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Calculate 8 (SLI) by PCA
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Algorithm 1 Imitation Learning with Syn- @ 24 .
ergy Level Index (SLI) g 0 & ’
1: Input: Dataset D with trajectories 7; = = Q

E o F '
{s1,0a1,82,a2,...,s7,ar} 2 & :
2: Output: Policy 7(als, 5) 4
3: procedure CALCULATE SLI ‘ ‘ ‘ — T
0 02 04 06 08 1
4: for each trajectory 7; in D do Rewards Sum 104
5: Extract actions a; from 7; Fie. 4: Half Cheetah
ig. 4: Ha eeta
6: Perform PCA on a; to get synergy &
W and coefficients C
T Compute SLIz = % Zz]\il RZQ where walker2d-medium-expert-v2
2 _ X —XI13
R =1- 1wl 4
8: end for

9: end procedure

10: procedure BEHAVIOR CLONING WITH
SLI

11: Normalize SLI to get 8

12: Learn policy w(als, ) by minimizing

T T T T T
E(s p.ay~p|—logm(als, B)] 1,000 2,00(;{ 3,300S 4,000 5,000
ewards sum

Synergy Level 3

13: end procedure
14: Return: Policy 7(als, ) Fig. 5: Walker2d
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B8 3 2 1 0 -1 -2 -3
Score || 1450 6835 9952 5484 4940 4908 4824

Table 1: Half Cheetah

B8 3 2 1 0 -1 -2 -3
Score || 4981 4579 3917 3667 2906 3351 2835

Table 2: Walker2d

Ié] 3 2 1 0 -1 -2 -3
Score || 1570 1629 1427 1750 3382 3468 3154

Table 3: Hopper
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