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Scores

•Mean: 74.2
•Median: 76.0
• Highest: 95



• Object Pose Estimation from Point Cloud Observations 
• Approach 1: direct regression 
• Approach 2: fitting 

• Motion plan to grasp 
• Each student needs to do this part independently,    

real experiments will be done in groups. 

• Release date: 4/14 Monday 
• Due date: 4/30 Wednesday 11:59PM (tonight)

Logistics: Assignment 2



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 (tonight)
• Due date: 5/14 Wednesday 11:59PM



Final Project

• Quadrupedal Locomotion using Unitree Go-2
• Galbot Pick and Place
• Galbot transfer the object to the box on the back of Go-2
•
• Release date: 5/14 Wednesday 11:59PM

• Real experiments will be done in groups.
• Temporary date: 6/2 Wednesday 3:10 – 6:00PM



Problems in RL



Off-Policy RL
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Policy Gradient is On-policy
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Can we remove the on-policy assumption in AC?
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What if we use off-policy data in AC?
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Fixing the value function

𝒂 depends on 𝝅，𝒔! also depends on 𝝅！ Only 𝒂! depends on 𝝅 !
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Fixing the policy update
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What else is left?
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Off-policy Learning & Importance Sampling
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Off-policy Policy Gradient
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First-order Approximation of Importance Sampling



• Recall that we ignore the state distribution mismatch between 𝜋! and 𝜋!!"#.

• If directly optimize 𝐽(𝜃), "$
"!"#

will become larger and larger, and thus cause 

significant distribution change.
• Distribution change may lead policy network performance much worse
• Policy sample bad actions, lead to worse policy.
• Training collapsed!
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Problem of Importance Sampling



• TRPO: Optimize mean reward on a constraint (use importance sampling)

• Intuition: 𝜋! shouldn’t change too much within s single step. 
• Equals to change the step length in every step, avoiding training collapse.
• It can be proved that the return is monotonous.

• TRPO uses hard constraints to control the change. 
• monotonous -> local minima
• complicate math

18

TRPO

• Schulman, John, et al. "Trust region policy optimization." International conference on machine learning. PMLR, 2015.
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TRPO

• How to optimize

• Step 1: Taylor expand the objective and constraint to leading order around 𝜃!.

• Step 2: Use Lagrangian duality and yield the solution.
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TRPO

• Step 3: Due to the approximation errors introduced by the Taylor 
expansion, KL constraint may not be satisfied.
• Use backtracking line search. 𝛼# is the smallest nonnegative integer such 

that 𝜋!%&' satisfied KL constraint.

• Step 4: Solve 𝐻$%𝑔 is very expensive. 
• Use conjugate gradient to solve 𝐻𝑥 = 𝑔, and use 𝑥 as 𝐻$%𝑔.

• https://en.wikipedia.org/wiki/Conjugate_gradient_method
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TRPO – Algorithm

We will talk about it later 
in PPO

Backtracking line search

Value update
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PPO

• Following TRPO’s intuition, PPO provides two methods to constraint 
policy distribution’s change using the first-order algorithm.
• Clipped surrogate objective 
• Adaptive KL penalty coefficient

• Soft constraint
• Trade-off: reward monotonous and policy randomness

• Schulman, John, et al. "Proximal policy optimization algorithms." arXiv preprint arXiv:1707.06347.
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PPO – Clipped Surrogate Objective 

• Clip the probability ratio to range [1 − 𝜖, 1 + 𝜖]

• Condition 1: 𝐴$!" is positive. • Condition 2: 𝐴$!" is negative. 
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PPO – Adaptive KL Penalty Coefficient

• KL constraint in TRPO is hard to apply.
• Adaptive KL penalty coefficient has similar effect.

• Adaptive KL can be alternative to clipped surrogate objective.

• Achieve some target value of KL divergence 𝑑%&'(.
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PPO – Generalized Advantage Estimation (GAE)

• Schulman, John, et al. "High-dimensional continuous control using generalized advantage estimation." arXiv preprint arXiv:1506.02438 .

• Key idea: balances bias and variance in advantage estimation by 
combining multiple truncated advantage estimates.

• Combines these estimates with weights with 𝜔) = 𝜆)*+

equals to



26

PPO Algorithm

Usually use GAE here

Value update



Implementation Tricks of PPO
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• https://zhuanlan.zhihu.com/p/512327050

• https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details

• Engstrom, Logan, et al. “Implementation matters in deep policy gradients: A case study on PPO and TRPO.” arXiv preprint arXiv:2005.12729.

https://zhuanlan.zhihu.com/p/512327050
https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/
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PPO – Update tricks

• In practice, 𝐾 shouldn’t be too large, otherwise the distribution
mismatch would be large.
• Mini-batch: In each epoch, we divide buffer into several mini-batches

(similar to batch gradient decent).
• Too large mini-batch: stack in local minima
• Too small mini-batch: noisy gradient
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PPO – Hyperparameter

• Comparison between 
different implementations 
and hyperparameters

• Hyperparameter used in 
quadrupedal robot 
locomotion task 
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PPO – Normalization / Scaling

• Advantage normalization: 𝐴"#$%& = '! ()"

*"
# + ,

• Only used in training time
• Normalize in a minibatch
• When the value function is not well trained, it helps 𝐴" center around 0.

• State normalization : 𝑠"#$%& = -! ()$%&

*$%&# + ,

• Need to restore the running mean of states and use it in test time.
• Similar to Batch-Norm, it helps with training.

• Reward scaling : 𝑟"-./01 =
%!

*$%&# + ,

• Scaled reward makes value function 𝑉2(𝑠") training easier.
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PPO – Initialization & Activation
• Orthogonal Initialization
• Step 1: Gaussian distribution( 𝜇 = 0, 𝜎 = 1) initialize W.
• Step 2: Apply SVD, 𝑊 = 𝑈3𝐷𝑉, V → W. W is an orthogonal matrix.
• Engstrom, Ilyas, et al., (2020) find orthogonal initialization to outperform

the default Xavier initialization.
• Andrychowicz, et al. (2021) find centering the action distribution around 0

(i.e., initialize the policy output layer weights with 0.01”) to be beneficial
• Tanh activation
• use Tanh activation instead of ReLU (PPO original paper)
• only 2 or 3 hidden layer MLP, gradient vanishing may not have significant

damage.

https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/
https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/
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Pros and Cons 

• Pros:
• Better sample efficiency
• Importance sampling, minibatch

• More stable training and better performance
• Clipped surrogate objective, adaptive KL, other implemental tricks

• Simpler math than TRPO
• Cons:
• Still poor sample efficiency compared with off-policy RL algorithm

• Need to train in simulator, has domain gap to real-world environment
• Many task-specific tricks

• Carefully choose hyperparameters



Further Reading and Practice

OpenAI Tutorial to RL
https://spinningup.openai.com/en/latest/user/introduction.html

https://spinningup.openai.com/en/latest/user/introduction.html


A Taxonomy of RL Algorithms

ref: https://spinningup.openai.com/en/latest/index.html



Locomotion



Recent Advances

Boston Dynamics Altas
• High-dynamic movements

Unitree G1
• Robustness

Unitree B2-W
• Terrain traverse
• High-dynamic movements

Tesla Optimus
• Terrain traverse
• Robustness



Legged Robot

Humanoid robot from
Boston Dynamics

quadrupedal robot
from Unitree



Gait

Gait: the pattern of how does a person/animal walk



Popular Approaches

• Traditional model-based methods

• Model predictive control (MPC)

• Trajectory optimization

• Reinforcement learning

• Model-free RL 

• Faster than MPC

• More flexible than MPC

• Model-based RL



• Definition: At each time step 𝑡𝑠, solve the following optimization 
problem and apply 𝑢(𝑡𝑠) as action. 

Model Predictive Control (MPC)

where 𝑥(𝑡) is the state and 𝑢(𝑡) is the control input.

Cost

Initial condition

System dynamic

Equality constraints

Inequality Constraints



• Cost

• System dynamic

• Constraints

An Example: Inverted Pendulum

m

M

y

StateControl input

Refer to this note for more details.

https://scholarship.tricolib.brynmawr.edu/server/api/core/bitstreams/02f4dc7c-412a-4ac4-8994-a71aa7454541/content


• Cost

• System dynamic

• Constraints

An Example: Match Man

StateControl input

Contact constraint and dynamics are 
extremely hard to model! 

inertia matrix

Coriolis and centrifugal forces

gravitational forces actuation matrix

𝜽𝟏
𝜽𝟐

𝒚



Examples of MPC

Atlas from Boston DynamicsASIMO from Honda

Upright walking and basic movements, controlled by MPC + WBC



Demo: Boston Dynamics 



宇树 Unitree H1 天工 Tien Kung

Complex-terrain walking, running, and human-like dancing, powered 
by end-to-end reinforcement learning based on proprioceptive inputs

Examples of RL



• Extremely complex dynamics
• Contacts and other constraints are hard to model.
• MPC-based locomotion lacks robustness to disturbances.

• High difficulty in data acquisition
• Strong coupling between data and configuration.
• Teleoperation + imitation is a common practice in manipulation. 

However, it’s almost impossible to do teleoperation in locomotion.
• Naturally integrates perception and decision-making

Why Use RL in Locomotion



MPC vs RL

Aspect MPC RL

Model Requirement Yes No

Constraint Handling Naturally handles constraints Handle constraints through reward

Real-Time 
Optimization Solves optimization when deploying Requires a learning stage

Environment 
Adaptability

Suitable for known and stable 
environments

Capable of adapting to complex 
and unknown environments

Handling High-
Dimension Optimization can be complex

Performs well with high-
dimensional state and action 

spaces
Long-Term Decision 

Making Optimizes a fixed prediction horizon Naturally handles long-term 
decision



How Agent interacts with Robot

Policy
Robot

State
• RGBD camera
• Lidar point cloud
• Proprioception
• …

Command
• Linear velocity
• Angular velocity
• …

Action
• (Residual) target DoF position

PD controller Motor Driver

Torque Current

In the following we will take Unitree Go2 as an example



MDP Formulation (State)

• Proprioception
• IMU (Inertial Measurement Unit)

• Accelerometer     𝑎", 𝑎#, 𝑎$
• Gyroscope     𝜔", 𝜔#, 𝜔$
• Magnetometer (used to correct gyroscope drift)

• Exteroception (optional)
• Lidar point cloud
• RGBD camera

• Goal
• Velocity (𝑣6, 𝑣7, 𝜔8)

• Joint encoders
• Joint position
• Joint velocity

• Contact sensors (optional)



MDP Formulation (State)

• Two ways of representing body pose

• Joint space
• [𝜃9, ̇𝜃9… , 𝜃# , ̇𝜃#] (12 joints)
• Inputs to the joint encoder
• Low-dimension, easy to train
• Align with action space

• Link space
• [(𝑝9, 𝑞9, 𝑣9, 𝜔9), … , (𝑝&, 𝑞&, 𝑣&, 𝜔&)]

(13 links)
• Encodes spatial relationships

Used in locomotion tasks Used in HOI, dancing tasks



MDP Formulation (Action)

• Position PD control
• Usually, action will output residual DoF position

• 𝜃: are the reference positions

• Velocity PD control
•

• Torque control
•



MDP Formulation (Action)

• Position PD control is the most widely used in locomotion tasks
• vs. torque control: PD policy can be updated very slowly (e.g. 50 Hz), but 

still output torque with high frequency (e.g. 1000 Hz).
• vs. velocity PD control: Position PD control performs better in sim-to-real.

• Why PID is not used?
• In locomotion and other non-stationary motions, the integral term 

continuously accumulates errors, leading to oscillations in the control signal.
• RL inherently possesses compensation capabilities similar to the integral 

term.
• Most importantly, RL+PD performs well.



• Currently there’s no general set of rules to define the 
components of the reward function.

• Tuning the coefficients of every reward term is extremely 
time-consuming.

MDP Formulation (Reward)



MDP Formulation (Reward)

• What rewards do we need for training a quadruped robot to stand 
up?

• Task rewards
• Regularization rewards

If the robot exhibits undesirable motions, additional 
regularization rewards is needed.



MDP Formulation (Reward)

• Using reference related reward is a way to 
alleviate the heavy reward design.

Common rewards used in motion tracking

Refer to https://github.com/robfiras/loco-mujoco



• Series
• Issac Gym, Isaac Sim, Isaac Lab

MDP Formulation (Transition/Simulator)

• Series
• MuJoCo, MuJoCo-Playground



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 Dimensio
n

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



Embodied Perception and InteraCtion Lab Spring 2025

Introduction to Embodied AI

Next week: 
Lecture 11, Locomotion


