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Abstract. In this paper, we introduce Mask2Map, a novel end-to-end
online HD map construction method designed for autonomous driving
applications. Our approach focuses on predicting the class and ordered
point set of map instances within a scene, represented in the bird’s
eye view (BEV). Mask2Map consists of two primary components: the
Instance-Level Mask Prediction Network (IMPNet) and the Mask-Driven
Map Prediction Network (MMPNet). IMPNet generates Mask-Aware
Queries and BEV Segmentation Masks to capture comprehensive seman-
tic information globally. Subsequently, MMPNet enhances these query
features using local contextual information through two submodules:
the Positional Query Generator (PQG) and the Geometric Feature Ex-
tractor (GFE). PQG extracts instance-level positional queries by em-
bedding BEV positional information into Mask-Aware Queries, while
GFE utilizes BEV Segmentation Masks to generate point-level geomet-
ric features. However, we observed limited performance in Mask2Map
due to inter-network inconsistency stemming from different predictions
to Ground Truth (GT) matching between IMPNet and MMPNet. To
tackle this challenge, we propose the Inter-network Denoising Training
method, which guides the model to denoise the output affected by both
noisy GT queries and perturbed GT Segmentation Masks. Our evaluation
conducted on nuScenes and Argoverse2 benchmarks demonstrates that
Mask2Map achieves remarkable performance improvements over previ-
ous state-of-the-art methods, with gains of 10.1% mAP and 4.1% mAP ,
respectively. Our code can be found at https://github.com/SehwanChoi
0307/Mask2Map

Keywords: Online HD Map Construction · Instance Segmentation ·
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1 Introduction

High-definition (HD) maps are considered pivotal elements in ensuring safe and
effective navigation for autonomous vehicles [1,8,10,11,19]. They facilitate pre-
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Fig. 1: Comparison of several online HD map construction methods: (a)
Segmentation-based decoding, (b) detection-based decoding, (c) learnable query-based
decoding, (d) proposed Mask2Map. Our Mask2Map utilizes Mask-Aware Queries to
capture global-scale semantic information about a scene, enabling the generation of
vectorized HD map components through subsequent query decoding.

cise planning and obstacle avoidance by providing detailed positional and se-
mantic information about map instances. HD map has traditionally been con-
structed offline utilizing Simultaneous Localization and Mapping (SLAM)-based
methods [33, 34, 42], involving complex processes that require significant labor
intensity and economic costs. In addition, this approach is limited in its ability to
provide timely updates in response to changing road conditions. Recent research
has moved towards learning-based online HD map construction using onboard
sensors, focusing on the generation of local maps around an autonomous vehicle.
This approach eliminates costly management of HD maps, allowing immediate
updates to reflect current road conditions and expansion to new locations.

Early works viewed the map construction as a semantic segmentation chal-
lenge [18,25,27,28,31,32,37,43,44] based on bird’s-eye view (BEV) representation
obtained from various sensors. They predicted the class label for each pixel in
a raster format, avoiding the complexity of generating precise vector contours.
While this method provides semantic map information, delineating map com-
ponents of various classes, it falls short in capturing the precise key locations
and their structural relations. Hence, its outputs are not suitably formatted for
direct application to downstream tasks, such as motion forecasting [7, 13] and
planning [3]. To overcome this limitation, online generation of vectorized HD
map have been studied in [9,17,20,21,24,35,38,40]. These methods are capable
of directly producing vectorized map entities, a common feature in HD maps.

To date, various online HD map construction methods have been proposed.
As depicted in Fig. 1 (a), the segmentation-based decoding method [17] was
initially proposed, which involved semantic segmentation followed by the gen-
eration of vectorized maps using heuristic post-processing algorithms. However,
this approach required significant processing time. The detection-based decod-
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ing method [24] identified key points corresponding to various instances and
then generated vectorized map components sequentially, as shown in Fig. 1 (b).
Nonetheless, relying solely on key points may not adequately capture the di-
verse shapes of instances, thus hindering the generation of accurate HD maps.
Recently, various learnable query-based decoding methods were proposed [9,20,
21, 38, 40], which directly predicted vectorized map components by decoding
learnable queries from the BEV features in parallel, as illustrated in Fig. 1 (c).
Since initial learnable queries are unrelated to a given scene, they restrict the
ability to simultaneously capture the semantic and geometric information of map
instances in complex scenes.

In this study, we introduce a novel end-to-end HD map construction frame-
work, referred to as Mask2Map. As illustrated in Fig. 1 (d), Mask2Map dis-
tinguishes itself from existing approaches by leveraging segmentation masks de-
signed to differentiate between different classes of instances in the BEV domain.
The proposed Mask2Map architecture comprises two networks: an Instance-Level
Mask Prediction Network (IMPNet) and a Mask-Driven Map Prediction Network
(MMPNet). Initially, IMPNet constructs Multi-scale BEV Features from sensor
data and generates Mask-Aware Queries to capture the semantic features of
instances from a global perspective. Following the framework of the instance
segmentation model, Mask2Former [5], we devise Mask-Aware Queries capable
of generating BEV Segmentation Masks associated with instances of different
classes in the BEV domain. Subsequently, based on the Mask-Aware Queries pro-
vided by IMPNet, MMPNet dynamically predicts the ordered point set of map
instances from a local perspective in the BEV domain. In a nutshell, MMPNet
focuses on the generation of coherent and refined map components by leveraging
comprehensive semantic scene information obtained from IMPNet.

We introduce several innovative approaches to enhance accuracy in predict-
ing HD maps. First, we devise the Positional Query Generator (PQG), which
generates instance-level positional queries capturing comprehensive location in-
formation to enhance Mask-Aware Queries. Second, while most existing methods
construct the HD map without considering the point-level information of each
map instance, we introduce the Geometric Feature Extractor (GFE) to capture
the geometric structure for each instance. GFE processes the BEV Segmentation
Masks to extract point-level geometrical features for map instances from BEV
features. Third, we observe limited performance in Mask2Map due to inter-
network inconsistency when the queries from IMPNet and those from MMPNet
are associated with GTs from different instances. To address this problem, we
propose an Inter-network Denoising Training strategy [15, 41]. This approach
utilizes noisy GT queries and perturbed GT Segmentation Masks as input to
IMPNet and guides the model to counteract the noise, thereby ensuring inter-
network consistency and enhancing the performance of HD map construction.

We evaluate the proposed Mask2Map on multiple challenging benchmarks,
including nuScenes [2] and Argoverse2 [36]. Our Mask2Map achieves remark-
able performance gains over the previous state-of-the-art (SOTA) methods on
both benchmarks. In particular, on nuScenes benchmark, Mask2Map achieves
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71.6% mAP , outperforming previous best camera-based method MapTRv2 [21]
by 10.1% mAP . In the rasterization-based evaluation metric [40], Mask2Map
achieves 54.7% mAP SOTA performance, more than 18.0% mAP higher than
MapTRv2. On Argoverse2 benchmark, Mask2Map outperforms MapTRv2 by
4.1% mAP with the same backbone ResNet50 [12].

The contributions of this study are summarized as follows:

– We present Mask2Map, a new framework for online HD map construction.
Our model captures semantic information at the instance-level from the scene
and uses it to generate fine-grained map components subsequently. We in-
tegrate a key element from Mask2Former [5]: the Mask-Aware Query, re-
designed to extract semantic masks in the BEV domain.

– We design a mask-guided hierarchical feature extraction architecture to effi-
ciently encode instance-level positional information and point-level geometric
information of map instances.

– We present an Inter-network Denoising Training strategy that uses noisy
GT queries and perturbed GT Segmentation Masks to ensure inter-network
consistency and boost the performance of HD map construction.

2 Related Works

BEV Segmentation Methods. The BEV segmentation task refers to the task
of gathering information about the static environment surrounding a vehicle
using sensor data. Recently, many BEV segmentation methods have adopted
learning-based approaches, utilizing robust deep learning backbone models de-
veloped for 3D perception [18,25,27,28,31,32,37,43,44].

These methods typically extract BEV features from sensor data and perform
semantic segmentation on the BEV domain using rasterized images of static
scenes as GT. Lift-Splat-Shoot (LSS) [28] transformed features extracted from
multi-view cameras into 3D features using predicted depth information and then
generated BEV representation by pooling these features. CVT [44] used cross-
view attention to learn geometric transformations from perspective view to BEV
domain using camera-aware positional embedding. BEVFormer [18] modeled
BEV representations unified by interacting with spatial and temporal infor-
mation through predefined grid-shaped BEV queries. BEVSegFormer [27] con-
ducted BEV semantic segmentation by employing a deformable cross-attention
module, which generated dense semantic queries from multi-view camera features
without relying on camera intrinsic and extrinsic parameters.
Vectorized HD Map Construction Methods. Recently, online HD map con-
struction methods have received much attention for their potential to replace HD
maps in autonomous driving and provide useful information for robot planning
and localization. These methods predicted detailed map instances surrounding
an ego vehicle using sensor data in real-time [9, 17,20,21,24,30,35,38,40].
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HDMapNet [17] produced vectorized HD maps using a semantic segmenta-
tion model with BEV features and a post-processing method to refine the result.
However, this approach demands significant computation time. To enhance pro-
cessing efficiency, query-based methods have been introduced, which leveraged
Transformer attention to decode scenes and directly predict sequences of ordered
points for map instances. VectorMapNet [24] introduced a two-stage framework
that first detects bounding boxes of map instances and then sequentially pre-
dicts the points of each instance with an auto-regressive decoder. MapTR [20]
leveraged the architecture of DETR [45] to represent map instances as ordered
point sets and encode them using hierarchical queries for a Transformer decoder.
MapTRv2 [21] further extended its capability by using depth supervision to learn
3D geometric information and conducting semantic segmentation on both per-
spective views and BEV. MapVR [40] generated a vectorized map for each map
instance and subsequently transformed it into a rasterized map using a differen-
tiable rasterizer, providing instance-level segmentation supervision. PivotNet [9]
predicted map instances by generating an ordered list of pivotal points that are
crucial for capturing the overall shapes of map components.
Denoising Training Strategy. Perception models based on the DETR archi-
tecture [4–6, 23, 26, 45] have adopted query-based prediction using Transformer
architecture, assigning GT labels to predictions via bipartite matching to ensure
proper supervision. However, such assignments can occasionally result in incon-
sistencies in matching across epochs or layers [15,41]. For instance, different GT
labels may be assigned to the same query over different epochs, consequently
resulting in slower convergence and decreased performance.

To address this challenge, DN-DETR [15] introduced a denoising training
strategy. This strategy integrates queries derived from noisy ground truth (GT)
bounding boxes into the existing queries of the DETR decoder, assigning the
task of predicting GT bounding boxes from these GT queries. This approach
has proven effective in stabilizing bipartite matching across training epochs. MP-
Former [41] addressed the issue of inconsistent mask predictions occurring be-
tween consecutive decoder layers. MP-Former employed a mask-piloted training
approach that utilized both GT queries and GT masks intentionally corrupted
with noise to alleviate the negative impact of inaccurate mask predictions. Mask
DINO [16] introduced a unified denoising training framework that enhanced the
stability of multi-task learning for object detection and segmentation tasks.

3 Method

In this section, we present the details of the proposed HD map construction
method, Mask2Map.

3.1 Overview

An overall architecture of the Mask2Map is depicted in Fig. 2. The Mask2Map
architecture comprises two networks: IMPNet and MMPNet. First, IMPNet gen-
erates Mask-Aware Queries capturing holistic semantic information from a global



6 S. Choi et al.

Mask-Aware Query Generator

Positional Query Generator

Geometric Feature Extractor

Mask-Guided Map Decoder

Thresholding

Max Survival

FPS

Multi-scale BEV FeatureBEV Seg. Mask

Mask-Driven Map Prediction Network

Input Images Multi-scale BEV Feature

Encoder

Instance-Level Mask Prediction Network (IMPNet)

Learnable Instance Query 

Mask-Aware 
Query 

Generator

Mask-Driven Map Prediction Network (MMPNet)

Multi-scale BEV Feature

Transformer 
Decoder

BEV Seg. 
Mask

Mask-Aware
Query

: Concatenation

: Summation

: Dot product

Positional 
Embedding

Learnable
Point Query

Mask-Aware
Query

BEV Seg. 
Mask

MLPMLP

Deformable
Transformer

C
ro

ss
A

tten
tio

n

Mask-Aware
Hybrid Query

Positional
Query

GT 
Query

Learnable
Query

Key,
Value

Query

Positional
Query

Generator

Geometric 
Feature 

Extractor

Mask-Guided
Map Decoder

Average
Pooling

Mask-Aware Query 

BEV Seg. Mask

: Element-wise
product

C

C

C

Fig. 2: Overall structure of Mask2Map. The Mask2Map system consists of IMP-
Net and MMPNet. IMPNet generates Mask-Aware Queries and BEV Segmentation
Masks using Multi-scale BEV Features extracted from sensor data. Then, MMPNet
predicts the class and ordered point set of map instances using PQG, GFE, and Mask-
Guided Map Decoder. Both PQG and GFE generate semantic geometrical features
on the map instances, and the Mask-Guided Map Decoder constructs vectorized maps
based on these features.

perspective. Subsequently, MMPNet constructs a more detailed vectorized map
from a local perspective using geometric information acquired through PQG and
GFE.

3.2 Instance-Level Mask Prediction Network (IMPNet)

IMPNet consists of BEV Encoder and Mask-Aware Query Generator. BEV En-
coder extracts Multi-scale BEV Features from the sensor data and Mask-Aware
Query Generator produces Mask-Aware Queries, which are subsequently used to
generate BEV Segmentation Masks.

BEV Encoder. IMPNet generates BEV features by processing multi-view cam-
era images, LiDAR point clouds, or a fusion of both modalities. Multi-view
camera images are transformed into BEV representation utilizing the LSS oper-
ation [28]. LiDAR point clouds are converted into BEV representation through
voxel encoding [39]. When integrating both camera and LiDAR sensors for fu-
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sion, BEV features extracted from both modalities are concatenated and passed
through additional convolutional layers.

Next, BEV Encoder produces BEV features of multiple scales through down-
sampling layers. These multi-scale features are then jointly encoded using the De-
formable Transformer Encoder [45] to encode relations between Multi-scale BEV
Features. This process yields Multi-scale BEV Features FBEV = {FBEV

l }Sl=1,
where l denotes the scale index and S represents the total number of scales. The
scale index of l = 1 represents the smallest scale, whereas l = S signifies the
largest scale. We denote H and W as the height and width of the BEV feature
FBEV
S at the largest scale.

Mask-Aware Query Generator. Mask-Aware Query Generator extracts Mask-
Aware Queries from Multi-scale BEV Features using the Mask Transformer
proposed in Mask2Former [5]. The Mask-Aware Queries are initialized with
learnable vectors and are decoded through M layers of the Transformer de-
coder. Given Multi-scale BEV Features FBEV and the BEV Segmentation Masks
Mm−1 = {Mi,m−1}NI

i=1 obtained at the (m − 1)-th decoding layer, the Mask-
Aware Queries qmask

m−1 = {qmask
i,m−1}

NI
i=1 are updated as

M̂m−1 =

{
0 if Mm−1 > τM

−∞ otherwise
(1)

Qm = qmask
m−1W

Q, Km = FBEV
m WK , Vm = FBEV

m WV (2)

qmask
m = softmax(M̂m−1 +QmKT

m)Vm + qmask
m−1 , (3)

where τM denotes a threshold, NI denotes the number of the Mask-Aware
Queries, and WQ, WV , and WK are learnable weight matrices. Finally, the
BEV Segmentation Masks Mm are obtained by applying dot product between
BEV feature FBEV

S of the largest scale and the Mask-Aware Queries qmask
m along

the channel axis. Then the sigmoid function is applied to normalize the BEV
Segmentation Masks. These BEV Segmentation Masks are then fed back into
the next decoding layer for further refinement. After M decoding layers, IMPNet
ends up with the final Mask-Aware Queries qmask = qmask

M and the BEV Segmen-
tation Masks MBEV = MM , which are delivered to the subsequent MMPNet.

3.3 Mask-Driven Map Prediction Network (MMPNet)

MMPNet comprises three main components: the Positional Query Generator,
the Geometric Feature Extractor, and the Mask-Guided Map Decoder. The Po-
sitional Query Generator injects positional information to enhance Mask-Aware
Queries, while the Geometric Feature Extractor processes the BEV Segmenta-
tion Masks to extract geometrical features from the BEV feature. Finally, the
Mask-Guided Map Decoder predicts both the class and coordinates of ordered
points for map instances using the features provided by the Positional Query
Generator and Geometric Feature Extractor.
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Positional Query Generator. While Mask-Aware Queries carry semantic
information about map instances, they lack positional information. To enable
MMPNet to generate coordinates of points for map instances, it is essential
to integrate positional information in the BEV domain into the Mask-Aware
Queries. PQG initially derives the sparsified BEV mask from the BEV Segmen-
tation Mask MBEV,

M̂PQG =

{
MBEV if MBEV > τP

0 otherwise
. (4)

PQG injects the 2D positional embedding PE to the sparsified BEV mask
M̂PQG

i , where PE is generated by sinusoidal functions [4]. Then, the positional
queries fpos

i is obtained by applying average pooling in both x and y domains,
i.e.,

fpos
i =

1

N i
nz

H∑
x=1

W∑
y=1

(M̂PQG
i (x, y)⊗ PE(x, y)), (5)

where i ∈ [1, NI ], N i
nz denotes the number of non-zero pixels in M̂PQG

i and ⊗ is
the element-wise product. The positional queries fpos are concatenated with the
Mask-Aware Queries qmask to generate the Combined Positional Queries f̂

pos
.

Next, the Combined Positional Query f̂pos
i is used to produce NP point-level

features for the i-th map instance. Towards this goal, PQG replicates f̂pos
i NP

times and adds them with NP Learnable Point Queries q1, ..., qNP
, generating

the PQG Query Features qPQG
i = {qPQG

i,j }NP
j=1,

qPQG
i,j = f̂pos

i + qj , (6)

where i ∈ [1, NI ] and j ∈ [1, NP ]. Note that the learnable queries q1 through qNP

give the Mask-Aware Queries an idea of the sequential order of points generated
for the i-th map instance. The resulting PQG Query Features qPQG

i are delivered
to the Mask-Guided Map Decoder.

Geometric Feature Extractor. GFE generates point-wise features that cap-
ture the geometric structure of map instances. Initially, using the threshold τG,
GFE produces the sparsified BEV mask M̂

GFE
from the BEV Segmentation

Mask MBEV. To generate point-wise geometric features, GFE samples NS key
pixels from the sparsified BEV mask M̂GFE

i . First, we employ the Max Survival
method, which selects the strongest pixel from the non-overlapping window of
size G×G sliding on M̂GFE

i while setting the remaining pixels to zero. Next, we
apply the Farthest Point Sampling (FPS) method [29] to iteratively select the
output of the Max Survival method and identify NS key points. Finally, based on
the positions of the NS key points, NS features are pooled from the BEV features
FBEV
S of the largest scale. Concurrently, the (x, y) coordinates of these NS key

points are encoded using a Multi-Layer Perceptron (MLP). These two features
are concatenated, resulting in the GFE Features denoted as fGFE

i = {fGFE
i,j }NS

j=1.
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(a) (b) (c)
Fig. 3: Illustration of proposed Map Noise method. (a) The blue polygon de-
notes a vectorized GT of a pedestrian crossing. (b) The pink polygon represents a GT
Segmentation Mask without noise. (c) The red polygon represents the result of adding
Map Noise to the GT Segmentation Mask.

Mask-Guided Map Decoder. The Mask-Guided Map Decoder predicts the
class and sequence of ordered points for vectorized map components based on
PQG Query Features qPQG

i and GFE Features fGFE
i . By using qPQG

i as queries
and fGFE

i as keys and values, the cross-attention module produces Mask-Aware
Hybrid Queries qHybrid

i = {qHybrid
i,j }NP

j=1. These queries are subsequently decoded
by a Deformable Transformer [45], utilizing the Multi-scale BEV Features FBEV

as values. Finally, the prediction heads predict instance classification scores and
normalized BEV coordinates for each map instance through the classification
and regression heads, respectively.

3.4 Inter-network Denoising Training

Mask2Map passes Mask-Aware Queries from IMPNet to MMPNet for hierar-
chical refinement of instance features. To ensure efficient training, we assign
instance segmentation loss for IMPNet and map construction loss for MMPNet.
Following the training strategy suggested in [4], queries used by IMPNet and
those by MMPNet should be matched to their respective GT through bipartite
matching. However, inconsistencies in this matching process can occur when the
queries used in both IMPNet and MMPNet are matched with GTs associated
with different instances. We observe that this inter-network inconsistency tends
to cause slower convergence and diminished performance.

To address this issue, we adopt a denoising training strategy [41]. The key
idea is to merge noisy GT Queries, which are derived from each GT instance,
into the learnable queries within IMPNet. (see Fig.2). Our model is trained
to denoise these queries by directly matching them with their corresponding
GTs. This is contrasted with the learnable queries, which are matched to the
GTs through bipartite matching. Thus, this strategy is called Inter-network De-
noising Training. This process guides the model to establish a correspondence
between the queries used in IMPNet and MMPNet, effectively mitigating inter-
network inconsistency. Additionally, alongside GT Queries, we also generate GT
Segmentation Masks, which replace the BEV Segmentation Masks for IMPNet.

We generate GT Queries by assigning one of the C class embedding vectors
corresponding to a GT class of each instance, where C denotes the number
of classes. We add a flipping noise by randomly replacing the class embedding
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vector with one of other classes at a probability of λ. Simultaneously, we also
generate perturbed GT Segmentation Masks by adding Map Noises to a sequence
of ordered points of each instance and rasterize them, as shown in Fig. 3 (c).

The combination of the noisy GT Queries and learnable queries is referred
to as Learnable Instance Queries. Instead of utilizing BEV Segmentation Masks,
we exclusively employ the perturbed GT Segmentation Masks for noisy GT
Queries. The noisy GT Queries pass through both IMPNet and MMPNet and
their prediction results are matched with the corresponding GTs without the
bipartite matching.

3.5 Training Loss

The total loss L used to train Mask2Map is given by

L = Lseg + Lmap + Laux + Ldn, (7)

where Lseg is the loss term for training IMPNet on a BEV segmentation task,
Lmap is the loss term for training MMPNet on a map construction task, Laux is
the auxiliary loss term, Ldn is the loss term for Inter-network Denoising Training.

We use bipartite matching with Hungarian solver to assign the queries used
by IMPNet and those by MMPNet to their respective GTs. Based on the as-
signment, we calculate the Lseg and Lmap. We adopt [5] to obtain the loss term
Lseg. The loss term Lmap consists of L1 loss for regression of vectorized map
instances, focal loss [22] for the classification of instances, and cosine similarity
loss between the direction calculated from adjacent points of GT and the one
from the predictions. The auxiliary loss term Laux calculates the error for depth
estimation and 2D map semantic segmentation tasks conducted on the camera
perspective-view features [21]. The loss term Ldn is the summation of two terms,
each corresponding to the loss used in IMPNet and MMPNet without bipartite
matching between GT and predictions for noisy GT Queries.

4 Experiments

4.1 Experimental Settings

Datasets. Both nuScenes [2] and Argoverse2 [36] datasets are real-world driving
datasets that provide HD map labels annotated by hand. The nuScenes dataset
consists of 28K frames for training set and 6K frames for validation set. Each
frame is annotated at 2Hz from six surrounding RGB cameras and a 32-beam
LiDAR covering 360◦ field of view. The Argoverse2 dataset contains training set
of 110K frames and validation set of 24K frames. Annotations for keyframes are
presented at 10hz with 7 ring cameras and two 32-beam LiDARs.
Evaluation Metrics. We define the perception range [−15.0m, 15.0m] for the
lateral direction and [−30.0m, 30.0m] for the longitudinal direction. Following
prior works [9,20,21,24,38,40], we categorize map instances into three types for
HD map construction: Pedestrian Crossing, Lane Divider, and Road Boundary.
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We adopt two evaluation metrics: Average Precision (AP) based on Chamfer
distance proposed in [17] and AP based on rasterization proposed in [40]. We
primarily utilize the Chamfer distance metric, using thresholds of 0.5, 1.0, and
1.5 meters for mean AP (mAP ). For rasterization-based mean AP (mAP †),
we measure intersection over union for each map instance, with thresholds set
{0.50, 0.55, ..., 0.75} for pedestrian crossings and {0.25, 0.30, ..., 0.50} for line-
shaped elements. To further evaluate the matching consistency ratio of inter-
network, we use the Query Utilization (Util) metric proposed by [41], which
calculates the consistency ratio of GT matches in MMPNet’s first decoder layer
with the matches in IMPNet’s last layer.
Implementation Details. We adopted ResNet50 [12] for image backbone net-
works. For nuScenes, images with dimensions of 1600×900 were resized by a 0.5
ratio. In the case of Argoverse2, seven images with dimensions of 1550×2048
for the front view, and others with dimensions of 2048×1550 were padded to
2048×2048 before being resized by a 0.3 ratio. The LiDAR point clouds were
voxelized with a voxel size of 0.1, 0.1, and 0.2. The voxel features were ex-
tracted by SECOND [39]. We employed six BEV encoder layers and three mask
Transformer layers in IMPNet. We employed six Transformer decoder layers in
MMPNet. The thresholds for BEV Segmentation Mask, τM , τP , and τG were set
to 0.5, 0.3, and 0.8, respectively. We configured the number of instance queries
to 50 and the number of point queries to 20. In GFE, we set the window size (G)
for the Max Survival method to 4 and the number of sampling points (NS) to 20.
The flipping noise probability λ was set to 0.2. For optimization, we employed
AdamW with a weight decay of 0.01 and utilized cosine annealing as a scheduler.
The initial learning rate was set to 6e-4. Our model was trained on 4 RTX3090
GPUs with batch size 4 per GPU.

4.2 Performance Comparison

Results on nuScenes. Table 1 presents the comprehensive performance anal-
ysis of Mask2Map on the nuScenes validation set [2], utilizing the Chamfer dis-
tance metric. Mask2Map establishes a new state-of-the-art performance, exhibit-
ing substantial improvements over existing methods [9,17,20,21,24,30,40]. When
using camera input only, Mask2Map achieves noteworthy results of 71.6% mAP
at 24 epochs and 74.6% mAP at 110 epochs, outperforming the previous state-
of-the-art model, MapTRv2 [21], by 10.1% mAP and 5.9% mAP , respectively.
When using camera-LiDAR fusion, Mask2Map achieves the performance gain
of 9.4% mAP over MapTRv2. Table 2 evaluates the performance of Mask2Map
based on a rasterization-based metric. Notably, our Mask2Map method achieves
a remarkable performance gain of 18.0 mAP over MapTRv2.
Results on Argoverse2. Table 3 presents the performance evaluation of sev-
eral HD map construction methods [20, 21, 24, 40] on the Argoverse2 validation
set [36]. The proposed Mask2Map demonstrates significant performance improve-
ments compared to existing models. Mask2Map surpasses the current leading
method, MapTRv2, by 4.1% mAP , demonstrating that our model achieves the
consistent performance across different scenarios.
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Table 1: Comparison with SOTA methods on the nuScenes validation set. FPSs are
measured on the same machine equipped with RTX3090. The "-" denotes that the as-
sociated results are not available. "C" and "L" respectively denote camera and LiDAR.
The "R50", "PP" and "Sec" respectively correspond to ResNet50 [12], PointPillars [14],
and SECOND [39].

Method Modality Backbone Epoch APped APdivider APboundary mAP FPS

MapTR [20] C R50 24 46.3 51.5 53.1 50.3 15.1
MapVR [40] C R50 24 47.7 54.4 51.4 51.2 15.1
PivotNet [9] C R50 24 56.2 56.5 60.1 57.6 -
BeMapNet [30] C R50 30 57.7 62.3 59.4 59.8 -
MapTRv2 [21] C R50 24 59.8 62.4 62.4 61.5 14.1
Ours C R50 24 70.6 71.3 72.9 71.6 10.1
VectorMapNet [24] C R50 110 36.1 47.3 39.3 40.9 2.2
MapTR [20] C R50 110 56.2 59.8 60.1 58.7 15.1
MapVR [40] C R50 110 55.0 61.8 59.4 58.8 15.1
MapTRv2 [21] C R50 110 68.1 68.3 69.7 68.7 14.1
Ours C R50 110 73.6 73.1 77.3 74.6 10.1
VectorMapNet [24] C+L R50 & PP 110 37.6 50.5 47.5 45.2 -
MapTR [20] C+L R50 & Sec 24 55.9 62.3 69.3 62.5 6.0
MapVR [40] C+L R50 & Sec 24 60.4 62.7 67.2 63.5 6.0
MapTRv2 [21] C+L R50 & Sec 24 65.6 66.5 74.8 69.0 5.8
Ours C+L R50 & Sec 24 76.5 76.6 82.1 78.4 4.1

Table 2: Comparison of SOTA meth-
ods on nuScenes validation set with
rasterization-based metric. All models use
camera modality for input and ResNet50
[12] as backbones. The "∗" indicates re-
sults reproduced using public codes.

Method Epoch AP †
ped AP †

divider AP †
boundary mAP †

MapTR [20] 24 32.4 23.5 17.1 24.3
MapVR [40] 24 37.5 33.1 23.0 31.2
MapTRv2∗ [21] 24 49.9 34.7 25.7 36.7
Ours 24 62.9 52.3 48.9 54.7

Table 3: Comparison with state-of-the-
art methods on the Argoverse2 validation
set. All of the presented results derive from
models trained using camera data as the
input.

Method Backbone APped APdivider APboundary mAP

HDMapNet [17] EB0 13.1 5.7 37.6 18.8
VectorMapNet [24] R50 38.3 36.1 39.2 37.9
MapTR [20] R50 54.7 58.1 56.7 56.5
MapVR [40] R50 54.6 60.0 58.0 57.5
MapTRv2 [21] R50 62.9 72.1 67.1 67.4
Ours R50 68.1 72.7 73.7 71.5

4.3 Ablation Study

We conducted an ablation study to evaluate the contributions of the core ideas of
Mask2Map. Camera-only input and ResNet50 [12] backbone were used in these
experiments. Training was conducted on 1/4 of the nuScenes training dataset
for 24 epochs. Evaluation was performed on the entire validation set.
Contributions of Main Components. Table 4 demonstrates the impact of
each component of Mask2Map. We evaluated performance by adding each com-
ponent one by one. The first row represents a baseline model using an LSS-based
BEV encoder for extracting BEV features and Deformable attention for predict-
ing vectorized map instances [21]. When adding IMPNet into the baseline model,
we notice a substantial 5.9% increase in mAP , indicating that the inclusion of
Mask-Aware Queries, capable of generating instance segmentation results, sig-



Mask2Map 13

Table 4: Ablation study of main compo-
nents of Mask2Map

APped APdivider APboundary mAP

Baseline 30.1 41.5 46.6 39.4
+IMPNet 42.7 45.3 48.1 45.3
+MMPNet 45.7 47.0 54.4 49.1
+Denoising 52.9 55.5 58.5 55.6

Table 5: Ablation study for evaluating the
contributions of MMPNet’s submodules

PQG GFE APped APdivider APboundary mAP

47.6 51.1 53.8 50.8
✓ 49.7 54.2 57.8 53.9

✓ 49.9 55.6 57.2 54.2
✓ ✓ 52.9 55.5 58.5 55.6

Table 6: Ablation study for evaluating the
effect of Inter-network Denoising Training

Denoising Util APped APdivider APboundary mAP

24.7 45.7 47.0 54.4 49.1
✓ 74.7 52.9 55.5 58.5 55.6

Table 7: Ablation study for Map Noise
applied to GT Segmentation Masks

Map Noise APped APdivider APboundary mAP

49.7 56.1 58.6 54.8
✓ 52.9 55.5 58.5 55.6

nificantly boosts the performance of HD map construction. Furthermore, the
addition of MMPNet results in a further improvement of 3.8% mAP , underscor-
ing the significant contribution of injecting positional and geometric information
of map instances through BEV Segmentation Masks. Lastly, our Inter-network
Denoising Training offers a 6.5% additional increase in mAP , emphasizing its
effectiveness in enhancing performance.
Contributions of MMPNet’s Submodules. In our investigation detailed in
Table 5, we explored the contributions of PQG and GFE. GFE alone contributes
to a notable 3.1% increase in mAP over the baseline, while PQG alone yields a
3.4% improvement in mAP . The combination of PQG and GFE further enhances
performance by 4.8% mAP , demonstrating their complementary effects.
Effect of Inter-network Denoising Training on Matching Consistency.
We further investigate the impact of Inter-network Denoising Training. As de-
picted in Table 6, Inter-network Denoising Training drastically increases the
matching ratio Util from 24.7% to 74.7%, which is translated into a substantial
6.5% increase in overall mAP performance. This demonstrates that our Inter-
network Denoising Training effectively mitigates the inconsistency in query-to-
GT matching between IMPNet and MMPNet, as intended.
Impact of Noise in Inter-network Denoising Training. In Table 7, we
explore the effect of Map Noise used in the Inter-network Denoising Training.
We compare our method with a baseline using GT Segmentation Masks without
Map Noise. Our findings show that adding Map Noise to GT results in a 0.8%
improvement in mAP over the baseline, indicating the benefit of this approach.

4.4 Qualitative Analysis

Qualitative Results. Fig. 4 presents the qualitative results produced by the
proposed Mask2Map. We compare our method with the current SOTA, Map-
TRv2. Note that Mask2Map yields notably better map construction results than
MapTRv2. More qualitative results are provided in Supplementary Material.
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Surrounding Views GT Ours

Lane Divider Road Boundary Ped. Crossing

MapTRv2

Fig. 4: Qualitative results on the nuScenes validation set. We compared our
method with MapTRv2. The regions marked by a red ellipse and rectangle emphasize
the superior results generated by our proposed model.

5 Discussion and Conclusion

Limitations and Future Work. As for future work, we consider improving
Mask2Map in two aspects. (i) Temporal information is known to improve the
reliability of results in autonomous driving perception tasks. However, our model
currently relies solely on input from the current frame, which may lead to per-
formance degradation in scenes occluded by objects. Temporal fusion methods
through queries or BEV features of previous frames may provide promising paths
toward addressing this limitation. (ii) Our experiments showed that Mask2Map’s
FPS decreased compared to the current SOTA, MapTRv2 [21], in exchange for
substantial performance gains. To meet real-time requirements, we consider em-
ploying model compression and optimization methods. These techniques will be
a promising avenue to improve the FPS without sacrificing performance.

Conclusion. In this paper, we introduced an end-to-end online HD map con-
struction method called Mask2Map. Mask2Map utilizes IMPNet to generate
both Mask-Aware Queries and BEV Segmentation Masks, capturing semantic
scene context from a global perspective. Subsequently, MMPNet enhances Mask-
Aware Queries by incorporating semantic and geometrical information through
PQG and GFE. Finally, Mask-Guided Map Decoder predicts the class and or-
dered point set of map instances. Additionally, we proposed Inter-network De-
noising Training to mitigate inter-network inconsistency arising from differing
bipartite matching results between IMPNet and MMPNet. Our evaluation on
nuScenes and Argoverse2 benchmarks demonstrated that the proposed ideas
yielded significant performance improvements over the baseline, surpassing ex-
isting HD map construction methods by considerable margins.
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