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Neural networks are becoming ubiquitous in various areas of physics as a successful machine learning (ML) technique
for addressing different tasks. Based on ML technique, we propose and experimentally demonstrate an efficient method
for state reconstruction of the widely used Sagnac polarization-entangled photon source. By properly modeling the target
states, a multi-output fully connected neural network is well trained using only six of the sixteen measurement bases in
standard tomography technique, and hence our method reduces the resource consumption without loss of accuracy. We
demonstrate the ability of the neural network to predict state parameters with a high precision by using both simulated and
experimental data. Explicitly, the mean absolute error for all the parameters is below 0.05 for the simulated data and a mean
fidelity of 0.99 is achieved for experimentally generated states. Our method could be generalized to estimate other kinds of
states, as well as other quantum information tasks.

Keywords: machine learning, state estimation, quantum state tomography, polarization-entangled photon
source
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1. Introduction

With the development of quantum technologies, the
technique of producing quantum entangled states has be-
come increasingly widespread and mature, finding various
applications in quantum information tasks, such as quantum
teleportation,[1–4] quantum random number generation,[5–7]

and quantum computation.[8–10] The canonical method to
characterize a quantum state is the technique of quantum state
tomography[11,12] (QST), which allows one to reconstruct the
density matrix of a quantum state through local measurements.
However, such method is resource-intensive, requiring exten-
sive time and computational resources for the full reconstruc-
tion of the state in practical experiments. The efficient charac-
terization of quantum entangled states remains an unresolved
problem.

On the other hand, machine learning (ML) is a branch
of artificial intelligence (AI) that focuses on the development
of algorithms and models capable of learning from data to
make predictions or decisions. Over the past decades, machine
learning has increasingly been used in various fields of physics
for solving diverse tasks,[13,14] such as particle physics,[15]

astronomy,[16] material sciences.[17] In recent years, machine
learning has been demonstrated as a novel and efficient plat-
form for solving problems in quantum information science,[18]

such as classification of quantum entangled states,[19–21] es-

timation of quantum states,[22–24] and development of novel
algorithms for solving many-body systems.[25]

In this work, we aim to exploit machine learning to
reduce the resource consumption for reconstructing the en-
tangled states generated from a widely used polarization-
entangled photon source employing a type-II phase-matched
periodically poled crystal pumped in two directions in a
Sagnac interferometer.[26–28] Such kind of source has the mer-
its of high brightness, high-quality with intrinsic phase sta-
bility, and thus shows broad prospects in the verification of
the basic principles of quantum mechanics,[29–32] quantum
communication,[33–35] and quantum computation.[36,37] We
first establish a model for experimentally generated entangled
states. Then we train a multi-output fully connected neu-
ral network (FCNN) using simulated data from only six of
the sixteen measurement bases in standard tomography tech-
nique. Note that the FCNN is a prominent example of super-
vised learning algorithms with interconnected layers of neu-
rons fully connected to the next,[38,39] enabling the network
to learn complex mappings from input features to output pre-
dictions through its hidden layers. We demonstrate the perfor-
mance of the well-trained FCNN using both simulated and ex-
perimental data. Theoretically, we achieve a negligible mean
error of below 0.05 for all relevant parameters with simulated
input data. Experimentally, we characterize a series of states
and obtain an average fidelity of 0.99. These results demon-
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strate the validity and efficiency of the machine learning as-
sisted state reconstruction scheme.

2. Modelling the target state
We first give a brief description of the polarization-

entangled photon source with Sagnac interferometer and an-
alyze possible noises and imperfections. Then we present a
model that accurately describes these states which are then uti-
lized as the training set for the FCNN.

The structure of the polarization-entangled photon source
is shown in Fig. 1. The Sagnac interferometer is com-
posed of a polarization beam splitter (PBS), a half-wave plate
(HWP2), two high-reflection mirrors (M), and a periodically
poled potassium titanyl phosphate (PPKTP) crystal that is de-
signed for satisfying the type-II quasi-phase-matching con-
dition for spontaneous parametric down-conversion (SPDC)
process. The PBS and HWP2 are fabricated with antireflec-
tion coating for both pump and down-converted wavelengths.
The pump light directed into the interferometer is split at
the PBS with the horizontal and vertical components travel-
ing clockwise and counterclockwise, respectively. Frequency-
degenerated polarization-orthogonal SPDC photon pairs are
generated from PPKTP in two directions. HWP2 is set at
π/4 to rotate the pump and the photon pairs. Then the two-
direction photon pairs are combined at the PBS, resulting
in the polarization entangled state α|H〉A|V 〉B + β |V 〉A|H〉B,
where the subscripts A and B refer to the two output ports of
the PBS. The coefficients α and β originate from the polariza-
tion of the pump light α|H〉+β |V 〉, which are controlled by
HWP1 and a quarter-wave plate (QWP1). When the pump po-
larization is adjust to the ideal case (|H〉− |V 〉)/

√
2, the max-

imally entangled state |Ψ−〉 = (|H〉A|V 〉B − |V 〉A|H〉B)/
√

2
can be generated.

LASER

Source PBS QWP HWP M DM FI

FCNN

TomographyH1 Q1

H2

A

B

P
P
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T
P

Fig. 1. Schematic of the polarization-entangled photon source with
Sagnac interferometer and measurement setups in tomography stage. PP-
KTP: periodically poled potassium titanyl phosphate crystal, PBS: polar-
ization beam splitter, QWP: quarter-wave plate, HWP: half-wave plate,
M: high reflecting mirror, DM: dichromic mirror, FI: bandpass filter.

Then we analyze possible noises and imperfections of the
state in practical experiment. The main contamination to the

ideal state results from the imperfection in the interferome-
ter loop, which may induce imbalance and dephasing noise
between |H〉A|V 〉B and |V 〉A|H〉B terms. In addition, the de-
viation in polarization elements could bring inherent white
noises. Hence, the state is then modeled as follows:

ρm(t,s,λ ) =
1

1+ t

(
|ψ〉〈ψ|+ sI⊗ I

1+4s
+ t|Ψ+〉〈Ψ+|

)
, (1)

where |ψ〉= λ |H〉A|V 〉B−
√

1−λ 2|V 〉A|H〉B with λ ∈ [0,1].
The decoherence is expressed by adding a proportion of an-
other type of Bell state |Ψ+〉 = (|H〉A|V 〉B + |V 〉A|H〉B)/

√
2

to the density matrix and I is the identity matrix representing
the white noises. This model is highly consistent with expe-
riential observations from typical experiments.[26,27] Conse-
quently, the task of reconstructing the density matrix is trans-
formed into the estimation of three real parameters {t, s, λ}.

For the sake of reference, we calculate fidelities between
the density matrix of some experimentally generated states and
the ones generated through our model in Eq. (1). The average
fidelity reaches 0.993, revealing the fact that the theoretically
generated entangled states are closely aligned with the exper-
imentally generated ones. Therefore, the theoretical data can
serve as a reliable substitute for training the FCNN.

3. Training and testing of the FCNN
We aim to reconstruct the density matrix of the target state

using only part of the measurement results of the QST. The
choice of measurement configurations has a substantial impact
on the performance of the FCNN and requires thorough con-
sideration. For this purpose, we first do basis decomposition
of the target state given by Eq. (1) as

ρm =
1

1+ t

[(
s+1

1+4s
+

t
4

)
IA⊗ IB

+
2λ 2−1

4(1+4s)
(ZA⊗ IB− IA⊗ZB)

−
(

1
1+4s

− t
4

)
ZA⊗ZB

+
1
2

(
t
2
− λ
√

1−λ 2

1+4s

)
(XA⊗XB +YA⊗YB)

]
, (2)

where I, X , Y , Z denote the Pauli operators with respect to
the polarization basis. Based on the above decomposition we
choose the measurement bases {II, IZ, ZI, XX , YY, ZZ} as
the input to estimate the parameters {t, s, λ}.

Since there are multiple target variables to be estimated,
a multi-output regression is required, which is an important
task in machine learning. In contrast to the standard regres-
sion where a single value is predicted for each sample, multi-
output regression requires specialized machine learning algo-
rithms that support outputting multiple variables for each pre-
diction. As shown in Fig. 3, the FCNN is designed to address
the multi-output regression task. It consists of an input layer,
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five hidden layers, and two output layers connected to three
output neurons, each corresponding to a different target vari-
able t, s and λ , respectively.

t

s

λ

Fig. 2. The structure of the FCNN includes the input layer, hidden layer,
and output layer.

The FCNN is trained using a set of loss functions corre-
sponding to each output. Typically, the overall loss L for the
network can be a weighted sum of individual loss functions for
the targets t, s and λ ,

L = ωt ·Lt +ωs ·Ls +ωλ ·Lλ , (3)

where ωt , ωs, ωλ are weights that balance the importance of
each task. Since the ranges of these three parameters are iden-
tical, the weights can be defined as ωt = ωs = ωλ = 1. During
training, gradient descent is used to minimize the loss func-
tion L. The gradients of L with respect to the weights of the

network W are calculated as

∂L
∂𝑊

= wt ·
∂Lt

∂𝑊
+ws ·

∂Ls

∂𝑊
+wλ ·

∂Lλ

∂𝑊
. (4)

These gradients are then used to update the weights of the net-
work in the direction that reduces the loss, typically according
to the rule

𝑊new =𝑊old−η · ∂L
∂𝑊

, (5)

where η is the learning rate. This process is repeated itera-
tively over many epochs until the network performance con-
verges to a satisfactory level or a predefined number of epochs
is reached. Following the standard paradigm of statistical
learning, a dataset consisting of 100000 training samples with
randomly generated t, s and λ is utilized to train the model
parameters. According to the identical distribution assump-
tion, the parameters are evenly distributed in [0,1]. We choose
a large sample size in order to ensure the accuracy of model
evaluation and to mitigate the risk of overfitting and model
bias. In order to further improve the robustness, we employ the
dropout method during the training process of our model.[40]

Dropout means temporarily removing it from the network,
along with all its incoming and outgoing connections. We ran-
domly drop out 20% units in the neural work for each training
iteration.
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Fig. 3. Performance of the three parameters. The black line represents the theoretical value and the orange dots represent the prediction results.

After the model was well trained, the performance of the
model was quantified using standard regression metrics by an-
other 10000 testing samples. It can be evaluated by two indi-
cators of mean absolute error (MAE) and mean squared error
(MSE) given by

MAE =
1
n

n

∑
i=1

∣∣Yi− Ŷi
∣∣ , (6)

MSE =
1
n

n

∑
i=1

(
Yi− Ŷi

)2
, (7)

where Yi is the actual value, and Ŷi is the parameter predicted
using machine learning, with n representing the total number
of samples. The estimated results for the three parameters are
depicted in Fig. 3. The MAE values for the three output pa-
rameters are 0.0262, 0.0265 and 0.0540, respectively, which

indicate a close approximation of the predicted values to the
actual ones. The MSE values are 0.0017, 0.0018, and 0.0105,
respectively. These results suggest a high degree of accuracy
and model reliability in predicting the targeted outputs as well
as with low error margins.

4. Experimental demonstration of machine
learning assisted reconstruction of quantum
states
With the above test, we can employ the well-trained

FCNN to reconstruct the state generated from the entangled
photon source in a real experiment. In our experiment setup
shown in Fig. 1, we use a 405-nm-wavelength continues-wave
pump laser light to pump a 2-cm-long PPKTP crystal to gen-
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erate polarization-entangled photon pairs centered at 810 nm.
The source achieves a peak coincidence count rate of 7000 Hz
at a pump power of 0.95 mW. During the tomography stage,
a set of QWP, HWP and PBS is utilized to perform projection
measurement at each side. Coincidence counts are obtained
by single-photon detectors (SPDs) and a coincidence counter
with a coincidence window of 500 ps and an integral time of
3 s. In total, we generate five distinct folds of quantum states
that are close to the maximally entangled states.

Table 1. Comparison between the estimated parameters via machine
learning (ML) and quantum state tomography (QST). The last column
gives the fidelity between the ML-estimated and QST density matrices.

Number
t s λ

Fidelity
QST ML QST ML QST ML

1 0.0000 0.0420 0.0002 0.0015 0.7044 0.6940 0.9806
2 0.0117 0.0055 0.0007 0.0025 0.7117 0.7010 0.9956
3 0.0045 0.0102 0.0041 0.0017 0.7250 0.7150 0.9919
4 0.0120 0.0112 0.0005 0.0005 0.7042 0.7150 0.9951
5 0.0120 0.0014 0.0000 0.0000 0.7176 0.6440 0.9857

I
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X
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Z↩
.
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Z I
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
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(a)

(b)

Fig. 4. Comparison of density matrices ρQST and ρML. The density ma-
trix obtained via QST is plotted with transparent background and black
border while the one obtained via FCNNs is filled with color.

The predictive endeavor is conducted by inputting the
results for the measurement configuration in Section 2 into
the FCNN, thus instigating a forward propagation through the
layers and returning a set of parameters {tML,sML,λML} at

the output layer. Substituting these parameters into Eq. (1),
we can get the estimated density matrix ρML. For the
sake of reference, we do QST on each state and calculate
the density matrix ρQST. The fidelity between the ML-
estimated and QST density matrices is then calculated via
F(ρML,ρQST) = Tr

√√
ρMLρQST

√
ρML. Also, the parameters

{tQST,sQST,λQST} are extracted from ρQST by maximizing the
fidelity F [ρQST,ρm(tQST,sQST,λQST)].

The resultant output values of the FCNN and their com-
parison against the values computed by QST are shown in Ta-
ble 1.

The MAEs of the parameters t, s, and λ are 0.0131,
0.0010 and 0.0231, respectively. An average fidelity of 0.9900
across the five folds of states is achieved, indicating an accu-
rate estimation of quantum states. Besides, a comparison of
the density matrix obtained by QST and our FCNNs is pre-
sented in Fig. 3. Notably, despite the presence of nonzero
terms particularly in the imaginary part of the density ma-
trix, the density matrix reconstructed by our method closely
resembles the QST matrix. The high prediction accuracy re-
sults demonstrate that the model has the ability to learn from
training data to predict unknown datasets.

5. Conclusion
In conclusion, we proposed and experimentally demon-

strated an efficient method to reconstruct the states gener-
ated from a widely used kind of polarization-entangled photon
source with a Sagnac structure. The method is based on a ma-
chine learning algorithm that employs a multi-output FCNN
trained with properly modeled states. With both simulated and
experimental data, we demonstrated that the method can ac-
curately reconstruct the entangled states by using only six of
the sixteen measurement bases in standard tomography tech-
nique, thus greatly reducing the consumption of measurement
resources.

Although our method is only capable of characterizing a
specific kind of states, it can be straightforwardly generalized
to the estimation of other kinds of states. Our method is an ex-
ploration of the combination of machine learning and quantum
information. Our approach provides an evidence that machine
learning is beneficial to solving problems in quantum informa-
tion and also other scientific fields. We hope that our approach
may stimulate more such investigations.
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