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Fig. 1: Physical settings of a car-following scenario. (a) Pooled B-IDM
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Fig. 3: Probabilistic graphical models of B-IDM and MA-IDM.
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Fig. 2: The residual trends of the calibrated IDM have strong serial correlations.
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» We develop a novel Bayesian calibration approach to learn unbiased parame- B _ o | | | |
ters and their full posterior distribution. We introduce GP to characterize the % : Fig. 5: Thg deterministic (top) and stoc.:h.astlc (bottom) simulation result§ of a truc.k driver.
autocorrelation in residuals. This approach is applied to calibrate IDM, and % /\ L The black lines are the ground truth driving data; The yellow and fuchsia dotted lines are

’ LB » S~ the predicted motion states with the expectations of parameter posteriors; The red and blue
shapes the form of the memory-augmented IDM (MA-IDM). | | ) co 9 @D) \ lines are the predicted motion states with the parameter samples drawn from posteriors.
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» We introduce an unbiased stochastic simulator, which is inspired by the corre- : : . 10 tlme 9 40 o0 60
sponding generative process of our Bayesian calibration approach. As a result, (&) Hierarchical B-IDM posteriors. (b) Hierarchical MA-IDM posteriors.
the simulator can produce more realistic results than those with homogeneous Fig. 4: The posterior distributions and the correlation matrices of the parameters of a truck Fig. 6: The time-space diagram of the follower’s posterior trajectories at the point view of
parameters or random parameters. driver in the hierarchical B-IDM and MA-IDM. another ‘observing’ vehicle with a constant mean speed.
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