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Assignment 3: Quadrupedal Locomotion

• Quadrupedal Locomotion using Unitree Go-2
• Task 1: Implement your PPO
• Task II: Quadrupedal Robots – Stand Up
• Task III: Quadrupedal Robots – Move

• Each student needs to do this part 
independently, real experiments will be done in 
groups.

• Release date: 4/30 Wednesday evening
• Due date: 5/14 Wednesday 11:59PM



Locomotion



Frameworks – End-to-End Learning

• Why robotics researcher always use PPO?

• In highly dynamic tasks, the Q-function requires in SAC / DDPG / … 
exhibits sharp variations with respect to changes in action.

• With parallel simulation, sample-efficiency of on-policy methods is 
no-longer a problem.



Frameworks – Curriculum Learning

Example 1: Terrain traverse



Frameworks – Curriculum Learning

Example 2: Obstacle avoidance Example 3: Fast moving



Learning Frameworks – Hierarchical Learning

Skill Library

Example 2: Terrain traverse (vision-based)



Learning Frameworks – Privileged Learning 

• Why some privilege information (linear velocity, base height) so important?

• Imaging a dog jumping over a gap
• Actually, the dog does not know where it is with only proprioception

• Some analysis
Where am I?

balance recovery           trotting                  bounding   



Learning Frameworks – Privileged Learning 

Teacher policy 
(based on height map)

Student policy 
(based on ego depth)

Critic input Actor input

Example 1: Policy Distill Example 2: Asymmetric Actor-Critic



Example of Locomanipulation: QuadWBG



QuadWBG - Locomotion

5D Command Locomotion
• linear velocity (x, y)
• yaw velocity

• height position (z)

• pitch position
Whole-body awareness

• randomize ee pose while training



QuadWBG - Perception

Off-the-shelf Module
• Xmen for tracking
• ASGrasp for grasp detection



QuadWBG - Manipulation

Differential IK and online planning
• Continuous and smooth motion
• Adaptative to unexpected movements

Parameterized tracking sphere

• Minimize motion blur on image
• Reduce loss of tracking

Reachability-based mode switching

• Statistics-based, accurate and stable



QuadWBG – High-level Planner



QuadWBG – High-level Planner

Observation Dimension

goal pose 12

gravity vector 3

joint position 18

last action 5

Action Dimension

base height 1

base pitch 1

base linear velocity (x, y) 2

base yaw velocity 1

d!"#$: filtered base 6D pose distribution in TCP frame

State Action

Reward



Other Exemplar Works

Robust to terrain
(only proprioception)

[Lee, Joonho, et al. 2020] 

Robust to terrain
(perceive env by vision,radar)

[TAKAHIRO MIKI et al. 2022] 



Other Exemplar Works

Learn fast
[Nikita Rudin et al. 2020] 

Robust to a fall
[Lee, Joonho, et al. 2019] 



Other Exemplar Works

Downstream topic: mobile manipulation [Mayank Mittal et al. 2022] 

Downstream application: goalkeeper [Huang, Xiaoyu, et al. 2022] 



Other Exemplar Works

Avoid obstacles
[Ruihan Yang et al. 2022] 

Move naturally 
[Alejandro Escontrela et al. 2022] 



Challenge and Recent Works



• End-to-end RL (PPO)
• Input
• proprioceptive states
• Temporal depth images

• Output
• Action distribution or value

Method



Results in Simulation

Visualization Depth observation



Results in Real World

Indoor Outdoor 



From Quadrupedal to Bipedal

• Key differences 

Aspect Quadrupedal Bipedal

Structure Low center-of-mass
Small DOF

High center-of-mass
Large DOF

Complex contact modelling of feet 

Learning Traditional MPC / RL methods Imitate mocap data (reference)
Focus more on balancing

Task Rough terrain traversal
Load carrying

Human-like tasks:
Loco-manipulation

Dance



Bipedal – Use Reference Motion



Bipedal – Use Reference Motion



Bipedal – Loco-Manipulation



Bipedal – Contact Handling



Sim-to-real

• Ways to mitigate sim-to-real gap
• Reward design

• Action smoothness, action rate
• Domain Randomization

• Dynamics: center of mass, mass, friction

• Other: latency, image augmentation
• Domain Adaptation
• System Identification

• Model actuator dynamics with real data

• Better contact model in simulation



• Open-source is a problem

• Many companies don’t open algorithm

• Hard to reimplement even if open-sourced algorithm

• Both MPC and RL needs careful tuning

• Each gait needs to tune a model (especially for MPC)

• Robustness issue and sim-to-real gap

Difficulty



Future Directions

• Combining control and learning
• Using trajectory planner to guide the low-level RL-based controller
• Using RL to calculate reference key points (e.g. foothold location) for MPC

• …

• Better Training Strategy
• Make training robust to the coefficients of reward terms

• Safety
• Safe RL

• Mobile-manipulation
• Make upper-body better coordinate with lower-body



Additional Resources

• Codebase
• Unitree RL GYM: https://github.com/unitreerobotics/unitree_rl_gym
• Legged GYM: https://github.com/leggedrobotics/legged_gym
• MuJoCo Playground: https://github.com/google-deepmind/mujoco_playground

• Papers
• Quadrupedal Locomotion

• Learning-based legged locomotion: state of the art and future perspectives

• Learning to Walk in Minutes Using Massively Parallel Deep Reinforcement Learning
• DreamWaQ: Learning Robust Quadrupedal Locomotion With Implicit Terrain Imagination via 

Deep Reinforcement Learning
• Legged Locomotion in Challenging Terrains using Egocentric Vision
• ANYmal Parkour: Learning Agile Navigation for Quadrupedal Robots

• Walk These Ways: Tuning Robot Control for Generalization with Multiplicity of Behavior

https://github.com/unitreerobotics/unitree_rl_gym
https://github.com/leggedrobotics/legged_gym
https://github.com/google-deepmind/mujoco_playground


Additional Resources

• Papers
• Quadrupedal Locomotion

• Learning quadrupedal locomotion on deformable terrain

• Data Efficient Reinforcement Learning for Legged Robots

• Quadrupedal Loco-Manipulation
• Visual Whole-Body Control for Legged Loco-Manipulation

• Bipedal Locomotion
• Deep Reinforcement Learning for Bipedal Locomotion: A Brief Survey
• ExBody2: Advanced Expressive Humanoid Whole-Body Control
• Reinforcement Learning for Versatile, Dynamic, and Robust Bipedal Locomotion 

Control
• Toward Understanding Key Estimation in Learning Robust Humanoid Locomotion
• Berkeley Humanoid: A Research Platform for Learning-based Control



Gripper Manipulation



Learning 6DoF Grasping Using Reward-Consistent Demonstration

• On-policy
• The grasping task is divided into consecutive stages: 
• Orienting the end-effector, approaching the target, and closing the gripper
• To simplify the reward design, and make it easy for humans to control the 

robot

D. Kawakami, R. Ishikawa, M. Roxas, Y. Sato, and T. Oishi. Learning 6dof grasping using reward-consistent demonstration. ICRA 2021.
35



Learning 6DoF Grasping Using Reward-Consistent Demonstration

• A different RL model is trained for each stage
• Imitation learning method: Generative 

adversarial imitation learning (GAIL)
• Learning algorithm: PPO 
• Policy network:

36



QT-Opt: Scalable Deep Reinforcement Learning for Vision-Based 
Robotic Manipulation

• Large-scale distributed optimization 
+ QT-Opt (Q-learning algorithm)
• Stage: 
• a. Train a model entirely offline, 

using the already collected data
• b. Then deploy and finetune that 

model on the real robot, further 
training it on newly collected 
data

D. Kalashnikov, A. Irpan, P. Pastor, J. Ibarz, A. Herzog, E. Jang, D. Quillen, E. Holly, M. Kalakrishnan, V. Vanhoucke, and S. Levine. QT-Opt: Scalable 
Deep Reinforcement Learning for Vision-Based Robotic Manipulation. CoRL 2018. 37

Seven robots collecting grasp data



QT-Opt
Distributed RL infrastructure for QT-Opt
• State-action-reward tuples are loaded from an offline data stored and pushed 

from online real robot collection. 
• Bellman update jobs sample transitions and generate training examples, while 

training threads update the Q-function parameters.

38



QT-Opt
The architecture of grasping Q-Function
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Goal-auxiliary actor-critic for 6D robotic grasping with point 
clouds (GA-DDPG)

L. Wang, Y. Xiang , W. Yang , A. Mousavian, and D. Fox. Goal-auxiliary actor-critic for 6D robotic grasping with point clouds. CoRL 2021. 

Learning a closed-loop policy for 6D robotic grasping
• Off-policy

40



GA-DDPG

Deep Deterministic Policy Gradient (DDPG)
• Actor-critic algorithm
• Actor: learn the policy πθ(s)
• Critic: approximate the Q-function Qφ(s, a)
• Replay buffer: D = {(s, a, r, s0)}, examples sampled from it are used to 

optimize the actor and critic alternately
• Minimize: 

• The deterministic policy πθ is trained to maximize the learned Q-function 
with

41



GA-DDPG
6D Grasping Policy From Point Clouds
• Goal: 

learn a 6D grasping policy π : st → at (map the state st at time t to an 
action at)

• Action:  
the 3D translation and the 3D rotation of the robot end-effector

• State: 
3D point clouds of objects

42



GA-DDPG
Demonstrations from a Joint Motion and Grasp Planner
• Expert
• Optimization-based Motion and Grasp Planner (OMG Planner)
• Given a planning scene and a set of pre-defined grasps on a target object 

from a grasp planner, the OMG Planner plans a trajectory of the robot to 
grasp the object

• Construct an offline dataset of demonstrations Dexpert

43



GA-DDPG
Behavior Cloning and DAGGER
• Train a policy network πθ by applying Behavior Cloning (BC) to predict an 

action from a state
• Loss: 
• Point matching loss
• Jointly optimize translation and rotation

• DAGGER:
• Augment supervisions for rollouts from the learner
• Construct a dataset Ddagger

44



GA-DDPG
Goal-Auxiliary DDPG
• To handle contact-rich scenarios that are rare in the expert trajectories
• Improve the policy learning by combining RL with expert demonstrations
• Construct a dataset for DDPG Dddpg

• Similar to DAGGER, collect on-policy data for DDPG training
• Difference: do not have expert demonstration for the action and goal for a 

state from the learner policy. Instead, we first find the nearest goal from a 
goal set G by                                               . Then the heuristic goal for st
is 

• The replay buffer of DDPG training: D = Dexpert ∪ Ddagger ∪ Dddpg

45



GA-DDPG
Goal-Auxiliary Actor-Critic Network

46



Non-prehensile Manipulation



Juan Del Aguila Ferrandis, João Moura, Sethu Vijayakumar. Nonprehensile Planar Manipulation through Reinforcement Learning
with Multimodal Categorical Exploration. IROS 2023.

• Parameterization: obs (x,y,θ) goal (x,y,θ) action (x,y,vx,vy)
• Solution: Goal-conditioned State-based RL

Planar Pushing

Observation and action 

https://arxiv.org/search/cs?searchtype=author&query=Del+Aguila+Ferrandis,+J
https://arxiv.org/search/cs?searchtype=author&query=Moura,+J
https://arxiv.org/search/cs?searchtype=author&query=Vijayakumar,+S


• Motivation: Utilize the external environment to help grasping 
• Solution: Goal-conditioned state-based RL + OSC control

Extrinsic Dexterity

Wenxuan Zhou, David Held.  Learning to Grasp the Ungraspable with Emergent Extrinsic Dexterity. CoRL 2022.



• Skill: Parameterized Force-Velocity Controller
• Perception + Task Planning
• Limitation: Predefined skills for known instances 

Non-prehensile Manipulation via Task Planning

Jacky Liang, Xianyi Cheng, Oliver Kroemer. Learning Preconditions of Hybrid Force-Velocity Controllers for Contact-Rich Manipulation. CoRL 2022.



• Previous works:
• Instance-level
• State-based policy

• Recent Trend
• Vision-based policy
• Generalization on Unseen Objects
• 6D: Arbitrary Stable Goal Pose

Generalizable 6D Non-prehensile Manipulation

Wenxuan Zhou, Bowen Jiang, Fan Yang, Chris Paxton, David Held. Learning Hybrid Actor-Critic Maps for 6D Non-Prehensile Manipulation. CoRL 2023.



• Action Parameterization: contact point and pushing direction
• High-level idea: Learning the action map via RL
• Challenges: Action space contains both discrete part (contact point)  

and continuous part (pushing direction)

HACMan

Wenxuan Zhou, Bowen Jiang, Fan Yang, Chris Paxton, David Held. Learning Hybrid Actor-Critic Maps for 6D Non-Prehensile Manipulation. CoRL 2023.



• Input: Point cloud + Goal Flow + Mask
• Concat critic feature with actor map (motion parameter)
• Argmax critic value for choosing the action

HACMan

Wenxuan Zhou, Bowen Jiang, Fan Yang, Chris Paxton, David Held. Learning Hybrid Actor-Critic Maps for 6D Non-Prehensile Manipulation. CoRL 2023.



• Advantage: Generalization across unseen objects
• Limitation: 
• leveraging motion primitive à cannot achieve continuous and 

smooth action
• Cannot generalize to different table friction

HACMan

Wenxuan Zhou, Bowen Jiang, Fan Yang, Chris Paxton, David Held. Learning Hybrid Actor-Critic Maps for 6D Non-Prehensile Manipulation. CoRL 2023.



ICLR 2024

Closed-loop Non-prehensile Manipulation Policy 

ArXiv 2025



Dexterous Manipulation



Suction-type gripper Parallel gripper Dexterous hand

Introduction: Different Type of Grippers



• Grasping

• Object relocation 

• In-hand manipulation

• Tool use

• Harmers, scissors … 

Introduction: Manipulation Tasks

Only Dexterous hand has the potential 

for complex manipulation tasks



Shadow hand 

Hardware Example: Shadow Hand



Hardware Example: Shadow Hand



• Sample inefficient for RL algorithms

• Extreme high Degree-of-Freedom (e.g., 20 to 30 DoF)

Challenge 1: Sample Inefficient



RL for continuous Control

Rajeswaran, Aravind, et al. "Learning complex dexterous manipulation with deep reinforcement learning and demonstrations." arXiv preprint arXiv:1709.10087 (2017).



• Sample inefficient for RL algorithms

• Visual observation

• High dimension (>1000 dim) and partial

• Hard to learn vision backbone

Challenge 2: Visual Observation

small backbone: 
no enough capacity

large backbone: 
hard to optimize



• Sample inefficient for RL algorithms

• Visual observation

• Sim-to-real gap

• Directly learn in real world is unaffordable

• Contact-rich task is hard for accurate simulation

Challenge 3: Sim-to-Real Gap 



Sim-to-Real Gap

Google robot “farm” Simulation 
(Isaac Gym)
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Research on Dexterous Grasping

R-AL 2021

ICRA 2023



• Challenge 1: sample inefficient
• RL + Imitation learning
• …

• Challenge 2: visual observation
• Teacher-student distillation
• …

• Challenge 3: sim-to-real gap
• Domain randomization
• Model-based RL
• …

Dexterous Manipulation



Topic 1: RL + IL

Rajeswaran, Aravind, et al. "Learning complex dexterous manipulation with deep reinforcement learning and demonstrations." arXiv preprint arXiv:1709.10087 (2017).



Results in simulation

Rajeswaran, Aravind, et al. "Learning complex dexterous manipulation with deep reinforcement learning and demonstrations." arXiv preprint arXiv:1709.10087 (2017).



Only RL or Only IL

Rajeswaran, Aravind, et al. "Learning complex dexterous manipulation with deep reinforcement learning and demonstrations." arXiv preprint arXiv:1709.10087 (2017).

Model-free policy gradient Behavior cloning



DAPG: Policy Gradient + Imitation

Rajeswaran, Aravind, et al. "Learning complex dexterous manipulation with deep reinforcement learning and demonstrations." arXiv preprint arXiv:1709.10087 (2017).



DAPG Benefits
Better quality and more “human-like” motions

Rajeswaran, Aravind, et al. "Learning complex dexterous manipulation with deep reinforcement learning and demonstrations." arXiv preprint arXiv:1709.10087 (2017).



DAPG Benefits
More robust to perturbations in the environment

Rajeswaran, Aravind, et al. "Learning complex dexterous manipulation with deep reinforcement learning and demonstrations." arXiv preprint arXiv:1709.10087 (2017).



Topic 2: Teacher-Student Distillation

Chen, Tao, Jie Xu, and Pulkit Agrawal. "A system for general in-hand object re-orientation." Conference on Robot Learning. PMLR, 2022.



Comparison with Prior Work

Chen, Tao, Jie Xu, and Pulkit Agrawal. "A system for general in-hand object re-orientation." Conference on Robot Learning. PMLR, 2022.

Their work



State-based RL

Chen, Tao, Jie Xu, and Pulkit Agrawal. "A system for general in-hand object re-orientation." Conference on Robot Learning. PMLR, 2022.



State-based Teacher-Student

Chen, Tao, Jie Xu, and Pulkit Agrawal. "A system for general in-hand object re-orientation." Conference on Robot Learning. PMLR, 2022.



Experiment

Chen, Tao, Jie Xu, and Pulkit Agrawal. "A system for general in-hand object re-orientation." Conference on Robot Learning. PMLR, 2022.



Vision-based Student

Chen, Tao, Jie Xu, and Pulkit Agrawal. "A system for general in-hand object re-orientation." Conference on Robot Learning. PMLR, 2022.



Vision-based Student

Chen, Tao, Jie Xu, and Pulkit Agrawal. "A system for general in-hand object re-orientation." Conference on Robot Learning. PMLR, 2022.



Experiment

Chen, Tao, Jie Xu, and Pulkit Agrawal. "A system for general in-hand object re-orientation." Conference on Robot Learning. PMLR, 2022.



Hand faces upward -> Hand faces downward 

Chen, Tao, Jie Xu, and Pulkit Agrawal. "A system for general in-hand object re-orientation." Conference on Robot Learning. PMLR, 2022.



Experiment



Embodied Perception and InteraCtion Lab Fall 2024

Robot Vision and Learning
— From a Perspective of Embodied AI

Next week: Lecture 13, Robotic Tasks III


