CIRL: Controllable Imitative
Reinforcement Learning
for Vision-based Self-driving
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Fig. 5. Illustrated observations of four different tasks in the bird view.
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Training conditions  New town New weather New town/weather

Task|VIPIL RL CIRL |MP IL RL CIRL|MP IL RL CIRL|MP IL RL CIRL

Straight [98 9589 98 (92 9774 100 (10098 86 100 |50 80 68 98
Oneturn |82 8934 97 |61 5912 71 [95 9016 94 |50 48 20 82
Navigation |80 86 14 93 |24 40 3 53 (9484 2 86 (4744 6 68
Nav. dynamic| 77 83 7 82 |24 38 2 41 |89 82 2 80 |44 42 4 62
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Training conditions ~ New town New weather New town/weather
MP IL|RL| CIRL |MP IL|RL|CIRL|{MP IL|RL|CIRL|MP IL|RL| CIRL
Straight |98 95/89| 98 (92 97|74 100 {10098/ 86| 100 | 50 80/ 68| 98
One turn |82 89|34, 97 |61 5912 71 {95 90 16| 94 |50 48/20| 82
Navigation |80 86/14| 93 24 40/ 3 | 53 |94 84| 2| 86 (47 44/ 6| 68
Nav. dynamic| 77 83 7 | 82 24 38| 2 | 41 |89 82/ 2 | 80 [44 42/ 4 | 62
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Fig.7. Visualization comparisons between the imitation learning baseline [15] and our CIRL
model. We illustrate some driving cases for straight and one-turn tasks, and show the IL baseline
fails with some types of infractions (e.g. collision with static object, more than 30% overlap with
Sidewalk, in opposite lane) while our CIRL successfully completes the goal-oriented tasks. For
each case, two consecutive frames are shown.
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Training conditions ~ New town New weather New town/weather
MP IL RL CIRL |[MP IL RL CIRL|MP IL RL CIRL|MP IL RL CIRL
Straight |98 9589 98 (92 9774 100 (10098 86 100 |50 80 68 98
Oneturn (82 8934 97 |61 5912 71 |95 90 16 94 |50 48 20 82
Navigation (80 86 14 93 2440 3 53 (9484 2 86 |4744 6 68

Nav. dynamic| 77 83 7 82 |24 38 2 41 |89 82 2 &80 |44 42 4 62
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Task Training conditions  New town New weather New town/weather

MP IL RL CIRL [MP IL RL CIRL|MP IL RL CIRL|MP IL RL CIRL
Straight |98 95 89 98 92 97 74 100 (10098 86 100 |50 80 68 98
Oneturn |82 8934 97 [615912 71 |959016 94 |50 48 20 82
Navigation |80 86 14 93 |24 40 3 53 19484 2 86 (4744 6 68
Nav. dynamic| 77 83 7 82 |24 38 2 41 |89 82 2 80 |44 42 4 62

Table 2. The percentage (%) of successfully completed episodes of our CIRL on four new settings
for further evaluating generalization.

Task New town/path2 New town/weather2 New path New weather2
Navigation 50 58 95 87
Nav. dynamic 38 47 87 86

Table 3. The percentage (%) of successfully completed episodes of our CIRL under different

weather conditions for the navigation tasks in training town and new town.

Navigation task |CloudyNoon [MidRainyNoon |CloudySunset | WetCloudySunset | HardRainSunset
CIRL (Town 1) 92 96 96 64 56
CIRL (New Town) 95 52 85 90 5
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Table 5. Results on comma.ai dataset in terms of mean absolute error (MAE).

Model PilotNet [8]|CIRL (CARLA)|CIRL from scrach|CIRL finetuning
Steer-angle MAE| 1208 | 2939 | 1.186 | 1.168
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