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can be used to improve the overall performances.
By addressing fundamental features of significant prac-

tical repercussions, our study allows to shape the con-
tours of the class of tasks that can be successfully tackled
through such novel architectures for quantum informa-
tion processing, and contributes to the investigation of
property-reconstruction protocols, assisted by artificial
intelligence, which is raising growing attention from thew
quantum-technology community.

The remainder of this paper is organized as follows.
In Sec. II we set the context of QELMs and provide both
the main formal results of our analysis, and a recon-
struction method, whose e�ciency we briefly discuss. In
Secs. III and IV we address the cases of single and mul-
tiple injections of the input state, assessing the capacity
of QELMs to reconstruct a given target observable, pro-
viding analytical and numerical results when considering
both linear and nonlinear functionals of the input density
matrix. Finally, in Sec. V we draw our conclusions.

II. DESCRIPTION OF THE GENERAL QELM
APPROACH

We now review the basic features of classical ELMs and
QELMs, present a general way to model QELMs, and
characterise their predictive power in various scenarios.

A. Introduction and notation

An ELM [7, 9] is a supervised machine learning pro-
tocol which, given a training dataset {(xtr

k
,ytr

k
)}Ntr

k=1 ⇢
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Figure 1. Schemes of principle of (a): Classical ELM setup;
(b): QELM setup for classical information processing.

Rn ⇥Rm, is tasked with finding a target function ftarget :
Rn ! Rm such that, for each k, ftarget(xtest

k
) ' ytest

k

with a su�ciently good approximation for previously
unseen datapoints {(xtest

k
,ytest

k
)}k. As most machine

learning algorithms, ELMs are characterised by their
model, that is, the way the input-output functional rela-
tion is parametrised. For ELMs, the model is a function
of the form x 7! Wf(x) with f a fixed — generally non-
linear — function implementing the reservoir dynamics,
and W a linear mapping applied to the output of f . The
function f is not trained, but rather fixed beforehand,
and can for example be implemented as a neural network
with fixed random weights. The training algorithm opti-
mises the parameters defining W in order to minimise
some distance function — often the standard Euclidean
distance — between Wf(xtr

k
) and ytr

k
. As a classical

example, one can think of a supervised learning task
where xtr

k
are images representing handwritten digits,

and ytr
k

the digits the images represent. In this example,
n would be the number of pixels in each image, and
the goal of the algorithm would be to use the training
dataset of labelled images {(xtr

k
,ytr

k
)}Ntr

k=1 to find the W

such that, for all new images xk, Wf(xk) is the correct
digit drawn in xk.

The standard way to quantise ELMs is to replace the
map f with some quantum dynamics followed by a mea-
surement. To maintain full generality, we consider a com-
pletely positive trace-preserving (CPTP) quantum map
⇤ – which we refer to as a quantum channel — followed
by a POVM {µb : b 2 ⌃}, where ⌃ is the set of possible
measurement outcomes [25]. In the context of QELMs,
the training dataset has the form {(⇢tr

k
,ytr

k
)}Ntr

k=1, with
⇢
tr
k

an input state and ytr
k

the output vector that the
QELM should associate to ⇢

tr
k

. More precisely, the goal
of the training is to find a linear operation W such that

X

b2⌃

Wab Tr
�
µb⇤(⇢tr

k
)
�

' (ytr
k

)a, (1)

with a = 1 . . . m and k = 1 . . . Ntr, and with Wab the ma-
trix elements of W . It is also possible to use QELMs as a
way to process classical information exploiting complex
quantum dynamics. In this case, the training dataset
should be considered as a set of the form {(str

k
,ytr

k
)}k,

in direct analogy with the classical case, where now
sk are classical vectors suitably encoded in the input
quantum states ⇢s. The di↵erence with the classical
setup, in this case, is entirely in the specific form of the
function mapping inputs to outputs. The capabilities of
QRC/QELM to process classical data depends crucially
on the nonlinearity of the encoding s 7! ⇢s, as discussed
in Refs. [19, 26] [cf. fig. 1 for a schematic overview of
the distinction between ELM and QELM protocols]. We
will focus here on the former point of view to derive
results that are independent of the specific forms of clas-
sical encodings ⇢s, and useful when the goal is to probe
property of the input states.

The “classical reservoir function” f : Rn ! Rm be-

Quantum Reservoir Computing and Quantum Extreme Learning Machines
• Reservoir computing is a simpler version of NN in which the 

input signal is connected to a fixed and random dynamical 
system (the reservoir), creating a higher dimension 
embedding. 

• This embedding is connected to the desired output via 
trainable links (weights).

• the weights between the input and the ‘reservoir’ and also the 
weights of the ‘reservoir are randomly assigned and not 
trainable

• the weights between the reservoir and the output layer are 
trainable and can be learned 

• An Extreme Learning Machine is a Reservoir with no memory
• In QRC the input states, the reservoir and the output register 

are quantum
• A quantum RC can perform classical tasks as well as quantum 

tasks
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quantum dynamical map ! followed by a measurement
step [48, 49, 74]. Furthermore, whenever the input data
are not purely quantum, they need to be encoded in
a quantum state in order to be processed by the reser-
voir [49, 58, 75], giving us a dataset of training states
(straink → ωtraink ). If we assume that the measurement
step is performed evaluating the expectation values of a
Positive Operator Valued Measure (POVM) ”i, we have
the following correspondence:

R(Strain) → P train
ik = Tr

{
”i![ω

train
k ]

}
(3)

where P
train is the probability matrix relative to the

training states. The dimension of P entirely depends on
the number of measured operators on the reservoir and
on the dimension of the training dataset, i.eDout↑Dtrain.
It is important to stress the fact that, since both the
quantum map ! and the post-processing layer are linear
in the input quantum states, QELMs cannot be a#ected
by over-fitting. On the other hand, being the action
of classical reservoir not necessarily linear on the input
data, this is not generally true for classical ELMs. A
pictorial representation of QELM is shown in fig. 1.

FIG. 1. Pictorial representation of how QELM on classical
data works. Classical data are encoded in a physical system
from which we collect a set of measurements. The outcomes
undergo a linear post-processing which maps the outcomes
of the reservoir to the output of task.

Finally, to evaluate the system’s generalization capabili-
ties, we use a testing dataset along with its associated
probability matrix P

test. The performance is assessed
using a task-specific metric; for this work, we employ
the relative error between the reconstructed and testing
features:

ε =
(ytestk ↓ ypredk )2

(ytestk )2
↔ 100. (4)

III. METHODOLOGY

In this section, we review the structure of the training
dataset, its pre-processing and the working of the QELM.

A. Dataset

As mentioned the aim is to build a quantum extreme
learning framework able to make atmospheric retrieval
of exoplanets. In particular, we are going to process
datasets of spectra generated by TauREx [69, 70]. Tau-
REx is an open-source Bayesian code for exoplanetary
atmospheric modeling and retrieval whichhandle allows
for the generation and retrieval of transmission, emis-
sion and reflection spectra over a wide range of com-
positions and physical parameters. TauREx computes
radiative transfer on exoplanetary atmospheres taking
into account di#erent chemical and physical conditions
to produce the resulting spectrum. Its object-oriented
structure allows the inclusion of many di#erent atmo-
spheric scenarios and it is widely used in the exoplanetary
community.

The dataset we used in this context is the same used in
[23]. It depends in particular on 4 parameters for the
molecular volume mixing ratios (CH4, CO2, CO,H2O)
and 3 physical parameters M,R, T , respectively, plan-
etary mass, radius and equilibrium temperature. We
assume a constant vertical profile for each volume mixing
ratio and isothermal temperature-pressure profile. Each
parameter has its lower and upper bounds and the inter-
vals are divided in 10 discrete values. Each spectrum is
generated by TauREx in the spectral range [0.3, 50]µm,
divided in 515 spectral bins, considering a combination
of randomly selected values for each parameter. Thus
we have 107 spectra available for training and testing. In
this work we process a sampled subset of 104 spectra for
both the training and the testing stage. All the details
regarding the lower and upper bound for each of the
atmospheric parameters are summarized in table I. This
dataset will be labeled as TauREx.

In order to test QELM in a more realistic scenario, we
considered a spectrum of HAT-P-18b [76], measured by
JWST and processed the TauREx spectra by interpo-
lating the same spectral binning of JWST in the spectral
range [0.6, 2.8]µm. This second dataset will be labeled
as JWST.

The JWST spectra have also been processed considering
shot noise obtained by a source of photons at Tω=6460K.
The shot noise has been computed as shown in [77]. This
last dataset will be labeled as Noisy JWST (NJWST).

Finally, we considered one last dataset by filtering out
the shot noise with a pre-processing shown in the next
subsection and we are going to label it as Filtered JWST
(FJWST). In fig. 2 we show an example of all the
previously described data.

B. Data pre-processing

The first problem to solve in the context of quantum
machine learning in general is the encoding of high di-
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FIG. 4. Resuming scheme of the whole processing: spectra are patched according to [23] and pre-processed by the processing
layer consisting of an interpolator (for JWST spectra), a normalization layer and a principal component analysis layer acting
on each of the patches. The components are encoded in a reservoir as shown in fig. 3 and the outcome probabilities are than
post-processed via the output layer to obtain the atmospheric parameters.

Reservoir layer - While in the encoding layer we only
acted on a subset of qubits, in the reservoir we work
with all of them. In particular, we perform random local
rotations along the Y axis by applying the RY gate on
each qubit, with RY

RY (ω) = e→iωεy
k (9)

The CNOT gates in the reservoir defined as

CNOT k+1
k = |0→↑0|k + |1→↑1|kεx

k+1 (10)

act on consecutive pairs of qubits k, k + 1 with a condi-
tional dynamics where the first qubit of the pair acts as
the control and the second qubit as the target.

Then we apply a second layer of random
RY rotations. Thus, each reservoir in the
reservoir layer consists of a unitary evolution
U i
Res=

∏Q
k=1 RY (ϑk)

∏Q→1
k=1 CNOT k+1

k

∏Q
k=1 RY (ϖk).

Measurement Layer - In the last layer we perform a pro-
jective measurement on each individual qubit, obtaining
a set of outcome probabilities pi for each reservoir:

p
i ↓ {pim} = ↑0|U i†

EncU
i†
Res !m U i

ResU
i
Enc|0→ (11)

The output from each reservoir pi, corresponding to the
processed outcome of the respective patch x

i in eq. (6),
are aggregated into a single output matrix P structured
as:

P =





p
1

p
2

...
p
Np+1



 (12)

The aggregated output vector P is then processed by
a linear output layer, which extracts the atmospheric
parameters of the spectra. A pictorial representation of
the QELM model used in this work is visualized in fig. 4.

We consider successful retrievals those with relative error
(eq. (4)) ϱ ↔ 5%. Thus we define the accuracy A as:

A =
1

Dtest

Dtest∑

i

ς(ϱi) (13)

ς(ϱi) =

{
1, if ϱi ↔ 5%,

0, otherwise.

IV. RESULTS

We tested our algorithm on IBM Fez, a quantum com-
puting device with 156 qubits. In particular, we used
this device to process JWST data, which we argue to
be a good compromise between the more complete data
generated by TauREx (fig. 2a) and the more realistic
NJWST data (fig. 2c). The reservoir layer consists of
NJWST + 1=8 + 1 reservoirs, processing in parallel the
principal components obtained by the 8 patches, plus
1 for the average of the spectra, global maxima and
minima. From each patch we extracted M=5 principal
components and worked with a dataset of dimension
D=4080, with the 75% used for training while the re-
maining 25% for testing. As we show in appendix A,
altough these are not the most ideal condition to fully
train the output layer and to capture all of the infor-
mation needed from the spectra, they nonetheless are
enough to both show fault tolerance and provide good
results.
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FIG. 5. Results obtained by processing the JWST dataset
using IBM Fez. The results have been obtained using reser-
voirs of 5 qubits each and M=5. In this context we considered
a dataset of D=4080 spectra, with the 75% used for training
and the rest for testing. Both the results obtained on hard-
ware and the finite statistics simulation were obtained with
20000 shots.

In order to parallelize the action of the 9 reservoirs, we
designated 9 subsets of 5 qubits on the QPU, each used
to process the incoming data from a patch of the spectra
or the global properties as visualized in fig. 4. Each qubit
in the reservoirs processing the principal components
was encoded with one as shown in fig. 3. After the pro-
cessing we end up with a vector of outcome probabilities
of the qubits of the whole quantum processor, but of
course in this context we are only interested in retaining
the outcome probabilities of the qubits of each reservoir.
From each reservoir we then obtain a 2M = 32- dimen-
sional vector pi which are then all joined together in a
single (NJWST + 1) → 2M -dimensional vector (eq. (12))
P which undergoes the usual linear post-processing pro-
cedure shown in eq. (1). The processing of the whole
dataset took about 6 hours of computational time.

In fig. 5 are visualized the accuracies in the retrievals
performed with the QELM implemented with IBM Fez.
The blue bars represent the result obtained with an infi-
nite statistics simulation, meaning that the processing
is purely mathematical, without taking any sampling
statistics into account when measuring the outcome prob-
abilities; the orange bars represent the results obtained
by simulating a sampling statistics of 20000 shots, mean-
ing that each data has been processed 20000 times by
the reservoir layer and thus we have the same number
of measurement outcomes from the measurement of the
state of the qubits, from which we extract the outcome
probabilities; at last, the green bars represent the result
obtained employing IBM Fez to process the dataset with
the same sampling statistics of the simulation. The nu-
merical results of the accuracy table II show that with
the current dataset and principal components, we are
be able to retrieve the radius of all the exoplanets of
the dataset within a relative error of 5% and the con-
centration of CH4 and H2O of almost all the dataset

within the same threshold. Furthermore, we are able to
reconstruct also CO2 for the 86% of the dataset and the
other following with decreasing accuracy.

Accuracy (%) CH4 CO2 CO H2O M R T
Infinite Stat 96.3 86.6 43.8 99.7 78.9 100.0 81.0
Finite Stat 86.4 76.7 39.7 88.5 54.2 100 63.5
IBM Fez 83.6 75.1 39.5 86.2 51.7 100.0 64.5

TABLE II. Comparison of simulation and IBM Fez accuracy,
visualized in fig. 5, in retrieving the atmospheric parameters
within a relative error ω → 5%.

In fig. 5 one can be observed how, at finite statistics,
we lose about the 10% of accuracy in all of the parame-
ters with the highest retrieving accuracy, which is still
acceptable and can be improved with a higher number
of shots. What is truly remarkable is that there is al-
most no di!erence between the results obtained with
a finite finite statistics simulation and those obtained
with IBM Fez, proving successfully the fault tolerance of
the algorithm. In appendix A and appendix B we show
that all of the results can be improved considering a
larger training dataset and a larger number of principal
components.

As previously discussed, each spectrum has been gen-
erated by TauREx considering the input atmospheric
parameters distributed accordingly to a discrete distri-
bution comprising ten possible values for each param-
eter. To evaluate how e!ectively the QELM estimates
these ten categories, we employed a bootstrap method
to resample the unknown underlying distribution of the
estimated parameters of the training set. This gave us
an estimate of how well the QELM was able to discern
spectra with di!erent atmospheric parameters and asso-
ciate an error to its predition. The results are visualized
in fig. 6: each panel shows the median parameters ob-
tained by re-sampling the distribution of the outcome
parameters estimated with the QELM compared with
the actual ones. The error bar corresponds to the confi-
dence interval of the bootstrapped distribution, which
covers 95% of the distribution. The setup in terms of
utilized dataset and extracted principal components is
the same as fig. 5. From the figure, we can better appre-
ciate how both the QELM trained with the simulated
and IBM Fez processed data is able to perfectly dis-
cern spectral data from exoplanets with di!erent radius
and almost perfectly estimating the concentration of all
chemical compounds in its atmosphere, except for CO.
We however observe that even though our QELM is not
able to exactly reconstruct the concentration of CO, it
is still able to discern exoplanets with low concentration
from the others, with decreasing accuracy as the CO
increases. On the other hand, the QELM fails to recon-
struct mass and temperature, estimating about the same
value for all of the spectra. The results on this side are
better for the finite statistics simulation, but still the
QELM is not fully capable even in this case to extrap-

7

FIG. 5. Results obtained by processing the JWST dataset
using IBM Fez. The results have been obtained using reser-
voirs of 5 qubits each and M=5. In this context we considered
a dataset of D=4080 spectra, with the 75% used for training
and the rest for testing. Both the results obtained on hard-
ware and the finite statistics simulation were obtained with
20000 shots.

In order to parallelize the action of the 9 reservoirs, we
designated 9 subsets of 5 qubits on the QPU, each used
to process the incoming data from a patch of the spectra
or the global properties as visualized in fig. 4. Each qubit
in the reservoirs processing the principal components
was encoded with one as shown in fig. 3. After the pro-
cessing we end up with a vector of outcome probabilities
of the qubits of the whole quantum processor, but of
course in this context we are only interested in retaining
the outcome probabilities of the qubits of each reservoir.
From each reservoir we then obtain a 2M = 32- dimen-
sional vector pi which are then all joined together in a
single (NJWST + 1) → 2M -dimensional vector (eq. (12))
P which undergoes the usual linear post-processing pro-
cedure shown in eq. (1). The processing of the whole
dataset took about 6 hours of computational time.

In fig. 5 are visualized the accuracies in the retrievals
performed with the QELM implemented with IBM Fez.
The blue bars represent the result obtained with an infi-
nite statistics simulation, meaning that the processing
is purely mathematical, without taking any sampling
statistics into account when measuring the outcome prob-
abilities; the orange bars represent the results obtained
by simulating a sampling statistics of 20000 shots, mean-
ing that each data has been processed 20000 times by
the reservoir layer and thus we have the same number
of measurement outcomes from the measurement of the
state of the qubits, from which we extract the outcome
probabilities; at last, the green bars represent the result
obtained employing IBM Fez to process the dataset with
the same sampling statistics of the simulation. The nu-
merical results of the accuracy table II show that with
the current dataset and principal components, we are
be able to retrieve the radius of all the exoplanets of
the dataset within a relative error of 5% and the con-
centration of CH4 and H2O of almost all the dataset

within the same threshold. Furthermore, we are able to
reconstruct also CO2 for the 86% of the dataset and the
other following with decreasing accuracy.

Accuracy (%) CH4 CO2 CO H2O M R T
Infinite Stat 96.3 86.6 43.8 99.7 78.9 100.0 81.0
Finite Stat 86.4 76.7 39.7 88.5 54.2 100 63.5
IBM Fez 83.6 75.1 39.5 86.2 51.7 100.0 64.5

TABLE II. Comparison of simulation and IBM Fez accuracy,
visualized in fig. 5, in retrieving the atmospheric parameters
within a relative error ω → 5%.

In fig. 5 one can be observed how, at finite statistics,
we lose about the 10% of accuracy in all of the parame-
ters with the highest retrieving accuracy, which is still
acceptable and can be improved with a higher number
of shots. What is truly remarkable is that there is al-
most no di!erence between the results obtained with
a finite finite statistics simulation and those obtained
with IBM Fez, proving successfully the fault tolerance of
the algorithm. In appendix A and appendix B we show
that all of the results can be improved considering a
larger training dataset and a larger number of principal
components.

As previously discussed, each spectrum has been gen-
erated by TauREx considering the input atmospheric
parameters distributed accordingly to a discrete distri-
bution comprising ten possible values for each param-
eter. To evaluate how e!ectively the QELM estimates
these ten categories, we employed a bootstrap method
to resample the unknown underlying distribution of the
estimated parameters of the training set. This gave us
an estimate of how well the QELM was able to discern
spectra with di!erent atmospheric parameters and asso-
ciate an error to its predition. The results are visualized
in fig. 6: each panel shows the median parameters ob-
tained by re-sampling the distribution of the outcome
parameters estimated with the QELM compared with
the actual ones. The error bar corresponds to the confi-
dence interval of the bootstrapped distribution, which
covers 95% of the distribution. The setup in terms of
utilized dataset and extracted principal components is
the same as fig. 5. From the figure, we can better appre-
ciate how both the QELM trained with the simulated
and IBM Fez processed data is able to perfectly dis-
cern spectral data from exoplanets with di!erent radius
and almost perfectly estimating the concentration of all
chemical compounds in its atmosphere, except for CO.
We however observe that even though our QELM is not
able to exactly reconstruct the concentration of CO, it
is still able to discern exoplanets with low concentration
from the others, with decreasing accuracy as the CO
increases. On the other hand, the QELM fails to recon-
struct mass and temperature, estimating about the same
value for all of the spectra. The results on this side are
better for the finite statistics simulation, but still the
QELM is not fully capable even in this case to extrap-

Exoplanetary atmospheres retrieval via a 
quantum extreme learning machine



Project Outcomes & Dissemination

• Characterization of Quantum Extreme Learning Machines
• Efficient Exoplanetary atmospheres retrieval via a quantum 

extreme learning machine
• We plan to extend the technique  to the characterization of 
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Exoplanetary Atmospheres on Hybrid Architectures
computational framework

high-performance simulation software for hybrid computing architectures to model the 
complex chemical, climatic, and dynamic evolution of exoplanetary atmospheres;

core derivables

integrating multi-physics processes, from radiation transport to photochemistry, construction 
 of a massive, indexed database of synthetic observables and physico-chemical profiles;

research impact

the database provides a scalable resource for the high-fidelity characterization of exoplanets;

integrated software architecture

CP_Zephyr, high-performance framework that assembles five modular codes, GRACES, 
CPCHEM, CPAXCES, CPCROSS, CPSPEC, into a single, integrated environmens.

GRACE

CPCHEM

CPAXCES

CPCROSS

CPSPEC

analytic radiative transfer

equilibrium chemistry

non-equilibrium chemistry

molecular absorption cross-sections

synthetic transmission spectra
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The SpotCCF Tool

Di Maio et al. 2024, A&A , 683, A239

Background & Aims

Stellar activity (e.g. starspots) deforms spectrum lines. SpotCCF models the 
cross-correlation function (CCF)  to analyze these distortions in active stars. 

The model
1. 3D spherical mask to construct the stellar surface
2. Convolution of the spectrum of a non-rotating star with the rotational profile
3. Limb-darkening effects using the law proposed by Claret (2000)
4. Lorentzian convolution to account for the CCF wings

Output & Applications

Ø Estimation of spot geometric parameters (longitude, latitude, radius).
Ø Precise Radial Velocity (RV) measurement, corrected for stellar activity.

Impact & Project Relevance
ü Accurate planetary mass determination for atmospheric characterization.
ü Transit spectra correction via independent stellar mapping.



The PAStar Grid
Background & Aims

Stellar noise prevents accurate planetary signal extraction. 
Building a grid of simulated active stars to model and remove this effect.

The Grid Parameters
1. Covers multiple stellar spectral classes. 
2. Simulates activity injecting 1 or 2 spots on the stellar surface.
3. Explores a vast parameter space varying spot radii and longitudes.

Data Access & Project Impact

ü More than 290 000 spectra
ü Fully available to the community via a dedicated web portal hosted 

by INAF – OAPa servers.
ü PAStar Grid provides essential simulated data to test and validate 

extraction tools for current and future facilities

Applications

Ø Principal Component Analysis (PCA) applied to the synthetic grid.
Ø Isolate and characterize the spectral variations caused by stellar activity
Ø Extracts the main components to model and subtract the stellar noise 

from observed data.

Di Maio et al., in preparation

PAStar
DATABASE



Project Outcomes & Dissemination

• Development of signal extraction codes (SpotCCF)
• Creation/distribution of simulated spectra grids (PAStar Grid).
• Public release of the PASTar Grid on a dedicated website hosted on 

INAF-OAPA servers.
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• D’Arpa, Saba, Borsa, Fossati, et al., 2024, A&A, 690, A237
• Bonomo, Naponiello, Sozzetti, et al, 2026, A&A
• Talk@23° GAPS Meeting (Catania 2025)
• Talk @ 13° Young Reseacher Meeting (Palermo 2025)

• Awarded Best Oral Contribution
• Talk @Ariel Consortium Meeting (Leiden 2025)
• Talk @113° Congresso Nazionale della SIF (Palermo 2025)
• Poster @ Towards Other Earths III (Porto 2023)
• Poster @ ExoItaly (Roma, 2025)

Publications & Conferences

http://pastar.oapa.inaf.it

Ø Developed strong strategic networks at national and international 
levels.

Ø Active collaborations with major exoplanetary consortia and space 
missions, including GAPS and ESA-Ariel.

Networking

Milestones & Deliverables


