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Reinforcement Leaming

o%

»  U3IEkE (Reinforcement Leaming)

2H| A=0]| A 0f|0]H E(agent)? 2Henvionment) it A S ARSI S (Adion)S lista, 1 At
HEdS Z|CHekel | fo 8 s 5t Y12E

o 1= g

o= (action)

OlO]ME (Agent) 24 (environment)
H A (reward)

A Elj (state)

Data Mining
KOREA ..:..

UNIVERSITY Quallity Analytics




- Background

Deterministic Policy Gradient
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Deterministic Policy Gradient

2 On-Policy & Off-Policy
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Deterministic Policy Gradient
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Jll pDPG

Deep Deterministic Policy Gradient

 DDPG : CONTINUOUS CONTROL WITH DEEP REINFORCEMENT (2016, ICLR)

= DPGEIIZ|SE Deep Neural Networks AFESl &2 WSS EAIE 2o =2 {2

Published as a conference paper at ICLR 2016

CONTINUOUS CONTROL WITH DEEP REINFORCEMENT
LEARNING

Timothy P. Lillicrap; Jonathan J. Hunt; Alexander Pritzel, Nicolas Heess,
Tom Erez, Yuval Tassa, David Silver & Daan Wierstra
Google Deepmind
London, UK
{Countzero, jjhunt, apritzel, heess,
etom, tassa, davidsilver, wierstra} @ google.com

ABSTRACT

‘We adapt the ideas underlying the success of Deep Q-Learning to the continuous
action domain. We present an actor-critic, model-free algorithm based on the de-
terministic policy gradient that can operate over continuous action spaces. Using
the same learning algorithm, network architecture and hyper-parameters, our al-
gorithm robustlv solves more than 20 simulated phvsics tasks. including classic

5Jul 2019
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Deep Deterministic Policy Gradient
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Deep Deterministic Policy Gradient
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Jll pDPG

Deep Deterministic Policy Gradient
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Deep Deterministic Policy Gradient

% Deterministic Policy
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Jll pDPG

Deep Deterministic Policy Gradient

% DDPG (Deep Deterministic Policy Gradient)
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Jll pDPG

Properties of DDPG
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Jll pDPG

Properties of DDPG
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Jll pDPG

Properties of DDPG
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Twin Delayed Deep Deterministic Policy Gradient
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TD3 : Addressing Function Approximation Error in Actor-Critic Methods (2018, ICML)
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Addressing Function Approximation Error in Actor-Critic Methods

Scott Fujimoto' Herke van Hoof* David Meger '

Abstract

In value-based reinforcement learning methods
such as deep Q-learning, function approximation
errors are known to lead to overestimated value
estimates and suboptimal policies. We show that
this problem persists in an actor-critic setting and
propose novel mechanisms to minimize its effects
on both the actor and the critic. Our algorithm
builds on Double Q-learning, by taking the mini-
mum value between a pair of critics to limit over-
estimation. We draw the connection between tar-
get networks and overestimation bias, and suggest
delaying policy updates to reduce per-update error
and further improve performance. We evaluate
our method on the suite of OpenAl gym tasks,
outperformine the state of the art in everv envi-

means using an imprecise estimate within each update will

lead to an accumulation of error. Due to overestimation bias,

this accumulated error can cause arbitrarily bad states to
be estimated as high value, resulting in suboptimal policy
updates and divergent behavior.

This paper begins by establishing this overestimation prop-

erty is also present for deterministic policy gradients (Silver

etal., 2014}, in the continuous control setting. Furthermore,
we find the ubiguitous solution in the discrete action setting,

Double DOQN (Van Hasselt et al., 2016), to be ineffective
in an actor-critic setting. During training, Double DQN

estimates the value of the current policy with a separate tar-

get value function, allowing actions to be evaluated without
maximization bias. Unfortunately, due to the slow-changing
policy in an actor-critic setting, the current and target value

estimates remain too similar to avoid maximization bias.

v
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Twin Delayed Deep Deterministic Policy Gradient
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Twin Delayed Deep Deterministic Policy Gradient
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Twin Delayed Deep Deterministic Policy Gradient
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Properties of TD3
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Properties of TD3
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Properties of TD3

< Delayed Policy update
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Properties of TD3

< Delayed Policy update
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Properties of TD3
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- Conclusion

Deterministic Policy Gradient
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