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Abstract

High-definition (HD) map is an important component to
support navigation and planning for autonomous driving
vehicles. Predicting map elements with high quality (high
classification and localization scores) is crucial to the safety
of autonomous driving vehicles. However, current meth-
ods perform poorly in high quality predictions due to in-
herent task misalignment. Two main factors are respon-
sible for misalignment: 1) inappropriate task labels due
to one-to-many matching queries sharing the same labels,
and 2) sub-optimal task features due to task-shared sam-
pling mechanism. In this paper, we reveal two inherent
defects in current methods and develop a novel HD map
construction method named DAMap to address these prob-
lems. Specifically, DAMap consists of three components:
Distance-aware Focal Loss (DAFL), Hybrid Loss Scheme
(HLS), and Task Modulated Deformable Attention (TMDA).
The DAFL is introduced to assign appropriate classifica-
tion labels for one-to-many matching samples. The TMDA
is proposed to obtain discriminative task-specific features.
Furthermore, the HLS is proposed to better utilize the ad-
vantages of the DAFL. We perform extensive experiments
and consistently achieve performance improvement on the
NuScenes and Argoverse2 benchmarks under different met-
rics, baselines, splits, backbones, and schedules.

1. Introduction
High-definition (HD) map is an important component de-

veloped specifically for autonomous driving vehicles. Tra-

ditional offline HD maps are constructed using SLAM-

based methods [27, 35] that require manual annotation on

the Lidar point clouds. The offline pipeline is complex,

high-cost, and difficult to keep up-to-date frequently. To

address these challenges, there has been a growing interest
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Figure 1. Top: The analysis about recall at 0.5m threshold (high

localization). Even with the 0.6 classification threshold, the recall

is only 35%. This indicates that the baseline performs poorly in

high quality predictions. Our method improves the recall of high

quality predictions at each score threshold. Bottom: A visualiza-

tion example with a 0.4 classification threshold. At this threshold,

the baseline model fails to predict pedestrian crossings, which is

dangerous for autonomous driving vehicles.

in the development of online HD map. Inspired by DETR

[3, 7, 18, 34, 38] and BEV perception [10, 14, 24], MapTR

[15] designs a transformer-based pipeline with permutation-

equivalent modeling and hierarchical query embedding for

more efficient HD map construction. MapTRv2 [16]builds

upon the MapTR framework by incorporating decoupled

self-attention to reduce memory consumption and the one-

to-many matching to speed up convergence.

Predicting map elements with high classification and lo-

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

5285



calization quality is crucial to the safety of autonomous

driving vehicles. Although MapTRv2 [16] yields promising

performance gains, the performance of high quality predic-

tions is still poor, as analyzed in Figure 1. We argue that

two inherent defects in current methods limit high quality

predictions as follows:

Inappropriate task labels is that one-to-many match-

ing samples share the same labels easily leads to the mis-

alignment results of high classification and low localiza-

tion. When one-to-many matching branches are introduced,

each GT instance corresponds to several different candi-

date samples. For example, each GT map element instance

in the MapTRv2 [16] corresponds to 7 candidate samples.

When using loss backpropagation training, different candi-

date samples are given the same classification labels, ignor-

ing the differences in localization of different samples. This

way allows low localization samples to output high classifi-

cation scores. Many results with high classification but low

localization will result in poor performance. Based on the

above observations, we propose to assess the localization

quality of these candidate samples and assign proper labels

based on this assessment. In this way, the potential of one-

to-many branching can be better exploited, and low quality

predictions can be suppressed.

Sub-optimal task features are that task-shared features

may cause inherent conflicts between tasks, leading to sub-

optimal task outputs. Cross-attention layer (deformable at-

tention) is used to extract the instance features through the

interaction between queries and image features. In the cur-

rent map construction framework, the classification and lo-

calization branches use the same instance features. How-

ever, classification and localization tasks usually have dif-

ferent feature preferences. Conventional deformable atten-

tion does not extract task-specific features. This is not con-

ducive to obtaining more accurate results for both tasks.

Typically, utilizing task modulated methods tends to obtain

more flexible feature representations. So, we argue that de-

formable attention in the decoder can be modulated to ex-

tract discriminative task-specific features.

In this paper, we propose the DAMap, a simple yet ef-

fective HD map construction method that uses three com-

ponents to obtain high quality predictions. Specifically,

Distance-aware Focal Loss (DAFL) is proposed to assign

appropriate classification labels for one-to-many matching

samples by introducing the localization quality of candi-

date samples into the classification loss. The DAFL uti-

lizes likelihood estimation to convert localization loss into

localization quality. Task Modulated Deformable Atten-

tion (TMDA) is introduced to obtain discriminative task-

specific sampling features by learning task-specific sam-

pling weights in the cross-attention layer. Furthermore, to

better utilize the advantages of our DAFL, we propose a

Hybrid Loss Scheme (HLS) to use Focal Loss [17] and our

DAFL in different decoders during the training stage. We

perform extensive experiments to validate the effectiveness

of DAMap on the NuScenes [1] and Argoverse2 [30] bench-

mark. Our method consistently achieves performance im-

provement. We summarize our contributions as follows:

• We analyze two inherent defects in the current methods,

inappropriate classification labels and sub-optimal task

features, which limit the predictions with high classifi-

cation and localization quality.

• A new online vectorized HD map construction method

named DAMap is proposed to address these defects with

Distance-aware Focal Loss, Task Modulated Deformable

Attention, and Hybrid Loss Scheme.

• We validate the proposed DAMap on the NuScenes and

Argoverse2 benchmarks under different metrics, base-

lines, splits, backbones, and schedules, and it consistently

yields performance improvement.

2. Related Work

2.1. HD Map Construction
HDMapNet [12] proposes to group pixel-level segmenta-

tion results into vectorized representations. VectorMap-

Net [21] further proposes a two-stage coarse-to-fine frame-

work with the auto-regressive decoder to sequentially gen-

erate points. Inspired by DETR[3], MapTR [15] de-

signs an end-to-end DETR-like pipeline with permutation-

equivalent point set modeling and hierarchical query em-

bedding. MapTRv2 [16] builds upon the MapTR by incor-

porating decoupled self-attention to reduce memory con-

sumption and the one-to-many matching branch to speed

up the convergence. Piece-wise Bézier curve modeling

is introduced into BeMapNet [26], and PivotNet [5] uti-

lizes dynamic pivot-based points to represent map elements.

MGMap [20] utilizes the guidance of learned masks to en-

hance element features in detail. HIMap [37] proposes the

hybrid representation learning with a point-element inter-

action module and a point-element consistency constraint

scheme. MapQR [23] replaces the point-element query

with the proposed scatter-and-gather query to address con-

tent conflicts that points of the same map element may have

different content features. In addition, StreamMapNet [32]

proposes a long-sequence temporal modeling pipeline for

complex scenarios and broader perception ranges. In con-

trast to these works, our focus lies on task labels and fea-

tures for high quality predictions. In addition, we con-

ducted experiments using these SOTA methods as the base-

line models, and our method is complementary to theirs.

2.2. High Quality Learning
Although high quality learning is less focused on HD map

construction, there exists some works [2, 8, 11, 13, 25, 33]

to improve high quality predictions for other tasks. For
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Figure 2. The pipeline of the proposed DAMap. Taking surrounding images as inputs, a shared backbone as the feature extractor first

extracts image features; The extracted image features are then transformed to BEV space as BEV features; The transform decoder finally

achieves the interaction between queries and BEV features to predict instances of map elements. These predictions are used to calculate

the loss for model optimization in the training phase.

example, IoU-Net [11] introduces an auxiliary Intersec-

tion over Union (IoU) head to output IoU scores for post-

processing. GFL [13] designs a quality focal loss to ob-

tain the joint representation of classification scores and IoU

scores. VFNet [33] proposes a novel IoU-based classifica-

tion loss and a refinement scheme to obtain more accurate

results. Since these methods achieved success in the con-

volutional era, some recent works like Stable-DINO [19],

Align-DETR [2], and Rank-DETR [25] introduce these

ideas into the DETR framework. In addition to assigning

an appropriate label, there are some works [6, 9, 28, 31, 36]

that explore task feature enhancement. Double-Head R-

CNN [31] uses two separate branches to decouple the sib-

ling task head. TSD [28] proposes a spatial disentangle-

ment module to generate different proposals for different

tasks. For the DETR [3] framework, DESTR [9] and De-

coupled DETR [36] utilize two cross-attention (multi-head

attention) modules for different tasks. Although these meth-

ods have been successful, their efficacy in the HD map

construction requires further validation. Furthermore, our

main contribution, assigning an appropriate label without

explicit IoU representation, designing the task modulated

deformable attention, and hybrid using loss in different de-

coders, has not yet been explored in previous works.

3. Method

3.1. Framework Overview

Taking multi-view RGB images as inputs, our framework is

to predict instances of map elements. The overall pipeline

of our DAMap is shown in Figure 2. Giving multi-view

RGB images as input, a shared backbone as features extrac-

tor is first used to extract image features. Then, these ex-

tracted multi-view image features are transformed to BEV

space with a pre-defined size H×W through the view trans-

form module. The generated BEV features are denoted as

F ∈ R
C×H×W , where C represents the number of chan-

nels. Finally, the DETR-like transform decoder is used to

achieve the interaction between queries and BEV features

and to generate instances of map elements.

3.2. Preliminary
Focal Loss (FL) [17] is a classical classification loss de-

signed to address extreme imbalance between positive and

negative samples during the object detector training stage.

It is also used as the classification loss in the HD map con-

struction task. It can be simply formulated as:

FL(p, y) =

{
−(1− p)γ log(p), y = 1

−pγ log(1− p), y = 0
(1)

where y ∈ {1, 0} indicates the ground truth class and

p ∈ [ 0, 1] denotes the predicted classification probability

score for the foreground class. γ is the hyper-parameter

to adjust the effect of the modulation factor. As shown

in Equation 1, focal loss consists of a modulation scal-

ing factor part (1 − p)γ and a conventional cross entropy

part − log(p). Specifically, the modulation scaling factor

(1 − p)γ and pγ correspond to the foreground and back-

ground classes, respectively.
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Figure 3. A simple example of inappropriate classification labels

for one-to-many matching queries. The green line represents GT,

and the other colored lines represent queries.

Decoder is used to extract the features of map instances

through interaction between queries and image features.

The decoder consists of a self-attention layer, a cross-

attention layer, and an FFN layer. Let Q denote the pre-

defined queries and F denote the generated BEV features.

The pipeline of the decoder can be simply formulated as:

Q̂ = {SA(Q),CA(Q,F),FFN(Q)}, (2)

where SA(·) is the self-attention layer that performs in-

teractions between different queries. CA(·) is the cross-

attention layer that extracts the instance features from the

image features. In MapTRv2 [16], Deformable Attention is

used to construct a cross-attention layer. FFN(·) is the feed-

forward network layer that enhances the instance features.

The normalization layers are omitted in the pipeline.

After obtaining the instance features extracted by the de-

coder, the instance features are fed into the classification

and localization task heads, consisting of linear layers, to

output the predictions. The process can be formulated as:

Ocls = Hcls(Q̂),Oloc = Hloc(Q̂), (3)

where Hcls indicates the classification head, Hloc indicates

the localization head. The final predictions are usually ob-

tained by cascading multiple decoders and task heads.

3.3. Distance-aware Focal Loss
Although the integration of Focal Loss can speed up conver-

gence and yield promising performance gains, its modula-

tion factor, considering only the classification score of sam-

ples, is not optimal. When one-to-many matching branches

are introduced, each GT instance corresponds to several dif-

ferent candidate samples. However, these different candi-

date samples are given the same label of 1, which is not con-

ducive to obtaining a more discriminative model, as shown

in Figure 3. We need to assess the localization quality of

these candidate samples and assign appropriate labels based

on this localization assessment.

The localization loss can be used to indicate the local-

ization quality, so we first introduce the localization loss

(distance loss) as follows:

Ldist =

N−1∑
i=0

�{ci �=∅}
Nv−1∑
j=0

DL1(v̂π̂(i),j , vi,γ̂i(j)), (4)

where i is the index of GT instance, j is the index of point

in GT instance, γ̂i denotes the point-level matching result,

π̂ denotes instance-level matching result. v̂π̂(i),j represents

each predicted point, vi,γ̂i(j) represents the assigned a GT

point. The localization loss is obtained by computing the L1

distance between predicted points and assigned GT points.

The large range of values for the distance loss (Ldist ∈
[ 0,+∞] ) causes it not to be used as directly as the classifi-

cation score (p ∈ [ 0, 1] ). To align the classification scores,

we need to represent the distance loss as a probability to

indicate the localization quality. The distance loss can be

converted into a likelihood probability using maximum like-

lihood estimation theory, as follows:

P i
dist = e−λLi

dist , (5)

where P i
dist denotes the instance localization confidence to

indicate the localization quality. When Li
dist = 0, Pdist is

equal to 1. When Li
dist tends to infinity, Pdist tends to 0. λ

is a hyper-parameter to adjust the effect of loss.

After obtaining the localization probability, we can use

the localization probability as continuous labels to assign

more reasonable labels to different samples. Specifically,

we replace the binary labels in Focal Loss with continuous

labels and thus obtain the proposed Distance-aware Focal

Loss (DAFL). The DAFL is defined as:

DAFL(p, y) = −(y − p)γ(y log(p) + (1− y) log(1− p)),
(6)

where y ∈ [ 0, 1] denotes the localization confidence. As

shown in Equation 6, when the sample is a negative sample

(y = 0), the DAFL is the same as the raw Focal Loss. When

the samples are positive, the localization confidence will be

used as the classification label as a supervised signal so that

the classification score can indicate the localization quality.

Our proposed DAFL can mitigate the issue of the clas-

sification task not perceiving the localization quality, thus

avoiding the output of predictions with high classification

and low localization quality.

3.4. Hybrid Loss Scheme
MapTRv2[16] typically stacks 6 decoder layers to output

predictions using a cascade style. All decoder layers are

supervised by classification and localization loss. The total

classification loss can be simply formulated as:

Lcls =
L∑

l=1

FL(p, y), (7)

where L is the number of decoder layers.

To introduce our proposed DAFL into the classification

loss, a straightforward way is to replace the Focal Loss in all

decoders with our proposed DAFL. The total classification
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loss is converted as:

Lcls =

L∑
l=1

DAFL(p, y). (8)

The random initialization of the query in MapTRv2 [16]

leads to poor localization results at the early stage of train-

ing, which may affect our proposed DAFL.

To take full advantage of our proposed DAFL, we pro-

pose the hybrid loss scheme to combine the Focal Loss [17]

with the proposed DAFL. Specifically, we use Focal Loss as

the classification loss in the earlier decoder layer and DAFL

as the classification loss in the later decoder layer. Focal

Loss is independent of the localization quality of samples.

Predictions of the later decoders tend to have a higher lo-

calization quality than the earlier ones due to the cascade

property of the decoders. The total classification loss can

be simply formulated as:

Lcls =
L1∑
l=1

FL(p, y) +
L2∑
l=1

DAFL(p, y), (9)

where L1 is the number of decoder layers with Focal Loss,

L2 is the number of decoder layers with DAFL. The sum of

L1 and L2 is equal to L.

3.5. Task Modulated Deformable Attention
Sharing the same instance features may cause inherent con-

flicts across tasks, leading to sub-optimal task output re-

sults. For example, features in salient regions within in-

stances may have rich semantic information for classifica-

tion tasks, while features at instance boundaries may be

more conducive to localization tasks. The shared paradigm

in current decoder designs prevents decoders from obtain-

ing more discriminative task-specific features to achieve

further performance gains.

To deal with the above potential issue, we propose the

Task Modulated Deformable Attention to obtain discrimi-

native task-specific features. Specifically, we first double

the channels of the initialized query Q, with half of the

channels responsible for classification and the other half for

localization. Then, as with the conventional decoder, the

queries utilize the self-attention layer for interactions be-

tween different queries. Next, we split the queries obtained

from the self-attention layer to generate task-aware queries

Qcls and Qloc as follows:

Qcls,Qloc = Split(SA(Q)), (10)

where Q ∈ R
2C , Qcls ∈ R

C ,Qloc ∈ R
C . Split(·) repre-

sents the split operation for the channels.

After obtaining the task-aware queries, we feed them to

the cross-attention layer to obtain the task-specific features.

It is worth noticing that we do not simply use two cross-

attention layers (Deformable Attention module [38]) to pro-

cess task-aware queries separately, but utilize our proposed

Task Decoupled Deformable Attention module to process

them. The standard deformable attention module can be

simply formulated as:

A = WaQ,Δr = WpQ,V = Samp(WvF, r +Δr),

DeformableAttention(Q,V) = Softmax(A)V, (11)

where Δr are the offsets of reference points, r are the refer-

ence points, Wa, Wp and Wv represent the linear projection.

A are the attention weights of the sample features, Samp is

a function that extracts the features corresponding to the lo-

cation (r +Δr) by bilinear interpolation.

Our proposed Task Decoupled Deformable Attention

module utilizes task-aware query to learn task-specific at-

tention weights, while offset learning remains shared. The

reason for this design is that we argue that 1) it is difficult to

simultaneously learn task-specific weights and offsets using

the task-aware query due to the large number of variables to

be optimized, and 2) offset learning itself is more difficult to

optimize because its optimization objective is unbounded.

Our proposed Task Decoupled Deformable Attention mod-

ule can be simply formulated as:

Acls = WaQcls,Aloc = W
′
aQloc

Δr = WpCat(Qcls,Qloc),V = Samp(WvF, r +Δr),

Q̂cls, Q̂loc = Softmax(Acls)V, Softmax(Aloc)V, (12)

where Cat represents the concatenation operation.

Next, we feed the task-specific features extracted by the

cross-attention layer into different FFN networks, respec-

tively. Finally, task-specific features are fed into the two

task heads to output the predictions of the map element.

4. Experiments
4.1. Datasets
NuScenes. NuScenes [1] dataset includes 1000 driving

scenes recorded in Boston and Singapore. Each scene lasts

about 20 seconds and is sampled at 2Hz to get 40 key-

frame samples. For each sample, there are 6 RGB images

from surrounding cameras that provide the full 360-degree

field of view. Following previous methods, 700/150/150

split scenes are utilized for training/validation/testing, re-

spectively. We report the performance of three categories,

including the road boundary, the lane divider, and the pedes-

trian crossing, on the validation set. The ground truth in the

NuScenes is annotated as the 2D vectorized map elements.

Argoverse2. Argoverse2 [30] dataset includes 1000 driving

scenes recorded in six cities. Each scene lasts about 15 sec-

onds and is sampled at 10Hz to get 150 key-frame samples.
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Methods Reference 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 [12] ICRA22 30 7.1 28.3 32.6 22.7 24.1 23.6 43.5 31.4

PivotNet [5] CVPR23 30 34.8 42.9 39.3 39.0 53.8 58.8 59.6 57.4

BeMapNet [26] CVPR23 30 39.0 46.9 37.8 41.3 57.7 62.3 59.4 59.8

MapTR [15] ICLR23 24 23.2 30.7 28.2 27.3 46.3 51.5 53.1 50.3

StreamMapNet [32] WACV24 30 - - - - 61.7 66.3 62.1 63.4

MapTRv2 [16] IJCV24 24 35.4 40.0 36.3 37.2 59.8 62.4 62.4 61.5

MapTRv2+MGMap [20] CVPR24 24 - - - - 61.8 65.0 67.5 64.8

HIMap [37] CVPR24 30 37.2 49.2 42.8 43.1 62.6 68.4 69.1 66.7

SQD-MapNet [29] ECCV24 24 - - - - 63.6 66.6 64.8 65.0

MapTRv2† [16] IJCV24 24 34.2 39.3 36.2 36.6 58.1 60.8 62.3 60.4

MapQR [23] ECCV24 24 38.6 49.9 41.5 43.3 63.4 68.0 67.7 66.4

Mask2Map [4] ECCV24 24 - - - - 70.6 71.3 72.9 71.6

MapTRv2+Ours - 24 34.7 43.2 39.1 39.0(+2.4) 58.5 64.7 65.1 62.8(+2.4)

MapQR+Ours - 24 40.3 52.4 45.3 46.0(+2.6) 65.2 70.8 70.3 68.8(+2.4)

Mask2Map+Ours - 24 55.6 62.2 59.4 51.2 70.7 72.3 74.9 72.6(+1.0)

VectorMapNet [21] ICML23 110 18.2 27.2 18.4 21.3 36.1 47.3 39.3 40.9

MapTR‡ [15] ICLR23 110 31.4 40.5 35.5 35.8 55.8 60.9 61.1 59.3

BeMapNet [26] CVPR23 110 44.5 52.7 44.2 47.1 62.6 66.7 65.1 64.8

MapTRv2 [16] IJCV24 110 - - - - 68.1 68.3 69.7 68.7

MGMap [20] CVPR24 110 54.5 42.1 37.4 44.7 64.4 67.6 67.7 66.5

MapTRv2+SGQ [23] ECCV24 110 44.0 52.9 45.3 47.4 67.7 69.8 70.4 69.3

MapTRv2† [16] IJCV24 110 43.4 48.2 42.9 44.9 67.5 68.3 69.1 68.3

MapTRv2+HLS (Ours) - 110 44.8 50.0 46.3 47.0(+2.1) 68.2 69.7 70.5 69.4(+1.1)

MapTRv2+Ours - 110 44.0 51.6 46.6 47.4(+2.5) 68.6 71.3 71.2 70.4(+2.1)

Table 1. Comparison to the state-of-the-art on nuScenes val set with ResNet-50. The † is the reproduced result from public code. Our

reproduced models trained on 4 NVIDIA GeForce RTX 3090 GPUs with batch size 16 and 3× 10−4 with cosine decay, which is half the

learning rate at total batch size 32. So some reproduced results are low than the results with batch size 32 from paper. The numbers in

brackets are corresponding mAP gains compared with reproduced baseline models under the same settings. The ‡ means the results from

released model. “-” means that the corresponding results are not available. The metric of easy setting and hard setting are follow [5].

For each sample, there are 7 RGB images from surrounding

cameras. Following previous methods, 700/150 split scenes

with 110K/24K frames are used for training/validation. We

report the performance of the same categories as NuScenes

on the validation set. The ground truth in Argoverse2 is

annotated as the 3D vectorized map elements.

4.2. Metric
Following previous methods, the mean Average Precision

(mAP) metric based on Chamfer Distance is chosen for

evaluation. A prediction that satisfies a specific chamfer

distance threshold is defined as a True-Positive (TP). Two

different threshold sets (hard and easy) are adopted for a

more comprehensive evaluation. The hard and easy settings

correspond to {0.2, 0.5, 1.0}m and {0.5, 1.0, 1.5}m, re-

spectively. The prediction map range is [−15.0m, 15.0m]
for the X-axis and [−30.0m, 30.0m] for the Y -axis.

4.3. Implementation Details
We adopt the ResNet50 as the backbone to conduct experi-

ments unless otherwise specified. The total batch size is 16

and the learning rate is 3×10−4. All models are trained on 4

NVIDIA GeForce RTX 3090 GPUs unless otherwise spec-

ified. The training schedule is 24 epochs for NuScenes and

6 epochs for Argoverse2 unless otherwise specified. Other

settings are the same as the baseline MapTRv2 [16].

4.4. Main Results
Results on nuScenes. For nuScenes [1], different meth-

ods output 2D vectorized HD map elements for evaluation.

Table 1 shows the comparison of the experimental results

against the SOTA methods. Combining our components

with MapTRv2, our proposed DAMap achieves 62.8 and

39.0 mAP, which are 2.4 and 2.4 mAP higher than our

reimplemented MapTRv2 baseline with the 24 epochs set-

ting. Since recent work MapQR [23] and Mask2Map [4]

have shown good performance, we also chose them as the

baselines to validate the generality of our method. Combin-

ing our components with MapQR, our proposed DAMap

achieves 68.8 and 46.0 mAP, which are 2.4 and 2.6 mAP

higher than our reimplemented MapQR baseline with the 24

epochs. Combining our components with Mask2Map, our
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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
MapQR [23] SwinB 24 41.4 52.3 43.2 45.6 67.5 72.1 70.5 70.1

MapQR† [23] SwinB 24 41.6 53.2 46.3 47.0 66.9 71.9 71.0 70.0

MapQR+Ours SwinB 24 43.2 54.6 47.9 48.6(+1.6) 68.7 73.9 73.2 71.9(+1.9)

Table 2. Comparison to the state-of-the-art on nuScenes val set with SwinB. The † is the reproduced result from public code.

Methods Dim 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
MapTRv2[16]

3

6 30.5 48.1 36.7 38.4 60.7 68.9 64.5 64.7

MapTRv2† [16] 6 30.1 47.9 36.4 38.1 58.4 69.0 63.4 63.6

MapTRv2+Ours 6 32.5 49.7 40.5 40.9(+2.8) 61.0 70.3 67.2 66.2(+2.6)

MapQR [23] 6 30.6 49.4 38.9 39.6 60.1 71.2 66.2 65.9

MapQR† [23] 6 33.9 50.1 39.5 41.1 61.3 68.9 66.1 65.4

MapQR+Ours 6 35.3 52.4 43.3 43.6(+2.5) 62.9 70.9 68.4 67.4(+2.0)

MapTRv2† [16] 24 36.3 52.3 41.8 43.5 65.1 72.2 68.1 68.5

MapTRv2+Ours 24 36.0 54.2 45.0 45.0(+1.5) 64.7 73.2 70.2 69.4(+0.9)

MapQR† [23] 24 36.7 54.5 44.0 45.1 63.3 71.0 69.3 67.9

MapQR+Ours 24 37.6 55.6 46.2 46.5(+1.4) 64.4 72.1 69.8 68.8(+0.9)

Table 3. Comparison to the state-of-the-art on Argoverse2 val set with ResNet-50. The † is the reproduced result from public code.

The reproduced setting is same as the nuScenes. The numbers in brackets are corresponding mAP gains.

proposed DAMap achieves 72.6 mAP, which is 1.0 mAP

higher than Mask2Map baseline with the 24 epochs.

To evaluate the effectiveness of our method under a

longer training schedule, we perform experiments under the

110 epochs training schedule. Our method achieves 70.4

and 47.4 mAP, which are 2.1 and 2.5 mAP higher than the

baseline. Besides, we conduct the experiment of introduc-

ing only our HLS with DAFL into the baseline MapTRv2

[16]. It is worth noting that our HLS with DAFL as the

loss function does not introduce parameters and computa-

tional effort in the inference stage. Our proposed HLS with

DAFL achieves 69.4 and 47.0 mAP, which are 1.1 and 2.1

mAP higher than the baseline MapTRv2.

In addition, our DAMap can consistently obtain perfor-

mance gains even with a stronger Swin-Transformer [22]

backbone. As shown in Table 2, when using SwinB as the

backbone, our DAMap achieves 71.9 and 48.6 mAP, which

are 1.9 and 1.6 mAP higher than the baseline. These results

validate the effectiveness and generalizability of our method

on different metrics, baselines, schedules, and backbones.

Results on Argoverse2. For Argoverse2 [30], different

methods output 3D vectorized HD map elements for evalu-

ation. We also evaluate our proposed DAMap on the Argo-

verse2 val dataset under different metrics (hard and easy),

baselines (MapTRv2 [16] and MapQR [23]), and schedules

(6 and 24 epochs). Table 3 shows the comparison of the ex-

perimental results. Our proposed DAMap consistently ob-

tains performance improvement under all settings. Specif-

ically, under the 6 epochs schedule, our method outper-

forms MapTRv2 by 2.6 and 2.8 mAP and MapQR by 2.0

Methods APped. APdiv. APbou. mAP

MapTRv2†[16] 12.1 26.3 42.2 26.9

MapTRv2+Ours 12.3 27.6 45.8 28.6(+1.7)

StreamMapNet[32] 32.2 29.3 40.8 34.1

StreamMapNet+Ours 35.1 27.8 43.8 35.6(+1.5)

Table 4. Comparison to the baseline methods on new nuScenes
split val set under the ResNet50 backbone. The † is the repro-

duced result from public code.

and 2.5 mAP, respectively. Under the 24 epochs schedule,

our method outperforms MapTRv2 by 0.9 and 1.5 mAP and

MapQR by 0.9 and 1.4 mAP, respectively. These results val-

idate the effectiveness and generalizability of our method on

the different datasets.

Results on New nuScenes Split. To ensure a fair compari-

son, we also perform experiments on the new nuScenes split

proposed by StreamMapNet [32]. As shown in Table 4, our

proposed DAMap demonstrates superior performance over

baseline methods across all categories in the new nuScenes

split. The results show the effectiveness of our method on

different dataset splits.

Results with Centerline Category. To investigate the ef-

fectiveness for more categories, we conduct experiment of

our method with the Centerline category. As shown in Ta-

ble 5, our DAMap can obtain performance gains even with

the Centerline category. Specifically, our DAMap achieves

58.3 mAP and 62.5 mAP in nuScenes and Argoverse2, re-

spectively, which is 5.1 mAP and 4.0 mAP higher than the

reproduced baseline. These results further validate the ef-
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Methods Data. APped. APdiv. APbou. APcen. mAP

MapTRv2[16] nuS 50.1 53.9 58.8 53.1 54.0

MapTRv2†[16] nuS 47.7 52.8 59.2 53.2 53.2

MapTRv2+Ours nuS 51.0 60.6 64.5 57.2 58.3

MapTRv2†[16] Arg2 51.6 62.1 61.3 58.9 58.5

MapTRv2+Ours Arg2 53.5 68.6 64.7 63.3 62.5

Table 5. Comparison to the the baseline methods on nuScenes
and Argoverse2 val set with Centerline category under the
ResNet50. The † is the reproduced result from public code.

DAFL HLS TMDA APped. APdiv. APbou. mAP

- - - 58.1 60.8 62.3 60.4

� 58.6 61.1 63.1 60.9

� � 58.5 62.9 63.4 61.6

� 58.5 63.1 63.2 61.6

� � � 58.5 64.7 65.1 62.8

Table 6. Ablations on each component of our DAMap.
”DAFL”, ”HLS” and ”TMDA” represent Distance-aware Focal

Loss, Hybrid Loss Scheme and Task Modulated Deformable At-

tention, respectively.

fectiveness and generalizability of our method.

4.5. Ablation Study
Ablation on Each Component. To analyze the effect

of each component in our DAMap, we gradually apply

Distance-aware Focal Loss (DAFL), Hybrid Loss Scheme

(HLS), and Task Modulated Deformable Attention (TMDA)

to the baseline. As shown in Table 6, the DAFL produces

0.5 mAP gains compared to the baseline. The result shows

that introducing the localization quality into the Focal Loss

is beneficial to the model. The HLS with DAFL improves

the performance from 60.4 mAP to 61.6 mAP. This re-

sult suggests that our HLS can take greater advantage of

the DAFL. The TMDA brings 1.2 mAP gains compared to

the baseline. When all components are introduced into the

baseline, it achieves 62.8 mAP with 2.4 mAP gains. Hyper-

parameter experiments on these components and runtime

analysis can be found in the Supplementary Material. The

results show that these components are complementary and

address different issues in the HD map task.

Ablation on TMDA Design. To validate the effectiveness

of our TMDA design, we conduct experiments on other de-

signs with the same complexity. As shown in Table 7, other

designs can obtain a slight gain. For example, the design

(Setting 1) of task-specific sampling offsets and attention

weights generated by the task-aware query can bring 0.3

mAP gains. This design is equivalent to having a separate

cross-attention layer for each of the classification and local-

ization tasks. Our design (Setting 4) of task-agnostic sam-

pling offsets generated by task-agnostic query and the task-

specific attention weights generated by task-aware query

can achieve 1.2 mAP gains. The results show that our

method outperforms the other designs. In addition, we also

Setting APped. APdiv. APbou. mAP Para.

- 58.1 60.8 62.3 60.4 40M

1 57.5 61.8 62.9 60.7 52M

2 57.4 63.0 62.3 60.9 52M

3 57.0 62.6 61.7 60.4 52M

4 (Ours) 58.5 63.1 63.2 61.6 52M

Table 7. Ablations on our TMDA with other designs. 1: task-

specific sampling offsets and attention weights are generated by

task-aware query. 2: task-specific sampling offsets and attention

weights are learned by task-agnostic query (concatenated task-

aware query). 3: task-specific sampling offsets and task-agnostic

attention weights are learned by task-agnostic query.

0

0.1

0.2

0.3

0.4

0.02 0.06 0.1 0.14 0.18

MapTRv2
MapDA(Ours)

Fr
eq

ue
nc

y

Classification Score

0
0.1
0.2
0.3
0.4
0.5

0.1 0.3 0.5 0.7 0.9

MapTRv2
DAMap(Ours)

Classification Score

Fr
eq

ue
nc

y DAMap(Ours)

Figure 4. Left: Frequency of the classification scores on the True

Positive with or without our method. Right: Frequency of the clas-

sification scores on the False Positive with or without our method.

show the attention weights visualization of TMDA in the

Supplementary Material.

Quantitative Analysis of Classification Score. To further

illustrate that our method can produce high quality predic-

tions, we count the classification scores of the predictions.

As shown in Figure 4, our method improves the percent-

age of predictions with high classification score for True

Positive (Left) and the percentage of predictions with low

classification score for False Positive (Right). The results

show that our method can encourage positive samples and

suppress negative samples. This phenomenon is further evi-

dence that our method can produce high quality predictions.

Quantitative analysis of localization quality can be found in

the Supplementary Material.

5. Conclusion
In this paper, we analyze two inherent defects in current

methods that limit the high quality predictions. To ad-

dress these problems, we propose a novel map construc-

tion method named DAMap, which consists of three com-

ponents: Distance-aware Focal Loss (DAFL), Hybrid Loss

Scheme (HLS) and Task Modulated Deformable Attention

(TMDA). The DAFL is introduced to assign appropriate la-

bels for one-to-many matching samples. The TMDA is pro-

posed to obtain discriminative task-specific features. Fur-

thermore, the HLS is proposed to better utilize the advan-

tages of the DAFL. Extensive experiments conducted on the

nuScenes and Argoverse2 benchmarks under different met-

rics, baselines, splits, backbones, and schedules validate the

effectiveness of our method.
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