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« BH#E (Cognitive map) [ * Place cell & Grid cell?
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770—F - WB-PGM -

WB-PGM (whole brain probabilistic generative model)
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Neuro-SERKET (neuro-symbol emergence in the robotics toolkit) !
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#FEETIL(World Model) @
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#ff - RSSM -

Recurrent State-Space Model (RSSM)!"!
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Monte Carlo localization(MCL)®!
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Gazebo/ROS simulator environment

turtlebot3 waffle pi

Sensor

RGB Camera: set at 1 m height virtually.
LiDAR: range ~ 3.5m(360)
Odometry

12 m
186 minutes of exploration data for training
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#&&R - Accuracy of Localization -

m Criteria : sHfiFBTE—F Mroot mean squared absolute error (RMSE)

rmse; = \/(.17 — 24)2 4+ (9 — y¢)2 + (cos O — cos 0;)2 + (sin 6 — sin 6;)

EPisodes MCL Model 1 Model 2
I [.26F1.083 0.2610.05 0.3/F0.04

Normal 2 1.161.01 0.224+0.05 0.26+0.03
episode 0.66+0.8 0.20+=0.02 0.41+0.05
1.6£1.33 2.11+0.66 0.55+0.06

5 1.01+1.19 1.734+0.66 0.42+0.14
Kidnapped 6 2.16+0.44 1.57+0.07 0.40+0.04
episode 7 1.574£0.33 1.574+0.19 0.31+0.02
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ﬁ% - Accuracy of Localization -
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