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FIG. 1: Quantum networks from abstract to physical. (a) A quantum network composed of quantum nodes for processing and
storing quantum states and quantum channels for the distribution of quantum information. Such a network can alternatively be
viewed as a strongly correlated many-particle system. (b) Quantum interface between matter and light. Coherent interactions
within the node are characterized by the rate ⇤, while ⇥ specifies the rate for coupling between the node and photons in the
external channel. Parasitic losses occur at rate �. (c) Quantum state transfer and entanglement distribution from node A to
B within the setting of cavity QED [7]. At node A the control pulse �out

A (t) a⇥ects the transformation of atomic state |⌅�
to the state of a propagating optical field (i.e., a ‘flying photon’). At node B the pulse �in

B (t) is applied to map the state
of the flying photon into an atom within the cavity, thereby realizing the transfer of the state |⌅� from A to B [22]. (d)
Distribution of entanglement using ensembles of a large number of atoms [16]. A single-photon pulse at node A is coherently

split into two entangled components that propagate to nodes B, C and are there coherently mapped by control fields �(in)
B,C(t)

into an entangled state between ensembles at B, C. At later times, components of the entangled state can be retrieved from
the quantum memories by separate control fields �(out)

B,C (t) [23].
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FIG. 4. Sensing gravity-induced entanglement (GIE) between
masses. (a) The setup of two trapped masses interacting grav-
itationally. After a time ⌧0, two cavity modes are turned on,
whose observables are processed to estimate the GIE. (b) The
estimated GIE for di↵erent initial evolution of the masses ⌧0

vs testing instances, with standard deviation �E < 10�4. The
parameters used in simulations are m = 1 kg made of Os-
mium with density 22.59 g/cm3, ! = 0.1 Hz with !/� � 1,
r0 = 1.73, ⌧ = 1 µs, La(b) = 25 mm, laser wavelength
1064 nm, Pa(b) = 50 mW, {a, b, �a, �b} = 2.36 ⇥ 105 Hz,
L = 2R with R the radius of the mass, and ⇣/2 = 10�2. See
the SI for references of the parameters.

quantum entanglement. Our main motivation for devel-
opment of such a method is provided by present e↵orts
to design experiments capable of detection of gravity-
induced entanglement. The introduced method shows
that the entanglement precision can be improved by two
orders of magnitude from what was achieved in Ref. [24].

The entanglement sensing step is crucial and any im-
provement on it relaxes other requirements of the setup.
The most direct one is the requirement on coherence
times: since smaller values of entanglement become de-
tectable, the system can be measured earlier. Our
method motivates the detection of GIE within the de-
coherence times on Earth [18]. Moreover, in order to

understand how other experimental parameters can be
changed, let us recall that the figure of merit for entan-
glement generated via gravity between trapped masses m
separated by a distance L is given by 2Gm/!2L3, where
! characterises the trapping potential or spread of the
initial wave function of each mass [18]. Therefore, better
entanglement precision also translates to smaller masses
in the experiment that could be placed further apart.

The method presented in this paper also holds poten-
tial for other settings where one estimates entanglement
of the easily accessed probes with precision advantage
and reveals quantumness of a macroscopic mediating ob-
ject. In particular, this includes an extension of Refs. [9–
12] towards showing quantum properties of photosyn-
thetic bacteria [44] or that of a macroscopic mechanical
membrane in the membrane-in-the-middle optomechan-
ics setting [1, 15, 45].
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Interactions between two material objects are mediated by fields. If quantum entan-
glement is created between two such objects due to their interaction, then it follows
that the “mediating” field must have been a quantum entity. Here we first show that
the states of two micrometer dimension test masses in adjacent matter-wave inter-
ferometers could be detectably entangled solely through their mutual gravitational
interaction. We suggest a scheme to witness this entanglement. We then argue that
the purely gravitational mechanism for this entanglement implies that witnessing it is
equivalent to certifying the quantum nature of the gravitational field that mediates the
entanglement.

It has long been recognized that the consistency be-
tween the fact that quantized matter can exist in su-
perpositions of disctinct states, and the fact that these
distinct states may produce distinct gravitational fields,
makes a description of gravitation as a quantized field
a necessity? ? . This consistency argument holds even
in the low energy long distance sector where there is a
well defined e↵ective quantum field theory describing the
gravitational field? ? . Other, more exotic, motivations
for quantum gravity include understanding physics at the
Planck scale where quantum mechanics and the gravita-
tional interaction automatically come together. However,
no test exists till date which can unambiguously evidence
gravitation as a quantized field. In fact, testable conse-
quences of the low energy e↵ective theory of quantum
gravity do exist, such as post-Newtonian corrections? ?

and decoherence induced by gravitational waves? ? , but
these still remain somewhat beyond experimental reach.
This absence of empirical evidence is the reason for dis-
cussions in the literature as to whether gravitation is a
quantum field afer all. This includes a significant frac-
tion of the community who subscribe to the breakdown of
quantum mechanics itself at scales macroscopic enough
to produce significant gravitational e↵ects, so that gravi-
tation need not be a quantized field in the usual sense of
the term? ? . Indeed it is quite possible to treat gravita-
tion as a classical agent (communication channel) at the
cost of including additional stochastic noise? . Moreover,
some of the core necessities usually cited for quantum
gravity can be averted simply by modifying the Einstein
action for classical gravity? . Thus it is crucial to have a
test for the “quantum nature” of gravity irrespective of
the details of “how” the field is quantized, in the same
spirit as a Bell-inequality is a test for the “non-local na-
ture” of quantum mechanics.

Here we show that following recent experimental and
theoretical progress, which is indicating that we are
rapidly approaching the so called “gravitational quantum
regime”? such a test can really be formulated. In this
regime, we will show, it might indeed become testable
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FIG. 1. Adjacent interferometers to test the quantum na-
ture of gravity: Two probe masses in adjacent Ramsey interfer-
ometers are subect to a spin-dependent force so that they evolve
to a di↵erent spatial state corresponding to each component of the
spin. Entanglement between the states of two separated masses
can only result from the exchange of quantum mediators – in this
case, if all other interactins aside gravity are absent, then this must
be quanta of the gravitational field (labelled as h00 in the figure).
This enatnglement due to the mutual gravitational interaction can
be tested by completing each interferometer, whereby the entangle-
ment between the two probe masses is mapped solely to an entan-
glement between their spins which can be witnessed through spin
correlation measurments.

whether gravitation is a bonafide quantum field by wit-
nessing the entanglement between two probe masses in
adjacent interferometers. Such a test goes beyond as-
certaining the probabilistic nature of measurement out-
comes when performed on a quantum field, for which
there has been proposals? ? ? and tests the ability of a
field to convey quantum entanglement. We will addition-
ally show that if we assume the standard low energy ef-
fective field theory for quantized gravity to be true, then
our sheme will show that this field theory plus the princi-
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• Fault-tolerant quantum computing


• Noise-Intermediate scale quantum 
devices (NISQ).


• Variational circuits: quantum 
chemistry (CCP-QC)


• Quantum algorithms


• Architecture, software and compilers


• Quantum machine learning (QML) 
(quantum data science)

<latexit sha1_base64="pvtTHgFBNiOv7SgvMnE+woN66/g=">AAAB73icbVDLSsNAFL2pr1pfUZduBovgqiRudFl047KCfUBTymQ6aYdOJnHmplBKv8ONiBsF/8Rf8G+cptm09cDA4Zwz3HtumEph0PN+ndLW9s7uXnm/cnB4dHzinp61TJJpxpsskYnuhNRwKRRvokDJO6nmNA4lb4fjh4XfnnBtRKKecZryXkyHSkSCUbRS33UD62KQGhFoqoaS992qV/NykE3iF6QKBRp99ycYJCyLuUImqTFd30uxN6MaBZN8Xgkyw1PKxnTIZ/m+c3JlpQGJEm2fQpKrKzkaGzONQ5uMKY7MurcQ//O6GUZ3vZlQaYZcseWgKJMEE7IoTwZCc4ZyagllWtgNCRtRTRnaE1VsdX+96CZp3dR8r+Y/edX6fXGEMlzAJVyDD7dQh0doQBMYTOANPuHLeXFenXfnYxktOcWfc1iB8/0HutiPjA==</latexit>

QIP ML

QML

Classical-for-quantum

<latexit sha1_base64="oaXtt/IIG9/vHuM8ik0WMIlNy1Q=">AAAB53icbVDLSgMxFL3js9ZX1aWbwSK4GhLB166oC5cV7APbUjJppg3NJEOSsZTSb3Aj4kbBv/EX/BvTdkBaPRA4nHPCveeGieDGIvTtLS2vrK6t5zbym1vbO7uFvf2qUammrEKVULoeEsMEl6xiuRWsnmhG4lCwWti/mfi1J6YNV/LBDhPWiklX8ohTYp302LxVA0m0VoN2oYiCM4SvzrGPAjTFL8EZKUKGcrvw1ewomsZMWiqIMQ2MEtsaEW05FWycb6aGJYT2SZeNpnuO/WMndfxIafek9afqXI7Exgzj0CVjYntm0ZuI/3mN1EaXrRGXSWqZpLNBUSp8q/xJab/DNaNWDB0hVHO3oU97RBNq3WnyrjpeLPqXVE8DjAJ8j4ql6+wIOTiEIzgBDBdQgjsoQwUoSHiBd/jwuPfsvXpvs+iSl/05gDl4nz+8NYy6</latexit>

Use well-established ML

methods to run quantum

problems more efficiently 

Current interests 

& strengths



Exploiting ML methods for high-dimensional state preparation

Current interests 

& strengths



2

QW step:

a b c

d

S3 

S2S1

Laser

QWP

HWP

QP

QWP HWP PBS
Stokes Parameters

CCD

VVBs Analysis

Figure 1. a, Higher-order Poincaré sphere representation for
|m1,2| = 1. Each point on the sphere surface corresponds to spe-
cific polarization patterns. b, A radially polarized VVB: at a given
point in the transverse plane the polarization vector has a different
orientation. The Stokes parameters vary accordingly in the plane. c,
Color encoding of the polarization pattern. The legend reports the
correspondence between colors and the various polarizations. On
the right we have the resulting color pattern for the VVB in panel b.
Grey color corresponds to unpolarized light. d, Experimental appa-
ratus for the generation of VVBs. A continuous-wave laser emits a
Gaussian beam TEM00 at 808 nm. Light undergoes a 5-step quan-
tum walk realized through a sequence of waveplates and q-plates.
A CCD camera-based detection stage acquires information on the
Stokes parameters and the polarization pattern. Based on the inten-
sity measured at each pixels of the camera, Stokes parameters are
evaluated and converted into RGB-colored pictures.

systems.
Experimental generation of Vector Vortex Beams– OAM-

endowed states of light can be described using Laguerre-
Gauss (LG) modes. These are solutions of the Helmholtz
equation in the paraxial approximation, indexed by two in-
teger numbers (m, p), the former describing the azimuthal
phase structure of the beam, and the latter describing its ra-
dial intensity profile. Each LG mode carries a set amount
of angular momentum, which in the single-photon regime
equals ~m [1]. VVBs can be obtained by superposing or-
thogonal polarizations to LG modes [2]. More specifically,
the electric field ~Em1m2p of a VVB decomposes as the sum of
two LG modes with same p and different azimuthal numbers
m1 > m2 carried by orthogonal polarizations: ~Em1m2p =
~eL cos ✓

2 LGm1p + ~eRe
i� sin ✓

2 LGm2p, where ✓ 2 [0,⇡],� 2
[0, 2⇡] and the unit vectors ~eL,R stand for left and right circu-
lar polarization, respectively. For the purpose of this work
we can ignore the radial number, setting p = 0. For any
given value of the parameters (m1, m2, ✓,�), the polariza-
tion pattern of a VVB can be mapped onto a generalized
Poincaré sphere (cf. Fig. 1). In particular, we use the higher-
order Poincaré representation in which the poles represent
eigenstates of the total angular momentum but with opposite
signs [59]. These polarization patterns are reconstructed via
the Stokes parameters Sj (j = 1, 2, 3), obtained by measuring
the output intensities Ibj ,1, Ibj ,2 associated to a given choice
of polarization basis {bj} = {b1 = (H,V ), b2 = (D,A),
b3 = (L,R)} as Sbj = (Ibj ,1 � Ibj ,2)/(Ibj ,1 + Ibj ,2). For a

VVB, the values of Sj depend on the coordinates in the trans-
verse propagation plane [60]. To visualize the polarization
patterns of VVBs, we use an RGB color encoding in which
the values of Sj are interpreted as strengths of the correspond-
ing color. In Fig. 1b and c we report an example of such
color-map for radially polarized VVBs. A natural way to gen-
erate VVBs is using q-plates [60, 61], which are inhomoge-
nous birefringent plates modifying the OAM of the incoming
light conditionally to its polarization. In our scheme, VVBs
are generated via a sequence of polarization-controlling wave-
plates interspersing 5 cascaded q-plates (cf. Fig. 1d). The
apparatus implements a discrete-time QW in the angular mo-
mentum, where the order of LG modes takes the role of the
walker and it is changed according to the polarization state,
which embodies the coin degree of freedom [19–21, 24, 25].
This allows to generate several classes of VVBs with OAM
quantum numbers taking odd values in the interval {�5, .., 5}.
We then collect images associated with different VVBs and
use them to train and benchmark our ML-based approaches to
classification , as discussed in the next sections.

Classification via Convolutional Neural Networks– We
show here how to train a CNN to retrieve the parameters
(m1,m2) characterizing a given VVB from experimentally
measured Stokes parameters. CNNs are translation-invariant
deep NNs well-suited for image classification [62], to rec-
ognize off-center images and segmented handwritten dig-
its [63, 64], and for facial recognition tasks [65]. In their
simplest form, CNNs work by first applying a convolutional

layer, which consists of a series of nonlinear transformations
applied to the input images, followed by a max-pooling layer,
which downsamples and filters the information extracted by
the previous layer. Finally, a fully connected layer operates
as a classifier, categorizing the information extracted in the
previous layers into one of a small number of possible output
categories (cf. [66–70] and Fig. 2).

The network is first fed with a training set made out of sim-
ulated images of VVBs achievable with a five-step QW. The
task is then to discern between 15 classes, corresponding to

Figure 2. a, Schematic representation of VVBs classification via
CNNs. b, Classification scheme using linear PCA. After reducing
the dimensionality of the dataset via PCA, a linear SVM is used to
classify experimental images.

Dimensionality reduction & Principal 
component analysis for agile 
reconstruction of Vortex Vector Beam 
states 
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Figure 1. a, Higher-order Poincaré sphere representation for
|m1,2| = 1. Each point on the sphere surface corresponds to spe-
cific polarization patterns. b, A radially polarized VVB: at a given
point in the transverse plane the polarization vector has a different
orientation. The Stokes parameters vary accordingly in the plane. c,
Color encoding of the polarization pattern. The legend reports the
correspondence between colors and the various polarizations. On
the right we have the resulting color pattern for the VVB in panel b.
Grey color corresponds to unpolarized light. d, Experimental appa-
ratus for the generation of VVBs. A continuous-wave laser emits a
Gaussian beam TEM00 at 808 nm. Light undergoes a 5-step quan-
tum walk realized through a sequence of waveplates and q-plates.
A CCD camera-based detection stage acquires information on the
Stokes parameters and the polarization pattern. Based on the inten-
sity measured at each pixels of the camera, Stokes parameters are
evaluated and converted into RGB-colored pictures.

systems.
Experimental generation of Vector Vortex Beams– OAM-

endowed states of light can be described using Laguerre-
Gauss (LG) modes. These are solutions of the Helmholtz
equation in the paraxial approximation, indexed by two in-
teger numbers (m, p), the former describing the azimuthal
phase structure of the beam, and the latter describing its ra-
dial intensity profile. Each LG mode carries a set amount
of angular momentum, which in the single-photon regime
equals ~m [1]. VVBs can be obtained by superposing or-
thogonal polarizations to LG modes [2]. More specifically,
the electric field ~Em1m2p of a VVB decomposes as the sum of
two LG modes with same p and different azimuthal numbers
m1 > m2 carried by orthogonal polarizations: ~Em1m2p =
~eL cos ✓

2 LGm1p + ~eRe
i� sin ✓

2 LGm2p, where ✓ 2 [0,⇡],� 2
[0, 2⇡] and the unit vectors ~eL,R stand for left and right circu-
lar polarization, respectively. For the purpose of this work
we can ignore the radial number, setting p = 0. For any
given value of the parameters (m1, m2, ✓,�), the polariza-
tion pattern of a VVB can be mapped onto a generalized
Poincaré sphere (cf. Fig. 1). In particular, we use the higher-
order Poincaré representation in which the poles represent
eigenstates of the total angular momentum but with opposite
signs [59]. These polarization patterns are reconstructed via
the Stokes parameters Sj (j = 1, 2, 3), obtained by measuring
the output intensities Ibj ,1, Ibj ,2 associated to a given choice
of polarization basis {bj} = {b1 = (H,V ), b2 = (D,A),
b3 = (L,R)} as Sbj = (Ibj ,1 � Ibj ,2)/(Ibj ,1 + Ibj ,2). For a

VVB, the values of Sj depend on the coordinates in the trans-
verse propagation plane [60]. To visualize the polarization
patterns of VVBs, we use an RGB color encoding in which
the values of Sj are interpreted as strengths of the correspond-
ing color. In Fig. 1b and c we report an example of such
color-map for radially polarized VVBs. A natural way to gen-
erate VVBs is using q-plates [60, 61], which are inhomoge-
nous birefringent plates modifying the OAM of the incoming
light conditionally to its polarization. In our scheme, VVBs
are generated via a sequence of polarization-controlling wave-
plates interspersing 5 cascaded q-plates (cf. Fig. 1d). The
apparatus implements a discrete-time QW in the angular mo-
mentum, where the order of LG modes takes the role of the
walker and it is changed according to the polarization state,
which embodies the coin degree of freedom [19–21, 24, 25].
This allows to generate several classes of VVBs with OAM
quantum numbers taking odd values in the interval {�5, .., 5}.
We then collect images associated with different VVBs and
use them to train and benchmark our ML-based approaches to
classification , as discussed in the next sections.

Classification via Convolutional Neural Networks– We
show here how to train a CNN to retrieve the parameters
(m1,m2) characterizing a given VVB from experimentally
measured Stokes parameters. CNNs are translation-invariant
deep NNs well-suited for image classification [62], to rec-
ognize off-center images and segmented handwritten dig-
its [63, 64], and for facial recognition tasks [65]. In their
simplest form, CNNs work by first applying a convolutional

layer, which consists of a series of nonlinear transformations
applied to the input images, followed by a max-pooling layer,
which downsamples and filters the information extracted by
the previous layer. Finally, a fully connected layer operates
as a classifier, categorizing the information extracted in the
previous layers into one of a small number of possible output
categories (cf. [66–70] and Fig. 2).

The network is first fed with a training set made out of sim-
ulated images of VVBs achievable with a five-step QW. The
task is then to discern between 15 classes, corresponding to

Figure 2. a, Schematic representation of VVBs classification via
CNNs. b, Classification scheme using linear PCA. After reducing
the dimensionality of the dataset via PCA, a linear SVM is used to
classify experimental images.
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Figure 4. a, Higher-order Poincaré sphere for VVBs with |m1,2| =
1. Magenta-colored parallels (Blue-colored meridians) mark inter-
vals between consecutive values of ✓ (�). Along a meridian the col-
ors of the pattern vary from the hottest to the coldest one. Along
a parallel, the patterns rotate. b, Comparison between experimental
and simulated VVB images for different angles (✓,�). c, Distribu-
tion of fidelities obtained comparing each experimental VVBs with
its reduced 3D representations given by PCA. d, Average prediction
accuracy A of a linear SVM classifier, trained and tested after apply-
ing linear DR to the data, against the number of reduced dimensions
nc. For each of the 15 classes (cf. Fig. 3a) in which the experimental
dataset was divided, we show in the inset the truth table.

plementary material for the distribution of radii of the three-
dimensional representation of the images [66] that allows to
retrieve the state’s position on the Poincaré sphere overcom-
ing the border problem characterizing the previous classifi-
cation method. Remarkably, this was not obvious from the
experimental dataset alone, but was easily revealed using DR.
This result highlights the potential of DR to reveal features of
the underlying states generating a given experimental dataset
in realistic experimental conditions (cf. [66, 67]). Interpret-
ing this reduced three-dimensional representation as a Bloch
sphere, we can use PCA to retrieve a complete description of
the state generating a given experimental image. To assess the
accuracy of such reconstruction, we compute the average fi-
delity Favg between the state generating a given image and the
one retrieved from said image via PCA, averaging over many
experimental images. The fidelity between two states is here
defined in the usual way as F(⇢,�) ⌘ Tr |p⇢

p
�|. As shown

in the histogram of Fig. 4c, this is found to be Favg ⇠ 0.96,
with standard deviation ⇠ 0.01, thus showcasing the quality
of the reconstruction.

Classification via SVMs– We now show how the reduced
representations provided by PCA can function as starting
point to train a classifier with accuracy comparable with the
CNN, whilst requiring a significantly reduced amount of com-
putational resources. More precisely, we use as classifiers lin-
ear Support Vector Machines (SVMs) [80, 81]. These super-
vised learning algorithms categorize data by finding the hy-
perplane that optimally separates the training dataset in accor-

dance with the corresponding labels.

As done for the CNN, we consider the task of classifying
experimental dataset of VVB states, indexed by (m1,m2).
We train the SVM on the reduced space obtained via PCA, ap-
plied to the experimental dataset reported in Fig. 3a. This sig-
nificantly improves the efficiency of the classifier, which only
has to operate on a compressed representation of the images.
This method gives an average accuracy of ⇠ 98% when reduc-
ing the dimensionality of the dataset to 40 [66, 67]. The SVM
was trained on half of the experimental data, with the other
half used to test the resulting accuracy. A breakdown of the
resulting classification performance is reported in the inset of
Fig. 4d, in which we give the accuracy of the classifier for
each class. Finally, we highlight in Fig. 4d how the average
overall accuracy depends on the dimensionality of the reduced
representation. In particular, we find that ⇠ 25 dimensions are
already sufficient to get good average accuracies.

Discussion– We presented a novel approach to classify
VVBs leveraging ML techniques. We demonstrated how the
use of inference strategies based on CNNs and PCA (en-
hanced by SVMs) allows to extract efficiently properties of
high-dimensional photonic VVB systems. In particular, DR
was used to obtain a deeper understanding of the underlying
geometrical properties of the experimentally generated states,
without requiring prior knowledge about the physics of the
generation apparatus. By embedding a variety of ML algo-
rithms into our experimental pipeline, the task of characteris-
ing structured light is made significantly broader in the meth-
ods, ranging from supervised to unsupervised learning, and
more flexible in the applications, classification and regression
tasks. While paving the way to further experimental valida-
tions – potentially also in experimental settings that do not
rely on optical networks – we believe that numerous tasks of
relevance to modern photonics could benefit from introducing
similar ML ideas into their characterization protocols. These
techniques can prove to be useful add-on to tasks ranging from
the design of automatized approaches to the characterization
of experimental platforms and experiments, to the provision
of solutions to OAM demultiplexing in the context of classi-
cal and quantum communication and, more generally, for the
use of structured light in quantum technologies.

Note– During the reviewing process of this manuscript, the
authors became aware of a related work [82], that addresses
the classification of scalar fields with fractional topological
charge.
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medium can be measured, as pioneered by the Co-PI 
Gigan [11], among others, effectively retrieving the linear 
operator acting on the input states.  
On the one hand, such advances demonstrate the 
significant flexibility of nanophotonic media, and their 
unprecedented ability to manipulate the (quantum) state 
of light. On the other hand, they suggest that, even if the 
photonic output of complex nanophotonic media cannot be 
exactly predicted a priori due to the large number of 
interacting components, its behaviour can be effectively 
“learnt” a posteriori.  
The combination of such features makes nanophotonic 
media a promising arena for the application of feedback-
based optimisation techniques for light manipulation 
towards photonic state engineering and control, as it has 
been recently proven by the Co-PI Gigan in a multimode 
waveguide [16], and by others in a perforated membrane 
in the context of open and closed optical channels [17].  
In particular, the complexity of these architectures is suited for the emerging field of quantum-
enhanced machine learning [12] and the power of compressed-sensing algorithms [18] to harness 
the mode-mixing power of disordered optical systems to achieve high-fidelity quantum state 
engineering and manipulation of high-dimensional systems.  
Quantum states of high-dimensional Hilbert spaces are of paramount interest both from a 
foundational and applicative perspective. They guarantee higher security and increased information-
transmission rates than their classical and low-dimensional quantum counterparts. More generally, 
they have been shown to be advantageous for various applications, from spatial imaging to quantum 
computation and error correction. The past decades have seen many proposals for the engineering 
of the state of such systems, and their demonstration using a variety of degrees of freedom, including 
polarization, path, orbital angular momentum, and frequency. In general, such strategies depend 
strongly on the specific setting under consideration, suffer of strong limitations in the dimensions and 
quality of control of the system being addressed, and require very ingenious read-out strategies [13].  
 
Goal. We propose to embrace complexity in nanoscale photonic networks to realise a multi-
functional platform for quantum light engineering. The networks can be reconfigured to 
operate in different ways so as to achieve desired target states and operations. The key 
advantage, achieved in Sapienza’s lab, is the recent development of a photonic network in the form 
of a mesh of connected sub-wavelength waveguides (cf. Fig. 1), where thousands of optical modes 
are mixed by multiple scattering, generating emergent collective light states, well-defined but very 
sensitive to external controls.  
Hypothesis to be tested & research plan.  
In our proposed setting, the “software” that determines how to process an input photonic signal will 
be written in the way light is scattered by the nanoscale network, which embodies the “hardware”. 
Methodologically, such control will be achieved in two different yet complementary manners (cf. Fig. 
2):  

(1) Shaping of the light injected in the network, via spatial light modulation before injection into 
the network. 
(2) Reconfiguration of the network. This will be achieved by either design or actively tuning the 
optical response of the network.  

 
The combination of these procedures will enable the synthesis of arbitrary transformations on input 
states encoded in multi-mode photonic signals. In turn, this will enable scattering-based processing 
of optical information (from classical to quantum) endowed with features of reconfigurability (with 
writing speeds ranging from a few Hz, for electrical or temperature [14] tuning, to GHz for optical one 
[15]), controllability, and universality. The latter feature will be enabled by the integration, in the 
design of steps (1) and (2), of machine learning strategies for quantum tasks, which is one of the 

 
Figure 2: Different transformations will be 
achieved by (1) wavefront shaping of the input 
light, and (2) active tuning of the nanoscale 
network. 
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Programmable quantum simulator on nanoscale photonic networks 
 
Detailed description of the research 

 
Box 1: The project in a nutshell  

The overarching goal. RACOON aims to explore quantum light 
propagation in disordered nanoscale networks as a novel route 
to scalable quantum information processing. Such new paradigm 
will exploit complexity and scattering as resources for practical 
applications, rather than sources of nuisance.  
The rationale. Photonic networks use a mesh of connected sub-
wavelength waveguides to mix different light modes together. 
Multiple scattering in the network realises a photonic analogue of 
random walk: a photon (that is the fundamental energy building 
block of light) can follow the many available pathways offered by 
the network configuration to cross it (cf. Fig. 1). The interference 
among such possible paths results in significant modifications to 
the state of the light circulating across, thus embodying an 
effective way to manipulate its state. RACOON will make use of 
such enabling possibilities to control the random walk of photonic signals across artificial nanoscale 
networks to synthesise new collective states of light, including the preparation of quantum states and 
the performance of (classical and quantum) computation. 
The enabling expertise. The PI, Sapienza, has considerable expertise in the management of 
advanced photonic nanomaterials (especially disordered media) and the single-photon technology 
required to carry out the proposed experiments. The project is strengthened by an on-going 
collaboration with the Co-PIs, Paternostro (Queen’s University Belfast), who has a strong track 
record in quantum information theory and the use of machine learning for quantum tasks, and Prof. 
Gigan (Laboratoire Kastler-Brossel, Sorbonne University, Paris, France), a pioneer of wavefront 
shaping of entangled photons in complex systems.  
 
Motivations & context. Light is widely considered as a promising candidate-system for the 
quantum-limited manipulation of information towards exploitable quantum technologies [1]. The most 
advanced platforms in this regard consist of optical circuits comprising simple optical-fibre channels 
and integrated optical elements (such as beam splitters and dephasors) that are assembled together 
to achieve the various operations that are required for manipulating the quantum state of light [2,3]. 
Despite ground-breaking proof-of-principle demonstrations of the success of this approach [4], 
conventional integrated-optics circuits are very rigid in light of the geometric constraints to their 
implementation and suffer of a substantive lack of reconfigurability (i.e. different goals require the 
engineering and realisation of specifically designed integrated circuits, which are then hardly 
adaptable to other tasks). For instance, one of the forefront architectures demonstrated so far is 
limited to six controlled modes [5] and suffers from issues of scalability and fabrication-induced 
disorder. Instead, many quantum-technology applications demand quantum-state engineering of 
high-dimensional systems (>1000 modes), which calls for the exploration of new avenues. 
Multiple light scattering in turbid media scrambles the initial incident wavefront and does mix the 
many degrees of freedom of light (direction, phase and polarisation), providing a very powerful 
method for light mode synthesis. The action of the turbid medium is to perform a linear operation on 
the initial state, which can be described by the transmission matrix, and which can be understand as 
a decomposition of the incident light into the medium eigenmodes. A mesoscopic disordered medium 
can be designed at the nanoscale to maximise light scattering [6], and to provide mode localisation, 
the so-called Anderson localisation regime, which strongly affects the random walk behaviour [7,8]. 
These are collective and emergent properties of a complex and disordered medium, and therefore 
can offer a powerful external means of control of the medium mixing properties, for example by local 
perturbations (illumination and carrier injection) of the medium [9], a first step towards a phase gate. 
Due to the phase-coherence of the multiple scattering process (for quenched disorder), the random 
mixing can be controlled by injecting the right wavefront-matched light, for instance a light beam can 
be focussed through an opaque screen [10]. Moreover, the transmission matrix of the disordered 

 
Figure 1: A suspended photonic 
network in silicon nitride (from the PI). 
Two possible quantum walks are shown 
in red and blue. 
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flow and scatter, thus generating novel output quantum states, as verified by transport studies with 
independently scanning detectors (APD, 20 ps resolution, single-photon sensitivity, already 
available) or via photon-counting cameras such as EMCCD (Princeton, noise below one photon, 
already available), which can image a large number of network output channels in a single shot. In 
parallel to the experiments, the network will be modelled through a graph solution to the Maxwell’s 
equation as shown by Sapienza in Ref. [7]. An instance of such technique is shown in Fig. 3. Building 
on this tool, Paternostro’s team will device diagnostics/inference techniques for the characterisation 
of such states. In particular, they will focus on the formulation of witness-based methods for state 
inference, where the measurements to be performed in the Sapienza’s lab will be aimed at 
quantifying the value of specific (and relevant) multi-point correlations functions with which a lower 
bound to the quality of the synthesised state will be established.  
Objective 2: Quantum state synthesis by specifically designed networks. 
We will fabricate designed-disordered networks by electron beam lithography, in gallium phosphide 
on glass at Imperial and in silicon nitride membrane via current collaborations with ORC, 
Southampton, the first samples are already available as in Fig. 1. The specific network design will 
implement specific transformations for the light flowing through them. For this part of the work-
program, the main challenge will lie in the ability to fabricate the network that - within the fabrication 
tolerances - corresponds to the expected transformation. A continue feedback theory-experiment will 
guide us through this phase, and one of the key results will be the development of a quantum 
algorithm to implement these transformations. Validation will be done as in Objective 1, by 
comparing the intensity and correlations of the light transmitted through the network with the 
predicted one.  
Objective 3: Quantum state synthesis by shaping the injected light. 
We will synthesise quantum states by designing 
the shape of the wave-front of individual 
photons, using a programmable digital mirror 
(such as a spatial light modulator) as pioneered 
by the Co-PI Gigan [11], and assisted by 
machine learning (cf. Fig. 2): we will use 
supervised learning approaches to “guide” the 
output signal towards a desired target state by 
determining, in an adaptive manner, the shape 
of the wave-front of the input signal (cf. Fig. 5). 
The goal is to “learn” the ideal incident light 
pattern to couple to a subset of optical modes 
and lead to the desired output state. We will 
focus on the preparation of states showcasing 
genuine quantum features, from large-scale 
quantum coherence to multipartite 
entanglement. The algorithm can be guided by optimising simple features such as coincidence 
counts or classical intensities. The quality of the generated states will be evaluated at the end of the 
protocol by estimating tight lower bounds to state fidelity through the methods developed in Belfast 
by the Co-PI Paternostro and his team [13].   
Objective 4: Quantum state synthesis by actively tuning the network. 
We will exploit classical randomness (given by the complex nature of the network and scattering 
process) and quantum coherence generated by scattering itself to design universal transformations 
on N-dimensional quantum systems. We will implement them on the network using the results of 
Objective 2 and 3. We will tune the network by changing its optical properties, either by local heating 
(at the slow rate of a few Hz [14]), electrically stressing its shape (intermediate rate of 100s Hz), or 
through electro-optic polymers (fast 40 GHz) [15] or optical means (fast rate, GHz) as recently shown 
in Ref. [9]. Building on the previous objectives and the measurement constrains we will decide which 
is the optimal strategy. The methodology based on machine learning illustrated in Objective 3 will 
be employed here as well and extended to the design of simple computational tasks that will 
benchmark the flexibility of our proposed approach.   

 
Figure 5: Through a supervised learning stage, we will 
“learn” how to arrange for the right wave-front of the input 
light to a nanophotonic network to synthesise a desired 
target output states.   
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SPECTRE
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R

FIG. 1. Principles of RL: at the ith step of the protocol, an agent
observes an environment, acquiring its state si, upon which he
decides to implement action ai. As a result, the state of the en-
vironment is updated to si+1. Based on the actions of the agent
and the states of the environment, an interpreter decides to grant
the agent a reward R, which the agent aims to maximize.

versibility we aim at reducing. Our methodology allows
us to address this problem with only little knowledge of
the system dynamics and to choose how to quantify dis-
sipations. Our study provides a significant contribution
to the development of control strategies tailored for phys-
ically relevant non-equilibrium quantum processes, thus
complementing the scenario drawn so far and based on
optimal control and STA.
Background on reinforcement learning.– In the RL
setting, an agent dynamically interacts with an environ-
ment and learns from such interaction how to behave in
order to maximize a given reward functional [44, 45].
The process is typically divided in discrete interaction
steps: at each step i, the agent makes an observation of
the environment state si and – based on the outcomes of
their observations – takes an action ai. Based on this ac-
tion, the environment state is updated to si+1 and we re-
peat the procedure for the new step. This is iterated for a
given number of steps or until we reach a certain state,
when a third party (an interpreter) provides the agent
with a reward R(s0, a0, s1, a1, ...). Based on their past
behaviour and the states of the environment, the agent
change the way further actions are chosen so as to maxi-
mize the future reward (cf. Fig. 1). This procedure is re-
peated for many epochs until, if possible, the agent learn
how to reach the maximum reward.

If the environment is completely observable, at each
step the agent action and the reward depend only on
the observation at the current step and the process is
said to be a Markov decision process (MDP). In this
case, we can describe the behaviour of the agent using
a policy function ⇡(ai|si). This represents the probabil-
ity for the agent to choose the action ai, given the state
si of the environment. In a policy gradient approach, we
parametrize the policy function ⇡✓(ai|si) with a set of pa-
rameters ✓, and change them accordingly to the reward.
This can be done using a gradient ascent algorithm. If
the reward is given to the agent at the end of each epoch,

as in our case, the gradient ascent reads [46]

�✓ = ⌘R
X

ai

r✓ log ⇡✓(ai, si), (1)

where ⌘ is the learning rate and the sum is calculated over
the actions taken in any given trajectory {ai}i.

For a continuous action space, we assume a certain
shape for the policy function and use a function approxi-
mator for one or more parameters of the probability dis-
tribution [44]. Here we assume the policy function to be
a Gaussian and take

⇡✓(ai = a|si = s) = exp
"
� (a � µ✓(s))2

2�2

#
/(�
p

2⇡), (2)

where we treat � as an external parameter and use a neu-
ral network for the parametrization of µ. Based on our
choice for ⇡✓(ai|si), the condition in Eq. (1) is satisfied
if the neural network is trained with a stochastic gradient
descent method over the batch using the cost function
C = 1

2�2

P
ai R|ai � µ✓(si)|2.

Physical system and methodology.– Let us consider a
closed quantum system evolving under a time dependent
Hamiltonian HS (t) within the time interval [0, ⌧]. We
want to control the system evolution using an additional
Hamiltonian Hopt(t) such that Hopt(0) = Hopt(⌧) = 0.

For simplicity, we consider Hopt(t) = fopt(t)Mopt where
the operator Mopt is kept fixed and we control the func-
tion fopt(t) (enforcing the boundary conditions fopt(0) =
fopt(⌧) = 0 so as to fulfil the requests made on the Hamil-
tonian) to optimize the process. The total Hamiltonian of
the system during its evolution is thus

H(t) = HS (t) + fopt(t)Mopt. (3)

We divide the system evolution in a certain number of
discrete time steps. At each step ti, the agent makes an
observation si and chooses an action ai. This is done by
extracting a random number according to Eq. (2), based
on the prediction of the neural network for µ✓(si). We
then take fopt(t) = ai in the interval [ti, ti+1[. We limit
the maximum and the minimum output of the network
|µ✓(si)| < µ⇤ so that we can control the maximum amount
of energy spent for the optimization. This is important
when dealing with thermal engines, as we want to spend
les energy for the control than what we extract from the
process. This is done in parallel for a batch of systems
and, at the end of the evolution, the neural network is
trained on this batch and the corrisponding rewards. The
procedure is repeated for many epochs, each time reset-
ting the system and the Hamiltonian to the original state
and value. The process is run again and the value of
fopt(t) maximizing the reward over the batch is chosen.

We now comment on the quantifier of irreversibility
addressed in our study and the di↵erent approaches that
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tions, the hallmark for adiabatic elimination is the validity of
restrictive parameter conditions (such as large detunings), so
as to constrain the dynamics to relevant subspaces. The RL-
based step discussed here provides protocols that violate both
such restrictive conditions, and thus di↵er from both STIRAP
and simple adiabatic elimination, while combining advantages
of both to achieve near-optimal dynamics. This thus provides
an ansatz for the control that may otherwise not have been ar-
rived at analytically, and whose flexibility could be exploited
to engineer operations in multi-node architectures. While de-
livering previously unforeseen protocols, this hybrid approach
to optimisation marks a significant departures form previous
methods towards the control of quantum dynamics, and em-
bodies one of the pillars of our proposal.

The remainder of this paper is organized as follows. In
Sec. II we introduce the physical system of interest, which al-
lows us to motivate the specific form of control chosen. In
Sec. III we show how an RL agent was able to learn con-
trol schemes to induce some desired dynamics in the system.
Then, in Sec. IV, we use a less sophisticated coe�cient opti-
mization over a polynomial basis in an attempt to reproduce
the results obtained by the RL approach. In Sec. V we use the
results from the RL agent in Sec. III, followed by the simpler
coe�cient optimization, where we were able to obtain further
improvement in protocol e�ciency when compared with both
methods alone. We then dedicate Sec. VI A to an analysis
of the resilience of the learned protocols to stochastic decay
within the system, where we explicitly consider the perfor-
mance of both protocols in a 3-level Ladder system. We fi-
nally discuss the robustness of the protocol to low-frequency
noise and its resilience to pure dephasing in the system dy-
namics in Sec. VI B, followed by a brief discussion of the re-
sults in Sec. VII.

II. THE SYSTEM

We investigate control protocols for an abstract 3-level
quantum systems and specifically consider the task of pop-
ulation transfer in so-called Lambda systems, where a ground
state |gi and target state | f i are indirectly coupled via some in-
termediate excited state, |ei as shown in Fig. 1. The states |gi
and | f i are here considered to be ‘quasi-stable’ ground states,
where |ei is a radiatively decaying excited state. The typical
Hamiltonian for this physical system reads

H(t) =
~

2

0
BBBBBBB@

0 ⌦P(t) 0
⌦P(t) 2�P(t) ⌦S (t)

0 ⌦S (t) 2�(t)

1
CCCCCCCA (1)

Here ⌦P(t) and ⌦S (t) represent the Rabi frequencies of the
couplings that drive transitions |gi ! |ei and |ei ! | f i re-
spectively (commonly known as the ‘pump’ and ‘Stokes’ cou-
plings). The term �P = (Ee � Eg) � !P is referred to as the
‘single-photon’ detuning for the Pump driving field with car-
rier frequency !P. The �(t) term is the ‘two-photon’ detun-
ing and is defined as �(t) = �P � �S , where �S is the anal-
ogous single-photon detuning for the Stokes coupling. Con-
trol of this physical system has been extensively studied in

|ei

|si

p
�|sihe|

|gi
| f i

⌦P

�P

⌦S

�S

FIG. 1. Schematic energy level structure for the Lambda system
modulated by detuned AC-driving fields with respective Rabi fre-
quency ⌦P and ⌦S . The scheme includes a sink state |si, coupled
to the excited state |ei of the system, as a means to induce a loss
mechanism at rate �.

the context of STIRAP [37–39], where for � ' 0 there ex-
ists a suitable control scheme for ⌦P(t) and ⌦S (t), the so-
called counterintuitive pulse sequence, such that perfect trans-
fer from |gi to | f i is achieved whilst |ei is kept depopulated
at all times. Here we instead consider the case of always-
on Rabi-frequencies whilst modulating the single- and two-
photon detunings. The population transfer thus achieved mim-
ics protocols in circuit-QED where the couplings between
qubit and harmonic mode are not switchable [14]. Specif-
ically, we investigate the case where the couplings ⌦P and
⌦S both assume the constant value ⌦0, whilst freedom is af-
forded to modulate the detunings �P(t) and �(t), which em-
body a set of controls of simple experimental manipulation.
The remits of our investigation extend beyond the context set
by the 3-level system illustrated in this Section. Indeed, the
three-level model considered here can also be used to address
the problem of population transfer between two remote quan-
tum resonators both connected by non-switchable couplings
to a three-level system, which can be operated locally [13].
Moreover, this configuration also describes a system consist-
ing of two qubits connected by the field of a cavity and work-
ing in the single-excitation subspace. In this context, the two
low-energy states of the equivalent three-level system would
represent states where a single excitation is carried by one of
the remote qubits, while the top-most state would imply that
the cavity field is populated. This configuration is the build-
ing block of cavity-/circuit-QED architectures for controlled
quantum dynamics currently being explored experimentally.

III. REINFORCEMENT LEARNING BASED
OPTIMIZATION

In order to find an e�cient control scheme we first employ
an RL-inspired approach. Initially, we fix the total time for the
system evolution to T which is then divided into Nsteps time
intervals, ti, of equal duration. This constitutes one episode.

Optimising transport in nanostructure (Mauro)
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Finally, we highlight how the often overlooked issue
of numerically reconstructing target properties from the
estimated measurement probabilities oughts to be taken
seriously when discussing QELMs or QRCs: the intrinsic
uncertainty arising from the sampling noise on estimated
measurement probabilities dramatically a↵ects the per-
formances of these protocols. The number of measure-
ment outcomes is also shown to play an important role,
a↵ecting well-conditioning of the associated regression
problem, and thus the numerical stability of obtained
estimates. In this regard, we discuss the variance of the
estimators related to di↵erent target observables, and
how suitable choices of e↵ective POVMs can be used to
improve the overall performances.

The remainder of this paper is organized as follows.
In Sec. II we set the context of QELMs and provide both
the main formal results of our analysis, and a recon-
struction method, whose e�ciency we briefly discuss. In
Secs. III and IV we address the cases of single and mul-
tiple injections of the input state, assessing the capacity
of QELMs to reconstruct a given target observable, pro-
viding significant analytical and numerical results when
considering both linear and nonlinear functionals of the
input density matrix. Finally, in Sec. V we draw our
conclusions.

II. QELM, GENERAL SCHEME

In this Section we review the basics of classical ELMs
and QELMs, present a general way to model QELMs,
and characterise their predictive power in various sce-
narios.

A. Introduction and notation

An ELM [7, 9] is a supervised machine learning pro-
tocol which, given a training dataset {(xtr

k
, ytr

k
)}Ntr

k=1 ⇢
Rn ⇥Rm, is tasked with finding a target function ftarget :
Rn ! Rm such that, for each k, ftarget(xtest

k
) ' ytest

k

with su�ciently good approximation for previously un-
seen datapoints {(xtest

k
, ytest

k
)}k. As most machine learn-

ing algorithms, ELMs are characterised by their model,
that is, the way the input-output functional relation is
parametrised. For ELMs, the model is a function of the
form x 7! W f(x) with f a fixed — generally nonlinear

— function implementing the reservoir dynamics, and
W a linear mapping applied to the output of f . The
function f is not trained, but rather fixed beforehand,
and can for example be implemented as a neural network
with fixed random weights. The training algorithm opti-
mises the parameters defining W in order to minimise
some distance function — often the standard Euclidean
distance — between W f(xtr

k
) and ytr

k
. As a classical

example, one can think of a supervised learning task
where xtr

k
are images representing handwritten digits,

and ytr
k

the digits the images represent. In this example,
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Figure 1. (a): Classical ELM scheme. (b): QELM scheme
for classical information processing.

n would be the number of pixels in each image, and
the goal of the algorithm would be to use the training
dataset of labelled images {(xtr

k
, ytr

k
)}Ntr

k=1 to find the W
such that, for all new images xk, W f(xk) is the correct
digit drawn in xk.

The standard way to quantise ELMs is to replace
the map f with some quantum dynamics followed by a
measurement. To mantain full generality, we consider
a generic quantum channel ⇤ — that is, a completely
positive trace-preserving (CPTP) quantum map – fol-
lowed by a generic POVM measurement {µb : b 2 ⌃},
where ⌃ is the set of possible measurement outcomes [25].
In the context of QELMs, the training dataset has the
form {(⇢tr

k
, ytr

k
)}Ntr

k=1, with ⇢tr
k

an input state and ytr
k

the
output vector we want the QELM to associate to ⇢tr

k
.

More precisely, the goal of the training is to find a linear
operation W such that

X

b

Wab Tr
�
µb⇤(⇢tr

k
)
�

' (ytr
k

)a, 8a, k. (1)

It is also possible to use QELMs as a way to process
classical information exploiting complex quantum dy-
namics. In this case, the training dataset should be
considered as a set of pairs of the form {(str

k
, ytr

k
)}k, in

direct analogy with the classical case, where now sk are
classical vectors which are somehow encoded in the in-
put quantum states ⇢s. The di↵erence with the classical
setup, in this case, is entirely in the specific form of the
function mapping inputs to outputs. The capabilities
of QRCs/QELMs to process classical data depends cru-
cially on the nonlinearity of the encoding s 7! ⇢s, as
discussed in [19, 26] [cf. fig. 1 for a schematic overview
of the distinction between ELM and QELM protocols].
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