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Plan what expert “would have likely done” to reach goal.
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Multi-Agent Planning Objective
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Conditional Forecast: Set Car 1 Goal=Ahead
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Forecasting Evaluation
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Approach Test Mo Test € Test M1 Test é Test M1 Test é
Conditional Forecast: Set Car 1 G0a|=5t0p CARLA Town02 Test 2 agents 3 agents 4 agents 5 agents
_ DESIRE 2] 1.587 + 0.020 - 2.234 4+ 0.023 - 2.422 4+ 0.017 -
PREROIIID T @ 0 4 < < < < SocialGAN 1] 0.812 + 0.013 - 1.098 + 0.014 - 1.141 + 0.015 -
R2P2-MA 3] 0.387 +0.008  0.645+0.002  0.690 +0.009  0.6214+0.002  0.770 +0.008 0.618 + 0.002
Ours: ESP, no LIDAR 0.7194+0.011 0.640 +0.002  0.919+0.011 0.650 +0.002  1.102+0.011  0.652 + 0.002
Car 3 Car 1 Goal=Stop Ours: ESP 0.385 4 0.007 0.585 4 0.002 0.509 & 0.007 0.599 -+ 0.002 0.675 + 0.007 0.630 + 0.001
nuScenes Test 2 agents 3 agents 4 agents 5 agents
9]} 0 DESIRE 2] 4.421 + 0.130 - 5.957 + 0.162 - 6.575 4 0.198 -
= SocialGAN 1] 3.033 4 0.110 - 3.484 4+ 0.129 - 3.871 4 0.148 -
A Past True Future O Forecasted Future R2P2-MA 3] 2.055+0.093 0.989+0.008  2.6954+0.100 1.020+0.011  3.311+0.166 1.050 4 0.012
— o T Ours: ESP, no LIDAR 2.240 +0.084 0.955 4+ 0.008 3.201 +0.113 1.033+0.012  3.442+0.139 1.107 +0.018
Car 1 Car 2 Car 3 Ours: ESP 1.705+0.089 1.018 £0.011  2.5474+0.095 1.053+0.015  3.266 +0.155  1.082 & 0.013
Ours: ESP+Road 1.505 + 0.070 1.016 +0.011  2.360 + 0.093 1.013 4+ 0.012 2.892 + 0.162 1.114 + 0.024

Goal-Conditioned Forecasting Evaluation

ﬂw , Data  Approach  Test mk—_1» Test n“v;"(::ll2 Test n“vf(:j12 Test rﬁf(:jlz Test rﬁf(::“lz Test n“vf(:ju

B CARLA 3 ESP 0.426 £0.013 0.204 +=0.009 0.556 +0.027 0.519 £ 0.021 — —
PRECOG 0.355 +0.012 0.052 +0.003 0.519 +0.025 0.493 + 0.020 — —

| CARLA 5 ESP 0.718 £0.012 0.340+0.011 0.7594+0.024 0.809 +0.025 0.851 £0.023 0.828 + 0.024

| PRECOG 0.640 +0.011 0.066 + 0.003 0.741 +0.024 0.790 + 0.024 0.804 + 0.022 0.801 +0.024
& ESP 1.511 +0.077 1.128 £0.061 1543 +0.118 1.862 +0.147 . —
nuScenes 3 pRECOG 1.016 + 0.062 0.121 4 0.005 1.320 + 0.105 1.606 + 0.122 _ _

Led\”ﬂ\ f uScenes 5 ESP 2.921 £0.175 1.861 £0.109 2.3694+0.188 2.812+0.188 3.201 £0.254 4.363 + 0.652

ﬁﬁ PRECOG 2.508 + 0.152 0.149 4 0.021 2.324 + 0.187 2.654 + 0.190 3.157 + 0.273 4.254 4 0.586
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