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Abstract— Human drivers adeptly navigate complex scenar-
ios by utilizing rich attentional semantics, but the current
autonomous systems struggle to replicate this ability, as they
often lose critical semantic information when converting 2D
observations into 3D space. In this sense, it hinders their
effective deployment in dynamic and complex environments.
Leveraging the superior scene understanding and reasoning
abilities of Vision-Language Models (VLMs), we propose VLM-
E2E, a novel framework that uses the VLMs to enhance training
by providing attentional cues. Our method integrates textual
representations into Bird’s-Eye-View (BEV) features for seman-
tic supervision, which enables the model to learn richer feature
representations that explicitly capture the driver’s attentional
semantics. By focusing on attentional semantics, VLM-E2E bet-
ter aligns with human-like driving behavior, which is critical for
navigating dynamic and complex environments. Furthermore,
we introduce a BEV-Text learnable weighted fusion strategy to
address the issue of modality importance imbalance in fusing
multimodal information. This approach dynamically balances
the contributions of BEV and text features, ensuring that the
complementary information from visual and textual modalities
is effectively utilized. By explicitly addressing the imbalance
in multimodal fusion, our method facilitates a more holistic
and robust representation of driving environments. We evaluate
VLM-E2E on the nuScenes dataset and achieve significant
improvements in perception, prediction, and planning over
the baseline end-to-end model, showcasing the effectiveness of
our attention-enhanced BEV representation in enabling more
accurate and reliable autonomous driving tasks.

I. INTRODUCTION

Autonomous driving has witnessed remarkable progress
in recent years [1], [2], [3], with significant advancements
in key areas such as perception [4], motion prediction [5],
and planning [6]. These developments have laid a solid
foundation for achieving more accurate and safer driving de-
cisions. Among these, end-to-end (E2E) autonomous driving
has emerged as a transformative paradigm, leveraging large-
scale data to demonstrate impressive planning capabilities.
By directly mapping raw sensor inputs to driving actions,
E2E approaches bypass the need for handcrafted intermedi-
ate modules, enabling more flexible and scalable solutions.
However, Despite these advancements, traditional end-to-end
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Fig. 1. VLM-E2E augments the end-to-end driving model with seman-
tic textual descriptions during training. These descriptions extract driver
attention from VLMs to encourage the model to learn richer attentional
semantics.

autonomous driving approaches predominantly predict future
trajectories or control signals directly, without explicitly
considering the driver’s attention to critical information such
as traffic dynamics and navigation cues. E2E systems often
struggle in complex and ambiguous scenarios due to their
limited ability to reason about high-level semantics and
contextual cues, such as traffic rules, driver attention, and
dynamic interactions. In contrast, human drivers rely on an
attentional decision-making process, where attention to both
the surrounding traffic environment and navigation guidance
plays a critical role [7]. For instance, when approaching an
intersection, human drivers naturally prioritize traffic signals,
pedestrian movements, and lane markings, dynamically ad-
justing their focus based on the evolving scene.

This limitation has spurred the integration of Vision-
Language Models (VLMs) [8], [9] into autonomous driving
frameworks. Trained on vast multimodal datasets, VLMs
excel at tasks requiring high-level semantic reasoning, such
as interpreting complex scenes, predicting dynamic interac-
tions, and generating contextual descriptions. Their ability to
leverage commonsense knowledge makes them particularly
well-suited for addressing challenges in autonomous driving,
such as understanding traffic rules, identifying vulnerable
road users, and making safe decisions in ambiguous scenar-
ios. By generating text-based descriptions of critical driving
cues, VLMs can explicitly capture and prioritize regions
of interest that align with human driver attention. This
capability enables more human-like decision-making, partic-
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ularly in safety-critical scenarios where attentional focus is
paramount.

Motivated by these challenges, we propose VLM-E2E
(illustrated in Fig. 1), a novel framework designed to en-
hance autonomous driving systems by incorporating a deeper
understanding of driver attentional semantics. Our approach
addresses three key questions:

How to integrate VLMs with E2E models? While
most existing methods integrate VLMs with decision-making
modules [10] or other high-level components [11], leveraging
their semantic understanding capabilities to enhance deci-
sion processes, our approach introduces a novel integration
strategy. Instead of limiting VLMs to decision modules,
we combine them directly with the BEV module, which is
widely used to represent and process spatial information from
multiple perspectives in autonomous driving. By integrating
VLMs into the BEV module, we enable BEV representations
to incorporate both visual and textual features, resulting in
richer and more semantic-aware spatial understanding. This
integration allows the model to not only perceive geometric
structures but also reason about high-level driver attentional
semantics.

How to fuse vision and text representations? Existing
methods for fusing vision and text representations predom-
inantly rely on attention-based mechanisms [12], [13], such
as cross-attention or co-attention modules, to align and en-
hance interactions between modalities. While effective, these
approaches often rely on predefined attention mechanisms
that lack flexibility in adapting to varying task requirements
and are time and memory-consuming. To address this issue,
we propose a BEV-Text learnable weighted fusion strategy,
where the importance of each modality is dynamically deter-
mined through a learnable weight mechanism. This approach
allows the model to adaptively emphasize visual or textual
features based on their relevance to the task, leading to a
more robust and context-aware multimodal representation.
For instance, in scenarios requiring precise localization such
as lane keeping, the model can prioritize BEV features,
while in scenarios requiring high-level reasoning, such as
red lights, it can emphasize text features.

How to represent driver attentional environment? To
effectively model a driver-attentional environment, we pro-
pose a multimodal framework that leverages vision-language
representations. First, we utilize front-view images captured
from the driving scene as input to BLIP-2 [14] to generate
initial textual descriptions of the environment. These de-
scriptions provide a semantic understanding of key objects
and events within the driver’s vision scope. To address the
hallucination problem of VLMs, we further refine these
textual representations using ground truth annotations and
high-level maneuvering intentions. This refinement ensures
that the generated text is not only accurate but also contex-
tually aligned with the driving task. Finally, the refined text
is encoded into a dense representation using a pre-trained
CLIP [15] model, which aligns the textual information with
visual features in a shared embedding space. This textual
representation enables the model to capture driver attentional

cues, such as focusing on pedestrians near crosswalks or
traffic signals at intersections, leading to more human-like
decision-making and better safety performance. The key
contributions of this work can be summarized as follows:

o We propose VLM-E2E, a novel framework that lever-
ages VLMs to enrich the training process with atten-
tional understanding. By integrating semantic and con-
textual information, VLM-E2E explicitly captures driver
attentional semantics, which enables more human-like
decision-making in complex driving scenarios.

o We introduce a BEV-Text learnable weighted fusion
strategy that dynamically balances the contributions
of BEV and textual modalities. This adaptive fusion
mechanism is computationally efficient, which requires
minimal additional overhead while significantly enhanc-
ing the model’s adaptability and robustness.

e To address the hallucination problem of VLMs, we
incorporate semantic refinement of textual annota-
tions generated from front-view images. By leveraging
ground truth (GT) labels and high-level maneuvering
intentions, we ensure that the textual representations are
both accurate and highly relevant to the driving task,
enhancing the model’s ability to reason about critical
driving cues.

« Extensive experiments on the nuScenes dataset demon-
strate the superiority of VLM-E2E over existing meth-
ods. Our framework achieves significant improvements
in handling complex driving scenarios, showcasing its
ability to integrate geometric precision with high-level
semantic reasoning for safer and more reliable au-
tonomous driving.

II. RELATED WORK
A. End-to-End Autonomous Driving

Recent advances in end-to-end autonomous driving sys-
tems have established vision-based frameworks like ST-P3
[16] and UniAD [2], which unify perception, prediction,
and planning for improved scene understanding. Follow-up
works such as VAD [1] and VADv2 [17] further enhanced
dynamic environment handling through vectorized scene
representations. Subsequent innovations like Ego-MLP [18]
and BEV-Planner [19] introduce modular designs focusing
on ego-state modeling and environment interactions.

B. Vision Language Models in Autonomous Driving

VLMs have gained traction in autonomous driving for their
ability to enhance reasoning and interpretability in end-to-
end systems. Recent studies demonstrate diverse integration
approaches. For instance, Drive-with-LLMs [20] processes
perception data via transformers for trajectory prediction,
while DriveGPT4 [21] generates control signals with natural
language explanations. Frameworks like DriveMLM [22] and
ELM [23] validate VLM-based planning through simulation
and cross-domain pretraining.

Specialized datasets [24], [25] and hybrid systems such
as DriveVLM [26], which refines VLM outputs into precise
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Fig. 2.

We present VLM-E2E, a driver attention enhanced end-to-end vision-based framework. VLM-E2E consists of three modules: VLM-based Text

Annotation Generation, Text Interaction Guidance Module, and Vision-based End-to-end Model.

trajectories, and VLM-AD [10] and Senna [27], which sim-
plify decision-making through text-based planning, highlight
the field’s advancements. However, existing methods rarely
address the design of driving-specific textual semantics,
particularly those capturing driver-attentional cues essential
for human-like situational awareness. Our work bridges this
gap by integrating attentional textual prompts to prioritize
safety-critical scenarios.

III. METHODOLOGY

In this section, we provide a detailed introduction to VLM-
E2E, as illustrated in Fig. 2. The input scene information
includes multi-view image sequences, GT, maneuvering, and
user prompts. The front-view image, maneuvering, and user
prompts are fed into the VLM-based Text Annotation Gener-
ation module to generate descriptive text annotations, while
the multi-view images are processed by the visual encoding
layer to produce BEV features. These text annotations are
then passed to the Text Interaction Guidance Module, where
they are encoded into text features using a pre-trained CLIP
model. Subsequently, the BEV and text features are fused
to support downstream tasks such as perception, prediction,
and decision-making. In Section III-A, we introduce the
design of VLM-based Text Annotation Generation in detail.
Sections III-B and III-C focus on the design of the Text
Interaction Guidance Module and Vision-based End-to-End
Architecture, respectively.

A. VLM-based Text Annotation Generation

1) Text Annotation: Fig. 2 depicts the proposed pipeline
for extracting driver attentional information from visual
inputs, leveraging the reasoning capabilities of a pre-trained

VLM. The semantic annotation extraction process can be
formulated as follows:

T = BLIP(P, Ifront) (1)

where BLZP5(-) denotes the visual language model BLIP-2,
P represents the task-specific prompts, I on: is the visual
input from the ego vehicle’s front camera, and 7' is the gen-
erated textual description providing detailed environment-
related information. The goal of this process is to utilize
task-specific prompts alongside real-time visual inputs to
extract actionable and attentional information from BLIP-2.
This approach not only emphasizes critical elements such as
pedestrians, traffic signals, and dynamic obstacles but also
filters out irrelevant scene details, ensuring that the outputs
directly support driving decisions.

In our work, we employ a state-of-the-art vision language
model BLIP-2 [14], capable of performing complex reason-
ing over visual contexts, to generate precise and contextually
relevant descriptions. The model interprets visual scenarios
guided by prompts and outputs textual descriptions. This
method enhances the dataset’s richness by providing driver
attentional annotations, thereby improving the understand-
ing and decision-making capabilities of downstream driving
models.

We encountered a challenge in determining the visual in-
put. That is, selecting the right images from multiple cameras
that can cover 360 degrees of the ego vehicle. Considering
that we want to capture the driver’s attentional semantics
when driving, the front view images usually contain the most
relevant information required for most driving tasks. All-
view images contain more distracting information that affects
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the system’s decision-making, so we choose to use only the
front-view images to extract the attentional information. In
addition, considering that the ego vehicle and its surround-
ings are in dynamic motion and the hallucination problem
inherent in large models, we use the GT and maneuvering to
refine the annotations of dynamic objects, inspired by [28].

B. Text Interaction Guidance Module

The driver’s attentional text descriptions preserve rich vi-
sual semantic cues. It is complementary to the BEV features
that mainly represent the 3D geometric information. Hence,
BEV-Text fusion is proposed for comprehensive scene un-
derstanding from the BEV perspective.

1) Text Encoder: Given a text input 7' that provides
semantic features to guide the BEV-Text fusion network
toward achieving a specified fusion result, the text encoder
and embedding within the text interaction guidance archi-
tecture are responsible for transforming this input into a
text embedding. Among various VLMs, we adopt CLIP
[15] due to its lightweight architecture and efficient text
feature extraction capabilities. Compared to other VLMs,
CLIP is computationally less demanding and produces text
embeddings with relatively small text tokens of 77, which
significantly enhances the efficiency of subsequent BEV-Text
feature fusion. We freeze the text encoder from CLIP to pre-
serve its consistency and leverage its pretrained knowledge.
This process can be formally expressed as:

fi = CLIP.(T) )

where CLZP € RV*L denotes the CLIP model with wights
frozen. f; is the text semantic representations.

In different but semantically similar texts, the extracted
features should be close in the reduced Euclidean space.
Furthermore, we use the MLP an to mine this connection
and further map the text semantic information and the
semantic parameters. Therefore, it can be obtained:

'Ym:Frh(ft)aﬁm:ng(ft) 3

where F}, and F?2 are the chunk operations to form the text
semantic parameters.

As depicted in Fig. 2, in the text interaction guidance mod-
ule, textual parameters interact through feature interaction
and BEV features s;, to obtain the effect of guidance. The
feature modulation consists of scale scaling and bias control,
which adjust the features from two perspectives, respectively.
In particular, a residual connection is used to reduce the
difficulty of network fitting, inspired by [29]. For simplicity,
it can be described as:

2t =14+ vm) © s+ O, 4

where ® denotes the Hadamard product. x; denotes the fused
BEV feature, and s; denotes the BEV feature defined in
Section III-C.1.

C. Vision-based End-to-End Model

1) Spatial Temporal BEV Perception: In our framework,
the BEV representation is constructed from multi-camera
images. The input multi-camera images {I},---,I'},n =
6 at time ¢ are first passed through a shared backbone
network, EfficientNet-b4 [30], to extract high-dimensional
feature maps. For each camera image k at time ¢, we get
its encoder features ef € RE*HexWe and depth estimation
dy € RP*HexWe with C denotes the number of feature
channels, D is the number of discrete depth values and
(H.,W,) depicts the spatial feature size. Implicit depth
estimation is applied to infer the depth information for each
pixel, enabling the construction of a 3D feature volume.
Since the depth values are estimated, we take the outer
product of the features with the depth estimation.

e =clod (5)

where éf € REXDxHexWe Then, to transform the 2D
perspective features into a 3D space, we employ a fea-
ture lifting module. This module uses camera intrinsic and
extrinsic parameters to project the 2D features into a 3D
voxel space. The 3D feature volume is then collapsed into
a 2D BEV representation by aggregating features along the
vertical axis to form the BEV view features b; € RC*HxW
with (H,W) denoting the spatial size of BEV feature.
This is achieved through attention-based aggregation, which
preserves the most salient features while maintaining spatial
consistency. The resulting BEV map provides a top-down
view of the scene, encapsulating both geometric and semantic
information.

In addition to the BEV construction pipeline described
above, we further incorporate temporal modeling to enhance
the dynamic understanding of the scene. Specifically, given
the current timestamp ¢ and its h historical BEV features
{bt—py-+-,bs—1,b:}, we first align the historical features
to the current frame’s coordinate system using a temporal
alignment module. This process leverages the relative trans-
formation and rotation matrix M;_;,,; € R*** between
adjacent frames. The past BEV feature b,_; is then spatially
transformed as:

bi—i = W(bi—i, My—is),

where W(-) denotes the pose-based BEV feature warping
operation, and b represents the aligned historical features.
Subsequently, the aligned BEV features from the h frames
are concatenated to form the spatiotemporal input b =
[be—p, - bi1,by] € RPXCXHXW To capture long-term
dependencies in dynamic scenes, we use a spatiotemporal
transformer module Fj.

s5t=Fy(by_p, -, b—1,01) @)

where s; € RPXCXHXW i the spatiotemporally fused BEV
feature. Fs is a spatiotemporal convolutional unit with cross-
frame self-attention. Our spatial-temporal BEV representa-
tion explicitly models the static and dynamic evolution of the
scene, enabling the BEV representation to encode geometric
structures and temporal continuity simultaneously.

i=1,2 (6)
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D. Attention Guided Future Planning

The primary objective of the proposed motion planning
is to generate trajectories that ensure safety, comfort, and
efficient progress toward the goal. To achieve this, we
employ a motion planner. The planner generates a set of
kinematically feasible trajectories, each of which is evaluated
using a learned scoring function, inspired by [31], [32], [33],
[16].

To ensure real-time performance, the set of sampled
trajectories must remain sufficiently small. However, this
set must also represent various possible maneuvers and
actions to avoid encroaching obstacles. To strike this balance,
we employ a sampling strategy that is aware of the lane
structure, ensuring that the sampled trajectories effectively
capture a diverse range of driving behaviors while remaining
computationally feasible.

In particular, we follow the trajectory sampling method
proposed in [34], [35], where trajectories are generated
by combining longitudinal motion with lateral deviations
relative to specific lanes, such as the current SDV lane or
adjacent lanes. This approach allows the planner to sample
trajectories that adhere to lane-based driving principles while
incorporating variations in lateral motion. These variations
enable the motion planner to handle a wide array of traffic
scenarios.

To ensure the planned trajectory adheres to driver attention
on traffic regulations and routes, we utilize a temporal
refinement module that dynamically integrates traffic regu-
lations. Leveraging front-view camera features ey, from
the encoder, we initialize a GRU-based refinement network
to iteratively adjust the initially selected trajectory. The front-
view features explicitly encode traffic regulations semantics,
enabling the model to halt at red lights or proceed through
green signals. The recurrent architecture ensures smooth
transitions between trajectory points, mitigating abrupt steer-
ing or acceleration changes.

1V. EXPERIMENTS
A. Experimental Settings

Dataset. We evaluate our method on the nuScenes dataset
[36], a large-scale autonomous driving benchmark compris-
ing 1,000 diverse driving scenes, each spanning 20 seconds
with annotations provided at 2Hz. The dataset features a
360° multi-camera rig comprising six synchronized cameras
with minimal field-of-view overlap. Precise camera intrinsic
and extrinsic are provided for each frame to ensure accurate
spatial alignment.

All labels are transformed into the ego vehicle’s reference
frame using GT future ego-motion, ensuring temporal consis-
tency across frames. Besides, maneuvering is used to correct
annotations from VLMs.

Implementation Details. Our framework processes 1 second
of historical sensor data, equivalent to 3 frames at 2Hz,
to predict trajectories over a 3s horizon spanning 6 fu-
ture frames. Inputs include synchronized multi-camera RGB
streams with 224 x 480 pixel resolution and BEV grid maps

TABLE I
PERCEPTION RESULTS. WE REPORT THE SEMANTIC SEGMENTATION IoU

(%) IN BEV.

Method \ Drivable Area  Lane  Vehicle Pedestrian
VED [37] 60.82 16.74 23.28 11.93
VPN [38] 65.97 17.05 28.17 10.26
PON [39] 63.05 17.19 27.91 13.93

Lift-Splat [40] 72.23 19.98 31.22 15.02
IVMP [41] 74.70 20.94 34.03 17.38
FIERY [42] 71.97 33.58 38.00 17.15
ST-P3 [16] 74.38 38.47 38.79 14.06
VLM-E2E \ 74.69 39.33 39.08 17.49

TABLE 11

PREDICTION RESULTS. WE REPORT THE SEMANTIC AND INSTANCE
SEGMENTATIONS IN BEV FOR 2S IN THE FUTURE.

Method | IoUT PQT SQT RQ7T
FIERY [42] | 36.20 27.80 - N
ST-P3 [16] | 36.89 29.10 69.77 41.71
VLM-E2E | 3854 29.83 69.56 42.88

covering a 100mx100m area at 0.5m per pixel resolution.
Training employs the Adam optimizer with a learning rate
of 2.0 x 1073 for 20 epochs, using mixed precision on 4
NVIDIA A6000 GPUs and a batch size of 6.

TABLE III
PLANNING RESULTS. WE REPORT THE L2 (M) AND COLLISION RATE
CR (%) ACROSS 1s, 2s, 3s.

L2 (m) | CR (%) |
Method Is 2s 3s Avg. Is 2s 3s Avg.
Vanilla [43] 050 125 280 152 | 0.68 098 276 1.47
NMP [44] 061 144 318 174 | 066 090 234 130
Freespace [6] | 0.56 1.27 3.08 1.64 | 065 086 1.64 1.05

ST-P3 [16] 1.33 211 290 211 | 023 062 127 0.71
UniAD [2] 048 09 165 103 | 005 0.17 0.71 0.31
VAD [1] 054 115 198 122 | 004 039 117 053

GenAD [45] | 028 049 0.78 052 | 0.08 0.14 034 0.19
Senna [27] 037 054 086 059 | 0.09 012 033 0.18
VLM-E2E 028 050 080 053 | 0.01 006 020 0.09

B. Quantitative Results

Perception. Table I presents the perception performance of
various methods across four key categories: Drivable Area,
Lane, Vehicle, and Pedestrian. Our proposed VLM-E2E
model demonstrates significant improvements over existing
approaches, achieving the best results in three out of four
categories. Specifically, VLM-E2E outperforms ST-P3 in
lane detection with a 2.24% relative improvement, vehicle
detection with an 0.75% increase, and Pedestrian detection
with a 24.40% boost on the nuScenes validation set. While
IVMP achieves the highest score in drivable area detection,
VLM-E2E closely follows with a score of 74.69, demon-
strating preserved geometric reasoning in BEV space. These
results demonstrate that integrating driver-attentional features
enhances critical perception tasks without compromising
foundational scene understanding.

Prediction. Table II presents the prediction performance
of various methods on the task of semantic and instance
segmentations in BEV for a future horizon of 2.0 seconds.
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Fig. 3. Qualitative analysis on prediction. (a) shows the multi-view input images. (b) shows the heatmap (blue to red) which illustrates the probability
distribution of instance centers within the scene, with warmer colors indicating higher confidence regions. (c) represents the vehicles’ segmentation,
which effectively distinguishes individual instances in the complex traffic scenario. (d) reveals the directional vectors pointing towards the corresponding
instance centers for each pixel, demonstrating the model’s understanding of spatial relationships. (e) exhibits consistency within each instance, reflecting

the characteristic rigid-body motion of vehicles.

TABLE IV
ABLATIONS OF TEXT ENCODERS. WE REPORT THE SEMANTIC
SEGMENTATION IoU (%) IN BEV.

Method | Drivable Area  Lane  Vehicle Pedestrian
Bert 73.44 38.19 38.53 15.90
CLIP 74.69 39.33 39.08 17.49

We evaluate the methods using IoU, PQ, SQ, and RQ. VLM-
E2E achieves the best performance across IoU, Panoptic
Quality (PQ), Segmentation Quality (SQ), and Recognition
Quality (RQ). Specifically, VLM-E2E attains an IoU of
38.54, representing a 4.47% improvement over ST-P3. In
terms of PQ, VLM-E2E achieves a PQ of 29.83, demonstrat-
ing superior instance segmentation capabilities compared to
ST-P3 and FIERY. These results highlight the effectiveness
of VLM-E2E in capturing both semantic and instance-level
information in dynamic driving scenarios.

Planning. As shown in Table III, our VLM-E2E achieves the
best overall performance among all methods. It achieves the
lowest average L2 error, 0.53 m, and substantially reduces the
collision rate to 0.09%. Compared to previous state-of-the-art
approaches, such as GenAD, which achieves 0.52 meters and
0.19 percent, and Senna, which reaches 0.59 m and 0.18%,
VLM-E2E delivers notable improvements in both trajectory
accuracy and safety. Moreover, the gains over traditional
baselines like Vanilla and NMP are even more significant.
These results clearly demonstrate the effectiveness of incor-
porating VLM-guided attention into end-to-end autonomous
driving frameworks.

C. Qualitative Analysis

Fig. 3 demonstrates the generated outputs, including in-
stance segmentation, instance center, instance offset, and fu-

TABLE V
ABLATIONS OF INPUT TEXT VIEWS. WE REPORT THE SEMANTIC
SEGMENTATION IoU (%) IN BEV.

Text View Drivable Area  Lane  Vehicle  Pedestrian
All View 73.50 37.98 38.79 17.51
Front View 74.69 39.33 39.08 17.49

ture flow. Fig. 3(b) features a heatmap highlighting detected
objects, while Fig. 3(c) displays the instance segmentation
results, where each segment is color-coded to represent
different objects. The offset is a vector pointing to the
center of the instance in Fig. 3(d). The future flow Fig.
3(e) is a displacement vector field of the dynamic agents.
These visualizations enhance the understanding of spatial
relationships and the distribution of elements within the
environment, underscoring the model’s capability to accu-
rately perceive and segment critical features essential for
autonomous driving applications

Fig. 4 illustrates examples of planning scenarios. In the
upper scene, the model accurately predicts the route when
provided with turning instructions, effectively navigating
through crowded environments in a manner similar to human
demonstrations. The bottom scene demonstrates the model’s
predictions when instructed to proceed straight at an in-
tersection, further highlighting its ability to handle diverse
driving scenarios with precision. These examples emphasize
the model’s advanced planning capabilities in complex and
dynamic environments.

D. Ablation Study

Text Encoder. Table IV compares the performance of
text encoders, Bert [46] and CLIP, across four detection
categories. Bert shows a consistent performance decline, with
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decreases of 1.67%, 2.90%, 1.41%, and 9.09%, respectively,
highlighting its limitations in perception tasks. In contrast,
CLIP demonstrates superior capability in encoding textual
annotations, achieving higher accuracy across all categories.
The results validate that CLIP’s joint embedding space
effectively mitigates modality gaps between text annotations
and BEV representations.

Input Text View. Table V evaluates the impact of text view
selection on BEV semantic segmentation performance. When
transitioning from all view to front view text inputs, we
observe performance improvements of 1.62% for drivable
area, 3.55% for lane, and 0.75% for vehicle, respectively.
This improvement primarily stems from eliminating inter-
ference caused by redundant textual context in all views,
where excessive multi-view descriptions introduce semantic
noise that distracts the model from task-critical features. The
results validate our design choice to adopt the front view as
the default configuration, as it optimally balances semantic
specificity and noise suppression for scene understanding
tasks.

V. CONCLUSION

We propose VLM-E2E, an E2E autonomous driving
framework that leverages VLMs to enhance driver-attentional
semantic understanding. We introduce a BEV-Text learnable
weighted fusion strategy balancing geometric-semantic fea-
tures to address modality imbalance and semantic under-
utilization in existing systems, along with a spatiotempo-
ral coherence mechanism for temporal consistency, and an
attention-guided trajectory refinement for probabilistic pre-

diction. Future work will extend integration with advanced
E2E architectures for improved generalization.
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