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Abstract. Recent advances in high-fidelity simulators [22,82,44] have
enabled closed-loop training of autonomous driving agents, potentially
solving the distribution shift in training v.s. deployment and allowing
training to be scaled both safely and cheaply. However, there is a lack of
understanding of how to build effective training benchmarks for closed-
loop training. In this work, we present the first empirical study which
analyzes the effects of different training benchmark designs on the suc-
cess of learning agents, such as how to design traffic scenarios and scale
training environments. Furthermore, we show that many popular RL
algorithms cannot achieve satisfactory performance in the context of au-
tonomous driving, as they lack long-term planning and take an extremely
long time to train. To address these issues, we propose trajectory value
learning (TRAVL), an RL-based driving agent that performs planning
with multistep look-ahead and exploits cheaply generated imagined data
for efficient learning. Our experiments show that TRAVL can learn much
faster and produce safer maneuvers compared to all the baselines.
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1 Introduction

Self-driving vehicles require complex decision-making processes that guarantee
safety while maximizing comfort and progress towards the destination. Most
approaches have relied on hand-engineered planners that are built on top of
perception and motion forecasting modules. However, a robust decision process
has proven elusive, failing to handle the complexity of the real world.

In recent years, several approaches have been proposed, aiming at exploiting
machine learning to learn to drive. Supervised learning approaches such as behav-
ior cloning [47,3,16,17,62,56] that learn from human demonstrations are amongst

⋆ Denotes equal contribution.
† Work done during affiliation with Waabi.
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Fig. 1: We use behavioral variations on top of scenarios designed to target specific
traffic interactions as the basis for learning. TRAVL efficiently learns to plan
trajectories from both real and imagined experience.

the most popular, as large amounts of driving data can be readily obtained by in-
strumenting a vehicle to collect data while a human is driving. However, learning
in this open-loop manner leads to distribution shift between training and deploy-
ment [59,17,18], as the model does not understand the closed-loop effects of its
actions when passively learning from the expert data distribution.

Closed-loop training is one principled way to tackle this, by enabling the
agent to continuously interact with the environment and thus learn to recover
from its own mistakes. However, closing the loop while driving in the real world
comes with many safety concerns as it is dangerous to update the software on
the fly without proper safety verification . Furthermore, it is unethical to expose
the self-driving vehicle (SDV) to safety-critical situations, which is necessary for
learning to handle them. Finally, rare scenarios can take extremely long to cap-
ture in the wild and is impractical to scale. An appealing alternative is to learn to
drive in a virtual environment by exploiting simulation systems [22,82]. While en-
couraging results have been demonstrated [39,73,62], there is still a lack of under-
standing of how to build training benchmarks for effective closed-loop training.

In this paper we aim to shed some light on this by studying the following ques-
tions: What type of scenarios do we need to learn to drive safely? Simple scenar-
ios used in previous works such as car racing [78,38,53] and empty-lanes [33] are
insufficient in capturing the full complexity of driving. Should we instead simu-
late complex free-flow traffic5[27,29] or design scenarios targeting particular traf-
fic situations [22] that test specific self-driving capabilities? We have seen in the
context of supervised learning [19,41,32] that large scale data improves general-
ization of learned models. Is this also the case in closed-loop? How many scenar-
ios do we need? What effect does scaling our scenarios have on the quality of the
learned agents? How should we scale the dataset to best improve performance?

To better understand these questions, we present (to our knowledge) the
first study that analyzes the effect of different training benchmark designs on

5 This is similar to how we encounter random events when collecting data.
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the success of learning neural motion planners. Towards this goal, we developed
a sophisticated highway driving simulator that can create both realistic free-flow
traffic as well as targeted scenarios capable of testing specific self-driving capa-
bilities. In particular, the latter is achieved by exploiting procedural modeling
which composes variations of unique traffic patterns (e.g ., lead actor breaking,
merging in from an on ramp). Since each of these patterns is parameterized, we
can sample diverse variations and generate a large set of scenarios automatically.
Under this benchmark, we show:

1. Scenarios designed for specific traffic interactions provide a richer learning
signal than generic free-flow traffic simulations. This is likely because the
former ensures the presence of interesting and safety-critical interactions.

2. Training on smaller scenario variations leads to more unsafe driving behav-
iors. This suggests that crafting more variations of traffic situations is key
when building training benchmarks.

3. Existing RL-based approaches have difficulty learning the intricacies of many
scenarios. This is likely because they typically learn a direct mapping from
observations to control signals (e.g ., throttle, steering). Thus, they regret-
tably lack multi-step lookahead reasoning into the future, which is necessary
to handle complex scenarios such as merging into crowded lanes. Further-
more, learning these agents in a model-free manner can be extremely slow,
as the agents have to learn with trial and error through costly simulations.

To address the struggles of current RL approaches, we propose trajectory
value learning (TRAVL), a method which learns long-term reasoning efficiently
in closed-loop. Instead of myopically outputting control commands indepen-
dently at each timestep, TRAVL can perform decision-making with explicit mul-
tistep look-ahead by planning in trajectory space. Our model learns a deep fea-
ture map representation of the state which can be fused with trajectory features
to directly predict the Q-value of following that trajectory. Inference amounts
to selecting the maximum value trajectory plan from a sampled trajectory set.
Unlike conventional model-based planning, this bypasses the need to explicitly
model and predict all state variables and transitions, as not all of them are
equally important (e.g ., a far away vehicle is of less interest in driving). Fur-
thermore, our trajectory-based formulation allows us to cheaply produce addi-
tional imagined (i.e., counterfactual) experiences, resulting in significantly better
learning efficiency compared to model-free methods which need to rely solely on
interacting in the environment.

Summary of contributions: In this paper, we present an in-depth empirical
study on how various design choices of training data generation can affect the
success of learning driving policies in closed-loop. This allows us to identify
a number of guidelines for building effective closed-loop training benchmarks.
We further propose a new algorithm for efficient and effective learning of long
horizon driving policies, that better handle complex scenarios which mimic the
complexity of the real-world. We believe our work can serve as a starting point
to rethink how we shall conduct closed-loop training for autonomous driving.
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2 Related Work

Open-loop training: In open-loop training, the agent does not take any actions
and instead learns passively by observing expert states and actions. ALVINN [55]
first explored behavior cloning as an open-loop training method for end-to-end
visuomotor self-driving. Since then, several advances in data augmentation [3,16],
neural network architecture [47,16,56] and auxiliary task design [17,62] have been
made in order to handle more complex environments. Additionally, margin-based
learning approaches [79,80,61,60] incorporate structured output spaces, while
offline RL [68,37] exploits reward functions. The primary challenge in open-
loop training is the distribution shift encountered when the predicted actions
are rolled out in closed-loop. While techniques such as cleverly augmenting the
training data [3] partially alleviate this issue, challenges remain.

Closed-loop Training: The most popular paradigm for closed-loop training
is reinforcement learning (RL). In contrast to open-loop learning, online RL ap-
proaches [40,65,66] do not require pre-collected expert data, but instead learn
through interacting with the environment. However, such methods have pro-
hibitively low sample efficiency [13] and can take several weeks to train a single
model [73]. To address this issue, auxiliary tasks have been used as additional
sources of supervision, such as predicting affordances [12,62,73], scene reconstruc-
tion [33] or imitation-based pre-training [39]. Note that our learning approach
is orthogonal to these tasks and thus can be easily combined. Model-based RL
approaches are more sample efficient. They assume access to a world model,
which provides a cheaper way to generate training data [72,23,8] in addition to
the simulator. It can also be used during inference for planning with multi-step
lookaheads [48,26,15,69,64,51,25,70]. Yet, not many works have been explored
in the context of self-driving. [13] uses an on-rails world model to generate data
for training and empirically shows better efficiency. [52] uses a learned semantic
predictor to perform multistep look-ahead during inference. Our work enjoys
both benefits with a unified trajectory-based formulation.

When an expert can be queried online, other closed-loop training techniques
such as DAgger style approaches [59,53,14] can be applied. When the expert is
only available during offline data collection, one can apply closed-loop imitation
learning methods [31,36]. However, building an expert can be expensive and
difficult, limiting the applications of these methods.

Closed-loop Benchmarking: Directly closing the loop in the real world [33]
provides the best realism but is unsafe. Thus, leveraging simulation has been a
dominant approach for autonomous driving. Environments focused on simple car
racing [78,7] are useful in prototyping quickly but can be over-simplified for real-
world driving applications. More complex traffic simulators [43,11,2,4] typically
use heuristic-based actors to simulate general traffic flow. Learning-based traf-
fic models have also been explored recently [5,71]. However, we show that while
useful for evaluating the SDV in nominal conditions, general traffic flow provides
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Fig. 2: TRAVL leverages rich backbone features to predict the cost of following
a trajectory. The lowest costed trajectory is selected as the SDV’s plan

limited learning signal as interesting interactions are not guaranteed to happen
frequently. As the majority of traffic accidents can be categorized into a few
number of situations [49], recent works focus on crafting traffic scenarios specif-
ically targeting these situations for more efficient coverage [67,1,22,21,81,58].
However, visual diversity is often more stressed than behavioral diversity. For
example, the CARLA benchmark [22] has 10 different scenario types and uses ge-
olocation for variation, resulting in visually diverse backgrounds but fixed actor
policies 6. Other approaches include mining real data [9], or using adversarial
approaches [75,35,20,24]. Multi-agent approaches that control different actors
with different policies [82,6] have also been proposed. However, these works have
not studied the effects on learning in detail.

3 Learning Neural Planners in Closed-loop

Most model-free RL-based self-driving approaches parametrize the action space
as instant control signals (e.g., throttle, steering), which are directly predicted
from state observations. While simple, this parameterization hampers the ability
to perform long-term reasoning into the future, which is necessary in order to
handle complex driving situations. Furthermore, this approach can lead to inef-
ficient learning as it relies solely on experiences collected from the environment,
which may contain only sparse supervisory signals. Model-based approaches ad-
dress these issues by explicitly a predictive model of the world. However, perform-
ing explicit model rollouts online during inference can be prohibitively expensive
especially if the number of potential future trajectories considered is very large.

We address these issues by combining aspects of model-free and model-based
approaches. In particular, we learn to reason into the future by directly costing
trajectories without explicit model rollouts, resulting in more efficient inference.
In addition to using real experience from the environment, our trajectory output
representation allows us to learn from imagined (i.e., counterfactual) experiences
collected from an approximate world model, greatly improving sample efficiency.

6 https://github.com/carla-simulator/scenario_runner

https://github.com/carla-simulator/scenario_runner
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3.1 Preliminaries on RL

The goal of an SDV is to make safe decisions sequentially. This can be modeled
as a Markov Decision Process (MDP) : M = (S,A, P,R, γ), where S and A
represent state and action spaces respectively, such as raw observations of the
scene and control signals for the ego-vehicle. P (s′|s, a) and R(s, a, s′) represent
the transition dynamics and reward functions respectively, and γ ∈ (0, 1) is the
discount factor. We are interested in learning an optimal policy that maximizes
the expected discounted return,

π∗(a|s) = argmax
π

Eπ,P

[
T∑

t=0

γtR(st, at, st+1)

]
Off-policy RL algorithms are popular solutions due to their high data ef-

ficiency since they are agnostic to the data collecting policy and thus do not
constantly require fresh data. A general form of the off-policy learning process
can be described as iteratively alternating between policy evaluation and pol-
icy improvement steps. Specifically, one can maintain a learnable Q-function

Qk(s, a) = Eπ,P

[∑T
t=0 γ

tR(st, at, st+1)
]
, which captures the expected future re-

turn when executing πk(a|s), with k being the learning iteration. In the policy
evaluation step, the Bellman operator BπQ := R + γPπQ is applied to update
Q based on simulated data samples. Here, the transition matrix Pπ is a matrix
coupled with the policy π, i.e., PπQ(s, a) = Es′∼P (s′|s,a),a′∼π(a′|s′)[Q(s′, a′)]. We
can then improve the policy π to favor selecting actions that maximize the ex-
pected Q-value. However, both steps require evaluations on all possible (s, a)
pairs, and thus this is intractable for large state and action spaces. In practice,
one can instead apply empirical losses over a replay buffer, e.g ., minimizing the
empirical ℓ2 loss between the left and right hand side of the Bellman operator.
The replay buffer is defined as the set D = {(s, a, r, s′)} holding past experiences
sampled from P (s′|s, a) and π(a|s). Putting this together, the updating rules
can be described as follows,

Qk+1 ← argmin
Q

Es,a,r,s′∼D

[(
(r + γEa′∼πk [Qk(s′, a′)])−Q(s, a)

)2]
(evaluation),

πk+1 ← (1− ϵ) argmax
π

Es∼D,a∼π[Q
k+1(s, a)] + ϵU(a), (improvement) (1)

where U is the uniform distribution and ϵ is introduced for epsilon-greedy explo-
ration, i.e., making a greedy action under Q with probability 1−ϵ and otherwise
randomly exploring other actions with probability ϵ. Note that Eq. 1 reduces to
standard Q-learning when we use πk+1(s) = argmaxa Q

k+1(s, a) as the policy
improvement step instead.

3.2 Planning with TRAVL

Our goal is to design a driving model that can perform long term reasoning
into the future by planning. To this end, we define our action as a trajectory
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τ = {(x0, y0), (x1, y1), · · · , (xT , yT )}, which navigates the ego-vehicle for the next
T timesteps. Here (xt, yt) is the spatial location in birds eye view (BEV) at
timestep t. Inspired by humans, we decompose the cost of following a trajectory
into a short-term cost-to-come, Rθ(s, τ), defined over the next T timesteps, and
a long-term cost-to-go Vθ(s, τ) that operates beyond that horizon. The final Q-
function is defined as

Qθ(s, τ) = Rθ(s, τ) + Vθ(s, τ)

Note that both Rθ and Vθ are predicted with a neural network. In the following,
we describe our input state representation, the backbone network and cost pre-
dictive modules used to predict Qθ follow by our planning inference procedure.

Input Representation: Following [3,32,57], our state space S contains an HD
map as well as the motion history of the past T ′ seconds of both the ego-vehicle
and other actors. To make the input data amenable to standard convolutional
neural networks (CNNs), we rasterize the information into a BEV tensor, where
for each frame within the history horizon T ′, we draw bounding boxes of all
actors as 1 channel using a binary mask. The ego-vehicle’s past positions are
also rasterized similarly into T ′ additional channels. We utilize an M channel
tensor to represent the HD map, where each channel encodes a different map
primitive, such as centerlines or the target route. Finally, we include two more
channels to represent the (x, y) coordinates of BEV pixels [42]. This results in a
input tensor of size RH×W×(2T ′+M+2), where H and W denotes the size of our
input region around the SDV.

Backbone Network: To extract useful contextual information, we feed the input
tensor to a backbone network. As the input modality is a 2D image, we em-
ploy a CNN backbone adapted from ResNet [28]. Given an input tensor of size
RH×W×(2T ′+M+2), the backbone performs downsampling and computes a final
feature map F ∈ H

8 ×
W
8 × C, where C is the feature dimension. More details

on the architecture are provided in the supplementary.

Cost Predictive Header: We use a cost predictive header that takes an arbitrary
trajectory τ and backbone feature map F as inputs, and outputs two scalar values
representing the cost-to-come and cost-to-go of executing τ . As τ is represented
by a sequence of 2D waypoints {(x0, y0), (x1, y1), · · · , (xT , yT )}, we can extract
context features of τ by indexing the t channel of the backbone feature F at
position (xt, yt) for each timestep t. We then concatenate the features from
all timesteps into a single feature vector fτ . Note that the backbone feature
F encodes rich information about the environment, and thus such an indexing
operation is expected to help reason about the goodness of a trajectory, e.g ., if
it is collision-free and follows the map. We also include kinematic information of
τ into fτ by concatenating the position (xt, yt), velocity (vt), acceleration (at),
orientation (θt) and curvature (κt, κ̇t). We use two shallow (3 layer) multi-layer
perceptrons (MLPs) to regress the cost-to-come and cost-to-go from fτ before
finally summing them to obtain our estimate of Q(s, τ).
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Efficient Inference: Finding the optimal policy τ∗ := argmaxτ Q(s, τ) given
a Q-function over trajectories is difficult as τ lies in a continuous and high-
dimensional space that has complex structures (e.g ., dynamic constraints). To
make inference efficient, we approximate such an optimization problem using a
sampling strategy [63,77,61,79]. Towards this goal, we first sample a wide variety
of trajectories T that are physically feasible for the ego-vehicle, and then pick
the one with maximum Q-value

τ∗ = argmax
τ∈T

Q(s, τ).

To obtain a set of trajectory candidates T , we use a map-based trajectory sam-
pler, which samples a set of lane following and lane changing trajectories fol-
lowing a bicycle model [54]. Inspired by [61], our sampling procedure is in the
Frenet frame of the road, allowing us to easily sample trajectories which con-
sider map priors, e.g ., follow curved lanes. Specifically, longitudinal trajectories
are obtained by fitting quartic splines to knots corresponding to varying speed
profiles, while lateral trajectories are obtained by first sampling sets of various
lateral offsets (defined with respect to reference lanes) at different longitudinal
locations and then fitting quintic splines to them. In practice, we find embed-
ding map priors in this manner can greatly improve the model performance. In
our experiments we sample roughly 10k trajectories per state. Note that despite
outputting an entire trajectory as the action, for inference we use an MPC style
execution [10] where the agent only executes an initial segment of the trajectory
before replanning with the latest observation. Further discussion on this method
of planning can be found in the supplementary.

3.3 Efficient Learning with Counterfactual Rollouts

The most straightforward way to learn our model is through classical RL algo-
rithms. We can write the policy evaluation step in Eq. 1 as

Qk+1 ← argmin
Qθ

ED

[(
Qθ − BkπQk

)2]
, s.t. Qθ = Rθ + Vθ, (2)

where BπQ := R + γPπQ is the Bellman operator. However, as we show in
our experiments and also demonstrated in other works [76], such model-free RL
algorithms learn very slowly. Fortunately, our trajectory-based formulation and
decomposition of Qθ into Rθ and Vθ allow us to design a more efficient learning
algorithm that follows the spirit of model-based approaches.

One of the main benefits of model-based RL [72] is the ability to efficiently
sample imagined data through the world dynamics model, as this helps bypass
the need for unrolling the policy in simulation which can be computationally ex-
pensive. However, for complex systems the learned model is likely to be also ex-
pensive, e.g ., neural networks. Therefore, we propose a simple yet effective world
model where we assume the actors are not intelligent and do not react to dif-
ferent SDV trajectories. Suppose we have a replay buffer D = {(st, τ t, rt, st+1)}
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collected by interacting our current policy π with the simulator. To augment the
training data with cheaply generated imagined data (st, τ ′, r′, s′), we consider a
counterfactual trajectory τ ′ that is different from τ . The resulting counterfactual
state s′ simply modifies st+1 such that the ego-vehicle follows τ ′, while keeping
the actors’ original states the same. The counterfactual reward can then be com-
puted as r′ = R(st, τ ′, s′). We exploit our near limitless source of counterfactual
data for dense supervision on the short term predicted cost-to-come Rθ. Effi-
ciently learning Rθ in turn benefits the learning of the Q-function overall. Our
final learning objective (policy evaluation) is then

Qk+1 ← argmin
Qθ

ED

(Qθ(s, τ)− BkπQk(s, τ)
)2︸ ︷︷ ︸

Q-learning

+αk Eτ ′∼µ(τ ′|s) (Rθ(s, τ
′)− r′)

2︸ ︷︷ ︸
Counterfactual Reward Loss

 ,

s.t. Qθ = Rθ + Vθ, Vθ = γPk
πQ

k. (3)

Here, µ is an arbitrary distribution over possible trajectories and characterizes
the exploration strategy for counterfactual supervision. We use a uniform distri-
bution over the sampled trajectory set T in all our experiments for simplicity.
To perform an updating step in Eq. 3, we approximate the optimal value of Qθ

by applying a gradient step of the empirical loss of the objective. In practice,
the gradients are applied over the parameters of Rθ and Vθ, whereas Qθ is sim-
ply obtained by Rθ + Vθ. We also find that simply using the Q-learning policy
improvement step suffices in practice. We provide more implementation details
in the supplementary material. Note that we use counterfactual rollouts, and
thus the simplified non-reactive world dynamics, only as supervision for short
term reward/cost-to-come component. This can help avoid compounding errors
of using such an assumption for long-term imagined simulations.

Theoretical analysis: The counterfactual reward loss component can introduce
modeling errors due to our approximated world modeling. As the Q-learning loss
term in Eq. 3 is decreasing when k is large, such errors can have significant effects,
hence it is non-obvious whether our learning procedure Eq. 3 can satisfactorily
converge. We now show that iteratively applying policy evaluation in Eq. 3 and
policy update in Eq. 1 indeed converges under some mild conditions.

Lemma 1. Assuming R is bounded by a constant Rmax and αk satisfies

αk <

(
1

γkC
− 1

)−1 (
πk

µ

)
min

, (4)

with C an arbitrary constant, iteratively applying Eq. 3 and the policy update
step in Eq. 1 converges to a fixed point.

Furthermore, it converges to the optimal Q-function, Q∗. We refer the reader to
the supplementary material for detailed proofs.

Theorem 1. Under the same conditions as Lemma 1, our learning procedure
converges to Q∗.
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Fig. 3: Top row: Free-flow scenarios generated by sampling parameters such as
density and actor speed.Bottom row: Targeted scenarios generated by enacting
fine-grained control on the actors to target specific traffic situations.

4 Large Scale Closed-loop Benchmark Dataset

We now describe how we design our large scale closed-loop benchmark. In our
simulator the agent drives on a diverse set of highways, which contain standard,
on-ramp, merge and fork map topologies with varying curvature and number of
lanes. We use IDM [74] and MOBIL [34] policies to control actors. As our work is
focused on learning neural planners in closed-loop, we simulate bounding boxes
and trajectory information of actors, and leave sensor simulation for future work.

There are two popular ways to testing an autonomous driving system: 1)
uncontrolled traffic environments and 2) controlled scenarios that test certain
self-driving capabilities such as reacting to a cut-in. However, there has been no
analysis in the literature of the effects of training in these different environments.
Towards this goal, we construct two training benchmarks based on these two
different paradigms.

Free-flow Scenario Set: Free-flow scenarios are similar to what we observe in
real-world data, where we do not enact any fine-grained control over other ac-
tors. We define a generative model which samples from a set of parameters which
define a scenario. Parameters which vary the initial conditions of actors include
density, initial speed, actor class, and target lane goals. Parameters which vary
actor driving behavior include actor target speed, target gap, speed limit, max-
imum acceleration and maximum deceleration. We also vary the map topology,
road curvature, geometry, and the number of lanes. We use a mixture of trun-
cated normal distributions for continuous properties and categorical distribution
for discrete properties. More details are provided in the supplementary.

Targeted Scenario Set: Targeted scenarios are those which are designed to
test autonomous vehicles in specific traffic situations. These scenarios are de-
signed to ensure an autonomous vehicle has certain capabilities or meets certain
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Method Pass Rate ↑ Col. Rate ↓ Prog. ↑ MinTTC↑ MinDist↑
Imit. Learning

C

0.545 0.177 240 0.00 2.82
PPO [66] 0.173 0.163 114 0.00 5.56
A3C [46] 0.224 0.159 284 0.03 4.65

RAINBOW7 [30] 0.435 0.270 234 0.00 1.38

Imit. Learning

T

0.617 0.261 286 0.00 1.49
PPO [66] 0.273 0.249 200 0.00 1.73
A3C [46] 0.362 0.137 135 0.30 6.14

RAINBOW7 [30] 0.814 0.048 224 0.45 9.70
TRAVL (ours) 0.865 0.026 230 0.82 12.62

Table 1: We compare our approach against several baselines. Here C is using
the standard control setting and T is using our proposed trajectory-based archi-
tecture and formulation. We see that trajectory-based approaches outperforms
their control-based counterparts. We also see that our proposed method is able
to learn more efficiently and outperform baselines.

requirements (e.g ., the ability to stop for a leading vehicle braking, the ability
to merge onto the highway). In this work, we identified 3 ego-routing intentions
(lane follow, lane change, lane merge) and 5 behavior patterns for other agents
(braking, accelerating, blocking, cut-in, negotiating). Combining these options
along with varying the number of actors and where actors are placed relative
to the ego gives us a total of 24 scenario types (e.g . lane change with leading
and trailing actor on the target lane). Each scenario type is then parameter-
ized by a set of scenario-specific parameters such as heading and speed of the
ego at initialization, the relative speed and location of other actors at initial-
ization, time-to-collision and distance thresholds for triggering reactive actions
(e.g . when an actor performs a cut-in), IDM parameters of other actors as well
as map parameters. We then procedurally generate variations of these scenar-
ios by varying the values of these parameters, which result in diverse scenario
realizations with actor behaviors that share similar semantics.

Benchmarking: We briefly explain how we sample parameters for scenarios.
As the free-flow scenarios aim to capture nominal traffic situations, we simply
sample i.i.d random parameter values and hold out a test set. In contrast, each
targeted scenario serves for benchmarking a specific driving capability, and thus
we should prevent training and testing on the same (or similar) scenarios. To
this end, we first generate a test set of scenarios aiming to provide thorough
evaluations over the entire parameterized spaces. Because enumerating all pos-
sible combinations of parameter is intractable, we employ an all-pairs generative
approach [50] which provides a much smaller set that contains all possible com-
binations for any pair of discrete parameters. This is expected to provide efficient
testing while covering a significant amount of failure cases [45]. More details on
this approach are in the supplementary. Finally, we hold out those test parame-
ters when drawing random samples for the training and validation set.
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Test
Pass Rate ↑ Collision Rate ↓ Progress ↑

Free-flow Targeted Free-flow Targeted Free-flow Targeted
T
ra
in

RB7+T
Free-flow 0.783 0.453 0.198 0.228 146 173
Targeted 0.885 0.815 0.104 0.048 231 224

TRAVL
Free-flow 0.784 0.696 0.198 0.177 229 219
Targeted 0.903 0.865 0.089 0.026 172 230

Table 2: We train RAINBOW7 and TRAVL on different sets and evaluate on
different sets. We see that training on targeted scenarios performs better than
training on free-flow scenarios, even when evaluated on free-flow scenarios.

5 Experiments

In this section, we showcase the benefits of our proposed learning method TRAVL
by comparing against several baselines. We empirically study the importance of
using targeted scenarios compared to free-flow scenarios for training and evalu-
ation. Finally, we further study the effect of data diversity and scale and show
that large scale, behaviorally diverse data is crucial in learning good policies.

Datasets and Metrics: The free-flow dataset contains 834 training and 274
testing scenarios. The targeted dataset contains 783 training and 256 testing
scenarios. All scenarios last for 15 seconds on average.

We use a number of autonomy metrics for evaluating safety and progress.
Scenario Pass Rate is the percentage of scenarios that pass, which is defined as
reaching the goal (e.g., maintain a target lane, reach a distance in a given time)
without collision or speeding violations. Collision Rate computes the percentage
of scenarios where ego collides. Progress measures the distance traveled in meters
before the scenario ends. Minimum Time to Collision (MinTTC) measures the
time to collision with another actor if the ego state were extrapolated along its
future executed trajectory, with lower values meaning closer to collision. Min-
imum Distance to the Closest Actor (MinDistClAct) computes the minimum
distance between the ego and any other actor in the scene. We use the median
when reporting metrics as they are less sensitive to outliers.

Closed-loop Benchmarking: We train and evaluate TRAVL and several base-
lines on our proposed targeted scenario set. We evaluate A3C [46], PPO [66] and
a simplified RAINBOW7 [30] as baseline RL algorithms, and experiment with
control (C) and trajectory (T) output representations. We also include imitation
learning (IL) baselines supervised from a well-tuned auto-pilot. In the control
setting, the action space consists of 9 possible values for steering angle and 7 val-
ues for throttle, yielding a total of 63 discrete actions. In the trajectory setting,

7 We only include prioritized replay and multistep learning as they were found to be
the most applicable and important in our setting.
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Fig. 4: Increasing scenario diversity improves performance across the board.

each trajectory sample is treated as a discrete action. All methods use the same
backbone and header architecture, trajectory sampler, and MPC style inference
when applicable. Our reward function consists of a combination of progress,
collision and lane following terms. More details on learning, hyperparameters,
reward function, and baselines are provided in the supplementary material.
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Fig. 5: Training curves for 3
runs. TRAVL has the least
variance and converges faster.

As shown in Table. 1, trajectory-based meth-
ods outperform their control-based counter-
parts, suggesting our proposed trajectory-based
formulation and architecture allow models to
better learn long-term reasoning and benefit
from the trajectory sampler’s inductive bias.
We also see that RAINBOW7+T outperforms
other RL trajectory-based baselines. This sug-
gests that trajectory value learning is easier
compared to learning a policy directly over the
trajectory set. Furthermore, its off-policy nature
allows the use of a replay buffer for more efficient
learning. In contrast, on-policy methods such as
A3C and PPO have difficulty learning, e.g ., it
takes 10x longer to overfit to a single scenario
compared to off-policy approaches. This aligns with similar findings in [22]. Ad-
ditionally, IL baselines outperform weaker RL baselines that suffer from issues of
sample complexity, but falls short to more efficient RL baselines due to the prob-
lem of distribution shift. Finally, TRAVL outperforms the baselines. We believe
this is because our model-based counterfactual loss provides denser supervisions
and thus reduces noisy variances during learning. This is empirically validated
in Fig. 5 as our method has the least variance and converges much faster.

Targeted vs Free-flow: We now study the effect of using different types of
scenarios for training by comparing models learned on our targeted vs free-flow
set. As shown in Table 2, a model learned on the targeted set performs the best.
Notably this is even true when evaluating on the free-flow test set, which is closer
in distribution to the free-flow train set. The effectiveness of the targeted set can
be due to two reasons. Firstly, as scenarios and actors are carefully designed, each
targeted scenario is more likely to provide interesting interactions, resulting in
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Method Pass Rate ↑ Col. Rate ↓ Prog. ↑ MinTTC ↑ MinDist ↑
Map Variation 0.738 0.070 230 0.53 8.97
Beh. Variation 0.872 0.022 228 0.60 9.82

Both 0.865 0.026 231 0.82 12.6

Table 3: We train a TRAVL agent on datasets with different axes of variation. Be-
havioral variation has larger effects than map for learning robust driving policies.

stronger learning signals. On the contrary, many of the free-flow scenarios can be
relatively monotonous, with fewer interactions among actors. Secondly, the de-
sign of each targeted scenario is driven by autonomous driving capabilities which
where determined with expert prior knowledge and are specifically meant to cap-
ture what is necessary to be able to drive in nearly all scenarios. As a result, each
type of targeted scenario can be viewed as a basis over the scenario space. Sam-
pling behavioral variations results in a scenario set that provides wide coverage.

Behavioral scale and diversity: We now study how many scenarios we need
for learning robust policies. Standard RL setups use only a single environment
(e.g ., a fixed set of behavioral parameters for non-ego agents) and rely on the
stochastic nature of the policy to collect diverse data. However, we find this is not
enough. We train models on datasets with varying amount of scenario variations
while keeping the total number of training simulation steps constant. As shown
in Fig. 4, models trained with more diverse scenario variations exhibit better per-
formance. In particular, we see that while metrics like pass rate and progress sat-
urate quickly, safety-related metrics improve as we increase the number of vari-
ations. This suggests that adding in data diversity allows the model to be better
prepared for safety-critical situations. We also study which axis of variation has
the largest effect. Specifically, we disentangle map (i.e., geolocation) variations
(road curvature, number of lanes, topologies) and behavioral variation (actor
triggers, target speeds) and construct datasets that only contain one source of di-
versity while keeping the total number of scenarios the same. Table 3 shows that
TRAVL is able to perform well even without map variations as our trajectory-
based formulation allows us to embed strong map priors into the model. However,
the behavioral variation component is crucial in learning more robust policies.

6 Conclusion

We have studied how to design traffic scenarios and scale training environments
in order to create an effective closed-loop benchmark for autonomous driving.
We have proposed a new method to efficiently learn driving policies which can
perform long-term reasoning and planning. Our method reasons in trajectory
space and can efficiently learn in closed-loop by leveraging additional imagined
experiences. We provide theoretical analysis and empirically demonstrate the
advantages of our method over the baselines on our new benchmark.
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