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In a Nutshell

1. We propose a proactive way of doing RL What action?:07(s,*x) > a When to switch?: Q™(s,x|a) — skip
2. We introduce skip-connections into MDPs
« Use of action repetition
 Faster propagation of rewards
3. We propose a novel algorithm using skip-connections
 Learn what action to take & when to make a new decision
 Condition when on what
4. We evaluate our approach in a variety of settings
Tabular Q-learning on Grid-World (see below)
DQN on featurized environments (LunarLandar, MountainCar)
DDPG on featurized environments (Pendulum) e Action repetitiOn Introduces Skips

DPQN Wi(tlhbimta?:e states (K/T ,gtari BeamRid * Information can be propagated faster along skips
(Pong, Qbert, Freeway, MsPacman, BeamRider) « With large skips, multiple smaller skips can be observed

Evaluation Performance of Tabular Q-learning Agents
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Vanilla Q-learning: 16 decisions #Ep|sod es

TempoRL Q-learning: 3 decisions = proactive policies can be learned much quicker

12.41 x speg@Up
13.57 X speeadl

Moving to Deep RL
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Various different architectures to learn what action to take and when to switch /

Deep RL - Atari Results Future Work
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* In environments where action repetition is highly

beneficial TempoRL DQN learns faster and better gZOOO .+ all
policies than vanilla DQN = 1000 — dec
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https://github.com/automl/TempoRL
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