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Abstract—Reservoir computing leverages the rich nonlinear
dynamics of a physical system to transform input streams
into high-dimensional features, enabling simple ridge-regression
readout training. While many physical platforms have been
explored, the use of a single trapped-ion vibrational mode
under monochromatic driving remains largely unexplored. Such
a system can exhibit rich dynamical behavior—including non-
linear resonances, resonance-cell (localization-like) structures,
and chaos-like dynamics—depending on the drive strength and
detuning, suggesting potential for reservoir computing. Here,
we present a reservoir-computing framework based on the
vibrational dynamics of a single trapped ion under Raman-
type laser driving. Using numerical simulations, we evaluate the
framework on standard benchmarks, including time-series tasks,
NARMA, the homogeneous SU(2) Yang–Mills field equation,
Mackey–Glass, and Lorenz-63 prediction. Our results show that
this system can serve as an effective physical reservoir, achieving
strong performance across several benchmarks using only a
linear ridge-regression readout. These findings demonstrate a
minimal, experimentally accessible route to quantum reservoir
computing using a single trapped-ion motional mode.

Index Terms—reservoir computing, quantum dynamics, Lind-
blad master equation, chaotic time-series prediction

I. INTRODUCTION

Reservoir computing (RC) is a learning paradigm for tempo-
ral machine-learning tasks in which a fixed, high-dimensional
dynamical system (the reservoir) transforms an input time
series into rich features, and only a linear readout is trained
[1]–[13]. This separation between physics as a feature map and
a simple trained readout makes RC attractive when training
internal dynamics is costly or impractical.

Quantum reservoir computing (QRC) extends this idea to
quantum dynamics by using an input-driven quantum system
as the reservoir [14]–[43]. A key motivation is that quantum
systems naturally provide large state spaces and complex
transient responses, while maintaining a learning rule that only
trains a linear readout. The measured observables provide true
nodes, while the unobserved degrees of freedom act as hidden
nodes that can enrich the effective feature map [15].

Various schemes for developing quantum reservoirs have
been proposed across different platforms, such as Rydberg
atoms [18], and photonic platform [23]. In Ref. [18], the
authors propose a fixed-geometry quantum recurrent neural
network (quantum reservoir) implemented with interacting
spin-1/2 ensembles in optical-tweezer Rydberg arrays and
show it can learn cognitive-style temporal tasks including
multitasking, decision making, and long-term memory by

taking advantage of several key features of this platform such
as interatomic species interactions and quantum many-body
scars. As another example, Ref. [23] proposes a scalable
photonic architecture for real-time QRC using a physical
ensemble of identical optical pulses recirculating in a closed-
loop (fiber) setup, with the reservoir continuously driven by
inputs and read out via homodyne detection to estimate output
observables without external buffering.

In this work we target a trapped-ion–motivated quantum
reservoir in which the dynamical substrate is the motional
mode of a single ion, modeled as a quantum harmonic os-
cillator (QHO) driven by an effective traveling-wave potential
[44], [45]. Concretely, two far-detuned laser beams (pump and
Stokes), taken to be plane-polarized along the quantization
axis, generate a Raman-type interaction whose interference
term produces a spatially and temporally periodic potential.
Neglecting constant light-shift terms, the resulting effective
motional Hamiltonian along the weak trap axis takes the form

Ĥ =
p̂2

2m
+

mω2x̂2

2
+

ε

k
cos
(
kx̂− Ωt

)
, (1)

where Ω = ωp − ωs is the pump–stokes frequency difference
and k = (kp−ks)·ex is the wave-vector projection along the
motional axis.

Because the Hamiltonian is periodic in time, the dynam-
ics admits a Floquet (quasienergy) description [44], [45].
Expanding the state in the harmonic-oscillator basis and
Fourier harmonics yields a tight-binding–like eigenproblem
on a two-dimensional lattice whose sites are labeled by
the oscillator level and Fourier index. The level-dependent
hopping amplitudes inherit an oscillatory dependence on the
action and can become near-zero at specific actions, producing
dynamical barriers that partition Hilbert space into resonance
cells: Floquet states are typically extended within a cell but
strongly suppressed from crossing between cells. As the drive
is increased, the corresponding classical phase space develops
large chaotic regions, and the associated Floquet states spread
over these chaotic seas, providing a controllable route to richer
nonlinear dynamics well-suited for reservoir computing.

Building on these ideas, we develop a simulation framework
that implements an input-driven (optionally dissipative) QHO
reservoir. We extract virtual nodes via time multiplexing
and increases feature diversity via spatial multiplexing [15],
[46]; and trains a ridge-regression readout for standard RC
benchmarks, including timer tasks, NARMA, homogeneous



Fig. 1: Schematic of the single-trapped-ion reservoir and
Raman beam geometry. A single ion is confined in a harmonic
trap; the motional mode along the weak axis x serves as
the reservoir degree of freedom. Two far-detuned laser beams
(pump p and Stokes s), linearly polarized along the quan-
tization axis, generate an effective Raman interaction whose
interference produces a traveling-wave optical potential along
x. The resulting drive has beat frequency Ω = ωp − ωs and
wave-vector projection k = (kp − ks) · ex, leading to an
effective modulation ∝ cos(kx̂ − Ωt + ϕ) after neglecting
constant light-shift terms.

SU(2) Yang–Mills field equation, Mackey–Glass, and Lorenz-
63 prediction.

The remainder of the paper is organized as follows. Sec-
tion II reviews the driven-oscillator physics and summarizes
the Raman implementation underlying the effective traveling-
wave potential. Section III presents the reservoir construction,
input encoding, and linear readout training. Section IV reports
benchmark tasks and evaluation metrics. Section V concludes
and discusses outlook.

II. BACKGROUND: DRIVEN OSCILLATOR AS A
PHYSICS-MOTIVATED RESERVOIR

Our reservoir model is based on a single trapped-ion
motional mode subject to a traveling-wave optical potential
generated by a far-detuned Raman configuration. The resulting
driven-oscillator Hamiltonian is well established in the ion-
trap literature; here we summarize only the ingredients needed
for reservoir computing (see Refs. [44], [47] for the full
derivation).

A. Raman implementation and effective optical potential

We consider the motional mode along the weak confinement
axis x, with bare Hamiltonian

Ĥ0 =
p̂2

2m
+

1

2
mω2x̂2. (2)

Two optical fields (pump p and stokes s) are detuned by a
detuning ∆ (GHz level) from an electronic excited manifold.
In the far-detuned regime, the excited manifold is only virtu-
ally occupied and can be adiabatically eliminated, producing
an effective interaction within the long-lived ground-state
manifold. Under the conditions used in Ref. [44], the dominant
contribution relevant to the motional dynamics is a position-
dependent scalar light shift proportional to the local intensity.

For linearly polarized fields along the quantization axis,
the interference of the two beams generates a beat-note at
Ω = ωp−ωs and a spatial modulation set by the wave-vector
difference. Dropping the constant terms (which only contribute
an overall phase), the motional degree of freedom is described
by the driven-oscillator Hamiltonian

Ĥ =
p̂2

2m
+

mω2x̂2

2
+

ε

k
cos(kx̂− Ωt), (3)

where

k = (kp − ks) · ex, (4)

ε =
Aπϵ0k

2k30∆
|E(p)E(s)∗|. (5)

Here A is the Einstein A coefficient for the relevant optical
transition, k0 is the resonant wave number, and E(p), E(s) are
the complex field amplitudes. The form (3) is the starting point
for our reservoir construction.

B. Dimensionless formulation

For analysis and simulation we work with dimensionless
variables

τ = ωt, ξ = kx, ℓ =
I

ℏ
, (6)

and scaled Hamiltonians

H0 =
H0

ℏω
, Hint =

Hint

ℏω
, H =

H

ℏω
. (7)

This introduces the dimensionless control parameters

ϵ =
εk

mω2
, η2 =

ℏk2

2mω
, µ =

Ω

ω
, δ = N − µ.

(8)
Here η is the Lamb–Dicke confinement parameter (playing
the role of an effective ℏ in the dimensionless dynamics), ϵ
sets the drive strength, and µ controls proximity to the N th
resonance via δ.

C. Motivation for reservoir computing

Equation (3) provides a compact, physics-grounded reser-
voir substrate with experimentally meaningful knobs: (i) ϵ
tunes the strength of the nonlinear drive-induced mixing in the
motional basis; (ii) µ controls the degree of resonant energy
exchange (and hence memory timescales); and (iii) η sets the
effective quantumness through the motional length scale. In
our RC implementation, the reservoir state is represented in a
truncated motional Fock space (finite energy in experiment),
and standard RC readouts are trained on observables derived
from the resulting density operator dynamics.

III. RESERVOIR MODEL AND READOUT

A. Truncated oscillator and precomputed nonlinear operators

We model each reservoir block as a single quantum har-
monic oscillator truncated to N Fock states {|n⟩}N−1

n=0 . The
annihilation operator is

a =

N−2∑
n=0

√
n+ 1 |n⟩⟨n+ 1|, (9)



with a† its adjoint and number operator n = a†a. Working
in dimensionless time τ = ωt, we define the dimensionless
position phase

ξ = kx = η (a+ a†), (10)

where η is the Lamb–Dicke parameter

η2 =
ℏk2

2mω
. (11)

The dimensionless bare oscillator Hamiltonian is

H ′
0 =

H0

ℏω
= n+

1

2
. (12)

To evaluate the monochromatic drive efficiently, we precom-
pute the Hermitian operators cos ξ and sin ξ once per choice
of (N, η) by diagonalizing ξ: if ξ = V diag(λ)V †, then

cos ξ = V diag(cosλ)V †, sin ξ = V diag(sinλ)V †.
(13)

These operators are reused at every integration substep.

B. Dimensionless Hamiltonian and input encoding

The system is driven by a traveling-wave potential in the
dimensionless form

H ′(τ) = H ′
0 +A(τ) cos(ξ − µτ), (14)

where µ = Ω/ω. Using cos(ξ − µτ) = cos ξ cos(µτ) +
sin ξ sin(µτ), our implementation evaluates

H ′(τ) = H ′
0 +A(τ) cos ξ cos(µτ) +A(τ) sin ξ sin(µτ).

(15)
A scalar discrete-time input sk is encoded by modulating

the dimensionless force parameter ϵ via

ϵeff(k) = ϵ0 + ϵscale sk. (16)

Within the kth discrete reservoir step, ϵeff(k) is held constant
and the drive amplitude is set as

A(τ) ≡ Ak =
ϵeff(k)

2η2
. (17)

C. Open-system evolution and discretization

We evolve the density matrix ρ(τ) under the dimensionless
Lindblad master equation [48], [49]:

dρ

dτ
= −i[H ′(τ), ρ] + κ̃D[a]ρ, (18)

where κ̃ = κ/ω and D[L]ρ = LρL† − 1
2 (L

†Lρ + ρL†L).
Equation (18) is integrated using a fixed-step fourth-order
Runge–Kutta (RK4) method. Each discrete reservoir step has
duration T τ

step and is subdivided into steps per step ts RK4
substeps of size

∆τ =
T τ
step

ts
. (19)

A key implementation detail is that the internal drive phase
is not reset between discrete steps. Instead, we maintain a
persistent internal time τ0 so that for input sk the state is
propagated from τ = τ0 to τ = τ0 + T τ

step, after which we

update τ0 ← τ0 + T τ
step. This ensures that the phase µτ in

cos(ξ − µτ) is continuous across the full input sequence.
To reduce numerical drift, after each measurement sample

we apply a lightweight projection:

ρ← ρ+ ρ†

2
, ρ← ρ

Tr(ρ)
. (20)

D. Virtual nodes and observable feature map

Within each discrete step we sample number of virtual nodes
V by recording expectation values at approximately evenly
spaced substeps (implemented by sampling every ⌊ts/V ⌋ RK4
updates, capped at V samples) [15]. Let {Ôα}Mα=1 denote a
fixed set of observables. In our implementation,

{Ôα} =
{
n, x, p, x2, p2, 1

2 (xp+ px), cos ξ, sin ξ
}
,
(21)

with quadratures

x =
a+ a†√

2
, p =

i (a† − a)√
2

. (22)

At the vth virtual node of step k, we compute signed
features

fα,v(k) = ReTr
[
ρ(τk,v) Ôα

]
, (23)

and concatenate all V ×M values into a block feature vector
f (b)(k) ∈ RVM .

E. Multi-block ensemble and full feature vector

To increase feature diversity, we use an ensemble of B
blocks that share (N, η, µ, κ̃, ϵ0, T

τ
step, ts, V ) but differ in their

input coupling scales [46]. Specifically, block b uses

ϵ
(b)
scale = sb mb, (24)

where {sb} and {mb} are fixed scale grids; by default we use
a 3 × 3 grid, giving B = 9. The full reservoir feature vector
at time step k is

xk =
[
f (1)(k) ∥ · · · ∥ f (B)(k) ∥ 1

]
∈ RBVM+1, (25)

where the final entry is a constant bias feature.

F. Ridge-regression readout

Given training features X ∈ RT×D (rows x⊤
k ) and targets

Y ∈ RT×d, we train a linear readout by Tikhonov-regularized
least squares [50],

W = (X⊤X + λI)−1X⊤Y, (26)

and predict Ŷ = XW . In our implementation we standardize
(zero-mean, unit-variance) the non-bias features and the targets
using training-set statistics before fitting, and undo the target
standardization after prediction.



(a) NARMA, sine-
product input

(b) NARMA, random
input

(c) Timer task

Fig. 2: Benchmark performance on nonlinear temporal pro-
cessing and memory. (a,b) Multitask NARMA evaluation:
a single scalar input stream sk ∈ [0, 0.2] drives the
reservoir and a shared ridge readout predicts five targets
{y(n)k }n∈{2,5,10,15,20} simultaneously. The plots show a rep-
resentative segment from the test split (black: target; colored:
prediction) for sine-product and random inputs. (c) Timer
task: the input switches from 0 to 1 at the cue time k0,
and the readout is trained to produce a single output spike
at k0 + τtimer.

(a) MG: delayed-state trajectory
(yk, yk+15).

(b) L63: delayed-state trajectory
(yk, yk+15) (one normalized co-
ordinate).

Fig. 3: Autonomous prediction (closed-loop rollouts). A one-
step ridge readout is trained under teacher forcing (sk = yk,
target yk+1) and then rolled out by feeding back ŷk as the next
input (clipped to [0, 1]), initialized from the last teacher-forced
input for continuity. MG: (α, β, γ, τMG) = (0.2, 10, 0.1, 17),
Euler with ∆t = 0.1, subsample ×10, discard 2000, min–
max to [0, 1]. L63: (σ, ρ, β) = (10, 28, 8/3), RK4 with
∆t = 0.01, discard 2000, per-coordinate min–max to [0, 1]
(default: normalized x). In both cases, Ttrain = 10,000 and
Ttest = 2000, with small uniform noise added to teacher-
forcing inputs.

IV. BENCHMARKS AND METRICS

A. Benchmark tasks and evaluation protocol

We evaluate the reservoir on benchmarks [51] targeting (i)
delayed response/timing, (ii) nonlinear temporal processing,
and (iii) autonomous prediction of chaotic dynamics. At each
discrete time step k the reservoir outputs a feature vector xk ∈

Fig. 4: Toy homogeneous SU(2) Yang–Mills field
task (one-step prediction). A 6D macro-state
zn = (x1, x2, x3, v1, v2, v3)

⊤ is generated by RK4 integration
with ∆t = 0.02 for Tmacro = 800, discarding the first
200 steps and using n = 200 . . . 599 for training and
n = 600 . . . 799 for testing. Each zn is serialized into six
scalar ticks to drive the reservoir; features are read after
the sixth tick and a ridge readout learns zn 7→ zn+1 with
λ = 10−2. A coupling quench g(t) switches from g0 to g1
at tq , with (g0, g1, tq) = (100, 10, 5.0) and umax = 0.2. Test
performance is reported via per-component NMSE and corr2

(Table II).

RD and a linear readout produces

ŷk = w⊤xk + b, (27)

or its vector-valued extension ŷk = W⊤xk + b for multi-
output tasks. Only the readout parameters are trained (ridge
regression); reservoir dynamics are not trained.

1) Timer task: The timer task tests whether the reservoir
can emit a localized response after a prescribed delay follow-
ing a cue. We use a step input of length T = 800 with cue at
k0 = 500:

sk =

{
0, k < k0,

1, k ≥ k0,
(28)

and the target is a single spike at k = k0 + τtimer:

yk =

{
1, k = k0 + τtimer,

0, otherwise.
(29)

Following the multi-trial protocol used in our implemen-
tation, for each value of τtimer we reset the reservoir for
each trial, discard the first 400 steps as washout, and use the
remaining window

Ktimer = {400, . . . , 799} (30)

to construct the readout training and test sets. We use separate
training and test trials for this task, with the post-washout
states and targets concatenated across trials for fitting and eval-
uation, respectively. We sweep τtimer ∈ {5, 10, 15, 20, 25, 30}
and report corr2

(
y, ŷ
)

on the aggregated held-out test set. For
Fig. 2c, the plotted prediction for each delay is taken from
the test trial, indicating progressively degraded recall as the
required delay increases.



Task Random input NMSE Sine-product input NMSE
NARMA2 9.2139× 10−2 2.0387× 10−2

NARMA5 2.0239× 10−1 9.2072× 10−3

NARMA10 4.9532× 10−1 4.6332× 10−2

NARMA15 5.5707× 10−1 1.9956× 10−1

NARMA20 4.8804× 10−1 1.4198× 10−1

TABLE I: Test NMSE on Ktest = {4000, . . . , 4999} for the
multitask NARMA benchmark under the two input types in
Fig. 2.

2) NARMA multitask benchmark: We evaluate nonlinear
temporal processing using a multitask NARMA benchmark
[52], [53]. A single scalar input sequence {uk}T−1

k=0 with
uk ∈ [0, 0.2] drives the reservoir, and a vector readout predicts
five targets simultaneously,

ŷk = W⊤xk+b, yk =
(
y
(2)
k , y

(5)
k , y

(10)
k , y

(15)
k , y

(20)
k

)⊤
.

(31)
a) Input generation.: We consider two input types

(Fig. 2): (i) random input drawn i.i.d. from a continuous
uniform distribution

uk
i.i.d.∼ Uniform(0, 0.2), (32)

and (ii) sine-product input

sk = sin

(
2παk

T0

)
sin

(
2πβk

T0

)
sin

(
2πγk

T0

)
, (33)

uk = 0.1 (sk + 1), uk ∈ [0, 0.2], (34)

with constants

α = 2.11, β = 3.73, γ = 4.11, T0 = 100.
(35)

b) Target generation.: Targets are generated from the
same input stream {uk}. For NARMA2 we use

y
(2)
k+1 = 0.4 y

(2)
k + 0.4 y

(2)
k y

(2)
k−1 + 0.6u3

k + 0.1, (36)

and for NARMAn with n ∈ {5, 10, 15, 20} we use

y
(n)
k+1 = 0.3 y

(n)
k + 0.05 y

(n)
k

n−1∑
j=0

y
(n)
k−j + 1.5uk−n+1 uk + 0.1,

(37)
with zero initialization (and out-of-range indices treated as
zero, matching the implementation).

c) Train/test split and metric.: Each run uses T = 5000
steps. We discard an initial prefix of 1000 steps and split the
remainder as

Ktrain = {1000, . . . , 3999}, Ktest = {4000, . . . , 4999}.
(38)

The readout is trained on Ktrain and performance is reported
as NMSE on Ktest for each n.

d) Results.: Table I summarizes the test NMSEs for the
two input types.

3) Toy homogeneous SU(2) Yang–Mills one-step bench-
mark:

a) From Yang–Mills to a finite-dimensional toy model
[54]–[56].: We start from the SU(2) Yang–Mills action in
(3 + 1) dimensions,

SYM = −1

4

∫
d4x F a

µνF
aµν ,

F a
µν = ∂µA

a
ν − ∂νA

a
µ + g ϵabcAb

µA
c
ν , (39)

where a = 1, 2, 3 is the adjoint (color) index, µ, ν = 0, 1, 2, 3,
and ϵabc are the SU(2) structure constants.

We impose temporal gauge Aa
0 = 0 and a homogeneous

diagonal ansatz

Aa
i (t) = δai xi(t), i, a ∈ {1, 2, 3}, (40)

so all spatial derivatives vanish (∂iAa
µ = 0) and the gauge field

is fully characterized by three real functions xi(t).
Under (40), the “electric” components reduce to

F a
0i = Ȧa

i = δai ẋi, (41)

and the spatial components become purely non-Abelian,

F a
ij = g ϵabcAb

iA
c
j = g ϵaij xixj , (42)

so that the only nonzero independent entries are F 3
12 = g x1x2,

F 1
23 = g x2x3, and F 2

31 = g x3x1.
Substituting (41)–(42) into the Yang–Mills Lagrangian den-

sity and integrating over space (equivalently, working per unit
volume), we obtain an effective mechanical Lagrangian

Leff =
1

2

3∑
i=1

ẋ2
i −

1

2
g2
(
x2
1x

2
2 + x2

2x
2
3 + x2

3x
2
1

)
. (43)

The Euler–Lagrange equations then give

ẍ1 = −g2 x1

(
x2
2 + x2

3

)
,

ẍ2 = −g2 x2

(
x2
3 + x2

1

)
,

ẍ3 = −g2 x3

(
x2
1 + x2

2

)
, (44)

which is the toy homogeneous SU(2) Yang–Mills system
used in this benchmark. For constant g, the corresponding
conserved energy is

E =
1

2

3∑
i=1

v2i +
1

2
g2
(
x2
1x

2
2 + x2

2x
2
3 + x2

3x
2
1

)
, vi = ẋi.

(45)
In our numerical experiments we optionally employ a coupling
quench g → g(t) (piecewise constant), which acts as an
external drive and therefore need not conserve (45).

b) State definition and data generation.: We define the
6D state

z(t) =
(
x1(t), x2(t), x3(t), v1(t), v2(t), v3(t)

)⊤ ∈ R6, (46)

and generate a discrete trajectory {zn}Tmacro
n=0 by integrat-

ing (44) with step size ∆t (RK4 in the implementation).
c) Coupling protocol.: To introduce non-autonomous dy-

namics we use a piecewise quench,

g(t) =

{
g0, t < tq,

g1, t ≥ tq,
(47)

with parameters specified below.



Component NMSE corr2

x1 4.3832× 10−2 0.9730
x2 1.2412× 10−1 0.9484
x3 6.3085× 10−2 0.9616
v1 8.6543× 10−2 0.9343
v2 3.8249× 10−2 0.9645
v3 2.7901× 10−2 0.9780

TABLE II: Toy homogeneous SU(2) Yang–Mills one-step
prediction performance on Ntest (teacher forcing).

d) Scalar-input serialization.: Because the reservoir is
driven by a scalar input stream, each macro-state zn is
serialized into six successive scalar “ticks”,

s6n+m = ϕm(zn,m) , m = 0, . . . , 5, (48)

where ϕm applies a per-component scaling and a smooth
saturation to enforce the input range sk ∈ [−umax, umax].
Concretely, we use

ϕm(z) = umax tanh

(
αmz

umax

)
, (49)

with αm > 0 chosen from the teacher-forced trajectory so
that each component approximately spans the available input
range (e.g., αm = umax/maxn |zn,m| up to a small numerical
offset). The macro feature vector xn is taken after the sixth
tick (i.e., after consuming s6n, . . . , s6n+5).

e) One-step readout.: We learn the one-step map zn 7→
zn+1 using a ridge-regularized linear readout applied to the
reservoir feature vector xn,

ẑn+1 = W⊤xn + b. (50)

f) Train/test split and metric.: We use Tmacro = 800 and
∆t = 0.02, discard the first 200 macro steps, and split

Ntrain = {200, . . . , 599}, Ntest = {600, . . . , 799}.
(51)

Performance is reported on Ntest for each component of z
under one-step (teacher-forced) prediction, using NMSE and
corr2. Table II summarizes the results for the run reported
here.

g) Parameters.: Unless stated otherwise, we use g0 =
100, g1 = 10, tq = 5.0, input range umax = 0.2, and ridge
regularization λ = 10−2.

4) Autonomous prediction: Mackey–Glass and Lorenz-63:
We evaluate autonomous (closed-loop) prediction on two
chaotic benchmarks: Mackey–Glass [57] (MG) and Lorenz-
63 [58] (L63). Both use the same two-phase protocol: train a
one-step-ahead readout under teacher forcing, then roll out in
closed loop.

a) Teacher forcing and closed-loop rollout.: Given a
scalar ground-truth series {yk}, teacher forcing uses

sk = yk, target: yk+1, (52)

and trains a one-step predictor

ŷk+1 = w⊤xk + b, (53)

where xk is the reservoir feature computed from input sk
and the current reservoir state. In the autonomous phase,
predictions are fed back as inputs,

ŷk+1 = w⊤xk + b, sk+1 = clip(ŷk+1, 0, 1), (54)

and we initialize the rollout for continuity using the last
teacher-forced input, s0 ← sTtrain−1.

b) Mackey–Glass (MG).: MG is generated from the
standard Mackey–Glass delay-differential equation

dx(t)

dt
= α

x(t− τMG)

1 + x(t− τMG)β
− γx(t), (55)

with parameters (α, β, γ, τMG) = (0.2, 10, 0.1, 17). In our
implementation we discretize (55) by Euler integration with
step size ∆t = 0.1, subsample by a factor of 10, discard an
initial transient of 2000 samples, and then apply min–max
scaling to [0, 1]. We use Ttrain = 10,000 teacher-forcing steps
and a closed-loop rollout of Ttest = 2000 steps. During teacher
forcing, the input is perturbed by small uniform noise,

sk = clip(yk + ξk, 0, 1), ξk ∼ Uniform(−10−4, 10−4).
(56)

We visualize the delayed-state trajectory (yk, yk+15) (Fig. 3).
c) Lorenz-63 (L63).: Lorenz-63 is defined by

ẋ(t) = σ
(
y(t)− x(t)

)
,

ẏ(t) = x(t)
(
ρ− z(t)

)
− y(t),

ż(t) = x(t)y(t)− βz(t), (57)

with (σ, ρ, β) = (10, 28, 8/3). We integrate (57) with RK4
using step size ∆t = 0.01, discard an initial transient of 2000
steps, and rescale each coordinate independently to [0, 1] by
min–max normalization over the retained window. We then
form a scalar series by selecting one coordinate (default: the
scaled x component) and apply the same protocol as MG
with Ttrain = 10,000 and Ttest = 2000. Teacher-forcing
noise is added as in (56), predictions are clipped to [0, 1]
during rollout, and visualized via the delayed-state trajectory
(yk, yk+15) (Fig. 3).

B. Metrics

We report normalized mean-squared error (NMSE) and the
squared Pearson correlation coefficient corr2.

a) Normalized mean-squared error (NMSE).: For targets
{yk} and predictions {ŷk} over an evaluation set K,

NMSE =

1
|K|
∑

k∈K(yk − ŷk)
2

Vark∈K(yk)
. (58)

b) Correlation-squared.:

corr2(y, ŷ) =

(
Cov(y, ŷ)√
Var(y)Var(ŷ)

)2

. (59)



C. Hyperparameters and implementation settings

All benchmarks use the same quantum reservoir architecture
(a 3 × 3 array of reservoir blocks) and the same numeri-
cal integration and readout training procedures as described
above. Unless otherwise stated, we use 9 blocks indexed by
b ∈ {1, . . . , 9} with block-dependent input scaling factors

sb ∈ {0.7, 1.0, 1.3}, mb ∈ {0.8, 1.0, 1.2}, (60)

and the effective input coupling in block b is ε
(b)
eff (k) =

ε0 + (sbmb) sk. Each block employs V virtual nodes and a
truncated Hilbert space of N Fock states.

a) Hyperparameters.: Unless otherwise stated, we use
the same reservoir and readout settings across all tasks:

N = 10, η = 0.45, µ = 3.99, κ̃ = 0.01, ε0 = 20.0,

T
(τ)
step = 5.0, NRK = 200, λ = 10−2, (61)

where T
(τ)
step is the reservoir step length in dimensionless time

τ and NRK is the number of RK4 substeps per reservoir step
(so ∆τ = T

(τ)
step/NRK). The number of virtual nodes per block

is V = 10 for the timer, NARMA, Mackey–Glass, and the
toy Yang–Mills task, and V = 50 for Lorenz-63. For the toy
Yang–Mills benchmark we use the same settings except ε0 =
0.5. In all cases, the ridge readout is trained on standardized
(zero-mean, unit-variance) reservoir features and targets using
training-set statistics.

V. CONCLUSION

In this work we proposed and numerically validated a min-
imal trapped-ion–motivated quantum reservoir in which the
computational substrate is the vibrational mode of a single ion
driven by a Raman-generated traveling-wave optical potential.
By encoding a scalar input stream into the effective drive
strength and evolving the resulting (optionally dissipative) dy-
namics under a Lindblad master equation, the system naturally
produces a rich, high-dimensional feature map without training
the internal dynamics.

Our reservoir implementation combines (i) time multiplex-
ing via virtual nodes sampled within each discrete step and
(ii) spatial multiplexing via an ensemble of blocks with varied
input scalings, and it uses a compact observable set—including
number, quadratures, second moments, and the nonlinear op-
erators cos ξ and sin ξ—as measured features. A key practical
detail is enforcing continuous drive phase across the full input
sequence (i.e., not resetting the internal phase between steps),
which preserves the intended physics of the monochromatic
drive and stabilizes the discrete-time reservoir mapping. A
simple ridge-regression readout trained on these features is
sufficient to solve standard temporal benchmarks.

Across representative tasks—timer responses, multitask
NARMA, homogeneous SU(2) Yang–Mills field equation and
autonomous chaotic prediction on Mackey–Glass and Lorenz-
63—the driven trapped-ion oscillator acts as an effective
reservoir and achieves good performance using only a linear
readout, supporting the central claim that a single motional
mode can serve as a practical QRC platform. Looking forward,

this framework points to an experimentally accessible route
to QRC in existing trapped-ion systems: the reservoir knobs
(drive strength, detuning ratio µ, effective quantumness η, and
dissipation κ̃) are directly tunable, and the model naturally
connects computational performance to familiar dynamical
regimes.

Future work will focus on (i) mapping the required ob-
servables to concrete measurement protocols (e.g., internal-
state–assisted readout of motional moments and nonlinear
functions), (ii) systematically optimizing hyperparameters ver-
sus task complexity, and (iii) developing physics-guided
diagnostics—such as Floquet and resonance-cell structure—
to better predict and control when the reservoir offers the best
balance of memory and nonlinearity for real-time learning.

CODE AVAILABILITY

The code used to generate the datasets and reproduce
all experimental results is publicly available at
https://github.com/GIAYANGGAO/qrc_with_single_trapped_ion.
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