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Fig. 7. Predicted link flow distribution using different models.
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Table 3

Computation time for feature engineering (FE), model optimization (MO), and path generation (PG) of different models. The results are averaged over 5-fold
cross validation.

Models 100 training trips 1000 training trips 10000 training trips
FE(s) MO(s) PG(s) FE(s) MOC(s) PG(s) FE(s) MO(s) PG(s)
Path-based PSL 28.8 0.3 1370.5 277.8 1.8 1370.5 3166.7 12.6 1370.4
DNN-PSL 28.8 0.8 1370.4 277.8 5.7 1370.4 3166.7 42.3 1370.4
Recursive logit 0.0 22.2 4.0 0.0 44.4 4.0 0.0 238.8 4.1
. RCM-BC 3840.0 124.8 1.7 3840.0 1174.1 1.6 3840.0 11487.4 1.6
Link-based

RCM-GAIL 3840.0 6112.8 1.7 3840.0 9305.3 1.6 3840.0 18270.9 1.6
3840.0 5990.4 1.6 3840.0 8962.5 1.5 3840.0 18307.0 1.5
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3.2. Route choice as an inverse reinforcement learning problem

Recall that IRL for route choice modeling seeks to infer the reward function R(s,a | ¢) given a set of observed trajectories
X = {xy,x,,...,xy} that are assumed to be drawn from an optimal policy z*(a | s,c). Note that each observed trajectory is a
sequence of station-action pairs with a certain context. Let us denote the ith trajectory as x; = {(s(li), a(li)), (s(zi), a(zi)), e (S%)’ af}i)) | c@},
where (sgi), agi)) is the rth state-action pair of x;, ¢V the context, and T, the length of the trajectory.

In large road networks, there are many possible combinations of (s,a,c), making it difficult to obtain a robust estimate of
R(s,a | ¢). A common solution is to approximate it with a parameterized reward function R,(s,a | c¢), where @ is the function
parameters to be learned. The specific function approximation can take many different forms, among which DNNs are generally
more flexible and adept in dealing with high-dimensional features. As the total reward of a whole trajectory x; is simply the sum

of the discounted rewards for each state-action pair in the trajectory, the parameterized reward function can be expressed as
T;
Ry(x) = ) ¥'Ry(s,a | ¢®). ¢))
=1

While the underlying policy that generates the observed trajectories is assumed to be “optimal”, actual routing behavior may be
suboptimal and vary across individuals. Even for the same OD pair, different travelers may choose different routes. To address this
issue, the principle of maximum entropy is adopted to handle behavioral suboptimality as well as stochasticity by operating on the
distribution over possible trajectories. Following the MaxEntIRL formulation (Ziebart et al., 2008), the probability of observing any
given trajectory x is proportional to the exponential of its cumulative reward:

Py(x) = %exp(Rg(x)), (2

where the partition function Z is the integral of R,(x) over all possible trajectories. Therefore, we can frame the IRL problem as
solving the maximum likelihood problem based on the observed trajectories:

N

m;tx Z log(Pg(xi)). 3)

i=1
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« A deep inverse reinforcement learning approach to route choice modeling with context-dependent rewards,
Zhan Zhao, Yuebing Liang, 2023
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