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Abstract

Unsupervised 3D object detection aims to identify objects of
interest from unlabeled raw data, such as LiDAR points. Re-
cent approaches usually adopt pseudo 3D bounding boxes
(3D bboxes) from clustering algorithm to initialize the
model training. However, pseudo bboxes inevitably contain
noise, and such inaccuracies accumulate to the final model,
compromising the performance. Therefore, in an attempt to
mitigate the negative impact of inaccurate pseudo bboxes,
we introduce a new uncertainty-aware framework for un-
supervised 3D object detection, dubbed UA3D. In particu-
lar, our method consists of two phases: uncertainty estima-
tion and uncertainty regularization. (1) In the uncertainty
estimation phase, we incorporate an extra auxiliary detec-
tion branch alongside the original primary detector. The
prediction disparity between the primary and auxiliary de-
tectors could reflect fine-grained uncertainty at the box co-
ordinate level. (2) Based on the assessed uncertainty, we
adaptively adjust the weight of every 3D bbox coordinate
via uncertainty regularization, refining the training process
on pseudo bboxes. For pseudo bbox coordinate with high
uncertainty, we assign a relatively low loss weight. Ex-
tensive experiments verify that UA3D is robust against the
noisy pseudo bboxes, yielding substantial improvements on
nuScenes and Lyft compared to existing approaches, with
increases of +3.9% APpgv and +1.5% APsp on nuScenes,
and +2.3% APppy and +1.8% APsp on Lyft.

1. Introduction

Unsupervised 3D object detection [20, 24, 41], given a
3D point cloud, is to identify objects of interest accord-
ing to the point locations without relying on manual an-
notations [43, 50, 53, 54], largely saving extra costs and
time [25]. The applications span various domains, includ-
ing autonomous driving [8, 32, 51, 58], traffic manage-
ment [26, 34], and pedestrian safety [5, 6]. Existing unsu-
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Figure 1. Our Motivation. Pseudo boxes generated by clustering-
based algorithms often contain noise (comparing (a) and (b)). Pre-
vious methods [50, 53, 54] directly utilize those noisy pseudo
boxes to train detection model, leading to suboptimal perfor-
mance (see (c)). In contrast, we introduce uncertainty-aware
pseudo boxes by assigning coordinate-level uncertainty. High un-
certainty is assigned to inaccurate coordinates, and during train-
ing, the weights of these uncertain coordinates are adaptively
reduced. This approach mitigates the negative impact of noisy
pseudo boxes, yielding robust detection (comparing (c) and (d)).

pervised 3D object detection works generally follow a self-
paced paradigm [54], i.e., estimating some initial pseudo
boxes and then iteratively updating both the pseudo label
sets and the model weights [50, 52]. However, we observe
that the initial pseudo boxes inevitably contain misalign-
ments (see Fig. 1 (a, b)). The accuracy of the pseudo boxes
is significantly affected by the inherent characteristics of Li-
DAR point clouds, such as point sparsity, object proximity,
and unclear boundaries between foreground objects and the
background. In particular, large and nearby objects are usu-
ally easy to detect, and thus most estimated pseudo bboxes
are accurate. In contrast, most small, distant objects with
less sensor information pose inaccurate pseudo bboxes at
the beginning. Without rectifying such erroneous pseudo
bboxes, the wrong predictions can be accumulated, consis-
tently compromising self-paced training (see Fig. 1 (c)).
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Figure 2. Statistical Overview of Our Estimated Uncertainty
on nuScenes. Generally, UA3D reliably assigns low uncertainty
to accurate pseudo boxes and high uncertainty for noisy ones. For

illustration, we average coordinate-level uncertainty to box level.

To mitigate the adverse impacts of inaccurate pseudo
bboxes during iterative updates, we introduce Uncertainty-
Aware bounding boxes for unsupervised 3D object detec-
tion (UA3D). As the name implies, we explicitly conduct
the uncertainty estimation [7, 12, 16] for every pseudo bbox
quality (see Fig. 2). The proposed framework consists of
two phases: uncertainty estimation and uncertainty regular-
ization. (1) In the uncertainty estimation phase, we intro-
duce an auxiliary branch into the existing detection model,
attaching to an intermediate layer of the 3D feature ex-
traction backbone. This branch differs from the original
primary detection branch in terms of the number of chan-
nels. The uncertainty is assessed by comparing the box
predictions from primary and auxiliary detectors. Notably,
fine-grained uncertainty estimation on coordinate level is
achieved by comparing 7 box coordinates of predictions,
i.e., position (X, y, z coordinates), length, width, height,
and rotation, from two detectors. The intuition is that if
the pseudo bboxes are with high uncertainty, two detec-
tion branches will lead to prediction discrepancy dur-
ing training procedure. We could explicitly leverage such
discrepancy as the uncertainty indicator. (2) In the uncer-
tainty regularization phase, we adjust the loss weights of
different pseudo box coordinates based on the estimated
uncertainty during iterative training process. Specifically,
with the obtained coordinate-level certainty, the sub-loss
computed from each box coordinate is divided by its cor-
responding uncertainty. Meanwhile, to prevent the model
from predicting high uncertainty for all samples, the uncer-
tainty value is also added to the sub-loss for each coordi-
nate. This strategy effectively regularizes the iterative train-
ing process from noisy pseudo boxes on coordinate level
(see Fig. 1 (d)). For example, if a pseudo box is imprecise
in its length but accurate in other coordinates, uncertainty is
elevated only for length, thereby reducing loss for that spe-
cific coordinate. Quantitative experiments on nuScenes [2]
and Lyft [11] validate effectiveness of our method, which
consistently outperforms existing approaches. Qualitative
analyses reveal that our model generates robust box esti-
mations and achieves higher recall on challenging samples.

Furthermore, uncertainty visualization confirms the corre-
lation between high estimated uncertainty and inaccurate
pseudo box coordinates. Our contributions are:

» To mitigate negative effects of inaccurate pseudo boxes
for unsupervised 3D object detection, we introduce fine-
grained uncertainty estimation to assess the quality of
pseudo boxes in a learnable manner. Following this, we
leverage the estimated uncertainty to regularize the iter-
ative training process, realizing the coordinate-level ad-
justment in optimization.

Quantitative experiments on nuScenes [2] and Lyft [11]
validate the efficacy of our uncertainty-aware framework,
yielding consistent improvements of 3.9% in AP gy and
1.5% in AP3p on nuScenes, and 2.3% in APggy and
1.8% in AP3p on Lyft, compared with existing methods.
Qualitative analysis further verifies that our uncertainty
estimation successfully identifies inaccuracies in pseudo
bounding boxes.

2. Methodology

2.1. Fine-Grained Uncertainty Estimation

Our approach of uncertainty estimation employs an auxil-
iary detector architecture (see Fig. 3). Typically, 3D object
detection models consist of 3D backbone extracting fea-
tures from point clouds, and 3D detection heads to generate
predicted 3D boxes from these features. We introduce an
additional 3D detection branch appended to an intermedi-
ate layer of the feature extraction backbone. The auxiliary
branch mirrors the structure of original branch but differs in
channel configuration. We refer to this branch as the auxil-
iary detector and the original branch is termed the primary
detector. We estimate uncertainty as the prediction differ-
ence between these two detectors, which can be considered
as the degree of disagreement between two different minds.
In practice, we use the dense outputs from both detectors,
which provide point-wise box predictions across the entire
point cloud. For uncertainty estimation, we calculate the
‘1 difference between the point-wise predicted boxes of the
primary and auxiliary detectors. This difference is com-
puted at the coordinate level to quantify fine-grained un-
certainty:

x=JXp Xal; y=]JY¥p VYali z=iZp Zaj;
1 :jlp laj; w :ij Waj; h :jhp haj;
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where Xp;Yp;Zp; lpiWpihp; p 2 R™ ! refer to dif-
ferent coordinate vectors of primary detector dense pre-
diction, namely X, y, z for 3D position, length, width,
height, and orientation, Xg;VYa;Za;la;Wa;ha; a 2
R™ 1 denote coordinate vectors of auxiliary detector
dense prediction, x; yi z 1L w; nh; 2R"!



Figure 3.Overall Pipeline. Given an input point cloud, an auxiliary detector predicts the bounding Exencurrently with the primary
detector predictioné\p. We leverage the discrepancy between the two detector predictions as the uncertainty ikticgfmeci cally,
high coordinate-level uncertainty is assigned to inaccurate pseudo box coordinates. For uncertainty regularization, the original detection
loss is recti ed by the estimated uncertaintylas andL 4, reducing the weight of inaccurate pseudo boxes on coordinate level. Note: SA
refers to Set Abstraction, and FP refers to Feature Propagatiorun€ertainty visualizationpurple box represents the uncertainty of
length, width, and height,e., |, w,and n; purple orthogonal linesindicate the uncertainty of the x, y, and z positions,
y,and ;andpurple diagonal line denotes the uncertainty of orientatiom,, . In this example, orientation of pseudo box on the
right is inaccurate. Our method assigns high uncertainty for the orientation and reduces its weight during model training.

are estimated uncertainty vectors of different coordi- estimated uncertainty:
nates based on prediction discrepancy between two de-

tectors, andn indicates the number of boxes which |, _ X L ;i U X L ai .
i e : = (oot Uika= (ot Ui
is same as the number of points in the point cloud. P o, exp(Ui) i exp(Ui)
Furthermore, By = [Xp:Yp:Zp:lp;Wpihp; p] 2 = = @)

R" 7 refers to primary detector dense npr7ed|ct|ons, whereLY; LY denote the uncertainty-regularized loss of pri-
Ba = [Xaiya:Za;la;wa;hai a] 2 R de- mary and auxiliary detectors. For brevity, we represent
notes auxiliary detector dense predictions, ddd = 7 coordinates of 3D box (see Eq. 1) by= 1;2;::7.

[ x; yi z; 15 w: n;y 12 R" 7 represents the Lpi;Lai represent the original dense head losses of pri-

estimated ne-grained uncertainty. Notably, each coordi- mary and auxiliary detectors for ttieth coordinate, which
nate of the 3D box is assigned an estimated value, whichyre calculated by tha loss between corresponding coordi-
re ects the uncertainty of that speci ¢ coordinate. nate of the predicted boxes and pseudo boxes. Speci cally,
Discussions. Why utilize an auxiliary detector to esti- Lpi = iBpi  Bpseudoi Jilai = iBai  Bpseudoi J»
mate uncertainty, instead of directly regressing uncer- whereB pseudoi 2 R" 1 js thei-th coordinate of assigned
tainty, as done in previous works [3, 10]WVe have studied  dense pseudo boxels; denotes the estimated ne-grained
the additiona.l Channel method, Wh|Ch inVOIVeS introducing uncertainty of the Corresponding coordinatddn To pre-
extra channels to regress the uncertainty. However, this apyent divide-by-zero errors and stabilize the learning pro-
proach did not yield satisfactory results, as it suffers from cess we normalize estimated uncertainty with exponential
over tting issues, such as predicting zero uncertainty for all fynction. Additionally, we incorporate term U; to pre-
samples or uniformly high uncertainty. We attribute this to yent the model from consisting predicting high uncertainty,
the inherent Complexity of UnsuperVised 3D detection: sim- where controls pena|ty Strength. Empirica”y’ when uncer-
ply adding extra channels introduces too few model param-tainty of certain coordinate is high, weight of that inaccurate
etersto effeCtive|y Capture Uncertainty, which is insuf cient pseudo box coordinate is diminished, thereby reducing its
to manage the complexities involved. impact on training process. Conversely, when uncertainty
is low, for instance, nearing zero, the loss reverts to original
detection loss, preserving the full in uence of that pseudo
Our objective is to adaptively reduce the negative effects box coordinate. As a result, our uncertainty regularization
of inaccurate pseudo boxes at coordinate level. To achievedynamically mitigates negative effects of inaccurate pseudo
this, we rectify original detection loss by incorporating our boxes on coordinate level.

2.2. Adaptive Uncertainty Regularization



The regularization process is uniformly applied to both the auxiliary Feature Propagation layers, they are scaled to
primary and auxiliary detectors. Each detector takes into( Cq, C,, Cs;, C4), where represents ratio
account the prediction of the other and adjusts weights of coef cient. We then integrate a new dense head and ROI
pseudo box coordinates accordingly, who diminishes in u- head after the introduced Feature Propagation layers to es-
ence of pseudo box coordinates when signi cant prediction tablish the auxiliary detector. For both nuScenes and Lyft,
disagreement is evident, and reserves impact of pseudo boxhe uncertainty regularization coef cient is set tole °.
coordinates when two predictions concur. Therefore, the For the hyper-parameters, we only tune them on nuScenes
nal loss La can be formulated as: and directly apply them to Lyft. During training, we fol-

Low = LY+ LY ©) low the self training paradigm established by previous work
_ P & , MODEST [50]. Speci cally, we conduct seed training and
whereL is 'Fhe uncertamty-regulanze'd loss for the primary 10 rounds of self training in all our experiments.
detectorL j is the uncertainty-regularized loss for the aux-
iliary detector, denotes the auxiliary detector loss weight. 3.2, Comparison with State-of-the-Art Methods
Discussions. Why not leverage rule-based methods to

pre-calculate box uncertainty? Our uncertainty-aware )
framework is learnable and more adaptive (see Tab. 3). Un-SUlts for nuScenes [2] in Table 1. UA3D outperforms the
state-of-the-art method LiSe [54] by 3.9% in &R and

certainty can be caculated by human-observed knowledge; o . :
e.g, the further the box, the higher the uncertainty. How- 1.5% in ARp under LIDAD-based setting. Those general

ever, such rules can lead to errors. For example, a distanP€'formance enhancement underscores the ef cacy of our

box can be very accurate, but under rule-based uncertaintyP’0P0Sed ne-grained uncertainty estimation and adaptive

its in uence can be unjustly diminished, potentially degrad- UNcertainty regularization in re ning learning process from
ing model performance. Our learnable uncertainty avoids NSy Pséudo boxes. It con rms that reducing the negative
this pitfall by not only assimilating human-observed rules 'MPact of inaccurate pseudo boxes on coordinate level can
and knowledge but also adaptively handling different cases.S'9N! cantly boost model detection performance. Notably,
For instance, if a distant pseudo box is very accurate, bot

hfor objects in the long-range (50-80m), AR, sees a re-
the primary and auxiliary detectors can provide similar pre- markab_le increase. This signi cant boost is attributed to
dictions, resulting in low uncertainty and ensuring that the 1€ typically lower accuracy of long-range pseudo boxes,
box is appropriately valued during training.

where uncertainty plays a pivotal role in dynamically ad-
justing the weights of pseudo boxes coordinates according

Quantitative Results on nuScenes.We present the re-

3. Experiment to their varying qualities. Moreover, we observe consistent
_ improvement in LiDAR-image fusion settings. The clear
3.1. Settings improvement on both LiDAR-based MODEST and LiDAR-

Datasets.Our experiments are conducted on nuScenes [2]'Mage-based method LiSe shows our method is compatible

and Lyft [L1]. nuScenes consists of 1,000 complex scenesWVith various baseline methods.

collected in urban environments. Each scene sequence corfRuantitative Results on Lyft. We further conduct exper-
tains 20 seconds data. In total, nuScenes contains 400KMeNts on Lyft [11] (see Table 2). Our uncertainty-aware
key sample and 390K LiDAR point clouds. Lyft includes Method surpasses baselines by 2.3% ig&AP and 1.8% in
1,000 hours driving data, 170,000 scenes (25 seconds pefPsp under LIDAR-based setting, and 2.5%in & and
scene), covering both LIDAR point cloud and image data. 1-7%in APsp under LIDAR-based setting. Notably, we use

It is worth noting that we do not use any ground truth 3D the same hyper-parameter settings as those in nuScenes ex-
boxes during the training phase and ground truth boxes ardPeriments, vall.datmg the generalizability and effectiveness
exclusively used for evaluation. of our uncertainty-aware approach. We observe the most
Backbone. PointRCNN utilizes PointNet++ [31] for ex- Prominent improvements are from the long-range (S0m-
tracting point-wise features from the LIDAR point clouds. 80m), which veri es the ef cacy of our method in enhanc-
Within PointNet++, Set Abstraction layers rst perform N9 the_detecnon capgblllty ofdlsta_ntobjects. These objects
point grouping and local feature extraction, Feature Prop-are typically challenging to recognize.

agation layers then conduct feature upsampling and prop- . . . .

agate abstract features back to point-wise representation?’s' Ablation Studies and Further Discussion

Following this, dense head predicts a 3D box for each point Comparison with Other Uncertainty Mechanism. We
based on these extracted features. Lastly, region of inter-compare our proposed learnable uncertainty-aware method
est (ROI) head aggregates object proposals from the pointwith rule-based, regression-based, ensemble-based, and
wise predictions into nal predictions. Monte Carlo Dropout-based uncertainty to validate the su-
Implementation Details. Channel numbers in the original periority of our learnable approach (see Table 3). The rule-
Feature Propagation layers afe;( C,, C3, C4), while in based baselines are motivated by CPD [44] and [17]. The



Om 30m 30m-50m 50m-80m 0Om-80m

Method ‘ Conference‘ Data ‘ Round‘ APge AP3p APgey AP3p APgey AP3p APgey AP3p
Supervised [50]| - | - - \ 39.8 345 | 129 10.0 | 4.4 29 | 222 18.2
LiDAR-Based
MODEST [50 CVPR'22 L 0 16.5 12.5 1.3 0.8 0.3 0.1 7.0 5.0
MODEST |50 CVPR'22 L 10 24.8 17.1 5.5 1.4 15 0.5 11.8 6.6
OYSTER [53 CVPR'23 L 0 14.7 12.3 15 1.1 0.5 0.3 6.2 5.4
OYSTER [53 CVPR'23 L 2 26.6 21.3 4.4 1.8 1.7 0.4 12.7 8.0
LiSe [54 ECCV'24 L 0 14.8 12.3 15 0.4 0.4 0.2 6.1 4.2
LiSe [54 ECCV'24 L 10 31.4 21.1 7.0 2.5 2.6 0.5 15.7 9.0
UA3D (ours - L 0 13.7 115 0.9 0.6 0.5 0.2 5.4 4.9
UA3D (ours - L 2 30.1 19.8 7.8 2.9 3.1 0.5 15.1 9.1
UA3D (ours - L 10 38.3 23.8 10.1 35 4.3 0.7 19.6 10.5
LiDAR-Image Fusion
LiSe [54 ECCV24 | L&l 0 5.8 4.7 0.6 0.2 0.3 0.2 2.1 1.8
LiSe [54 ECCV24 | L&l 10 35.0 24.0 114 4.4 4.8 13 19.8 114
UA3D (ours - L&l 0 8.4 7.3 0.8 0.5 0.4 0.8 3.5 2.4
UA3D (ours - L&l 10 38.2 24.7 125 49 5.0 1.7 21.3 12.1

Table 1.Quantitative Results on nuScenes [2]JUA3D signi cantly surpasses the state-of-the-art LiSe [54] across all evaluated metrics.
This validates the ef cacy of proposed coordinate-level uncertainty estimation and regularization in mitigating negative impacts of noisy
pseudo boxes, thereby enhancing detection performance. We repgst APAP;p at loU=0.25. "L for LIDAR data and °I' for image

data. Round refers to the number of self-training round. The best resultslzoleljrand the second-best results are underlined

Om 30m 30m-50m 50m-80m 0m-80m
Method ‘ Conference‘ Data ‘ Round‘ APg AP3p APgey AP3p APgey AP3p APgey AP3p
Supervised [50] | - | - - \ 82.8 826 | 70.8 70.3 | 50.2 496 | 695 69.1

LiDAR-Based

MODEST-PP [50]| CVPR'22 L 0 46.4 45.4 16.5 10.8 0.9 0.4 21.8 18.0
MODEST-PP [50]| CVPR'22 L 10 49.9 49.3 32.3 27.0 3.5 14 30.9 27.3
MODEST [50 CVPR'22 L 0 65.7 63.0 41.4 36.0 8.9 5.7 42.5 37.9
MODEST [50 CVPR'22 L 10 73.8 71.3 62.8 60.3 27.0 24.8 57.3 55.1
LiSe [54 ECCV'24 L 0 42.9 42.6 11.0 10.7 0.5 0.4 20.0 19.6
LiSe [54 ECCV'24 L 10 76.0 73.4 64.7 61.8 28.5 24.9 59.8 56.1
UA3D éoursg - L 0 66.0 63.3 43.8 36.3 8.9 5.1 43.2 38.0
UA3D (ours - L 10 76.5 73.6 64.6 62.0 36.8 29.0 62.1 57.9

LiDAR-Image Fusion
LiSe [54 ECCV24 | L&l 0 54.5 54.0 24.2 22.8 1.4 1.2 29.2 27.5
LiSe [54 ECCV24 | L&l 10 76.7 74.0 66.1 64.4 46.6 43.7 65.6 62.5
UA3D (ours - L&l 0 60.3 57.4 35.5 28.6 2.4 2.5 35.8 31.1
UA3D (ours - L&l 10 78.2 74.6 67.3 65.1 49.2 46.0 68.1 64.2

Table 2.Quantitative Results on Lyft [11]. UA3D outperforms LiSe [54] by a clear margin, under both LiDAR-based and LiDAR-image
fusion settings. Notably, we employ same hyper-parameters as those in nuScenes, validating robustness of UA3D across different datasets.

former one estimates the quality score of pseudo boxesancies between the primary and auxiliary detectors. We
based on distance and point number within box grids. Thealso conduct comparisons with additional uncertainty es-
latter one utilizes the volume ratio to estimate box con - timation methodse.g, regression-based uncertainty, en-

dence. For distance-rule uncertainty, the uncertainty of asemble methods, and MC Dropout methods. Our predic-
pseudo box is quanti ed ag = min(b<; «) \whereb, de- tion discrepancy-based method consistently outperforms all
notes the distance of the box from the ego vehicle, andthese baselines. Speci cally, we nd that regression-based
4 represents the selected distance threshold. We empiriuncertainty suffers from over tting, often predicting either

cally set , = 100m. For Num. Point-rule uncertainty, the all zeros or uniformly high uncertainty. We attribute this
uncertainty is formulated as = e e where to the complexity of unsupervised 3D detection, where
hum _pts

bum pis refers to the number of points within the 3D adding extra channels introduces too few model parame-
pseudo box, and, is the selected points threshold set at t€rs to effectively capture uncertainty. For ensemble and
= 100. For Volume-rule uncertainty, the uncertainty is MC Dropout methods, their performance is limited by the
whereh, by, andb, in- pretrained detection model. Moreover, they typically re-
dicate the length, width, and height of the 3D pseudo box, duire around 10-20 ensemble members or 10-20 inference
and , is the chosen volume threshold set at= 10m3.  Passes, resulting in signi cantly higher memory and com-
UA3D outperforms all rule-based uncertainties by effec- Putation costs. In contrast, our prediction discrepancy ap-
tively addressing scenarios where rule-based approacheBroach only requires a single forward pass to obtain the nal
fail. Our learnable uncertainty is capable of assigning high uncertainty, making it much more ef cient and effective.
uncertainty to challenging cases due to prediction discrep-Ablation of Uncertainty Granularity. We present an abla-

computed asl = T B



Om-30m | 30m-50m| 50m-80m| Om-80m

Method 0m-30m 30m-50m 50m-80m Om-80m
BEV 3D |BEV 3D |BEV 3D |BEV 3D BEV 3D BEV 3D | BEV 3D | BEV 3D
Rule-Based le 4 | 338 204| 6.1 15| 29 0.3 | 15.2 7.4
5
Distance Rule | 29.6 19.6) 7.2 22| 32 05| 148 81 s | 308 288 0L 35 48 0T 08 A0e
Volume Rule 257 17.7/ 5.6 22| 25 04123 74 e : : : : . : . :
Num. PointRule | 27.3 17.6) 7.3 28] 23 03/ 137 75 Table 6.Ablation of Uncertainty Regularization Coef cient
Regression-Based We obtain the best result at= 1e °, as it ensures uncertainty
Additional Channel 26.3 18.8 49 22| 20 03| 121 7.7 estimati_on and regu_lari_zation play a proper role, p_reventing the
Additional FC 27.2 19.71 40 19| 1.2 0.1] 125 8.1 uncertainty from vanishing or exploding. Default settin( gray .
Ensemble-Based
10 Members 325 20.7 55 23| 3.1 04| 150 8.6 0m-30m 30m-50m 50m-80m 0m-80m
20 Members 32.1 23.8/ 10.1 35 3.6 0.7/ 153 9.1 BEV 3D BEV 3D | BEV 3D | BEV 3D
Monte Carlo Dropout-Based 0:25 | 339 222| 55 22| 21 03] 154 838
0:5 325 20.7| 55 23| 31 04| 150 8.6
p=0:1;N =10 296 19.6 7.2 22| 3.2 0.2 148 8.1 1 383 238| 101 35| 43 07| 196 105
p=0:2N =20 |281 203 80 33] 39 05/157 92 2 332 208 49 19| 21 03| 145 84
UA3D (ours) [38.3 23.8[10.1 35| 43 0.7] 19.6 105

Table 7. Ablation of Auxiliary Detector Loss Weight . The
Table 3. Comparison with Other Uncertainty. Our learnable  palanced learning processe., equal weights for both detectors,
uncertainty surpasses all other types of uncertainty, validating its|eads to optimal results. Our default setting i< gray .

superiority in handling complex cases. Results are from nuScenes.
BEV is short for ARBev , and 3D for ARp .

Laver 0m-30m 30m-50m | 50m-80m Om-80m
Y BEV 3D |BEV 3D |BEV 3D|BEV 3D
Granularity | ;20300 ‘g(é@'Sgg‘é’g@'ng‘B%@‘g%rg SAlayer4| 383 238| 101 35| 43 07| 196 105
FPLayerl| 344 21.2| 9.4 31| 46 06| 180 9.3
Point cloud-level| 27.7 18.7) 3.6 1.2| 1.2 0.1 121 6.7 FPLayer2| 31.3 19.4| 6.6 21| 25 03| 151 8.0
Box-level 349 246 75 28| 36 01]172 9.9 - —
Coordinate-level 38.3 23.8| 10.1 35| 43 07| 196 105 Table 8. Ablation of Backbone Layer Auxiliary Detector At-

- - - taches.From shallow to deeper, we study through SA Layer 4, FP
Table 4.Ablation of Uncertainty Granularity. We nd that our Layer 1, and FP Layer 2. We observe that attaching the auxiliary
proposed coordinate-level uncertainty outperforms other coarse-gatecior to a shallower layez,g, the SA Layer 4, yields the best
grained uncertainty, such as box-level and point cloud-level. By performance gray line is our default setting.

addressing inaccurate box coordinates individually, we mitigate

the negative impact of noisy pseudo boxes adaptively. Our default

setting is marked witl gray . certainty. This approach corrects inaccurate pseudo boxes
in a more ne-grained and adaptive manner, effectively mit-

igating the negative impact of noise. In contrast, box-level

‘ 0m-30m ‘ 30m-50m‘ 50m-80m‘ 0m-80m

BEV 3D | BEV 3D | BEV 3D | BEV 3D uncertainty regularization treats the entire box as either cer-
025 | 326 235| 86 31| 43 02| 169 99 tain or uncertain, ignoring differences among the coordi-
05 | 383 238| 101 35| 43 07| 196 105 nates. The coarse-grained box-level approach can compro-
1 296 223| 60 23| 33 01| 147 85 mise the ef cacy of regularization. At the point cloud level,

2 295 205| 79 30| 44 03| 158 89

the regularization effect is weak, resulting in performance
Table 5.Ablation of Channel Number Ratio between Auxiliary degradation to the baseline (MODEST).
and Primary Detector.  denotes the channel number coefcient  Design of Uncertainty Estimation. We present an ablation
of the auxiliary _dett_ect_or, with the best performance achieved at study on the design of the auxiliary detector in Table 5. The
0.5. Default setting is iJFEH] - con guration with = 0:5yields the best results. This con-
guration provides enough model capacity to t accurate
tion study on the uncertainty granularity in Table 4. For our pseudo boxes while avoiding over- tting to noisy pseudo
proposed coordinate-level uncertainty, the uncertainty esti-boxes. As a result, the primary and auxiliary detector pre-
mation and regularization is applied at the coordinate level, dictions tend to diverge for inaccurate pseudo boxes, lead-
where the loss weight for each coordinate of each box ising to more effective uncertainty estimation and regulariza-
adjusted adaptively based on its uncertainty value. For box-tion. = 0:25indicates a smaller auxiliary detector with
level uncertainty, we sum and average the uncertainty val-weaker capacity in tting even accurate pseudo boxes. Con-
ues of the 7 coordinates for each box. For point cloud-level versely, larger auxiliary detectors, such as those withl
uncertainty, we aggregate the uncertainty of all boxes in theand = 2, exhibit learning capacities similar to primary
point cloud to represent overall uncertainty. We observe thatdetector, which diminishes ef cacy of uncertainty learning.
the best results are achieved with our coordinate-level un-Design of Uncertainty Regularization.We explore the ef-




tor (see Table 7). We observe that= 1 yields the best
detection performance. This suggests that applying equal
weights to both branches fosters a balanced learning pro-
cess, enhancing overall model performance.

Ablation of Auxiliary Detector Attached Layer. Addi-
tionally, we present an ablation study on the feature extrac-
tion backbone layer to which the auxiliary detector is at-
tached (see Table 8). When attaching to the sa_layer_4, we
utilize all the FP layers, which facilitates the construction
of an independent auxiliary detection branch endowed with
full capacity. This maximizes the effectiveness of our pro-
posed uncertainty-aware framework.

3.4. Qualitative Analysis

Calibration Between Estimated Uncertainty and Pseudo
Label Inaccuracy. We provide visualizations of the cali-
bration between uncertainty and pseudo box inaccuracy in
Fig. 4. We observe that our UA3D effectively learns uncer-
tainty that aligns closely with pseudo box inaccuracies at the
coordinate level. This alignment facilitates subsequent un-
certainty regularization, where pseudo box coordinates with
high uncertainty are assigned lower weights.

Qualitative Comparison. We compare the predictions
from our uncertainty-aware method against those from
MODEST [50] and OYSTER [53] (see Fig. 5). Notably,
our method achieves more accurate predictions in terms of
shape, location, and orientation (see (a)). Furthermore, we
observe an increase in the recall rate, especially for distant
and smaller objects (see (b)). The pseudo boxes for these
objects are often less reliable due to the challenges in es-

Figure 4.Calibration Between Estimated Uncertainty and Er- timating such boxes. Our approach selectively discounts
rors in Pseudo BoxesOur estimated coordinate-level uncertainty these unreliable boxes, allowing high-quality boxes to play
closely calibrates with inaccuracies in pseudo box coordinates,a& more prominent role. Consequently, UA3D enhances re-
with high uncertainty assigned to erroneous pseudo box coordi-call performance for these categories.
nates. (a) Length and width of the pseudo box are inaccurate,
the uncertainty for these coordinates is correspondingly High. 4. Related Work
A similar pattern is observed for inaccuracies in the length and
x-position coordinates(c) Pseudo box orientation is highly inac- Unsupervised 3D Object Detection. One trajectory fo-
curate, a distinctly high uncertainty is assigned to the orientation. cuses on object discovery from LiDAR point clouds [15,
(d) Conversely, pseudo box orientation is highly accurate, its as- 43]. MODEST [50] pioneers the use of multi-traversal
sociated uncertainty is nearly zero. method to generate pseudo boxes for moving objects. OYS-
TER [53] builds on this approach by advocating for learn-
fects of varying the uncertainty regularization coef cient  ing in a near-to-far fashion. Recently, CPD [43] enhances
(see Eq. 2) in Table 6. The optimal performance is observedthis methodology by employing precise prototypes for var-
with = 1e ®, which allows uncertainty estimation and ious object classes to boost detection accuracy. The sec-
regularization to play a proper role and avoids uncertainty ond trajectory focuses on harnessing knowledge from 2D
vanishing or explosion. Other settings yield sub-optimal re- space [48, 54]. Yaet al. [48] propose the alignment of con-
sults compared with = 1e °. Ahigh =1e *imposesa cept features from 3D point clouds with semantic data from
strong penalty for high uncertainty and suppresses the role2D images. LiSe [54] fuses LiDAR and 2D knowledge to
of uncertainty during training. Conversely, alow= 1e ©, discover the far and small objects. However, owning to the
which imposes a minimal penalty for high uncertainty, leads inherent noise in pseudo boxes, the nal ef cacy of these
to excessively high uncertainty values across all samples. approaches can be compromised [15, 18, 43, 49]. Different
Ablation of Auxiliary Detector Loss Weight. We conduct ~ from existing works, we utilize ne-grained uncertainty es-
an ablation study on the loss weightof auxiliary detec-  timation and regularization to mitigate the negative effect of



Figure 5.Qualitative Comparison with Previous Methods.We compare UA3D with MODEST [50], and OYSTER [53]. (a) Generally,
our method shows a clear improvement in box accuracy over previous methods. (b) For some challenging objects with few points or far
away, our method can still retain a higher recall ratezen boxes denote ground truth arehl boxes are predictions.

inaccurate pseudo boxes. proaches are generally more computationally ef cient and
hardware-friendly but sacri ce ne-grained details. Sec-

ond, point-based approaches utilize permutation-invariant
operations to directly process the original geometry of raw

Uncertainty Learning. Single deterministic methods [14,
28, 33, 36] adapt the original model to directly estimate

predmtlon uncertainty, thlough the gx_tra uncertainty e$t'_ point clouds [38, 40, 47], thereby excelling in capturing de-
mation usually compromises the original task. Bayesian; . :
tailed features at the expense of increased model latency.

methods [21'. 21, 29, 42] L_|t|||ze probab|lls_:t|c neural T‘e" Lastly, voxel-point based methods [39, 46] aim to merge the
works to estimate uncertainty by assessing the variance

across multiple forward passes of the same input, which computa-t lonal advantages O.f voxel-based techniques_ with
o . i e the detailed accuracy of point-based methods, marking a

are limited by high computational costs. Similarly, recent . : :

works [55, 56] tune temperatures of large models for uncer- Progressive trend in this e[d. Notably,. UA3D enh'ances

tainty estimation via multiple inference. Ensemble meth- performance of those detecthn models_ in unsupervised set-

ods [13, 23, 30, 35, 59] estimate uncertainty through thetmg’ with ne-grained uncertainty learning.

combined outputs of various deterministic models during .

inference, aiming primarily to enhance prediction accuracy. 2. Conclusion

Test-time augmentation methods [4, 19, 22, 37] create mul-

tiple predictions by augmenting input samples during test-

ing, with primary challenge in selection of appropriate aug-

mentation. Different from existing techniques [7, 9, 57], we

devise auxiliary detection branch alongside primary detec-

tor to enable quanti cation of ne-grained uncertainty.

We propose an uncertainty-aware framework that identi es
inaccuracies in pseudo boxes at a ne-grained coordinate
level and mitigates their negative effects. In the uncertainty
estimation phase, we introduce an auxiliary detector to cap-
ture the prediction discrepancy between the auxiliary and
primary detectors, harnessing these discrepancies as ne-
3D Object Detection Framework. Works in this do- grained indicators of uncertainty. In the uncertainty regular-
main can primarily be divided into 3 categories based ization phase, the estimated uncertainty is utilized to re ne
on point representation [1, 32]. First, voxel-based meth- the training process, adaptively minimizing the negative im-
ods [45, 60] transform unordered point clouds into com- pact of inaccurate pseudo boxes. Experiments on nuScenes
pact 2D or 3D grids, subsequently compressing them intoand Lyft validate our approach, with qualitative results link-
a bird's-eye view (BEV) 2D representation. These ap- ing high uncertainty to label inaccuracy.
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