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Abstract— Current autonomous driving vehicles rely mainly
on their individual sensors to understand surrounding scenes
and plan for future trajectories, which can be unreliable
when the sensors are malfunctioning or occluded. To address
this problem, cooperative perception methods via vehicle-to-
vehicle (V2V) communication have been proposed, but they
have tended to focus on perception tasks like detection or
tracking. How those approaches contribute to overall coop-
erative planning performance is still under-explored. Inspired
by recent progress using Large Language Models (LLMs)
to build autonomous driving systems, we propose a novel
problem setting that integrates a Multimodal LLM into cooper-
ative autonomous driving, with the proposed Vehicle-to-Vehicle
Question-Answering (V2V-QA) dataset and benchmark. We
also propose our baseline method Vehicle-to-Vehicle Multimodal
Large Language Model (V2V-LLM), which uses an LLM
to fuse perception information from multiple connected au-
tonomous vehicles (CAVs) and answer various types of driving-
related questions: grounding, notable object identification, and
planning. Experimental results show that our proposed V2V-
LLM can be a promising unified model architecture for per-
forming various tasks in cooperative autonomous driving, and
outperforms other baseline methods that use different fusion
approaches. Our work also creates a new research direction that
can improve the safety of future autonomous driving systems.
Our code and dataset are released to facilitate open-source
research at https://eddyhkchiu.github.io/v2vllm.github.io/.

I. INTRODUCTION

Autonomous driving technology has advanced signifi-
cantly due to the evolution of deep learning algorithms,
and the release of large-scale real-world driving datasets and
benchmarks [1]-[3]. However, the perception and planning
systems of autonomous vehicles in daily operation rely
mainly on their local LiDAR sensors and cameras to detect
notable nearby objects and plan for future trajectories. This
approach may encounter safety-critical problems when the
sensors are occluded by nearby large objects.

To address this safety-critical issue, recent research pro-
poses cooperative perception algorithms [4]-[9] via vehicle-
to-vehicle (V2V) communication. In cooperative driving
scenarios, multiple Connected Autonomous Vehicles (CAVs)
driving nearby to each other share their perception infor-
mation via V2V communication. The received perception
data from multiple CAVs is then fused to generate better
overall detection or tracking results. A number of coop-
erative autonomous driving datasets have been released to
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A: Thereis a car at [x,, y,] at the planned trajectory,
with other cars at [x,, y,] and [x,, y,] in of you.
The suggested future trajectory is [(X,, Y 1.

Q: What should | be aware of in of
me and along my planned trajectory?
Any other suggest jecto

Fig. 1: Overview of our problem setting of LLM-based coop-
erative autonomous driving. All CAVs share their perception
information with the LLM. Any CAV can ask the LLM a
question to obtain useful information for driving safety.

the public, including simulated ones [5], [6], [10], [11] and
real ones [12]-[15]. These datasets also establish bench-
marks to evaluate the performance of cooperative perception
algorithms. However, to date, cooperative driving research
and datasets have mostly focused on perception tasks. How
these state-of-the-art cooperative perception models can be
connected with the downstream planning models to generate
good cooperative planning results is still under-explored.

Other recent research has attempted to use LLM-based
methods to build end-to-end perception and planning algo-
rithms for an individual autonomous vehicle [16]-[21] due
to their common-sense reasoning and generalization ability
from large-scale pre-trained data. These LLM-based models
encode the raw sensor inputs and answer driving-related
perception and planning questions. These approaches have
shown some promise but have not yet explored the benefits
of cooperative perception and planning.

In this paper, we propose and explore a novel problem
setting wherein LLM-based methods are used to build end-
to-end perception and planning algorithms for Cooperative
Autonomous Driving, as illustrated in Figure 1. In this
problem setting, we assume that there are multiple CAVs
and a centralized LLM computing node. All CAVs share
their individual perception information with the LLM. Any
CAV can ask the LLM a question in natural language to
obtain useful information for driving safety. To enable the
study of this problem setting, we first create the Vehicle-to-
Vehicle Question-Answering (V2V-QA) dataset, built upon
the V2V4Real [12] and V2X-Real [13] cooperative percep-
tion datasets for autonomous driving. Our V2V-QA includes
grounding , notable object identification , and planning
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TABLE I: Comparison between our V2V-QA and recent related Autonomous Driving (AD) datasets.

Dataset Publication  # CAVs RSU  Sim/Real  # Frames # QA  # QA/frame  Point Cloud Planning
Cooperative perception in AD

OPV2V [5] ICRA 2022 2-7 - Sim 11K - v

V2X-Sim [10] RA-L 2022 2-5 v Sim 10K - v

V2XSet [6] ECCV 2022 2-5 v Sim 11K - v

DAIR-V2X [14] CVPR 2022 1 v Real 71K - v

V2V4Real [12] CVPR 2023 2 - Real 20K - v
TUMTrafV2X [15] CVPR 2024 1 v Real 2K - v

V2X-Real [13] ECCV 2024 2 v Real 33K - v

LLM-based AD

NuScenes-QA [22] AAAI 2024 Real 34K 460K 13.5 v

Lingo-QA [23] ECCV 2024 Real 28K 420K 15.3 v
DrivelLM [16] ECCV 2024 Sim+Real 69K 2M 29.1 v
TOKEN [19] CoRL 2024 Real 28K 434K 15.5 v
OmniDrive [18] CVPR 2025 - - Real 34K 450K 13.2 v
V2V-QA (Ours) - 2 v Real 48K  1.45M 30.2 v v

question-answer pairs. There are several differences between
our novel problem setting and other existing LLM-based
driving research [16], [18], [19], [22], [23]. First, our LLM
can fuse multiple perception information from different
CAVs and provide answers to different questions from any
CAV, rather than just serving a single self-driving car. Sec-
ond, our grounding questions are specially designed to focus
on the potential occluded regions of each individual CAV.
More differences between our V2V-QA and other related
datasets are summarized in Table L.

To establish a benchmark for the V2V-QA dataset, we
first propose a strong baseline method: Vehicle-to-Vehicle
Multimodal Large Language Model (V2V-LLM) for co-
operative autonomous driving, as illustrated in Figure 3. Each
CAV extracts its own perception features and shares them
with V2V-LLM. The V2V-LLM fuses the scene-level feature
maps and object-level feature vectors, and then performs
vision and language understanding to provide the answer
to the input driving-related questions in V2V-QA. We also
compare V2V-LLM with other baselines corresponding to
different feature fusion methods: no fusion, early fusion, and
intermediate fusion [5]-[7], [12], [13]. The results show that
V2V-LLM achieves better performance in the grounding,
notable object identification, and planning tasks for the
cooperative autonomous driving scenarios in general.

Our contribution can be summarized as follows:

o We create and introduce the V2V-QA dataset to support
the development and evaluation of LLM-based ap-
proaches to end-to-end cooperative autonomous driving.
V2V-QA includes grounding, notable object identifica-
tion, and planning question-answering tasks.

o We propose a baseline method V2V-LLM for coopera-
tive autonomous driving to provide an initial benchmark
for V2V-QA. This method fuses scene-level and object-
level features provided by multiple CAVs, and answers
different CAV’s driving-related questions.

e We create a benchmark for V2V-QA and show that
V2V-LLM outperforms other baselines on the ground-
ing, notable object identification, and planning tasks in
general, indicating the potential of V2V-LLM to be a
foundation model for cooperative autonomous driving.

II. RELATED WORK
A. Cooperative Perception in Autonomous Driving

Cooperative perception [24] algorithms were proposed
to address the potential occlusion problem in individual
autonomous vehicles. Pioneering work F-Cooper [4] pro-
poses the first intermediate fusion approach that merges
feature maps to achieve good cooperative detection perfor-
mance. More recent work, AttFuse [5], V2X-ViT [6], and
CoBEVT [7] integrate attention-based models to aggregate
features for cooperative detection and tracking.

From a dataset perspective [25], [26], simulation datasets
OPV2V [5], V2X-Sim [10], and V2XSet [6] were first
generated for cooperative perception research. More recently,
real datasets have been collected. V2V4Real [12] is the first
worldwide available real vehicle-to-vehicle cooperative per-
ception dataset with perception benchmarks. V2X-Real [13],
DAIR-V2X [14], and TUMTraf-V2X [15] further include
sensor data from roadside infrastructures.

Different from this group of research, our problem setting
and proposed dataset include both perception and planning
question-answering tasks for multiple CAVs. Our proposed
V2V-LLM also adopts a novel LLM-based fusion approach.

B. LLM-based Autonomous Driving

Language-based planning models [27]-[29] and more
recent Multimodal Large Language Model (MLLM)-based
approaches [16]-[19], [30] encode the driving scene and ego-
vehicle’s state into text and visual features and use them
as input to the LLM. Then the LLM generates text output
including the suggested action or future trajectory.

From a dataset perspective, several LLM-based au-
tonomous driving datasets have been built on top of existing
autonomous driving datasets. For example, NuPrompt [31],
NuScenes-QA [22], and Nulnstruct [32] create captioning,
perception, prediction, and planning QA pairs based on the
NuScenes [2] dataset. DriveLM [16] adopts real data from
NuScenes [2] and simulated data from CARLA [33] to have
larger-scale and more diverse driving QAs.

Different from those LLM-based driving research that only
supports individual autonomous vehicles, our problem setting
and proposed V2V-QA dataset are designed for cooperative
driving with multiple CAVs.
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Q1: Grounding at a reference location

Q: Is there anything at the location [x1, y1]?
A: Yes, there is a car .... Its center location is [x

Q2: Grounding behind a reference object at a location

Q: Is there anything behind the object at [x1, y1]?
A: Yes, there is a car ..... Its center location is

Q3: Grounding behind a reference object in a direction
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Q: Is there anything behind the object?
A: Yes, there is a car .... Its center location is

(a) QI1: Grounding at a reference location.
at a location.

(b) Q2: Grounding behind a reference object

(¢) Q3: Grounding behind a reference object
in a direction.

Q4: Notable Object Identification

Q:l am

. Is there anything | need to be aware of if
my planned future trajectory is [(x1, y1), ...]]?
A: Yes, there are cars at .

Q5: Planning
Detected
Object E
*~<L _

D S

"“qm

Q: | am CAV.. What is the suggested future trajectory ...?
A: The suggested future trajectory is [(x1, y 1.

(d) Q4: Notable object identification.

(e) Q5: Planning.

Fig. 2: Illustration of V2V-QA’s 5 types of QA pairs. The arrows pointing at LLM indicate the perception data from CAVs.

III. V2V-QA DATASET

To enable the research in our proposed novel problem
setting: LLM-based cooperative autonomous driving, we
create the Vehicle-to-Vehicle Question-Answering (V2V-
QA) dataset to benchmark different models’ performance on
fusing perception information and answering safety-critical
driving-related questions.

A. Problem Setting

Our proposed V2V cooperative autonomous driving with
LLM problem is illustrated in Figure 1. In this setting, we
assume there are multiple Connected Autonomous Vehicles
(CAVs) and a centralized LLM computing node. All CAVs
share their individual perception information, such as scene-
level or object-level features, with the centralized LLM. Any
CAV can ask the LLM a question in natural language to
obtain information for driving safety. The LLM aggregates
the received perception information from multiple CAVs and
provides a natural language answer to the CAV’s question. In
this research, the questions and answers include grounding
(Q1-3), notable object identification (Q4), and planning
(Q5), as illustrated in Figure 2.

B. Dataset Details

Our V2V-QA dataset contains two splits: V2V-split and
V2X-split, which are built on top of V2V4Real [12] and
V2X-Real [13] datasets, respectively. These base datasets are
collected by driving two vehicles with LiDAR sensors simul-
taneously near to each other. These datasets also includes 3D
bounding box annotations for other objects in the driving
scenes. In V2V4Real [12], the training set has 32 driving
sequences and a total of 7105 frames of data per CAV, and
the testing set has 9 driving sequences and a total of 1993
frames of data per CAV. In V2X-Real [13], the training set

TABLE II: Dataset statistics of our V2V-QA’s V2V-split and
V2X-split. Q1: Grounding at a reference location. Q2:
Grounding behind a reference object at a location. Q3:
Grounding behind a reference object in a direction. Q4:
Notable object identification. Q5: Planning.

V2V-split V2X-split Total
QA type Training Testing | Training Testing

Q1 354820 121383 | 495290 128711 | 1100204
Q2 35700 13882 | 167694 35233 | 252509
Q3 14339 5097 28740 6465 54641
Q4 12290 3446 6274 1708 23718
Q5 12290 3446 6274 1708 23718
Total 429439 147254 | 704272 173825 | 1454790

has 43 driving sequences and a total of 5772 frames of data
per CAV, and the testing set has 9 driving sequences and
a total of 1253 frames of data per CAV. The frame rate is
10Hz. In V2X-Real [13], some driving scenes also provide
LiDAR point clouds from roadside infrastructures. We also
include them as perception inputs to the LLM with the same
approach as using CAVs’ LiDAR point clouds. We follow
the same training and testing settings from V2V4Real [12]
and V2X-Real [13] when building our V2V-split and V2X-
split. Table II summarizes the numbers of QA pairs in
our proposed V2V-QA’s V2V-split and V2X-split. We have
1.45M QA pairs in total and 30.2 QA pairs per frame on
average.

C. Question and Answer Pairs Curation

For each frame of V2V4Real [12] and V2X-Real [13]
datasets, we create 5 different types of QA pairs, including
3 types of grounding questions, 1 type of notable object
identification question, and 1 type of planning question.
These QAs are designed for cooperative driving scenarios. To
generate instances of these QA pairs, we use V2V4Real [12]
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and V2X-Real [13]’s ground-truth bounding box annotations,
each CAV’s ground-truth trajectories, and individual detec-
tion results as the source information. Then we use different
manually designed rules based on the geometric relationship
among the aforementioned entities and text templates to
generate our QA pairs. The text template can be seen in
Figures 4 and 5. The generation rule of each QA type is
described as follows.

Q1. Grounding at a reference location (2a): In this type
of question, we ask the LLM to identify whether an object
that occupies a specific query 2D location exists. If so, the
LLM is expected to provide the center location of the object.
Otherwise, the LLM should indicate that there is nothing
at the reference location. We use the center locations of
ground-truth boxes and every CAV’s individual detection
result boxes as the query locations in the questions. By
doing so, we can focus more on evaluating each model’s
cooperative grounding ability on the potential false positive
and false negative detection results.

Q2. Grounding behind a reference object at a location
(2b): When a CAV’s field of view is occluded by a nearby
large detected object, this CAV may want to ask the cen-
tralized LLM to determine whether there exists any object
behind that occluding large object given the fused perception
information from all CAVs. If so, the LLM is expected to
return the object’s location and the asking CAV may need
to drive more defensively or adjust its planning. Otherwise,
the LLM should indicate that there is nothing behind the
reference object. We use the center location of each detection
result box as the query locations in these questions. We draw
a sector region based on the relative pose of the asking CAV
and the reference object, and select the closest ground-truth
object in the region as the answer.

Q3. Grounding behind a reference object in a direction
(2¢): We further challenge the LLM on language and spatial
understanding ability by replacing Q2’s reference 2D loca-
tion with a reference directional keyword. We first get the
closest detection result box in each of the 6 directions of
a CAV as the reference object. Then we follow the same
approach in Q2 to get the closest ground-truth box in the
corresponding sector region as the answer.

Q4. Notable object identification (2d): The aforementioned
grounding tasks are intermediate tasks in the autonomous
driving pipeline. More critical abilities of autonomous vehi-
cles involve both identifying notable objects near planned
future trajectories and adjusting future planning to avoid
potential collisions. We extract 6 waypoints from the ground-
truth trajectory in the next 3 seconds as the reference future
waypoints in the questions. Then we get, at most, the 3
closest ground-truth objects within 10 meters of the reference
future trajectory as the answer.

Q5. Planning (2e): Planning is important because the ul-
timate goal of autonomous vehicles is to navigate through
complex environments safely and avoid any potential col-
lision in the future. To generate the planning QAs, we
extract 6 future waypoints, evenly distributed in the next 3
seconds, from each CAV’s ground-truth future trajectory as

A: Yes, there are cars at ...

Large Language Model Lorad |

# Q:lIsthere anything |

Projector
o . need to be aware of?
Scene Object Scene Object
Feature Feature Feature Feature
SEg;u Ogc() ‘St/ Ql

3D Object Detector 3D Object Detector:

CAV.’s Point Cloud P,

CAV_.,'s Point Cloud P,

Fig. 3: Model diagram of our proposed V2V-LLM for
cooperative autonomous driving.

the answer. Our V2V-QA’s planning task is more challenging
than other NuScenes [2]-based LLM-driving related works
for a couple reasons. First, we support multiple CAVs
in cooperative driving scenarios. The LLM model needs
to provide different answers depending on which CAV is
asking, while prior works only need to generate planning
results for a single autonomous vehicle. Second, our V2V-
QA’s ground-truth planning trajectories are more diverse.
V2V-QA contains both urban and highway driving scenarios,
while NuScenes [2] only includes urban driving scenarios.

D. Evaluation Metrics

We follow prior works [18], [19]’s approach to evaluate
model performance. For the grounding questions (Q1, Q2,
Q3) and the notable object identification question (Q4), the
evaluation metric is F1 score. For the planning question (Q5),
the evaluation metrics are L2 errors and collision rates.

IV. V2V-LLM

We propose a competitive baseline model, V2V-LLM, for
this LLM-based collaborative driving problem, as shown in
Figure 3. Our model is a Multimodal LLM (MLLM) that
takes the individual perception features of every CAV as the
vision input, a question as the language input, and generates
an answer as the language output.

A. LiDAR-based Input Features

For extracting the perception input features, each CAV
applies a 3D object detection model to its individual LiDAR
point cloud: Prgo and P;. We extract the scene-level feature
map Sgpco and S; from the 3D object detection model
and transform the 3D object detection results as the object-
level feature vectors Ogco and O;. Following prior works
V2V4Real [12] and V2X-Real [13], we use PointPillars [34]
as the 3D object detector for fair comparisons.

B. LiDAR-based Multimodal LLM

Model architecture: We utilize LLaVA [35] to develop our
MLLM, given its superior performance on visual question-
answering tasks. However, since the perception features of
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our cooperative driving tasks are LiDAR-based instead of
RGB images used by LLaVA [35], we use a LiDAR-based
3D object detector as the point cloud feature encoder, as
described in the previous section, instead of LLaVA [35]’s
CLIP [36] image feature encoders. We then feed the resulting
features to a multi-layer perceptron-based projector network
for feature alignment from the point cloud embedding space
to the language embedding space. The aligned perception
features are the input perception tokens digested by the LLM
together with the input language tokens from the question.
Finally, the LLM aggregates the perception information from
all CAVs and returns an answer based on the question.
Training: We use 8 NVIDIA A100-80GB GPUs to train
our model. Our V2V-LLM uses LLaVA-v1.5-7b [35]’s Vi-
cuna [37] as the LLM backbone. To train our model, we
initialize it by loading the pre-trained LLaVA-v1.5-7b [35]’s
checkpoint. We freeze the LLM and the point cloud feature
encoder, and finetune the projector and the LoRA [38] parts
of the model. During training, we use batch size 32. Adam
optimizer is adopted for training with a starting learning rate
2e —5 and a cosine learning rate scheduler with a 3% warm-
up ratio. For all other training settings and hyperparameters,
we use the same ones from LLaVA-v1.5-7b [35].

V. EXPERIMENT
A. Baseline Methods

We follow V2V4Real [12] and V2X-Real [13] to establish
a benchmark for our proposed V2V-QA dataset with experi-
ments on baseline methods using different fusion approaches:
no fusion, early fusion, intermediate fusion, and our
proposed baseline, LLM fusion (3). All baseline methods
also adopt the same projector and LLLM architecture as in our
V2V-LLM but with different point cloud feature encoders. In
some driving sequences of V2X-split that have point clouds
from roadside infrastructures, we include them as perception
input as well in the same way as using CAVs’ point clouds.
No fusion: Only a single CAV’s LiDAR point cloud is
fed to a single 3D object detector to extract the scene-
level and object-level features as the LLM’s visual input.
The performance is expected to be worse than all other
cooperative perception approaches.
Early fusion: The LiDAR point cloud from two CAVs is
merged first. Then the merged point cloud is used as input
to a 3D object detector to extract the visual features as the
visual input to the LLM. This approach requires much higher
communication cost and is less practical for deployment on
real-world autonomous vehicles.
Intermediate fusion: Prior work CoBEVT [7], V2X-ViT [6],
and AttFuse [S] propose cooperative detection models that
merge feature maps from multiple CAVs via attention mech-
anisms. Such approaches require less communication cost
and can still achieve good performance. In our benchmark,
we extract both of the scene-level and object-level features
from those cooperative detection models as the input tokens
to the LLM.
LLM fusion: We categorize our proposed V2V-LLM as a
new type of fusion method, LLM fusion, which lets each

CAV perform its individual 3D object detection to extract
the scene-level feature maps and object-level feature vectors,
and uses the Multimodal LLM to fuse the features from
multiple CAVs. This approach is related to the traditional late
fusion method that performs individual 3D object detection
and aggregates the results by non-maximum suppression
(NMS). Instead of applying NMS, our method adopts LLM
to perform more tasks than just detection.

B. Quantitative Results

1) Performance: Grounding: Our V2V-LLM and base-
line methods’ performance on V2V-QA’s 3 types of ground-
ing questions can be seen in Table III for V2V-split and
V2X-split, respectively. CoBEVT [7] is not included in
V2X-split’s result because V2X-Real [13] does not re-
lease its CoBEVT [7] baseline model. In average, V2V-
LLM achieves similar performance in V2V-split and outper-
forms all other baseline methods in V2X-split. Such results
indicate that our V2V-LLM has a promising capability of
fusing perception features from multiple CAVs to answer
grounding questions.

Notable Object Identification: Table III show the perfor-
mance on the notable object identification task (Q4). Our
proposed V2V-LLM outperforms all other methods in both
V2V-split and V2X-split. Compared with the aforementioned
grounding tasks, this notable object identification task re-
quires more spatial understanding ability to identify the
objects close to the planned future waypoints. For such a
task, our V2V-LLM, which lets the Multimodal LLM per-
form both perception feature fusion and question answering,
achieves the best results.

Planning: Table III show the performance of the planning
task (Q5) for V2V-split and V2X-split, respectively. Our pro-
posed V2V-LLM outperforms other methods in this safety-
critical task to generate a future trajectory that aims to avoid
potential collisions.

2) Communication Cost and Scaling Analysis: In our
centralized setting, each CAV sends one scene-level feature
map (< 0.2MB), one set of individual object detection
result parameters (< 0.003MB), one question (< 0.0002MB)
to the LLM computing node and receives one answer (<
0.0002MB) at each timestep. If there are N,, CAVs and each
asks IV, questions, the communication cost of each CAV is
(0.2+0.003 + (0.0002 + 0.0002) N;) = (0.203 4 0.0004Ny)
MB, and the cost of the LLM is (0.2 + 0.003 + (0.0002 +
0.0002)N4)N, = (0.203N, + 0.0004N,N,) MB, as shown
in Table IV. Note that each CAV only needs to send the same
features to the LLM computing node once at each timestep
because the LLM node can save and reuse them to answer
multiple questions from the same or different CAVs at the
same timestep.

3) Summary: In general, V2V-LLM achieves the best
results in the notable object identification and planning tasks,
which are critical in autonomous driving applications. V2V-
LLM also achieves competitive results in the grounding
tasks. In terms of communication costs, V2V-LLM only
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TABLE III: V2V-LLM’s testing performance in V2V-QA’s V2V-split and V2X-split in comparison with baseline methods.
Q1: Grounding at a reference location. Q2: Grounding behind a reference object at a location. Q3: Grounding behind a
reference object in a direction. Qg,: Average of grounding (Q1, Q2, and Q3). Q4: Notable object identification. QS5: Planning.
L2: L2 distance error. CR: Collision rate. Comm: Communication cost. In each column, the best results are in boldface,

and the second-best results are in underline.

V2V-split V2X-split

Method g g g g& % Qs g % g %’ % Qs Comm(MB) |

Fi1tTFI1TFI1TFI1TFI1L2(m)] CR(%)] Fl1F11F11TFl1TFl1L2(m)J CR(%).|
No Fusion 66.6 22.6 17.2 355 473 6.55 457 5577 214 252 341 644 231 9.21 0
Early Fusion 73.5 23.3 20.8 39.2 539  6.20 3.55  59.7 233 26.1 364 67.6 2.12 8.61 1.9208
Intermediate Fusion
AttFuse [5] 70.7 26.4 184 38.5 569 6.83 412 589 239 263 364 659 2.19 8.39 0.4008
V2X-ViT [6] 70.8 28.0 22.6 40.5 57.6 7.08 433  59.6 242 26.1 36.6 65.0 2.29 8.86 0.4008
CoBEVT [7] 72.2 293 21.3 409 57.6 6.72 3.88 - - - - - - - 0.4008
LLM Fusion
V2V-LLM (Ours) 70.0 30.8 21.2 40.7 59.7 4.99 3.00 60.5 25.3 26.7 37.5 69.3 1.71 6.89 0.4068

TABLE IV: Communication cost (MB) and scaling analysis.
N,: number of CAVs. N,;: number of questions asked by
each CAV at each timestep.

Setting Each CAV Centralized LLM
Centralized 0.203 4+ 0.0004N, 0.203N, + 0.0004N, N,

TABLE V: Perception and planning performance comparison
with non-LLM baseline method.

Method Qi Q5

F1 1L240y (m) | CRavg (%) |
CoBEVT [7] + BEV-planner [39] 65.7 5.82 11.59
V2V-LLM (ours) 70.0 4.99 3.00

increases communication costs by 1.5% in comparison to
other intermediate fusion baseline methods.

C. Comparison to Non-LLM baseline

To compare our V2V-LLM with non-LLM baseline in
V2V-QA, for perception, we use the detection results
from V2V4Real [12]’s best cooperative detection model
CoBEVT [7] checkpoint (the same one as the feature ex-
tractor in our experiment) and evaluate them in our Ql
(grounding at a location). For planning, since there is no prior
cooperative planning research on V2V4Real [12], we use the
BEV features from the same CoBEVT [7] model checkpoint
as input to initialize and train a BEV-planner [39], which is
the best non-LLM planning baseline method in prior work
OmniDrive [18]. Our V2V-LLM still outperforms the non-
LLM cooperative perception and planning baseline, as shown
in Table V.

D. Robustness Assessment

We follow V2X-ViT [6] to experiment on the impact of
latency and sensor noise on positional errors. Our model is
robust to these factors, as shown in Tables VI and VII.

E. Ablation Study

Input Features: We experiment with variants of our V2V-
LLM model that use either only the scene-level feature maps
or only the object-level feature vectors as the visual input.

TABLE VI: Experiments in V2V-split with communication
latency.

Latency (s) g 32 % Qj‘ g‘ Q5
F1 +F1 1F1 1 F1 $F1 1 L1240, (m) L CRau, (%) |

1.0 69.3 29.7 18.9 39.3 55.0 5.26 4.09
0.4 69.7 30.3 20.1 40.0 56.0 5.09 3.49
0.3 69.8 30.7 20.6 40.4 57.2 5.07 3.31
0.2 69.8 30.8 20.8 40.5 57.7 5.05 3.21
0.1 69.8 30.7 21.1 40.5 59.4 5.02 3.05
0 70.0 30.8 21.2 40.7 59.7 4.99 3.00

TABLE VII: Experiments in V2V-split with positional errors.
STD: standard deviation.

STD (m) Y @ B Qur Q4 Q5
F1 1 F1 1 F1 1 F1 1 F1 1 L2449 (m) | CRuu, (%) |

1.0 69.8 200 21.7 405 572 521 386
0.4 69.8 30.9 21.5 40.7 592 5.03 3.27
0.3 69.8 30.7 21.0 40.5 59.1  5.00 3.20
0.2 69.8 30.9 21.0 40.6 60.0 4.9 3.10
0.1 69.8 30.8 21.3 40.6 59.8  4.98 3.05
0 70.0 30.8 21.2 40.7 59.7  4.99 3.00

TABLE VIII: Ablation study in V2V-split.
Ql Q2 Q3 Qo Q4 Q5

Method =
FI1t F11tFl11TFlTFl1TL2(m)J) CR (%)
Scene only 69.9 154 179 344 432 721 15.55
Object only 69.0 26.9 17.6 37.8 52.6 5.24 7.78
Scratch 67.6 26,5 17.2 37.1 493 6.30 5.01
V2V-LLM 70.0 30.8 21.2 40.7 59.7 4.99 3.00

The ablation results can be seen in Table VIII. Both types of
features contribute to final performance in all QA tasks. In
general, the object-level-only model outperforms the scene-
level-only model. This implies that the object-level features
are easier for LLM to digest, which is consistent with the
results observed in the previous work with the TOKEN
model [19].

Training from Scratch: Table VIII also shows that training
from scratch achieves worse performance, meaning that pre-
training with LLaVA’s VQA tasks improves our V2V-LLM’s
performance in V2V-QA.
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Q1: Grounding at a reference location Q2: Grounding behind a reference object

at a location

2

Q: Is there anything at the location [73.0,
-0.4]?

V2V-LLM: Yes, there is a car at the location.
Its center location is .

GT: Yes, there is a car at the location. lts
center location is

[-30.4, 17.1]?

V2V-LLM: Yes, there is a car behind the
object. Its center location is k
GT: Yes, there is a car behind the object. Its
center location is K

Fig. 4: V2V-LLM’s grounding results on V2V-QA’s testing

model output locations. Green o: ground-truth answers.

Q4: Notable Object Identification Q4: Notable Object Identification

N

5 A o f SRR

Q:l am . Is there anything I need  Q: |1 am CAV_1. Is there anything | need to
to be aware of if my planned future
trajectory is [(4.2,0.1),(8.9,0.2),(13.5,0.4),
(18.4,0.6),(23.5,0.7),(28.8,0.9)]?

V2V-LLM: Yes, there are cars at
, Which are close to
your planned future trajectory.
GT: Yes, there are cars at
, Which are close to your
planned future trajectory.

-5.1),(-33.6,-3.1),(-23.5,-1.6)]?

V2V-LLM: Yes, there are cars at [-27.6,
-2.0], [-37.6, 3.7], [-63.3, -1.1], which are
close to your planned future trajectory.
GT: Yes, there are cars at

, which are close to
your planned future trajectory.

be aware of if my planned future trajectory is future trajectory to avoid collision with
[(-73.0,-14.0),(-63.7,-10.4),(-54.2,-7.3),(-43.5 nearby objects?

Q3: Grounding behind a reference object Q3: Grounding behind a reference object
in a direction

in a direction

S = &

Q: Is there anything behind the object? Q: Is there anything behind the

object?

V2V-LLM: Yes, there is a car behind the
object. Its center location is

V2V-LLM: Yes, there is a car behind the
object. Its center location is

GT: Yes, there is a car behind the .

object. Its center location is GT: Yes, there is a car behind the

object. Its center location is

set. Magenta o: reference locations in questions. Yellow +:

Q5: Planning

Q: | am CAV_1. What is the suggested
future trajectory to avoid collision with
nearby objects?

Q: lam . What is the suggested

V2V-LLM: The suggested future trajectory is V2V-LLM: The suggested future trajectory is
[(5.3,0.1),(10.7,0.2),(16.4,0.3),(22.2,0.4),(28.
2,0.5),(34.4,0.7)].

GT: The suggested future trajectory is GT: The suggested future trajectory is

Fig. 5: V2V-LLM’s notable object identification and planning results on V2V-QA’s testing set. For notable object
identification, Magenta curve: planned future trajectories in questions. Green o: ground-truth notable object locations. Yellow
+and Cyan x: model identification outputs corresponding to CAV_EGO and CAV _1, respectively. For planning, Green line:
future trajectories in ground-truth answers. Yellow curve and Cyan curve: model planning outputs corresponding to CAV_EGO

and CAV _1, respectively.

F. Qualitative Results

Figure 4 shows our V2V-LLM’s grounding results and the
ground truth with visualization on V2V-QA’s testing set. We
can observe that our V2V-LLM is able to locate the objects
given the provided reference information for each of the 3
types of grounding questions: grounding at a reference loca-
tion, grounding behind a reference object at a location, and
grounding behind a reference object in a direction. Figure 5’s
left part shows our V2V-LLM’s notable object identification
results. V2V-LLM demonstrate its capability of identifying
multiple objects near the planned future trajectories specified
in the questions for each CAV. Figure 5’s right part shows
V2V-LLM’s planning results. Our model is able to suggest
future trajectories that avoid potential collisions with nearby
objects. Overall, the outputs of our model closely align with
the ground-truth answers across all question types, indicating
its robustness in cooperative autonomous driving tasks.

VI. CONCLUSION

In this work, we expand the research scope of cooperative
autonomous driving by integrating the use of Multimodal

LLM-based methods, aimed at improving the safety of future
autonomous driving systems. We propose a new problem
setting and create a novel V2V-QA dataset and benchmark
that includes grounding, notable object identification, and
planning question-answering tasks designed for varieties of
cooperative driving scenarios. We propose a baseline model
V2V-LLM that fuses each CAV’s individual perception in-
formation and performs visual and language understanding
to answer driving-related questions from any CAV. Our
proposed V2V-LLM outperforms other baselines adopted
from state-of-the-art cooperative perception algorithms in the
grounding, notable object identification, and planning. Our
method also outperforms non-LLM baseline and is robust to
communication latency and noise. These experimental results
indicate that V2V-LLM is promising as a unified multimodal
foundation model that can effectively perform perception and
planning tasks for cooperative autonomous driving. We have
publicly released our V2V-QA dataset and V2V-LLM code
to facilitate open-source research, and believe it will bring
cooperative driving research to the next stage.
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