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Abstract

Online mapping models show remarkable results in predict-
ing vectorized maps from multi-view camera images only.
However, all existing approaches still rely on ground-truth
high-definition maps during training, which are expensive
to obtain and often not geographically diverse enough for
reliable generalization. In this work, we propose Pseu-
doMapTrainer, a novel approach to online mapping that
uses pseudo-labels generated from unlabeled sensor data.
We derive those pseudo-labels by reconstructing the road
surface from multi-camera imagery using Gaussian splat-
ting and semantics of a pre-trained 2D segmentation net-
work. In addition, we introduce a mask-aware assign-
ment algorithm and loss function to handle partially masked
pseudo-labels, allowing for the first time the training of on-
line mapping models without any ground-truth maps. Fur-
thermore, our pseudo-labels can be effectively used to pre-
train an online model in a semi-supervised manner to lever-
age large-scale unlabeled crowdsourced data. The code is
available at github.com/boschresearch/PseudoMapTrainer.

1. Introduction

High-definition (HD) maps play a crucial role in au-
tonomous driving, offering precise representations of road
geometries, traffic signs, and other essential infrastructure
[1, 25]. Traditionally, these maps are constructed from sur-
vey vehicles equipped with high-precision sensors and cu-
rated by human annotators. While accurate, this process
is expensive and faces challenges in maintaining up-to-date
information due to the dynamic nature of real-world envi-
ronments [1]. To mitigate these limitations, the research
community has increasingly focused on online mapping
methods, which learn to generate maps in real time using
only data from vehicle-mounted sensors [16, 17, 19, 26]. A
substantial challenge in this domain is the reliance on exten-
sive ground-truth map labels for supervised learning, which
are labor-intensive to produce (see Fig. 1) and often not geo-
graphically diverse enough for reliable generalization [21].
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Figure 1. Motivation for pseudo-labels. Compared to conven-
tional HD mapping, our method produces maps without human
annotations via Gaussian splatting of surrounding camera and seg-
mentation images, greatly reducing costs and enhancing scalabil-
ity. We then use those labels to train an online mapping model.
[ - ] denotes optional components. Survey vehicle from [34].

Given that it is much easier to collect large amounts of
unlabeled crowdsourced data from vehicles already on the
road, the question arises whether this data can also be lever-
aged to train online mapping models. Therefore, in this
work, we propose PseudoMapTrainer, a novel approach that
eliminates the need for ground-truth HD maps even during
training. Specifically, we generate pseudo-labels based on
road surface reconstruction using Gaussian splatting [14].
We model the road surface as a mesh of Gaussian sur-
fels [10] and optimize it with temporal multi-view camera
images. Since surfels can encode not only geometric and
color properties but also semantics, we can directly render
semantic bird’s-eye view (BEV) maps and subsequently de-
rive vectorized pseudo map labels (see Fig. 2).

As our pseudo-labels are derived from observations col-
lected from a single or few vehicle passes, they are inher-
ently incomplete. Thus, a key challenge when training with
pseudo-labels is handling occlusions and missing data. To
address this, we introduce a mask-aware assignment strat-
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Figure 2. Label generation and training pipeline of PseudoMapTrainer. We utilize sensor data from single or multiple trips and infer
the corresponding 2D perspective view (PV) segmentations by a pre-trained network to build a coherent meshgrid of Gaussian surfels.
Then, we render a BEV segmentation and extract the vectors as our pseudo-labels. Since these labels do not cover the full BEV range (see
black regions), we train an online mapping model with a mask-aware one-to-many assignment algorithm and loss function.

egy and loss function enabling robust learning from incom-
plete labels. Furthermore, we explore the utility of pseudo-
labels for semi-supervised learning. By pre-training our
model on large-scale pseudo-labeled data and fine-tuning
it on a limited set of ground-truth labels, we demonstrate
significant performance improvements.

To the best of our knowledge, we propose the first ap-
proach to vectorized online mapping without any ground-
truth HD map. Our contributions are:

* A pseudo-label generation pipeline based on a road sur-
face reconstruction using Gaussian surfels.

* A mask-aware assignment and loss function that robustly
trains online models despite partial BEV observations.

e Improvement of online models with limited access to
ground-truth labels via semi-supervised learning.

2. Related Work

Road surface reconstruction. 3D reconstruction methods
based on structure-from-motion and multi-view stereo have
shown strong performance in well-textured environments
[41, 42]. However, these techniques often struggle with flat,
low-texture road surfaces. Drawing inspiration from neu-
ral radiance fields (NeRF) [31], recent approaches use an
explicit mesh to model the road geometry, while elevation
[30] and color [45] are represented implicitly. Since these
methods exhibit a high computational demand, 3D Gaus-
sian splatting [14] has emerged as an efficient alternative
representing scenes using Gaussian spheres. To reconstruct
surfaces, these spheres can be reduced to flat surfels [8, 13].
Accordingly, RoGs [10] models the road by a meshgrid of
surfels, which we adopt to generate pseudo-labels.

Online mapping. Traditional HD maps constructed from
survey vehicles [1] are both expensive and prone to rapid
obsolescence in dynamic environments. This has moti-
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vated the development of online mapping methods that
generate maps in real time using vehicle-mounted sensors.
Early approaches produce rasterized BEV segmentations
[18, 35, 56] that lack the instance information required for
tasks like motion planning [11], while others predict lane
instances [28, 36, 37] but do not include other map classes.
To overcome these limitations, vectorized map construc-
tion methods have emerged, starting with HDMapNet [16].
VectorMapNet [26] reformulates online mapping as a detec-
tion task and thus adopts a one-to-one assignment between
prediction and ground-truth elements as proposed by De-
tection Transformer (DETR) [3]. MapTR [19] further re-
fined the assignment, and subsequent improvements were
achieved through adaptations of the DETR-based queries,
as seen in MapTRv2 [20] and others [7, 57]. Additional
gains have been achieved by incorporating temporal con-
text [4, 50]. MapVR [51] introduces a differentiable raster-
ization loss as an auxiliary task, which we adapt for train-
ing with pseudo-labels. While some work explores semi-
supervised BEV segmentation [22, 58], no semi- or unsu-
pervised method has been proposed for vectorized online
mapping. Our work aims to fill this gap.
Offline mapping and annotation pipelines. Complemen-
tary to online mapping, offline mapping models learn to
predict vectorized maps from temporal multi-view sensor
data captured during single or multiple trips. After train-
ing the offline model with ground-truth maps, it can be de-
ployed in data centers and automatically label large-scale
crowdsourced data with further refinements by human an-
notators. The final maps serve as a more scalable alternative
to traditional HD maps [46, 47]. MV-Map [48] learns of-
fline mapping from single-trip data and ground-truth maps
by incorporating a NeRF-based approach to enforce multi-
view consistency. Building on the road reconstruction of
RoMe [30], CAMA [5, 53] generates novel BEV images



that are processed by a BEV-compatible version of MapTR
[19] to predict a map. After refinements by human experts,
this map is fed back into the model for additional train-
ing. A second branch of offline approaches stores histor-
ical maps onboard and uses them as priors during online
mapping [43, 49, 55]. Although we also propose an offline
framework, PseudoMapTrainer does not require ground-
truth maps and primarily trains a model to run online.

3. Pseudo-Labels with Gaussian Splatting

The pseudo-labels are generated in four stages, which are
shown in Fig. 2. First, 2D semantic segmentation is per-
formed. Second, a 3D meshgrid of Gaussian surfels is ini-
tialized to model the color, semantics, and geometry of the
road surface. Third, an optimization procedure refines the
surfel parameters by aligning the rendered outputs with both
the raw camera images and the segmentation. Fourth, post-
processing techniques derive the vectorized map elements.

3.1. Task Formulation

Let the full set of images over a sequence of timestamps
ti,...,tnbe T = {I.(t) | t € {t.,})_,,c € C}, where
C denotes the set of available camera views. A pre-trained
2D semantic segmentation network fge, predicts a segmen-
tation for each input image I € Z. Furthermore, the relative
ego pose e(t) and all sensor poses at timestamp ¢ are known.
Our goal is to generate a unified 3D road surface rep-
resentation My that explains the camera and segmentation
observations across all views and timestamps. Once the op-
timized parameters 0* are obtained, a pseudo-label G(t) is
generated by a bird’s-eye view rendering rendggy and a
subsequent postprocessing post:
G(t) = post(rendpgy (e(t), Mg+ )), (1)
where G(t) is the set of the final map elements for times-
tamp t represented as polyline or polygon vectors.

3.2. Semantics

Accurate semantic segmentation is crucial for generating
high-quality pseudo-labels. To achieve this, we utilize
a state-of-the-art segmentation model, Mask2Former [6],
trained on the Mapillary Vistas V2 dataset [33]. We use
its rich class taxonomy to remove segments such as arrows
or text on the road surface. Once trained, our segmentation
network feeq is deployed to infer semantic segmentations
Tseg = {fseg(I)}1cz. By shifting the labeling effort from
costly HD map annotation to image segmentation, a well-
established and scalable task, this approach significantly en-
hances the adaptability to diverse environments and is ro-
bust to different sensor arrangements that limit the general-
izability of current online mapping models [52].
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Figure 3. Surface model and BEV rendering. We initialize a 3D
meshgrid My of flat Gaussian surfels along the vehicle’s trajec-
tory. After optimization, we render the orthographic BEV images
for every vehicle pose e(t).

3.3. Surface Model and Optimization

In 3D Gaussian splatting [14], each Gaussian sphere can be
modeled with a 3 x 3 rotation matrix Rgg and a 3 x 3 scal-
ing matrix Sgg. As recent work in surface reconstruction
[13] shows, reducing Gaussian spheres to flat surfels by re-
stricting the scaling matrix to Sgg = Diag ([ s, $4,0]) is
more effective for modeling surfaces.

Therefore, we model the road as a meshgrid of Gaus-
sian surfels My, as illustrated in Fig. 3. Following RoGs
[10], we initialize the meshgrid along the vehicle poses e(t)
of the sequence with an offset r in both the = and y direc-
tion. Each Gaussian surfel is parameterized by its 3D center
coordinate, 3D orientation, 2D scale, opacity, color, and se-
mantic class probability.

After initialization, the parameters 6§ of the Gaussian sur-
fels are optimized by minimizing the discrepancy between
rendered outputs, comprising both RGB and semantic chan-
nels, and the corresponding camera images Z and PV seg-
mentation labels Zs.. To ensure that only road-related in-
formation contributes to the optimization, we mask out pix-
els belonging to non-road classes, such as vehicles, build-
ings, and pedestrians, resulting in unobserved areas. Since
road elements remain static over time, our approach does
not require additional compensation for dynamic objects.
Optionally, we can use LiDAR data to further improve the
z-accuracy of each surfel.

3.4. Postprocessing and Vectorization

To ensure comparability with existing work in online map-
ping, we focus on the three most commonly used map
classes: lane dividers, road boundaries, and pedestrian
crossings, representing them as 2D polylines or polygons.
Nonetheless, the approach is generalizable to any map class
that can be reliably detected by a 2D segmentation net-
work. Moreover, since our underlying road model is inher-



ently 3D, our method could be extended to generate pseudo-
labels for 3D online mapping.

BEYV rendering. Once the surface optimization is finished,
we render a semantic BEV segmentation map. To do this,
for each timestamp ¢, we place a virtual orthographic BEV
camera at the xy-position of the vehicle pose e(t), oriented
to match its heading, as illustrated in Fig. 3. The camera
is positioned to look directly downward along the negative
z-axis, capturing the BEV range B on the zy-plane.
Postprocessing. Our postprocessing refines the initial
BEV segmentation to produce vectorized map elements.
Thereby, we remove small enclosed segments, followed by
morphological filtering to remove spurious artifacts and to
smooth segmentation boundaries. Fragmented lane mark-
ings are connected by dilation and then skeletonized. Road
boundaries are extracted by the segment border between the
road class and the adjacent outside classes, such as curbs,
terrain, and driveways. All rasterized elements are then
vectorized with an iterative procedure based on the Ramer-
Douglas-Peucker algorithm [9, 38]. We outline all postpro-
cessing details and ablate the main parameters in Supp. A.

3.5. Multi-trip Optimization

As shown in Fig. 2, the final pseudo map labels often ex-
hibit large masked areas due to partial visits and occlusions.
While our mask-aware assignment and loss function, intro-
duced in Sec. 4, help to mitigate this issue, the potential of
this method is limited as the assignment becomes more arbi-
trary with a higher mask ratio. Since our pseudo-label gen-
eration operates in an offline setting, we are not constrained
to a single driving sequence. Instead, we can aggregate
observations from multiple trips, potentially crowdsourced
from fleet data. This approach not only enhances BEV cov-
erage but also improves label consistency and quality, for
instance, by supplementing nighttime sequences with data
captured under daylight conditions.

Given multiple driving sequences with known relative
poses in a common coordinate system, we initialize our
meshgrid along the combined trajectories. The optimiza-
tion of Gaussian surfels then proceeds in the same manner
as for single trips but leverages a significantly larger set of
observations, including more camera images, inferred PV
segmentations, and LiDAR scans.

4. Training with Pseudo-Labels

In vectorized online mapping, the objective is to predict a
set of map elements (), represented as polygons or poly-
lines, within a BEV range B using multi-view camera im-
ages {I.(t) }cec at timestamp ¢. In contrast, offline mapping
uses the sensor measurements of an entire sequence.

For supervised approaches, the training loss is typically
based on an optimal one-to-one assignment between a pre-
dicted and a ground-truth map element. The primary chal-
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Figure 4. One-to-many assignment. In this example, one road
boundary of the pseudo-label G is partially interrupted by a parked
car, which forms part of the BEV mask M. Thus, we propose a
one-to-many assignment algorithm to match one predicted map
element to many pseudo-label elements.

lenge in training an online mapping model with our pseudo-
labels is the handling of incomplete and fragmented map
elements since the generated labels suffer from occlusion
by non-road objects and viewpoint limitations, as shown in
Fig. 4. To address these challenges, we propose a mask-
aware one-to-many assignment strategy and a correspond-
ing loss function that accounts for the inherent uncertainty
in the data and integrates it into the training process.

4.1. Prediction Masking

Let Q = {ql}g‘1 denotes the set of predictions of the on-
line model and G = {g; }ﬁll the set of pseudo-label ele-
ments represented as 2D vectors with ¢;, g; € RF*2. For
our mask-aware assignment and loss, we first need to ap-
ply the binary BEV mask M to the prediction, as in Fig. 4.
Thus, we split g; into a set of subsegments S* such that all
points and their edges lie within the unmasked region:

St = {resample(s, L) | s € split(g;, M), |s| > Lm} (2)

resample(s, L) standardizes a valid subsegment s to a fixed
length L with subsegments shorter than L, are discarded.
In practice, we choose L, = 4 since a lower value would
lead to improper polygon resamples.

4.2. Mask-aware Assignment

To train an online model that predicts map elements across
the full BEV range B, we introduce a hybrid assignment
algorithm that combines two distinct strategies. First, we
perform a standard one-to-one assignment, where each pre-
dicted element ¢; is matched to a single pseudo-label ele-
ment g; based on the assignment cost co(¢;, g;). In this
step, the BEV mask M is not considered. Second, to han-
dle incomplete pseudo-labels, we introduce a mask-aware
one-to-many assignment. In this case, a predicted element



g, specifically its unmasked subsegments S?, is matched
to a subset of pseudo-label elements J C Gijng using the
cost Coam(S?, J). Here, Qing = {z}g‘l and Gijng = {j}‘jil1
denote the sets of the corresponding indices. The final as-
signment is obtained by solving a linear program.

Assignment costs. For the one-to-one assignment costs
Co20, any common cost function can be chosen. We adopt
the one by MapVR [51] to be consistent with our loss selec-
tion as described in Sec. 4.3. It adds a rendering cost to the
class and position costs proposed by MapTR [19].

For the one-to-many assignment costs c,m, We collect
the set 7 of all possible subsets of G4, where all corre-
sponding elements of a subset J € J belong to the same
class. Now, the one-to-many cost is defined as:

Chungarian (Sl ) J) )

o,

if [S'| = |J]|
otherwise

CoZm(S’LyJ) = { (3)
with Chungarian as the optimal cost based on the local match-
ing 7 € Iljocar and the one-to-one cost function cq20(4i, g;5):

Chungarian(si7 J) = min Z 0020(531—(]‘)3 gj)

mElocal ies

“4)

Here, the optimal local matching = ., between multiple
pseudo-label elements and the prediction subsegments is
found with the Hungarian algorithm [15].

Optimal assignment. We solve the final global assignment
with binary integer linear programming. It yields an op-
timal matching with z};,y;; € {0,1} denoting the direct
one-to-one assignment for ¢; and g; and the one-to-many
assignment for ¢; and the corresponding elements in .J, re-
spectively. We summarize the assignment as

{i}
J,
0,

For the full problem formulation, we refer the reader to
Supp. B. In case that no prediction is split into more than
one subsegment, i.e. |S?| < 1 Vg, the problem can also be
solved optimally with the Hungarian algorithm by padding
G with () elements such that |G| = |Q|. This makes the
assignment faster during training.

Note that our one-to-many assignment differs from the
one used in MapTRv2 [20], where a single ground-truth el-
ement is assigned to multiple predicted auxiliary elements.
In contrast, we assign one predicted element to zero, one,
or several pseudo-ground-truth elements. Both approaches
are complementary, but we exclude the one from MapTRv?2
as it dramatically increases the combinatorial complexity of
the assignment. While this can be handled by the Hungarian
algorithm in MapTRv2, it would increase training times by
an order of magnitude when used with our linear program
solver, making it impractical.

if 35 s.t. mfj =1
if3Jsty; =1.
otherwise

®)

ngobal (i) =
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4.3. Mask-aware Loss

We build upon the losses proposed by MapTRv2 [20] and
MapVR [51], extending them to handle partially masked
predictions. Predicted elements that are completely masked
and also not matched one-to-one are excluded from the loss.
The remaining elements form the subset Q! ; € Qina used
for calculating the final loss.

Classification loss. Given the optimal assignment
Talobal (1) the classification loss is defined using the Focal
loss [23] with the predicted class probability p; and the class
label cls of the assigned pseudo-label element:

Ecls

Z Lrocal (P> 18(Ta1opa1 (1)) (©6)

7;662i/nd

Point-wise loss. For a one-to-many matching, a point-wise
L1 loss as in MapTR [19] is not straightforward since a
single predicted map element may correspond to multiple
pseudo-label elements. Thus, we compute the loss exclu-
sively for direct one-to-one assignments where z7; = 1:

L

Lov= > > a5y Mg =gyl

1€Q] 4 JEGind =1

)

~v; (1) denotes the optimal point-wise assignment for each
predicted point to its corresponding pseudo-label point.
Rendering loss. MapVR introduces a differentiable ren-
dering loss, where each map element is first rasterized, and
then the Dice loss [32] is computed between prediction and
ground-truth rasterizations.

We find this loss particularly well suited for adaptation
to our one-to-many assignment as we can render all pseudo-
label elements {g; } jEmt (i) Assigned to a single predic-
tion ¢; into a unified raster. The Dice loss is then computed
between this aggregated rasterization and the rasterized pre-
diction of ¢;. Additionally, we apply the BEV mask M to
exclude unobserved regions, ensuring that the loss is com-
puted only over unmasked grid cells. This rendering loss,
Lrend, serves as an effective alternative to the point-wise
loss for one-to-many assignments.

Direction loss. We adopt the self-supervised direction loss
Lgir from MapVR, which regularizes the model and pre-
vents overfitting to imperfect pseudo-labels.

Segmentation loss. Following MapTRv2, we adopt the bi-
nary segmentation loss in BEV and perspective view (PV)
for auxiliary supervision of the BEV and PV features. Anal-
ogous to the rendering loss, we mitigate the impact of un-
observed regions by applying the mask M to the BEV pre-
dictions before calculating the final loss Lpgy.

For the PV segmentation loss Lpy, MapTRv2 projects
and rasterizes the ground-truth map to supervise the PV fea-
tures. Since some datasets like nuScenes [2] contain only



(a) Projected GT in MapTRv2 [20]

(b) Our PV segmentation

Figure 5. PV segmentation. The projected ground-truth (GT)
map in MapTRv2 suffers from misalignment, while our PV seg-
mentation aligns well as it is derived directly from the image. This
provides more precise supervision for the PV features.

2D maps without elevation, the projected map will be mis-
aligned with the actual image, as demonstrated in Fig. 5a.
Given that we have direct access to high-quality PV im-
age segmentation produced by our pre-trained segmentation
network fe.g, We can leverage this data to produce more
accurate labels. In comparison to our map pseudo-labels,
the PV segmentation has not undergone the aforementioned
postprocessing steps, where some of the information nat-
urally gets lost. The PV segmentation contains particu-
larly valuable information and is also unrestrictedly avail-
able compared to the masked BEV. Thus, we extract the
map segments of our original segmentation images Zs., and
downsample them to the dimension of the PV feature map
using max-pooling. We notice that our segmentations are
more aligned with the actual image than the projected 2D
ground-truth map utilized in MapTRv2, as shown in Fig. 5.
Depth and final loss. We adopt the depth loss Lqepen from
MapTRv2 [20], leveraging LiDAR data for additional depth
supervision during training. However, the model itself re-
mains camera-only. The final loss £ is a weighted sum of
the losses Lcis, Lpt, Lrend> Lairs LBEV, LPv, and Lyeptn.

5. Experiments

5.1. Experimental Setup

Dataset. We conduct our experiments on nuScenes [2],
a large-scale dataset that provides multi-view images, Li-
DAR, and HD map annotations. As shown by multiple stud-
ies [21, 50], the original training and validation set contain
highly overlapping locations, such that results reported on
this split demonstrate memorization rather than generaliza-
tion capabilities. Thus, we train and evaluate all models on
the geographically disjoint data split proposed by Lilja et
al. [21]. Furthermore, we select the three main map classes,
such as lane dividers, road boundaries, and pedestrian cross-
ings, for evaluation. The pseudo-labels are generated from
single and multiple trips, in both cases using LiDAR data to
supervise the elevation of the road surface.

Metrics. We adopt the average precision (AP) based on the
Chamfer distance as introduced by HDMapNet [16] with
common thresholds of {0.5m, 1.0m, 1.5 m} and report the
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Figure 6. BEV coverage evaluation. Comparison of the BEV
coverage m between pseudo-labels generated from a single trip
and multiple trips on the training set.

Table 1. Offline performance. Evaluation of the pseudo-labels
on the validation set based on the complete BEV range or on the
observed area only.

Pseudo-label Evaluation area AP
collection ped. div. bdry. mean
Sinale-tri Full BEV range 9.5 1.9 32 4.9
SR | Observed areaonly | 23.6 60 268  18.8
Multi-tri Full BEV range 18.3 1.9 107 103
P Observed areaonly | 25.8 23 262 18.1

average for all map classes. In addition, we report the infer-
ence speed in frames per second (FPS).

Implementation details. All evaluated online models uti-
lize a camera-only sensor setup with a ResNet-50 [12] im-
age backbone. All details regarding the pseudo-label gener-
ation can be found in Supp. E.

5.2. How accurate are the pseudo-labels?

We evaluate the quality of our pseudo-labels by their BEV
coverage and accuracy compared to ground-truth HD maps.
BEYV coverage. Since the pseudo-labels do not cover the
entire BEV range B, we evaluate the coverage ratio, de-
noted as m, which measures the proportion of the unmasked
BEV range. We plot the percentage of training samples that
exceed a given threshold 7,,, in Fig. 6. For single-trip data,
we achieve an average coverage ratio of 40.0 %. Extend-
ing to multi-trip data increases this ratio to 65.5 %, with al-
most all samples exceeding 30 % coverage. These results
highlight the potential of aggregating crowdsourced data,
where multiple vehicles contribute partial observations to
construct a more complete map.

Comparison with ground truth. To assess the quality of
our pseudo-labels, we compare them against the ground-
truth map of the validation set in Tab. 1. We conduct evalu-
ations under two conditions: (1) comparing pseudo-labels
against all ground-truth elements, including those in un-



(a) GT (b) Single-trip  (c) Multi-trip (d) GT (e) Single-trip  (f) Multi-trip (g) GT (h) Single-trip (i) Multi-trip

Figure 7. Qualitative pseudo-label evaluation. Comparison of the generated pseudo-labels from a single trip and multiple trips with the
ground truth (GT) for three diverse scenes with (g)-(i) showing a low-light scenario. We plot the lane dividers (orange), road boundaries
(red), and pedestrian crossings (blue) and use the colored BEV rendering as background for a visual evaluation. In all three cases, we
identify inconsistencies for the ground-truth lane dividers, where the pseudo-labels sometimes provide more plausible results. Additional
qualitative results are provided in Supp. D.

observed regions, and (2) restricting the evaluation to only As expected, MapTRv2 trained on pseudo-labels ex-
the observed regions by applying the BEV mask M to the hibits a significant performance drop, particularly when
ground truth, similar to the prediction masking in Sec. 4.1. using single-trip data. However, incorporating multiple
The latter provides a more precise assessment of the accu- trips improves performance, benefiting from more consis-
racy in the areas covered by the pseudo-labels. In addition, tent pseudo-labels and increased BEV coverage. Further
we provide qualitative results in Fig. 7 as well as in Supp. D. gains are achieved when training MapTRv2 with Pseu-
The results in Tab. | highlight substantial differences doMapTrainer, which outperforms VectorMapNet [20] on
across map classes. Road boundaries, typically located pedestrian crossings and boundary elements - despite never
farther from the vehicle’s trajectory, are often underrepre- being trained on ground truth. Nonetheless, compared to the
sented in the pseudo-labels, resulting in lower performance best-performing supervised methods, our approach still has
when evaluated across the full BEV range. The lane di- a notable performance gap, especially for the lane divider
vider class exhibits particularly poor performance, which class. This shortfall is attributed to the differences between
can partially be attributed to inconsistencies in the ground- ground truth and pseudo-labels, as discussed in Sec. 5.2.
truth annotations, as shown in Fig. 7a, 7d and 7g and noted Ablation study. We conduct an ablation study on the
in previous work [5, 53]. Also, lane markings, being nar- key components of PseudoMapTrainer, training on pseudo-
row structures, are more prone to being overridden by adja- labels from single trips. The results are summarized in
cent road class segments during optimization, causing them Tab. 3. A naive training of MapTRv?2 struggles with pseudo-
to disappear in the final BEV segmentation. This issue labels when the BEV coverage falls below 50 %. Intro-
arises when camera poses are suboptimal, which is espe- ducing the rendering and directional losses proposed by
cially common in multi-trip data, see Fig. 7c. This also MapVR [51] along with the PV segmentation labels de-
explains the lower performance for lane dividers coming rived directly from our segmentation network, leads to
from multiple trips. Despite these limitations, the pseudo- slight performance improvements. A significant gain is ob-
labels for pedestrian crossings and road boundaries within served when incorporating the mask-aware assignment and
observed areas achieve comparable performance to the best- loss, which enables the model to effectively leverage low-
performing online models in Tab. 2 trained on ground truth. coverage samples. This is particularly evident for boundary

elements, which are mostly located in unobserved regions.

5.3. Can online models train on pseudo-labels?

. . 5.4. How does it benefit semi-supervised learning?
Main results. We compare our approach against common

supervised baseline methods in Tab. 2. For MapTRv2 [20], PseudoMapTrainer can be used to pre-train a model that
we conduct additional experiments by training the model is later fine-tuned with ground-truth maps in a semi-
naively on pseudo-labels from single and multiple trips. To supervised manner. To evaluate its effectiveness, we pre-
ensure meaningful training, we filter out samples with a train MapTRv2 with PseudoMapTrainer using multi-trip
BEV coverage below 7,,, = 50 %. When training MapTRv2 pseudo-labels from the full training set and then fine-tune
with PseudoMapTrainer, we lower the coverage threshold it on a fraction of the available ground-truth labels. The
to 7., = 30 % for single-trip training as it can handle unob- performance is compared to a purely supervised MapTRv2
served areas due to its mask-aware approach. baseline in Fig. 8. Our results show that PseudoMap-
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Table 2. Online mapping performance. Comparison of our method and baselines on the validation set trained on ground truth or pseudo-
labels. We highlight the best results per type of training label. { means the results reported by [21]. The FPS results are taken from
MapTRv2 [20]. * indicates methods that have access to previous frames for prediction.

.. AP
Training Labels Method Epochs | FPS ped. div. bdry. mean
VectorMapNet [26]1 110 221137 135 149 140
MapTR [19]f 24 15.1 | 144 160 267 19.0
Ground Truth MapVR [51] 24 15.1 | 170 163 276 203
StreamMapNet [50]1* 24 - 258 23.0 295 26.1
MapTRv2 [20] 24 14.1 | 23.8 195 327 254
Sinele-tri MapTRv2 [20] 24 14.1 9.9 3.2 7.0 6.7
Pseudo- SR | MapTRv2 [20] + PseudoMapTrainer | 24 | 14.1 | 123 38 83 8.2
Labels i | MapTRY2 [20] 24 | 141|144 26 145 105
p MapTRv2 [20] + PseudoMapTrainer 24 14.1 | 18.1 41 174 132
Table 3. Ablation study. Performance comparison of key compo- 30 —r———————— —
nents of PseudoMapTrainer, trained on single-trip pseudo-labels. [ —e— MapTRv2
[ —x- + PseudoMapTrainer -
L. . AP A 20 - R
Training Configuration ped. div. bdry. |NEEER g i o ="
L sem—-
Baseline (MapTRvV2, 7,,, = 50 %) 99 32 7.0 6.7 é) 10 B ]
+ lower 7,,, to 30 % 84 26 50 5.3
+ rendering & direction losses 109 35 40 6.1 I
+ PV segmentation loss w/o projection | 10.9 3.6 4.7 6.4 [ L L
+ mask-aware assignment & loss 123 38 83 8.2 0 25 5 10 25 50 100

Trainer significantly improves performance, particularly in
low-label regimes. This highlights its potential for enhanc-
ing online mapping in large-scale scenarios where abundant
unlabeled data, such as crowdsourced data, is available, but
ground-truth annotations are limited.

5.5. Limitations

Like most camera-based methods, our offline mapping ap-
proach is sensitive to challenging lighting conditions, such
as nighttime (see Fig. 7h). However, incorporating data
from multiple trips under different conditions helps mitigate
these limitations, as demonstrated in Fig. 7i.

Merging the data from multiple trips requires highly pre-
cise relative positioning between sequences, which we pre-
suppose in this study. In practice, achieving such precision
can be challenging, particularly for vehicles relying solely
on cameras and consumer-grade positioning systems. How-
ever, using additional LiDAR or radar sensors, previous
work [24, 29] showed that the relative vehicle poses can
be accurately recovered based on unsupervised learned reg-
istration methods. Additionally, care must be taken to en-
sure that merged sequences correspond to timestamps with-
out significant road changes, such as construction. Thus,
we propose both a single-trip and a multi-trip approach for
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Percentage of labeled data

Figure 8. Semi-supervised training. Performance comparison
between supervised MapTRv2 training and the same model pre-
trained on pseudo-labels.

pseudo-label generation, providing flexibility depending on
sensor availability and environmental stability.

6. Conclusion

We demonstrate the effectiveness of training online map-
ping models without relying on ground-truth HD maps.
Our pseudo-labels also enable efficient pre-training in semi-
supervised scenarios with significant performance improve-
ments. This highlights the value of leveraging large-scale
crowdsourced data for scalable online mapping.

However, we still see potential for future work. In par-
ticular, the lane dividers need to be better preserved through
targeted adaptations of the Gaussian optimization process.
In addition, incorporating inexpensive SD maps and satel-
lite images could further improve the pseudo-label quality.
Another promising direction are pseudo-labels for center-
lines, as discussed in Supp. C. For the online model train-
ing, self-supervised pre-training presents an opportunity to
improve robustness against noisy pseudo-labels.
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