Learning Generalizable Agents via Saliency-Guided

Features Decorrelation



The different between training tasks and testing tasks

« Two types of variations

« Task-irrelevant features: background noises

« Task-relevant features: robot configurations
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Experimental settings

cheetah
* The visualizations of _
background noises finger
walker
Training environments An testing environment
with different background with unseen robot parameters
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robot configurations

Training environments An testing environment
with different robot parameters with unseen robot parameters



Experimental results
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features
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Tasks SGFD TED AMBS SGQN DBC DR
walker-walk | 959.1+263 871.5+606 926.7+532 815.14539 8009+414 7T12.4+0937
cheetah-run | §99.6+ 472 3544.7+220 3517.7+734 33284551 312.1+203 340.0+ 44.0
finger-spin 965.7+459 932.1+710 925.1+505 943.3+462 663.7+687 860.8+42.1
walker-run 420.7+39.2 387.8+271 398.7+320 317.2+345 3324+371 231.3+89
finger-turn 984.3+ 115 963.9+945 966.7+370 971.3+260 931.2+416 947.2+217
Total 3929.5 3700.0 37349 3379.7 3040.3 3091.7
Tasks SGFD TED AMBS SGQN DBC DR
S | MT-walker-walk | 549.4+ 425 4719+ 183 532.5+817 287.1+345 245.7+474 34384706
E MT-cheetah-run | 395.9+352 367.84422 298.6+535 225.7+409 191.7+235 2163+ 33.1
2 | MT-finger-spin 2341+ 119 201.7+179 161.3+173 13574169 221.64+215 207.14+28.2
3 | MT-walker-run 1703+ 057 12564+ 132 161.4+067 1263+186 972+190 1603+ 16.6
= | MT-finger-turn 923.7+261 7489+ 443 821.8+523 786.6+656 358.5+839 T704.7+70.1
Total 2273.4 1910.6 1975.6 1561.4 1114.7 1632.2
5 | MT-walker-walk | 541.7+ 654 3659+ 177 467.5+917 271.2+754 229.84899 307.8+58.9
E MT-cheetah-run | 392.3+ 321 3119+ 527 270.2+355 167.24+39.1 174.0+451 196.64+ 498
2 | MT-finger-spin 2318+ 115 1997+ 180 160.2+176 1356+ 113 22144430 197.1+215
£ | MT-walker-run 170.0+ 072 126.7+ 132 156.2+075 1189+182 89.7+197 1569+ 12.7
& | MT-finger-turn 917.3+ 226 743.6+583 803.5+574 653.3+566 335.64+565 611.7+536
Total 2253.1 1747.8 1857.6 1346.2 1050.5 1470.1




Visualization of the weighted data
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Limitations

« SGFD relies on stacking consecutive frames to approximate a fully observable condition

« SGFD relies on a powerful encoder model to extract the features from the high-
dimensional images

Future work

« How to generalize quickly when changing features cannot be directly observed (partially
observable)?

« Can feature decorrelation assist encoder training?



Thanks for your listening

Email: huangsl21@mails.jlu.edu.cn
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