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Abstract
High-definition (HD) map construction requires a compre-
hensive understanding of traffic environments, encompass-
ing centimeter-level localization and rich semantic informa-
tion. Previous works face challenges in redundant point rep-
resentation or high-complexity curve modeling. In this pa-
per, we present a flexible yet effective map element detec-
tor that synthesizes hierarchical information with a compact
Douglas-Peucker (DP) point representation in a transformer
architecture for robust and reliable predictions. Specifically,
our proposed representation approximates class-agnostic map
elements with DP points, which are sparsely located in cru-
cial positions of structures and can get rid of redundancy and
complexity. Besides, we design a position constraint with un-
certainty to avoid potential ambiguities. Moreover, pairwise-
point shape matching constraints are proposed to balance
local structural information of different scales. Experiments
on the public nuScenes dataset demonstrate that our method
overwhelms current SOTAs. Extensive ablation studies vali-
date each component of our methods. Codes will be released
at https://github.com/sweety121/DPFormer.

Introduction
High-definition (HD) maps, as indispensable infrastructures
for autonomous driving, provide centimeter-level traffic sur-
roundings, diverse geometric shapes, and rich semantic in-
formation. Early works construct offline HD maps using
SLAM-based methods (Shan and Englot 2018; Shan et al.
2020; Pan et al. 2021), incurring prohibitive maintenance
costs. Due to the limited scalability, solutions for online HD
map construction have witnessed remarkable development.

Most existing approaches either treat HD map construc-
tion as semantic segmentation tasks (Li et al. 2022a; Peng
et al. 2023), disregarding geometry properties and instance
associations of map elements, or focus on the sub-tasks such
as lane detection (Liu et al. 2021a,b; Tabelini et al. 2021; Liu
et al. 2022; Guan et al. 2023) and free space detection (Cao
et al. 2021), which rely on specific views and are restricted
by shape priors. Recently, several works (Liu et al. 2023b;
Liao et al. 2023; Qiao et al. 2023) have been dedicated to
producing vectorized HD maps capable of detecting vari-
ous elements. Inspired by bird’s eye view (BEV) percep-
tion methods (Philion and Fidler 2020; Li et al. 2022b; Chen
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Figure 1: Illustration of different element representations.

et al. 2022b), BEV feature extractors and map element de-
tectors are involved in typical pipelines.

Despite notable advancements, current publicly available
approaches still encounter significant challenges.

1) Compact representation for map element annotations.
MapTR (Liao et al. 2023) samples equidistant points

along elements, which are redundant for simple shapes
(marked by the red ellipse in Figure 1 (b)) but lack detailed
depiction in critical parts with high curvature and sharp an-
gles (marked by the red circle in Figure 1 (b)). BeMap-
Net (Qiao et al. 2023) represents map elements as piecewise
Bézier curves, emphasizing the local optimal approximation
while neglecting the global structures.

2) Point regression ambiguity for BEV perception.
Transforming features from image to BEV space is a rou-

tine procedure for HD map vectorization. Existing meth-
ods (Mallot et al. 1991; Li et al. 2022b; Peng et al. 2023;
Philion and Fidler 2020) rely on either prior hypothesis or
learnable parameters, restricted by problems such as distor-
tion and deviation. Ambiguities in annotations are also am-
plified in early learning, hindering the final performance.

Motivated by above considerations, we propose a com-
pact representation, utilizing the Douglas-Peucker (Douglas
and Peucker 1973) algorithm to approximate map elements
with as few points as possible, i.e., Douglas-Peucker (DP)
points. Contrary to existing redundant or piecewise repre-
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sentations, DP points adopt a coarse-to-fine strategy, priori-
tizing the preservation of the overall structures without com-
promising accuracy (marked by the red ellipse and circle
in Figure 1 (c)). Based on this representation, we design a
transformer-based architecture, DPFormer, to detect map el-
ements consisting of DP points end-to-end. Besides, given
the potential ambiguity arising from the viewpoint transfor-
mation and DP annotation generation, we propose to provide
an additional uncertainty estimation for position regression.
Moreover, we introduce pairwise-point shape matching con-
straints to balance multi-scale positional and structural infor-
mation. The main contributions of our work are threefold:
• We propose a class-agnostic representation to approxi-

mate map elements with DP points, which can be ob-
tained by an elaborately designed DP point generation
algorithm.

• An end-to-end framework is devised to fully aggregate
both global and local information for reliable and robust
map element detection.

• A position constraint with uncertainty estimation and
pairwise-point shape matching constraints are proposed
for better hierarchical supervision of map elements.

Related Work
Lane detection. Lane detection, as a sub-task of HD map
construction, has experienced outstanding progress, which
provides reliable solutions in both parameterized and non-
parameterized methods. Parameterized methods place par-
ticular emphasis on holistic and consistent structures of lane
lines. LSTR (Liu et al. 2021b) models lane lines as a polyno-
mial regression problem, and achieves swift inference tak-
ing inspiration from the end-to-end transformer architec-
ture. BézierLaneNet (Feng et al. 2022) adopts actual control
points of Bézier curves to improve the failure to the difficult-
to-optimize and abstract polynomial coefficients.

Non-parameterized methods prioritize improving accu-
racy through flexible predictions. DSANet (Liu et al. 2023a)
detects lane segments on uniformly divided grids, which
achieves a performance boost through the incorporation of
coupled shape matching constraints. Persformer (Chen et al.
2022a) unifies 2D and 3D lane detection in the BEV per-
ception space, optimizing offsets with reference to prede-
fined anchors. These single-view-based methods either rely
on strong shape priors or require post-processing. By con-
trast, DPFormer synthesizes multi-view features into the
BEV space and detects different map elements with arbitrary
shapes in an end-to-end framework.

Vectorized HD map construction. In the context of BEV
perception learning, vectorized HD map construction has
become a research hotspot. HDMapNet (Li et al. 2022a) and
BEVSegFormer (Peng et al. 2023) produce pixel-level seg-
mentation maps, requiring sophisticated vectorization pro-
cedures for final results.

VectorMapNet (Liu et al. 2023b) first detects key points
and then generates fine points in an auto-regressive way,
serving as the first end-to-end method, but limited by long
inference time and permutation ambiguity. MapTR (Liao
et al. 2023) proposes a permutation-equivalent modeling

(a) DP point representation. (c) Eval. on GTs of Max. 8 DP points.

(b) Sample distribution for DP points.
GT points
DP points

2 3 4 5 6 7 8 9 10

Sa
m

pl
es

 (k
)

160

0
10
20
30

Num of DP points

Figure 2: Statistics on nuScenes for DP point representation.

method to eliminate ambiguity, and designs hierarchical
queries to promote detection. Both of the two methods uti-
lize equidistant point sets that might skip unanticipated vi-
sual details provided by complex structures. Moreover, they
only constrain points for flexible predictions, regardless of
multi-scale structures of pairwise points.

BeMapNet (Qiao et al. 2023) adopts piecewise Bézier
curves to parameterize elements and designs masked cross-
attention modules for exact queries. It divides each curve
into segments by searching a local optimal approximation,
which lacks sufficient consideration of overall contours. Piv-
otNet (Ding et al. 2023) introduces pivot and collinear points
to represent map element shapes. It models dynamic match-
ing on pivot points, with fixed endpoints and point permuta-
tions. Despite competitive performances, the reconstructed
ground truths decompose complex closed-shape elements
into simpler ones, evading the challenge of tackling ele-
ments with diverse topologies. Unlike previous methods,
DPFormer adopts DP points to achieve a coarse-to-fine ap-
proximation, uniformly representing both open-shape and
closed-shape map elements.

Methodology
DPFormer models compact HD maps in a unified DETR-
like paradigm. Given that map elements vary in topologies
and semantic information, discrete points have superiority in
flexible depictions, including but not limited to open-shape
polylines and closed-shape polygons.

Class-agnostic Element Representation with
Douglas-Peucker Points
Feasibility analysis. Compact and concise point annota-
tions play a vital role in efficient HD map construction. Nei-
ther piecewise Bézier curves (Qiao et al. 2023) nor dense
equidistant points (Liao et al. 2023) sticks to this principle.
We expect to provide a class-agnostic representation to de-
pict map elements using a minimal number of points while
preserving their overall shapes and detailed positions.

Douglas-Peucker algorithm (Douglas and Peucker 1973)
is a common workaround to compress points. Specifically,
we select the most representative DP points, and eliminate
redundant points to meet approximation accuracy demands,
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Figure 3: Overall network architecture of DPFormer for compact HD map construction.

as indicated by orange in Figure 2 (a). According to statis-
tics on the public nuScenes (Caesar et al. 2020) dataset, the
overwhelming majority of elements can be accurately repre-
sented using fewer than 8 DP points within a tolerance of 1.5
m per element, as shown in Figure 2 (b). Moreover, we eval-
uate the widely recognized Chamfer distance (CD) on the
DP points obtained from original annotations, achieving an
astonishingly high mean average precision (mAP) exceeding
0.98, as shown in Figure 2 (c). Results convincingly substan-
tiate the feasibility of the representation with DP points.

Douglas-Peucker points. The set of DP points is repre-
sented as V DP = {v0, · · · , vnd−1|nd ≤ N} (marked in or-
ange in Figure 2 (a)), where nd is the number of DP points,
and N is its maximum value, preset according to dataset
statistics. These DP points, varying in number, explicitly ex-
ist on map elements, distributed densely on the curved parts,
and sparsely on the straight parts.

Auxiliary points. To better capture the visual cues around
elements, we sample an additional set of auxiliary points
V Aux = {v0, · · · , vna−1|na = M − nd}, where M is fixed
to indicate the number of all points that describe a single ele-
ment, and na is the number of auxiliary points. The auxiliary
points can be customized w.r.t. sharpness and curvature, or
projected onto original annotations for utmost accuracy.

Both DP points V DP and auxiliary points V Aux form the
ordered point set V for each map element. V is defined by
V = V DP ∪ V Aux and |V | = M . With regard to fixed per-
mutations’ negative impact in training, we retain the equiv-

alent permutation proposed by MapTR (Liao et al. 2023)
for our representation, denoted as V = (V,Γ), where Γ is a
group of equivalent permutations of V .

Network Architecture
The process of the compact HD map construction is illus-
trated in Figure 3(a). Our DPFormer architecture, compris-
ing a BEV feature extractor and a map element detector, is
shown in Figure 3(b) in detail.

BEV feature extractor. Given a set of K multi-view im-
ages I ∈ RK×H×W×3, a shared CNN backbone is adopted
to extract multi-view features F ∈ RK×H×W×C1 . We opt
GKT (Chen et al. 2022b) to accomplish the transformation
from perspective-view features F to BEV features FBEV ∈
RH×W×C2 . DPFormer can elegantly cooperate with other
feature transformation methods, such as IPM (Mallot et al.
1991), LSS (Philion and Fidler 2020), and so on.

Map element detector. FBEV is passed through cascaded
transformer decoder layers to generate the fused feature se-
quences Fs. We adopt hierarchical queries Q ∈ RJ·M×C2

designed in MapTR (Liao et al. 2023) to interact with BEV
features, where J and M are the maximum numbers of in-
stances and points, respectively. Several sub-heads are de-
signed to predict some basic map element information, as
shown in Figure 3 (b).

1) The ”Cls Head” outputs a set of semantic categories
{ĉj |j = 0, · · · , J − 1} for element instances, where ĉj are
confidence scores for each class (lane dividers, pedestrian
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Figure 4: Hierarchical constraints on map elements.

crossings, and road boundaries).
2) The ”Pts Cls Head” outputs a set {ĉ′j,m|j = 0, · · · , J−

1;m = 0, · · · ,M − 1} for all points, where ĉ′j,m are the
confidence scores to indicate whether the point belongs to
DP points or auxiliary points.

3) The ”Reg Unc Head” outputs not only positions
v̂j,m, but also uncertainty estimations λ̂j,m for all points,
indicating the position inference reliability and facilitat-
ing the learning process. The predicted set is denoted as
{(v̂j,m, λ̂j,m)|j = 0, · · · , J − 1;m = 0, · · · ,M − 1}.

Training with Hierarchical Constraints
A map element can be described as a global instance, a col-
lection of local points, or a series of pairwise points. In view
of this, we impose constraints at different levels to retain
their geometric and semantic properties. The total loss func-
tion consists of an instance-level classification loss Lcls, a
point-level classification loss Lpts cls, a position with un-
certainty loss Lpts unc, and a pairwise-point shape matching
loss Ls, formulated as:

LTotal = αc1Lcls + αc2Lpts cls + αpLpts unc + αsLs, (1)

where αc1 , αc2 , αp, and αs are weight coefficients to bal-
ance loss terms.

Instance-level classification loss. Given the instance-
level bipartite matching correspondences π̂, which are op-
timized using the Hungarian algorithm (Kuhn 1955), the
instance-level classification loss can be defined by Focal
Loss (Lin et al. 2017):

Lcls =
J−1∑
j=0

LFocal(cj , ĉπ̂(j)), (2)

where the j-th ground-truth instance is matched with the
π̂(j)-th prediction.

Point-level classification loss. Besides, the point-level
classification loss is adopted to constrain whether each point

belongs to the DP point or the auxiliary point, denoted as:

Lpts cls =
J−1∑
j=0

1(cj ̸= 0)
M−1∑
m=0

LFocal(c
′
j,γ̂j(m), ĉ

′
π̂(j),m),

(3)
where 1(·) is an indicator function, γ̂ ∈ Γ is the optimal
point-level assignment, and the m-th predicted point on the
π̂(j)-th element corresponds to the γ̂j(m)-th ground-truth
point located on the j-th element.

Position with uncertainty loss. Considering that view-
point transformations may lead to unreliable ground truths
due to calibration errors, space compression, and manual la-
beling, we design a position with uncertainty loss to promote
the reliability and robustness of position estimations. To
achieve this goal, we assume the position of each predicted
point follows a Laplace distribution La(µ, σ√

2
), where µ and

σ are the mean and standard deviation, respectively.
Similar to the point-level classification loss, we only im-

pose supervision on the matched predictions. σ is used to
model the heteroscedastic aleatoric uncertainty in position
estimations. Aiming at avoiding a potential division by zero,
our network directly predicts λ̂j,m := log(σj,m) instead,
as (Kendall and Gal 2017) defines. The loss function is for-
mulated as:

Lpts unc =
J−1∑
j=0

1(cj ̸= 0)
M−1∑
m=0

(√
2 exp(−λ̂π̂(j),m)·

DManhattan(vj,γ̂j(m), v̂π̂(j),m) + λ̂π̂(j),m

)
,

(4)

where DManhattan(vj,γ̂j(m), v̂π̂(j),m) is Manhattan distance.
Pairwise-point shape matching loss. Pairwise points, as

a continuum between global instances and local points, can
provide more informative regional shapes. For each map el-
ement, pairwise-point shape matching constraints are im-
posed on shapes connected by adjacent points of V (pink
in Figure 4 (b)) and V DP (orange in Figure 4 (c)), respec-
tively. Considering that most map elements only involve 2
DP points, leading to weakly annotated ground truths, the
former imposes constraints on all points to introduce more
positional and structural information. While the latter con-
strains the fundamental trend of the overall instances.

The j-th element instance of pairwise points is denoted as
Sj , where |Sj | = M + nj

d − 2, and nj
d =

∑M−1
m=0 1(c′j,m ̸=

0). Each s ∈ Sj is described by a set of shape parame-
ters (center positions, length, and radian). We construct a
2D Gaussian distribution gs(µ

′,Σ) to encode the chain cou-
pling relationship composed of s, where the mean µ′ is made
up of center positions, and the covariance Σ is computed by
the length and radian. The corresponding Gaussian distribu-
tion of the prediction is denoted as gŝ, where ŝ ∈ Ŝπ̂(j).
Each gŝ is constructed in the same manner as the ground
truth, with further details found in (Liu et al. 2023a; Guan
et al. 2023). Pairwise-point shape matching loss is designed
to utilize the multi-scale structure to help learn a rich and ro-
bust feature representation and restrict the parameter space
during optimization. The joint distributions of predictions
and ground truths are forced together using the symmetric
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Algorithm 1: DP point generation.
Input: Annotated points V †

Parameters: Maximum point number N , Initial tolerance
τ , Tolerance factor ϵ
Output: DP points V DP

1: V ′ = FindStartEnd(V †)
2: V DP = DPSimplification(V ′, τ)
3: while |V DP| > N do
4: τ = τ × ϵ
5: V DP = DPSimplification(V DP, τ)
6: end while
7: return V DP

Kullback-Leibler divergence (KLD):

Ls =
1

2

J−1∑
j=0

1(cj ̸= 0)
∑
s∈Sj

(Dkl(gŝ, gs) +Dkl(gs, gŝ)).

(5)

Training Strategies
Ground-truth DP point generation. Taking original anno-
tated points V † as input, we expect to select a set of DP
points for map element compaction. Given the preset max-
imum point number of N , a small initial tolerance τ , and
a reasonable tolerance factor ϵ, DP points are iteratively
generated as presented in Algorithm 1. Notably, for closed-
shape elements, the FindStartEnd function searches for the
two points with the furthest distance and selects either as the
starting/ending point. And the DPSimplification function is
implemented by the Douglas-Peucker algorithm.

Hierarchical matching. The hierarchical matching, con-
sisting of instance-level matching and point-level matching,
can be carried out in unified processing, as (Carion et al.
2020; Yin et al. 2021) proposed. To achieve the instance-
level matching, we construct a correspondence π̂ between J
predicted map elements and G ground truths (padded to J).
The cost matrix C ∈ RJ×J is designed covering a classifica-
tion cost Ccls and a position cost Cpos:

π̂ =argmin
π

J−1∑
j=0

(αc1Ccls(ĉπ(j), cj)

+ αpCpos(V̂π(j), Vγ̂j
)),

(6)

where Ccls is computed at the instance level using Focal loss,
V̂π(j) is the π(j)-th predicted point set, and Vγ̂j is the best
permutation of the j-th ground-truth point set. αc1 and αp

are weight terms set w.r.t. the loss function configuration.
Besides, for the j-th ground-truth instance, γ̂j is obtained

by selecting the minimum Manhattan distance of all the pos-
sible point permutations Γj :

γ̂j = argmin
γj∈Γj

M−1∑
m=0

DManhattan(v̂j,m, vj,γj(m)). (7)

Finally, with the help of the Hungarian algorithm, a one-to-
one assignment with the minimum cost can be acquired.

Experiments
Dataset and evaluation metrics. Experiments are con-
ducted on the large-scale nuScenes (Caesar et al. 2020)
dataset, covering a total of 1000 driving scenes, each sample
with 6 camera images and LiDAR sweeps attached. Due to
the unavailability of annotations for the testing set, we fol-
low (Li et al. 2022a; Liu et al. 2023b; Liao et al. 2023) to
train on the 700 scenes (28130 samples) from the training
set and test on the 150 scenes (6019 samples) from the val-
idation set. The perception space covers a range of [−15m,
15m] along the x-axis and [−30m, 30m] along the y-axis.

To quantify the quality of map constructions, fair evalua-
tions are organized on lane dividers, pedestrian crossings,
and road boundaries. We use the Chamfer-distance-based
metric to compare the similarity between predictions and
ground truths. The average precision (AP) is computed un-
der different thresholds [0.5, 1.0, 1.5]m, and mAP is ob-
tained by averaging results across all thresholds. Besides,
we report compression ratios Rcomp = NPR

Nori GT
, where NPR

is the total number of predicted points used to represent all
map elements in the validation dataset, and Nori GT is the
total number of original ground-truth points.

Implementation details. For the backbone, we employ
the commonly used ResNet50 (He et al. 2016), with the
learning rate multiplier set to 0.1. The viewpoint transforma-
tion module is selected as GKT (Chen et al. 2022b). We train
DPFormer with a batch size of 4 (each containing K = 6 im-
ages). The AdamW (Loshchilov and Hutter 2019) optimizer
is adopted with a learning rate of 1.25e−4 for single-card
training. According to data statistics shown in Figure 2, we
set the maximum number of DP points as N = 8, the max-
imum number of all points as M = 20, and the maximum
number of map elements as J = 50. Besides, the loss coef-
ficients αc1 , αc2 , αp and αs are set to 2, 0.5, 5, and 0.5, re-
spectively. All experiments are conducted on a single Nvidia
RTX 3090. Ablation studies are trained with 50 epochs.

Comparisons with State-of-the-Art Methods
We take three works with open-sourced codes as our com-
petitors, a segmentation-based method HDMapNet (Li et al.
2022a), a polyline-generated method VectorMapNet (Liu
et al. 2023b), and a DETR-like method MapTR (Liao et al.
2023). Comparative results are reported in Table 1. Con-
sidering unaligned configurations across different numbers
of GPUs, we retrain MapTR on a single RTX 3090 until
it achieves results consistent with those reported in the pa-
per. Our training epoch counts are determined based on this
to ensure equitable and consistent comparisons. Our DP-
Former outperforms the latest MapTR with a 2.1% higher
mAP. Besides, we report compression ratios based on the
threshold for visualizations. DPFormer and MapTR respec-
tively achieve compression ratios of 46.7% and 205.1%, i.e.,
DPFormer uses about 4× fewer points than MapTR to fa-
cilitate compact HD map construction. Qualitative visual-
izations presented in Figure 5 indicate that DPFormer effec-
tively preserves the structures and contours of map elements.

To better show comparisons around topological changes,
we utilize ground-truth DP points to identify vital locations
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Method Backbone NGPU Epoch APdivider APped APboundary mAP FPS

HDMapNet
Effi-B0 - 30 21.7 14.4 33.0 23.0 0.9

PointPillars - 30 24.1 10.4 37.9 24.1 -
Effi-B0 & PointPillars - 30 29.6 16.3 46.7 31.0 -

VectorMapNet
R50 8 110 47.3 36.1 39.3 40.9 3.9

PointPillars 8 110 37.6 25.7 38.6 34.0 -
R50 & PointPillars 8 110 50.5 37.6 47.5 45.2 -

MapTR R50 8 24 51.5 46.3 53.1 50.3 13.3R50 8 110 59.8 56.2 60.1 58.7

DPFormer R50 1 50 57.8 51.3 54.7 54.6 11.3R50 1 150 63.2 59.3 60.0 60.8

Table 1: Comparative results on the nuScenes dataset. ”Effi-B0” (Tan and Le 2019), ”PointPillars” (Lang et al. 2019), and
”R50” (He et al. 2016) are the widely used backbones. Methods with two backbones are based on multi-modal inputs. Our
training epoch counts are determined by experiments on MapTR, which is trained on a single RTX 3090 until it reaches the
reported performance benchmarks. We retest the FPS for all the methods on a single RTX 3090 for fair comparison.

EP DP Lp2p Lpts unc Ldir Ls APdivider APped APboundary mAP√ √ √
52.3 47.3 55.2 51.6√ √ √
56.0 48.6 51.9 52.2√ √ √
56.4 50.5 52.9 53.3√ √ √
57.8 51.3 54.7 54.6

Table 2: Ablation studies on each component of our DPFormer. The result in the first row is equivalent to that of MapTR.

(a) MapTR (b) DPFormer

Figure 5: Qualitative visualizations of competitive methods.

and evaluate points within the specific neighborhoods (ra-
dius). Results are reported in Table 3. DPFormer outper-
forms MapTR with 7.4% and 5.8% higher mAP within the
neighborhoods of 2 m and 5 m. Specifically, DPFormer beats
MapTR with 10.1% and 6.3% higher APped within the spe-
cific neighborhoods, which can be attributed to DP points’
capacity of capturing the indispensable structures.

Figure 6 illustrates the visualization results of DPFormer.
The upper row demonstrates DPFormer’s ability to tackle
map elements with diverse semantic information, shapes,
and arbitrary directions, enabling point predictions of a flex-
ible number. The lower row showcases the vital role played
by our DPFormer in constructing compact HD maps, which
involves fewer points to represent map elements, especially
in scenarios with simple topology, achieving a compression
ratio of 45.5% in the current sample.

Ablation Studies
Extensive ablation studies are conducted to verify the effec-
tiveness of each component, including replacing the equidis-
tant point representation (”EP”) with our DP point repre-
sentation (”DP”), replacing the point2point loss (”Lp2p”)
adopted in (Liao et al. 2023) with our position loss with un-

Metric Results (2 m) Results (5 m)
MapTR Ours MapTR Ours

APdivider 48.3 54.5 53.3 59.8
APped 43.2 53.3 44.6 50.9
APboundary 47.1 53.1 50.1 54.6
mAP 46.2 53.6 49.3 55.1

Table 3: Comparative results within the neighborhoods de-
cided by ground-truth DP points.

certainty (”Lpts unc”), and replacing the commonly used co-
sine similarity loss (”Ldir”) with our pairwise-point shape
matching loss (”Ls”). Results are reported in Table 2.

Effectiveness of representation with DP points. Com-
pared to the equidistant point representation used in MapTR,
our DP point representation involves more essential points
to depict map elements, thereby achieving competitive in-
creases of 3.7% and 1.3% in AP for dividers and pedestrian
crossings. The reason lies in their inherent structural stabil-
ity, as marked in yellow and blue in Figure 6, which has su-
periority in mitigating unnecessary regression errors through
the utilization of the compact DP points. By comparison,
boundaries exhibit more complex and varied appearances in
terms of shape openness and topological structures. The sac-
rifice in accuracy during ground-truth DP point generation
diminishes the advantages of DP points. Besides, based on
dataset statistics, over half of the map elements (52.8%) can
be accurately represented using only 2 points, i.e., the major-
ity of elements are composed of straight lines. Consequently,
DP point representation holds promise for compression.

Contribution of position with uncertainty constraint.
Compared to Lp2p imposed solely on positions of points, our
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Figure 6: Visualizations of compact HD map construction provided by our DPFormer.

αp APdivider APped APboundary mAP
4.0 54.7 46.3 55.9 52.3
5.0 57.8 51.3 54.7 54.6
6.0 55.2 49.6 54.4 53.1

Table 4: Ablations on position with uncertainty constraint.

Lpts unc introduces an uncertainty estimation, thereby relax-
ing the stringent requirements on position regression in early
training, and resulting in a 1.1% improvement in mAP. We
note that the improvement on uncertainty associated with
complex shapes is higher than that of simple shapes. Be-
sides, αp are set to different weight to further validate the
importance of Lpts unc, as shown in the Table 4.

Efficacy of pairwise-point shape matching constraints.
In Table 5, we ablate on the pairwise-point shape matching
constraint, with αs set as [0, 0.25, 0.5, 0.75], where αs = 0
means we do not use the pairwise-point shape matching con-
straint. With αs increasing, the pairwise-point shape match-
ing constraints can impose an incremental force on the cou-
pled relationships containing both directions and positions,
relieving the local errors brought by isolated point regres-
sion. However, when αs is too large, overmuch attention on
shapes leads to ambiguity in positions.

Conclusion
In this paper, we propose DPFormer, an end-to-end frame-
work for compact HD map construction. DPFormer employs
an effective transformer-based architecture for the flexible
detection of class-agnostic map elements. In particular, a

αs APdivider APped APboundary mAP
0 53.2 49.4 51.4 51.3
0.25 56.7 48.2 51.7 52.2
0.5 57.8 51.3 54.7 54.6
0.75 56.9 49.6 51.5 52.7

Table 5: Ablations on pairwise-point shape matching con-
straint.

compact Douglas-Peucker point representation is proposed
to achieve precise element approximation, and the related
constraints with uncertainty estimation as well as shape
matching strategies are designed accordingly for robust and
reliable results. Experiments on the challenging nuScenes
dataset validate that DPFormer has superiority in precision.
In future work, we will combine DPFormer with other aux-
iliary tasks for better performances, and extend it to down-
stream tasks, such as multi-modality predictions and motion
planning.
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