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ABSTRACT

Humans excel at dexterous manipulation; however, achieving human-level dexterity remains a
significant challenge for robots. Technological breakthroughs in the design of anthropomorphic robotic
hands, as well as advancements in visual and tactile perception, have demonstrated significant
advantages in addressing this issue. However, coping with the inevitable uncertainty caused by
unstructured and dynamic environments in human-like dexterous manipulation tasks, especially
for anthropomorphic five-fingered hands, remains an open problem. In this paper, we present a
focused review of human-like dexterous manipulation for anthropomorphic five-fingered hands. We
begin by defining human-like dexterity and outlining the tasks associated with human-like robot
dexterous manipulation. Subsequently, we delve into anthropomorphism and anthropomorphic five-
fingered hands, covering definitions, robotic design, and evaluation criteria. Furthermore, we review
the learning methods for achieving human-like dexterity in anthropomorphic five-fingered hands,
including imitation learning, reinforcement learning and their integration. Finally, we discuss the
existing challenges and propose future research directions. This review aims to stimulate interest in
scientific research and future applications.

© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

In the past few decades, the development of biological sciences
and the advancement of artificial intelligence technology have
greatly fostered the growth of the robotics community. Robots
are playing an increasingly crucial role in society and are widely
used in industrial production [1-3], household services [4-6],
engineering applications [7,8], and medical assistance [9-11].
While proficient in repetitive tasks such as assembly and object
handling in structured settings, their capabilities in performing
dexterous, human-like manipulations remain limited. Address-
ing this gap is crucial for elevating robots to a new level of
functionality and intelligence (see Fig. 1).

Dexterous manipulation is crucial for advancing robotics by
bridging the gap between mechanical functionality and adaptive,
intelligent behavior [12]. This skill enables robots to operate
effectively in complex, unstructured, and dynamic environments,
enhancing their ability to perceive, learn, and adapt. Human-
like dexterous manipulation refers to robots performing tasks
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that demand high precision, fine motor control, and adaptabil-
ity, closely mirroring human capabilities. It involves interacting
with dynamic environments, executing tasks with dexterity, and
adjusting to new challenges. By emulating human-like dexterity,
robots can not only improve efficiency and precision but also
integrate seamlessly into human-centric applications, fostering a
more harmonious interaction between technology and humanity.

Central to achieving human-like dexterity is the development
of anthropomorphic five-fingered robotic hands, designed to
replicate the structure and functionality of human hands. Fea-
turing five independent fingers with multiple DoFs, this design
enables precise and flexible movement. As a result, robots can
perform intricate tasks, such as delicate object manipulation, tool
use, and collaborative interactions with humans. The anthropo-
morphic structure plays a crucial role in enhancing robot’s inter-
action capabilities and provides the physical foundation for ad-
vanced control systems that support nuanced, dexterous handling
across diverse scenarios. Such hands are indispensable for realiz-
ing human-like manipulation in robotics, serving as a cornerstone
for high-precision, adaptable task execution.

Human-like dexterous manipulation and anthropomorphic
five-fingered hands are inherently interdependent. Dexterous
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Fig. 1. Demonstration of dexterous manipulation. Human-level dexterous manipulation (top). Human-like dexterous manipulation of anthropomorphic five-fingered

hands (bottom).

manipulation demands the precision and adaptability that an-
thropomorphic hands are uniquely equipped to provide, while
the design of such hands is driven by the functional requirements
of dexterous tasks. Together, they form a synergistic foundation,
where anthropomorphic hands enable robots to perform complex
manipulation tasks, and dexterous manipulation tasks, in turn,
validate and guide the design evolution of these hands.

Achieving human-like dexterous manipulation with anthro-
pomorphic five-fingered hands involves significant challenges in
perception, learning, and structural design. Human-like dexterous
manipulation requires precise sensory feedback and real-time
perceptual integration to interact with complex, dynamic envi-
ronments. While human dexterity leverages vision, propriocep-
tion, and touch to handle objects delicately and adaptively, robots
face critical limitations. Current sensors, despite their ability to
detect contact and force, struggle with seamless information in-
tegration and real-time interpretation of dynamic changes. These
limitations impede robots’ capacity to perform dexterous tasks
with human-like precision. Bridging this perceptual gap is essen-
tial for enabling robots to adapt and operate with the required
subtlety in real-world scenarios.

In addition to perception, another fundamental obstacle lies in
learning. Effective human-like dexterous manipulation demands
rapid learning and adaptability across diverse tasks, from basic
grasping to complex tool use. Humans excel at this through ob-
servation, trial-and-error, and contextual adaptation, but robots
lag significantly. Machine learning advancements have improved
task-specific performance, yet generalizing across the variability
of real-world contexts remains a formidable challenge. Robots
also struggle to autonomously adapt to new situations or re-
fine strategies based on feedback, limiting their performance
in unstructured environments. Addressing these barriers is es-
sential for achieving the required versatility and flexibility for

human-like dexterous manipulation.

Furthermore, structural design represents another critical
challenge. The human hand’s complex anatomy, featuring 27
bones, numerous joints, and highly adaptable muscles, enables
fine motor control and diverse grasping techniques, essential
for manipulating fragile or irregular objects. Replicating such
dexterity in robotic hands requires advanced mechanical design,
including high DoFs in the joints, force feedback integration, and
compliant control strategies. Current robotic hands struggle with
limitations in range of motion, precision in force application,
and the ability to adapt to complex tasks. Additionally, designing
hands that balance flexibility, durability, and cost remains a key
challenge, as current solutions often involve trade-offs that hinder
performance in real-world scenarios. Overcoming these limita-
tions is essential for realizing robots capable of fine, adaptive
manipulation in dynamic environments.

Table 1 presents an overview of previous reviews on the top-
ics of “dexterous manipulation” and “anthropomorphic hands”.
These reviews focus on two main perspectives: one emphasiz-
ing how robots learn to manipulate their environment, with
an emphasis on perception and learning, and the other explor-
ing various aspects of anthropomorphic robot design, including
mechanisms, actuation, sensing, and control. The literature in-
cludes several specific reviews that contribute to these perspec-
tives. Xia et al. [23] conducted a review on perception methods
for dexterous manipulation, while Kroemer et al. [ 18] delved into
machine learning based manipulation techniques. Hua et al. [19]
focused on robot learning with deep learning algorithms. Fur-
thermore, targeted reviews were conducted on specific aspects of
dexterous manipulation. For instance, Duan et al. [20] provided
a comprehensive review on dexterous grasping methods, and
Yu et al. [22] explored the use of deep reinforcement learn-
ing for multi-fingered robots. Taking a human perspective, Sobi-
nov [21] presented a review of human hand dexterity and its
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Table 1
The related reviews and corresponding topics.
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References Topic keywords Journals Year
Mattar [13] Biomimetics, robotics hands, dexterous manipulation Robotics and Autonomous Systems 2013
Melo et al. [14] Mechanism, actuation, sensing, control Ingenieria y Desarrollo 2014
Melchiorri et al. [15]  Mechanism, actuation, sensing, control Springer Handbook of Robotics 2016
Piazza [16] Development history, new trends, major applications Annual Review of Control, Robotics, and Autonomous 2019
Systems
Liu et al. [17] Bioinspired embodiment, dexterous manipulation, intelligent sensing IEEE Transactions on Industrial Informatics 2020
Kroemer et al. [18] Robot learning, robot manipulation Journal of Machine Learning Research 2021
Hua et al. [19] Dexterous manipulation, robot learning Sensors 2021
Duan et al. [20] Deep learning, point cloud, robot grasping Frontiers in Neurorobotics 2021
Sobinov et al. [21] Manual dexterity, neural mechanisms Nature Reviews Neuroscience 2021
Yu et al. [22] Dexterous manipulation, multi-fingered hand, reinforcement learning Frontiers in Neurorobotics 2022
Xia et al. [23] Dexterous robotic manipulation, robotic hand, sensory perception International Journal of Advanced Robotic Systems 2022
Sampath et al. [24] Dexterous hand, Learning-based manipulation, Robot manipulation Cognitive Computation and Systems 2023

implications for inspiring anthropomorphic hands in robots. In
a similar vein, Mattar [13] conducted a bio-inspired survey of
robotic hands, and Liu et al. [17] employed a bio-inspired ap-
proach to enhance robotic dexterous manipulation. Recently, [24]
reviewed the history of dexterous hands, provided an overview
of existing multi-fingered hands, and discussed traditional and
data-driven learning methods, as well as the challenges in ma-
nipulating these hands. These works collectively contribute to the
ongoing progress and development of dexterous manipulation in
robotics, and pave the way for the future development of more
capable and versatile anthropomorphic hands.

Unlike the aforementioned articles that primarily discuss dex-
terous manipulation and anthropomorphic hands as separate top-
ics, this review bridges the gap by emphasizing their intrinsic in-
terdependence. By integrating the principles of human-like dex-
terous manipulation with the structural and functional design of
anthropomorphic five-fingered hands, this paper provides a uni-
fied framework that not only deepens the understanding of their
synergy but also offers a foundation for developing advanced
methodologies that align with both functional and structural
requirements.

This paper presents the first focused review on the promising
topic of human-like dexterous manipulation for anthropomor-
phic five-fingered hands. It builds on prior reviews by address-
ing previously overlooked aspects, particularly in the domain of
robot learning, and consolidates a substantial body of work to
complement existing literature. Human-like dexterous manipu-
lation has immense value across diverse real-world applications,
from healthcare—where robotic hands perform delicate surgi-
cal tasks—to industrial assembly, enabling precise handling of
intricate components. Its potential further extends to assistive
robotics for individuals with disabilities and space exploration,
where adaptability to dynamic environments is critical. Recog-
nizing these applications, this review systematically examines
the interplay between human-like dexterous manipulation and
anthropomorphic five-fingered hands, offering insights for future
advancements.

The remainder of the paper is structured as follows. Section 2
explores human-like dexterous manipulation, including its defini-
tion and typical tasks. Section 3 discusses anthropomorphism and
anthropomorphic five-fingered hands, covering their definitions,
topology, mechanical design, and evaluation metrics. Section 4
reviews learning methods for enabling dexterous manipulation
in anthropomorphic hands. Challenges and future research di-
rections are highlighted in Section 5, particularly from a robot
learning perspective. Finally, Section 6 concludes the paper.

2. Human-like dexterity and dexterous manipulations

In the following subsections, we summarize several important
aspects that define human-like dexterity and introduce the classi-
fication of dexterous manipulations at the human-level, as well as
the human-like dexterous manipulation tasks at the robot-level.

2.1. Definitions of human-like dexterity

While there are various definitions for dexterous manipula-
tion, a widely accepted consensus-based definition for human-
like dexterous manipulation is currently unavailable. The chal-
lenge in defining human-like dexterous manipulation lies in dis-
tinguishing it from general dexterous manipulation. We define
human-like dexterity as follows: “Human-like dexterity refers
to the capacity to approach or surpass human dexterity in ma-
nipulators, the ability to effectively share and utilize human
infrastructure during task execution, and the skill to engage
in natural interactions, integration, and collaboration with
humans through learning.” In summary, the key distinctions
from general dexterity become evident when considering tasks,
manipulators, and learning, as illustrated in Fig. 2.

Tasks, particularly those involving grasping, inherently exhibit
complexity, requiring functional manipulation of tools or ob-
jects within confined spaces to ensure long-term accuracy and
efficiency. These tasks predominantly involve manipulations at
the fingertip level, imposing significant demands on the ma-
nipulator’s capabilities to effectively share and utilize human
infrastructure in task execution.

Manipulators, much like our human hands, require rich per-
ception, excellent kinematics, and coordination between fingers.
Simple end-effectors are insufficient; dexterous manipulation ne-
cessitates complex, multi-fingered hands and advanced sensing.
To master such intricacy, robots must embrace a remarkable level
of learning capability.

Learning, in the context of dexterity, requires adapting to
changes in the position and orientation of objects across differ-
ent hand configurations. Unlike task-oriented programming with
known object parameters in a single scene, dexterity is object-
oriented, with different objects corresponding to distinct hand
configurations. This necessitates learning through demonstration,
experience, and exploration. Recent advances in learning capa-
bilities empower robots to tackle even more demanding tasks
effectively.

2.2. Human-like robot dexterous manipulation tasks

Human hand manipulation can be classified into two main cat-
egories: prehensile manipulations and non-prehensile manipula-
tions [25]. Prehensile manipulations involve grasping and seizing
objects to apply functional forces, typically stabilizing an object
using the hand’s contact force without relying on external forces.
Non-prehensile manipulations, on the other hand, involve using
the whole hand or fingers to push or lift objects, encompassing
actions like pushing, pulling, toppling, and rolling. Human-like
robot dexterous manipulation tasks aim to replicate the abilities
of human hand movements, including both prehensile and non-
prehensile manipulations, as well as their hybrid combinations.
Below, we describe several typical dexterous manipulation tasks.
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Fig. 2. Key elements in defining human-like hand dexterity: task, manipulator, and learning. The task is characterized by fine fingertip-level interactions, functional
tool use, and high complexity. To execute these tasks effectively, manipulators with intricate structures and advanced actuation mechanisms, enhanced sensing, and
perception capabilities are essential. Such manipulators facilitate advanced learning capabilities in robots, which often come from demonstration, experience, and
exploration. These acquired skills empower robots to handle progressively complex tasks.

2.2.1. Grasping

Grasping, the act of securely holding an object with a hand,
is a fundamental and widely used form of human-like dexterous
manipulation that often serves as the initial step in complex
tasks. This process presents several significant challenges that
researchers are actively addressing. The first challenge is de-
termining where to grasp, which involves detecting functional
regions on the object’s surface that are most suitable for grasp-
ing, a task that requires efficient algorithms to identify these
regions [26-33]. The second challenge is how to grasp, which is
about understanding and mimicking human manipulation classi-
fications, such as power grasps and precision grasps, to perform
tasks requiring adaptability and finesse [34-40]. The third chal-
lenge is keeping the grasp stable, which involves adjusting the
force applied to the object to maintain its stability, a complex task
that requires real-time feedback and control [41,42].

2.2.2. In-hand manipulation

To achieve increasingly human-like functions, focus has shifted
to fingertip-level manipulations such as rotation, translation,
regrasping, and so on, which are called in-hand manipulations.
These tasks include object reorientation, where the object must
be aligned with a target direction within specified tolerances, a
common challenge that requires careful manipulation to ensure
proper positioning [43-48]. Finger gaiting refers to the action of
moving fingers in a coordinated manner to control the object’s
movement along the hand, similar to walking fingers [49-51].
Finger pivoting is the rotation of the object around a finger or a
group of fingers, which is crucial for tasks that require the object
to be turned in place [46]. Rolling involves the object rolling along
the surface of the hand, which is essential for tasks requiring the
object to be oriented in a specific way [52]. Sliding is the lateral
movement of the object across the hand, which is important
for tasks that require the object to be moved along a plane
without rotation [53]. Regrasping involves changing the grip on
the object, which is necessary when the initial grip is no longer
suitable for the next phase of the task [54-56]. The challenges
inherent in in-hand manipulation are threefold: balancing the
object, which involves maintaining its stability to prevent it from

falling or slipping; making dynamic adjustments, which requires
the system to adapt to the object’'s movement and the hand’s
position in real-time; and coordinating finger movements, which
is essential for performing complex manipulations with precision.

2.2.3. Tool use

Tool use in robotics refers to a robot’s ability to manipulate
and utilize external objects or devices to perform tasks, which
is a critical aspect of human-like dexterous manipulation. This
capability is essential for robots to interact effectively with their
surroundings and carry out complex tasks that require both dex-
terity and intelligence. For example, knocking involves applying
controlled force to strike a surface, demonstrating precise force
modulation [43-45]. Stirring with tools like spoons demands
understanding the tool’s purpose and the dynamics of containers
and substances [57]. Scooping requires tools such as shovels to
transfer materials, necessitating grip stability and adjustment to
material properties [58]. Cutting tasks with scissors or knives
require precise force to slice materials while maintaining align-
ment [37]. Pouring involves controlling tool angles and stability
to avoid spillage [59,60]. Writing with pens or markers requires
fine motor skills and environmental awareness [61], while screw-
driving tasks focus on controlled torque and alignment [62]. Tool
use involves more than mechanical action: precision and control
are critical for tasks like knocking and cutting, where accurate
force application prevents damage. Understanding the function-
ality of tools is also essential, as robots must grasp the specific
purpose of each tool, such as recognizing that a pen creates
marks on paper or a spoon is used for stirring liquids. Adapt-
ability allows robots to handle various tools, each with distinct
requirements for force, grip, and dexterity. Finally, environmental
interaction challenges robots to interpret the properties of ma-
terials they manipulate, such as the viscosity of liquids during
stirring or the resistance of materials when cutting.

2.2.4. Bi-manual manipulation

Bi-manual manipulation refers to the coordinated use of both
hands to interact with and manipulate objects in the environ-
ment, enabling robots to perform more complex and nuanced
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tasks. These actions are typically categorized into two types based
on how the hands coordinate: loose coupling and tight cou-
pling [63]. In loose coupling, the hands perform related tasks
independently, such as holding a flashlight while using the other
hand to examine an object, or picking up LEGO pieces with each
hand and assembling them together [64]. In tight coupling, the
movement of one hand directly influences the other, as when
one hand holds an object steady while the other hand assembles
parts, like screwing a bolt into place. Within tight coupling, ac-
tions can be either symmetric, such as lifting a box with both
hands in the same direction [65-67], or asymmetric, like using
one hand to pull a zipper while the other hand stabilizes the
cloth, stabilizing a bottle with one hand while using the other
to open it, or holding a fruit steady with one hand while using
the other to slice it into segments [66,68-70]. Bi-manual manip-
ulation involves several intricate aspects. One key consideration
is the physical interaction between the hands and objects, which
requires precise control over the forces and contacts to ensure
successful task execution, particularly in dexterous tasks. Effec-
tive coordination and cooperation also depend on the precise
timing and spatial arrangement of hand movements to avoid
collisions and achieve a unified goal. Additionally, the wide diver-
sity of tasks introduces further complexity, as robots must adapt
to varying objects and environments, each requiring different
manipulation strategies and levels of dexterity.

2.2.5. Teleoperation

Teleoperation is a key aspect of human-robot interaction,
especially in scenarios requiring precise manipulation of objects
in complex or hazardous environments. This approach is com-
monly used in tasks such as remote surgery, space exploration,
and disaster recovery, where the operator is physically sepa-
rated from the robot but still needs to perform dexterous ac-
tions. However, teleoperation presents several challenges that are
currently the focus of active research. One of the most critical
aspects of teleoperation is the human-machine interface, which
captures human actions, such as hand movements or gestures,
using either wearable devices like motion capture gloves or ex-
oskeletons [71], or vision-based systems that track gestures via
cameras [72,73]. Wearable devices provide high precision, while
vision-based systems offer greater flexibility and eliminate the
need for extra hardware, though they may struggle with accuracy
in dynamic or cluttered environments. Another challenge is retar-
geting, where the operator’s movements must be mapped onto
the robot’s hand configuration. This involves balancing between
shaping the robot’s hand to resemble a human hand for intuitive
control or prioritizing functional replication for greater preci-
sion. While mimicking the human shape may improve control,
focusing on functionality allows for more adaptable and efficient
manipulation, despite structural differences. Sophisticated algo-
rithms are needed to ensure accurate movement replication while
addressing these design trade-offs. Finally, effective feedback is
crucial for precise control and immersion. Visual feedback, typ-
ically through cameras or VR systems [74,75], allows operators
to monitor the environment, while haptic feedback simulates
tactile sensations, helping operators feel forces or textures and
improving their control over tasks.

3. Anthropomorphism and anthropomorphic five-fingered
hands

Given the exceptional capabilities of the human hand, design-
ers of robotic hands commonly pursue “anthropomorphism” to
replicate human-like characteristics. The following subsections
define anthropomorphism and distinguish it from dexterity. Ad-
ditionally, we will explore the crucial factors involved in current
robot topology and mechanical design processes, summarizing
the criteria used to evaluate the anthropomorphic attributes of
robots.
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3.1. Definitions of anthropomorphism

“Anthropomorphism” derives from the Greek words “anthro-
pos” (human) and “morphe” (shape or form). It refers to attribut-
ing uniquely human characteristics or behaviors to nonhuman
entities. In the context of robotics, “anthropomorphism” is de-
fined as the ability of a robot end-effector to mimic human
hands, encompassing aspects such as shape, size, consistency, and
general attributes (including color and temperature) [76].

Anthropomorphism and dexterity are two orthogonal con-
cepts. Anthropomorphism pertains to the external properties of a
robot, such as its physical appearance, without directly implying
its functional capabilities. Dexterity, on the other hand, refers to
the functional properties of a robot, specifically its ability to per-
form tasks and manipulations. While some robotic hands claim
anthropomorphic features by resembling human hands in struc-
ture and DoFs, they may lack the necessary dexterity for perform-
ing complex grasping tasks efficiently. Conversely, robots lacking
anthropomorphic features can demonstrate impressive dexterity,
surpassing human-like capabilities in complex manipulations.

Despite anthropomorphism does not guaranteeing a high level
of dexterity, it remains an ideal goal for designing robot end-
effectors in the following scenarios:

e In human-oriented manipulation scenarios where tasks can
be performed by either humans or robots, anthropomor-
phism aligns the size and shape of manipulated objects or
tools with human manipulation requirements;

e In scenarios that require teleoperation, anthropomorphism
enables the robot to directly reproduce human behavior
through dedicated interface devices like data gloves;

e In scenarios for entertainment or assistance purposes, an-
thropomorphic robots, such as household robots, are specif-
ically designed to emulate human-like behavior;

e In scenarios involving prosthetic devices or rehabilitation
tasks, anthropomorphic robots play a crucial role in restor-
ing the quality of human life.

3.2. Anthropomorphic five-fingered robot topology and mechanical
design

The human hand is a marvel of intricate engineering, with
bones, joints, muscles, tendons, and their connections working
together seamlessly. This has driven advances in creating anthro-
pomorphic five-fingered robots with similar hand functionality.
The design of these robots encompasses numerous possibilities
and concepts, influenced by key factors such as:

e Mechanism: Refers to the mechanical structure of the
robotic hand, particularly the articulation of fingers and
joints. Design considerations include determining the num-
ber of axes of rotation (DoF) for each joint and their param-
eters, including position and orientation.

e Actuation: Involves the actuators that drive the movements
of the robotic hand. While electrical actuators are com-
mon, options like ultrasonic motors, pneumatic actuators,
shape-memory alloy actuators, and twisted string actuators
are also available. Actuation modes include in-site, where
actuators are placed inside joints or connected links for
streamlined mechanics but require size and mass manage-
ment, and remote, where actuators drive joints externally,
akin to biological structures, requiring attention to joint
coupling.

e Transmission: The transmission system efficiently transfers
motion from actuators to the fingers. Direct drive transmis-
sion is straightforward, while other options include chain
transmission, gear transmission, tendon-based transmission,
and belt and pulley transmission.
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e Sensing: Sensors provide crucial real-time feedback to the
robot’s control system. Proprioceptive sensors monitor the
robot’s physical state (position, velocity, angle, etc.), while
exteroceptive sensors gather environmental data (tempera-
ture, force, pressure, friction, etc.)

e Control: Dictates how the robot’s movements and manipu-
lations are orchestrated. Low-level control involves precise
management of individual joints and actuators for spe-
cific finger movements and configurations, while high-level
control encompasses strategic task planning, including se-
quence determination, object identification, localization, and
optimal manipulation strategies.

Taking all the aforementioned factors into account, researchers
have devoted significant efforts to developing experimental five-
fingered robotic hands. In the quest to replicate the versatility
and finesse of the human hand, the field of robotics has en-
countered a confluence of design philosophies. This exploration
has led to the emergence of two primary dichotomies in robotic
hand design: one distinguishing between rigid and soft hands
based on their physical composition, and the other distinguishing
among independent hands, coupled hands and underactuated
hands based on their actuation strategy [ 16]. These classifications
are not mutually exclusive but rather provide a framework for
understanding the diverse approaches to achieving dexterity in
robotic manipulation.

3.2.1. Rigid hands vs. soft hands

Rigid hands, characterized by fixed, non-flexible structures,
are primarily designed to achieve high precision and exert sig-
nificant force. These hands often adopt anthropomorphic designs
to replicate the appearance and functionality of human hands,
making them suitable for tasks that require fine-grained dexterity
and repeatability. Early designs, based on rigid body dynamics
and inverse kinematics, feature rigid body links, fixed DoFs joints,
and minimal compliance. Such hands excel in applications that
demand strong, repeatable, and precise grasps, such as assembly
tasks, industrial manipulation, or any scenario where accuracy
and force are paramount. However, the inherent rigidity of these
designs limits their ability to interact with delicate or irregularly
shaped objects, increasing the risk of damaging or inadequately
grasping fragile items. The lack of mechanical flexibility also leads
to higher control complexity, as adaptive strategies are required
to compensate for the limited compliance, thereby increasing
system complexity and the cognitive load on users. Additionally,
in dynamic or uncontrolled environments, the rigid nature of
these hands can pose safety risks during unexpected interactions,
underscoring the need for greater compliance in robotic hand
designs to ensure safe and secure operation.

Soft hands have emerged as a promising solution to address
the limitations of rigid hands. Inspired by the human muscu-
loskeletal system and invertebrate creatures, soft hands integrate
flexible materials into joints, actuation systems, and contact sur-
faces, enhancing the hand’s ability to adapt to diverse objects
and environments. The primary advantage of soft hands lies in
their high compliance and adaptability, which makes them ideal
for handling irregular or fragile objects. Elastomers like silicone
rubber, which can sustain large elastic deformations, offers ad-
vantages in ease of manufacturing, durability, and resistance to
wear and tear. Furthermore, materials like Shape Memory Alloys
(SMAs) and Shape Memory Polymers (SMPs) can change their
properties in response to external stimuli, significantly expanding
their functional capabilities. These advancements in soft robotics
have led to the development of various soft robotic hands, includ-
ing the RBO Hand 3 [77], Pisa/lIT SoftHand [78], Yale Multigrasp
Hand [79], Bionic Hand [80], and SDM hand [81]. These hands
are particularly suitable for unstructured environments where
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high adaptability is needed, such as grasping deformable objects,
interacting with the human body in rehabilitation tasks, or oper-
ating in hazardous environments where compliance is essential
for safety. However, while soft hands excel in these applications,
they generally sacrifice precision and force generation compared
to rigid hands. As a result, they are less suitable for tasks that
demand high levels of precision or strength, such as industrial
manipulation or heavy-duty tasks.

3.2.2. Independent hands vs. coupled hands vs. underactuated hands

Independent hands represent one of the most intuitive strate-
gies in robotic hand design, where the number of joints is equal to
the number of DoFs. This design allows for precise control of each
joint, providing high dexterity and accuracy in manipulation. For
example, the UB Hand IV [82] employs a tendon network within
each finger, driven by motors placed on the forearm, offering
four DoFs per finger. A soft hand with 26 independent DoFs,
proposed in [83], features M-shaped chambers as finger joints
with vacuum actuation, capable of performing 32 of the 33 Feix
taxonomy grasps [84]. While independent hands provide maxi-
mum precision and fine-grained control, they come with several
challenges. These include increased complexity and cost due to
the need for multiple actuators and motors, higher maintenance
requirements, and the need for sophisticated control strategies to
coordinate the actuators. Additionally, fitting multiple actuators
into a compact hand design can be difficult, limiting the practical
size of these hands.

Coupled hands offer a more compact and simplified actuation
system compared to independent hands. These systems reduce
the number of actuators by incorporating mechanical linkages
that rigidly connect the movements of the finger joints. In these
designs, the motion of one joint is directly influenced by the
movement of others, simplifying the actuation mechanism and
making the overall system more compact. A prominent example
is the DLR/HIT Hand II [85], which uses super-flat BLDC mo-
tors and features three DoFs and four joints per finger, with
the last two joints mechanically coupled. Similarly, Robonaut2’s
index and middle fingers feature a coupled design where the
distal interphalangeal joint (DIP) maintains a fixed relationship
with the proximal interphalangeal joint (PIP) [86]. The Schunk
Five Finger Hand [87] adopts a coupling mechanism that goes
beyond bending angles to include spreading angles. Addition-
ally, the Integrated Linkage-Driven Dexterous Anthropomorphic
(ILDA) hand [88] utilizes a four-bar linkage to couple the DIP
joint’s motion with the PIP joint’'s movement, enabling a more
natural and human-like finger range while maintaining actuation
efficiency. Although coupled hands limit individual finger control,
they still offer commendable dexterity and are often used in
applications where precision, reliability, and compact design are
paramount. However, the trade-off is reduced flexibility in certain
tasks that require independent finger motion.

Underactuated hands are designed to permit passive move-
ments between DoFs, offering self-adaptive features that allow
the joints to untangle dependencies under certain circumstances.
This design allows independent motion in parts of the hand even
when other parts encounter resistance. For instance, the Shadow
Dexterous Hand [89] uses a single tendon to control both the
PIP and DIP joints of the fingers. This allows the DIP joint to
continue moving even if the PIP joint encounters obstruction,
ensuring a high degree of adaptability. Similarly, the MCR-Hand
Il [90] features motors that actuate the PIP and MCP joints via
spring linkages, while the DIP and PIP joints are coupled. Ryu
et al. [91] employs four-bar linkages and gears to couple the
DIP, PIP, and MCP joints, incorporating torsional springs to realize
passive movements. Underactuated hands are particularly well-
suited for tasks requiring compliance, as their ability to adapt
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Fig. 3. Indicators to evaluate the level of anthropomorphism of the robotic hand. Physical properties, relating to the morphological characteristics of the robotic
hand (orange). Functional properties, related to the functional performance of the robotic hand (blue).

to dynamic or uncertain environments makes them ideal for
handling delicate, deformable, or irregular objects. However, this
adaptability can come at the cost of precision and individual
control over joint movement, which may limit their application
in tasks requiring fine-grained dexterity and precision.

3.3. Evaluation of the anthropomorphism of robotic hands

Effective evaluation of anthropomorphic hands accomplishes
two goals: assessing human-likeness in existing robotic hands
and guiding the design of next-generation anthropomorphic
hands. The comparison of hand features and capabilities has been
carried out, considering their physical properties (such as size,
weight, kinematics, etc.) and functional properties (including range
of motion, speed, force, etc.), as illustrated in Fig. 3.

Earlier studies, such as [76,92], established anthropomorphism
levels using weighted sums of kinematics, contact surfaces, and
size. However, these criteria predominantly focus on basic mor-
phological characteristics like the number of fingers and pha-
langes, lacking deeper discussion on critical similarities between
robot and human hands such as workspace, grasp ability, speed,
and strength. The study by Liarokapis et al. [93] proposes a
method for quantifying anthropomorphism by comparing hu-
man and robot hands at two levels: finger phalanges workspaces
and fingers base frames workspaces. Numerous comprehensive
evaluations of robotic hand anthropomorphism have been un-
dertaken. Liu et al. [94] introduced twelve indexes to quantify

prosthetic hand anthropomorphism through comparisons with
human hands, covering factors like size, weight, range of motion,
grasping speed, force, and posture. Belter et al. [95] conducted a
qualitative assessment focusing on physical, actuation, and kine-
matic aspects, with special emphasis on thumb design due to its
pivotal role in achieving human-like hand functionality.

Given the crucial role of manipulation in human hands, eval-
uating robotic hands’ ability to perform manipulation tasks be-
comes imperative in assessing anthropomorphism. Zhou et al.
[96] employed qualitative methods to evaluate robotic hand an-
thropomorphism through tasks such as grasping, in-hand ma-
nipulation, and thumb dexterity tests, focusing on the hand’s
success in executing these tasks. However, qualitative methods
can be subjective, prompting researchers to strive for more ob-
jective quantitative assessments. Llop et al. [97] introduced a
comprehensive protocol for systematically assessing robotic hand
anthropomorphism, incorporating task-driven evaluations across
twenty-six daily-life activity tasks, including eight grasp types,
to quantitatively gauge the extent to which a robotic hand em-
bodies anthropomorphism. Yet, experimental methods can be
costly and time-consuming, making simulation methods appear
as a reliable alternative. In [98], a simulation-based benchmark-
ing approach was developed to assess anthropomorphic hands,
leveraging human knowledge to generate effective grasping con-
figurations and introducing new metrics for assessing similarity
to human hand grasps. In a notable quantitative simulation study,
Feix et al. [99] used the Gaussian process latent variable model
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(GP-LVM) to represent human and robotic fingertip workspaces
in a low-dimensional manifold, quantifying anthropomorphic in-
dices through calculations of similarity and overlap across twelve
grasp types.

4. Learning human-like dexterous manipulation for anthro-
pomorphic five-fingered hands

Learning stands undeniably as a fundamental component of
dexterous manipulation, extending beyond a mere tool for spe-
cific robotic skills. Learning plays a pivotal role in facilitating
dynamic adaptation to diverse, unstructured, and unpredictable
scenarios [100]. Its significance extends beyond isolated skills,
enabling skill generalization akin to the human capability to
transition between tasks [101]. Moreover, learning empowers
iterative refinement of intricate skills that progressively enhance
dexterity, as opposed to conventional pre-programming [102]. As
dexterity continues to improve, the intrinsic role of learning in
manipulation has become indisputably fundamental in shaping
adaptive, versatile, and human-like manipulative behavior.

Existing methods for human-like dexterous manipulation with
anthropomorphic five-fingered hands are categorized as analyti-
cal or empirical based on success criteria [103]. Analytical meth-
ods involve solving constrained optimization problems by making
assumptions about physical and geometric object properties, such
as simplified contact models, Coulomb friction, and rigid-body
modeling. Based on the assumptions, toolkits like Grasplt! [104]
and SynGrasp [105] synthesize manipulation configurations that
optimize objectives like grasp stability. However, analytical meth-
ods face limitations when dealing with unknown objects and real-
time requirements. Empirical methods, also known as learning-
based methods, emphasize object representation and percep-
tual processing, and are currently the mainstream approach for
learning human-like dexterous manipulations with anthropomor-
phic five-fingered hands. They combine sensory input with prior
knowledge, derived from human demonstrations or past experi-
ence, to generate and optimize candidate actions, yielding more
general and robust performance than analytical methods. These
empirical methods encompass imitation learning, reinforcement
learning, and their integration (see Fig. 4).

4.1. Imitation learning for anthropomorphic five-fingered hands

Imitation learning (IL) involves replicating expert behavior
to achieve optimal task performance. Through human demon-
strations, the agent implicitly acquires prior knowledge about
the world, which it uses to develop effective learning strategies.
This approach enables robots to quickly acquire new skills and
adapt to diverse environments with minimal demonstrations, en-
hancing their adaptability. Notably, IL seamlessly integrates with
other algorithms like reinforcement learning, leveraging expert
guidance to achieve excellent initial performance and increased
learning efficiency.

Demonstration, representation, and reproduction constitute the
entire process of IL. IL begins with capturing demonstrations
through direct or indirect methods. The captured demonstrations
are then processed to characterize the current state and environ-
ment. The represented features are used in algorithms to learn
policies that mimic human behavior. Finally, the robot executes
the learned policy and optimizes it based on performance.

4.1.1. Demonstration

Demonstration methods in IL are broadly categorized into di-
rect and indirect approaches [ 106]. Direct demonstration involves
obtaining samples directly from the robot primarily through two
techniques: kinesthetic teaching and teleoperation teaching. In
kinesthetic teaching, a human physically guides the robot to
perform the desired actions, as shown in [107,108]. This method
is intuitive and simple, making it suitable for straightforward
tasks. However, it faces significant limitations when applied to
robots with high DoFs, such as anthropomorphic robotic hands,
where physically manipulating complex joints can become cum-
bersome and error-prone. Safety is another concern, particularly
when teaching powerful or delicate robotic systems. Teleoper-
ation teaching, on the other hand, leverages wearable devices,
joysticks, or control panels to remotely guide robot actions [37,
60,109-111]. While this approach enhances safety by distancing
the operator from the robot, it introduces challenges such as
mechanical wear on the teleoperation devices and the potential
for operator fatigue during extended sessions. Moreover, both
direct methods often require task-specific setups and lack the
inherent flexibility to adapt to diverse robotic configurations,
thereby limiting their utility in generalized learning scenarios.

Indirect demonstration methods bypass the need for direct
robot interaction and are broadly categorized into real-world
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data collection and simulation-based data synthesis. The datasets
generated from these methods exhibit wide applicability, sup-
porting various research efforts in human-like dexterous manip-
ulation, as shown in Table 2. In real-world methods, data is col-
lected by observing human actions. Mocap systems track human
hand motions with high accuracy using markers, as demonstrated
in [112-116]. However, these systems require specialized equip-
ment and calibration, limiting scalability. Markerless approaches
address these challenges by estimating hand-object interactions
from visual data. These approaches may use human annotation
for higher accuracy, as seen in [117,118], or rely on automated
vision-based estimation, as demonstrated in [119,120]. However,
markerless methods can suffer from occlusions and reduced pre-
cision in complex scenarios, potentially compromising data qual-
ity. Simulation-based synthesis provides a scalable alternative for
creating large datasets. Studies such as [121,122] use simple but
effective strategies, generating random grasp poses in simula-
tors and logging successful attempts into datasets. Grasplt!-based
methods leverage optimization techniques like simulated anneal-
ing to generate stable grasps based on predefined metrics [118,
123-125], though their reliance on heuristics limits grasp diver-
sity. Optimization methods for grasp generation are crucial for
achieving stable and efficient robotic grasping. These methods
can be classified into gradient-free and gradient-based optimiza-
tion approaches. Gradient-free methods are particularly effective
for non-convex landscapes, avoiding explicit gradient compu-
tation, which is useful when gradient information is noisy or
unavailable. For example,[ 126,127] jointly optimize the weighted
sum of multiple energy terms, such as contact stability, collision
avoidance, and penetration minimization. These methods use
the Metropolis-adjusted Langevin algorithm, which introduces
stochasticity to explore the solution space more effectively and
avoid being trapped in local optima. Similarly, [128] employs the
Interior Point OPTimizer (IPOPT), a deterministic method well-
suited for solving constrained optimization problems. IPOPT uses
second-order information to navigate the optimization space effi-
ciently, leading to robust solutions even for complex energy for-
mulations. Gradient-based methods utilize grasp quality metric
gradients to guide the optimization process, improving efficiency
and precision. For example, [ 129] introduces a differentiable force
closure estimator to optimize grasp stability, enabling the gener-
ation of diverse and stable grasps across different hand structures
without pre-existing training data. By formulating the grasp syn-
thesis process as a differentiable objective, this method efficiently
computes gradients to refine grasp configurations. Despite their
advantages, gradient-based methods face challenges, including
low success rates, slow convergence, and difficulties with thin
or low-quality object meshes. To address these issues, recent
works have introduced advanced strategies. For instance, [130]
improves optimization with robust penetration energy compu-
tation and better initialization techniques, leading to more reli-
able grasp outcomes. Additionally, [131] innovates in simulation
frameworks by incorporating position-based dynamics integra-
tors, which reduce computational complexity and accelerate the
generation of realistic grasps.

4.1.2. Representation

Feature representation transforms observed demonstrations
into an agent’s internal format. Since real-world environments
are intricate, gathered demonstrations often contain superfluous
details, impeding subsequent IL. Hence, demonstrations need a
concise, recognizable form applicable to the robot, termed a fea-
ture vector. This vector encompasses environment, object, and
manipulator information, balancing training demands with com-
putational efficiency. Raw data, rich in information and dimen-
sions, can be directly used if adequate. However, it is often pro-
cessed into useful information through crafted formulas, termed
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designed features. Expert insights guide this task, adapted per
the requirement. For instance, [137] retargets the obtained 3D
positions of 21 skeletal human hand points to robot hand for
dexterous manipulation. In [138], the depth camera recovers the
point cloud, followed by segmentation, reduction, and calculation
of normals. These surface normals, coupled with contact posi-
tions, characterize the visual information, forming a foundation
for training in grasping. High-dimensional data often undergoes
automatic mapping to low-dimensional space by feature extrac-
tion technology. For complex robots like anthropomorphic hands,
original joint angles might be unwieldy, advocating mapping
to synergy spaces, e.g., [139] maps hand-arm space to postural
synergies subspace using Multiple Neural Networks. The similar
idea can also be seen in [35,37,47,60,111,140].

4.1.3. Reproduction

The prime objective of IL is enabling robots to replicate and
generate human behavior in novel, unseen scenarios, facilitated
by IL algorithms. These algorithms, pivotal in achieving this goal,
can be categorized into three main types: behavior cloning, in-
verse reinforcement learning, and adversarial imitation learning.
We detail these algorithms below.

Behavior cloning. Behavior cloning (BC), a prominent algorithm
within IL, embodies the principle of direct policy learning. The
core idea is to map the teaching of the demonstrator to the
actions of the learner. Since the demonstration data is provided
with state-action labels, behavior cloning can be regarded as
a subset of supervised learning. Essentially, the agent employs
training data to construct a human behavior model that predicts
actions based on states, using classification or regression methods
to complete the task.

For cases where the learner’s actions can be divided into
discrete categories, classification methods are commonly em-
ployed [141]. Deng et al. [34,40] formulated grasping as a classifi-
cation problem, where objects are assigned to one of six human-
inspired grasp types: large wrap, small wrap, power, pinch, pre-
cision, and tripod. This classification directly guides the robot’s
grasp execution, providing a structured approach to mimic hu-
man manipulation strategies. Similarly, Li et al. [142] proposed a
classification-based approach for grasp type selection, utilizing a
neural network to determine grasp types such as power circular
grasp, power heavy wrap grasp, power prismatic grasp, power
thin grasp, precision circular grasp, and precision prismatic grasp
based on perceived object features. This method enables the
robot to achieve secure and stable grasps by aligning its actions
with the physical characteristics of the object. Building on these
principles, Santina et al. [143] used classification to sequence
human-inspired action primitives, enabling robots to adaptively
perform approach and grasp phases through the selection of
one of ten predefined primitives. Differentiating from previous
approaches, Hidalgo et al. [144] introduced a grasp posture pre-
dictor that operates at the point level, classifying each object
surface point into medium wrap, tripod, or non-graspable areas.
This granularity facilitates precise hand placement for effective
grasp execution. Further enhancing adaptability, Rao et al. [39]
introduced probabilistic classification, which predicts the likeli-
hood of multiple grasp types based on detailed object attributes
such as texture, stiffness, and fragility. By outputting a probability
distribution, this approach emulates human decision-making un-
der uncertainty, allowing the robot to flexibly adapt its grasping
strategy to varying conditions. Classification methods, by map-
ping inputs to discrete action labels, excel in providing high-level
action representations suited for tasks involving broad catego-
rization or predefined action sets. These methods are computa-
tionally efficient and easier to train, making them appealing for
straightforward robotic tasks. However, they lack the granularity
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Table 2

Generalized human-like dexterous manipulation dataset.
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Year Dataset Hand representation Task Method

2019 ObMan [123] MANO Grasp Grasplt!

2020 Contactpose [112] MANO Grasp Mocap

2020 GRAB [113] SMPL-X Binamual manipulation Mocap

2020 HO3D [119] MANO Grasp Markerless (Estimation)

2020 DDGdata [124] Shadow hand Grasp Grasplt!

2021 KIT [114] Master motor map (MMM) Binamual manipulation Mocap

2021 DexYCB [117] MANO Grasp Markerless (human annotation)
2021 H20 [120] MANO Binamual manipulation Markerless (estimation)

2022 Oakink [132] MANO Functional manipulation Markerless

2022 HOI4D [133] MANO Functional manipulation Markerless

2023 Arctic [115] MANO Binamual manipulation Mocap

2023 HMDO [134] Reconstructed hand model Binamual manipulation Markerless

2023 AffordPose [118] MANO Functional grasp Markerless (human annotation) & Grasplt!
2023 DexGraspNet [130] Shadow hand Grasp Gradient-based optimization
2023 Fast-Grasp’'D [131] Shadow hand Grasp Gradient-based optimization
2023 GenDexGrasp [135] Shadow Hand Grasp Gradient-based optimization
2024 TACO [116] MANO Binamual manipulation Mocap & Markerless

2024 MultiGripperGrasp [125] Shadow hand, Human hand Grasp Grasplt! + Simulator

2024 Oakink2 [136] MANO Binamual manipulation Mocap

necessary for low-level control, where precise, continuous action
representations are critical.

Regression techniques enable precise control in robotic tasks
by predicting continuous values for various parameters. These
methods are categorized into probabilistic modeling, traditional
machine learning, deep learning-based regression, and generative
approaches, each with unique features and applications. Proba-
bilistic methods, such as Gaussian Mixture Models (GMMs) and
Gaussian Mixture Regression (GMR), have proven effective for
modeling grasp trajectories. Huang et al. [128] used GMM-GMR
for real-time grasp planning in dynamic environments. Katyara
et al. [60] introduced “kernelized synergies”, where GMM cap-
tures synergistic trajectories, and GMR predicts reference tra-
jectories for dexterous manipulation, adapting to new objects
and conditions. These methods model human demonstrations
probabilistically, ensuring smooth grasp predictions. Traditional
machine learning methods focus on simpler regressors to pre-
dict grasp configurations from object features. Yuan et al. [26]
used SVM-rank to predict configurations for a five-finger hand
in a three-stage process, though it has limited scalability for
high-dimensional data. Similarly, Gabellieri et al. [107] used a
Decision Tree Regressor based on object point cloud dimensions,
effectively transferring human expertise but limited by reliance
on handcrafted features. Deep learning has enhanced regres-
sion models by learning from high-dimensional data. Ficuciello
et al. [139] employed Multiple Neural Networks (MNN) to predict
motor coefficients for anthropomorphic hands, enabling general-
ization across various objects. Song et al. [108] used multi-level
CNNs to predict optimal grasp postures for dexterous hands.
Duan et al. [145] introduced AHG-Net, an end-to-end framework
that predicts hand configurations from single-view point clouds,
enabling human-to-robot handovers. Ruppel and Zhang [146]
integrated CNNs with trajectory optimization to teach dexter-
ous manipulation from human demos, while Wu et al. [147]
extended CNNs for grasp transfer across object categories with
minimal labeled data. Emerging architectures, like Transformers,
are advancing grasp planning by capturing global relationships
in high-dimensional data. Xu et al. [148] introduced the Dex-
terous Grasp Transformer, which predicts diverse grasp poses
from point clouds, modeling spatial and contextual dependencies
more efficiently. Generative models, especially Conditional Vari-
ational Autoencoders (CVAEs), have transformed regression tasks
by predicting diverse grasp configurations. Wei et al. [122] used a
CVAE-based network to predict high-quality grasp configurations
from single-view observations. Zhang et al. [ 126] enhanced multi-
fingered grasping in clutter using CVAEs to produce semantic-
rich contact maps. Shao et al. [127] applied Denoising Diffusion
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Probabilistic Models (DDPMs) to generate bimanual grasp con-
figurations, addressing the complexities of dual-hand manipula-
tion. Regression methods address the limitations of classification
by predicting continuous values, enabling precise and adaptable
robotic manipulations essential for complex tasks. However, they
often require significantly larger datasets to achieve robustness
and are more sensitive to noise and variations in training data,
which can affect their real-world performance.

BC provides a straightforward and efficient framework for
IL by directly replicating expert demonstrations. Its simplicity
enables rapid deployment in robotic systems, and its reliance on
supervised learning makes it intuitive to implement. However,
BC fundamentally lacks the ability to infer the intent behind
demonstrated actions, focusing solely on reproducing observed
behaviors. This limitation restricts its generalization to unseen
scenarios or its adaptability to variations in task requirements.
Moreover, its heavy dependence on the quantity and quality
of expert data renders it vulnerable to biased or incomplete
demonstrations. To overcome these challenges, approaches like
inverse reinforcement learning aim to uncover the underlying
objectives driving expert behavior, enabling more robust and
flexible solutions.

Inverse reinforcement learning. Inverse reinforcement learning
(IRL) is a typical branch of the IL method, which aims to eval-
uate actions by extracting a reward function that represent the
intentions of the expert [ 149]. While both IRL and BC assume that
state-action pairs are available, IRL learns a reward function that
abstractly describes actions rather than directly mapping states
to actions. This obtained reward function subsequently guides
reinforcement learning to derive the ultimate control strategy.
This approach is advantageous as reward functions often prove
more concise than policies, particularly for plan-oriented tasks
like dexterous manipulation in high dimensional space.

To address the complexities of designing task-specific reward
functions for dexterous robotic hands, Orbik et al. [150] intro-
duced an IRL algorithm that autonomously derives reward func-
tions from human demonstrations. This approach eliminates the
need for manual reward engineering, making it particularly valu-
able in tasks with high dimensionality and limited demonstration
samples. The learned reward function serves as a proxy for the
demonstrator’s expertise, enabling the robot to generalize be-
havior to unseen scenarios by inferring task-relevant priorities.
However, due to the sparse distribution of samples in the ex-
pansive state-action space of dexterous tasks, traditional IRL
methods often develop reward functions biased toward demon-
strated actions, reducing generalization to unexplored areas. To
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overcome this limitation, the authors enhanced the learning pro-
cess by generating random samples to explore unvisited regions,
normalizing reward values to stabilize training, and reducing
the reward function’s dimensionality to focus on task-relevant
features. These strategies collectively improve the robustness,
efficiency, and generalization of the reward function, allowing the
robot to execute complex manipulation tasks such as grasping,
in-hand manipulation, and tool use with greater autonomy and
adaptability.

IRL, while providing a principled framework for uncovering
reward functions, often relies on computationally intensive it-
erative processes that optimize policies based on inferred re-
wards. These processes can struggle to produce optimal results
in high-dimensional spaces, where the complexity of the reward
landscape amplifies computational demands. In contrast, genera-
tive adversarial imitation learning simplifies policy improvement
by leveraging adversarial training to directly compare the be-
havior of experts and learners. This approach bypasses explicit
reward inference, enabling a more direct and efficient alignment
of policies with expert demonstrations.

Generative adversarial imitation learning. Generative adversar-
ial imitation learning (GAIL) is a method that integrates Gen-
erative Adversarial Networks (GANs) with IL, aiming to directly
learn policies from demonstrations without explicitly modeling
a reward function [151]. The core idea of GAIL is framed as a
competitive game between two components: the generator and
the discriminator. The generator is trained to produce behaviors
that mimic expert demonstrations, while the discriminator acts as
a classifier to differentiate between the behaviors of the generator
and the expert. Through iterative adversarial training, the genera-
tor’s outputs are gradually optimized to become indistinguishable
from expert behaviors, effectively aligning the learned policies
with the demonstrated ones.

A practical example of GAIL’s application is presented in [137].
This study focuses on imitating human hand movements, par-
ticularly in object manipulation, and transferring these to a 29-
degree-of-freedom anthropomorphic robotic hand model. The
process involves capturing human hand motion using an ad-
vanced hand pose estimator and retargeting the data through
inverse kinematics and Particle Swarm Optimization (PSO), op-
timizing for task-specific objectives to bridge the gap between
human and robotic hands. In this framework, GAIL is employed
to learn a policy network from the retargeted demonstrations
executed in a virtual environment. The generator network is
trained to mimic the expert demonstrations, while the discrim-
inator learns to differentiate between the expert and generated
behaviors. Through adversarial optimization, the generator pro-
gressively aligns its policies with those of the expert. Key features
considered during policy learning include the relative distance
and velocity between the hand and the object, the local rotations
and velocities of the hand’s joints, and the minimum contact
distance between the end-effectors and the object. The effec-
tiveness of this GAIL-based framework is demonstrated by its
ability to enable the robotic hand to autonomously grasp objects
in unseen initial conditions within the virtual environment. This
success underscores the potential of GAIL in learning human-like
grasping and manipulation tasks, offering a promising approach
for extending IL techniques to real-world robotic applications.

While GAIL offers advantages such as lower computational
costs and enhanced generalization, dealing with high-dimensional
models can pose challenges to the learning process. When at-
tempting to generalize to similar conditions with added initial
noises, the model’s success rate can significantly decrease.

In summary, IL has become a key approach for enabling
human-like dexterous manipulation with anthropomorphic five-
fingered hands. IL methods such as BC, IRL, and GAIL each offer
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distinct advantages but also come with limitations. BC is simple
and intuitive but struggles with generalization and long-horizon
tasks. IRL can infer reward functions and generalize better, yet it
faces computational challenges and is sensitive to noisy demon-
strations. GAIL improves upon this by using adversarial training
to learn policies more efficiently, but still requires significant
training data and computational resources. Table 3 summarizes
various IL methods for anthropomorphic five-fingered hands.
Despite their effectiveness, these methods still face challenges
in scaling to complex, unstructured environments. As a result,
reinforcement learning is gaining traction as it allows robots to
refine their manipulation skills through direct interaction with
the environment, offering a more flexible and adaptive approach
to handling a wider range of tasks.

4.2. Reinforcement learning for anthropomorphic five-fingered hands

Humans inherently learn through interaction with their en-
vironment, a natural process that is observed even in infants
who, without explicit instruction, develop perceptual and motor
skills through trial and error. Reinforcement learning (RL) draws
inspiration from this psychological principle, adapting it into the
domain of artificial intelligence. In RL, an agent learns by interact-
ing with a dynamic environment, receiving feedback in the form
of a “reward”, which guides its decision-making. This approach
partitions the real world into two core components: the agent
and the environment. The agent performs actions that influence
the environment and receives rewards as feedback, driving its
learning process.

Beyond the agent-environment interaction, RL frameworks
incorporate four fundamental components: policy, reward func-
tion, value function, and an optional model of the environment.
These elements collectively enable RL to tackle decision-making
in complex, sequential, and uncertain scenarios.

Policy. Policy defines the agent’s strategy by mapping per-
ceived environmental states to corresponding actions. Analogous
to stimulus-response mechanisms in psychology, policies range
from simple lookup tables to sophisticated mappings requiring
extensive computation. In more complex environments, policies
often rely on models to optimize action sequences for maximum
cumulative rewards. Policies can be deterministic (a specific ac-
tion for each state) or stochastic (probabilistic distributions over
actions).

Reward Function. The reward function is the objective feed-
back of the environment to the agent, which sets the RL objective.
At each time step, the environment assigns an integer or scalar
value to the state-action pairs, known as a reward. The long-term
goal of the agent is to maximize the cumulative reward, as the
reward gauges the quality of behavior. While the agent cannot
directly control how rewards are assigned, it can influence reward
outcomes indirectly by altering its actions and the subsequent
state transitions.

Value Function. If the reward function evaluates short-term
benefits, the value function encapsulates long-term advantages.
The value function assigns an estimate to a state, representing
the cumulative future rewards achievable from that state onward.
Thus, even states with low immediate rewards may hold sig-
nificant value if they lead to high-reward states in subsequent
steps.

Model of Environment. The presence of the model of environ-
ment is optional. If the model of environment is available, the
RL algorithm is termed model-based. In this method, predictions
about the upcoming state and reward are made based on the
current state and action, often used for planning purposes.
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Table 3
Imitation learning for anthropomorphic five-fingered hands.
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Category Ref. Year Demonstration Robot hand Task Experimental
validation
BC [128] 2013 Grasplt! & Gradient-free optimization iCub Hand Grasp Sim
[139] 2016 Teleoperation SCHUNK S5FH Grasp Real
[26] 2017 Human annotation Human Hand Grasp Real
[108] 2018 Kinesthetic teaching Shadow Grasp Real & Sim
[34] 2019 Human annotation Shadow Grasp Sim
[143] 2019 Human annotation Pisa/lIT SoftHand Grasp Real
[43] 2019 Markerless Adroit Ham a nail, open a door, Sim
relocation, reposition a pen
[152] 2019 Kinesthetic teaching DLR/HIT II, Human Hand Grasp Real & Sim
[39] 2020 Human annotation AR10 Grasp Real & Sim
[142] 2020 Indirect AR10 Grasp Real
[107] 2020 Kinesthetic teaching Pisa/lIT SoftHand Grasp Real
[146] 2020 Mocap Shadow open a bottle, pick and place, Real
wipe
[60] 2020 Teleoperation Dexmart Hand Pour coffee, open toolbox Real & Sim
latches, grasp and manipulate,
play the board game
[40] 2021 Human annotation Shadow Grasp Real & Sim
[122] 2022 Simulator-based synthesis DLR/HIT 11 Grasp Real & Sim
[121] 2022 Simulator-based synthesis DLR/HIT II Grasp Real & Sim
[145] 2023 Simulator-based synthesis DLR/HIT I Handover Real & Sim
[144] 2023 Human annotation Shadow Grasp Real
[56] 2023 Human annotation Shadow Nonprehensile pregrasp Sim
[147] 2023 Human annotation & gradient-based Shadow Functional grasp Real & Sim
optimization
[33] 2024 Human annotation & gradient-based Shadow, DLR/HIT II, Functional grasp Real & Sim
optimization SCHUNK S5FH
[153] 2024 Teleoperation Shadow Continuous grasp Real & Sim
[126] 2024 Gradient-free optimization DLR/HIT II Grasp Real & Sim
[127] 2024 Gradient-free optimization Shadow Bimanual grasp Sim
[148] 2024 Gradient-based optimization Shadow Grasp Sim
IRL [150] 2021 Markerless Adroit Ham a nail, open a door, Sim
relocation, reposition a pen
GAIL [137] 2018 Markerless Modular Prosthetic Limb Grasp Sim

4.2.1. Model-based methods

Model-based methods rely on either an explicit or a learned
representation of the environment, which serves as a founda-
tion for predicting future states and rewards. By leveraging this
predictive capability, agents can strategically plan their actions,
considering not just immediate outcomes but also long-term con-
sequences. This foresight allows for efficient exploration and op-
timization of strategies, significantly reducing the need for direct
interaction with the real environment. Simulations within the
environment model enable agents to evaluate potential strategies
and refine their decisions, leading to faster convergence and im-
proved performance. Furthermore, model-based approaches offer
enhanced interpretability, as the environment model provides
insights into the system’s dynamics and underlying structure,
making them particularly valuable for solving complex, high-
dimensional tasks.

When the environment model is available, optimal strategies
can be derived using model-based methods such as value iter-
ation and policy iteration. These algorithms work by evaluating
and refining policies based on predictions of future states and
rewards. In value iteration, the algorithm iteratively updates the
value of each state by considering the expected rewards from
all possible actions, eventually converging on the optimal value
function. The optimal policy is then derived from this value
function by choosing the action that leads to the highest value in
each state. Policy iteration, on the other hand, alternates between
evaluating the current policy and improving it. In the evaluation
step, the algorithm computes the value function for the current
policy. In the improvement step, it updates the policy by choos-
ing the action that maximizes the expected value at each state,
repeating these steps until convergence to an optimal policy.

The development of model-based RL for anthropomorphic
five-fingered hands has been significantly advanced through var-
ious studies, each contributing to the refinement and application

of these techniques. Gupta et al. [154] integrate Guided Policy
Search (GPS) with RL to optimize policies for a soft robotic
hand, employing a model-based approach to optimize control
policies. The GPS framework is used to train a neural network
policy on expert demonstrations, enabling the hand to replicate
complex motions like valve turning and abacus manipulation.
By fitting time-varying linear models to the system’s dynam-
ics, the method improves task execution efficiency. The GPS
algorithm is extended to not only learn from multiple demon-
strations but also to generalize these skills across various initial
states, showcasing an improvement over traditional model-based
methods by incorporating deep learning for policy optimization
and generalization. Kumar et al. [155] utilize RL to control a
pneumatically-actuated hand by applying time-varying linear
models. This approach highlights how model-based techniques
can effectively manage dynamic, real-time constraints in robotic
hands. By incorporating a system’s dynamic model, the method
optimizes hand positioning and object manipulation while min-
imizing the need for excessive trial-and-error interactions with
the environment. Such a strategy proves particularly advanta-
geous in systems where accurately modeling physical dynamics
is essential for precise manipulation. Nagabandi et al. [61]present
online planning with deep dynamics models (PDDM), a novel
RL approach that leverages deep dynamics models to enhance
dexterous manipulation with multi-fingered hands. This method
employs a policy-based framework that directly links data to
control strategies, using predictions from the model to facili-
tate real-time planning and decision-making. One of the key
innovations is the use of deep neural networks to model com-
plex system dynamics, significantly improving the model’s ability
to handle intricate interactions. Additionally, PDDM integrates
model-predictive control (MPC), a technique that optimizes con-
trol actions based on predictions of future system states, en-
abling efficient trajectory optimization at each step. The approach
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demonstrates remarkable sample efficiency, learning advanced
manipulation skills with minimal real-world data, and shows
strong generalization capabilities, allowing the learned policy to
be applied to a variety of tasks in different settings. Similarly,
Omer et al. [156] integrate MPC with the Actor-Critic framework,
a RL framework that simultaneously evaluates policies (the Actor)
and estimates value functions (the Critic). This integration further
enhances the real-time planning and adaptation of control poli-
cies, combining the strengths of both MPC’s optimal control and
the learning capability of the Actor-Critic model. By evaluating
both actions and policies in parallel, this approach allows for
more effective handling of complex, dynamic tasks such as valve
rotation and object manipulation, offering improved flexibility
and performance.

Model-based RL methods, despite their effectiveness, face sig-
nificant challenges, primarily due to their heavy dependence on
the accuracy of the environment model. In complex and dy-
namic environments where explicit representations are lacking,
obtaining a precise model can be exceedingly difficult. These
methods are not only computationally intensive but also sensitive
to errors in the model, which can result in suboptimal policies.
Furthermore, the policies derived may have limited generaliza-
tion capabilities and require continuous updates to adapt to en-
vironmental changes, highlighting the need for approaches that
can handle uncertainties and inaccuracies inherent in real-world
applications.

4.2.2. Model-free methods

Model-free methods refer to a class of RL algorithms that do
not require a model of the environment to make decisions. In con-
trast to model-based methods, which rely on an explicit model to
predict future states and rewards, model-free methods directly
learn optimal policies or value functions through interactions
with the environment, typically by trial and error.

Model-free policy-based methods have played a crucial role
in advancing dexterous robotic manipulation, particularly for
high-dimensional action spaces. Trust Region Policy Optimization
(TRPO) [157], a foundational approach, optimizes policies with-
out requiring an explicit environment model. It introduces trust
region updates to ensure stable policy changes and uses natural
gradient optimization for more efficient learning in complex con-
trol tasks. In [158], TRPO was used to train an anthropomorphic
robotic hand for grasping tasks, demonstrating its ability to gen-
eralize across diverse object geometries and material properties.
The learned policy was not object-specific and showed the ability
to generalize to novel objects with distinct characteristics. When
augmented with touch sensing, the policy exhibited improved
robustness, maintaining performance across varying levels of
environmental noise. Proximal Policy Optimization (PPO) [159],
a successor to TRPO, simplified the trust region mechanism by
introducing clipped updates, maintaining training stability while
improving computational efficiency. For instance, in [46], PPO
was applied to train the Shadow Dexterous Hand for vision-based
object reorientation tasks. The approach utilized a distributed RL
system to enhance data collection efficiency and employed exten-
sive simulation randomization to achieve successful sim-to-real
transfer. This method demonstrated robustness to variations in
physical properties, friction coefficients, and object appearances,
marking a significant advancement in dexterous manipulation for
robotic hands. Building upon PPO, Soft PPO integrated attention
mechanisms to enhance task-specific performance, particularly
for complex manipulation scenarios [160]. By focusing on rel-
evant regions of the environment, the approach optimized the
exploration-exploitation balance and achieved over 90% success
rates in complex grasping tasks. Similarly, domain randomiza-
tion, a key technique for improving robustness in real-world
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environments, was effectively combined with PPO in [52] to
enable zero-shot transfer for ball rotation tasks. Further extend-
ing PPO’s capabilities, hierarchical curriculum designs and dense
reward functions have been employed to accelerate learning
in functional grasping tasks. For instance, [54] used a dense
multi-component reward function to reduce reliance on expert
demonstrations and enable efficient learning of functional grasps
on novel objects, such as drills, spray bottles, and mugs. The
approach achieved a 94.1% success rate and utilized a two-
stage curriculum to improve convergence stability. Meanwhile,
the PGDM framework introduced in [161] leveraged pre-grasp
postures—specific hand configurations that prepare for object
interaction—to reduce the complexity of exploration in dexterous
manipulation tasks. This innovation enabled the framework to
effectively learn complex manipulation behaviors with mini-
mal task-specific engineering or hyperparameter tuning, allowing
PPO to achieve performance comparable to methods requiring
more extensive supervision. In a recent advancement, PPO has
been effectively applied to human-assisting dexterous grasping
tasks [162]. The article presents a novel policy-based RL approach
for human-assisting dexterous grasping, focusing primarily on
the development and implementation of a RL method to control
a robotic hand’s fingers for assisting users in grasping objects.
The RL component, which is the core of the method, is designed
to address the challenges of adapting to diverse user intentions
and object geometries in real-time. Experiments conducted in the
paper demonstrate the superiority of the proposed method over
baselines in terms of success rate, posture similarity to human
grasps, and stability of the grasped object. The method signif-
icantly outperforms baselines across various metrics, including
a success rate of 66% in real-world human-assisted grasping
scenarios. PPO has also proven versatile in dynamic manipulation
of deformable objects, as demonstrated by the DexDLO frame-
work [163], which employs end-to-end strategies for tasks such
as grabbing, pulling, stretching, and bending deformable linear
objects (DLOs). The framework successfully trains a policy to
dynamically minimize the distance between a selected point on
the DLO and a goal position. Experimental results show high
success rates across various tasks, including over 60% success
on DLO grabbing right, over 80% on DLO grabbing left, and
nearly 100% success on DLO pulling. Moreover, frameworks like
DiscoSyn [164] and SURRL [165] have incorporated PPO into
multi-task learning setups, leveraging low-dimensional latent
spaces and structural priors. These methods significantly reduced
task-specific data requirements and facilitated effective transfer
across diverse tasks. Policy-based methods are advantageous
because they directly optimize the policy, making them effective
for high-dimensional action spaces and continuous control tasks.
However, they often require large amounts of interaction data,
and the training process can be slow, with a risk of getting stuck
in local optima in complex environments.

Value-based methods are a class of algorithms that focus on
learning the value function, which estimates the expected return
or cumulative reward for each state-action pair. The policy, which
dictates the agent’s actions, is then derived from these value esti-
mates, often using a greedy strategy or an epsilon-greedy strategy
that balances exploration and exploitation Relative Entropy Q-
Learning (REQ), as introduced in [64], is a model-free RL method
designed for complex robotic tasks like bimanual LEGO stacking.
It combines policy iteration with importance sampling to leverage
both off-policy data from suboptimal experts and on-policy ex-
ploration. REQ’s key feature is its temperature parameter, which
balances exploitation of the learned Q-function with regular-
ization, crucial for learning from partial solutions provided by
suboptimal experts. This approach is adept at handling high-
dimensional state-action spaces and sparse rewards, common in
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Table 4
Reinforcement learning for anthropomorphic five-fingered hands.
Category Ref. Year Algorithm Value/Policy Robot hand Task Experimental
validation
Model-based [155] 2016 RL with linear-Gaussian Policy-based Adroit Hand positioning and object manipulation Real & Sim
controllers
[61] 2019 PDDM Policy-based Shadow Valve rotation, in-hand reorientation, Real & Sim
handwriting, manipulating baoding balls
[156] 2021 MPC-SAC Actor-critic Shadow Valve rotation, manipulate cube Sim
Model-free [158] 2018 TRPO Policy-based MPL Grasp Sim
[167] 2019 D4PG Actor-critic Shadow Gentle contact-rich manipulation Real & Sim
[168] 2019 DDPG+HER Actor-critic Shadow Solve a rubik’s cube Sim
[46] 2020 PPO Policy-based Shadow In-hand manipulation Real & Sim
[160] 2020 Soft PPO Policy-based Seed Grasp Sim
[169] 2020 DDPG++ Actor-critic Adroit Open door Sim
[170] 2021 DDPG+HER Actor-critic Shadow Multi-task Sim
[164] 2021 DisoSyn Policy-based Shadow Multi-task Sim
[165] 2022 PPO Policy-based Adroit Multi-task Sim
[54] 2023 PPO Policy-based SCHUNK SIH Pregrasp Sim
[52] 2023 PPO Actor-critic Faive hand Ball rolling Real
[161] 2023 PPO Policy-based Shadow Pregrasp Real & Sim
[162] 2024 PPO Policy-based Shadow Grasp Real & Sim
[163] 2024 PPO Policy-based Shadow Manipulate deformable linear Object Sim
[166] 2024 DQN Value-based Shadow Throw ball, guess fist Sim

dexterous manipulation. REQ also uses KL divergence to constrain
policy updates, ensuring a balance between aggressive improve-
ment and conservative behavior retention, which is essential for
intricate environmental interactions in tasks like LEGO stacking
and insertion. Deep Q-Networks (DQN) are a groundbreaking
approach in RL that combines the Q-learning algorithm with
deep neural networks to approximate the action-value function,
which estimates the expected return for each state-action pair.
DQN'’s key innovations include the use of experience replay and
target networks. Experience replay involves storing experiences
in a buffer and sampling them randomly for training, which
helps to break the correlation between consecutive experiences
and stabilizes the learning process. Target networks are used to
provide a stable target for the network to learn from, reducing
the variance in the learning process and improving convergence.
In the context of multi-finger dexterous hands, the article [166]
introduces a novel application of DQN for interactive learning.
This study leverages DQN’s capabilities to address the intricate
challenges of coordinating finger movements and controlling in-
teractions with the environment in tasks requiring precision and
rapid response, such as ball throwing and playing rock-paper—
scissors. The approach uses a hierarchical deep reinforcement
learning framework that simplifies complex tasks into more man-
ageable sub-tasks, enhancing motion planning and control. The
integration of experience replay and target networks within the
DQN framework contributes to the stability and efficiency of the
learning process. The study demonstrates the effectiveness of this
DQN-based approach, achieving a high normalized reward of 0.83
and an 84% success rate in simulated tasks. These results highlight
the potential of DQN in advancing the capabilities of multi-finger
dexterous hands for interactive applications and human-robot
interaction. Value-based methods excel in learning state-action
value functions (Q-values), enabling efficient policy updates and
generally offering more stable training compared to policy-based
methods. However, they struggle with continuous action spaces
and may experience low learning efficiency in high-dimensional
environments due to challenges in estimating the value function.

Actor-Critic methods combine the strengths of both policy-
based and value-based approaches, where the actor learns the
policy and the critic evaluates it by estimating the value function.
One prominent algorithm in this category is Deep Determin-
istic Policy Gradient (DDPG), which is tailored for continuous
action spaces, combining elements of Deterministic Policy Gra-
dients (DPG) and Q-learning. Unlike traditional policy-gradient
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methods, DDPG employs a deterministic policy, where the ac-
tor directly maps states to actions, eliminating the randomness
seen in stochastic methods like REINFORCE. The critic, on the
other hand, estimates the value of state-action pairs using a Q-
function. In [168], a novel approach for solving the Rubik’s Cube
using a multi-fingered robotic hand, the Shadow Hand, was intro-
duced. This method employed a hierarchical reinforcement learn-
ing framework, splitting the task into two components: planning
and manipulation. A model-based solver was used for the plan-
ning phase to compute an optimal move sequence, while the
manipulation phase relied on a model-free cube operator, guided
by the DDPG algorithm. This separation of tasks allowed the sys-
tem to efficiently handle complex operations and ensure precise
control. The integration of Hindsight Experience Replay (HER)
played a crucial role in enhancing learning efficiency. HER enables
the agent to learn from failed attempts by adjusting the goals
to states visited during those failures, effectively turning failures
into learning opportunities. This method achieved impressive
results, solving 1400 randomly scrambled Rubik’s Cubes with a
success rate of 90.3%, highlighting the combined strengths of
DDPG and HER in tackling complex manipulation tasks, especially
in high-dimensional spaces with sparse rewards. Similarly, [170]
applied DDPG and HER in robotic manipulation tasks, focusing
on improving generalization to unseen objects. The authors used
point cloud encoding to represent objects geometrically, enhanc-
ing the robot’s ability to interact with novel objects in a variety
of scenarios. By incorporating multi-task learning, the model
was able to adapt to different objects and environments, further
boosting its generalization capabilities. HER allowed the agent to
modify its goals during failed episodes, enabling the system to
learn from a wider range of experiences. This approach improved
performance in handling diverse tasks, demonstrating the power
of combining DDPG with HER for robust generalization, even in
scenarios with noisy data or unfamiliar objects. Building on these
advancements, [169] introduced DDPG++, a refined version of
DDPG designed to improve stability and efficiency in continuous
action spaces. The key innovation of DDPG++ was the incorpo-
ration of advantage estimation and multi-Q function min-value
updates, which addressed the instability often seen in standard
DDPG. These updates helped to stabilize training and improve
sample efficiency, making DDPG++ more robust and less sensitive
to hyperparameters. The enhanced stability of DDPG++ made it
particularly effective for high-dimensional tasks, further demon-
strating the value of optimizing DDPG for complex, real-world
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robotic applications. Distributed Distributional Deterministic Pol-
icy Gradient (D4PG) is an enhancement over DDPG, addressing
key challenges such as sample inefficiency and uncertainty in
continuous action spaces. While DDPG uses a deterministic policy
and Q-function to estimate state-action values, D4PG improves
upon this by adopting distributional value learning, which models
the full distribution of returns rather than just their expected
values. This allows D4PG to more effectively manage uncertainty
and improve stability during the learning process. In [167], D4PG
is applied to a curiosity-driven approach for gentle object ma-
nipulation, where the goal is to train policies that promote safe
and delicate interaction with objects. The method integrates an
impact penalty and a surprise-based intrinsic reward, encourag-
ing the agent to explore in a manner that minimizes environ-
mental disruption. The distributed nature of D4PG enables more
efficient use of data, making it particularly effective for tasks
requiring precise, gentle manipulation. When compared to earlier
model-free methods like DDPG, D4PG shows improved efficiency
and greater resilience in the face of environmental uncertainties,
demonstrating its suitability for real-world robotic applications
where safety and finesse are paramount. Actor-critic methods
combine policy optimization and value function estimation, mak-
ing them efficient in continuous action spaces. However, their
training process is more complex and can be unstable, as the
updates to the policy and value function may not always align
properly, leading to inconsistent learning behavior.

Model-free methods, compared to model-based approaches,
offer notable advantages in certain robotic manipulation tasks.
These methods do not rely on an explicit model of the envi-
ronment, simplifying their application in real-world scenarios
where building an accurate model can be challenging or im-
practical. By learning optimal policies or value functions through
interaction with the environment, they can handle highly dy-
namic or uncertain environments where model-based predictions
may fail or require constant recalibration. However, model-free
methods typically require large amounts of interaction data and
can experience slower convergence, especially in complex, high-
dimensional environments. Despite these challenges, they pro-
vide a significant advantage in environments where real-time
adaptability is crucial. Table 4 provides a summary of key studies
on RL for anthropomorphic five-fingered hands, detailing the
methods and technical aspects explored in this field. Given the
challenges inherent in both model-based and model-free RL, com-
bining IL with RL presents a promising approach to mitigate these
issues.

4.3. Integrating imitation learning with reinforcement learning for
anthropomorphic five-fingered hands

Researchers have been exploring the integration of RL and IL
to leverage the strengths of both approaches. While RL excels
in exploration, it often struggles with efficiency, especially in
complex manipulation tasks where exploration can be costly and
time-consuming. In contrast, IL can provide valuable guidance by
leveraging expert demonstrations but is limited by the quality
of available samples and the lack of interactive optimization.
Combining RL and IL helps address these challenges by using IL
for policy initialization, data augmentation, guided exploration,
reward learning, and policy distillation. This fusion enhances
learning efficiency and accelerates adaptation to complex tasks,
with each paradigm playing a key role in optimizing the agent’s
learning process.

Policy initialization through IL provides RL agents with an
effective starting point, reducing the need for extensive trial-and-
error exploration by leveraging expert demonstrations. In [45],
the Demonstration Augmented Policy Gradient (DAPG) method
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combines BC with RL for dexterous manipulation tasks. BC is
used to initialize the policy by mimicking expert demonstra-
tions, providing a starting point for the Natural Policy Gradient
(NPG) algorithm. This initialization sidesteps complex reward
engineering and accelerates the learning process. Experiments
demonstrated that DAPG outperformed NPG with shaped re-
wards and DDPG with demonstrations, achieving policies with
human-like behaviors and requiring significantly fewer samples
for convergence. In [140], IL is employed to initialize policies
for vision-based grasping tasks. Human motion capture data is
used to pretrain neural networks that emulate grasping motions,
providing an initial policy for Policy Improvement with Path
Integrals (PI2), a model-based RL method. Experiments on an
SVH hand-arm system demonstrated that the initialized policy
improved the number of successful grasps, with iterative updates
reducing the force-closure cost and resulting in stable grasps for
novel objects. [171] introduced a similar integration of IL and
RL for dexterous manipulation tasks. BC was used to train an
initial policy on expert demonstrations, capturing key visual and
proprioceptive features. This policy served as the basis for the
Distributional Maximum a-posteriori Policy Optimization (DMPO)
algorithm. Quantitative results showed that a BC-initialized policy
trained on 30 demonstrations achieved a success rate of around
30%, which improved to nearly 90% when combined with resid-
ual RL. In contrast, training DMPO from scratch achieved only
59.2% success on the Pick task after 8 million frames, whereas
the IL-initialized approach reached 98.8%, highlighting the sub-
stantial benefits of policy initialization. [172] further explored
this paradigm for anthropomorphic robotic hands. The DAPG
method was again employed, where BC pretrained policies using
human demonstrations. This provided a robust starting point
for PPO, which refined the manipulation skills. Experimental re-
sults showed that policies trained for six different tools achieved
nearly 100% success rates, demonstrating resilience across vary-
ing tool scales. The initialization via IL significantly reduced the
exploration burden and accelerated skill acquisition.

Data augmentation, by incorporating expert demonstrations
into the training process, enriches the RL agent’s experience.
This approach helps accelerate learning and improve perfor-
mance by enabling the agent to leverage high-quality demon-
strations, reducing the need for extensive self-generated inter-
actions. Rajeswaran et al. [45] introduced the Demonstration-
Augmented Policy Gradient (DAPG) method, which incorporates
expert demonstrations into the RL process through an augmented
policy gradient term. This approach allows the model to not
only learn from its own interactions but also to benefit from
the expert demonstrations, effectively augmenting the policy’s
learning process with external knowledge. Experimental results
show that DAPG outperforms traditional RL methods, such as
NPG and DDPG, by improving sample efficiency and significantly
reducing the training time required to achieve robust, human-like
policies. This highlights the effectiveness of demonstration data
as a powerful tool for enhancing RL, especially in complex, high-
dimensional tasks. Radosavovic et al. [44] proposed State-Only
Imitation Learning (SOIL), which uses state-only demonstrations
to generate state-action pairs for RL training. This approach
allows RL agents to learn from demonstrations that only pro-
vide partial information, such as states, without the need for
full trajectory data or action annotations. The SOIL framework
demonstrates that even limited demonstration data, when used
in conjunction with RL, can significantly improve an agent's
ability to generalize to new, unseen environments. Their results
indicate that the integration of state-only demonstrations led to
faster convergence and better overall performance, particularly
in tasks where full trajectory data was unavailable. Similarly, Qin
et al. [59] introduced DexMV, a framework that integrates IL with
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RL to improve the sample efficiency of RL agents performing
dexterous manipulation tasks. By incorporating demonstrations
into the RL process, DexMV enables the model to learn faster
from fewer interactions, effectively enhancing the policy’s ability
to handle intricate object manipulation tasks. Their experimental
results show that leveraging demonstration data significantly
reduced the number of required training episodes to achieve a
high level of performance, outperforming baseline RL methods
that relied solely on exploration.

Guided exploration techniques enhance the exploration pro-
cess by focusing the agent’s attention on high-value areas of the
state space, prioritizing actions that are more likely to lead to
successful outcomes. For instance, Gupta et al. [154] introduced
Guided Policy Search (GPS), which integrates IL with RL to op-
timize control policies for complex robotic tasks. By leveraging
expert demonstrations, GPS helps to steer the agent’s exploration
towards more effective trajectories, enabling it to replicate com-
plex behaviors such as valve turning and abacus manipulation.
This approach not only facilitates faster learning but also reduces
the exploration burden by aligning the agent’s policy with expert
knowledge. Jeong et al. [64] similarly used expert demonstrations
to enhance the sample efficiency of RL, although they did not
specifically use GPS. Instead, their approach focused on augment-
ing RL with IL to guide the agent’s exploration and improve its
ability to handle fine-grained manipulation tasks. By incorporat-
ing demonstrations directly into the RL process, they were able
to accelerate learning and avoid inefficient exploration paths. Wu
et al. [173] also utilized expert demonstrations, but their method
specifically employed a ranking mechanism to prioritize diffi-
cult demonstrations. By focusing on the most challenging exam-
ples, this ranking mechanism enabled more efficient exploration,
helping the agent to learn faster and more effectively in highly
complex environments. These works highlight the importance of
expert demonstrations in guiding exploration, showcasing how
expert knowledge can significantly improve sample efficiency and
accelerate the learning process for complex robotic manipulation
tasks.

Reward learning adapts the reward function based on expert
demonstrations or feedback, enabling the RL agent to refine its
understanding of desirable outcomes without relying on hand-
crafted reward signals. [174] introduced a Deep Grasping Proba-
bility Network (DGPN) that predicts grasp success probabilities
based on human-like hand poses and touch areas, providing a
reward signal to guide RL towards natural and functional grasp-
ing behaviors. This approach achieved an average grasping suc-
cess rate of 89.40%, a substantial improvement over standard
RL. Building on this, [175] leveraged human hand poses ex-
tracted from Internet videos to generate an auxiliary reward,
Rpose, which encourages human-like grasp poses during ma-
nipulation. The method accelerated training by 20% and sig-
nificantly improved grasp stability and naturalness. [176] pro-
posed a task-agnostic reward model derived from human prefer-
ences over robot trajectories to fine-tune RL policies, enhancing
human-likeness in robotic behaviors. After four iterations of re-
ward model training, the approach increased human-likeness by
22.3% while maintaining high task success rates, demonstrating
strong generalization across tasks. Lastly, [177] combined IL-
derived reference trajectories with trajectory-guided rewards to
encourage pose similarity while solving tasks. The reward design
not only aligned policies with human demonstrations but also
improved generalization to unseen object poses through trajec-
tory augmentation. Together, these studies highlight the evolving
role of IL in shaping reward functions to guide RL, achieving more
human-like and effective robotic manipulation.

Policy distillation condenses the learned behaviors from a
complex policy into a simpler, more efficient one, enabling faster
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deployment and improving the agent’s performance in resource-
constrained environments. [ 178] utilizes DAgger, an IL algorithm,
to distill the expertise of a teacher policy trained with PPO under
privileged oracle information into a student policy that oper-
ates on realistic sensory inputs. This approach achieves over 70%
success rates in simulation for the teacher model and demon-
strates robust generalization capabilities for the student model
across unseen objects. Similarly, [179] applies policy distilla-
tion via DAgger to a multi-object grasping framework, where
the teacher policy, trained with PPO in simulation, achieves a
44.13% success rate in dual-object grasping, with further vali-
dation of adaptability and tolerance in real-world tests. Moving
beyond direct policy distillation, [180] introduces the Teacher-
Augmented Policy Gradient (TAPG) framework, which combines
IL methods such as Behavior Cloning and DAgger with RL to
accelerate learning. TAPG not only initializes student policies
through distillation but also leverages teacher demonstrations to
augment training data, significantly improving sample efficiency
and stability during training. This method enables superior per-
formance in visual-based grasping tasks, demonstrating robust
zero-shot transfer capabilities to real-world scenarios. Expand-
ing this concept further, [55] employs a diffusion-based policy
distillation mechanism to aggregate knowledge from multiple
teacher policies into a single student policy, targeting functional
pre-grasp manipulations. The method achieves a 72.6% success
rate across over 30 object categories and over 10,000 goal poses,
with notable robustness under noisy object pose observations.
Collectively, these studies illustrate the versatility and effective-
ness of policy distillation in enabling robust, generalizable, and
high-performing dexterous manipulation policies.

The integration of IL with RL optimizes the learning process,
especially for complex tasks. IL provides an effective foundation
by utilizing expert demonstrations, reducing the need for exten-
sive trial-and-error exploration and speeding up learning. It also
enhances the training data through augmentation, offering the
RL agent a more diverse set of experiences without extra self-
interactions. Additionally, combining IL and RL facilitates guided
exploration, directing the agent toward promising regions of the
state space and ensuring more efficient learning. Reward learn-
ing within this framework adapts the reward function based
on expert input, helping the agent refine its understanding of
desired outcomes, particularly in tasks with challenging reward
definitions. Policy distillation further simplifies the learned be-
haviors into a more efficient form, improving deployment and
performance in resource-constrained environments. In summary,
the combination of IL and RL leverages their strengths, result-
ing in a more effective and adaptable learning process. Table 5
provides a summary of key studies that demonstrate the success-
ful integration of IL with RL for anthropomorphic five-fingered
hands, highlighting advancements and applications across various
manipulation tasks.

Indeed, the five-fingered hand’s structural resemblance to the
human hand provides a natural foundation for replicating human-
like behavior and coincides with the intuitive understanding of
human-like dexterity. However, the applicability of the aforemen-
tioned learning methods extends beyond five-fingered hands;
they also hold potential applicability to four-fingered and three-
fingered robots for achieving human-like dexterity. This is in
line with the prevailing trend of developing generalized learning
algorithms, as exemplified by the paper [27,182]. It is essen-
tial to underscore that designing robot learning algorithms for
five-fingered hands might entail greater complexity compared to
algorithms tailored exclusively for four or three fingers. Several
reasons contribute to this complexity:
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Table 5
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Integrating imitation learning with reinforcement learning for anthropomorphic five-fingered hands.

Category Ref. Year Algorithm Robot hand Task Experimental
validation

Policy [45] 2017 BC & DAPG & NPG Adroit Relocate objects, in-hand manipulation, Sim
initialization use tools, open doors

[140] 2019 BC & PI2 SCHUNK S5FH Grasp Real

[171] 2021 BC & DMPO Shadow Relocate objects, in-hand manipulation, Sim

use tools, open doors

[181] 2023 BC & DAPG Adroit Grasp Sim

[172] 2023 DAPG & PPO Adroit Grasp Sim
Data [45] 2017 DAPG & NPG Adroit Relocate objects, in-hand manipulation, Sim
augmentation use tools, open doors

[44] 2021 SOIL & DAPG & NPG Adroit Ham a nail, open a door, relocation, Sim

reposition a pen

[59] 2022 GAIL & DAPG & SOIL & TRPO Adroit Grasp Sim
Guided [154] 2016 Demonstrations & GPS RBO Hand 2 Rotate valve, push abacus, grasp bottle Real
exploration [64] 2020 BC & REQ Shadow Bimanual LEGO stacking Sim

[173] 2023 BC & DAPG & TRPO Adroit Relocate Sim
Reward [174] 2021 BC & DGPN & NPG Adroit Grasp Sim
learning [175] 2022 Demonstrations & PPO Adroit Grasp Sim

[176] 2023 Bradley-Terry-Luce & PPO Shadow Binamual manipulation Real & Sim

[177] 2024 DAPG & PPO Adroit Grasp Sim
Policy [178] 2023 DAgger & PPO Shadow Grasp Sim
distillation [55] 2024 DDPM & PPO Shadow Grasp Sim

[179] 2024 DAgger & PPO Shadow Grasp multi-object Real & Sim

[180] 2024 BC & DAgger & TAPG Schunk SIH Grasp in clutter Real & Sim

e Complexity of action space: Robots equipped five-fingered
hands confront a higher-dimensional action space due to
the presence of multiple joints in each finger. Consequently,
the potential combinations of actions increase significantly.
Coping with this complexity demands more sophisticated
learning techniques for efficient exploration and optimiza-
tion within this expanded action space. In contrast, robots
with three or four fingers may have a relatively lower-
dimensional action space due to fewer fingers.

o Diversity of task demands: Five-fingered robotic hands
excel at executing a wide range of tasks, manipulating ob-
jects of varying shapes, sizes, and stiffness levels, spanning
from dexterous manipulation to robust grasp. Consequently,
robot learning algorithms for five-fingered hands must pri-
oritize enhanced generalizability and adaptability to address
the spectrum of operational tasks.

o Richness of tactile information: Designing learning algo-
rithms for these hands necessitates the ability to capture
and process this extensive tactile information accurately.
This processing capability contributes to guiding operations
with higher precision.

5. Challenges and future directions

Recent advances in the design of anthropomorphic five-
fingered hands have laid a robust hardware foundation for achiev-
ing dexterous manipulation, complemented by the rapid develop-
ment of robot learning algorithms that promise to significantly
enhance manipulation capabilities. However, bridging the gap
between current achievements and the demands of complex real-
world tasks remains challenging. This section delves into the key
open challenges and outlines potential future research directions
to address these gaps, fostering innovation in this critical field.

5.1. Technological challenges and innovations

5.1.1. Structure and mechanism

Designing the structure and drive system of a dexterous
robotic hand presents a key challenge in achieving sufficient
DoFs and flexibility, while ensuring reliability and durability. A
primary issue is the design of joints and actuators that can adapt
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to a variety of tasks, without introducing excessive complexity
that may lead to high costs and reduced efficiency. Traditional
mechanical systems, while reliable, can sometimes become bulky
or inefficient when scaling to the required dexterity for complex
manipulation tasks. To address these challenges, one potential
direction is the exploration of lightweight and high-performance
structural designs. Incorporating innovative materials, such as
soft materials and shape-memory alloys, can enhance flexibility
and allow for more adaptable configurations. These materials
offer advantages in terms of flexibility, compactness, and energy
efficiency. Additionally, improving drive systems through more
efficient actuators, such as high-torque motors, pneumatic, or
hydraulic actuators, could offer a solution to achieving human-
like dexterity while maintaining system reliability and durability.
The integration of under-actuated mechanisms and tendon-based
actuation could further reduce mechanical complexity while still
enabling versatile and precise movements.

5.1.2. Perception and feedback

Achieving high-precision perception and feedback systems is
crucial for dexterous robotic manipulation, particularly when it
comes to providing tactile and force feedback. The human hand’s
soft, flexible skin acts as a high-frequency, high-resolution sensor,
offering detailed feedback about touch, pressure, and texture. This
tactile feedback is essential for adjusting grip strength, adapt-
ing to object shape, and ensuring stable manipulation. However,
current robotic hands typically rely on rigid components and
fingertip sensors, which lack the dexterity and sensitivity found
in human skin. These limitations restrict their ability to per-
form complex tasks that require fine manipulation or adaptive
responses to varying forces. To address these limitations, ad-
vancements in materials science and 3D manufacturing are crit-
ical for integrating human-like soft materials into robotic hands.
By incorporating flexible and lightweight artificial skin, robotic
hands could achieve enhanced tactile perception and more accu-
rate feedback during manipulation. These materials could enable
continuous force sensing across the hand, facilitating better inter-
action with objects and a higher degree of precision. Moreover,
the integration of multi-modal sensors—combining touch, force,
and vision—could further enhance real-time feedback, enabling
more adaptive and stable manipulation in diverse environments.
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5.1.3. Balancing anthropomorphism and functionality

Designing anthropomorphic five-fingered hands is inspired by
the natural structure of the human hand, representing the ulti-
mate goal in robotic hand development. Structurally, this involves
a comprehensive replication of human hand anatomy, includ-
ing size, weight, phalangeal ratios, joint-to-bone connections,
and particularly the thumb, which requires careful considera-
tion. Functionally, achieving human-like kinematics and dynam-
ics necessitates powerful actuators, sensitive sensors, efficient
transmission mechanisms, and robust control systems. However,
balancing anthropomorphism with functionality remains a key
challenge. While replicating the human hand’s anatomy is impor-
tant for natural movement, maintaining stability and precision
in complex tasks is equally crucial. To optimize this balance,
the design can focus on improving the trade-off between flex-
ibility and stability. For example, incorporating anthropomor-
phic joint designs can enhance flexibility without compromising
grasping stability. Additionally, dynamic joint configurations can
be adapted according to task-specific requirements, allowing the
robotic hand to maintain both dexterity and task performance
across different applications.

5.1.4. Real-time performance and computational resources
Achieving real-time performance in robotic hands is critical for
ensuring responsive and adaptive manipulation, especially during
complex tasks. The ability to process sensory data, control actua-
tors, and adjust movements in real-time requires significant com-
putational resources. However, the complexity of high-fidelity
perception, actuation control, and feedback loops demands both
fast processing and efficient use of resources. Current challenges
include balancing the need for real-time decision-making with
the computational power required for precise control and feed-
back. The large volumes of data generated by sensors, particularly
in high-resolution force and tactile feedback, add additional strain
on processing capabilities. Moreover, achieving low-latency con-
trol while maintaining system stability, especially in dynamic
or unpredictable environments, remains a challenge. To address
these issues, potential solutions include optimizing algorithms
for faster computation, improving hardware accelerators such
as GPUs and FPGAs, and utilizing efficient sensor fusion tech-
niques to reduce computational load. Additionally, integrating
edge computing could help offload intensive tasks and enable
faster decision-making, improving overall system responsiveness.

5.2. Algorithmic advancements for enhanced dexterity

5.2.1. Multi-task learning

Multi-task learning draws inspiration from humans’ ability to
master multiple skills simultaneously, using shared representa-
tions to accelerate learning across tasks. In robotics, especially
with anthropomorphic five-fingered hands, multi-task learning
is key to enabling robots to handle a range of real-world tasks,
such as pouring liquids, tidying spaces, opening doors, or fold-
ing clothes. These tasks vary in complexity and require adapt-
ability to different physical conditions and environments. While
basic multi-task learning implementations are seen in simpler
systems—like robots grasping and pushing with parallel grip-
pers or manipulating objects using different grasp types—there
is increasing demand for multi-task learning to support more
complex interactions. For instance, anthropomorphic robots could
use multi-task learning to perform fine-grained manipulations,
such as unscrewing a lid while maintaining a steady grip on a
cup, or folding a shirt while avoiding nearby obstacles. Future ad-
vancements could involve the development of more sophisticated
models, like multi-agent RL or hierarchical approaches, to bet-
ter integrate task-specific knowledge across domains. These en-
hancements would help robots perform diverse tasks in dynamic
environments with increased efficiency and adaptability.
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5.2.2. Multi-modal learning

Humans integrate multiple sensory inputs—such as vision,
touch, and proprioception—to perceive and interact with the
world, enabling accurate and rich information gathering for tasks
like shaping clay or assembling objects. In robotics, multi-modal
learning is essential for replicating this capability, especially
when handling deformable or non-rigid objects that cannot be
manipulated by vision alone. In robotic systems, multi-modal
learning integrates sensor modalities (vision, tactile feedback, and
force sensing) to create a unified representation of the envi-
ronment. This is crucial when interacting with soft or irregular
objects, where visual cues alone are insufficient. For instance,
when manipulating clay, a robot combines visual and tactile feed-
back to adjust force and understand the material’s deformation.
Future advancements could focus on developing deep learning
models that process and fuse multi-sensor data in real-time,
improving sensor fusion techniques. Additionally, innovations in
soft sensors and tactile skins may enhance robots’ tactile sen-
sitivity, enabling more precise manipulation of delicate objects.
Integrating multi-modal learning with RL could also allow robots
to adapt actions based on real-time multi-sensory feedback.

5.2.3. Sim-to-real transfer

In robotics, sim-to-real transfer refers to the challenge of
transferring policies or models learned in simulation environ-
ments to real-world robots, overcoming the “reality gap” that
often arises due to differences in physics, sensor noise, and un-
modeled real-world phenomena. Simulation environments pro-
vide a controlled and safe space for testing robotic systems and
training complex behaviors without the constraints and risks
of physical robots. However, the discrepancies between simu-
lated environments and reality—such as sensor inaccuracies, un-
modeled friction, and imperfect dynamics—often cause policies
trained in simulations to underperform or fail when transferred
to real-world scenarios. To address the reality gap, advancements
in sim-to-real transfer methods are critical. Techniques such as
domain randomization, where simulation parameters are ran-
domized to cover a wide range of real-world variations, have
shown promise in improving the generalization of learned behav-
iors. Additionally, adversarial domain adaptation methods, which
aim to minimize the domain shift between simulation and reality,
can be incorporated into training pipelines. Research could also
explore hybrid simulation-real-world training, where robots in-
teract with physical environments in conjunction with simulated
environments to refine learned behaviors. Combining simulation
with real-world feedback loops will enhance the performance
and robustness of robotic systems when deployed in complex,
dynamic environments.

5.2.4. Lifelong learning

Lifelong learning, also known as continuous learning, is the
ability of humans to acquire, retain, and refine knowledge and
skills throughout their lives, adapting to new challenges while re-
taining previously learned information. In robotics, lifelong learn-
ing involves designing algorithms that allow robots to contin-
ually improve their performance over time without forgetting
prior experiences. This contrasts with traditional machine learn-
ing, where models are trained on static datasets and often suf-
fer from catastrophic forgetting when exposed to new informa-
tion. One promising direction is the development of algorithms
that support incremental learning, allowing robots to integrate
new knowledge without losing the ability to perform previously
learned tasks. Techniques such as elastic weight consolidation,
progressive neural networks, or memory-based approaches can
help mitigate catastrophic forgetting. Additionally, lifelong learn-
ing for robots could be enhanced through meta-learning, where
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robots learn how to learn more efficiently by generalizing across
tasks and environments. Research could also investigate the ap-
plication of transfer learning, where knowledge acquired from
one task is adapted to different but related tasks, enabling robots
to handle diverse scenarios with minimal retraining.

5.2.5. Lack of unified evaluation framework

The absence of a unified evaluation framework poses a sig-
nificant challenge in the field of anthropomorphic robotic hands,
as it hampers the ability to accurately assess and compare the
performance of different systems across various tasks and en-
vironments. The current fragmented approach, with its diverse
benchmarks and metrics, complicates the evaluation of gener-
alizability and adaptability, particularly when translating perfor-
mance from simulated environments to real-world conditions. To
address this, the development of standardized benchmarks that
can encompass a broad range of dexterous manipulation tasks
is essential. Future research should focus on creating adaptable
and dynamic evaluation protocols that can evolve alongside ad-
vancing technology, allowing for meaningful comparisons and
guiding the development of more capable robotic hands. Integrat-
ing real-world data into these frameworks will also be crucial for
reflecting the complexities of practical applications and ensuring
that robotic hands can seamlessly transition from simulation to
reality. Establishing a cohesive evaluation methodology is imper-
ative for driving progress in the field, facilitating the development
of robotic hands that are not only versatile but also practical for
real-world deployment.

6. Conclusion

This paper comprehensively reviews human-like dexterous
manipulation for anthropomorphic five-fingered hands. Key con-
tributions of this research include:

e An initial definition of human-like dexterity and an
overview of typical human-like dexterous manipulation tasks.

e In-depth exploration of anthropomorphism and the anthro-
pomorphic five-fingered hand, covering definition, design,
and evaluation.

e A survey of learning methods, with a focus on imitation
learning, reinforcement learning, and their integration, en-
abling robots to acquire human-like dexterity.

Despite notable progress in the field, significant challenges
remain in both the structural design and functional capabilities
of anthropomorphic robotic hands. Structurally, the focus must
be on refining the mechanics and materials to better replicate the
human hand’s intricate anatomy and adaptability, ensuring that
the hands can withstand the demands of complex tasks without
sacrificing precision or durability. Functionally, advancing the
algorithms that enable these hands to learn, adapt, and perform
a wide range of manipulations with human-like finesse is cru-
cial. This includes developing more sophisticated learning models
capable of handling multi-tasking, processing multi-modal sen-
sory inputs, and effectively transferring skills from simulated
environments to real-world scenarios. Furthermore, establishing
a unified evaluation framework is essential to benchmark and
compare the performance of different robotic hands across stan-
dardized tasks, providing a clear direction for further research and
development. Through continued advancements in both struc-
tural and functional aspects, the full potential of robotic hands
can be realized, bridging the gap between current capabilities
and the dexterity and versatility of the human hand. This poten-
tial spans across various sectors, where anthropomorphic robotic
hands can significantly enhance both precision and adaptability
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in complex tasks.

In the industrial sector, anthropomorphic robotic hands offer
transformative potential for tasks such as pick-and-place, assem-
bly, and precision tool use. These robots can handle intricate as-
sembly tasks, like fitting small, delicate components in electronics
or assembling automotive parts that require precise alignment.
With enhanced dexterity, force feedback, and versatility, they can
perform delicate operations such as polishing, grinding, or weld-
ing, while adapting to diverse environments. Their fine motor
control also enables more complex manufacturing processes, such
as assembling micro-components or performing precision tasks in
dynamic settings. Furthermore, these robotic hands can assist in
quality control by detecting subtle product defects through tactile
sensing, ensuring consistently high production standards.

In the service sector, anthropomorphic robotic hands can rev-
olutionize human-robot interaction by performing tasks that re-
quire dexterity and human-like engagement. They can assist with
household chores like organizing groceries, folding laundry, and
handling fragile objects. Additionally, these robots can provide
support in eldercare by helping with daily tasks, such as open-
ing medication containers, preparing meals, and guiding phys-
ical activities. In interactive entertainment, they can engage in
games, simulate musical performances, or guide creative activi-
ties such as painting or sculpting, all while responding sensitively
to human cues. These robots not only enhance everyday life but
also offer meaningful companionship, expanding their role in
educational and recreational activities.

In the medical sector, anthropomorphic robotic hands could
play a pivotal role in both surgical and rehabilitation contexts.
They could assist in minimally invasive surgeries, where precision
is critical, by manipulating surgical instruments with delicate ac-
curacy in confined spaces. This would reduce patient trauma and
recovery time. Additionally, robotic hands could support remote
surgeries, especially in regions where expert human surgeons are
unavailable, offering a lifeline to patients in underserved areas.
In rehabilitation, these robots could tailor physical therapy to in-
dividual patients, adapt exercises in real-time, monitor progress,
and provide valuable feedback, ultimately improving the recovery
process.

In specialized sectors such as space exploration, military op-
erations, and hazardous environments, anthropomorphic robotic
hands offer substantial potential. These robots can perform pre-
cise tasks in settings where human involvement is limited due
to risk, such as assisting in disaster recovery by manipulating
debris or performing repairs in hazardous locations. Their ability
to operate in extreme environments with fine-tuned precision
opens up new possibilities for high-stakes applications. In space
or underwater missions, these hands could perform repairs on
fragile equipment, assemble structures in dangerous or remote
locations, or collect samples without risking contamination. As
these systems become more robust and adaptable, they will play
an increasingly critical role in scenarios that demand both preci-
sion and autonomy, offering solutions in environments that are
otherwise too dangerous for human intervention.

As these capabilities continue to advance, human-like dex-
terous manipulation with anthropomorphic five-fingered robotic
hands has the potential to transition from laboratory research
to impactful real-world applications, enhancing human efforts
across diverse and challenging domains.
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