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Reinforcement Learning EEDIIDEDEDIIDID

Multi Armed Bandit

v

Sequential Decision Problem

v
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) Bellman Equation
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Programming(DP) (TD) (MC)
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Iteration(GPI) SARSA Deep Q Network
Value lteration (DQN)
Q Learning ——
Policy Iteration Application
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One Armed Bandit | A > SDP > MDP > DP > TD >al > baN 4
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One Armed Bandit | A > SDP > MDP > DP > TD >al > baN 4

Best case

Worst Case
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Multi Armed Bandit | A > SDP > MDP > DP > TD >al > baN 4
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Multi Armed Bandit
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Multi Armed Bandit
Xt~ O|X| 2|2 o= Zo0fof B}

KXY 5 ) e ) w ) ™ e )y

Idea 1. (Action) Value Function

Zt X0 F= EY(=ElHE)S 2O0A 7[tiatE 2o &

= T 27t 2274 AL

Idea 2. € — greedy method
9| st 2t HHSIS0| MES DS 4 QL= 1074 WS ENE Meis T}
AL E|QICHH O|X| O et=& A= 0| &3HO} O_H:h

A2, 7|40

St& 6= = QF Exploration : CHQ

_?l
.I.L
L

2ot = ol ¥52f e o 2ETHE2 Non-
Greedy actlonsOF MHMZ =2AEHMOZ %—_'L LIHX| 1- e ZHE 2 Greedy action= 1 EH
- S50 2=

&| ™ Exploitation : Greedy actions = 9| ofL}
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Multi Armed Bandit | M8 > S > MDP > DP > TD >aL > DaN 4

BHEHL2Z 012 ZE(10%)Z Epsilongts = Al T2 0= 0|2 Q leamingMM = E& 7|22 2 AL
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Multi Armed Bandit

Y o > e ) o ) D e ) een)

OFoF =& A0 2 HAIO| == E&0f CiSiM 2IE SE F #EAIZ|=AH ACHH? No, it can't
Trof oheHol Z27H0| Ol 58 AZFS2 O] 0| O B 278 A=CHH? No, it can't
Multi armed Associative(=Con | Reinforcement
bandit text) search Learning
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Sequential Decision Problem HEREDITPITDIDINDITD

RLO| “Hello World"Z3 Q! Grid World2t= 0| X|& =X}
OO|MEC| 2 H (Goal)2 A|AX|HAUAM =X EIHK| HOol== sl =Tt ARO =2 J1OF BHCt

(Start) (0,1) (0,2) (0,3) (0,4)
._.

w0 | @ R:-1.0A (1,3) (1,4)

(2,0) R:-1.0A R;1.oG (2,3) (2,4)

(3,0) (3,1) (3,2) (3,3) (3,4)

(4,0) (4,1) (4,2) (4,3) (4,4)
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Markov Decision Process | MAB > SOP > MDP > DP > TD >alL > DaN 4

1. Sequential Decision Problem= 2|
2. MDP ZHME ZABHY Fi= CHefol
@ £r8(Model)0| 7FX| 2 Q= Dynamics(Z2H& % O{EA EelZ &nf?
@ AlZHof A HHY = k82 O{E A SioF & A1Vt (&FEH)
® Y| oAHAE 2 OfE A Li2{OF 277k? (A Zh

[E] alamy stock photo

<A RSN

MDP =< S5,A4,P,R,y >
. 2 Ef|(State)
- 2 Z(Action) “Markov” property
. A El| H 2t =2hE (State transition probability) (=memoryless property)
. H & (Reward)
. 29l = (Discount factor)

< X UV>P>Wm
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Markov Decision Process | MAB > SDP > MDP > DP > TD >al > DaN 4

AFEl| (State)
State= Agent”/f OfH &S LYE [ EEHO| &= HEje| A TE

S = {Start), 0,1), 0.2), (03) .....(GoaAl)...., 43)44)}

MDPO'”|A_-| T= 50,51,52, vy ST

(Start) (0,1) (0,2) (0,3) (0,4)
(1,004 | (1,1) R:-1.0 | (1,3) (1,4)
(2,0) R:-1.0 (Goal)‘ (2,3) (2,4)
(3,0) (3,1) (3,2) (3,3) (3,4)
(4,0) (4,1) (4,2) (4,3) (4,4)
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Markov Decision Process | MAB > SDP > MDP > DP > TD >al > DaN 4

oH M (Action)

OIOJIMEZL S = U= A= Tt A = {7, ofel, zh &

A ZHtOf F[ot A4E 4, = a

BI04 ShEh=0f| T| 2~ E) 7t StLfe| AHERMA S W7 [= A) O|X| T,

(Start) (0,1) (0,2) (0,3) (0,4)

(1,00¢ | (1,1) R:-1.i (1,3) (1,4)
(2,0) R:-1.i (Goal' (2,3) (2,4)

(3,0) (3,1) (3,2) (3,3) (3,4)

(4,0) (4,1) (4,2) (4,3) (4,4)
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Markov Decision Process | MAB > SOP > MDP > DP > TD >alL > DaN 4

A EtH 2H2HE (State Transition Probability)
Otz ME7|E E0{ECED X|X} DeterministicH| A Stochastic®t 2tgt

AMER (02)2] 00| E = Of2H2 Z3{1 YOoLt QEXZ O Z HIZH0f| LA Action OF2HO|L} CHS AEl= (03)
P%, = P[S;41 = (03) IS, = (0,2), A, = DOWN] = 05
PY, = P[S;41 = (1,2) |S; = (0,2), A, = DOWN] = 05

O| AEH B8t 2HE-S OHCHH Model Based Learning, =23 Model Free LeamingO|2t1 25

(Start) | (0,1) (0,2) (0,3) (0,4)
- m

\ (1,0) (1,1) R: -1.i (1,3) (1,4)
(2,0) R: -1.0‘ (Goal‘ (2,3) (2,4)

(3,0) (3,1) (3,2) (3,3) (3,4)

(4,0) (4,1) (4,2) (4,3) (4,4)
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Markov Decision Process | MAB > SDP > MDP > DP > TD >al > DaN 4

2| % E (Reward)

OO[HETt A= =+5t= =8| Ciot 2IE, 2 E F= AZEt 4t

o)) (1,2), @12l =4 M2 20| U= ErH(State)| 71HH -12| 2[R E
(22)2| mtzt 32k0] 2ol XtH (State) Off 7HH +12] 2[RIE

>

(Start) (0,1) (0,2) (0,3) (0,4)
(1,00¢ | (1,1) R:-1.0 | (1,3) (1,4)

(2,0) R: -1.0| (Goab (2,3) (2,4)

(3,0) (3,1) (3,2) (3,3) (3,4)

(4,0) (4,1) (4,2) (4,3) (4,4)
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Markov Decision Process | MAB > SOP > MDP > DP > TD >alL > DaN 4

€91 -Z (Discount factor)
01f 1AHO|Q] Zf2 2 XY A|FOfA Of2 A|-O|A 22 40| AKXl 7HK|E Al ALE
O| 2t0| 1 O|Rte = M7HSIH Al7te] ZLtEof 2l Ql0] S0{7FHA] X|E 2 27| 7t 7HssHE

= -

(Start) (0,1) (0,2) (0,3) (0,4)

-4

(1,0) (1,1) R:-1.0, |(1,3) (1,4) oA =2
A 2

B
7 / 220 Al TS
(2,0) R: -1.0| (Goab_ ; (2,4) h||_§|'ﬂ'(Return)

-

[ W—

Gy =R, +YR; +y?R, + y3Rs + ¥*Rg

(310) (3)1) . (312) (3r3) (3)4) GZ — R3 + VR4 _|_ )/ZRS _|_ )/3R6
v 4 Re G3 = Ry +yRs + Y*Rg
(4,0) (4,1) (4,2) (4,3) (4,4) G4 = Rs + YRs

G5=R6

Cf) Gt Of bandit = Rt+1 + Rt+2 + Rt+3 + ... + RT
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Markov Decision Process | MAB > SOP > MDP > DP > TD >alL > DaN 4

Markov Property

2. The Markov Property

“Markov” property (:memory|ess Note that although both transitions and rewards may be probabilistic, they
prope rty) = the future on|y depends depend only upon the current state and the current action: there is no further
on the current state, not the history. dependence on previous states, actions, or rewards. This is the Markov pro-

perty. This property is crucial: it means that the current state of the system is

P|S S;| = P[S S , S ) wen) S all the information that is needed to decide what action to take—knowledge of
t+119¢t t+11°1,92 t

the current state makes it unnecessary to know about the system'’s past.

It is important to note that the Markov properties for transitions and for

rewards are not intrinsic properties of a real process: they are properties of the
(0,0) (0,1)
state-space of the model of the real process. Any process can be modelled as a
Markov process if the state-space is made detailed enough to ensure that a
(1,0) (1,1) description of the current state captures those aspects of the world that are
relevant to predicting state-transitions and rewards.
Of= ing X Xt Watkins 2| Mark ty S
|_|"—'T Q Learning atkins=| Markov property ol =
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Markov D

ecision Process

[ e ) s XU ) T Y ) eE )

(1,0)

Deterministic Environment

{ (0,0

(0,1)

e

(1,0)

(1,1)
5

Stationary Environment

(0,0) (0,1)
o
(1,0)

(1,1) "~
5

hastic Enwronment

Non stationary Environment
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Return MAB > SDP > MDP > DP > TD >QL > DN Z

MDPOi|d TH7| A 4 3F D2{5ty| HE Ol aE 2EF HaOlef +5 2ol ) Et=t7t =8

Immediate Reward 2EF X|ZH O 2 BH2 4= Ql= HAMO| ahBt=t]f Retum)O| SR SICL

oz

Band|t) Gt — Rt+1 + Rt+2 + Rt+3 + ... + RT

co

MDP World) G, = Reyq + ¥R(p42) + o = z Y Rtk

k=0  mmm———————— 1

|
Where y is a parameter, 0 < y < 1, called the!discount rate;

el o 2E=7 ELh= Al E0 Returns & = UL
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Value Function | MAB > SDP > MDP > DP > TD >al > DaN 4

7FX| g4=(Value Function) : 578 &fE{L} &EH/HI0f|A] Bh=bglof THRE Z[CHEf(E T 7HA)E €5

- HA

v(s) = E[G¢|S; = s]

L &FA
T o

X (policy) : 2+ ~HEHOf| A Of|O| M
EfO| A O HMZ MEHSH 2t

— =1 =

E7LO{EA TEHS SHOFEX| LS 7| TS T& HEO|H, 122 ofH

mot
m:lm

O M 7}X| 8H42(Q function) : 7HX| SO A E ZABHS|0] E R ALEH Ol A UM J}K| 2 |
S{ Al value function CHRI2 2 L2 2 oPA

O @ O

(s, a) V(s) Qr(s,a)
FO{ & wOf| A HM H| W7t ActionE H| 1 =7}

uot7| %

State + Action2| Action Value
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Bellman Expectation Equation HEREDIERITDEIDIINETD

7HK| gt/ 7 B0 HOo|of| A T 7| CH B Al (Bellman Expectation Equation)= =&

JHK| &

2t= Bellman Expectation Equation

v(s) = E[G.|S; = s] q(s,a) = E|G¢|S; = s5,A; = a]
v(s) = E[Rey1 + VRpy2 + | S = 5] q(s,a) = E[Rey1 + VReyo + .| St = 5,Ar = a]
v(s) = E[Rpy1 + Y(Reyp + ..)|S; = 5] q(s,a) = E[Reyq + Y (Reat )| St = 5,Ac = a]
v(s) = E[Ri1q + YE(Rigp + ..)|S; = 5] q(s,a) = E[R41 + YE(Re42t+ )| S = 5,Ac = a]
v(s) = E[Rey1 + VE(Gi1)IS: = s] q(s,a) = E[Rey1 + VE(Ge41)| St = 5,A = a]

T 2t Bellman Expectation Equation

v(s) = E[R41 + YV (Se11)1Se = sl as,a) =

E[Rr1 + Yq4(St+1,Ae+1)|S: = 5,4, = a]

2 HR pOCt Brekgtol 93

1e = oo = Or2ieF #7(5H| 7tA[ret et 2
2 8}XH Vi (s) = Eqergn (s, @ISy = s]
Un(S) = IEn[RHl + yvn(St+1)|St = S] v-.(s) = als s a
Gr(s,a) = E[Req + ¥ (Ser1, AerDISe = 5, Ar = a] n(s) ;n( 19)3(s,0)
«O| &HH Al S Sofl X Bl 5, 2F CFS 2Bl S, 2l 7HX| e (Fet ) 2HA 2 &7
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Bellman Optimality Equation HERIERIEPITHIDIINETD

| 10| FHO| 7+ 2HH 10| IHE Qe £H 1 ¢*(s,0) = max[qr ()]

Ra)

|->+

|5 S (optimal policy) ; m*(s) = argmaxaealq*(s, a)]
£ 2= Value B2} Action ValueZt=2to| ZHA
vi(s) = max[q’(s, )lS; = 5]

vi(s) = max E[R¢+1 + YV (St41lSt = 5]

7tX|gt4=0]| CHBt Bellman Optimality Equation
v(s) = max E[Ret1 + YV (St+0)IS: = 5,4 = 4]

A et4=0]| CHt Bellman Optimality Equation
q'(s.a) =E[Ry +Ymaxq (Spp, @) [ Sy =54, = al
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How to get optimal policy? ~ HERERIEPITHINIINEITD

s O EA & AP

(SO YHF=ME )

2

State
Transition
Probability

Reward

- /
o

—
2EE BT CH 27 e

Model Free Model Based

2 5 O 2900IH BE 32 4 7t

o

MUJH

“0fl O E 7} T AY D] A
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Markov Decision Process | MAB > SDP > MDP > DP > TD >al > DaN 4

Markov Decision Process & F= & 0|= Ol 37X|7F ULt 71 7227} E|= Model Based leamning 2! Dynamic
Programming & ATH & X},

- - >
Monte-Carlo Temporal-Difference " / Dynamic Programming \
V(S:) « V(S) +a (G — V(SY) V(5:) ¢ V(Se) + a (R +7V(Ses1) = V(S:) V(S:) ¢ Ex [Resa +7V(Sean))

S

IT — O A=
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Dynamic Programming EENTDDEDEDTIDITD

MDP =# & 2= Z 2 3= n*O|Lt.

OffH olof YA nUlM HEA »* 2 FA20|=F SHLHE == AST?

M 2 ;2 Y120|SE fteration HHESIRA TPXI S-S MO 7| Ci/A|R HHAlO 2 JHX]
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Dynamic Programming EENTDDEDEDTIDITD

Policy Iteration
20|9| 77t EXYTHCF D 7HYSAL Policy Iteration= =2[=0 REH 7|CH BIYAIS 0|83t

Vr(S) = Ep[Rer1 + YU (Ses) St = 5]

vels) = ) m(als)[RE +yz (5]

acA s'es
74 pa

U (s) = z n(als)[R + yv,(s")] Deterministic 2+, P,

aceA

1. 8H ot 98 A= 7MKL At vy — v/t A OISHZMEA] Bh=

2. 73 L 1 IPYOM L2 7HK|gt & 7= = Ol A= SAS GHO|ER
M1 ¢ ArgmaxaealRs +yvi1(s)]
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Dynamic Programming EENTDDEDEDTIDITD

Policy Iteration % Policy Iteration Of| A|

() = ) m(al)[RE +ur(s")]

acA
0.0 0.0 -0.25 0.0 0.0
1,3 ZtH 0| A OO|HEZ}
0.0 0.25 0.0
A £ :025*(0+0.9X0)=0
Of2H : 0.25*(0+0.9X0)=0
-0.25 . 0.0 0.25 0.0 }_|- - 0.25 * (_1 +09X0 ) =-0.25
‘ ’ 2 :0.25*%(0+0.9X0)=0
-0.0 -0.25 0.25 0.25 0.0 vk+1(5) =040 —0254+0
=-0.25
-0.0 0.0 0.0 0.0 0.0
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Dynamic Programming EENTDDEDEDTIDITD

Policy Improvement= & S20|E2| YOOI EEl 7HX| gt+=E EOZ FM EIEMo = YTA|ZICH
Ty41(S) & argmaxgea[RE + YUi41(s')]

15 (S) — Ty +m(S)

0.2 0.0 0.0 0.0 0.0 0.2 0.0 -0.25 0.0 0.0
* * * * * * *
@ a9
| €| €GP P 2 | s ? €
0.0 0.0f 0.0 0.0 0.0 0.0 0.0 0.0f -0.25 0.0
* * * * * *
€| @2 A«‘» .«‘» €. e« & A«-‘ .4-‘ o
0.0 0.0 0.0 0.0 0.0 -0.25 0.25 0.0 0.25 0.0
@* @* * * * *
€. A«‘»‘«‘w @ e > A »‘4-‘-» &
0.0 0.0 0.0 0.0 0.0 0.0 -0.25 0.25 0.25 0.0
* * * * * *
<& ‘-b < ‘-} < ‘# 4-‘» @ ‘-} <a . D D @ &
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
* * * * @« * * o *
P @ e @ @ €| e @
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Dynamic Programming

Policy Iteration G| 2. SH=0[ O ="8 = &l FH0]| T2} 00| E= =X o| AF2 2 7irt.,
>

f Policy Iteration — Ol

Evaluate | Improve move | reset |

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/1-policy-iteration
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https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/1-policy-iteration

Dynamic Programming EENTDDEDEDTIDITD

Value Iteration

HIOF XM HEMAlS MEEE OHEESICLD 7HASED Value &2 HHE QIG|0|E

—

vi(s) = max E[Re+1 + YV (Se41lSe = 5, 4c = a]

Policy Iteration0f|M H* H7tet €M 0| 2 ZO0t7HX|2H 0 7|0f| M SILt| O|E{g|0|M e 2 =02t

VR(S) # m&axE [Rev1 + Vi (Se+)IS: = 5,4 = ]

H0F K| E BHAIS S8 7Pk S-S U 0|E310] 4 0|2 greedy policyE A1k
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Dynamic Programming MAB > SDP > MDP > 0P p To_>aL_ > DN 4

Value Iteration

H= JEHO CHolA T =N & 8A S Solf 12| YH|0|E

I_

DPO|7| =0 7=
Z Learning by RolloutO| OfL|2} Planning

72 Y2 sl 2 E7 actionOl| M2t 12 HO{X|= Deterministicet SHAL = 17|

V41 < max[Re + yv(s')]
a
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Dynamic Programming

EEDIDIT) -~ B DTWL )

Value lteration@]

O -
Bos

027117 Policy Iteration2 C} Iteration <=7} HO{A| O 284

Viwr  Max[RE + yvy(s")]

0.0 0.0 -0.25 0.0 0.0

0.0 0.0 0.0

-0.25 0.0 0.0
__

0.0 0.25 0.0

-0.0 0.0 0.0 0.0 0.0
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2:0+09X0=0
Ol2f: 0+0.9 X0=0
Zt:1+09X0=0=1.0
2.0+09 X0=0

Vi+1 = max[0,0,1.0,0]
= 1.0

2/:0.25"0+0.9X0)=0

Of2l :0.25* (0+0.9X0)=0

% :0.25*(-1+0.9X0)=-0.25
0+0.9X0)=0

—_

Expectation= 2|2 probability 21 &
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Dynamic Programming

EEDIDIT) -~ B DTWL )

Value lteration?| B3R =

027117 Policy Iteration2 C} Iteration <=7} HO{A| O 284

Vk+1 < Max[Rg +yvy(s')]
a

0.0 0.0 -0.25 0.0 0.0

0.0 0.0 0.0
__

-0.25 1.0 0.0

0.0 0.25 0.0

-0.0 0.0 0.0 0.0 0.0
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2:0+09X0=0
Of2f: 0+0.9 X1.0=0.9
Zt:-1409X0=0 =-0.1
2.0+09 X0=0

V41 = max[0,0.9,—0.1,0]
= 0.9

2/:0.25"0+0.9X0)=0

Of2l :0.25* (0+0.9X0)=0

% :0.25*(-1+0.9X0)=-0.25
0+0.9X0)=0

—_

Expectation= 2|2 probability 21 &
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Dynamic Programming
Value Iteration H| 2. ot50] O] =8 =&l ‘FH0f U2t of0HE= XXM Hs52 = ZICY.

’ Value lteration = | |

Calculate | Print Policyl Move I Clear |

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/2-value-iteration
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https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/2-value-iteration

Markov Decision Process | MAB > SDP > MDP > DP > TD >al > DaN 4

Markov Decision Process & F= ZE0|= Of2ff 37FX[7}F QUL 7HE 7|27t &|= Model Based learing € Dynamic
Programming 55 &1H &2}

|
/ Monte-Carlo \ Temporal-Difference Dynamic Programming
V(S:) « V(S) +a (G — V(SY) \ V(5:) ¢ V(Se) +a (Resa +9V(See1) = V(St)) V(S:) ¢ Ex [Resa + 7V(Sean))

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEETR
.~ -

M50l T HEE 0| ET} ZA BE YL
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Monte Carlo Estimation

HEDEDIDED ~ DLV

MC= O 7|3 = 0| oA~ =5 oHHO|| 5 7F 0 OpX[E10f| EH2lSt= % L(EHE0AM == = 2hE AFESH
-2 0| Unbiased estimatorz2f1l X| 2k sk G| o] S350| Z0 Variance?} AISICE M E2L2 0t 421
V(st) < Ry
Trajectory 1
1 T 1 2 3 4 5 T
0 R ® 9 o ®
~
@ G. | 059 | 0.65 | 0.729 [£0.81} 0.9 1
550 (VARVIRVERV
Xy Xy Xy XYy X
+1 =
Trajectory 2 V(s12) =0
-1
‘ T 1 2 3 4 T
5o [5on T | 8 9 6 8/ @
Gy 0.59 0.65 |-0.729 l:-O. 1) -0.9 -1
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Monte Carlo Estimation | MAB > S0P > MDP > DP > TD >al > DbaN 4

=HIZISZ o= oM 2% B2

€ : e
D:\dev\Python36\python.exe D
episode : O
episode : 1

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/3-monte-carlo
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https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/3-monte-carlo

Markov Decision Process

HEDEDIDED ~ DLV

Markov Decision Process & F‘T‘—E "0 = Of2f 37HX| 7t QUCE 71 7|Z=7t &=

Programming 55 A&IHEX

> A
7’
U4

, Temporal-Difference
V(S:) « V(Se) + a(Resa +9V(Ses1) — V(S:))

N

Monte-Carlo
V(S:) + V(S:) +a (G — V(S))

s’
IPY

A

'

Model Free

ME25H0] 2

[k

SEZ O|HETL AL

"l

llllllllll:!llhz

Model Based learning ! Dynamic

Dynamic Programming
V(S:) ¢ Ex [Res1 +7V(Ses1))
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Temporal Difference EEERITYEDEPDIIDITD

Temporal Difference Variance= 11 Bias| | 2ottt 1Z X2t Ob F2 HO| QAT 2 Z77r?

V(st) « 1 + YV (St+1)

+
Trajectory 1
i @ - @] &
12; V(Se) | 0.59 | 0.65 V(S;) | 0.81 | 0.9

@ T 2 3 T c T
T | | & T | @
V(S:) | 0.65 | 0.729 V(S,) 0.9 1
T 3 4
T @ @ ol-A anl EIJ\ OIE%{%%
V(Sy) | 0.729 | 0.81 Trajectory's 57H !

Data Mining

Copyright © 2019, All rights reserved. _42 - ..,
.*. Quality Analytics "} r\'q



Temporal Difference learming EEREDITDITDEIDTIDILTD

Temporal Difference Variance= & 11

Trajectory 2

BiasOi| | <fotCt. I X[2 O 2 &

V(st) « 1 + YV (S¢41)

+1
-1

T 1 2
T @&
V(s,) | -0.59 | -0.65
T 2 3
T | 9 @
V(S,) | -0.65 |-0.729
T 3 4
T | 8| @
V(s,) | -0.729 | -0.81

Of AL f277F?

T 4 5
K K

V(s,) | -0.81 | -0.9
T 5 T
T | @ W

ves,) | -09 | -1

Sk EEOI gl A Ol MZO

Trajectory ™

57H|

Copyright © 2019, All rights reserved.
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The Paths Perspective

EEDTDIDLD ~ TV

MC= 2712] M H| TrajectoryS 7HX| 1 TD= 4742| TrajectoryE TH=01 H

N
£0

Ct.

(0,0) [ (0,1) | (0,2) (0,0) | (0,1) | (0,2)

(1,0) (16 (1% (1,3) (1,0) | (1,1) (16 (1,3)
(2,0) | (2,1) [ (2,2) | (2,3) (2,0) | (2,1) [ (2,2) | (2,3)
(??0) (33 (3,2) | (3,3) (3,0) | (3,1) (3% (3,3)
(4,0) | (4,1) | (4,2) | (43) (4,0) | (4,1) (46 (4,3)

o m

Copyright © 2019, All rights reserve
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TD vs MC | MAB > SDP > MDP > DP > TD >al > DaN

TrajectoryE HeotCh= A2 O 2[0[ 7t

T 2 V(s11)= se412 TD update Hi&fS0] L= 2= A2 7[CHZL
V(Se1) = E[r{y + vV (St42) = E[r{q] + VE[V(Sii2)]

22| 0| AS MFHX 2 Z TD update ruleZ 2 SiE 4= QUL
V(sy) <1 +vV(sts1)

——
1 +VE[RL 1] + VPEV (st
——

— 1 + VE[r{1] + v EE[r},] +
MC V(sy) «1e +yTesq + V7440 + ... Unbiased but
High Variance

TD V(sp) « 10 + YE[r{ 1] + V2EE[r{i,] + ... Biased but

Low Variance

£2 0|52 X2 2O 2 0 50| Jh5810F SITHE Foj A 21j,
To7hMCE B B2 Ofo|Hoz D Jlthge FE 4 UonE § E
1
Var(V —
ar[V(s)] <~
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TD Learning EEDIIDEDEDIIDID

Q [2510] Temporal Difference & H|0|EE I Model-Free Leaming2 = O]2lf ATl v(s, )&
o EA| 6lI55I=X|7t S22, 37HX] ':”tHOﬂ Chol ZOrE AL,

oot
-+
i

P

Q(seap) <1 + VV(5t+1)

(@D SARSA : 7}% ZIEISHH, (St, Aes Tty Se41r Ap 1) MEER

V(st+1) = Q(St41,a) X Qpiq

Experience(Empirical Distribution)

@ Expected SARSA : Z|Cl 4t O| 23510 0| &
V(st+1) = Q(St4+1, @) X 1(St11, )

Expectation(True Policy Distribution)

® Qlearning: V(s;r)= OI5 = X QM= ALE. Off Policy/} 7t

V™ (st41) = Q7 (S41,@) X argmaxaQ™ (se41, @)
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TD Learning | MAB > SDP ) MDP > DP > TO_ QL) DaN g

Q Learning vs SARSA
SARSAZ} Q Learing 2Lt Grid World &X|2| Hoiges § f2/5iM 7= 80| /=.

Sarsa
R=1 = f;vvﬂx‘ﬂ-’ﬂ-’ﬁ“\ﬁ O N
Safer path |, w
Sum of 5, MW'(
rewards Wﬂ-leam
. during
Optimal path | * episode .
S| The Cliff ¢ ’
-1(H} T T T T 1
0 100 200 300 400 500
Episodes

https://gitlab.com/verystrongjoe/master-rl-for-two-days/blob/master/day1/td/cliff_walking.py
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https://gitlab.com/verystrongjoe/master-rl-for-two-days/blob/master/day1/td/cliff_walking.py

TD Learning | MAB > SDP ) MDP > DP > TO_ QL) DaN g

SARSA O| =

# sArsa
0.0 0.0 0.0

0.0 0.0]0.0 0.0(0.0 0.0
0.0 0.0 0.0
0.0

0.0 0.0
0.0
0.0

0.0
0.0
0.0

0.0 0000 0.0
0.0 0.0

https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/4-sarsa
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https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/4-sarsa

TD Learning | MAB > SDP ) MDP > DP > TO_ QL) DaN g

Q Learning G| 2

' Q Learning — O X

0.0 0.0 0.0 0.0 0.0

0.0 0.0]0.0 0.0)0.0 0.0]0.0 0.0)0.0 0.0
0.0 0.0 0.0 0.0 0.0
0.0 0.0

0.0 0.0(0.0 0.0
0.0 0.0
0.0

0.0 0.0
0.0
0.0 0.0

0.0 0.0(0.0 0.0

0.0

L

https://github.com/rlcode/reinforcement-learning-kr/
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https://github.com/rlcode/reinforcement-learning-kr/tree/master/1-grid-world/5-q-learning

Double Q Learning EEDIIDEDEDIIDID

Q Learning2 over-estimatedSh= 22 U1 £3] noisy reward”?} | | over optimistic!!

"0l =B, 5H0[7} 7HX| =0f 7FAM 100702] T4l S 38EHM 410 2tOrA Z2i|0[F HC{L| MZH0| B RILCY.
23 DON &2 8% 1 7HX|0f THoHA| OF= FA| & ZAO|Ct SHX| 2 Double Q Leaming2 tE SHLIC| QS
FOIM 2N 2 JZX] e AO|&E AXAAF= HE= L

“L2h 0| ZHX| = O =~ “O H (another Q)! OfL|Of~ 2 Y ORI O{1”

of f 7off

VP (se41) = Q (Se41,a) X ”Off(5t+1'a) Vl;t*(st+1) = QS*(Sm,a) X QZ*(St+1: a)
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DI EED N > 4

Hl, gH80A g2l 7ts

Deep Q Network

Value function v, 1t g, 5= 432

O A &f?
EH|= (State, Action) Pair EH|O|& 37|= 2|AA X|2FO|

ZEE| s3] 0F 8= ot State Set=0| HF B2 4%=

o
T

o|nj

s ™ 60 seconds 00 | 0.0

M\\\"ﬁxl ED;T': _ox
MO | @ | X1 [EIDRT?|_0x
NO | @ [ XU E]OXT? |0 x
—ox
[ AR AR =li=] ;T? -

[ICIENGTE] nT? EEE

-0.25 [ 0.0 0.0

0.0 0.0 0.0 0.0

A
3,867 261, 500]
Sh | Sow b 138,658
21,127 280,000 . A B £ d 76,302 1,498
3 69,959 3,253
60,011 463

6,006,

2
260,500 0 &

-0.25 | 0.0

o

0.0 0.0

VS

e FEEREECTIEEED EEE
25 000! 257,000A 6,000 1] 185 0_0 0_0 0 0.25 0_0
25 500 257.000/A 6,000 6] 136.56
255,000 257,000/ 6,000 19] 1.5
254,500 257,000 4 6,000 2f 136.56
254,000 257.000/A 6,000 s| 1.5
253,500 257.000/A 6,000 1] 1355
4 53,00 2570004 6,000 | RESS
252,500 257,000 4 6,000 B8 136.54
57,0004 6,000 4 1.5
257,000/& 6,000 @n 136.52 -U. . . . .
257000 A 6,000 5] 1352 v
—

9.0.0

0.0

Function Approximator: Linear Regression, Decision Tree, Neural Network Vs
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Deep Q Network EEERIDYEDEPDIIDITD

Experience Replay®i| TD sample= &0 HZT = O|L|H{X| S53HA He et

Experience IE——
Replay

Random Sampling
&

Vo | 065 0729 ][ves) | 09 | 1 ~_________“ Mini-Batch update
! 3. ‘ with SGD

e e M —
T 3 4
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DI EED N > 4

RL is beautiful

~
o

GiEHR] 22

X

1) Of|O]

Ct.

)

=35
i -

3) OFX|2F 2 2 Markov propertyS Tt

= okl
EoEls
(oI
or | =
o7 i<J 0K
NOo M

(ol
oo S
ol >
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N
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2. Cooperative Multi-Agent
Reinforcement Learning Framework for
Scalping Trading
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Introduction to Paper

% Cooperative Multi-Agent Reinforcement Learning Framework for Scalping Trading
-ofid =E2 BRe Ga B EZERMERZ AL

- 20194 38 Arxiv S

Cooperative Multi-Agent Reinforcement Learning Framework for
Scalping Trading

Uk Jao Tashyun Jo Wanjun Kim
ModuLabs, Seonl, KR

.
- Njoo Yoon Diongseok Lee Seungho Lee
= MaoduLabs, Seoul, KR
-l
_1_:~. Abstract 1 Introduction
. We explore deep Reinforcement Learning Nowadays, RL has recently been introduced and ap-
. (RL) algorithms for scalping trading and plied to solve challenging not only Game [1), but also
e that thers s nn anmeonriate tradine real world problems [2]. But in finance RL is so chal-
Copyright © 2019, All rights reserved. - 55 - E Data Mlﬂmg _..‘
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Motivation to Ideation

<« EFo| A4a HESRZ AZE3A|Zt 32 M E Ed|O|H =51t 3A[ZE AlZt=

= HEN =S e A 2

‘ZBIEE S WL Aol X2 FA0| MBS SExh
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Motivation to Ideation

EMH (Effective Market Hypothesis) ‘
+ ‘ ‘
Massively POMDP
Noise Market

+
Irrational Crowd Psychology

Is it impossible?

—EXPERT
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Motivation to Ideation

ACHH 7HSOHR| BS77F FE A%

28a 2

=)

7| EXp7F Opl "Z=EHE} OfOH” CH& 2 = G|O[E 2f

o] 20

HO|HS

=
[

== Jet7H IarE7[or
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Data Preparation

= =AM El CH| H|O|E{= AIA|ZE Q|0f &% HiEHO| Z=RSHX| Yooz
HAO| M K| B8H= APIZ 0| 838}0] G|O|E{ RpA| £=F

o

5 S
<« 7|51 o= OietEASE 22X T2 2 § B2 HIO|H S 2018 3 FH 2018
A 9 H[O[HE TA| =&

ZX: https://alexisbcook.github.io/2017/global-average-pooling-layers-for-object-localization/
Cheng, Chi-Tung, et al. "Application of a deep learning algorithm for detection and visualization of hip fractures on plain pelvic radiographs.” European radiology (2019) 1-9.
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Data Preparation

o = - L
< Oi/0fE 271 M AT HELl SHAA MSote HE 2 &
o = < Il = ==
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X1 885 P MEE
L -Gl ce-] & 40X SDHOIW JKOSPI200 MRSUM MNS/EEU/E0
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2| 20163 S £ £33 474,462 8 USHIS 264X WAN 128
1,160 A 20 +1.75% 3,870,130 5.5 ¥ | SRR | w2 | ASIE |
A ] L6 1155 444w 0.8 B [T T T
80,70 1,205 LIGOA 2N21,5m &0,510 7188 7188 1,08,90 2,210
226,100 1,200 H%% [ S6400H S8 ¢ INE0 600
oo w1z Bl 2om a0 s 0@ w0 2
142,50 1,157 13102 AR 000 260 2A% 0 A& 33170 2,30
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AS80 LI | o e X
.. "' A 1.1
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= 0|&0t%

Copyright © 2019, All rights reserved. - 60 -

N

Data Mining .
Quality Analytics @y

..,



Data Preparation
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=&k 20X T

Copyright ©

A Z Ze3 HE

NOIZ | € | %1

NOIZ | € | %1

= Ol2f|2 a9k

CORKT?|_n

NOIZ | € | %1
NOIZ | € | %1
NOIZ | €F

208 4EC|= KOSPIZ00

N5

N0l | € | %1

=T
—FE

ORT? |0

OXT?|_0O
DET? [0
X|EOOXT? |0
[ic ! DOET? |0
COKT?
MNEBCHEE/Z0

][] 3

2R0E| O[~| 392,000 -34.44% 16/03/05 DIt
R0 H e, 600 +190.0% 17/04/26 AHES
I=ANEF 22.25%

1,000 & [ AJIES
1,551 & HE7+
27,839(#) Fa4 | 125,108 # MNEHE

321,529 & EPS - 3,195
175,700 PER
1,788 M43

Hed [EmR | 52

| W2 [z ==

2019, All rights reserved.

257,000 4 6,000 +2.39%  954,7167 71.90%

= (0245, 9678 OF U.?B%
257,000 Al
260,500 O
255,500 &
251,000 &
326,000 2
176,000 3+

==
9,544
6,008
bl
2,149
3,497

HE &2

EECE—

219, M9 OIHTH OIHCH 186,006 1,363
172,192 185 7IS5 138,658 11,509

b, 37 F=RE & Th.3020 1,493
44,404 HEHZ E 69,959 3,253
42,348 & 4 f0.01 463
11,9600 ZI=HE 45,729

HZ

[ #E 2 EEEE

258 non
265,500
265,000
254,500
264,000
263,500
263,000
262,500

- 62 -

A2
15:56:53
15:58:50
15:55:24
15:66:13
15:58: 06
15:55:03
15:57:56
15:56:50
15156138
15:56:03
15:55131

FEVSEETEIEEES (BRI
267,000 & 6,000 1§ 136.56
267,0004 6,000 G 136.56
267,000 & 6,000 19Q 136.56
267,000 4 6,000 2 136.56
257,000 4 6,000 35 136,56
267,0004 6,000 10 136.55
267,000 & 6,000 136.54
267,000 & 6,000 136.54
257,000 4 6,000 136.53
267,0004 6,000 136.52
257,000 .4 5,000 136.52 v

N

Data Mining .8

Quality Analytics "’}?

rhcol




Trading Environment and Agent
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Trading Environment and Agent
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Trading Environment and Agent
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Trading Environment and Agent
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Buy Signal Agent
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Buy Order Agent
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Sell Signal Agent
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Sell Order Agent
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Results

Zf 00| ES| 2[RIE O == Csat ZLf

BSA reward BOA Reward

06
0.6
o4 9 o4 4
02 4

0.2 9

oo

0.0 4 -0.2 1
-0.4 4

-0.2 4
0.6

o S00 1000 1500 2000 2500 3000 o S00 1000 1500 2000 2500 3000
SSA reward SOA reward

0.7 4 35 4
0.6 4 ol
25 4

oS 4
20 4

=
0 15 9
03 4 1.0 4
o2 4 os 4
0.0 4
o S00 1000 1500 2000 2500 3000 o S00 1000 1500 2000 2500 3000

Copyright © 2019, All rights reserved. S71 - Data Mmmg ..% g
o.:.. Quality Analytics "}t’ h-a




Results

SiAd . ot= 7| = 2| M| Z(Worst case)E 1243l & 0.39%2t=
C}

=2 HE5E0| &
ao| U= A|9F0ﬂ*‘|5 Max Draw Down(MDD)7} -4.36%= 7| S Ct= 8= 154,

Train set Test set
Profit per ep (%) 0.8070

MDD (%) -4.2640

0.3914
-4.3656

Profit per ep(%) : 50071 2| Of| [~ E 2| B =2
MDD(%) : Max Draw Down, 5007f Of| T A~ E & 7%

EX: https://alexisbcook.github.io/2017/global-average-pooling-layers-for-object-localization/

Cheng, Chi-Tung, et al. "Application of a deep learning algorithm for detection and visualization of hip fractures on plain pelvic radiographs.” European radiology (2019) 1-9.
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3. Conclusion
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Trading Gym & Agent

Trading Gym for Quantitative trading

Intro

This is a trading gym for any agent to try trade for short term trading. We have collected enermous data for short term
trading. We have been gathering for every Korean equities order and quote data every tick moment and also reflected data
to our trading gym. Trading Gym is a toolkit for developing and comparing reinforcement learning trading algorithms.

Basics

There are two basic concepts in reinforcement learning: the environment {namely, the outside world) and the agent (namely,

the algorithm you are writing). The agent sends actions to the environment, and the environment replies with observations
and rewards.

Trading Gym recreates market states based on trade orderbook and execution data. In this environment, you can make
reinforcement learning agents learn how to trade.

The core gym interface is same as Openal Gym Env, which is the unified environment interface. There is no interface for
agents; that part is left to you. The following are the Env methods you should know:

* reset(self): Reset the environment's state. Returns observation.
* step(self, action): Take an action in the environment by one timestep. Returns observation, reward, done, info.

* render(self, mode="human’, close=False): Render one frame of the environment. Display gym's status based on a user
configurations.

Architecture

It's is simple architecture that you motivate follow and run this repo easily.

Predict .
Real World - 5
Bid / Ask Raw Trading-epigode-filter Prepocessed
Order Data data
E Trade
API
Historical Data
Train i
> Paper Mode
Trading-Gym  ———————  Trading-Agent
A
Live Mode
Trained
Trading-Agent

https://github.com/6-Billionaires/trading-gym

Trading Agents for Quantitative trading

Intro

There are trading agents that learns to buy and sell stocks by connecting with trading gym. It consists of 4 agents having
each own's role.

¢ Buy Signal Agent (BSA], which generates a buy signal.

# Buy Order Agent (BOA), which receives a buy signal and makes a purchase at the lowest price within a certain period of
time

¢ Sell Signal Agent (S54) which generates sell signal with receiving buyer price and quantity, market information
¢ Sell Order Agent (S0A) which receives sell signal and sells at highest price within a certain time.

Each Agents have an independent reward, but some parts of the rewards are shared with other Agents and eventually move
10 2 single goal of ‘Trading Return’,

Architecture

@Kaep finding equity and chance to buy

@ find best price 1o buy within ceriain balance and duralion

Buy Signal Buy Signal

Agent

Buy Order
Agent

Reward if BOA made decision
{BOA : Buy Order Agent)

Send price and equity information it bought Reward if S0A made decision

® Keep finding bast timing and price to
gell based on data its agent has
@ find best price to sell within certain balance and durafion

Sell Signal

Sell Signal
Agent

Sell Order
Agent

ward |t SOA made decision

Reward it SOA made decision
(SOA : Sell Order Agent)

https://github.com/6-Billionaires/trading-agent
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https://github.com/6-Billionaires/trading-gym
https://github.com/6-Billionaires/trading-agent

Reinforcement Learning
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SAIDA RL
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SDS SAIDA RL Framework (open source): https://github.com/TeamSAIDA/SAIDA RL
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https://github.com/TeamSAIDA/SAIDA_RL

Elevator RL
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