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Abstract
End-to-end autonomous driving systems have
demonstrated advantages over traditional modular
systems. Despite this progress, these end-to-end
systems still struggle to be deployed in real-world
driving environments, as they inevitably encounter
undertrained scenarios in which autonomous ve-
hicles may take unsafe actions. Reinforcement
Learning (RL) provides a theoretical framework for
addressing this challenge by enabling autonomous
vehicles to self-improve: continuously collecting
additional scenarios and learning from them. How-
ever, training autonomous vehicles with RL is not
straightforward in the real world. Collecting real-
world driving data involves costly interactions with
the environment, and significant human interven-
tion is required both to prevent autonomous vehi-
cles from entering unsafe states and to reset them
for subsequent episodes. In this paper, we intro-
duce a novel real-world RL algorithm that allows
autonomous vehicles to collect informative scenar-
ios and learn from them with minimal human in-
tervention. Our algorithm considers the learning
progress of autonomous vehicles to identify infor-
mative scenarios and abort episodes before they en-
ter unsafe states. To evaluate our algorithm, we
introduce challenging urban driving tasks that re-
quire autonomous vehicles to reset themselves to
initial states. The experimental results show that
our real-world RL algorithm outperforms baselines
with much less human intervention.

1 Introduction
Autonomous driving has been actively researched for
decades. Conventional autonomous driving systems typi-
cally adopt modular architectures where each module has
an independent objective. The modular systems exhibit
high interpretability and maintainability. However, they of-
ten lead to suboptimal driving performance, as modules
are optimized locally and information bottlenecks occur be-
tween them [Shao et al., 2023; Jia et al., 2023; Chen et
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al., 2024]. Recently, end-to-end autonomous driving sys-
tems have emerged as a promising approach to overcome
the drawbacks of modular systems. In contrast to modu-
lar systems, end-to-end systems are implemented as a sin-
gle differentiable and trainable model, allowing them to mit-
igate information bottlenecks and globally optimize all com-
ponents with a unified objective [Chen et al., 2024]. Many
recent works have shown that end-to-end systems signifi-
cantly outperform modular systems in diverse driving scenar-
ios [Bojarski et al., 2016; Hu et al., 2023; Jiang et al., 2023;
Tong et al., 2023; Weng et al., 2024; Liao et al., 2025;
Zhou et al., 2025].

Despite these advantages, end-to-end systems face difficul-
ties in being deployed in real-world driving environments, as
these systems unavoidably encounter undertrained scenarios
where they may make unsafe decisions. Reinforcement learn-
ing (RL) is a promising approach to address this challenge, as
it provides a theoretical framework that enables autonomous
vehicles to self-improve by continuously collecting additional
scenarios and learning from them. Several recent works have
demonstrated that leveraging RL to collect additional sce-
narios and learn from them in simulated driving environ-
ments helps reduce undertrained scenarios [Gao et al., 2025;
Huang et al., 2025]. However, deploying autonomous vehi-
cles trained in simulation to the real world is still not straight-
forward due to the fidelity gap between simulated and real-
world driving environments.

Directly training real-world autonomous vehicles with RL
is a simple approach to overcome the fidelity gap [Kendall
et al., 2019]. However, this approach has several critical
issues. First, collecting real-world driving data involves a
large number of costly interactions with the environment
[Gao et al., 2025]. Since naively or randomly collect-
ing data leads to unnecessary costs, it is crucial to iden-
tify and selectively acquire informative data. Second, repet-
itive human intervention is required during the real-world
training process [Yahya et al., 2017; Chebotar et al., 2017;
Kendall et al., 2019]. Specifically, humans must prevent au-
tonomous vehicles from entering unsafe states and reset them
for subsequent episodes. While this issue is often neglected,
such intervention severely hinders learning efficiency. Con-
sequently, it is essential to develop a method that enables au-
tonomous vehicles to gather informative transitions and learn
from them with minimal human intervention.
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In this paper, we propose a new real-world RL algorithm
for self-improving autonomous vehicles. Our algorithm iden-
tifies informative scenarios that are neither too challenging
nor too familiar for autonomous vehicles being trained. The
key idea is to estimate the expected amount of obtainable in-
formation from under-explored states for each scenario. Our
algorithm also determines when to abort episodes before au-
tonomous vehicles enter unsafe states by taking into account
their learning progress. It is based on the observation that
autonomous vehicles may not know how to avoid unsafe
states in under-explored states. Finally, our algorithm uti-
lizes rule-based autonomous driving behaviors to safely re-
turn autonomous vehicles to initial states for the subsequent
episodes. It is inspired by prior experimental results, demon-
strating that while the rule-based behaviors cannot achieve
human-like driving performance, they can perform safe and
rule-abiding behaviors in diverse driving scenarios [Noth-
durft et al., 2011; Geiger et al., 2012; Ziegler et al., 2014;
Broggi et al., 2015].

The main contribution of our work is a real-world RL algo-
rithm for self-improving autonomous vehicles that can con-
tinuously collect informative scenarios and learn from them.
To evaluate our algorithm, we introduce challenging urban
driving tasks that require autonomous vehicles to reset to ini-
tial states on their own. The experimental results demonstrate
that our real-world RL algorithm identifies informative sce-
narios and prevents autonomous vehicles from entering un-
safe states, outperforming baselines with much less human
intervention across diverse driving tasks.

2 Related Works
Many previous works have demonstrated that RL enables an
autonomous vehicle to continuously collect diverse driving
scenarios and learn from them on its own [Isele et al., 2018;
Toromanoff et al., 2020; Lee and Seo, 2024]. Isele et al.
[2018] showed that autonomous vehicles trained with RL suc-
cessfully understand and handle a variety of occluded inter-
section scenarios. Toromanoff et al. [2020] proposed an end-
to-end RL algorithm that allows autonomous vehicles to obey
traffic lights and avoid surrounding objects. While these pre-
vious works achieved appealing performance in diverse driv-
ing scenarios, they assumed that autonomous vehicles are
trained in simulated environments. Deploying autonomous
vehicles trained in simulations to the real world is still infea-
sible due to the fidelity gap between simulated and real-world
environments. We introduce a real-world RL algorithm that
enables autonomous vehicles to continuously gather diverse
driving scenarios and learn by themselves in the real world.

Directly training agents with RL in the real world has re-
ceived significant attention as it simply avoids the fidelity
gap problem [Yahya et al., 2017; Chebotar et al., 2017;
Kendall et al., 2019]. Yahya et al. [2017] and Chebotar et al.
[2017] showed that their RL algorithms enable robotic arms
to successfully open doors or hit a puck into a goal using a
hockey stick. Kendall et al. [2019] demonstrated that RL
algorithms enable real-world autonomous vehicles to learn
driving strategies for lane following. These works highlight
the feasibility of addressing real-world problems with RL, but

require repeated human intervention during their reset pro-
cesses. For example, in [Yahya et al., 2017] and [Chebotar
et al., 2017], human operators close doors or return the puck
to the front of the robotic arms between every episode. In
[Kendall et al., 2019], safety drivers take over control to re-
turn autonomous vehicles to the center of the lane whenever
they deviate from the target lane. These human interventions
significantly hinder training efficiency in the real world.

Several recent works automate their reset processes to
reduce required human interventions [Levine et al., 2018;
Zhu et al., 2019; Nagabandi et al., 2020; Zeng et al., 2020].
Levine et al. [2018] collected object grasping data by using
metal bins with sloped sides to prevent objects from wedging
into corners. They collect approximately 800,000 grasping
trials, requiring human intervention only to replace objects in
the bins. Nagabandi et al. [2020] trained a real-world robotic
hand to rotate two Baoding balls around the palm. They
automate the reset process by using a 7-DoF Franka-Emika
arm to pick up dropped balls and return them to the robotic
hand. These works demonstrated that automating the reset
process effectively reduces human intervention, leading to
better training efficiency in the real world. To the best of our
knowledge, no previous work has discussed how to automate
the reset process for training autonomous vehicles in the real
world. Our algorithm leverages rule-based autonomous driv-
ing algorithms to safely reset autonomous vehicles. Further-
more, it identifies informative scenarios and prevents them
from entering unsafe states.

3 Proposed Method
The goal of our work is to empower autonomous vehicles
with the ability to self-improve. To do so, our real-world
RL algorithm enables autonomous vehicles themselves to
continuously collect informative scenarios and learn from
them. Specifically, our algorithm learns both where to re-
turn autonomous vehicles to collect informative transitions in
the following episodes and when to abort episodes to pre-
vent them from entering unsafe states. Figure 1 provides an
overview of the training procedure of our algorithm.

3.1 Problem Formulation
We use a Markov decision process (MDP) to model an en-
vironment. MDP is defined as the tuple (S,A, P,R, ρ0, γ),
where S denotes the set of states, A denotes the set of ac-
tions, and P : S × A × S → R+ denotes the state transition
model. The function R : S ×A×S → R denotes the reward
function, which outputs a scalar feedback called a reward, r.
ρ0 : S → R+ represents the initial state distribution, and γ
represents the discount factor. Key components that represent
behaviors of an agent are the forward policy and the forward
state-action value function: The forward policy πf (a|s) maps
a state to a probability distribution over actions and the for-
ward state-action value function Qπf (s, a) represents the ex-
pected return obtained when the agent takes the action a in
the state s and follows the policy πf .

RL aims to find the optimal policy π∗
f that maximizes the

expected cumulative rewards when the state transition model
is unknown. While RL algorithms have achieved remarkable
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Figure 1: Overview of our real-world RL algorithm. The episode is aborted when the estimated state novelty is too high. After that, an
autonomous vehicle is controlled with the reset policy to return to the initial state of the next scenario without human intervention. The next
scenario is sampled from informative scenarios. The timing of the switch to the reset policy is pushed further back as the training progresses.

results in various domains, they typically require countless
interactions with environments and assume that resetting an
agent is managed outside the training procedure [Mnih et al.,
2015; Vinyals et al., 2019]. This assumption makes it diffi-
cult to apply such algorithms to train autonomous vehicles in
the real world, as interacting with real-world driving environ-
ments is costly and resetting autonomous vehicles demands
significant human intervention.

Our work seeks to address three main challenges that are
critical to train autonomous vehicles with RL in the real
world. First, we must identify which scenarios can provide
autonomous vehicles with informative transitions. Scenar-
ios that are too easy or too difficult can preclude autonomous
vehicles from obtaining informative transitions or can easily
lead them into risky states, such as collisions with surround-
ing objects. Second, we must decide when to abort an episode
to prevent autonomous vehicles from entering unsafe states.
Entering unsafe states involves significant cost to recover and
may even make further training impossible. Finally, after
aborting an episode, we must safely return autonomous ve-
hicles to an initial state for a subsequent episode while com-
plying with traffic rules. In the remainder of this section, we
discuss how our real-world RL algorithm addresses each of
these challenges in detail.

3.2 Identifying Informative Scenarios
We hypothesize that informative scenarios are neither too
challenging nor too familiar for an autonomous vehicle being
trained. If scenarios are too challenging, an autonomous ve-

hicle easily enters unsafe states and fails to gather sufficient
transitions. Conversely, if scenarios are too familiar, an au-
tonomous vehicle may rarely collect informative transitions
even when it completes episodes without aborts. Identifying
informative scenarios is therefore critical for enabling an au-
tonomous vehicle to collect sufficient useful transitions.

To identify informative scenarios based on the learning
progress of an autonomous vehicle, our algorithm estimates
the expected amount of obtainable information from under-
explored states within a scenario, ei, where i is an index
of scenarios, and then determines the scenario for the kth
episode, ik, as follows:

ik ∼ Unif(Ik), where Ik ≜ {i ∈ I | λ1 ≤ ei ≤ λ2}. (1)

Ik is the set of informative scenarios for the kth episode,
i is a scenario included in the set of all scenarios I , and λ1

and λ2 are its lower and upper bounds, respectively. The
scenario for the subsequent episode is uniformly sampled
from the set of informative scenarios identified at the cur-
rent episode. This can prevent an autonomous vehicle from
entering scenarios that involve too many under-explored or
familiar states. We would like to emphasize that the set of
informative scenarios can adapt to the learning progress of an
autonomous vehicle, suggesting that our real-world RL algo-
rithm implicitly generates a curriculum for scenarios. Exper-
imental results described in Section 4.4 indicate that identify-
ing informative scenarios improves sample efficiency.

Estimating the expected amount of obtainable informa-
tion from under-explored states within a scenario has two
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critical challenges. First, there are no dominant or widely
accepted approaches for estimating the amount of obtain-
able information. To address this challenge, our algorithm
leverages the concept of state novelty to approximate the
obtainable information. This is motivated by the intuition
that novel states tend to provide higher information gain.
Fortunately, several recent works have introduced feasible
state-novelty estimation approaches [Bellemare et al., 2016;
Pathak et al., 2017; Burda et al., 2018]. We use random net-
work distillation (RND) [Burda et al., 2018] to estimate the
novelty of states, as it is simple to implement and works well
in high-dimensional observations. RND defines a target net-
work f(s) : S → Rk and a predictor network f̂θ(s) : S →
Rk. The target network is randomly initialized and then fixed,
and the predictor network is trained to minimize the expected
prediction error ∥f̂θ(s) − f(s)∥2 with collected transitions.
RND empirically demonstrated that the prediction error is
higher in unseen states than in frequently explored states.
Based on this interesting experimental result, we regard the
prediction error as the estimated novelty of a state.

The other challenge, which may seem paradoxical, is to
access under-explored states within a scenario. Our key idea
to address this challenge is to collect transitions when an au-
tonomous vehicle is returned to the next initial state after the
current episode is aborted. These transitions collected dur-
ing the reset process involve under-explored states, as an au-
tonomous vehicle is trained with transitions collected before
episodes are aborted. Our algorithm contrasts with most pre-
vious works in that they neither collect transitions during the
reset phase nor leverage them. Note that an autonomous vehi-
cle is expected to pass the goal of the current episode during
the reset process, and our algorithm does not collect transi-
tions after an autonomous vehicle reaches the goal state, as
such transitions are unrelated to driving scenarios.

As a result, the expected amount of obtainable information
from under-explored states within a scenario i can then be
estimated as follows:

ei = Es∼Di
r

[
∥f̂θ(s)− f(s)∥

]
, (2)

where Di
r is the reset buffer that contains transitions collected

during the reset process for a scenario i. Note that the transi-
tions sampled from the reset buffer are used only to estimate
the obtainable information of under-explored states, and are
not used to train any other models, including the predictor
network or the policy.

3.3 Aborting Episodes to Prevent Unsafe States
An autonomous vehicle is likely to encounter unsafe states
even if episodes are identified as informative scenarios.
Episodes must be aborted before an autonomous vehicle en-
ters unsafe states. We observed that the estimated state nov-
elty is high when episodes must be aborted. This is intuitive
because an autonomous vehicle may not know how to avoid
unsafe states on under-explored states, where the estimated
novelty is typically high. Therefore, we use the estimated
state novelty as a metric to determine when to abort episodes.
Specifically, our algorithm estimates the novelty of the cur-
rent state at each time step and then aborts an episode if the

Algorithm 1 Overall Training Procedure

1: Given: Informative scenario set I1
2: Initialize forward policy and buffer πf (a|s), Df

3: Initialize reset buffers {Dj
r}j=1,...,n

4: Initialize target and predictor networks f(s), f̂θ(s)
5: Sample scenario i1 ∼ Unif(I1)
6: for k ← 1 . . .K do
7: for t← 1 . . . Tforward do
8: if λ0 ≤ ∥f̂θ(st)− f(st)∥ then
9: Abort and switch to reset policy πr(at|st)

10: end if
11: Select forward action at ∼ πf (at|st)
12: Obtain and add transition to forward buffer Df

13: Update forward policy πf (a|s) and predictor f̂θ(s)
14: end for
15: for t← 1 . . . Treset do
16: Select reset action at ∼ πr(at|st)
17: Obtain and add transition to reset buffer Dik

r

18: end for
19: Estimate informative scenario set Ik+1

20: Sample next scenario ik+1 ∼ Unif(Ik+1)
21: Return to initial state of scenario ik+1 with reset policy

πr(a|s)
22: end for

estimated novelty is too high. Note that, similar to Section
3.2, we use RND to estimate the novelty of the current state.

3.4 Returning with Safety-aware Reset Behaviors
After aborting an episode, an autonomous vehicle must re-
turn to an initial state for the subsequent episode. The reset
process requires the autonomous vehicle to perform safety-
aware behaviors and adhere to traffic rules. Furthermore, the
autonomous vehicle must handle a sequence of diverse driv-
ing tasks during the reset process. Imagine training an au-
tonomous vehicle to address a detour task. The route from
the aborted state to the initial state for the subsequent episode
is likely to include other driving tasks, such as lane-change
and intersection tasks. These challenges make it difficult for
autonomous vehicles to learn both how to reach a goal state
and how to return to an initial state simultaneously.

Our algorithm leverages rule-based autonomous driving al-
gorithms to return autonomous vehicles with safety-aware
and rule-abiding behaviors. This is based on prior experi-
mental results as follows: rule-based algorithms cannot per-
form flexible behaviors like expert drivers, but they can per-
form safety-aware and rule-abiding behaviors across diverse
driving scenarios. Most RL algorithms overlook the bene-
fits of rule-based algorithms. In contrast, our work sheds
new light on these benefits for training autonomous vehicles
in the real world. Note that while our algorithm relies on
rule-based driving behaviors to return autonomous vehicles,
it learns when to abort episodes and where to return them.

3.5 Training Procedure Details
Algorithm 1 describes the overall training procedure of our
real-world RL algorithm. Before aborting an episode, an au-
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tonomous vehicle is trained and controlled with the RL for-
ward policy πf (a|s). After the episode is aborted, the vehicle
is controlled with the rule-based reset policy πr(a|s) to reach
a goal state. Once the vehicle reaches the goal state, the infor-
mative scenario set for the subsequent episode is identified,
and the reset policy returns the vehicle to the initial state of
a scenario sampled from the identified set. To estimate the
informative scenario set, we define independent reset buffers
for each scenario, which makes it efficient to sample corre-
sponding transitions. We would like to note that the forward
policy trained with an RL algorithm can outperform the rule-
based reset policy.

4 Experiments
Our experiments aim to answer the following questions: 1)
Can our real-world RL algorithm enable autonomous vehi-
cles to achieve competitive driving performance? 2) Can our
real-world RL algorithm identify informative scenarios? 3)
How does identifying informative scenarios affect the per-
formance of our real-world RL algorithm? and 4) Can our
real-world RL algorithm prevent autonomous vehicles from
entering risky states? To answer these questions, we intro-
duce five urban driving tasks and use them to evaluate our
real-world RL algorithm against baselines.

4.1 Baselines
The baselines used in our experiments are as follows: 1) an
agent that randomly selects actions with access to external
resets (Random), 2) an RL agent that has access to external
resets (Oracle), 3) an autonomous algorithm that learns both
how to solve tasks and how to reset simultaneously (LNT)
[Eysenbach et al., 2018], and 4) a variant of our real-world
RL algorithm that leverages rule-based autonomous driving
algorithms without episode aborts and informative scenario
identification (Ours w/o Curr). While LNT demonstrated that
learning reset behaviors at the same time is efficient to re-
duce human intervention in simple robotic tasks, urban driv-
ing tasks have multiple complex scenarios along the reset
route. We expect that LNT fails to learn reset driving be-
haviors and triggers significant human intervention. Unlike
LNT, our algorithm focuses on identifying informative sce-
narios and avoiding unsafe states, while leveraging rule-based
reset driving behaviors.

4.2 Implementation Details
Our real-world RL algorithm includes two main learnable
models: the forward policy and the RND predictor, each rep-
resented by neural networks. The forward policy has two
hidden layers of 512 units with ReLU activations and an
additional softmax layer to output a categorical distribution
over high-level actions, such as go, crawl, and stop. The in-
put of the forward policy consists of the predicted trajecto-
ries of surrounding vehicles and the planned trajectories of
an autonomous vehicle. We used Soft Actor-Critic (SAC)
[Haarnoja et al., 2018], a state-of-the-art off-policy RL algo-
rithm, and the Adam optimizer to update the forward policy.
To provide a fair comparison, the forward policies of our al-
gorithm and baselines were designed with the same structure
and were trained with the same RL algorithm and optimizer.

HYPERPARAMETER VALUE

Batch Size 256
Buffer Size (Forward) 50000

Buffer Size (Reset) 1000
Learning Rate 1× 10−3

Discount Factor 0.99
Temperature 0.4
Gradient Step 1

Target Update Interval 1
Target Smoothing Coefficient 0.005

λ0,1,2 1.4/1.0/1.7

Table 1: Hyperparameters

The RND predictor has three convolutional layers and a
linear output layer as follows: 32 filters of size 8×8 and stride
4, 64 filters of size 4×4 and stride 4, and 32 filters of size
3×3 and stride 1. The output of the last convolutional layer
is fed into a linear layer that has 512 hidden units and out-
puts 256-dimensional feature vectors. The input of the RND
predictor is a bird’s-eye view segmentation mask. Similar to
the forward policy, we utilized Adam optimizer to update the
RND predictor. The key hyperparameters described in Table
1 were tuned with the coarse grid search.

The reset policy is implemented with the autonomous driv-
ing agent provided by the open-source simulator CARLA
[Dosovitskiy et al., 2017]. The agent uses rule-based algo-
rithms designed to ensure safety and follow traffic rules. We
observed it performed safety-aware and rule-abiding behav-
iors that could handle most scenarios in our evaluation tasks.

4.3 Environments
Existing benchmarks in the field of autonomous driving focus
on evaluating the driving performance of trained autonomous
vehicles. These benchmarks do not provide metrics and set-
tings to evaluate RL algorithms for training autonomous ve-
hicles in the real world. Therefore, we introduce challenging
urban driving tasks that require an autonomous vehicle to re-
set to initial states on its own, allowing us to measure how
much human intervention is required when training them with
RL in the real world. Figure 2 describes these tasks intro-
duced in our work, which consist of a detour, a roundabout,
and three different unsignalized intersection tasks. Similar
to the reset policy discussed in Section 4.2, they were im-
plemented within CARLA. The goal across these tasks is to
reach given target locations as fast as possible without col-
lisions, and an autonomous vehicle must understand inter-
actions with surrounding vehicles to achieve this goal. The
reward function for the detour task is defined as follows:

r(st, at) = λg1g(st, at)− λp1p(st, at)

− λc1c(st, at)− λs1s(st, at),
(3)

where 1g indicates whether our agent reaches a goal, 1p in-
dicates whether our agent crosses a center line, 1c indicates
whether our agent collides or fails to keep a safe distance, 1s

indicates whether our agent survives, and λg , λp, λc, and λs

are hyperparameters to balance each of these terms, respec-
tively. The shared reward function for other tasks is defined
as follows:

r(st, at) = λv
vt
vmax

− λc1c(st, at)− λs1s(st, at), (4)
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DETOUR THREE-WAY FOUR-WAY FIVE-WAY ROUNDABOUT
AS ↓ SR ↑ MR ↓ AS ↓ SR ↑ MR ↓ AS ↓ SR ↑ MR ↓ AS ↓ SR ↑ MR ↓ AS ↓ SR ↑ MR ↓

Random 947.9 0.06 600.0 773.7 0.48 600.0 685.4 0.58 600.0 725.1 0.50 600.0 920.6 0.45 500.0
Oracle 146.5 1.00 600.0 414.0 0.86 600.0 348.8 0.87 600.0 288.5 0.94 600.0 453.2 0.96 500.0
LNT 150.0 1.00 176.0 465.4 0.72 398.0 493.3 0.72 570.0 471.4 0.74 538.0 516.4 0.86 312.0

Ours (w/o Curr) 151.5 1.00 108.7 408.4 0.81 129.0 351.9 0.84 144.0 290.1 0.93 75.0 492.0 0.92 73.0
Ours 151.5 1.00 70.1 404.3 0.85 85.0 347.8 0.87 104.0 281.6 0.94 54.0 476.0 0.95 47.0

Table 2: Quantitative Results on Urban Driving Tasks

Figure 2: Urban driving tasks introduced in our experiments. All surrounding vehicles are set to ignore traffic signals, so an autonomous
vehicle being trained should consider interactions with them to solve these tasks. The black dotted line denotes the route to a given goal.

Figure 3: Effects of identifying informative scenarios on scenario
visitation in modified five-way unsignalized intersection task. The
scenarios numbered 3 and 7 are informative, while the others are
non-informative.

where vt denotes the current speed, vmax denotes the maxi-
mum speed, and λv is the corresponding hyperparameter.

4.4 Experimental Results and Analysis
The evaluation metrics used in our experiments are as fol-
lows: success rate (SR), average episode step (AS), and the
number of manual resets (MR). Success indicates whether an
autonomous vehicle reaches a goal within a time limit with-
out collision, and the average episode step represents how ef-
ficiently an autonomous vehicle reaches a goal. The number
of manual resets indicates how much human intervention is
required to train an autonomous vehicle. While both SR and
AS are calculated in the evaluation procedure, MR is calcu-
lated throughout the training procedure. A manual reset is
triggered when a vehicle collides, fails to reach a goal, or
cannot return to an initial state for the subsequent episode.

Table 2 describes the numerical training results computed
over 100 episodes for each urban driving task. While Ora-
cle achieves the best performance across all driving tasks, it
requires repetitive manual resets after every episode. This
makes it impractical to use Oracle for training autonomous
vehicles in real-world driving environments. LNT triggers a
much larger number of manual resets than Ours (w/o Curr).

Figure 4: Effects of identifying informative scenarios on perfor-
mance in modified five-way unsignalized intersection task. Our al-
gorithm attains a lower average episode step and converges faster
than uniform scenario sampling. Lines and shaded areas denote the
means and standard deviations over 10 random seeds.

We empirically observed that the reset policy of LNT failed to
simultaneously learn all tasks encountered in the reset route.
Our algorithm achieves competitive driving performance with
significantly fewer manual resets than baselines. In particu-
lar, the gap between Ours and Ours (w/o Curr) implies that
learning when to abort episodes and identifying informative
scenarios are critical in reducing unnecessary manual resets.

To investigate whether our algorithm identifies informa-
tive scenarios, we modified the five-way unsignalized inter-
section task, where some scenarios are intentionally designed
to be non-informative. When an autonomous vehicle resets
to these non-informative scenarios, surrounding vehicles are
not spawned, and the inputs of the RND predictor are ran-
domly shuffled. An autonomous vehicle would struggle to
collect informative transitions under these conditions. Fig-
ure 3 describes the visitation counts comparison between our
real-world RL algorithm and the variant that uniformly sam-
ples the next scenario. We confirmed that our algorithm leads
an autonomous vehicle to informative scenarios much more
frequently than non-informative scenarios. In addition, as
shown in Figure 4, we observed that our algorithm achieves
a lower average episode step and converges faster than the
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Figure 5: Estimated novelty of sampled states in four-way unsignalized intersection and roundabout tasks. Each dimension of the states is
normalized to [0, 1], and their colors represent the novelty estimated by the RND predictor. These results indicate that the state space where
an autonomous vehicle can be trained continually broadens as the training progresses.

Figure 6: Forward step ratios for three-way and four-way unsignal-
ized intersection tasks. The forward step ratio refers to the ratio
between the number of forward time steps and the total number of
time steps. Lines and shaded areas denote the means and standard
deviations over 10 random seeds, respectively.

variant. This indicates that identifying informative scenarios
contributes to better sample efficiency of our algorithm.

To analyze how our real-world RL algorithm prevents au-
tonomous vehicles from entering unsafe states, we calculate
the ratio of the number of time steps before an episode is
aborted to the total number of time steps. Figure 6 describes
how this ratio changes over training time on the three-way
and four-way unsignalized intersection tasks. We observed
that episodes are aborted near initial states in the early stages
of training and near goal states at the end of the training.
This suggests that our real-world RL algorithm can reduce
manual resets by preventing an autonomous vehicle from en-
tering under-explored states, where it might take unsafe ac-
tions. Note that our algorithm takes into account the learn-
ing progress of an autonomous vehicle to determine when to
abort episodes.

We also visualize how the states in which our algorithm

allows an autonomous vehicle to explore change over time.
As mentioned in Algorithm 1, the estimated novelty of these
states should be lower than the abort threshold λ0. To visual-
ize such states, we randomly sample some states from multi-
ple rollouts of each initial state and estimate the novelty of the
sampled states. Figure 5 illustrates the visualization results in
the four-way unsignalized intersection and roundabout tasks.
Note that the estimated state novelty is clipped to the range
[λ0, λ0 + 2], and then normalized to [0, 1]. The visualiza-
tion results show that the states having the estimated novelty
below λ0 are gradually spread out from initial states as the
training progresses. Therefore, Figure 5 can then be inter-
preted as the qualitative evidence supporting the quantitative
results shown in Figure 6.

5 Conclusion
We introduce a real-world RL algorithm that enables au-
tonomous vehicles to continuously collect informative tran-
sitions and improve by themselves. The three key challenges
addressed in our work are: 1) where to return autonomous
vehicles to collect informative transitions, 2) when to abort
episodes to prevent autonomous vehicles from entering un-
safe states, and 3) how to safely return autonomous vehi-
cles to initial states for subsequent episodes. Experimental
results demonstrate that our real-world RL algorithm allows
autonomous vehicles to achieve competitive driving perfor-
mance with reduced human intervention compared to base-
lines in diverse urban driving tasks. The results also show
that identifying informative scenarios facilitates sample effi-
ciency. We will employ Vision-Language Models to assess
the safety of states. Their common-sense reasoning capa-
bilities can allow us to identify unsafe states across diverse
driving tasks. We hope that our research contributes to the re-
alization of RL-based autonomous vehicles in the real world.
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