ¢ identifies the position of a given unitary U(¢) in
the sequence, with extremal points the unitaries U, for t = 0 and
U, for t = 1, and between them for values of t between 0 and 1. A

schematic view of this approach applied on a 2x2 unitary is shown
in Figure 10.

For the intermediate unitaries method, in the case of the ten mode
planar layout we used 3 steps, that is, 2 intermediate unitaries
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before final target unitary. We found that, using the same 100
sample set that we used to test the classical machine learning
method, only around 45% of the trainings resulted in a final
fidelity F > 0.98. The reason for this behavior can be found in that
the intermediate unitaries can end up being outside of the range
of unitaries that the actual device can reach, given the specific
architecture. This would lead to the training process for that step
failing, and as a result impacting the whole training procedure.
We argue that the efficacy of this method can improve as larger
sets of unitaries can be obtained within the circuit architecture.
Considering this issue, in the case of the 20 mode layout the
performances of the approach worsen, as even using 5 steps the
training failed to converge in the majority of the cases.

5.3 | Comparison of the Two Approaches

Both methods presented have their advantages and disadvan-
tages. In the case of the method, which uses classical machine
learning to obtain the starting parameters, one of the main
disadvantages is that it requires an overhead of starting unitaries
associated to the respective parameters to perform the training.
This means that, on a physical device, a measurement overhead
to perform the on-chip static characterization of the unitaries is
present. However, once trained the neural network is capable
of providing a reliable set of starting parameters in short com-
putational time. On the other hand, the intermediate unitaries
method does not require significant overheads. However, this
approach requires a longer training process, since it effectively
requires training the chip multiple times with different targets.
Furthermore, the intermediate unitaries has a significant failure
rate for those architectures where the set of unitaries achievable
by the device is limited.

6 | Discussion

In this work, we have presented a machine learning-based
approach to program multi-mode integrated interferometers
based on continuously coupled waveguides. One of the main
features of this method is the capability of performing the
desired task without requiring extensive characterization of the
integrated device. Furthermore, this approach removes the need
for performing an accurate modeling of the circuit operations,
since the interferometers are treated as black boxes. This makes
this technique flexible and capable to be used with circuits of
different layouts. We have shown via numerical simulations
the effectiveness of this approach for different circuit layouts
and its robustness to experimental errors. The results of the
simulations support the capability to program integrated devices
to implement a desired unitary transformation via the developed
approach, provided that the target unitary can be reached by tun-
ing the circuit parameters. Finally, to complement this approach,
we have also presented possible methods to find the starting point
of the optimization process.

Using the method described above, an estimate of the time
required for the training process is of approximately ~10 h
for the 20-mode planar layout, and ~15 h for the 32-mode 3D
configuration, assuming a rate of 10° twofold coincidences per
minute, using N, = 10* and using 10 two-photon input states at

each epoch. This has to be compared with the significantly higher
cost required to perform the calibration with other approaches
involving the reconstruction of the unitary transformations for
several parameter values. It must also be noted that this time
estimate is a baseline, as further improvements to the training
process can be made, such as using a smaller number of shots
per input N, during the beginning of the training, and then
increasing the value of N, as training progresses, which can lead
to additional speedups.

A currently open problem in quantum machine learning is how
to efficiently train large quantum circuits. Our method provides
a step forward in that direction, providing several optimizations
to reduce the time required to train the circuits, leading to a
training time that is expected to scale polynomially. Room for
improvement can be found for instance in the presence of a
reduced success rate when the starting fidelity is below a certain
threshold, which we were able to partially mitigate with the use
of classical machine learning. Thus, future research directions
can be found in devising optimizations of the method to more
efficiently train the circuits when their size increases. These
improvements include finding ways to optimize multiple param-
eters simultaneously and implementing solutions to support the
training process when starting from an initial set of parameters
that is far from the target parameters.

The obtained results show that the devised method could be
useful in a scenario where an accurate modeling of the devices
is not available, while it is also applicable in all cases where
a comprehensive characterization via standard means requires
an exceedingly amount of resources. Hence, this approach is
expected to be used as an effective and viable tool to pro-
gram and operate reconfigurable integrated interferometers with
various layouts.
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Appendix A: Simulating the Continuously Coupled Chip

In this appendix, we provide more details on the methodology used
to simulate the evolution in multi-mode interferometers based on
continuously-coupled waveguides.

General structure of the simulation process. - As discussed in the main
text, the overall structure to simulate the multi-mode interferometer is
composed of different steps. The starting point is the definition of the
circuit structure and thus of the Hamiltonian, by specifying the propa-
gation constants §3; and the coupling coefficients C; ; between the modes,
and of the interaction length z. Then, by using the Qutip [48] library we
retrieve the unitary matrix U corresponding to the overall evolution of
the interferometer. Such a unitary is then used to simulate samples of N
events obtained at the output of the interferometer by using the Perceval
[49] library. Regarding the definition of the Hamiltonian and of the
corresponding unitary matrix, they are defined by the number of modes,
by the internal structure of the circuit and by the interaction length.

After we generate the starting parameters of the simulated chips, we take a
copy of the tunable parameters {[31.‘ }, and shift their values randomly from
a uniform distribution. More specifically, the size of this shift depends on
the size and mesh of the circuit, and on the required starting fidelity. For
instance, in the case of the ten-mode planar layout and of the 32-mode
3D layout, we use a random shift between +0.1 mm~! on each parameter.
With this process we obtain the starting point for the trainable parameters
{ﬁfo)}. This process is iterated until the starting fidelity is obtained in the
required range.

We detail below the different cases analyzed in the main text.

Integrated interferometers with planar layout. — For the circuits with
planar layout, the length of the circuit has been set as being 2m mm,
with m being the number of modes. For the propagation constants, we
generate a number of parameters equal to the number of modes, each
one corresponding to a propagation constant 3;, and we generate them
by sampling from a random uniform distribution between 0.7 and 1.3
mm~!. Then we generate a set of coupling coefficients, with a number
of parameters defined by the design and size of the chip, generating them
from a random distribution between 0.1 and 0.3 mm~!. This was chosen
according to the values reported in recent implementations [25], where
the coupling coefficients were chosen around 0.2 mm™1.

3D interferometers with direct control. — For the circuits with the 3D layout
we set the length of the circuit to be 36 mm, following the specification
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of the 3D circuits implemented in Ref. [25]. The main differences when
compared to the planar layout are that the Hamiltonian has a different
structure, and that the coupling constants correspond to a different
structure for the neighbor modes. Thus, the simulation process has been
adapted to take into account these two differences with respect to the
planar layout.

3D interferometers with multiple control. — For the circuits with the 3D
layout we set the length of the circuit to be 36 mm, following the
specification of the 3D circuits implemented in Ref. [25]. The simulation
process of this layout is modified with respect the other cases to reproduce
the behaviour of this kind of architecture.

As already stated in the main text, the first modification requiring consid-
ering a layout with multiple connected segments, which can be controlled
independently. Then, we changed the way in which the parameters are
controlled, no longer being able to control the propagation constants
individually, but instead including the effect of thermal cross-talks. The
latter effect correspond to having multiple propagation constants affected
simultaneously by changing the current in a single resistor, which is due
to heat propagation mechanism in the glass.

To reproduce the structure of the interferometers with this layout, we
divide the simulated chip into 18 separate segments, each of length 2
mm. In eight of these segments, thermal phase shifters are inserted
to modulate the propagation constants. More specifically, we alternate
segments without active control and segments with phase shifters. For
each segment where active control is available, we train only 2 parameters,
which are associated with the currents I, of the two available resistors.
Each of these parameters then influences the propagation constants
{B;}. In our specific case, we start with a fixed base value for the
propagation constants, chosen to be 0.7 mm~!. Then, for each propagation
constant we add an amount equal to log(dy )x;, where x; is the value
of the parameter, and dxl. is the lattice distance between the mode and
the resistor associated with such parameter. We implement this as a
fixed multiplicative mesh, so that it can be altered to suit different
chip structures. Regarding the value of x;, we choose its value to be
restricted between 0 and 0.6 mm™!. In such a way, the final value of the
propagation constants of the modes closest to the resistors is between
0.7 and 1.3 mm™!, thus reproducing the range used for the previously
considered architectures.

Appendix B: Loss Landscape

To get some additional insights on the training process, we analyzed the
loss landscape when tuning only a single parameter.

This analysis is performed by choosing a single propagation constant,
identified by a given index k. Then, we set /3’((0) and ﬁ;{ in the target
and trainable set to the same value, placed in the middle of the range
of possible values. This means that such parameter is set to 1.0 mm™!
in the case with direct control, and 0.3 mm™" in the case with multiple
control. We then evaluate the loss by tuning parameter ﬁf{o) in the range
+0.6 mm~! with respect to the central value, equal to twice the range
used in the training process. This analysis provide an intuition of how
the loss varies by changing a single parameter, as performed in a single
step of the training process, by showing the emergence of eventual local
or global minima.

As shown in Figure Bla for specific instances of interferometers with
planar layout, we observe two different behaviors depending from the
starting point of the optimization. More specifically, when the starting
point has an initial fidelity Fj, ~ 0.7, we observe the emergence of a
global minimum of the loss when the parameter is equal to the target
ﬁ,‘c. Conversely, for lower starting fidelities the loss landscape shows
the presence of different local minima, and thus the training process is
characterized by higher failure probability. This highlights the need of
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FIGURE B1 | Losslandscape when changing a single parameter S;,
in the training process. Loss change as a function of the parameter
shift with respect to the correct value. (a) Loss landscape for the planar
structure. Orange curve: m = 10 and F;, ~ 0.7. Purple curve: m = 50 and
F;, ~ 0.7.Blue curve: m = 50 and F;;, ~ 0.5. Red curve: m = 50 and F;;, ~
0.15. (b) Loss landscape for the 32-mode 3D layout according to Ref. [25].

choosing appropriately the starting fidelity for the training process, as
discussed in Section 4.

In Figure Blb, we report a similar analysis for the 3D interferometers
with multiple phase control. In this case, the loss landscape of the single
parameter has its global minima at a different value than the target
,6;{. This is likely due to the feature that, with this layout, multiple
configurations can generate the same unitary. This also provides an
intuition on the possibility of starting the training of interferometers with
this layout from a random set of parameters, since it is likely that from any
starting position, there is a close configuration that leads to the desired
unitary. We can also notice that the curve of the loss shows one well
defined minimum, thus helping the training process.

Appendix C: Details on the Approximation of the Gradient and on
the Training

In this subsection, we will give some additional details on our modified
FDSA and overall training method.

The choice of the parameter to be trained is performed in the following
way. The parameters are organized in an ordered list, and we proceed
changing the parameter at each epoch in sequence. Then, once the full
set of parameters have been used, the list is randomly permuted. Then we
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proceed in sequence changing the parameter following the shuffled list.
This appraoch is then iterated until the training reaches convergence. This
method, while retaining a degree of randomness in the choice, ensures at
the same time that no parameter is left untouched for too long.

The training is performed then by shifting the value of the chosen
parameter by a certain amount &, and by evaluating how the loss changes
with the shifted value. The choice of § is performed as a compromise
between two different trends. More specifically, reducing the value of &
permits to obtain a better approximation of the gradient, while at the same
time it increases vulnerability to sampling noise as well as other forms of
noise. The value of § changes based on the size and on the interferometer
layout. In our case, we tested various values and found out the one that
simultaneously minimizes both the loss and the probability of the training
getting stuck in a local minimum. Furthermore, the used value of & is
reduced as the loss decreases. Adapting this values permits to obtain
faster convergence rate around the global minima at the beginning of the
training. As an added advantage, we found that this approach reduces the
risk of getting stuck in a narrow local minima during the training process.

Given a specific choice of &, the training step involves shifting the value
by +8, comparing the obtained losses with the one obtained when the
parameter is left unchanged, and then moving in the direction where the
loss is lower. If neither direction has lower loss, we do not change the value
of that parameter. This takes three total evaluations per epoch, instead of
the usual two needed by FDSA, while reducing the risk of obtaining an
increase in the loss during that step of the process.

Once the correct direction for the parameter change has been identified,
one then needs to choose the effective strength of the parameter shift to
move to the next training step. To this end, we tried two approaches. The
first method involves adding a change in the parameter in the direction
where the loss decreases, by an amount proportional to the approximated
gradient. The second approach corresponds to using the value of +6,
already evaluated previously to identify the direction, corresponding to
the lower value of the loss. This second method also allows the use of only
two evaluations per epoch, instead of three, since we already know the
loss of the unaltered value from the previous epoch. In general, we found
out that the first method leads to a larger reduction rate of the loss when
far away from the target point. Conversely, the second method permits to
converge to a lower loss value when the parameter is close to the target,
and removed the risk of increasing the loss from one epoch to the next.
Given that we start from Fj, ~ 0.7, we privileged the use of the second
method. Further optimization could be possible by using the first method
for the initial part of training, and then switching to the second method
for the second part of training. Considering the involved parameter range,
we expect that in the investigated scenarios this would lead to a marginal
improvement in the algorithm efficiency.

Finally, the complete training process consists of multiple epochs that
follow the procedure described above. The specific number of epochs
changes depending on the structure and on the number of modes of the
optical interferometer.

As a further direction for improvement to be used for interferometers with
a large number of parameters and/or a lower starting fidelity, a possible
approach involves performing the initial part of the training with SPSA,
to obtain a first approximation of the target, and then use our modified
FDSA to perform the second part fo the optimization process.

Appendix D: Details on the Simulation with Shifts in the
Coupling Parameters

In this subsection, we will provide a more technical explanation on the
fidelities used for the trainings with shifts in the estimation of the coupling
coefficients {C; ;}.

In the absence of shifts in the estimation of the coupling coefficients,
we start from a set of propagation constants {ﬁi' }, and a set of coupling

coefficients {Cit’j}. We then create {/Si(o)} by taking the values of {6{} and
shifting each of them by a random amount. The strength of the shift
depends on the target starting fidelity (Fj, ~ 0.7) and on the structure of
the circuit. We then train those propagation constants {ﬁl.(o)} as explained
in the main text, using as target outputs those generated by simulating the
circuit using {ﬁi‘ } as the propagation constants. In such a way we obtain

the trained version, which we call {ﬁ’if 1

When inserting the shifts in the coupling coefficients, we generate a
new set of coupling coefficients called {Cij}, which can be obtained by
applying a small shift 5C; ; to {Ci"j}. In this situation, the parameters {Ci‘,j}
can be considered to represent the knowledge on the coupling coefficients
of the device, obtained either via pre-calibration or from the circuit
fabrication, while {Cij} are the true coupling coefficients of the device.

For notation on the fidelity comparisons, we will use: F({;}1,{Ci j}1, {Bi}2,
{Ci,j}2) to indicate the fidelity between two unitaries, where {§;}; and
{Ci,j}, indicate the propagation constants and the coupling coefficients
of the k-th unitary.

As a first step, we get the fidelity Fyoee = F({B!}, ik B3, {Cit’j}) to
compare the distance from the target transformation induced by the shift.
Then, we use {8} with {C} j} to get the target output values. We then get

{ﬁfo)} as previously describe to obtain the Fj, ~ 0.7 starting point, and
perform the training using those target values. In the training loop, we use

{,@go)} for the propagation constants, while we use {Cl.sj} for the coupling
coefficients. At the end of the training process we obtain {,Bif }. From these
parameters, we can calculate the fidelity Fppjse = F ({ﬁif X {ij}, B3, {Citj})

between the final trained circuit and the target obtained from the initial
knowledge on the coupling constants.

Appendix E: Classical Machine Learning Model

In this subsection, we will give some additional details on the structure
and training of the classical neural network we used in Section 5 to find
the starting parameters for a given target unitary.

Since the values of the unitary are complex, we first need to split every
complex value into two real ones for simplicity. This choice is performed
considering that, although complex-valued neural networks have been
defined [60], they do present some unique challenges. Such kind of
neural networks are still partially unexplored, and thus fewer libraries
optimized for their training are available. For our network, we use a
multilayer perceptron with dense layers. If m is the number of modes of
the interferometer, we get that the input layer of the network has size 2m?.
The output layer, on the other hand, has the same size as the number
of trainable parameters of the chosen optical interferometer. Conversely,
the number and size of the hidden layers varies with the size of the
interferometer. For instance, with the ten mode chip we use four hidden
layers, with width going from 256 to 64 nodes per layer. In the case of the 20
mode chip, we add at the beginning an additional layer with 1024 nodes.

The inputs parameters of the network are normalized. Conversely, we use
a linear transformation to map the output to the range of values [0,1], and
use a sigmoid activation function on the last layer. Then, the output values
are reverted back in the original range. For all the other layers, we use
the Exponential Linear Units (ELU) activation function [61]. The used
loss function is the Mean Squared Error MSE = i ZLl(y,- — 1), being
¥; the output parameters of the network, and y; the target parameters,
corresponding to those of the input unitary. For the optimizer, we use
Adam [62].
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We use dropout [63] to minimize the risk of overfitting, and improve
stability of the trained model. As a further refinement, during the first part
of training we increased the batch size instead of decreasing the learning
rate. This approach leads to a similar behavior in training, but allows for
greater parallelism, and thus shorter training times [64]. Then, once the
batch size is big enough, we start to decrease the learning rate.
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