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+Arises in real-world applications
+ Sandboxed setup for sim2real, meta-learning, policy transfer



Problem Setting o

Iterative LQR > no perturbations

] Iterative LQG > Gaussian perturbations
Eplsode 1of T % Model Predictive Control > One-shot
ive L .
Learner has a model f(X,U) Iteratlv(ehe(::)rnmg Control > Same setup

Timestep 1 of H

Unknown, Nonstationary

Play action uy, Perturbations

Xnt1 = fxXpup) +w

(arbitrary, no dist. assumption)
Suffer c(x U h) (changes every step, every episode)

Episodic Cost; = ).j, cp(xp,up)




Objective: Planning Regret

-episodic learning
Best Overall Open-Loop Plan

-episodic learning

Instance-optimal Adaptation

T T
ZCostt(Alg) A min Zmin Costy(Ui.py + 7))

U Ty
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Main Result

'EpiSOdiC |earning -EDiSOdiC Iearning
Best Overall Open-Loop Plan Instance-optimal Adaptation




Preview: Nested Online Convex Opt.

Biconvex f; (X, ).

Episode 1 of T
Timestep 1 of H
Choose parameter x,y
Updatey =y — 1, Vy fen (X, y)
Update X = x — 1, xfth(x y)

0
%(Zth,h(xtayth manmmeth 7yt)
t=1 7

t=1 h=1
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Captures Initialization-based Meta Learning:

x,y share the same space and choose x + y




Experiment 1: Quadcopter

Planar Quadrotor with Wind=0.3

d

S
S
S

O
SN
o

Pl 4> 4P P

TSI
\VQQQ\
SRS
NSNS
% wSSOSNINL

S

SN
TN

SN
ui\\\}\\

L

e |
AP AV 2F S i

—-—

ol
P

°

A
L
e

e

i RSN SESAN

/lﬂ»_..___‘_\
L S TSGR
L N
Lt rile sy
17 vpbaws

""l)'—-—;-\_\_\

P o

L
il il

Planar Quadrotor with Wind=0.4
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No Adapation

—— iLQR (oracle)
_— jLC
— IGPC

Iterative
Learning Control

iLQR (closed)

Our Algorithm

Planar Quadrotor with Wind=0.2
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Planar Quadrotor with Wind=0.2

Planar Quadrotor with Wind=0.3

Planar Quadrotor with Wind=0.4

Learn an (adaptive) policy _

+ given an approximate model
+ subject to arbitrary perturbation |

+ in a handful of episodes

-episodic learning
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Best Overall Open-Loop Plan




