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Large-scale quantum reservoir computing
using a Gaussian Boson Sampler
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A Gaussian boson sampler (GBS) is a special-purpose quantum computer that can be practically
realized at a large scale in optics. Here we report on experiments in which we used a frequency-
multiplexed GBS with > 400 modes as a quantum reservoir. We evaluated the accuracy of our GBS-
based reservoir computer on a variety of benchmark tasks.We found that when the systemwas given
access to the correlations between measured modes of the GBS, the achieved accuracies were the
same or higher than when it was only given access to themean photon number in eachmode—and in
several cases the advantage in accuracy from using the correlations was greater than 20 percentage
points. This provides experimental evidence in support of theoretical predictions that access to
correlations enhances the power of quantum reservoir computers. We also tested our reservoir
computer when operating the reservoir with various sources of classical rather than quantum light and
found that using squeezed light consistently resulted in the highest accuracies. Our work
experimentally establishes that a GBS can be an effective quantum reservoir and provides a practical
platform for experimentally exploring the role of quantumness and correlations in quantum machine
learning at very large system sizes.

Quantum photonics has recently been used to experimentally demonstrate
quantum computational advantage1,2 with Gaussian boson sampling
(GBS)3. GBS is based on sampling multimode squeezed states, which in the
optical domain are a scalable and useful resource for quantum networks4

and for cluster-state-based quantum computing5–10. The demonstrations of
quantum computational advantage with GBS1,2 have primarily focused on
sampling from output photon-count distributions of multimode squeezed
states processed by large linear-optical interferometers. In the lossless for-
mulation ofGBS, amultimodeGaussian state, typically composed of single-
mode squeezed states, is transformed by an M × M unitary mode-mixing
matrixU (often modeled as Haar-random), and photon-number-resolving
measurements at the output yield samples from the resulting distribution
p(n)3. These benchmark tasks are designed to be difficult to simulate clas-
sically; in the idealmodel, individual output probabilities canbe expressed in
terms of matrix Hafnians. While these tasks are well-motivated as classical-
hardness benchmarks, they are not directly connected with any practical
applications. Finding practical uses for GBS that simultaneously deliver
better-than-classical solutionswhile also being hard to simulate classically—

thereby yielding a practical quantum advantage—has proven extremely
challenging. For example, vibronic-spectra simulation has been a leading
candidate application forGBS for a decade11, with strong intuitive reasons to
expect that GBS would have an advantage at the task in part because of the
closematchbetweenwhatGBSnaturally does and the task being solved, and
yet a large fractionof use cases have recently beendequantized12. Translating
hardness arguments from idealized models to experimentally realistic set-
tings is difficult: imperfections such as loss, finite detection efficiency, and
finite sampling budgets can push the implemented distributions into
regimes where efficient classical approximations become possible13. In this
paper, we will not report a full solution to this grand challenge of finding a
practical application forwhichGBS provides a quantum advantage (over all
possible classical methods), but instead address part of the challenge:
exploring an application for which GBS can at least perform the desired
tasks well, and experimentally provides an advantage over a classicalized
version of our experimental apparatus.

Quantummachine learning (QML)14—the use of quantum computers
to perform machine learning—has attracted much attention since the
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advent of the era of noisy, intermediate-scale quantum (NISQ) machines15.
However, initial hopes that NISQ machines could deliver quantum
advantage for practical machine-learning problems on classical datasets
(such as images, audio, text, etc.) have been dampened by a range of
challenges16. Even getting NISQ machines to deliver accurate machine-
learning predictions without worrying about whether they are doing so in a
way that gives any advantage over classical methods has proven very diffi-
cult, in large part because of the difficulty of loading the data to be classified
into the quantum computer reliably in the first place. For example, ref. 17
reported a prediction accuracy of ~ 78% on MNIST handwritten-digit
classification using a commercial trapped-ion quantumprocessor, while the
classical state-of-the-art for the same task from 1998 was ~ 99%18. Recently,
ref. 19 reported a similar QML solution and demonstration to ours for
MNIST handwritten-digit classification, achieving similar results, as we
discuss at the end of our paper.

A variety of QML algorithms have been developed, but the vast
majority of NISQ demonstrations have been performed with variational
quantum circuits20 in a hybrid quantum–classical approach that realizes
either a quantum neural network or a quantum kernel method16. In varia-
tional quantum algorithms, a quantum computer runs a quantum circuit
whose gates are parameterized, and the expectation values of various
observables are used as inputs to a classical calculation of an objective
function (loss function, in the language ofmachine learning—where the loss
may characterize how accurately the machine-learning system is making
predictions across the set of training samples). A classical optimizer is used
to update the variational parameters in a way that ideally minimizes the
objective function, and this process of estimating the function using the
quantumcomputer and thenupdating theparameters to try tominimize the
function is then repeated in a loop. Unfortunately, in addition to challenges
in loading classical data, these variational approaches have often proven
difficult to optimize (i.e., train, in the language of machine learning) when
scaled up due, in part, to the issue of barren plateaus in the landscape of
gradients21, rendering gradient-based optimization ineffective16. A class of
QML algorithms suitable for NISQ processors that avoids the optimization
challenges of variational quantum algorithms is quantum reservoir com-
puting (QRC)22,23. In QRC, an untrained quantum system is used to process
input data in a way that—if the quantum system is chosen well—ideally
generates useful high-dimensional, nonlinear features of the input that are
then fed into a single classical linear classifier, which can make a prediction
(classification) based on those features. By useful, we mean that the com-
puted features extract the relevant information from the input data for the
prediction/classification task at hand, such that the subsequent classical
linear classifier canmake accurate predictions in spite of the fact that it only
performs linear processing. The classical linear classifier is trained—but a
keybenefit ofQRC(versus, for example, variational quantumapproaches) is
that training a classical classifier is far easier than training aquantumsystem,
needing far fewer executions of the quantum system (reservoir) and not
suffering from barren plateaus23. When acting on classical input data, if the
features computed by the quantum reservoir are difficult to compute clas-
sically, QRC may, in principle, provide a quantum computational advan-
tage. However, a useful quantum advantage can only result if the QRC is
capable of achieving better performance on one ormore practical machine-
learning tasks than all alternative classical machine-learning methods,
which is both hard to achieve and hard to prove. As wementioned earlier in
the introduction, we don’t address the question of how to achieve quantum
advantage in the experiments reported in this paper, but focus instead on
how well the reservoir-computer approach can perform on different tasks,
under different experimental conditions, and with different choices of
generated features. QRC has recently been explored both theoretically and
experimentally in photonic systems24–31, as well as with superconducting
circuits32–34, and Rydberg atoms19,35. QML protocols besides QRC have also
been investigated theoretically and experimentally in photonics36–39.

Continuous-variable (CV) quantum systems, which can naturally be
realized in optics40, have a potential hardware-efficiency benefit for
QML41,42: a single CV quantum mode can encode and process more

information than is possible with a single qubit due to the use of a higher-
dimensionalHilbert space. SometimesCV systems are described as having a
benefit from using an infinite-dimensional Hilbert space versus the finite-
dimensional Hilbert space of qubits40, but in the setting of bosonic modes
under the practical constraint of using finite energy—imposing a finite
maximum number of excitations of each mode—the benefit is probably
better thought of as enabling a constant-factor improvement in the efficient
use of hardware resources. As a result, CV quantum-optical systems have
been proposed for a variety of QML, including the implementation of
quantum kernel methods43,44, and as quantum reservoirs24,45,46

In this paper, we report on experiments we have conducted with an
apparatus that is a frequency-domain Gaussian boson sampler, which we
use as a quantum reservoir for QRC. We use the term quantum reservoir
computing (QRC) for any scheme in which data is input to a quantum
system and then the results of measurements of that quantum system are
sent to a trained classical linear neural-network layer to make a prediction.
When the input data are not time series and/or the quantum systemdoesn’t
feature someexplicit recurrence (such asbypassingprocessedmeasurement
results back as inputs into the system), the name quantum extreme learning
machine (QELM) is sometimes used in the literature46,47. Since in this paper
we report experiments that are only on time-independent data, one could
also reasonably describe ourwork as demonstrating aQELM.Wehave used
the more general term QRC because nothing in our system or scheme
prevents them from, in principle, being used on time-series inputs too, and a
QELM is sometimes also called a feedforward QRC. The experimental
system acting as the quantum reservoir is described in detail in ref. 48; it
comprises three stages, which we will explain further in the next section: (1)
generation of > 400 modes of squeezed light; (2) frequency-domain-
beamsplitter unitary evolution, where the beamsplitter unitary is pro-
grammable—it is through this programmability that we input classical data
to the reservoir to process; (3) measurement of the state by frequency-
resolved photodetection—we use the measurement results to estimate the
mean number of photons per mode and two-body correlations between
modes, which we send as outputs from the reservoir to the classical linear
layer of theQRC.We testedQRCusing this quantum reservoir with several
multiclass classification tasks, each based on classical data: two tasks that are
standard machine-learning tests based on synthetic data for nonlinear
classifiers and two tasks that are based on real-world data (spoken-vowel
and handwritten-digit classification).

We found that the quantum reservoir computer was able to achieve
accuracies substantially surpassing that of a conventional, purely linear
classifier on the synthetic-data tasks, and also achieved high (> 97%)
accuracy on the vowel-classification task. Across all tasks, our results
showed that using the measured two-body correlations resulted in sub-
stantially improved accuracies versus just giving the QRC classical linear
layer access to the mean number of photons per mode. In addition to using
our experimental system as aQRC,we also repeated our experiments on the
synthetic-data tasks with three different choices of classical input light
instead ofmultimode squeezed light (quantum light): coherent light (froma
continuous-wave laser), thermal light (from amplified spontaneous emis-
sion (ASE)), and supercontinuum light (from a nonlinear-fiber super-
continuum source)—rendering the system a classical optical reservoir
computer. We found that the accuracies achieved when using the squeezed
light were substantially higher than when using the thermal or super-
continuum light, andwere consistently, albeit within the ranges of statistical
uncertainty, higher than when using the coherent laser light. We also
repeated our experiments on vowel classification with coherent laser light,
since this was the most competitive with squeezed light in the synthetic
tasks, and we again found that using squeezed light consistently resulted in
better accuracies than using coherent light, albeit again also within the
statistical uncertainty. Although within statistical error bounds, the gaps in
accuracy between the squeezed- and coherent-light cases in Fig. 4a,b appear
so consistently that it seems more reasonable to hypothesize that squeezed
light truly does result in better accuracies than tohypothesize that there is no
difference. Resolving the question (of whether and when squeezed light
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gives superior accuracies)with greater statistical certainty remains for future
work, though. In summary, in this paper, we show how, by using a
quantum-optical apparatus with > 400 modes, and > 100 programmable
degrees of freedom with which one can input classical data to be classified,
we have been able to successfully perform QRC on classical data with very
high dimensionality (feature vector dimension of up to 100 in the case of the
MNIST handwritten-digit classification task).

Results
In the experiments we report in this paper, we followed the standard
approach to training and testing a quantum reservoir computer (QRC) for
time-independent classification tasks. This section is organized as follows:
for clarity we first summarize the generic procedure for training and
operating a reservoir computer; we then explain our physical reservoir at a
high level, how it can be operated as a quantum or a classical reservoir, and
how the measurements of the output of the reservoir are used; we then
describe the experimental setup realizing our reservoir and explain howdata
to be classified is input to the reservoir; finally, we explain some important
details about how we switch between quantum and classical modes of
operation.

Theory background
Reservoir computing (RC)49 is a class of supervised models in which data is
sent throughafixed (untrained) neural network (the reservoir) and then to a
trained linear output layer. Physical systems can also act as reservoirs50, and
in QRC, the physical system is a quantum system. In this work, we study
bothQRCand several variants of classical physical RC, keeping each system
as much as possible on the same playing field when switching between
quantum and classical variants. In all these variants of reservoir computing,
a key benefit over other quantum or classical machine-learning approaches

is that training the reservoir computer to perform classification (or other
tasks—but in this work we focus on classification tasks) involves training
only the linear output layer,whichmapsmeasurements of the reservoir state
to a final output (classification result). Suppose we have a training data set
{(x(k), l(k))} where x(k) is the kth example of input data (sometimes called the
feature vector because it describes the features of whatever is being classi-
fied), and l(k) is the corresponding label for that example. During training,
examples of input data are sent into the reservoir, and the output of the
reservoir is measured. In the setting of time-independent data, for each
input example, the reservoir effectively performs a (potentially nonlinear)
function on the input vector x, outputting a vector that summarizes the
measurement results: f(x). The linear output layer multiplies the output
vector from the reservoir by a matrixW, yielding a final output vector y =
Wf(x). Typically, the elements of y are treated as corresponding to the
possible labels that the data can be classified as, and the index of the largest
element of y is reported as the classification result. The matrixW is trained
by choosing its elements so that the classification results are correct for as
many of the examples in the training data set as possible. In this work, we
demonstrate that the achieved performance with our chosen quantum
reservoir is robust to the training method W: we compared the accuracies
achieved when using the pseudoinverse method49, stochastic gradient des-
cent, logistic regression, and a support vector machine (SVM) with a linear
kernel (see Subsection “Application to practical machine-learning-
benchmark tasks”). Since the accuracies were very similar for all the train-
ing methods, we used the SVMmethod for all the other classification tasks
(see Supplementary Information VI for details).

We study physical RC using an optical reservoir that acts as a quantum
reservoir when given a quantum state as a resource input, and acts as a
classical reservoir if the resource input is a classical state of light (Fig. 1). In
addition to taking in a resource input that can be quantum or classical, our

Fig. 1 | Quantum and classical reservoir computing for classification of classical
data using a frequency-domain optical reservoir with > 400 frequency modes.
The features of the classical sample to classify, represented by a vector x, are optically
encoded by shaping the spectral phases ϕ(λ) of a classical pump (yellow) of an
adiabatic frequency conversion (AFC) process by using a spatial light modulator
(SLM) in a pulse shaper. The AFC process acts as a programmable frequency-
domain beamsplitter unitary on the signal input (red), where what unitary is per-
formed is determined by ϕ(λ)48. The states of the frequency modes of the converted
beam (green) are therefore affected by the input data x. The frequency modes are
measured using an EMCCD camera after sending the converted beam through a
diffraction grating (DG). Each camera frame effectively contains a single-shot
measurement of the frequency modes in the photon-number (Fock) basis. For a

single input x, multiple camera frames are taken, from which we construct either a
photon-number covariance matrix (flattened to form a vector) or a mean-field
vector containing the average photon number in each mode; either of these is then
treated as the output vector of the optical reservoir, f(x). The outcome vectors are
then fed to a digital linear classifier trained to classify the corresponding input. We
studied the achieved classification accuracy when different weak (low-average-
photon-number) optical states were used as the signal inputs (red): a squeezed
vacuum generated by a pulsed optical parametric amplifier (OPA), b coherent light
generated by a 1550 nm CW laser, c thermal light emitted from an erbium-doped
fiber amplifier (EDFA), and d broadband supercontinuum light generated using a
highly nonlinear fiber (HNLF).
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physical reservoir also takes in another purely classical state of light that
encodes the input data to be classified. The output of the reservoir com-
putation is determined by measuring the optical state emitted from the
reservoir using an electron multiplying charge-coupled device (EMCCD)
camera that effectively acts as a one-dimensional array of single-photon-
sensitive detectors. Tomeasure the output of the reservoir f(x) for a sample x
from the dataset, the reservoir computation is repeatedmultiple times: each
time, the same sample is input to the reservoir and the output light from the
reservoir ismeasuredwith the EMCCDcamera, resulting in a stored camera
frame. In postprocessing on a digital computer, we compute a covariance
matrix (described formally later in this section) using the multiple camera
frames, and it is this covariancematrix—which contains information about
the correlations between camera pixel measurements, and hence the optical
modes—that is used as the reservoir output vector f(x). We flatten theM ×
M covariance matrix to turn it into anM2-dimensional vector. Finally, this
vector is passed through a trained linear classifier, computing y = Wf(x),
which gives the classification result. In our experiments, we compare the
above procedure with an alternative in which the camera frames recording
the reservoir output are post-processed differently: instead of computing a
covariance matrix, we simply compute the mean photon number of each
optical mode and use this mean-field vector as f(x). With this procedure,
information about the correlations between optical modes is discarded, so
we are able to experimentally study the importance of correlation mea-
surements in the physical reservoirs we tested.

Experimental realization of a physical reservoir
The core physical process in our optical reservoir is adiabatic frequency
conversion (AFC)51, which is a nonlinear-optical process that converts light
from one center wavelength to another. AFC—as opposed to regular
nonlinear-optical frequency conversion—enables broadband light to be
convertedwith high quantum efficiency, which is a technical feature that we
take advantage of in our experiments and is explained in detail in ref. 48.
Importantly, from the perspective of what computation the reservoir per-
forms, AFC can be thought of as applying a unitary beamsplitter transfor-
mation of inputmodes to outputmodes. The outputmodes happen to be at
different wavelengths than the input modes; this is unimportant from the
perspective of the computation that is performed (it is just a unitary mode
transformation), but important from a technological perspective (it allows
inputmodes atwavelengths (such as 1550 nm) atwhich it is easy to produce
squeezed light but challenging to performphotodetection to be converted to
output modes at visible wavelengths, for which sensitive and relatively
inexpensive (per pixel) detector arrays are commercially available). An
optical input state with a central wavelength near 1550 nm is up-converted
in frequency using a pp-potassium–titanyl–phosphate (pp-KTP) crystal
pumped by a broadband pulsed laser with a central wavelength at 1033 nm.
The data (feature vector) for a sample to classify, x, is input into the optical
reservoir by modulating the phases of the AFC pump pulse as a function of
wavelength, ϕ(λ), using a spatial light modulator (SLM) in a grating-based
pulse shaper. The pulse shaper’s SLM has 1920 pixels in a single row,
allowing the phases ϕ(λ) for at most 1920 different wavelengths to be pro-
grammed.The feature vector x is programmed into these 1920pixels using a
straightforward mapping of x to pixels that is not tailored to the task—this
results in the phase for the ith discrete bin of wavelength, ϕ(λi), depending
on the ith element of the input vector, xi (see Methods for details). The
number of pixels, 1920, gives an upper bound on the size of a single vector x
that can be input to the reservoir in a single shot, but in practice, the effective
number ofwavelengthswe could independently control the phases of in this
study was approximately 100 (see Methods), and so the highest-
dimensional dataset we report experiments with is MNIST with 100-
dimensional vectors x.

The phases ϕ(λ) imprinted on the pump pulse by the pulse shaper
directly influence the nonlinear dynamics of the optical reservoir. One can
think of them as controlling the unitary transformation that the AFC pro-
cess performs on the weak input (signal) state, resulting in nonlinear pro-
cessing of the data in a similar way to recent work showing that inputting

data into classical linear-optical neural networks via the parameters of the
system (as opposed to via the optical inputs to the system) gives rise to
nonlinear computation52–55. The fact that data encoded in unitaries in
quantum systems can undergo nonlinear transformations has also been
explained in the quantum-machine-learning literature, for example, in
refs. 24,56,57. When the input state is squeezed, one can also view the AFC
unitary as being responsible for generating complex patterns of correlation
in the output frequencymodes that depend on the phases of theAFCpump,
i.e., on the input data x; measurement of these correlations (discussed in
moredetail aroundEq. (1) below)provides another sourceof nonlinearity in
the reservoir feature map f(x). The nonlinearity from measuring correla-
tions—or more precisely, the covariance matrix—intuitively comes about
because correlations are defined by multiplications, and a multiplication
nonlinearly transforms the information in its operands so long as each
operand contains information, i.e., is not just a constant.

The up-frequency converted optical state is subsequently detected by
anEMCCDcamerapositionedafter adiffractiongrating.This configuration
allows us to measure the photons in the output’s frequency modes across
512 pixels of the camera, measuring the different wavelengths that make up
the converted state. The optical reservoir output can be measured by taking
multiple frames with the camera, where each frame is synchronized with
each pulse of the AFC pump by triggering the camera with it. The accessible
transformations arenot fullydenseunitaries.The effective couplingbetween
frequency bins is constrained by phase matching and by the pump spec-
trum, resulting in a band-limited connectivity in the frequency basis. As a
consequence, the SLM pump shaping controls only a subset of the inter-
ferometer degrees of freedom and does not allow independent tuning of all
pairwise couplings. Nevertheless, this connectivity is sufficient to generate
richmultimode interference and to imprint input-dependent structure onto
the output statistics.

We evaluated the classification accuracy of the resulting reservoir
computer for different choices of the weak optical input (red box in Fig. 1):
squeezed-vacuum light, coherent light, thermal light, and supercontinuum
light (the experimental details about the different optical inputs are reported
in the “Methods”).

The squeezed light was a broadband frequency comb squeezed state
spanning at least 1200 nm through 1700 nm48. This state was generated by
an optical parametric amplifier (OPA) based on a periodically poled lithium
niobate (LN) waveguide. The waveguide was pumped by a 775 nm laser
with a pulse duration of 200 fs, producing a vacuum-squeezed state span-
ning more than 400 supermodes. The generated pulse is bright, with an
average of approximately 700 photons per pulse. In this scenario, the
multimode squeezed vacuum produced by the OPA provides the Gaussian
input state with ~ 430 supermodes, and under an equal-squeezing
assumption infer a conservative lower bound of ~ 3dB per mode at an
average detection efficiency of ≈ 71% (see “Methods” and ref. 48). The AFC
transformation then plays the role of the linear-optical network, and the
EMCCD photon counting across 512 frequency bins provides the output
measurement. Each camera frame, synchronized to one pump pulse, cor-
responds to one experimental shot drawn from theGBS output distribution
for a fixed pump setting. We use repeated shots to estimate low-order
statistics (mean and covariance) of the GBS output. The input data are
encoded by programming the pump phase ϕ(λ), which changes the AFC
transformation and therefore the resulting output distribution. In this sense,
the reservoir implements an x-dependent GBS transformation followed by
photon counting, and the extractedmoments provide the feature map used
by the linear readout.

For the coherent light comparison, we employed a continuous-wave
(CW) laser operating at a wavelength of 1550 nmdirectly sent into the AFC
crystal. For the thermal light, we used the amplified spontaneous emission
from an erbium-doped fiber amplifier (EDFA) also centered at 1550 nm,
showing thermal light’s statistical properties as demonstrated in ref. 58.We
alsowanted a comparisonwithbroadbandclassical light (since our squeezed
light is broadband, but neither the coherent nor thermal light sources were
as broadband); for this, we generated supercontinuum light in the near-
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infrared region by propagating a 1550 nm pulsed laser through a highly
nonlinear fiber (HNLF). Due to practical limitations in the equipment
available to us, wewere unable to have the classical-light sources (Fig. 1b–d)
have identical spectra (and hence bandwidths) to the squeezed-light source
(Fig. 1a); as we discuss in the “Discussion” section, a natural future step is to
repeat the comparisons we report in this paper with light sources that are
even more similar.

Data processing and digital layer
For each sample x to classify, from the recorded camera frames, we com-
puted the photon-number covariance matrix Σ, whose elements are given
by:

Σij ¼ hbnibnji � hbniihbnji ð1Þ

where bn ¼ bayba is the photon number operator, with i, j = 1…M are theM
different frequency modes. Each camera frame contains the photon counts
ni for eachmode i, allowing constructionof the covariancematrixΣ fromthe
set of recorded frames. Averaging the photon counts across the camera
frames allows us to construct the mean-field vector μ whose elements are
μi ¼ hbnii. In all our experiments (unless otherwise noted), we performed
the averaging to obtain μ and Σ using 5000 camera frames, each
corresponding to one single-shot measurement of the multimode GBS
output. This value was chosen as a balance between ensuring that the
features μ and Σ are not too noisy, and enabling the experiments to be
completed in a practical amount of time (more details in the Methods).
Moreover, when comparing different optical inputs, we kept the acquisition
time per input of the same order, so that all datasets are collected under
comparable operating conditions.

We compare the classificationperformanceby feeding thedigital linear
classifier with either the full covariance matrix Σ (flattened to make it a
vector) or the mean-field vector μ. The mean-field vector does not contain
any information about the correlations between the measured modes. The
covariance matrix, on the other hand, contains information both about the
correlations (in its off-diagonal elements) and, implicitly, about the mean

fields—because the diagonal elements describe the photon-number var-
iance for each mode, and for states whose photon counts follow a Poisson
distribution, the variance is the same as the mean.

Examples of themean fields and covariance matrices that we observed
are shown in Fig. 2 for each of the four types of input state we used; in all
cases, the AFC pump did not encode an input vector x (or, equivalently,
encoded a null vector).

Application to tasks where the classes are not linearly separable
Webegin by evaluating the potential of the implemented optical reservoir to
solve non-linearly separable multi-class tasks. Specifically, we assess the
reservoir classification performance on two datasets generated using the
moons and blobs functions in the Python scikit-learn package59.
These datasets are widely used in machine learning to benchmark classifi-
cation algorithms due to their being simple examples of tasks that
require nonlinearity43,60. In the blobs task, each class corresponds to one
Gaussian cluster, and we then apply the nonlinear mapping
ðx0; x1Þ7!ðcosðx0Þx1; sinðx0Þx1Þ; in the moons task, the classes are defined
by two concentric rings, further split into left/right halves to obtain four
labels. We generated using these functions two-dimensional feature points
associated with distinct labels.We randomly generated a total of 600 points
associated with 4 and 5 different classes, as shown respectively in (a) and (b)
of Fig. 3, where different colors refer to different classes. The dataset was
then split into training and test sets, with 90% of the points randomly
selected for training and the remaining 10% used for testing.

We started by employing as digital classifier a support vector machine
(SVM) with a linear kernel. SVMs are a supervised learning algorithm that
finds the optimal hyperplanes to separate the classes of the dataset, max-
imizing the distance between the hyperplane and the nearest data points
from each class. For multi-class classification, we adopted the one-vs-one
approach, where separate binary classifiers are constructed for each pair of
classes, allowing the SVM to identify an optimal separating hyperplane
between two classes at a time. For a given dataset with n total samples
fðxðkÞ; lðkÞÞgnk¼1,wherex

(k) are the feature vectors and l(k)∈ {1, 2, . . . ,L} are the
associated labels, the algorithm builds L(L − 1)/2 binary classifiers each
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Fig. 2 | Characterization of the behavior of the optical reservoir with quantum
(squeezed) and classical (coherent, thermal, and supercontinuum) inputs, and
with the AFC pump not encoding an input vector x.Comparison of measurement
outcomes for different optically converted states. The experimentally measured
camera frames are shown when the AFC pump consists solely of the chirped pulse
without additional phase modulation, and the AFC signal input is from one of four
different optical sources. a–d display 100 consecutive frames across the 512 camera

pixels for squeezed-vacuum a), broadband supercontinuum b), coherent c), and
thermal d) states, respectively. The colorbar indicates the number of detected
photons n per pixel, while the purple line represents the mean field, computed as the
average photon number per pixel across all measured frames. The covariance
matrices among the overall detected frames, are also presented for the investigated
inputs.
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trained to distinguish between two specific classes among the L different
classes.

Since we employed a linear classifier the kernel function simplifies to
the dot product of the feature vectors KðxðiÞ; xðjÞÞ ¼ xðiÞ

T
xðjÞ thus allowing

the SVM to learn a linear decision boundary in the feature space (Supple-
mentary Information VI).

When applying the SVM classifier directly to the raw dataset, the
algorithm cannot accurately separate the classes, as evident from the

decision boundaries and the classification performance reported in the titles
of panels (b.i and c.i), and the dashed black lines in panels (b.ii, b.iii, c.ii and
c.iii) of Fig. 3. This behavior is expected since the synthetic datasets are
constructed to be nonlinearly separable, so a linear classifier acting on the
original feature space provides a deliberately simple baseline that quantifies
the degree of nonlinearity required by the task.

When using the optical reservoir to process the raw features x before
applying a linear classifier, the aim is intended to show that the optical

Fig. 3 | Experimental optical reservoir performance for non-linearly separable
multi-class datasets. a shows a schematic of the implemented reservoir protocol.
The phase of the AFC pump encodes the input features of the dataset under
investigation. For each tested optical input, multiple EMCCD frames are collected,
from which the covariance matrix and mean-field vectors are reconstructed. These
serve as the two possible feature functions provided to the linear classifier.
b.i, c.i display the raw two features for themoons and blobs datasets, respectively. In
the plots, each class is represented by a different color. The decision boundaries
shown are obtained by applying the SVMwith a linear kernel directly to the datasets,
and the accuracy obtained on the test set is reported in the plot titles corresponding
to the four-class and five-class classification tasks, respectively. This accuracy serves

as a benchmark for linear classifier performance, represented by the dashed black
line in (b.ii, b.iii, c.ii, and c.iii), depending on the number of classes to distinguish.
The test accuracy obtained between the linear classifier output and the dataset labels,
as a function of the number of classes to distinguish for all the optical input states:
squeezed-vacuum state (violet), coherent state (red), thermal state (green), and
supercontinuum state (cyan), is reported in (b.ii, c.ii) when the linear classifier is
trained with the experimental covariance matrix, or the mean field vector respec-
tively. The error bars in the plots reflect the variability in performance when the
dataset is shuffled, changing the composition of training and test sets while main-
taining a fixed ratio.
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reservoir implements a physical nonlinear featuremap, generating a higher-
dimensional representation in which the classes become more nearly line-
arly separable. Therefore, the resulting performance gain evidences that the
optical system generates a useful nonlinear embedding of the input, rather
than claiming superiority over the best possible classical classifiers.

We quantified performance in terms of classification accuracy on the
test set, i.e., the percentage of correctly classified samples. We studied the
impact of different optical inputs (red input in Fig. 3a) on classification
accuracy, keeping the training procedure and linear classifier the same
across the different choices to ensure a fair comparison. We compare the
performance for the different optical inputs each under two different con-
ditions, as described in the “Results” section: onewhere the classifier is given
the mean-field vector μ; the other where the classifier is trained on the
covariance matrix Σ. Both μ and Σ were computed from 5000 recorded
camera frames. For the mean-field-vector case, the training set consists of
vectors with 512 features for each dataset sample, corresponding to the
number of camera pixels. For the covariance-matrix case, since the covar-
iance matrix contains 512 × 512 = 262, 144 elements, we apply feature
selection toprevent overfittingdue to the limited size of thedataset (600 total
examples). Specifically, we retain only the most informative covariance
elements, determined by their variance across the different samples. The
number of selected features is optimized based on the highest accuracy
achieved on a validation set comprising 8% of the total dataset (see Sup-
plementary Information V for details). This procedure typically resulted in
selecting an order of 10,000 features (elements of the covariancematrix) for
the squeezed-light input, which correspond to the highly informative
diagonal and anti-diagonal regions of the covariance matrix. For the
supercontinuum light input, the optimal number increased to about 30,000
features. Conversely, for the coherent and thermal light inputs, where there
were essentially no significant correlations between modes (off-diagonal
matrix elements), only the meaningful diagonal elements of the covariance
matrix were retained. The classification accuracies obtained for the moons
and blobs datasets using the covariance matrix and the mean-field vectors
are shown in Fig. 3 in panels (b) and (c). To ensure a fair comparison among
the different optical inputs employed, we adjusted the optical power and the
number of collected frames so that for each of the inputs, the average total
number of photon counts was the same (see Supplementary Information I).
The performance results are shown for the squeezed-vacuum (violet),
coherent (red), thermal (green), and supercontinuum (cyan) inputs.

For both tasks, when the classification task becomesmore demanding,
the configuration using squeezed-light input with a covariance-matrix
readout yields the highest mean accuracy among the tested settings. This
happens when considering the maximum number of classes; with the
squeezed-light input, there is a mean accuracy advantage of approximately
12 percentage points to using the covariance matrix instead of the mean-
field vector. This indicates that useful information for distinguishing classes
was encoded in the correlations between the measured modes.

For all the investigated classical optical inputs (i.e., coherent, thermal,
and supercontinuum light), the use of the covariancematrix does not lead to
any improvement over the use of the mean-field vector. The performance
achievedwith the covariancematrixwasoftenworse than that achievedwith
the mean-field vector (see Supplementary Information III for further ana-
lysis). An explanation for how this can occur is as follows. The diagonal of
the covariance matrix contains the same information as the mean-field
vector for light with Poisson statistics, so if the linear classifier learns to
disregard all the information about the correlations in the covariancematrix
(for the cases of classical optical inputs), then onewould expect the reservoir
computer to achieve the same accuracy with the covariance matrix as with
the mean-field vector. However, the training is done with a limited number
of samples and with a limited number of experimental shots, so the linear
classifiermay not learn to completely disregard the off-diagonal elements of
the covariance matrix. Interestingly, while the supercontinuum light
exhibited stronger (classical) correlations than we measured with the
squeezed light (Fig. 2a, b), these correlations apparently did not contribute
any additional useful information for solving the classification tasks under

study—as evidenced by the fact that in the case of supercontinuum light, the
reservoir computer performed better when given only themean-field vector
rather than the covariance matrix.

We now give a brief interpretation of these results. Whether second-
order statistics improve performance depends on the nature of the mea-
sured correlations. Only when those are structured and modulated by the
encoded input, does the covariancematrix provide additional, label-relevant
features and can improve classification. Squeezed-light input has a well-
defined multimode correlation structure originating from the squeezing
process, and the pump-programmable AFC mixing transfers the phase
mask in the output statistics in a reproducible way. On the contrary, if off-
diagonal terms are largely nuisance or dominated by noise, given the limited
training set, adding them mainly increases the feature dimensionality
without adding a discriminative signal, thus affecting generalization. This is
the case for supercontinuum light that exhibits strong inter-mode correla-
tions at the source, but in our experimental regime, these correlations are
only weakly modulated by the phase-encoding mask. Here, the dominant
contribution to the measured covariances is governed by classical fluctua-
tions intrinsic to the supercontinuumgeneration process, and therefore, it is
not deterministically controlled by the encoding in ϕ(λ). To summarize in a
slightly different way: when squeezed states are used, the correlations con-
tain information about the input data so not using the correlations to per-
form classification amounts to throwing away useful information, which is
deleterious for performance. On the other hand, for states where we don’t
expect the correlations to contain useful information, it is better not to
use them.

Application to practical machine-learning-benchmark tasks
Having demonstrated the ability of the optical reservoir computer to out-
perform a purely linear classifier on tasks requiring nonlinearity, we
experimentally evaluated its ability to perform two common machine-
learning-benchmark tasks. Specifically, we evaluated the reservoir compu-
ter’s performance on the spoken-vowels classification task and on the
MNIST handwritten-digits classification task.

The dataset for the vowels-classification task61 contains 7 distinct
classes, each represented by a 12-dimensional feature vector, related to the
resonant frequencies in the vocal tract. The dataset includes 37 examples per
class, for a total of 259 samples (details are provided in the Methods). The
dataset features were encoded in the AFC pump beam using the same
generic method previously described, without any special preprocessing.

We investigated the test accuracy as a function of the dataset size while
keeping the ratio between training and test sets fixed. Panel (a) of Fig. 4
shows the performance achieved when training the model using the
reconstructed covariance matrix for the multimode-squeezed light (violet)
and for the coherent light (red). The plot also includes an orange curve
representing the simulated performance of a broadband coherent light with
the same average photon counts per pixel as the squeezed state. This
simulated baseline is included to address the fact that the coherent source
used in the experiment is spectrally narrower than the squeezed source. The
broadband coherent simulation corresponds to a scenario in which
coherent light illuminates the full detected bandwidthwhilemaintaining the
same per-mode brightness as the squeezed input, so that any difference in
performance cannot be attributed simply to fewer occupied modes or a
different photon distribution across frequency bins. While this broadband
coherent baseline shows a slight improvement over the narrowband
coherent experiment, it still remains below the squeezed-light performance
(see Supplementary Information II). As with the synthetic tasks, this indi-
cates that the advantage of the squeezed-input reservoir is not explained
solely by bandwidth or mean photon-number distribution across modes,
but is instead consistent with squeezed operation generating additional
informative structure in the output statistics, resulting in consistently higher
accuracies.

Increasing the number of photons in the optical state allows for a less-
noisy estimate of correlations between the different frequencymodes, and a
growing gap in classification accuracy between squeezed and coherent light,
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Fig. 4 | Experimental optical reservoir performance on the spoken-vowel-
classification task. a displays the classification accuracy on the test set as a function
of the dataset size i.e. the total number of states, including both the training set (80%
of the dataset) and the test set (20% of the dataset), for the squeezed-vacuum state
(violet), coherent state (red), and simulated coherent state with the same mean field
as the quantum state (orange). b shows the performance as a function of the number
of collected camera frames, which corresponds to an increase in the average number
of collected photons 〈nT〉, for both the squeezed-vacuum state (violet), experimental
coherent state (red), and the simulated coherent state (orange). Results in both a and
b are based on the use of the covariance matrix for all the optical states under
investigation, and each point reports training performed on measurement with the
same number of photon counts. The inset of b presents the confusion matrix for the
quantum state, illustrating the classification accuracy across the different classes.
c reports the accuracy scaling with the number of modes Nλ for the quantum

reservoir operated with squeezed-light input, comparing two readout strategies: the
covariance-matrix readout (violet) and the mean-field readout (orange). d shows a
bar plot comparing the test accuracy of different linear classifiers applied directly to
the raw dataset (i.e., without sending the data through the optical reservoir—giving
the performance achieved classically by linear classifiers) (gray), the covariance-
matrix reservoir output (violet), and the mean-field reservoir output (orange).
e Classification accuracy as a function of the number of optical modes Nλ. Different
colors in the plot correspond to data obtained with varying optical pump powers of
theOPA, indicating the effect of reduced photon counts. The black dashed line is the
accuracy of a random guess. The error bars in all panels represent the variability in
performance resulting from shuffling the dataset, altering the composition of the
training and test sets while keeping their ratio constant. The vertical gray line
represents the point where exactly half the camera pixels were discarded.
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as shown in Panel (b) of the same figure. Each point in the plot corresponds
to measurements made with states having the same average photon count
per sample. The overall photon counts are increased by collecting more
frames with the EMCCD camera. When using the overall dataset and 30,
0000 frames, the quantum reservoir computer achieves a classification
accuracy of 97% on the vowel dataset, as shown in the confusion matrix in
the inset.

Weverified that the performance is robust to the specific choice of linear
classifier at the output of the reservoir: in addition to evaluating a linear SVM,
we tested a single neural-network layer with a linear activation function
(trained using theAdamoptimizer), aswell as a Ridge classifier, and a logistic
regression model. We evaluated the performance of these classifiers when
applied directly to the raw dataset (i.e., without passing the data through the
reservoir), the measured mean fields, and the measured covariance matrix.
The results, shown in Panel (d) of Fig. 4, indicate that when training the
models using the covariance matrix, the classification accuracy remains
robust across the choice of the classifier. The violet bar in the plot represents
the achieved test accuracy using the experimental covariance matrices for
different classifiers, showing the same results within the error bars. In con-
trast, when applying the classifiers directly to the raw dataset or to themean-
fieldmeasurements, significant variations in performancewere observed. For
instance, the Ridge classifier showed a considerable drop in accuracy com-
pared to the SVM or neural network when trained on the raw or mean field
data. Importantly, for each dataset and classifier, we optimized the model’s
hyperparameters individually, ensuring a fair comparison. The hyperpara-
meters were not fixed but instead selected through cross-validation, allowing
each model to operate at its best. This careful optimization process further
emphasizes the robustness of the results: regardless of classifier type or
optimization strategy, using the covariancematrix as the input to the classifier
consistently yielded superior accuracy.

To study the influence of the number of modes used in the optical
reservoir (for the case of squeezed inputs), we experimentally investigated
the scaling of the reservoir computer’s performance with the number of
optical modes that were read out. To do this, we selectively removed
information from the detected camera frames for a chosen subset of
wavelengths, thus reducing the total number of informative pixels (see
Supplementary Information IV). This was done by replacing the photon
counts in such regions with random values sampled from a Poisson dis-
tribution centered on the detected mean photon number. This procedure
erases the informationon thephoton correlations related to thedataset from
the selected window of pixels while preserving their statistical character-
istics, allowing us to emulate the behavior of a reservoir with fewer optical
modes. Moreover, fixing the output vector dimensionality avoids introdu-
cing any undesired effects due tomere numerical issues in the training step.
(The same study was done using an alternative procedure: fixing a number
Nλ of meaningful optical modes and substituting the rest with noise; the
obtained results are very similar and are reported in Supplementary
Information IV). Once this substitution was performed, we reconstructed
the covariance matrix and proceeded with training the model using our
standard procedure. In panel (c) of Fig. 4, we report the classification
accuracyon the test setwherewehaveprogressively increased thenumberof
optical modes Nλ.

We now compare the results obtained by scaling the number ofmodes
when usingmean-field vectors versus using covariancematrices as inputs to
the linear classifier. In the case of the mean-field vectors, we observe an
approximately linear scaling with the number ofmodes. On the other hand,
when the classifier is given access to the covariance matrix, the accuracy
initially increases superlinearly with the number of modes. We can ascribe
this as a benefit from the information present in the correlations between
modes. In part because the vowels-classification task is simple (a linear
classifier can achieve 98%accuracy on it), the superlinear scaling of accuracy
with number of modes turns into a sublinear scaling as the accuracy con-
verges to a plateau of ~ 97% at Nλ < 350. With the same number of modes,
using only mean-field vectors yields an accuracy more than 15 percentage
points lower.

We also investigated the impact of reducing the overall number of
photons in the squeezed state. This was achieved by lowering the pump
power of the OPA, which simultaneously reduces the number of squeezed
photons and the strength of the measurable correlations. The results, as
shown in panel (e) of Fig. 4, reveal a clear dependence of theQRC’s accuracy
on both the number of informative optical modes used for the estimation of
the covariancematrix and the total photon count in the state: in both cases,
more was better.

Finally, we evaluated the performance of the optical reservoir on the
MNIST digit-recognition dataset62, a standard benchmark in machine
learning. The dataset comprises 28 × 28 pixel grayscale images of hand-
written digits (0–9), forming a classification task across ten distinct classes
(Fig. 5a). To efficiently encode the two-dimensional images into the optical
reservoir, we applied Principal Component Analysis (PCA) for dimen-
sionality reduction, retaining the 100 most informative components (Fig.
5b). This reduced each sample to a 100-dimensional vector x, which was
input to the reservoir throughmodulation of the pump beam as with all the
previous experiments. We used a subset of the dataset, consisting of
300 samples for each of the 10 digits.We limited data collection to a total of
5000 EMCCD frames; this corresponded to an average total photon count,
among the different samples, of 3.6 × 105, with the aim to balance data
acquisition time with photon budget. The experiments we conducted with
the MNIST dataset show the ability of our optical reservoir to handle high-
dimensional datasets that, to the best of our knowledge, have dimensions
well beyond what can be addressed by the quantum-optical reservoir
computers that have been reported in the literature to date.

The results of our MNIST experiments are shown in Fig. 5c, d. We
assessed the classification performance by gradually increasing the number
of digits to be identified, starting with binary classification (digits 0 and 1)
and progressively including more digits (0, 1, 2, etc.). We evaluated the
accuracybothwhenproviding thedigital linear classifierwith the covariance
matrix andwith themean-field vector, andalso evaluated the accuracywhen
the original feature vectors x were fed directly to a linear classifier without
being passed through the reservoir. The performance gap between the
reservoir computer using only the mean-field vector versus using the cov-
ariancematrix widened with increasing task complexity, again showing the
importance of correlations in the reservoir output.

The obtained accuracy on the 10-digit classification task is approxi-
mately 60%, consistentwith previousQRCresults on the same task reported
in ref. 19.This relativelymodest accuracy canbe attributed to the limitedsize
of the training set (3000 samples) and the constrained photon budget due to
the limited number of collected camera frames (i.e., runs of the data through
the reservoir for a single sample). We chose the number of frames (runs)
basedonwanting tokeep the total data-collection time for the experiment to
less than 24 h, since nontrivial drift in alignment of the experimental
apparatus can occur on longer timescales and would necessitate retraining,
which we wanted to avoid.

Discussion
In this work, we have experimentally demonstrated the use of an optical
system with > 400 frequency modes to perform reservoir computing on a
variety of classical machine-learning classification tasks. We performed the
experiments by operating the optical system with quantum (squeezed) and
—for a subset of tasks—with classical (coherent, thermal, and super-
continuum) light sources, allowing a comparison of the computational
performance of the reservoir computer across quantum and classicalmodes
of operation. We tested both synthetic tasks that were designed to require
nonlinearity to achieve high accuracy, and canonical machine-learning
benchmarking tasks (spoken-vowel classification andMNISThandwritten-
digit classification). For the synthetic tasks, the reservoir computer based on
the optical system using squeezed light achieved accuracy substantially
beyond that of a single-layer linear classifier, and also achieved high accu-
racy ( > 97%) on spoken-vowel classification. While it was able to sub-
stantially outperform random guessing on MNIST handwritten-digit
classification, the reservoir computer’s accuracy was substantially lower
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than that of a single-layer linear classifier. Across all tasks, we observed that
allowing the output layer of the reservoir computer (using squeezed light)
access to the photon-number correlations between the measured modes of
the optical reservoir resulted in the same or higher accuracy than providing
access to themean photon numbers only, and in several cases resulted in an
advantage of greater than 20 percentage points. This provides experimental
evidence in support of theoretical predictions that access to correlations
enhances the power of quantum reservoir computers22,24,45.

We ran the synthetic tasks requiring nonlinearity using both the
quantum and the classical light sources and found that the quantum
reservoir consistently yielded the best accuracy (either tied first or outright
first, depending on the complexity of the task—the number of classes),
provided that the photon correlations were fed to the output layer. The use
of the photon correlations in the quantum experiments was essential for the
reservoir computer to outperform the experiments where the reservoir was
operated with classical, coherent light. This provides an interesting clue
about the necessary ingredients for a quantum reservoir to outperform a
similar but classical reservoir and is consistent with the hypothesis that a
quantum reservoir using multimode squeezed light should be able to cap-
ture more useful or sophisticated features about the input data in its cor-
relations than a reservoir using classical light.

However, since our experiments with quantum and classical light did
not use light that was identical in all ways except for whether there was
squeezing or not (especially the bandwidth of the input light was different
for each light source), we are cautious to not over-interpret our results: we
have observed that correlations in the squeezed-light case allowed the
quantum reservoir computer to outperform the all the cases of classical
reservoir computerwe evaluatedusingvarious classical light sources, but it is
possible that other classical light sourcesmight result inhigher accuracy still.
For example, recently proposed squashed states, consisting of classical states
constructed to have maximal fidelity to squeezed states, provide a particu-
larly relevant classical baseline that could be benchmarked in future work63.
For the vowels-classification task,wealsopresented results fromsimulations
of the reservoir computer assuming a coherent-light source that had the
same bandwidth as our experimental squeezed-light source—and our
experimental results with the squeezed-light source showed higher
accuracies than even these simulation results with the same-bandwidth
coherent-light source. This provides further evidence suggesting that using

squeezed lightmay consistently give superior accuracy versus using classical
light sources.

Furthermore, the gap in accuracy between the squeezed-light case and
one of the classical-light cases (coherent light) was present but within error
bars (the squeezed-light case always outperformed the thermal and super-
continuum classical light cases by a large gap, well beyond that of the error
bars). It is an important direction for future work to establish whether the
squeezed-light case in our experimental protocol and setup does give an
advantage in accuracy over all practical classical light sources (and if so, for
which tasks). Another important limitation in our comparison experiments
is that the effective optical loss between the squeezed-light generation and
the detection (including sub-unity detector quantum efficiency) was suffi-
ciently high (see Methods) that while the squeezed light did exhibit corre-
lations close to the quantum limit, the correlations were not strong enough
to rule out the possibility that they could, in principle, be generated by a
classical light source. This limitationmeans that itwould be inappropriate to
ascribe our results—where the operationof the reservoirwith squeezed-light
yielded better accuracies than with the other, classical, sources of light—as
definitively arising from the quantum nature of the squeezed light. Because
the correlations between the output modes of the reservoir were important
in achieving high accuracy in our squeezed-light experiments, it would be
interesting to study the role of correlations in an even-lower-loss experi-
mental setup where the correlations have an unambiguously quantum
nature.

Concerning the scaling of accuracywith thenumber ofmodes andwith
optical power,we evaluated, for the vowel-classification task, the accuracy as
a function of how many frequency modes we read out from the reservoir.
We found that the accuracy increased as we increased the number ofmodes
read out—showing that the quantum reservoir computerwas using the high
dimensionality of the multimode optical system. We also varied the power
of the pump of the squeezed-light source (and as a result the mean total
number of detected photons) and observed that higher total numbers of
photons led to higher accuracies, as one might intuitively expect, and that
regardless of the optical power used, it was advantageous to include more
measured modes in the reservoir’s output rather than fewer.

We focused on comparing the quantum and classical modes of
operation, both for the synthetic tasks and for the vowel-classification task,
in the settingwhere the inputoptical powerswere chosen such that themean

Fig. 5 | Experimental optical reservoir performance on a task with high-
dimensional features: MNIST handwritten-digit classification. a Sample images
from the 10 classes in the MNIST dataset62. b The first 100 principal component
values corresponding to the digits shown in (a). The PCA values were used as the
inputs x to the reservoir. c Test set accuracy as a function of the number of classes,
comparing results of the quantum reservoir with squeezed light input from training

using the covariancematrix (solid violet line) andmean-fieldmeasurements (dashed
orange line). d The difference in accuracy between when the output layer has access
to the covariance matrix (containing information about both the correlations and
the mean fields) and when it merely has access to the mean fields, plotted as a
function of the number of classes to discriminate. The shaded area represents the
one-standard-deviation interval.
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total detectednumberof photonswas the sameacross thedifferent quantum
and classical light sources.While this allowed for comparisons that highlight
the benefit of squeezed light and correlations, from a practical perspective
this benefit under the constraint of a certain total number of detected
photons is not automatically useful since it is easy to increase the brightness
of the classical light sources but it is difficult to substantially increase the
brightness of the squeezed-light source (by the metric of photons produced
per pumppulse, the sourcewe used already has record brightness48). For the
vowel-classification task, in our study of the accuracy as a function of the
mean total detected number of photons, we found that within the range we
tested, the accuracies obtainedwith the classical (coherent) light plateauedat
values lower than those achieved with the quantum (squeezed) light. This
leaves open the possibility that even with a much lower possible brightness,
the squeezed-light case could outperform the coherent-light case—but
further work with careful study of the accuracies at higher total photon
numbers (for the coherent-light case) would be needed to definitively
determine this. It would also be interesting to investigate the dependence of
accuracy on the total photon number for different tasks, beyond vowel
classification.

For the vowel-classification task, we also tested four different variants
of output layer (a standard linear layer, a ridge classifier, a linear support
vector machine, and logistic regression) and observed that in each case, the
quantum reservoir computing using photon correlations gave accuracies
better thanor equal (within error bars) to the classifier traineddirectlyon the
raw features (i.e., without passing them through the reservoir). This high-
lights the robustness of our results to choices one might make for the
output layer.

Notably, the classificationaccuracy achievedbyour reservoir computer
using quantum (squeezed) light on the MNIST handwritten-digit classifi-
cation task with all 10 digits (58 ± 3)% is comparable to that ( ≈ 61%)
reported recently19 using a state-of-the-art commercial neutral-atom-array
quantumcomputerdevelopedbyQuEra. Beyond the fact that the accuracies
can be directly compared because the benchmark task was the same (clas-
sifying MNIST digits), further details of the studies were also comparable:
both studies adopted the same downsampling procedure as a preprocessing
step, albeit with different numbers of retained components (8 in their case
and 100 in ours), and the respective dataset sizes are of the same order of
magnitude.

Aswe described at the beginning of our paper, it is a grand challenge to
find a practical application of GBS for which there exists a quantum
advantage over all possible classicalmethods, and ourwork only addresses a
part of this challenge: we have shown experimentally that GBS can be used
for quantum reservoir computing, and that there is an advantage in using a
squeezed-light source over using several classical modes of operating the
same reservoir. However, it is likely that our experimental system (even
when fed with squeezed light), with its nontrivial optical loss, is efficiently
simulable classically13,64, especially becausewe onlymeasuremeanfields and
two-body correlations65. Recent work provides efficient classical algorithms
for approximating expectation values in linear-optical circuits66, which is
directly relevant to mean- and correlation-based readouts. However,
establishing whether a practical quantum advantage can be obtained in
application settings where the computational goal is predominantly the
estimation of such expectation values remains an open question. Our work
also does not address the crucial question of whether (and onwhich tasks) a
GBS-basedQRC could outperform all possible classical methods, including
conventional digital-electronic classical methods, given the same resources
(time, energy, money, etc.). It remains an open challenge—both theoretical
and experimental—to design aQRCbasedonGBS that is efficient to operate
(e.g., does not require exponentially many runs to compute the reservoir
outputs)24, simultaneously is not efficient to simulate classically, and that
outperforms classical methods on practically relevant tasks.

While we have focused on classical machine-learning tasks in this
work, our optical reservoir can, in principle, take in quantum light as an
input to classify (for example, by replacing the squeezed-light inputwith the
quantum light to be classified, and relying on the pump light entirely for

driving the frequency-conversion process rather than for encoding the
classical input to be classified). There is an expectation that quantum-
machine-learning methods will, in general, be better-suited to solving
quantum tasks rather than classical tasks16; a natural direction would be to
study the ability of the kind of optical reservoir we present to classifying
quantum states of light46.

The use of squeezed light in the optical system also inspires the question
of whether the overall system we presented could be used for quantum
sensing: squeezed light67 can provide an advantage in quantum sensing, so
perhaps—in a special case of the above idea to apply the system to classifying
quantum light—one could interact squeezed light with an object to be sensed
and then feed this squeezed light (nowhaving some encoding of the object in
itsphaseor amplitude, potentially asa functionofwavelength) into theoptical
reservoir. In this case, the objective may be for the reservoir computer to
classify the object that was interacted with the squeezed light using as few
photons as possible. This is an example of quantum computational
sensing68—the combinationofquantumsensingwithquantumcomputation.

We have, in this “Discussion” section, suggested several avenues for
further study of GBS-based QRCs on classical tasks, but the speculative
applications to classifying quantum states might well be the first where a
GBS-based QRC could deliver a quantum advantage.

Note added: ref. 69 appeared as an arXiv preprint the day before we
submitted our manuscript to the arXiv. It reports experiments realizing a
photonic feedforward reservoir computer (i.e., an extreme learning
machine) using a photon-pair source and propagation through a multi-
mode fiber that acts as a random beamsplitter unitary transformation. The
machine-learning task they experimentally tested is binary classification of
two MNIST handwritten digits (“0” and “1”), which corresponds to the
“Number of classes = 2” data point in Fig. 5c in our work.

Methods
Experimental setup
Squeezed light is generated by pumping a nonlinear crystal, seeded with
vacuum, using ultrafast pulses with a duration of 200 fs. TheOPA produces
multimode-squeezed-vacuum light with a high photon flux. The properties
of this multimode-squeezed light are analyzed using the Bloch-Messiah
decomposition, allowing for the quantification of squeezing and anti-
squeezing levels associated with the different supermodes. As reported in
ref. 48 by fitting the average number of detected photons as a function of the
OPA pump power, we estimate the presence of approximately 430 super-
modes. Assuming that all supermodes are equally squeezed, it is possible to
infer a lower bound for the squeezing level of eachmode, which is at least 3
dB. This estimate is based on an average detection efficiency of 71%.

If we consider the overall optical transmission of the system, it is
approximately 60%, factoring in multiple sources of loss. These include the
camera’s quantum efficiency, which is 95% at 620 nm. Notably, when
considering different dataset examples, the phase modulation on the AFC
pump introduces additional losses, which can vary by up to 20% depending
on the specific dataset example being considered. Consequently, not all
collected states exhibit squeezing below the shot-noise limit by the time they
reach the camera. However, residual correlations between modes -origi-
nating from the initial quantum properties of the squeezed state- persist
despite losses as evident from the reconstructed covariance matrices. These
correlations, while no longer strictly quantum at the detection stage, retain a
structurednature that is crucial for encoding relationships in the data. These
intra-mode correlations play a critical role in the system’s ability to achieve
superior classification performance compared to different light sources. For
more detailed studies on the experiment and the generation of squeezed
light, we refer to ref. 48.

In all the experiments, when comparing different optical inputs
(squeezed, coherent, thermal, supercontinuum), we adjust the number of
processed camera frames to keep measurements within comparable oper-
ating conditions and photon budgets, while maintaining per-pixel count
rateswithin the linear response regimeof theEMCCD.Wequantify the total
detected photon budget per input example by 〈nT〉 given by the product of
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per-frame photon number and the number of frames, and it directly
determines the statistical uncertainty of the estimated moments.

Pulse shaping and frequency conversion
The crystal used for frequency conversion is a 3 cm poled KTP crystal
(Raicol Crystals). The poling is designed for broadband sum-frequency
generation, where the central wavelengths are 1550+ 1033→ 620 nm, and
the 1033 nm is the pump wavelength. The spatial frequency of the poling
profile varies linearly over the lengthof the crystal, in order tophase-matcha
broader frequency bandwidth. The crystal is designed for use at 48 °C and
held in an oven (Eksma Optics HP30).

The 1033 nm pump laser is an Amplitude Satsuma, which is tempo-
rally shapedprior to theAFCcrystal. Thepulse shaper is designedas follows.
The beam is diffracted by a transmission grating (Ibsen Photonics PCG-
1765-808-981) and focused by a 150 mm cylindrical lens (Thorlabs
LJ1629L2-B) onto a spatial light modulator (SLM; Meadowlark P1920-
0600-1300-PCIe). A vertically-oriented blazed grating iswritten on the SLM
(orthogonal to the frequency-dispersion due to the diffraction grating). The
spatial phases (vertical translations) of the blazed grating along the wave-
length axis impart spectral phases to the pulses. The 1st order reflection is
recombined as it travels back through the cylindrical lens and grating and is
directed towards the AFC crystal.

Spectrometer and detection
The visible light spectrometer is based on a diffraction grating (Ibsen PCG-
1908/675-972) imaged by an objective lens (OlympusUPLFLN4x) onto the
NüVü HNü 512 IS EMCCD camera. The 620 nm light from the AFC is
measured on the camera after appropriate filtering of the pump (Thorlabs
DMLP900; Semrock FF01-632/148). A nominal EM gain of 3000 is used on
the camera, and the blanking and exposure times are set to 0.1 ms. The
camera is triggered by the Amplitude Satsuma laser, with an appropriate
timedelay (IDQuantique ID900), to ensure that each frame corresponds to a
single pulse. The laser repetition rate of the Satsuma is chosen to match the
maximum frame rate of the camera for the given region of interest. The full
frame rate of the experiment is ~ 800Hz, the acquisition time, depending on
thenumber of recorded framesper input, is of the order of secondsper input
for all the investigated tasks.

The following summarizes the EMCCD camera photo-detection and
signal acquisition process. Each photon incident on and absorbed by the
camera’s CCDgenerates a photoelectron. The electronmultiplication (EM)
gain amplifies this few-electron signal to a sufficiently large voltage that can
be readoutby the analog-to-digital converter, aftera constant bias is applied.
By subtracting the bias and dividing by the total gain—the EM gain and
analog-to-digital conversion factor—the camera digital readout ("pixel
value”) can be approximately converted back into the number of photo-
electrons, hence the number of captured photons. The EM gain process is
stochastic: this allows us to determine the average number of incident
photons per pixel, but not the number of photons in any given single frame.

Light sources
The OPA waveguide is a 4 cmMgO-doped LN ridge waveguide (Covesion
WG-1550-40 WGCK40), optimized for wavelength conversion from 1550
nm to 775 nm. It is engineered to support single spatial modes at near-
infrared (near-IR) wavelengths. This device is mounted in a temperature-
controlled oven (Covesion PV40) to ensure optimal performance. Addi-
tionally, thewaveguide servesas a commonspatialmode for all light sources,
which propagate through it prior to the adiabatic frequency conversion
(AFC) process.

Squeezed light is generated by vacuum-seeding the OPAwith a pulsed
775 nm pump beam. The 775 nm light is produced by cascading second
harmonic generation (SHG) and anOPAprocess in lithium triborate (LBO)
crystals (Newlight Photonics). Both crystals are temperature-tuned and
non-critically phase-matched to optimize the conversion efficiency. The
crystal lengths are carefully chosen to match the temporal walk-off of the
200 fs pulses, preserving the pulse duration and efficient interaction.

The first crystal generates 517 nm from 1033 nm. The second carries
out the 517 nm–1548.5 nm → 775 nm process. The 1548.5 nm seed is
generated by a diode laser (ILX Lightwave 79800C), amplitude-modulated
by a stabilized (Oz Optics MBC-SUPER-PD-3A) electro-optic modulator
(EOM) (Eospace AZ-DS5-10-PFA-PFA-LV-LR), to generate 10 ns square
pulses. These seed pulses are optically amplified (Pritel PMFA-20), fol-
lowing an isolator. The EOMpulsing is triggered by theAmplitude Satsuma
1033 nm laser, with an appropriate time delay (IDQuantique ID900). The
EOM is driven by a pulse/function generator (HP-8116A).

The supercontinuum is generated by pumping a highly nonlinear fiber
(Thorlabs HN1550) with a mode-locked 1550 nm laser (NKT Origami).
These pulses were not temporally synchronized to the Amplitude Satsuma
laser; the frames with little or no overlap between the AFC pump and
supercontinuum were removed in post-processing.

The coherent laser light consisted of a 1550 nm continuous-wave laser
(JDSUmTLG-C1C1L1) appropriately attenuated to match the desired flux
upon conversion in the AFC.

An unseeded EDFA (JDSUMEDFA-A1-Z001) was used as a thermal
light source, with appropriate attenuation, as amplified spontaneous
emission is a thermal process.

Phase encoding of dataset features
The features of the dataset are encoded into the optical phase of the AFC
pump pulse through the SLM. This phase encoding method is consistent
across all the datasetswe investigate,with the only variationbeing a constant
scaling factor applied to the dataset features. This factor ensures that the
value set on each SLM pixel stays below a defined threshold, preventing the
generated pulse from having controlled intensity peaks. The phase mod-
ulation occurs over a single row of 1920 pixels. Given the grating resolution
and the fact that the pump pulse covers approximately 40%of the pixels, we
can effectively manipulate the phase of around ~ 100 modes.

To illustrate this encoding approach, we consider the vowel dataset as
an example. The vowel dataset comprises 37 examples for each of the 7
classes, where each example is represented by 12 resonant frequencies. An
example from each class is shown in panel (a) of Fig. 6. In order to fill in all
the SLM pixels, we replicate each feature across several contiguous pixels,
such that the entire dataset can be distributed across the 1920 pixels. Since
the dataset contains 12 features per example, each feature is mapped to 160
contiguous SLM pixels for this task, as depicted in panel (b) of Fig. 6,
resulting in a 1920 feature vector.

Since the SLM pixels' transmissivity is not uniform, but central pixels
have higher transmissivity compared to those at the edges, we introduced a
compensating function. The function is reported in blue in the plot, and it is
multiplied by all the feature vectors to adjust for the difference in the pixels'
transmissivity, ensuring that the phase modulation is applied consistently
across the pump pulse. To avoid huge changes between adjacent pixels, we
also implement a Gaussian filter on the obtained vector. This filter averages
adjacent values with weights determined by the Gaussian function with a
selected standard deviation. The obtained vector is then added to a fixed
quadratic phase (chirp) to maintain the desired pump pulse duration. The
final SLM values, for a randomly selected example from the vowel dataset,
are reported in the lower part of panel (b).

It is important to note that both the compensating function for the
SLM transmissivity variation, the Gaussian filtering, and the quadratic
phase chirp remain identical for all the classification tasks we explore,
keeping this generic encoding process independent both from the task and,
more importantly, from the optical input employed.

Variability in classification accuracy
The reported classification accuracies are obtained by training and testing a
linear-kernel SVMon finite datasets with a limited number of examples per
class. In this setting, the dominant source of uncertainty is the statistical
variability induced by the particular train/test split. Indeed, since the data-
sets are not large, the measured test accuracy can change noticeably
depending on which specific examples are included in the training set and
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which are reserved for evaluation. This variability is a standard and prac-
tically meaningful uncertainty, as it directly quantifies how sensitive the
reported performance is to finite dataset size and sampling.

To capture this effect, we compute error bars by repeatedly shuffling
the dataset and re-partitioning it into training and test setswhile keeping the
train/test ratiofixedandpreserving class balance. For eachshuffle,we record
the test accuracy. In the plots, the error bars correspond to the standard
deviation of the test accuracies across these independent splits, reflecting the
typical fluctuations one should expect when repeating the same experiment
under identical conditions but with a different random partition of the
available data.

Data availability
Experimental data reported in the figures in this paper are available at
https://doi.org/10.5281/zenodo.15288036.

Code availability
Code to replicate the figures in this paper is available at https://doi.org/10.
5281/zenodo.15288036.
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