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Plan for Today

e Formulation
e Algorithms
e Practice in Robotics
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Terminology & notation Action 4 R
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Observation o

Reward r q —eé sHigh reward
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The Goal of RL e

o Maximize reward in the interaction with the environment (Markov decision process)

S a s is a state v

=)
\\ ‘\\\ _ ‘g#
\l \\\‘A ‘g‘——ﬂ‘ = —
~F L
~_
(s,a,s") called a transition q_ii?;/ $
| —_
T(s,a,8") =P(s’Is,a) ; '\g’?
N = 4
R(s,a,8) -a - s
\\A
. \? Discount with y
~~~~~~~ - —-—J< A
* ke 7 X m:; _
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Value and Bellman Equations

* The value (utility) of a state s:

V(s) = expected utility starting in s and
acting optimally

» The value (utility) of a g-state (s,a):

Q’(s,a) = expected utility starting out
having taken action a from state s and
(thereafter) acting optimally

»= The optimal policy:
7' (s) = optimal action from state s

ETH:zurich oftRobotics
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Value and Bellman Equations e

» The value (utility) of a state s:

sisa
V*(s) = max Q*(s,a) state
» The value (utility) of a g-state (s,a):
Q*(s,a) =Y _T(s,4,5') [ R(s,a,8)+ 7 V*(s')] (s, a)isa
s g-state

»= The optimal policy:
V*(s) = maaxET(s, a,s')[R(s,a,8') +yV*(s')] (s,a,8") is a
sl

o transition

ETHzurich oftRobotics 8



Example 1d grid world S

e State space:

o Position of agent se€{-3,-2,-1,0,1, 2,3} ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘

o Target position g €{-3, 3}

e Action space:
o Left/Stay/Right ae€{-1,0,1}

e Dynamics:
o s’ =clip(s + a, -3, 3) with probability 0.9
o s =s with probability 0.1

e Rewards:
o r(s,a)=3-|g-s|-]a

ol ftRobaotics
ETH:z(rich oftfobotic 9
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Example 1d grid world

Suppose fixed goal g=3

Bootstrap on value function Value Iteration: Step 0

L values

W @ G W @ W

ETHzirich S¢itiobotics 10



Example 1d grid world

What happens if we set new target once it’s achieved?
g’ =-d if g=S Value Iteration (Iteration 0)

g=+3| 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

g=-3 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

Does optimal policy reach the goal? N

How to fix the problem? 1. Success reward

2. End episode
ETH:ziirich . Seitfootics
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What’s special about RL problem

Stochasticity: Rewards and state transitions may be random and unknown

I Action a l

ETHzirich S¢itiobotics
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What’s special about RL problem

Credit assignment: Reward »;, may not directly depend on action

I Action a l

State s

ETHzirich S¢itiobotics
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What’s special about RL problem ok

Nondifferentiable: Can’t backprop through world; can’t compute 9 or 22

da da
I Action a l

@ Environment
t Reward r I

State s

ETHzirich S¢itiobotics 15



What’s special about RL problem

Nonstationary: What the agent experiences depends on how it acts

I Action a l

t Reward r I

State s

ETH:zirich St
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The anatomy of a reinforcement learning algorithm A‘;i!i}

Learn the dynamics model
« p(s'ls,a)

* r(s,a)

=
.

Optimal control from the model

Improve the Policy

ETH:zirich St
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Value-function-based algorithms

- Fit V(s) or Q(s, a).

L Improve the Policy m(s) = argmax, Q(s,a) .

ETHzirich S¢itiobotics
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Policy Gradient %ﬁ

- Evaluate total returns of episodes
I ' b — N\ .o

0 « 6+ aVyE z r(ss ap)
t

h - Estimate the gradient to the policy

ETHzirich St 19



Actor-critic ‘E‘ii%'}

- A deep model (the “critic”)

L Improve the Policy Another deep model (the “actor”)

ETHzirich S¢itiobotics



Actor-critic: PPO vs SAC

r
_
L

ETH:zurich

_
|

Improve the

Policy

__s'a.rmabnrr'cs
Labzralory

e
PPO DDPG / SAC
(Policy Gradient) (Value Based)
Fit V(s) Fit Q(s,a)

Evaluate Advantages

Estimate the clipped
gradient to the policy

Z A(s;, at)]
t

9<—9+C¥V9E

policy = argmax Q

z A(sy, at)‘
t

0 <0+ aVpE
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Tradeoffs Between Algorithms o

Stability

Policy Optimization Biases in Bellman error optimization.

- Bootstrapping Bias (Baird’s
counterexample)

- Overestimation Bias

- Nonstationary Targets

ETH:z(rich oftfobatics



Tradeoffs Between Algorithms S

Sample Efficiency

off-policy < » on-policy

fower sampls) SAC PPO  imor sampies

—

model-based model-based off-policy actor-critic on-policy policy evolutionary or
shallow RL deep RL Q-function style gradient gradient-free
learning methods algorithms algorithms

ETHziirich _Setics  resource: page37 "


https://rail.eecs.berkeley.edu/deeprlcourse/deeprlcourse/static/slides/lec-4.pdf
https://rail.eecs.berkeley.edu/deeprlcourse/deeprlcourse/static/slides/lec-4.pdf
https://rail.eecs.berkeley.edu/deeprlcourse/deeprlcourse/static/slides/lec-4.pdf

—uAs

Less efficient
(more samples)

More efficient
(fewer samples)gs

gradient-free
algorithms

P
o " ’
ETHz(iri=™
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https://rail.eecs.berkeley.edu/deeprlcourse/deeprlcourse/static/slides/lec-4.pdf
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ETH:zurich

oftRobotics
Laboratory

Practices in robotics
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Curriculum Learning S

Examples:
Action smoothness:
Low penalty weight -> high penalty weight

Perception:
Low noise -> high Noise

Locomotion:
Easy terrain -> hard terrain

Manipulation:
Easy success threshold -> hard success threshold

ETH:z(rich galtfiobatics 26
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Sim or Real
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resource: Learning Hand-Eye Coordination for Robotic Grasping with Deep Learning and Large-Scale Data Collection

ETH:zlrich ORFOEOICS | evine et al., IIRR 2018 27
https://youtu.be/VO5SUCSRAtg?si=Vx7IrS02e0FTGro4



Sim or Real

ETH:z(rich oftRobotics

resource: Balancing Efficiency and Comfort in Robot-Assisted Bite-Transfer
Belkhale et al., ICRA 2022
https://sites.google.com/view/comfortbitetransfer-icra22/home

28



Simulated data

e Cheap

e Fast

e Scalable

o Safe

o Labeled

« Not beholden to real-world probability distributions

ETH:zirich Sotfoborics
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Difficulty of using simulated data

Physics simulators make big assumptions to run faster

FPS: 101.57, Frame time: 9.85 ms

NVIDIA GeForce RTX 4090 D: 1.3 GiB used, 19.1 GiB available
Process Memory: 7.4 GiB used, 115.0 GiB available
1280x720

Convex Collision Check Discrete time

ETH:zurich oftRabotics
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Difficulty of using simulated data e

Physics simulators make big assumptions to run faster
Accurate physics model means more parameters to identify

* Friction Coefficient?

 Inertia?

« Damping?

« Spring constants?

Coulomb friction Rigid bodies

ETHzirich S¢itiobotics 31



Difficulty of using simulated data ‘k’fwﬂ}

o Neural nets will exploit/overfit to differences in data distributions

e R W B - - — r g =mon S

ETHzirich S¢itiobotics
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Domain randomization 4%

Increase the diversity in simulation domains so that the real world may look like
another simulator.

For dynamics

5,4]x default mass of each link

Joint Dampmg ]>< default damping of each joint
0104

[l“l M. L fiw

Puck depm0 10.01, O 2] Ns/m
Table Height 10.73,0.77|m
Controller Gains ).5, 2] x default gains
Action Timestep A (125, 1000]s ™"

i B .
—JT‘:‘J ‘ —]L' —J — w’

. é L é N
 Taam

u"- F.’ .--. A
Te b e
I SRL TR ¥

=

resource: Sim-to-real transfer of robotic control with dynamics randomization

ETH:iirich BERT Pengeetal, ICRA 2018 33



Domain randomization ok

Increase the diversity in simulation domains so that the real world may look like
another simulator.

For Dexterity

A

g' X
A, J,ﬂ'%‘ y
' "‘\, J

N

e . fRobotics resource: Learning dexterous in-h2 e munmne il - A !
ETH:zurich oftRobOtCS ypenAl, IJRR 2020 34
https://openai.com/index/learning-dexterity/
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Domain randomization %ﬁ’

Increase the diversity in simulation domains so that the real world may look like
another simulator.
For height scans (point clouds)

Large noise Small noise Large offset

ut height sample

Blue.. regeastruction from belief state

e . fRobotice ESOUNCe: Learning robust perceptive locomotion for quadrupedal robots in the wild
ETH:z(rich Labseatory Miki et al, Science Robotics 2022
https://youtu.be/zXbb6KQOxV8?si=iKArSVbpijYKJB0OO
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Domain randomization ]

Increase the diversity in simulation domains so that the real world may look like
another simulator.
For RGB images

Re LR . B S_E A8 " A 4
“ ' "“-’,‘ ™» - '&’ h\& "\:‘.«
= ," O S b 'e"“l
A

e . ftRobotice ESOUNCe: Visuomotor Policies to Grasp Anything with Dexterous Hands
ETH:zurich O Singh et al, CORR 2024
https://dextrah-rgb.github.io/



Transfer of Agile In-Hand Manipulation from Simulation to Reality<::

ETH:zirich St
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Teacher student distillation

2. Student policy training
Student Policy

Drift for each foot Command

Proprioception
RICCERH Belief

o encoder
Noisy height scan hy

hidden

reconstruction loss

True height scan Teacher
Privileged info Policy

.. resource: Learning robust perceptive locomotion for quadrupedal robots in the wild
" Miki et al, Science Robotics 2022
https://youtu.be/zXbb6KQO0XxV8 ?si=iKArSVbpijYKJB0O
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Acknowledgements and Useful links e

Randomization and the reality gap: how to transfer robotic policies from sim to real
https://youtu.be/ac_W9IgKX2c?si=kYlix7K6aDBd5a0E
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