HEN A IR EFONEVIRIRETD
sRIbFE




=F=E hly

EEBE PR TT—2a 4
— 20\ ET—3 0 HT—§7
— FHIZEEEZIRAITFT AN Y-HI(ZEL
« 4R E LGoal DERTE T TE Y IZE{ET S5
LB DEENIZHEL
o FERILFEEDEEDZEERIE DN
e RL7—FTIF+DESETHY 5 U \iE/E |3 H

2019-9-4



BIEFEDEM

HAERETHINE RIED-OREITEZIT HETIL
IREDNRF(EE-FIHRE - /A1 XHHHEHF)
IREZRMRIZETILIE SLAM GPS(Guided Policy Search)
AELFHRDIRE HEIZIFHRMBEL HDIREE)
FuiaEmETIL
R DIRFE (T —U VMG IFIRREIZR A HIRIE)
a. BEHI—TIUIDRE HEHBHAETTIL
b. EI—r bDIRE
1. A EREONDIRIE EEFE Actor-critic(A3C) A E 1
2. HMENAFEEB/ONLGNRE
. REZRICHBENARIIREBUEODERLHD) FHH BE
Il :i‘—)bI:E?‘éitf#&@}ﬂb“%%httbﬁ%iﬁ K% =2ERRE
SEORMER




N IeE[OoNTTVIRER

o J—)LhnHRZICH/ETIL

o BILIERENZERE T HETIL
— WR{LFEE (RAEEDORRBREZHENT—3ET B)
— NEIEEZEHREET SETIL

- XHE
- HEID
- AL
- BERMETILIGWREERFOETIL)

* Option@DHYTI—)L
- HEMBERETIL
- ARFEE

» RERBICIIREZEHBIDOETIL

— GQN TD_VAE Wold Models

« FED




J— )LD FRE(ZESCETIL

Go-Explore: a New Approach for Hard- —
Exploration Problems(2019) =— 2

« [MontezumaMi#EE | [XDOQNTId &
HEJ T — L

o SOLYITEFERZZLI-Uber®

ET JL(Go-explore) [ #k < % #E Ll

MM ETIILEERLI-ED

* Mo Domain Knowledge Go-Explore [domain knowledge) G“‘E‘Ek)m
Human Demaons i
Domain Knowledg
600,000
Human Expert
500,000
400,000
g
|§ 300,000
200,000 FPPO=CoEX
DQN-PixEICNN Rﬁ?)
Ape-X DOfD, TDC+CMC
100,000 \\ n FE t ‘e-EB
' DON-CTS k Avg. Human DQN-CTS | UBE
Human Expert nOOnN "DON-Pixel CNN DDQN AEI&!-CTE “l J IMPALA
SARTA Gaorlla, AIT T oo - SARSA Gorila c . Ap o
[ ) . P - T . - [ 1 DON * .
Linear DON ™ MPp-EB IMC—CTE L Ape-X | PPO+CoE Linear MPEE /] FPopAl EscS1 Rainbow
Dual. QN BASS-hash UBE DespCs fior. N
Duel. DON BASS-hash
2013 2014 2015 2016 2017 2018 2019 2013 2014 2015 2016 2017 2018 2019
Time of publication Time of publication

ANEDT—LM#EEANT=ETIL ABD7T —LHBEANENET IV



J— )LD FRE(ZESCETIL

e« 2D(MPhase TRk

* Phasel IR E ML DER

— NHI B TIRE (FILULVSAT. S ERENT)

— f{EHM S ULNZFFATOption(cell) L TERE

— OptionfA:E#&Z A fE1E T (B DFBIRFAEZZFZE))
* Phase2 d— /Lo RIEFIRKIYF5HLFE

— J—J)LizZELT-OptionZR R EIZRILFZE L TERET S




CIGER (o2t

Maximum Entropy Deep Inverse Reinforcement Learning(2015)
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Exploration by Random Network(2018)
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e Curiosity-driven Exploration by Self-supervised Prediction(2017)
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Unifying Count-Based Exploration and Intrinsic Motivation(2016)
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FeUdal Networks for Hierarchical Reinforcement Learning(2017)
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A Simple Neural Attentive Meta-Learner(2017)
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Learning to learn by gradient descent by gradient descent(2016)
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Learning to reinforcement learn(2016)
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 Neural Scene Representation and Rendering(2018)
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Temporal Difference Variational Auto-Encoder(2018)
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