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Simple Representations for RL
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DeepMDP
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Cb — Neural networks
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& trained via the following two losses:



Reward Loss
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Transition Loss
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Tractable Losses



Deep Policies
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Representation ¢ Quality
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Phi as a Representation
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Donut World




DeepMDP on
Donut World

2D latent space
+

DeepMDP losses




DeepMDP on
Donut World

Visualization of latent distance




DeepMDP
Auxiliary Task

Base C51 agent
+

DeepMDP losses




DeepMDP
Auxiliary Task

Base C51 agent
+

DeepMDP losses

1 4+ DeepMDP Improvement over C51
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WizardOfwor
Jamesbond
Phoenix
StarGunner
FishingDerby
Zaxxon
Asteroids
Asterix
Alien
Spacelnvaders
Pitfall
Berzerk
Gopher
Assault
Frostbite
Amidar
NameThisGame
KungFuMaster
Enduro
Riverraid
Kangaroo
YarsRevenge
JourneyEscape
Breakout
MsPacman
Seaquest
Atlantis
Pooyan
Bowling
DoubleDunk
DemonAttack
BattleZone
Gravitar
Carnival
CrazyClimber
BankHeist
Centipede
Hero
Qbert
RoadRunner
TimePilot
Tutankham
Boxing
UpNDo
Skiing
Freeway
Pong
Krull
VideoPinball
Solaris
ChopperCommand
BeamRider
AirRaid
IceHockey
Tennis
Robotank
Venture
ElevatorAction
PrivateEye
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e DeepMDPs as Models of the Environment

e Norm-MMD Metrics and their Associated Smoothness
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