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ABSTRACT

End-to-End (E2E) solutions have emerged as a mainstream approach for au-
tonomous driving systems, with Vision-Language-Action (VLA) models repre-
senting a new paradigm that leverages pre-trained multimodal knowledge from
Vision-Language Models (VLMs) to interpret and interact with complex real-
world environments. However, these methods remain constrained by the limita-
tions of imitation learning, which struggles to inherently encode physical rules
during training. Existing approaches often rely on complex rule-based post-
refinement, employ reinforcement learning that remains largely limited to sim-
ulation, or utilize diffusion guidance that requires computationally expensive gra-
dient calculations. To address these challenges, we introduce ReflectDrive, a novel
learning-based framework that integrates a reflection mechanism for safe trajec-
tory generation via discrete diffusion. We first discretize the two-dimensional
driving space to construct an action codebook, enabling the use of pre-trained
Diffusion Language Models for planning tasks through fine-tuning. Central
to our approach is a safety-aware reflection mechanism that performs iterative
self-correction without gradient computation. Our method begins with goal-
conditioned trajectory generation to model multi-modal driving behaviors. Based
on this, we apply local search methods to identify unsafe tokens and determine
feasible solutions, which then serve as safe anchors for inpainting-based regen-
eration. Evaluated on the NAVSIM benchmark, ReflectDrive demonstrates sig-
nificant advantages in safety-critical trajectory generation, offering a scalable and
reliable solution for autonomous driving systems.

1 INTRODUCTION

Autonomous driving (AD) is guiding the transportation industry toward a safer and more efficient
future (Tampuu et al., 2020). Within this trend, End-to-End (E2E) systems (Hu et al., 2023; Chen
et al., 2023) have emerged as the mainstream alternative to traditional modular designs (Bansal
et al.,, 2018), which are prone to error accumulation between interdependent modules. They have
also largely replaced rule-based methods (Fan et al., 2018; Treiber et al., 2000) that demand ex-
tensive human engineering effort. Meanwhile, Vision-Language-Action (VLA) models (Kim et al.,
2024; Hwang et al., 2024) offer a new solution by incorporating pre-trained knowledge from Vision-
Language Models (VLMs) (Hurst et al., 2024; Bai et al., 2025). Equipped with enhanced general-
ization capabilities, VLA models can interpret visual scenes and understand human instructions to
directly output planning trajectories, thereby improving adaptability in challenging situations.

However, eixsting learning-based methods does not resolve the core challenge in imitation learning-
based driving systems. Specifically, behavior cloning fails to inherently encode inviolable physical
rules, such as collision avoidance or adherence to drivable areas (Lu et al., 2023). As a result, a
generated trajectory may be highly probable under the model’s distribution yet still violate critical
safety constraints. Consequently, existing deployed solutions often rely on significant human pri-
ors, such as trajectory anchors (Li et al., 2024) or rule-based generated paths (Dauner et al., 2023).
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These priors offer a reliable initial solution for the Iearning system, but they also necessitate sub-
stantial post- processing, particularly in complex scenarios. Concurrently, more advanced solutions
are emergmg Some methods integrate reinforcement learning (

, ) with human- deS|gned reward functions to
enhance causal reasonlng However, most existing studies remain con ned to the simulation level.
From a deployment perspective, these approaches typically require unsafe online rollouts and suffer

from training instability, especially in large-scale models ( , ). Although guidance
mechanisms in diffusion models prowde a promising alternatlve by enabling controllable generatlon
during inference ( , ), they often experience

slow sampling speeds due to gradlent computauons and are highly sensitive to parameter tuning,
which can lead to numerical instability.

To address these challenges, we pioneer the use of discrete diffusion ( , ) for plan-
ning to meet the demand for veri able and controllable E2E driving systems. A key advantage of
this approach is its operation in a discrete action space, which facilitates the seamless incorporation
of critical safety constraints through search, masking, and sampling techniques during trajectory
generation. This results in a hybrid framework in which learned behaviors can be rigorously guided
by prior knowledge, shifting away from black-box planning toward trustworthy and interpretable
decision-making. Inspired by these insights, we profResectDrive a novel learning-based frame-

work that integrates a re ection mechanism for safe trajectory generation via discrete diffusion.
Speci cally, we rst discretize the two-dimensional driving space to construct a action codebook,
enabling the representation of vehicle trajectories through discrete codebook embeddings. This rep-
resentatlon allows us to leverage a pre-trained Diffusion Language Models (DLMSs) (

, ) for planning tasks via ne-tuning. The approach facilitates parallel decodlng
and b|d|rect|onal feature fusion within a uni ed architecture that supports scalable training. Based
on this ne-tuned model, our re ection mechanism begins with goal-conditioned generation, where
the goal point guides the generation process to capture diverse multi-modal driving behaviors. Fur-
thermore, the framework integrates safety metrics to evaluate the generated multi-modal trajectories.
For unsafe waypoints, we perform a local search to identify a feasible solution, which then serves as
a safe anchor token for trajectory inpainting. The entire process operates without gradient computa-
tion, enabling parallel generation and the injection of safety constraints during trajectory regenera-
tion. Evaluations on the real-world autonomous driving benchmark NAVSIM (
demonstrate the feasibility of employing discrete diffusion for trajectory generation. Equped with
our re ection mechanismRe ectDrive achieves near human-level closed-loop performance. Our
contributions are summarized as follows:

* We pioneer the application of discrete diffusion for E2E autonomous driving trajectory
generation and integrate it into a VLA model for scalable training.

» We introduce re ection mechanism, a novel inference-time guidance framework speci -
cally designed for the denoising process in discrete diffusion, integrating external safety
validation with ef cient discrete token optimization.

» We evaluate our method on real-world driving benchmarks, proving that the framework can
enforce hard safety constraints without compromising behavioral coherence.

2 RELATED WORK

End-to-End Autonomous Driving. E2E methods ( , ) have
emerged as a promising solution to largely replace rule- based approaches due to their supenor scal-
ability. Recently, VLA models ( , ) have arisen

as a new parad|gm incorporating world knowledge from pre- tralned VLMs to enhance performance
in long-tail scenarios. Additionally, VLA architectures can accept human instructions to support
human-preferred driving behaviors ( , ), while Ianguage serves as an interpretable
intermediate representation for improved explainability ( , ; , ).

Beyond Imitation Learning. Current mainstream pipelines still operate within imitation learning-
based frameworks, which suffer from causal confusion and lack veri able safety guarantees. Many
studies have attempted to address this issue, which can be broadly categorized as follows: 1)
The model uses trajectory anchors, which are derived from clustered trajectory data or rule-based
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proposals, as conditioning inputs and is designed to predict offsets for further trajectory re ne-
ment ( , ). Hydra-MDP ( , ) utilizes trajectory anchors as candidates
for post-selection, while DiffusionDrive ( , ) employs anchors as starting points and
uses a pseudo-diffusion process for re nement. Although these methods exhibit improved relia-
bility, they rely heavily on rule-based design. 2) Relnforcement learning methods enhance modeI
capabilities through exploration ( , ;

, ); for instance, GIGAFLOW ( , )srgnr cantlyrmproves per—
formance via self-play in simulation. However, online rollouts are infeasible for real-world vehicle
deployment, and simulation training faces the sim-to-real gap. Although recent advances in world
models ( , ) offer a potential solution, they still struggle with out-of-distribution sim-
ulation. 3) Other methods, such as guidance mechanisms for dlffu5|on models, enable the injection
of reward signals during the denoising process ( , ). Diffusion
Planner ( , ) represents a pioneering effort i |n applylng diffusion models to closed-
loop planning tasks. Although it utilizes guidance to adjust behavior during inference, the method
relies on additional gradient computations, resulting in high computational cost. In this paper, we
propose a novel re ection mechanism based on discrete diffusion that naturally incorporates safety
constraints through search, masking, and inpainting during trajectory generation.

3 PRELIMINARIES

3.1 AUTONOMOUSDRIVING PLANNING

We formulate the autonomous driving planning task as learning a conditional distrilpgtigrc),

where the goal is to generate a future trajectoryEach waypoint is expressed in the ego-vehicle
frame, conditioned on a scene contexthat includes multi-view images, instructions, and ego-
vehicle state. The primary challenge in planning is that trajectories must adhere to traf c rules
and safety constraints, which is dif cult for imitation learning-based methods due to the absence of
explicit signals to ensure strict compliance with these requirements.

3.2 DISCRETEDIFFUSION
Discrete diffusion models ( ; ; , ) have emerged asa

powerful non-autoregressive paradlgm for generatlng structured sequences. This process is de ned
by a forward corruption process and a learned reverse denoising process.

Forward and Reverse Process. The forward process degrades a clean sequence of discrete tokens

y =(y1;::5;Yi: i1, yL) over a series db timesteps. At each step? f 1;:::; Sg, a noisy version
of the sequenceg‘(s), is created by masking a subset of the tokeng |nSpeC| cally, a binary
maskm(® = (m{¥;:::;m®; 0 m®)) 21 0, 19 is sampled, and each tokgnis replaced with

a specia[MASK] token if mi(s) = 1. The number of masked tokens is determined by a noise
schedule, such as a cosine schedule, which typically increases the masking sajipasaches.
The core learning task is to train a mogbelto reverse this corruption. This model learns to predict
the original tokens at the masked positions, conditioned on the unmasked tokens, the tiyrestep
any external contexd. The model is trained by minimizing the negative log-likelihood objective:

2 3
X
L( ): Ey;c;s;m(s)2 |ng Yi y(s);C;Sg: (1)

m{=1

Here,s 2 [0; 1] represents the masking ratio determined by the noise schedule esmmdmpasses
the scene context including multi-view images, ego-status, and instructions.

Model Inference. To generate a new sequence, the process starts with a fully masked sequence,
y(5). The model then iteratively re nes this sequence $osteps. In each step, the model predicts

a probability distribution for the tokens at the masked positions. A subset of these predictions is
then sampled and xed, while the rest are re-masked for the next re nement step. Speci cally, we
utilize a linear noise schedule. During inference, we adopt a parallel decoding strategy where, at
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Figure 1:Re ectDriveFramework Overview.

each step, we select and x a subset of tokens with the highest predicted con dence scores, allowing
multiple tokens to be decoded simultaneously until the sequence is complete. A central advantage
of this framework, and one especially critical to our work, is its capacity for inpainting, de ned as
the ability to reconstruct masked segments of a sequence while maintaining consistency with the
context from unmasked tokens. Additionally, the discrete token structure supports ef cient search
and constraint integration, making it possible to guide trajectories using safety constraints.

4 METHOD

In this section, we preseRte ectDrive a novel learning-based framework that integrates a re ection
mechanism to facilitate safe trajectory generation via discrete diffusion, as illustrated in Figure 1.
We rst introduce a trajectory discretization method tailored for integration into a masked diffusion
process. A pre-trained diffusion language model is then employed for trajectory generation. Finally,
we propose a re ection mechanism speci cally designed to ensure safety during the trajectory gen-
eration process. This mechanism leverages diffusion inpainting and capitalizes on the advantages of
discrete token spaces for ef cient constraint-based search.

4.1 DISCRETEDIFFUSION FORAUTONOMOUSDRIVING PLANNING

Trajectory Discretization. To represent continuous waypoints in a discrete format, we quantize
each 2D coordinatéx; y) by mapping itx andy values independently to the closest tokens in their
respective 1D codebooks. We de ne a uniform 1D codeb&ok faj;ay;:::g by discretizing a
spatial rang¢ M; M ] with resolution 4. A quantizerQ maps a real value to its nearest token, and
its inverse recovers the coordinate. Each 2D waypoint is thus represented by a toKg.aaity ),

A2N At rst glance, discretization may appear to cause some loss in trajectory precision. However,
in practical deployment, the resolution can be adjusted to control accuracy, or different codebook
partitioning strategies can be employed. Speci cally, we utilize a grid resolutiongof 0:3 me-

ters. Given the spatial range pf 100 100] meters, this results in a codebook sizgAf 667

tokens per dimension. Most importantly, discretization facilitates ef cient search for feasible solu-
tions in the Bird's-Eye View (BEV) space. Experimental results in Section 5.2 and Figure 3 further
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demonstrate that, with discrete representations, our re ection mechanism signi cantly enhances the
safety of the generated trajectories.

Discrete Diffusion Model. Based on our discretized trajectory representation, we instantiate the
trajectory planner using the discrete diffusion framework described in Section 3. In practice, we
employ a VLA model as the planner, initialized from a pre-trained Diffusion Language Model (

, ) that exhibits strong pre-training performance in understanding driving
scenarlos The model can generate a tokenized trajejctooyldmoned on a scene contexmulti-
view images, language instruction, ego state). The model is trained via the denoising objective in
Eq. 1 using autonomous driving planning datasets for supervised ne-tuning. This provides the
inherent capability for bidirectional inpainting, which serves as the foundation of our method. It
enables the model to perform holistic parallel re nement and elegantly repair trajectories around
externally guided safety edits during the re ective inference process.

4.2 REFLECTIVE INFERENCE

With the discrete diffusion-based VLA model as our foundation, we introduce a re ective inference
framework to bridge the gap between imitation learning and safety-critical deployment. This frame-
work operates in two stages: goal-conditioned trajectory generation and safety-guided regeneration.
The entire process is guided by a set of specialized scoring functions.

Scoring Function De nitions. To systematically evaluate trajectories, our framework incorpo-
rates three distinct scoring functions. The detailed composition of these functions, which are de-
signed based on established autonomous driving evaluation principles, is provided in Appendix E.

* Global Scorer §qonal( )): This scorer evaluates the overall quality of a complete trajectory, con-
sidering both safety and coherence, and returns a value of zero if any critical rule is violated.

» Safety Scorer§said )): This scorer acts as a safety oracle to identify speci ¢ points of failure.

* Local Scorer §iocal(ax; ay)): This scorer evaluates each candidate token (@gira,) using a
comprehensive function that assesses its impact on the trajectory's safety and coherence.

Goal-Conditioned Generation. To ensure our planner can reason about high-level, global intents

that go beyond simple local adjustments, the process begins with generating a diverse set of trajec-
tory proposals. This procedure is essential for multi-modal driving behavior modeling and serves
as a necessary step for subsequent regeneration. Since the local search in our safety-aware regen-
eration stage is intentionally constrained for ef ciency, it cannot accommodate large-scale changes,
such as taking a different turn at an intersection, which require broader exploration. We rst use the
model to produce a probability distribution for the terminal waypoint tokengn j C;s), where

YN = (Ynx YNy ). From this distribution, we sample a set of high-probability goal candidates.

We then apply Non-Maximum Suppression (NMS) ( , ) to obtain a spatially diverse
set ofK candidate goalsG= fGy;:::;Gk O

G= NMS TopKo p (Yn jC;9) ; duus; K 2

whereTopK , o( ) is an operator that selects tKé’ most probable goal candidates from the model's
output distribution. The NME) function then lIters this set using a distance threshdlghs to
produce the nal, spatially diverse s& of size K. For practical deployment, a dedicated goal
generation model could be used to improve the accuracy and quality of goal points. However, for
simplicity, we employ the same model for both goal generation and trajectory planning. Then,
for each goalGx 2 G, we generate a full trajectory, by sampling from the conditional distri-
butionp (yi2n 2 j Gk;cC;9) via inpainting. The resulting trajectories are evaluated using the
Global Scorer Syional( ), Which assesses each plan based on a combination of metrics including goal
progress. The top-scoring trajectory is then selected for further re nement.

= argmax S(k): 3
k=10
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Figure 2: Safety-Guided Regeneration Pipeline.

Safety-Guided Regeneration. The selected trajectory , while coherent, may still violate physi-
cal constraints. We address this with an iterative, gradient-free re nement loop that forms a dialogue
between the generative model and an external safety oracle, as shown in Figure 2.

 Trajectory Evaluation. The process begins when ti$afety ScorerSsd ) evaluates the de-
guantized trajectory and identi es the speci ¢ waypoints that are unsafe. The oracle assigns a
safety score to each original waypoint based on the worst violation (e.g., drivable area infraction)
within a local time window. This allows it to precisely pinpoint unsafe waypoints.

» Safety Anchors Searchror the earliest waypoint that violates a safety threshold, we perform a
highly ef cient local search within a small Manhattan neighborhdbdof the original tokens to
identify an improved token pair, rather than resorting to complex continuous optimization. The
corrected token pair that maximizes the local safety score is then designated as a safety anchor.

 Trajectory Inpainting We then leverage the diffusion model's powerful inpainting capability to
regenerate the surrounding trajectory segments conditioned on safety anchors. This single-pass
regeneration allows the model to naturally re-establish global coherence around the safety-driven
edit. This cycle of identifying violations, performing discrete corrections, and re-inpainting con-
tinues until the plan is fully safe or a computational budget is met. Speci cally, we set a maximum
budget of 10 iterations to ensure real-time feasibility. If the algorithm reaches this limit without
nding a fully safe trajectory, it outputs the candidate with the highest safety score found during
the search as a fallback strategy.

This re nement process operates as an iterative loop. In each iteration, the top-scoring trajectory

is evaluated by thé&afety Scorerto identify the set of all violating waypoint indiceg =
ft ] Ssard )t < sarg- If V is empty, the trajectory is deemed safe and the process terminates.
Otherwise, we select asub3et V corresponding to the segment of violations. For each timestep
t 2T ,theLocal Scoreris employed to nd an improved token pair within a local neighborhood
N by solving:

(ygx ;ygy )= arg max Siocal(@x; @y ): (4)
(ax;ay)2N  (Yex Yy )

The original tokens at the indicesn are replaced by these optimized pairs, which serve as xed
safety anchors for the subsequent inpainting step. The re nement cycle then continues with this
updated trajectory. In practice, the re ective inference process is designed for real-time performance.
The local search for corrective tokens is ef cient, as it operates over a small, discrete neighborhood
(e.g., a Manhattan distance 10) rather than requiring expensive gradient-based optimization. In
practice, we nd that most safety violations are resolved within 1-3 iterations of re ection, resulting
in a manageable inference overhead.

5 EXPERIMENTS

5.1 BENCHMARK AND BASELINES

Evaluation Setups.In our implementation, the VLA model backbone is initialized from a publicly
available pre-trained Vision-Language Model (LLaDA-V ( )) and utilizes classi er-
free guidance for trajectory generation. Input images are obtained from the front, front-left, and



Published as a conference paper at ICLR 2026

Table 1:NAVSIM Closed-Loop Results.Methods are grouped by their core architectural paradigm.
TheY symbol denotes our method using a privileged ground-truth oracle for re ection, serving as an
analytical upper bound. Best result per column ibafd (higher is better).

Method Paradigm Input NC~ DACA TTCA Comf”r EPN PDMSM
Base End-to-End Planners

UniAD - Cam 978 919 929 100:.0 788 834
PARA-Drive - Cam 979 924 930 998 793 840
Transfuser - C&L 977 928 928 100:0 792 84.0
Augmented End-to-End Planners

Hydra-MDP - C&L 983 960 946 100:0 787 865
DiffusionDrive Diffusion C&L 982 962 947 100:0 822 881
GoalFlow Diffusion C&L 984 983 946 100:0 850 903
VLA Planners

AutoVLA (Post-RFT) Autoregressive  Cam984 956 980 999 819 891
Re ectDrive (w/o R.l.) Discrete Diffusion Cam 969 954 922 100:0 79,0 848
Re ectDrive (Ours) Discrete Diffusion Cam97:7 993 935 100:0 869 911

Re ectDrive’ Discrete Diffusion Cam 99:7 99:5 99:1 99,9 88:9 94:7
Human - — 1000 1000 1000 999 875 9438

front-right cameras. The language instruction provides a high-level navigational command, such
as “turn left” or “go straight,” along with textual descriptions of the ego vehicle's status. We eval-
uate our model on the large-scale real-world autonomous driving benchmark NAVSIM (

, ) for closed-loop performance assessment. Following the of cial protocol, performance
is reported with the PDMS score (higher is better), aggregated from ve meMiCgno-collision
rate), DAC (drivable area compliance),TC (time-to-collision safety)Comfort(bounded accelera-
tion/jerk) andEP (ego progress). We run all the methods under the of cial closed-loop simulator
and report averages on the public test split. Our planner uses camera-only inputs unless otherwise
stated; we also include Camera+LiDAR baselines to provide a more comprehensive comparison.

Baselines. We comparere ectDriveto other autonomous driving systems. For example, vanilla
E2E planners that purely use sensor information as input and output trajectories, such as UniAD (

, ), Para-Drive ( , ), Transfuser ( ). As well as augmented
E2E planners that incorporate clustering results as auxiliary |nformat|0n like Hydra-MDP ( ,

), DiffusionDrive ( , ), and GoalFlow ( , ), the PDMS scores
will be higher than vanilla E2E planners due to additional information. We also include recent
AutoVLA ( , ) model that uni es reasoning and action generation within a sin-
gle autoregressive generation model, the PMDS score is the highest among VLA planners. For
our model family, the table listsRe ectDrive (w/o R.l.)trained with discrete masked diffusion
adding classi er-free guidance at inference without re ective inferefeectDrive adding goal-
conditioned generation and safety-guided regeneration, where the safety-guided regeneration relies
on the reward model where surrounding obstacles are moving at constant sReestgPDrive/
adding goal-conditioned generation and safety-guided regeneration, where the safety-guided regen-
eration relies on the reward model where surrounding obstacles are ground-truth agents.

5.2 MAIN RESULTS

Evaluation results on the NAVSIM benchmark are presented in Table 1.

Base Model Validation. Re ectDrive base model achieves the PDMS score 84.8 comparable to
the base end-to-end models, such as UniAD, PARA-Drive, and Hydra-MDP, and slightly lower than
the score of Augmented End-to-End Planners. However, it has not yet demonstrated signi cant per-
formance advantages. We identify two potential limiting factors: rst, the limited scale of training
data, and second, room for improvement in the base VLM model's capabilities.
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