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Calibration of sensors is a fundamental step in validating their operation. This can be a demanding task,
as it relies on acquiring detailed modeling of the device, which can be aggravated by its possible depen-
dence upon multiple parameters. Machine learning provides a handy solution to this issue, operating a
mapping between the parameters and the device response, without needing additional specific informa-
tion on its functioning. Here, we demonstrate the application of a neural-network-based algorithm for the
calibration of integrated photonic devices depending on two parameters. We show that a reliable charac-
terization is achievable by carefully selecting an appropriate network training strategy. These results show
the viability of this approach as an effective tool for the multiparameter calibration of sensors character-
ized by complex transduction functions. Furthermore, the approach is proven to be versatile and promising
for mass production, as the same neural network is able to calibrate different devices that have the same
structure.

DOI: 10.1103/PhysRevApplied.15.044003

I. INTRODUCTION

Quantum metrology has demonstrated significant
advances in the past few years, keeping up with the per-
spective of a novel generation of quantum sensors with
enhanced sensitivity [1–5]. In order to fully exploit these
advantages, the device must be known and controlled, so
that the measured parameters can be retrieved with good
accuracy. This ability then relies on the availability of a
trusted calibration of the sensor in hand [6]. Conventional
methods for device characterization require, in general, a
large set of calibration data and intensive postprocessing.
Alternatively, one could rely on refined a priori physical
models of the sensors, including noise effects, based on
measured quantities. Such intensive approaches, however,
become impractical for sensors of increasing complex-
ity and unfeasible from the perspective of commercial
devices.

Further, in realistic sensors, the user typically has access
and control over a set of physical parameters, which in turn

*fabio.sciarrino@uniroma1.it
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modify the internal characteristics of the device. There-
fore, the target parameters are not directly evaluated but are
inferred from measured quantities. Optical phases, deter-
mined by electrical signals via thermo-optic effects, are
a case in point [7–10]: here, voltages are the parameters
of interest, but the measured optical signal derives from
variations of optical phases. Therefore, the sensor inher-
ently works as a transductor, mapping the parameters to
be estimated onto measured quantities through a suitable
response function, which needs to be characterized as well.
In this respect, spurious effects also affect the response
function and must be taken into account. This poses major
difficulties in the modeling and increases the complex-
ity of an experimental characterization via conventional
methods.

A practical approach thus requires a different methodol-
ogy for sensor calibration. A viable direction is provided
by machine-learning techniques in order to circumvent the
need to model the sensor response. These are capable of
handling large data sets and of solving tasks for which
they have not been explicitly programmed; applications
range from stock-price predictions [11,12] to the analy-
sis of medical diseases [13]. In the past few years, several
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applications of machine-learning methods in the quantum
domain have been reported [14–16], including state and
unitary tomography [17–25], the design of quantum exper-
iments [26–32], the validation of quantum technology
[33–35], the identification of quantum features [36,37],
and the adaptive control of quantum devices [38–54]. Also,
photonic platforms can be exploited for the realization of
machine-learning protocols [55,56]. Recently, an insight
into the application of machine-learning methods for the
calibration of a quantum sensor has been reported [57].
In detail, the characterization of an optical phase sensor
has been carried out by means of artificial neural networks
(NNs) [58]. This has demonstrated its advantages, in that
it required no detailed model, it relied on the same states
for the calibration as for the estimation, and it demon-
strated robustness to finite-size data sets when compared
to standard methods. When extending the use of NNs to
multiple-parameter scenarios, these features can be pre-
served and help to solve a crucial issue. Variations of the
parameters can affect the sensor with expected forms of
behavior, as well as with undesirable crosstalk effects, with
the latter generally being hard to model due to their spuri-
ous nature. The effective nonanalytical approach of NNs
avoids these difficulties.

In this paper, we demonstrate the calibration of multi-
phase sensors implemented in a femtosecond-laser-written
photonic platform. The devices are multiarm interferome-
ters with multiple embedded phases, which are controlled
externally by applying a voltage to resistors placed within
the sensor. We report on how to build and train a NN
to make it capable of working as a reliable and practical
calibration tool. We illustrate how the optimization of the
NN settings is operated and how ambiguities in the sensor
response function are resolved. Our results yield evidence
on the viability of a machine-learning approach for the
calibration of complex quantum devices.

II. RESULTS

In this section, we detail our use of a feed-forward neural
network [59] to approximate the multivariate function that
links single-photon detection probabilities, relative to the
outputs of an integrated three-mode device, given a certain
input, to the voltage settings controlling the interferometer
phases.

Regression is one of the most common problems faced
by supervised learning algorithms. It consists in finding
a map f that links an input vector of features �xi to the
respective output vector �yi consisting of real numbers, for
all the examples i in the data set. NNs are very effective
at modeling complex nonlinear functions for very-large-
dimension data sets described by many features and their
performance is particularly good when large training data
sets containing many different examples are available.

A. Experimental platform

The integrated device under study is a three-arm inter-
ferometer realized by the femtosecond-laser-writing tech-
nique [60,61] and able to perform multiphase estimation
protocols [51,62]. The circuit is composed by a sequence
of two three-arm beam splitters (tritters) realized through a
two-dimensional geometry decomposition and interposed
with three internal arms encoding two independent opti-
cal phase shifts �φ = (�φ1, �φ2) of two of the arms with
respect to the third one (reference). These are thermo-optic
phase shifts that can be tuned by means of Ohmic resistors.
When a set of voltages (V1, V2) is applied to the resistors, a
different global phase shift is generated along each optical
path, thus changing the action of the device. A schematic
of the device is shown in Fig. 1. The chip is studied in the
single-photon regime. Pairs of photons with wavelength
785nm are generated by a spontaneous parametric down-
conversion process in a beta barium borate (BBO) crystal.
A single photon of the pair is coupled into a fiber array
connected to one of the inputs of the circuit, while the other
photon acts as a trigger. Single-photon detectors are placed
at the output fibers of the device and coincidence events
between the trigger and the photon injected inside the chip
are recorded. In this way, the single-photon probabilities
P(i → j ) for each output j (j = 1, 2, 3) are measured by
changing the input arm i of the single-photon state and
tuning the power dissipated on the internal resistors. In
particular, we tune the voltages applied to each resistor
independently, while keeping the others off. Thus, these
measurements map the output distribution in the single-
photon regime onto the control parameters. Notably, in our
case, the parameters controlled by the user are the electric
voltages and not the internal phases directly. If one is inter-
ested in the physical relative phase shifts �φ1 and �φ2
resulting from the application of the two voltages V1 and
V2, a preliminary calibration step is required. The charac-
terization of the voltage-to-phase response is unavoidable
for any similar sensor and can result in additional calibra-
tion errors of the global response. A possible model [62]
is provided by the following approximate response func-
tion containing linear and quadratic dependencies from the
dissipated power:

�φi =
2∑

j =1

(
αij PRj + αNL

ij P2
Rj

)
, (1)

where the dissipated power is PRj = V2
j /Rj using an

Ohmic approximation for the two resistors, while αij and
αNL

ij are, respectively, the linear and nonlinear response
coefficients associated with the phase shift �φi (i = 1, 2)

when dissipating power on resistor Rj . Therefore, in the
standard characterization, a theoretical model of the circuit
is necessary to recover the output probabilities through a
fit of the measured probabilities. This, in turn, allows us
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FIG. 1. The conceptual scheme, showing the calibration steps in a clockwise sense. Circuit: single photons are sent along one of
the inputs of the three-arm interferometer and are revealed by avalanche photodiodes (APDs). Training set: the output probabilities
P(i → j ) (with i, j = 1, 2, 3) are measured as a function of the two applied voltages V1 and V2, collecting a total number of N training
examples. As explained in the main text, the kick values (�V1, �V2) and its probabilities P̃(i → j ) (not shown in the figure) are also
considered for removing ambiguous points. For this reason, the NN has four output nodes. NN learning: a small portion of the data
set is used to train the neural network. Mapping: after training, the NN is able to map any new output probability Pnew(i → j ) to the
corresponding pair of voltages, predicting the values (Vpred

1 , Vpred
2 ) and the kick ones.

to extrapolate the dynamic and static parameters of the
chip [51,62]. Conversely, the aim of this work is to avoid
relying on knowledge about both the theoretical model
of the circuit and the response function in Eq. (1). In
fact, this would prove inefficient for the characterization
of mass-produced devices. The goal, instead, is to generate
a mapping between the voltages and the output probabili-
ties using only a limited set of measurements. We exploit
the NN approach exactly to realize such a goal (Fig. 1).

B. Neural-network architecture and performance

We start by using simulated data to inspect the algorithm
requirements both in terms of the network architecture and
the amount of training data needed to obtain good perfor-
mance when evaluating new examples. In our case, the
simulated data are obtained based on single-photon input-
output probabilities P(i → j ) estimated from experimental
measurements through a fitting procedure. In particular,
such a probability is obtained from the same reconstruction
method employed in Ref. [62]: the entire circuit described
in Sec. A is the result of the sequential 3 × 3 matrix
operations Uchip = UBU(�φ)UA, where UA and UB are
the matrices describing the actual tritter transformations,
while U(�φ) introduces the phase shifts �φ, tuned by

voltages (V1, V2) according to Eq. (1). The single-photon
output probabilities are obtained as P(i → j ) = |Uchip

j ,i |2.
This preliminary step has the sole purpose of identifying
the structure of the NN more efficiently for the calibration
of a general three-arm interferometer: while it is instru-
mental for our verification of the NN method, it is not
required for its actual use.

To train the NN, the data are divided into a vector of
input features �x corresponding to the nine input-output
probabilities obtained when applying a given pair of con-
trolled voltages, which constitute the elements of the
output vector �y:

{�x, �y}
k = {

P(i → j ), (V1, V2)
}

k for i, j = 1, 2, 3. (2)

The index k = 1, . . . , N refers to each training exam-
ple and N represents the total number of training data.
The vector of probabilities �x is constructed using counts
extracted from a Poisson distribution the mean values of
which correspond to those assessed from the fit. This pro-
cedure is needed for the NN to properly account for the
presence of such source of uncertainty. A part of the data,
viz., 15% of the whole set, is used as a validation set:
it is not directly employed for the training but, rather, to
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obtain an independent estimate on the training error. This
is necessary to avoid overfitting.

We test different NN architectures with a different num-
ber of hidden layers and neurons per layer, studying
the network performance for different activation func-
tions, initialization parameters, and optimization algo-
rithms. Finally, we choose the one that has the smallest
root-mean-squared error (RMSE) on the validation set. We
note that the probabilities are not independent, due to the
constraints imposed by unitarity of the transformation, and
the full set of nine probabilities is redundant for the net-
work training. Indeed, only four of them are required, plus
their normalization. Given this redundancy, satisfactory
results can be achieved training the network with the six
probabilities obtained when injecting a photon into the first
and second input of the device, respectively. The training
consists in tuning the parameters of the model to minimize
the RMSE associated with each example of the training
set; for this purpose, the gradient of the loss function, cor-
responding to the summation of the RMSE over all the
training examples, with respect to all the parameters of the
network, is computed using the back-propagation method
[63]. In the next step, the gradient is used to minimize the
loss function using the ADAM optimization algorithm [64].

We train the network with the results obtained after the
application of 53 different tension values to each of the
two resistors in the device. This gives a tension grid with
53 × 53 = 2809 different tension pairs associated with the
relative input-output probabilities available to train the

network. Therefore, each example in the training set, con-
sists of the tension pairs associated with six probability
values. The trends of the values predicted by the trained
NNs are reported in Fig. 2 as a function of the applied
voltages on the two resistors. However, to obtain a good
estimation over the full range of accessible tensions, it is
necessary to incorporate into each training example the
further set of probabilities P̃(i → j ), which we refer to as
kicks, as follows:

{�x, �y}
k = {

[P(i → j ), P̃(i → j )],

(V1, V2, V1 + �V1, V2 + �V2)
}

k, (3)

where the values P̃(i → j ) are added by considering the
probabilities obtained by changing V1 (V2) of a fixed value
�V1 (�V2) and the length of the �x and �y vectors is K . This
is necessary to remove ambiguities in the evaluation of the
overall function, providing additional information to the
network. More specifically, this requirement is due to the
noninjectivity of the output probabilities, resulting in the
presence of multiple parameter points that correspond to
the same probability values. Thus, in the absence of addi-
tional data sets, it is not possible to distinguish between
those points.

The kicks will be de facto treated as additional input
probabilities by the NN and, as such, once chosen, to allow
for the NN to correctly associate their values with the
voltages, they need to be kept fixed between the training
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FIG. 2. Examples of input-output probabilities P(i → j ) for each input i and output j (i, j = 1, 2, 3) of the chip, resulting from
predictions of a NN trained with simulated data, as a function of the applied voltages V1,V2 over two Ohmic resistors. (a)–(c) The
output probabilities P(1 → j ) obtained by injecting single photons along input 1. (d)–(f) The output probabilities P(2 → j ) obtained
by injecting single photons along input 2.
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and the test. The optimal values for �Vi need to be tai-
lored to the functions at hand, as they will depend on the
steepness and periodicity of the probabilities. In our case,
we implement kicks associated with �V1 = 0.57 V and
�V2 = 2.27 V.

If we compare the network results on the validation set,
the RMSE is improved by 85% due to the additional infor-
mation provided by the tension kick, when evaluated over
the full range of tension values. The advantage obtained
is independent of the specific value of �V1 and �V2, as
long as they are large enough to yield information about
different regions of the inspected functions. Enlargement
of the data in each training example requires us to increase
the number of nodes in the input and output layers of the
network. The architecture that allows us to achieve the
best performance, among the ones considered, is a net-
work with 12 input nodes and four output nodes, separated
by three hidden layers with 200 nodes each (Fig. 1). All
the nodes, except for the output ones, which are activated
by a linear function, are activated by a rectified linear unit
(reLu) function initializing their weights, with random val-
ues extracted from a normal distribution centered on zero
and with variance σ 2 = 2/n, where n is the number of
neurons in the previous layer. In particular, as is often the
case in regression problems, the linear activation function
provides the best performance compared to those obtained
with other activation functions, i.e., the reLu, the sigmoid,
and the hyperbolic tangent.

The training can be stopped when the loss function
on the validation set stops decreasing. In our case, this
happens always before 250 epochs have been completed.
During each epoch, all the training data are passed to
the NN, which adjusts its internal weights. Moreover, to
make the algorithm more efficient, the whole training set
can be divided into small random batches, which are iter-
atively analyzed during each training epoch. To analyze
the variability among different training runs, we study the
results obtained, starting from the same data sets, after
performing 50 independent training runs of the network.
The mean value of the normalized root-mean-squared error
(NRMSE) is given by

ε = 1√
K

||�y − �̂y||
ymax − ymin

, (4)

where || · || indicates the Euclidean norm. It is calculated
on the validation set in such a configuration, yielding a
value of ε = 0.015 ± 0.001. After the network is trained,
its performance is evaluated on an independent test set of
100 different examples selected randomly among the pos-
sible tension pairs of the 53 × 53 grid, adding Poissonian
noise on the detection events that determine the probabil-
ity values. Notably, since both the training and the test
data include random Poissonian noise, the resulting NN is
robust when evaluating new noisy examples. To quantify

how close the network estimation of the tension values is to
the true values, we evaluate the cosine similarity between
the vector of network outputs �y, corresponding to the four
tensions for all the test examples, and the expected results
�̂y, as follows:

c = �y · �̂y
||�y|| · ||�̂y||

, (5)

which is equal to 1 when the prediction �̂y is equal to the
true value �y. Moreover, to estimate how much the cosine
similarity depends on the random sample selected, we
compute its value on 500 repetitions, each containing 100
examples extracted randomly among the available ones,
obtaining a value of c = 0.999 ± 0.001.

Once the network architecture is established, we inves-
tigate how the NRMSE on the validation set and the cosine
similarity between the network estimation and the true
tension values change, reducing the number of tension
pairs used for the training. For all the different config-
urations, the size of the training set, and consequently
of the validation set, changes depending on the dimen-
sion of the tension grid used. Conversely, the number of
examples making up the test set remains fixed at 100. For
all the new training configurations, the test data are still
extracted randomly from the largest grid. This choice is
made to assess the extent to which reducing the data for
the training affects the final network estimation of new
examples. Figure 3 reports the NRMSE on the validation
set, obtained from multiple training runs of the network
and the cosine similarity among the network estimation
and the expected values in the test set. As expected, the
NRMSE achieved by the network decreases as the number
of training examples increases, allowing a better recon-
struction of the function mapping the input vector onto the
output one. A better reconstruction of this function grants
higher network performance on the independent test set,
as shown by the growth of the cosine similarity between
the reconstructed tension vectors by the NN and the real
one. The error in the cosine similarity values gives an
indication of the variability linked to the analysis of differ-
ent examples that randomly fall in different regions of the
probability functions. In parallel, the error in the NRMSE
values depends on the results of different training runs of
the algorithm that, starting with random initial parameters,
can end up in slightly different conditions.

C. Results on experimental data

Here, the network architecture resulting from the pre-
vious analysis is implemented and tested by training the
NN directly on actual experimental data. This is possi-
ble due to the network efficiency in learning the function
that maps the input-output probabilities to the tensions
applied. In this way, a good estimate of the tension values
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FIG. 3. NN training with different values of the data grid size.
The training performance is shown in terms of (a) the NRMSE,
computed over the validation set, and (b) the cosine similarity on
the test set.

is obtained. If the explicit model given in Eq. (1) is avail-
able, this same procedure is also effective to calibrate the
response of the device explicitly in terms of the phases; an
exact description of the further propagation and measure-
ment steps is not needed. We want to test the robustness
of the developed NN with respect to its hyperparameters,
such as the number of nodes and layers. For this purpose,
we calibrate another integrated circuit with different output
probabilities but the same structure as the first one. More
specifically, we use the data obtained from a 50 × 50 ten-
sion grid applied on a second integrated device with the
same layout, to train the same network as the one described
above. The training with such data takes longer to reach the
region where the loss function on the validation set stops
decreasing. This is shown in Fig. 4, where the NRMSE
and the cosine similarity are reported as a function of the
training epochs. The network tension estimations when
100 new data are acquired are reported in Fig. 6, show-
ing the ability of the network to make accurate predictions
of the applied voltages. To visualize clearly the differ-
ence among the predictions obtained by the NN and the
expected tension values, we report in the inset of Fig. 5 the
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FIG. 4. A study of the NN performance by using the experi-
mental data set for both the training and the validation stages: (a)
the NRMSE and (b) the cosine similarity are shown as a function
of the computed epochs.

same points of Fig. 6 together with the true tension values.
To study the variability among multiple test batches, we
compute the standard deviation over the NRMSE obtained

FIG. 5. The histogram of the two-point distances obtained
over the test set of 100 points. The error bar represents the stan-
dard deviation computed over 500 different random batches of
test sets. In the inset, we report one of the 500 random test sets
consisting of 100 points represented in the same color and linked
by a line to the 100 tension pairs predicted by the NN.
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FIG. 6. A comparison between the voltages predicted from the NN (red dots) and the grid of experimental values (blue surface) for
different single-photon input-output probabilities. The red predicted points are the same ones as reported in the inset of Fig. 5

on 500 different random test sets, obtaining a value of
ε = 0.022 ± 0.009 which, as expected, is compatible with
the results obtained on the validation set and reported in
Fig. 4(a). To quantify the difference among the predictions
and the true values, we also compute the two-point dis-
tances of all the 100 points for all the 500 test repetitions.
The histogram reported in Fig. 5 shows that more than 80%
of the predicted points are at a distance from the true ten-
sion values of less than 0.1V, demonstrating the accuracy
of the NN predictions. In this way, we show that the param-
eters chosen for the NN can also be applied for calibrating
different circuits that share the same structure. This feature
is key from the perspective of mass-produced devices with
the same layout.

This black-box approach is by no means limited to
calibrations for metrology and can find more extensive
applications. For instance, the same NN could be used to
extract the voltage settings necessary to obtain target split-
ting ratios among the three output probabilities. Also in
this case, in which our device is operated as an intensity
partitioner, the NN could provide a practical solution to
assess its actual capabilities.

III. CONCLUSIONS

We report on the application of a NN-based algorithm
to perform the calibration of integrated devices depending
on two parameters. In this investigation, we rely on knowl-
edge of a model to identify the most appropriate regime for
collecting the training set. However, this is by no means a
necessary step in that the use of the NN itself incorporates

the same information that would be present in the model.
Remarkably, the NN is able to account for spurious effects
such as, in our case, crosstalk between thermal actuators,
which are otherwise intricate to describe.

Concerning the scalability of the NN approach, two
aspects need to be considered. First, this method is not
expected to mitigate the growth of the required number
of collected data points for an increasing system size. The
gradients of the response function also significantly affect
the collection size. Second, the scaling of the network itself
will depend on the complexity of the studied system. How-
ever, these aspects are well balanced by the fact that NNs
are intrinsically well suited to handling large data sets.
Overall, this approach can still be beneficial in tackling
more complex systems, depending on a large number of
parameters, that are otherwise intractable through standard
fitting procedures.

Moreover, even if the NN approach does not require a
full description of the device, it can be foreseen that some
basic modeling of it could nevertheless be beneficial. The
successful characterization of two devices based on a sin-
gle approximate model shows that the NN performance
does not depend heavily on the level of detail of the model.
In the same vein, some anticipation of the device output
might reveal whether ambiguities may be present in the
chosen range of parameters. We show that this is easily
accounted for by introducing additional data as input to the
NN.

This study brings forward machine-learning applica-
tions in two respects: it goes beyond optimization of the
employed resources when these are severely constrained
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and it shows that this characterization method extends
beyond the single-parameter regime. The obtained results
yield evidence that the NN can provide an effective, robust,
and reliable tool for the calibration of complex sensors
that depend on multiple parameters, with the advantage of
requiring no detailed model of their internal operation.
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