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Abstract— Point cloud single object tracking is critical in
autonomous driving. However, current methods heavily rely on
frame-by-frame human annotations, which do not scale well
with the growing amount of unlabeled LiDAR data. In this
paper, we propose the first self-supervised point cloud single
object tracking framework, eliminating the need for any manual
labels. Our method integrates motion, geometry, and semantic
cues to generate plausible object proposals and tracks the target
using a predictive filter. Specifically, we generate pseudo labels
by clustering local motion patterns from scene flow, while pre-
training a proposal network using point cloud forecasting as
a proxy task to learn global motion patterns and geometric
shape priors. Then, we train the proposal network using the
initial pseudo labels and iteratively refine them by treating
semantic features as evolving prototypes in each training round.
Finally, a simple motion filter is employed to predict the target’s
current state based on its past dynamics. Evaluated on KITTI,
nuScenes, and Waymo, our self-supervised point cloud single
object tracking approach is on par with—and in some cases
outperforms—fully supervised trackers, demonstrating that self-
supervision is a scalable path forward for 3D single object
tracking.

I. INTRODUCTION

Single object tracking (SOT) in point clouds is fundamental
for autonomous driving perception [1], [2], [3], [4]. While
the proliferation of LiDAR sensors has made large-scale data
accessible [5], [6], [7], the reliance on expensive frame-by-
frame manual annotations limits the scalability of supervised
methods. This necessitates the development of effective label-
free tracking approaches.

SOT is commonly addressed by appearance matching
through Siamese networks developed from 2D image track-
ing [8], [9]. Building on this, self-supervised SOT methods
for camera inputs often combine Siamese architectures with
a “cycle training” strategy [10], [11], [12], as shown in
Fig. 1(a). These approaches typically generate a pseudo
ground truth in the first frame using optical flow, then train
the network forward and backward (e.g, “0->1->2->1->0”)
to obtain consistent supervision signals.

While most supervised SOT methods have extended from
2D image to 3D point cloud [13], [14], [15], [16], [17], [18],
[19], [20], [21], adapting the “cycle training” strategy for
self-supervised point cloud SOT faces two key challenges:
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Fig. 1: Comparison between current self-supervised 2D
SOT methods and our self-supervised point cloud single
object tracking (SPSOT) framework. (a) Siamese-based “cycle
training” for 2D images. (b) Our SPSOT framework.

1) Unlike dense image features, point clouds are sparse and
textureless, making appearance-based matching unreliable
without ground-truth labels. 2) End-to-end Siamese training
lacks intermediate supervision and fails when initial pseudo
labels are poor, which is a frequent issue in sparse 3D data
(e.g., 1/3 of Waymo objects have less than 38 points).

To address these issues, we propose a self-supervised point
cloud single object tracking (SPSOT) framework, illustrated
in Fig. 1(b). Instead of relying on a fixed target location
in the first frame, our method generates multiple proposals
per frame and employs a predictive motion filter to trace
the target trajectory. This approach is motivated by two key
observations: 1) While appearance features are unreliable
without labels, 3D motion is governed by physical laws and
can be robustly predicted. A simple motion filter can easily
discard implausible proposals. 2) This setup provides frame-
by-frame supervisory signals, making it easier to train a
proposal network than to train a full appearance-based tracker.

Specifically, we first cluster scene flow vectors to generate
pseudo labels, akin to how optical flow is used in 2D self-
supervised SOT [10], [11]. These pseudo labels are used to
train a proposal network that aims to “discover” plausible
target locations. However, we find that critical motion cues
exist only locally during clustering (i.e., nearby points with
similar motion are grouped as an object), and these local
dynamics are lost when the bounding boxes are passed
to the proposal network. We argue that broader, global
motion patterns should not be overlooked, as they reveal
contextual relationships between objects. To this end, we pre-
train our feature extractor using point cloud forecasting [22],
[23], a proxy task that captures temporal motion across the
scene. Inspired by the success of volume rendering in point
forecasting [24], [25], we incorporate ray-casting into this pre-
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training to enhance geometric understanding. To further refine
the proposal network, we feed high-level semantic features
back into the point cloud, treating them as discriminative
prototypes for re-clustering points with similar motion. This
enables an iterative refinement of the pseudo labels.

Our contributions are summarized as follows:
• We propose the first fully self-supervised point cloud

single object tracking framework, unifying motion,
geometry, and semantic information without human
annotations.

• We treat scene flows as local motion embeddings for
pseudo label generation and use point cloud forecasting
as a proxy task for learning global motion and geometry
structure awareness.

• We introduce semantic prototypes into the clustering
process to iteratively refine pseudo labels and improve
proposal network training.

II. RELATED WORKS

A. 2D Self-supervised single object tracking

Self-supervised 2D image SOT methods [10], [11], [12]
commonly follow the paradigm of generating a pseudo label
in the first frame and applying a “cycle training” strategy
(i.e., training forward and backward) to provide supervision
signals. These approaches build on the widely adopted
Siamese networks originally developed for fully supervised
2D SOT [8], [9]. They assume the pseudo label in the first
frame is reliable and focus on minimizing information loss
during cycle training. For example, [10] leverages a memory
queue to fuse search features across frames, while[11]
introduces a region mask to guide gradient propagation for
better feature selection.

Although it is common to extend 2D SOT methods to
3D point cloud tracking in fully supervised settings [26],
[27], [20], [28], [29], doing so in a self-supervised manner
is more challenging. As discussed earlier, the sparse and
low-frequency nature of point cloud data makes appearance
matching unreliable without human labels. Furthermore, the
lack of intermediate supervision in cycle training introduces
additional instability, especially in the early stages of training.

B. Self-supervised object discovery with point clouds

In our method, we train a proposal network to discover
potential target positions for the SOT task. This is related to
self-supervised object discovery [30], [31], [32], [33], [34],
which aims to discover traffic objects from raw point clouds
without human annotations. The core idea is to cluster the
point clouds to generate pseudo bounding boxes, which are
then used to train a detection network in a self-supervised
manner. For example, Wu et al. [33] incorporate shape priors
in box fitting, while other works[30], [32], [34] utilize scene
flow to capture motion patterns, based on the assumption that
points belonging to the same object exhibit similar motion
(i.e., rigid body motion).

Some methods [31], [32] further adopt iterative training
to generalize object discovery from moving to static objects

based on shared appearance features, aiming to detect all ob-
jects in a scene. In contrast, our approach focuses specifically
on enhancing discriminative features for moving targets, as
SOT primarily concerns objects in motion. We emphasize
learning semantic features that support the discovery of
dynamic targets, rather than static ones.

C. Self-supervised pre-training with point clouds

Self-supervised pre-training serves as a strong prior to
complement missing information or general patterns before
fine-tuning on the main task, in both 2D and 3D domains.
In 2D, contrastive learning [35], [36] and masked image
modeling [37], [38] are well-established approaches. These
techniques have been extended to 3D point clouds [39],
[40], [41], where the focus is typically on object-level
representation learning. However, such pre-training is less
effective for our SOT scenario, where understanding the global
motion of scene objects is crucial. To address this, we adopt
point cloud forecasting [22], [23], [24], [25] as a pre-training
proxy task. This approach captures temporal dynamics by
predicting future frames, thereby encoding meaningful motion
patterns. Additionally, ray-casting is commonly used in
volume rendering tasks such as novel view synthesis [42].
Khurana et al. [24] employ ray-casting to render occupancy-
based point clouds in a self-supervised fashion. Inspired
by this, we incorporate ray-casting into our pre-training to
jointly learn scene geometry with motion, which enhances
the representation power with geometric shape priors of the
feature extractor used in our SOT framework.

III. METHOD

A. Overview

The overall framework of our method is illustrated in Fig. 2.
For training the proposal network, we first perform Local
Motion-Guided Labeling, where point clouds are clustered
based on their local motion vectors to generate pseudo labels.
Simultaneously, we pre-train a feature extractor using point
cloud forecasting as a proxy task, enabling the network
to learn global motion patterns and geometric structures.
To enhance the quality of pseudo labels, we introduce an
iterative refining process. In each round, high-level semantic
features are assigned back to the point cloud as prototypes,
guiding improved clustering and training of the proposal
network. During the testing phase, the trained proposal
network generates potential target candidates in each frame.
A predictive motion filter is then applied to track the target by
estimating its state based on the object’s previous dynamics.

To better convey the motivation and internal logic of our
design, we first describe Local Motion-Guided Labeling in
Sec.III-B, followed by Global Motion and Geometry Structure
Learning in Sec.III-C. Finally, we detail the Iterative Semantic
Prototype Refining in Sec. III-D.

B. Local Motion-Guided Labeling

We begin by generating training pseudo labels for the
proposal network. Let the point cloud sequence captured by a
LiDAR sensor in autonomous driving scenarios be denoted as
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Fig. 2: Overview of our Self-Supervised Point Cloud Single Object Tracking (SPSOT) framework. (a) For training the
proposal network, we generate pseudo labels by clustering local motion vectors, pre-train the feature extractor to learn global
motion and geometry structures, and iteratively refine clustering with semantic prototypes. (b) To obtain tracking results, the
trained proposal network generates candidates, and a predictive filter tracks the target.

P1:T = {P1,P2, . . . ,PT } ∈ RT×N×3, where Pt represents
the point cloud at frame t, and N is the number of points
in each frame. Each point cloud Pt can be partitioned into
moving points Pm

t and static points Ps
t. Although the target

may occasionally be present in Ps
t (i.e., when it is temporarily

stationary), identifying it among static background points is
extremely challenging without annotations. Therefore, we
treat Ps

t as background and focus solely on the moving points
Pm

t . We argue that these occasional stationary frames do not
significantly hinder the learning of target representations, as
the majority of frames exhibit target motion. To identify Pm

t ,
we estimate scene flow vectors between consecutive frames.

Given two successive point clouds Pt,Pt+1 ∈ RN×3, our
goal is to estimate a scene flow Mt→t+1 ∈ RN×3, where
each vector describes the 3D motion of a point in Pt toward
its expected position in Pt+1. This flow estimation can be
performed using any self-supervised scene flow method; in
our case, we adopt SLIM [43]:

Mt→t+1 = FlowEstimation(Pt,Pt+1). (1)

However, scene flow vectors Mt→t+1 inherently entangle ego-
motion Mego

t→t+1 (i.e., the movement of the LiDAR platform
itself) and the motion of external objects Mobj

t→t+1, making
it difficult to isolate the true object motions. Fortunately,
open-source autonomous driving datasets often provide high-
precision ego-pose information via GNSS (RTK GPS), IMU,
and wheel encoders — data that does not rely on human
annotation. Using this, we decouple ego-motion from scene

flow. Assuming the ego-motion between frames t and t+ 1
is defined by a rotation matrix R ∈ SO(3) and a translation
vector t ∈ R3, we compute the ego-motion and object-motion
components as follows:

Mego
t→t+1 = R ·Pt + t−Pt,

Mobj
t→t+1 = Mt→t+1 −Mego

t→t+1.
(2)

With the object motion vectors Mobj
t→t+1 computed, we

concatenate each point’s physical position (x, y, z) with its
motion vector (∆x,∆y,∆z) to form a 6D feature. We then
apply DBSCAN [44] to cluster these features and generate
initial pseudo labels G̃:

G̃ = DBSCAN([Pt,M
obj
t→t+1]). (3)

It can be observed that, within each pseudo label, the
clustered points tend to share similar motion patterns within
local physical neighborhoods. These pseudo labels highlight
all moving objects in the scene and can serve as potential
proposals for the target. To eliminate unreasonable pseudo
labels, we follow the refinement strategy in [32], which
includes filtering out bounding boxes with implausible shapes
or abrupt appearances.

C. Global Motion and Geometry Structure Learning

As discussed earlier, the initial pseudo labels generated
via scene flow rely on local motion cues. However, once the
clustering is completed, this motion information is no longer
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retained. Since single object tracking (SOT) fundamentally
depends on understanding temporal continuity and motion,
we aim to embed such awareness into the feature extractor
of the proposal network. To this end, we pre-train the feature
extractor to learn both global motion dynamics and geometric
structures, enhancing its ability to capture spatiotemporal
context.

We choose point cloud forecasting as a proxy task for
this object mining process. Given a sequence of point
clouds {P1, ...,Pt−1,Pt,Pt+1, ...,PT }, the task involves
predicting future frames Pfut = {Pt+1, ...,PT } from past
observations Pprev = {P1, ...,Pt−1,Pt}. This setup allows
the model to learn temporal motion features via an au-
toregressive encoding-decoding process. To simultaneously
capture geometric structure, we avoid directly predicting
future point coordinates. Instead, inspired by [24], we predict
an occupancy probability field and reconstruct point clouds
via differentiable ray-casting.

Let Fθ denote the feature extractor (with parameters θ) and
Hw the occupancy prediction head. We estimate occupancy
probabilities over a voxelized grid v as:

Ô(v) = Hw(Fθ(Pprev)), (4)

where Ô(v) : R3 → [0, 1]. Next, rays of the form r(s) =
o+ sd, s ≥ 0, with origin o ∈ R3 and direction d ∈ S2, are
cast through the occupancy field. The probability of the ray
terminating at voxel vi is computed as:

pi =

i=1∏
j=1

(1− Ô(vj)) · Ô(vi), (5)

where vj are voxels traversed prior to reaching vi. Based on
the stopping probabilities pi, the expected distance ŝ from
the ray origin is defined as:

ŝ =

n∑
i=1

pi · si, (6)

where n denotes the number of voxels along the ray. The
future points Pfut are then reconstructed from the predicted
distances ŝ and the known directions.

Through this pre-training scheme, the feature extractor
learns both global temporal motion (by forecasting future
frames) and geometric structure (via occupancy-based ray
rendering) for scene context understanding. These learned
priors are critical for improving the tracking robustness in
our self-supervised SOT framework.

D. Semantic Prototype Refining

To further refine the proposal network, we adopt an iterative
training strategy that updates pseudo labels over successive
rounds. Unlike previous self-supervised object discovery
approaches [31], [32], which aim to gradually generalize
toward static object discovery, our focus remains on improving
the proposal network’s ability to perceive moving targets.
After each training round, we enhance the clustering process
by assigning discriminative semantic features (referred to as

prototypes) back to the original point cloud, thereby producing
more accurate pseudo ground truths for the next iteration.

Specifically, given a point cloud P = {pi =
(xi, yi, zi)}Ni=1, we first project the 3D points into a 2D
bird’s-eye-view (BEV) grid using a discretization function
π : R3 → Z2:

gi = π(pi) =
(⌊xi

r

⌋
,
⌊yi
r

⌋)
, (7)

where gi = (ui, vi) denotes the 2D grid coordinate of point
pi, and r is the grid resolution. We adopt the PointPillars
approach [45] for this discretization, under the assumption
that points within the same pillar share similar semantic
characteristics. Next, using the trained feature extractor Fθ

from the previous training iteration, we obtain a BEV semantic
feature map:

Fseman = Fθ(FBEV), (8)

where FBEV is the input BEV representation. To align with
the original resolution of the BEV map, we upsample Fseman
using bilinear interpolation to obtain Fup

seman. Then, we retrieve
the semantic feature for each point pi via:

fi = Fup
seman[:,gi], (9)

where fi represents the high-level semantic feature (i.e.,
prototype) associated with point pi. We combine these
semantic prototypes fi with each point’s spatial coordinates
and motion vectors to perform refined clustering:

G̃′ = DBSCAN([P,Mobj,Fpts]), (10)

where Fpts = {fi}Ni=1 denotes the full set of point-level
semantic prototypes. This iterative refinement allows the
clustering process to not only consider motion and positional
information, but also reference semantic context, thereby
reducing ambiguities in regions where multiple objects may
exhibit similar motion patterns.

E. Predictive Motion Filter

Once the proposal network is trained, we integrate it with
a predictive filter to produce the final tracking results. We
use a Kalman filter [46] to model the temporal dynamics of
the target. This provides an explicit motion constraint that
propagates past state estimates into future frames, allowing
us to identify the most probable target position from among
the proposal candidates.

IV. EXPERIMENTS

A. Implementation Details

All experiments are conducted using an NVIDIA RTX
4090 GPU and implemented with the PyTorch framework. For
training the proposal network, we use an initial learning rate
of 0.001 and apply a learning rate decay schedule. Training
is performed for 30,000 steps per round over a total of three
rounds. To avoid retaining noisy features from earlier stages,
we reinitialize and retrain the proposal network from scratch at
the start of each round. We apply non-maximum suppression
(NMS) with a threshold of 0.1 to remove low-confidence
proposals. For DBSCAN clustering, we use ε = 1.0 and
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MinPts = 5. For scene flow estimation, we adopt the off-the-
shelf SLIM [43] framework with its default settings. For point
cloud forecasting, we pre-train our proposal network using
the occupancy-based rendering head from [24], following its
parameter configuration.

B. Datasets

Following common practices of supervised point cloud
SOT methods, we evaluate our method on three popular
autonomous driving datasets: KITTI [5], Waymo Open
Dataset (WOD) [6], and nuScenes [7].

1) KITTI: KITTI is a foundational dataset that includes
stereo cameras, a 64-beam Velodyne laser scanner and
GPS/IMU systems. For this evaluation, we focus solely on
the LiDAR data and use the KITTI Tracking dataset as [26],
[28], [47], testing 2 sequences.

2) Waymo Open Dataset (WOD): The WOD is a large-
scale dataset that spans both urban and suburban environments,
providing a more complex set of challenges. It features 64-
beam LiDAR data. Following [48], we evaluate our method
across three difficulty levels: easy, medium, and hard, using
1121 tracklets.

3) nuScenes: The nuScenes dataset differs from the previ-
ous two in that it uses a 32-beam scanner, producing more
sparse point cloud data, making it particulary challenging for
testing on 150 scenes.

C. Evaluation metrics

We use the commonly adopted One-pass Evaluation (OPE)
metrics in SOT tasks [49], including Success and Precision.
Success measures the intersection over union (IoU) between
the predicted 3D bounding box and the ground truth, while
Precision calculates the area under the curve (AUC) for the
distance between their centers (0–2 meters).

D. Baselines

Since our work is the first to tackle the fully self-supervised
point cloud SOT task, there are no directly comparable
methods. Therefore, we adapt existing self-supervised object
discovery methods for static scenes, integrating a similar
predictive filter as ours to achieve self-supervised point cloud
SOT. Additionally, we include two supervised point cloud
SOT methods for reference.

1) Unsupervised clustering method: DBSCAN [44] is
widely used in point cloud spatial clustering. For this baseline,
we directly apply DBSCAN to cluster the original points,
forming sets of clusters. Then, we use a Kalman filter to
predict and associate the nearest cluster as the prediction.

2) Self-supervised discovery methods: We choose two
self-supervised discovery methods originally designed for
static scenarios, combining them with the same Kalman filter
for comparison. Oyster [31] first trains a detector on near-
range point clusters and then retrains it on the full range.
LISO [32] clusters both the point clouds’ physical coordinates
and motion vectors, using iterative training to generalize
moving objects to static ones with similar appearances.

3) Supervised point cloud SOT methods: SC3D [29] is
a supervised point cloud SOT method that leverages shape
completion for tracking sparse appearance objects. P2B [28]
is another supervised method we compare against, which
integrates a 3D Region Proposal Network [50] to generate
3D proposals for tracking.

E. Comparisons

1) Results on KITTI: We compare our method with the
baselines mentioned earlier on the KITTI dataset, as shown
in Table I. Our method outperforms all baselines without
requiring human annotations, which can be attributed to
its global motion and geometry awareness, as well as its
ability to discriminate moving objects. Notably, our method
performs better than the supervised point cloud SOT method
SC3D [29] in Success for the “Car” category, and outperforms
P2B [28] in both Success and Precision for the “Cyclist”
category. These successes are largely due to the prominent
motion and easily identifiable features of these classes without
human prompts. On the contrary, “Pedestrian” category lacks
sufficient moving information, which often leads to confusion
with other objects and noisy backgrounds. For further details,
please refer to the limitations section (Sec. V).

TABLE I: Results on the KITTI dataset. SP, UN, SS repre-
sent supervised, unsupervised, and self-supervised methods,
respectively.

Type Method
Category Name

Success Precision
Car Pedestrian Cyclist Car Pedestrian Cyclist

SP
SC3D [29] 41.3 18.2 41.5 57.9 37.8 70.4
P2B [28] 56.2 28.7 32.1 72.8 49.6 44.7

UN DBSCAN [44] 8.2 0.2 5.6 10.1 0.1 2.1

SS
Oyster [31] 25.2 0.1 0.4 30.1 0.3 0.5
LiSO [32] 38.4 10.1 38.9 44.3 13.1 40.2

Ours 42.1 10.2 40.4 49.8 12.4 44.8

2) Results on WOD: Similar results are observed on the
WOD dataset, as shown in Table II, where our method again
outperforms all unsupervised and other self-supervised object
discovery methods with a Kalman filter. The WOD dataset
presents additional challenges due to its diverse scenes and
varying object states, making it more difficult to achieve
consistently high performance. Additionally, the “Vehicle”
class includes a wide range of identities (e.g., cars, buses,
trailers, motorcycles), complicating the identification. As in
the KITTI results, the “Pedestrian” category remains a difficult
tracking task, with the supervised method SC3D [29] showing
only a slight improvement over our method. We also present
qualitative results in Fig. 3, comparing our methods with
LISO [32]. It is evident that LISO struggles to consistently
track moving objects, which can lead to track drift.

3) Results on nuScenes: The nuScenes dataset is undoubt-
edly the most challenging of the three open datasets, primarily
due to its 32-beam LiDAR data. As shown in Table III, our
method achieves the highest Success and Precision without
the use of human labels. Furthermore, it performs comparably
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TABLE II: Results on the WOD dataset. The results are
reported in Success/Precision format. SP, UN, SS represent
supervised, unsupervised, and self-supervised methods, re-
spectively.

Type Method
Category Name

Vehicle Pedestrain
Easy Medium Hard Easy Medium Hard

SP
SC3D [29] 39.9/47.9 36.5/46.2 34.6/44.9 11.2/14.5 10.1/17.9 9.8/14.6
P2B [28] 57.1/65.4 52.0/60.7 47.9/58.5 18.1/30.8 17.8/30.0 17.7/29.3

UN DBSCAN [44] 6.5/7.3 4.5/5.1 3.4/3.6 3.1/1.0 2.5/0.8 1.4/0.8

SS
Oyster [31] 20.4/22.1 16.8/18.5 14.2/13.9 2.8/0.9 2.7/0.7 1.6/0.9
LiSO [32] 27.5/ 30.8 21.7/ 23.7 22.7/ 24.5 8.0/12.2 6.8/9.3 7.1/10.6

Ours 32.6/ 36.7 25.1/ 26.7 25.4/ 26.9 8.5/13.5 7.1/10.4 8.8/10.9

Time line

Fig. 3: Visualized comparison of our method with LISO [32]
on WOD dataset. Green boxes denotes ground truths, red
boxes are our predictions, and yellow boxes are predictions
by LISO with a predictive Kalman filter.

to SC3D. Although categories like “Truck” and “Bus” share
distinct motion characteristics with “Car”, they suffer from
severe class imbalance, making it harder for the proposal
network to learn their representations.

TABLE III: Results on the nuScenes dataset. SP, UN,
SS represent supervised, unsupervised, and self-supervised
methods, respectively.

Method
Category Name

Success Precision
Car Pedestrian Truck Bus Car Pedestrian Truck Bus

SP
SC3D [29] 22.3 11.3 30.7 29.4 21.9 12.7 27.7 24.1
P2B [28] 38.8 28.4 43.0 33.0 43.2 52.2 41.6 40.1

UN DBSCAN [44] 3.4 0.4 2.1 1.2 4.2 0.6 0.5 0.2

SS
Oyster [31] 14.6 3.2 8.6 9.7 14.2 2.6 8.4 8.8
LiSO [32] 15.5 7.1 10.5 12.9 16.2 7.4 9.3 9.7

Ours 20.1 6.3 11.4 12.8 18.5 7.8 10.5 10.1

F. Ablation studies

1) Motion and Geometry Learning: To verify the effective-
ness of our Local Motion-Guided Labeling and Global Motion
and Geometry Structure Learning, we conduct ablation studies
shown in Table V. The results reveal that when initial labels
are generated without motion vectors, performance drops
significantly. Similarly, excluding the Global Motion and
Geometry Structure Learning leads to noticeable decrease
in performance. These findings highlight the importance of
both components in improving the model’s effectiveness. We
further provide qualitative visualizations in Fig. 4, which
illustrate the benefits of pre-training in enabling the proposal

(a) (b) (a) (b)

Fig. 4: Impact of Global Motion and Geometry Structure
Learning on the WOD dataset. (a) Without pre-training. (b)
With pre-training.

network to develop a more accurate understanding of object
motion trajectories and structural shapes.

(a) (b) (a) (b)

Fig. 5: Impact of Semantic Prototype Refining on the WOD
dataset. (a) Without refining. (b) With refining.

2) Iterative Semantic Prototype Refining: The iterative
training process and the refinement of the pseudo ground
truth depends on two key factors: the number of training
iterations and the feature dimensions engaged in the clustering
process. We investigate these two factors on the KITTI
“Car” category, as shown in Fig. 6. Since DBSCAN is
sensitive to high dimension features [44], we experiment
with different groupings of the 384-dimensional features,
using 16, 32, and 64 groups, and apply average pooling to
aggregate the semantic features in each group. Our results
suggest that high-dimensional features may require careful
tuning of hyperparameters to yield optimal performance.
Based on our findings, we settle on 3 rounds of iterative
training with 32-dimensional semantic features. As shown in
Fig. 5, when semantic prototypes are used to guide iterative
refinement, the proposal network learns more discriminative
and robust representations of moving objects. This leads
to improved identification of valid moving proposals and
effective suppression of false positives caused by static
background elements.

TABLE IV: Results of cycle training extension on the KITTI
dataset. SP and SS denote supervised and self-supervised
methods, respectively. P2B-CYC represents the cycle training
extension of P2B.

Type Method
Category Name

Success Precision
Car Pedestrian Cyclist Car Pedestrian Cyclist

SP P2B [28] 56.2 28.7 32.1 72.8 49.6 44.7

SS
P2B-CYC 31.4 4.3 15.9 35.1 6.8 21.6

Ours 42.1 10.2 40.4 49.8 12.4 44.8

3) Self-supervised Cycle Training Extension to 3D SOT:
To investigate the feasibility of extending the “cycle training”
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TABLE V: Ablation studies on the WOD “Vehicle” category.
w/o MC&PT refers to the case where the scene motion
vector is not used in clustering (only physical coordinates are
considered), and global motion and geometry pre-training is
excluded.

Method
WOD Vehicle

Easy Medium Hard

w/o MC&PT 24.2/28.1 17.4/19.2 16.9/19.8

w/o MC 26.8/31.2 21.8/23.3 22.7/23.0

w/o PT 28.4/33.9 22.7/24.5 24.2/25.4

Ours 32.6/36.7 25.1/26.7 25.4/26.9

strategy from 2D image-based SOT to 3D point cloud-based
SOT, we adapt the original P2B [28] model with the cycle
training approach proposed in [10]. The results are presented
in Table IV. It can be observed that the Siamese-based cycle
training method performs worse than our SPSOT framework,
highlighting the challenge of appearance-based matching in
the absence of human annotations.
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42.1

38.3

39.9
41.2

38.1

Fig. 6: Ablation studies on the KITTI “Car” category (reported
in Success). X-axis represents the number of iterative training
rounds, with three bars per round corresponding to different
semantic feature dimensions.

V. LIMITATIONS

While we have achieved promising results with fully self-
supervised point cloud SOT, there are two main limitations to
our approach: 1) Since our method involves self-supervised
training of a neural network, it is inevitably affected by
long-tail data distribution problem. Specifically, the network
tends to be biased towards the class with the most samples
and the most accurate labels (e.g., cars), which can degrade
performance on other classes. 2) Our method assumes that
objects follow steady and distinct motion patterns. This
limitation represents a common challenge in cases where
supervision signals are weak, making it difficult to handle
less distinctive categories such as pedestrians. Integrating
RGB information could be a potential solution to address
this issue.

VI. CONCLUSION

We proposed the first self-supervised point cloud SOT
method integrating motion, geometry, and semantic informa-
tion. To address the instability of appearance matching in
Siamese networks, our framework generates proposals and

then predicts the target based on its previous dynamics. We
utilized scene flow for initial pseudo-label clustering and
pre-train the proposal network to capture global motion and
geometry patterns, and iteratively refine these labels using
evolving semantic prototypes. Experiments on three datasets
demonstrate performance comparable to fully supervised
approaches.
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