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Abstract

Preparing quantum states is a fundamental task in various quantum algorithms. In particular, state preparation in quantum harmonic
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oscillators (HOs) is crucial for the manipulation of qudits and the implementation of high-dimensional algorithms. In this work,
we develop a general methodology for quantum state preparation in an HO coupled to an auxiliary qubit, guaranteeing that any
target state is physically preparable. Both the qubit and the HO are driven by two lasers with time-dependent phase modulation.
The modulation times and phase values are generated by a neural network whose input is the desired target state. In contrast to
conventional quantum control approaches, this framework eliminates the need for per-instance optimization of the control protocol.

r—) Instead, the control parameters required to prepare an arbitrary quantum state of the HO are obtained directly from a single forward
pass through the neural network. Specifically, we present results for preparing arbitrary qubit, qutrit, and qudit (n = 4) states in the
o\ HO, achieving average fidelities of 99.99%, 99.5%, and 98.9%, respectively, across random target states.

— Keywords: Quantum state preparation, Harmonic oscillators, Neural networks, Qudits, Jaynes—Cummings model
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-IL 1. Introduction

State preparation refers to the process of transitioning a sys-
tem from an initial state to a target state through a series of in-
. teractions applied to the system. This process is a fundamental
step in many quantum technologies and, in particular, in quan-
tum algorithms [1]. Improperly preparing the initial states can
o0 significantly affect the algorithm’s behavior [2]. For instance, in
() the simulation of physical systems, an initial state must be pre-
L) pared before evolving it [3|4]. In quantum machine learning al-
< gorithms, information needs to be encoded into an initial state,
’ which is then used to make predictions [5, |6]. Other exam-
(O\] ples requiring state preparation include algorithms for solving
equations [7, [8], quantum chemistry [9, [10], quantum metrol-
ogy [IL1, 12], and other applications such as quantum commu-

. .« nhications and quantum memories [13} 14} [15]].
= The literature offers various approaches to determine the
'>2 physical interactions needed to guide a system from an ini-
a tial state to a target state. Some of these works employ Kro-
tov’s methods [16], quantum steering [17], quantum circuits
[L8L [19], reinforcement learning [20, 21] and other techniques
[22} 23] 24}, 25 [26]. However, these methods require the
construction of an optimization problem for each target state—
which makes them less suitable for applications requiring rapid
or repeated state preparation across many different targets—or
techniques that require considerable computational resources.
Other, more analytical techniques aim to solve the dynamics
required to reach a specific target state from an initial state
[27,28]]. These methods often yield a separate family of equa-
tions for each target state, making them impractical for multi-
ple applications. Even though approximate methods have been
proposed as alternatives [29} 130} 31} 132], a truly practical solu-
tion demands a technique capable of rapidly receiving the target

state on demand and predicting the interactions required in the
physical system, ensuring efficient state preparation.

In this work, we propose using a neural network in which the
input is the target state to be prepared, and the output consists
of the interactions required to achieve that state. We focus on
preparing states in n-dimensional systems, also called qudits.
These systems have attracted growing interest in recent years
due to their enhanced capacity for encoding information, ro-
bustness to noise, and applications in high-dimensional quan-
tum computing [33} 34, 35| 36, 137]]. The challenge of using
these systems lies in the complexity of their manipulation, es-
pecially when it comes to state preparation [38]]. In particular,
we consider using harmonic oscillators (HOs) to realize control
on a finite subset of an HO’s levels.

In general, HOs cannot be fully controllable under a finite
set of steps [39) 28]. To address this, an auxiliary system is
employed. In the case of an HO, an auxiliary qubit is used to
interact with the oscillator over a finite period. Under certain
approximations, such as the rotating wave approximation [40],
an interacting Jaynes-Cummings-type system is formed, which
is known to be approximately controllable within a truncated
n-level manifold [41].

Superconducting quantum electrodynamics circuits can real-
ize such systems [42]] with Rabi oscillation periods of tens of
nanoseconds [43]. Both the HO and the qubit can be driven
by microwave control lines where the phase can be modu-
lated rapidly at a few nanoseconds or at the sub-nanosecond
scale [44]. As a result, multiple phase switches can be exe-
cuted within a single Rabi period. This substantially simpli-
fies numerical simulations of the system dynamics: between
successive switches, the control Hamiltonian reduces to that of
a resonant drive with fixed amplitude and phase. The result-
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Figure 1: Scheme of the proposed methodology. The target state passes through
a layer that computes the expectation values of the elements of the S U(n) basis.
These values are fed into a neural network with parameters 7. The network
outputs the phases of a sequence of N pulses applied to the HO (¢) and to the
ancillary qubit (@), as well as the switch times ¢ at which phase changes occur.
These pulses are applied to the system’s initial state |0, 0), leaving the harmonic
oscillator prepared in the target state. More details are given in section@

ing piecewise time-independent form of the Jaynes-Cummings-
type Hamiltonian can be straightforwardly integrated to obtain
the system’s dynamics.

Taking this into account, in our proposal, the neural network
will receive the target state to be prepared in the HO as input,
and the output will consist of the parameters of the drivings ap-
plied both to the HO and to the ancillary qubit to evolve the HO
into the target state. In fig.[T] we show a schematic representa-
tion of the methodology.

The quality or precision of our model is evaluated using a
state fidelity criterion, which is far superior to other neural-
network-based proposals in the literature (cf. the noiseless case
in [45]]). Additionally, we investigate how the number of pulses
in the sequence enhances the precision with which the state can
be prepared. The term “arbitrary” refers to target states within
the finite, truncated Hilbert space considered in the model. Its
use is justified by the controllability result of Pinna and Pa-
nati [41]], which shows that the Jaynes—Cummings-type dynam-
ics is approximately controllable in such a truncated n-level
manifold. Therefore, the neural network is trained to predict,
without per-instance optimization, pulse sequences for repre-
sentative cases (n = 2,3, and 4) where this theoretical reacha-
bility applies.

The structure of this paper is as follows. In section [2} we
describe the physical model, introduce the control parametriza-
tion, and detail the full training pipeline used to learn pulse se-
quences from target states. In section 3] we then present and
analyze the numerical results for qubit, qutrit, and qudit (n = 4)

state preparation, including a study of how the number of pulses
affects the achievable fidelity. Finally, in section ] we summa-
rize the main findings, discuss experimental considerations and
limitations, and outline possible directions for future work.

2. Method

In this section, we detail our proposal for using a neural net-
work to predict the pulse parameters necessary to bring an HO
coupled to a qubit to a separable state such that the HO state
is any target state, when the HO basis is truncated to the first n
levels.

The system under consideration, i.e., an HO coupled to a
qubit, can receive pulses on both the oscillator and the qubit.
The basis of the quantum states of this system is |@) ® |8),
where |a) € {|0), - ,|n— 1)} and |8) € {|0),|1)}. Note that we
truncate the HO levels up to n excitations to be able to repre-
sent states and operators in a computer as vectors and matrices.
Sometimes we drop the tensor product notation to save space.
Modeling the HO-qubit interaction as a Jaynes-Cummings-type
system, the Hamiltonian describing this system is [46] (& = 1):

H(@t) = gad, +a'6_) + ()6 + e 906,)

. o &
+ &) a+ e 0a"y + A+ Ay, =, (1)

where @ is the HO annihilation operator (&' is the creation op-
erator), 6, and & _ are the raising and lowering operators of the
qubit, g is the oscillator-qubit interaction constant, £ and & are
the amplitudes of the driving pulses, and ¢, ¢ are the phases of
the pulses for the qubit and HO, respectively. A, and A,,,, are
the detunings of the HO and the qubit with respect to the driving
lasers, respectively.

In this work, we assume resonance of the qubit and the HO
with the laser (A,,, = A. = 0). Further, we assume con-
stant and equal amplitudes for both the HO and the qubit, i.e.,
(1) = &) = %, for some pumping constant Q. We model
the phases of the drivings with a composition of pulses [47]—
a technique to increase the robustness of quantum control by
relying on multiple constant pulses—using piecewise constant
functions of the form ¢(r) = ¢; for ;-1 < t < ¢;, defined by
the phase values {¢;}", and by the switch times {7,} |, where
to = 0. We assume synchronization of both lasers, so that the
switch times are shared for both lasers, but the phase values for
the HO are independent parameters {(p,-}l’,i |- The total evolution
time to prepare a target state lz//target> in the HO is ry. As the
initial state, we always consider the state |0, 0) because this is
typically the state of the unexcited system at low temperatures.

With these considerations, the evolution to a target state is
given by:

p = Trq [[W(@)Xy(O)]]
1 N
= Tr, 1_[ @it =10) 0, 0X0, 0| l_[ P CACRED

i=N i=1

@

where Trq[-] is the partial trace of the qubit degrees of free-
dom, @ is shorthand notation for the pulse parameters {¢;}" Y

i=



{e, U {t}Y, and H(4, ) makes the parameterization of the
Hamiltonian explicit. Here, |(®)) denotes the final pure state
generated by the pulse sequence, [Y(@)) = U(0®)10,0). Param-
eters satisfying p = prarget := |l//taxget>(¢’target| do exist, as pointed
out by Pinna and Panati [41], who show that this preparation
can be achieved, although, in general, the parameters must be
functions of time. Since we only consider the phase modulation
of both drivings, optimal constant pulse parameters might not
satisfy eq. ().

To achieve high-fidelity preparation of target states in the
HO, we maximize

F = Tt [[Yrarger thtarger] Trq (0 @)X (@)])]. 3)

From this point onward, we refer to the infidelity (1 — F) for
convenience in the subsequent analyses.

There are many state-of-the-art alternatives for determining
the pulse sequence required to prepare a state [[16} 17} 48] [19]
20, 21 22, 23]]. However, these methods rely on iterative tech-
niques that optimize a cost function, whose dimension increases
as larger states are targeted, for each target state. The fact that
each target state requires a separate solving routine makes these
algorithms less suitable for real-world implementations requir-
ing rapid encoding and/or state preparation across many differ-
ent targets, such as in quantum machine learning [S)]. In con-
trast, the proposed neural-network approach shifts the compu-
tational burden to a one-time offline training phase, after which
control parameters for any new target state are obtained in a
single forward pass. This makes the per-state inference cost in-
dependent of the particular target state, which is advantageous
in scenarios requiring repeated or rapid state preparation across
many different targets. In this work, we propose using a neural
network to predict the pulse parameters ® as a function of the
input target state.

Our neural network is, thus, a parameterized function f, :
RY — R3N, where d real numbers characterize the informa-
tion in |d/mrgel> and 3N real numbers specify the Hamiltonian
parameters. 7 are the neural network parameters (for more de-

tails, see appendix [Appendix A). We can thus write the infi-

delity in eq. (3 explicitly as a function of these parameters as

1-F (lﬁtargeta ']) = <Wtarget|pprepared(7])|wtarget> > 4

where ppreparea(7) is the state prepared in the HO, given by

Ppreparea() = Try (W @)Xy (O@)]) - )

The target state is fed into the neural network by passing the
expected values of the d = n> — 1 matrices that form a com-
plete basis of S U(n) [49] with respect to the target state |gbmget>
(for more details, see appendix [Appendix B)). A schematic of
the information flow through the neural network can be seen
in Figure[I] The neural network parameters are optimized us-
ing stochastic gradient descent [50]. In the machine learning
jargon, carrying out this optimization is called “training” the
neural network. Training is done by minimizing the average
infidelity over random target states, i.e.,

Cap) =1 = E|FWrarger, 0| 6)

where the expected value in eq. (6) is taken over random states
|1//target>, sampled from S U(n) according to the Haar measure
[51]. Thus, we aim to minimize the average infidelity between
a set of target states and the states prepared using the phases
predicted by the neural network. As previously mentioned,
this is done through stochastic gradient descent, which requires
V,C(n) to be calculated. In modern software, this can be easily
achieved through automatic differentiation [52].

3. Results

In this section, we present results on the performance of
the neural network in minimizing the cost function defined in
Eq. (6). From this point on, we fix the energy scale by choos-
ing g = 1. The training datasets used in the results we present
contain 4096 states, sampled using the Haar measure [51]. This
number was chosen by characterizing how many states are re-
quired for the infidelity to converge, i.e., such that increasing
the number of states in the training dataset does not yield any
improvement. Additionally, in our numerical simulations we
truncate the HO Hilbert space to a finite dimension 7gomp > 7
and embed the desired n-level target state in this larger com-
putational basis. This accounts for truncation (edge) effects:
during the pulse sequence, population can transiently leak into
levels above n, even though we evaluate the final infidelity only
within the target n-dimensional subspace. We set ncomp = 6, as
previous convergence tests indicated that this cutoff is sufficient
for state-preparation simulations withn = 2, n = 3, and n = 4.

3.1. Number of pulses

One of the most common aspects in the literature on pulse
composition is that increasing the number of pulses in the se-
quence improves the quality of the preparation [22, 23]]. To
evaluate this effect, we trained a separate model for each num-
ber of pulses (N = 2-14) and qudit dimension (n = 2-4). For
each setting, we sampled 1000 target states from the Haar mea-
sure and computed the average infidelity of the prepared states.
The results are shown in fig. 2}

In general, we observe that increasing the number of pulses
(or laser phase shifts) reduces the infidelity, in agreement with
the literature. However, for each n there is an optimal point,
since increasing the number of pulses beyond that does not fur-
ther reduce the preparation infidelity. In the qubit case, the low-
est infidelity occurs at N = 9, achieving an average preparation
infidelity of 0.01%. This infidelity is highly competitive com-
pared to different state-of-the-art techniques. For qutrits, the in-
fidelity already starts to increase noticeably, reaching 0.5% with
a sequence of N = 11, although it remains a low preparation in-
fidelity. Finally, for qudits with n = 4, the infidelity increases
slightly further, reaching 1.1% at N = 13. Although this result
may not appear as strong, there are not many techniques that re-
port performance for qudit (n = 4) preparation, so it provides an
interesting starting baseline. On the other hand, the algorithm
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Figure 2: Preparation infidelity using the proposed neural network for 1000
different states as a function of the number of pulses. The red line corresponds
to preparing qubit states in the HO, the blue line corresponds to preparing qutrit
states in the HO, and the green line corresponds to preparing qudit states (n =
4).

appears to exhibit a strong dependence on the number of qudit
levels, which is expected because the Hilbert space increases in
size; however, given the relatively small increase from n = 3 to
n = 4, the drop does not seem abrupt. This will require future
scaling analyses.

3.2. Qubit performance

We now analyze the state-preparation performance in the
qubit case (n = 2). As discussed in section @, the best-
performing model is obtained with a sequence of N = 9 pulses,
reaching an average preparation infidelity of 0.01% over 1000
Haar-random target states.

To better understand how the model works to prepare a
state, fig. [3] illustrates three representative target states—the
Hadamard states |+) and |—), and the magic state |T)—as they
are prepared using the pulse sequence predicted by the neural
network. The first set of panels shows the trajectory of the qubit
prepared state on the Bloch sphere after each pulse. Notably, in-
dividual pulses do not necessarily move the state monotonically
closer to the target; rather, the early pulses can drive the system
through intermediate directions in state space, while the final
pulses perform the fine corrections that align the trajectory with
the desired target state.

The figure also reports the phase-switching pattern predicted
for each pulse applied to the HO and to the ancillary qubit. No
simple, easily recognizable pattern is expected in these phases:
they emerge from the learned control strategy and are precisely
the degrees of freedom that allow the protocol to compensate
accumulated phase and population errors along the sequence.

Finally, the qubit purity is shown throughout the prepara-
tion. It typically decreases at intermediate steps, indicating
transient entanglement between the qubit and the HO during
the control process, and then returns close to unity at the end

of the sequence, consistent with the intended final separable
state. Achieving such infidelity preparation for states that are
central to quantum information processing—particularly non-
stabilizer resource states such as the magic state |T), which
are often challenging for alternative preparation strategies—
highlights the competitiveness of the proposed approach.

3.3. Qutrit performance

We now analyze the state-preparation performance in the
qutrit case (n = 3). As discussed in section @ the best-
performing model is obtained with a sequence of N = 11
pulses, reaching an average preparation infidelity of 0.5% over
1000 Haar-random target states. In this setting, the dynam-
ics cannot be visualized as directly as in the qubit case us-
ing a Bloch-sphere representation; instead, we characterize the
preparation quality through the HO Wigner function,

e R ;
Wixp) = — f (x = ylplx +y) X" dy, (7)

Figure ] compares the HO Wigner function of the pre-
pared state (first column) against that of the target state (sec-
ond column) for two representative qutrit targets. Each row
corresponds to a different target state, \%OO) + 1) +|2)) and

%(IO) +]1)—12)), respectively. We evaluated the absolute point-
wise difference |Wiarget (X, P)— Wprepared(X, p)|, but the differences
are practically negligible.

Overall, the prepared and target Wigner functions show ex-
cellent agreement: the model reproduces the dominant phase-
space support as well as the finer nonclassical structure. The
remaining discrepancies are small and typically localized, con-
sistent with the slight increase in average infidelity compared
to the qubit case. These results confirm that the proposed ap-
proach remains highly effective for qutrit state preparation.
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Figure 4: Representative qutrit-state preparation for the target states %(IO) +
|1)—|2)) and %(|0>+|1)+ |2)) with average infidelity 0.5% for a pulse sequence

of N = 11. The first column shows the Wigner function of the prepared HO
state and the second column shows the target-state Wigner functions.
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Figure 3: Three representative qubit-state preparation examples (average infidelity 0.01% for N = 9). The panels show the target state on the Bloch sphere, the
neural-network-predicted phase-switching sequences, and the purity evolution during the preparation.

3.4. Qudit (n = 4) performance

We now turn to the qudit case with n = 4. As discussed in
section 3.1} the best-performing model is obtained with N = 13
pulses, achieving an average preparation infidelity of 1.1% over
1000 Haar-random target states. Before discussing these exam-
ples, we clarify the sense in which two-qubit entangled states
are encoded in the oscillator. The four-dimensional subspace
spanned by the first oscillator levels is isomorphic to two logi-
cal qubits, and we use the identification |0) = |00), |1) = |01),
|2) = [10), and |3) = [11). Under this tensor-product structure,
entanglement is defined between the two logical qubits encoded
in the oscillator subspace, as in standard bosonic-qubit encod-
ings [42].

Figure [5] summarizes representative n = 4 preparation ex-
amples using the same Wigner-function diagnostics as in the
qutrit case. With the encoding above, the oscillator states
|D*) = %00) +13)) and |¥°) = %(m — |2)) correspond to
the Bell states %(IOO) +|11)) and %(IOI) — [10)), respectively.
Each row corresponds to one of these target states. The first col-
umn shows the Wigner function of the prepared HO state, the
second column shows the target-state Wigner function. Even at

n = 4, the learned pulse sequences are able to capture the main
phase-space structure of the target states, including interference
patterns and negative regions that signal nonclassicality. The
remaining infidelity is associated with small, spatially localized
deviations rather than a global distortion of the Wigner distri-
bution, suggesting that the protocol is already close to the target
and primarily limited by fine feature resolution as the Hilbert-
space dimension increases. Nevertheless, achieving this level
of performance for n = 4 qudits is particularly relevant be-
cause it demonstrates the ability to prepare nontrivial two-qubit
entangled states encoded within the oscillator subspace, a key
resource for quantum-information processing. Bell states are
especially useful benchmarks in this setting because they are
simple enough to interpret under the two-logical-qubit map-
ping, while still requiring coherent superpositions between sep-
arated oscillator levels and well-defined relative phases. Their
preparation therefore tests not only population transfer within
the four-level manifold, but also the phase coherence needed to
generate entanglement-like resources in a single bosonic mode.
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Figure 5: Representative qudit-state (n = 4) preparation for the target Bell states
|d)*> and |‘P’) with average infidelity 1.1% for a pulse sequence of N = 13. The
first column shows the Wigner function of the prepared HO state and the second
column shows the target-state Wigner function.

4. Discussion

4.1. Computational cost and practical advantages

A meaningful assessment of the practical value of the pro-
posed method requires distinguishing three time scales that are
often conflated, and which we summarize in Table [T The
first is the offline training cost: a one-time optimization of the
neural-network parameters n for a fixed Hilbert-space dimen-
sion n, using the training set of 4096 Haar-random states de-
scribed above. This cost is incurred once per dimension n and
is fully amortized over all subsequent uses of the trained model.
It should be noted that this training cost is incurred separately
for each Hilbert-space dimension n, as the network architec-
ture and training set are adapted to each case; this represents an
overhead that is absent in per-instance optimal-control meth-
ods. However, once a model is trained for a given n, it serves
as a universal controller for all target states in that dimension,
so the training cost is amortized over the full set of subsequent
inference calls, in contrast to GRAPE- or Krotov-type methods,
where the dominant computational cost is incurred at inference
time and repeated independently for every new target state. The
practical advantage of the proposed approach therefore depends
on the number of distinct target states required: for applications
involving many different target states, the amortized cost per
state of the neural-network approach is substantially lower. The
second is the online inference time: once training is complete,
the platform operates in an on-demand regime, where obtain-
ing the pulse parameters ® for a new target state requires only
a single forward pass through the network. In our implementa-
tion, this on-demand generation of controls takes approximately
100 ms on a standard CPU. This stands in sharp contrast with
iterative optimal-control methods such as Krotov or GRAPE,

where each new target state requires a separate optimization
loop that typically demands 10>—10? iterations, each involving a
full simulation of the system dynamics, amounting to runtimes
of the order of minutes to hours per target state depending on
the system dimension and convergence criterion [16} |48]]. The
third is the physical control time ty: the total duration of the
pulse sequence applied to the hardware. In our dimensionless
units (g = 1), a single Rabi period is Tryi = 27/g = 6.28,
and the full N = 9-13 pulse sequences span a total time ¢y of
a few Rabi periods. Mapping to circuit-QED hardware, where
g/2m ~ 10-100 MHz [43]], this corresponds to physical con-
trol times of order 10-500 ns, which is comparable to pulse
durations reported in conventional optimal-control implemen-
tations on similar platforms [16]. Thus, the primary advantage
of the proposed method is not a reduction in physical pulse du-
ration, which remains platform dependent and broadly compa-
rable across approaches, but rather the ability to generate con-
trol parameters on demand for an arbitrary new target state in
~100 ms. This on-demand capability makes the method par-
ticularly suitable for applications requiring rapid or repeated
state preparation, such as quantum machine-learning workflows
where the target state changes with each input datum [J5].

4.2. Limitations and outlook

Although the proposed approach eliminates per-instance op-
timization, its scalability is constrained by two distinct fac-
tors that are worth distinguishing. The first is the capacity of
the neural network itself: the observed increas in average in-
fidelity as n increases from 2 to 4 reflects the growing com-
plexity of the mapping from target state to pulse parameters,
which requires a more expressive model to be approximated
accurately. This is not a fundamental limitation of the frame-
work. By the universal approximation theorem [53]], a feedfor-
ward neural network with sufficient width or depth can approxi-
mate any continuous function on a compact domain to arbitrary
precision. In practice, this means that increasing the network
size and complexity—Ilarger hidden layers, additional depth, or
more expressive architectures—can in principle recover the fi-
delity lost as n grows. Indeed, the network architectures used
here were already found to grow with n (hidden-layer widths
of [209, 173, 222, 347] for n = 2, [197, 264, 304] for n = 3,
and [321, 442, 425] for n = 4; see Appendix A), and system-
atic exploration of larger architectures at fixed » is a natural
next step. The number of pulses N also plays a role analogous
to network capacity: as shown in Fig. 2, increasing N consis-
tently reduces the infidelity, and larger n requires more pulses
to reach near-optimal performance (N =9, 11,13 forn =2,3,4
respectively), suggesting that both network size and pulse num-
ber should be scaled jointly as n increases.

The second, and more fundamental, constraint is the cost of
generating training data. Each training sample requires sim-
ulating the full quantum dynamics of the HO-qubit system in
a Hilbert space of dimension 27¢,mp, Where the computational
cutoff n¢omp > n must be enlarged as n grows to avoid trunca-
tion artifacts. The cost of each simulation scales as O(ngomp)
per pulse segment due to matrix exponentiation, and the dataset
size required for convergence is also expected to grow with



Method Offline cost

Online cost per target

Physical control time Typical fidelity

Optimal
(Krotov/GRAPE-
type) [16} 48]

control  None, apart from method setup

Separate iterative optimization per Platform-dependent; tens to Infidelities < 10~ in
target; 102103 iterations, each re- hundreds of ns in circuit- benchmark settings
quiring a full dynamics simulation; QED implementations [16,

total runtime of order minutes to 43|
hours per target state

Reinforcement-learning con- Training of a policy or value Policy evaluation after training; Platform-dependent
no full optimal-control loop; sub-

second to second-scale inference

One-time neural-network train- Single forward pass; ~100 ms per N = 9-13 phase segments; 99.99% (n = 2),
ing for each n using 4096 Haar- target state on a standard CPU

trol [20} 121]] function; hours of computation
This work

random states

Task-dependent;
high-fidelity bench-
marks reported

ty spans a few Rabi periods, 99.5% (n = 3),
corresponding to ~10-500ns  98.9% (n = 4)

in circuit-QED with g/27 ~

10-100 MHz [43]]

Table 1: Comparison of the relevant time scales for the present approach and representative control strategies. The table separates the offline optimization or training
cost, the online cost of producing controls for a new target state, and the physical duration of the applied pulse sequence. The physical control time is hardware
dependent for all methods; for the present phase-switching protocol it is set by the number of pulse segments and the experimentally available Rabi scale.

n. For the cases studied here, neomp = 6 and 4096 training
states were sufficient; however, both quantities will need to
increase for larger n, making classical simulation the practi-
cal bottleneck rather than the neural network itself. Extend-
ing the method to the larger subspace dimensions required by
bosonic-encoding applications—such as cat qubits, GKP codes,
or binomial codes, which typically involve tens to hundreds
of oscillator levels—will likely require strategies beyond di-
rect simulation, such as tensor-network-based state evolution,
hardware-in-the-loop training, or transfer learning across di-
mensions. These directions are left for future work.

A central experimental requirement of the proposed proto-
col is the ability to implement rapid and accurate phase updates
of the driving fields. Our control Hamiltonian is modeled as
a sequence of segments with constant amplitude and constant
phase; thus, the switching time (and the bandwidth of the con-
trol chain) sets the shortest achievable segment duration and,
consequently, the finest time resolution available to the con-
troller.

This assumption is well aligned with circuit-QED implemen-
tations, where microwave sources combined with IQ mixers
and modern arbitrary-waveform generators can realize phase
switches on the nanosecond scale, enabling multiple phase
switches within a single Rabi period. In this regime, the
piecewise-constant model is realistic and the learned sequences
can be deployed after standard calibration steps (e.g., correct-
ing for IQ imbalance [54} 55, finite rise times [56], and static
phase offsets [57]).

However, the technique becomes unsuitable in platforms
where the required control timescales are substantially shorter
than the achievable electronic phase-update time. Such is the
case of excitonic dynamics in semiconductor quantum dots [58]]
or polaritonic systems driven by ultrafast lasers [59]. In such
settings, a digitally switched, nanosecond-resolved phase pro-
tocol cannot resolve the dynamics, and the piecewise-constant
approximation breaks down.

Beyond switching speed, additional non-idealities may re-
duce the achievable fidelity in an experiment: (i) decoherence
of both the HO and the ancilla during the total preparation
time T'; (ii) amplitude and phase distortions due to finite band-
width and filtering; (iii) imperfect measurement of Hamiltonian

coupling strengths and detunings; and (iv) leakage outside the
truncated HO subspace (especially as n increases) and resid-
ual contributions from terms neglected under the rotating-wave
approximation. These effects suggest that the reported fideli-
ties should be interpreted as an upper bound for a given hard-
ware platform, and that incorporating realistic noise models and
robust-training strategies will be important for future work.

A more realistic treatment that includes open-system dynam-
ics and imperfect control—e.g., decoherence during the pulse
sequence as well as errors and jitter in the target phases and
switch times—will be the subject of future work.

5. Conclusions

In this work, we introduced a neural-network-assisted strat-
egy for arbitrary state preparation in a quantum harmonic oscil-
lator (HO) coupled to an ancillary qubit. The key idea is to train
a single feed-forward model that receives a desired target state
as input and outputs, in a single forward pass, the parameters of
a piecewise-constant phase-modulated driving sequence acting
on both the HO and the qubit. By building on the controlla-
bility of the effective Jaynes—Cummings-type dynamics within
a truncated n-level manifold, the approach guarantees that the
predicted control protocol corresponds to a physically prepara-
ble target within the adopted model and truncation.

Our numerical results show that the method achieves high-
quality preparation across Haar-random targets without per-
instance optimization. For qubit targets (n = 2), we obtained
an average fidelity of 99.99% (infidelity 0.01%) using N = 9
pulses; for qutrit targets (n = 3), we reached 99.5% (infidelity
of 0.5%) with N = 11 pulses; and for qudit targets with n = 4,
we achieved 98.9% (infidelity 1.1%) with N = 13 pulses. These
results, together with the n = 4 Bell-state examples, indicate
that the method can serve as an on-demand primitive for single-
qudit preparation and for generating logical entanglement re-
sources within a bosonic mode. Future work will focus on in-
corporating open-system dynamics, hardware distortions, and
robust-training strategies to assess performance under realistic
experimental noise.
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Appendix A. Neural network

In this work, we consider a feed-forward neural network, which results from the consecutive application of neural network layers.
A neural network layer is a parameterized function / : R — R defined as

I(x) =a(Wx +b), (A.1)

where a is an element-wise function, called the activation function, W € R x R is called the weight matrix, and b € R is
the bias vector. Both the weight matrix and the bias vector contain the parameters of the layer. Layers can be composed to form a
feed-forward neural network, which is the type considered in this work. Such a neural network is defined as

Sox)=lpolyo---oli(x) (A2)

for a neural network of L layers. We have made it explicit that 5 are the neural network’s parameters, which are all the weight
matrices and bias vectors from the neural network’s layers. The last layer’s output size is 3N, to accommodate the 3N pulse
parameters ® = {¢i}z]'i e {t,o,-}?i e {ti}l’,‘i - The first layer’s input is d, where d refers to the components that specify the input target
state. The neural-network architecture depends on the target dimension n and was found by optimizing the network structure with
Optuna. For n = 2 we used hidden-layer widths [209, 173,222,347]; for n = 3 we used [197,264,304]; and for n = 4 we used
[321,442,425].

Appendix B. Basis of SU(n)

The SU(n) basis that we consider is the union of the following n X n families of matrices [49]:

0 1 0 0y 0 1 0 0 0 0 0
1 0 0 0 0 0 0 0 0
: o, ro o -0 R IO B.1)
0 0 o ofllo : . i 0 0 0 1
0 0 0 o)\ 0 -~ 0 O 0 0 1 0
0 —i 0 0y 0 —i 0 0 0 0 0
i 0 0 0|0 O O 0 0 0 0 0
A4 00 - Of L s (B.2)
0 0 0 0 : Do 0 0 —i
0 o0 0 00 0 0 0 0 i 0
1 0 O 0 1 0 O 0 1 00 - 0
0O -1 0 --- 0 01 0 0 o1 0 - 0
00 0 - of (Lo o -2 of ... 2 loo1 - 0 (B.3)
. V3 " Nawm-DYf. . . . . '
oo 0 Do 0 oo :
0 0 O 0 00 O 0 00 0 -+ —-n+1

This basis corresponds to n> — 1 matrices. Using this basis, for a target state |(//mge[>, the inputs for the neural network are the

n? -1 expectation values <zﬁmrge[|Gk|zpmrgel>, where {Gk}Z:1 denotes the SU(n) basis listed above.
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