CS 4803 / 7643: Deep Learning

Topics: RL and Robotics

— Embodied Al

— Proximal Policy Optimization (PPO)
— Application: Robotics

— PointGoal Navigation
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| ecture Plan

— Embodied Al
— Introduce more advanced RL — Proximal Policy Optimization (PPO)

— Application: Robotics
— PointGoal Navigation: Combine CNNs, RNNs (LSTMs), and RL together




State-of-the-Art Visual Recognition



State-of-the-Art Visual Recognition

>

RolAlign

000% 2

A

jood Jae

ZTS 'Au0d EXE

A

ZTS ‘AU EXE

TTS "M0d EXE

A

ZTS "M0d EXg

ZTS ‘AU EXE

4

T/ 'TTS “Aud £XE

."’
.......

QS 'Auad £XF

A

957 'Au0d £XF

9ST ‘AU0D EXE

A

9ST "AU0D EXE

QS 'Aad £XF

A

957 'AuQD £XF

9ST "AU0D EXE

A

9ST "AU0D EXE

QST "AU0d EXE

A

QST "AU0D EXE

9SZ '\u0d EXE

A

T/ "95T “Au03 £XE

ll..
......

BTT ‘Mu0I gXE

4

BTT ‘Au0d gXE

871 'M0d £xF

4

871 'A0D £XF

BT 'AU0D EXE

A

BZ1 'Au0d £X§

87T "AUOD EXE

4

Z/ ‘BT "W0d £X§

9 ‘AU00 EXE

4

9 ‘AU02 EXE

59 ‘AUOD £XE

4

59 ‘AUOD E£XE

59 ‘AUOD EXE

A

9 ‘ALOD £XE

z/ 'load

4

T/ "% ‘nuoo fxy

)

agew|

He et al., 20164, b

He et al., 2017

Lin et al., 2017

Slide credit: Abhishek Das



State-of-the-Art Visual Recognition
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Applications



Applications

Slide credit: Abhishek Das 3 Image Credit: Lockheed Martin; DARPA Robotics Challenge



Applications

Physical agent

Slide credit: Abhishek Das 9 Image Credit: Lockheed Martin; DARPA Robotics Challenge



Applications

Physical agent
capable of taking
actions in the world

Slide credit: Abhishek Das 10 Image Credit: Lockheed Martin; DARPA Robotics Challenge



Applications

Physical agent
capable of taking
actions in the world

Slide credit: Abhishek Das 11 Image Credit: Lockheed Martin; DARPA Robotics Challenge



Applications

|s there smoke in any room
around you?

Physical agent
capable of taking
actions in the world
and talking to humans

in natural language

(A)
Yes, in one room

Go there and look for people x
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Slide credit: Abhishek Das 12 Image Credit: Lockheed Martin; DARPA Robotics Challenge



Applications

|s there smoke in any room
around you?
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Yes, in one room

Go there and look for people

®

o0

Slide credit: Abhishek Das 13 Image Credit: Lockheed Martin; DARPA Robotics Challenge



Applications

|s there smoke in any room
around you?

(A)
Yes, in one room

Go there and look for people

A
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Slide credit: Abhishek Das 14 Image Credit: Lockheed Martin; DARPA Robotics Challenge
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Challenges

Egocentric vision
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Challenges

Slide credit: Abhishek Das 17 Video Credit: Lee et al., 2012



Challenges

Active perception

Action

R ———

Observation

S ——

Agent controls incoming data distribution

Slide credit: Abhishek Das 18 Video Credit: Lee et al., 2012



Challenges

Sparse rewards

Slide credit; Abhishek Das 19 Image Credit; Image-Net



Challenges

Sparse rewards
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Slide credit; Abhishek Das 20 Image Credit; Image-Net




Challenges

Sparse rewards

Slide credit; Abhishek Das 21 Image Credit; Image-Net



Challenges

Language understanding

Slide credit: Abhishek Das 22



Nnternet Al

Embodied Al
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Standardizing the Embodied Al "software stack”



Standardizing the Embodied Al "software stack’
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EmbodiedQA Language grounding Interactive QA Vision-Language Navigation
(Dasetal,2018)  (Hilletal,2017)  (Gordon etal., 2018) (Anderson et al., 2018)
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(Zhu et al,, 2017, Gupta et al., 2017)
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Standardizing the Embodied Al "software stack”

Slide credit: Erik Wijmans

Q: What color is the car?

EmbodiedQA
(Das et al., 2018)

I
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Standardizing the Embodied Al "software stack’

|

Leave the bedroom, and enter the kitchen. Walk
forward, and take a left at the couch. Stop In
front of the window.

Vision-Language Navigation
(Anderson et al., 2018)
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Slide credit: Erik Wijmans



Standardizing the Embodied Al "software stack’
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Textured 3D Mesh Panoramas Object Instances

Replica (Straub et al., 2019) Matterport3D (Chang et al,, 2017) 2D-3D-S (Armeni et al., 2017)
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Standardizing the Embodied Al "software stack’
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(Wu et al., 2017) (Kolve et al., 2017) (Savva et al., 2017) (Zamir et al., 2018) (Yan et al., 2018)
Datasets

Textured 3D Mesh Panoramas Object Instances

Replica (Straub et al., 2019) Matterport3D (Chang et al,, 2017) 2D-3D-S (Armeni et al., 2017)
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Standardizing the Embodied Al "software stack’
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Standardizing the Embodied Al "software stack’
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Habitat Platform

Habitat-API

*

Habitat-Sim

*

Generic Dataset
Support
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% Habitat-Sim

33



Habitat-Sim Demo






% Habitat-API
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PointGoal Navigation



Depth

Slide credit: Erik Wijmans

PointGoal Navigation
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Slide credit: Erik Wijmans
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Agent and Model Design



Agent and Model Design




Agent and Model Design

Slide credit: Erik Wijmans



Agent and Model Design

» (0.6m tall cylinder with 0.7/7m radius




Agent and Model Design

» (0.6m tall cylinder with 0.2m radius
» Actions:

» <stop>: Indicates the agent
believes it has completed the task

e <forward>: Moves 0.25m forward

o« <left>, <right>: Turn 30 degrees

47



Agent and Model Design

Slide credit: Erik Wijmans



Agent and Model Design
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Agent and Model Design
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Slide credit: Erik Wijmans
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Agent and Model Design

Slide credit: Erik Wijmans



Agent and Model Design

Slide cred it Erik Wijmans <left>ss



Agent and Model Design
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Agent and Model Design
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Agent and Model Design

» How do we train this agent?




Agent and Model Design

» How do we train this agent?

» Both actions (they are discrete) and the
simulation are non-ditferential-able

o57



Agent and Model Design

» How do we train this agent?

» Both actions (they are discrete) and the
simulation are non-ditferential-able

» Use reinforcement learning!

58



Outline

» Proximal Policy Optimization (PPO)

» Application: PointGoal Navigation

« Sim2Real Transfer

« Robot2Robot Transfer
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Outline

» Proximal Policy Optimization (PPO)
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Proximal Policy Optimization (PPO)



Proximal Policy Optimization (PPO)

AlphaStar: Mastering the e
Real-Time Strategy Game | (kS B,

Starcraft II FINGER PIVOTING SLIDING FINGER GAITING
1x real-time
. < |
Animal Reference Simulation Real Robot

Slide credit: Erik Wijmans 62



Proximal Policy Optimization (PPO)



Proximal Policy Optimization (PPO)

Given a policy: O, 14 (at St)



Proximal Policy Optimization (PPO)

Given a policy: O, 14 (at St)

W@(&t | St)

0014 (at ‘ St)

Objective— maximize probability ratio: ratio(0) =



Proximal Policy Optimization (PPO)

Given a policy: O 14 (Clt St)

W@(&t ‘ St)

0014 (@t | St)

Objective— maximize probability ratio: ratio(0) =

Advantage: Aﬂ%ld(sta a,) = Qﬂ%ld(s ,a) — V@Old(s)
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Proximal Policy Optimization (PPO)

Given a policy: O 14 (Clt St)

W@(&t ‘ St)

Objective— maximize probability ratio: ratio(0) =
0014 (@t | St)

Advantage: Aﬂ%ld(sta a,) = Qﬂ%ld(s ,a) =V, ()

Oold

min(r¢(0),1+¢) ifA_ (s,a,) >0
(St9 at) . . Oold
max(ry(0),1 —¢) if Ay ld(St’ a,) <0
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Proximal Policy Optimization (PPO)

min(r¢(0),1+¢€) if Ay ld(St’ a,) > 0

PPO — A : '
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Proximal Policy Optimization (PPO)

min(r¢(0),1+¢€) if Ay ld(St’ a,) > 0
max(ry(0),1 —¢) it Ay ld(St’ a,) <0

Actions ledto | JFF©
than

expected

return
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Proximal Policy Optimization (PPO)

min(r¢(0),1+¢€) if Ay ld(St’ a,) > 0

PPO
(9 — A?Z' Sp d .
VARR() a0 ) {maX(Tt<(9)7 l—e€) ifA, ld(Sta a,) <0

A, ld(st a,) > 0 A, (spa) <0
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PPO
I
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Proximal Policy Optimization (PPO)

» Advantage
» Able to perform multiple optimization steps per rollout

 epsilon=0.2 “just works” in a lot of cases

» Easily handles networks with hundreds of millions of parameters

71



Proximal Policy Optimization (PPO)

» Advantage
» Able to perform multiple optimization steps per rollout

 epsilon=0.2 “just works” in a lot of cases

» Easily handles networks with hundreds of millions of parameters
» Disadvantage

» Other methods are more sample efficient

(2



PPO Implementation

1. Collect a set of trajectories using current policy

2. Forafew epochs (typically 2 or 4)

1. Sample mini batches from rollout (typically 2 or 4)

1. Update the policy via step of PPO/TRPO objective

3. Repeat

73



Outline

 Application: PointGoal Navigation

« Sim2Real Transfer

4



Sim2Real Transfer

Simulation Reality
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Outline

 Application: PointGoal Navigation

« Robot2Robot Transfer
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Dynamics Aware Navigation



Dynamics Aware Navigation

AlienGo Daisy
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How to generalize to new robots?

Daisy

80



Sphere baseline (no dynamics)



Sphere baseline (no dynamics)

* ldealized agent: sphere
* Given direct access to points along the shortest path to the goal
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Sphere baseline (no dynamics)
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/ero shot transter: Daisy —> AlienGo



/ero shot transter: Daisy —> AlienGo

* Trained policy on Daisy robot, deploy on AlienGo
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/ero shot transter: Daisy —> AlienGo

g
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Dynamics aware navigation



Dynamics aware navigation
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Hierarchical Reinforcement Learning
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Our approacn
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AlienGo
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Daisy




Our approacn
AlienGo
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Our approacn
AT AlienGo Daisy

l daq

Al
Replay Buffer

|
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AT (Train robot) in novel environment



AT (Train robot) in novel environment




AlienGo (Train robot) in novel environment
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AlienGo (Train robot) in novel environment




Daisy (Train robot) in novel environment



Daisy (Train robot) in novel environment
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| aikago (new robot) in novel environment
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| aikago (new robot) in novel environment




Daisy-4Legged (new robot) in novel environment



Daisy-4Legged (new robot) in hovel environment
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Thank you!

Questions?
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