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ABSTRACT

Autonomous navigation is the basic ability requirement for robots to complete
many other tasks. In recent years, the emerging deep reinforcement learning provides
a solution for autonomous target navigation of robots, but the existing visual target
navigation methods based on deep reinforcement learning have some problems such
as poor cross-scene generalization ability.

In this paper, an end-to-end visual object navigation model with strong ability of
cross-scene generalization is proposed based on previous ideas. To solve the problem
of weak cross-scene generalization, this paper proposes a state representation method
combining target detection results with depth image and a reward function
representation method combining target detection results. Since the state
representation contains less scene-specific information, the combination of the state
representation and the reward function representation ensures that the model can have
strong cross-objective generalization ability as well as cross-scene generalization
ability.

In addition, the AI2THOR simulation scene is made into the Offline AI2ZTHOR
Dataset in this paper. Compared with the direct real-time rendering of AI2THOR
simulation platform, the Offline AI2THOR Dataset can greatly improve the
interaction speed and realize the cross-platform use of simulation scenes. On the basis
of this dataset, the proposed navigation model is trained and experimented.
Experimental results show that the proposed model has better navigation performance
and has improved cross-target generalization ability and cross-scene generalization

ability.

Keywords: deep reinforcement learning; visual target navigation; cross-target

generalization ability; cross-scene generalization ability
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NTERIX G IR IESS, B EFHUSCHLAS A 7 E R & BB Dy Res) . 2
RESEILE £ 500, VIS T ZMA se s A BB e /). BTl s B sy
MNETFE, SNREEAEE BN FEERE, AMIAE S AR AR
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EERSEH, RIS 5 IR % )

2015 ¢, Mnih 878 (HR) A& EAFRW N, 7Rl T —NEEIREY
B ARG AL 2 ) AR AL R Q 4% (Deep Q-Network, [ FX DQN), 7E Atari
TR 6 b R I Bk N\ KPR I, k)5, DeepMind 2 w44 54k 27 ) B
FH 21 B AL Ak, AH 4h 4 H AL Y BE 4R AlphaGol'8IFT AlphaZerol'), F4d & f1%
PR NI E ZE o IR L R DY AR P i Ak 57 21 o N A e AR I A
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T o€ 1t WS bR FE L A5 G, 4 IR B 1 € 1% SR B (Deep Deterministic Policy
Gradient, {&#% DDPG)&RIARY;  H T 9k 57 2] 159 31 1) SRS Gl 2 — D B A,
{E 2 1E SE BRI i o 77 V508 % AN 1IE—, Haarnoja £ DDPG 5572 1 3L fill I 45
BN Q S > PUEAR, HE RV A -PFIB KX LV (Soft Actor-Critic, {&#K SAC)1?2,
FHAENL R N7 BAT 55 EHUARRT: fddeamdl o ] BRAFAE I SR AN ER € v,
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$3%:(Proximal Policy Optimization, [&#K PPO)?4, 5| NARFRSR KA, 1EFKEHE
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X P AU PR BE A2 M), ARATREREE ] B 4G RGB MR H Anfar il 45 5L K]
PABAE o 30 45 AR R [R]— A (AN [ o0 ik 77 20 Seia g SRR W], FIH H
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2-1 SR M L5

2.1.2 BRMER L

LML N2 (Convolutional Neural Networks, K CNN) J& 55 —Ff i Y 11
AP N 28 . 5B 2 L ANIE], AR I 28 (1) i 2 — R B — S A
22T A N — R M e, IXMRE M X RR N AR A L
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2.2.1 A5 RBIER KIS E

s AL 7 > Ta) U R IR N — N HR B R RIS R (Morkov Decision
Process, f&i#K MDP) . @& 2-3 fiia, S/RBHRLHIEFE B R Refk. 5. RS
ERN I Ao 2, R Re AR RN 2 A I g, PABTEDER 1 & Refk LLAMY —D)
HUWES . £ DB RBIRE R, ST AT HEARE, B Reffoxt
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FPRAE R E—N 21 FPRE UL E—IZER I SIEA 5, 15 2 AT RS T K
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2He
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W TR EAPUL I . 2 IR T RS AR, BT Bt Kl
BEAT Al AR AEAG AR A A BRI 1R, (R AE s A 22 2] sk, Sl H A V e
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R TR B 7 FE T SRS ALL ) U7 V5 DA R 6 T At 4540 1) 5 kU4, 3
25 T R H ) 7 92 ) S B A P IR R e 222 IR 4 oL R b AT 905 i T SRl
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TUEHENE . ERIERAE Y, Critic 256 AT 2 FRAS, X Actor #EHU )3
PEfr tH—MER ) Q ME, XA Q MEM /i ] Actor, ft Actor X H & 15 1Eik
FERmEBEAT AL .

SRR Q EAF N R A A BB T 2. NI %, AT
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W T VAER RS 2 B EDIRES T R - T2{E, g R IE R 7
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ZHR Y WAHSAE 3.2.2 — 75 “RpheREiiit” hIEAA 4.

K 3-4 Jeon TR R N ZPIRE R e . BEE R, RRRRINALGG T
Xt B ARYIAALE DL AT 2R 7 3 SR AR B, R 58 A m] e LR R RE AR S B
FEJR ] BE PR ] H AR SE I A [R] I 1 e Sk e
B

. AL, (X1, Y1, Xa0 ¥2)
) ” - ] - . - TR, (X3, Y35 X4 V) _‘Emgﬁ‘:@ﬁj\
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