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When imaging astronomical objects from the earth, the turbulent air in the atmosphere
causes perturbations to the wavefront of the arriving light. This can then be seen as a
blur in the final images. These perturbations can be minimised by using an adaptive op-
tics system, where they are corrected in real time by using special deformable mirrors.
These systems are crucial in exoplanet imaging, where the imaged object can be right
next to an object a billion times brighter. The light from this nearby object is blocked
using an instrument called a coronagraph. However, any perturbations left at the arriving
wavefront cause the light from this brighter object to partly miss the block, causing it
to leak into the final image and possibly washing out the planet’s light. This leads to a
situation where the performance of the adaptive optics system is the limiting factor in the
imaging quality, with control algorithms playing a major role. While traditional control
algorithms have proven to be quite effective in minimising these perturbations, with the
rise of popularity in data-based learning methods, the interests have been shifting towards
machine learning. Especially reinforcement learning has been an interesting subject of re-
search, as it only requires a criterion of optimality for the presented solution to be known,
rather than the actual solution required by supervised learning methods. This property
allows the algorithm to explore and discover optimal control strategies by itself. In this
thesis, a reinforcement learning based control algorithm is implemented on a dual mirror
adaptive optics system designed for exoplanet imaging. It is also shown to outperform an

optimised traditional integrator controller under tested conditions.
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Maanpinnalta tapahtuvassa taivaankappaleiden kuvaamisessa turbulenttinen ilmakehi ai-
heuttaa védristymid saapuvan valon aaltorintamiin. Tdméa nidkyy kuvissa kohteiden su-
mentumisena. Tétd ongelmaa voidaan korjata reaaliajassa kédyttamalld adaptiivista op-
titkkkaa, joka hyddyntidd muotoiltavia peilejd viidristymien korjaamiseen. Ndmaé ratkaisut
ovat erityisen tirkeiti eksoplaneetoiden kuvaamisessa, joissa planeetta sijaitsee usein jopa
miljardi kertaa kirkkaamman tihden vieressd. Tdmén kirkkaamman tidhden valo voidaan
estdad kiyttdmilld koronagraafia. Silti, pienetkin ilmakehén aiheuttamat vééristymét johta-
vat siithen ettd osa kirkkaamman tédhden valosta ohittaa timén esteen, jolloin eksoplanee-
tan valo voi peittyd kuvassa tdmén alle. Téstéd johtuen adaptiivisen optiikan suorituskyky
onkin usein kuvanlaadun rajoittava tekiji, jossa kdytetyt kontrollimenetelmit ovat merkit-
tavissid roolissa. Vaikka perinteiset kontrollimenetelmiit ovat osoittaneet hyvid tuloksia,
on huomio viime aikoina keskittynyt datapohjaisiin koneoppimismenetelmiin. Erityisesti
vahvistusoppimismentelmit ovat kiinnittineet huomiota, silld niiden ohjaamiseen tarvit-
see arvioida vain lopputuloksen hyvyyttd, ilman ettd valmista ratkaisua tarvitsisi tietd.
Tama tarkoittaa ettd ne voivat itse tutkia ja oppia optimaalisia kontrollistrategioita. Tédssa
tyOssd esitellddn vahvistusoppimiseen perustuva kontrollialgoritmi, joka on implemen-
toitu eksoplaneetoiden kuvantamiseen suunnitellulle kahden peilin systeemille. Tamin
systeemin osoitetaan my0s suoriutuvan perinteistd integraattoriohjainta paremmin testa-

tuissa olosuhteissa.
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1 INTRODUCTION

1.1 Background

Optical or near-infrared images of distant stars taken with ground-based telescopes are
distorted by turbulence in the atmosphere. Adaptive optics (AO) is a technique developed
to improve the imaging quality of the telescope by correcting for the turbulence using a
deformable mirror. An example of the importance can be seen in Figure 1 [1]. Although
the concept originated from astronomical imaging [2], it has also been used in microscopy
to correct the perturbations caused by intracellular uids [3].

Figure 1. Neptune imaged using Very Large Telescope with and without AO [1].

These systems are often operated using standard proportional integral (PI) controllers in
a closed loop, requiring a dedicated calibration procedure. In a closed-loop operation,
the error measurements are made after the correction, which means that the residuals of
the error are measured. This has the bene t of being able to see the imperfections in the
applied correction and iteratively improve the control. With a standard PI controller, a
partial correction of the measured residual error is applied at each step. The amount of
correction applied is controlled by a parameter called gain. Lower gains minimise the
effect of measurement errors and help achieve better control stability, while higher gains
allow faster response times. This means that the optimal gain for the system depends on
the prevailing conditions in the atmosphere and is a balancing act to maximise system



stability while minimising response time. With the physical and computational delays
present in the system, this method of control is also inevitably lagging behind the real
state of turbulence. However, since a large part of this turbulence can be assumed to be
in frozen ow on the millisecond time scale of AO [4], a signi cant amount of it can

be predicted. The frozen ow states that these turbulent layers can be modelled as static
random elds, which are then shifted across the sky at the speed of the wind. This has led
to the development of predictive control algorithms that use past telemetry data to predict
the true state of the sky at the time of correction, minimising the temporal error caused by
the system delays [5]. However, real systems still suffer from dynamic modelling errors
such as misregistration, optical gain effect for Pyramid wavefront sensor (P-WFS) and
temporal jitter. These errors can require external tuning and recalibration of the system to
keep the performance optimal.

This has led to an interest in fully data-driven control algorithms to cope with these prob-
lems. In particular, reinforcement learning (RL) methods have been shown to have po-
tential [6, 7]. RL algorithms learn by interacting with an environment and maximizing
the reward associated with the actions it chooses in the environment. This means that
by designing a successful reward function (giving a value of how good any given action
was) and choosing the right type of RL algorithm, one could automate the learning of the
control algorithm without accurately knowing the underlying model of the system or how
to take optimal actions.

An area where AO systems are especially important is exoplanet imaging. When exo-
planets are imaged, they usually reside close to stars up to a billion times brighter. This
leads to the light that arrives from the planet being washed out by the light arriving from
the star. To imagine these exoplanets, the light coming from the star has to be Itered out.
This is done using an instrument called a coronagraph. However, any distortions in the
arriving wavefronts cause the stars' light to partly miss this block, possibly overpowering
the light of the planet. Thus, the performance of the AO system dictates the amount of
light that leaks into the image and, as such, the planets that can be imaged. These systems
are often called extreme adaptive optics, for the high levels of performance required from
the system. This makes them a prime candidate for control algorithm research.

MagAO-X [8] is one of such extreme adaptive optics systems used to aid in the imaging of
exoplanets. It uses two deformable mirrors in series to achieve high spatial resolution in
wavefront correction. The rst "woofer" mirror allows for higher actuator ranges at lower
spatial resolutions, while the following "tweeter" mirror provides higher spatial resolution
at lower actuation ranges.



1.2 Objectives and delimitations

In this thesis, a novel RL algorithm for two-stage AO system inspired by [9] is developed.
This system consists of two deformable mirrors, where one mirror controls the lower
frequencies using a more traditional control algorithm, and the other controls the higher
frequencies with RL-based control. The system uses one guide star (GS) and a single
wavefront sensor (WFS) to measure the wavefronts. The tests are carried out in the sim-
ulator environment COMputing Platform for Adaptive opticS System (COMPASS) [10]
using an in-house interface called FitAO mainly developed by the author. To be more
precise, the objectives of this thesis are:

» Give an overview on the principles of AO and RL.

» Describe recent (RL) AO control algorithms and their performance based on a lit-
erature review.

» Test a model-based RL algorithm inspired by [9] on a AO system with two de-
formable mirrors in a simulated environment and compare the results with the opti-
mised integrator controller.

1.3 Structure of the thesis

In Chapter 2 the basics of AO and coronagraphs are introduced. A literature review on
current RL based control algorithms is also performed. Chapter 3 introduces the rele-
vant background information on machine learning and neural networks. The proposed
algorithm is described in Chapter 4. The algorithm is tested with methods explained in
Chapter 5, where the results are also shown. Chapter 6 is used to discuss these results and
the work in general in more detail. Chapter 7 is used to give the nal conclusions.
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2 ADAPTIVE OPTICS

2.1 Introduction

Adaptive optics is a system that is used to physically correct perturbations in arriving
wavefronts to enhance the imaging quality of the systems. This is achieved by using a de-
formable mirror (DM) to correct the approaching wavefronts. The perturbations in wave-
fronts are measured using an WFS and, in the case of astronomical imaging, a secondary
light source called GS is used to obtain enough photons to make accurate measurements
of the perturbations [11]. These GSs can be bright astronomical objects near the imaged
object, or are created using lasers to excite atoms high in the atmosphere to glow. As
the light sources are located near the imaged object, the light traveling back from them
experiences roughly the same perturbations as the light from the imaged object and as
such can be used to estimate the original perturbations. A simpli ed illustration of the
AO system is shown in Figure 2.

Figure 2. The basic components of an AO system working in a closed-loop.

The visual artefacts that AO tries to correct show in short-exposure images as speckles
(example shown in Figure 3). These speckles then average to a blur that can be seen in
images without AO. A single sine-wave aberration on the pupil plane will result in two
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focal-plane speckles. When using a Fourier transform to approximate any aberration on
the pupil plane as a sum of such sine waves, it quickly becomes apparent that even small
amounts of aberration left lead to large amounts of speckles.

(a) Uncorrected image with visible speckles. (b) Diffraction limited image with a very dim
airy disk around the star.

Figure 3. Simulated comparison of short-exposure images of a single star under realistic uncor-
rected conditions and ideal conditions.

From the diffraction limited image in Figure 3 another important concept related to the
optical performance of the AO system can be observed. This image includes a feature
called an airy disk, a dim ring around the point light source in the middle, caused by the
optics of the AO system. In fact, under diffraction limited conditions the optics generate
multiple of these airy disks, but most of them are often too dim to be observed in the nal
image. A one-dimensional representation of an Airy pattern with multiple airy disks can
be seen in Figure 4. This response to a point source is called the point spread function
(PSF) of the system, and the nal image generated by the optical system is a convolution
of this PSF and real light sources. In fact, the speckle and diffraction limited images
shown in Figure 3 are representations of the PSF for the respective system, since the
target imaged in them is a point source. The speckle image in particular showcases how
perturbations left in the wavefront affect the PSF.

One common way to evaluate the performance of the AO system is to use a Strehl ratio
[11]. It depicts the ratio of true central intensities of the PSF of an ideal diffraction-limited
telescope and the one taken from the measurement, so

| real(0; 0)

Sr= ——=
| ideaI(O; 0)

(1)
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where Sr is the Strehl ratib4(0; 0) is the central intensity measured drgd,(0; 0) is the
central intensity of an ideal telescope. Even for smaller aberrations this central intensity
can drop signi cantly [12] and it can not ever exceed the ideal one, meaning the Strehl
value will always be between one and zero. As such, it provides an intuitive metric for
evaluating the AO system performance.

Figure 4. One-dimensional representation of the diffraction limited PSF Airy pattern generated
by circular apertures. The central peak shows the intensity of the imaged point source, while each
pair of peaks surrounding it correspond to an Airy disk.

2.2 Wavefront sensing and correction

The wavefront sensor is used to measure the spatial shape of the arriving wavefront [11].
If the WES is located before the DM, the system works in so-called open-loop mode. This
means that it directly observes the arriving wavefronts. However, more often, it is more
interesting to measure the residual wavefronts, and as such the WFS will be located after
the DM. This is called a closed-loop system. Compared to the open-loop system, it has
the added bene t of being able to measure also the error in the applied corrections.
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There exist multiple types of WFS, but perhaps the two most common are Shack-Hartmann
(SH) and Pyramid (P) WFSs. SH is the older and more widely used of these two, but P-
WFS has been shown to perform signi cantly better [13], making it the main focus of
current research.

P-WFS works by using a pyramid-shaped prism (often four-sided) on the focal eld as a
spatial Fourier lter, splitting the incoming wavefront into four (in the case of the four-
sided pyramid) intensity elds [14]. These four elds are denoted herg; ak;, | ; and

I 4 and visualized in Figure 5. As the light takes a slightly different path for each of these
images, it is possible to calculate so-called slopes from them that positively correlate with
the actual gradients in the incoming wavefront. The slopes can be estimated using

(10Gy) + 12(xy))  (I(Xy) + 14(X;Y))
lo
(110Gy) + 1a(xy)) (120X y) + 13(X7y))

lo

Su(x;y) = (2)

Sy(x;y) = 3)
wherel;(x;y) is the intensity in the sub-aperture located>gty) in the quadrant in-
tegrated over a modulation cycle ahglis the average intensity per sub-aperture of the
incoming beam [15].

Figure 5. Simulated P-WFS image showing the four intensity elds.

The P-WFS has a important parameter called the modulation radius, which determines the
sensitivity and dynamic range of the sensor [16]. Higher amounts of modulation increase
the dynamic range of the sensor, allowing it to measure larger aberrations. This can be a
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useful feature when starting to close the loop, ie. stabilize the control loop, as the scale
of the aberrations is largely determined by the atmosphere. Once the loop is closed and
the aberrations left are quite small, decreasing the amount of modulation increase the
sensitivity of the sensor and thus enabling more accurate measurements.

Once the wavefronts have been measured, deformable mirrors actively change their shape
to keep the residual perturbations at a minimum. The mirrors consist of many actuators,
which can be individually controlled to achieve the required corrections. Many types of
deformable mirrors exist, like the tip-tilt mirror used in the P-WFS for modulation. As the
name suggests, it can only affect the tip and tilt of the incoming wavefront. Other types of
mirrors consist of a thin re ective sheet, that is deformed by pushing/pulling the surface
using actuators. This allows for more localized corrections on the wavefronts. It is not
uncommon for systems to have multiple deformable mirrors [11], for example, a tip-tilt
mirror before the sheet mirror to straighten the wavefront while the sheet mirror handles
the rest of the perturbations.

2.3 MagAO-X and coronagraphs

MagAO-X [8] is an experimental coronagraphic extreme AO system designed to use the
latest cutting-edge technologies to enable imaging of exoplanets and other high-contrast
and/or high-resolution astronomical observations. It is used in the Magellan Clay 6.5-
meter telescope. For AO it uses a dual DM system, a lower resolution higher actuation
range "woofer" mirror followed by a higher resolution lower actuation range "tweeter"
mirror. For wavefront detection a P-WFS is used in closed-loop con guration. The struc-
ture of this system is visualised in Figure 6.

To enable the imaging of exoplanets, MagAO-X implements a coronagraph before the
science instruments. Coronagraphs are telescopic attachments designed to block out the
direct light coming from a star. This is important because when imaged at visible wave-
lengths, the exoplanets at8 °to 10 1°times dimmer compared to their parent star [17].
This means any light coming from them is completely overpowered by the parent star and
so imaging exoplanets without blocking the light of the star is infeasible. Coronagraphs
work on the principle that the light coming from the star is arriving straight to the tele-
scope, but the light coming from the exoplanet arrives at a slight angle. Then, by placing
an object (mask) at the optical axis of the system (where the light is focused to one spot),
one can block only the light arriving straight to the system. This can be seen in Figure 7.
However, in the presence of atmospheric turbulence the arriving wavefronts are not at,
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and so the light is not focused as neatly causing the light from the star to leak into the nal
image. Thus, AO is required to atten the arriving wavefront and minimize this leak.

Figure 6. MagAO-X mirror system overview.

Figure 7. Simpli cation of the coronagraph system.
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2.4 Control algorithms

The requirements for AO control algorithms are strict. To keep up with changing con-
ditions in the atmosphere and effectively correct atmospheric perturbations, the control
loops of the AO systems are often run at speeds in the kilohertz range [11]. This means
that there are milliseconds at best for measurement, control computation, and command-
ing the actuators in the DM to move. Also, there are often thousands of actuators to
command, which means that being able to compute the control algorithms ef ciently is a
requirement.

The baseline controller for AO is an integrator controller. For it to work properly, a
satisfyingly linear dependence between the WFS measurements and DM commands needs
to be assumed [18]. This relation can be shown as

Wy = Dvy + %y (4)

wherew; is the wavefront sensor measurementis the DM commandD is so-called
interaction matrix linearly mapping the DM commands to the WFS measurements and

is used to model the measurement noise. Although the interaction matrix could be derived
mathematically if accurate enough knowledge of the system is available, it is most often
generated experimentally. This happens by poking the DM actuators one at a time (in
the WFS linear range) and recording the measured WFS reading. A at wavefront light
source is used during this calibration procedure to capture only the perturbations caused
by the actions in the DM. To control the system, an inverse of the interaction natrix
could be used to map the measurements to the DM commands. HoweverDsisce
generally ill-conditioned, a regularisation method is needed to invert it. This could be
done, for example, by using a truncated singular value decomposition [19]. This resulting
pseudo-inverse matrix is commonly called the control matrix, denoted heZe by

Now, the integrator controller can be de ned as
Vi=V 1+ 9C w (5)

wherev; is the command given to the DNM; ; is the previous command giveg,is a
settable parameter called gain and is the residual wavefront. As the initial command
can be set to zero and in the closed-loop con guration the residual wavefront being mea-
sured, this makes the integrator controller a natural t for closed-loop operation. The gain
parametelg can be used to set how aggressively the system tries to correct to measure-
ments. With ag of one, the mirror is set to exactly what is measured. However, due to
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the presence of noise in the system, this is most often not the optimal strategy as there
tends to be overshoot in the system, leading to unstable control. As such, values less than
one are necessary to achieve stability [18] at the cost of responsiveness. The optimal gain
depends a lot on the prevailing conditions and is hard to estimate on the y, meaning op-
timal settings are rarely achieved. Also, as the act of inverting the interaction matrix is an
ill-posed problem, it is subject to optimization and no single optimal solution exists. This
means that better performance could be achieved with alternative control algorithms.

Data-driven control algorithms are currently under research and they have proved to aid
the traditional methods to work under a wider range of atmospheric conditions [20]. Fur-
thermore, algorithms based on RL have shown promise. Landman et al. in [6] show a
RL based control algorithm to beat traditional integrator controllers in the case of low de-
grees of freedom (just a tip-tilt mirror to control). Pou et al. in [21] show an RL algorithm
correcting the commands made by an integrator controller resulting in higher imaging
quality. Nousiainen et al. in [7] beat the integrator controller on a purely RL based con-
troller, with the AO system complexity somewhere in between the work of Landman et al.
and Pou et al. Algorithms made by Landman et al. and Pou et al. were so-called model-
free RL algorithms, meaning the system dynamics were not learned but just the control
task. This resulted in faster inference times but at the cost of requiring more samples to
achieve good performance. The model-based approach implemented by Nousiainen et al.
required less than 10,000 samples to reach the nal performance, while the simpler sce-
nario with a model-free approach required about 40 000 samples, and the more complex
several hundred thousand samples to reach the nal performance levels. However, the
model-based method used by Nousiainen et al. cannot run on larger AO systems due to
the slower policy inference. It is also important to note that the testing of these RL algo-
rithms has also been conducted purely on simulations and test benches, so performance
on the real telescopes and atmosphere has not yet been seen.

2.5 Simulation and FitAO

Due to the high speci city of developing algorithms directly for telescopes, the control
algorithms are often developed and tested on simulators before trials on real hardware.
Typically, research groups have their own simulator environments in which to develop and
validate their algorithms. Only some of these are publicly available (for example, Object-
Oriented Matlab Adaptive Optics (OOMAQ) [22] and COMPASS [10]) and all have some
differences in how and what things are implemented. This makes the comparison of
different control algorithms harder as it would often require rewriting the algorithms from
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scratch to the speci c environment that the research group uses.

To combat this issue, FitAO was created. It creates a uni ed interface to control multiple
different simulators (currently OOMAO and COMPASS) using a Python interface. It also
follows the OpenAl Gym [23] speci cations for the interfaces. This means a large library
of pre-made RL algorithms that could be tested on the AO control. Using Python as the
programming language also means that a large library of scienti ¢, machine learning and
data-analytic tools are available for the end-user.
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3 MACHINE LEARNING

3.1 Introduction

Machine learning means creating algorithms that can learn patterns from data. This means
instead of making a decision based on hard-coded features, machine learning algorithms
are given data from which the decision rules are learned. A criterion is the way to control
the learning and acts as a nal goal for the system. One criterion could be to correctly
categorize images into different classes (does this image contain a dog or a cat?) or to
predict the temperatures of the following days. Machine learning use cases vary greatly
and different techniques have been used, for example, to play a multiplayer video game
at the professional level [24], translate text into different languages [25], and build self-
driving cars [26].

3.2 Neural networks

A common basis for many modern machine learning methods lies in multi-layer percep-
tron (MLP). This is due to its property of being a universal approximator [27], which
means that it can approximate any nite-dimensional function to an arbitrary degree. The
structure of MLPs is modelled after the way the human brain functions and, as such, con-
sists of many simple computational units called arti cial neurons. These arti cial neurons
each perform a simple arithmetic operation of multiplying each input by a given weight
and then summing all the inputs together. In addition, a bias is often added to the sum,
resulting in an operation

output= w; X3+ W, X+ +w, Xs+Db (6)

wherew; is the weight corresponding to thgh input,x; is thei:th input,n is the number
of inputs andbis the bias. After the output is formed, some non-linear operation such as

sigmoid
1
l+ex

S(x) = (7)

or Recti ed Linear Unit (ReLU)

R(x) = max0; x) (8)
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is often applied. This non-linear operation is called an activation function, and a non-
polynomial one is required for the MLP to function as a universal approximator [28].

Then, multiple of these neurons are connected to the same input features, forming a group
called a layer. Each neuron will have and update its weights independently of the other

neurons, allowing each to specialise for detecting certain features in its input. Then by

connecting outputs of these neutrons to another layer of neurons we have a MLP. Tra-
ditionally, these networks are fully connected, meaning that the output of each neuron is

connected to every neuron in the next layer. The common high-level structure is to have

an input layer, some amount of hidden layers depending on the complexity of the task,

and an output layer, from which an example is visualised in Figure 8.

Figure 8. A visualization of an fully connected 3 layer MLP network with 2 dimensional input
and 3 dimensional output. Each circle represents an arti cial neuron.

For MLPs to approximate a function they need to be trained on examples from the given
function. This is done using a process call backpropagation. In this process the weights
of the network are typically initialized to be random and then some data is fed trough the
network to evaluate its outputs. When the expected output is known (called supervised
learning, explored in more detail at the end of Section 3.4), it is possible to calculate the
element-wise error. This can be thought of as the gradient of the output, e.g. in which
direction our output values should move to result in a correct answer. Using the weights
of the previous layer and these error values, it is possible to calculate the errors for the
neurons on the previous layer. This process can be repeated until the error is propagated
back to the rst layer; hence the name backpropagation. Using this error information and
information gathered while evaluating the network prediction, it is possible to update the
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network weights to match more closely to expected results. However, these errors are
not used as is and are scaled down using some value to achieve stability in training. This
parameter is often denoted as the learning speed and is subject to optimisation. For a more
detailed explanation, see [29].

3.3 Convolutional neural networks

With the advancement of digital cameras and the human dependence on visual informa-
tion, the use of images as input for machine learning algorithms has become quite com-
mon. Although MLPs can use images as input, they require the image to be attened to
a vector, which is often quite large. This, combined with the often fully connected nature
of MLPs tends to lead into a large amount of unnecessary connections and, as such, pa-
rameters to store/optimize. After all, information in images is often spatial, meaning that
the individual pixels' information is mostly relevant compared to the values of the nearby
pixels. This information is lost when every neuron makes decisions based on the value of
every single pixel and these spatial connections are no longer present. A Convolutional
Neural Network (CNN) can be used to solve this problem. By using an convolutional ker-
nel which connects only a small local group of pixels at a time, the spatial information is
retained. Intuitively these convolutional kernels can be thought of as lIters for an image.
Here, the terms Iter and convolutional kernel are used interchangeably. By sliding this
Iter over the image and computing the dot product of the Iter and the current part of the
image it is possible to generate images called feature maps, which is showcased in Figure
9.

These Itersaren  m dtensors of weights, whemeandm are often quite small and

d is the amount of features in the input data. For example, in the case of RGB images the
number of featuredis 3, one for each colour channel. Then, for each Iter used in a layer,

a feature map is generated, and so forth for the next layers. It is important to note that for
each layer of Iters,n andm can be different, and so it is possible to focus on features
of different scales on each layer. Filters also have a parameter called stride, which tells
how many pixels the Iter slides at each step. Larger stride values enable us to lower the
spatial resolution of the image, which is often preferred in the case of larger images. If the
original resolution is to be preserved, the original image must be padded with additional
data. Possibly the simplest and still a common method is to simply add zeros to the
edges of the image. When the padding amount is chosen correctly, the resolution of the
produced feature maps matches the original image.
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Figure 9. Example of asimpl8 3 1 convolutional Iter and the feature map created by it. The
original image is padded with zeros and a stride of one is used to match the original resolution.

3.4 Deep learning

A patrticularly interesting branch of machine learning is called deep learning. It uses many
decision-making layers to divide the problem into easier sub-problems. The rst layers
can be used to nd simple features of the data, for example, simple shapes in images,
while the last layers make the nal prediction based on the presence of these primary
shapes [30]. More layers allow for more stages of abstraction and, as such, allow for
representation of more complex structures in the data. The mostly sequential connections
between these layers give the "deep"” part in the name.

Figure 10. Example of ResNet deep network architecture, combining both convolutional and fully
connected layers [31]. Batch norm is used to normalize input data and pooling layers are methods
to resize feature maps.
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There are multiple different kinds of models where deep learning is often applied like
multi-layer perceptrons [32] and convolutional neural networks [33]. Often in deep learn-
ing, multiple different methods are also mixed, like in image classi cation, where the rst
layers are usually convolutional, while the last few are fully connected layers found in
multilayer perceptron networks. This allows one to use the strengths of different kinds
of network architecture while also mitigating the shortcomings of any single architecture.
An example of such a network structure is shown in Figure 10 [31].

The teaching method can also vary, and the three most common methods are supervised,
unsupervised, and reinforcement learning. In supervised learning the expected result is
already known and comparing the network results to it can be used as a performance cri-
terion to optimize. This method is often used in classifying data, where the labels already
exist, or predicting data, where the optimal result can be known. However, sometimes
getting enough classi ed data to use supervised methods might be unreasonable, and so
unsupervised methods can be used. They have no prede ned output but try to nd pat-
terns inside the data to automatically cluster it. There is no guarantee that the automatic
clustering provides the wanted clusters, but if the data is different enough between the
cluster satisfactory results can be achieved. The only thing left to do manually is to then
label these clusters. The third method of reinforcement learning is a bit of both. Instead
of having an optimal solution, it is possible to optimise based on a cost function that only
evaluates the goodness of the proposed solution. Then, by trial and error, the algorithm
tries to learn how to solve the problem at hand.

3.5 Reinforcement learning

This section is based mainly on a book by A. Zai and B. Brown [30] (unless otherwise
noted). Before diving deeper into the world of RL, it is important to introduce the concept
of a Markov decision process (MDP). Any control task that has the Markov property is
said to be MDP. Markov property states that in any given state, it is possible to know the
optimal action to maximize future rewards. In practice, this means that observation of the
current state of the world contains all the possible information needed to make the best
decision. This is an important property when using RL methods, as many RL algorithms
assume that the problem is MDP. For example, when solving static mazes, one look at the
maze contains all the information needed to solve the problem, and as such, the problem is
a MDP. However, trying to predict the next day's stock price based only on today's price
is a futile effort, as some past information would be needed to make good predictions.
This means that the problem does not have the Markov property by default. However,
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it is possible to de ne the observation as a set amount of last values (like the last four
values of the stock) to arti cially introduce the Markov property to the problem. It does
not always work though and the nal process ends up being a partially observed MDP.
This is due to the partially random nature of stock prices, and so it is not possible to
have full information. The same problem applies to AO, where the WFS measurements,
while mostly predictable, contain some randomness. Luckily the amount of randomness
is small enough, that the system can be assumed as a standard MDP [9] and there is no
need to worry about the more complicated properties of a partially observed MDP.

Like MDPs, RL algorithms use the same concepts of actions, states, and rewards. The RL
algorithm that interacts and learns the environment is often called an actor, and the logic
to choose the next action based on the current state is called a policy. For RL the problem
is to nd an optimal policy

= argmaxE(Rj ) (9)

where is the optimal policy given any policy produces the maximum possible ex-
pected rewardR based on the current stateand chosen actioa. This is done by rst
randomly sampling the environment (using random actions) and receiving rewards for
these actions to enforce or deter from certain behaviors. This information can be used
to update the current probabilistic policy which in more mathematical terms can be
identi ed with the mapping
Z
(A;s)  P(Ajs) = (ajs)da; s2 S (20)

A

wheres is the current state is the set of all possible states, d@Ajs) is the probability
distribution of the action# in s. Probability is the likelihood that the given action results

in the best possible reward, and, as such, policies can be thought of as a mapping between
states and actions. The policy can also be deterministic, in which case it is simply a
mapping from the stateto the best estimated actian

:s7'a (11)

The optimization of policy could be done using the raw interactions with the environ-
ment or a model of the environment could be used to speed up the process. In so-called
model-based RL a model that predicts the next state based on a action state pair

(a; st) is also trained. Being able to examine the model allows us to compute the en-
tire distribution of states without needing to sample the real environment. As the model
can also be trained with supervised learning, it can be more sample ef cient than trying
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to always sample the real environment (especially if it is slow to sample the real envi-
ronment). If no model is used, the method is called model-free RL, which might be the
optimal solution in cases where learning the dynamics of the environment is dif cult.

What makes AO a particularly interesting problem for RL is the size of the action space.
For the algorithm to control all the actuators of the systems individually, there would be
about 500 to 10000 degrees of freedom (DOF) [9]. This is orders of magnitude larger
than the average size of the action spaces in the RL problems. For example the largest
action space in collection of benchmark environments created by DeepMind [34] contains
56 DOF and Arcade Learning Environment [35] contains 18 DOF. Also, the observations
to the state of the system are indirect, with an ill-posed inverse problem in between.
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4 REINFORCEMENT LEARNING APPROACH FOR
CONTROLLING ADAPTIVE OPTICS

4.1 Adaptive optics system calibration

First, the interaction matrices are generated separately for both mirrors of the AO system.
This is done by pushing and pulling each actuator one at a time and recording the average

measured slopes. So,
Spush SpuII

2
whereS is the average slopeS,snis the measured slopes corresponding to pushing the
actuator up an&,, is the measured slopes corresponding to driving the actuator down.
Each measurement is denoted wg&h2 R" 1, wherei is the actuator index andlis the
number of slope measurements from the system. Then the interaction matrix is

S= (12)

D =[S1;S:;Ss;:::;S]2 R (13)

This is essentially a linear mapping from the mirror control voltages to the measured
slopes. If some other voltage than one unit was used to create the interaction matrix, the
matrix needs to be divided by the used voltage. Often, a mapping from slopes to voltages
is also needed, and this can be produced using a ltered pseudoinverse of the interaction
matrix. SVD [19] is used here to generate this pseudoinverse, often denoted as a control
matrix. The modes corresponding to singular values smaller than some po2i¢; 1]

of the largest singular value are Itered out. With SVD we have

D=U V’ (14)

whereU contains the left singular vectors, contains a diagonal matrix of the singular
values and/ contains the right singular vectors. The pseudoinverse can be then calculated
with

c=D*=Vv "t uU (15)

where™ is  but with the singular values; satisfying the condition

1 <n (16)
1
set to zero. Here; is thei:th diagonal value of assuming that the diagonal values are

in descending order and, as suchjs the largest singular value.
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4.2 Adaptive optics system control

The AO system will be controlled by two independent controllers. The low order "woofer"
mirror is controlled by a traditional integrator controller. The higher order "tweeter" mir-
ror located after the woofer is controlled by a slightly modi ed version of the RL algo-
rithm PO4AQO developed by Nousiainen et al. [9].

As a model based RL algorithm the PO4AO algorithm consists of two different parts.
The rst part is the dynamics model, which tries to learn the underlying dynamics of
the system and as such predict upcoming measurements of the system given a history of
actions and measurements. The second part is the policy, which can be thought of as the
control algorithm. It also takes as an input history of previous observations and actions.
Based on these, it estimates the optimal control action to take.

In terms of MDP the AO system is de ned as follows. The statase de ned as a set
S=( 6 06t 1 20 a (k1)) 17)

where ; is thet:th measured wavefrong; is thet:th DM command and denotes the
number of past observations used. Both of these are represented in image matrix format
which is explored in more detail in Section 4.3. Using this collection of past measure-
ments, it is possible to adequately ful Il the Markov property and learn the RL problem.
Both the dynamics and policy model use the same state de nition.

4.3 Dynamics model

The dynamics model works as a deterministic mapping from a state actiofspaiy) to
the predicted next wavefront., . Thus, the dynamics model can be written as

B(st;a) = e (18)

The dynamics model consists of an ensemble of CNN models with Leaky Recti ed Lin-
ear Unit (LReLU) activation functions. Using multiple copies of the same algorithm and
training each with their own portion of the dataset allows us to avoid the problem of over-
tting often present in training dynamics models with low amounts of samples [36]. From
this ensemble, an average of all the predicted next states is used as the nal prediction.
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To be more exact, the model consists of 5 identical architectures with three convolutional
layers deep using 3x3 pixel kernels. The rst two layers generate 64 feature maps each
and are followed by LReLU
( if 0
X if X
R(x) = 19
09 0:0x ifx<O (19)

activation. The nal layer generates only one feature map, which is used as the nal result
for the prediction and, as such, is followed by no activation functions.

The input for the model is a 3D tensor collecting lesheasurements and actions into a

n n (2 Kk)tensor, where is the size of the DM actuator grid. Both measurements

and actions are presented as actuator images. For past actions the mapping is simple: an
image the size of the actuator grid is initialized as zeros and then the value of the pixels is
assigned to match the control voltage of the corresponding actuator (see Figure 11). For
the measured slopes, we rst need to map them to the control voltages of DM. This is
done using the control matrix generated during the calibration of the system

voltages= C s (20)

whereC is the control matrix and is the slope vector measured. The same process is
then applied to these actuator voltages to generate a similar image. This process can also
be easily reversed, that is, mapping the generated images back to command vectors when
needed.

The dynamics model is optimised using supervised learning methods. The environment
is sampled using a policy to generate actions, from which we can compare the estimated
state generated by the dynamics model with the real state generated by the environment.
During the "warm-up" period, this policy will be an integrator controller with varied
amounts of noise to ef ciently teach the dynamics model the relevant information. Later,
the RL-based policy will be used to generate actions that are used to teach the dynamics
model. The loss function used is a square difference between the expected next state and
the true next state, so

X X
loss= Kk w1 P(spa)k®i= K upr  Mwak? (21)
K K

where 4, isthe true next statéy., is the predicted next state by the dynamics algorithm
andK is the collection of samples it is optimized over. The optimization of the back-
propagation is done using Adam [37].
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Figure 11. Mapping command vectors to actuator command images. Each number denotes the
index of an actuator and those elements contain control voltages, whereas the empty elements
contain zeros. The circular shape of the mirror can be observed in the image.

4.4 Policy model

The policy model works as a deterministic mapping from stat® the best estimated
actionas+1 . As such, it can be written as

(St) = a1t (22)

The policy model consists of a single CNN with LReLU activation functions. Like the
dynamics model, it consists of three layers with 3x3 pixel kernels, of which the rst two
generate 64 feature maps and the last produces only one. Similarly, the rst two layers
have a LReLU activation function and the last layer has no activation function.

Like in the dynamics model, the input of the model is a 3D tensor that collects the last
measurements and actions intoa n (2 k) tensor, whera is the size of the DM
actuator grid andt is the number of past steps to include. The output is a single actuator
image that will be used as an action. To limit the network’s ability to learn to control
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modes that the WFS does not see (but will still ruin the science image), the output of the
algorithm is Itered. This is done using the interaction and control matrices generated
during calibration. By rst applying the interaction matrix to the output we can map
the generated actuator voltages back to slopes which in turn can be returned to Itered
actuator voltages using the control matrix. In practise, this is done in a single matrix
multiplication using a " lter" matrix

F=C D (23)
whereC is the control matrix an@® is the interaction matrix.

For the optimisation of the policy model, the dynamics model is used to generate esti-
mated observations. As the dynamics model is differentiable, we can backpropagate the
evaluated rewards back to the policy model. Due to the delays present in AO systems,
we will predict the planning horizoRl steps forward, to ensure that the given action is
observed in our measurements. In an optimal case where the delay is a known constant,
we would match the planning horizon to this delay. However, due to the DM dynamics,
temporal jitter and effects of noise exact time for the delay are hard to predict. It follows
that the length of planning horizon becomes a balancing act of two effects: two short of
a delay and the loop becomes unstable or two long of the delay, and the algorithm tends
to overt. TheseH steps simulated by the dynamics model are then evaluated using a
reward function

A (Sua)= K M k?; (24)

which in our case is a negative squared mean of the estimated next\statalculated
using the dynamics modgl (s;; &). So, the total reward is

X X
reward= B(s; (S); (25)

s2K t=1

wheres; = s, sS40 =% (S; (St) andK is the collection of samples it is optimized over.
Like the dynamics model, the Adam algorithm is used to optimise the parameters of the
network.
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5 EXPERIMENTS

5.1 Setup

The data for the experiment is generated in real time using the COMPASS simulator envi-
ronment using the FitAQ interface. It simulates an experimental MagAO-X coronagraphic
extreme adaptive optics system that uses the woofer-tweeter architecture (ALPAO-97 DM
as the woofer and Boston Micromachines 2K as the tweeter). As we are using an unmod-
ulated P-WFS, to keep the measurements in the linear range each push and pull action
for calibrating the system i8:01 microns. For the RL algorithm the actuation range of

the "tweeter" mirror is limited to 0:5 microns. This is done to ensure that the physical
limitations of the mirror are not exceeded and to guide the RL algorithms to only correct
the residuals of the "woofer" mirror. More detailed simulation parameters can be seen in
Table 1.

Table 1. Simulation parameters.

Telescope "MagAO-X"

Diameter 6.5 meter
Obstruction ratio 14 percent
Sampling frequency 1000 Hz
Active actuators "woofer" 108
Active actuators "tweeter" 1822
P-WFS subapertures 49x49 apertures
P-WFS modulation 0 /D
Photon ux 0/9 mag 1.2540°/3.1 x10*  photons / frame / aperture
DM coupling (both) 0.3 percent
DM in uence functions "Gaussian"
WES wavelength 0.85 m
Science camera wavelength 1.65 m
Atmosphere parameters
Fried parameter 16 cm @ 500 nm
Number of layers 3
Layer altitudes 0/4/10 km
C2N 50/35/15 percent (%)
Wind speeds 10/26/35 m/s
Wind directions 0/45/180 degrees

LO (m) 30/30/30 m
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Table 1. Simulation parameters. (Continued)
PO4AO parameters

Planning horizon 5 steps
Past DM commands 15 commands
Past WFS measurements 15 frames
CNN ensemble size 5
Dynamics iterations / episode 15 steps
Policy iterations / episode 10 steps
Training mini batch size 32

5.2 Description of experiments

Two different runs are performed using varying GS magnitudes. The rst run is done
using a bright guide star of magnitude 0, limiting the amount of measurement error from
WFS and, as such, testing the operation of the system under optimal conditions. The
second run is done using a GS of magnitude 9, introducing larger amounts of measurement
error to WFS and so testing the system under suboptimal conditions.

Each run of the RL method is 100 episodes long, with each episode being 500 frames. At
1000Hz loop rate this means each episode is half a second's worth of data in real time.
From these episodes, the rst 10 are used for warm-up. During this time both of the
mirrors are controlled using separate integrator controllers to collect baseline data for the
training. For the "tweeter" mirrors controller, binary noise starting at the amplitude of 0
and ending at the amplitude of 0.025 at the nal episode of warm-up is added to show both
the dynamics model and the policy model more varied data. This amplitude is increased
linearly after each episode. After 10 episodes of warm-up, both the dynamics model and
the policy model are trained based on the collected data. In the rest of the episodes, the
RL policy model is used to control the "tweeter" mirror. Also, after every episode, both
the dynamics and policy model are updated based on the new data gathered. The nal
episode is then used to calculate the results for the RL algorithm.

For the integrator controller, the system is slightly modi ed. Only the tweeter mirror is
controlled, but unlike in the case of the RL algorithm its actuation range is not limited.
This is done to ease the optimisation of the integrator system while still providing the
best possible results obtainable by the two mirror system. The integrator controller is
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optimised running it at gains from 0.4-1 at 0.05 intervals for 500 frames and calculating
the total sum of the Strehl values obtained during the time. The gain with the largest
total sum is then used as the nal gain for the comparison. In the nal benchmarking the
integrator is rst ran for 500 frames to let it stabilize and after that the nal results are
computed from the following 500 frames.

5.3 Evaluation criteria

The performance of the system is evaluated on the basis of Strehl values (see Eq. (1)),
PSF images, and coronagraph contrast images. For contrast images radial averages are
calculated and scaled based on the maximum brightness of the science image. For these
contrast images the important factor is the amount of light inside the control radius of
the system. This shows as a circle in the contrast images, and everything outside it is
not controllable by the AO system. Thus, the goal of the AO system is to minimize the
amount of light leaking inside this control radius. The PSF and coronagraph images are
presented in logarithmic scale to emphasize any differences between them.

5.4 Results

The PSF image and coronagraph image from the rst experiment using the RL based
method are presented in Figure 12. The matching images for the integrator controller
can be found in Figure 13. Although both PSF images produce clear Airy disks hinting at
performance close to diffraction limits, the integrators coronagraph exhibits a wind-driven
halo [38] effect, a "butter y" pattern characteristic of temporal error resulting in a loss of
contrast.

The effects of this butter y pattern can also be seen in Figure 14, where the radial averages
of both coronagraphs are shown. The control radius can be observed to be about 75 units,
characterised by the bump in the RL radial average. Inside this radius, the RL based

method results in better contrast.
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Figure 12. Logarithmic PSF and contrast images of RL based method using a GS of magnitude 0.

Figure 13. Logarithmic PSF and contrast images of integrator controller using a GS of magnitude
0.
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Figure 14. Radial averages of coronagraph images using a GS of magnitude 0.

The training results from the rst experiment are shown in Figure 15. The RL based
method can be seen consistently beating the integrator controller after about 40 episodes,
so 20 000 frames/20 seconds worth of data.

Figure 15. Training progress of the RL model using a GS of magnitude 0.
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