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Molecular quantum control algorithm design by reinforcement learning
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Precision measurements of molecules offer an unparalleled paradigm to probe physics beyond the standard
model. The rich internal structure within these molecules makes them exquisite sensors for detecting fundamental
symmetry violations, local position invariance, and dark matter. While trapping and control of diatomic and
a few very simple polyatomic molecules have been experimentally demonstrated, leveraging the complex
rovibrational structure of more general polyatomics demands the development of robust and efficient quantum
control algorithms. In this study, we present reinforcement-learning quantum-logic spectroscopy (RL-QLS),
a general, reinforcement-learning-designed quantum-logic approach to prepare molecular ions in single, pure
quantum states. The reinforcement-learning agent optimizes the pulse sequence, each followed by a projective
measurement, and probabilistically manipulates the collapse of the quantum system to a single state. The
performance of the RL-QLS control algorithm is numerically demonstrated for the polyatomic molecule H3O+

with 130 thermally populated eigenstates and degenerate transitions within inversion doublets, as well as for
CaH+ under the disturbance of environmental thermal radiation. We expect that the developed theoretical
framework can be readily implemented for quantum control of polyatomic molecular ions with densely populated
structures, thereby facilitating experimental tests of fundamental theories.

DOI: 10.1103/t159-pzlx

I. INTRODUCTION

Low-energy, high-precision measurements provide a pow-
erful tool to explore fundamental physics beyond the standard
model (BSM) [1,2]. The rich internal-energy-level structure
of molecules, particularly polyatomic molecules, presents
sensitive probes to test BSM hypotheses. For example, the fre-
quencies of the inversion transitions of hydronium are used by
astronomers to search for violation of local position invariance
and would be sensitive to potential dark energy carriers [3]; a
minuscule energy shift is predicted in molecular enantiomers
as a result of parity violation [4] and awaits experimen-
tal observation [5,6]. However, high-fidelity control of those
molecules remains challenging, because many rovibrational
states are populated by thermal radiation (TR) and the transi-
tion frequencies between those states commonly overlap each
other. In fact, preparation of molecules into single, pure states
is a central yet nontrivial quantum control task [7,8].

*These authors contributed equally to this work.
†Contact author: xuechengtao@gmail.com
‡Contact author: prineha@ucla.edu
§Contact author: leibrandt@ucla.edu

Published by the American Physical Society under the terms of the
Creative Commons Attribution 4.0 International license. Further
distribution of this work must maintain attribution to the author(s)
and the published article’s title, journal citation, and DOI.

Several methods have been developed for state prepara-
tion, including sympathetic cooling [9,10], photoassociation
of cold atoms [11], optical cycling [12–14], and quantum-
logic spectroscopy (QLS) [15]. Among these, QLS stands
out as a unique control scheme [16,17], requiring no spe-
cific restrictions on the internal structure of the molecular ion
and enabling nondestructive detection of molecular ion states.
Prominent experiments [18–24] have demonstrated the ability
to measure and manipulate the quantum states of simple di-
atomic ions with QLS. Increasing complexity in the molecular
Hilbert space, as in polyatomic species, demands robust and
scalable state preparation techniques beyond current capabil-
ities. More broadly, the rich internal degrees of freedom of
polyatomics serve as unique sensors for BSM physics, which
in turn necessitates the development of molecular quantum
control approaches tailored to their inherent complexity.

In this article, we establish and demonstrate reinforcement-
learning quantum-logic spectroscopy (RL-QLS), a theoretical
framework that unifies tools from quantum chemistry, atomic,
molecular, and optical (AMO) physics, and artificial intelli-
gence for molecular quantum control. Initially, the molecular
level structure is obtained from experiments or calculated and
the evolution of the molecular state under control pulses is
numerically simulated. For each step of the experiment, a
control pulse is selected by the reinforcement-learning (RL)
agent and applied to the molecule, followed by a QLS-based
projective measurement that probabilistically collapses part
of the molecular quantum state. Through repetitive measure-
ments, a single, pure state is prepared. We show that, by
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FIG. 1. RL-QLS framework—state preparation via projective measurements. (a) A single quantum state is obtained by taking repetitive
steps each consisting of two parts: (1) a laser pulse driving the blue sideband of a molecular state transition, followed by (2) a projective
measurement of the motional state. (b) Time evolution of the state in terms of density matrices. uJJ ′ and vJJ ′ are obtained by solving the
time-dependent Schrödinger equation. In the illustration, the k = 0 measurement result is more probable than k = 1 (areas of the shadow,
second column). (c) Training of the RL-QLS agent. The agent explores the pulse library and updates the state-action value function Q with
the accumulating experience. As training proceeds, the learned Q function guides pulse selection and increases the success probability of the
molecular control task.

leveraging the complete history of control pulses and mea-
surement results, RL-QLS enables single-state preparation for
molecular ions with increasingly complex energy-level struc-
tures and subject to environmental disruption both faster and
with higher fidelity than current protocols. Building on the
success of learning-based control in simple quantum systems,
tasks such as state engineering [25–28] and gate optimization
[29,30], RL-QLS directly addresses the distinct challenge of
molecular complexity in molecular quantum control. Based
on the following numerical demonstrations, we anticipate that
RL-QLS will facilitate precision measurement experiments
that were previously inaccessible.

II. METHOD

We begin by introducing the QLS framework to prepare
a single molecular state with projective measurements. For
a simple molecular ion where a set of signature transitions
are resolved in frequency, the protocol was proposed [16,17]
and experimentally demonstrated [18–21]. Starting from a
Boltzmann mixture of energetically accessible states (|J 〉),
the protocol repeatedly drives blue-sideband transitions and
performs projective measurements (realized with quantum-
logic gates with a cotrapped auxiliary ion) of the motional
state [Fig. 1(a)].

We consider a molecular spectroscopy ion that occupies the
ground electronic and vibrational states, while a substantial
number of its rotational and hyperfine states are populated
due to thermal radiation. The density matrix of the rotational

manifold is ρmol = ∑NS
J=1 PJ |J 〉〈J |, with NS the number of

states. PJ denotes the occupation probability of the molecular
ion state |J 〉, and PJ = e−βEJ /

∑
J e−βEJ follows a Boltz-

mann distribution. The spectroscopy ion and the cotrapped
logic ion share a common motional mode |k〉, initialized to
|k = 0〉. Thus, ρ = ρmol ⊗ |0〉〈0|. In the Lamb-Dicke regime
(thus, k ∈ {0, 1} in the model), the applied laser pulse drives
a molecular transition and results in a quantum state with a
density matrix of

ρ =
N∑

J=1

PJ

[⎛
⎝∑

J ′
uJJ ′ |J ′, 0〉 +

∑
J ′

vJJ ′ |J ′, 1〉
⎞
⎠

×
⎛
⎝∑

J ′
u∗
JJ ′ 〈J ′, 0| +

∑
J ′

v∗
JJ ′ 〈J ′, 1|

⎞
⎠]

. (1)

In Eq. (1), uJJ ′ and vJJ ′ describe the time evolution of
a pure state |J , k = 0〉 under the influence of the applied
pulse. As illustrated in Fig. 1(b), the blue-sideband pulses
partition the molecular Hilbert space into two subspaces, each
associated with one motional quantum number, k.

A projective measurement of the motional state is subse-
quently performed with a bright detection on the quantum
state of the logic ion. The projective measurement collapses
the state to either the ground or excited motional state man-
ifold according to the result. As illustrated in Fig. 1(b), the
k = 1 outcome concentrates the population in a small sub-
space that consists of the ending states of the driven transition,
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while k = 0 outcome eliminates population in that subspace.
The probability of each measurement outcome is given by

p0 =
∑
J ,J ′

PJ |uJJ ′ |2, p1 =
∑
J ,J ′

PJ |vJJ ′ |2. (2)

Furthermore, after the measurement and the subsequent mo-
tional state cooling, the state of the molecular ion, ρmol, is

(1/p0)
∑
J ′

⎛
⎝∑

J
PJ |uJJ ′ |2

⎞
⎠|J ′〉〈J ′|, if k = 0,

(1/p1)
∑
J ′

⎛
⎝∑

J
PJ |vJJ ′ |2

⎞
⎠|J ′〉〈J ′|, if k = 1. (3)

Note that we have assumed that coherence is destroyed in
the motional cooling, leading to a population-based descrip-
tion for computational efficiency. Laser pulses and projective
measurements are then repeated many times until a pure
state has been prepared. As such, the population distribution,
P(J ) = tr(ρ|J 〉〈J |), is controlled, in a probabilistic manner,
to collapse to a single, pure molecular state with confidence
above the purity threshold. A more detailed discussion of the
state evolution is presented in Sec. SA of the Supplemental
Material [31].

This state preparation framework is quite general, and there
is a lot of flexibility in the selection of the molecular sideband
pulse for each step. In previous work with CaH+ [18–21],
signature transitions with unique frequencies (under an exter-
nal magnetic field) were identified, and the pulse sequence
was designed to sweep the possible transitions sequentially.
This simple “sweeping” strategy was experimentally demon-
strated for up to 48 hyperfine states; however, it encounters
difficulties in more complex molecular ions, where hundreds
of states are thermally accessible and transition frequencies
often overlap. More importantly, the sweeping protocol used
in the pioneering experiments does not take advantage of the
historical measurement data; thus, the number of pulses and
measurements (i.e., steps) needed for state preparation can be
significantly optimized.

Reinforcement learning is a promising approach for op-
timizing the state preparation task, by leveraging historical
information to decide on the next action. The physical state
preparation process straightforwardly maps onto a sequential
decision-making task, formalized as a Markov decision pro-
cess (MDP) in Fig. 1(c). In the RL framework [32], the agent
explores how a pulse choice may drive the population dynam-
ics and exploits the information from past attempts to guide
current control decisions. The state at time t is tracked as an
NS-dimensional population vector St ∈ [0, 1]NS in the eigen-
state space. The agent selects a pulse At = a from the action
library (NA choices) to apply each step. The quantum-state
evolution resulting from the selected pulse is then calculated
and inputted into the MDP as transition matrices, A(a) (Fig. S1
and Secs. SB and SC of the Supplemental Material [31]). To
account for the motional mode measurement, a different A(a)

matrix is needed for each possible motional state measure-
ment outcome. Taking both the coherent state evolution driven
by laser pulses and the probabilistic wavefunction collapse
during measurement together, the state-action dynamics are

specified by the following two equations. The conditional
probability of the measurement outcome, k, is

p(k|St , a) = ||A(a)
k St ||1, k ∈ {0, 1}, (4a)

with || · ||1 the vector 1-norm. The postmeasurement state is
then

St+1 = A(a)
k St . (4b)

Specifically, we do not distinguish k � 1 results, and per-
fect measurement is assumed for now; infidelity will be
addressed later. The reward function R is set to a negative
number, e.g., R = −1 for each step, regardless of the action,
to encourage fast task completion. Overall, we expect the RL
agent to learn the state-action value function, Q(s, a), or the
effectiveness of the actions for state preparation given the
current state,

Q(s, a) = E

[
T∑

τ=0

Rt+1+τ |St = s, At = a

]
, (5)

with T the terminal step of task completion and E the expec-
tation value. In this study, we focus on the deep Q-learning
algorithm [33–35] for its exploration efficiency in the dis-
crete action space (Sec. SD of the Supplemental Material
[31]). The algorithm works by finding the current action a
that maximizes the estimated expected cumulative reward,
i.e., a = arg maxa Q(s, a), with Q(s, a) expressed on a simple,
fully connected neural network so that the operation time (on
a CPU embedded field-programmable gate array) to evaluate
the optimal pulse choice can be shorter than the wall-clock
pulse duration. We use a three-layer neural network with 128
nodes per layer (we also tested four-layer and wider networks
and the same qualitative conclusion holds). The computation
workflow is implemented using PYTORCH [36].

III. RESULTS AND DISCUSSIONS

Figure 2 presents the usage of the RL-QLS approach
for state preparation. For illustration purposes, initially we
consider only the J � 2 manifolds of CaH+ at a magnetic
field of 0.36 mT to match the NIST experiments [18,19,21]
[Fig. 2(a)]. Laser pulses driving two-photon stimulated Ra-
man transitions form the action library (Fig. S2 of the
Supplemental Material [31]) for RL simulations. Previously, a
similar pulse library was used [18] in the “sweeping” protocol
for state preparation; pulses were sequentially and periodi-
cally applied to concentrate the population, followed by a
final projective measurement to obtain a single state. In con-
trast, here we choose to perform measurements after every
blue-sideband pulse to obtain feedback on the instantaneous
populations (Sec. SC of the Suplemental Material [31]), al-
though other choices are possible. For example, within the
RL-QLS framework, the number of measurements during
state preparation can be reduced by tailoring the reward func-
tion to the specific application.

A sweeping protocol attempt is simulated in Fig. 2(b);
population dynamics of a few representative episodes are
shown in Fig. S3 of the Supplemental Material [31]. Typically,
a single state is prepared (i.e., the episode terminates) in
one to two sweeping cycles. Episodes sometimes require >1
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FIG. 2. (a) Energy-level diagram of CaH+ featuring the ther-
mally occupied, low-lying rotational J ∈ {1, 2} manifolds with states
labeled I through XVI. A set of unidirectional, blue-sideband π

pulses are used to concentrate the population (red arrows, 1–9) or
to drive the population between the |J, −J + 1/2, −〉 and |J, −J −
1/2, −〉 states (10–13). (b),(c) The number of steps, or length, to
prepare a single molecular state with the RL-designed protocol.
(b) Training process: The length (blue) is obtained by moving av-
erages over the most recent 100 individual episodes (orange). For
instance, the blue point at episode 600 is averaged over the range
(500, 600] in orange. The trained models are then tested in panel (c);
e.g., the inset presents the testing process for the model trained with
600 episodes. The main curve (green) is then obtained by averaging
the length of 1000 testing episodes for each model. (d) A truncated
decision tree of the RL-QLS protocol (complete version in Fig. S4
of the Supplemental Material [31]). Pulse choices and the terminal
states (blue boxes) are reported in red numbers and Roman numerals,
respectively. The branching probabilities are color coded to match
the legend of the measurement outcomes.

sweeping cycle to terminate since certain pulses from the
library (Table S2 of the Supplemental Material [31]) drive the
population into multiple destinations, a consequence of de-
generate transitions. The average number of steps (or episode
length, 9.7) needed to prepare a pure state is slightly lower
than the number in one sweeping cycle (13), indicating prob-
able terminations from projective measurements collapsing
onto low-population states. To ensure a fair comparison with
the RL-QLS results below, the sweeping protocol implemen-
tation uses the entire history of actions and measurement
results to determine the molecular state and terminate the
trial (in contrast with the experimental implementation of the
sweeping protocol at NIST [18]). Overall, the sweeping proto-
col is most effective for molecules with simple level structures
and thus frequency-resolved transitions.

Now, the same state preparation task is assigned to the
RL agent. During the training, the RL agent progressively
learns an increasingly effective pulse-selection policy for

TABLE I. The percentage of successfully finished episodes ver-
sus the number of pulses applied.

No. of Pulses applied 2 3 4 5 6 7 8 ... 18
RL 0% 15% 35% 35% 35% 45% 56% 99%
Sweeping 0% 0% 9% 34% 47% 47% 47% 94%

each instantaneous molecular state population, as reflected
by the decrease in the moving-average episode length [blue
in Fig. 2(b)]. Episodes with longer lengths are also observed
throughout the training (frequent orange spikes), particularly
early in the training, due to the intentionally suboptimal
choices. Such deliberate applications of suboptimal pulses
allow the RL agent to explore the pulse choices that are not
locally optimal but may yield faster state preparation even-
tually. The trained models from Fig. 2(b) are then evaluated
in Fig. 2(c) (specifically, one evaluation example presented
in the inset). In the testing sessions, exploration is disabled
and the actions are selected deterministically according to the
state-action value function. As a consequence, the averaged
episode length in Fig. 2(c) (green) is generally lower than that
in Fig. 2(b) (blue). The episode length approaches consistent
near-optimal behavior after ∼250 episodes, and the training
converges to the optimal policy after ∼550 episodes. In prac-
tice, the evaluations can be performed on the fly, and the
training is finished once such consistent behavior is achieved.

The success of RL-QLS molecular control is straightfor-
ward to observe, as the average number of required pulses and
measurement steps (i.e., 8.3) per preparation episode [green
in Fig. 2(c), main figure] outperforms that achieved by the
sweeping protocol (purple). The end product of the RL train-
ing is the learned pulse-selection strategy. One example of the
resulting decision tree is presented in Fig. 2(d). The cumu-
lative probability of the successful state preparation episodes
with RL-QLS outperforms that of the sweeping protocol when
the same number of pulses is applied (Table I). The RL-
designed protocol applies available pulses nonrepetitively at
the beginning, which resembles the sweeping protocol, while
the repetitive application of one pulse is more common as the
state preparation progresses. Among different training results,
typically ∼60% of the episodes end on the |J, m = −J ±
1/2,−〉 states [Fig. S5 (top) of the Supplemental Material
[31]]. We note that the reported decision tree is not unique,
and different decision trees with similar success probabilities
can be obtained with independently trained models due to
stochastic initialization. However, as shown in the action his-
togram [Fig. S5 (bottom) of the Supplemental Material [31]],
smart utilization of the pulses that drive multiple transitions
is common in those decision trees. Computational details are
reported in Sec. SD of the Supplemental Material [31].

Figure 3 examines the performance of RL-QLS subject to
environmental thermal radiation, one major source of noise
in molecular control [21]. The strength of TR is quantified
by effective black body radiation (BBR) temperature, TBBR.
TR drives the system toward thermal equilibrium and thus
hinders the state preparation progress [e.g., purple in Fig. 3(a),
TBBR = 400 versus 0 K]. An environment with stronger ther-
mal noise requires more steps to prepare a pure state, and the
RL agent is able to complete the task with nearly the same
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FIG. 3. (a) The mean number and distribution of steps (i.e.,
episode lengths) to prepare a pure molecular state under different
magnitudes of thermal radiation with RL-QLS and the sweeping
protocols. The strength of the thermal radiation is quantified by
effective BBR temperatures. Circular markers denote the mean num-
bers of steps and are connected by dashed lines. Short horizontal
lines indicate the medians, and boxes denote the interquartile ranges
(25%–75% of the distributions). The initial population of the molec-
ular states follows a Boltzmann distribution at 300 K. The purity
threshold is 0.01, the same as that used in Fig. 2. (b) Mean number of
steps to prepare a pure molecular state for different purity thresholds,
with the effective BBR temperatures at 10 and 100 K. The number of
energy levels included in the simulation is constant across data points
with different effective BBR temperatures. The distribution of the
episode lengths is reported in Fig. S7 of the Supplemental Material
[31].

small number of pulses under moderate TR noises, a clear
advantage (blue versus purple). Figure 3(b) further examines
the degree to which a pure state can be prepared. The TR
noise limits the achievable purity of the prepared state (Fig. S6
of the Supplemental Material [31]), and increased episode
lengths are needed when the threshold tightens. Consistent
with previous results, the RL-QLS protocol outperforms the
referenced one to prepare a pure state up to a purity of 0.9999
at TBBR = 10 K. In contrast, a recent experimental demon-
stration of CaH+ state preparation and measurement using
a Bayesian state tracking scheme achieved 0.998 fidelity at
TBBR = 16 K [37]. Overall, Fig. 3 demonstrates that RL-QLS
can be readily adapted to mitigate realistic experimental dis-
turbance.

Figure 4 addresses the scalability challenge, applying
RL-QLS to a polyatomic ion. We aim to enable precision
measurements of the inversion transition frequencies of hy-
dronium (H3O+) in an ion trap with controlled systematics.
Here, we focus on state preparation; we report experimental
considerations and the computation of the energy levels and
the coupling rates in a subsequent article [38]. The control
task becomes more complex as many more states are ther-
mally accessible. In addition, originating from the two parity
states of the inversion mode, the rotational manifolds split into
doublets with similar level structures, leading to degenerate
transitions within each doublet [Figs. 4(a) and 4(b)]. As a
result, pulses that drive �J = ±1 transitions (blue arrows)
are required to separate the population in doublets. Those
pulses are not necessary in CaH+ control—even when higher
rotational manifolds are included (Fig. S8 of the Supplemental
Material [31]; the high success ratios for CaH+ ion control,
J ∈ {1, 2, 3, 4} and J ∈ {1, 2, 3, 4, 5, 6} for the two panels,

FIG. 4. (a) Energy-level diagram of H3O+ featuring the low-
lying rotational J ∈ {1, 2}* manifolds (energies and Rabi rates in
Tables S2 and S3, pulse library in Fig. S10 of the Supplemental
Material [31]). The asterisk indicates that J = 3 states with energies
below the highest J = 2 state are included in the simulations (99.8%
of the populations at 20 K). A |J, K〉 rotational manifold splits into
doublets for two parities of the inversion mode (connected with red
lines), and two-photon cross-J pulses (blue arrows) are necessary to
address this transition degeneracy between the inversion doublets.
(b) The complexity in the level structure of the hydronium ion arises
from its multiple coupled, internal degrees of freedom. (c) Percent-
age of finished episodes vs the number of pulses applied for H3O+

ion control, with 130 states and a library of 218 pulses to choose
from. The purity threshold is set to 0.01. The dashed lines indicate
that 80% of episodes terminate within 62 pulses with RL-QLS state
preparation. The sequence of RL-QLS curves represents the training
progression, with darker curves (gray to black) corresponding to later
training steps. Details of the hyperparameter tuning underlying these
results are reported in Sec. SD of the Supplemental Material [31].

with 48 and 96 populated states, respectively), as the Zeeman
and hyperfine split monotonically increases as J increases.

To address these challenges, we introduce two core
components into RL-QLS: quantum MDP modeling and a
physics-informed reward function to promote exploration in
learning (Sec. SD of the Supplemental Material [31]). The
quantum MDP [39] modeling explicitly incorporates the mea-
surement process in the Q-value estimate update and improves
the learning efficiency (Fig. S9 of the Supplemetal Material
[31]; the loss function obtained with qunatum MDP modeling
is three magnitudes smaller than that with MDP modeling);
the reward function is modified to discourage applying a pulse
if the resulting state closely resembles the previous one. As
shown in Fig. 4(c), RL-QLS operates effectively in the molec-
ular Hilbert space of H3O+ to prepare a pure molecular state
from a Boltzmann mixture at 20 K. At the target purity thresh-
old of 0.01, RL-QLS yields more successful terminations with
fewer pulses and reaches a high success ratio plateau (93.4%)
much more rapidly than the reference protocol. Exploration of
this high-dimensional state-action space still relies heavily on
the choice of hyperparameters, which lack direct interpretabil-
ity in the control simulations.

We finally note that quantum MDP modeling, in addition,
introduces a simple, approximate solution to the measure-
ment errors. Since only the measurement outcomes, not
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populations, are directly available in QLS experiments, the
control process is intrinsically a partially observable MDP.
When we assume an ideal noise-free environment, the pop-
ulation is fully determined by the measurement outcome
sequence. Similarly, in a realistic environment with measure-
ment infidelities, measurement outcomes (together with the
initial state) yield a belief state, b(s), a probabilistic distri-
bution of the current state. The state-action value can then
be approximated [40] using that of the corresponding fully
observable environment, Q(b(s), a) ≈ ∑

s b(s)Q(s, a). That
is, without additional training, the Q(s, a) value from this
work provides a first-order solution to the partial observability
arising from measurement infidelity.

IV. CONCLUSIONS

In summary, the RL-QLS theoretical framework integrates
quantum chemistry, AMO physics, and AI approaches to
control the quantum state of a trapped molecular ion. Com-
bined with projective measurements realized with QLS, the
RL agent leverages historical information of pulse choices
and measurement outcomes to perform efficient and robust
single-state preparation. RL-QLS is especially powerful for
polyatomic molecular control where complex rovibrational
structures emerge and an abundance of occupied states are
of interest. RL-QLS decision trees [Fig. 2(d)] can be directly
implemented in experiments with minimal real-time com-
putational cost. We also note that the RL-QLS framework
can be broadly applied to other state preparation problems
where projective measurements are not realized by QLS, for
example, in large-scale quantum computing architectures that
utilize indirect ancilla qubit measurements for error correction
[41].

This work may spark future developments at the intersec-
tion of physical science and AI. Naturally, the utilization of
other RL algorithms and neural network architectures that can
effectively explore the immense state-action space would be
beneficial for the control with even more molecular complex-

ity. In addition, the present method assumes prior knowledge
of molecular-energy-level structure with sufficient precision
to resolve the transitions used in the control protocol. Design-
ing RL-based protocols that are resilient to perturbative shifts
in the energy levels and coupling rates would further improve
the applicability of the method. At the same time, RL could
also offer a complementary tool to understand the uncertain-
ties in the molecular energy levels and coupling rates from
a bottom-up perspective. In conclusion, the RL-QLS frame-
work opens possibilities at the nexus of AI-enabled precision
control, quantum information science, and AMO physics, cat-
alyzing future advancements in precision measurements and
quantum metrology.
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