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Reinforcement Exploration Method to Keep Away
from Old Areas and Avoid Loops
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[ Abstract] In intrinsic motivation-oriented exploratory reinforcement learning, intrinsic rewards are typically generated
based on an agent's familiarity with the states. An appropriate approximate measure is difficult to obtain, and this long-
term cumulative measure does not consider the role of the state in an episode. The Anchor method replaces subgoals in
hierarchical reinforcement learning with anchors, thus encouraging the agent to explore in areas distant from the anchors.
Inspired by this, an intrinsic reward function is designed based on the distance between the next state and the historical
states in the same episode, and a reinforcement exploration method to keep Away from old Areas and Avoid Loops
(AAAL) is proposed. Considering the set of'partial historical states in this episode as a area and periodically treating the
most recently visited state set as.a new area, an intrinsic reward is allocated to the agent based on the shortest distance
between the next state and area such that the agent is distant from the currently visited old area.Treating the successive
precursor states of the next state as a window and specifying the window size, an intrinsic reward is allocated based on
the shortest loop length of the window, with the next state regarded as the end point such that the agent can avoid
walking the circuit. The experimental results in the classic reward sparse MiniGrid environment show that the AAAL
method no longer requires measurements of familiarity with the states; in fact, it can explore the environment with an
episode as a cycle and effectively improve the exploration ability of the agent.
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TER i, MR AAAL cut 7 B34 T 0.024.0.015,
0.074.0.047.0.087.,0.022,0.107 #1 0.073, X 12 i3 ¥
G ] B R T B TR AR T, 2 R O

it s SMARIMIE , AAAL J7IEAE 8 ME 55 h AR B A BT
MR AR VEREAR 1S T AR S 1 1 BT AN E 2 .
JYON WS R TE A T E T IES RS AR
RO 1 AE WS AR AT 19 B 2 3l # A T A T) K
Vi, F 2 HIAE TS B

4 episode Y K B /N T 4F 55 19 55 K R & A0 4L
i, B > episode 191 Bl 2 B RE 1R A% IR 58 AT 55
(R R D Gk < i e N s | N o
BY K B, A I episode RO K B 7 — @ 2 B [ g Ik
W7 ERE ML 25 o R 3 XA T A BT 55 I
2 i B2 1Y - 1Y episode K B UEAT 40 it b A A
bR E I kbR . BRI FTLLE N, 555
baseline A [t , AAAL J57 & 78 6 ML 55 By °F 33
episode 1 & & J& & M 1Y . AAAL J7 ¥ 7€ Unlock .
DoorKey-8x8 . KeyCorridorS3R3 |, BlockedUnlockPickup .
MultiRoom-N6 . ObstructedMaze2D1hb iX 6 1 45
) ~F- ¥4 episode 1< B 43 1) Lb A7 35 6 AT 55 v 3% 1 A 4F
ff) baseline > T 2.3.22.73 .7 150 4, Hivh | AAAL
J5 1 #E KeyCorridorS3R3 . Blocked UnlockPickup .
ObstructedMaze2DIhb iX 3 /T 55 H1 19 F- 4] episode K &
Bl i %5 o 7F UnlockPickup il ObstructedMaze1Dlh
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X 2 AE 45 B, Count J7 % 76 I 25 id A2 v 1 F- 3
episode £ J& fix f , B o L T Hifth 77 1, AAAL J5 ik
R T Count /7 . 5 AAAL cut 7 i M b,
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Y i TR b RE R B O A R B AR, T B PR M 52

B, KK AAAL cut 5% /0 T 7.9.22.13.25, £% .
£3 T episode K EXTLL
Table 3 Comparison of average episode length ML
115 E-Only C-BET Anchor-2 Count RND AAAL_cut AAAL
Unlock 129 110 78 144 228 83 76
DoorKey-8x8 198 103 66 135 319 72 63
KeyCorridorS3R3 270 211 237 161 245 161 139
UnlockPickup 287 176 136 88 138 134 121
ObstructedMaze1Dlh 288 158 152 82 157 144 119
BlockedUnlockPickup 576 245 245 270 379 185 172
MultiRoom-N6 120 82 93 76 120 81 69
ObstructedMaze2Dlhb 576 450 364 576 575 357 314
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