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We use a quantum extreme learning machine (QELM) for characterizing and estimating parameters of
quantum dynamics generated by a tunable collision model. The input to the learning protocol consists of
quantum states produced by successive system-environment interactions, while the reservoir is implemented
as a disordered many-body quantum system evolving under a fixed Hamiltonian. We systematically explore how
extending the QELM feature space, through the inclusion of temporal information and additional observables,
affects estimation performance. Our results demonstrate that temporal extensions of the feature vector consis-
tently and significantly enhance estimation accuracy relative to the baseline protocol. Notably, incorporating
memory from earlier time steps yields the most substantial and robust improvements, whereas extensions based
solely on additional observables offer only marginal gains. Crucially, the advantage conferred by temporal
memory becomes increasingly pronounced as the dynamics become more strongly non-Markovian, indicating
that environmental memory effects serve as a constructive resource for learning.
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I. INTRODUCTION

Quantum information processing relies heavily on our
ability to accurately characterize the dynamics of quantum
systems as they evolve in the presence of environmental
interactions. The resulting quantum channels, mathematical
descriptions of how quantum states transform, are central to
understanding and controlling open quantum systems in con-
texts ranging from quantum computing and communication to
sensing and metrology [1–5]. However, reconstructing these
channels is often challenging, especially when the underlying
dynamics involve memory effects, temporal correlations, or
complex system-environment couplings.

In light of these challenges, the development of scalable
and resource-efficient strategies to estimate and characterize
quantum states and processes has become a central objec-
tive in quantum information science, with broad implications
for quantum metrology and emerging quantum technologies
[6–10]. Across these lines, numerous studies have shown
that integrating machine learning techniques into quantum
state estimation frameworks can substantially improve their
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efficiency and scalability [10–17]. In this context, Quantum
Extreme Learning Machines (QELMs) have emerged as a
promising framework for quantum estimation tasks [18–21].
Building on the classical extreme learning machine paradigm,
a QELM employs a fixed-structure quantum dynamical sys-
tem to perform a static, one-shot transformation of input
data into a high-dimensional Hilbert space, generating rich
nonlinear feature representations. This strategy is particu-
larly well suited to supervised tasks such as classification
and state estimation, where temporal dynamics are not es-
sential. By capitalizing on the exponential growth of degrees
of freedom in quantum systems while restricting training to
a simple linear readout layer, a QELM enables efficient in-
ference with reduced optimization complexity [18,20,22–25].
These considerations make a QELM suited for learning and
characterizing parametrized open quantum system dynamics.

In this work, we propose and analyze a QELM-based
framework for the reconstruction and parameter estimation
of quantum channels generated by a tunable collision model.
Collision models provide a flexible and analytically tractable
way to simulate open system dynamics, allowing precise con-
trol over parameters such as system-environment coupling
and environmental memory [26–32]. Using such a model to
produce sequences of output states, we generate quantum data
that encode the structure of the channel. These data are then
processed by a QELM, whose reservoir is realized by a many-
body quantum system evolving under a fixed Hamiltonian.

Our primary objective is channel discrimination and pa-
rameter estimation in a given channel that can have different
degrees of non-Markovianity, and inferring key parameters
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such as the coupling strength and depolarization rate. We
systematically investigate how extending the QELM feature
space with temporal information and additional observables
affects reconstruction accuracy, quantified by the normalized
mean squared error (NMSE). The use of a QELM is here
mainly motivated by the fact that the input data are gen-
uinely quantum states; so, any use of a classical machine
would require a complete state tomography, which is an
exponentially costly step, absent in our setup. Our results
demonstrate that incorporating memory from earlier time
steps significantly improves channel characterization, outper-
forming approaches based solely on additional observables.
Notably, these enhancements are most pronounced in regimes
where the channel exhibits strong memory effects, under-
scoring the role of temporal correlations in enabling accurate
reconstruction.

The article is structured as follows. Section II introduces
the collision model used to generate tunable non-Markovian
quantum dynamics. Section III presents the QELM protocol
and our extensions for incorporating temporal memory. Sec-
tion IV presents the results, analyzing parameter estimation
for both the coupling strength and the depolarization rate, and
demonstrates the performance enhancement from memory-
augmented feature vectors. Finally, Sec. V summarizes our
conclusions and outlines potential future directions.

II. MODEL SYSTEM

We employ a non-Markovian collision model based on
the framework introduced in Ref. [33]. The collision model
adopted is used to investigate the non-Markovian dynamics
of a system of qubits interacting with an environment. In
contrast to standard approaches, where memory effects are
often introduced through structured reservoirs, the scheme
controls the degree of non-Markovianity via two mechanisms:
The system interacts locally with the same reservoir “bath”
qubits and applies a depolarizing channel to the bath [33].
In Ref. [34], the channel introduced in Ref. [33] was em-
ployed as a quantum reservoir, due to the tunability of its
non-Markovian character. In this work, we adopt a different
approach: We use the collision model to generate streams of
quantum data, which are then fed into a separate many-body
reservoir (a transverse-field Ising model), which acts as a
QELM.

System. We consider an isotropic one-dimensional chain
composed of N qubits, which we denote as the “system
qubits” Sn with n = 1, . . . , N . The dynamics of this chain is
governed by a Heisenberg Hamiltonian:

Ĥsyst = 1

2

N∑

n=1

Jn
syst (X̂nX̂n+1 + ŶnŶn+1 + ẐnẐn+1), (1)

where Jn
syst ∈ [−Js, Js] are coupling constants and X̂n, Ŷn, Ẑn

denote the standard Pauli operators acting on the nth site.
Bath. The environment is modeled as a reservoir of N

interacting “bath qubits” Qm(m = 1, . . . , N ) described by a
similar Heisenberg Hamiltonian:

Ĥbath = 1

2

N∑

m=1

Jm
bath(X̂mX̂m+1 + ŶmŶm+1 + ẐmẐm+1), (2)

FIG. 1. Schematic of the collision model with three system
qubits Si (red) and three reservoir qubits Qi (blue). The protocol
evolves in successive stages: each system qubit first exchanges infor-
mation with its corresponding reservoir qubit via a PSWAP operation
of strength χ . The reservoir qubits are then subject to a depolariz-
ing channel before undergoing unitary evolution governed by Hbath.
Finally, the system qubits evolve under their internal interactions
described by Hchain.

with coupling constant Jm
bath ∈ [−Js, Js] and Js ∈ R ∀m =

1, . . . , N and X̂m, Ŷm, Ẑm the Pauli operators of the mth bath
qubit.

The non-Markovian dynamics are generated through a
four-step process that governs the interaction between the
system and the bath at each iteration, as illustrated in Fig. 1.
In each collision step:

(1) Exchange phase. Each system qubit interacts with its
nearest bath qubit through a partial-swap operation (PSWAP):

P̂m(χ ) = cos(χ )I + i sin(χ )Ŝm, (3)

where Ŝm is the swap operator between the mth system and
bath qubits, and χ ∈ [0, π/2] is a parameter that regulates the
strength of the interaction.

(2) Depolarization phase. After the interaction, a depolar-
izing channel acts on the bath qubits.

�m
λ (ρ) =

3∑

i=0

K̂m
i ρK̂m†

i , (4)

with Kraus operators K̂m
0 = √

1 − 3λ/4Im and K̂m
1,2,3 =√

λ/4σ̂x,y,z, and 0 � λ � 1.
In this step, we can control how much information is lost

to the environment and therefore control the degree of non-
Markovianity of the environment.

Importantly, λ represents the strength of the depolarizing
channels and serves as a control parameter for tuning the
level of non-Markovianity. At λ = 1, the bath is reset to a
completely mixed state at each step, yielding purely Marko-
vian dynamics. Conversely, λ = 0 preserves bath correlations,
maximizing memory effects.
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(3) Bath evolution. In this stage, the reservoir qubits
evolve under their Hamiltonian equation (2), which allows
information to spread within the environment.

(4) System evolution. The system qubits evolve under their
Hamiltonian equation (1) for the same time interval �t .

III. QELM PROTOCOL

Quantum reservoir computing (QRC) and QELM are two
closely related paradigms that make use of the dynamics
of complex quantum systems as computational resources
[17,23,35,36]. Both approaches exploit the natural evolution
of a fixed, typically disordered, many-body quantum system to
nonlinearly map input states into a high-dimensional feature
space. A simple linear readout is then trained on these features
to perform tasks such as classification, state estimation, or
parameter prediction. The key distinction lies in their orig-
inal motivation: QRC traditionally emphasizes the temporal
processing capability of the reservoir, using its intrinsic mem-
ory to process time-series data, while QELM focuses on the
instantaneous mapping of input states, treating the reservoir
as a static feature map optimized for one-shot transforma-
tions. In practice, however, both frameworks share the same
core mechanism, that is, a fixed quantum dynamical system
followed by a trained linear output layer. In this work, we
adopt the QELM perspective because our primary goal is to
estimate the parameters of the collision model (χ and λ) from
the sequence of output states produced by the system. Never-
theless, as we will show, incorporating temporal information
by augmenting the feature vector with past reservoir states
significantly enhances estimation accuracy. This effectively
bridges the two viewpoints, demonstrating that even within
a static estimation task, the memory of the reservoir can be
harnessed as a resource.

We now present the QELM protocol used in our work. A
QELM is typically composed of three main components:

(1) Inputs. In our case, the inputs to the QELM are the
quantum states generated by the collision model protocol. Af-
ter each collision step, we extract the reduced density matrix
of the system, denoted as ρ

(k)
S .

(2) Reservoir. The reservoir is modeled by a transverse
Ising system, whose Hamiltonian reads [35,37]

H =
N∑

i< j

Ji jσ
x
i σ x

j + h
N∑

i=1

σ z
i , (5)

where i and j label the sites of the network; σ a
i (a = x, y, z)

are the Pauli matrices acting on the ith site; h is the value
of the external magnetic field; Ji j is the spin-spin coupling,
randomly selected from a uniform distribution in the range
{−Js/2, Js/2} with Js = 1; and N is the number of qubits.

At each collision step k of the collision-model dynamics,
we extract the reduced two-qubit system state ρ

(k)
S , which

serves as the input to the QELM. Here, the index k labels the
number of system-environment collision steps. The QELM
reservoir consists of an N-qubit transverse-field Ising system.
To inject the collision-model state into the reservoir Hilbert
space, the two-qubit input state ρ

(k)
S is combined with an

auxiliary (N − 2)-qubit reservoir state Rk , a random mixed
quantum state, that depends on the step k. The complete initial

state evolved by the reservoir is therefore

ρ
(k)
in = ρ

(k)
S ⊗ Rk .

The interaction between the input and the reservoir induces
a nonlinear transformation. The evolved reservoir state is
given by

ρk (t ) = Uρ
(k)
in U †,

where U = e−iHt .
To extract information from the evolved state, we perform

measurements defined by the Pauli operator σ z
i acting on each

ith qubit. The expectation values

xi(t ) = 〈σ z
i 〉 = Tr

[
σ z

i ρk (t )
]

form the components of the reservoir feature vector.
Thus, each input state ρ

(k)
S is mapped by the reservoir

dynamics into a high-dimensional feature vector

xk = (
xk

1, xk
2, . . . , xk

N

)�
, (6)

where the nonlinear transformation arises naturally from the
many-body interactions governed by the Hamiltonian. These
features are then transmitted to the output layer for linear
regression [35].

To enhance the expressive power of the protocol, we in-
corporate temporal memory by augmenting the feature vector
at the current time step k, in analogy with what was done in
Refs. [38,39]. As illustrated in Eq. (7), this is achieved by
concatenating the instantaneous features xk with the reservoir
feature vector from an earlier time step k′:

xk = (
xk

1, . . . , xk
N , xk′

1 , . . . , xk′
N

)�
, (7)

This temporal augmentation provides the readout layer
with direct access to the dynamical history of the reservoir,
effectively allowing it to compare the current system state
with a past snapshot. To benchmark the value of this historical
information against simply having more instantaneous infor-
mation, we will compare its performance against a different
type of feature space extension. In this alternative approach,
we augment the feature vector not with past states, but with
measurements from an additional observable at the same time
step k, specifically replacing the xk′

i components with 〈σ i
x〉k .

This allows us to directly assess whether the benefits we
observe stem from accessing temporal correlations or merely
from increasing the sheer amount of data per time step.

(3) Output. The readout layer performs a linear regression
on the extended input features. To ensure that the model can
generalize to previously unseen data, we partition the dataset
into two disjoint sets: a training set and a test set. The weights
W are optimized exclusively on the training set. The predicted
output for the kth input is given by

yk = W xk . (8)

These weights are optimized classically by minimizing the
squared error between predicted and target values. In matrix
form, the optimal solution is given by

W = YtrainX �
train

(
XtrainX �

train

)−1
, (9)

where Xtrain is the matrix collecting all extended input vec-
tors and Ytrain contains the corresponding target values (the
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true parameters λ or χ ) in the training. This optimization
is performed via the Moore-Penrose pseudoinverse using a
least-squares algorithm without explicit regularization. The
estimation performance reported in Sec. IV is evaluated ex-
clusively on the test set (Xtest), representing states that were
not used during the weight optimization process.

IV. RESULTS AND DISCUSSION

In this work, we address the problem of quantum channel
discrimination by combining a collision-model description
of open-system dynamics with a QELM framework. More
specifically, the protocol aims to estimate the collision-model
parameters governing the dynamics, which are related to
the Markovian or non-Markovian character of the evolution.
To generate the system dynamics, we consider a collision
model consisting of two system qubits interacting sequentially
with two reservoir qubits. The interactions are implemented
via partial-swap operations [see Eq. (3)], which allow us
to simulate different degrees of information exchange be-
tween the system and its environment. By controlling whether
the reservoir qubits interact or remain independent, we can
switch between Markovian and non-Markovian dynamics,
thereby creating a flexible framework for testing channel
discrimination.

The states generated by the collision model are subse-
quently processed by a QELM consisting of a five-qubit
reservoir. As described in the previous section, at each time
step the reservoir’s output is used to construct a feature vector
xk [see Eq. (6)]. These vectors are then processed by a linear
readout, trained to estimate the channel parameters λ and χ .
The complete protocol, from the collision model dynamics
to the QELM classification, is illustrated in the schematic in
Fig. 2.

In order to assess the performance of the proposed pro-
tocol, we organize the results into two main parts. First,
we examine parameter estimation, where the task is to infer
either χ or λ while keeping the other fixed. Second, we ex-
plore memory-enhanced learning, where we investigate how
incorporating the reservoir’s memory improves the QELM’s
ability to extract information from the system’s dynamics. All
results are averaged over an ensemble of 2000 independent
realizations. In each realization, the coupling constants Ji j

in the Hamiltonian equation (5) are sampled from a uniform

FIG. 2. Schematic representation of the protocol. The input
states ρ (k)

s are processed by a quantum reservoir, and the resulting
features are evaluated by a linear regression readout. The output
performance is quantified by the NMSE.

FIG. 3. NMSE as a function of the collision step for dif-
ferent QELM feature extensions and coupling strengths λ =
0.10, 0.50, 1.00. Solid lines correspond to the baseline QELM
without extensions. Dotted lines show the inclusion of the immediate
past reservoir state, dashed lines represent the use of a fixed earlier
memory step k1, and dash-dotted lines indicate the extension based
on the additional observable 〈σx〉 (Average of 2000 realizations).

distribution over the interval [−Js, Js]. In addition, the reser-
voir state R is randomly initialized as a mixed quantum state
for each realization.

Parameter estimation

Parameter estimation for χ . In this case, we fixed the
parameter λ while the interaction strength χ was varied as
a function of the collision time step k. This analysis is con-
ducted across three distinct environmental regimes defined
by the depolarization parameter λ: a highly non-Markovian
regime (λ = 0.10, blue), an intermediate regime (λ = 0.50,
orange), and the purely Markovian limit (λ = 1.00, green).
The precision of the estimation is quantified by the NMSE on
a logarithmic scale, as illustrated in Fig. 3.

Our results indicate that the degree of environmental non-
Markovianity significantly influences the learning task. The
purely Markovian regime (λ = 1.00) consistently achieves the
lowest NMSE across all feature configurations. In contrast, as
the dynamics become increasingly non-Markovian (decreas-
ing λ), the NMSE rises, suggesting that the accumulation of
memory effects initially poses a challenge for isolating the
coupling parameter χ . A central finding of this work is that
extending the feature vector to include temporal information
is always beneficial for the protocol’s performance. While
the (k′ = k − 1) configuration (dotted lines with triangles)
provides some improvement, the most significant and robust
results are obtained using the (k′ = k1) configuration (dashed
lines with squares).

By incorporating the first time step as a reference point,
the QELM successfully harnesses temporal correlations as
a resource to overcome environmental interference. This
memory-augmented approach allows the system to achieve
a steady reduction in NMSE as time progresses, eventually
outperforming the initial accuracy in the intermediate regime.
Furthermore, while measurements in the σx basis (dot-dashed
lines) offer alternative feature sets, they generally do not
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FIG. 4. Comparison of the NMSE at time step k = 4 for differ-
ent depolarizing parameter λ, using the standard QELM (blue) and
three extensions: immediate past k′ = k − 1 (orange), distant step
k′ = k1 (green), and additional observable 〈σx〉 (red) (Average of
2000 realizations).

match the stability and high fidelity of the (k′ = k1) memory-
enhanced configuration. This finding is key: Providing the
QELM with a direct temporal reference point (the initial state)
is significantly more effective than simply providing it with
a more detailed snapshot of the current moment (via the σx

measurement). The temporal correlation across time steps en-
codes information about the system-environment memory that
a single-time, multiobservable measurement cannot capture.
Collectively, these results demonstrate that although non-
Markovianity complicates quantum dynamics, its associated
memory can be effectively exploited to boost the precision of
parameter estimation in open quantum systems.

To further illustrate the effect of the extensions, Fig. 4
reports the NMSE at a fixed time step (k = 4) for different val-
ues of λ. The bar heights represent the average NMSE, while
the error bars indicate the standard deviation, representing the
statistical variability across the 2000 independent realizations.
This representation highlights more clearly the comparative
impact of the different strategies more clearly. For λ = 0.10,
the estimation remains challenging, although both temporal
extensions lead to a visible reduction of the NMSE com-
pared to the standard protocol, with the distant-step memory
(k′ = k1) performing best. At the intermediate value λ = 0.50,
all extensions improve the estimation, again with the fixed
earlier step yielding the lowest error. In the Markovian limit
(λ = 1.00), the overall NMSE is significantly reduced, and the
differences between strategies become smaller, yet the distant-
step memory remains the most effective. These results confirm
the dominant role of memory in enhancing estimation, with
long-term memory providing the most robust improvements
across different system frequencies.

Parameter estimation for λ. In the second case, we fixed
the parameter χ while λ is varied. Figure 5 reports the NMSE
as a function of time step for representative values of χ ; in the
figure, Solid lines correspond to the baseline case, dotted and
dashed lines represent memory extensions, and dash-dotted
lines correspond to the use of 〈σx〉. We first focus on the base-
line configuration. For weak coupling (χ = 0.1), the NMSE
remains high and nearly constant, reflecting the difficulty of

FIG. 5. NMSE for the estimation of χ with extended feature vec-
tors. Solid lines correspond to the baseline case, dotted and dashed
lines represent memory extensions, and dash-dotted lines correspond
to the use of 〈σx〉.

predicting the values of λ with the QELM. In contrast, for
stronger couplings (χ = 0.5, 1.0, 1.57), the QELM achieves
significantly lower errors at early time steps, although the
NMSE gradually increases at longer times due to the reduced
distinguishability of the system states. At χ = 0.5, the perfor-
mance improves at short times and then stabilizes; at χ = 1.00
and χ = 1.57, the NMSE achieves its minimum within the
first few steps, reflecting efficient parameter encoding, but
gradually increases at longer times. To improve the estima-
tion further, we extended the feature vectors by incorporating
memory and additional observables, so we have vector (7).
Specifically, we tested three cases: (1) adding information
from the immediate past step (k′ = k − 1); (2) including fea-
tures from a fixed earlier step (k′ = k1); and (3) using 〈σx〉 as
an additional observable.

As shown in Fig. 5, solid lines correspond to the baseline
case, while dotted and dashed curves illustrate the memory
extensions, and the dash-dotted lines represent the use of
〈σx〉; all three strategies reduce the NMSE compared to the
baseline. At χ = 0.5, the improvements are visible mainly
at short times, while for χ = 1.57, the gains are stronger,
with the memory extensions consistently outperforming the
observable-based case. These results demonstrate a clear hi-
erarchy in information value for this task. While adding the
σx observable offers a marginal gain by enriching the in-
stantaneous description of the reservoir state, the temporal
extensions provide a qualitative improvement. They allow the
linear readout to access the system’s dynamical trajectory,
which is crucial for disentangling the memory parameter λ

from the coupling strength χ .
One may ask whether our results also hold for a time-

dependent Markovian process (e.g., χ varying with k).
Overall, we expect our QELM to perform well still because
the reservoir receives the current system state ρ

(k)
S , which

encodes the instantaneous parameter values. However, the
temporal concatenation strategy would probably offer less
advantage than in the non-Markovian case, since past states
are less correlated with the present.
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V. CONCLUSION

In this work, we investigated a quantum channel discrimi-
nation and parameter estimation protocol based on a QELM
driven by the dynamics of a quantum collision model. By
analyzing both Markovian and non-Markovian regimes, we
demonstrated that the QELM can reliably learn and estimate
key physical parameters, such as the system-environment cou-
pling strength and the depolarizing rate, directly from the
reduced system observables. The results show that the esti-
mation accuracy depends strongly on the dynamical regime:
Nearly Markovian dynamics yield lower errors, whereas
strongly non-Markovian conditions reduce the distinguisha-
bility of system trajectories.

The central contribution of this work is a systematic com-
parison of two strategies for enhancing the QELM feature
space: (1) temporal memory extensions, where the feature
vector at time k is augmented with the reservoir state from
an earlier time step k′ (immediate past k − 1 or fixed ref-
erence k1), and (2) observable-based extensions, where we
include measurements of an additional Pauli observable 〈σx〉
at the same time step. The idea behind this strategy is that
temporal memory is introduced explicitly by concatenating
feature vectors from different time steps (e.g., current step
k and first step k − 1) into an extended input. The first step
provides a fixed reference point, which is particularly in-
formative in non-Markovian dynamics because later states
remain correlated with the initial state. This is intrinsically dif-
ferent from the paradigm of (quantum) reservoir computing,
where the fading memory is retained in the dynamics of the
system. Our results reveal a key insight: Temporal memory is
a far more powerful resource than instantaneous observable
diversity. While adding σx provides only marginal gains, tem-
poral extensions yield substantial and robust improvements in
estimation accuracy.

Future directions include experimental implementation on
quantum processors, exploration of alternative memory mech-
anisms, extension to simultaneous multiparameter estimation,
systematic study of optimal memory depth as a function of
non-Markovianity, and application to other collision model
architectures.

In summary, we have shown that a memory-augmented
QELM can effectively characterize non-Markovian quantum
dynamics. The comparison between temporal and observable-
based extensions reveals that the key to unlocking information
in complex open systems lies not just in measuring more, but
in measuring across time.
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APPENDIX: CLASSICAL BASELINE WITH TEMPORAL
FEATURE EXTENSION

In order to further analyze the role of temporal feature ex-
tension in the proposed protocol, we additionally considered
a simple classical linear regression baseline using the same
multitime information introduced in the QELM framework.

For each collision step k, classical feature vectors are
constructed from local Pauli observables and two-qubit
correlation observables extracted from the reduced system
state ρ (k)

s .
To reproduce the temporal extensions introduced in the

QELM protocol, we consider the concatenated feature vectors

X (k,k−1)
ext = (X k, X (k−1)) (A1)

and

X (k,k1 )
ext = (X k, X (k1 ) ). (A2)

The parameter estimation task is then performed using stan-
dard linear regression. The output weights are determined
through the Moore-Penrose pseudoinverse according to

W = X +Y, (A3)

FIG. 6. NMSE as a function of the collision step for different
classical regression model feature extensions and coupling strengths
λ = 0.10, 0.50, 1.00 (Average of 2000 realizations).
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where X denotes the feature matrix and Y contains the target
collision model parameters.

Similar to the QELM protocol discussed in the main text,
we evaluated the performance of the classical baseline using
the NMSE.

Figure 6 presents the corresponding classical baseline
results. One observes that the use of temporally extended clas-

sical features already improves the estimation performance
compared to the instantaneous-feature baseline. These obser-
vations suggest that temporal correlations generated by the
collision-model dynamics contribute significantly to the ob-
served performance enhancement, regardless of whether the
readout is performed on quantum-reservoir features (QELM)
or on simple classical observables.
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