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Quantum machine learning algorithms have very recently attracted significant attention in photonic
platforms. In particular, reconfigurable integrated photonic circuits offer a promising route, thanks to
the possibility of implementing adaptive feedback loops, which are an essential ingredient for
achieving the necessary nonlinear behavior characteristic of neural networks. Here, we implement a
quantum reservoir computing protocol in which information is processed through a reconfigurable
linear optical integrated photonic circuit and measured using single-photon detectors. We exploit a
multiphoton-based setup for time-series forecasting tasks in a variety of scenarios, where the input
signal is encoded in one of the circuit’s optical phases, thus modulating the quantum reservoir state.
The resulting output probabilities are used to set the feedback phases and, at the end of the
computation, are fed to a classical digital layer trained via linear regression to perform predictions.We
then focus on the investigation of the role of input photon indistinguishability in the reservoir’s
capabilities of predicting time-series. We experimentally demonstrate that two-photon
indistinguishable input states lead to significantly better performance compared to distinguishable
ones. This enhancement arises from the quantum correlations present in indistinguishable states,
which enable the system to approximate higher-order nonlinear functions when using comparable
physical resources, highlighting the importance of quantum interference and indistinguishability as a
resource in photonic quantum reservoir computing.

The recent surge of artificial intelligence, relying on huge neural network
(NN) architectures that require high-speed and high-dimensional data
processing, is driving renewed interest in alternative hardware platforms
beyond conventional microelectronic processors. The core of the NN
computation consists of two operations: (1) matrix-vector multiplication,
which enables the propagation of information across the network layers, and
(2) the application of nonlinear activation functions at each node. Scaling
these operations to process increasingly high-dimensional data and complex
tasks demands deeper and more expressive models1. Yet, traditional digital
processors face twomajor challenges in meeting these demands. The first is
computational: the time and memory requirements scale unfavorably with
network depth and size, imposing practical limits on achievable perfor-
mance. The second challenge is linked to the energy consumption and the
associated carbon footprint of training and running such large-scalemodels,
making standard processors unsustainable2. This is the reason why we are
now at a point, often referred to as the electronic bottleneck, which con-
strains the scalability, speed, and energy efficiency of deep learning models.

In response to these challenges, one promising alternative is neuro-
morphic computing3–5, a paradigm introduced in the 1990s by Carver
Mead6 that proposed to emulate the structure and function of the brain
using analog circuits to enhance computation efficiency. Although it
represented a visionary strategy at the time, it experienced a long period of
limited progress after its proposal, largely due to the absence of compelling
real-world applications and the lack of a clear incentive to deviate from
digital computing, whose circuit components continued to grow following
Moore’s law. Today, the context has fundamentally changed, catalyzed by
the urgent need for novel energy-efficient hardware solutions7–9 capable of
sustaining the rapid evolution of deep NNmodels.

Two properties are fundamental for these models: expressivity, con-
sisting of the ability to approximate complex nonlinear functions, and
memory capacity to retain and process information acrossmultiple layers or
time steps. These two ingredients are critical for solving a wide range of
machine learning (ML) tasks, including time-series forecasting10. In this
path, a new frontier is to explore the adoption of quantum systems to
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develop more efficient neuromorphic architectures11, which have access to
an enlarged Hilbert space. This expanded state space leads to higher
expressivity12, allowing quantum systems to represent and manipulate
complex data structures with fewer physical resources. At the same time,
quantum coherence and entanglement can offer mechanisms for encoding
correlations and memory in ways that are not readily achievable classically.
However, this requires the challenging task of optimizing the quantum
system, which presents several practical problems.

Quantum reservoir computing (QRC) offers a practical and promising
alternative in the near/medium term13–17 by restricting the training to a
classical readout layer while keeping fixed the quantum system dynamics,
thus avoiding the complexities of directly optimizing quantum parameters.
This framework has already demonstrated strong potential for addressing
nonlinear and temporal learning problems18, thus holding significant pro-
mise for advancing time series forecasting, which is fundamental in fields
ranging from finance and climate modeling to natural language analysis.
Several physical platforms, including superconducting circuits19,20 and
Rydberg atom arrays21,22, have already been employed to demonstrate the
effectiveness of the QRC paradigm. In particular, photonics systems have
been widely adopted lately for QRC, leveraging both continuous-variable
squeezed states23–26 and discrete-variable encodings27–29. Recent advances
have shown that nonlinearity and memory can be introduced through
adaptive feedback schemes30, where quantum circuits are dynamically
modifiedbasedon intermediatemeasurement outcomes,making integrated
photonic a strong candidate for further investigation.

In this work, we demonstrate the implementation of a quantum
reservoir architecture based on a photonic integrated circuit (PIC) injected
with different optical input states. While previous feedback-driven
approaches based on integrated circuits have been restricted to the single-
photon regime31, here we investigate time-series forecasting with multi-
photon inputs.We focus on assessing the role of quantum correlation in the
system’s computational capabilities by comparing the performance
achievedwhen the system involves indistinguishable two-photon states and
distinguishable photon inputs under otherwise identical conditions. Spe-
cifically, we fix the number of physical resources and employ the same
classical optimization protocols across all configurations to ensure a fair
comparison. The achieved experimental results show that the use of
indistinguishable photon states, combined with active feedback dynamics,
significantly enhances the expressivity of the reservoir, enabling it to accu-
rately reconstruct higher-order nonlinear functions. As a result, this
enhanced nonlinear processing capability does not compromise the fading
memory property of the system, which remains essential for effective
temporal information processing. Therefore, this improvement translates
into superior performance on time-dependent benchmark tasks, including
temporal XOR, NARMA sequences, and the prediction of Mackey-Glass
chaotic series. On the other hand, we prove that classical correlations alone,
present in distinguishable two-photon states, provide little to no advantage
compared to quantum correlations.

Results
Photonic quantum reservoir computing: protocol
Reservoir computing is a computational framework inspired by recurrent
neural networks (RNNs) inwhich information is encoded into thedynamics
of afixednonlinear system, the reservoir. The reservoirmaps the inputs into
a high-dimensional space, thus enabling complex learning tasks to be solved
efficiently simply via linear regression. The reservoir can be a physical
system exhibiting quantum behavior, in this case, the approach is known
as QRC.

A schematic representation of the protocol we implement for temporal
signal processing is illustrated in Fig. 1. In this approach, the training data are
sequentially fed into the reservoir as input. The reservoir, treated as a black
boxwith random internal connections, dynamically evolves and nonlinearly
maps the input features into a higher-dimensional space. The resulting
outputs encode temporal patterns and are subsequently processed by a digital
linear readout layer, which enables forecasting of future values of the signal.

Our quantumreservoir architecture is based on an integrated quantum
photonic platform, injected with either single or multiphoton states, as
depicted in Fig. 1b. The time series ismapped into the reservoir dynamics by
modulating an optical phase governing the transformation implemented by
the circuit on the input photons. In particular, we focus on evaluating the
performance of the system by comparing the results obtained when using
distinguishable and indistinguishable photon inputs, aiming to assess the
impact of quantum correlations on the system’s computational capabilities,
while the training procedure remains entirely classical.

Whether exploiting photon indistinguishability as a resource for
classicalML tasks provides a consistent advantage over classical systems has
remained an open question. Recent works have highlighted the potential of
indistinguishable photons to enrich the feature space of photonic learning
systems and increase the system’s computational expressivity32,33. However,
experimental investigations have been mostly limited to photonic extreme
learning machines without feedback, and have reported little or no mea-
surable advantage from photon indistinguishability in low-dimensional
systems with only two photons32.

Given a classical input sequence {sk}, we want to predict the time series
{yk} generated by the input sequence through an unknown nonlinear or
time-varying function. The protocol we implement consists of four key
steps: encoding the input into the quantum system, evolving the quantum
reservoir, measuring the reservoir output states, and applying a feedback
operation conditioned on the measurement outcome.

The first step is to encode the input value sk ∈ [0, 1] into the quantum
systembymodulating the optical phase asϕB=ain ⋅ sk, whereain∈ [−π,π] is
an input scaling factor. This phase modulation acts on photons via a phase
shifter on the selected optical mode, described by the unitary matrix:

UðϕBÞ ¼

1 0 0 0

0 eiϕB 0 0

0 0 1 0

0 0 0 1

0
BBB@

1
CCCA: ð1Þ

At each time stepk, the reservoir evolves in response to the encoded input sk.
After the evolution corresponding to eachelement of the input sequence, the
resulting output state is measured using a positive operator-valuedmeasure
(POVM)Πμ, where μ is the number of possiblemeasurement outcomes. To
accurately reconstruct the output probabilities, each input in the sequence is
sampled multiple times, collecting sufficient statistics over repeated
measurements. This process yields an output probability distribution
pkð~μÞ ¼ ½pk;1; pk;2; . . . ; pk;μ� associated with the k input.

Finally, the application of the feedback loop plays a crucial role in
enriching the computational dynamics of the reservoir by introducing both
memory and nonlinearity into the dynamics, allowing the system to adapt
basedonpast outputs. Inour implementation, the informationderived from
selected measurement outcomes pk is reinjected into the system during the
next cycle k + 1. This feedback operation is performed by encoding the
selected components of pk in the circuit parameters as phase shifts of the
form afb � pkðμ0Þ, where afb ∈ [− π, π] is the feedback scaling weight. This
mechanism breaks the unitary evolution typically associated with quantum
mechanics and allows the system to process temporal patterns and non-
linear input-output dependencies, while preserving its internal architecture.

For each input skof the sequence, the vector of output probabilitiespk is
reconstructed from photon-coincidence events detected between the dif-
ferent outputs of the circuit. These vectors act as high-dimensional feature
representations of the system’s response to each input of the sequence.Once
the probability vectors for each element of the sequence have been collected,
theyare associatedwith the corresponding targetyk. At this point, part of the
collecteddata {(p1, y1),…, (pK, yK)} of total lengthK is split into a training set
including a sequence of size Ktr, used to train the linear regression model,
while the remaining Kts = K − Ktr data is reserved to evaluate its perfor-
manceonunseendata.Wedenotemodel predictionswith a tilde. The goal is
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to learn a function that, given unseen inputs pts from the test set, can
accurately predict their corresponding target values eyts.

We train the digital linear model using Ridge regression (see “Meth-
ods”), and evaluate its performance by comparing the predicted output
vector eyts to the true target vector yts of the test dataset. In particular, the
determination coefficient R2 is a figure of merit which quantifies their
similarity, and is defined as:

R2ðeyts; ytsÞ ¼ cov2ðeyts; ytsÞ
σ2ðeytsÞσ2ðytsÞ ; ð2Þ

where cov and σ2 are the covariance and variance, respectively. This mea-
sures the strengthof a linear relationshipbetween the twovariables. It ranges
from 0 to 1, where 0 indicates no linear correlation, while 1 indicates a
perfect correlation.

Another metric is the mean-squared error (MSE):

MSE ¼ 1
Kts

XKts

k¼1

eyts;k � yts;k

� �2
; ð3Þ

which quantifies how closely the predicted values match the target ones.

Task-independent characterization
To evaluate the computational capabilities of theQRCmodel, we adopt a set
of standard benchmarks and performancemetrics from classicalML. These

tasks enable both to evaluate the performance of the protocol and to
characterize the underlying physical system used as the computational
substrate. The two main properties typically investigated are the short-term
memory and the expressive power. The former quantifies the ability of the
system to retain and recall information about past inputs, while the latter
evaluates the range and complexity of input-output transformations the
reservoir can implement. High expressivity indicates a strong capacity to
approximate a broad class of nonlinear functions of the inputs.

The analysis of the memory capacity of an ML model involves pro-
cessing an input sequence randomly sampled fromauniformdistribution sk
∈ [0, 1], and the target is to reproduce the input value from d cycles earlier,
i.e., yk = sk−d. The performance of the model at each delay d is measured
using the determination coefficient R2

d . The total memory capacity is then
defined as the sum of these values:CΣ ¼ Pdmax

d¼0R
2
d , where dmax is an integer

such that R2
dmax

is approximately zero.
We evaluate the expressivity of the system by feeding an ordered input

sequence sk ∈ [0, 1] into the reservoir, where each value is mapped to a
corresponding optical phase ϕB. The readout layer is then trained to
approximate nonlinear target functions such as monomials or more com-
plex polynomials. Specifically, the choice of input encoding and the effective
dimensionality explored by the reservoir determine its expressive capacity,
limiting the set of functions it can represent, typically characterized by a
finite set of Fourier frequencies34.

A common approach to forecasting time series data relies on RNN
architectures, since these tasks require both high memory capacity and
nonlinear processing capabilities. However, training RNNs can be

Input
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Fig. 1 | Schematic overview of the realized photonic quantum reservoir com-
puting. a Scheme of a classical echo state network (ESN) for time-series
forecasting35. The input data is injected into a fixed, recurrent reservoir of nonlinear
nodes. The reservoir output is linearly combined and trained via linear regression to
predict future values. bPhotonic implementation of a quantum reservoir computing
scheme. Two-photon input states, either indistinguishable (2ph,I) or distinguishable
(2ph,D) with a control on the delay τ, are injected into a four-mode reconfigurable

photonic integrated platform. This includes the tunable phases ϕi (with i = 1, 2,A, B,
C,D, 3, 4). The input data is encoded into one phase of the central layer. The output
statistics are reconstructed using single-photon detectors. A feedback-loop
mechanism is based on the reinjection of the past measurement outcomes and is
implemented via phase reconfiguration of ϕD and ϕ4. On the right, the plot of an
example of a component of the output probability distribution as a function of the
internal phases ϕA, ϕD, and ϕ4.
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challenging, especially in neuromorphic implementations. A simplified
alternative to address such problems is represented by echo state networks
(ESNs)35 or,more broadly, by reservoir computing. In anESN, the recurrent
component is a fixed, sparsely connected network of nonlinear nodes left
untrained, as shown in Fig. 1a. This architecture significantly reduces
training complexity while preserving the ability to perform complex time-
dependent tasks. However, this is contingent on the optimal exploitation of
the system’s available degrees of freedom. In particular, the total memory
capacity of these architectures is upper-bounded by the number of reservoir
nodes Nr, i.e., CΣ≤Nr, and more generally by the rank of the reservoir’s
correlation matrix R36.

In QRC, dimensional limitations are particularly critical because the
available degrees of freedom are fundamentally constrained by physical
resources, such as the number ofmodes, the number of photons, and the set
of accessible measurement outcomes. Furthermore, practical implementa-
tions are affected by real-world imperfections, including statistical noise37,38,
losses, and imperfect detection.These factors can further reduce the effective
dimensionality of the computational space explored by the system. In this
context, we characterize the dimension of the explored space via the Gram
matrix of the reservoir stateX, where each row represents the state at a given
time step. It is computed as G = XTX, and encodes the pairwise inner
products between reservoir states across time, offering a quantitative mea-
sure of the effective dimensionality explored by the observables28.

Experimental realization
Our photonic quantum reservoir consists of a hybrid platformmade up of a
single-photon source, a reconfigurable four-arm integrated interferometer,
fabricated via femtosecond laser waveguide writing in glass39, illustrated in
all its details in ref. 40, and single-photon detectors. The source is a BBO
crystal designed for Type-II Spontaneous Parametric Down Conversion
(SPDC), which is used to generate photon pairs that are subsequently
coupled into single-mode fibers (SMFs). The photons are spatially sepa-
rated, and their indistinguishability, in both time and polarization, is con-
trolled using delay lines and fiber polarization controllers, respectively.

ThePIC architecture is shown inFig. 1b, the device includesonly linear
optical elements, such as beam splitters (BSs), thermal phase shifters (PSs),
and SWAP gates. This architecture allows us to implement the quantum
reservoir protocol. In the following, we detail each of the four main steps:
state preparation and input encoding, evolution, measurement, and feed-
back operation.

Preparation and encoding. We evaluate the system performance by
exploiting the path degree of freedom for three different input config-
urations: single-photon (nph=1), twodistinguishable photons (nph,D=2),
and two indistinguishable photons (nph,I= 2) inputs. In the single-photon
configuration, the input state 1000j i corresponds to injecting a single
photon into the first mode of the PIC. The second photon here is used
solely as a trigger for post-selected coincidence measurements. The
temporal input sequence is encoded into the phase parameter ϕB, which
modulates the single-photon state as follows:

ψB

�� �
1 ¼ 1

2 1 0 0 0j ið � ieiϕB 0 1 0 0j i
�i 0 0 1 0j i � 0 0 0 1j iÞ ð4Þ

By also injecting the second photon into the lastmode of the device, we
initialize the input state in 1001j i. In this scenario, we have access to a larger
computational space; therefore, we can assess whether additional dimen-
sionality enhances the system’s ability to solve the target tasks. In the case of
distinguishable photons, the measurement outcomes provide direct access
to classical joint probability distributions over pairs of output modes,
reflecting correlations that arise from the co-propagation of distinguishable
photons through the circuit. These distributions contain additional infor-
mation compared to single-photon inputs, reflecting classical correlations
among the photons’ paths. In contrast, when indistinguishable photons are
injected, quantum interference leads to measurement statistics that reflect

non-classical correlations. These can be exploited to realize richer trans-
formations of the input sequence, thus serving as an additional resource to
increase the expressivity and computational capabilities of the reservoir.
When injecting indistinguishable photons into the two modes of the PIC,
the evolution through the preparation layer allows us to generate two-
photon entangled states by leveraging the effect of quantum interference at
the BS level. Thus, we investigate the scenarios where the photons are
injected either indistinguishably in time or with a controlled temporal delay
τ as represented in Fig. 1b, allowing us to prepare in a controlled way
separable or entangled two-photon states.

In the encoding layer, the input sequence value sk is encoded via a phase
shifter acting on the phase ϕB. Consequently, once the state is prepared and
the phase is encoded, the entangled two-photon state becomes:

ψB

�� �
2;I ¼ � 1

2
ffiffi
2

p 2 0 0 0j i þ e2iϕB 0 2 0 0j i þ 0 0 2 0j i�
þ 0 0 0 2j iÞ þ 1

2 ð 1 0 0 1j i � eiϕB 0 1 1 0j iÞ:
ð5Þ

On the other hand, the two-photon distinguishable state takes the
form:

ψB

�� �
2;D

¼ 1
4 1000j i1 þ ieiϕB 0100j i1 þ i 0010j i1
��

� 0001j i1
	� 1000j i2 þ ieiϕB 0100j i2

�
þ 0010j i2 � 0001j i2

	

;

ð6Þ

where the indices 1 and 2 refer to the two distinguishable photons, which
evolve independently across the four spatial modes.

Evolution. At this stage, the system evolves according to a unitary evo-
lution applied to the input modes of the injected photons, depending on
the feedback applied to the phases ϕD and ϕ4. This evolution is realized by
the PIC and is given by the unitary operator:

Uϕ4
� UϕD

¼ 1
2

eiðϕDþϕ4Þ ieiϕ4 i �1

ieiðϕDþϕ4Þ �eiϕ4 1 i

ieiϕD 1 �1 i

�eiϕD i i 1

0
BBB@

1
CCCA: ð7Þ

This unitary dynamics, which incorporates the input-dependent
feedback encoded in the phases, drives the internal quantum state of the
reservoir and encodes temporal correlations across input sequences. Further
details about the evolution of the states injected into the PIC are provided in
the Supplementary Information S1.

Measurement. The probability distribution of the circuit’s output states
ismeasured using avalanche photodiodes (APDs). For each experimental
configuration, we collect an average total number Ntot of coincidence
counts, which are used to reconstruct the output probability vector pkð~μÞ.
Specifically, the same average counts have been chosen for all the different
optical inputs to ensure consistent statistical resolution and a fair com-
parison, thus granting that differences in performance arise from the
system’s dynamics rather than variations in measurement statistics. To
reliably reconstruct all the possible output configurations and distinguish
the events in which the two photons exit through different modes from
those in which both photons are detected in the same mode, we employ
fiber beam splitters at each output port. This detection scheme yields 10
distinct outcomes when two-photon input states are injected, and 4
possible outcomes when single-photon inputs are used.

Feedback operation. The measurement performed at the time step k
will condition the encoding and the measurement of the next step k+ 1,
since a part of the distribution pkð~μÞ is fed back into the reservoir in order
to implement the temporal feedback loop. Specifically, the feedback
applied to the phase ϕD during the step k is determined by the
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measurement outcome corresponding to a selected component μ0 of the
probability reconstructed at the previous time step, i.e., pk�1ðμ0Þ. On the
other hand, the feedback applied to ϕ4 is set based on a probability
component that incorporates the system evolution in two steps earlier,
i.e., pk−2(μ

″). After acquiring the entire sequence of measurements, the
model is trained using Ridge regression, whichmaps the recorded output
probabilities to the target values of the computational task.

Experimental results
We start by choosing the configuration of phase shifters that maximizes the
rank of the system’s Grammatrix. This selection defines the transformation
used to encode the input sequence and the ones of the two feedback loops
applied during the protocol. Consequently, the integrated device is cali-
brated to have full control over the selected phase-shifters.

Once the transformation is fixed, task-specific optimization can be
performed by tuning the weights that map both the input sequence and the
feedback signals onto the corresponding optical phases. This corresponds to
adjusting the inputweight coefficient ain, as well as the two feedbackweights
afb,D and afb,4, which control the influence of the feedback on the optical
phases ϕD and ϕ4, respectively. These parameters are treated as hyper-
parameters; however, they are optimized once for a given task and then kept
fixed for the entire run. To perform this optimization efficiently, we employ
the Python Optuna package, a hyperparameter optimization framework
based on Bayesian optimization algorithms41. In addition to tuning the
weights, we also optimize the choice of which components μ0 and μ″ of the
output probability vector are used to drive the two feedback loops. Indeed,
depending on the input sequence, the informativeness of the output modes
changes,making this choice task-dependent.Thesehyperparameter settings
permit the system to adapt to the specific task demand: some tasks benefit
from greater memory capacity to capture temporal correlations, while
others require enhanced nonlinearity to improve the separation of complex
input patterns42. Further details are provided in the Supplementary Infor-
mation S1, Supplementary Tabs. S1-2 and Supplementary Figs. S4 and S5.
After this task-level calibration, the experiment proceeds with all the
parameters fixed; the only quantity that changes from step to step during
reservoir operation is the input phase and the feedback phases, which are
updated depending on the previous output probabilities. The only model
fitted from data is the final classical linear readout. Finally, to quantify the
statistical uncertainty of our experimental results, we propagate photon-
counting shot noise through the full analysis pipeline using a Monte Carlo
resampling procedure. Starting from the experimentally recorded detection
counts used to estimate the output probability distributions, we generate
synthetic datasets by Poisson-resampling each count. This reproduces the
dominant noise contribution in our experiment, namely, finite counting
statistics. For each task, we generate 100 resampled datasets and recompute
the complete performance evaluation for each realization.

We characterize our system performance in the regimes of single-
photon input states (nph = 1) and two-photon input states. In particular, we
consider both distinguishable (nph,D = 2) and indistinguishable (nph,I = 2)
two-photon inputs.

Starting with the study of short-term memory via the linear memory
capacity task, we encode a randomly and uniformly sampled sequence of
values sk ∈ [0, 1] into the reservoir. The resulting reconstructed output
probability vector is then used to train the linear regression model. The
results of the linear memory capacity task are reported in Fig. 2a. In this
analysis, we compare the performance of the QRC system when exploiting
the dynamics of the aforementioned different optical input states. These
results highlight that the presence of feedback dynamics is the main factor
that givesmemory to the system. In contrast, quantumcorrelations alone do
not appear to play a decisive role in this task, as the memory capacity is
essentially identical for two-photon states in both distinguishable and
indistinguishable configurations.Notably, when feedback is active, theQRC
with a two-photon input state achieves slightly better performance com-
pared to the single-photon case, as detailed in the Supplementary Infor-
mation S2 and Supplementary Fig. S14.

The expressivity of the physical reservoir is evaluated by testing the
ability of theQRCsystem to reconstructmonomial functions fn(x) = x

n, with
x∈ [0, 1] and n ranging from 2 to 13. This benchmark is commonly used to
quantify the nonlinear computational capacity of a reservoir, since higher-
order monomials require more complex transformations of the input. The
MSE in themonomial reconstruction on the test set is reported as a function
of the exponent order n in Fig. 2b for the different reservoir configurations
investigated. We observe in this scenario that the configuration employing
indistinguishable photon inputs in combination with feedback dynamics
consistently achieves superior performance compared to other scenarios,
resulting in lowerMSE values, showing that quantum correlations can serve
as a valuable resource for enhancing the system’s expressivity. Such an
enhancement is evident not only in improved prediction accuracy but also
in the learning efficiency,which canbe quantifiedeither in termsof required
training epochs for convergence43 or by the number of training data to
achieve a certain performance threshold. Specifically, as we show in the
Supplementary Information S2 and Supplementary Figs. S6–S12, the con-
figuration using two indistinguishable photons reaches performance
saturation faster than other input configurations, indicating that quantum
interference enables the reservoir to construct richer feature representations
with fewer training examples. Importantly, simply having access to joint
classical probability distributions leads only to a modest improvement in
terms of expressivity. This is evident in the configuration with two distin-
guishable photons, which slightly outperform the single-photon case,
despite offering more degrees of freedom. These classical regimes tend to
saturate at the same expressivity limit. In contrast, the use of indis-
tinguishable photons provides a more evident enhancement in this non-
linear learning task.

The expressivity of theQRC is further testedby considering as a second
benchmark the reconstruction of nonlinear polynomial functions of the
form f N ðxÞ ¼

PN
n¼1ð�1Þnxn. Using the same dataset as in the monomial

case, this task evaluates the reservoir’s ability to capture a richer combination
of nonlinear terms, offering a stronger test of its computational capabilities.
The MSE in reconstructing these polynomial functions for increasing
integer values ofN∈ {1,…, 7} is plotted in Fig. 2c. As in themonomial case,
the configuration with indistinguishable photons achieves the lowest MSE,
indicating superior expressivity. In contrast, configurations using distin-
guishable photons, as well as the single-photon input, exhibit significantly
worse performance as N increases. Other effects of the photon indis-
tinguishability in terms of the expressivity of the photonic platform are
provided in the Supplementary Information S1 and Figs. S1–S3.

Experimental machine learning benchmarks
The computational capabilities of the photonic QRC platform are finally
evaluated on standard ML tasks. In particular, we benchmark its perfor-
mance on tasks widely adopted in reservoir computing literature23,26,30,31,44.
These include the temporal XOR, the nonlinear autoregressive moving
average family (NARMA-N), and the Mackey-Glass (MG) time-series
forecasting task. Each of them is designed to probe different aspects of the
system’s computational performance. In particular, these testbeds allow us
to analyze how the physical platform processes information and to inves-
tigate the role of quantum correlations as a computational resource when
applied to real classical datasets.

The temporal XOR is a binary task where the target output is yk =
sk⨁sk−d, with an input sequence of binary values sk ∈ {0, 1}. This task
requires the system to store and nonlinearly combine temporally delayed
inputs. Since the performance of the model is evaluated using the accuracy
on a test sequence of new data, the raw outputs of the linear regression are
rounded in a successive step to the binary values 0 and 1.

The achieved results are shown in Fig. 3a, b, where the accuracy per-
formance changes varying the delayd∈ {1,…, 4}. Specifically, the bar plot in
Fig. 3a shows the accuracy for the different delays d, for the different input
states: nph = 1, nph,D = 2 and nph,I = 2. As expected, the accuracy decreases
with increasing delay, reflecting the growing memory demand of the task.
For d = 1 and d = 2, all the configurations perform nearly perfectly, with
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accuracies approaching 1. However, as the delay increases to d = 3, the
accuracy of the configuration with nph,I = 2 continues to learn effectively,
while the one with either nph = 1 or nph,D = 2 drops significantly,
approaching the random guess level of 50%. Figure 3b shows the output for
the input state configurations with nph,I = 2 and nph,D = 2, considering d = 1
and d=3. In each subplot, the predicted output yk is plotted over the 60 time
steps representing the test set. At d = 1, both systems track the target
sequence closely, while for d = 3, although the predictions become noisier
and deviate more often from the target, the configuration with nph,I = 2 still
reaches anaccuracyof 0.70±0.03. In contrast, the configurationwithnph,D=
2 isno longer able to reconstruct theoutput, resulting in an accuracy equal to
a random guess. In contrast to the short-term memory study, these results
show that exploiting quantum correlations in the input state enables the
system to better handle more complex tasks. This is evidenced by the
marked improvement in performance observed for the input state nph,I = 2
compared to nph,D = 2 configuration.We note that the behavior observed in
the single-photon experimental case (in particular, the improvement from d
= 1 to d = 2) originates from the global optimization procedure, which was
performed tomaximize the overall performance across all delay tasks rather
than each delay independently; a task-specific optimization would max-
imize the performance at each delay, generally yielding different optimal
configurations for different delays. As further evidence, in the ideal
numerical simulation reported in Fig. S15(c) of the Supplementary

Information, where this global experimental optimization constraint is
absent, performance is indeed monotonic.

Next, the indistinguishability advantage is investigated via the
NARMA sequence task, which tests both short- and long-term memory
combinedwith nonlinear transformations. The input sequence is randomly
and uniformly sampled in [0, 1], and the target is:

yk ¼ αyk�1 þ βyk�1

Xk�1

j¼k�N

yj þ γ u3k�1 þ u5k�1

� 	þ δ; ð8Þ

where uk= μ+ νskwith μ= 0 and ν= 0.2, while the other parameters are α=
0.3,β=0.05,γ=50 and δ=0.1.The evaluationof the task is illustrated inFig.
3c, where performance is studied via theMSE as a function of the NARMA
order N45. Specifically, Eq. (8) is a modified version of the usual NARMA
equation present in the literature and is used to emphasize the nonlinear
processing capability of the system together with short-term memory
requirements. This choice is motivated by the memory capacity analysis of
our platform, which depends on the feedback architecture, in particular, by
the number of active feedback phases. The adapted task, therefore, remains
genuinely dynamical and requires a finite amount of memory, but it is
designed to bemore sensitive tononlinear transformations of the input. The
results show a similar behavior to the one obtained for the temporal XOR

Fig. 2 | Characterization of the quantum reservoir computingmodel: short-term
memory and expressivity.We report the quantum reservoir performance achieved
for different photonic input states: two indistinguishable photons (nph,I = 2, light
blue dots), two distinguishable photons (nph,D = 2, pink dots), and a single photon
(nph = 1, green dots). a The short-term memory capacity is measured via the coef-
ficient of determination R2

d as a function of the delay d∈ [0, 6].We report the results
obtained when injecting into the device two indistinguishable photons but without
feedback dynamics (yellow dots). The dataset contains 497 points in total. b The
expressivity of the QRCmodel is measured by looking at the reservoir performance,
in terms of the mean squared error (MSE) on the test set, in reconstructing fn(x) = xn

for n = 2,…, 13. Insets display the predicted outputs for n = 5 and n = 7 for different

photon-input configurations compared to the target (black lines). It is also plotted
the corresponding training output for nph,I = 2 (dark blue line). The datasets contain
150 points in total. c The expressivity of the model is further explored through the
approximation of polynomial functions defined as f N ðxÞ ¼

PN
n¼1ð�1Þnxn , withN =

1, …, 7. The MSE is plotted as a function of N. d Three examples of polynomial
function approximations for selected values ofN = 4, 5, and 6. In panels (b) and (d),
the lighter solid lines (light blue, pink and green) correspond to the test-set pre-
dictions for nph,I = 2 inputs, nph,D = 2 inputs, and nph = 1 input states, respectively.
Error bars and shaded areas in the plot are obtained from Monte Carlo Poisson
resampling of the experimental photon-count distributions (100 realizations) and
represent one standard deviation of the resulting performance distribution.
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task, indeed the systemwithnph,I=2outperforms both thenph= 1 andnph,D
=2cases across all the valuesofN∈ {1,…, 8}. The comparison forNARMA-
5 is further emphasized in Fig. 3d, showing how the configuration with
indistinguishable photon tracks the target more closely than the
distinguishable case. This supports the point that the presence of quantum
correlations expands the accessible computational space in a meaningful
way, enabling the reservoir to capture and reproduce complex temporal
dependencies, especiallywhennonlinear dynamics are involved. Finally, the
results in Fig. 3e summarizes this behavior through themean absolute error
among the different input states.

The last task examined is the forecasting capabilities of ourQRCmodel
for theMackey-Glass time delay differential equation, described by complex
continuous-time chaotic dynamics:

s
�
ðtÞ ¼ αsðt � τÞ

1þ sðt � τÞβ
� γsðtÞ; ð9Þ

where the parameters are fixed to α = 0.2, β = 10, γ = 0.1, and τ = 17. The
latter is responsible for the chaotic attractor dynamics shown in Fig. 4a.
Then, the differential equation is numerically solved assuming the initial
condition s(0) = 1.2, a constant past history s(t) = 1.2 for t ∈ [− τ, 0], and
setting the integration time step toΔt= 1. The resulting sequence is sampled
at each integration step, so that one update s(t)→ s(t+ Δt) corresponds to
one reservoir cycle k → k + 1. The scalar time series is then min-max
normalized to obtain values sk∈ [0, 1], which are encoded into the phase of

the photonic circuit. The aim of this task is to perform a time-series
forecasting that generates predictions tf cycles into the future, i.e., trying to
predict the target values yk ¼ skþtf

. In Fig. 4b, c,we evaluate the ability of the
model to learn theMackey-Glass time series, comparing the forecasting for
tf = 3 across the two configurations: nph,D = 2 and nph,I = 2. While both
scenarios involve two-input photons, the output spectra of the optical
network show different numbers of frequency components. This difference
arises from the total number of indistinguishable input photons, which
affects the capacity of the model to represent complex signal structures46.
Despite this difference, both configurations succeed in capturing the
fundamental frequency of the target signal. This is enabled by the direct
encoding of the time-series and by the optimization of the input scaling
hyperparameter ain, which helps the output of the network to match its
frequency. However, the configuration with two indistinguishable input
photons also in this scenario slightly outperforms the reservoir with
separable states in reconstructing the signal amplitude, showing an
enhanced expressivity34, thus expanding the set of functions accessible to
the linear regression model. Additional details are provided in the
Supplementary Information S2 and Supplementary Figs. S13–S15, together
with the scaling of the platform effect Supplementary Figs. S16–S20.

Discussion
The ambition to develop quantum neural networks has attracted growing
interest recently. A widely adopted approach relies on variational
strategies47, where the parametrized quantum circuit is trained through a

Fig. 3 | Quantum reservoir performance on machine learning benchmarks:
temporal XOR and NARMA-N. The tasks are evaluated for different input con-
figurations: two indistinguishable photons (nph,I = 2, light blue), two distinguishable
photons (nph,D= 2, pink), and single photons (nph = 1, green). aThe temporal XOR is
defined as sk⨁sk−d, where sk ∈ {0, 1} is the input sequence, and d is the temporal
delay. The task is evaluated using classification accuracy for delays d = 1,…, 4. The
datasets contain 300 points in total. b The output predictions are compared with the
targets for both nph,I = 2 and nph,D = 2 configurations, and for d = 1 and d = 3.While
both performwell at d = 1, only the nph,I = 2 configuration successfully addresses the
increased memory and nonlinearity demands at d = 3. c Performance on the test set

for theNARMA-N task45. Also, this testbed shows the enhancement due to quantum
correlations; indeed, the configuration with nph,I = 2 always outperforms the one
with nph,D = 2 and nph = 1. The datasets contain 500 points in total. d The test with
respect to the target for the three configurations investigated is plotted for the
function NARMA-5. Both the predicted and the target values yk are normalized to
ensure a fair comparison. e The different normalized mean absolute errors between
the predicted and the target values are compared in a histogram. Shaded areas in the
plot are obtained fromMonteCarlo Poisson resampling of the experimental photon-
count distributions (100 realizations) and represent one standard deviation of the
resulting performance distribution.
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hybrid quantum-classical feedback loop. While successful in a range of
applications48–51, such methods face intrinsic scalability challenges, includ-
ing theBarrenplateau problem52, where gradients vanish exponentiallywith
system size. This makes this procedure insufficient or infeasible when
dealing with complex and high-dimensional systems that require extensive
gradient optimization. These limitations motivate the exploration of alter-
native models such as quantum reservoir computing. At the same time, it is
important to note that QRC does not automatically bypass all scalability
bottlenecks. Recent works have shown that, in certain QRC settings, par-
ticularly for increasingly large and highly scrambling reservoirs, the mea-
sured reservoir features can exhibit exponential concentration with system
size, implying an unfavorable sampling complexity and potentially degra-
ded learnability at scale53,54. This highlights a nontrivial trade-off between
increasing expressivity and avoiding regimes where readout observables
become too strongly concentrated, while overly restricting the dynamics
may reduce expressivity and lead to classical simulability.

In this work, we have experimentally implemented a photonic quan-
tum reservoir protocol for temporal sequences forecasting using a reconfi-
gurable integratedphotonic platform, necessary for implementing real-time
feedback loops. By injecting into the reservoir single-photon, two-photon
distinguishable, and two-photon indistinguishable states, encoded in the
path degree of freedom, we have systematically investigated how quantum
correlations influence computational performance.

The successful forecasting of time-series data generally relies on two
key capabilities of the computing platform: its capacity to memorize
information about past inputs, to keep track of temporal correlations, and
the ability to model nonlinear input-output relations. Our study demon-
strates that the first capability can be engineered in integrated photonics
systems through adaptive feedback mechanisms, with performance mainly
governed by the number of active feedback loops and depending on the size
of the accessible configuration space. These elements define the reservoir’s
memory. The second capability, linked to the expressivity of the system, can
be improved by the use of multiphoton quantum states. When quantum
correlations are introduced, exploiting photon indistinguishability, the
system gains a clear advantage in reconstructing higher-order nonlinear
functions when fixing the number of physical resources. This enhancement
directly translates into task-dependent improvements in accuracy on clas-
sical time series prediction benchmarks characterized by strong non-
linearities. The observed performance gain can be attributed to the

combination of multiphoton inputs and adaptive dynamical feedback,
which increases the reservoir’s sensitivity to variations in the parameters
encodingof the input sequence.Such increased sensitivity canbe interpreted
in termsof higher Fisher Information associatedwith indistinguishable two-
photon states, which makes the output probabilities more responsive to
changes in the encoded data. This has been largely proven in prior adaptive
phase estimation experiments carried out on the same platform40,51,55, and
investigating this connection further represents a promising direction for
future research.

Additionally, we performed numerical simulations, which further
demonstrate that increasing the number of photons and the size of the
photonic circuit can, in principle, enhance memory capacity and expres-
sivity. However, the advantages associated with enlarging the Hilbert space
are strongly task-dependent and can be masked by saturation effects when
thebenchmarkdoesnot require additional degreesof freedom. Inparticular,
for relatively simple function-reconstruction tests such as themonomial and
polynomial benchmarks considered here, performance improves only up to
the point where the reservoir’s effective feature space and feedback-induced
dynamics become sufficient, after which different scaled configurations
converge to comparable accuracy. For this reason, largerphotonic reservoirs
should be evaluated on more demanding learning tasks and protocols,
which require simultaneously long-range temporal structure and higher-
order nonlinear transformations so that the additional expressivity provided
by multiphoton indistinguishability and the richer memory dynamics
available in larger circuits can translate into measurable computa-
tional gains.

Overall, our results provide experimental evidence that quantum
correlations and multiphoton states enrich the structure of the reservoir’s
dynamics in a meaningful way, learning more effectively temporal depen-
dencies when implementing adaptive feedback loops. Notably, this
enhancement emerges alreadywhen employing two-photon states in a four-
mode device, demonstrating the possibility of having an advantage even
when operating in a relatively low-dimensional space.

Methods
Digital linear layer
In quantum reservoir computing, a digital linear layer is responsible for the
training of the learning model. This layer takes as input the high-
dimensional output features of the model, X, and uses linear regression to

Fig. 4 | Mackey-Glass time series forecasting. a Chaotic attractor of the Mackey-
Glass (MG) time-delay differential equation, simulated with parameters α = 0.2, β =
10, γ = 0.1, and delay τ = 17, which induces chaotic dynamics. The differential
equation is numerically integrated, then time-discretized, normalized, and directly
encoded as input to the quantum reservoir system. b, c Forecasting of future time
steps with prediction horizon tf = 3, comparing the target signal (black) with the
predicted outputs during both training and testing phases. Two photon-input
configurations are considered: b injection of two distinguishable photons (nph,D = 2,

shown in salmon for training and pink for test), and c injection of two indis-
tinguishable photons (nph,I = 2, shown in dark blue for training and light blue for
test). The achieved MSE is reported in the title of the corresponding plot. Each
dataset contains 390 points. Shaded areas in the plot are obtained fromMonte Carlo
Poisson resampling of the experimental photon-count distributions (100 realiza-
tions) and represent one standard deviation of the resulting performance
distribution.
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adjust the weights of a matrixW and approximate the target y. Specifically,
we use the linear model Ridge from the Python library sklearn to perform
linear regression efficiently. In this framework, where the prediction func-
tion is defined as f ðpk;WÞ ¼ pTkW with W being the vector of trainable
weights, the training process consists in minimizing a regularized least-
squares loss function:

min
W

XK
k¼1

f ðpk;WÞ � yk
� 	2 þ αjjWjj2; ð10Þ

with α the regularization strength and ∣∣W∣∣2 the squared l2-norm of the
weights. Using the compact notation X ¼ ðp1; . . . ; pK ÞT for the data
matrix, and y ¼ ðy1; . . . ; yK ÞT for the target vector, the least-squares error
becomes ∣XW− y∣2. When the regularization parameter α goes to zero, the
solution of suchaminimization isW=X+y, whereX+ is theMoore-Penrose
pseudoinverse ofX, and, if the inverse exists,Xþ ¼ ðXTXÞ�1

XT : For α ≠ 0
it becomes:

W ¼ ðXTX þ αIÞ�1
XTy; ð11Þ

where I is the identitymatrix. Specifically, the role of the regularization term
is to prevent overfitting by penalizing large weight values, with its strength
controlled by the hyperparameter α ∈ [0,∞).

Another hyperparameter considered in the training procedure is the
washout, which refers to the initial number of time steps during which the
output of the reservoir is discarded and not used for training. This is done
because, at the beginning of a sequence {sk}, the reservoir state is more
influenced by the initial conditions than by the input-driven dynamics.
Discarding these initial steps exploits the fading memory property of the
reservoir and allows the system to evolve into a dynamic regime that is
independent of its initial state. Consequently, the training for each task is
described in sec. “Experimental results” are carried out by optimizing both α
and the washout using Optuna. The search ranges for the optimization are
set to α ∈ [10−25, 10−1] and washout ∈ [3, 50]. The α range is chosen
empirically to focus on regions associatedwith better performance, while the
washout range is selectedbasedon the short-termmemory analysis shown in
Fig. 2a, ensuring that the amount of training data is not excessively reduced.

Additional details on the feedback
We explore two feedback configurations. In the first configuration, the
feedback loops applied to the phases ϕD and ϕ4 depend only on the
immediate past output, specifically at time step k − 1. In the second con-
figuration, the feedback incorporates a longer temporal history: the feedback
applied to ϕD still depends on the output at time step k − 1, while the
feedback applied to ϕ4 is based on the output at time step k − 2. We have
observed that, in the nonlinear regime, such as in the reconstruction of

nonlinear functions, the expressivity of the system benefits from a feedback
loop that relies only on the most recent step k− 1. However, when the task
places greater demands on temporal information processing, that is, when
the model requires memory, performance improves by including infor-
mation from earlier steps. In such cases, extending the feedback to incor-
porate additional past outputs enhances the system’s ability to capture
temporal dependencies.

We further investigate the role of the feedback loop in the reservoir
dynamics by evaluating performancewhen it is removed. As already shown
in Fig. 2a, removing the feedback loop in a task that requires memory
completely cancels the system’s memory capabilities. Here, we extend this
analysis to a task requiring both expressivity and memory, that is, the
NARMA tasks. To this end, we use the same experimental datasets
described in sec. “Experimentalmachine learning benchmarks,” but apply a
reshuffling of the input sequences.Theprediction results obtainedusing two
reservoir configurations on the reshuffled datasets are shown in Fig. 5. In
both cases, since the absence of any temporal structure, the reservoir is no
longer able to reproduce the nonlinear dynamics required by the NARMA
tasks, resulting in no agreement with the target signals. These results
highlight the crucial role of feedback and memory in enabling the reservoir
to model temporal functions.

Data availability
All data generated and/or analyzed during the current study are not publicly
available due to the large volume of raw experimental data, but are available
from the corresponding author on reasonable request.

Code availability
The code used is available from the corresponding author upon reasonable
request.
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