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To evaluate FLUIDS as a platform for developing au-
tonomous vehicle agents at multiple levels, we explore
learning a velocity planner from the FLUIDS predictive
velocity planner. We collect training data from rollouts of
the supervisor on cars interacting in a four-way intersection.
We study how quickly the data can be collected, how fast
the learned policy can be evaluated, and how sensitive the
learned policy is to noise.

In IL, a supervisor provides demonstrations to an agent,
and a policy mapping observed states to controls is learned.
Imitation learning has been applied for on robots for tasks
of grasping in clutter [2] and two-hand grasping [4]. For our
purposes, the states are the LIDAR view and the controls
will be the target velocity. We chose to learn this part of the
pipeline because it is the most computationally expensive for
the implemented supervisor.

We can formalize this learning as follows: denote a policy
as a measurable function π : X → V from the driver’s
view state space X to target velocities inputs V . We consider
policies πθ : X → U parameterized by some θ ∈ Θ, such as
the weights of a neural network, or the decision boundaries
in a decision tree. For our experiments we use SciKit-Learn’s
decision tree implementation.

Under the assumptions, any such policy πθ induces a
probability density over the set of trajectories of length T :

p(τ |πθ) = p(x0)

T−1∏
t=0

p(xt+1|πθ(xt),xt) ,

where a trajectory τ of length T is a sequence of state and
velocity tuples: τ = {(xt, vt)}T−1t=0

We collect demonstrations using FLUIDS’ velocity planner
πθ∗ , where θ∗ may not be contained in Θ. To reduce
the effect of errors compounding from execution, we also
inject noise in the supervisor’s velocity controller when
generating training data [3]. Demonstrations are featurized
using the quasi-LIDAR featurizer. We choose the quasi-
LIDAR representation for its lower dimensional featurization.
We collect 800 trajectories of data from the implemented
supervisor. From each trajectory, we extract data points as
state-action pairs for every vehicle in the trajectory.

We measure the difference between the learner and super-
visor using a surrogate loss l : V × V → R [6], [5]. The
surrogate loss we consider is the indicator function, since the
target velocities are discretized, l(v1, v2) = 1(v1 6= v2). The
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objective of LfD is to minimize the expected surrogate loss
under the distribution induced by the robot’s policy:

min
θ
Ep(τ |πθ)

T−1∑
t=0

l(πθ(xt), πθ∗(xt)) . (1)

However, in practice, this objective is difficult to optimize
because of the coupling between the loss and the robot’s
distribution on states. Thus, we instead minimize an upper-
bound on this objective [1] via sampling N trajectories from
the supervisor’s policy.

min
θ

N−1∑
n=0

T−1∑
t=0

l(πθ(xt,n), πθ∗(xt,n)) ; τ ∼ p(τ |πθ∗) . (2)

We evaluate the sensitivity of the learned velocity controller
to parameters in the simulator. We perform a grid search over
six parameters of the simulator:
• The number of cars in the scene, in the range [2, 5].
• The number of pedestrians in the scene, in the range

[0, 4].
• The variance, λl of quasi-LIDAR noise, in the range

[0, 1].
• The probability of omitting a sensor reading from the

quasi-LIDAR state, in the range [0, 1].
• The presence of traffic lights, [0, 1].
• The mass of the cars, in the range [0, 200].
The analysis reports that the performance of the learned

policy is very sensitive to perturbations in the number of cars
in the scene, with more cars providing a challenge and leading
to a lower success rate. The sensitivity analysis also allows
us to visualize the effect of quasi-LIDAR omissions, with our
imitation learned agent being robust to increased omission
probability until all the quasi-LIDAR observations are omitted,
after which the success rate drops drastically. Additionally,
the sensitivity analysis indicates the importance of traffic
lights, which coordinate traffic through the intersection and
prevent gridlock. Finally, the sensitivity analysis shows the
importance of car mass, with slightly different car masses
providing a model mismatch and leading to lower success
rates.
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Fig. 1: Sensitivity analysis of the imitation learner to state complexity and observation noise, performed over 256 configurations by evaluating the learned
policy on 5120 trajectories. The simulator facilitates a rapid parallel search over these configurations. For visualization we normalize all parameters between
0 and 1. We report success rate as the percentage of evaluations in which the learned policy successfully guides all vehicles to their goals. The analysis
reports that our imitation learned agent is tolerant to noisy observations, but fails when run in an environment with a large number of cars or pedestrians.
We also observe model mismatch when we alter the car mass and remove traffic lights.
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