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Dexterous manipulation is a crucial yet highly complex challenge in humanoid
robotics, demanding precise, adaptable, and sample-efficient learning methods.
As humanoid robots are usually designed to operate in human-centric
environments and interact with everyday objects, mastering dexterous
manipulation is critical for real-world deployment. Traditional approaches,
such as reinforcement learning and imitation learning, have made significant
strides, but they often struggle due to the unique challenges of real-world
dexterous manipulation, including high-dimensional control, limited training
data, and covariate shift. This survey provides a comprehensive overview of
these challenges and reviews existing learning-based methods for real-world
dexterous manipulation, spanning imitation learning, reinforcement learning,
and hybrid approaches. A promising yet underexplored direction is interactive
imitation learning, where human feedback actively refines a robot’s behavior
during training. While interactive imitation learning has shown success in various
robotic tasks, its application to dexterous manipulation remains limited. To
address this gap, we examine current interactive imitation learning techniques
applied to other robotic tasks and discuss how these methods can be adapted
to enhance dexterous manipulation. By synthesizing state-of-the-art research,
this paper highlights key challenges, identifies gaps in current methodologies,
and outlines potential directions for leveraging interactive imitation learning to
improve dexterous robotic skills.

dexterous manipulation, review, imitation learning, interactive learning, human-in-the-
loop learning, learning from demonstration

1 Introduction

Recent advances in robot hardware and learning algorithms have led to a surge
of interest in dexterous manipulation as a key area of robotics research. Whether
in the context of humanoid robots interacting in human environments, or robotic
hands performing precise object manipulations, dexterous manipulation presents
unique challenges due to its high-dimensional action spaces, complex kinematics, and
intricate contact dynamics (Zhu etal.,, 2019; Kadalagere Sampath et al., 2023; Yu and
Wang, 2022). These factors make learning-based approaches notably appealing. As the
dimensionality of the action space increases, the amount of training data required grows
exponentially (Sutton and Barto, 2018; Lu et al., 2024; Kubus et al., 2018), making
sample-efficient learning methods increasingly crucial. Imitation learning has emerged
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as an effective strategy for dexterous manipulation, enabling robots
to learn complex skills by mimicking human demonstrations
(Mikami, 2009). Leveraging recorded training data to learn
a policy via imitation learning offers high sample efficiency,
especially compared to reinforcement learning approaches where
the policy is developed independently through interaction with
the environment (Radosavovic et al., 2021; Hu et al., 2023). This
efficiency is particularly valuable in real-world scenarios, where
frequent and random interactions with the environment can be both
hazardous and costly (Sutton and Barto, 2018; Wang et al., 2022;
Han et al, 2023). However, supervised imitation learning like
Behavioral Cloning (BC) is known to suffer from a covariate shift,
leading to a mismatch between the state distribution in the training
data and the distribution encountered during the execution of the
trained policy (Sun et al., 2023). Interactive Imitation Learning (IIL)
offers a promising solution to address this challenge by integrating
real-time human feedback into the learning process, effectively
combining imitation learning with interactive machine learning
techniques (Celemin et al., 2022; Amershi et al., 2014).

Unlike standard imitation learning, which passively learns from
offline demonstrations, IIL allows human teachers to actively refine
policies by correcting mistakes as they occur during execution. In
general, IIL is a closed-loop learning paradigm in which a robot
repeatedly executes its current manipulation policy and receives
real-time human guidance to correct or refine its behavior. As
illustrated in Figure 1, the overall process can be divided into
two phases. The offline initialization phase comprises collecting
expert demonstrations and training an initial policy—steps that
follow the standard imitation-learning pipeline. The resulting
pretrained policy then enters the interactive refinement loop, which
characterizes IIL. In this loop, the policy is deployed on the
robot, after which a human teacher monitors the robot’s behavior
and provides on-policy feedback when errors, suboptimal actions,
or failure cases occur. This feedback—ranging from corrective
demonstrations to evaluative signals—is aggregated with existing
datasets and subsequently used to retrain and update the policy.
The loop iterates until the robot achieves the desired level of
performance, enabling continual improvement under real-world
execution conditions (Kelly et al., 2019; Celemin et al., 2022). In IIL
for dexterous manipulation, the general concept of the refinement
loop stays the same, but the underlying policy representations and
the types of feedback a human provides have to adapt to the unique
challenges of dexterous manipulation.

In literature, incorporating human interventions in
training is also referred to as a human-in-the-loop approach
(Celemin et al., 2022; Mandlekar et al., 2020; Wang C. et al., 2024).
This human-in-the-loop approach ensures adaptability, enhances
sample efficiency, and mitigates covariate shift by dynamically
guiding the learning process. It is essential to note that, in our
context, the interactive component of IIL refers explicitly to human
feedback, rather than interactions with the environment, which may
also be encompassed by broader interpretations of interactivity in
learning. Hence, we believe IIL is promising for real-world dexterous
manipulation applications.

While prior surveys cover different topics of robot manipulation
like embodied learning (Zheng et al., 2025), imitation learning
2025),
models in robotics (Wolf et al, 2025), in-hand manipulation

for dexterous manipulation (An et al, diffusion
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(Weinberg et al., 2024), broader dexterous surveys (Li et al., 2025),
and general IIL in robotics (Celemin et al., 2022), none provide
a dedicated examination of IIL in the high-dimensional action
space of multi-finger, contact-rich manipulation. Our survey fills
this gap by identifying the specific challenges posed by contact-
rich, multi-fingered dexterous manipulation. It sheds light on
how IIL can address sample efficiency, safety, and robustness in
real-world settings.

To give an intuitive understanding, we broaden our perspective
to cover the two core dimensions highlighted above: Dexterous
Manipulation and Interactive Imitation Learning. The organization
of the paper is illustrated in Figure 2. Section 2 addresses the
challenges and trends in dexterous manipulation, laying an essential
groundwork for understanding this area of robotics. Section 3
delves into learning-based methods for real-world dexterous
manipulation, exploring approaches from imitation learning and
reinforcement learning to IIL. A broader examination of IIL in
robotics, identifying its transferability to dexterous manipulation, is
discussed in Section 4.

2 Dexterous manipulation: hardware,
challenges, and trends

Dexterous Manipulation is a specialized field in robotics focused
on controlling multi-fingered end effectors to grasp and manipulate
objects effectively (Okamura et al., 2000). Anthropomorphic robot
hands are designed to replicate human activities, offering great
versatility. The most comprehensive models of the human hand
typically incorporate 20-25 degrees of freedom (DOF), with each
finger generally modeled with 4 DOF and the thumb with 4 or 5
DOE. Additionally, the palm and wrist are sometimes included with
extra DOF to enhance the models fidelity (Zarzoura et al., 2019;
Savescu et al., 2004). Despite their sophistication, anthropomorphic
robotic hands face significant technical challenges, particularly in
control accuracy, sensor and actuator system dimensioning, and
the transmission of power and signals. Alternatively, a minimalist
approach can address many of these issues using underactuated
hands. These hands have fewer actuators than joints, relying on
passive mechanisms like springs or tendons to simplify control
and adapt to different object shapes (Birglen et al., 2008). Due
to the inherent technical and control complexities, the availability
of commercially produced anthropomorphic robotic hands was
previously limited. Table 1 provides an overview of commercially
available anthropomorphic robotic hands. Among them, 2/3 are
nearly fully actuated, offering a level of dexterity that closely
resembles human capabilities. This represents an increase compared
to previous years, reflecting the rapidly evolving landscape of
dexterous manipulation technologies. In addition to the hands
listed, several companies—such as Figure ALY, 1X2, and Tesla®—are
actively developing proprietary robotic hands as part of their
humanoid platforms. However, these designs are not yet openly
available for research or third-party development.

1 https://www.figure.ai/
2 https://www.1x.tech/

3 https://www.tesla.com/en_eu/Al
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Offline initialization phase

FIGURE 1

Interactive refinement loop
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Overview of the interactive imitation learning (IIL) workflow. The process begins with an offline initialization phase consisting of demonstration
collection and initial policy training. The resulting policy is then iteratively refined through an interactive loop in which the robot executes the policy, a
human provides on-policy feedback, the new data are aggregated, and the policy is retrained.

Section 2: Dexterous
Manipulation: Hardware,
Challenges, and Trends

Section 3: Real-world
Learning for Dexterous
Manipulation

Section 4: Interactive
Imitation Learning in
Robotics

Reinforcement
Learning

] [ Imitation Learning ] [

Interactive Imitation
Learning

FIGURE 2

Structural overview of the survey paper on interactive imitation learning for dexterous robotic manipulation.

Robotic hands use different actuation methods to control
movement, primarily mechanical links, tendon-driven, and direct
drive. Mechanical links use rigid components like gears and levers
to transmit force, offering precision but at the cost of bulkiness and
reduced flexibility. Tendon-driven systems resemble human anatomy
by using flexible tendons or cables to control joints, providing
lightweight, adaptive, and fluid movements, though they require
careful maintenance and calibration. Direct drive places actuators
directly at each joint, ensuring highly accurate control with minimal
mechanical play, but can be heavy and power-intensive, making it
less suitable for compact designs. Each method has trade-offs between
precision, adaptability, and complexity (Melchiorriand Kaneko, 2016).

While an underactuated robotic hand is generally sufficient
for basic tasks, such as picking up and placing household objects
(Grof3 et al., 2024), more intricate operations, such as in-hand
manipulation or handling small objects, demand a robotic hand
with enhanced agility. For example, an impressive demonstration
of in-hand manipulation was presented by Akkaya et al. (2019),
where one Shadow Dexterous Hand solved a Rubik’s Cube entirely
within its grasp.
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With the growing availability of advanced hardware and

progress in learning-based control algorithms, dexterous
manipulation has become an increasingly active area of research.
Bibliographic searches in major databases such as Scopus® and
IEEEXplore® reveal a wide range of topics within this field. Most
research focuses on machine learning algorithms and the design of
dexterous manipulators. In contrast, haptic and tactile interfaces
receive comparatively less attention, despite their potential to
enhance human-robot interaction (Li et al., 2025; An et al., 2025;
Kadalagere Sampath et al., 2023; Yu and Wang, 2022; Li et al., 2022).
Tactile feedback is essential for fine motor tasks and for perceiving
object properties (Jin et al., 2023; Dahiya et al., 2010).

Research on machine learning algorithms for dexterous
manipulation primarily includes grasp synthesis and manipulation
skill/policy learning approaches. Grasp generation approaches

utilize mainly classical neural networks (Blittner et al., 2023),

4 https://www.scopus.com/

5 https://ieeexplore.ieee.org/
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Conditional VAriational Auto-Encoder (CVAE) (Zhao et al., 2024),
normalizing flow (Feng et al, 2024) or reinforcement learning
(Osa et al,, 2018). Cluttered scenes represent one clear challenge
in grasp generation (Bldttner et al., 2023), where grasping planning
also needs to consider other objects and uncertain observations,
e.g., occlusions or partial observations of objects (Chen et al., 2024;
Hidalgo-Carvajal et al., 2023; de Farias et al, 2024). Policy
learning for dexterous manipulation is dominated by reinforcement
learning and imitation learning approaches (LiL. et al., 2024;
Wang D. et al., 2024; Han et al., 2024; Ze et al., 2023; Li et al., 2023).
Human-in-the-loop approaches are particularly beneficial in policy
learning, as this domain involves long-term decision-making where
interactive feedback can significantly shape behavior over time
(Liu et al., 2024; Chisari et al., 2022). In contrast, grasp generation
is typically a single-step task, making it less suited for effective
human guidance. Therefore, this survey focuses on policy learning
in real-world environments, where human input can have the most
significant impact.

3 Real-world learning for dexterous
manipulation

Real-world learning for robots is challenging due to the high
cost of training data, especially for high DOF robots and tasks.
Integrating human prior knowledge can accelerate autonomous
robot learning (Rayyes et al, 2023; Rayyes, 2021). We will
survey how previous work has dealt with dexterous manipulation
using imitation learning, reinforcement learning, and Interactive
Imitation Learning.

3.1 Imitation learning

Imitation learning has emerged as a powerful tool in dexterous
manipulation, enabling robotic systems to perform complex tasks by
learning from human demonstrations. The versatility of imitation
learning is showcased in a wide array of applications where
robots are required to replicate human movements. However, the
applications of dexterous manipulation using imitation learning
are currently confined to relatively simple tasks. For instance, in a
work by Amor in 2012, the focus was on the grasping of different
mugs (Ben Amor et al., 2012). A more recent investigation by
Ruppel expanded the scope to include pick-and-place operations,
wiping tasks, and opening bottles using the Shadow Dexterous Hand
(Ruppel and Zhang, 2020). Yi evaluated the grasping abilities of an
Allegro Hand, testing it on ten different objects in simulation and five
objects in a real-world environment (Yi et al., 2022). Arunachalam’s
work, titled DIME, explored manipulation tasks such as flipping
a rectangular object, spinning a valve, and rotating a cube on the
palm using an Allegro Hand (Arunachalam et al., 2023b). Moreover,
the Holo-Dex extension incorporated tasks like card sliding and
can spinning (Arunachalam et al.,, 2023a). Publications that deal
with long-horizon tasks specifically for dexterous manipulation are
very rare. DexSKkills is an exception (Mao et al., 2024). It supports
the hierarchical construction of long-horizon tasks composed of
primitive skills. In experiments, 20 primitive skills were used to
create and execute various long-horizon tasks. For example, lifting
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and moving a box object with the Allegro Hand (Mao et al., 2024).
Recent work with diffusion policies performed experiments on
more complex manipulation tasks like wrapping plasticine, making
dumpling pleats, and pouring (Ze et al., 2024). However, all those
applications do not fully utilize the dexterity of an anthropomorphic
hand. There is still significant potential in leveraging the multi-
dimensional capabilities of robot hands for complex human-like
manipulation, including using tools made for humans to extend the
field of application.

While imitation learning has demonstrated promising results
in dexterous manipulation, these achievements are closely tied to
the specific methods employed. To understand how such outcomes
are realized, it is essential to examine the diverse approaches
developed to overcome the key challenges inherent to this domain.
The following sections present a range of works that address three
central challenges posed by dexterous manipulation: managing
high-dimensional action spaces, handling multi-modal contact
interactions, and enabling long-horizon task execution.

3.1.1 The high-dimensional action space

The biggest challenge in dexterous manipulation lies in learning
a policy capable of managing the high complexity required to
control such a large action space effectively. It is known from
statistical learning that the amount of training data generally
increases with the complexity of the model (Hastie et al., 2009;
Sutton and Barto, 2018; Lu et al., 2024; Kubus et al., 2018). It
is, therefore, crucial to select a sample-efficient method to learn
the policy with a manageable amount of data. However, this
results in a trade-off with the policy’s reduced generalizability
and dexterity, limiting its applications. Potential sample-efficient
methods include splitting the policy into a learned and hard-
coded part (Yi et al,, 2022), reducing the action space to a low-
dimensional latent space (Ben Amor et al., 2012; Hu et al.,, 2022;
Liconti et al., 2024; He and Ciocarlie, 2022), reducing the input
dimensionality of the policy in visual imitation learning (Ruppel
and Zhang, 2020; Cai et al., 2024), or using non-parametric policies
without learnable parameters (Arunachalam et al., 2023b; a).

An example of splitting the policy into two parts was presented
in Yi et al. (2022) for grasping different objects. One part of
the policy takes care of reaching the objects. As this part only
considers the movement of the robot arm, it is fundamentally
not different from a task with a non-dexterous gripper. Therefore,
classical methods like Dynamic Movement Primitive (DMP) can
learn this part of the policy efficiently with a small number of
demonstrations (Saveriano et al., 2023). The second part consists
of the actual grasping of an object, which includes identifying
the object, predicting the object pose, and selecting a predefined
grasping pose for the fingers. The finger motion planning is executed
through a predefined strategy, as learning these finger trajectories
via DMP has resulted in poor performance due to the high
dimensionality.

Reducing the action space into a low-dimensional latent grasp
space was inspired by how humans control their hands. Research
studies show that the individual muscles in the hand are not
controlled individually. Instead, the fingers are controlled by hand
synergies (Santello et al., 2016; Starke and Asfour, 2024; He
and Ciocarlie, 2022). These hand synergies can be modeled as
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a projection of the configuration space of the hand into a low-
dimensional space. For instance, Ben Amor et al. (2012) utilizes
the principal component analysis (PCA) for this projection, where
the first component corresponds to the opening and closing of the
hand, and higher-order components are used for more detailed hand
motions. Ben Amor et al. (2012) states that only five dimensions are
required to represent the relevant grasp movements. Using this low-
dimensional grasp space, a DMP can be used to define the policy
for the finger movement and a separate DMP for the wrist pose. The
policy output is then mapped back to the original high-dimensional
action space afterward. While PCA represents a linear mapping, a
Variational Autoencoder (VAE) can learn a more complex mapping
from the high-dimensional action space to a low-dimensional
latent space from task-agnostic datasets, reducing the amount of
expensive, task-specific training data in BC (Liconti et al., 2024).

Rather than simplifying the action space, some approaches
focus on reducing the dimensionality of the policy’s input.
This is particularly relevant—and increasingly common—in visual
imitation learning, where policies are conditioned on high-
dimensional image data (Nair et al., 2022). While not exclusive to
dexterous manipulation, these techniques play a significant role in
making policy learning more tractable in visually rich environments
(Liu Q. et al., 2025). In Ruppel and Zhang (2020), the manipulated
objects and the robot hand are represented as point sets. Feed-
forward and recurrent policy networks are trained using this
representation, which is constructed either by manually attaching
LEDs to track positions or by using a CNN to generate virtual
keypoints. Similarly, Gao et al. (2023) and Gao et al. (2024) use visual
keypoints and geometric constraints to learn movement primitives,
forming an object-centric task representation. The Multifeature
Implicit Model (MIMO) (Cai et al., 2024) introduces a novel object
representation that incorporates multiple spatial features between a
point and an object. This approach enhances the performance of
visual imitation learning for task-oriented object grasping with a
robot hand.

While the previous methods use a parameterized policy in
the form of DMP or neural networks, whose weights must be
learned, non-parametric approaches derive the action to be executed
directly from the training data. No time-intensive training on
the policy is required. DIME (Arunachalam et al, 2023b) is
an example. Here, state-based or image-based observations are
utilized to find matches in the demonstrations via the nearest
neighbor method to extract the following action. For image-based
observations, dimensionality reduction with Bootstrap Your Own
Latent (BYOL) (Grill et al., 2020) is performed before applying
the nearest neighbor algorithm in the embedding space to find
the action.

Still, several challenges and limitations hinder the current
approaches to imitation learning for dexterous manipulation.
When representing objects as point sets, only relying on a
limited number of point markers from a motion tracking system
as observations restricts the agent from supporting higher-
dimensional observations like point clouds or images, which
are necessary for more precise manipulation tasks (Ruppel and
Zhang, 2020). Relying on predefined grasps for each object
limits the system’s effectiveness when dealing with unknown
objects (Yi et al.,, 2022), which is essential when expanding the
application scope from a structured environment to an open world,
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such as households. Non-parametric approaches suffer from low
success rates and low generalization in task situations where the
visual complexity of the input can not be adequately encoded
in latent space (Arunachalam et al, 2023b; a). Enlarging the
latent space, on the other hand, requires more data to learn
the encoder. The dimensionality reduction of the action space
via principal component analysis results in low generalization to
new tasks (Ben Amor et al., 2012). Due to the information loss, the
dexterity of hand motions is reduced.

3.1.2 Multi-modality due to contact interactions
Dexterous manipulation tasks often involve contact-rich
interactions with the environment, leading to inherently multimodal
action distributions—for example, multiple valid grasps or contact
sequences that achieve the same goal. Naively averaging over
such demonstrations, as in standard behavior cloning, often yields
unnatural or ineffective actions. To address this, the key idea is to use
probabilistic or structured policies that can represent a distribution
over actions rather than a single deterministic output. Over the past
few years, multiple solutions and combinations of those have been
presented, primarily for non-dexterous tasks (Urain et al., 2024):

o Latent variable/Sampling Models—such as VAEs, GANs,
and Normalizing Flows—address multi-modality by explicitly
modeling distributions over actions through a latent space
conditioned on context. These models enable efficient sample
generation and capture diverse behavioral modes, making
them well—suited for representing the inherent variability in
contact-rich manipulation tasks. One popular example of this
category is the Action Chunking with Transformer (ACT)
algorithm (Zhao et al., 2023).

Density Models (MDM:s)

distributions as weighted combinations of parametric

o Mixture represent action
densities—typically Gaussians—conditioned on contextual
inputs. By modeling multiple modes explicitly, MDMs
provide a principled approach to capturing multi-modality
in continuous action spaces (Shafiullah et al, 2022;
Zhu et al., 2023; Mees et al., 2022).

o Energy-Based Models (EBMs) define action distributions
implicitly via an energy function, where low-energy regions
correspond to high-probability behaviors. Sampling typically
requires iterative optimization or stochastic methods such as
Langevin dynamics (Florence et al., 2022).

Discretized Action Models/Categorical models approximate
continuous action spaces by discretizing them into a
finite set of tokens, enabling the use of classification-
based generative architectures. These models capture
multi-modality by representing action distributions as
categorical probabilities over discrete tokens, often leveraging
spatial value maps or autoregressive structures to model
complex, high-dimensional behaviors (Shafiullah et al., 2022;
Brohan et al., 2023; Zitkovich et al., 2023).
« Diffusion Models (DMs) generate samples through an
iterative denoising process that transforms noise into
structured data, effectively modeling complex distributions
over actions. By parameterizing the score function of an
implicit energy landscape, DMs capture multi-modality via

successive refinements of noisy inputs, enabling expressive
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and composable generative modeling despite slower inference
compared to direct sampling approaches (Chi et al., 2024a;
Reuss et al., 2024; Wolf et al., 2025; Freiberg et al., 2025).

Diffusion models, in particular, have gained popularity for
modeling multimodal distributions in high-dimensional action
spaces, making them well-suited for dexterous tasks requiring
fine-grained contact reasoning. Their ability to generate diverse
behaviors that reflect real-world stochasticity comes at the cost of
increased computational demands and reduced sample efficiency.
For example, state-of-the-art diffusion policies often require over
100 expert demonstrations to achieve proficiency (Chi et al., 2024a;
b; Pearce et al,, 2023). An exception is the 3D Diffusion Policy
(3DP) (Ze et al, 2024), which enhances training efficiency by
encoding sparse point clouds into compact 3D representations
using a lightweight MLP encoder. Conditioning on these compact
representations—rather than raw sensory inputs—accelerates
learning and improves generalization, enabling successful policy
training with as few as 10-40 demonstrations across both simulated
and real-world dexterous manipulation tasks. Notably, omitting
color information from point clouds further increases robustness to
novel objects. Building on 3DP, FlowPolicy (Zhang et al., 2025)
introduces an extension that significantly improves inference
speed. By employing consistency flow matching, it enables action
generation from noise in a single inference step, while maintaining
comparable success rates.

The diversity of approaches for modeling multi-modal action
distributions reflects the complexity of contact-rich manipulation
tasks. Each class of policies offers distinct trade-offs. Latent variable
and mixture density policies are lightweight and support efficient
sampling, but may struggle with highly complex or discontinuous
behaviors. Energy-based and diffusion policies provide greater
expressiveness and compositionality but incur slower inference
and higher data requirements. Diffusion methods can be viewed
as conceptually bridging EBMs and latent-variable approaches:
they exploit score-based training to navigate implicit energy
landscapes while maintaining a structured generative process.
Yet their computational demands and reliance on large datasets
limit applicability in low-data or real-time settings. Discretized
action policies provide a pragmatic alternative by converting
continuous control into sequence prediction, allowing the use
of powerful architectures like transformers. Their performance,
however, depends on discretization granularity and can suffer from
reduced precision in fine motor tasks.

3.1.3 Performing long-horizon tasks

Policies for long-horizon tasks are primarily formulated at a
higher level of abstraction and do not consider the low-level control
of individual joints. This area of research is often referred to as
task planning (Russell and Norvig, 2016; Guo et al., 2023). Here,
imitation learning is also popular in learning task plans from human
teachers (Dichl et al., 2021; Ramirez-Amaro et al., 2017). Although
research in dexterous manipulation mainly focuses on low-level
policies for short-horizon tasks, some approaches combine both
levels, such as DexSkills (Mao et al., 2024). DexSKkills views a robot’s
task from a hierarchical perspective to be able to execute long-
horizon tasks. The core idea is to decompose complex tasks into
primitive skills. The system includes several key components. First,
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a temporal autoencoder extracts a latent feature space from the
demonstrations. Instead of images, the observation consists of the
robot’s joint states, tactile information, and contact status. Second,
a label decoder segments a task into primitive skills based on
the latent representation. Finally, a multilayer perceptron (MLP)
learns the state-action pairs for each primitive skill separately
from human demonstrations via BC. After the initial training, new
long-horizon tasks can be learned from a single demonstration.
The primitive skill sequence is extracted via the label decoder
and autonomously executed by the robot using the provided
label sequence. Although DexSkills is promising, its’ reliance on
predefined primitive skills limits the range of possible long-horizon
tasks. Additionally, segmenting demonstrations into individual
primitive skills requires supervised training with labeled data,
making data acquisition expensive despite the relatively small
amount of training data needed (Mao et al., 2024).

To address these challenges, recent research has begun
exploring the integration of Vision-Language Models (VLMs) into
imitation learning pipelines. Approaches such as RoboDexVLM
(Liu H. et al, 2025) and DexGraspVLA (Zhong et al, 2025)
leverage the generalization capabilities of large-scale pretrained
models to interpret high-level task descriptions and infer action
sequences from diverse visual inputs, including third-person
videos. These models offer a way to bridge the embodiment
and viewpoint gap by grounding language in visual context and
enabling robots to reason about tasks in a more abstract, flexible
manner. By combining the structured decomposition of tasks—as
seen in hierarchical methods like DexSkills—with the broad
priors and multimodal understanding of VLMs, these approaches
promise more scalable and generalizable solutions for long-horizon
dexterous manipulation. But with the use of VLMs for task
planning and reasoning, the inference time increases significantly,
which limits real-time deployment. Additionally, the predefined
primitive skills impose a ceiling on the generalization capabilities of
such methods.

Another large-
scale human demonstration videos—especially those sourced

complementary direction is leveraging
from the internet—as a means to improve data diversity
and reduce the cost and effort of expert data collection
(Shaw et al., 2023b; 2024; Mandikal and Grauman, 2022;
Sivakumar et al., 2022; Qin et al., 2022b). Such videos offer a rich
prior over manipulation behaviors and object interactions, which
can support better generalization across tasks and environments.
However, bridging the domain gap between third-person human
video and robot execution, particularly with dexterous hands,
introduces substantial challenges. These include differences in
embodiment (e.g., human hands vs. robot hands), viewpoint and
occlusion issues, the lack of action labels, and the difficulty of
inferring precise 3D contact-rich motions from 2D videos.

The limitations discussed above underscore the need for more
robust and flexible approaches to advance imitation learning in
dexterous manipulation. The highlighted publications reveal two
most prominent challenges: generalization across tasks and the
ability to handle long-horizon behaviors. Methods such as DexSkills,
vision-language models (VLMs), and 3D diffusion policies offer
promising directions to address these issues. A particularly
compelling avenue for future research lies in combining hierarchical
skill composition, as demonstrated in DexSkills, with the generative
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flexibility of diffusion policies. Such integration could reduce overall
training effort by enabling the reuse of learned skills across diverse
tasks, thereby improving scalability and efficiency.

Still, with imitation learning approaches, major limitations
remain. In addition to the covariant shift problem, imitation
learning approaches that have learned behavior in a supervised
mode have the disadvantage that the quality of the demonstrations
limits the performance of the resulting policy. Consequently,
demonstrations represent an upper bound that the policy
cannot exceed. To improve the policy beyond the level of the
demonstrations, a criterion must be defined that can be used to
measure and optimize performance. This problem is addressed
in reinforcement learning, in which a reward function is defined
that provides the agent with feedback on its performance. Based
on this feedback, the agent can optimize its behavior and thus
improve its performance. In the context of reinforcement learning,
a policy is learned by the agent through numerous interactions
with the environment. The data collected in the process is used to
train the policy. The requirement for extensive interaction poses
a significant challenge when training a robot using reinforcement
learning in the real world. Firstly, the large number of trials can be
very time-consuming, and human intervention is required to reset
the environment between episodes. Secondly, the actions the agent
selects may be hazardous or cause physical damage to the hardware,
posing risks to both the robot and its surroundings and limiting their
real-world learning. However, some approaches allow exploiting the
potential of reinforcement learning on physical robots, including
dexterous manipulation. These will be discussed in more detail in
the next section.

3.2 Reinforcement learning

Using reinforcement learning for real-world dexterous
manipulation is categorized in three directions in the literature (Yu
and Wang, 2022). The classical reinforcement learning approach
involves learning from scratch, in which a novice agent learns
purely by interacting with a physical robot and the environment.
The second approach uses a pre-trained agent to begin learning
from a safer and more informed initial policy, typically achieved by
combining reinforcement learning with imitation learning. Lastly,
the agent is trained in simulation, and then the policy is transferred
to the physical robot. Some relevant examples of those approaches

are presented below.

3.2.1 Reinforcement learning from scratch
Learning from scratch is mainly done in simulation, as data
generation is significantly more cost-effective. Implementing this
approach directly on a physical robot poses additional challenges
beyond those already mentioned, particularly the difficulty of
accurately retrieving the representation of the environment’s
state. Perceiving the environment is typically achieved using
vision-based sensors, such as cameras (Haarnoja et al, 2018;
Luo et al, 2021). However, this approach comes with a trade-
off in sample efficiency, as the high-dimensional data generated
increases both computational demands and processing complexity.
Instead, introducing tactile sensors in observation reduces the
sample complexity for dexterous manipulation significantly
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(Melnik et al,, 2019). van Hoof et al. (2015) uses pure tactile
information while Falco et al. (2018) combines tactile and visual
observations in policy learning with reinforcement learning for an
in-hand manipulation task. To avoid costly resets of the environment
by humans, Gupta et al. (2021) presents a reset-free approach, where
learning multiple tasks simultaneously and sequencing them solves
the problem automatically. The individual tasks provide the reset for
other ones.

3.2.2 Reinforcement learning and
demonstrations

Combining reinforcement learning with imitation learning
overcomes issues of both approaches (Nair et al, 2018;
Hester et al, 2018). On the one hand, the sample complexity
is significantly reduced by using demonstrations to pre-train
a policy. On the other hand, through reinforcement learning,
the robot can obtain further information through interaction
with the environment and fine-tune its performance beyond the
quality of demonstrations. Nevertheless, especially in the field of
dexterous manipulation, many approaches still rely on training and
experiments in simulation due to efficiency, safety, and cost reasons
(Rajeswaran et al., 2018; Radosavovic et al., 2021; Huang et al., 2023;
Mosbach et al., 2022; Qin et al., 2022b; Han et al., 2024; Mandikal
and Grauman, 2022; Orbik et al.,, 2021). Only a few studies use
reinforcement learning with demonstrations on physical robots
(Gupta et al., 2016; Zhu et al., 2019; Nair et al., 2020). Their ability
to conduct real-world experiments hinges on the constraint of
basing their policy on low-dimensional state spaces, resulting in
a lower-capacity policy that can be efficiently trained on less data.

Utilizing object-centric demonstrations—focusing solely on the
manipulated object’s trajectory—has shown potential in training
tasks for soft robotic hands, as illustrated in Gupta et al. (2016).
Their approach is based on Guided Policy Search (GPS) (Levine
and Abbeel, 2014), which offers advantages in learning high-
dimensional tasks. Multiple policies are initially learned from
demonstrations and refined using model-based reinforcement
learning to follow the demonstrated behavior closely. These are
then distilled into a single neural network policy via supervised
learning. However, the final policy’s performance was limited,
primarily due to the soft and compliant nature of the RBO
Hand 2 robotic hand. More effective results have been achieved
with the Demo Augmented Policy Gradient (DAPG) method
introduced by Rajeswaran et al. (2018), which has become a widely
adopted approach in dexterous manipulation (Qin et al., 2022b;
Huang et al, 2023; Qin et al, 2022a). It combines model-
free, on-policy reinforcement learning with imitation learning to
enhance policy exploration and reduce sample complexity. Pre-
training with BC equips the agent with an intuitive understanding
of task-solving strategies before its autonomous exploration.
Although initially tested in a simulated environment, DAPG’s
applicability to real-world manipulation was later validated by
Zhu et al. (2019) using an Allegro Hand. Demonstrations were
shown to significantly accelerate training in the real world—cutting
training time from 4 to 7 h without demonstrations to 2-3 h with
20 demonstrations. Another approach, the Advantage-Weighted
Actor-Critic (AWAC) algorithm introduced by Nair et al. (2020),
combines offline reinforcement learning with online fine-tuning
using off-policy methods. Off-policy algorithms are generally more
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sample-efficient, as they can reuse offline data during the online
learning phase. AWAC formulates the policy improvement step
as a constrained optimization problem, ensuring that the updated
policy remains close to the expert demonstrations. Its effectiveness
is demonstrated on an object-repositioning task using a four-
fingered dexterous robotic hand. The authors also note that tuning
AWAC’s parameters can be challenging. A direct comparison
between DAPG and AWAC on dexterous manipulation tasks shows
that AWAC can achieve faster learning and better data efficiency
than DAPG (Nair et al., 2020).

3.2.3 Sim-to-real reinforcement learning

While
reinforcement learning directly on physical robots, with or without
demonstration, simulation remains the most practical and widely

some studies have successfully implemented

utilized environment for training due to its cost-effectiveness,
scalability, and safety. The complete freedom concerning safety
restrictions and the almost unlimited data availability through
parallelization offer a unique starting point for reinforcement
learning. Still, sim-to-real zero-shot achieves only limited
performance due to the reality gap (Gilles et al, 2024; 2025).
Especially for dexterous manipulation with its complex dynamics,
it is challenging to create a simulation model that corresponds
to reality. Developing more powerful and realistic simulators like
Isaac Sim®, GENESIS?, and MuJoCo (Todorov et al., 2012) will not
completely close the reality gap. A common method to overcome this
gap is domain randomization, where the simulation is randomized
with disturbances to compensate for inaccuracies in the modeling
(Kumar et al., 2019; Akkaya et al., 2019; Andrychowicz et al., 2020).
This can include the randomization of light, textures, or friction
parameters. Randomization facilitates the agent’s adaptation to a
wide range of environments, where the real world might represent
one instance of this spectrum. Training a single robotic hand to
solve a Rubik’s cube shows how powerful sim-to-real methods can
be (Akkaya etal., 2019), but also how much computational resources
are required to train such a complex policy: over 900 parallel workers
were used over multiple months to collect data corresponding to
13.000 years of experience in simulation. We believe that using such
a vast amount of computational resources to train a single task is not
an effective approach. Instead, it may be more reasonable to leverage
simulators and computational resources to pretrain a comprehensive
foundation model with general knowledge—for example, about
physical properties of the world—so that task-specific knowledge
can subsequently be fine-tuned more efficiently. This was done,
for example, by NVIDIA, when training the Generalist Robot 00
Technogly (GROOT) model on synthetic data from simulators and
also real world data (NVIDIA et al.,, 2025).

While approaches based on reinforcement learning have
shown impressive results in dexterous manipulation, particularly
by utilizing sim-to-real methods for transferring policies
from simulation to physical robots, they still face significant
limitations. Data efficiency and safety remain key challenges,
even when using demonstrations for a warm start. Additionally,
the reliance on sim-to-real methods limits the system’s ability

6 https://developer.nvidia.com/isaac/sim

7 https://genesis-embodied-ai.github.io/
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to adapt effectively to wunstructured and highly dynamic
environments.

3.3 Interactive imitation learning for
dexterous manipulation

As outlined in the
interactively into the learning process represents a promising

introduction, integrating humans
research direction. This approach helps mitigate challenges in
imitation learning, such as covariate shift, and reduces the effort
required for collecting demonstrations. Despite its potential, only
a limited number of works have explored interactive human
involvement in real-world dexterous manipulation tasks (Kaya and
Oztop, 2018; Argall et al., 2011; Ugur et al., 2011; Sauser et al., 2012;
Ding et al., 2023; Si et al., 2024; Wang C. et al., 2024). Not all of these
works aim to learn generalized policies. Some intersect with shared
control schemes (Kaya and Oztop, 2018), while others focus on
identifying graspable regions of objects (Ugur et al., 2011). Among
those that do learn policies, the objectives vary: learning stable
grasps (Sauser et al., 2012), grasping strategies (Argall et al., 2011),
human-like motion characteristics (Ding et al., 2023), or complex
dexterous manipulation skills (Wang C. et al., 2024; Si et al., 2024).

The following section presents these works to provide an
overview of the field and to highlight how they differ from the
understanding of Interactive Imitation Learning adopted in this
survey. The limited number of publications suggests that IIL has
yet to gain widespread traction in dexterous manipulation, though
recent contributions offer promising starting points.

In Kaya and Oztop (2018), an in-hand manipulation is learned
interactively using a 16-DoF robotic hand. The task consists of
swapping the position of two balls in the hand using skillful finger
and hand movements. The human operator learns to control the
robot arm via kinesthetic teaching while the hand runs a periodic
finger movement. After the human operator has learned how
to control the robot, successful executions of human and robot
control are combined into a fully autonomous policy via regular
imitation learning with a DMP. Although the human operator
interacts with the robot during execution, this is not interactive
imitation learning; instead, the interactive part belongs to the shared
control scheme (Abbink et al., 2018), as the policy is learned after all
data have been collected, like in normal imitation learning.

In Ugur etal. (2011), a 16-DoF robotic hand is used to grasp and
lift various objects. The learning is supported by a human teacher
and called parental scaffolding. Initially, the robot performs rough
reach motions towards the object’s center. The human teacher can
interfere by physical contact with the robot’s motion to achieve
successful grasping. The robot checks the distance between its
fingers and the object and records “first-touch” points on the object
in case of contact, which correspond to graspable parts of the
objects. A classifier that differentiates whether a voxel is graspable
is trained using these “first-touch” points. The classifier is based
on a newly proposed metric that captures the relationship between
graspable voxels and all voxels of the object. The main focus lies
on learning and inferring graspable parts of the objects, not the
motion of grasping the object itself. Therefore, only a simple lookup
table-based mechanism is used to select a reach-grasp-lift execution
trajectory to grasp an object.
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An early interactive imitation learning related work that learns a
manipulation policy is presented in Argall et al. (2011). It introduces
the Tactile Policy Correction (TPC) algorithm to learn how to
grasp simple objects with a dexterous 8-DoF robotic hand from
human interactions. The approach consists of two phases. First, a
dataset of human demonstrations is created through teleoperation,
allowing the robot agent to derive an initial policy via BC. In the
second phase, the agent executes the policy and receives corrective
tactile feedback from the human teacher to adapt the policy. The
teacher physically touches the robot on five touchpads on the arm to
provide feedback. Policy execution consists of object pose prediction
and action selection. It utilizes GMM-GMR: Gaussian Mixture
Model (GMM) encodes demonstrations, and Gaussian Mixture
Regression (GMR) predicts target poses. The GMM is trained
with weighted Expectation-Maximization (EM). In a subprocess,
an inverse kinematic controller is responsible for selecting the
appropriate action to reach the target pose. The policy undergoes
adaptation through recurrent derivation from the updated dataset.
This dataset evolves through tactile corrections from the human
teacher, either through policy reuse, involving modification of
existing data points, or refinement, entailing the addition of new
data points. The presented experiments show that refinement is more
effective than providing more demonstrations via teleoperation. A
very similar approach is used to learn stable grasps for dexterous
robot hands (Sauser et al., 2012). The grasping task is also modeled
as GMM; the difference is in how the human interacts with the
robot. The human teacher provides corrections by pressing on the
fingertips to encourage better contact and shift the pose as much as
possible within the compliance of the hand. The robot generates self-
demonstrations by following the pose-pressure pair recorded from
the previous step. This process extends the dataset by incorporating
data that is free from the influence of correction forces, enabling
more accurate and autonomous learning.

A different kind of human feedback is used in Ding et al. (2023)
to train a policy for a dexterous hand. Instead of showing
how to do the tasks, the feedback of the human evaluates
the policy. The policy is learned via reinforcement learning in
simulation and later fine-tuned with human feedback to enhance
its human-like characteristics. Although no demonstrations are
used to train the policy, and only human feedback in the form of
preferences over generated trajectories is provided, this approach
still exemplifies interactive learning for dexterous manipulation. The
human feedback primarily aims to make the policy execution more
human-like. The human teacher is presented with two generated
trajectories, and the provided feedback is the choice of which
trajectory is more human-like. Based on this feedback, a reward
model is trained to fine-tune the policy via reinforcement learning
later. For execution on a physical robot, no additional training is
performed; instead, the policy is directly transferred to the physical
robot showing its robustness against the reality gap.

With the recent advent of diffusion models, diffusion-based
imitation learning approaches have gained significant popularity.
These models are particularly well-suited for managing multimodal
action spaces in dexterous manipulation. In the work titled Tilde
(Si et al,, 2024), a unique integration of diffusion-based imitation
learning with DAgger-based on-policy updates is employed to
perform dexterous manipulation tasks using a high DOF robotic
hand. This novel combination leverages the strengths of both
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methods, where diffusion models handle complex, multimodal
action spaces effectively, and DAgger (Ross et al., 2011) provides
robust, real-time corrections through human teacher interventions
in case of failures. The robotic hand, known as DeltaHand, features
a non-anthropomorphic design with four fingers, each possessing
3 DoF. Demonstrations for seven distinct manipulation tasks are
recorded using a kinematic twin teleoperation interface. A vision-
conditioned diffusion policy is then learned, utilizing input from an
in-hand camera and the joint states. Integrating on-policy expert
corrections via DAgger helps mitigate covariate shifts, ensuring
more reliable performance. However, the authors also note that
generalization to unstructured environments is limited, and the
movement of the robot arm for more complex tasks has not yet
been considered. This is likely due to the direct conditioning of the
policy on images and, therefore, the limited data used to train the
policy. An approach to address this is DexCap (Wang C. et al., 2024),
which introduces a portable hand motion capture system and an
imitation learning framework. The motion capture system consists
of a motion capture glove for finger tracking and three cameras for
wrist tracking and environment perception. The portability allows
the accessible collection of demonstration data for bimanual tasks.
DexCap enables robots to learn bimanual dexterous manipulation
from human motion capture data (i.e., human motion capture
data) through a diffusion policy, using a point-cloud-based BC
algorithm. The learning process consists of three steps: First, the
motion capture data is retargeted into the robot’s operational space,
which includes mapping the finger positions and 6-DOF wrist
pose into the action space of the robot via inverse kinematics.
Secondly, a diffusion policy is trained based on down-sampled
colored point cloud and retargeted data. Using colored point clouds
transformed into a consistent world frame as input for the policy,
rather than RGBD images, the system maintains stable observations
even when the camera moves. Lastly, human operators can intervene
and provide on-policy corrections to correct unexpected robot
behavior. Corrections can be supplied as residual actions on top of
the policy’s actions or by taking complete control and guiding the
robot via teleoperation. Corrections and original demonstrations
are used together to refine the policy. Experiments demonstrate a
33% improvement by fine-tuning with corrections on six household
manipulation tasks with two 16-DOF robotic hands.

The works presented in this section are among the few that
incorporate interactive human feedback into the learning process
for dexterous manipulation. Table 2 shows an overview of these
works with the used policy representation and performed tasks.
The limited number of such studies may be attributed to several
factors. One major constraint is the need for physical hardware to
enable safe and effective human-robot interaction and to evaluate
learning outcomes—an especially costly requirement in the context
of dexterous manipulation. Additionally, the availability of suitable
robotic hands remains limited, further restricting experimentation.
Beyond hardware, unlike domains where large, static datasets can be
curated upfront, the usefulness of human feedback in IIL depends
on the current policy’s performance, making dataset creation and
reuse non-trivial. Integrating human feedback is also more complex
in dexterous manipulation due to the high dimensionality of actions
and the intricacies of contact-rich dynamics. Historically, research
in this domain has focused heavily on reinforcement learning
(RL) as the primary method for solving complex tasks. However,
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TABLE 2 Overview of IIL works for dexterous manipulation based on policy representation and feedback type. Sorted by publication year.

Reference PR RW ’ CF EF CF+EF IEN

Lu et al. (2025) DV v [ ] Raise hand, packing, insertion

Sietal. (2024) DG v [} Grasp, block slide, block lift, ball roll, cap twist, syringe push, shape insert
Wang et al. (2024a) DG 4 [ J Packing, scissor cutting, tea preparing

Ding et al. (2023) CP v (] Dexterous manipulation, pen, relocate, pushing

Luo et al. (2023) DV [} Adproit, locomotion

Gams et al. (2016) CP v [ ] Wiping surface

Sauser et al. (2012) CP v [ ] Grasping

Argall et al. (2011) Cp v ® Grasping

Policy representation (PR), Real-world experiments (RW), Corrective feedback (CF), evaluative feedback (EF).
CP: Classical parametric - linear models, GMM, RBE, DMP/ProMP, shallow MLP.

DV: Deep vision-conditioned - CNN/LSTM that ingest images or point clouds.

DG: Diffusion/generative - score-based or flow models that explicitly model multimodality.

the practical limitations of RL—particularly its inefficiency and 1. Corrective feedback, where the human teacher gives feedback
resource demands when applied to real-world hardware—have on how to improve the execution in the action domain. So
prompted a shift in perspective. As these limitations became either the human gives absolute actions that replace the agent’s
more apparent, interest in interactive imitation learning (IIL) actions (Kelly et al., 2019), or the human provides relative
began to grow. In dexterous manipulation specifically, sim-to-real corrections (Celemin and Ruiz-del-Solar, 2019), guiding the
transfer remains a significant challenge, often requiring substantial agent toward correct actions.

engineering effort to bridge the gap between simulation and physical 2. Evaluative feedback, where the human teacher gives
deployment. More recently, the rise of humanoid robots in industry feedback on how well the agent performs (Bradley Knox
(BMW AG, 2024; Reuters, 2024), which are increasingly being and Stone, 2008). In this case, the human teacher does
used in roles traditionally filled by humans and are expected not need task expertise, but only the ability to evaluate
to operate human tools, has further fueled interest in efficient performance. This feedback can be delivered as absolute
training methods. In this context, IIL has emerged as a promising evaluative signals—commonly referred to as human
approach for improving learning efficiency in high-dimensional reinforcement—or as relative preferences between different
manipulation tasks. J agent behaviors.

Despite its potential, the field remains largely unexplored.
p b o sey P The choice of feedback modality in a learning application often
Current works demonstrate the viability of IIL, but also reveal o , .
o . " depends on the level of autonomy desired in the agent’s exploration
gaps—such as the limited use of tactile feedback and generalization . . ;
; . . L process. For example, evaluative feedback typically provides only
in unstructured environments—that point to valuable directions limited euid the ontimal boli ine th  to rel
imited guidance on the optimal policy, requiring the agent to re
for future research. Exploring how IIL methods developed in other & . p P Y‘ 4 & g ) Y
. . . more heavily on autonomous exploration. In contrast, corrective
areas of robotic manipulation can be adapted to dexterous tasks may . . ) :
. . . . feedback or demonstrations convey more direct information about
yield important insights and broaden the scope of innovation in this o . ) o ]
. . . the policy, increasing reliance on human supervision. This trade-
field. Therefore, we next provide an overview of IIL as an emerging : ] ) ) .
. S e . . off is commonly described in the literature as the exploration-
paradigm, highlighting the still limited but rapidly growing body of i ) ) .
work in this area control spectrum (Najar and Chetouani, 2021). Figure 3 summarizes
common forms of human feedback, comparing them along key

dimensions such as information content, human effort required,

expertise needed, and scalability.
4 |Interactive imitation lea rning in In IIL, various corrective feedback approaches have emerged
robotics from the original DAgger (Ross et al, 2011) approach and
developed further. While DAgger was one of the first algorithms to
While this survey has focused on dexterous manipulation thus  describe the interactive intervention of an expert in training, the
far, this chapter examines approaches to the role of interactive  expert in DAgger usually consisted of another algorithmic expert
imitation learning in general robotics, aiming to identify its potential ~ since this expert had to relabel each data sample of the agent.
for dexterous manipulation. We categorize the approaches in IIL ~ This would be too much work for a human expert, at least in
into two directions, which differ in how humans provide real-time  robotics. Nevertheless, many approaches based on DAgger have
feedback to the agent. been developed. For example, LazyDAgger (Hoque et al.,, 2021),
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Comparison of Human Feedback Modalities, modified from Celemin et al. (2022).
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where an additional learned meta-controller in the agent decides
whether an expert should be consulted, thus reducing the number
of human interactions. Instead of the agent deciding when it needs
expert support, in most current approaches, the human teacher
decides when a correction is necessary, for example, if the agent
enters unsafe areas of the state space. HG-DAgger (Kelly et al., 2019)
is an algorithm where the human teacher (expert) chooses when to
take over control. HG-DAgger is also used in the work RoboCopilot
(Wuetal,, 2025), which presents a complete bi-manual teleoperation
system that allows seamless human takeover by using a leader-
follower approach. The teleoperation device is a kinematic replica
of the robot arm with a user interface especially designed for an
interactive learning setting. While HG-DAgger involves only one
expert who is as perfect as possible, MEGA-DAgger (Sun et al., 2023)
allows for several experts who may also be imperfect. A built-in filter
resolves contrary corrections and removes unsafe demonstrations.
HG-DAgger only learns from the generated data when the expert
takes control, so-called supervisor-generated data. This means that
HG-DAgger learns how to recover from error situations but not
how to stay within the target area. In addition, the policy changes
substantially in each iteration when training only with supervisor-
generated data and ignoring agent-generated data. Intervention
Weighted Regression (IWR) (Mandlekar et al., 2020) addresses this
problem by storing all the generated data. The agent-generated
samples are stored in a separate dataset. Thus, one dataset has agent-
generated data, and one has supervisor-generated data. During the
policy training, an equal number of samples from both datasets are
used to update the policy. This way, samples from interventions are
weighted more heavily, with the idea that these samples are more
likely to indicate bottlenecks in state space and thus be learned
more robustly. Pang et al. (2025) takes a slightly different approach
and proposes using agent-generated data that lead to errors as
examples of “what not to do,” and using this data accordingly in
their ergodic imitation learning framework, leading to more robust
policies. Instead of providing corrections that push the task forward
from out-of-distribution states, Hu et al. (2025) proposes a data-
collection protocol that requires the teacher first to record recovery
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motions to return to familiar states, then record correction motions
to finish the task from there.

Other feedback with
reinforcement learning to leverage the efficiency of corrective

approaches integrate corrective
feedback while benefiting from reinforcement learning’s ability
beyond experts’ For
(2019) (2021) propose

learning a policy from supervisor-generated data (such as

to optimize performance. example,

Celemin et al. and Luo et al
demonstrations and corrective feedback) while at the same
time manually defining a reward function. This allows the
agent to improve its policy continuously, achieving faster
convergence than traditional reinforcement learning. However,
shaping a reward function is a demanding engineering task.
In another approach, Parnichkun et al. (2022) modifies the
objective function of the reinforcement learning algorithm to
incorporate the BC objective, directly aligning it with supervisor-
generated data but continuously improving its policy with
reinforcement learning.

IIL-algorithms utilizing evaluative feedback are a more direct
way of bridging imitation and reinforcement learning. Many
methods frame the robot control problem as a reinforcement
learning task but impose the constraint that the environment lacks
a predefined reward function. Instead, the agent’s performance is
assessed through evaluative feedback provided by a human teacher.
An early example of this approach is the TAMER framework
(Bradley Knox and Stone, 2008), where a human teacher assigns
scalar rewards based on its evaluation of the agents behavior.
The agents objective is to select the action that maximizes
this human-given reward for a given state. To achieve this,
the agent learns a model of the human reward function using
supervised learning techniques. Macglashan et al. (2017) proposes
an alternative approach in which human feedback depends on
the agent’s current policy maturity. He models human feedback as
an advantage function, capturing the nuance that human teachers
provide different evaluations depending on whether the agent
is improving or performing adequately in the status quo. This
more accurately reflects the dynamic nature of human feedback
during the learning process. Although a reward function represents
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TABLE 3 Overview of IIL works based on policy representation and feedback type. Sorted by publication year.

Reference PR RW CF EF CF+EF ’ Tasks

Hu et al. (2025) DG v (] Long horizon shirt hanging, lid sealing, box packing, assembly
Knauer et al. (2025) CP v [ ] Pick and place

Lee et al. (2025) DG v (] Stacking, pushing, plugging, loading

Luijkx et al. (2025) DV v Packing, assembly

Luo et al. (2025) DV v [ ] Motherboard assembly, furniture assembly, belt installation, jenga
Pan et al. (2025) DG v [ J Raspberry harvesting, cloth wiping

Pang et al. (2025) CP v [ ] Peg in hole, pouring, drawing

Stranghoner et al. (2025) CP v [ Connector assembly

Wu et al. (2025) DG v (] Part transport, picking, long horizon kitchen tasks

Xu et al. (2025) DG v [ ] Openbox, steam bun, upright mug

Li et al. (2024a) Cp v [ ] Pushing, throwing

Liu et al. (2024) DV v Nut assembly, tool hang, gear insertion, coffee pad packing
Wakabayashi et al. (2024) DV v ) Dish washing

Liu et al. (2023) DV [ Driving, atari games

Mandlekar et al. (2023) DV v [ Tool hang, stacking, insertion, coffee machine

Sun et al. (2023) CP [ Driving

Chisari et al. (2022) DV v Close microwave, push button, take of lid, unplug, push, reach, pickup, pull
Parnichkun et al. (2022) DV v ° Cartpole, navigation

Spencer et al. (2022) Cp Driving

Hoque et al. (2021) DV v [ Locomotion, fabric manipulation

Kahn et al. (2021) DV v Navigation

Luo et al. (2021) DV v [ Plug-insertion

Mandlekar et al. (2020) DV [ Threading, coffee machine

Pérez-Dattari et al. (2020) DV v [ Cartpole, driving

Spencer et al. (2020) CP v Driving

Celemin et al. (2019) Cp v (] Ball-in-cup, reaching, writing

Celemin and Ruiz-del-Solar (2019) CP v [ Cartpole, mountain car, ball dribbling, balancing

Kelly et al. (2019) Cp v [ ] Driving

Jevti¢ et al. (2018) CPp v [ Obstacle avoidance

Le etal. (2018) DV Atari games, maze navigation

Christiano et al. (2017) DV Atari games, locomotion

Macglashan et al. (2017) CP v Push-pull, ball following, navigation
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TABLE 3 (Continued) Overview of IIL works based on policy representation and feedback type. Sorted by publication year.

10.3389/frobt.2025.1682437

Reference PR RW CF EF CF+EF Tasks
Ewerton et al. (2016) CP v [ ] Reaching
Ross et al. (2011) CP [ Atari games
Bradley Knox and Stone (2008) CP [ ] Tetris games

Policy representation (PR), Real-world experiments (RW), Corrective feedback (CF), evaluative feedback (EF).

CP: Classical parametric - linear models, GMM, RBE, DMP/ProMP, shallow MLP.
DV: Deep vision-conditioned - CNN/LSTM that ingest images or point clouds.
DG: Diffusion/generative - score-based or flow models that explicitly model multimodality.

Early IIL/
evaluative feedback

DAgger approaches /
corrective feedback

FIGURE 4

highlighting landmark works that helped drive growth in the field.

DAgger
MacGlasha
TAMER
Wo& ,)000’ ,Lo“s) mOO & P ,}0“5" (34

Timeline of IIL research, showing key methodological phases overlaid with the annual number of IIL publications (data from scopus database),

an evaluative feedback system in reinforcement learning, it can
also be constructed by utilizing corrective feedback. For example,
Luo et al. (2023) and Kahn et al. (2021) enable human teachers
to give corrective feedback but only use it to indicate that an
intervention occurred without considering the specifics of the
intervention. These methods train an agent to minimize the
probability of human intervention rather than focusing on the
content of the feedback itself. This way, it'’s robust to imperfect
experts, as the expert can also provide wrong corrections, but
only the fact that a correction happens helps the agent. Another
way to deal with humans lacking expertise in a task is through
evaluative feedback in the form of preferences between two
presented executions. On the exploration-control spectrum, this
approach leans towards autonomous exploration, similar to classical
reinforcement learning. However, as Christiano et al. (2017)
demonstrated, it can be applied to problems where a reward
function cannot be explicitly defined. This method uses supervised
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learning techniques to infer a reward function from preference
data. Since human preferences convey limited information, learning
relies heavily on autonomous exploration, which often requires
numerous and sometimes unsafe interactions between the agent and
its environment. Consequently, this approach is primarily suited
to simulated environments, making it less practical for real-world
applications.

Combining corrective and evaluative feedback has produced
promising results (Lu et al., 2025; Luijkx et al., 2025). For instance,
in Spencer et al. (2020), in addition to recording corrected actions,
each sample is tagged with a flag indicating whether the robot’s
current state is good enough. States without expert intervention are
assumed to be acceptable. This state evaluation allows the agent to
learn a value function in parallel, enabling it to refine its policy even
without further input from the expert, as the current execution is
generally considered good enough. However, human experts cannot
provide corrections in every situation. The work “Correct me if I
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am wrong” (Chisari et al., 2022) addresses this issue by extending
IWR (Mandlekar et al., 2020) to handle cases where no correction is
possible. In such situations, evaluative feedback allows the expert to
discard state-action pairs that might otherwise pollute the training
data. In the Active Skill-level Data Aggregation (ASkDAgger)
framework (Luijkx et al., 2025), the human teacher can provide
feedback in three ways: validation, relabeling, and annotation
demonstrations, which represent a combination of evaluative and
corrective feedback. Its FIER (Foresight Interactive Experience
Replay) module integrates this validation, annotation, and relabeling
feedback into the demonstration dataset. The PIER (Prioritized
Interactive Experience Replay) module prioritizes using these mixed
evaluative-and-corrective demonstrations during training-allowing
the novice to learn both what not to do and what to do more
efficiently.

Not only the feedback type is a relevant categorization
criterion for IIL approaches, but also the different types of policy
representations used are interesting. However, when examining
different methods of policy representation, it becomes clear that the
choice of representation, as in other robotic applications, depends
heavily on the specific task rather than being unique to IIL. A variety
of function approximators for policy representation are used in IIL,
including linear models, radial basis functions (RBFs) (Celemin
and Ruiz-del-Solar, 2019), classical feed-forward neural networks
(FFNs) (Kelly et al., 2019; Sun et al.,, 2023), convolutional neural
networks (CNNs) (Pérez-Dattari et al., 2020; Hoque et al., 2021),
recurrent neural networks (RNNs)/long short-term memory
networks (LSTMs) (Mandlekar et al., 2020; Chisari et al., 2022),
diffusion models (Si et al., 2024; Wang C. et al., 2024), as well as
DMPs (Gams et al., 2016; Celemin et al., 2019) and Probabilistic
Movement Primitive (ProMP) (Ewerton et al., 2016). An overview
of recent IIL works, their policy representations, feedback types, and
tasks is presented in Table 3.

We summarized the development of IIL approaches visually as
a roadmap in Figure 4, highlighting both the growth of research
activity and major methodological milestones. The bars indicate
the number of IIL-related publications per year based on a search
on the Scopus database, showing a steady rise that accelerates in
recent years. Overlaid on this trend, we highlighted key phases
and representative works that likely contributed to the increasing
momentum in this field.

The IIL publications in this section showed that human
feedback is integrated in different ways—ranging from purely
evaluative signals to corrective cues, and also a hybrid of both.
While these approaches have yielded promising results on tasks
such as navigation or simple manipulation, transferring them to
dexterous manipulation introduces a set of unique challenges, such
as much higher action dimensionality, rich and discontinuous
contact dynamics, and more challenging demonstration and
correction collection. IIL presents a promising avenue for advancing
robotic capabilities, particularly in dexterous manipulation.
Corrective feedback offers rich, intuitive, and safe guidance but
necessitates experienced teachers and relies heavily on their
performance. Evaluative feedback, while accessible to non-
domain experts and easier to combine with recent trends of large
language models, demands more data and interactions, posing
potential safety risks. Including reward functions enables self-
optimization, yet it comes with the high cost of reward engineering
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and inherent safety concerns due to autonomous exploration.
Balancing these feedback mechanisms is crucial for developing
robust and efficient IIL systems adapting to complex real-world
scenarios.

5 Conclusion

In this survey, we explored the current research landscape of
Interactive Imitation Learning (IIL) for dexterous manipulation
and identified a notable gap in concrete studies within this
domain. We began by discussing the key challenges of dexterous
manipulation, including its high-dimensional action space, multi-
modal state representations, and long-horizon task complexity.
We then presented various approaches for tackling real-world
dexterous manipulation, such as imitation learning, reinforcement
learning, and IIL, highlighting both their potential and limitations.
Given the scarcity of research explicitly addressing IIL for
dexterous manipulation, we extended our review to IIL methods
used in other robotic applications, explaining how different
approaches incorporate human feedback. IIL for dexterous
manipulation is an emerging field with substantial opportunities
for further research. Notably, the use of on-policy corrections
in IIL has proven effective in mitigating covariate shift while
enhancing sample efficiency, making it a promising direction
for future advancements in dexterous robotic control. As the
development of humanoid robotics continues to advance rapidly,
the demand for efficient algorithms to equip these robots with
the requisite skills is expected to increase significantly in the
coming years. The growing interest among industrial companies
in utilizing humanoid robots in production and logistics especially
underscores the necessity for algorithms that can meet the
industry’s specific requirements, such as efficiency, flexibility, and
real-world applicability. This trend is further amplified by the
recent surge in companies developing dexterous robotic hands,
reflecting a broader shift toward enabling fine-grained manipulation
capabilities in real-world settings. Consequently, these factors
must be accorded a higher priority in developing algorithms
than was previously the case in the research field of humanoid
robots. In particular, IIL approaches based on diffusion policies
and those that use both corrective and evaluative feedback can
provide a successful direction here. As task complexity increases,
the importance of algorithms capable of handling long-horizon
policies grows; thus, the integration of hierarchical approaches
becomes crucial.

In summary, while IIL for dexterous manipulation is still in
its early stages, it holds great promise for enabling more efficient,
scalable, and human-aligned robotic learning. To bring IIL to real-
world dexterous tasks, policy representations need to cope with
more than 20-DoF hand kinematics, and multimodal encoders with
contrastive objectives must fuse visual, tactile, and proprioceptive
signals. Beyond these representations, dexterous IIL further requires
feedback that operates in structured hand- and contact—state
spaces—specifying grasp types, contact modes, and manipulation
phases rather than only low—level actions or scalar trajectory
preferences—and intuitive interfaces that let humans provide such
feedback with minimal cognitive and physical burden. This survey

frontiersin.org


https://doi.org/10.3389/frobt.2025.1682437
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Welte and Rayyes

aims to serve as a foundation for future research and innovation in
this exciting and rapidly evolving field.

Author contributions

EW: Writing - review and editing, Writing - original draft. RR:
Writing - review and editing, Supervision.

Funding

The author(s) declare that financial support was received for
the research and/or publication of this article. This work has been
supported by the German Federal Ministry of Research, Technology
and Space (BMFTR) under the Robotics Institute Germany (RIG),
and the Baden-Wiirttemberg Ministry of Science, Research and the
Arts within InnovationCampus Future Mobility (ICM).

Conflict of interest

The author(s) declared that this work was conducted

in the absence of any commercial or financial relationships

References

Abbink, D. A, Carlson, T, Mulder, M., de Winter, J. C. E, Aminravan,
E, Gibo, T. L, et al. (2018). A topology of shared control systems—finding
common ground in diversity. IEEE Trans. Human-Machine Syst. 48, 509-525.
doi:10.1109/THMS.2018.2791570

AGILE ROBOTS (2023). Agile hand | agile robots se. Available online at: https://
www.agile-robots.com/en/robotic-solutions/agile-hand (Accessed on May 14, 2024).

Akkaya, I, Andrychowicz, M., Chociej, M., Litwin, M., McGrew, B., Petron, A.,
et al. (2019). Solving rubik’s cube with a robot hand. arXiv Preprint arXiv:1910.07113.
doi:10.48550/arXiv.1910.07113

Amershi, S., Cakmak, M., Knox, W. B., and Kulesza, T. (2014). Power to the
people: the role of humans in interactive machine learning. AI Mag. 35, 105-120.
doi:10.1609/aimag.v35i4.2513

An, S., Meng, Z., Tang, C., Zhou, Y., Liu, T, Ding, F, et al. (2025). Dexterous
manipulation through imitation learning: a survey. arXiv Preprint arXiv:2504.03515.
doi:10.48550/arXiv.2504.03515

Andrychowicz, O. A. M., Baker, B., Chociej, M., J6zefowicz, R., McGrew, B., Pachocki,
J., etal. (2020). Learning dexterous in-hand manipulation. Int. J. Robotics Res. 39, 3-20.
doi:10.1177/0278364919887447

Argall, B. D., Sauser, E. L., and Billard, A. G. (2011). Tactile guidance for policy
adaptation. Found. Trends Robotics 1,79-133. doi:10.1561/2300000012

Arunachalam, S. P, Giizey, I, Chintala, S., and Pinto, L. (2023a). “Holo-dex:
teaching dexterity with immersive mixed reality;” in 2023 IEEE international conference
on robotics and automation (ICRA) (London, United Kingdom: IEEE), 5962-5969.
doi:10.1109/ICRA48891.2023.10160547

Arunachalam, S. P, Silwal, S., Evans, B., and Pinto, L. (2023b). “Dexterous imitation
made easy: a learning-based framework for efficient dexterous manipulation,” in 2023
IEEE international conference on robotics and automation (ICRA) (London, United
Kingdom: IEEE), 5954-5961. doi:10.1109/ICRA48891.2023.10160275

Ben Amor, H., Kroemer, O., Hillenbrand, U., Neumann, G., and Peters, J. (2012).
“Generalization of human grasping for multi-fingered robot hands,” in 2012 IEEE/RS]
international conference on intelligent robots and systems (Vilamoura, Algarve, Portugal:
IEEE), 2043-2050. d0i:10.1109/IR0OS.2012.6386072

Birglen, L., Laliberté, T., and Gosselin, C. (2008). Underactuated robotic hands, 40.
Berlin, Heidelberg: Springer Berlin Heidelberg. doi:10.1007/978-3-540-77459-4

Bldttner, P, Brand, J., Neumann, G., and Vien, N. A. (2023). Dmfc-graspnet:
differentiable multi-fingered robotic grasp generation in cluttered scenes. arXiv Preprint
arXiv:2308.00456. doi:10.48550/arXiv.2308.00456

BMW AG (2024). Successful test of humanoid robots at bmw group plant
spartanburg.  Available online at: https://www.press.bmwgroup.com/global/

Frontiers in Robotics and Al

16

10.3389/frobt.2025.1682437

that could be construed conflict of

interest.

as a potential

Generative Al statement

The author(s) declared that generative AI was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in
this article has been generated by Frontiers with the support of
artificial intelligence and reasonable efforts have been made to
ensure accuracy, including review by the authors wherever possible.
If you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or claim
that may be made by its manufacturer, is not guaranteed or endorsed
by the publisher.

article/detail/T0444265EN/successful-test-of-humanoid-robots-at-bmw-group-plant-
spartanburg?language=en (Accessed on August 22, 2024).

Bradley Knox, W., and Stone, P. (2008). “Tamer: training an agent manually via
evaluative reinforcement,” in 2008 7th IEEE international conference on development and
learning (Monterey, CA, USA: IEEE), 292-297. doi:10.1109/DEVLRN.2008.4640845

Brohan, A., Brown, N., Carbajal, J., Chebotar, Y., Dabis, ], Finn, C,, et al. (2023). Rt-
1: robotics transformer for real-world control at scale. arXiv Preprint arXiv:2212.06817.
doi:10.48550/arXiv.2212.06817

Cai, Y., Gao, J., Pohl, C., and Asfour, T. (2024). Visual imitation learning of task-
oriented object grasping and rearrangement. arXiv Preprint arXiv:2403.14000, 364-371.
doi:10.1109/ir0s58592.2024.10801466

Celemin, C., and Ruiz-del-Solar, J. (2019). An interactive framework for learning
continuous actions policies based on corrective feedback. J. Intelligent and Robotic Syst.
95, 77-97. doi:10.1007/510846-018-0839-z

Celemin, C., Maeda, G., Ruiz-del-Solar, J., Peters, ], and Kober, J. (2019).
Reinforcement learning of motor skills using policy search and human corrective
advice. Int. J. Robotics Res. 38, 1560-1580. doi:10.1177/0278364919871998

Celemin, C., Pérez-Dattari, R., Chisari, E., Franzese, G., de Souza Rosa, L., Prakash,
R, et al. (2022). Interactive imitation learning in robotics: a survey. Found. Trends
B

Robotics 10, 1-197. doi:10.1561/2300000072

Chen, S., Bohg, J., and Liu, K. (2024). “Springgrasp: synthesizing compliant,
dexterous grasps under shape uncertainty,” in Robotics: science and systems XX (delft,
Netherlands: robotics: science and systems foundation). doi:10.15607/RSS.2024.XX.042

Chi, C.,, Xu, Z., Feng, S., Cousineau, E., Du, Y., Burchfiel, B., et al. (2024a).
Diffusion policy: visuomotor policy learning via action diffusion. Int. J. Robotics Res.
44, 1684-1704. doi:10.1177/02783649241273668

Chi, C,, Xu, Z., Pan, C., Cousineau, E., Burchfiel, B., Feng, S., et al. (2024b). Universal
manipulation interface: in-the-wild robot teaching without in-the-wild robots. arXiv
Preprint arXiv:2402.10329. doi:10.48550/arXiv.2402.10329

Chisari, E., Welschehold, T., Boedecker, J., Burgard, W., and Valada, A. (2022).
Correct me if i am wrong: interactive learning for robotic manipulation. IEEE Robotics
Automation Lett. 7, 3695-3702. doi:10.1109/LRA.2022.3145516

Christiano, P. E, Leike, J., Brown, T. B, Martic, M., Legg, S., and Amodei, D.
(2017). “Deep reinforcement learning from human preferences,” in Advances in neural
information processing systems. Editors I. Guyon, U. Von Luxburg, S. Bengio, H. Wallach,
R. Fergus, S. Vishwanathan, et al. (Long Beach, CA, USA: Curran Associates, Inc.), 30.

Dahiya, R., Metta, G., Valle, M., and Sandini, G. (2010). Tactile sensing—from
humans to humanoids. IEEE Trans. Robotics 26, 1-20. doi:10.1109/TRO.2009.
2033627

frontiersin.org


https://doi.org/10.3389/frobt.2025.1682437
https://doi.org/10.1109/THMS.2018.2791570
https://www.agile-robots.com/en/robotic-solutions/agile-hand
https://www.agile-robots.com/en/robotic-solutions/agile-hand
https://doi.org/10.48550/arXiv.1910.07113
https://doi.org/10.1609/aimag.v35i4.2513
https://doi.org/10.48550/arXiv.2504.03515
https://doi.org/10.1177/0278364919887447
https://doi.org/10.1561/2300000012
https://doi.org/10.1109/ICRA48891.2023.10160547
https://doi.org/10.1109/ICRA48891.2023.10160275
https://doi.org/10.1109/IROS.2012.6386072
https://doi.org/10.1007/978-3-540-77459-4
https://doi.org/10.48550/arXiv.2308.00456
https://www.press.bmwgroup.com/global/article/detail/T0444265EN/successful-test-of-humanoid-robots-at-bmw-group-plant-spartanburg?language=en
https://www.press.bmwgroup.com/global/article/detail/T0444265EN/successful-test-of-humanoid-robots-at-bmw-group-plant-spartanburg?language=en
https://www.press.bmwgroup.com/global/article/detail/T0444265EN/successful-test-of-humanoid-robots-at-bmw-group-plant-spartanburg?language=en
https://doi.org/10.1109/DEVLRN.2008.4640845
https://doi.org/10.48550/arXiv.2212.06817
https://doi.org/10.1109/iros58592.2024.10801466
https://doi.org/10.1007/s10846-018-0839-z
https://doi.org/10.1177/0278364919871998
https://doi.org/10.1561/2300000072
https://doi.org/10.15607/RSS.2024.XX.042
https://doi.org/10.1177/02783649241273668
https://doi.org/10.48550/arXiv.2402.10329
https://doi.org/10.1109/LRA.2022.3145516
https://doi.org/10.1109/TRO.2009.2033627
https://doi.org/10.1109/TRO.2009.2033627
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Welte and Rayyes

de Farias, C., Tamadazte, B., Adjigble, M., Stolkin, R., and Marturi, N. (2024). Task-
informed grasping of partially observed objects. IEEE Robotics Automation Lett. 9,
8394-8401. doi:10.1109/LRA.2024.3445633

Diehl, M., Paxton, C., and Ramirez-Amaro, K. (2021). “Automated generation
of robotic planning domains from observations,” in 2021 IEEE/RS] international
conference on intelligent robots and systems (IROS) (Prague, Czech Republic: IEEE),
6732-6738. doi:10.1109/IROS51168.2021.9636781

Ding, Z., Chen, Y., Ren, A. Z,, Gu, S. S., Wang, Q., Dong, H,, et al. (2023). Learning
a universal human prior for dexterous manipulation from human preference. arXiv
Preprint arXiv:2304.04602. doi:10.48550/arXiv.2304.04602

Ewerton, M., Maeda, G., Kollegger, G., Wiemeyer, J., and Peters, J. (2016).
“Incremental imitation learning of context-dependent motor skills,” in 2016 IEEE-RAS
16th international conference on humanoid robots (humanoids) (Cancun, Mexico: IEEE),
351-358. doi:10.1109/HUMANOIDS.2016.7803300

Falco, P, Attawia, A., Saveriano, M., and Lee, D. (2018). On policy learning robust
to irreversible events: an application to robotic in-hand manipulation. IEEE Robotics
Automation Lett. 3, 1482-1489. doi:10.1109/LRA.2018.2800110

Feng, Q., Feng, J., Chen, Z., Triebel, R., and Knoll, A. (2024). FFHFlow: a flow-based
variational approach for multi-fingered grasp synthesis in real time. arXiv Preprint
arXiv:2407.15161. doi:10.48550/arXiv.2407.15161

Florence, P, Lynch, C., Zeng, A., Ramirez, O. A., Wahid, A., Downs, L., et al. (2022).
“Implicit behavioral cloning,” in Proceedings of the 5th conference on robot learning
(London, UK: PMLR), 158-168.

Freiberg, R., Qualmann, A., Vien, N. A,, and Neumann, G. (2025). Diffusion
for multi-embodiment grasping. IEEE Robotics Automation Lett. 10, 2694-2701.
doi:10.1109/LRA.2025.3534065

Gams, A., Petri¢, T., Do, M., Nemec, B., Morimoto, J., Asfour, T., et al. (2016).
Adaptation and coaching of periodic motion primitives through physical and visual
interaction. Robotics Aut. Syst. 75, 340-351. doi:10.1016/].ROBOT.2015.09.011

Gao, ], Tao, Z. Jaquier, N, and Asfour, T. (2023). K-VIL: keypoints-
based visual imitation learning. IEEE Trans. Robotics 39, 3888-3908.
doi:10.1109/TRO.2023.3286074

Gao,J., Jin, X, Krebs, E, Jaquier, N., and Asfour, T. (2024). “Bi-KVIL: keypoints-based
visual imitation learning of bimanual manipulation tasks,” in 2024 IEEE international
conference on robotics and automation (ICRA) (Yokohama, Japan: IEEE), 16850-16857.
doi:10.1109/ICRA57147.2024.10610763

Gilles, M., Chen, Y., Zeng, E. Z., Wu, Y., Furmans, K., Wong, A., et al. (2024).
MetaGraspNetV2: all-in-one dataset enabling fast and reliable robotic bin picking via
object relationship reasoning and dexterous grasping. IEEE Trans. Automation Sci. Eng.
21, 2302-2320. doi:10.1109/TASE.2023.3328964

Gilles, M., Furmans, K., and Rayyes, R. (2025). MetaMVUC: active learning for
sample-efficient sim-to-real domain adaptation in robotic grasping. IEEE Robotics
Automation Lett. 10, 3644-3651. doi:10.1109/LRA.2025.3544083

Grill, J.-B., Strub, E, Altché, E, Tallec, C., Richemond, P. H., Buchatskaya, E., et al.
(2020). “Bootstrap your own latent a new approach to self-supervised learning;” in
Advances in neural information processing systems. Editors H. Larochelle, M. Ranzato,
R. Hadsell, M. E. Balcan, and H. Lin (Red Hook, NY: Curran Associates, Inc.), 33,
21271-21284.

Grof, S., Ratzel, M., Welte, E., Hidalgo-Carvajal, D., Chen, L., Fortuni¢, E. P, et al.
(2024). “Opengrasp-lite version 1.0: a tactile artificial hand with a compliant linkage
mechanism,” in 2024 IEEE/RS] international conference on intelligent robots and systems
(IROS) (Abu Dhabi, UAE: IEEE), 5311-5318. doi:10.1109/IROS58592.2024.10801426

Guo, H.,, Wu, E, Qin, Y, Li, R, Li, K,, and Li, K. (2023). Recent trends in
task and motion planning for robotics: a survey. ACM Comput. Surv. 55, 1-36.
doi:10.1145/3583136

Gupta, A., Eppner, C., Levine, S., and Abbeel, P. (2016). “Learning dexterous
manipulation for a soft robotic hand from human demonstrations,” in 2016 IEEE/RS]
international conference on intelligent robots and systems (IROS) (Daejeon, Korea
(South): IEEE), 3786-3793. d0i:10.1109/IR0S.2016.7759557

Gupta, A, Yu, J., Zhao, T. Z.,, Kumar, V., Rovinsky, A., Xu, K,, et al. (2021).
“Reset-free reinforcement learning via multi-task learning: learning dexterous
manipulation behaviors without human intervention,” in 2021 IEEE international
conference on robotics and automation (ICRA) (Xi'an, China: IEEE), 6664-6671.
doi:10.1109/ICRA48506.2021.9561384

Haarnoja, T., Zhou, A., Hartikainen, K., Tucker, G., Ha, S., Tan, J, et al
(2018). Soft actor-critic algorithms and applications. arXiv Preprint arXiv:1812.05905.
doi:10.48550/arXiv.1812.05905

Han, D., Mulyana, B., Stankovic, V., and Cheng, S. (2023). A survey on deep
reinforcement learning algorithms for robotic manipulation. Sensors 23, 3762.
doi:10.3390/S23073762

Han, Y., Chen, Z., Williams, K. A., and Ravichandar, H. (2024). Learning prehensile
dexterity by imitating and emulating state-only observations. IEEE Robotics Automation
Lett. 9, 8266-8273. doi:10.1109/LRA.2024.3443595

Hastie, T., Tibshirani, R., and Friedman, J. (2009). The elements of statistical learning.
New York, NY: Springer New York. doi:10.1007/978-0-387-84858-7

Frontiers in Robotics and Al

17

10.3389/frobt.2025.1682437

He, Z., and Ciocarlie, M. (2022). “Discovering synergies for robot manipulation
with multi-task reinforcement learning in 2022 international conference on
robotics and automation (ICRA) (Philadelphia, PA, USA: IEEE), 2714-2721.
doi:10.1109/ICRA46639.2022.9812170

Hester, T., Vecerik, M., Pietquin, O., Lanctot, M., Schaul, T., Piot, B., et al.
(2018). Deep q-learning from demonstrations. Proc. AAAI Conf. Artif. Intell. 32.
doi:10.1609/aaai.v32i1.11757

Hidalgo-Carvajal, D., Chen, H., Bettelani, G. C., Jung, J., Zavaglia, M., Busse, L., et al.
(2023). Anthropomorphic grasping with neural object shape completion. IEEE Robotics
Automation Lett. 8, 8034-8041. doi:10.1109/LRA.2023.3322086

Hoque, R., Balakrishna, A., Putterman, C., Luo, M., Brown, D. S., Seita, D,, et al.
(2021). “Lazydagger: reducing context switching in interactive imitation learning;” in
2021 IEEE 17th international conference on automation science and engineering (CASE)
(Lyon, France: IEEE), 502-509. doi:10.1109/CASE49439.2021.9551469

Hu, Y, Li, K, and Wei, N. (2022). “Learn to grasp objects with dexterous
robot manipulator from human demonstration,” in 2022 international conference
on advanced robotics and mechatronics (ICARM) (Guilin, China: IEEE), 1062-1067.
doi:10.1109/ICARM54641.2022.9959710

Hu, Z., Rovinsky, A., Luo, J., Kumar, V., Gupta, A., and Levine, S. (2023). Reboot:
reuse data for bootstrapping efficient real-world dexterous manipulation. In Comput.
Methods Programs Biomed. Proc. 7th Conf. Robot Learn. (Atlanta, USA: PMLR), vol.
229, 107291, doi:10.1016/j.cmpb.2022.107291

Hu, Z., Wy, R., Enock, N, Li, J., Kadakia, R., Erickson, Z., et al. (2025). Rac: robot
learning for long-horizon tasks by scaling recovery and correction. arXiv Preprint
arXiv:2509.07953. doi:10.48550/arXiv.2509.07953

Huang, L., Cai, W,, Zhu, Z.,, and Zou, Z. (2023). Dexterous manipulation of
construction tools using anthropomorphic robotic hand. Automation Constr. 156,
105133. doi:10.1016/j.autcon.2023.105133

INSPIRE-ROBOTS (2024). The dexterous hands rh56dfx series. Available online at:
https://en.inspire-robots.com/product/rh56dfx (Accessed on May 14, 2024).

Jevti¢, A., Colomé, A., Alenya, G., and Torras, C. (2018). Robot motion adaptation
through user intervention and reinforcement learning. Pattern Recognit. Lett. 105,
67-75. doi:10.1016/].PATREC.2017.06.017

Jin, J., Wang, S., Zhang, Z., Mei, D., and Wang, Y. (2023). Progress on flexible tactile
sensors in robotic applications on objects properties recognition, manipulation and
human-machine interactions. Soft Sci. 3. doi:10.20517/s5.2022.34

Kadalagere Sampath, S., Wang, N., Wu, H., and Yang, C. (2023). Review on human-
like robot manipulation using dexterous hands. Cognitive Comput. Syst. 5, 14-29.
doi:10.1049/ccs2.12073

Kahn, G., Abbeel, P, and Levine, S. (2021). LaND: learning to navigate
from disengagements. IEEE  Robotics ~Automation Lett. 6, 1872-1879.
doi:10.1109/LRA.2021.3060404

Kaya, O., and Oztop, E. (2018). “Effective robot skill synthesis via divided control,”
in 2018 IEEE international conference on robotics and biomimetics (ROBIO) (Kuala
Lumpur, Malaysia: IEEE), 766-771. doi:10.1109/ROBIO.2018.8664825

Kelly, M., Sidrane, C., Driggs-Campbell, K., and Kochenderfer, M. J. (2019). “HG-
DAgger: interactive imitation learning with human experts,” in 2019 international
conference on robotics and automation (ICRA) (Montreal, QC, Canada: IEEE),
8077-8083. doi:10.1109/ICRA.2019.8793698

Knauer, M., Albu-Schiffer, A., Stulp, E, and Silvério, J. (2025). Interactive incremental
learning of generalizable skills with local trajectory modulation. IEEE Robotics
Automation Lett. 10, 3398-3405. doi:10.1109/LRA.2025.3542209

Kubus, D., Rayyes, R., and Steil, J. J. (2018). “Learning forward and inverse kinematics
maps efficiently,” in 2018 IEEE/RS] international conference on intelligent robots and
systems (IROS) (Madrid, Spain: IEEE), 5133-5140. doi:10.1109/TROS.2018.8593833

Kumar, V., Hermans, T., Fox, D., Birchfield, S., and Tremblay, J. (2019). Contextual
reinforcement learning of visuo-tactile multi-fingered grasping policies. arXiv Preprint
arXiv:1911.09233. doi:10.48550/arXiv.1911.09233

Le, H, Jiang, N., Agarwal, A., Dudik, M., Yue, Y., and Daumé III, H. (2018).
“Hierarchical imitation and reinforcement learning,” in Proceedings of the 35th
international conference on machine learning. Editors J. Dy, and A. Krause (PMLR), 80,
2917-2926.

Lee, S.-W,, Kang, X., and Kuo, Y.-L. (2025). Diff-dagger: uncertainty estimation with
diffusion policy for robotic manipulation. arXiv Preprint arXiv:2410.14868, 4845-4852.
doi:10.1109/icra55743.2025.11127730

Levine, S., and Abbeel, P. (2014). “Learning neural network policies with guided
policy search under unknown dynamics,” in Advances in neural information processing
systems. Editors Z. Ghahramani, M. Welling, C. Cortes, N. Lawrence, and K. Weinberger
(Red Hook, NY: Curran Associates, Inc.), 27.

Li, Y., Wang, P, Li, R, Tao, M., Liu, Z., and Qiao, H. (2022). A survey of multifingered
robotic manipulation: biological results, structural evolvements, and learning methods.
Front. Neurorobotics 16, 843267. doi:10.3389/fnbot.2022.843267

Li, X.,, Chen, W.,, Wang, Y., Diao, Q., Wu, S., and Yang, E (2023). “Within-
hand manipulation with an underactuated dexterous hand based on pre-trained

frontiersin.org


https://doi.org/10.3389/frobt.2025.1682437
https://doi.org/10.1109/LRA.2024.3445633
https://doi.org/10.1109/IROS51168.2021.9636781
https://doi.org/10.48550/arXiv.2304.04602
https://doi.org/10.1109/HUMANOIDS.2016.7803300
https://doi.org/10.1109/LRA.2018.2800110
https://doi.org/10.48550/arXiv.2407.15161
https://doi.org/10.1109/LRA.2025.3534065
https://doi.org/10.1016/J.ROBOT.2015.09.011
https://doi.org/10.1109/TRO.2023.3286074
https://doi.org/10.1109/ICRA57147.2024.10610763
https://doi.org/10.1109/TASE.2023.3328964
https://doi.org/10.1109/LRA.2025.3544083
https://doi.org/10.1109/IROS58592.2024.10801426
https://doi.org/10.1145/3583136
https://doi.org/10.1109/IROS.2016.7759557
https://doi.org/10.1109/ICRA48506.2021.9561384
https://doi.org/10.48550/arXiv.1812.05905
https://doi.org/10.3390/S23073762
https://doi.org/10.1109/LRA.2024.3443595
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1109/ICRA46639.2022.9812170
https://doi.org/10.1609/aaai.v32i1.11757
https://doi.org/10.1109/LRA.2023.3322086
https://doi.org/10.1109/CASE49439.2021.9551469
https://doi.org/10.1109/ICARM54641.2022.9959710
https://doi.org/10.1016/j.cmpb.2022.107291
https://doi.org/10.48550/arXiv.2509.07953
https://doi.org/10.1016/j.autcon.2023.105133
https://en.inspire-robots.com/product/rh56dfx
https://doi.org/10.1016/J.PATREC.2017.06.017
https://doi.org/10.20517/ss.2022.34
https://doi.org/10.1049/ccs2.12073
https://doi.org/10.1109/LRA.2021.3060404
https://doi.org/10.1109/ROBIO.2018.8664825
https://doi.org/10.1109/ICRA.2019.8793698
https://doi.org/10.1109/LRA.2025.3542209
https://doi.org/10.1109/IROS.2018.8593833
https://doi.org/10.48550/arXiv.1911.09233
https://doi.org/10.1109/icra55743.2025.11127730
https://doi.org/10.3389/fnbot.2022.843267
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Welte and Rayyes

reinforcement learning;” in 2023 china automation congress (CAC) (Chongqing, China:
IEEE), 3171-3176. d0i:10.1109/CAC59555.2023.10451758

Li, B, Liu, X,, Liu, Z, and Huang, P. (2024a). Episode-fuzzy-coach method
for fast robot skill learning. IEEE Trans. Industrial Electron. 71, 5931-5940.
doi:10.1109/TIE.2023.3294600

Li, L., Donato, E., Lomonaco, V., and Falotico, E. (2024b). “Continual policy
distillation of reinforcement learning-based controllers for soft robotic in-hand
manipulation,” in 2024 IEEE 7th international conference on soft robotics (RoboSoft) (San
Diego, CA, USA: IEEE), 1026-1033. doi:10.1109/RoboSoft60065.2024.10522027

Li, G, Wang, R, Xu, P, Ye, Q, and Chen, J. (2025). The developments

and challenges towards dexterous and embodied robotic manipulation:
a  survey. arXiv  Preprint  arXiv:2507.11840. doi:10.48550/arXiv.2507.
11840

Liconti, D., Toshimitsu, Y., and Katzschmann, R. (2024). “Leveraging pretrained
latent representations for few-shot imitation learning on an anthropomorphic
robotic hand,” in 2024 IEEE-RAS 23rd international conference on humanoid robots
(humanoids) (Nancy, France: IEEE), 181-188. doi:10.1109/Humanoids58906.2024.
10769883

Liu, X.-H., Xu, E, Zhang, X,, Liu, T, Jiang, S., Chen, R., et al. (2023). How to guide
your learner: imitation learning with active adaptive expert involvement. arXiv Preprint
arXiv:2303.02073. doi:10.48550/arXiv.2303.02073

Liu, H., Nasiriany, S., Zhang, L., Bao, Z., and Zhu, Y. (2024). Robot learning on the
job: human-in-the-loop autonomy and learning during deployment. Int. J. Robotics Res.
44, 1727-1742. do0i:10.1177/02783649241273901

Liu, H., Guo, S., Mai, P, Cao, J., Li, H., and Ma, J. (2025a). RoboDexVLM:
visual language model-enabled task planning and motion control for
dexterous robot manipulation. arXiv Preprint arXiv:2503.01616, 1381-1388.
doi:10.48550/arXiv.2503.01616

Liu, Q., Cui, Y., Sun, Z., Li, G., Chen, ], and Ye, Q. (2025b). “VTDexManip: a
dataset and benchmark for visual-tactile pretraining and dexterous manipulation with
reinforcement learning,” in International conference on representation learning. Editors
Y. Yue, A. Garg, N. Peng, E. Sha, and R. Yu, 2025, 90582-90607.

Lu, C,, Shi, L., Chen, Z., Wy, C., and Wierman, A. (2024). Overcoming the curse
of dimensionality in reinforcement learning through approximate factorization. arXiv
Preprint arXiv:2411.07591. doi:10.48550/arXiv.2411.07591

Lu, G., Zhao, R, Lin, H., Zhang, H., and Tang, Y. (2025). Human-in-the-loop
online rejection sampling for robotic manipulation. arXiv Preprint arXiv:2510.26406.
doi:10.48550/arXiv.2510.26406

Luijkx, J., Ajanovi¢, Z., Ferranti, L., and Kober, J. (2025). Askdagger: active skill-level
data aggregation for interactive imitation learning. arXiv Preprint arXiv:2508.05310.
doi:10.48550/arXiv.2508.05310

Luo, J., Sushkov, O., Pevceviciute, R., Lian, W., Su, C., Vecerik, M., et al.
(2021). “Robust multi-modal policies for industrial assembly via reinforcement
learning and demonstrations: a large-scale study,” in Robotics: science and systems
XVII (virtual: robotics: science and systems foundation). doi:10.15607/RSS.2021.
XVIL088

Luo, J., Dong, P, Zhai, Y, Ma, Y, and Levine, S. (2023). Rlif: interactive
imitation learning as reinforcement learning. arXiv Preprint arXiv:2311.12996.
doi:10.48550/arXiv.2311.12996

Luo, J., Xu, C, Wu, ], and Levine, S. (2025). Precise and dexterous robotic
manipulation via human-in-the-loop reinforcement learning. Sci. Robotics 10,
eads5033. doi:10.1126/scirobotics.ads5033

Macglashan, J., Ho, M. K., Loftin, R., Peng, B., Wang, G., Roberts, D. L., et al.
(2017). “Interactive learning from policy-dependent human feedback,” in Proceedings
of the 34th international conference on machine learning (Sydney, Australia: PMLR),
2285-2294.

Mandikal, P., and Grauman, K. (2022). “Dexvip: learning dexterous grasping with
human hand pose priors from video,” in Proceedings of the 5th conference on robot
learning. Editors A. Faust, D. Hsu, and G. Neumann (London, UK: PMLR), 651-661.

Mandlekar, A., Xu, D., Martin-Martin, R, Zhu, Y., Fei-Fei, L., and Savarese, S. (2020).
Human-in-the-loop imitation learning using remote teleoperation. arXiv Preprint
arXiv:2012.06733. doi:10.48550/arXiv.2012.06733

Mandlekar, A., Garrett, C. R., Xu, D., and Fox, D. (2023). “Human-in-the-loop task
and motion planning for imitation learning,” in Proceedings of the 7th conference on
robot learning. Editors J. Tan, M. Toussaint, and K. Darvish (PMLR), 229, 3030-3060.

Mao, X., Giudici, G., Coppola, C., Althoefer, K., Farkhatdinov, L, Li, Z., et al. (2024).
“Dexskills: skill segmentation using haptic data for learning autonomous long-horizon
robotic manipulation tasks,” in 2024 IEEE/RS] international conference on intelligent
robots and systems (IROS) (Abu Dhabi, United Arab Emirates: IEEE), 5104-5111.

doi:10.1109/TROS58592.2024.10802807

Mees, O., Hermann, L., and Burgard, W. (2022). What matters in language
conditioned robotic imitation learning over unstructured data. IEEE Robotics
Automation Lett. 7,11205-11212. doi:10.1109/LRA.2022.3196123

Melchiorri, C., and Kaneko, M. (2016). “Robot hands,” in Springer handbook of
robotics (Cham: Springer International Publishing), 463-480. doi:10.1007/978-3-319-
32552-1_19

Frontiers in Robotics and Al

18

10.3389/frobt.2025.1682437

Melnik, A., Lach, L., Plappert, M., Korthals, T., Haschke, R., and Ritter, H. (2019).
“Tactile sensing and deep reinforcement learning for in-hand manipulation tasks,” in
IROS workshop on autonomous object manipulation (Macau, China: IEEE), 39, 3-20.

Mikami, A. (2009). “Imitation learning,” in Encyclopedia of neuroscience (Berlin,
Heidelberg: Springer Berlin Heidelberg), 1915-1918. doi:10.1007/978-3-540-29678-2_
2366

Mimic robotics AG (2024). Mimic. Available online at:

www.mimicrobotics.com/(Accessed on August 22, 2024).

Mosbach, M., Moraw, K., and Behnke, S. (2022). “Accelerating interactive
human-like manipulation learning with gpu-based simulation and high-quality
demonstrations,” in 2022 IEEE-RAS 21st international conference on humanoid robots
(humanoids) (Ginowan, Japan: IEEE), 435-441. doi:10.1109/Humanoids53995.2022.
10000161

Nair, A., McGrew, B., Andrychowicz, M., Zaremba, W.,, and Abbeel, P. (2018).
“Overcoming exploration in reinforcement learning with demonstrations,” in 2018
IEEE international conference on robotics and automation (ICRA) (Brisbane, QLD,
Australia: IEEE), 6292-6299. doi:10.1109/ICRA.2018.8463162

Nair, A., Gupta, A, Dalal, M., and Levine, S. (2020). Awac: accelerating
online reinforcement learning with offline datasets. arXiv Preprint arXiv:2006.09359.
doi:10.48550/arXiv.2006.09359

https://

Nair, S., Rajeswaran, A., Kumar, V,, Finn, C., and Gupta, A. (2022). R3m: a universal
visual representation for robot manipulation. arXiv Preprint arXiv:2203.12601.
doi:10.48550/arXiv.2203.12601

Najar, A., and Chetouani, M. (2021). Reinforcement learning with human advice: a
survey. Front. Robotics AI 8, 584075. doi:10.3389/frobt.2021.584075

NVIDIA, Bjorck, J., Castafieda, E, Cherniadev, N., Da, X, Ding, R., et al. (2025).
Gr00t nl: an open foundation model for generalist humanoid robots. arXiv Preprint
arXiv:2503.14734. doi:10.48550/arXiv.2503.14734

Okamura, A., Smaby, N., and Cutkosky, M. (2000). An overview of dexterous
manipulation. Proc. 2000 ICRA. Millenn. Conf. IEEE Int. Conf. Robotics Automation.
Symposia Proc. (Cat. No.00CH37065) 1, 255-262. doi:10.1109/ROBOT.2000.844067

Orbik, J, Agostini, A., and Lee, D. (2021). “Inverse reinforcement
learning for dexterous hand manipulation,” in 2021 IEEE international
conference on development and learning (ICDL) (Beijing, China: IEEE), 1-7.
doi:10.1109/ICD149984.2021.9515637

Osa, T., Pajarinen, J., Neumann, G., Bagnell, J. A., Abbeel, P, and Peters, J. (2018).
An algorithmic perspective on imitation learning. Found. Trends Robotics 7, 1-179.
doi:10.1561/2300000053

Pan, C., Cheng, H. H., and Hughes, J. (2025). Online imitation learning for
manipulation via decaying relative correction through teleoperation. arXiv Preprint
arXiv:2503.15368, 15510-15516. doi:10.48550/arXiv.2503.15368

Pang, J., Anderson-Watson, Q., and Fitzsimons, K. (2025). Ergodic imitation with
corrections: learning from implicit information in human feedback. IEEE Trans.
Human-Machine Syst. 55, 1-10. doi:10.1109/THMS.2025.3603434

Parnichkun, R., Dailey, M. N., and Yamashita, A. (2022). RelL: a framework for
reinforced intervention-based imitation learning. arXiv Preprint arXiv:2203.15390.
doi:10.48550/arXiv.2203.15390

PaXini (2025). Paxini dexh13gen2. Available online at: https://paxini.com/ (Accessed
on 2025-July-25).

Pearce, T., Rashid, T., Kanervisto, A., Bignell, D., Sun, M., Georgescu, R., et al. (2023).
Imitating human behaviour with diffusion models. arXiv Preprint arXiv:2301.10677.
doi:10.48550/arXiv.2301.10677

Pérez-Dattari, R., Celemin, C., Ruiz-del-Solar, J., and Kober, J. (2020). “Interactive
learning with corrective feedback for policies based on deep neural networks,” in
Proceedings of the 2018 international symposium on experimental robotics (Cham:
Springer International Publishing), 353-363. doi:10.1007/978-3-030-33950-0_31

PRENSILIA (2023). Ih2 azzurra - prensilia - grasping innovation. Available online at:
https://www.prensilia.com/ih2-azzurra-hand/(Accessed on May 14, 2024).

gbrobotics (2022). Qb softhand2 research - gbrobotics. Available online at: https://
gbrobotics.com/product/qb-softhand-2-research/(Accessed on May 14, 2024).

Qin, Y., Su, H., and Wang, X. (2022a). From one hand to multiple hands: imitation
learning for dexterous manipulation from single-camera teleoperation. IEEE Robotics
Automation Lett. 7, 10873-10881. doi:10.1109/LRA.2022.3196104

Qin, Y., Wu, Y.-H,, Liu, S,, Jiang, H., Yang, R., Fu, Y., et al. (2022b). “DexMV: imitation
learning for dexterous manipulation from human videos,” in Lecture notes in computer
science (including subseries lecture notes in artificial intelligence and lecture notes in
bioinformatics) 13699 LNCS, 570-587. doi:10.1007/978-3-031-19842-7_33

Radosavovic, 1., Wang, X., Pinto, L., and Malik, J. (2021). “State-only imitation
learning for dexterous manipulation,” in 2021 IEEE/RS] international conference on
intelligent robots and systems (IROS) (Prague, Czech Republic: IEEE), 7865-7871.
doi:10.1109/IROS51168.2021.9636557

Rajeswaran, A., Kumar, V., Gupta, A., Vezzani, G., Schulman, J., Todorov, E., et al.
(2018). “Learning complex dexterous manipulation with deep reinforcement learning
and demonstrations,” in Robotics: science and systems XIV (Pittsburgh, Pennsylvania:
Robotics: Science and Systems Foundation). doi:10.15607/RSS.2018.XIV.049

frontiersin.org


https://doi.org/10.3389/frobt.2025.1682437
https://doi.org/10.1109/CAC59555.2023.10451758
https://doi.org/10.1109/TIE.2023.3294600
https://doi.org/10.1109/RoboSoft60065.2024.10522027
https://doi.org/10.48550/arXiv.2507.11840
https://doi.org/10.48550/arXiv.2507.11840
https://doi.org/10.1109/Humanoids58906.2024.10769883
https://doi.org/10.1109/Humanoids58906.2024.10769883
https://doi.org/10.48550/arXiv.2303.02073
https://doi.org/10.1177/02783649241273901
https://doi.org/10.48550/arXiv.2503.01616
https://doi.org/10.48550/arXiv.2411.07591
https://doi.org/10.48550/arXiv.2510.26406
https://doi.org/10.48550/arXiv.2508.05310
https://doi.org/10.15607/RSS.2021. XVII.088
https://doi.org/10.15607/RSS.2021. XVII.088
https://doi.org/10.48550/arXiv.2311.12996
https://doi.org/10.1126/scirobotics.ads5033
https://doi.org/10.48550/arXiv.2012.06733
https://doi.org/10.1109/IROS58592.2024.10802807
https://doi.org/10.1109/LRA.2022.3196123
https://doi.org/10.1007/978-3-319-32552-1_19
https://doi.org/10.1007/978-3-319-32552-1_19
https://doi.org/10.1007/978-3-540-29678-2_2366
https://doi.org/10.1007/978-3-540-29678-2_2366
https://www.mimicrobotics.com/
https://www.mimicrobotics.com/
https://doi.org/10.1109/Humanoids53995.2022.10000161
https://doi.org/10.1109/Humanoids53995.2022.10000161
https://doi.org/10.1109/ICRA.2018.8463162
https://doi.org/10.48550/arXiv.2006.09359
https://doi.org/10.48550/arXiv.2203.12601
https://doi.org/10.3389/frobt.2021.584075
https://doi.org/10.48550/arXiv.2503.14734
https://doi.org/10.1109/ROBOT.2000.844067
https://doi.org/10.1109/ICDL49984.2021.9515637
https://doi.org/10.1561/2300000053
https://doi.org/10.48550/arXiv.2503.15368
https://doi.org/10.1109/THMS.2025.3603434
https://doi.org/10.48550/arXiv.2203.15390
https://paxini.com/
https://doi.org/10.48550/arXiv.2301.10677
https://doi.org/10.1007/978-3-030-33950-0_31
https://www.prensilia.com/ih2-azzurra-hand/
https://qbrobotics.com/product/qb-softhand-2-research/
https://qbrobotics.com/product/qb-softhand-2-research/
https://doi.org/10.1109/LRA.2022.3196104
https://doi.org/10.1007/978-3-031-19842-7_33
https://doi.org/10.1109/IROS51168.2021.9636557
https://doi.org/10.15607/RSS.2018.XIV.049
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Welte and Rayyes

Ramirez-Amaro, K., Beetz, M., and Cheng, G. (2017). Transferring skills to humanoid
robots by extracting semantic representations from observations of human activities.
Artif. Intell. 247, 95-118. doi:10.1016/j.artint.2015.08.009

Rayyes, R. (2021). Efficient and stable online learning for developmental
robots  (TU  Braunschweig). Ph.D. thesis. doi:10.24355/dbbs.084-2021062
41334-0

Rayyes, R., Donat, H., Steil, J., and Spranger, M. (2023). Interest-driven exploration
with observational learning for developmental robots. IEEE Trans. Cognitive Dev. Syst.
15, 373-384. d0i:10.1109/TCDS.2021.3057758

Reuss, M., Yagmurlu, O., Wenzel, E, and Lioutikov, R. (2024). “Multimodal
diffusion transformer: learning versatile behavior from multimodal goals,” in Robotics:
science and systems XX (delft, Netherlands: robotics: science and systems foundation).
doi:10.15607/RSS.2024.XX.121

Reuters (2024). Tesla to have humanoid robots for internal use next year, musk says.
Available online at:  https://www.reuters.com/business/autos-transportation/tesla-
have-humanoid-robots-internal-use-next-year-musk-says-2024-07-22/(Accessed  on
August 22, 2024).

ROBOTERA (2025). Xhandl. Available online at: https://www.robotera.com/en/
goods1/4.html (Accessed on July 03, 2025).

Ross, S., Gordon, G., and Bagnell, D. (2011). A reduction of imitation learning and
structured prediction to no-regret online learning. Proc. Fourteenth Int. Conf. Artif.
Intell. Statistics 15, 627-635.

Ruppel, P, and Zhang, J. (2020). “Learning object manipulation with dexterous hand-
arm systems from human demonstration,” in 2020 IEEE/RS] international conference
on intelligent robots and systems (IROS) (Las Vegas, NV, USA: IEEE), 5417-5424.
doi:10.1109/TROS45743.2020.9340966

Russell, S. J., and Norvig, P. (2016). Artificial intelligence: a modern approach. Boston:
Pearson.

Santello, M., Bianchi, M., Gabiccini, M., Ricciardi, E., Salvietti, G., Prattichizzo,
D., et al. (2016). Hand synergies: integration of robotics and neuroscience for
understanding the control of biological and artificial hands. Phys. Life Rev. 17, 1-23.
doi:10.1016/j.plrev.2016.02.001

Sarcomere Dynamics (2024). Artus lite. Available online at:
sarcomeredynamics.com/products (Accessed on August 22, 2024).

Sauser, E. L., Argall, B. D., Metta, G., and Billard, A. G. (2012). Iterative learning
of grasp adaptation through human corrections. Robotics Aut. Syst. 60, 55-71.
doi:10.1016/j.robot.2011.08.012

Saveriano, M., Abu-Dakka, E J., Kramberger, A., and Peternel, L. (2023). Dynamic
movement primitives in robotics: a tutorial survey. Int. J. Robotics Res. 42, 1133-1184.
doi:10.1177/02783649231201196

Savescu, A.-V., Cheze, L., Wang, X., Beurier, G., and Verriest, J.-P. (2004). “A 25
degrees of freedom hand geometrical model for better hand attitude simulation,” in
Digital human modeling for design and engineering symposium. doi:10.4271/2004-01-
2196

SCHUNK (2023). Svh 5-finger servo-electric gripping hand. Available online
at: https://schunk.com/de/en/gripping-systems/special-gripper/svh/c/PGR_3161
(Accessed on May 14, 2024).

Seed robotics (2021). Rh8d adult size dexterous robot hand — seed robotics.
Available online at: https://www.seedrobotics.com/rh8d-adult-robot-hand (Accessed
on May 14, 2024).

https://

Shadow Robot Company (2024). Shadow dexterous hand series - research and
development tool. Available online at: https://www.shadowrobot.com/dexterous-hand-
series/(Accessed on May 14, 2024).

Shafiullah, N. M., Cui, Z., Altanzaya, A. A., and Pinto, L. (2022). Behavior
transformers: cloning $k$ modes with one stone. Adv. Neural Inf. Process. Syst. 35,
22955-22968.

Shaw, K., Agarwal, A., and Pathak, D. (2023a). Leap hand: low-cost, efficient,
and anthropomorphic hand for robot learning. arXiv Preprint arXiv:2309.06440.
doi:10.48550/arXiv.2309.06440

Shaw, K., Bahl, S., and Pathak, D. (2023b). Videodex: learning dexterity from internet
videos. Proc. Mach. Learn. Res. 205, 654-665.

Shaw, K., Bahl, S., Sivakumar, A., Kannan, A., and Pathak, D. (2024). Learning
dexterity from human hand motion in internet videos. Int. J. Robotics Res. 43, 513-532.
doi:10.1177/02783649241227559

Si, Z., Zhang, K. L., Temel, Z., and Kroemer, O. (2024). Tilde: teleoperation
for dexterous in-hand manipulation learning with a deltahand. arXiv Preprint
arXiv:2405.18804. doi:10.48550/arXiv.2405.18804

Sivakumar, A., Shaw, K., and Pathak, D. (2022). Robotic telekinesis: learning a robotic
hand imitator by watching humans on youtube. arXiv Preprint arXiv:2202.10448.
doi:10.48550/arXiv.2202.10448

Spencer, J., Choudhury, S., Barnes, M., Schmittle, M., Chiang, M., Ramadge,
P, et al. (2020). “Learning from interventions: human-robot interaction as both
explicit and implicit feedback, in Robotics: science and systems XVI (Corvalis,
Oregon, USA: Robotics: Science and Systems Foundation). doi:10.15607/RSS.2020.
XVI.055

Frontiers in Robotics and Al

19

10.3389/frobt.2025.1682437

Spencer, J., Choudhury, S., Barnes, M., Schmittle, M., Chiang, M., Ramadge, P, et al.
(2022). Expert intervention learning: an online framework for robot learning from
explicit and implicit human feedback. Aut. Robots 46,99-113. d0i:10.1007/s10514-021-
10006-9

Starke, J., and Asfour, T. (2024). “Kinematic synergy primitives for human-like grasp
motion generation,” in 2024 IEEE international conference on robotics and automation
(ICRA) (Yokohama, Japan: IEEE), 4119-4125. doi:10.1109/ICRA57147.2024.10611490

Stranghoner, J., Hartmann, P,, Braun, M., Wrede, S., and Neumann, K. (2025). Share-
rl: Structured, interactive reinforcement learning for contact-rich industrial assembly
tasks. arXiv Preprint arXiv:2509.13949. doi:10.48550/arXiv.2509.13949

Sun, X, Yang, S, and Mangharam, R.
learning with multiple imperfect experts.
doi:10.48550/arXiv.2303.00638

(2023). Mega-dagger: imitation
arXiv  Preprint arXiv:2303.00638.

Sutton, R. S., and Barto, A. G. (2018). Reinforcement learning: an introduction.
Cambridge, MA, USA: A Bradford Book.

TESOLLO (2025). Dg-5f | humanoid robotic hand for dexterous manipulation.
Available online at: https://en.tesollo.com/dg-5f/(Accessed on August 07, 2025).

Todorov, E., Erez, T., and Tassa, Y. (2012). “Mujoco: a physics engine for model-based
control,” in 2012 IEEE/RS] international conference on intelligent robots and systems
(Vilamoura, Algarve, Portugal: IEEE), 5026-5033. doi:10.1109/TROS.2012.6386109

Toshimitsu, Y., Forrai, B., Cangan, B. G., Steger, U, Knecht, M., Weirich,
S., et al. (2023). “Getting the ball rolling: learning a dexterous policy for a
biomimetic tendon-driven hand with rolling contact joints,” in 2023 IEEE-RAS 22nd
international conference on humanoid robots (humanoids) (Austin, TX, USA: IEEE),
1-7. doi:10.1109/Humanoids57100.2023.10375231

Ugur, E., Celikkanat, H., Sahin, E., Nagai, Y., and Oztop, E. (2011). “Learning to grasp
with parental scaffolding,” in 2011 11th IEEE-RAS international conference on humanoid
robots (Bled, Slovenia: IEEE), 480-486. doi:10.1109/Humanoids.2011.6100890

Unitree (2025). Unitree dex5-1 smart adaptability, instant responsiveness - unitree
robotics. Available online at: https://www.unitree.com/Dex5-1 (Accessed on August
07,2025).

Urain, J., Mandlekar, A., Du, Y., Shafiullah, M., Xu, D., Fragkiadaki, K., et al.
(2024). Deep generative models in robotics: a survey on learning from multimodal
demonstrations. arXiv Preprint arXiv:2408.04380. doi:10.48550/arXiv.2408.04380

van Hoof, H., Hermans, T., Neumann, G., and Peters, J. (2015). “Learning robot
in-hand manipulation with tactile features,” in 2015 IEEE-RAS 15th international
conference on humanoid robots (humanoids) (Seoul, Korea (South): IEEE), 121-127.
doi:10.1109/HUMANOIDS.2015.7363524

Wakabayashi, S., Kawaharazuka, K., Okada, K., and Inaba, M. (2024). Behavioral
learning of dish rinsing and scrubbing based on interruptive direct teaching considering
assistance rate. Adv. Robot. 38, 1052-1065. doi:10.1080/01691864.2024.2379393

Wang, Y., Beltran-Hernandez, C. C., Wan, W,, and Harada, K. (2022). An adaptive
imitation learning framework for robotic complex contact-rich insertion tasks. Front.
Robotics AI 8,777363. doi:10.3389/frobt.2021.777363

Wang, C., Shi, H., Wang, W, Zhang, R., Fei-Fei, L., and Liu, K. (2024a). “Dexcap:
scalable and portable mocap data collection system for dexterous manipulation,” in
Robotics: science and systems XX (Delft, Netherlands: Robotics: Science and Systems
Foundation). doi:10.15607/RSS.2024.XX.043

Wang, D., Liu, C., Chang, E, Huan, H.,, and Cheng, K. (2024b). Multi-stage
reinforcement learning for non-prehensile manipulation. IEEE Robotics Automation
Lett. 9, 6712-6719. doi:10.1109/LRA.2024.3412630

Weinberg, A. L, Shirizly, A., Azulay, O., and Sintov, A. (2024). Survey of learning-
based approaches for robotic in-hand manipulation. Front. Robotics AI 11, 1455431.
doi:10.3389/frobt.2024.1455431

Wolf, R, Shi, Y, Liu, S., and Rayyes, R. (2025). Diffusion models for robotic
manipulation: a survey. Front. Robotics AI 12, 1606247. doi:10.3389/frobt.2025.1606247

WONIK ROBOTICS (2023). Allegro hand v4.0 - allegro hand. Available online
at:  http://wiki.wonikrobotics.com/AllegroHandWiki/index.php/Allegro_Hand_v4.0
(Accessed on May 14, 2024).

Wu, P, Shentu, Y., Liao, Q,, Jin, D., Guo, M., Sreenath, K., et al. (2025). Robocopilot:
human-in-the-loop interactive imitation learning for robot manipulation. arXiv
Preprint arXiv:2503.07771. doi:10.48550/arXiv.2503.07771

Xu, Z., Zhao, Y., Wu, K., Liu, N, Ji, ], Che, Z., et al. (2025). Hacts: a human-as-copilot
teleoperation system for robot learning. arXiv Preprint arXiv:2503.24070, 15475-15481.
doi:10.48550/arXiv.2503.24070

Yi, J.-B., Kim, J., Kang, T., Song, D., Park, J., and Yi, S.-J. (2022). Anthropomorphic
grasping of complex-shaped objects using imitation learning. Appl. Sci. 12, 12861.
doi:10.3390/app122412861

Yu, C., and Wang, P. (2022). Dexterous manipulation for multi-fingered robotic
hands with reinforcement learning: a review. Front. Neurorobotics 16, 861825.
doi:10.3389/fnbot.2022.861825

Zarzoura, M., del Moral, P., Awad, M. I, and Tolbah, F. A. (2019). Investigation
into reducing anthropomorphic hand degrees of freedom while maintaining human
hand grasping functions. Proc. Institution Mech. Eng. Part H J. Eng. Med. 233, 279-292.
doi:10.1177/0954411918819114

frontiersin.org


https://doi.org/10.3389/frobt.2025.1682437
https://doi.org/10.1016/j.artint.2015.08.009
https://doi.org/10.24355/dbbs.084-202106241334-0
https://doi.org/10.24355/dbbs.084-202106241334-0
https://doi.org/10.1109/TCDS.2021.3057758
https://doi.org/10.15607/RSS.2024.XX.121
https://www.reuters.com/business/autos-transportation/tesla-have-humanoid-robots-internal-use-next-year-musk-says-2024-07-22/
https://www.reuters.com/business/autos-transportation/tesla-have-humanoid-robots-internal-use-next-year-musk-says-2024-07-22/
https://www.robotera.com/en/goods1/4.html
https://www.robotera.com/en/goods1/4.html
https://doi.org/10.1109/IROS45743.2020.9340966
https://doi.org/10.1016/j.plrev.2016.02.001
https://sarcomeredynamics.com/products
https://sarcomeredynamics.com/products
https://doi.org/10.1016/j.robot.2011.08.012
https://doi.org/10.1177/02783649231201196
https://doi.org/10.4271/2004-01-2196
https://doi.org/10.4271/2004-01-2196
https://schunk.com/de/en/gripping-systems/special-gripper/svh/c/PGR_3161
https://www.seedrobotics.com/rh8d-adult-robot-hand
https://www.shadowrobot.com/dexterous-hand-series/
https://www.shadowrobot.com/dexterous-hand-series/
https://doi.org/10.48550/arXiv.2309.06440
https://doi.org/10.1177/02783649241227559
https://doi.org/10.48550/arXiv.2405.18804
https://doi.org/10.48550/arXiv.2202.10448
https://doi.org/10.15607/RSS.2020. XVI.055
https://doi.org/10.15607/RSS.2020. XVI.055
https://doi.org/10.1007/s10514-021-10006-9
https://doi.org/10.1007/s10514-021-10006-9
https://doi.org/10.1109/ICRA57147.2024.10611490
https://doi.org/10.48550/arXiv.2509.13949
https://doi.org/10.48550/arXiv.2303.00638
https://en.tesollo.com/dg-5f/
https://doi.org/10.1109/IROS.2012.6386109
https://doi.org/10.1109/Humanoids57100.2023.10375231
https://doi.org/10.1109/Humanoids.2011.6100890
https://www.unitree.com/Dex5-1
https://doi.org/10.48550/arXiv.2408.04380
https://doi.org/10.1109/HUMANOIDS.2015.7363524
https://doi.org/10.1080/01691864.2024.2379393
https://doi.org/10.3389/frobt.2021.777363
https://doi.org/10.15607/RSS.2024.XX.043
https://doi.org/10.1109/LRA.2024.3412630
https://doi.org/10.3389/frobt.2024.1455431
https://doi.org/10.3389/frobt.2025.1606247
http://wiki.wonikrobotics.com/AllegroHandWiki/index.php/Allegro_Hand_v4.0
https://doi.org/10.48550/arXiv.2503.07771
https://doi.org/10.48550/arXiv.2503.24070
https://doi.org/10.3390/app122412861
https://doi.org/10.3389/fnbot.2022.861825
https://doi.org/10.1177/0954411918819114
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Welte and Rayyes

Ze, Y., Liu, Y, Shi, R, Qin, J, Yuan, Z, Wang, ], et al. (2023). “H-index:
visual reinforcement learning with hand-informed representations for dexterous
manipulation,” in Advances in neural information processing systems. Editors A. Oh, T.
Naumann, A. Globerson, K. Saenko, M. Hardt, and S. Levine (New Orleans, Louisiana,
USA: Curran Associates, Inc.), 36, 74394-74409.

Ze, Y., Zhang, G., Zhang, K., Hu, C., Wang, M., and Xu, H. (2024). “3d diffusion
policy: generalizable visuomotor policy learning via simple 3d representations,” in
Robotics: science and systems XX (Delft, Netherlands: Robotics: Science and Systems
Foundation). doi:10.15607/RSS.2024.XX.067

Zhang, Q., Liu, Z,, Fan, H., Liu, G., Zeng, B., and Liu, S. (2025). Flowpolicy:
enabling fast and robust 3d flow-based policy via consistency flow matching
for robot manipulation. Proc. AAAI Conf. Artif. Intell. 39, 14754-14762.
doi:10.1609/aaai.v39i14.33617

Zhao, T. Z., Kumar, V., Levine, S., and Finn, C. (2023). Learning fine-grained
bimanual manipulation with low-cost hardware. arXiv Preprint arXiv:2304.13705.
doi:10.48550/arXiv.2304.13705

Zhao, F, Tsetserukou, D., and Liu, Q (2024). “Graingrasp: dexterous grasp
generation with fine-grained contact guidance” in 2024 IEEE international

Frontiers in Robotics and Al

20

10.3389/frobt.2025.1682437

conference on robotics and automation (ICRA) (Yokohama, Japan: IEEE), 6470-6476.
doi:10.1109/ICRA57147.2024.10610035

Zheng, Y., Yao, L., Su, Y., Zhang, Y., Wang, Y., Zhao, S., et al. (2025). A survey
of embodied learning for object-centric robotic manipulation. Mach. Intell. Res. 22,
588-626. d0i:10.1007/s11633-025-1542-8

Zhong, Y., Huang, X., Li, R, Zhang, C., Liang, Y., Yang, Y, et al. (2025).
DexGraspVLA: a vision-language-action framework towards general dexterous
grasping. arXiv Preprint arXiv:2502.20900. doi:10.48550/arXiv.2502.20900

Zhu, H., Gupta, A., Rajeswaran, A., Levine, S., and Kumar, V. (2019). “Dexterous
manipulation with deep reinforcement learning: efficient, general, and low-cost,” in
2019 international conference on robotics and automation (ICRA) (Montreal, QC,
Canada: IEEE), 3651-3657. doi:10.1109/ICRA.2019.8794102

Zhu, Y., Joshi, A., Stone, P, and Zhu, Y. (2023). “Viola: imitation learning for vision-
based manipulation with object proposal priors,” in Proceedings of the 6th conference on
robot learning (Auckland, NZ: PMLR), 1199-1210.

Zitkovich, B, Yu, T.,, Xu, S., Xu, P, Xiao, T, Xia, E, et al. (2023). “Rt-2: vision-
language-action models transfer web knowledge to robotic control,” in Proceedings of
the 7th conference on robot learning (Atlanta, USA: PMLR), 2165-2183.

frontiersin.org


https://doi.org/10.3389/frobt.2025.1682437
https://doi.org/10.15607/RSS.2024.XX.067
https://doi.org/10.1609/aaai.v39i14.33617
https://doi.org/10.48550/arXiv.2304.13705
https://doi.org/10.1109/ICRA57147.2024.10610035
https://doi.org/10.1007/s11633-025-1542-8
https://doi.org/10.48550/arXiv.2502.20900
https://doi.org/10.1109/ICRA.2019.8794102
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

	1 Introduction
	2 Dexterous manipulation: hardware, challenges, and trends
	3 Real-world learning for dexterous manipulation
	3.1 Imitation learning
	3.1.1 The high-dimensional action space
	3.1.2 Multi-modality due to contact interactions
	3.1.3 Performing long-horizon tasks

	3.2 Reinforcement learning
	3.2.1 Reinforcement learning from scratch
	3.2.2 Reinforcement learning and demonstrations
	3.2.3 Sim-to-real reinforcement learning

	3.3 Interactive imitation learning for dexterous manipulation

	4 Interactive imitation learning in robotics
	5 Conclusion
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	References

