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Abstract

Accurate lane topology is essential for autonomous driv-
ing, yet traditional methods struggle to model the com-
plex, non-linear structures—such as loops and bidirectional
lanes—prevalent in real-world road structure. We present
SeqGrowGraph, a novel framework that learns lane topol-
ogy as a chain of graph expansions, inspired by human map-
drawing processes. Representing the lane graph as a directed
graph G = (V,E), with intersections (V ) and centerlines
(E), SeqGrowGraph incrementally constructs this graph by
introducing one vertex at a time. At each step, an adjacency
matrix (A) expands from n ⇥ n to (n + 1) ⇥ (n + 1) to
encode connectivity, while a geometric matrix (M ) captures
centerline shapes as quadratic Bézier curves. The graph is
serialized into sequences, enabling a transformer model to
autoregressively predict the chain of expansions, guided by a
depth-first search ordering. Evaluated on nuScenes and Ar-
goverse 2 datasets, SeqGrowGraph achieves state-of-the-art
performance.

1. Introduction
The rise of autonomous driving has heightened the need for
precise road structure modeling to ensure safe and efficient
navigation [8, 23, 32]. Road structures encompass explicit
features such as centerlines, road edges, and traffic signs, as
well as implicit topological relationships, notably the con-
nectivity between centerlines. Constructing lane graphs is
crucial for representing these complex structures, facilitat-
ing vehicle decision-making and path planning in dynamic
environments.

Traditional lane graph generation methods fall into
detection-based and generation-based approaches, each with
notable limitations. Detection-based methods can be cate-
gorized into three types: 1) Pixel-level approaches, such as
HDMapNet [9], segment lane structures in bird’s-eye view
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Figure 1. Describing the lane graph step by step. Starting from
an initial point, it is necessary to determine the location of the next
point and establish whether there is a “from” or “to” relationship
with the existing points. By repetitively carrying out this process,
a complete description of the lane graph can be obtained. The
abbreviation “pos” in the diagram stands for “position”.

(BEV) space on a per-pixel basis but struggle to infer global
topology. 2) Piece-level methods [4, 10, 18] detect center-
lines in fragmented segments based on topological points,
often resulting in discontinuities and misalignments (Fig-
ure 2). 3) Path-level methods, such as LaneGAP [15], aim to
mitigate discontinuities by detecting lane paths but introduce
redundancies and alignment errors due to heavy reliance on
post-processing.

Within the widely applied paradigm of sequence genera-
tion [2, 6, 12, 26], generative models are regarded as offering
a more direct method for inferring lane graphs by capturing
hidden structural patterns.

However, formulating lane graphs as sequences poses

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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challenges and existing generative models have certain limi-
tations. For instance, RNTR [17] converts lane graph into a
Directed Acyclic Graph (DAG), which brings sequence re-
dundancy in pre-processing and post-processing and fails to
express loops and bidirectional lanes. LaneGraph2Seq [21],
another generation-based method, generates the junction po-
sitions and shapes of centerlines separately, missing a holistic
understanding of the network topology and struggling with
integrated representation. And DAG-based methods fail to
express loops and bidirectional lanes. Existing methodolo-
gies for graph-to-sequence conversion tend to excessively
deconstruct the intrinsic graph structure, leading to transfor-
mations that disrupt the original topology.

Wait—how do humans construct lane graphs? Instead of
processing an entire graph at once, people naturally start
from a single node and progressively add new elements, con-
tinuously expanding the graph by establishing connections
with previously defined nodes (Figure 1). This intuitive ap-
proach suggests a novel formulation: 1) Modeling lane graph
construction as a chain of stepwise expansion process. 2)
Using sequence modeling to capture incremental adjacency
matrix updates.

Inspired by this observation, we propose SeqGrow-
Graph, a novel framework for incrementally constructing
a lane Graph via Sequence Growth. SeqGrowGraph repre-
sents a lane graph as a directed graph G = (V,E), where
V denotes intersections or key topological nodes, and E

represents centerlines, defining connectivity between nodes.
SeqGrowGraph models lane topology as a chain of graph
expansions:
• A new node is introduced with its spatial position.
• The adjacency matrix A expands from n⇥ n to (n+1)⇥
(n+1) to encode connectivity, with the upper triangle rep-
resenting incoming edges (“from”) and the lower triangle
representing outgoing edges (“to”).

• A geometric matrix M updates the centerline shape, repre-
sented as quadratic Bézier curves.

• A transformer-based generative model autoregressively
predicts these expansions using a depth-first search order-
ing.
Unlike DAG-based approaches, SeqGrowGraph flexibly

models complex, real-world road structures, including loops,
bidirectional lanes, and non-trivial topologies, without ex-
cessive pre-processing or post-processing. Our key contribu-
tions are as follows:
• We introduce SeqGrowGraph, a novel framework that re-

formulates lane graph generation as a sequential expansion
process, leveraging adjacency matrix updates and geomet-
ric modeling.

• We develop an autoregressive transformer-based model
that progressively constructs lane graphs, overcoming the
limitations of DAG-based methods.

• We achieve state-of-the-art performance on large-scale

LaneGAP
Path-level

TopoNet
Piece-level

SeqGrowGraph
Ours GT

Figure 2. Visualization comparison of lane graph results from
different methods. This figure illustrates the inference results using
the official models of TopoNet [10] and LaneGAP [15]. It can be
observed that TopoNet, by detecting centerlines separately, results
in discontinuities between the centerlines. In contrast, LaneGAP,
which detects at the path level, tends to confuse multiple lanes
and duplicate paths. Both methods rely heavily on extensive post-
processing, failing to generate continuous centerline results in a
single step.

datasets (nuScenes, Argoverse 2), demonstrating superior
topological accuracy and network completeness.
SeqGrowGraph offers a practical and effective solution

for lane topology modeling, aligning closely with the natural
human approach to map construction.

2. Related work
2.1. Online HD map construction
Online high-definition map construction enables accurate
road geometry modeling for autonomous navigation, with
contemporary approaches [9, 13, 14, 16, 30, 33] focusing
on BEV-space localization of 2D map elements. Initial ap-
proaches conceptualized this task as a semantic segmenta-
tion problem, as demonstrated in foundational works like
HDMapNet [9], which necessitated computationally inten-
sive post-processing procedures to convert pixel-level seg-
mentation outputs into usable vector formats. To address
this limitation, VectorMapNet [16] has focused on devel-
oping end-to-end frameworks for vectorized map learning.
This approach employs a two-phase hierarchical architec-
ture utilizing topological keypoint detection, implementing
an initial coarse prediction stage followed by geometric re-
finement processes to achieve precise vectorized outputs.
Notably, MapTR [13] achieves competitive performance
using only PV image inputs, eliminating LiDAR depen-
dency. 3D lane detection in autonomous driving follows two
primary paradigms: BEV-based and BEV-free approaches.
BEV-based methods [11, 23, 28] transform perspective view
(PV) images into bird’s-eye view (BEV) representations
using camera intrinsics and ground coordinates to extract
height-aware BEV features for accurate 3D lane modeling.
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Figure 3. Expansion process of the adjacency matrix. Each node corresponding to an intersections or key topological node and edges
representing centerlines. At each step, we describe a new node along with the its connected centerlines. We focus only on the topological
relationships between the newly introduced node and the existing nodes. To facilitate better formatting into a sequence, we use the new node
as the subject to describe its topology. The terms “from” and “to” respectively indicate which nodes the new node can come “from” and go
“to”. For example, when describing a new node n� we specify its position and connections to existing nodes, corresponding to the
non-zero elements in the n-th row and n-th column of the adjacency matrix. By expanding the adjacency matrix row by row
and column by column, we generate subgraphs that are incrementally combined to form the complete graph.

BEV-free methods [1, 19, 32] eliminates view transforma-
tion by operating directly in 3D space, leveraging perspective
view information for direct 3D lane detection and reconstruc-
tion.

2.2. Language models for graph
Language models (LMs) have exhibited impressive capabili-
ties not only in processing pure text but also across diverse
application scenarios for autonomous driving [5, 31]. A sig-
nificant challenge in graph fields is leveraging LMs to effec-
tively understand and reason with graph information. How to
encode graphs into learnable sequences according to specific
rules is essential. Researchers [7, 20, 29] have demonstrated
that language models possess substantial potential for learn-
ing from graphs. Lane graph, which are inherently graph-like
with their interdependent nodes and edges, can significantly
benefit from the contextual understanding and pattern recog-
nition capabilities of language models. The integration of
these models with graph structures shows great promise for
advancing the comprehension of lane graph.

2.3. Lane connectivity topology
Lane topology understanding is a crucial aspect of com-
prehensive road comprehension. STSU [4] is the first to
introduce this task, predicting lane centerlines and their con-
nectivity. TopoNet [10] views the lane topology as a graph,

employing an end-to-end framework with a graph neural
network architecture to learn the complete road structure.
These methods treat the task of extracting centerlines and
topology as two separate components, which can lead to
a lack of coherence and misalignment between centerlines.
LaneGAP [15] tackles these challenges by directly recog-
nizing paths as units, accounting for existing overlapping
centerlines between paths. However, this approach still re-
quires stringent processing to remove duplicates. RNTR [17]
and LaneGraph2Seq [21] view the lane graph as a DAG and
establish a bidirectional transformation between the DAG
and sequences, leveraging language models to generate se-
quences from PV images. RNTR [17] requires converting the
DAG into a directed forest first, which involves complex pre-
processing and post-processing steps, and the sequence infor-
mation is redundant. On the other hand, LaneGraph2Seq [21]
separates the learning of nodes and edges in the DAG by
learning nodes first, followed by learning edges, which does
not align with the language model’s step-by-step reasoning
approach. Addressing these challenges through a holistic
approach could enhance the coherence and efficiency of lane
graph modeling.
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3. Method
In this section, we will introduce the mathematical modeling
of the lane graph in Section 3.1, the method of serializing
the lane graph in Section 3.2, and introduce the model archi-
tecture and objective in Section 3.3.

3.1. Mathematical modeling of lane graph
The lane graph formed by centerlines can be modeled as
a directed graph G = (V,E), where V denotes a set of
vertices and E represents a set of edges. The vertices V =
{v1, v2, v3, . . .} correspond to intersections or key topolog-
ical nodes {1, 2, 3, . . .}, where each vertex vn = (xn, yn)
specifies its geographic position. The edges E signify the
lane lines connecting these intersections. To represent E, we
employ an adjacency matrix A alongside an additional ma-
trix M . The adjacency matrix A indicates the connectivity
between the vertices and the matrix M stores the shape of
the centerlines that connect the intersections represented by
the vertices.
• A : The adjacency matrix A indicates the connectivity

between the vertices. An entry A[i][j] typically denotes
whether there is a directed edge (directed centerline) from
vertex vi to vertex vj without passing through other edges.
Specifically,

A(i, j) =

(
1, if there is a edge between vi and vj

0, otherwise

Since lane graph is directed, A(i, j) 6= A(j, i)
• M : The matrix M stores the shape of the centerlines

that connect the intersections represented by the vertices.
Specifically, M(i, j) represents the centerline position
from intersection i to intersection j, expressed using a
quadratic Bézier function. This function includes the start-
ing point vi and the endpoint vj , whose positions are al-
ready stored in V , along with a middle control point at
position (�ij

x ,�
ij
y ). Therefore, we define

M(i, j) =

(
(�ij

x ,�
ij
y ), if A(i, j) = 1

;, if A(i, j) = 0

Together, G = (V,A,M) provide a comprehensive repre-
sentation of the lane graph, encapsulating both the connec-
tivity between intersections and the geometric details of
the centerlines.

3.2. Serializing the lane graph
In this section, we introduce the method of modeling lane
graph as sequences. Previous research has primarily con-
sidered the lane graph as a Directed Acyclic Graph (DAG),
taking into account that most roads are one-way and acyclic.
However, real-world road infrastructure is complex, even

in the local map surrounding a vehicle, the road graph may
contain loops and bidirectional single-lane roads, which are
issues not considered by previous work. We propose a novel
modeling approach called SeqGrowGraph.

As previously defined, vn = (xn, yn) denotes the posi-
tion of intersection node n, and M stores the positions of
the centerlines, with M(i, j) representing the control point
of the Bézier curve for the centerline between nodes i and j.

We define Sn as the sequence that represents the sub-
graph formed by the first n nodes. Let Fn denote the set of
all centerlines from which node n can originate, and Tn the
set of all centerlines to which node n can proceed. Here, the
+ symbol indicates sequence concatenation. Our approach
grows as follows: Sn is the concatenation of the preceding se-
quence and the new subsequences from node n. The addition
operation denotes sequence concatenation.

Sn = Sn�1 + (vn + Fn + Tn)

where vn = (xn, yn)

The sets Fn and Tn, which represent the centerlines con-
necting the n-th node to the preceding n � 1 nodes, are
expressed as:

Fn =
n�1X

k=0

M(k, n)

Tn =
n�1X

k=0

M(n, k)

Assuming there are a total of N topological points, the
final SN represents the ultimate sequence, which forms a
complete description of the lane graph.

Figure 3 illustrates our step-by-step process for describ-
ing a graph as a sequence. This progressive expansion of
the adjacency matrix and subgraph results in a comprehen-
sive description of the lane graph. The left side of Figure 3
presents the incremental depiction of subgraphs, comprising
six steps and corresponding subgraphs. In each step, we de-
scribe one node. As for the order in which the nodes should
be described at each step, our method utilizes depth-first
search.

The right side of Figure 3 uses the introduction of 4�
as an example to demonstrate this incremental subgraph
description.

1. Before introducing 4� the adjacency matrix A includes
only the first 3 rows and 3 columns, capturing the existing
topological information.

2. After specifying the position x4, y4 of node 4� we de-
scribe its topology by considering the first 4 rows and first
4 columns of matrix A. The non-zero elements in the 4-th
row indicate the nodes to which 4� can directly go “to”; for
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<Seq0> <Seq1> <Seq2> <Seq3>

<Seq0>

<Seq1>

<Seq2>

<Seq3>

Lane Graph

Final Sequence

Serializing Formula

<EOS><BOS>

x0 y0 <From> <None> <To> <None>   < SEP >

x1 y1 <From> 𝑒𝑥
0,1 𝑒𝑦

0,1 <To> 𝑒𝑥
1,0 𝑒𝑦

1,0  < SEP >

x2 y2 <From> 𝑒𝑥
1,2 𝑒𝑦

1,2 <To> <None>  < SEP >

x3 y3 <From> 𝑒𝑥
1,3 𝑒𝑦

1,3 𝑒𝑥
2,3 𝑒𝑦

2,3 <To> <None>  

xn, yn, <From>, p, 𝑒𝑥
𝑝,𝑛,𝑒𝑦

𝑝,𝑛, <To>, q , 𝑒𝑥
𝑛,𝑞, 𝑒𝑦

𝑛,𝑞
Position of From To

Control Point of Bézier Curve Between and

n p q

p n

0

0

0

1 2

Figure 4. The demonstration of graph serialization by SeqGrow-
Graph. Each node corresponds to a sequence, and the sequences
are connected by < SEP >, which together represent final lane
graph.

instance, A(4, 2) = 1 signifies that 4� can go to 2� without
passing any other node. We use the notation 4 to 2 to repre-
sent the corresponding centerline. Conversely, the non-zero
elements in the 4-th column indicate the nodes that 4� can
come “from”; for instance, A(2, 4) = 1 means that 4� can
come directly from 2� . We use 4 from 2 to denote the
corresponding centerline.

3. The new sequence, formed by concatenating the pre-
vious sequence with the information of the current node,
represents the subgraph of all nodes present so far. This
process is repeated iteratively, ultimately yielding a final
sequence that represents the complete lane graph.

Figure 4 illustrates the sequence structure of SeqGrow-
Graph. Each node’s sequence includes its shape, connected
node indices, and the Bézier control points of the connecting
centerlines. By concatenating these sequences, we generate
the target sequence. This serialized representation enables a
more flexible expression of the topology, while maintaining
clarity and conciseness and preserving essential graph-level
information.

Once the complete sequential representation for the lane
graph has been generated, the next step is to express the
positions and Bézier curve control points in a discretized
form, excluding the special tokens and indices. This involves
dividing the coordinates within the ego vehicle’s system into
discrete bins, allowing us to assign a corresponding integer
number to each position. It is important to note that the range
of special tokens is greater than the total number of bins.

3.3. Model architecture and objective
Architecture Following prior studies [17, 21], our method
commences with the use of BEV encoder LSS [22] to project

BEV 
Encoder

Transformer Decoder

Multi-camera Input

T1 T2 Tn <EOS>…

<BOS>

Target Seq

Lane Graph

Figure 5. Model architecture and inference process. We employ
a BEV-encoder to transform surrounding camera perspective view
(PV) images into BEV features. Subsequently, a Transformer de-
coder generates tokens of the target sequence based on the BEV
features and the beginning of sequence < BOS >. All the tokens
generated represent a complete lane graph.

features extracted from surrounding images onto the BEV
plane. Following the conversion of the lane graph into a
sequence, a transformer decoder is employed to generate the
sequence token by token. The comprehensive architecture of
our approach is depicted in Figure 5.

Obejctive We define the final target sequence S =
(x1, x2, . . . , xT ) for each sample and have x̂ represent the
predicted value. During the training phase, the loss func-
tion is expressed using maximum likelihood estimation as
follows:

L = �
 

1

T

TX

t=1

log p(x̂t | x1, x2, . . . , xt�1)

!

This loss function measures the model’s performance by
taking the negative logarithm of the probability of predicting
each subsequent step given the previous true token.

4. Experiments
4.1. Dataset
We evaluate our method using two widely-used autonomous
driving research datasets: nuScenes [3] and Argoverse 2 [27].
The nuScenes dataset comprises 1,000 scenes with six cam-
eras offering a 360° field of view. Due to overlapping lanes
in the default nuScenes split, PON [24] redistributes the
train/validation sequences to eliminate overlap, allowing us
to test our approach on both the default and PON splits. Con-
sistent with past studies [17, 21], we input all surrounding
camera images and Bird’s Eye View (BEV) target ranges
from -48m to 48m on the x-axis and -30m to 30m on the
y-axis. The Argoverse 2 dataset contains 1,000 sequences
and includes seven cameras, also providing a 360° field of
view. For this dataset, we use camera images as input, with
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Landmark Reachability
Methods

L-P L-R L-F R-P R-R R-F

TopoNet [10] 52.5 47.1 49.6 46.9 10.8 17.5
LaneGAP [15] 49.9 57.0 53.2 74.1 34.9 47.5

RNTR [17] 57.1 42.7 48.9 63.7 45.2 52.8
LaneGraph2Seq* [21] 46.9 43.7 45.2 63.7 36.3 46.2

Default

SeqGrowGraph 63.6 50.8 56.4 75.5 61.4 67.8

RNTR* [17] 39.9 31.0 34.9 63.3 24.9 35.7
LaneGraph2Seq* [21] 21.9 39.9 28.2 46.3 11.0 17.8PON

SeqGrowGraph 43.5 33.3 37.7 63.6 36.9 46.7

Table 1. Comparison of our method with leading approaches. This
evaluates Landmark Precision-Recall and Reachability Precision-
Recall on the default and PON [24] split of nuScenes. Results
marked with * are reproduced using the official code, while other
results are obtained from their respective papers or released check-
points.

the BEV target range from -30m to 30m on the x-axis and
-15m to 15m on the y-axis.

4.2. Implementation
Following [21] We employ an LSS encoder [22] based on
ResNet50 as the BEV encoder, initially training this encoder
on a centerline segmentation task. For the sequence decoder,
we use a 6-layer transformer. The training process is con-
ducted on 4 NVIDIA A100 GPUs with batch size of 4x18.
Specifically, the nuScenes dataset is trained for 400 epochs
and the Argoverse 2 dataset is trained for 50 epochs.

Our sequence comprises the positional coordinates of
nodes, node indices, and the positional coordinates of Bézier
control points. We employ a discretization resolution of 0.5m,
with the node coordinates range set between 0 and 200. To
distinguish the meanings of different tokens and to assign
varying levels of importance, we introduce a shift to the node
indices and Bézier control point coordinates. Consequently,
the range for node indices extends from 200 to 350, while
the range for Bézier point coordinates spans from 350 to 570.
For the special tokens introduced in Figure 4, we omitted
the representations for < None > and < From > to make
the sequence more concise. And < to >, is denoted as 571,
and < SEP > is represented as 572. Other special tokens,
such as < EOS >(end token of sequence),< BOS >

(beginning token of sequence), and < N/A > (padding
token), are represented as 573, 574, and 575, respectively.

We believe that the accuracy of edges relies on the correct
prediction of points, so the positions of points should carry
more weight than those of edges. Therefore, we designed
our model such that the tokens representing point positions,
which fall within the range of 0 to 200, have a weight of 2 in
the cross-entropy loss. Meanwhile, the loss weight for the
remaining tokens is set to 1.

Landmark Reachability
Methods

L-P L-R L-F R-P R-R R-F

RNTR* [17] 50.7 29.4 37.2 68.1 29.6 41.3
LaneGraph2Seq* [21] 60.6 48.7 53.9 75.5 37.8 50.4

SeqGrowGraph 64.1 50.4 56.4 77.7 43.4 55.7

Table 2. Comparison of our method with leading approaches on
Argoverse 2 , based on Landmark Precision-Recall and Reachability
Precision-Recall. Results marked with * are reproduced using the
official code.

Methods M-P M-R M-F C-P C-R C-F Det.

LaneGraph2Seq [21] 64.6 63.7 64.1 69.4 58.0 63.2 64.5
SeqGrowGraph 71.2 70.2 70.6 76.2 58.0 65.8 67.2

Table 3. Comparison of our method with leading approaches on
nuScenes , based on metrics including mean precision (M-P), recall
(M-R), F1-score (M-F), and connectivity precision (C-P), recall
(C-R), F1-score (C-F), and detection ratio. Results are obtained
from the original paper.

4.3. Metric
To ensure a fair comparison, we utilize the metrics
proposed by RNTR [17], which encompass Landmark
Precision-Recall and Reachability Precision-Recall. Land-
mark Precision-Recall evaluates the algorithm’s accuracy
in predicting the locations of key centerline points, such as
segmented, fork, and merge points on lane lines. Meanwhile,
Reachability Precision-Recall assesses the algorithm’s capa-
bility to predict connectivity between these landmark nodes,
indicating whether roads exist between them. Together, these
metrics offer a comprehensive evaluation of the lane graph.

In addition, we employ metrics introduced by STSU [4],
including Mean Precision, Mean Recall, and Mean F1-score
of centerlines, derived from precision-threshold and recall-
threshold curves, alongside their F1-scores. These metrics
focus on assessing the accuracy of centerline position match-
ing, without accounting for missing predictions, thereby
requiring the detection ratio to evaluate the presence of cen-
terlines. Moreover, Connectivity Precision, Recall, and F1-
score ratios evaluate the connectivity between centerlines,
primarily focusing on centerline positions and not consider-
ing crucial landmark nodes, like junction points.

4.4. Comparison
We compare our approach with state-of-the-art methods us-
ing the aforementioned metrics.

Table 1 compares the results of our method with state-of-
the-art methods on nuScenes using both the default and
PON [24] splits. Our method outperforms existing algo-
rithms in terms of F1-score for both landmarks and reachabil-
ity. When there is no lane overlap between the training and
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Surrounding Images Original

Fixed-length(30m)Fixed-length(20m) 

Figure 6. Various definitions of centerline split have been consid-
ered in this study. We have re-segmented the original centerline
from the nuScenes dataset to enhance its reasonableness and learn-
ing accessibility. Fixed-Length : The centerline between intersec-
tion points is partitioned at consistent intervals along the driving
direction. In the provided example, these intervals are set at 20
meters and 30 meters. By refining the split using these methods,
the learning process is facilitated, thereby yielding more accurate
and interpretable results of lane graphs.

test sets, as is the case with the PON split, the performance
of all methods significantly decreases, but SeqGrowGraph
remains in a leading position. Table 2 compares our method
with leading methods on the larger dataset AV2 , demon-
strating the superiority of our approach. Table 3 presents a
comparison between our method and LaneGraph2Path con-
cerning centerline-related metrics on nuScenes. It is evident
that our method still outperforms the comparison method.
This proves that modeling sequences in a manner similar to
human language effectively harnesses the seq2seq model’s
capabilities in understanding and reasoning.

4.5. Centerline re-segmentation
In the original dataset, the division of map elements is based
on map rules, but these division points often lack distinct
visual features. For example, even a straight road might
have multiple points that split a centerline into several seg-
ments, and these division points may not have any visual
features that can be easily identified. Such data can disrupt
the model’s learning process and impact its ability to accu-
rately interpret the rules. This issue is also noted in [25],

Junction Landmark Junction Reachability
Segment Length

L-P L-R L-F R-P R-R R-F

Original 68.6 52.6 59.5 69.4 56.4 62.2
20m 70.5 52.5 60.2 70.6 57.6 63.4
30m 69.3 52.3 59.6 70.8 58.1 63.8
40m 69.7 53.3 60.4 71.9 58.6 64.6

Table 4. Training results under different segmentation ways. We
resegment the centerline split to accurately and comprehensively
represent the lane graph information by re-segmenting the center-
lines between junctions based on length.

and our tasks observe instability in the position of nodes
as well. To address this, when a single topological node is
referred to as a continuous node that only connects two cen-
telines, we remove it and merge the centerlines. Our method
fundamentally ensures that centerlines are segmented exclu-
sively at junctions, including forks, and merge points, which
constitute the topological nodes.

When topological points are restricted to intersections,
forks, and merges, the centerline may not be accurately rep-
resented by a quadratic Bézier function. To address this, we
introduce additional topological points along each centerline
and subsequently segment it. This segmentation is performed
by dividing the centerline based on length. Figure 6 shows
the examples when the intervals are set at 20 meters and 30
meters.

We evaluate the performance of our method under specific
settings by adjusting the metrics to accommodate different
ground truth standards. The evaluation framework remains
aligned with Landmark Precision-Recall and Reachability
Precision-Recall, while incorporating data post-processing.
For both the ground truth and predictions, we remove con-
tinuous nodes and merge connected centerlines. This re-
vised metric, termed Junction Landmark Precision-Recall
and Junction Reachability Precision-Recall, emphasizes the
accuracy of junction locations and the connectivity between
junctions.

Table 4 presents a comparison between the re-segmented
centerline and the original ground truth. It can be observed
that the metrics retrained after re-segmentation are all higher
than those of the original split way. This suggests that we
should adopt a similar standard when constructing ground
truth for lane graphs, which could provide insights for re-
search on lane graphs.

4.6. Visualization
We conduct a visual comparison of the final results produced
by various algorithms on the nuScenes dataset, as illustrated
in Figure 7. This comparison reveals several limitations in-
herent in previous methods: TopoNet [10] often produces
centerlines that are misaligned with each other, failing to pro-
vide a continuous centerline representation. LaneGAP [15]
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Landmark Reachability
Weight

L-P L-R L-F R-P R-R R-F

1 62.6 48.6 54.7 74.4 60.2 66.5
2 63.6 50.8 56.4 75.5 61.4 67.8
3 62.5 49.6 55.3 75.4 61.3 67.6
4 63.0 50.2 55.9 75.3 61.2 67.5

Table 5. Ablation study on different loss weights assigned to token
of point coordinates conducted using the nuScenes dataset. The
weights for the remaining tokens are set to 1.

tends to generate duplicate centerlines and may erroneously
merge adjacent centerlines, leading to inefficiencies and in-
accuracies. RNTR [17] demonstrates instability in its model-
ing capabilities, compromising the reliability of the resulting
lane graphs. Furthermore, LaneGraph2Path [21] may result
in a decoupling between points and edges, undermining the
structural integrity of the graphs. In contrast, our algorithm
not only provides stable and robust modeling but also effec-
tively merges redundant points present in the ground truth
data, thereby achieving superior results in constructing lane
graphs. This advancement highlights the effectiveness and
reliability of our approach in overcoming these challenges.

4.7. Ablation study
We conduct ablation experiments on the nuScenes dataset,
which includes examining the impact of loss weight on point
positions and the order of subgraphs.

Higher positional weight is applied to tokens ranging
from 0 to 200 because these correspond to the positions of
intersection points. Accurate descriptions of these intersec-
tion positions are vital for correctly depicting the topology
and centerline locations between intersections. Table 5 il-
lustrates that the modeling method remains relatively stable
across different weights, with a slight improvement when
the weight is set to 2, highlighting the robustness of the
algorithm.

The potential order in which each intersection point can
be traversed to construct the corresponding subgraph is also
investigated. In this context, Center refers to starting from
the lane graph’s center and proceeding from the closest to
the farthest intersection based on their distance from the
center. Coord denotes traversal based on the coordinates
of the intersection points, specifically according to the x
and y values. BFS stands for breadth-first search traversal,
and DFS indicates depth-first search traversal. It can be
observed that DFS performs the best, which suggests that
depth-first search helps capture the hierarchical relationships
between intersections.
5. Conclusion
In this paper, we introduce SeqGrowGraph, an innovative
framework for autoregressive modeling of lane graphs that

TopoNet RNTR

SeqGrowGraph GTLaneGraph2Seq

LaneGAP

Figure 7. We visualize and compare the final results of various
algorithms on the nuScenes dataset.

Landmark Reachability
Order

L-P L-R L-F R-P R-R R-F
Center 59.0 47.1 52.4 73.3 56.3 63.7
Coord 60.1 48.6 53.7 73.7 57.2 64.4
BFS 62.6 49.2 55.1 75.3 61.4 67.7
DFS 63.6 50.8 56.4 75.5 61.4 67.8

Table 6. Ablation study on the ordering of subgraph descriptions
conducted using the nuScenes dataset. Center pertains to initiating
from the central point of the lane graph and navigating towards
intersections in order of their increasing distance from this center.
Coord involves traversing based on the coordinates of intersection
points, specifically ordered by their x and y values. BFS and DFS

refers to breadth-first traversal and depth-first traversal.

converts lane graphs into sequences via incremental local
growth, facilitating a comprehensive global understanding.
Our method enables flexible representation of complex road
structures, including loops and bidirectional lanes, which
pose challenges for traditional DAG-based approaches. Ex-
tensive experiments conducted on the nuScenes and Argov-
erse 2 datasets demonstrate superior performance in topolog-
ical accuracy and graph completeness compared to existing
detection-based and generation-based methods. SeqGrow-
Graph advances lane graph construction by bringing human-
like structural reasoning and sequence modeling, thereby
providing accurate centerlines for autonomous driving in
dynamic environments.
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