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obot’s Location : , . ,
s N \ _ 0 Value Network Cave Env. | 0.535+£0.000 0.53240.000  0.535+0.000  0.164+0.002 | -2.234+0.000 -2.198+0.000 -2.235+0.000  0.695--0.006 Ours 0.108+0.038  0.114+0.057  0.100+0.050  0.013+0.038
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o Use number of objects detected at a period of time, devoted as 3y {VW(S) Vs, 9)] Camera coverage 77 18% 77 279, 75 00% R0.56% 97 229
object gain (OG) OG(t) = O(t) — O(t — At) s€S LiDAR coverage 91.67% 88.89% 91.67% 88.89% 100%
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e Intrinsic rewards:

o Camera visual coverage map point gain (CG) CG(t) = C(t) — C(t — At)
o Lidar frontier map point gain (LG) LG(t) = L(t) — L(t — At)
e Final reward R(t) =aCG(t)+bLG(t) + cOG(1)

Temporal-Difference (TD) Online Adaptation:

0 =0 +n|R(t) + 7V (6(st+1),8) — V(6(s:),8) | VeV (6(s0),6)

_ Major takeaways: « We propose an offline MC pre-training and TD online adaptation method to learn value function for robot exploration
=60+ _BV(cb(St), 0) — V(4 (st), 9)] VoV (4(st),0) | * The proposed method outperforms other OPE baselines ¢ Real robot testings show certain advantages over frontier-based baseline
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