Proceedings of CONF-FMCE 2025 Symposium: Semantic Communication for Media Compression and Transmission
DOI: 10.54254/2755-2721/2025.GL26702

Research on Deep Learning Algorithms and Applications in
Robotic Arm Control

Wenyu Zhou

Zhejiang University - University of Illinois Urbana-Champaign Institute, Zhejiang University,
Hangzhou, China
wenyu.22@intl.zju.edu.cn

Machine learning is one of the significant computer science fields in the modern
world. As a subset of machine learning, deep learning is also becoming increasingly
important. This paper mainly focuses on the application of deep learning in robotic arm
control through analyzing the performance of various algorithms in different tasks in the real
world. First, the paper introduces characteristics of multiple neural network architectures,
including convolutional neural networks (CNNs), feedforward neural nets (FNNs), and
recurrent neural networks (RNNs). Then the paper introduces multiple algorithms related to
reinforcement learning, such as proximal policy optimization (PPO), deep deterministic
policy gradient (DDPG), and deep Q-networks (DQN), providing their basic information
and methods. The paper also describes the advantages of imitation learning. After a briet
account of the theoretical part of the knowledge, the paper links theory to practice. The
paper evaluated the performance of these deep learning methods in robotic arm tasks across
three distinct application scenarios, providing important references for algorithm selection
and performance optimization. In the end, the paper discusses the current shortcomings and
disadvantages of deep learning algorithms and offers some suggestions for its future
development.
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In recent years, with the rapid development of robotics technology, robotic arms have been used in a
wide range of applications such as industrial manufacturing, warehousing and logistics, agricultural
harvesting, and even medical assistance. Conventional robotic arms can only perform fixed actions,
such as moving items on an assembly line in a factory. Traditional robotic arms can only perform
fixed motions, such as moving items on an assembly line in a factory. The operation of traditional
robotic arms relies on pre-written basic control codes. Compared to pre-written basic control codes,
deep learning is rooted in the biology of the brain, whose purpose is to allow machines to recognize
images and hear sounds like humans. After several years of rapid development, deep learning is
widely used in areas such as computer vision and natural language processing. Deep learning allows
computational models consisting of multiple processing layers to learn data representations with
multiple levels of abstraction [1]. From the perspective of bionics, deep learning is like a neural
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network with many layers, and adjusting the sensitivity of each neuron in the network enables the
network to activate different neurons and produce different responses when receiving different
stimulus signals. If deep learning is combined with a robotic arm, the robotic arm can realize more
flexible operational control in dynamic environments while significantly enhancing the robustness
of the system [2]. For example, at the beginning, the traditional robotic arm could only grasp fixed-
shaped items, while the improved robotic arm was able to adjust its grasping strategy according to
the shape of the item.

Despite progress in related research, the application of deep learning in robotic arm control still
faces several challenges, including high costs in obtaining training samples, a lack of precision in
robotic movements and unpredictability of movements, and high demands on computational
resources. So, this paper conducts a systematic analysis and comparison of various deep learning
algorithms in robotic arm control, evaluating their performance and applicability in tasks such as
grasping, trajectory planning, and human-robot collaboration. To provide more accurate conclusions,
this paper presents a side-by-side comparison of multiple real-world examples of manipulators
combined with deep learning. This paper aims to provide references for algorithm selection and to
offer theoretical and methodological support for the practical deployment of intelligent robot
systems.

2. Deep learning techniques in robotic arm control
2.1. Neural Network architectures

Neural networks are not only an important machine learning technology, but also the foundation of
deep learning. Various neural network models, such as Convolutional Neural Networks (CNNs),
Recurrent Neural Networks (RNNs), and Feedforward Neural Networks (FNNs), are the
foundational building blocks of modern deep learning systems. These artificial neural networks
attempt to process information by simulating the way the brain's neural networks process and store
information.

FNNs are simple in structure, easy to understand and implement, and suitable for tasks such as
classification, regression, and scoring of structured data. They serve as the basic building blocks for
more complex neural networks (such as CNNs and RNNs) [3]. But FNNs are less suitable for tasks
that require sequential modeling or spatial relation analysis, such as image processing. CNNs are
well-suited for processing spatially structured data, such as images, by applying convolutional filters
to capture local features. They are widely used in robotic vision tasks, including object recognition
and scene understanding. RNNs have recurrent connections, and the network's output depends not
only on the current input but also on all previous inputs. This structure enables RNNs to process
sequence data of arbitrary length [4].

2.2. Reinforcement Learning

Reinforcement Learning (RL) is a subfield of machine learning and mainly focuses on training
agents to learn to make optimal decisions through interactions within a given environment, which
can give feedback. The learning process is driven by evaluative feedback, which is expressed in the
form of rewards or penalties. Rewards reflect the effectiveness of the actions taken by the agent.
Through iterative refinement of its policy based on such feedback, the agent seeks to maximize the
expected cumulative reward over time. A schematic representation of the RL decision-making
framework is presented in Figure 1.
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Figure 1. Sequential decision-making framework

The environment constitutes an external dynamical system that encapsulates the agent. Through
perceptual interfaces, the agent acquires state observations and executes policy-derived actions that
induce state transitions within the environment's operational framework. The state provides a
complete description of the environment at a given time. The action refers to the decisions made by
the agent to interact with the environment. Different environments permit different sets of actions,
collectively referred to as the action space, which may be either discrete or continuous. The reward
is a scalar feedback signal provided by the environment, indicating the quality of the agent's action
at a specific step. A higher reward means better performance of the agent under the given policy. The
program uses different reward functions for different tasks. For example, in the grasping task of an
intelligent robotic arm, the basic reward function is related to height, and the reward increases as the
height of the target object increases. In the gripping task of an intelligent robotic arm, the basic
reward function is related to the number of activated sensors. The more sensors are activated, the
higher the gripping stability, and the reward increases.

The DQN algorithm combines a deep neural network with the classical reinforcement learning
algorithm Q-learning to achieve the processing of a high-dimensional, continuous state space. The
DQN algorithm stores the experience of the agent in a replay memory bank, and then randomly
draws samples from it and uses these experiences for model updating. This has the advantage of
avoiding correlation between samples and improving the stability and convergence speed of the
model. The DQN algorithm uses two neural networks: an online network for selecting actions and
updating the model, and a target network for computing the target Q-value. This reduces the
fluctuation of the target and improves the stability of the model. However, DQN is limited when
dealing with continuous action spaces [5].

To address this challenge, the Deep Deterministic Policy Gradient (DDPG) algorithm was created
for the execution of continuous control operations. DDPG is similar to DQN because this algorithm
uses two distinct networks: an actor network, which determines the actions, and a critic network,
which evaluates them. DDPG is suitable for continuous motion spaces, such as the joint angle of a
robotic arm, because it directly outputs a continuous motion instead of selecting from a limited set
of motions.

Another popular algorithm is Proximal Policy Optimization (PPO). PPO is a reinforcement
learning algorithm that can both ensure performance optimization and make the algorithm more
stable and efficient. In reinforcement learning, directly optimizing the policy can lead to unstable
training, and the model may crash because of excessive parameter changes. PPO can limit the
magnitude of the policy changes so that each step of the training does not deviate too much from the
current policy while making full use of the sampled data. PPO has been successfully applied to both
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discrete and continuous control problems and is known for its robustness and ease of
implementation in high-dimensional tasks [6].

Imitation learning is a special kind of machine learning. Agents learn to perform a task by observing
an expert's demonstration, rather than through direct programming like reward function design.
Imitation learning reduces the need for task-specific knowledge and is particularly suitable for
complex tasks where it is difficult to design reward functions. Imitation learning has a wide range of
applications, including robotics, autonomous driving, and human-computer interaction [7].

In many cases, designing an appropriate reward function for reinforcement learning is difficult,
and manually defined rewards often lead to uncontrollable agent behaviors and unintended
performance results. Using robotic grasping tasks as an example, where the reward function is a
linear function of the object's height, and imitation learning is not used. After training, the agent is
motivated to maximize vertical displacement as soon as possible, which may result in the robot arm
throwing the object upward at high speed rather than performing a stable and controlled lift after
grasping. This outcome reflects a difference and misunderstanding between the reward function and
the actual task objective. As a result of this, learning directly from human demonstrations enables
agents to quickly and safely acquire complex skills that are typically attainable only through human
experience, rather than having to learn from scratch and explore how to do things correctly and
efficiently.

To evaluate the performance of different deep learning algorithms in robot control tasks, this section
compares three representative algorithms: Deep Q-Network (DQN), Deep Deterministic Policy
Gradient (DDPG), Artificial Neural Network (ANN), and Artificial Deep Q Network (ADQN).

Sekkat's study shows that DDPG is applied to a five-degree-of-freedom robotic arm grasping task
[8]. You Only Look Once version 5 (YOLOVS) is used for object detection, and the DDPG
algorithm is used to construct a neural inverse kinematics solver that significantly improves
performance compared to traditional methods. Experiments show that 95.5% accuracy is achieved
with only 400 training cycles, significantly higher than traditional analytical solutions. Additionally,
it exhibits good training stability, fast convergence, and enough robustness. In the future, the same
technique can be even applied to a seven-degree-of-freedom robotic arm grasping task.

Gao's research compared the grasping performance of DQN, ANN, and the ADQN algorithm
under dynamic and static conditions [9]. The study applies the three algorithms in different
directions: DQN for a base reinforcement learning model, ANN for object recognition and
localization, and ADQN combining the first two. The experiment consists of two environments: a
static environment with a fixed pedestal and a fixed target object, and a dynamic environment with a
moving pedestal and a randomly moving object. During the initial training phase, ADQN reaches a
success rate of 33.67% in the initial training, which is significantly higher than DQN's 28.39% and
ANN's 20.13%. After training for 1 million rounds, the ADQN even reaches a success rate of
97.59%, which is still better than the DQN's 82.16% and the ANN's 88.66% [9]. After the
introduction of demonstration learning, there is a 7-13% increase in task success rate and a
significant increase in training stability.

150



Proceedings of CONF-FMCE 2025 Symposium: Semantic Communication for Media Compression and Transmission
DOI: 10.54254/2755-2721/2025.GL26702

Liu's review notes that DQN is suitable for discrete action space tasks, while DDPG is suitable
for continuous action space tasks. This study systematically analyzes various deep reinforcement
learning algorithms and specifically recommends that the combined approach of DDPG with
Hindsight Experience Replay (HER) is the most outstanding performer for robotic manipulation
tasks [10]. In terms of grasping task success rate, DDPG+HER's 92% success rate is not only better
than ANN's 59%, but also better than DQN's 64%. Finally, the article shows that through
interdisciplinary collaboration and continuous algorithmic optimization, industrial-grade, reliable
applications are expected to be achieved within 5-8 years. Future research should focus on key
issues such as proof of safety, optimization of energy consumption, and establishment of ethical
frameworks.

Deep learning algorithms exhibit varying levels of performance when applied to specific sub-tasks
in robotic grasping. This section focuses on three representative application scenarios: object
recognition and localization, trajectory planning and control, and grasp execution under dynamic
environmental conditions.

In object recognition and localization, the accuracy of visual perception directly affects the
reliability of downstream control. CNNs are commonly integrated into grasping pipelines to extract
high-level spatial features, providing stable visual input for control strategies such as DDPG.
Enhanced architectures like ADQN further improve localization accuracy by combining
classification and decision-making modules. In comparative evaluations, ADQN-based perception
achieved an average localization error of only 2.8 mm, compared to 5.6 mm for standalone CNN
models under partial occlusion [10].

Trajectory generation and control typically require solutions to high-dimensional, nonlinear
problems. Compared with traditional analytical methods that often struggle in redundant or
unstructured kinematic chains, learning-based approaches such as DDPG and ADQN exhibit greater
flexibility. These algorithms are capable of learning effective grasp trajectories across different
poses and environmental setups. For instance, DDPG-trained controllers reduced end-effector path
deviation by 34% compared to ANN baselines in a cluttered environment [9].

In dynamic and unstructured environments, factors such as system responsiveness and
adaptability to disturbance become critical. Algorithms that integrate both perception and control,
such as ADQN, are better suited for tasks involving moving targets or variable interaction forces.
These models demonstrate faster response times and higher action stability under perturbation. In
contrast, models like DQN and ANN are more susceptible to performance degradation due to
perception noise or unpredictable system dynamics.

Multiple factors are influencing the effectiveness of deep learning algorithms in robotic grasping.
Current deep reinforcement learning has significant performance limitations in robot control. First of
all, it shows a serious bottleneck in sample efficiency, with an average of more than 800,000
attempts of training data requirements for a single task, and complex tasks often require 2-3 months
of continuous GPU computing to converge, and long training times can also lead to energy
consumption problems. And there is an online update delay of 200-500 milliseconds, which is
difficult to meet the demand for real-time control; secondly, there are obvious defects in the
generalization ability, which will lead to performance degradation when the work scene is changed,
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and it can only deal with object morphology that is not very similar to the training set. For example,
adding a square object to multiple columnar objects will interfere with the learning efficiency of the
agent. The success rate of policy porting between different robotic arm platforms is very low, not to
mention the collaboration of multiple robotic arms.

In addition, transparency and accuracy in decision-making are common issues that all deep
learning algorithms need to face. Although deep learning significantly improves the environmental
adaptability of the robotic arm, the process of deep learning is an invisible black box, where humans
can only observe the results and do not have access to the process of machine learning. Experts are
unable to trace the basis for the generation of critical actions, which also makes troubleshooting
difficult, with 90% of anomalies impossible to locate through log analysis. Moreover, the optimal
model in the experimental tests achieves a 92% object grasping success rate in the simulated
environment. But in industrial production, especially those involving hazardous chemicals, the
model needs to achieve a near 100% success rate to minimize the safety risk.

Comparative analysis shows that advanced ADQN and DDPG perform more balanced and better in
generalization ability and robustness. These algorithms enable the robotic arm to work stably in
various environments after training. In contrast, other algorithms have some limitations. But they
can make full use of their advantages when putting simplicity first.

However, deep learning algorithms also have shortcomings. Now, many deep learning-based
algorithms rely on large-scale and high-quality training data, and their performance can degrade
significantly in an unfamiliar environment. In addition, the high computational overhead and real-
time requirements of advanced algorithms may limit their deployment on resource-constrained
platforms, while the lack of interpretability of their decision-making process makes it difficult to
apply them to domains that prioritize security.

Looking ahead, research on deep learning control frameworks should pay more attention to
improving data efficiency and real-time adaptive capability. Potential directions include introducing
multimodal perceptual fusion, developing lightweight but expressive network structures, and
exploring residual or hybrid control strategies that combine model-based stability with policy
learning flexibility. In addition, improving the migration technique from Sim-to-Real is crucial for
bridging the gap between training environments and real-world applications. This will ultimately
enable robotic arms to accomplish complex tasks with higher safety and reliability in real-world
environments.
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