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Abstract

Unsupervised 3D object detection leverages heuristic algo-
rithms to discover potential objects, offering a promising
route to reduce annotation costs in autonomous driving. Ex-
isting approaches mainly generate pseudo labels and refine
them through self-training iterations. However, these pseudo-
labels are often incorrect at the beginning of training, result-
ing in misleading the optimization process. Moreover, effec-
tively filtering and refining them remains a critical challenge.
In this paper, we propose OWL for unsupervised 3D ob-
ject detection by occupancy guided warm-up and large-model
priors reasoning. OWL first employs an Occupancy Guided
Warm-up (OGW) strategy to initialize the backbone weight
with spatial perception capabilities, mitigating the interfer-
ence of incorrect pseudo-labels on network convergence.
Furthermore, OWL introduces an Instance-Cued Reasoning
(ICR) module that leverages the prior knowledge of large
models to assess pseudo-label quality, enabling precise filter-
ing and refinement. Finally, we design a Weight-adapted Self-
training (WAS) strategy to dynamically re-weight pseudo-
labels, improving the performance through self-training. Ex-
tensive experiments on Waymo Open Dataset (WOD) and
KITTI demonstrate that OWL outperforms state-of-the-art
unsupervised methods by over 15.0% mAP, revealing the ef-
fectiveness of our method.

Introduction

3D object detection aims to localize and classify objects
within the environment, thereby providing essential con-
textual information for downstream planning and decision-
making. This capability is crucial for ensuring safety in au-
tonomous driving. With the advancement of deep learning,
numerous learning-based 3D object detection approaches
have emerged (Deng et al. 2021; Yin, Zhou, and Krahenbuhl
2021; Wu et al. 2023a; Wang et al. 2023; Deng et al. 2024;
Huang et al. 2025). However, these methods heavily rely on
high-quality manual labels, and as the scope of autonomous
driving expands, the reliance on ever-larger datasets makes
annotation prohibitively expensive and laborious.
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(a) Different initialization strategies. (b) LLM reasoning for label filtering.

Figure 1: (a) Illustration of the effects of different back-
bone initialization strategies. (b) Illustration of how to refine
pseudo-labels with reasoning based on instance cues.

To reduce annotation costs while maintaining detector
performance, researchers have investigated paradigms that
require less annotated data (Guo, Liu, and Song 2022; Zeng
et al. 2024) or utilize weaker supervisory signals (Liu et al.
2022; Xia et al. 2023, 2024; Zheng et al. 2025). HSSDA
(Guo, Liu, and Song 2022) annotates only a subset of scenes,
while Coln (Xia et al. 2023) and HINTED (Xia et al. 2024)
further minimize full-scene annotation to a single object per
scene. However, these approaches still depend on manually
provided annotations as supervisory signals, and they exhibit
significant performance degradation when the labeled data is
either limited or of low quality.

Recently, some research has explored unsupervised meth-
ods that leverage commonsense knowledge priors to gen-
erate pseudo-labels instead of manual annotation (You et al.
2022; Zhang et al. 2023; Baur, Moosmann, and Geiger 2024;
Wu et al. 2024). However, these unsupervised methods pri-
marily suffer from two key challenges: (1) Unstable network
initialization. During initialization, the network is highly
susceptible to inaccurate pseudo-labels, which can divert it
from the correct convergence trajectory, as illustrated in Fig-
ure 1(a). (2) Pseudo-label filtering and refinement. In self-
training, errors in some pseudo-labels, such as misclassifica-
tions and false positives, can accumulate and amplify across
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Figure 2: (a) Common errors frequently occur during the
process of pseudo-label iteration. (b) The L1 3D AP results
of OWL on the WOD test set. (¢c) The impact of OGW on
the performance of unsupervised methods.

iterations (see Figure 2(a)).

In response to these issues, prior work has conducted
relevant explorations. For the issue of initialization insta-
bility, some studies leverage self-supervised methods, such
as masked encoder (Hess et al. 2023) pretraining and con-
trastive learning (Xia et al. 2023), to learn more robust fea-
tures. However, these approaches are primarily designed
for supervised settings and perform poorly on unsupervised
tasks that lack ground-truth. For the second challenge, ex-
isting methods filter pseudo-labels with thresholding based
on rule-specific or predictive scores (Wu et al. 2024; Xu and
Waslander 2023), which may overlook potential objects and
remain error-prone.

To address these challenges, this paper proposes an effi-
cient framework, termed OWL, to improve the unsupervised
3D detection method with occupancy warm-up and large
model priors reasoning. Specifically, OWL first employs an
Occupancy-Guided Warm-up (OGW) strategy. It leverages
an occupancy-prediction proxy task to capture the spatial-
structural characteristics of the scene and warm up the net-
work. This initialization strategy equips the network with
a preliminary capacity for spatial feature extraction from
the very beginning of training, thereby mitigating the ad-
verse impact of erroneous pseudo-labels. Nevertheless, the
strategy yields limited improvement when label errors are
overly abundant (Figure 2(c)). Consequently, we introduce
an Instance-Cued Reasoning (ICR) module that harnesses
large model prior reasoning. By mining instance-level cues
and exploiting the extensive prior knowledge and inferen-
tial prowess of large models, the module enables accurate
and efficient pseudo-label selection and refinement. Finally,
we design a Weight-adapted Self-training (WAS) to dynam-
ically re-weight pseudo-labels, refining detection through it-
erative self-training.

Extensive experiments conducted on the KITTI and WOD
datasets demonstrate that our approach surpasses both previ-
ous unsupervised and partially weakly supervised methods
on the KITTI and WOD datasets, validating the efficiency
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of our method. The main contributions of this work are as
follows:

* We introduce OWL, which leverages an occupancy
proxy task to warm up the network and harnesses the
knowledge and reasoning capabilities of large models to
refine pseudo-labels, substantially enhancing the perfor-
mance of unsupervised 3D object detection.

* We propose the OGW strategy for initializing the unsu-
pervised network so that it possesses a certain perception
ability at the beginning of training, mitigating the adverse
influence of incorrect labels.

* We devise an ICR module that leverages the prior knowl-
edge and reasoning ability of large models for pseudo-
label selection and refinement, thereby markedly elevat-
ing the quality of pseudo-labels.

Related Work

Fully/weakly supervised 3D object detection. Fully su-
pervised 3D object detection leverages all human-annotated
labels as supervisory signals to regress the bounding boxes
and categories of objects within point-cloud scenes. Point-
based methods (Shi, Wang, and Li 2019; Qi et al. 2017)
extract features by directly processing the raw point cloud,
whereas voxel-based approaches (Deng et al. 2021; Yin,
Zhou, and Krahenbuhl 2021; Wu et al. 2022) partition the
spatial points into voxels for subsequent computation, yield-
ing higher efficiency at the cost of some positional fidelity.
Moreover, several studies (Wu et al. 2023b; Huang et al.
2025) enhance detection accuracy through multi-modal data
fusion. Despite the strong performance of fully-supervised
approaches, they rely on extensive annotations as supervi-
sory signals. Since the annotation cost in full supervision is
expensive, some weakly supervised works have attempted to
utilize sparse annotations or semantic seed points to achieve
the effect of label supervision (Xia et al. 2023; Zhao et al.
2025), reaching performance close to that of full supervi-
sion. Unlike the above, we focus more on obtaining a reli-
able detector without using any manual annotations.

Unsupervised 3D object detection. Unsupervised 3D de-
tection, which does not employ real labels, faces the key
challenge of generating high-quality pseudo-labels. Tradi-
tional methods that use ground point removal and point
cloud clustering (Ester et al. 1996) can produce preliminary
pseudo-labels. In recent years, methods such as MODEST
(You et al. 2022) and OYSTER (Zhang et al. 2023) have
improved pseudo-label quality by incorporating multi-pass
knowledge and temporal consistency. LISO (Baur, Moos-
mann, and Geiger 2024) and CPD (Wu et al. 2024) generate
pseudo-labels through motion tracking and common sense
prototypes, and enhance the quality of pseudo-labels via it-
erative self-training. Union (Lentsch, Caesar, and Gavrila
2024) and Motal (Wu et al. 2025) leverage multi-modal im-
ages to obtain the correct categories of objects. However, the
generated pseudo-labels in these methods often contain an
amount of noise and incorrect labels, which severely affect
detection performance. This issue is particularly evident in
iterative self-training methods. Methods like CPD and LISO



iteratively filter pseudo-labels based on predicted threshold
scores. However, the scores from unsupervised learning are
inherently noisy, and such filtering and screening methods
may miss potential objects and accumulate noise during the
iterative process. Therefore, we aim to utilize more latent
clues in the scene to reason the rationality of pseudo-labels
and optimize the labels during the self-training process.

Self-supervised Learning. Self-supervised learning has
emerged as a pivotal paradigm by dispensing with exter-
nal labels and instead exploiting inherent data structure for
representation acquisition. Early endeavors (Gidaris, Singh,
and Komodakis 2018) learn discriminative representations
via rotation prediction. Contrastive approaches such as Coln
(Xia et al. 2023) and PointContrast (Xie et al. 2020) dis-
tinguish positive and negative sample features. CPD (Wu
et al. 2024) enhances detection capability by distilling high-
quality commonsense prototypes, yet remains vulnerable to
noisy pseudo-labels. Masked modeling methods including
MAE (He et al. 2022), Voxel-MAE (Hess et al. 2023) and
Occupancy-MAE (Min et al. 2023) refine perceptual repre-
sentations through masked-token reconstruction. Prior un-
supervised methods derive features exclusively from noisy
pseudo-labels; to remedy this, we introduce the CRW strat-
egy for initializing the network, mitigating the adverse influ-
ence of incorrect labels.

Methodology
Initial Label Generation

Motion Artifact Removal. MAR (Wu et al. 2024; Zheng
et al. 2025) concatenates the continuous 2n + 1 LiDAR
sweeps { f—n, . .., fn} into the current frame f,. Foreground
and background points are separated by computing the Per-
sistence Point Score (PP-Score) (You et al. 2022) between
successive frames; only the points from the current sweep
Py and the static points from the other sweeps are retained.
After ground removal, this yields the dense point cloud Fj.

Dynamic Radius Clustering. DBSCAN (Ester et al.
1996) methods employed a fixed clustering radius, which
can lead to inaccurate classification boundaries. Because
distant point clouds are sparser and contain fewer instances,
the clustering radius must be adjusted accordingly. We thus
adopt a dynamic clustering radius:

r=a-(1+B-e ") r, €))

where «a, § denote the scaling factor and density—sensitive
factor, p denotes the density at the radius midpoint, and 7
denotes the initial preset radius. We then fit bounding boxes
using the dynamic clustering radius to train the initial de-
tector. Finally, we feed the point cloud into the detector for
inference and obtain the initial pseudo-labels B after NMS-
Selection (Zheng et al. 2025).

Occupancy Guided Warm-Up

Previous unsupervised methods directly train on pseudo-
labels, where the label noise degrades the network’s fea-
ture learning and accumulates during self-training. To learn
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robust feature representations, we warm up the network
weights by a self-supervised strategy.

Specifically, given a dense scene P, we first apply vox-
elization, a standard preprocessing step in 3D detection, to
convert the scene into a voxel grid VW > XD and thereby
markedly enhance computational efficiency. Since the den-
sity of point clouds varies with distance, we adopt a strat-
egy similar to Occupancy-MAE(Min et al. 2023), applying
a random voxel mask from near to far for each voxel. For
each voxel, we calculate the distance from the voxel center
to the lidar origin by

1 N
(xc7ycazc) = N;(xiayhzi)a (2)
d= H(ﬂ?c,yc,Zc)H2- (3)

Considering the disparity in the number of foreground and
background points and the variation in point cloud density
with distance, we employ a dynamic mask strategy as:

p(d,w) = w- (0.1 4 0.5 e 021d/100) gy

where z,y, z denote the point cloud coordinates, d is the
distance from the voxel center to the coordinate origin, N is
the number of points in the cloud, and p is the sampling ra-
tio. Specifically, when the region’s point cloud is within the
bounding box of the pseudo-label 5 (potential foreground),
w = wy, = 1; otherwise, w = wpy = 0.5. Then, we per-
form Bernoulli sampling based on the ratio:

M ~ Bernoulli(p(d)) = {m;} € {0, [JHXWXD (s

where M denotes the set of voxel masks, and each m € M
is a binary mask for an individual voxel.

For voxels that are not masked, they serve as the training
data. The training supervision ground truth is the occupancy
status of each voxel T € {0,1}"7, and we conduct occu-
pancy prediction training to predict the probability of each
voxel being occupied as:

g = fo(VoOM)e{0,1}*WxP (6)

where Ny denotes the number of voxels not masked out,
T represents the voxel occupancy status, fp stands for the
backbone network, and g signifies the predicted occupancy
probability.

Finally, we calculate the occupancy loss L,... In this way,
we essentially warm up the 3D backbone of the detector,
enabling it to learn noise-free features and better detect in-
complete and distant objects, thereby guiding the learning of
noisy unsupervised labels more effectively.

! > [ylogz?ﬂlfy)log(l*z?)](7)

Eocc = T 1o
(h,w,d)€EN

9]

Instance-Cued Reasoning for label refinement

Self-training is a crucial process for improving the accuracy
of weakly supervised and unsupervised methods. However,
we observe that performance plateaus after a certain number
of self-training iterations. This is because errors in pseudo-
labels accumulate over successive iterations, and relying
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Figure 3: OWL framework. (a) Occupancy Guided Warm-Up (OGW) warms up the 3D backbone, guiding the network to
learn spatial and semantic context features of the scene through the self-supervised Occupancy proxy task. (b) Instance-Cued
Reasoning (ICR) performs reasoning and judgment on various instant cues based on the knowledge of LLMs, and then filters
and refines the pseudo-labels. (c) Weight Adapted Self-training (WAS) adaptively reweights each pseudo-label’s loss, letting

the model down-weight low-confidence samples.

solely on the OGW module is insufficient to correct these
labeling errors. As shown in Figure 2(a), the detector is in-
deed capable of discovering latent objects; however, the re-
sulting pseudo-labels often suffer from the following issues:
(1) Incorrect orientations or overlapping bounding boxes. (2)
Inaccurate bounding boxes. (3) Misdetections—including
wrong categories and false positives. Previous approaches
typically filter pseudo-labels based solely on the model’s
predicted confidence, which risks discarding potential fore-
ground objects. To address this limitation, we introduce the
Instance-Cued Reasoning (ICR) module that leverages the
prior knowledge and reasoning ability of large models for
pseudo-label selection and refinement.

Instance Cue Mining. After label initialization, we ob-
tain the initial pseudo-label B = {b;};, where b,
[z,y, 2,1, w, h, o, c|; denotes position, length, width, height,
orientation and class name respectively of the j th box as the
prior for the size cue. We apply category-agnostic tracking 7~
to potential targets based on the detection boxes and adjust
the inappropriate sizes of tracked objects and missed targets
according to temporal consistency. We also estimate the mo-
tion of instances v; based on this, and this motion cue helps
to distinguish between foreground and background targets.
Subsequently, we calculate a variety of instance attributes O
for the targets, including the number of points in the point
cloud and the average intensity information. Finally, we cal-
culate the prior reference confidence by distribution score

4470

Sdis and consistency score S.o,s for each label:

N ®)

rxr’

sdis = [L = N(|[(z5,y5, ) )] +

Seons = min(0.05, Zsklog(ﬁ))/o.oa )

k Sk
where N (||(x;, y;, z;)||) denotes the distance normalization
of b;, N; is the number of grids occupied by points in the
box, and 7 is the resolution. Sy, is the size set for each cat-
egory by LLMs, and s; = {l;,w;, h;} denotes the length,
width, and height of the detected bounding box, respectively.
Unlike other methods, we use only this score as a cue for ref-
erence.

Large Model Priors Reasoning Refiner. After extract-
ing a substantial amount of instance cues, we need to gauge
the plausibility of each bounding box based on these cues.
Large-scale reasoning models present a promising approach
for this task. We feed the label information into a cue rea-
soner G. For every bounding box B = {b;}, we prompt the
discriminator to assess the validity of the pseudo-label:

mkysrea»ALaClsnew = Q(B,P,V,O), (10)

where my, Siea, and AL denote the box mask, the reasoning
score, and the correction vector for width, height, and length,
respectively. And P, V, O denotes the prompt, motion cue
and instance cue.

After cue reasoning, we perform filtering and refinement
of the pseudo-labels. Bounding boxes b, that pass the fil-
tering stage have their dimensions and class labels updated



Method Reference Vehicle 3D AP@0.7| Pedestrian 3D AP@0.5| Cyclist 3D AP@0.5 mAP
L1 L2 L1 L2 L1 L2 L1 L2
MODEST(You et al. 2022) | CVPR2022| 6.46 5.80 0.17 0.10 1.14 1.10 2.59 233
OYSTER(Zhang et al. 2023)| CVPR2023| 14.66 14.10 0.18 0.14 0.33 0.32 5.06 4.85
CPD(Wau et al. 2024) CVPR2024| 37.40 32.13 16.31 13.22 5.06 4.87 19.59 16.74
OWL (Ours) - 48.08 41.51 29.66 24.68 32.27 31.14 3691 32.44
Improvement \ | +10.68  +9.38 | +13.35 +11.46 | +27.21 +26.27 | +17.32 +15.70

Table 1: Unsupervised 3D object detection results on WOD validation set. AP@0.7 means the average precision at [oUp 7. The

best performance is highlighted in bold.

Vehicle AP@0.7 Pedestrian AP@0.5 Cyclist AP@0.5
Method L1 L2 L1 L2 L1 L2
AP APH AP APH AP APH AP APH AP APH AP APH
MODEST 7.58 7.22 6.57 6.26 0.02 0.01 0.02 0.01 0.00 0.00 0.00 0.00
OYSTER 21.66 20.81 1879 18.05 0.64 032 057 0.28 0.01 0.00 0.01 0.00
CPD 37.26  35.00 3249  30.51 18.65 834 1657 740 | 5.71 3.69 5.55 3.55
OWL (Ours) | 52.53 48.22 4597 42.19 | 28.69 12.54 2553 11.13 | 41.52 2342 3992 22.52

Improvement | +15.27 +13.22 +13.48 +11.68| +10.04

+4.20 +8.96

+3.73 | +35.81 +19.73 +34.37 +18.97

Table 2: Unsupervised 3D object detection results on WOD test set.

according to the network predictions. Predictions that are fil-
tered out are nevertheless retained only if their consistency
score exceeds a threshold 7, yet their confidence weights
are down-scaled, thereby reducing their contribution during
training. L., denotes the average size of the corresponding
category provided by the large model.

b + AL, my =1,
mg = 0 A Scons > m,
otherwise.

by = (11)

Lcom»

g,

Weight-adapted Self-training

After obtaining the filtered pseudo-labels, we train the de-
tection network F'. Following the OGW module, we warm
up the 3D backbone of the detector to guide the network to-
ward preliminary learning of noise-free global features. Sub-
sequently, following standard 3D detection practices, we use
the pseudo-labels as supervisory signals to regress the object
bounding boxes and predict their classes. The regression and
classification tasks are optimized using the smooth absolute
error loss and the focal loss(Lin et al. 2017), respectively:

1
Lo = 377 > wilale + BLal, (12)
where w; denotes the weight assigned to each object’s
pseudo-label, reflecting its quality:

(13)

Ny, Lyeg, and L, denote the number of samples, regres-
sion loss, and classification loss. A\; = Ao =1, a =28 =1.

After several training epochs, we perform test-time aug-
mentation (TTA) inference on the training set using the cur-

W; = A1Scons + A2Srea,
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rent detector. The resulting predictions undergo a similar fil-
tering and refinement process to generate the initial labels
Bst; for the next round.

Method . BEV. AP .
Vehicle@(.7 Pedestrian@0.5 Cyclist@0.5
MODEST 13.87 0.10 0.30
OYSTER 23.67 0.20 0.10
CPD 51.56 17.84 4.95
OWL (Ours) 57.76 30.85 33.72

Table 3: BEV results on WOD validation set.

Experiments

Datasets and Metrics

KITTI Dataset. The KITTI (Geiger, Lenz, and Urtasun
2012) dataset covers diverse scenarios such as urban, rural,
and highway environments, and is one of the earliest and
most widely used datasets in autonomous driving. It is di-
vided into 3,712 frames for training and 3,769 for validation.

Waymo Open Dataset (WOD). The WOD (Sun et al.
2020) consists of 5 RGB cameras and 5 LiDAR sensors, cap-
turing 1,150 scenes, each lasting 20 seconds, and containing
over 200k frames of diverse and complex scene data. The
WOD is divided into 798 training, 202 validation, and 150
testing sequences, respectively. No annotations were used
during the training process.

Comparison with SoTA Methods



. 3D AP 3D AP
Method | Setting | Labelrate | v 007  ped.@0.5 Cyc.@05 | Veh.@0.4 Ped.@04 Cyc.@0.4
Centerpoint | Fully. | 100% | 67.25 68.18 6740 | 89.07 80.50 76.49
Coln 45.04 26.02 62.85 i i -
sp3p | Weakly. | 2% 43.54 13.27 60.65 - - -
MODEST 6.13 0.14 112 2150 0.50 1.40
OYSTER 14.38 0.16 0.33 32.80 0.20 0.00
LISO Unsup. 0% - - - 54.30 3.70 1.60
CPD 34.77 14.77 4.970 58.90 19.20 5.30
OWL (Ours) 44.80 27.17 3171 64.90 34.64 34.24

Table 4: Comparison with weakly/fully supervised and unsupervised methods on WOD validation set. "Fully.’, *"Weakly.’, and
’Unsup.” mean fully supervised, weakly supervised, and unsupervised settings, respectively.

. . . 3D AP@IoU0.5 Car 3D AP@IoU0.7
Method Modality Setting Label ratio Car Ped. Cyc. Easy Mod. Hard
Centerpoint L Fully S 1009 9477  52.11 6932 | 89.07 80.50  76.49
Voxel-RCNN L uily sup- 0 96.88  63.73 7647 | 9238 8529  82.86
Coln L Weakly S " 83.80 3169 49.10 | 89.17 7532  62.98
SP3D L+ ¥y Sup- 0 8037  59.10 7791 | 91.12 7594  66.46
MODEST L 37.19 1.96 0.10 1265 11.14  10.60
OYSTER L 5458 333 176 | 2322 2031  19.97
LISO L Unsup. 0% 41.10  9.70 5.30 - . -
CPD L 83.80 1548 830 | 7298 5507  53.94
OWL (Ours) L 86.10 3023 5098 | 79.80 62.67 58.11

Table 5: Comparison with weakly/fully supervised and unsupervised methods on KITTT validation set. 'L’ and "I’ denote lidar

and image modality.

(a) OYSTER (b) CPD

| 6.5K

Number of labels

lou 0.3 05 0.7 loU 0.3 05 0.7 lou 0.3 0.5 0.7

Figure 4: The IoU distribution between pseudo-labels and
ground truth is presented.

Comparison with Unsupervised Methods. The compar-
ison results between OWL and unsupervised methods on the
WOD validation set and test set are presented in Table 1 and
2, respectively. The results demonstrate that our approach
significantly outperforms prior unsupervised SOTA methods.
For instance, on WOD validation set, OWL achieves relative
improvements of 17.32% and 15.70% in L1 and L2 mAP
over CPD. We also report the results of BEV AP on WOD
in Table 3. This improvement derives from the design of our
ICR, OGW, and WAS modules, which generate more accu-
rate pseudo-labels and a more robust network initialization.

Comparison with Fully/weakly Methods. As KITTI
lacks continuous-frame sequences, we follow CPD’s pro-

3D Recall 3D Precision
Method IOU@5 IOUQ7 IOU@5 IOU@7
MODEST 12.04 4.89 22.81 10.05
OYSTER 21.01 11.12 21.09 9.45
CPD 39.33 20.54 28.22 14.74
OWL (QOurs) | 56.77 33.19 37.35 20.16

Table 6: Pseudo-label comparison results on WOD valida-
tion set.

tocol: we train on the WOD dataset and evaluate on the
KITTI validation set, comparing with a variety of unsuper-
vised and weakly-supervised methods. As shown in Table
4 and 5, OWL surpasses prior unsupervised methods on
both KITTI and WOD over 15% mAP, outperforms sev-
eral weakly-supervised and multimodal approaches, and ap-
proaches fully-supervised performance on KITTI, demon-
strating the advancement of our method.

Pseudo-label Comparison. To evaluate the quality of
pseudo-labels, we analyzed OWL’s Recall and Precision per-
formance on the WOD validation set. As shown in Table
6, OWL boosts Recall by 12.65% and Precision by 5.42%
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Figure 5: Visualization comparison of different methods.

at IToUy 7. Figure 4 displays the IoU distribution between
our pseudo-labels and the ground truth, demonstrating that
our pseudo-labels outperform those of prior methods. This
improvement stems from the effective screening and refine-
ment performed by our ICR module.

Components
PLI ICR OGW WAS ‘ 3D APLI ‘ 3D AP L2
v 19.59 16.74
v o v 30.25 2638
ooV 34.16 30.81
v v 36.67 32.44

Table 7: Ablation study of our method.

L1 L2
Warm-up methods AP APH AP APH
Train directly 30.25 24.01 2638 21.16
Contrastive learning | 29.10 23.98 25.54 20.97
Point completion 31.06 24.65 27.08 21.53
OoGW 34.16 26.63 30.81 2340

Table 8: Comparison with different warm-up methods on
WOD validation set.

Ablation Study

Components analysis of OWL. We evaluated each com-
ponent and assessed its impact using the WOD validation
set, with the results shown in Table 7. Compared with previ-
ous pseudo-label initialization (PLI), our ICR module yields
a 10.66% AP improvement, attributed to leveraging large
models and instance-level cues to filter and refine a substan-
tial number of erroneous pseudo-labels. OGW further im-
proves detection performance by 3.91% by guiding stable
initialization, mitigating the misleading impact of incorrect
labels, and enhancing spatial awareness.

Influence of different warm-up methods. As shown in
Table 8, we examine the impact of different warm-up strate-
gies on detector performance. Compared to direct training,
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contrastive learning underperforms because it typically re-
lies on labels to distinguish between positive and negative
samples, whereas point completion yields only a limited
gain. This experiment demonstrates the effectiveness of our
OGW strategy.

3D mAP
Method ‘ [030)m  [3050)m  [50.inf)
OYSTER 15.30 3.26 0.28
CPD 31.49 17.84 5.14
OWL (Ours) 57.74 37.16 13.56

Table 9: Range detection results on WOD validation set.

Performance along different distances. Table 9 presents
the detection performance of unsupervised methods across
varying distances, showing that OWL achieves superior ob-
ject detection at longer ranges.

Visualization Analysis

In Figure 5, OWL’s improvements are visually demon-
strated. Through label filtering and screening, OWL signif-
icantly reduces pseudo-label annotation errors, as shown by
the marked decrease in False-Negative and False-Positive
samples in Figure 5 (2.2, 2.3). Additionally, detection per-
formance for under-represented categories, like Cyclist in
Figure 5 (1.3), is significantly enhanced.

Conclusion
In this paper, we propose OWL, a new framework for en-
hancing unsupervised 3D object detection. We introduce the
OGW module to guide network initialization, mitigating the
impact of incorrect labels during early training stages. To
address the prevalence of noisy pseudo-labels, we propose
the ICR module to extract instance cues and leverage the
knowledge and reasoning capabilities of large models to re-
fine the pseudo-labels. Finally, we design the WAS strategy
to learn the loss adaptively. These designs mutually reinforce
pseudo-label quality to improve the detection performance.
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