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ABSTRACT

Recent trends in deep reinforcement learning (DRL) have revealed the considerable improvements
to DRL algorithms in terms of performance, learning stability, and computational efficiency. DRL also
enables the scenarios that it covers (e.g., partial observability; cooperation, competition, coexistence, and
communications among multiple agents; multi-task; decentralized intelligence) to be vastly expanded.
These features have cultivated multi-agent reinforcement learning research. DRL is also expanding its
applications from robotics to natural language processing and computer vision into a wide array of fields
such as finance, healthcare, chemistry, and even art. In this report, we briefly summarize various DRL

techniques and research directions.

KEYWORDS 5 sfels, EE| of0|TE datelg, 2t detels T2l 3, 7Hd ofs &g, detels 88 =0¢f

. ME = £7] 9J% shite] 223} wo|th, MDPE (S,
AP R y) FE Aot 9 Al 247} ofjo] Al

Aolslae AR s B SRHE Fue B0 Al B} 4% TS oujgit), Pot RS
dlole] goll o] Qi e 5 Ba) Fohl 22} Ho| BHE BAF TR oo HET} A s
LaoE 7 ol 19507 ALE & € SolM] A% a € AZ SRS 1, P ok A
ot AER Aok Aslelse /RAoR nlax  gjo] g RS RS th AlHolA] ool =}
A% 74 (MDP: Markov Decision Process) S 0|8 ¥HS WARS A olgle}, HARS ofo] HET} ot 3%
3 otom AP SAbA oAEA BA o £1 LS wtkely] gl AEolch 1 el

no"

* DOI: hetps://doi.org/10.22648/ETRI. 2019.]. 340401
R A A A AT A FE A ARG Rhe R Y E| QS [19ZH1100, 2AZE FFO] EAb Al YA 71&]

F2| H4ag %
|- 8-S A +A 73T A 27dol whet o] 83 4 lFuTh ©2019 2HAEAATL




2 HASLSEEA

22 Ojulsn, 2 BAF AR A o] BRIEE o]
851 o 248 s 2 o ofoli=
S W2 PATHES wom] 2] 1Al
o ﬂ*o] QHgE 0 & o] RolA| %
el Sy

o
J:?-E 1:1

ieh ol skl ofolAl=
= 32| 7IAE 2diststaiat z4le] A4
2L 451 Hol, -2 Aol 7|GX S Hhat
L Ajo] vz | 2ol Tek, otz WA 7}
(Reward hypothesis) o] 45 £t} BAF 70|
SR, 24 D)5 ollo]dES] w4 2
48 B A2 AT 4 ke Aol
© HA e 2A19 S84E Qnlshr| = S
ZFetelE ool B HAo|2hs Al 2jA|s)
2.8 £4 BT 452 gt A

AL SR ol 7lol] H % H BAF
[e]

i 298 A
HA

= B
oA B4-& ol & Wik ohlet A} 81

QAT sejehe o7] %) St R

ol N
el a1
(RN
> =
N
B
ji (e o
O‘I moh
= of
jg -
ek
2
o
T
>
tlo o
_>‘i
re
9
_>rl_ll

¥ el
ok

ol
»
H
)
oL

o
&

ol
7
i)
o
2
E
AL
¥
rlr
)i
el
N
- 0
o
ol
o
)
QL

Iz

=
N
4o
ol
o
R
ot
N

o
=

:?l:
ﬁ‘i
N
r‘uﬁ
flo
ok
&
2
ol
o
S'L
>
o Mo
o

o 2

Ir

@
)

o

i o
2

)

3473 M4S 20194 88

ox
o H
2
|
i
b
e
Q
a.
é
[any
L
=
O
;B
3
N
N
o

Hal7] $1g A 3 DA Sk
o AAEE 29t AEe] Saes] ARl

A 2491 GuielsolA] 45 33 7]
22 o] 43 ikt Anri Aol A Akt o) 7
oLgaA ArEct AL o

3 sinke d
Deep Q—Network(DQN)[1]5 7HtstH 45 75t

Bhs 7SS We AR T WA H)
okl E= 20134 theelh Arari A|91(DQN), 2016
g HhS(gahane] ofef 2019 éﬁiﬂ%i_z(“
SR ZHA] ARG o ohs e Al
U A 7)& WA 01310%7}3 Utk &
A, A AA ] et BAES siEsh] el

DQNOHH o A
28,224(84 x 84 x 4, 84 x 84 A 7] o]u]
A 43), BrRe] A 3k o] dA
2l 10K T} 10782 (317).

« OoJHES 3 Fito] - Ak, A%

A9 A TS 2 2R W Alo).

¢ OOJHEE 7of AAREOE uff AE Tk A}
ot Fsfor sh=A1E 2o



>
082
o
~~
0>
Ol

sk,

. oolAEL: Fold EA|Z sdsl] el
oh2 ool =S} Fstn, 153 W)
Aut AR 1o %
ok g

=
ol
flo o
1A
H
o
Y
filo

P
=]
(Strong Al), =
P

SJet 0 74T AZsH= ATAISe] Wt

1.Q-2{d 7l Zatates

=
ot
Jo)
£
filo
-

s
ot
o
o
i
~
(L
Lﬁa
)
)
o
i)

A2 oA 7l e A (e—greedy policy)=
Wol o]-g3trt. e—HE FHolt 54 el

e 2 T Y55, 1 -9 FEZ AL =

= Q ke 7= dse Addlshe oot
#AoZ DQN 183 DQNef 6714 DQN 74
Ua1)ES AT Rainbow[2] F-0] ATk

DQNE 74 E42 A7 1) o]ufA] Q141 ¢
T E AR ol 2) AlE AR BAE @
ofal, A& Eeide ol fdt A9 =&l =
1 3) 59 S siA ololHES] =

I_gl_
100
o>
N
>
o
oo
w

H751= online Q—network®} target Q g A4k
A% target Q—network 2] 2 QOFE 4= it}

Rainbow= DQNo] T-& 6744] DQN 7141 21

=S Agst 71¥oltt, 1) Double Q—learning -
DQN2- @A Aol A rarger Q g2 Aluke
crger Q- nerwork®] g 21517100 e Q 2
o) TefErtElo] sk Aol Aste A9}
HEAISIT} Double Q—learning2- online Q—network
£ HHzleh= 35 4FS target Q—network®] Y
O =2 5fo] targer Q gl ARFRFOZH warger Q %k
o] W H7HE WS} 2) Prioritized experience
ply - DQN 2 lEelo|z el ABE 22

olA| F=Zsto] shagich A 71N A s
0] (Prioritized experience replay)+= Sh50f =-2-0]
He MES H =2 SER S50k Wiolth

3) Dueling networks - DQN-2> Q #f2 vl=2 A4kt
ok Q #h AHEY 52 SAlol skl &
g Zdefol 2] 7HE B o dEel 93k
Al ¥kS 4= It} Dueling netwotkst= Q #+= &
ZFEoll A e] 7] (Value)2F 1 Aol A &
= T AEel tiet o] S(Advantage) 0. 2 -2
omMN YF| 7S LA E 54 AH
ofxel 7HxE o FstA Al = A ek
4) Multi—step learning - DQN-2 target Q 7+ AKXk
o uf HR2 v AE, S 1osep FEAER 9]
S ARERIT) olF 25t n—sep FELE
2 Fol W YR olgelel S Hl, =
multi—step learning, S5 FAA]T} 27t 7HAE
t}: 5) Distributional RL ~ DQNL Q gke] 7]tjx] =
o]-g3lt}, o] 7%, MDPo|| AH HEAS 28
5t7] oJ#t. Distributional RL-- sht2] Btk o
2 HA] HES olgaH WO S i
7N ofuet ool A ETL f17)o] 2 35S
5

o = QAL 37 ol bt ofloldE dAIZE

o
W

ol

30



4 HASASEEA 343 R4S 2019 82

7Hs3)7tk; 6) Noisy Nets— DQN-2 e—&-8- %)
& o83ttt SHANE e~ AL FR ool
E7F A3 Aol BAIgle] WY 352 S5t
of $F HaEH &Y
7ol thet A= EAHZEE, Noisy Netsi= 2

Pz

fto
st
HE O
g =
O
o
s
i
m
2
x

= T i Lo o = Ha—
ZH ofo]HE Y& HEo] ool HET} A7k 4
dlol] wet L2 st A8 Algbl whet Ao

A2 A 7 4152 ol e AeollA] oj
BEL HUAES 2ok AU A Atk A
Bolgh B2 ghe YO Wobd WF e &
ok PR oS e 6 eld 4 ek
N3 ZBHGoIAE of TS HEAETS of
F3IA] ApSHe, ofuf /s e o A7
o) 715X\2} W ghole. A AL 7]k et
£ of uuIs el o2 F57] SIshA HH 7
A} 71 ol gRiT A BAL 7 65 o]
SlaA AAMEEHE ol §5he Wlolet, %, 54

tlo|Esk= A& AAPE 8T wi7hR] 22 o
ERQ] A" BhESk= Aot
22 g A o il 3% A] 9 e

12 mAO] Felolm, 4] (1)3} o] ER}
J(6) = Ery[r(s, )] 1)
22 $10] ARz A3 A} 52 (Policy gradi-
ent theorem)[3]e1] OJ5A] 4] (2)9} o] Hojgct,
VI(O) = ErglQu(s,0)Vg Ing (al)] ()

A) .
g + aVv](0) 3)
4% 7]
Policy Optimization)[4]7} 1T},
42 7l Zysekae] B
AN E9 o e 11
o), of WpEsE ojzolzl
S12 4= ek Aol of

2 opfan] S 4= 9 A4

L
N
N
B
L e
o

X

|o

o Hu

IILI o
i
o
ok,
)

(e}

or fr ox
By B

ofr

&

(e >
2 =
o e

rr

2
>,
o]
e
2
ox
dob Tl o oox B 2

T}, TRPO(Trust region policy optimization)|5]
Zgk 52 AL W5} I A
7+ KL(Kullback—Leibler) divergences 47
sk Alefshe 278 271190c), TRPORE DQN
o 2= astA X WY A5A e e 2
© 2R Al ZAE ATAeR sfade =N o
TAES WS 7 "ok s TRPO= ¢

> o>
2

&
o

divergence AJoF 2712 §lofji
Agarol Ak AR 74 A HES 29
*Y (Clipping) oF2- 24 2]
2 AJglehs BHAS "k 9lr), PPOE 201749
SN UAT oA o] daEEd e
de At aed 1 3

ofl ) - Fofufet,

3. L§= HAk(Intrinsic Reward)2 0|25t

Lslats



Bl Whlel), ofuf ool A=t Sae W%
of Thit AR FolAli WARS ol &3] A14le]
F2 Bkt AAe QolEstA Pt %)
of o WErtc} BAfo] Folx|t APl B0l
A ol ol al 4= QIXuk, MATo] B8 He Aa

wo] Zoj Al Bel A A Bhgol HEHO

2 o|2o}x)7] ofgi}, BejFule] B Agle] 4
9 AN} AT HE BE A GHE B
w) mAo] F Wl Foldltt, o 49, W4E 7]
Slala] 5% ArehollA ast Asol GolaeAl, &
SAPA, T FolulREAE W]} oY
o}, oeeo] Aud AglolA] Al o F&
42 S5 DQNY A9, BejFnte] 24 A9

oA 74 25o] Ashgict, olefat BAIE 3
A7) 913 3 SRR R BARS o] gl
o] ict,

WA HAole B0 R RE FolAt 1Al
obd oflo]HE Ax@ AASHE BARS o3l
AFe) WA 5712 Bk sl S Bt o]
o BHEAQ WA By PR ofE 03} 9l
ol oA ool HE} a3t the Alee} LA

& Al 71 Hpol2 olge}, ofo

i

O

)3

of
il

@, 8= Aok, ol FAn A

It AolET BAEE ", oS 1
gh5o] o] FolA7] wiZe] ofe]dE A ¢
JHIIA = o] oIS LATE WolA|A| H Al

JHPIAE o] oIS LAt oAl ",

oeldES] s AHske At e, Al
ort= oelHET} FoA 27] FHE S0
e JAIShs A= ok, oo|dErF o =
7] ez o 537] whigol 271 el ool E
AAl <53t AdHEiel7] wiZelh, e 24 ok
< ololET} v} Ee Y woir} HAS o

o= T o= =

U

]

o 1o o)y 42

NN A

d

(

tlo
+
pacs
T
=
> 5
e
rﬂ" r (
£ %
>
ﬁ“ il
-
N
FlO ln
o [
L
ox flo

e o
=

mloyﬁ
WC =
s
4 [z
OT‘
2 =
=
o= N
Nk
-
_Lu:?:",:ml:
° T
m e & W

(o]
9,
i
i)
ol
rlr
)
riu
H1
o

(o]
(i
£
of
o,
RS
S
=2,
o
2

N
i
o,
:?:"s
)
_O‘L
i
uf
>
W
Lo
OE
o%
ox.
i)
=
it
8

=2

T 5
s

g

rr
:

= ¢
9] B A (Non—stationarity), 123l SH3ulc) &
A= BAY] AAY ZA| 55 sl Fofok gt
o} dj3EA 2l Al 9192l RND(Random Network
Distillation)[6] S A7l gFC}
RNDE B3, o= 9 A3, A 717
3

=
o] Qick, HH NS

o

A7,

A

= &

e

X >

= oon |

o o L
oX ol v o
ol o
) il

of
g

ol
rlo
flo

i)
2
o}

o,

Am A

~
O
w~ = o
N
N
o ﬂIIO
o
1
lo
i
ﬂE
)
o)
re
1
ol
Qo

mr ox L
A
g

> 8

A

o
ol
lo
N
&
N
N

[

Hl

o
o i
41 2
R

>,
ot
o—
Ho
g‘_l:
e
o>
i
T

N
N
fr s
[

2
=
e}

]
ol

12 o
ol
|o
ull
@ rlo

AN e ot px
(KU
T
1
o
=
1
J
ox

juinl}
R
oN,

"HRandom network)S- |
22 (Distilladon) 3= &7} 17]9]| random net—
work distillation®]2} &Ft}, RNDOJA &= W& HA)
2 Sfak 712 a0t 1) BARS 9lat 1 g
2tk e F WA BAS dstglon],

A7 H13HE el PPOS A

r
A
>

ERAT ] TR

i, HE| Go|ME AT}EHS

HE] ofo]HE 7}3}5H5(MARL: Multi—Agent
Reinforcement Learning) 0|5+ 20| %] 2o A 5= 7}
ool ollo|AEZ Y E= A

tlo
A
h



o~
ra
Ral
ofm
r=
ofn
oo
HI

=2 o = Sk, 71E A2 coldE F49
ool ZlsollA aEstal Qs @A -olg |
H|uHExplore—exploit dilemma), & %= 74
(Partial observability)o]] w2 A S®TF oz} H
E] ofo]HE gHo] 2h= a1G-0] WA 544

oflo 1 749] 412/ Credit—assignment) EA7}

2] 7k srefshof 3b7] wlgo] e ool A 8

£o 6% Bska ojele A0 erelA gl
2 WFAAYE olgte] ool B

et 7 BE TASH 43 Jerige)

Aol Flo] o] F 7|02 S Thoket e o]

HE 43 sk LueiEEo] AokE T et

o

HE] ofo]HE 4]

Z3|
9] 57| e<(Action—value function) Shs5=r =
E2 e Qoeld Ads 4N PAE AAS
=
AN
Aeie] MADDPG e8] 5ol sl

1. Q-2{d 7|9t MARL 2 112|5

oIZl ZJEiell A F=01 7l BEe] 71A

o

T 7
Y]
ol
rlo

5
1o 4N
N
>
)
o
2

¥

of

rr

o
o o
By

o2

off

i

N
N
ﬁ'.
34 uOll
-~ T
= 4
2L
m e
Ir =
o
b
2
T
=)
&)
>

o rr o K
o
Y
2
8
&7
N
X
o)
9
X
N
o3l
Hir
rlo
N
)
i:

i e

HU
> o
ol
(i
e =

HF A ¢FE IQL(Independent Q—
Learning) 12]5{9]7} 2| DQNS 285 HE]
E AT deieks dagsioelde v

& 77j0] Q-2 YTl olgfo]

Apilo] Aoz W57t =4 ARHObservation)

M 34 H|45 20194 8

2 Jom AAle] WES HER 4 gl 22
Q345 THE ofoldEe] dig 32 glo] 53
Aoz Shsks WAS Akeka ek ol
& A (Fully decentralized) 73:2] 3¢
3 BPRE FAlof Sasha gl ThE ofloldE

o
m o
fo o o) ot

4
2 0] i 7] o] Fofolz
HolH Q- AuelZo] Sy 915

=
2 Ul 7S kel e Hlo] o

==

e

2 2R
s}ro] ofPthe WS et T HAAA

N

(Non—stationary) $H4 22 215 DQN &i1e|&9]
745 49 21&7 ] (Experience replay) HEL2]of A
A 1A FAES A2 85| offrh=
A= ATt

=2, oflo|dE AZte] =4 Q%S Sk

=
Bh= thAlo] ool HESY RE 27 B At
J
H

HE % (Fully centralized) o5 W42 ofo]xl
7t S7Fedel w2t 353
o2 71817 wizol| ofo]ES] o A|ofo] uf
Eths 9He 2=t

QMIX A5 o] 7 7HA] WAle
THpo ofo|ETL 242} Apilo] HEA o &
g 22 ARoIA e s 7HAE dISHl =
24 Q-3 BE 24 Q-9 EdgEd
AolHESS HE o] we A & JHE
B S8t ool ESS] FsdEol 't 7t
A5 ASFshs A9 Q-gE 17 AREske M
25 U oflo]HE 3k5 WAE AljtekaL Sl

QMIX &igj&2 22 Q-=E ARk ollo]

H-( I
of
)
)
N

O

>.

3

)
ofy
ol
2

HE AL HE olloliESe] e 12s)
= A9 Q- IAkhe W AB8Ee A



A B 1 Aok e -7

AE Slgom HEHos st Sl
L ool A ES B4 Walshe Sshs Al
wet Q-3H4:0] ol Zgto] FA WEH] uhe]
AR Aol Leftks A B4 A5 18
of Fopmat oket vIAAE Bl +d5
7] ofele Q-4 Bhre] BAIHIA B 317

o dart
2|+ A|otEl MADDPGX} M3DDPG[11] &
gE&2 N7J9 o] EZS] 5= 24dh=
7He) EelE AE (g AAEet ZH 4l
7+ B7Vst= N7 o 228 (71A] A4
gj&go] HEeo] AE A ol

4 = o
ot o o
2 Nz K

oo oot
ol
ol
9
)
)
ol
ol
rr
=
il
Mo
e
hu
2
o
R
[m
Lot

| Tk ofoldESe] Hlo] upieet
= uliA Qg ael shol FRssith. Bt T
oA T ool ESe] AR AMgHlof sHe
ZFUHEEY) 5 (Centralized learning)o] 0] 2]
A A|gt Bhgo] SRE Fol SUE A A7
WEE)S olg3te] 2 3 Aol A HHo)
W5S AuE 4 ol Helw Al Decenralized

oo &2 v AN
execution)©] 75t F24 EAE 2=t o]

(o]
o
i
o
o,
o
©
i)
fo
<t
ridt
2
s
H1
:‘o
>.
o
O>~
(o]
f

™
rH
ﬁ
A%
i)
o
o,
o
>,
™
Kl
1o
ox,
or
tlo
T
2
N

22
lo
©,

rr re
i
30

i)
e ®

flo of
Ar
i

=

o &

([T
N g
_ll.l_g
3
JoEMr
£ Jo
Z;Ergi'm
Ryl
2 X %
L 2~
ﬂioﬂg
OL-LO—":OE
1ok ok
BNy o
-
ol BN

T

m (

Spalroll 48517 et Q1T
&3k BlE7] &4t SGD[12], #AF A3
rila[14], +24F DQN[15] 5©] St o], ES(Evo—
lution Strategies)[ 16], ¥-AF BA3C[17], Ape—X[18] 5
o) 571 W) 24 AR AR el AT} 1

SJaL A,

r

5

>,

Oﬁ

= 4o

2N
)
9

A
AFY AUS B A AN a7 B
Zslekeel F03t Asolt), ofg Sol, Openl

Fivel= 128,000 CPU 0], 256 P100 GPUZ o]&
sko] sk 900d A AES sk = Fh
B A= RLb[19], Mesh—TensorFlow, distrib—
uted TensorFlow, OpenAl Five, TF—Replicator[20]
ol gl



(@) IMPALA HE| 24 =

EEE

(b) Ape-X L&

3473 M4S 20194 88

action

[ User-customizable component

[ internal RLIib component

(c) RLlib =

X Figure 1c: reprinted with permission from https://ray.readthedocs.io/en/latest/rllib-models.html

T2 HER EM U TalelS

1. IMPALA

IMPALA (Importance Weighted Actor—Learner Ar—
chitecture)[21]+= 2018 HupQl= oA HFiEsh
QAYD2A BE 5L 913 A (Actor)— 2]
U (Learner) 9] AF ofshs Fx2ol0(2
2 10, IMPALAZ: 53] v gte] sfeojele
P8 o) 83t delat DN

HolEr ol HﬁHH% ] EﬂolEﬁP Zz_‘oi
& ARbolgke ZAIE s dsliof gt IM-
PALA9|| A o] = B o] WMol A4E o] A}l
) AU 395 A Akl et A
Alsl= vpAlo 2 =9y well el Qir) &)
ot s el T8 ) A ALE 4
ol Alsled, Aelst elje] ajel A1zt 4
= FAI= off—policy A dig|E5S

3 WAe] V-tace 24310] s A,
T9] DMLab—30, Atari—57 52| HE] €A
BN T 23HE WolZ,

7t ofElz ABS Bd 39 sz By,
Ui ol olgsle] sai ik ol mE
SuolAM 7HeAE BER dil Feeit. Vs
A& gl atE L, 2uE Al 714
AAE 831

olr

|
2

oo AN
EE miﬁi

=
e

]_

LU

2. APE-X

Ape—Xi= 2018 FZofA HEFP oM IM—
PALA®} frAlSHAl A<= &ohe 2E dFH
kAl o g =25 (19 1b), SF
d Y7t ¢ AHS FHe A= 7IRE A
g &0z AR A de He3h
AR}, Ape—Xi= B 50 Adsh= HlolHo
A 71 2838 Ao AE38, TD Errorth
L ]zl uteh MES] S HEDE ANl 3
S AEstt, E3SE double Q-2 OPjﬂE,
dueling DQN Y EYZ =, 47 <¢

S ZESo 2N Awari-579A4] AL A %
HojFe},

Ape—X T3+ VI S 7HAAL Qe v
o] e 5o FES st 27 SA=HE
Artete] 3 dimte]o] SRt #ue o] H
mejo A AETsto] ehs5at, HEH T} Wik
2lo] Falo] die $49E Adol=si, o
Bl YEYaL Hue] YEYD steflEE o
$3l0) 2702 elol=gitt, FlEHow o
fof 2id mE 24 AhselAe, AF Aok 4

ﬂll

fijo oln

1007]2] HEJEo0] CPUNA H&slar, ©red &y
7} GPUO) Sl Aol 7P 483 AR S e

Sl



082
o
~~
0>
Ol

3.R2D2

R2D2(Recurrent Replay Distributed DQN)[22]
+ RNN(Recurrent Neural Network)2] LSTM(Long
short—term memory) ¥} Ape—X2| 9-X4=9] A& 7
Eelo] W A ShES ARst darejEoel, Ho]
E2] oA S HHPo] HiEl= AE 2lEdo12F RNN
o] A|Ad ez QI Ao thgt s A== AARITE,
SR EREEPRIE R NER R EERY
SHORA Awri—579] 52 AldefA] At S
S7Fohe A= R2D2+= HolEt,

R2D2:= RNN# 9 2l&dolE FAloll ARE
5171 913t 712 ®PRl—zero start state ®R} A

a8 2l&do] (23] —ollA EAsk= Aol H
gk s WekE AR

o Stored state: RNNQ| AFEl| = 37| 2]Zg| o]

AstaL o] FeE o83t HERAE =
718kt o5 Fell 271 RNN Aefe] G
= Faoljt

+ Burn—in! ‘burn—in 7-{H(period)’0]E= 7

= og3sto], 2lEdole] U= EFoldel
AREBEA] QFaL ANt RNNC 2 283ttt

s
4
8
(]
g
o
o
rE
i)
3
El
o

4. RLlib

RLibS UC ¥2e]9] RISE ell4] Peiglo.
uf, sfol4l 7]uke] BAk WE mAled Ze 99
21 Rayholl A BASHE 748t} ol Hefelolt,
RLLIbS 1) 34 7Hs sk BAL W Alsle] 14

I_gl_
100
o>
N
>
o
oo
O

5 2) Rk ekl gelE 9 ZaYla
ol eiet 3= Abgoleks 2] ofef thaket o
eAlol S 13 B8 AP ABFITHIY 10),

RLibO] 7]3 A312]5-2 1) Ape—X, IMPALAS}
22 3144% ol7|ElA] mHl; 2) A2C, A3C, DDPG,
DQN G 22 744} 7]9k HEl; 3) ARS(Aug—
mented Random Search), ES, Q—MIX&} -2 deriv—
ative—free W3 52 A|&3c}

RLib> Open Al Gym 342 Zgs}o]
o] A E 9} T} A (Muld—policy) & $74-S 7
sh, Al 7kskels gueESs Qs o
o S AE R 3 7SS E A o] Qlo], 7F
e slold APIZ olgslo] £4h Y We|3iof
29 715l S w3 HAZE, AR, Tl
EZ] 59] tjekdl mAlgY Ty Yas xdst
o ZBAS ol AFEA} Ao Fmy
3} abstract A =]

= Algsto] B4F Y
o2o] Tl W SAS XYt

=)

gl

fijo

3 ooH 2

¢

1:1

5. TF-Replicator

TF—Replicators= 20199 2 HopQl=ojlA] 7k
ST RCHIE S EEEER I RECE
S5 4 gl AN B, dole] 9 B
£ §3 et s AlAste], CPU/
Qo= ofP] ST LE FERoA
ol 7] i v B4 WA A
TF—Replicatorr= #-7(Classification), 743}els5 5=
Lok HE ”1* 2ld ZHUZ=A, DAPG
g ]O]Z—]E /\]61 o EOH 2} 7]~—b‘]— 7]’§]—'§]—/\
1I2|0H A5 AlAIRI.

TF—Replicator= Bl AZZ2 9] replica®] F-&A; o]

v o 8sH7] s, replica H2lE I3 APIS}
WA Replicators- 0]} ThoFel A|AH] 1x9]

(RSN
T

i)

3 %

= o




A A AE) A 8-S golslA it th4=e] HElE
o] Z}A}e] JIARFAE T3l A A U AXES
efatal b 5 glEd o] wmof ARSIt 2y
= TF—Replicacor2 @ =0} &S 95+ M=

f

o N,
o ofr
N
5
S
iul

& s, o) wm AgAlel| digt 2

o

TF—Replicator= 2| Hrull= 7jkzl=0] TPU
E4A Z8s7] Rt FAAM AL E o™,
MiApgo] HAb Al2glo] thak AR of3) glo]
© GPU & TPU 2ej2H 849] 4%S 38
3 4= glehe el ik

A} SHA 5174

V.

-]
1a
al>

ol

o - O
B oA A3 otsle g sl AR 7t
7 ek 2 (Environmeny)of] thaf A2t

1. Gym-gazebo 2

Gym—gazebo= ROS(Robot Operating System)2}
Gucbo /1310l ABIots02 22E A
o 740]11]- Gym—gazebo 2[24]= Gym—ga—
aigoz AAA S 2elof 33t

31% WIS AlZsic) & 715}

2 7k Boleeleln o
291 B2 Al 7)Y Al

(@ =713t el

(b) 2 S5t e

i (8

T2 2 MARA 71 sk 2

o

3473 M4S 20194 88

SABIL F2R1 oA A8d 5 gl W
T e Bxa sl 9ok, o= 2Aehd
A 7 eAell M Q) AR A At o
wA 2 4 olck

2 Gym—gazebo 2= 25221 MARA(Modular
Articulated Robotic Arm)E ©]-&35}o] 7= a1 Q)
T}, MARA= 7} ddpofolg, AllA], R&of ROS
27t Sl A 2Rgolth, 7t HES RS
ROS 2& A Y3l 57]3}, 224 (Deterministic)
241 A9, ROS 2 £ZEG0] @ F=g o] 14
84 pPF7] T Aol A A84E 5 e
7152 AlE3t, Gym—gazebo2ol| A= 19 29}
o] 70@ Easy °*"’ﬂ§.‘—i "Jéow Bl AES 4~
27 < Hlol& Y4
291 6 X E(Degree of Freedom, DoF) MARA &
Fo|il, F3EE 3D 37| oF B3R =T

A|9) FAlde] Eshs Zolct,

_I

2. Unity ML-Agents

Unity’= 3D 1A A= Uniyoll A 7ast
Unity ML—Agents SDK[25]2 A}8-3}3 Unity of|t]
= Azt Aglolth AJEE o4 Deep RL, ES
£0] Q122G Python APIE §8] o] HES &
2412 2= 9t} 18 3 Unity ML-Agents7} 415




Unity ML—Agents®] g5 $HHofl=

&, el optdule) 355

OAEL Ae] Al B B e AT UL

278 Woll Al af-3k 3

HPLE} o= Se] WEe o cfoli=e] 1
sl

el 2sf

)
é
N
N
30
o
N

N,
2

Unity ML—AgentsE 53] thegh &
7F &9 4= 9l sk
o] ofe|HER FA =
71 ALS vRS BE
%%‘# &’M 23, shue
A= ofo|FHERZ
OW = %34 AveE]eg WEst
ot} E3F A= ﬂ%a‘ﬂéi
Lo shte] Baelo] o
T 7HQ oolHER] 7%4“41

e
>
i
O
lo

1o
|
&
)
=2
i
i
3114
i

ox

ox
ﬂJLl ﬂ-lL.l
1]1 fifH

4
O.L;
5
I

=
o
rN
[m
ol
flo
2

sy

©

2

X
w2
2 ™

=2

F_
=2
= g
ox Y 2

Olt
S0

2 ot

o
e

o

N

B
%
o 4 r
Aﬂ
°
%0,
o
>
Huo ol

o
o
5

L
B

N
N

r
£
&
I
%
o
é
ﬂlh‘.
i,
2.
%0
lo
2

3. OpenAl Gym

OpenAl Gym[26]2- 7}3tske; 21712 9]

i

<t
i
=

stets 7l S 11

olH, GymZ ¥-§ QUEH | A7} Al FE
vl B RET ARREe] AnE Bh
Slgel A5S Hlie 4 A PAIES T
o Gyme ool RS Halo] ele] ofuae
(Episode) 2 F-57%]+= 75Fe59] UAA Q] 4
THZ £ 2 oflg oA ofo]HES 271 4
= Hﬂii"ﬂ/ﬂ TR WS AL oA
pAjEf ‘:Wﬂﬂoﬂ =S w7hA] . o]

o

e Qi 22 %‘51 &, LA Acari 74]
o, R= A9, 2D ¥ 3D 253 22 2SS A
SR AlEE o] oA 252 Alofstr] fisiAl
£ Mol B0 A 490, 271 931
5 9= A Ed iRl Box2D, Doom A& <l
& 7RO 2 k= o] FUtElE § T B
S o] W=l At GymE o858t A& ohE o
=o

4. DeepMind Lab

DeepMind Lab[27]2 ¥t Q1345 W 7] A8l
A2glo] AL @ ARRS Qs AAE 1213 3D
AY E2HE0]t}, DeepMind Lab2 ofJo|HEE
B_{g}oq A3, FEAOT F=n]= A|ZHF o2 o

AAANA B Ae shishe S
ok o A= 4= Utk DeepMind Lab id
I E0]9] Quake I Arena QA7 o] =5
o ZE Zzxo ZH =2H7], 3DE olF, 1|

AN

5
2R, B 5, 9T B B Aol

[¢]

O

O\_

lo b r&



S 20194 88

=2

M 347 Hld

SEELA

12

U~ B T
o <
T T X =5 oo oo W nﬁioi
] o = {n B oF o X X [ mO o) Hp 2 -
ﬁo%mwﬁoawiﬂo%ﬁw%WJ#% wow oW L. I M N TR
WYX E R T W N R e Gy N o B
_ ,Mojxﬂaﬂﬂoo“_[,_mau%mﬁwﬁ_ﬂoﬁe ﬂ,w.oumouAlol _uumowT_EA
wmnqm_ﬂ%ﬂz;ﬁﬂmﬁ_;owa@ %g@&ﬂwﬂﬂ R ER
o] T o TRy o = Ho o=y T o I 3
A R NS S R Rk AR L Cou®h
.A_lﬂ_moﬂ‘d”7‘%|1_ ,Mieenﬂ..ro . o < ]E._,_.__owL_X . _1_0_67_.5
=0} . aﬁ]ﬂﬂulmAﬂE__.7AHma 7,N,|;A_u: a,m_x@l l ,LH_,._ILMI
G N ¥ Pﬂﬁu_smﬁﬂoﬂﬂﬁmomx o o o o} oy R
oz _ o E & .4 OF 5 R
N S ] o %o o Uk o 1 Y i Hodo ~ A = TO
_ ) T oo R S| N ot MO o= T ~ ©
ﬂW#a%uﬁkW@mwma%meQM%fjﬁ 2tz
wao_eﬁﬂwﬁwoﬂoﬁeaevﬂaﬂ_&wtﬂ_/lmz_. - B K B P X g o
mmﬂum»wqaoﬂbuamﬂnnn._ﬂc~HTZP_Z_O,E I ] W %o BT
mﬂmuL.xﬁnaﬂL.uﬁ_amﬂevE%% _aluﬂ_wu%uiixa. T oo
o bR TR E T Y ﬂé%axnéﬂu}@% CORI
X E W R T oo X I i o P Ay
ﬂorﬂuAlmuL = 7 X o o me B X .mu.lrﬂm_ﬂ_ = % = Ml_l,_m__.o No & =& ) B 9 :oDrWJXIL
um_u S w qﬂo% ,_Wo oy JoTr w T o TN ol Wﬁ M N m X No gm = mﬁ_w_._ R %% W o
%ﬂl@%%@%frg_nmomﬂnl#pold%@,aﬁo_eﬁroo = %ﬂ%mgﬂ
s B T g gl T8l Er s
%ﬂegﬁxVOHV@H_LjE_E._&@%% <
T OH MK RN T o R I
=0 .._u__omﬁ.__m_y.,_éao,urx o]
g TR WL 5T 7% Miﬁ@?i%i ujy
j— P‘b.ﬂ.lv_omjllv_Al iﬂﬁ o Nlo 2 X s Wl mo
®Az y%&ﬂWﬂﬂmﬁx@c_o Sz PEETEZEEE
%Aaﬁ_ ﬂd'iﬁmjéﬂwﬁ%l,y W E %ﬁ%w R = = o
> B %ﬂ.%ﬂdonmﬂ@uq I A R R
O mo X ,Hlm q]dﬁﬂﬂﬂ Tk o — MOYWENEW )A]._lo_ﬁ:E
ﬁﬂ_ﬂ %%MW%W#%%%M% mmwm %%%ﬂg%ﬁﬂ_tz
_iu of T —_ = ﬁ._u {F = 7. _z__| ..__L .w A H__u_ ~ OC = 1D| me o b ~ o
0y N - il ol B = ~o o X
ACINS wo;mwo_;e%mm:m@% ZL_%JO m%%%mwfﬁ%%w
. %iﬂ%wﬂ%]u]]iﬁﬁ. o oo N = = T o B J
memuuﬂmﬁ%armumﬁwmo7%@gé < P m@ﬂx%MW%ﬂx
mmmoﬂﬁmuﬁ@@ﬂﬂoal%.%@o T P ﬁ7auﬁﬂﬁw%e_uu.
AA%__Emyaﬂﬁ_%omemﬁﬂ&%ﬂo ﬂq ﬁ@mﬂ@ﬁoﬂ7iﬁm
j_alﬂﬂﬁﬁi;u% TR e R NI R Y
i o P aThEsr cReBEE L2y
R m et ™ o S ® oL ot Joode N T R - =
~ = o 0 Xom ~ R ol EK
Mv7@_1wpx TP ER BT =) EC e R R A
wewem_x%wm._wwﬂ.uoPﬂ@%w@mﬁ\W wﬂ__mV Wl%ﬂ@%ﬂ%@ﬁ%%%
. o_%d,_o]rsoﬁ/ﬂuoizﬁﬂ@n Loo}ﬂuaﬂﬁwx_molgﬁr
ﬂ;%m:@ﬁ#%;E?Eﬂo%iﬂu 0l0 xl%m Hﬂﬂﬁo@_ur%i
™ | T u B 2 o X T ool W o K . o o o I S B~
GRS Ul 5B i |
_%ﬁ 5 ™ B o B ool I T

o] o]szoixar i},

A}

3}

=

fu—

B v
DR

2 24,

=

A, mE 2

>

ofe|HE el M e =8 A, =
=

A



A7t A= S<5o]

ol f F2 A A i e 2|= s

H, oo 22 Ao WHE=E AR QAR

A HolM d™e] A= s A5

k52 Bl 24 AR Fol Wk oo E I

o= 2-gd 4= Qlrk. olFk AS Asielks 7l

=2 SR 2ol AdEloln AoAel 5

AAES AT 5 9 71401710l T AGIe]

2 o 7]EmH Ao 1A o AT Yol

A |z A ) R Bedo s Soie

Aoz 7|t

otof 32|

AGI Artificial General Intelligence

DQN Deep Q Networks

ES Evolution Strategies

IMPALA  Importance Weighted Actor—Learner
Architecture

IQL Independent Q—Learning

KL Kullback—Leibler

LSTM Long Short Term Memory

MARA Modular Articulated Robotic Arm

MARL Multi—Agent Reinforcement Learning

PG Policy Gradient

PPO Proximal Policy Optimization

PPO Proximal Policy Optimization

R2D2 Recurrent Replay Distributed DQN

RND Random Network Distillation

RNN Recurrent Neural Network

ROS Robot Operating System

TRPO Trust Region Policy Optimization

nt o

[1] V. Mnih et al, “Playing Atari with Deep Reinforcement Learn-

[10]

(11]

[12]

[13]

(14]

[15]

[16]

(17]

[18]

11
o>

Jl& 53 13
ing” arxiv:1 312.5602, 2013.
M. Hessel et al., “Rainbow: Combining Improvements in Deep

Reinforcement Learning,” in AAA/ Conf. Crtif. Intell, New Or-
leans LA, USA, Feb. 2018, pp. 3215-3222.

R.S. Sutton et al,, “Policy Gradient Methods for Reinforcement
Learning with Function Approximation,” in Proc. Int. Conf.
Neural Inf. Process. Syst., Denver, CO, USA, 2000, pp. 1057~
1063.

J. Schulman et al, “Proximal Policy Optimization Algorithms,”
arxiv:1707.06347, 2017.

J. Schulman et al, “Trust Region Policy Optimization,” in /nt.
Conf. Mach. Learning(ICML), Lille, France, July 2015.

Y. Burda et al,, “Exploration by Random Network Distillation,”
in Int. Conf. Learning Representations, New Orleans, LA, USA,
2019.

T. Rashid et al,,
tion for Deep Multi-Agent Reinforcement Learning,”
Conf. Mach. Learning(ICML), Stockholm, Sweden, 2018.

R. Lowe et al, “Multi-Agent Actor-Critic for Mixed Coopera-
tive-Competitive Environments,” in Conf. Neural Inf. Process.
Syst., Long Beach, CA, USA, 2017.

M. Tan, “Multi-Agent Reinforcement Learning: Independent
vs. Cooperative Agents,” in Int. Conf. Mach. Learning(ICML),
Amherst, MA, USA, 1993.

“QMIX: Monotonic Value Function Factorisa-
in Int.

A. Tampuu et al,, “Multiagent Cooperation and Competition
with Deep Reinforcement Learning,” PLOS One, vol. 12, no.
4, Apr. 2017, pp. 1-15.

S. Li et al, “Robust Multi-Agent Reinforcement Learning via
Minimax Deep Deterministic Policy Gradient,” in AAA/ Conf.
Crtif Intell, Honolulu, HI, USA, 2019.

J. Dean et al,, “Large Scale Distributed Deep Networks,” in /nt.
Conf. Neural Inf. Process. Syst., Lake Tahoe, NV, USA, Dec.
2012, pp. 1223-1231.

V. Mnih et al,, “Asynchronous Methods for Deep Reinforce-
ment Learning,” in Proc. Int. Conf. Mach. Learning, New York,
USA, 2016, pp. 1928-1937.

A. Nair et al, “Massively Parallel Methods for Deep Rein-
forcement Learning,” in Int. Conf. Mach. Learning(ICML), Lille,
France, July 2015.

V. Mnih et al,, “Human-Level Control Through Deep Rein-
forcement Learning,” Nature, vol. 518, no. 7540, 2015, pp.
529-533.

T. Salimans et al,, “Evolution Strategies as a Scalable Alterna-
tive to Reinforcement Learning,” CoRR, arXiv: 1703.03864,
2017.

I. Adamski et al,, “Distributed Deep Reinforcement Learning:
Learn How to Play Atari Games in 21 Minutes,” CoRR, arXiv:
1801.02852, 2018.

D. Horgan, et al., “Distributed Prioritized Experience Replay,”
in Int. Conf. Learning Representations, Vancouver, Canada,



14

(19

[20]

(21]

[22]

[23]

q

1%

May 2018.

E. Liang et al, “RLIib: Abstractions for Distributed Reinforce-
ment Learning,” in /nt. Conf. Learning Representations, Van-
couver, Canada, May 2018.

P. Buchlovsky et al., “TF-Replicator: Distributed Machine
Learning for Researchers,” arxiv: 1902.00465, 2019.

L. Espeholt et al,, “IMPALA: Scalable Distributed Deep-RL with
Importance Weighted Actor-Learner Architectures,” Proc.
Mach. Learning Research, vol. 80, 2018, pp. 1407-1416.

S. Kapturowski et al., “Recurrent Experience Replay in Distrib-
uted Reinforcement Learning,” in Int. Conf, Learning Repre-
sentations, New Orleans, LA, USA, May 2019.

H. Matthew and S. Peter, “Deep Recurrent Q-Learning for

3473 M4S 20194 88

[24]

[25]

[26]
[27]
[28]

[29]

Partially Observable MDPs,” in AAA/ Fall Symposia, Arlington,
VA, USA, Nov. 2015, pp. 29-37.

N. G. Lopez et al,, “Gym-Gazebo2, a Toolkit for Reinforcement
Learning Using ROS 2 and Gazebo,” arxiv: 1903.06278, 2019.

J. Arthur et al., “Unity: A General Platform for Intelligent
Agents,” arxiv: 1809.02627, 2018.

G. Brockman et al, “OpenAl Gym,” arxiv:1 606.01540, 2016.
C. Beattie et al,, “DeepMind Lab,” arxiv: 1612.03801, 2016.

J. Tan et al,, “Sim-to-Real: Learning Agile Locomotion for
Quadruped Robots,” in Proc. Robotics: Sci Syst., Pittsburgh,
PA, USA, 2018.

Y. Li, “Deep Reinforcement Learning,” arxiv: 1810.06339,
2018.



