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Reservoir computing (RC) provides a powerful paradigm for processing nonlinear and temporal
data using fixed dynamical systems combined with simple trainable readouts [1, 2]. Quantum exten-
sions of RC leverage the exponentially large Hilbert space of quantum systems to enhance expressiv-
ity [3-5], offering a promising route toward quantum advantage in machine learning. However, scaling
such approaches on digital quantum processors is fundamentally challenged by hardware noise and by
concentration phenomena [6-8], which cause output observables to become statistically indistinguish-
able across inputs as system size increases. These effects, closely related to barren plateaus [9] and
kernel concentration [10], imply that even though models remain trainable in principle, their features
become unresolvable under realistic sampling budgets.

In this work, we present a theory-informed Quantum Extreme Learning Machine (QELM) [6,
11-15] architecture — a precursor of full quantum RC architectures — designed specifically to address
concentration effects on state-of-the-art superconducting quantum processors and demonstrate its
performance at previously unexplored scales. QELMs belong to the family of quantum feature-based
models [16, 17]: given an input vector u, a quantum state
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is prepared through alternating data encoding and reservoir evolution layers, and features are extracted
as expectation values r;(u) = Tr[R;p(u)] of a fixed observable set R = {R;}M,. A classical linear
readout is then trained offline [18]. This structure enables efficient execution on cloud quantum
hardware, avoids iterative parameter updates on the quantum device, and scales linearly with dataset
size.

Our implementation is based on circuits inspired by periodically driven (kicked) Ising dynamics [19,
20], arranged in a brickwork topology on a ring of qublts initialized in Bell pairs. The dynamics are
governed by a static Hamiltonian Hy = J EN 20 Zii1 + hz '~ 1 7, and a periodically applied kick
Hyg =b Zﬁfzol XZ7 where J denotes the spin-spin coupling, h the longitudinal field, and b the transverse
kick strength. Each layer consists of parallel two-qubit blocks parameterized by these coupling and
field strengths, with alternating encoding layers, where inputs modulate transverse fields [21, 22],
and dynamical layers implementing fixed reservoir evolution. This architecture, illustrated in Fig. 1
(left), combines strong entanglement generation with structured locality, making it both expressive
and hardware-efficient. Importantly, all quantum parameters are drawn from a fixed distribution and
remain fixed after initialization, while only the classical readout is optimized.

*Full paper available at https://arxiv.org/abs/2603.13005
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Figure 1: Left: Schematic of the QELM architecture. Input vectors u are encoded through alternat-
ing encoding and dynamics layers on a ring of qubits initialized in Bell pairs. Encoding layers apply
data-dependent transverse kicks (b = g(uli])), while dynamics layers implement fixed kicked-Ising
evolution with parameters (J, h,b) drawn from a fixed distribution at initialization. Measured expec-
tation values form the feature vector r(u), which feeds a classical linear readout. Right: Pareto-front
projection showing the trade-off between NARMA performance under realistic shot noise and bond
dimension across QELM architectures of different sizes (6, 8, 10, and 12 qubits). Each dot represents
a sampled hyperparameter configuration, colored by system size, with solid lines indicating the cor-
responding Pareto fronts. The yellow star marks the selected hyperparameters (Table in full paper),
which consistently lie near the Pareto-optimal region across model sizes, demonstrating a universal
operating regime that generalizes well across architectures.

A central contribution of this work is the systematic identification of an operating regime that
balances expressivity, complexity, and statistical resolvability. We develop a multi-objective hyperpa-
rameter tuning framework [23] based on three key metrics: (i) predictive performance on NARMA
time-series tasks [24, 25], measured by the cumulative coefficient of determination; (ii) output vari-
ability across inputs, capturing sensitivity to data and diagnosing concentration effects; and (iii) the
bond dimension of matrix product state approximations of the output, used as a proxy for quan-
tum complexity. By jointly optimizing these objectives, we identify parameter regions that avoid both
under-expressive and over-scrambling regimes [6, 7, 25], as shown in Fig. 1 (right). Remarkably, hyper-
parameters selected at small system sizes (8-10 qubits) generalize robustly across larger architectures
and different tasks, providing evidence for a universal operating regime [26-28]. This transferability
represents a significant practical contribution: it enables efficient hyperparameter optimization on
classically simulable systems while maintaining performance at large scale, thereby circumventing the
prohibitive cost of direct optimization on hundreds of qubits. This property is crucial for scaling
quantum machine learning applications beyond the regime accessible to classical simulation.

To further mitigate the impact of noise and concentration, we introduce a local eigentask framework
for feature extraction [29-31]. Eigentasks correspond to orthogonal linear combinations of measure-
ment outcomes ranked by their noise-to-signal ratio (NSR), identifying directions in feature space
that are maximally robust to sampling noise. While global eigentask analysis scales exponentially
with system size, we develop a local variant operating on one- and two-qubit subsets, yielding poly-
nomial complexity and compatibility with randomized Pauli measurement protocols [32, 33]. This
approach allows us to construct adaptive, noise-aware observables that significantly improve feature
quality and model performance in realistic experimental regimes.

We validate our framework through large-scale experiments on IBM superconducting quantum
processors [19, 34] using up to 124 qubits and circuits with more than 5,000 two-qubit gates. On
NARMA-n benchmarks [24, 25|, QELMs with 24 and 72 qubits demonstrate effective memory capaci-
ties proportional to the number of qubits, maintaining predictive accuracy up to task orders matching
the rolling input window size (Fig. 2, left). These results confirm that increasing system size directly
enhances the temporal processing capability of the model, albeit with increasing sensitivity to noise.
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Figure 2: Hardware validation and performance analysis of large-scale QELM architectures on IBM’s
ibm_quebec processor. Left: Performance on the NARMA-n benchmark for 24- and 72-qubit QELMs.
The coefficient of determination R? is reported versus task order n; vertical dotted lines indicate the
rolling-window size n = L = N/2. The 72-qubit model maintains accuracy to larger n, consistent with
its greater effective memory capacity. Middle: Classification performance on the Landsat dataset
for the 124-qubit QELM. Test F1 macro scores are shown as a function of measurement shot count.
The QELM+Ridge curve demonstrates systematic improvement with increasing shot precision, sub-
stantially outperforming a Ridge classifier trained directly on raw classical features (horizontal line at
0.608). At maximum shot count (10° shots), eigentask-based readouts (QELM+ET+Ridge, rightmost
point) achieve F1 scores up to 0.83, approaching the performance range of state-of-the-art classical
methods (shaded region: 0.82-0.87). Error bars denote 95% bootstrap confidence intervals. Right:
Classification performance (F1 macro) for the 124-qubit Landsat experiment using different QELM
readouts: single-basis X, full Pauli, local eigentasks (ET), and ET with NSR-based cutoff. Bars com-
pare weight-1 vs. weight-2 features and unit-variance vs. signal-aware scaling. Horizontal lines denote
classical baselines trained directly on raw features. Eigentask-based readouts with NSR cutoff achieve
the highest performance, demonstrating effective noise-adaptive feature extraction at utility scale.

We further evaluate the QELM on a real-world classification task using the Statlog Landsat satellite
dataset [35]. Using a 124-qubit implementation and randomized Pauli measurements [32], we extract
quantum features and train a linear Ridge classifier. As shown in Fig. 2 (middle), test performance
improves systematically with increasing shot count, demonstrating that the model operates in a regime
where signal remains resolvable despite sampling noise. The QELM+Ridge approach substantially
outperforms a Ridge classifier trained directly on raw features (F1 = 0.608), confirming that quantum
reservoir features significantly improve linear separability [17]. At maximum shot count (10 shots),
eigentask-based readouts (QELM+ET+Ridge) achieve F1 macro scores up to 0.83, approaching the
performance of state-of-the-art classical methods such as random forests (F1 = 0.84) and k-nearest
neighbours (F1 = 0.83; Fig. 2, right), thereby demonstrating the practical viability of quantum feature
extraction at utility scale.

Our analysis also provides insight into the interplay between observable weight, variance, and
resolvability. While higher-weight observables can encode richer correlations, they exhibit reduced
variability and increased sampling noise, making them harder to resolve. The local eigentask frame-
work naturally balances these effects by selecting informative low-weight combinations that maximize
resolvable signal, enabling efficient use of measurement resources at scale.

Overall, this work demonstrates that quantum reservoir-like models can operate in nontrivial, noise-
robust regimes on current-generation quantum hardware at scales beyond direct classical simulation.
By combining hardware-aware circuit design, principled hyperparameter selection, and noise-adaptive
feature extraction, we establish a practical and scalable approach to pre-fault-tolerant quantum ma-
chine learning. Our findings provide a foundation for extending these techniques to fully dynamical
quantum reservoirs [26, 36-38] and more complex learning tasks, bringing quantum machine learning
closer to real-world applicability.
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