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AntRun HandReorient RollingFlat SoftJumper HandFlip FluidMove

PPO 2048.7 +36.6 59+4.9 81.2+0.1 261.5+124 73+1.1 27.34+0.2
SAC 2063.6 £ 139 705+10.2 83.0+£03 -161.8+25 46+1.1 282+0.7
TrajOpt 91554+296 -125+£20 8154+0.1 4372+17.7 273 +2.6 27.0+£0.1
APG 25874+203 -11.6££19 869+04 956.6+15.6 38.2+3.5 263 +0.3
SHAC 3621.0 £ 544 -25+18 868+04 853.3+10.2 32.7+29 21.74+04
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Figure 12: Loss surface comparison between algorithms — DFlex Ant.
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Figure 13: Loss surface comparison between algorithms — Rewarped HandFlip.
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