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Quantum sensing & metrology
Photons, trapped ions, ultra-cold atoms, artificial systems
(quantum dots, defect centres), optomechanical systems,
superconducting nano-circuits
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a Probe of the Quantum Nature of Gravity

mdar,2 Gavin Morley,2 Hendrik Ulbricht,2
r,2 Myungshik Kim,2 and Gerard Milburn2
Astronomy, University College London,
6BT London, United Kingdom
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bjects are mediated by fields. If quantum entanobjects due to their interaction, then it follows
been a quantum entity. Here we first show that
ion test masses in adjacent matter-wave interngled solely through their mutual gravitational
witness this entanglement. We then argue that
r this entanglement implies that witnessing it is
ature of the gravitational field that mediates the
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Noise-Intermediate scale quantum
devices (NISQ).


•

•

Quantum algorithms


•

Architecture, software and compilers


•

Quantum machine learning (QML)
(quantum data science)
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Fault-tolerant quantum computing
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Variational circuits: quantum
chemistry (CCP-QC)


QML

QIP
ML

Classical-for-quantum

Use well-established ML

methods to run quantum

problems more efficiently
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Exploiting ML methods for high-dimensional state preparation

systems.
Experimental generation of Vector Vortex Beams– OAMendowed states of light can be described using LaguerreGauss (LG) modes. These are solutions of the Helmholtz
equation
in the
indexed by two ina
c
b paraxial approximation,
S3
teger numbers (m, p), the former describing the azimuthal
phase structure of the beam, and the latter describing its radial intensity profile. Each LG mode carries a set amount
S1
of angularS2momentum, which in the single-photon regime
equals ~m [1]. VVBs can be obtained by superposing orthogonal polarizations to LG modes [2]. More specifically,
~ m m p of a VVB decomposes as the sum of
the electric field E
d
1
2
QP
QWP
two LG
p andParameters
different azimuthal
numbers
VVBs Analysis
QWmodes
step: with sameStokes
PBS
HWP
~m m p =
QWP HWP polarizations: E
by orthogonal
m1 > m2 carried
1
2
✓
✓
i
Laser ~
✓ 2 [0, ⇡], 2
eL cos 2 LGm1 p + ~eR e sin 2 LGm2 p , whereCCD
[0, 2⇡] and the unit vectors ~eL,R stand for left and right circular polarization, respectively. For the purpose of this work
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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 intensity measured at each pixels of the camera, Stokes parameters are

ognize off-center images and segmented handwritten digits [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
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color-map for radially polarized VVBs. A natural way to
erate VVBs is using q-plates [60, 61], which are inhom
nous birefringent plates modifying the OAM of the inco
light conditionally to its polarization. In our scheme, V
are generated via a sequence of polarization-controlling w
plates interspersing 5 cascaded q-plates (cf. Fig. 1d).
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Objective
Quantum
state synthesis
by specifically designed networks.
rch
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– Quantum
photonic networks
- RACOON
We will fabricate designed-disordered networks by electron beam lithography, in gallium phosphide
Box 1: The project in a nutshell
on glass at Imperial and in silicon nitride membrane via current collaborations with ORC,
rarching
goal. RACOON aims to explore quantum light
Co-PI Southampton,
the first samples are already available as in Fig. 1. The specific network design will
ion
in
disordered
nanoscale
networks as a novel route
linear implement specific transformations
for the light flowing through them. For this part of the workle quantum information processing. Such new paradigm
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Agent

ai
si

R

Interpreter

Environment

SPECTRE

si+1

as in our case, the gradient ascent reads [46]
X
from non-equilibrium quantum system
r✓ log ⇡✓ (ai , si ),
✓ = ⌘R
Reinforcement learning for the control of work extraction 


Shaken,
not stirred

ai

where ⌘ is the learning rate and the sum is calc
the actions taken in any given trajectory {ai }i .
For a continuous action
space, we assum
2
shape for the policy function and use a functio
|ei
mator for one or more parameters of the prob
p
tribution
[44]. Here
|sihe| we assume the policy fun
S
a Gaussian and take
#
"
2
(a µ✓ (s))
⌦S
|si
/(
⇡✓ (ai = a|si = s) = exp
2
2

tions, the hallmark for adiabatic elimination is the validity of
restrictive parameter conditions (such as large detunings), so
as to constrain
the dynamics
subspaces.
The RLnciples
of RL:
at the itothrelevant
step of
the protocol,
an agent P
based step discussed here provides protocols that violate both
, upon which he
n environment,
acquiring
its state
siSTIRAP
such restrictive conditions,
and thus di↵er
from both
and simple adiabatic
elimination,
combiningthe
advantages
a result,
state of the enimplement
action
ai . Aswhile
of both to achieve near-optimal dynamics. This thus provides
Based
on the
is an
updated
tocontrol
si+1 .that
ansatz for the
may otherwise
not actions
have been ar-of the agent
⌦P
rived at analytically, and whose flexibility could be exploited
testoofengineer
the environment,
an interpreter decides to grant
operations in multi-node architectures. While delivering previously
unforeseen
protocols,aims
this hybrid
reward
R, which
the agent
to approach
maximize.
to optimisation marks a significant departures form previous
|fi
methods towards the control of quantum dynamics, and em|gi
bodies one of the pillars of our proposal.
The remainder of this paper is organized as follows. In
FIG.
1. Schematic energy
level structure
the Lambda system (Mauro)

Optimising
transport
infornanostructure
Sec. II we introduce the physical system of interest, which almodulated by detuned AC-driving fields with respective Rabi frelows us to motivate the specific form of control chosen. In
quency ⌦P and ⌦S . The scheme includes a sink
✓ statei |si,
i coupled machines
Optimising efficiency of nano
thermal
Sec. III we show how an RL agent was able to learn conto the excited state |ei of the system, as a means to induce a loss
trol schemes to induce some desired dynamics in the system.
mechanism at rate .
Then, in Sec. IV, we use a less sophisticated coefficient opti-

y we aim at reducing. Our methodology allows
ress this problem with only little knowledge of
m dynamics and to choose how to quantify dis-

where we treat as an external parameter and
ral network for the parametrization of µ. Ba
choice for ⇡ (a |s ), the condition(Gabriele)
in Eq. (1)
if the neural network is trained with a stochast
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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
tr
tr Ntr
dataset of labelled images {(x , y )}
to find the W
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