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Learning Robust Control Policies for End-to-End
Autonomous Driving From Data-Driven Simulation

Alexander Amini
Rohan Banerjee

Abstract—In this work, we present a data-driven simulation
and training engine capable of learning end-to-end autonomous
vehicle control policies using only sparse rewards. By leveraging
real, human-collected trajectories through an environment, we
render novel training data that allows virtual agents to drive along
a continuum of new local trajectories consistent with the road
appearance and semantics, each with a different view of the scene.
We demonstrate the ability of policies learned within our simulator
to generalize to and navigate in previously unseen real-world roads,
without access to any human control labels during training. Our
results validate the learned policy onboard a full-scale autonomous
vehicle, including in previously un-encountered scenarios, such as
new roads and novel, complex, near-crash situations. Our methods
are scalable, leverage reinforcement learning, and apply broadly
to situations requiring effective perception and robust operation in
the physical world.

Index Terms—Deep learning in robotics and automation,
autonomous agents, real world reinforcement learning, data-driven
simulation.

1. INTRODUCTION

ND-TO-END (i.e., perception-to-control) trained neu-
E ral networks for autonomous vehicles have shown great
promise for lane stable driving [1]-[3]. However, they lack
methods to learn robust models at scale and require vast amounts
of training data that are time consuming and expensive to collect.
Learned end-to-end driving policies and modular perception
components in a driving pipeline require capturing training
data from all necessary edge cases, such as recovery from
off-orientation positions or even near collisions. This is not
only prohibitively expensive, but also potentially dangerous [4].
Training and evaluating robotic controllers in simulation [5]—[7]
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Fig. 1. Training and deployment of policies from data-driven simulation:
From a single human collected trajectory our data-driven simulator (VISTA)
synthesizes a space of new possible trajectories for learning virtual agent control
policies (A). Preserving photorealism of the real world allows the virtual agent
to move beyond imitation learning and instead explore the space using rein-
forcement learning with only sparse rewards. Learned policies not only transfer
directly to the real world (B), but also outperform state-of-the-art end-to-end
methods trained using imitation learning.

has emerged as a potential solution to the need for more data
and increased robustness to novel situations, while also avoiding
the time, cost, and safety issues of current methods. However,
transferring policies learned in simulation into the real-world
still remains an open research challenge. In this letter, we
present an end-to-end simulation and training engine capable of
training real-world reinforcement learning (RL) agents entirely
in simulation, without any prior knowledge of human driving
or post-training fine-tuning. We demonstrate trained models
can then be deployed directly in the real world, on roads and
environments not encountered in training. Our engine, termed
VISTA: Virtual Image Synthesis and Transformation for Au-
tonomy, synthesizes a continuum of driving trajectories that
are photorealistic and semantically faithful to their respective
real world driving conditions (Fig. 1), from a small dataset of
human collected driving trajectories. VISTA allows a virtual
agent to not only observe a stream of sensory data from stable
driving (i.e., human collected driving data), but also from a
simulated band of new observations from off-orientations on
the road. Given visual observations of the environment (i.e.,
camera images), our system learns a lane-stable control policy
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over a wide variety of different road and environment types, as
opposed to current end-to-end systems [2], [3], [8], [9] which
only imitate human behavior. This is a major advancement as
there does not currently exist a scalable method for training
autonomous vehicle control policies that go beyond imitation
learning and can generalize to and navigate in previously unseen
road and complex, near-crash situations.

By synthesizing training data for a broad range of vehicle
positions and orientations from real driving data, the engine is
capable of generating a continuum of novel trajectories con-
sistent with that road and learning policies that transfer to
other roads. This variety ensures agent policies learned in our
simulator benefit from autonomous exploration of the feasible
driving space, including scenarios in which the agent can recover
from near-crash off-orientation positions. Such positions are
a common edge-case in autonomous driving and are difficult
and dangerous to collect training data for in the real-world. We
experimentally validate that, by experiencing such edge cases
within our synthesized environment during training, these agents
exhibit greater robustness in the real-world and recover approx-
imately two times more frequently compared to state-of-the-art
imitation learning algorithms.

In summary, the key contributions of this letter can be sum-
marized as:

1) VISTA, a photorealistic, scalable, data-driven simulator
for synthesizing a continuum of new perceptual inputs lo-
cally around an existing dataset of stable human collected
driving data;

2) An end-to-end learning pipeline for training autonomous
lane-stable controllers using only visual inputs and sparse
reward signals, without explicit supervision using ground
truth human control labels; and

3) Experimental validation that agents trained in VISTA can
be deployed directly in the real-world and achieve more
robust recovery compared to previous state-of-the-art im-
itation learning models.

To the best of our knowledge, this work is the first published
report of a full-scale autonomous vehicle trained entirely in
simulation using only reinforcement learning, that is capable of
being deployed onto real roads and recovering from complex,
near crash driving scenarios.

II. RELATED WORK

Training agents in simulation capable of robust generalization
when deployed in the real world is a long-standing goal in many
areas of robotics [9]-[12]. Several works have demonstrated
transferable policy learning using domain randomization [13]
or stochastic augmentation techniques [14] on smaller mobile
robots. In autonomous driving, end-to-end trained controllers
learn from raw perception data, as opposed to maps [15] or other
object representations [16]-[18]. Previous works have explored
learning with expert information for lane following [1], [2], [19],
[20], full point-to-point navigation [3], [8], [21], and shared
human-robot control [22], [23], as well as in the context of RL
by allowing the vehicle to repeatedly drive off the road [4]. How-
ever, when trained using state-of-the-art model-based simulation
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engines, these techniques are unable to be directly deployed in
real-world driving conditions.

Performing style transformation, such as adding realistic tex-
tures to synthetic images with deep generative models, has been
used to deploy learned policies from model-based simulation
engines into the real world [9], [24]. While these approaches can
successfully transfer low-level details such as textures or sen-
sory noise, these approaches are unable to transfer higher-level
semantic complexities (such as vehicle or pedestrian behaviors)
present in the real-world that are also required to train robust
autonomous controllers. Data-driven engines like Gibson [25]
and FlightGoggles [26] render photorealistic environments us-
ing photogrammetry, but such closed-world models are not
scalable to the vast exploration space of all roads and driving
scenarios needed to train for real world autonomous driving.
Other simulators [27] face scalability constraints as they require
ground truth semantic segmentation and depth from expensive
LIDAR sensors during collection.

The novelty of our approach is in leveraging sparsely-sampled
trajectories from human drivers to synthesize training data suf-
ficient for learning end-to-end RL policies robust enough to
transfer to previously unseen real-world roads and to recover
from complex, near crash scenarios.

III. DATA-DRIVEN SIMULATION

Simulation engines for training robust, end-to-end au-
tonomous vehicle controllers must address the challenges of
photorealism, real-world semantic complexities, and scalable
exploration of control options, while avoiding the fragility
of imitation learning and preventing unsafe conditions during
data collection, evaluation, and deployment. Our data-driven
simulator, VISTA, synthesizes photorealistic and semantically
accurate local viewpoints as a virtual agent moves through
the environment (Fig. 2). VISTA uses a repository of sparsely
sampled trajectories collected by human drivers. For each tra-
jectory through a road environment, VISTA synthesizes views
that allow virtual agents to drive along an infinity of new local
trajectories consistent with the road appearance and semantics,
each with a different view of the scene.

Upon receiving an observation of the environment at time
t, the agent commands a desired steering curvature, x;, and
velocity, v; to execute at that instant until the next observation.
We denote the time difference between consecutive observations
as At. VISTA maintains an internal state of each agent’s posi-
tion, (¢, y:), and angular orientation, 6;, in a global reference
frame. The goal is to compute the new state of the agent at time,
t + At, after receiving the commanded steering curvature and
velocity. First, VISTA computes the changes in state since the
last timestep,

Af = |’Ut . At| * K,
Az = (1 —cos (AF)) /Ky,
Aj = sin (A0) /kq. (1)

VISTA updates the global state, taking into account the change
in the agent’s orientation, by applying a 2D rotational matrix
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Fig. 2.

Simulating novel viewpoints for learning: Schematic of an autonomous agent’s interaction with the data-driven simulator (A). At time step, ¢, the agent

receives an observation of the environment and commands an action to execute. Motion is simulated in VISTA and compared to the human’s estimated motion in
the real world (B). A new observation is then simulated by transforming a 3D representation of the scene into the virtual agent’s viewpoint (C).

before updating the position in the global frame,

Orrar = 0 + A0,

A
Ay

T — Sin(6t+At)

cos(0r4at)

COS(9t+At)
sin(@HAt)

Tt At

Yt+At Yt

@)

This process is repeated for both the virtual agent who is navi-
gating the environment and the replayed version of the human
who drove through the environment in the real world. Now
in a common coordinate frame, VISTA computes the relative
displacement by subtracting the two state vectors. Thus, VISTA
maintains estimates of the lateral, longitudinal, and angular
perturbations of the virtual agent with respect to the closest
human state at all times (cf. Fig. 2B).

VISTA is scalable as it does not require storing and operating
on 3D reconstructions of entire environments or cities. Instead,
it considers only the observation collected nearest to the virtual
agent’s current state. Simulating virtual agents over real road
networks spanning thousands of kilometers requires several
hundred gigabytes of monocular camera data. Fig. 2C presents
view synthesis samples. From the single closest monocular

image, a depth map is estimated using a convolutional neural
network using self-supervision of stereo cameras [28]. Using
the estimated depth map and camera intrinsics, our algorithm
projects from the sensor frame into the 3D world frame. After
applying a coordinate transformation to account for the relative
transformation between virtual agent and human, the algorithm
projects back into the sensor frame of the vehicle and returns
the result to the agent as its next observation. To allow some
movement of the virtual agent within the VISTA environment,
we project images back into a smaller field-of-view than the
collected data (which starts at 120°). Missing pixels are in-
painted using a bilinear sampler, although we acknowledge more
photorealistic, data-driven approaches [29] that could also be
used. VISTA is capable of simulating different local rotations
(£15°) of the agent as well as both lateral and longitudinal
translations (£1.5 m) along the road. As the free lateral space
of a vehicle within its lane is typically less than 1 m, VISTA
can simulate beyond the bounds of lane-stable driving. Note
that while we focus on data-driven simulation for lane-stable
driving in this work, the presented approach is also applica-
ble to end-to-end navigation [3] learning by stitching together
collected trajectories to learn through arbitrary intersection
configurations.
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A. End-to-End Learning

All controllers presented in this letter are learned end-to-end,
directly from raw image pixels to actuation. We considered
controllers that act based on their current perception without
memory or recurrence built in, as suggested in [2], [16]. Features
are extracted from the image using a series of convolutional
layers into a lower dimensional feature space, and then through
a set of fully connected layers to learn the final control actuation
commands. Since all layers are fully differentiable, the model
was optimized entirely end-to-end. As in previous work [2], [3],
we learn lateral control by predicting the desired curvature of
motion. Note that curvature is equal to the inverse turning radius
[m~'] and can be converted to steering angle at inference time
using a bike model [30], assuming minimal slip.

Formally, given a dataset of n observed state-action pairs
(s¢, at)!_; from human driving, we aim to learn an autonomous
policy parameterized by @ which estimates G, = f(s;;0). In
supervised learning, the agent outputs a deterministic action by
minimizing the empirical error,

n
L(0) = (f(s;0) — ar)*. 3)
i=1

However, in the RL setting, the agent has no explicit feedback
of the human actuated command, a;. Instead, it receives a
reward 7, for every consecutive action that does not result in an
intervention and can evaluate the return, R;, as the discounted,
accumulated reward

~
Ry = Z Vorepn “)
k=0

where v € (0, 1] is a discounting factor. In other words, the
return that the agent receives at time ¢ is a discounted distance
traveled between ¢ and the time when the vehicle requires an
intervention. As opposed to in supervised learning, the agent op-
timizes a sfochastic policy over the space of all possible actions:
7(alst; @). Since the steering control of autonomous vehicles is
a continuous variable, we parameterize the output probability
distribution at time ¢ as a Gaussian, (i, 07). Therefore, the
policy gradient, Vg7 (al|s:; 6), of the agent can be computed
analytically:

Veor(als:; 0) = mw(alst; 0) Ve log (m(als:; 0)) 5)

Thus, the weights 6 are updating in the direction
Ve log(m(als:; @)) - Ry during training [31], [32].

We train RL agents in various simulated environments, where
they only receive rewards based on how far they can drive
without intervention. Compared to supervised learning, where
agents learn to simply imitate the behavior of the human driver,
RL in simulation allows agents to learn suitable actions which
maximize their total reward in that particular situation. Thus, the
agent has no knowledge of how the human drove in that situation.
Using only the feedback from interventions in simulation, the
agent learns to optimize its own policy and thus to drive longer
distances (Algorithm 1).

We define a learning episode in VISTA as the time the agent
starts receiving sensory observations to the moment it exits
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Fig.3. Training images from various comparison methods: Samples drawn
from the real-world, IMIT-AUG (A) and CARLA (B-C). Domain randomization
DR-AUG (C) illustrates a single location for comparison.

Algorithm 1: Policy Gradient (PG) Training in VISTA
0: Initialize @ {NN weights}

0: Initialize D < 0 {Single episode distance}
0: while D < 10 km do

0 sy < VISTA reset()

0 while VISTA .done = False do

0 a ~ 7(se; @) {Sample action}

0: s¢+1 + VISTA.step(a;) {Update state}
0

0

0

0

0

r¢ < 0.0 if VISTA.done else 1.0 {Reward}
D < VISTA episode_distance
Ry + Zgzl 'yerk {Discounted return}
0 60+n1>.]_, Vologm(as|s:;0) R; {PG Update}
creturn 0 =0

its lane boundaries. Assuming the original data was collected
at approximately the center of the lane, this corresponds to
declaring the end of an episode as when the lateral translation
of the agent exceeds £1m.

Upon traversing a road successfully, the agent is transported
to a new location in the dataset. Thus, training is not limited to
only long roads, but can also occur on multiple shorter roads.
An agent is said to sufficiently learn an environment once it
successfully drives for 10 km without interventions.

IV. BASELINES

In this subsection, we discuss the evaluated baselines. The
same input data formats (camera placement, field-of-view, and
resolution) were used for both IL and RL training. Furthermore,
model architectures for all baselines were equivalent with the
exception of only the final layer in RL.

A. Real-World: Imitation Learning

Using real-world images (Fig. 3A) and control we bench-
mark models trained with end-to-end imitation learning (IMIT-
AUG). Augmenting learning with views from synthetic side
cameras [2], [20], [33] is the standard approach to increase ro-
bustness and teach the model to recover from off-center positions
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on the roads. We employ the techniques presented in [2], [20]
to compute the recovery correction signal that should be trained
with given these augmented inputs.

B. Model-Based Simulation: Sim-to-Real

We use the CARLA simulator [34] for evaluating the perfor-
mance of end-to-end models using sim-to-real transfer learning
techniques. As opposed to our data-driven simulator, CARLA,
like many other autonomous driving simulators, is model-based.
While tremendous effort has been placed into making the
CARLA environment (Fig. 3B) as photorealistic as possible,
a simulation gap still exists. We found that end-to-end models
trained solely in CARLA were unable to transfer to the real-
world. Therefore, we evaluated the following two techniques
for bridging the sim-to-real gap in CARLA.

Domain Randomization: First, we test the effect of domain
randomization (DR) [13] on learning within CARLA. DR at-
tempts to expose the learning agent to many different random
variations of the environment, thus increasing its robustness
in the real-world. In our experiments, we randomized various
properties throughout the CARLA world (Fig. 3C), including
the sun position, weather, and hue of each of the semantic classes
(i.e. road, lanes, buildings, etc). Like IMIT-AUG we also train
CARLA DR models with viewpoint augmentation and thus,
refer to these models as DR-AUG.

Domain Adaptation: We evaluate a model that is trained with
both simulated and real images to learn shared control. Since the
latent space between the two domains is shared [9], the model
can output a control from real images during deployment even
though it was only trained with simulated control labels during
training. Again, viewpoint augmentation is used when training
our sim-to-real baseline, S2R-AUG.

C. Expert Human

A human driver (HUMAN) drives the designed route as close
to the center of the lane as possible, and is used to fairly evaluate
and compare against all other learned models.

V. RESULTS
A. Real-World Testbed

Learned controllers were deployed directly onboard a full-
scale autonomous vehicle (2015 Toyota Prius V) which we
retrofitted for full autonomous control [35]. The primary per-
ception sensor for control is a LI-AR0231-GMSL camera (120
degree field-of-view), operating at 15 Hz. Data is serialized with
h264 encoding with a resolution of 19201208. At inference time,
images are scaled down approximately 3 fold for performance.
Also onboard are inertial measurement units (IMUs), wheel
encoders, and a global positioning satellite (GPS) sensor for
evaluation as well as an NVIDIA PX2 for computing. To stan-
dardize all model trials on the test-track, a constant desired speed
of the vehicle was set at 20 kph, while the model commanded
steering.

The model’s generalization performance was evaluated on
previously unseen roads. That is, the real-world training set
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contained none of the same areas as the testing track (spanning
over 3 km) where the model was evaluated.

Agents were evaluated on all roads in the test environment.
The track presents a difficult rural test environment, as it does
not have any clearly defined road boundaries or lanes. Cracks,
where vegetation frequently grows onto the road, as well as
strong shadows cast from surrounding trees, cause classical road
detection algorithms to fail.

B. Reinforcement Learning in VISTA

In this section, we present results on learning end-to-end
control of autonomous vehicles entirely within VISTA, under
different weather conditions, times of day, and road types.
Each environment collected for this experiment consisted of,
on average, one hour of driving data from that scenario.

We started by learning end-to-end policies in different times
of day (Fig. 4A) and, as expected, found that agents learned
more quickly during the day than at night, where there was
often limited visibility of lane markers and other road cues. Next,
we considered changes in the weather conditions. Environments
were considered “rainy” when there was enough water to coat
the road sufficiently for reflections to appear or when falling
rain drops were visible in the images. Comparing dry with rainy
weather learning, we found only minor differences between
their optimization rates (Fig. 4B). This was especially surprising
considering the visibility challenges for humans due to large re-
flections from puddles as well as raindrops covering the camera
lens during driving. Finally, we evaluated different road types
by comparing learning on highways and rural roads (Fig. 4C).
Since highway driving has a tighter distribution of likely steering
control commands (i.e., the car is traveling primarily in a nearly
straight trajectory), the agent quickly learns to do well in this
environment compared to the rural roads, which often have much
sharper and more frequent turns. Additionally, many of the rural
roads in our database lacked lane markers, thus making the
beginning of learning harder since this is a key visual feature
for autonomous navigation.

In our experiments, our learned agents iteratively explore and
observe their surroundings (e.g. trees, cars, pedestrians, etc.)
from novel viewpoints. On average, the learning agent converges
to autonomously drive 10 km without crashing within 1.5 million
training iterations. Thus, when randomly placed in new locations
with similar features during training the agent is able to use its
learned policy to navigate. While demonstration of learning in
simulation is critical for development of autonomous vehicle
controllers, we also evaluate the learned policies directly on-
board our full-scale autonomous vehicle to test generalization
to the real-world.

C. Evaluation in the Real World

Next, we evaluate VISTA and baseline models deployed
in the real-world. First, we note that models trained solely in
CARLA did not transfer, and that training with data viewpoint
augmentation [2] strictly improved performance of the baselines.
Thus, we compare against baselines with augmentation.
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TABLE I
REAL-WORLD PERFORMANCE COMPARISON: EACH ROW DEPICTS A DIFFERENT PERFORMANCE METRIC EVALUATED ON OUR TEST TRACK. BOLD CELLS IN A
SINGLE ROW REPRESENT THE BEST PERFORMERS FOR THAT METRIC, WITHIN STATISTICAL SIGNIFICANCE

DR-AUG S2R-AUG IMIT-AUG VISTA HUMAN
(Tobin et al. [13]) (Bewley et al. [9]) (Bojarski et al. [2]) (Ours) (Gold Std.)
Lane # of Interventions 13.6 £ 2.62 4.33 +0.47 3.00 +0.81 0.0 0.0 0.0£0.0
Following | Dev. from mean [m] 0.26 + 0.03 0.31 + 0.06 0.30 £+ 0.04 0.29 +0.05 || 0.22+0.01
Near Crash Trans. R (+1.5m) 0.57 +0.03 0.6 £ 0.05 0.71 +0.03 1.0 £ 0.0 1.0£0.0
Recovery Trans. L (41.5m) 0.51 +0.08 0.51 4+ 0.08 0.67 4+ 0.09 0.97 +£0.03 1.0£0.0
(rate) Yaw CW (430°) 0.35 + 0.06 0.31 £0.11 0.44 £+ 0.06 0.91 £+ 0.06 1.0£0.0
Yaw CCW (—30°) 0.37 +0.03 0.33 +0.05 0.37 +0.03 0.93 £+ 0.05 1.0£0.0

Translation R.

Translation L.

Yaw CCW Yaw CW

Fig. 6. Robustness analysis: We test robustness to recover from near crash
positions, including strong translations (top) and rotations (bottom). Each model
and starting orientation is repeated at 15 locations on the test track. A recovery
is successful if the car recovers within 5 seconds.

Each model is trained 3 times and tested individually on every
road on the test track. At the end of a road, the vehicle is restarted
at the beginning of the next road segment. The test driver
intervenes when the vehicle exits its lane. The mean trajectory of
the three trials are shown in Fig. SA, with intervention locations
drawn as red points. Road boundaries are plotted in black for
scale of deviations. IMIT-AUG yielded highest performance out
of the three baselines, as it was trained directly with real-world
data from the human driver. Of the two models trained with
only CARLA control labels, S2ZR-AUG outperformed DR-AUG
requiring an intervention every 700 m compared to 220 m. Even
though S2R-AUG only saw control labels from simulation, it
received both simulated and real perception. Thus, the model
learned to effectively transfer some of the details from simulation
into the real-world images allowing it to become more stable
than purely randomizing away certain properties of the sim-
ulated environment (ie. DR-AUG). VISTA exhibited the best
performance of all the considered models and never required
any interventions throughout the trials (totaling > 10 km of
autonomous driving).

The variance across trials is visualized in Fig. 5SB—C (line color
in (B) indicates variance at that location). For each baseline, the
variance tended to spike at locations that resulted in interven-
tions, while the variance of VISTA was highest in ambiguous

situations such as approaching an intersection, or wider roads
with multiple possible correct control outputs.

We also initiated the vehicle from off-orientation positions
with significant lateral and rotational offsets to evaluate robust-
ness to recover from these near-crash scenarios. A successful
recovery is indicated if the vehicle is able to successfully ma-
neuver and drive back to the center of its lane within 5 seconds.
We observed that agents trained in VISTA were able to recover
from these off-orientation positions on real and previously un-
encountered roads, and also significantly outperformed models
trained with imitation learning on real world data (IMIT) or
in CARLA with domain transfer (DR-AUG and S2R-AUG).
On average, VISTA successfully recovered over 2x more fre-
quently than the next best, IMIT-AUG. The performance of
IMIT-AUG improved with translational offsets, but was still sig-
nificantly outperformed by VISTA models trained in simulation
by approximately 30%. All models showed greater robustness
to recovering from translations than rotations since rotations
required significantly more aggressive control to recover with
a much smaller room of error. In summary, deployment results
for all models are shown in Table I.

VI. CONCLUSION

Simulation has emerged as a potential solution for training
and evaluating autonomous systems on challenging situations
that are often difficult to collect in the real-world. However,
successfully transferring learned policies from model-based
simulation into the real-world has been a long-standing field
in robot learning. In this letter, we present VISTA, an end-
to-end data-driven simulator for training autonomous vehicles
for deployment into the real-world. VISTA supports training
agents anywhere within the feasible band of trajectories that
can be synthesized from data collected by a human driver on
a single trajectory. In the future, we will focus on not only
synthesizing perturbations to the ego-agent, but also to other
dynamic obstacles in the environment (i.e. cars, pedestrians,
etc.) [27], [36] or the environment [37].

Our experiments empirically validate the ability to train
models in VISTA using RL, and directly deploy these learned
policies on a full-scale autonomous vehicle that can then suc-
cessfully drive autonomously on real roads it has never seen
before. We demonstrate that our learned policies exhibit greater
robustness in recovery from near-crash scenarios. While we treat
lane-stable control as the problem of choice, the methods and
simulator presented here are extendable to robust learning of
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more complex policies such as point-to-point navigation [3],
object avoidance [38], and lane changes [39]. We believe our
approach represents a major step towards the direct, real world
deployment of end-to-end learning techniques for robust training
of autonomous vehicle controllers.

(1]

(2]
[3]

[4]
[3]

[6]

(7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

REFERENCES

D. A. Pomerleau, “ALVINN: An autonomous land vehicle in a
neural network,” in Proc. Adv. Neural Inf. Process. Syst. 1, 1989,
pp- 305-313.

M. Bojarski et al., “End to end learning for self-driving cars,” 2016,
arXiv:1604.07316.

A. Amini, G. Rosman, S. Karaman, and D. Rus, “Variational end-to-end
navigation and localization,” in Proc. IEEE Int. Conf. Robot. Autom., 2019,
pp. 8958-8964.

A. Kendall et al., “Learning to drive in a day,” in Proc. IEEE Int. Conf.
Robot. Autom., 2019, vol. 456 pp. 8248-8254.

A. Dosovitskiy, G. Ros, F. Codevilla, A. Lopez, and V. Koltun, “CARLA:
An open urban driving simulator,” in Proc. 1st Annu. Conf. Robot Learn.,
2017, pp. 1-16.

R. Tedrake and the Drake Development Team, “Drake: Model-based
design and verification for robotics,” 2019. [Online]. Available: https:
//drake.mit.edu

S. Shah, D. Dey, C. Lovett, and A. Kapoor, “Airsim: High-fidelity visual
and physical simulation for autonomous vehicles,” in Field and Service
Robotics. Berlin, Germany: Springer, 2018, pp. 621-635.

F. Codevilla, M. Miiller, A. Lépez, V. Koltun, and A. Dosovitskiy, “End-
to-end driving via conditional imitation learning,” in Proc. IEEE Int. Conf.
Robot. Autom., 2018, pp. 1-9.

A. Bewley et al., “Learning to drive from simulation without real world
labels,” in Proc. IEEE Int. Conf. Robot. Autom., 2019, vol. 456 pp. 4818—
4824.

M. Andrychowicz et al., “Learning dexterous in-hand manipulation,”
2018, arXiv:1808.00177.

J. Mahler et al., “Learning ambidextrous robot grasping policies,” Sci.
Robot., vol. 4, no. 26, 2019, Art. no. eaaud984.

F. Sadeghi and S. Levine, “Cad2rl: Real single-image flight without a
single real image,” 2016, arXiv:1611.04201.

J. Tobin, R. Fong, A. Ray, J. Schneider, W. Zaremba, and P. Abbeel, “Do-
main randomization for transferring deep neural networks from simulation
to the real world,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., 2017,
pp. 23-30.

J. Bruce, N. Siinderhauf, P. Mirowski, R. Hadsell, and M. Milford,
“Learning deployable navigation policies at kilometer scale from a single
traversal,” 2018, arXiv:1807.05211.

M. Bansal, A. Krizhevsky, and A. Ogale, “Chauffeurnet: Learning
to drive by imitating the best and synthesizing the worst,” 2018,
arXiv:1812.03079.

C. Chen, A. Seff, A. Kornhauser, and J. Xiao, “Deepdriving: Learning
affordance for direct perception in autonomous driving,” in Proc. IEEE
Int. Conf. Comput. Vision, 2015, pp. 2722-2730.

M. Henaff, A. Canziani, and Y. LeCun, “Model-predictive policy learn-
ing with uncertainty regularization for driving in dense traffic,” 2019,
arXiv:1901.02705.

Z.-W. Hong et al., “Virtual-to-real: Learning to control in visual semantic
segmentation,” 2018, arXiv:1802.00285.

[19]

[20]

[21]

[22]

[23]
[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]
[35]

[36]

[37]

[38]

[39]

IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 5, NO. 2, APRIL 2020

A. Amini, W. Schwarting, G. Rosman, B. Araki, S. Karaman, and D. Rus,
“Variational autoencoder for end-to-end control of autonomous driving
with novelty detection and training de-biasing,” in Proc. IEEE/RSJ Int.
Conf. Intell. Robots Syst., 2018, pp. 568-575.

M. Toromanoff, E. Wirbel, F. Wilhelm, C. Vejarano, X. Perrotton, and
F. Moutarde, “End to end vehicle lateral control using a single fisheye
camera,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., 2018, pp. 3613—
3619.

Y. Xiao, F. Codevilla, A. Gurram, O. Urfalioglu, and A. M. Lépez,
“Multimodal end-to-end autonomous driving,” 2019, arXiv:1906.03199.

A. Amini, L. Paull, T. Balch, S. Karaman, and D. Rus, “Learning steering
bounds for parallel autonomous systems,” in Proc. IEEE Int. Conf. Robot.
Autom., 2018, pp. 1-8.

A. Amini, A. Soleimany, S. Karaman, and D. Rus, “Spatial uncertainty
sampling for end-to-end control,” 2018, arXiv:1805.04829.

X.Pan, Y. You, Z. Wang, and C. Lu, “Virtual to real reinforcement learning
for autonomous driving,” 2017, arXiv preprint arXiv:1704.03952.

F. Xia, A. R. Zamir, Z.-Y. He, A. Sax, J. Malik, and S. Savarese, “Gibson
env: Real-world perception for embodied agents,” in Proc. IEEE Conf.
Comput. Vision Pattern Recognit., 2018, pp. 9068-9079.

W. Guerra, E. Tal, V. Murali, G. Ryou, and S. Karaman, “Flightgoggles:
Photorealistic sensor simulation for perception-driven robotics using pho-
togrammetry and virtual reality,” 2019, arXiv:1905.11377.

W. Li et al., “AADS: Augmented autonomous driving simulation using
data-driven algorithms,” 2019, arXiv preprint arXiv:1905.11377.

C. Godard, O. Mac Aodha, and G. J. Brostow, “Unsupervised monocular
depth estimation with left-right consistency,” in Proc. Conf. Comput. Vision
Pattern Recognit., 2017, vol. 2, no. 6, Art. no. 7.

G. Liu, F. A. Reda, K. J. Shih, T.-C. Wang, A. Tao, and B. Catanzaro,
“Image inpainting for irregular holes using partial convolutions,” in Proc.
Eur. Conf. Comput. Vision, 2018, pp. 85-100.

J. Kong, M. Pfeiffer, G. Schildbach, and F. Borrelli, “Kinematic and
dynamic vehicle models for autonomous driving control design,” in Proc.
IEEE Intell. Vehicles Symp., 2015, pp. 1094—-1099.

R. J. Williams, “Simple statistical gradient-following algorithms for con-
nectionist reinforcement learning,” Mach. Learn., vol. 8, no. 3-4, pp. 229—
256, 1992.

R. S. Sutton, D. A. McAllester, S. P. Singh, and Y. Mansour, “Policy gra-
dient methods for reinforcement learning with function approximation,”
in Proc. Adv. Neural Inf. Process. Syst., 2000, pp. 1057-1063.

A. Giusti et al., “A machine learning approach to visual perception of
forest trails for mobile robots,” IEEE Robot. Autom. Lett., vol. 1, no. 2,
pp. 661-667, Jul. 2016.

A. Dosovitskiy, G. Ros, F. Codevilla, A. Lopez, and V. Koltun, “Carla: An
open urban driving simulator,” 2017, arXiv:1711.03938.

F. Naser et al., “A parallel autonomy research platform,” in Proc. IEEE
Intell. Vehicles Symp., 2017, pp. 933-940.

P. Isola, J.-Y. Zhu, T. Zhou, and A. A. Efros, “Image-to-image translation
with conditional adversarial networks,” in Proc. IEEE Conf. Comput.
Vision Pattern Recognit., 2017, pp. 1125-1134.

M.-Y. Liu, T. Breuel, and J. Kautz, “Unsupervised image-to-image transla-
tion networks,” in Proc. Adv. Neural Inf. Process. Syst., 2017, pp. 700-708.
U. Muller, J. Ben, E. Cosatto, B. Flepp, and Y. L. Cun, “Off-road obstacle
avoidance through end-to-end learning,” in Proc. Adv. neural Inf. Process.
Syst., 2006, pp. 739-746.

S.-G. Jeong, J. Kim, S. Kim, and J. Min, “End-to-end learning of image
based lane-change decision,” in Proc. IEEE Intell. Vehicles Symp., 2017,
pp. 1602-1607.


https://drake.mit.edu


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


