




X [28], SUTD-TrafficQA [71], DRAMA [39], and LINGO-
QA [43]. However, limited by data scale and data quality,
current datasets can not serve as useful benchmarks to eval-
uate multi-modal LLMs for driving scenes. Besides, the
newest techniques like GPT-4V [44] in the general domain
has already been trained with plenty of open-source traffic
and driving scene datasets. Those vision language datasets
annotated on nuScenes [6] can not serve as reliable bench-
marks to validate existing models. Thus, we need new out
of domain large-scale datasets and benchmarks that contain
more corner cases of various traffic and driving scenarios
and related HD map annotations.

2.3. LLMs for Autonomous Driving

LLMs have shown remarkable potential in complicated sce-
narios such as driving scene understanding and decision-
making [10, 26, 38, 41]. Recent advancements focus on
building visual-language models to generate driving poli-
cies such as DiLu [64], DriveGPT4 [72], GPT-Driver [40],
HiLM-D [15], DriveMLM [60], and DriveVLM [57].
Talk2BEV [14] and LiDAR-LLM [75] also explored the
connection between LLMs, VLMs and bird’s-eye view
(BEV), LiDAR point cloud in autonomous driving contexts.
Besides, LLMs can also enhance the interaction between
passengers and vehicles, improving the personalization and
responsiveness of autonomous driving experiences [9, 20].
An equally crucial area of research is the development
of language-guided closed-loop autonomous driving sys-
tems. These systems leverage multi-modal sensor data
from simulators, as demonstrated by LimSim++ [19] and
LMDrive [52]. Additionally, RAG-Driver [81] introduces
a novel retrieval-augmented in-context learning approach,
significantly enhancing the zero-shot generalization capa-
bilities of driving LLMs. From the industry, Wayve pro-
posed the first open-loop driving commentator LINGO-
1 [62].

Figure 2. Device and data collection of MAPLM. We use collec-
tion cars to collect panoramic images and 3D LiDAR point clouds
for the MAPLM benchmark.

3. Dataset: MAPLM

As we mentioned in the related work section, existing
traffic and driving-related question-answering benchmarks
are often limited by re-labeling previous publicly avail-

able datasets like NuScenes [6] or generated from simu-
lators [17] and are hard to enable safe and detailed analy-
sis required for real-world traffic scenes because their data
contains few edge cases. To address this issue, we propose
MAPLM, a dataset comprising real traffic scene data and
related HD map context annotation. In addition to the visual
data, we also released the MAPLM-QA benchmark, which
consists of commonly used scene understanding questions
across projected BEV images from 3D LiDAR point clouds,
and panoramic 2D images.

3.1. Dataset Collection

We collect the MAPLM using HD map production auto-
mated vehicles including 6 cameras, a LiDAR scanner, in-
stalled at the tail at a 45-degree angle, focusing on scanning
the road surface, and GPS/IMU integration systems (Fig-
ure 2) [56, 85]. The detailed collection parameters will be
released in the MAPLM Dataset document. The raw 3D
point cloud of MAPLM has the characteristics of high den-
sity, the apparent distinction between light and dark reflec-
tion intensity, and the apparent visual features of ground
elements. MAPLM was collected from a variety of traffic
scenarios, including highways, expressways, city roads, and
rural roads, along with detailed intersection scenes, which
ensure the MAPLM dataset contains enough driving edge
cases [56].

3.2. Dataset Annotation

We split the annotation of MAPLM into two phases. In the
first phase, we used our active learning-based multi-modal
vision models for pre-labeling 3D LiDAR point clouds and
panoramic RGB images, and then pre-labeling annotations
were verified by a hired HD map annotation team. The pro-
duction pipeline is similar to the traditional HD annotation
process [18, 45, 51, 66]. We select the most representative
scenarios among 3D LiDAR point clouds and panoramic
images resulting in a total of 2 million frames of LiDAR
point clouds and panoramic images (6 images). For each
data point, we first extract text information from pre-labeled
traffic scene annotations, including lane marking, ground
marking, GPS, and road surface situation. Using HD map
data, we also generate a list of text descriptions including
(1) lane marking information in front of the car; (2) lane
marking information behind the car; (3) stop line informa-
tion around the car; (4) road sign information in front of the
car; (5) road sign information behind the car; (6) cross zone
around the car; (7) intersection zone around the car; (8) lane
change zone around the car.

In the second phase, we hired another annotation team to
verify the data caption annotation and create 13,775 new
question-answer annotations from MAPLM as MAPLM-
QA. Question-answer pairs target various tag dimensions,
such as scene type, number and attributes of lanes, presence
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Zbev = Wbev · fbev(ϕbev(BEV(Xpc))), Zbev ∈ Rd×kbev

(6)
where fbev is the pretrained BEV visual encoder. Wbev is

the projection matrix of the adaptor layer. d is the dimension
of the LLM embedding. kbev is the number of BEV visual
tokens.

Question-Answer with Visual Features and HD Map
Captions. For a sequence of length L, the autoregressive
encoder in the LLM for generation answer is as follows:

P (Ŷ |Zv, Zbev, Xhd, Xq) =

L∏
i=1

P (yi|Zv, Zbev, Xhd, Xq,<i, Ŷ<i; θ)
(7)

where Xq,<i is all of the question tokens (the whole
question) before yi. Ŷ<i is all answer tokens before yi. P is
the conditional probability and θ is the trainable parameter
in LLMs. In our experiment, we adopt Low-Rank Adapta-
tion (LoRA) [25] to finetune the LLM models.

4.3. Training

Inspired by LLaVA [33] and InstructBLIP [12], MAPLM
multi-modal baseline proposed a two-stage training strat-
egy. The first stage is the pretraining of the CLIP visual en-
coder for BEV images. To balance modality coverage and
pretraining efficiency, we merge and filter the 2M image-
HD map information pairs to remove duplicated and sim-
ilar road trajectories and finalize them to 510K image-text
pairs. Then we used cleaned data to train the CLIP’s visual
encoder for BEV images. In the following experiment, we
freeze the weights of both panoramic 2D images and BEV
images’ CLIP visual encoder.

In the second stage, we keep the CLIP weights frozen
and focus on training both the panoramic 2D image and
BEV image adaptor layers (projection layers) between the
CLIP visual encoder and LLM. The adaptor layers for
panoramic 2D images use the same initial weight from
LLaVA [33]. The trainable parameters in the second stage
are Wbev , Wv , and LoRA weight in the LLM.

5. Experiments and Results
Our experiment is designed to set up and test visual-
language baselines and state-of-the-art methods on the pro-
posed MAPLM-QA benchmark for all metrics.

5.1. Experimental Setting

We used the 510K image-text pairs data from MAPLM to
pretrain the CLIP visual encoder. The MAPLM-QA dataset
for instruction tuning is split into the train/validation/test

Hyperparameters Pretraining Finetuning

batch size 16 2
learning rate 1e-4 1e-5
lr scheduler cosine decay [35] cosine decay [35]
lr warmup ratio 0.05 0.05
epoch 2 10
optimizer AdamW [29] AdamW [29]

Table 3. Hyperparameters setup. The rank in LoRA in the experi-
ment is 128.

set with 10775/1500/1500 frames, respectively, for all three
tasks. For GPT-4V models, we used the official model
API gpt-4-vision-preview (Access Date: Nov. 2023). All
frames sent to GPT-4V include panoramic 2D images and
one LiDAR BEV projection image. 0-shot in Table 4 means
no additional data from the training set are provided to
GPT-4 in the input prompt. 5-shot means 5 frames and
QA annotations from the training set are provided to the
input prompt as reference. For instruction tuning models,
all models use LLaMA-2-7B [59] or Vicuna-7B [7] as the
LLM. We pretrain and finetune them following the setups
in Table 3 with 8 NVIDIA V100 GPUs in CLIP pretrain-
ing and 2 NVIDIA A100 GPUs for finetuning. Besides, to
solve the class imbalance problem during baseline model
finetuning, we randomly remove some questions based on
their frequency of occurrence for each training epoch in the
MAPLM-QA dataset.

5.2. Results

Table 4 shows the quantitative comparison between zero-
shot / few-shot GPT-4V [44] and instruction tuning-based
VLMs. Table 5 is the ablation study to compare the GPT-4V
(zero-shot) and baseline model’s performance when using
different modalities as input. GPT-4V [44] is the recently
released cutting-edge VLM, which opens up new vistas for
research and development. LLaVA [33] is an open-source
VLM that showed strong multimodal chat abilities in vari-
ous QA benchmarks [36]. After comparing these methods,
we can observe that:

• Though it performed well in previous open-source
datasets [65], GPT-4V demonstrated challenges in dis-
tinguishing the number of lanes in the MAPLM-QA test
set. Sometimes, it generates incorrect responses to count
lanes. These lane hallucination problems are likely due
to the lack of relevant traffic scene reasoning information
during model training [83].

• Initial weights of LLMs for visual instruction tuning will
influence the multi-modal model’s capability to learn traf-
fic and map-related features.

• Using LoRA can improve the performance of visual in-
struction tuning for the MAPLM-QA benchmark.

• Both GPT-4V and baseline method’s FRM and QNS in-
crease when adding more modalities.
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