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How to Solve a Robotic Task



The Main Idea Behind Robot Learning

𝜋𝜃(𝑎|𝑜)



Why does reinforcement learning do differently?

Reactive? Robust? Generalizable?







RL Formulation and Algorithms



RL Formulation

Agent
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What’s special about RL problem

Stochasticity: Rewards and state transitions may be random and unknown
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What’s special about RL problem

Credit assignment: Reward 𝑟𝑡 may not directly depend on action at
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What’s special about RL problem

Nondifferentiable: Can’t backprop through world; can’t compute 𝜕𝑟
𝜕𝑎
or 𝜕𝑥

𝜕𝑎
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What’s special about RL problem

Nonstationary: What the agent experiences depends on how it acts
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Markov Decision Process



The Objective of RL



Basic Concepts for RL

Q Function

Value Function

RL Objective



Types of RL Algorithms



Examples of Specific RL Algorithms



Sample Efficiency?

SAC PPO



Actor-Critic Style Methods

max𝐽(𝜃) = 𝐸𝜏~𝜋𝜃
[

𝑡
𝛾𝑡𝑟𝑡]

This is the objective function (cumulative return) for RL

𝑝𝜃 𝜏 = 𝑝 𝑠0 𝜋𝜃 𝑎0 𝑠0 ⋅ 𝑝 𝑠1 𝑠0, 𝑎0 ⋅⋅⋅

∇𝜃 log𝑝𝜃(𝜏) =
𝑡

∇𝜃 log𝜋𝜃(𝑎𝑡 |𝑠𝑡)

The transition model has nothing to do with 𝜃

∇𝜃𝑝𝜃 𝜏 = 𝑝𝜃(𝜏)∇𝜃 log𝑝𝜃(𝜏)∇𝜃𝐽 = 𝐸𝜏[(
𝑡

𝛾𝑡𝑟𝑡) ⋅
𝑡

∇𝜃 log𝜋𝜃(𝑎𝑡 |𝑠𝑡)]

∇𝜃𝐽 = 𝐸𝑠,𝑎~𝜋𝜃[∇𝜃 log𝜋𝜃 𝑎 𝑠 𝑉(𝑠) ]



Practices in Robotics



Sim or Real



Simulated data
● Cheap
● Fast
● Scalable
● Safe
● Labeled
● Not beholden to real-world probability distributions



Difficulty of using simulated data
Physics simulators make big assumptions to run faster

Convex Collision Check Discrete time



Difficulty of using simulated data
Physics simulators make big assumptions to run fasterAccurate physics model means more parameters to identify

Coulomb friction Rigid bodies

• FrictionCoefficient?

• Inertia?

• Damping?

• Springconstants?



Difficulty of using simulated data
● Neural nets will exploit/overfit to differences in data distributions



DeepMimic & SFV



Domain Randomization
Idea: if one policy works in millions of simulation environments, this policy may also work in real-world.
Method: Increase the diversity in simulation domains so that the real world may look like anothersimulator.

resource: Learning dexterous in-hand manipulation
OpenAI, IJRR 2020https://openai.com/index/learning-dexterity/



Teacher Student Distillation
Idea: the privileged information cannot be got in the real-world.
Method: Training policies in simulation with privileged information and distill the policy to real-world inputs.

resource: Visuomotor Policies to Grasp Anything with Dexterous Hands
Singh et al, CORR 2024https://dextrah-rgb.github.io/



Curriculum Learning
Idea & Method: training RL policy from simple tasks to complex tasks motivates a stable training process.

Video: ANYmal terrain curriculum Paper: arXiv:2109.11978 36

https://www.youtube.com/watch?v=8sO7VS3q8d0&t=14s
https://arxiv.org/abs/2109.11978


Frontiers: RL for Dexterous Manipulation



Teleoperation is Difficult during Interaction!



Interaction needs a RLPolicy!



Decouple Motion & Interaction

System 2Reasoning Brain
VLM

Semantic

Intent

ProgressVector

Physical Intent

State Vector

Language

Vision

Tactile &Proprioception
(Force, torque, etc.)

FineActions~ 2 Hz
Coarse Actions

~ 1 Hz

~ 100 Hz

Open-Source
Vision-Language Model

~ 10 Hz
GoalWorld Model Action Expert

System 1Motion Brain System 0Interaction Brain
(Video/Image)



Simulation in-handManipulation (RL)

RL Simulation (Coarse Policy)

Egocentric Data

Teleoperation Data

Releasethe cupPlace thecup on theplate
Move tothe platePick upthe cup

What should the robot do afterpicking up the cup?

How to grasp a cup by thehandle?

Break down the task "Set thetable" into subtasks.

VTLA

System 1Motion Brain System 0Interaction BrainSystem 2Reasoning Brain

Decouple Motion & Interaction



Key problem:What is the Interface for Motion & Interaction?



TacmapDo as I Do
Turning Everyday Human Videos into Robot Manipulation Through Wave’s Smooth Real-time Control

Pieter Abbeel
Professor at UC Berkley

Jitendra Malik
Professor at UC Berkley

In-the-wild RGB Videos

Visualizations of our retargeted hand-objectinteractions, physically simulated in MuJoCo.
Introducing a pipeline that enables scalable robot data generation from humandemonstrations and validating the approach on a 22-DoF Sharpa Wave platform

Retargeting Success Rate
(655 Internet Trajectories)

Previous SOTA Do as I Do

25%

71%

PaperLeads

Human Video Hand-Object Reconstruction
Recovering 3D hand-object interactions frommonocular RGB videos for robot manipulation.



Enabling Complex Tool Use and In-hand Rotation by Minimizing the Sim2Real Gap

Diverse Tasks246 Tool Categories

Zero-shot rolloutsin the real world
120+

37%methods by
Outperforms prior
37%

Proven Real-World Performance

One policy.No fine-tuning.

Zero-Shot Success on Real Sharpa Hand

Real-World Execution

Zero-Shot Deployment

Human Demonstration

Train

1
Simulate

From Simulation to Real-World

SimToolReal

2

4

5

3

Zero-shoton real-worldtools

Enabling complex tool use, in-hand rotationand minimizing the sim-to-real gap for direct
real world deployment with high DoF and
accurate URDF simulation model .

Jeannette Bohg†
Assistant Professor at
Stanford University

PaperLeads
C. Karen Liu†
Professor at
Stanford University † Equal Advising



TacmapPlay2Perfect
Enabling Zero-Shot Sim2Real Precise Assembly Through Wave’s High-DoF Dexterity

Sim-to-Real Transfer

Play Pretraining Assembly Finetuning Sim-to-Real Transfer

Learn Reusable Manipulation Priors Adapt Play Prior to Assembly Tasks Precise Screwing Task

1 2MoreRollouts
Play2Perfect enables fast RL for precise
contact-rich assembly, leveraging Wave'shigh-DoF dexterity and human-likemanipulation capability.

PaperLeads
C. Karen Liu†
Professor at
Stanford University

Jeannette Bohg†
Assistant Professor at
Stanford University † Equal Advising



Decouple Motion & Interaction

Towards Human-Like Manipulation through RL-augmented Teleoperationand Mixture-of-Dexterous-Experts VLA

Interface: Pedal Trigger



Decouple Motion & Interaction

IMCoPilot takes the pedal trigger as the signal for in-hand manipulation primitive.



Decouple Motion & Interaction



MoDE-VLA: Force/tactile experts add residual corrections to 𝜋0,while a hierarchical controller switches between VLA control and IMCopilot

Decouple Motion & Interaction



Decouple Motion & Interaction

Our MoDE-VLA makes use of force and tactile signals compared to ablation across allexperimental tasks. IMCopilot motivates the complex apple peeling task data collection.



Decouple Motion & Interaction



Decouple Motion & Interaction

Dex-x: Learning Visual-Tactile Dexterous Manipulation from HumanVideos with Simulated Interaction

Interface: Point Cloud Depth



Dex-X is a Top-Down Real2Sim2Real Pipeline.

Decouple Motion & Interaction



Decouple Motion & Interaction

In the Real2Sim stage, RL policy would track the object and hand reference motion.In the Sim2Real stage, the RL Policy would be distilled into apoint cloud depth based student policy and realize zero-shot deployment.



Per-category success rate (%) for Dex-X and other baselinesDex-X outperforms Kinematic Retargeting and ManipTrans with high success rates.

Decouple Motion & Interaction



Decouple Motion & Interaction

Grounding Generated Video Plans in Simulation Towards VersatileDexterous Controllers

Interface: HOI Reference



Decouple Motion & Interaction



Decouple Motion & Interaction

TacBPM: A Tactile-Conditioned Behavior Prior Model forDexterous Reorientation



Decouple Motion & Interaction

8 specialist acrossdifferent sphere scales specialist-to-generalist distillation

quickly adapt tonew object geometryquickly adapt tonew embodiment



Decouple Motion & Interaction

Stage 1: TacBPM distills eight reorientation policy across eight different scales in a VAE-like neural network.Stage 2: TacBPM quickly adapts to new downstream object geometries.Stage 3: TacBPM quickly adapts to new tasks and embodiments with lower computation resources.



Decouple Motion & Interaction

TacBPM quickly adapts to new object geometries and t-SNE visualization shows that the 8specialist latent (gray points) prior empowers new objects geometries (colored points).



Decouple Motion & Interaction

TacBPM quickly adapts to new object (zero-shot) and quickly converges on new tasks andembodiments.




