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Abstract. Current Vision-Language-Action (VLA) paradigms in au-
tonomous driving primarily rely on Imitation Learning (IL), which in-
troduces inherent challenges such as distribution shift and causal con-
fusion. Online Reinforcement Learning offers a promising pathway to
address these issues through trial-and-error learning. However, applying
online reinforcement learning to VLA models in autonomous driving is
hindered by inefficient exploration in continuous action spaces. To over-
come this limitation, we propose MindDrive, a VLA framework com-
prising a large language model (LLM) with two distinct sets of LoRA
parameters. The one LLM serves as a Decision Expert for scenario rea-
soning and driving decision-making, while the other acts as an Action
Expert that dynamically maps linguistic decisions into feasible trajecto-
ries. By feeding trajectory-level rewards back into the reasoning space,
MindDrive enables trial-and-error learning over a finite set of discrete
linguistic driving decisions, instead of operating directly in a continuous
action space. This approach effectively balances optimal decision-making
in complex scenarios, human-like driving behavior, and efficient explo-
ration in online reinforcement learning. Extensive experiments validate
the efficacy of our online reinforcement learning framework, which out-
performs state-of-the-art IL and offline Reinforcement Learning methods
on the challenging Bench2Drive benchmark. To the best of our knowl-
edge, this is the first work to demonstrate the effective application of
online reinforcement learning to VLA models in autonomous driving.

1 Introduction

Autonomous driving relies on the model’s ability to perceive, make decisions,
and act in dynamic complex environments. Traditional end-to-end autonomous
driving frameworks [16, 28, 75] integrate perception, prediction, and planning

* Equal contribution. † Project leader. Q Corresponding author. Work done when Haoyu
Fu was an intern at Xiaomi EV.

https://xiaomi-mlab.github.io/MindDrive/


2 H. Fu et al.

Decision 

Expert

:Reward

Offline 

Dataset

…VLM

:Hidden space

Driving 

Decision Multi-

Trajectory

(a) Offline RL in Action Space (b) Online RL in Language Space

Action 

Expert

Sample …

Trajectory

(c) Ours

VLM

: Online Environment

Fig. 1: The comparison of different VLA for reinforcement learning paradigms. The
proposed Decision Expert and Action Expert share the same base LLM with distinct
LoRA adapters.

modules, but they lack common sense and causal reasoning abilities. With the
improved visual understanding and reasoning ability of Vision Language Mod-
els (VLMs) [1, 2, 51], many research [11, 45, 58] attempts to apply the Vision-
Language-Action (VLA) paradigm to the field of end-to-end autonomous driv-
ing. The VLA paradigm in autonomous driving aims to translate complex traffic
scene understanding into trajectories of the ego vehicle.

Current VLA models [11,20,59] are primarily trained using imitation learning
(IL), which aims to fit expert behaviors from collected driving data. However,
exclusive reliance on the IL paradigm renders models susceptible to causal con-
fusion and distributional shift [7,46], resulting in irreversible error accumulation
in closed-loop driving scenarios. Reinforcement learning offers a perspective for
addressing these challenges through trial-and-error and has achieved notable
success in enhancing the causal reasoning capabilities of VLMs [14,41,44].

Unlike reinforcement learning in VLMs’ discrete language space, the action
space of autonomous driving is a continuous trajectory space. Applications of
reinforcement learning in the current VLA domain for autonomous driving can
be categorized into two main paradigms: offline reinforcement learning for the
action space and online reinforcement learning for the language space. Offline
reinforcement learning is typically trained on fixed datasets composed of expert
demonstrations, as shown in Fig. 1 (a). These methods [27,33,64,74] employ of-
fline reinforcement learning with distinct reward functions [6] to generate more
feasible trajectories in the action space. Although they made great progress,
offline reinforcement learning limits the VLA model’s ability to explore the envi-
ronment through interaction. Additionally, trajectory optimization in reinforce-
ment learning cannot effectively improve VLMs’ reasoning ability. To overcome
these limitations, some other methods [19,29,68] attempt to employ online rein-
forcement learning in the language space, as shown in Fig. 1 (b). These methods
formulate autonomous driving tasks as VQA tasks and treat driving decisions
as actions, thereby facilitating deeper causal reasoning via online reinforcement
learning. However, they struggle to map driving decisions to specific, human-like
driving trajectories. Therefore, utilizing online reinforcement learning to enhance
the performance of autonomous driving VLA requires further exploration.

To address these challenges, we propose a novel architecture, MindDrive, a
VLA model for autonomous driving via online reinforcement learning, as shown
in Fig. 1 (c). MindDrive transforms the action space from continuous trajecto-
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ries into discrete language-based decisions by dynamically mapping, significantly
improving exploration efficiency while using trajectory rewards to reinforce the
model’s reasoning in online reinforcement learning. Specifically, MindDrive con-
sists of two experts initialized from the same LLM and differing only in their
respective LoRA adapters [15]. One LLM acts as a Decision Expert, responsible
for making reasonable decisions based on the current scenario, while the other
serves as an Action Expert, establishing a dynamic mapping from the reason-
ing result to continuous trajectories. MindDrive first leverages IL to establish
a one-to-one correspondence between the meta-actions inferred by the Deci-
sion Expert and the multi-modal trajectories output by the Action Expert. The
high-quality driving trajectories generated by the Action Expert provide reason-
able, human-style candidates for online reinforcement learning. Subsequently,
we leverage action trajectory feedback within an online reinforcement learning
framework to refine the Decision Expert, allowing it to learn optimal policies
by sampling diverse trajectories and receiving corresponding rewards from the
interactive environment.

Meanwhile, to enable model exploration and training in a dynamic, inter-
active environment, we introduce an online closed-loop reinforcement learning
framework for autonomous driving VLA models, built upon the CARLA simu-
lator [8]. We define explicit signals for task success and failure, and partition the
online reinforcement learning process into data-collection and training phases.
During collection, we compute and cache scene tokens for each frame, which
serve as compact state representations. This pre-computation step reduces mem-
ory buffer overhead, enables large-batch training, and allows the entire process
to be formulated as a standard Markov Decision Process [43].

We evaluate the driving ability of MindDrive on the comprehensive and chal-
lenging closed-loop benchmark, Bench2Drive [25]. Extensive experiments demon-
strate that our framework leads to more effective driving behavior in complex
driving scenarios. Employing a lightweight 0.5B LLM [60], MindDrive outper-
forms the strong baseline [11] with the same parameter size by 5.15% in Driving
Score (DS) and 9.26% in Success Rate (SR), respectively. Furthermore, with the
3B LLM [61], MindDrive achieves 80.59 DS and 58.26% SR, significantly boost-
ing performance and setting a new state-of-the-art (SOTA) on the benchmark.

The main contributions of this paper are as follows:

– We propose MindDrive, an online reinforcement learning framework for VLA
autonomous driving models. By introducing a dynamic language-action map-
ping, MindDrive significantly improves exploration efficiency and enables
trajectory-level action rewards to facilitate reasoning optimization.

– We introduce an online reinforcement learning scheme. To the best of our
knowledge, MindDrive is the first VLA-based autonomous driving model
trained with online reinforcement learning in a simulator, aiming to bring
new inspiration to the autonomous driving community.

– Extensive experiments demonstrate the effectiveness of MindDrive, achieving
80.59 DS and 58.26% SR on Bench2Drive benchmark, significantly surpass-
ing SOTA IL and reinforcement learning baselines at the same scale.
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2 Related work

2.1 End-to-End Autonomous Driving (AD)

End-to-end (E2E) autonomous driving (AD) based on imitation learning [16,
23, 28, 42] integrates perception, prediction, and planning into a differentiable
framework [5, 37, 40, 65]. These models directly map sensor inputs to trajecto-
ries or control commands from expert data. Representative methods such as
UniAD [16] and VAD [28] adopt dense bird’s-eye view (BEV) representations to
unify multiple tasks. Generative approaches, including GenAD [70] and Diffu-
sionDrive [35], employ diffusion-based planning for multi-modal trajectory gen-
eration. DiffAD [53] rasterizes heterogeneous driving targets into a unified BEV
space for joint optimization. SparseAD [75] and DriveTransformer [26] improve
efficiency with sparse queries.

Despite strong open-loop results, E2E models often fail in closed-loop due
to distribution shift and causal confusion [4, 25]. To overcome these limitations,
recent studies have explored integrating vision-language models (VLMs) for AD,
leveraging their strong generalization, reasoning, and world knowledge [13, 55].
HERMES [71, 72] proposes a unified model of the AD world that integrates 3D
scene understanding and future generation for the first time. DriveGPT4 [59],
ELM [73], and DriveMM [18] incorporate VLMs for perception, prediction, and
decision-making. OmniDrive [52], EMMA [20], and OpenEMMA [56] represent
trajectories as text with chain-of-thought reasoning [54]. AutoVLA [74] dis-
cretizes actions for alignment with language models but struggles with con-
tinuous motion. SimLingo [45] proposes the action dreaming task to achieve
alignment between language instructions and driving actions.

Vision-language-action (VLA) models from embodied AI, such as Open-
VLA [30] and the π series [3,21], integrate VLMs into continuous action spaces [9].
Inspired by these advancements, ORION [11] bridges the language between ac-
tion spaces via a generative planner for continuous trajectories, improving rea-
soning and generalization in autonomous driving scenarios. DrivePI [38] and
DriveMonkey [69] use VLMs that serves as a unified VLA framework to jointly
perform spatial understanding, 3D perception, prediction, and planning for AD.
However, imitation learning is still limited in effectively propagating trajectory-
level supervision into the high-level reasoning space of language models. Mind-
Drive advances this line by integrating online reinforcement learning for adaptive
interaction and robust decision-making.

2.2 Reinforcement Learning for AD

Reinforcement learning (RL) has achieved remarkable success across diverse do-
mains, ranging from large language models (LLMs) [14] to complex games [34],
and has recently been increasingly explored in AD [39]. CarPlanner [66] leverages
expert-guided reward to stabilize training, while RAD [12] and R2SE [36] en-
hance closed-loop training and mitigate catastrophic forgetting. Raw2Drive [63]
further introduces a dual-stream model-based RL framework to align raw and
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Fig. 2: Overview of the MindDrive framework. The system features two experts (De-
cision and Action) that share a base LLM but employ distinct LoRA adapters. The
Decision Expert infers meta-actions from scene, while the Action Expert maps these
actions to concrete trajectories. MindDrive is initialized via imitation learning and re-
fined by online closed-loop reinforcement learning to enhance reasoning capabilities.

privileged world models. Recent works such as AlphaDrive [29], AutoVLA [74],
and RecogDrive [33] employ GRPO-based reinforcement learning [14] to refine
planning policies through carefully designed reward mechanisms. However, these
methods primarily rely on offline expert datasets and handcrafted rewards, lack-
ing actual interaction with dynamic environment. In contrast, online RL enables
adaptive decision-making via direct environment interaction and trial-and-error
learning but faces slow convergence and inefficient exploration. To address these
challenges, we propose an adaptive online RL framework that improves closed-
loop robustness and enhances decision-making quality.

3 Method

In this section, we present MindDrive in detail. As illustrated in Fig. 2, Mind-
Drive comprises two main components: a Decision Expert and an Action Expert,
which share a common Vision Encoder and Text Tokenizer but differ only in
their respective LoRA parameters [15]. The Decision Expert performs high-level
reasoning from navigation instructions and multi-view visual inputs, generating
abstract driving decisions in the form of meta-actions. The Action Expert trans-
lates these meta-actions into concrete action trajectories, conditioned on the
scene information and instruction. This design enables flexible and interpretable
action generation, bridging high-level reasoning with low-level control.

Our training process includes two stages: 1) Imitation learning (IL) estab-
lishes a mapping between language and action space (Sec. 3.2), providing high-
quality candidate trajectories for online Reinforcement learning (RL) and effec-
tively reducing its exploration space. 2) Online RL further enhances the model’s
comprehension ability via action rewards in an online environment (Sec. 3.3).
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3.1 Problem Formulation

In the task of end-to-end autonomous driving, we aim to generate a diverse
trajectory set A and determine an optimal trajectory a∗ based on surrounding
visual information V and language instructions L:

A = {ai}Ni=1 ,where ai ∼ πg(a | V, L),
a∗ = argmax

a∈A
πg(a | V, L), (1)

where ai represents the trajectory in the multimodal trajectory set A and πg(a |
V,L) is the trajectory generation policy function. Current methods often select
the optimal trajectory based on the score-based selection policy πc:

a∗ = argmax
a∈A

πc(a). (2)

Unlike the score-based selection policy, to fully leverage the potential of the
VLA model, we model the selection task as an action decision process and in-
troduce πd(a|V,L) as the selection policy function:

a∗ = argmax
a∈A

πc(a)

= argmax
a∈A

πd(a | V, L)︸ ︷︷ ︸
selection

·πg(a | V, L)︸ ︷︷ ︸
generation

. (3)

From Eq. 3, we can clearly identify that the generation of the optimal trajec-
tory depends on two core policy functions: πd and πg. Previous methods fail to
establish a connection between these two policy spaces in online reinforcement
learning. To address this challenge, we establish a mapping relationship from
linguistic meta-actions to trajectories, and then leverage the trajectory feedback
to optimize the reasoning of πd through online reinforcement learning.
Online RL enables the model to continuously learn and optimize its policy
through dynamic interaction with the environment, which is crucial for enhanc-
ing the model’s understanding of causal relationships. We model our trajectory
decision process tasks as a Markov Decision Process (MDP) [63, 66] for online
reinforcement learning. The MDP is structured as a tuple ⟨S,A, P,R, γ⟩. The
state st ∈ S represents all necessary information for the agent to decide at step
t. The model selects an action from the action space A according to the policy
(πd, πg). Following an action, the system transitions to a new state st+1 accord-
ing to dynamics implicitly defined by closed-loop simulation environment. The
reward rt ∈ R(st) is a scalar feedback signal that evaluates the quality of exe-
cuting action in state st. Our objective is to learn a decision-making policy πd

that maximizes the expected cumulative discounted reward in the collected data
τ , guided by the discount factor γ. This objective is formulated as:

J(θ) = Eτ ∼ πd [R(τ)] = Eτ ∼ πd

[
T−1∑
t=0

γtrt

]
. (4)
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3.2 Language-Action Mapping

To enhance the synergy between our decision-making πd and trajectory gen-
eration policy πg, we decouple a single LLM into two specialized experts with
distinct LoRA parameters. One LLM serves as the Decision Expert, implement-
ing the policy πd, while the other acts as the Action Expert, responsible for the
policy πg. This architecture ensures they operate from a shared foundation of
world knowledge while performing their distinct functions. We first leverage IL
to create a mapping between the Decision Expert and the Action Expert, es-
tablishing a connection between language and action and enhancing exploration
efficiency in the subsequent reinforcement learning process.

Inspired by [45, 58], we decouple the control into longitudinal and lateral
control to improve planning flexibility and design the corresponding meta-action
in planning QA. We generate the planning QA pairs using LLMs and refine
them through manual filtering to ensure a one-to-one correspondence between
language and actions (see the Appendix for details). The model is then trained
on both the reasoning data and planning QA to learn the mapping from language
to action. The loss function can be expressed as:

LCE = − 1

N

N∑
i=1

Ti∑
t=1

logP (yi,t|xi, yi,<t). (5)

where x denotes the input sequence, N denotes the batch size, and y denotes the
target sequence, with yi,<t representing historical tokens preceding time step t.
Then, we map the meta-actions to the temporal speed trajectory for longitudinal
control and the geometric path trajectory for lateral control in Action Expert.
Specifically, we leverage the autoregressive nature of the Action Expert to encode
visual and language information into a hidden state h and introduce two special
tokens, <speed_waypoints> and <path_waypoints>, to extract the logits from
the Action Expert’s output:

Pθ(h) =

K∏
k=1

Pθ(xk | x<k). (6)

Finally, we utilize a Variational Autoencoder (VAE) [31] with a GRU-based
decoder to align our language and action spaces, directly translating visual-
language representations into the final action trajectory:

p(z|h) = N(µh, σ
2
h), πg(a|V,L) = gru(z), (7)

where z is gaussian variables in the latent space.
We utilize the common detection loss Ldet for auxiliary supervision [11]. The

VAE is trained by a Kullback-Leibler divergence loss under the supervision of
expert trajectories. We employ L1 loss as the Behavior Cloning (BC) loss for
speed and path waypoint regression. The total loss is:

Lil
π(θ) = LBC + LCE + Lvae + Ldet. (8)
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3.3 Online RL for Action-Reasoning

IL generates human-like trajectories but often suffers from causal confusion.
To overcome this, we leverage online RL within the CARLA simulator [8]. As
shown in Fig. 3, this online approach enables the agent to explore the environ-
ment through trial and error, learning from direct interaction and consequences,
thereby bolstering the model’s driving performance in complex scenarios. To
leverage prior knowledge from IL, the value network shares the same weights as
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Fig. 3: Online reinforcement learning (RL)
framework. The RL pipeline stores state
embeddings, value estimates, decisions, and
action rewards into the data buffer.

the LLM, with the only difference be-
ing that its final layer is replaced by
a Multi-Layer Perceptron (MLP) to
predict the state value.

To achieve an efficient rollout pro-
cess, we deployed N parallel CARLA
collectors, focusing on routes across
different scenarios that the model
failed to complete after IL. At each
step, we use a vision encoder to pro-
cess the scene’s visual information
and produce state embeddings. We
query the Decision Expert with ques-
tion and sample from its output logits
about meta-action tokens. The sam-
pling meta-actions further map to
precise trajectories in the action space
by the Action Expert. Meanwhile, the value network estimates the value of the
current state at each decision step.

Given that MindDrive has already acquired basic driving skills through IL
pre-training, we employ a sparse reward function to guide the optimization of
its high-level reasoning space. Specifically, a reward of +1 is assigned when the
vehicle successfully reaches its destination, while a reward of -1 is incurred when
a predefined penalty event is triggered. For all other normal driving scenarios,
the reward is 0. The reward function rt is defined as follows:

rt =


+1 if the destination is reached
−1 if a penalty event is triggered
0 otherwise

. (9)

We use the official CARLA [8] leaderboard metrics as our penalty event. The
penalty events include major infractions, such as collisions with other vehicles
and running a red light (see more details in Exp. 4.3). The rollout process will
be terminated once any penalty event is triggered.

After collecting a complete route, the δ value is calculated by the Temporal-
Difference method:

δt = rt + γ · V ′(st+1)− V ′(st), (10)
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where V ′ is the value network function, and γ is the discount factor to ensure
future rewards are appropriately weighted in the decision-making process. Then
we calculate GAE (Generalized Advantage Estimation):

Ĝt = δt + γλ · Ĝt+1, (11)

where λ is the trace-decay parameter that controls the bias-variance trade-off in
advantage estimation. Consequently, the return R̂t is computed as the sum of
the advantage and the value estimate:

R̂t = Ĝt + V ′(st). (12)

Instead of directly using multi-images for RL training, we use the state em-
bedding extracted by the vision encoder to represent the current state. This
approach can simultaneously integrate temporal and visual information and im-
prove computational efficiency by avoiding repeated computation. We store the
value, decision-action, and reward of each step into a data buffer.

Upon collecting all routes into the rollout buffer, we optimize the policy πd

using the Proximal Policy Optimization (PPO) algorithm [47]:

Lppo = −Et

[
min

(
πd

πdold
Ĝt, clip

(
πd

πdold
, 1− ϵ, 1 + ϵ

)
Ĝt

)]
, (13)

where ϵ is the clipping parameter in PPO. Benefiting from the proposed RL
process, MindDrive is able to be trained in a large batch for stable optimization.

Meanwhile, to mitigate the problem of catastrophic forgetting during the RL
fine-tuning phase, we introduce a Kullback-Leibler divergence loss as a regular-
ization term. This loss function is designed to constrain the output distribution
of the meta-actions of the Decision Expert. Its formula can be expressed as:

LKL = DKL(Pref(·|s) ∥ Pθ(·|s)). (14)

During training, only the parameters of the MLP head within the value net
are updated. The optimization is performed by minimizing the Mean Squared
Error (MSE) loss, formulated as:

LV ′(θ) =
1

N

N∑
t=1

(
V ′
θ (st)− R̂t

)2

. (15)

Finally, the online reinforcement policy learning loss is:

Lrl
π (θ) = Lppo + LV ′ + βLKL, (16)

where β is a coefficient that controls the strength of the KL regularization.

4 Experiments

4.1 Experimental Settings

Dataset. We train and evaluate MindDrive on the Bench2Drive dataset [25],
a comprehensive closed-loop benchmark for autonomous driving (AD) based on
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the CARLA simulator [8]. During imitation learning (IL), we adopt the official
base set of 1000 clips, with 950 used for training and 50 for open-loop valida-
tion. We perform closed-loop evaluation on the official Bench2Drive benchmark,
including 220 short routes across 44 interactive scenarios. For the online rein-
forcement learning (RL) stage, we utilize a set of 44 rollout routes, where the
model successfully reaches the destination during the action sampling phase (see
the Appendix for details).
Metrics. For closed-loop evaluation, we adopt three key metrics: Driving Score
(DS), Success Rate (SR), and Multi-Ability. Following the CARLA benchmark [8],
the SR measures the proportion of routes completed within the specified time
limit, while DS reflects route completion penalized by traffic infractions. Multi-
Ability independently evaluates five advanced urban driving skills.
Model Setting. In imitation learning, we set the number of speed waypoints
ws ∈ RNs×2 to Ns = 6, representing a future 3-second trajectory sampled at
2Hz. For the path waypoints wp ∈ RNp×2, Np = 20 points are used to define
a 20-meter path with a 1-meter interval between consecutive points. The de-
cision space for the Decision VLM includes 7 speed meta-actions and 6 path
meta-actions, aligning with the downstream planning trajectory. The detailed
definitions of the meta-actions are provided in the Appendix.
Training Process. All experiments are conducted on 32 NVIDIA A800 GPUs
with 80 GB of memory. We employ EVA-02-L [10] as the vision encoder. We
use the lightweight Qwen2-0.5B [60] and Qwen2.5-3B [61] as our base LLM.
We use Chat-B2D [11] as our reasoning data and jointly train with planning
QA pairs. Both experts are fine-tuned with LoRA [15], the rank dimension and
alpha set to 16. In the online RL stage, data is collected in parallel using 24
Carla simulations. The weights for all penalty components are fixed to unity,
and no specialized fine-tuning procedure is adopted. We also propose detailed
pseudocode for our online RL algorithm in the Appendix.

4.2 Main Results

We conduct a comprehensive comparison between MindDrive and representative
methods from both the traditional end-to-end (E2E) and vision-language-action
(VLA) paradigms on the Bench2Drive benchmark. Tab. 1 lists the detailed re-
sults, and we find that:

1) MindDrive delivers promising performance with a lightweight
model. Compared with the traditional E2E methods, MindDrive surpasses the
latest state-of-the-art (SOTA) IL model PGS [17] by 6.45% SR, and the online
RL-based method Raw2Drive [63] by 6.68 DS and 4.85% SR. With a 3B param-
eter LLM, MindDrive-L outperforms the PGS [17] method by 2.51 in DS and
delivers a 9.62% gain in SR. Within the VLA paradigm, MindDrive achieves
comparable performance to the IL-based ORION [11] and outperforms Drive-
MoE [62] by 3.82 DS and 6.45% SR. In open-loop metrics, MindDrive exhibits
a performance gap compared to DriveMoE. We attribute this to differing op-
timization objectives which DriveMoE employs a skill-specialized action MoE
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Table 1: Closed-loop and Multi-Ability Results of E2E-AD Methods in Bench2Drive
under base training set. C/L refers to camera/LiDAR. * and † denote expert fea-
ture distillation and imitation learning, respectively. "-L" represents larger model. DS:
Driving Score, SR: Success Rate, M: Merging, O: Overtaking, EB: Emergency Brake,
GW: Give Way, TS: Traffic Sign. Avg. L2 is averaged over the predictions in 2 seconds
under 2Hz, similar to UniAD.

Method LLM Reference Modality Scheme
Closed-loop Ability (%) ↑ Open-loop

DS↑ SR(%)↑ M O EB GW TS Mean Avg. L2 ↓

Traditional End-to-End Paradigm

TCP-traj* - NeurIPS 22 C IL 59.90 30.00 8.89 24.29 51.67 40.00 46.28 34.22 1.70
ThinkTwice* [24] - CVPR 23 C IL 62.44 31.23 27.38 18.42 35.82 50.00 54.23 37.17 0.95
DriveAdapter* [22] - ICCV 23 C&L IL 64.22 33.08 28.82 26.38 48.76 50.00 56.43 42.08 1.01
UniAD-Base [16] - CVPR 23 C IL 45.81 16.36 14.10 17.78 21.67 10.00 14.21 15.55 0.73
VAD [28] - ICCV 23 C IL 42.35 15.00 8.11 24.44 18.64 20.00 19.15 18.07 0.91
GenAD [70] - ECCV 24 C IL 44.81 15.90 - - - - - - -
MomAD [50] - CVPR 25 C IL 44.54 16.71 - - - - - - 0.87
WoTE [32] - ICCV 25 C&L IL 61.71 31.36 - - - - - - -
DriveTransformer-L [26] - ICLR 25 C IL 63.46 35.01 17.57 35.00 48.36 40.00 52.10 38.60 0.62
DiffAD [53] - arXiv 25 C IL 67.92 38.64 30.00 35.55 46.66 40.00 46.32 38.79 1.55
PGS [17] - ICLR 26 C IL 78.08 48.64 35.00 73.33 55.00 60.00 43.68 53.40 0.77
DriveDPO [48] - NeurIPS 25 C Offline RL 62.02 30.62 - - - - - - -
Raw2Drive [63] - NeurIPS 25 C Online RL 71.36 50.24 43.35 51.11 60.00 50.00 62.26 53.34 -

Vision-Language-Action Paradigm

Driveπ0 [62] Paligemma-3B arXiv 25 C IL 60.45 30.00 29.35 36.58 48.83 40.00 54.45 41.84 0.56
DriveMoE [62] Paligemma-3B arXiv 25 C IL 74.22 48.64 34.67 40.00 65.45 40.00 59.44 47.91 0.38
ORION [11] Vicuna-7B ICCV 25 C IL 77.74 54.62 25.00 71.11 78.33 30.00 69.15 54.72 0.68
ORION [11] Qwen2-0.5B ICCV 25 C IL 72.89 45.83 26.32 62.22 55.55 50.00 63.30 51.37 0.67
UniDrive-WM [57] Vicuna-7B arXiv 26 C IL 79.22 56.36 29.81 74.04 79.84 40.00 71.30 59.01 0.64
RecogDrive [33] Qwen2.5-7B ICLR 26 C Offline RL 71.36 45.45 29.73 20.00 69.09 20.00 71.34 42.03 -
MindDriver [67] Qwen2.5-3B CVPR 26 C Offline RL 65.48 39.55 - - - - - - -
AutoVLA [74] Qwen2.5-3B NeurIPS 25 C Offline RL 78.84 57.73 - - - - - - -
MindDrive† Qwen2-0.5B - C IL 75.85 49.30 30.26 66.67 60.00 33.33 56.91 49.44 0.69
MindDrive-L† Qwen2.5-3B - C IL 75.78 50.71 33.33 57.78 68.33 40.00 61.05 52.10 0.66
MindDrive Qwen2-0.5B - C Online RL 78.04 55.09 32.89 75.56 68.33 50.00 57.89 56.94 0.69
MindDrive-L Qwen2.5-3B - C Online RL 80.59 58.26 42.31 66.67 76.67 50.00 68.42 60.81 0.66

that explicitly mitigates mode averaging during trajectory fitting to directly op-
timize open-loop performance. Conversely, MindDrive incorporates online RL
rewards designed to prioritize closed-loop driving performance. Notably, using
the lightweight Qwen2-0.5B, MindDrive achieves competitive performance in
contrast to the substantially larger LLMs employed by ORION and DriveMoE
(i.e., Vicuna1.5-7B and Paligemma-3B), highlighting our method’s superior ef-
ficiency.

2) Online RL enhances MindDrive’s capabilities for complex, dy-
namic interactions. As shown in Tab. 1, MindDrive demonstrates a clear
advantage over other methods. It surpasses the offline RL-based RecogDrive [33]
by 6.68 DS and 9.64% SR, and MindDrive-L outperforms the SOTA RL-based
method AutoVLA [74] by 1.75 DS and 0.53% SR. Furthermore, MindDrive out-
performs the IL-based MindDrive 2.19 DS and 5.79% SR, while MindDrive-L
surpasses the IL-based MindDrive-L 4.81 DS and 7.55% SR, strongly validating
the superiority of the proposed online RL paradigm.

The Multi Ability metric further supports this finding. Specifically, Mind-
Drive achieves a 14.91% improvement in mean ability over RecogDrive [33] and
5.57% over the IL method ORION [11] with the same lightweight LLM. Notably,
it achieves substantial gains in capabilities closely tied to meta-actions selection,
with improvements of 55.56% in Overtaking and 30% in Give Way compared
to the offline RL method RecogDrive. Although MindDrive performs lower than



12 H. Fu et al.

Table 2: Ablation on different penalty events. C: Collision, TL: Traffic Light, RD:
Route Deviation, S: Stop. M: Merging, O: Overtaking, EB: Emergency Brake, GW:
Give Way, TS: Traffic Sign, DS/SR: Driving Score/Success Rate.

ID Penalty Events Closed-loop ↑ Ability (%) ↑

C TL RD S DS SR(%) M O EB GW TS Mean

1 75.85 49.30 30.26 66.67 60.00 33.33 56.91 49.44
2 ✓ 75.41 50.70 28.00 71.11 60.00 50.00 56.91 53.20
3 ✓ ✓ 76.02 51.47 31.42 57.77 68.97 50.00 58.43 53.32
4 ✓ ✓ ✓ 76.95 51.85 27.63 73.33 65.00 50.00 57.36 54.67
5 ✓ ✓ ✓ ✓ 78.04 55.09 32.89 75.56 68.33 50.00 57.89 56.94

the SOTA VLA methods in the Emergency Brake and Traffic Sign ability, it still
exhibits a noticeable advantage over our IL-based version, with improvements of
8.33% and 0.98%, respectively. Furthermore, MindDrive-L achieves new SOTA
performance on the DS, SR, and mean driving ability metrics. These results con-
firm that online RL significantly strengthens the model’s causal reasoning and
decision-making robustness in complex interactive environments.

4.3 Ablation Studies

In ablation studies, we use 0.5B parameter LLM model. For each route, two
online reinforcement learning epochs are performed unless otherwise specified.
Ablation on Penalty Events. We introduce four penalty events during the
online RL stage: collisions with pedestrians or vehicles, running a red light,
driving off-road, or deviating over 30 meters from the route, and failing to obey a
stop sign (i.e., Collision, Traffic Light, Route Deviation, and Stop, respectively).
We assign a sparse reward of -1 to penalize our model for triggering these events.
As shown in Tab. 2, the progressive incorporation of these penalties leads to
consistent improvements in both the success rate and the mean driving ability
score relative to the IL baseline (ID-1).

Specifically, introducing the collision penalty (ID-2) yields a 1.4% SR and
3.76% mean ability improvement over the IL baseline (ID-1), while maintaining
a comparable DS. In overtaking scenarios, MindDrive demonstrates exceptional
performance, outperforming the baseline (ID-1) by a significant margin of 4.44%.
We attribute this improvement to the model’s learned ability to adopt a more
proactive strategy for collision avoidance in the continuous and interactive traffic
flow. However, this strategic shift consequently impairs its merging performance.

Incorporating the traffic-light penalty (ID-3) brings further improvements
over the IL baseline (ID-1), elevating Traffic Sign by 1.52% and Emergency
Braking by 8.97%. However, conflicting reward signals within this penalty lead
to a noticeable drop in overtaking performance. Introducing a route-deviation
penalty (ID-4) helps achieve a better trade-off between decisiveness and caution,
although the stricter constraints on exploration limit further performance gains.
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Table 3: Ablation studies on policy regularization and control methods. DS and SR
denote Driving Score and Success Rate, respectively.

(a) Ablation on policy regularization

Policy Regularization DS ↑ SR(%) ↑

PPO-Vanilla 74.73 46.73
PPO-Entropy 75.71 49.24

PPO-KL 78.04 55.09

(b) Ablation on control methods

Control Method DS ↑ SR(%) ↑

Navigation Command (IL) 68.11 41.59
Meta Action (IL) 75.85 49.30
Meta Action (RL) 78.04 55.09

Notably, adding a stop sign penalty significantly boosts overall performance, as
it strongly correlates with the stop meta-action, enabling more effective pol-
icy learning. This is especially beneficial in merging scenarios that feature stop
signs, yielding improvements of 5.26% in Merging ability and 3.24% in the SR
compared to ID-4.

Without complex reward engineering, MindDrive can discover effective driv-
ing policies through online trial-and-error, autonomously learning from failures
to progressively determine optimal actions. We argue that by building upon the
foundational driving skills acquired via IL, MindDrive operates effectively in a
binary outcome setting where an episode either succeeds or fails. In this setup,
the sparse reward from the final outcome is directly propagated back to each de-
cision step, providing sufficient supervision to distinguish between optimal and
suboptimal actions. Furthermore, our replay buffer retains both successful and
failed episodes, and the large batch size amplifies the contrast between trajec-
tories of different outcomes and lengths, providing sufficient gradient signals for
policy improvement.
Ablation on Policy Regularization. We evaluate different policy regulariza-
tion methods within PPO, as reported in Tab. 3 (a). Our method outperforms
vanilla PPO by 3.31 DS and 8.36% SR, demonstrating that KL divergence loss ef-
fectively stabilizes policy updates during RL training and mitigates catastrophic
forgetting. Compared to entropy-based regularization (PPO-Entropy), our ap-
proach improves by 2.33 DS and 5.85% SR, indicating that while entropy regu-
larization promotes exploration, excessive policy stochasticity is suboptimal for
goal-directed driving tasks. Overall, our KL regularization method enables more
efficient learning, with a faster policy optimization process and higher sample
efficiency than the baselines.
Ablation on Control Method. We further investigate the effects of different
control methods by comparing two high-level instruction approaches: naviga-
tion commands and LLM-generated meta-actions. As detailed in Tab. 3 (b),
the VLM-guided meta-actions IL model achieves 7.74 DS and 7.71% SR im-
provements over the navigation-command baseline, indicating that VLM-derived
meta-actions enable more effective reasoning in complex traffic scenarios. Mean-
while, employing online RL further improves meta-action selection, yielding ad-
ditional gains of 2.19 DS and 5.79% SR, which demonstrates that real-time in-
teractive reinforcement learning can dynamically optimize the reasoning logic of
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vision-language meta-actions and better adapt to the constantly changing traffic
environments.

Ablation on the Number of Training Epochs. We finally analyze Mind-
Drive’s sensitivity to the number of training epochs during online RL. As shown
in Fig. 4, when only one epoch is trained, the value network’s inaccurate esti-
mation leads to wrong advantage estimates for each action, resulting in a per-
formance drop compared to the baseline. After two training epochs, our model
significantly outperforms the baseline, improving DS by 2.19 and SR by 5.79%.
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Fig. 4: Ablation on the Training Epochs
for Online RL. DS and SR denote Driving
Score and Success Rate, respectively.

However, further increasing the epochs
substantially degrades performance,
with DS dropping from 78.04 to 73.69
and SR declining from 55.09% to
45.12%. We attribute this degradation
to catastrophic forgetting, where ex-
cessive training causes the policy to
overfit recent experiences and forget
previously learned scene understand-
ing (See the Appendix for full analy-
sis). MindDrive further enhances the
model’s driving capabilities via online
RL, achieving optimal performance
in just two online training epochs,
thereby demonstrating the high effi-
ciency of our online RL framework. Therefore, we set the default number of
training epochs to 2, balancing sample efficiency and training stability.
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4.4 Qualitative Results

We present a qualitative comparison between the IL and online RL versions of
MindDrive in the Bench2Drive lane-follow scenario, as shown in Fig. 5. The IL
paradigm exhibits strong task-specific competence, such as issuing timely stop
commands for early braking. However, IL-only MindDrive struggles in dynamic
and interactive scenarios, especially in those requiring complex decision-making
(e.g., determining the optimal timing for lane changes). After Online RL training,
MindDrive selects more robust meta-actions in challenging scenarios, resulting
in safer and more decisive lane-change behaviors.

These qualitative results demonstrate that the online RL stage substantially
enhances the VLM’s high-level reasoning and decision-making capabilities, en-
abling it to better handle complex and uncertain traffic environments.

5 Conclusion

In this paper, we introduce MindDrive, a novel autonomous driving framework
that leverages language as an interface for online reinforcement learning (RL).
MindDrive maps language instructions to actions, transforming the exploration
space into a discrete language space to reduce the cost of online RL. It further
enables the Large Language Model to refine its reasoning through action feedback
in a closed-loop simulator. Extensive experiments within our proposed online
RL training framework demonstrate that MindDrive achieves state-of-the-art
performance with a lightweight model. To the best of our knowledge, this is the
first work to successfully train a Vision-Language-Action model for autonomous
driving in an interactive simulator. We expect this work will provide valuable
insights for the autonomous driving community.
Limitations. Due to the absence of real-world interactive simulators for au-
tonomous driving, our evaluation is currently limited to the CARLA simula-
tor [8]. Additionally, the challenge of synchronizing multiple CARLA simulators
prevents us from evaluating multiple candidate actions from an identical initial
state across parallel environments, restricing the application of the GRPO [49]
algorithm in our framework. Future work will explore real-world interactive simu-
lation infrastructures or alternative training strategies to better support parallel
policy evaluation and more efficient online reinforcement learning.
Acknowledgment. This work is supported by the NSFC (62225603, 623B2038).
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