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Abstract

Solar thermal tower power plants present a promising solution for scalable renew-
able energy. These power plants concentrate sunlight onto a central receiver using a
field of controllable mirrors called heliostats. However, due to the nature and scale
of these fields, even slight misalignments or mechanical imperfections result in sig-
nificant losses in absorbed power. Traditional open-loop control strategies require ex-
tensive calibration of each individual heliostat, which is time inefficient and can take
anywhere between a few weeks and a few months, and drives up operational cost. Re-
cent work demonstrates the ability of model-free RL methods to dynamically distribute
heliostat aim-points on the receiver’s surface and achieve substantial improvements in
terms of annual absorbed power. Despite the promising results, model-free RL meth-
ods suffer from high sample inefficiency and do not converge reliably. In this thesis,
we address the more difficult task of directly controlling heliostat orientations. By
leveraging analytical gradients from a differentiable simulator, our agents not only
exhibit sample-efficient and reliable convergence but also outperform model-free RL
methods and model predictive control.
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1 Introduction

1 Introduction

The decarbonization of global energy systems requires low-cost renewable energy gen-
eration and sources of stability that ensure dispatchable power. Rapid cost reduc-
tions and large-scale deployment have been achieved by solar photovoltaics and wind
power; however, their intermittency poses challenges for maintaining a reliable supply
[6, 4, 20]. This gap is addressed by Concentrated Solar Power (CSP), which concen-
trates sunlight into high-temperature thermal energy that can be stored cost-effectively
and converted to electricity on demand [5, 16, 19, 12, 18]. A major advantage of CSP
is its compatibility with thermal energy storage (e.g., molten salt), enabling dispatch-
able power generation during periods without sunlight, supporting grid stability and
energy-demand matching.

Figure 1: Over 2000 mirrors concentrate incoming sunlight onto the tips of the solar
tower at Juelich, Germany. Credit: DLR, CC BY-NC-ND 3.0.

In this study, we focus on Solar Tower CSPs (Power Towers). A solar power tower (or
central receiver system) consists of a field of heliostats (mirrors) that track the sun and
reflect sunlight toward a central receiver located on top of a tall tower. However, in
solar tower plants, heliostats must continuously reflect sunlight onto a central receiver.
This results in a major problem in heliostat control since even minute tracking errors
or structural misalignments cause flux to spill outside the receiver, resulting in effi-
ciency losses, increased stress on the receiver, and in worst cases, safety risk. Current
approaches to mitigate this issue requires heliostats to be calibrated with high accu-
racy. However, current calibration procedures are time-consuming, where adjusting a
single heliostat can take about an hour, and considering the fact that this can only be
done when the sun is out, calibrating an entire field of thousands of heliostats may
span several weeks or months. Figure.1 shows one such experimental tower located
at Juelich, Germany.

This traditional approachis inherently open-loop[17, 24], i.e., heliostats are calibrated
based on static measurements under sunlight and the corrections are assumed to re-
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1 Introduction

main valid over time, without continuous feedback. While a closed-loop system[24]
for heliostats can significantly reduce the time needed for calibration and improve
tracking accuracy, such methods need sophisticated sensors or camera on each helio-
stat, which drive up operational costs significantly.

1.1 Motivation

Recent advancements in Reinforcement Learning (RL)[28] have demonstrated promis-
ing results in the area of realtime closed-loop control across a ride range of domains,
such as robotics, autonomous vehicles, process optimization, etc. RL agents can map
observed states directly to corrective actions, which enables them to adapt continously
to changing system dynamics and external noise. This eliminates the reliance on static,
one-time calibrations and instead provides a robust, feedback-driven approach to he-
liostat control.

In the context of heliostat fields, RL can bring similar improvements. Once an RL policy
has been trained, it can continously adjust heliostat orientations in real time based
on the observed flux density at the receiver, fulfilling the role of an effective closed-
loop controller. Unlike traditional closed-loop control requiring per-heliostat sensors,
RL policies can operate on aggregate signals such as receiver-images or simulated
heatmaps, reducing hardware cost while providing a method for dynamic correction.

However, while deep learning in the context of heliostat calibration such as image-
based misalignment detection, geometric error modeling, or heliostat surface defor-
mity modelling, has been explored quite increasingly, very little attention has been
given to Reinforcement Learning in the context of heliostat control for tower CSPs. To
the best of our knowledge, the only closely related work is by Carballo er al. [2], who
apply a deep RL (Soft Actor Critic) approach to optimally distribute aiming points on
the receiver surface to maximize absorbed power. However, this approach does not di-
rectly control heliostat orientations, but rather, it operates at the level of the receiver’s
flux distribution. RL for direct heliostat-level control, enabling continuous real-time
correction of tracking errors and misalignments, thus remains largely unexplored.

It is also important to note that model-free RL methods, while effective, are often
sample inefficient and suffer from unstable convergence. Training such agents usually
requires a large number of interactions with the environment. Additionally, conver-
gence is not always guaranteed and agents can become stuck in suboptimal policies.
To address these limitations, recent research such as Analytic Policy Gradient[31],
Short Horizon Actor Critic [34], and Schnell and Thuerey (2024) [25], leverage dif-
ferentiable simulators to train RL policies more efficiently.

In the context of solar tower CSPs, Pargmann et al. [21] introduced a differentiable
ray-tracing framework that models heliostat-receiver interactions in a physically ac-
curate and differentiable manner. By integrating differentiable simulation with RL, it
becomes possible to improve sample efficiency, stabilize convergence, and providing
a framework for scaling to real-world heliostat fields where interaction data is limited
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and costly to obtain. While this simulator is highly accurate and highly paralleliza-
tion, it remains feature rich and computationally expensive when executed over many
training iterations. In practice, this implies that faster training can be achieved by
employing a simplified, less accurate surrogate simulation that trade physical detail
for computational efficiency.

1.2 Contributions

The overarching goal of this thesis is to advance the control of heliostat fields in solar
tower power plants by leveraging reinforcement learning (RL) within a fully differen-
tiable simulation framework. To achieve this, the two main contribution includes:

1. Differentiable Simulation Environment for Heliostat Optics: A fast, simpli-
fied and higly parallelizable simulator that models the physics of heliostat-tower
interactions, and is computationally more efficient than full-scale ray-tracing
models. This environment serves as a groundwork for pre-training closed-loop
control policies, to be deployed to a real heliostat field.

2. Model-based Reinforcement Learning Framework: A novel RL framework
that directly exploits the differentiable simulator to improve sample efficiency
and performance during training.

1.3 Thesis Structure

The remainder of this thesis is organized as follows: In Chapter 2, we describe the
theoretical foundations necessary to understanding our framework. In Chapter 3, we
talk about the background and past works relevant to the context of our framework,
relating to CSPs, RL, and Differentiable Simulations. In Chapter 4, we define the struc-
ture of our end-to-end differentiable simulation for heliostat optics and describe how
it performs relevant computations. In Chapter 5, we mathematically formulate our
heliostat control task as a Partially Observable Markov Decision Process. In Chapter
6, we talk about our agent’s neural architecture and describe our learning algorithm
(APG). In Chapter 7, we define our experiment setup and provide results for the same.
In Chapter 8, we summarize the empirical findings with respect to the objectives of
our thesis. In Chapter 9 we summarize the contributions of out thesis. In Chapter 10,
we talk about the still open questions and possible future works.
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2 Theoretical Foundation

2 Theoretical Foundation

This research lies at the intersection of scientific areas of Concentrated Solar Power
Plants, Control Theory, and Deep Reinforcement Learning. Hence, the theoretical
foundation of these topics, relevant to this thesis, is summarized withing the next sec-
tion. Additionally, as the above mentioned areas follow different approaches and have
different terminologies, a unified notation and terminology are adopted throughout
the thesis to avoid any ambiguity.

2.1 Concentrated Solar Power Plants

Concentrated Solar Power (CSP) systems can be broadly classified into Parabolic Trough
and Solar-Tower systems. A Solar Tower plant collects solar radiation and focuses that
onto a central receiver area, generating zones of intense energy density (known as
flux), that is much higher than it’s surrounding irradiance. The captured thermal en-
ergy can then be routed to a reactor as heat, where it can either be directly converted
into electricity, stored in a thermal reservoir, or supply high-temperature industrial
process heat.

A key element of a Solar Tower plant is it’s collector, which in the context of this thesis
is the heliostat. Each heliostat is a set of mirror facets, called concentrator, mounted
on a sun-tracking mechanism that reflects and concentrates the solar radiation along
the direction of the receiver’s surface. Multiple heliostats together form a heliostat
field. The heliostat field is required to deliver a uniform, well-regulated flux profile at
the receiver, to minimize efficiency losses, reduce overheating and avoiding structural
damages.

2.2 Heliostat Control

Improving the Solar Tower’s efficiency relies on precise heliostat aiming, which is man-
aged by a Concentrated Solar Power Operating System (CSP-OS), which is the industry
standard for heliostat control. CSP-OS uses ray-tracing to model each of the heliostat’s
expected reflection, and coordinates the heliostat field for optimal flux delivery. For
each heliostat, a digital twin is maintained, which is calibrated against past field per-
formance data.

The CSP-OS platform implements two control strategies: Open-Loop and Closed-Loop
heliostat control. Closed-Loop systems (Figure. 2) continuously update the actuator
positions of the heliostat based on feedback from sensors about deviations from the de-
sired flux density distribution for each heliostat. An Open-Loop system (Figure. 3) on
the other hand updates the actuator positions solely based on calculations performed
on the heliostat’s digital twin, calibrated using past data. Our proposed framework
focuses on solutions for Closed-Loop systems.
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Sensor

Alignment BehaviourController

Target Alignment Actuator Positions

Disturbances

Alignment

-

Figure 2: Closed Loop Control for Solar Tower. A sensor measures the alignment error
and passes it onto a controller which corrects for it and updates the real-world object

Optimizer

Alignment BehaviourAlignment Model

Target Alignment Actuator Positions

Disturbances

Alignment

Figure 3: Open Loop Control for Solar Tower. Alignment error are measured and and
passed onto an optimizer which creates and adapted alignment model. This model is
then used to predict alignment errors and correct them.
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2.3 Differentiable Simulations

In general, a simulation which approximate the behaviour of physical system over
time, which enables controlled experimentation without directly relying on the real-
world system. Widely popular due to Degrave et al. (2016, NeurIPS), differentiable
simulators are simulators which are end-to-end differentiable, i.e., they’re capable of
calculating gradients throughout the entire duration of the simulation, for a desired
objective function, with respect to any desired parameter. Hence, they provide a direct
way to be integrated with deep-learning frameworks and gradient based optimization
methods.

2.4 Alignment Deviation

In the heliostat calibration literature, pointing error (or alignment deviation) is typically
defined as the angular difference between a heliostat’s alignment model prediction and
its actual physical orientation. In our simulation environment, however, heliostats are
modeled without such intrinsic deviations, which creates a challenge when training
control policies intended to operate under real-world conditions. To address this,
we explicitly introduce orientation errors by sampling error angles from a prescribed
probability distribution.

These errors are modeled as small rotations about the East and Up axes. The corre-
sponding angular deviations are parameterized in milliradians (mrad), where

1 mrad = 10−3 rad ≈ 0.0573◦.

The effects of alignment deviations become significantly greater with increase in dis-
tance from the receiver. For large heliostat fields, commonly exceeding a reciever-
heliostat distance of 1000m, even the smallest alignment deviation might lead to he-
liostats potentially missing the receiver [15]. Heliostat calibration literature suggests
that in a commercial setting, a tracking error of ≤ 1mrad [14, 11] should typically be
aimed for.

2.5 Markov Decision Process

A Markov Decision Process (MDP) provides the mathematical framework for sequential
decision making under full observability. An MDP is defined as the 5-tuple

M = (S ,A , P,R,γ),

where S is the set of all possible environment states,A is the set of actions available
to the agent, P(s′ | s, a) is the transition kernel giving the probability of going from
state s to s′ after taking action a, R(s, a) is the expected immediate reward obtained by
taking action a in state s, γ ∈ [0,1] is the discount factor that weights future rewards.

7
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The Markov property requires that the next state and reward depend only on the
current state–action pair, not on the states before it.

The agent tries to find an optimal policy π∗(a | s) that maximizes the expected return

J(π) = Eπ

�∞
∑

k=0

γkrk

�

.

2.5.1 Partially Observable Markov Decision Processes

In many real-world dynamic systems the true state of the environment cannot be ob-
served directly. A Partially Observable Markov Decision Process (POMDP) is an exten-
sion to MDP which handle this uncertainty. A POMDP is defined as the 7-tuple

MPOMDP = (S ,A ,Ω,O , P,R,γ),

where the components S , A , P, R, and γ are as above, and the additional elements
are

• O , the observation space containing all possible observations available to the
agent,

• Ω(o | s, a), the observation model giving the probability of receiving observation
o after taking action a and arriving in state s.

Because the agent receives only observations ok, it maintains a belief state bk(s), a
probability distribution over S that summarizes the history of actions and observa-
tions. A POMDP policy π(a | b) maps belief states to actions so as to maximize the
expected discounted return,

J(π) = Eπ

�∞
∑

k=0

γkrk

�

.

These generic definitions provide the foundation for the heliostat-aiming formulation
presented in the following section.

2.6 Reinforcement Learning

First introduced by by Sutton and Barto, Reinforcement Learning (RL)[28] provides
a computational framework to learn from interaction, in which an agent learns to
achieve a goal by trial and error while receiving evaluative feedback from the envi-
ronment. This area is inspired by the way animals and humans learn from rewards
and punishment. A standard reinforcement-learning framework is defined in terms of
the following interaction elements:

8
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• Agent - The decision-making entity which selects actions in order to maximize
the long-term reward. In our work, the agent’s objective is to learn to control
the heliostat orientation.

• Environment - Everything external to the agent which it interacts with. The
environment changes with respect to the agent’s actions and provides feedback
in form of observation and rewards. In our framework, the environment is the
differentiable heliostat optics simulation.

• Action (ak) - The control signal chosen by the agent at the time step k (which
in our framework, is discrete). A policy π defines the method which the agent
uses to choose its actions.

• Reward (rk) - An evaluation metric returned by the environment after each
action. This indicates the immediate quality of the agent’s choice. The agent
tries to maximize the cumulative reward over time.

• Observation (ok) - The information which the agent actually receives from the
environment, based on which it must act. Note that in a general RL framework,
this is called "state" instead. However, in our POMDP formulation, the state
refers to the latent state of the environment.

The agent is not told which action to take, instead it must discover, through repeated
interaction with its environment, which actions yield the greatest long-term (cumula-
tive) return.

RL algorithms can be classified into one of two categories: Model-Free RL and Model-
Based RL. Model-free methods don’t learn or utilize a transition model of the environ-
ment. The agent improves its policy solely based on the observations and the rewards
received. These approaches typically require a large amount of replay data to achieve
good performance. On the other hand, Model-Based RL methods explicitly learn or
have access to a model of the environment’s dynamics (e.g., transition function and
reward model). The model can then be used for planning or performing look-ahead
search to evaluate future rewards. Model-Based RL methods typically achieve higher
sample efficiency compared to Model-Free methods, i.e., they require less amount of
data to achieve a comparable level of performance. For our framework, we focus on
implementing a Model-Based RL method for heliostat control.

2.7 Machine Learning Training Techniques

Other than our RL agent’s architecture and optimizer, there exist several techniques in
Machine Learning literature to optimize a model’s training capacity and generalization
performance by adjusting it’s hyperparameters. Hyperparameters are values which
control the model training behaviour, which are defined outside the training loop.
Such techniques relevant to our framework are summarized below.

9
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2.7.1 Learning-Rate Scheduler

The learning rate controls the step size of each parameter update for our neural net-
work. A scheduler automatically adjusts this rate during training. Typically, a sched-
uler starts with a larger value for the learning rate to encourage rapid progress and
gradually reducing it to allow fine convergence. In our experiments we use a Reduce-
on-Plateau scheduler, which monitors a validation metric and lowers the learning rate
whenever the metric fails to improve for a predefined number of epochs. This adaptive
scheme helps avoid stagnation and often leads to better final performance compared
with a fixed learning rate schedule.

2.7.2 Weight-Decay Regularization

In machine learning, the complexity of the patterns to be learned, remains generally
unknown. Hence, the model’s complexity should be at least as high as to match the
pattern’s complexity. However, a model much more complex than required can lead
to overfitting, where the model starts to "memorize" the training data and when eval-
uated on the training, can predict correctly. However when evaluated on data point
unseen during training, the predictions are mostly incorrect.

Weight decay penalizes a model’s complexity by adding an ℓ2 penalty to the loss func-
tion, discouraging large parameter magnitudes and thus reducing overfitting. It effec-
tively pulls the weights toward zero during optimization, leading to smoother, more
generalizable models.

2.7.3 Dropout

Dropout randomly "disables" a subset of activations during each forward pass, pre-
venting units from over-reliance on any particular activation. At inference time all
units are used, with their outputs scaled to account for the dropped connections. This
regularization is simple but highly effective at improving generalization.

2.7.4 Layer Normalization

Layer normalization standardizes the activations within a layer by subtracting their
mean and dividing by their standard deviation. It normalizes across features within
a single training example, making it well suited to for recurrent networks and small
batch sizes. This stabilizes gradients and often accelerates convergence. It is also a
standard practice for training modern Transformer architectures, where layer normal-
ization is applied before or after each attention and feed-forward block to maintain
stablility during training.
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2.8 Neural Networks

Modern reinforcement-learning agents frequently use deep neural networks as func-
tion approximators. Below we briefly summarize several key architectures that are
relevant to our work. A complete technical description of Neural Networks is beyond
the scope of this thesis, hence the only the topics in the context of Neural Networks
which are relevant to our framework is described below.

2.8.1 Multilayer Perceptrons

A Multilayer Perceptron (MLP) [23] or a feed-forward network composed of stacked
layers of affine transformations followed by non-linear activation functions. MLPs
are universal function approximators and form the basic building block for Neural
Network architectures.

2.8.2 Transformer

The Transformer [29] architecture substitutes recurrent computation with self-attention
mechanisms, allowing each element of a sequence to attend to all others in parallel.
This design enables efficient modeling of long-range dependencies and is the founda-
tion of most current state-of-the-art sequence models, including large language mod-
els.

2.8.3 Recurrent Neural Networks and LSTM

Recurrent Neural Networks (RNNs) process sequences by maintaining a hidden state
that is updated at each time step. They are well suited to tasks where temporal con-
text is important. The Long Short-Term Memory (LSTM) [8] variant introduces gating
mechanisms (input, forget, and output gates) to alleviate vanishing- and exploding-
gradient problems, enabling the network to capture long-term dependencies more
reliably.

2.8.4 Residual Networks

Residual Networks (ResNets) [7] incorporate skip connections that add the input of a
layer to its output. These identity shortcuts ease the training of very deep networks
by mitigating gradient degradation, allowing stable optimization of hundreds or even
thousands of layers.

While this section only provides a high-level overview, these architectures serve as fun-
damental building blocks for the models later described in our reinforcement learning
framework.
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3 Related Work

Due to the popularity of Reinforcement Learning, and the high impact of CSPs as
a source of renewable energy, multiple advancements relating to heliostat modelling,
differentiable simulators, and reinforcement learning in differentiable simulators have
been published. Relevant to our work are three aspects of these publications.The first
aspect being designing a fast, end-to-end differentiable optics simulation which mod-
els the interactions between the sun, heliostats and the receiver. The second aspect
being comparison to RL baselines heliostat aiming. While no work in literature ad-
dresses the task of directly controlling the heliostat orientation directly via RL, we talk
about the next most similar similar task of selecting aim-points on the receiver surface.
The third aspect being algorithms leveraging differentiable simulations, which act as
a basis for this work’s methodology.

3.1 Differentiable Raytracing For Solar Tower Plants

Pargmann et al. (2023) [21], developed an end-to-end differentiable raytracer for
applications within solar towers. This raytracer is designed using PyTorch and allows
automatic differentiation. Automatic differentiation is a method that builds a gradient
graph by adding each node’s gradient. The chain rule can be used to extract the gradi-
ent for a node’s children using the gradient graph. Each equation is broken down into
its most basic calculations, which are then added to the gradient graph. This allows
for a gradient of a chosen loss function, with respect to some other parameters in the
graph, to be passed along the graph. Hence allowing us to update such parameters
with gradient based optimizers such as gradient decent, or Adam.

The nature of this ray-tracer, allows us to calculate the gradients of the flux-density at
the receiver, and the alignment error, with respect to our heliostat actuators’ positions.

3.2 Reinforcement Learning for Heliostat Aiming

Carballo et al. (2025)[2] Proposes using a model-free deep RL algorithm called Soft
Actor–Critic (SAC) to optimizing the aim-points for heliostats over the receiver re-
mains to maximize energy capture while ensuring operational safety.

However, distributing aim-points on a planar surface is a much easier task for an RL
agent compared to controlling heliostat orientations, since in the former task, the
agent does not need to account for the sun’s position, the distance and orientation of
the receiver, and the mechanical errors while rotating the heliostat on its axes.
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3.3 Reinforcement Learning in Differentiable Simulations

Wiedemann et al. (2022)[31] proposes Analytical Policy Gradient lerning (APG), which
exploits the availability of differentiable simulators by training a controller offline with
gradient descent on the tracking error.

They also provide comparison to both Model Predictive Control (MPC) and Proximal
Policy Optimization (PPO) for its tasks, which also offers a useful benchmark for our
own framework.
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4 Simulation Environment

Select Action 
(normal vector)

Rotate normal 
vector by error angles

(unobserved)

Reflect incident ray along the  
rotated normal vectors

Compute Flux Density 
Map

Geometric Model Optical Model

Figure 4: Overview of the differentiable heliostat simulation, depicting the geometric
model (error-perturbed normals) and the optical model (ray reflection, receiver inter-
section, and flux density map computation).

In this section, we define how our simulation performs forward calculations. We first
start with by formally defining components of our heliostat field, the sun position, the
receiver, and the heliostat, then we describe how we calculate the desired ray direction
and the ideal normal vector, and then talk about how rotational errors around the he-
liostat axis are sampled and applied to our desired normal vector to get a misaligned
normal vector. We conclude with details about computing the actual reflected ray di-
rection, its interaction with the receiver surface and the flux density map generation.
All of these computations were implemented in PyTorch[22], ensuring end-to-end dif-
ferentiability. The overall workflow of our environment is summarized in Figure.4.

4.1 Coordinate System

The simulation environment is defined in a right-handed Cartesian coordinate system
(Figure.5), where the X-axis points East (E), the Y-axis points North (N), and the
Z-axis points Up (U). All distances and geometric quantities, such as heliostat posi-
tion, target position, receiver dimensions, etc., are expressed in meters. Heliostats are
always positioned at the horizontal plane Z (Up) = 0

4.2 Scene Geometry

4.2.1 Mathematical Formulation of the Environment

Heliostat Since our framework does not deal with surface properties of the helio-
stat, and we only have one heliostat in our current framework, the heliostat can is
completely represented by a position vector h ∈ R3.
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Figure 5: Global coordinate system of the differentiable heliostat environment, show-
ing the East (X), North (Y), and Up (Z) axes

Target (receiver) The target is defined by its position and normal: crec ∈ R3, n̂rec ∈
R3 with ∥n̂rec∥ = 1. The target plane is spanned by orthogonal basis vectors ûrec, v̂rec

(aligned with Up–Z, East–X axes). In our experiments, these vectors are:

crec =





0
−5
0



 , n̂rec =





0
1
0



 , ûrec =





0
0
1



 , v̂rec =





1
0
0



 .

Hence we define the target as the tuple y= (crec, n̂rec, ûrecv̂rec).

Sun vector The sun position (Figure.6) s⃗ ∈ R3 is sampled from a cone and then
normalized. First, a central axis a is constructed from azimuth φ ∈ [0, 360◦) and
elevation θ ∈ [0,90◦] angles (in degrees) as

a =





cos(θ) cos(φ)
cos(θ) sin(φ)

sin(θ )



 , â=
a
∥a∥

.

To obtain a uniform distribution of sun directions within a cone, we parameterize the
cone in spherical coordinates relative to its central axis. A naïve uniform sampling of
the polar angle would bias points towards the cone’s rim; instead, one samples cosϑ
uniformly. Concretely, we draw

µ∼U [0, 1], cosϑ = 1−µ
�

1− cosα
�

,

which ensures that cosϑ is uniformly distributed on the interval [cosα, 1], correspond-
ing to polar angles ϑ ∈ [0,α] with correct density. A locally azimuthal angle

ϕ ∼U [0,2π)
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Azimuth

Elevation

Figure 6: Sun-direction parameterization. The azimuthφ (red) and elevation θ define
the central axis a

is drawn independently to provide a random rotation around the cone axis. Together,
the pair (ϑ,ϕ) specifies a direction vector inside the spherical cap of half–aperture α
in a uniform manner.

Then, we define the local direction as

ˆ⃗s = cosϑ â+ sinϑ
�

cosϕ ûsun + sinϕ v̂sun

�

,

where {ûsun, v̂sun, â} is an orthonormal basis with axis â. Finally, the sun vector is
obtained as

s⃗ =
ˆ⃗s

∥ˆ⃗s∥
.

This procedure ensures that s⃗ is uniformly distributed on the spherical cap defined by
the cone around the azimuth–elevation direction.

Ideal Normal Vector Calculation For the heliostat h, the incident ray direction dinc

and the desired reflected ray direction d
⋆ref are defined as

dinc =
h− s⃗
∥h− s⃗∥

, d
⋆ref =

crec − h
∥crec − h∥

.

The corresponding ideal unit normal is computed as

n⋆h =
d
⋆ref − dinc

∥d⋆ref − dinc∥
.
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Desired Normal Normal with Induced Error

Figure 7: Left: Desired heliostat normal. Right: Heliostat normal after inducing align-
ment error on an axis

4.2.2 Orientation Errors (in mrad) and Rotation

To enable our policy to adapt to varying mechanical misalignment, for each heliostat,
small orientation errors about the Up (Z) and East (X ) axes are sampled. Figure.7
illustrates how a heliostat rotates after an error of huge magnitude is induced into
one of its axis.

δe,δu ∼
i.i.d.
U [0,Θδ] [mrad],

and converted to radians via θe = δe · 10−3, θu = δu · 10−3. The normal is rotated by
Rx(θe)Rz(θu), applied component-wise to a batch. Writing n= (x , y, z)⊤,

Rz(θu)n=





cosθu − sinθu 0
sinθu cosθu 0

0 0 1



n=





xu

yu

zu



 ,

Rx(θe)





xu

yu

zu



=





1 0 0
0 cosθe − sinθe

0 sinθe cosθe









xu

yu

zu



=





x ′

y ′

z′



 .

Up-component rectification Since the hemostat’s normal vector pointing down-
wards is neither realistic, and is neither physically feasable , after rotation, the z-
component (“Up”) of the heliostat normal vector is passed through a ReLU(subsection A.2)
and re-normalized. We define this function as follows:

rect([x , y, z]) =
(x , y, ReLU(z))
∥(x , y, ReLU(z))∥

Actual mirror normal Hence the resulting normal after applying the above perbu-
trations to our selected normal vector nh is :

nactual
h = rect(Rx(θe)Rz(θu)nh)

In both our experiments and practical applications, the vector nactual
h is not directly

observable.
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4.3 Flux density map Computation

4.3.1 Specular Reflection

For a given incident direction dinc and a surface normal nactual
h , the reflected unit direc-

tion used in our environment is

d̂ref = dinc − 2
�

dinc · nactual
h

�

nactual
h .

4.3.2 Ray–Plane Intersection

The reflected ray is parametrized as ρ(κ) = o+ κ d̂ref, where o = h is the ray origin
(the heliostat position) and d̂ref is the unit direction vector of the reflected ray. The
target surface is represented as a plane

{x : (x− crec) · n̂rec = 0},

with crec a reference point on the plane (e.g. the receiver center) and n̂rec the unit
normal of the plane.

The intersection parameter κ is found via

denom = d̂ref · n̂rec, κ =
(crec − o) · n̂rec

denom
,

guarded by the condition |denom| > ϵ with small ϵ to avoid division by nearly zero.
If this condition is violated, the ray is considered invalid (parallel to the plane). Oth-
erwise, the intersection point is

q = o+κ d̂ref.

For implementation, we keep a per-ray validity mask m ∈ {0, 1}, equal to 1 for valid
intersections and 0 otherwise.

4.3.3 Target Plane Grid

Let the image resolution be Nu × Nv pixels. Define equispaced coordinates

um ∈
�

− Lu
2 , Lu

2

�

, vn ∈
�

− Lv
2 , Lv

2

�

, m= 1, . . . , Nu, n= 1, . . . , Nv,

and construct the grid points

Xm,n = crec + um ûrec + vn v̂rec.
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4.3.4 Distance–Dependent Gaussian Kernel (Per Ray)

For the intersection q, define the heliostat–to–intersection distance

D = ∥q− h∥, σ = max{κD, ε},

with small ε for numerical stability and a scale factor κ > 0. The (unnormalized)
Gaussian kernel on the grid is then

G(m, n) = exp

�

−
∥Xm,n − q∥2

2σ2

�

·m,
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5 Problem Formulation

In this chapter, we provide a mathematical formalization for our heliostat-control task
as an optimization problem. In the following sections, we formulate our control task
as a Partially Observable Markov Decision Process (POMDP), taking into account the
limited access to observable inputs for our agent. The objective for the agent is to
discover a policy which maximizes the long-term alignment performance for heliostats.
Figure.8 demonstrate the complete RL setup for our task.

Optical Model

Reward
Function

||

Agent

E
n
vi
ro
n
m
en

t

Observation

Reward
Action

Geometric Model
Irradiance Map

Figure 8: Reinforcement-learning formulation of the heliostat-control task. The agent
observes the flux-density images and auxiliary features, selects mirror-normal actions,
and receives rewards based on the environment’s reward functon.

5.1 Partially Observable Markov Decision Process (POMDP) for
Heliostat Aiming

We formulate control as a discrete–time finite-horizon Partially Observable Markov
Decision Process. Formally, we define the POMDP as a 7-tuple

M = (S ,A ,Ω,O , P,R ,γ), t = 0, 1,2, . . .

Where the components are defined as follows:

5.1.1 State space

The state space S is the set of all possible states st of the environment at time step t.
This is expressed as the Cartesian product:

S =C ×H ×Φ×Ψ,

where C is the set of all receiver configurations, defined as the set of all possible
tuples y. H is the set of all heliostat positions h ∈ H, H ⊂ R3. Φ is the set of all

21



5 Problem Formulation

possible alignment errors, such that Φ = [0,Θδ]2, δ = (δe,δu) ∈ Φ, where Θδ is the
maximum alignment error in mrad. Ψ is the set of all sun positions s⃗ ∈ Ψ, Ψ ⊂ R3.
Intuitively, S is the set of latent states, which includes components which the agent
might not observe. Within an episode, the true state s = (y,h,δ, s⃗) remains fixed and
does not change over the timesteps.

5.1.2 Action Space

The action spaceA is a set of all possible actions which the agent can perform. In our
framework, the agent produces the normal vector for our heliostat, we can formally
define our action space as

A =N ,N =
�

n ∈ R3 : ∥n∥= 1
	

5.1.3 Observation Space

The Observation Space O is the set of all possible observations which the agent receives
in our framework. This is defined as the Cartesian product

O = RNu×Nv ×Ψ ×H ×N

with ot = (It , s⃗,h,nt−1), ot ∈ O , where It is the flux density map observed after taking
the action at−1.

5.1.4 Transition Model

Because y,δ, s⃗ and h are stationary within an episode, the latent state does not change
after taking an action. Hence the state is static, and the observation model carries
all action-dependencies via the rendering pipeline. where δst

�

st+1

�

is the Dirac delta
distribution w.r.t. st (Appendix A.3).

P(st+1 | st , at) = δst

�

st+1

�

,

5.1.5 Observation Model

In our framework, we consider the simulator as a differentiable function

f : S ×A −→ RN×N ×R3 ×R3 ×R3 ×R,

which maps the current latent state and applied action to the next observation and
reward. Given the current (constant) state st = s = (y,h,δ, s⃗), and the action at , the
environment forms the actual normal, using our error model

ot = (It , s⃗,h,nt−1) = f (st , at)

(according to our environment model) Thus, our observation kernel is deterministic
given st and can be expressed as a Ω(ot+1|st , at) = δ(It+1,s⃗,h,at )(ot+1)
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5.1.6 Reward Function

The agent is trained to maximize the alignment quality of the heliostat orientation. At
each time step t, we define the alignment error as the angular deviation (in milliradi-
ans) between the actual mirror normal and the ideal one:

ℓalign(t) = 103 arccos

�

nactual
t · n⋆h,t

∥nactual
t ∥∥n⋆h,t∥

�

[mrad]. (1)

It’s important to note that in practice, a small value of ϵ = 10−7 is added to the denom-
inator of the arccos(·) function to ensure numerical stability during training, however
as a result of this, the numerical floor of our alignment loss function is > 0 (which
was tested and found to be0.3462mrad ). The instantaneous reward is chosen as the
negative alignment error, so that maximizing reward is equivalent to minimizing the
misalignment:

rt =

(

−ℓalign(t), if t = T,

0, otherwise,
(2)

Thus the return maximized by the agent is

J(π) = Eπ,P

�

T
∑

t=0

γt rt

�

= − Eπ,P

�

T
∑

t=0

γt ℓalign(t)

�

.

Intuitively, this means that the agent is rewarded whenever its predicted mirror normal
closely matches the ideal one. The closer the alignment (i.e., the smaller the angular
error), the higher the reward. By maximizing cumulative reward, the policy learns to
minimize systematic orientation errors over time.

5.1.7 Reward Discount

In our formulation we set the discount factor to γ= 1. This choice is motivated by the
fact the we only get a single reward value at the terminal episode, hence calculating a
weighted average over rewards provides no visible advantage. Moreover, implement-
ing a non-zero γ in practice in our current setup is not very straightforward.

5.2 Evaluation metric (not optimized during training).

For reporting only, we compute the mean squared error (MSE) between the target flux
map and the flux induced by the agent’s action:

MSE(t) =
1

NuNv

Nu
∑

m=1

Nv
∑

n=1

�

Ipred[m, n; t]− Itarg[m, n; t]
�2

,

where Ipred is obtained from the reflected rays defined by at and the current scene,
and Itarg is the desired flux density map.
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6 Architecture and Model Training

6.1 Overview

In this chapter of the thesis, we talk about the current neural-network architecture
and the training procedures used for our heliostat-control policy. We define how our
model processes sequences of flux density maps, extracts geometric features, encodes
temporal dynamics, and outputs normalized surface normals for our heliostat. We
further discuss the analytical policy gradient formulation, backpropagation through
time, gradient stopping for inputs, and the fine-adjustment layer used in our training.

6.2 Network Architecture

Transformer
Encoder Block

CoM Block

Fully Connected Block

Fine Adjustment Block

Figure 9: The policy architecture of our agent. Consisting of a Center of Mass Block,
a transformer encoder block (optionally replaceable with LSTM / MLP) a final MLP
head and a fine-adjustment layer

In the following sections, we describe the components of our agent’s policy (Figure.9)
network and discuss how each of the component processes visual and auxiliary input
to produce the agent’s actions.

6.2.1 Sequence Input

Instead of operating on a single flux density map in isolation, at each decision step t,
the network maintains a history of the most recent k flux density maps:

Ht = {It−k+1, It−k+2, . . . , It}.

This temporal context lets the policy exploit the change in flux distributions rather
than relying solely on the instantaneous image. In addition to this, our architecture

25



6 Architecture and Model Training

also uses a dedicated mechanism for temporal dependencies through the hidden state
that is updated across time-steps (detailed later in section6.2.3). However, the flux
density map sequence input lets us reinforce this temporal context so that out policy
doesn’t rely solely on the hidden state as the source of sequential information.

6.2.2 Center-of-Mass (CoM) Block

Each frame Iτ ∈ Ht is passed through a differentiable center-of-mass (CoM) operator
that reduces the 2D flux density map to a compact geometric descriptor. The CoM
operator extracts the flux centroid, which provides a computationally fast way of pre-
serving alignment-relevant spatial information while ignoring irrelevant pixel-level
details.

Center of Mass operator Given an image x ∈ RH×W with non–negative pixel inten-
sities x i, j ≥ 0 (treated as mass values), the two–dimensional center of mass (CoM) is
defined as the intensity–weighted average of the pixel coordinates.

Let the horizontal and vertical coordinate grids be

X i, j = j, Yi, j = i,

for i = 0, . . . , H − 1 and j = 0, . . . ,W − 1.

The total mass of the image is

M =
H−1
∑

i=0

W−1
∑

j=0

x i, j,

and the weighted sums of the coordinates are

X (w) =
H−1
∑

i=0

W−1
∑

j=0

j x i, j, Y (w) =
H−1
∑

i=0

W−1
∑

j=0

i x i, j.

The center of mass coordinates (xcom, ycom) are then

xcom =
X (w)

M + ϵ
, ycom =

Y (w)

M + ϵ
,

where ϵ > 0 is a small constant (e.g. 10−12 in our experiments) added for numerical
stability when M is close to zero.

In the degenerate case M = 0 (no mass in the image), the CoM is defined as the
sentinel value

(xcom, ycom) = (−1,−1).

Output The resulting features are then projected into an embedding space via a
linear layer with nonlinearity and dropout.
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6 Architecture and Model Training

6.2.3 Temporal Encoding

The CoM block provides a compact representation of each flux density map frame,
however, the policy also needs to utilize how the flux distribution pattern changes
over time when our agent keeps taking actions over the steps.

In order to do so, as a first step, the agent maintains a history of the last k frames,
which are mapped into feature vectors and stacked to form a temporal sequence:

{νt−k+1,νt−k+2, . . . ,νt}.

The purpose of the temporal encoder is to extract sequential dependencies from this
history, thereby complementing the purely instantaneous information of the CoM fea-
tures. We investigate three encoder families:

Transformer A 2-layer Transformer encoder takes the feature sequence (νt−τ:t) (con-
text length τ) to capture temporal dynamics. Additionally, we augment the Trans-
former encoder with a persistent hidden-feature state ht at its output. This enables
temporal credit assignment even with a single-frame context window (τ= 1).

Let zt denote the last-token embedding output by the encoder given the current image
window. We update

ht = zt + ht−1, h0 = 0,

A self-attention encoder capable of modeling long-range dependencies within the k-
frame window. In addition to the standard transformer formulation, our architecture
introduces a temporal carry-over mechanism that allows information to persist across
rollouts.

LSTM A recurrent encoder consisting of hidden and a cell states that are updated
at every timestep. This is designed to naturally retain memory of past frames and
enforces temporal consistency across predictions.

MLP A feed-forward baseline that takes in only the most recent τ frames. The tem-
poral context of this is limited to the number of frames it takes in. This provides a
lightweight comparison point and demonstrates the value of incorporating other ex-
plicit temporal contexts the policy.

By design, our architecture can interchangeably employ any of these encoders with
ease depending on our experimental setting.

6.2.4 Final MLP Head and Action Normalization

The temporal encoder outputs a feature vector zt ∈ Rdz at timestep t. This is con-
catenated with an auxiliary input xt ∈ R3+3, formed by joining the unit sun direction
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s⃗ ∈ R3 with the applied action from the previous step at−1 ∈ R3:

xt = [ s⃗ ∥ at−1 ].

The combined representation

ut = [zt ∥xt] ∈ Rdz+6

is passed through a multi-layer perceptron (MLP), which outputs

ãt ∈ R3.

The action is updated recursively by adding the new prediction to the previous action
and normalizing the final output:

at =
at−1 + ãt

∥at−1 + ãt∥
,

This formulation can be interpreted as a residual update rule[10], i.e., the network
predicts an incremental correction ãt to the previous action at−1, rather than a full ac-
tion from scratch. Such residual connections are known to stabilize training and im-
prove convergence by encouraging incremental refinements instead of large changes.

At the first timestep t = 1, we consider the action a0 to be the 3-dimensional zero
vector

a0 = 0.

6.2.5 Gradient Stop Operation

To improve stability, we apply a gradient-stop operator sg(·) to both the flux density
map history and the auxiliary input before they are passed into the policy network:

Ĩt−k+1:t = sg(It−k+1:t), x̃t = sg([s⃗ ∥ at−1]) .

Here, sg(·) is defined as
∂

∂ z
sg(z) = 0,

This implies that the forward pass is unaffected (sg(z) = z) but no gradients are prop-
agated backward through z.

While unrolling long sequences, this mechanism prevents exploding or unstable gra-
dients, particularly under backpropagation through time (BPTT) [30], It ensures that
temporal dependencies are modeled primarily through the recurrent/transformer state,
while the inputs to the policy network themselves act as fixed conditioning signals dur-
ing gradient updates.
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6.2.6 Fine-Adjustment Layer

We consider the prediction produced by the above network as a coarse prediction,
i.e., it is already sufficient to direct flux onto the receiver, ensuring that images are
neither blank nor far from the desired focal spot. However, to refine this estimate
further, we introduce a fine-adjustment (test-time compute)[9] layer. This layer applies
a small correction directly in the action space, nudging the flux density closer to the
intended target flux density location on the receiver surface. The mechanism leverages
the differentiability of the environment to optimize this correction with respect to
an image-based error while keeping the policy parameters fixed. It is only through
the inclusion of this refinement step that our method qualifies as a fully model-based
approach. A detailed description of this component is provided later in Section. 6.3.4.

6.3 Training Procedure

6.3.1 Analytical Policy Gradients

We adopt the Analytic Policy Gradient (APG)[31] approach, which leverages the dif-
ferentiability of both the policy πθ and the environment model f to compute exact
gradients of the resulting reward function with respect to the policy parameters via
the chain rule:

∇θ J(πθ ) =
∂ r
∂ at
·
∂ at

∂ θ
,

where at is the action predicted by our policy π at time t and rt denotes the reward
signal produced by our differentiable environment f .

Unlike likelihood–ratio methods such as REINFORCE[32, 33], Actor-Critic[13], PPO[27],
or TRPO[26] which rely on Monte Carlo sampling to estimate ∇θ J , APG provides us
with the exact gradient information, letting us update our policy directly using stan-
dard gradient-based methods (e.g. SGD, Adam), without the stochastic noise typically
associated with sampling-based estimators, and thus leads to more stable training,
higher sample efficiency, and faster convergence.

In our setting, the environment simulator f is fully differentiable, making APG a
straightforward choice.

6.3.2 Sampling a Trajectory over Fixed Horizon

Training proceeds by rolling out trajectories of fixed length T . At time t, the policy-
network produces a raw output

ãt = πθ (ot−1, ht−1) ∈ R3, with
∂ ãt

∂ ot−1
= 0 (gradient stop operation),
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||⋅|| ||⋅|| ||⋅|| ||⋅||

Figure 10: The unrolled trajectory graph for our Analytical Policy Gradient setup.The
initial oo is obtained by taking the ideal normal as the action and passing it to our
environment f .

which is added to the previous applied action via a residual update and then normal-
ized as

vt = at−1 + ãt ∈ R3, at =
vt

∥vt∥
∈ R3,

Thus the network predicts increments ãt and the residual path at−1 → at enforces
temporal smoothness.

Environment transition and reward We distinguish the latent state st from the
observable ot . Given the current state and applied action, the differentiable simulator
provides the next observation and reward,

(ot , rt) = f (st−1, at),

while the (possibly separate) differentiable dynamics update the latent state,

st = g(st−1, at).

In our experiments, the reward is terminal-only:

rt =

¨

0, t < T,

fr(sT , aT ), t = T,

so the objective reduces to J = rT . As noted earlier, gradients do not flow through
observations (∂ ãt/∂ ot−1 = 0) due to the stop-gradient operator applied at the policy
input.

The environment provides the initial observation o0, at the beginning of the episode,
which consists of the initial flux density map, the sun position, and the ideal normal
vector (as a best initial guess) as features. We initialize the applied action as the zero
vector

a0 = 0 ∈ R3,

At the first decision step, the policy πθ takes the observation o0 and produces an action
a1 ∈ R3. This action is passed into the differentiable simulator f , which applies it to
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the heliostat field, renders the resulting flux density map distribution on the receiver
plane, and returns the next observation o1 together with a reward signal r1.

The same procedure is repeated iteratively for t = 1, . . . , T : at each timestep, the
policy πθ maps the current state st−1 to an action at , the environment simulator f
produces the new observation ot , and a reward rt is computed. Thus, we represent a
full trajectory as

(o0, a1, r1, o1, a2, r2, . . . , oT−1, aT , rT , sT ).

This rollout (Figure.10) procedure forms the basic training sample for the analytical
policy gradient updates described in the previous section.

6.3.3 Backpropagation Through Time

Local Jacobians for normalization The Jacobian of block-normalization v̂ = norm(v) =
v/∥v∥ is

∇vt
at =

∂ at

∂ vt
=

1
∥vt∥

�

I3 − at a⊤t
�

∈ R3×3,

where vt = at−1 + ãt . Hence

∇at−1
at =

∂ at

∂ at−1
=
∂ vt

∂ at−1

∂ at

∂ vt
= ∇vt

at , and ∇ãt
at =

∂ at

∂ ãt
=
∂ vt

∂ ãt

∂ at

∂ vt
= ∇vt

at ,

Backprop from Terminal Reward Our differentiable simulator f provides the gra-
dients of the reward r = fr(sT , aT ) with respect to last action aT directly as:

∇aT
r =
∂ fr(sT , aT )
∂ aT

.

We can then recursively backpropagate through our previous action aT and all the
actions before as:

∇at
r =

∂ r
∂ at

=
∂ at

∂ at−1

∂ r
∂ at

=∇at−1
at ∇at

r =∇vt
at ∇at

r

Gradients w.r.t. policy output, parameters, and hidden state Since at depends
on ãt through the same normalization,

∇ãt
r =

∂ r
∂ ãt

=
∂ at

∂ ãt

∂ r
∂ at

=∇ãt
at ∇at

r =∇vt
at ∇at

r

For our policy-network’s parameters θπ,

∇(a)
θπ

r(t) =
∂ r
∂ θπ

=
∂ ãt

∂ θπ

∂ r
∂ ãt

=∇θπ ãt ∇ãt
r,
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Gradients of the reward w.r.t. the policy parameters ∇θπ r(t) also flows through the
hidden state ht as follows:

∇ht
r =

∂ r
∂ ht

=
∂ ãt

ht

∂ r
∂ ãt

=∇ht
ãt ∇ãt

r

∇(h)
θπ

r(t) =
∂ ht

∂ θπ

∂ r
∂ ht

=
∂ ht

∂ θπ
∇ht

r

We provide a complete derivation of ∂ ht
∂ θπ

for our augmented transformer architecture
in the Appendix. Finally, we accumulate our gradients ∇θπ r as follows:

∇θπ r =
T
∑

t=1

�

∇(a)
θπ

r(t)
︸ ︷︷ ︸

direct action path

+ ∇(h)
θπ

r(t)
︸ ︷︷ ︸

hidden–state path

�

=
T
∑

t=1

�

∇θπ ãt ∇ãt
r +

∂ ht

∂ θπ
∇ht

ãt ∇ãt
r
�

.

6.3.4 Test-Time Adjustment Layer (Fine Adjustment)

At inference time we augment the policy output with a small, randomly initialized
optimizable offset that is adapted online using the differentiable simulator. Let āt ∈ R3

denote the raw policy action at step t and reshape(·) split it into per-heliostat vectors.
The applied action is

at = Normalize
�

āt + ε
fine
t

�

,

where εfine
t ∈ R

K×3 is a persistent fine-adjustment variable updated by a few gradient
steps at each time step. This stems from the idea that āt gives us a coarse alignment
normal, which produces a flux density near to the center of the receiver but not at
the center of the receiver, and we iteratively update the small offset vector (which
nudges our agent’s action output) εfine

t based on an image loss between the desired
flux density map and the current flux density map.

Image Loss Given the rendered flux density map I j produced by our environment
after taking action at = , and target flux density map Y, to penalize dissimilar images,
we define a distance map[3] weighted error as follows:

1. We normalize both maps by the maximum of the target flux: Let

Ymax := max
x ,y

Y(x , y),

and define the normalized maps

Ȳ(x , y) :=
Y(x , y)

Ymax
, Īk(x , y) :=

Ik(x , y)
Ymax

.
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Normalize Normalize Normalize Normalize

...

target image 
(ground truth)

target image 
(ground truth)

target image 
(ground truth)

Figure 11: Test-time adjustment layer: a small persistent offset εfine is optimized online
via a few gradient steps, first using a distance loss and then MSE, with normalization
after each update.

2. For a threshold ι ∈ (0, 1) (default τ= 0.5), define the binary mask

M(x , y) := 1[ Y(x , y)> ι Ymax ] .

3. The associated Euclidean per pixel distance transform is

D(x , y) := min
(u,v):M(u,v)=1

Æ

(x − u)2 + (y − v)2.

4. The per-pixel absolute error is

E(x , y) :=
�

� Īk(x , y)− Ȳ(x , y)
�

�.

5. The distance map weighted error for a single heatmap is

ℓfine :=
H
∑

x=1

W
∑

y=1

D(x , y) E(x , y).

Inner-loop update. With the policy held fixed (no gradients to θ), we run K steps
of first-order optimization on εfine:

εfine
t,0 ∼U (−η,η), (3)

εfine
t, j+1 = ε

fine
t, j −α

fine∇εfineℓfine
t

�

Normalize(āt + ε
fine
t, j )
�

, j = 0, . . . , K − 1. (4)

We then apply nt using εfine
t,K . The gradients are computed through the differentiable

optics model f ; the policy output āt is detached during this inner loop to keep test-time
compute isolated.
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Budget and stability. K is small (e.g. 5–20) and step size αfine is tuned to respect
a tight compute budget; we optionally clip εfine or project nt to maintain unit norms
and safety constraints. Figure 11 illustrates the layer.

6.4 Summary of Design Choices

To summarize:

• CoM block compresses flux density maps into low-dimensional features.

• Temporal encoding via LSTM, Transformer, or MLP variants.

• Gradient blocking stabilizes long rollouts.

• Fine-adjustment layer enables model-based refinement.

• Recursive action update ensures continuity across timesteps.

• Analytical policy gradients and BPTT provide efficient and stable optimization.

6.5 Assumptions

1. Fixed sun position (per episode). Sun azimuth/elevation are held constant
within an episode to isolate control from celestial motion.

2. Discrete time with step ∆t. Actions are piecewise constant over ∆t, matching
realistic actuator update rates.

3. No exogenous disturbances. We ignore wind, cloud transients, mirror soiling,
and tower blockage to focus on alignment control.

4. Heliostat error model. The only intrinsic errors are small angular misalign-
ments about the East and Up axes, sampled in milliradians.
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7 Results

In this section, we provide the empirical evaluation of our proposed learning frame-
work for heliostat control. Our experiments evaluate the ability of the trained policies
to reliably minimize flux misalignment across a varying range of heliostat distances,
induced error magnitudes, and evaluation time-steps. We first define our training and
testing setup. We then report quantitative results in terms of misalignment reduction,
image-loss reduction and compute times.

7.1 Experimental Setup

All experiments were conducted under the following default settings, unless stated
otherwise:

• Heliostat geometry: A single heliostat placed at a distance of 1500 m from the
receiver, aligned on the ground plane.

• Receiver: Square target of side 15 m, centered at crec = (0,−5,0)⊤ with surface
normal n̂rec = (0, 1,0)⊤.

• Resolution: Flux maps rendered at 128× 128 pixels.

• Error model: Mirror orientation perturbations sampled with standard deviation
5 mrad around the ideal normal.

• Training procedure: Rollouts of horizon T = 10 with context length k = 2.

• Policy architecture: Transformer backbone with hidden size 128, trained with
AdamP optimizer (learning rate 2 · 10−4, gradient clipping at 10−7).

• Training Sun Positions: We select 8 nominal azimuth/elevation pairs. For each
pair, 500 sun positions were uniformly sampled within a ±2◦ cone around the
nominal direction.

• Testing Sun Positions: To evaluate the generalization of our policy, we select 2
nominal azimuth/elevation pairs unseen during training:

1. An interpolation case, defined as the average of the training azimuth/elevation
pairs (unseen by the policy but lies within the spanned range).

2. An extrapolation case, chosen outside the training range.

For each of these, 60 sun positions were sampled within a ±2◦ cone around the
nominal direction.

• Sample Size: Each metric was averaged over 5 different runs, corresponding to
5 different random seeds.
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7.1.1 Training and Test Sun Directions

For training, we sample N = 8 nominal sun positions by varying the azimuth angle
in steps of ∆φ = 4◦, starting from φ = 15◦, and pairing them with corresponding
elevation values such that the maximum deviation in elevation is bounded by 18◦.
The nominal training points are summarized in Table 1, given as azimuth–elevation
pairs in degrees.

Table 1: Nominal training sun positions (azimuth and elevation angles).

Index Azimuth (°) Elevation (°)

1 15 45
2 19 59
3 23 63
4 27 63
5 31 59
6 35 45
7 39 27
8 43 5

In addition to these training points, we define two distinct test scenarios:

• Interpolation: The average sun direction across the training distribution, ex-
cluding the first three nominal positions. This yields an effective interpolation
point at (φ ≈ 33.0◦,θ ≈ 57.0◦), representing an unseen but in-distribution test
configuration.

• Extrapolation: A shifted sun position outside the training distribution, defined
by (φ = 9◦,θ = 43◦), i.e. an azimuthal offset of −1.5∆φ and an elevational
offset of −0.5∆φ.

Figure 12 visualizes this setup: the black circles mark the training points, while the red
highlighted circles correspond to the interpolation and extrapolation test directions.

7.2 Comparison against Baseline

As a baseline, we compare against a model predictive control (MPC) method, which
optimizes the mirror orientation at each step starting from the ideal normal as ini-
tial action. This provides an upper bound on achievable performance under perfect
initialization.

Figure.13 illustrates that our APG agent successfully minimizes flux misalignment in
both extrapolated and interpolated sun direction scenario cases. Quantitatively, our
APG achieves a much lower error levels to MPC within T = 30 steps (Table.2).
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Figure 12: Sun direction sampling strategy. Training positions (black) are placed on a
structured azimuth–elevation grid. The test cases are highlighted in red: the average
of the training distribution (Interpolation) and an out-of-distribution shifted position
(Extrapolation).
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Figure 13: Comparison for MSE over time-steps for our APG framework v/s Model
Predictive Control. For MPC, we set the initial guess for the action to be our ideal
normal vector and optimize henceforth. Left : Performance over extrapolated sun
position, Right: Performance over interpolated sun position
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Method Extrapolated sun Interpolated sun

Agent 0.3462 mrad 0.3472 mrad
MPC 0.9932 mrad 0.8981 mrad

Table 2: Final pointing error (mrad) for unseen sun directions.[lower is better]

Model-free baselines. We also experimented with state-of-the-art model-free rein-
forcement learning algorithms, including TRPO, SAC, and PPO, using the same obser-
vation and reward structure. However, these approaches failed to produce meaningful
results: in most runs the policies were unable to direct rays onto the receiver at all,
resulting in empty or near-empty flux density maps. We attribute this failure to the
high-dimensional continuous action space and the absence of strong geometric priors.
We believe that with additional well-crafted constraints and a carefully designed cur-
riculum learning[31, 1], model-free algorithms could become competitive, but due to
time limitations, a deeper investigation into this direction was left for future work.

7.3 Flux Density Shift over Steps

We plot the Center of Mass calculated over the flux-density maps for 60 representative
roll-out with similar settings. All 60 of these instances have an induced error sampled
from U [0,25] mrad. This is because later in Section.7.4.2, we see that [0, 25]mrad
is the range where our agent almost starts to fail to get to sub 1 mrad error, which is
at a sweet spot where after the first step, the centroids are still quite away from the
center, however we don’t fail to converge to the center.

Figure 14: Center of mass for 60 instances rolled out over 30 steps and plotted at
every 3 steps. All instances have induced errors sampled from a uniform [0, 25]mrads
distribution

We first evaluate the impact of varying the heliostat-receiver distance while keeping
all other parameters fixed. Table.3 summarizes the minimum angular errors and the
relative time required to reach them.
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7.4 Effects of Varying Parameters

In this section, we want to study the effects of each key factors of our framework in.
Hence when we vary each of the following property, we keep all the others the same
as their default values:

• Heliostat distance: 15m, 150 m, and 1500m, from the reciever.

• Induced Error scale: δ ∈ {5,10, 25,45}mrad.

• Fine Adjustment: We test with Fine adjustment always on, always off and only
on during testing.

• Fine Adjustment steps: K ∈ {5,10}.

• Training horizon: Extended rollouts with T ∈ {5,10, 15}.

• Sequence Length: Past frames τ ∈ {1, 2,4}.

• Policy architecture: Multilayer perceptron (MLP), recurrent LSTM, and Trans-
former encoder (More details about this is are in Appendix.A.4).

7.4.1 Effect of Heliostat Distance

Distance (m) Extrapolated sun Interpolated sun

15 0.3462 mrad 0.4060 mrad
150 0.3467 mrad 0.3477 mrad
1500 0.3462 mrad 0.3472 mrad

Table 3: Average minimum angular error (mrad) at different heliostat distances
for extrapolated and interpolated sun positions. Values are averaged over multiple
runs.[lower is better]

Across all distances(Figure. 15), the policies converge to a minimum angular error
(Table.3) of approximately 0.346 mrad, which represents the numerical floor imposed
by our implementation of the angular error function. This indicates that, once well-
trained, the agent is able to reach the same effective accuracy regardless of heliostat
distance.

Nevertheless, heliostat distance has a direct physical influence on the system. Because
the same angular error translates into a larger positional offset at longer distances,
misaligned rays at 1500m can spill over the receiver boundary or miss it entirely,
whereas the same angular deviation at 15 m remains well contained. Thus, while the
measured angular error metric saturates at the same level, the risk of flux spillage
and efficiency loss increases substantially with distance. This effect is reflected in the
boundary loss and in qualitative flux patterns, which become more sensitive to small
deviations when the heliostat is placed farther away.
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Figure 15: Average test alignment error over training episodes, for heliostate distance
= 15m, 150m and 1500m. Left : Performance over extrapolated sun position, Right:
Performance over interpolated sun position

7.4.2 Effect of Induced Error Scale

We next analyze robustness with respect to different levels of induced mirror orien-
tation error. A baseline misalignment of 5mrad is already considered a poor calibra-
tion scenario, since modern optical calibration techniques can typically achieve lower
errors. However, the long-term goal of our framework is to enable calibration-free
heliostat operation, so we evaluate at larger error scales of 10, 25, and 45mrad. Ta-
ble 7.4.2 summarizes the minimum angular errors achieved under extrapolated and
interpolated sun positions.

Induced error (mrad) Extrapolated sun Interpolated sun

5 0.3462 mrad 0.3472 mrad
10 0.3477 mrad 0.3472 mrad
25 0.8125 mrad 0.4663 mrad
45 11.4414 mrad 3.9158 mrad

For both extrapolated and interpolated settings, the policies converge to the same
numerical floor of ≈ 0.346 mrad for 5 and 10 mrad induced errors, indicating that the
framework can fully compensate for these levels of miscalibration (Table. 7.4.2 and
Figure.16).

The performance degradation only becomes evident at higher error scales: at 25 mrad
the agent still recovers to below 1mrad average misalignment in both cases, which
is considered a good operating regime in the literature. At 45 mrad, however, perfor-
mance drops sharply, with average errors of 3.9–11.4 mrad, confirming that extreme
misalignments remain beyond the corrective capacity of the current policy.

7.4.3 Effect of Fine Adjustment

We finally evaluate the role of the fine-adjustment layer, comparing three modes:
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Figure 16: Average test alignment error over training episodes, for a max induced
alignment error of 5mrad, 10mrad, 25mrad, and 45mrad: Performance over extrap-
olated sun position, Right: Performance over interpolated sun position. The perfor-
mances after inducing a max of 5mrads and 10mrads remain mostly similar

1. Always: Fine adjustment is active during both training and testing.

2. Off: Fine adjustment is disabled throughout.

3. Test-only: Fine adjustment is used only during testing (not training).

When training with fine adjustment enabled, the first 50 episodes are always run with-
out it to ensure that the agent learns a coarse alignment strategy before relying on
fine-tuning.

Setting Extrapolated sun Interpolated sun

Always 0.3462 mrad 0.3472 mrad
Off 6.5210 mrad 8.8244 mrad
Test-only 0.3472 mrad 0.3457 mrad

Table 4: Achieved minimum angular error (mrad) with different fine-adjustment set-
tings.[lower is better]

Table 5: Average relative time to best loss (min) with different fine-adjustment set-
tings.

Setting Extrapolated sun Interpolated sun

Always 79.23 38.49
Off 48.12 25.31
Test-only 41.29 24.74

These results confirm that fine adjustment is a key component of our framework:
without it, the agent remains several milliradians off-target (6–9mrad), whereas en-
abling fine adjustment consistently reduces errors to the sub-1 mrad range(Table.4 and
Figure. 17), which is considered acceptable in the literature.
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Figure 17: Average test alignment error over training episodes. This plot shows perfor-
mance over three settings, one where fine alignment is akways enabled, one where it
is always disabled, and one when it’s only enabled during test time. Left Performance
over extrapolated sun position, Right: Performance over interpolated sun position

Interestingly, enabling fine adjustment during training does not improve the final ac-
curacy compared to using it only at test time: both settings converge to the same
error floor of ≈ 0.346mrad. However, training with fine adjustment comes at the cost
of longer convergence times (Table. 5), since the inner optimization loop is repeat-
edly invoked during learning. Therefore, while test-time fine adjustment is essential,
training-time fine adjustment is not strictly necessary for achieving high accuracy and
may be avoided to accelerate training.

7.4.4 Effect of Fine-Adjustment Step Count

We vary the number of inner optimization steps performed in the fine-adjustment
block, comparing K = 5 and K = 10.

Fine-adj. steps Extrapolated sun Interpolated sun

K = 5 0.3533 mrad 0.3637 mrad
K = 10 0.3462 mrad 0.3472 mrad

Table 6: Minimum angular error (mrad) with different numbers of fine-adjustment
steps.[lower is better]

Fine-adj. steps Extrapolated sun Interpolated sun

K = 5 47.05 50.50
K = 10 79.23 38.49

Table 7: Average relative time to best loss (minutes) with different numbers of fine-
adjustment steps.
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Takeaways. Increasing the fine-adjustment iterations from 5 to 10 improves the
achieved minimum error in both settings:

• Extrapolated: 0.3533mrad→ 0.3462mrad (improvement of ≈ 0.007mrad).

• Interpolated: 0.3637mrad→ 0.3472mrad (improvement of ≈ 0.017mrad).

The average relative time to reach best loss remains comparable across the two set-
tings, suggesting that doubling the number of inner steps primarily refines the fi-
nal alignment rather than increasing convergence cost. Thus, allocating 10 fine-
adjustment steps yields consistently lower residual error at almost no penalty in run-
time(Table.6 and Table.7), and is therefore preferable in practice.

7.4.5 Effect of Training Horizon
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Figure 18: Average test alignment error over training episodes. This plot shows per-
formance over three settings for our training’s horizon-length, namely T=5, T=10 and
T=15. Left Performance over extrapolated sun position, Right: Performance over in-
terpolated sun position

We now evaluate the influence of the training horizon T on performance (Figure.18
and Table.8). All policies are evaluated for 30 rollout steps, but trained with horizons
of T = 5, T = 10, and T = 15.

Training horizon T Extrapolated sun Interpolated sun

5 0.4971 mrad 0.3453 mrad
10 0.3462 mrad 0.3472 mrad
15 0.3462 mrad 0.3467 mrad

Table 8: Minimum angular error (mrad) [lower is better] with different training hori-
zons.
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Training horizon T Extrapolated sun Interpolated sun

5 28.32 19.57
10 79.23 38.49
15 93.81 55.82

Table 9: Average relative time to best loss (minutes) with different training horizons.

The results highlight a tradeoff between training time and accuracy. Short horizons
(T = 5) converge quickly but fail to reach the 0.346 mrad error floor in the extrap-
olated case, plateauing around 0.50mrad. Longer horizons (T = 10 and T = 15)
reliably reach the error floor, but require significantly more time to converge(Table.9).
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Figure 19: Tradeoff Plot between average min-error and average time to best loss,
evaluated over all T. The plots cross over at T

By visually inspecting the tradeoff plot , Figure.19, we observed that the accuracy–time
curves cross around T = 8, suggesting that this would have been the optimal compro-
mise. However, due to time constraints and the high computational cost of re-running
all experiments, we adopted T = 10 as the default training horizon in our framework.

7.4.6 Effect of Sequence Length (k past flux density maps)

We vary the number of past frames τ ∈ {1,2, 4} fed to the policy, while keeping all
other defaults fixed. Tables 10and11 report the achieved minimum angular error and
the average time to reach it.

Takeaways. Across both extrapolated and interpolated settings, performance is es-
sentially invariant to the history length: all configurations converge to the same ≈
0.346–0.347 mrad error floor with modest variation in time-to-best. This indicates
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k frames Extrapolated sun Interpolated sun

1 0.3462 mrad 0.3457 mrad
2 0.3462 mrad 0.3472 mrad
4 0.3472 mrad 0.3453 mrad

Table 10: Minimum angular error (mrad) vs. sequence length k.[lower is better]

Table 11: Average relative time to best loss (minutes) vs. k.

k frames Extrapolated sun Interpolated sun

1 58.40 22.29
2 79.23 38.49
4 63.92 25.35

our augmented Transformer architecture can operate effectively with just the current
frame (τ = 1). Mechanistically, two factors explain this: (i) the rollout maintains a
short image buffer but always includes the latest frame (so τ = 1 already suffices to
inform the step) and (ii) the Transformer path carries a latent state forward by adding
the previous step’s feature as a residual (ht) to the current token’s representation,
thereby propagating information without needing long explicit histories. In code, the
image history is packed into a sequence and the Transformer’s last-token features are
residually combined with the prior state to yield ht , which is then reused at the next
step.

Implication. Using τ = 1 lowers compute and memory while preserving accuracy.
This is useful for real-time deployment. The learned carry-over ht (plus the incremen-
tal update of predicted normals across steps) supplies the necessary temporal conti-
nuity even from single-frame inputs.

7.4.7 Effect of Model Architecture

We compare three policy backbones, namely, MLP, LSTM, and Transformer, under iden-
tical training and evaluation protocols. Table 12 reports the achieved minimum angu-
lar errors for both extrapolated and interpolated sun positions.

Architecture Extrapolated sun Interpolated sun

MLP 0.4086 mrad 0.3457 mrad
LSTM 0.3467 mrad 0.5678 mrad
Transformer 0.3462 mrad 0.3472 mrad

Table 12: Minimum angular error (mrad) by architecture. [lower is better]
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Figure 20: Average test alignment error over training episodes, for Transformers,
LSTMs and MLP backbones. Left : Performance over extrapolated sun position, Right:
Performance over interpolated sun position

Takeaways.

• All architectures reach sub-1 mrad in at least one setting, confirming that our
training pipeline and fine-adjustment block can drive errors into the desirable
regime.

• In the extrapolated case, LSTM and Transformer are essentially tied at the nu-
merical floor (≈ 0.346mrad), while MLP lags behind.

• In the interpolated case, Transformer and MLP are similar (both at the floor),
whereas LSTM degrades (≈ 0.568mrad).

Why we choose Transformer. The Transformer encoder provides (i) strong perfor-
mance in both regimes and (ii) better training-time generalization: our logs show the
test losses for MLP and LSTM begin to rise (overfitting) much earlier, i.e., around
episode ∼ 200 and ∼ 400 for the interpolated setting, and ∼ 500 and ∼ 400 for the
extrapolated setting. However, the Transformer resists overfitting until much later
(Figure.20) (around episode ∼ 600 interpolated and not until ∼ 900 extrapolated,
which is our maximum training step). These observations align with the architectural
details in our code: the Transformer path aggregates frame features via attention and
carries a compact latent forward (ht) by residual addition at the last token, which
stabilizes learning without requiring explicit recurrence state management.
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8 Discussion

In this chapter, we summarize the empirical findings with respect to the objectives of
the thesis and the assumptions of our framework, highlighting practical implications
for closed-loop heliostat control and outlining the possible limitations for real-world
deployment. We conclude with design recommendations summarized from our re-
sults.

8.1 Robust closed-loop control

Across varying distances and induced error ranges, our proposed model-based RL
pipeline consistently drives the angular misalignment of the heliostat into the sub-
1 mrad range, approaching the numerical floor of our alignment metric for both the
interpolated and extrapolated sun directions for resting. This indicates that (i) our
differentiable optics environment provides gradients which are sufficient for heliostat
control, (ii) the learned policy generalizes well to sun positions not seen during train-
ing.

8.2 Role of the fine-adjustment layer

A key observation is that the test-time fine adjustment layer is decisive, i.e., disabling it
raises the residual error by several mrads, whereas enabling it reduces misalignment
error to the numerical floor of our alignment metric. This indicates a split of respon-
sibilities: the APG policy learns fast, coarse alignment, while a low cost, inner-loop
exploits image-based losses and the local geometry of the differentiable simulator to
finish the alignment task. Training with fine adjustment enabled, however, did not
improve final accuracy compared to test-only usage, and only increased convergence
time, suggesting a strategy where we train without the fine alignment and evaluate
with the fine alignment.

8.3 Horizon and temporal context

Training with a horizon of T = 10 yields better performance than training with T =
5, but increasing the horizon to T = 15 brings no further improvement in terms of
performance. This suggests that the performance gains stagnate at around T = 10,
while the computation cost keeps increasing, revealing a tractable performance-time
trade-off. Surprisingly, performance is nearly invariant to the choice of length of the
image history (k ∈ {1,2, 4}). The transformer’s hidden-state carry over, together with
the residual action update, appear to be sufficient for temporal credit assignment.
Suggesting that singe-frame inputs can be viable for real-time use.
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8.4 Choice of Architecture

While all tested backbones can succeed in bringing the alignment error down to a
sub-1 mrad range, the Transformer provided the most stable performance across the
interpolated and extrapolated sun directions, with relatively delayed overfitting com-
pared to MLP and LSTM. This supports using an attention-based temporal encoder
when the observations are in the form of a compact geometric descriptor (CoM in our
framework), along with the previous actions and the sun direction.

8.5 Distance and induced-error sweeps

Our RL pipeline exhibits the ability of the lower induced angular errors converge to
the same numerical floor across the distances. The physical consequences of a fixed
angular error increases greatly with distance due to the optical error arm. Hence, even
small residual errors have a magnified effect. Scaling the induced error reveals a clear
operating envelope: the policy compensates fully up to 10 mrad, remains robust at
25 mrad (sub-1 mrad averages), and degrades at 45 mrad. This sets a useful baseline
for specifying expected calibration drift tolerances for closed-loop heliostat control.

8.6 Implications for CSP operations

8.6.1 Latency and compute budget

Since the learned policy executes in a single forward pass, and the test-time fine ad-
justment only adds a small inner loop, our pipeline would be quite effective for real
time deployment. For embedded deployment: (i) an MLP can be used in place of a
transformer to favour a smaller model size with minimal performance loss, (ii) latency
can be further optimized by setting the number of fine-adjustment steps and the step
size, with well crafted accuracy-latency trade-offs.

8.6.2 Shifting from per-heliostat sensors to aggregate signals

Our results show that policies trained on the reciever-plane’s flux density map can
correct heliostat misalignments without the need for per-heliostat on-board sensor.
In practice, this could lower field instrumentation costs, given that the reciever sens-
ing pipeline (camera or radiometer) is reliable, synchronized with the heliostat, and
robust to glare, weather and soiling.

8.7 Why our pipeline works

Three modeling decisions appear to be the key for the functionality of our model:
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1. Residual, normalized actions: predicting increments in action and renor-
malizing yields a well-conditioned Jacobian ∂ at/∂ vt = ∥vt∥−1(I − aa⊤), which
regularizes gradient flow and discourages large, destabilizing jumps.

2. Two-stage control: coarse policy lets us exploit learned global priors and the
fine-adjustment lets us exploit the local curvature (via differentiation), combin-
ing sample efficiency with final-accuracy guarantees.

3. Center-of-Mass (CoM) features: The CoM layer reduces each flux density map
to compact geometric descriptors (flux centroids). This provides the policy with
stable, low-dimensional, computationally fast inputs that emphasize the geom-
etry of misalignment, improving efficiency.

8.8 Limitations

8.8.1 Single-heliostat model

All our experiments use a single heliostat. Multi heliostat interactions (including oc-
clusion, inter-reflections, shadowing, tower blockage) is not modeled in our frame-
work. Policies might require retraining or constraints when many heliostats interact
and receive feedback through a shared flux density map.

8.8.2 Simplified optics and error model

We ignore the effects of facet-level surface errors, and speckle and restrict the intrinsic
misalignments to rotations about two axes. Real fields exhibit wind gusts, wear and
tear, and other time-varying biases. These omissions risk optimistic accuracy.

8.8.3 Episode stationarity

In our framework Sun and error remain fixed within an episode. Real-world operation
includes slow drifts additional exogenous disturbances (clouds). Although the con-
troller acts repeatedly, it has not been evaluated on realistic distribution shift within
single episodes, which may degrade performance.

8.8.4 Metric floor

The angular metric saturates near a numerical floor. Hence, conclusions about “equal-
ity” between settings should be revisited with a measurement function which has a
floor at 0 mrad.
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8.9 Design recommendations

Based on the results of out experiments and practical considerations, we recommend:

• Backbone: Transformer encoder with single-frame CoM features, residual state
carry over, and residual action updates.

• Training: A horizon T ≈ 8− 10 as a good performance v/s training time com-
promise. Train without fine adjustment.

• Inference: Enable test-time fine adjustment with ∼ 10 inner steps.
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9 Conclusion

The findings of this thesis affirm that reinforcement learning framework, combined
with a differentiable heliostat-optics simulator, serves as a functional proof of concept,
our proposed system establishes a practical baseline for future RL-based approaches
for real-time, closed loop heliostat control.

To summarize our contributions, we developed (i) a end-to-end differentiable helio-
stat optics simulator can provide analytic gradients of flux densities, alignment error,
and geometric properties of our heliostat fields, which enables direct integration with
gradient-based optimization algorithms. (ii) a model-based RL pipeline that trains
a residual, normalized-action policy network using APG and combines it with a dif-
ferentiable fine-adjustment layer, achieving alignment errors well below 1mrad (the
current standard for good calibration techniques) across a varying range of heliostat
distances, induced error magnitude and unseen sun position.

Together these components deliver a controller that executes in real time, requires no
per-heliostat sensors, and outperforms model-free RL techniques and model predic-
tive control. In practical terms, heliostat control primarily runs on open-loop control,
requiring a calibration time of about an hour for a single heliostat, and several weeks
for a few months. Our closed-loop framework operating on a single flux density im-
age, lays the groundwork for calibration-free, real-time heliostat control. Additionally,
our simplified and parallelizable simulator provides a platform for pre-training RL or
other ML based control strategies, which can later be fine-tuned on more accurate
raytracing simulator to train more realistic controllers.
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10 Outlook

The introduced framework within this thesis for model-based RL control enables fur-
ther research that could not be investigated due to time constraints. Outlooks for such
further investigations have been collected throughout the duration of this thesis and
are summarized in the sections below

10.1 Changing Sun position over time

In this work, we assumed the sun direction to be fixed withing an episode. However,
the sun direction changes continuously, introducing a slow exogenous drift during
operations. This also changes the ideal orientation vector over time. While our agent
seems to generalize to any given sun position, the sun position being fixed over the
entire duration of the episode implies that the agent has to guess the correct normal
vector once and not change it. Hence further investigation is needed into the agent’s
capacity to adapt to a non-stationary sun position.

10.2 Multiple Heliostat Control

Our current differentiable simulator already allows us to have multiple heliostats and
generate flux density map for the combined field, in parallel across multiple simula-
tions. However due to sanity-checks failures and the time required to tune and fix bugs
in the heliostat optics simulator code, we were largely constrained to working with a
single heliostat for most of the duration of the thesis. This leaves a huge scope of
adapting the current RL framework to multiple heliostats in parallel. However, since
the current CoM block works with the overall flux density map’s mask, and provides
only one centroid, multiple heliostat control would require replacing the CoM block
with a different feature extractor, e.g., Convolutional layers.

10.3 Fine Tuning in a higher fidelity raytracing simulations

Our simulator, while being fast and working with the basic laws of optics, does not
provide realistic training scenarios such as surface deformations, weather conditions,
blocking and shading from other heliostats, for our agent to be directly adapted to a
real-world Solar Tower Plant. However there are two possible approaches to doing so,
(i) to pre-train inside our simulation and to fine-tune inside a higher fidelity simulation
which better match real world conditions, (ii) use our simulation to train the coarse
alignment policy block and replace the model inside the fine-alignment block with
a higher fidelity differentiable simulator. Approach (ii) would provide a way for the
current simulator to be used in a more realistic scenario right out of the box with no
further training required.
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A Appendix

A Appendix

A.1 Derivative of ht w.r.t. θπ (additive carry)

Recall the augmented state update

ht = zt(θπ) + ht−1, h0 = 0,

Since zt does not depend on on ht−1. By the chain rule,

∂ ht

∂ θπ
=
∂ zt

∂ θπ
+
∂ ht−1

∂ θπ
.

Unrolling from h0 yields the closed form

∂ ht

∂ θπ
=

t
∑

k=1

∂ zk

∂ θπ
.

A.2 ReLU activation function

ReLU(x) =

(

0, x ≤ 0,

x , x > 0.

A.3 Dirac delta distribution

The Dirac delta δ(x) is a generalized function (distribution) that is zero everywhere
except at the origin and integrates to one. Formally, for any smooth test function φ,

∫ ∞

−∞
δ(x)φ(x) d x = φ(0).

More generally, δ(x − a) represents a unit point mass at x = a and satisfies
∫ ∞

−∞
δ(x − a)φ(x) d x = φ(a).

In probability terms it is a distribution concentrated at a single point.

Here δα
�

β
�

denotes a Dirac measure centered at α, indicating that the variable β
equals α with probability one.
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A Appendix

A.4 Policy Network

• Input

– Flux–image sequence I ∈ RB×T×C×H×W

– Auxiliary vector xaux ∈ RB×(3+3N)

• Per–frame Encoder (COMEncoder)

– CenterOfMass2D→ 2-D coordinates

– Linear (2→ denc)— depth: 1 layer

– Dropout (p)

– GELU

– Default: denc = 128, p = 0.3 (configurable)

• Temporal / Sequence Block (selected via –architecture)

– LSTM: single-layer LSTM, hidden size dlstm (default 128) — depth: 1 recur-
rent layer

– Transformer: L encoder layers (default L = 2), each with H attention heads
(default H = 8), model dimension denc — depth: L stacked layers

– MLP: uses last-frame encoding only — no additional depth

• Feature Fusion Concatenate the temporal feature with xaux.

• Prediction Head

– LayerNorm — depth: 1

– Linear
�

dfeat + daux→ 256
�

— depth: 1

– Dropout (p)

– GELU

– Linear (256→ 3× Nheliostats)— depth: 1

• Output Surface-normal predictions n̂ ∈ RB×Nheliostats×3.
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