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Abstract— The prediction of surrounding agents’ motion is
a key for safe autonomous driving. In this paper, we explore
navigation maps as an alternative to the predominant High
Definition (HD) maps for learning-based motion prediction.
Navigation maps provide topological and geometrical infor-
mation on road-level, HD maps additionally have centimeter-
accurate lane-level information. As a result, HD maps are
costly and time-consuming to obtain, while navigation maps
with near-global coverage are freely available. We describe
an approach to integrate navigation maps into learning-
based motion prediction models. To exploit locally available
HD maps during training, we additionally propose a model-
agnostic method for knowledge distillation. In experiments
on the publicly available Argoverse dataset with navigation
maps obtained from OpenStreetMap, our approach shows a
significant improvement over not using a map at all. Combined
with our method for knowledge distillation, we achieve results
that are close to the original HD map-reliant models. Our
publicly available navigation map API for Argoverse enables
researchers to develop and evaluate their own approaches using
navigation maps4.

I. INTRODUCTION

Safe autonomous driving in complex traffic scenarios
requires to predict the future motion of surrounding traf-
fic participants. These predictions are crucial for tactical
decision-making and subsequent motion planning.

Current state-of-the-art approaches for learning-based mo-
tion prediction (e.g., [1], [2], [3], [4]) are developed for
and evaluated on datasets that are accompanied by High
Definition (HD) maps. The core feature of HD maps is their
centimeter-accurate information of lane geometry. Obtaining
and maintaining HD maps is only possible in a partially
automated manner, making HD map creation costly and
time-consuming [5], [6]. Fully automated creation fails to
work in urban scenarios with complex road topologies [7],
[8], scenarios with occlusion [9] and in scenarios where
important features, such as the lane markings, are hardly
visible [6], [10]. In these cases, manual creation is required.
Therefore, it is questionable (i) whether global coverage
can ever be achieved with such maps and (ii) whether
maintaining HD maps in fast-changing environments is even
possible. Especially in urban environments, the routing of
lanes can change on a daily basis, e.g., due to accidents,
construction sites or road works.
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Fig. 1. Comparison of (a) current approaches for motion prediction and
(b) our approach. We limit the map input of motion prediction models to
navigation maps with near-global coverage. Optionally, if there is an HD
map during training available, we propose a teacher-student-based method
for knowledge distillation. This method encourages the navigation map-
aware model to extract similar embeddings from the navigation map as the
teacher from the HD map.

With this paper, we want to give an incentive for a new
research direction: Motion prediction with navigation maps
instead of HD maps. Navigation maps are an abstraction of
HD maps. They do not contain precise geometric information
on a lane-level and are therefore more robust with regard to
fast-changing environments. Their geometric information is
limited to a road-level, meaning multiple lanes are possibly
summarized as one road, with varying quality. However, they
have the advantage of being widely available around the
whole globe. An example of a free navigation map with
near-global coverage is the crowdsourced OpenStreetMap
(OSM) [11]. To the best of our knowledge, it has never been
investigated whether these navigation maps offer a viable
alternative to HD maps for motion prediction.

In this work, we therefore investigate the use of navigation
maps for the task of motion prediction. We focus on road-
level geometry and omit geometric information of lanes,
which form the core of every HD map and serve as the main
source of information in the field of prediction. Our approach
is shown in Fig. 1. On the basis of two state-of-the-art
trajectory prediction models, we show that using navigation
maps significantly improves prediction performance over not
using a map. In the event that an HD map is locally available
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for the training dataset, we propose a model-agnostic teacher-
student method that uses knowledge distillation to guide the
training process, helping to extract relevant information from
the navigation map.

In summary, our main contributions are:
• We propose an approach to integrate free navigation

maps into existing learning-based motion prediction
models.

• We propose a model-agnostic teacher-student method
that uses knowledge distillation to exploit locally avail-
able HD maps during training. This further improves
prediction performance with navigation maps.

• We extensively evaluate the resulting models and our
method for knowledge distillation on the publicly avail-
able Argoverse Motion Forecasting Dataset [12] and
prove a performance close to their HD map-reliant
counterparts.

II. RELATED WORK

This section reviews related work regarding motion pre-
diction with HD and navigation maps. Additionally, existing
work related to knowledge distillation in the field of motion
prediction is described.

A. Motion Prediction with High Definition Maps

Motion prediction with HD maps is a constantly evolving
topic related to autonomous driving. There are two main
groups of approaches for extracting lane information from
an HD map in a learning-based manner.

Grid-based approaches [13], [14], [15], [16], [17], [18]
rasterize the information of the map, including lanes, into a
multilayer Bird’s-Eye View (BEV) grid. In order to maintain
the direction of lanes, the heading is most commonly color
coded using the HSV color space. Convolutional neural
network backbones, such as ResNet [15], [16] or Mo-
bileNetV2 [14], [19], are then used to extract information
from this grid. The main drawback of grid-based approaches
is their dependency on rasterization, which always comes
with a loss of information [2].

Vectorization-based approaches do not rely on rasteriza-
tion. A distinction between two groups of vectorization-based
approaches can be made. The first group operates on lane
segments. Lane segments are coherent sections of lanes.
Different encoders, such as graph neural networks [1], [4]
or a combination of 1D convolutional and recurrent neural
networks [20], are used to form embeddings of each lane
segment’s geometry. These embeddings are then included
during the subsequent decoding process to obtain motion
predictions. The second group dispenses the forming of lane
segment embeddings by subsampling the centerline of each
lane segment to a vector-level [2], [3], [21]. Embeddings of
these vectors are then again included during the subsequent
decoding process.

Motion prediction benchmarks show that vectorization-
based approaches typically outperform grid-based ap-
proaches by achieving lower prediction errors [12], [22].

B. Motion Prediction with Navigation Maps

To the best of our knowledge, there are no publications
in the field of autonomous driving that extensively evaluate
motion prediction with navigation maps and compare it to
HD map-reliant approaches. CRAT-Pred [23] is a model
specifically developed for trajectory prediction if there is no
map available at all. Using freely accessible navigation maps,
which is the main idea of our work, is located between map-
free approaches and approaches that rely on HD maps.

In the field of behavior planning, there are approaches
that include navigation maps. Ort et al. [24], [25] describe a
system to plan the future motion of the autonomous vehicle,
given a navigation map from OSM and LiDAR scans. The
approach mainly relies on handcraftet rules and neglects the
influence of surrounding dynamic objects, such as pedes-
trians and vehicles. Xu et al. [26] describe a transformer-
based approach to plan the future motion of the autonomous
vehicle. Although they refer to this as trajectory prediction,
we believe that their approach is an imitation learning-based
planner. Input to the transformer is a BEV representation
of the autonomous vehicle’s LiDAR scan and the BEV
representation of the route to follow. They annotate the route
to follow by hand, but claim that this can also be extracted
from navigation maps, such as OSM.

Our approach is not intended to replace existing, sophis-
ticated behavior planning algorithms, but rather to provide
high-quality motion predictions of surrounding agents to
these algorithms.

C. Knowledge Distillation for Motion Prediction

Knowledge distillation is the process of transferring the
knowledge of one or multiple teacher models (teacher) into
a student model (student) [27], [28]. In its original use
case, large unwieldy teachers are used for training a small
student, achieving comparable or even better performance.
However, there are also approaches studying knowledge
distillation not from the perspective of model compression,
but for improving model performance [29]. For this use-case,
teachers and students share the same architecture.

There is few related work regarding knowledge distillation
for motion prediction. Neitz et al. [30] apply principles
of knowledge distillation to the field of motion prediction,
allowing to combine advantages of model-based and model-
free prediction techniques. Monti et al. [31] use a teacher
and student of the same architecture to obtain a model that
is able to predict human motion with a limited amount of
observed timesteps. A higher amount of input observations
are used for the teacher than for the student. The underlying
idea of using superior input representations for the teachers
has its origin in the field of video processing [32], [33].

Our approach shares this idea but applies it to a new
problem. We exploit an HD map-aware teacher in order to
distill knowledge to an architecturally identical student that
is only provided a navigation map.
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III. APPROACH

This section describes our approach of obtaining naviga-
tion maps and integrating them into learning-based motion
prediction models. To exploit HD maps during training, our
method of knowledge distillation is used.

A. Obtaining Navigation Maps

We obtain navigation maps from OSM [11], which is a
crowdsourced open geographic database. A navigation map
forms a directed graph G = {V, E} consisting of nodes
vi ∈ V and edges ej,i = (vj , vi) ∈ E . The feature vector
vi = (lati, loni) of node vi consists of its latitude and
longitude in global spherical WGS84 coordinates. Edge ej,i
represents a road segment from node vj to node vi. We
limit our navigation maps to road segments that have one of
the following car-accessible types: motorway, trunk, primary,
secondary, tertiary, unclassified, residential, motorway link,
trunk link, primary link, secondary link, tertiary link, liv-
ing street.

Due to OSM being crowdsourced, the available features
can vary for each road segment. To show that prediction
models benefit from navigation maps even if there are no
road segment features available, we do not include any
features for road segments in our experiments. Adding such
features is part of future work. The geometric information
of each road segment ej,i is given by the coordinates of its
source vj and destination node vi.

B. Learning from Navigation Maps

The graph structure of our navigation map representation
allows for straightforward adaptation of already existing HD
map-reliant prediction models. To integrate a navigation map
into such a model, the following steps are required:
• Transform node feature vectors vi (spherical coordi-

nates) of the global navigation map to the local coor-
dinate system the prediction model operates on (most
commonly Cartesian coordinates), resulting in ṽi =
(xi, yi).

• Replace queries for lane segments in the HD map
with queries for road segments (road segments are
represented by edges in the graph G) in the navigation
map.

• Replace queries for succeeding and preceding lane
segments with queries for succeeding and preceding
road segments.

Our API, written for Argoverse and used in our experiments,
offers these functionalities and mimics the original API for
HD maps, allowing to include navigation maps with ease.

C. Knowledge Distillation with HD Map-Aware Teacher

In some cases, HD maps might be available during training
but unavailable during inference. This applies to many real-
world use-cases, as the recordings of datasets are often lim-
ited to a small selection of regional areas, but the prediction
models trained with them are to be applied in areas that go
beyond this small selection. Obtaining HD maps for the small
areas of the recordings is usually feasible, but obtaining and

maintaining them with a similar level of quality globally is
way more challenging.

We therefore propose a model-agnostic knowledge dis-
tillation method to improve prediction performance with
navigation maps if HD maps are available during training.
Model-agnostic means that this method can be applied to
any already existing and upcoming learning-based prediction
model.

Our method consists of a teacher and a student prediction
model. An overview is given in Fig. 2. Teacher and student
share the same architecture but are provided with different
input information. The teacher is provided with information
of the HD map and the student is provided with information
of the navigation map.

Every learning-based prediction model that relies on map
information has a stage where information of the agent to
be predicted and the map are fused together into one latent
embedding ξ. Ways to perform this fusion step include
attention (e.g., [2], [3]) or concatenation (e.g., [13], [14],
[17]). Our method exploits this property of prediction models
and uses the latent embedding ξ′ ∈ Rdt generated by the
fully trained teacher to guide the latent embedding ξ ∈
Rd, d ≥ dt of the student during training. To obtain this
behavior, we define the distillation loss as

Ldist(ξ
′, ξ) =

1

dt

dt−1∑
i=0

(ξ′i − ξi)2. (1)

During the training of the student, the total loss is then
calculated as

Ltotal = α · Lmodel + β · Ldist, (2)

with Lmodel referring to the original loss of the prediction
model. α and β are scaling factors.

By introducing the distillation loss, the student is encour-
aged to form map-aware embeddings ξ that are similar to the
one obtained by the teacher that has access to the HD map.
Accordingly, the exploitation of the HD map during training
is carried out directly in the latent space and requires no
handcrafted preparation of the input data.

IV. EXPERIMENTS

This section describes our evaluation on the publicly
available Argoverse Motion Forecasting Dataset [12], sub-
sequently referred to as Argoverse. We evaluate our OSM-
based approach with two state-of-the-art trajectory prediction
models.

A. Dataset

In contrast to many other datasets, including the recent
Argoverse 2 dataset [34], the Argoverse dataset contains
information about the origins of its local Cartesian coordinate
systems. As described in this section, this allows to transform
the spherical coordinates of navigation maps into the local
coordinate system used by Argoverse.
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Fig. 2. Overview of our model-agnostic method of using knowledge distillation to exploit HD maps during training: By means of the distillation loss
Ldist, the latent embeddings ξ′ of the HD map-aware teacher model are used to guide the latent embeddings ξ of the navigation map-aware student model.

1) Dataset Properties: Argoverse is a trajectory predic-
tion dataset consisting of sequences recorded in Miami and
Pittsburgh. Each sequence has a duration of five seconds,
is sampled with 10Hz and contains the position of tracked
vehicles in the surroundings of an autonomous vehicle. 201k
sequences form the training split and 39k form the validation
split. Given the first two seconds of a sequence, the goal is
to predict the trajectory of the subsequent three seconds of
one predefined target vehicle. Two HD maps, one covering
relevant areas of Miami and one covering relevant areas of
Pittsburgh, are provided in the dataset.

2) Coordinate System: All coordinates are given in local
Cartesian city coordinates. The following transformations
are applied to transform global spherical coordinates vi =
(lati, loni) of a navigation map G into local city coordinates
ṽi = (xi, yi):

• Transform global spherical coordinates into Universal
Transverse Mercator (UTM) coordinates.

• Substract the origin of the local city coordinate system
of the resulting UTM coordinates.

Origins of the local city coordinate systems of Miami and
Pittsburgh are given in the original publication [12].1

B. Metrics

We follow the standard protocol for the evaluation of
trajectory prediction models and use the minimum Average
Displacement Error (minADE), minimum Final Displace-
ment Error (minFDE) and Miss Rate (MR) for single mode
(k = 1) and multi-modal predictions (k = 6).

1Miami: 580560.0088 Easting, 2850959.9999 Northing, Zone 17;
Pittsburgh: 583710.0070 Easting, 4477259.9999 Northing, Zone 17

minFDE is the lowest Euclidean distance of the k pre-
dicted endpoints and the ground-truth endpoint. minADE is
the average Euclidean distance of the trajectory selected for
the minFDE calculation and the ground-truth trajectory. MR
is the ratio of sequences where none of the k predicted end-
points is within a radius of 2m to the ground-truth endpoint.
Metrics are averaged over the corresponding dataset split.

C. Model Implementation Details

We evaluate our approach using two state-of-the-art trajec-
tory prediction models with publicly available code. Model
architectures and training protocols are the same as in the
original publications. To obtain the geometry of a road
segment ej,i, we linearly interpolate between ṽj and ṽi with
a step size of 2m.

We evaluate two different variants of our teacher-student
method per prediction model. The first variant uses d = dt,
meaning that the student is encouraged to approximate the
full HD map-aware embeddings ξ′ of the teacher. The second
variant uses d = 1.5 ·dt. This results in a shared embedding:
dt features are used to approximate ξ′ and dt · 0.5 features
are unguided. Using additional unguided features allows the
student to also extract navigation map-specific information.
All experiments are performed with α = β = 1.

1) LaneGCN: LaneGCN [2] originally uses graph-based
encoding of lane geometry. Four attention-based fusion
mechanisms, namely Actor-Lane, Lane-Lane, Lane-Actor
and Actor-Actor, aggregate information into one latent em-
bedding per agent in a scene. Subsequently, linear residual
layers are used to predict multiple trajectories with corre-
sponding confidences.

We use our developed Argoverse API for navigation
maps and adapt LaneGCN with our approach described in
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TABLE I
RESULTS OF OUR APPROACH APPLIED TO LANEGCN

Model Variant HD Map Nav. Map Embed. Size k = 1 k = 6
Train Val Train Val dt d minADE minFDE MR minADE minFDE MR

Original (Map-Free) - 128 1.52 3.44 0.54 0.78 1.28 0.14

Ours (w/ Nav. Map, Small Embedding) X X - 128 1.43 3.17 0.51 0.76 1.21 0.12
Ours (w/ Nav. Map, Large Embedding) X X - 192 1.42 3.16 0.51 0.76 1.21 0.13
Ours (w/ Nav. Map + Teacher-Student, d = dt) X X X 128 128 1.40 3.12 0.50 0.75 1.20 0.12
Ours (w/ Nav. Map + Teacher-Student, d = 1.5 ·dt) X X X 128 192 1.38 3.07 0.50 0.74 1.17 0.12

Original (w/ HD Map) X X - 128 1.34 2.96 0.49 0.71 1.08 0.10

TABLE II
RESULTS OF OUR APPROACH APPLIED TO HIVT

Model Variant HD Map Nav. Map Embed. Size k = 1 k = 6
Train Val Train Val dt d minADE minFDE MR minADE minFDE MR

Original (Map-Free) - 64 1.48 3.27 0.52 0.76 1.24 0.14

Ours (w/ Nav. Map, Small Embedding) X X - 64 1.43 3.14 0.50 0.73 1.15 0.12
Ours (w/ Nav. Map, Large Embedding) X X - 96 1.41 3.09 0.49 0.71 1.11 0.11
Ours (w/ Nav. Map + Teacher-Student, d = dt) X X X 64 64 1.44 3.16 0.49 0.73 1.15 0.12
Ours (w/ Nav. Map + Teacher-Student, d = 1.5 ·dt) X X X 64 96 1.41 3.08 0.48 0.71 1.09 0.11

Original (w/ HD Map) X X - 64 1.36 2.98 0.48 0.69 1.03 0.10
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Fig. 3. Normalized histogram of the minFDE@k=6 of different LaneGCN
variants.

Section III-B. This results in the graph-based encoding of
lane geometry being replaced by a graph-based encoding of
road geometry. For our teacher-student method described in
Section III-C, we use the agent-wise embeddings ξ resulting
from the Lane-Actor fusion. In LaneGCN, this corresponds
to the stage where information of the agent to be predicted
and the map are fused together.

2) HiVT: HiVT [3] originally uses cross-attention to
fuse information of agents with geometric information of
surrounding lanes. Predictions and confidences are generated
by multilayer perceptrons.

Again, we use our developed Argoverse API for navigation
maps and adapt HiVT with our proposed approach, resulting
in geometry on a lane-level being replaced by geometry on
a road-level. For our teacher-student method, the agent-wise
embeddings ξ resulting from the fusion of agent information
with map information via cross-attention are used.

D. Quantitative Results
Table I and Table II show the quantitative results of our

approach applied to LaneGCN and HiVT on the Argoverse
validation set. For both models, the results of our approach
are compared with the original models trained map-free and
with HD map.

The results of LaneGCN and HiVT both show that
integrating navigation maps significantly improves perfor-
mance compared to the map-free models. Our proposed
model-agnostic teacher-student method that uses knowledge
distillation to exploit HD maps during training improves
performance even more. Especially for LaneGCN, the d =
1.5 · dt variant outperforms all other navigation map-reliant
variants. The same statement, although with slightly less
improvement, applies to HiVT.

For HiVT, it is observable that the difference between
the variant without (d = 96) and with our teacher-student
method (d = 1.5 · dt, dt = 64) is small. However, the
performance of both is close to the original HD map-reliant
variant.

In general, the results of the navigation map-reliant vari-
ants are close to the results of the original HD map-reliant
variant. For instance, the minFDE@k=6 difference between
our best navigation map-reliant LaneGCN variant and the
original HD map-reliant variant for a 3 s prediction horizon
is 9 cm on average. For HiVT, our teacher-student method
even results in an identical MR@k=1 as the original HD map-
reliant variant.

Fig. 3 shows a normalized histogram of the minFDE@k=6

of LaneGCN beyond the Miss Rate distance of 2m. Kernel
density estimation is used to obtain a smoothed trend. One
distinct observation is that our navigation map-reliant variant
(d = 1.5 · dt) consistently leads to less sequences with high
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Fig. 4. Exemplary sequences of LaneGCN on the Argoverse validation set, trained and validated map-free (left), with our navigation map-aware teacher-
student method d = 1.5 · dt (center) and with the HD map (right). Three sequences are shown. The past observed trajectory of the vehicle to be predicted
is colored in blue, the ground-truth future trajectory in green. Predictions are colored in red. Past trajectories of other vehicles are colored in purple. The
map-information that is used by the corresponding model is colored in gray.

prediction errors than the map-free variant. This suggests
that the integration of navigation maps reduces sequences
in which the intent of the predicted agent was not correctly
predicted at all (e.g., failing to predict a turn or a lane change
maneuver).

E. Qualitative Results

Our qualitative results are generated with different
LaneGCN variants on the Argoverse validation set. We
reviewed over 400 sequences and selected three interesting
ones for visualization in Fig. 4. While there are many positive
examples, we only observed two clear negative examples.
One of them is illustrated as the third sequence in the
figure. For each sequence, the results of the map-free variant
(left), the adaptation with our navigation map-reliant teacher-
student method (center) and the original HD map-reliant
variant (right) are shown. Color codes are given in the caption
of the figure.

The first sequence shows a turn maneuver. While the map-
free variant fails to predict this turn maneuver, both map-
reliant variants are able to correctly predict both possible
intents of the vehicle. The second sequence is another posi-
tive example. Both map-reliant variants are able to precisely
predict the movement along the curved road. Due to having
no information about the underlying road or lane topology

and geometry, the predictions of the map-free variant are less
precise. The third sequence illustrates a negative example.
Both, the map-free and the navigation map-reliant variant,
fail to predict the turn maneuver. One possible explanation
for failure of the navigation map-reliant variant is the acute
angle of the road into which the turn is made.

V. CONCLUSION

In this paper, we explore the use of navigation maps
as an alternative to HD maps for motion prediction. By
implementing the proposed approach for two learning-based
trajectory prediction models, we prove a significant im-
provement in prediction performance compared to using no
map. In combination with our model-agnostic knowledge
distillation method that exploits HD maps during training,
results that are close to the HD map-reliant counterparts
are achieved. The publicly available source code of our
navigation map API for Argoverse enables other researchers
to develop and evaluate their own navigation map-based
approaches for motion prediction with ease.

It remains to be investigated whether similar results are
achievable using navigation maps in other HD map-reliant
application areas beyond motion prediction, for instance
traffic scene reasoning [35].
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