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Abstract

So-called implicit behavioral cloning with energy-based models has shown promis-
ing results in robotic manipulation tasks. We tested if the method’s advantages
carry on to controlling the steering of a real self-driving car with an end-to-end
driving model. We performed an extensive comparison of the implicit behavioral
cloning approach with explicit baseline approaches, all sharing the same neural
network backbone architecture. Baseline explicit models were trained with regres-
sion (MAE) loss, classification loss (softmax and cross-entropy on a discretization),
or as mixture density networks (MDN). While models using the energy-based
formulation performed comparably to baseline approaches in terms of safety driver
interventions, they had a higher whiteness measure, indicating higher jerk. To
alleviate this, we show two methods that can be used to improve the smoothness of
steering. We confirmed that energy-based models handle multimodalities slightly
better than simple regression, but this did not translate to significantly better driving
ability. We argue that the steering-only road-following task has too few multi-
modalities to benefit from energy-based models. This shows that applying implicit
behavioral cloning to real-world tasks can be challenging, and further investigation
is needed to bring out the theoretical advantages of energy-based models.

1 Introduction

Implicit behavioral cloning[14] with energy-based models [22] has shown a lot of promise in robotic
manipulation tasks. The theoretical advantages of energy-based models include increased data
efficiency and the ability to model discontinuities and multimodalities in the output action distribution
[14]. Here, we set out to evaluate energy-based models for controlling the steering of a self-driving
vehicle using end-to-end driving models [27, 5]. We work with steering-only models as the usefulness
of multimodality-handling is evident in this output modality, as illustrated by the theoretical and
practical failure cases of unimodal models on Figure 1. Adding longitudinal control would complicate
the task and demand more training data while not necessarily adding more multimodal situations.

To validate the theoretical advantages empirically, we compare a simple energy-based model (EBM)
with several baseline approaches in a road-following task in the real world. The main experiments
were also repeated in the VISTA[2] simulator. The explicit baseline models are based on the same
neural network architecture as the EBM, with only the necessary modifications. They are trained
with the MAE loss, classification loss (softmax with cross-entropy), or as mixture density networks
[4] (MDN). During on-policy testing, the models controlled only the car’s steering; the location- and
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Figure 1: Left: If the experts have passed the tree from left and right with equal frequency in the
training data, behavioral cloning with a unimodal policy and no high-level navigation commands
would average the training trajectories and drive straight into the tree. Right: In practice, we have
experienced such behavior at locations where side roads enter the main road - unimodal regression
models tend to swerve slightly (the red trajectory) towards the side road. These swerves are minor
because side roads are rarely taken in our training data, and keeping straight is the dominant behavior.

direction-relevant velocity was taken from a previously recorded expert trajectory. The evaluation
was performed on a WRC 2022 Rally Estonia track designed to be challenging for humans, which
was not included in the training set.

According to the main evaluation metric, safety-driver intervention count, energy-based models
performed comparably to the baseline methods but had noticeably jerkier steering. To alleviate this,
we proposed two methods: temporal smoothing of predicted steering angles and spatially-aware soft
targets for cross-entropy loss. Still, unimodal explicit behavioral cloning performed best in terms of
safety driver interventions and jerk. We argue that the inductive bias enforced by unimodal losses
makes them more data-efficient in simpler road situations, but more data is needed to model situations
requiring true multimodalities.

The main contributions of the paper are as follows:

1. We show that controlling the steering of an autonomous vehicle with energy-based models in the
real world performs comparably to the baseline explicit behavioral cloning approaches.

2. We propose two methods that effectively reduce the steering jerk of energy-based models: temporal
smoothing of predicted steering angles and soft targets for the cross-entropy loss.

3. To our surprise, we find that energy-based models do not outperform any of the similar-architecture
explicit behavioral cloning baseline approaches in the real-world road-following task and that repre-
senting multimodalities does not translate into better driving.

2 Background

End-to-end driving End-to-end driving attempts to replace the classical modular self-driving
pipeline with a single neural network model [27]. In the purest form, an end-to-end self-driving
model takes in raw sensor data and yields actionable commands such as steering angle, throttle, and
brake values. Such models are commonly trained with behavioral cloning [26, 5] to imitate human
expert commands in the same situation.

One of the popular end-to-end driving models is NVIDIA PilotNet [5]. In our work, we use the
PilotNet network architecture as the backbone of all models because it is relatively fast to train
and sufficient for the road-following task we aimed for. We do not use conditioning on high-level
commands [8] or more complex network architectures [9] to keep the setup simple - our goal is to
compare similar-capacity implicit and explicit models, not to aim for the best performance. We use
steering angle as the network output, rather than trajectory[6, 15] or costmap[29], to be in line with
prior implicit learning work in robotics [14] where the network predicted raw actuator signal.

A significant amount of end-to-end driving research is done in simulations[10], which through
repeatability and access to the state of the world, allow benchmarking with more complex measures
of driving quality [9, 1]. However, models created in simulations cannot be deployed in the real world
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