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ABSTRACT: Realization of integrated quantum photonics is a key step f C . S—
scalable quantum applications such as quantum computing, sensing, infg Me;'s’:r’::q”;nts : Assembly
processing, and quantum material metrology. To enable practical quantum | . Gy B

.t

systems, several challenges should be addressed, including (i) the L';‘:"“:"’ 1 Optimization=e_
deterministic, bright, and stable single-photon emission operating at THz ‘i’? ’ N
at room temperatures, (ii) on-chip integration afent single-photon sources, a
(i) the development of deterministic and scalable nanoassembly of q
circuitry elements. In this Perspective, we focus on the emeldjiolgphysics-
informed machine learning (ML) quantum photonics that is envisioned to
decisive role in addressing the above challengesaBpgttiree directions of M
assisted quantum research are discussed: (i) rapid preselection of sing
photon sources via ML-assisted quantum measurements, (ii) hybri&™¥
optimization approach for developingient quantum circuits elements, and

(iif) ML-based frameworks for developing novel deterministic assembly of on-chip quantum emitters.

KEYWORDS:quantum photonics, machine learning, deep neural networks, on-chip quantum optics

By utilizing quantum entanglement, a tremendous increasgeasurements and, in particular, the multiphoton quantum
in computational eciency compared to any classical state tomography scale very unfavorably with the complexity of
algorithm can be achieved for problems like numbethe photon state. There is a clear demand for single-photon
factorization (exponential speedup), most optimization, argimitters (SPEs) capable of producing indistinguishable
inverse design problems (quadratic speédwphile many  photons and entangled photon states at room temperature
physical realizations of qubits have been proposed, includimgd at high emission rates. Most importantly, large-scale
trapped ions and atorifssuperconducting circuitquantum ~ quantum circuitry integration and prototyping requires (i)
dots® solid-state color centérand photonS the latter oer novel rapid characterization techniques for the selection of
some unique features. Photons interact very weakly wishitable quantum emitters out of large numbers of potential
transparent optical media and not at all among themselvé@ndidates and (i) eient integration of the SPEs into an on-
which renders the information they carry robust again&hip environment. )

decoherence. However, the photoektively weak inter- ~ Machine learning (ML) algorithms have already shown great
action with matter brings about two major issues in photonigotential for addressing the main bottlenecks in computer
quantum technologies. First, nondeterministic logical opeYiSion, natural language proc.esé?ng'eech rgcogmnéh,
ations with photons using linear optical quantum gates p@{'d Other tasks across materials s feobemistry; laser
enormous overheads on the required infrastructure a ysics;' and microscopy. Recently, ML techniques have
severely limit the operation bandwidth of photonic quantur?€€N used for thee-tuning parameters of the semiconductor
information processing systems, especially when the ggiantum d%wclé@., as well as quantum measurement
success rates are low. Second, single photon sources prop ggamzano_rjr. Similarly, applying advanced ML algorithms
so far, which utilize both quantum emitters and nonlineat conventional ”?et.ho‘?‘s in quantum photonics co_uld_address
media, have not yet provided fast and deterministic streams %‘? fundamental limitations such as long characterization/read-

indistinguishable photons at room temperature. The singl8EJt times, inecient assembly, and quantum emitter perform-

photon rates in quantum emitters are limited by the
spontaneous emission lifetime, while the nonlinear sourcegecial Issue20 Years of Photonics
fail to produce the single-photons deterministically. AddressiRg qived: june 16, 2020

these issues is even more challenging when multiphoton staieS$ised: pecember 10, 2020

are required. First, the nondeterministic or slow single-photQQ.cepied: December 14, 2020
emission limits the speed with which such states can be

prepared. Second, the time required for quantum correlation
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Quantum measurement and metrology Quantum device design optimization
© Estimation of purity of quantum emission o Optimization of on-chip and free-space meta-devices for
© Rapid spin state read-out quantum applications
ML algorithms: ML algorithms:
oClassical machine learning classification algorithms o Descriminative networks for optimization of geometrical
(logistic regression, tree based models, k-NN etc.) parameters of meta-device(simple topology, low-constrained);

o Convolutional neural network based classifiers o Generative networks based hybrid optimization
o N frameworks for rapid generation of highly efficient
Classification problems meta-device designs generation;

Regression problems Automatization of quantum

© Quantum material charecterization O experiments
SiMetrologyjapplications /o Optimization of existing experimental techniques
O Quantum sensing :

N o Development of new experimental frameworks
ML algorithms: L algorithms:

o Machine learning regression models

: i : . o Active learning
(linear, logistic, bayesian regression, SVR etc.)

© Reinforcement learning

o Convolutional neural network based regression o Bayesian inference

Figure 1.Application of ML techniques in quantum photonicer&it quantum measurements and metrology tasks can be formulated as
classication or regression problems. Based on the nature of the problem and available data set propdrtidk; dnd CNN-based
classication/regression models can be applied. The choice of the model is dictated by the nature of the problem and required accuracy.
another direction where ML techniques can be used is optimization of on-chip and free-space meta-devices for quantum photonic applications
discriminative CNNs and generative networks can be adapted for advanced multiparametric and shape/topology optimization of the meta-d
designs. Active, reinforcement learning, as well as Bayesian inference algorithms, has been shown to be a promising route for automatize
guantum experiments. Such an approach can be used for the optimization of existing experimental techniques and the development of
approaches.

ance, as well as help to unlock new physics and applicatigmantum emission can be formulated as a binarycelassi
spaces. There are @lient venues within quantum photonics, problem within which the class of the emitgodd/ “bad)
where ML techniques have great poteht@lre lhighlights is determined based on the sparse autocorrelation measure-
some of the potential applications with example problems antent. Yet, another example is a spin-state read-out of nitrogen-
corresponding ML algorithms. In this Perspective, we highligithcancy centers (NVs) in nanodiamonds, which can be
some of the key directions of the emergiftjof ML assisted formulated as a binary classiion {0 and|1 spin states)
quantum photonics. Spexlly, we will cover (i) ML  with the goal of minimizing the number of performed read-out
techniques for quantum cheterization and metrology cycles. Such problems can be addressed either by classical
applications, (ii) ML-assisted quantum photonic device designachine learning algorithms (logistics regression, tree-based
development, and (iii) active and reinforcement learning fahodels, k-nearest neighbors (kNNYyandom forest
novel quantum experiment development. support vector machine (SVi¥))or via convolutional neural
network (CNN)-based clasmis. Along with classation
QUANTUM MEASUREMENT AND METROLOGY  problems, quantum measurement and metrology applications
Due to the statistical complexity of the signal, quantum optic&®n be formulated as a regression, which targets retrieving the
measurements require a long collection time in order tgXact value of the measurement based on the available sparse
acquire complete data and to retrieve accurate resultgformation. The ML regression models can be used to retrieve

Conventionally, statistical methods of data postprocessiHf measured property of the quantum system to reduce the
play an important role in the interpretation of the results ofleasurement time and to maintain the same level of precision.
quantum measurements. The statistical methods have a lofgch a class of problems can be addressed via various ML-
standing focus on inference via creation tting problem- ~ based regression algorithms (liffedogistic;® Bayesian
specic probability models. Such approaches allow fofegression modélssupport vector machine regressjoor
computing a quantitative measure of @emce of the  CNN-based regression models. The choice of the most
developed mathematical model based on the acquired nog$jitable ML algorithm for dirent problems depends on
data. In contrast, ML frameworks aim at predicting thénany factors, such as the physics involvaldneasurement
outcome of the experiment by using general-purpose learn¥gjue/outcome, type of available data sets (complexity,
algorithms, which allows one tal correlations between the variance, and size), and available computational resources.
features of the data sets and the results of the measuremdiite common requirement for most of the ML techniques is to
Such data-driven formalism makes ML frameworks applicagigther a sucient amount of data to get reliable predictions.
to the quantum photonics problems, where conventionddowever, for quantum measurements, this may be excessively
statistical methods fail due to the sparsity of the collected dati@ne-consuming, which leads to the constraints of the acquired
This makes ML techniques a unique enabler for the realizatidata set, such as reduced variance and the number of the
of the next-generation, rapid, precise, qguantum measuremawgilable training sets. Thus, if the size of the training set is
techniques. small or has a low variance, the algorithms with low variance,
Several quantum material characterization problems canfbe example, linear regressionyéBiayes, or SVM can work
formulated as a binary or multiclass otas&in, which should  best for such problems. If the training set isisatly large
yield a prediction of the preded categorical variable of the and with a high number of observations in comparison with
quantum measurement based on the acquired sparse data seesnumber of features, algorithms with high variance (k-NN,
For example, an estimation of the quantum purity of &ee-based models) might be the best choice. Along with ML

B https://dx.doi.org/10.1021/acsphotonics.0c00960
ACS PhotonicXXXX, XXX, XX¥XXX


https://pubs.acs.org/doi/10.1021/acsphotonics.0c00960?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsphotonics.0c00960?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsphotonics.0c00960?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsphotonics.0c00960?fig=fig1&ref=pdf
pubs.acs.org/journal/apchd5?ref=pdf
https://dx.doi.org/10.1021/acsphotonics.0c00960?ref=pdf

ACS Photonics pubs.acs.org/journal/apchds

algorithms, the CNN based clasgion/regression can be temperature. The Hamiltonian learning technique has also
adapted for both aforementioned cases. Such versatility of theen applied for the characterization of electron spin states of
CNN models is assured by the highibility of its structure, NV centers in diamorid.In addition, ML algorithms have
which can be adapted foretient complexities and variances been used for the development of autonomous adaptive
of the data set. feedback schemes for the quantum measuréments.

Another important aspect of the method preference is the ML algorithms have recently been applied to address the
accuracy of the model and computational resources requiigdue of reconstruction of quantum states via quantum
for the training process. Depending on the problem undeomographi’ (Figure 8,d) where a deep neural network
consideration, dérent levels of accuracy of the model might(DNN) was used to lter noisy experimental data and
be acceptable. In the cases when the accuracy requirememeédnstruct the original states. Particularly, DNNs can address
not so high, it is possible to sigaintly reduce the the state-preparation-and-measurement mitigation (SPAM)
computation time by choosing the less accurate model. gkoblem and enhance thealelity of gquantum state
qualitative comparison betweeredint ML models appli- reconstruction by 10% and 27% in comparison with a protocol
cable for quantum measurements and metrology applicationghst treats the SPAM errors by process tomography and a
shown inFigure 2 In most cases, the accuracy and trainingSPAM-agnostic protocol, respectively.

The classtation of classical and quantum emitters utilizing
A Neural networkslo ML techniques has also attracted signi attention. For

example, the adaptive linear element (ADALINE) model was
Random Forestgf used for the claseation of thermal light from coherent light
,’ at the single-photon levéigure 2,f)>° The proposed Bayes
S”pﬁgfghYﬁg‘Og classier reduces the number of measurement runs by several
k-Nearest orders of magnitude in comparison with conventional schemes.
4 . .
Trees Based Neighbors o, # ML algorlt_hms can also dratically speed up th(_a _
Models @ = =—=—=—"=—"= - characterization of quantum defects and quantum emission
)il and rapidly classify the quality of the emitters as"gittogt
/ or “bad>® They can also determine the exact value of the
& Logistic quantum emitter specs based on sparse measurements, which
,’ Regression require substantially less integration tifgufe §). ML
Linear metho_ds could potentially transfo_rm _the area _of quantum
Regression materials metrology where measuring impurities in high-purity
— - ) guantum materials has remained a daunting task that requires
Training time complex technigues. Certain typesiofescent defects can be
detected using photon autocorrelation experiments. This
Figure 2.ML model accuracy delity) as a function of required technique estimates the number of defects in the focus volume
training time. The choice of the model applicable for quantun®f the collection optics by assessing the value of the so-called
measurement and metrology application is partially dictated by teitocorrelation at zero dela§(@). This quantity is obtained
required accuracy of the model. Depending on the model complexlfy tting an autocorrelation histogram, which represents the
di erent ML models and neural networks ensuresedt accuracy  number of coincidental detection events on two separate
levels and require érent model training time. detectors as a function of the delay between the detection
times. A scanning autocorrelation procedure provides a local
speed stand on opposite sides; it is necessary to consider tratffect density map with the precision down to a single
0 s between the two when deciding on the choice of theuorescent object, well above the resolution of the optical
algorithm. The algorithms such as linear/logistic regressi@@tup. However, for small defect concentrations that are typical
and Naie Bayes are less resource-heavy (easier to train datquantum materials, the data collection is very slow (tens of
have fast execution), while the models with high degrees mifnutes) as the speed is proportional to the square of the
freedom (SVM, CNN, random forest) ensure higher accuracg{nission intensity, which is very weak. Recently, it has been
but demand much longer time to process and train. demonstrated that supervised ML, as well as DNNs, can be
Recently, various ML algorithms have been adapted fepplied to the rapid characterization of quantum erfiission
quantum optical measurements and metrology préblétns. (Figure 8). Specically, both the ML models have been
It has been demonstrated that a combination of the Bayesitiained to predict the quantum emission purity based on the
and Hamiltonian learning techniques allows the realization gparse 1 s autocorrelation measurement. The conventional
magnetic eld sensing with extreme sensitivity at roommethod (Levenberdiiarquardt tting) requires a complete
temperature using nitrogen-vacancy (NV) centers in bultata set collected within tens of minutes. The proposed
diamond® (Figure 3&,b). Spectally, Bayesi-learning- approach allows determining the class of the NV center in a
assisted spin readout can be used for processing a noisy sigaabdiamond “§ingl&/ “not-singld with more than 95%
of a single NV center at room temperature and requires accuracy and a 200speed-up of the measurement time.
average only one photon per iteration to detect the magnefitoreover, the classation criteria betweésinglé and“not-
eld. The developed approach ensures sensitivity values ofsé@ylé classes can be adjusted without losing any accuracy.
nTs2, including initialization, readout, and computational The developed approach can be directly extended to other
overheads that are comparable to those reported for cryogetyipes of quantum optical measurements that require multiclass
experiments. Additionally, it has been shown that dephasidgssication, thus addressing the problem of long collection
times can be simultaneously estimated and that timéime due to the extremely low codetection event probability.
dependent elds can be dynamically tracked at roomBy reshaping the binary classtion scheme into the

Accuracy
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Figure 3.(a, b) ML-assisted magnet&d sensin. (a) Three-step Bayesian inference based magheitiearning algorithm: (left) the phase
accumulation time of the current iteration is determined based on the elettrimeasurement done during the previous iteration; (center)
measurement of the electedd; (right) measured electrid is used to update the prior distribution using Bayesian inference and determine the
phase accumulation timg for the next iteration. (b) The scaling of the magneiticsensing precision as a function of the total measurement
time. The density plot and blue dashed line show the precision data of the ML-assisted approach and ctiimgspandiregcomparison, the
scaling of the precision of conventionally used Fast Fourier Transform (FFT) protocol is shown with gray dashed curve. (c, d) ML-assis
quantum tomography(c) Experimental setup for preparation and measurement of spatial qudit states. In the generation part, single photor
from a heralded source are beam-shaped by a singleberodled then transformed by a hologram displayed on a spatial light modulator.
Analogously, the detection part consists of a hologram corresponding to the chosen detection mode, followed by lzesiaghtt arsidgle

photon counter. (d) Results of the experimental state reconstruction with phase-only holograms. State reconstruction uses maximum likelil

estimation for both raw experimental data (orange) and DNN processed data (blue). (e, f) Coherent vs thermahtight’c{a¥sh the
experiment, a laser beam is divided by a beam splitter (BS) and the two replicas of the beam are used to generate light with Poissonian (coht
and super-Poissonian (thermal) statistics. The thermal beam is generated by a rotating ground glass. Neutralldeaste (Nilzed to
attenuate light to the single-photon level. Coherent and thermal light beams are measured by superconducting nanowire single-photon dete
(SNSPDs). (f) Flow diagram of the ADALINE neuron used for demonstration of light sourcatiden{g i) ML-assisted autocorrelation
function measurement. (g) Therescence from an NV center in an nanodimond is passed through the beam splitter and coupled to the
correlation card (starstop scheme). The 1 s autocorrelation histograms are passed through CNN forogjataskthe quantum emitters
(“good/"bad) or (i) prediction of the exact value of tRey (regression). (i) The regression scheme can be directly used for rapid super-
resolution imaging utilizing autocorrelatf®) gnap>° (a, b) Adapted with permission from3&fCopyright 2019 American Physical Society.

(c, d) Adapted with permission from 28f Copyright 2020 Nature Research. (e, f) Adapted with permission fBOmQebyright 2020
American Institute of Physics. (i) Adapted with permission fr8@ @dpyright 2014 American Physical Society.

regression model, it should be possible to predict the exatambient environment. The aforementioned supervised ML
values of the autocorrelation function at zeroth time delayalgorithms can be applied for the cleation of dierent spin
This could be used for the realization of rapid super-resolutistates based on the sparse single-shot measurement data.
microscopy based on autocorrelation measuréiiénts
(Figure B. Recently, derent variations of super-resolution ~ QUANTUM META-DEVICE DESIGN OPTIMIZATION
techniques based on the photon antibunchéwg Bave been  Yet another important application of the ML algorithms in
developed *® It has been shown that the resolution of suchquantum optics is a ML-assisted optimization of the on-chip
methods scales as I, wheren is the order of the and free-space meta-structures for quantum applications.
autocorrelation function of the photoluminescence signakecent progress in theelds of material platforms and
These techniques have thus far been limited by long imagenofabrication techniques has led to dramatic progress in
acquisition times. communication, computing, biosensinglé of renewable

ML techniques could also be adapted for rapid measurenergy, and quantum information technologies. Glgci
ments of other properties of single-photon emitters. Onarti cially engineered materials, like photonic crystals,
direction could be the realization of RT single-shot spin reachetamateriafS,and metasurfadéd’ have been reviled as a
out of solid-state quantum defects. Due to the small magneficomising route for achieving unparalleled control over the
moments of the spin states, it remains challenging to realizen-scale lighimatter interaction, which led to the realization
single-shot readout of individual nuclear spins withdeiitly of a wide range of conceptually new applications. Recently
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Figure 4.(a) Plasmonic speed-tiThe enhancement of the lightatter interaction in plasmonic cavities can shorten ‘snsjtiemtaneous

emission timé, to beat the dephasing tiyg,. (b, ¢) Room-T, ultrafast quantum emitgb) In an all-silver nanopatch antenna (NPA)
structure, a silver nanocube is deposited on a silver substrate, with a nanodiamond, containing an NV center placed in between. (c) Fluores
decay curves indicate nanodiamond on a coverslip glass substrate (NV-G) (blue), the NV coupled to a nanopatch antenna (NV-NPA) (red),
the instrument response function (IRF) (black)f{AAAE-assisted optimization frameWdHar quantum device design optimization, the AAE
network is trained on topology optimized designs. The encoder is mapping geometrical features into the compressed design space, while de
generator learns to generate design shapes based on the compressed space coordinates during the training phase. Discriminator forces enc
decoder to form the compressed space with a peedgistribution. () Dependence of the computational time of the direct TO (black), AAE
+TO-based optimization (blue), and AAE+VGGnet (cyan) on the number of the optimizediéigly-eesonant patterns. For the generation of

100s of designs, direct TO requires 164 h, the AAE+M&ment approach needs 54 h, while the AAE+VGGnet approach requires only 2 min
for the generation of highly @ent (>80%) 100 designs. The AAE+VGGnet-based approachx ifag&2than the AAE+TO approach and

more than 4900faster than direct TO. (f) Comparison of theiencies of the obtained best designs for all used optimization methods within
this work. The AAE optimization followed by additional T@emeent ensures the best solution and almost maximum possible result of the
problem under consideration. While the AAE+VGGnet approach ensures tremendous speedup of the optimization search and relatively
overall device eiency. Insets show the best antenna designs in the setsdat dptimization frameworks. (g, h) Inverse design of diamond
photonics* SEM images of the optimized (g) photonic crystal cavity with inverse-designed vertical couplers placed on both ends of the struct
and (h) diamond photonic circuit, which could be used to entangle two emitters inside the two cavities. The circuit consists of a grating coup
followed by a waveguide-splitter, and two resonators, the outputs of which are then recombined in a waveguide-splitter-enig coupled o
through a grating coupler. (a) Adapted with permission fr6f @fpyright 2019 AAAS. (b, ¢) Adapted with permission frér €dpyright

2018 ACS. (df) Adapted with permission from &&f Copyright 2020 AIP Publishing. (g, h) Adapted with permission ftohi @6pyright

2019 Nature Research.

di erent aspects of adially engineered materials have beenin quantum photonic integrated circuits is their high optical
adapted for quantum applications. Plasmonics, or metal nahasses. It has recently been shown that it is possible to
optics, promises to bring new functionalities and interactiocircumvent these losses by designing nanostructures where the
regimes to quantum photonics. In particular, nonlinearities atitcoupling of light into a lossless dielectric environment
the single-photon le¢@land ultrabright single-photon happens at the same time scale or faster than the photon
emissioff**® have been theoretically predicted. Recent experabsorptior? (Figure 4). Incorporating plasmonic structures
ments demonstrate that gap-plasmon nanoantennas are printe quantum photonic systemis both ultrafast operation
candidates for plasmon-enhanced single-photon effiiSSion. speed ( THz) and room temperature (room-T) performance.
Extremely tight mode carement in single nm-size cavities A record-high single-photon intensity from room-T single
can even lead to strong interaction with single dipoles at roonitrogen-vacancy (NV) centers in diamond, at 35 million
temperaturé’ The challenge of utilizing plasmonic elementsphotons per secondl,demonstrates the promise of on-
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demand single-photon production in plasmonic nanostructure¥ GGnet approach requires only 2 min. Thus, the developed
(Figure #,c). Spectally, a nanopatch antenna, consisting oAAE+VGGnet approach ensures f63teed-up in compar-
an all-crystalline-silver nanocube coupled with an NV centerison with the AAE+TO approach and it is more than 4900
a nanodiamond~{gure b), has been used for showcasing atimes faster than direct TO. Theog&ncies of best designs
two-orders of magnitude averagerescence lifetime short- obtained by optimization of cylindrical design (simple
ening and a 90-fold increase in the average detected saturatédpology), direct TO, AAE+VGGnet, and AAE+TO are
intensity of the quantum emissiéig(re 4). shown inFigure & The e ciencies are normalized to the

In all of the cases of adially engineered materials, the fundamental limit of the TiN thermal emitter. The developed
structural design plays a central role within the devicAAE frameworks ensure almost perfect performance with 98%
development cycle. Incorporg advanced optimization (AAE+TO) and 96% (AAE+VGGnet) eiency, while
techniques into the meta-device(hanoantennas, cavities, oonaventional frameworks ensure only 92% (direct TO) and
chip components) will signantly increase the eiency and  83% (simple design). Such a hybrid scheme opens up a
will open the way for the realization of highly multifunctionapossibility to perform a physics-driven global optimization
quantum photonic meta-structurésg(re 4). Advanced scheme directly inside the compressed design space formed by
optimization could, for example, be used to achievthe AAEY’ Thus, the resulting optimization targets not only
deterministic control over the single-photon emission, sudche complex topology of the antenna but also the best material
as the emission directionality and rate. This would requiomposition as well as fabrication parameters. Hybrid ML-
solving a multiconstrained problem by developing approachg@stimization approaches could provide the best-performing
that go well beyond conventional optimization techniques. quantum photonic devices in terms of single-photon emission

Conventionally, there are two major design developmens well as compatibility with quantum photonic circuitry.
approaches (i) intuition-based, which relies on the prioRecently, the fundamental limits for the quantum emission
knowledge and sciemtiintuition; (ii) advanced optimization enhancement in the plasmonic cavity-based SPEs have been
frameworks, which solve inverse-design problems and leadstiadied It has been shown that by appropriately predesign-
nonintuitive solutions. Thest approach typically yields meta- ing the cavity and antenna modes of the gap-plasmon based
structures with somewhat singali geometrical shapes (e.g., SPEs, it is possible to achieve quantum emission rates up to
spheres, cylinders, and cateell particles) and, hence, hundreds of THz and the fagld radiation eciency close to
limited performance. Such performance limitations are umity. This analysis clearly shows that by applying advanced
consequence of the reduced number of available degreesvibf-assisted optimization to the cavity design optimization it is
freedom in the optical response due to the simplistic topologyossible to substantially enhance the room-T quantum
of the device unit cell. The advanced optimization techniquesnission.
ensure much higher elency due to the complex shape/ ML-assisted optimization could also enable on-demand
topologies of the optimized structures.While evolutional arehtangled state generation utilizing spontaneous parametric
adjoint optimization methods have been widely used idown-conversion processes (SPDC) in nonlinear dielectric
photonics? °” conventional frameworks are limited by thestructures. Recently, AlGaAs nanoantennas have been used for
computational power requirement, which scales up with tithe generation of the two-photon quantum states at tele-
increasing dimension of the parametric space. Recenttpmmunication wavelengthdJsing the Mie resonances in
di erent ML algorithms have been proposed and applied toanocylindrical antennas, photon pairs were generated at a rate
photonic and plasmonic problef$§! Along with pure  of 35 Hz. However, the eiency of photon pair generation is
discriminative schemes, in which the DNNs are used to prediotv due to nonoptimal resonance mode coupling at the pump,
the parameters and optical response of nanoantenna desiigier, and signal frequencies. Here, ML-assisted topology
with simplistic geometries, several hybrid approaches hamimization could lead to substantially increased emission
been proposéd. °° Specically, various generative networks rates by using more complex resonant mode coupling as well as
(such as generative adversarial networks (&ABS) coherent generation of multiphoton quantum states via
autoencoders) have been coupled with a topology optimizatiomultiplexing several antennas within one metasurface.
framework and applied for nanophotonic design optimization. The proposed optimization techniques open the way for
For example, integrating an adjoint topology optimizationovel applications in free-space quantum communication and
method with adversarial autoencoder (AAE), consisting @ensing protocols, and can also be applied to develop a family
three neural networks (encoder, decoder, and discriminatasj highly e cient, multifunctional elements of quantum
allows one to perform optimization of a device with compleghotonic circuits and on-chip structufégure 4). Recently,
topologies much faster than a conventional adjoint foffhalismt has been shown that topology optimization candiergly
(Figure 4d). In particular, the authors coupled an AAEapplied to the development of diamond-based quantum
network with (i) topology optimization basednesnent photonic circuits such as free-space couplers integrated with
(AAE+TO) and (ii) pretrained VGGnet neural network for photonic crystal cavities and inverse-designed waveguide-
generated designs postselection process (AAE+VGGnet). Td@ditters Figure 4,h).
performance of the developed optimization frameworks wasYet another important optimization challenge that can be
benchmarked by optimizing a thermally emitting metasurfaeeldressed via ML assisted optimization frameworkseiste
for thermophotovoltaics. The comparison of the developesh-demand on-chip integration of quantum emitter. The
frameworks vs the conventional optimization approachesrealization of scalable quantum photonics demands determin-
shown inFigure €,f.Figure € shows the computational costs istic and e cient on-chip integration of an array of quantum
of direct topology optimization (black), AAE+Thesnent emitters via passive optical elements, such as cavities or
(blue), and AAE+VGGnet (red) approaches. Direct TOcouplers®* The choice of a suitable material platform is
requires 164 h for the generation of 100 designs, the AAdhother important factor since commonly used silicon is
+TO re nement approach needs 54 h, while the AABoptically lossy at shorter wavelength range (1), lwithin
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Figure 5.(a c) Active learning for quantum experiment optimiZ&tiem). Working principle of the algorithm. The experiment is initiated via a
random selection of the elements from a basic toolbox. After each iteration, the performance of the developed setup is assessed via calcula
quantum state and analyzing its properties. Tdieney of the performance is calculated through the comparison with theederitkria. If

these criteria are not sadid, the algorithm starts over again, otherwise. the experiment isdsanglireported, together with all relevant
information for the user. (b) The experimental implementation for a 3-dimensional 3-partite GHZ-state. (¢) Comparison of performance with a
without the ability to learn (log-scale). Green shows the average time required in the case where the algorithm can learn useful transformation
algorithm was executed 10 times with the same initial conditions). Black shows the time it requires without the ability to learn. The experiment:
3-cyclic and 8-cyclic transformations were not found (within 250 h) without learning, while experiments for 4-cyclic and 6-cyclic rotation we
found three and four times in 250 h, respectively. (d, e) Reinforcement learning for novel quantum experinféteji&signaigiorcement

algorithm for quantum experiment development is realized via the agent placing the elements from the basic toolbox into the experimental t
The decision on the next iteration is decided via the rewarding agewfufetod merit(dierence between produced and goal quantum states
properties) met. (e) Results of learning new experiments. Average length of experiment and success probabilityxrl&hekperihefts.

The maximal length of an experimehtis8. During therst 5x 10* experiments an agent is rewarded for obtaining a (3, 3, 2) state, and during
the last 10experiments, the same agent is rewarded mdiag a (3, 3, 3) state. The average success probability shows how probabile it is for the
PS agent tond a rewarded state in a given experiment. Solid/dashed lines show simulations of the PS agent that learns how to generate a (3,
state from the beginning with/without prior learning of setups that produce a (3, 3, 2) s)afedaaed with permission from t€Q

Copyright 2016 American Physical Society. (d, €) Adapted with permission2Bo@omfright 2018 National Academy of Sciences.

which most of the single-photon sources are emittind=urther optimization would maximize the couplirgieacy
Recently, various on-chip coupling methods for single-photarhile maintaining the high emission rate by providing optimal
sources have been proposed, including tapered optichsign that adiabatically converts the SPP waves into the

bers? ”° in situ direct laser writtEhor electron beam fundamental mode of the wavegtitde.
lithographed’ diamond® 2° 2D material-basé&d,®* dielec-
tric®* % or plasmonic structur&s®* Along with e cient AUTOMATIZATION OF THE QUANTUM

coupling, the strong enhancement of the spontaneous emission EXPERIMENTS

of quantum emitters should be achieved by these couplinge true limits of the machines in the context of quantum
methods. Recently, it has been shown thauantum  photonics are much broader than advanced data postprocess-
plasmonic launctiewhich consists of nanodiamonds with ing and lies in the domains of active and reinforcement
single NV centers sandwiched between two epitaxial silyearning. Recently, severalres have been made in thed

Ims, can dramatically decrease the lifetime of the NV centef designing complex experiments based on the autonomous
(10 ps) and a couple more than half of the emission into ifearning models. The modern quantum mechanical experi-
plane propagating surface plasmon polaritons {8AMS).  ments are used to probe the basic concepts of quantum
proposed architectureass record-highuorescence lifetime theories. However, to be able to probe more sophisticated
shortening (7000¢), which is higher than those obtained theoretical concepts, it is necessary to develop much more
previously for dielectric-loaded wavegttdethe V-groove complex experimental machinery and measurement techni-
system® and metal nanowirgs.The plasmonic launcher ques. The designing of such complex experiments based on
could pave the way to on-chip integration of single-photohuman perception and intuition might be acdit task.
sources with extreme emission rates and THz operation ratBecently, it is demonstrated that active learning can be adapted
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Figure 6.(a) Schematics of the ML-assisted quantum circuitry elements design and deterministic as§amoldipatbjuantum emitter
classication via ML-assisted rapid quantum measurements, where ML enables multicktssnciessd on sparse data sets. (c) Quantum
circuit elements are shape-optimized via generative network coupled with topology optimization. (d) CNN-assisted automatic driver enables
deterministic assembly of circuitry elements.

for the development of a quantum experiment with the goal asymmetry in the experimental scheme is the result of the fact
creation and manipulation of complex quantum tates. that for double SPDC events the two photon pairs may come
Within developed frameworks, the quantum phenomena &sm the same crystal. Leaving one path unmixed leads to the
teleportatiot”**°? quantum interferenc® quantum era- erasure of such double-pair emission events in 4-fold
sure'®*and entanglement are considered as the main buildirincidence detection. Within example 2, authors have applied
block, and the algorithm has learned md the best a developed framework to the realization of high-dimensional
combination of them for achieving predd quantum states. cyclic rotations, which are special cases of high-dimensional
The general ow of the developed framework is shown inunitary transformations of quantum states. Such trans-
Figure a. The machine uses the optical elements from thformations are necessary for the realization of a novel, high-
toolbox and randomly assembles new experiment setups. Himensional quantum information protottfsas well as in
performance of the developed experimental setup is assessdldeatreation of high-dimensional Bell-states. The basic toolbox
each iteration via calculation of the resulted quantum state, tfee such problems has been set to polarizing and nonpolarizing
transformation, and its properties. The algorithm stops updyeam splitters, dove prisms, mirrors, holograms, and halfwave
meeting the user-deed criteria. During the search process,plates. Within this showcase example, authors have demon-
the machine can learn from the experience and can extend imated the advantages of the algorithm with the learning of the
basic toolbox by includingfonmation on the already novel toolbox elements versus the approach without such
developed experimental schemes. Such learning process lahdsy. The quantities comparison of the required time for
to signicantly speed-up in subsequent discoveries. Developdiderent cases of the cyclic operations is sholigtre 6.
framework has been used for (1) realization of highSpecically, it has been demonstrated that an approach without
dimensional multipartite entanglement, so-called the Greetire learning procedure requires up to 250 h of search for
berger-Horne-Zeilinger (GHZ) state, and (2) realization ofidenti cation of only 3 and 4 experimental schemes for 4-cyclic
high-dimensional cyclic rotations of quantum states. Withiand 6-cyclic rotations, while such an approach failed to
example 1, the algorithm has been abledt®1 experiments any experimental schemes for 3-cyclic and an 8-cyclic rotation.
in 150 h, which can be used for the realization of thd-or the case of an algorithm with learning ability, it required
quantum states that are entanglegrdntly, including thest <3.5 h to nd experimental realization for all of the cyclic
experimentally realizable scheme of a high-dimensional Gldztation experiments. As a result of the developed machine-
state Figure B). Notably, the developed experimental driven framework, several of these experimental proposals have
schemes contain interesting ntivieks, which are counter- been implemented successfully in the labdfatory and
intuitive for human perception. For example, one of the fourave led to the discovery of new quantum techﬁ%ﬁﬂ?s.
paths that come directly from the nonlinear crystals has notAlong with an active learning algorithm, reinforcement
been mixed with any other arm (arm Drigure ). Such learning has been applied for the development of quantum
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experiments, It has been demonstrated that the developediemonstrated their eiency in predicting the quality of the
approach can be used not only for complex experimentgantum emission based on sparse autocorrelation data. We
schemes development but also ensures the discovery befieve that ML algorithms can be adapted to perform similar
nontrivial experimental techniques. The scheme of thgredictions for several key properties of quantum emitters at
developed ML algorithm is shownFigure 8. As in the  once (quantum purity, lifetime, stability, and indistinguish-
previous approach, the agent has an access to a set of optbdity) based on extremely sparse measurements, which will
elements (toolbox), with which it generates experiments: #ignicantly speed-up the quantum emitter characterization
sequentially places the chosen elements on the (simulateat)d preselection proce$sg(re 8). As shown above, the
table; following the placement of an element, the quantumdvanced optimization techniques can be cagniy

state generated by the corresponding setup, i.gureation enhanced via coupling with generative networks. ML-assisted
of optical elements, is analyzed. Depending on the statptimization could play a critical role in the development of
estimation the agent receives a reward. Then the agegqiantum circuits elements, such ageamt couplers and on-
proceeds with another iteration by placing additional elemerthip devices for eient quantum states transduction and
into the table. Due to the drent sources of noise, which transformationg={gure 6). Neural networks can also enable a
resulted due to imperfection in the alignment of the opticdtey step in realizing large-scale quantum photonic systems,
elements, the total number of elements in the experimentimmely, in enabling the deterministic assembly of quantum
limited to a nite number. Along with the eient sources and quantum devices with the nanometer scale
experimental scheme discovery, the agent can extend tirecision igure @). Recently, it has been shown that an
basic toolbox by the learning process and its memory. Suatomic force microscope (AFM) tip can be used for the
knowledge helps him to perform moreient experiment deterministic assembly of plasmonic nanopatch antennas (e.g.,
scheme reconstruction. Within this work, the authors considptasmonic cubes coupled to nanodiamonds) with gap sizes
two types of problems: (i) minimization of the elements of thdelow 20 nni*°While the current techniques typically require
existing experiments and (ii) development of novel expemanual manipulation, the coupling of the AFM-based
imental schemes. Thest example targeted the developmentdeterministic assembly with a pretrained CNN can uniquely
of the experimental scheme for the creation of a quantum statieable rapid, automated nanoassembly via all-neural-network-
with (3,3,2) SchmidtRank vector (SRV). To emphasize the driven AFM machineryFigure @). The CNN can also be
importance of the learning process, the same agent has baamed to take the AFM scan data or a microscope image as an
used for the development of the experiment for (3,3,3) SRMput and return the displacement vector needed to operate
quantum state generation. Here authors probed whether tfmove, pick or place nanopatrticle), as an output, such that it
agent can leverage on the acquired knowledge duringt the can be used to automatically drive the AFM tip. This approach
part of the reinforcement learning process and develop a mavél open up entirely new ways for the realization of
complex experimental setupciently.Figure 8 shows the  automated, large-scale, precise, and rapid deterministic nano-
main result of therst example. The agent has been able tassembly of quantum sources as well as other on-chip quantum
minimize the number of used elements to 4 (the smallestevices.

number of the elements for (3,3,2) SRV case) withih(8 We highlighted several promising directions for ML-assisted
experiments. After thex5L0* experiments, the agent has beenquantum photonics that can be adapted for many other
rewarded for the (3,3,3) SRV state generation. As a result, th@gantum applications. ML-assisted rapid characterization of
experimental schemes with the smallest possible length of theantum emitters could lead to the large-scale integrated

experiment have been obtained within additichad 10° quantum circuits prototyping by speeding up conventional
runs. This clearly shows the agent can leverage on the acquireshsurement techniques anariog novel measurement
knowledge during the previous optimization runs. frameworks. Also, ML-asgisteanodevice optimization
techniques might be adapted to solve the inverse-problems
DISCUSSION AND CONCLUSION of quantum device design to develop new types of plasmonic-

ML-assisted quantum photonics is an ememjihthat oers assisted SPEs or SPDC based sources of complex entangled
a great potential for transforming theld of integrated Photonic states. Moreover, rapid CNN-based data processing
guantum photonics. Various machine and deep learnif@" help to realize high-precision deterministic assembly of
techniques have been adapted for several important quant@Hfntum circuitry elements.

photonics problems, includingceéent data postprocessing,
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