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We present a continuous-time, neural-network-based approach to optimal control in quantum systems,
with a focus on pulse engineering for quantum gates. Leveraging the framework of neural ordinary
differential equations (neural ODEs), we construct control fields as outputs of trainable neural networks,
thereby eliminating the need for discrete parametrization or predefined bases. This allows for the gene-
ration of smooth, control-hardware-agnostic pulses that can be optimized directly using differentiable
integrators. As a case study, we design and experimentally implement a short and detuning-robust π=2
pulse for photon number parity measurements in superconducting transmon circuits. This is achieved
through simultaneous optimization for robustness and suppressing the leakage outside of the computa-
tional basis. These pulses have very high fidelity (≈99.95%) and realize the parity measurement with an
efficiency greater than 99.9% over a detuning range of ≈� 20 MHz, thereby outperforming traditional
techniques while retaining comparable gate durations. This showcases the potential of neural ODEs for
high-performance quantum control in experimentally relevant settings.
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I. INTRODUCTION

High-fidelity control of quantum systems is a central
requirement across quantum technologies, especially
quantum computing, where quantum advantage and
scalability depend on efficient implementations of quantum
error-correction algorithms, which in turn rely on robust,
error-limited control of the underlying physical qubits [1,2].
While standard approaches such as Rabi pulses or

DRAG (derivative removal by adiabatic gate) pulses [3]
pulses are often sufficient for idealized two/few-level
systems with minimal constraints, they fall short in the
presence of noise, detuning, and drive amplitude fluctua-
tions. A solution to these problems was first sought
through the use of composite pulse (CP) sequences [4],
which do improve robustness but typically suffer from
practical limitations, especially when the desired (total)
operation is short. CP techniques with phased short-pulse
sequences maintain high fidelity in broad ranges of para-
meters but still require many pulses [5–7]; achieving

similar performance with a few pulses remains challeng-
ing. Instead, our technique operates at a timescale of single
pulses, enabling both fast and robust operations.
More advanced control strategies, such as those based

on the GRAPE algorithm [8] or the CRAB method [9],
have attempted to address these issues. However, they
necessitate either specifying a basis in which the control
field is expanded (e.g., [9–13]), or adopting a discretized
approach (e.g., [14,15]). Neural networks (NNs) have also
been used in a similar way either by discretizing the
control field [16–19] or by way of prescribing a basis
[20,21] and learning the discrete control parameters. While
these approaches generally perform well theoretically,
they are associated with certain trade-offs that limit their
advantage in experimental implementations. The discre-
tized signal is not generally smooth and requires large
bandwidth for faithful representation due to the disconti-
nuities, which are inherently present. This requires in situ
tuning for each particular combination of quantum and
control hardware [15]. Likewise, in addition to the sensi-
tivity to the choice of basis which can be highly problem
dependent [10], higher order terms in the expansion
typically also increase the required bandwidth.
In contrast, neural networks can be leveraged in a manner

that simultaneously addresses both sets of problems: NNs
can act as universal function approximators [22], capable of
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expressing optimal control fields without assuming a
fixed basis or discretized representation. The emerging
framework of neural ordinary differential equations (neural
ODEs) [23], and the tools developed therein, enables a
continuous-time approach whereby a neural network
directly models the control field as a smooth function of
time and is optimized through differentiable simulation of
the quantum dynamics [24–26]. Additionally, to achieve
robustness, most other approaches require specific error
modeling for first- or second-order operator cancellation.
In contrast, neural networks can leverage existing batch-
optimization techniques to achieve high-fidelity operations
in the presence of noise or parameter variations.
The primary aim of this work is to introduce and

experimentally validate a neural-ODE–based para-
meterization for quantum control pulses that naturally
produces smooth, hardware-compatible waveforms.
Within this framework, we design and experimentally
verify a high-fidelity, detuning-robust π=2 pulse for a
transmon-based system, motivated by its central role in
parity-measurement sequences, its use in Wigner tomo-
graphy and related cQED experiments. In addition,
we numerically construct a robust single-qubit gateset
spanning rotation angles θ∈ ½0; π� to illustrate that the
same approach can generate a continuous family of robust
control operations.
The NN generated robust π=2 pulses, owing to their

ability to address the qubit with high fidelity even when
coupled to a highly populated resonator, not only combat
noise in discrete-variable quantum computing but also
enable various previously difficult-to-implement opera-
tions, such as the creation of large Schrödinger cat states
[27], nullifying the need for transmon drive-frequency
recalibration. Use of these pulses will also significantly
enhance the accuracy of state reconstruction in bosonic
QED [28,29] by reducing the coherent dynamical errors
during parity mapping—especially for higher dimen-
sion states. Such precision is essential for both accurate
Wigner tomography [30–32] and reliable error syn-
drome extraction in bosonic cat-qubit architectures [33].
Besides quantum computing, gates or sequences of
gates as considered in this work have applications in
other quantum technologies, such as microwave sensing
via coherent interaction-free measurements [34–36] and
magnetometry [37–39].
Furthermore, the use of a detuning-robust π=2 pulse

can greatly speed up the search for axions and dark
photons through efficient microwave photon detection
[40]. This is a key motivation behind this work, as well
as the context in which the results will be presented. In
short, in qubit-based axion detectors a photon populates a
resonant cavity, which is coupled to a qubit. The inter-
action Hamiltonian is Hint ¼ χdispσzn̂ph, resulting in a shift
of the qubit transition frequency by δ ¼ 2χdisp per photon
in the cavity. Thus, the following sequence of operations

ðπ
2
ÞXðβÞZð− π

2
ÞX (where β ¼ 2χdisphn̂phiτ is the phase accu-

mulated due to the photon associated ac Stark shift during
the idle time τ ¼ π=2χdisp) will result in an identity oper-
ation for zero or even number of photons in the detection
cavity while it will constitute a ðπÞX rotation for one, or the
odd-numbered, photon state. Thus, reading out the qubit
state amounts to performing a photon number parity
measurement. For this approach to work, the control
pulses used to implement the sequence ought to be true
π
2
pulses, even when detuned by δ ¼ 2χdispnph from the

qubit transition frequency.
The problem of engineering detuning-robust π

2
pulses is,

therefore, used to demonstrate the utility of the neural
network approach. Our method produces smooth, control-
hardware-agnostic control fields that outperform standard
rectangular and DRAG pulses in robustness while main-
taining short durations. We obtain a pulse fidelity of
≈99.95% and implement the parity measurement opera-
tion with a fidelity greater than 99.9% over a detuning
range of ≈� 20 MHz. This demonstrates precise control
over qubit rotations under variable detuning, which, as
stated previously, has wide applications in cQED experi-
ments. Furthermore, the method is general, since the
design of arbitrary single- and multiqubit gates should
be straightforward. While in the present work we restrict
experimental and numerical validation to a single qubit
and a detuning-robust setting, the approach can also be
applied to two-qubit gates. In such multiqubit simulations,
Hilbert-space growth increases computational cost, but
this can be addressed using reduced effective Hamiltonians
that capture the relevant dynamics of the subspace of
interest [41,42]. This illustrates that the Neural-ODE
framework can, in principle, be extended to multiqubit
gates while remaining tractable for simulation, highlight-
ing its practicality. This positions neural ODEs as a useful
and easy to use framework for quantum control, capable of
addressing challenges that are difficult for traditional
approaches, with a minimal increase in technical complex-
ity and without requiring extensive training resources.
The paper is organized as follows: Sec. II gives the

details of the neural network approach and describes the
experimental setup used for its verification. Sections III A
and III B study the problem of generating a detuning-
robust π=2 pulse by considering the qubit and the qutrit
subspace, respectively. Section III C evaluates the perfor-
mance of the obtained pulses in the context of implement-
ing a parity measurement. The main conclusions are
delegated to Sec. IV.

II. METHODS

A. Dynamics of a qubit driven by a neural network

Given a quantum system, its time evolution is governed
by the propagatorU, which satisfies the equation iℏU̇ðtÞ ¼
HðtÞUðtÞ, with the structure and dimensionality of U and

MARKO KUZMANOVIĆ et al. PHYS. REV. APPLIED 26, 034070 (2026)

034070-2



H set by the specifics of the problem under study. In
general, the Hamiltonian contains a number of (fixed)
parameters describing the system itself and some number
of tunable ones, expressing the drive fields that we can
manipulate in order to achieve optimal quantum control.
These control fields can be represented as complex time-
dependent amplitudes that encapsulate the information
about the amplitudes and phases of the externally applied
control tones. For the simplest case of a qubit, this reduces
to a single control field ΩðtÞ, with the Hamiltonian (in the
frame co-rotating with the qubit):

H ¼ ℏ
2
½ΩðtÞj1ih0j þΩ�ðtÞj0ih1j�: (1)

The control field amplitude ΩðtÞ can be identified with
the output of a neural network ΩðtÞ ¼ N ðtÞ. The equation
of motion can now be integrated using a differentiable
integrator such as “torchdiffeq” [43] This can be done with
an adaptive step method (here, we use “dopri5”), without
relying on an explicit discretization of time. This allows
for the obtained trajectory UðtÞ to be differentiated with
respect to the parameters of the neural network N . Then,
one can use gradient descent and backpropagation tech-
niques to tune (train) these parameters until a desired
trajectory UðtÞ or final state UðtendÞ is obtained.
If one wishes to obtain a family of trajectories para-

meterized by θ (corresponding to, e.g., different rotation
angles), the additional parameter can be passed to the
neural network N ðt; θÞ, such that the entire class of
trajectories is optimized for during the training phase,
similar to [24,26]. If one wishes to optimize for resilience
against deviations in the control parameters, the output of
the neural network can be perturbed stochastically in each
training iteration, while requiring that the same operation
is realized. Unlike previous works [4,25], this technique
does not require analytical, propagator-level, cancellation
of the error terms, allowing for optimization against
complex noise and error models. Namely, if one wishes
to optimize for amplitude and/or detuning robustness, the
control field can be taken as ΩðtÞ ¼ ð1þ αÞN ðtÞeiδt,
where the amplitude perturbation α and the detuning
perturbation δ are sampled from appropriately chosen
distributions. The training procedure, in the presence of
perturbations, is represented schematically in Fig. 1.

B. Neural network

In this work, we implement N as a feedforward deep
neural network with tan h activations. The depth d ¼ 3 and
width w ¼ 20 of the network are chosen as a balance
between expressivity and being able to train the network
on an ordinary desktop computer in a matter of hours. The
network takes two input parameters: the desired rotation
angle θ and the time t. The network outputs two real
numbers O1;2. The first is related to the instantaneous

amplitude of the pulse trough AðtÞ ¼ Ωmax tan hðO1Þ,
while the second one is identified as the pulse phase
φ ¼ O2, resulting in the complex drive field ΩðtÞ ¼
AðtÞeiφðtÞ. For training purposes, the pulse duration is
taken to be T ¼ 2π, with t∈ ½−π; π�, leading to a natural
amplitude scale Ω2π—the amplitude necessary for a 2π
rotation during T. In order to limit excessively high pulse
amplitudes that might not be feasible experimentally, Ωmax
is set to Ωmax ¼ 3Ω2π.
For a qubit, the propagator U can be parameterized via

real coefficients ck as follows:

U ¼ c0σ0 − i
X

k∈ x;y;z

ckσk; (2)

with
P

k∈ 0;x;y;z c
2
k ¼ 1.

The equation of motion then reads ∂tc⃗ ¼ Mc⃗, with:

M ¼ 1

2

0
BB@

0 −ReðΩÞ −ImðΩÞ 0

ReðΩÞ 0 0 ImðΩÞ
ImðΩÞ 0 0 −ReðΩÞ

0 −ImðΩÞ ReðΩÞ 0

1
CCA: (3)

We first study the problem of designing a detuning
robust gateset, that is a continuous family of pulses, which
implement rotations by angle θ∈ ½0; π�, which maintain the
rotation angle θ as well as the plane of rotation even under
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FIG. 1. Top: A schematic representation of the neural network
approach: given some target rotation angle θ and time t, the
output of the network N is perturbed by α (amplitude) and δ
(detuning) to construct the complex drive field ΩðtÞ, and the
equation of motion is integrated to obtain the propagator U.
Based on this, a loss L can be computed, which quantifies the
discrepancy between the implemented and the target operation.
Lastly, the weights of the neural network wi;j are updated based
on the gradients of L w.r.t wi;j and a learning rate η. The cycle is
repeated N times or until convergence. Bottom: The resulting
pulse amplitude AðtÞ (left), shown in units of Ω2π ¼ 2π=Tp

where Tp is the pulse duration, and phase φðtÞ (right) as a
function of time, optimized for a true qubit (solid) and a qutrit
(dashed-dotted).
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a detuned drive. It is sufficient to obtain a set of rotations
generated by σx, as the other ones can be realized by
applying an additional frame or phase rotation. With
these requirements, the loss function is defined as L ¼
ðc0 − cosðθ=2ÞÞ2 þ ðcx − sinðθ=2ÞÞ2 þ c2y þ c2z , the detun-
ing robustness is optimized for in a symmetric interval
δ∈ ½−0.4Ω2π; 0.4Ω2π�, and amplitude robustness is not
considered (α ¼ 0). As the loss L is only a function of
the final operator U, no constraints are placed on the
qubit’s evolution, allowing the system to take the trajectory
that results in a robust operation. For the sake of brevity,
the results are relegated to Appendix A, and here, we only
note the obtained average fidelity, over the specified θ and
δ intervals, of 1 − F ≈ 10−5.
For implementing a parity measurement, we require

only a π=2 rotation and therefore, one of the inputs of the
neural network is fixed to θ ¼ π=2. Unlike for an arbitrary
rotation gate, the exact plane of rotation is not important
and need not be fixed. This allows for the constraints to be
relaxed, which simultaneously makes the optimization
procedure more efficient and leads to improved pulse
performance. Since the desired operation is a π=2 rotation
(c0 ¼ 1=

ffiffiffi
2

p
) in a vertical plane (cz ¼ 0, c2x þ c2y ¼ 1=2),

the loss, or infidelity, of the operation is taken as
L ¼ c2z þ ðc0 − 1=

ffiffiffi
2

p Þ2. Note that, due to the normaliza-
tion condition, minimizing this quantity simultaneously
ensures that c2x þ c2y ≈ 1=2. The form of this loss function
is specific to this problem, reflecting the reduced set of
constraints, i.e., it is not a special case of the arbitrary
rotation one with θ ¼ π=2.
Additionally, we focus on detuning robustness, as it is

the dominant error source for parity measurements:
amplitude errors mainly arise from slow gain drifts, which
are largely static over the timescale of typical experiments
and can be mitigated by through calibration. In contrast,
detuning errors can arise dynamically from photon-
number-dependent ac Stark shifts and cannot be addressed
in a similar manner. Therefore, α is set to 0, while δ is sam-
pled uniformly from the interval δ∈ ½−0.8Ω2π; 1.1Ω2π�.
This asymmetric interval reflects the experimental circum-
stances, where the detuning arises from photon-number-
dependent ac Stark shifts, δ ¼ nph2χdisp, and is therefore
positive. While increasing them is feasible and results in
higher detuning robustness, we found that it is achieved by
an anomalous pulse whose amplitude is nonzero only close
to t ¼ 0, effectively making it shorter and increasing its
bandwidth.
We initialize the network by sampling the weights from

a normal distribution with zero mean and unit variance. We
evaluate the loss over 100–1000 randomly sampled initial
states and start gradient-based optimization from the
configuration with the lowest loss, which typically yields
a smooth control field. In each training iteration, a batch of
100 to 1000 δ-values is randomly sampled, and the mean

loss is computed. The gradient over all of the neural
network parameters is computed using automatic differ-
entiation, and their values are updated by using the
“Adam” optimizer [44]. On a consumer AMD Zen 2
12-core processor, one such forward pass and automatic
differentiation step together take ≈900 ms.
This whole procedure is repeated until convergence

(≈104 iterations). Although this procedure can still en-
counter local minima, the training is inexpensive enough to
repeat with different seeds until the desired fidelity is
achieved. The training procedure is summarized in Fig. 1.

C. Experimental methods

The performance of the obtained pulses is verified on a
transmon circuit fabricated using the thick-oxide recipe
[45]. The transmon has the transition frequency of f01 ¼
3.772 GHz, spectral anharmonicity αs ¼ f12 − f01 ¼−222.34 MHz, and relaxation and decoherence times of
T1 ¼ 131 μs, T2 ¼ 64 μs, Techo

2 ¼ 141 μs. All control
signals are generated by the OPXþ arbitrary waveform
generator (AWG), which is based on a field-programmable
gate array (FPGA), and are up-converted to the microwave
domain by the Octave up/down-converter module. Both
instruments are manufactured by Quantum Machines.
More details about the experimental setup are given in
Appendix B.
The neural-ODE optimizer produces a unique waveform

for each target gate, which can be stored and played by the
OPX+ generator, in the same manner as standard cali-
brated pulses (e.g., DRAG). A robust gateset corresponds
to a finite library of precompiled waveforms. The memory
footprint of such a library is modest: for example, a 60 ns
pulse sampled at 1 GS=s with I=Q components requires
a few hundred bytes. Even a gateset consisting of tens
to hundreds of robust pulses therefore occupies well below
a megabyte of memory, which is negligible compared
to the available waveform storage resources of modern
FPGA-based control hardware.
The pulses are characterized through performing stan-

dard process tomography [2] at different detunings, δ. The
resulting data are used to obtain the experimental process
matrix χexp, which includes contributions from both finite
relaxation times and SPAM errors [46]. The unitary
generating said operation is estimated in the following
way: for a unitary Ufit ¼ cfit0 σ0 − i

P
k∈ x;y;z c

fit
k σk, the

corresponding process matrix χfit, in the basis of
fσ0; σx;−iσy; σzg, is given by χj;kfit ¼ bjb�k where bj ¼ cj
if j∈ f0; yg and bj ¼ −icj if j∈ fx; zg. We then look for
cfiti , which minimizes the Frobenius norm jχexp − χfitj2,
allowing us to extract the underlying operation.
Additionally, the fidelity of the pulses is estimated using

a randomized-benchmark inspired [47] sequence, where an
“identity” gate is constructed by 4 successive applications
of the pulse. This way deviations from a π=2 rotation

MARKO KUZMANOVIĆ et al. PHYS. REV. APPLIED 26, 034070 (2026)

034070-4



angle are observed as oscillations, while the fidelity of the
pulse can be extracted from the rate of decay toward the
maximally mixed state. Lastly, the same analysis is
performed on a rectangular and DRAG [3] π=2 pulse
and their performance is compared.

III. π=2 PULSES FOR PARITY MEASUREMENT

A. Driving a qubit with a neural network

With the decomposition for U presented above, the
equations of motion can be presented directly in terms of
the real and imaginary components of Ω and the vector
of ck ∈R4, allowing for elegant and quick integration.
Training the neural network results in a pulse like the one
presented in Fig. 1, shown here in terms of its signed
amplitude AðtÞ and phase φðtÞ. For the performance of
the pulse to be competitive with a short DRAG pulse, a
pulse duration of Tp ¼ 60 ns was chosen as a balance
between the pulse bandwidth, amplitude, and the width of
the robustness region (all of which scale like ∝ T−1

p ). To
generate the pulse, the (logical) I and Q quadratures
of the AWG are then set to IðtÞ ¼ ΩðtÞ cosðφðtÞÞ and
QðtÞ ¼ ΩðtÞ sinðφðtÞÞ.
Such modulated pulses can have higher bandwidth and

amplitudes resulting in implementation challenges: the
finite bandwidth and nonzero nonlinearity of the gener-
ation scheme might lead to discrepancies between the
desired and the generated pulse. These can be accounted
for by measuring the output of the generator with a high-
frequency oscilloscope. Furthermore, the time domain
trace can be integrated to estimate the evolution of the
qubit under the generated drive tone. The results of this
procedure, presented in Appendix C, demonstrate the
ability to synthesize these complex pulses.
Figure 2 shows the results of the process tomography

as a function of the detuning frequency. A detailed

description of the quantum process tomography procedure
can be found in Appendix D. The experimental traces
(colored traces shown on the left panel) resemble the
theory (black), though with some discrepancies. Most
notable is an offset of the cz component w.r.t the expected
value. Naively, one might interpret this as a frequency
offset between the laboratory frame and the qubit.
However, the discrepancy remains after careful calibration,
and it approximately corresponds to a detuning of
≈400 kHz, well above the level of experimental
uncertainty.
Additionally, if one plays the conjugated pulse

ΩðtÞ ¼ AðtÞe−iφðtÞ, we see that the cz offset changes sign
(cf. left panel of Fig. 2), indicating an alternative mecha-
nism. Conjugating the pulse has the same effect as flipping
its frequency, or rather detuning with respect to the qubit
frequency. Therefore, it also comes with an additional
change of sign of δ, which was taken into account for
reasons of presentation in this figure.
The φðtÞ ↣ −φðtÞ and δ ↣ −δ symmetry breaking

could have several causes. The first is the fact that the
signal generation scheme used in this experiment relies on
upconversion by mixing the low frequency signal with a
local oscillator (LO) close to the qubit frequency. For
systems with negative anharmonicity, the LO is typically
placed above the qubit transition frequency (here, we have
fLO ¼ 3.9 GHz) to avoid driving higher order transitions.
However, we find that the LO leakage and image are
suppressed by at least 40–50 dBc typically and their
contributions are not clearly present in the scope traces.
Together with repeating the measurements with different
fLO, this makes the upconversion scheme an unlikely
culprit for the observed effect. Another possible explan-
ation is that the qubit approximation is not valid, and the
symmetry is naturally broken by the presence of higher
excited states. To this end, we perform the same type of
measurements as shown in Fig. 2 as a function of pulse
duration and measure the root-mean-square error (RMSE)
between the theory and experiment, for both the non-
conjugated and conjugated pulses. Figure 2 shows that the
RMSE follows a power law, similar to what is observed
when the finite anharmonicity becomes the limiting factor
at short pulse durations [3]. The fact that the loss for
conjugated pulses is systematically lower than for non-
conjugated ones indicates that the two-level approximation
is not adequate even for long pulse durations, with low
RMSE. It is worthy to note that if the cz offset was
generated by a detuned qubit frequency, or LO leakage,
its effect would be exaggerated by increasing the pulse
duration.

B. Driving a qutrit with a neural network

With the results obtained in Sec. III A, we turn to
optimizing the pulse in the presence of the second excited
state, for our specific device: the Hamiltonian of Eq. (1) is

–50 –25 0 25 50
� [MHz]

–0.5

0

0.5

c k

60 100 200 400
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rb
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FIG. 2. Left: The experimentally obtained coefficients c0
(blue), cx (red), cy (green), and cz (yellow) for the pulse (solid)
and its conjugate form (dashed) along with the theoretically
expected value (solid black). Right: the RMSE between the
theory and the experiment as a function of the pulse duration for
the direct (red) and conjugated (blue) pulses, as well as the pulse
optimized to suppress the interactions with the j2i state (black).
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expanded with Δj2ih2j and λΩðtÞj2ih1j þ H:c: terms. As
the numerical integration is performed over t∈ ½−π; π�,
here Δ ¼ 2παsTp is set by the pulse duration Tp and the
anharmonicity αs, while λ is the ratio of the h2jq̂j1i and
h1jq̂j0i matrix elements of the electrical dipole moments.
By fitting the transition frequencies of our system, we
extract the Josephson and charging energies and evaluate
lambda to be λ ≈ 1.37. The SUð3Þ group does not permit a
linear and real parametrization of the propagator U [48],
forcing the parameter space to be C3×3 ≅ R18, therefore
significantly increasing the computational complexity:
using the same hardware one iteration takes ≈4.6 s, a
fivefold increase compared to the qubit case. Thus, we
opt to refine the pulse, i.e., resume training the neural
network from the previous state, thereby reducing the
resources needed for the optimization. The resulting pulse
is also shown in Fig. 1: seemingly minor differences,
such as a smoother envelope AðtÞ, lead to a significantly
different behavior. This can be understood by performing
QPT as a function of detuning δ, as shown in Fig. 3 (left
panel). Indeed, we find that c0 ≈ 1=

ffiffiffi
2

p
and cz ≈ 0 for a

wide range of detuning frequencies, and thus implicitly
c2x þ c2y ¼ 1=2. When these conditions are met, the result-
ing rotation angle θ is θ ≈ π=2, while the plane of rotation
ϕ is frequency dependent, see Fig. 3 (top and bottom right
panel, respectively). The latter is not an issue for the parity
measurement experiment, as the sequence is not sensitive
to an overall phase. To quantify the agreement with the
theoretically expected behavior, the RMSE loss is calcu-
lated and shown in Fig. 2 by the black circle: the agreement
is significantly improved and is on the level of the error
observed for the longest pulse durations.

C. Pulse sequence for a parity measurement

In the context of the parity measurement experiment,
the figure of merit can be constructed as the efficiency
with which two consequentially applied pulses, with an

appropriately chosen delay time in between them, transfer
the population of the qubit from the ground j0i state to the
excited one j1i. With this benchmark in mind, we compare
our designer pulse to a rectangular pulse of the same
duration Tp ¼ 60 ns and a Tp ¼ 20 ns DRAG pulse: we
initialize the qubit in the ground state, apply the sequence,
and measure the probability to find it in the excited one.
The result of this procedure, as a function of the detuning
δ is shown in Fig. 4 (left panel). Here, we show the
theoretically expected trace, along with the experimentally
determined ones based on both a direct measurement and a
QPT reconstruction, for all three pulses. For more details
on this procedure, see Appendix E. As expected, due to
its comparatively small bandwidth, the rectangular pulse
performs the worst. The DRAG pulse fares much better;
however, its efficiency falls off rather quickly for positive
detunings δ > 0, while it stays high for negative ones:
maxðp1Þ > 0.99 for−13.5 < δ < 5 MHz. This behavior is
the result of the inherent spectral asymmetry present in the
DRAG pulse: the nonzero out-of-phase componentQðtÞ ∝
sinð2πt=TÞ introduces some phase modulation, thus skew-
ing the spectrum of the pulse. This constitutes an effective
detuning, which counteracts the ac Stark shift of the
second excited state j2i and cannot be eliminated without
degrading the performance of the pulse.
In contrast, the efficiency of the robust scheme remains

high (above ≈0.98) for detunings as large as δ ¼ 50 MHz,
while matching the performance of the DRAG pulse
for negative detunings: maxðp1Þ > 0.99 for −16.5 <
δ < 22 MHz. In Appendix E 2, we demonstrate that our
NN approach outperforms GRAPE pulses optimized
for the same task. Additionally, to achieve a comparable
level of detuning robustness using composite pulses
requires more than 5 pulses, significantly lengthening
the operation—c.f. Appendix E 3. It is worth noting that
the sequence realized with DRAG and rectangular pulses

FIG. 3. Left: The experimentally obtained coefficients c0
(blue), cx (red), cy (green), and cz (yellow) for the pulse
optimized to suppress the interactions with the j2i state. Right:
the azimuthal and polar rotation angles, θ and ϕ, top and bottom,
respectively. The dashed black traces on all panels correspond to
the theoretically expected behavior.

FIG. 4. Left: The maximum j0i → j1i transfer efficiency as a
function of detuning δ for the robust (blue), DRAG (red) and
rectangular (green) pulses. The dots correspond to directly mea-
sured values, the solid lines to the QPT inferred ones and the
dashed black to the theoretical expectation. Right: The z compo-
nent of the density as a function of the number of applied robust
(blue) and DRAG (red) pulses.
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does not strictly implement a parity measurement even
when the transfer efficiency is high: as the resulting unitary
has a nonzero σz component (cf. Appendix E), the
corresponding rotation does not lie in a vertical plane.
As a result, the qubit must acquire an additional phase to
maximize the transfer efficiency. With a single delay
time τ, this condition cannot be met simultaneously for
all detunings δ, associated with the number of photons as
δ ¼ 2χdispnph. In contrast, the robust pulse preserves the
desired property as cz ≈ 0, which is detailed in Appendix E
as well.
Lastly, we set out to measure the fidelity of the robust π

2
pulse and compare it to that of the DRAG. To this end,
we construct a pseudoidentity operation out of 4 pulses
ðπ
2
Þ4n ¼ ð−1ÞnÎ, initialize the system in the ground state

and measure the z component of the density matrix as a
function of the number of repetitions n. We perform this
procedure only on resonance (δ ¼ 0)—see Fig. 4 (right
panel). By fitting the results with an exponential decay,
we are able to extract the fidelity per pulse: Frob ¼
0.999481� 0.000017 and FDRAG¼0.999784�0.000008.
While higher single-qubit fidelities have been reported for
isolated transmons (e.g., [49,50]), our results are close to
the record-breaking ones for a transmon embedded in a
circuit (e.g., [51]).
The estimation for the single-qubit incoherent errors

corresponding to a gate length Tp with relaxation T1 and
pure Markovian dephasing Tϕ is given by [52,53]:
Fmax ¼ 1 − Tp=3ð1=T1 þ 1=TϕÞ, where Tϕ is estimated as
1=Tϕ ¼ 1=T2 − 1=2T1. For our experimental parameters,
this yields Fmax

60 ns ¼ 0.999611 and Fmax
20 ns ¼ 0.999870, plac-

ing the results within ≈10−4 from the theoretical limit. The
total incoherent error constitutes approximately 75% of the
total robust pulse error and 60% of the total DRAG pulse
error. These percentages are obtained by comparing the
experimentally measured gate infidelity to the theoretical
incoherent error limit 1 − Fmax computed from the inde-
pendently measured T1 and T2 times. The remaining 25%
and 40% we assign to the gate implementation and leakage
errors, demonstrating a better implementation fidelity of
the robust pulse compared to the DRAG. As a result, we
can conclude that the performance of the pulses is limited
by finite relaxation time of the transmon and not by the
implementation.

IV. DISCUSSION AND CONCLUSIONS

We presented a neural ordinary differential equation
(neural ODE) framework for quantum control, enabling
continuous-time, basis-free synthesis of high-fidelity con-
trol pulses. By representing drive fields as outputs of
trainable neural networks, and optimizing them through
automatic differentiation, our approach provides universal,
control-hardware-agnostic control strategies without rely-
ing on predefined bases or discretized control points.

We validated this method by generating, and bench-
marking experimentally, detuning-robust π=2 pulses for
use with superconducting qubits, and achieved superior
detuning resilience compared to standard rectangular and
DRAG pulses. Furthermore, we demonstrate that our
pulses outperform both GRAPE-optimized and composite
sequences. The achieved robustness is particularly relevant
for bosonic QED experiments, where the effective qubit
detuning arises from photon-number-dependent ac Stark
shifts due to dispersive coupling to a resonator. In such a
setting, including Wigner tomography and parity-based
measurements, the qubit cannot be maintained on reso-
nance across different photon occupations by a single
frequency calibration. The demonstrated detuning-robust
π=2 pulses therefore directly address a central experimen-
tal limitation, enabling high-fidelity operations even in the
presence of large and state-dependent frequency shifts.
This framework was also demonstrated to generate

robust arbitrary rotation gates and can be generalized to
arbitrary multiqubit gates. It outperforms conventional
techniques in applications such as error-mitigation for
quantum computing, bosonic state reconstruction, Wigner
tomography, magnetometry, and parity measurements
for axion detection. This work demonstrates that neural-
ODE-based continuous-time control parameterizations can
serve as an effective enabling tool for the experimental
realization of detuning-robust quantum gates in super-
conducting circuits.
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APPENDIX A: DETUNING ROBUST GATESET

This appendix presents a numerical study of a robust
single-qubit gateset, for a range of rotation angles
θ∈ ½0; π�, optimized independently from the π=2 gate
presented in the main text. The optimization is carried
out as described in Sec. II: Minimizing the loss function
defined as L ¼ ðc0 − cosðθ=2ÞÞ2 þ ðcx − sinðθ=2ÞÞ2 þ
c2y þ c2z , over θ∈ ½0; π� and δ∈ ½−0.4Ω2π; 0.4Ω2π� (Ω2π ¼
2π=Tp), results in a detuning robust gateset, generated
by σx. Amplitude robustness is not considered (α ¼ 0).
Employing this optimization strategy yields a complete θ
gate set within a single training execution, at no extra
computational expense. The whole procedure is carried out
within the qubit approximation, i.e., the presence of the
second excited state is neglected.
Figure 5 shows the ck coefficients of the resulting

unitary operation U as a function of detuning δ for several
θ values, chosen such that the transition probability
jh1jUj0ij2 ¼ sinðθ=2Þ2 is linearly spaced from 0 to 1 (indi-
cated by the dashed horizontal lines). It is important to note
that this is only done for sake of presentation, the training
is done on a dense set of θ values spanning the entire
θ∈ ½0; π� interval. We observe that the target values for ck
are indeed obtained in the entire δ training interval, with an
average (in)fidelity of 1 − F ¼ 1 − trðU−1

θ UÞ=2 ≈ 10−5,
as shown in Fig. 6. The same figure also shows the
time-dependent pulse amplitudes AðtÞ and phases φðtÞ.

Although in the training the rotation angle θ is discretely
sampled, our large training volume (on the order of 104

iterations and a batch size on the order of 1000) yields
a highly dense sampling distribution with an effective
angular spacing on the order of 100 μ°. Translating this
theoretical precision to experimental Rabi pulses would
require an amplitude stability of approximately 1 ppm.
This corresponds to a 20-bit DAC resolution, exceeding
the 16-bit limit typical of modern arbitrary waveform
generators. Additionally, given the relatively low computa-
tional cost, it is feasible to increase the theoretical reso-
lution of our gateset by more than an order of magnitude,
without the need for high-performance computing resour-
ces, far surpassing current instrumentation limits.

APPENDIX B: EXPERIMENTAL SETUP

The transmon qubit used in the experiment is a subset of
a two-qubit device similar to the quantum processor
studied in Ref. [54], with two fixed-frequency transmons
capacitively coupled via a frequency-tunable coupler. The
chip is packaged, protected from the spurious magnetic
noise by a μ-metal shield and thermally anchored to the
mixing chamber of the refrigerator. During the experi-
ments, only one qubit (Q1) is used, and the coupler is
detuned to its sweet spot at the maximum frequency to
minimize its impact on the qubit.
The experimental setup used is presented in Fig. 7. The

pulses are generated at room temperature by using an
ensemble OPX+/Octave from QuantumMachines, capable
of generating microwave pulses within a 350 MHz band-
width. To achieve low enough temperatures, we employ a
BlueFors XLD400 dilution fridge with base temperature of
≈10 mK. Single-shot measurements are enabled by the
traveling wave parametric amplifier (TWPA) from VTT
Technical Research Center of Finland, while at 4 K the

FIG. 5. The squared coefficients c20, c
2
x, c2y, and c2z as a function

of δ for a detuning robust gateset. The rotation angles θ satisfy
sinðθk=2Þ2 ¼ k=10 from k ¼ 0 (yellow) to k ¼ 10 (red), with
their target c20 and c2x indicated by the dashed horizontal lines.
The dashed vertical lines indicate the training region.

FIG. 6. The time-dependent amplitude AðtÞ (top left) and phase
φðtÞ (top right) required to realize the unitary operations
presented in Fig. 5. The bottom panel shows the fidelity F of
the operation as a function of detuning δ (the dashed vertical
lines indicate the training region). All traces are color-matched to
the ones in Fig. 5.
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readout signal is further amplified by a high-electron-
mobility transistor (HEMT) fabricated by Low Noise
Factory. After further room-temperature amplification
(by Narda Miteq LNA-40-04000800-07-10P), the readout
signal is fed back into the OPX+/Octave ensemble, where
it is downconverted and digitized.
The pulses used for state preparation and quantum

process tomography (cf. Appendix D) use a cosine enve-
lope with a 40 ns duration combined with the DRAG
technique and calibrated according to “Google” method
described in Ref. [55]. The average gate fidelity charac-
terized with Clifford RB [47] exceeds 99.96%.
The single-shot readout uses a 2 μs pulse, with an

average two-state discrimination fidelity of FAssignðj0i;j1iÞ ¼
95.65%, and FAssignðj0i;j1i;j2iÞ ¼ 94.13% for three states.

APPENDIX C: IMPLEMENTATION
VERIFICATION

The pulses generated by the procedure described in
the main text can then be digitized using a sufficiently
fast oscilloscope directly (Keysight MSOS804Awas used
here). With the captured trace (cf. Fig. 8), an analytic,

complex valued, signal representation can be obtained by
applying a Hilbert transform [56]. The analytic form can
be easily demodulated by multiplication by e−iω01t, with
ω01 ¼ 2πf01 being the qubit/signal center frequency.
Afterward, it lends itself to comparison to the theory
directly, through the real and the imaginary part.
Based on these reconstructed drive amplitudes, the

corresponding trajectory can be calculated, which are also
shown in Fig. 8. The fidelity of the reconstructed trajec-
tory, defined as F ¼ trfUexpðtÞU†

theoryðtÞg=2, remains high
(F > 0.999) throughout the evolution (also in Fig. 8).

APPENDIX D: QUANTUM PROCESS
TOMOGRAPHY

Quantum process tomography is performed in the
manner described in Ref. [2]: 4 input states are prepared
by initializing the system in the ground state and then
applying an identity (no-op) gate, a ð− π

2
ÞX, ð− π

2
ÞY , or a

ðπÞX gate, resulting in the following initial states j0ih0j,
jxihxj, jyihyj, and j1ih1j, respectively. Then, the operation-
under-test is applied, followed up by state tomography
where the z component is read out directly and for the y
and x ones, the readout is preceded by applying ðπ

2
ÞX, ðπ2ÞY .

dc

dc

FIG. 7. A diagram of the experimental setup. Microscope
image of the quantum processor with two transmon qubits. Only
the left qubit (Q1) is used for the experiment. The sample is
mounted inside a μ-metal shield to protect it from stray magnetic
fields.

FIG. 8. Top: The real and imaginary part of the pulseΩðtÞeiφðtÞ
(black dashed), along with the measured pulse (gray) and its
demodulated real (blue) and imaginary (red) components.
Bottom: The c0 (blue), cx (red), cy (yellow), and cz (purple)
coefficients as a function of time for the scope data, along with
the theory (black dashed). The right-hand scale, along with the
solid green trace, shows the infidelity (1-F) of the experimental
trajectory with respect to the theoretical one. The left and right
columns correspond to the qubit and qutrit optimized pulses,
respectively.
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This is then performed as a function of the test-pulse
frequency; the results for the robust, neural network based,
ðπ
2
Þ are shown in Fig. 9.
From there, we see that the population of the j2i state is

negligible, allowing us to carry out the process tomogra-
phy only in the qubit subspace. The detuned pulses are
generated by briefly changing the frequency of the IF
oscillator in the Quantum Machines OPX+ controller, and
the phase difference accumulated during this frequency
excursion leads to the rapidly oscillating behavior
observed in most panels of Fig. 9, which can later be
accounted for.
The data can be processed to extract the process matrix

[2], resulting in a complex 4 × 4χexp matrix, as shown
in Fig. 10. This experimentally obtained process matrix
contains contributions not only from the unitary evolution,
but also from relaxation, decoherence, and SPAM errors
[46]. For estimating the underlying unitary operation, we
fit the experimental process matrix with a unitary one χfit,
by minimizing their Frobenius distance. To gauge the
errors introduced by this process, we note the following:
for a strictly unitary process, U ¼ c0σ0 − i

P
k∈ x;y;z ckσk,

the diagonal elements of χ are just χk;k ¼ jckj2. In Fig. 10,
we compare the diagonal elements of χexp and that of χfit,
along with their Frobenius distance. As their agreement is
quite good, and the distance small, we assume that this
leads to a reliable estimate of the implemented unitary
evolution, which might not be true for higher SPAM or
decoherence errors.

The ck coefficients shown in Fig. 10 are identical to the
ones presented in Fig. 3 in the main text up to an additional
rotation in the X=Y subspace. As mentioned before, this
rotation angle is β ¼ 2πδðTpulse þ TdeadÞ, where Tdead ≈
10 ns is the time needed for the IF oscillator frequency
change. Applying the inverse rotation in the X=Y subspace
c0x þ ic0y ¼ ðcx þ icyÞe−iβ yields the results presented
in Fig. 3.

APPENDIX E: COMPARISON WITH OTHER
PULSES

Here, we first provide further details about the com-
parison with the DRAG and rectangular drives. In
Appendices E 2 and E 3, we discuss the alternative
approach of using GRAPE and composite pulses,
respectively.

1. DRAG and rectangular drive

As stated in the main text, the same QPT procedure was
carried out for the Tp ¼ 60 ns rectangular and Tp ¼ 20 ns
pulses, the results of which are shown in Fig. 11. Figure 11
also shows the discrepancy of the implemented operation
with respect to a ðπ

2
Þ rotation in an arbitrary, but vertical

plane. It is quantified as Fχ ¼ trðχ̃expχπ=2Þ, where χ̃exp

is the purified process matrix χ̃exp ¼ χexp=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
trðχ2expÞ

q
and

χπ=2 is the process matrix corresponding to a unitary with

the following expansion c0 ¼ 1=
ffiffiffi
2

p
, cx ¼ cosðΘÞ= ffiffiffi

2
p

,

FIG. 9. The raw results of the frequency-dependent process
tomography of the robust ðπ

2
Þ pulse. Different rows correspond to

different initial states, while the columns correspond to reading
out the x, y, and z components of the density matrix. See the text
for more details.

FIG. 10. Left: The diagonal elements of the experimental
process matrix (solid, colored), along with that of the unitary
fit (black, dashed), as a function of detuning δ, along with their
Frobenius distance (bottom). Right: The real (top) and imaginary
(bottom) parts of the experimental and unitary process matrices
at δ ¼ 0.
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cy ¼ sinðΘÞ= ffiffiffi
2

p
, and cz ¼ 0, where Θ is chosen such to

maximize Fχ. The wide range of detuning frequencies for
which Fχ ≈ 1 demonstrates yet again the robustness of the
neural network based pulse.
Much like in Fig. 4 of the main text, from Fig. 11 we see

that the response of the DRAG pulse is shifted to the left.
As stated in the main text, this shift is inherent to a DRAG
pulse: the phase modulation and frequency offset intro-
duced by the nonzero out-of-phase Q quadrature counter-
acts the ac Stark effect from the j2i state and is necessary
for a high fidelity operation. Introducing an additional
detuning δ cannot center the response of the pulse without
sacrificing performance or changing the effective value of
the DRAG coefficient, making the frequency response
skewed towards δ < 0 once again.
Unlike for the robust pulse, where the σz component

cz ≈ 0 (see Fig. 3 of the main text), for here that is not the
case. These nonzero cz components limit the usefulness
of DRAG pulses for the parity measurement protocol:
Ramsey interference patterns are shown in Fig. 12 for all
three pulses. By taking a slice at a constant protocol time
Tprotocol ¼ Tdelay þ Tpulse and plotting the excited state
population as a function of frequency δ, also shown in
Fig. 12, we can see the effect of the z rotation. While the
envelope of the oscillation corresponds to the one obtained
from measuring maxðp1Þ and shown in Fig. 4 of the main
text, we see that the positions of the maxima/minima start
deviating from an ideal sinusoidal pattern for δ ≫ 0. As a
result, the parity measurement implemented with DRAG
pulses is limited to lower photon numbers compared to the
robust pulse.
To understand this further, we can study the following:

the idle time Tdelay is equivalent to a z frame rotation eiβσz=2

by the angle β ¼ 2πδTdelay. Sandwiching this between two

operations, given as U ¼ c0σ0 − i
P

k∈ x;y;z ckσk, results
in the total operation Utot ¼ Ueiβσz=2U. The squared
norm of the matrix element Utot;1;2 ¼ h1jUtotj0i is the
probability for the transition to occur from the ground
to the excited state, which is precisely what we mea-
sure experimentally. After some straightforward algebra,
it evaluates to jUtot;1;2j2 ¼ 4ðc2x þ c2yÞðc0 cos ðβ=2Þ þ
cz sin ðβ=2ÞÞ2 ¼ 4ðc2x þ c2yÞðc2z þ c20Þ cos ðβ−β02

Þ2, where
β0 ¼ 2 arctan ðcz=c0Þ. The transition probability reaches
unity only when ðc2x þ c2yÞ ¼ ðc2z þ c20Þ ¼ 1

2
and β ¼ β0.

However, as β0 depends nonlinearly on δ through
c0;zðδÞ, and β is a linear function of δ, the last condition
cannot be satisfied for all δ by an appropriate choice
of Tdelay.
Now, we turn to analyzing the performance of a

parity measurement experiment using these pulses. As
described in Appendix E 1, the transition j0i → j1i prob-
ability in a Ramsey-like experiment can be estimated
from the QPT data, or theoretical model, as maxðp1Þ ¼
4ðc2x þ c2yÞðc2z þ c20Þ, which is obtained for an accumulated
phase β ¼ 2πkþ β0. This implies that the delay time in the
Ramsey sequence cannot be chosen solely based on the
detuning; it requires prior knowledge of the c0;zðδÞ
dependence. Hence, we go about measuring maxðp1Þ by
applying a virtual z rotation in-between the two drive
pulses. A 2D map, which measures the transition proba-
bility, as a function of detuning δ and the frame rotation
angle β, is shown in Fig. 13. As the β dependence is

FIG. 11. Top: The ck decomposition of the DRAG (left) and
rectangular (right) pulses as a function of detuning. Bottom: the
process matrix fidelity Fχ between the experimentally obtained
ones and a vertical π=2 rotation.

FIG. 12. Top: The Ramsey interference pattern measured for
the robust, DRAG and rectangular pulses. Bottom: slices of the
former as a function of detuning δ for a fixed Tdelay (colored
symbols), along with the ideal response (solid black).
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sinusoidal, the optimal value can easily be determined by
performing a Fourier-like fit.
Using these optimal values, we proceed to measure the

excited state population as a function of δ. The state of the
transmon is read out by probing a dispersively coupled
resonator, either in a single-shot fashion or in the averaged
regime. The first is foremost limited by the SNR of the
readout and the system relaxation times relative to the
readout duration, while the latter is sensitive mostly to
the postprocessing procedure used to extract the popula-
tions, as described in detail in Ref. [57]. As we need to
resolve minute variations in p1, a lot of measurement shots
are required to discern them; we used N ¼ 5 × 105 shots.
While this results in very low shot noise for the single-shot
readout and good SNR for the averaged readout scheme,
the long measurement time makes the experiment highly
susceptible to errors induced by drifts in the amplification/
readout chain. Figure 13 shows several datasets, for each
of the studied pulses, where single-shot and averaged
readout were performed simultaneously. Both readout
schemes suffer from variations and drifts in their effi-
ciency, which amounts to a systematic error present in the
readout procedure. However, when one accounts for the
variations, all of the datasets collapse to the same trace.
This, along with the excellent agreement with the QPT-
based estimate, gives validity to the correction procedure.

2. GRAPE pulses

In order to make a comparison to the neural-network
approach, in the GRAPE approach the pulse first needs
to be discretized. With the sampling rate of our AWG

(1 Gs=s) and the chosen pulse duration Tp ¼ 60 ns, we
parameterize the pulse in terms of N ¼ 60Ik and Qk
quadrature samples each. This defines a piecewise con-
stant set of drives, eachΔt ¼ 1 ns long, corresponding to a
propagator Uk ¼ e−iHðIk;QkÞΔt. The total propagator can
then be obtained by U ¼ Q

k Uk. The propagators, evalu-
ated over a batch of detuning values δ, can then be used to
calculate the loss function LU in the sameway as described
in the main text—designed to create a detuning-robust
parity-measurement π=2 pulse. In addition, the loss func-
tion should be penalized for discontinuities in the drive
fields through Lsm ¼ P

kðIk − Ikþ1Þ2 þ ðQk −Qkþ1Þ2.
The total loss is then the sum of LU and Lsm:
L ¼ Lu þ sLsm, with a Lagrange multiplier s, which
can be tuned to obtain sufficiently smooth pulses.
The training is carried out through gradient descent. A

naive approach would evaluate the gradients by varying
Ik; Qk and thus would calculate the propagator (at least)
2N þ 1 times. Instead, here we employ the framework of
automatic differentiation, as done with the neural network.
For a δ batch of size 500, one such iteration takes ≈100 ms
in total, with the forward pass taking tfwd ≈ 50 ms and
calculating the gradient and updating the parameters
another tbck ≈ 50 ms (using 4 threads on the same CPU
as stated in the main text). Therefore, it provides a speedup
of a factor of ≈60 compared to the naive approach.
The same technique can be used in conjunction with the

neural network, instead of the differentiable integration:
the fixed-step discretized integration can be used for
training, while the variable-step integration can be used
for validation (and refining the discretized grid if the two
deviate), thus speeding up the training by a factor of ≈10.
For the neural network designed pulses presented in this
section, we adopt this approach.
For both, we sample the initial configuration 50 times

and train the best performing one for 50 k iterations within
the qubit approximation and another 50 k for the qutrit
refinement. Therefore, the total training time on our
hardware is expected to be approximately 3 h. In reality,
we find it to be closer to 4 h, with slight run to run
variation. In addition, we vary the initial random number
generator seed and repeat the entire procedure many
times. The total dataset we obtained in this way consists
of 20 neural-network pulses and 10 GRAPE pulses
for s∈ f0.01; 0.1; 1; 10; 100g each. A selected set of
representative pulses is verified experimentally on a
different sample with the following qubit parameters:
f01 ¼ 4.172 GHz, f12 ¼ 3.974 GHz (fitted to obtain
λ ¼ 1.379), and relaxation and decoherence times of
T1 ¼ 66 μs, T2 ¼ 80 μs, Techo

2 ¼ 91 μs. The original sam-
ple (described in Appendix B) could not be utilized
anymore due to degraded performance after several ther-
mal cycles.
In order to compare these pulses, we first plot the

j0i → j1i transition probability p1 after the application of

FIG. 13. Top: A 2D map of the excited state population as a
function of the detuning δ and relative pulse phase β. The red
dots indicate the optimal β values for each δ. Bottom: The
measured excited state population as a function of δ, using
the optimal β values, for the robust (blue), DRAG (red), and
rectangular (green) pulses before, and after correcting for the
readout fidelity (gray). The left and right panels correspond to the
averaged and single-shot readout schemes, respectively.
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a single pulse as a function of detuning δ, see Fig. 14. Each
of the panels shows one dataset: the NN one, and the
GRAPE ones grouped by the smoothing factor s. We
highlight that while the NN pulses show optimal behavior
in the training domain (indicated by the vertical dashed
lines), the response of the GRAPE pulses is not flat.
Moreover, the individual training runs are remarkably
close to one another, but pulses with different smoothing
factors s differ substantially from one another. This is
indicative of the optimization getting trapped in a local
minimum, highly dependent on s.
We perform quantum process tomography and observe

that the cz component of the GRAPE pulses deviates
significantly more from zero (the target value) than the NN
one, see Fig. 15. The same is true for the c0 component,
but to a lesser extent. Consequently, the GRAPE pulses
maxðp1Þ also exhibit higher deviations from the ideal
value of 1 and are robust in a smaller range of detuning fre-
quencies δ in comparison with the NN one. Additionally,
the performance of the pulses is highly sensitive to the
smoothing factor s.
Overall, the experimental data align well with the

theoretical models. Although both the QPT (Fig. 15)
and the direct p1 (Fig. 14) capture the qualitative behavior
of the simulated system, quantitative agreement degrades
at lower values of s. This discrepancy is most pronounced
for the s ¼ 1 and s ¼ 0.01 datasets, where measuring
multiple pulses yielded varying experimental traces
despite virtually indistinguishable theoretical predictions.
We tentatively attribute this to signal distortion: the higher
bandwidth requirements of the less-smoothed pulses may
exceed the finite bandwidth capabilities of the AWG and

IQ-mixer upconversion stage. Further investigation is
required to confirm this hardware limitation.
In summary, the NN approach offers better performance

without the necessity of fine tuning the smoothing
Lagrange multiplier. At the same time, with the afore-
mentioned hybrid fixed/variable time-step training
approach, the overall training duration is the same as that
of the GRAPE approach.

3. Composite pulses

Here, we compare our scheme with a short composite
pulse sequence. The rationale for this is the following: the
robust pulse is comparatively long Tp ¼ 60 ns to the
typical durations of DRAG pulses Tp ¼ 10–20 ns. Thus,
a sequence of 3–6 pulses can be implemented in the same
duration.
Famously, the CORPSE [4] sequence even provides an

analytical recipe how to implement a 3-pulse long detun-
ing-robust drive. These results were later generalized by,
e.g., [58], and longer sequences have also been studied
[59]. However, they rely on first- or second-order error
cancellation around δ ¼ 0, which does not yield good
performance for larger detuning values, which are of
relevance here. Thus, instead of relying on analytical
models we numerically searched for the optimal sequen-
ces, 3–5 pulses long, using a combination of a genetic
algorithm (for the sake of parameter-space exploration)
and refining the result using a gradient-based optimizer.
The loss function to be optimized was made identical to the
one used for the NN-based approach. For the sake of visual
clarity, in Fig. 16 we report only the c0 and cz components

FIG. 14. The j0i to j1i transfer probability p1 as a function of
the detuning δ for the NN and GRAPE pulses: Solid gray lines
represent the full dataset. Colored dots indicate the experimental
validation for a representative pulse, with the corresponding
theoretical prediction denoted by the solid black trace.

FIG. 15. Top: The QPT predicted maxðp1Þ vs δ for the NN
pulse (magenta) and the GRAPE ones for s∈ f0.01; 0.1;
1; 10; 100g (teal, brown, green, red, and blue, respectively).
Bottom: the QPT extracted c0 (left) and cz (right) coefficients of
the same set of pulses. The solid black traces correspond to the
theoretically expected values, while the vertical dashed lines
indicate the training region, and the horizontal ones show the
target c0=z values.
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of the optimal composite pulses, as well as the corre-
sponding maxðp1Þ traces. We find that for both metrics the
composite sequences exhibit larger variations than the NN
pulse, which is to be expected due to the low number of
parameters. On the other hand, these numerically obtained
sequences vastly outperform the analytical solutions
(not shown).
The claim, made in Ref. [4], that the spectral content of

the pulses does not affect the performance of the composite
sequence is true near δ ¼ 0: close to resonance, the DRAG
and the rectangular pulse look the same to first order,
if made the same duration—see Fig. 11. However, for
larger jδj the argument breaks down. When attempting to
implement a 3-pulse long sequence using DRAG pulses,
the spectral response changes substantially leading to
a different result, even after optimization—see Fig. 16.
This finding further complicates implementing a compo-
site pulse sequence based on DRAG: the DRAG coef-
ficient is not rotation-angle independent, and the spectral
response is sensitive to its value. Thus, to properly fine-
tune the sequence one must perform the optimization in a
closed loop, where the sequence and the pulses themselves
are tuned simultaneously, making it costly both numeri-
cally and experimentally.
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