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Incremental Learning of Robotic Manipulation Tasks through
Virtual Reality Demonstrations
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Abstract— We propose an incremental, modular, and exten-
sible method for learning robotic manipulation tasks using a
limited number of demonstrations provided in Virtual Reality,
while assuming minimal prior information about the objects
to be manipulated. The developed framework enables an
incremental training process in which the operator first demon-
strates specialized tasks to the robotic system, and subsequently
more complex tasks, exploiting the skills learned during the
previous phases. We illustrate and discuss the method at work
considering picking tasks performed by manipulators equipped
with multi-fingered sensorized hands. The experimental evalu-
ation highlights the feasibility and advantage of the proposed
method, particularly in terms of modularity, low number of
demonstrations, and reliability of the trained system.

[. INTRODUCTION

In this work, we address the problem of incremental
learning robotic manipulation tasks by training the system
through demonstrations provided by a human operator in
a virtual reality simulation. Learning from Demonstration
(LfD) is particularly interesting for robotic task training
because, on the one hand, it provides a natural alternative
to robot programming, and on the other hand, it allows
for expediting other forms of learning by leveraging the
guidance provided by human demonstrations. In this setting,
the ability to provide demonstrations to the robotic system in
a virtualized environment is particularly appealing because
it bypasses the complexities of human-robot interaction in
a real environment. However, demonstrating a manipulation
task in a virtual reality (VR) also presents several challenges
due to the gap between the real system and the simulated
one, along with the difficulty of recreating, in simulation, the
conditions necessary for providing realistic demonstrations
to effectively train the robotic behavior. To address these
challenges, we propose an incremental approach to VR
training from demonstrations that allows the operator to
first demonstrate specialized tasks in simple and focused
scenarios. Subsequently, more complex and articulated tasks
are trained by leveraging behaviors already trained in the
previous stages. Our objective is to provide an incremental,
modular, and extensible method for learning robotic manip-
ulation tasks using a limited number of demonstrations in
a virtual environment, while requiring restricted information
about the objects to be manipulated. Another relevant aspect
of the proposed approach relies on the use of an affordable
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virtual reality system to provide demonstrations to the robotic
system in a safe and simplified manner. The proposed method
combines reinforcement learning techniques with imitation
learning methods to achieve not only accelerated training
through demonstration guidance, but also behaviors influ-
enced by the expert’s dexterity and contextual knowledge.

We illustrate and demonstrate our approach by focusing
on grasping and lifting tasks performed by manipulators
equipped with sensorized multi-fingered hands, assuming
limited information about position and size of the objects to
be manipulated. In this scenario, demonstrations are firstly
provided to train the grasping behavior of the robotic hand
from proximal pose to the target object, with subsequent
training involving reaching, grasping, and lifting objects
using the proximal grasping capability. The collected results
confirm the effectiveness of the proposed approach, demon-
strating its potential in terms of modularity, transferability,
and reliability of the trained skills despite a limited number
of VR demonstrations.

II. RELATED WORKS

Different approaches to learning from demonstration meth-
ods in a virtual environment can be found in the literature.
Approaches based on learning from demonstration have been
proposed to guide learning, reducing complexity and improv-
ing efficiency [1], [2] in the presence of more or less complex
end-effectors [3], [4]. In this context, experts’ demonstrations
are obtained in various manners: through robot teleoperation
[5], video demonstrations [6], kinesthetic demonstrations [7],
[8], or through motion capture [9], [10]. In this work, we
focus on demonstrations provided by interacting in VR with
a manipulator endowed with a multi-fingered end-effector.
A similar problem is addressed in [9], where the authors
introduce a technique called Demo Augmented Policy Gra-
dient (DAPG) that incorporates demonstrations recorded in
virtual reality using a motion capture glove, while Behavioral
Cloning (BC) [11] is employed to support learning. However,
here the approach is not incremental and modular, while a
more complex VR setup is employed to train an anthropo-
morphic hand. Related to our work, an incremental method
for training a robotic manipulator in a virtual environment
can be found in [12], which proposes a combination of
Proximal Policy Optimization (PPO) [13] and Generative
Adversarial Imitation Learning (GAIL) [14]. Nevertheless,
it is worth to note that this approach assumes a simple two-
fingered gripper which can only be opened and closed. This
contrasts with the grasp training problem addressed in our
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Fig. 1: Overview of the incremental LfD framework

study, where a more complex sensorized multi-fingered end-
effector is deployed.

III. INCREMENTAL LEARNING FROM DEMONSTRATIONS

We propose an incremental and modular approach for
learning robotic manipulation tasks from demonstrations
provided in a virtual reality simulation. The aim is to develop
a method that enables to train incrementally complex tasks
in simulation, using a limited number of demonstrations and
minimal information about the items to be manipulated. The
entire framework is illustrated in Fig. 1, wherein the oper-
ator provides demonstrations within a virtual environment.
These demonstrations are then exploited to learn policies
that incrementally handle more complex tasks. During the
process, already trained policies can be reused to generate
progressively structured ones.

A. Multi-fingered grasping and picking

We illustrate the proposed method at work by considering
robotic manipulators tasked to learn how to grasp and pick
objects with sensorized multi-fingered hands. In this setting,
we describe an incremental training process composed of two
stages. The overall pipeline is illustrated in Fig. 2. During
the first phase, demonstrations are provided to train the
grasping behavior of the robotic hand from a proximal pose
(proximity grasping) and not accounting for the movement
of the robotic arm. In this stage, grasping demonstrations
are provided in VR by tracking the human hand movements
(Fig. 2, top pipeline). In the second phase, the hand trained
during the first phase is exploited to train a more complex
task, where the robotic arm is tasked to reach, grasp, and lift a
specific object (grasp-and-lift). Demonstrations for this task
are obtained by teleoperating the robotic arm’s end-effector
in close proximity to the object, leveraging the assumption
that the robotic hand has already been trained to grasp objects
from a proximal position (Fig. 2, bottom pipeline). These two
training phases are therefore incremental and sequential, as
the result of the first phase is exploited for the second one.

B. Simulated Scenario

We consider a simulated robotic setup composed of a
Barrett WAM Arm manipulator with 7 degrees of freedom
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Fig. 2: General pipeline of the system

equipped with a BarrettHand end-effector with 8 degrees of
freedom. As for the virtual environment, the virtual reality
headset used for teleoperating the robots to obtain demon-
strations is a Meta Quest 2. The simulated environments have
been developed in Unity 2021.3.16f1, while the training was
conducted using its ML-Agents [15] toolkit which seamlessly
incorporates the algorithms used in this work and also allows
for a combination of them.

C. Models and methods

The proposed training method integrates imitation learning
and reinforcement learning techniques to leverage demon-
stration guidance along with exploration policies. Specifi-
cally, the approach combines Behavioral Cloning (BC), Prox-
imal Policy Optimization (PPO), and Generative Adversarial
Imitation Learning (GAIL). While BC enables an initial rapid
policy acquisition by mimicking expert actions observed
during the demonstrations, PPO is employed alongside GAIL
rewards to support policy generalization. PPO works as an
on-policy RL algorithm that limits policy updates to avoid
too abrupt changes using a surrogate objective function with
clipping on the ratio between the old and the new policy.
In parallel, GAIL employs a discriminator model (akin to
Generative Adversarial Networks) to distinguish between
trajectories generated by the learning policy and those from
expert demonstrations, and is used to generate an intrinsic
reward based on imitation. As training progresses, the influ-
ence of BC diminishes, while intrinsic rewards from GAIL
enhance imitation of expert behavior, eventually converging
BC'’s to a negligible weight by the end of training. Additional
insights about the approach are provided in the next sections.

D. Training Proximity Grasping

The environment for this training phase is inspired by
the one proposed in [16]. In this setting, the BarrettHand
is trained to grasp objects from a proximal position without
being attached to an arm or base (see Fig. 3). The hand
has a fixed 3D position. At the beginning of each training
episode, objects are placed in front of the hand. At the end
of the episode, a force test is applied to verify the grip.
The training objects include cubes, cylinders, and spheres
positioned in front of the hand (see Fig. 3) with random
position, rotation, scale, and mass within reasonable ranges
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suitable for the type of grip. Note that this setup differs
from [16], where objects and pre-grasp positions from a
dataset [17] are used. In the following, we detail the setup for
the learning agent in this scenario, describing observations,
actions, reward, demonstrations, and training.

® ‘

Fig. 3: Training proximity grasping with BarrettHand using
spheres, cubes, and cylinders

1) Observations: In our reinforcement learning setup, the
agent observes information about the robotic hand and the
object to be grasped. As for the robotic hand, we acquire
rotations and forces applied on the 8 joints of the Barrett-
Hand. Concerning the objects, we assume limited observable
data, including the pose of the associated bounding box
(front-top-left and back-bottom-right points, and its rotation),
velocity, angular velocity, and the object type. To compensate
such limited information, we employ a sensorized gripper
with contact sensors (bumpers) installed on the fingertips
of the BarrettHand, retrieving contact/no-contact values (1
or 0). This configuration aligns with prior works such as
[16], [18], where providing information about contacts with
objects has been demonstrated to enhance performance and
generalize to objects of varying shapes and sizes. More
formally, the agent’s observations consist of a tuple o =
(0c,04,0f,00bj, Otype ), Where o, € {0,1}3 represents con-
tact sensors values, 0; € R® denotes the configuration of the
hand’s joints rotations, oy € R® are the force measures of
the joints, o.p; provides observed values about the object,
and ogype € {0,1}3 is the one-hot vector representing the
object type. Here, the observed object values are denoted by
the tuple oop; = (P1, P2, q,v,w), where P, P, € R3 are the
front-top-left and back-bottom-right points of the bounding
box, ¢ € R* is the object’s quaternion, and v € R? along
with w € R3 denote the velocity and angular velocity of the
object. All the observation values, except for the values from
the contact sensors and the object type, are scaled within the
interval [—1,1].

2) Actions: In the proposed setting, the agent can rotate
every joint of the robotic hand on a single axis. Following
the observation by [19] that PPO tends to exhibit better
performance with discrete actions, we adopt a discrete action
space with 3 possible actions assigned to each of the 8
articulations. Specifically, the actions are defined as follows:
0 to keep the rotation unchanged, 1 to increase the rotation,
2 to decrease the rotation. These actions are mapped into
joints’ movements. For each joint ¢ € {0,...,7} at time
step ¢, given the action ai € {0,1,2} with outcome d €
{0,1, -1} the new target angle 7/, , is then obtained as

TZH = TZ + di V- Atfixed (1)

(// ‘ )
forward
forward,

Fig. 4: Mapping of joints from the user’s fingers to the
BarrettHand (left) and their rotation around the Y-axis (right)

where Tti is the previous value, v is a fixed rotation speed,
while Atgyeq is the fixed time interval.

3) Demonstrations: In the proximity grasping scenario,
the operator provides demonstrations by teleoperating in
VR the simulated robotic hand exploiting the human hand
tracked by the Oculus hand tracking system. To enable this
interaction, a mapping between the Oculus hand tracking
system and the BarrettHand is needed. Given that the Bar-
rettHand has fewer DoFs compared to the human hand,
we designed an interaction schema where a subset of the
joints tracked by the Oculus are exploited to control the
actuators (see Fig. 4). As four of the tracked joints of the
operator’s hand rotate around two axes (y and z axes in our
representation) these can be mapped into multiple joints of
the robotic hand (see lower joint of the little finger in Fig. 4).

Notice that, the hand fingers’ joints are controlled through
discrete commands, therefore the tracked human hand needs
to be suitably translated into such actions. We proceed
as follows. At time step ¢, for each joint of the expert’s
hand, we consider the rotation angles around the z-axis and
the y-axis (if specified in the mapping). We denote these
angles as 6!, where i ranges over the number of joints of
the robotic hand. The discrete actions associated with such
rotation are obtained from the difference between 6 and
the target rotation on the corresponding joint mapped on the
robotic hand 7/. Specifically, if |07 — 7/| < v - Atfieq, the
returned action is 0, indicating that the difference between
the rotations on the operator’s hand 6? and the target rotation
on the robot hand 7} is under the minimal discrete rotation.
Otherwise, if 0 — 7/ is positive or negative, the action will
be 1 or 2, respectively, denoting that the target rotation needs
to be updated to reach the demonstrated movement.

4) Reward: In this setup the reward is defined as follows.
After a fixed number of 74,5, steps from the beginning of
each episode, a force test is performed to estimate the quality
of the grasp. A positive reward is given if the grasped object
withstands a gravity force applied along the main directions,
while no reward is earned if the object is lost.

5) Training: For the training described in this section,
we recorded only 15 episodes (approximately 3 minutes),
specifically 5 episodes per object type. All episodes were
successfully completed by the expert. The model used for the
policy and the approximation of the value function is a mul-
tilayer perceptron (MLP) composed of two fully-connected
layers, each one with 128 neurons, and a long short-term
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memory (LSTM) layer with a hidden state dimensionality of
64. We use a sequence length of 64 timesteps. As observed
in [19], the use of memory via LSTM can improve the
agent performance for object manipulation tasks. We rely
on implementations of ML-Agents algorithms. For PPO,
we adopt a batch size and buffer size of 128 and 16000
respectively, a learning rate of 0.0001, beta as 0.01, and
gamma as 0.995. The weight of the reward derived from
GAIL is set to 0.01, while the weight of the BC update is set
to 0.1 and is annealed over the total number of training steps
(i.e., 10 million). Unspecified hyperparameters are left at the
default value set by ML-Agents '. The training was stopped
at 7 million steps, which equates to approximately 5-7 hours
(depending on the combination of algorithms used). With the
best combination (PPO+GAIL+BC), the agent achieves peak
performance after approximately 1.3 million steps, which
translates to about an hour of training. The machine used for
training in this phase is equipped with an Intel 17-9700K, an
NVidia RTX 3070 Ti and 16GB of RAM.

0.2 —— PPO+GAIL+BC
—— PPO+BC

0.0 —— PPO+GAIL

0 1 2 3 4 5 6 7

Steps le6
100
Emm Al the objects
Spheres
804 Emm Cubes

mmm Cylinders

601

404

20

ol
RL

RL+GAIL+BC RL+BC RL+GAIL+BC  RL+GAIL+BC RL+GAIL
(BCO.1) (BC0.1) (BC0.3) (BC0.2)
Training

Success percentage

Fig. 5: Reward during training of the 2x 128 + LSTM model
for the proximity grasping task using various combinations
of algorithms (up) along with success percentages obtained
during the tests (bottom)

E. Grasp-and-lift with manipulator

In a second stage of learning, the objective is to train the
overall robotic system (robot manipulator equipped with the
hand) to pick up the objects by leveraging the proximity
grasping skill trained in the previous phase. In this case, the
primary objective is to train the robotic arm to position its
hand in proximity to the target object and to successfully
activate proximity grasping. Additionally, the manipulator
should also learn how to grasp an object according to a

Uhttps://unity-technologies.github.io/ml-agents/Training-Configuration-
File

required task (e.g., grasp from the side or grasp from the top).
In this setup, the robotic hand is attached to the robotic arm
(i.e., the Barrett WAM Arm), positioned in front of a table
designated for object placement (see Fig. 6 - left). For this
specific experimental scenario, we have chosen to exclusively
use cylindrical objects, as they allow for various grasping
approaches depending on the task at hand. Specifically, we
focus on two distinct grasping tasks: a top grasp, where
the robot approaches the object vertically from above (green
zone in Fig. 6 - right-up), and a side grasp, where the robot
approaches the object horizontally from any side (yellow
zone in Fig. 6 - right-down). At the beginning of each
episode, the object is randomly scaled and placed on the table
in a random position within a defined area (red rectangle
in Fig. 6 - left). The agent goal is to successfully execute
the grasp, involving hand positioning and proximity grasp
activation, in accordance with the required task, such as
grasping from the specified side.

\J

Fig. 6: Representation of the simulated environment for the
grasp-and-lift phase (left) along with task-based grasping

zones for vertical grasp (right-up, in green) and horizontal
grasp (right-down, in yellow)

1) Observations: To move the robotic hand, the agent
controls the target position of the end-effector through the
inverse kinematics (here, the Cyclic Coordinate Descent
algorithm is used [20]). The agent thus observes the state
of the end-effector, including current position and orienta-
tion, target position, wrist rotation, linear/angular velocities.
Furthermore, the agent observes the type of task (top grasp
or side grasp) and the object’s data. Formally, the observed
tuple is 0 = (Oobja Owrists OEE, Otarget, Ohand Otask) where
0ob; 1s the observed object tuple (as denoted in Sec. III-
D.1), owrist = (Oyaw, Opiten) € R? is the vector containing
the current rotation of the joint responsible for yaw and
the current rotation of the joint responsible for pitch of the
end effector, opr = (EFEpes, EEot) with EE,,s € R?
and EE,.; € R*, the end-effector position and rotation (in
quaternion), Otgrget € R3 the target position for the IK,
Ohand = (Vhand, Whand) With v,w € R? the hand linear and
angular velocities, and 0;,5x € {0,1}? the one-hot vector
representing the task type.

2) Actions: The displacement of the end-effector (i.e., the
hand) is accomplished through inverse kinematics. Addition-
ally, the agent can rotate the wrist and activate the grasp
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to complete tasks. Specifically, the agent has the following
branches of actions at its disposal: the displacement of the
IK target along the x, y, and z axes, the target pitch and
yaw rotations of the wrist, and the activation of the grasp.
Similarly to the previous setup, the action space is discrete:
actions for target displacement, yaw and pitch rotations can
take values of 0, 1, and 2 (representing no change, increase,
or decrease). The final action component is a binary value
indicating whether to activate the proximity grasp or not.

3) Demonstrations: During the demonstration phase, we
employ the controller of the Meta Quest 2 headset to
manipulate the target position of the end-effector, to activate
the grasp using a button, and to adjust wrist rotations using
the stick. Since we are operating in a discrete action space,
during the demonstration we determine, for each coordinate,
whether to increment, decrement, or maintain the value
unchanged depending on the controller’s motion. Thus, we
calculate the direction vector d = POS.,uolier — POStarget
between the controller’s position and the target position, and
the sign of each coordinate dictates whether to increase,
decrease, or leave unchanged the corresponding coordinate of
the target position. Similarly, for pitch and yaw rotations, the
motion is discretized, and actions are recorded by indicating
increments, decrements, or no-changes based on the analog
stick’s movement. Movement and rotation speeds are fixed.

4) Reward: In this setup, the reward is defined as follows.
We assume that the robot has to reach a suitable grasping
pose within n,,, steps and to activate the grasp. Subse-
quently, after ng,qsp steps of proximity grasping, a force
test is performed, and if passed, a positive reward is given.

5) Training: We recorded 30 episodes for demonstrations
(approximately 9 minutes in total), consisting of 15 episodes
for top grasp and 15 episodes for side grasp. All of these
episodes were successfully completed by the expert. The
neural network model has 3 fully-connected layers, each
consisting of 512 neurons. By adding a recurrent layer to
the model, the agent fails to surpass a reward of O after
10 million steps. Consequently, we excluded the LSTM
layer from the architecture during training and validation
phases. We utilized the ML-Agents toolkit to implement the
learning algorithms, with hyperparameters set as those used
for proximity grasping training. In this case, the maximum
training duration is set to 50 million steps to account for
the increased task complexity. The training process took
approximately 71 hours on a machine with Intel i5-9300H,
NVIDIA GTX 1050 Ti, 8GB RAM.

Training all objects spheres cubes cylinders

PPO+GAIL+BC (0.1) 88.5% +0.5 78.9% £2.6 92% £5.3 96.4%+ 1.8
PPO+BC (0.1) 84.5% +1.8 759% +42 94.8% +3.3 88.6% £3.5
PPO+GAIL+BC (0.3) 72.5% +1.3  54.5% +3.6 84.7% +3.5 79.9% +1.7
PPO+GAIL+BC (0.2) 72.2% +3 512% +9.3  72.7% +£6.1  93.3% +0.3
PPO+GAIL 63.2% +2.8 46.9% 55 73.5% +5 70.4% +7.2
PPO 60.8% +3.8 41.7% £0.9 634% +8.5 80.1% +0.8

TABLE I: Success rates achieved in the proximity grasping
phase with the 2x 128 + LSTM model. In parentheses, the
weight used for BC (if present).

1.0

0.8

0.0 — PPO+GAIL+BC

Steps le7
Fig. 7: Reward during training of the 3x512 model for the
grasp-and-lift task using PPO+GAIL+BC over 50M steps

IV. RESULTS AND DISCUSSION

In this section, we discuss the performance of proposed
method for each phase.

A. Proximity Grasping

To evaluate proximity grasping, two tests were conducted.
The first test utilized objects used during training, character-
ized by primitive shapes, serving as approximations of more
complex objects. The second test used three objects from a
dataset [17]: a bottle, a donut, and a hammer, chosen for
their challenging shapes.

For the first test, we compared our proposed combination
of RL, BC, and GAIL with alternative combinations (i.e.,
RL, RL + BC, RL + GAIL, and RL + BC + GAIL with
different parametrizations). The proposed method achieves
a significantly higher success rate. Results are detailed in
Tab. 1. Additionally, we evaluated the effectiveness of the
recurrent layer by comparing the best combination of algo-
rithms (PPO+GAIL+BC) with or without the recurrent layer,
thus with only two fully-connected layers of 128 neurons.
The model with the recurrent layer achieves a higher success
rate (88.5% vs 82%). We therefore used the former for
subsequent evaluations.

In the second test, the agent achieved a satisfactory success
rate (about 75.3% =+ 1.5) with the novel dataset. It attains a
success rate of 66.5% =+ 4 for bottles and 71.5% =+ 6.9 for
hammers, including the “awkward” grasping pose (Fig. 8 -
right) obtained when the neck of the bottle or the handle
of the hammer faces the palm. Notably, excluding these
unnatural grasp positions performance increased to 90% =+
2.2. Another factor taken into account to further test the
robustness of the policies is the coefficient of friction of the
physical material: for the objects used during training and
the previous tests, the value 0.8 was used for both static and
dynamic friction coefficients. For real objects, however, the
value 0.6 was used. In the tests, the same criterion employed
during training is used to define a success. A single test
comprises 200 episodes, and the reported values are calcu-
lated as the average success rates from three tests performed
with different seeds (1241, 824, 3567). The experimental
results demonstrate the effectiveness of the policy trained,
even when facing realistic objects not encountered during
training. This capability supports the feasibility of reusing

5180



the trained hand for proximity grasping across a variety of

tasks and objects.

Fig. 8: Tested objects from the dataset [17] (left) and
“awkward” position of the bottle and the hammer (right)

B. Grasp-and-lift with manipulator

For the second phase, we calculated the grasp success rate,
denoted as pgrasp = Nsuce/Ngrasp x 100, where nyc. repre-
sents the number of successful episodes and 7445y the total
number of correctly activated grasps. Notice that a correctly
activated grasp does not necessarily result in a successful
episode, as proximity grasping may fail. In this context, we
define a correct grasp activation as the accurate invocation
of proximity grasping from the designated grasping position
zone (see Fig. 6 - up). The pgrqsp measure provides an
indication about the quality of the proximity grasping in
the context of the overall task. The model has been trained
for 40 million steps, achieving an overall success rate of
83.8% across both tasks, with 83.7% for horizontal grasping,
83.8% for vertical grasping, and a 95.4% success rate for
correctly activated grasps (Pgrasp). Continuing training for
an additional 10 million steps does not yield significantly
improved performance, except for horizontal grasping, which
increases the success rate to 87.3%. The trained model
demonstrates proficiency in learning the tasks, as indicated
by the high success rates. Specifically, the percentage of
successful activations of grasps (pgrasp) further validates
the capability to adaptively reuse the learned policy from
the first training phase (proximity grasping) across different
operational contexts and tasks, thereby enabling modularity
and incrementality.

V. CONCLUSIONS

We presented an incremental and modular method for
learning object manipulation tasks via demonstrations within
a virtual reality simulation. We demonstrated this method
by focusing on grasping and lifting tasks involving a ma-
nipulator equipped with a sensorized multi-fingered hand.
In this framework, the hand is initially trained to grasp
objects from a proximal position, and subsequently, the
manipulator is trained to approach the object and activate
the previously learned grasping skill. This setup permits easy
demonstration recording for complex manipulators on an
affordable platform. The experimental results demonstrate
the feasibility and effectiveness of the approach, despite a
limited number of demonstrations and information about
the manipulated objects. As a future research, we aim to

explore the modularity of the approach across various robotic
components and increasingly complex tasks.
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