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Abstract— Autonomous driving has traditionally relied heavily
on costly and labor-intensive High Definition (HD) maps,
hindering scalability. In contrast, Standard Definition (SD) maps
are more affordable and have worldwide coverage, offering a
scalable alternative. In this work, we systematically explore the
effect of SD maps for real-time lane-topology understanding.
We propose a novel framework to integrate SD maps into online
map prediction and propose a Transformer-based encoder, SD
Map Encoder Representations from transFormers, to leverage
priors in SD maps for the lane-topology prediction task.
This enhancement consistently and significantly boosts (by up
to 60%) lane detection and topology prediction on current
state-of-the-art online map prediction methods without bells
and whistles and can be immediately incorporated into any
Transformer-based lane-topology method. Code is available at
https://github.com/NVlabs/SMERF.

I. INTRODUCTION

In order for autonomous driving and driver assistance
systems to operate reliably, they need to be aware of the
environment and scene elements in tremendous detail. Among
others, accurate lane geometry, relational reasoning of lane
graphs, and associating lanes to traffic lights and signs
are paramount for vehicles to drive correctly. These tasks,
known together as lane-topology [1], remain as challenges
to deploying autonomous vehicles into the real world.

One solution to this challenge, where autonomous driving
systems have found success, lies in deploying strictly within
geo-fenced areas, where regions are annotated in detail in
the form of High Definition (HD) maps [2], [3], [4]. HD
maps typically include centimeter level map elements [5]
such as road boundaries, lane dividers, road markings, and
traffic signs, as well as lane graphs and association of lanes to
traffic signs. This precision mapping removes ambiguity from
self-driving, making HD maps critical enablers for essentially
all commercial robo-taxi services (e.g. Waymo, Cruise). In
addition, HD maps also annotate areas like construction zones
and pedestrian crossings to be high alert areas.

While HD maps provide a solution for reliable self-driving,
such maps are prohibitively expensive to obtain as each
area needs to be painstakingly annotated by humans and
continuously updated to reflect any changes in road conditions
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Fig. 1: Lane-Topology Reasoning. Leveraging standard defi-
nition (SD) map (a) with prior information of the road-level
topology, our work aims to improve lane centerline detection
(c), lane-topology reasoning between lane centerlines, and
traffic elements (b). In the SD map, lines and teal
lines correspond to roads and pedestrian ways, respectively.

or ongoing daily constructions. For these reasons, over-
reliance on HD maps not only inhibits the scalability of
self-driving, but also requires a large number of annotators
at-the-ready to keep the maps constantly updated.

In contrast, Standard Definition (SD) maps are cheaper to
obtain (e.g., crowdsourcing, aerial images) and are already
available for much of the world’s areas. Concretely, SD maps
mark out road-level topology with metadata', as opposed
to the full semantic and geometric lane-level details in HD
maps. Such SD maps do not need to be updated as frequently
as HD maps unless the road topology changes significantly
(e.g. new roads are constructed, or old roads are removed).

While being much cheaper and having broader coverage,
SD maps include crucial information for road topology
which can complement onboard cameras for lane-topology
reasoning. In particular, when merging or exit roads are not
visible in the camera images due to occlusion, an SD map
can provide priors for more accurate downstream planning.
Additionally, an SD map may provide priors over the existence
of intersections before the self-driving car approaches. Such
prior knowledge is helpful for long-horizon behavior planning,
e.g., switching to a left lane early before making a left turn
at the intersection.

In this work, we explore the use of SD maps to improve
online lane-topology reasoning in the absense of HD maps.
We propose a novel and compellingly simple way of encoding
the SD map in a Transformer encoder architecture [6] to learn
feature representations that can be consumed in downstream
lane-topology tasks. We name our method SMERF (SD Map

'Metadata can vary across different SD map providers, but it typically
includes the type of the roads, the number of lanes of a road, the existence
of a traffic sign, and the direction of the road.
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Encoder Representations from transFormers).

The framework for augmenting with SD maps is imme-
diately applicable to any Transformer-based lane-topology
methods, which currently dominate the state-of-the-art per-
formance metrics [7], [8], [9]. We demonstrate that adding
SD maps as an additional source of information gives a
boost in performance for lane-topology reasoning — across
all available architectures. When used with the current best
open-sourced lane-topology model [7], lane detection and
lane-topology prediction achieve state-of-the-art performance
without any additional tuning. This showcases the strong
generalizability of SMERF map representations, and is a
testament to the inherent information present in SD maps for
topology understanding. Our contributions are summarized
as follows:

o To our knowledge, we are the first work to systemati-
cally explore the utility of SD maps for lane-topology
understanding.

e We propose SMERF, an SD map representation and
Transformer based encoder model for lane-topology
prediction.

o We empirically demonstrate that our proposed method
of incorporating SD maps significantly boosts the per-
formance of all lane-topology methods evaluated.

II. RELATED WORK

Online HD Map Prediction has emerged to reduce the vast
amount of human efforts in annotating and maintaining HD
maps by predicting the HD maps on-the-fly while the car
is in use. HDMapNet [2] pioneers learning-based models to
predict map elements from onboard sensors, followed by a
post-processing step to convert dense rasterized segmentations
to vectorized map representations. To eliminate the need
for hand-crafted post-processing, VectorMapNet [10] and
InstaGraM [11] introduced end-to-end models for vectorized
HD map learning. As the vectorized map learning typically
involves key-point sampling along the polylines which can
cause information loss, prior work [12], [13] proposed
a pivot-based representation and differentiable rasterizer,
tailored to corners and fine-grained geometry. Besides output
representations, MapTR [14] and InsightMapper[15] proposed
a hierarchical query design and models map elements as a
point set with a group of equivalent permutations. Recent
work such as LaneGAP [16] and TopoNet [17] also explored
end-to-end approaches to learn the lane graph and model
map element relationships. In contrast to prior work which
only uses onboard sensors as inputs, our work is the first to
investigate the effect of SD maps to vectorized map learning
and can be seamlessly employed to improve prior work.

Learn to Fuse Prior for HD Map Learning. Orthogonal to
the above work, recent efforts capitalize on the fusion of prior
information to improve the robustness and performance of
online HD mapping. NMP [18] learns a neural representation
and builds a global map prior from past traversals to
improve online map prediction, while [19] optimizes in
the latent space to learn a global consistent prior of maps.

[20] supplements the onboard camera images with satellite
images to deal with the long-range perception of HD maps.
NeMO [21] and StreamMapNet [22] improve performance
using temporal information by fusing frames from history,
while Bi-Mapper [23] designed a multi-view fusion module
to leverage priors in the perspective view. Our work is closely
related to these methods, however, we leverage a different
prior — SD maps, that is much more compact in terms of
storage and representation, and also widely accessible.

Transformers for 3D Perception. Transformers have demon-
strated their dominant performance in 3D perception from
visual inputs. DETR3D [24] leverages a Transformer archi-
tecture to connect 2D observations and sparse 3D predictions,
enabling non-maximum suppression (NMS) free object de-
tection. BEVFormer [25] extends DETR3D by transforming
features from perspective views into a dense birds-eye view
(BEV). PETR3D [26] further incorporates 3D positional
information into feature extraction, producing 3D position-
aware features. In addition to camera images, recent methods
leverage multi-modal inputs to complement a single modality.
FUTR3D [27] capitalizes on 3D-to-2D queries proposed by
DETR3D to fuse features from multiple modalities. Our
method is also a Transformer-based architecture that performs
online mapping in an end-to-end fashion.

III. APPROACH

Problem setup. Following prior work [1], [7], we assume
a multi-camera setup: the ego-vehicle is equipped with C
synchronized, multi-view cameras and their corresponding
camera intrinsic and extrinsic parameters. In addition, we
have access to the SD maps and the ego-vehicle’s 2D position
and heading as a 3-DoF rigid transformation G, from a global
positioning system (GPS) that is used to align the SD maps
with onboard sensor inputs. From these inputs, the task is to
detect the lane centerlines of the road and the traffic elements
of the scene such as the traffic lights and stop signs. Further,
we infer the connectivity of the lane centerlines and how they
relate to each traffic element. All pairwise relationships are
represented as affinity matrices.

The pipeline of SMEREF is shown in Fig. 2. The proposed
SMERF (lower half) augments an existing lane-topology
model (upper half) with priors from SD maps in order to better
detect lane centerlines and relational reasoning. Specifically,
we first retrieve the SD map, which is encoded into a feature
representation using a Transformer encoder. Then, we apply
cross-attention between the SD map feature representation
with the features from onboard camera inputs to construct the
BEV features for lane detection and relational reasoning. The
pipeline is trained end-to-end with the lane-topology model
without requiring any additional training signals.

A. SD Map Input

We obtain SD maps from OpenStreetMap (OSM) [28], a
crowd-sourced platform offering SD maps and geographical
details of worldwide locations. Concretely, SD maps from
OSM contain road-level topology (i.e. road geometry and
connectivity) and annotated type-of-road information for each
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Fig. 2: Overall approach of SMERF. The SD map is queried at the ego vehicle’s location as a prior for lane-topology
reasoning. SD map is first converted into a polyline-sequence representation, then encoded by a Transformer encoder. Our
method is amenable to any transformer-based lane-topology models via cross-attention with the SD map features.
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Fig. 3: Distribution of road types. We visualize the road
types obtained from OpenStreetMap corresponding to the
frames in OpenLane-V2 dataset validation split. The colors
distinguish by the road-types located in each city.

road segment (e.g. highway, residential roads, and pedestrian
crossings). For every frame, we extract a local SD map
from OSM based on the ego vehicle’s position from G.
The resulting SD map encompasses M polylines, where
each polyline corresponds to a road segment. Notably, we
transform the point location of the polylines to the ego
vehicle’s coordinates using G,,. Moreover, each polyline is
further annotated with specific road-type labels. An in-depth
analysis of the availability of the road types, along with their
distribution patterns, is presented in Fig. 3.

B. Encoding Representation from SD Maps

In order to encode the SD map in a form that can be con-
sumed by a downstream lane-topology model, we introduce a
polyline-sequence representation and a Transformer encoder
to obtain our final map representation for the scene.

Polyline Sequence Representation. Given the SD map of
the scene, we evenly sample along each of the M polylines
for a fixed number of N points, denoted by {(x;,y;)}Y ;.
We employ sinusoidal embeddings with varied frequencies to
encode the polyline point locations. Sinusoidal embeddings
enhance the sensitivity to positional variations. This sensitivity
benefits the model, enabling it to effectively reason about
the structure of polylines. Consider a vertical polyline with
a small curvature, characterized by closely similar y-axis

values for all points. Directly inputting these point coordinates
into the model may result in an inadequate distinction of
this curvature. However, with sinusoidal embeddings [6], the
distinction becomes pronounced, thus improving the model’s
interpretability of such features. Given a coordinate position
p € {z;,y;} and an embedding dimension j € {1---d/2},
the sinusoidal embedding can be formulated as:

E(p,2j) = sin (Tg/d) ,

E(p,2j +1) = cos(

7i71)

T25/d )’

where d is the dimension of the embedding, and 7" = 1000
is the temperature scale. This enables the transformation
of (x;,y;) coordinates into their corresponding sinusoidal
embeddings of dimension d. In practice, we normalize each
polyline’s coordinates with respect to the BEV range into the
range of (0,27) prior to embedding them.

We use a one-hot vector representation for the road-
type label with dimension K for the main types of lanes
present in OSM. This not only ensures that input values are
normalized between 0 and 1, but also addresses cases where
a road segment may fall into multiple road types. Finally,
we concatenate the polyline positional embeddings with the
road type as one-hot vectors for the final polyline sequence
representation with shape M x (N -d + K).

Transformer Encoder of Map Features. Given the polyline
sequence representation of the SD map, we wish to use a
Transformer encoder [6] to learn a feature representation
for the downstream lane-topology task. We embed the
polyline sequence with a linear layer, typical of Transformer
encoder architectures. This ensures that the discrete, one-
hot representation of the road-types can be meaningfully
transformed into continuous space. We then utilize L layers
of multi-head self-attention to extract and encode the global
geometric and semantic information from the SD map input.
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TABLE I: Performance on the OpenLane-V2 Dataset. We
report the performance of adding SMERF to state-of-the-
art lane-topology models, and we observe that SMERF can
significantly improve both the Baseline model and TopoNet.

DET1 TOPI1l DETt TOP.t OLS
Baseline 17.0 2.3 48.5 16.2 30.2
Baseline+SMERF 26.8 39 48.9 19.2 34.8
A Improvement 57.6%  73.1% 0.8% 18.6% 15.3%
TopoNet 28.2 4.1 445 20.6 34.5
TopoNet+SMERF 334 7.5 48.6 23.4 39.4
A Improvement 18.7%  83.8% 9.3% 13.6% 14.2%

The resultant output has a shape of M x H, where H denotes
the feature dimension produced by the self-attention layer.

C. Lane-Topology Prediction with SMERF

The SD map representation from SMERF can now be used
by any Transformer-based lane-topology model. With the
release of the lane-topology task alongside the OpenLane-V2
dataset [1], the predominant paradigm for lane detection and
relational reasoning models emerged consisting of an BEV
Transformer encoder and a DeTR-based map decoder [7],
[8], [9]. In this work, we propose to augment these state-of-
the-art lane-topology models with features representations
from the SD map. Current methods only leverage multi-view
camera inputs, and have difficulty predicting in areas that
are occluded or are far away. This is complimented by the
additional SD map information, which allows the model to
reason about these blind spots.

To make use of current state-of-the-art lane-topology
models, SMERF fuses the SD map features with the interme-
diate BEV feature representations by leveraging multi-head
cross-attention. This method is compatible with nearly all
transformer-based lane-topology models by applying cross-
attention between the BEV feature queries and the SD map
features in each intermediate layer of the model’s encoder
(Fig. 2, “Map Cross-Attn”). In practice, we cross-attend the
SD map features after each spatial cross-attention operation.
Thus, the fused BEV features include not only the 3D
information derived from the images, but also the road-
level geometric information extracted from the SD map.
Subsequently, the lane-topology model decoder takes the
SD map-augmented features as inputs to predict the lane
centerlines, traffic elements, and affinity matrices for the
association of lane centerlines and traffic elements.

IV. EXPERIMENTS

Dataset and Evaluation Metrics. We validate our approach
on the OpenLane-V2 dataset [1], a large, real-world percep-
tion dataset for scene structure in autonomous driving. To
the best of our knowledge, this is the only dataset providing
ground truth to test lane and traffic detection, as well as
topology relationships among lane centerlines and between
lane centerlines and traffic elements. For this work, we report
results on the primary subset (subset_A), which is labeled
on top of the Argoverse dataset [29]. We adopt the metrics

from the dataset’s lane centerline evaluation and evaluate
performance within 50m in-front and behind, and 25m to
either side of the ego-vehicle. Reported metrics include DET 1,
TOP_1l, DET_t, and TOP_It [1], which correspond to the mean
average precision (mAP) on directed lane centerlines, traffic
elements, topology among lane centerlines, and topology
between lane centerlines and traffic elements. The mAP is
averaged over match thresholds of {1, 2, 3}m on Frechet
distance for lane centerlines and a match threshold of 0.75
IoU for traffic elements when determining correspondence
between detections and ground truths. We additionally report
the consolidated OpenLane-V2 Score (OLS), which was
released with the dataset’s CVPR 2023 challenge.

Baselines. We experiment with two high-performing, open-
source lane-topology models: BEVFormer-DeTR baseline and
TopoNet [7]. The BEVFormer-DeTR baseline was released
with the OpenLane-V2 dataset as “baseline large”, and is
denoted as “Baseline” in our experiments. It leverages the
architecture from [25] to encode multi-camera features into
birds-eye-view (BEV), and decode them into lane centerlines
and traffic elements using a customized Deformable-DeTR
[30] head for lane-topology reasoning. TopoNet is the current
state-of-the-art open-sourced work, which also constructs a
BEV representation of the scene, and additionally leverages
a graph neural network [31] to explicitly reason about lane
centerline and traffic element topology.

Implementation Details. For reproducibility, we use the
official implementation of both the Baseline model [1] and
the TopoNet model [7]. Both models use the default ResNet50
image backbone, and the output representation of the Baseline
model is changed to the 11-point representation used in
TopoNet for a fair comparison. Our SMERF Transformer en-
coder is implemented with the official Pytorch implementation.
All road types from the queried SD map are grouped into the
following categories: pedestrian, highway, residential, service,
bus_way, and truck_road, with an additional catch-all category.
We set N = 11 for the polyline sequence representation of
SD maps, d = 32 for the dimension of positional embeddings,
and L = 6 layers for the SD map Transformer encoder.

A. Lane Topology Prediction Performance

We show our performance on the OpenLane-V2 dataset in
Tab. I, comparing results of lane-topology models with and
without SMERF. Observe that across all metrics, we obtain a
significant performance boost by using SD map information as
compared to models without. For both Baseline and TopoNet,
adding SMERF gives about 15% performance boost to the
consolidated OLS metric. In particular, lane detection and
lane-topology prediction, corresponding to metrics DET_I and
TOP_Il respectively, receive the largest boost in performance.
The Baseline model and TopoNet gain 9.8 mAP and 5.2 mAP,
respectively, for lane detection and both models nearly double
their lane centerline-topology prediction performances. This
aligns with our intuition that SD maps contain information
of the road topology which is helpful to compliment onboard
camera inputs to further reason lane-level topology.
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TABLE II: Performance Breakdown. We report the performance of baseline models as compared to SMERF method, broken
down by lane centerlines that are close vs. far, and non-intersection vs. intersections. Notice how improvements are greater at
far away lanes and at intersections. We leave out DET_t metrics for brevity, since we do not filter by traffic elements.

Close (0 - 25 m) Far (25 - 50 m) Non-Intersection/Connector Intersection/Connector
DET.1 TOP.l TOP.l1t OLS DET. TOP.l TOP.It OLS DET. TOP.l TOP.t OLS DET. TOP.l TOP.t OLS
Baseline 20.4 4.8 16.3 328 16.3 2.3 141 294 20.3 3.0 16.2  31.6 14.7 2.0 119 279
Baseline+SMERF 224 6.6 184  35.0 26.3 39 175 342 29.2 5.3 193  36.3 21.2 3.7 149 320
A\ Improvement 9.8% 381% 13.0% 6.8% 61.0% 72.6% 23.9% 16.6% 43.4% 742% 19.0% 14.7% 44.3% 87.8% 24.9% 14.6%
TopoNet 28.0 9.1 226 37.6 26.5 4.4 182 33.6 32.7 8.1 212 379 23.7 4.6 16.0 324
TopoNet+SMERF 324 12,6 243 415 33.0 7.7 21.7  39.0 370 119 237 422 28.5 8.1 19.5 374
A\ Improvement 157% 382% 7.6% 10.4% 24.9% 76.8% 19.0% 16.0% 13.3% 46.6% 11.7% 11.3% 203% 74.4% 22.1% 15.5%
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Fig. 4: Qualitative Results. We visualize the lane predictions from OpenLane-V2 dataset validation split along with the
ground truth lane-topology and the corresponding SD map from the location. Observe that adding SD maps allows the model
to infer lanes that are far away and even occluded by a building (marked with the red arrows). We denote the ego-vehicle’s

position with a black triangles for visualization purposes.

TABLE III: Comparison of SD map models. In short, adding
SD maps boosts lane-topology performance regardless of the
methods, and the proposed SMERF is most effective and can
provide the highest performance gains.

priors that are useful to reason about more complicated scenes
such as intersections.

Qualitative Comparison. In Fig. 4 from left to right, we
visualize the frontal camera view, ground truth lane-topology,

Method DET.1 TOP.Il DETt TOP.t OLS the corresponding SD map of the area, and lane-topology
Baseline (— map) 17.0 23 485 162 302 predictions of the baseline models with and without SMERF.
Raster Map 206 20 494 155  “3p9  Observe that using the SD map allows the models to better
VectorNet 19.1 23 50.3 16.2 312 reason and predict lane centerlines further away, especially
SMEREF (Ours) 26.8 3.9 48.9 19.2 34.8

Performance Breakdown. To better understand where the
performance gains are from, we break performance down
by evaluating at lane centerlines that are close-by vs. far-
away and intersections vs. non-intersections in Tab. II. When
comparing performance between close-by vs. far-away areas,
we observe that the majority of improvements lies in the
lane centerline predictions that are further away; by adding
SD maps as a prior, far-away lanes detection and topology
reasoning enjoy a significant improvement. Both models’
performance without the SD map prior drops significantly
when attempting to reason about lane topology that are far-
away—3.4 points and 4 points respectively on the OLS metric.
However, by incorporating SD maps via SMERF, the models
have a much smaller performance degradation in comparison—
0.8 points and 1.5 points. Surprisingly, when comparing
performance at intersections vs. non-intersections, we observe
that improvements are more significant for lane-topology
reasoning (TOP_Il metric). This suggests that SD maps contain

in the case where the information is missing in the camera
images due to occlusion or far range. This observation aligns
with our quantitative results and provides an intuition for why
SD maps help most in these challenging cases, which could
be crucial to long-horizon behavior planning.

B. Analysis and Ablation Study

We analyze the information provided by SD maps and
ablate components of SMERF. All experiments are based on
the Baseline provided by the official OpenLane-V2 codebase.

Comparison of SD Map Models. In this work, we lever-
age information provided in SD maps to improve lane-
topology prediction. An astute reader may wonder if SD
map information can improve performance regardless of
SD map representation encoders and how effective our
proposed SMEREF is. In Tab. III, we compare SMERF against
two representative methods: 1) Raster Map [32] and 2)
VectorNet [33]. Observe that using SD map boosts lane-
topology performance, regardless of the method used. Raster
Maps represent the SD map as a heatmap with a one-hot
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TABLE IV: Ablation on the road-type information. Observe
that the addition of semantic information (road types) from
SD maps is helpful to improve the performance of SMERF.

Road-Types DET. TOPll DETt TOPlt OLS
Road Ped-Way Others
- - - 170 23 485 162 30.2
v 206 37 515 180 334
v v 227 38 523 198 34.8
v v v 268 39 489 192 34.8

TABLE V: Results on geo-disjoint training and validation
split. We re-split the training and validation set to be
geographically disjoint. Observe that adding SMEREF still
provides a consistent performance boost, despite the models
being evaluated on a more challenging data split.

DET1 TOPl1l DETt TOPqt OLS
Baseline 5.4 0.3 41.0 5.7 16.9
Baseline+SMERF 8.8 0.5 46.3 6.9 22.1
A\ Improvement 64.6%  66.7% 13.0% 21.4% 31.1%
TopoNet 14.9 1.0 34.3 7.6 21.7
TopoNet+SMERF 17.0 1.4 354 8.6 234
A\ Improvement 14.4% 31.2% 3.1% 14.0% 7.5%

representation to encode the road type; the map features
are obtained using a ResNet50 backbone. While it is able
to improve lane detection, such a representation struggles
with relational reasoning and performs poorly on metrics of
TOP_ll and TOP_It. VectorNet represents the SD map as a
graph of polylines and uses a Graph Neural Network to refine
the map features. Thus, it is better at relational reasoning.
Overall, SMERF shows the strongest performance since its
architecture is designed explicitly for SD map encoding.

Analysis on Road Types. We analyze how the road type
information contributes to the performance. We first group
the types of roads into three high-level categories: (1) roads
(i.e. highway and residential), (2) pedestrian-way (pedestrian
walkways, crosswalks, efc.), and (3) other types (bus_way,
truck road, service, etc.). Then, we report performance in
Tab. IV by incrementally adding the road type information.
Observing that adding more priors of semantic information
(i.e. road types) improves performance. Even with only labels
for “roads” present in SD maps, the Baseline model is able
to achieve a significant performance gain.

Evaluation on Geo-disjoint Data Split. The standard training
and validation split in the OpenLane-V2 dataset consists of
geographically overlapping areas, and models trained and
tested under such a setting are known to overfit [34], [7].
We analyze the performance on a geographically disjoint
training and validation split and report our results in Tab. V.
Observe that improvements with the SD map are consistent
and significant even in the geographically disjoint splits,
despite the performance drops in both the Baseline and
TopoNet on this more challenging data split. Future work on
these geo-disjoint splits is suggested for reducing overfitting
and improving generalization across geographical areas.

TABLE VI: Ablation on Transformer encoder components.
We report performance after adding each component of the
map transformer. Adding positional encoding is crucial for
good topology reasoning.

DET.1 TOP.l DETt TOPIt OLS

Baseline (- map) 17.0 2.3 48.5 16.2 30.2
+ map transformer 18.2 2.6 48.1 16.8 30.9
+ X,y-pos encoding 20.0 39 49.6 18.9 33.2
+ normalization 26.8 3.9 48.9 19.2 34.8

TABLE VII: Ablation on Transformer Components. We
note that using fewer heads actually improves performance,
as the per-head dimension gets larger.

# Heads DET1 TOPI1 DETt TOPl OLS
4 26.8 39 48.9 19.2 34.8
8 22.8 3.6 52.5 19.0 345
16 21.3 4.1 50.4 19.3 339

Effects on Different Model Components. We additionally
ablate components of our model to justify our implementation
details. We report ablation results when adding different
Transformer architecture components in Tab. VI. Adding the
transformer model naively gives only a small boost in perfor-
mance. By encoding the x,y positions of the SD map polylines
with sine-cosine encoding [6], we gain expressivity for the
model to represent the locations of the map elements, thus
boosting performance. Lastly, normalizing point coordinates
into a range of (0, 27) prior to the positional encodings gives
a final boost in lane detection performance.

We additionally ablation the SMERF architecture design
and the effect of different numbers of heads on performance in
Tab. VII. Observe that the dimension, which is by default quite
small, performs best with fewer heads since the dimension-
per-head is reduced as the number of heads is increased.
Due to dataset size, model performance on lane detection is
sensitive to the per-head dimension.

V. DISCUSSION AND CONCLUSION

In this work, we explore the benefits of leveraging readily
available and cost-effective SD maps, and study how they can
improve online map prediction and lane-topology reasoning.
Our method, SMERF, demonstrates consistent performance
improvements over various lane-topology models, indicating
the versatility of this approach. Our work is the first to
approach task of lane-topology prediction by leveraging SD
map priors; further directions include refining the represen-
tation learning process for SD maps within the Transformer
architecture to enable more significant performance gains.
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