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Reinforcement learning in cold atom
experiments

Malte Reinschmidt1, József Fortágh1, Andreas Günther1 &
Valentin V. Volchkov 2

Cold atom traps are at the heart of many quantum applications in science and
technology. The preparation and control of atomic clouds involves complex
optimization processes, that could be supported and accelerated by machine
learning. In this work, we introduce reinforcement learning to cold atom
experiments and demonstrate a flexible and adaptive approach to control a
magneto-optical trap. Instead of following a set of predetermined rules to
accomplish a specific task, the objectives are defined by a reward function.
This approach not only optimizes the cooling of atoms just as an experi-
mentalist would do, but also enables new operational modes such as the
preparation of pre-defined numbers of atoms in a cloud. The machine control
is trained to be robust against external perturbations and able to react to
situations not seen during the training. Finally, we show that the time con-
suming training can be performed in-silico using a generic simulation and
demonstrate successful transfer to the real world experiment.

Laser cooling andmagneto-optical trapping of neutral atoms has been
one of the major breakthroughs in science in the last decades1. It
enabled access to ultracold atoms and quantum matter with many
applications in quantum simulation, computation, and sensing2.
Nowadays, the magneto-optical trap (MOT) is the cornerstone for all
applications and devices based on ultracold atoms3. Despite its simple
design, operation canbequite intricate, with the behavior of the atoms
being determined by the interplay of laser cooling, optical pumping,
and light-induced interactions4–6. With the advent of non-alkali and
molecular MOTs7–9 also the number of lasers used is rising. This
increasing complexity, albeit providing major scientific advances, can
create difficulties in controlling and optimizing the production of
ultracold samples. Handling andmaking use of this complexity, as well
as developing MOT-based devices that are robust outside of lab con-
ditions, are the emerging key challenges. Machine learning and algo-
rithmic optimization constitute increasingly popular and effective
approaches to improving control sequences of different phases of an
experiment and even creating a BEC. One general approach is to
parameterize the ultracold atom experiment via a vector of experi-
mental settings such as currents, voltages, and durations. For each
experimental parameter setting a cost is defined as a function of the

experiment’s outcome. The goal of the optimization is then to find the
parameter settings corresponding to the global optimum of the cost.
For this, the cost is typically approximatedbyGaussianprocesses10,11 or
artificial neural networks12–14. The optimum in the parameter space is
then obtained using algorithms such as Bayesian optimization15, evo-
lutionary optimization13, or ‘citizen optimization’16, all showing sig-
nificant improvement of the performance of the experiments
compared to manual optimization. However, these strategies yield a
fixed vector of parameter settings and cannot react to perturbations
during an experimental cycle or deal with possible long term drifts of
experimental conditions. Instead, optimization needs to be repeated
every time the conditions change.

These challenges can be mitigated using active feedback control,
which in cold atom systems could be realized via a conventional
feedback loop implemented on an FPGA17. However, this requires a
precise knowledge of the controlled system and a physical under-
standing of the observables as well as highly task-specific manual
tuning of the controller.

Alternatively, the experimental control can be formulated as a
sequential decision-making problem. It consists of dividing the
experimental cycle into time steps, so that during the execution of an
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experiment, at each time step the state of the system is observed, and
based on that observation a control decision is taken. The choice of
approach for sequential decision-making problems is reinforcement
learning (RL)18. In the last decade, RL has shown human-level perfor-
mances in a range of tasks that were previously thought to be impos-
sible formachines to complete.While impressive successwas achieved
in games and simulated environments19–23, application of RL to real
world systems remained challenging24. In recent years, control of
various physical systems was established through RL algorithms,
leading to a paradigm shift in how control is approached and
implemented25–30. Generally speaking, in RL the control algorithm
denoted as agent interacts with an environment based on observa-
tions, conceptually similar to a classical PID-controller. As a result of its
actions the agent receives rewards. Contrary to the cost in traditional
optimization, the reward is not optimized directly, but used in a
training algorithm, that allows the agent to learn over time how to
maximize the cumulative reward. The task is defined only through the
reward function, leaving the specific control sequence solely to the
agent. So-called deep RL31 incorporates deep artificial neural networks
allowing for model-free control as a function ofmany, potentially high
dimensional inputs, such as images.

Here, we introduce deep RL to cold atom experiments by means
of controlling a MOT-system. We enhance an existing cold atom
apparatus used to cool rubidium (87Rb) atoms by an RL agent, taking
advantage of the fluorescence light, which is a by-product of laser
cooling. In most similar apparatuses, fluorescence images are only a
basic diagnostic tool, whereas they can contain a complex and non-
linear representation of the system. Therefore, we utilize the live
fluorescence images as input for the control, i.e., the images act as
observations for the RL agent. We use an off-the-shelf
implementation32 of a popular RL algorithm with minimal modifica-
tions to the code, running on a desktop computer. As proof-of-con-
cept, we perform training of the agent directly on the experiment,
which rapidly converges to a cooling scheme resembling well known
molasses cooling. Furthermore, we train the agent to be capable to
react to sudden changes in the environment and observe general-
ization to situations that are not included during the training. As a
result, we achieve stabilitywith respect to perturbationswithin a single
sequence, shot-to-shot parameter fluctuations over successive
sequences, and long-termdrifts of the lab conditions.We demonstrate
new modes of operations of the MOT, such as loading predefined
number of atoms by engineering the corresponding reward function.
Finally, we explore how an agent trained on a simple, neural network-
basedMOT simulator can be transferred to the real world experiment,
opening the avenue to fast pre-training, extensive parameter optimi-
zation and large number of control parameters.

Results
Experimental system
The demonstration of RL-based MOT control was implemented on a
cold atom apparatus, that employed many standard techniques (see
“Methods”). Similar setups canbe found inmany labs around theworld
(https://everycoldatom.com/). Like all experiments with cold atoms,
these experiments were performed in recurring cycles, each starting
with the preparation of an atomic cloud in a MOT. We dedicate the
present manuscript to this preparation phase and conclude the
experimental cycle directly thereafter by detecting the collected
atoms. For that, we used time-of-flight absorption imaging33, in which
the expanding cold atom cloud was illuminated with a resonant laser
beam, and the beam transmission measured on a CCD camera. This
image was used to determine the final state of the atomic cloud,
consisting of the number of atoms N and their average kinetic energy,
which we denote by ‘temperature’ T. In our specific system, after a
loading time of 1.5 s, without reaching saturation the number of atoms
typically amounted to N ≈ 1.5 × 108 at a temperature of about 100 μK.

Implementation of the control
While most of the experimental control was running on a separate
system, the agent algorithm was implemented on a desktop PC with
access to live fluorescence images and control over specific experi-
mental parameters (see “Methods”). We limited the parameters con-
trolled by the agent to the frequency detuning Δ =ω0 −ωL of the
cooling laser at frequency ωL with respect to the atomic resonance at
ω0 and the magnetic field gradient B0 at the MOT center along the
field’s symmetry axis (see “Methods”). They are among the most
influential parameters, both on the number of atoms and the tem-
perature in the MOT, and are typically varied over the course of the
MOT loading. In this study, the RL agent was allowed to continuously
adjust one or both of these parameters. The detuning Δwas restricted
to the range of 0–8.25 Γ with Γ = 2π × 6.063MHz being the cooling
transition linewidth34. Themagnetic field gradient B0 was varied by the
agent between 7.5–22.5 G cm−1.

Each MOT cycle of 1.5 s duration constituted an episode and was
divided into 25 sequential time steps nt of 60ms length. Figure 1a, b
illustrate the main principle for controlling the MOT with an RL agent
and the corresponding temporal sequence, respectively. TheMOTwas
part of the environment, which denotes the entire physical system,
including the atoms, the surrounding experimental set-up, and the lab.
Within each time step a vector of observables consisting of four most
recent fluorescence images and additional parameters such as current
time step index and values of control parameters was passed as input
to the agent. The agent processed the input using a trainable neural
network and determined the next action, i.e., computed the output
values for the controlled experimental parameters. Subsequently, the
control parameters were applied through the experimental control,
and the environment evolved for the duration of the time step. After
each time step, the agent stored the observables together with the
corresponding reward and action taken into a replay memory.

Training of the agent
In order to train the agent for a specific task, the reward function needs
to be defined accordingly. In general, a reward can be generated after
each time step, in our implementation a reward was attributed only
after the last time step when the state of the atomic cloud has been
obtained through absorption imaging. The essence of RL is to train the
agent’s policy tomaximize the reward. TheRLalgorithmusedherewas
the deep deterministic policy gradient (DDPG)35, which has been
developed for high dimensional observations (e.g., images) and is
capable of outputting continuous actions, i.e., control parameters. The
training process consisted in optimizing the policy using the obser-
vations and the associated rewards sampled from the replay memory
obtained throughout the training period (see “Methods”). An optimi-
zation step took place in between the training episodes, as shown in
Fig. 1b. During the training phase, explorationwas introduced via noise
added to the actions of the agent. A single training consisted of up to
105 episodes, depending on the number of control parameters and the
specific definition of the reward function. Figure 1b shows a successful
training, in the course of which the obtained reward increased and
saturated,while the output values (control parameters) converged to a
stable sequence (see insets). Figure 1c shows a typical control
sequence within one episode, together with representative fluores-
cence images.

A well known problem of learning algorithms is that some inputs
may be ignored and instead “shortcuts” are memorized36. In our sce-
nario, this approach was particularly tempting as the experimental
setups are typically sufficiently stable and run reproducibly, thus
operation with static control sequences is very common. To prevent
learning of shortcuts, we introduced a training perturbation, i.e., an
offset, that was randomly generated at the start of each episode and
added to the agent’s output value of the control parameter, effectively
shifting the experimental conditions. Such a perturbation is equivalent
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to a shot-to-shotfluctuationof the controlparameter thatmayoccur in
experiments. As the offset value was unknown to the agent, it was
forced to extract information from the fluorescence images in order to
compute the control parameter. This approach is similar to domain
randomization that induces variability during training on simulations,
making the agent more robust in real world environments37.

Evaluating the agent’s performance
In order to evaluate and compare the performance of trained agents,
we defined a testing procedure, aiming for the agent’s ability to adapt
to different experimental conditions, as well as the reproducibility of
the results when presented with the same conditions. As such, we
tested the agent by adding different predetermined perturbation off-
set values (unknown to the agent) to the control parameter at the start
of an episode, repeating the test for each of these values up to 200
times. We then compared the final results in terms of the number of
collected atoms, the achieved cooling, and the corresponding reward.
Additionally, we studied to which policy the agent has converged by
analyzing the sequences and spread of the output values over the
course of multiple episodes for each of the different offset values
(Note, that the agent does not differentiate between training or eva-
luation episodes, since its actions solely depend on the obtained
observations).

Standard MOT operation mode
In many cold atom experiments MOT operation aims for maximizing
the number of trapped atoms while reaching the lowest possible

temperature, as it is one of the keys towards quantum degeneracy. For
a proof-of-principle demonstration we defined the reward as R∝N/T
and focused first on a single control parameter—the laser detuning Δ.
The physical value of the laser detuningΔwas determined through the
agent’s control value ΔC and the perturbation offset ΔOffset (unknown
to the agent) via Δ =ΔC −ΔOffset. Themagnetic field gradient was set to
B0 = 15G cm−1.

With the MOT principles being based on velocity dependent light
forces, the loading rate of atoms strongly depends on laser detuning
and shows a maximum at a specific value. In our experiment we
measured this value to Δopt = 1.9 Γ. The temperature is known to
approximately scale inversely proportional to Δ38. The final tempera-
ture was then mainly given by the value of Δ applied at the end of the
episode. With this in mind, the intuitive optimal policy consisted of
first going to the point of highest loading rate, before rapidly ramping
Δ to the maximum value at the end of the episode to reduce the
temperature. This policy corresponds to what is commonly used in
labs working with MOTs and provides a reference for studying the
application of RL to MOT control (see “Methods”).

In Fig. 1c, we present the learning progress: the agent discovered
early on that going to large detunings at the end of an episode resulted
in amassive boost in the reward, as witnessed in the first insets. This is
consistent with the fact that reward is issued only in the last time step.
During the second half of the training, the agent fine-tuned the loading
phase. The control output sequences ΔC for a trained agent evaluated
at two different detuning offsets are shown in Fig. 2a, b. We observe,
that the sequence of the detuning ΔC over the course of an episode for
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Fig. 1 | Reinforcement learning for MOT. a Schematic illustration and b timing of
the interaction between an RL agent and a MOT-system. The agent takes control
(action) via dedicated control parameters, which it freely adjusts during the MOT
operation. At each time step nt, the action is based upon the observables (e.g.,
fluorescence images) given to the agent and the knowledge acquired during the
training phase. The latter is based on a reward value R, extracted at the end of the
MOT cycle (episode) from an absorption image of the atom cloud, which the agent
aims to maximize. c Evolution of reward R (normalized to reference sequences, as

described in the “Methods”) during a successful training. The insets show the
control parameter sequences at four points during the training phase. Animated
fluorescence images corresponding to the episodes in the insets are provided in
Supplementary Movie 1. d Sequence of control parameter (ΔC) over the course of
an episode for an agent trained to maximize N/T. The horizontal line indicates the
value for maximal loading rate of the MOT. The inset shows the fluorescence
images observed by the agent at various time steps nt during the episode.
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a trained agent matches our expected intuitive policy. While the first
fluorescence images of each episode were blank, as no atoms had yet
been loaded into the MOT, the agent developed an initial search pat-
tern, jumping to different values of ΔC. Once the first atoms were
trapped and visible on thefluorescence image, the agent compensated
for the perturbation offset ΔOffset and set the output value corre-
sponding to the highest loading rate, as shown in Fig. 2b. This allowed
the agent to load as many atoms into the MOT as possible, before
increasing ΔC towards the end of the episode in order to reduce the
temperature and maximize the reward. Figure 2d summarizes the
performance in terms of the achieved rewards for several trained
agents, evaluated at different offsets. At large offsets, the drop in the
obtained rewardwas due to an increased number of time steps needed
to locate the optimal loading point.

For sake of consistency, we also trained an agent without per-
turbations on the control values. This agent learned the optimal policy,
however, it ignored the changes related to ΔOffset in the observations
during the evaluation phase and played back the same memorized
action sequence. The reward then simply mirrors the loading rate of
the MOT at different offsets from the optimal loading point, as can be
seen in Fig. 2d.

Generalization to unfamiliar situations
The capacity to adequately react to new situations, unseen during the
training, is one of the key interests in RL since it is a witness of the
robustness and usefulness of the trained agent. Thus, we tested our
agent by exposing it to sudden changes in the environment and
observing the real-time adaption of its behavior. In particular, the
offset applied to the output value ΔC during evaluation was suddenly
increased at nt = 15 by 0.82 Γ. Such a shift can be compared to a sudden
change in the environment, which may be caused by singular acoustic
or electronic events. As shown in the control parameter sequence of
Fig. 2c, the agentwas able to compensate for this shift after just a single
step, i.e., based on a single fluorescence image. This is remarkable,
since it demonstrates that the agent has discovered patterns in the

shape of the fluorescence allowing to estimate the current detuning
value. This results in the ability of the trained agent to generalize and
adapt to conditions not present during the training. Note, that the
corresponding reward values ( in Fig. 2d) cannot be directly com-
pared to thosewithout shift ( in Fig. 2d), as for a short interval of time,
before the agent was given a chance to react, the detuning was being
shifted close enough to the resonance where loading not only stops,
but atoms were actively removed from the trap. As a result, the total
collected number of atoms was reduced, leading to lower reward
values.

Increasing action space dimension
So far, the action space has been limited to a single control parameter.
In the following we expanded the action space to also include the
current that defined thegradient of themagneticfield, i.e.,B0, while the
definition of the reward as R∝N/T and other aspects during
the training remained unchanged. The perturbation offset applied toΔ
was found tobe sufficient in preventing the learningof shortcuts, so no
offset was added to B0.

With the controls extended to the gradient of the magnetic field,
schemes similar to compressed MOT4 or polarization gradient
cooling38 could be expected. However, these techniques require con-
trol on time scales much shorter than the time step duration of 60ms
in our experiment. As a consequence, no intuitive optimal policy is
known for this scenario.

We evaluate the trained agent, similar as before, with the resulting
control sequences for zero offset shown in Fig. 2d. The control of the
detuning Δ converged to a similar sequence as described in the pre-
vious section, i.e., the agent learned to compensate for the detuning
offset. As for B0, the agent initially maximized this control parameter.
We interpret this as an attempt to increase the sensitivity to fluores-
cence of small atom numbers in the beginning of an episode. Once the
point of highest loading rate was reached, B0 was lowered. In amanner
reminiscent of a compressed MOT, B0 was increased to maximum at
the end of the episode.
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Fig. 2 | Evaluation of agent trained to optimize N/T. a Control parameter
sequence over the course of episodes with mean value (colored solid line) and
standarddeviation (transparent region). Data are obtainedby an agent evaluated at
ΔOffset = 0. The horizontal black line indicates the point of optimal loading Δopt.
b Same agent as in a, but evaluated at an offset ΔOffset = 0.66 Γ. The optimal loading
line has been shifted accordingly. c Same agent as inb, but evaluatedwith a sudden
step in the ΔOffset at nt = 15 with amplitude 0.82 Γ. d Reward values (mean and
standard deviation) of three different agents as extracted during the evaluation for
different ΔOffset values: blue circles/red circles—agent controlling perturbed

detuning (ΔOffset ≠0 during training); black diamonds—agent controlling unper-
turbed detuning (ΔOffset = 0 during training); The measurements shown as red cir-
cles include a sudden change in the ΔOffset value at nt = 15 during evaluation, as
illustrated in c. The timing and amplitude of this “step” in the offset was the same
for all detuning offsets. Error bars correspond to the standard deviation of 200
repetitions of the measurement. e Control parameter sequence over the course of
episodes for an agent controlling two output parameters, corresponding to the
cooling laser detuning ΔC (blue) and the magnetic field gradient B0 (red).
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All together, it is remarkable that the agent, despite the increased
complexity, found a reliable strategy to generate a MOT and com-
pensate for the offset. We expect MOT operation to be improved,
provided the agents is granted control over further experimental
parameters.

Reward function engineering
Nowwe go beyond the standard task ofmaximizingN/T and showcase
how the engineering of the reward function enables the realization of
newmodes of operationwithout extending the experimental setup. As
an example, one important task is the preparation of a sample with an
adjustable number of atoms.

A straightforward solution would be to set a threshold for the
integrated fluorescence signal, after which the sequence would stop.
However, this approach would fail in the case of drifting detuning.
Furthermore, the asynchronicity of the control would result in
uncontrolled sequence durations.

Another approach consists in preparing a sample of atoms and
subsequently reducing it to a desired atom number via a controlled
loss mechanism. For mesoscopic MOT systems, superfluous atoms
were ejected using pulses ofmagnetic gradients or repumpbeams39,40.
Larger number-stabilized samples were prepared in a magnetic trap
using RF pulses as feedback after non-destructive imaging measure-
ments of the number of atoms17. Precise characterization of the ima-
ging process and loss mechanism allowed to obtain sub-shot-noise
atom number precision for user specified targets, however, only in a
relatively narrow range of 2.5–5 million atoms.

Using RL, we were able to train an agent to achieve variable tar-
geted atom numbers in each episode, while acting only on the
detuning of the cooling laser and keeping all other parameters fixed
(B0 = 15G cm−1). For this, we introduced a new parameter NT for the
target number of atoms and passed it to the agent as additional
observable. The reward function was altered to depend on this para-
meter, using a Gaussian profile centered aroundNT with a width σN. To
ensure that the atoms remain cold, we included a factor 1/T in the
reward function:

R / 1
T
exp �ðN � NTÞ2

2σ2
N

 !
ð1Þ

For the training we limited the range of NT to 0–120million atoms and
set the acceptance range σN equal to 15millionatoms.NTwas randomly

generated for each training episode, with a uniformdistribution across
the entire range. As before, a randomperturbation offset was added to
theoutput of the agent at each training episode toprevent the learning
of shortcuts. The agent, therefore, had to learn to manipulate the
loading rate to achieve the requested atom number while simulta-
neously compensating the offset.

Intuitively, one possible control strategy could be to divide the
episode in two phases: a loading phase with the detuning remaining at
theoptimal loadingpoint but its length adjusted tomeet the requested
atom number, followed by a cooling phase at larger detunings. Alter-
natively, the loading could take place at variable loading rate but
constant length and terminated with a jump to maximal detuning for
cooling at the episode’s end.

We evaluated the trained agent at given NT values, ranging from
5–110 million atoms. When comparing the measured number of
atoms to the target values in Fig. 3a, we find, that they fall roughly
within a region of ±σN around NT. The agent was thus capable of
adapting to different numbers of atoms in consecutive episodes.
More importantly, the performance of the agent was robust with
respect to the applied perturbation during the evaluation, as
demonstrated by the data obtained for non-zero ΔOffset. This
robustness is a direct consequence of the real-time feedback of the
RL agent and would be impossible to obtain for manual and static
control sequences.

The control parameter sequences presented in Fig. 3b were
applied by the agent for ΔOffset = 0. They show that the agent varied
both: the loading rate (i.e., distance to Δopt) as well as the duration of
the cooling phase (i.e., jump to larger detuning) depending on NT.
Furthermore, for increasing values of NT the agent limited the cooling
in a trade-off for larger number of atoms. Indeed, increasing the
detuning reduces the confinement of the MOT and leads to an
increased loss of atoms. Due to the absolute nature of the acceptance
range σN in the reward function (1), the loss of atoms affects the reward
only for larger NT. In principle, the agent could collect a larger number
of atoms in order to compensate for this loss and to better meet the
target by staying closer to Δopt during the loading phase. This shows
that despite its overall success, thepolicy of the trained agent is not yet
optimal.

Similar to our approach, in ref. 13 the cost function was tai-
lored to prepare samples at a given temperature, while maximizing
the number of atoms. Analogously, the cost function could be
adapted to produce samples with a fixed number of atoms,
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however, changing the target would require retraining of themodel
from scratch.

Sim-to-real transfer
As with other implementations of RL in real world environments, a
major challenge is the required training time. Depending on the
complexity of the reward function and the number of parameters, the
training performed for this work took 12–48 h. Adding complexity to
the reward function, or expanding the system to include more para-
meters increases this time.

A typical approach to this problem in RL for robotic systems is
sim-to-real transfer. If given a simulation sufficiently close to the
environment, general behavior canbe studied and hyperparameters of
the algorithm being optimized. Ideally, the algorithm trained on the
simulation could thenbe transferred to the experiment, either directly,
or as a basis for an additional shorter training to adapt to the
real world.

To investigate sim-to-real transfer, we have implemented a simple
phenomenological model of the MOT, as depicted in Fig. 4a and
detailed in the “Methods” section.Wemodeled the internal state of the
MOT assuming that both, the number of atoms dN loaded per time
step aswell as the temperature Tonly dependon the current value ofΔ
and extracted their functional relation, dN(Δ) and T(Δ), from the
experiment. Furthermore, we trained a generative neural network on
experimental data to reproducefluorescence images corresponding to
the simulated MOT state. As with the training on the experiment, a
perturbation offset was applied to the action in order to force the
agent to rely on the fluorescence images.

Figure 4b (left) shows the control sequence of an agent trained
and evaluated on the simulated environment, reproducing the beha-
vior of experimentally trained agents. We then evaluated the
simulation-trained agent directly on the real world experiment. The
corresponding control presented in Fig. 4b (right) qualitativelymimics
the behavior of the agent evaluated on the simulation and thereby
indicates a successful sim-to-real transfer. More importantly, when
presented with a sudden shift of the offset value during the episode,

the sim-to-real agent adapted to the change in the samemanner as the
agent trained on the experiment. The agent was, therefore, not only
able to generalize from its training on the simulations to the real world
experiment, butwaseven able to take this a step further andgeneralize
to unknown situations that did not occur during the training.

The absolute reward values achieved by the sim-to-real agent,
shown in Fig. 4c, are inferior to those of the agents trained directly on
the experiment. Themain reason for this is that the agent did not fully
compensate for the perturbation offset when evaluated on the
experiment, as can be seen in Fig. 4b. This shows that there is still a
considerable gap between the simulations and the experiments. Pos-
sibly, one contributing factor is the smoothing of the synthetic images,
lacking high spatial frequency features of the fluorescence images in
the experiment (see “Methods”). Other factors may be the simplifica-
tions in the simulation, which ignore light-induced interactions in the
MOT, multiple photon scattering, and changing lab conditions. By
addressing these effects in the simulation, and improving the details in
the synthetic images, the sim-to-real gap may be further closed.

Continued learning for long-term stability
Another application of the simulation is the study of the agents under
varying condition, providing insight into the long-term stability of an
RL-controlled MOT. Substantial but long-term changes in the con-
trolled system can be caused by variation of external conditions. Since
retraining of the agent from scratch is time consuming, we studied
how continued training during the deployment leads to continuous
adaptations to various changes in the MOT. For this we divide the
experiments into an initial training phase, and a subsequent so-called
deployment phase. Indeed, observables (such as fluorescence images),
as well as rewards canbe recorded and used for further training during
deployment of the operating agent. For these experiments we have
used our computer simulation, which allows to operate the agent with
well controlled changes to the simulated MOT. In particular, we have
trained an agent (with R∝N/T) for 30 k episodes, followed by sub-
sequent episodes of the deployment phase with an additional change
of the environment and deactivated exploration.

reward 
R = N/T 

observation

Look up tables
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Fig. 4 | Sim-to-real transfer. a Schematic diagramof the training on the simulation:
the graphs illustrate the experimentally measured values for the number of atoms
dN loaded during a time step and the temperature T as function of the detuning Δ.
At the bottom the generation of fluorescence images is illustrated: a convolutional
neural network takes the number of atomsN and Δ as input to produce realistically
looking images (see “Methods”). b Control parameter sequences of an agent
trained on the simulation and evaluated for Δoffset = 0.66Γ on the simulation (left)

and experiment (right). The red curves show the resulting behavior if the offset is
suddenly changed during the episode (cf. Fig. 2c). The solid/dashed black line
indicate the point of optimal loading with/without the sudden change of the offset.
c Reward values of agents trained on simulation and evaluated on the experiment.
blue circles/red circles — reward without/with sudden change of the offset. Error
bars correspond to the standard deviation of 200 repetitions of the measurement.
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In the first set of simulated experiments we have introduced a
drift of the detuning over the range of ±5Γ at different rates, as
shown in the upper panel of Fig. 5a. This range is well beyond the
random perturbation offsets ΔOffset that were added during regular
training. The drift stopped when ±5Γ were reached. As one would
expect, for large rates of change the rewards plotted in the bottom
panel started to decrease, as the absolute detuning offset quickly
exceeds the range of offsets encountered during the training phase.
However, as long as the drift rate was sufficiently small (below
0.33Γ/104episodes) the agent was capable of continuously adapting
to the drifting detuning. In this case, the policy remained close to
the optimal, even for large offsets reached at the end of the
experiments. We terminated the drift at ±5Γ to show that continued
training eventually recovered the optimal policy even when the
initial drift rates were too high for continuous adaptation.

To demonstrate that our RL approach is not only capable to
react to drifts in the control parameter but also to more profound
changes of the environment that affect the appearance of the MOT
fluorescence we have conducted a second set of simulated experi-
ments. In real-world experiments, the appearance of the fluorescing
atomsmay change over time due to changing external factors such as
laser intensity, polarization, or magnetic fields. Here, we used an
extended generator of fluorescence images allowing to change the
shape of the fluorescence as a function of an additional parameter, as
depicted on the right side in Fig. 5b (see “Methods”). The actual
simulated experiments were conducted analogously to the drift
experiments, except that this time the image generating model was
evolving over the course of the deployment phase. The capability of
the agent to adapt to the changing shape of the MOT is reflected in
the rewards displayed in the bottompanel of Fig. 5b.We observe that
the policy remained close to the optimum, when the evolution from
the initial to the final state of themodel occurred overmore than 30k
episodes. For faster rates of evolution, the agent was “confused" by
the unusual shape of the fluorescence, however, the continued
training during the deployment phase recovered the optimal policy
after the evolution halted. These results demonstrate that RL by
design provides long-term stability for cold atoms experiments in a
noisy and varying environment. Such a scenario is encountered in RL
literature in the context of Continual or Lifelong RL, the goal of which
is to enable the agent to adapt to new tasks or environments over
time41.

Discussion
Wehave successfully shown thatRL is a naturalfit when the control of a
cold atom experiment is formulated as a decision making problem,
offering inherent robustness with respect to drifts and fluctuations at
different time scales.

For this we have implemented a well studied algorithm (DDPG),
running on a desktop computer and allowing for observation based
and task driven real-time actions on the system. Our pioneering work
will enablemany labs around the world to adapt this approach to their
specific needs and extend their research. In detail we have shown, that
an RL agent for MOT control is able to find meaningful control stra-
tegies during a training phase and is capable to react in real-time to
unexpected events, not seen during the training. Indeed, ultracold
atom set-ups require stable laser frequency and intensity, protection
from stray magnetic fields and precise lab temperature control42,
which poses amajor challenge for the deployment of cold atom-based
devices outside of lab conditions. However, the real-time feedback to
the agent through fluorescence images and continued learning during
deployment allows for operation under unstable conditions and con-
stitute a central distinction with respect to other machine learning-
optimized cold atom experiments. Providing additional observations
of the environment such as real-time values of the laser intensity and
lab temperature has the potential to further improve the performance
of such a system. In this work we have facilitated the convergence of
the training to comprehensible control strategies by limiting the
number of parameters and their range. In future work, increasing the
range, giving control to additional parameters (e.g., laser intensities
and polarizations) and reducing the duration of the time steps could
lead to discovery of new and possibly counter-intuitive operation
modes of a MOT14. At the same time, allowing the agent to control
additional parameters would enable the operation of MOTs for non-
alkali species andmolecules that require multiple lasers and elaborate
control sequences. The policies discovered by RL agents would have
the potential to shed new light into the physics of the light-matter
interaction, especially when working with such complex systems.

In addition, we have demonstrated a paradigm change in cold
atom physics by using reward engineering to focus on the goal of a
specific task, instead of manually crafting control sequences. As an
application of this principle, we have trained anagent that is capable of
producing samples with user defined number of atoms. Conceivably,
position dependent reward functions could be used to realize complex
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spatio-temporal control of ultracold samples, reminiscent to RL con-
trol of a plasma in a tokamak fusion generator29. The promising results
of transferring an agent trained on a simple simulation to the real
experiment opens multiple opportunities for further research: the
physical model used for the simulation can be improved by incor-
porating light-induced losses, with the necessary parameters readily
acquired on the experiment. Domain randomization in the form of
manipulation of synthetic fluorescence images could further improve
the sim-to-real transfer efficiency.

With theMOTbeing the workhorse in the field of ultracold atoms,
it presents a new, exciting platform for the development and testing
of novel RL algorithms. Indeed, RL algorithms such as soft actor-critic
(SAC)43 or proximal policy optimization (PPO)44 can be readily
implemented and tested in our simulation and brought to the
experiment. To foster progress in this new and exciting field, wemade
the code for training and evaluating an agent based on a simulated
MOT publicly available (https://github.com/MPI-IS/RL-coach-for-
MOT/releases/tag/1.0). Finally, our work constitutes the first step to
the production of degenerate quantum gases using RL control, pro-
vided that suitable real-time observables (e.g., ion signals45 or non
destructive imaging methods17,46,47) can be implemented.

Note:While thismanuscript was under review, a related studywas
published48, demonstrating the control of a quantum gas experiment
using a single-step RL agent.

Methods
MOT operation and implementation
MOT operation requires a quadrupole magnetic field and in the most
common configuration a pair of counter-propagating laser beams
(cooling beams) in all three spatial directions. Together, thismakes for
a position and velocity dependant light force (radiation pressure),
which cools and traps neutral atoms from the gaseous phase at the
center of the magnetic quadrupole field where the beams are
overlapping.

Our MOT system is based on 87Rb atoms and is described in the
following. The quadrupole field is generated by a pair of coils in Anti-
Helmholtz configuration, providing a field gradient of B0 = 15Gcm�1 at
the quadrupole center, along the coil symmetry axis for about 1 A
current in the coils. The coil system is placed inside a UHV science
chamber at a pressure of 10−11 mbar and operated via a voltage con-
trolled current source. The cooling beams with waists (1/e2-beam
radius) of 12mm and powers of about 15mW are circularly polarized
and overlap at the center of the magnetic quadrupole between the
coils. The MOT is loaded from a beam of precooled Rb atoms emitted
from a two-dimensional (2D)-MOT-source. The latter consists of field
coils and thermal rubidium emitter sources (dispensers), providing a
rubidiumpartial pressure of >10−9 mbar in the corresponding 2D-MOT
chamber. It is attached to the science chamber via a differential
pumping stage with a direct line of sight between the centers of the
two MOT systems. The 2D-MOT is loaded with rubidium atoms from
the background pressure and creates a transversally cooled beam of
cold atoms guided to the MOT in the science chamber.

As cooling and trapping relies on (position and velocity depen-
dant) radiation pressure due to light scattering, MOT operation
requires a closed cooling cycle transition for the atoms. That is a state
pair, which the atoms cannot leave during absorption or spontaneous
emission. In 87Rb such a transition is found in the D2manifold between
the 5S1/2 ground state and the 5P3/2 excited state, near 780 nm. Both
states are split in two respectively four hyperfine manifolds with total
angular momentum F = 1, 2 and F 0 =0, 1, 2, 3. We use the 5S1=2, F =2 !
5P3=2, F

0 =3 cooling transition, which is considered to be closed. For
MOT operation, the cooling light is red detuned to this transition.
Atoms can leave the otherwise closed cooling cycle only via off reso-
nant excitation to the 5P3=2, F

0 = 2 state and adjacent decay to the F = 1
ground state. A repump laser resonant to the 5S1=2, F = 1 ! 5P3=2, F

0 =2

transition and overlapped with the cooling light is used to bring back
the atoms to the cooling cycle.

The repump beams are superimposed onto the cooling beams.
Each axis has a power of ~3mW, is circularly polarized, and has a beam
waist equal to the cooling beams. The 2D-MOT is operated with
separate cooling and repump beams at the same frequencies.

Control implementation
The control of the experimental apparatus is divided between the real-
time system Jäger Adwin Pro II and a desktop PC dedicated for the RL
agent. While the Adwin system is responsible for the time-of-flight
imaging operations, which require exact timing, the desktop PC con-
trols the selected experimental parameters (Δ and B0) via a digital-to-
analog converter (DAC) card (AdLink DAQ-2502). The analog output
line of the DAC card for the detuningΔ controls directly the offset lock
used for frequency stabilization of the laser. B0 is set via further analog
output lines that control the current in the MOT-coils.

An episode is initiated from the PC via enabling themagnetic field
gradient, effectively turning the MOT on. An additional output line
from the DAC card to the Adwin system is used to trigger the time-of-
flight imaging sequence at the end of an episode. At the conclusion of
the imaging sequence, the Adwin system returns into the idle state,
ready to start loading atoms.

The fluorescence camera (UEye UI-3060CP) is connected to the
PC and is constantly recording images and transferring them into a
reserved memory register at a rate of 150 fps. During an episode, in
each time step the latest available image is read out from the memory
and processed to be passed as part of the observation to the agent.

Fluorescence imaging
As atoms in theMOTscatter laser light during the cooling and trapping
process, the scattered light can be observed as fluorescence. This
phenomenonmakes the atomic cloud in theMOTobservable, with the
spatial distribution of atoms being reflected in the appearance of the
fluorescence. Typically, the extension of the fluorescing cloud is on the
order of millimeters. The rate at which fluorescence is emitted
depends on the laser detuning and is modulated by the magnetic field
gradient. This results in a highly non-linear mapping of the
3-dimensional atomic density distribution onto the imaging plane. The
images then correspond to a projection along the imaging axis and
show the fluorescence intensity in the direction of the camera. Dif-
ferent processes such as radiation trapping or imbalanced radiation
pressure can lead to a variety of non-trivial shapes of the atomic cloud,
including ring structures49.

The fluorescence images have a dimension of 50× 50 pixels with
8-bit resolution. The exposure settings are chosen such that evenweak
signals can be detected, which is important for the initial phase of the
learning. This leads to fast saturation when loading at maximum rate.

We have conducted tests in the simulated environment providing
the agent only with integrated fluorescence signals instead of the full
image as observable. The training in such a scenario did not converge
to the optimal policy, in particular, the agent was not able to adapt to
any perturbation.

Reference episodes
The reference episodes, in which the control sequence was manually
set to the intuitive optimal policy, i.e., loading at optimal detuning and
ramping thedetuning to themaximal value in the last time step, allowed
us to normalize the evolution of the performance (i.e., reward R), cor-
recting for possible long term drifts of the experimental apparatus. In
practice it means that in each time step of a reference episode the
actions of the agent were overwritten with predefined values
while keeping the timing constraints of the agent, i.e., the 60ms step
size. The reference episodes were included during training (see below)
and when evaluating a trained agent.
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RL algorithm
For the realization of an RL-controlledMOTwe have taken recourse to
a modular framework known as coach32, containing implementations
of a variety of RL algorithms in Python. In this work, we have focused
on the DDPG algorithm, an actor-critic algorithm, that is able to learn
directly from raw images and uses experience replay for training35.
Experience replay involves storing experiences, which contain obser-
vations and rewards for a single time step, in a memory buffer as an
agent interacts with the environment. Instead of using each new
experience immediately for learning, the training algorithm samples a
batch of experiences from the replay memory after each training
episode and uses these samples to update the agent’s policy. We have
found that almost all parameters are close to the optimum at their
default values (as defined in coach). The parameters used for the
simulation can be found in our preset published as a part of the code
(https://github.com/MPI-IS/RL-coach-for-MOT/releases/tag/1.0).

Inspired by the performance of the Deep Q-Network19 we have
adapted the stacking of the 4most recentfluorescence images as input
to the agent. This allows the agent to compute the rate of change (and
higher derivatives) of the fluorescence signal, which can be used to
determine the loading rate of the MOT. All values passed as obser-
vables are normalized to the range [0,1].

Scheduling
The learning starts with a heat-up phase of 400 episodes during which
the control is fully determined by a Brownian motion-like exploration.
During the subsequent training phase, every 200 training episodes, a
set of 10 reference and 10 evaluation episodes with random pertur-
bation offsets are recorded. The performance of the agent is evaluated
by disabling the exploration during the evaluation episodes. During
the training episodes, unlike in the original DDPG implementation, we
compute a new action in every time step (i.e., no action repeat).

MOT simulation
We have implemented a phenomenological, data-driven computer
simulation for the MOT in order to better understand the behavior of
the agent in such a novel environment, as well as to investigate sim-to-
real transfer.

For our simulation we assume that the number of trapped atoms
increases by a certain number dN in each time step, where dN only
depends on the applied control parameter Δnt

at time step nt.

NðntÞ=
Xnt

i = 1

dN Δi

� �
ð2Þ

This means that we neglect loss processes that are known for MOTs
and typically lead to saturation of the accumulated number of atoms.
Furthermore, we assume that at each time step the temperature of the
trapped cloud is dictated by the cooling laser light and thus only

depends on the value of the detuning.

TðntÞ=T Δnt

� �
ð3Þ

This assumption is valid as long as the atomic cloud stays dilute and
transparent to the light. Thus, we neglect density dependent multiple
scattering. In order to obtain the most accurate simulation, we
experimentally determine the loading rate dN as well as the tempera-
ture T for a discrete number of detuning values and create look-up-
tables (LUT), which are used for interpolations during the simulation
(cf. Fig. 4a). The loading rate as function of the detuning is measured
by setting the desired value Δ for a duration of 1 s and measuring the
final number of atoms via absorption imaging. The temperature LUT is
recorded by loading atoms at the optimal loading rate and
subsequently rapidly ramping the detuning to a given value before
performing absorption imaging. The fluorescence images that are
captured right before the measurement of dN and T via absorption
imaging are stored in a database. Each measurement is repeated
5 times.

The full dataset contains on the order of 5000 samples. The
environment based on the simulation computes the intermediate
values ofdNusing a linear interpolation. The temperatureT is obtained
by interpolating between the measured values using an exponential
function. During the training on the simulation, noise is introduced to
the loading rate dN in order to simulate the physical fluctuation of the
experimental conditions.

dN ! dN �N μ,σ2� � ð4Þ

withN being the normal distribution at mean value μ = 1 and standard
deviation σ =0.1.

We trained a convolutional neural network (CNN) to generate
realistically looking fluorescence images for the simulation on the
same experimental dataset.We have implemented the decoder-part of
an autoencoder network50,51 as the generator and performed super-
vised training with N and Δ as inputs and the fluorescence image as
output. The network consists of a fully connected layer, followed by 5
convolutional layers with rectified linear unit as activation function
and upsampling layers in between. Prior to the training we set fluor-
escence images to 0 for samples with N = 0, as well as remove outliers
from the dataset. A small, randomly chosen subset of the dataset was
held out during training and used for testing the generator. In Fig. 6,
we compare the recorded images to the output of the generator for
several parameter sets. The overall appearance of the generated ima-
ges shows high similarity to the real images, with some fine grained
details not fully captured by the CNN.

The extended model used in the long-term stability simulations
was trained on a dataset consisting of two subsets of fluorescence
images, that were recorded on two dates that lay several weeks apart
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Fig. 6 |Realistic syntheticMOT images. Experimentalfluorescence images from the test dataset (upper line) and corresponding synthetic images (lower line) fordifferent
parameter sets (N, Δ).
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and therefore showed noticeably different shapes of fluorescence for
the same N and Δ. For the training, each fluorescence image was
labeled not only with N and Δ but also with the parameter (1 or 2)
indicating the subset of images it belonged to. This way, the resulting
CNN was able to reproduce images from both subsets, and more
importantly, was interpolating between the two, when an intermediate
parameter value was provided.

Data availability
The data that support the findings of this study are fully available on
request from the authors.

Code availability
Our code for training and evaluating an RL agent based on a simulated
MOT can be found under (https://github.com/MPI-IS/RL-coach-for-
MOT/releases/tag/1.0).
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