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Abstract

Extracting lane topology from perspective views (PV) is cru-
cial for planning and control in autonomous driving. This ap-
proach extracts potential drivable trajectories for self-driving
vehicles without relying on high-definition (HD) maps. How-
ever, the unordered nature and weak long-range perception of
the DETR-like framework can result in misaligned segment
endpoints and limited topological prediction capabilities. In-
spired by the learning of contextual relationships in language
models, the connectivity relations in roads can be character-
ized as explicit topology sequences. In this paper, we intro-
duce Topo2Seq, a novel approach for enhancing topology rea-
soning via topology sequences learning. The core concept of
Topo2Seq is a randomized order prompt-to-sequence learn-
ing between lane segment decoder and topology sequence
decoder. The dual-decoder branches simultaneously learn the
lane topology sequences extracted from the Directed Acyclic
Graph (DAG) and the lane graph containing geometric infor-
mation. Randomized order prompt-to-sequence learning ex-
tracts unordered key points from the lane graph predicted by
the lane segment decoder, which are then fed into the prompt
design of the topology sequence decoder to reconstruct an or-
dered and complete lane graph. In this way, the lane segment
decoder learns powerful long-range perception and accurate
topological reasoning from the topology sequence decoder.
Notably, topology sequence decoder is only introduced dur-
ing training and does not affect the inference efficiency. Ex-
perimental evaluations on the OpenLane-V?2 dataset demon-
strate the state-of-the-art performance of Topo2Seq in topol-
ogy reasoning.

Introduction

In recent years, lane topology reasoning in autonomous driv-
ing has gained increasing attention (Li et al. 2023b, 2024;
Ma et al. 2024). This is because autonomous driving has
traditionally relied on offline HD maps to provide path in-
formation. However, road conditions can be uncertain and
challenging, and outdated offline HD maps can be disastrous
for autonomous vehicles (Liao et al. 2023a). Solely relying
on these maps is insufficient to meet the higher demands of
advanced autonomous driving, such as L4 and L5 levels.

To address these issues, autonomous vehicles need to per-
form lane topology reasoning, which involves perceiving
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Figure 1: Comparison between previous methods (a)
and Topo2Seq (b). Due to the limited sampling positions for
each query in deformable-DETR and the unordered detec-
tion characteristics, existing methods exhibit several weak-
nesses. (b) Topo2Seq employs a prompt-to-sequence learn-
ing strategy, which enhances lane segment perception and
topology reasoning through topology sequence learning.

the surrounding road flow in real-time from panoramic im-
ages and extracting both the geometric positions of the cen-
terlines and their topological relationships. Therefore, lane
topology reasoning is crucial for trajectory prediction and
planning in end-to-end autonomous driving (Can et al. 2021;
Wu et al. 2023; Li et al. 2023a).

Early works focused on the characterization of map el-
ements. The semantic map learning approaches assign la-
bels to each pixel to mark map elements (Li et al. 2022a;
Liu et al. 2023a,b). However, inconsistent semantic predic-
tions and insufficient instance perception can cause confu-
sion in the planning of autonomous driving systems. More-



over, pixel-by-pixel post-processing often fails in topology
extraction and causes time-consuming problems (Liao et al.
2023a). As an upgraded alternative, vectorized map learn-
ing approaches employ learnable queries to extract map ele-
ments by vectorized lines and polygons in DETR-like frame-
work. These methods offer high detection accuracy and fast
inference speeds (Liu et al. 2023b; Liao et al. 2022). Nev-
ertheless, they lack comprehensive trajectory detection in
map learning, such as lane direction and connectivity. To ad-
dress these issues, recent studies on lane topology reasoning
have transformed the centerline topology into lane graphs
(Li et al. 2023b,a). These end-to-end networks are designed
to predict both the line segments, characterized by ordered
points, and the topological relationships, represented by an
adjacency matrix. However, these methods do not explic-
itly model the relationships between lanes, instead relying
on MLPs to determine the connection probabilities between
queries. Due to weak long-range perception and unordered
detection characteristics in DETR-like framework (Carion
et al. 2020), simple MLPs struggles to effectively learn the
connectivity between lanes. As a result, existing methods
meet several weaknesses as illustrated from Fig.1 (a). In lan-
guage models, sequence learning can capture contextual re-
lationships in long texts while maintaining the correct order
(Vaswani 2017; Devlin et al. 2018). Inspired by language
models, representing lane graph as sequences can explic-
itly capture the geometric positions and topological relation-
ships of lane. However, in sequence-to-sequence approaches
(Peng et al. 2024; Lu et al. 2023), the auto-regressive model
depends on prior predictions to generate subsequent outputs,
resulting in considerable inefficiencies (approximately 0.1
FPS) (Lu et al. 2023) due to the need for repeated inference.

In this paper, we introduce Topo2Seq, a novel approach
that enhances topology reasoning via topology sequence
learning. Topo2Seq utilizes a dual-decoder architecture,
comprising a lane segment decoder and a topology se-
quence decoder. The topology sequence decoder predicts
lane topology sequences extracted from a Directed Acyclic
Graph (DAG), while the lane segment decoder extracts lane
graphs containing geometric information. Randomized or-
der prompt-to-sequence learning is then employed to extract
unordered key points from the lane graph predicted by the
lane segment decoder. These key points are input into the
prompt design of the topology sequence decoder, enabling
the reconstruction of an ordered and complete lane graph.
In this way, the lane segment decoder gains powerful long-
range perception and accurate topological reasoning from
the topology sequence decoder through a shared encoder as
illustrated from Fig.1 (b). Notably, the topology sequence
decoder is only introduced during training and does not im-
pact inference efficiency.

The contributions of this paper can be summarized as fol-
lows:

* We present Topo2Seq, a novel framework with dual-
decoder training for enhancing topology reasoning by
leveraging topology sequence learning.

* We explicitly model lane graph as sequences to capture
long-range geometric positions and topological relation-
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ships of lanes.

* We introduce a randomized order prompt-to-sequence
learning mechanism, which enables the lane segment de-
coder to gain robust long-range perception and accurate
topology reasoning capabilities from the topology se-
quence decoder.

» Extensive experiments conducted on the multi-view
topology reasoning benchmark OpenLane-V2 (Wang
et al. 2024) demonstrate the state-of-the-art performance
of Topo2Seq in topology reasoning.

Related Work

Online Map Learning Recent advancements in online map
learning focus on detecting map elements using onboard
sensors to construct local high-definition (HD) maps. Tra-
ditionally, this task has been approached as a pixel-level se-
mantic segmentation problem (Liu et al. 2023a,c). To miti-
gate the time-consuming post-processing and shape ambigu-
ity issues (Li et al. 2022a), recent approaches have shifted to-
wards learning vectorized representations of map elements.
For instance, VectorMapNet (Liu et al. 2023b) introduces
a vectorized HD map learning framework that predicts a
sparse set of polylines from a bird’s-eye view. The MapTR
series (Liao et al. 2022, 2023b) leverage hierarchical query
embedding to more effectively learn geometrical shapes at
both point and shape levels. To further enhance positional
embedding in queries, MapQR (Liu et al. 2024) introduces
a scatter-and-gather query mechanism that encodes shared
content across different positions. However, current online
map learning methods still fall short in providing detailed
lane information, such as lane direction and topological
structure. While these methods are effective at detecting map
elements, they are not equipped to deliver the detailed trajec-
tories needed for planning in end-to-end autonomous driv-
ing.

Topology Reasoning Topology Reasoning primarily fo-
cuses on centerline perception and connectivity relations.
STSU (Can et al. 2021) is the first end-to-end framework to
detect centerlines and objects using learnable queries from
a BEV perspective. The centerline queries are processed by
detection, control, and association heads to generate a lane
graph, which is widely followed in most subsequent works.
TopoNet (Li et al. 2023a) represents lane connectivity as a
lane graph and designs a scene graph neural network to re-
fine the position and shape of lanes. LaneSegNet (Li et al.
2023b) introduces lane attention and identical initialization
to enhance long-range perception. RoadPainter (Ma et al.
2024) generates centerline masks to better refine points with
large curvature. To fully leverage higher recall 2D results,
Topo2D (Li et al. 2024) updates 3D lane queries using 2D
lane priors. TopoMLP (Wu et al. 2023) enhances topology
results by incorporating lane point coordinates as positional
embeddings. Most of these methods are built on a DETR-
like framework (Zhu et al. 2020). However, the unordered
nature and weak long-range perception of the DETR-like
framework limit topology reasoning. In this paper, we ad-
dress these challenges by introducing sequence-to-sequence
learning.
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Figure 2: The framework of Topo2Seq. Topo2Seq is composed of three main components. First, the surrounding multi-view
images are processed by the image backbone, FPN, and BEVFormer to generate bird’s-eye view (BEV) features. The lane
segment decoder then predicts the lane graph. The key points from this predicted lane graph are fed into the topology sequence
decoder to construct key point prompts, which are subsequently concatenated with edge sequences. The topology sequence
decoder infers the relationships between discrete key points and reconstructs them into a coherent lane graph. By doing so,
the topology sequence decoder enhances the BEV features with improved long-range dependencies and contextual integration,
thereby aiding the lane segment decoder in topology reasoning.

Visual Sequence-to-Sequence Learning Visual
sequence-to-sequence learning relies on pixel-based
observations, transforming downstream task objectives into
a language-like format, i.e., sequences. Pix2Seq (Chen
et al. 2021) quantizes and serializes detected objects into
sequences of discrete tokens, and by dequantizing the output
sequences from the auto-regressive transformer, the detected
bounding boxes are obtained. Pix2Seqv2 (Chen et al. 2022)
introduces task-specific prompts at the beginning of se-
quences, enabling training for multiple vision tasks, such as
detection, segmentation, keypoint detection, and captioning.
However, the aforementioned tasks do not emphasize the
order and relationships between instances, which are crucial
for topology reasoning. To enable lane graph extraction in
a sequence-to-sequence manner, RoadNet (Lu et al. 2023)
integrates landmarks, curves, and topology into a unified
sequence representation. LaneGraph2Seq (Peng et al.
2024) transforms lane graphs into a combination of vertex
and edge sequences. Nevertheless, sequence-to-sequence
learning, which relies on auto-regressive transformers, tends
to be slow in inference. To fully leverage the strengths of
sequence-to-sequence learning for long-range modeling and
relationship extraction, we incorporate it into the training
phase to enhance feature extraction, rather than using it
directly for lane graph inference.
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Method
Problem Formulation

Given multi-view images Z captured by a vehicle’s
surround-view cameras, the goal of Topo2Seq is to per-
ceive centerlines and their topology. Centerlines are repre-
sented as a list of ordered 3D points L = [k%,--- ,k"!],
where n is set to 10 and each 3D point is denoted as k; =
(x,y,2) € R3. The topology is described by an adjacency
matrix A € R™>"™, where m is the number of detected cen-
terlines. In this matrix, A;; = 1 means the endpoint of lane
L; coincides with the starting point of lane L;. However, it
is generally challenging to achieve precise alignment of the
starting and end points of connected lane predicted by the
network.

Overview

As depicted in Fig. 2, Topo2Seq takes multi-view images
as input. The image backbone (He et al. 2016), FPN (Lin
et al. 2017a), and BEVFormer (Li et al. 2022b) are uti-
lized to encode these multi-view images into a BEV feature
F € REXWXC The lane segment decoder updates learn-
able query @' through self-attention and cross-attention with
the BEV feature . The updated queries are passed to pre-
diction heads for lane segmentation. The key points from the



starting and end points of predicted lane graph are extracted
as key point prompts 4. Ground Truth (GT) lane graph is
translated into edge sequences y”. Edge sequences are con-
catenated with key point prompts ¥ and are fed into topol-
ogy sequence decoder, where they interact with BEV fea-
tures F. The prediction sequences are supervised by the tar-
get edge sequences and can be dequantized into a lane graph.
During testing, the topology sequence decoder does not per-
form inference. Instead, the lane segment decoder predicts
the centerlines and the adjacency matrix.

Lane segment decoder We denote a set of instance-
level queries as {Qé }j-V:Ll, where Ny, is the preset number
of queries, which is usually greater than the number of cen-
terlines in the lane graph. The queries are feed into lane seg-
ment decoder to obtain the updated queries:

Ql = LaneDec(F, Ql) )

where LaneDec denotes Lane segment decoder. Within each
lane segment decoder layer, the lane queries are sequentially
updated through a self-attention module, a lane attention
module (Li et al. 2023b), and a feed-forward network.

Heads We emplopy MLPs to generate 3D coordinates
of lane L and topology A. The topology between lanes are
predicted by:

s Qo = MLP(Q'), MLP(Q") )

A= Sigmod(MLP(Concat(Qlembl,Qéme))) 3)

where the MLPs are independent of each other. To provide a
more detailed representation of the lane graph, we can pre-
dict not only the topology but also the offsets of the left
and right lane boundaries, the types of these boundaries, and
pedestrian crosswalks.

Topology sequence decoder We follow (Chen et al.
2021) to build topology sequence decoder. Each decoder
layer includes a self-attention module, a cross attention mod-
ule, and a feed-forward network. Auto-regressive property
is maintained by causal mask in self-attention module. The
whole structure brings several advantages in extracting and
refining the BEV features: (1) Enhanced feature refine-
ment: The model can selectively focus on relevant areas of
the BEV features based on sequence. This targeted attention
helps refine BEV features by emphasizing regions critical
for accurately reconstructing the lane graph or understand-
ing the scene. (2) Improved long-range dependencies:The
topology sequence decoder enhances the capture of long-
range dependencies between distant key points. This injects
the contextual information between key points into the lane
segment decoder, enabling it to predict more aligned lane
segment endpoints. (3) Contextual integration: By focus-
ing on specific key point prompts, the model can reduce the
impact of irrelevant or redundant information in the BEV
features. This results in more efficient feature extraction and
potentially reduces noise in the final predictions. The output
from training the topology sequence decoder can be repre-
sented as:

K l?))

§¥ = TopoSeqDec(F, Concat(y”,y

“

9321

Pad

%Pad%

Target
Sequence

Input
Sequence

B8 -0

E g i i [cls [eonl bx | by

Figure 3: The illustration of input and target sequences.

where TopoSeqDec represents the topology sequence de-
coder, and ¥ denotes the predicted edge sequence.

Structure of the sequences Following RoadNet (Lu
et al. 2023), we transform the Directed Acyclic Graph
(DAG) into edge sequences. Each key point in a lane serves
as either a starting point or an endpoint, and each edge can
be represented by six integers:

E

Yy @)

where the first two integers int(x;),int(y;) represent the
discretized coordinates of the key point. cls indicates the
category of key point, which can be Ancestor, Lineal, Off-
shoot, or Clone. The con denotes the connection of the key
point. If cls is either Ancestor or Lineal, then con is set
to 0. Otherwise, con is set to the index of the parent key
point. Since a cubic Bezier curve can effectively represent
the trajectory of a lane between two key points, the last two
integers int(bx;), int(by;) indicate the intermediate control
points of the Bezier curve. To determine a unique order of
key points, we select the location at the right front in the
BEV perspective as the starting point and use Depth-First
Search to perform the sorting.

During training, we construct two types of sequences as
illustrated in Fig. 3: the input sequence and the target se-
quence used for supervision. The input sequence starts with
the < Start > token, followed by the key point prompts,
then the GT edges y*, and the remaining length is filled with
noise edges 4™ (Chen et al. 2021). Key point prompts y
include key points for all predicted edges as well as noise
edges. Notably, the key points for all predicted edges are
unordered and do not correspond to the order of the coordi-
nates in the edge sequence. Finally, the key point prompts
conclude with the < EFOK > token. In the target sequence,
the positions of key point prompts are filled with < pad >
tokens, followed by the ground truth edges and noise edges,
and ending with < EOS >. To help the topology sequence
decoder identify which edges are noise edges, the supervised
noise edges are marked with the noise class < ncls > at
their category positions, while other positions are filled with
< pad > tokens. The < pad > tokens are excluded from
loss calculation.

Randomized order prompt-to-sequence learning
The lanes predicted by the lane segment decoder often have
misaligned endpoints. Representing two lanes requires four

= [int(x;), int(y;), cls, con, int(bx;), int(by;)]



Method | Backbone Epochs | mAPT AP, T APp.qT TOP;gs T
TopoNet (Li et al. 2023a) ResNet-50 24 23.0 23.9 22.0 -
MapTR (Liao et al. 2022) ResNet-50 24 27.0 25.9 28.1 -
MapTRv2 (Liao et al. 2023b) | ResNet-50 24 28.5 26.6 30.4 -
LaneSegNet (Li et al. 2023b) | ResNet-50 24 334 31.9 34.9 254
LaneSegNet (Li et al. 2023b) | ResNet-50 48 36.4 349 37.9 27.3
Topo2Seq (ours) ResNet-50 24 33.6 33.7 33.5 26.9
Topo2Seq (ours) ResNet-50 48 37.7 36.9 38.5 29.9

Table 1: Comparison with the state-of-the-arts on OpenLane-V2 benchmark on lane segment. mAP (%), AP;s (%), APpeq %),

and TOP; ;s (%) are reported.

endpoints, which may exhibit geometric inconsistencies
between the endpoints of different lanes. In contrast, the
edge sequence uses only three points to represent two
adjacent lane lines with perfectly aligned endpoints, im-
proving trajectory comprehension for autonomous driving.
To leverage the long-range understanding and sequential
relationship capabilities of sequence-to-sequence learning,
we facilitate interaction between the lane segment decoder
and the sequence topology decoder at the key point prompts.

Based on the predictions from the lane segment decoder,
we rank the predicted lanes by confidence from highest to
lowest and filter out any duplicate key points in each pre-
dicted lane using predicted adjacency matrix:

n—1

% Ay =1
K J v]
Yy {k?, k;v,—l Aij —0 (6)

where the coordinates of key points are discretized. The ob-
ject of randomized order prompt-to-sequence learning can
be expressed as:

L
maz Y wilogP(§f|, Concat(y™,yE), F) (1)
1=1

where w; denotes the class weight, y£, indicates all tokens
before yZ, and §¥ is predicted target sequence. The input
key point prompts are unordered relative to the edge se-
quence, enabling the sequence topology decoder to guide
the network in inferring relationships between discrete key
points. In this way, the network infers the correct associ-
ations among unordered key point prompts, compelling it
to focus on long-range relationships. Additionally, this pro-
cess encourages the network to refine the positions of high-
confidence key points, reducing duplicate predictions and
aligning endpoints in BEV domain. By enhancing inter-
action between two decoders, this approach indirectly ad-
dresses the limitations in capturing long-range relationships
via sequence-to-sequence learning.

Loss function The overall loss function in Topo2Seq is
defined as follows:

L= a1£1 + a2£cls + a3£seg + a4£lt + a5£top + aﬁﬁseq

Where £; represents a L1 loss. L5 denotes a focal loss (Lin
et al. 2017b) for lane classification. L., includes a cross-
entropy loss and a dice loss. £;; represents a cross-entropy
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loss for classifying the left and right lane types (e.g., non-
visible, solid, dashed). L;,, is a focal loss used to super-
vise the relationship information between the predicted ad-
jacency matrix A and the GT adjacency matrix A. L., in-
dicates a maximum likelihood loss that supervises the topol-
ogy sequence decoder in predicting tokens. The weights for
each loss are denoted by a1, ag, a3, g, a5, and a.

Experiments
Dataset

We evaluate our Topo2Seq model on the OpenLane-V2
dataset (Wang et al. 2024), a recently released open-source
dataset specifically designed to focus on topology reasoning
in autonomous driving. OpenLane-V2 is derived from Ar-
goverse2 (Wilson et al. 2023) and nuScenes (Caesar et al.
2020) datasets. The data spans various global locations and
includes challenging scenarios such as daytime and night-
time, sunny and rainy conditions, as well as urban and sub-
urban environments. In this paper, we primarily evaluate
Topo2Seq on the subset, which consists of 7 surrounding
images per frame. The training set includes approximately
27,000 frames, and the validation set contains around 4,800
frames.

Implementation Details

We employ ResNet-50 pre-trained on ImageNet (Deng et al.
2009) as our image backbone. FPN (Lin et al. 2017a) is
used to obtain multi-scale features. The BEVFormer (Li
et al. 2022b) encodes the multi-scale features of the sur-
round view image into BEV features. Consistent with re-
cent works, the BEV perception range is set to cover
the x-axis from [—50.0m,+50.0m| and the y-axis from
[—25.0m, +25.0m]. The BEV grid is configured to be 200 x
100. The configuration of the Lane Segment Decoder fol-
lows that of LaneSegNet. It consists of 6 layers with the
number of queries set to 200. The model achieves a frame
rate of 14.7 FPS. Both the input and target sequences con-
sist of 802 tokens, comprising a 201-token key point prompt
and a 601-token edge sequence. Due to resource limitations,
we train our network on 4 NVIDIA A100 GPUs with a to-
tal batch size of 4. We ensure that each sample underwent
the same number of iterations with recent works. The initial
learning rate is 2 x 10~* with a cosine annealing schedule
during training. AdamW (Kingma and Ba 2015) is adopted
as optimizer. The values of o, ais, a3, a4, as, and ag are



Method | Backbone Epochs | OLS™ t DET; T TOP;
VectorMapNet (Liu et al. 2023b) | ResNet-50 24 13.8 11.1 2.7
STSU (Can et al. 2021) ResNet-50 24 14.9 12.7 2.9
MapTR (Liao et al. 2022) ResNet-50 24 21.0 17.7 5.9
TopoNet (Li et al. 2023a) ResNet-50 24 30.8 28.6 10.9
Topo2D (Li et al. 2024) ResNet-50 24 38.2 29.1 26.2
TopoMLP (Wu et al. 2023) ResNet-50 24 374 28.3 21.7
TopoMLP* (Wu et al. 2023) Swin-B 48 33.5 32.5 11.9
RoadPainter* (Ma et al. 2024) ResNet-50 24 294 30.7 7.9
LaneSegNet (Li et al. 2023b) ResNet-50 24 40.7 31.1 25.3
LaneSegNet (Li et al. 2023b) ResNet-50 48 433 343 27.3
Topo2Seq (ours) ResNet-50 24 42.7 33.5 27.0
Topo2Seq (ours) ResNet-50 48 45.8 36.7 30.0

Table 2: Comparison with the state-of-the-arts on OpenLane-V2 benchmark on centerline perception. OLS* (%), DET; (%),
TOP; (%), and TOP, 45 (%) are reported. The OLS™ is calculated between DET,; and TOP;;. The centerlines from LaneSegNet
and Topo2Seq are extracted from the lane segment results. * denotes metrics from the TOP;; v 1.0.0 version extracted from the

referenced paper.

Index | OP RP RPL | mAPT AP, 1 AP,.;1 TOP., T
1 v 325 31.5 33.5 25.1
2 v 34.9 33.4 36.3 27.8
3 v | 338 323 35.4 26.5
4 v v | 317 36.9 38.5 29.9

Table 3: Ablation study on the OpenLane-V2 benchmark: OP, RP, and RPL refer to the ordered GT key points prompts,
randomized order GT key points prompts, and randomized order prompt-to-sequence learning, respectively.

set to 0.025, 1.5, 3.0, 0.1, 5.0, and 1.0, respectively. We eval-
uate three training strategies: (1) Training the network for
24 epochs to achieve stable output using randomly ordered
GT key points as key point prompts, followed by 24 epochs
focusing on the interaction between the two decoders. (2)
Conducting 24 epochs of training solely on the interaction
between the two decoders. (3) Training for 12 epochs to
achieve stable output using randomly ordered GT key points
as key point prompts, followed by 12 epochs of decoder in-
teraction.

Metrics

We evaluate Topo2Seq on two types of tasks: lane segment
perception and centerline perception. For lane segment per-
ception, we use mAP, AP;,, AP,.4, and TOP;,. For center-
line perception, we use DET;, TOP;;, and a redefined OLS
between DET; and TOP;;. It is noted that in the OpenLane-
V2 benchmark, centerline and lane segment labels are mis-
aligned, and lane segment labels are more challenging to de-
tect due to their higher number of lane pieces.

Main Results

We first compare our Topo2Seq with state-of-the-art meth-
ods on OpenLane-V2 benchmark on lane segment. The re-
sults on the OpenLane-V2 subset4 are shown in Tab. 1. The
results of the state-of-the-art methods are obtained primarily
from their respective papers. When trained for 24 epochs (12
epochs for achieving stable output followed by 12 epochs
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of decoder interaction), Topo2Seq outperforms LaneSegNet
by 1.8% in AP;, and 1.5% in TOP,,,. With a two-stage
training process over a total of 48 epochs using ResNet-50,
Topo2Seq achieves a 37.7% mAP and 29.9% TOPg;s. Un-
der the same configuration, Topo2Seq surpasses LaneSeg-
Net by 2.0% in AP, and 2.6% in TOP .

The results of centerline perception on the OpenLane-V?2
subset 4 are displayed in Tab. 2. With the same 24 epochs
of training, Topo2Seq outperforms LaneSegNet by 2.0%
in OLS*, 2.4% in DET;, and 1.7% in TOP;;. Compared
with TopoMLP and LaneSegNet with the same 48 training
epochs, Topo2Seq exceeds TopoMLP by 4.2% improvement
in DET; and performs better than Lanesegnet by 2.5% in
OLS*, 2.4% in DET;, and 2.7% in TOP;;. These results in-
dicate that introducing an additional sequence decoder inter-
action during training allows the network to achieve consid-
erable improvements in topology reasoning.

Ablation Studies

We have studied each important design in Topo2Seq. The
ablation studies are shown in Tab. 3. When introducing or-
dered GT key point prompts into sequence learning, the net-
work is only capable of learning the trajectories between
key points, without being forced to infer the relationships
between them. This explains why the results in index 2 out-
perform those in index 1, with a 2.7% increase in TOP, 5.
Comparing the results from index 2 and index 3, it can
be seen that due to the inaccuracies and instability in the
outputs of the lane segment decoder, interacting with the
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Figure 4: Qualitative results. Compared to LaneSegNet, Topo2Seq, with the assistance of sequence learning, produces higher-

quality lane graphs.

topology sequence decoder too early results in worse per-
formance than using randomly ordered GT key points as key
point prompts. However, compared to the results in index 1,
this approach still leads to a slight improvement in topology
reasoning. From the results in index 2 and index 4, it can be
seen that when the predicted key points from the lane seg-
ment decoder are introduced into the key point prompts for
an additional 24 epochs of interaction training between the
two decoders, the mAP improves by 2.8%, and the TOP in-
creases by 2.1%. This result indicates that sequence learning
can further enhance the extraction of BEV features in the re-
gions of interest for the lane segment decoder, specifically
strengthening long-range perception and topology reason-
ing.

Qualitative Results

As shown in Fig. 4, we visualize the lane graphs generated
by LaneSegNet and Topo2Seq. In comparison, Topo2Seq
generates higher-quality lane graphs with aligned endpoints,
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more reliable long-range perception, and accurate topologi-
cal relationships. This is attributed to the advantages inher-
ited from the interaction with the sequence topology.

Conclusions

We present Topo2Seq, a topology reasoning method en-
hanced by topology sequence learning. Drawing inspira-
tion from language models, we address the limitations in
long-range perception and relationship modeling inherent
in DETR-based topology reasoning frameworks through
sequence-to-sequence learning. By incorporating random-
ized order prompt-to-sequence learning, we enhance the in-
teraction between the topology sequence decoder and the
lane segment decoder. This approach enables Topo2Seq to
generate lane graphs with more accurately aligned end-
points and precise topology. Experimental results on the
OpenLane-V2 dataset show that Topo2Seq achieves state-
of-the-art performance in topology reasoning.
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