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We propose all-optical neural networks characterized by very high energy efficiency and performance
density of inference. We argue that the use of microcavity exciton polaritons allows one to take advantage
of the properties of both photons and electrons in a seamless manner. This results in strong optical nonlin-
earity without the use of optoelectronic conversion. We propose a design of a realistic neural network and
estimate energy cost to be at the level of attojoules per bit, also when including the optoelectronic conver-
sion at the input and output of the network, several orders of magnitude below state-of-the-art hardware
implementations. We propose two kinds of nonlinear binarized nodes based either on optical phase shifts
and interferometry or on polariton spin rotations.
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I. INTRODUCTION

The progress in communications, information process-
ing, and mobile technologies resulted in the advent of the
era of big data. This received an incredible burst with the
developments in parallel computing hardware, and in par-
ticular in artificial intelligence and neural networks (NNs)
[1,2]. Practical applications of machine learning quickly
became an important part of the economy, and currently
include, among others: natural language processing, image
and sound recognition, autonomous vehicles, finance, mar-
keting, and research. At the same time, these developments
put a strain on computing systems, which have to pro-
cess data faster and more efficiently than ever before. This
becomes a serious issue as the energy consumption of
information processing and communication systems is set
to surge. It is already a significant part of the global energy
consumption, and is expected to reach over 20% of global
electricity use by 2030 [3], becoming one of the main
bottlenecks of further progress. This problem has been
recognized by the machine-learning community [4–6].

Meanwhile, the increase of performance of CMOS sat-
urates, significantly deviating from Moore’s law [7]. In
recent years, the shift to architectures with many paral-
lel computing units, such as graphical processing units
(GPUs) or tensor processing units (TPUs), has been the
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dominant trend, but this avenue is limited by Amdahl’s law
[8]. In result, much effort has been dedicated to research on
possible alternatives to the CMOS technology for infor-
mation processing [9]. In particular, there have been great
advancements in machine learning with photons, in both
all-optical and optoelectronic systems [10–12]. Photonic
information processing benefits from high speed, paral-
lelization, low communication losses, and high bandwidth.
Fully functional photonic neurons including nonlinear
activation functions were demonstrated [11–14], includ-
ing spiking neurons [15,16], as well as neural networks
[17–28]. Certain networks achieved high performance in
challenging machine-learning tasks, such as image and
video recognition [29–35]. Scalable vector-matrix multi-
plication operations and convolutions, which are at the
core of neural network implementations, were demon-
strated using photons [36–39]. All these remarkable devel-
opments indicate that photonic information processing
is maturing, and may become a serious competitor for
electronics in the near future, as recognized both in the
academia and the industry [40,41].

The most serious issue taming progress in electronic
systems is related to energy consumption and heat gener-
ation, which results in the phenomenon of “dark silicon”
[7,42]. The main source of losses at high data rates is not
the cost of the actual logic operations, but communication
using electronic channels [43]. On the other hand, com-
munication using photons can be almost lossless. For this
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reason, electric wiring has been successively replaced by
photonic waveguides at long and medium distances, and
are now being commercially implemented even at the chip
scale [44]. However, electronics is still necessary for signal
amplification and processing. The drawback of photonics
is the weakness of nonlinearity, or effective interactions
between photons. Nonlinearity is crucial for the implemen-
tation of nontrivial information processing, either in the
form of a transistor or a neuron activation function. All-
optical information processing has been impractical due
to the high intensity of the optical beams required, which
effectively results in high energy cost per operation.

Alternatively, since nonlinearity occurs at very low
energy levels in electronics, optoelectronic conversion can
be used, so that nonlinear transformations are implemented
electronically, and photons are used for communication
or linear operations only. However, there are still seri-
ous issues with the implementation of scalable optoelec-
tronic information processing. Integration of light sources
is difficult, and the spatial scales for efficient electronics
(nanometers) and photonics (micrometers) are incompati-
ble. The energy cost of optoelectronic conversion in logical
elements is typically such that it overcomes any gain from
the use of optics for communication. It is estimated that net
energy-efficiency benefits can only be expected if the spa-
tial extent of photonic modes is reduced to the nanometer
scale [43]. This may be difficult in practice without incur-
ring additional losses, either due to absorption or imperfect
confinement of photons at the subwavelength scale. Since
practical solutions to these issues are yet to be demon-
strated, it is desirable to find an all-optical alternative for
energy-efficient information processing. Such an approach
requires strong optical nonlinearity without optoelectronic
conversion. This would allow for fully exploiting the
intrinsic ultrashort time scales and high energy efficiency
of photonics in complex information-processing tasks that
require nonlinearity.

We recently demonstrated hardware neuromorphic sys-
tems where strong nonlinearity resulted solely from inter-
actions of exciton polaritons, quantum superpositions of
light and matter [30,31,45]. Such superpositions, in the
form of mixed quasiparticles of photons and excitons
[46,47], are characterized by excellent photon-mediated
transport properties and strong exciton-mediated interac-
tions [48,49]. Their unique properties led to the discov-
ery of remarkable phenomena, including nonequilibrium
Bose-Einstein condensation [47,50], superfluidlike states
[51,52], interactions of quantum defects [53–55], lasing
of topological edge states [56,57], as well as demon-
stration of polariton transistors and switches [49,58–62],
gates [31,63], neurons [64,65], simulators [66], and non-
linear phenomena at the femtojoule level [48,49]. In our
proof-of-principle neural network implementations, both
photonic and electronic layers are used, but the latter per-
formed linear operations only. These experiments, based

on reservoir computing [30] and binarized neural networks
[31], achieved accuracy of 93% and 96% in the Modified
National Institute of Standards and Technology (MNIST)
handwritten digit benchmark, respectively. Moreover, the
strong polariton nonlinearity, resulting from Bose-Einstein
condensation, allowed the achievement of energy effi-
ciency of 16 picojoule per synaptic operation (SOP) in an
all-optical binarized neuron [31].

Here, we argue that semiconductor microcavity sys-
tems can be used to construct fully functional, all-optical
neural networks characterized by extremely high energy
efficiency of inference. We show why using polaritonics
in place of standard nonlinear optical phenomena, is the
key to achieving such a performance. Exciton polaritons
can perform information processing that takes advantage
of the properties of both photons and electrons in a seam-
less manner. We propose a design of a polariton-based
neural network in which fast, parallel, and low-loss com-
munication using photons is accompanied by the strong
nonlinearity induced by exciton interactions, without the
need for optoelectronic conversion. We estimate the per-
formance of such a network in the case of resonant exci-
tation, and predict that nonlinear inference at attojoules
per bit energy cost can be achieved, outperforming current
technologies by orders of magnitude. We propose how a
simple network, based on nonlinear binarized nodes, could
be implemented, taking advantage of either the interfer-
ence of photons or polariton spin rotations. We estimate
two key measures of the proposed design—the energy effi-
ciency and performance density. Our estimations indicate
that using currently available optical elements, the network
could reach an energy efficiency of 4 × 1016 SOP s−1 W−1

(synaptic operations per second per watt) and performance
density of 1016 SOP s−1 mm−2 (synaptic operations per
second per millimeter squared), which are higher than the
limits of the current semiconductor technology [67], as
well as other technologies under investigation [68], by
4 and 3 orders of magnitude, respectively. Finally, we
discuss the challenges and limitations of the proposed plat-
form, including those related to optical losses, and indicate
the possible applications where polaritonics may compete
with CMOS electronics.

II. GENERAL ESTIMATES

A. Exciton polaritons

To estimate the theoretical minimum of energy required
to perform a single nonlinear operation using exciton
polaritons, we consider the simple device depicted in
Fig. 1. The optical phase of the output pulse depends on the
input pulse intensity due to nonlinear dynamics of polari-
tons inside the microcavity. We assume that the nonlinear
process is third order, i.e., the phase shift depends linearly
on the intensity, and results from the repulsive interactions
between polaritons mediated by their exciton component
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in out

Epulse φ ~ Epulse

FIG. 1. Simple setup for the consideration of energy effi-
ciency. The microcavity contains exciton-polariton quantum
wells or a nonlinear optical medium. The optical phase shift
of the output pulse depends on the energy of the input pulse.
This nonlinear (i.e., optical-intensity-dependent) transformation
is useful for information processing when phase shifts of the
order of π can be achieved.

[47]. While other processes, including interactions with the
reservoir of weakly coupled excitons, or the reduction of
light-matter coupling strength, can also lead to a similar
nonlinear response, we consider direct polariton-polariton
interactions as the process that is likely to play the most
relevant role at the shortest timescales.

We assume that to implement a useful nonlinear trans-
formation, the phase shift induced by the nonlinearity
should be of the order of π . Such a phase shift can be, for
example, subsequently converted into full-scale amplitude
modulation using a Mach-Zender interferometer. There-
fore, it is enough to construct optical components that turn
on or off transmission through the device depending on
the nonlinear phase shift. However, we do not exclude
the possibility that smaller phase shifts can also be used
for computation. We compare the natural energy scales to
estimate the number of photons necessary to realize such
a phase shift. This leads to the formula ng > �γ where
n is the quantum-well exciton density, g is the exciton-
exciton interaction coefficient, and γ is the polariton decay
rate, which is the inverse of the lifetime of polaritons
in the cavity. Here n ≈ χNphotons/(NQWS), where Nphotons
is the number of photons that are converted into polari-
tons, χ is the exciton Hopfield coefficient, S is the area of
the illuminated surface, and NQW is the number of quan-
tum wells accommodating excitons. To estimate a realistic
lower limit of energy consumption, we consider resonant
excitation configuration, in which polaritons are created
directly by a picosecond laser pulse. Such a configuration
is much more energy efficient than the nonresonant excita-
tion used in the previous experiment [31], since most of the
photons can be converted directly into polaritons. As we
are concerned with order-of-magnitude estimations, for the
time being we neglect the photons reflected or absorbed by
the microcavity or other optical components. More precise
estimates will be presented in Sec. III C.

In the theoretical estimation of energy efficiency we use
realistic microcavity parameters. Following Refs. [69,70]
we use the values of parameters g = 2 μeV μm2, γ =
(270 ps)−1. These parameters correspond to state-of-the-
art GaAs microcavities, but a range of inorganic materials
including CdTe, ZnO, GaN, and perovskites are expected
[71] to be characterized by exciton interaction coefficients
g in the range 2 − 5 μeV μm2. Many of them were used to
observe exciton polaritons at room temperature [72–76].
In this work we assume a room-temperature operation to
avoid the energy cost of cooling. We assume that a sin-
gle quantum well is present in the microcavity, and use
a conservative estimation of the surface area of a single
polariton gate S = 10 μm2. Note that polariton modes as
small as 1 μm2 have been realized experimentally [77],
but structuring light on such a small length scale could be
challenging due to interference effects.

This gives the estimate of the minimum energy of a
single input pulse Epulse = NphotonsEphoton at the level of
3 attojoules (3 × 10−18 J), which corresponds roughly to
12 photons per pulse, for the photon energy Ephoton =
1.6 eV. One may worry that too small a photon number
introduces errors due to quantum fluctuations; these are
discussed in Sec. VII. Since a simple binary neuron (see
Sec. IV) requires four pulses and performs two synap-
tic operations, the energy-efficiency bound is estimated as
1.7 × 1017 SOP s−1 W−1. This can be compared, for exam-
ple, with the energy efficiency of 4 × 1010 SOP s−1 W−1

obtained with the IBM TrueNorth neuromorphic chip [78].

B. Nonlinear optical media

Microcavities can be used to construct nonlinear ele-
ments without the use of exciton polaritons. Instead, any
medium exhibiting third-order nonlinearity can be embed-
ded in a microcavity to realize the same concept. In this
case, the energy required for a single operation can be
estimated from the strength of optical phase modulation,
knowing the parameters n2 (nonlinear Kerr index), n0
(refractive index), and ng (group refractive index). The
third-order nonlinearity results in the intensity-dependent
refractive index change δn = n2I = n2P/S, where P is the
power and S is the surface area. The resulting change of
resonator frequency is δω = −(δn/n)ω as the wavelength
is fixed by the cavity size and the number of antinodes. The
corresponding shift of resonator energy is δE = �δω. The
minimum energy shift required for the operation of a gate
can be estimated as in the case of polaritons, by compar-
ing it to the natural energy scale of the cavity |δE| = �γ .
If this condition is fulfilled, photons can acquire a π phase
when interacting in the microcavity.

Finally, the energy of the input pulse can be estimated
from Epulse = Ptcav, where tcav is the time necessary for
the light to perform a round trip inside the cavity, tcav =
2Lng/c, where L is the length of the cavity. This leads
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to the formula Epulse = 2n0ngγ SL/(n2ωc) for the energy
of the input pulse. We estimate that materials exhibiting
strong and fast nonlinearity, such as silicon or gallium
arsenide semiconductors in the weak coupling regime,
with n2 of the order of 10−17 m2 W−1, would require at
least 10−14 J (10 fJ) per synaptic operation, 4 orders of
magnitude higher than in the case of exciton polaritons. At
the same time, materials that exhibit slow nonlinear pro-
cesses, such as photorefractive media, would not be energy
efficient due to long illumination times required to build up
the nonlinear index change.

C. Optoelectronic approach

Electronic devices are excellent for nonlinear opera-
tions, with energy per bit in a logical gate reaching possibly
the level of 50–100 aJ [43,79]. However, communication
on chip requires charging electrical wires to the level of 1
V, because lower voltage leads to strong leakage current
in transistors. The energy cost of charging communication
lines results in large energy dissipation, of the order of pJ
per bit for floating point operations, memory access, and
even larger cost for off-chip communication.

On the other hand, optoelectronic approach, where non-
linear operations are performed electronically, but commu-
nication is realized with light, is a possible solution that
takes advantages of both methods. However, this requires
optoelectronic conversion for each information bit, which
itself generates pJ energy cost in typical devices [44].
Since the cost of optoelectronic conversion scales with
size, it was suggested that net benefits can be expected if
light modes are confined to volumes at the nanometer scale
[43]. This may be difficult in practice, as the confinement
of light modes to below-wavelength spatial scales is usu-
ally associated with strong losses either due to absorption
by metallic mirrors, or imperfect confinement of dielectric
mirrors.

III. ALL-OPTICAL NEURAL NETWORK

In this section we discuss a possible implementation of
polariton nonlinearity in an all-optical neural network. A
single hidden-layer network of binarized nodes is consid-
ered for its simplicity. Here and in the following, we use
the term “binarized” to describe a neural network with
binary inputs and activations in the hidden layer. While
numerous optical neural networks or machine-learning
systems have been described in the literature, only Refs.
[30,31] considered the use of exciton polaritons.

A. Design

We propose a design of a simple all-optical neural net-
work taking advantage of the polariton nonlinearity. There
are no electrical or optoelectronic elements in the sys-
tem and both inputs and outputs are assumed to take the

form of optical pulses. This makes the proposal distinct
from previous experimental implementations [30,31], and
is crucial for the energy efficiency of the network. More-
over, all elements of the network such as beam splitters,
mirrors, lenses, light filters are passive and do not require
an external power supply. In contrast to experiments real-
ized in exciton-polariton systems [30,31], our design does
not involve optoelectronic conversion or electronic infor-
mation processing at any element within the network.
Although we consider inputs and outputs as optical, we
appreciate that they may have to be converted from or
to electronic signals for compatibility with other systems.
We account for the corresponding additional energy con-
sumption in Sec. III C. The proposed network is one of
the simplest possible applications of polaritons for opti-
cal information processing, but not the only one possible,
and many other configurations can be envisaged. We dis-
cuss some of the possible extensions in Sec. III F. The aim
of this work is to propose a simple design to indicate the
potential of polaritonics for energy-efficient computing.

We consider a large network of all-optical binarized
neurons where inputs and activations in the hidden layer
are two level. Such a network can be used for complex
classification tasks [31,80,81]. The logical structure of
the network is analogous to the one introduced in Ref.
[31] and shown schematically in Fig. 2. In Ref. [31], we
experimentally realized a single binarized neuron using
a polariton microcavity excited with a nonresonant laser
pulse, achieving 16 pJ per bit energy efficiency. Here, we
propose to use resonant excitation to achieve the same
functionality, but at much higher energy efficiency, since
resonant pumping selectively excites polaritons and allows
most of the input photons to be converted to polaritons.
The activation function of neurons is such that they effec-
tively perform XOR logical gate operations. In the case
of information encoding with light intensity, the inten-
sity levels corresponding to “0” and “1” bits can be
defined arbitrarily and differently at the input and output
of the gates, as long as they are consistent between the
gates. We consider a single hidden-layer network, com-
posed of Nnodes polaritonic gates. The linear classification
at the output layer is realized by an all-optical vector-
matrix multiplier. Optical vector-matrix multiplication has
been realized in many experiments [17,19,20,27,29,38,82],
and recently multiplication of 3000 variables has been
demonstrated [83].

The input information is encoded in space, and all input
pulses are assumed to arrive at the same time. In the partic-
ular example considered, pixels from the MNIST dataset
are binarized, and assigned to elements of two equally
sized arrays. We assign random pairs of pixels to the ele-
ments of the two arrays, as depicted in Fig. 2. The same
pairs of pixel positions denoted by p1 . . . pn are assigned to
the same array elements 1 . . . n for all digits. This allows
the network to detect nontrivial correlations between
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(a)

(b)

FIG. 2. (a) Conceptual scheme of a
single hidden-layer network and (b) a
possible all-optical implementation. The
raw input (schematically depicted as a
handwritten digit) is spatially encoded
with light pulses, which are assumed to
arrive simultaneously. It is split into two
parts visualized with the dotted arrays,
which encode the two inputs of multiple
XOR gates. Each of the gates corresponds
to a single pixel of the array. The trans-
mitted intensity contains the result of the
XOR gates if one of the methods of Sec.
IV is used. This is subsequently split into
M copies, which correspond to the num-
ber of classes. The weight banks imple-
ment linear classification of the result
in the Nnodes-dimensional feature space.
Light intensity at the output measured by
the detectors contains information about
the probability that the sample belongs
to a certain class.

distant pixels even in the single-layer XOR network. The
above stage does not require any nonlinear operation and
can be implemented all optically, for example, using a
diffractive optical element (DOE) or a three-dimensional
laser-written waveguide array. The arrays of pulses, form-
ing the two binary inputs of the gates, are directed at the
same area of the sample, creating an array of Nnodes non-
linear nodes. The optical output (light transmission) from
each of the nodes corresponds to the result of an XOR oper-
ation. To obtain an XOR activation function of the nodes,
we propose to use one of the methods described in Sec. IV.
Further on, a vector-matrix multiplication is realized with
linear optical elements. Precisely, each of the Nnodes pulses,
which constitute output of the nodes, is split into M copies
(for example, using a diffractive optical element), where
M is the number of classes. These copies are directed at
an Nnodes × M optical filter array, which applies synaptic
weights by selectively attenuating intensities of the pulses.
The resulting weighted pulses are combined into M out-
puts. The output of the device consists of M pulses, which
are the result of the multiplication. The optical vector-
matrix multiplication has been realized both in the case of
coherent and incoherent light [17,19,20,27,29,38,82,83].
The intensity at the output is related to the probability that
the input sample belongs to the particular class. This inten-
sity can be measured by a detector such as a photodiode to
convert it to an electrical signal.

The optical elements necessary to build the above
system are readily available. The input can be cre-
ated using a laser generating picosecond optical pulses,
and input information can be encoded with arrays of

micrometer-sized optoelectronic modulators [84–86]. The
multi-beam-splitter used for the vector-matrix multipli-
cation can be either implemented with an appropriately
shaped diffractive optical element or a system of standard
beam splitters. Finally, arrays of sensitive photodetectors
can be used to detect the output signals [84]. The opti-
cal weight banks can be implemented with any form of
a tunable semitransparent filter, for example, using pro-
grammable nanophotonics [10,36], a liquid crystal array,
or a phase-change material array [25].

B. Numerical results

We simulate the proposed system, assuming that
Nnodes = 8000 gates are characterized by the same level of
inaccuracy in terms of shot-to-shot variance of intensity as
in the experiment [31]. Despite the relatively large amount
of experimental noise in that experiment, we find that such
a network is able to recognize MNIST handwritten digits
with 95.9% accuracy, only 0.1% lower than the network of
ideal XOR gates. This is close to the 96% accuracy on the
MNIST task of the state of the art for hardware neuromor-
phic implementations [31,87,88], although sophisticated
software simulations of neural networks can reach much
higher accuracy of recognition, at the cost of much longer
operation time and higher energy consumption [89].

C. Total energy consumption

The estimations of energy efficiency presented in Sec.
II have to be treated as theoretical lower bounds for the
energy efficiency of an ideal system. Here, we attempt to
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take into account all sources of energy loss and estimate
more realistic energy efficiency including all necessary
optical and optoelectronic components. Until now we have
only taken into account the optical energy of input pulses.
However, most of the information in the modern world is
carried electronically, with the exception of optical fiber
connections. In the case when information is encoded elec-
tronically, we expect that the conversion of electronic to
optical signal can lead to a significant overhead in terms
of energy efficiency and speed. In particular, commer-
cial ultrashort pulse lasers reach wall-plug efficiencies, or
conversion ratio of electric to optical energy, above 10%.

We present a calculation of the total energy consump-
tion of a complete network, taking into account losses
occurring at all elements of the system, i.e., laser source,
modulators, microcavity, weight banks, and photodetec-
tors. We consider two cases: (A) an “idealized” large scale
system, with parameters corresponding to state-of-the-art
optical elements, and (B) a proof-of-principle system with
a relatively small number of nodes and accessible optical
elements.

The average energy per synaptic operation in a bina-
rized network can be calculated as Eop = Etotal/(2Nnodes),
where Etotal is the total energy consumed by the system and
Nnodes is the number of binary nodes (gates) in the hidden
layer, each gate with two synaptic inputs. The total energy
consumption for a complete neural network is

Etotal = Esource + Emodulators + Edetectors, (1)

where Emodulators is the net electrical energy required to sup-
ply optoelectronic modulators that encode input data, and
Edetectors is the energy required to supply photodetectors at
the output layer. In the proposed architecture, all data is
injected, processed, and read out in parallel. The number
of modulators is equal to the number of input bits, and
the number of photodetectors is equal to the number of
classes. The microcavity and the weight bank are passive
elements, and do not appear directly in the formula above,
but the optical energy loss occurring in these elements will
influence the required laser power.

The energy of the source laser will be bounded from
below by two main factors. It has to be high enough for the
operation of all the polariton nodes in the hidden layer, and
on the other hand, provide sufficiently high optical energy
for the photodetectors in the output layer. Of the two con-
straints, the first one will be typically the more strict one,
due to the large number of nodes and much lower number
of classes measured by photodetectors in a standard net-
work. We estimate the electrical energy required to supply
the laser as

Esource ≥ Enodes

ηL
= 2NnodesEpulse

ηCηL
, (2)

where Enodes is the optical energy required to supply all
the polariton nodes, ηL < 1 is the wall-plug efficiency of
the laser, Epulse is the minimum energy per pulse as esti-
mated in Sec. II, ηC < 1 is the microcavity transmission
coefficient (ratio of ouput to input energy transmitted for
“1” output logic value). We overestimate the energy by
assuming that the energy of polaritons interacting in the
microcavity is equal to the energy of pulses transmit-
ted through the microcavity in the “1” output state. We
neglect losses at optical elements such as beam splitters
and mirrors, as they will contribute marginally to the final
efficiency. We can estimate the total energy per operation
as

Eop ≥ Epulse

ηCηL
+ Nmod

Nnodes
Emod + Ndet

Nnodes
Edet, (3)

where Nmod is the number of modulators, Emod is the energy
cost per bit for a single modulator, Ndet is the number of
detectors, and Edet the energy cost per bit for a single detec-
tor. The above formula describes the fact that if a single
bit of information is shared as input by many nodes in
the hidden layer, which is a typical situation in neural net-
works, the cost of the input optoelectronic conversion will
be divided between all the nodes that use this bit of infor-
mation. This can reduce the energy cost of generating an
input pulse for a particular hidden node by orders of mag-
nitude with respect to the energy cost of the optoelectronic
switch. Similarly, the energy of detectors per operation will
be proportionally reduced.

The conversion of information from electronic to opti-
cal signal can be realized with ultraefficient modulators,
which reach energy efficiency of several femtojoules per
bit [84,85]. Polariton spin switches were also recently
demonstrated to achieve energy efficiency at the femto-
joule level [49]. The efficiency of photodetectors has also
reached very high (femtojoule) levels [84]. The number of
photodetectors Ndet may be very low. For example, if the
task of the network is to distinguish between two classes
of objects, only two photodetectors will be necessary, and
consequently their share in the total energy budget will be
negligible.

A single laser pulse can be efficiently redistributed
among inputs. It can be split with DOEs or beam splitters
into multiple copies, and used to generate multiple bits of
information. A single pulse can even be split and redirected
into many devices if its energy is high enough to power
many of them, so the energy of a single laser pulse should
not be treated as the bound for efficiency of a network.
Likewise, if the number of classes is large, sensor arrays
incorporating many elements may be used to detect thou-
sands of optical outputs simultaneously, which can make
the optoelectronic conversion more efficient.

In Table I we show detailed estimations for two cases,
corresponding to an “idealized” case A with parameters
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TABLE I. Parameters of the two devices considered in the text
and the total energy cost per synaptic operation.

Case A Case B

Ninputs 10 000 10
Noutputs 10 000 2
Nnodes 106 100
Surface area of a single node 1 μm2 10 μm2

Polariton lifetime γ −1 100 ps 1 ps
Cavity transmission coefficient ηC 0.9 0.1
Laser wall-plug efficiency ηL 0.2 0.1
Emodulator, Edetector 1 fJ 1 pJ
Energy cost per operation Eop 24 aJ 200 fJ
Energy efficiency (SOP s−1 W−1) 4 × 1016 5 × 1012

of state-of-the-art components and microcavities, used to
solve a complicated machine-learning task (such as Ima-
geNet image recognition) and a “proof-of-principle” case
B with parameters closer to off-the-shelf optical compo-
nents and not yet very optimized microcavities in which
room-temperature polaritons have been already observed
[72,73,76]. We consider polaritons with realistic interac-
tion constant [71] g = 3 μeVμm2. In the idealized case
A, we assume the energy cost of modulators and pho-
todetectors to be of the order of 1 fJ per pulse as in
Ref. [84], cavity polariton lifetime 100 ps and transmis-
sion coefficient of 90% (see Sec. V) and 20% wall-plug
efficiency of the laser. A large-scale neural network with
a million nodes, 10 000 inputs and 10 000 output classes
is estimated to reach energy efficiency of Eop = 24 aJ
per synaptic operation. In the “proof-of-principle” case
B, we assume the energy cost of modulators and detec-
tors at 1 pJ, 10% laser wall-plug efficiency, 10% cavity
transmission coefficient, and 1-ps polariton lifetime. A
simple network with ten inputs, 100 nodes, and two output
classes achieves efficiency of Eop = 200 fJ per operation,
which is 2 orders of magnitude below electronic neuro-
morphic realizations [78] and 1 order of magnitude below
the state-of-the-art specialized electronic neural network
accelerator [90].

For completness, we check if the output contains enough
optical energy for photodetectors. A commercial pho-
todetector characterized by noise equivalent power of
6 pW/

√
Hz, is capable of detecting a signal of a 130-nW

optical power within a 200-MHz bandwidth at a signal to
noise ratio equal to 1. This corresponds to the required
optical energy of 650 aJ per sample in each photodetec-
tor. Considering the high ratio of the number of optical
nodes to the number of detectors, we conclude that the
output contains enough optical energy in both case A and
case B. However, in the case of tasks that require a high
bit depth, such as regression, the photodetector sensitivity
may become the most relevant limiting factor of energy
efficiency.

D. Comparison with other systems
We first compare the inference efficiency of our network

and non-neuromorphic systems that implement software
simulations of neural networks. We consider the most
energy-efficient supercomputer from the Green500 list,
which performs a single floating-point operation (FLOP)
operation at the cost of approximately 60 pJ. We assume
that in a computer simulation of an artificial neural net-
work a single operation roughly corresponds to a single
synaptic event, such as accumulation of a single weighted
input, 1 FLOP ≈ 1 SOP. This gives the energy effi-
ciency of 1.7 × 1010 OP s−1 W−1 (operations per second
per watt). This estimation does not take into account the
energy cost of external memory access, which is crucial
in neural network simulations and can be much higher
than the cost of the computation itself. Memory access
is a bottleneck in CMOS neural network implementations
[67] with the minimum cost per bit at the level of 10
pJ. The efficiency of 1013 OP s−1 W−1 was reported for
the state-of-the-art energy-optimized neural network accel-
erator [91], but such a high efficiency was reported for
convolutional layers of the network only, which are char-
acterized by a relatively small number of external memory
access operations. In contrast, in our neuromorphic design
the cost of memory access is zero, as there is no need to
store the state of the system in external memory during
computation. Finally, we mention that off-the-shelf GPU
systems [5] can reach the energy efficiency at the level of
109 OP s−1 W−1.

In some other works [35,88], efficiency of hardware
neural networks was determined by estimating the num-
ber of FLOPs required to simulate the network rather than
comparing the number of SOPs. Such an approach can
give estimates orders of magnitude higher but here we
choose to take a more conservative approach by focusing
on the number of achievable SOPs. In the case of a dis-
ordered dopant atom network [88], it was suggested that
a theoretical efficiency limit of 1013 SOP s−1 W−1 could
be achieved [93], but this estimation does not account
for the cost of the output signal thresholding and addi-
tional processing of the output, which have to be per-
formed electronically in this case. The comparison with
other neuromorphic and non-neuromorphic systems is pre-
sented in Fig. 3, which also indicates the efficiency of our
recent experimental implementation of a network based
on a binarized polariton node with nonresonant pump-
ing [31]. According to this comparison, we estimate that
an exciton polariton network has the potential to out-
perform other solutions by orders of magnitude. In the
above comparison we do not include estimations made
for optical systems that perform linear operations (in the
function of inputs), such as vector-matrix multiplication
[32,35–39,94], since such systems alone are not able to
efficiently perform complex machine-learning tasks that
require nonlinearity.

024045-7



M. MATUSZEWSKI et al. PHYS. REV. APPLIED 16, 024045 (2021)

FIG. 3. Comparison of energy-efficiency and performance-
density estimates of polariton systems (red dots) and other sys-
tems [25,31,78,87,90–92]. Gray points correspond to systems
for which estimates of only a certain part of the network is
provided [87,91], or the implementation is partly realized by soft-
ware [87,92]. The orange dot corresponds to the experiment with
nonresonantly pumped polaritons [31]. The dashed line is the
single-photon quantum limit for optics.

E. Footprint and performance density

To estimate footprint, we consider the minimal physical
size of optical weight banks that encode synaptic weights.
The size of microcavity neurons is comparable to the size
of weight banks, but their number is smaller. The size
is limited by the optical wavelength and typically can-
not be decreased below micrometer level. We cautiously
assume the size of 10 μm2 for both the optical weight and
optical node. Each weight can be realized with a semi-
transparent filter, either embedded within a spatial light
modulator array, or even with a nonadjustable filter such
as a patterned glass surface, if the weights can be set at the
fabrication stage.

While this size is much larger than the size of an elec-
tronic transistor, it is unlikely to be the main limiting factor
for the footprint. One million polariton neurons or opti-
cal weights can be implemented on a 10 mm2 area, which
is comparable to the density in a neuromorphic CMOS
architecture [78]. The number of parameters in the lead-
ing artificial neural networks participating in the ImageNet
competition [67] is of the order of 108. Such a number of
parameters would require an optical weight bank surface
of a few cm2.

The most relevant performance measure is the perfor-
mance density, which is the number of operations that can
be performed per surface area per time [67]. The practi-
cal maximum rate of incident pulses in a polariton system
can be estimated to be of the order 1/(100 ps). After inject-
ing the input pulses, a typical polariton system needs the
“cooling-off period” of the order of 100 ps to completely

recover to the original state, so that the response of the
cavity is not affected by the previous pulses [31]. This rate
is given by the lifetime of reservoir excitons, or unwanted
excitations in the quantum well, and may strongly depend
on the material used. Such excitations occur even in the
case of resonant excitation. Here, we assume that the cavity
polariton lifetime is shorter than 100 ps. The resulting per-
formance density is orders of magnitude higher than in the
leading CMOS systems [67]. Figure 3 presents comparison
of performance density with respect to other systems.

However, the performance density does not necessar-
ily tell the full story. It is also necessary to consider the
aspect of heat generation in the calculation of footprint. In
electronic devices, due to heat generation, it is difficult to
implement multilayer structure in three-dimensional chips.
One of the dimensions is sacrificed for a heat drain, and it
is the reason why performance density is measured in oper-
ations per surface and not per volume. Hence, calculation
of footprint should not be considered without the consider-
ation of energy dissipation, which is also here the ultimate
limiting factor. In the case of a system with much lower
energy loss but larger surface area, it is possible to consider
multilayer wiring, exploiting the third dimension, which is
typically occupied by a heat sink. For example, a physical
multilayer network can be considered, where each layer is
placed on top of the previous one. In the following section
we discuss the possible integration of the proposed system
inside an optical chip.

F. Extensions and generalizations

We consider several possible extensions of the pro-
posed design. The system depicted in Fig. 2 is based on
free-space optics, but an integrated version is required
for a portable device. We note that the idea behind free-
space optics does not necessarily imply propagation in
free space. The same principles can be applied to design
an integrated system, where light propagates in an opti-
cal medium, such as glass or a transparent semiconductor.
In fact, the most common integrated devices that rely
on free-space optics are mobile phone cameras. Millime-
ter sized camera objectives are used together with inte-
grated semiconductor arrays, where each optical sensor
is micrometer-sized. Analogously, it is possible to design
portable neural networks based on micrometer-sized nodes
and focal lengths of the order of millimeters. Figure 4
illustrates the possible geometry of an integrated polariton
neural network. A device relying on a similar concept has
been demonstrated in Ref. [82]. Propagation is in this case
along the cavity plane and lenses are replaced by diffrac-
tive optical elements, which can be designed to precisely
control light paths.

An alternative to free-space propagation is the use of
integrated optical waveguides [25,36]. Waveguide systems
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FIG. 4. Scheme of a possible integrated version of the free-
space system. The subsequent layers of the system are arranged
side by side in the plane of a planar waveguide. Elements such
as lenses and beam splitters can be implemented with diffractive
optical elements.

can be implemented in a compatible semiconductor plat-
form, and can be used not only to transport light, but also
to build efficient devices for linear operations, such as con-
volutions or vector-matrix multiplication [36,37]. It is also
possible to consider a hybrid architecture where light prop-
agation is partly based on free-space optics and partly on
light confinement in waveguides. Waveguide systems have
two potential drawbacks: they suffer from photon losses,
in particular at waveguide bends, and require a separate
waveguide for each optical path. On the other hand, free-
space connectivity can be almost loss free, and allows
arbitrary intersection of optical paths in a linear medium,
which can greatly improve data bandwidth [43,95].

Another interesting possible extension is the use of
holography for encoding synaptic weights [18]. In this
case, data can be efficiently stored in a three-dimensional,
rather than two-dimensional, weight bank. This can
improve memory capacity significantly, but on the other
hand, writing and retrieving information requires compli-
cated optical systems.

A straightforward generalization of our design is to use
neurons with analog, rather than binary, inputs and outputs.
In this work we choose the simple XOR gate as an example
of a neuron that already allows complex machine-learning
tasks to be performed. From the point of view of machine
learning, the XOR gate, in contrast to OR, AND gates, is
itself a classification task that requires nonlinearity to be
solved [31]. Moreover, because it is a sufficiently nonlin-
ear function, it can be used as a basic building block for
the construction of more complex networks [31,80,81]. In
the case of analog neurons, a similar condition exists. The
activation function has to be strongly nonlinear, with a neg-
ative differential response [31], in order to be useful for the
efficient solution of complex machine-learning problems.
Optical weights may also modify phases of optical pulses
rather than intensities, which can reduce optical losses and
increase the available parameter space.

An extension to a multilayer system is possible, thanks
to the resonant character of the input, which means that
input and output pulses have the same optical frequencies.

In this case, multiple weight banks apply the synaptic con-
nections between neurons in subsequent layers, and each
neuron layer can be implemented with a separate micro-
cavity. On the other hand, in this case losses become a
more serious issue and may accumulate exponentially as
light is transmitted through a number of layers. In Sec.
V we show how an appropriate design of a microcavity
can circumvent losses to a large extent. Nevertheless, in
the case of a large number of layers, some kind of pulse
regeneration method will likely be required. Note that dif-
ficult tasks such as ImageNet can be solved very efficiently
with networks containing only a few layers, for example by
AlexNet (eight layers).

Finally, the vector-matrix multiplication can be replaced
by a convolution operation [37,38]. This is particularly
relevant for image recognition tasks, where convolutional
layers play a very useful role [89], or in general in tasks
that are characterized by translational invariance, either in
space or in time.

IV. IMPLEMENTATION OF BINARIZED
NEURONS

We propose two methods of implementation of XOR
gates in a microcavity system in the case when input pulses
are quasiresonant with the frequency of the microcavity.
Resonant excitation is better suited to energy-efficient pro-
cessing than the nonresonant excitation method used in the
recent experiment [31], as in the latter case input pulses do
not create exciton polaritons directly. Instead, high-energy
excitations in the so-called reservoir are created, and only
a fraction of them are converted into polaritons. More-
over, with the resonant excitation method, the frequency
of the input and the output are equal, which facilitates real-
ization of multilayer networks. However, spectral filtering
used in Ref. [31] cannot be directly used to obtain a neg-
ative response in the case of resonant excitation, as the
frequency of photons is fixed.

The first method is based on cross-phase modulation
and the use of interferometers. We assume that “0” is
encoded with the absence of a pulse or a low-intensity
pulse, and “1” with a high-intensity pulse. Before enter-
ing the microcavity, each of the input pulses is split into
two equal copies, see Fig. 5. One of the two copies is sent
around the microcavity, while the other copy is incident on
the surface of the microcavity. The second input pulse is
split and directed in the same way. The copies of the two
input pulses meet at the microcavity, where they interact
through polariton-polariton scattering. This induces both
self-phase modulation, which is independent of the other
pulse, and cross-phase modulation, which is dependent
on the intensity of the other pulse. The phase acquired
by cross-phase modulation is proportional to the inter-
action energy between polaritons in the two pulses, i.e.,
each pulse i = 1, 2 acquires the phase δφi ≈ gXPM〈n3−i〉τ ,
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Microcavity
I1

I2

Out

δφ = gnτXPM

FIG. 5. Scheme of a possible XOR gate implementation. The
principle of operation is based on cross-phase modulation (XPM)
of two pulses inside the microcavity and interferometry. With
appropriate tuning of optical path lengths, interference of cavity
emission with copies of input pulses results in intensity minimum
for the “11” input configuration.

where 〈n3−i〉 is the average density of polaritons in the
other pulse during the time of interaction, which is given
by τ . As the two pulses are incident at different angles,
they separate at the exit from the microcavity. Each of
the transmitted pulses is then combined with its copy that
did not go through the microcavity, which results in inter-
ference. Interference is destructive when the cross-phase
modulation phase δφ together with the phase difference
accumulated along optical paths is equal to π . By adjusting
the delay lines between the interfering pulses accordingly,
it is possible to obtain destructive interference for input
pulses that are in the “11” state.

As we are only interested in order-of-magnitude estima-
tions, we neglect the temporal dynamics of n and assume
that it is an average of density calculated over the duration
of the interaction τ . For optimal interaction, the tempo-
ral length of the pulse and the lifetime of polaritons in the
microcavity should be similar. This ensures that polaritons
can be effectively created in the microcavity and most of
them can be present and interact there at the same time. It
also ensures that the spectral density of the pulse matches
the width of the spectral resonance of the microcavity. This
requirement leads to the condition gn = �γ mentioned in
Sec. II.

The drawback of the above method is that it uses an
interferometric technique, which requires coherence of
light and precise adjustment of optical path lengths for
all nodes, which may be impractical. These shortcomings
are not present in the second method, which utilizes the
anisotropy of interactions of exciton polaritons [46]. In this
case, we assume that the two input pulses are mutually
incoherent. Interactions between polaritons with opposite
spin (or circular polarization) are very weak, while polari-
tons with the same spin interact strongly [96]. This allows
construction of a simple XOR gate using two 1/8-wave
plates, one placed in front and one behind the cavity, and
a polarizing filter. The principle of the method is shown
in Fig. 6. In this case, the two input pulses are assumed to
be linearly polarized in a well-defined direction (X ). At

(a)

(b)

FIG. 6. (a) Scheme of the XOR gate setup based on polariza-
tion rotations. (b) Details of rotations visualized on the Poincaré
sphere. The input pulses are assumed to be linearly polarized.
The first 1/8-wave plate rotates the polarization by the angle π/4
around the diagonal-antidiagonal polarization axis. The spin-
anisotropic polariton interaction results in the rotation of polar-
ization around the circular polarizations axis, which is intensity
dependent. This results in π/2 angle between polarizations of
the outputs from the microcavity in the input configurations
“10/01” (orange) and “00/11” (purple). The second 1/8-wave
plate rotates the polarization back to the equator (linear polar-
ization) plane. The polarizer at the output blocks the polarized
emission corresponding to the “00/11” configuration.

the entrance, they are combined into one. Before enter-
ing the microcavity, the combined pulse goes through a
1/8-wave plate, which rotates the polarization by 45◦ on
the Poincare sphere. Inside the microcavity, the polaritons
interact, which leads to nonlinear spin rotation around the
z axis on the Poincaré sphere, which is dependent on the
intensity of the input pulse. We assume that the intensity
of the pulse in the “10” or “01” input combination leads to
a rotation that is different by π with respect to the “00/11”
combination. As in Sec. II, this requires that the density
and time of interaction fulfill the condition gnτ ≈ 1. After
exiting the cavity, the polarization is rotated again by 45◦
using a 1/8-wave plate back to the equator plane, which
results in linear polarization of pulses, orthogonal in the
case of “01/10” and “00/11” polarizations. The pulse now
passes through the polarizer, which blocks the light cor-
responding to the “00/11” polarization, which results in
an XOR gate output. A similar concept was proposed to
realize a spin transistor [97], where spin rotation due to
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the polariton energy splitting followed by interference was
used.

V. MICROCAVITY TRANSPARENCY

Efficient operation of the proposed neural network
requires low energy losses at optical elements. On the other
hand, to enhance polariton-polariton interactions, micro-
cavities with very high quality factor are required. The use
of high-reflectivity mirrors in such cavities may seem to
contradict the assumed high transmission coefficients as in
Table I. However, this is not the case, and in this section
we show that high-Q cavities can be characterized by high
transmission rates at resonance.

Consider transmission of a light pulse through a dielec-
tric microcavity structure depicted in Fig. 7, where mirrors
consist of alternating layers of materials with refractive
indices n1 and n2, and the cavity medium has the index
nc. The coefficients of transmission and reflection are con-
veniently calculated using the transfer matrix formalism
[46]. At the center of the stop band we assume nj dj =
λ/4, where λ is the light wavelength in vacuum, dj is the
thickness of the mirror layer j , and the transfer matrix is

Tj =
(

0 i/nj
inj 0

)
. (4)

Two layers of material with refractive indices n1 and
n2 stacked next to each other correspond to the transfer
matrix, which is the product of T2 and T1

T12 =
(−n1/n2 0

0 −n2/n1

)
. (5)

Perfect transmission can be achieved when the complete
transfer matrix of the microcavity is proportional to the
identity matrix, cf. Fig. 7

Tmc = TN
12TcTN

21 ∼
(

1 0
0 1

)
, (6)

where N is the number of dielectric layer pairs on each
side. The above condition is fulfilled when the width of the
cavity layer is such that ncdc = λ/2.

The bottom panel of Fig. 7 shows the transmission spec-
trum of a microcavity composed of 25 pairs of layers
on each side of the microcavity, and fulfills the above
condition. Despite the high-Q factor of the cavity and
high reflectivity of the mirrors, almost perfect transmis-
sion occurs at the resonant frequency. Similarly, a polariton
cavity containing quantum-well excitons can be designed
to exhibit such a high transmission at resonance.

In practice, effects such as cavity imperfections, absorp-
tion, and nonradiative exciton decay will decrease the peak
transmission rate. Currently, polariton cavities can reach
transmission coefficients at the level of a few tens of
percent.

(a)

(b)

FIG. 7. (a) Example of a microcavity considered in the text. (b)
Solid line shows numerically calculated transmission spectrum
of a microcavity with mirrors composed of 25 pairs of layers each
with refractive indices n1 = 3 and n2 = 3.5 and the cavity with
refractive index nc = 3. Widths of the mirror layers are λ/4ni,
where λ is the central wavelength, and the width of the cavity is
λ/2nc. The dashed line shows the normalized spectrum of a laser
pulse with 50-ps temporal FWHM.

VI. NEURAL NETWORKS VERSUS UNIVERSAL
COMPUTING

We would like to point out several advantages of our
neural network design with respect to the more conven-
tional universal digital logic. Miller [98] summarized the
difficulties in using optical components for information
processing and pointed out conditions that have to be ful-
filled by a reasonable candidate for digital logic. However,
some of these conditions, including logic level restora-
tion condition, or “cleaning up” the signal, and the fan-out
condition are only necessary in the implementations that
follow the architecture of conventional computers. In par-
ticular, they are not necessary in the case of single hidden-
layer networks implemented in hardware. They are also
not absolutely necessary for deep feed-forward networks,
if optical signals are not redirected recurrently.

Nevertheless, in our system some of the conditions
of Ref. [98] are fulfilled: (a) critical biasing is not an
issue since the input-output operating point is not thresh-
oldlike; (b) input-output isolation can be achieved by a
simple method of directing the input pulses in free space
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at an angle with respect to optical surfaces, which results
in reflected pulses propagating along different trajectories
than the input pulses; (c) the condition of cascadability can
be fulfilled in the case of resonant excitation, when the fre-
quency of the output is the same as the input, provided that
some method of optical signal restoration or amplification
is implemented [99]; (d) while the logic level is dependent
on loss in our system, losses can be minimized as described
in Sec. V, and are proportional in each layer-to-layer con-
nection, which enables definition of signal amplitudes for
logic levels accordingly in each layer. At the same time,
it is possible to correct for the difference in loss in dif-
ferent optical paths by adjusting the corresponding optical
weights.

The use of a feed-forward neural network architecture
instead of universal digital computing results in another
useful aspect of the system, which is the absence of sep-
arate memory units. Currently, there is no reliable imple-
mentation of optical memory that could be used to imple-
ment a traditional computing architecture with polaritons.
Even if such technology existed, it would be required
to store and read information with ultrashort, ultralow
energy pulses to comply with the energy efficiency of
the entire system, which may be difficult to realize in
practice.

VII. QUANTUM LIMIT OF ENERGY EFFICIENCY

Since our device is based on classical physics, it should
operate well above the quantum limit to avoid quantum
noise. It is interesting to compare the potential energy effi-
ciency of our system to the single-photon limit, since the
fundamental energy efficiency bound is imposed, as in
the case of electronics, by quantum effects. The quantum
limit corresponds to a single photon per bit of information
or two photons per XOR gate. This leads to the estima-
tion of 1018 SOP s−1 W−1, as depicted in Fig. 3. The
onset of the quantum limit has been already observed in
tightly confined exciton-polariton microcavities [77,100].
We would like to emphasize that even if XOR nodes oper-
ated close to the quantum limit, few-photon emitters or
detectors would not be needed. The “quantum limit” in
the sense considered here applies to the operation of net-
work nodes in the hidden layer. Since there are no separate
detectors or emitters in these nodes, we do not need to
be concerned with the detection of these weak signals. As
already noted, output pulses arriving at the detectors in the
final layer can have intensities orders of magnitude higher
than the pulses that perform individual operations in the
hidden-layer nodes.

VIII. DISCUSSION

In this work we analyze the potential energy efficiency
of all-optical exciton-polariton-based systems for informa-
tion processing and propose a design of a simple neural

network for data classification. The advantage of perfor-
mance density and energy efficiency is achieved in the
inference, while the training stage is assumed to be per-
formed in software. The software model of a neural net-
work resulting from training can be implemented in optical
hardware by setting the appropriate optical weights. In this
sense, the proposed system is an example of an optical
neural network accelerator [8,90,91], where a previously
trained software model is implemented in hardware to
increase the performance of inference. Such systems are
best suited to machine-learning tasks where analysis of
a large number of samples is required, while retraining
or replacement of the model is not necessary or per-
formed infrequently. Such tasks include image, speech and
video recognition, natural language processing, automatic
detection, and control systems.

A practical system is required to operate at room
temperature. While the majority of laboratory experi-
ments with exciton polaritons are performed at cryo-
genic environments, there are already many experiments
with room-temperature exciton-polariton systems, includ-
ing inorganic [72,76] and organic [101–103] semicon-
ductors, two-dimensional materials [104] and perovskites
[73,75]. These materials are typically characterized by a
more prominent sample disorder, but if scattering on dis-
order is not strong enough to make the signal in the output
too weak, it can be part of the internal losses that do not
alter the efficiency of the operation. On the other hand, the
variation of node response due to disorder and variability
from one sample to another can be corrected for by appro-
priately adjusting optical weights at the input and output
layers. At the same time, we expect that heating will be
a negligible effect due to the low optical powers required.
Effects of heating are not typically observable in exper-
iments with polaritons, except for the highest pumping
rates.

The possible sources of optical losses are expected to
be associated with imperfection of cavity mirrors and irre-
versible (polariton unrelated) absorption of photons in the
sample. The technology of microcavity fabrication is suf-
ficiently advanced to produce very clean mirrors, which
results in extremely high optical mode quality factors. Irre-
versible absorption may result in sample heating, however
this effect is expected to be negligible at low optical pulse
energies. The creation of a long-lived exciton reservoir by
resonant laser pulses is also possible [105], but this effect
becomes less relevant for ultrashort pulses. Nevertheless,
we accounted for the exciton reservoir lifetime in our esti-
mation of maximum possible data rate in Sec. III E. The
use of picosecond pulse laser sources is required, which
contributes to the overall size of the system. The possi-
ble alternative to bulky ultrashort pulse lasers is the use
of compact vertical-cavity surface-emitting lasers together
with ultrafast optical modulators to shape picosecond input
pulses [106].
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ently driven microcavity-polaritons and the question of
superfluidity, Nat. Commun. 9, 4062 (2018).

[53] D. Caputo, D. Ballarini, G. Dagvadorj, C. Sánchez-
Muñoz, M. De Giorgi, L. Dominici, K. West, L. N.
Pfeiffer, G. Gigli, F. P. Laussy, M. H. Szymanska, and
D. Sanvitto, Topological order and thermal equilibrium in
polariton condensates, Nat. Mater. 17, 145 (2017).

[54] K. G. Lagoudakis, F. Manni, B. Pietka, M. Wouters, T.
C. H. Liew, V. Savona, A. V. Kavokin, R. André, and
B. Deveaud-Plédran, Probing the Dynamics of Sponta-
neous Quantum Vortices in Polariton Superfluids, Phys.
Rev. Lett. 106, 115301 (2011).

[55] L. Dominici, R. Carretero-González, A. Gianfrate, J.
Cuevas-Maraver, A. S. Rodrigues, D. J. Frantzeskakis,
G. Lerario, D. Ballarini, M. De Giorgi, G. Gigli, P. G.
Kevrekidis, and D. Sanvitto, Interactions and scattering of
quantum vortices in a polariton fluid, Nat. Commun. 9,
1467 (2018).

[56] P. St-Jean, V. Goblot, E. Galopin, A. Lemaître, T. Ozawa,
L. Le Gratiet, I. Sagnes, J. Bloch, and A. Amo, Lasing in
topological edge states of a one-dimensional lattice, Nat.
Photonics 11, 651 (2017).

[57] S. Klembt, T. Harder, O. Egorov, K. Winkler, R. Ge,
M. Bandres, M. Emmerling, L. Worschech, T. Liew, and
M. Segev, et al., Exciton-polariton topological insulator,
Nature 562, 552 (2018).

[58] A. Amo, T. C. H. Liew, C. Adrados, R. Houdré, E. Gia-
cobino, A. V. Kavokin, and A. Bramati, Exciton–polariton
spin switches, Nat. Photonics 4, 361 (2010).

[59] M. De Giorgi, D. Ballarini, E. Cancellieri, F. M. Marchetti,
M. H. Szymanska, C. Tejedor, R. Cingolani, E. Gia-
cobino, A. Bramati, G. Gigli, and D. Sanvitto, Control and

024045-14

https://doi.org/10.1364/OPTICA.5.000756
https://doi.org/10.1021/acs.nanolett.0c00435
https://doi.org/10.1021/acs.nanolett.0c04696
https://doi.org/10.1126/science.aat8084
https://doi.org/10.1109/JSTQE.2019.2924138
https://doi.org/10.1038/s42256-019-0110-8
https://doi.org/10.1038/s41566-021-00796-w
https://doi.org/10.1038/nphoton.2017.93
https://doi.org/10.1038/s41586-020-03070-1
https://doi.org/10.1038/s41598-018-30619-y
https://doi.org/10.1038/s41586-020-03063-0
https://doi.org/10.1038/s41566-020-00736-0
https://doi.org/10.1109/JLT.2017.2647779
https://doi.org/10.1109/SURV.2011.122111.00069
https://doi.org/10.1103/PhysRevApplied.11.064029
https://doi.org/10.1103/RevModPhys.85.299
https://doi.org/10.1038/ncomms9317
https://doi.org/10.1038/nmat4722
https://doi.org/10.1038/nature05131
https://doi.org/10.1038/nphys1364
https://doi.org/10.1038/s41467-018-06436-2
https://doi.org/10.1038/nmat5039
https://doi.org/10.1103/PhysRevLett.106.115301
https://doi.org/10.1038/s41467-018-03736-5
https://doi.org/10.1038/s41566-017-0006-2
https://doi.org/10.1038/s41586-018-0601-5
https://doi.org/10.1038/nphoton.2010.79


ENERGY-EFFICIENT NEURAL... PHYS. REV. APPLIED 16, 024045 (2021)

Ultrafast Dynamics of a Two-Fluid Polariton Switch,
Phys. Rev. Lett. 109, 266407 (2012).

[60] D. Ballarini, M. D. Giorgi, E. Cancellieri, R. Houdré, E.
Giacobino, R. Cingolani, A. Bramati, G. Gigli, and D.
Sanvitto, All-optical polariton transistor, Nat. Commun.
4, 1778 (2013).

[61] A. V. Zasedatelev, A. V. Baranikov, D. Urbonas, F. Scafir-
imuto, U. Scherf, T. Stöferle, R. F. Mahrt, and P. G.
Lagoudakis, A room-temperature organic polariton tran-
sistor, Nat. Photonics 13, 378 (2019).

[62] T. Gao, P. S. Eldridge, T. C. H. Liew, S. I. Tsintzos,
G. Stavrinidis, G. Deligeorgis, Z. Hatzopoulos, and P.
G. Savvidis, Polariton condensate transistor switch, Phys.
Rev. B 85, 235102 (2012).

[63] A. V. Baranikov, A. V. Zasedatelev, D. Urbonas, F.
Scafirimuto, U. Scherf, T. Stöferle, R. F. Mahrt, and
P. G. Lagoudakis, All-optical cascadable universal logic
gate with sub-picosecond operation, arXiv:2005.04802
(2020).

[64] T. C. H. Liew, A. V. Kavokin, and I. A. Shelykh,
Optical Circuits Based on Polariton Neurons in Semi-
conductor Microcavities, Phys. Rev. Lett. 101, 016402
(2008).

[65] T. Espinosa-Ortega and T. C. H. Liew, Perceptrons with
Hebbian Learning Based on Wave Ensembles in Spatially
Patterned Potentials, Phys. Rev. Lett. 114, 118101 (2015).

[66] N. G. Berloff, M. Silva, K. Kalinin, A. Askitopoulos, J. D.
Töpfer, P. Cilibrizzi, W. Langbein, and P. G. Lagoudakis,
Realizing the classical XY hamiltonian in polariton simu-
lators, Nat. Mater. 16, 1120 (2017).

[67] X. Xu, Y. Ding, S. X. Hu, M. Niemier, J. Cong, Y. Hu, and
Y. Shi, Scaling for edge inference of deep neural networks,
Nat. Electron. 1, 216 (2018).

[68] ITRS (International Technology Roadmap for Semicon-
ductors) 2.0. 2015 beyond CMOS (2015).

[69] E. Estrecho, T. Gao, N. Bobrovska, D. Comber-Todd, M.
D. Fraser, M. Steger, K. West, L. N. Pfeiffer, J. Levin-
sen, M. M. Parish, T. C. H. Liew, M. Matuszewski, D. W.
Snoke, A. G. Truscott, and E. A. Ostrovskaya, Direct mea-
surement of polariton-polariton interaction strength in the
Thomas-Fermi regime of exciton-polariton condensation,
Phys. Rev. B 100, 035306 (2019).

[70] Y. Sun, P. Wen, Y. Yoon, G. Liu, M. Steger, L. N. Pfeiffer,
K. West, D. W. Snoke, and K. A. Nelson, Bose-Einstein
Condensation of Long-Lifetime Polaritons in Thermal
Equilibrium, Phys. Rev. Lett. 118, 016602 (2017).

[71] F. Tassone and Y. Yamamoto, Exciton-exciton scatter-
ing dynamics in a semiconductor microcavity and stim-
ulated scattering into polaritons, Phys. Rev. B 59, 10830
(1999).

[72] S. Christopoulos, G. B. H. Von Högersthal, A. Grundy,
P. Lagoudakis, A. Kavokin, J. Baumberg, G. Christ-
mann, R. Butté, E. Feltin, and J.-F. Carlin, et al., Room-
Temperature Polariton Lasing in Semiconductor Micro-
cavities, Phys. Rev. Lett. 98, 126405 (2007).

[73] A. Fieramosca, L. Polimeno, V. Ardizzone, L. De Marco,
M. Pugliese, V. Maiorano, M. De Giorgi, L. Dominici, G.
Gigli, and D. Gerace, et al., Two-dimensional hybrid per-
ovskites sustaining strong polariton interactions at room
temperature, Sci. Adv. 5, eaav9967 (2019).

[74] R. Su, A. Fieramosca, Q. Zhang, H. S. Nguyen, E. Dele-
porte, Z. Chen, D. Sanvitto, T. C. Liew, and Q. Xiong,
Perovskite semiconductors for room-temperature exciton-
polaritonics, Nat. Mater. 1, (2021).

[75] R. Su, S. Ghosh, J. Wang, S. Liu, C. Diederichs, T. C.
H. Liew, and Q. Xiong, Observation of exciton polariton
condensation in a perovskite lattice at room temperature,
Nat. Phys. 16, 301 (2020).

[76] F. Li, L. Orosz, O. Kamoun, S. Bouchoule, C. Brimont,
P. Disseix, T. Guillet, X. Lafosse, M. Leroux, and J.
Leymarie, et al., From Excitonic to Photonic Polariton
Condensate in a ZnO-Based Microcavity, Phys. Rev. Lett.
110, 196406 (2013).

[77] G. Muñoz-Matutano, A. Wood, M. Johnsson, X. Vidal,
B. Q. Baragiola, A. Reinhard, A. Lemaître, J. Bloch,
A. Amo, G. Nogues, B. Besga, M. Richard, and T.
Volz, Emergence of quantum correlations from inter-
acting fibre-cavity polaritons, Nat. Mater. 18, 213
(2019).

[78] P. A. Merolla, J. V. Arthur, R. Alvarez-Icaza, A. S. Cas-
sidy, J. Sawada, F. Akopyan, B. L. Jackson, N. Imam,
C. Guo, Y. Nakamura, B. Brezzo, I. Vo, S. K. Esser,
R. Appuswamy, B. Taba, A. Amir, M. D. Flickner,
W. P. Risk, R. Manohar, and D. S. Modha, A mil-
lion spiking-neuron integrated circuit with a scalable
communication network and interface, Science 345, 668
(2014).

[79] ITRS (International Technology Roadmap for Semicon-
ductors) 2.0. 2015 executive report (2015).

[80] I. Hubara, M. Courbariaux, D. Soudry, R. El-Yaniv, and
Y. Bengio, in Advances in Neural Information Process-
ing Systems 29, edited by D. D. Lee, M. Sugiyama, U.
V. Luxburg, I. Guyon, and R. Garnett (Curran Associates,
Inc., 2016) p. 4107.

[81] M. Rastegari, V. Ordonez, J. Redmon, and A. Farhadi,
in Computer Vision - ECCV 2016, edited by B. Leibe, J.
Matas, N. Sebe, and M. Welling (Springer International
Publishing, Cham, 2016), p. 525.

[82] M. Gruber, J. Jahns, and S. Sinzinger, Planar-integrated
optical vector-matrix multiplier, Appl. Opt. 39, 5367
(2000).

[83] J. Spall, X. Guo, T. D. Barrett, and A. Lvovsky, Fully
reconfigurable coherent optical vector–matrix multiplica-
tion, Opt. Lett. 45, 5752 (2020).

[84] K. Nozaki, S. Matsuo, T. Fujii, K. Takeda, A. Shinya, E.
Kuramochi, and M. Notomi, Femtofarad optoelectronic
integration demonstrating energy-saving signal conver-
sion and nonlinear functions, Nat. Photonics 13, 454
(2019).

[85] E. Timurdogan, C. M. Sorace-Agaskar, J. Sun, E. S.
Hosseini, A. Biberman, and M. R. Watts, An ultralow
power athermal silicon modulator, Nat. Commun. 5, 1
(2014).

[86] V. J. Sorger, R. Amin, J. B. Khurgin, Z. Ma, H. Dalir, and
S. Khan, Scaling vectors of attojoule per bit modulators,
J. Opt. 20, 014012 (2017).

[87] P. Yao, H. Wu, B. Gao, J. Tang, Q. Zhang, W. Zhang,
J. J. Yang, and H. Qian, Fully hardware-implemented
memristor convolutional neural network, Nature 577, 641
(2020).

024045-15

https://doi.org/10.1103/PhysRevLett.109.266407
https://doi.org/10.1038/ncomms2734
https://doi.org/10.1038/s41566-019-0392-8
https://doi.org/10.1103/PhysRevB.85.235102
https://doi.org/10.1103/PhysRevLett.101.016402
https://doi.org/10.1103/PhysRevLett.114.118101
https://doi.org/10.1038/nmat4971
https://doi.org/10.1038/s41928-018-0059-3
https://doi.org/10.1103/PhysRevB.100.035306
https://doi.org/10.1103/PhysRevLett.118.016602
https://doi.org/10.1103/PhysRevB.59.10830
https://doi.org/10.1103/PhysRevLett.98.126405
https://doi.org/10.1126/sciadv.aav9967
https://doi.org/10.1038/s41567-019-0764-5
https://doi.org/10.1103/PhysRevLett.110.196406
https://doi.org/10.1038/s41563-019-0281-z
https://doi.org/10.1126/science.1254642
https://doi.org/10.1364/AO.39.005367
https://doi.org/10.1364/OL.401675
https://doi.org/10.1038/s41566-019-0397-3
https://doi.org/10.1038/ncomms5008
https://doi.org/10.1088/2040-8986/aa9e11
https://doi.org/10.1038/s41586-020-1942-4


M. MATUSZEWSKI et al. PHYS. REV. APPLIED 16, 024045 (2021)

[88] T. Chen, J. van Gelder, B. van de Ven, S. V. Amitonov, B.
de Wilde, H.-C. Ruiz Euler, H. Broersma, P. A. Bobbert,
F. A. Zwanenburg, and W. G. van der Wiel, Classification
with a disordered dopant-atom network in silicon, Nature
577, 341 (2020).

[89] Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner, Gradient-
based learning applied to document recognition, Proc.
IEEE 86, 2278 (1998).

[90] T. Chen, Z. Du, N. Sun, J. Wang, C. Wu, Y. Chen,
and O. Temam, in Proceedings of the 19th International
Conference on Architectural Support for Programming
Languages and Operating Systems, ASPLOS ’14 (Asso-
ciation for Computing Machinery, New York, NY, USA,
2014), p. 269.

[91] J. Lee, C. Kim, S. Kang, D. Shin, S. Kim, and H. Yoo,
Unpu: An energy-efficient deep neural network accel-
erator with fully variable weight bit precision, IEEE J.
Solid-State Circuits 54, 173 (2019).

[92] S. Ambrogio, P. Narayanan, H. Tsai, R. M. Shelby, I.
Boybat, C. di Nolfo, S. Sidler, M. Giordano, M. Bod-
ini, N. C. P. Farinha, B. Killeen, C. Cheng, Y. Jaoudi,
and G. W. Burr, Equivalent-accuracy accelerated neural-
network training using analogue memory, Nature 558, 60
(2018).

[93] In Ref. [88] 1 SOP = 10 FLOPs conversion ratio was
assumed.

[94] M. A. Nahmias, T. F. De Lima, A. N. Tait, H.-T. Peng, B. J.
Shastri, and P. R. Prucnal, Photonic multiply-accumulate
operations for neural networks, IEEE J. Sel. Top. Quan-
tum Electron. 26, 1 (2019).

[95] D. A. Miller, Device requirements for optical intercon-
nects to silicon chips, Proc. IEEE 97, 1166
(2009).

[96] M. Vladimirova, S. Cronenberger, D. Scalbert, K. V.
Kavokin, A. Miard, A. Lemaître, J. Bloch, D. Solnyshkov,
G. Malpuech, and A. V. Kavokin, Polariton-polariton
interaction constants in microcavities, Phys. Rev. B 82,
075301 (2010).

[97] I. A. Shelykh, R. Johne, D. D. Solnyshkov, and G.
Malpuech, Optically and electrically controlled polariton
spin transistor, Phys. Rev. B 82, 153303 (2010).

[98] D. A. B. Miller, Are optical transistors the logical next
step? Nat. Photonics 4, 3 (2010).

[99] E. Wertz, A. Amo, D. D. Solnyshkov, L. Ferrier, T. C. H.
Liew, D. Sanvitto, P. Senellart, I. Sagnes, A. Lemaître, A.
V. Kavokin, G. Malpuech, and J. Bloch, Propagation and
Amplification Dynamics of 1D Polariton Condensates,
Phys. Rev. Lett. 109, 216404 (2012).

[100] A. Delteil, T. Fink, A. Schade, S. Höfling, C. Schneider,
and A. Imamoglu, Towards polariton blockade of confined
exciton-polaritons, Nat. Mater. 18, 219 (2019).

[101] J. D. Plumhof, T. Stöferle, L. Mai, U. Scherf, and R.
Mahrt, Room-temperature Bose-Einstein condensation of
cavity exciton–polaritons in a polymer, Nat. Mater. 13,
247 (2014).

[102] K. S. Daskalakis, S. A. Maier, R. Murray, and S. Kéna-
Cohen, Nonlinear interactions in an organic polariton
condensate, Nat. Mater. 13, 271 (2014).

[103] M. Dusel, S. Betzold, O. A. Egorov, S. Klembt, J. Ohmer,
U. Fischer, S. Höfling, and S. C., Room temperature
organic exciton–polariton condensate in a lattice, Nat.
Commun. 11, 2863 (2020).

[104] S. Dufferwiel, S. Schwarz, F. Withers, A. A. P. Trichet,
F. Li, M. Sich, O. Del Pozo-Zamudio, C. Clark, A. Nal-
itov, D. D. Solnyshkov, G. Malpuech, K. S. Novoselov,
J. M. Smith, M. S. Skolnick, D. N. Krizhanovskii, and
A. I. Tartakovskii, Exciton–polaritons in van der Waals
heterostructures embedded in tunable microcavities, Nat.
Commun. 6, 8579 (2015).

[105] P. M. Walker, L. Tinkler, B. Royall, D. V. Skryabin,
I. Farrer, D. A. Ritchie, M. S. Skolnick, and D. N.
Krizhanovskii, Dark Solitons in High Velocity Waveg-
uide Polariton Fluids, Phys. Rev. Lett. 119, 097403
(2017).

[106] J. Robertson, M. Hejda, J. Bueno, and A. Hurtado, Ultra-
fast optical integration and pattern classification for neu-
romorphic photonics based on spiking vcsel neurons, Sci.
Rep. 10, 6098 (2020).

Correction: The omission of additional support statements in the
Acknowledgment section has been fixed.

024045-16

https://doi.org/10.1038/s41586-019-1901-0
https://doi.org/10.1109/5.726791
https://doi.org/10.1109/JSSC.2018.2865489
https://doi.org/10.1038/s41586-018-0180-5
https://doi.org/10.1109/JSTQE.2019.2941485
https://doi.org/10.1109/JPROC.2009.2014298
https://doi.org/10.1103/PhysRevB.82.075301
https://doi.org/10.1103/PhysRevB.82.153303
https://doi.org/10.1038/nphoton.2009.240
https://doi.org/10.1103/PhysRevLett.109.216404
https://doi.org/10.1038/s41563-019-0282-y
https://doi.org/10.1038/nmat3825
https://doi.org/10.1038/nmat3874
https://doi.org/10.1038/s41467-020-16656-0
https://doi.org/10.1038/ncomms9579
https://doi.org/10.1103/PhysRevLett.119.097403
https://doi.org/10.1038/s41598-020-62945-5

	I. INTRODUCTION
	II. GENERAL ESTIMATES
	A. Exciton polaritons
	B. Nonlinear optical media
	C. Optoelectronic approach

	III. ALL-OPTICAL NEURAL NETWORK
	A. Design
	B. Numerical results
	C. Total energy consumption
	D. Comparison with other systems
	E. Footprint and performance density
	F. Extensions and generalizations

	IV. IMPLEMENTATION OF BINARIZED NEURONS
	V. MICROCAVITY TRANSPARENCY
	VI. NEURAL NETWORKS VERSUS UNIVERSAL COMPUTING
	VII. QUANTUM LIMIT OF ENERGY EFFICIENCY
	VIII. DISCUSSION
	ACKNOWLEDGMENTS
	. References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


