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Abstract

Existing autonomous driving datasets have enabled major progress, but fall short in
sensor fidelity, map completeness, or geographic diversity. We present KITScenes
Multimodal, a European dataset built around high-fidelity sensors and maps. Our
fully synchronized sensor suite combines high-resolution global-shutter cameras,
long-range lidar beyond 400m, 4D imaging radar, and redundant GNSS/INS lo-
calization. Our HD maps are, to our knowledge, the most complete of any sensor
dataset, validated through autonomous driving trials on open-source software. For
the first time in a public dataset, all driving-relevant traffic elements, such as traffic
lights, are mapped in 3D to a reprojection-accurate level with full topological con-
nectivity. Recorded in cities with irregular street layouts and mixed traffic modes,
our dataset complements existing datasets by broadening the available geographic
diversity. We also introduce four benchmarks, each advancing spatial learning for
embodied AI: online HD map construction, long-range depth estimation, novel view
synthesis, and end-to-end driving. Project page: https://kitscenes.com/.

1 Introduction

Autonomous driving datasets [1–4] have enabled significant progress in both computer vision and
autonomous driving research. However, existing datasets still fall short of capturing the complexity
required for spatially aware driving in dense urban environments. Some lack public annotations or
topology-aware map references [2, 3], while others focus on comparatively simple driving scenarios
such as motorways [5, 6]. As autonomous driving systems move toward deeper spatial understanding,
datasets must support reasoning not only about objects, but also about geometry, road structure, and
their geospatial relationships. High-fidelity datasets enriched with geospatial annotations, HD maps,
and 3D labels are essential for evaluating such capabilities.

High-fidelity datasets with geospatial annotations have a limited geographic footprint, with coverage
heavily skewed toward North America and Asia. KITTI [1], though seminal, is small-scale; ZOD [7]
annotates only single keyframes with image-space labels; and large-scale recording efforts such
as those from Nvidia [8] still lack public annotations. Consequently, complex European urban
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Figure 1: A showcase of 3D HD map elements and the ground truth reprojected into 6 out of 9
cameras, the dense long-range lidar pointcloud reprojected into the rear cameras, and a top-view of
the HD map benchmark labels. Best viewed zoomed in.

environments remain underrepresented in current autonomous driving benchmarks, arguably being
the most difficult to spatially reason about. This leaves a clear need for datasets that combine
high-fidelity sensing, complete geospatial context, and dense 3D annotations.

We present KITScenes Multimodal, a dataset recorded across diverse European urban environments
using a state-of-the-art robotaxi sensor platform. Our dataset addresses the geographic gap in existing
benchmarks while simultaneously raising the bar on both sensor fidelity and geospatial understanding.
Our sensor platform combines high-resolution cameras (up to 16.2Mpx), long-range lidar with
effective range beyond 400m, 4D imaging radar, and redundant GNSS, all hardware-synchronized
and processed with high-fidelity pipelines that make the data suitable for applications such as neural
rendering and novel view synthesis. Besides high fidelity sensor data, we provide the most complete
HD maps of any public autonomous driving dataset. Annotated in Lanelet2 [9], our maps visualized
in Figure 1 cover all regulatory road feature and traffic sign classes, and host our annotated 3D traffic
lights, signs, and poles with reprojection-accurate localization.

To demonstrate the unique strengths of the dataset, we introduce four benchmarks: (1) Complete
online HD map perception, evaluating relational Lanelet2 map prediction from sensor data; (2) long-
range monocular depth estimation, targeting depth beyond 200m where current methods degrade
severely; (3) novel view synthesis, exploiting our high-fidelity imagery and dense lidar for 3D scene
reconstruction; and (4) multimodal end-to-end models for autonomous driving, predicting future
trajectories and scene evolution from camera, lidar, and radar inputs. Our contributions include:

• A multimodal European driving dataset, recorded in three cities with a high-fidelity robotaxi
sensor suite: 72.5Mpx of synchronized global-shutter cameras, seven lidars with over 3×
the point density and twice the effective range of the next closest dataset, three 4D imaging
radars, and redundant GNSS/INS.

• Production-grade Lanelet2 HD maps covering 62 km2 with 29 road-feature classes, 120
traffic-sign classes, and 3D traffic lights, signs, and poles localized to reprojection accuracy.
The maps include all regulatory elements required for autonomous navigation and are
validated for use in the open-source Autoware [10] stack, both online and in simulation.

• Four benchmarks designed to expose the limits of current methods on the path to Level 4
autonomy, targeting capabilities existing datasets cannot benchmark at this fidelity: holistic
HD map prediction, depth estimation beyond 200m, high-fidelity novel view synthesis, and
multi-modal end-to-end driving.

2 Related Work

Autonomous Driving Datasets for Perception The past decade has seen a rapid growth of
autonomous driving datasets. Foundational datasets such as nuScenes [2], Waymo Open [3], and
Argoverse 2 [11] established the multimodal paradigm with complementary sensor configurations
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Figure 2: KITScenes Multimodal Sensor Setup. Our sensor rack (left) is depicted along with nominal
sensing range (center), as well as sensor positions and their field of view (right).

and annotation schemes. Further datasets [12, 13] broaden the range of traffic layouts and driving
conditions, although detailed map annotations and deployment-oriented perception support remain
limited. KITTI [1] and KITTI-360 [14] remain influential but limited in scale and sensor diversity by
current standards. ZOD [7] provides large-scale recordings, yet annotates only a single keyframe
per scenario and mainly provides image-space labels. MAN TruckScenes [5] focuses on motorway
trucking rather than complex urban perception. While TruckDrive [6] features long-range sensors, it
likewise targets trucking scenarios, relies on automotive RCCB cameras, and has not released any
public data to date. Large-scale fleet recordings such as Nvidia Physical AI AV [8] provide broad
real-world coverage but lack public annotations. A quantified comparison of the sensor setups is
shown in Table 1.

HD Maps and Map Perception Benchmarks Map representations accompanying public datasets
vary substantially in completeness. nuScenes [2] and Argoverse 2 [11] expose lane geometry
via dataset-specific APIs but omit regulatory structure from traffic lights and signs. OpenLane-
V2 [15] adds lane-topology links, but as image-space annotations rather than metric 3D maps. To
our knowledge, no prior dataset provides HD maps that are simultaneously reprojection-accurate,
complete in regulatory structure (traffic signs, lights, lane assignments), and validated in a planning
stack (Table 2). As a consequence, so far online HD map construction methods [16? –28] are
evaluated on simple geometric primitives only (lane dividers without type, pedestrian crossings, road
borders). Lanelet2 [9] has emerged as the open academic standard for HD maps, encoding geometry,
topology, and 3D regulatory elements in a single graph; it is the native input of Autoware [10] and
translatable to learning-friendly representations using [29].

Long-range Perception, Neural Rendering, and End-to-End Driving Monocular depth estima-
tion is predominantly benchmarked on KITTI [1] and DDAD [30]; recent foundation models [31, 32]
achieve strong near-range performance, but existing benchmarks rarely assess depth beyond 80–
100 m. Neural scene representations for driving like NeRF-based [33, 34] and 3D Gaussian Splatting
methods [35–37], are similarly constrained by input image fidelity and lidar density. End-to-end
driving models [38, 39] and world models are evaluated almost exclusively on nuScenes, limiting the
sensor configurations and geographies under which they are assessed.

3 The KITScenes Multimodal Dataset

3.1 High-Resolution Long-Range Multi-Modal Sensor Setup

KITScenes Multimodal uses a fully synchronized sensor suite. Figure 2 depicts the sensor positions
and their nominal fields of view. To enable sensor fusion up to maximum effective sensing range, we
perform intrinsic and extrinsic calibration across all modalities, achieving subpixel intrinsic and 1 cm
and 0.1◦ extrinsic accuracy. Further details are listed in Section A and Section B.
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Table 1: KITScenes Multimodal sets a new state of the art for temporally consistent high-resolution
high-fidelity RGB surround vision, highly dense long-range lidar, and ranging modality coverage. We
triple the average lidar point density and almost double the typical maximum range; see also Figure 5.

Cameras Radar Lidar

Dataset � O MPix FOV Shutter Cam. Sync Comp. Config # Avg pts Max pts Max range

nuScenes [2] 6 – 8.4 360◦ Rolling to lidar JPEG 5×3D 1 34.7 k 34.8 k 102.1 m
ONCE [13] 7 – 14.5 360◦ Rolling to lidar JPEG – 1 64.7 k 69.7 k 196.8 m
nuPlan Sensors [41] 8 – 19.2 360◦ Rolling to lidar JPEG – 5 93.0 k 100.3 k 215.5 m
Argoverse 2 Sensor [11] 7 1 28.6 360◦ Rolling to lidar JPEG – 2 96.9 k 106.3 k 217.4 m
WOD Perception [3] 5 – 10.4 230◦ Rolling to lidar JPEG – 5 175.5 k 215.9 k 75.0 m
MAN TruckScenes [5] 4 – 9.3 360◦ Rolling to lidar JPEG 6×4D 6 231.7 k 296.7 k 221.6 m
Zenseact Open [7] 1 – 8.3 120◦ Rolling – PNG – 3 253.7 k 311.1 k 244.0 m
Nvidia PhysicalAI AV [8] 7 – 14.5 360◦ Rolling no H.264 9×4D 1 297.2 k 344.1 k 206.0 m
KITScenes Multimodal 7 1 72.5 360◦ Global all cameras JPEGLI 3×4D 7 906.4 k 1235.2 k 409.2 m

� Monocular cameras, O Stereo camera pair, MPix = Total resolution per frame, Comp. = Image compression

Cameras. The camera suite comprises six 7.1Mpx surround cameras providing full 360◦ coverage,
one 16.2Mpx high-resolution long-range camera, and a tilted forward-facing stereo setup, yielding
a combined resolution of 72.5Mpx per frame, which is more than twice that of the next closest
dataset (Table 1). Existing setups put their focus on dynamic object perception [2, 3, 5, 11], triggering
the cameras when the lidar sweeped across the image center to ensure a minimal delay between
both modalities. All cameras use global shutter sensors and are hardware-synchronized, ensuring
pixel-accurate temporal alignment. The images are anonymized and compressed with JPEGLI [40], a
state-of-the-art visually lossless codec described in Section A.1. This is the foundation for our high
fidelity ground truth for neural rendering and novel synthesis. At the same time, we ensure lidar
coverage by redundantly combining multiple lidars with varying sweeping directions.

Lidar. Seven lidar sensors provide 360◦ coverage with substantial overlap between adjacent units.
As shown in Table 1, the fused point cloud contains on average more than 900 k points per frame
with peaks above 1.2M points, tripling the effective point density over existing datasets. The use of
1550 nm lidars enables an average maximum range of more than 400m, nearly doubling that of the
next-best dataset. This long-range capability is essential for both online long-range perception and
for providing ground truth for benchmarks, such as monocular depth estimation. Figure 5 compares
the per-distance-bin return density for KITScenes and existing autonomous driving datasets, showing
that KITScenes provides higher effective point density in every bin and extends usable range beyond
250m, where prior datasets fall to zero.

3.2 HD Map Annotation

We provide pixel-accurate 3D maps that can be directly used in the open-source Autoware [10] stack,
both for simulation and real-world autonomous driving. All maps are annotated in Lanelet2 [9],
an established open-source format for semantic HD maps. Beyond geometry, each map encodes
the full regulatory structure required for autonomous driving: Road level polylines are annotated
with one of 29 classes, (e.g., road border, dashed, zebra-crossing etc.) traffic signs are classified
based on 220 German road traffic code classes [43] (with 120 observed), traffic lights types are
grouped into four categories (car, bike, pedestrian, misc). All traffic signs and lights are explicitly
assigned to the lanes they govern via toplogical links in the Lanelet2 format. Traffic lights, road
signs, and poles are annotated based on lidar and camera data as 3D shapes including orientation that
are reprojection-accurate to the calibrated camera images [44]. This reprojection accuracy directly
connects map labels to image pixels, enabling HD map annotations to be used as pixel-level training
signal for perception models without any additional alignment step, as shown in Section 4.1.

3.3 Dataset Statistics

Our current release contains 1007 10 s to 60 s scenarios totaling 5.7 h and 162 km of synchronized
multimodal recording at 10Hz. Details on the split and label statistics can be found in Section G. The
dataset currently spans Karlsruhe, Frankfurt, and Sindelfingen, chosen for their unique environments
of a planned 18th century radial layout, a dense metropolitan financial district core, and a suburban-
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Table 2: Comparison of related datasets comprised of HD maps and sensor data, datasets from Table 1
without HD maps are not listed. Legend: ✓ yes, ✓ partial/limited, p no; ( ): unreleased data; ↑: large
coverage based on dataset description which is not reported or reproduced area coverage.

Dataset
Area

(km2) Region
All

sensors
�

360◦
3D

lanes
Lane border

type
Bike
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3D Traffic
elements

Full
topology

Human
HD map

OSS
AD stk.

L
im
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rn
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g WOD Perception [3] 76 km2 US ✓ p ✓ ✓ ✓ p p ✓ p

nuPlan Sensors† [41] ↑ US, Asia ✓† ✓ p ✓ p p ✓† ✓ p
AV2 TbV [42] 42 km2 US p ✓ ✓ ✓ ✓ p p ✓ p

Nvidia PhysicalAI AV [8] ↑↑↑ US, EU ✓ ✓ ( ✓ ) ( p ) ( p ) ( ✓ ) ( p ) ( p ) p

Fu
ll

sp
at

ia
l

le
ar

ni
ng

nuScenes [2] 5 km2 US, Asia ✓ ✓ p ✓ p p p ✓ p
Argoverse 2 Sensor [11] 17 km2 US ✓ ✓ ✓ ✓ ✓ p p ✓ p

OpenLane-V2 [15] 22 km2 US, Asia p ✓ ✓ ✓ p p ✓† ✓ p
KITScenes Multimodal 62 km2 EU ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

†Remarks: nuPlan Sensor [41]: shorthand for the 10% of scenes in nuPlan with available sensor data. traffic light states
available trough offline state estimation, no linkage to sensor data. NVIDIA PhysicalAI AV: entries transparent filled based
on current publically available release plans, not verified. OpenLaneV2: built on top of sensor data of AV2 and nuScenes,
with limited set of labeled traffic element 2D bounding boxes in a visible range of 25x50m at 2Hz. All sensors: full suite
and quality of original sensor dataset available. OSS AD stack: Native support of HD map for simulation and closed-loop
driving with open-source software autonomous driving stack. Full spatial learning: support for full resolution multimodal
360◦ surround view learning with a at least a base set of BEV annotations.

Figure 3: Spatial coverage for two KITScenes cities. The color indicates the number of poses within
a 100m grid cell on top of our HD map outlined in the background.

industrial mix. Recordings took place across summer 2025 and winter 2025/26 to expose models to
seasonal appearance changes and a wide coverage as visualized in Figure 3.

4 Benchmarks

Our benchmarks span spatial learning from map-level scene understanding to multimodal end-to-end
driving. They expose limitations of existing methods that prior datasets cannot reveal.

4.1 Online HD Map Construction

Online HD map construction aims to predict a structured, drivable map directly from onboard sensor
data, without relying on pre-built prior maps. Existing benchmarks evaluate the prediction of simple
geometric primitives such as lane dividers and pedestrian crossings [19], leading to a saturation of
existing benchmarks, as shown in Figure 4a. We enable a substantially more complete formulation:
our Lanelet2 maps encode lane topology, regulatory elements, traffic signs, and traffic lights with
their lane assignments, allowing models to be evaluated on predicting the full Lanelet2 map structure.
As a baseline for topology prediction, we extend MapQR [45] with a graph neural network (GNN)
head that consumes the map element tokens from the decoder and predicts pairwise relations between
all predicted map elements (hereafter called MapQR-Topo). Architecture and implementation details
are described in Section H.1.
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construction models [17–19, 47, 22–27, 46, 28] on
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introduction of Maptracker [23].

(b) Example online HD map construction predic-
tion of SDTagNet [46] on a validation sample.
While showing new capabilities such as 3D de-
tection of non-ground elements thanks to the ex-
tensive map labels, a large gap in prediction of
complete 3D HD maps remains.

Figure 4: Historical SOTA progression of online HD map construction models and example online
HD map construction prediction on KITScenes Multimodal.

Results. In Table 3, we evaluate MapTRv2 [19] as a widely adopted camera-only baseline and
SDTagNet [46] as a representative of methods that leverage SD map priors. Both exhibit a large
performance drop on our complete formulation compared to existing benchmarks, revealing a
gap hidden by the currently limited task scope, with SDTagNet benefiting more from the richer
formulation. This suggests that structured prior knowledge becomes increasingly valuable as the task
approaches real-world complexity. An example of prediction outputs is provided in Figure 4b. A
qualitative example the predicted topology by MapQR-Topo is shown in Figure 17 in the Appendix.

Table 3: Evaluation of online HD map perception models. For readability, the classes are grouped
into 6 categories for the average precision: Lane Markings (LM), Lane Centerlines (LC), Road
Infrastructure (RI), Traffic Lights (TL), Traffic Signs (TS) and Road Markings (RM). For the topology
prediction baseline MapQR-Topo we additionally report the topology score.

Model APLM APLC APRI APTL APTS APRM APTopo

MapTRv2 [19] 5.1 18.0 6.7 5.8 3.0 8.1 -
SDTagNet [46] 4.5 19.4 7.1 6.3 2.4 9.0 -
MapQR-Topo 4.1 16.0 5.9 3.6 1.9 5.6 16.4

4.2 Long-range Monocular Depth Estimation

Monocular depth estimation has made rapid progress on near-range benchmarks, yet autonomous
driving at highway speeds and in complex intersections requires reliable depth estimates well beyond
100m. We show that current depth estimation models trained and evaluated on existing datasets fail
to generalize to long-range distances, as their training signal is dominated by close-range lidar returns.
We provide a dedicated benchmark for long-range monocular depth estimation, enabling the first
systematic evaluation of depth estimation at ranges that extend beyond 400m.

We report established metrics for monocular depth evaluation: absolute relative error (AbsRel) and
threshold accuracy δ1. Scores are reported stratified into close range (0m–100m), medium range
(100m–200m) and far range (>200m), and overall. A detailed description of the setup and ground
truth generation can be found in Section H.2.

Results. We evaluate UniDAC [32], Depth Anything 3 [31], and MapAnything [48], all reported to
achieve dataset-agnostic SOTA monocular depth estimation. They provide strong performance at close
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Figure 5: Lidar distribution across major au-
tonomous driving datasets. Lines show the per-
bin mean over 500 train samples. KITScenes
Multimodal sets a new benchmark in both den-
sity and range.

0 50 100 150 200 250 300 350 400 450 500
Range [m]

100

101

102

103

104

105

Po
in

ts
 / 

sc
an

KITScenes
NVIDIA PhysicalAI AV
Zenseact Open Dataset
MAN TruckScenes
Waymo Open Perception
Argoverse v2
nuPlan Sensors
ONCE
nuScenes

Figure 6: Depth distributions of pixels with valid
lidar depth. Depending on the method and com-
pared to the ground, a systematic shortfall com-
pared to the ground truth is observable starting
at 75m–125m

101

102

103

104

105

106

Pi
xe

ls

Lidar GT
UniDAC
DA3
MapAny

0 50 100 150 200 250 300 350 400 450 500
Depth [m]

RGB KITScenes Lidar UniDAC Depth Anything 3 MapAnything

Figure 7: Qualitative comparison of monocular depth estimation methods. The corresponding non-
linear depth scale is introduced in Figure 6. All methods systematically underestimate depth at long
range relative to the lidar reference, with MapAnything exhibiting the largest deviation.

Table 4: Range-stratified metric depth estimation exposes a ranking inversion: MapAnything domi-
nates overall and at 0m–100m but degrades severely beyond it, while UniDAC, ranked last overall,
is the strongest long-range estimator. Regardless, all methods perform poorly beyond 200m.

Method 0m–100m 100m–200m >200m Overall

AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑ AbsRel ↓ δ1 ↑
UniDAC [32] 0.386 24.12 0.302 40.17 0.540 1.78 0.384 24.36
Depth Anything 3 [31] 0.278 48.64 0.472 12.32 0.689 0.86 0.282 47.91
MapAnything [48] 0.149 83.04 0.485 16.34 0.772 0.03 0.156 81.70

range, but fall short as early as 75m (see Figure 6). Table 4 reveals a critical limitation of aggregate
evaluation: overall metrics mask severe performance inversions across depth ranges. MapAnything
dominates the 0m–100m range and ranks first overall, yet degrades significantly beyond it. UniDAC,
ranked last overall, is in fact the strongest long-range estimator by a significant margin. Regardless,
no method achieves reliable performance beyond 200m (further evaluations in Section H.2). With
its comprehensive LiDAR setup, KITScenes is uniquely positioned (see Figure 5) to expose such
limitations, providing the long-range ground truth density necessary to benchmark methods where
current autonomous driving datasets fall short.

4.3 Novel View Synthesis

Neural scene representations and novel view synthesis (NVS) methods have emerged as powerful
tools for autonomous driving simulation and data augmentation. Common NVS methods [35–37]
are evaluated using pixel-based metrics, but this strongly relies on the availability of ground truth
images at target viewpoints, which are typically restricted to the original driven trajectory. While
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Table 5: Traffic sign recall on the front camera at seven lateral offsets. The “low” and “high” rows
denote evaluations at 280×518 (model scale) and 1600×2844 (cropped sensor scale), respectively.
“Photo” is the detector’s recall on the real photograph (upper bound). ↑ denotes higher is better.

Photo (%)↑ −3m −2m −1m 0m +1m +2m +3m

low 19.7 4.1 (-79.2%) 6.7 (-66.0%) 11.4 (-42.1%) 18.2 (-7.6%) 11.0 (-44.2%) 5.5 (-72.1%) 3.7 (-81.2%)
high 21.6 3.4 (-84.3%) 5.5 (-74.5%) 9.5 (-56.0%) 15.6 (-27.8%) 9.4 (-56.5%) 4.6 (-78.7%) 3.0 (-86.1%)

lateral novel view synthesis is critical for autonomous driving simulation, its quality is often judged
only through qualitative inspection [37] and image-based metrics [49, 50]. However, those often fail
to reveal subtle structural distortions that can significantly impact downstream perception tasks. To
probe geometric fidelity at novel lateral poses, we introduce a map-based NVS evaluation benchmark
using traffic sign recall.

We re-render the scene at seven lateral offsets ∆y ∈ {−3, . . . ,+3}m and project ground-truth traffic
signs from our HD map into each shifted viewpoint, applying lidar-based occlusion filtering to retain
only unoccluded signs. We report traffic sign recall at both a low resolution (280×518, matching
the model’s output) and a high resolution (1600×2844, the cropped sensor resolution), with the real
photograph serving as the per-scale upper bound. A full description is given in Section H.3.

Results. As shown in Table 5, evaluating ReconDrive [37] reveals a sharp collapse in structural
fidelity: even at the driven trajectory (∆y=0), upsampling to the sensor’s cropped resolution yields
a 27.8% relative recall drop, nearly four times the 7.6% drop at low resolution. This indicates that
the reconstruction lacks fine-grained structural detail. With lateral translation, degradation exceeds
80% relative recall loss at ∆y= ± 3m, showing that current NVS methods struggle to maintain
geometric integrity in novel views, a limitation hidden by standard photometric metrics. A qualitative
example of lacking 3D consistency is shown in Figure 8, where the traffic sign fails to maintain its
true 3D position after a viewpoint shift. More details, further qualitative comparison in Figure 19 and
standard photometric metrics are provided in Section H.3.

4.4 End-to-End Driving

End-to-end driving and neural world models are evaluated almost exclusively on nuScenes, narrowing
the sensor configurations, geographies, and map-grounded behaviours under which they are assessed.
KITScenes Multimodal supports three input tiers on identical scenes, i.e., a single front-view camera,
the full 360◦ surround-view, and the complete multi-modal suite with lidar and radar, enabling
controlled modality ablations with a novel combination of benchmark metrics. Headline baselines
reported here are camera-only; sensor and timing data for all tiers are released, leaving multi-modal
e2e training as an open challenge. Evaluation setup, split details, and the held-out test-e2e
leaderboard split are described in Section H.4.

Beyond standard ADE and FDE [51], we leverage our centimetre-accurate Lanelet2 maps and a lidar-
derived occupancy layer to evaluate three map-grounded safety metrics: drivable-surface survival,
collision-free rate, and centerline distance, serving as an offline proxy for safety properties usually
assessed only in closed-loop simulation. To decouple correctness from a single expert trajectory, we
additionally adopt the Multi-Maneuver Score (MMS) [52], scoring each prediction against the best of
at least three human-annotated admissible maneuvers per scene. Metric definitions and per-horizon
profiles are detailed in Section H.4.

Results We zero-shot evaluate four open-source baselines: UniAD [38] and DMAD [53], multi-
task perception, prediction, and planning models trained with navigation commands on nuScenes;
SSR [54], which plans directly with a self-supervised BEV regulariser; and Epona [55], an autore-
gressive front-view diffusion world model trained on nuPlan without navigation commands. Table 6
reveals a substantial domain gap, least pronounced for Epona, which is consistent with its larger
pretraining corpus. The same ordering holds under the multi-maneuver criterion in Table 18. Figure 9
illustrates a qualitative example of end-to-end predictions.
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Figure 8: Example of lacking 3D geomet-
ric integrity in current NVS methods. The
traffic sign in the shifted view on the right is
inconsistent with its true 3D position shown
by the reprojected bounding box.

Figure 9: Qualitative end-to-end predictions, show-
ing the front-view camera image with a top-view of
all model trajectories overlaid on the HD map and
ground truth. Epona tracks the road curvature bet-
ter than the over-committed navigation-conditioned
models, see Figure 21 for more examples.

Table 6: End-to-end results on 200 nine-second e2e samples with all metrics evaluated at the 3 s
horizon. ADE and FDE follow [51]; the map-grounded metrics drivable-surface survival, collision-
free rate, and centerline distance leverage our HD maps together with a lidar-based occupancy layer.
ADE is additionally broken out by scene category. Best values are bold, second-best underlined.

Model FDE@3 s ↓ ADE@3 s ↓ Survival / Tracking @3 s

avg. avg. selec. constr. overt. inters. night nom. Drv. surv.↑ Coll.-free↑ CL dist.↓

UniAD [38] 4.85 2.43 3.37 1.96 2.27 2.29 4.87 2.26 55.5 80.9 0.84
DMAD [53] 4.49 2.30 3.59 1.78 2.27 2.06 5.23 2.09 58.4 85.0 0.59
SSR [54] (non-temp.) 7.57 3.97 6.36 2.07 4.50 3.06 8.54 3.96 65.9 78.0 0.68
SSR [54] (temporal) 5.05 2.49 4.25 2.49 2.30 2.59 5.16 1.99 67.6 79.8 0.78

Epona [55] (AR, 10) 7.70 3.62 4.31 5.47 3.93 3.25 6.51 3.44 63.0 81.5 0.62
Epona [55] (AR, 100) 6.04 2.86 3.57 4.27 3.24 2.56 5.48 2.63 57.2 82.1 0.66
Epona [55] (SS, 10) 3.98 1.99 2.71 2.57 2.14 1.85 4.43 1.73 81.5 97.7 0.46
Epona [55] (SS, 100) 3.99 1.97 2.63 2.67 2.17 1.83 4.41 1.71 78.6 98.3 0.47

For SSR, non-temp. uses only the current keyframe whereas temporal aggregates BEV features across multiple frames. Epona is evaluated with
single-step (SS) or autoregressive (AR) rollouts; 10 and 100 denote the number of diffusion denoising steps.

5 Limitations

Dynamic-object annotations. The current release does not include 3D bounding boxes, tracks, or
instance segmentation for dynamic agents. These annotations will be added in a future release.

Dataset scale. At 5.7 h of current recorded data, KITScenes Multimodal is smaller in raw volume
than recent large-scale sensor corpora such as nuPlan Sensor (≈120 h) or Nvidia Physical AI AV
(≈1700 h). However, these datasets target fundamentally different tasks and provide neither the same
annotation types nor comparable sensor fidelity. Progress in spatial machine learning is increasingly
driven by two complementary regimes: large-scale pre-training, where data volume is central, and
curated evaluation or fine-tuning data with benchmark protocols that reflect target deployment
behavior. Our dataset primarily supports the latter, offering sensor fidelity, annotation completeness,
and benchmark breadth that are difficult to replicate at corpus scale.

Open-loop end-to-end evaluation. While the maps are validated end-to-end through closed-loop
driving trials in Autoware [10] as shown in Section F, our end-to-end benchmark evaluates open-loop
trajectory prediction only. While the released artifacts enable closed-loop evaluation in the Autoware
simulator, we leave such experiments to future work.

6 Conclusion

We presented KITScenes Multimodal, a European multi-modal driving dataset that pairs a state-of-
the-art sensor suite with high-resolution synchronized global-shutter cameras, lidar reaching beyond
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400m, and 4D imaging radar with the most complete public HD maps of any dataset, covering 62 km2

of area and validated by closed-loop autonomous-driving trials. Across our four benchmarks, online
HD map construction, long-range depth estimation, novel view synthesis, and end-to-end driving,
current state-of-the-art methods leave systematic capability gaps that prior datasets cannot surface,
from complete map prediction at full Lanelet2 fidelity, through long-range depth and geometrically
consistent novel views, to map-grounded trajectory evaluation in cluttered European urban scenes.
By coupling deployment-grade maps with long-range, high-fidelity sensing, KITScenes Multimodal
offers a controlled testbed for the spatial-reasoning capabilities required on the path to L4 autonomy.
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A Details on the Sensor Setup

Tables 7 to 10 describe our sensor setup in detail, with a real-world picture of it shown in Figure 10.

Table 7: Camera setup. All cameras are manufactured by Lucid Vision Labs and use low-distortion
Fujinon CF8ZA-1S-23M lenses with 23Mpx maximum resolution.

Surround Stereo (tilted) Hi-Res/Long-range

Count 6 1 pair 1
Camera ATL071S-CC ATL071S-CC + ATL071S-MC ATP162S-CC
Sensor Sony IMX420, 1.1′′ Sony IMX420, 1.1′′ Sony IMX542, 1.1′′

Resolution 3200× 2200 (7.1Mpx) 3200× 2200 (7.1Mpx) 5320× 3032 (16.2Mpx)
Pixel pitch 4.5 µm 4.5 µm 4.5 µm
FOV (H×V) 87.1◦×63.3◦ 63.3◦×86.9◦ 88.4◦×54.4◦

Table 8: Lidar setup. Per-unit specifications for the four lidar groups in the sensor suite.
Top (–Dec. 2025) Top (Jan. 2026–) Corner (tilted) Automotive

Count 1 1 2 4
Model Velodyne VLS128-AP Hesai OT128 Hesai XT32 Seyond Falcon K1
Channels 128 128 32 150 lines
FOV (H×V) 360◦×40◦ 360◦×40◦ 270◦×31◦ 120◦×25◦

Resolution (H×V) 0.2◦×0.1◦ 0.1◦×0.125◦ 0.18◦×1.3◦ 0.18◦×0.24◦

Range (max) 245m 230m 120m 500m
Range @ 10% refl. 245m 200m 80m 250m
Wavelength 905 nm 905 nm 905 nm 1550 nm
Effective Points/s 2.19M 6.91M 864 k 900 k
Returns strongest last + strongest last + strongest strongest

The top lidar was improved in December 2025. FoV and effective points of corner lidars are intentionally limited.

Table 9: Radar setup. Specifications of the three Continental ARS548 RDI 4D imaging radars.
Long-range

Count 3
Model Continental ARS548 RDI
Frequency band 76GHz to 77GHz
FOV (H×V) 120◦×28◦

Beam width (3 dB, H×V) 1.2◦×2.3◦

Angular accuracy (H×V) ±0.1◦×±0.1◦

Range (max) 300m
Range resolution 0.22m
Velocity range −400 to 200 kmh−1

Output 4D detections + RCS

Table 10: GNSS and GNSS/INS setup. We combine two receivers with independent antennas.
GNSS GNSS/INS

Model Septentrio mosaic-X5 Septentrio AsteRx SBi3 Pro+
Antennas 1 2
Hardware channels 448 544
RTK accuracy (H / V) 0.6 cm / 1.0 cm 0.6 cm / 1.0 cm
Standalone accuracy (H / V) 1.2m / 1.9m 1.2m / 1.9m
Heading accuracy (RTK) — 0.2◦

Pitch/roll accuracy (RTK) — 0.02◦

Velocity accuracy 3 cm s−1 2 cm s−1 (RTK)
Position update rate 100Hz 10Hz (integrated)
Integrated IMU — ADIS16500
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Figure 10: The KITScenes recording vehicle with the sensor setup as roofmount.

A.1 Sensor Data Processing and Privacy

To enable both long-range perception and neural rendering applications, it is crucial to preserve the
high raw image fidelity. We record raw Bayer images and employ high-quality offline debayering
pipeline using AMaZE with chromatic aberration correction [56]. Images are then compressed using
JPEGLI [40], a JPEG-compatible codec, with 4:4:4 chroma subsampling at Q95, yielding visually
lossless image quality at manageable file sizes [57]. To comply with European privacy regulations,
all faces and license plates are anonymized using DNAT, a state-of-the-art inpainting method that
preserves photometric realism better than conventional blurring approaches [58].

For the 360◦ main lidar data, we deliberately preserve non-return information to serve as additional
information for occupancy tasks. Additionally, all Hesai lidars return dual echoes, which carry
valuable information about reflective surfaces and in adverse-weather conditions [59]. The four
Seyond lidars furthermore provide elongation information of each return.

Radar and GNSS. Three 4D imaging radars complement the lidar suite, providing Doppler velocity
measurements and resilience under adverse weather conditions where lidar performance degrades.
A redundant combination of one GNSS receiver and one combined GNSS-INS unit provides a
high-accuracy localization reference used for map validation and as a SLAM reference.

Localization / SLAM. To achieve reprojection level accuracy of georeferenced 6-DoF poses,
we fuse the position data of the redundant RTK GNSS sensors into a modified version of KISS-
SLAM [60] which we plan to publish.

B Calibration Details

Camera calibration is significantly facilitated by using hardware-triggered global shutter cameras
with low-distortion lenses. Intrinsic and extrinsic camera calibration is performed using checkerboard
targets [61] and a reference camera model [62]. A pinhole model is fitted to this reference model at
subpixel accuracy.

From the mechanical construction, translation and orientation are known all sensors up to few degrees
and centimeters. The remaining refinement hence focuses on the angular error that dominates at the
long perception ranges that we tackle and which is best observed using far-range natural surroundings
rather than close-by targets.

To avoid motion artifacts, we select one reference frame per standstill phase. Lidar-to-lidar calibration
is then formulated as joint ICP problem across all sensors and frames. Using the same standstill
frames, radar points are registered to the joint lidar point cloud using ICP.
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Figure 11: Example frames of a scenario in Frankfurt. The reprojected traffic lights and signs can be
seen from multiple camera reprojections, highlighting the 3D nature of our HD map. The lidar data is
reprojected with a transparency fade-out. The reprojected map element colors encode different class
types. Icons representing class labels are transparently overlayed near the reprojected map element.

Finally, we align the lidar and camera rigs by maximizing the reprojection of retro-reflective lidar
points on semantically segmented [63] traffic signs and license plates using differentiable splatting.
This lidar-to-camera calibration framework will be made available as open source post submission.

C Additional Sample Data Visualization

To give further insights into the sensor and annotation data we provide additional samples visualiza-
tions in Figure 11

D Data Collection Routes and Conditions

The vehicle (Figure 10) was human-driven by trained operators. All scenes are manually selected
to ensure high annotation and localization quality while capturing diverse traffic scenarios and map
layouts.

E Annotation Protocol and Quality Control

Annotation Protocol and Quality Control. Annotation is performed by an in-house team of
workers within 10 000 total working hours ("approx. 160 hours per km2). Annotation tooling extends
the Java OpenStreetMap Editor [64] with tooling we developed for Lanelet2-native primitive creation,
spline interpolation, routing-graph visualization, topology editing; this tooling and our class label
presets will be released open-source. Aerial imagery is sourced from municipal mapping authorities
with up to 6 cm ground sampling resolution, exceeding the resolution of public products; imagery
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Figure 12: The open-source autonomous driving stack Autoware [10] driving closed-loop on one of
the KITScenes Lanelet2 [9] HD maps

from 2023-2024 is used and is validated frame-by-frame against the 2025/26 sensor recordings to
detect map changes and adapt or exclude them for our dataset release.

Map creation is split into two complementary annotation passes. Road-level content, like lane
geometry, road markings, lane topology, crosswalks, as well as BEV traffic light and sign positions,
are annotated from aerial imagery, which provides a geo-referenced, occlusion-free top-down view.
Additionally, we leverage crowdsourced streetlevel imagery [65] to resolve ambiguities. Elevated
objects, like traffic lights, road signs, and poles, are additionally localized directly from geo-referenced
onboard sensor data, yielding 3D shapes including orientation that are reprojection-accurate to the
calibrated camera images [44]. Both annotation layers are fused into a unified map representation
and manually reviewed for geometric and semantic correctness. The resulting maps are further
validated by automated structural-consistency checks, including Lanelet2-based topology checks and
application tests in Autoware’s planning simulation.

No region is annotated by a single person across all stages: annotators rotate between geometric
drafting, attribute classification, and topology linking, providing implicit cross-validation and reducing
systematic per-annotator artifacts. Quality control combines (i) Lanelet2 core-logic validators,
(ii) geometric and point/line integrity checks, (iii) relational and topological completeness checks
including a routing-graph orphan check, and (iv) an in-house aerial-image polyline-attribute classifier
that is run on every annotated polyline at QA time to flag outliers and likely tag errors against the
source aerial imagery.

F Closed-loop autonomous driving map verification trials

Following formal test-suite validation and simulation-based verification, closed-loop driving trials
constitute the final stage of HD map qualification. To facilitate adoption by the research community
and to demonstrate the operational readiness of our maps, we validate their compatibility with
Autoware [10], an internationally adopted open-source autonomous driving stack that serves as
the reference software platform for robotaxi deployments in Japan and beyond. A representative
closed-loop trial scene, with the Lanelet2 map visualized in RViz within a ROS 2 [66] environment,
is depicted in Figure 12.
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Figure 13: Binned label category statistics over Lanelet2 map elements. The left plot covers elements
on the road surface as 3D polylines and the right side covers 3D traffic lights and signs as well as
other lines usually not part of a lanelet border.

G Extended Dataset Statistics

G.1 Splits

A persistent weakness of previous HD map construction method evaluation protocols is that training
and validation regions often overlap geographically, allowing models to implicitly memorize map
priors and inflate reported performance [67, 47].

To close this loophole, we adopt a manually selected geographic split via specifically selected polygon
regions of complex road layout areas for validation and test split. We greedily assign scenarios with
poses in these polygon areas to the test and consecutively validation split and compute the distance
between each pose of each scenario, allowing no overlap between scenario pairs including a test
scenario up to 100m and pairs including a val scenario up to 70m distance. The result is a strict
geo-disjoint train/val/test boundary with no map overlap guaranteed across all three splits, visualized
in Figure 14. A unique aspect of our benchmark strategy is to withhold all map data in the test split.
This is the first such held-out test set in the online HD map perception space and allows for truly
trustworthy method comparisons in leaderboard challenges.
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Table 11: Default Splits of the KITScenes Multimodal dataset. A distance threshold of 100m to test
scenarios and 70m to val scenarios guarantees geographically separate evaluation.

Split Scenarios Hours Path (km) Released Data

train 534 3.00 81.0 all
val 117 0.60 14.5 all
overlap-train-val 23 0.13 3.3 all
test 206 1.17 30.1 no maps
test-e2e 127 0.76 33.1 no: maps, geo-pose, data after keyframe

total 1007 5.66 162.0

Figure 14: Visualization of the split Definition for two KITScenes cities. The color indicates the split
bucket of a scenario.

The additional test-e2e split provides only local-frame poses, no maps, and no future poses and sensor
data after the keyframe of end-to-end predictions and is intended for held-out end-to-end driving
evaluation.

A minor additional split called overlap-train-val is published comprising scenes with geographic
overlap with the train and val sets. It joins our validation benchmark protocol for the long-range
depth, novel view synthesis, and end-to-end benchmarks (Sections 4.2–4.4), but is excluded from
online HD map perception evaluation (Section 4.1), which requires strict train/val geo-separation.

H Per-Benchmark Details

H.1 Online HD Map Construction

MapQR-Topo architecture. The MapQR-Topo head proposed in Section 4.1 consumes the map
element tokens from the decoder and predicts pairwise relations between all predicted map elements.
Predicted relations are evaluated by matching each predicted map element to its nearest ground-truth
counterpart via the Hungarian algorithm, with Chamfer distance as the cost function, and reporting
a topology AP score (APTopo) computed over the predicted and ground-truth edges. Contrary to
the topology metric proposed by OpenLane-v2 [15] (TOPll + TOPlt), this metric design allows
untangled evaluation of detection and topology prediction performance since we directly utilize the
Hungarian matching algorithm already used for assigning predicted elements to GT elements. This
avoids chamfer-distance thresholds for positive matching pairs, but instead computes the globally
optimal one-to-one matching. Due to this change, even elements that fall out of the typical detection
thresholds of 0.5,1.0 and 1.5 meters can be successfully evaluated with respect to their topology,
when connections are predicted in agreement with the ground truth.
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(a) HD Map Outline in Frankfurt. (b) HD Map Outline in Karlsruhe.

(c) HD Map Outline in Sindelfingen. (d) HD Map Outline in Stuttgart.

Figure 15: HD map outlines for our maps in the four cities of Frankfurt, Karlsruhe, Sindelfingen and
Stuttgart.

An overview of the adapted architecture is shown in Figure 16 and a qualitative example of the
predictions in Figure 17.

Setup. We employ the split described in Section G.1, ensuring evaluation on previously unseen
map areas. An included converter [29] translates Lanelet2 maps to and from the polyline instance
graph representation used by state-of-the-art map perception models [19], making it straightforward
to apply and evaluate existing methods on our benchmark. For our benchmark, we use a subset of 120
out of 220 available traffic sign classes, retaining only the most common and semantically relevant
signs. All methods are trained for 6 epochs in line with standard evaluation settings on comparable
dataset sizes [19].

Metrics. We follow the standard protocol of [19], reporting Average Precision (AP) with Chamfer
distance thresholds of 0.5m, 1.0m, and 1.5m, averaged across all map element classes. To preserve
readability, we group map element classes into six categories: Lane Markings (LM), Lane Centerlines
(LC), Road Infrastructure (RI), Traffic Lights (TL), Traffic Signs (TS), and Road Markings (RM); the
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Figure 16: Schematic overview of the topology prediction with a GNN for the map elements road
border (R), centerline (C) and traffic signs. Green links indicate positive link predictions, while
red edges show sampled negatives, included to counteract the class imbalance introduced by the
predominance of missing links.

full assignment is given in Table 16. For topology evaluation, we match each predicted map element
to its nearest ground-truth counterpart via the Hungarian algorithm with Chamfer distance as the cost
function, and report a topology AP score (APTopo) computed over the predicted and ground-truth
edges.

(a) Ground Truth Map Scene 1 (b) MapQR-Topo Prediction Scene 1

(c) Ground Truth Map Scene 2 (d) MapQR-Topo Prediction Scene 2

Figure 17: Ground truth HD maps (left) and MapQR-Topo predictions (right) for two scenes. Grey
edges denote topology links.

H.2 Long-range Monocular Depth Estimation

Setup. As RGB input, all methods use our front-facing 16.2Mpx high-resolution long-range
camera detailed in Section 3.1. We used the best self-reported pretrained weights for [32, 31, 48].
Outputs are upscaled to camera resolution where necessary. Ground-truth depth maps are produced
by fusing motion-compensated lidar point clouds (all sensors from Section 3.1) over a ±1 s temporal
window. The merged cloud is projected onto the camera plane at 2× super-resolution using point
splatting, and outliers are removed via MAD-based consistency rejection and edge erosion at depth
discontinuities. The super-resolved map is then block-median downsampled to native resolution.
Only pixels with valid depth values are used for evaluation. Frames are sampled at 0.1Hz (one per
10 s), each placed at the temporal midpoint of its 10 s window.
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RGB KITScenes Lidar UniDAC Depth Anything 3 MapAnything

Figure 18: Qualitative comparison of monocular depth estimation methods. The corresponding
non-linear depth scale is introduced in Figure 6.
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Table 12: Monocular depth estimation — 0–100 m
Method Abs.Rel ↓ Sq.Rel ↓ MAE [m] ↓ RMSE [m] ↓ IMAE ↓ IRMSE ↓ LogMAE ↓ LogRMSE ↓ SILog ↓ δ1 ↑ δ2 ↑ δ3 ↑
UniDAC 0.386 0.220 6.331 8.867 0.030 0.037 0.330 0.365 0.203 24.12 85.24 96.19
DA3 0.278 0.223 6.000 10.546 0.030 0.047 0.290 0.362 0.251 48.64 80.36 92.95
MapAny 0.149 0.103 3.525 7.628 0.014 0.033 0.149 0.245 0.227 83.04 92.26 96.90

Table 13: Monocular depth estimation — 100–200 m
Method Abs.Rel ↓ Sq.Rel ↓ MAE [m] ↓ RMSE [m] ↓ IMAE ↓ IRMSE ↓ LogMAE ↓ LogRMSE ↓ SILog ↓ δ1 ↑ δ2 ↑ δ3 ↑
UniDAC 0.302 0.136 40.743 46.288 0.006 0.007 0.423 0.477 0.215 40.17 63.92 79.02
DA3 0.472 0.267 63.226 67.389 0.010 0.011 0.728 0.770 0.222 12.32 30.16 49.64
MapAny 0.485 0.286 65.447 71.390 0.011 0.014 0.768 0.847 0.302 16.34 27.24 42.23

Table 14: Monocular depth estimation — > 200m
Method Abs.Rel ↓ Sq.Rel ↓ MAE [m] ↓ RMSE [m] ↓ IMAE ↓ IRMSE ↓ LogMAE ↓ LogRMSE ↓ SILog ↓ δ1 ↑ δ2 ↑ δ3 ↑
UniDAC 0.540 0.320 139.066 145.433 0.007 0.007 0.864 0.894 0.205 1.78 14.90 37.70
DA3 0.689 0.497 175.246 179.841 0.012 0.013 1.284 1.302 0.188 0.86 2.73 12.70
MapAny 0.772 0.607 195.620 199.949 0.018 0.019 1.578 1.601 0.241 0.03 1.47 1.91

Table 15: Monocular depth estimation — Overall
Method Abs.Rel ↓ Sq.Rel ↓ MAE [m] ↓ RMSE [m] ↓ IMAE ↓ IRMSE ↓ LogMAE ↓ LogRMSE ↓ SILog ↓ δ1 ↑ δ2 ↑ δ3 ↑
UniDAC 0.384 0.218 7.194 12.240 0.029 0.037 0.332 0.371 0.226 24.36 84.73 95.77
DA3 0.282 0.225 7.336 15.300 0.029 0.046 0.300 0.378 0.267 47.91 79.32 92.03
MapAny 0.156 0.107 4.988 14.265 0.014 0.033 0.163 0.278 0.260 81.70 90.94 95.75

H.3 Novel View Synthesis

Setup. The reconstructed scene is re-rendered from the front-facing camera at seven lateral offsets
∆y ∈ {−3,−2,−1, 0,+1,+2,+3}m in the ego frame. Ground-truth traffic signs are projected from
the scenario’s Lanelet2 HD map into each shifted viewpoint. To ensure a fair comparison, we apply
lidar-based occlusion filtering: a sign is considered visible only if the density of lidar points (laterally
shifted by the same offset) does not indicate a foreground occlusion. Detections in the rendered views
are obtained with OWLv2 [68] at a confidence threshold of 0.15 and matched against the projected
GT bounding boxes using an IoU threshold of 0.5.

Metrics. We report traffic sign recall, defined as the ratio of detected visible GT signs to the total
number of visible GT signs. Evaluation is performed at two scales: a low resolution (280×518)
matching the model’s typical output scale, and a high resolution (1600×2844) corresponding to the
native sensor imagery after cropping out the ego-vehicle and sensor hardware. Since the model
renders at the lower scale, the high evaluation uses its output bilinearly upsampled to the cropped
sensor resolution. The detector’s performance on the real photograph (“Photo”) at each scale serves
as the upper bound, and we evaluate a single frame every 10 s following the protocol of Section 4.2.

Qualitative Lateral NVS Results. We further showcase qualitative results on the map-based
NVS evaluation benchmark proposed in Section 4.3. Figure 19 illustrates the impact of lateral
translation on structural fidelity. We observe that while the reconstruction at the driven trajectory
(Figure 19e, Figure 19m) shows reasonable alignment with the HD map projections, lateral shifts
reveal significant geometric inaccuracies. Specifically, the traffic signs rendered in the novel views
synthesized by ReconDrive do not fully align with the ground-truth projections. This misalignment,
which becomes more pronounced as the lateral offset increases, suggests that the underlying geometry
lacks the precision required for consistent projection at novel viewpoints. These artifacts degrade
the object’s visual signature, causing the detector to miss signs that are clearly visible in the ground-
truth photograph. This highlights that photometric consistency on the training distribution does
not guarantee geometric accuracy in novel spatial views, a gap that is critical for safety-oriented
simulation.

Photometric NVS Benchmarks. We complement the map-based evaluation with two photometric
NVS benchmarks that measure complementary aspects of reconstruction quality. Full quantitative
results for these benchmarks are summarized in Table 17. The first benchmark, Held-out cross-
mount NVS, uses the six ring cameras as model inputs, while the independently mounted 18Mpx
camera_base_front_center provides the novel-view target at the same instant. This benchmark
measures spatial extrapolation to a viewpoint the method never observes as input. The second
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Table 16: Assignment of the map element classes to the six aggregated reporting categories used in
Table 3.

Lane Markings (LM) Lane Centerlines (LC) Road Infrastructure (RI)

road_border
dashed
solid
solid_solid
solid_dashed
dashed_solid
bike_marking_dashed
bike_marking_solid
pedestrian_crossing
zebra_crossing
te_stop_line

centerline
bike_centerline

curbstone_high
curbstone_low
fence
building
wall
guard_rail
drivable_area
divider

Traffic Lights (TL) Traffic Signs (TS) Road Markings (RM)

te_tl_car
te_tl_bike
te_tl_pedestrian
te_tl_misc

te_ts_stop
te_ts_yield
te_ts_no_entry
te_ts_right_of_way
te_ts_priority_road
te_ts_one_way_street
te_ts_roundabout
te_ts_speed_limit
te_ts_pedestrian_crossing
te_ts_turn_right
te_ts_turn_left
te_ts_go_straight
te_ts_go_straight_or_right
te_ts_go_straight_or_left
te_ts_turn_left_or_right
te_ts_pass_right
te_ts_pass_left

te_arrow_go_straight
te_arrow_turn_left
te_arrow_turn_right
te_arrow_go_straight_or_left
te_arrow_go_straight_or_right
te_arrow_turn_left_or_right
te_bike_symbol
te_bus_symbol
te_symbol30
te_symbol50
te_symbol70

Table 17: ReconDrive evaluated on the KITScenes NVS benchmark (140 sequences, 216 windows).
Top: photometric quality on three protocols. Bottom: traffic-sign recall on the front camera at seven
lateral offsets; “Photo” is the detector’s recall on the real photograph (upper bound). ↑/↓ denote
higher/lower is better.

Held-out Cam NVS Ego Recon Ego NVS
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
23.51 0.783 0.318 32.42 0.951 0.073 22.61 0.678 0.352

benchmark, Ego-trajectory NVS, uses frames t and t+6 as context inputs, and frames 1–5 as interpo-
lation targets, measuring temporal NVS quality at training-distribution viewpoints following [37].
We distinguish between recon (frame 0, reconstruction fidelity) and nvs (frames 1–5, temporal
interpolation).

H.4 End-to-End Driving

Evaluation sample construction. The 200 e2e samples are drawn from the
val ∪ overlap-train-val scenes; each is a non-overlapping 9 s window of 4 s past ob-
servation and up to 5 s of future trajectory anchored at a keyframe. Poses are released in a local
frame only, preventing geo-referenced retrieval against external maps. Headline numbers use the 3 s
horizon for parity with nuScenes- and nuPlan-trained baselines; the full 5 s protocol is offered as the
long-horizon challenge.

Map-grounded metric definitions. Drivable-surface survival is the fraction of predicted waypoints
lying inside the union of drivable Lanelet2 polygons. Centerline distance is the mean lateral offset
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(a) Photo (b) Left 1m (c) Left 2m (d) Left 3m

(e) Reconstruction (f) Right 1m (g) Right 2m (h) Right 3m

(i) Photo (j) Left 1m (k) Left 2m (l) Left 3m

(m) Reconstruction (n) Right 1m (o) Right 2m (p) Right 3m

Figure 19: Qualitative comparison of traffic-sign recall under lateral viewpoint shifts. (a), (i)
Real photograph with projected GT annotations (yellow). (b–h), (j–p) Lateral NVS rendered by
ReconDrive [37] with detections. Note the deviation between rendered traffic signs and GT projections
in the lateral views.

from each waypoint to the closest drivable centerline. For collision-free rate, the ego footprint
is checked against a lidar-derived occupancy layer and logged dynamic-agent bounding boxes; a
trajectory is collision-free if no waypoint intersects either set. Multi-Maneuver Score (MMS) [52]
scores a prediction against the best of at least three human-annotated admissible 5 s reference
maneuvers under joint similarity, comfort, instruction-following, and collision criteria; predicted 3 s
trajectories are linearly extrapolated to 5 s.

Setup details. The 200 e2e samples are drawn from the val ∪ overlap-train-val scenes of
Table 11, i.e., clips of 10 to 60 s recorded at 10Hz; each sample is a non-overlapping 9 s window of
4 s past observation and up to 5 s of future trajectory anchored at a keyframe. Training is unrestricted
on train ∪ test, totalling over 100 km; the test split withholds maps but retains all sensor and
trajectory data and is therefore usable for sensor-conditioned e2e training. The held-out test-e2e
split contains 127 scenes and 33 km with future sensor data and global pose withheld after the
keyframe, and is reserved for a future leaderboard. Headline numbers in Table 6 use the 3 s horizon
for parity with nuScenes- and nuPlan-trained baselines; the full 5 s protocol is offered as the long-
horizon benchmark for future work.

HD Map and occupancy map grounded metric definitions. All map-grounded metrics are
evaluated on the predicted ego trajectory sampled at 10Hz, with the ego footprint oriented along the
predicted heading at every timestamp. Drivable-surface survival at a given horizon is the fraction
of e2e samples for which all four corners of the ego footprint stayed inside the union of drivable
Lanelet2 polygons of the scene’s local map at every timestamp up to that horizon. Collision-free rate
is defined analogously: a sample is counted at a given horizon if the ego footprint never intersects the
lidar-derived occupancy layer at any timestamp up to that horizon. Centerline distance is the mean
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Table 18: Multi-Maneuver Score [52] on the 200 nine-second e2e samples drawn from the
val ∪ overlap-train-val scenes of KITScenes Multimodal, broken down by scene category.
MMS is higher-is-better; best values are bold, second-best underlined.

Model
MMS ↑

avg selec. constr. overt. inters. night nom.

UniAD [38] 3.44 2.67 1.75 3.50 3.32 2.88 3.71
DMAD [53] 3.43 2.90 3.00 3.11 3.12 3.25 3.90
SSR [54] (non-temp.) 3.99 2.78 9.50 3.59 3.80 3.00 4.37
SSR [54] (temporal) 3.90 2.61 6.25 4.34 3.73 3.38 4.08

Epona [55] (AR, 10) 2.70 2.29 0.50 2.39 2.41 3.00 3.11
Epona [55] (AR, 100) 3.20 3.60 3.00 3.70 2.60 3.21 3.56
Epona [55] (SS, 10) 3.29 3.09 4.50 3.01 2.50 4.65 3.93
Epona [55] (SS, 100) 3.38 2.67 4.50 2.88 2.84 4.67 3.94

Epona is evaluated with single-step (SS) or autoregressive (AR) rollouts; 10 and 100 denote the
number of diffusion denoising steps. Predicted 3 s trajectories are linearly extrapolated to match the
5 s evaluation horizon of [52].

lateral offset from the ego centre to the closest drivable centerline, averaged over all waypoints up
to the evaluation horizon. Per-horizon profiles for all three metrics are plotted over a 3 s prediction
range in Figure 20.

Figure 20: Per-horizon profiles of map-grounded safety and lane-compliance metrics for all evaluated
end-to-end models on KITScenes Multimodal, plotted over the prediction horizon. From left to right:
drivable-surface survival, lane-membership under strict topological lane definitions, collision-free
rate against static and dynamic obstacles, and centerline-tracking error. All metrics degrade sharply
beyond the 3 s headline horizon.

Baselines. We zero-shot evaluate the public checkpoints of UniAD [38], DMAD [53], SSR [54],
and Epona [55]; no fine-tuning on KITScenes Multimodal is performed. UniAD, DMAD, and
SSR consume the six ring cameras and are conditioned on a discrete navigation command, namely
turn left, turn right, or go straight, derived from the ground-truth future trajectory. Epona
consumes the front-view camera only and runs without navigation commands. SSR is evaluated in
two configurations: non-temp. uses only the current keyframe whereas temporal aggregates past BEV
features. Epona is evaluated both as single-step (SS) prediction and autoregressive (AR) rollout, each
at 10 and 100 diffusion denoising steps.

Multi-Maneuver Score and Results. We follow the protocol of [52]: each scene is annotated with
at least three admissible 5 s reference maneuvers spanning the recorded path together with alternative
valid paths and a comfort variant. MMS scores a prediction against the best-matching reference
under the joint similarity, comfort, instruction-following, and collision criteria of [52]. Predicted 3 s
trajectories are linearly extrapolated to 5 s to match the evaluation horizon. We report MMS overall
and per scene category in Table 18.

Under MMS in Table 18, the navigation-conditioned models (UniAD, DMAD, SSR) generally
rank ahead of the navigation-free Epona variants, indicating that the explicit instruction signal
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Figure 21: Additional qualitative end-to-end predictions on KITScenes Multimodal, complementing
Figure 9. Each scene pairs the front-view camera image with a top-down view of all model trajectories
overlaid on the HD map and ground truth.

yields more reliable alignment with at least one of the admissible maneuvers. Epona, by contrast,
achieves the lowest positional errors in Table 6 owing to its larger pretraining corpus and stronger
kinematic prior, but pays for it under MMS, where the multi-maneuver criterion explicitly rewards
instruction-following over geometric proximity to the single recorded trajectory.

Additional qualitative examples. Figure 21 shows four further scenes complementing the two
highlighted in Figure 9.

I Compute Resources

All models were trained and evaluated on 16 Nvidia A6000 Ada GPUs.
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