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RELTOPO: MULTI-LEVEL RELATIONAL MODELING
FOR DRIVING SCENE TOPOLOGY REASONING

Anonymous authors
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Figure 1: Performance and visualization comparison between previous methods and ours. The
top-left shows multi-view input images. Our approach, RelTopo, integrates relational modeling across
multiple levels, strengthening both perception and topology reasoning. As shown in the bottom-left
quantitative results on OpenLane-V2, RelTopo significantly outperforms prior methods across all
metrics. On the right, qualitative comparisons demonstrate that RelTopo produces more accurate lane
geometries and well-aligned connectivity than prior approaches.

ABSTRACT

Accurate road topology reasoning is critical for autonomous driving, as it requires
both perceiving road elements and understanding how lanes connect to each other
(L2L) and to traffic elements (L2T). Existing methods often focus on either per-
ception or L2L reasoning, leaving L2T underexplored and fall short of jointly
optimizing perception and reasoning. Moreover, although topology prediction
inherently involves relations, relational modeling itself is seldom incorporated
into feature extraction or supervision. As humans naturally leverage contextual
relationships to recognize road element and infer their connectivity, we posit that
relational modeling can likewise benefit both perception and reasoning, and that
these two tasks should be mutually enhancing. To this end, we propose RelTopo, a
multi-level relational modeling approach that systematically integrates relational
cues across three levels: 1) perception-level: a relation-aware lane detector with
geometry-biased self-attention and curve-guided cross-attention enriches lane rep-
resentations; 2) reasoning-level: relation-enhanced topology heads, including a
geometry-enhanced L2L head and a cross-view L2T head, enhance topology infer-
ence via relational cues; and 3) supervision-level: a contrastive InfoNCE strategy
regularizes relational embeddings. This design enables perception and reasoning
to be optimized jointly. Extensive experiments on OpenLane-V2 demonstrate that
RelTopo significantly improves both detection and topology reasoning, with gains
of +3.1 in DETl, +5.3 in TOPll, +4.9 in TOPlt, and +4.4 overall in OLS, setting a
new state-of-the-art. Code will be released.
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1 INTRODUCTION

Understanding road topology is fundamental for autonomous driving, as it provides structured
knowledge of lanes and traffic elements for navigation and compliance with traffic rules. A complete
topology model requires not only perceive road elements but also reason about how they connect:
how lanes interconnect (Lane-to-Lane, L2L), and how traffic elements (e.g., lights or signs) regulate
specific lanes (Lane-to-Traffic-element, L2T). We follow the OpenLane-V2 benchmark Wang et al.
(2024), where perception involves detecting lanes in 3D space from multi-view (MV) images and
recognizing traffic elements in the front-view (FV), while reasoning infers L2L connectivity among
lanes and L2T associations between lanes and traffic elements within only the FV.

Recent approaches (e.g., Li et al. (2023a); Wu et al. (2023); Fu et al. (2024); Ma et al. (2024)) often
adopt a two-stage pipeline: perception followed by reasoning. Despite recent advances, two major
gaps remain: First, fragmented task optimization: methods often prioritize either perception or
L2L reasoning, leaving L2T reasoning underexplored, and seldom optimizing them jointly Wu et al.
(2023); Li et al. (2024); Fu et al. (2024); Lu et al. (2023). This fragmented treatment overlooks the
opportunity for mutual enhancement between perception and reasoning, as the lack of end-to-end
relational coupling prevents leveraging synergy across stages and constrains holistic optimization.

Concretely, in perception, many works Li et al. (2023a); Wu et al. (2023); Ma et al. (2024) adapt
generic object detectors Liu et al. (2022b); Zhu et al. (2020) by turning bounding boxes into lane points
or curves, but overlook the intrinsic geometric relationships Li et al. (2022a); Zhang et al. (2023b)
(e.g., parallelism, continuity) that humans naturally leverage. TopoLogic Fu et al. (2024) makes
a partial attempt by encoding end-to-start distances as topology prior via a GNN, yet this focuses
narrowly on connectivity and requires a separate graph module. A key question remains: how can we
embed structural cues directly into perception so that lane features become inherently relation-aware?
In reasoning, existing works rely heavily on coordinate encodings that are brittle to small endpoint
shifts, making L2L prediction fragile. TopoLogic Fu et al. (2024) partly mitigates this using geometric
distance in post-processing, but our study (Tab. 4 in Supp.) shows performance degrades sharply
when removing that post-processing, implying the model fails to internalize relational modeling.
L2T reasoning is even less explored: most methods naı̈vely fuse BEV lane features and FV traffic
elements, ignoring cross-view misalignment. Some approaches Li et al. (2024) mitigates this issue by
leveraging 2D lane features from an additional decoder, but adds computational overhead.

Second, weak relational modeling: Although topology reasoning inherently involves relation
prediction, most works directly force the model relation prediction via supervision Li et al. (2023a);
Wu et al. (2023); Li et al. (2024); Lu et al. (2023) or post-processing (e.g., distance-based scoring
in TopoLogic Fu et al. (2024)), rather than embedding relational cues into feature learning and
connectivity prediction. As a result, structural priors (such as parallelism or proximity) between lanes
and traffic elements are underutilized, leaving models brittle to geometric variation.

To address these gaps, we propose RelTopo, a multi-level relational modeling approach that
that systematically integrates relational modeling across three levels. This enables perception and
reasoning to be optimized jointly and coherently, grounded by structural relationships inherent in road
scenes: 1) Relational Perception: we develop a relation-aware lane detector based on a compact
Bézier-curve representation. A Geometry-Biased Self-Attention module encodes inter-lane affinities
(distance, orientation) as attention biases, while a Curve-Guided Cross-Attention module aggregates
contextual cues along curves, ensuring relational awareness even with sparse control points. 2)

Relational Reasoning: we design relation-enhanced topology heads: a Geometry-Enhanced L2L
head that embeds inter-lane distances to produce robust connectivity predictions, and a Cross-View
L2T head that aligns BEV lanes with FV traffic elements to overcome spatial discrepancy. 3)

Relational Supervision: we introduce a InfoNCE Wu et al. (2018); He et al. (2020); Liu et al.
(2021a)-based contrastive objective that pulls connected pairs closer and separates non-connected
ones in the embedding space, regularizing relational learning.

Overall, our contributions can be summarized as follows:

• We identify two core limitations in existing topology reasoning, namely fragmented task optimiza-
tion and weak relational modeling, and highlight the need for a unified relational perspective.

• We propose RelTopo, a multi-level relational modeling approach that integrates relational modeling
through perception, reasoning, and supervision levels.
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• Extensive experiments on the OpenLaneV2 dataset validate the effectiveness of our approach,
demonstrating multi-level relation benefit mutually. With sufficient improvements, our method
surpasses previous methods across both perception and reasoning, setting a new state-of-the-art.

2 RELATED WORK

2.1 3D LANE DETECTION

3D lane detection provides the lane geometry for topology reasoning. Existing methods are typically
designed for monocular front-view images and fall into BEV-based and front-view-based paradigms.
BEV-based methods employ inverse perspective mapping (IPM) to transform FV images into BEV
space for lane prediction Garnett et al. (2019); Guo et al. (2020); Efrat et al. (2020); Liu et al. (2022a);
Chen et al. (2022); Li et al. (2022a). However, IPM-based methods suffer from distortions on non-flat
roads due to their planar assumption, limiting its reliability in real-world settings. Front-view-based
approaches instead predict 3D lanes directly from FV features, avoiding IPM distortions. Recent
works Bai et al. (2023); Huang et al. (2023); Luo et al. (2023) adopt query-based detectors Carion et al.
(2020); Zhu et al. (2020) to model 3D lanes information end-to-end, achieving stronger performance.
Our work extends lane perception further by incorporating multi-view input and embedding relational
cues directly into the perception process, enabling lane features to become inherently relation-aware.

2.2 ONLINE HD MAP CONSTRUCTION

Online HD map construction aims to dynamically generate structured map elements. Early meth-
ods Li et al. (2022b) use dense segmentation with heuristic vectorization. VectorMapNet Liu et al.
(2023) advances this direction with an end-to-end detection-and-serialization pipeline. More recent
works Liao et al. (2022; 2023); Qiao et al. (2023); Ding et al. (2023); Shin et al. (2023); Yu et al.
(2023); Zhang et al. (2023b); Zhou et al. (2024); Hu et al. (2024) adopt Transformer-based architec-
tures with curve- or point-based representations. MapTR Liao et al. (2022) introduces hierarchical
query embeddings for polyline generation, BeMapNet Qiao et al. (2023) and PivotNet Ding et al.
(2023) employ piecewise Bézier curves and dynamic points, and InstaGraM Shin et al. (2023) formu-
lates map element generation as a graph problem with GNNs. GeMap Zhang et al. (2023b) models
structural and relational properties of map elements, but focuses mainly on individual geometries
without explicitly capturing topology relationships among lanes, and it relies on polyline repre-
sentations composed of equidistant points, which lack flexibility and precision Ding et al. (2023);
Zhang et al. (2023a) for nuanced lane description. To improve computational efficiency, various
decoupled self-attention mechanisms Liao et al. (2023); Hu et al. (2024); Zhang et al. (2023b) have
been proposed for integrating intra-/inter-instance information. However, topology reasoning among
elements are limited in this area.

2.3 DRIVING SCENE TOPOLOGY REASONING

Topology reasoning aims to capture the connectivity among road elements. Early works like
STSU Can et al. (2021) and TPLR Can et al. (2022) construct lane graphs directly in BEV space,
but focus only on L2L reasoning and ignore interactions with traffic elements. Recent methods
begin to address both L2L and L2T reasoning. TopoNet Li et al. (2023a) employs a GNN-based
framework that enhances topology prediction through message passing between element embeddings.
TopoMLP Wu et al. (2023) adopts MLP heads for more efficiency, and LaneSegNet Li et al. (2023b)
introduces lane segments augmented with left and right-side lane lines and proposes lane segment
attention to capture intra-lane dependencies Yuan et al. (2024). However, these methods do not
explicitly model relationships among lanes or between lanes and traffic elements, limiting their ability
to capture dependencies among these elements. Topo2D Li et al. (2024) incorporates additional 2D
lane detection to support topology reasoning, and TopoLogic Fu et al. (2024) combines geometry
distance-based topology estimation with query similarity-based relational modeling via GNNs, but
applies it primarily as post-processing for L2L. RoadPainter Ma et al. (2024) further refines point
localization by utilizing BEV masks.

In contrast, our work takes a unified view: we embed relational modeling consistently across
perception, reasoning, and supervision, enabling end-to-end training where relational cues guide both
feature learning and topology inference.

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2026

3 METHOD
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Figure 2: The overall framework of RelTopo, which employs multi-level relational modeling to
jointly enhance lane perception and topology reasoning. Perception: a relation-aware lane decoder
enrich lane features with structural cues. Reasoning: relation-enhanced topology heads infer topology
between lanes (L2L) and between lanes and traffic elements (L2T) by encoding structural relations
into relation embeddings, Supervision: relational embeddings are regularized via contrastive loss
that pulls connected pairs closer and pushes non-connected pairs apart. This unified design ensures
relational cues guide the entire pipeline. (Qlane), (Qte) denote lane and traffic element queries,
and (Plane) and (Pte) for their predictions, respectively. Lcon denotes our contrastive loss.

3.1 OVERVIEW

RelTopo weaves relational modeling through perception, reasoning, and supervision. Given multi-
view images, the model comprises two branches: one decodes BEV lane features, and another detects
front-view traffic elements. These outputs feed into relational topology heads to infer L2L and L2T
connections. We inject relation cues early (in the decoder, Sec. 3.2), maintain them in reasoning
(in the heads, Sec. 3.3), and sharpen them through contrastive loss in supervision (Sec. 3.4.2). The
following subsections detail each module.

3.2 RELATIONAL PERCEPTION

Lanes in real driving scenes carry strong geometric relationships, such as parallelism and convergence,
that can guide perception, which are neglected in prior works. We embed these geometric relational
cues directly into the decoder so that lane features become structurally informed. Concretely, we intro-
duce a relation-aware decoder that comprises two complementary mechanisms: 1) geometry-biased

self-attention (Sec. 3.2.1) adds inter-lane geometric biases into the self-attention logits, steering each
lane to attend to its peers in a relation-aware fashion; 2) curve-guided cross-attention (Sec. 3.2.2)
samples points along the Bézier curve representation of each lane and performs deformable attention
over those points. This enables context aggregation along the lane’s shape rather than just at control
points. These two design choices ensure that lane queries evolve under structural guidance, improving
robustness in downstream topology reasoning.

3.2.1 GEOMETRY-BIASED SELF-ATTENTION

Training queries in DETR-like decoders can suffer from slow convergence due to lack of structural
inductive bias Hou et al. (2025). To address this, we encode geometric relationships directly as
bias terms in attention. For lane pairs (i, j), we compute features Dist(li, lj) (minimum end-to-start
distance) and Angle(li, lj) (orientation difference). These are concatenated, embedded via a linear
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projection GE (after sinusoidal encoding), and used as Geometry(·) biases:

Q = Softmax

 
QK>
p
dmodel

+ Geometry(l, l)

!
V (1)

Geometry(l, l)(i,j) =GE(Dist(li, lj)kAngle(li, lj)). (2)

We illustrate this mechanism in of Fig. 3 (a), where the Geometry Bias represents the relation
bias term Geometry(l, l)(i,j) between i-th and j-th lanes. This mechanism enhances query learning
by introducing structural bias, as suggested in Hou et al. (2025), while also improving the capture of
inherent lane geometric relationships. Unlike Topologic Fu et al. (2024), which relies on GNNs to
encode connectivity, we take a simpler yet effective approach by directly encoding geometric rela-
tionships as attention biases within self-attention. Additionally, we incorporate angular information
for comprehensive geometry relation modeling.

By enhancing geometrically proximal lanes, it allows the model to allocate greater attention to spa-
tially relevant lanes through the interleaved attention process, leading to a more robust understanding
of lane topology (detailed in Sec. 3.3.1). Our method differs from Hou et al. (2025), which encodes
progressive cross-layer box positional relationships for individual objects.

3.2.2 CURVE-GUIDED CROSS-ATTENTION

V K Q

Geometry Bias

Softmax

Curve-Guided Cross Attention

!	×	!!	×	!

Bézier Curve

Deformable Attention

Curve-Guided  Cross Attention

Control Point Reference Point

Deformed Sampling Location

Init Query Position Embedding

Position Encoding

Update Lane Query

(a) (b)

Figure 3: Illustration of our Bézier lane de-
coder layer, featuring our geometry-biased
SA and curve-guided CA .

Polyline points with fixed spacing are often inflex-
ible Ding et al. (2023); Zhang et al. (2023a). We
instead adopt a cubic Bézier representation (four
control points) for compactness. However, two
challenges arise: 1) the sparsity of control points
limits feature aggregation; 2) intermediate con-
trol points may be misaligned with the underlying
curve Fig. 3(b).

To address these issues, instead of relying solely
on sparse control points as reference points in de-
formable attention like TopoDBA Kalfaoglu et al.
(2024), we sample K points along the Bézier curve,
which serves as reference points for feature aggrega-
tion (Fig. 3 (b)). Furthermore, to capture long-range
intra-lane dependencies, we employ a shared lane
query to integrally generate offsets and weights for
all sampled K points. This design enables contex-
tual information flow holistically within each lane.

Given the feature map x, the lth lane query ql and
its reference point pl, we adopt deformable atten-
tion mechanism Zhu et al. (2020) to update query
features formulated as:

DeformAttn(ql,pl,x) =
MX

m=1

Wm[
NX

i=1

KX

j=1

Amlij ·W
0

mx(pl +�pmlij)], (3)

where M is the number of attention heads, N denotes the number of offset locations per sampled
point, and K is the number of sampled points along each curve. Amlij and �pmlij denote the
attentions weights and sampling offset, respectively, for the ith offset of the jth sampled points along
the curve in the mth attention head.

Unlike BézierFormer Dong et al. (2024), which projects sampled points onto image feature maps
and performs grid_sample1 to generate Nref point queries, each undergoing separate deformable
cross-attention, our approach is simpler and more effective, avoids the inefficiency of per-point

1This denotes the grid sampling operation defined in PyTorch.
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queries and leverages global lane structure to guide local sampling, enhancing the modeling of
long-range intra-lane dependencies. Besides, unlike BeMapNet Qiao et al. (2023), which represents
each map element with multiple Bézier curves, our approach maintains efficiency and accuracy by
using a single Bézier curve per lane. We also conduct comparative experiments against these two
methods (see Tab. 5, Supp.), showing that our method achieves better prediction for lane structures.

3.3 RELATIONAL REASONING

With relation-aware lane features in place, we infer connectivity in a unified relational space for both
L2L and L2T. Our design departs from pipelines that either rely on brittle coordinate encodings Li
et al. (2023a); Wu et al. (2023) or defer geometry to post-processing heuristics Fu et al. (2024).
Instead, we embed relational priors inside the pairwise embeddings and align cross-view features
end-to-end, thereby reducing sensitivity to endpoint shifts and eliminating reliance on external fixes.

3.3.1 GEOMETRY-ENHANCED L2L REASONING

Existing methods Wu et al. (2023); Ma et al. (2024); Li et al. (2024) enhance lane features using
coordinate-based encoding to predict L2L connectivity, which are, however, highly sensitive to
endpoint shifts. Although Fu et al. (2024) attempt to remedy this by incorporating endpoint geometric
distance as extra topology features (GDT), but the post-hoc design of their GDT fails to internalize
relational modeling in model learning (as we discussed in Sec. 1 and analysis in Sec. A.3.1). This
leaves relational structure underutilized. Motivated by these limitations, we propose a geometry-
enhanced L2L reasoning head that embeds geometric priors directly into pairwise embeddings.
Concretely, given refined lane features Qlane 2 RN⇥C and endpoints Plane 2 RN⇥2⇥2, we first
project Qlane into predecessor and successor embeddings with two MLPs (as L2L is directional, this
choice is for capturing the asymmetric nature of L2L topology). Besides, we employ a sinusoidal
positional encoding to produce lane positional embeddings based on Plane, yielding PElane.

GL2L = (MLP1(Qlane) +PEpre) © (MLP2(Qlane) +PEsuc) , GL2L 2 RN⇥N⇥C (4)

where © denotes broadcast concatenation. To reinforce connectivity relationships and stabilize
against endpoint noise, we introduce a distance embedding:

DistEmbedi,j
L2L = MLP(distance(Pe

i �Ps
j)), DistEmbed 2 RN⇥N⇥C (5)

where Pe
i and Ps

j denote the endpoint of lane i and the starting point of lane j, respectively. and then
predict L2L topology via:

TL2L = MLP(GL2L + DistEmbedL2L), TL2L 2 RN⇥N⇥1 (6)

By knitting geometry into the trainable relational embedding, our design internalizes robustness
to small endpoint shifts and supports directional reasoning, unlike external post-processing hacks
or pure coordinate encodings. This strengthens connected-pair discrimination and reduces false
negatives in challenging scenarios. More details are illustrated in Appendix algorithm 1.

3.3.2 X-VIEW L2T REASONING

L2T reasoning requires bridging two inherently different representations: BEV features for lanes and
FV features for traffic elements. The disparity between these representations poses a challenge for
learning spatially consistent relationships. Many prior efforts treat these features as if they lie in the
same space and naı̈vely fuse or concatenate them Wu et al. (2023); Ma et al. (2024). Topo2D Li et al.
(2024) mitigates this by injecting 2D priors via auxiliary decoders.

In contrast, we introduce a X-view fusion module that aligns BEV and FV features more directly
and cohesively. First, we project predicted 3D lane coordinates P3D

lane 2 RN⇥K⇥3 into the front-view
plane to obtain P2D

lane 2 RN⇥K⇥2. We then sample spatial features F2D
lane at those locations via

grid sample. These sampled features serve as a bridge between BEV and FV spaces, aligned by
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3D geometry. Next, we fuse F2D
lane into lane queries along with their 2D positional embeddings (using

similar sinusoidal encoding strategy as in L2L module), producing enhanced queries:

Q̃lane = MLP1(Qlane) + F2D
lane +PE2D

lane, Q̃te = MLP2(Qte) +PE2D
te . (7)

Here the positional embeddings encode 2D spatial layout in the front-view, ensuring the fused features
remain spatially coherent. We then form the relational embedding GL2T 2 RN⇥M⇥C by broadcast
concatenation of Q̃lane and Q̃te, and feed it into an MLP to predict the L2T topology:

TL2T = MLP(GL2T), TL2T 2 RN⇥M⇥1.

By aligning BEV lane features to FV contexts via projected geometry and position embeddings, we
reduce misalignment between two space representation, enabling more robust lane–traffic associations.
Empirically, this design lowers erroneous associations in setups where naı̈ve fusion would fail,
especially at larger distances or oblique angles (shown in the qualitative comparison in Sec. A.3.4).

3.4 LOSS FUNCTIONS

3.4.1 PERCEPTION LOSS

For lane detection, we employ Focal Loss Lin (2017) for classification and a combination of point-
wise L1 loss and Chamfer distance loss over K sampling points to guide accurate geometric regression.
For traffic element detection, we again use Focal Loss Lin (2017) for classification, along with L1
loss and GIoU loss Rezatofighi et al. (2019) to supervise bounding box regression over (x, y, w, h).

3.4.2 RELATIONAL SUPERVISION

Most existing methods rely solely on Focal Loss to determine connectivity over pairs. However, this
approach primarily emphasizes binary classification without explicitly distinguishing the relative
importance of connected and non-connected pairs. To better capture topological relationships, we
augment this with a contrastive InfoNCE loss Oord et al. (2018) over pairwise relation embeddings.

Concretely, consider the L2T case (the same logic applies to L2L). Let N be the number of lane
queries and M the number of traffic element queries. The relational head produces an embedding
tensor GL2T 2 RN⇥M⇥C and outputs a logit tensor TL2T. We treat pairs labeled as “connected” as
positives, and all others as negatives. To sharpen discrimination, we introduce a hard negative mining

strategy: for each positive pair, we select the top-n hardest negative pairs according to predicted logits,
focusing the contrastive signal where confusion is highest. We then apply a symmetric InfoNCE loss
(in the spirit of CLIP Radford et al. (2021)-style contrastive formulations) over these logits. Let v+

and {v�} denote the positive and selected negative logits, then:

Lcon = � log
exp(v+)

exp(v+) +
P

v� exp(v�)
= log

"
1 +

X

v�

exp(v� � v+)

#
, (8)

To handle multiple positives for a given anchor, we extend Eq. (8), following previous works Wu
et al. (2022); Wang et al. (2023), to:

Lcon = log

"
1 +

X

v+

X

v�

exp(v� � v+)

#
. (9)

4 EXPERIMENTAL RESULTS

4.1 DATASET AND METRICS

Dataset. We evaluate our method on OpenLane-V2 Wang et al. (2024), a large-scale dataset specif-
ically designed for topology reasoning in autonomous driving comprising two subsets: subsetA
(from Argoverse-V2 Wilson et al. (2023)) and subsetB (from nuScenes Caesar et al. (2020)).
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Table 1: Performance comparison with state-of-the-art methods on the OpenLane-V2 subsetA
and subsetB dataset under the latest V2.1.0 evaluation. Results for RoadPainter‡ derive from their
paper which uses old metrics (due to the absence of open-source code or model). TopoMLP† results
were obtained with their provided model, while other results were sourced from the TopoLogic
paper. Metrics are reported for detection accuracy (DETl and DETt) and topology reasoning accuracy
(TOPll and TOPlt), with overall score (OLS) indicating aggregated performance. Higher values
indicate better performance across all metrics. Our method achieves the SOTA performance.

Subset Method Venue Backbone Epoch DETl " DETt " TOPll " TOPlt " OLS "

setA

VectorMapNet ICML2023 ResNet-50 24 11.1 41.7 2.7 9.2 24.9
MapTR ICLR2023 ResNet-50 24 17.7 43.5 5.9 15.1 31.0
TopoNet Arxiv2023 ResNet-50 24 28.6 48.6 10.9 23.8 39.8
TopoMLP† ICLR2024 ResNet-50 24 28.5 50.5 21.7 27.3 44.5
RoadPainter‡ ECCV2024 ResNet-50 24 30.7 47.7 7.9 24.3 38.9
TopoLogic NeurIPS2024 ResNet-50 24 29.9 47.2 23.9 25.4 44.1

Ours - ResNet-50 24 33.8 50.9 29.2 32.2 48.9

Improvement - - - 3.1 " 0.4 " 5.3 " 4.9 " 4.4 "

setB

TopoNet Arxiv2023 ResNet-50 24 24.3 55.0 6.7 16.7 36.8
TopoMLP† ICLR2024 ResNet-50 24 26.0 58.2 21.0 19.8 43.6
RoadPainter‡ ECCV2024 ResNet-50 24 28.7 54.8 8.5 17.2 38.5
TopoLogic NeurIPS2024 ResNet-50 24 25.9 54.7 21.6 17.9 42.3

Ours - ResNet-50 24 32.6 58.8 31.8 25.8 49.7

Improvement - - - 3.9 " 0.6 " 10.2 " 6.0 " 6.1 "

Evaluation Metrics. Following the official evaluation of OpenLane-V2 Wang et al. (2024), we
utilize DETl and DETt to measure detection accuracy for lanes and traffic elements, respectively. For
topology reasoning, we employ TOPll and TOPlt to assess L2L and L2T relationship prediction. The
overall performance is quantified using the OpenLane-V2 Score (OLS):

OLS =
1

4
[DETl + DETt + f(TOPll) + f(TOPlt)] , (10)

where f denotes the square root function. Our evaluations follow the latest version (V2.1.0) of the
metrics, as updated in the official OpenLane-V2 GitHub repository2.

4.2 IMPLEMENTATION DETAILS

Model Details. We use a ResNet-50 backbone to extract features, coupled with a pyramid network,
FPN, for multi-scale feature learning. Following prior work Fu et al. (2024); Li et al. (2023a), a
BEVFormer encoder Li et al. (2022c) with 3 layers is employed to generate a BEV feature map
of size 100⇥ 200. We employ six decoder layers, using 300 queries for the lane decoder and 100
queries for the traffic element decoder following Wu et al. (2023).

Training Details. We utilize the AdamW optimizer Loshchilov & Hutter (2017) for model training,
with a weight decay of 0.01 and an initial learning rate of 2.0 ⇥ 10�4, which decays following a
cosine annealing schedule. Training is conducted for 24 epochs using a total batch size of 8 on 8
NVIDIA 4090 GPUs. Input images are resized to 1024⇥800, following Wu et al. (2023). Due to
space limitations, the training loss is provided in the Appendix Sec. A.2.1.

4.3 MAIN RESULTS

We compare our model against SOTA methods on OpenLane-V2, with results shown in Tab. 1. On
subsetA, RelTopo achieves an OSL of 48.9, surpassing all previous methods by a significant margin
(+4.4). The gains are consistent gains across metrics, with particularly strong improvements in lane
detection (+3.1 DETl) and topology (+5.3 TOPll, +4.9 TOPlt). On subsetB, RelTopo further
improves to 49.7 OLS (+6.1), driven by large improvements in topology reasoning (+10.2 TOPll

and +6.0 TOPlt), while maintaining consistent improvements in detection metrics. These results
confirm that our relational modeling at perception, reasoning, and supervision levels systematically

2
https://github.com/OpenDriveLab/OpenLane-V2/issues/76
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strengthens both perception and topology reasoning. Although our model adopts the same traffic
decoder as prior work Wu et al. (2023), it still achieves +0.4/+0.6 gains in DETt on setA/setB,
suggesting that relational cues learned for L2T reasoning also benefit traffic element perception.

Overall, these results highlight the superiority of RelTopo , which sets a new state-of-the-art on
both OpenLane-V2 SubsetA and SubsetB. To further illustrate its effectiveness, we present
qualitative results in Fig. 4, where our model produces more accurate lane predictions and better-
aligned connection points in complex driving scenes. More detailed visualizations are provided in
Appendix Sec. A.3.4, together with a discussion of limitations and future directions in Sec. A.3.3.

4.4 ABLATION STUDIES

To thoroughly evaluate our design, we conduct ablation studies on OpenLane-V2 subsetA. Addi-
tional analyses are included in the Appendix, covering: 1) a comparison of our SA and L2L relational
modeling against Topologic Fu et al. (2024) (Sec. A.3.1); 2) alternative Bézier representations
(Sec. A.3.2); 3) analysis of DETt variation (Sec. A.3.5); and 4) evaluation of scalability and en-
coder generalizability (Sec. A.3.6). Our baseline model (#1) adopts a deformable-DETR decoder
following Wu et al. (2023) with lightweight MLP-based topology heads, results are shown in Tab. 2.

Table 2: Ablation study on our key components. Columns correspond to Relational Perception
(geometry-guided SA and curve-guided CA), Relational Reasoning, and Relational Supervision.
Colored rows mark the milestones upon equipping the respective modules.

Rel. Perception Rel. Reasoning Rel. Sup. Metrics

#L SA CA L2L L2T NCE DETl DETt TOPll TOPlt OLS

#1 27.7 50.1 21.8 28.4 44.5
#2 X 28.1 48.8 24.7 28.3 44.9
#3 X X 32.7 50.1 26.8 29.9 47.3
#4 X X X 33.7 48.0 28.5 29.7 47.4
#5 X X X 33.5 48.4 26.4 31.4 47.4
#6 X X X X 33.9 50.3 28.6 30.6 48.2
#7 X X X X X 33.8 50.9 29.2 32.2 48.9

Effect of Relational Perception. Our relation-aware lane decoder includes Geometry-Biased Self-
Attention (SA) and Curve-Guided Cross-Attention (CA). Replacing standard self-attention with SA
(#2) improves TOPll by +2.9, showing the benefit of encoding inter-lane geometry. Besides, we com-
pare our geometry encoding with the distance topology method from Topologic in Appendix Tab. 4,
further validating the advantages of our method. Introducing CA (#3) further boosts DETl by +4.6,
as curve-guided sampling better aggregates long-range features. Together, SA and CA (#3) deliver
substantial gains over baseline (#1): +5.0 DETl, +5.0 TOPll, +1.5 TOPlt, and +2.8 OLS. These
results confirm the combined benefits within our relational perception.

Effect of Relational Reasoning. We next evaluate our relational topology heads. Adding our
geometry-enhanced L2L head (#3!#4) improves TOPll by +1.7 and also raises DETt by +1.0,
validating its effectiveness in capturing L2L relationships and showing that stronger lane connectivity
reasoning indirectly benefits perception. Replacing the baseline L2T head with our cross-view design
(#3!#5) improves TOPlt by +1.5, demonstrating better lane–traffic alignment. Integrating both heads
(#6) yields complementary gains (+1.8 TOPll, +0.7 TOPlt, +0.9 OLS), confirming that relational
reasoning at both L2L and L2T levels jointly strengthens performance.

Effect of Relational Supervision: Finally, we incorporate our contrastive loss for additional supervi-
sion in topology learning. Compared to #6, adding our contrastive regularization (#7) provides further
gains (+0.6 TOPll, +1.6 TOPlt), validating that relational supervision helps structure the embedding
space for more discriminative topology learning.

Efficiency and Performance. To quantify the overhead of our relational modules, we report model
size and inference latency for all ablation variants in Tab. 2 on a single RTX 4090 GPU, as shown
in Tab. 3. Equipping our relational perception and relational reasoning increases latency only slightly,

9
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Table 3: Ablation study on efficiency and performance trade-offs. Columns correspond to
Relational Perception (SA and CA), Relational Reasoning (L2L and L2T), and Relational Supervision.
We report Model Size (MB), Latency (ms), percentage increase in Cost (� Cost), and OLS.

Rel. Perception Rel. Reasoning Rel. Sup. Efficiency & Performance Metrics

#L SA CA L2L L2T NCE Size (MB) Lat. (ms) � Cost OLS � OLS

#1 218.7 159.7 – 44.5 –
#2 X 218.7 160.6 +0.6% 44.9 +0.4
#3 X X 223.2 161.4 +1.1% 47.3 +2.8
#4 X X X 224.2 161.8 +1.3% 47.4 +2.9
#5 X X X 224.2 161.7 +1.3% 47.4 +2.9
#6 X X X X 224.8 162.2 +1.6% 48.2 +3.7
#7 X X X X X 224.8 162.2 +1.6% 48.9 +4.4

from 159.7 ms to 162.2 ms (about ⇡1.6% over the baseline), while yielding a substantial OLS gain
of +4.4 points (#1 ! #7). Note that our relational supervision is used only during training (i.e.,
#6 ! #7 introduces no extra inference overhead). Thanks to the lightweight and effective design of
our multi-level relational modeling, these gains come at negligible computational cost.

GT TopoMLP Ours GT TopoMLP Ours

Figure 4: Comparative visual results on OpenLane-V2 subsetA. The top row shows multi-view
input images, the bottom row shows lane predictions. We show comparison between ground truth,
TopoMLP Wu et al. (2023) and ours. The blue box highlights misaligned connection point predictions
from TopoMLP, and the green box shows the corresponding aligned predictions from our RelTopo .
For clarity, zoomed-in views of selected regions are displayed at the top-right or bottom-right corners.

5 CONCLUSION

In this work, we present RelTopo , multi-level relational modeling method for driving scene topology
reasoning. By systematically embedding relational cues at three levels: relational perception,
relational reasoning and relational supervision, our design enables perception and reasoning to be
optimized jointly and coherently. Extensive experiments on OpenLane-V2 demonstrate that this
unified perspective yields consistent gains across detection and topology metrics, setting a new SOTA.
We believe RelTopo highlights the importance of explicitly modeling structural relations in driving
scenes, and can serve as a strong foundation for future research in this area.

10
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