= 23-48-11-06 The Journal of Korean Institute of Communications and Information Sciences *23-11 Vol.48 No.11
https://doi.org/10.7840/kics.2023.48.11.1405

Survey on Practical Reinforcement Learning :
from Imitation Learning to Offline Reinforcement Learning
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ABSTRACT

The reinforcement learning paradigm has shifted from online to offline recently. Such a change is to
overcome the impracticality of online reinforcement learning, which is limited to simulation-based game tasks
(e.g., Go, Chess, Atari, and so on). This paper reviews an offline reinforcement learning approach that builds a
policy by leveraging previously collected fixed datasets. To elaborate, we deal with the state-of-the-art offline
reinforcement learning algorithms, which have been proposed to mitigate the distributional shift. Lastly, we

discuss the open problems and limitations of current offline reinforcement learning.
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2) Implicit Policy Constraints
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3.3.3 In-sample Learning

IQLM: ok 2helgh mE v dlo|e] Alojl EA)
32 o= AdE-eE el Higk 71 7t ek
ueta], 7]Ee] dare]5e olefgh Al el of
gk 71 H7lell thgt A2 7P} olg]7] wistel] ol
TAIERE @& 285 Ec) In-sample learning®] 73
- dlole] A= o] A wrks sesie] wlole] Ao
A o= Ael-aE el i’k query S A o®
Ishe WS A=l tEAQl dare]ES IQLe]
ot s twe]ES AWR 7HEe 2 AL 45T
™ on-policy &F72]Z<] SARSA HHAS- Aglslo] b
ole] AE W] A&k o] &ste] AIE ATt =
gl 7] tiAAQl A gk oAl ol mieiAA gl
A 5 ol 83le] 71A W7t e Ss elgh
t}. & 37K vIES A 71 = Ae-aE 71
s AR S Tialel, 2] Sl thes) el

L(P) = Esparn |13 (Qr (st a0) = V(1))
L(8) = Es, a,5.,,~D [(R(sn ag, Ser1) YV, (Ses1)
2
— Qo (se, at)) ]
L(@) = Eq,a,0 [exp (8 (0550 a0)
~1(s0)) ) 1og m also)]
714 Ly(x) = |t — 1(x < 0)] x*2 w|ciHH

=4 g9l expectile <=4 -5 2Jv]EhH, = 1l

= ARk AlgE 2vigch

o exzeel sl daels B

E1
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