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Before We Start
q Sim2real robot learning is a big topic! Today we will bias towards breadth so there 

will be many subtopics : )

q The papers I selected represent only a very small subset, and the selection is 
heavily biased (many papers are from my group)

q All selected papers are open-sourced!

q Humanoid sim2real framework: https://github.com/amazon-far/holosoma
• Regularly maintained and updated
• Retargeting, policy training, deployment

https://github.com/amazon-far/holosoma
https://github.com/amazon-far/holosoma
https://github.com/amazon-far/holosoma
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Outline
q Intro: What is robot simulation? Why is sim2real useful but challenging?

q Methods to reduce the sim2real gap:
• Domain randomization
• Learning to adapt / teacher-student
• Real2sim2real

q Advanced topics:
• Human data + sim2real learning
• RL algorithms for sim2real policy learning

q Zooming out: Sim2Real 1.0 to 4.0
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Robot Simulators
q Thanks to computer graphics and computational physics, there are many simulators!
q We focus on physics-based simulators today
• I.e., the simulation process is governed by some explicit physical laws

q Note that there are also non-physics-based simulators (e.g., world model)



Robot Simulators
q Simulator taxonomy by 

https://simulately.wiki/docs/compariso
n

q Many names! 
q Simulator ≠ framework
• IsaacSim: Simulator
• IsaacLab: Robot learning framework 

on top of IsaacSim
q MuJoCo family
• MuJoCo (CPU)
• MuJoCo XLA (MJX) based on JAX
• MuJoCo Warp
• mjlab: IsaacLab-style manager-

based API. mjlab = MuJoCo Warp + 
IsaacLab - IsaacSim 

https://simulately.wiki/docs/comparison
https://simulately.wiki/docs/comparison


Sim2Real Policy Learning: A General Recipe
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Why Simulators for Robot Learning?
Advantages of using simulated data:
q Cheap, fast, and scalable
q Safe
q Labeled (we have access to “oracle” or “ground truth”) 
q Avoid wear and tear of the robot 



Why Simulators for Robot Learning?
q Extremely fast and scalable!

Trained for 18s on a 2020 MacBook Pro 
(M1) using RLtools.



Why Simulators for Robot Learning?
q Get expensive labels for free!

Ground truth in PyBullet

Learning quadrupedal locomotion over challenging terrain, Joonho Lee et al., Science Robotics



The Problems/Challenges of Sim2Real

However, sim2real is never easy!
q It is hard to exactly replicate the real world
q Parametric mismatches (i.e., simulator uses different parameters than the real)
q Non-parametric mismatches (i.e., simulator doesn’t consider some effects at all)

Another big challenge of sim2real: How to design rewards or define tasks?
q Will back to this point in the “human data + sim2real learning” session 



The Problems/Challenges of Sim2Real

q Two types of mismatches
• Parametric mismatches: robot mass/inertia, friction, etc
• Non-parametric mismatches: complex aerodynamics, fluid dynamics, tire dynamics, etc



The Problems/Challenges of Sim2Real

q Two types of mismatches
• Parametric mismatches: robot mass/intentia, friction, etc
• Non-parametric mismatches: complex aerodynamics, tire dynamics, etc

Aerodynamics in wind, Neural-Fly Fluid dynamics, MIT van Rees Lab Offroad vehicle dynamics, UW Racer team



The Problems/Challenges of Sim2Real

q Two types of mismatches
• Parametric mismatches: robot mass/intentia, friction, etc
• Non-parametric mismatches: complex aerodynamics, tire dynamics, etc

Imperfect modeling of links
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Domain Randomization
q Key idea: randomize 𝑒	in 𝑥!"# = 𝑓$%& 𝑥!, 𝑢!, 𝑒
q Train a single RL policy 𝜋(𝑥)	that works for many 𝑒
q Essentially, robust control!

q In the original paper, focusing on perception
q But this idea has been widely used in all parts in 

simulation (perception, dynamics, sensor input, 
delay, etc)



Domain Randomization Example: Agile But Safe 

https://agile-but-safe.github.io/



Domain Randomization Example: Agile But Safe 
q Randomize 𝑒	in 𝑥!"# = 𝑓$%& 𝑥!, 𝑢!, 𝑒 . Train a single RL policy 𝜋(𝑥)	that works for many 𝑒

https://agile-but-safe.github.io/



Domain Randomization Example: RPL

[RPL: Learning Robust Humanoid Perceptive Locomotion on Challenging Terrains, Zhang et al.] Work done at Amazon FAR
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Learning to Adapt
q Key idea: randomize 𝑒	in 𝑥!"# = 𝑓$%& 𝑥!, 𝑢!, 𝑒
q Train an adaptive RL policy 𝜋(𝑥, 𝑒)	that adapts to unknown 𝑒
q Essentially, adaptive control!
q It doesn’t conflict with domain randomization. You can do both (robust adaptive control)!

q The problem of 𝜋(𝑥, 𝑒): 𝑒 is often unknown in the real!
q Therefore, a common pipeline for learning to adapt: learning from a privileged teacher:
• Sim: First train a teacher policy with privilege information 𝜋(𝑥, 𝑒)
• Sim: Then a student policy 𝜋'(𝑥, available	info	in	the	real) learns from 𝜋(𝑥, 𝑒)
• Real: Then deploy 𝜋'(𝑥, available	info	in	the	real) in the real

q The second phase is an imitation learning problem



Learning to Adapt Example: Locomotion



Learning to Adapt Example: Locomotion
q Privileged information contains almost everything available in sim (contact, terrain, 

fraction, disturbance, etc)
q Privileged teacher is trained using PPO
q Students only learn from proprioceptive history (IMU, joint angle, etc)



RMA: Student Learning in Latent Space
q Student learning doesn’t have to happen in the action space
• RMA: in latent space



Variant: Asymmetric Actor-Critic
One-stage training:
q “Student” policy 𝜋'(𝑥, available	info	in	the	real)
q “Teacher” critic 𝑉(𝑥, 𝑒)
q Example: FALCON (humanoid loco-manip)
• Actor: current time step’s proprioception + 4-

step history
• Critic: Additionally have access to root vel & end 

effector force

[FALCON: Learning Force-Adaptive Humanoid Loco-Manipulation, Zhang et al., L4DC’26]
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Real2Sim by System ID
q SPI-Active: sampling-based system ID + active exploration
• Use the policy that maximizes the Fisher Information to collect data

q https://lecar-lab.github.io/spi-active_/

[Sampling-Based System ID with Active Exploration for Legged Robot Sim2Real Learning, Sobanbabu* and He* et al., CoRL’25]

https://lecar-lab.github.io/spi-active_/
https://lecar-lab.github.io/spi-active_/
https://lecar-lab.github.io/spi-active_/
https://lecar-lab.github.io/spi-active_/
https://lecar-lab.github.io/spi-active_/
https://lecar-lab.github.io/spi-active_/


Real2Sim by Learning Perception/Dynamics Residuals
q Pipelin: Use real data to “augment” a simulator, train DRL in simulation, deploy in the 

real world



Actuator Net for Locomotion



“Unsupervised” Actuator Net and Beyond
q Learning the actuator net needs torque labels
q Making it “unsupervised”: Use RL! 
• Train a “residual” torque model to match the real trajectory



Outline
q What is robot simulators? Why is sim2real useful but challenging?

q Methods to reduce the sim2real gap:
• Domain randomization
• Learning to adapt / teacher-student
• Real2sim2real

q Advanced topics:
• Human data + sim2real learning
• RL algorithms for sim2real policy learning

q Zooming out: Sim2Real 1.0 to 4.0



Sim2Real Skill Learning from Human Data

33

q Defining tasks/rewards in simulation could be very tricky
• Relatively simple for locomotion
• Hard for loco-manipulation & dexterous manipulation

q Why don’t we leverage human data?
• No free lunch! There is a “physics gap” between human intents and robot actions
• Simulation can bridge this gap! I.e., physics grounding

“Human Intents” “Robot Actions”



Retargeting + Policy Learning

34

q Step 1: Motion retargeting (typically kinematics-level)
q Step 2: Policy learning in simulation
q Example in whole-body tracking:

ASAP, Feb 2025 (RSS’25)
https://agile.human2humanoid.com/

BeyondMimic, Aug 2025

https://agile.human2humanoid.com/


Retargeting & Tracking for Loco-Manip & Scene Interaction: OmniRetarget
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q More videos & datasets: https://omniretarget.github.io/
q In the video, robot only relies on proprioception

[OmniRetarget: Interaction-Preserving Data Generation for Humanoid
Whole-Body Loco-Manipulation and Scene Interaction, ICRA’26] Work done at Amazon FAR

Parkour “Wall flip” (maximum angular rate 890 degrees / second)

https://omniretarget.github.io/
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q Need to jointly consider the object and the robot!
q Interaction-mesh-based retargeting

[OmniRetarget: Interaction-Preserving Data Generation for Humanoid
Whole-Body Loco-Manipulation and Scene Interaction, ICRA’26] Work done at Amazon FAR

Retargeting & Tracking for Loco-Manip & Scene Interaction: OmniRetarget



Extend to Perceptive Settings

38
[Perceptive Humanoid Parkour: Chaining Dynamic Human Skills via Motion Matching, Wu* & Yang* & Huang* et al., RSS’26] 

Work done at Amazon FAR



Dynamically Feasible Retargeting: SPIDER

39

q SPIDER: Dynamics-level retargeting
• Retargeting as an optimal control problem and solve it by sampling-based methods

[SPIDER: Scalable Physics-Informed DExterous Retargeting, Pan et al.]

Pick cup Rotate light bulb Unplug charger

All these demos are direct open-loop replay of the retargeted action trajectories in real!



Outline
q What is robot simulators? Why is sim2real useful but challenging?

q Methods to reduce the sim2real gap:
• Domain randomization
• Learning to adapt / teacher-student
• Real2sim2real

q Advanced topics:
• Human data + sim2real learning
• RL algorithms for sim2real policy learning

q Zooming out: Sim2Real 1.0 to 4.0



RL Algorithms for Sim2Real Policy Learning
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q On-policy PG methods like PPO is very effective!

Other methods:
q Better leverage massively parallel envs: SAPG (split ang aggregate policy gradient)
q Off-policy methods for sim2real: FastTD3/FastSAC



RL Algorithms for Sim2Real Policy Learning

42

q PG for flow matching policies: FPO and FPO++ 



RL Algorithms for Sim2Real Policy Learning
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q Unsupervised RL with forward-backward representation: BFM-Zero
q It can optimize any user-specified reward function at test time 

[BFM-Zero: A Promptable Behavioral Foundation Model for Humanoid Control Using Unsupervised Reinforcement Learning, 
Li* and Luo*, ICLR’26]
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Sim2Real Has A Long History

“Simulator”: Reduced-ordered models Online model predictive control

𝑎"

q The control community has been doing sim2real for many decades!
q Sim2real 1.0: 

Inverted pendulum model

Single rigid body model
[Nguyen et al., ICRA’19]

q What is fascinating (but also strange): no “pretraining”, 100% rely on very fast (>100Hz) 
online reasoning



Zooming Out: Towards Sim2Real 4.0

“Sim” (model) fidelity/diversity

Online 
reasoning

Reduced-
order model

Full 
simulator

Sim + real2sim Generative sim, 
world model, … 

Offline 
training

Online + 
offline

When 
“learning” 
happens 

Sim2Real 1.0:
 using NMPC

Sim2Real 2.0:
using RL

Sim2Real 3.0:
using RL++

Sim2Real 4.0:
 better model & better 
RL algorithm & better 

online reasoning



Thank You!
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q Topics we didn’t cover today:
• Sim & real co-training
• Simulation for policy evaluation
• Differentiable simulation
• …

q All selected papers are open-sourced!
q Humanoid sim2real framework: https://github.com/amazon-far/holosoma
• Regularly maintained and updated
• Retargeting, policy training, deployment

https://github.com/amazon-far/holosoma
https://github.com/amazon-far/holosoma
https://github.com/amazon-far/holosoma

