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Masson, Warwick, et al. Reinforcement Learning with Parameterized Actions. AAAI 2016. 9
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: REQKEZS (DQN) , XWQM%s (Double-DQN)

. HEERIEEE (DPG)
(DDPG) , ...

ERFIAREEAIE
BEUESFZE]
R = A a2 LR ]
P IR REM ERESEENNE

, INETREN

RIS

. FEFH=ER:



B RUGESEENEZSIA)

O BE-EnE e F= Al LGRS
A={(k,x;)|x, € X forallk € {1...K}}

O BT LIABERIFEREUE— X, REERFEQMES
(DQN) & A3CE L) 4 EEERE

0 BR, XMEEHATEE
AJRER S, BARGEHINIERR
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Xiong, Jiechao, et al. Parametrized Deep Q-Networks Learning: Reinforcement Learning with
Discrete-Continuous Hybrid Action Space. 2017.
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MEMERY (B Rarg max(f)) , B
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12
Hausknecht and Stone. Deep reinforcement learning in parameterized action space. ICLR 2016.
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Hausknecht and Stone. Deep reinforcement learning in parameterized action space. ICLR 2016.
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ENXIWESEERE, 181Fn®(x]s). NimHRISH T4
n(a,x|s) = n%(als)m®(x|s)
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d(als) w = [wy, Wy, ..., W]

gy (x|s) 0 =[04,,0q, ,0q,]

Masson and Ranchod. Reinforcement Learning with Parameterized Actions. AAAI 2016.

14



Q-PAMDPE %

AT R IR TR R R A B TR

J(O,w) = Esy~D [V7e(so)]
XTFEERNG, <
W(0) = arg max](@, W) = Wy
FATT LA EERNFERQ-EIFEZFIW (). &=a, XNWTE
Elw, BAIENX,

Jw(8) =](6,w)
H() = J(6,W(6))

H(8) 2% T ElE 0 HIRIEE RIS R

Masson and Ranchod. Reinforcement Learning with Parameterized Actions. AAAI 2016.
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Q-PAMDPE %

Algorithm 1 Q-PAMDP(k)

Input:
Initial parameters 6, wy

Parameter update method P-UPDATE

Q-learning algorithm Q-LEARN
Algorithm:
w < Q-LEARN ) (Mp, wy)
repeat

0 < P-UPDATE"")(.J,,, 6)

w < Q-LEARN) (M, w)
until f converges

nl(als) w=[w,wy,..

ng(x|s) 6 =[6g4,,04,

) Wl]

0,

P-UPDATE(f, 8) A— T3S BrR&f Lo RIRIBIERTTIA

Masson and Ranchod. Reinforcement Learning with Parameterized Actions. AAAI 2016.
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SHHREQML (DQN)

O BEEMESZR: FEQWZ (DQN)
O EEE=E: FEREERIEHEE (DDPG)
O iBRealfE=SE: DQN + DDPG ?

BES: (ERFREQMZIEERRENE, (ERFREE TR R EEEE
224

Xiong, Jiechao, et al. Parametrized Deep Q-Networks Learning: Reinforcement Learning with 17
Discrete-Continuous Hybrid Action Space. 2017



SHHREQML (DQN)

k= argmax; Q(i) V k = argmax; f(i)
; ’ r—

parameters
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St;te St;te
(a) Network of P-DQN (b) Network of DDPG

K
1
fg(W) ) [Q(St» ke, xkt;W) - Yt]z B £0)=- z Q(se, k, x (55 0); we)
k=1

Xiong, Jiechao, et al. Parametrized Deep Q-Networks Learning: Reinforcement Learning with
Discrete-Continuous Hybrid Action Space. 2017



Mean Reward

iRIERSER]_ERYSELS

05

0.0

T T T T T
0 100 200 300 400 500

Iterations (k)

AL

Mean Goal Percent

lterations (k)

T ERESLL

Mean Episode Length

Iterations (k)

IR RE

Xiong, Jiechao, et al. Parametrized Deep Q-Networks Learning: Reinforcement Learning with
Discrete-Continuous Hybrid Action Space. 2017

19




FiH X I

AR (5TR, RE)
¥em (751=)
R ()
ik (5, 7IE)

0 RoboCup 2D Half-Field-Offense (HFO) ——— MRZRBEAEEREAK
23], ZEeEAFIMadhocBIAEIERIFARES.
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https://github.com/LARG/HFO 20



HFO3C3845 R

Scoring  AS to Scoring  AS to
Percent  Goal Percent  Goal
Helios’

Chiampion 962 72.0 | PDQN; 997 78.1
SARSA 81 70.7 | PDQN3> 2097 i
DDPG; 1 108.0 | PDQN3 996 78.1
DDPG3 99 107.1 | PDQN4 994 81.5
DDPG3 98 104.8 | PDQNs5 992 78.7
DDPG4 96 112.3 | PDQNgs 991 799
DDPGs 94 119.1 | PDQNv 985 82.2
DDPGg .84 113.2 | PDQNgsg 984 87.9
DDPG7 .80 118.2 | PDQNy 979 [l

Xiong, Jiechao, et al. Parametrized Deep Q-Networks Learning: Reinforcement Learning with
Discrete-Continuous Hybrid Action Space. 2017
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