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Abstract

This research explores the use of Reinforcement Learning (RL) to solve the challenging problem of dexterous in-
hand object manipulation using the Shadow Hand robotic platform. The project focuses on training a simulated
robotic hand to grasp and rotate a pen with fine precision, using a physics-based environment built in MuJoCo.
To achieve this, the Proximal Policy Optimization (PPO) algorithm was applied through the Stable-Baselines3
library within a custom-designed, Gym-compatible environment.

The simulation setup involved modelling the Shadow Hand and a freely moving pen in XML format, complete
with joint-level actuators and tactile sensors. A tailored reward mechanism was crafted to promote phase-
specific finger coordination, encouraging accurate pen rotation while penalizing object instability and
unintended drift. During training, the agent underwent more than 70,000 timesteps of learning, with consistent
improvements seen in both angular accuracy and movement stability. Rotation metrics and episode rewards
were used as key indicators of performance.

Visual outcomes from MuJoCo clearly show enhanced finger control after training, with the robot
demonstrating synchronized contact and manipulation across all five fingers. Sensor feedback validated that
finger made contact with the pen at correct intervals, in line with the logic of the reward design. The trained
model successfully performed 180-degree pen rotations with robust grip and rotational control.

This work contributes meaningful insights into the application of RL for complex, high-degree- of-freedom tasks
in robotics. It also delivers a reusable simulation framework and proposes future improvements such as more
efficient training, sim-to-real transfer strategies, and enhanced generalization through domain randomization.

Date of Submission: 12-06-2025 Date of acceptance: 28-06-2025

I.  Introduction
L1 Context and Motivation

In-hand manipulation—where a robot skilfully handles and repositions objects using fine finger
movements—is one of the most intricate challenges in robotics. Replicating the dexterity of the human hand has
immense value across industries such as manufacturing, assistive healthcare, and home automation. Humans can
effortlessly write, thread a needle, or rotate a pen with precision, thanks to our highly adaptive and flexible hand
movements. Developing robotic systems that can match this level of control would mark a significant milestone
in artificial intelligence and robotics.

The Shadow Hand is a sophisticated robotic platform designed to mirror the structure and motion
capabilities of the human hand. With 24 degrees of freedom (DoF), it offers a rich testbed for studying complex
hand-object interactions. However, controlling such a system is no trivial task. Traditional techniques like
trajectory planning or inverse kinematics quickly become inefficient or infeasible due to the high dimensionality
and dynamic nature of the movements involved— particularly in tasks that require continuous regrasping or
precise rotation.

This is where Reinforcement Learning (RL) comes into play. RL allows agents to learn directly from
interaction, improving their behaviour over time based on reward signals. Specifically, Proximal Policy
Optimization (PPO), a widely used policy gradient algorithm, has shown great promise in training agents for
complex control tasks in high-dimensional environments. In this project, PPO is employed to train a simulated
Shadow Hand in the MuJoCo physics engine to grasp and rotate a pen through coordinated finger movements.
Mastering this task serves as a foundational benchmark for achieving dexterous, human-like control in robotic
hands.
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Figure 1.1: System architecture showing interaction between PPO agent, MuJoCo environment, and control loop

1.2 Objectives

The primary goal of this project is to explore how reinforcement learning can be used to enable dexterous in-
hand manipulation using a high-DoF robotic hand in simulation. To guide this effort, the research is built around
the following key objectives:

. Develop a fully customized reinforcement learning environment within MuJoCo, tailored specifically
for in-hand manipulation using the Shadow Hand robot.

. Implement and train an agent using the Proximal Policy Optimization (PPO) algorithm to learn how
to rotate a pen using coordinated finger movements.

. Integrate tactile sensors and joint-level actuators to support accurate feedback collection, contact
detection, and phase-specific reward shaping during training.

. Evaluate learning effectiveness through both quantitative measures—such as pen rotation angle and
reward progression—and qualitative assessments via simulation outputs and sensor feedback.

. Investigate the challenges associated with policy learning, such as stability, overfitting, generalization,

and the potential for transferring learned behaviours to real-world scenarios.

L3 Research Questions and Hypotheses

. This project is guided by three central research questions aimed at understanding the role of
reinforcement learning in robotic dexterity:

. RQ1: Can a PPO-trained reinforcement learning agent learn to manipulate a pen with multiple fingers
in a coordinated, dynamic fashion using the Shadow Hand?

. RQ2: What reward design and environmental features are most influential in achieving smooth, stable
in-hand object rotation?

. RQ3: How does incorporating tactile feedback affect the quality, stability, and consistency of the

learned manipulation behaviour?

Based on these questions, the following hypothesis is proposed:

H1: With a structured simulation environment, sensor-driven rewards, and a reward function aligned with
manipulation phases, a PPO-based agent can consistently perform pen rotation tasks of up to and beyond 180°,
maintaining a stable grasp throughout the motion.

1.4 Potential Contributions

This project offers several contributions to the fields of reinforcement learning and robotic manipulation:

. A fully functional, reusable MuJoCo simulation environment designed for complex object manipulation
tasks using the Shadow Hand.

. A custom-designed reward mechanism based on phase-specific sensor activation and

object orientation, intended to guide fine-grained finger coordination.

. A successful demonstration of a PPO-driven control system that achieves reliable and dynamic in-hand
object manipulation with learned strategies, rather than pre-programmed motions.

. A documented training pipeline and codebase that can serve as a starting point for future studies
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focused on reward shaping, policy generalization, or sim-to-real transfer.
. Valuable insights into how sensor feedback, actuator limitations, and reward sparsity
interact within reinforcement learning systems in robotic contexts.

I Literature Review
This literature review provides the theoretical foundation and background that informed the
development of this research. It explores how reinforcement learning (RL) has been applied in robotics,
particularly in dexterous manipulation. The review also covers the strengths of Proximal Policy Optimization
(PPO), the role of simulation tools such as MuJoCo, and strategies for designing rewards and bridging the
simulation-to-reality gap. The section concludes with a critical assessment of existing research gaps that this
project addresses.

2.1 Reinforcement Learning in Robotics

Reinforcement learning has become a powerful approach in robotics, particularly for enabling robots to learn
effective control strategies through interaction with their environment. Early applications, such as those by
Levine et al. (2016), showed how robotic arms could learn to reach and grasp using learned policies rather than
predefined motion plans.

The evolution of deep reinforcement learning (DRL)—which integrates neural networks with RL
algorithms—has allowed agents to learn directly from complex inputs like joint states, vision, and tactile data.
This eliminates the need for handcrafted features and enables end-to-end learning, making RL particularly
suitable for high-dimensional control tasks common in robotics.

2.2 Dexterous In-Hand Manipulation

Dexterous manipulation refers to the ability of a robotic hand to control objects using coordinated finger
movements. This includes reorienting, rotating, or stabilizing objects within the hand without external assistance.
The Shadow Hand, with its human-like structure and 24 degrees of freedom, is a preferred platform for testing
such skills due to its anatomical complexity and realistic motion capabilities.

Andrychowicz et al. (2020) demonstrated the use of reinforcement learning to train a Shadow Hand to
manipulate a cube. Their work employed domain randomization, helping the model generalize across different
scenarios. Similarly, Rajeswaran et al. (2018) emphasized the importance of using demonstrations and fine-
tuning to teach nuanced control strategies. These studies highlight the difficulty of learning precise in-hand
manipulation in high-dimensional environments, which require advanced learning methods and rich sensory
input.

2.3 PPO and Deep Reinforcement Learning Techniques

Among the various DRL algorithms, Proximal Policy Optimization (PPO) has emerged as a popular choice for
robotic applications due to its balance between stability and performance. Introduced by Schulman et al. (2017),
PPO restricts large policy updates through a clipped objective function, preventing destabilization during
training—a common issue in policy gradient methods.

Compared to earlier algorithms like DDPG or TRPO, PPO offers better sample efficiency and simpler
implementation. Its effectiveness has been shown in complex manipulation tasks, such as those undertaken by
OpenAl (2018), where PPO successfully trained the Shadow Hand to perform multi-fingered object
manipulation in the presence of sparse rewards. This project adopts PPO due to its robustness in high-
dimensional control environments like those simulated with MuJoCo

2.4 Simulation Platforms for Robotic Control

Training reinforcement learning agents directly on real robots can be time-consuming, costly, and risky. As a
result, high-fidelity simulators have become essential tools for pre-training and testing. MuJoCo (Todorov et
al,, 2012) is one of the leading platforms for simulating robotic systems, offering accurate physics, fast
computation, and detailed control over contact dynamics and sensor integration.

Other platforms, such as PyBullet and Gazebo, are also commonly used, but MuJoCo remains a preferred choice
for simulating tasks that require precise joint articulation and real-time feedback. In this study, MuJoCo was
selected for its support of touch sensors, articulated joints, and fine-grained control—crucial features for
simulating dexterous tasks with the Shadow Hand.

2.5 Reward Design and Sim-to-Real Transfer
Reward function design is central to reinforcement learning success, especially in tasks involving complex
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physical interactions. In dexterous manipulation, sparse rewards can lead to slow learning because it’s difficult
for the agent to associate its actions with long-term success.

To address this, researchers have developed techniques such as Hindsight Experience Replay (HER)
(Andrychowicz et al., 2017), which helps agents learn from failed attempts by redefining goals retrospectively.
Shaped rewards, which provide smaller intermediate rewards based on object orientation, speed, or sensor
contact, have also proven useful.

Sim-to-real transfer remains a major challenge when deploying models trained in simulation to physical robots.
Peng et al. (2018) introduced dynamics randomization as a solution, allowing agents to train under varied
simulation conditions, improving their adaptability to real-world uncertainties. This project adopts a hybrid
reward approach—combining dense shaping and phase-specific rewards—to guide the agent toward successful
manipulation, while also laying groundwork for future transferability.

2.6 Critical Analysis and Identified Gaps
While the reviewed literature provides a strong foundation, several limitations remain:

2.6.1  Underexplored Tasks: Most existing studies focus on cube manipulation or static grasping. Rotational
tasks like pen spinning—especially involving phase-based coordination—are less explored despite their
practical relevance.

2.6.2  Limited Use of Phase-Based Reward Structuring: Few implementations integrate

sensor-driven, phase-specific shaping to encourage sequential finger engagement.

2.6.3  Performance Analysis: Detailed reporting of learning stability metrics such as KL divergence, entropy
loss, or reward variance is often omitted, making it difficult to assess how well RL algorithms generalize or
converge in complex tasks.

II1. Methodology
This chapter presents a detailed overview of the design and implementation of the reinforcement
learning (RL) system developed for the in-hand manipulation task using the Shadow Hand. It outlines how the
simulation environment was set up using MuJoCo, how the PPO algorithm was implemented and configured,
how sensors and actuators were integrated, and the structure of the reward function. The training approach was
developed through an iterative process to ensure the model was stable, reproducible, and adaptable for future
enhancements or deployment.

3.1 Environment Setup (MuJoCo, Shadow Hand, Pen)

The simulation environment was built using MuJoCo (Multi-Joint dynamics with Contact), a high-
performance physics engine commonly used in robotics research. A custom environment, referred to as
PenSpinEnv, was created to simulate a right-handed Shadow Hand interacting with a vertically aligned
cylindrical pen.

The setup consisted of the following:

3.1.1 A customized XML configuration file (shadow_right hand.xml) that defined the structure of the
Shadow Hand, including all joints, actuators, and sensors.

3.1.2  The pen was modelled as a free-moving cylinder with six degrees of freedom (6 DoF), allowing it to
move and rotate freely in 3D space. Sensors were added to track its position and orientation using framepos and
framequat.

3.1.3  Sensor "sites" were placed on each fingertip and at three distinct points along the pen (start, middle,
end). These were configured with type="touch" to simulate real-time contact detection.

MuJoCo’s combination of accurate contact dynamics and real-time visualization made it ideal for this task,
allowing fine-tuned control policy development through physical interaction between the robot and object.

3.2 PPO Algorithm Implementation

The Proximal Policy Optimization (PPO) algorithm was chosen for this project due to its excellent balance
between learning efficiency and stability. It was implemented using the stable- baselines3 Python library, which
provides a modular and extensible interface for training RL agents.
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Figure 3.2: PPO Actor-Critic Network Architecture

This diagram illustrates the architecture of the PPO agent used in this project. It includes a shared encoder that
processes the input state, branching into two separate neural networks the actor, which outputs continuous
control actions, and the critic, which estimates state values. This structure enables stable learning in high-
dimensional continuous environments such as dexterous in-hand manipulation.

The PPO architecture in this setup includes:

3.2.1  An actor-critic model, where one network learns the control policy (actor) and another estimates the
value function (critic).

3.2.2 A clipped surrogate objective that constrains the update step during training, preventing the policy
from changing too drastically and ensuring stability.

3.2.3  An entropy bonus, which promotes policy exploration by discouraging premature convergence to
deterministic actions.

3.24  Generalized Advantage Estimation (GAE), which is used to calculate advantage values with reduced
variance, helping to stabilize training.

Together, these components enable the PPO agent to gradually learn efficient strategies for grasping, spinning,
and balancing the pen within the hand.

3.3 Reward Function Design

Designing an effective reward function was a critical part of enabling the agent to learn fine- grained,
coordinated behaviours. The reward strategy combined dense shaping with milestone- based bonuses, guiding
the agent through each phase of the pen manipulation task.

Key components included:

3.3.1  Orientation-based rewards to encourage the rotation of the pen around its Z-axis by measuring
changes in quaternion orientation.

3.3.2  Contact rewards awarded when specific fingers made contact with the pen at appropriate stages of the
manipulation cycle (e.g., index at the start, thumb in the middle).

3.3.3  Velocity terms to reward smooth, controlled spinning and penalize abrupt or reverse motion.

3.3.4  Phase-based segmentation of the task, dividing manipulation into five time-based segments, each
focusing on different finger contributions.

3.3.5 Stability penalties applied when the pen dropped below a minimum vertical threshold or drifted too far
horizontally from the palm.

This structured reward design helped the agent associate physical interactions with positive feedback, reinforcing
behaviour’s that led to successful manipulation.
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34 Sensor and Actuator Integration

The Shadow Hand’s fine motor control relies on 27 position-controlled actuators, each responsible for
manipulating one of the finger joints. These actuators were defined in the XML configuration with specific
ctrlrange values, ensuring they stayed within safe operating bounds.

To provide real-time feedback for training:

34.1 Touch sensors were placed on the fingertips and along key points of the pen. These provided
continuous values indicating contact pressure or binary activation, depending on configuration.

34.2 A quaternion-based orientation sensor tracked how far the pen had rotated during each episode.

3.43 A position sensor monitored the pen’s spatial location, allowing the system to detect drift or falls.

All sensor data were included in the observation space provided to the agent at every step, enabling data-driven
decision-making during learning.

3.5 Training Process
The training process was conducted within the custom Gym-compatible environment using PPO from stable-
baselines3. The steps were as follows:

1. Initialization: Both the environment and agent were initialized, with optional rendering enabled to
observe the simulation in real time.

2. Observation Space: Included joint position values (qpos), the pen’s orientation as a quaternion, and
values from eight touch sensors.

3. Action Space: Comprised seven control values corresponding to selected actuators controlling the key
fingers used in the task.

4, Episode Length: Each training episode was capped at 1,000 timesteps. Episodes terminated early if the
pen was dropped or successfully rotated.

5. Logging and Evaluation: Metrics including reward magnitude and orientation error were recorded at

100-step intervals. These logs were used to evaluate training quality and convergence trends.
Over time, the agent refined its movements, developing a smooth, repeatable control strategy for spinning the
pen with all five fingers.

3.6 Hyperparameter Settings

The following hyperparameters were used for PPO training, based on the best practices from OpenAl’s research
and fine-tuned during experimentation:

Hyperparameter Value

Policy Architecture MLP (3 layers)
Learning Rate 3e-4
Discount Factor (y) 0.99
GAE Lambda 0.95
Clip Range 0.2
Entropy Coefficient 0.01
Value Function Coefficient 0.5
Batch Size 2048
Epochs per Update 10
Timesteps per Iteration 8192
Total Timesteps 200,000+

These settings provided a solid training foundation for learning stable control behaviors in a complex, high-
dimensional task.
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IV. Development and Implementation
This section provides a detailed overview of how the reinforcement learning system was practically
developed and implemented for dexterous in-hand object manipulation using the Shadow Hand within the
MulJoCo simulation framework. It describes how the simulation environment was built using XML, how the
Python environment class was created to interface with PPO, and how training, logging, and evaluation were
carried out.

4.1 Custom XML and MuJoCo Modelling

The simulation model was carefully designed using MuJoCo’s extensible XML schema, which allows for
precise definition of complex robotic systems and their interactions with dynamic objects. A dedicated XML file
named shadow right hand.xml was created to represent the full Shadow Hand structure and pen object.

The model was composed of the following elements:

4.1.1  Shadow Hand Geometry: Each finger—including thumb (THJ), index (FFJ), middle (MFJ), ring
(RFJ), and little (LFJ)—was defined with multiple articulated joints, simulating realistic movement. Actuators
were linked to each joint to enable fine motor control.

4.1.2  Pen Object: A lightweight cylindrical pen was modelled with a free joint type, giving it six degrees of
freedom (6-DoF) for realistic translation and rotation.

4.1.3  Touch Sites: Virtual contact points were created at the fingertips and along three sections of the pen—
top, middle, and bottom. These used sensor type="touch" to register contact events during the simulation.

4.1.4  Tracking Sensors: Additional sensors, such as framepos (position) and framequat (orientation), were
included to monitor the pen’s spatial state in real-time.

This combination of physical realism and contact sensitivity allowed the environment to accurately capture the
nuances of in-hand manipulation, setting the foundation for robust policy training.

4.2 Python Environment Class

To interface with the MuJoCo simulation and enable reinforcement learning, a custom Gym- compatible
environment class named PenSpinEnv was developed in Python. The environment was built using the mujoco,
gymnasium, and numpy libraries, ensuring compatibility with common DRL pipelines.

The environment was structured as follows:

4.2.1  Observation Space: Consisted of joint position values (qpos), pen orientation encoded as a quaternion,
and binary touch sensor readings (8 values total).

422  Action Space: A 7-dimensional vector representing actuator commands for key joints in the thumb,
index, middle, ring, and little fingers.

4.2.3  Reset Function: Reinitialized the pen’s position and orientation at the start of each episode to ensure
varied learning conditions.

4.2.4  Step Function: Applied the received action vector, advanced the simulation by one step using MuJoCo
physics, and computed the reward based on contact detection and pen rotation phase.

This setup allowed for seamless integration with PPO, providing a clean, modular framework for training and
experimentation.

43 PPO Training Script

The learning process was implemented using the PPO algorithm from the stable-baselines3 library. The training
script was designed to load the environment, initiate the agent, and begin policy learning with logging and
checkpointing enabled.

Below is a simplified excerpt of the training loop:

model = PPO("MlipPolicy", PenSpinEnv(xml_path, render=True), verbose=1,
tensorboard_log=""./ppo_pen_spin/")

model.learn(total_timesteps=200000) model.save(''ppo_pen_spin_success')

Key aspects of the training design include:

43.1  Real-Time Monitoring: The MuJoCo viewer was activated during training to observe hand movement
and pen response.

4.3.2  Reward Calculation: The reward function evaluated contact sequences and the Z-axis orientation of
the pen at each phase of manipulation.

4.3.3  Success Criteria: A successful episode required approximately 180° rotation of the pen, while avoiding
object drift or drops.
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4.3.4  Failure Conditions: Episodes were terminated early if the pen dropped below a certain height (e.g., z <
0.01), indicating loss of control.

Training logs, including rewards, episode lengths, and performance metrics, were recorded in TensorBoard
format to support post-training analysis.

4.4 Visualization and Logging

Visualization and logging played a central role in tracking the model’s learning progress and diagnosing any
issues during development.

The Shadow Hand attempts to interact with the pen but fails to maintain grip or generate stable rotation. This
early behaviour illustrates the lack of coordinated finger control before PPO training.

Figure 4.4.1: Pre-Training Behavior (Initial Attempt)

Following training, the model demonstrates stable control and coordination across all fingers. The pen is rotated
to approximately 180°, showing learned dexterity and policy convergence.
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Figure 4.4.2: Post-Training Behavior (Successful Manipulation)

Key tools and methods included:

. MuJoCo Viewer: Used to visually observe every simulation step, helping validate that finger
movements aligned with expected behaviour.
. Console Logging: Printed updates at regular intervals, displaying the pen’s Z-angle and episode reward

every 100 steps to monitor progress.

. Quantitative Tracking:

o ep_rew_mean increased steadily from around 600 to over 32,000, indicating significant policy
improvement.

o The pen’s final Z-angle consistently approached 3.058 radians (~175°), reflecting near-complete
rotations.

o Average episode lengths stabilized around 960 steps, demonstrating model consistency.

o Key metrics such as explained variance and KL divergence were recorded to assess policy
convergence.

. Model Saving: Trained models were periodically saved in .zip format, allowing for reloading, fine-

tuning, or further evaluation. Successful policies were validated through simulation playback.
This systematic logging and feedback loop ensured that the learning process remained transparent and
manageable, enabling quick adjustments where necessary.
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PPO Training Reward Curve (ep_rew_mean)
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Figure 4.4.3 PPO Training Reward Curve(ep_rew_mean)

This carefully designed implementation pipeline brought together all the essential components required to train
and evaluate reinforcement learning policies for dexterous in-hand manipulation. From environment modelling
and sensor integration to policy training and logging, each phase of the system was validated through visual
inspection and reward trend analysis. As a result, the agent successfully learned to perform the pen spinning
task, demonstrating the effectiveness of the overall design and training strategy.

V. Results and Evaluation
This chapter provides a thorough assessment of the reinforcement learning model’s performance in
executing dexterous in-hand pen manipulation using the Shadow Hand in the MuJoCo environment. It presents
both quantitative metrics and qualitative insights from the training phase, including rotation precision, sensor
activations, and comparisons with baseline control.
The results highlight the effectiveness of the PPO algorithm in learning coordinated manipulation strategies.

5.1 Training Metrics and Reward Progression

The training process of the reinforcement learning agent was closely monitored using reward signals, rotation
accuracy, and convergence metrics recorded at regular intervals. To gain a deeper understanding of the learning
behaviour over time, performance was analysed across three distinct training phases.

Early Training Phase (0-10,000 Steps)

5.1.1  Reward Signal: Rewards fluctuated significantly between -4.0 and -0.8. This instability is typical of
early exploration, where the agent tries random actions without achieving meaningful outcomes.

5.1.2  Pen Rotation: Rotation angles remained between 1.5 and 2.2 radians (~86°-126°), indicating that
initial grasping and control were not yet effective.

5.1.3  Behaviour: The pen was frequently dropped due to poor grip coordination, and episodes often
terminated early as a result.

Mid Training Phase (10,000—40,000 Steps)

5.1.4  Reward Signal: The average episode reward increased from around 600 to over 8,000, signalling more
stable and meaningful behaviour.

5.1.5 Pen Rotation: The agent began achieving consistent rotations beyond 2.5 radians (~143°), with
improved alignment and torque application.

5.1.6  Coordination: Finger contacts started occurring earlier and in sequence, showing that the agent had
begun learning the phase-based manipulation strategy.

Final Training Phase (40,000—70,000+ Steps)

5.1.7  Reward Peak: The highest episode reward reached 18,007.53.

5.1.8  Reotation Precision: The pen reached a final Z-angle of 3.058 radians (~175°), nearing the target
rotation of & radians.
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5.1.9  Stability: The average reward (ep rew_mean) climbed to 32,600, and the episode length stabilized
around 963 steps — a sign of convergence and reliable performance.

PPO Training Reward Curve
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Figure 5.1: PPO Training Reward Curve

This figure shows the progression of the episode reward across training timesteps. A steady upward trend is
observed after ~50,000 steps, indicating policy convergence and increased task mastery.

PPO Training Metrics Snapshot

Metric Value

Explained Variance 0.134
e

Policy Gradient Loss -0.00534

Table 5.1: Sample PPO Training Metrics Snapshot

| Convergence Monitoring

To validate learning stability and understand how the model refined its policy over time, several core
convergence metrics were tracked:

a KL Divergence Monitoring

The KL divergence provides a measure of how drastically the updated policy deviates from the old policy. As
shown in Figure 5.2, the divergence remained low and stable throughout training, confirming that updates were
conservative, and policy learning was stable.

WWW.ijres.org 174 | Page



Reinforcement Learning for Robot Dexterous In-Hand Manipulation of Objects (Shadow Hand)

Figure 5.3: KL Divergence Over Training Timesteps
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Figure 5.1.2: KL Divergence Over Training Timesteps

ol

ad Entropy Loss Trends

Entropy reflects the randomness of the policy. A high entropy value early in training is desirable for exploration,
while decreasing entropy suggests convergence. Figure 5.1.3 shows that entropy dropped steadily, reflecting a
transition from exploration to exploitation as the policy matured.

Figure 5.4: Entropy Loss Over Time
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Figure 5.1.3: Entropy Loss Over Time

ol

| Value and Policy Loss

Both value loss and policy gradient loss were tracked to ensure that the model was learning meaningful value
estimates and policy refinements. In Figure 5.1.4, value loss steadily decreased, while policy loss converged to
near-zero levels, indicating stable and meaningful learning.
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1e6 Figure 5.5: Value and Policy Gradient Loss Over Time
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Figure 5.1.4: Value and Policy Gradient Loss Over Time

These plots validate the internal stability of the training process. They also demonstrate that the agent learned to
make fine-grained adjustments to its actions while reducing uncertainty and improving value estimation.

5.2 Pen Rotation Angle Accuracy

The primary goal of the task was to rotate the pen approximately 180 degrees around its vertical axis. The final
recorded orientation of 3.058 radians was close to the target value of  radians (3.14).

5.2.1  Target Z-Angle: 3.14 radians (~180°)

5.2.2  Achieved: 3.058 radians

5.2.3  Margin of Error: ~2.6%, which is considered acceptable given environmental noise and simulation
artifacts.

This accuracy was calculated using quaternion data from the framequat sensor located at the pen’s midpoint. The
reward function incentivized gradual alignment toward the target, with penalties for angular deviation or
reversed motion.

53 Sensor Touch Analysis

Touch sensor feedback played a central role in coordinating the agent’s behavior across each stage of the
manipulation sequence. The reward function was designed to encourage specific finger contacts at defined
phases of the episode.

Phase Expected Contact Reward Bonus
0.0-0.2 Index Finger — Pen Start +10
0.2-04 Thumb — Pen Middle/Start +10 to +15
0.4-0.6 Middle Finger — Pen Middle +10
0.6-0.8 Ring Finger — Pen End/Middle +10
0.8-1.0 Little Finger — Pen End +10

The model learned to follow this sequence with high consistency. Fingertip contact was aligned with the
intended motion, supporting smooth torque transfer and rotational momentum.
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Touch Sensor Activation Over Time
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Figure 5.3.1: Touch sensor activation for each fingertip during manipulation cycles
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Figure 5.3.2: Total touch contact heatmap per site (thumb, index, etc.)
5.4 Comparative Baseline Discussion

To rigorously assess the effectiveness of the reinforcement learning agent, multiple baselines were implemented
and evaluated against the PPO model trained in this study. The goal was to understand how various learning
setups and control strategies perform on the same in-hand pen manipulation task using the Shadow Hand in
MulJoCo. Four baseline scenarios were used for comparison:

1. Manual Scripted Control

2. Random Policy (No Learning)
3. PPO with Sparse Rewards Only
4. PPO Without Tactile Sensors

The key performance metrics compared across these setups include final rotation angle, episode completion rate,
stability, finger coordination, and adaptability.
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Final Z- Episode Reward

Model Variant Touch Coordination  Stability

Angle (Avg)

Manual Script ~1.8 radians ~600 Predefined, rigid High drop rate
Random Policy <1.0radians <100 Erratic or absent Unstable, fails early
Sparse Reward PPO  ~2.0 radians ~3.000 Poor phase-timing Slower convergence

. Inaccurate finger . .
No-Touch PPO ~2.5 radians ~6.500 . € Inconsistent episodes

alignment

Full PPO (Proposed 3.058 32,600+ Accurate and phase- Reliable (~97%
Model) radians - aligned success)

Manual Script Baseline

A manually coded control sequence was created to replicate approximate finger motions required for pen
spinning. Although it managed basic grasping, the script lacked the adaptive capability to correct for deviations
in pen position or orientation. As a result, it achieved only partial rotations (~1.8 radians) and exhibited a high
rate of pen drops. This approach also struggled with finger synchronization and could not respond to minor
disturbances.

Random Policy

To establish a performance lower bound, a completely untrained policy was tested. This agent sampled random
actuator commands at each timestep. It was unable to maintain grip or initiate any meaningful rotation. Rewards
remained close to zero, and episodes typically terminated early due to instability or loss of contact. This
confirms the necessity of structured learning for mastering such high-dimensional control tasks.

Sparse Reward PPO

In this configuration, the PPO agent was trained with a sparse reward function that only provided feedback at the
end of an episode upon successful pen rotation (Z-angle > 3.0 radians). This setup omitted the phase-based
shaping and intermediate sensor-driven bonuses used in the full model. As expected, the agent experienced
difficulty in credit assignment and learning convergence was slow. While some rotational progress was made
(~2.0 radians), the lack of frequent reward signals hindered consistent skill acquisition.

PPO Without Tactile Sensors

Here, the agent relied solely on proprioceptive feedback (joint states and pen orientation), with no tactile input
included in the observation or reward functions. Although the model achieved moderate rotation (~2.5 radians),
its timing and sequencing of finger contact were imprecise. The absence of touch information made it harder for
the agent to understand when the pen was securely grasped or slipping, leading to unstable control behavior and
lower overall rewards.

Full PPO Agent (Proposed Model)

The final PPO agent, trained with both phase-based reward shaping and tactile sensor feedback, consistently
outperformed all baselines. It achieved near-perfect 180° pen rotations (3.058 radians), maintained long and
stable episodes (~960 steps), and demonstrated precise, phase- aligned finger coordination. Its robustness and
generalization across varied initial conditions confirm the critical importance of structured tactile feedback and
intermediate shaping rewards.

Key Insight

This comparative analysis clearly demonstrates that:

. Tactile feedback is essential for reliable timing and nuanced grip adjustment.

. Phase-based reward shaping accelerates learning, especially in sequential control tasks.

. Sparse rewards or random actions are insufficient for mastering dexterous tasks in high-DoF
environments.

These results underline the effectiveness of the designed PPO architecture in tackling real-world- inspired
manipulation challenges and establish a strong baseline for future research in robotic dexterity.

5.5 Quantitative Results Summary
The final model demonstrated strong, repeatable performance across episodes, with metrics indicating reliable

WWW.ijres.org 178 | Page



Reinforcement Learning for Robot Dexterous In-Hand Manipulation of Objects (Shadow Hand)

task mastery:

5.5.1  Max Episode Reward: 18,007.53

5.5.2  Average Reward: ~32,600

5.5.3  Pen Rotation Success: ~97% of episodes reached Z-angle > 2.9 radians
5.54  Touch Accuracy: >90% sensor activation during correct phase

5.5.5  Episode Length: ~960 steps (indicates consistent progression)

These outcomes align with current benchmarks in high-dimensional robotic manipulation and confirm the
efficacy of PPO in learning complex in-hand control behaviours guided by tactile feedback.

Table 5.5: Final Quantitative Evaluation Metrics

Metric Value
Final Z-Angle 3.058 radians
Episode Reward Peak 18,007.53
Mean Reward 32,600
Episode Length ~960 steps
Touch Accuracy >90%

This table reinforces the reliability and performance of the trained policy. The model consistently achieved near-
180° rotation, maintained long and stable episodes, and demonstrated precise, phase-aligned sensor contact.

Evaluation Summary: PPO Training Metrics

— Episode Reward Mean
25000} =~ Fin-al Z-Angle (radians)
-+ Episode Length
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g
§ 15000
R
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s
10000
5000
0 E

Evaluation Checkpoints (every ~5k timesteps)

Figure 5.5.1: Evaluation Summary Graph — PPO Performance Over Training

This graph presents key training metrics over multiple evaluation checkpoints. The episode reward shows steady
improvement with decreasing variance. Z-angle trends towards the 180° goal, and episode length stabilizes,
indicating policy convergence and task mastery.

5.6 Statistical Evaluation:

To ensure the generalizability and robustness of the learned policy, three independent PPO training runs were
conducted using different random seeds. All runs used the same reward structure, observation/action spaces, and
hyperparameters. The goal was to verify whether the agent consistently achieved successful in-hand rotation
regardless of initialization.
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Aggregated Results Across Seeds

Metric Run 1 Run 2 Run 3 Mean + Std
Final Z-Angle (radians) 3.058 3.172 3.123 3.118 = 0.047
Episode Reward 18,007.53 19,000.12 17,879.34 18,295 + 487
Episode Length (steps) 963 956 960 960 = 3.6
Touch Accuracy (%) 90.2 91.5 89.8 920.5+£0.7

Table 5.6: Statistical Performance Metrics across Three Training Seeds

These results demonstrate high reliability of the PPO agent under different training conditions. The agent
consistently achieved near-180° rotations, with minimal episode variance and consistently accurate tactile
feedback across all five fingers.

Figure 5.6: Summary of Statistical Results Across Multiple Training Seeds
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Figure 5.6.1: Summary of Statistical Results Across Multiple Training Seeds

This chart compares the mean reward, final Z-angle, and episode length for three independent training seeds. The
results indicate low variance, confirming the PPO agent’s generalization capability

VI. Evaluation and Conclusion
This chapter reflects on the key outcomes of the project and provides a critical evaluation of the
system’s performance across design, training, and task execution. It highlights both the accomplishments and
limitations encountered and proposes future directions to build upon the current work in the realm of
reinforcement learning for dexterous robotic manipulation.

6.1 Summary of Achievements

This project successfully demonstrated how reinforcement learning can be applied to train a robotic hand to
perform intricate in-hand manipulation tasks. Using Proximal Policy Optimization (PPO) and the MuJoCo
simulation platform, a custom environment was built where the Shadow Hand learned to grasp and rotate a
pen with precision. Key accomplishments include:

6.1.1  Simulation Design: A fully functional, custom MuJoCo environment was developed, featuring a high-
DoF Shadow Hand and a cylindrical pen. Touch and orientation sensors were integrated to provide real-time
feedback for learning and evaluation.

6.1.2 PPO Agent Implementation: Leveraging the Stable-Baselines3 library, the agent was trained over
70,000+ timesteps using a dense reward function and phase-specific contact signals to shape policy behaviour.
6.1.3  Successful Task Completion: The agent consistently achieved over 175° of pen rotation around the Z-
axis. Finger coordination and phase-aligned contact showed a high degree of temporal and spatial precision.
6.1.4  Quantitative Highlights:
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6.1.4.1 Max Episode Reward: 18,007+

6.1.4.2 Final Z-Angle: 3.058 radians (~175°)

6.1.4.3 Touch Accuracy: Over 90% alignment with expected contact phases

6.1.44 Performance: Significant improvement over manual baseline controls These results validate the
original hypothesis: a well-structured environment, reinforced by

tactile feedback and phase-based rewards, enables PPO to learn nuanced manipulation strategies in high-
dimensional robotic tasks.

6.2 Challenges Encountered

Despite the progress made, the project faced several technical and methodological challenges:

6.2.1  Sensor Calibration Issues: In carly development stages, some touch sensors were misaligned,
resulting in noisy or inconsistent contact feedback. This required manual adjustment of sensor site locations and
radii within the XML model.

6.2.2  Pen Stability and Drift: The pen occasionally drifted from the palm or fell prematurely due to
imbalanced force application. This introduced instability, which was later mitigated by penalizing large
displacements and drops in the reward function.

6.2.3  Sparse Rewards Without Shaping: Initial training attempts using sparse rewards showed poor
learning behaviour. Only after implementing structured, phase-based shaping did the agent begin to learn
effective motion strategies.

6.24  Computational Constraints: Real-time MuJoCo rendering and PPO training proved resource
intensive. Limited GPU/CPU availability restricted the scale of experiments and training duration.

6.2.5 Baseline Comparison Complexity: Manual control scripts lacked flexibility, making them difficult to
benchmark fairly against the adaptive behaviour of the trained agent. The RL model’s responsiveness
highlighted the limitations of preprogrammed motions.

6.3 Opportunities for Extension

The work completed in this project provides a solid foundation for further research into dexterous robotic
manipulation using reinforcement learning. While the current system demonstrates the viability of using
Proximal Policy Optimization (PPO) for in-hand pen rotation in a simulated environment, several opportunities
exist for extending the project in meaningful directions. These extensions span algorithmic experimentation,
enhanced realism for sim-to-real transfer, and system generalization for real-world deployment.

Alternative Reinforcement Learning Algorithms

While PPO was selected for its balance between performance and training stability, future work could
investigate the impact of other reinforcement learning algorithms. Methods like Soft Actor-Critic (SAC) and
Deep Deterministic Policy Gradient (DDPG) are known for their sample efficiency and performance in
continuous control settings. Conducting comparative studies under identical task conditions could provide
valuable insights into how different learning paradigms affect convergence speed, reward variance, and policy
robustness in high- dimensional, contact-rich environments like the Shadow Hand.

Sim-to-Real Transfer with Domain Randomization

The project’s current focus is confined to simulation. Bridging the gap to real-world deployment requires the
implementation of domain randomization — a widely used sim-to-real technique where simulation parameters
are intentionally varied to prevent the agent from overfitting to a fixed environment. The following aspects can
be randomized:

6.3.1  Object mass and inertia (e.g., pen weight),

6.3.2  Friction coefficients between the pen and fingers,

6.3.3  Visual textures, backgrounds, and lighting conditions,

6.3.4  Sensor noise and actuator delay.

This helps the model learn to generalize its behaviour despite environmental variability, making it better suited
for real-world application.

This diagram outlines the key stages in the Sim-to-Real transfer process. It demonstrates how the trained policy
transitions from a simulated MuJoCo environment to deployment on the physical Shadow Hand. The pipeline
includes domain randomization during training, sensor and actuator noise modeling, simulated delays, and fine-
tuning strategies to bridge the simulation-to-reality gap.
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Figure 6.3.1: Sim-to-Real Transfer Framework for Shadow Hand Policy

Sensor and Actuator Noise Modelling

To emulate the imperfections of real robotic systems, sensor and actuator noise should be explicitly modelled
in the simulation. This can be achieved by:

6.3.5 Introducing Gaussian or spike noise into touch sensors and joint encoders,

6.3.6  Simulating latency or signal delay in actuator commands,

6.3.7  Adding jitter or missing frames to sensor outputs.

These adjustments force the policy to become robust to real-world signal imperfections and unstable feedback
loops, both of which are common challenges in hardware deployments.

Simulated Delay Injection for Real-Time Control

In the real world, control signals and sensory feedback are not instantaneous. Simulating control loop delays
during training allows the policy to learn strategies that account for actuation lag and perceptual latency. By
incorporating time-shifted actions and delayed observations, the model becomes more tolerant of real-time
operating conditions where precise timing may not be guaranteed.

Feasibility of Real-World Deployment on Shadow Hand

The goal of this research is to enable real-world deployment of the learned policy on a physical Shadow
Hand. The robotic hand used in simulation mirrors the mechanical design of the physical device available from
manufacturers. However, transferring a policy from simulation to reality requires:

6.3.8  Fine-tuning the model using real sensor feedback via techniques such as transfer learning or offline
RL,

6.3.9  Applying safety constraints to avoid damage during early trials,

6.3.10 Ensuring calibration between simulated and real actuator ranges.

Although hardware deployment was beyond this project’s scope, the trained model demonstrates stable control
patterns that could be used as a baseline for real-world testing.

Multi-Object and Tool-Based Manipulation

Another extension involves generalizing the task from single object spinning to multi-object manipulation or
tool use. This could involve learning to grasp and hand over objects, spin irregular shapes, or manipulate tools
with fine-grained precision. These tasks demand broader generalization capabilities and enhance tactile
intelligence from the agent.

Visual Feedback and Closed-Loop Perception

Adding visual input (e.g., RGB or depth cameras) would allow the agent to make decisions based not just on
proprioception and touch but also on spatial awareness. Combining vision with tactile sensing could lead to
more accurate and adaptable behaviours in cluttered or dynamic environments. Integrating vision requires
redesigning the observation space and training perception-aware policies using multi-modal fusion techniques.

Adaptive and Compliant Control Strategies

Currently, the control strategy uses fixed stiffness in joint actuation. However, introducing adaptive stiffness
control, variable compliance, or model-predictive controllers (MPCs) could make the policy more human-like
in its movements. These enhancements would help the system manipulate soft, fragile, or deformable objects an
important requirement for real-world service robotics.

Conclusion

By extending the current project in these directions, it is possible to enhance not only the robustness and
generalizability of the learned policies but also move closer to real-world deployment. These improvements will
allow reinforcement learning-based controllers to perform more complex, sensitive, and safe in-hand
manipulation tasks across both simulated and real robotic platforms.
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