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Quantum reservoir computing (QRC) offers a promising paradigm for harnessing quantum systems for
machine learning tasks, especially in the era of noisy intermediate-scale quantum devices. While
information-theoretical benchmarks like short-term memory capacity (STMC) are widely used to evaluate
QRC performance, they fail to provide insights into the physical mechanisms underlying these quantum
neural networks. We establish a quantitative connection between the optical absorption spectrum of a
quantum reservoir and its memory performance, revealing that optimal STMC aligns directly with maximal
absorption, providing a physical explanation for the previously reported “sweet-spot” behavior in QRC
performance as a function of dissipation. This connection bridges quantum information theory with
experimentally accessible physical properties, opening pathways for targeted engineering of quantum
reservoir computers with optimized performance for specific tasks.
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Introduction—In recent years, quantum systems
emerged as an intriguing new platform for reservoir
computing (RC), a special type of recurrent neural network
(RNN) [1,2], which is only trained at a linear output layer
[3.4] and bypassing the excessive cost of training large
RNNSs. The unique properties of a quantum platform, such
as the exponentially scaling phase space with respect to
system size, superposition, entanglement, and the ability to
process native quantum data [5—7], make quantum reser-
voir computing (QRC) a promising architecture in the
rapidly advancing field of quantum machine learning
(QML). Like their classical counterparts, quantum reservoir
computers acting on bi-infinite time series data [8] rely on
the so-called fading memory property [9] to not depend on
inputs arbitrarily far in the past. Initial concepts of QRC
models utilized a projective erase-and-write map for input
encoding to introduce dissipation to otherwise ideal
quantum systems as a means to fade out past information
[6,10-12]. While this approach provides a theoretically
feasible scheme for QRC, it suffers from performance
losses in the presence of additional dissipation due to
imperfections in more realistic, noisy intermediate-scale
quantum (NISQ) reservoir computers based on open
quantum systems. To address this problem, newer
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models—Iike the one proposed in this Letter—use unitary
input encodings in combination with a quantum system
with tunable dissipation, resulting not only in an opera-
tionally more robust setup, but also in a larger parameter
space to optimize the model’s performance [13-16].

Until now, the benchmarking and analysis of
QRC performance have relied predominantly on informa-
tion-theoretic metrics, such as the short-term memory
capacity (STMC) [17-19], which do not take into
account physical properties of the reservoir itself. This
separation has precluded a systematic understanding of
how concrete physical properties, such as dissipation
and absorption, govern the fundamental capabilities and
practical optimization of quantum machine learning
systems.

In this Letter, we uncover a quantitative link between a
tangible, measurable physical property—the optical
absorption of a dissipative quantum many-body system
—and its resulting memory capacity for time series tasks.
Focusing on a fully connected transverse-field Ising model
(TFIM) under coherent drive and dissipation, we show that
the regime of maximal absorption coincides with maximal
memory capacity, directly tying physical response to
information processing ability. This correspondence pro-
vides an intuitive explanation for the widely observed
“sweet spot” of QRC performance as a function of
dissipation [6,13,20], uniting separate domains of QML
benchmarking and quantum optics. Our results enable
experimentalists to optimize QRC by tuning physical
parameters accessible in the laboratory, and open the door
for new physics-informed benchmarks for quantum hard-
ware in the context of machine learning.
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Dissipative quantum systems for QRC—To investigate
the effects of dissipation in QRC, we use the fully
connected TFIM [21]

H = ZJUO'X oy —I—hz (1)

i<j

as the physical platform for computation, because it
incorporates a sufficient amount of complexity to simulate
nontrivial qubit networks while still being computationally
accessible. The qubit energy £ is typically set to 1, while
the coupling matrix J;; is chosen randomly and then scaled
to a certain spectral radius J,, which we refer to as the
coupling strength. In order to allow for sufficient quantum
dynamics during each input cycle, the coupling strength has
to be at least of the same order of magnitude as the input
cycle length. Here, the input cycle length is 1, and we set
the coupling strength to Jy = 0.5 for all the following
calculations. The expectation values of the o, observable of
each qubit form the reservoir computer’s N-dimensional
readout function x(¢), where N is the number of qubits in
the system. We sample the readout function at each time
step k and subsample V-times between inputs to implement
a time multiplexing. In addition to these signals, a bias term
of 1 is added to the readout, resulting in the full state collect
matrix X € R®NV+1 that includes all recorded expectation
values and the bias. The output vector y is then constructed
from the state collect matrix by applying a linear weight
vector w that minimizes the L? distance to the target vector
§, i.e.,, w = arg miny|§ — wX|?.

In many previous approaches [6,10,11], the computa-
tional input is injected into the system via an erase-and-
write map p > pi,(s;) ® Tryp, which resets a designated
input qubit to a new state parametrized by the input value
s. The drawback of this type of input encoding is that it
introduces a fixed amount of dissipation to the process,
which acts on top of the natural dissipation of the NISQ
hardware, hindering the possibility for dissipation engi-
neering. Here, we choose as the input medium a coherent
light source that couples resonantly to the qubits in the
TFIM and is amplitude modulated according to the input
signal, therefore causing no inherent dissipation. This setup
allows for complete control over the dissipation strength.
To avoid the computationally costly explicit modeling of
the light field, an effective 6, term is used to emulate the
dynamics due to the coherent input encoding. In the
rotating frame of the pump, which we use to eliminate
the impact of the qubit energy o, at resonant excitation, we
obtain the time-dependent Hamiltonian

H(t) =Y Ji(oel) + o06)) + s(t)zay),

i<j

with s(1) = 5|

p==ilt(0).p1 + Yo
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FIG. 1. Tllustration of the QRC paradigm using a three-qubit
reservoir with the coupling matrix elements J;;, individual qubit
decay y, and a coherent input-injection pump encoding the signal
strength s,. Throughout this Letter, qubit decay and the pump
strength are equal for all qubits. For the three-qubit case depicted
here, we obtain a three-dimensional output function x(r).

\ \;j«

As this setup so far features only unitary dynamics, it
does not exhibit fading memory and cannot be used as a
reservoir computer. Real NISQ systems are subject to
various types of dissipation that force the time evolution
into a steady state, which—when unique—is independent
of the initial state, making such systems suitable for RC.

To make the analysis more concise, we restrict ourselves
to one specific dissipation mechanism, namely, the qubit
decay. We model its impact on the TFIM time evolution
with the Gorini-Kossakowski-Sudarshan-Lindblad (GKSL)
equation [22], consisting of the unitary von Neumann
dynamics and a dissipative part that here describes the
qubit decay. The full dynamics of the density operator is
then given by

1 P
S p}>, (3)

where y; = y is the decay rate of the qubits, and ¢ [6 ] is
the lowering (raising) operator of qubit i. An illustration of
Eq. (3) is shown in Fig. 1. Because the reservoir dissipation
occurs naturally and not solely when a new input is
injected, it is not required to introduce a washout sequence
into the process for common-signal-induced synchroniza-
tion [23]. Instead, the dissipative quantum reservoir com-
puter assumes a known steady state to arbitrary precision
after a certain amount of waiting time. To calculate this
steady state, we first reformulate Eq. (3) to Fock-Liouville
space, yielding a Liouvillian superoperator £, such that

p=Lp. (4)

In this new representation, the complex mathematical
structure of Eq. (3) turns into a linear, ordinary differential
equation, which can be solved for the steady-state con-
dition Lp = 0.

We showcase the time evolution of a three-qubit dis-
sipative quantum reservoir computer in Fig. 2, where the o,
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FIG.2. Time evolution of the ¢, expectation value of the first qubit in a three-qubit TFIM for different qubit decay strengths y. In light

red (right axis) the input signal is displayed.

expectation value of the first qubit is displayed for varying
qubit decays and a coupling strength of 0.5. To test the
steady-state behavior, we leave the excitation Hamiltonian
off for the first five time steps. Indeed, a constant time
evolution indicative of the correct steady-state solution is
found. We follow the zero-input stage by ten randomly
chosen inputs and then turn the signal off again for ten time
steps, in which we observe the “free” time evolution of
the TFIM.

Upon injection of the first nonzero input signal, the
system is driven out of its steady state to a varying extent,
depending on the qubit decay. For very large decays, the
deviation from the zero-input steady state is negligible,
especially when shot noise is added to the simulation. In
cases where the decay itself becomes negligible compared
to the timescales of the model, the unitary dynamics
dominate and we observe strong oscillations in the output
signal, making the system again unusable for QRC.
Already from this analysis, one can infer that the regime
interesting for QRC should be in the range 10~! < y < 10!,
where the system gets close to a new steady state that is
distinct from the zero-input steady state during each input
injection period, but does not quite reach it. In the next
section, we analyze more closely how dissipation affects
the system performance.

Bounds of dissipation—A system’s key property for RC
is the ability to (non-)linearly process past inputs, also
called short-term memory capacity (STMC) [24]. In its
linear form, the corresponding task consists of recovering
past inputs s;_, from the current output states X;. This
concept has already been enhanced and extended to more
sophisticated measures, including the information process-
ing capacity (IPC) [25] or the maximally well reproducible
functions of the reservoir—the so-called eigen-
tasks [26,27].

Here, it suffices to consider a reduced form of the IPCs,
which quantifies the ability of the QRC to reproduce
legendre polynomials of the input sequence up to a certain
degree. The quality of the reproduction for each degree i

and delay 7 is measured by the squared Pearson correlation
coefficient

(5)

where o(-) is the standard deviation and cov(-)
the covariance. We denote the target sequence [P;(s;_;),
Pi(si_c_1), Pi(Sg_z_2),...] as §;, where P;(-) is the i th
Legendre polynomial rescaled to the interval [0, 1]. The
length of the training and testing sequences are both fixed
to 1000 steps. As our RC system exhibits a dynamically
fading memory, the capcities C} need to vanish for large 7,
allowing us to sum up the STMCs for all delays up
to a certain 7., to define a total memory capacity
C; =Y ™% C? for each degree i.

Finding sensible values for 7,,,,, is not a trivial task, as the
correlation between two random functions is nonzero in
general, resulting in a noise tail of the capacities C? even for
very large 7. To quantify this noise floor, we correlate the
reservoir output y with a random target function, such that
the thereby obtained capacities do not represent an actual
memory effect, but rather random correlations. We note that
these correlations depend only on the trained weights and
network architecture, not the delay z. The process of
calculating these “noise capacities” is repeated 500 times
and we take the largest resulting capacity to define the noise
threshold C"™" for each degree i. Once a value in the
sequence (C?) drops below this noise threshold, we cut the
sequence at that 7 and receive the maximum delay 7,,,,.

With the framework set, results for the total memory
capacities of degrees 1, 2, and 3 for varying strengths of the
qubit decay are shown in Fig. 3. For small decays, where
the system evolves approximately unitarily, the QRC is not
able to recall any of the past inputs, so that C? =0.
Interestingly, the linear STMC displays a strong increase
at y = 1072 with the higher-order degrees following shortly
after. Indeed, as proposed in the last section, we then find a
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FIG. 3. First three degrees of the STMC of 15 randomly
sampled three-qubit systems for different qubit decays.

regime of optimal memory capacity at intermediate level of
dissipation before, at high qubit decay rates y > 102, the
capacities drop to zero. As higher degrees follow a similar
trend, but exhibit lower capacities overall in this setup, we
restrain the following discussion to the linear STMC. We
also note that the data provided were obtained by simulat-
ing shot noise corresponding to 10° shots. For the infinite-
shot ideal case, results are discussed in Supplemental
Material [28].

Connection to physical reservoir properties—While we
gave a general intuition for the behavior of the STMC in
Fig. 2, there is typically not much insight obtained about
the underlying processes purely from numerical simula-
tions of the reservoir dynamics. By virtue of the reservoir
computer being an open quantum system with a modulated
light field as the input injection mechanism, we can,
however, facilitate an understanding of the sweet-spot
behavior via the analysis of actual physical properties of
the qubit network. Here, we consider the optical absorption
a of the reservoir as the main property driving its capability
to remember. According to linear response theory, the
frequency-dependent absorption of a network of two-level
systems is given by the normalized dipole correlation’s
Fourier spectrum [29,30]:

Tr[Z, 2, (1)pss]
Tr[Z3ps]
o Tr[Z e ]

Tr[Z3ps]

a,(w) = ReA eiot dr

—Re/oo
0

where X, = Zia,@ is the total dipole moment operator.
Here, the additional dependence of the absorption on the
signal strength s is explicitly marked, as the external field
strongly influences the Hamiltonian structure and thus the
absorption spectrum. This circumstance requires the cal-
culation of absorption spectra over the whole range of
signal strengths, which are then averaged to get a mean
response of the TFIM to optical excitation. We justify this

dt, (0)

by the fact that the 1000 testing input signals are uniformly
chosen, such that no specific signal strength has a promi-
nent effect on the resulting STMCs, but rather the average
ensemble of signals.

In order for the integral in Eq. (6) to converge, the trace
term needs to vanish for large #, which is, however,
prevented by the external pumping that results in a constant
tail of the correlation function. This effect was attributed by
Mollow to elastic scattering of the pump light in [31] and
leads to a delta peak in the absorption spectrum at the pump
frequency. As the delta peak is only an artifact of the
monochromatic light source, we remove it by subtracting
the value of the constant tail of the correlation function to
obtain a meaningful absorption spectrum. This is illustrated
in Fig. 5 in Supplemental Material [28] for s =1 and
different qubit decays.

We investigate the resonant absorption a,,(0), which
corresponds to the qubit system’s absorption at the pump
frequency, in Fig. 4. It is shown for 10 different values of s
and varying qubit decay (color coded). It becomes evident
that the signal strength—which was discussed before to
have a considerable influence on the absorption spectrum
—in fact shifts the absorption peak by several orders of
magnitude in the qubit decay. This effect appears to be most
prominent for smaller signal strengths up to about 0.5, after
which the o, term in the Hamiltonian becomes dominant,
and increasing it further does not change the dynamics
structurally (note that a coupling strength of 0.5 was used
for these results). Notably, the absorption exhibits should-
ers for some signal strengths, which is due to asymmetric
shifts of the absorption spectrum’s peaks, as further
explained in Supplemental Material [28]. The input-
dependent behavior of the absorption spectrum hints at
the possibility to tune either the qubit decays individually,
the qubit couplings, or the signal-strength range to maxi-
mize the absorption. We average over all signal strengths in
the above-described way to receive an average absorption
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FIG. 4. Resonant absorption a; ,(0) of the same 15 randomly
sampled three-qubit system as in Fig. 3 for different signal
strengths s and qubit decays y. The thick blue line marks the
average over all light curves.
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@, representing the mean response of the TFIM to exci-
tation. In Fig. 4, this average response is shown as a thick
blue line. Remarkably, it exhibits a qualitatively very
similar behavior to the STMC as a function of dissipation
in Fig. 3: We find a rising edge starting from around
y = 1072, developing to a maximum at a decay of approx-
imately 1 before decreasing again to vanish completely at
y ~ 10%. The striking similarities between STMC and
optical absorption at the extremes of very strong and very
weak amounts of dissipation follow the intuition that the
system cannot possibly remember any information if it is
not able to absorb it in the first place. From the data
between the extremes, and especially in the sweet spot
regime around the peak, we deduce that there exists a
significant correlation between the two quantities. The
observed behavior aligns with our physical understanding
that the reservoir computer is more effectively supplied
with information in the strong-absorption regime and
should, consequently, also be able to better reproduce it.
We have verified that this also holds for systems with
different coupling strengths and topologies, and results for
a four-qubit reservoir computer are shown in Supplemental
Material [28]. These results reveal a link between two—at
first glance—completely unrelated properties, the first one
being the information theoretical STMC, and the second
one the physical property of the optical absorption.

On a deeper level, this link is reflected in the math-
ematical structure of these two quantities, which both are
calculated in terms of two-time correlation functions of an
initial input to later system states, the Pearson correlation
here being proportional to (s.y(¢)),. A direct formal
connection between the autocorrelation in Eq. (6) to the
Pearson correlation defining the STMC is, however, not
straightforward in this framework, mainly because the
training process adds an element of external control that
makes it difficult to establish a mathematical connection to
the absorption, which is an intrinsic property, and further
work will be necessary in this direction.

Conclusion—Our Letter reveals a previously unidenti-
fied link between physics and computation benchmarks in
quantum reservoir computers: memory performance of
coherently driven quantum reservoir computers is governed
by the system’s susceptibility to the input signal, here given
by the optical absorption. In demonstrating how optimal
dissipation maximizes both absorption and short-term
memory performance simultaneously, we provide funda-
mental insight into the role of dissipation in QRC and
elucidate a way in which it can be used as an experimen-
tally accessible tuning knob for engineering high-perform-
ing and task-specific quantum neural networks. In this
sense, we argue that the understanding of physical proper-
ties, not just abstract information measures, is important to
guide quantum technology development. There already
exists a multitude of proposed or implemented physical
systems for QRC, such as photonic systems [32], nonlinear

oscillators [33], and arrays of Rydberg atoms [34], where
we expect similar relations as the one between absorption
and memory presented in this Letter. Arrays of Rydberg
atoms in particular are a promising physical system for our
Letter, as they directly implement the TFIM on physical
hardware and have proven remarkable scaling in recent
experiments [35]. We anticipate that our results will
motivate new experimental studies of tunable QRC plat-
forms and foster the development of performance metrics
grounded both in physics and information theory.
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