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Abstract— Performance in automated driving tasks improves
significantly with the incorporation of location-specific prior
knowledge. This is because agent behavior usually strongly
correlates with location features. A common example is the
strong tendency of vehicles to follow their lane, but less obvious
interactions exist as well. To this end, high definition (HD) map
information is typically collected and made available during
both training and inference to act as a location prior.

In this paper, we propose to aggregate location-specific
information in a data-driven way. Specifically, we learn a
global latent grid that acts as a behavior prior to a learned
occupancy prediction model. Since the prediction loss function
is directly backpropagated into the latent grid, no additional
labels are required beyond the already available future agent
locations. We use the large real-world Lyft Level 5 motion
prediction dataset to empirically demonstrate the merit of our
learned location-specific latent behavior prior. Applied to two
different prediction models, our approach achieves performance
comparable to or exceeding baseline models that rely on HD
maps, without requiring an HD map. Additional experiments
reveal that the latent behavior prior is able to distill geometric
and semantic information purely from agent behavior. These
results indicate that directly learning location-specific priors is
a promising direction towards automated driving without costly
HD maps.

I. INTRODUCTION

Agent behavior is inherently location-specific. To account
for this, many automated driving systems utilize high def-
inition (HD) maps. The detailed geometric and semantic
information provided by these maps enables the automated
driving algorithms—such as those used for prediction and
planning—to more effectively reason about agent behavior.
For instance, knowing the topology and geometry of lanes
allows to predict the motion of surrounding traffic agents
more precisely.

Obtaining HD maps is a complex process [1]. A common
approach leverages deep learning-based methods trained on
raw sensor data to predict static infrastructure entities, as
demonstrated in [2], [3]. This requires well-curated and
manually labeled training datasets. However, to the best of
our knowledge, the predicted HD maps may still contain
errors, particularly in challenging scenarios [3].
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(a) HD map (simplified plot) (b) Ours: latent behavior prior

Fig. 1: While (a) current approaches use high definition
(HD) maps as an input to occupancy prediction models, we
propose to (b) directly learn location-specific latent behavior
priors using the loss function of the final task, i.e., the
occupancy prediction loss.

Rather than relying on HD maps as an intermediate rep-
resentation, this paper investigates learning location-specific
latent behavior priors directly from data. For this, we focus
on the motion prediction task, more specifically the occu-
pancy prediction task. In occupancy prediction, the goal is
to predict a grid where the value of each grid cell represents
the probability that the cell is occupied by any agent at a
future timestep. Previous work related to learned behavior
priors in motion prediction [4], [5] focuses on the prediction
of pedestrian trajectories from static cameras and is therefore
limited to a few selected locations only. Gilitschenksi et
al. [5] introduce additional auxiliary tasks to supervise the
training of the behavior prior, whereby one of the auxiliary
task requires semantic labels of the selected locations. We
argue that for approaches to be effective for automated
driving, they should (a) scale to large areas and (b) be
trainable without any additional labels. In this work we
present a novel approach that covers both of these aspects and
evaluate it on the occupancy prediction task using a large-
scale dataset recorded from an egocentric perspective. For
this, we consider not only pedestrians but also cyclists and
vehicles of different types.

On a high level, the approach works as follows. As illus-
trated in Fig. 1, instead of using HD map information, a latent
behavior prior is used. This behavior prior is represented as
a local latent grid centered on the automated vehicle. Fig. 1b
illustrates a single-channel latent grid, which our evaluations
have found to be effective already, although the grid can
have multiple channels. Each local latent grid is obtained

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 7799



by cropping a patch from a large global latent grid. During
the training of the occupancy prediction model, the local grid
acts as a learnable parameter that gets updated using only the
gradients propagated back from the prediction loss function.
The global latent grid is updated with the local patches
from the current training batch and the updated version is
available for the next training batch. Thus, a prerequisite of
our approach is that geographic locations need to be seen a
few times until the training process captures their features in
the latent behavior prior.

In summary, our main contributions are as follows:
• We propose a data-driven approach to learn location-

specific behavior priors directly optimized for the final
occupancy prediction task. The prior is represented as
a latent grid and training it does not require any labels
other than the labels for the final task.

• We show that our approach scales to a large real-world
dataset recorded by a fleet of vehicles.

• We extensively evaluate our approach using two distinct
occupancy prediction models, achieving performance
similar to or better than HD map-reliant approaches.
Our results indicate that the proposed approach can
distill geometric and semantic information purely from
agent behavior.

II. RELATED WORK

This section discusses related work concerning latent
priors in the context of automated driving in Section II-A
and motion prediction without HD maps in Section II-B.

A. Latent Priors for Automated Driving

Related work in learning a location-specific memory, i.e.,
a prior, originates in robotics [6], [7], [8]. For automated
driving itself, there is few related work. Xiong et al. [9]
learn a location-specific latent prior for the task of online
HD mapping. Cross-attention and a recurrent neural network
are used to fuse information coming from the prior with
the current sensor observations. The resulting HD maps are
intended to assist during the downstream behavior-related
tasks, i.e., prediction and planning. Building HD maps
to assist downstream tasks is also done in offline map-
learning, whereby computationally expensive algorithms can
be used [10]. Online and offline HD mapping is different
from our work, as we do not focus on generating HD
maps as an intermediate representation. Instead, we aim to
directly optimize the latent prior for the behavior-related
occupancy prediction task. Yi et al. [4] and Gilitschenski
et al. [5] align with this idea. Their work focuses on learned
behavior priors for pedestrian trajectory prediction, using
recordings from static cameras that are restricted to one
or a few selected locations. Gilitschenski et al. additionally
supervise the training of the behavior prior using auxiliary
tasks, whereby one even requires labels. The restriction to
pedestrian prediction in specific locations only and the use of
auxiliary tasks limits the applicability of these approaches.
As shown later in this paper, our approach works for a

large-scale and in-vehicle recorded egocentric dataset with
all types of agents.

B. Motion Prediction Without High Definition Maps

Motion prediction approaches [11], [12], [13], [14] and
approaches to predict the intents of agents [15] most com-
monly rely on HD maps as one main source of information.
For instance in VectorNet [12], entities from the HD map
(e.g., lanes and crosswalks) are transformed into a vector
representation that is then processed together with the de-
tected agents by a neural network. In LaneGCN [13], the
HD map is used to construct a lane graph that preserves
the structure of the map. The lane graph is then processed
by a graph neural network and fused with information about
the detected agents. Due to the problematic scalability of HD
map creation, there are also approaches that focus on predic-
tion without HD map information. In [16], [17], completely
map-free approaches using attention are proposed. However,
their performance cannot match the performance of their
counterparts that use HD maps. In [18], the use of globally
available navigation maps is investigated. The results show
that adding information from navigation maps substantially
improves results relative to using no map. Nevertheless,
a gap remains between these approaches and HD map-
based approaches. Our approach does not use HD maps
either. Instead, we learn a latent behavior prior by aggre-
gating information from multiple data samples. In contrast
to the aforementioned approaches, our approach consistently
matches or outperforms the HD map-reliant approaches.

III. PROBLEM STATEMENT

We investigate directly learning location-specific latent
behavior priors using the occupancy prediction task. Occu-
pancy prediction is the task of predicting a spatial-temporal
occupancy grid Oi ∈ RTfut×hG×wG that is centered on
the automated vehicle. Here, i is the index of the current
data sample. The scalar value o ∈ R of each cell is the
probability that the cell is occupied by any agent at a future
timestep t ∈ Tfut. hG and wG are the height and width
of the grid. They are determined by multiplying the desired
field of view in Euclidean coordinates (hE and wE) with
the resolution r ∈ R (cells/m) of each grid cell. During
downstream planning, the probability per cell enables to
determine whether specific areas in the surrounding of the
automated vehicle will be navigable or occupied in the future.
For the task of occupancy prediction, machine learning-based
models have been proven to be effective, e.g., methods based
on convolutional neural networks [19] or Transformers [20],
[21].

In this work, we focus on occupancy prediction models
that utilize a rasterized input representation. This means that
the agents detected and tracked by perception components,
more specifically their bounding boxes, are rendered as a
bird’s-eye view representation centered on the automated
vehicle. Consequently, the input to the model is also a grid
Ai ∈ RTpast×hG×wG . hG and wG correspond to the same
height and width as in the predicted occupancy grid Oi. To
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Fig. 2: Overview of our approach: In addition to information about dynamic agents Ai, the occupancy prediction model
f(Ai,Gloc,i) = f(Ii) is provided with a local patch Gloc,i from the global latent grid Gglob. Blue indicates the update of
the global latent grid during training directly using the prediction loss function Lpred. The occupancy prediction model in
this architecture is interchangeable.

retain the temporal aspect of the agents tracked by perception
components, multiple past timesteps Tpast are rendered.
Our baseline models f(Ai,Mi) additionally consume a
rasterized representation of the HD map Mi ∈ R4×hG×wG

centered on the automated vehicle.

IV. APPROACH

This section describes our approach of learning location-
specific latent behavior priors for the occupancy prediction
task. At its core, this involves forming a global latent grid
that aggregates information from multiple geographically
overlapping egocentric data samples. As later shown in the
experiments section (Section V), our approach is applicable
to different occupancy prediction models. The only prereq-
uisite is the ability of the model to process grid-based input
data, i.e., the latent grid.

Each data sample i is centered on the automated vehicle,
i.e., egocentric, and only covers an area of size hG×wG. In
contrast, the global latent grid Gglob ∈ RC×HG×WG , which
represents the latent behavior prior, is intended to cover the
entire size of the dataset HG × WG and must aggregate
information from multiple potentially overlapping data sam-
ples such that it can store information about location-specific
behavioral patterns.

A. Learning Location-Specific Latent Behavior Priors From
Egocentric Data Samples Using a Global Latent Grid

Fig. 2 illustrates the components of our approach along
with the associated forward and backward dataflows among

them. Before training, the global latent grid Gglob is initial-
ized with zeros. As described, data sample i consists of a
rendered grid Ai representing the agents tracked by percep-
tion components. The center of Ai is the global Euclidean
coordinates (y, x)E,center,i. Data sample i now gets enhanced
with additional information in the form of a location-specific
latent behavior prior. This prior is represented as a patch
Gloc,i, namely the local latent grid, extracted from the global
latent grid. The patch is defined as

Gloc,i = Gglob[yG,patch,i : yG,patch,i + hG,

xG,patch,i : xG,patch,i +wG].
(1)

The coordinates used for extracting the patch can be calcu-
lated as(

y
x

)
G,patch,i

= r ·
(
y
x

)
E,center,i

−
(
⌊hG

2 ⌋
⌊wG

2 ⌋

)
. (2)

To make this additional piece of information available to
the corresponding occupancy prediction model, we concate-
nate Gloc,i and Ai along the first dimension. This concate-
nation results in Ii ∈ R(C+Tfut)×H×W. The corresponding
occupancy prediction model f(Ai,Gloc,i) = f(Ii) is now
provided Ii instead of only Ai, allowing it to additionally
reason about patterns in the latent grid.

Training the model requires an additional update and
insertion step to feed back information into the global latent
grid. During the update step, the local latent grid of the
data sample is updated, i.e., G′

loc,i ← Gloc,i. This update

7801



is carried out jointly with the parameters of the prediction
model through backpropagation. This allows the existing
prediction loss function, in our case the focal loss, to also
update the latent behavior prior. Similar to the weights of the
prediction model, the local latent grid in this case acts as a
learnable parameter and gradients of the loss function with
respect to each parameter in the local latent grid are used to
update each value, i.e.,

G′
loc,i ← Optimizer(Gloc,i,∇Gloc,i

Lpred) (3)

Subsequently, each updated local latent grid G′
loc,i is

inserted into the global latent grid Gglob. This is done by

Gglob[yG,patch,i : yG,patch,i + hG,

xG,patch,i : xG,patch,i +wG] = G′
loc,i.

(4)

which is the inverse operation to Equation 1.

B. Sparsifying the Learning Process Using Masking

The described approach will always update the entire local
latent grid Gloc,i. We argue that always updating the entire
local latent grid makes the learning process difficult, as many
updated cells might not even be relevant for the current
scenario. To reduce this noise during learning, we employ
a masking strategy that sparsifies the update of the local
latent grid before inserting it into the global latent grid. The
general idea of this strategy is that cells in the local latent
grid that are not occupied by agents might contain a high
amount of irrelevant information or noise, and by focusing
only on the occupied cells this noise is reduced. Therefore,
we only update the grid cells that are occupied during one
of the past timesteps Tpast. This can be denoted as

G̃′
loc,i ← Bi ⊙G′

loc,i + (1−Bi)⊙Gloc,i, (5)

whereby ⊙ denotes the element-wise product. The binary
mask Bi is obtained by

Bi =

Tpast∨
t=1

Ai[t, :, :]. (6)

The influence of this strategy is evaluated in Section V-D.

C. Implementation Details

The global latent grid must be accessible during training
for both reading and writing local patches with random ac-
cess. To ensure scalability to large-scale real-world datasets,
we store the global latent grid on disk, as its size may
grow significantly. The cost of disk space is relatively low
compared to memory. We choose the zarr format [22] for
our implementation. Zarr enables data storage in manually
configurable chunks, allowing for efficient read and write
access while also supporting sparsity to reduce storage usage.
This sparsity is achievable by zero-initialization of the global
latent grid.

We use hE = wE = 75m and 1/r = 0.1875m/cell. This
results in hG = wG = 400 cells. The number of latent grid
channels is set to C = 64. An ablation study on C is given in
Section V-F. Training is supervised with a pixel-wise focal

loss (α = 0.5, γ = 2.0) [23] that compares the predicted
occupancy grid Ôi with the ground-truth Oi. AdamW [24]
with a global batch size of 48 (6 per GPU) serves as the
optimizer. The learning rate decays from 10−3 to 0 within
50 epochs using cosine annealing scheduling. Weight decay
of 10−2 is applied to all learnable parameters except norms.
When rendering the input grid Ai, different float values are
used to encode different agent types.

V. EXPERIMENTS

This section covers the experimental setup and the quan-
titative and qualitative results.

A. Dataset

Experiments are conducted using the Lyft Level 5 motion
prediction dataset [25], which contains 145k scenes (training
+ validation) of 25 s each. An important requirement for
our approach is a dataset that has many recorded agent
movements at the same geographic locations so that the
latent behavior prior can be learned and evaluated robustly.
Because the Lyft dataset covers a relatively small geographic
area, recorded scenes frequently overlap spatially, making
it well-suited for this purpose. We use Tpast = 30 past
and Tfut = 50 future frames sampled at 10Hz, each data
sample therefore spans 8 s. From every 25 s scene we extract
three consecutive data samples. A data sample is spatially
centered on the automated recording vehicle and contains
agents of type vehicle, pedestrian, and cyclist. Agents with
an unknown type are removed. The Lyft dataset has a pre-
defined training-validation split of approximately 90% and
10%. To obtain an unbiased testing set, we further divide the
provided validation split equally into validation and testing
subsplits, resulting in an approximate final split of 90%
training, 5% validation, and 5% testing.

B. Metrics

Performance of our approach on the occupancy prediction
task is evaluated using three metrics for binary classification:

• Average precision (AP) calculated at 100 linearly
spaced thresholds in the range from 0 to 1.

• Soft Intersection over Union (Soft IoU) [26], which is
a continuous version of the IoU.

• Intersection over Union (IoU) with a threshold of 0.5.
All metrics are averaged across all timesteps of the testing
split.

C. Baseline Models

This work focuses on proposing an alternative to costly
HD maps: the learned latent behavior prior. Thus, our exper-
iments focus on two aspects. (a) Showing that our approach
can be applied to different occupancy prediction models and
(b) comparing it to HD map-reliant variants of the same
model architectures. To cover aspect (a), we choose two
baseline models with fundamentally different architectures:
a convolutional neural network (U-Net [27]) with 17.32 ·
106 learnable parameters and a Transformer-based method
(DAE-Former [28]) with 48.65 · 106 learnable parameters.
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TABLE I: Performance comparison of different U-Net and DAE-Former variants (map-free, with HD map, and with our latent
behavior prior) on the testing split. The best and second-best values are highlighted. HD map performance is consistently
either exceeded or matched with our approach.

Name U-Net DAE-Former

AP [%] ↑ Soft IoU [%] ↑ IoU [%] ↑ AP [%] ↑ Soft IoU [%] ↑ IoU [%] ↑
Map-Free 70.26 11.04 51.65 78.54 16.00 59.21
W/ HD Map 74.54 14.60 55.43 81.15 18.49 61.47

Ours: W/ Latent Behavior Prior 75.19 14.76 55.88 80.37 17.53 60.85
Ours: W/ Latent Behavior Prior∗ 75.45 15.09 56.16 80.79 18.34 61.12

∗With the masking strategy

The U-Net has originally been developed for biomedical
image segmentation. It is a powerful, yet computational- and
data-efficient architecture. The DAE-Former has also been
initially developed for biomedical image segmentation. Its
efficient design of self-attention enables to capture spatial
and channel relations across the entire receptive field. To
make our input grid of size hG = wG = 400 compatible
with our adapted DAE-Former implementation, we upscale
it to hG = wG = 512 when feeding it into the model and
downscale it to hG = wG = 400 directly at the model output
using bilinear interpolation.

To cover aspect (b), we implement three variants for
each baseline model: (i) map-free f(Ai), (ii) with HD map
f(Ai,Mi), and (iii) with our learned latent behavior prior
f(Ai,Gloc,i). The different inputs are concatenated along
the channel dimension before being fed into the correspond-
ing model. For the baseline variant with HD map information
Mi, the HD map is represented as a four-channel grid
(normalized centerline direction x and y, lane border type,
drivable space). Each variant is evaluated using the same
protocol: We use early stopping after three epochs without
an improvement in the AP metric on the validation split. The
checkpoint with the highest AP on the validation split is then
used for all further evaluations.

D. Quantitative Results

Table I shows the quantitative results of our approach
applied to the two prediction models, namely the U-Net and
the DAE-Former. The completely map-free variant and the
HD map-reliant variant of the U-Net and the DAE-Former
are used for comparison.

As shown in the third line of the table, even without
employing the masking strategy described in Section IV-B,
our approach using the latent behavior prior already shows
significant improvements compared to the map-free variant.
For the U-Net, our approach even outperforms the U-Net
using the HD map in all metrics. This indicates that the
behavior prior is able to capture information that goes beyond
the geometry and semantics present in the HD map, e.g.,
information about common behavioral patterns. Compared to
the U-Net, the DAE-Former achieves overall better results
in all metrics. One obvious reason for this is the higher
learning capacity due to the higher number of learnable

model parameters. While the DAE-Former also significantly
benefits from using the behavior prior, it does not outperform
the variant with HD map. We hypothesize that the DAE-
Former has more difficulties with noisy updates of the latent
grid during learning, as it is an architecture that does not rely
on convolutions. In contrast to that, the convolutional layers
in the U-Net potentially have a filtering effect.

The results of our approach enhanced with the masking
strategy, as shown in the last line of Table I, confirm this
hypothesis: Using the masking strategy leads to significant
improvements for the DAE-Former, especially in terms of
Soft IoU (17.53% to 18.34%). The benefit is also visible for
the U-Net. The U-Net variant that uses the masking strategy
is the overall best U-Net in all metrics.

E. Qualitative Results

1) Prediction Results: Fig. 3 shows qualitative results
of the U-Net (Sample 1) and the DAE-Former (Sample 2)
map-free, with HD map, and with the latent behavior prior.
The color codes are explained in the caption of the figure.
Sample 1 shows a complex multi-lane intersection. The map-
free U-Net variant predicts future occupancy in the border
regions of the patch. This is because it is expected that some
agents enter the field of view at a future timestep. However,
due the lack of knowledge about the lanes and other static
entities, the map-free variant predicts this occupancy not
only in areas with lanes but also in areas that are not even
drivable. The HD map-reliant variant and our approach with
the latent behavior prior mainly predict future occupancy in
areas that are actually drivable. Another observation is that
the map-free variant predicts the topmost agent (indicated by
the red box) to mainly go straight (indicated by the green
occupancy cone below the red box). Similar to the HD map-
reliant variant, our approach mainly predicts that this agent
will turn right. In this case, turning right is not only the true
future behavior of the agent, it is also the only legal behavior,
as there is no lane going straight. Sample 2 confirms the
observation that our method enhances prediction quality for
the DAE-Former. While the map-free variant predicts blurry
occupancy for the intersection in the top left of the field
of view, the predictions of the HD map-reliant variant and
of our approach mainly adhere to the lanes. This includes
straight and turning lanes.
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Fig. 3: Qualitative results of the map-free variant, the high definition (HD) map-reliant variant and our approach using the
learned latent behavior prior. The colors red (t = 1), green (t = 24), and blue (t = 49) represent the prediction results for
one of the Tfut predicted timesteps. Probabilities are rescaled to a natural logarithmic scale, allowing to better highlight
visual differences. To avoid negatively infinite values, an offset of 0.1 is added to all probabilities before rescaling. Areas
that appear white have a similar probability o for each timestep t assigned. This is mainly caused by agents being predicted
as static.

2) Visualizing the Latent Behavior Prior: Fig. 4 visualizes
the rasterized HD map and the learned latent prior, i.e.,
the local latent grid, for two exemplary data samples. The
C = 64 channels are reduced to an RGB image using
principal component analysis. In Sample 1, the curved road
is recognizable in the latent prior learned by the U-Net and
the DAE-Former. The side roads are not clearly visible,
which is most likely caused by only few agents using these
roads, leading to only few updates of the latent prior during
training. Similar observations also apply to Sample 2. The
main road from top right to bottom left is again recognizable,
this time more obvious in the latent prior learned by the
DAE-Former. In summary, these findings indicate that our
approach is able to distill geometric information purely from
agent behavior, among other less obvious information that
might not be visible in this low-dimensional visualization.
We further confirm this finding in the following Section V-
E.3.

3) Reconstruction of the High Definition Map From the
Latent Behavior Prior: We perform a reconstruction exper-
iment to further analyze the type of information encoded
within the latent behavior prior. Specifically, the previously
learned prior is utilized as input to a convolutional neural
network for predicting the HD map. For this, the dataset’s
total coverage area is partitioned into distinct training and
validation regions. The reconstruction results on the previ-

HD Map U-Net DAE-Former

Sa
m

pl
e

1
Sa

m
pl

e
2

Fig. 4: High definition (HD) map and patches of our latent
behavior prior learned by the U-Net and DAE-Former for
two exemplary data samples. Principal component analysis
is applied to the latent priors as dimensionality reduction.

ously unseen validation regions are presented in Fig. 5. The
findings indicate that certain components of the HD map can
be reconstructed solely from the latent prior, demonstrating
that lane-related information is effectively encoded within
the latent representation. The geometry of major roads is
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Fig. 5: A convolutional neural network is trained to recon-
struct the high definition (HD) map (third column) using
solely the learned latent behavior prior (first column) as
input, demonstrating that it encodes similar geometric and
semantic information as the HD map itself. The map col-
oring represents the lane direction. Major roads, which are
observed by a larger number of agents can be reconstructed
at their correct locations from the latent behavior prior.

predicted with high accuracy, whereas smaller side roads are
often omitted. A similar observation can be made regarding
the semantic information about lane directions, as indicated
by the coloring. This phenomenon is expected, as the number
of observed agents serves as a crucial factor in encoding
lane information. Since fewer agents are typically present
on smaller roads, the model receives less information to
accurately reconstruct these regions.

F. Ablation Studies

Table II analyzes the influence of the latent prior’s capac-
ity, i.e., number of latent grid channels C. The results indicate
that C is a model-specific hyperparameter. Depending on
the model, even C = 1 can already lead to significant
improvements compared to using no map at all. Indeed, the
U-Net with C = 1 outperforms the C = 32 and even the
C = 64 variant in Soft IoU and IoU.

Lastly, we want to further confirm that the superior perfor-
mance of our models using the latent behavior prior is due
to the storage of location-specific information, rather than to
the presence of additional learnable parameters. For this, we
evaluate training a U-Net that uses the same learnable grid G
for all locations, instead of location-specific grids Gloc,i that
get extracted from a larger global grid Gglob. In other words,
we add a single large learnable parameter to the input of the
U-Net. C = 64 is chosen for this experiment. The results

TABLE II: Ablation study on the latent behavior prior
capacity C. U-Net and DAE-Former prediction models are
used, results on the testing split.

U-Net DAE-Former

C AP
[%] ↑

Soft
IoU
[%] ↑

IoU
[%] ↑

AP
[%] ↑

Soft
IoU
[%] ↑

IoU
[%] ↑

64 75.19 14.76 55.88 80.37 17.53 60.85
32 75.22 14.99 55.88 78.92 15.35 58.90
1 75.02 15.15 56.26 79.66 16.44 59.68

TABLE III: Ablation study between a single location-
independent learnable parameter G and our location-specific
latent behavior prior G. U-Net prediction model is used,
results on the testing split.

AP [%] ↑ Soft IoU [%] ↑ IoU [%] ↑
G 75.19 14.76 55.88
G 70.38 12.71 52.14

in Table III confirm that the additional learnable parameters
alone are not the reason why our approach outperforms even
the U-Net with HD map. What really matters is that the
learnable parameters, i.e., the behavior priors, are location-
specific, allowing to capture the nuances in behavior that are
different for each location.

VI. CONCLUSION

We propose location-specific latent behavior priors, a
novel data-driven way to aggregate georeferenced informa-
tion, as an alternative to HD maps in occupancy prediction.
Our learned approach achieves comparable or better final
task performance than using expensive HD map information,
while not requiring any additional labels beyond the already
available future agent locations. We analyze the latent grid
and find that it efficiently stores geometric and semantic
information even with small capacities.

Based on the findings of this paper, future work should
investigate how our approach transfers to tasks beyond
prediction. Particularly interesting is the applicability to end-
to-end automated driving systems, as their task also comes
down to reasoning about agent behavior that is potentially
location-specific.
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