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Abstract

Autonomous driving is a challenging task that requires per-
ceiving and understanding the surrounding environment for
safe trajectory planning. While existing vision-based end-
to-end models have achieved promising results, these meth-
ods are still facing the challenges of vision understanding,
decision reasoning and scene generalization. To solve these
issues, a generative planning with 3D-vision language pre-
training model named GPVL is proposed for end-to-end au-
tonomous driving. The proposed paradigm has two signifi-
cant aspects. On one hand, a 3D-vision language pre-training
module is designed to bridge the gap between visual percep-
tion and linguistic understanding in the bird’s eye view. On
the other hand, a cross-modal language model is introduced
to generate holistic driving decisions and fine-grained trajec-
tories with perception and navigation information in an auto-
regressive manner. Experiments on the challenging nuScenes
dataset demonstrate that the proposed scheme achieves ex-
cellent performances compared with state-of-the-art method-
s. Besides, the proposed GPVL presents strong generalization
ability and real-time potential when handling high-level com-
mands in various scenarios. It is believed that the effective,
robust and efficient performance of GPVL is crucial for the
practical application of future autonomous driving systems.

Introduction
Autonomous driving is a challenging task that requires a
profound understanding about the surrounding environment
of autonomous vehicles to ensure safety and efficient real-
world deployment. An excellent autonomous driving system
must have the capacity to comprehensively perceive the driv-
ing environment and precisely make the planning decision
based on the road information.

Recently, several end-to-end autonomous driving frame-
works are proposed and achieve promising results, by un-
derstanding the driving scenes with sensor data and out-
putting planning decisions. Some early methods (Codevil-
la et al. 2019; Prakash, Chitta, and Geiger 2021) direct-
ly obtain the predicted planning trajectories without thor-
ough understanding of driving scenes, resulting in limited
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Figure 1: (a) The existing end-to-end autonomous driving
framework only utilizes visual information to complete per-
ception, prediction and planning tasks. (b) The emerging
LLM-injected autonomous driving models merely introduce
2D visual features and use time-consuming LLM for plan-
ning decision. (c) The designed scheme focuses on 3D-
vision language pre-training and conducts the planning by
a language generation style.

interpretability and difficulty in convergence. As illustrat-
ed in Fig. 1(a), most schemes (Hu et al. 2022, 2023; Jiang
et al. 2023) utilize the sensor information to integrate mul-
tiple vision tasks (e.g., 3D object detection and motion pre-
diction) in one network to enhance planning performance.
However, these vision-only approaches struggle to incorpo-
rate contextual cues for safe decision-making and require
further optimization. With the rapid development of large
language models (LLM), the outstanding reasoning ability
has attracted much interest and promoted applications in the
autonomous driving area. As presented in Fig. 1(b), several
recent methods (Xu et al. 2023; Wang et al. 2023b) intro-
duce multi-modal large language models (MLLM) to pro-
duce driving explanations and language-injected planning
results. Nonetheless, these models pre-trained on 2D vision-
language datasets struggle with understanding the complex
3D spatial relations in driving scenarios. Therefore, sever-
al effective strategies are designed to overcome above chal-
lenges, such as directly using the detected 3D bounding box-
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es of crucial objects (Tian et al. 2024) and integrating the
bird’s eye view (BEV) feature with learnable queries (Ding
et al. 2024). However, these advanced strategies merely inte-
grate 2D and 3D visual information without adequately ad-
dressing the alignment of 3D visual features with linguistic
representations.

To address the aforementioned challenges, a novel gen-
erative planning with 3D-vision language pre-training (G-
PVL) paradigm is proposed for autonomous driving, as
shown in Fig. 1(c). GPVL first utilizes the pre-trained BEV-
former (Li et al. 2022d) to extract the BEV feature map of
multi-view images, which covers the essential semantic el-
ements (e.g., vehicles, pedestrians and traffic lines) of driv-
ing scenes. Motivated by VAD (Jiang et al. 2023), the vec-
torized detection, motion and mapping transformers are in-
troduced to learn the crucial perception information. Then,
a 3D-vision language pre-training module is developed to
align BEV features with linguistic representations, enabling
comprehensive 3D scene understanding and textual reason-
ing in a shared feature space, where the group-wise align-
ment establishes the multi-level associations between vision
and language features. Furthermore, GPVL designs a 2D
scene captioning model based on the pretrained BLIP (Li
et al. 2022a), which is trained and tested on the Ominidrive-
nuScenes dataset (Wang et al. 2024) to generate scene-level
descriptions. Finally, the 2D visual captioning, the aligned
3D perception feature and navigation instruction are fed in-
to a language model to generate the holistic driving decision
and fine-grained trajectory in an auto-regressive manner.

The major contributions of this work are summarized in
the following three aspects.
• A 3D-vision language pre-training module is presented

to establish group-wise correlations between vision and
language features, facilitating a thorough understanding
of the driving environment.
• A cross-modal language model is developed to generate

decisions and trajectories using captioning, perception
and navigation information in an auto-regressive manner,
endowing the model with reasoning and generation capa-
bilities.
• We propose a generative planning with 3D-vision lan-

guage pre-training framework, which learns language-
guided perception features and generates contextual tra-
jectories, thereby enhancing system safety.

Related Work
End-to-End Autonomous Driving
The goal of end-to-end autonomous driving is to construc-
t a completely differentiable system that can convert sensor
data into vehicle control commands (Prakash, Chitta, and
Geiger 2021; Wu et al. 2022). This system integrates al-
l modules (i.e., perception, prediction, planning and control)
for interpretable end-to-end optimization, which can reduce
the accumulated errors of all modules and enhance the safety
of the autonomous driving system. Recently, several effec-
tive models are proposed for this challenging task and can
be categorized into open-loop autonomous driving meth-
ods and closed-loop autonomous driving methods. Many

schemes (Hu et al. 2023; Gu et al. 2023; Jiang et al. 2023;
Pan et al. 2024) address this task in the open-loop manner,
whose training and evaluation stages are conducted on real-
world datasets. For example, Hu et al. (Hu et al. 2023) pro-
pose an innovative planning-oriented approach to interac-
tively optimize all blocks. Jiang et al. (Jiang et al. 2023) de-
velop a vectorized scene representation technology to meet
real-time requirements. In contrast, closed-loop methods use
simulators like CARLA (Dosovitskiy et al. 2017) to create
virtual environments for the feedback of other agents on the
road. Specifically, Jia et al. (Jia et al. 2023) optimize future
position and action features twice to improve model safe-
ty. Chen et al. (Chen et al. 2024) utilize the environmental
features to learn the probabilistic distribution of actions. N-
evertheless, these methods have difficulty to generate robust
trajectories in a reasonable way for efficient vehicle control.
In this work, the proposed GPVL is capable of performing
reasonable analysis and generating contextual trajectory.

Large Language Models for Autonomous Driving
Recently, many researches (Driess et al. 2023; Wang et al.
2023a; Brohan et al. 2023) employ LLMs to endow au-
tonomous driving systems with the embodied intelligence
capability and achieve favorable results in the decision stage.
Inspired by the success in the field of robotics, several work-
s (Wen et al. 2023; Mao et al. 2023) attempt to use LLMs for
autonomous driving. In particular, Dilu (Wen et al. 2023)
and GPT-driver (Mao et al. 2023) utilize LLM to generate
reasonable trajectories by regarding the perception informa-
tion of agents as language prompts. Furthermore, recent M-
LLMs (Driess et al. 2023; Li et al. 2023; Bai et al. 2023; Liu
et al. 2023) introduce both visual encoder and LLM to suc-
cessfully establish the semantic correlations between vision
and language, which have attracted much interest in the au-
tonomous driving area. For example, Shao et al. (Shao et al.
2024) learn an integrated representation of multi-modal sen-
sor data and human navigation instruction to output reliable
control commands. Ding et al. (Ding et al. 2024) incorporate
the BEV representation into multi-view video features to
enhance the understanding of driving scenes. However, the
fused multi-modal features of these schemes either lack 3D
spatial awareness of all targets or fail to align with linguis-
tic representations. In this work, the introduced BEV-level
visual transformer and the 3D-vision language pre-training
module are devised to address these challenges.

Proposed Method
The overall framework of the proposed GPVL is presented
in Fig. 2, including three key components: (1) the backbone
generates the supervised detection, map and motion features
based on the extracted BEV feature, (2) the 3D-vision lan-
guage pre-training module aims to align the visual and lin-
guistic features in a common semantic space, and (3) the
cross-modal language model produces the reliable decision
and trajectory in a generative fashion.

Method Overview
Suppose X = {Xn}Nn=1 denotes the sampled N multi-view
images, the goal of the proposed scheme is to generate the
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Figure 2: Pipeline of GPVL for autonomous driving. The framework is divided into three parts: (1) the backbone includes a
3D-vision encoder to obtain the basic BEV feature, then it is decoded into constrained detection, motion and map features,
(2) the 3D-vision language pre-training module establishes the associations between vision and language features with the
group-wise alignment, (3) the cross-modal language model generates the future planning decision in an auto-regressive manner
based on aligned visual feature and navigation prompt. Note that in (a), the env prompt represents the detailed descriptions of
3D bounding boxes, agent motions and BEV map on the road, and the navigation means the detailed description of high-level
instruction for the self-driving car. Four kinds of 3D-vision language (VL) alignments are presented in (b) for explanation.

safe driving trajectory of ego vehicle. To acquire the sat-
isfying planning result, GPVL is proposed to establish se-
mantic associations between 3D visual features and linguis-
tic representations, and generates the high-quality route in
an auto-regressive manner. Figure 2 illustrates the detailed
structure of the proposed model. Specifically, for the input
multi-view images X , we first use the BEV encoder in the
pre-trained BEVformer (Li et al. 2022d) to extract the BEV
feature B = Fbev(X ). Afterwards, B is fed into the detec-
tion, motion and map transformers to simultaneously learn
the 3D object boxes, agent motions and map elements, re-
sulting in constrained detection feature Fdet, motion feature
Fmotion and map feature Fmap. Then, Fdet, Fmotion and
Fmap are sent into a visual attention block Fvatt composed
of multiple transformer layers, generating the attentive vi-
sual features Vdet, Vmotion, Vmap and their concatenation
Vglobal. Meanwhile, the environment ground-truth descrip-
tions are integrated into a textual attention block Ftatt based
on the BERT (Devlin et al. 2019) structure to obtain textual
representations Tdet, Tmotion, Tmap and their concatenation
Tglobal. A group-wise alignment module is further designed
to project these vision and language features in a shared se-
mantic space. Finally, Vglobal together with the navigation
prompt of ego vehicle are sent into the language model to
generate the dependable trajectory in a natural language for-
mat.

3D-vision Language Pre-training
The 3D-vision language pre-training module is developed to
establish the multi-level alignment between vision and lan-

guage modalities through contrastive learning (Radford et al.
2021). Several previous methods (Shao et al. 2024; Wang
et al. 2023b; Ding et al. 2024) have introduced pre-trained
LLMs (e.g., LLaMA (Touvron et al. 2023)) to enhance per-
ception and understanding of driving scenes. However, these
approaches either lack 3D spatial information or exhibit se-
mantic gaps between different representations, which hinder
accurate target localization and trajectory inference based on
extracted features. In contrast, the proposed model utilizes
the supervised detection, motion and map features to per-
ceive the 3D spatial distributions of targets and minimizes
the semantic gap between different features through the 3D-
vision language pre-training module.
BEV-injected Visual Features. In the proposed GPVL,
three kinds of targets in the driving scene are introduced,
including foreground objects, agent motions and map ele-
ments. We first utilize the visual embedding layer to encode
Fdet ∈ RNd×dd , Fmotion ∈ RNo×do and Fmap ∈ RNm×dm

into the same channel dimension dc, where Nd, No and Nm
represent the numbers of bounding boxes, future trajectories
and map elements, while dd, do and dm denote the feature
dimensions of boxes, motions and maps, respectively. Then,
the transformer structure (Vaswani et al. 2017) is introduced
to establish compact interactions via long-range attention for
enhancing visual features. The whole function can be formu-
lated as

Vdet =VisAtt(Embed(Fdet)),
Vmotion =VisAtt(Embed(Fmotion)),

Vmap =VisAtt(Embed(Fmap)), (1)
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where Embed(·) means the feature embedding layer and
VisAtt(·) represents the visual attention block. Therefore,
Vdet ∈ RNd×dc , Vmotion ∈ RNo×dc and Vmap ∈ RNm×dc ,
where dc means the common channel dimension. Afterward-
s, the attentive detection, motion and map features are inte-
grated along the spatial-wise dimension to obtain the global
visual feature Vglobal ∈ R(Nd+No+Nm)×dc as

Vglobal = Cat[Vdet,Vmotion,Vmap], (2)

where Cat(·) denotes the concatenation operation.
Environmental Linguistic Features. In order to endow the
model with language awareness, a textual attention module
is presented by utilizing the BERT structure. This module
processes perception and planning labels, such as bounding
boxes, future trajectories and map elements, which are trans-
formed into driving-specific language prompts using prede-
fined templates. The descriptions related to detection, mo-
tion and map features are subsequently fed into the textual
attention block to generate corresponding linguistic repre-
sentations. Now, the entire procedure can be formulated as

Tdet=TxtAtt(Embed(Pd[Ldet])),

Tmotion=TxtAtt(Embed(Po[Lmotion])),

Tmap=TxtAtt(Embed(Pm[Lmap])), (3)

where Ldet, Lmotion and Lmap represent the ground-truth
labels of foreground objects, future motions and map ele-
ments, respectively. Pd, Po and Pm denote the template de-
scriptions of foreground objects, future motions and map el-
ements, respectively. TxtAtt(·) represents the BERT-based
textual attention block. Tdet ∈ RLd×dc , Tmotion ∈ RLo×dc

and Tmap ∈ RLm×dc , where Ld, Lo and Lm are sentence
lengths. Subsequently, these descriptive features are con-
catenated to form the global textual representation Tglobal ∈
R(Ld+Lo+Lm)×dc as

Tglobal = Cat[Tdet,Tmotion,Tmap]. (4)

Group-wise Alignment. In order to fully exploit the multi-
level associations between different features, a group-wise
alignment strategy is designed by using contrastive learn-
ing (Radford et al. 2021). Four types of 3D-vision lan-
guage (VL) alignment groups are considered, including
detection-related VL group, motion-related VL group, map-
related VL group and global VL group. For example, in a
batch of K training samples, the alignment function aims
to treat matched VL samples as positives and mismatched
VL samples as negatives. Given visual feature X and textual
feature T as inputs, the contrastive loss is defined as

Lalign(V,T) = − log
exp (s(Vi,Ti)/τ)∑K
j=1 exp (s(Vi,Tj)/τ)

− log
exp (s(Ti,Vi)/τ)∑K
j=1 exp (s(Ti,Vj)/τ)

,

(5)

where τ is a learnable temperature coefficient, and s(·, ·) is a
similarity function. The function s(·, ·) is obtained by com-
puting the similarity score between visual and textual fea-
tures processed by global average pooling. In this module,

a learnable weight is introduced to explore fine-grained re-
lations between different representations. For instance, the
similarity function of detection-related VL group can be for-
mulated as

s(Vdet,Tdet) =
1

2

Ld
max
j=1

(W1VdetTjdet)+

1

2

Nd
max
j=1

(W2TdetVjdet),
(6)

where W1 ∈ R1×Nd and W2 ∈ R1×Ld . Therefore, the total
group-wise alignment loss is defined as

Lga=Lalign(Vdet,Tdet)+Lalign(Vmotion,Tmotion)
+Lalign(Vmap,Tmap)+Lalign(Vglobal,Tglobal).

(7)

Planning via Cross-modal Language Model
The ego-agent dynamic interaction is an essential issue in
the autonomous driving system. Previous studies (Hu et al.
2023; Jiang et al. 2023) have attempted to introduce learn-
able queries to model ego-agent relations for the query fea-
ture of ego vehicle, and it is sent into a multi-layer per-
ceptron (MLP) to acquire expected future trajectories. Al-
though this strategy can present favorable performance on
the specific benchmark dataset, directly generating the tra-
jectory using MLP can lead to overfitting and have difficulty
in contextual relation inference among generated waypoints.
Facing these challenges, a cross-modal language model for
generative planning is developed to empower GPVL with
the capability to make the safe decision in a rational and ro-
bust manner.
Ego-agent Cross-modal Decoder. The proposed model for-
mulates a language prompt for the self-driving car’s cur-
rent status, which includes its high-level driving command
and location. The informative prompt is sent to the text em-
bedding layer to yield the initial linguistic representation of
the self-driving car. Meanwhile, as shown in Fig. 2, the de-
signed scene captioning model generates visual descriptions
(e.g., traffic lights, signs, crucial objects and weather). Sub-
sequently, the environmental visual feature Vglobal and the
prompt feature are fed into a language model to learn the
planning feature with rich driving scenario and navigation
information. The process can be formulated as

F = LM(Embed(Cap),Embed(Nav),Vglobal), (8)

where LM(·) denotes the pre-trained language model, Cap
is the 2D scene captioning, Nav means the high-level nav-
igation and its detailed template is “The box of ego-car is
[cx, cy, cz, cw, ch, cl]. It is currently {command} and can
not collide with other vehicles or the boundaries of the BEV
map. Please predict the trajectory for the next p timestamp-
s.” Eventually, F ∈ RN×dc is sent into the Linear (LeCun,
Bengio, and Hinton 2015) layer and the Softmax (Bishop
and Nasrabadi 2006) layer to yield the word vector as

p(wt|w1:t−1) = Softmax(Linear(F)), (9)

where p means the probability prediction of vocabulary.
Generative Planning. Similar to most visual captioning
tasks (Pan et al. 2020; Li et al. 2022b,c), a cross-entropy loss
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is introduced to output the trajectory in a language modeling
fashion. During training, each sample X is equipped with a
prompt captioning Gt as a reference, which includes high-
level command and future trajectory of ego vehicle, and the
loss function is expressed as

Lcap = −
T∑
t=1

log(pθ(wt|(Gt)1:t−1)), (10)

where θ represents all trainable parameters during training
and wt means the t-th predicted word.

Training Loss
The overall loss Lgpvl of the proposed GPVL comprises
three training components, including visual perception loss,
3D-vision language alignment loss and trajectory captioning
loss, which can be defined as

Lgpvl = Lvis + Lga + Lcap, (11)
where Lvis means the losses associated with visual down-
stream tasks, including 3D object detection, map construc-
tion and motion prediction.

Experiment
Dataset and Automatic Metric Evaluation
Dataset. Substantial experiments are conducted on the com-
plex public nuScenes (Caesar et al. 2020) dataset, which
comprises 1,000 traffic scenarios, and the duration of each
video is around 20 seconds. This dataset offers over 1.4
million 3D bounding boxes across 23 different object cat-
egories. The scene images are recorded by six cameras, and
the key frames are labeled 2 times per second.
Evaluation Metric. Two widely used objective metrics are
employed to comprehensively validate the planning result-
s, including displacement error and collision rate, which are
denoted as L2 and Collision for short in the following re-
sult presentation, respectively. In particular, L2 measures the
distance between predicted trajectory and ground-truth tra-
jectory, and Collision evaluates the frequency of collisions
that occur in real-world driving scenarios. Additionally, the
Latency and FPS metrics are introduced to evaluate the real-
time performance of models.

Implementation Details
The proposed model aims to predict the trajectory for the
future 3 seconds. The input image size is 1280 × 720.
GPVL utilizes ResNet50 (He et al. 2016) to extract the
multi-view image features. The numbers of BEV queries,
bounding boxes and map points are 200 × 200, 200 and
100 × 20, respectively. The feature dimension and hidden
size are 768 and 512, respectively. The model utilizes the
AdamW (Loshchilov and Hutter 2017) optimizer and weight
decay 0.01 in the training process. The learning rates in three
training stages are 2×10−4, 1×10−4 and 5×10−6, respec-
tively. The BERT (Devlin et al. 2019) structure is used by
3D-vision language pre-training and cross-modal language
model. As for testing, the size of greedy search is set to 1
to generate the trajectory caption. The proposed model is
trained on PyTorch framework with 8 NVIDIA RTX A6000
cards.

Comparison with State-of-the-art Methods
The proposed scheme is compared with 13 autonomous
driving methods, including 8 traditional non-autoregressive
methods and 5 LLM-injected autoregressive methods.

Quantitative Result Table 1 shows the statistical com-
parisons of the proposed GPVL with other state-of-the-art
methods. Generally, the statistical performance of GPVL is
obviously better than other approaches. Specifically, GPVL
obtains the lowest scores in L2 distance metrics and obvi-
ously reduces the planning displacement errors by 0.18m at
1s, 0.28m at 2s, 0.34m at 3s and 0.27m on average compared
to VAD, indicating the superior accuracy of trajectory pre-
diction. Moreover, GPVL exhibits the best performance in
most collision rate metrics, highlighting its exceptional safe-
ty and robustness in avoiding collisions. Compared to the
approaches that introduce auxiliary tasks or utilize LLMs,
the proposed method maintains comparable planning perfor-
mance and achieves a latency of 188.7 milliseconds and an
inference speed of 5.3 fps, presenting the potential for practi-
cal applications. According to the report of BEV-Planner (Li
et al. 2024), the proposed scheme excludes ego status infor-
mation to prevent shortcut learning.

Table 2 shows the evaluated L2 and Collision scores in
terms of turn left, turn right and go straight commands.
It is evident that GPVL significantly outperforms UniAD
and VAD across all metrics. In the nuScenes dataset, 87.7%
training and 88.2% validation samples consist of simple go
straight scenes. Therefore, UniAD and VAD are more prone
to overfitting and learning shortcuts on these samples, re-
sulting in poor performances in more complex turning sce-
narios. In contrast, the proposed method acquires favorable
results across all scenarios, demonstrating strong generaliza-
tion capabilities in diverse driving situations.

Qualitative Result The planning results generated by G-
PVL, compared to VAD and ground-truth, are illustrated in
Fig. 3. To provide a comprehensive understanding of driving
scenes, multi-view camera images are included and plan-
ning trajectories are visualized in the front camera image.
Generally, benefiting from the proposed 3D-vision language
pre-training module and cross-modal language model, the
designed model generates accurate and reasonable trajecto-
ries. For example, in the first scenario, where the ego vehicle
is instructed to go straight, the trajectory generated by G-
PVL guides the vehicle to safely navigate through the urban
road. Conversely, VAD’s trajectory has a collision risk with
the roadside. In the third scenario, the result of GPVL close-
ly matches the ground-truth, enabling the vehicle to safely
turn left at intersections. Nonetheless, the planning decision
of VAD is more aggressive, potentially leading to collision
with the oncoming vehicle.

Ablation Study
The ablation study in Table 3 systematically investigates
the contributions of the key components of GPVL on the
nuScenes dataset. Without the perception module, GPVL
struggles with detecting foreground objects, predicting mo-
tions and constructing maps, leading to higher L2 and Colli-
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Method L2 (m) ↓ Collision (%) ↓ Latency (ms)1s 2s 3s Avg. 1s 2s 3s Avg. FPS

Non-Autoregressive
NMP† (Zeng et al. 2019) - - 2.31 - - - 1.92 - - -
SA-NMP† (Zeng et al. 2019) - - 2.05 - - - 1.59 - - -
FF† (Hu et al. 2021) 0.55 1.20 2.54 1.43 0.06 0.17 1.07 0.43 - -
ST-P3 (Hu et al. 2022) 1.33 2.11 2.90 2.11 0.23 0.62 1.27 0.71 628.3 1.6
Ego-MLP (Zhai et al. 2023) 0.46 0.76 1.12 0.78 0.21 0.35 0.58 0.38 - -
UniAD (Hu et al. 2023) 0.48 0.96 1.65 1.03 0.05 0.17 0.71 0.31 555.6 1.8
VAD (Jiang et al. 2023) 0.41 0.70 1.05 0.72 0.07 0.17 0.41 0.22 224.3 4.5
BEV-Planner (Li et al. 2024) 0.30 0.52 0.83 0.55 0.10 0.37 1.30 0.59 - -

Autoregressive
LLaVA (Liu et al. 2023) 1.04 1.74 2.57 1.79 0.58 1.17 1.74 1.16 2532.5 0.4
Vicuna (Chiang et al. 2023) 1.06 1.80 2.54 1.80 0.60 1.21 1.78 1.20 2498.9 0.4
Merlin (Yu et al. 2023) 1.03 1.71 2.40 1.71 0.48 1.05 1.77 1.10 - -
Ominidrive (Wang et al. 2024) 0.40 0.80 1.32 0.84 0.04 0.46 2.32 0.94 - -
Atlas (Bai et al. 2024) 0.52 0.97 1.53 1.00 0.15 0.31 0.70 0.38 - -
GPVL 0.21 0.39 0.69 0.43 0.07 0.09 0.27 0.14 198.2 5.1

Table 1: Open-loop planning performance. GPVL achieves the highest score on most evaluation metrics on the
nuScenes (Caesar et al. 2020) val dataset . LiDAR-based methods are denoted with †. In open-loop evaluation, the ego sta-
tus information of GPVL is deactivated for a fair comparison.

Figure 3: Visualized comparison of the proposed GPVL, VAD and the ground-truth on the nuScenes dataset.

Methods Turn Left Turn Right Go Straight
1s 2s 3s Avg. 1s 2s 3s Avg. 1s 2s 3s Avg.

L
2 UniAD 0.37 0.62 0.95 0.65 0.42 0.77 1.23 0.80 0.46 0.70 1.03 0.73

VAD 0.49 0.83 1.24 0.85 0.49 0.88 1.34 0.90 0.40 0.67 1.02 0.70
GPVL 0.29 0.52 0.88 0.56 0.27 0.51 0.85 0.54 0.19 0.38 0.66 0.41

C
ol

. UniAD 0.15 0.35 0.75 0.42 0.09 0.93 1.06 0.69 0.10 0.15 0.55 0.27
VAD 0.13 0.21 0.68 0.34 0.18 0.85 1.19 0.74 0.12 0.14 0.31 0.19
GPVL 0.12 0.18 0.37 0.22 0.09 0.23 0.39 0.24 0.07 0.08 0.24 0.13

Table 2: Statistical results of L2 distance and collision rate (Col.) with turn left, turn right and go straight commands.
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ID Perc Cap VLP GA CLM L2 (m) ↓ Collision (%) ↓
1s 2s 3s Avg. 1s 2s 3s Avg.

1 - X X X X 0.99 1.27 1.88 1.38 0.41 0.72 1.13 0.75
2 X - X X X 0.25 0.43 0.76 0.48 0.10 0.12 0.34 0.19
3 X X - - X 0.49 0.75 1.12 0.79 0.25 0.33 0.57 0.38
4 X X X - X 0.36 0.59 0.91 0.62 0.16 0.24 0.48 0.29
5 X X X X - 0.30 0.54 0.85 0.56 0.11 0.17 0.39 0.22
6 X X X X X 0.21 0.39 0.69 0.43 0.07 0.09 0.27 0.14

Table 3: Ablation study of GPVL on nuScenes, where Perc, Cap, VLP, GA and CLM represent perception modules, captioning
model, 3D-vision language pre-training, group-wise alignment and cross-modal language model, respectively.

sion scores. Disabling the VLP and GA components signif-
icantly degrades performance, highlighting model’s strong
ability to bridge visual and linguistic understanding. The ab-
sence of GA results in obvious performance degradation, in-
dicating its importance in fine-grained feature association.
The exclusion of CLM increases L2 and Collision scores,
emphasizing its role in generating reasonable planning deci-
sions. Finally, as shown in the sixth row of Table 3, the in-
tegration of all modules yields the best performance, show-
casing the synergistic effect of the combined system.

Zero-shot Generalization

Methods L2 (m) ↓ Collision (%) ↓
1s 2s 3s Avg. 1s 2s 3s Avg.

G
ro

up
1 UniAD 0.49 0.91 1.66 1.02 0.25 0.44 0.93 0.54

VAD 0.44 0.78 1.19 0.80 0.22 0.34 0.69 0.41
GPVL 0.28 0.49 0.81 0.53 0.11 0.15 0.32 0.19

G
ro

up
2 UniAD 0.53 0.97 1.71 1.07 0.28 0.41 0.99 0.56

VAD 0.49 0.72 1.08 0.76 0.25 0.33 0.72 0.43
GPVL 0.31 0.55 0.84 0.57 0.09 0.17 0.33 0.20

Table 4: To evaluate the zero-shot performance on the new
city, the models are trained on Boston and tested on Singa-
pore in Group1, and the models are trained on Singapore and
tested on Boston in Group2.

Methods L2 (m) ↓ Collision (%) ↓
1s 2s 3s Avg. 1s 2s 3s Avg.

UniAD 0.59 1.12 1.89 1.20 0.21 0.39 0.92 0.51
VAD 0.48 0.77 1.15 0.80 0.19 0.31 0.53 0.34
GPVL 0.27 0.50 0.89 0.55 0.11 0.18 0.37 0.22

Table 5: To validate the robustness of models in unseen sce-
narios, four types of noise are introduced into test images,
including rain, fog, snow and darkness.

To validate the model’s generalization ability, we train and
test the models on datasets constructed from two different
urban environments (i.e., Boston and Singapore). Specifical-
ly, two groups of experiments are introduced: (1) training on
Boston and testing on Singapore, (2) training on Singapore
and testing on Boston. As shown in Table 4, the evaluated
scores of GPVL in both groups are obviously better than U-
niAD and VAD. Moreover, four kinds of noise (i.e., rain,

fog, snow and darkness) are introduced into test images to
validate the robustness of GPVL, as presented in Table 5,
these noise conditions have a significant negative impact on
UniAD and VAD, while they have a minor effect on GPVL.
Therefore, the outstanding performance of GPVL in various
real-world scenarios demonstrates its capacity to improve
the robustness and safety of autonomous driving system.

Conclusion
In this work, a novel generative planning with 3D-vision lan-
guage model is proposed for end-to-end autonomous driv-
ing. Specifically, the 3D-vision language pre-training mod-
ule is designed to integrate valuable textual information and
establish a rich 3D-vision language relation, where group-
wise alignment aims to exploit multi-level associations be-
tween different representations, facilitating a better under-
standing and reasoning of driving scenes. The cross-modal
language model is developed to serve as the generative en-
gine, which utilizes the aligned feature and navigation to
produce the future trajectory in an auto-regressive manner.
This generative style enables the model to make correct de-
cisions similar to natural language modeling. The proposed
GPVL constructs a unified framework that not only per-
forms reliable planning but also exhibits superior generaliza-
tion capacity across various driving scenarios. Extensive ex-
periments on the nuScenes dataset demonstrate that GPVL
significantly outperforms state-of-the-art methods. In future
works, the proposed GPVL is expected to promote the de-
velopment of safer and more reliable autonomous driving
technology.
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