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Abstract

Recently, Large Language Models (LLMs) and Multimodal
Large Language Models (MLLMs) have shown promise in
instruction following and image understanding. While these
models are powerful, they have not yet been developed to
comprehend the more challenging 3D geometric and physi-
cal scenes, especially when it comes to the sparse outdoor Li-
DAR data. In this paper, we introduce LiDAR-LLM, which
takes raw LiDAR data as input and harnesses the remark-
able reasoning capabilities of LLMs to gain a comprehen-
sive understanding of outdoor 3D scenes. The central in-
sight of our LIDAR-LLM is the reformulation of 3D outdoor
scene cognition as a language modeling problem, encompass-
ing tasks such as 3D captioning, 3D grounding, 3D ques-
tion answering, etc. Specifically, due to the scarcity of 3D
LiDAR-text pairing data, we introduce a three-stage training
strategy and generate relevant datasets, progressively align-
ing the 3D modality with the language embedding of LLM.
Furthermore, we design a Position-Aware Transformer (PAT)
to connect the 3D encoder with the LLM, which effectively
bridges the modality gap and enhances the LLM’s spatial ori-
entation comprehension of visual features. Our experiments
demonstrate that LiDAR-LLM effectively comprehends a
wide range of instructions related to 3D scenes, achieving a
40.9 BLEU-1 score on the 3D captioning dataset, a Grounded
Captioning accuracy of 63.1%, and a BEV mloU of 14.3%.

Introduction

Recently, large language models (LLMs) (Touvron et al.
2023; OpenAl 2023; Brown et al. 2020) have demonstrated
significant capabilities in complex reasoning and robust con-
versational abilities in the field of natural language pro-
cessing. Building upon LLMs, Multimodal Large Language
Models (MLLMs) (Liu et al. 2024; Li et al. 2023; et al
2022; Lin et al. 2023; Wang et al. 2023a), such as BLIP-2
and Flamingo, have been introduced. These models take in
more modality (e.g., 2D images) as input, enabling LLMs to
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Figure 1: Characteristics of LIDAR-LLM. Our proposed
LiDAR-LLM takes 3D LiDAR data as input and aligns the
3D modality with the language embedding space, leverag-
ing the exceptional reasoning capabilities of LLMs to un-
derstand outdoor 3D scenes. The bottom part showcases ex-
amples derived from our generated or employed LiDAR-text
data, covering a spectrum of 3D-related tasks.

discuss and comprehend the visual scene. Despite MLLMs
excelling at processing 2D image content, their comprehen-
sion of the more challenging 3D real-world scenes remains
an open question. Understanding 3D scenes holds impor-
tance for various applications, including autonomous driv-
ing (Arnold et al. 2019; Chen et al. 2017) and robotics



(Dhamo et al. 2021; Yao et al. 2018; Wang et al. 2024), due
to the wealth of spatial information in 3D data.

Existing 3D understanding methods (Yang et al. 2021;
Jiao et al. 2022; Parelli et al. 2023; Azuma et al. 2022; Ma
et al. 2022) often lack sufficient generalization capabilities
when faced with unseen scenarios. They are limited in ex-
pressing specific downstream tasks in a manner comprehen-
sible to humans, such as generating scene captioning and
question answering. Therefore, recent works (Wang et al.
2023b; Hong et al. 2023; Qi et al. 2024) take indoor 3D
point clouds as input and leverage the powerful capabilities
of LLMs to analyze them, aligning the 3D features with the
textual features of LLMs. However, these approaches still
encounter challenges when dealing with 3D outdoor LiDAR
data. Specifically, due to the sparse property of LiDAR data,
rendering the 3D data into multi-view images (Hong et al.
2023) results in poor rendering and feature extraction qual-
ity. Additionally, methods like (Guo et al. 2023; Qi et al.
2024) can only encode single object-level point clouds in-
stead of understanding complex outdoor scenes.

In this paper, as shown in Figure 1, we introduce LiDAR-
LLM, a novel approach that harnesses the reasoning capa-
bilities of LLMs to comprehensively understand outdoor 3D
scenes. The LiDAR-LLM architecture comprises a 3D Li-
DAR encoder, an alignment transformer, and an LLM, e.g.,
LLaMA (Touvron et al. 2023). The key insight of LiDAR-
LLM lies in redefining the problem of 3D scene cognition
through interpretative language modeling. However, the in-
troduction of LLMs for perceiving outdoor 3D scenes faces
two challenges: 1) In contrast to the abundant availabil-
ity of image-text paired data (Sharma et al. 2018; Schuh-
mann et al. 2022; Changpinyo et al. 2021), 3D LiDAR-text
paired data is exceedingly rare, and accessible multimodal
encoders (e.g., CLIP (Radford et al. 2021)) are lacking. 2)3D
LiDAR is sparser than indoor point cloud and encompasses
intricate geometric relationships with a variety of objects.

To tackle these challenges, we generate the required
datasets and introduce a three-stage training strategy, in-
cluding cross-modal alignment, perception, and high-level
instruction. This strategy gradually transfers 3D represen-
tations into the language feature space, unleashing LLMs’
reasoning capabilities for 3D scenes. In the first stage, we
utilize MLLMs (Zhang et al. 2023; Li et al. 2023) and
GPT-4 (OpenAl 2023) to facilitate communication between
multi-view images and language within the nuScenes dataset
(Caesar et al. 2020), which includes paired 3D LiDAR data
for each scene. This process automatically generates a cap-
tion dataset of 420K LiDAR-text pairs, enabling the cross-
modality alignment of 3D LiDAR features with LLM word
embeddings. In the second stage, recognizing that percep-
tion is crucial for 3D scene understanding, we integrate 3D
bounding boxes into the question-answer text, creating a
280K LiDAR grounding dataset. We then apply an object-
centric learning strategy to equip the model with 3D percep-
tion capabilities. Finally, in the third stage, we efficiently
fine-tune LiDAR-LLM on high-level instruction datasets
(Qian et al. 2023; Contributors 2023), enhancing its capabil-
ities for various 3D downstream tasks, such as autonomous
driving prediction and planning. To more effectively bridge
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the modality gap between 3D LiDAR and text, we design
a Position-Aware Transformer (PAT) that connects the 3D
LiDAR encoder with the LLM, explicitly injecting BEV
position embedding into the 3D features. Combined with
the three-stage training strategy, PAT enhances the model’s
comprehension of the spatial orientation. In summary, our
contributions are as follows:

* We propose LiDAR-LLM framework, which takes 3D
LiDAR data and language as input, harnessing the rea-
soning capabilities of LLMs to understand outdoor 3D
scenes. LIDAR-LLM is capable of performing tasks such
as 3D captioning, 3D grounding, 3D question answering,
high-level planning, and more.

* We introduce a three-stage training strategy for gradu-
ally transferring 3D representations into the text feature
space, which involves cross-modal alignment, percep-
tion, and high-level instruction.

* To facilitate training, we collect a set of LiDAR-
text paired datasets, comprising 420K 3D captioning
data (nu-Caption) and 280K 3D grounding data (nu-
Grounding). These datasets will be released for research.

* We specially design a Position-Aware Transformer (PAT)
that connects the 3D LiDAR encoder with the LLM,
bridging the modality gap, and enhancing the model’s
comprehension of the spatial orientation.

Method

Overview. The overall framework of LiDAR-LLM is pre-
sented in Fig. 2. The core concept involves transforming
the sparse and intricate geometric LiDAR data into the rep-
resentation space understandable by Large-Language Mod-
els (LLMs). However, the integration of LLMs to compre-
hend outdoor 3D scenes faces two challenges: (1) Unlike the
abundance of available image-text paired data, 3D LiDAR-
text paired data is exceptionally scarce; and (2) Sparse Li-
DAR data involves diverse objects and intricate geometric
relationships among them. To overcome these challenges,
we propose a three-stage training strategy and generate re-
quired LiDAR-text paired data to transfer 3D representa-
tions into the feature space of LLMs. Through this process,
the alignment, perception, and common-sense reasoning ca-
pabilities of LLMs on 3D LiDAR data are gradually em-
powered. LIDAR-LLM can perform diverse tasks in the Li-
DAR modality and handle complex cross-modal scenarios
at both the scene and instance levels. Furthermore, we intro-
duce the Position-Aware Transformer (PAT) module, which
connects the 3D encoder with the LLM. This module in-
corporates BEV position embeddings to enhance the spatial
orientation understanding of the LLM. Hence, the specially
designed training strategy, along with the PAT, jointly em-
powers LIDAR-LLM to attain a comprehensive understand-
ing of intricate spatial information in outdoor 3D scenes. Fi-
nally, due to space limitations, we have included the detailed
related works in Appendix D.

Model Architecture

Given a LiDAR input L € R™*3, where n is the number
of points, VoxelNet (Zhou and Tuzel 2018) is employed to
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Figure 2: Overview of our LiDAR-LLM framework. The initial column showcases our 3D feature extractor, which processes
the LiDAR point cloud input to derive a 3D voxel feature. Subsequently, the feature is flattened along the z-axis to produce
the BEV feature. The Position-Aware Transformer (PAT) accepts BEV feature and learnable queries as input, with the output
queries serving as soft prompt input to the frozen LLM. In the PAT, we introduce BEV position embeddings into the BEV
feature along with corresponding queries to enhance the spatial orientation representation. This framework aligns the LiDAR
modality with the language embedding space, empowering the LLM for a comprehensive understanding of outdoor 3D scenes.

extract its 3D voxel feature. Subsequently, considering the
computational cost, we flatten the feature along the z-axis
to generate the bird’s-eye view (BEV) feature. Simultane-
ously, for the text input 7" with a maximum of m characters,
LLaMA (Touvron et al. 2023) is utilized to extract text fea-
tures. With the BEV feature F, € R512X180x180 along with
the text feature F;, € R>76X76% (where 768 is the dimension
of the feature), our objective is to project these LIDAR BEV
features into the word embedding space of a pre-trained
LLaMA through our proposed Position-Aware Transformer
(PAT). This alignment is crucial for conducting multi-modal
understanding and generating accurate answers in 3D down-
stream tasks. During training, we only fine-tune the injected
adapters (Hu et al. 2021) in the LLaMA and PAT module
while freezing the major parameters. This aims to preserve
the powerful feature extraction and reasoning ability of ex-
isting modules and further equip the model with capabilities
in understanding 3D LiDAR scenes.

PAT design. In the right part of Fig. 2, the input to the PAT
includes a set of K learnable query embeddings, with K set
to 576 for convenient projection into the word embedding
space of the LLM. These queries interact with the BEV fea-
ture through a cross-attention mechanism, where the learn-
able queries serve as the query and the BEV features serve
as the key and value. The PAT produces an output com-
prising K encoded visual vectors, one for each query em-
bedding. These vectors then undergo processing through a
multi-layer perceptron (MLP) and are subsequently fed into
the frozen LLM. However, outdoor LiDAR data, demands
a comprehensive understanding of the orientation relation-
ships between diverse objects and the ego car. Therefore,
we introduce BEV position embeddings for the BEV fea-
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ture, aiming to explicitly enhance spatial orientation com-
prehension. Specifically, we first construct the BEV position
embedding B, € R°*" with zero initial parameters, where
c represents the embedding dimension and v represents the
different orientations in the BEV scene. This division de-
pends on the camera setup used during the original out-
door dataset collection. For example, nuScenes (Caesar et al.
2020) splits the BEV scene into six views (v=6), including
front, front right, front left, back, back right, and back left
views, while Waymo (Sun et al. 2020) contains five views
(v=5). If a finer view division is required, our PAT design
can efficiently adapt to accommodate it. Following this, we
can clearly describe the spatial relationship between objects
and the ego car, avoiding ambiguous descriptions, such as
whether a car is positioned to the left back or the back of the
ego car. When dealing with a question related to a specific
view during the cross-modal alignment stage, we inject the
corresponding BEV position embedding into both the BEV
feature and queries. For instance, when training a caption
sample related to the front left view, we inject only the front
left part of the BEV position embedding B, € R“*! into the
front left part of the BEV feature and the entire set of queries
(as shown in Fig. 2). Moreover, when objects are situated at
the junction of two views, they are depicted in both adjacent
views, avoiding loss of information.

Note that our PAT design is intended to enhance our
model’s understanding of spatial orientation. As described
in Sec. Three-stage training strategy, we incorporate sep-
arate BEV position embeddings only when training individ-
ual views during the initial cross-modal alignment stage. For
training on panoramic scenes and subsequent tasks (i.e., per-
ception and high-level instruction), we include the entire set



of BEV position embeddings, enabling the model to perform
end-to-end training with flexible language descriptions. Fi-
nally, we provide a quantitative analysis to validate the ef-
fectiveness of the PAT module in Sec. Ablation Study.

Three-Stage Training Strategy

In this section, we demonstrate how we empower LLMs
with the capabilities to comprehend 3D LiDAR data and uni-
formly complete extensive 3D tasks. We introduce a three-
stage training strategy and generate relevant datasets, grad-
vally transferring 3D representations into the text feature
space. Three stages contain cross-modal alignment, percep-
tion, and high-level instruction.

Cross-Modal Alignment (3D Captioning): To effec-
tively address numerous 3D downstream tasks, the model
needs to have a thorough understanding of the LiDAR scene.
Scene captioning serves as a logical approach to enable the
model to capture essential information and details from Li-
DAR data by integrating the entire 3D scene into LLMs.

However, there is a lack of open-source caption datasets
pairing LiDAR data with text descriptions. Instead, datasets
(Caesar et al. 2020; Sun et al. 2020) containing paired multi-
view images and LiDAR data, are available. This motivates
us to leverage multi-view images to automatically generate
text descriptions, which can then be paired with correspond-
ing LiDAR data. By employing powerful off-the-shelf 2D
MLLMs (Li et al. 2023; Zhang et al. 2023), we input multi-
view images to generate captions for each view, thereby ob-
taining single-view LiDAR-text paired data. Subsequently,
we can obtain panoramic scene LiDAR-text paired data by
merging multi-view captions. Nevertheless, the captions for
LiDAR and 2D multi-view images are not perfectly aligned,
as 2D MLLM may provide descriptions related to weather
or colors for 2D images, which are not applicable to LiDAR
data. To address this inconsistency, we further utilize GPT-
4 (OpenAl 2023) to filter out irrelevant captions/words for
LiDAR data. The filtering process can be divided into three
steps. 1) We first provide the prompt “Please remove words
and sentences describing the color and weather, ensuring
that the meaning remains consistent.” to GPT-4 for filtering.
2) After the first round, we input the filtered caption and the
corresponding original caption back into GPT-4 using the
prompt: “Please check the following two sentences for simi-
larity of meaning...” This is to ensure that the original mean-
ing of the descriptions is not changed. 3) We automatically
remove captions that alter the meaning and do not involve
any manual verification in the process. More details of data
generation can be found in Appendix C.

With the collected LiDAR-text caption pairs, our goal is
to enable LLM to generate descriptive text conditioned on
LiDAR input. We observe that textual captions for LiDAR
data tend to be excessively detailed and lengthy due to their
intricate geometric structures. Jointly learning overall cap-
tions could lead to entanglement in LLM reasoning. To mit-
igate this, we introduce individual-to-panoramic scene train-
ing mechanism. Specifically, we initially train the model to
caption an individual view to reduce complexity. Following
this, the subsequent step involves instructing the model to
understand the entire panoramic scene and generate a global
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description. By doing so, we align the 3D feature representa-
tion with the text feature space of LLM, enabling the model
to comprehend the context in the LiDAR data.

Perception: After equipping the model with a panoramic
scene understanding, this stage focuses on endowing the
model with instance-level 3D perception abilities, which
form the foundation for high-level instructional tasks such
as planning. Our aim is to align the feature representation
of 3D objects with the corresponding text embedding of the
LLM. To achieve this, we employ an object-centric learning
strategy, ensuring the LIDAR-LLM learns various object de-
tails such as quantity, localization, and spatial relations.

Two tasks, visual grounding, and grounded captioning,
are designed for this purpose. Objects are first represented
as a sequence of discrete tokens, where each object’s label
and bounding box are extracted. Given a 3D object with its
annotations, the category name and locations are encoded
into a word embedding using the tokenizer of the pre-trained
LLM. Unlike the previous indoor 3D MLLM (Wang et al.
2023b), there is no need to extract each object from the
point cloud individually; instead, we achieve object percep-
tion across the entire 3D scene. For visual grounding, the
model learns to generate location tokens specifying the re-
gion position (x1,y1, 21, T2, Yo, 22, ) based on the LIDAR
input and instruction, where 6 is the box angle. Grounded
Captioning task is positioned as the inverse counterpart to
visual grounding. The model is trained to generate descrip-
tive text by leveraging the input LiDAR data and text with
location information. The instructions are depicted in Fig. 3.

High-level Instruction: In this stage, after comprehen-
sively understanding the LiDAR scene and equipping the
model with basic 3D perception capabilities, we lever-
age high-level instruction datasets (i.e., nuScenes-QA (Qian
et al. 2023) and DriveLM-nuScenes (Contributors 2023)) to
further enhance the model’s reasoning skills in 3D space.
Through the fine-tuning of LiDAR-LLM using these dat-
set, we not only enhance its proficiency in comprehending
a diverse array of instructions but also empower it to gener-
ate responses that are both creative and contextually appro-
priate. Meanwhile, rather than fine-tuning on planning QA
data (DriveLM-nuScenes), we directly employ our trained
model to infer planning-related questions. Through our pro-
posed three-stage training strategy, LiIDAR-LLM develops
initial planning capabilities, as demonstrated in Appendix B.
Conversely, incorporating DriveLM-nuScenes during High-
level Instruction tuning can endow LiDAR-LLM with au-
tonomous driving reasoning abilities in perception, driving
behavior, and planning, yielding promising results as evi-
denced in Sec. Experiment - High-level Instruction Task.

Training and Task Inference

LiDAR-LLM undergoes joint fine-tuning with a variety of
tasks and datasets, equipping it with a versatile skill set to
adeptly handle diverse tasks within complex cross-modal
scenarios. In the fine-tuning phase, we perform fine-tuning
on a dataset consisting of 700K LiDAR-text pairs gener-
ated by us and 750K publicly available datasets (Qian et al.
2023; Contributors 2023). All the training steps are super-
vised through cross-entropy loss. During inference, our in-



Tasks Models BLEU-1 BLEU-4 Bert-F1 Bert-P Bert-R
Mini-GPT4 1497 2.63 8520 84.38 86.07
. . |LLaMA-AdapterV2| 30.17 7.45 87.98 87.45 88.53

3D Captioning .
Ours (Panoramic) | 35.36  16.23  88.14 89.67 89.23
Ours 4098 19.26 90.96 91.32 90.61

Table 1: Experimental results on nu-Caption dataset. Our
model outperforms all baseline models for all evaluation
metrics. (Panoramic) means directly fine-tuning on overall
captions, rather than training with individual-to-panoramic
scene mechanisms. Bert-F1, -P, and -R represent the F1
score, Precision, and Recall of the Bert score.

put still consists of LIDAR and question text. LIDAR-LLM
is flexible enough to infer each question individually or to
infer multiple questions consecutively.

Experiment

In this section, we conduct extensive experiments on our
generated datasets, DriveLM-nuScene (Contributors 2023),
and NuScenes-QA (Qian et al. 2023). In the next two sec-
tions, we first introduce the selected baselines and evaluation
metrics, as well as the implementation details. Our main ex-
periments evaluate the model on three tasks in the following
sections, including Sec. 3D Captioning, Sec. 3D Ground-
ing, and Sec. High-level Instruction Task. Finally, in Sec.
Ablation Study and Sec. Qualitative Analysis, we provide
a deeper analysis of our approach.

Baselines & Evaluation Metrics

Baselines. To the best of our knowledge, we are the first
MLLM to utilize LiDAR data with textual instructions as
input and implement a series of outdoor 3D tasks. Since
there are no 3D/2D MLLM that can directly process LiDAR
data, we project the depth information from LiDAR onto the
2D plane and employ current state-of-the-art (SOTA) 2D
MLLM methods, MiniGPT-4 (Zhu et al. 2023), LLaVA1.5
(Liu et al. 2023), and LLaMA-Adapter V2 (Zhang et al.
2023), as our competitive counterparts. More baseline com-
parison experiments can be found in Appendix A, such as
comparisons with 2D MLLM using image input.
Evaluation Metrics. To evaluate language generation in the
3D Captioning Task, we use BLEU (Papineni et al. 2002)
and BERT Score (Zhang et al. 2019). For the 3D Grounding
Task, we assess grounding ability using classification Top-1
accuracy and BEV mloU. In NuScene-QA, model perfor-
mance is measured with Top-1 accuracy, following VQA re-
search practices (Azuma et al. 2022), with separate evalua-
tions for different question types. For DriveLM-nuScene, we
use BLEU and BERT Score, as in the 3D Captioning Task,
to validate our method’s effectiveness.

Implementation Details

Our LiDAR-LLM has three main components: a LiDAR
feature extraction backbone, Position-Aware Transformers
(PAT), and the LLM. For LiDAR feature extraction, we use
the standard 3D detector CenterPoint-Voxel (Zhou and Tuzel
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Tasks Models
Mini-GPT4
LLaMA-AdapterV2

Ours

ACC-19 ACC-5
5.1 21.2
7.1 234

344 63.1

mloU-5 mloU-car

3D Grounding

9.9 14.3

Table 2: Experimental results on the nu-Grounding dataset.
ACC-19 and ACC-5 denote the mean Top-1 accuracy for
scenarios with 19 categories and 5 categories, respectively.
The mloU-5 and mloU-car are calculated for the 5 cate-
gories and the “Car” category, respectively. The fine-grained
performances are provided in the Appendix A.

2018), pre-trained on the 3D detection task (Caesar et al.
2020). We input multi-adjacent frame point clouds (9 sweep
frames per sample) to encode temporal information. The
point cloud range is [-54.0m, -54.0m, -5.0m, 54.0m, 54.0m,
3.0m], and the BEV grid size is [0.6m, 0.6m]. The PAT mod-
ule uses 576 learnable query tokens with a dimension of 768.
For the LLM, we use LLaMA-7B (Touvron et al. 2023) for
its efficiency and effectiveness. During three-stage training,
we use the Adam optimizer (51, 82) = (0.9,0.999) with an
initial learning rate of le-4, halving it every 2 epochs. We
fine-tune the PAT and LLaMA adapters for 6 epochs. All
experiments are run on NVIDIA Tesla A100 GPUs.

3D Captioning

Dataset Construction. Due to the absence of a caption
dataset tailored for LiDAR data, we integrate GPT-4 (Ope-
nAl 2023) and 2D MLLMs (Zhang et al. 2023) to construct
a large-scale 3D captioning dataset on nuScenes (named nu-
Caption), which consists of 420K high-quality LiDAR-text
pairs. In nu-Caption, we employ 348K LiDAR-text pairs for
the training set and 72K pairs for the validation set. The cap-
tion question covers three aspects, progressing from simple
to difficult: 1) the general description of current scenes or
traffic conditions, 2) the detailed description of objects and
their relationships, 3) the recognition of potential risks on
the road. Additional details can be found in Appendix C.
Results Analysis. We then evaluate the methods on our
generated nu-Caption dataset and report the result in Table
1. LiDAR-LLM outperforms previous 2D MLLMs for all
evaluation metrics. Specifically, our model achieves 19.26%
BLEU-4 and 91.32% Bert score precision, surpassing Mini-
GPT4, which achieved 2.63% BLEU-4 and 84.38% Bert-
P; also get a 11.81% BLEU-4 and 3.87% Bert-P improve-
ment compared to LLaMA-AdapterV2. These results indi-
cate that directly employing 2D MLLMSs to understand Li-
DAR data produces unsatisfactory outcomes, leading to the
omission of crucial details in caption descriptions. Mean-
while, we compare our method (individual-to-panoramic
scene) with the direct caption training on panoramic scenes.
Ours (Panoramic) achieves 16.23% in BLEU-4 (a decrease
of 3.03%), indicating that progressively learning from sim-
ple to complex scenes benefits the model’s comprehension.

3D Grounding

Dataset Construction. Apart from captioning, 3D ground-
ing requires perception capabilities. Using nuScenes anno-
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Q: Focus on the back left view.
Please describe the current scene.
A: The scene shows a street with
a car driving down the road.

@ There are some cars parked

around the car.

Q: In this scneario, what are safe
actions to take?

A: Keep going at the same speed,

Q: There is 1 car in back left of
you. What is its location?

A: The car is located at [-8.3,-
6.7,-10.8,-7.1,-1.6,-0.5,-1.7].
GT: The car is located at [-8.5,-
6.8,-11.0,-6.7,-1.8,-0.4,-1.9].

Q: How many moving things are
there?
A: 4.

decelerate gradually without braking.

Q: This is the car's front view.

g Describe the traffic conditions.

A: There is a big truck driving next to
M the car on the right front side, which
might affect turning right. Other cars
are parked or moving slowly. No cars
are too close, so there is room to drive

GT: 4.

Q: There are 4 cars in back right
of you. What are their locations?
A: The cars are located at [[11.3,
7.1,-1.3,5.1,1.9, 1.6, 4.7],[11.2,
0.5,-1.7,4.6,1.7,1.4,4.9],[11.6,
-6.2,-1.5,4.4,1.7,1.5,4.7],[15.3,
-3.2,-1.3,4.5,1.8,1.5,4.6]]

safely even with roadwork ahead.

( Q: In this scneario, what are safe
actions to take for the ego-vehicle?
A: Go ahead or turn left.

Q: How many moving things are
there?
A:9.GT: 8.

Figure 3: Qualitative examples of prompt questions and LIDAR-LLM’s prediction. Additional examples are shown in Appendix.

tations, we create a dataset called nu-Grounding with 280K
question-answer pairs for visual grounding and grounded
captioning tasks. Of these, 232K pairs are for training, and
48K are for validation. For Grounded Captioning, we mea-
sure accuracy for all 19 categories (Caesar et al. 2020) and
the 5 primary ones: car, pedestrian, bus, truck, and construc-
tion vehicle. For Visual Grounding, we predict bounding
boxes and calculate BEV mloU for the ”Car” category and
the 5 primary categories.

Results Analysis. For Grounded Captioning, as shown
in Table 2, our model achieves 63.1% accuracy in sce-
narios with 5 categories, surpassing LLaMA-Adapter and
MiniGPT4 with accuracies of 23.4% and 21.2%, respec-
tively. Meanwhile, when trained and tested on 19 categories,
our approach still demonstrates a significant advantage over
2D MLLMs. This indicates that our LIDAR-LLM possesses
an understanding of localization and classification informa-
tion in 3D LiDAR data. For visual grounding, our LiDAR-
LLM achieves 14.3% and 9.9% BEV mloU for the single car
category and the 5 primary categories, respectively. The re-
sults demonstrate that our approach exhibits basic perceptual
capabilities and can generate fine-grained bounding boxes.
In this task, our goal is not solely to obtain localization in-
formation for objects but also to enhance the model’s under-
standing of the spatial relationships within LiDAR data.

High-Level Instruction Task

Dataset NuScenes-QA (Qian et al. 2023) is a multi-modal
VQA benchmark for autonomous driving with five ques-
tion types: existence, counting, query-object, query-status,
and comparison. Questions are categorized by reasoning
complexity into zero-hop and one-hop reasoning. DriveLM-
nuScene (Contributors 2023) is another dataset for au-
tonomous driving, with annotated QAs. However, some QAs
in DriveLM-nuScene target 2D multi-view images with text
prompts and 2D coordinates. We automatically filter these
out during training. The resulting DriveLM-nuScene dataset,

9252

oriented toward LiDAR data, focuses on three reasoning
tasks: perception, planning, and driving behavior. Since only
the training dataset is public, we split 10% of it to create the
validation set.

NuScenes-QA Results Analysis. As shown in Table 3,
we first compare our model’s performance on NuScenes-QA
with different pre-training stages. In Ex1, training LiDAR-
LLM from scratch achieves an accuracy of 41.2%, validating
the effectiveness of our model design in high-level instruc-
tion tasks. Ex2, pre-training on the captioning task, results in
a 6.2% accuracy improvement compared to Ex1. Ex3, pre-
training on the grounding task, achieves a 5.3% accuracy
improvement over Ex1. The results show that when LiDAR-
LLM possesses basic 3D scene understanding or perception
capabilities, it can more effectively accomplish high-level
reasoning tasks. Compared to pre-training on a single task,
pre-training on both captioning and grounding tasks (Ex4)
shows significant improvement, achieving a total accuracy
of 48.6%. This improvement is observed in both zero-hop
and one-hop reasoning questions. In addition, as shown in
the lower part of Table 3, we compare our model’s perfor-
mance with previous 2D MLLMs, which highlights a signif-
icant improvement. These results demonstrate our model’s
capability to handle various high-level reasoning tasks.

DriveLM-nuScene Results Analysis. As shown in Ta-
ble 4, we fine-tune LiDAR-LLM on the DriveLM-nuScene
dataset, showcasing its performance across three reasoning
tasks. LIDAR-LLM achieved a BLEU-1 score of 57.44% in
the perception reasoning task, demonstrating its capability
to effectively describe high-level perception, which benefits
from our proposed 3D perception training stage. Addition-
ally, LIDAR-LLM achieved a BLEU-1 score of 37.47% in
the planning task, indicating its strong reasoning abilities
and potential in handling planning-related problems, partic-
ularly in the field of autonomous driving. Notably, in the
driving behavior task, our method attained an unprecedented
BLEU score. We attribute this to the numerous behavior



. Exist Count Object Status Comparison

Method Pretrain Acc

HO H1 All HO H1 All HO H1 All HO H1 All HO H1 All
Ex1 None 694 623 655 10.4 9.7 10.0 | 548 31.1 345 | 23.0 325 292 | 478 542 538 | 412
Ex2 C 80.0 717 755 138 126 132 | 596 320 36.0 | 458 40.8 425 | 739 548 562 | 474
Ex3 G 797  69.0 739 127 120 124 | 586 339 374 | 460 347 386 | 626 553 559 | 465
Ex4 C+G 79.1  70.6 745 153 147 150 | 59.6 341 378 | 534 420 459 | 670 57.0 57.8 | 48.6
LLaMA-AdapterV2 34.2 6.3 19.3 5.0 0.1 2.7 23.7 4.6 7.6 9.8 1.3 10.8 2.6 1.5 1.6 9.6
LLaVAL.S 389 519 458 7.1 7.6 7.1 10.5 7.4 7.8 7.0 9.9 9.0 645 50.8 52.1 | 262

Table 3: The high-level instruction results on NuScenes-QA. ”C” and ”G” denote loading the pre-trained parameters from the
3D captioning and 3D grounding task. HO and H1 represent zero-hop and one-hop reasoning questions, respectively.

Dataset Task |BLEU-1 BLEU-2 BLEU-3 BLEU-4 Bert-F1 Bert-P Bert-R
Perception| 57.44 3696 31.20 2638 96.36 96.73 96.03
DriveLM| Planning | 37.47 2694 16.99 13.58 92.18 93.19 91.25
nuScene |Behaviour| 82.02  80.02 78.09 7582 97.80 98.15 97.45
Mean 60.54 40.16 3384 2926 9545 96.02 9491

Table 4: Experimental results on the DriveLM-nuScene
dataset show that our model achieves promising perfor-
mance in the three types of reasoning tasks.

QTrans BPE BERT-P BLEU-4
Exq 88.14 11.37
Exg v 90.60 15.41
Exs v v 91.32 19.26

Table 5: Ablation study of PAT, where BPE means BEV Po-
sition Embedding, QTrans means the Query Transformer.

QAs involving 2D coordinates, resulting in the filtering out
of a significant amount of data and the remaining data with
fixed prompt formats. Hence, focusing on Bert Score met-
ric, LIDAR-LLM also achieved 98.15% precision, validat-
ing that our model can predict reasonable ego driving be-
havior based on traffic conditions. Detailed qualitative re-
sults are provided in Appendix B. To more comprehensively
demonstrate the efficacy of our LiDAR-LLM, we also con-
duct comparisons with a 2D-MLLM utilizing multi-view in-
put, as well as with the state-of-the-art indoor 3D LLM. Due
to sapce limitation, the results are presented in Appendix A.

Ablation Study

Effectiveness of Position-Aware Transformer (PAT). To
demonstrate the effectiveness of each component in PAT, we
compare BLEU-4 and BERT scores precision in the 3D cap-
tioning task. As shown in Table. 5, Fx; without any trans-
former structure or position embedding. Before being fed
into the LLM, the BEV Feature is directly processed by an
MLP, resulting in Ex; achieving only 88.14% BERT-P score
and 11.37% BLEU-4. In Ez5, with the use of Query Trans-
former, we observe that the BERT Score achieves 90.60%
and 15.41% BLEU-4. The results demonstrate that our pro-
posed Query Transformer can better align LiDAR features
with text embeddings. Compared with Ex5 and Ex3, the in-
troduction of the BEV Position embedding achieves a 0.7%
BERT score and 3.85% BLEU-4 improvement. This set of
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results confirms that incorporating the BEV Position embed-
ding helps the model better understand 3D spatial relation-
ships while not limiting the flexibility of language.

Qualitative Analysis

In the 3D captioning task, as indicated in the green part of
Fig. 3, LIDAR-LLM demonstrates its proficiency in aligning
language with LiDAR input. It showcases an understanding
of contextual information within the LiDAR data and pro-
vides answers based on both textual questions and corre-
sponding visual information. From the figure, our method
excels in identifying crucial objects and evaluating their
states, such as “parked” or “driving down,” showcasing its
ability in comprehending 3D scenes. During the grounding
stage, as shown in of Fig. 3, the model showcases
its ability to identify the referred object, exhibit spatial rela-
tion awareness, and demonstrate precise localization skills.
In the of Fig. 3, we illustrate the interpretabil-
ity of LiDAR-LLM in planning tasks. Leveraging the ca-
pabilities unlocked by our method, LiDAR-LLM generates
coherent high-level actions. For example, in the second sub-
figure, we prompt the model to describe the safe action for
the ego car. The model accurately identifies that there are
no obstacles or potential dangers ahead, so the reasoning
answer is ’Go ahead or turn left. Furthermore, in another
high-level task (NuScenes-QA), as represented by the

of Fig. 3, LIDAR-LLM demonstrates relatively accurate
panoramic scene perception and reasoning capabilities.

Conclusion

In conclusion, our paper represents a pioneering effort to
unleash the reasoning capabilities of LLMs to comprehend
outdoor LiDAR data. To train LiDAR-LLM, we generate a
comprehensive set of LiDAR-text paired datasets, encom-
passing 420K 3D captioning and 280K 3D grounding data.
We then introduce a three-stage training strategy, gradu-
ally aligning the LiDAR modality with the language embed-
ding space of the LLM. Our architectural innovation intro-
duces the Position-Aware Transformer to connect the 3D en-
coder with the LLM. Through extensive experimentation on
both our generated datasets and open-source datasets, our
LiDAR-LLM demonstrates promising performance across
diverse tasks, including 3D captioning, 3D grounding, 3D
question answering, autonomous driving planning, and a se-
ries of high-level instruction tasks.
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