
WOD-E2E: Waymo Open Dataset for End-to-End Driving
in Challenging Long-tail Scenarios

Runsheng Xu∗†, Hubert Lin∗, Wonseok Jeon , Hao Feng , Yuliang Zou , Liting Sun
John Gorman , Kate Tolstaya , Sarah Tang , Brandyn White , Ben Sapp

Mingxing Tan , Jyh-Jing Hwang†, Dragomir Anguelov

Waymo LLC

Abstract

Vision-based end-to-end (E2E) driving has garnered in-
terest in the research community due to its scalabil-
ity and synergy with multimodal large language models
(MLLMs). However, current E2E driving benchmarks
primarily feature nominal scenarios paired with existing
open-loop evaluation metrics that fall short in capturing
the multimodal nature of driving or effectively evaluat-
ing performance in long-tail scenarios. To address these
gaps, we introduce the Waymo Open Dataset for End-
to-End Driving (WOD-E2E). WOD-E2E contains 4,021
driving segments (approximately 12 hours), specifically
curated for challenging long-tail scenarios that that are
rare in daily life with an occurring frequency of less than
0.03%. Each segment in WOD-E2E includes the high-
level routing information, ego states, and 360-degree
camera views from 8 surrounding cameras. To evaluate
E2E driving performance on these long-tail situations,
we propose a novel open-loop evaluation metric: Rater
Feedback Score (RFS). Unlike conventional distance-
based metrics, RFS measures how closely a predicted
trajectory matches rater-annotated trajectory preference
labels. WOD-E2E includes rater preference labels for
validation, and a separate held out test set is used for
the 2025 WOD-E2E Challenge benchmark leaderboard.

1. Introduction
Autonomous driving systems have traditionally followed
a modular design approach that decomposes the driving
task into distinct sub-tasks [13, 15, 23, 27, 37, 39]. How-
ever, recent focus on vision-based end-to-end (E2E) ar-
chitectures [7, 22, 30, 35, 38] have increased due to their
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improved scalability [34] and the natural synergy with
multi-modal large language models (MLLMs) [14, 31].

Current real-world E2E driving datasets, such as
NAVSIM [8], WOMD [10] and CoVLA [1], predomi-
nantly feature nominal driving scenarios that do not
fully expose systems to the long tail situations. This lim-
its the evaluation of the robustness and generalization
ability of E2E driving systems.

We introduce the Waymo Open Dataset for End-
to-End Driving (WOD-E2E) which explicitly focuses
on long-tail situations, featuring scenarios which occur
with a frequency of less than 0.03% (Figure 1). It
contains 4,021 challenging driving segments totaling
over 12 hours of manual and autonomous driving.

We observe that existing open-loop metrics may be
inadequate to evaluate driving in long-tail scenarios.
The popular Average Distance Error (ADE) or L2 er-
ror metric captures error between a prediction and a
single future ground truth trajectory, despite driving
behavior being inherently multi-modal, where multiple
reasonable future trajectories are possible. Predictive
metrics, such as PDMS scores [8], require annotated
positions and future trajectories of road agents to calcu-
late collision rates, and thus become impractical when
novel or hard-to-detect objects are involved (e.g., the
flock of birds in Figure 1). Furthermore, off-road be-
haviors typically incur high penalties in PDMS, yet
in safety-critical scenarios, a vehicle might reasonably
deviate off-road to avoid an emergency. To address
these limitations, WOD-E2E dataset includes a set of
human expert preference ratings on multiple potential
trajectories to support a novel open-loop evaluation
metric, the Rater Feedback Score (RFS).

We conduct rigorous studies to verify the dataset and
RFS. Since its release, WOD-E2E has garnered great
interest from the research community, with numerous
methods ranked on our public benchmark leaderboard.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

3709



Figure 1. Long-tail scenario examples from the Waymo Open Dataset for End-to-End Driving (WOD-E2E).
Unlike existing datasets that are commonly used for E2E Driving benchmarking, WOD-E2E dataset has more explicit focus
on long-tail scenarios. Our analysis in Section 3.3 shows that WOD-E2E captures the long-tail scenarios with a frequency of
less than 0.03% in daily driving.

The diversity of top-performing methods, employing ap-
proaches such as MLLMs [21, 29], diffusion models [18],
and CNN/ViT with GRU/MLP architectures [24], fur-
ther underscores the utility of the WOD-E2E dataset
in advancing end-to-end autonomous driving research.

Our contribution can be summarized as:
• WOD-E2E, a new dataset for benchmarking end-

to-end driving. It contains 4,021 challenging driving
segments, totaling 12 hours of driving and represent-
ing real-world long-tail scenarios occurring with a
frequency of less than 0.03% in daily driving.

• Rater Feedback Score (RFS), a novel human-
aligned open-loop metric. RFS addresses the limita-
tions of traditional open-loop metrics like ADE and
PDMS for long-tailed driving.

• Experimental analyses to validate the dataset and
RFS metric, and learnings from top methods
submitted to our public benchmark leaderboard.

Section 2 describes related work, Section 3 covers de-
tails about WOD-E2E and RFS, and experiments and
learnings are summarized in Section 4.

2. Related Works
2.1. End-to-end autonomous driving research

End-to-end (E2E) autonomous driving aims to overcome
modular pipeline complexities by mapping sensor inputs
directly to control [14, 34]. Recent foundation-model-
based advances fall into three main categories:

Bird’s-Eye-View (BEV) Based E2E Planner:
These methods fuse multi-sensor data into a unified
BEV representation for direct planning. UniAD [12]
propagates queries from perception to planning tasks,
while BEV-Planner [16] learns an explicit planning pol-
icy from dense BEV features. By avoiding intermediate
perception outputs, these approaches offer improved
computational efficiency and spatial coherence.
Multi-modal Large Language Model Based E2E
Planner: Leveraging MLLMs provides E2E sys-
tems with reasoning capabilities and world knowl-
edge. DriveGPT4 [38] and DriveVLM [28] utilize
LLMs for interpretability and chain-of-thought reason-
ing. EMMA [14] and its open-source variants [25, 35]
process multiple driving tasks within a unified language
space, while S4-Driver [34] lifts MLLM vision tokens
into 3D space.
Diffusion Based E2E Planner: Diffusion models
excel at capturing the multi-modal nature of driving.
DiffusionDrive [18] employs a truncated diffusion policy
for real-time performance, while EnDfuser [33] uses
ensembles to estimate trajectory uncertainty.

2.2. End-to-end autonomous driving open dataset

A multitude of autonomous driving datasets are avail-
able today, supporting a diverse range of driving tasks.
Notable examples include Kitti [11], Argoverse [5], Argo-
verse 2 [32], WOD-Perception [26], and V2V4Real [36].
While these datasets serve various purposes, a spe-
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cific subset focuses on end-to-end driving. Among
the most prominent open datasets in this category are
nuScenes [2], NAVSIM [8], WOMD [10], and CoVLA [1].

nuScenes [2] is primarily designed for perception
tasks. While used for E2E research [14, 22, 28], per-
formance is often achieved by simple extrapolation of
historical behavior [17, 40], limiting its suitability for
complex planning.

NAVSIM [8] is a compact simulation and bench-
marking framework built upon a filtered version of
nuPlan [3], whose core contribution lies in enabling
large-scale real-world evaluation through a non-reactive
simulator. Its approach presents two major limita-
tions. First, it relies on filtering existing datasets rather
than providing a raw data collection effort, which
may preclude it from capturing the full, nuanced di-
versity of real-world long-tail scenarios. Second, the
PDMS proposed in NAVSIM—which heavily prioritizes
ego progress and comfort, along with time-to-collision
(TTC)—may prove insufficient for true safety-critical
situations. For instance, TTC is challenging to mea-
sure with amorphous obstacles like a flock of birds, as
depicted in Figure 1, and the metric of comfort should
be secondary to safety when the vehicle must perform
an emergency maneuver. Our dataset and evaluation
methodology are explicitly designed to overcome these
two limitations.

WOMD [10] focuses on agent interaction modeling
rather than planning. Crucially, it lacks the full camera
images (only embeddings are provided) required for
comprehensive vision-based E2E research.

3. WOD-E2E Dataset
3.1. Dataset Overview
This dataset contains 4,021 driving segments mined
from real driving logs. Each segment is 20-second long
and focused on long-tail scenarios. The dataset is par-
titioned as: 2,037 segments for training, 479 segments
for validation, and the rest 1,505 segments for testing.

3.1.1. Coordinate System
This dataset employs two primary coordinate systems.
Vehicle Coordinates are centered at the ego vehicle
(x-forward, y-left, z-up) and serve as the reference for
all trajectory data. Sensor Frames are related via
extrinsic transformation; for cameras, the x-axis points
out from the lens, z-axis upward, with the y/z plane
parallel to the image plane (right-handed).

3.1.2. Camera Data
We use eight cameras providing 360◦ coverage. We
provide a single JPEG image per direction, along with

camera intrinsics and extrinsics, enabling the projec-
tion of 3D trajectories onto the 10Hz video sequences.
Training data spans 20s, while testing data covers 12s
of observation with 8s of hidden future data.

3.1.3. Routing Information
A high-level command (enum: {GO_STRAIGHT,
GO_LEFT, GO_RIGHT}) serves as a routing input[4, 12].
These commands specify the expected driving direction
at decision points and are determined by comparing the
vehicle’s 10s future driven route. Commands do not
refer to micro-maneuvers (e.g. lane changes) or provide
speed profile information.

3.1.4. Ego Status
Each segment includes ego vehicle status information.
This comprises the ego vehicle’s past 4s trajectory
(waypoints at 4Hz in vehicle coordinates) along with
aligned velocity and acceleration data. Additionally,
the ground truth future 5s trajectory is provided in
the same format and frequency, available exclusively for
the training and validation sets.

3.1.5. Labels
Scenario Cluster: Each segment is tagged with one
of 11 scenario types, which will be explained in detail
in the following sections.
Rater Feedback Labels: To capture the diversity
of acceptable driving decisions during critical events,
this dataset includes rater feedback labels. At specific
moments within each driving segment, expert labelers
rate three distinct 5-second future trajectories on a scale
of 0 to 10, where 0 indicates the worst driving and 10
the best. Importantly, we ensure that at least one of
the rater-specified trajectories receives a score higher
than 6. This label is provided only for the validation set.
Details on the creation of these labels will be provided
in a subsequent section.

3.2. Quantitative Rareness Comparison
In this section, we quantitatively compare the rarity of
WOD-E2E against other popular E2E driving datasets.
To achieve a standardized, impartial rarity assessment,
we utilized a large language model, Gemini 2.5 Pro [6],
to score the test set of each dataset. The model was
provided with the front camera sequences and a detailed
scoring prompt outlining four tiers of rarity based on
complexity, risk, and long-tail factors. The prompt
required the output to be a JSON object containing
the rarity_score that is ranged from 0-100, identified
rare_factors, and a reasoning trace for maximum
transparency.

After scoring each scene, we plot the comparative
rarity distribution in Figure 2 (left). This curve is
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Figure 2. Left: Rarity comparison of driving datasets. This figure shows the average rarity score for the top percentage
of data in each dataset, highlighting the distribution of rare events in WOD-E2E. Right: Proportion of mined long-tail
scenarios (0.03%) from the total driving corpus (6.4 million miles).

generated by ranking all scenes by their rarity score
(high to low) and plotting the average rarity score for
all scenes up to that percentage of the dataset.

We can see that the WOD-E2E curve is the highest
across all percentiles, indicating a consistently high den-
sity of rare scenarios relative to other datasets. Looking
just at the most extreme 10% of each dataset, WOD-
E2E reaches the highest score at around 93.

3.3. Long-tail Data Mining
3.3.1. Mining Strategy
We have access to a very large database containing
diverse, real-world driving logs that span millions of
miles. The vast majority of this data, however, con-
sists of nominal scenarios. To effectively extract only
the long-tail scenarios, we developed an efficient min-
ing strategy that combines rule-based heuristics and
MLLMs. Firstly, we categorized all driving logs into
11 different categories, including Construction, Inter-
section, Pedestrians, Cyclists, Multi- and Single-Lane
Maneuvers, Cut-ins, Foreign Object Debris, Special Ve-
hicles, Spotlight, and Others. The category definition
and detailed mining criteria for each cluster can be
found in the supplementary materials. These criteria
are made possible by the rich auto-labels available in
our dataset, including 3D detection, mapping, tracking,
and prediction, which provide the necessary heuristics
for our mining process.

3.3.2. Case Study
To validate the effectiveness of our mining strategy,
we conducted a case study on a recent set of driving
logs that includes a total of 6,391,012 miles. After
applying our automated mining strategy, we found that
only 6,888 miles (0.1%) of the data fit our criteria for
long-tail scenarios. This initial result shows that our

strategy is highly effective at isolating rare, challenging
events from a massive volume of nominal driving data,
as demonstrated in the right figure of Figure 2.

Moreover, to ensure the highest quality of our dataset,
we perform a subsequent round of human filtering. This
manual review process, which has a conversion rate of
30%, further refined the mined data by removing non-
long-tail scenarios. This final filtering step reduced the
overall portion of long-tail scenarios to an even rarer
0.03%, highlighting the signficant infrequency of these
critical events in real-world driving.

3.3.3. Data Analysis
As shown in Figure 3, we analyze the dataset’s dis-
tributions across three key dimensions: city locations,
scenario clusters, and driving behaviors.
City Distribution. The top-left subfigure shows the
geographical distribution of the dataset across different
cities. For confidential reasons, all city names have
been anonymized. The data is predominantly sourced
from cities L, K, and J, and the remaining cities, which
are only present in the test set, contribute a smaller
but more diverse set of scenarios, which is crucial for
evaluating model generalization.
Scenario Clusters. The bottom-left subfigure pro-
vides a clear overview of our dataset’s composition by
problem cluster and road type.
• We first analyze the distribution of long-tail sce-

narios by their problem clusters. The clusters for
Intersections, Foreign Object Debris, and Pedestri-
ans account for the largest share of the dataset. This
highlights our focus on a variety of complex and
safety-critical events, including intricate interactions
at intersections, challenging scenes for the perception
module, and high-risk encounters with pedestrians.

• Our dataset contains three major road types: Local
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Figure 3. Comprehensive data distribution analysis. This figure illustrates the key characteristics of the WOD-E2E dataset
across three critical dimensions. Top Left: Distribution of service areas by city. Bottom Left: Distribution of scenario
clusters and their breakdowns by road type. Right: Distribution of driving behaviors.

Road, Arterial Minor, and Freeway. The Freeway
road type is most prominent in the Cut-ins cluster,
which is a particularly safety-critical event at high
speeds. It is also notably present in the Intersections
cluster. This is because these scenarios specifically
capture interactions at freeway entrances and exits,
such as making a right turn to enter an on-ramp.

Driving Behavior Distribution. The right subfigure
shows the distribution of driving behaviors. We have a
variety of diverse behaviors, including moving straight,
lane changes, left turns, right turns, and on-ramp ma-
neuvers. The majority of behavior is moving straight,
which includes typical lane-following, but also hard
braking and swerving for emergency situations. Turn-
ing behaviors at intersections, including left and right
turns, make up approximately 30% of the data, with
roughly equal proportions. Additionally, lane changes
account for 10.3% of the scenarios, which usually in-
volve collision or obstacle avoidance. Finally, a small
portion of the data (1.7%) is dedicated to on-ramp be-
haviors, which are often challenging to tackle due to
the interaction of merging vehicles at high speeds.

3.4. Data Labeling
The mined data is sent to our data labeling pipeline,
which consists of three major steps: critical moment
selection, trajectory sampling, and trajectory scoring.
3.4.1. Critical Moment Selection
The critical moment is the specific frame where a
safety-critical event emerges, requiring a critical driv-

j

High-Level Understanding: There in an oncoming vehicle cut-in to ADV’s lane. The 
ADV nudged to the right to avoid the collision.
Critical Frame Selection:  In the fourth frame, I can visually see the oncoming 
vehicle is going to drive across the double yellow line. The ADV started to take 
action after this frame. Therefore, I choose it as the critical frame.

Figure 4. An illustration of how a critical frame is selected.
The human raters first scan through the video for high-level
understanding, and then select the critical frame, which is
the earliest moment when a critical event is visually apparent
in the camera images. Finally, the raters also document the
rationales for the critical frame selection.

ing decision (e.g., slowing down, nudging, or yielding).
Raters select this moment via a three-step process (Fig-
ure 4): 1) establish the high-level understanding of the
necessary maneuver; 2) precisely identify the earliest
frame where the event is visually apparent and the ego-
action starts (to avoid historical motion bias); and 3)
document the rationale for selection consistency.

3.4.2. Trajectory Sampling

Trajectory sampling generates a diverse set of motion
plans for human review. We use an existing motion
planning model (e.g. Wayformer [20]) to produce an
initial set of up to 64 diverse trajectories, using in-
puts like perception detections and predicted road agent
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behaviors. This set is refined through a two-step pro-
cess involving automated filtering into decision-based
"buckets" (e.g., velocity, lane changes) and subsequent
human-guided selection. Labelers then choose three
final trajectories from these candidates for ranking
and reasoning, ensuring the labeled data spans optimal
to suboptimal behaviors.

3.4.3. Trajectory Scoring

Scored trajectories are generated and reviewed to es-
tablish accurate ground truth boundaries. Using a
visualization tool, human raters review three candidate
trajectories (optimal, plausible, and suboptimal) plot-
ted over a 20 second scenario, including comprehensive
data and agent annotations. The primary grading is
based on five distinct dimensions: Safety, Legality,
Reaction Time, Braking Necessity, and Efficiency.
Trajectories are scored on a deductive 0 to 10 scale,
where an initial score of 10 is reduced by 2 points for
major infractions (Safety, Legality, Reaction Time) and
1 point for minor infractions (Braking Necessity, Effi-
ciency). The resulting diverse score distribution (Figure
5) provides strong training boundaries. Further details
on the specific scoring rubric are provided in Appendix.

3.5. Rater Feedback Score

The Rater Feedback Score (RFS) is a metric designed
to evaluate the quality of a model’s predicted trajectory
with the reference of multiple human-annotated tra-
jectories. The WOD-E2E dataset includes 3 reference
trajectories generated by human raters, each assigned
a score srater in [0, 10].

The RFS is designed to see how much the model’s
prediction is aligned with three rated trajectories by
considering trust regions, as illustrated in Figure 5. A
trust region is defined around each rater trajectory at
evaluation times t in {3, 5} seconds. This region repre-
sents the rectangular space within specified longitudinal
and lateral distance thresholds from the rater trajectory
at a given time t.

The base thresholds follows WOMD [10], and they
are set as τ̄lat = 1.0, τ̄lng = 4.0 at t = 3 and τ̄lat =
1.8, τ̄lng = 7.2 at t = 5, where the longitudinal threshold
τ̄lng is always set to be 4 times larger than the lateral
threshold τ̄lat. These base thresholds are scaled based
on the initial speed v (m/s) of the rater trajectory.
The scaling function is a piece-wise linear function of v:

scale(v) =


0.5, v < 1.4,

0.5 + 0.5 × v−1.4
11−1.4 , 1.4 ≤ v < 11,

1, v ≥ 11.

Figure 5. Rater Feedback Score Mechanism. This
figure illustrates how the RFS evaluates a model’s Predicted
Trajectory (Blue) against three human-rated reference tra-
jectories. The predicted score is based on the highest-rated
reference trajectory it aligns with within the defined trust
region.

The final thresholds at t = 3, 5 are determined by

τlng = scale(v) × τ̄lng, τlat = scale(v) × τ̄lat.

For distance errors ∆lng (longitudinal) and ∆lat (lat-
eral) and the final thresholds, the score from each rater
feedback trajectory is defined by

srater × 0.1
max

{
max

{
∆lng
τlng

,
∆lat
τlat

}
−1,0

}
.

Intuitively, we assign either the flat score srater, if a
predicted trajectory is within the trust region, or the
score exponentially decayed from srater. Then, the final
score is determined by choosing the maximum score
over all rater specified trajectories, followed by averaging
over t = 3, 5 and flooring with 4.

4. Experimental Results
4.1. Baseline Model Setup
We implemented a highly simplified version of EMMA
[14], which we call NaiveEMMA, as our baseline model.
NaiveEMMA is finetuned directly from Gemini Flash
[6] and is trained exclusively on the released WOD-
E2E training split. The model consumes a combined
image from all eight cameras at the current timestep,
concatenated into a single 768×768 resolution image. It
also takes in 3 seconds of past ego-status history and the
high-level routing input. It does not use past camera
frames. Note that NaiveEMMA omits several advanced
components of the original EMMA model described
in [14], specifically generalist task training mixtures,
Chain-of-Thought reasoning, and any test-time scaling
methods.
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Methods RFS↑ ADE↓ Training Strategy Model Setting
MLP-based
Swin-Trajectory 7.543 2.814 1 SFT Swin Transformer 36M
Diffusion-based

DiffusionLTF 7.717 2.977 4 SFT DiffusionDrive 60M
UniPlan 7.779 2.986 2 SFT DiffusionDrive 60M

MLLM-based
Baseline 7.528 3.018 1 SFT Gemini1 Nano 3B

AutoVLA 7.556 2.958 3 SFT+RL Qwen2.5 3B
HMVLM 7.736 3.071 1 SFT Qwen2.5 3B

Poutine 7.986 2.741 2 SFT+RL Qwen 2.5 3B

Table 1. WOD-E2E leaderboard submission results. Left: We summarize the results and configurations of selected
representative methods among 3 categorical methodology (MLP-based, Diffusion-based, and MLLM-based). Right: We plot
RFS vs ADE using 19 submissions. We only observe a mild positive correlation between RFS and ADE.

4.2. RFS Metric Validation
4.2.1. Quantitative Validation
We train several models based on NaiveEMMA and
evaluate RFS on an internal test split. This test split
contains long-tailed scenarios similar to the WOD-E2E
test split. This experiment controls for several factors
that are expected to improve model quality in long-
tail settings: exposure to long-tailed scenarios via the
WOD-E2E training split, multi-camera inputs to reason
about surroundings, and test-time scaling to handle
scenario ambiguities. RFS aligns with these intuitions,
assigning higher scores to models that utilize more of
these features (Table 2).

Model RFS
Baseline 7.14
+ WOD-E2E finetuning 7.22
+ multi-camera inputs 7.30
+ test-time scaling (multi sampling) 7.39

Table 2. RFS assigns higher scores to models that are
better-equipped to handle long-tailed scenarios. Evaluation
is performed on an internal test split.

4.2.2. Qualitative Validation
Figure 6 validates RFS across three distinct conditions
(additional examples provided in Appendix). First,
within the trust region (Fig. 6a), the model correctly
identifies a slow-moving construction vehicle and follows
safely, aligning with the best-rated trajectory for a
perfect RFS of 10.0. Second, for predictions slightly
outside the trust region (Fig. 6b), the model follows
the left-turn maneuver but at a slightly higher velocity
than the labeled trajectory, causing the score to decay.
Finally, for predictions far from rater trajectories
(Fig. 6c), the model proceeds at high velocity in an

unrated region between valid lane-following and lane-
change maneuvers; this significant deviation correctly
triggers the floor score (RFS = 4).

4.3. Benchmark Models
Since the release of WOD-E2E, we have received a many
submissions to our leaderboard. These models can be
broadly divided into three categories: MLLM-based,
Diffusion-based, and MLP-based models. The following
section details the methods that have released a detailed
report, as shown in Table 1.
Swin-Trajectory [24] is a lightweight, MLP-based
model. It uses a Swin Transformer [19] to extract image
features from three front cameras and a simple MLP
to directly predict waypoints. The model is lightweight
and achieves a slightly better RFS (7.543) than the
baseline.
DiffusionLTF and UniPlan are both Diffusion-based
models built on the DiffusionDrive [18] architecture.
Their primary difference lies in the training datasets
used: DiffusionLTF utilizes WOD-E2E CARLA [9],
NAVSIM [8], and WOD-Perception [26], whereas Uni-
Plan is trained on WOD-E2E and nuPlan [3]. They
achieve comparable performance, with RFS scores of
7.717 and 7.779, respectively.
Poutine [21], HMVLM [29], and AutoVLA [41]
are all MLLM-based models that use Qwen2.5 as their
backbone. They share a similar problem formulation,
taking camera images and ego states as input modal-
ities and outputting future waypoints as text. Ad-
ditionally, all three models utilize Chain-of-Thought
(CoT) reasoning before generating a trajectory. De-
spite these similarities, their results show a significant
performance gap, with AutoVLA achieving an RFS of
7.556, HMVLM 7.736, and Poutine 7.986. The primary
differences among these methods stem from:
• Training data sources: AutoVLA uses a com-
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(a) Trust Region (RF S = 10.0) (b) Decayed Score (RF S = 4.53) (c) Floor Score (RF S = 4.0)

Figure 6. Qualitative RFS validation. (a) The prediction aligns with the rater’s optimal trajectory. (b) The prediction
mimics the maneuver but deviates in velocity, causing score decay. (c) The prediction deviates significantly from valid
regions, resulting in the floor score.

bination of WOD-E2E nuPlan, and nuScenes. In
contrast, HMVLM is trained exclusively on WOD-
E2E whereas Poutine uses a blend of WOD-E2E
and the CoVLA dataset.

• CoT captioning style These three models employ
different methods for generating reasoning captions
and use distinct prompt templates.

• RL training: HMVLM does not include any post-
training reinforcement learning. AutoVLA incor-
porates GPRO with ADE as the reward, whereas
Poutine uses GPRO with RFS as the reward.

4.4. Discussion of the Results
From the results of these benchmark models, below we
discuss important research questions in E2E Driving.
Q1: Is extra data source with large data distribution gap
helpful for E2E Driving?

It depends. MLLM-based models (e.g. Poutine and
AutoVLA) show obvious performance gains from supple-
mentary data, while Diffusion-based models (e.g. Uni-
Plan and DiffusionLTF) show only minor improvements.
We hypothesize that the CoT reasoning in MLLMs al-
lows them to leverage diverse world knowledge
and abstract structures, mitigating visual or geometric
distribution shifts. In contrast, diffusion-based models,
relying more directly on pixel-level prediction, are more
susceptible to performance degradation from combining
visually disparate sources.
Q2: Does a better ADE always lead to a better RFS?

No. As shown in Figure 1 (Right), ADE and RFS
exhibit only a mild positive correlation, confirming the
limitations of ADE for safety-critical, multi-modal driv-
ing. We observe clear divergence: for example, WayNet
has strong ADE but low RFS, whereas HMVLM has
higher RFS despite a worse ADE. This highlights RFS’s

necessity for evaluating performance in long-tail scenar-
ios.
Q3: Is RL effective in E2E Driving?

Yes, but only if the reward aligns with the
target metric. Both Poutine and AutoVLA use RL
post-training; however, Poutine, which uses RFS as
its reward signal, achieved significantly greater gains
than AutoVLA, which uses ADE. This confirms that
selecting a reward function directly aligned with evalu-
ation goals (long-tail safety) is critical for effective E2E
optimization.

5. Conclusion
We introduced the Waymo Open Dataset for End-to-
End Driving (WOD-E2E), a benchmark for challenging
long-tail scenarios for end-to-end driving, addressing
a gap in existing benchmarks that primarily focus on
nominal driving. Our dataset provides 4,021 driving
segments totaling 12 hours, focusing on rare events that
occur with a frequency of less than 0.03%. We also in-
troduced a novel human-aligned Rater Feedback Score
(RFS), leveraging expert preference labels to overcome
the limitations of traditional metrics like ADE in com-
plex situations. Our dataset and metric are validated
with a complete set of analyses, and community bench-
mark models highlight the promise of MLLMs with
RFS-aligned RL rewards for E2E driving.We adopted
an open-loop setup for WOD-E2E due to the prohibitive
computational cost of realistic sensor simulation. Mov-
ing from open-loop to closed-loop continues to be an
important limitation to overcome. However, WOD-E2E
advances the state-of-the-art for open-loop E2E bench-
marks, and its scenarios are applicable for testing the
generalizability of high-fidelity simulators.
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