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Alex Kendall et.al, Learning to Drive in a Day. ICRA 2019: 8248-8254
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Margolis et al. Rapid Locomotion via Reinforcement
Learning. Arxiv 2205.02824, 2021.
— f(Ht) https://sites.google.com/view/model-free-speed
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« 20128 AlexNetfEImageNettt E P KIEERITCAII FIRGTE

« 20135121 |, F—mAERAFIIEIHENIPS 2013
Reinforcement Learning Workshop

Playing Atari with Deep Reinforcement Learning

Volodymyr Mnih  Koray Kavukcuoglu David Silver Alex Graves Ioannis Antonoglou
Daan Wierstra Martin Riedmiller
DeepMind Technologies

{vlad, koray,david, alex.graves, iocannis,daan,martin. riedmiller} @ deepmind.com

32
Volodymyr Mnih, Koray Kavukcuoglu, David Silver et al. Playing Atari with Deep Reinforcement Learning. NIPS 2013 workshop.
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Volodymyr Mnih, Koray Kavukcuoglu, David Silver et al. Playing Atari with Deep Reinforcement Learning. NIPS 2013 workshop.
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B RUEERRMFE S (Model-based RL)

Q(s,a) and 7(a|s)
Roll-out value/policy

trajectory data

acting
planning in real
in virtual environment
environment
p(s’,r|s,a) model experience {(s,a,r,s’)}
\/ Real trajectory
or
data
p(s'|s,a) with r(s,a) known model
learning

- ENIRRIRER | ERIEE TSR EIIRE | BN ESMERR
AR B SIS R S AR

i, 18
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HEFRPURERSRAUE S (Model-based RL)

DreamerV3

i = -+ TSRS AT
T ' I\ IRAD I EER

(a) World Model Learning (b) Actor Critic Learning 2B 37  1Z3E7R

HESBEMAE

Proprio Control Atari 100k BSuite Minecraft Diamond
18 Tasks " 100 26 Tasks - 0.60 23 Tasks R 15 = ° hbﬂgﬁr%_ﬁ U*Eﬂ?i_
700 7
1 .wlH . 8l - L
600 § g - @ § 0.50 g g % 8 IR—FL#'fTﬁﬁUUUo
= (o'c o o
- ° o g « ActorFCritich\
Visual Control Atari 200M Craft - =ik N
LTl . L A
600 $ 200 z : E 10 = BE = Mean \E,\J}E %i%? E,\J En
400 i 2 S % g ;’ = 01; . . ; . J@EPL#'/{T?—S °
200 o K ' S S T & o 10K 100K 1M 10M 100M
0 = O 0 o 0 = Environment Steps
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Hafner et al. Mastering Diverse Domains through World Models. 2023.



BirsRkaIlsaft =+ (Goal-oriented RL)

FREIRS
- === (Sub-Goal
State)

C
4
|
|

! = - - -~ BITRS
IR (Initial , - (Goal State)
State)

K BE‘E%HEE‘Z 0 RitiEiEIRZE (Compounding Model Error).
(Long-Horizon) 0 FERiE(Sparse Cost).

1

ERFIERTS |, FRERES SRS MR RIEHRES
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BircRalaYi8{L3 ] (Goal-oriented RL)

goal state sg

L
iﬁ% generative

model

video
prediction
model fe

current state sp

Current State

SERRLER A
=

Suraj Nair, Chelsea Finn. Hierarchical Foresight: Self-Supervised Learning of Long-Horizon Tasks via Visual Subgoal Generation. /CLR, 2020.

Hierarchical Visual Foresight

generated subgoals s2

generated subgoals s1

hir i

A

'Q‘q.‘ “A ’n-,

=

Optimize subgoals with CEM

Visual planning with fy to minimize planning cost

( sEmepiams )

Sub Goal 1 Sub Goal 2 Goal State Current State

Sub Goal 1

Visual MPC

CEEERTEIT

Goal State




#2{55 3] (Imitation Learning)

Computer Games Real World Scenarios

robotics dialog autonomous driving
AP

reward

Mnih et al. '15 what is the reward?
often use a proxy

Expert Demonstrations (s, a) pairs Imitation Learning
—
-\ e ST P
/ | e - Y- AEDE ;‘\:._;
74 | \ S e N
A ’ i
\ \ 4 LB ; wan ﬁ; 'z;;:
' - T NENENs
\ e, N ’ ) — @ p_d » )_4

o

S
—

Agent Experience (s, a, r, s, a)tuples Reinforcement Learning41



#2{55 3] (Imitation Learning)

Waymo has made simulation one of the pillars of its autonomous vehicle development program. But

Latent Logic © could help Waymo make its simulation more realistic by using a form of machine learning
called imitation learning.

Imitation learning models human behavior of motorists, cyclists and pedestrians. The idea is that by
modeling the mistakes and imperfect driving of humans, the simulation will become more realistic and
theoretically improve Waymo’s behavior prediction and planning.

42
https://techcrunch.com/2019/12/12/waymo-buys-latent-logic-drives-deeper-into-simulation-and-europe/
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SEaeidia=F3 (Multi-agent RL)
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Leibo, Joel Z,, et al. Multi-agent Reinforcement Learning in Sequential Social Dilemmas. AAMAS 2017.
Lianmin Zheng, et al. Magent: a many-agent reinforcement learning platform for artificial collective intelligence. NIPS17 & AAAI18.
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RS K155 (Big Models for RL)
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Chen, Lili, et al. “Decision transformer: Reinforcement learning via sequence modeling.” NeurIPS 2021.
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Robot Parkour Learning

B @ziwenzhuang_leo
@zipengfu

Ziwen Zhuang, Zipeng Fu et al. Robot Parkour Learning. CoRL 2023.
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B SRR - BHRSFRES

CoRL 2023: RoboPianist: Dexterous Piano Playing with Deep Reinforcement Learning
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Cook Shrimp

(autonomous)

3X speed

Mobile ALOHA: Learning Bimanual Mobile Manipulation with Low-Cost Whole-Body Teleoperation
https://mobile-aloha.github.io/
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O fp=EF7E (Naive Exploration )
© INRERIEE e-greedy

O FRRADIRHE ( Optimistic Initialization)

O EFAHEMRESZ ( Uncertainty Measurement )
- DM EBTHERTIIRES , AJedRESIIE

O ¥EZRPTED ( Probability Matching )
- BT HEREERER
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1. FIFESRRR m EEEANE a

2. 3REUIES © v = Bandit(a)

3. BE#TEES  N(@) =N(a) +1

4. EEHMEE : Q@) = Q(a) + — [, — Q(a)]

N(a)
REHFRESTIA

R B+ AR RHEE o ?
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Regretif£Y

O RRAIHAERIE : Q(a') = E, _p(yai)lT]

O HfilE : @ = max Q(a')
aleA

O RESERREIREEE - R(d') = 0* - 0(d)
O Total Regret BREY : oy = Ea~n[2’£=1 R (a%)]

1 min Orp = Max IEafvT[[Z’II;:l Q(afl:)]

FEERIEIERS , BPregretihsRitlh
BLRAFZE—EHH2LMAINS ?
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Regretif£y

O INR—EIRTFNRTK - o x T - R, total regret i hiB1E |, ToAWET
O INR—ERNREFTRE o x T - R, total regret {31581

BRFE—INRZERBIREE ( sublinear ) YISI{RIEAT regret ?

T8 ( Lai & Robbins)

O E&E Ay = Q* — Q(a) FARIRREIDRIBIUE : D (R(r 1 @) | R*(r | a))
AR

A
lim o > log T z -
rg Ok = 108 Dk (R(r1a) | R*(r | @)

alAg>0

Lai, Tze Leung, and Herbert Robbins. "Asymptotically efficient adaptive allocation rules." Advances in 65
applied mathematics 6.1 (1985): 4-22.
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A [E e-greedy FRREXILL : Total Regret

Total regret

:

greedy
e-greedy
decaying e-greedy
§ 0 " 12 13 14 15 16
Time-steps
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= d
Average 5=0 {greacy)

reward
0.5 .

I 1 1
0 250 500 750 1000

Steps
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46 Q(a") —MRERIIIAHE
IEREASRRBMLITERH 0(a)
1

0(a') = 0(a") + 5 (e — €(a))

BlRiait , (BEEEERFEN , X NMrEmRAYF ISR/
(BRAZAABEFEN B EREI

100%
optimistic, greedy
80% 0,=5,€=0
% 60% realistic, e-greedy
Optimal 0,=0,€=01
action  40% -
20% =
0% = T T T T 1
1 200 400 600 800 1000

Steps
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— action 1
—— action 2

25 /\ —— action 3

N
o

probability density
[
(94}

=
o
1

O I I X
0.0 0.2 0.4 0.6 0.8 1.0
mean reward

» FRIALE=AEINED T | SHERZMNFR | 2 E ?
- 1. BXHEEIAFEN ; 2. EIRIRIED R REEF

https://web.stanford.edu/~bvr/pubs/TS_Tutorial.pdf
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AEMBAR Q(a') , BMEBRERNNE , BURSERIFIIRE

— RGeS -
N(a) X, U(a) /N
N(a) /N, U(a) K

H& . a =argmaxQ(a) + U(a)
acA
BRI UCB : EE{55% ( Upper Confidence Bounds )

p(Q)

TR EE ?
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UCB : FB{ER

Hoeffding &= : P[E[x] > %, + u] < e~ 2% for x € [0,1]

O A8 NERRIGEMT— P EEER : U(a)
0 8228 : Q:(a) < Q:(a) + U (a)LAStEERppk3Z ( HoeffdingAZE=, )
O {RIBLA TR RUBGSEH TR

logp
2N¢(a)

a = arg max Q¢(a) + U (a) e 2N @UHD® = ) wp [, (a) = \/

O ITasE

limop < 8logt Z A,

t—ooo
alAg>0

Hoeffding, Wassily. "Probability inequalities for sums of bounded random variables." The Collected 73
Works of Wassily Hoeffding. Springer, New York, NY, 1994. 409-426.
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@ | ERRIAENE ?

- 18  IREEA B B RN
p(a) = J I Epocay [Q(a; )] = max Epq(a) (Q(a’; 0)) | d6

- S IRIESRIEA I EatUMERIR D fop (Q () FRRFEIEMNEQ(a) | ik
BEIMERKIIEIE

Chapelle, Olivier, and Lihong Li. "An empirical evaluation of thompson sampling.”
Advances in neural information processing systems 24 (2011): 2249-2257.

74



Thompson SamplingZ ik

@ ERRIAENE ?

.............................

Algorithm 1 Thompson sampling

 SCHL  ARIRNEIE AR D=
IMEMEED TP (Q ()RR fort=1,...,Tdo
FEMEQ(a) , EEFNER Receive context
K EIEhE Draw 6" according to P(6|D)
Select a; = argmax, E,.(r|z¢, a, 6%)
Observe reward r;
D = DU (x4,a4, 1)
end for

Chapelle, Olivier, and Lihong Li. "An empirical evaluation of thompson 75
sampling." Advances in neural information processing systems. 2011.
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Thompson SamplingflUCBAYSEIEXTEL

« L9 . K-armZEERH| , FiBetap WERE MarmAIpII= |, ¥4
RIS /9Beta(l,1).

Beta(x; a, B) « x*~1 (1 — x)B-1

2.5

Algorithm 2 Thompson sampling for the Bernoulli bandit

Require: «, (3 prior parameters of a Beta distribution
S; =0, F; =0, Vi.{Success and failure counters}
fort=1,...,T do

for:=1,...,K do

1.5 F Draw 6; according to Beta(S; + «, F; + 3).

end for

Draw arm 7 = arg max; #; and observe reward r

Lr if » = 1 then
S; =85;+1

else
F,=F,+1

end if

0 - : . end for

o

NNR UL
P ||
UINWR WU

RRRRK g
o,

0.5

0 0.2 0.4 0.6 0.8 1

Beta distribution:
Chapelle, Olivier, and Lihong Li. "An empirical evaluation of thompson https://towardsdatascience.com/beta-distribution- 76
sampling." Advances in neural information processing systems. 2011. intuition-examples-and-derivation-cf00f4db57af
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« K-arms

» The best
arm has
reward
probability
of 0.5

« K-1 other
arms have
the reward
probability
of 0.5-¢

« Asymptotic
lower bound:
(Lai & Robbins)

K=10, £=0.1 K=100, e=0.1
900 T T 10000 T T "
—— Thompson —— Thompson
800[{ —UCB —UCB
700 —— Asymptotic lower bound 8000+ —— Asymptotic lower bound
600
- .. 6000} UCB
© S00¢ o
2 5y ALB ——
o 400 o 4000k
a00f [ =18
200} i G
100f o
0 2 3 4 .5 6 0 2/ 3 ‘4 5 ‘6 7
10 10 10 10 10 10 10 10 10 10 10
il il
K=10, e=0.02 x1 04 K=100, £=0.02
4000 r T g 5
—— Thompson —— Thompson
3500 —— UCB ——UuCB
—— Asymptotic lower bound 4 — Asymptotic lower bound
3000}
_ 2500} =3
< L
2 2000 D
o o
1500} 2r
10001
1t
500
0 2 3 > 4 : 5 : 6 7 0 2 - 4 8
10 10 10 10 10 10 10 10 10
i i
Aq Chapelle, Olivier, and Lihong Li. "An empirical evaluation of

Tlim og = logT Z

alAg>0

D (R(r1a) | R*(r | a))

thompson sampling.” Advanc
processing systems. 2011.

es in neural information
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- IRB SR AERASEIMtrial-and-errorta AR R AR
- ZEZ RIS EMRZETTIAS(state-less)i@ L=

- ZREZEIEARERRSFBEAIECHRIENE
- ISR ER{iregret s 0(logT)

- e-greedy, UCBFIThompson SamplingI5iEfE S EEEIUES T+
PEA, EEREEINRETRETSER , xERRIRe-greedy
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