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Abstract: This paper explores the deployment and challenges of Reinforcement1

Learning (RL) and Deep Reinforcement Learning (DRL) for precision angle seek-2

ing in robotic control across both simulated and physical environments. We3

highlight the transition from theory to application by introducing the Angular4

Positioning Seeker (APS) environment, leveraging Raspberry Pi 4B+ platforms5

to rigorously evaluate RL algorithms in scenarios that closely mimic real-world6

conditions. This benchmark is designed to shed light on the subtleties distin-7

guishing RL implementation in physical realms from simulated proxies, thereby8

fostering advancements and more nuanced testing protocols within the domain9

of robotic intelligence. The source code related to this paper is available at10

https://github.com/RoboAngleSeeker/RoboAngleSeeker.11

Keywords: Reinforcement Learning in Robotics, Simulation-to-Reality Transfer,12

Deep Reinforcement Learning Algorithms13

1 Introduction14

The application of Reinforcement Learning (RL) in robotics is a frontier in artificial intelligence,15

promising significant automation benefits. However, understanding the challenges of applying16

RL in real-world scenarios is crucial. Translating RL from theory to practice requires rigorous17

empirical validation to ensure reliable performance in varied environments.18

Exploring the complexity of RL applications reveals significant challenges. A synthesis of the19

state-of-the-art in RL policy representation in robotics underscores the intricacies involved, with20

solutions such as Gaussian Mixture Models and Dynamic Movement Primitives proposed by Ko-21

rmushev et al. [1]. These challenges are further highlighted by examples like pancake flipping22

and energy-efficient bipedal walking [2]. Integrating action planning with RL for solving robotic23

causal problems in noisy environments also demonstrates the broad applicability and versatility of24

RL [3]. Applying these advanced techniques in practice involves complex technical details [7, 8, 9],25

showcasing the need for thorough understanding and precise implementation.26

One critical issue in RL deployment is managing uncertainty and its calibration. Addressing27

uncertainties is vital to ensure robust performance, as highlighted by various studies [10, 11, 12, 13].28

Effective calibration of uncertainty is equally challenging and essential [14, 15, 16, 17, 18]. These29

challenges underscore the complexity of deploying RL in unpredictable real-world environments.30

Transitioning from simulation to real-world applications introduces additional challenges. De-31

spite progress in DRL for robust control, issues like sampling efficiency and safety remain promi-32

nent. Ju et al. [19] explore methodologies inspired by transfer learning to bridge this gap, such as33

feature commonality extraction and multitasking. Benchmarks like RMBench [20] are crucial for34

evaluating RL algorithms in robotic manipulation tasks. Advances in DRL for robotic manipulation,35

Submitted to the 8th Conference on Robot Learning (CoRL 2024). Do not distribute.

https://github.com/RoboAngleSeeker/RoboAngleSeeker


focusing on sample efficiency and generalization, have been documented by Liu et al. [21]. Other36

frameworks, such as those presented by Caponio et al. [22] and Wu et al. [23], further highlight the37

diverse applications and ongoing developments in this field. Additionally, Margolis et al. and Orr38

et al. [24, 25] discuss ADP/RL in various control systems. Han et al., Bhagat et al., and Osband39

et al. [26, 27, 28] review recent DRL developments in robotic manipulation, identifying issues and40

solutions. Yang et al. [29] explore advancements in robot affordance learning for sensory-based41

task performance. Advanced reinforcement learning techniques can be used for learning the manip-42

ulation of deformable objects by robots [30, 31, 32], with task migration being another important43

direction [33, 34, 35].44

Effective innovative approaches, such as generative language models and human-in-the-loop45

interventions, are essential for advancing reinforcement learning algorithms. Dastider et al.46

[36] unveil a motion planning framework using manifold learning and variational autoencoding,47

outperforming traditional methods in efficiency. Enhancements in robot performance through hu-48

man language feedback have been demonstrated by Lucy Xiaoyang Shi et al. [37]. Real-time human49

intervention in imitation learning is also a common approach [38, 39, 40, 41, 42, 43]. The use of50

large-scale models like GPT4-V for mapping environmental inputs to robot actions is paving the51

way for future RL directions [44, 45], with specialized datasets emerging for training robots in52

action learning [46, 47, 48, 49].53

Despite the progress, there is a lack of effective benchmarks for experimental validation. Our54

work addresses this by proposing a benchmark using Raspberry Pi 4B+ platforms for simulating55

and physically testing RL algorithms, demonstrating promising results. This benchmark provides56

a deeper understanding of the differences between RL in simulation and real-world environments,57

aiding more effective testing for the research community.58

2 Method59

We created the Angular Positioning Seeker (APS) environment in OpenAI’s Gym, tailored for an-60

gular positioning tasks using ROS.61

2.1 The Angular Positioning Seeker62

We created the Angular Positioning Seeker (APS) environment in OpenAI’s Gym, tailored for angu-63

lar positioning tasks using ROS. The step function logic was restructured to prioritize angle-seeking64

behavior. For a given action a, representing the motor’s torque, the updated angular velocity θ̇new is65

determined by:66

θ̇new = θ̇ +

(
−3g

2l
sin(θ + π) +

3

ml2
a

)
∆t (1)

Here, g stands for the acceleration due to gravity, l is the length of the arm, m is the mass, θ67

represents the current deviation from the target angle, θ̇ is the angular velocity, a is the applied68

torque, and ∆t is the time increment.69

The angle θnew is updated considering the target position as the reference:70

θnew = θ + θ̇new∆t (2)

The reward function was redesigned to minimize deviation from the target angle:71

costs = (θ − θtarget)
2 + 0.1θ̇2 + 0.001a2 (3)

where θtarget is π
2 radians for 90 degrees.72

These modifications collectively adapt the original pendulum’s dynamics to fit our unique Angular73

Positioning Seeker’s requirements, facilitating research into angle-seeking strategies.74
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2.2 Apply DQN on APS75

We employed the DQN algorithm and its variants to simulate and analyze their performance in the76

inverted APS environment.77

In the context of employing Deep Q-Network (DQN) and Double DQN methodologies for the physi-78

cal realization within an APS environment, the following pseudocode encapsulates the core algorith-79

mic structure adapted for this specific application. The state inputs are derived from an MPU605080

three-axis accelerometer and gyroscope sensor, while the network architectures faithfully replicate81

those of DQN and Double DQN. The action space is tailored to the operational dynamics of a DC82

motor, which serves as the actuator in this setup.83

Algorithm 1 DQN and Double DQN for Physical APS Control with Raspberry Pi

1: Initialize replay memory D to capacity N
2: Initialize action-value function Q with random weights θ
3: Initialize target action-value function Q̂ with weights θ− = θ
4: Initialize Raspberry Pi GPIO pins for motor and MPU6050 sensor
5: Calibrate MPU6050 and define PWM signal mapping for motor control
6: Define action-to-velocity mapping v : {0, . . . , 10} 7→ {−2, . . . , 2}
7: for episode = 1 to M do
8: Initialize sequence s1 = {x1} and preprocessed sequence ϕ1 = ϕ(s1)
9: for t = 1 to T do

10: With probability ϵ select a random action at
11: otherwise select at = maxa Q(ϕ(st), a; θ)
12: Convert action at to motor velocity vt using mapping v
13: Apply vt to motor via PWM adjustment
14: Observe reward rt and new state xt+1 from MPU6050
15: Set st+1 = st, at, xt+1 and preprocess ϕt+1 = ϕ(st+1)
16: Store transition (ϕt, at, rt, ϕt+1) in D
17: Sample random minibatch of transitions (ϕj , aj , rj , ϕj+1) from D
18: if episode terminates at step j + 1 then
19: Set yj = rj
20: else
21: Set yj = rj + γmaxa′ Q̂(ϕj+1, a

′; θ−)
22: end if
23: Perform a gradient descent step on (yj −Q(ϕj , aj ; θ))

2 with respect to θ

24: Every C steps reset Q̂ = Q
25: end for
26: end for

2.3 Building a Physical Setup84

To construct the physical apparatus, we employed a Raspberry Pi 4B+ in conjunction with an85

STM32F103ZET6 microcontroller.The circuit diagram for the Raspberry Pi version of the inverted86

APS setup is shown in Figure 1a.87

The physical connectivity of the setup is illustrated in the following diagram. In our experimental88

setup, various components are utilized for controlling and monitoring purposes. The detailed de-89

scriptions of these components can be found in Table 1. The Raspberry Pi 3 mainboard serves as the90

central control unit, communicating with the L298N module through the GPIO interface. Addition-91

ally, the power supply for the Raspberry Pi, the L298N module for driving DC motors, and other92

essential components such as the DC motor and voltmeter are included in our setup. These compo-93

nents collectively facilitate the execution and monitoring of our experiments. For more information94

on building physical environments, please refer to the appendix.95
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(a) Circuit Diagram with Pi4B+. (b) Physical Connectivity Diagram.

Figure 1: (a): Circuit Configuration for Raspberry Pi 4B+ in Inverted APS Control Experi-
ment. This schematic represents the core electrical connections, featuring a Raspberry Pi 4B+ and
STM32F103ZET6 microcontroller, which facilitate the implementation of reinforcement learning
algorithms in a physical APS setup. (b): Physical Connectivity of Inverted APS Components. The
diagram showcases the integration of the Raspberry Pi 3 mainboard with other essential hardware
components, such as the L298N motor drive module and DC motors, which are pivotal for the real-
world application of DQN algorithms in APS stabilization.

Table 1: Components and Descriptions

Component Description

Raspberry Pi 3 mainboard Runs control program, communicates with L298N module
via GPIO interface.

Raspberry Pi power supply Provides stable power supply for the Raspberry Pi.
L298N module Drives DC motors, accepts control signals from Raspberry

Pi, controls motor direction and speed.
DC3V-6V geared DC motor TT motor DC motor driven by L298N module in the experiment.
Mini digital DC voltmeter Monitors battery voltage to ensure stable power supply.
18650 rechargeable lithium batteries Provides power for L298N module and DC motors.
Breadboard Used for circuit construction and testing.
40P flexible flat cable Connects Raspberry Pi and L298N module, transmits control

signals.
Jumper wires Used for circuit connections, ensuring circuit continuity.

3 Evaluation96

The evaluation focuses on the algorithmic performance, showcasing the results through various97

metrics and visualizations.98

3.1 Inverted APS Performance Results99

We evaluated DQN, Double DQN, and Dueling DQN on the APS environment, using return and100

Q-value metrics to illustrate learning efficiency and algorithm effectiveness.101

As depicted in Figure 2 (a) and (d), this figure illustrates the disparity in performance of the DQN102

algorithm between simulated and real-world settings. The performance of DQN exhibits a notable103

similarity across both environments. However, a significant drop in rewards is observed in the sim-104

ulation at episode 65, plunging from -150 to -700 before swiftly reverting to normal levels, thereby105

demonstrating commendable stability. In contrast, fluctuations nearing convergence in the real en-106

vironment are considerably more pronounced than in the simulation, with a fluctuation range of107

approximately 150 to 200. Nonetheless, convergence around a reward of 200 is eventually achieved,108

with the video on our website (accessible through our open-source repository) showcasing its robust109

performance.110
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Figure 2: Differential Performance of Reinforcement Learning Algorithms in Real and Simulated
Environments. (1) DQN showcases a convergence around a reward of 200 in real environments,
despite wider fluctuations, and a transient drop to -700 in simulations at episode 65. (2) Double DQN
achieves a stable learning curve in simulations, while real-world performance demonstrates higher
reward peaks followed by larger oscillations. (3) Dueling DQN rapidly attains high convergence in
simulations, with real-world trials displaying more pronounced and frequent reward fluctuations.

Figure 3 (a) and (d) present the evolution of Q-values for the DQN algorithm in both simulated111

and real-world scenarios during the inverted APS task. A higher Q-value signifies the system’s pre-112

diction that a particular action will lead to a more stable or closer-to-objective state (e.g., keeping113

the APS upright). In the simulation, Q-values for DQN converge more swiftly and remain within114

a narrow oscillation range, despite occasional sharp fluctuations, indicating moments of significant115

uncertainty with oscillations reaching up to 150. Conversely, in the real environment, Q-values116

change gradually, displaying a coherent trend of decrement until convergence. The convergence117

point of Q-values in the real environment is nearly identical to that in the simulation, settling around118

-30. This indicates a closely mirrored estimation of action values by DQN in both settings, under-119

scoring the algorithm’s capacity to adapt its policy towards achieving the target state across diverse120

environments.121

As illustrated in Figure 2 (b) and (e), Double DQN demonstrates enhanced stability and smoother122

convergence in simulations compared to DQN, avoiding episodic reward plunges. However, in real-123

world scenarios, Double DQN initially secures higher rewards but subsequently faces significant124

drops, exhibiting greater oscillation amplitude and slightly lower convergence points than DQN.125

fig. 3 (b) and (e) show that Double DQN’s Q-values have reduced fluctuations in simulations, im-126

proving predictability. Yet, in real-world settings, Double DQN’s Q-values converge around -50,127

lagging behind DQN’s -30, indicating that DQN outperforms Double DQN in accurately predicting128

outcomes for APS stabilization in real-world applications.129

Figure 2 (c) and (f) reveal that Dueling DQN excels in simulations, achieving high convergence130

values with notable stability and minimal fluctuations. However, in real-world settings, it lacks clear131

convergence and exhibits broad oscillations between -600 and -200. Figure 3 (c) and (f) show that132

Dueling DQN has the least Q-value variability in simulations, with fluctuation spikes around 20,133

indicating superior predictability. In contrast, in real environments, its Q-values hover around -50,134

similar to Double DQN’s, and are inferior to DQN’s, which converge around -30. This suggests that135

DQN outperforms Dueling DQN in real-world applications, demonstrating greater determinism and136

stability.137

3.2 Result Analysis138

Examining DQN, Double DQN, and Dueling DQN revealed key insights into their adaptability.139

DQN showed superior real-world performance, attributed to its simpler structure that allows rapid140
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(a) Max Q-value of  DQN (Real)
(b) Max Q-value of  Double DQN (Real)

(c) Max Q-value of  Dueling DQN (Real)
(d) Max Q-value of DQN (Simulated)

(e) Max Q-value of Double DQN (Simulated)
(f) Max Q-value of Dueling DQN (Simulated)

Figure 3: Trajectories of Q-value Convergence Across Environments for Reinforcement Learning
Algorithms. (a) & (d) DQN shows swift convergence in simulations with Q-value oscillations up
to 150, whereas real-world convergence is gradual with values settling around -30, demonstrating
adaptability. (b) & (e) Double DQN offers reduced simulation oscillations with spikes decreasing
to 60, but underperforms in real settings with Q-values converging around -50, indicating less pre-
dictability. (c) & (f) Dueling DQN maintains the lowest variability in simulations with spikes near
20 yet converges around -50 in real-world settings, paralleling Double DQN and revealing room for
improvement in adaptability.

policy adjustments, indicating that algorithmic complexity does not necessarily improve perfor-141

mance in complex scenarios. This reinforces the idea that simplicity can enhance resilience against142

environmental uncertainties. Conversely, Dueling DQN demonstrated commendable stability in143

simulations due to its architectural design, which bifurcates state value and advantage functions.144

This design enables effective learning of state representations and steady value estimation, suggest-145

ing a potential direction for developing robust RL algorithms capable of discerning subtle differences146

in action outcomes with precision.147

Figure 4 illustrates the action space exploration of DQN, Double DQN, and Dueling DQN, show-148

ing their alignment with fitted normal distributions. The proportions of the histogram’s area out-149

side the normal distribution curves for DQN, Double DQN, and Dueling DQN are 0.3237, 0.3563,150

and 0.1648, respectively, indicating Dueling DQN’s superior action selection efficacy. Addition-151

ally, Figure 5a shows DQN’s action variability with consistent oscillations, Double DQN’s minor152

fluctuations post-convergence, and Dueling DQN’s minimal fluctuations, suggesting stable action153

predictions. However, as Figure 5b indicates, action stability does not always correlate with reward154

stability; Dueling DQN maintains a loss magnitude below 102, while DQN and Double DQN reach155

between 104 and 105. Dueling DQN’s lower loss values demonstrate greater stability in action se-156

lection and loss magnitude. A more granular analysis of policy entropy over time, depicted in Figure157

5c, reveals that while all algorithms exhibit similar upper entropy bounds, their lower bounds differ158

significantly. Dueling DQN maintains higher entropy, indicating greater action uncertainty and a159

bias towards exploration. In contrast, Double DQN rapidly approaches a lower entropy bound but160

fails to achieve convergence, leading to substantial reward oscillations. DQN’s steadily decreasing161

entropy reflects a policy gravitating towards certainty, correlating with superior reward outcomes162

and demonstrating an effective balance between exploration and exploitation.163

Figure 6 compares action convergence profiles between DQN and Double DQN. The upper heatmaps164

show DQN’s actions clustering closely around the optimal angular position, indicating strong align-165
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Figure 4: Histogram Analysis of Action Space Exploration in Reinforcement Learning. The fig-
ure demonstrates the algorithmic exploration process of DQN, Double DQN, and Dueling DQN,
validated by a fitting of normal distributions and quantified by areas outside the expected curves,
reflecting each algorithm’s approach to exploring the action space.

ment with the APS’s desired vertical orientation, while Double DQN displays a more dispersed166

angular distribution, hinting at less precision. The lower heatmaps illustrate DQN’s actions densely167

concentrated around minimal torque application when the APS is near vertical, whereas Double168

DQN’s actions are more spread out, suggesting a tendency for corrective maneuvers and less stable169

control. This strategic difference highlights DQN’s propensity for fine-tuning actions to maintain170

the APS’s equilibrium, favoring precision and stability, while Double DQN engages in broader ex-171

ploration, potentially searching for a robust control policy.172

These findings emphasize the need for aligning reinforcement learning algorithm design with en-173

vironmental complexities to enhance adaptability in real-world conditions. The differential perfor-174

mance of DQN and Dueling DQN across environments highlights the potential for architectural175

innovations to improve robustness and versatility. Developing algorithms that navigate real-world176

uncertainties while maintaining efficacy in simulations remains crucial. This analysis underscores177

the importance of ongoing research to enhance the resilience and adaptability of RL algorithms to178

the multifaceted nature of real-world environments.179

3.3 Error Source Analysis180

A thorough examination of the discrepancies between estimated and actual measurements revealed181

critical sources of error. Intrinsic fluctuations in the MPU6050 sensor readings, where a 90-degree182

value could vary between 85 to 95 degrees, highlight hardware limitations in precision sensing.183

Additionally, using the action’s absolute value instead of direct speed and acceleration measure-184
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(a) Standard Deviation Trends of Actions Over Training Epochs.

(b) Loss Trends of DQN, Double DQN, and Dueling
DQN Throughout Training.

(c) Entropy Variation Over Time for DQN, Double
DQN, and Dueling DQN Strategies.

Figure 5: (a): presents the fluctuation in action variability for each algorithm, indicating stability
and predictability in the decision-making process across epochs. (b): This figure delineates the loss
magnitude across training steps, with Dueling DQN consistently maintaining loss values below the
102 level, exemplifying its efficiency and stability. In contrast, both Double DQN and DQN exhibit
loss magnitudes that escalate to above 104, indicating higher variability and potential inefficiencies
in their learning processes. (c): This plot reveals each algorithm’s exploration versus exploitation
balance, with Double DQN and Dueling DQN reaching similar minimum entropy values around
0.15, indicating a closer approach to optimal policy. In contrast, Dueling DQN maintains a consis-
tently higher entropy, averaging around 2.1, suggesting a strategy that favors exploration and may
indicate a more robust but less convergent learning behavior.

Figure 6: State Visitation Heatmaps: DQN vs. Double DQN. The heatmaps juxtapose the action
convergence profiles of DQN and Double DQN, visually depicting their respective policies’ preci-
sion and stability in maintaining the APS’s upright state.
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ments in the reward function introduces approximation errors due to the sensor’s susceptibility to185

noise and inaccuracies in rapid measurements. This analysis underscores the complexities of imple-186

menting RL algorithms in physical environments and the need for robust sensor fusion techniques187

and algorithmic adaptations. To foster further research, these observations are documented in our188

open-source repository for peer replication and scrutiny.189

4 Conclusion190

This study provides a comprehensive analysis of the applicability and efficacy of various reinforce-191

ment learning (RL) algorithms in real-world robotic control, focusing on DQN, Double DQN, and192

Dueling DQN. Our research highlights the complexities of transitioning from theoretical models193

to practical applications. DQN demonstrates superior adaptability to real-world environments, of-194

ten outperforming more complex counterparts. In contrast, Dueling DQN, despite its stability in195

simulations, shows trade-offs between algorithmic design and environmental fidelity. Our investi-196

gation into error sources, such as intrinsic sensor fluctuations and reward function approximations,197

underscores the need for precision in environmental sensing and robust algorithmic strategies.198

Contributions:199

APS Environment Development. Created a specialized environment, Angular Positioning Seeker200

(APS), based on OpenAI Gym for angular positioning tasks, addressing key practical challenges.201

Simulation-to-Reality Gap Analysis. Systematically analyzed differences in RL algorithm perfor-202

mance between simulated and physical environments, highlighting real-world factors like hardware203

noise and dynamic changes.204

Physical Experiment Platform. Built a physical experimental platform with Raspberry Pi 4B+ and205

STM32F103ZET6 microcontrollers for validating RL algorithms in real-world conditions, serving206

as a practical benchmark.207

Extensive Algorithm Implementation. Implemented and validated a range of RL and control208

algorithms on our physical setup, including REINFORCE, Actor Critic, TRPO, PPO, DDPG, SAC,209

Behavior Clone, GAIL, PETS, and MBPO. These implementations are available on our GitHub210

repository, demonstrating the platform’s versatility.211

Detailed Performance Evaluation. Conducted exhaustive evaluations of multiple algorithms in the212

APS environment, revealing their strengths and weaknesses in terms of learning efficiency, conver-213

gence speed, and stability.214

Open Source Resources. Provided all experimental source codes and documentation to ensure215

reproducibility and community sharing, fostering further research and application of RL algorithms216

in real-world scenarios.217

Future Work218

Future research will focus on enhancing the adaptability and robustness of RL algorithms. This219

includes developing advanced sensor fusion techniques to mitigate hardware inaccuracies and ex-220

ploring alternative reward function formulations to better capture physical environment dynamics.221

These efforts aim to bridge the gap between simulated environments and the unpredictable real222

world, advancing robotics to perform as effectively in real-world applications as in controlled lab223

settings.224
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