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Abstract

We present OpenDriveVLA, a Vision-Language Action
(VLA) model designed for end-to-end autonomous driv-
ing, built upon open-source large language models. Open-
DriveVLA generates spatially-grounded driving actions by
leveraging multimodal inputs, including both 2D and 3D
instance-aware visual representations, ego vehicle states, and
language commands. To bridge the modality gap between
driving visual representations and language embeddings, we
introduce a hierarchical vision-language alignment process,
projecting both 2D and 3D structured visual tokens into a
unified semantic space. Furthermore, we incorporate struc-
tured agent—environment—ego interaction modeling into the
autoregressive decoding process, enabling the model to cap-
ture fine-grained spatial dependencies and behavior-aware
dynamics critical for reliable trajectory planning. Extensive
experiments on the nuScenes dataset demonstrate that Open-
DriveVLA achieves state-of-the-art results across open-loop
trajectory planning and driving-related question-answering
tasks. Qualitative analyses further illustrate its superior ca-
pability to follow high-level driving commands and generate
trajectories under challenging scenarios, highlighting its po-
tential for next-generation end-to-end autonomous driving.

Project Page — https://drivevla.github.io

Introduction

End-to-end learning frameworks have emerged as a promis-
ing paradigm in autonomous driving, enabling perception,
prediction, and planning to be jointly optimized within a uni-
fied neural network (Zhou et al. 2024). They learn policies
directly from sensor inputs and generalize well across varied
scenarios. Despite notable progress, existing approaches still
face critical challenges, including limited long-tail general-
ization, poor complex semantics understanding, and rigid
task reasoning (Chen et al. 2024). Meanwhile, large lan-
guage models (LLMs) and vision-language models (VLMs)
exhibit strong in-context reasoning, commonsense under-
standing, and zero-shot generalization abilities. These capa-
bilities are promising for driving, where robust scene un-
derstanding is crucial (Liu et al. 2024d; Zhou and Knoll
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2024). However, directly leveraging existing VLMs for au-
tonomous driving poses fundamental challenges. Firstly,
current VLMs are predominantly optimized for static, 2D
image-language tasks, leading to poor spatial reasoning per-
formance in dynamic 3D driving environments (Zhai et al.
2023b). Besides, instance-agnostic VLMs (Liu et al. 2024c)
are prone to hallucinations, often yielding incorrect yet over-
confident outputs, posing safety risks in autonomous driv-
ing. Motivated by these limitations, our work answers a cen-
tral question: How can we harness the emergent capabil-
ities of large VLMs to produce safe spatially-grounded
driving actions in dynamic 3D environments, while bal-
ancing inference speed and planning effectiveness?

To enhance spatial-awareness and safety in LLM-based
vision-language action model, we introduce two key de-
signs. First, we structure the driving environment using
instance-aware, hierarchical 2D and 3D visual representa-
tions to reduce the risk of instance hallucinations. Second,
we incorporate agent—environment—ego interaction model-
ing, which is originally explicitly modeled in traditional end-
to-end driving systems, as an auxiliary objective into the au-
toregressive LLM training pipeline. It enables the model to
internalize physical feasibility and dynamic multi-agent in-
teractions, improving robustness in safety-critical scenarios.

Built upon open-source large language models, Open-
DriveVLA tightly integrates spatially-grounded multimodal
reasoning and driving trajectory generation within a uni-
fied autoregressive framework. Unlike prior VLM-based
methods, OpenDriveVLA leverages structured 2D and 3D
instance-aware representations, ego vehicle states, and high-
level commands to directly produce reliable driving actions.
Extensive experiments on nuScenes benchmark demonstrate
that OpenDriveVLA achieves state-of-the-art performance
in both open-loop planning and vision-language reasoning
tasks. Our key contributions are:

* We present OpenDrive VLA, a 3D vision-language action
model for end-to-end autonomous driving that generates
reliable driving trajectories by integrating hierarchical vi-
sual input, ego state, and high-level language commands.

We develop a multi-stage training strategy that aligns
structured 2D and 3D visual features into a unified se-
mantic space, enabling naive VLMs to generate spatially-
grounded actions in complex driving scenarios.



e We introduce implicit agent—environment—ego interac-
tion modeling into autoregressive LLM-based VLA
training as an auxiliary task, enabling the model to learn
behaviorally grounded and safety-aware driving actions.

Related Work
End-to-End Autonomous Driving

Autonomous driving (AD) evolves through two distinct
stages. Traditional approaches rely on a modular design, de-
composing the system into perception (Li et al. 2022), pre-
diction (Zhang et al. 2024b), and planning (Hu et al. 2021)
components. While this structure ensures interpretability
and allows for independent optimization, they suffer from
cascading errors between stages and are not globally opti-
mized for the final planning objective. In contrast, end-to-
end autonomous driving frameworks (Hu et al. 2023) ad-
dress this by jointly optimizing perception, prediction, and
planning within a unified neural network. These models
learn driving policies directly from raw sensor inputs, which
improves the model’s adaptability to diverse driving con-
ditions. More recent approaches introduce diffusion mod-
els (Liao et al. 2024) and unified scene representations (Jia
et al. 2025) to further enhance the effectiveness and robost-
ness. However, existing end-to-end methods still face se-
mantic reasoning bottlenecks, as they struggle to fully com-
prehend high-level scene semantics, infer complex agent in-
teractions, and adapt to dynamic task requirements. More-
over, their decision-making processes remain opaque, mak-
ing it difficult to diagnose failure cases, especially in long-
tail or unseen scenarios.

Large Vision Language Models

Large Language Models demonstrated strong emergent ca-
pabilities in in-context learning, instruction following, and
reasoning (Touvron et al. 2023; Yang, Yang, and et al.
2024). By training on vast amounts of Internet-scale data,
these models acquire extensive world knowledge and ex-
hibit strong adaptability across diverse tasks. Their success
has also driven the rise of large VLMs, which extend these
capabilities into cross-modal reasoning by integrating vision
encoders with language models. State-of-the-art VLMs such
as GPT-4V (OpenAl et al. 2024), LLaVA (Liu et al. 2024b),
and Qwen-VL (Bai et al. 2023) demonstrate strong visual
understanding and multimodal reasoning in open-domain
tasks. However, these models are primarily trained on static
2D images or videos and exhibit limited spatial reason-
ing in dynamic 3D driving environments. Moreover, VLMs
are prone to hallucinations and generally over-confident but
incorrect descriptions, which pose serious risks in safety-
critical planning scenarios. Recently, Vision-Language Ac-
tion models have emerged to directly predict actions from
visual inputs, demonstrating strong performance in robotic
manipulation tasks (Kim et al. 2024). Currently, the appli-
cation of such language-conditioned end-to-end action gen-
eration in autonomous driving remains underexplored. Yet,
these methods are mostly limited to static setups and lack
driving-specific 3D spatial design.
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Figure 1: Taxonomy of vision-language model applications
in end-to-end autonomous driving.

Vision Language Models in Autonomous Driving

VLMs have been applied to various autonomous driving
tasks, including perception, scene description, synthetic data
generation, and high-level decision-making (Zhou et al.
2024). These efforts aim to enhance interpretability, data
efficiency, and instruction-following capabilities in driving
models. We categorize recent works into 4 paradigms, as
illustrated in Figure 1. One line of research in Fig.1 (a)
integrates language heads, such as captioning or question-
answering modules, into driving models to enhance the in-
terpretability (Ding et al. 2024). The second category in
Fig.1 (b) employs vision language models to generate high-
level driving instructions, such as directional commands or
abstract maneuvers, which are subsequently interpreted by
separate planning modules into low-level controls (Jiang
et al. 2024; Tian et al. 2024; Wang et al. 2023). It’s also usu-
ally formed as a fast-slow dual system. This design allows
VLMs to make independent semantic reasoning, but retains
a separate module for end-to-end driving planning, mak-
ing joint optimization challenging. The third line in Fig.1
(c) applies native VLMs with 2D visual tokens to produce
driving actions, and optionally scene captions or QA re-
sponses (Jin et al. 2023; Xu et al. 2024). These methods
(Mei et al. 2024; Zhang et al. 2024a; Fu et al. 2025) pro-
cess 2D images without explicit modeling of the instance,
3D spatial layout, and inter-agent interactions in the driv-
ing scene. It limits their spatial reasoning ability and under-
standing of agent dynamics in complex traffic environments.
Recent studies (Favero et al. 2024) further indicate that such
instance-agnostic approaches are more prone to hallucinate,
often producing overconfident or semantically inconsistent
text. In this work, we investigate how to extend 2D VLMs
by explicitly modeling 3D instance-aware and spatial-aware
scene representations into an end-to-end autonomous driv-
ing framework, as shown in Fig.1(d). Notably, we focus on
fully differentiable end-to-end models in this work, while
LLM-based agentic driving systems, such as (Wang et al.
2024; Sima et al. 2023), fall outside the scope of our study.
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Figure 2: OpenDriveVLA leverages open-source pre-trained language foundation models to generate driving actions condi-
tioned on 3D environmental perception, ego vehicle states, and driver commands.

OpenDriveVLA

The overall architecture of OpenDriveVLA is shown in
Figure 2, with its multi-stage training process further de-
tailed in Figure 3. OpenDriveVLA uses a pre-trained vi-
sion encoder to extract tokenized environmental representa-
tions from multi-view images. These visual tokens are then
aligned into the textual domain through cross-modal learn-
ing. After alignment, it undergoes driving instruction tun-
ing, followed by agent-ego-environment interaction model-
ing. Finally, OpenDriveVLA is trained end-to-end to pre-
dict the ego vehicle’s future trajectory, guided by the aligned
visual-language tokens and driving instructions.

3D Visual Environmental Perception

Recent VLM-based autonomous driving methods typically
rely on pretrained 2D visual encoders (Zhai et al. 2023b),
where visual token selection and attention are indirectly
guided through language supervision. While effective in
open-domain vision-language applications, this design lacks
explicit 3D spatial grounding and structured instance-level
attention, which can lead to severe hallucinations in safety-
critical driving scenarios (Xie et al. 2025). To mitigate
this, OpenDriveVLA adopts a visual-centric query module,
where the model first learns to focus on driving-relevant ob-
jects and map tokens through 3D vision tasks, ensuring reli-
able visual token proposal.

Specifically, given a set of multi-view images [
{I*}},, the visual module first extracts multi-scale 2D fea-
tures from each image using a shared 2D backbone, de-
noted as fop. These 2D features are then aggregated across
views and lifted into BEV space, producing the BEV fea-
ture fpe,. To obtain structured environmental representa-
tions, we adopt three visual query modules: Global Scene
Sampler Qgcene, Agent QueryTransformer Qagent, and Map
QueryTransformer Qy,,,. Each module extracts tokens fo-
cusing on a specific semantic aspect of the driving en-
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vironment. Global Scene Sampler encodes the surround-
ing driving scene context from multi-view 2D features,
producing the scene token vscene = Qscene(fon). Agent
QueryTransformer detects and tracks dynamic agents within
the scene, extracting agent-centric tokens {vagent}l 1
Qagent (foev), Where N, denotes the number of detected
agents. In parallel, Map QueryTransformer extracts static
structural information, such as lane boundaries and driv-
able areas, forming the map token v,,qp = Qmap(foev)-
Through vision-centric perception tasks, including 3D de-
tection, tracking, and segmentation, the visual encoder pro-
duces structured environmental tokens that capture both
dynamic agent behaviors and static map structures in a
spatially grounded manner. The output tokens, denoted as
Venv = {Uscene, Vagent Umap }» SEIVE as visual environment
representation of the subsequent stages.

Stage 1 - Hierarchical Vision-Language Alignment

To bridge the modality gap between the extracted visual to-
kens and the word embedding space of a pre-trained LLM,
we adopt a hierarchical vision-language feature alignment
strategy. Given the visual tokens extracted from the 3D vi-
sual perception module, we introduce three token-specific
projectors { Pscene, Pogent, ®,,ap |- During training, each ac-
tive agent query from the 3D detection and tracking task
denoted as vg .., is also matched to its corresponding

ground-truth caption Xagent These captions provide de-
tailed descriptions, including 2D appearance descriptions
and 3D spatial positions. For scene and map tokens, which
encode holistic spatial context and static structural proper-
ties, a sample-wise alignment is applied, where each token
is matched to a scene-level caption Xcene OF Xypqp. The
scene token vseene captures the global 2D environmental
context, while the map token vy, encodes structural ele-
ments such as lane topology, road boundaries, and drivable
areas. Each of these tokens is aligned to its corresponding
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Figure 3: Illustration of main training stages on OpenDriveVLA. Stage 1: Hierarchical Feature Alignment. Stage 2: Driving
Instruction Tuning. Stage 2.5: Agent-Env-Ego Interaction Modeling. Stage 3: Trajectory Planning Tuning.

caption, denoted as Xcene and X,,4,. During this stage,
both the visual encoder and LLM remain frozen to preserve
pretrained semantics, with only the token-specific projectors
being trainable. The forward alignment step is formulated as
follows:

X, = LLM (Pr(vg)), k € {scene, map} )
X! et = LLM (®agent (Vigens)) s i=1,...,Na (2)

Stage 2 - Driving Instruction Tuning

We distill high-level driving knowledge into the model via
supervised instruction tuning, enabling it to internalize se-
mantic reasoning patterns during training. This avoids costly
chain-of-thought (CoT) reasoning at inference time and bal-
ances planning efficacy with runtime efficiency.

During the tuning process, driving knowledge from the
language domain is injected into the model using a cu-
rated driving instruction QA dataset. The dataset covers
a wide range of driving-related reasoning, including per-
ception understanding, motion prediction, attention allo-
cation, action reasoning, and high-level decision-making.
By training on this diverse set of driving queries, Open-
DriveVLA learns to contextualize the driving scene, fol-
low commands, and generate semantically and behaviorally
grounded planning decisions. We formulate the tuning data
as instruction-response pairs {Xinput, Xanswer ), where
Xinput = (VenvsSegos Xquery). Here, Xgyery denotes the
driving-related question, and S.g4, encodes the textual ego
vehicle state. Given this multimodal input, the LLM autore-
gressively learns to generate the target response. During in-
struction tuning, the visual encoder remains frozen while the
token-specific projectors and the LLM are set to be trainable.
The instruction prediction process is as:

Xanswcr = LLM (Venva Segoa Xquery) (3)

Stage 2.5 - Agent Environment Ego Interaction

Reliable trajectory planning in autonomous driving neces-
sitates a spatially grounded 3D representation of the envi-
ronment. Beyond perception, it must also understand dy-
namic interactions between the ego vehicle and surround-
ing agents. Effective interaction modeling is essential to en-
sure that planned trajectories are both feasible and collision-
free under real-world driving constraints. However, existing

13785

pre-trained LLMs lack an inherent inductive bias for spatial
reasoning in 3D driving scenes, as they are predominantly
trained on 2D vision-language and text-based datasets. We
introduce a conditional agent trajectory forecasting task as
an auxiliary objective, encouraging the model to learn spa-
tially grounded interaction priors. During this stage, Open-
DriveVLA captures the underlying structure of multi-agent
dynamics, enhancing its capability for scene-aware trajec-
tory generation and improving decision-making in complex
traffic scenarios.

Given scene and map tokens, as well as the ego ve-
hicle state S.g,, the LLM predicts the future motion of
each detected agent based on its projected visual embedding
Pagent (U gent)- The future motion of agent a; is represented
as a sequence of waypoints W:. The predicted trajectory
is conditioned on the scene context, map structure, and ego
vehicle state, enabling OpenDriveVLA to infer interaction-
aware and spatially grounded motion sequences. The learn-
ing objective for the i-th agent is formulated as:

T

maXHp (wi | wi:t—lvvenv’ Segos (I’agent(v(ilgent)) 4)
t=1

This provides OpenDriveVLA with essential spatial pri-
ors, enabling it to bridge the gap between high-level seman-
tic reasoning and physically grounded motion planning.

Stage 3 - End-to-end Trajectory Planning Tuning

In this stage, OpenDrive VLA predicts ego trajectories as dis-
crete waypoint sequences within a short horizon, denoted as
Wego = {w1,wo, ..., wr}. Each waypoint w; represents
the 2D coordinates (z;,y:) of the ego vehicle at time step
t. The waypoints are tokenized into a sequence of discrete
textual tokens for autoregressive generation in the LLM:
Ttraj = Tokenizer(Weq,). The generation process is then
cast as a causal sequence prediction task, where each token
is predicted in a causal manner, conditioned on the visual
perception tokens V., the ego state S.4,, and the driving
command Xg;;.



ST-P3 metrics UniAD metrics
Method L2(m) | Collision (%) | L2(m) | Collision (%) | LLM Input
Is 2s 3s  Avg. Is 2s 35 Avg. ‘ Is 2s 3s  Avg. Is 2s 3s  Avg. ‘
None-Autoregressive Methods

ST-P3 (Hu et al. 2022) 133 211 290 211 023 062 127 0.71 - - - - - - - - - Visual
VAD (Jiang et al. 2023) 0.17 034 060 037 0.07 0.10 024 0.14 - - - - - - - - - Visual
Ego-MLP (Zhai et al. 2023a) 046 076 1.12 078 021 035 058 0.38 - - - - - - - - - Ego

UniAD (Hu et al. 2023) 044 067 096 0.69 0.04 008 023 012|048 096 1.65 1.03 005 0.17 071 031 - Visual
InsightDrive (Song et al. 2025)  0.23 041 0.68 044 0.09 0.10 027 0.15]030 072 141 081 0.08 0.15 0.84 0.36 - Visual
FF (Hu et al. 2021) - - - - - - - - 055 120 254 143 006 017 1.07 043 - LiDAR
EO (Khurana et al. 2022) - - - - - - - - 0.67 136 278 160 0.04 0.09 0.88 0.33 - LiDAR

Autoregressive Methods

GPVL (Li et al. 2025) 021 039 069 043 0.07 0.09 027 0.14 - - - - - - - - BERT Textual
DriveVLM (Tian et al. 2024) 0.18 034 068 040 0.10 022 045 0.27 - - - - - - - - Qwen-VL-7B  Visual
GPT-Driver (Mao et al. 2023) 020 040 0.70 044 0.04 0.12 036 0.17 | 027 074 152 0.84 007 015 1.10 044 GPT-3.5 Textual
RDA-Driver (Huang et al. 2024) 0.17 037 0.69 040 001 0.05 026 0.10 | 023 0.73 154 080 0.00 0.13 0.83 032 LLaVa-7B Visual
OminiDrive (Wang et al. 2024)  0.14 0.29 0.55 0.33 0.00 0.13 0.78 0.30 - - - - - - - - LLaVA-7B Visual
EMMA (Hwang et al. 2024) 0.14 029 0.54 032 - - - - - - - - - - - - Gemini Visual
OpenEMMA (Xing et al. 2025) 145 3.21 3.76 281 - - - - - - - - - - - - Qwen-VL-7B  Visual
DME-Driver (Han et al. 2024) - - - - - - - - 045 091 158 098 0.05 028 055 029 LLaVa-7B Visual
OpenDriveVLA-0.5B (Ours) 0.15 032 057 035 001 0.06 020 0.09 021 060 122 0.68 0.00 015 0.63 026 | Qwen2.5-0.5B  Visual
OpenDriveVLA-3B (Ours) 0.14 030 055 033 0.02 007 022 0.10 | 019 058 124 0.67 0.02 0.18 070 030 | Qwen2.5-3B Visual
OpenDriveVLA-7B (Ours) 0.15 031 055 033 001 0.08 021 010|020 058 121 0.66 0.00 022 055 025 | Qwen2.5-7B  Visual

Table 1: Open-Loop planning performance comparison of different driving models, including both autoregressive methods and
non-autoregressive methods. OpenDriveVLA shows powerful planning ability and achieves best-in-class results among open-
source models, even with the 0.5B version. We refer to the result summary from (Song et al. 2025; Mao et al. 2023; Li et al.

2025; Huang et al. 2024).

T
7;raj = argmathm]_ Hp (wt | wl:t—lavenim Segm Xdri)
t=1

(%)

The entire pipeline, including the 3D visual encoder,

cross-modality projectors, and LLM, is jointly optimized

end-to-end during training, with the 2D encoder kept frozen.

At inference, the model autoregressively generates the tok-

enized trajectory ﬁTaj, which is then decoded back into nu-
merical waypoints:

Wego = Decoder(Tira;) 6)

Experiments
Training Datasets

We curate the training data of OpenDriveVLA based on its
distinct training phases, drawing from: TOD3Cap (Jin et al.
2024), nuCaption (Yang et al. 2023), nuScenesQA (Qian
et al. 2023), nuX (Ding et al. 2024), and GPT-Driver (Mao
et al. 2023). We conduct experiments on nuScenes (Caesar
et al. 2020), following standard data split into training and
validation sets. OpenDriveVLA is trained using the training
set paired with corresponding QA captions, while the val-
idation set is exclusively used for performance evaluation
to ensure fair comparisons with prior works. The details of
training data can be found in supplementary materials.

Hierarchical Vision-Language Alignment. For agent-level
caption, we post-process data from (Jin et al. 2024), which
provides the 2D visual description of individual objects.
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To further enhance spatial grounding, each object caption
is augmented with its corresponding BEV coordinates, en-
abling the model to associate object attributes with precise
spatial locations. For scene tokens, we process multi-view
scene descriptions from (Yang et al. 2023), merging them
into unified summaries that describe the driving environ-
ment across all camera views. For map tokens, structured
language descriptions are derived from ground-truth annota-
tions, translating map elements such as lane dividers, cross-
walks, and road boundaries into descriptive text.

Driving Instruction Tuning. We adopt multiple instruction-
oriented datasets derived from nuScenes to inject driving-
specific knowledge into OpenDriveVLA. We unify several
datasets into a standardized instruction-based QA format, in-
cluding driving-related question-answer pairs collected from
nuCaption (Yang et al. 2023), nuScenesQA (Qian et al.
2023), and nuX (Ding et al. 2024) dataset. Each QA pair is
conditioned on structured environmental visual tokens and
the ego vehicle state, ensuring consistency across differ-
ent data sources. This multimodal instruction tuning process
allows OpenDriveVLA to effectively ground language un-
derstanding into both environmental perception and scene
understanding, bridging perception, reasoning, and action
within the language space.

Motion Forecasting and Trajectory Prediction. We for-
mulate both agent motion forecasting and ego trajectory
planning in the ego system, where the model directly pre-
dicts future displacements within each entity’s local coordi-
nate frame relative to the ego vehicle for planning and rela-
tive to each agent for forecasting. This formulation captures
motion dynamics in a spatially consistent manner across all



Method | nu-Caption

| nuScenes-QA

| BL-1 BL-2 BL-3 BL-4 BERT-S | Ext Cnt Obj Sts Cmp HO H1 Acc
Mini-GPT4 (Zhu et al. 2024) 15.0 6.8 3.7 2.6 84.4 - - - - - - - -
Instruct-BLIP (Dai and et al. 2023) | 18.7  13.4 7.4 52 85.9 - - - - - - - -
LLaMA-AdapV2 (Gao et al. 2023) | 302 173 104 75 86.5 193 27 76 108 1.6 151 48 9.6
LLaVAL.5 (Liu et al. 2024a) 200 121 8.6 5.4 85.0 458 77 78 9.0 521 257 415 262
LiDAR-LLM (Yang et al. 2023) 41.0 300 234 193 91.3 745 150 378 459 578 - - 48.6
BEVDet+BUTD (Qian et al. 2023) - - - - - 837 209 488 520 67.7 - - 57.0
OpenDriveVLA-0.5B (Ours) 472 358 294 252 91.9 839 220 502 570 684 623 56.5 584
OpenDriveVLA-3B (Ours) 483 369 303 26.1 92.0 84.0 223 503 569 685 626 565 585
OpenDriveVLA-7B (Ours) 49.6 383 319 276 92.2 84.2 227 496 545 688 624 56.1 582

Table 2: Performance on nu-Caption (Yang et al

. 2023) and nuScenes-QA (Qian et al. 2023). BL-1/2/3/4: BLEU scores. QA

metrics report accuracy on five question types: Existence, Counting, Object, Status, and Comparison.

entities. Following (Mao et al. 2023), the ego vehicle state
is encoded as textual input to ensure ego awareness through-
out the training process. Both tasks predict 3-second future
trajectories, sampled at 0.5-second intervals, resulting in 6
waypoints per trajectory.

Evaluations

We evaluate OpenDrive VLA on the open-loop planning task
of nuScenes benchmark, where the model is reported under
both ST-P3 (Hu et al. 2022) and UniAD (Hu et al. 2023)
settings. The evaluation metrics include L2 displacement er-
rors at 1, 2, and 3 seconds, along with the average collision
rate over the prediction horizon. To further assess the scene
understanding ability of OpenDriveVLA, we report its QA
prediction performance on three driving visual question an-
swering (VQA) datasets directly after the driving instruc-
tion tuning stage, i.e., (Yang et al. 2023), nuScenesQA (Qian
et al. 2023), and nuX (Ding et al. 2024). The VQA evalua-
tion results adopt standard NLG metrics, including BLEU,
METEOR, CIDEr, BERT-Score, etc.

Implementation Details

The 3D visual perception module in OpenDriveVLA fol-
lows the vision-centric design from (Hu et al. 2023), using
a ResNet-101 backbone for 2D feature extraction. The per-
ception backbone is pre-trained via multi-task learning on
3D object detection, object tracking, and map segmentation.
The resulting BEV feature map has a spatial resolution of
200 x 200. To construct a unified scene representation, the
global SceneSampler applies 2D adaptive pooling to each
camera view, subsequently concatenating the pooled multi-
view features into a global scene token. Agent and map to-
kens are extracted from the final layer of their respective
QueryTransformer modules. Each token type is then mapped
into the language space using a separate two-layer MLP with
GeLU activation. We adopt Qwen 2.5-Instruct (Yang, Yang,
and et al. 2024) as the pre-trained LLM, which undergoes
full parameter tuning during training. Training is performed
on 4 NVIDIA H100 GPUs with a batch size of 1, completed
in approximately two days. We freeze the 2D backbone dur-
ing stage 3. During inference, we set the decoding temper-
ature to 0 to ensure deterministic trajectory generation. See
supplementary material for detailed training configurations.
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Main Results

Open Loop Trajectory Planning. We evaluate Open-
DriveVLA on the open-loop trajectory planning task us-
ing both ST-P3 and UniAD metrics, ensuring comprehen-
sive performance assessment across spatial accuracy and
collision avoidance. As shown in Table 1, OpenDriveVLA
achieves state-of-the-art performance across both settings.
Specifically, both 3B and 7B version models achieve an av-
erage L2 error of 0.33m under ST-P3 metrics, outperform-
ing prior autoregressive language models (Mao et al. 2023;
Tian et al. 2024). On the UniAD metrics, OpenDrive VLA-
7B also achieves great performance with an average L2 error
of 0.66m. Notably, despite significantly fewer parameters,
the 0.5B version still outperforms prior models obviously.

Models | CIDER BL-4 METEOR ROUGE-L
Hint-UniAD (Ding et al. 2024) 21.7 42 12.7 27.0
Hint-VAD (Ding et al. 2024) 224 42 13.2 27.6
GPT-40 (Xu et al. 2024) 19.0 4.0 10.3 249
Gemini 1.5 (Team et al. 2024) 17.6 34 9.3 23.4
Vote2CapDETR (Chen et al. 2023) 15.3 2.6 10.9 24.2
TOD?Cap (Jin et al. 2024) 14.5 2.5 10.5 23.5
OpenDriveVLA
0.5B (Ours) 323 54 12.5 27.9
3B (Ours) 255 43 12.8 27.8
7B (Ours) 26.2 45 12.8 27.4

Table 3: Performance comparison of OpenDriveVLA on the
Nu-X dataset (Ding et al. 2024).

Driving Question Answering. We access OpenDriveVLA
on the driving VQA task across three nuScenes-based
datasets (Table 2, Table 3), reporting results after the sec-
ond stage of training. OpenDriveVLA reaches best-in-class
performance across all three datasets, consistently outper-
forming previous language-enhanced driving models and
general-purpose multimodal baselines among most metrics.
On nuCaption dataset, it achieves the best captioning per-
formance among all evaluated models, outperforming both
general VLMs LLaVAL.5 (Liu et al. 2024a) and Mini-GPT4
(Zhu et al. 2024), as well as autonomous driving-specific
models such as LIDAR-LLM (Yang et al. 2023). For nuSce-
nesQA dataset, OpenDrive VLA also achieves strong perfor-
mance. Compared to models that directly fuse BEV features
with language models such as BEVDet+BUTD (Qian et al.
2023), it demonstrates clear advantages in object and status-



@ Command:
Please Keep
Forward

Q: Describe the behavior of ego car
and explain the reason behind it.

@Cammand :
Please Turn

Right

A: The vehicle gradually slows down
because there is an intersection
ahead requiring caution.

Q: Describe the traffic conditions
of car's front view.

the city..

A: The traffic conditions in the
scene are busy, with a mix of cars
and trucks driving on the street.
The presence of multiple vehicles
suggests that it is a typical day in

Figure 4: Visualization of OpenDriveVLA-7B planning actions under original dataset instruction to keep forward (left) and
modified instruction to turn right (right). The QA prediction showcases (middle) are from results reported in Table 2 and Table
3. The agent motion prediction results are visualized after the agent-env-ego interaction stage.

related questions, which highlights the benefit of its spatially
grounded visual-language alignment. Notably, the 0.5B ver-
sion outperforms even the larger 7B on the Nu-X dataset,
which shows its powerful scene-understanding ability even
with lightweight LLMs.

Ablation Study

We conduct ablation studies to evaluate the impact of input
modalities and our multi-stage training strategy on Open-
DriveVLA’s performance. Additionally, we qualitatively as-
sess the model’s ability to follow diverse driving commands.

. . Avg. Collision (%) | | Avg.L2(m) |
Visu | Ego | Hist | Cmd ‘ UniAD | ST-P3 | UniAD | ST-P3
v /| v | om 0.24 134 | 075
ol /| oL 0.49 130 | 075

v v| v | o 0.10 077 | 039
volv| v 0.33 0.13 080 | 040
v lv| v v 02 0.09 068 | 035

Table 4: Ablation study on the effect of different input com-
binations on OpenDriveVLA-0.5B.

Effect of Input Modalities. We investigate how individual
input components contribute to trajectory planning. Table 4
presents the results of ablating visual perception, ego state,
historical trajectory, and high-level language commands.
The inclusion of visual inputs significantly boosts overall
performance. Adding textual commands and historical in-
formation further improves the predictions, emphasizing the
value of semantic intent and temporal context. Notably, ego-
state features play a critical role in nuScenes open-loop
benchmark, consistent with prior findings (Li et al. 2024).
Effect of Multi-Stage Training Strategy. We evaluate the
contribution of each training phase in our staged pipeline in-
crementally. As shown in Table 5, each additional stage con-
sistently improves performance, with the most notable re-
ductions in collision rate observed after Hierarchical Vision-
Language Alignment and Agent-Environment-Ego Interac-
tion Modeling. These improvements highlight the effective-
ness of cross-modal grounding and interaction-aware rea-
soning in enhancing safety-critical planning behavior.
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Training Stage Avg. Collision (%) | Avg. L2 (m) |
1 \ 2 \ 2.5 \ 3 | UniAD \ ST-P3 UniAD \ ST-P3

v 0.37 0.13 0.70 0.36
v v 0.32 0.12 0.69 0.35
v |/ v 0.31 0.11 0.68 0.35
v V| 0.26 0.09 0.68 0.35

Table 5: Ablation study on the effect of multi-stage training
of 0.5B model. Stage 1, 2, 2.5, and 3 correspond to hierar-
chical feature alignment, driving instruction tuning, Agent-
Env-Ego modeling, and trajectory tuning, respectively.

Effect of Driving Command. Figure 4 presents the qualita-
tive comparison at an intersection under two different driver
instructions: keep forward and turn right, with the right
turn as the ground truth. OpenDriveVLA accurately adapts
its plan to the given command while maintaining context-
aware and environment-consistent behavior, demonstrating
robust command-following and generalization in complex
scenes. In addition, we visualize the QA predictions for the
same scene, showcasing the model’s ability to reason over
decision-making and traffic scene understanding.

Conclusion

In this work, we present OpenDriveVLA, a scalable vision-
language action model designed for end-to-end autonomous
driving. Built upon pre-trained large language models,
OpenDriveVLA generates 3D spatially grounded and se-
mantically consistent driving actions from multimodal in-
puts. We introduce a hierarchical vision-language feature
alignment module and realize agent-env-ego interaction
in LLM to enable fine-grained spatial reasoning and dy-
namic scene understanding. Through multi-stage training
paradigm, OpenDriveVLA achieves state-of-the-art perfor-
mance in open-loop planning and driving-related question
answering. Extensive evaluations on nuScenes dataset show
its superior trajectory planning capability compared to ex-
isting approaches. Our work demonstrates the feasibility of
a scalable vision-language-driven approach for autonomous
driving and highlights the potential of large language models
as a foundation for end-to-end driving action systems.
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