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Abstract

End-to-end autonomous driving has achieved remarkabl
progress by integrating perception, prediction, and plannin,
into a fully differentiable framework. Yet, to fully realiz
its potential, an effective online trajectory evaluation is ir
dispensable to ensure safety. By forecasting the future ou.
comes of a given trajectory, trajectory evaluation become
much more effective. This goal can be achieved by en
ploying a world model to capture environmental dynamic
and predict future states. Therefore, we propose an enc
to-end driving framework WoTE, which leverages a BE'
World model to predict future BEV states for Trajector
Evaluation. The proposed BEV world model is latenc)
efficient compared to image-level world models and can b
seamlessly supervised using off-the-shelf BEV-space traffi.
simulators. We validate our framework on both the NAVSIM
benchmark and the closed-loop Bench2Drive benchmark
based on the CARLA simulator, achieving state-of-the-art
performance. Code is released at https://github.
com/1iyingyanUCAS/WoTE.

1. Introduction

End-to-end autonomous driving [6, 30, 35] has achieved re-
markable success in recent years and garnered widespread at-
tention. While most approaches [21, 23, 25] primarily focus
on predicting a high-quality trajectory, recent works [7, 27]
suggest that predicting multiple trajectories simultaneously
better reflects the multi-modal nature of driving and leads
to improved performance. Given these multiple possible
trajectories, it becomes crucial to effectively evaluate them
in order to ensure the safety and reliability of end-to-end
autonomous driving systems.

Traditional trajectory evaluation methods are rule-
based [10, 14, 20, 37] and rely on perception results, such
as bounding boxes and maps, to assess trajectories. These
methods are sensitive to perception inaccuracies and may
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Figure 1. The illustration of end-to-end trajectory evaluation
with BEV world model. (a) Previous end-to-end driving methods
primarily focus on learning a high-quality trajectory. (b) Our WoTE
consists of end-to-end trajectory prediction and evaluation. First,
we predict multi-modal trajectories. Next, given these trajectories,
we leverage the BEV world model to predict the corresponding
future BEV states. The reward model evaluates these trajectories
based on the predicted states and assigns rewards, selecting the
highest-reward trajectory.

not be directly optimized in an end-to-end manner. Recently,
some end-to-end driving approaches [7, 27] have incorpo-
rated trajectory evaluation. Their evaluations rely on the
current state. However, evaluating a trajectory candidate is
particularly challenging without knowledge of the future led
by this trajectory. Similar to human drivers, who anticipate
futures before making decisions, a trajectory evaluation net-
work would benefit from predicting the corresponding future
states of trajectory candidates.

To effectively predict future states, it is intuitive to adopt
methodologies from reinforcement learning, where world
models have successfully facilitated future state predictions.
In reinforcement learning, model-based methods [5, 18, 32]
have consistently shown superior performance compared to
model-free approaches [17, 29], largely due to their ability of
modeling the environmental dynamics and reasoning about
future scenarios through world models. Inspired by this suc-
cess, we propose adopting a world model [15, 19, 38—40]
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within end-to-end autonomous driving frameworks to facil-
itate accurate prediction of future states, thus significantly
improving trajectory evaluation.

However, leveraging the world model for trajectory eval-
uation presents some technical issues. First, a good repre-
sentation of future scenarios is needed. Many existing world
models for driving [19, 38, 40] predict the images of future
scenarios with diffusion models [33], which can be time-
consuming and not suitable for real-time driving. Second,
we lack supervision for future states. Supervising the pre-
dicted future states of the world model is difficult because
world models need to imagine multiple future states based
on the multiple trajectory candidates, while only one future
state is available in the real-world datasets.

To address these technical issues, we propose WoTE as
shown in Fig.1. We propose to predict future states in the
BEV space. The information in BEV space is much more
compact than in raw images, which enables a more effi-
cient single-step feed-forward future prediction than the
time-consuming multi-step denoising in previous driving
world models [19, 38, 40, 45]. This characteristic of BEV
space makes WoTE highly suitable for real-time driving ap-
plications. Additionally, the predicted future BEV states
can be easily supervised using off-the-shelf BEV-space traf-
fic simulators such as nuPlan [3, 16]. These simulators
model the scenario in BEV space by representing the map
and objects using BEV semantic maps, creating a dynamic
simulation of the driving environment. Consequently, we
can use the BEV semantic maps from these simulated sce-
narios as supervision for the prediction of the BEV world
model. Moreover, these simulators are equipped with well-
established evaluation rules to assess the simulated future
BEV scenarios, which provide target rewards.

We validate our framework on both NAVSIM [11] bench-
mark and closed-loop Bench2Drive [24] benchmark based
on the CARLA [13] simulator and achieve state-of-the-art
performance. Our experiments show that incorporating fu-
ture states into trajectory evaluation is essential for improved
performance. Additionally, the trajectory evaluation module,
built on the world model shows great generalization ability
across diverse trajectories. Our contributions are as follows:

* We highlight the importance of utilizing imagined future
states for trajectory evaluation in end-to-end autonomous
driving.

¢ We introduce WoTE, which consists of an end-to-end tra-
jectory evaluation module based on a BEV world model.
The world model in BEV space enables efficient real-time
future prediction and overcomes the scarcity of multi-
future supervisions.

¢ WOoTE is validated on both the NAVSIM [11] benchmark
and the closed-loop CARLA-based Bench2Drive [24]
benchmark, achieving state-of-the-art performance.

2. Related Works

2.1. End-to-end Autonomous Driving

End-to-end autonomous driving [7, 22, 25, 43] is to train a
model that directly maps sensor inputs to trajectories or con-
trol signals instead of decomposing the driving task into tra-
ditional sub-tasks. These works can be divided into two cate-
gories according to the training paradigm: imitation-learning-
based and reinforcement-learning-based. Imitation learn-
ing is the most common practice in end-to-end autonomous
driving. Their predicted trajectories are supervised by the
expert trajectories. For instance, P3 [34], takes a differen-
tiable semantic occupancy as the intermediate representation
and learns actions from human trajectories. Following this,
ST-P3 [21] learns spatial-temporal features for perception,
prediction and planning tasks simultaneously. UniAD [22]
proposed goal-oriented planning, combining and leveraging
advantages of perception and motion prediction modules.
VAD [25] introduces vectorized representations for end-to-
end planning. There are also some reinforcement-learning-
based methods. For example, MaRLn [36] utilizes implicit
affordances to develop a reinforcement learning algorithm.
LBC [4] trained a vision-based sensorimotor agent from the
privileged agent. Combining imitation learning and rein-
forcement learning, Hydra-MDP [27] utilizes knowledge
distillation to obtain supervisions from both rule-based plan-
ners and human drivers. It is a promising research direction
as more supervisions are utilized.

2.2. Trajectory Evaluation

Trajectory evaluation is essential for ensuring the reliabil-
ity and safety of autonomous driving systems. We divide
the main trajectory evaluation methods into two categories:
model-free and model-based. Model-free methods directly
assess the learned policy using observed data without ex-
plicitly modeling environmental dynamics. For instance,
Monte Carlo policy evaluation [1] uses the empirical mean
return as the metric. The value function approximates the
expectation based on sampled returns. Temporal-difference
learning [9] uses bootstrapping, where the current estimate
of the value function is used to generate target values for
updating the value function. Subsequently, model-based tra-
jectory evaluation methods [12] have gained increasing pop-
ularity in recent years. By leveraging learned world models
that capture environmental dynamics, these methods enable
more accurate and predictive policy evaluation. For exam-
ple, PPUU [18] measures policy performance by quantifying
uncertainty in predicted future states. Rails [5] evaluates
trajectories through a tabular dynamic programming mecha-
nism, and MARL-CCE [32] employs learned environmental
dynamics to assess multi-agent policies in driving scenar-
ios. However, these methods often rely on explicit trajectory
representations and non-differentiable metrics, which limits
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their end-to-end optimization capabilities. In contrast, our
approach evaluates trajectories using BEV features and en-
coded trajectory embeddings, enabling fully differentiable
and thus end-to-end trajectory evaluation.

3. Method

In this section, we introduce four key components of
WOoTE: Trajectory Predictor (Sec. 3.1), BEV World Model
(Sec. 3.2), Reward Model (Sec. 3.3) and BEV Space Su-
pervision (Sec. 3.4). As illustrated in Figure 2, our method
integrates future state prediction via the BEV World Model
and reward prediction via the Reward Model within a unified
framework. Specifically, the Trajectory Predictor encodes
the multi-modal observations into BEV state, represented as
a BEV feature map, and provides multiple trajectory propos-
als. The BEV World Model predicts corresponding future
BEV states based on these trajectory proposals. With the
help of future states, the Reward Model predicts the reward
of each trajectory. Finally, we choose the trajectory with the
highest reward as the final trajectory.

3.1. Trajectory Predictor

As shown in Figure 2 (a), the Trajectory Predictor aims to
predict multiple trajectory candidates. First, the BEV en-
coder encodes the multi-modal sensor inputs into a unified
BEV feature map. Then, given trajectory anchors, the tra-
jectory refinement module refines trajectories based on the
BEV feature map. We will now describe each part in detail.

Multi-modal BEV Encoder. Following TransFuser [31],
our method leverages multi-modal sensor inputs, including
LiDAR and multi-view RGB images. We use a BEV en-
coder [31] to transform the current multi-modal inputs into
a unified BEV feature map B € R"***¢, For convenience
in the following text, we refer to the BEV feature map as the
BEV state. h and w represent the height and width of the
BEV state, while ¢ denotes the number of channels.

Trajectory Anchors. Following methods in [7, 27], we
generate trajectory anchors 7 by K-Means clustering. This
clustering is performed on all the expert trajectories collected
from the training dataset. The number of trajectory anchors
is denoted as V.

Trajectory Refinement. As illustrated in Figure 2 (a), the
trajectory refinement module takes the trajectory anchors
and the current BEV states as inputs to predict the refined
trajectories. Specifically, we first use a trajectory encoder
TE, which is implemented by an MLP, to encode the tra-
jectory anchors 7 into feature vectors. Then, these feature
vectors are used as queries to perform cross attention with
the current BEV state B, which serves as both the key and

value. The output of the cross-attention is then fed into an
MLP head to predict the offsets. The offset is added to the
trajectory anchors to produce the refined trajectories. The
entire process can be expressed as:

7 = 7 + MLP(CrossAttention(TE(7), B, B)), (1)
where 7 is the refined trajectories.

3.2. BEV World Model

In this section, we use the BEV World Model to predict the
future BEV states, as illustrated in Figure 2 (b). The process
is divided into two steps. First, the current BEV state and
refined trajectories are combined to form the inputs for the
world model. Next, the world model recurrently predicts
future states over multiple time steps.

Input of World Model. Given N refined trajectories 7
and the current BEV state B; at time ¢, we construct N
state-action pairs as the inputs of world model. We use
the trajectory encoder TE in Eq. I, with shared param-
eters, to encode 7 into action embeddings A;. Given
A, = {a},a?,...,al'}, each state-action pair is repre-
sented as (By,al), wherei € {1,...,N}.

Recurrent Future Prediction. Given the state-action
pairs, we use a world model to predict their corresponding
future states. In contrast to prior work [40], which predict the
future in image space, we build a world model in BEV space
as it is much more efficient. In detail, given a state-action
pair (By,a’), we flatten B; into hw feature vectors. The
dimension of each vector is c. Then we concatenate these
vectors with the action embedding a, resulting in a total of
hw+1 feature vectors, namely F; € R("w+1)xc F. are then
fed into the world model, whose network architecture is a
transformer encoder, as F;y; = TransformerEncoder(F';).
The output of the world model consists of & x w + 1 feature
vectors, corresponding to the predicted future states B! 11
and future actions a; , ;. In summary, we can formulate this
process in the following equation:

(Bi,,.al,,) = WorldModel(B,, a!), )

Furthermore, this world model is able to predict the states
Bj, i of the future K steps in a recurrent manner, as shown
by the following equation:

(Bl k,al k) = WorldModel(B}, ;_1,al, x_1). (3)

The process above is conducted for every state-action pair
in a parallel manner. It is important to note that the size of
BEV states is relatively small (e.g., h = w = 8), so the
world model does not introduce significant computational
overhead. Next, we introduce the Reward Model, which
predicts rewards for a trajectory based on its future states.
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Figure 2. Overall structure of WoTE. Our model predicts and evaluates trajectory in an end-to-end manner. It is mainly divided into
two parts. (a) Trajectory Prediction: the BEV encoder encodes the multi-modal observations into a BEV feature map (state) and proposes

multiple trajectory candidates. (b) Trajectory Evaluation: Given the

current BEV state and trajectory candidates, we leverage the BEV World

Model to predict the corresponding future BEV states of these trajectories. The Reward Model then predicts rewards with the help of future
BEV states. The trajectory with the highest reward is selected as the final trajectory.

3.3. Reward Model

In this section, we first present the reward types and then
describe how they are learned.

Reward Types. Following [27], we have two types of
rewards: the imitation reward and the simulation reward.
The imitation reward i, measures how well the predicted
trajectory mimics an expert trajectory. The detailed im-
plementation will be introduced in Sec. 3.4. The simu-
lation rewards 7, measures trajectory quality based on
simulator-defined criteria. Following [11], we assess tra-
jectories using the following five criteria: no collisions (NC),
drivable area compliance (DAC), time-to-collision (TTC),
comfort (Comf), and ego progress (EP) As a result, we
have rgy, = {rNC, DAC TTC ,.Comf ,EP Y “Given ry, and
T'sim» the final reward 7y, 1s defined as

sim? Slm 7 sim 7 §1m blm

NC DAC
Tfinal = — (wl log 7im + w2 log Tsim T+ W3 log Tsim

)

“)

TTC Comf EP
sim + 27as1m + 5rslm

+ wy log (5r

where w; are hyper-parameter.

Reward Prediction. Our method needs these rewards for
trajectory evaluation in the inference time, so we propose

reward prediction. Take the i-th refined trajectory 7; for
illustration, the previous approaches [27] typically predict
a reward based solely on the current state. With the help of
the world model, our reward model predicts the reward r;
of i-th trajectory based on both the current BEV state and
future K steps BEV states. This process is illustrated in the
following equation:

r; = RewardModel(B;, a%y,), 5)
where Bj, = cat([B;,Bj,,,...Bj, g]) and aj; =
MLP(cat([a},a; ..., a}, x])). cat([-]) represents the con-
catenate operation along the channel dimension. In detail,
Reward Model consists of three parts. It first applies 2D
convolutions to B, to aggregate information from different
regions and time steps of the BEV states. Next, a global
average pooling is applied to form Bp,or € R€, cis the chan-
nel dimension. We then fed S* = cat([Bpool, @), where
S* € R2¢, into an MLP head to predict the reward r; € R™,
where m denotes the number of reward. Next, we intro-
duction the definition of these rewards and select a final
trajectory based on these rewards.

The refined trajectory with the highest final reward is
selected as the final trajectory. Next, we introduce the super-
vision of these predicted rewards and BEV states.
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3.4. Supervision in BEV Space

The world model predicts multiple future feature states cor-
responding to different trajectories. However, supervising
these predictions in the image space is challenging, as driv-
ing logs provide only a single future trajectory. To address
this, we propose supervising in the BEV space. Supervising
in BEV space alleviates the difficulty of accurately modeling
future states in image space while also improving computa-
tional efficiency. Many real-world traffic simulators support
traffic simulations in the BEV space. They generate realis-
tic and reliable future BEV scenarios along with rewards.
We adopt nuPlan [3] as our traffic simulator for its broad
adoption and realistic scenario simulations.

Supervision of BEV States. For BEV state supervision,
we decode a semantic BEV map based on the BEV state to
enable explicit supervision as Figure 2 (b) shows. We utilize
upsampling and transposed convolution layers to decode a
BEV semantic map from the BEV state. The dimension of
the BEV semantic map is H x W x L, where L denotes
the number of semantic classes. This BEV semantic map
provides a comprehensive representation of a BEV scenario,
covering classes including background, road, walkways, cen-
terline, static objects, vehicles and pedestrians. Each element
is represented as a one-hot encoded channel in L. For each
time step ¢ + k, We use Focal Loss [28] to supervise the
predicted BEV semantic map B, 1, as

Lgey = FocalLoss(Byx, B}, 1), (6)

where B}, is the ground truth simulated BEV semantic
map at time ¢ + k provided by the simulator.

Supervision of Simulation Rewards. Regarding the sim-
ulation rewards, we leverage the simulator to produce five
rewards for evaluating a trajectory. Specifically, given the
i-th trajectory 71, the simulator simulates the future location
of the other agents and ego vehicle and produces a simu-
lated future BEV semantic map with agents. Next, it uses a
rule-based evaluator to evaluate this simulated future BEV
scenarios for producing the corresponding target simulation
rewards of 71, Given the rewards provided by the simulator,
we use the Binary Cross Entropy (BCE) loss to supervise
the predicted simulation reward rg,,. As a result, the loss is
formulated as
:érxard - BCE(Tsimv T:im)' (7
Supervision of Imitation Reward. In addition to the su-
pervision from the simulator, our framework is also guided
by the expert driver.
We compute the target of imitation reward by first calcu-
lating the L2 distances d; between the ¢-th trajectory anchor

and an expert trajectory. Then, we apply the negative of
these distances from N trajectory anchors to the softmax

function, yielding: r}; , = %.
’ j=1 —aj

jectory anchor closer to the expert trajectory than others will
receive a higher reward. As a result, the imitation reward
ri € RY quantifies the similarity of each trajectory anchor
to the human trajectory. The predicted imitation reward 7y,
which is produced by Eq. 5, are supervised using the Cross
Entropy loss as

Intuitively, a tra-

reward = CrossEntropy (7im, 7y, )- (8)
Supervision of Trajectory. For supervising the refined
trajectories, we adopt the commonly used winner-take-all
strategy [46]. In this strategy, we select the trajectory anchor
that is closest to the expert trajectory. Only the corresponding
refined trajectory of this anchor will be supervised. Let this
trajectory anchor be denoted as 7,. We use the L1 loss to
measure the difference between the expert trajectory 7" and
the refined trajectory 7; as

Etraj = |7A_1 - 7_*|- (9)

Instead of supervising all refined trajectories, we focus solely
on the most optimal one. This strategy helps the model
capture a diverse range of trajectory patterns, with each
anchor specializing in a particular trajectory modality.

The overall training loss Lo, is as follow:

Lol = Loy + Lm0 o+ Lo g + Linaj- (10

4. Experiments

4.1. Benchmark

NAVSIM Dataset The NAVSIM dataset [11] is constructed
based on nuPlan [3]. Specifically, OpenScene [8] first down-
sampled the nuPlan data from 10Hz to 2Hz to condense it
into 120 hours of driving logs. NAVSIM resampled the data
from OpenScene to emphasize challenging scenarios, reduc-
ing simple situations like straight-line driving. The dataset
is divided into two parts: Navtrain and Navtest, comprising
1192 scenarios for training and validation and 136 scenar-
ios for testing. Unlike nuScenes [2], which collects data
in simpler, slower driving scenarios, NAVSIM ensures that
challenging scenarios are prioritized, making simply fitting
ego status insufficient for planning.

NAVSIM Metrics The original end-to-end driving metrics
were primarily designed to evaluate the deviation between
the predicted trajectories and those driven by human experts.
However, this evaluation approach has proven inadequate,
resulting in poor performance in real-world driving contexts.
NAVSIM introduces more practical and reliable metrics,
focusing on aligning open-loop and closed-loop metrics.
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Method ‘ Input ‘ #Traj. ‘ Traj. Eval. ‘ NCt+ DACtT EPT TTC1T Comf. T ‘ PDMS 1
Human ‘ - ‘ - ‘ - ‘ 100 100 87.5 100 99.9 ‘ 94.8
Constant Velocity - 1 X 69.9 58.8 49.3 49.3 100.0 21.6
Ego Status MLP - 1 X 93.0 77.3 62.8 83.6 100.0 65.6
VADV2 [41] C 8192 | Rule-based 97.9 91.7 77.6 92.9 100.0 83.0
UniAD [22] C 1 Rule-based 97.8 91.9 78.8 92.9 100.0 83.4
LTF [31] C 1 X 97.4 92.8 79.0 92.4 100.0 83.8
PARA-Drive [41] C 1 Rule-based 97.9 92.4 79.3 93.0 99.8 84.0
TransFuser [31] C&L 1 X 97.7 92.8 79.2 92.8 100.0 84.0
LAW [26] C 1 X 96.4 95.4 81.7 88.7 99.9 84.6
DRAMA [43] C&L 1 X 98.0 93.1 80.1 94.8 100.0 85.5
Hydra-MDP [27] | C& L | 8192 | Model-free 98.3 96.0 78.7 94.6 100.0 86.5
WoTE ‘ C&L ‘ 256 ‘ Model-based ‘ 98.5 96.8 81.9 94.9 99.9 ‘ 88.3

Table 1. Comparison with the SOTA approaches on NAVSIM test set. Rule-based: UniAD and PARA-Drive use occupancy maps, while
VADV?2 relies on vectorized maps for trajectory evaluation following specific rules. Model-free: Hydra-MDP evaluates trajectory without
world modeling. Model-based: our WoTE evaluates trajectory with the assistance of the BEV world model. NC: no at-fault collision. DAC:
drivable area compliance. EP: ego progress. TTC: time-to-collision. Comf.: comfort. PDMS: the predictive driver model score. Traj.:

Trajectory. Eval.: Evaluation. C: Camera. L: LiDAR.

Method ‘ Traj. Eval. | Success RateT Driving Scoret
AD-MLP [44] - 0.00 18.05
UniAD [22] Rule-based 16.36 45.81
VAD [25] Rule-based 15.00 42.35
TCP [42] - 30.00 59.90
WoTE Model-based 31.36 61.71

Table 2. Comparison with SOTA approaches on closed-loop
Bench2Drive [24] benchmark on CARLA simulator. Traj.: Tra-
jectory. Eval.: Evaluation.

Specifically, NAVSIM evaluates model performance using
the Predictive Driver Model Score (PDMS), which is cal-
culated based on five factors: No At-Fault Collision (NC),
Drivable Area Compliance (DAC), Time-to-Collision (TTC),
Comfort (Comf.), and Ego Progress (EP). The PDMS is

calculated as PDMS = NC x DAC x SxEP+5xTIC+2xC

Bench2Drive Dataset and Metrics To further evaluate
our framework, we conduct closed-loop experiments in
the CARLA simulator [13]. Specifically, we adopt the re-
cently proposed Bench2Drive [24] benchmark as our closed-
loop evaluation benchmark. Bench2Drive provides a stan-
dardized training dataset on CARLA, ensuring fair compar-
isons across different methods. The benchmark consists of
220 short evaluation routes (around 150m each) distributed
across all CARLA towns, with each route containing one
safety-critical scenario. This design effectively reduces the
evaluation variance. For metric, it utilizes the standard
CARLA metric, Driving Score (DS), as the primary metric.
Additionally, Bench2Drive reports the success rate, which
represents the proportion of successfully completed routes.

A route is considered successful if and only if DS reaches
100% on this route.

4.2. Implementation Details

NAVSIM For input data, it is aligned with TransFuser [31].
We concatenate the front-view image with center-cropped
front-left and front-right images, resulting in a combined
resolution of 256 x 1024 pixels. For LiDAR, the 64m
X 64m point cloud surrounding the ego vehicles is used.
For network architecture, we employ ResNet34 as the back-
bone for BEV feature extraction following TransFuser [31].
The world model consists of two transformer decoder lay-
ers. We use N = 256 trajectory anchors. The predicted
future states are of time ¢ + 2s,¢ + 4s when the cur-
rent is of time ¢t. The reward weights are set as follows:
wy = 0.1, wy = wz = 0.5,ws = 1.0. The training is con-
ducted on the Navtrain split using 8 NVIDIA L20 GPUs with
a total batch size of 256, distributed across 50 epochs. In
the ablation study section, we train our model for 20 epochs
instead of 50 to accelerate the training process. For fast train-
ing, we pre-compute the simulation results (BEV semantic
maps and scores) based on the trajectory anchors. We then
feed trajectory anchors into the trajectory evaluation module
during training. During testing, the trajectory evaluation
module evaluates the refined trajectory instead of the anchor
trajectories. We utilize the Adam optimizer with a learning
rate of le-4.

Bench2Drive For Bench2Drive, we adopt TCP [42] as our
baseline and integrate the trajectory evaluation module. We
choose TCP as it is the best open-source framework officially
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Traj. Eval. | Future States | NCT DACT EP{ TTCt Comf.{ PDMS}

Imi. Reward | Sim. Rewards | NCt DACt EPt TTC1{ Comf. 1 | PDMS {

X X 96.4 91.5 76.2 90.3 99.9 81.0
v X 97.1 92.9 78.2 91.9 100.0 832
v ' 98.0 94.7 79.9 93.4 100.0 85.6

Table 3. Ablation study on trajectory evaluation and future
state prediction. Traj: Trajectory. Eval.: Evaluation.

provided by Bench2Drive. Similar to NAVSIM, we utilize
imitation rewards along with simulation-based rewards, in-
cluding No Collision (NC) and Drivable Area Compliance
(DAC). The number of trajectory anchors is set to 256. No-
tably, rather than employing the winner-take-all strategy
(Eq. 9) to supervise only the best trajectory, we find that
supervising all trajectories leads to improved performance.
The model is trained for 27 epochs with a batch size of 300.
We use the Adam optimizer with a learning rate of le-4.

4.3. Comparison with SOTA

NASIM Table | compares our method with state-of-the-
art approaches on the NAVSIM test set. By leveraging the
world model to simulate future scenarios and guide trajectory
evaluation, our method achieves a PDMS of 87.1. WoTE
outperforms the previous model-free approach, Hydra-MDP,
highlighting the advantages of model-based trajectory evalu-
ation.

Bench2Drive To further validate our approach, we conduct
a closed-loop evaluation on the Bench2Drive benchmark
within the CARLA simulator. As shown in Table 2, our
method improves the Driving Score by 1.81 points, demon-
strating its effectiveness in various evaluation settings.

4.4. Ablation Studies

Trajectory evaluation and future state prediction mat-
ter. In this experiment, we investigate the importance of the
trajectory evaluation and future state prediction as Table 3
shows. The first row in Table 3 represents our baseline Trans-
Fuser [31], which performs trajectory prediction only. In the
second row, we change to our framework, which consists of
both trajectory prediction and trajectory evaluation. How-
ever, we do not used the predicted future states as the input of
Reward Model. That is, B,; = B; and a,; = a; in Eq. 5. In
the third row, we integrate the BEV world model to predict
future states, leading to notable performance improvements
across multiple metrics.

Imitation and simulation rewards are complementary.
To investigate how each type of reward affects driving per-
formance, we conduct an ablation study, as shown in Table 4.
During inference, we adjust the reward weights in Eq. 4 to
isolate their effects: setting w; = 0 enables evaluation with
only simulation rewards, while setting we = w3 = w4 =0
tests performance with only an imitation reward. The results
indicate that imitation and simulation rewards emphasize

v x 97.9 92.5 71.7 93.4 99.9 835
x v 96.5 94.7 79.2 90.1 99.4 83.6
v v 98.0 94.7 79.9 93.4 100.0 85.6

Table 4. Ablation study on the imitation and simulation rewards.
The experiment shows that imitation and simulation rewards are
complementary. Imi: Imitation. Sim.: Simulation.

Future Prediction Steps | NC1 DACt EP+ TTC{ Comf.t PDMS {

0s — 4s 97.4 93.6 79.1 91.9 100.0 84.0
Os — 2s — 4s 98.0 94.7 79.9 93.4 100.0 85.6

Table 5. Ablation study on the different number of time steps
in the future prediction. Our BEV world model predicts future
states in a recurrent manner. A — B: the predicted future state at
time B is based on the state at time A.

#Trajs. ‘ NC1t DACtT EPtT TTCT Comf.T PDMS 1 ‘ Latency |

64 97.4 94.1 79.6 91.9 100.0 84.5 17.2 ms
128 97.9 94.6 80.0 93.0 100.0 85.4 17.9 ms
256 98.0 94.7 79.9 93.4 100.0 85.6 18.7 ms

Table 6. Ablation study on the different number of Trajectories.
The number of trajectories is the same during training and testing.
The latency is evaluated on an NVIDIA L20 GPU. Trajs.: Trajecto-
ries.

different aspects of planning. Trajectory evaluation using im-
itation rewards performs better in NC and TTC, while using
simulation rewards excels in DAC and EP. By integrating
both, the model leverages their respective strengths, achiev-
ing improved overall performance across all key metrics.

Recurrent future state prediction helps. Our framework
supports predicting future states recurrently, as detailed in
Eq. 3. In Table 5, we present the results obtained by
varying the number of BEV states predicted by the world
model. Our findings indicate that using a finer time step for
future state prediction significantly improves performance.
This is because a finer time step provides richer temporal
information, which aids trajectory evaluation.

More trajectories help. This ablation study explores the
effect of varying the number of trajectories on overall per-
formance. Specifically, the model in each row is trained
and tested under the same number of trajectories, and the
world model is fed with refined trajectories. As shown in
Table 6, using a small number of trajectories, such as 64,
significantly degrades performance. As the number of tra-
jectories increases, performance improves notably, with a
marked improvement observed when increasing from 64 to
128 trajectories. However, as the number of trajectories in-
creases from 128 to 256, the performance gains diminish,
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#Train Traj. ‘ #Test Traj. ‘ Traj. Refinet ‘ NCt DACtT EP?T

256 256 3 96.6 94.6 79.0
256 1024 X 972 95.6 793
256 256 v 98.0 94.7 79.9

Table 7. Generalization of the trajectory
across different trajectory configurations.
the input trajectories of BEV world model a
jectory.

indicating that the performance of the m
optimal level. Based on these results, wi
default number of trajectories for our ex
Latency analysis. A common concern i
of our framework. To address this, we n
on an NVIDIA L20 GPU, as shown in
GPU processes state-action pairs in para
remains efficient even as the number of tt
The total latency is only 18.7 ms, well
requirements for end-to-end autonomou

Generalization ability across differer

shown in Table 7, we investigate the geneiauzauou aviity vt
our trajectory evaluation module. To be specific, we sample
N = 1024 instead of N = 256 trajectory anchors from
the dataset. Since our model is trained under the setting
of N = 256 trajectory anchors, the model has never seen
these N = 1024 trajectories. Surprisingly, we find a 1.3
PDMS increase when using these unseen trajectory anchors.
Besides, the model performs even better when using refined
trajectories as inputs. These refined trajectories continuously
change based on varying sensor inputs. This shows that the
proposed world model has great generalization ability when
dealing with unseen trajectories.

4.5. Visual Analysis

End-to-end planning trajectories. To highlight the im-
provements in end-to-end driving achieved through trajectory
evaluation, we present visualizations of end-to-end planning
trajectories in Figure 3.

Trajectory rewards. Figure 4 illustrates the predicted re-
wards for different trajectories.

5. Conclusion

In this paper, we introduced a novel framework that lever-
ages a BEV world model for end-to-end trajectory evaluation
in autonomous driving. By integrating a BEV world model,
we enable a more informed evaluation process that considers
the dynamic evolution of driving scenarios, leading to more
effective trajectory evaluation. our approach benefits from
dense supervision provided by BEV-space traffic simulators,
which supply both semantic future states and rule-based

TransFuser

(b) Off-road Avoidance

Figure 3. Visualization of end-to-end planning trajectories.
We compare our method with TransFuser [31], which serves as
our trajectory prediction baseline without a trajectory evaluation
module. Our trajectory evaluation module effectively filters out
low-quality trajectories and helps avoid collisions.

N
Traiectory Score
Traiectory Score

\!
i k| A A
(a) Multi-modality trajectory preservation

gy~

5 T
oV e ie

19
Trajectory Score
Trajectory Score

. [ 0.8
s Bl 0s

(b) Low-quality trajectory suppression

Figure 4. Visualization of rewards of all trajectories. Brighter
colors indicate higher trajectory rewards, while gray trajectories
correspond to those with very low rewards. (a): WoTE effectively
retains diverse multi-modal trajectories, as long as they comply
with traffic rules and do not result in unsafe outcomes. (b): it
demonstrates that trajectories considered unreasonable receive sig-
nificantly lower rewards, highlighting the effectiveness of our tra-
jectory evaluation module.

reward targets. Our method achieves state-of-the-art per-
formance on the NAVSIM and Bench2Drive benchmarks
while maintaining real-time efficiency. Overall, our work
establishes trajectory evaluation as an important research
direction for end-to-end autonomous driving. We hope our
framework serves as a strong baseline and inspires further
research in end-to-end online trajectory evaluation.
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