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ABSTRACT

Quantum reservoir computing has emerged as a
promising machine learning paradigm for processing tem-
poral data on near-term quantum devices, as it exploits
the large computational capacity of qubits without suffer-
ing from typical issues arising when training variational
quantum circuits. In particular, quantum gate-based
echo state networks have proven effective when the evo-
lution of the reservoir circuit is non-unital. Nonetheless,
a method for ensuring a tunable and stable non-unital
circuit evolution was lacking. We propose an algorithm
that induces damping by applying a controlled rotation
to each qubit in the reservoir. It enables tunable, circuit-
level amplitude amplification of the zero state, maintain-
ing the system away from the maximally mixed state
and preventing information loss caused by repeated mid-
circuit measurements. The algorithm is inherently stable
over time, as it can process arbitrarily long input se-
quences, beyond the coherence time of individual qubits,
by inducing arbitrary damping on each qubit. Moreover,
we show that quantum correlations between qubits im-
prove memory retention, underscoring the potential util-
ity of a quantum system as a computational reservoir.
We demonstrate, through standard reservoir computing
benchmarks, that this algorithm enables robust and scal-
able quantum random computing on fault-tolerant quan-
tum hardware.

INTRODUCTION

Motivated by promising insights into quantum algo-
rithms for machine learning, significant attention has
been devoted to their implementation on current quan-
tum computers. However, implementing these algo-
rithms on currently available quantum hardware—still
limited by the inherent noise of noisy intermediate-scale
quantum (NISQ) devices—remains a major challenge [1-
3]. In particular, non-variational algorithms, such as
quantum kernel methods [4], quantum principal com-
ponent analysis [5], quantum feature maps [6], and ex-
treme learning machine [7], which do not require train-
ing of internal parameters of the quantum circuit, emerge
as successful techniques since they inherently avoid the
typical training problems [8, 9]. Among them, quantum
reservoir computing stands out as particularly effective in
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handling sequential data processing for time series anal-
ysis, forecasting of chaotic dynamics, anomaly detection,
and classification tasks [10].In this work, we present and
validate a gate-based quantum reservoir computing algo-
rithm that leverages dissipation induced by an ancillary
bath to preserve and regulate information within the in-
ternal reservoir dynamics.

Reservoir computing is a well-established supervised ma-
chine learning algorithm that employs a fixed neural
network to process sequential data, originally stemming
from the echo state network [11] and the liquid state ma-
chine [12, 13] models. It has emerged as a paramount ex-
ample of unconventional computing deployment [14, 15],
with diverse physical implementations [16]. Among
them, many quantum systems — associated with their
exponentially large computational capacity — has been
harnessed for reservoir computing [17-33].

Focusing on superconducting qubits embodiment of
quantum reservoir computing, besides early implemen-
tations [34-36], they have recently been empowered
by the possibility of mid-circuit measurements [37-39].
Nonetheless, the repeated measurements of the qubit reg-
ister progressively steer the quantum system toward the
maximally mixed state, thereby reducing the expressiv-
ity of the network and hindering its ability to distinguish
different input values [40]. Thus, the loss of information
should be mitigated by inducing a partial purification of
the state of the quantum network. In previous works
[41-43], amplitude damping has been recognized as an
effective computational resource for sequential tasks of
quantum reservoir computing. Specifically, these works
show how a source of non-unital noise, as already theo-
retically suggested in Refs. [44, 45] breaks the symmetry
of the quantum evolution by biasing the state of the sys-
tem away from the maximally mixed configuration.
Previously, some of the authors have addressed learning
algorithms by exploiting noise for both Boltzmann ma-
chines [46] and quantum reservoir computing [35, 41].
Here, we propose an algorithm that induces damping,
ensuring non-unital dynamics, without relying on native
hardware dissipation. In contrast with previous embod-
iments on intrinsically noisy quantum hardware [37, 41],
such an algorithm, essentially based on controlled rota-
tions of the accessible qubits, allows for a completely
tunable damping rate, thus ensuring long-term computa-
tions. In particular, our method offers a tunable frame-
work to explore the interplay between memory retention
and non-unitality in the evolution of the reservoir. Our
approach is validated through numerical simulations con-
cerning the approximation of nonlinear functionals [47]
and the prediction of chaotic time series [48].

Moreover, we investigate the effective utility of the quan-



tum reservoir by showing the role of quantum correla-
tions in the memory capacity of the network, in partic-
ular when dealing with encoding ansatzs characterized
by different entangling gates [22]. Indeed, the dynam-
ics of the system subject to mid-circuit measurements is
described by quantum trajectories that encode an input-
dependent evolution, allowing the reservoir to retain in-
formation about past inputs without the need for a clas-
sical memory buffer.

Eventually, we test the algorithm on a currently available
IBM superconducting quantum computer. It demon-
strates improvements in the ability to memorize and pro-
cess information over long time intervals compared to
previous approaches based on intrinsic noise [37, 41], de-
spite being implemented on newer, and thus less noisy,
hardware. In conclusion, these results outline a robust
strategy for scalable, noise-independent quantum reser-
voir computing that is compatible with fault-tolerant
quantum devices.

RESULTS

In this Section, we present the main results of our
work. Before that, we begin by summarizing the main
concepts of gate-based quantum reservoir computing by
distinguishing three possible approaches, which differ in
terms of the strategy adopted to ensure memory reten-
tion. Next, we first demonstrate that induced dissipation
compensates for quantum information loss, thus ensuring
the persistence of the computational process. Then, we
discuss the role of entanglement in the input encoding
circuit by investigating the behavior of two- and three-
qubit gates. Building on this a priori investigation, we
verify the computational performance of the algorithm
on two standard benchmarks. The first addresses the re-
construction of a nonlinear mapping, while the second
aims at predicting a chaotic dynamical system. Even-
tually, we test our algorithm on IBM superconducting
quantum computers, showing that the controlled damp-
ing algorithm allows better performance compared to im-
plementations that rely only on intrinsic noise [37, 41].

Gate-based quantum reservoir computing

The general aim of sequential data processing with
quantum reservoir computing consists in defining a map-
ping from an input space, constituted by temporal data
x € T, into another target time series y € O, through
read-out operations of the information encoded in the
reservoir. Generically, denoting the state of the reservoir
with p(t), defined on the Hilbert space H that describes
a quantum system, the evolution of a quantum reservoir
computer can be written as

Pt = T(ptflvxt)
{yt = h(p:) o

where the time evolution of the system over discretized
time intervals is expressed as ...pi—1, Pty Prq41-.-5 T ¢
S(H) — S(H) is any completely positive trace preserv-
ing (CPTP) channel that describes the dynamics of the
quantum system, and h is a suitable readout operation.
Then the reservoir computer defines a causal functional
C:Z — O, which acts as

yr = C(@)r = C (z),) = h(T(pr-1,21)) (2)

where x|, = (o, ...,2¢_1,2;) indicate the input sequence
truncated at time ¢. In particular, the training of a reser-
voir computer consists of finding the readout weights, en-
coded in the readout operation h, in order to minimize
the discrepancy between the target functional S(z) and
the functional C induced by the dynamics. In principle,
any quantum system may act as the reservoir, as long as
the sequential input data can be effectively embodied in
the evolution of the system and the reservoir dynamics
adequately preserve the memory of past inputs. In par-
ticular, while the current state of the system must depend
in a non-trivial way on the past values of the time series,
it must also be able to give greater importance to more
recent inputs progressively, thus achieving the so-called
fading memory property [49].

Different paradigms for the implementation of
quantum reservoir computing

We now briefly review the three main approaches
to gate-based quantum reservoir computing, which are
schematically summarized in Fig. 1. The first uses clas-
sical statistics over mixed states with an engineered reset
to balance memory [34, 35]. In particular, the input data
is s encoded by randomly applying one of two fixed uni-
taries U; and U,, with classical probabilities depending
on the input value. A second approach is introduced in
Refs. [38, 39], where the input information is encoded
directly into the quantum state of a register of accessi-
ble qubits via a parametric unitary. After the encod-
ing stage, the accessible qubits interact with a hidden
reservoir—responsible for storing the past information
processed by the network—through a fixed unitary op-
eration, and are subsequently measured to extract the
output data. In this approach, the non-unital character
of the dynamics is ensured by the repeated reset of the
accessible qubits. In the third approach, firstly intro-
duced in Ref. [37], — also pursued in this work — op-
erates without resets of the accessible qubits, leveraging
quantum trajectories and controlled damping to maintain
memory in fully accessible systems. In particular, the in-
put is again encoded through parametric unitaries acting
on the accessible qubits, after which the entire register is
measured and allowed to evolve from the corresponding
post-measurement collapsed state. Repeated measure-
ments of the quantum circuit pose an issue, since it is
well known that they progressively induce information
loss, eventually hindering the computational capabilities
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of the reservoir computer. As shown in these works, the
information loss induced by repeated mid-circuit mea-
surements must be counteracted by introducing an ap-
propriate dissipation mechanism capable of ensuring the
non-unitality of the resulting evolution. Our work shows
how the controlled damping of the qubits can overcome
loss of coherence, making the algorithm stable over time
intervals significantly longer than the typical information
survival time in the measured system.

Information retention by induced dissipation

We begin the presentation of our results by demon-
strating how our algorithm prevents information loss dur-
ing input processing, enabling sustained reservoir com-
puting. In many gate-based quantum reservoir comput-
ing implementations [37, 38, 41], including the one pre-
sented in this work, the input data are sequentially in-
jected into the qubits register, and, concurrently, decoded
by repeated mid-circuit measurements on the computa-
tional basis. Therefore, given that no reset of the ac-
cessible qubits is performed, the state of the system is
described by a mixture that encompasses all possible tra-
jectories depending on the measurement outcomes, when
considered as a statistical ensemble of many repetitions
of the circuit. A key requirement for effective reservoir
computing is that the system’s dynamics is sufficiently
expressive to reliably separate distinct inputs [50], such
that the resulting states p, = U,p and p, = Uyp are
distinguishable after the input injection through some
unitary matrix. Following Holevo—Helstrom theorem
[51, 52], the distinguishability of two different quan-
tum states is quantified by their trace distance, namely

D(p,0) = Lllp — o, with [|A]|, = Tr (\/AAT). In par-

ticular, as discussed in Ref. [41], the difference in trace

norm of two internal states of the reservoir, correspond-
ing to distinct values of the input, respectively x and vy,
is related to the distance between the internal state of
the reservoir p before input injection and the maximally
mixed state Z/d, namely

D(p—py) SCWJw—y)-D(p—1I/d) . (3)

Here is the maximally mixed state, with d = 2V denoting
the dimension of the related Hilbert space. The constant
C depends on the unitary used for the encoding and the
difference between the inputs. In particular, it can be
computed explicitly by exploiting the continuous depen-
dence of unitary matrices on their parameters and the
linearity of unitary evolution. The two constants, de-
noted with C(U) and C(]z — yl|), depend on the unitary
used for the input injection and the distance input val-
ues, respectively. In particular, a larger deviation from
I improves the separability of distinct inputs [41]. As
shown in Fig. 2, the repeated mid-circuit measurements
drive the internal state of the reservoir p; in the max-
imally mixed state, I/d, in which the encoding of any
input value is ineffective since U, I = I for any value
z. Indeed, any unitary rotation does not increase the
distance from the identity, since

while projective measurements decrease it, namely

o= -|

Unlp—Tja)| = |lo—1sa| @

T I I

In particular, Equation (4) follows from the linearity of
unitary transformation, while (5) follows from the tri-
angular inequality for projectors. We refer to the Sup-
plementary Material of [38] for further details. Such
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concentration of the reservoir in the maximally mixed
state can be prevented by exploiting the action of a non-
unital channel. We recall that a quantum channel &£
is non-unital when £(/) = I. As an example, the am-
plitude damping channel can be adopted for this pur-
pose, as it tends to relax the qubit state toward |0)
with a decay rate ~ [37, 41, 42]. We recall that ampli-
tude damping can be easily modeled by the application
of the quantum channel described by the Kraus oper-
ators Ky = ((1) *10_ 7), K, = <8 %7) Although
this approach offers significant advantages—being imple-
mentable on quantum computers with high dissipation

rates—it may fail to deliver good performance, as it is
hard to properly tune the noise using error mitigation
techniques. While in principle it may be possible to en-
hance dissipation in many practical implementations of
quantum computers, such as photonic or superconduct-
ing devices, it is usually difficult to design error mitiga-
tion techniques that specifically correct only the unital
part of the noise, such as depolarizing and dephasing.

Alternatively, we propose a new approach by exploit-
ing artificial dissipation toward an ancilla register to re-
move part of the superposition of the circuit. Ancilla-
assisted digital simulations of open-system dynamics on
gate-based quantum processors have been previously pro-
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posed and demonstrated, including implementations on
IBM devices [53-55]. The methodology presented in this
work proposes to induce damping through controlled ro-
tations of ancilla qubits, thereby resulting in an am-
plitude amplification of the zero state of the reservoir
qubits. This mechanism prevents the loss of quantum in-
formation and steers the state away from the maximally
mixed state. Compared to external dissipation, the digi-
tal approach allows to perform the optimal tuning of the
parameter that controls the dissipation. In this work, we
induce the damping by connecting each qubit to an an-
cilla in the state |0) and a controlled rotation C'Rx (9) of
a fixed angle ¢, then partially damping the state of the
qubit as

a0y + B11) Cwa) (a4 isin(¥9/2)) |0) + Bcos(¥/2) |1)

(6)

after the input injection, as described in detail in Fig. 2.
This setup provides a minimal example of how to engi-
neer non-unital dynamics. Since all gates implemented
on a quantum computer are unitary—and therefore uni-
tal, preserving the identity operator—it is necessary to
introduce at least one additional qubit acting as an ef-
fective environment into which the system can dissipate.
In our approach, non-unital behavior in the reservoir is
enabled by resetting the ancilla before each dissipation

X

step, thereby reinitializing it to a fixed state |0). As a
reset is a non-unitary operation, it allows the reduced
dynamics of the reservoir to become non-unital. Ideally,
one should employ a rotation directly controlled on the
ancilla being in the |0) state, which would yield the most
compact circuit. However, since such a gate is typically
not available as a native primitive, we implement the con-
trol using a CNOT gate followed by a controlled rotation,
at the cost of additional circuit depth. We show in Fig.
2 that both methods, namely dissipation due to ampli-
tude damping and that towards an ancilla, ensure that
the internal state of the reservoir is kept away from the
maximally mixed state, thereby guaranteeing the long-
term operation of the algorithm, in contrast to what is
observed in previous works [37, 56]. Indeed, the stability
of the internal state of the reservoir in terms of its purity
allows for an a-priori infinitely long computation.

Input encoding and correlated observables

After establishing an algorithm for the theoretical
functioning of a gate-based echo state network, we now
pass to investigate the effect of different encoding uni-
taries on its memory capacity. In particular, in this Sec-
tion, we test two different input encoding ansatz, involv-



ing two-qubit and three-qubit logic gates, respectively.
We show that, correspondingly, leveraging observables
involving multiple qubits enhances the memory capac-
ity of the reservoir. Indeed, adding entangling gates in
the input encoding unitaries allows the system to exploit
more computational degrees of freedom. As a proof of
principle, we test two sets of unitaries, including inter-
actions of two and three qubits, respectively, in addi-
tion to rotations that encode the current input value.
In the first case, the input encoding U, is composed
of CNOT gates with bond dimension 1 and rotations
Rx(x). On the other hand, three-qubit entangling gates
are embodied by Toffoli gates CXX. In particular, the
angles of the rotations are exploited for the encoding of
the value of the input. The precise ansatz of the two
circuits is detailed in the Methods section. The reser-
voir signal is reconstructed from the expectation values
of the Pauli-Z observables. In addition to the individual
observables Z;, 7 = 1,...,N,, we include the expecta-
tion values of joint observables involving multiple qubits,
such as Z; ® Z;, Z; ® Z; ® Zy, ..., and so on. Notably,
this does not require additional measurements of the sys-
tem, since all of these observables commute. Yet, be-
cause joint observables are sensitive to correlations across
multiple qubits, they enable the discrimination of en-
tangled states that would otherwise be indistinguishable.
This, in turn, truly allows for the exploitation of the sys-
tem’s quantum degrees of freedom, thus enforcing a po-
tential quantum advantage in the reservoir computation.
This point is clarified by a trivial example involving the
separable two-qubit state |++4) and an entangled one,
|¢T). Indeed, while they are indistinguishable employ-
ing single observables, since (Z;)| 14y = (Z;)|g+) = 0 for
i = 1,2, they are discriminated by joint observables, since
(Z1 ® Za) |44y = 0 but (Z1 ® Zs)|g+y = 1. We tested the
effect of joint observables on the memory capacity of the
reservoir. In this test, as detailed in the Methods, the
reservoir computer is trained via linear regression on the
readout weights to reproduce a sequential input z; de-
layed in time by a fixed window 7, namely (§7); = x¢—,.
Then, the memory capacity (MC) is quantified by the
amount of variance in the delayed input §” that can be
recovered from the trained output y” [11], namely

_ Covl(y97)
MG, = Var(y™)Var(g7) Q

Moreover, we quantify the overall memory capacity as

1 Tmax

MC =

MC, . 8)

Tmax =0

As expected, in the case of input encoding that uses only
two-qubit gates, only the exploitation of two-qubit ob-
servables in the readout of the reservoir’s information sig-
nificantly improves the memory capacity. On the other
hand, observables that correlate three qubits provide
benefits only in the case of input encoding with Toffoli
gates. We summarize these results in Fig. 3, where we

show the memory capacity as a function of the number of
Z observables considered in the construction of the read-
out. The experiment is repeated for 12 different input
instances of length T" = 200 and three reservoir circuits
consisting of 3, 5, and 7 qubits, respectively. Notice-
ably, the circuit based on CNOT gates performs better
than the one relying on the Toffoli gate. This can be
understood by observing that, as shown in the Methods
section in Fig. 6, the circuit layout allows the inclusion of
one less Toffoli gate compared to the CNOT case. This
allows for fewer interactions between qubits, which may
limit the complexity of the effective dynamics that can
be generated within the reservoir. We expect that this
difference is particularly relevant when working with a
reduced number of qubits.

Performance on benchmark tasks

Building on previous insights, we test our algorithm on
two benchmark tasks for reservoir computing. First, we
investigate the memory capacity of the quantum echo
state network by reconstructing the NARMA-p func-
tional [47]. Moreover, we demonstrate the predictive ca-
pabilities of the network by forecasting the next step in
the dynamics of a Mackey-Glass attractor in its chaotic
regime. Both tasks are detailed in the Methods section.
First, using a local simulator, we selected the optimal
damping rate for the task under consideration. As a typ-
ical issue in reservoir computing, in which a strategy for
a a-priori tuning of the hyperparameter often lacks, the
best damping rate depends on both the task and the spe-
cific features of the circuit, and, currently, there is no gen-
eral method to determine the optimal damping rate a pri-
ori. However, the network performs well on a sufficiently
generic reconstruction task such as NARMA, precisely
in the regime where it also exhibits the highest mem-
ory capacity. Thus, memory capacity serves as a reliable
indicator of the network’s performance. The results are
reported in panels 1-2 of Fig. 4. Each experiment was re-
peated 12 times using a 7-qubit circuit. Implementation
details can be found in the Methods section. We refer to
the Supplementary material for an in-depth analysis of
the NARMA task, which allows for relating the absolute
value of the NMSE reported in the paper to the actual
accuracy in reconstructing the sequence. Moreover, as
further evidence of the effectiveness of our algorithm, we
employed the echo state network for the forecasting of
chaotic dynamics. In this task, the reservoir computer
receives at each step an input value taken from a time
series governed by a differential equation and is required
to output the next step in the sequence. The results of
the experiment are reported in the panel ¢ in Fig. 4.



Experiment on a superconducting quantum
computer

Finally, we validate our algorithm by conducting ex-
periments on a cloud-accessible superconducting quan-
tum computer. Although these experiments are hindered
by some limitations imposed by the remote computing
service, such as the maximum number of gates executable
in a single run, they show positive outcomes that improve
the state of the art. Indeed, similar experiments were al-
ready conducted in previous papers [37, 41], achieving
reasonable results for NARMA-2. Interestingly, these re-
sults were obtained employing older quantum hardware
characterized by greater damping, which naturally en-
ables the computation even in the absence of a specific al-
gorithm for the amplitude amplification theoretically re-
quired along with repeated measurements. In this work,
our algorithm effectively enables the execution of tasks
requiring greater network memory, obtaining satisfactory
results up to NARMA-5, while for larger memory inter-
vals, the results progressively deteriorate. However, mo-
tivated by tests performed on an emulator that does not
suffer from the limitations inherent to quantum hard-
ware, we are confident that our algorithm allows the ex-
ecution of tasks requiring the integration of information
over longer periods. As shown in Fig. 5, the induced
damping drastically improves the memory capacity of
the reservoir computer. Moreover, the observation on
the beneficial effect of considering correlated observables
along with two-qubit entangling gates is confirmed. For
this reason, in Fig. 5 we report results of the training
that employ the single observables Z; and the correlated
double observables Z; ® Z;. In these experiments, we em-
ploy only CNOT gates in the input encoding unitary to
better accomplish the limitation imposed by the remote
service in terms of entangling gates, allowing for the exe-
cution of a reasonable number of shots of the circuit. The
application of induced damping improves the network’s
performance, allowing the execution of the NARMA-p
task with good results up to p = 5. For harder tasks, the
results begin to deteriorate due to quantum noise in the
hardware. Indeed, while non-unitary noise such as am-
plitude damping enhances performance by contributing
to the learning [37, 41, 42], other noise sources like de-
phasing and depolarizing progressively degrade the qubit
state, limiting the memory capacity of the reservoir com-
puter.

DISCUSSION

We implemented a gate-based echo state network uti-
lizing a qubit circuit for processing sequential data,
proposing an algorithm that ensures the effectiveness of
the dynamics of the quantum reservoir. Indeed, damp-
ing has already been recognized as a necessary resource
for enabling the functioning of a gate-based echo state
network [37], as it ensures the separability of inputs over

long-term computations [41]. In particular, the loss of
information due to repeated mid-circuit measurements
is prevented by inducing the damping of the accessible
qubits. In this work, we proposed a ad-hoc ansatz in-
volving controlled rotations that, in contrast with previ-
ous approaches based on intrinsic noise in the quantum
hardware, ensures the full controllability of the damp-
ing rate. Our algorithm enables information processing
over timescales significantly exceeding the qubit coher-
ence times. Nevertheless, its performance remains con-
strained by the capabilities of the underlying hardware,
in particular by the presence of unital noise such as depo-
larizing and dephasing processes, as well as by the limited
measurement fidelity. Moreover, the current implemen-
tation requires a non-negligible ancilla overhead, which
can be partially mitigated through ad hoc reset proto-
cols for the ancilla qubits or by employing multiple an-
cilla registers. Notably, it does not require the reset of
the accessible register [38]. Moreover, unlike previous
approaches that rely on the intrinsic noise of the hard-
ware to ensure non-unital dynamics [37, 41], the explicit
control of the induced damping allows for optimizing the
dissipation-induced fading memory according to the na-
ture of the task at hand. Furthermore, building up on our
algorithm, we highlight the computational utility of the
degrees of freedom associated with the state space of the
quantum reservoir, which are fully exploited by encoding
the data into entangled states and subsequently using
correlated observables for the readout of the information
processed by the reservoir, which, in turn, improves the
network’s memory capabilities. Eventually, we test the
method on standard benchmarks of reservoir computing,
numerically and with experiments on a cloud-accessible
superconducting quantum hardware. These experiments
demonstrate the feasibility of our algorithm on currently
available quantum hardware by improving the state of
the art in terms of the memory capacity and the expres-
siveness of the echo state network in reconstructing non-
linear functionals that require a longer integration time.
Moreover, our algorithm is well-suited for future imple-
mentation on noiseless quantum computers, since it does
not rely on any built-in hardware noise [37, 41], but in-
stead exploits a controlled dissipative mechanism that
can be tailored and optimized according to the specific
task under consideration.

METHODS
Architecture of the gate-based echo state network

We begin by describing the architecture of our gate-
based echo state network, which employs an N-qubit cir-
cuit to encode and process time-dependent information.
Then, a linear readout is trained by linear regession to
replicate a mapping S(u) = § between an input sequence
u = {ut},_, ; and a target sequence § = {J1},_o -
We denote with p; the density operator that describes



the state of the N-qubit circuit at time t. Its one-step
evolution p;41 = Uy, (p:) is given by a unitary evolu-
tion, which encodes the value of the current input z;41
in the angles of some rotations. Precisely, the two-qubit
entangling circuit evolves under the application of the
following gates, namely

-
=
i
—

I

1,04+1
Ui,i-i-l = CXi’iJﬂ (fO ® fl .. Rlx(l‘) R R IdNa>

where we are denoting with CX**** the CNOT gate with
i™ and i + 1*" qubits of the circuit as control and target,
respectively, and with R% () the rotation of the i*! qubit
with angle . On the other hand, the ansatz character-
ized by 3-qubit gates is defined as

Ng—2

Uz) = H Uiit,it2,

=0
3

10
where CCX»*1+2 ig the Toffoli gate with qubit z'(an(i
i+ 1 as control, and i + 2 as target. After the input
encoding, the mid-circuit measurement of the register is
performed on the computational basis and, as opposed to
other approaches [38, 39], the system is let evolve in the
collapsed state after the measurements. In this way, at
each time step, the ensemble p;, which describes the state
of the circuit when considering the experiment repeated
for many shots, is reminiscent of the sequential input x;
for any ¢’ < t. Formally, we have

pre1 = Unpr Ll (11)

where, denoting with mg 11 € {0,1} the outcome of the
measure of the i*" qubits i at time ¢t + 1, we are writing

N
My = X) [mi41) (M e 1] (12)

=1

Concurrently, the reservoir signal at time ¢ is constructed
online as the expectation value of the Z; Pauli operators
and their correlated tensor products, namely

2 =UZ) s s (Zat)pys e (Zi @ 2@ Za)py -]
(13)
In the following Section, we first describe in detail the
ansatz of the circuit, also described in Fig. 6, and
the training procedure that allows for reconstructing the

wanted functional given the reservoir signal.

The architecture of the two encoding circuits

The two circuits employed in the experiment, which
differ in the entangling gates in the input encoding, with

U, 4y = COXPitHit2 (fo QI QRY(2)® - ® IdNa)

CNOT and Toffoli gates, respectively, are reported in
Fig. 6. After the input encoding, the accessible qubits
are measured online, and the system is left to evolve in
the collapsed state. We remark that mid-circuit mea-
surements are now available on many of the quantum
hardware platforms currently available, and represent a
key feature for the development of many quantum algo-
rithms. After the measurements, the partial damping,
driven by controlled rotation with a fixed parameter 1,
is induced by connecting the reservoir with an ancilla
register. Although in principle the dissipation would be
effective at any stage of the evolution, we choose to ap-
ply it only after each measurement. Indeed, this ensures
maximal separability of the inputs at the time of infor-
mation extraction, since the damping tends to shrink the
distance between different quantum states. The same
procedure is repeated for each value of the input sequen-
tial data. While the computation on a simulator bene-
fits from the repeated reset of a single qubit, which es-
sentially requires the multiplication of smaller matrices,
in the case of implementation on quantum hardware, it
is possible to leverage all available qubits to reduce the
number of reset operations. This allows for a reduction
in the computational time required for each reset and
decreases operational error.

Training of linear readout

We describe now the training procedure, which essen-
tially reduces to a linear regression of the reservoir signal
on the desired task. Indeed, reservoir computing aims to
best reproduce a given nonlinear map S(u) = § by train-
ing a linear readout W. Namely, we aim to compute the
optimal weights so that

WZt =Y = yAt . (14)

After an initial washout period Ty, required to erase the
dependence on the initial state of the network and fulfill
the so-called echo state property [11], the reservoir sig-
nal is stored in the matrix H = {2:},_q ., 7, , Where
we are denoting with (T, tr) the time label of the
training set of data. Then, the optimal readout weights,
namely the ones for that y; = Wz, minimize the distance
||g — y|| are computed by linear regression. Precisely,
they are computed exploiting the Moore-Penrose pseu-
doinverse matrix, namely w = (HTH) 'HT4,, where
Gtr = {9tti=p, 11,1, 18 the portion of target sequence
used for the training. We refer to Ref. [35] for further
details on the training algorithm. After the training, the
predicted values of y are given by

Y=z W for any ¢t € [Ty, + 1, L] . (15)
Interestingly, the reservoir can be trained to fulfill dif-
ferent tasks that share the same input, since the inter-
nal dynamics is independent from the training algorithm
on a specific task, thus reducing the computational cost
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of the execution. Moreover, as explained in the results,
this allows for comparison of the intrinsic memory of the
network — with the memory capacity task — and the per-
formance on benchmark nonlinear tasks, as the NARMA
task. To avoid overfitting in the training of the linear
readout, we work in an overdetermined or underdeter-
mined regime, where the length of the training set L is
much larger or much smaller than the number of train-
able parameters, i.e., the number of observables Nyps. In
addition, the linear regression can be stabilized by intro-
ducing a regularization term, which improves the condi-
tioning of the problem and further suppresses overfitting.
Throughout the training, we fix the regularization pa-
rameter to o = 0.001. We discuss further details on the
problem of overfitting in the Supplementary material.

Benchmark tasks

Here, we formally describe the two tasks employed in
the experiments to validate the algorithm. They rep-
resent two typical benchmarks in reservoir computing
implementations. In particular, the first evaluates the
network’s ability to reconstruct past inputs, while the
second assesses its predictive capabilities of a chaotic dy-
namical system. The Nonlinear Auto-Regressive Moving
Average dynamics (NARMA) task requires reproducing
a nonlinear functional with past dependence in the se-
quential input, testing how well a reservoir computer can
handle progressively longer dependencies. Formally, we
define the NARMA-p functional as

p—1

Ut =ayi—1+ 6 (Z yt—l) +YUu—prius +9.  (16)

=0

with a, 5,7, = (0.3,0.05,1.5,0.1). The input is sampled
from the periodic function

2.11 . 4.11
uy = 0.1sin (27TTt) sin (277@) sin (2#715) .
(17)

In the work, we fix T" = 200 and we employ an input se-
quence with length 200 and 80 for the experiment on the
local simulator and the remote quantum hardware, re-
spectively. The test set has lengths of 130 and 50, while
the first 20 steps are used for the washout of the ini-
tial condition of the reservoir. This choice is required to
fulfill the computational limitations of the remote quan-
tum service made available by IBM. We run simulations
with 50.000 shots, which represents a valid regime for ap-
proximating the expected values deterministically. The
experiments on quantum hardware involve 10800 repe-
titions of the circuit, divided into 120 batches with 60
shots each.

We test the predictive capabilities of the network by fore-
casting the next-step evolution of the Mackey-Glass equa-
tion in the chaotic regime. In the Mackey-Glass model,
the dynamics is driven by a time-delay differential equa-
tion that exhibits chaotic behavior for certain values of
the parameter 7. Formally, the equation reads

dx x(t—17)

it =T =y 18)

where we fix § = 0.2 and v = 0.1 the positive constants
that control the growth and decay rates, respectively,
and 7 is the delay parameter. For small values of T,
the system exhibits stable fixed points or periodic oscil-

lations. For increasing values of 7, the system exhibits
a transition into chaotic dynamics. Here, we fix 7 = 17



in the experiments, well within the range of the chaotic
regime. Then, the task is defined as the next-step pre-
diction, namely

O =ax(t+1), (19)

In the experiment, we consider an input sequence of
length 2000, sampled from the continuous time series
with a fixed period of length 1072. In both cases, the
accuracy of the prediction is quantified by the normal-
ized mean square error (NMSE), expressed as

t=L ~
_ X:tZTtr+1 (Ge —y1)?
- t=L ~
Doty (G — 1)?

where y is the vector of the predicted values after train-
ing, § is the target sequence, and y = L — T, ZZ%HI n
is the mean value of the target sequence. The training
and the test set have lengths of 1300 and 500 steps, re-

spectively.

NMSE(y, §) (20)

Experimental settings

Classical simulations were conducted on a 36-core Intel
Xeon workstation (4.3 GHz) with 128 GB of RAM.
The quantum operations were executed on the ibm_torino
QPU, a Heron rl superconducting processor that fea-
tures 133 qubits arranged in a heavy-hexagonal lattice
architecture [57]. This device utilizes tunable couplers
to dynamically modulate interaction strengths, effec-
tively suppressing residual crosstalk that might otherwise
mask delicate correlation effects. At the time of execu-
tion, the QPU reported a median two-qubit error rate
of 2.5 x 1073, with median T} and 75 coherence times
of 190 us and 141.7 us, respectively. Further calibration
data and hardware specifications are detailed in Ref. [58].
A distinctive feature of our experimental protocol is the
omission of quantum error mitigation (QEM) or correc-
tion. This was a deliberate design choice aimed at ex-
ploiting the intrinsic hardware noise as a computational
resource for the quantum reservoir, acknowledging the
role of non-unital noise in enhancing the reservoir’s over-
all performance. Other noise channels do not signifi-
cantly degrade the reservoir’s expressive power, hence
there is no evident need to mitigate them. This work
establishes a baseline for the performance of unmitigated
quantum reservoirs, leaving the engineering of specialized
noise-aware error mitigation for future developments.
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Fig. 1. Three paradigms for gate-based quantum reservoir computing. Left: input encoding via the
probabilistic application of fixed unitaries, with fading memory enforced by stochastic register resets [34, 35].
Center: input encoded through parametric unitaries acting on accessible qubits, which interact with a hidden
reservoir before measurement; non-unitality is ensured by repeated resets of accessible qubits [38, 39]. Right: input
encoding via parametric unitaries followed by repeated mid-circuit measurements of the full register, with
information loss mitigated by suitable dissipative mechanisms [37, 41]. This latter approach is pursued in this work.

Fig. 2. Impact of damping on decoherence of the reservoir. a) The circuit for the induced dissipation after
input encoding and mid-circuit measurements for 1 qubit. The dissipation is induced by a CNOT gate followed by a
controlled rotation of angle . The same scheme applies to each qubit in the circuit. b) Trace distance of the circuit
from the I along 40 time steps of input encoding and mid-circuit measurements, averaged over 10 repetitions with
random inputs. If the dynamics is affected by amplitude damping (dashed line) or by induced dissipation towards
an ancilla register (continuous line), the reservoir state remains deviated from I during the evolution, while in
noiseless execution (crosses) it tends to the identity as predicted.

Fig. 3. Memory capacity with different encoding unitaries. a) Memory capacity with 7. = 20 for
increasing number of Z observables included in the readout, respectively for an input encoding with two and
three-qubit entanglement. The dashed grey lines are for Ny,s = 7,28,63 and correspond to the set of correlated
observables involving 1,2, and 3 qubits, respectively, for a reservoir composed of 7 qubits. b) Memory capacity for
increasing time-span (M C;) for the two different encoding anstatz. The three lines correspond to different readout
observables. Purple line represents the caso of single (Ny,s = 7) observables, while green and yellow lines correspond
to adding double (Nopbs = 23, and triple (Nops = 63) correlated observables. The simulations employ an induced
damping corresponding to ¢ = 0.8.

Fig. 4. Memory capacity and benchmarks on a simulator. a) Memory capacity and mean error in solving
the NARMA task for increasing value of the damping, parametrized by 1J. Here, the NMSE is computed as the
average of the NMSE for each NARMA-p task for p € (0,20). b) Memory capacity and normalised error for
NARMA task with increased time horizon. Namely, here NARMA is the mean error for each NARMA-p task with
fixed p running on the x-axis. The damping is fixed at the observed optimal value § = 0.8. c¢) Prediction of the next
step dynamics of the Mackay-Glass chaotic attractor. Only the test set is depicted. All the experiments in this
Figure are conducted on a local simulator. In the Figure is reported the mean value of the error and an error band
of 1 standard deviation.

FIG. 7: Fig. 5. Experiments on a superconducting quantum computer. a) Memory capacity for increasing
time window without (above) and with (below) induced damping, corresponding to a fixed rotation angle 9 = 0.6.
The solid line indicates the mean value over 5 executions, while the error band corresponds to 1 standard deviation.
b) Reconstruction of the NARMA-p task for, from left to right, p = 2,5,8. The line above contains results for an
execution without induced damping, while the line below reports the results for a damping corresponding to
¥ = 0.8.The linear regression training was made by using the single observables Z; and the correlated double
observables Z; ® Z;. The experiment is run 5 times, and we represent the mean value of the prediction along with
an interval of 1 standard deviation. The grey dashed line divides the training and test sets in the learning algorithm.
The washout period is not depicted.

FIG. 8: Fig. 6. Ansatz for a single time-step evolution. The circuits employed as the reservoir computer with
two and three-qubit entangling gates, respectively. This block is repeated for each of the processed time series,
exploiting mid-circuit measurements during execution. The ancilla register ¢ is employed for the induced
dissipation.



