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Abstract

Lidar-based 3D detection is one of the most popular re-
search fields in autonomous driving. 3D detectors typically
detect specific targets in a scene according to the pattern
formed by the spatial distribution of point clouds. How-
ever, existing voxel-based methods usually adopt MLP and
global pooling (e.g., PointNet, CenterPoint) as voxel fea-
ture encoder, which makes it less effective to extract detailed
spatial structure information from raw points, leading to in-
formation loss and inferior performance. In this paper, we
propose a novel graph-based transformer to encode voxel
features by condensing the full and detailed point’s geome-
try, termed as GeoFormer. We first represent points within
a voxel as a graph, based on relative distances to capture
its spatial geometry. Then, We introduce a geometry-guided
transformer architecture to encode voxel features, where the
adjacent geometric clues are used to re-weight point feature
similarities, enabling more effective extraction of geometric
relationships between point pairs at varying distances. We
highlight that GeoFormer is a plug-and-play module which
can be seamlessly integrated to enhance the performance of
existing voxel-based detectors. Extensive experiments con-
ducted on three popular outdoor datasets demonstrate that
our GeoFormer achieves the start-of-the-art performance
on both effectiveness and robustness comparisons.

1. Introduction

LiDAR sensors have been widely used in the field of Au-
tonomous Driving (AD), and high-precision 3D object de-
tection has received a great deal of attention [36, 37, 42].
In contrast to image-based 2D object detection, point cloud
data encompasses a larger spatial range and is disordered
yet sparse. Therefore, how to effectively extract the pat-
terns and rules constructed by the 3D point cloud from it
has been the key to studying the 3D perception task.
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Figure 1. (a) Voxel Feature Encoder [34]: average pool-
ing then MLP encoding (for smaller voxels); (b) Pillar Fea-
ture Encoder [21]: maximum pooling after MLP encoding (for
larger voxels); (c) Geometry Feature Encoder (pillar version):
geometric-guided feature extraction of spatial structure.

Existing methods can generally be classified into two
mainstreams, the first one represents point-based meth-
ods [4, 30, 31, 33, 50], which employ PointNet [30, 31] to
directly process the raw point clouds in the down-sampled
set. The other stream of voxel-based methods [5–7, 24, 32]
usually grid the point cloud space to directly apply convo-
lution for feature extraction. Point-based methods require
a massive number of point set abstraction operations in 3D
space, leading to difficulties in meeting the demands of out-
door detection tasks in real-time. And voxel-based methods
are widely used due to their computational efficiency.

Current voxel-based approaches mainly focus on how to
effectively utilize voxel features and various architectural
innovations have been made at the 3D Backbone, including
CNN [53], Transformer [43], and RNN [26, 54]. However,
how to encoding voxel features effectively is also a crucial
task that should not be neglected [19, 22, 25], as it directly
handles the structural information of raw point clouds. Most
of existing methods either adopt global pooling or utilizes a
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simple PointNet [30, 31] for voxel feature encoding, with-
out considering finer-grained spatial local details. More-
over, extensive pooling operations inevitably result in the
loss of structural information [58], especially with larger
voxel size. This limitation constrains the perceptual per-
formance upper-limit for voxel-based detectors. As shown
in Fig. 1, previous methods either [6, 20, 29, 34, 35] di-
rectly conduct average pooling (Fig. 1(a)) over the intra-
voxel points or perform [21, 43, 49, 59] point-level fea-
ture projection through a fully connected layer followed by
voxel-level max pooling (Fig. 1(b)), causing inferior per-
formance owing to the missing details of spatial structure.
There are also some attempts [16, 19, 22, 25, 57] aiming to
encode voxels more effectively, but they adopt either point-
wise or channel-wise CNN attention to enhance the point
feature representation implicitly, without explicitly model-
ing the voxel-wise geometry structure, which is crucial for
subsequent perceptual tasks.

Therefore, on the purpose of encoding geometric rela-
tions from point clouds, we propose GeoFormer based on
Transformer architecture [41]. CNN-based approaches are
limited by the dynamic number of input points within vox-
els, however, in the field of NLP, the Transformer has been
proven to specialize in handling the indefinite-length input
sequences. Moreover, benefiting from Transformer’s in-
herent permutation invariance, it is well-suited to capturing
complex geometric relationships, as the order of points does
not affect their underlying geometry.

To better capture the spatial structure of point clouds,
we organize them with a geometry graph and propose a
geometry-guided transformer (GeoFormer) to model the re-
lations of intra-voxel points from the aspects of explicit dis-
tance prior and implicit feature similarity, which is intuitive
yet effective for LiDAR 3D detection. Specifically, we first
construct the voxel graph based on the relative distances
among intra-voxel points, which is used as input for the
GeoFormer. Inspired by the Graph Transformer [10], we
use normalized adjacent geometric matrix to re-weight the
calculated feature similarity, explicitly reducing the nega-
tive impact of irrelevant points, as points that are farther
apart generally lack clear geometric connections. Thanks
to GeoFormer’s powerful encoding capabilities and flexi-
ble application, we can seamlessly integrate it into a wide
range of existing voxel-based detectors. Despite the diverse
3D backbones employed by various detectors for feature ex-
traction, GeoFormer consistently delivers performance en-
hancements, underscoring its intuitive yet highly effective
design. Additionally, the voxel features encoded by Ge-
oFormer demonstrate strong robustness to varying voxel
sizes. We conduct experiments on three widely recognized
datasets respectively. Finally, GeoFormer achieves 72.4
NDS and 68.2 mAP on the nuScenes dataset, and obtans
a significant improvement on the larger-scale Waymo Open

Dataset and Argoverse 2 Dataset as well.
In sum, our main contributions are three folds as follows:

• We propose a plug-and-play Geometry Point Encoder
to enhance the voxel feature extraction with geometry-
guided interaction modeling, which can be seamlessly in-
tegrated into existing voxel-based detectors for better 3D
detection performance.

• We design a GeoFormer to encode both spatial geometry
and feature similarity of paring points within each voxel,
thus facilitating further voxel relation modeling without
spatial structure loss.

• Extensive experiments are conducted on three popular
datasets (nuScenes, Waymo Open, Argoverse 2), show-
casing the superior performance and great robustness of
our GeoFormer for LiDAR-based 3D object detection.

2. Related Work

2.1. 3D Object Detection Based on Point Clouds
Previous 3D object detectors based on point cloud can

be generalized into two categories, point-based and voxel-
based methods. Benefiting from the PointNet series [30, 31]
network, the former [4, 33, 47, 50, 55] directly extracts
geometric features from the downsampled point cloud set,
but the downsampling and the multi-scale group aggrega-
tion bring about a huge amount of computation. There-
fore, the latter method [1, 5, 12, 21, 24, 34, 35, 48, 59]
is usually adopted in outdoor self-driving scenarios, which
divides the point cloud into voxels, and then convolution
can be applied for global feature extraction. SECOND [48]
introduces sparse convolution, which greatly improves the
processing efficiency, and FocalConv [5] proposes a new
sparse convolution operator, which learns the positional im-
portance in sparse convolution; Largekel3D [6] designed a
large convolution kernel in 3D space, demonstrating the fea-
sibility of large kernels in 3D vision tasks. However, all
these methods proceed to enhance the feature representa-
tion of the point cloud after voxelization, neglecting the in-
formation lost during the voxelization process. To address
this issue, we propose a novel voxel feature encoding mod-
ule to enhance the upper bound of detection accuracy, start-
ing from encoding the geometric representation of the point
cloud in the original voxel.

2.2. 3D Object Detection with Transformer
With the successful development of transformer in 2D

tasks as well as NLP, many works [8, 20, 39, 43, 44, 49, 56,
60] explore its capability in 3D point cloud object detec-
tion tasks. VoTr [29] implements a fast voxel query to con-
struct local attention and dilated attention. conQueR [61]
employs query contrast to enhance DETR-based [3] sparse
detection, optimizing the two-stage refinement process by
efficiently merging multi-scale contextual information with
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Figure 2. The overall architecture of our proposed GeoFormer. The input point clouds are voxelized and fed into the Geometry Point
Encoder to extract the geometric information of raw points within each voxel. Subsequently, the voxel features (or pillar features) encoding
high-dimensional geometric information can be integrated with any existing voxel-based framework to obtain final detection results.

a redesigned channel decoding module; SphereFormer [20]
expands the receptive field by dividing a narrow window
over a long window to improve the performance of sparse
distant points; DSVT [43] proposes a dynamic sparse win-
dow attention that applies a rotated set of partitions to im-
prove the feature interactions. Although all of these explo-
rations make Transformer achieve exciting results in point
cloud processing, they make efforts in 3D backbone and
two-stage refinement without considering the relationship
of the original point in space and shape information.

3. Method
In this section, we introduce the technical details of Geo-
Former. The overall framework is depicted in Fig. 2, which
consists of two main core components. Firstly, the Geome-
try Point Encoder (GPE) proposes to use graph structure to
represent spatial relations of paring points with each voxel.
The other core design is GeoFormer, which introduces an
geometry-guided multi-head attention mechanism to better
extract the geometric structure details and preserve the spa-
tial connections rather than global pooling directly.

3.1. Geometry Point Encoder
Geometry Construction. The point clouds P ∈ Rn×3

are partitioned into structured voxels of size W ×H , a set
of the voxels Ψ ∈ RN×δ×3, where N indicates the number
of non-empty voxels Ψ = {Vi, i ∈ [1, N ]}, and each voxel
V : {vj : (xj , yj , zj), j ∈ [1, δ]} contains δ points. Due to

the varying number of point clouds contained in each voxel
Vi, we define the max number for each voxel as M . And
voxel Vi is padded if the number of points in Vi is less than
M . Subsequently, we construct the points within Vi as a
graph Gi = (Vi, Ei), where Vi ∈ RM×3 represents the set
of nodes from the graph Gi, which is equivalent to the i-
th voxel. Ei : {ejk ∈ [0, 1]}, j, k ∈ [1,M ] ∈ RM×M

denotes the connection relationships between nodes, where
the padded points Vp

i : {vj}, j ∈ [δ,M − δ] are not con-
nected to other points, thus {ejk, ekj}, j ∈ [δ,M − δ], k ∈
[1,M ] in Ei are set as σ, typically, σ is a very small posi-
tive value. The edge values for other nodes are set as [0, 1]
according to the relative distance between two nodes. The
graph construction strategy is defined as:

eij =


1, dij < θmin
dij−θmax

θmin−θmax
, dij ∈ [θmin, θmax]

0, dij > θmax

(1)

where dij =∥ vi − vj ∥ denotes the relative distance be-
tween vi and vj . θ is a preset distance threshold. To better
represent the geometric structure of the local voxel, the co-
ordinates of all points will be transformed to the relative
coordinate system (rx, ry, rz) based on the voxel center,
which is defined as:

Vi = {vj = [(xj , yj , zj)]}, j ∈ [1, δ]

(xj , yj , zj) = (xj , yj , zj)− (cxi, cyi, czi),
(2)
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where (cxi, cyi, czi) refers to the coordinates of the center
point corresponding to the i-th non-empty voxel Vi.
Point Feature Encoding. Given Graph Gi = {Vi, Ei}, i ∈
[1, N ]. All of the nodes Vi = {vj} ∈ RM×3 are projected
to a high-dimensional feature space, obtaining Point Feature
V ′

i ∈ RM×c, which is formulated as:

V
′
=

{
V

′

i |V
′

i = FC3→c(Vi)
}
i ∈ [1, N ] (3)

where V
′

i denotes the graph node corresponding to the i-th
non-empty voxel, and FC denotes the fully connected layer
used for feature upscaling, which contains two layers and a
GELU [17] activation. V

′

i = {v′

j}, j ∈ [1,M ] are utilized
for the inputs of Transformer Encoder as a token sequence.
GeoFormer. We utilize transformer encoder architecture
to extract geometric information represented by the graph
structure G corresponding to each voxel, enhancing the un-
derstanding of the point clouds scene. Specifically, taking
the graph structure Gi = (Vi, Ei) corresponding to voxel Vi

as an example, we treat each node in v
′ ∈ Vi as a token in-

put to a sequence of consecutive transformer blocks. Simul-
taneously, the edges Ei is used to dynamically control the
attention connections between different nodes. Inspired
by PCT [15], we refrain from using additional positional
encoding, assuming that the coordinate data of the point
clouds already encompasses its positional information. All
of the nodes Vi are fed to GeoFormer. The computation of
the multi-head attention in the first layer of the transformer
can be summarized as follows:

{Q,K, V } = {Linq(Vi), Link(Vi), Linv(Vi)} (4)

where Q,K, V ∈ RM×c are obtained by processing Vi

through three linear layers Lin∗(·), which indicates the
query, key and value matrices, respectively. Q,K, V
are split to n heads RM×[h×d] to obtain Qk,Kk, Vk ∈
RM×h×d, representing the features of the k-th head, re-
spectively. Inspired by Graph Transformer [10], for
the k-th head, we calculate the attention weight matrix
ϕ(Qk,Kk, Ei) ∈ RM×d, which is defined as:

ϕ(Qk,Kk, Ei) = softmax(
(Qk ·KT

k )√
d

· Ei) (5)

where Ei ∈ RM×M indicates the geometry structure of
graph Gi as mentioned in Eq.1, and then the output of multi-
attention head Y ∈ RM×d is calculated as:

Y = Linout(Concat[y1, y2, ..., yh−1])

yk = ϕ(Qk,Kk, Ei) · Vk

(6)

where yk ∈ RM× d
h refers to the weighted feature output of

the k-th head. Then the computation of a complete trans-
former block can be summarized as follows:

V0
i = Vi, Vi ∈ Gi

V̂ l
i = MSA(LN(V l−1

i ), Ei) + V l−1
i , l ∈ [1, ρ]

V l
i = MLP (LN(V̂ l

i)) + V̂ l
i , l ∈ [1, ρ]

Vout
i = LN(Vρ

i [0])

(7)

where LN(·) denotes the layer norm, V0
i represents the in-

put of the initial transformer, ρ denotes the number layers
of transformer blocks, MSA(·) is the standard Multi-head
Self-Attention layer, V̂ l

i and V l
i denote the output of the

MSA(·) and MLP (·) modules of the l-th block, respec-
tively. The outputs of GPE are represented as Vρ

i [j], j ∈
[0,M − 1]. Similar to ViT [9], we consider that the points
encoded by the transformer contain enough contextual in-
formation, so we simply take the output of the Vρ

i [0] posi-
tion to characterize the geometric information of the voxel
Vi, which is denoted as Vout

i . And then, all of voxels are
extracted features one-by-one and we obtain a series of ge-
ometric feature of voxels Vout : {Vout

i1 ,Vout
2 , ...,Vout

N }.

3.2. Model Variant

As the number of point clouds contained within the voxel
and the pillar usually differs significantly, two model vari-
ants are provided for training purposes. The first one is a
base model for pillar-based detectors. It employs only one
Geometry Point Encoder for encoding, i.e., for each non-
empty voxel V ∈ Ψ, it is encoded by the same GPE, yield-
ing the output Vout = GPE(V), where GPE(·) denotes
the Geometry Point Encoder.

Whereas, since voxels are usually smaller in size than
pillars, and the point cloud is very sparse, the number of
point clouds inside most non-empty voxels is less than 5
(about 80%). Therefore, we propose a simple partitional
structure using two GPEs for training to avoid all voxels be-
ing trained with the maximum number of points M , which
results in a large number of invalid tokens involved in the
computation, and to improve the training efficiency. Specif-
ically, the set of the input non-empty voxels V , is divided
into two voxel sets according to the number δ of voxel in-
ternal point clouds: V1 = {Vi|δ ≤ δmin},V2 = {Vi|δ >
δmin}, where δmin denotes the threshold of the number of
point clouds used for partition. Subsequently, these two
voxel sets are encoded by two GPEs respectively, and the
final outputs are defined as follows:

Vout = MLP ([GPE1(V1), GPE2(V2)]) (8)

where GPE1(·), GPE2(·) denotes two Geometry Point
Encoders, and MLP (·) denotes a multilayer perceptron to
unify the feature outputs of different encoders.
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Table 1. Comparison experiments on the nuScenes without using any test-time augmentation.

Method Present at mAP NDS Car Truck Bus Trailer C.V. Ped. Motor. B.C. T.C. Barrier
Results on the val set

PointPillars ([21]) CVPR’2019 28.2 46.8 75.5 31.6 44.9 23.7 4.0 49.6 14.6 0.4 8.0 30.0
CenterPoint ([51]) CVPR’2021 59.2 66.5 84.9 57.4 70.7 38.1 16.9 85.1 59.0 42.0 69.8 68.3
Transfusion-L ([1]) CVPR’2022 65.5 70.1 86.9 60.8 73.1 43.4 25.2 87.5 72.9 57.3 77.2 70.3
SASA ([4]) AAAI’2022 45.0 61.0 76.8 45.0 66.2 36.5 16.1 69.1 39.6 16.9 29.9 53.6
VoxelNeXt ([7]) CVPR’2023 60.5 66.7 83.9 55.5 70.5 38.1 21.1 84.6 62.8 50.0 69.4 69.4
PVT-SSD ([49]) CVPR’2023 53.6 65.0 79.4 43.8 62.1 34.2 21.7 79.8 53.4 38.2 56.6 67.1
PillarNeXt ([24]) CVPR’2023 62.2 68.4 85.0 57.4 67.6 35.6 20.6 86.8 68.6 53.1 77.3 69.7
SAFDNet ([53]) CVPR’2024 66.3 71.0 87.6 60.8 78.0 43.5 26.6 87.8 75.5 58.0 75.0 69.7
SEED ([27]) ECCV’2024 66.2 71.2 - - - - - - - - - -
VoxelMamba ([54]) NIPS’2024 67.5 71.9 87.9 62.8 76.8 45.9 24.9 89.3 77.1 58.6 80.1 71.5
GeoFormer (Ours) - 68.2 72.4 88.2 64.5 78.1 45.7 27.4 89.7 74.8 59.6 80.3 73.8

Results on the test set
3DSSD ([50]) CVPR’2020 42.6 56.4 81.2 47.2 61.4 30.5 12.6 70.2 36.0 8.6 31.1 47.9
AFDetV2 ([18]) AAAI’2022 62.4 68.5 86.3 54.2 62.5 58.9 26.7 85.8 63.8 34.3 80.1 71.0
PillarNet ([32]) ECCV’2022 66.0 71.4 87.6 57.5 63.6 63.1 27.9 87.3 70.1 42.3 83.3 77.2
Focals Conv ([5]) CVPR’2022 63.8 70.0 86.7 56.3 67.7 59.5 23.8 87.5 64.5 36.3 81.4 74.1
LargeKernel3D ([6]) CVPR’2023 65.4 70.6 85.5 53.8 64.4 59.5 29.7 85.9 72.7 46.8 79.9 75.5
HEDNet ([52]) NIPS’2023 67.7 72.0 87.1 56.5 70.0 63.5 33.6 87.9 70.4 44.8 85.1 78.1
SAFDNet ([53]) CVPR’2024 68.3 72.3 87.3 57.3 68.0 63.7 37.3 89.0 71.1 44.8 84.9 79.5
VoxelMamba ([54]) NIPS’2024 69.0 73.0 86.8 57.1 68.0 63.2 35.4 89.5 74.7 50.8 86.9 77.3
GeoFormer (Ours) - 69.8 73.7 87.5 60.3 69.8 65.8 36.3 90.2 73.3 49.5 86.7 78.5

3.3. Detection Head and Loss
GeoFormer is a generalized voxel-based point cloud feature
extraction backbone that can be applied to most voxel-based
detectors. Therefore, based on previous experience, for the
nuScenes [2] and Waymo Open dataset [38], we use Trans-
fusion’s detection head [1] and Centerpoint’s detection head
[51] respectively. And for Argoverse 2 [45], we use the
heatmap-based sparse center detection head consistent with
SAFDNet [53]. The final loss function is defined as:

L = λ1Lcls + λ2Lreg + λ3Liou (9)

where λ1, λ2, λ3 denotes the weighting factor of the various
loss items, Lcls uses the binary cross-entropy loss, Lreg is
the regression loss calculated using L1, and Liou is the IOU
loss of the prediction boxes. Additionally, following [18,
32], we add the IoU-aware-rectification scheme that takes
into account the IoU information in the confidence score.

4. Experiments
4.1. Datasets and Metrics
nuScenes [2] is a challenging outdoor dataset that provides
1000 scenarios, of which 700 are used for training, 150 for
validation, and 150 for testing. It provides a variety of 10
different categories of object annotations covering most of
the traffic participants. The size varies greatly between cate-
gories, with large objects like trailers and small objects like
traffic cones, bringing great challenges to detection. We

evaluate the performance of our approach using officially
given evaluation tools, reporting NDS and mAP, taking into
account the average detection accuracy and other aspects of
the error (e.g., direction, speed).
Waymo Open Dataset (WOD) [38] is a large-scale dataset,
which consists of 798 training scenarios and 202 validation
scenarios, containing 160K and 40K samples respectively.
The mAP and mAPH are provided to evaluate the detec-
tion performance, where mAPH refers to the mean average
precision weighted by heading. Two different detection dif-
ficulties are defined according to the sparsity of the point
cloud in the bounding box: LEVEL 1 (L1) is the bound-
ing box with more than 5 points, and LEVEL 2 (L2) is the
bounding box with 1-5 points.
Argoverse 2 [45] is receiving increasing attention for its
large detection range (200m× 200m). It contains a total of
1000 sequences, of which 700 sequences are used for train-
ing and 150 sequences for validation. Moreover, it contains
26 classes of annotations, posing great challenges. As in
previous approaches [26, 53], we use mAP as the evalua-
tion metric.

4.2. Implementation Details

Network Implementation. For nuScenes, we use the grid
size of [0.3, 0.3, 0.25] to voxelize the scene in the range
[−54.0,−54.0,−5.0, 54.0, 54.0, 3.0]. We set the number of
nodes M = 32 of each Voxel-generated graph , and random
sampling will be performed for the cases where the points
within the voxel are larger than M. Each node is dimension-
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Table 2. Comparison experiments on the Waymo Open validation set (100% training data). All of these models are trained with single-
frame inputs and no additional test-time augmentation is added. The best results in each category are shown in bold. “Ped.” denotes
Pedestrian, and “Cyc.” denotes Cyclist.

Method Present at Stages Vehicle(L1) Vehicle(L2) Ped.(L1) Ped.(L2) Cyc.(L1) Cyc.(L2)
mAP/mAPH mAP/mAPH mAP/mAPH mAP/mAPH mAP/mAPH mAP/mAPH

PointPillar ([21]) CVPR’2019 one 70.43/69.83 62.18/61.64 66.21/46.32 58.18/40.64 55.26/51.75 53.18/49.80
SECOND ([48]) Sensors’2018 one 70.96/70.34 62.58/62.02 65.23/54.24 57.22/47.49 57.13/55.62 54.97/53.53
CenterPoint ([51]) CVPR’2021 two 76.70/76.20 68.80/68.30 79.00/72.90 71.00/65.30 -/- -/-
Voxset ([16]) CVPR’2022 one 74.50/74.00 66.00/65.60 80.00/72.40 72.50/65.40 71.60/70.30 69.00/67.70
SST ([11]) CVPR’2022 one 75.13/74.64 66.61/66.17 80.07/72.12 72.38/65.01 71.49/70.20 68.85/67.61
AFDetV2 ([18]) AAAI’2022 one 77.64/77.14 69.68/69.22 80.19/72.62 72.16/66.95 73.72/72.74 71.06/70.12
PillarNet ([32]) ECCV’2022 one 79.09/78.59 70.92/70.46 80.59/74.01 72.28/66.17 72.29/71.21 69.72/68.67
CenterFormer ([60]) ECCV’2022 two 75.00/74.40 69.90/69.40 78.00/72.40 73.10/67.70 73.80/72.70 71.30/70.20
PV RCNN++ ([35]) IJCV’2023 two 79.25/78.78 70.61/70.18 81.83/76.28 73.17/68.00 73.72/72.66 71.21/70.19
SWFormer ([39]) ECCV’2022 one 77.80/77.30 69.20/68.80 80.90/72.70 72.50/64.90 -/- -/-
VoxelNext ([7]) CVPR’2023 one 78.20/77.70 69.90/69.40 81.50/76.30 73.50/68.60 76.10/74.90 73.30/72.20
OcTr ([56]) CVPR’2023 two 79.20/78.70 70.80/70.40 82.20/76.30 74.00/68.50 73.90/72.80 71.10/69.20
DSVT-P ([43]) CVPR’2023 one 79.30/78.80 70.90/70.50 82.80/77.00 75.20/69.80 76.40/75.40 73.60/72.70
MsSVT++ ([23]) TPAMI’2023 one 78.96/78.39 70.57/70.01 80.64/73.78 73.12/66.80 75.98/74.73 72.97/71.82
PTv3 ([46]) CVPR’2024 one -/- 71.20/70.80 -/- 76.30/70.40 -/- 71.50/70.40
VoxelMamba ([54]) NIPS’2024 one 80.80/80.30 72.60/72.20 85.00/80.80 77.70/73.60 78.60/77.60 75.70/74.80
GeoFormer(ours) - one 80.48/79.98 72.21/71.75 85.57/81.20 78.32/74.03 79.54/78.27 76.42/75.61

Table 3. Comparison experiments on the Argoverse 2 val set.

Method mAP Veh. Bus Ped. Truck Bicyclist
CenterPoint ([51]) 22.0 67.6 38.9 46.5 22.1 20.1
FSDv1 ([12]) 28.2 68.1 40.9 59.0 21.1 33.4
VoxelNeXt ([7]) 30.7 72.7 38.8 63.2 16.9 32.4
HEDNet ([52]) 37.1 78.2 47.7 67.6 21.6 38.7
FSDv2 ([13]) 37.6 77.0 47.6 70.5 24.0 45.9
SAFDNet ([53]) 39.7 78.5 49.4 70.7 23.6 42.7
LION-Mamba ([26]) 41.5 75.1 43.6 73.9 19.0 47.3
GeoFormer (Ours) 41.7 77.4 50.7 73.7 24.6 48.0

Table 4. Effectiveness of GeoFormer. The results are obtained
using 20% of the training data.

Method 3D AP/APH(L2)
Vehicle Pedestrian Cyclist

baseline (MLP) 61.02/60.55 62.85/52.38 61.22/60.03
Mamba ([14]) 61.90/60.84 64.78/55.42 62.79/61.34
Transformer ([41]) 62.33/61.46 66.02/56.96 64.19/62.70
GeoFormer (Ours) 62.95/61.87 67.67/58.80 65.04/63.59

ally expanded to c = 128 through a fully connected layer
and serves as the input for the GeoFormer. We use two lay-
ers of GeoFormer, where the number of heads is 8. The
detection framework and hyperparameters follow [26, 53].
Training & inference. Our experiments are conducted us-
ing the OpenPCDet framework [40]. The training optimizer
utilizes AdamW [28], and we employ the OneCycle learn-
ing rate update strategy with initial learning rate, weight
decay, and learning rate decay set to 0.003, 0.05, and 0.1,
respectively. The remaining hyperparameters are kept con-
sistent with [26]. We trained 48 epochs, 24 epochs, and 24
epochs for the nuScenes, Waymo Open, and Argoverse 2,

with batch sizes set to 2, respectively.

4.3. Comparison with State-of-the-art Methods

Results on nuScenes. As shown in Tab. 1, GeoFormer ex-
hibits robust performance in the nuScenes. In the validation
set, it achieves a 68.2 mAP and 72.4 NDS. Compared with
TransFusion-L, which utilizes the same detection head, Ge-
oFormer achieves a significant enhancement, with a higher
NDS of 2.3 and a higher mAP of 2.7. It also demonstrates
enhancement when compared to the newly published novel
DETR-based detector SEED[27] and the sparse detector
SAFDNet [53], with mAP improvements of 2.0 and 1.9,
respectively. In the classification comparison with SAFD-
Net, GeoFormer achieves significant outperformance in the
important objects of Car, Pedestrian, and Trailer, achiev-
ing 0.6, 1.9, and 2.2 improvements, respectively. These re-
sults demonstrate the importance and effectiveness of Geo-
Former for detailed geometric information extraction.
Results on Waymo. As shown in Tab. 2, we present
the comparative experimental results on the WOD. It can
be observed that GeoFormer achieves state-of-the-art per-
formance on WOD. For the newly proposed transformer-
based architecture PTv3 [46], we outperform L2 mAP by
1.01, 2.02, and 4.92 for the Vehicle, Pedestrian, and Cy-
clist, respectively. Even for the For the two-stage detector
OcTr [56], GeoFormer also demonstrates even better per-
formance, with L2 mAP 4.32, and 5.32 higher for Pedes-
trian and Cyclist, which are more challenging objects, re-
spectively. This indicates the effectiveness of our proposed
model on challenging scenarios, demonstrating that Geo-
Former, by learning geometric features of raw point clouds,
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Table 5. Impact of GPE on the performance of existing Voxel-
based detectors.

Method mAP NDS
PillarNet ([32]) 55.3 64.2
PillarNet+GPE 58.9(+3.6) 66.1(+1.9)
DSVT ([43]) 66.2 70.9
DSVT+GPE 66.5(+0.3) 71.1(+0.2)
HEDNet ([52]) 66.5 70.9
HEDNet+GPE 67.0(+0.5) 71.4(+0.5)
SAFDNet ([53]) 66.2 70.8
SAFDNet+GPE 66.7(+0.5) 71.4(+0.6)
VoxelMamba ([54]) 67.2 71.5
VoxelMamba+GPE 68.2(+1.0) 72.4(+0.9)

can retain more fine-grained information. Even for objects
with sparser point clouds, the remaining points can effec-
tively showcase their geometric structures.
Results on Argoverse 2. As shown in Tab. 3, we
present the evaluation results of GeoFormer on Argoverse
2, demonstrating the effectiveness of our method in ultra-
long range detection scenarios. Among all previous detec-
tors, our method shows the best performance. Compared to
SAFDNet [53] in which we use the same sparse detection
head, GeoFormer achieves 2.0 mAP improvement, demon-
strating GeoFormer’s powerful detection capability.

4.4. Ablation Experiments
4.4.1. Effectiveness of GeoFormer
To demonstrate the effectiveness of our proposed Geo-
Former in extracting geometric information, we constructed
four different feature extractors for voxels for a compre-
hensive comparison: MLP, Mamba, Transformer, and Ge-
oFormer. In these comparisons, MLP, Mamba, and Trans-
former represent direct inputs of tokens, formed by points
within voxels after Point Embedding. As shown in Tab.
4, GeoFormer achieved the best results. We observe that
using more powerful feature encoders consistently outper-
forms the original MLP-based method, proving that encod-
ing finer-grained voxel features is crucial for subsequent
detection tasks. Due to its inherent RNN architecture,
Mamba’s performance is slightly inferior to Transformer,
as it relies on the input sequence’s order. And compared
to the original Transformer architecture, GeoFormer sur-
passes it in three categories of AP by 0.62, 1.65, and 0.85,
respectively. These results demonstrate that GeoFormer en-
hances the expression of geometric information by intro-
ducing edge weighting.

4.4.2. Enhancements to Voxel-based Methods
To demonstrate the effectiveness of our model, we applied
GPE to detection architectures with various backbone net-
works, including PillarNet, DSVT, HEDNet, SAFDNet,

Table 6. Ablation Experiments of Different Graph Construction
Thresholds.

θmin θmax Voxel Size mAP NDS
Max(dij) -

(0.3,0.3,8.0)

66.4 70.8
0.2 0.5 66.0 70.2
0.5 1.5 66.3 70.5
0.5 2.0 66.7 71.4
0.8 2.0 66.5 71.0

Table 7. Ablation Experiments of Previous Voxel Encoder. PP
indicates CenterPoint-Pillar [51].

Method mAP NDS Latency Param.
PP ([21]) 48.6 57.3 30 ms 68.70 M
PP+Dyn ([32]) 48.9 57.8 29 ms 68.70 M
PP+TANet ([25]) 49.9 58.5 34 ms 68.77 M
PP+GPE 51.8 60.5 38 ms 69.70 M

and VoxelMamba. To ensure a fair comparison, only the
voxel feature coding module in both baselines is replaced
with GPE, while the rest of the architecture remains un-
changed. The results presented in Tab. 5 demonstrate that
the incorporation of GPE leads to substantial performance
enhancements across various detector architectures, includ-
ing Transformer-based (e.g., DSVT), CNN-based (e.g.,
SAFDNet), and SSM-based (e.g., VoxelMamba) models.
Specifically, in the PillarNet detector, a 3.6 mAP improve-
ment is achieved. This highlights the generalizability of
GPE as a ”plug-and-play” module, capable of enhancing
the performance of various voxel-based detectors.

4.4.3. Ablation Experiments of Different Graph Con-
struction Thresholds

We compare different graph construction thresholds on the
nuScenes. As shown in Tab. 6, GeoFormer achieves
the highest accuracy when the threshold is set between
[0.5, 2.0]. The term Max(dij) represents a fully connected
graph, where all points are interconnected and the edges
have a weight of 1. However, when the θmax is reduced,
many points become disconnected, leading to a decline in
performance. This outcome suggests that long-range depen-
dencies are essential for effectively extracting geometric in-
formation. Additionally, when the θmax threshold remains
fixed at 2, lowering the θmin further enhances performance,
indicating that considering relative distances in the compu-
tation of attention scores is beneficial.

4.4.4. Ablation Experiments of Previous Voxel Encoder
We compare our method with previous voxel encoders on
the nuScenes, as shown in Tab. 7. GPE consistently out-
performs current methods, exceeding the previous best by
1.9 mAP and 2.0 NDS on nuScenes. These results strongly
validate the effectiveness of GeoFormer in extracting fea-
tures by modeling the geometric relationships within voxel
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Table 8. Ablation studies on the number of layers of the Geo-
Former.

Method mAP NDS Latency Param.
1 51.2 60.0 36 ms 68.93 MB
2 51.8 60.5 38 ms 69.70 MB
3 51.8 60.5 41 ms 70.47 MB
4 51.7 60.4 46 ms 71.24 MB

Table 9. Experimental results at larger voxels. Here, “size” refers
to the voxel size, “PP” refers to CenterPoint-Pillar [51].

Method Size 3D AP/APH(L2)
Vehicle Pedestrian Cyclist

PP
0.32

56.91/56.36 58.66/48.19 57.01/55.66
PP+GPE 59.02/58.57 63.07/54.51 62.14/60.91
Improvement +2.11/+2.21 +4.41/+6.32 +5.13/+5.25
PP

0.64
57.69/57.05 50.24/39.30 44.66/41.63

PP+GPE 60.18/59.64 60.68/52.91 60.75/59.51
Improvement +2.49/+2.59 +10.44/+13.61 +16.09/+17.88

point clouds, demonstrating a clear advantage over earlier
approaches that rely on simply stacking attention layers.

4.4.5. Analysis of Model Efficiency
To evaluate the runtime efficiency of Geometry Point En-
coder (GPE), we compared it with existing voxel encoders
in terms of parameter count and latency. As shown in Tab.
7, GPE significantly enhances model performance while
maintaining similar parameter counts and inference speeds
to other encoders. Compared to TANet [25], GPE achieves
a 1.9 mAP improvement with only a 4 ms increase in la-
tency and an additional 0.93 MB in parameters. These re-
sults demonstrate that GPE can seamlessly replace exist-
ing voxel encoders without introducing significant compu-
tational overhead or parameter increases.

4.4.6. Ablations on the number of layers of GeoFormer
We analyzed the impact of different numbers of GeoFormer
layers in GPE on model performance,and the results are
shown in Tab. 8. We can notice that 2 layers are enough to
model the geometric relations among intra-voxel points. In-
creasing the number of layers further does not significantly
improve performance and instead introduces a substantial
computational overhead.
4.4.7. Ablation Experiments of Different Voxel Sizes
We conducted ablation experiments to evaluate the impact
of varying voxel sizes. As detailed in Tab. 9, we observe
a pronounced accuracy decline in PP as the voxel size in-
creases from 0.32 to 0.64, particularly for Pedestrian and
Cyclist. However, the integration of our GPE significantly
enhances performance, with AP improvements of 10.44 for
Pedestrians and 16.09 for Cyclists at a voxel size of 0.64.
These findings emphasize the critical role of robust voxel
encoders in detection tasks and validate GPE’s efficacy in
preserving intricate geometric structure information.

(a)

(b)

Figure 3. Visualization results on the WOD validation set.

4.5. Visualization

We visualize the detection results of Waymo Open datasets
in Fig. 3. As shown in the red box in the figure, thanks to
GeoFormer’s ability in efficiently encoding the geometric
relations of raw point clouds, more fine-grained local spatial
details are preserved, allowing it to effectively detect some
hard cases.

5. Conclusion

In this paper, we propose GeoFormer, a 3D detector based
on Graph-based Transformer. To better understand the
point cloud scene, we propose the Geometry Point Encoder
(GPE), a novel voxel feature extraction strategy to capture
the geometric structure of points within voxels. We use
graph representations to capture the relationships between
points within voxels. And we introduce GeoFormer, which
enhances attention scores by incorporating edge features,
effectively preserving the crucial edge information. Addi-
tionally, GPE is an effective component in enhancing the
capabilities of existing voxel-based methods, and it signifi-
cantly outperforms previous voxel encoders. Finally, exper-
imental results on several outdoor point cloud benchmarks
demonstrate the effectiveness and robustness of GeoFormer.
In the future, we are committed to exploring the potential
of GeoFormer to further enhance feature extraction and im-
prove the performance of 3D Detection.
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