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Abstract

Vectorized High-Definition (HD) map construction re-
quires predictions of the category and point coordinates
of map elements (e.g. road boundary, lane divider, pedes-
trian crossing, etc.). State-of-the-art methods are mainly
based on point-level representation learning for regress-
ing accurate point coordinates. However, this pipeline has
limitations in obtaining element-level information and han-
dling element-level failures, e.g. erroneous element shape
or entanglement between elements. To tackle the above is-
sues, we propose a simple yet effective HybrId framework
named HIMap to sufficiently learn and interact both point-
level and element-level information. Concretely, we intro-
duce a hybrid representation called HIQuery to represent
all map elements, and propose a point-element interactor
to interactively extract and encode the hybrid information
of elements, e.g. point position and element shape, into the
HIQuery. Additionally, we present a point-element con-
sistency constraint to enhance the consistency between the
point-level and element-level information. Finally, the out-
put point-element integrated HIQuery can be directly con-
verted into map elements’ class, point coordinates, and
mask. We conduct extensive experiments and consistently
outperform previous methods on both nuScenes and Argo-
verse2 datasets. Notably, our method achieves 77.8 mAP
on the nuScenes dataset, remarkably superior to previous
SOTAs by 8.3 mAP at least.

1. Introduction
Constructing accurate High-Definition (HD) maps is very
important for the safety of autonomous driving systems [18,
19, 22, 47, 57, 59, 62]. HD maps [28, 32, 39, 44, 58] can
provide comprehensive environmental information, such as
road boundary, lane divider and pedestrian crossing, for
perception [13, 31, 66], prediction [16, 24, 38] and plan-
ning [2, 17, 45]. A vectorized HD map consists of multiple
map elements [32], each corresponding to a symbol on the
road, such as a divider line, a pedestrian crossing area etc.
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Figure 1. Examples of previous failures and our improved
results. Compared with the previous point-level representation
learning pipeline [33], our proposed hybrid representation learning
method generates richer details, more accurate shapes of elements,
and avoids the inter-element entanglement. Best viewed in color.

Each vectorized map element is usually represented as a fi-
nite set of discrete points. Vectorized HD map construction
[10, 28, 32, 39, 48] aims at classifying and localizing the
map elements in the Bird’s-Eye-View (BEV) space. The re-
construction results contain the class and point coordinates
of elements, cf. Figure 1.

Classic works [32, 33, 39, 61] mainly focus on point-
level representation learning. VectorMapNet [39] in-
troduces a keypoint representation to represent the out-
line of map elements and explores a coarse-to-fine two-
stage framework. MapTR [32] proposes the permutation-
equivalent modeling of the point set and utilizes a de-
formable decoder [70] to directly regress point coordinates
of elements. MapTRv2 [33] further incorporates dense su-
pervision on both BEV and perspective views and a one-
to-many matching strategy to improve the accuracy. How-
ever, such a pipeline limits the model’s capability to learn
element-level information and correlations. As shown in
the first row of Figure 1(a), the corner detail of the road
boundary is missing due to the inaccurate positions of some
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Figure 2. Illustration of our motivation for point-element interaction. Previous works [10, 48, 65] usually lack the interaction between
point and element, easily leading to either an incomplete element shape or inaccurate point positions. With the point-element interaction
based on hybrid representation (shortened to rep.), our method achieves a more complete shape and accurate positions simultaneously.

points. In (b) and (c), the length and direction of the ele-
ment are not accurate due to the missing overall informa-
tion. In (d), lane divider 1 and 2 are intertwined on ac-
count of similar point-level features of dividers. Based on
the above observations, we argue the importance of learning
element-level information.

Some intuitive solutions for utilizing element-level in-
formation have been studied in a few existing works [10,
48, 65]. MapVR [65] applies differentiable rasterization to
vectorized outputs and performs segmentation supervision
on the rasterized HD maps. BeMapNet [48] first detects
map elements and then utilizes a piecewise Bezier head to
output the details of each map element. PivotNet [10] di-
rectly converts the point-level representations into element-
level representations by designing the Point-to-Line Mask
module. However, these attempts utilize point-level and
element-level information in a sequential manner, lacking
the point-element interaction, cf. Figure 2. This leads to
suboptimal performance empirically (cf. Section 4).

To better learn and interact information of map elements,
in this paper, we propose a simple yet effective HybrId
framework named HIMap based on hybrid representation
learning. We first introduce a hybrid representation called
HIQuery to represent all map elements in the map. It is a set
of learnable parameters and can be iteratively updated and
refined by interacting with BEV features. Then we design a
multilayer hybrid decoder to encode hybrid information of
map elements (e.g. point position, element shape) into HI-
Query and perform point-element interaction, cf. Figure 2.
Each layer of the hybrid decoder comprises a point-element
interactor, a self-attention, and an FFN. Inside the point-
element interactor, a mutual interaction mechanism is per-
formed to realize the exchange of point-level and element-
level information and avoid the learning bias of single-level
information. In the end, the output point-element integrated
HIQuery can be directly converted into elements’ point co-
ordinates, classes, and masks. Furthermore, we propose a
point-element consistency constraint to strengthen the con-
sistency between point-level and element-level information.

Our main contributions can be summarized as follows:

• We propose a hybrid representation (i.e. HIQuery) to
represent all elements in the HD map and a simple
yet effective HybrId framework(i.e. HIMap) for end-
to-end vectorized HD map construction.

• To simultaneously predict accurate point coordinates
and element shape, we introduce a point-element inter-
actor to extract and interact information of both point-
level and element-level.

• Our method significantly outperforms previous works
on both nuScenes [3] and Argoverse2 [56] datasets,
achieving new state-of-the-art results of 77.8, 72.7
mAP respectively.

2. Related Work
HD Map Construction. HD map construction in Bird’s-
Eye-View (BEV) space [10, 14, 28, 30, 32, 39, 41, 48, 60]
generates a map based on onboard sensor observations, such
as RGB images from multi-view cameras and point clouds
from LiDAR. Existing methods can be categorized into two
types: rasterized HD map estimation [28, 30, 41, 60] and
vectorized HD map construction [10, 28, 32, 39, 48]. Ras-
terized HD map estimation is formulated as the semantic
segmentation task in the BEV space. The semantic class of
each pixel is predicted. However, the rasterized HD map is
not an ideal representation for the downstream tasks due to
the lack of the instance-level distinction and structure infor-
mation of map elements. Vectorized HD map construction
resolves the above limitations by representing the map with
a set of map elements. Each map element is usually rep-
resented by an ordered sequence of discrete points. In this
paper, we focus on the vectorized HD map construction task
and discuss how to produce accurate vectorized elements by
exploiting both point-level and element-level information.
Vectorized HD Map Construction. To produce vector-
ized HD maps, earlier work [28] proposes a multi-task
framework with hand-crafted post-processing. However,
the heuristic post-processing may accumulate errors from
different branches and restrict the model’s generalization
ability. To solve the above issues, subsequent works attempt
to build an end-to-end framework based on point-level rep-
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Figure 3. Overview of the HIMap. Top: The pipeline of HIMap, consisting of a BEV feature extractor and a hybrid decoder. It takes
multi-view images as input and outputs vectorized map elements in an end-to-end fashion. Bottom: Detailed process of the point-element
interactor, which interactively extracts both point-level and element-level information of map elements, and the point-element consistency
for enhancing the information consistency inside an element and the discrimination between elements. Best viewed in color.

resentations. VectorMapNet [39] explores the keypoint rep-
resentation and a coarse-to-fine two-stage network. MapTR
series [32, 33] propose the permutation-equivalent model-
ing of the point set and a DETR-like [4] one-stage net-
work. InsightMapper [61] proves the effectiveness of uti-
lizing inner-instance point information. A few recent works
try to learn the element-level information. MapVR [65] in-
troduces differentiable rasterization and adds element-level
segmentation supervision. BeMapNet [48] detects map el-
ements first and then regresses the detailed points with a
piecewise Bezier head. PivotNet [10] designs the Point-
to-Line Mask module to convert point-level representation
into element-level representation. However, the informa-
tion interaction between points and elements is lacking in
these methods. In this paper, we propose a hybrid represen-
tation learning pipeline to simultaneously represent, learn,
and interact both point-level and element-level information
of map elements.

Lane Detection. Lane detection aims at predicting visi-
ble lanes on the road, hence it can be viewed as a sub-
task of HD map construction. Many existing works fo-
cus on 2D lane detection in a single perspective-view im-

age. Traditional methods [9, 21, 23, 52, 69] adopt hand-
crafted features and post-processing techniques to predict
lanes. Subsequent works replace the hand-crafted feature
detectors with deep networks. Lane segmentation pipeline
[7, 25–27] and lane detection methods based on different
lane representations, e.g. point series [29, 35, 49, 50, 54, 67]
or parametric curves [11, 36, 51, 53] are explored and pro-
posed. Some recent works extend to 3D lane detection
[1, 5, 12, 20, 55, 64], and explore the multi-modality in-
puts [42]. In comparison, vectorized HD map construction
considers more map element categories, and outputs results
of the whole surrounding area of the ego car.

3. Method
3.1. Framework Overview

The overall pipeline of HIMap is presented in Figure 3(a).
Input. HIMap is compatible with various onboard sen-
sor data, e.g. RGB images from multi-view cameras, point
clouds from LiDAR, or multi-modality data. Here we take
multi-view RGB images as an example to illustrate HIMap.
BEV Feature Extractor. We extract BEV features from
multi-view RGB images with the BEV feature extractor.
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It consists of a backbone [15, 40] to extract multi-scale
2D features from each perspective view, an FPN [34] to
refine and fuse multi-scale features into single-scale fea-
tures, and a 2D-to-BEV feature transformation module
[6, 30, 43, 46, 68] to map 2D features into BEV features.
The BEV features can be denoted as X ∈ RH×W×C , where
H,W,C refer to the spatial height, spatial width, and the
number of channels of feature maps, respectively.
HIQuery. To sufficiently learn both point-level and
element-level information of map elements, we introduce
HIQuery to represent all elements in the map. HIQuery is
a set of learnable parameters Qh ∈ RE×(P+1)×C , where
E,P,C denote the maximum number of map elements
(e.g. 50), the number of points in an element (e.g. 20),
and the number of channels respectively. Inside HIQuery,
Qh

i ∈ R(P+1)×C is responsible for one map element with
index i ∈ {1, ..., E}. In particular, Qh

i can be decomposed
into two parts, point query Qp

i ∈ RP×C and element query
Qe

i ∈ RC , corresponding to point-level and element-level
information respectively, cf. Figure 3 (b) and (c). With
this point-element integrated information, HIQuery can be
easily converted into the corresponding elements’ point co-
ordinates, classes, and masks.
Hybrid Decoder. The hybrid decoder produces the point-
element integrated HIQuery by iteratively interacting HI-
Query Qh with BEV features X. It contains multiple lay-
ers, each comprising a point-element interactor, a self-
attention, a Feed Forward Network (FFN), and multiple
prediction heads. In each layer l ∈ {1, ..., L}, where L
is the total number of layers in the hybrid decoder, the
point-element interactor first extracts, interacts, and en-
codes point-level and element-level information of map el-
ements into the input HIQuery Qh,l−1 ∈ RE×(P+1)×C .
Then the self-attention and the FFN successively refine both
levels of information in the HIQuery. The output point-
element integrated HIQuery Qh,l ∈ RE×(P+1)×C are for-
warded into the class head, point head, and mask head to
generate elements’ classes, point coordinates, and masks re-
spectively. In the training stage, we apply the point-element
consistency constraint on the intermediate representations
from point and mask heads to enhance their consistency.
The prediction results of the last layer are the final results
of HIMap.

3.2. Point-element Interactor

Point-element interactor targets to interactively extract and
encode both the point-level and element-level information
of map elements into HIQuery. The motivation for interact-
ing two levels of information comes from their complemen-
tarity. The point-level information contains the local posi-
tion knowledge, while the element-level information pro-
vides the overall shape and semantic knowledge. Hence
the interaction enables mutual refinement of both local and

overall information of map elements.

As shown in Figure 3(b), the point-element interactor
consists of a point feature extractor, an element feature ex-
tractor, and a point-element hybrider. Given BEV features
X ∈ RH×W×C and HIQuery Qh,l−1 ∈ RE×(P+1)×C

generated from the (l − 1)-th layer, we first discom-
pose Qh,l−1 ∈ RE×(P+1)×C into point query Qp,l−1 ∈
RE×P×C and element query Qe,l−1 ∈ RE×C . Then we
utilize point and element feature extractors to extract re-
spective features from BEV features and leverage point-
element hybrider to interact and encode information into
HIQuery. In this process, a mutual interaction mechanism
is realized by sharing position embeddings when applying
two feature extractors and utilizing integrated information
to update two levels of query inside the point-element hy-
brider.

Point Feature Extractor. To extract point-level features,
how to sample and let the anchor points close to the ele-
ment is very important. Inspired by Deformable Attention
[70] and DAB-DETR [37], we model the anchor points as
a set of learnable 2D points and attend to a small set of key
sampling points around an anchor point. Anchor points are
randomly initialized with uniform distribution in the [0, 1]
range for the first layer, iteratively updated, and forwarded
layer by layer. In the l-th layer, the 2D anchor points are
the point outputs of (l − 1)-th layer, which can be denoted
as Pl−1 ∈ RE×P×2. Let j ∈ {1, ..., E × P} index a point
query Qp,l−1

j ∈ RC with a 2D anchor point Pl−1
j ∈ R2,

we first generate the position embeddings Bp,l
j ∈ RC of the

point query and the position-aware point query Q̂p,l
j ∈ RC :

Bp,l
j = Wb(P

l−1
j ),

Q̂p,l
j = Qp,l−1

j +Bp,l
j ,

(1)

where Wb ∈ R2×C refers to the learnable parameters of a
Linear layer. Denoting the size of the sampling point set as
K, the sampled offsets ∆Pl

j ∈ RK×2 and attention weights
Al

j ∈ RK of sampling points can be produced by:

∆Pl
j = Wo(Q̂

p,l
j ),

Al
j = softmax(Wa(Q̂

p,l
j ))

(2)

where Wo ∈ RC×(K×2), Wa ∈ RC×K refer to the learn-
able parameters of the Linear layers and the softmax op-
eration is applied along the dimension of sampling points.
Then the point feature extractor can be formulated as:

Xp,l
j =

K∑
k=1

Al
j,k ·WvX(Pl−1

j +∆Pl
j,k),

Ẋp,l
j = Xp,l

j +Qp,l−1
j ,

(3)

where Wv ∈ RC×C stands for the learnable parameters
of a Linear layer, ∆Pl

j,k ∈ R2 are 2D real numbers with
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unconstrained range, Al
j,k is scalar attention weight lies

in the range [0, 1] and normalized by
∑K

k=1 A
l
j,k = 1,

Xp,l
j ∈ RC represents the fused point-level features of K

sampling points for j-th point, and Ẋp,l
j ∈ RC denotes the

output point-level features by merging the extracted point-
level features with point-level information from (l − 1)-th
layer. Following [70], bilinear interpolation is applied in
computing X(Pl−1

j + ∆Pl
j,k) due to that Pl−1

j + ∆Pl
j,k

is fractional. After the above process, point-level features
of each anchor point are obtained. For all anchor points, the
point-level features can be represented as Ẋp,l ∈ RE×P×C .
Element Feature Extractor. We extract element-level fea-
tures with the element feature extractor built on the Masked
Attention [8]. To utilize and enhance the correspondence
between points and elements, the position embeddings of
the point query are shared with the element query. This
is fulfilled by applying weighted summation on Bp,l ∈
RE×P×C to generate the position embeddings Be,l ∈
RE×C of the element query. Denote the sinusoidal posi-
tion embedding [4] of BEV features as Bx,l ∈ RH×W×C ,
and let i index an element query Qe,l−1

i ∈ RC and its po-
sition embedding Be,l

i ∈ RC , where i ∈ {1, ..., E}, we can
formulate the element feature extractor as:

Q̂e,l
i = Qe,l−1

i +Be,l
i ,

X̂ = X+Bx,l,

Xe,l
i = (Ml−1

i · softmax(Q̂e,l
i X̂T ))X,

Ẋe,l
i = Xe,l

i +Qe,l−1
i ,

(4)

where Q̂e,l
i ∈ RC refers to the position-aware element

query, X̂ ∈ RH×W×C denotes the position-aware BEV
features, Xe,l

i ∈ RC represents the extracted element-level
features of i-th element, Ẋe,l

i ∈ RC refers to the out-
put element-level features by merging the element informa-
tion from (l − 1)-the information together, and Ml−1

i ∈
{0, 1}HW refers to the anchor mask, which is the bina-
rization result of the mask output of i-th element in the
(l − 1)-th layer. The pixel threshold for binarization is em-
pirically set to 0.5. Q̂e,l

i X̂T ∈ RH×W reflects the corre-
lations between the position-aware element query and BEV
features. Applying softmax along the H × W dimension
enables the values at positions where the element is located
to become high. After utilizing the anchor mask filters out
irrelevant areas, the element-level information can be ex-
tracted. Element-level features of all elements can be de-
noted as Ẋe,l ∈ RE×C .
Point-element Hybrider. The point-element hybrider
aims to interact and encode both point-level and element-
level information into HIQuery. It consists of two steps,
single-level feature refinement and cross-level query up-
date. Given point-level features Ẋp,l ∈ RE×P×C and
element-level features Ẋe,l ∈ RE×C , the single-level fea-

ture refinement step is as follows:

Ẍp,l = Frp(Ẋ
p,l), Ẍe,l = Fre(Ẋ

e,l), (5)

where Ẍp,l ∈ RE×P×C and Ẍe,l ∈ RE×C refer to the
refined point-level and element-level features respectively,
Frp and Fre represent point-level and element-level refine-
ment procedures (e.g. self-attention and FFN) respectively.
Then the cross-level query update step can be expressed as:

Qp,l = Ẍp,l + Fce(Ẍ
e,l),

Qe,l = Ẍe,l + Fcp(Ẍ
p,l),

(6)

where Qp,l ∈ RE×P×C refers to the updated point query,
Fce denotes the copy operation for expanding the element-
level information into all points of the corresponding ele-
ment, Qe,l ∈ RE×C refers to the updated element query,
Fcp is the weighted sum operation for accumulating all re-
lated point-level information into element level. In this way,
both levels of queries are updated with the integrated infor-
mation of point and element. The point query can not only
obtain the local point information but also be complemented
and corrected by the overall element information. Mean-
while, the element query earns the overall element informa-
tion (e.g. shape, semantic) as well as the refinement from
the local points. Finally, the updated point query Qp,l ∈
RE×P×C and element query Qe,l ∈ RE×C are concate-
nated to produce the output HIQuery Qh,l ∈ RE×(P+1)×C .

3.3. Point-element Consistency

Considering the primitive differences between point-level
and element-level representations, which focus on local and
overall information respectively, the learning of two levels
of representations may also interfere with each other. This
will increase the difficulty and reduce the effectiveness of
information interaction. Therefore, we introduce the point-
element consistency constraint to enhance the consistency
between point-level and element-level information of each
element. As a byproduct, the distinguishability of elements
can also be strengthened.

Given point query Qp,l ∈ RE×P×C and element query
Qe,l ∈ RE×C from HIQuery Qh,l ∈ RE×(P+1)×C in
the l-th layer, we first obtain the intermediate point-level
representations Q

p,l ∈ RE×P×C and element-level repre-
sentations Q

e,l ∈ RE×C by applying Linear layers in the
point head and mask head respectively. Then we generate
a pseudo element-level representation Q̃e,l ∈ RE×C as the
weighted sum of the point-level representations Q

p,l
, and

calculate element-level similarities as:

Ae,l = Q̃e,l(Q
e,l
)T , (7)

where Ae,l ∈ RE×E is the similarity matrix. Binary
cross entropy loss is applied between the calculated sim-
ilarity matrix and the binary GT matrix. By facilitating
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Methods Backbone Epoch APped. APdiv. APbou. mAP APped. APdiv. APbou. mAP
hard: {0.2, 0.5, 1.0}m easy: {0.5, 1.0, 1.5}m

HDMapNet [28] Efficient-B0 30 7.1 28.3 32.6 22.7 24.1 23.6 43.5 31.4
PivotNet [10] ResNet50 30 34.8 42.9 39.3 39.0 53.8 58.8 59.6 57.4

Ours ResNet50 30 37.2 49.2 42.8 43.1 62.6 68.4 69.1 66.7
VectorMapNet [39] ResNet50 110 18.2 27.2 18.4 21.3 36.1 47.3 39.3 40.9

MapTR [32] ResNet50 110 31.4‡ 40.5‡ 35.5‡ 35.8‡ 55.8‡ 60.9‡ 61.1‡ 59.3‡

MapVR [65] ResNet50 110 - - - - 55.0 61.8 59.4 58.8
BeMapNet [48] ResNet50 110 44.5 52.7 44.2 47.1 62.6 66.7 65.1 64.8
MapTRv2 [33] ResNet50 110 - - - - 68.1 68.3 69.7 68.7
MapTRv2† [33] ResNet50 110 42.9† 49.3† 43.3† 45.2† 67.1† 69.2† 69.0† 68.4†

Ours ResNet50 110 47.3 57.8 49.6 51.6 (+4.5) 71.3 75.0 74.7 73.7 (+5.0)

Table 1. Comparison to the state-of-the-art on nuScenes val set. The best results with the same backbone are in bold and the second in
underline. Gains are calculated based on the best and the second results. †, ‡ mean the result is reproduced with public code and released
model respectively. “-” means that the corresponding results are not available. The APs under the easy setting of [28] and the APs under
the hard setting of [39] are taken from [10].

Methods Backbone Epoch APped. APdiv. APbou. mAP APped. APdiv. APbou. mAP
hard: {0.2, 0.5, 1.0}m easy: {0.5, 1.0, 1.5}m

HDMapNet [28] Efficient-B0 6 9.8 19.5 35.9 21.8 13.1 5.7 37.6 18.8
MapTR [32] ResNet50 6 28.3 42.2 33.7 34.8 54.7 58.1 56.7 56.5
MapVR [65] ResNet50 - - - - - 54.6 60.0 58.0 57.5
PivotNet [10] ResNet50 6 31.3 47.5 43.4 40.7 - - - -

MapTRv2† [33] ResNet50 6 34.8† 52.5† 40.6† 42.6† 63.6† 71.5† 67.4† 67.5†

Ours ResNet50 6 39.9 53.4 44.3 45.8 (+3.2) 69.0 69.5 70.3 69.6 (+2.1)
VectorMapNet[39] ResNet50 24 18.3 33.3 20.4 24.0 38.3 36.1 39.2 37.9

MapTRv2† [33] ResNet50 24 39.2† 56.5† 43.8† 46.5† 68.3† 74.1† 69.2† 70.5†

Ours ResNet50 24 44.2 57.9 47.9 50.0 (+3.5) 72.4 72.4 73.2 72.7 (+2.2)

Table 2. Comparison to the state-of-the-art on Argoverse2 val set. The best results trained with the same epochs are in bold and second
underline. Gains are calculated based on the best and the second results. † means the result is reproduced with public codes. “-” means that
the corresponding results are not available. The APs under the easy setting of [28] are taken from [39] and the APs under the hard setting
of [28, 32, 39] are taken from [10].

the high similarity between the pseudo and actual element-
level representations, the consistency between point-level
and element-level information is enhanced.

4. Experiments
4.1. Experimental Settings

NuScenes Dataset. NuScenes dataset [3] provides 1000
scenes, each lasting around 20 seconds, and is annotated at
2Hz. Each sample includes 6 RGB images from surround-
ing cameras and point clouds from LiDAR sweeps. Fol-
lowing previous methods [32, 33], 700 scenes with 28130
samples are utilized for training and 150 scenes with 6019
samples are used for validation. For a fair comparison, we
mainly focus on three categories of map elements, including
road boundary, lane divider, and pedestrian crossing.
Argoverse2 Dataset. There are 1000 logs in the Argov-
erse2 dataset [56]. Each log contains 15s of 20Hz RGB
images from 7 cameras, 10Hz LiDAR sweeps, and a 3D
vectorized map. The train, validation, and test sets contain
700, 150, 150 logs, respectively. Following previous works

[32, 33], we report results on its validation set and focus on
the same three map categories as the nuScenes dataset.

Evaluation Metric. For a fair comparison with previous
methods [32, 33], we adopt the mean Average Precision
(mAP) metric based on chamfer distance for evaluation. A
prediction is considered as True-Positive (TP) only if its
chamfer distance to ground truth is less than a specified
threshold. Following [10, 48], two different threshold sets
corresponding to hard and easy settings, {0.2, 0.5, 1.0}m
and {0.5, 1.0, 1.5}m, are considered for evaluation. For
each setting, the final AP result is calculated by averaging
across three thresholds and all classes. With the ego-car as
the center, the perception ranges are [−15.0m, 15.0m] for
the X-axis and [−30.0m, 30.0m] for the Y-axis.

Training. For the main results, we employ ResNet50 [15]
as the backbone for the multi-view RGB images input, and
the SECOND [63] for the LiDAR point clouds input. Train-
ing losses include binary semantic segmentation loss [41],
classification loss, point coordinate loss, point direction loss
[32], mask segmentation loss, and point-element consis-
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Methods Epoch APped. APdiv. APbou. mAP
easy: {0.5, 1.0, 1.5}m

HDMapNet [28] 30 16.3 29.6 46.7 31.0
VectorMapNet[39] 110+ft 48.2 60.1 53.0 53.7

MapTR [32] 24 55.9 62.3 69.3 62.5
MapVR [65] 24 60.4 62.7 67.2 63.5

MapTRv2 [33] 24 65.6 66.5 74.8 69.0
Ours 24 71.0 72.4 79.4 74.3 (+5.3)

MapTR† [32] 110 65.4† 68.3† 74.9† 69.5†

Ours 110 77.0 74.4 82.1 77.8 (+8.3)

Table 3. Comparison to the state-of-the-art on nuScenes val set
with multi modality data. Both multi-view images and LiDAR
point clouds are used as inputs. “ft” refers to the fine-tuning trick
adopted in [39]. The APs of [28] are taken from [39].

class method AP0.2m AP0.5m AP1.0m AP1.5m

ped. MapTRv2 0.7 39.7 77.2 88.1
Ours 3.4 (+2.7) 48.8 (+9.1) 80.4 (+3.2) 88.2 (+0.1)

div. MapTRv2 29.0 63.6 76.9 81.8
Ours 35.2 (+6.2) 64.2 (+0.6) 74.3 (-2.6) 78.6 (-3.2)

bou. MapTRv2 8.0 48.1 75.2 84.2
Ours 10.9 (+2.9) 54.4 (+6.3) 78.3 (+3.1) 86.8 (+2.6)

Table 4. Detailed comparison between MapTRv2 [33] and ours
under different thresholds on Argoverse2 val set.

tency loss. Corresponding loss weights are empirically set
to 2.0, 2.0, 5.0, 0.005, 2.0, 2.0. The model is trained for
110, 24 epochs on the nuScenes and Argoverse2 datasets
respectively. All the data pre-processing steps for both
datasets follow MapTR [32]. More details can be found
in the Supplementary Material.

4.2. Comparisons with State-of-the-art Methods

Results on nuScenes. Table 1 presents the comparison of
the results on the nuScenes dataset with multi-view RGB
images as input. Our HIMap achieves novel state-of-the-
art performance (73.7, 51.6 mAP) under both easy and hard
settings. Specifically, HIMap outperforms MapTRv2 [33],
the previous SOTA under the easy setting, by 5.0 mAP.
This validates the effectiveness of our hybrid representation
in capturing more comprehensive information of elements
than the point-level representation [33]. HIMap also ex-
ceeds BeMapNet [48], the previous SOTA under the hard
setting, by 4.5 mAP. This proves that point-element interac-
tion is superior to sequentially utilizing both levels of infor-
mation [48]. In addition, Table 3 presents the results with
multi-modality inputs (multi-view RGB images and LiDAR
point clouds). HIMap also achieves novel SOTA perfor-
mance, 74.3 mAP for 24 epochs and 77.8 mAP for 110
epochs, exceeding previous methods by 5.3 and 8.3 mAP
at least respectively.
Results on Argoverse2. As shown in Table 2, on the Argo-
verse2 dataset, HIMap consistently exceeds previous SO-
TAs under both easy and hard settings, no matter training
with 6 or 24 epochs. With 24 epochs scheduler, our method
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Figure 4. Attention maps of HIQuery at different layers. At-
tention maps are overlaid on the GT. The darker the color, the
greater the attention value. Best zoom-in and viewed in color.

outperforms MapTRv2 [33] by 3.5, 2.2 mAP under hard
and easy settings respectively. What’s more, we observe
that our result of the divider class is lower than MapTRv2
under easy setting, but higher under hard setting. We spec-
ulate that our HIMap generates more TPs for a strict thresh-
old (i.e. 0.2m). Additionally, in Table 4, we show the de-
tailed result comparison to MapTRv2 [33] under different
thresholds. Our HIMap produces larger improvements for
more strict thresholds (e.g. 0.2, 0.5 m) indeed.

4.3. Ablation Study

In this part, we analyze the HIQuery and study several as-
pects1 to illustrate the effectiveness of the proposed method.
Unless otherwise specified, experiments are conducted with
ResNet50 as the backbone on the nuScenes val set with
multi-view RGB images as input, trained for 110 epochs,
and evaluated under the easy setting.
What has HIQuery learnt? To better understand what
has HIQuery learnt and the effect of point-element inter-
action, we visualize attention maps of anchor points with
its sampling points and anchor masks for a single map el-
ement at different layers in Figure 4. As we can observe,
anchor points and masks, corresponding to point query and
element query inside HIQuery, focus on local and overall

1More extensive studies on the hybrid decoder, number of points and
elements etc., are provided in Supplementary Material.
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hybrid interaction consistency APped. APdiv. APbou. mAP
✗ ✗ ✗ 66.6 69.5 69.3 68.5
✓ ✗ ✗ 67.9 71.6 72.5 70.6
✓ ✓ ✗ 70.6 73.6 75.2 73.1
✓ ✓ ✓ 71.3 75.0 74.7 73.7

Table 5. Effect of key designs in HIMap. Rows rendered in
violet are the final settings.

extractors hybrider APped. APdiv. APbou. mAPshare pos inte-P inte-E
✗ ✗ ✗ 67.9 71.6 72.5 70.6
✓ ✗ ✗ 69.2 72.7 72.9 71.6
✓ ✓ ✗ 70.0 72.9 73.4 72.1
✓ ✗ ✓ 70.8 73.5 74.1 72.8
✓ ✓ ✓ 70.6 73.6 75.2 73.1

Table 6. Variations in point-element interactor. “inte-P” and
“inte-E” refer to utilizing integrated information to update point
query and element query respectively.

loss weight APped. APdiv. APbou. mAP
0.0 70.6 73.6 75.2 73.1
1.0 72.1 73.9 74.5 73.5
2.0 71.3 75.0 74.7 73.7
3.0 70.2 72.9 74.3 72.5

Table 7. Effect of loss weight for point-element consistency.

information of elements, respectively. In the divider exam-
ple, anchor points and masks at 2nd layer stretch across the
target divider and a nearby boundary. At the 4th layer, both
of them focus on the target divider, but the direction of an-
chor points is still tilted to the left and the length of the an-
chor mask is not perfect. At the 6th layer, anchor points and
masks fit the target divider better. In the pedestrian crossing
example, at the 2nd layer, the anchor points drift to the right
and the anchor mask includes extra pixels outside the target
pedestrian crossing. After iterative learning and interaction,
both anchor points and mask are shifted to the pedestrian
crossing. These visualizations validate that point-element
interaction helps to achieve mutual refinement.
HIMap. In Table 5, we study several key designs of HIMap
step-by-step, including the hybrid representation, the point-
element interactor, and the point-element consistency. We
first build a point-level representation learning baseline by
adjusting configurations of MapTR [32], e.g. FPN, 2D-to-
BEV transformation module, etc. As shown in the 1st row
of Table 5, it achieves 68.5 mAP. Then we leverage the hy-
brid representation to learn both point-level and element-
level information simultaneously. The element-level infor-
mation is refined with Masked attention [8] and supervised
with segmentation loss. This method (2nd row) reaches
70.6 mAP, bringing 2.1 mAP gain over the baseline. To
interact and achieve mutual refinement of both levels of in-
formation, we further replace the deformable and mask at-
tention with the point-element interactor. This setting (3rd

row) obtains 73.1 mAP and brings 2.5 mAP extra gain. Af-
ter adding the point-element consistency, HIMap finally ob-
tains 73.7 mAP, securing a 5.2 mAP gain over the baseline.
Point-element Interactor. There are several key factors
in point-element interactor, including whether sharing po-
sition embeddings between feature extractors, whether uti-
lizing the integrated information to update point query and
element query. Correspondingly, we denote these factors
as ”share pos”, ”inte-P”, and ”inte-E” and study them in
Table 6. To focus on the effect of point-element interac-
tor, point-element consistency is not employed in this part.
Without all these factors, it is equivalent to learning HI-
Query with deformable and mask attention, which gets 70.6
mAP. Sharing position embeddings aims to utilize and en-
hance the correspondence between points and elements, and
brings 1.0 mAP gain (2nd row). Utilizing the integrated in-
formation to update only point query, only element query,
or both queries (3rd, 4th, and 5th rows) brings 0.5, 1.2, 1.5
mAP gains, respectively. This validates that utilizing the in-
tegrated information to update both queries enables mutual
refinement of points and elements. With all these factors,
the point-element interactor finally brings a 2.5 mAP gain.
Point-element Consistency. We adjust the loss weight of
the point-element consistency constraint to observe the ef-
fect. As shown in Table 7, the results are not sensitive to
the loss weight, but a too-large weight may cause the two
levels of information to be too similar to reduce the effect
of point-element interaction. Empirically, we set the loss
weight to 2.0 and achieve 73.7 mAP.

5. Conclusion

In this paper, we introduce a simple yet effective HybrId
framework (i.e. HIMap) based on hybrid representation
learning for end-to-end vectorized HD map construction.
In HIMap, we introduce HIQuery to represent all map el-
ements, a point-element interactor to interactively extract
and encode both point-level and element-level information
into HIQuery, and a point-element consistency constraint to
strengthen the consistency between two levels of informa-
tion. With the above designs, HIMap achieves new SOTA
performance on both nuScenes and Argoverse2 datasets.
Limitation Discussion. (1) This paper mainly focuses on
improving the map reconstruction accuracy, and we leave
the model acceleration for future work. (2) Currently the
proposed method constructs 2D HD maps. Considering
that the height change of the road is very important for
autonomous driving, how to predict accurate 3D HD
maps is worth exploring further. (3) We consider the
point-element consistency in HIMap but do not discuss the
consistency of HD maps across multiple timestamps. We
believe that exploring temporal information and predict-
ing consistent HD maps are valuable research directions.
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