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Sequential Experimental Design for X-Ray CT
Using Deep Reinforcement Learning

Tianyuan Wang , Felix Lucka , and Tristan van Leeuwen

Abstract—In X-ray Computed Tomography (CT), projections
from many angles are acquired and used for 3D reconstruction.
To make CT suitable for in-line quality control, reducing the
number of angles while maintaining reconstruction quality is
necessary. Sparse-angle tomography is a popular approach for
obtaining 3D reconstructions from limited data. To optimize its
performance, one can adapt scan angles sequentially to select the
most informative angles for each scanned object. Mathematically,
this corresponds to solving an optimal experimental design (OED)
problem. OED problems are high-dimensional, non-convex, bi-
level optimization problems that cannot be solved online, i.e.,
during the scan. To address these challenges, we pose the OED
problem as a partially observable Markov decision process in
a Bayesian framework, and solve it through deep reinforcement
learning. The approach learns efficient non-greedy policies to
solve a given class of OED problems through extensive offline
training rather than solving a given OED problem directly
via numerical optimization. As such, the trained policy can
successfully find the most informative scan angles online. We
use a policy training method based on the Actor-Critic approach
and evaluate its performance on 2D tomography with synthetic
data.

Index Terms—X-ray CT, optimal experimental design, adaptive
angle selection, reinforcement learning.

I. INTRODUCTION

X -RAY Computed Tomography (CT) is a non-destructive
method widely used to evaluate the quality of complex

internal structures in industrial parts. However, there is a trade-
off between high-quality reconstruction and scanning speed,
as a time-consuming full 360-degree rotation is typically
needed to obtain comprehensive information. Kazantsev [1]
and Varga et al. [2] have pointed out that angles are not equally
informative. Therefore, reducing the number of angles by
extracting more informative data can help to improve the trade-
off between reconstruction quality and scanning efficiency.
This trade-off can be formulated as a bi-level optimization
problem with respect to angle parameters [3]. The low-level
optimization problem formulates the image reconstruction
based on the chosen, limited projection data, while the high-
level optimization problem finds angles that optimize the
reconstruction quality.

Bayesian Optimal Experimental Design (OED) is a mathe-
matical framework that enables the acquisition of informative
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measurements while minimizing experimental costs [4, 5]. In
Bayesian OED, the prior distribution represents the current
belief about the underlying ground truth, while the posterior
distribution refers to the updated belief after taking into
account the new measurements obtained through the selected
design. The difference between the prior and updated posterior
reflects the change in uncertainty or equivalently the amount
of information gained from the experiments. In simultaneous
experimental design, we apply this procedure to select the
optimal viewing angles in a single step, while in sequential
experimental design, the goal is to select the viewing angles
step-by-step, based on the projection data that has been
collected so far [6]. It is this variant of the experimental design
problem that we are interested in, as it can adapt the selected
viewing angles to the object under investigation.

Two widely used methods for measuring the uncertainty re-
duction or information gain in Bayesian OED are D-optimality,
and A-optimality [7]. D-optimality measures the information
gain using the Kullback-Leibler divergence to compare the
posterior and prior distributions, while A-optimality computes
the expected error between the underlying ground truth and
the reconstruction.

However, the high dimensionality, computational cost, and
typically unknown or unobtainable prior distribution prevents
the direct application of the aforementioned technique for
sequential optimal design in real-time CT imaging.

Several methods have been proposed to address these is-
sues. Implicit prior information has been the focus of some
researchers. To this end, Batenburg et al. [8] and Dabravolski
et al. [9] used a set of template images comprising Gaussian
blobs to represent prior distribution samples and introduced
an upper bound [10] to approximate the information gain,
indicating the solution set’s diameter. Gaussian distribution has
been used as a tractable method for the prior distribution in
[7]. Burger et al. sequentially selected the projection angle and
the source-receiver pair’s lateral position considering a specific
region of interest and explored Bayesian A- and D-optimality
to update the posterior in the covariance matrix and mean after
each experimental step. Helin et al. [11] extended this work
to non-Gaussian distributions and employed a Total Variation
(TV) prior to enhance edges. In practice, a lagged diffusivity
iteration generated a series of Gaussian approximations for
the TV prior. Additionally, Barbano et al. [12] proposed a
linearized deep image prior that incorporated information from
the pilot measurements as a data-dependent prior. They then
used a conjugate Gaussian-linear model to determine the next
informative angles sequentially. However, these methods can
be time-consuming and are not well-suited for fast in-line
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applications.
In an industrial context, the use of Computer-Aided Design

(CAD) models is a common form of prior information. CAD
models enable of�ine optimization by allowing angle acqui-
sition using simulation tools. Fischeret al. [13] used a CAD
model of the object to optimize task-speci�c trajectories based
on the detectability index proposed by Staymanet al. [14]. The
detectability index is computed using the modulation transfer
function and noise power spectrum to evaluate its �tness with
a user-de�ned frequency template. In addition to task-speci�c
optimization, Herlet al. [15] considered data completeness
optimization using a Tuy-based metric. Meanwhile, Bussy
et al. [16] obtained a complete set of angles using either a
simulation model or a CAD model and then used the discrete
empirical interpolation method and related variants to sub-
sample from the set of angles. Once a trajectory is optimized
of�ine sequentially by a CAD model, it can be applied fast
in the real application. Nonetheless, the alignment of the opti-
mized trajectory outcome to the real-world coordinate system
through proper registration is crucial before executing the real
scan [17]. Hence, these methods lack genuine adaptability in
in-line applications.

In terms of the methods discussed above, achieving adap-
tivity while maintaining a fast scan for in-line settings still
presents a signi�cant challenge. Additionally, informative an-
gles are typically selected in a greedy manner after evaluating
all available angle candidates. In the �eld of medical CT,
Shen et al. [18] addressed this issue by training a deep
reinforcement learning agent on a medical CT image dataset
to personalize the scanning strategy sequentially. They utilized
a gated recurrent unit as a policy network that maps all
the previous measurements to a probability distribution over
discrete angles and a radiation dose fraction. The next angle is
chosen by sampling from this distribution. This way, around
60 are chosen sequentially.

We also leverage deep reinforcement learning to address
the aforementioned challenges in our work but we focus on
the application of industrial, in-line CT inspection instead
of medical CT: We are considering very few scan angles
(< 10), simple image features, but a potentially large inter-
subject variation due to arbitrary placement and changing
samples. For these reasons, we diverge from [18] by using
the reconstruction space as the main state variable, avoiding
problems caused by the increasing number of measurements.
Due to this we use very different network architectures to
parameterize the learned policy. By employing a deep re-
inforcement learning approach, we can train the policy to
facilitate adaptive angle selection, offering a more ef�cient
alternative to solving the high-dimensional, non-convex, bi-
level optimization problem. Figure (1) illustrates the proposed
reinforcement learning approach for X-ray CT to solve this
OED problem.

The contributions of this work include a novel formulation
of the angle selection problem as a Partially Observable
Markov Decision Process (POMDP), the use of the Actor-
Critic approach from the �eld of reinforcement learning to
address the OED problem, and the development of an adaptive
approach that can be fast applied in in-line CT applications.

Fig. 1. The interaction between the environment and the agent during policy
training

The structure of this paper is as follows. In section II,
we present the background on CT reconstruction, Bayesian
OED, and reinforcement learning. In section III, we discuss
the formulation of this experimental design as a POMDP
and describe the computation of the policy gradient using
the Actor-Critic approach. We provide a set of numerical
experiments in section IV to assess the performance of our
proposed method. Finally, in section V and section VI, we
discuss and summarize our �ndings.

II. BACKGROUND

A. CT Reconstruction

In sparse-angle tomography, the challenge lies in accurately
reconstructing an image from incomplete measurement data,
where only a limited number of angles are acquired. This
inverse problem is severely ill-posed, meaning that small errors
in the measurements could result in a large reconstruction
error, or that several reconstructions are consistent with the
measurements [19]. The Filtered Back-Projection (FBP) al-
gorithm, a traditional analytical reconstruction method, has
limitations when used for sparse-angle tomography. It assumes
that the measurements are acquired over the full angular range,
resulting in inferior reconstructions when applied to limited
data [20].

To address this challenge, it is necessary to incorporate prior
information into the reconstruction algorithm to compensate
for the limited data [20, 21]. Regularised algebraic reconstruc-
tion methods have been proposed to incorporate such prior
information ef�ciently. When applied to limited data, these
can result in more stable and accurate reconstructions.

Therefore, we represent the object that we would like to
reconstruct as�x 2 Rn wheren 2 N represents the number of
pixels or voxels. A single noisy measurementy at angle� is
generated as

y (� ) = A (� ) �x + � ; (1)

with � � N (0; � 2I ) andA (� ) is a discretization of the Radon
transform along angle� .
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The reconstructed image fromM measurements along
angles� = f � 1; : : : ; � M g is obtained via

bx (� ) = arg min
x

1
2

MX

k=1

kA (� k )x � y (� k )k2
2 + �L (x ); (2)

whereL(x ) is a regularization term representing prior infor-
mation forx .

B. Bayesian OED

Bayesian OED is a statistical framework that optimizes the
design of an experiment by trading off the information gain
with the cost of an experiment.

In the context of X-ray CT experimental design, the utility
function in Bayesian OED measures the reconstruction quality,
where the true underlying ground truth�x is estimated by
bx (� ) from measurementsy 2 Y obtained under experimental
conditions speci�ed by� 2 D . The optimal design� �

maximizes the expectation of the utility function over the
design spaceD with respect to the measured datay and the
model parameter�x .

Sequential OED is an approach that adjusts the design pa-
rameters as new data is acquired. This is achieved by treating
the experiment as a sequential decision-making process, where
the aim is to select the most informative design parameters
based on the observed data to maximize the utility function. In
the kth step of an X-ray CT experiment, the process involves
generating observed data using a data model� data(y k j �x ; � k )
(as shown in Equation (1)), updating the posterior distribution
of x given the observed data up to stepk (denoted by
� post(x k jy 1:k ; � 1:k ) in Equation (2)), obtaining the reconstruc-
tion for the underlying ground truth. Subsequently, the most
informative angle� k+1 is selected as the next design parameter
to be used, which maximizes the utility function.

C. Reinforcement Learning

Reinforcement learning is a widely used approach for se-
quential decision-making, allowing agents to learn how to map
the current state to actions that maximize the total reward for
the entire process [22]. Since it considers the long-term effects
of actions, reinforcement learning can realize non-greedy
sequential decision-making. This approach is based on the
Markov Decision Processes (MDPs) frameworkfS ; A ; � t ; Rg,
which consists of a set of statesS, a set of actionsA , a
transition operator� t representing the conditional probability
distribution from the current state to the next state after
selecting an action, and a reward function:S � A ! R that
provides feedback from the environment at each time step.

A policy � policy in reinforcement learning is a mapping
from the current state to a probability distribution of actions:
� policy(ak jsk ).

In MDPs with a �nite number of states, the process begins
from an initial states1 with a probability distribution� s(s1).
The agent follows a policy that maps the initial state to the
�rst action, leading the agent to transition to the next state
and receive a reward from the environment. This process
is repeated until a terminal state is reached, generating a

trajectory or an episode� = ( s1; a1; r 1; :::; sM ; aM ; rM ) of
M steps.

A Partially Observable Markov Decision Process (POMDP)
is an extension of a MDP. In many practical scenarios,
an agent may not have full visibility or knowledge about
the environment's state. POMDPs come into play in such
situations, allowing an agent to make decisions based on
limited or partial observations. A POMDP can be de�ned as a
tuple fS ; A ; O; � t ; � e; Rg, where two additional components
are included in addition to the ones in the standard MDP
formulation: a �nite observation setO and an observation
function� e that de�nes the conditional probability distribution
over the observation in the underlying state after executing
an action. Since the agent has limited knowledge about the
underlying state in POMDPs, the policy must either map
historical observations to the next action or extract information
from historical observations in the form of a belief state.

Reinforcement learning aims to �nd the optimal policy
with parametersw , denoted as� �

policy(:; w ), that generates
the trajectory or episode� to maximize the expected total
reward. The objective function for reinforcement learning can
be expressed as follows:

J (w ) = E� � � chain

MX

k=1


 k � 1r k ;

where� chain = � s(s1)
MY

k=1

� policy(ak jsk ; w )� t (sk+1 jsk ; ak ):

(3)
The objective function measures the expected total reward

with a discount factor
 2 (0; 1] to account for future uncer-
tainty, and� chain represents the trajectory generation process
by the policy.

The total rewards for one trajectory are obtained after
the agent completes an episode. The expectation over all
trajectories can be estimated by sampling many trajectories. To
enhance the process's ef�ciency, some reinforcement learning
approaches utilize value functions that evaluate the expected
future bene�ts from thekth step following the policy. The
state-value functionV (sk ) quanti�es the expected cumulative
reward from statesk , taking into account all possible trajec-
tories following the current policy that start from this state.

III. M ETHODS

A. Sequential OED as a POMDP

We take the reconstruction as a belief state rather than
considering measurements as the state, as done in [18]. To
formulate the problem, we adopt a Bayesian OED framework
and model it as a POMDP. The POMDP formulation for the
X-ray CT experiment is de�ned as follows:

� Observation spaceO: The observation space is de�ned
as the set of measurements generated by the data model
expressed in Equation (1).

� State spaceS: The ground truth�x represents the un-
derlying state. The current reconstruction (belief state)
of the underlying state, denoted bybx (� 1:k ), is obtained
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using the SIRT algorithm with box constraints [23] as
speci�ed in Equation (2). For ease of notation, we usebx k

to represent the reconstruction at thekth step. In addition,
we maintain a vectorbk to keep track of the angles that
have been selected before thekth experiment to prevent
repeating the same angles.

� Action spaceA: The action space is a discrete design
space consisting of 180 integer angles from the range
[0� ; 180� ).

� Transition function� t and observation function� e: The
transition function� t is deterministic, as the underlying
state remains unchanged. On the other hand, the data
model� e given by Equation (1) serves as the observation
function, from which we only consider measurement
samples.

� Reward functionR: The reward function is de�ned based
on the PSNR value between the reconstruction obtained
after selecting the angle� k and its ground truth. Two
reward settings are considered, both of which correspond
to A-optimality in Bayesian OED.:

– End-to-end setting: The reward is given as follows:

R(bx k+1 ; �x ) =

(
PSNR(bx k+1 ; �x ) if k = M
0 otherwise

If the �xed number of anglesM is reached, the
episode terminates, and the �nal PSNR value is
given. Otherwise, the agent receives a reward of0.

– Incremental setting: The reward is given as follows:

R(bx k+1 ; bx k ; �x ) = PSNR(bx k+1 ; �x )� PSNR(bx k ; �x )

The reward represents the improvement in the current
reconstruction quality compared to the previous step.

B. Actor-Critic method for policy optimization

The Actor-Critic method is a novel category in the �eld of
reinforcement learning for computing the policy gradient on
the objective function described in Equation (3). The proposed
approach leverages the concept of value functions and utilizes
a state-value function to obtain the expected future rewards
at the current state, thereby expediting the learning process.
Additionally, this method parameterizes the value function.
The Temporal-Difference (TD) error [22] is employed in
this approach, which calculates the discrepancy between the
estimated value function for the current state and the sum of
the current reward and the discounted estimated value function
for the next state. This enables the state-value function to be
updated through bootstrapping and provides a direction for
policy gradient.

At the beginning of each episode, a zero matrix and a
zero vector are used as the initial state and action vector,
respectively. The complete algorithm is presented in Algorithm
(1).

C. Network architecture

The proposed method requires the agent to extract relevant
features from high-dimensional images to increase learning

Algorithm 1 Actor-Critic.
1: Initialize the policy parametersw 1 and the value function

parametersw 2 randomly. Set step sizes� w 1 > 0 and
� w 2 > 0

2: for each episode do:
3: Get a phantom sample�x then initializebx 1 = 0 and

b1 = 0 (�rst state of this episode).
4: for k = 1 ; :::; M :
5: Select the angle based on the soft-max policy,

which maps the inputs to a probability distribution
that sums to 1:� k � � policy(�j bx k ; bk ; w 1)

6: Get new measurementsy k from Equation (1)
7: Reconstruct new imagebx k+1 from Equation (2)

and get a new vectorbk+1

8: Get rewardr k using end-to-end setting
R(bx k+1 ; �x ) or incremental settingR(bx k+1 ; bx k ; �x )
Estimate the state-valuesbV(bx k ; bk ; w 2) and
bV(bx k+1 ; bk+1 ; w 2) using a neural network

9: Compute TD error:
� k  r k + 
 bV (bx k+1 ; bk+1 ; w 2) � bV (bx k ; bk ; w 2)
(If k = M , bV (bx k+1 ; bk+1 ; w 2) = 0 )

10: Update policy function parametersw 1:
w 1  w 1 + � w 1 r w 1 log � policy(� k jbx k ; bk ; w 1)� k

11: Update value function parametersw 2:
w 2  w 2 + � w 2 r w 2

bV(bx k ; bk ; w 2)� k

12: end for
13: end for

ef�ciency, which is accomplished using a deep neural encoder
network. The architecture of the encoder network and the
Actor-Critic network is shown in Figure (2), with the input
image being of dimension128� 128. The neural network's
connection weights represent the policy parametersw 1 and
the state-value function parametersw 2.

The proposed model adopts a shared encoder network
between the actor and critic networks. This shared encoder net-
work comprises three convolutional neural networks (CNNs)
each with padding and group normalization, followed by a
leaky Recti�ed Linear Unit (ReLU) activation and a max
pooling operation for down-sampling. The shared encoder
network consists of a total of 13,320 parameters. Furthermore,
the following actor and critic networks are separate and have
170,820 and 900,601 parameters, respectively.

Figure (2) outlines the process by which the network op-
erates in the context of the Actor-Critic method. The encoder
network takes the reconstructionbx k as input and produces a
feature vector in the bottleneck layer, which is �attened into
a 1D vector and concatenated with the 1D action vectorbk .
The resulting information is then fed into the following actor
and critic networks.

The actor network uses a Soft-max policy to map the
information to a probability distribution over all possible
angle candidates in the action space, while the critic network
estimates the state-value functionbV(bx k ; bk ; w 2). Based on
the probability distribution generated by the actor network,
the agent selects the next angle� k and subsequently collects
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Fig. 2. The combined network architecture �rst consists of an image
encoder branch that processes the current reconstruction. Then, the code
is concatenated with the previous action vector and fed into a network
parameterizing the policy (Actor, left bottom) and a network estimating the
state value (Critic, right bottom).

measurements to obtain a new reconstructionbx k+1 . The action
vector is updated asbk+1 accordingly.

To compute the policy gradient and update the parameters
in the value function using TD error in Algorithm (1), the
new reconstructionbx k+1 and the new action vectorbk+1

are fed into the network again. This is done to calculate a
new state-value functionbV(bx k+1 ; bk+1 ; w 2). Once an angle is
selected, both the policy parametersw 1 and the value function
parametersw 2 are updated once.

IV. N UMERICAL EXPERIMENTS

We examine in some numerical experiments whether the
learned policies are really able to sequentially adapt the scan
angles to the object (a-posteriori adaptation). For this, we
use various simple numerical phantoms—where informative
angles are well-established—as well as more realistic phan-
toms. Throughout our experiments, we focus on parallel-beam
geometry and 2D tomography using synthetic data. The code
and synthetic data are available on Github1.

A. Datasets

In our numerical experiments, we consider several shapes
depicted in Figure (3). All phantoms have a size of128� 128.

1https://github.com/tianyuan1wang/SeqAngleRL

The phantoms in the datasets from d1) to d5) are binary im-
ages. To facilitate algorithm validation with more sophisticated
scenarios, datasets d7) and d8) feature advanced phantoms
composed of multiple materials. To assess the adaptability
of the agent to dynamic environments, each dataset from d1)
to d8) includes phantoms with different rotations, causing a
shift in their informative angles. These rotations are repre-
sented by 36 equally spaced angles ranging from0� to 179� .
Additionally, the phantoms in each dataset from d1) to d8)
exhibit various scaling and shifts (parameters are shown in
Appendix D). Nonetheless, these modi�cations do not alter
the informative angles, thereby preserving the consistency of
informative angles across the scaled and shifted phantoms.
By including these scaling and shifts, we aim to ensure the
agent's ability to recognize the same object despite its size
and location variations. Using these datasets allows us to
transparently validate the algorithm.

d1) Circles: The �rst dataset consists of circles with varying
locations and radii. Due to its uniform curvature, a circle
does not have a relatively higher concentration of informative
angles. To obtain an accurate reconstruction, angles must be
equidistantly distributed.

d2) Ellipses: Unlike circles, ellipses have a major axis
and a minor axis. The major axis serves as a preferential
direction, making angles around it more informative, as shown
in references [8] and [24].

d3) Triangles: Triangles, characterized by one angle of90�

and two angles of45� , possess three preferential directions,
causing the informative angles to be tangential to their edges
[25].

d4) Mixed phantoms: This dataset consists of a mixture
of phantoms, including triangles from d3), regular pentagons,
and regular hexagons, each of which has its own preferential
directions.

d5) and d6) Combined phantoms: The dataset d5) com-
prises samples created by combining elements from two
distinct phantom types found in categories d1), d2), and d4).
In contrast, dataset d6) consists of two distinct samples from
dataset d4), which does not include round shapes. These two
datasets integrate features from a variety of shapes. Through
this approach, the dataset transforms simple phantoms into
more complex entities, facilitating a broader exploration of
shape and structure.

d7) and d8) Complex phantoms: The datasets under
consideration introduce variations to the classic Shepp-Logan
phantoms. Speci�cally, we have redesigned the Shepp-Logan
phantoms by excluding the outer ellipse and modifying the
two inner ellipses, ranging from the lowest to the highest
intensity values. In contrast to previous datasets, the current
ones integrate both static and dynamic elements. In the d7)
setup, two high-intensity ellipses experience changes in both
scale and rotation across 36 uniformly distributed angles from
0� to 179� . Following such modi�cations, these rede�ned el-
lipses markedly impact the reconstruction error, consequently
in�uencing the adaptive capabilities of the trained policy. On
the other hand, in the d8) setup, only the lower of these ellipses
exhibits dynamic characteristics.



IEEE TRANSACTIONS ON COMPUTATIONAL IMAGING, VOL. 10, 2024 7

Fig. 3. Datasets utilized in subsequent experiments: Each dataset comprises
samples that exhibit a variety of rotations and scales.

B. Implementation

For all of our experiments, the sequential experimental pro-
cess for each dataset in Figure (3) follows Algorithm (1). To
generate the measurement data, we utilize the ASTRA Toolbox
[26, 27], considering a projection size of1:5 � 128. This
speci�c size choice ensures that each angle covers all pixels.
The reconstruction is performed using the SIRT algorithm with
box constraints [0,1] for 150 iterations.

The encoder and Actor-Critic neural network architec-
tures are illustrated in Figure (2). During training, we
set the discount factor
 to 0.99 and assign weights of
1.0 and 0.5 to the actor loss:� log � policy(� k jbx k ; bk ; w 1)� k

and critic loss: (� k )2, respectively. To encourage ex-
ploration during training, we incorporate an entropy
loss:

P

�
� policy(� k jbx k ; bk ; w 1) log � policy(� k jbx k ; bk ; w 1), with

a weight of 0.01. The aforementioned parameter settings have
been empirically determined to achieve an optimal balance
between policy optimization, accurate value estimation, and
robust exploration throughout the training regimen. For opti-
mization of the parameters, we employ the Adam optimizer
[28] with a learning rate of10� 4 and weight decay of10� 5.

Fig. 4. Comparison of policies considering different numbers of angles for
the circles dataset: the results demonstrate the training outcomes over the
last 2,000 episodes. The box represents the interquartile range in these plots,
spanning from the �rst to the third quartile of the data distribution. The median
value is displayed as a line within the box. The whiskers extend from the box
to illustrate the range of the data distribution beyond the interquartile range.

In addition, we consider two reward functions: incremental
and end-to-end settings. An equidistant policy is introduced as
a benchmark to compare the performance of the Actor-Critic
policy with un-informed and non-adaptive angle selection
method. Signi�cantly, Experiments 1, 2, 3, 4, and 6 employ
distinct policies, each speci�cally tailored to their respective
training datasets. Conversely, Experiment 5 adopts either the
policy developed in Experiment 4 or a newly trained policy
encompassing multiple datasets, to thoroughly evaluate and
validate its ability to generalize.

C. Experiment 1 - Uniform informative angles

In the �rst experiment, we aim to train an agent and
evaluate its performance on the circles (dataset d1), which
have a uniform distribution of informative angles. It is known
that the equidistant benchmark is the optimal policy for this
dataset. Our objective is to investigate whether the Actor-Critic
policy approaches the equidistant policy in performance. To
facilitate this investigation, the experiment is conducted with
3,000 training phantoms, and it requires an extensive training
duration of 100,000 episodes.

As depicted in Figure (4), the equidistant policy exhibits
enhanced performance for the circular phantoms compared to
the Actor-Critic policies with diverse reward con�gurations.
Furthermore, we observe that the performance of the Actor-
Critic policy with end-to-end reward surpasses that of the
policy with incremental reward as the number of angles
increases.

Figure (5) presents two samples considering three and seven
angles obtained from the Actor-Critic policy with the end-to-
end reward setting. This result demonstrates that the Actor-
Critic agent tends to distribute the selected angles evenly,
although the number of angles is different.

D. Experiment 2 - Non-uniform informative angles

In contrast to circles, informative angles in ellipses (dataset
d2) are found to be concentrated around its major axis. We
train an agent on a dataset comprising 3,000 ellipse phantoms.
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