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Abstract

The article examines current approaches to training robotic manipulators for executing complex tasks in dynamic
and changing environments. It provides a comparative analysis of modern training methods, highlighting their
advantages and disadvantages. Additionally, the paper outlines the typical areas in which these methods are applied.
Particular attention is given to approaches that involve human instructors, self-learning, and reinforcement learning.
Special emphasis is placed on training efficiency, robot adaptability to new conditions, human-robot interaction, and
the transfer of skills from virtual training environments to the real world. Based on the analysis, the authors
recommend imitation learning — specifically, the learning from demonstration approach — as it enables the rapid
and safe transfer of skills from humans to robots without the need for task formalization. The article also highlights
the challenges of adapting trained models to real-world conditions and ensuring effective human-robot collaboration.
It identifies key challenges faced by modern robot training systems. Based on these challenges, the article offers
recommendations for selecting optimal training strategies according to the specific task type and available resources.
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1. Definition of the problem to be solved

In the context of today’s rapid advancements in robotics and industrial automation, there is a growing demand
for robotic manipulators to perform tasks that require high accuracy, adaptability, and autonomy. At the same time,
traditional programming methods that rely on hard-coded scripts and predefined trajectories often do not permit rapid
adaptation of the system to environmental changes. Additionally, these methods require considerable time and highly
skilled personnel.

The challenge of teaching robotic manipulators to follow complex trajectories is particularly relevant today.
These trajectories often involve multiple stages, interactions with various objects, and operation in dynamic or
partially uncertain environments. One promising direction for solving this issue is the use of intelligent learning
methods. These methods include approaches based on environmental interaction, action demonstration, and adaptive
generalization of prior experience. However, the limitations, capabilities, and suitability of these methods for complex
trajectory formation tasks still require further analysis and comparison.

Therefore, there is a need for an approach to training robotic manipulators that ensures rapid learning of new
motion paths. This approach should minimize dependence on manual programming, allow adaptation to
environmental changes, and reduce implementation time and cost. This need is particularly important for next-
generation flexible robotic systems, where self-learning capabilities are a key performance factor.
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2. Analysis of the recent publications and research works on the problem

Recent research in the field of robotics demonstrates a growing interest in intelligent methods for training robotic
manipulators. The objective is to enhance system flexibility and adaptability while reducing reliance on manual
programming.

Papers [1]-[3] provide an overview of imitation learning methods based on demonstrations, along with practical
considerations for implementing these systems in industrial settings. Articles [6], [7] introduce the fundamentals of
reinforcement learning, while studies [9], [10] focus on deep learning algorithms designed for continuous monitoring.
The inverse reinforcement learning approach — which enables the recovery of expert goals from observational data,
is presented in [11]. The implementation of collaborative learning and the organization of agent interactions in real-
world industrial environments are discussed in [12]—[14].

A number of publications [15]-[22] explore alternative approaches that demonstrate potential for reducing the
need for training data and enhancing adaptability. However, these methods remain insufficiently studied in the
context of using robotic manipulators for training, particularly for tasks involving the reproduction of complex
trajectories in dynamic environments.

Despite significant theoretical progress, the practical application of these methods — especially in reproducing
complex trajectories in dynamic environments — remains an open challenge. This underscores the need for further
analysis of their effectiveness in relation to the demands of the requirements of modern robotic production.

3. Formulation of the goal of the paper

The aim of this article is to review and compare modern methods for training robotic manipulators. It seeks to
identify their advantages and limitations and to develop recommendations for their application based on the types of
tasks being addressed. In particular, the authors focus on analyzing the use of current approaches in imitation
learning, reinforcement learning, collaborative learning, self-learning, and hybrid strategies. These methods are
examined in the context of training robotic manipulators to execute complex motion trajectories.

4. Analysis of methods for teaching robot manipulators

The following section provides an overview of current approaches aligned with the stated objective. It focuses on
investigating the capabilities of modern learning methods to reproduce complex motion trajectories. Special attention
is given to methods that enable robotic manipulators to acquire skills with minimal human intervention.

Imitation learning refers to the transfer of skills from a human to a robot through the demonstration of required
actions. As noted in [1], during imitation training, a robotic manipulator learns to perform tasks by replicating the
movements of an expert — either a human or another agent — who has demonstrated the actions in advance.
Demonstrations may be provided in various forms, including direct control (e.g., via a joystick), physical guidance of
the manipulator (kinesthetic teaching), or observation through video or sensor data.

This approach enables the acquisition of skills without the need for a formal algorithmic description.
Consequently, it significantly reduces the level of user expertise required and simplifies the process of programming
the robot. This technique is particularly effective in scenarios where formulating an optimal action strategy is
difficult, yet demonstrating the desired behavior is relatively straightforward.

The primary advantage of this method is its ability to enable rapid skill acquisition by a robot through direct
demonstration. This significantly reduces the time required for system training compared to alternative approaches.
The method is particularly effective for tasks in which constructing an optimal algorithm and formalizing its
individual steps is challenging. For example, robots can learn manipulation tasks that require fine motor skills by
observing human actions. This approach minimizes the likelihood of errors during the initial stages of system
operation, as the learning process is based on demonstrated and validated behaviors [2].

One of the key challenges associated with this approach is its limited generalization capability. A robot may fail
to handle situations that differ from those encountered during training. Addressing this limitation often requires
additional demonstrations or integration with other learning methods. Furthermore, the effectiveness of the approach
largely depends on the quality and precision of the expert’s demonstrated actions.

Depending on the mode of interaction between the operator and the robot, the demonstration of the desired
behavior can be carried out using different approaches. The most common of these include:
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a) Kinesthetic teaching, in which the operator physically guides the manipulator, and the system records the
movements using its internal sensors.

b) Teleoperation, where the robot is operated remotely through specialized interfaces such as joysticks, motion
trackers, tactile gloves, or external manipulators.

c) Passive observation, where information about the operator’s actions is obtained through external sensors —
such as video cameras — without direct physical contact with the robot.

The classification of demonstration methods proposed in [3] is relevant for industrial environments. In these
settings, factors such as integration flexibility, minimal disruption to existing workflows, and safety are critically
important. The second and third approaches — telerobotic control and passive observation — are especially practical
for industrial applications, as they enable robot training in scenarios where direct physical contact is either
undesirable or technically constrained.

(a) Kinesthetic Teaching (b) Teleoperation (c) Passive Observation

Fig.1. Examples of approaches to demonstrating desired actions during robot training [3].

Among the most commonly used imitation learning algorithms are Behavioral Cloning (BC) and Dataset
Aggregation (DAgger). Behavioral Cloning treats the learning process as a classical supervised learning task with a
teacher. In contrast, DAgger addresses the issue of error accumulation that is typical of the standard Behavioral
Cloning method.

According to [4], BC is a fundamental approach in which a training dataset is constructed from expert
demonstrations in the form of situation—action pairs. These pairs consist of input data from sensors and the
corresponding actions performed by the operator. Based on this data, a model is trained to replicate the expert’s
behavior. The algorithm is relatively simple to implement and can produce quick results, particularly when the
demonstrations are of high quality and sufficiently cover the range of possible behaviors.

However, a significant limitation of this approach is the phenomenon known as covariate shift. Even a slight
deviation of the robot from the demonstrated trajectory may cause the system to enter a state that is not represented in
the training data. In such cases, the robot is unable to determine the correct course of action.

To address this limitation, the DAgger algorithm was introduced in 2011 [5]. It employs an iterative learning
process in which the robot performs actions autonomously, while an expert provides optimal action suggestions for
each encountered state. As a result, a new dataset is generated that includes situations the robot experiences during its
execution. This data is incrementally added to the initial training set, which significantly expands the coverage of
possible states and reduces the impact of error accumulation during execution.

This approach substantially improves the robot’s behavioral stability and its ability to operate in previously
unencountered situations. However, DAgger requires the continuous involvement of an expert at each iteration, which
can be burdensome in real-world applications — particularly when real-time precision is necessary.

Reinforcement Learning (RL) is based on the principle that a system learns through interactions with its
environment, receiving rewards or penalties depending on the outcomes of its actions. The primary objective of this
approach is to maximize cumulative reward, thereby encouraging the development of effective behavior [6]. As a
result, the robot can gradually learn optimal actions to achieve its goals, even without prior knowledge of the
environment.
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Figure 2 illustrates the interaction scheme between the agent and the environment in the context of reinforcement
learning for a robotic manipulator. Based on observations from the current state S, the agent generates an action A,
and sends it to the environment. In response, the environment returns a new state S;+1 and a reward R, which are then
used to update the agent’s action policy.
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Fig.2. Scheme of interaction between the agent and the environment in the method of reinforcement learning of a robot
manipulator.

The key advantages of RL include its capacity for autonomous learning, adaptability to new conditions, and the
ability to operate without requiring demonstrations or pre-labeled data. However, the learning process typically
demands a large number of episodes, substantial computational resources, and significant time. An additional
challenge is ensuring the stability and convergence of RL algorithms, which often requires careful tuning of
parameters [7].

Additionally, the risk of hardware damage during real-world experimentation must be considered. For this
reason, RL is usually first implemented in simulation environments. However, this practice introduces the well-
known problem of sim-to-real transfer — that is, the difficulty of transferring learned behaviors from simulation to
physical systems [7].

Article [8] discusses the integration of reinforcement learning with deep neural networks, which led to the
emergence of the field known as Deep Reinforcement Learning. This approach allows agents to operate in complex
state spaces and manage continuous action domains.

The practical reinforcement learning algorithms include Proximal Policy Optimization (PPO) [9] and Soft Actor-
Critic (SAC) [10]. PPO promotes stable learning by constraining abrupt changes in the robot’s behavior during model
updates, thereby increasing the reliability of the training process. In contrast, SAC is based on the principle of
maximum entropy, encouraging the robot not only to perform actions with high precision but also to actively explore
alternative behaviors. This enhances the system’s ability to adapt to complex and unpredictable environmental
conditions.

Inverse Reinforcement Learning (IRL) is a method that enables the training of a robot manipulator by
observing the actions of an expert, without requiring a predefined reward function [11]. In contrast to classical
Reinforcement Learning (RL), where the system receives explicit feedback indicating which actions are desirable,
IRL seeks to deduce the expert’s underlying objective solely from observed behavior.

This approach is particularly useful in situations where it is difficult or even impossible to explicitly formalize
the desired behavior using a clear reward function. In such cases, manually defining all necessary criteria becomes a
major challenge. For example, a human can easily demonstrate how to handle a fragile object with care. However,
mathematically specifying all the relevant parameters for this task is extremely difficult. IRL allows the system to
learn from such demonstrations. This reduces the need for manual reward function design and enables flexible
reproduction of behavior, even under changing conditions.



Analysis of Methods for Training Robotic Manipulators to Perform Complex Motion Trajectories 57

The primary advantage of this method is its ability to enable learning without explicitly defining the objective.
This is particularly valuable for tasks that depend on intuitive human experience. At the same time, Inverse
Reinforcement Learning (IRL) has several significant limitations. First, multiple reward functions can explain the
same observed behavior, leading to an ambiguity problem. Second, the implementation of IRL is computationally
complex and often requires substantial computational resources. In addition, the quality of the results strongly
depends on the accuracy and completeness of the expert demonstrations.

Collaborative Learning (CL) involves interaction among multiple robotic manipulators or between a robot and
a human, with the aim of acquiring shared skills for performing tasks. The core concept of this method is that the
experience gained by one agent during training can be transferred to others through knowledge exchange, observation
of partners’ actions, or direct interaction [12].

Such knowledge transfer can be organized in two ways: centrally, through a shared memory or control module,
or in a decentralized manner, via message passing, signaling, or by interpreting the actions of other agents [12].
Additionally, CL often includes human-robot interaction, which enables more intuitive and comprehensible
cooperation from the perspective of the human participant.

This approach is especially valuable for tasks that require coordinated actions. Examples include collective
assembly, the manipulation of large or heavy objects, and scenarios that involve close interaction with a human
operator.

In such cases, CL enhances efficiency by supporting role distribution, joint action planning, and the use of
complementary capabilities among agents. Furthermore, human involvement contributes to a more intuitive and
natural learning environment, which in turn enhances the overall performance of the system [13].

The advantages of the approach include accelerated learning through shared experience, a reduction in the
number of required training episodes, and increased system robustness to environmental changes.

However, the implementation of CL presents several challenges. The most critical among them are the need for
effective communication between agents, alignment on shared goals, prevention of action conflicts, and resolution of
possible discrepancies in environmental perception or task interpretation.

One example of a modern approach to CL is the DEEPCOBOT project (Collective Efficient Deep Learning and
Networked Control for Multiple Collaborative Robot Systems) [14]. This platform focuses on developing
decentralized deep learning techniques for groups of collaborative robots that interact with one another and with
human operators in real time.

A distinctive feature of the approach is local training performed by each agent, followed by knowledge exchange
across the network without relying on a central server. This architecture supports scalability, fault tolerance, and
accelerated collective learning. DEEPCOBOT robots are capable of adapting to changes in the production
environment, coordinating their actions, and safely cooperating with human operators.
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Fig.3. Collaborative interaction of robots in a production environment with decentralized deep learning [14].
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Modern robotics tasks increasingly require systems that are not only accurate but also flexible, adaptable, and
capable of rapid learning in complex and dynamic environments. No single training method can fully satisfy all of
these requirements. As a result, there is growing interest in combined and hybrid approaches that integrate the
strengths of multiple learning paradigms. These strategies for training robotic manipulators aim to enhance overall
system efficiency, adaptability, and robustness. Such hybrid methods are currently being investigated in research and
practical applications, particularly in environments characterized by high uncertainty and variability.

For example, in [15], the authors propose a combination of imitation learning and reinforcement learning. In this
approach, the robot first acquires initial skills through expert demonstrations. Subsequent improvement is achieved
through autonomous interaction with the environment using RL algorithms.

Another common strategy involves integrating classical control methods, such as PID controllers, with neural
network models. This hybrid approach enables effective adaptation of robot behavior to changing environmental
conditions [16].

The primary advantage of hybrid approaches lies in their ability to eliminate or mitigate the limitations of
individual learning methods. These approaches can accelerate the training process, decrease computational
requirements, and simultaneously provide the flexibility and adaptability needed for robotic manipulators to perform
diverse tasks under varying operating conditions.

However, the use of combined methods presents specific challenges. One of the primary difficulties is selecting
appropriate methods for integration and optimizing their interaction. Additionally, hybrid systems often result in
increased architectural complexity, which demands a high level of expertise in system design and implementation.

Another promising and emerging area is few-shot learning and unsupervised learning, which are particularly
relevant in environments where collecting large amounts of labeled data are complex, costly, or impractical. These
methods allow robotic manipulators to adapt to new situations using only minimal prior information or without any
explicit supervision.

In the case of few-shot learning, a robot can acquire a new skill based on only a few demonstrations [17]. This
capability is enabled by meta-learning approaches [18], which allow systems to "learn how to learn" — that is, to
leverage prior experience from previously solved tasks in order to rapidly adapt to new ones. This method is
particularly effective in scenarios where quick adaptation is required, for example, when learning novel actions or
interacting with unfamiliar objects that the system has not previously encountered.

Unsupervised learning, as described in [19] and [20], enables a system to learn the structure of its environment
without relying on pre-labeled examples. Instead of using manually prepared data, the robot analyzes raw
observations to identify patterns, group similar states, or perform clustering. These capabilities form a foundation for
subsequent goal-directed learning. As a result, unsupervised learning is considered a promising approach for
developing autonomous robotic systems. Such systems are capable of exploring their environment independently and
gradually improving their behavior over time.

Despite their significant potential, these methods still face several challenges. Few-shot learning requires
complex models that can rapidly adapt with minimal data. Designing and training such models remains a non-trivial
task. On the other hand, unsupervised learning offers limited mechanisms for evaluating and controlling the quality of
learning, especially in the absence of clearly defined goals or external feedback. These limitations hinder its direct
application in tasks that require high levels of reliability and precision.

One of the most important aspects in the context of training robotic manipulators is the use of simulation
environments for preliminary training. Simulations help reduce the consumption of physical resources and prevent
potential equipment damage during the early stages of learning.

Thanks to advanced platforms such as Gazebo, MuJoCo, and PyBullet, researchers can conduct experiments in a
virtual space. This significantly accelerates the development and testing of new algorithms and training approaches.
Moreover, high-fidelity simulations that accurately model the physical properties of the real world facilitate a smooth
transition from virtual to physical deployment without compromising the effectiveness of the trained model.

However, a persistent challenge is the so-called "reality gap" — the discrepancy between the simulated and real
environments. This gap can lead to reduced accuracy or instability in the robot’s performance when transferring
trained behaviors to real-world conditions [21].
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To address this issue, researchers apply transfer learning techniques, as described in [22]. These methods aim
to preserve learning efficiency when moving from a virtual to a physical space. The main advantages of transfer
learning include reduced training time and resource consumption, fewer required demonstrations or training episodes,
and improved system adaptability to new conditions.

Nonetheless, transfer learning is not without limitations. If there is a substantial mismatch between the simulated and
real tasks, the system may experience negative transfer, which can degrade performance or even lead to failure [22].

A comparative analysis shows that no single method is universally applicable. Each approach has its strengths
and limitations, depending on the specific context.

For example, imitation learning enables the rapid acquisition of basic skills but often demonstrates limited
generalization to new or unforeseen situations. In contrast, reinforcement learning offers flexibility and autonomy, but
it requires substantial computational resources and time. Inverse reinforcement learning provides a deeper
understanding of the expert’s intentions, but it is complex to implement and computationally demanding. Combined
and collaborative approaches deserve particular attention. They enable the integration of complementary advantages
from multiple learning paradigms, supporting the development of more robust and adaptive robotic systems.

Ultimately, the choice of an optimal learning strategy should be guided by several factors. These include the
nature of the task, environmental complexity, the availability of training data, and technical constraints. A brief

comparative overview of the discussed methods is presented in Table 1.

Table 1. Brief comparative characteristics of teaching methods.

Method Advantages Disadvantages Typical scenarios of possible
application
1) Fast learning without complex 1) Poor generalization to new 1) Simple motions and action
sotu & P situations sequences
Imitation 2) NI:) reward function required 2) Requires many high-quality 2) Industrial tasks in controlled
Learning . d . demonstrations settings
3) Suitable for clear demonstrations . . .
4) Low risk of hardware damage 3) Hard to teach complex or error- 3) Social robotics with human-
prone behaviors like behavior
1) High computational cost and Lo
1) Learns through trial and error long training (li) i‘i;?:cs’z:ggs Sleammg n
Reinforcement 2) No demonstrations or labels needed | 2) Requires many training episodes Z;Irflleal- time cfn trol
Learnin 3) Works well in complex, dynamic 3) Risk of hardware damage in real- timization
caming environments world training (3)§) Comale(;( behaviors hard to
4) Optimizes long-term strategies. 4) Sim-to-real transfer issues P
(reality gap) program manually
1) Learns expert’s hidden goals 1) High c_omplex1ty and .
Inverse 2) Useful when reward is hard to computational cost 1) Intuitive tasks hard to
Reinforcement | define 2) Reward ambiguity for the same formalize
. . L behavior 2) Manual or medical skills
Leamning 3) Flexible generalization to new .
situations 3) Requires many expert (e.g., surgery)
demonstrations
lgszﬁfggfzﬁgﬁgwa collaboration or 1) Complex coordination between 1) Multi-robot collaboration in
Collaborative 2) Enables teamwork and human— agents L cooperative systems .
Learning robot interaction 2) Requires communication 2) Human-robot cooperation
3) Task distribution reduces protocols 3) Joint manipulation of large
individual agent load 3) Risk of goal or action conflicts or complex objects
1) Combines strengths of multiple 1 ) ComP lex implementation and . .
Hybrid / methods mtegratl_on o 1) Error correction and policy
Combined 2) Flexible and scalable solutions 2) Requires deep customization and re)ﬁnemednt hieh-risk
. o testing 2) Low-data or high-ris
Leaming i)sir?proved stability for complex 3) Higher hardware and software domains
demands
1) Reduces training time and data 1) Risk of negative transfer with ferri e skill
. dissimilar tasks 1) Transferring grasping skills
Transfer requirements issumuiar . across objects
. 2) Reuses prior knowledge for new 2) Requires good task alignment o .
Learning . 2) Retraining after sim-to-real
tasks 3) May need model architecture deplovment
3) Effective for sim-to-real transfer adaptation POy
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5. Conclusion

Based on the conducted analysis, imitation learning is the most suitable choice for training robotic manipulators.
In particular, training through demonstration proves effective in tasks where high-quality expert demonstrations are
feasible.

This method enables fast and safe acquisition of basic skills, which is particularly important when working with
robotic manipulators, as it minimizes the risk of equipment damage during experimentation. It is especially well
suited for tasks involving well-defined trajectories or repetitive actions. In such cases, imitation learning significantly
reduces the time and resources required at the training stage. This is particularly useful when an operator intuitively
knows how to perform a task but is unable to formalize it in the form of a program.

Moreover, demonstration-based learning supports safe training in real-world environments and lowers
computational demands compared to methods relying solely on autonomous exploration, such as reinforcement
learning. These characteristics make imitation learning an optimal choice for training robotic manipulators in
applications that require high levels of reliability and repeatability.
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AHoTaNisn

VY crarTi po3IIAHYTO aKTyalbHI IMiOXOAW OO HAaBYAHHS POOOTIB-MAHIMYISTOPIB, SIKI 3aCTOCOBYIOTBCS IS
BUKOHAHHS CKJIAJHHX 3aBAaHp y AWHAMIYHUX Ta 3MIHHHMX yMOBax cepeloBHINA. [IpoBeaeHO NOpIBHAIBHMI aHami3
CyJaCHHX METO[IiB, BM3HAUYEHO IXHI OCHOBHI II€peBarw, HEAONIKH, a TaKOXX OKpPECICHO THIOBI cdepl IXHBOTO
NPaKTHYHOTO 3aCTOCYBaHHS, 30KpeMa METOIH 13 3aJlydeHHSIM JIFOJUHU-IHCTPYKTOpa, CAMOHABYAHHS Ta HaBYAHHS 3
miakpiruieHHsIM. OcoOnuBy yBary NMpHIUICHO NMUTAHHIO €(eKTUBHOCTI HaBYAHHS, aJlalTHBHOCTI POOOTIB IO HOBHX
YMOB, B3a€MOJIi 3 JIIOANHOKI Ta MEPEHECCHHS HABHYOK 3 BipTyalbHOTO HABYAJBHOTO CepeloBHINA y peanbHe. Ha
OCHOBI aHaJIi3y PEeKOMEHIOBAaHUM BH3HAYEHO iMiTalliiiHe HaBUaHHsS, 30KpeMa ITiX1Jl HAaBYAHHS 3a JEMOHCTpALI€lo,
10 J03BOJISE MIBUAKO Ta OE3MeYHO NepelnaBaTH HaBMYKH BiJ JIOMUHM JO poboTa 6e3 HeoOxigHocTi dopmarizamii
3aBaaHb. KpiM TOro, B CTaTTi aKIIEHTOBAaHO yBary Ha ImpoOjieMax ajanTaiil HaBYeHHX MOJEJeH 10 peabHHX YMOB i
B3a€MOJIii pOOOTIB 13 JIOIMHOI0. BHU3HAYEHO KIIIOYOBI BUKIIMKH, IO CTOSTH MEpPE/l CyYaCHUMH CHCTEMaMM HaBYaHHS
poboTiB Ta cHOpMyIHLOBAHO PEKOMEHIAINT II0J0 BHOOPY ONTHMAIBHUX CTpATeriii HaBUAHHS 3aJC)KHO BiX THITY
3aBIaHb i JOCTYITHUX PECYpPCiB.
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