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Back on its feet

Using an intelligent trial-and-error learning

algorithm this robot adapts to

nutes

injury in minu

PAGES 426 & 503
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Damage Recovery

Damage occurs
(leg loses power)




Classic Approach to Damage Recovery

e Large suite of self-diagnosis sensors

e |F diagnosis is successful, choose pre-programmed
response from large library

e Problems: expensive, error-prone, manual, doesn't scale
(Impractical to have plan for each case)
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Modern, Learning-Based Approaches

e Simple robots (low-dimensional state & action spaces)

 Require lots of real-world trials
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Yosinski et al. 2013 Kohl & Stone 2004 Bongard et al. 2006




Animals

 Have intuitions about different ways to move

e Conduct a few, intelligent tests

* Pick a behavior that works despite injury




Robots that Adapt Like Animals

 Have intuitions about different ways to move
e Conduct a few, intelligent tests

» Pick a behavior that works despite injury | Damage occurs

(leg loses power)

iINntuitions about . . pick one that works
few, intelligent tests .
despite injury

different ways to move
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e Traditional machine learning methods produce little

diversity
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Ho, Chen, Sidor, Sutskever 2017

Salimans,



INtuitions about
different ways to move

e Traditional machine learning methods produce little
diversity

We gave evolution four materials:

. Muscle: contract then expand

Tissue: soft support

- Muscle2: expand then contract

. Bone: hard support

Cheney, MacCurdy, Clune, Lipson 2013



INtuitions about

different ways to move

e Traditional machine learning methods produce little
diversity

* Need an algorithm good at producing

» a diverse set of high-performing agents (policies)
- “Quality Diversity algorithms”



Promoting Diversity

e Old idea in optimization

- but usually diversity in parameter space

* might not produce new behaviors
» deception remains

* Much better in behavior space

»+ e.9. Lehman & Stanley 2011
* Imagine a robot in a city
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Challenge: Diversity & Performance

e Quality diversity algorithms
* Novelty Search + Local Competition (Lehman & Stanley)
- MAP-Elites (Mouret & Clune) 4—



MAP-Elites

Mouret & Clune 2015, arXiv

* Multi-dimensional Archive of Phenotypic Elites
+ Choose dimensions of interest in behavior space
» Discretize
- Mutate, locate, replace if better, repeat

Helght
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MAP-Elites

Mouret & Clune 2015, arXiv

* Multi-dimensional Archive of Phenotypic Elites
+ Choose dimensions of interest in behavior space
» Discretize
- Mutate, locate, replace if better, repeat

Fitness
random .* *
organism: HEEEEEEREE
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MAP-Elites

Mouret & Clune 2015, arXiv

* Multi-dimensional Archive of Phenotypic Elites

+ Choose dimensions of interest in behavior space
» Discretize

- Mutate, locate, replace if better, repeat ====== ===
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MAP-Elites

Mouret & Clune 2015, arXiv

* Multi-dimensional Archive of Phenotypic Elites

+ Choose dimensions of interest in behavior space
» Discretize
- Mutate, locate, replace if better, repeat
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MAP-Elites

Mouret & Clune 2015, arXiv

* Multi-dimensional Archive of Phenotypic Elites

+ Choose dimensions of interest in behavior space
» Discretize

- Mutate, locate, replace if better, repeat ==========
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MAP-Elites

Mouret & Clune 2015, arXiv

* Multi-dimensional Archive of Phenotypic Elites

+ Choose dimensions of interest in behavior space
» Discretize
- Mutate, locate, replace if better, repeat
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MAP-Elites

Mouret & Clune 2015, arXiv

* Multi-dimensional Archive of Phenotypic Elites
+ Choose dimensions of interest in behavior space
» Discretize
- Mutate, locate, replace if better, repeat

Set of diverse,
high-quality
solutions

Welight




Soft Robots Problem

Mouret & Clune 2015, arXiv

e Dimensions

* hnumber of voxels
* % bone (dark blue)




Soft Robots Problem

Mouret & Clune 2015, arXiv

Classic Optimization Classic + Diversity MAP-Elites

00 01 02 03 04 05 0.6
num voxels

same # evals!



Same agents,
from the side
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Different Runs: Soft Robot Problem

Classic Optimization Classic + Diversity MAP-Elites
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color = reward

Goal Switching is Critical

retina problem




Single-class
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MAP-Elites Lineages of a Few Final Solutions

O'(}.OS 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50

Circles are iteration O, color = reward
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INtuitions about

different ways to move

* Behavioral characterization

» % of time each leg touches the ground (6-dimensional)
* Producing the map is expensive

* 40 million evaluations per map (!)

* But can be done once per robot pre-deployment

e Map has ~13,000 diverse, high-performing gaits
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INntuitions about
different ways to move

Leg that touches the
ground less than 10%
of the time



Corner Case: Feet never touch the ground




INtuitions about

different ways to move

Dlm 1
Dim 1 Dim 2
Dim 4

Dim 3
Dim 5

Dim 6
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(leg loses power)
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INntuitions about
different ways to move
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INntuitions about
different ways to move

few, intelligent tests
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Bayesian Opt

Stop when:

A real
behavior IS >90% of
best untested point

Posterior:
Map updated after

Prior:
MAP-Elites Map
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A Pre-Processing in
simulation

One-dimensional Example

~
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Online adaptation on the robot

Behavioral Repertoire
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“Intelligent Trial & Error’

iINntuitions about
different ways to move

pick one that works

few, intelligent tests

despite injury

Bayesian
MAP-Elites Map Optimization
w Map as Prior

Found >90% of
Best Possible



Undamaged robot
controlled with
classic tripod gait
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Different Damage Conditions & Behavioral Descriptions

Walking Speed (m/s)
Default Alternate
Behavioral Descriptor Descriptor |04

Cl C2 C3 C4 C5 C6 C1 C3

Adaptation Time
and Number of Trials

Cl C2 C3 C4 C5 C6 C1 C3
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Undamaged
robotic arm
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Deep Learning + IT&E

e Can swap in deep
neural networks

- deep reinforcement
learning

Map-based Multi-Policy Reinforcement learning:
Enhancing Adaptability of Robots by Deep Reinforcement Learning

Ayaka Kume, Eiichi Matsumoto, Kuniyuki Takahashi, Wilson Ko and Jethro Tan

Abstract—1In order for rohots to perform mission-critical
tasks, it is essential that they are able to quickly adapt to
changes in their environment as well as to injuries and or other
bodily changes. Deep reinforcement learning has been shown
to be successful in training robot contrel palicies for operation
in complex environments. However, existing methnds typically
employ only a single policy. ‘This can limit the adaptability since
a large environmental modification might require a completely
different behavior compared to the learning environment. ‘1o
solve this preblem, we propese Map-based Multi-Policy Rein-
forcement Learning (MMPRL), which aims to search and store
multiple policies that encode different behavioral features while
maximizing the expecled reward in advance ol (the environment
change. Thanks to these policies, which are stored into a multi-
dimensional discrete map according to its behavioral feature,
adaptation can be performed within reasonable time without
retraining the robot., An appropriate pre-trained policy from
the map can be recalled vsing Ravesian optimization. Our
experiments show that MMPRL enables robots to quickly adapt
to large changes without requiring any prior knowlkadge on the
tvpe of injuries that could occur.

A highlight of the learned behaviors can be found here:
attps: //youtu. be/QwInbi1XNOE.

[. INTRCDUCTIO

Humans ard animals are well-versed :n quickly adapting
(0 changes in not only their surronnding environments, bt
also 1o changes to their own bady, throagh previous expe-
riences and information from their senses. Some example
scenarios where such adaptation to cnviroament changes
takes plece arc walking in a highly crowded scene with a lot
of other people and objects, walking on uneven terrain, or
walking ggamnst a strong wind. On the cther hand, examples
of bodily changes could be wounds. incapability tc use
certain body parts due 10 12sk constraints, or when lifting
or helding something heavy. In a future where robdots are
omnipresent and used in mission critical tasks, robots are
Aol only expected 0 adape o unlamibiar scenanos and dis-
turbances autonomously, but also 1o recover from adversaries
im order o continue ard complete their tasks successfully.
Furthermore, taking a long time lo recover or adapt may
result 1in mussion failure, while cxternal help might not be
availlable or even desirable, tor example in search and rescue
missions. Therefore, robots need to be able to adapt to
changes in both the environment and their cwn body state,
within a limited 2mount or time.

Recently, deep meinforcement Tearning (DRI has been

shown to be snceessfal in complex environments with both

All authors arc associated with Prefesred Networks, [re., Tokyo,
Japan, (e—mali’; {kume, matsumoto, takehashi, wko,
jet-antrRgreferred. jpl
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Fig. 1. "Twme lapse of the UpenAl Walker2D) model walking for 560 time
steps using @ policy and succeading while intact (top), failing du2 to & join:
kcing limited ‘middlzi, and succeeding again post-adaptasion despite the
Linited joint markad i red by seleciing an appropriale policy using our
proposed merhod (hottom ).

high-dimensional action and state spaces [1]. [2]. The success
of these studies relies on a large number of samples
the orders of mullions, so re-training the policy after the
envircnment chanze i1s unrealistic. Some methods avoid re
training by 1ncreasing the robustness of an acquired policy
and thus increasing adaptability. [n robust adversaral RL,
for example, an agent is trainecd to operate in the presence
of a desizbilizing adversary that apolies diswrbance forces
to the system [3] However, usirg only a single policy
limits the adaptebility of the robot w0 large modifications
which requires completely diffzrent behaviors compared 1o
its lcaming cnvironment.

We propose Map-based Multi-Policy Reintforcement
Learning (MMPRL), which trains many different policics
by combming DRL and the 1dea of using a behavior
performance map [1]. MMFPRL aims to search and store
multiple possible policies which have different behavioral
features while maximizing the expectad reward in advance
in orcer  adapt  the unknown environment change. For
example, there are various ways for mulo-lagged robots 1o
move forward: walking, jumping, runming, side-walking. ele.
In this example, only the fastest policy would survive when
using ordinary RL, whercas MMPRL saves all of them as
long as they have different behavioral features. These policics
arc stored into a multi-dimensional discrete map according
to 1ts behavioral feature. As a result, adaptation can be done
within reasonable time without re-training the robot, but
just by searching an appropriate pre-trainec policy from the
map using an efficiant method l'ke Bavesian opt:mization,
see Figure 1. We show that, using MMPRL. robots are able
(o gquickly adapt o Large changes with Linle knowladge abou
what kind of accidents will happen.




Deep reinforcement learning 1s promising
for robot control, but existing methods cannot deal with
large unexpected changes




MMPRL
Stairs, initial policy




Other Applications of Quality Diversity Algorit
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Go-Explore

A new approach for hard-exploration problems

Adrien Ecoffet Joost Huizinga Joel Lehman Ken Stanley” Jeff Clune”

37t UBER Al Labs
Vo



Grand Challenge in Deep RL
Effective Exploration

 Hard-exploration problems
e Sparse-reward problems

e rare feedback

 Montezuma’s Revenge

* Deceptive problems

 wrong feedback (wrt global optimum)




Go-Explore

Separates learning a solution into two phases

Phase 1: Explore Until Solved Phase 2: Robustify
(if necessary)

current work: produces neural network
exploits deterministic training, no neural networks robust to stochasticity

ttd e e




Go-Explore: Phase 1

 Phase 1: explore until solved

A. choose a state from archive
B. Go back to it
C. Explore from it

D. add newly found states to archive

 |f better, replace old way of reaching state

CE

An enhanced version of MAP-Elites




Montezuma’s Revenge Results

Progress in Montezuma's Revenge

18,000,000 Go-Explore (be.st)

* Average score: 660,000

e Best Go-Explore policy
e scores ~18 million

17,900,000

700,000 Go-Explore
*

600,000

e solved 1,141 levels

500,000

e Beats human world record
- 1,219,200

200,000
Feature-EB PPO+CoEX

IMPALA

DDQN
100,000 MP-EB DQN-PixelCNN

Human Expert Gorila DQN-CTS| UBE | Ape-X
0 .ﬂgHuman—._rﬁ._._._'_ﬂ_”_“_._,L

SARSA DON BASS-hash RND
A3C-CTS Rainbow

Puel. DON et Note: exploits deterministic training
o e ofpublication (unlike Burda et al. 2018)




Pitfall Results

_ Go-Explore
Domain Knowledge

e No Domain Knowledge nO prIOr SCOreS > O
Expert Human ® Wlthout:

* fully deterministic test
environment

e Or human demonstration

average score: 59,000
max: 107,000
significantly advances

Avg. Human

Prior. DQN DQN-CTS P'D?CNI;IN
DQN DDQN IXe
® e o e o

@ ® @
A3C Pop-Art

Rainbow Ape-X IMPALA RND
© e O e @ @
C51 DeepCS

Duel. DQN A3C-CTS Reactor UBE State Of the art

2015 2016 2017 2018 2019
Time of publication
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Robotics

e Solve hard problems in simulation
e “Robot, find survivors”

solve In deterministic robustify In
simulator stochastic simulator

learn In reality

transfer to reality optional

e.g. intelligent trial & error
Cully, Tarapore, Mouret, & Clune

Back on its feet

Js

sing anin ent trial-and-error learning
algorithm this robot adapts to injury in minutes

PAGES 426 & 503




Automatically generating training data
and training environments

Uber Engineering Al Architecture  Culture  General Engineering Moblle OpenSource UberData Q
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* Paired Open-Ended Trailblazer (POET) _,
. b)Y
' Generates Cha”engeS and SOIUthnS E’IOET: Endlessly Generating Increasingly Complex and

Diverse Learning Environments and their Solutions
through the Paired Open-Ended Trailblazer

E m
Jaff Clune and Kanneth O. Stanley were co-seniar authaors. Popular Articles

ﬂ b= i, Uber’s Big Data Platform:
e e , — L ﬂ&ﬁ 100+ Petabytes with
@ f_ 3 )

Minute Latency

Diversity and complaxity keap

inereasing (unlike in traditional Code-FreaDeep
el Learning Toolocx
optimization)

Learmning Toolbox

Meet Michelangelo:
Uber’s Machine Leaming
Flatform

Introducing AresDB:

Rui Wang Joel Lehman Jeff Clune” Ken Stanley* € Uoers GPU-Powerad

Open Source. Real-ime
Analytics Engine

Ve are interested in cpen-endadness at Uber Al Labs becausa it offers the potential

- .
CO_Senlor aUthorS for generating a diverse and ever-expanding curriculum for machine leaming antirely Why Uber Engineering

on its own. Having vast amopunts of data oftan fuels success in machina learning. and ‘ tsc\:\l":éSbL'mm HELE I




direct optimization fails

direct-path curriculum fails



POET




POET







Conclusions: Intelligent Trial & Error

Back on its feet

ng an intelligent trial-and-error
algorithm this robot adapts to injury in minutes

PAGES 426 & 503

o State of the Art Robot Damage Recovery

- adaptation, more broadly

e Adapts in < 2 minutes

e Combines
+ expensive creativity of optimization (e.g. deep RL), in simulation

- with data efficiency of Bayesian optimization, in the real world

 Shows benefits of learning diverse, high-performing sets of policies:
“Quality Diversity Algorithms”

intuitions about few, intelligent tests pick one that works
different ways to move Bayesian despite injury

MAP-Elites Optimization found > X% of best




1Thanks!
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UPMC Universite
France

Jean-Baptiste

UPMC Universite
France
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Jeff Clune
University of Wyoming
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PAGES 426 & 503
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