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Abstract
Constructing online High-Definition (HD) maps is crucial
for the static environment perception of autonomous driving
systems (ADS). Existing solutions typically attempt to de-
tect vectorized HD map elements with unified models; how-
ever, these methods often overlook the distinct characteristics
of different non-cubic map elements, making accurate dis-
tinction challenging. To address these issues, we introduce
an expert-based online HD map method, termed MapExpert.
MapExpert utilizes sparse experts, distributed by our routers,
to describe various non-cubic map elements accurately. Addi-
tionally, we propose an auxiliary balance loss function to dis-
tribute the load evenly across experts. Furthermore, we theo-
retically analyze the limitations of prevalent bird’s-eye view
(BEV) feature temporal fusion methods and introduce an ef-
ficient temporal fusion module called Learnable Weighted
Moving Descent. This module effectively integrates relevant
historical information into the final BEV features. Combined
with an enhanced slice head branch, the proposed MapExpert
achieves state-of-the-art performance and maintains good ef-
ficiency on both nuScenes and Argoverse2 datasets.

Introduction
High-definition (HD) maps are essential for autonomous
driving, conventionally constructed offline with SLAM-
based methods (Zhang and Singh 2014; Shan et al. 2020),
along with manual annotation. However, these methods are
limited by scalability issues and high maintaining costs. In
recent years, bird’s-eye-view (BEV) feature extractors have
introduced a novel thought (Philion and Fidler 2020; Li et al.
2022c; Zhang et al. 2023a), enabling the online construction
of HD Maps from BEV features. These online approaches
reduce offline human efforts by predicting HD Map ele-
ments in real-time, leading to cost savings and the ability
to update changes in the environment promptly.

Early researchers leveraged segmentation tasks to obtain
rasterized maps based on the BEV feature maps. These
methods presented each rasterized pixel as a key point and
then extracted map elements and their occupancy presen-
tation (Zhou and Krähenbühl 2022; Hu et al. 2021). With
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the widespread use of transformers in vision tasks, HDMap-
Net (Li et al. 2022b) emerged, utilizing queries to predict
HD map elements. Inspired by HDMapNet, (Liu et al. 2023,
2024b; Qiao et al. 2023b; Xu, Wong, and Zhao 2024; Zhou
et al. 2024; Zhang et al. 2024b; Li 2024; Xiong et al. 2024;
Shin et al. 2023) extracted structured map information and
constructed vectorized maps by sampling elements as point
sets, many of these works have improved performance by
designing more reasonable content queries or embedding
specified positional information into the queries. Recently,
some scientists introduced novel tracking-based methods to
enhance the HD map prediction performance, they associate
HD map elements between frames via attention queries that
evolve a set of track predictions (Yuan et al. 2023; Chen et al.
2024).

However, these DETR-like methods overlook the fact that
online HD map construction elements are different from tra-
ditional detection objects. Traditional detection objects, such
as cars and pedestrians, are typically cube-like and relatively
uniform in shape, with centralized offsets. In contrast, HD
map elements are vastly different: lane dividers are normally
smooth Bézier curves, road boundaries are erratic slender
lines that can be jagged or closed, and pedestrian crossings
are closed rectangle shapes. Fitting these diverse non-cubic
map elements with a single DETR-like design is challeng-
ing. Additionally, these methods stack previous BEV fea-
tures to enhance the BEV feature expression, but this can
lead to current BEV features being dominated by outdated
data from historical features. These factors constrain prior
methods from achieving optimal performance.

In this paper, we theoretically analyze these issues and
propose a novel online map construction method based on
map element experts, named MapExpert, the architecture
is illustrated in Figure 1. Instead of using the unified mod-
eling methods introduced by (Liao et al. 2023a; Yuan et al.
2023; Chen et al. 2024), which geometrically abstract dif-
ferent map elements into a unified representation, we em-
ploy distinct expert layers to accurately fit various map ele-
ments, such as lane dividers, pedestrian crossings, and road
boundaries. We also mathematically analyze the drawbacks
of stacking BEV features, and design MapExpert to not only
strengthen current feature expression but also sieve and ex-
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Figure 1: Overview of our newly introduced MapExpert: (a) The pipeline of MapExpert, consisting of our BEV feature encoder,
learnable Weighted Moving Descent (LWMD), and sparse expert decoder. This pipeline processes surrounding images as input
and generates vectorized map elements in an end-to-end module. (b) The detailed process of the Learnable Weighted Moving
Descent, which extracts critical information from previous BEV features and enhances the representation of BEV HD map
elements. (c) The structure of our unique sparse expert transformer layer is designed to effectively extract features of various
map elements, such as lane dividers, pedestrian crossings, and road boundaries.

tract useful information for our decoder. To enhance the ge-
ographical position of predictions, we introduce a refined
slice head branch that independently regresses map element
positions and dimensions from slice tensors.

Our experiments demonstrate that MapExpert achieves
state-of-the-art performance on the public nuScenes (Caesar
et al. 2020) and Argoverse2 (Wilson et al. 2023) datasets.
Concretely, with the same backbone and training epochs,
MapExpert reaches 76.5 mAP on nuScenes, surpassing the
existing best method by 1.8 mAP. Additionally, on Argov-
erse2, MapExpert outperforms the existing best method by
1.4 mAP for local HD map construction, using the same
backbone and training epochs. Our ablation studies illustrate
that MapExpert achieves significant improvements across
various and complex HD map construction scenarios.

To summarize, the contributions of our paper are as fol-
lows:

• We propose an online HD map construction method
based on a novel sparse map element expert. Our ap-
proach utilizes map element routers and sparse experts
specifically designed to handle map elements of varying
shapes.

• Building on this novel modeling approach, we theoret-
ically analyze the limitations of prevalent BEV feature

temporal fusion methods and introduce an efficient tem-
poral fusion module called Learnable Weighted Moving
Descent (LWMD). This module not only enhances the
representation of current features but also filters and ex-
tracts useful information for our final BEV features.

• Experiments conducted on the nuScenes and Argoverse2
datasets demonstrate that our method achieves state-of-
the-art performance, showing significant improvements
over existing methods.

Related Works
Rasterization-based Methods
Rasterization-based approaches construct online HD maps
by extracting a rasterized Bird’s-Eye-View (BEV) represen-
tation from surrounding cameras (Philion and Fidler 2020;
Li et al. 2022c; Zhang et al. 2023a) and then segmenting in-
dividual rasterized instances. Early methods are similar to
2D segmentation methods (Tsai et al. 2020; Xu et al. 2019;
Zhang et al. 2023a), which usually predict the traversable
area of BEV (Pan et al. 2020; Can et al. 2022). BEV-
LaneDet (Wang et al. 2023) and Persformer (Chen et al.
2022) treat 3D lane detection as a segmentation task based
on rasterized BEV feature maps, they present each raster-
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ized pixel as a key point to extract lane occupancy pre-
sentation. Similarly, (Hu et al. 2021) use simplified BEV
raster representations of the surrounding scene for segmen-
tation tasks. Furthermore, (Zhou and Krähenbühl 2022) dis-
cards positional embeddings derived from calibrated cam-
era intrinsics and extrinsics, learning a camera-calibration-
dependent mapping to predict a binary semantic segmenta-
tion mask. HDMapNet (Li et al. 2022b) also predicts seman-
tic segmentation results on BEV features; however, unlike
other rasterization-based methods, it employs complex post-
processing to generate vectorized HD maps.

Vectorization-based Methods
Despite the use of rasterized maps, distinguishing HD map
elements remains challenging. VectorMapNet (Liu et al.
2023) was the first to introduce a two-stage network for
predicting sequential sampling points of HD Map elements.
Unlike VectorMapNet (Liu et al. 2023), MapTR (Liao et al.
2023a) introduces an end-to-end transformer structure that
samples elements as point sets using a group of fixed per-
mutations, this method uses hierarchical queries to extract
structured map information and construct vectorized maps.
Subsequently, several studies have improved performance
by designing novel hierarchical queries. These methods use
scattered instance queries that share content information
within the same map elements to avoid inconsistencies in
the content of sampling points (Liu et al. 2024b; Qiao et al.
2023b; Xu, Wong, and Zhao 2024; Zhou et al. 2024; Zhang
et al. 2024b; Li 2024; Xiong et al. 2024; Shin et al. 2023). In
addition, BeMapNet (Qiao et al. 2023a) delves a piecewise
Bézier network with control point coordinates to manipulate
curve shapes. Some papers introduce anti-disturbance meth-
ods to optimize jittery or jagged outputs (Hu et al. 2024).
Furthermore, (Zhang et al. 2024a) enhances instance queries
by adding specified positional information embedded from
reference points. To alleviate the difficulty in element local-
ization and relevant feature extraction due to the sparse and
irregular detection targets, MGMap (Liu et al. 2024a) incor-
porates the guidance of learned map masks with instance
and point queries. Unlike other vectorization-based meth-
ods, MapVR (Zhang et al. 2023b) introduces a combined
solution. It transforms vectorized map elements into an HD
Map and then adds segmentation supervision on the raster-
ized HD map, experiment results present a significant im-
provement. Most previous approaches use a fixed number
of points, which may elide essential details. PivotNet (Ding
et al. 2023) proposes a novel Point-to-Line mask structure
to encode both subordinate and geometrical point-line pri-
ors, experiment shows a remarkably superior to others. Be-
sides, P-MapNet (Jiang et al. 2024) and MapVision (Yang
et al. 2024) incorporate standard-definition (SD) maps and
sensors to improve performance, although their application
is limited due to misalignment between SD map skeletons
and BEV features. Additionally, some researchers exploit
the HD map performance in long-range scenarios. They pro-
pose a hierarchical sparse map construction to obtain supe-
rior performance (Yu et al. 2024). Notably, recent research
introduces generative methods that combine vecterized HD
map models with learned generative models for semantic

Figure 2: Topology of map elements (red: lane dividers,
blue: pedestrian crossings, green: road boundaries). Differ
from detection objects, which are typically cube-shaped,
map elements are non-cubic and can take various shapes.

map layouts, these methods obtain a better accuracy, re-
alism, and uncertainty awareness (Zhu et al. 2023; Chen,
Deng, and Furukawa 2023).

Tracking-based Methods
Recently, researchers use transformer attention mechanism
with track queries to associate tracking instances across
frames (Meinhardt et al. 2022; Sun et al. 2021; Cai et al.
2022; Gao and Wang 2024). These methods achieve sig-
nificant performance improvements in tracking tasks. In-
spired by these methods, StreamMapNet (Yuan et al. 2023)
selects the former foregoing top k (where k is less than
the maximum number of queries) queries based on con-
fidence score as potential tracking queries, and then con-
catenates them with initialized queries. Experiment results
demonstrate that it outperforms previous methods. Similarly,
SQD-MAP (Wang et al. 2024) builds upon StreamMapNet
(Yuan et al. 2023) by incorporating stream query denois-
ing (Li et al. 2022a). It feeds noised ground-truth map el-
ements as noised queries (such as shifting, angular rotation,
and scale transformation) along with learnable queries into
the decoder to effectively decrease instability. MapTracker
(Chen et al. 2024) further extends the tracking queries with
memory mechanisms for better fusion. It explicitly asso-
ciates tracked HD map elements from historical frames to
further enhance temporal consistency. Researchers also use
tracking-based HD maps as an online mapping component
of end-to-end autonomous driving systems to achieve supe-
rior performance among all tasks (Sun et al. 2024).

Problem Statement
Inconsistent of Map Elements
Recently, most online HD map construction methods have
been approached as detection tasks, involving the learning
of anchors and relative offsets (Liu et al. 2023; Liao et al.
2023a; Chen et al. 2024). While this design is undoubtedly
straightforward and efficient, it overlooks a critical distinc-
tion: online HD map elements differ significantly from tradi-
tional object detection targets. Traditional detection targets
typically involve cube-like objects such as vehicles, pedes-
trians and animals with fixed physical dimensions. These
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objects, which vary relatively little in shape, allow for a cen-
tralized representation of offsets across categories, simplify-
ing the model design. It is easier to represent the features of
different categories of objects using a unified model design.
In contrast, as illustrated in Figure 2, HD map elements ex-
hibit a wide range of geometric structures. Lane dividers are
often smooth Bézier curves, road boundaries may appear as
erratic, slender lines that can be jagged or closed, and pedes-
trian crossings are typically closed rectangles. This variabil-
ity poses a significant challenge for DETR-like decoders,
which are commonly used in HD map methods, as they may
struggle to simultaneously capture the features of non-cubic
map elements, such as Bézier curves, erratic lines, and rect-
angles. In addition, the diverse geometric characteristics of
these map elements complicate the development of a uni-
fied geometric representation. Therefore, our analysis sug-
gests the necessity of designing a novel approach that accu-
rately represents various map elements without substantially
increasing resource consumption.

Dominance of Outdated Historical Data in the
Current Frame

HD map elements are static instances, which differenti-
ates them from objects in detection tasks; theoretically, they
should be easy to fuse. To achieve superior performance, re-
searchers often incorporate historical frames to enhance the
BEV feature representation. A common and effective ap-
proach is to stack the aligned historical BEV features (Liao
et al. 2023a; Yuan et al. 2023; Chen et al. 2024). For exam-
ple, Maptracker (Chen et al. 2024) stacks four historical fea-
tures. While this technique can improve performance, it also
leads to an overreliance on historical frames, significantly
reducing the contribution of the current frame. Additionally,
it introduces substantial noise from distant historical frames.
In this subsection, we will explore the nature of this issue in
more details.

According to our analysis, the BEV feature stack princi-
ple reveals that each historical BEV feature contributes dif-
ferently to the current stacked BEV feature used in the de-
coding process, as shown in Eq. 1 below:

Ct =
1

S
Ft +

1

S

S−1∑
n=1

Ct−n (1)

where S(S >= 2) denotes the number of stacked frames.
t indicates the frame index of t-th, and Ft is the BEV fea-
ture of the t-th frame. Ct is the stacked BEV feature of t-th
frame, which is composed of the current BEV feature ex-
tracted from the current frame and S − 1 historical stacked
BEV features. Similarly, Ct−n is the stacked BEV feature of
(t− n)-th frame, where n ranges from 1 to S − 1. We use a
solved formula to represent the stacked BEV feature Ct, as
shown in Eq. 2. Furthermore, approximation methods, such
as the one in Eq. 3, are used to derive an explicit approxima-
tion expression, allowing for a clearer representation of the
composition of the current BEV stacked features. The forms
of Eq. 2 and Eq. 3 are as follows:

Ct =
1

S
Ft +

1

S

t−1∑
n=1

Wt−nFt−n (2)

Ct ≈


1
SFt +

1
S2Ft−1 +

1
S3Ft−2 + R̂1, S = 2

1
SFt +

1
S2Ft−1 +

S+1
S3 Ft−2 + R̂2. S > 2

(3)
where Wt−n is the weight of (t − n)-th feature, which

varies as n increasing from 1 to t − 1, R̂1 and R̂2 are
remainders of formula. As indicated by Eq. 3, when the
stacked number S increases, the composition of the current
BEV feature extracted from the current frame will decrease,
which is 1

SFt. In other words, the stacked BEV feature is
more likely to be dominated by historical BEV features.
This is contrary to the expectation that the proportion of
important information from the current BEV feature should
be more reliable and substantial, which means that the cur-
rent BEV feature should contribute more to current stacked
BEV feature Ct. Furthermore, our analysis reveals that the
proportion of HD map elements in a rasterized HD map is
less than 5%. This implies that adding more historical BEV
features introduces more irrelevant information, which can
even transmit noise that negatively affects HD map recon-
struction. We will propose a method to address this issue
effectively.

Methods
Architecture Overview
The overall model architecture is illustrated in Figure 1, and
is streamlined into three components as follows:

BEV Encoder: Given surrounding images P ∈
RN×3×H×W from multi-camera setups, we extract multi-
scale image features using ResNet (He et al. 2015) and FPN
(Lin et al. 2017). These multi-scale features are then fed into
a 2D-to-BEV transformer encoder (Li et al. 2022c; Chen
et al. 2024). Our BEV queries are initialized with the previ-
ously aligned BEV feature, to obtain the BEV feature map.

Learnable Weighted Moving Descent: Most existing
methods concatenate the previously aligned hidden states
of BEV features with the current BEV feature to enhance
the expression of BEV HD map elements. However, as
mentioned earlier, stacked BEV features are more likely to
be dominated by historical BEV features, despite the cur-
rent BEV feature’s potential for greater contribution. In this
method, we mathematically analyze this issue and propose a
novel strategy named Learnable Weighted Moving Descent
(LWMD) to fuse the BEV features reasonably.

Sparse Expert Decoder: We utilize a hierarchical track-
ing query scheme to explicitly fuse historical tracking fea-
tures and extract map elements with our sparse expert trans-
former layer. Specifically, we initialize the tracking query as
TQ(t) = [TQelement(t − 1), TQinit]. TQ(t) is the final
current tracking query that will be fed into the sparse expert
transformer layer. TQelement(t−1) denotes the aligned pre-
vious decoder output, TQinit presents the initialized empty
query, which can be used to pad the TQ(t) to the designed
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Methods Backbone Epoch APped APdiv APbound mAP APped APdiv APbound mAP
Hard: {0.2, 0.5, 1.0}m Easy: {0.5, 1.0, 1.5}m

HDMapNet(Li et al. 2022b) EB0 120 – – – – 14.4 21.7 33.0 23.0
VectorMapNet(Liu et al. 2023) R50 110 20.6 32.4 24.3 25.7 42.5 51.4 44.1 46.0

MapTR(Liao et al. 2023a) R50 110 31.4 40.5 35.5 35.8 56.2 59.8 60.1 58.7
MapTRv2(Liao et al. 2023b) R50 110 43.6 49 43.7 45.4 68.1 68.3 69.7 68.7

MapQR(Liu et al. 2024b) R50 110 46.2 57.3 48.1 50.5 67.1 70.4 71.2 69.6
StreamMapNet(Yuan et al. 2023) R50 110 44.4 60.5 48.6 51.2 68 71.2 69.2 69.5

MapTracker(Chen et al. 2024) R50 100 52.3 62.5 59.6 58.13 77.3 72.4 74.2 74.7
Proposed R50 100 55.7 64.2 61.3 60.4 79.4 73.9 76.2 76.5

Table 1: Performance comparison of various methods on the original nuScenes split at both 50m and 30m perception ranges.
Specifically, results are evaluated on {0.2 m, 0.5 m, 1.0 m} and {0.5 m, 1.0 m, 1.5 m} thresholds. MapExpert notably outper-
forms other methods across all categories. The best results for same settings (i.e., backbone and epoch) are highlighted in bold.

Methods APped APdiv APbound mAP
StreamMapNet(Yuan et al. 2023) 31.6 28.1 40.7 33.5

MapTracker(Chen et al. 2024) 45.9 30.0 45.1 40.3
Proposed 46.7 34.1 45.1 42.0

Table 2: Comparison with SOTA Methods on the new
nuScenes split validation set. All the experiments are based
on ResNet50 backbone. Results are evaluated on {0.5 m, 1.0
m, 1.5 m} thresholds.

size. This tracking strategy is borrowed from (Gao and Wang
2024; Chen et al. 2024). Subsequently, we send the TQ(t)
and final BEV feature into our sparse expert transformer
layer, where the map element experts of our sparse expert
transformer layer will extract excellent map element charac-
teristics. Details of the sparse expert transformer layer will
be provided later.

Sparse Expert Transformer Layer
As analyzed in the ”Inconsistent of Map Elements” subsec-
tion, most online HD Map construction methods are detec-
tion tasks, which involve learning anchors and relative off-
sets. This design is undoubtedly simple and efficient. How-
ever, traditional detection objects, such as cube-like vehi-
cles and animals with fixed physical dimensions, are sig-
nificantly different in shape from map elements like bézier
curves, erratic slender lines, and rectangles. Therefore, us-
ing a detection-based design to fit these map elements is in-
appropriate.

Inspired by Mixture of Experts (Shazeer et al. 2017),
which selects different parameters for each incoming ex-
ample, we have designed a novel decoder layer named the
sparse expert transformer layer. This layer mainly consists
of self-attention, cross-attention, and sparse map element
experts. A brief overview of this layer is illustrated in Fig-
ure 1. First, self-attention takes tracking queries as inputs
to obtain a representation, then extracts map features with
cross-attention. The output from cross-attention is fed into
our sparse map element expert, which is composed by root-
ers and map element experts. Each expert is responsible for
specific map elements (lane dividers, pedestrian crossings,
and road boundaries). Concretely, our map expert router pri-

marily routes the representation from the previous module
to the best-determined top-K experts selected from a set
{Ei(x)}N−1

i=0 , where N is the total number of experts, and Ei

is the i-th expert. Briefly, we normally do not compute the
outputs of experts whose routes are zero, this sparse route
could limit the computation costs. Our routers are imple-
mented by normalizing via a softmax distribution over the
top-K logits. As illustrated below:

R(x) = SoftMax(TopK(x ·Wr)) (4)

where x is the map element feature, R(x) denotes the out-
put of the map expert router, R(x) = ri if ri is among
the top-K coordinates of logits, and R(x) = −∞ other-
wise. The router variable Wr produces logits x · Wr. The
value K of top-K is a hyper-parameter that modulates the
amounts of experts used to process map elements. This de-
sign has a notable success in computational efficiency, which
means that even if we increase N while keeping K fixed,
the model’s parameter count increases while the computa-
tional cost remains constant. This motivates a distinction be-
tween the model’s total parameter count and the number of
parameters used for processing an individual active parame-
ter count, also known as sparse expression. Our map element
feature x meant to be processed by specific experts, is routed
to the corresponding expert for processing. The expert’s out-
put is then returned to the original query position. As shown
in Figure 1, we design three types of experts: the lane divider
experts, the pedestrian crossing experts, and the road bound-
ary experts. These experts are intended to extract different
types of map element features, such as bézier curves, erratic
slender lines, and rectangles. We use the expert router to se-
lect top-K experts from a set {Ei(x)}N−1

i=0 expert networks,
the simplified expression of the sparse map element expert
is given by:

y =
N−1∑
i=0

Ri(x)Ei(x) (5)

here, y is the output, x is the map element feature, N is
the total experts count, Ri(x) is the i-th router output, and
Ei(x) is the i-th sparse map element expert. Concretely, we
use the SwiGLU as the expert Ei(x), which means that each
map element feature x is routed to K SwiGLU blocks with
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Methods Backbone Epoch APped APdiv APbound mAP
HDMapNet(Li et al. 2022b) EB0 120 13.1 5.7 37.6 18.8

VectorMapNet(Liu et al. 2023) R50 110 36.5 35.0 36.2 35.8
MapTR(Liao et al. 2023a) R50 110 55.4 58.7 59.1 57.8

MapTRv2(Liao et al. 2023b) R50 110 60.7 68.9 64.5 64.7
MapQR(Liu et al. 2024b) R50 110 71.2 60.1 66.2 65.9

StreamMapNet(Yuan et al. 2023) R50 110 64.9 60.2 64.9 63.3
MapTracker(Chen et al. 2024) R50 100 74.5 66.4 73.4 71.4

Proposed R50 100 76.4 66.9 75.1 72.8

Table 3: Performance comparison with baseline methods on the original Argoverse2 split at 30 m perception ranges. MapExpert
outperforms existing state-of-the-art methods. Results are evaluated using thresholds of {0.5 m, 1.0 m, 1.5 m}.

Methods APped APdiv APbound mAP
StreamMapNet(Yuan et al. 2023) 61.8 68.2 63.2 64.4

MapTracker(Chen et al. 2024) 70.0 75.1 68.9 71.3
Proposed 71.2 75.6 68.7 71.8

Table 4: Comparison with state-of-the-art method on new
Argoverse2 split, following the evaluation criteria used in
Table 3. Results are evaluated on {0.5 m, 1.0 m, 1.5 m}
thresholds.

different sets of weights. The output y for an input token x
is represented as:

y =
N−1∑
i=0

SoftMax(TopK(x ·Wr))i ·SwinGLUi(x) (6)

Note that this final formulation introduces challenges in
load balancing, which will be analyzed in the auxiliary loss
subsection.

Learnable Weighted Moving Descent
As illustrated in Eq.3, existing methods usually concatenate
historical BEV features, which can lead to the issue analyzed
in the second part of the problem statement: an over-reliance
on historical BEV features can disproportionately influence
the current BEV feature. Therefore, this paper proposes a
novel module called Learnable Weighted Moving Descent
(LWMD), which integrates historical BEV features into the
current BEV features without increasing device memory.
Our LWMD uses a single previous BEV feature to achieve
superior performance compared to stacking multiple BEV
frames. Our approach is a learnable method that automati-
cally adjusts the fusion between features. The formula for
LWMD is as follows:

Ct = βFt + ft(Ft, Ct−1) (7)

here, the final fused result Ct consists of two components:
the current BEV feature Ft and the map element information
extracted from the current BEV feature and the last fused
BEV feature via ft, ft is a neural network received the cur-
rent BEV feature Ft and the previous fused BEV feature
Ct−1 as inputs. β is a learnable parameter. In our formula,
the proportion of current BEV features is learnable, thereby

mitigating the issue of historical data dominance as high-
lighted in the problem statements. To sum up, our approach,
which fuses two frames of features, achieves performance
comparable to or better than that of stacking multiple BEV
frames.

Auxiliary Expert Balance Loss
Without a balance strategy, experts may encounter an in-
homogeneous situation. For example, one expert might be
trained to handle all three map elements, while others may
be skipped forever. To encourage a balanced load across dif-
ferent experts, we add an auxiliary loss named the auxiliary
expert balance loss for the sparse expert transformer layer.
This additional loss encourages each expert to be of equal
importance. Differing from (Shazeer et al. 2017; Lepikhin
et al. 2020), we distribute the workload evenly with a sim-
plified design. Given N experts indexed by i = 0 to N − 1
and T tokens, the auxiliary expert balance loss is calculated
as the scaled dot product between parameters f and P .

Lexpert−balance = α ·N ·
N−1∑
i=0

fi · Pi (8)

fi =
1

T
OneHot(TopK(

epi(x)∑N−1
j=0 epj(x)

)) (9)

Pi =
1

T
pi(x) (10)

here, fi is the percentage of inputs routed to each expert,
α is a hyper-parameter, and Pi is the fraction of the router
probability allocated to each corresponding expert, pi is the
probability of routing token x to expert i.

The auxiliary expert balance loss, as described in Eq.8,
ensures uniform routing for three map elements. This loss
function is differentiable thanks to the Pi. Finally, we add
an auxiliary balance loss to the total loss during training.

Experiments
Experimental Settings
Datasets. We evaluate our MapExpert on the nuScenes
(Caesar et al. 2020) and Argoverse2 datasets (Wilson et al.
2023). The nuScenes is a comprehensive, synthetically
generated autonomous driving dataset, consisting of 1000
scenes with annotations at 2 Hz. Each frame contains data
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Index + Expert + Expert Balance loss + LWMD + Slice Branch APped APdiv APbound mAP
0 77.6 71.2 73.0 73.9
1 " 78.3 72.7 73.9 75.0
2 " " 79.0 73.5 76.1 76.2
3 " " " 79.5 73.4 76.4 76.4
4 " " " " 79.4 73.9 76.2 76.5

Table 5: Ablation studies on the key design elements of MapExpert, evaluated on the origin nuScenes split dataset. Results
show that each modification contributes to the performance gain.

from six synchronized surrounding cameras. We use the
2D vectorized map elements provided by nuScenes as the
ground truth. Argoverse2 is another large-scale benchmark
with approximately 108,000 frames, each offering images
from seven surrounding cameras. Differing with nuScenes,
Argoverse2 provides 3D vectorized map elements as ground
truth.

Implementation Details. We follow the majority of the
settings from MapTracker (Chen et al. 2024), which uses
ResNet50 (He et al. 2015) and BEVFormer (Li et al. 2022c)
for BEV feature extraction, we then conduct with our de-
coder to obtain a refined prediction result. We perform our
experiments on six A800 GPUs. MapExpert has notable suc-
cesses in local HD map construction, however, it suffers
from training instabilities. To address this, we apply several
training techniques. First, we incorporate an additional seg-
mentation loss to facilitate convergence, as the vectorized
loss may cause divergence during training. Second, we use
a large batch size to prevent getting trapped in local optima
or experiencing complete divergence.

Comparisons with State-of-the-art Methods
We implemented our method based on the approaches de-
scribed in (Liao et al. 2023a; Yuan et al. 2023; Chen
et al. 2024). We also adopted the dataset split strategy of
StreamMapNet, and evaluated our method with both the
original and new split strategies. Table 1 and Table 3 fol-
low the original split strategy, Table 2 and Table 4 follow
the new split strategy of StreamMapNet. These split strate-
gies only differ in the division between the training set and
the validation set. For a fair comparison, we evaluated our
method and other methods using distinct thresholds: {1.0 m,
1.5 m, 2.0 m} for the 50 m range and {0.5 m, 1.0 m, 1.5 m}
for the 30 m range.

Performance on nuScenes. We provide a comparison of
MapExpert’s performance against existing methods to en-
sure a comprehensive analysis. As illustrated in Table 1, our
method achieves a better mAP with the original dataset split
ground truth. Concretely, MapExpert significantly outper-
forms the competing methods by more than 2.4% in mAP
scores with the original dataset split. Note that, MapEx-
pert achieves 79.4 AP of pedestrian crossings, which is 2.1
mAP higher than the result of the previous best-performing
method. We further compare our method with existing meth-
ods using the new NuScenes split dataset. As shown in Table
2, our approach outperforms MapTracker by a notable mar-

gin (with improvements of +1.7 mAP overall, +4.1 AP in
lane dividers, +0.9 AP in pedestrian crossings).

Performance on Argoverse2. We also evaluated our
method on Argoverse2 datasets. Table 3 shows the compar-
ison on the original Argoverse2 split. Our method achieves
superior performance over previous best-performing meth-
ods across all map elements, with 1.4 mAP higher than
MapTracker and 9.5 mAP higher than StreamMapNet.
Based on geographically non-overlapping splits proposed
by StreamMapNet, Table 4 reveals performance on the new
Argoverse2 split. The experiments on the new Argoverse2
dataset split demonstrate the superior construction ability of
MapExpert in local HD map construction. We achieve 71.8
mAP, which is 0.5 mAP higher than MapTracker.

Ablation Studies
Key Components Design. We conducted several ablation
studies on the original nuScenes split to confirm the neces-
sity of the proposed modules. Initially, we integrated our
modules into the baseline of MapTracker, and the influence
of each component is presented in Table 5. It is evident that
all design elements in our MapExpert contribute to perfor-
mance improvements, thereby validating their necessity. The
index 0 is baseline. The second variant incorporates map ex-
pert components into the decoder modules, which induces
approximately a 0.4% performance increase over the base-
line. The third variant includes both the experts and the aux-
iliary expert balance loss components, this variant surpasses
the baseline by 1.5 mAP, demonstrating the effectiveness of
our mechanism. The fourth variant incorporates our LWMD
after the BEV encoder. This design enables the model to ex-
tract useful information from historical features without the
need to stack BEV features, resulting in a 0.2 mAP improve-
ment. Additionally, we introduced a slice branch to predict
map elements. Although this modification only results in a
0.1 mAP improvement.

Extended version — https://arxiv.org/abs/2412.12704

Conclusion
MapExpert is a simple and efficient online HD map con-
struction method that introduces a sparse map element ex-
pert transformer architecture and Learnable Weighted Mov-
ing Descent (LWMD) strategy to model road structure topol-
ogy based on tracking-based methods. Extensive experi-
ments demonstrate that it significantly outperforms existing
methods on nuScenes and Agroverse2 datasets.
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