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Introduction

e Behavioral Cloning (BC)
 Imitation Learning (IL) as a supervised learning problem.

* (+) Simple. No need of environment interaction.

* (-) The causal confusion problem:
BC policy may find a “lazy way” to only focus on the noticeable effect of the action,

but ignore the cause when it is subtle or complicated.

E.g., BC policy fails when the score is present in the training states.
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Introduction

* Possible solutions:
a. Observational causal discovery:
* Requires tabular/structured data, not suitable for sensory data like images.

b. Interventional causal discovery [de Haan’19]:
* Disentangled representation learned using beta-VAE.
* Requires expert/environment interaction to infer the causal graph.
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[de Haan’19] de Haan, Pim, Jayaraman, Dinesh, and Levine, Sergey. Causal confusion in imitation learning. In Advances in Neural Information Processing Systems, 2019.
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Method: Main Idea

* Why BC fails, exactly?

BC policy focused region often collapses onto a small region, usually the most
noticeable effect.

BC policy
focused region

* Main idea:

Encourage the policy to uniformly attend to all semantic objects in the image.



Method: OREO

* OREO: Object-aware REgularizatiOn
a. Extract semantic objects in an image:
Leverage the discrete code of VQ-VAE [v.d. Oord’17].
NN B .

* The latent vector itself still keeps spacial information,
* but similar discrete code values mark similar semantic objects.

[v.d. Oord’17] van den Oord, A., Vinyals, O., & Kavukcuoglu, K. Neural discrete representation learning. In Advances in Neural Information Processing Systems, 2017.
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Method: OREO

* OREO: Object-aware REgularizatiOn
b. Enforcing attendance to all semantic objects:
Randomly masking out an object, i.e. units that share the same discrete code.
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interaction-free version \a direct causal method

. rd

EX p e rl m e n tS Environment BC Dropout DropBlock  Cutout RandomShift CCILT CRLR  OREO
Alien 954.1  1003.8 926.4 973.3 806.5 8200 825  1056.2

. Amidar 95.8 89.4 110.1 118.7 98.0 74.9 120 105.7

 Confounded Atari  Assault 793.8 8204 815.0 687.6 828.9 683.3 0.0 840.9
: Asterix 2022 3138 345.4 212.4 135.5 6432  650.0  180.8
Environments BankHeist 4421 4857 508.4 486.1 367.2 6535 00 4939
[de Haan’19] BattleZone 119212 124575 120250  11107.5 9180.0 6370.0  1468.8  12700.0

Boxing 18.8 20.3 322 20.5 38.3 348  -430 364

Breakout 5.7 5.4 4.8 1.0 2.0 0.5 0.0 4.2

- ' ChopperCommand 8742 9214 919.4 1016.1 936.4 760.6  1077.2 9774
CrazyClimber 453729 39501.6 383456 445232 419240 226168 1125 555234

DemonAttack 1572 180.5 167.8 173.1 241.8 171.3 0.0 224.5

Enduro 2414 2504 341.8 119.6 316.4 143.1 3.9 522.8

Freeway 32.3 32.4 327 32.5 33.0 33.1 21.4 32.7

Frostbite 1163 1245 128.2 139.4 121.6 533 80.0 1299

Gopher 1713.9  1819.1 18182 14810 1995.0 14045 00  2515.0
Hero 11923.1 141097 147114 148966 128160  6567.8 3462  15219.8

_____ e, Jamesbond 4190 4510 4738 381.8 428.4 387.2 0.0 502.8
: : Kangaroo 27815 29129  3217.1 28240 1923.9 16705 1228  3700.2

| Previous action as a | Krull 36343 38921 38321 36564 37887 30908 0.1  405L6
; hoticeable effect : KungFuMaster 15074.8 144521  15753.0 114056 133899 133949 0.0  18065.6
MsPacman 1432.9  1733.1 14464 17110 1223.5 1084.2 1053  1898.4

Pong 3.2 10.2 11.5 6.8 -0.1 2.7 210 142

PrivateEye 2681.8  2599.1 27206  2670.6 3969.2 3053 -1000.0  3124.9

Qbert 54384  6469.0 61403 57486 3921.4 5138.0 1250  6966.4
RoadRunner 18381.5 214709 222654  12417.1  16210.0  11834.1 10229 24644.2

Seaquest 4544 4713 486.8 330.1 1016.8 2712 1725 753.1

UpNDown 4221.1 41471 4789.2  4159.6 3880.2 2631.1  20.0  4577.9

Median HNS 44.1%  47.4% 49.8%  42.0% 47.6% 36.2%  -1.5%  51.2%

Mean HNS 73.2% 79.0% 91.7% 69.5% 88.1% T1.7%  -459%  105.6%




interaction-free version \a direct causal method

. rd
E X p e rl m e n tS Environment BC Dropout DropBlock  Cutout RandomShift CCILT CRLR  OREO
Alien 9865  1117.2 1094.8 1104.4 863.5 10504 1000  1222.2
o , Amidar 90.8 81.6 1135 125.0 78.2 78.6 120 1305
* Original Atari Assault 816.8  901.1 829.9 694.1 848.7 755.5 0.0 905.2
' Asterix 2490  176.6 2522 195.0 99.1 3141 5925 2125
Environments BankHeist 390.0  476.6 4712 4425 354.8 606.1 0.0 448 4
BattleZone 10933.8 116212  12067.5  10641.2 8748.8 111912 5615.0 11703.8
Boxing 21.8 25.7 32.1 212 35.8 342 -43.0 39.9
Breakout 6.4 2.9 6.0 3] 4.4 2.1 0.0 5.4
ChopperCommand ~ 1163.0  1162.0 1161.8 1183.9 1026.2 10272 10702 12829
CrazyClimber 541422 549654  55854.0 474564 604659 390152 8855  69380.1
DemonAttack 2388  359.3 2256 217.8 294.8 1946 227 0.0
Enduro 2262 3046 359.1 132.9 2822 182.8 0.8 514.4
Freeway 323 32.6 32.6 32.8 33.0 33.1 214 32.9
Frostbite 153.6 1492 165.7 135.2 133.2 96.7 78.1 152.7
Gopher 18744 22204 20405 1588.2 1456.2 1301.9 00  2903.9
Hero 151004 159944  17058.6  15971.8 148672  17487.6 0.0 163703
__________ ; Jamesbond 4476 4923 481.9 418.9 452.1 460.4 0.0 527.9
: I Kangaroo 3162.8 28604  3638.6 32426 2202.1 2938.1 00 36029
Naturally ex's,t'ng : Krull 44479 47647 45265 42706 4611.6 4247.1 00 46336
, causal confusion : KungFuMaster 12900.6 149945 148190  9956.9 11698.0 128769 00  16955.5
---------- MsPacman 1921.9 20226 21517 1949.7 1046.3 1160.6 700  2263.8
Pong 37 10.0 11.6 7.8 0.8 198 -21.0 12.5
PrivateEye 30354 33963  3057.6 30922 3578.9 10164  -1000.0 3162.6
Qbert 59254  6363.1 59043  6174.8 4100.1 50563 1250 57634
RoadRunner 18010.1 20137.8 225225 126989 156154 189852 1528.6 27303.9
Seaquest 5275 6444 622.3 376.6 948.0 4024 1698  921.0
UpNDown 3782.1 35043 38864 36759 3500.4 30623 200  4186.8
Median HNS 46.7%  53.3% 47.7% 42.9% 47.3% 368%  -15%  53.6%

Mean HNS 82.0% 91.5% 99.0% 75.0% 91.7% 854%  -45.4% 114.9%




Experiments

* Visualization
* OREO attends to more relevant objects, even in the original environment.

Confounded Original
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Experiments

* Sensitivity analysis
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Experiments

* Ablation study

* The gain comes from the object-aware dropout design, but not naively leveraging VQ-VAE.

Environment BC VQ-VAE + BC VQ-VAE + Dropout VQ-VAE + DropBlock OREO
BankHeist 442.1+ 207 358.84 25.8 491.1+ 289 488.04 49.7 493.9+ 176
Enduro 241.44 284 154.64 107 57.1+ 126 111.24 164 522.84+ 29.1
KungFuMaster  15074.84 2755  11055.14 86722 13323.0+£ 1390.0 14861.1+ 15615 18065.6+ 14115
Pong 3.2+ 07 3.6+ 18 10.4+ 038 13.6% 03 14.2-+ 04
PrivateEye 2681.8+ 270.2 2255.8+ 569.5 390.2+ 300.9 746.8-+ 527.8 3124.9+ 349.6
RoadRunner 18381.5+ 15199  5783.2+ 4036 6633.84+ 716.8 TTT71.1£ 8436 24644.2+ 2235.1
Seaquest 454.44 535 34494 352 325.6+£ 282 396.6+ 36.8 753.1-£ 63.6
UpNDown 4221.1+ 2145 2676.9+ 268.9 3310.8+ 536.2 4073.9+ 7609 4577.9+ 307.6
Median HNS 62.7% 47.9% 45.3% 53.2% 72.9%
Mean HNS 70.8% 41.3% 45.7% 53.0% 100.1%
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Experiments

* Comparison with CCIL with env. interaction
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Experiments

* Comparison with Inverse Reinforcement Learning (with env. interaction)
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Experiments

* Real-world application: the CARLA self-driving environment.

Table 3: Performance of policies trained on 150 expert demonstrations from the CARLA driving
dataset, under a weather condition of daytime. The results for each environment report the mean and
standard deviation of success rates over four runs. OREO achieves the best success rate on all tasks.

Task BC Dropout  DropBlock OREO

Straight 750417 82.0+s83  74.0+3s5  87.0+ 44
One turn 4304+ 91 59.0£33  53.0+s52  70.0+ 7.2
Navigation 169+ 76 304+ 107 21.7+92  35.7+ 102

Navigation w/ dynamic obstacles 18.04+ 45 26.0% 60 19.0£52  30.0+ 45
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https://arxiv.org/abs/2110.14118
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