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Self Introduction

* Position
* Tenure-track associate professor 2023-now
* Assistant professor at John Hopcroft Center Aug 2019 - 2022

* Education
* PhD in Computer Science from the Chinese University of Hong Kong
* Master in Math from the Chinese Academy of Sciences
e Bachelor in Math from Chu Kochen Honors College, Zhejiang University

* Research interests
* Bandit algorithms
* Reinforcement learning algorithms
* Machine learning theory
* Machine learning applications



Teaching assistant

* Ruofeng Yang (174 1) e Xu Liu (XI]J1H)
* Email: wanshuiyin@sjtu.edu.cn * Email: liu_skywalker@sjtu.edu.cn
« 2" year PhD student « 2nd year Master student
* Research on diffusion models and * Research on reinforcement learning
reinforcement learning and bandits
e Office hour: Wed 7-9 PM e Office hour: Mon 7-9 PM
* Zhijie Wang (£ £ 1#) * Haitong Ma (-5 /i)
* Email: violetevergarden@sjtu.edu.cn * Email: mahaitong@sjtu.edu.cn
e 4th year undergraduate * 4th year undergraduate
* Research on in-context learning and e Research on reinforcement learning
bandit and recommender systems

e Office hour: Thu 2-4 PM e Office hour: Tue 7-9 PM



References (will add more during course)

» F)F et iR, Tk SR

e Reinforcement Learning: An Introduction
by Richard S. Sutton and Andrew G. Barto

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

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

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

» Stanford Emma Brunskill RL Course: https://web.stanford.edu/class/cs234/
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Goal

* Know what is RL and what it usually covers
e Be familiar and understand popular RL problems and algorithms

* Be able to build RL models in applications
* Know which algorithms to adopt and when to adopt

e Get a touch of latest research



Prerequisites

* Basic computer science principles
* Big-O notation
* Comfortably write non-trivial code in Python/numpy/PyTorch

* Probability

 Random Variables, Expectations, Distributions

* Linear Algebra & Multivariate/Matrix Calculus
e Gradients and Hessians
* Eigenvalue/vector

* Basic ideas in Artificial Intelligence and Machine Learning
* Agents
* Training & Test



Grading

AR

e Attendance and participance: 10%

* Homework (written & programming): 40%
* Project: 40%

* Presentations: 10%



Course outline

e Markov decision processes (MDPs)

 Model-based/Model-free Methods
* Value-based/Policy-based Methods
* Deep Reinforcement Learning

* Recent Advances
* Imitation Learning
e Offline RL
* Multi-agent RL



Recent Progress by Deep
Reinforcement Learning




Deep Reinforcement Learning

2013 Atari (DQN)
[Deepmind]
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Pong Enduro Beamrider
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Deep Reinforcement Learning 2

2013 Atari (DQN)
[Deepmind]

2015 Human-level control
[Deepmind]

Trained separate DQN agents for 50
different Atari games, without any
prior knowledge of the game rules

Mnih, V., Kavukcuoglu, K., Silver, D., Rusu, A. A., Veness, J., Bellemare, M. G, ... & Petersen, S. (2015). Human-level
control through deep reinforcement learning. Nature, 518(7540), 529.




Deep Reinforcement Learning 3

2013 | Atari (DQN) BT
[Deepmind] - -
2015 Human-level control 2 ..i
[Deepmind] ol - L - H’ 8.
: . E”.r ; 4,'.; N )':
AIphaGo *  ALPHAGO 1 P \ ,
[Deepmind] ++:00:00:48 ! _ ( o LEE SEDOL
i ; byt | 1 « 00:01:00
. . A = Lt ,‘—",'.’_'f v ‘.'.
. . " : 3 }: 2 ;
AlphaGo 88 iee %8
AlphaGo Silver et al, Nature 2015
AlphaGoZero Silver et al, Nature 2017
AlphaZero Silver et al, 2017 5
Tian et al, 2016; Maddison et al, 2014; Clark et al, 2015



2013

2015

2016

Deep Reinforcement Learning 4

Atari (DQN)
[Deepmind]

Human-level control
[Deepmind]

AlphaGo
[Deepmind]

3D locomotion (TRPO+GAE)
[Berkeley]

lteration O

[Schulman, Moritz, Levine, Jordan, Abbeel, ICLR 2016]
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2013

2015

2016

Deep Reinforcement Learning 5

Atari (DQN)
[Deepmind]

Human-level control
[Deepmind]

AlphaGo
[Deepmind]

3D locomotion (TRPO+GAE)
[Berkeley]

Real Robot Manipulation (GPS)
[Berkeley]

[Levine*, Finn*, Darrell, Abbeel, JMLR 2016]
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2013

2015

2016

2019

Atari (DQN)
[Deepmind]

Human-level control
[Deepmind]

AlphaGo
[Deepmind]

3D locomotion (TRPO+GAE)
[Berkeley]

Real Robot Manipulation (GPS)
[Berkeley]

Rubik’s Cube (PPO+DR)
[OpenAl]

Deep Reinforcement Learning 6

OpenAl

15



What are some recent advances we’ve seen
in Al?

Wt poeru paand ng of Sebvacior Dhdl wim 4 wodvse St face 3O i ey 4 heowr and Bk rerriesch
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©

Explaining a joke

Prompt
Explain this joke:

Joke: Did you see that Google just hired an eloquent whale for image credit' UW IPD
their TPU team? It showed thes how to communicate between two
different pods!

Model Response

Prediction: TPUs are a type of computer chip that Google uses

for deep learning. A "pod”™ is a group of TPUs. A "p also a

0 npecuns M hion Bt madon calix Cram Nacsn ok, atduin P el ntid saMig speiling Comecals, At e o hiad paud e wosplmn of 5ol

group of whales. The joke is that the whale is able to
communicate between two groups of whales, but the speaker is

pretending that the whale is able to communicate between two
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What’s the main idea behind this?

Explaining a joke

a Premet
Explain this joke:

Py Joke: Did you see that Google just hired anm eloquent whale for
their TRU tean? It showed then how 0 communicate BQtwean two
different pods!

Model Response

Predlicrior TPUs 2re 2 type of computor chip that Google uses

a

group of whales. The joke 45 that the whale 15 able to

conmunicate between two groups of whales,

speaker is

E that the whale is able to communi

etweon t

wO

—

"Us

grouwps of

Po(x) po(y[x)

learning. A "pod™ is & group of TPUs. A “pod™ is also
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Reinforcement learning can discover new
solutions

Impressive because no person had Impressive because it looks like
thought of it! something a person might draw!

01:33:54
01:38:39

“Move 37" in Lee Sedol AlphaGo match: reinforcement
learning “discovers” a move that surprises everyone

18



What is Reinforcement Learning?



What is reinforcement learning?

* Mathematical formalism for learning-based
decision making

* Approach for learning decision making and
control from experience



How is this different from other machine
earning topics?

Standard (supervised)

. ; Reinforcement learning:
machine learning:
* Datais noti.i.d.: previous outputs influence
. o g future inputs!
given D = {(xi, i)} « Ground truth answer is not known, only know
learn to predict y from x F(x) =y if we succeeded or failed

* more generally, we know the reward

Usually assumes:

* ii.d.data
* known ground truth outputs in training

FIEE ) ‘ |
| *
supervised _
| ' learning

W

P

21



What is reinforcement learning?

supervised learning reinforcement learning
"| Agent |
o Sgent |
computer [object label] slate| |reward action
R s, | |R A
PR
‘ <5 | Environment ]47
mput: x ' . pick your
output: y input: s; at each time step own actions
data: D = {(x;.y:)} ~ output: a; at each time step
goal: fo(x;) =y someone gives data: (si,ai,rq,...,ST,ar,7T)
this to you goal: learn my : 5y — a;

to maximize ), 7y

22



decisions (actions)

consequences
observations (states)
rewards

Actions: muscle contractions
Observations: sight, smell
Rewards: food

Actions: what to purchase
Observations: inventory levels
Rewards: profit

Actions: motor current or torque
Observations: camera images
Rewards: task success measure (e.g.,
running speed)

23



Complex tasks!
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Not just games and robots!

25



Reinforcement

Prompts Dataset

Sample many prompts

e
Initial Language Model

o000

Train on

{sample, reward) pairs

f- Reward (Preference) 9

Model

eTy

text

*eee

@S o
9 O

Lorem ipsum dolor
sit amet, consectey
adipiscing elit. Aeny
Donac quam felis
vulputate eget, arg
Nam quam nunc
eros faucibus tincl

Human Scoring

luctus pulvinar, her

Generated text

Outputs are ranked
(relative, ELO, etc.)

learning with language models

Can you explain to me how RL with human feedback works for language models like | am
five?

Sure! So, imagine you have a robot named Rufus who wants to learn how to talk like a
human, Rufus has a language model that helps him understand words and sentences.

First, Rufus will say something using his language model. For example, he might say "l am
arobot."

Then, a human will listen to what Rufus said and give him feedback on whether it sounded
like a natural sentence a human would say. The human might say, "That's not quite right,
Rufus. Humans don't usually say 'l am a robot." They might say 'I'm a robot' or 'fam a
machine.'*

Rufus will take this feedback and use it 1o update his language model. He will try to say
the sentence again, using the new information he received from the human. This time, he
might say “I'm a robot."

The human will listen again and give Rufus more feedback. This process will continue until
Rufus can say sentences that sound natural to a human.

Over time, Rufus will learn how to talk like a human thanks to the feedback he receives
from humans. This is how language models can be improved using RL with human
feedback,

26



Reinforcement learning with image
generation

“a dolphin riding a bike”

27



Reinforcement learning for chip design

Actions Reward

RL Agent Places Macrns Dne at a Time Force-Directed Method
‘ l Places Standard Cells HPWL

sar :

AT i T is its @ * Congestion

= From Scratch = Finetune a Pre-trained Paolicy
0.3

0.1

Placemeant cost

0 10 20 30 40

Training Time (hrs)
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- RIEEUEFUNAERL (B E53)
o« AEREEESLAI (CiEFS)
O RREUESS
© ESSINEFRIITE] (GREFE)
© BRTRFRRIAS
- FR1SRIATEZRD
- PEERERIHERR AR R

+ Learning from interaction in a

trial-and-error manner
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B FINRZEG): TASRNE

B

npthiisrexipelil MENTG WERIRE

elelne) to ©nstrate S
remforcement learnineg
a\gonthm learning,todrive

a Car.
~

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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BIULFIEN

IS A2 B A = RESE BRI B A

HRefk (agent)

UL Ao N
(observation) /1 1 < 1750 (action)
=4
=i
(reward)

= 1NEE:
BN EREMIEE _FRAIMEAIRES
1750 JUARBYTHRE RS S EZ AR BixR
Bir: [EENEHERRARXCERER
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FIEREt AR ! Dynamic Environment

37



BUFIRFER

O[5 (History) 2R, 1700 ERYFS]
H, = 01,Ry,A1,05, Ry, Ay, ..., Op_1, Re—1, Ap_q1, Op, R,

- Bp, —BZIrE: ALERrERNZE

- IRIBXN AT LURERE FRERETA

- BRENEE T

- FRIEMEIEETRALEY . f
O A% (state) EMSNSHIFREER, JRTHER MREAXEN
=15 (170, WER. Km)

© WERKRTHERIREY
S¢ = f(Hy)



What is a state?

/ The world state includes every last detail of the environment

\

/ A search state keeps only the details needed for planning (abstraction)
* Problem: Pathing * Problem: Eat-All-Dots
 States: (x,y) location  States: {(x,y), dot booleans}
* Actions: NSEW * Actions: NSEW
e Successor: update location e Successor: update location
only and possibly a dot boolean
* Goal test: is (x,y)=END e Goal test: dots all false

"




State Space Sizes?

* World state:
* Agent positions: 120
* Food count: 30
e Ghost positions: 12
e Agent facing: NSEW

* How many
 World states?
120x(23%)x(122)x4
 States for pathing?
120
e States for eat-all-dots?
120x(239)




Safe Passage

* Problem: eat all dots while keeping the ghosts perma-scared

* What does the state space have to specify?
* (agent position, dot booleans, power pellet booleans, remaining scared time)



BUFIRAER

0 %k% (Policy) BEIEeMESENERTABLI
S - AA)
- HEEMSERR (Deterministic Policy)

a=rm(s)
- BEHLERES (Stochastic Policy)

n(als) =P(A;=al|S; =5)

O 32F) (Reward) R(s,a
- —PMENEWFES BIiFHRE
- BEMZRIRHIEHAR " B

e

d
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Utilities of Sequences

* What preferences should an agent have over reward
sequences?

e More or less?
[1,2,2] or [2,3,4]

* Now or later?
[0, 0, 1] or [1,0,0]

43



Utilities of Sequences: Discounting

* It’s reasonable to maximize the sum of rewards
* It’s also reasonable to prefer rewards now to rewards later

* One solution: values of rewards decay exponentially

Worth Now Worth Next Step

Worth In Two Steps

44



Utilities of Sequences: Stationary Preferences

« Theorem: if we assume stationary preferences:

[al,ag,...] — [bl,bz,...]
0 C
] o @

[Tv a’laa29 L ] >‘ [T, bl,bQ, .« e

« Then: there are only two ways to define utilities
. Additive utility: U([rg,71,72,...]) =ro+7r1+1r04+---

- Discounted utility: U([rg,r1,792,...]) =19 +~yr1 + 727“2 e

45
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BUFIRRER

O {1{BErAgL (Value Function)
- WEMER—MTE, BTN ERtAZ
"W RY
-« MEREEXN TR R FRIFTN
- AFIHMETELEERREE T, ISHFAR

d

[

Qn(s,a) = Eg[Res1 + YRis2 + V*Riyz + - |St = 5,4 = a]

= E;[Re41 +¥Qr (s, a)|S; = 5,4y = a]

46



BUFIRFER

%“ ,\..17%‘
0 R (Model) FITAE P A
NRHY T/ L O i -/
A\ e
Ot N /’/‘ \" R
=
ﬁjI)\J—F_A'{kIU\ ¥
Pssi = P[Sp41 =5'|Se = 5,4 = 4] 2Eh | R,

- FEWT— (immediate 178])
=47

=2
Rs = E[Re41]S: = s,A¢ = a] RS
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o0 EFMME: MEHARFHHAZ2AEY
- AR (B2
- IMEREL

V(—?,,;L'i (92) — Es,amp(-);s’mg |:(T + H;%X Q(Sfa CL,; 9'5—1) o Q(S: a, 91)) v(%‘ Q(Sa a, 92)]
0 EF5E: MEEAITH

- RES
- IBINERE

0 Actor-Critic: S4IFEITRY
- SRR
- NMEREY
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RE R FSIHIIER

« 20125 AlexNet?xlmageNettb B KIBENSTXI F IR BT E

+ 2013F12H, F—mREBRUCFIICHENIPS 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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RERUFES

0 RERAES
- FERERS MEHEHI TN ERREFNSRESITIA
- MRS E R L linEinaY 5 T A S ZY 0]/

Convolution Convolution Fully connected Fully connected

Bes
o-

L 3

2kl
+0+=1+1+
©] (¢] (@] (]

AMR
+ 1+ +1+
[®] (©] (@] (®)

QEREHS BT B R AMEREFS
VQ,,;L?J (92) — Es,amp(-);s’mg [(T + II};’;}X Q(S’a CE’; 993—1) o Q(S: a, 91)) V@?‘, Q(S: a; 92)

Volodymyr Mnih, Koray Kavukcuoglu, David Silver et al. Playing Atari with Deep Reinforcement Learning. NIPS 2013 workshop.
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Slide from Sergey Levine. http://rail.eecs.berkeley.edu/deepricourse/static/slides/lec-1.pdf o7



deep reinforcement learning: (Worldwide)
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AEQKZ (DQN)

0 Q ZIT/EFI—1H 0 fFASERIRE Qo (s, a)
© BETARE Qo(srar) « (1 — a)Qo(sp,ap) +a (Tt +y H}xa}x Qo (St+1, a’))

< Qo(s,ap) +a(ry +y max Qo(st+1,a") — Qo (ss ar))

EAgiE
O FERRMEMNBRKIET Qy(s, @), HINEAATRER
o TEEERIFEREIRY {(sp, ap, Str1, 1)} FEIRIZ DR
* {(se, Ay, Sp41, 1)} TPRES-EHE-TF—IAZE-BEIREIAN

© Qo(s,a) BISHEEEHT

BRRIIE
= i 1)) G S P g 22 0 w2t o i

O {FERRNERLER): THMEMZE (evaluation network) FOE RK
& (target network)

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

O BHiRNZ Qp-(s, )
- (FHARIERISEL, 158 6-, B8R ¢ TRIGENEESEEIZ—IX,
© FBURIERHRKRELS

1
L;(6;) = Est,at,st+1,rt,pt~D [5 w(re +y H}E}X Qei‘ (s¢+1,a") — Qei(st; a;))? |

target
] # TEML (evaluation network)
- AN
Qo
BfRR%E (target network) £
@sﬂ = N PERMELCHINIEN, RER
Qo-

“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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1£ Atari T4t

oIk
T1
JH |
ITH
Y

Pong

Kung-Fu Master
Freeway
Time Pilot

Double Dunk
Bowling
Ms. Pac-Man

Private Eye

normalized performance

DQN score — random play score

human score — random play score

At human-level or above

mlll!!!llllllll!llllmlulm

N
]
&

EEEEEEES
#

Below human-level

The performance of DOQN is

normalized with respect to a

professional human games
[ pboN | tester (that is, 100% level)

o -

I I 1
500 600 1,000 4,500%
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“Human-Level Control Through Deep Reinforcement Learning” , Mnih, Kavukcuoglu, Silver et al. (2015)
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ST EHIRERIEMFS) (Model-based RL)

Q(s,a) and m(a|s)

Roll-out value/policy
trajectory data

acting
planning direct in real
in virtual RL environment
environment
P(s'ls,a) model experience {(s,a,r,s')}
R(s,a) Real trajectory
data
model
learning

- ENONERESE, EEIUEETIIZRRUCEIRES, RO ESSNEREIN,

BRI E S ED R ETE
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BEFRRENEAF S (Model-based RL)

Pmeesemsemseseeeessessssessessessesessesssssesessessessesennnas reinforcement learning with ANC

A
Taobao platform customers ===~ GAN-SD ------- *» customer generator ' interaction generator -
- — EERRE, IRERE;
TEe e virtual customer virtual platform
_ — f‘ N -~ Pa—
i3 -— 1 _ ' PR— M~ < —
¥ < —‘1_ “ : .
'l%'l m — y b N
\ D 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

- EVAPEEBYaTAENRE, RUARRREFRIETAPINRE. [/f. WXE
178, HMCREREERE

Shi, Jing-Cheng, Yang Yu, et al. "Virtual-taobao: Virtualizing real-world online retail environment for reinforcement learning." AAAI 2019.
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IreRaIRE =) (Goal-oriented RL)

FEIRS
= === (Sub-Goal
State)

- - -- BfFRE
RS (Initial | (Goal State)

State)

<k BE‘E%#B& 0 EitEtEIRZE (Compounding Model Error).
(Long-Horizon) 0 R i=(Sparse Cost).

1

ERFERT, BREIRMES B RIS NN R RAIERRESS
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a3 S) (Goal-oriented RL)

9

state sg Hierarchical Visual Foresight

oal

generated subgoals s2

RS

i = generative A
ZJR model =

(R EB-> WMD)

i —
pr:e/g::t(i)on £ l—[ ,. generated subgoals s1 ‘
model 0 V ?7 ?r i ?r ?, = .
current state sp ‘ ﬁ ‘: %
= P IV AP -
&' ‘7 3

Optimize subgoals with CEM
to minimize planning cost

Visual planning with fy

( #rmimans )

Current State  Sub Goal 1 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.




&A% (Imitation Learning)

Computer Games Real World Scenarios

robotics dialog autonomous driving
= NS

reward

&, ‘Ii
Mnih et al. ‘15 what is the reward?
often use a proxy

Expert Demonstrations (s, a) pairs Imitation Learning

S
Z

A
: i S R
., \ ’ — e
\ L]

—

Agent Experience (s, a, r, s, a) tuples Reinforcement Learning
68



E{HZ 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.

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

SN

F SIS B iRt S) e

O B ASERNHTEINE
SRR BRI

O A E— NSRRI,

INSRAFEERY (non-

stationary)

- TR TR RN

\




ZERERBMF S (Multi-agent RL)

i penom. PRAREERLT e malet B ke T
B R R

s mr i e i B Le=a win = 00un Lo
« 15 ffes .3'::-;--::--:- ¢! e e
T T . ':*:': :'.":'h-.: :."-
Bt aMEDENE Thm . PhIares e
I e B T L e el
ruize i b "’Eﬁ* ey
SRR, RReraatitin

WEREAIIN S EF KNRE BefiSHEHU

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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PSR F IR RS E

O FHBRE(ES
O LEAIGE—EE, MAMUXE— N EEIREE

B F IR R

0 20138128BHINIPS workshopit XFHE T iREREESIANML

O BEnREBRUEIHAEEI LIRS FIIRFESS, (BIEEEIE
EMABRIKHREE

O RENDRELEAI, ATAIBESHIEK

O BUEIRARASRRR, REHETEZHN, HAHR—

O HRPECEIEZXNEIEFE IR AFE K
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FREIRR

FEHE—1NEARG]

el

0 ET B AR SR R S R RRES
- Exploitation H{THEMSIEEAIBMIGSATRE

- Exploration ZI\EZAIEEHNASR,

TFT

7

SRR

*

I

—ERRBHGS

ERAUERES
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A RRAES FRI— 1 EAG]

&

0 EF BN ARG R RSt R RNk
. Exploitation {TABHHSE ARSI
. Exploration SXESAMMIRE, F— LBl

g ={nl1i=1,..,n} > Eppr = [l i = 1,...,n}u{ng |j = m}

IVl mi~ &) S V(I mipr ~ Eeyr) Thgq ~{mili=1,..,m}

3R UJRERIN BRI
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GaiF v fizk:) tHE viATe
TR L bdzhin S R

MEHIR (ZR)IFEIE)

*48 BE5143

#2i% ¥15 RIEEECE ¥5 48 4245%h 4.7km
TR A7 INIESF HE AR 22

200816 49;H22 217t 78128 120635

EEZHHR (RTEAE)

*4.6 HE1644

A2k Y15 ImIEMALEE ¥3.5 v78 3999 4.0km
BIRET RENSE” N ESERILEEE1E
2815 4520 W17 65825 9032

BIZIEE L IEIS (BT E)

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

28)@12 4824 7833 1840 6TERLIE

EREHT - EAREBES (RIBHIE)

*4.9 BE3842
i ¥20 ZIERACIE ¥3 ¥e:3 46 73%0 4.7km

ERiliiE JRoas

230E14 49315 8021 119i38 BrTRALE ~

E 35| _https://steemit.com/technology/@mor/machine-learning-series-part-5-exploration-vs-exploitation-
dilemma-in-reinforcement-learning
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SREEER A —E RN

O fh&EE%& (Naive Exploration)
© S ITRARIERS e-greedy
O fFARAI%R4E (Optimistic Initialization)
O EFAREMERNEEZ  (Uncertainty Measurement)
- S EBAAMREREAIREE, AREmRESRE
O #EZRILED (Probability Matching)
- ETRIGRRERE
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N
i
oft
at

i

MEES: deAi=1,.. K

I

(A, R)

\

(RiR) BEDH: R(rla)=P(rlad)

X

H

T

O RAWERRIEAE: maxYio r, e ~ R(-| a;)

THERIRRS, (I

82



Y

O HAZE WA REAIR AR

&1 + &) + .-+ "h-1

Qn(a’) =

n—1

O e BXAEFHNSEENER 0(n)
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Bik:

ZEERN

. 08AtE: Q(d')=c', N(a')=0,i=1,..,n
. EfEHRt=1T

1. FFESREE m EBEEFEANENE a

2. $REUES: . = Bandit(a)

3. BEHNTEES: N(a) == N(a) +1

4. FEEE: 0(a) = Q(a) + — [r, — Q(a)]

N(a)
RiEHFRZESFIA

R ZSiEE AR o ?
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RegretiR£q

O RERAVEREE TR
O =itz

> Q(at) = E, p(ria) 7]
Q" = maxQ(d')

0 RESBURENKEE: R(a') = Q" — Q(a)
0 Total Regret BREY: op = Eqr[XZ7-1 R(al)]

=max[E, [E{=1 Q (aﬁ)]

0 min op

[EERIEIEEE, BPregretdliith/s
BAIRE—EHEIE Y MA908?
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RegretiR£y

O MNBE—EIREINRE: 0z < TR, total regret 155, FTiRIE
O MR—BENREIRSE: op « TR, total regret {3551

ERIFE—NREEEIREM (sublinear) UZEIFRIERT regret?

T5 (Lai & Robbins)

O gﬁi Ag = Q* — Q(a) FORIRREIDFIRMAE: Dk (R(r 1 @) | R*(r | @)
ik

A 1
lim o 210TZ a4 ~1oTZ—
Am op = log DRI IR 1) ° Aq

alAg>0 alAg>0

Lai, Tze Leung, and Herbert Robbins. "Asymptotically efficient adaptive allocation rules." Advances in

applied mathematics 6.1 (1985): 4-22. a6



SERF0 e-greedy R
O @ \(GFGEdy)ﬁH]Q exploitation

T /
- . 1 .
Q(al) = N(ab) ;=1: Tt - 1(at = al)

a* = arg max Q(a)
- Q(a')]

og x T -|Q*

M AY Total regret

O e-greedy TR
exploitation

L
{arg max 0(a) K*iﬁ%?- 1—-e€
a, =

U, Al RIEFBEER: €
—

exploration

TE € {RIE total regret ;mE

A,
“R—ME

aceA

Total regret {378 L HIBIERY,
REERKRERORES/N
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A e-greedy SREEIILY

Eps-Greedy: Mean Rate of Choosing Best Arm from 5000 Simulations. 5 Arms = [4x 0.1, 1 x 0.9]

1.0+ epsilon
— 0.1

0.9+ 0.7
— 0.3

=
[=e]
i

04

,-nl"V ‘ ~os
fen

=
=
1

=
[=]
i

=
I
i

Mean Rate of Choosing Best Arm
] ]
[ 5] [ ]
1 1

=
]
i

1 I I I I I I 1 I I I 1
0 20 40 60 B0 100 120 140 160 180 200 220 240 260
Time Step
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ﬁJIT

L
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%

I

O e-greedy BIFR, € BEERE=R
O IS _EXIE0mA !
O &UN=EMSI: regret R(T) =0 (%log T)

>0, A= A _ mind1, 94
€20 8= min de, e=minil o

AN

need the knowledge of A

O RYEREISERIR ALK



A<[a] e-greedy 5

SERXIEL: Total Regret

greedy
e-greedy
Total regret
ecaying e-greedy
0 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19
Time-steps
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ARAIIEIE
4 Q(af) — MBI IIE
0 WEREERSEITER 0()
0(a") = 0(a) + s (e~ 0(a))

O BiRiaiT, BEEEXRFEN, X MrERRISIDSEKm)\
O {BE{AR AN FERRIT

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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EIE SRR MED TR

30

— action 1
—— action 2

25+ A —— action 3

N
o

probability density
(=]
(9}

=
o
T

5
a, a,
ds
: = A |
0.0 0.2 0.4 0.6 0.8 1.0

mean reward

o« FBELLE=AERUNMES T, FERFIFA, EEBaE?
- 1. ETUMREAEENE (frequentist); 2. BEIRRIES fXFRIEE (Bayesian)

https://web.stanford.edu/~bvr/pubs/TS Tutorial.pdf
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'~-4%@ﬁﬂtﬂkg

O ANE MR AHY Q(a"), BEERRNME, B ERTFIIRES

0 — R HIES
* N(a) KX, U(a)Ah
* N(a) /N, U(@) X

%M a=argmaxQ(a) + U(a)
acA
WBFRA UCB: EE{S5/%E (Upper Confidence Bounds)

p(Q)

EEWAENE?
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200+

150+

UCB: Bfs RE% -1 { ..... pHpp}-

50+

0

Hoeffding A<&2(: P[E[x] > %, + u] < ™2’ for x € [0,1]

O A N EREGEEHTT— N LEEER: U(2)
0 B2A8: 0/(a) < Q.(a) + U (a)LABHEZEpAZ (Hoeffding A=)
O {KIBLA TRk ISH TR :

A R _ logp
_ —2N¢(@)Ug(a)? — = |—
a = argmax Q:(a) + Us(a) e~ 2Nt(@)Ut p = U a) \/ 2N,(a)

O q&ﬁ&’l\i . exploftation exploration

gimJRSSIOgT 2 A,

a:Ag>0

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



UCBRYSEIZSIER

Result from 2000 simulations.

1.6

14 mpe H*MHM#M |

1.2

RN
o

o
oo

Average reward
o
(@)

o
N

—— Greedy
—— &-Greedy, £=0.1
— UCB, c=2

©
N

o
o

0 200 400 600 800 1000
Step



Thompson Sampling

« Assume each arm has prior
Gaussian(0,1)

« Then posterior distribution for «, is

Gaussian <Qa (1),

1+ Ta(t)>

exploitation ' ' -
« Sample A — e gt
~ ~ 1
t)~G ' t),

and select 3
a; = argmax, Qa(t) exploration

=




Thompson SamplingZ3i%

" | e N

ENE: RIEEN S ER I UBIBER RIS IZENE
p(a) =jH[IEp(Q(a)) [Q(a;0)] = maXIEp(Q(a))(Q(a 9))]

- S IRIESEIE I EaRIUMERER D Top (Q (o) RRFEIEMEQ(a), ik
BMERARIEIE

Chapelle, Olivier, and Lihong Li. "An empirical evaluation of thompson sampling.” 97
Advances in neural information processing systems 24 (2011): 2249-2257.



Thompson Sampling /5%

") e N

Algorithm 1 Thompson sampling
CSCHL: {RIEMAIEA Y D
MWEEES T (Q(a))KREE  fort=1,....Tdo
BEHEQ (), IHIFNER 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 98
sampling." Advances in neural information processing systems. 2011.



Thompson SamplingZE3EXTEY

Average regret for the 10-armed Beta Bandit

350
— UCB1
300l UCBV
—  kIUCB
kIUCB
2501 — BayesUCB 1
Thompson
200+
o
o
“ 150}
100}
50+
0 | | | |
0 1000 2000 3000 4000 5000



RRSFHEEES
- IRREFHEEEAFIMtrial-and-errordh A9 E RN

ZBEEENAILIEER RTINS (state-less)iBt 3

ZEE R RRRRR ST BRI RIS
- PR E iregretd 0(logT)

- e-greedy, UCBF1Thompson Sampling 7’3‘,%?‘ BE RISt
EH, &E EE%—}UE’JI;N??ZEP%E-I-%%‘% EE WHIZe-greedy
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