Adaptive Q-Network: On-the-fly Target
Selection for Deep Reinforcement Learning

Théo Vincent Fabian Wahren Jan Peters Boris Belousov Carlo D'Eramo

A

An AutoML algorithm tailored for RL A



RL Agent Env
7~ A

o ®

) S




RL training

—_—
Hyperparameters




Automated Machine Learning for RL

RL training

RL Agent

&Q

AutoML




Automated Machine Learning for RL




Automated Machine Learning for RL




Q-learning



Q-learning

Target network



Q-learning

Target



Q-learning

Online network

L(O]6) =|TQ,-Q|

10



Q-learning

r'Q,—Q,|T
Target update 0« 0
LO[0) =T

_QIH

11



Q-learning

r'Q,—Q,|T
Target update 0« 0

L£0]0) =0 -Q

A7 A7

12



Q-learning

L(6]6) =TQ, - Q.

(K



Q-learning

I'Q—Q,IQ,—Q,T
0« 0

L£0]0)=TQ, - Q]

W
/// .

14



') —

Q-learning

IQ—Q,T

—_— e e e

15



Naive approach using AutoML for Q-learning
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