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Evolving Methodologies
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“We also show that these algorithms produce
competitive results when learning policies [on the
Arcade Learning Environment]”

“We also ran [algorithm] on the Arcade Learning
Environment benchmark’

"Atari-57 is a collection of 57 classic [Atari] games.

The ALE, exposes them as [RL] environments”

— — — —

“We perform most of our experiments using the
Arcade Learning Environment”

“We evaluated [algorithm] on the Arcade
Learning Environment”



local alewrap = require"alewrap”

local env = alewrap.GameEnvironment{
game_path = "Pong.bin"

}

from ale_py import ALEInterface

env = ALEInterface( )
env. loadROM( "Pong.bin")

tmport gym

env = gym.make("Pong-v0")

tmport gym

env = gym.make("Pong-v4")

tmport gym

env = gym.make("ale-py:Pong-v5")




Behind The Scenes

tmport gym

env = gym.make("ale-py:Pong-v5")

Frame Skip 5
Stochasticity Repeat Actions
Frame Pc_>st- Max-Pool

Processing

All-Actions TRUE
Deterministic TRUE

Distribution

Arcade Learning
Environment

local alewrap = require"alewrap"

local env = alewrap.GameEnvironment{
game_path = "Pong.buin"

}

Frame Skip 4
Stochasticity Start State
Frame Pc_>st- Phosphor

Processing

All-Actions FALSE
Deterministic FALSE

Distribution DeepMind

Xitari




Behind The Scenes

tmport gym tmport gym

env = gym.make("ale-py:Pong-v5") env = gym.make("Pong-v0")

Frame Skip 5 Frame SKkip 4
Stochasticity Repeat Actions Stochasticity | Repeat Actions
Frame Pc_>st- Max-Pool Frame Pc_:st- Max-Pool

Processing Processing

All-Actions TRUE All-Actions FALSE
Deterministic TRUE Deterministic FALSE

Distribution Arcad.e -earning Distribution Ope_nAI

Environment atari-py




tmport gym

Behind The Scenes

env = gym.make("ale-py:Pong-v5")

tmport gym

env = gym.make( "Pong-v4")

Frame Skip 5
Stochasticity Repeat Actions
Frame Pc_>st- Max-Pool

Processing

All-Actions TRUE
Deterministic TRUE

Distribution

Arcade Learning
Environment

Frame Skip Uniform(2, 5)
Stochasticity | Frame Skip
Frame Pc_:st- Max-Pool

Processing

All-Actions FALSE
Deterministic FALSE

OpenAl

Distribution

atari-py



What’s the extent of the issue?

Would it have a perceptible
Impact on results?




Frame Skip




Frame Skip




Frame Skip

s




Frame Skip
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Frame Skip




Frame Skip

How do we fare?

l

l

Frame SKkip: 4 Frame SKkip: 5

Trained Rainbow Agent @ 200M Frames (Castro et al., 2018)



Frame Post-Processing

Max-Pool




Frame Post-Processing
Phosphor Blend (Colour Averaging)




Frame Post-Processing

How do we fare?

Post-Processing: Max-Pool Post-Processing: Phosphor

Trained Rainbow Agent @ 200M Frames (Castro et al., 2018)



More Confounders...






Stochasticity

Random Starts
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ROM Differences

NTSC PAL/SECAM

e 60 Hz e 50 Hz
e 525 Scanlines e 625 Scanlines

* Wider colour gamut * Limited colour gamut



Terminal State

Loss of life?

/ Number of LiveS\
Ll N LN =

Loss of Life End of Game



Measuring Performance



Game | 10M frames : 50M frames : 100M frames : 200M frames

ALIEN 600.5 (23.6) 1,426.6 (81.6) 1,952.6 (216.0) 2,742.0 (357.5)
AMIDAR | 91.6  (10.5) 414.2  (53.6) 1 621.6  (92.6) 1 792.6  (220.4)
~AssavLr | 688.9 (16.0) 1,327.5  (83.9) 1,433.9 (126.6) : 1,424.6  (106.8)
CAsterixt | 1,732.6  (314.6) : 3,122.6 (96.4) : 3,4234 (213.6) : 2,866.8 (1,354.6)
~ASTEROIDS | 301.4  (14.3) 458.1  (28.5) 1 458.0 (18.9) L 528.5 (37.0)
~ATLANTIS | 6,639.4 (208.4)  51,324.4 (8,681.7) : 291,134.7 (31,575.2) : 232,442.9 (128,678.4)
H ~ Bank Heist | 323 (6.5) S 448.2  (104.8) 740.7  (130.6) :  760.0 (82.3)
~ BATTLE ZONE | 2,428.3  (200.4) 10,838.4  (1,807.6) : 15,0485  (2,372.0) : 20,547.5 (1,843.0)
" BeEam Rmmer T | 693.9 (111.0) @ 4,551.5  (849.1) 4,977.2  (292.2) 1 5,700.5 (362.5)
- BERzZERK | 434.5  (51.2) 457.5  (9.4) 470.0 (24.5) 487.2  (29.9)
BowrLine | 28.7  (0.8) 294 (1.8) 32.8 (36) 1 33.6 (27)
Boxine 186 (3.8) 17 @ 779  (05) 2.7 (4.9
g . ~ BreEakOUT | 142 (1.2) o 75.1  (4.3) S 57.9  (14.6) S 35.1  (22.6)
*Hard to analyze for those unfamiliar with CCamnvaL U Bsss o) U niie (5ma) 4o (9L0) isms (1s00)
CENTIPEDE 3,075.2 (381.1) 7 '2,280.0 (184.2) 25552  (195.1) 2,838.9  (225.3)
- CHopPER COMMAND | 841.4 (144.3) © 2,104.8 (327.7) : 3,288.1 (339.2) :  4,399.6 (401.5)
t h e b e n C h m a r k B} ~ Crazy CLIMBER | 43,716.6  (2,571.2) | 80,599.6  (4,209.8) : 64,807.3 (26,100.0) : 78,352.1 (1,967.3)
DEFENDER 2,409.9 (78.6) 2,5625.7  (124.0) 2,711.6  (96.8) 2,941.3  (106.2)
~ DEMON ArTACK | 154.8 (11.5) | 3,744.6  (688.9) 4,556.5  (947.2) 5,182.0 (778.0)
~DouBrLE Dunxx | -209 (0.3) ¢ -184 (1.2) -156  (1.6) 87 (45)
- - - - ELEVATOR ACTION 6.7 (13.3) ; 4.5  (9.0) : 4.7  (9.4) : 6.0 (10.4)
* Return distributions can be multimodal CBaouro s () smo (6)Usond (ss1) U essh ey
FISHING DERBY -63.1  (7.8) _ 7.5  (4.1) : 12.2  (1.4) : 10.2  (1.9)
. . : Fregway! [ 13.8  (81) A 31.7  (0.7) A 324 (0.3) A 33.0 (03
leadin g to la rge variance w ith few seeds. CFrosteits Sa18 (30.8) 2025 (288) o743 (8s) o706 (139)
' GopHER | 679.6 (35.2) ©  2,233.7 (123.1) 2,988.8 (514.4) 3,925.5  (521.4)
 GRAVITAR | 795 (8.0) 109.3  (3.1) 1185 (22.00 . 1549 (17.7)
) i} “H.ER.O. | 1,667.9 (1,107.8) @ 11,564.0 (3,722.4) : 14,684.7 (1,840.6) : 18,843.3  (2,234.9)
IcE HOCKEY -15.1 0.3 : -8.9 1.7 : -4.4 2.0 : -3.8 4.7
° N a |Ve basel I n es Can h el p tO g rO U n d ~JAMES Bonp | 30.7 E’G.’(’)g """"" T 191.4 E’i’ziki).'g') """ A 517.2 ES’S’%’) """"" A 581.0 Ezlgs) """"""
] JOURNEY EscAaPE | -2220.0  (176.1) -2,400.7  (341.2) : -2,950.0 (383.9) : -3,503.0 (488.5)
KANGAROO 298.6 56.1 - 8,878.8 2,886.1) @ 12,846.9 688.3 C12,291.7 1,115.9
reS u ItS y eS peC I al Iy O n O bSC u re g a m eS " - KruL | 44247 54'9'2%)' """ 6,035.6 | 224'8'.'6')'”)' T 6,580.8 g'2'6'4'.'4; """" L 6,416.0 EIQ’SlB)'") """"
- KuNg-Fu MASTER | 9,468.1  (1,975.9) © 17,537.4 (1,128.8) : 17,772.3 (3,423.3) : 16,472.7  (2,892.7)
~ MONTEZUMA’S REVENGE | 0.2 (0.4) 0.2 (04) 0.0 (0.0) 0.0 (0.0)
- Ms. Pac-MaNn | 1,675.5  (41.9) ©  2,626.1 (139.8) 2,964.9 (100.8) 3,116.2  (141.2)
~ NaAME THis GAME | 2,265.6  (171.0) = 4,105.4 (932.3) 4,105.6  (653.5) 3,925.2  (660.2)
~ PuHoenix | 1,501.2  (278.1) 3,174.0 (543.5) 2,607.1 (644.1) = 2,831.0 (581.0)
- PrreaLc! | 2249 (14.8) 282 (13.0) -23.3  (9.6) 214 (32)
~Pone -15.9 (1.00 12.2  (1.0) 152 (0.7) 151 (1.0)
~Poovyan | 2,278.9 (273.7) 3,528.9 (256.3) 3,387.8  (182.8) 3,700.4  (349.5)
~Private EyYE | 81.6 (15.6) : 60.4 (92.4) 1,447.4  (2,567.9) 3,967.5  (5,540.6)
CQ*BERT | 674.7 (53.6) | 3,142.1  (1,238.7) © 7,585.4  (2,787.4) 9,875.5  (1,385.3)
" RIvVER Ram | 3,166.2  (125.2) 8,738.1 (500.0) 10,733.1  (229.9) | 10,210.4  (435.0)
" RoaDp RUNNER | 14,742.2  (1,553.4) : 37,271.7 (1,234.5) : 41,9184 (1,762.5) : 42,028.3  (1,492.0)
RosoTaNnxk | 41 (03) 28.4 (1.4) . 38.0 (1.6) 58.0 (6.4)
“Seaquestt [ 311.5  (36.9) 1,430.8  (162.3) 1,573.4  (561.4) . 1,485.7  (740.8)
- Skune | -20,837.5  (1,550.2) | -17,545.5  (4,041.5) : -13,365.1 (800.7) -12,446.6  (1,257.9)
~SovAris | 1,030.2 (40.3) orr.7  (112.5) 7834 (55.3) 1,210.0 (148.3)
 Spack INvaDERs T | 211.6  (14.8) 686.6 (37.0) 7872 (173.3) 823.6  (335.0)
~STAR GUNNER | 603.0 (28.0) i 1,492.3  (79.7) 11,590.5  (4,658.9) © 39,269.9 (5,298.8)
~TeNNIS | -23.8 (0.1) =239 (0.1) -23.9  (0.0) -23.9  (0.0)
- TmME Pror | 1,078.8  (60.3) 1,068.1 (138.8) : 1,330.7  (177.1) 2,061.8 (228.8)
~ TUTANKHAM | 56.5 (10.0) 64.9 (12.6) . 65.1 (11.9) . 60.0 (12.7)
~Up axD Down | 4,378.4  (172.5) 6,718.3 (671.2) = 5,962.8 (618.7) 4,750.7  (1,007.5)
~ VENTURE | 244 (46.9) 21.4  (15.1) 44 (54 3.2 (4n
~ ViDEO PINBALL | 4,009.3 (271.9) ©  7.817.0 (1,884.4) @ 16,626.2 (3,740.6) : 15,398.5  (2,126.1)
- Wizarp OF WOorR [ 1842 (22.0) . 1,377.4  (71.0) 1,440.6  (237.3) 1 2,231.1  (820.8)
 YAR'S REVENGE | 7,261.4  (777.1) 10,344.8  (452.4) 10,312.3  (528.9) 13,073.4  (1,961.8)
ZAXXON | 53.5 (51.0) 672.3 (748.5) 1,638.2 (784.0) : 3,852.1 (1,120.7)




Scores Can Mislead

Which agent do you chose?

Cumulative
Reward

My Agent 2

A3C 11




Scores Can Mislead
Which agent do you chose? My Agent?

My Agent

Cumulative
Reward

My Agent 2

A3C 11




Computation

# Frames

2 Billion Frames

Gravitar Montezuma’s Revenge Pitfall! PrivateEye Solaris Venture Table 3: Performance of the proposed algorithm, DQNMMC4SR, compared to various agents on the “hard exploration” subset
RND 3,906 8,152 3 8,666 3,282 1,859 of Atari 2600 games. The DQN results reported are from Machado et al. (2018a) while the DQNMMC, DQNMME . and
PPO 3,426 2,497 0 105 3,387 0 RND results were obtained through per‘sonal communicatipn.with the authors of the corresponding papers. Burda et al. did not
Dynamics 3,371 400 0 33 3,046 1,712 evaluate RND in FREEWAY. When available, standard deviation is reported between parentheses. See text for details.
SOTA 2,209! 3,700? 0 15,806> 12,380' 1,813° DQN DQNMMC DQNMMC | pQNMMC RND DQNMMC SR
Avg. Human| 3,351 4,753 6,464 69,571 12,327 1,188 FREEWAY | 324 (03) | 25 00 | 202 | L S I 24 00
(GRAVITAR | 118.5 22.0) | 10783 (254.1) | 1998 | 254 = P02 4574  (120.3)
 MonT.REV. | 00 QO | . 0.0 Q00 | . 29419 | 16717 18 e 3954 (1121.8)
Table 1: Comparison to baselines results. Final mean performance for various methods. State of _PRIVATE EYE | 14474  (2,567.9) | 113.4 (42.3) | 328 1 14386.0 | 613 (53.7) | 1044 (504)
the art results taken from: [1] (Fortunato et al., 2017) [2] (Bellemare et al., 2016) [3] (Horgan et al., %ZIL\I‘;EI;’E ............. ! 823%254? ......... ggg? ..... gzgo?) ........ (1).;15711. .............. % 22924 ........... 13;2382;(3)3 igzg; ...... E ;235)1) .....

2018)
100 Million Frames

Citing results using
different methodologies
50M Frames 1-actor: ~ 24 hours
200M Frames 1-actor: ~ 4 days

2B Frames 1-actor: ~ 40 days

100 Million Frames




Computation

# Seeds

Algorithm # Seeds

DQN —

Double DQN 6

Prioritized Replay 38

Duelling DQN —

PPO 3

TRPO 1

A3C 5

ACER —

RAINBOW

- Computation is expensive
* The entire benchmark is massive...

*Do we need results on every game?



Moving Forwards



Reducing Computation
3-bit Color

Pong Space Invaders Freeway



Reducing Fragmentation
ale-py

» Soon you can use upstream ALE in Gym!

* This will now follow all of the best

. tmport gym
practices!

env = gym.make("ale-py:Pong-v5")

*No need to compile the ALE from scratch!

« ROM checksum validation!



Accessible Visualizations

ale-ts

@ Arcade Learning Environment X +

C @® localhost:8000/blog/ale-playground/

ONQ

Game

> >

Freeway

Mode

0

Random Action Probability

€ = 0.001

©)

Return Frames
5 1,253

Agent

DQN -

Difficulty

0 -

Repeat Action Probability
¢ =0.25

* o



Takeaways

 Hyperparameters, hyperparameters, hyperparameters.
Report ALL environment hyperparameters.

« Benchmarks evolve. Fragmentation can become an issue.

 [ake caution when directly citing results. \What
methodologies were used? If possible, gather data yourself.

 Be wary of results with few seeds, there’s well known
games that have multimodal return distributions.






