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Abstract

In an era marked by the rapid scaling of foundation models, autonomous driv-
ing technologies are approaching a transformative threshold where end-to-end au-
tonomous driving (E2E-AD) emerges due to its potential of scaling up in the data-
driven manner. However, existing E2E-AD methods are mostly evaluated under
the open-loop log-replay manner with L2 errors and collision rate as metrics (e.g.,
in nuScenes), which could not fully reflect the driving performance of algorithms
as recently acknowledged in the community. For those E2E-AD methods evaluated
under the closed-loop protocol, they are tested in fixed routes (e.g., TownO5Long
and Longest6 in CARLA) with the driving score as metrics, which is known for
high variance due to the unsmoothed metric function and large randomness in
the long route. Besides, these methods usually collect their own data for training,
which makes algorithm-level fair comparison infeasible.

To fulfill the paramount need of comprehensive, realistic, and fair testing envi-
ronments for Full Self-Driving (FSD), we present Bench2Drive, the first bench-
mark for evaluating E2E-AD systems’ multiple abilities in a closed-loop manner.
Bench2Drive’s official training data consists of 2 million fully annotated frames,
collected from 13638 short clips uniformly distributed under 44 interactive sce-
narios (cut-in, overtaking, detour, etc), 23 weathers (sunny, foggy, rainy, etc), and
12 towns (urban, village, university, etc) in CARLA v2. Its evaluation protocol
requires E2E-AD models to pass 44 interactive scenarios under different locations
and weathers which sums up to 220 routes and thus provides a comprehensive and
disentangled assessment about their driving capability under different situations.
We implement state-of-the-art E2E-AD models and evaluate them in Bench2Drive,
providing insights regarding current status and future directions.

1 Introduction

In recent years, the field of autonomous driving has witnessed tremendous growth, fueled by the
rapid advancement and scaling of foundation models [|—3]. These developments have ushered in
a new era of end-to-end autonomous driving (E2E-AD) systems [4—8], which promise a scalable,
data-driven approach to vehicle automation, opposed to traditional module-based perception [9—13],
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Figure 1: Overview of Bench2Drive.

prediction [14—17], planning [18-20] pipeline. Such systems are designed to be capable of learning
from vast amounts of data, potentially transforming the landscape of vehicle intelligence.

Despite these advancements, the evaluation methodologies for E2E-AD systems remain a crit-
ical bottleneck. One popular way is to conduct log-replay with the recorded expert trajectories in
dataset like nuScenes [2 1], i.e., open-loop evaluation. These models [4, 22] usually predict the future
locations of the ego vehicle with the raw sensor information as inputs. As for metrics, the L2 error
relative to the recorded trajectories and the ratio of collision happening are used. However, as widely
discussed in the community [23, 24, 19], these open-loop metrics are insufficient for showcasing
proficiency in planning, due to issues including distribution shift [25], causal confusion [26, 27],
etc. nuScenes is also problematic due to its small and imbalanced validation set (around 75% of
the frames only require continuing to drive straight) [24]. As a result, only encoding the ego status
(location, speed, etc) [23] could achieve similar L2 errors compared to complex methods with sensor
inputs [4], which prompts a call for a closed-loop evaluation benchmark for E2E-AD.

CARLA [28] is one of the most widely used simulator for closed-loop E2E-AD evaluation. Within
its framework, benchmarks such as TownO5Long and Longest6 have been established, featuring mul-
tiple routes that require AD systems to complete safely within specific time constraints. However,
these benchmarks only assess basic skills such as lane following, making turns, collision avoidance,
and traffic lights obeying [29, 30], failing to examine AD systems’ driving ability under compli-
cated and interactive traffic. The latest CARLA Leaderboard v2 introduces 39 challenging sce-
narios designed to evaluate the robustness of AD systems in more intricate situations. Nevertheless,
the official routes for evaluation, ranging from 7 to 10 kilometers and filled with scenarios, present a
formidable challenge, often too difficult to complete flawlessly, as shown in Fig. 2 (a). Consequently,
with the driving score metric employing an exponential decay function, it becomes challenging to
effectively compare different AD systems, as they tend to score very low. For instance, in the cur-
rent Leaderboard v2!, participating methods score less than 10 points out of 100. Besides, existing
methods usually collect data by themselves which makes algorithm-level fair comparison infeasible.

To address the aforementioned challenges in evaluating autonomous driving (AD) systems, it is es-
sential to develop a new benchmark that fairly assesses their capabilities in a granular manner. To
this end, we introduce Bench2Drive, a new benchmark designed to evaluate E2E-AD systems in a
comprehensive, realistic, and fair closed-loop environment. Bench2Drive has an official training
dataset collected by state-of-the-art expert model O0I000ONIND [31], comprising 2 million fully an-
notated frames, sourced from 13638 clips. It span a diverse array of 44 interactive scenarios such as
cut-ins, overtakings, and detours under different weather conditions and towns, ranging from sunny
days in bustling city centers to foggy conditions in quaint villages. The evaluation protocol includes
220 short routes, each only around 150 meters in length and containing a single specific scenario.
In this way, the assessment of individual skills is isolated and thus allows for a detailed comparison
of the AD systems’ proficiency across 44 distinct skill sets. Moreover, the brevity of each route mit-
igates the impact of the exponential decay function on the driving score, facilitating a more accurate
and meaningful comparison of performance across different systems. Such a structured and focused
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(a) CARLA Leaderboard V2 (b) Bench2Drive Dataset

Figure 2: Route length on Townl2. We use different colors to represent different routes.
Bench2Drive’s short routes provide more smoothed evaluations.

benchmark would provide clearer insights into the strengths and weaknesses of each AD system,
enabling targeted improvements and more refined technology development.

In summary, the proposed Bench2Drive benchmark features:

* Comprehensive Scenario Coverage: Bench2Drive is designed to test AD systems across 44 in-
teractive scenarios, providing a thorough evaluation about capabilities under complex situations.

* Granular Skill Assessment: By structuring the evaluation across 220 short routes, each focusing
on a specific driving scenario, Bench2Drive allows for detailed analysis and comparison of how
different AD systems perform on individual tasks.

* Closed-Loop Evaluation Protocol: Bench2Drive evaluates AD systems in a closed-loop manner,
where the AD system’s actions directly influence the environment. This setup offers an accurate
assessment of an AD system’s driving performance.

* Diverse Large-Scale Official Training Data: Bench2Drive consists of a standardized training
set of 2 million fully annotated frames from 13638 clips under diverse scenarios, weathers, and
towns, ensuring that all AD systems are trained under abundant yet similar conditions, which is
crucial for fair algorithm-level comparisons.
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(00 000000000000l 000 [0 00000 We implement several classic baselines including TCP [5],
ThinkTwice [30], DriveAdapter [27], UniAD [4], VAD [22], and AD-MLP [23] and evaluate
them in the Bench2Drive. We confirm the fact that open-loop metrics like L2 error could not reflect
the actual driving performance. For the classic closed-loop metric - Drive Score, we find that it lack
details and its heavy punishment encourages over-conservative driving strategies while Bench2Drive
offers a comprehensive understanding about capabilities of different methods.

2 Related Work

2.1 Planning Benchmarks

Benchmarking in the field of autonomous driving has evolved from specialized datasets, such as
KITTI [32] for perception and NGSIM/highD [33], BARK [34] for behavior prediction, to integrated
forms like nuScenes [2 1], Argoverse [35], and Waymo [36], which facilitate the evaluation of various
synergic system components. Recently, the assessment of planning capabilities for learning-based
methods has become an area of interest [37—41]. In Table 1, we present a comparison of planning
benchmarks. nuScenes [2 1], while offering open-loop metrics, has been critiqued for its inability to
adequately evaluate planning proficiency due to the lack of closed-loop simulation [23, 24, 19]. Fur-
thermore, it suffers from an imbalanced validation set, with a significant portion (75%) of scenarios
only requiring straightforward driving, thus inadequately challenging the decision-making capabili-
ties of AD systems in complex environments [24]. nuPlan [38] and Waymax [37] offer closed-loop
evaluations but are limited to bounding box level assessments, excluding sensor simulation and, con-
sequently, are not suitable for E2E-AD methods. Longest6 [60], a modified version of CARLA Leader-



Table 1: Comparison with related planning benchmarks Bench2Drive is the only benchmark to
evaluate the E2E-AD methods under closed-loop with multi-ability analysis.

Benchmark \ Sensor Closed-Loop E2E-Sim Expert Complex Multi-Ability-Eval
nuScenes [21] v X X v X X
nuPlan [38] v v X v v X
Waymax [37] X v X v v X
Longest6 [0] v v v v X X
CARLALBV2[28] | vV v v X v X
Bench2Drive (Ours) ‘ v v v v v v

board V1, only assesses basic skills such as lane following, making turns, collision avoidance, and
traffic lights. CARLA Leaderboard V2 [28] lacks expert demonstration data. As widely discussed in
the community [42, 43], the lack of an official training set makes the comparisons of different meth-
ods in the system-level instead of the algorithm-level.Bench2Drive deal with these shortcomings by
offering a large-scale, annotation-rich official training dataset alongside a multi-ability evaluation
set. This enables a more granular and informative assessment of an AD system’s driving capabilities,
overcoming the limitations of existing benchmarks that rely on average scoring across all routes as
their primary performance metric.

2.2 End-to-End Autonomous Driving

The concept of E2E-AD could date back to 1980s [44]. Recently, the arise of neural network, espe-
cially Transformer [45], demonstrates the power of scaling laws, which rejuvenates the enthusiasm
for E2E-AD [46-50]. However, they are either evaluated only in the open-loop way [51, 4, 22, 52] or
in the relatively simple scenes like TownOSLong/Longest6 [53, 54, 42, 55-60]. Bench2Drive offers
a challenging and comprehensive arena to compare E2E-AD methods’ ability.

3 Bench2Drive

Bench2Drive consists of a large-scale fully annotated dataset collected in CARLA as the official
training set, an evaluation toolkit for the granular driving skill assessment, and implementations of
several state-of-the-art E2E-AD methods tailored for the training dataset and evaluation toolkit. All
data, codes, and checkpoints are in GitHub and Huggingface under Apache License 2.0. We give
details in the following section.

3.1 Data Collection Agent

The data collection agent (expert) is responsible for collecting the data so that student models could
learn from the data. In the real world, this is usually done by human to drive around the city, like
the curation of KITTI [32], nuScenes [21], Waymo [36], Argoverse [35]. However, it requires lots of
human efforts. In simulation, there is a cheap substitute - teacher model. The teacher model would
use information not available in the real world (termed privileged information), for example, ground-
truth locations, states, and intentions of surrounding agents and ground-truth states of traffic lights,
etc. As a result, people using CARLA either write rules [43, 61] or train a RL model [50, 31] to use
the privileged information to drive in the simulation.

In this work, we use the world model based reinforcement learning teacher - Think2Drive [31] to
navigate in CARLA and collect data, since it is the only expert model which is able to solve all 44
scenarios during the construction of Bench2Drive. Notably, after the release of Bench2Drive, the
rule-based expert PDM-Lite [61]2 is open sourced and users could use it for customized demand.

3.2 Expert Dataset

Existing E2E-AD methods evaluated in the closed-loop manner [5, 6, 56, 57] typically collect their
own data using the CARLA simulator. However, as highlighted in [42, 43], the size and distributions
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Figure 3: Sensor setting and annotations of the expert dataset. We follow the sensor settings of
nuScenes [21]. The annotations include 3D bounding boxes, depth, semantic/instance segmentation,
HD-Map, and RL value estimations and features from Think2Drive [3 1] Expert.
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Figure 4: Distribution of scenario ’ConstructionObstacle’ in Town12 We use different colors to
represent different routes containing *ConstructionObstacle’. Bench2Drive has more locations that
be able to generate *ConstructionObstacle’.

of these datasets significantly influence performance, rendering fair algorithm-level comparisons
challenging. To address this, we have constructed a large-scale expert dataset with comprehensive
annotations including 3D bounding boxes, depth, and semantic segmentation, sampled at 10 Hz, to
serve as the official training set. As the information from expert could be an important guidance of
student models [49, 27, 60], we also provide the expert model - Think2Drive’s [3 1] value estimation
and features. Fig. 3 gives an overview. To facilitate the re-implementation of existing E2E-AD
methods of community, we adopt a sensor configuration similar to nuScenes [21]:

¢ 1x LiDAR: 64 channels, 85-meter range, 600,000 points per second

» 6x Camera: Surround coverage, 900x1600 resolution, JPEG compression (quality-level 20)

* 5x Radar: 100-meter range, 30° horizontal and vertical FoV

* 1x IMU & GNSS: Location, yaw, speed, acceleration, and angular velocity

e 1x BEV Camera: Debugging, visualization, remote sensing

* HD-Map: Lanes, centerlines, topology, dynamic light states, trigger areas for lights and stop signs

Moreover, to tackle the challenge posed by the long-tail distribution of data from both perception
and behavior perspectives, a significant bottleneck in autonomous driving [62] (approximately 75%
of the clips in nuScenes only involve the ego vehicle driving straight), we ensure the distribution
of weather conditions, landscapes, and behaviors are as uniform as possible. We add more available
locations for scenarios compared to the official routes of CARLA Leaderboard V2 as shown in Fig. 4,
enhancing the data diversity. Further, we design 5 more scenarios beyond Leaderboard V2 to enhance
behavior diversity as detailed in Appendix G. We give the distribution of scenarios and weathers and
towns in Appendix B. As illustrated, Bench2Drive dataset is rich in both perception and behavior
diversity.

For data partitioning, we segmented the driving process into short clips, each approximately 150
meters in length and containing a single specific scenario. This segmentation allows for the curricu-
lum learning [63] of individual driving skills. To cater to different computational capabilities, we
designed three data subsets: mini (10 clips for debugging and visualization), base (1,000 clips, com-
parable to nuScenes, suitable for 8xRTX3090 server), and full (10,000 clips for large-scale studies).



Table 2: Skill Set & Scenarios

Skill Scenario

Merging CrossingBicycleFlow, EnterActorFlow, HighwayExit, InterurbanActorFlow,
HighwayCutln, InterurbanAdvancedActorFlow, MergerIntoSlowTrafficV2,
MergelntoSlowTraffic,  NonSignalizedJunctionLeftTurn, = NonSignalized-
JunctionRightTurn, NonSignalizedJunctionLeftTurnEnterFlow, ParkingExit,
LaneChange, SignalizedJunctionLeftTurn, SignalizedJunctionRightTurn,
SignalizedJunctionLeftTurnEnterFlow

Overtaking Accident, AccidentTwoWays, ConstructionObstacle, ConstructionObstacleT-
woWays, HazardAtSideLaneTwoWays, HazardAtSideLane, ParkedObstacleT-
woWays, ParkedObstacle, VehicleOpenDoorTwoWays

Emergency Brake | BlockedIntersection, DynamicObjectCrossing, HardBreakRoute, OppositeVe-
hicleTakingPriority, OppositeVehicleRunningRedLight, ParkingCutln, Pedes-
trianCrossing, ParkingCrossingPedestrian, StaticCutln, VehicleTurningRoute,
VehicleTurningRoutePedestrian, ControlLoss

Give Way

InvadingTurn, YieldToEmergency Vehicle

Traffic Sign EnterActorFlow,  CrossingBicycleFlow, = NonSignalizedJunctionLeftTurn,
NonSignalizedJunctionRightTurn, NonSignalizedJunctionLeftTurnEnterFlow,
OppositeVehicleTakingPriority, OppositeVehicleRunningRedLight, Pedes-
trianCrossing,  SignalizedJunctionLeftTurn, SignalizedJunctionRightTurn,
SignalizedJunctionLeftTurnEnterFlow, TJunction, VanillaNonSignalizedTurn,
VanillaSignalizedTurnEncounterGreenLight,  VanillaSignalizedTurnEncoun-
terRedLight,  VanillaNonSignalizedTurnEncounterStopsign,  VehicleTurn-
ingRoute, VehicleTurningRoutePedestrian

3.3 Multi-Ability Evaluation

Existing planning benchmarks [28, 38, 37] assess the performance of AD systems by averaging scores
across all provided routes. This approach offers a general overview of driving capabilities but fails to
pinpoint specific strengths and weaknesses of different methods. Even worse, existing benchmarks in
CARLA like Longest6 [6] and Leaderboard V2 [28] cover several kilometers, leading to high variance
in the driving score metric. This variance arises because the infraction score penalizes errors through
cumulative multiplication, which can significantly skew results. For instance, consider three test runs
where each achieves 90% route completion, but the number of red lights run differs: 0, 1, and 2. The
corresponding driving scores would be 90,90 %0 7 = 63,and 90«0 7 + 0 7 = 44 1, which causes a
large standard deviation - 18.9 and thus makes comparison between methods unreliable.

To address these issues, we propose a more granular evaluation framework for all 44 scenarios by
designing 5 distinct short routes (around 150 meters in length) per scenario, each featuring different
weathers and towns, which result in a total of 220 routes. This approach allows people to assess AD
systems’ capabilities by isolated skills, leading to a more detailed analysis with reduced variance.
Further, we summarize 5 advanced skills for urban driving: Merging, Overtaking, Give Way, Traffic
Sign, Emergency Brake as in Table 2 and report the score of each skill. The decoupled design pro-
vides a clearer insight into which skills are effectively handled by the AD systems and which are not,
fostering a more nuanced understanding of system performance.

Formally, the evaluation set consists of 220 routes and each route defines a pair of source location
(Ggre Hgre) and destination location (Ggg Hgg) in one specific town and weather. Given raw sensor
inputs (cameras, LIDAR, IMU/GPS, etc) as well as the target waypoints, the ego vehicle should drive
from source to the destination location. We design two metrics to evaluate the performance:

* Success Rate (SR): This metric measures the proportion of successfully completed routes within
the allotted time and without traffic violations. A route is deemed successful if the ego vehicle
reaches its destination without any rule infractions. The success rate is calculated as the ratio of
successful routes to the total number of routes, as shown in Equ. 1 (left).

* Driving Score (DS): This metric follows CARLA [28] official metric as reference. It considers
both route completion and penalty for infractions. Specifically, it averages the route completion



percentages and penalizes infractions based on their severity, as depicted in Equation 1 (right).
The driving score is normalized by the total number of routes from same type or group as well.

1 Ztotal =i, penalty

— Driving Score = — Route-Completiong * 759 (1)
~total “total g_q 9=1

—success

Success Rate =

where =gccess and =gy denote the number of successful routes and total samples respectively;

Route-Completion, representats the percentage of route distance completed for the 8-th route; ?g g
means the 9-th infraction penalty on the 8-th route. Please refer to Appendix F for details about

infraction types and penalties scores.

Further, beyond the the goal achieving ability of algorithms, we propose the following two metrics

to measure the efficiency and smoothness of driving trajectories:

* Efficiency: The CARLA team has implemented a function to check whether the self-driving car’s
speed is too low. This is determined by comparing the vehicle’s speed with nearby vehicle:

Ego Vehicle’s Speed

(@)

Speed P t =
peed Fercentage Average Speed of Nearby Vehicles

This function calculates the speed percentage using the vehicle’s speed and the average speed of
nearby vehicles at current frame. CARLA Leaderboard sets four checkpoints per route and checks
the ego vehicle’s speed when the ego vehicle arrives a checkpoint. Specifically, if the vehicle is
faster than nearby vehicles, the driving efficiency would be larger than 100%. The check results are
included as a penalty in the final driving score. However, with only four checkpoints, the vehicle
must cover 25% of the total route distance before reaching the next checkpoint. This leads to a high
variance in the penalty values for low speeds, complicating the reflection of driving capabilities
in the driving scores. To alleviate this, we increase the number of checkpoints to 20. Speed check
is now performed every 5% of the total route length, and it is excluded from the driving score
calculation. The final driving efficiency metric is defined as the average of the speed percentage
over all checks. -

g Speed Percentages

Speed Check Times

If the ego vehicle fails to pass the initial 5% checkpoint, this route is not included in the final driving
efficiency metric calculation. To account for cases where abnormal speed spikes may occur (e.g.,
when the vehicle falls off the current map layer), speed percentage values exceeding 1000% are
filtered out.

Comfortness: Comfortness is closely related to human experience and thus requires comparing
autonomous driving policy with the behavior of numerous human driving experts to measure it.
For this, we follow the popular benchmark nuPlan’s [38] smoothness(also called comfort) protocol,
which evaluates ego’s minimum and maximum longitudinal accelerations, the maximum absolute
values of lateral acceleration, yaw rate, yaw acceleration, the longitudinal component of jerk, and
the maximum magnitude of the jerk vector. These variables are compared to thresholds with
default values determined empirically from the examination of nuPlan’s human expert trajectories.
Comfortness is measured based on whether these values fall within the upper and lower bounds of
the expert values.

Driving Efficiency = 3)

True if lower bound < ?3 < upper bound

Frame Variable Smoothness (FVS) = .
False otherwise 4@

? € smoothness vars 0 <8 < total frames

where smoothness variables(vars) include: longitudinal acceleration - expert bound: [-4.05, 2.40],
maximum absolute lateral acceleration - expert bound: [-4.89, 4.89], yaw rate - expert bound: [-
0.95, 0.95], yaw acceleration - expert bound: [-1.93, 1.93], longitudinal component of jerk - expert
bound: [-4.13, 4.13], maximum magnitude of jerk vector - expert bound:[-8.37, 8.37].

A trajectory is deemed Smooth only if all smoothness variables meet the smoothness criteria.

total frames
Trajectory Smoothness = FVS
8=0



In nuPlan, smoothness is determined by frame-by-frame evaluation of these variables over the
entire trajectory, which makes it susceptible to local driving behaviors. For example, if a vehicle
ahead suddenly brakes, the ego vehicle must also brake abruptly to avoid a collision. Even if the
ego’s hard brake behavior is appropriate in this case and its driving is smooth at other times, the
entire trajectory could still be judged as unsmooth, leading to unreasonable evaluation results. To
mitigate this issue, we segment the entire trajectory at a timestep interval = = 20 for evaluation.

end frame
Segment Smoothness = FVS

8=start frame

The final smoothness metric is defined as the ratio of smooth trajectory segments to the total
number of segments.

Number of Smoothness Segments
Total Segments

Smoothness =

Specifically, if the ego vehicle is blocked (speed remains below 0.1 for more than 60 seconds.),
resulting in a failure case, this segment is still be considered as smooth because its speed is safe
for human. Note that if the total frames of a trajectory are less than 20, the respective route is
excluded from the smoothness assessment.

4 Experiments

4.1 Baselines & Datasets

To establish a starting point for the community, we have implemented several classic E2E-AD meth-
ods in Bench2Drive including:

* UniAD [4] explicitly conducts perception and prediction and uses Transformer Query to trans-
port information. Together with it, we also implement the commonly used BEVFormer [10] in
Bench2Drive,

* VAD [22] also adopts Transformer Query yet with vectorized scene representation and thus im-
proves efficiency.

* AD-MLP [23] simply feeds the ego vehicle’s history states into an MLP to predict future trajecto-
ries, which is a simple baseline for history state interpolation planner.

* TCP [64] only uses the front cameras and the ego state as inputs to predict both trajectories and
control signals. It is a simple yet effective baseline in CARLA v1.

* ThinkTwice [30] promotes the idea of coarse-to-fine by refining the planning routes in a layer-by-
layer manner and distilling the expert features.

* DriveAdapter [27] proposes a new paradigm to fully unleash the power of expert model by decou-
pling the learning of perception and planning and connecting the two parts by adapter modules.

Recognizing the varied computational resources available within the community, we have trained
these baseline models on the JO0C subset (1,000 clips). We use 950 clips for training while leaving
50 clips for open-loop evaluation. We ensure that the validation set contains at least one clip for
each of 44 scenarios and the weather distribution is balanced. AD-MLP and TCP are trained with
1 * A6000 while ThinkTwice, DriveAdapter, UniAD, and VAD are trained with 8 * A100. For the
closed-loop evaluation, we run all models in CARLA with the 220 test routes mentioned in Sec. 3.3
and calculate the metric accordingly. Note that some models’ might have wrong behaviors in some
certain routes (e.g., driving to some buggy location) and cause CARLA to crash without scoring. We
treat these routes as 0 score. Please refer to Appendix C for more implementation details.

4.2 Results

In Table 3 and Table 4, we compare baselines E2E-AD methods with both open-loop and closed-loop
evaluation, which lead to the following findings:

Open-loop metric could indicate model convergence but it fails for advanced comparison.. AD-
MLP has a high L2 error and performs extremely bad in closed-loop evaluation while VAD has a
low L2 error and a decent closed-loop performance. [ 10000 [001 OO0 00000 D00 00 00000 00 000000 00



Table 3: Open-loop and Closed-loop Results of E2E-AD Methods in Bench2Drive under base
training set. Avg. L2 is averaged over the predictions in 2 seconds under 2Hz, similar to UniAD. *
denotes expert feature distillation.

Method | Open-loop Metric | Closed-loop Metric
\ Avg. 12 | \ Driving Score T Success Rate(%) T  Efficiency T Comfortness T

AD-MLP [23] 3.64 18.05 0.00 48.45 22.63
UniAD-Tiny [4] 0.80 40.73 13.18 123.92 47.04
UniAD-Base [4] 0.73 45.81 16.36 129.21 43.58
VAD [22] 091 42.35 15.00 157.94 46.01
TCP* [5] 1.70 40.70 15.00 54.26 47.80
TCP-ctrl* - 30.47 7.27 55.97 51.51
TCP-traj* 1.70 59.90 30.00 76.54 18.08
TCP-traj w/o distillation 1.96 49.30 20.45 78.78 22.96
ThinkTwice* [30] 0.95 62.44 31.23 69.33 16.22
DriveAdapter* [27] 1.01 64.22 33.08 70.22 16.01

Table 4: Multi-Ability Results of E2E-AD Methods under base training set. * denotes expert
feature distillation.

Method | Ability (%) T

| Merging  Overtaking ~Emergency Brake ~Give Way  Traffic Sign | Mean
AD-MLP [23] 0.00 0.00 0.00 0.00 4.35 0.87
UniAD-Tiny [4] 8.89 9.33 20.00 20.00 1543 14.73
UniAD-Base [4] 14.10 17.78 21.67 10.00 14.21 15.55
VAD [22] 8.11 24.44 18.64 20.00 19.15 18.07
TCP* [5] 16.18 20.00 20.00 10.00 6.99 14.63
TCP-ctrl* 10.29 4.44 10.00 10.00 6.45 8.23
TCP-traj* 8.89 24.29 51.67 40.00 46.28 34.22
TCP-traj w/o distillation 17.14 6.67 40.00 50.00 28.72 28.51
ThinkTwice* [30] 27.38 18.42 35.82 50.00 54.23 37.17
DriveAdapter* [27] 28.82 26.38 48.76 50.00 56.43 42.08

00000000000 000 O0ooD [iooot 0o 00000I DolO0DOg, i.e., when the L2 error is very high, there should be
something wrong within the system. In this case, AD-MLP does not use raw sensors, which is similar
to drive blindly and thus infeasible to fit the dataset. Notably, different from findings in nuScenes [2 1],
AD-MLP fails to achieve decent L2 error in Bench2Drive, due to the better behavior diversity as
shown in Fig. 5. On the other hand, UniAD-base has a lower L2 error compared to VAD yet with
worse closed-loop performance, aligning with findings in [19, 24]. Open-loop evaluation ignore the
issues including distribution shift [25] and causal confusion [26, 27] and thus fails to give meaningful
comparsion for models with good fitting of dataset, demonstrating the importance of closed-loop
evaluation. For efficiency and smoothness, we could observe that AD-MLP has the lowest efficiency
due to its quick failure and stuck. UniAD has higher efficiency and smoother trajectories compared
to TCP-traj, demonstrating the effectivenes of the UniAD’s post optimization for the planning head.

Expert feature distillation offers important guidance. As pointed out in [49, 50], due to the high-
dimensional input space of AD, i.e., multiple images and point clouds, E2E-AD methods tend to
overfit. The features from expert, which already possesses strong driving knowledge, could be help-
ful to mitigate the issue by distillation. As a result, methods (TCP/ThinkTwice/DriveAdapter) with
expert feature distillation outperforms those without (VAD/UniAD) by a large margin. From the com-
parison between TCP-traj with and without distillation, we could observe similar trend. However, in
the real world setting, it could be difficult to obtain expert features, which worths further study.

Interactive behaviors are difficult to learn. All models’ scores of skills regarding strong interaction
(Merging, Overtaking, and Emergency Brake) are unsatisfying. It might come from two perspectives:
(I) Long-tail issue. Even though we ensure that the number of clips for different scenarios are similar,
there are only a few frames within one clip are about interactive behaviors. As a result, it might be
challenging for the learning. (II) Imitation learning paradigm. Direct supervised training of control
signals or trajectories might fail to give guidance regarding the gaming, thinking, and reasoning
process of interaction. More advanced training paradigms could be a promising direction.
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Figure 5: Distribution of ego vehicle’s future location. Bench2Drive possesses more turning tra-
jectories, indicating better action diversity and thus providing better training data and having less
gap between open-loop and closed-loop evaluation.

4.3 Case Analysis

We conduct visualizations and upload the results to https://github.com/Thinklab-SJTU/
Bench2DriveZoo/blob/uniad/vad/analysis/analysis.md. For all five abilities, we choose
some representative scenarios to visualize, where some baselines success and some baselines fail for
the ease of comparison and analysis. We give the corresponding failure analysis so that the users and
practioners could have a sense about the pros, cons, and future works of existing E2E-AD methods.

5 Conclusion

In this work, we present Bench2Drive, a new benchmark tailed for closed-loop evaluation of end-to-
end autonomous driving methods. We open source a fully-annotated large-scale dataset as the official
training set and a multi-ability evaluation toolkit for the granular driving skill assessment. State-
of-the-art E2E-AD methods are tested in Bench2Drive with their pros and cons evaluated, which
provides insights for the future direction.

Limitations: Since the rendering of simulation in CARLA has gaps compared to real world, utilizing
real world datasets could be complementary as done in the concurrent work - NAVSIM [65]. Actually,
there is a dilemma in the field for the evaluation of end-to-end autonomous driving algorithms:

Source of Images Pros Cons

Real World Datasets Realistic  Non-Reactive
Simulation Rendering  Reactive ~ Cartoon Style

Generative models like diffusion models [66] might have the potential to provide realistic and reactive
rendering, with some pioneering works in the field [67-69]. However, the illusion and artifact issue
of diffusion requires further exploration.

Social Impact: The deployment of AD systems holds immense potential to revolutionize transporta-
tion, but it also brings significant ethical and safety concerns. Bench2Drive could serve as a platform
for rigorously validating the capabilities of AD systems in a controlled and simulated environment,
helping to identify potential flaws before real-world deployment. One of the primary risks is the
simulation-reality gap—the difference between how an AD system performs in simulation versus
in the real world. Simulations have the difficulties to fully replicate the complexities and unpre-
dictability of real-world driving conditions. There is a risk that an AD system might perform well in
simulation but fail in real-world scenarios due to unmodeled factors like rare edge cases, unexpected
human behaviors, or varying environmental conditions. Bench2Drive is intended to complement,
not replace, real-world testing, and it is crucial to emphasize that simulation is one part of a broader
validation process that must include extensive on-road testing.
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TQFFECZEJOFSFOUJBUJOHEVSJOHUSBJOJOHPGCBTFMJOF NFUIPET *
BOE*.6 DPVMECF/POF 8FQBEUIFTFWBMVFT XJUl EVSJOHUSBJOJOH *
BSFPOUIFHSPVOEBOE UIVTUIFSFJT OP CPVOEJOH CPY 5P DPNQFOTBL
XJUI SFDUBOHMFT UP EFOPUF UIFJS USJHHFS WPMVNF *7 4PNF TUBUJI
XSPOH CZ"1* 5IVT XFVTFUIFDPSSFDUDFOUFSBOEFYUFOUUPPCUBJO

OCKFDU $MBAOMIJEFSJOH EJOFSFOU BUUSJCVUFT PG EJOFSFOU PCKFDUT
GPVS NBJO UZQFT BOE TUPSF UIFN HSPVQ CZ HSPVQ 7FIJDMF 5SBRD 4
UusJBO 7FIJDMFTBSF GVSUIFS TVCEJWJEFE JOUP TUBUJD BOE EZOBNJD
UJPOBSZUISPVHIPVUUIFFOUJSFTDFOBSJPBOEBSFEJTUJOHVJTIFECZE
,TUBUJD QSPQ NFTI, 'PS5SBRD 4JHOT UIFZDPOTJTUPGTQFFE@MJINJU
JOH@TJHO JODMVEJOH XBSOJOH DPOTUSVDUJPO USBRD XBSOJOH BO
DPOF /PUBCMZ TIJHOTJOWPMWJIOHUSJHHFS@WPMVNF TVDIBTTQFFEQ
IBTUSJHHFS WPMVNF XIFSFXFTUPSFUIFSFDUBOHMFBT XFMM 5IFDPPS
BSFPCUBJOFEGSPNUIFDFOUFSBOEFYUFOUPGUIFISBDUPSDMBTT XI.
WFSTJPO EVFUPJOBDDVSBUF DPPSEJOBUFT 'PS 5SBRD -JHIUT UIF USJ
TIHOTBOE MJHIUT BSF SFMBUJWF UP UIFBDUPS XIJDI SFRVIJSFT FYUSB
DPOTJTUT PG UXP QBSUT UIF QPMF BOE UIF MJHIU TIHOJUTFMG XIJMF |
UIF MIJHIUT TJHOT

$PPSEJOBUF @@MUER UIF : EPXO SJHIU IBOE TZTUFN VTFE CZ /VTDFOFT
UIF 60SFBM &OHJOF DPPSEJOBUF TZTUFN XIJDIJT B ; VQ MFGU IBOE DI
PSJFOUBUJPO XJUISFHBSE UP UIF/PSUI < >JO60OSFBM &OHJOF
JOUIF MFGU IBOETZTUFNJT UIFUB JO UIF DPNQBTT NJOVT QJ *O SBS
WBMVFT XIJDIOFFEUP CFNBOVBMMZ PMUFSFE

.BQ *OGPSNBUIP®W .BQJIJT PSHBOJ[FE JOUP SPBE@JET XJUIl MBOF@JOEFY
UIF XPSMEDPPSEJOBUFT BOE PSJFOUBUJPOT PG QPJOUT MBOF UZQF D
MBOF@JET MFGU SJHIU BOE DPOOFDUFE SPBE JET BOE MBOF JET BT



5BCMBFTPVSDF SFRVJSFNFOUT GPS USBJOJOH PO CBT%IFFU BOE FWBMY\
USBJOJOHPG 60J"% DPOTJTUT PG #&7'PSNFS TUBHF BOE TUBHF

5SBJOJOH &WBMVBUJPO
"o -1 " EBZ " IPVST
5%1 " EBZ " IPVST
7" % ) EBZT ) EBZT
60J"% CBTF ) EBZT ) EBZT

*+VODUJPO+s ¢/PSNBMe ¢&OUFS/PSNBMes ¢&OUFS+VODUJPO+ «1BTT/PSNE
.VMUJ$IBOHFe PS «4UBSU/PSNBM.VMUJ$IBOHFes 5IF5SIJHHFS@7PMVNFT
TIJHOT XIFSF «1PJOUT TQFDJGZ UIF WFSUJDFTs MPDBUJPOT PG UIF USJt
PS «5SBRD-JHIUs BOE *1BSFOU"DUPS@-PDBUJPO* QSPWJEFT EFUBJMT F
BTTPDIJBUFE XJUIUIFUSJHHFS WPMVNF

%BUB $PNQSPTSIFEPMDF PMF TIJ[P GFNBEPRUTFHE DPNQSFTTFEEBUB GPSNBU
BSFDPNQSFTTFEVTJOH=-20( 3B BMWAFRYBBIUQ®W IVNBM HBQ EVSJOHDMPTFE M
XFEBMTP VTFJO NFNPSZ +1(DPNQSFTTJPOBOE EFDPNQSFTTJPO EVSJOH
UJPOBOEEFQUIEBUBBSFTUPSFEBT1/(PMFT 8FVTFBTQFDJBMJ[FE BMI
PVS -J%"3 QPJOUDMPVET +40/ PMFTBSFDPNQSFTTFEVTJOH (;*1

# %JTUSJCVUIJPO PG 4DFOBSJPT 5PXOTBOE 8FBUIFST

"TTIPXOJOUH EJTUSJCVUJIJPO PG XFBUIFSTBSFOFBSMZVOJGPSN XIJMF
EPNJOBUFE CZ5PX0O BOE 5PXO SIFIJNCBMBODF DPNFT GSPN UXP QFS
MJLF5PXO BOES5SPXO BSFEFTIJHOFEPOQVSQPTFCZ$"3-"UFBNUPCFN
TPUIBUUIFDPNNVOJUZ DPVME FYQMPSFBQQMJDBUJPOTJO DJUZ MFWF
MBSHFSUPXOT GPS NPSFEJWFSTF MBOETDBQFT ** -PUTPGOFXTDFOB
SFDFOUMZ BOE UIVT PME UPXOT EP OPU TVQQPSU UIF MBZPVUT SFRVJS
QBSUJOHFYJU SFRVIJSFTUIFFYJTUFODFPGPUIFSQBSLFEWFIJDMFT "T
JOOFX UPXOTUPFOTVSFUIFCBMBODFPG TDFOBSJP UZQFT

$ *NQMFNFOUBUJPO %FUBJMT PG #BTFMJOFT

'PSBMMCBTFMJOF & & "W NFUIPET XFTUSIJDUMZ GPMMPX UIFJS PRDJBM
BOEDPOPHT 5IFSFBSFBGFXNPEJPDBUJPOT * '"PSNFUIPET XJUIPCKFL
UIF EFUFDUJPO DMBTTF TsB B*D P4BREIE BIRIMPMBFBUJPO PG #FODI %SIJWF JT JC
OV4DFOFT XJUICPVOEJOHCPYFTJTJO )[ %VFUP #FODI %SJWFT MPOHF
BQQSPYIJNBUFMZ Y GSBNFTDPNQBSFE UP OV4DFOFT ZFU XJUIIJHIFS SH
EFNBOEJOH NFUIPET MJLF 60J"% 7"% 5IJOL%XFJCD)H‘:D%TSDWIHQEBSSI;F[EFL.‘BPXF U ¢
UIFPSJHJOBM WFSTJPO 8F PCTFSWF TIJNJMBS MFWFM PG MPTT EVF UP T
4JODF 51JOL5XJDF BOE %SIJWF"EBQUFS SFRVJSF FYQFSU-T #&7 GFBUVSF
SFHFOFSBUF UIPTF FYQFSU GFBUVSF "EEJUJPOBMMZ GPS GBJS DPNQB
CPUIPGUIFNJOUP DBNFSBT XJUIPVU -J%"3

% 5SBJOJOHBOE &WBMVBUJPO 3FTPVSDF SFRVIJSFNFOUT

8F SFQPSU SFTPVSDF SFRVJSFNFOUT PG USBJOJOHBOE FWBMVBUJOH CI
DPVMECF MJOFBSMZTQFFE VQ XJUINPSF (16T UP QBSBMMFMZ FWBMVBU

KiiTh,ff+ "H X 2 /i?2/Q+bXBQf2MfH i2bif+ i HQ;m2np2?B+H2bf



'JHVSEDFOBSJP %JTUSJCVUJPO PG #FODI %SIJWF %BUBTFU

'JHVSEVHHFE BFOEFSJOH PG $"3-"



'JHVSBPXO BOE 8FBUIFS %JTUSJCVUJPO PG #FODI %SJWF %BUBT

& #FIBWJPS .PEFMPG/1$"HFOUT

*O $"3-" UISFF CFIBWJPS URQBFT 'BSFORB ¥V UB@RENBMEHHSFTTIWF
5|FTFCFIBWIJPSUZQFTHPWFSOUIFESIJWJOHBDUJPOTPG/1$T JOQVFOD
UP PUIFS WFIJDMFT BOETBGFUZQSPUPDPMT S5IFLFZQBSBNFUFST GPS

TNBY@TQMHRET UIF NBYJNVNTQFFE LN | UIBUBO /1$WFIJDMFDBO SF

TTQFFE@QMIB@EZEFVO LN IUIBUEFPOFTIPXGBS ZPVSWFIJDMFT UBSH
UIFDVSSFOUTQFFE MJNJU

TTQFFE@QEFPBSFBIFMT UIFEFDFMFSBUJPO PG UIF/1$ XIFOBQQSPBDI
BIFBE

tTBGFUZ@UUMNNWBUFT UIFUJNFUPBDPMMJITIPOJG UIFWFIJDMF JO G

tNJO@QSPYINIJUZW@WRASFTIBPMENJOJNVN EJTUBODF CFGPSF UIF /1% U
TVDIBT FWBTJWF NBOFVWFSTPS UBJMHBUJOH

tCSBLIJOH@EIIFUBIODBODF BU XIJDIUIF/1$ QFSGPSNTBO FNFSHFOD
DPMMIJITIPO

tUBJMHBUF@DPVOUFS UIBU QSFWFOUTUIF/1$ GSPNJOJUJBUJOH B !
UPPTPPOBGUFS UIFMBTUPOF

5I/FTF CFIBWIJPS EFTJHOT JOUFSBDU XJUIUIF FHP TFMG ESJWJOH WFIJ
UIFQSFTFODFBOEBDUJPOTPGUIF FHP WFIJDMFJO UIFTINVMBUJPO 51
TUZMFT BSFBT GPMMPXT

SBCMF $PNQBSJTPO PG $BVUJPVT /PSNBM BOE "HHSFTTJWF CFIE
IBSBNFUFS $BVUJPNWPSNBMHHSFTTIWF
NBY@TQFFE LN |
TQFFE@MIN@EJTU LN |
TQFFE@EFDSFBTH LN |
TBGFUZ@UJNF TEDPOET
NJO@QSPYJIJNJUZ@UISFTIPME NFUFST
CSBLIOH@EJTUBODF NFU|FST
UBJMHBUF@DPVOUFS UJNFT

5l1F SVMF CBTFE CFIBWJPS ERDBWIRFPC e0AEPOROOENMBZFS DIBSBDUFS /1%
WFIJDMFTJT TIPXO CFMPX

5IFCFIBWIJPS PG XBMLFST QFEFTUSJBOTJT

DI
BDPOTUBOUTQFFE XJUIUIFJOBCJMJUZ UP X

UFSJ[FECZUIFJSDPC

BSBD
BMLCBDLXBSE *OBVUPOPF

S
M



"MHPSJURP® 1MBZFS $IBSBDUFS /1% 7FIJDMFT #FIBWJPS %FDJTJPO

6QEBUF WFIJDMFRT TVSSPVOEJOH JOGPSNBUJPO
JGFE MREHUWPQ TIHOWHFOFDUFE
SFUVZX2 ;2M+vnbiQTUV
FOE JG
JQFEFTUSIBBERRWADOESBLIOHB®IJTUBODF
SFUVZ2X2 ";2M+vnbiQTUV
FOE JG
JBUIFSWFIJDMFOFBSCZ
JEJUIJOCSBLJOHFB®IJTUBODF
SFUVZX2 ;2M+vnbiQTUV
FMTF
SFUWVWSOn7QHHQrBM; UV
FOEJG
FMTFRBWFIJDMF BB O0AUWSO MFGIPRE SO SIJHIU
/IDmbinbT22/nHBKBiUV
SFUVIS® @$POUSPM
FMTF@QBSNBM ESJWJOHDPOEJUJPOTUIFO
K BMi BMnbT22/nHBKBiUV
SFUVIS®@$POUSPM
FOE JG

5BCMFOGSBDUJPO 5ZQFRFMMPXB®HZIH2 /2 #Q /X+ "H XQ ;f
*OGSBDUJPO1FOBMUZ [/PUF

IFEFTUSJBO $PMMJTJPO 1VOJTIFEFWFSZJOGSBDUJPO
7TFIJDMFT $PMMJTJIPO I1VOJTIFEFWFSZJOGSBDUJPO

OUIFS $PMMJTJPO 1VOJTIFEFWFSZJOGSBDUJPO

3VOOJOH 3FE -JHIU 1VOJTIFE FWFSZJOGSBDUJPO

4DFOBSJP 5JNFPVU 'BIMUP QBTTDFSUBJO TDFOBSJPT JO N.
SPP 4MPX 'BIJMUP NBJOUBJOB TVJUBCMF TQFFE XJUI TVSSP\
/P (JWF 8BZ '‘BIJMVSFUP ZJFMEUP FNFSHFODZ WFIJDMF

00 SPBE /IPUDPOTJEFSFEJO SPVUFDPNQMFUJPO

3PVUF % FWJBUJPO %FWJBUFT NPSFUIBO NFUFST 4IVUEPXO JNNFE]J
"HFOU #MPDLFE /P BDUJPO GPS TFDPOET 4IVUEPXOJNNFEJBUFNM
3PVUF 5IJNFPVU &YDFFE UIFNBYIJNVNUJNFMJIJNJU 4IVUEPXO JNNFE

TBGFUZ JT PG VUNPTU JNQPSUBODF 1FEFTUSJBOT IBWF UIF IJHIFTU Q¢
JOUFSBDU XJUIIVNBOT BOEBVUPOPNPVTWFIJDMFTTIPVME MFBSO UPH

USBRD DPOEJUJPOT

" %9FUBIJMTBCPVU *OGSBDUJPO 4DPSF

*O5BCMFHIJWFTUIFQFOBMUZTDPSF PG FBDIJOGSBDUJPO EFTJHOFE CZ

( %FTDSJQUJIJPO PG 4DFOBSJPT

#FODI %SJWF QSPWJEFT DPSOFSTDFOBSJPT FYUFOEFEGSPN $"3-"-FB

BCPVUUIFN CFMPX
$POUSPM-PTT
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