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We present our experimental and theoretical framework, which combines a broadband superluminescent
diode with fast learning algorithms to provide speed and accuracy improvements for the optimization of
on-dimensional optical dipole potentials, here generated with a digital micromirror device. To characterize
the setup and potential speckle patterns arising from coherence, we compare the superluminescent diode to
a single-mode laser by investigating interference properties. We employ machine-learning tools to train a
physics-inspired model acting as a digital twin of the optical system predicting the behavior of the optical
apparatus including all its imperfections. Implementing an iterative algorithm based on iterative learning
control we optimize optical potentials an order of magnitude faster than heuristic optimization methods.
We compare iterative model-based “offline” optimization and experimental feedback-based “online” opti-
mization. Our methods provide a route to fast optimization of optical potentials, which is relevant for the
dynamical manipulation of ultracold gases.

DOI: 10.1103/PhysRevApplied.19.044090

I. INTRODUCTION

The precise control and manipulation of light fields are
required for many diverse areas of research ranging from
microscopy [1] to quantum simulators [2]. In particular,
optical beam shaping constitutes a common task, for which
wave-front manipulating devices, such as spatial light
modulators (SLM) or digital micromirror devices (DMD),
are especially suited. The beam shaping is useful for exper-
iments with ultracold gases, where optical dipole potentials
have proven to be a versatile tool to provide the demanded
level of control. In combination with a DMD, almost arbi-
trary shaping of the optical potential is possible, both in
one-dimensional (1D) [3–6] and two-dimensional (2D)
[7–11] settings. These potentials can, as an example, be
used for generating homogeneous box potentials in ultra-
cold gas experiments [9]. In addition to static potentials,
dynamical perturbations and time-averaged potentials can
also be created, by projecting sequences of patterns onto
the DMD [4,12].

There exist two main approaches to the optimization of
optical potentials: precalculating DMD patterns based on
physical assumptions [13,14] and models [7] or iteratively
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updating DMD patterns based on experimental feedback
[6,7]. The first approach avoids the need for feedback
measurement but is limited by model precision and thus
requires detailed system characterization, while the sec-
ond gives the most accurate results but typically requires
a large number of experimental iterations. Here we imple-
ment a purely data-driven approach that combines different
learning algorithms to get the best of both worlds.

Using a digital twin of the system makes it possible
to shape different types of target potentials without the
need for experimental feedback. Yet because of speck-
les caused by imperfections, a model featuring just a
few known experimental parameters (parametric model)
can predict only its behavior up to limited precision and
might not always be suitable for precise potential shaping.
In some cases, though, such as in “clean” systems with
pin-hole filtering, simulations combined with input beam
characterization deliver very low errors on precalculated
DMD patterns [7]. We improve the prediction performance
compared to parametric models by employing data-driven
learning techniques. Learning methods are already used for
estimating the transfer matrix of complex optical systems
[15] and provide good results. As their main disadvantage,
they generally require a large amount of data for sufficient
training. In our approach, we develop a physics-inspired
model that requires a smaller amount of training data and
thus saves experimental time.
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Despite any improvement in model precision, the effect
of residual error sources can only be mitigated by using
experimental feedback [6,7]. Therefore, we introduce a
feedback optimization method based on iterative learning
control (ILC) [16,17]. This method is directly applicable to
various types of experiments with wave-front manipulat-
ing devices. Since system knowledge is directly employed
in the update law that adjusts the DMD setting based on
feedback, the number of required experimental iterations
is significantly reduced compared to heuristic methods [6].

Because of the learning-based nature of both the ML
model and ILC method, they benefit from high predictabil-
ity of the system behavior, which can be achieved by using
light sources with low coherence. White light was used
for Bose-Einstein condensate (BEC) trapping in order to
minimize the impact of speckles on density fluctuations
[18], and the advantages of using a superluminescent diode
(SLD) in comparison with a single-frequency laser were
shown also in combination with a DMD [12]. Indeed, we
find that using the SLD improves model prediction results,
while the feedback-based methods give errors comparable
to measurement errors for both light sources.

In perspective, the ability to efficiently shape a large
number of potentials using a DMD will provide a high
level of control for the dynamical manipulation of quantum
gases. The realization of nonharmonic optimal protocols
[19] and quantum thermal machines [20] are but two
examples among countless possible applications.

The paper is organized as follows: in Sec. II we describe
our experimental setup and test the coherence properties
of the light sources by measuring interferences of a SLD
in comparison with a single-frequency laser; in Sec. III we
introduce the physics-inspired learning model used for rep-
resenting the optical system including its imperfections;
in Sec. IV we use iterative learning control algorithms
for optimizing optical dipole potentials; in Sec. V we
summarize our results.

II. EXPERIMENTAL SETUP

In this section, we describe our experimental setup
and compare the optical coherence properties of a single-
frequency laser and broadband SLD. The optical apparatus
is designed and optimized for manipulating 1D optical
dipole potentials in our atom chip experiment [21]. The
simplified optical setup is shown in Fig. 1(a). In the setup,
the light source is easily interchangeable: we here use
either a superluminescent 110-mW fiber-coupled diode
with a spectral width of 12.7 nm and a central wavelength
of 837 nm or a single-frequency 780-nm laser. The fiber is
connected to a collimator and illuminates the DMD with
collimated light. The DMD is placed in the focus of the
first lens. The first two lenses together form a 4f telescope.
The focal point between the two lenses is a Fourier plane
with respect to the DMD’s image plane. The slit, which is

(a)

(b)

(d) (e)

(c)

FIG. 1. (a) Schematic of the experimental setup. The light
source is either SLD or laser connected with a fiber to the col-
limator and projected onto the DMD. The DMD is an array of
individually controllable micromirrors, which allows for pro-
jecting arbitrary patterns. The system is shown as simplified
schematic omitting mirrors. The shown lens system constitutes
an imaging of the DMD pixels into the CCD camera (image)
plane with a demagnification of 17.5 and minimizing chromatic
aberrations. The slit is placed in an effective Fourier plane of the
imaging system. The red path corresponds to the beam and the
blue to a point source in the DMD plane. (b)–(e) Images taken
with the CCD camera in the image plane of the DMD with the
same pattern projected for (b) SLD without slit, (c) laser without
slit, (d) SLD with slit, (e) laser with slit.

adjustable in the transverse direction and is parallel to the
observable 1D optical potential, is placed in the Fourier
plane and with aperture 0.625 mm. Being placed in the
Fourier plane, the slit acts as a low-pass filter for the trans-
verse spatial frequencies of the light field. This means it
cuts off high-frequency k modes of the DMD pattern effec-
tively leading to a lowering of the resolution. The other
four lenses form an objective designed to correct chromatic
aberrations for the broadband SLD. The system acts with
a demagnification of 17.5 and resolution σ‖ = 3.3 µm in
the direction parallel to the slit (the resolution is given by
our atom-chip experiment [21] for which the optical appa-
ratus is designed and optimized) and σ⊥ = 25 µm in the
transverse direction (orthogonal to the slit). In the end,
an image of the optical potential is acquired with a CCD
camera sensor with 2.4 µm pixel size.
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We use a 10.8-µm pitch near-infrared DMD, which is a
2D array of 1280 × 800 micromirrors. In the image plane
(on the CCD camera) five DMD pixels correspond to σ‖ in
the longitudinal direction and 40 DMD pixels correspond
to σ⊥ in the transverse direction. Since many pixels in the
transverse direction contribute to the local intensity (close
to the center pixels contribute almost equally to the optical
potential while far off-center pixels are contributing less),
we can perform very smooth gray scaling, which is funda-
mental for high-precision optimization of 1D optical dipole
potentials via DMD. Yet, while a narrower slit allows for
better gray scaling and with that lower discretization error
and higher accuracy, it leads to significantly reduced light
intensity.

The main advantage of using the SLD compared to
the single-frequency laser as a light source is its reduced
temporal coherence [22,23], which is why random inter-
ferences (speckles) are reduced [see Figs. 1(b) and 1(c)].
Here, we characterize coherence effects for both light
sources as we want to understand whether we can con-
sider the individual pixels as coherent or incoherent
sources.

We prepare two series of patterns, each of them con-
taining two superpixels moving away from each other
(by superpixel, we understand a square pattern of 3 × 3

micromirrors). In the image plane on the CCD camera, the
size of the superpixel is below the resolution of the optical
apparatus and the superpixel can be considered as a point
source, at the same time minimizing diffraction from the
edges of individual DMD mirrors. We measure the inten-
sity in the center between two superpixels. The imaged
intensity is in general given by the squared sum of the elec-
tric fields of the individual pixels. In the incoherent case,
it reduces to the sum of intensities from the individual pix-
els such that the system behaves linearly with respect to
intensity.

First, the pair of superpixels is moving orthogonal to
the slit orientation (transverse direction), where the slit’s
aperture is 0.625 mm and resolution is lowered to σ⊥ =
25 µm. For both SLD and laser [see Figs. 2(b) and 2(c)],
the slit diffraction maxima are clearly distinguishable. For
the laser, positive interference can be observed in the 0th
maximum and negative in the first one. For the SLD, inter-
ference is only observable on a very small scale (below
σ⊥). Second, the superpixels are moving in the longitudinal
direction, where the slit is fully opened to 13 mm and the
resolution σ‖ = 3.3 µm is very close to the camera pixel
size 2.4 µm. We observe only small interference effects for
the laser, most likely because they are hardly accessible on
this scale.

(a)
(b) (d)

(e)(c)

FIG. 2. (a) Schematics of test measurement of coherence properties. Two pairs of 3 × 3 DMD superpixels a/b and 1/2 are translated
in a direction orthogonal and parallel to the slit, respectively. The resolution of the optical system is σ‖ = 3.3 µm in the longitudinal
(parallel to slit) and σ⊥ = 25 µm in the transverse (orthogonal to slit) direction, with respect to the slit orientation. (b)–(e) Intensity
measured between two superpixels as a function of distance d between them; the blue solid line shows the intensity measured for both
superpixels simultaneously “on”(electric fields from superpixels contribute in measured intensity as |Ea/1 + Eb/2|2), the red solid line is
the sum of intensities measured with only one of two superpixels “on” (contribution is independent |Ea/1|2 + |Eb/2|2). The distance d is
given in units of σ‖ and σ⊥. When the laser-illuminated superpixels are moved orthogonal to the slit (b), positive interference is visible
in the 0th slit diffraction maximum and negative interference in the first. When SLD-illuminated superpixels are moved orthogonal to
the slit (c) a slight interference effect is visible only in the 0th slit diffraction maximum for very small distances between the superpixels.
Panel (d) shows laser-illuminated superpixels moving parallel to the slit, and panel (e) shows SLD-illuminated superpixels moving
parallel to the slit. There are no noticeable interference effects in the longitudinal direction on the scales larger than the camera pixel
size for both light sources.
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In conclusion, we observe that in both cases the SLD
shows linear behavior, that is the total intensity is given by
the incoherent sum of the intensities of each point source.
This showcases the advantages of the reduced coherence
of the SLD, which we anticipate to decrease the amount of
speckles and therefore to increase the predictability of the
system.

III. PHYSICS-INSPIRED LEARNING MODEL

In this section, we describe how we use machine-
learning (ML) tools and experimental data to obtain a
digital twin of the system. It should represent precisely the
experimental system, while at the same time having a small
number of parameters to reduce the required number of
experimental measurements. In the following, we outline
our approach based on a physics-inspired model.

To formulate our problem, we treat the DMD as a 2D
array to which we associate a binary configuration matrix
uij . For each pixel, a value of 1 corresponds to the mirror
position that reflects light to the optical system, while 0
corresponds to the mirror position that reflects light away
from the system. The potential V is a vector obtained by
selecting one row of camera pixels in the imaged output.
We refer to the coordinate along this row (and therefore,
parallel to the slit) as z. We then cast model training in
the language of regression [24]: given a set of data points
composed by K couples (u(k)

ij , V(k)
i ), and a family of func-

tions Mα, parametrized by α = [α1, . . . , αN ], we find the
values of α that minimize a loss function L(u(k)

ij , V(k)
i , α)

defined below.
Regression problems are known to be affected by the

bias-variance trade-off [25]. This implies that large models,
having dim(α) � K dim(V), tend to approximate well the
training data (low bias) but fail to accurately generalize the
prediction on test data (high variance). This phenomenon
is known as overfitting, and it puts a challenging limita-
tion to our program. In order to alleviate this problem, our
approach consists in developing a physics-inspired model
[see Fig. 3(a)] based on the knowledge we have about
optical systems. This way, we can reduce the number of
its coefficients to the minimum necessary to represent the
system precisely enough, while avoiding overfitting.

First, we select an area of interest (AOI) on the DMD
where the patterns will be located, based on the beam
size and position. All pixels outside the AOI are turned
off. The AOI has a size of (Nrow, Ncol), and its columns
are orthogonal with respect to the slit. Then, we employ
a dimensional reduction technique, which we refer to as
the “virtual input” (cf. Ref. [17]). The virtual input mea-
sures the relative optical intensity induced by the pixels
in the corresponding column. Since the narrow slit aver-
ages along the transverse direction, we can use the pixels
on each column to create a set of gray scales at each point
along the longitudinal direction z. In the limit of a very

narrow slit, all the pixels in a column contribute almost
equally to the final intensity, so we can define the virtual
input ν as the vector:

νj = 1
Nrow

∑

i

uij . (1)

This quantity represents the fraction of pixels that are
turned on in each column, with respect to the total number
of rows inside the AOI.

In the case of nonzero slit widths, the mapping between
a virtual input according to Eq. (1) and the actual relative
optical intensity due to the column pattern is nonlinear and
depends on the beam and on the transverse shape of the
point spread function (PSF). Therefore, we have to take
this effect into account when we design our model.

Once uij is transformed into νj some information is lost
since different binary matrices map onto the same virtual
input. To invert this mapping we have to choose a subset
of binary matrices over which the mapping is one to one.
We define the inverse map by turning on the pixels one by
one on alternating rows above and below the central row
of the AOI ic, according to the order ic, ic + 1, ic − 1, ic +
2, ic − 2, . . .. More compactly,

uij = θ

(
Nrowνj

2
− |i − ic − 1

4
|
)

, (2)

where θ(x) is the Heaviside step function.
Using the virtual input and restricting the DMD con-

figurations to the set described by Eq. (2) reduces the
dimension of the input and output space, thus simplifying
the learning problem. On the other hand, the restriction of
the configurations might potentially introduce an artificial
limitation to the potentials that can be realized. In practice,
we find the subset of binary matrices defined by this map-
ping to be wide enough so that it can be used for shaping
arbitrary potentials.

For the task of learning the relation between the 1D
input ν and the 1D potential V we propose the model
V = Mα(ν) with (learnable) parameters α. This model is
depicted in Fig. 3(a) and explicitly reads

Vi =
∣∣∣∣∣∣

M∑

j =−M

gj P(νi−j , q1, . . . , qNP )pi−j

∣∣∣∣∣∣
+ ci, (3)

where P(x, q1, . . . , qNP ) = ∑NP
n=1 qnxn is a polynomial of

degree NP = 5 with no constant term, and the vector of
parameters α is the concatenation of g, q, p, and c with
dim(α) ∼ 1400. The polynomial function P represents in
an abstract way the nonlinear relation between virtual input
and resulting local relative intensity as discussed above.
The remaining parameters are chosen to mimic features
of the physical system: the convolutional kernel g of size
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FIG. 3. (a) Training of the physics-inspired model. The training dataset is composed of 1D virtual inputs ν, which are transformed
into 2D DMD patterns [according to Eq. (2)] and projected in the image plane. We read out a pixel row from the CCD camera to
infer the 1D optical potential generated by the system. After data acquisition, the four-layer model is trained by minimizing the loss
function. The polynomial layer represents the nonlinear relation between virtual input and local grayscale, while the other three layers
take into account physical properties, i.e., the beam shape, the effective point spread function, and the background. The trained model
(red solid segment) is a digital twin of the physical system, which converts 1D virtual input to predicted optical potential. All the
signals and layers shown in the figure are actual experimental data. (b) Test loss dependence on the size of the training dataset. The
loss converges to 2.4% for a dataset size of approximately 102, indicating that the model does not exhibit overfitting even for small
training datasets. (c) Test loss dependence on the spatial frequency content of training and test datasets (see the main text for details).
(d) Two cuts from figure (c) for σtrain = 0.3 µm and σtrain = 2.0 µm.

Ng = 2M + 1 ∼ 71 plays the role of the longitudinal PSF,
the position-dependent term p, of size NV ∼ 650, mimics
the inhomogeneous light beam and the offset term c, also
of size NV, gives the background. In the convolution sum
we employ zero padding, which means that the summand
is zero if i − j exceeds the index range [1, NV].

For the training, we choose the loss function as

L(ν(k), V(k), α) =
K∑

k=1

∑NV
i=1 |[Mα(ν(k))]i − V(k)

i |
∑NV

i=1 V(k)
i

, (4)

which is the mean absolute error between prediction and
measurement, normalized by the average potential itself.
This way, potentials with different average values will
contribute equally during the training.

To test the performance of the ML model, we create a
data set of 10 000 random virtual inputs by sampling a
white-noise probability distribution. We filter the sample
with Gaussian filters with ten values of σdata ranging from
0.2 to 100 DMD pixels (which corresponds to the range
[0.1, 65] µm mapped to the image plane). This way, the
dataset is subdivided into ten subsets with varying upper
spatial cutoff frequency. For each virtual input, the corre-
sponding potential is measured and stored (along with the
corresponding input).

We test the dependence of the test loss on the train-
ing dataset size [see Fig. 3(b)]. Both the training and
test datasets are assembled by mixing the subsets with
σdata ≥ 2.0 µm. The model is then trained on data chunks
of increasing size Ktrain, while keeping the test dataset size
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fixed to Ktest = 300. This sequence is repeated 4 times,
choosing alternative data sets at each time to compute the
standard deviation of the test loss. Even with Ktrain = 8,
the test loss is already below 3% and the improvement for
Ktrain ∼ 102 is around half a percent. Adding even more
data points does not appreciably improve the prediction
quality. This result is particularly useful since we aim for
methods that are readily applicable to atomic density data
measurement. In a typical experiment with trapped ultra-
cold atomic gases, taking more than K ∼ O(102) atom
density pictures (with averaging over a few shots each)
for potential optimization is a time-costly procedure. The
fact that the model we develop can be trained with less
than 100 potentials means that it is, in principle, possible
to employ a data set obtained by atom-density estimation
of the potential [6].

To further analyze the learning process, we test the
dependence of the test loss on the cutoff frequency [see
Figs. 3(c) and 3(d)] of both the training and test data sets.
The frequency subsets are not mixed. At each time, we
choose independently the cutoff frequency of the training
σtrain and test σtest datasets. The dataset sizes for training
Ktrain = 160 and for testing Ktest = 39 are fixed, and this
sequence is repeated 5 times. Figure 3(c) shows qualita-
tively the test loss as a function of σtrain and σtest. The
best results are obtained close to the diagonal, that is,
where σtrain ∼ σtest, so that training and test data look most
similar. The test loss becomes worse when σtrain or σtest
are around or below the DMD pixel size (magenta line
on the plot), indicating a possible mismatch between the
behavior of the system and the ML model on the scale
of the DMD pixel. For a more quantitative interpreta-
tion, we show two different regimes in Fig. 3(d), where a

representative scenario of the training on low frequencies
(dark blue) is compared to another curve representing the
high-frequency case. In the first case, the test loss exhibits
a low plateau above the DMD pixel size and an abrupt
increase below, corresponding to a breakdown of the low-
frequency trained model in the high-frequency regime. The
second curve instead shows how including the high fre-
quencies during the training does not solve the problem,
as now the prediction performance severely deteriorates
along the whole frequency range.

IV. POTENTIAL OPTIMIZATION

In this section, we introduce an optimization algorithm
based on ILC methods inspired by Ref. [17]. The algorithm
is used to optimize different target potentials on the experi-
mental setup and we compare the results with the heuristic
optimization method described in Ref. [6] (see Appendix 4
for details).

A. Online and offline ILC

ILC methods employ measurements of the considered
output trajectory to iteratively solve a reference
tracking problem, i.e., to find an input trajectory such that
the output of a system follows a desired target trajectory
as closely as possible, even in the presence of model errors
and uncertainties. The price to pay for this property is the
requirement of running in a kind of feedback loop using
experimental data. Therefore, we show how to employ
ILC algorithms either using feedback from the physical
experiment referred to as “online” ILC or from its digital
counterpart, the physics-inspired model presented in Sec.
III, referred to as “offline” ILC. See Fig. 4 for a schematic

-

FIG. 4. Scheme for optimizing optical potentials using iterative learning control. The iterative scheme is initialized by choosing an
initial guess and the target potential. We use two methods that differ in the feedback source: offline and online. The offline method uses
the trained ML model to predict the optical potential. The online method projects the pattern on the DMD and measures the optical
potential. Then the predicted (measured) potential is subtracted from the target to get the error that ILC uses to update the 1D virtual
input. The procedure is repeated iteratively until the error converges or matches conditions for loop break. For the best performance,
the output of the offline optimization can be used as the initial guess for online optimization. The result of the optimization loop is an
optimized DMD pattern. All the signals in the figure are actual experimental data.
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of the ILC algorithm. The only difference in the algorithms
is that in the first case the potential V is measured, while in
the second it is predicted by the model. This way, previous
(training) data is structured by the ML model while we can
seamlessly improve beyond the predictive capability of the
model through further online iterations.

Let us call νn the virtual input at the nth iteration, and
en = Vtar − Vn the deviation from the target. Following
standard ILC approaches, the correction of the virtual input
is obtained by convolution, denoted by ∗ (see Appendix 3),
with an update filter Lν , and is then added to the old virtual
input to update it, i.e.,

νn+1 = νn + Lν ∗ en. (5)

The process is repeated until either convergence or the
desired error level is reached. In order to choose an appro-
priate update filter, we approximate the system in a linear
and time-invariant form

V ≈ gz ∗ ν. (6)

In practice, V is recorded for a trial input, and then
fitted using a Gaussian guess for the longitudinal PSF
gz(z) = A exp(−(z − z0)

2/(2σ 2)), to obtain estimates for
the parameters z0, σ , A. We then use a pseudo-inversion-
based update filter [26]

Lν = G

γν + GG
, (7)

where G = F [gz] is the discrete Fourier transform of the
Gaussian PSF, G its complex conjugate and all the oper-
ations are to be understood elementwise. Here, γν > 0 is
a regularization parameter of the system inversion, which
effectively reduces the high-frequency content of the input
updates and, therefore, of the explored virtual inputs νn.
In the presence of measurement noise, optimal choices for
γν are ultimately given by the experimental signal-to-noise
ratio [27]. The results shown in the main text are obtained
using γν = 0.1 maxi |Gi|2.

B. Experimental results

We test both the offline and online ILC algorithms
by optimizing three target potentials, using the heuristic
method as a reference. The results are shown in Fig. 5.
In order to emulate an experiment with a trapped BEC,
we represent the longitudinal magnetic trap with a har-
monic potential Vmag(z) = 1

2 mω2z2 with ω = 2π × 10 Hz
and m the mass of a 87Rb atom. The effective potential U(z)
as experienced by the atoms is the sum of the magnetic
trap Vmag(z) and the optical dipole potential V(z), which
is estimated from measured intensity (see Appendix 2 for
details). We design targets Vtar(z) so that the effective

potential U(z) will be either constant, sinusoidal, or linear.
All methods start with the DMD completely turned off.

Qualitatively all the methods are successful, as the final
results are barely distinguishable from the target potential.
For quantitative evaluation of the optimization perfor-
mance, we compute the locally normalized rms error:

εrms =
√√√√ 1

NV

NV∑

i=1

(
Vtar

i − Vn
i

Vtar
i

)2

. (8)

We say that the normalization is local because it is com-
puted point by point. As a measure of the minimum error
that can be achieved due to shot-to-shot fluctuations, we
acquire 100 pictures of the optimized potential and com-
pute the average εrms, substituting Vtar by the average
potential over the sample.

The measured optimization error of the offline ILC is
shown with a constant blue line in Fig. 5 and ranges from
4% to 16% depending on the target. We find that the
offline ILC scheme is able to deliver a level of accuracy
already comparable to what we obtain with approximately
100 iterations of the heuristic algorithm, which would
be equivalent to more than 1 h of experimental time per
potential shape for BEC experiments (and more than 5 h
with averaging over at least five images). The optimiza-
tion error for potentials obtained through offline learning is
determined by the predictive capability of the ML model,
which depends on the training data set. To illustrate the
robustness of the physics-inspired model and its ability
to extrapolate beyond training data we here train it on a
generic data set consisting only of parabolic potentials. We
furthermore find that better results (with error around 3%)
are achievable when the training data set resembles the
optimized configurations more closely.

For a quasi-1D BEC with an atomic density of
100 µm−1, atomic shot noise (which limits the precision
with which we can measure the potential) is at the level
of 10% [28], and the chemical potential is of the order
of 1 kHz. Since constant offsets in the optimized potential
do not have an effect on the atoms, we can neglect them.
The scale of the remaining imperfections is then reduced
to around 10 Hz, which is 1% of the typical chemical
potential. Measuring a single potential with such precision
requires averaging over 100 repetitions, which is roughly
an hour of experimental time.

We can compare these results with [6], where the online
heuristic scheme gave εrms ∼ (4–6)% for the atom den-
sity in a similar setup. These numbers suggest that the
offline ILC alone is capable of generating potentials with
comparable accuracy to existing heuristic schemes. Lifting
the necessity of online iterations might be a particularly
appealing choice for time-dependent potentials.
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FIG. 5. Optimized effective potentials assuming a 10-Hz harmonic trap. The 1D optical potential generated by the system is inferred
by reading out one selected row of the CCD. In the first column, we show the optimized effective potentials U with the offline ILC,
online ILC, and the heuristic online optimization (blue, orange, and green solid lines, respectively). The black dotted line shows the
effective target potential for atoms (see main text for details). The insets show DMD patterns for optimization with online ILC. All
three methods give a good qualitative match with the target potentials. The second column depicts the differences δU between the target
potential and the optimized potential for all three methods. The online ILC and the heuristic online optimization give a compatible
level of optimization while the offline ILC exhibits a larger deviation from the target. In the third column, the error histories for online
methods are shown in the semilog scale, computed at each point using Eq. (8). The blue line indicates the level of offline optimization
error, which is shown as a constant reference line since it requires no online iteration, showing that the offline prediction can save
50–90 heuristic iterations. The online ILC saves more than 100 iterations compared to the heuristic method to reach a similar error
level. The dashed purple line shows the shot-to-shot measurement error.

The online ILC and heuristic algorithms both converge
to the same error level. Yet online ILC reaches conver-
gence in approximately 10 iterations while the heuris-
tic algorithm needs approximately 100 iterations, which
is a great advantage for schemes incorporating experi-
mental feedback. Moreover, the ILC algorithm does not
need to manually select an optimization schedule, result-
ing in increased flexibility and bypassing time-consuming
parameter tuning. Convergence time can be decreased
even more by using the result of offline optimization as
an initial guess for online ILC. In this case, we find that
the online ILC reaches convergence in only a few itera-
tions, resulting in an even larger speedup compared to the
heuristic method. In any case, the final error is far below
the atomic shot noise, so it is hardly accessible in static
BEC configurations.

Unlike the online and offline ILC, the heuristic
algorithm does not rely on dimensional reduction and the
concept of virtual input, therefore it is not restricted to
the symmetric class of patterns described by Eq. (2). The
fact that the same error level can be achieved despite this
restriction implies that this choice does not constitute a sig-
nificant bottleneck for potential optimization. While other
mappings are possible, such as the optimized dithered
columns suggested in Ref. [17], we find that symmetric
mapping offers several advantages. In fact, it is easier to
realize (as it does not require the solution of an additional
optimization problem) and also more robust against varia-
tions of the beam shape along the transversal direction.

We ran the same tests using a single-frequency laser
as a light source (see Appendix 5 for details). The
physics-inspired model performs worse in the prediction
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of laser-generated potentials, therefore the output of offline
ILC is noticeably worse than the predictions for SLD. On
the other hand, the online ILC algorithm optimizes the
optical potentials created with the laser to the same error
level as with the SLD. Based on these findings, we can
state that our method is well suited for experimental setups
employing SLDs as well as single-frequency lasers.

V. CONCLUSIONS

In this paper, we present our experimental setup for gen-
erating and efficiently optimizing 1D optical potentials.
We combine a digital micromirror device for potential
shaping control together with a SLD light source. We per-
form measurements estimating the quantitative difference
between SLD’s and laser’s coherence properties and show-
ing the advantages of using SLD due to its generally linear
behavior.

We implement learning algorithms that enable efficient
optimization of optical potentials. We show how to build
a physics-inspired model, which acts as a digital twin of
the experimental setup. The model is able to recreate the
main features of the optical system based on a small set
of experimental data without the need to use deep (neural)
networks and large training data sets, with the advantage
of saving experimental time.

The application of the iterative learning control opti-
mization method provides a more than tenfold speedup
compared to heuristic approaches. The ILC algorithms
used offline with the trained models are able to optimize
optical potentials with a precision acceptable for most
experiments with trapped 1D ultracold gases. Using online
ILC with experimental feedback allows us to optimize
optical potentials to error levels comparable to measure-
ment error, giving a ten-fold speed-up compared to more
straightforward heuristic algorithms. By combining both
ILC strategies, namely using the result of an optimized
digital twin configuration as an initial guess for online ILC,
we get the optimized potential with just a few experimental
iterations.

Regarding optimization performance for the SLD and
laser, we find that the SLD outperforms the laser using
offline ILC. However, the online ILC performs equally
well for laser and SLD giving the same level of optimiza-
tion error. The model we develop combined with iterative
learning control provides a very fast way to optimize opti-
cal potentials with a DMD, which might be used in a large
variety of experimental setups. Our work offers a prospect
for fast optimization of optical dipole potentials, which is
very helpful for time-costly experiments or for very large
sequences of patterns in dynamic situations.
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APPENDIX

1. DMD mount

Due to the specific construction of the Texas Instru-
ments DLP650LNIR DMD’s micromirror control mech-
anism [29], the DMD is mounted 45◦ rotated so all the
optical elements are placed in one plane. Any pattern get-
ting rotated 45◦ right before projecting on the DMD. We
verify that during optimization the rotation leads only to
distortions of the potential, which are below the resolution
and therefore optimization is not affected.

2. Intensity to optical dipole potential conversion

The number of pixels in the output Vi as obtained from
the camera does not necessarily coincide with the number
of pixels in the input νi. In order to use the model, we first
interpolate Vi to the input grid size, using the interp1
function in MATLAB.

We assume the relation between light intensity and opti-
cal dipole potential to be linear V = αVI with αV as found
in Ref. [30]. Since we work with red-detuned light, αV is
negative. We also suppose the relation between the CCD
readout R and intensity to be linear. We then compute
αCCD = Irpow/R by measuring the light intensity with a
power meter. To not saturate the CCD we use a reduced
amount of light intensity. To calculate the finally expected
dipole potentials we employ a factor rpow = Ifull/Ilow that
accounts for the source operating at low power.

3. Mathematical details

This paper heavily relies on the discretization of func-
tions of a real variable f (z) in order to obtain finite-size
vectors. If we define a coordinate grid zi = (i − 1)� − z̄
for i = 1, . . . , n, then we refer to any discretized function
as fi = f (zi) and we denote with f the R

n vector whose
elements are fi.
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TABLE I. Values of εrms for SLD and laser sources.

Target 1 Target 2 Target 3

SLD, offline 0.10 0.04 0.16
Laser, offline 0.15 0.13 0.18
SLD, online 0.02 0.01 0.02
Laser, online 0.02 0.02 0.03

Let us call F the discrete Fourier transform acting on a
vector of size n, and F−1 its inverse:

F [a]k =
n∑

j =1

aj e−(2π i/n)(j −1)(k−1), (A1)

F−1[b]k = 1
n

n∑

j =1

bj e(2π i/n)(j −1)(k−1). (A2)

Then, we can define the discrete convolution of two vec-
tors a ∗ b as

a ∗ b = F−1[F [a]F [b]], (A3)

where the product on the right-hand side is elementwise.

4. Heuristic algorithm

In order to assess the advantages of the ILC methods,
we employ an adapted version of the heuristic algorithm
described in Ref. [6] as a reference. It is an iterative
algorithm that updates the state of each pixel based on the
local differences between measured and target potentials.
The optimization happens in two phases, the first fast but
rough and the second slower but more precise. During the
rough phase (see Fig. 5 first approximately 20 iterations) in
each column DMD pixels are turned on until the difference
gets lower than the chosen threshold. During the precise
phase pixels can be moved away or turned off.

5. Laser versus SLD

We show in Table I a detailed comparison of the per-
formance of the offline and online ILC algorithms for the
SLD and laser light sources. The values of εrms, cf. Eq. (8),
should be compared with the shot-to-shot errors of 0.01
for the SLD and 0.02 for the laser, which are the error
components that cannot be eliminated via optimization.
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