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Abstract—Diffusion models have become a popular choice for
decision-making tasks in robotics, and more recently, are also
being considered for solving autonomous driving tasks. How-
ever, their applications and evaluations in autonomous driving
remain limited to simulation-based or laboratory settings. The
full strength of diffusion models for large-scale, complex real-
world settings, such as End-to-End Autonomous Driving (E2E
AD), remains underexplored. In this study, we conducted a
systematic and large-scale investigation to unleash the potential
of the diffusion models as planners for E2E AD, based on
a tremendous amount of real-vehicle data and road testing.
Through comprehensive and carefully controlled studies, we
identify key insights into the diffusion loss space, trajectory
representation, and data scaling that significantly impact E2E
planning performance. Moreover, we also provide an effective
reinforcement learning post-training strategy to further enhance
the safety of the learned planner. The resulting diffusion-based
learning framework, Hyper Diffusion Planner (HDP), is deployed
on a real-vehicle platform and evaluated across 6 urban driving
scenarios and 200 km of real-world testing, achieving a notable
10x performance improvement over the base model. Our work
demonstrates that diffusion models, when properly designed and
trained, can serve as effective and scalable E2E AD planners for
complex, real-world autonomous driving tasks.

I. INTRODUCTION

Diffusion models [17, 46] have demonstrated remarkable
capabilities in image and video generation tasks [3, 12, 34, 43]
and are becoming increasingly popular in robotics control [4,
10, 21, 33]. More recently, diffusion models have also shown
promise to solve decision-making tasks in autonomous driving
(AD) [55, 32, 48, 26]. However, most existing research on the
application of diffusion models to AD tasks remains restricted
to performance validation in open-loop [7] and simulation-
based settings [8, 14], leaving their effectiveness in complex,
closed-loop, real-world deployments largely unverified.

Among all task settings, End-to-End Autonomous Driving
(E2E AD) [6, 9, 20] represents an important and practically
viable direction [49], which leverages powerful deep neural
networks and large amounts of real-world data to directly
learn multimodal human driving behaviors in complex traffic
scenarios. Unfortunately, applying diffusion models to E2E
AD and successfully deploying them on real vehicles is far
more challenging than conducting experiments in simulation.
In this context, the model must be high-capacity to handle
diverse scenarios, while remaining compact and efficient to
meet the latency requirements of in-vehicle hardware. Addi-
tionally, closed-loop real-vehicle testing amplifies issues such
as error accumulation and requires a higher level of safety,
which is notoriously difficult for learning-based methods to
guarantee [8, 13, 54]. Consequently, existing approaches often

rely on rule-based post-processing [15] or incorporate strong
assistive designs, such as pre-defined anchor trajectories [29]
or explicit goal conditions [2, 16], to reduce the learning
burden. However, the inherent power of diffusion models is
obscured by excessive additional engineering designs, and
their potential capability and scalability remain unproven. This
raises a critical question: Are we fully exploiting the potential
of diffusion models as AD planners?

To answer this question, we conducted a systematic and
large-scale investigation in diffusion-based E2E AD using a
huge amount of real-vehicle data and rigorous road testing. In
this journey, we begin by using an industrial-grade perception
backbone as the encoder to process image and LiDAR inputs
for the end-to-end model, and a vanilla diffusion-based plan-
ning head, inspired by Zheng et al. [55], as the decoder to
generate the planning trajectory. Building on this base model,
we conduct comprehensive ablation studies and summarize our
key findings as follows:

• Diffusion loss space matters. Our key insight stems from
the observation that planning trajectory lives in a low-
dimensional manifold, distinct from image generation.
Consequently, we re-examine the diffusion loss space de-
sign [27] and find that data (τ0)-prediction combined with
diffusion loss directly supervised on data (τ0-loss) best
captures the trajectory manifold, enabling better learning
performance and high-quality trajectory generation.

• Trajectory representation matters. We observe that di-
rectly generating waypoints yields superior spatial aware-
ness, whereas velocity prediction results in smoother
trajectories. Therefore, our model outputs velocity but is
supervised on both velocity and waypoints. Crucially, we
mathematically prove that this hybrid loss formulation
does not alter the optimal solution of diffusion training,
while allowing us to leverage advantages from both sides.

• Emergence of data scaling. Keeping a minimalist and
clean design allows our diffusion framework to effectively
benefit from data scaling in real-world testing. We find
that our model captures richer multimodal driving be-
haviors and better closed-loop performance when scaling
up driving data. Such scaling properties are not observed
when training diffusion models on commonly used AD
benchmarks [8, 14], due to overly small training datasets.

While the imitation learning pretraining establishes a strong
diffusion planner prior, it lacks explicit optimization for safety-
critical scenarios. To bridge this gap, we further fine-tune our
model using Reinforcement Learning (RL). By re-weighting



the diffusion learning process with safety-aware advantage es-
timates [40, 54], we effectively align the generated trajectories
with safety constraints while preserving the training stability of
the diffusion model. Moreover, we prove that this reweighting
method is naturally compatible with our previously introduced
hybrid loss, yielding a simple implementation.

Finally, we incorporate all the aforementioned innovations
into a complete framework, Hyper Diffusion Planner (HDP),
and successfully deploy it on a real-vehicle platform with
only simple smoothness post-refinement. We systematically
evaluate HDP across 8 urban driving scenarios, covering 200
km of road testing with comprehensive evaluation metrics.
Empirically, HDP demonstrates a significant performance
boost, showing a 10x improvement compared to the baseline
model. We also provide a detailed analysis to examine the
characteristics of the proposed framework and the impacts of
key design elements. The results demonstrate that diffusion
models, when properly designed and trained, can serve as
effective and scalable planners for complex, real-world au-
tonomous driving tasks.

II. PRELIMINARIES

Our work primarily focuses on the planning module of E2E
AD systems, where the planner receives the latent representa-
tion C from the perception backbone and generates a trajectory
τ0 for downstream control systems. Diffusion models [46]
define a forward process that transforms the conditioned
trajectory data distribution q0(τ0|C) into a noised distribution
qt0(τt|τ0). This process is described by the following equation:

qt0(τt|τ0) = N (τt | αtτ0, σ
2
t I), t ∈ [0, 1], (1)

where αt, σt define a pre-defined noise schedule. As t → 1,
this schedule ensures that the marginal distribution q(τ1)
approaches a normal distribution N (τ1 | 0, I). The reversed
denoising process of Eq. (1) can be equivalently expressed as
a diffusion ODE [47]:

dτt =

[
f(t)τt −

1

2
g2(t)∇τt log qt(τt)

]
dt, (2)

where f(t) = d logαt

dt , g2(t) =
dσ2

t

dt −2d logαt

dt σ2
t . A commonly

used approach for learning diffusion models [17, 43] is to train
a neural network ϵθ(τt, t, C)to fit the Gaussian noise ϵ:

L = Et,τ0,τt,ϵ||ϵθ(τt, t, C)− ϵ||22, (3)

where t ∼ U(0, 1), τ0 ∼ q0(τ0|C), τt ∼ qt0(τt|τ0) and
ϵ ∼ N (τ1 | 0, I). Then, we can estimate the score function
∇τt log qt(τt) in Eq. (2) using sθ(τt, t, C) = −ϵθ(τt, t, C)/σt,
and use an ODE solver to generate the clean data.

III. INVESTIGATION ROADMAP

In this section, we first introduce the base model and evalu-
ation metrics for assessing model performance. Subsequently,
we will briefly outline our investigation roadmap aimed at fully
unleashing the potential of diffusion models for E2E AD.
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Fig. 1: Model architecture.

A. Base Model

Scene Encoder. We consider an E2E AD system that
can directly process multi-modal inputs, including camera
images and LiDAR point clouds, to generate planning trajec-
tories [9, 20]. Given our focus on the capabilities of diffusion-
based planning, we leverage an in-house validated perception
backbone as the encoder for the planner. Briefly, we first com-
press the heterogeneous sensory data into a unified Bird’s Eye
View (BEV) feature representation [30]. We then employ two
distinct sets of transformer-based queries for different percep-
tion tasks: (1) Object Detection (OD) tokens for vehicle and
pedestrian localization, and (2) Lane Detection (LD) tokens
for road structure understanding. The encoder is pretrained
to provide solid representation initialization for the planning
task. Subsequently, we concatenate the OD tokens, LD tokens,
and Navi tokens (which encode navigation information) and
process them using several self-attention blocks for further
fusion in the downstream planning module.

Diffusion Decoder. We return to the vanilla version of the
transformer-based diffusion model [39] and use it as our dif-
fusion decoder. The planner receives the latent representation
C, which includes both OD, LD, and Navi tokens, along with
the current velocity, to generate the trajectory τ0 ∈ RL×4.
This trajectory τ0 consists of L timesteps, where each timestep
contains the ego-centric waypoint coordinates and the cosine
and sine values of the heading. The overview of the model
architecture, as shown in Fig. 1, begins with splitting the
noised trajectory τt and projecting it into L tokens, with
position embedding and velocity embedding added. The self-
attention block is used to fuse information across all noised
tokens. Subsequently, a cross-attention block is employed to
integrate the trajectory tokens with the concatenated OD,
LD, and Navi tokens. Meanwhile, the diffusion timestep t
is incorporated into the model through an adaptive layer
normalization block [39]. After several blocks, an MLP-based
final layer [33, 55] generates the predicted noise, and Eq. (3)
is used for model training.

B. Evaluation Metrics

To better examine the effectiveness of our designs, we
need reasonable metrics for model evaluation. We consider
two types of metrics: open-loop metrics and closed-loop



TABLE I: Aggregated open-loop score. The models are trained for
2×104 steps in total, and the results are averaged over 3 evaluations.
Averaged open-loop score in black and standard variance in gray.

τ0-pred v-pred ϵ-pred

τ0-loss: E[||τθ − τ0||22] 75.27 ± 8.53 35.64 ± 0.97 11.43 ± 0.45
v-loss: E[||vθ;t − vt||22] 63.47 ± 8.58 53.91 ± 0.87 0.66 ± 0.40
ϵ-loss: E[||ϵθ − ϵ||22] 63.78 ± 8.59 45.24 ± 2.84 51.07 ± 4.67
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Fig. 2: The learning curve of models trained with different loss
designs. The results are averaged over three evaluations.

Fig. 3: The open-loop visualization of planning trajecto-
ries. 6 generations are plotted for each scene. Ego vehicle
in yellow, model predictions in blue and ground truth
trajectory in red.

metrics. The former are used to evaluate the quality of the
trajectory and multi-modality through data replay, while the
latter assess performance in closed-loop real vehicle-testing
(see Appendix C for more details).

For open-loop evaluation, following the design used in
nuPlan [8], we mainly consider the following metrics: Average
Displacement Error (ADE), Final Displacement Error (FDE),
Comfort, and Collision Rate (CR). To aggregate the metrics
for a more comprehensive assessment, we obtain a score
Sm for each metric m and compute the final open-loop
score as their weighted sum: (1 − CR) ×

∑
m∈M ωmSm,

where M = {ADE,FDE,Comfort} and ωm are the
corresponding weights. To measure the divergence of the
generated trajectories and facilitate the multimodality analysis,
we further introduce a Trajectory Divergence metric, which is
computed as the average pair-wise Euclidean distance of all
model generations.

For closed-loop real vehicle testing, we use a fixed route
to conduct controlled experiments. We log the success rate of
six commonly occurring scenarios, including: starting maneu-
vers, car-following with stopping, navigational lane changes,
yielding to VRUs, yielding to cross traffic at intersections,
and left and right turns. The success rate is calculated as
a weighted mean of all six scenarios, with higher weights
assigned to more frequent scenarios for a more accurate
evaluation. Additionally, we also compute a stability score
based on the average of centering performance and speed
compliance. The overall closed-loop score is then determined
as the average of the success rate and the stability score.

C. Roadmap Overview
With the base model and evaluation metrics ready, we start

our journey to unleash the potential of diffusion models for
E2E AD. As the AD planning task is obviously different from
image generation tasks, with its output trajectories residing on

a relatively low-dimensional manifold, need to satisfy hard
constraints like collision avoidance, and is evaluated in a
closed-loop setting that easily suffers from error accumulation.
Hence, very different design considerations could apply. To
address these challenges, we structure our exploration into two
separate phases: 1) Imitation Learning Pre-Training, where
we study how diffusion loss and trajectory representation
influence planning trajectory quality, and validate data scaling
in a closed-loop setting; and 2) Reinforcement Learning
Post-Training, where we use RL to further enhance the safety
of the pre-trained model by developing a compatible RL
algorithm for stable and efficient post-training.

IV. IMITATION LEARNING PRE-TRAINING

A. Diffusion Loss Space

As the score function in the denoising process (Eq. (2)) is
generally intractable, in practice, the diffusion model is typi-
cally trained to predict one of the three conditioned quantities:
the noise ϵ [17], the flow velocity vt [18], or the clean data
τ0 [41]. These quantities are mutually convertible, allowing
for various loss space designs (see Appendix B for more de-
tails). For instance, the diffusion model can be parameterized
to output τ0, while being supervised with ϵ-loss. However,
models trained in different loss spaces can exhibit distinct
learning dynamics [27] and planning behaviors. To investigate
the impact of loss space design on the planning task, we
trained our model with all 9 prediction-loss combinations and
conducted open-loop evaluations. The results are shown in
TABLE I and Fig. 2, 3.

Most models achieved competitive performance (except ϵ-
pred with τ0- and v-loss), successfully capturing the expert
policy in the training data while demonstrating multimodal
generation capability. In addition, among these models, the τ0-
prediction model trained with τ0-loss stands out prominently.



Fig. 4: The v-t curve of
generated trajectories us-
ing different representa-
tions. Waypoint represen-
tation suffers severe jitter.

Fig. 5: The relative open-loop
score of waypoint and veloc-
ity representation. The scores
are computed in the same way
as stated in Section III-B

To study the reasons for this advantage, we provide further
investigation from the following perspectives.

Fast convergence: Fig. 2 displays the aggregated scores of
models at various training stages. While the model utilizing
τ0-prediction converged rapidly with increased training steps,
the other two approaches experienced notable instability. This
disparity stems from differences in the inherent dimensionality
of the target manifold [27]. Because the trajectory τ0 resides
in a low-dimensional manifold, the neural network can capture
it more easily. Conversely, the ϵ and v targets are supported on
much higher-dimensional spaces and therefore require greater
model capacity. Furthermore, τ0-loss works best for the τ0-
prediction model compared with the other two choices.

High generation quality: Furthermore, we visualized the
generated trajectories of different models, as shown in Fig. 3.
Although most models generate trajectories that resemble the
ground truth, the quality varies across different loss space
designs. Some models (especially ϵ-pred) generate trajectories
with noticeable non-smoothness and irregular jitters, leading
to abrupt changes in heading direction and velocity, while the
τ0-prediction models generate trajectories with better kine-
matic coherence. This disparity likely stems from denoising
dynamics during the final, low-noise steps [38]. Unlike ϵ- and
v-prediction models, which struggle to estimate faint noise
signals and consequently generate high-frequency artifacts,
data prediction demonstrates superior stability. By directly
predicting the trajectory, it effectively suppresses noise to yield
smoother, kinematically consistent trajectories.

Another thing worth noting is that the ϵ-prediction models
trained with τ0- and v-loss suffered a complete breakdown.
The failure of these two modes can be attributed to the
extremely high variance of training objectives in which the
noise target is scaled by 1/αt. In conclusion, the τ0-prediction
model with τ0-loss yields both fast convergence and high-
quality generation, making it a suitable choice for further
investigation. Therefore, we choose this design as the default
for the following investigative experiments and discussions.

B. Trajectory Representation

In the previous section, we identified τ0-prediction with
τ0-loss as a suitable diffusion loss space for planning tasks,

Fig. 6: The relative real-vehicle closed-loop performance of
different trajectory representations. The scores are computed
in the same way as stated in Section III-B.

which achieves much better learning and open-loop perfor-
mance. However, when taking a finer-grained inspection on
higher-order statistics of generated trajectories, we find that
directly using trajectory waypoints as τ0 could easily result in
noticeable jerky movements on the velocity1 curve, as shown
in Fig. 4. This indicates that while the model captures the
global geometric structure of the trajectory, it fails to enforce
local temporal coherence, which could be highly detrimental
to closed-loop real-vehicle performance.

To fix this issue, a possible solution is to use a delta
representation of the trajectory to achieve higher-order su-
pervision, i.e., enforce the model to predict the velocity
τv0 = {(vlx, vly)}Ll=1 instead of absolute waypoints τx0 =
{(xl, yl)}Ll=1 of a trajectory. In the velocity representation, the
final trajectory is obtained via integration during inference.
Interestingly, we find empirically that these two trajectory
representations can have a great impact on the trajectories
generated by diffusion planners. As shown in the v-t curves in
Fig. 4 and the analysis on the decomposed metrics in Fig. 5,
trajectories obtained via velocity representation demonstrate
smoothness and stability similar to that of the human driving
trajectory, enjoying a much higher comfort score. By contrast,
waypoints-represented trajectories suffer from severe jerky
movement, but at the same time have a superior ADE score,
due to better modeling of global geometric structure. This calls
for a balanced consideration to leverage the strengths of both
representations while mitigating their limitations.

An intuitive idea is to supervise the model with both way-
points and velocity representation simultaneously. However,
we find that the magnitude of waypoint coordinates in a
trajectories increase greatly along the time-axis, while the
velocity representations are more concentratedly distributed,
resulting in better numerical stability when learning with a
diffusion model. Therefore, we retain the skeleton of velocity
representation, but also incorporate the waypoint supervision
through a carefully designed hybrid loss. Specifically, the
model outputs the velocity of the planned trajectory, and we
compute the L2 loss on both the directly output velocity and

1Note that the term ”velocity” in this section refers to physical kinematic
velocity rather than the diffusion velocity.



100K 200K

500K

700K

1M
5M

20M

Training Data Size (Frames)

D
iv

er
g

en
ce

 S
co

re

NAVSIM 

Volume 

Equivalent 

Fig. 7: The divergence score of HDP
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Fig. 8: Planning trajectories generated using HDP trained with different
data origins and sizes.

the integrated waypoints:

Lvelocity = Eτv
0 ,ϵ,t∥τvθ − τv0 ∥22

Lwaypoints = Eτx
0 ,ϵ,t∥Mτvθ ·∆t− τx0 ∥22

= Eτv
0 ,ϵ,t∥Mτvθ ·∆t−Mτv0 ·∆t∥22,

(4)

where ∆t is the time interval of neighboring frames, and M is
a lower triangular matrix of ones that integrates the velocity
into waypoints. The final hybrid loss is a weighted sum of
these two losses:

Lhybrid = Lvelocity + ω · Lwaypoints, (5)

where ω is a balancing weight. Moreover, we can theoretically
show that this hybrid loss is also a valid diffusion loss to obtain
the correct marginal score function of the data distribution:

Theorem IV.1. The hybrid loss in Eq. (5) is equivalent to a
diffusion score matching loss under P -norm:

Lhybrid = Eτv
0 ,ϵ,t[||τvθ − τv0 ||2P ], (6)

where P = I+∆t2·ωMTM is positive-definite. The minimizer
of the loss is the marginal score function in Eq. (2).

It is worth noting that many existing studies adopt L1-norm
loss [32] or auxiliary planning loss [22] (e.g., collision loss)
in diffusion-based AD tasks, which will lead to a biased score
function that does not faithfully reflect the data distribution.
Please see Appendix B for proof of Theorem IV.1.

In practice, the integration in Lwaypoint could result in
gradient accumulation with future timesteps. To avoid the
imbalanced gradient distribution over future predictions, we
limit the gradient backpropagation to a temporal window of
size W by detaching the trajectory history beyond this horizon
(see Algorithm 1 in Appendix C for detailed implementation).

Our proposed hybrid loss enables substantial performance
improvement in closed-loop real-vehicle testing. As shown
in Fig. 6, training the diffusion model with the hybrid loss
improves all closed-loop metrics, outperforming solely using
waypoint and velocity representation by a large margin. This
shows that the hybrid loss indeed effectively combines the
merits of both representations, capturing the overall vehicle
motion trend while preserving the kinematic coherence.

C. Multimodal Capability and Data Scaling

Diffusion models are renowned for their multimodal gener-
ation capabilities. However, existing diffusion-based planning
models [55, 48] often suffer from severe mode collapse on
AD benchmarks [8, 14]. To investigate the reasons for this
discrepancy, as well as examine the multimodal capability and
scalability of our proposed diffusion-based framework HDP,
we conduct a series of controlled data scaling experiments,
spanning from 100K to over 70M real-vehicle training frames.
By comparison, existing mainstream E2E AD benchmarks like
NavSim [14] only contain 100K training data. We evaluate our
model’s multimodal generation capability in Fig. 7, 8, as well
as its open- and closed-loop scaling performance in Fig. 9.

Multimodal generation capability. We train our model
with data from 100K (NavSim equivalent) to 20M frames,
and use the trajectory divergence metric introduced in Sec-
tion III-B to measure multimodal generation. The results are
shown in Fig. 7. It is observed that the model exhibits negli-
gible multimodal capability when trained on 100K frames of
data, consistent with the mode collapse observation in existing
AD benchmarks. However, as the training frames increase,
the divergence score grows rapidly, suggesting the emergence
of multimodal behavior and enhanced generalization perfor-
mance. This can also be verified by inspecting the generated
planning trajectories in Fig. 8, that the generated planning
trajectories exhibit clear multimodal behavior when trained
with 20M frames of data, whereas all trajectories collapse
to a single mode when trained on only 100K frames. Our
finding is consistent with the theoretical results in Zhang et al.
[53], that diffusion models need sufficient training data for
generalization. It also demonstrates that diffusion models can
capture multimodal behavior in diverse driving scenarios with
proper scaling of training data, even without prior knowledge
or bias, such as anchor [32] or goal conditioning [51].

Performance scaling. We also observe a continuous im-
provement in both open-loop and closed-loop performance
of our model as the training data increases, as shown in
Fig. 9. By simply increasing the number of training data from
10M to 70M frames, the model’s closed-loop performance
increased by more than 20%, and open-loop increased by
10%, indicating a clear data scaling property on real vehicles.
This demonstrates the huge potential of our proposed HDP for



(a) Number of frames of
training data splits.

(b) Performance improvement as
training data scaling up.

Fig. 9: Data scaling experiments. Both open- and closed-loop
performance gain great improvement as training data scale up.

large-scale industrial-level applications.

V. REINFORCEMENT LEARNING POST-TRAINING

Safety remains a critical challenge for imitation learning
models. Since the training phase generally does not enforce
explicit safety constraints, the resulting models could face
serious safety risks during deployment, especially in closed-
loop environments. In this section, we introduce an RL method
to further enhance the model’s safety performance.

A. Diffusion-Based Reinforcement Learning

We adopt standard RL notation conventions, formulating
the diffusion-based planner as the policy π(a|s). Specifically,
the action a corresponds to the generated trajectory τ0, and the
state s denotes the latent representation C. We consider an RL
fine-tuning setting where, at iteration k, we aim to optimize
the policy πk to maximize the expected reward r(s, a), starting
from the previous policy πk−1:

max
πk

Es∼D

[
Ea∼πk [r(s, a)]− 1

β
DKL

(
πk∥πk−1

)]
, (7)

where D is the replay buffer, β > 0 is the temperature
parameter, and DKL (p∥q) = Ex∼p [log (p(x)/q(x))]. The KL-
regularized objective in Eq. (7) provides a closed-form solution
for πk as follows [37]:

πk⋆

(a | s) ∝ πk−1(a | s) · exp(βr(s, a)) . (8)

To extract the optimal policy in Eq. (8), one approach is to use
classifier guidance to steer the diffusion process toward gener-
ating high-reward actions during inference [36, 55]. However,
this method requires additional inference-time gradient com-
putation, which is very costly and difficult to implement on
real vehicles. An alternative approach is to employ a weighted
regression loss based on the diffusion imitation loss [5, 31, 54]:

LRL = Et,ϵ,(s,a)∼D
[
exp (βr(s, a)) ||ϵkθ(at, t, s)− ϵ||22

]
(9)

where at = αta + σtϵ, and ϵkθ denotes the parameterized
diffusion model corresponding to the policy πk, as introduced
in Section II. The weighted regression loss in Eq. (9) only
modifies the imitation loss with a weight term, maintain-
ing almost the same computational cost as IL. In contrast,

other methods model the denoising process as a multi-step
MDP with Gaussian transitions to estimate intermediate log-
likelihoods [5, 42], and use RL algorithms like PPO [44] for
policy optimization. However, these approaches require storing
gradients for all denoising steps during inference and assume
a large number of steps to ensure Gaussian transition validity,
leading to significantly increased computational cost.

To maintain consistency with the hybrid loss defined in
Eq. (5) used during imitation pretraining, we introduce the
RL-hybrid loss for the post-training phase.

LRL−hybrid = Ev,ϵ,t[exp(βr) ||vk
θ − v||2P ]. (10)

Besides, we prove that the hybrid loss can be naturally com-
bined during the RL post-training procedure to optimize the
policy, due to its simple formulation as a weighted regression,
as shown in Theorem V.1. Proof see Appendix B.

Theorem V.1. Optimal action a ∼ πk⋆

(a|s) in Eq. (8) can be
generated by optimizing the weighted diffusion loss in Eq. (10)
and solving the diffusion reverse process with the learned vk⋆

.

B. Practical Implementation

In practice, we initialize the policy π0 for RL post-training
using an imitation model pretrained with the hybrid loss
in Eq. (5). Given the safety risks of conducting online RL
on real vehicles [24] and the high computational cost of
world models [1, 19], we adopt a non-reactive pseudo-closed-
loop simulation [14] based on real-world datasets. In this
setup, neighboring vehicles replay logged behaviors, while
our model generates planning trajectories. We employ the
Separating Axis Theorem (SAT) to detect overlaps between the
oriented bounding boxes of the ego vehicle and neighboring
vehicles. Accordingly, the safety reward is defined as: rsafety =
1−maxl=1,··· ,L cl, where cl imposes a full penalty (1.0) for
active collisions, while employing an attenuated penalty (0.3)
for rear-end accidents to mitigate the artifacts arising from the
non-reactive nature of the simulator. To achieve stable training
using Eq. (10), we apply reward group normalization [45] to
obtain an appropriate numerical range for weighting. Addition-
ally, we discard samples in which all actions receive identical
rewards to improve learning effectiveness. Finally, we employ
Exponential Moving Average (EMA) for policy updates to
further enhance stability. See Appendix C for more details.

VI. REAL-VEHICLE TESTING RESULTS

Model Training. Given the above findings and designs for
diffusion-based planning methods for E2E AD, we incorporate
all the aforementioned innovations into a complete framework,
Hyper Diffusion Planner (HDP). We begin with the base
model introduced in Section III-A, which uses ϵ-loss and ϵ-
pred (Base Model). In Section IV-A, we find that using τ0-pred
and τ0-loss achieves the best trajectory quality among other
diffusion loss variants (with τ0-loss & τ0-pred). Afterwards,
in Section IV-B, we discover that using velocity as a supervi-
sion signal performs better than using waypoints (+ Velocity
Supervision). Combining both improvements, we introduce a



TABLE II: Main results. a represents the highest score in various metrics. The open-loop score is evaluated through data
replay on test datasets, while the closed-loop score is obtained from real-world road testing on a real-vehicle platform.

Model Name Data Size Open-Loop Score Closed-Loop Score

Success Rate Stability Score Overall Score

Base Model M 51.07 15.67 0.00 7.83
with τ0-loss & τ0-pred M 75.27 22.84 0.00 11.42
+ Velocity Supervision M 84.38 34.72 9.24 21.98
+ Hybrid Loss M 85.05 61.88 53.88 57.88

+ Data Scaling L 86.07 70.59 59.00 64.79
+ Data Scaling (HDP) XL 88.94 71.24 79.53 75.38

+ RL (HDP-RL) - - 72.89 79.53 76.20

(a) Success rate of frequently occurring scenarios. (b) Details of the stability score. (c) Success rate in safety-related scenarios.

Fig. 10: (a–b) Details the performance of success rate and stability score under different volumes. (c) Compares the success
rate before and after RL post-training.

hybrid loss function (+ Hybrid Loss). Furthermore, we scale
up the dataset in Section IV-C from the original 20M samples
to 50M (+ Data Scaling / L) and 70M (+ Data Scaling / XL),
resulting in the final version of HDP. Finally, we apply RL
methods in Section V to further enhance safety performance,
leading to the model HDP-RL.

Model Inference. After being well trained, our models are
deployed on a real vehicle platform for real-world closed-
loop testing. Specifically, the model is first converted to the
ONNX format and then optimized using TensorRT’s inference
compiler to enable hardware-accelerated execution. Further-
more, for multi-step inference, we follow the approach used
by Zheng et al. [55], which employs the DPM-Solver [35] to
accelerate the sampling process, achieving a final inference
speed that easily meets the 10Hz requirement. It is worth
noting that we apply only a light post-processing smoothing
step after the model output, ensuring that the evaluation
accurately reflects the model’s inherent performance.

A. Main Results

We present the main results in TABLE II. HDP achieves
nearly a 10x improvement in closed-loop performance com-
pared to the base model. For the open-loop setting, dur-
ing imitation pretraining, it shows that a well-designed loss
function and data scaling can steadily improve performance.
However, a significant improvement in the closed-loop score
is observed only after applying the hybrid loss, highlighting
the difference between open-loop and closed-loop metrics.
The key insight is that the hybrid loss greatly enhances
stability, allowing the model to have a higher probability of

completing each task, thereby achieving an overall noticeable
improvement. In addition, when scaling up the data, we show
the relative success rate on frequent scenarios, as illustrated
in Fig. 10a. There is a noticeable performance drop of 6.2
on the XL-sized datasets compared to the L-sized datasets.
This may indicate a trade-off: as the model focuses more
on learning the complex ”Navigational lane change” behavior
(which improves significantly by +18.9), its performance on
the simpler ”Car-following with stopping” task degrades. As
shown in Fig. 10b, we also observe a significant gain in
the stability score, including both centering performance and
speed compliance, indicating that the model better captures the
underlying data distribution when trained on larger datasets.

Furthermore, as shown in Fig. 10c, RL significantly im-
proves safety-related performance. However, the overall per-
formance does not improve substantially, likely because our
current reward function only considers safety. This may lead
the policy to behave conservatively, resulting in lower scores
in scenarios that require driving efficiency. We leave the
integration of additional reward components for future work.

B. Case Study

As shown in Fig. 13, HDP demonstrates a strong capability
to handle complex urban driving scenarios. For example, in
Fig. 11a, the vehicle changes lanes to avoid a slow-moving
truck ahead, showcasing its flexibility. In addition, the vehicle
can perform lane changes based on navigation instructions
while complying with traffic rules, as illustrated in Fig. 11b.
Moreover, it can safely avoid both vehicles and VRUs during
driving. We also compare the behavioral differences between



(a) Efficient Lane Change. (b) Navigational Lane Change.

(c) Vehicle avoidance at intersection. (d) VRU avoidance.

Fig. 11: Closed-loop real-vehicle testing results. Two representative frames from the scenario are captured for illustration.

(a) Avoid oncoming vehicles.

(b) Avoid cutting in vehicles.

Fig. 12: Visualization of open-loop data replay for bad cases
in real-vehicle testing before and after RL post-training. HDP-
RL in blue and HDP in red.

the HDP and the HDP-RL models. As shown in Fig. 12, the
RL post-trained model effectively avoids surrounding vehicles,
demonstrating improved safety and proving the effectiveness
of the RL algorithm. More cases are shown in Appendix A.

VII. RELATED WORKS

Diffusion models [17, 46] have recently gained widespread
popularity in decision-making tasks due to their strong ca-
pability to model complex data distributions. In autonomous
driving, Zheng et al. [55] make a pioneering attempt by
applying diffusion models to planning tasks, although they
still rely on vectorized scene representations. Liao et al. [32]
introduce a truncated denoising process, but this modification
disrupts the original diffusion mechanism, and their model still
heavily depends on trajectory anchors for trajectory genera-

tion. Wang et al. [50] develop an autonomous driving VLA
model using a diffusion model to generate trajectories with
strong reasoning capabilities. Building upon imitation learning
pretrained models, researchers have applied RL methods to
diffusion models in order to further improve performance.
One straightforward approach is to optimize a reward or value
function [52, 11], but backpropagating gradients through the
denoising process is often noisy and unstable. Another ap-
proach [42] treats each denoising step as a Gaussian transition
and applies PPO [44] to diffusion models, though this leads
to high computational costs. Li et al. [28] extend this idea
from Black et al. [5] in the context of autonomous driving.
Moreover, weighted regression [25, 23, 54] offers a simpler
alternative for diffusion-based RL. Liang et al. [31] propose
a dichotomous policy optimization method and fine-tune a 1
billion-parameter diffusion-based VLA model for autonomous
driving, achieving stable training performance.

VIII. CONCLUSION

In this paper, we introduce the Hyper Diffusion Planner
(HDP), a novel framework that effectively harnesses the gen-
erative capabilities of diffusion models for E2E AD. Through
comprehensive and controlled studies, we identify key insights
into the diffusion loss space, trajectory representation, and
data scaling, revealing their critical impact on E2E planning
performance. Furthermore, we integrate an effective RL post-
training strategy to enhance the safety and robustness of the
learned planner. HDP is deployed on a real-vehicle platform
and validated across 6 urban driving scenarios and 200 km
of real-world testing, achieving a notable 10x performance
improvement over the base diffusion planner. These results
demonstrate that diffusion models, when properly designed
and trained, serve as effective and scalable solutions for
complex, real-world autonomous driving tasks.
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APPENDIX

A. Visualization of Real-Vehicle Testing Results

Fig. 13: Closed-loop real-vehicle testing results. Each row contains representative frames from the scenario.



TABLE III: The mutual conversions of diffusion quantities. The predicted quantities are distinguished withˆand the model is
parameterized with θ.

τ0-pred. vt-pred. ϵ-pred.

τ0-loss: E||τ̂0 − τ0||2 τ̂0 = τθ τ̂0 = αtτt − σtvθ;t τ̂0 = (τt − σtϵθ)/αt

vt-loss: E||v̂t − vt||2 v̂t = (αtτt − τθ)/σt v̂t = vθ;t v̂t = (ϵθ − σtτt)/αt

ϵ-loss: E||ϵ̂− ϵ||2 ϵ̂ = (τt − αtτθ)/σt ϵ̂ = σtτt + αtvθ;t ϵ̂ = ϵθ

B. Theoretical Analysis

In this section, we provide details on the conversion between
different types of diffusion losses and predictions, as well as
the proofs of the theorems.

1) Diffusion Loss Space: The diffusion models are trained
to predict one of the following quantities: τ0, vt or ϵ. Given the
diffusion timestep t, the predefined noise schedule αt, σt and
noised sample τt, these quantities are mutually convertible.
This provides the freedom of combinations of model predic-
tions (parameterization) and loss functions, as in TABLE III.
For instance, we can parameterize the model to output the clear
trajectory τθ and transform the prediction into noise space to
compute the loss:

L = Eτ0,t,ϵ∥
τt − αtτθ

σt
− ϵ∥2 (11)

2) Proofs of The Theorems: We provide the proofs of the
theorems for the hybrid loss and the RL objectives.

Theorem IV.1. The hybrid loss in Eq. (5) is equivalent to a
diffusion score matching loss under P -norm:

Lhybrid = Eτv
0 ,ϵ,t[||τvθ − τv0 ||2P ],

where P = I+∆t2·ωMTM is positive-definite. The minimizer
of the loss is the marginal score function in Eq. (2).

Proof: Given Eq. 4 and Eq. 5, the hybrid loss is

Lhybrid = Eτv
0 ,ϵ,t

[
(τvθ − τv0 )

T (τvθ − τv0 )
]

+ ωEτv
0 ,ϵ,t

[
∆t2(τvθ − τv0 )

TMTM(τvθ − τv0 )
]

= Eτv
0 ,ϵ,t

[
(τvθ − τv0 )

T (I + ω∆t2MTM)(τvθ − τv0 )
]

= Eτv
0 ,ϵ,t

[
(τvθ − τv0 )

TPτvθ − τv0 )
]

= Eτv
0 ,ϵ,t∥τvθ − τv0 ∥2P ]

= Eτv
0 ,ϵ,tDP (τ

v
θ , τ

v
0 )

(12)
where P = I + ω∆t2MTM is strictly positive definite and
DP (u, v) = ∥u − v∥2P . This indicates that the hybrid loss
is a divergence under metric P . To show that the hybrid loss
adheres to the original score matching objective, we only need
to prove that the divergence DP is a Bregman Divergence,
which provides unbiased gradients to learn the marginal score
function from the conditioned score:

DP (u, v) = (u− v)TP (u− v)

= uTPu− vTPv− < u− v, 2Pv >

= ΦP (u)− ΦP (v)− < u− v,∇ΦP (v) >

(13)

where ΦP (u) = uTPu is strictly convex and < · , · > is the
inner product. Therefore, we can train a diffusion model using
the hybrid loss to obtain the marginal score function.

In fact, the choice of the matrix M is mathematically
arbitrary since I+ωMTM is always positive definite, making
it a valid divergence. In our method, we choose the M to
be a lower triangular matrix of ones, which is equivalent to
element-wise integration of velocity:

Mτv0 ·∆t =


1 0 · · · 0
1 1 · · · 0
...

...
. . .

...
1 1 · · · 1



v1

v2

...
vT

 ·∆t =


x1

x2

...
xT

 (14)

Next, we show that the hybrid loss can also be expanded into
a reward-weighted diffusion loss for reinforcement learning.

Theorem V.1. Optimal action a ∼ πk⋆

(a|s) in Eq. (8) can be
generated by optimizing the weighted diffusion loss in Eq. (10)
and solving the diffusion reverse process with the learned vk⋆

.

Proof: To prove that we can sample from the optimal
policy in Eq. 8, we only need to show that the reward-
weighted objective in Eq. 10 is equivalent to the corresponding
score matching objective of the optimal policy distribution. For
simplicity, we omit the state condition in the derivation.

Ev∼πk−1,ϵ∼pϵ(ϵ),t∼pt(t)

[
exp(βr)||vθ − v||2P

]
=

∫
v

∫
ϵ,t

exp(βr)||vθ − v||2P · πk−1(v)pϵ(ϵ)pt(t)dϵdtdv

= Z

∫
v

∫
ϵ,t

||vθ − v||2P · exp(βr)π
k−1(v)

Z
· pϵ(ϵ)pt(t)dϵdtdv

= Z

∫
v

∫
ϵ,t

||vθ − v||2P · πk⋆

(v) · pϵ(ϵ)pt(t)dϵdtdv

= ZEv∼πk⋆ ,ϵ∼pϵ(ϵ),t∼pt(t)

[
||vθ − v||2P

]
(15)

where Z =
∫
v
exp(βr)πk−1(v)dv is the normalizing con-

stant. This indicates that the reward-weighted objective is
equivalent to the standard score matching objective over the
optimal policy, scaled by a constant that does not change
the minimizer. Namely, we can draw samples from πk⋆

by
sampling via the vθ trained with the objective.

C. Experimental Details

In this section, we provide the experimental details, includ-
ing the metrics used for open-loop and closed-loop evaluation,



as well as the implementation details of imitation learning pre-
training and reinforcement learning post-training.

1) Evaluation Metric Design: We consider two types of
evaluation metrics: open-loop metrics for assessing trajectory
quality, and closed-loop metrics for evaluating performance
during real-vehicle testing.

• Open-Loop Metrics. To perform a comparable open-
loop evaluation, we consider widely adopted open-loop
measures and compute a final score as the aggregated
open-loop metric. The diffusion model exhibits multi-
modal behavior during trajectory generation. We generate
N1 trajectories for evaluation. To reduce randomness,
we compute the minADE (minimum average Euclidean
distance between each predicted trajectory and the ground
truth across all waypoints) and minFDE (minimum Eu-
clidean distance between the final waypoint of each
predicted trajectory and the ground truth) and calculate
the corresponding scores as follows:

SADE = 100× Clip(1− minADE

ThreshADE
, 0, 1)

SFDE = 100× Clip(1− minFDE

ThreshFDE
, 0, 1)

(16)

in which we clip and scale the corresponding scores into
[0, 100]. To evaluate the comfort and smoothness of the
model’s generated trajectories, we computed a comfort
score as a combination of average acceleration (Acc) and
jerk (Jerk), and calculated the average score over the N1

trajectories:

Cost =
1

N1

N1∑
i=1

(CostAcc ×Acc+ CostJerk × Jerk)

SComfort = 100× Clip(1− Cost

ThreshComfort
, 0, 1)

(17)
The final aggregated open-loop score is computed as
a weighted sum of the previous metrics scaled by the
average collision rate (CR):

SOpen−Loop = (1− CR)× (
∑

m∈M
ωmSm)

M = {ADE, FDE, Comfort}
(18)

In addition, to evaluate the multi-modal generation ability
of the model, we consider the divergence of each rollout
with N2 generations, measured by the average distance
of trajectory endpoints to their geometrical center:

Divergence Score =
1

N2

N2∑
i=1

∥PL
i − 1

N2

N2∑
i=1

PL
i ∥2

(19)
where PL

i is the endpoint of the i-th trajectory. The
choice of hyperparameters can be found in TABLE IV.

• Closed-Loop Metrics. We provide two types of closed-
loop metrics: the success rate and the stability score. To
ensure a fair comparison, we use a fixed route, as shown
in Fig. (14), for each model, and each model performs

TABLE IV: Hyperparameters for the open-loop metrics.

Hyperparameter Value Hyperparameter Value

ThreshADE 4 Costjerk 0.5
ThreshFDE 8 ωADE 0.35
ThreshComfort 200 ωFDE 0.25
CostAcc 1.0 ωComfort 0.40

TABLE V: Hyperparameters for the closed-loop metrics.

Hyperparameter Value Hyperparameter Value

w1 0.1 w5 0.1
w2 0.25 w6 0.2
w3 0.25 Threshcenter 40
w4 0.1 Threshspeed 40

two loops. During the test, we mark specific scenarios,
including starting maneuvers (s1), car-following with
stopping (s2), navigational lane changes (s3), yielding
to VRUs (s4), yielding to cross traffic at intersections
(s5), and left and right turns (s6). For each task, a
trial is considered a failure if a human takeover occurs;
otherwise, it is considered a success. The success rate
for each scenario is then calculated. To obtain an overall
success rate, we compute a weighted mean across all
six scenarios, assigning higher weights to more frequent
scenarios for a more accurate evaluation.
Success Rate =w1 ∗ s1 + w2 ∗ s2 + w3 ∗ s3

+ w4 ∗ s4 + w5 ∗ s5 + w6 ∗ s6
(20)

Moreover, we also consider the stability score. Unlike
the success rate, this metric is not constrained to specific
scenarios. Instead, we evaluate abnormal centering be-
havior and abnormal speeds, such as driving too slowly
or too fast. We record the occurrences of these abnor-
mal behaviors and normalize the counts per 100 km
(kcenter, kspeed). Afterward, we calculate the scores for
centering performance and speed compliance:

Scenter = 100× Clip(1− kcenter
Threshcenter

, 0, 1)

Sspeed = 100× Clip(1− kspeed
Threshspeed

, 0, 1)
(21)

Fig. 14: Real vehicle test route.



TABLE VI: Hyperparameters of HDP

Type Parameter Symbol Value

IL

Num. block - 6
Dim. hidden layer - 256
Num. multi-head - 8
Hybrid Loss weight ω 0.1

RL
Group Size - 32
Temperature β 1.0
EMA - 0.05

Finally, we calculate the overall score using the aver-
age of the centering performance and speed compliance
scores. The choice of hyperparameters can be found in
TABLE IV.

2) Implementation Details: We provide the pseudocode for
the hybrid loss, as well as the experimental setup details for
imitation learning and reinforcement learning training.

• Hybrid Loss Implementations. The pseudocode for
hybrid loss with detach is shown in Algorithm 1, im-
plemented in torch.

Algorithm 1 Hybrid Loss with Detach

def detached_integral(v, W, dt):
# v: velocity of future trajectory
# W: gradient detach window size
# dt: time interval
wpt_sg = torch.cumsum(v.detach()) * dt
shift_sg = torch.roll(wpt_sg, shifts=W)
shift_sg[:W] = 0

wpt = torch.cumsum(v) * dt
shift = torch.roll(wpt, shifts=W)
shift[:W] = 0

return wpt + shift_sg - shift

def hybrid_loss(pred_v, gt_v, W, omega):
# omega: loss balancing weight
# pred_v: predicted future velocity
# gt_v: ground truth future velocity
l_v = (pred_v - gt_v) * * 2
l_wpt = (detached_integral(pred_v, W) -

torch.cumsum(gt_v)) * * 2
return l_v + omega * l_wpt

• Experimental Setup. Based on the content in Section VI,
we provide the following details of the experimental
setup. We adopt the variance-preserving(VP) noise sched-
ule following [55] and use 6 sampling steps for efficient
generation. Training was conducted using 64 NVIDIA
H20 GPUs, with a batch size of 160 per GPU over 10
epochs, with a warmup phase. We use AdamW optimizer
with a learning rate of 5 × 10−4, weight decay of 0.01.
For RL training, 32 NVIDIA H20 GPUs were used for
8k steps. We report the other detailed setup in TABLE
VI.
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