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Reinforcement
Learning

Rich Sutton Andew Barto

http://incompleteideas.net/book/RLbook2020.pdf

0 SEIRE

O

O

UCL David Silver RL Course: https://www.davidsilver.uk/teaching/

Berkeley Sergey Levine Deep RL Course: http://rail.eecs.berkeley.edu/deeprlcourse/

OpenAl DRL Camp: https://sites.google.com/view/deep-rl-bootcamp/lectures

RL China Camp: http://rIchina.org/
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Boyu Learning Flatform

| =i b SRS | sBezaEn @) eesaBurs (P Bse =B
(@) suszmn 5
(@) m=snm 5
(@) mresnme >
(7)) eFasmnnmeess >

) mEmE: BTSSR >
(@) sFemmEcss > {E E A I E ﬁg # Bﬁ

;T &A1 9 B & 1 & K

(@) ssremz >
) seanEmy >
B =]
- X !“*sl“!' 1 EREFIdES, CERENTRERRES OREENTE, HE0S3IRHAT
Cf) ERTSHEIEE > ’ SRR, LU TRRER AR ISR
n o 28 (Reward) " “ e
':_fj ETHFERF > . —AEXEEESAGORE S’._ Ry = Ry 2L FREERER
- RIMBNHHLR “F" 0 TR RRsaRans
(@) wmznrs > : s —
- Y S e L T O(NYEEZO(1)
O fiill@M (Value Function) 3HAREFHRNOREREN S, TRGETERIE
+ REMAR-TMER, BFEXNTENERHAR "B 0 BFTRENERE, | BT
- MERNENTRARREZMOBR niE R B
:I ﬁg—hﬁ e 'I« O - MFRGERRORSET, REBITHF e RIERAER T
1 ﬂﬂ'} I:IﬁuI I Eﬂﬁ'ﬁﬂﬁ?—/] %*EE - By o mo
Vp(S) = Ex[Resy + YResz + ¥*Resa + @ e et R A, B (5 it

https://www.boyuai.com/rl i



FRIEMINFIFET2: (BIFFEMNFS)

0 FEFRKFS Q FFEF  RES  WMEEEC GitHwbo

DQN AL

s [ty
BIS NP st . S OSRETT T[T L A ; = s
= BTk, HASFHAESA DN BEEIIRAESERIATS, ﬁﬂbHﬂE’]‘ﬂhﬁﬂﬁ CartPole-v0 [VAE=(AIENEIER, RE 4188, FEERINREERRTHBE CartPole TS
BT ERS XTEER. FH—E 128 MRETHREETLA RelU {ERBISEHEL. LB ESSMUENLIE GBS, B0 LSRR AREERRE. DaN EiE
£ZIBMI (Experience Replay)
ZEBEEN import random BiRMEE (Target Network)
import gym Pre Ty
N N DQON {153
= ICIESES S 0r = import numpy as np t — X
A import collections LAEEAMALI DON B
AR 2= from tgdm import tqdm =t
ARy &k import torch
import torch.nn.functional as F
Dyna-Q&i% import matplotlib.pyplot as plt
import rl_utils
BEIRNR
« DON &3t FANESEN AR ENGENE, TEEENASE, FHA0REARA.
4]
DON BuzEi% class ReplayBuffer
SR B -
def _ init_ (self, capacity):
Actor-Critic E5% self.buffer = collections.deque(maxlen=capacity) # [A7I.
SEHEE def add(self, state, action, reward, next_state, done)
N self.buffer.append((state, action, reward, next_state, done)) # &I Abuffer
BEIFILR
def sample(self, batch_size): # Mbuffer FHE0E, #EHbatch_size
B transitions = random.sample(self.buffer, batch_size
state, action, reward, next_ state, done = zip(*transitions)
Ensln return np.array(state), action, reward, np.array(next_state), done

https://hrl.boyuai.com/ o i BRI AR
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+ Learning from interaction in a

trial-and-error manner
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FERSE (Sequential Decision Making)

O REREK
C REEFSME—AIRE, FHESETEOWN, ERSREEEER.

Sequential decision making describes a situation where the decision maker (DM)
makes successive observations of a process before a final decision is made.

BARZHFRRRER, AJLARRCFIRE .
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W reinforceménit learnine
S, P N
algorithm learning,to'drive

p » a Galr - \

Alex Kendall et.al, Learning to Drive in a Day. ICRA 2019: 8248-8254
https://www.youtube.com/watch?v=eRwWTbRtnT1I
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BILFIEN

BT A2 B A= S REE BRI B A

eefk (agent)

s BN

(observation) '} < 475 (action)
&
Al
(reward)
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ReAN: ERFMERE FREIMERPIRZS
1780 AIARBY TSRS S E AR B iR
Bix: BEERTEIERR AR
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BILFIRRER

O 5 (History) 2R, 1700 AR5
H, = 01,R;,A1,05, Ry, Ay, ..., O¢_1, Re—1, Ap_q1, Op, R,
- Bp, —BZIE ALERNRERNEE
© IRIEXAN AR LURERE M REREMTA
- EBERIEITR

- INRIGIEMERFIR A

O (state) B—MRATRER MREAKENSE (1750, WE.
2 HUER
- SRR THERIREL
S¢ = f(H)
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BILFIRRER

0 ZEH% (Policy) RZIEReMEREr BT AR
© BMNRSZRNTEIRIMREY
- HEMSRES (Deterministic Policy)

a=mn(s)

- FEHLSRES (Stochastic Policy)

n(als) =P(A;=al|S; =s)
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BILFIRRER

0 225 (Reward) R(s,a)
© N ENENES BItHRE
© BEMBEPRFIEIHAR " B

O {MERZL (Value Function)

| RSNER—MRE, BFRLITRHAR i
F B /

© IMEREEXI T ARERFREFRITN
- FFHEELERIRIE T, KSRIEFIAR
Qr(s,a) = Ex[Rey1 + YRi42 + ¥?Regz + -+ |S; = 5,A; = a]
= En[Rey1 +vQr(s’,a)|S; = 5,4, = a]
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- MEREK

Vo,Li (0;) = Eg arp()isrme K’f’ +ymaxQ(s', a’;0i-1) — Q(s, a; 911)) Vo, Q(s, a; 95)]
0 EFREE: FBEAITEN
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- 20125 AlexNetfElmageNettt B ARSI FHEEE

- 20135128, F—mRERUFIICHENIPS 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, ioannis, daan, martin. riedmiller} @ deepmind.com

Volodymyr Mnih, Koray Kavukcuoglu, David Silver et al. Playing Atari with Deep Reinforcement Learning. NIPS 2013 workshop.
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Convolution Convolution Fully connected Fully connected
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Volodymyr Mnih, Koray Kavukcuoglu, David Silver et al. Playing Atari with Deep Reinforcement Learning. NIPS 2013 workshop.



imEliniEitF >

o (1858)

classifier

B mid-level features e
' (e.g. SVMi

i

TR |
! Felzenszwalb ‘08
REFS

TNE (1B4)
SR F S

linear policy -
_—>
or value func.

MR FS

\
f st
55555
9
\014\

- FREBKEIFERNFEIGLEBLIREIRINS R AS ZYE)ER
o M—IRECEE = FARFIRZZ A AT LAF=4E G DPRYSERRI AN

Slide from Sergey Levine. http://rail.eecs.berkeley.edu/deepricourse/static/slides/lec-1.pdf
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deep reinforcement learning: (Worldwide)
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A=QMILE (DQN)

0 Q FIFZEFI—1H 0 {FEASHHIREL Qo (s, a)
© BHTORE Qo(sear) « Qo(sear) +a(ry +y H}XE}X Qo(st+1,a") — Qg (se ar))

B8k

O ERRMEMBERKIET Qo (s, @), HIEAATRER
o TELERIFERIRY {(sp, ap, Ser1, 1)} FREIRIZ DD
* {(se, Ay, Sp41,10)} TPRES-IHE-TFT—IAZ-BIREIAN
°© Qp(s,a) HIPNESEH

fRRIYE
= i 1) SR S P 22 w2 i i

O {FERAXWEEN . TERZE (evaluation network) FOBFRK
#® (target network)

“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015) 34



= LAk

O BHIrMZE Q- (s, a)
- FARIBRYSEL, 188 6~, B8R ¢ LRIGNENSHELS—IR.
© FBURIERBUHRKERELS

1
L;(6;) = [Est,at,st+1,rt,pt~D [5 we(re +y Hzf}x Qei‘ (S¢+1,a’) — Qei(st: at))z ]

target
] % PR GRS (evaluation network)
7 \
Qo
Bfr% (target network) £
@s& =5 N IPREPIEIURAIEN, R
Qo-

“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015) 35



{£ Atari IRISHIRYSCIRSE SR

Video Pinball
Boxing
Breakout

Star Gunner
Robotank
Atlantis

Crazy Climber
Gopher

Demon Attack
Name This Game
Krull

Assault

Road Runner
Kangaroo
James Bond
Tennis

Pong

Space Invaders
Beam Rider
Tutankham
Kung-Fu Master
Freeway

Time Pilot
Enduro

Fishing Derby
Up and Down
Ice Hockey
Q'bert
H.E.R.O.
Asterix

Battle Zone
Wizard of Wor
Chopper Command
Centipede
Bank Heist
River Raid
Zaxxon

Amidar

Alien

Venture
Seaquest
Double Dunk
Bowling

Ms. Pac-Man
Asteroids
Frostbite
Gravitar

Private Eye
Montezuma's Revenge

|

normalized performance

DQN score — random play score

human score — random play score

At human-level or above

mlll!!!llll!ll!l“l"“‘llm

.
S

B1a%
3%
fr
%
Fs%

p2%

-
-
-
-
-

|o%

Below human-level

The performance of DOQN is
normalized with respect to a
professional human games
[ pboN | tester (that is, 100% level)
T

T T T T
100 200 300 400

o =
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I I 1
500 600 1,000 4,500%

“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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HIF SRR FE S (Model-based RL)

Q(s,a) and 7(al|s)

Roll-out value/policy
trajectory data

acting

planning direct In real

in virtual RL environment

environment
p(s’,r|s,a) model experience {(s,a,r,s’)}

ar Real trajectory

data
p(s'|s,a) with 7(s, a) known model

learning

- ENIARIREE, EEIEET) ISR EIIRE, BONESSMERNSNE, B
AL ENE S ED S 2R
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HIF SRR FE S (Model-based RL)

R L e L L b b e reinforcement learning with ANC

A
Taobao platform customers ===~ GAN-SD ------- » customer generator "interaction generator -
- — EERRE, IRERE;
~re virtual customer virtual platform
— N Py i u—
I -— 1 t D A i -—
' ¥ « n—- : ; P
nﬁtm — y b N
N f .
interaction data ————  discriminator < virtual data
Engine View state - - -» action state - - -»action
4 4
1 * 1 *
Customer View PC—request state -==-» action state - - -»
Engine view Customer view
State customer feature and request customer feature, engine action and PV info
Action | parametermized as a vector in R? buy, turn page or leave

- EVAPEREFa T ARIEE, SUAREmEERE TRPIRE, R WX
1779, HTCEE R HETE RS
39
Shi, Jing-Cheng, Yang Yu, et al. "Virtual-taobao: Virtualizing real-world online retail environment for reinforcement learning." AAAI 2019.



BirRoIfiE{ft3E>) (Goal-oriented RL)

AR
- === (Sub-Goal
State)

=
4
|
|

IS (Initial |
State)

---- BiRES
(Goal State)

i<k BE‘E%HEE‘Z 0 EitEtEIRZE (Compounding Model Error).
(Long-Horizon) 0 R i=S(Sparse Cost).

1

ERRFEIRT, BREIRMES B RIS NN R RAIERRES
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BirRoIfiE{ft3E>) (Goal-oriented RL)

goal state sq

RS |
:t% % generative

model

video
prediction
model fe

current state sp

Current State

Hierarchical Visual Foresight

y

A

L 'sz-‘ _J-L;e

Visual planning with fy

generated subgoals s2

generated subgoals s1

r,i > ol ol clRE

_'Q,

Optimize subgoals wrth CEM
to minimize planning cost

L) s

Visual MPC
Wlth fe

I IR > W S i
¢ )

y /

Sub Goal 1

( smepiams )

Sub Goal 2

Goal State

Current State  Sub Goal 1 Goal State

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



t2{A% 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
—
— b4 >4
~ . O
/ : e, 4, ORUNGS
/ E R N
\ (' ED vy oo
\ ™ 8 & Z
\ L ’ » »e
e ’
\ l
—

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



t2{A% 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.

43
https://techcrunch.com/2019/12/12/waymo-buys-latent-logic-drives-deeper-into-simulation-and-europe/
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ZEReIRA S S (Multi-agent RL)
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ZEReIRA S S (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.




R FIRFEIGS

« TAZEL

o TEXKA

« BT REE

o« (LG RER

« HEN
 EFERRE

« BUEPIO TN
« WWIERR

- fles NIzl

o BRERUTE

- T\ BEXMHS

46



BEEFIFAR RS E

sBLF M4

O FHBRE(ES
O LEAGE—IERE, MAMUXE— NMEEIREE

S FIRRALR R

0 2013812 BHINIPS workshopit XHE TR ERFE IR

O BENREBRAFEI L AL LUBRE D FIIREFES, (BIEEELE
B RIABRKAREE
iR F SIRTFE LR

O REFNDRLEAl, ATAIBESRIEK

O BUFEIFARAAAER, REGETEAN, FARG—

O R EIEZNEBIEFE IR ATE K 47




IREAN
s S ERtER D

©~NOWUVAWN =

BUFS. RERSHE

MDPHIEIZSALL!
{(ERREUELT
FTorREE A
SEUCRIEREFIRES
MNE5FS

I7I<J
I7|<1

AEBUEINMELE
r‘_gﬁ'f’t?—j H\H]QTTJ_ I%

9.

SRR

1. & {p=3
12. 28 E=IE

3. Z2E e E=FESI &N
ZEReNEFIRNE

1

1i@w%jmr_

16. FIARRRS

N A v VAN

Ii=i=1A\ya)

A TEEARERES
10. #ﬂzﬁw;j

A

B



R=SHA

D KM - =

s/—_\_\

IS B

BRZF



=k

Contents

01 HES5FH

02 ZEZERiER

50



01
R=ESFIR



FIIRRIES PR — P EAA)E

ET BRI E S EE R = AFIIRSR
HATREIEIRE E MBI ESARER
SHEZ U RENRK, F— SRR

TF+T

SRR ERAUERES



FHIRRIES PR — P EAA)E

0 BT BRI SR R i R EI RS
.+ Exploitation FYTAEEHHEEAIBHIATRITRSS
. Exploration SXESTRIRSE, LRl

ER

g ={rlli=1,..,n} e ={mili=1,.,nju{r)1j=1..

AVl mi~ &) S V(I miyy ~ Esr)

i, ~ {né | i =1, ...,m}

FE: e RIEFRISREE

53



— 4 BIF

£
LRERE  BEEE

GaiF v fizk:) tHE viATe
TR L bdzhin S R

HMEHIR (FR)11381E)

*48 BE5143
H2ix ¥15 RIERSEIR ¥5 «8 425% 4.7km

T 47 FEIIRAFAHRIR B

200816 49;H22 217t 78128 120635

EEZHHR (RTEAE)

*4.6 HE1644

A2k Y15 ImIEMALEE ¥3.5 v78 3999 4.0km
FORET RENTE T WTESEHRIEE S

28)M15 4520 W15 65825 9032

BIZIEE L IEIS (BT E)
737 10:30 8232

*4.8 BE45
ik ¥15 mIEREE ¥8 41574 5.0km
EHEBERSBEHERE " TEFE

28)@12 4824 7833 1840 6TERLIE

AREET - MEAEBES (FR)IIEEE)
*4.9 BE3842
i ¥20 ZIERACIE ¥3 ¥e:3 46 73%0 4.7km

ERiliiE JRoas

230E14 49315 8021 119i38 BrTRALE ~

ER5|H: _https://steemit.com/technology/@mor/machine-learning-series-part-5-exploration-vs-exploitation-
dilemma-in-reinforcement-learning

54


https://steemit.com/technology/@mor/machine-learning-series-part-5-exploration-vs-exploitation-dilemma-in-reinforcement-learning

SREGERZRRI—EE RN

O FpEEFE (Naive Exploration)
© I ITRARIERS e-greedy

O FAREIIR (Optimistic Initialization)

O BEFAHEERNESZ (Uncertainty Measurement)
- DM EBTHERTIIREE, Al RESIIE

0 MEZRITER (Probability Matching)
© BT HERERERIERE
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0 ZBEZERIL (multi-arm bandit) [AJERIFZZULENRE

IWEEES: ateAi=1,..,K

N

(A, R)
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W& (RIR) REHDH: R(ria') =P(ra)

O BRAWERRIEAE: maxY i r, e ~ R(-| a;)
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1. FFESREE m EBEEFEAENE a

2. ¥RENWER: 1 = Bandit(a)
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Regretif ]

ORI A : Q(a') = E, _p(yqi) 7]

O E\flE: 0 = maxQ(a')

O RRERMEARIOKEZE: R(a') = Q0" — Q(a))
O Total Regret ERiER: op = Eqr|X1=1 R(a})]

0 minog = max[E,., [Z{=1 Q(ai)]

FEERIEIERS, EPregretPlsEiih)s
BAIRE=E—EHE2 Y A905?
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Regretif£]

O INR—EIRETFTRK: op « T - R, total regret 18&MHEIE, TAKE
O NR—EMNRFHFNREK: op < TR, total regret {315 1E

EREFE—INRZEBIREME (sublinear) YISI{RIERY regret?

T5 (Lai & Robbins)

O /8 A, = Q* — Q(a) FIRIEREDFEIE: D, (R(r1a) | R*(r | @)
HaIA
Ag
D (R(r1a) Il R*(r | a))

lim oz = logT z

T—oo
alAg>0

Lai, Tze Leung, and Herbert Robbins. "Asymptotically efficient adaptive allocation rules." Advances in 61
applied mathematics 6.1 (1985): 4-22.
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a* = argmax Q(a)
op < T-[Q(a") — Q"]

LAY Total regret

e-greedy TRRg

o {argmgX@(a) SRR 1— e
Tl U, AD) SRR e

T & e Rk total regret J&E

A,
“R—Ml

a€eA

Total regret {A7AR L IEIEIERY,
HEERERILEO RSN
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O e-greedy BYZF, ¢ BEEBTEIRIR
O I8 _EXIEuamE B!
0 —f el geRI=IRA T :

c =0, d = min A,
alAg>0

O RERRISERRIEAL)

€; = min {1,

c|A|
d?t

}
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AE e-greedy REEXIEL: Total Regret

Total regret
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greedy
e-greedy
ecaying e-greedy
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Time-steps
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28 Q(a') —1MRENRE
EERSIFRELITEH 0(d)
1 |
N(ab) (Tt - Q(al))
Blrihit, BEMERFEEIN, XMMRETREISINS K/
ISP IR EAGIEE U ZPN S

Q(a') = Q(a') +

100% =
optimistic, greedy
80% 0,=5.€=0
% 60% realistic, e-greedy
Optimal 0,=0,€=01
action 40% -
20% =
0% =7 T T T T 1
1 200 400 600 800 1000

Steps
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— action 1
—— action 2

25 A —— action 3
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probability density
(=]
(9}
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o
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0 | 1 Y
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mean reward

« ZRIALE=AEINED T, HERZMFIE, S E?
- 1. BENAREN,; 2. EIRIRIES RERIER

https://web.stanford.edu/~bvr/pubs/TS Tutorial.pdf
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AREMEEARE Q(a), MEBRENNE, BritsRRTFAISEE

—NZIGHIES:
N(a) K, U(a)
N(a) /N, U(a) X

Mg n: a=argmaxQ(a) + U(a)
acA
tBFR9 UCB: EE{E5/% (Upper Confidence Bounds)

p(Q)
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UCB: LBER

Hoeffding A&z : P[E[x] > %, + u] < e~2t*" for x € [0,1]

NENHMEREHERT N EEER: U(a)
BIAEG: 0:(a) < Qt(a) + U, () LABHEZRpaz (HoeffdingA~Z=)
IELA IRk SRSE TR :

logp
ZNt(a)

a = argmax 0.(a) + U.(a) e 2N @U@ = 1, mp J,(a) = \/_

KT S -

L}lmaR < 8logt Z A,
alAg>0

Hoeffding, Wassily. "Probability inequalities for sums of bounded random variables." The Collected

Works of Wassily Hoeffding. Springer, New York, NY, 1994. 409-426. 69



Thompson Sampling’5ix

@ | BERRIA N E?

- 18%: RIEES N MER NSRBI EREEZ N
p(a) =jH[Ep(Q(a)) [Q(a; 0)] = maXIEp(Q(a))(Q(a 9))]

- S IRIESEIE N I EaiUMERER D Top (Q (o) FRFEIEMEC(0)
BMERKXBIEIE

Chapelle, Olivier, and Lihong Li. "An empirical evaluation of thompson sampling.” 70
Advances in neural information processing systems 24 (2011): 2249-2257.
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@ BERRIA N E?

Algorithm 1 Thompson sampling
CSCHL: IRELEEA R D
MEMZRD M (Q(a)) KX+ fort =1,...,7 do
BENMEQ(0), B MER Receive context
KAEHE Draw 6" according to P(6|D)

Select a; = argmax, E, (r|z;, a, 0")
Observe reward r;
D = DU (x¢,a¢,1¢)

end for

Chapelle, Olivier, and Lihong Li. "An empirical evaluation of thompson 71
sampling." Advances in neural information processing systems. 2011.
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Thompson SamplingflUCBAYSEIEXTEL

- L5 K-armZEZE =M, FIBetarsfiEEE MarmiBIpkI=R, #%a
LRI fa/9Beta(1,1).

Beta(x;a, ) « x%1 (1 —x)B~1

2.5y

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 } | | Draw 6; according to Beta(S; + a, F; + f3).

end for

Draw arm 72 = arg max; ; and observe reward r

RN/ NN if » = 1 then

' ' S; =85;+1

else
F;,=F;+1

end if

0 — é end for

o

NN U
P ||
N WR L

RRRR
oy

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- 72
sampling." Advances in neural information processing systems. 2011. intuition-examples-and-derivation-cf00f4db57af
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K=10, £=0.1 K=100, £=0.1
x —Tho;péon ‘ e —Ehé)Bﬁpson ' '
uC ] —
. K arms 200/ L——Asymptotic lower bound | 8000} —— Asympitotic lower bound
> UCB
6000}
« The best g 500f 8 e
h & 400! g ALB-
arm nas 4000} e
300F 5z
reward - e TS
ege i # zmo_ ////—/'/
p;% bsablllty
of 0.
?02 10° 1$4 10° 10° (1)02 10° 10* ; 10° 10° 10’
« K-1 other
arms have K=10, £=0.02 4 K=100, £=0.02
4000 ' } ‘ i 5x10 ' .
the rewa I’d —— Thompson —— Thompson
oy 3500 —— UCB 1 —UCB
pro ba bl | |ty —— Asymptotic lower bound 4 —— Asymptotic lower bound
of 0.5-¢ i | :
* 2500 ; 3t
I 5 3
l:%’2000- i 5 1 §)
. I 2t
» Asymptotic e
lower bound: 10001 it
. . 5)0.
(Lai & Robbins) , |
902 (1)02 10* 10° 10°
il
Aq Chapelle, Olivier, and Lihong Li. "An empirical evaluation of
. ' ) . 73
711_{1010 og = logT z D (R(T‘ la) | R*(r | a)) thompson sampling." Advances in neural information
a|Ag>0 KL processing systems. 2011.
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- 1SRN firegret /s 0(logT)
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