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Abstract: In recent years, deep reinforcement learning has been widely used in sequential decision making. The approach works well in
many applications, especially in those scenarios with high-dimensional input and large state spaces. However, there are some limitations of
these deep reinforcement learning methods, such as lack of interpretability, inefficient initial training, cold start, etc. In this paper, we propose
a framework combining explicit knowledge reasoning with deep reinforcement learning, to alleviation the above problems. The framework

successfully leverages high-level priori knowledge in the deep learning process via explicit knowledge representation, resulting in
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improvement of the training efficiency and the interpretability. The explicit knowledge is categorized into two kinds, namely, acceleration
knowledge and safety knowledge. The former intervenes in the training, especially at the early stage, to speed up the learning process, while
the latter keeps the agent from catastrophic actions to keep it safe. Our experiments in several domains with several baselines show that the
proposed framework significantly improves the training efficiency and the interpretability, and the improvement is general for different
reinforcement learning algorithms and different scenarios.

Key words: knowledge representation and reasoning; interpretability; deep reinforcement learning; sequential decision making
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6 Ph1— e RN E a, < max, Q" (5(s,),a;0)
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Breakout
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18 4 #2 30:
move(left,t+1) if at(ball,left,t) default —at(ball,leftest,t) (26)
move(right,t+1) if at(ball,right,t) default —at(ball,rightest,t) 27)

Pong
FEZ XK B 5% ) 77 BRA1, 2 J7 9 BT BRAA,AT5 34T S Fe 3R, - Fo BRAE B BRI 5 2T RO, 24
TR BERAETT BRI, BTG 1 20, B 3T7 RRESAL AT BIERI, 85 38195 1 70, b —J7 ik 2 21 70 i
RGE W, AT 7 IR 50 Ik 228715 0 BE 3 TT 21 43,8007 0 430 kAR 4 21,5807 21 43,377 0 4 i
M3 or-21.
1 T 1% X AN Breakout {7 % (1 55 37 5% = 5 AL, #82 MR 445 300 1 110 O PR R 15 B 5 BR 47 (B AR X o B AT 7
31, BH e A] LUl I f7 B AZ 2 Breakout HEUNELAEAE Pong A3, E TN R e BE i G ELAE 6 38 A 1, BRI
AR AE 55 3 5 e 3E 2 4 ) 0 1 0 4
move(up,t+1) if at(ball,above,t) default —at(ball,top,t) (28)
move(down,t+1) if at(ball,below,t) default —az(ball,bottom,t) (29)

CartPole
FEZR R A — DK R BN — BT, AT — i P 4 LT e B AR N 4 DL
32520 R AT RO RIS 2 AT 5 BT MR A R T 15 RN . ERKCE AR o B 2.4
AN B JBE B B3 A 1 foe i 22 S B 500 I 30 0 2 PR AE I AR 4 SRR R IR RE 1 NI TR B R TS 1 g
Jih.
FE 27 3 b AR 8 T 10 A DA B A P R AT J A 3 g S A SR i) /32 LA S O I, DM 5 4 4 7 % 1)
Mo Bl 40 SRATfi 170 A7 120 HL 338 P52 2 0, D0 5 22 0 1% 7 A R 2.
move(left,t+1) if leaning(left,t) A angular velocity(pos) default —at(leftest,t) (30)
move(right,t+1) if leaning(right,t) A angular velocity(neg) default —at(rightest,t) 31

GridWorld
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WAER 500 A2 AR A E B H 3, D3 8 45 AR, T SRR B 2L € B BE I T 600 73, i R 45 R U SRAE B T H s €
7 UI3RAF 600 43, Ui #k 45 7K.

FEZ i 0T AT TR U2 ORI A B AR 7 PR 2R PR AN S V8 N AT AT B I D e 2 o P ) i 2R, B B 4
EVE R SR i 7 2 A 20 4 R SR PP AL BROH R — A

—walk(dir,t+1) if neighbor (trap,,t) A at(trap,,dir,t) default T 32)

m | I
. Episode 1 @ I I

K3 SIS ES (M ZE 245 N Breakout,Pong,CartPole Al GridWorld)

FATLE Breakout,Pong 1 CartPole T R R N SN, ZE GridWorld RS B T e 2 22 4 ) O AE
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EEFMEAE DQN. Double DQN 1 Dueling DQN A T g & s MU %t F CartPole i %8, 3 A1 7E 5
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P(t)=p,-7" (33)

HdrmE T 0<y <1 HIEAEBMER 0< p, <1, y 5K 222 4 30 048 A A ) 1) AR R0 3L A2 33 50k
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move(left,t+1) if at(ball,left,t) default —at(ball,leftest,t) 34)
move(right,t+1) if at(ball,right,t) default —at(ball,rightest,t) (35)
TMIAE Pong koA T AR e 0D 40 0 -
move(up,t+1) if at(ball,above,t) default —at(ball,top,t) (36)
move(down,t+1) if at(ball,below,t) default —az(ball,bottom,t) 37

BT Z X% A Breakout ik HAE 5537 55 A5 AH AL, #2475 100 T 11 >R 1 BR 5 R 07 BR 30 B AR KA B AT
By, IR s ] DL I 1 5 i A& 0 Breakout A HHE I mt BE7E Pong R B .
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