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B Introduction

Definition
DA L=] =1 o= Jol =4S

«  Maximize Total Game Score
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B Introduction

Definition
v Uspsiao 2 X
Maximize Total Game Score

SCORE : 000 SCORE : 001 .

Good!
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B Introduction

Definition
v Uspsiao 2 X
Maximize Total Game Score + 2

SCORE : 000 SCORE : 002
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B Introduction

Markov Decision Process(MDP)

¢ Markov Decision Process(MDP)
« 5Selementsin MDP : <S, A P R y>
« P : Transition Probability, which satisfies Markov Property : P[S;;1|S:] = P[St+1]51,S2, ..., St]
*  Experience : (so, ag, 11, S1).-

® EpISOdei {SO,' Ao, 11,51, a1,7‘2,, Sy, 45,713,583, ..., ST}

State Action

Transition Probability § ENROENT e Policy
P(s',r|s,a) i g (als)

https://lilianweng.github.io/lil-log/2018/02/19/a-long-peek-into-reinforcement-learning.html
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B Introduction

Markov Decision Process(MDP)

¢ Markov Decision Process(MDP)

Experience : (s;, @, 741, St4+1)

SCORE : 000

State(S)
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B Introduction

Markov Decision Process(MDP)

¢ Markov Decision Process(MDP)

State
Action

Reward
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B Introduction

Bellman Equation
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B Introduction

Bellman Equation

—_
M

N—r

< Bellman Equation( 2 B Al
(=

+ G M AEt2EE e = s TN B2y
o-||:||.|_|. Ii*% EJ ték% 2 ol=271»>
oA :

* G = ﬁHl +VE;+2 +V2 t43 = = k=0y%Rt+k+1

 Estimates of G;
v' State-Value function (V)
v' Action-Value function (Q)

State-Value function(&}ER 7FX| & <)

Ve(s) = Eql

[ﬁt+1 14 n6t+1)-|rt}i S
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Action-Value function(&= 7}X

0:(5.0) 2ElTEd OT A= o 215
?ﬁf ui%%h&%% Ig;;i]]
- (41 T )’VE(
= E[Rey1 +¥Qr (St11,a)]IS: = 5, A = al
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B Introduction

Bellman Equation
% Bellman Equation( 2+ 27 Al
- G YR EES F=RAEEY
V' Gy = Rppq +VYRerz +V*Reys o = Yo VRt
- V2t Qe G, Of ozt =EX|
Vo Vi (s) = Ex[GelS; = s]
v Qn(s,a) = En[thst =S4 = Cl]

Ve(se) = ) (aclse) Qo @) EIF(] = ) pLof (o)

CltEA XEA

@ H Data Mining .
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B Introduction

Bellman Equation
% Bellman Equation( 2+ 27 Al
e G YEHHS A= HY
V' Gy =Rip1 +YRisz + V?Rivs o = Dpo V¥ Rigiesn
- V2 Qe G, of CHet =X
V' V() = Ef[GlS; = 5]
v Qn(s,a) = En[thst = StAt = a]

rr

ag
-~
07_A_ ) Qu(st,a)=100
St - >
-~
O3 ) Qulsea)=-50
Vo (s: ) = 550
KRRES 13/42
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B Learning Methods

Value-based vs Policy-based

J

L)

¢ OFXZE0| HE =&

= =TT

Value-based Learning :

Policy-based Learning :

Gt = Rty1 T YRy + Yth+3 .= ZZ‘LO Vth+k+1
Ve(s) = Ef[GelS; = s] = Ex[Res1 + ¥V (Se+1)1Se = 5]

v
v
v V(se) = ZateA (aclsp)Qr (st ar)
v

Qr(s,a) = E;[Ge|Se = s,A = a] = Ex[Res1 + VER[Q(Se41,a)]IS: = 5, A = a]

Value-based Learning
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- Learning Methods
MC vs TD
* O0|E 7|0 2 28

L4

*  Monte-Carlo(MCQ): Episodic Training

 Temporal-difference(TD): Experimental Training

‘ —

Monte-Carlo Method
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V' Gt =Rpy1 + YR + Yth+3 THES Zloco:o Vth+k+1
v Ve(s) = Ef[GelS; = s] = Ex[Res1 + ¥V (Se+1)1Se = 5]
v V(se) = ZateA (aclsp)Qr (st ar)
V' Qn(5,2) = Ef[GlS; = 5,Ar = a] = Ex[Retq + VEL[Q(Se41,a)]IS: = 5,Ar = a]
Temporal-Difference Method
. -3 Data Mini N
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- Learning Methods
MC vs TD
+ QHO|E F7|of 2 27

—

* Monte-Carlo(MC): High Variance, Low Bias

A N NN

« Temporal-difference(TD). Low Variance, High Bias

« Example
v" Way back home

45

Predicted
total 40
travel

time
35

30

Leave Reach Highway Home Home
office car street door

Monte-Carlo Method

https://www.davidsilver.uk/wp-content/uploads/2020/03/MC-TD.pdf
KOREA
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Predicted
total
travel
time
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45

40

35

30

Gt = Rey1 + YRz + Y Rz o = X0V Reqient

Vi(s) = ExlGelSe = s] = En[Reys + ¥Va(Ser IS = sl

Vi(se) = ZateA (aclsp)Qr (st ar)

Qn(s,@) = ExlGe|S; = s,Ar = a] = Ex[Reyq + VER[Q(St41,a)]IS: = 5,4 = d]

Leave Reach Highway Home Home
office car street door

Temporal-Difference Method

.® 2 Data Mining
'..ft, ma .‘:‘. Quuality Analytics



B Learning Methods
MC vs TD
s QE0|E F7|of 2 23
*  Monte-Carlo(MC): Update by True value
« Temporal-difference(TD): Update by TD target

V(St) < V(St) + a(GtOO - V(St)) G;o — Rt+1 + th+2 + yth+3 MC MethOd

V(sp) < V(s) + a(Gl —=V(sp)) GI = Rpyr +VRegp + -+ V" "Ry +y"V (5p4,)  N-Step TD Method

V(sp) < V(sp) + a(GE —V(sp) G = Repq + YV (Sp11) 1-step TD Method

@ H Data Mining '
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B Learning Methods
MC vs TD

\/
000
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Mz o2 42 MHE at2d 5 2
EIMM k2L wol ol Uk
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LSME HE AL A A5
HEZ ol §3td o+ 2 L2 % 9}
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* kol 847 2} Al
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* 4 dbus

TD learning
« oF EHA O L2 FEXE 27|

o V(sp) «V(sp) + a(Reyr + VYV (ser1) — V(sp))

* QG ar) « Q(s, ap) + a(Repq +vQ(St41, Arr1) — Q(Sp ar))

€9 Adobe Flash Player @
BYO 2NY HEBQ

S22H
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B Learning Methods
MC vs TD

% 1D learning
. BHERH| Of Lt FHK|S Sf7p|

o V(sp) «V(sp) + a(Reyr + VYV (ser1) — V(sp))
* QG ar) « Q(s, ap) + a(Repq +vQ(St41, Arr1) — Q(Sp ar))

: L Le) EJO[2 MOD 7
OIJ HI /~§ H7)-:|- I_—i H|— L2 M= L
|

19000000 g v =251

| &
THI I]II
¢

o

TER 1 IR I =

U7t 1 =02 HETOIS Aomm

v i-g9 A4
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I Methods

On-policy vs Off-policy

> |0 YAl 2 28
« On-Policy : Training on data only produced by a current policy ex) Expected SARSA
« Off-Policy : Training on data produced by a differenct policy ex) Q-learning

Q(seap) < Q(sp,ap) + a(TD target — Q(sy, a))

Expected SARSA Q-learning
Riyq +VE, [Q(Siiq,a)] Riyq +yMax,[Q(St41, )]
Cannot reuse data Overestimation

@ H Data Mining
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I Methods

On-policy vs Off-policy Q(sp,a.) < Q(s, ar) + a(TD target — Q(sy, ar))
% Expected SARSA

" 51 Riy1 +VE47[Q(St41,a)]
« TD-target : Ct& EfQ] As 71X 2=(Q)2l 7|CHeL
- HM(7)0| RHO|ELIH &Ef(s)0f Cigt M)l ==

=27t HHE
- S YEOf Chot EFZIZLO] A% HHY 2| =20 €2 B(e)= 02 B YUOIOE & =+ BlS
m(alSe+1)
m(alSe+1)
KOREA
UNIVERSITY
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I Methods

On-policy vs Off-policy

% Q-learning

- TD-target : Ct2 &EQ| & 7HX| &=(Q2l Z|CHZk
| (o)

He JEHOAM = = A=

-+ SH(m) B0

o
. WS TPK| WA IO H 4 AS

95% =EE =
1000+ Hi7|

KOREA 22/42
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i

| [ CH X 2

Q(sear) < Q(sp,ar) + a(TD target — Q(sy, az))

Rey1 +¥Max,[Q(Se41,a)]

nk:

1% & EE
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.® 2 Data Mining
'U‘.pt’ ma .‘:‘. Quuality Analytics



B Value-based Algorithms
DQN( Mnih et al. 2013)

% Key Points

_
. OlZAA

Ot
o=

M

x
=3

= (Estimate Function)E AtE

v Q-learning(Off-Policy) + CNN/DNN
ySp gl

- HOlHE

states

actions

Ao

a

a;

$o

Qs,.a,)

aés,.a)

QGs..a,)

$

QG .a,)

QGs.a)

Qs .a,)

$:

Q(s..a,)

QGs,.a,)

aes..a,)

KOREA
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Tabular Q-learning

B2 5+&S17| I8 Experience Replay Mechanism = ¢

Too many states....
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B Value-based Algorithms
DQN( Mnih et al. 2013)
% Experience Replay Mechanism
« Transition & queue 2| BEN2 NF, F=510] g5

- HOlHS 2&d 57t 3 ME o] d&d= M =84

(Estimate Function)

KOREA 24/

UNIVERSITY

e = {S¢, Ay, Te41, St+1}

N 4 L

e = {S1,0a4,77,S,}
e = {Sg, Ao, 11,51}

e = {S;, ay, 13,53}
e = {s1,0a4,77,S,}

e = {Sg, ag, 11,51}

Replay Buffer

.® 2 Data Mining
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B Value-based Algorithms
DQN( Mnih et al. 2013)

enqueue
% Experience Replay Mechanism

« Transition & queue 2| BEN2 NF, F=510] g5

- HO[HS 2&d 57l & ¥E Mo &4&3dE HAHSHY S 2d E%

o | v
A 4 o

Loss = MSE|[Q(s;,a;; 0 ),TD target]
TD target = Tpyq +y maxQ(Se4q,a’;6)
a

dequeue

KOREA

UNIVERSITY 25/42

e = {St, ¢, Te+1, Se+1}

e = {S1,0a4,77,S,}

e = {Sg, Ao, 11,51}

e = {s2,a,,T3,53}

e ={s1,a4,73,52}

e = {Sg, ag, 11,51}

e = {St, ¢, Te+1, Se+1}
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B Value-based Algorithms
DQN( Mnih et al. 2013)

<« =M™

StLte| = |}BE BfM = OO|FES| XLt £ 55 TSt/ o Lt
0] 0| E 2 exploration O] 2% E[X| &=Lt

LS —

parameter 7t B ™ target 4f FESF B V| IfZ0f <t50| = QHE X 0|}

KOREA

@ P Data Mining
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B Value-based Algorithms
DQN( Mnih et al. 2013)

<« =M™

« ofLtel T A= oflo]H

Eo| 9IX|L} £E 52 I
v o47fo] dzEol mag

s= LYsts| ofELt.
MOt input 22 ArE
0| 0| E 9| exploration O] 2% &|X| Q=L

Lol_

O 0 =

- parameter 7} HH ™ target €f EEoF HH 7| [[H--Oﬂ st50| =2HE X 0|

St = {Xt—3,Xt—2, Xe—1, Xt}
L PR Data Mining
KOREA 27/42 =2 hcol AN
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B Value-based Algorithms
DQN( Mnih et al. 2013)
« =M™
- StLtol YTt Bt = OO|MEQ| QXL £ S sty o FHLL
+ Oj|O| M EQ] exploration O] % E|X| Qt=C},
v’ e-greedy policy & &0l Ct¥et WHS@) & B

o
« parameter 7} HHH ™ target ¢t EEoF HHH 7| &0 sf50] =2Pd A O|CL

Q(sp az; 6)

95% : a = argmaxQ(s;, az; 6)
5% : a = random

@ H Data Mining
UKI\E?J'&E!I’AY 28/42 '..Pt’ ma .‘:% Quuality Analytics



B Value-based Algorithms
, Loss = MSE[Q(s;,a;; 0 ),TD target]
DQN( Mnih et al. 2013) TD target = 141 +ymax Q(s;s1,@’; 0)

< =AM
. OfLPO| | YTH B = OO|MEQ| {X|Lt £ S8 TSty o ELt.
- Of|0|HEQ| exploration O] &% E|X| =L
- parameter 7} HH¥|H target 2t ET I=|F'|1|7| o 20 st50] = Ho|Lt.

v OHEHEQl st5ES /%l target network =&

St 6

8
3

Q(St;?; 9)

[-]

Tert | 1

9 /
St+1 St+1

@ H Data Mining
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B Value-based Algorithms
, Loss = MSE[Q(s;,a;; 0 ),TD target]
DQN( Mnih et al. 2013) TD target = 141 +ymax Q(s;s1,@’; 0)

< =AM
. OfLPO| | YTH B = OO|MEQ| {X|Lt £ S8 TSty o ELt.
- Of|0|HEQ| exploration O] &% E|X| =L
- parameter 7} HH¥|H target 2t ET I=|F'|1|7| o 20 st50] = Ho|Lt.

v OHEHEQl st5ES /%l target network =&

: v

8
3

Q(s,a, =2;0) =5

[-]

Tert | 1

9/

@ H Data Mining
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B Value-based Algorithms

Loss = MSE[Q(s;,a;; 0 ),TD target]

DQN( Mnih et al. 2013) TD target = 141 +ymax Q(s;s1,@’; 0)
S s ’

KOREA

UNIVERSITY

StLte| =Rt BiM = OO|FES| XLt £ = 58 Test7| o Lot
0| 0] E 9| exploration O] 2% E|X| =L
parameter 7} HHH target 2} T I=|F'|1|7| uf 20f st50| =g o|ct.

v QHEX QI st=2 29l target network = &

8
3

Q(s;, a; =2;0) =5

: v

[-]

Tt 1

9/

T +ymax,Q(sgq,a;60) = 2.8

efe]-]

- @ PRS- Data Mining
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B Value-based Algorithms

Loss = MSE[Q(s;,a;; 0 ),TD target]

DQN( Mnih et al. 2013) TD target = 141 +ymax Q(s;s1,@’; 0)
S s ’

KOREA

UNIVERSITY

StLte| =Rt BiM = OO|FES| XLt £ = 58 Test7| o Lot
0| 0] E 9| exploration O] 2% E|X| =L
parameter 7} HHH target 2} T I=|F'|1|7| uf 20f st50| =g o|ct.

v QHEX QI st=2 29l target network = &

8
3

Q(sp,a, =2;0) =4.3

: v

Gradient

[-]

update

Tt 1

9/

T +ymax,Q(sgq,a;60) = 2.8

efe]-]

.o PR, 4 Data Mining
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B Value-based Algorithms

Loss = MSE[Q(s;,a;; 0 ),TD target]

DQN( Mnih et al. 2013) TD target = 141 +ymax Q(s;s1,@’; 0)
S s ’

KOREA

UNIVERSITY

StLte| =Rt BiM = OO|FES| XLt £ = 58 Test7| o Lot
0| 0] E 9| exploration O] 2% E|X| =L
parameter 7} HHH target 2} T I=|F'|1|7| uf 20f st50| =g o|ct.

v QHEX QI st=2 29l target network = &

8
3

Q(sp,a, =2;0) =3.2

: v

Gradient

[+]

update

Tt 1

9/

T +ymax,Q(sgq,a;60) = 2.8

efe]-]

.o PR, 4 Data Mining
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B Value-based Algorithms
DQN( Mnih et al. 2013)

«» Total Process
o 4709 EAE SN AEl(5)E YHS Hh=C}
« Eval Net 2 S8l 2 AHS(a) O CHer WS7HK 22| =-HUE =Lt

S e—greedy policy £ S

95% : a = argmax Q(s, as; 0)

9 . 5% : a = random

Choose action by e-greedy policy

- @ H Data Mining
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B Value-based Algorithms
DQN( Mnih et al. 2013)

«» Total Process

Replay Buffer(Queue)0il Z&2 XMZ&HCL
*  Replay Buffer i A| mini-batch £ ME&ls1

Target network 2| parameter = &%

e = {S¢, At Tey1) Sea1}

Replay
Buffer

Mini-batch

old experience

KOREA

UNIVERSITY

Q tX= Tt

Z=7|0}LC} current network 2| parameter 2 YH|0| ESHCH!

8
9 3| Q(s,a;0)=5
a; =
Gradient
update

XYy + ry,1=2.8

H ' max

35/42 -;-3”
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B Value-based Algorithms
DRQN(M Hausknecht et al. 2015)

/

% Key Points

« POMDP(Partially Observable MDP)
v HNE RE7F 2= A2 HEH(S) 7t OfL 2F 25 X[(0).
v' What's the difference between ‘State’ and '‘Observation’

« DRQN 2 POMDP 7I740|A] DQN = AtESH?| {8l LSTM 2 =Y

Observation

i

Velocity?? Direction??

State

b, |
OREA . PR Data Mining N
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B Value-based Algorithms
DRQN(M Hausknecht et al. 2015)
% Key Points
+ 7|E2 DQN 2 4712 frame & &t

P
+ DRQN 2 LSTM £ 0|&3}0] POMDP &S SL3t Xt &

|0
!
=

3E EI%EI

LSTM — LSTM —> LSTM —> LSTM

Conv Conv Conv Conv

@ H Data Mining
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B Value-based Algorithms
DRQN(M Hausknecht et al. 2015)

% Experimental Results
- DRQON O| DON = 8¢ FI0{E= 955 E0/= A2 Oty
« Frostbite 0| A{= DQN 2Lt EM F/U2L} Beam Rider 0{M= 450] FHEHE

Frostbite
3500

3000 —— DRQN
2500 - - DON
2000
1500
1000
500
o —
0 5000 10000 15000

OQO= 453
SECTOR @I 3

Beam Rider
8000

7000 —— DRQN
6000 =~ - - DQN
5000 i
4000 {
3000 &
2000 T he ——————
1000 _____q,,/’/r

o /

0 500 1000 1500 2000 2500 3000

, Frostbite Beam Rider
Figure 4: Frostbite and Beam Rider represent the best and

worst games for DRQN. Frostbite performance jumps as the
agent learns to reliably complete the first level.

@ H Data Mining
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B Value-based Algorithms
DRQN(M Hausknecht et al. 2015)

% When game is flickering...

« DRQN € frame 9| Y& &AIQ

0.5

Percentage Original Score
o
.

0.3

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.€
Observation Probability

Figure 5: When trained on normal games (MDPs) and then
evaluated on flickering games (POMDPs), DRQN'’s perfor-
mance degrades more gracefully than DQN’s. Each data
point shows the average percentage of the original game
score over all 9 games in Table 1.
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SENZEX gt - A SENOf Tt Bt

v |
v ASIHKg e S SRR HS0f CHet Eot
v & B2 22 ottt FEXE W2 £ 5 el =8 xS A8

. 2 Bk OfEH SEBHA|7?
v" Monte-Carlo & Temporal-Difference
v" On-Policy & Off-Policy

@ H Data Mining
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B Appendix
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s Papers
* Mnih, V., Kavukcuoglu, K., Silver, D., Graves, A., Antonoglou, |., Wierstra, D., & Riedmiller, M. (2013). Playing atari with deep
reinforcement learning. arXiv preprint arXiv:1312.5602.
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s Sites & Codes
« https://lilianweng.qithub.io/lil-log/2018/02/19/a-long-peek-into-reinforcement-learning.html

« https://github.com/qgfettes/DeepRL-Tutorials

* https://github.com/seungeunrho/minimalRL
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https://lilianweng.github.io/lil-log/2018/02/19/a-long-peek-into-reinforcement-learning.html
https://github.com/qfettes/DeepRL-Tutorials
https://stable-baselines3.readthedocs.io/en/master/

B Appendix

Additional Materials
s Papers
* Van Hasselt, H., Guez, A, & Silver, D. (2016, March). Deep reinforcement learning with double g-learning. In Proceedings of the
AAAI conference on artificial intelligence (Vol. 30, No. 1).
* Wang, Z, Schaul, T, Hessel, M., Hasselt, H., Lanctot, M., & Freitas, N. (2016, June). Dueling network architectures for deep
reinforcement learning. In /nternational conference on machine learning (pp. 1995-2003). PMLR.
* Schaul, T, Quan, J., Antonoglou, I., & Silver, D. (2015). Prioritized experience replay. arXiv preprint arXiv:1571.05952.

» Bellemare, M. G., Dabney, W., & Munos, R. (2017, July). A distributional perspective on reinforcement learning. In International
Conference on Machine Learning (pp. 449-458). PMLR.

» Fortunato, M., Azar, M. G,, Piot, B., Menick, J., Osband, I., Graves, A, ... & Legg, S. (2017). Noisy networks for exploration. arXiv
preprint arXiv:1706.10295.

* Hessel, M., Modayil, J., Van Hasselt, H., Schaul, T., Ostrovski, G., Dabney, W., ... & Silver, D. (2018, April). Rainbow: Combining

improvements in deep reinforcement learning. In Thirty-second AAAI conference on artificial intelligence.

o Sites & Codes

« https://gym.openai.com/

« https://stable-baselines3.readthedocs.io/en/master/
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