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Qutperforming Humans with Reinforcement Learning Agents in Atari Games
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- Deep Reinforcement Learning

Objective of RL
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- Deep Reinforcement Learning

Objective of RL

< Of|A]: PAC-MAN
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An agent to control

— ﬁ No reward & ends an episode

— Give 10 reward

PAC-MAN




- Deep Reinforcement Learning
Objective of RL
OilAl: PAC-MAN
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- Deep Reinforcement Learning

Objective of RL

< Of|A]: PAC-MAN

. OO|HES o= IFSH=TI0f Wt TS 4 e £

. 2t OO HET B2 #E S St H0| 1 £

Reward

Environment

N

Action

6/ 64



- Arcade Learning Environment

Atari2600 Reinforcement Learning Benchmark

% The Arcade Learning Environment: An Evaluation Platform for General Agents (Journal of Artificial Intelligence 2013, 35232| 2I-8)
- RS 2 AIYQ Atari 260001 A 57712 AIY S 1E5H0] B= detels #IX|OR 2HS

« OO|HEE= O|0|X| HA 2 AY 2tHE YE 2ot O|it A SH0|M tS5S =

oooo0o

000000 g HLHVATOR
SECTOR D1 fctien

nnnnn

10860
aaaaaa

Lo -

https://gymnasium.farama.org/main/environments/atari/
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- Arcade Learning Environment

Atari2600 Reinforcement Learning Benchmark

% The Arcade Learning Environment: An Evaluation Platform for General Agents (Journal of Artificial Intelligence 2013, 35232| 21-8)
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- Arcade Learning Environment

Atari2600 Reinforcement Learning Benchmark

% Atari WX|OLT0| M Zotets AE Al HEEE HN2| Y U3 Al

- Z3fets RE0| L= E O 0|0|X|= 2 7|7t (210, 160)011A] (84, 842 ZAE|H YAH'EL| 4B =&

o EBF HBhe || 4| TR QS L] AE 2 A F 2+ (= 03 T UL 23t Mgt ¢

S 4 gEoiA 280 iE
160

210 84

=HSH0] ALS)

Breakout

Observation State

* Mnih, V., Kavukcuoglu, K., Silver, D., Rusu, A. A, Veness, J.,, Bellemare, M. G, ... & Hassabis, D. (2015). Human-level control through deep reinforcement learning. nature, 518(7540), 529-533.

** Hausknecht, M., & Stone, P. (2015, September). Deep recurrent g-learning for partially observable mdps. In 2015 aaai fall symposium series.
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- Arcade Learning Environment

Atari2600 Reinforcement Learning Benchmark

< Atari HIX|O[30]|M Zetets A A HEE|= HA2| 3 U S4 +
- Uoets DEo| YHE O 0|0|X|= 377t 210, 160)01M (84, 842 ZAL|T YAHE | giT =ESHAM AtEwt
o LEDH ALSH= U 7Ol =2 )2 StLte| HEiEM g (FEe 2] Z2fYS ot METo| Y5 ALR)
- Uofets ZEO| Ao AE2 W H BESM 2E0f 2
160

210

X N

Breakout
Observation State

* Mnih, V., Kavukcuoglu, K., Silver, D., Rusu, A. A, Veness, J.,, Bellemare, M. G, ... & Hassabis, D. (2015). Human-level control through deep reinforcement learning. nature, 518(7540), 529-533.
-learning for partially observable mdps. In 2015 aaai fall symposium series.
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- Arcade Learning Environment

Atari2600 Reinforcement Learning Benchmark
% Atari MIX|OF01M 23f8E A3 Al MBEE HAHE| U 9 Al »

Al
ISheks DEIO| QB [ O|0|X|<= 37|7} (210, 160)0A] (84, 84)2 HAKL]
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N
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1A

- Yolels ZHO| A%t WS U ¥ HHEsiA HEo] 2
: Input command
o
Breakout
Select the action Repeat the action Perform Command

* Mnih, V., Kavukcuoglu, K., Silver, D., Rusu, A. A, Veness, J.,, Bellemare, M. G, ... & Hassabis, D. (2015). Human-level control through deep reinforcement learning. nature, 518(7540), 529-533.
** Hausknecht, M., & Stone, P. (2015, September). Deep recurrent g-learning for partially observable mdps. In 2015 aaai fall symposium series.
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- Arcade Learning Environment

Atari2600 Reinforcement Learning Benchmark
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Agent score — Random score

Human score

Extended Data Table 2 | Comparison of games scores obtained by DQN agents with methods from the literature'®'5 and a professional

human games tester

Random Best Linear

Contingency

— Random score

21515} (human normalized score; HNS)

Normalized DQN

Gama Play Learner (SARSA) aluc:l DLIN = std) (% Human)
Alien 227.8 939.2 103.2 6875 3069 (+1093) 42.7%
Amidar 5.8 103.4 183.6 1676 739.5 (+3024) 43.9%
Assault 222.4 628 537 1496 3359(+775) 246.2%
Asterix 210 987.3 1332 8503 6012 (£1744) 70.0%
Asteroids 719.1 907.3 89 13157 1629 (+542) 7.3%
Atlantis 12850 62687 852.9 29028 85641(17600) 449.9%
Bank Heist 14.2 190.8 67.4 734.4 429.7 (+650) 57.7%
Battle Zone 2360 15820 16.2 37800 26300 (£7725) 67.6%
Beam Rider 363.9 929.4 1743 5775 6846 (+1619) 119.8%
Bowling 23.1 43.9 36.4 154.8 42.4 (88) 14.7%

Mnih, V., Kavukcuoglu, K, Silver, D., Rusu, A. A, Veness, J., Bellemare, M. G, ...

& Hassabis, D. (2015). Human-level control through deep reinforcement learning. nature, 518(7540), 529-533.
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- Arcade Learning Environment

Atari2600 Reinforcement Learning Benchmark
< Atari HIX|0I39| £ HA| - Long-term credit assignment
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- Arcade Learning Environment

Atari2600 Reinforcement Learning Benchmark
< Atari HIX|O}32| =8 | - Hard exploration
- 20N F= 20| 02 |20t Zetels 0| HES DEWMS #7] 0d2 o
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Montezuma’s ' G o sin
Reyenge

MONTEZUMA’S REVENGE

Ke 5 © 1984 Parker Brothers
SRPARKER BROTHERS

ATARI® 2600™ s 3 registered
arart® 200™ trademark of the Atari
Solution: Level 1 Corporation
$
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Reward: 300

¥ Key

Reward: 100

Montezuma'’s Revenge
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- Arcade Learning Environment

Atari2600 Reinforcement Learning Benchmark
< AMZH=M 8 Atari HIX|0P3 2|0 =8 €5
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- Agent57 Lineage

Deep Q-network (DQN)

< Human-level Control Through Deep Reinforcement Learning (Nature 2015, 304892| 21-8)

- ZHX|7|8F Zelets0| Halde M8t AT (deep Q-network; DQN)

- oHd

of 7|sisto] HES MEfs YHEOR MR IHKIE %

- HLOo| HA|E FHMolTt GloH B0 Hast Aol HES QIS 7Y =2 THKE A= dEsS MEE (ZHK> 0] 2F)
- ZHX|gt=o| YO0l E= EE ZHX|Qt = 7IX|Q| AH0|E F0|= Weto = 0[F0] T(gradient descent: 6" « 6 — aVy(L(6)) )

I-I I.‘_I- 7|.x|

1(6) = B| (P ymaxQsa) - 0@ |

Action-State | Value 898880 .ax M TESS Action-State | Value
(8334, « ) 8 Reward: +0 (8335, « ) 3
J ,. (S330, @ ) 0 (S335, @ ) 0
(533, B) 0 (5335, ) 0
(5334, W) ) 12 Ay vy (S335, W ) 15
State State
(timestep =334) (timestep =335)
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- Agent57 Lineage

Deep Q-network (DQN)

«  Dueling DQN: DQNO{| A Z=0{ ! HE[S| ATHAE QI 7HK|E 37510

« Prioritized Experience Replay (PER): 22 50 =30| &

elal 203
AN st Fuscicul 2 AREU] IS GRS T

¢l Ol Padzd o CHEDNH
© e wLE AT e ] N o Seads Michatian =8

o | A a.]._.

Value-based Learning

HEIE T} @ o=
HEL: O 123

B4 20213 7€ 162
3 2514~
D =22t H|C|2 AH (YouTube)

DQN, DRQN

http://dmga.korea.ac.kr/activity/seminar/325

Value-based Learning 2

2001, 08, #
W 24559

Value-based Learning 2

g P ﬁ ZiXo

SIL AL ‘;” oS e
9 20233 38 242
(3 =28 124~

D =22t Hc|2 AH (YouTube)

Double/Dueling DQN, PER

http://dmga.korea.ac.kr/activity/seminar/401
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- Agent57 Lineage

General Reinforcement Learning Architecture (Gorila)

% Massively Parallel Methods for Deep Reinforcement Learning (ICML 2015, 6202] 21-8)
- 7|ECQ| LatetE2 T Ao XHR(ex. CPU x 1ea)0f| ATt ZISHO| &[0 Sk A|Zt0] 22 ZE

o [WEFM Creof AL RS 280 HE M| YA 2 otg S22 SYA7| At

—

Training on Training on
a single machine multiple machines
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- Agent57 Lineage

General Reinforcement Learning Architecture (Gorila)

% Massively Parallel Methods for Deep Reinforcement Learning (ICML 2015, 6202] 2!-2)
O| £|0f st& Al7H0] 22 A E

0%

H(ex. CPU x 1ea)df|A2H

. 7|EQ| LuBiae THY Qi

!

ot

X
o [2bM Cfo| QA RHal S 280 B8 Me| Y22 ofg £ 5 ehdAl7| LA}

** Running DQN on a single machine

Nair, A, Srinivasan, P., Blackwell, S., Alcicek, C., Fearon, R, De Maria, A, ... & Silver, D. (2015). Massively parallel methods for deep reinforcement learning. arXiv preprint arXiv:1507.04296.
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- Agent57 Lineage

General Reinforcement Learning Architecture (Gorila)

% Massively Parallel Methods for Deep Reinforcement Learning (ICML 2015, 6202] 21-8)

o AZZ actor?} leamerZ 22|51 ot52 = (0| actor= CPU, leamer= GPUE T+&)

oot

« Actore SHE0|M BEZ =TBIL leamere T B E &4+E 78

== 2 Learner (GPU)
** Running DQN on multiple machines :________B_C_IN-L_O_S_; -------- :
Gradient | . TTTTTTTTTTTT
wrt loss Q(s,a;6) max Q(s',a':0°)
oy Target
Q-network * copy * g

params Q-netwo rk

state, action reward next state
Actor (CPU)

argmax,Q(s, a; 6)

Environment Q-network store R Replay

»

(state, action, Memory
reward, next state)

A

v

state

Nair, A, Srinivasan, P., Blackwell, S., Alcicek, C., Fearon, R, De Maria, A, ... & Silver, D. (2015). Massively parallel methods for deep reinforcement learning. arXiv preprint arXiv:1507.04296.




- Agent57 Lineage

General Reinforcement Learning Architecture (Gorila)
% Massively Parallel Methods for Deep Reinforcement Learning (ICML 2015, 6202] 21-&)
« Actor®} learner2| Q-network= S st Oi20|HE 72

* Bundled modeE MAH Zf AL X0 179 actor, learner; replay memory= 7+

Learner
** Running DQN on multiple machines T T AT e :
. DQN Loss i
L e e e e e e e e e = ——
/ Bundle 1 Bundle 3 \ Gradientl
undle undle - a; 0 maxQ(s’,a’;67)
Actor 1 & Learner 1 Actor 3 & Learner 3 umtlioss HGE0) ¢

Q-network "c:n;y\" Target

Bundle 2 Bundle 4 -
Actor 2 & Learner 2 Actor 4 & Learner 4 - params Q netwo rk
K / : state, action reward next state
Actor @%@ .
1 Bundled
I Mode
argmax,Q(s, a; 0) -
Environment Q-network store R Replay
ctate > (state, action, Memory

reward, next state)

Nair, A, Srinivasan, P., Blackwell, S., Alcicek, C., Fearon, R, De Maria, A, ... & Silver, D. (2015). Massively parallel methods for deep reinforcement learning. arXiv preprint arXiv:1507.04296.
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- Agent57 Lineage

General Reinforcement Learning Architecture (Gorila)

% Massively Parallel Methods for Deep Reinforcement Learning (ICML 2015, 6202] 21-&)

« Parameter server= Zt bundle25E{ AALEl 7| 27|E £=ZI5t0 YH|0| ESH Q-network IF2H0|EE Zt bundleO]| Hi =St

Learner
I o e e -
** Running DQN on multiple machines copy | : : I
Parameter Server params | S ) K-S - : '
| copy Gradient 1 _ :
params wrt loss Q(s,a;0) maxQ(s',a’;67) I
- I
! Target .
°e° e Qenetwork Q-network
I---
I : state, action reward next state
copy |
Actor params * : Bundled
I Mode
argmax,Q(s, a; 6) -
Environment Q-network store | Replay
state > (state, action, Memory

reward, next state)

Nair, A, Srinivasan, P., Blackwell, S., Alcicek, C., Fearon, R, De Maria, A, ... & Silver, D. (2015). Massively parallel methods for deep reinforcement learning. arXiv preprint arXiv:1507.04296.
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- Agent57 Lineage

General Reinforcement Learning Architecture (Gorila)

< Experiment (performance comparison)

« Single GPU DQN2 %[0 142 S A 4970 E st&

*  GorilaDQNZ 42 2H0f| Single DONELCH 4174 AU H 2 ds2

e GorlaDQNL.E AIZIELCE =L M52 497 A = 24710 A &

504
404
304
[7e]
w
=
=T
Lo}
204
—
BEATING
104
—
HIGHEST
04 T T T T T 1
0 1 2 4 5 6

3
TIME (Days)
Figure 5. The time required by Gorila DQN to surpass single

DQN performance (red curve) and to reach its peak performance
(blue curve).

Nair, A., Srinivasan, P., Blackwell, S., Alcicek, C., Fearon, R, De Maria, A, ...

Massively Parallel Methods for Deep Reinforcement Learning
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Figure 3. Performance of the Gorila agent on 49 Afari games with human starts evaluation compared with DON (Muoih et al., 2005)
performance with scores normalized o cxpert human perfonmance. Font color indicates which method has the higher score. *Nod
showing DON scores for Asterix, Asteroids, Double Dunk, Private Eye, Wizard OF Wor and Gravitar because the DON human starts
scores are less than the random agent baselines. Also not showing Video Pinball because the human expert scores are less than the
random agent scores.

& Silver, D. (2015). Massively parallel methods for deep reinforcement learning. arXiv preprint arXiv:1507.04296.
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- Agent57 Lineage

APE-X
O O O
2015 2016 2018
Ape-X
% Distributed Prioritized Experience Replay (ICLR 2018, 8612| 21-8)
- 7|1E dF0MEe 24 atEE Sl 7|27 AE HEHE TS 0| FE AFHO| HFHM AAS
- O 0N 24 SEE St Zee 85t HYsh= 22 /hsk=0 =82 &

Gorila (Nair. et al., 2015) Ape-X (Horgan. et al., 2018)
. o . Yes No
Architecture for distributed learning (same number of actors & learners) (single learner & multiple actors)
Assign different € to each actors to
. . No Yes
collect diverse experience
Calculating gradients Parallel Non-parallel
Experience replay strategy Local buffer & uniform sampling

Global buffer & prioritized sampling
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- Agent57 Lineage

Ape-X

+ Distributed Prioritized Experience Replay (ICLR 2018, 8612] 2!-8)

« 7|E9| Gorilae 02| F32| actorlt leamerE AFESIF O 0@l 2 2 T2 t0|HE HE O AHO|AM RL|O|ESt= HAIZ AR
*  Ape-X£ parameter server, bundled modeS A2 SHX| &S
Learner
** Architecture of GorilaDQN i"'""""'I-T-'--'--'-T-'--'-?-T-'--'-T-'--'-?-'-,'""""
oPY I : DQN Loss | :
Parameter Server P I radionc ] ST :
| copy radient o i
params wrt loss Q(s,a;6) max Q(s",a’;67) I
- I
«-- «—J
gradient Q-network Ta rget
Q-network
1
I : state, action reward next state
Actor coPy i
params * 1 Bundled
I Mode
argmax,Q(s, a; 6) -
Environment Q-network store | Replay
tate > (state, action, Memory

reward, next state)

Local Buffer
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- Agent57 Lineage

Ape-X

% Distributed Prioritized Experience Replay (ICLR 2018, 8612| 21-8)

« 7|E29| Gorila= 012 /52 actor} leamerS AFEOIA S M@l 2 & Tat0|H E o] MMM FH[O|EStE B4 AFE

« Ape-XE£ parameter server, bundled modeS AESHX| %S
Learner
** Architecture of Ape-X TR |
] DQN Loss 5
Gradient
wrt loss Q(s, a; 6) max Q(s', a’;67)
Target
-network
Q Q-network

state, action reward next state
Actor

argmax,Q(s, a; 6)

Environment Q-network store R Replay

(state, action, Memo ry
reward, next state)

A

v

state

Local Buffer




- Agent57 Lineage

Ape-X

% Distributed Prioritized Experience Replay (ICLR 2018, 8612| 21-8)

« Local / global bufferE 25 AFHESHH actor?t =2t HE & M local bufferOf] X

Learner
** Architecture of Ape-X Tt TITTT T .
] DQN Loss 5
Actor Gradient
wrt loss Q(s, a; 6) maxQ(s’,a’; 67)
argmax,Q(s, a; 9)
Environment Q-network Q-network larget
> Q-network
state
state, action ‘ reward ‘ next state
Replay
Memory

Glodzd | Baffear




- Agent57 Lineage

Ape-X

% Distributed Prioritized Experience Replay (ICLR 2018, 8612| 21-8)

« Local / global bufferE 25 A5t actor’t +=&et MEE= 24 local bufferdl| X%

« Local buffer®|A{ priority ‘g 2-E Z=7}5}0] global bufferdi| 0|7

Learner
** Architecture of Ape-X TR |
] DQN Loss 5
Actor Gradient
wrt loss Q(s,a;6) max Q(s",a’;67)
argmax,Q(s, a; 9)
Environment Q-network Q-network larget
— > Q-network
sta
(state, action state, action reward next state
store rewarld, next Istate)
Replay - - Replay
tate, action, , t stat it ioriti
Calculate priotities Memory (state, action, reward, next state) with priorities Memory

(Absolute TD error)

Local Buffer

Global Buffer
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Ape-X

% Distributed Prioritized Experience Replay (ICLR 2018, 8612| 21-8)

« ActorOtCH S HE (2 CssH S0{510] O Tfst 23S 273l nxt &

Assigned epsilon for each actors

** Architecture of Ape-X Learner
______________________________ 0401 ®
. DQNloss | el TN
Actor Gradient - . Actor 1
wrt loss Q(s,a;6) maxQ(s',a;67) 0.30 1
argmax,Q (s, a; 0) $
g N 0.25 4
Environment Q-network Q-network Target E
N Q-network T 2.
c .
state, action reward next state O o015/ . Actor 32
d, t’ tat @ .
reward, next state) La_ 0.10 - . \
send 0.05 ‘e
Replay : —— Replay e
Calculate priotitie Memory (state, action, reward, next state) with priorities Memory oood Tt teiiiiiinnnns °
(Absolute TD error) 0 5 1-0 1‘5 2.0 2.5 3.0

Local Buffer Global Buffer

Indices of policy

Actor 2 Actor 3 Actor 32

(e = 0.325) (e =0.264) (e =0.0007)
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- Agent57 Lineage

Ape-X

< Experiment (performance comparison)

SEA A M= — cC SEAF o 310
or— — o )
o ot5 Lot Hs 25 HOLHA SdE AS =20l
e
x ATL =0l Lt Lo MHAZ A4
o« SFIE A[ZEUOIN actor =7t =0{ 0| 2} § &2 Ho-5 WA 29
A
ool M=
oo
450% Beam Rider 1K Breakout
Ape-X DQN (120hrs) < 200
400% ® < 600
Ape-X DON (70hrs) { 400 Alien 15K Beam Rider Demon Attack
* - e - . -
350% | Ape-X DQN (20hts) - — 3”:: GOK //—"-"
0K
40K
Pong . Qbert
300% 40K 15K 20K
_‘_—_-___.‘_,_—_/_"\v-—"—-‘\__ -
P e L
250% 0 0
' . l_ﬂ% Iee Hockey 100K Kung F'u Master 10K Ms Pacman
Rainbow
20 = 75K 7K
. 160K Seaquest 30K Space Invaders 50K 5K
150%. = AT
120K 21K e o= o 25K 2K
2 o 18K . — m_.___-—-—-"'w e ————
100% == 12K 0 8 16 24 32 0 e 16 24 32 ] 5 16 24 32
Gorila .13(2‘\' 2 0K 6K Training Time (Hours) Training Time (Hours) Training Time (Hours)
T = 0 0 -
507 - - — » 0 2 4 6 8 10 0 2 4 6 8 10 — 8 32 128
[ o r .|-t].n J--j-t-] .-QDU ..'211” "';{l].“A AL Training Time (Hours) Training Time (Hours) Number of Actors: . X e
[raining Time (Hours) gl = __.TE 5 g 16 64 — 256

Figure 2: Left: Atari results aggregated across 57 games, evaluated from random no-op starts. Right: Atari
training curves for selected games, against baselines. Blue: Ape-X DQN with 360 actors; Orange: A3C;
Purple: Rainbow; Green: DQN. See appendix for longer runs over all games.

CHE YEEDte] 45 Hlun

Figure 4: Scaling the number of actors. Performance consistently improves as we scale the number of actors
from § to 256, note that the number of learning updates performed does not depend on the number of actors.

Actor =0f| [} £ 45 H|w
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- Agent57 Lineage

Ape-X

» Experiment (performance comparison detail)

«  Ape-XO|A actor= 360 coreE AHE (1 core = 1 actor), learner= 1 GPU + 16 coreE A&

.}

i

Chl 3z 2|3 A 81 WHE0] oA O] A2t 28HOR 52 52 Do 22 El

Algorithm Training  Environment Resources Median Median

Time Frames (per game)  (no-op starts)  (human starts)
Ape-X DQN 5 days 22800M 376 cores, | GPU * 434 9 358 %
Rainbow 10 days 200M 1 GPU 223% 153%
Distributional (C51) 10 days 200M 1 GPU 178% 125%
A3C 4 days — 16 cores — 117%
Prioritized Dueling 9.5 days 200M 1 GPU 172% 115%
DQN 9.5 days 200M 1 GPU 79% 68%
Gorila DQN *© ~4 days unknown ° 96% T8%
UNREAL ‘ — 250M 16 cores 331% * 250% *

Table 1: Median normalized scores across 57 Atari games. * Tesla P100. ® >100 CPUs, with a mixed number
of cores per CPU machine. © Only evaluated on 49 games. ¢ Hyper-parameters were tuned per game.
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- Agent57 Lineage

Recurrent Replay Distributed DQN (R2D2)

% Recurrent Experience Replay In Distributed Reinforcement Learning (ICLR 2019, 5332] 2I-8)

o O 27Xsh AE] 23S 2I8lA] long-short term memory (LSTM)E SdH| 12| H|O|E{77HX| &3St X} &
v Si|E =22 Atari HIX[OF3 2HH S “almost fully observable”2 E 3% (partially observable MDPZ Q14])
v 4-stacked frame2 M £ O|R X Of'—fol T YoM = AN Lt SEUS AHSHA ot = gi7| &
v {7 A H|2tSt= B E(R2D2)= Ape-X2t Ho| 22 X E ALESHH Q-network0] LSTMS £t 20| 4% CHE H

(Atari benchmark) Ape-X (Horgan. et al., 2018) R2D2 (Kapturowski. et al., 2019)
N-step return Yes Yes (n=5)
Double DQN Yes Yes
Dueling DQN Yes Yes
Prioritized Experience Replay Yes Yes
Priority calculation Absolute TD-error Mixture of max & mean of absolute TD-error
# of frame stack 4 4
Using recurrent neural networks No Yes
(LSTM)
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Recurrent Replay Distributed DQN (R2D2)
& 2 X XTI Ape-X2} C}2 H

« Q-networkE DRQN (Hausknecht & Stone, 2015)1t H|==8t 1 X2 HZH

** Architecture of R2D2

‘ DQN Loss
Actor Gradient
wrt loss Q(s,a;6) maxQ(s’,a’87)
argmax, Q (s, a; 6)
Environment Q-network Q-network Target
> Q-network
state
. state, acti reward next state
store (state, action,
reward, next state) ’7

send

Replay

Calculate priotities
(Absolute TD error) Memory

Replay

state, action, reward, next state) with priof
( ywith e Memory

Local Buffer Global Buffer

Q-network®| LSTME F7¢

Q(s.a)
/ AN

V(s) A(s,a)
AN /
Linear
1
Convnet

Q-network in
Ape-X

Q(h,a)
/ AN

V(h) A(h,a)
AN /

LSTM

Linear

Convnet

Q-network in
R2D?2

Hausknecht, M., & Stone, P. (2015, September). Deep recurrent g-learning for partially observable mdps. In 2015 aaai fall symposium series.
Gruslys, A., Dabney, W., Azar, M. G,, Piot, B., Bellemare, M., & Munos, R. (2018, February). The Reactor: A fast and sample-efficient Actor-Critic agent for Reinforcement Learning. In International

Conference on Learning Representations.
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Recurrent Replay Distributed DQN (R2D2)

< R2D27} 7| E0]| 22 LSTM 28 WA oA 7| M52 = F=2: Stored state
«  DRQNOY|AE= replay memoryZ LSTMS ot&E I initial hidden state2 A zero vectorE A
> SfX| 2 AN 2 A[ZFS T§O| recurrent state2f CHE 7| I F0| A|AEX EHE &9 ALESH7| 0=
> Chot 83| 71 A|EATF A 3EE= B2 recurrent state7} 3| E L= SAMS EQ
=

« R2D2&= [MEFA LSTME AFEE Y initial hidden stateOf] A4 LEIZ| U E AEf HE T} = recurrent state= AFR

> LSTM S8l Y2 recurrent stateE buffer0f X (stored state)

i)
£0

Recurrent state Timestep 1,2 Recurrent state

0
Ol= ISTM = =~ LSTM =

- LSTM = =~ LSTM
0
Initial f . Initial "

R hidden state m-

| ooa s 1 | | ooa s 1 |
y
idden state | E— E—

Timestep 3 Timestep 4

LSTM in R2D2

Timestep 3 Timestep 4

LSTM in DQRN
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Recurrent Replay Distributed DQN (R2D2)

% LSTME ALB3HEA LAt SR

« Representation shiftd]| L2} stored state”} 22| At & h(recurrent state staleness)

> =4 &5 Al leaner@t actore HlS7|M 22 Li2t0[E 7} YOOI E E[7]| IfZ0|| Li2t0|E X}O|(parameter lag) 7t &

> Parameter lagZ7} Z45tH S AS| 22 OIO|H 0| CHSH & XtO|(representational drift)7f 2

Global Buffer Learner
Learner2} Actor2 Zt0j|
Replay Q-network parameter lag 244
Memory 0,
_ \ copy paramy
send experience
Actor 1 Actor 2
Running on
Q-network Q-network environment

Stored state
From global buffer Recurrent state

l

81

Initial
hidden state

ISTM | LSTM

0, 0,
X .
— —

LSTM in R2D2

-
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Recurrent Replay Distributed DQN (R2D2)

< Recurrent state staleness 53 2t Bumn-in period
o KT ARAO| AEES initial hidden stateE ZHE=0| AR
VA EATE UHEE I += recurrent state”?t =

*1 XstSh initial hidden stateS 2Hs 4= S

Recurrent state

No backpropagation ~ with burn-in

LSTM Tl
o, =0
Replay

Memory f
Burn-in period: 40

N
»

Global Buffer

Backpropagate: 40

A

- [
< L

Sampling
memory

a
v

Sequence length: 80

Tl 0| YT AR E | EQ T 0| mlato|E 2 RSS2 representation driftS 2|I(sH

Recurrent state

Initial
hidden state

Timestep 81 Timestep 82

N J
Y

Memories for the backpropagation
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Recurrent Replay Distributed DQN (R2D2)

< Experiment (performance comparison)

* Ape-X2re| TR0t XI0[= At df LSTML| AtE O & St oLt 02 2 X10| & B Y

« R2D27} human scoreE 0|71 A2 5771 & 5274

Atari-57 DMLab-30
Human-Normalized Score Median Mean Median Mean-Capped
Ape-X (Horgan et al.; 2018) 434.1% 1695.6% = =

Reactor (Gruslys et al., 2018) 187.0% - - -

IMPALA, deep (Espeholt et al., 2018 191.8% 057.6% 49.0% 45.8%
IMPALA, shallow (re-run) — - 89.7% 73.6%
IMPALA, deep (re-run) — — 107.5% 85.1%
R2D2+ — — 99.5% 85.7 %
R2D2, feed-forward 589.2% 1974.4% — —

R2D2 1920.6% 4024.9% | 96.9% 78.3%
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Recurrent Replay Distributed DQN (R2D2)

< Experiment (performance comparison)

« Atari IX|OF30|M Of2 20t 55 E0FA2L

v' Montezuma'’s revenge

v' Pitfall!

/

Hard exploration games

.

B0l 022 &FoM= 5| H2 55 24
GAMES HUMAN | REACTOR IMPALA(S/D) APE-X R2D2
montezuma.revenge 4753.3 2643.5 0.0/0.0 2500.0 2061.3
ms_pacman 6951.6 27243 6301.7/7342.3 11255.2 42281.7
name_this_game 8049.0 9907.1 6049.6/21537.2 | 25783.3 58182.7
phoenix 7242.6 | 400923 33068.2/210996.5 | 224491.1 864020.0
pitfall 6463.7 -3.5 -11.1/-1.7 | -0.6 0.0
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Recurrent Replay Distributed DQN (R2D2)

< Experiment (Q-value discrepancy; AQ)
« Bum-in ¥RHES| 2IE AT

v Burn-in 2 20| recurrent state stalenessS L 0OfL} 2t5tsH=X| 20l

= o= Recurrent state using
v AH SE0|M 7F 2 recurrent state@t burn-in IFS S 2 OHE Initial burn-in period Last
recurrent state 72| Xt0|E T1EH(AQ) hidden state hidden state
v Burn-in A| stored state EE= zero stateE AIE i !
y LSTM LSTM
. Initial Recurrent state — -_ -
hidden state No backpropagation ~With burn-in 0 %
Global Buffer 0 )
N or [0 LSTM L la(hend) - atheoll,
: g 7 (i)
0 2 mas (4(Fcs)
Replay Stored  Zero ’
Memo ry state  state ’
Burn-in period: N Backpropagate: 80-N - LSTM — - LSTM -
< - > 92 92
e e
sampling L[5 [s]s ] o bla[ T s s o ]5
memory < > Genuine recurrent state
Sequence length: 80 from the training
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Recurrent Replay Distributed DQN (R2D2)

< Experiment (Q-value discrepancy; AQ)
« Bum-in YRIES| 21E HF

(e 3N —
v’ Burn-in 40| Zt9| X}0o|= AX| & o

v' Q-value discrepancy”t 282 25

Computation of AQ

gl rrl Tfj[h:' qlfey 1‘ Tff[hul'

f”‘”F' |—|_;| ..

(@)

IO L} tored _stateS
St £7| Zto 2 ol

[(htu Ur) (hey1, Ur+1) <. (htimrﬂél—l-?n)J ::f.

explore obstructed

(c) goals large
1 i i i I i i 1 i i i i
£
3
o
v
i
o
o
o
[eR
1]
=
o
D
=

2 3
# Updates Te6

explore object

rewards many lasertaq three pponents small

Ll

A& SHA

F2 I AQ7t HX &= A2 =

0'6'
FA0
El

J0|'

In|t|al state

eogl eorm Itos

Final state

0.04 = 1

01z

010 =

3,00 = M

006 =

1 - l

002 = : P :

M IR IETR
eogl eorm ltos nw

rooms watermaze

50 -

a0 -

T

20 -
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Recurrent Replay Distributed DQN (R2D2)

%+ Experiment (measuring the effectiveness of using LSTM)

« LSTMO| R1IE S

v LSTM CHAIO] feed-forwardE At&3}0] &5 Sl AS
v' Feed-forwardE &2 [If 40| 2&dt= A= =20
- Breakout . ‘Gravitar MsPacman
800 i 10000 -
600 - 8000 s

- S
NN AP
e

.....

400 =

Clipped
mmm Discount
mmmm Feed-Forward

200 -

Mean Episode Return

(-]
1

I 1 I 1 [ I I 1
0.0 0.5 1.0 13 2.0 0.0 0.5 1.0

# Updates Le6 # Updates leb

# Updates 1e6

Figure 1
Atari-57

Human-Normalized Score Median Mean |
Ape-X (Horgan et al., 2018) 434.1%  1695.6%
Reactor (Gruslys et al., 2018) 187.0% -
IMPALA, deep (Espeholt et al.,2018) | 191.8%  957.6%
IMPALA, shallow (re-run) - -
IMPALA, deep (re-run) — —
R2D2+ - -
R2D2, feed-forward 589.2% 1974.4%
R2D2 1920.6% 4024.9 %

QBert SeaQuest

a L '
708000 1000000 -

600000 -
800000 —
500000 -

400000 - 600000 —

300000 - 400000 -

200000 -
200000 -

| LAY
100000 ;(/ {
0 — L o

1
0o 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0
# Updates 1e6 # Updates Le6

Figure 4: Ablations with reward clipping instead of value function rescaling (Clipped), smaller

discount factor of ~

= 0.99 (Discount), and feed-forward (Feed-Forward) variants of R2D?2.
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Never give up (NGU)

< Never give up: Learing directed exploration strategies (ICLR 2020, 324%] 21-)
« NGU= R2D20IM 2 EUE B 452 ER5I[S
« Episodic novelty moduleE S51A] O | E LM M| MEZ2 MEHO| CHt 2 7|2 F7E

« Life-long novelty module= &3diA] Of| T AE 7HML| =7|AE &7

(Atari benchmark) R2D2 (Kapturowski. et al., 2019) NGU (Badia. et al., 2020)
# of frame stack 4 1
Using recurrent neural networks Yes Yes
9 (LSTM) (LSTM)
Using diverse pairs of NG Ves
reward weight (B) & discount factor (y)
Using dynamics modeling No Yes
Using intrinsic reward No Yes
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Never give up (NGU)

< Never give up: Learning directed exploration strategies (ICLR 2020, 3242] 21 &)

« R2D2= Atari HIX|OFF04| A

N NGUOHA'I ElS

= ReD20f| B2 4=

** Architecture of NGU (based on R2D?2)

Hol 452

J

oco=2

She

ol= =5 F71510]

Learner
. DQN Loss
Actor Gradientl
wrt loss Q(s,a;0) maxQ(s’,a’;67)
argmax,Q(s,a; 0)
P
Environment Q-network Q-network Target
- &= Q-network
state

(state, action,
reward, next state)

store

send

Replay

Calculate priorities Memory

(state, action, reward, next state) with priorities
(Absolute TD error)

Local Buffer

A A
State, action Teward Next state

Replay
Memory

Global Buffer

HO{FUKX| T EF0| 0{212 2HE(Pitfalll , Montezuma's revenge) Ol A 22 %

= o
oco= E|:!

0| 022 2tF0Me de= 2
Life-long novelty module
Cross action
entropy C
loss action
Random
Network :
MLP life-long
+ / \ curiosity factor
Linear Linear
T T Episodic novelty module
Embed Embed
Network Network Embedding Episodic isodi
State Network Memory > PRt
state next state . .
Intrinsic
. reward
Inverse Dynamics

Modeling

Exploration Modules
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Never give up (NGU)

Va

<+ Overview of Inverse Dynamics Modeling

* Inverse dynamics modeling= X2t CHZ0]| EHdsH=

Cross 4 action
entropy (
\

loss ¥ action

MLP
N
Linfar Linear
Embed Embed
Network Network

state next state

Inverse Dynamics
Modeling

Life-long novelty module

Random
Distillation
Network

state

-

life-long
curiosity factor

Episodic novelty module

state  Embedding

Episodic episodic
Network Memory = reP
intrinsic
reward

Replay

Cross action |f‘>
entropyc
— ?
Input: state, next state loss ¥ action f‘)
Label: action T
MLP
Memory PN
Sampling

LinTear Linear

{

Convnet

memory

state

Convnet
action

next state

state

next state
Pathak, Deepak, et al. "Curiosity-driven exploration by self-supervised prediction." International conference on machine learning. PMLR, 2017.
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Never give up (NGU)

/ cross - Life-long novelty module
Entrlopy(' Hl(jﬂi
T state D?:t?lf;?c:n —_
MLP MBS life-long
/' '\ curiosity factor
Linear Linear
Episodic novelty module
Embed Embed
Network Network stare  Embedding Episodic yepisoic
state next state e AEIY P
intrinsic
%+ Overview of Inverse Dynamics Modeling _ \ese Damics xploration Modules
« Inverse dynamics modeling2 £ 24 El embedding network= Of|O|HE0|| G2F2 O|X|X| b= E= FAIStD EFE =&
State No.165

State No.276
WORLD  TINS

WDR LD
|

TIME
et

olo|MEOA B

thx H{E2 oo|HEO| B

2 Q0| (ex. HE)
Pathak, Deepak, et al. "Curiosity-driven exploration by self-supervised prediction.” International conference on machine learning. PMLR, 2017

Controllable State

State no.165, 2762 Zt2 controllable stateE 7}%!




[DMQA Seminar] Introduction to Exploration in RL
http://dmaqga.korea.ac.kr/activity/seminar/427
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Never give up (NGU)

< Overview of using intrinsic reward
« 2HEOM M E0hs Ead(extrinsic reward)it 20N KIS E= 2 &(intrinsic reward)s ot HAS HH[0|E

Ordinary RL RL with Intrinsic Reward

State
State Reward
Reward Action Q Action
State
Intrinsic Reward Extrinsic Reward

Intrinsic

Environment

State Environment

Reward Module
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Never give up (NGU)

% Curiosity as an intrinsic reward

[DMQA Seminar] Introduction to Exploration in RL

http://dmga.korea.ac.kr/activity/seminar/427

27| 8(curiosity)2 S EHO]| CHo 22T 2 E 7HKLL /IS 5 40| A= X BZEMN O] £{0| 2 JH 712 Hot=F 225 70

- O 22205 X 52 = gtol 2

1o
N

—

** Architecture of random network distillation (RND)

ﬁ RND ﬂ
MSE Loss
(Intrinsic Reward)
b
P 550
Random
Feature Target

HfO

\ state, Statet/

E 7S At

SHH intrinsic reward2 22

rinsic Reward

RND

State
Reward

O

State
Extrinsic Reward

Action

Environment

State
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Never give up (NGU)

“ Exploration module: Episodic novelty module

Of A= =-20ict AW S =l controllable stateS episodic memoryOf| A&

-« Y& controllable state2} FAFet memoryE 278 /i 222 Fl R2EIE HEIE 7|H2 2 pepisodic 5 15}

controllable

Nearest neighbors
state

in episodic memory

HORLD TIME
i=Z

354

Embedding
Network

state

O| I episodic memory= SHLt2| Of| | A= 0f| A -dEl controllable stateOfl HY Z|0H Of| | A~ LHO A2 7|+

d

Cross 4 action

entropy (

Life-long novelty module

loss 4 action
Random
T state Distillation -
Network .
MLP life-long
/' \ curiosity factor
Linear Linear
Episodic novelty module
Embed Embed
Network Network state  Embedding :"pl::l:; e e
state next state . P
intrinsic

Inverse Dynamics
Modeling

1

Exploration Modules

reward

/

I% JSI %It§|.(repisodiC) '%F

E— repisodic

** Pseudo-count method

1

Episodic Memory

\/n(th)) \/ZfieNkIM +c

2| HE ot S
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Never give up (NGU)

%+ Exploration module: Life-long novelty module

« RNDE =dli5}
. DEQEAE

. 2t Ct2

HORLD TIME
1= 344

state

HORLD TIME
i i=Z 354

state

-2 mean squared error %

O| HO|HZ HESAE hsol| H=0 oS 7+ W BHE

T 2E0M = Rf= 2EME 8

Target
Network

Random
Feature

Prediction
Network

Inverse Dynamics
Modeling

2831510 life-long curiosity factor (a) 2 A2

=1

om0 et LS| Febs &

o

m|o
gjo

(44

** Normalized MSE loss

UHerror

g error —
a=1+
OéTTOT

error = ||g — gl|*

Life-long novelty module

Random
state Distillation — @

Network .
life-lang
curiosity factor

cross action
tropy

loss 4 action

MLP

Linear Linear
Embed Embed
Network Network
state next state

Episodic novelty module

Embedding Episodic

state Network Memory

—p pepisodic

intrinsic
rrrrrr

Exploration Modules
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Never give up (NGU)

instinsic

= At 2o =F

A2 1, 2|0 59

 Exploration module: Final intrinsic reward

=T

2t (max reward scaling)2

«  Episodic intrinsic reward (rePisdi©)Q} [ife-long curiosity factor (a)

(&)
w2 7+

episodic

=24

= A o
—

20| A 52 17

t&oH 2T

- min{max{a, 1}, L}

_1_

intrinsic reward=

O

Inverse Dynamics

Life-long novelty module

Random

state Distillation — =

Network

Episodic novelty module

Embedding Episadic
state M

life-lang

curiasity factor

—p pepisodic
intrinsic
reward

Exploration Modules
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Cross 4 action

Life-long novelty module

entropy (
loss & qction
1 Random
Agent57 Lineage r - O~
g g iLe WSS life-long
N curiasity factor

Never give up (NGU)

¢ NGU: Total reward (extrinsic reward + intrinsic reward)

Linear Linear

Embed
Network

staie

Embed
Network

next state

Inverse Dynamics

Episodic novelty module

Embedding Episadic
state A M

—p pepisodic

intrinsic
reward

Modeling Exploration Modules
« BE S3lM intrinsic reward2| H| 52 =X
« ZactorOICFMZ CHE B S 7L ZN LIS FHE 8L 4= US (B = B B2 exploratoryeHE M, g; = 021 E 2 exploitativeH )
o B= EA0 E[CH pol At2 7HA
. __ ..extrinsic intrinsic
rBi=r + (6 *7T

g 0.30 ...ooooooooo

?u 0.25 e . .

S e . 0 if + =20

£ 015 s Actor 32 « B; = I5; if =N —1

£ p10] Actor? ’ | . 2i—(N—-2) .

g . B-o(l0=F==%—) otherwise

‘5 0.05 .

5 0.00 o......oo'l"..

g U lIU ZIU' 3ID

Indices of the policy

(a) Values taken by the {3; }7 !

Badia, A. P, Sprechmann, P., Vitvitskyi, A., Guo, D., Piot, B., Kapturowski, S., ... & Blundell, C. Never Give Up: Learning Directed Exploration Strategies. In International Conference on Learning Representations.
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cross

entropy |

action

loss % action

t

MLP

7N

Linear

Embed
Network

staie

Linear

Embed
Network

next state

Life-long novelty module

Random
state Distillation
Network

-

life-lang

curiasity factor

Episodic novelty module

Embedding Episodic
ELete Network Memaory

—p pepisodic

intrinsic

*»» NGU: RL loss

Inverse Dynamics
Modeling

o ¥y E5HA] retumOl| CHEH discount factorE A7 (A|™ & 7FE X0 CHSE 5= £F)

«  Exploration rate0f| [HE HA o

| =80 &

OF2=0{ discount factorS A&

v’ Exploratory policy: 20| Z&5HAH F=0{X|H gfo| "7t §X| K=
v’ Exploitative policy: Z[Cigt B A|H2| HAHK| = 12510 HM-S shdlof o

L(0) = E| (v + vimax Qs (s, a") — Qy(5,@)

Badia, A. P., Sprechmann, P., Vitvitskyi, A., Guo, D., Piot, B., Kapturowski, S., ...

reward

Exploration Modules

Indices of the policy

(b) Values taken by the {~; }:*

5 tee,,
] oy
fo 0.996 *,
E \ .‘......
[ . T - I ~ a1y o~
E 0.994 | Actor 1 .'o.. Actor 32 « v =1 — exp (A —1 - Y’) 10%(1 - fma.x) +1 10{%(1 ’Ymm)
2 " N —1
‘5 0.992 L
(7] [ ]
w L ]
= ®
[1+] [ ]
> 09901 . . .
0 10 20 30

& Blundell, C. Never Give Up: Learning Directed Exploration Strategies. In International Conference on Learning Representations.
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% NGU: Pairs of g and y

* Actor 1= exploitativedt ! O|2f{o| EAH2 & O 12{5t= FM (SHX| 2 epsilon2 &)
+ Actor 32(NH Ry exploratorydtm S1Xjo] AS & Cf mafshs 2 (SHX|Bt epsion S)
kY
E 0.30 gettteceesse E .o...
= * ® 0.996 b,
st [ ] E ..
& 0.25 - .
E . / 5 \ e,
o 020 2 0.9941 Actor 1 "
£ o1 ‘ Actor 32 =R ctor “e., Actor 32
g Actor 1 . £ %,
@ .10 . %5 0.992 *
5 0.05 / . E .'.
[74] "] I .
3 0.00 essssssenet” = 0.990 . ‘ . . °
= 0 10 20 30 0 10 20 30

Indices of the policy

(a) Values taken by the {3; } N !

Indices of the policy

(b) Values taken by the {v; };"

N-—1
i=0

Cross 4 action

entropy (

loss & action

t

MLP

7N

Linear Linear

Embed
Network

staie

Embed
Network

next state

Inverse Dynamics
Modeling

Life-long novelty module

Random
Distillation
Network

state — a

life-lang

curiasity factor

Episodic novelty module

Embedding
state A

Exploration Modules

Episodic " _  cpisodic
Memaory

intrinsic
reward

Actor 1

2

3

32

B 0

0.00002

0.00005

0.3

14 0.997

0.99688

0.99676

0.99

Badia, A. P, Sprechmann, P., Vitvitskyi, A., Guo, D., Piot, B., Kapturowski, S., ... & Blundell, C. Never Give Up: Learning Directed Exploration Strategies. In International Conference on Learning Representations.
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< Experiment (performance comparison — Hard exploration)
- EIHO0| 0]3{R 25 2 (Pitfall, Montezuma's revenge)Oll Al R2D2E Y =ot= HRE E¢

« Life-long curiosity factor?} M2 4% 2/2| 80X 40| 245t 5t AS 240l

NGU(32) on Pitfall

g = —— w/RND
3 15000 — wjo RND
]
% 10000
Algorithm Gravitar MR Pitfall! PrivateEye Solaris Venture K= 5000
Human 3.4k 4.8k 6.5k 69.6k 12.3k 1.2k g .
Best baseline 15.7k 11.6k 0.0 11k 5.5k 2.0k =
RND 3.9k 10.1k 3 8.7k 3.3k 1.9k ™
R2D2+RND 15.6k40.6k | 104k+1.2k -0.54+0.3 19.5k+3.5k | 43k+0.6k 2.7k-+0.0k S
R2D2(Retrace) 13.3k4+0.6k | 2.3k+04k -3.54+1.2 32.5k+4.7k | 6.0k+1.1k  2.0k+0.0k _ NGU(32) on Montezuma's Revenge
NGU(N=1)-RND | 12.4k+08k | 3.0k+0.0k 15.2k+9.4k 40.6k+0.0k | 5.7k+1.8k 46.4+379 BA2800
NGU(N=1) 11.0k40.7k | 8.7k+1.2k  9.4k+2.2k  60.6k+16.3k | 5.9k+1.6k 876.34-114.5 E 10000 w/o RND
NGU(N=32) 14.1k40.5k | 10.4k+1.6k 8.4k+4.5k 100.0k+0.4k | 49k+0.3k 1.7k+0.1k 3 7500
Table 1: Results against exploration algorithm baselines. Best baseline takes the best result among 2 b
R2D?2 (Kapturowski et al., 2019), DQN + PixelCNN (Ostrovski et al., 2017), DQN + CTS )
et al., 2016), RND (Burda et al., 2018b), and PPO + CoEx (Choi et al.;[2018) for each game. g 2800
2 0

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
Frames 1el0

Figure 5: Mean episodic return for agents trained (left) Pitfall! and (right) Montezuma’s Revenge.
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Never give up (NGU)

< Experiment (performance comparison — Total)

« SR HENOl 955

™

| WSS I R2D27} 30| &gt

e} = o z= O [C — x = roy
. B WHE0| 37 EYS 1) 7|E M58 Zojwals DAl 2HE > Agents70IM 82
Game R2D2(Retrace) | NGU(32) eval beta=0.0 | NGU(32) eval beta=0.3
Game R2D2(Retrace) | NGU(32) eval beta=0.0 | NGU(32) eval beta=0.3 frecway 33.2:40.1 28.541.1 21.240.5
alicn 180.1kL15.0k 248 1k 224k 795 5kL36.9k frostbite 10.5k-3.8k 206.4k-+150.0k 67.9k-£45.6k
asteroids 338.5k +4.5k 230.5k+4.0k 181.6k+2.8k goplies i 113 Ak LG.Gk Sigk LAk
time pilot 446.8k 1 3.9k 344.7k+31.0k 336.1k132.9k gravitar 12.9k+0.6k 14.2k+0.5k 13.2k20.3k
tutankham 452.2420.0 191 1412 1257452 assault 36.7k +3.0k 34.8k+5.4k 1.9k-4+0.6k
hero 54.5k+3.0k 69.4k+5.7k 64.2k+7.0k
up n down 678.8k+1.3k 620.1k+13.7k 575.2k£10.4k e S, .
ice hockey 85.140.6 -4.140.3 10.540.2
venture 2.0840.0k L.7ke0.1k 17991887 jamesbond 30.8k 2.3k 26.6k+£2.6k 22.4k+£0.3k
video pinball 948.6k 5.2k 965.3k+12.8k 596.7k=120.0k kangacoo 147k 40,1k 35.1KL2.1K 16.9k £2.0k
WILHrTJ of wor 120.2k+7.6k 106.2k+7.0k S_S.Iki-lzﬁk krull 13L1KL12.7K 127.4k+17.1k 26.7k+2.2k
atlantis 1654.9k 1 1.5k 1653.6k12.3k 1638.0k-L4.6k kung fu master 220.7k+3.9k 212.1k+11.2k 203.2k+10.8k
yars revenge 990.4k-+2.9k 986.0kL3.2k 993.8k L 1.5k montezuma revenge 2.3k+0.4k 10.4k+1.5k 16.8k £ 6.8k
Zaxxon 94.8k+23.7k 111.1k=11.8k 190.1k+6.9k ms pacman 40.3k+1.1k 40.8k -+ 1.1k 38.1k-+ 1.6k
bank heist 15.0k£5.7k 17.4k+12.0k 1.4k+0.0k name this game 70.6k-+8.3k 23.9k+0.5k 15.6k-+0.3k
battle zone 733.1k+45.2k 691.7k+22.6k 571.5k-+45.4k phoenix 935.2k+13.5k 959.1k+2.7k 933.3k-+4.7k
beam rider 103.9k-+1.1k 63.6k+L8.6k 31.9k+0.6k asterix 994.3k £ 0.9k 950.7k+23.1k 953.1k+21.7k
berzerk 69.3k+5.8k 36.2k+4.7k 27.3k=0.8k pitfall ’;;iL :'Z) 7;31&4(;0:& l;l;ll(:‘:k
bowling 253.0+1.2 211.9484 161.844.9 pong 20.9-£0. .6-£0.2 9.7+
. private eye 31.5k+5.4k 100.0k 0.4k 65.6k-+14.3k
boxiug oo oo el gbert 398.6k+46.4k 4SLIKLB2.IK 449.0k+ 1082k
centipede 700.2k-£19.8k 577.8k+3.1k 574.6k-£7.0k veran ad A0k 20Tk L 43.6k:14.0%
’ road runner 105.2k+16.8k 128.6k+28.7k 103.9k+7.1k
chopper command 999.9k1+ 0.0k 999 9k+0.0k 974.1kL14.7k s 5 24942 5
amid: 28.2Kk 10.2k 17 8kL1.2K 3 5k-0.4k robotank 142.440.8 9.1+0.7 24.942.5
amdar ° seaquest 1000.0k+0.0k 1000.0k-+0.0k 1000.0k-+0.0k
crazy climber 294.2k=25.7k 313.4k+7.7k 357.0k+8.3k skiing S11081.7497.7 | -22977.945059.9 21907.4-£3647.5
defender 675.6k+3.2k 664.1k+1.8k 656.3k+7.2k solaris 5.6kt1.1k 4.7k4+0.3k 1.3k+0.1k
demon attack 143.9k£0.0k 143.5k+0.0k 136.6k+3.3k space invaders 33.4k+12.2k 434K+ 1.3k 12.0k-£1.9k
double dunk 24.0£0.0 -14.142.4 -21.5+0.7 star gunner 412.8k+4.1k 414.6k+66.8k 452.5k+53.0k
enduro 2.4k+0.0k 2.0k=+0.1k 682.5+24.0 surround 9.810.0 9.640.2 7.3+0.4
fishing derby 86.8+£0.9 32.0£1.9 -29.344.1 tennis 24.0£0.0 10.243.5 -3.545.7

Table 10: Scores over all 57 Atari games.
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Agent57

< Agent57: Outperforming the Atari Human Benchmark (ICML 2020, 6172] 2!-8)

« NGU2| MA=0] AH=Z &HOs NGUe| B8-S =45t 0|5 E2tots Z8(Agent57)= ZH= A+

-

« Lot E42 71T BE Atari A Q0M AR EL FO]H 55 2deh =0 &
- NGUE 7|dto = B 9 1} jong-term credit assignment =X & E et
(Atari benchmark) NGU (Badia. et al., 2020) Agent57 (Badia. et al., 2020)
# of frame stack 1 1
Separated Q-learning head No Yes
Use meta-controller to select the policy No Yes
discount factor (y) range 0.99 ~ 0.997 0.99 ~ 0.9999
reward weight (B) 0.3 0.3
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Agent57
< NGU2| s}50] SQPdoI L B2 450| LieE it &4

« NGUOIA X2 d52 2 o] Qo2 Zt actorOCE 20 5l= A2 CHE discount factor ()2} exploration rate (B) 81A10| X| S &

v @911 DHO| Bt TS MBI LB 2 actort SUS Y| BHS 2T

= (i
v H|QH1: 2t Al EE= AFEOf| BHE exploration rateE &

)

v K|t 2: &= TH2] Q-network?} extrinsict intrinsic reward ZE240f| CHolA &t

v 29l 3: Long-term credit assignment =X E & CHASHA| 2 &
v HIOF 3 2t Al EE= Aol 3 discount factorg &=

Separated Q-learning head Use meta-controller to select the policy
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Agent57

< Extrinsic / intrinsic 242 562 & M2 CF2 nj2o0|E & 2

|-7C-|

« MZCHE HEXIZ 49| B S osok| 20 o

SOl &0 hef gHo| Jes =8

« Exploration rateE

(exploitative policy vs. exploratory policy)

** Architecture of Agent57 (based on NGU)

Learner
_________ DQN Loss i
Actor Gradientl
wrt loss Q(s,a;0) maxQ(s’,a’;67)
argmax,Q(s,a; 0)
Environment -network . Target
q Q-network Q-network

state

state, action
(state, action,

store reward, next state)

reward next state

send

Replay
Memory

Calculate priotities (state, action, reward, next state) with priorities

(Absolute TD error)

Local Buffer

P~ -

Extrinsic/intrinsic reward2 0| 0| ESt= ZH2E2| Q-learning head& A

2=

Z= = 709] Q-networkE Al

ol otg 0| 7ts

=

Multi-armed bandit

Q(h,a)

N\
/

V(h) A(h,a)

/
N\

LSTM

f

Linear

f

Convnet

Q-network in
NGU

B.v) / >ﬂ>\

Q°(h,a)

/ AN / \
V(h) A(h,a) V(h) A(h,a)
N / N /
LSTM LSTM
t t
Linear Linear
t t
Convnet Convnet

Q-network in
Agent57
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< Multi-armed bandit (MAB)2 0| 235}0{ At&ho]| Lot Hx S MEH

[

« Motz 712] 2ol Ol aimE& A= EEHM BrHo R 52 H4E Feams = Y

v M BE amZ 25 AZ510] 2 £l= EAE VIR

v I &2 7HKE FAE am= 02 #H HEISH0] Felol B R E S TS CHE ama A =510] 2| &= Ed= =2
- YHHHOI MABE ZE A|EE 7|Z3HX| Tt sliding window MABE 278 windowOf| A =2t A= 0| HABIO 2 armQ| 7HX|E AHE

Times selected 1 2

Value 0.5 0.11

True reward
distribution

Reward Reward

Reward Reward Reward

Bandit Bandit Bandit Bandit Bandit
(arm 1) (arm 2) (arm 3) (arm 4) (arm 5)
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Agent57

% Meta-controller (sliding window MAB)E 0|-23}0{ 4Ztof 2432 o

o OFOJI[AETF ARG I MAB2| ZF arm2 2t y2| 012 =

gf & ofLtel

o ZtZEO| actor= 72| MABE 7HX|H St Of| | A E 0| M LE2 extrinsic reward2| @2 2 armQ| 7}X|E IH|0|E

Meta-controller

]

Arm 1 2 3 32
p 0 0.00002 | 0.00005 0.3
y 0.999 0.999 0.999 0.99

Value 0.5 0.1 0.3 0.7

MAB 1

MAB 2

MAB 3

MAB 32

Actor 1
Actor 2

Actor 3

Actor 32
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< Experiment (performance comparison)

« Atari HIX|OF30|M K Sot= 57702 AY S 57702 A RIOIM A EE =2 F+& 249 (figure 1)

o M ME EliA OFX| 0]l hard explorationZ} hard long-term credit assignment &M 7t SH4 = H= (figure 3)

N
o

--=-- Optimal

— Agent57
R2D2
NGU
MuZero

Number of games > human

1 2 3 4 5 6 7 8 9
Number of frames 1e10

Figure 1. Number of games where algorithms are better than the
human benchmark throughout training for Agent57 and state-of-
the-art baselines on the 57 Atari games.

100

Pittall!

B0

Hard long-term credit assignment

G0

|M0nte?.uma's Revenge

40

, Hard exploration

Capped human normalized score in %

0 1 2 3 4 5 il 7 il 9
Number of frames leln

Figure 3. Capped human normalized score where we observe at
which point the agent surpasses the human benchmark on the last
6 games.

Badia, A. P., Piot, B., Kapturowski, S., Sprechmann, P., Vitvitskyi, A., Guo, Z. D, & Blundell, C. (2020, November). Agent57: Outperforming the atari human benchmark. In International conference on machine learning (pp. 507-517). PMLR.
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< Experiment (meta-controller, separate network)
«  Exploration rate2t discount factor/ A&, et I 220 el Y5HA MEik|= A= =l (figure 8)

o HEYIE LI SERE I intrinsic reward?| H|E 0] 7 X|E{2+E exploitation policy@| H&0| ZHSH |X| &= A2 &9l (figure 5)

Arm chosen on Skiing Arm chosen on Hero Arm chosen on Gravitar NGU

100 | ====———mm e ———— 10 @ , ® Q@

30 30 30 -
£® E® ® Zo0s T
§ 20 520 20 Mr é @
Ss g1 5 0 et 0.0 e © o o o ¢
x 10 5 10 10 - 0.005 0.01 0.05 0.1 02 03 05 0.7
2 B S 60 Intrinsic reward weight

0 1] 0

NGU with separate networks
1.0 ? L & ® ® @ & ®

=}
-
[N}
w
S
v

6 1 2 3 4 5 0 1 2 3 4 5
- 1e10 1el0
Arm chosen on Crazy climber Arm chosen on Beam rider Arm chosen on Jamesbond

-
m

=
o

40

30 30 30
25 ---- Optimal 0.5 ¢
20 | —— Agenl57
“ J I NGU + separate netsl 0.0 e e e e e e
15 0.005 0.01 0.05 0.1 02 03 05 0.7
NGU + bandit + long trace Intrinsic reward weiqht
. 0 g
® exploit ®» explore
° I 0 1 2 3 4 5
T Ll Number of frames 1e10

0

b
Return

(8]

=}
[~
v

Index of chosen arm
=
&

Index of chosen arm
"
(%]

[F]

]
=]

apped human nermalized score in %

C

i
o

Index of chosen arm
=
[=]

v

o
o

3 4

w
o
-
N
w
IS
w
o
-
N
w
=~
w

le10 1e10 lel0 Figure 5. Extrinsic returns for the exploitative (Go = 0) and most
exploratory (83, = ) on “random coin™ for different values of
the intrinsic reward weight, 3. (Top) NGU(Bottom) NGU with
Separate networks for intrinsic and extrinsic values.

Figure 4. Performance progression on the 10-game challenging
Figure 8. Best arm chosen by the evaluator of Agent57 over train-

A set obtained from incorporating each one of the improvements.
ing for different games.

Badia, A. P., Piot, B., Kapturowski, S., Sprechmann, P., Vitvitskyi, A., Guo, Z. D, & Blundell, C. (2020, November). Agent57: Outperforming the atari human benchmark. In International conference on machine learning (pp. 507-517). PMLR.
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- Summary

% Outperforming Humans with Reinforcement Learning Agents in Atari Games
+ DQNO| Atari #IX|OF20{A] 577 A & 23700l AR ELE E2 55 71= (DQN, 2013 ~ 2015)

o -

- DONE st eh52 =2 M WEHN T2 58 A=F B17t O|FH (GorilaDQN, Ape-X, R2D2, 2015 ~ 2019)

- At sk 7|Ee| 240 B HEES FUM5H0 B0l 032 AYUME 2 48 28T = U 2 (NGU, 2020H)
- B HHES IR EMN 2UdhE B He XIS SHZ0tL StLte| OFF [E X7 H i of =7 80| Z& Ao AFRELH 2
a2 g2de £ QU = (Agent57, 202013)

o Atari HIX|OF37} LD MEL|7|7HK| A2l A|ZH- 743 1742 * S/LEL 7|F

—
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