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Abstract— We present a new 3D point-based detector model,
named Shift-SSD, for precise 3D object detection in autonomous
driving. Traditional point-based 3D object detectors often
employ architectures that rely on a progressive downsampling
of points. While this method effectively reduces computational
demands and increases receptive fields, it will compromise the
preservation of crucial non-local information for accurate 3D
object detection, especially in the complex driving scenarios.
To address this, we introduce an intriguing Cross-Cluster
Shifting operation to unleash the representation capacity of
the point-based detector by efficiently modeling longer-range
inter-dependency while including only a negligible overhead.
Concretely, the Cross-Cluster Shifting operation enhances the
conventional design by shifting partial channels from neigh-
boring clusters, which enables richer interaction with non-
local regions and thus enlarges the receptive field of clusters.
We conduct extensive experiments on the KITTI, Waymo, and
nuScenes datasets, and the results demonstrate the state-of-the-
art performance of Shift-SSD in both detection accuracy and
runtime efficiency.

I. INTRODUCTION

Object detection in the 3D point clouds plays a critical
role in the fields of robotics and autonomous driving systems,
allowing for accurate recognition and localization of objects.
Given the sparseness and lacking topological information
on point clouds, the existing approaches can be mainly
categorized by their representations: point-based [1], [2],
[3], [4], [5] and voxel-based approaches [6], [7], [8], [9],
[10], [11], [12]. Voxel-based approaches typically employ
either hard or dynamic voxelization [13] and then leverage
the strengths of convolutional layers to enlarge the receptive
fields rapidly. Though efficient and effective, the voxeliza-
tion process inherently leads to a loss of geometry due to
irreversible quantization. Additionally, the performance is
considerably influenced by the voxel scale. In contrast, point-
based approaches have demonstrated their ability to preserve
the intrinsic geometry of point clouds and provide enhanced
runtime efficiency [14], [15], [16], [2], [4].

However, one challenge for point-based methods is bal-
ancing the degree of aggressive downsampling to save com-
putational costs [17] while not severely losing information
for accurate predictions. The commonly employed set ab-
straction (SA) layers [16], as well as their variations [18],
[19], [20], [21], primarily focus on modeling local features
for clustered points within a pre-defined spherical region.
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Fig. 1: 3D point-based object detector commonly process
point cloud data by first grouping points (denoted as orange)
around the selected cluster points (denoted as red) and
then summarizing the local points’ geometric patterns into
the cluster points’ features. Our proposed Shift-SSD builds
interactions among the independently learned ball regions
via Cross-Cluster Shifting. Shifting partial channels of the
extracted features from blue to red leads to better intra-
instance learning, and from blue to green resulting in more
discriminative cross-instance learning.

Unlike the traditional convolution operations that extract
features through a sliding window, these methods strug-
gle to effectively share information among point clusters
grouped by balls, reminiscent of the constraints observed
in sparse convolution [22]. Neglecting interaction between
neighborhood cluster points leads to inferior feature prop-
agation, further limiting the model representation capacity.
The downsampling procedures further exacerbate the loss
of information. Hybrid approaches [23], [24], [25], [26],
[13] attempt to deal with this problem by introducing voxel
representation to quickly enlarge the receptive fields with
sparse convolution layers [27]. While these strategies have
demonstrated some advancements, the additional memory
and computational overhead remain significant concerns.

Motivated by the above analysis, we aim to attach more
capability for feature interactions and information integration
for point-based approaches. Inspired by the TSM [28] and
ShuffleNet [29], we propose a novel point-based 3D detector,
named Shift-SSD. Compared to TSM, which allows features
to propagate along the temporal dimensions, and ShuffleNet,
which helps information flow across channels, our proposed
Cross-Cluster Shifting enables efficient feature propagation
among cluster points. As illustrated in Fig. 1, features
captured in different clusters extracted independently within
grouped ball regions are exchanged and integrated to build
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long-range dependency, achieving the expansion of receptive
fields. Compared with previous point-based approaches, our
Shift-SSD armed with the proposed Cross-Cluster Shifting
achieves remarkable improvement in 3D object detection,
especially on the large-scale dataset regime. We conduct
extensive experiments on the three datasets of KITTI Object
Detection Benchmark [30], Waymo [31], and nuScenes [32]
datasets, and the reported superior performance justifies the
effectiveness of our method.

In summary, our contributions reside as follows:
• We present an interesting information exchange scheme

for 3D point-based object detectors, empowered with
our simple yet effective Cross-Cluster Shifting. By effi-
ciently modeling the correlation among the locally ex-
tracted features of clusters, the proposed Cross-Cluster
Shifting expands the receptive fields with better infor-
mation capture ability.

• We exhibit how the information exchange strategy
boosts our proposed detector, and provide thorough
analyses on our proposed Cross-Cluster Shifting.

• Extensive experiments on three datasets of KITTI [30],
Waymo [31], and nuScenes [32] demonstrate the supe-
riority of our proposed Shift-SSD, in achieving state-of-
the-art performance among existing point-based detec-
tors while enjoying competitive inference speed.

II. RELATED WORK

Point-based Detectors Point-based representation is the
most straightforward way to represent a point cloud without
the process of voxelization. PointRCNN [1], [33] exploits
voxel representation for initial bounding boxes generation
and raw point clouds for second-stage refinement. Mean-
while, STD [5] conversely generates proposals from sparse
point cloud input. These works follow a similar pipeline that
first selects some farthest samples as cluster points to reduce
the computational costs and apply PointNet++ [16] or its
variants [18], [34], [19], [35], [36], [37], [38], [39], [40] as
the backbone for predictions. Besides, 3DSSD [2] combines
D-FPS with their proposed F-FPS to improve the quality
of cluster point selections. IA-SSD [4] and SASA [14]
further incorporate their proposed learning-based class-aware
sampling strategies with D-FPS for better efficiency. Our
method also belongs to a point-based approach and focuses
on enhancing point representation learning via the feature
propagation procedure.
Voxel-based Detectors Voxel representation is commonly
used in 3D object detection since it converts the irregular
data representation into a structural data format. With this,
traditional convolution architecture can be directly applied
for efficiency. VoxelNet [6] is one of the pioneering works
that combine learning-based voxel-wise feature extraction
followed by dense 3D convolution. PointPillar [7] simplifies
the dense 3D convolution with 2D convolution on the BEV
space, which greatly improves the efficiency and saves the
memory cost. Further, some extensions [9], [27], [10], [42],
[8], [43], [44], [45], [46], [47], [48], [49], [50], [51], [52],
[53] are proposed based on the hierarchical feature learning

to enhance the voxel-wise features with geometry guidance.
Most of these works utilize sparse convolution [27] to
improve the efficiency of the sparsity. Voxel-RCNN [10] and
its variants [54] take the merits of two-stage frameworks to
further refine the predictions.
Hybrid Detectors Currently, more and more works pay
attention to the fusion between different representations,
including range views, point representation, and voxel rep-
resentation. Works [25], [24], [55], [56], [57], [58], [59],
[60], [61], [62], [63] aim to integrate the merits of mul-
tiple representations. The general pipeline for this kind of
work is to utilize sparse convolution [27], [64], [65] or
convolution for voxel-wise feature extractions and refine the
predictions with point-wise geometry learning. Point-wise
and voxel-wise representations are simultaneously exploited
for efficiency and performance. Moreover, transformer-based
approaches [66], [67], [68], [69], [70], [71] are further
proposed for better cross-representation fusion. Compared
with traditional attention layers, VoTr [67] utilizes local
attention and dilated attention mechanisms to capture the
multi-scale context information at the sparse voxel level
while alleviating the computation cost in the query process.
Exploring the direction of building a hybrid detector with
our Shift-SSD is left for future work.

III. METHOD

A. Overview

The overall architecture of the proposed Shift-SSD is
shown in Fig. 2. It consists of the backbone network for
cluster point feature extraction and the box prediction net-
work to produce detected boxes. The backbone network takes
the raw point clouds as input and processes them with a
stack of our proposed Shift Set Abstraction (SSA) modules
to summarize features into a small subset of points. Then,
the prediction network will first generate the candidate points
by adding the predicted offsets to the cluster points and
further aggregate features into the candidate points. Finally,
the candidate points with the aggregated features will be sent
to the regression and classification heads to predict the 3D
bounding boxes with corresponding class labels.
Backbone Network Several SSA modules are sequentially
applied onto the input points to progressively downsample,
achieving efficiency and producing point subsets (cluster
points) with representative features. Each SSA comprises
Cluster Point Selection, Ball Grouping, Set Feature Extrac-
tion, and Cross-Cluster Shifting layers.
Box Prediction Network The Box Prediction Network will
first follow the VoteNet [41] to generate the candidate points
by predicting offsets that move the downsampled cluster
points toward the instance centers. The candidate points are
then considered as the selected cluster points to pass into
a SA layer [16] to aggregate instance-level features for box
prediction. The eventual aggregated instance features are sent
to the regression head and classification head to predict with
the 3D bounding boxes. The 3D bounding box proposals are
post-processed by 3D NMS with a defined IoU threshold.
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Fig. 2: The upper part of the figure presents the overall model architecture of the Shift-SSD and the detailed design of
our SSA module. Shift-SSD comprises the Backbone Network and the Box Prediction Network. The Backbone Network
takes raw point clouds as input and then conducts downsampling with a stack of our proposed SSA modules to summarize
representative features into a point subset. As illustrated in the lower part of the figure, each SSA module applies Cluster
Point Selection, Ball Grouping, and Set Featrure Abstraction to summarize local region features into cluster points. Followed
by our proposed Cross-Cluster Shifting, it enhances the features by exchanging information among independently learned
ball regions. The following Box Prediction Network first predicts offsets to shift cluster points towards instance centers with
the Vote Layer [41], later using a Set Abstraction Layer to aggregate features. Lastly, the aggregated features are fed to the
prediction head to generate bounding boxes with class labels.

B. Shift Set Abstraction
Existing point-based 3D detection frameworks mostly

inherit the PointNet series [72], [16] for processing the
raw point cloud data. The intrinsic factor that prompts
effective geometric feature learning for these frameworks
is the flexible receptive field achieved by their proposed
Set Abstraction (SA) layer. However, the original design of
the SA layer only extracts features for cluster points within
the ball regions under the predefined radii, and the learning
processes of clusters are independent of each other within a
layer, as illustrated in Fig. 1. We assimilate the sake of the SA
layer and propose to leap forward with our proposed module,
denoted as Shift Set Abstraction (SSA), to model longer-
range dependencies by diffusing local geometric information
among clusters with the operation of Cross-Cluster Shifting,
as presented in the lower part of Fig. 2.
Set Abstraction Given a set of input points P = {p1, ..., pn}
for each SA layer, the Cluster Points Selection utilizes the
sampling operation of D-FPS [72] or Ctr-S [4] to obtain
the representative cluster points. To capture local geometric
patterns and further summarize them to cluster points, Ball
Grouping is first applied to sample the neighbors for each
cluster point. Then the Set Feature Abstraction, consisting
of an MLP layer and a reduction operation, is conducted
within each independently grouped region to summarize
local geometric features. These summarized features of each
cluster point are considered the information carrier of their
representative ball regions. We obtain multi-scale features

for cluster points by applying the similar aforementioned
process through setting different radii for the Ball Grouping.
We denote the summarized cluster features extracted under
the radius of r as xr

i . The features that summarize under
different radii will be concatenated and then fusion with an
MLP. The Set Abstraction can be formulated as

xr
i = R(F([xk, pk − pi])|k = 1, ...,K), (1)

xa
i = A([xr

i |r = 1, ..., R]), (2)

where pi represents the cluster point. pk is the neighbor
point of pi and is sampled within the ball region, which
is defined by radius r. xk are the features of neighbor point
pk. F represents the MLP for extracting features under the
scale r, which takes the concatenation of xk and the relative
coordinate of pk − pi as input and output with neighbor
features. Later the neighbor features are summarized with
the reduction layer R (max-pooling) as the cluster’s local
geometric features, denoted as xr

i . As shown in Eqn. 2,
the summarized cluster features xr

i of different scales are
concatenated and further fused by an aggregation layer (an
MLP denoted as A).
Motivation As illustrated in Eqn. 1, we observed the clus-
ter point features xr

i are independently extracted within
a limit ball region constrained by r. The prior work of
ShuffleNet [29] helps the information flow among channel
groups with the channel shuffle operation and TSM [28] en-
ables temporal modeling by shifting channels across frames.
Motivated by the observed limitation in the traditional design
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Fig. 3: The pipeline of the Cross-Cluster Shifting. The cluster
features in the center is in red. As shown on the left of
the figure, we first utilize the farthest neighbor sampling
to obtain its farthest neighbor in blue within the range of
r′. Then, Cross-Cluster Shifting is conducted to exchange
partial features from the farthest neighbor to the cluster
features. The resulting fused features in yellow are obtained
by passing through two Conv layers, followed by an average
pooling operation.

and the existing works, we introduce the novel Cross-Cluster
Shifting to the Set Abstraction, which actualizes the inter-
dependency modeling among those independently learned
cluster points, as shown in the lower part of Fig. 2.
Farthest Neighbor Sampling We design the Cross-Cluster
Shifting to conduct interaction for the cluster points pi with
each of their farthest neighbors denoted as pf to incorporate
more information from their surrounding environment. Given
the cluster points are downsampled through D-FPS [72] or
Ctr-S [4], they are sparser (spatially farther from each other).
Therefore, the range defined by radius r′ for searching the
farthest neighbors should be larger in order to form a diverse
neighbor cluster points set and later pick the farthest one
from it. As shown on the left of Fig. 3, we utilize the
ball-query operation, the same as the one conducted in Ball
Grouping [16], by first randomly sampling K neighbors
within a larger range of r′ for each cluster point and then
picking the farthest one among these sampled neighbors.
The pairing between each cluster and its farthest neighbor is
shared across the multi-scale branches. Note that the farthest
neighbor sampling is defined with the same radius of r′

as the one used in the later SSA module, such that the
formed neighbor cluster points set can be reused for saving
computation. We analyze the effectiveness of the selection
strategy that picks the farthest neighbor of each cluster point
to interact with in Section IV.
Cross-Cluster Shifting To propagate the cluster-level in-
formation between the cluster and its farthest neighbor, we
reserve an information-shared features space with s channels
for each cluster point feature xr

i to shift in the information
stored in its farthest neighbor xr

f . As shown at the right
of Fig. 3, we first apply the gather operation to obtain
the features with s channels from the farthest neighbors
corresponding to each cluster point. Then, we shift these
features from the farthest neighbors toward the information-
shared region of each cluster point. We further pass these
features into a two-layer MLP to interact the shift-in features
with the remaining features that store the local geometric
information, as illustrated in Fig. 3. To maintain the local

geometric feature learning capacity of the cluster point, we
insert the Cross-Cluster Shifting into the residual branch
followed by taking the average on the resulting features with
the input features of xr

i . The Cross-Cluster Shifting is formed
as follows:

hr
i = AVG(MLP([xr

f [: s],x
r
i [s :]]),x

r
i ), (3)

where hr
i are the enhanced cluster features output from the

Cross-Cluster Shifting. hr
i will then be activated by ReLU

after Eqn. 3.
We rewrite the aggregation layer defined in Eqn. 2 as

ha
i = A([hr

i |r = 1, ..., R]), (4)

where ha
i is the input for the next Shift Set Abstraction layer.

C. End-to-end Learning

We train Shift-SSD in an end-to-end training manner. The
overall loss function consists of centroid offset loss Loffset,
classification loss Lcls, and box regression loss Lbox:

L = λ1Loffset + λ2Lcls + λ3Lbox. (5)

Loffset, is calculated by smooth-L1 to supervise the Vote
layer [41] to regress the clusters’ offsets towards the instance
centroids. We utilize cross-entropy loss in Lcls for training
the classification of bounding boxes. We apply the box
regression loss Lbox as [2], [4], which constitutes losses for
regressing location, box size, angle, and distance to corner:

Lbox = δ1Lloc + δ2Lsize + δ3Langle + δ4Lcorner. (6)

For the hyper-parameters of different losses, we follow [2],
[4] to set [λi]i∈{1,2,3} and [δj ]j∈{1,2,3,4} as 1.0.

IV. EXPERIMENTS

We conduct experiments to evaluate our model using three
well-known benchmarks: the KITTI [30], Waymo [31], and
nuScenes [32] datasets.

A. Implementation Details and Results

KITTI dataset provides 80K labeled 3D objects over 15K
LiDAR samples. Following the predecessors, we employ the
same protocol to preprocess the point cloud data before
training. Subsequently, we adopt settings on network depth
and width for our Shift-SSD similar to [16], [4], [2], [40] by
stacking our SSA modules to sequentially downsample input
point clouds to 4096 → 1024 → 512 → 256 points, and si-
multaneously extract point-wise features under two different
scales. The shifting ratio is empirically set as 1/8, the best
one we select from {1/16, 1/8, 1/4, 1/2} by evaluations, to
leverage information propagation across clusters for feature
enhancement. Totally, we train the network in an end-to-end
manner for 80 epochs using the ADAM optimizer [78] and
One-cycle [79] lr scheduler with a maximum of 0.01 on a
single NVIDIA GeForce RTX3090 GPU.

As shown in Tab. III, we follow the official metric to com-
pute AP3D score recalling 40 positions with IoU thresholds
set to 0.7, 0.5, and 0.5, respectively for Car, Pedestrian, and
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TABLE I: Quantitative comparison on the Waymo validation set. Our results are shown in bold, and the best results of each
category are underlined.

Method Vehicle (LEVEL 1) Vehicle (LEVEL 2) Ped. (LEVEL 1) Ped. (LEVEL 2) Cyc. (LEVEL 1) Cyc. (LEVEL 2)
mAP mAPH mAP mAPH mAP mAPH mAP mAPH mAP mAPH mAP mAPH

PointPillars [7] 60.67 59.79 52.78 52.01 43.49 23.51 37.32 20.17 35.94 28.34 34.60 27.29
SECOND [27] 68.03 67.44 59.57 59.04 61.14 50.33 53.00 43.56 54.66 53.31 52.67 51.37

Part-A2 [73] 71.82 71.29 64.33 63.82 63.15 54.96 54.24 47.11 65.23 63.92 62.61 61.35
PV-RCNN [25] 74.06 73.38 64.99 64.38 62.66 52.68 53.80 45.14 63.32 61.71 60.72 59.18

IA-SSD [4] 70.53 69.67 61.55 60.80 69.38 58.47 60.30 50.73 67.67 65.30 64.98 62.71
DBQ-SSD [40] 71.58 71.03 64.13 63.61 69.18 58.47 60.22 50.81 68.29 66.01 66.09 63.86

Shift-SSD (Ours) 74.15 73.6 65.1 64.6 72.36 62.31 63.41 54.53 68.24 66.42 66.06 64.29

TABLE II: Quantitative comparison on the nuScenes validation set. Our results are shown in bold, and the best results of
each category are underlined. † denotes results derived from [2] and ∗ indicates training conducted by us.

Method mAP Car Ped. Bus Barrier TC Truck Trailer Motor Cons. Veh. Bicycle
SECOND† [27] 27.12 75.53 59.86 29.04 32.21 22.49 21.88 12.96 16.89 0.36 0.0
PointPillars† [7] 29.5 70.5 59.9 34.4 33.2 29.6 25.0 20.0 16.7 4.5 1.6

3DSSD [2] 42.66 81.20 70.17 61.41 47.94 31.06 47.15 30.45 35.96 12.64 8.63
IA-SSD∗ [4] 42.23 71.91 64.36 66.90 48.40 29.23 45.49 31.50 34.74 15.36 14.32

Shift-SSD (ours) 44.39 72.64 68.80 67.79 51.13 30.32 46.86 34.01 37.73 17.69 16.92

TABLE III: Quantitative comparison on the KITTI test set
at Moderate level. All results are evaluated via the official
evaluation server. Our results are shown in bold, and the best
results of each category are underlined.

Method Car Mod. Ped. Mod. Cyc. Mod.
(IoU=0.7) (IoU=0.5) (IoU=0.5)

Vo
xe

l-
ba

se
d SECOND [27] 75.96 35.52 60.82

PointPillars [7] 74.31 41.92 58.65
SA-SSD [74] 79.79 - -

TANet [75] 75.94 44.34 59.44
Part-A2 [73] 78.49 43.35 63.52

Po
in

t-
Vo

xe
l STD [5] 79.71 42.47 61.59

PV-RCNN [25] 81.43 43.29 63.71
HVPR [76] 77.92 43.96 -

VIC-Net [77] 80.61 37.18 63.65

Po
in

t-
ba

se
d PointRCNN [1] 75.64 39.37 58.82

3DSSD [2] 79.57 44.27 64.10
IA-SSD [4] 80.13 39.03 61.94

DBQ-SSD [40] 79.39 38.08 62.80
Shift-SSD (Ours) 81.65 36.74 63.13

Cyclist, under Moderate difficulty level. Our proposed Shift-
SSD achieves outstanding detection performance among
methods of the same point-based genre, with the best results
in Car that even surpass several point-voxel and voxel-based
counterparts. Specifically, we outperform the SOTA efficient
method IA-SSD [4] and DBQ-SSD [40] in Car by 1.52% and
2.26%, and in Cyclist by 1.19% and 0.33%, respectively.
Waymo dataset is larger in scale compared to KITTI
and contains 12M 3D annotations distributed in 200K 360-
degree LiDAR samples with higher point density, capturing
more complex scenes. Therefore, we follow [4], [40] to
quadruple the number of sampled points after each SSA
module, i.e. 16384 → 4096 → 2048 → 1024, while keeping
the remaining network configuration unchanged. We then
train our Shift-SSD for 30 epochs using similar optimization
settings as for KITTI on 4 NVIDIA GeForce RTX3090 GPU.

To evaluate, we compute two official metrics mAP and
mAPH both with IoU threshold of 0.7 for Vehicle and 0.5 for
Pedestrian and Cyclist, under two difficulty levels. Results

shown in Tab. I highlight the superiority of our Shift-SSD
regardless of categories, levels, and metrics. Pointedly, we
outperform IA-SSD [4] by 3.59%, 3.05%, and 0.83% in
mAP, and 3.87%, 3.82%, and 1.35% in mAPH, averaging
by difficulty levels for Vehicle, Pedestrian, and Cyclist re-
spectively. Similar performance gains can also be observed
compared to DBQ-SSD [40]. These advancements indicate
that the more complex the input pointclouds, the better our
Shift-SSD performs.

nuScenes is another large-scale dataset providing 1.4M
annotated 3D boxes for 40K keyframes and 390K LiDAR
sweeps but has a more diverse set of 10 object categories
compared to Waymo and KITTI. We adopt the same point-
cloud preprocessing from [2] and adjust the prediction head
to detect 10 classes while keeping the rest of network config-
uration unchanged as in Waymo experiments. Our Shift-SSD
is then trained for 20 epochs using similar optimization and
environment settings as in Waymo.

As shown in Tab. II, we follow the official metric to
compute AP3D score for each object category and the
overall mAP . Our Shift-SSD obtains the best overall mAP
score of 44.39%. We respectively surpass other point-based
correlates including IA-SSD [4] and 3DSSD [2] by substan-
tial margins of 2.16% and 1.73%. Particularly, we largely
exceed the performance of 3DSSD in the majority of classes
such as Bicycle (8.06%), Bus (6.38%), Construction Vehicle
(5.05%), and Trailer (3.56%). For the baseline IA-SSD, we
outperform its results in all categories; for instance, Ped.
(4.44%), Motor (2.99%), and Barrier (2.73%). These further
highlight the performance of our Shift-SSD when dealing
with challenging cases.

Visualization Qualitative detection results achieved by Shift-
SSD on the Waymo [31] dataset are selected and shown in
Fig. 4 for illustration.
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Fig. 4: Qualitative results achieved by Shift-SSD on the validation set of the Waymo Open Dataset [31]. Note that the
Ground-truth bounding boxes are shown in red, the detected Vehicles’ are in yellow, the Pedestrians’ are in green, and the
Cyclists’ are in cyan.

TABLE IV: Ablation study on different shifting ratios.

Ratio 0 1/16 1/8 1/4 1/2
AP 69.08 69.07 70.27 68.72 69.08

TABLE V: Ablation study on different strategies to select
the neighbor cluster to apply cross-cluster shifting.

Selection APMulti|Easy APMulti|Mod. APMulti|Hard

Feats Scale 77.75 (-1.71) 67.95 (-2.32) 64.76 (-2.28)
Nearest 78.54 (-0.92) 69.49 (-0.78) 65.84 (-1.20)

Points Num 78.96 (-0.50) 69.88 (-0.39) 66.78 (-0.26)
Farthest 79.46 70.27 67.03

B. Ablation Studies

This section reports the ablation study conducted on the
KITTI dataset [30]. To reflect the performance under differ-
ent difficulty levels, we evaluate the model by APMulti|Easy,
APMulti|Mod., and APMulti|Hard, defined by taking the
average mAP across classes under Easy, Moderate, and Hard
difficulties, respectively.
Hyper-parameters Study. As shown in Tab. IV, we evaluate
the varied shifting proportions of channels and find that
shifting 1/8 ratio works best for fusing the local spatial
features with the shifting features from the neighbor.
Selection Strategies on Clusters for Shifting. As described
in Section III-B, we measure the importance of neighbor
clusters for applying cross-cluster shifting based on distance.
Specifically, we select the farthest neighbor from the point
set sampled within a ball region of the centering cluster
point. We also consider different strategies other than Far-
thest Neighbor Sampling (denoted as Farthest in Tab. V) in
selecting the cluster to apply Cross-Cluster Shifting. As a
counterpart of Farthest Neighbor Sampling, we experiment
with Nearest Neighbor Sampling, denoted as Nearest in
Tab. V. Besides, we consider making a selection on neigh-
bors to apply Cross-Cluster Shifting based on the scale of
the features (calculated by taking mean along channel dimen-
sion), denoted as the “Feats Scale in Tab. V.” Another way
to measure the cluster importance is based on the number
of points that the neighbor clusters are summarized from.
As shown in Tab. V, we empirically found that selecting the
farthest cluster to apply for cross-cluster shifting leads to the
best performance.
Effectiveness Study. As shown in Tab. VI, we evaluate the
effectiveness of our proposed Cross-Cluster Shifting (CS)
against different exchanging schemes including concatena-

TABLE VI: Ablation study on different exchanging opera-
tions.

Ex. Op. APMulti|Easy APMulti|Mod. APMulti|Hard

None 79.13 (-0.33) 69.08 (-1.19) 65.51 (-1.52)
Concat 78.16 (-1.30) 68.91 (-1.36) 65.11 (-1.92)

Avg 79.25 (-0.21) 69.08 (-1.19) 65.32 (-1.71)
Attn 78.83 (-0.63) 68.67 (-1.60) 65.26 (-1.77)
CS 79.46 70.27 67.03

TABLE VII: Efficiency evaluation. The number of learnable
parameters is denoted as “#Params”.

Method Latency (ms) #Params (M)
PointRCNN [1] 98.04 4.04

3DSSD [2] 90.91 2.51
IA-SSD [4] 43.48 2.70

Shift-SSD (Ours) 46.72 2.78

tion (Concat), averaging (Avg), single-head attention (Attn),
and no exchanging (None). It is noted that we use the
same network architecture as our Shift-SSD excluding the
exchanging design and employ the same neighbor cluster
selection strategy across experiments to ensure a fair com-
parison. Our CS achieves the best results, especially in
challenging cases of Moderate and Hard.
Efficiency Study. It is shown in Tab. VII that our Shift-SSD
is still lightweight and maintains a competitive efficiency
among point-based detectors.

V. CONCLUSION

We have presented a novel point-based 3D detector that
incorporates our proposed efficient Cross-Cluster Shifting
module. This approach not only boosts efficiency but also en-
hances accuracy through its cross-cluster modeling capabil-
ity. Diverging from traditional point-based object detectors,
which extract features within confined regions, our Cross-
Cluster Shifting facilitates seamless information exchange
between clusters. Leveraging these advancements, our Shift-
SSD outperforms its peers in terms of performance while
retaining optimal inference efficiency among all existing
point-based 3D methods.
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