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Reinforcement Learning (RL)

Agent learns to make decisions by interacting with an environments

 Trial and error interactions with an environment

Task: extinguish the fire

-------

/Environment
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Reinforcement Learning (RL)

Agent learns to make decisions by interacting with an environments Agent (robot)
« Trial and error interactions with an environment XS
observation /. \‘_- / fi C - action
At each time step ¢ % NI A
.+ Agent: =
« Receives observation 0, (e.g, sensing)
« Executes action A4; (e.g., move forward)
« Receives reward R; (task related)

 Environment:

» Receives action A; —

« Emits observation 0,44

« Emits reward R;y4

Environment
(physics simulation, real world)
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Reinforcement Learning (RL)

Problem Formulation
« Markov Decision Problem (MDP)
c <SART,y>

S: state space

* A:action space

* R:reward function R:S X A X S —- R

e T:state transition function T:5 X A - S

 y:discount factor y € [0,1)

Objective
« Maximize expected cumulative reward (return): 3.2 ytr:
« Policy mg:S = A
+ 0" = argmax Eqry(9, /15,0 [E20V R (5, 0,5")]
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Reinforcement Learning (RL)

Example 1: Atari Example

S:state space — image
A:action space — move left/right
R:reward function

« Breaking a block: +1

« Missing a ball: -1
T state transition function

« How the ball moves

« Block breaks when hit by ball
y:discount factor y € [0,1)

Policy determines where the paddle (agent) moves based on the image input

dhttps://gsurma.medium.com/atari-reinforcement-learning-in-depth-part-1-ddqn-ceaa762a546f SGVR

KAIST
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Reinforcement Learning (RL)

Example 2: Quadruped Robot Locomotion

« Given movement command: forward velocity, lateral velocity, and angular velocity (yaw)

» Policy output: Action — target joint position (72-dim)

Center of Mass

Hip-X Joint Framef
I 'Hip Roll Joint
Hip-Y Joint Frame = '

Knee Joint Framelr—/

z
XAJ\X

Hip Pitch Joint

Knee Joint

SGVR KaiIsT

https://ietresearch.onlinelibrary.wiley.com/doi/10.1049/csy2.12062



https://www.youtube.com/watch?v=aTDkYFZFWug

Reinforcement Learning (RL)

Example 2: Quadruped Robot Locomoti

« Given movement command: forwa

on

rd velocity, lateral velocity, and angular velocity (yaw)

Policy /nput . State — current robot state, target movement command, etc.

Policy output . Action — target joint position (72-dim)

Reward — command tracking, stab

le locomotion (i.e., avoid falling), etc.

Transition — Physics Engine (dynamics)

Rigid-body
simulation

[

Simulation Environment (Physics Engine)

\rewa rd

State —

; Actuator
Policy Actlo.n. (Mot Joint
(target joint —
Network . torque
position)
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Privileged Knowledge Distillation
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Privileged Knowledge Distillation

Privileged Knowledge

« Information that is available during training but not during deployment (testing)
* In the context of RL

« Extra observations or state variables

- E.g., ground friction, forces (not be accessible in the real-world)

» Provide more complete understanding of the environment

Knowledge Distillation

« Training technique - weaker policy learns by mimicking the behavior of stronger policy
student teacher

« Strong policy: trained with full state information (w/ privileged information)
« Weak policy: trained with partial state information (w/0 privileged information)

SGVR KAIST




Privileged Knowledge Distillation

Example 1: Teacher-Student Framework

« Train teacher policy with privileged information (RL)

Robot’s internal sensory data
- Obtainable

Body velocity
Body orientation

1. Teacher policy training

Environment

Joint position
Joint velocity

Contact states
Contact forces

Teacher Policy

+l MLP

exteroceptive
latent

privileged

Contact normal
Friction coef.

Unobtainable in real-world

Command of
T » Proprioception
Height scan
exteroceptive
encoder
2 < €
0;) lt
privileged
encoder
P lP
.. . St t
Privileged info &
Reward
<

latent

Train with PPO

B> 3

Action

N
Agp  Ag;

joint difference
phase difference

Learning robust perceptive locomotion for quadrupedal robots in the wild (Science Robotics, 2022) SGVR
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Privileged Knowledge Distillation

Example 1: Teacher-Student Framework
« Train student policy without privileged information (Supervised Learning)

2. Student policy training
Student Policy

e=h3
o

Drift for each foot O
Comrrnand . MLP student
Proprioception Belief —> action
'lf I encoder oo . .
S |" Mimic teacher’s action
Noisy height scan ) usihg obtdinable information
0§ i -
wn
8
MO
A S
>
(5]
4 ©
ey . = - z
- Reconstruct perIeged information _ <
using obtainable information 4 "econstruction loss N
v .- True height scan Teacher teacher
V. Privileged info e » | Policy action
tr ot
Frozen

KAIST
Learning robust perceptive locomotion for quadrupedal robots in the wild (Science Robotics, 2022) SGVR



Privileged Knowledge Distillation

Example 1: Teacher-Student Framework
» Deploy using student policy (rea/-world)

Learning robust perceptive locomotion
for quadrupedal robots in the wild

S - -

R "

»
> i

.h.i"‘l._?"'; -

’/4‘

» N

R KAIST

Learning robust perceptive locomotion for quadrupedal robots in the wild (Science Robotics, 2022) SGV




Privileged Knowledge Distillation

Example 2: Adaptation Module

« Estimate encoded privileged information using history of the robot's state

» Perform robust and adaptive locomotion

A) Training in Simulation = = ccmm e eeaeaaas .

Phase 1

Mass, COM, Friction
Terrain Height (e) —>

Motor Strength

R ALE L

*Trainable Modules in Red

Phase 2 [ X,

(X s1,a_51 ) ad
J Adaptation Module (¢)

[ X1 Q1 ]"

';-j

Trainable

KAIST s
RMA: Rapid Motor Adaptation for Legged Robots (RSS, 2021) SGVR




Privileged Knowledge Distillation

Example 3: Regularized Online Adaptation (ROA)
« 2-step training framework - teacher policy may not provide supervision that student can learn

« Remove 2-step framework
Ou 0g) = =J (O Ou) + Az — sg|z®]||, + [[sglz*] - z?]

Increase from 0 to 1

- Training Loss: L(8,

(A) Training in Simulation

Privileged
Information

Recent observation
history from robot'’s
onboard sensors

RL objective

RL policy uses privileged information

[ Body Mass,

End-Effector Mass
CoM, Friction,

Arm Strength, (e;)
| Leg Strength

Env Extrinsics (z1)

. zH
Privileged Info Encoder X
)

-7

arm _leg base
Si-100 51102 St=10> r-11

garm sleg sbuse’ a,_,

t—17"—17 Y11

Deep Whole-Body Control: Learning a Unified Policy for Manipulation and Locomotion (CoRL, 2022) SGVR

N

Unified
Policy

()

X Gp—1
Regularize Supervise
Adaptation Module E ______
(1) commands
79

/

sg: stop gradient

Manipulation
Advantage
Function
Amanip

Locomotion
Advantage

Function
Aloco

KAIST
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Hierarchical Reinforcement Learning (HRL)
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Hierarchical Reinforcement Learning (HRL)

Exploration in Reinforcement Learning (RL)

« Essential for learning optimal policies in uncertain environments

« w/0 exploration: agent may become stuck in local optima

« Become more challenging as the observation (input) & action (output) space expands

GROW

> Exploit

Low uncertainty

Explore

High uncertainty

SEARCH

SGVR KAIST




Hierarchical Reinforcement Learning (HRL)

Exploration in Reinforcement Learning (RL)

« Observation & Action space 1 - difficulty of effective exploration 1

e Hierarchical structure

« Break down a complex problem into

multiple sub-problems

~
* ~

i 2 S Each block represents a
[ @ {42, G y2, T 2, \subtask defined using
" I.5 B 2} , the policy, objective, and
I Gt _~” execution components.

I

2,
L 6 e e mm e s mm s s e e s M s M e s mm e s e e s ) " - - oy fe - e - s e - - =

* Hierarchical

Policy _<

T hierarchy

State SE€ S

]

( Highest (task) Level

Actiona € A

b :
& - \ \
- 7 .
\

\ The set of subtasks of
| the main task I'.

space

Subtask I
I

thernrchy
Q.2

The set of subtasks of the
higher-level subtask w? .
Each w? € Qr has its own

set of subtasks.
»

I
I
I
I
I
I

I

% I
\ The output space of the lowest- ’
| level subtask w? is the primitive .

/ action space A. Each w' € Q2
has a primitive action space.

' SGVR KaisT
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Hierarchical Reinforcement Learning (HRL)

Recent Hierarchical Framework in RL
« High-Level Policy : decide task-relevant command (decision making)

* Low-Level Policy : execute given command (control)

Action Space A

State Space S

Command Space C

Task Relevant Action Space

High-Level Policy Low-LevehPolicy
Ty

[

’ [\

hical structury

SGVR KAIST
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Hierarchical Reinforcement Learning (HRL)

Example 1: Manipulation
« High-Level Policy . decide robot's velocity (command) to push the object to the target location

Low-Level « [ow-Level Po//q/ execute glven comma nd (velocity command 2 target joint positions)

Step 1. Low-level controller training
Proprioceptive

Information

- Joint positions

= Joint velocities

- Angular velocities  grozen while training
= Orlentation high-level controller

* During High-Level training,
Low-Level policy keeps frozen

H ' Actor
\.. Estimator . 100Hz

e e s N |

A s T

) H > MLP
: MLP |}

5 P

Random sample in Step 1. Joint position g2

Comman
‘1 5 action reference
a; & Joint Impedance Controller
- Z,’z [Real:4000Hz Sim:400HzJ

[\

High-LeVe| w/ priv“eged |earning (ROA) Learning whole-body manipulation for quadrupedal robot (RA-L, 2023) SGVR

1
Step 2. High-level controller training L
e Joint torque commands 7" Simulation
rivileged x, — . i
Somni Training (Simulation) Deploying (Real worldi Environment
Ci i 2]
; D?:;acc;es'tfate High-level controllen_' _____ Orine Adaptition
- oot FIEAge o Mot [ fe Random Object Generator
- Friction coeff 1N 4 J
et e [ P e
- gass t :/ji . MLP ae Box Cylinder
- Geometry 2
- Object type History Batch h s &1 5 _ 3
- Observation Y 3 < > bz o S N
Observation 0, - Action 3 g Actor Tt s
Robotposs. | | IcTvamilises ez Adapt I § ’ -+ |
- Otectpose B e i LSTM [ B ermitdnse —— 14.2kg Box, (depth, W|dth helght) = (4 40cm 60cm 45cm)i
- Robot Ang vel w Lt R or Y for Actor - Geometry - Drag coeff )
- Joint positions - Mass - Center of mass
- Joint velocities T5HZ hd) 5Hz - Inertia - Friction coeff
|_100Hz
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Hierarchical Reinforcement Learning (HRL)

Example 2: Manipulation
« High-Level Policy . generate subgoals for the object
« Mid-Level Policy : decide robots' velocity (command) to push the object to the subgoal

« Low-Level Policy . execute given velocity command

3-step training

process MethOdOI()gy

———————————————————————————————————————————————

: High-Level Controller ‘" Mid-Level Controller | | Command ;| ' Low-Level Controller

| ' : *"* Pushing Policy 1 ]l T » l@} Locomotion Policy 1 }—rbf::z

! l9..‘:'3= RRT Planner ‘ : Subgoal 1 . | Command 2 | NP

: Trajectory : | *"’ Pushing Policy 2 » . + Locomotlon Pollcy 2 ’—"’@

1 : I * 1
@ Adaptive Policy [ : Command N '

:\ l ! | > —= Pushing Policy N l ’: - ‘lﬂ— Locomotmn Policy N ’/—:’@
______________ o T —— e —— \_______________

ITraining J Training Training

..................... —d—= D2

( High-Level Task \ |/ Mid-Level Task |( Low-Level Task

@ Q@ ESubtask| {7 “\?’ P l Sabiask I {#}j ‘#’ :
@& \Y |:I ! ﬂ' | T «5:5 i

KAIST 2
Learning Multi-Agent Loco-Manipulation for Long-Horizon Quadrupedal pushing (arXiv, 2024) SGVR




Hierarchical Reinforcement Learning (HRL)

(@)

Example 3: Locomotion
« Follow given velocity command given by human in confined space ~
(vx; vy; wz)

» Requires body adjustments to avoid collision N—

Body adjustment

Learning to walk in confined spaces using 3d representations (ICRA, 2024) SGVR

KAIST
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Hierarchical Reinforcement Learning (HRL)

Example 3: Locomotion Body velocity & Body adjustment motion

» High-Level Policy : generate 6-dim command - avoid collision, track 3-dim velocity command

« Low-Level Policy . execute given 6-dim command (command 2 joint action)

(ﬂ High-level teacher policy  Training environment A ( Low-level teacher policy  Training environment

Track 3D velocity command (v,”, v.”, w.f) Track 6D command (v}, v\, w,, ¢, 6, h)

o)
AL
(dv,, dvy, dw,)

(¢ 6,h
r Y i h
n High-level student policy R H
3D velocity command (i w )
\ Exteroception 0, L
= Ly {H—>
] . . Add noise ' "':'";'2'4' 1, [y : RNN MLP (v, dv. dw) | | ow-level | Joint
Hl era I’Ch ICa I Stl" ucture : ""’.lx--;f?m L ‘*-Ei.?@:‘.' Latent I student policy| action
Qccupancy Voxel -
(£, 6 h)
\ _
\_ J

Knowledge Distillation

KAIST 2
Learning to walk in confined spaces using 3d representations (ICRA, 2024) SGVR




Hierarchical Reinforcement Learning (HRL)

Example 4: Navigation
« Autonomous navigation (map =2 planning =2 follow)

- Sensor data (e.g, LIDAR, Camera) - Joint action (avoid collision, path following, etc) :Hard to learn
A Workflow

i. Scan the environment ii. Process point cloud iii. Create navigation graph

Learning robust autonomous navigation and locomotion for wheeled-legged robots (Science Robotics, 2024) SGVR

KAIST




Hierarchical Reinforcement Learning (HRL)

Example 4: Navigation

« High-Level Policy . consider surrounding environment & path - generate velocity command

(Vy, vy, w,)

« Low-Level Policy . execute given command (velocity command 2 target joint position/velocity)

Lidars

Elevation Mapping

Human Detection

| Visited positions and times

v v

Height map with safety margin

Command

+ Low-Level

|| Two waypoints
v
Navigation
Policy
——
High-Level <

Hidden state

»| Locomotion

10 Hz

IMU & Joint Encoders

Joint pos.
Wheel vel.
Commands

Possible paths

Sampled path

Learning robust autonomous navigation and locomotion for wheeled-legged robots (Science Robotics, 2024) SGVR

Visited positions

KAIST
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Thanks for your attention

Any question will be welcome

CS586 — Robot Motion Planning and Applications
Speaker: Taegeun Yang
2025.04.09

SGVR KAIST
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