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M3TR: A Generalist Model for Real-World HD Map Completion

Fabian Immel®, Richard Fehler!, Frank Bieder', Jan-Hendrik Pauls® and Christoph Stiller?

Abstract—Autonomous vehicles rely on HD maps for their
operation, but offline HD maps eventually become outdated. For
this reason, online HD map construction methods use live sensor
data to infer map information instead. Research on real map
changes shows that oftentimes entire parts of an HD map remain
unchanged and can be used as a prior. We therefore introduce
M3TR (Multi-Masking Map Transformer), a generalist approach
for HD map completion both with and without offline HD map
priors. As a necessary foundation, we address shortcomings in
ground truth labels for Argoverse 2 and nuScenes and propose
the first comprehensive benchmark for HD map completion.
Unlike existing models that specialize in a single kind of map
change, which is unrealistic for deployment, our Generalist model
handles all kinds of changes, matching the effectiveness of Expert
models. With our map masking as augmentation regime, we can
even achieve a +1.4 mAP improvement without a prior. Finally,
by fully utilizing prior HD map elements and optimizing query
designs, M3TR outperforms existing methods by +4.3 mAP while
being the first real-world deployable model for offline HD map
priors. https://github.com/immel-f/m3tr

Index Terms—Intelligent Transportation Systems; Deep Learn-
ing for Visual Perception; Computer Vision for Transportation

I. INTRODUCTION

In order to drive safely, autonomous vehicles need to
understand the geometry and topology of the roads as well as
the traffic rules that apply to them. Current systems employ
detailed semantic high-definition (HD) maps that provide this
rich knowledge, but are primarily created using offline SLAM
approaches. However, maintaining such offline HD maps to
account for changes in no time is infeasible. Therefore, re-
cent advances in computer vision aim to perceive HD map
information with onboard sensors [1]-[6].

This task of online vectorized HD map construction uses
sensor data, e.g. from cameras or LiDAR sensors, to detect
vectorized map elements (lane markings, road borders, etc.)
with their semantic meaning. When compared to offline HD
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planning maps however, online HD map construction models
still miss important information. Examples for this are lane
marking types (solid vs. dashed) [1]-[6], lane centerlines [1]-
[3], [5], [6] and 3D instances [1]-[3], [5], [6].

Recent work [7] demonstrated that maps become outdated
only gradually, leaving parts of offline map information still
valid for use as a prior. Map changes, like construction sites,
usually invalidate semantically coherent elements like specific
lanes, while leaving the rest unchanged (see also Fig. 2).
Combined with methods for detecting valid map elements [8],
[9], which are outside of the scope of this work, this leads to
the situation where map perception models must fill in invalid
areas using the remaining HD map and sensor data, a task
which we refer to as HD map completion.

Existing work incorporating prior information falls short
for three main reasons: Detection transformer queries are
used to provide vectorized priors to the model [10], but
fail to fully utilize all map information. Furthermore, current
approaches lack a clear task definition and evaluation metric
that differentiates prior map elements and those needing to
be perceived online. Finally, previous models specialize on a
single map prior type that is assumed to be known in advance.
Since any part of an offline HD map could change, this is
unrealistic for real-world deployment.

Contributions

To address these points, we present M3TR (Multi-Masking
Map Transformer), a generalist HD map completion model
with the following contributions:

o A new HD map completion benchmark for models with
prior offline HD map information. This includes seman-
tically richer labels and the first metric that explicitly
focuses on the performance for elements without a prior.

« We propose a novel query design to incorporate map pri-
ors on a point query and query set level that considerably
improves detection performance on the Argoverse 2 and
nuScenes datasets by up to +4.3 mAP.

« We introduce a novel training regime which yields a
single model that can make use of any HD map prior.
This Generalist model achieves performance on par with
specialized models without needing to know which kind
of map information is available, even improving perfor-
mance without a prior by up to 1.4 mAP.

II. RELATED WORK

Related work can be grouped into two main categories:
Common online HD map construction methods without priors
and methods that use prior vectorized map information.
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Fig. 1: Overview of the model architecture of M3TR and the investigated point query encoder designs. For our evaluated task
of HD map completion, we mask out instances from the ground truth map Mgt to create a map prior Mp. Using Mp, we
try to reconstruct MgT. The map prior instances are supplied to the model as queries, using the shown point query design

and the detection query set design, latter of which is further illustrated in Fig. 4.

A. Online HD Map Construction without Priors

Detection transformer (DETR) [11] based architectures can
be used to provide vectorized map element detections, han-
dling HD map polyline and polygon elements in their original
sparse representation. To detect map elements in the surround-
ing scene, a bird’s eye view (BEV) feature grid, representing a
fixed environment area, is generated by transforming 2D image
features with methods proposed in general 3D object detection
and BEV segmentation [12]-[14]. MapTR [3], [4] implements
fast detection for complete map elements by modifying the
original object queries of the transformer decoder to represent
polylines and polygons with a fixed number of points. This
enables fast parallel transformer decoding in contrast to early
autoregressive approaches like VectorMapNet [2].

Recent contributions in the online HD map construction
task show two significant improvements to the MapTR and
MapTRv2 baselines, concentrating on query design and for-
mulation. The first set [6], [15] improves single-shot detection
performance by utilizing complete map element shapes and
masks in the detection query representation.

The second set [5], [16] extends the single-shot detection
task to the temporal and spatial context of past time steps.

B. Online HD Map Construction with Priors

Methods discussed in the previous section take only sensor
data into account. In real-world autonomous systems, maps
ranging from navigation maps to HD maps are used for at
least routing, extending to motion prediction, path planning,
and other driving tasks. Since this map becomes outdated piece
by piece, online HD map construction that utilizes still up-to-
date parts of maps as an optional prior is an attractive solution
from an application perspective.

MapEX [10] was among the first to propose a detection
query design allowing for both existing map element trans-
former queries as prior and regular learned transformer queries
used for detecting unknown map elements. We use it as a
baseline, but improve not only its evaluation scheme, but also
the query design and model capabilities.

PriorDrive [17] proposes a HD map construction framework
which integrates either SD navigation maps, incomplete HD
maps or online constructed HD maps from previous drives
at the same location. SMERF [18] incorporates a SD map
prior by first encoding SD map elements with a transformer
encoder and fusing them with the BEV feature grid via cross
attention, showing improvements on the OpenLaneV2 [19]
dataset detection and topology metrics. The approach of [10]
to incorporate existing map prior with varying degradation
levels was extended by [20] and consecutively [8] to use
heavily modified map prior inputs to simulate outdated and
incorrect map priors. This expands the training task to map
verification, change detection, and map update, showing a
significant sim-to-real gap on real public [7] or proprietary
[20] data.

The limitations of prior work, mentioned in Sec. I, are ad-
dressed in the following section along with our improvements.

III. THE HD MAP COMPLETION BENCHMARK

In this section we describe the novel HD map completion
benchmark. Sec. III-A discusses our improved ground truth
while Sec. III-B presents the HD map completion task.

A. Improved Ground Truth Maps

Most recent HD map construction models are trained using
labels that have largely been unchanged since VectorMap-
Net [2] despite having major shortcomings.
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The labels do not include information from the Argoverse
2 HD maps that is necessary for autonomous driving. Ad-
ditionally, issues in the label generation algorithms introduce
errors into the ground truth instances and a geographic overlap
leads to leakage between training and evaluation data. Fixes
to these issues have been proposed in different works [4], [5],
[21], [22], however they are scattered and not united in one
single ground truth set.

As a foundation for the proposed HD map completion
benchmark, we combine these improvements into one label set,
together with a novel separation of dashed and solid dividers,
leveraging [23] for the label generation in Argoverse 2. A
comparison with previously used labels is listed in Tab. I.

B. The HD Map Completion Task

Our focus in this work is on using offline HD maps as priors
that became outdated and thus partially invalid. This idea is
based on the largest public dataset of real map changes, Trust
but Verify [7]. When applying existing work to outdated offline
HD maps, three open issues arise: Map changes in public
datasets are not labeled on a point level and rare, requiring map
priors to be derived synthetically [7]. Unfortunately, the map
change generation schemes of previous approaches [8], [10],
[17] follow assumptions that are not applicable for outdated
offline HD maps. Real changes do not occur at random, but
rather follow a local pattern with semantic correlation [20],
that only affects specific elements and leaves most elements
unchanged. This was also observed in [7], where changes
remove, modify or add semantically coherent elements rather
than randomly drop/add elements or apply noise.

To better align our synthetic priors with real priors, we
define adapted map prior scenarios S, = (M, D) consisting
of a map prior M,, and sensor data D. Map priors M, are
derived from the complete ground truth map Mgt using the
scenario specific prior generator I, which masks out or selects
only specific map elements:

Mpzpp(MGT)- (D

TABLE I: Features of labels on Argoverse 2 used in various
state of the art approaches and in our proposed ground truth.

Method Divider Lane 3D Ins- Fix‘ed GT Geg.
Types Centerl. tances Artifacts Split

VectorMapNet [2] - -

MapTRv2 [4], [21] - v Ng - -

StreamMapNet [16] - - - - NG

MapTracker [5] - - - v v

MapEX [10] R

PriorDrive [17] - - - - -

M3TR (Ours) v Ng v v v

TABLE II: Systematic map prior scenarios S defined in this
work.

Name  Description
Sgr Ego lane is masked out.

R Ego road is masked out.
SBD Only road boundaries are provided as prior.
ScL Only lane center lines are provided as prior.
Sy No map prior.

(a) Ex.
blocked.

for Sgr: Own lane (b) Ex. for Sgx: New bike lane.

Fig. 2: Visualization of map changes from [7], with the
outdated map reprojected into the image. Real map changes
translate easily into the proposed map prior scenarios.

The task of the model is to reconstruct the complete map from
the given partial prior and the sensor information.

MapEX [10] has already begun moving in this direction
by including Spp as a scenario, however the other scenar-
ios include modifications like point-level noise that are not
applicable for outdated offline HD maps, but only for maps
perceived in previous time steps.

We show in Sec. V that the semantic class of map prior has
a strong influence on the model performance and thus propose
to separate map prior scenarios semantically. This enables a
systematic investigation to guide efforts in data collection or
map maintenance. The prior scenarios are listed in Tab. II and
visualized in Fig. 6. Fig. 2 shows that real map changes [7] can
easily be categorized into the proposed scenarios. Fig. 2a has
the own lane become blocked, resulting in invalidated elements
akin to Sﬁ. In Fig. 2b, a bike lane is added that causes the
ego road to become invalid, similar to Sﬁ.

The scenarios assume that it is known beforehand which
elements are no longer valid, a task for which separate
proposed solutions exist [8], [9]. In turn however, this also
brings a large benefit: These map prior scenarios help reduce
the sim-to-real gap that occurs with artificial map changes [20].
Synthetically generated map changes are often not realistic
in conjunction with what the sensors actually observe in the
real world, creating inconsistencies between the simulated map
modifications and the sensor data. We avoid these inconsis-
tencies, as the reconstruction task is indifferent to whether
semantically coherent elements are masked synthetically or if
elements become masked due to real map changes.

C. A Prior-Aware HD Map Completion Metric

To measure map completion performance, we need to solve
an issue already pointed out by [8]: current evaluation metrics
do not differentiate between map elements that are available
as prior and those that need to be perceived online [10],
[17], [20]. However, transformer models quickly learn to pass
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Fig. 3: Visualization of existing baseline map prior point query
designs [10]. We improve upon existing queries by integrating
the prior information in all parts of the query.

through prior elements almost identically and, if known as
prior, any downstream application would prefer the map prior
over the corresponding, possibly noisy prediction. Hence, we
propose to focus on exactly those map elements which are
unknown to the model at inference time.

The standard evaluation metric for methods with vec-
torized output [2], [4], [5] is the mean average precision
(mAP), using the Chamfer distance with thresholds of 7 €
{0.5m,1.0m,1.5m}. The mAP is averaged across the average
precision (AP) of the individual label classes: dashed dividers,
solid dividers, road boundaries, lane centerline paths and
pedestrian crossings, with the class specific AP averaged
across the Chamfer distance thresholds 7. Analogously, to
evaluate completion performance, we define the mean average
completion precision, mAPC, which uses not the entire map
Mer, but only the map elements Mz = Mgt \ M, which
are missing in the specific scenario.

IV. A DEPLOYABLE HD MApP COMPLETION MODEL

This section describes the M3TR (Multi-Masking Map
Transformer) model itself. Sec. [V-B presents our Generalist
training regime, Sec. IV-C how to use map masking as
augmentation, and Sec. [V-A the novel map prior query design.

A. Query Design

In recent work, queries of the detection transformer have
emerged as the main way to supply the model with prior
information [5], [8], [10], [17], [20], [24]. How exactly these
queries are composed and where they are inserted is often
neglected and not described in detail. BEV detection trans-
former queries consist of different sub-elements and map prior
queries can be composed in many different ways and inserted
at multiple points, making the available option space quite
large. We explore that option space to incorporate prior map
knowledge on two architectural levels, the point query design
and the query set design, and use MapEX [10] as our baseline.

Point Query Design: A fixed set of points is used as map
decoder queries per map element to be predicted. Each point
query consists of two vectors which are concatenated: the point
embedding Q¢ and the positional embedding Qpg.

020 I
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Fig. 4: Visualization of different detection query set designs
with and without map prior M,,. The set of queries are
matched to ground truth map elements in either a one-to-
one (0O20) or one-to-many (O2M) fashion. Compared to the
baseline O2Mgyp query set design for map priors, we propose
a tiling O2Mpvp design.

Most HD map construction transformers use learned point
embeddings since they assume no prior knowledge about map
elements. To improve upon this, we compare the two existing
approaches on how to encode map prior information into the
point queries @ and @), depicted in Fig. 3, with our novel
approach ©), shown in Fig. 1.

While in @&, the baseline proposed in MapEX [10], the zero-
padded point information is directly used as point embedding
Qpt, we propose to combine it with a two-part learned prior
embedding E,; in ©. This makes use of the prior information,
but provides a learnable degree of freedom for the model.

®), a learned embedding design also explored in [10], differs
from © in the positional embedding Qpg. It is formed by
either a sum of zero-padded point information for @ and B
or a learned prior embedding Epg for ©.

To each query also belongs a reference point on the BEV
grid, P,ef, which guides the deformable cross-attention in the
decoder. In the previous designs @ and @), it is generated from
the positional embeddings with a linear projection. To improve
upon this, in © we propose to directly define it based on the
map prior point information.

Query Set Design: MapTRv2 [4] proposed one-to-many
(O2M) matching, a source of significant performance gains
compared to the original MapTR one-to-one (020) matching.
We explore two possible ways to adapt it to map prior
information which are depicted in Fig. 4.

In the O2Mgnp (Single Map Prior) query set design only
a single repetition of queries makes use of map prior queries
while auxiliary queries are purely learned, like in the original
MapTRv2. In contrast, the O2Myyp (Multiple Map Prior)
design includes map prior information in a tiling fashion, once
for every ground truth repetition. This allows the incorporation
of map prior knowledge in the auxiliary queries as well.

We follow MapEX [10] for the loss, including the pre-
attribution of map prior instances during the Hungarian as-
signment, which we extend to the tiled O2My;p map prior
queries. Outside of instances related to map priors, the MapEX
loss is equivalent to the loss of the MapTRv2 base architecture.
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Fig. 5: Visualization of the different training regimes for
variable map priors investigated in this work. Compared to
previous expert training regimes and a naive Generalist prior
generation, our masking as augmentation leverages all avail-
able data for a Generalist model with improved performance.
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(b) One Generalist model for all map prior scenarios.

Fig. 6: Visualization of previous expert models vs. the Gen-
eralist model proposed in this work. The map prior scenarios
Sp are listed in Tab. II.

B. Generalist and Expert Models

Previous works train one model for each map prior scenario
Sp which is unrealistic for deployment in real autonomous
systems. All models would need to be readily available in GPU
memory and the suitable model would need to be correctly
selected by a not yet existing oracle that identifies the available
prior category. We refer to these models as Experts and instead
propose a Generalist model that can exploit arbitrary parts
of HD maps as a prior. Instead of only one, the Generalist
is trained on all scenarios & = US,. As we show below,
while needing no extra memory or compute, it is on par with
specialized Experts. We visualize the distinction in Fig. 6.

C. Map Masking as Augmentation

To train a Generalist with synthetically derived map priors,
various training regimes are conceivable. As depicted in Fig. 5,
to derive n map prior scenarios, one could naively split the
dataset D into n equal disjoint smaller datasets D; and use
each part to derive one kind of prior scenario S;:

Si = (My,,Di) = (Pp,(Mat), D). (2)

Instead, we propose to use the synthetic prior scenarios as
augmentation for generic HD map construction. This means
that the entire dataset D is used to derive each map prior
scenario Sf and, hence, the augmented scenario set S #:

§# = (M,, D) = (P,(Mgr), D) 3)
5% =0,5F, )

This exploits the entire combinatorial variety of map prior
categories and leads to an n-fold increase in training data,
promising greater generalization performance.

V. EXPERIMENTS

We conduct experiments on the Argoverse 2 and nuScenes
datasets to validate our method, with Argoverse 2 as the main
dataset. Sec. V-A elaborates on the choices of dataset and met-
ric, Sec. V-B on the implementation and Sec. V-C discusses the
performance of M3TR in comparison with existing baselines.

A. Dataset and Metric

As mentioned above, we validate our method on the Argo-
verse 2 [25] and nuScenes datasets [26], the standard public
datasets for HD map construction. Both Argoverse 2 and
nuScenes contain 1000 driving sequences, covering 17 km?
and 5 km?, respectively [22]. Since nuScenes has only 40,000
samples compared to 158,000 for Argoverse 2, contrary to
most existing work, we regard Argoverse 2 as our primary
dataset for evaluation. As discussed in Sec. III-A, we use a
novel kind of ground truth that resolves a number of problems
compared to the labels used in [2]-[4], [16].

As our metric, we use the mean average completion preci-
sion mAPC defined in Sec. I1I-B to compare the methods.

To simulate real use cases with various priors, we compare
expert model groups against a single generalist model using
mean performance per class across scenarios. This assumes,
for the benefit of the experts, a perfect oracle for prior-to-
model assignment and no mixing of prior categories.
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TABLE III: Comparison of methods over map prior scenarios on the Argoverse 2 data set, with the geographical split from [22].
Only elements not in the map prior are evaluated. Mg Ego lane is masked. Mgg: Ego road is masked. Mpp: Only road
boundaries as prior. Mcr,: Only centerlines as prior. Mg: No map prior. O(|]Mp|) indicates how the deployment effort scales
with the number of map prior types. *: Re-implemented by the authors, as code was not publicly available at the time of
publication. {: For no map prior both methods are equivalent to MapTRv2, as changes are only made regarding map priors.
1: For real world inference, the method would additionally need a not yet existing scenario to expert assignment oracle, as
indicated by the last column. FPS calculated on a NVIDIA RTX 6000 Ada GPU.

Dataset: Argoverse 2

AP€ = AP for Masked Elements only

O(|Mp|) Var. Prior

Method Map Prior  APS, APS,  APL AP, AP, mAP® s [10] Fps/VRAM W/o Oracle
MapTRv2 [4] Mgy 37.9 55.0 49.7 482 41.7 46.5 - -
Mt 453 64.5 53.4 52.8 449 522 -
Mexr 415 62.4 549 55.3 455 51.9 -
MapEX* [10] My, 377 56.0 - 50.6 44.5 47.2 ; O(n)
Models Mo 432 61.8 58.1 - 428 51.5 - < 143 FpS* X
Mg 37.9 755.0 7497 748.2 T41.7 46.5 - > 163GB*#
Mean 41.1 59.9 54.0 51.7 439 49.9 -
Mgp 51.7 69.4 56.3 55.4 49.7 56.5 +4.3
Mgy 44.8 66.5 57.0 57.8 48.7 55.0 +3.1
M3TR Expert  AMpp 402 57.3 - 54.7 49.2 50.2 +3.0 O(n)
Models Mer 45.1 63.2 61.1 - 48.6 55.0 +3.5 < 143 FpS# X
Mg 7379 55.0 7497 748.2 417 46.5 > 163 GB¥
Mean 439 62.3 56.0 54.0 475 52.6 +2.7
Mgp 48.8 67.8 59.5 54.8 51.8 56.5 +4.3
Mex 45.7 64.4 57.0 56.9 51.1 55.0 +3.1
M3TR Mgpp 412 57.3 - 53.0 48.0 49.9 +2.7 o)
Generalist Mar 425 59.3 57.4 - 45.6 51.2 14.3 FPS v
Mg 40.4 55.4 50.3 49.4 439 479 +1.4 3.3 GB
Mean 43.7 60.8 56.0 53.5 48.1 52.1 +2.2

TABLE IV: Results without map masking as augmentation as
ablation on the Argoverse 2 data set.

Mp AP, APS APS APG, APS,  mAPC s [10]

Mg 494 693 569 548 497 56.0 +3.8
== 414 656 558 562 486 544 +2.5

Mpp 427 584 - 527 464 49.7 +2.7

ML 427 599 554 - 436 50.4

Mg 405 560 490 484 418 472 +0.7

Mean 433 618 543 530 460 515 +1.6

TABLE V: Comparison of map query encoders for the map
prior scenario Mg on the Argoverse 2 dataset.

Map Query Enc. AP€

Point Enc.  O2Mpmmp mAP€ dsh. sol. bou. cen. ped.
A [10] — 52.2 453 645 534 528 449
B — 524 (+0.2) 468 653 53.0 525 445
C — 535 (+1.3) 484 667 554 506 465
C v 56.5 (+4.3) 517 694 563 554 497

B. Implementation Details and Baseline

We base our code and the model architecture on the
MapTRv2 [4] framework and re-implement MapEX [10] as
a baseline. Public code for [10] was not available at the time
of writing and information about some of the query design
particulars discussed in Sec. IV-A is not present in the paper.
We therefore selected the variants @ and O2Mgyp for the

point query and query set design in our re-implementation.
All models use ResNet50 [27] as the image backbone and
parameters unrelated to map priors are left unchanged from
the MapTRv2 base for fair comparison. We also follow one
of the label modalities of MapTRv2 and use 3D map instances
for Argoverse 2 as mentioned in Tab. I.

All models are trained until convergence, i.e. for 24 / 110
epochs for experts and 54 / 224 epochs for the generalist on
Argoverse 2 / nuScenes respectively, with the best checkpoint
shown. The generalist was trained on nine map prior scenarios
for Argoverse 2 and seven for nuScenes. The four scenarios
not explicitly shown are missing only centerlines / pedestrian
crossings / road borders / dividers.

C. Map Completion Performance

As we view Argoverse 2 as our main dataset for evalua-
tion, we investigate more map prior scenarios on it than on
nuScenes. We first discuss the results on Argoverse 2 along
with ablations on the map query encoder and the map masking
as augmentation. Then we present the slightly reduced set of
experiments on the nuScenes dataset.

Results on Argoverse 2: Tab. 11l shows the performance of
the M3TR expert and generalist variants as well as a MapEX
expert baseline for five selected map prior scenarios on Argov-
erse 2. All methods using map priors show enhanced average
precision compared to the prior-less scenario, with varying
benefit depending on the supplied map prior. A qualitative
example of this can be seen in Fig. 7.
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TABLE VI: Comparison of methods and masking scenarios on the nuScenes data set, with the geographical split from [22].
Only elements not in the map prior are evaluated. Mpp: Only road boundaries as prior. Mcy,: Only centerlines as prior. M y:
No map prior. O@(]Mp|) indicates how the deployment effort scales with the number of map prior types. The last column
indicates whether the method could handle variable priors without a not yet existing scenario to expert assignment oracle. *:
Re-implemented by the authors, as code was not publicly available at the time of publication. f: For no map prior both expert
methods are equivalent, as changes in the base architecture are only made regarding map priors.

Dataset: nuScenes APS = AP for Masked Elements only O(IMs)) Var. Prior
Method Map Prior  APS, APS,  APS,  APS,  APS,  mAP®  vs. [10] P1V" wio Oracle
MapTRv2 [4] Mg 12.5 19.1 324 29.1 21.6 229 f+0.0 - -

Mspp 13.2 21.1 - 31.0 22.0 219 -
MapEX* [10] ~ ML, 16.6 26.0 39.8 - 234 26.4 - On) X
Models Mg f2s o1 324 29.1 216 229 -

Mean 14.1 22.1 36.1 30.1 223 23.7 -

MBp 153 26.7 - 349 28.3 26.3 +4.4
M3TR Expert Mg, 23.1 332 46.6 - 27.8 325 +6.1 O(n) X
Models Mg 25 o1 324 29.1 216 229 400

Mean 17.0 26.3 39.5 32.0 259 27.2 +3.5

MBD 14.5 23.2 - 32.7 24.7 23.8 +1.9
M3TR My, 15.3 244 38.6 - 244 25.7 -0.7 o(1) v
Generalist Mg 124 200 . 318 298 234 235 . 06

Mean 14.1 22.5 35.2 313 24.2 24.3 +0.5

Ground Truth MGT No Ego Road Prior Mﬁ No Ego Lane Prior Mﬁ

A

— dashed divider

solid divider —» lane centerline — pedestrian crossing —road border

Fig. 7: Example of the M3TR generalist model on the same sample from Argoverse 2 with different map priors. The more
information available, the better the model can reconstruct elements not contained in the prior set.

For almost all scenarios, the M3TR experts variants sub-
stantially improve the prediction performance compared to the
MapEX baseline. Except for the M1, scenario, the generalist
model matches the performance of the Expert models in their
expert scenarios as well.

In the more realistic use case with varying map priors, the
generalist likewise outperforms the baseline in the average of
all scenarios, while using a fifth of the VRAM and without an
oracle for perfect prior scenario to expert assignment. Such
an assignment system does not exist yet and poses a major
obstacle for real-world use of expert model ensembles.

The generalist also improves performance in the no prior
scenario (M), without architectural changes relevant for this
scenario compared to the MapTRv2 base. This suggests that
the various prior scenarios function as augmentation that aids
learning even without any prior.

Ablations on Argoverse 2: The ablation in Tab. IV high-
lights that using map masking as augmentation, i.e. deriving
training data for each map prior scenario from the entire
dataset, is effective. Compared to the naive prior generation

(Tab. 1V), the generalist model with augmentation in Tab. III
performs +0.6 mAPC better.

Tab. V compares various map prior encoding modalities,
using point encoder names from Fig. 1. Compared to the
baseline encoder from MapEX [10], ®, our proposed query
design © shows significantly improved performance. Encoder
®), which skips modifying positional queries and reference
points, has only a partial performance increase as a result.
Including map priors in the one-to-many queries (O2Mpvp)
further boosts performance.

Results on nuScenes: Table VI shows the results on
nuScenes with a reduced set of map prior scenarios. The
expert performance gains over the baseline exceed those on
Argoverse 2, though the Generalist shows reduced perfor-
mance compared to M3TR Experts. Notably, the Generalist
still outperforms MapTRv2 without a prior, confirming the
effectiveness of map masking as augmentation.

With the general decrease in mAP€ compared to Argov-
erse 2, we hypothesize that nuScenes’ smaller sample count
hampers generalization, consistent with observations in [22].
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VI. CONCLUSION

This work proposes M3TR, a generalist approach for HD
map construction with variable map priors.

We introduce improved ground truth and define a new HD
map completion benchmark, including a systematic set of prior
scenarios for outdated HD maps and a metric that focuses on
the elements not given as a map prior. Our systematic examina-
tion of query design fully incorporates prior map information,
yielding up to +4.3 mAPS compared to the MapEX [10]
baseline on Argoverse 2. Training with partially masked maps
also serves as effective augmentation, improving performance
even without priors. Finally, our Generalist model handles
all map prior scenarios while matching the performance of
specialized Experts, requiring only constant memory and no
knowledge of which map information is available. This makes
M3TR the first real-world deployable model for HD map
construction with offline HD map priors.
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