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Abstract

Unsupervised 3D object detection serves as an impor-
tant solution for offline 3D object annotation. However,
due to the data sparsity and limited views, the clustering-
based label fitting in unsupervised object detection often
generates low-quality pseudo-labels. Multi-agent collabo-
rative dataset, which involves the sharing of complementary
observations among agents, holds the potential to break
through this bottleneck. In this paper, we introduce a
novel unsupervised method that learns to Detect Objects
from Multi-Agent LiDAR scans, termed DOtA, without us-
ing labels from external. DOtA first uses the internally
shared ego-pose and ego-shape of collaborative agents to
initialize the detector, leveraging the generalization perfor-
mance of neural networks to infer preliminary labels. Sub-
sequently, DOtA uses the complementary observations be-
tween agents to perform multi-scale encoding on prelimi-
nary labels, then decodes high-quality and low-quality la-
bels. These labels are further used as prompts to guide
a correct feature learning process, thereby enhancing the
performance of the unsupervised object detection task. Ex-
tensive experiments on the V2V4Real and OPV2V datasets
show that our DOtA outperforms state-of-the-art unsuper-
vised 3D object detection methods. Additionally, we also
validate the effectiveness of the DOtA labels under various
collaborative perception frameworks. The code is available
at https://github.com/xmuqimingxia/DOtA.

1. Introduction

Learning-based 3D object perception, a key autonomous

driving task, has recently seen rapid development in both

the industrial and academic fields. A critical component

*Corresponding author, clwen@xmu.edu.cn

Figure 1. Comparison of the performance of various methods

under multi-view synchronous observation. (a) On the left, Our

DOtA achieves best performance on the real-world collaborative

V2V4Real [56] dataset (more details are in Tab. 2). (b) On the

right, we adhere to the localization noise parameters established

in Where2comm[10], and conducted experiments on the simula-

tion dataset OPV2V [55] to assess the robustness of our approach

against realistic localization noise. DOtA is more robust to the lo-

calization noise than previous SOTAs.

of it is the offline 3D object automatic annotation, which

generates accurate labels for unlabeled data [8]. Depend-

ing on the specific requirements, there are many differ-

ent offline schemes. Among them, one extreme empha-

sizes raising the upper bound of label quality, which uses

a pre-trained detector and information from future frames

[8, 28, 33, 59] to infer accurate labels. However, this strat-

egy relies on costly manual labeling to pre-train a powerful

detector [20, 34, 42, 68], which is too expensive to scale

up. Other solutions, abandoning manual labeling, lever-

age common-sense information to generate labels from the

point cloud distribution [27, 43, 63, 66]. However, due to

the data sparsity and limited views of LiDAR scans, the

distribution of foreground points is often incomplete, espe-

cially for moving objects (Fig. 2 (b,c)), severely impacting

the performance of these unsupervised methods.

In this paper, we propose a novel orthogonal approach

of improving unsupervised 3D object detection by explor-
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Figure 2. (a) A toy example demonstrating a moving vehicle under

multi-agent observation. (b) The instance structure is incomplete

under single-view observation in the current frame; (c) Historical

frame from a single-view cannot complete missing information;

(d) Multi-view observation for a moving vehicle.

ing the potential of multi-agent collaboration. We as-

sume that multi-agents are conducting synchronized obser-

vations from multi-view within the same scene, with each

agent sharing their pose and shape with the others. This

would bring two outstanding benefits: i) synchronized ob-

servations from multi-view of multi-agent are adept at sig-

nificantly completing the missing point cloud distribution

(Fig. 2 (d)); ii) from the unlabeled shared information (ego-

pose & ego-shape), we can obtain bounding box descrip-

tions of the agents at no cost, and this subtle signal can sup-

port training a weak initial detector and generate prelimi-

nary labels. This compensates for the shortcomings of tradi-

tional unsupervised label generation methods that rely heav-

ily on the complete distribution of foreground points [66].

However, unlabeled synchronized observation data also

brings two new challenges to the unsupervised 3D object

detection task: i) the initial detector trained with shared in-

formation cannot ensure label quality due to a large number

of false positives, as shown in Tab. 1; ii) communication de-

lays and localization noise of agents disrupt the alignment

of synchronized observation [12, 56], significantly degrad-

ing the performance of traditional unsupervised object de-

tection algorithms (Fig. 1). Therefore, agents need a more

robust way to utilize synchronized observation to generate

high-quality labels.

Following this design rationale, we propose an unsuper-

vised 3D detection method that learns to Detect Objects

from Multi-Agent LiDAR scans, termed DOtA. It includes

three parts: i) preliminary label generation, which pre-

trained the initial detector with shared information to infer

labels; ii) preliminary label refinement, which emphasizes

the consistency of local point cloud multi-scale distribution

across multi-view to eliminate false positive labels; and iii)
label-internal contrastive learning, which uses refined labels

as cues to encourage correct feature learning and suppress

erroneous feature learning. Compared with traditional un-

supervised 3D object detection methods[43, 66], DOtA de-

signs a novel label refinement and detector training scheme.

The effectiveness of our design is verified both on a real-

world dataset, V2V4Real [56], and a simulation dataset,

OPV2V [55]. As shown in Fig. 1, our DOtA outperformed

the previous SOTA unsupervised methods average perfor-

mances by 16.83% on the real-world V2V4Real dataset;

meanwhile, we conducted simulations of realistic localiza-

tion noise on the OPV2V dataset, and the labels inferred

by DOtA demonstrated the strongest robustness. The main

contributions of this paper are as follows:

• We introduce the first unsupervised 3D object detection

method (DOtA) derived from multi-agent LiDAR scans.

DOtA does not rely on external labels; instead, it only

leverages unlabeled internally shared information among

the agents.

• We design a multi-scale bounding-box encoding mod-

ule that leverages the complementary observation shared

among multiple agents to discern high-quality labels from

preliminary labels.

• We propose a label-internal contrastive learning method,

which takes the discernible preliminary labels as prompts,

encouraging positive predictions while reducing the oc-

currence of false positives.

2. Related Work
2.1. Multi-agent collaborative perception

Collaborative perception [10, 11, 18, 19, 24–26, 38, 48,

53, 55, 57, 64] is an emerging application of multi-agent

communication systems in perception tasks. It enables dif-

ferent agents to share complementary perception informa-

tion, expanding their view and eliminating blind spots. Cur-

rently, collaborative perception systems have made signifi-

cant progress in improving perception performance [53, 54]

and robustness on practical issues, such as communication

bandwidth constraints [13], pose error [26, 35] and latency

[16, 40]. However, the cost of annotating collaborative per-

ception datasets is extremely high. Compared to traditional

single-agent perception datasets, the annotation cost of col-

laborative perception increases linearly with the number of

agents [56]. This significantly hinders the progress of col-

laborative perception algorithms on real-world data. To ad-

dress this problem, we propose an unsupervised method to

avoid manual labeling by only using internally shared infor-

mation in collaborative communication, thus releasing data

annotation costs.

2.2. Unsupervised 3D object detection

In the field of single-agent 3D object detection, researchers

are increasingly turning their attention to discovering 3D

objects without manual annotation. MODEST [63] first in-

corporates common-sense information [3–5, 14], using the
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Figure 3. The overview of proposed DOtA. (a) The initial detector, pre-trained with shared information, infer preliminary labels. (b) Multi-

scale transformations are utilized to encode contextual information for preliminary labels, with the discriminator D integrating the encoded

information from various agents to distinguish between high-quality and low-quality labels. (c) Distinguishable labels serve as prompts,

and Label-Internal Contrastive Learning (LICL) is leveraged to guide the learning of correct features while suppressing the learning of

erroneous ones.

ephemerality of repeatedly scanned point clouds to iden-

tify moving objects in the scene. Building on this founda-

tion, many unsupervised methods [2, 27, 30, 43, 66] explore

additional constraints to generate higher-quality pseudo-

labels. At the same time, some methods [17, 39] begin to

explore unsupervised 3D object detection based on multi-

modal data. However, constrained by a single viewpoint

and the sparsity of point clouds, existing unsupervised ob-

ject detection methods struggle to model objects, particu-

larly those that are in motion. To break through this bot-

tleneck, DOtA attempts to conduct research on 3D object

detection without manual annotation using a multi-view ob-

servational collaborative dataset.

2.3. Label-efficient 3D object detection

In addition, label-efficient 3D object detection methods

consider the detection task from the view of weak super-

vision, exploring the use of low-cost manual annotation

to approach the performance of full supervision. In this

context, weakly supervised, semi-supervised, and sparsely

supervised approaches are representative of efficient label-

ing schemes [50]. The weakly supervised object detection

methods [29, 41, 61, 65] select more lightweight manual

annotation, such as clicks, instead of bounding box annota-

tions. The semi-supervised methods [23, 32, 36, 37, 44, 62,

67] retain annotations for only a subset of frames to train

an initial detector, and then employ a teacher-student net-

work to continuously enhance the detection performance

of the student model. Existing sparsely supervised meth-

ods [22, 46, 47] further reduce the number of labeled in-

stances, retaining only one labeled instance per annotated

frame. The success of sparsely supervised setting demon-

strates that sparse supervision within a scene could support

the initialization of detectors. However, in sparse supervi-

sion, the instances labeled per frame are random, endowing

the labeled instances with diversity. In contrast, the trans-

mitters of shared information among multiple agents are

constant, leading to a lack of diversity in the information

and thus making the initial detector prone to overfitting to

the agents themselves (Fig. 5(a)). This motivates us to de-

sign an effective 3D object detection framework based on

shared information.

3. Method

Problem definition. We start by defining the task of train-

ing a detector only from unlabeled collaborative driving

data, using multi-agent vehicles equipped with synchro-

nized sensors (in particular, LiDAR which provides 3D

point clouds, and GPS/INS which provides accurate esti-

mates of vehicle position and orientation). Such a data col-

lection scheme is practical and annotator-free, making it

ideal for cooperative systems where multiple vehicles func-

tion together in the same area to gather data collaboratively.

Our method automates the annotation of this data, simplify-
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δ Recall Precision δ Recall Precision

0.10 14.45 91.93 0.04 20.94 59.70

0.08 15.61 89.69 0.02 29.59 23.03

0.06 17.54 82.34 0.01 47.59 10.22

Table 1. The potential of initial detector. Utilizing a lower con-

fidence threshold, e.g., δ = 0.01, could result in a label set with

a higher recall rate. However, due to the increase in false positive

predictions, the precision of the labels declines markedly. Noise-

ridden labels hinder the training of effective detectors, underscor-

ing the motivation behind the development of DOtA.

ing the workflow and increasing the system’s efficiency.

Overview. The pipeline of our DOtA framework is illus-

trated in Fig. 3. (1) Preliminary Label Generation; (2)

Multi-scale Bounding-box Encoding (MBE) for label fil-

tering; (3) Label-Internal Contrastive Learning (LICL). We

detail the designs as follows.

3.1. Preliminary Label Generation

The key idea of DOtA is to utilize the internal shared in-

formation of multiple agents and the generalization ability

of neural network to obtain a high-recall and high-precision

pseudo-label set. To validate the feasibility of this perspec-

tive, we conduct a preliminary analysis. Specifically, we

utilize unlabeled shared information to describe the bound-

ing boxes of agents, and then follow the AttFuse [55] to

train the initial detector with these boxes. Finally, we ana-

lyze the inference results of the detector.

Tab. 1 shows the recall and precision of the initial labels

inferred by initial detector with different confidence score

thresholds δ on the OPV2V [55] dataset. It is clear to see

that the detector is capable of inferring lots of objects in

the scene, e.g., achieving a recall rate of 47.95% at a con-

fidence threshold of 0.01. This results show the potential

of the initial-detector only trained with shared information.

However, during training, due to the absence of positional

and shape information of other traffic participants, the de-

tector mistakenly treats other traffic participants as back-

ground, leading to an over-fit on agent information. Mean-

while, with the reduction of δ, there is a surge in false pos-

itive labels—a significant decrease in precision ( more de-

tail in Fig. 5). This motivates us to design DOtA, a novel

framework that effectively expands more valuable informa-

tion from the shared data, thereby supporting the training of

a well-performed detector.

3.2. Multi-scale Bounding-box Encoding for Label
Filtering

As noted in Tab. 1, in order to maintain a high recall rate,

we need to use a lower confidence threshold to preserve the

initial labels. However, among the retained labels, there is

a large number of false positives. To tackle this issue, we

introduce the Multi-scale Bounding-box Encoding (MBE)

module. The key idea is to leverage multi-scale and multi-

view observation to assess whether the instance points in-

cluded in the labels adhere to the objective laws of the phys-

ical world, thereby retaining high-quality labels.

Bounding-Box Multi-scale Scaling. Existing unsuper-

vised label filtering methods [27, 43] typically consider

only the point cloud distribution within the bounding box

to evaluate the generated labels. However, the contextual

information of the labels is equally crucial. Therefore, for

each 3D bounding-box label, bi = (xi, yi, zi, hi, wi, li, θi),
we slightly scale on it to create new 3D boxes{
be±i = (xi, yi, zi, hi, wi(1± ηe), li(1± ηe), θi)

}
to en-

code the additional information from its context, where ηe is

a constant value for enlarging and reducing the size of box.

Subsequently, we use the following three context encoding

strategies for multi-scale bounding boxes.

Strategy-1. Collision Probability Encoding. Inspired by

[58], we assume normal traffic participants will not collide

with others, meaning there are no points nearby. Therefore,

for the enlarged box be+i , we assess the collision probabil-

ity of the label bi by examining the ratio of point clouds

added within the expanded region. A higher ratio indicates

a higher probability of collision, suggesting the label is a

false positive. For the view of each agent Xv , the increase

ratio of be+i is

rvi = (
∣∣P e+

i

∣∣− |Pi|)/ |Pi| (1)

where
∣∣P e+

i

∣∣ , |Pi| are the numbers of points in be+i and bi.
Strategy-2. Boundary Alignment Encoding. Due to the

nature of LiDAR sensing, the edges of the inner-points

should align with the boundaries of the label. To determine

the edges, we employ the Qhull [1] algorithm to obtain the

convex hull on the interior points, using it as a reference for

the edge points. Therefore, we slightly shrink the label, and

we assess the degree of alignment by calculating the ratio

that the convex hull falls within the reduced area. A lower

ratio indicates a worse alignment of the label, suggesting

the label is low-quality. For the view of each agent Xv , the

occupancy ratio of be−i is

ovi = (|Qi| −
∣∣Qe−

i

∣∣)/ |Qi| (2)

where
∣∣Qe−

i

∣∣ and |Qi| are the numbers of convex hull in be−i
and bi.

Strategy-3. Information Confidence Encoding. For Li-

DAR scanning, the point cloud is dense near and sparse far

away, hence the agents closer to the label provide more in-

formation. Therefore, we describe the confidence of infor-

mation based on the Euclidean distance between the label

bi and the agent Xv:

dvi = 1/[(xv − xi)
2 + (yv − yi)

2] (3)
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where (xv, yv) is the 2D center of the agent XV . The larger

the encoded dvi , the higher the confidence.

We perform MBE from the view of each agent, resulting

in: {[rvi , ovi , dvi ] | v = 1, ..., V }, where V is the number of

agents. And then, by combining the encoded information

relayed by all agents, we design a label discriminator:

D =

⎧⎪⎪⎨
⎪⎪⎩
condition1 :

(∑V
v=1 r

v
i × dv

i∑V
v′=1

dv′
i

)
< ϕr

condition2 :

(∑V
v=1 o

v
i × dv

i∑V
v′=1

dv′
i

)
> ϕo

(4)

where ϕr and ϕo indicate the collision tolerance and align-

ment tolerance, respectively. A label is assigned as high-

quality if it simultaneously meets the two conditions of the

discriminator; otherwise, it is considered a low-quality la-

bel. Only high-quality labels will be directly used as super-

visory signals to participate in the training of the classifica-

tion and regression modules of the detection model.

3.3. Label-Internal Contrastive Learning

By combining information from multiple agents, we obtain

distinguishable labels. However, low-quality labels are also

the outcomes of the detector, mapping the erroneous fea-

ture learning from the previous round. To correct this mis-

guided feature learning and to emphasize the correct ones

from the previous round, we propose a Label-Internal Con-

trastive Learning (LICL) module. The key idea is to intro-

duce contrastive learning [9], using historical predictions as

cues to enhance current feature learning capabilities.

We firstly extract local feature for each promising la-

bel {bi = (xi, yi, zi, hi, wi, li, θi)} by leveraging the cor-

relation between the resolution of the feature map (W ×
H) and the range of the original scene point cloud

([xmin : xmax, ymin : ymax]).

indexi =

(
� xi − xmin

xmax − xmin
� ×W, � yi − ymin

ymax − ymin
� ×H

)
.

(5)

where indexi represents the position index of the region

corresponding to bi in the feature map. Based on the MBE

module, according to the quality of the label bi, we further

identify the local feature F (indexi) into positive feature

fpos and negative feature fneg .

For all high-quality labels
{
bmpos,m = 1, ...,M

}
and low-quality labels

{
bnneg, n = 1, ..., N

}
, we

can generate corresponding sets of positive fea-

tures
{
fm
pos,m = 1, ...,M

}
and negative features{

fn
neg, n = 1, ..., N

}
. Following existing efforts [46, 51],

we apply the InfoNCE [31] loss to pull closer between

positive features and to push positive and negative features

further apart within the feature space.

LLICL =
−1

M

M∑
m=0

log
exp

(∑M
i=0

(
fm
pos · f i

pos

)
/τ

)
∑N

n=0 exp
(∑M

i=0

(
f i
pos · fn

neg

)
/τ

) .
(6)

where τ is a temperature scaling parameter [45]. The

LICL module utilizes high-quality and low-quality labels as

prompts to encourage correct feature learning from the pre-

vious round and suppress erroneous feature learning. It is

worth noting that this module is only involved in the model

training to enhance the feature learning of the backbone and

does not participate in the inference phase.

3.4. Training Losses

Following previous collaborative perception methods [10,

60], we utilize the smooth absolute error loss for regression,

denoted as Lreg , and the focal loss [21] for classification,

denoted as Lcls. In total, our proposed DOtA framework

defines the comprehensive objective function as follows:

Ltotal = αLreg + βLcls + γLLICL. (7)

where α and β are empirically set to 1 according to [55],

hyper-parameter γ balances the task of detection and feature

learning. We conduct the ablation study for γ in section 4.5.

4. Experiments
4.1. Datasets and Evaluation Metrics

We conduct experiments with two different datasets:

V2V4Real dataset [56] and OPV2V dataset [55]. To the

best of our knowledge, these two are representative collabo-

rative perception datasets, one of which is a real dataset col-

lected from large-scale real-world scenarios, and the other

is a virtual dataset collected based on simulation emula-

tors [6, 52]. We validate the effectiveness of DOtA on both

types of datasets. To ensure a fair comparison, we utilized

the official evaluation metric: the Average Precision (AP)

under Intersection over Union (IoU) 0.3, 0.5 and 0.7.

4.2. Implementation Details

Training Details. In multi-agent collaborative perception

systems, each agent transmits its pose data. Concurrently,

details of the collaborating vehicles, including their types,

are pre-registered [56]. Consequently, we could easily ob-

tain the internal shared-info of each agent vehicle Xv in the

scene without manual labeling: (xv, yv, zv, hv, wv, lv, θv).
During the initialization phase of the detector, we directly

utilize these internal shared-info from the agents as super-

vision. In the design of the discriminator D, the collision

tolerance parameter ϕr is set to 0.1, and the alignment toler-

ance parameter ϕo is set to 0.7. Additionally, scaling factor

ηe = [0.5, 0.2].
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Methods Reference
Common

sense

Internal

shared-info

V2V4real [56] OPV2V [55]

AP@0.3 AP@0.5 AP@0.7 AP@0.3 AP@0.5 AP@0.7

DBSCAN [7] KDD 1996
� 9.26 4.39 0.43 29.49 22.24 9.38

� � 14.59 7.57 0.88 32.31 24.43 11.63

MODEST [63] CVPR 2022
� 24.13 12.55 1.83 46.61 34.27 14.96

� � 33.44 23.32 3.60 50.83 43.43 20.58

OYSTER [66] CVPR 2023
� 16.61 7.47 0.36 51.92 47.27 20.18

� � 37.50 23.52 4.84 56.58 49.01 24.34

CPD [43] CVPR 2024
� 35.55 27.06 3.76 54.83 48.34 23.56

� � 40.67 30.27 4.73 59.17 50.49 27.72

DOtA (Ours ) - � 54.60 48.84 22.41 66.14 52.37 24.57

Table 2. Comparison with unsupervised methods on OPV2V dataset [55] and V2V4Real dataset [56]. All methods are based on Att-

Fuse [55]. We report the results of Average Precision (AP) under Intersectionover-Union (IoU) 0.3, 0.5 and 0.7. The best performance are

highlighted in bold.

Baseline Details. We are the first to develop a method for

training collaborative detectors only with internal shared-

info, and there are no previously published baselines for

comparison. To validate the effectiveness of DOtA, we

chose to compare it with works [43, 63, 66] that are also

without manual labels. To ensure a fair comparison, we

adopt widely used PointPillars [15] as basic detector. Fur-

thermore, we also pass internal shared-info to previous un-

supervised methods, enhancing their detection capabilities.

4.3. Main Results

Comparison with unsupervised methods. We compare

the proposed DOtA with the most advanced unsupervised

methods [7, 43, 63, 66]. For a fair comparison, all methods

adopt PointPillars [15] as the backbone and AttFuse [55] as

the fusion strategy. Tab. 2 shows a performance comparison

of two public datasets.

For the V2V4Real dataset [56], since the data is col-

lected from real-world scenarios, there is noise present in

the data due to communication delays and localization er-

rors. This noise prevents the early-fused point clouds from

aligning well in 3D space. Therefore, to ensure label qual-

ity, we employ a late-fusion strategy to generate labels for

the baseline unsupervised methods [7, 43, 63, 66]. The ex-

perimental results on V2V4Real are shown on the left side

of Tab. 2. Relying solely on internally shared information,

our DOtA surpasses previous methods at all IoU thresholds.

Additionally, traditional unsupervised schemes are suscep-

tible to noise in real-world data, leading to a significant re-

duction in detector performance at the 0.7 IoU threshold. In

contrast, our method does not rely on cluster-based bound-

ing box fitting strategies. Still, it leverages the generalized

performance of neural networks to expand labels, thus ex-

hibiting greater robustness against these noises.

For the OPV2V dataset [55], to capitalize on the

strengths of collaborative perception datasets and to achieve

optimal performance with traditional unsupervised meth-

ods [7, 43, 63, 66], we use early-fusion point clouds as

the input for these methods. Notably, to reduce computa-

tional load, DOtA adopts an intermediate-fusion approach

by using individual agent point clouds as input separately,

ultimately only merging the encoded information. The ex-

perimental results on OPV2V are shown in the right side

of Tab. 2. Our DOtA surpasses the performance of all pre-

vious unsupervised methods at IoU thresholds of 0.3 and

0.5, without relying on common-sense information. Com-

pared to the previously best-performing method CPD, our

approach lags slightly under the IoU threshold of 0.7. This

is due to the fact that OPV2V is a simulation dataset with

less internal noise, which is more conducive to the perfor-

mance of traditional unsupervised methods.

Validation with different collaborative methods. We

select three classic collaborative perception object de-

tection methods, AttFuse [55], V2X-VIT [54], and

Where2Comm [10], as baselines. Then, we train the base-

line detection models with the internal shared-info and the

full manual labeling, separately. The results are reported

in Tab. 3. Due to the limited amount of information in the

internally shared-info, the performance of the detector di-

rectly trained in this manner is relatively poor. We com-

bine a self-training scheme, commonly used in unsuper-

vised strategies [43, 63], into our baseline method, which

results in a certain improvement in performance. However,

such self-training methods struggle to strictly control label

quality, hence the performance of the detector still lags sig-

nificantly behind that of a fully supervised detector. By

adding our MBE and LICL to the three baseline methods,

our DOtA pipeline achieved an average performance im-

provement of 32.61% and 35.35% on two datasets, respec-

tively. This further narrows the gap with fully supervised

methods.

Results of Multi-Class Detection. As shown in Tab 4, we

compare our DOtA with unsupervised methods on V2X-

Real dataset [49]. V2X-Real is a real-world multi-class 3D
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Methods
Manual

Labels

Internal

shared-info

V2V4real [56] OPV2V [55]

AP@0.3 AP@0.5 AP@0.3 AP@0.5

AttFuse [55] � 71.35 63.15 85.50 83.21

AttFuse [55] � 11.15 10.62 11.75 11.55

AttFuse [55] + self-training [22] � 20.38 16.47 30.02 18.18

DOtA based AttFuse � 54.60 48.84 66.14 52.37
V2X-ViT [54] � 72.10 62.87 85.99 84.13

V2X-ViT [54] � 12.26 11.98 7.81 7.75

V2X-ViT [54]+self-training [22] � 18.43 14.30 33.05 19.77

DOtA based V2X-ViT � 61.90 54.45 64.33 46.06
Where2Comm [10] � 74.02 66.80 87.03 84.40

Where2Comm [10] � 11.82 6.89 7.61 7.31

Where2Comm [10]+self-training [22] � 20.04 13.53 31.88 20.14

DOtA based Where2Comm � 51.55 43.96 66.62 53.23

Table 3. Verification on different collaborative methods with full manual labels and internal shared-info on OPV2V dataset [55] and

V2V4Real dataset [56]. We report the results of Average Precision (AP) under Intersectionover-Union (IoU) 0.3 and 0.5. The best

performance only with internal shared-info are highlighted in bold.

Method
Car Ped. Truck

Ap@0.3 Ap@0.5 Ap@0.3 Ap@0.5 Ap@0.3 Ap@0.5

CPD 27.56 20.67 11.37 7.52 13.32 10.88

LISO 26.89 20.38 9.03 5.42 14.33 11.62

DOtA 34.27 26.96 14.33 10.25 17.67 14.56

Table 4. Comparison of unsupervised methods on V2X-Real [49].

Figure 4. The IoU distribution between pseudo-labels and ground

truth is presented, where figures (a), (b), and (c) correspond to

OPV2V, and figures (d), (e), and (f) correspond to V2V4Real.

detection cooperative perception dataset. Following main-

stream strategies [43], we use size priors to classify class-

agnostic labels. Benefiting from the effective utilization of

collaborative data, DOtA achieves the optimal performance.

4.4. Label Quality Analysis

To verify the labels generated by DOtA, we use the ground-

truth as a reference to analyze recall and precision on

OPV2V [55] and V2V4Real [56] datasets. As shown in

Tab. 5, the label quality of DOtA significantly surpasses that

of previous unsupervised methods. Because the initial la-

bels of DOtA are generated based on the generalization of

neural networks, they have stronger noise resistance than

traditional unsupervised methods based on clustering fit-

ting. Therefore, on real datasets, the label quality of DOtA
is more robust. To understand the sources of this improve-

ment, we examined the IoU between the pseudo-labels and

ground truth, and compared the IoU distributions in Fig. 4.

From the figure, it can be observed that DOtA maintains

a similar IoU distribution on both synthetic and real-world

datasets.

Method

V2V4Real [56] OPV2V [55]

Recall Precision Recall Precision

IoU @0.3/0.5 IoU @0.3/0.5 IoU @0.3/0.5 IoU @0.3/0.5

DBSCAN [7] 32.75/19.59 4.20/2.51 47.16/39.54 14.11/11.83

MODEST [63] 31.33/19.00 13.43/8.14 37.06/31.01 58.52/48.96

OYSTER [66] 41.05/29.32 22.04/15.74 48.35/43.72 60.69/54.89

CPD [43] 40.52/32.15 20.75/16.46 48.30/45.80 59.31/56.23

DOtA (Ours) 52.31/43.91 71.97/60.42 62.60/51.87 79.34/65.74

Table 5. The comparison of label quality on OPV2V [55] and

V2V4Real [56] datasets.

4.5. Ablation Study

Effect of multi-scale bounding-box encoding. The first

through seventh rows of Tab. 6 report the effects of Multi-

scale Bounding-box Encoding (MBE). MBE encompasses

three distinct strategies: Collision Probability Encoding

(CPE), Boundary Alignment Encoding (BAE), and Infor-

mation Confidence Encoding (ICE). We perform ablation

studies on them sequentially. In the 1st row of Tab. 6, we re-

port the performance of the AttFuse [55] with self-training

as our baseline. In the 2nd row, we add CPE to filter labels,

resulting in a significant performance improvement. This

demonstrates that the CPE module eliminates a large num-

ber of false positives and enhances the accuracy of the la-

bels. In the 3rd row, we use only BAE to filter labels, which

also brings about a certain performance improvement. By
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Figure 5. Visualization of the label filtering process of DOtA on the OPV2V train split.

combining CPE and BAE, our DOtA further improves the

performance. Taking into account the varying contributions

of each agent, we proposed the ICE. The results in rows

5th, 6th, and 7th demonstrate that the ICE module can as-

sign an appropriate degree of contribution to each agent,

ultimately producing the highest quality labels.

ID
MBE

LICL
OPV2V [55]

CPE BAE ICE AP@0.3 AP@0.5

1 30.02 18.18

2 � 55.62 40.01

3 � 43.28 24.79

4 � � 58.75 43.27

5 � � 57.63 40.98

6 � � 48.56 26.34

7 � � � 60.96 45.77

8 � � � � 66.14 52.37

Table 6. Effects of the different components on our designed

DOtA network.

Effect of label-internal contrastive learning. As shown in

the 7th and 8th rows from Tab. 6, whether the use of label-

internal contrastive learning (LICL) module has a certain

impact on the performance of the detector. By combining

LICL with MBE to train the detector, our DOtA boosts the

performance of AP@0.3 and AP@0.5 by about 5.18 and

6.60 percentage points, respectively, as shown in the 7th

and 8th rows. This verifies the effectiveness of the jointly

label inner contrastive learning strategy.

γ 0.1 0.3 0.5 0.7 1.0 1.5 2.0

AP@0.3 0.61 0.61 0.62 0.63 0.66 0.63 0.63

Table 7. The choice of weight parameter γ of LLICL.

Choice of the hyper-parameter γ. The setting of γ de-

termines the extent of the influence of the LICL module

throughout the entire training process. In this section, we

investigate the selection of γ of the optimal loss LLICL.

From the results in Tab. 7, it is observed that the LICL mod-

ule achieves maximum performance when γ is set to 1.0.

Label-filtering Visualization To provide a more detailed

depiction of the label filtering process in DOtA and its un-

derlying motivation, we offer a comprehensive visualiza-

tion. Firstly, we set a confidence threshold of 0.1 to filter

the output of the inference of initial detector on the train
split. As shown in Fig. 5 (a), the inference results below this

threshold only cover the agent, indicating that the model is

overfitting to the agent. And then, we set a lower confi-

dence threshold of 0.01, the result is shown in Fig. 5 (b).

At this point, the inferred labels can cover more ground-

true bounding boxes, but a large number of false positives

have emerged. To eliminate false positives and retain more

high-quality labels, we design DOtA, and the final labels

are shown in Fig. 5 (c).

5. Conclusion

In this paper, to overcome the limitations of traditional

unsupervised 3D object detection methods that are con-

strained by a single-view observation, we proposed a novel

detect objects from multi-agent LiDAR scans method,

DOtA, without manual labels. Instead of requiring cluster-

based label-fitting methods, our method utilizes the inter-

nal shared-info to initialize an object detector. In this way,

our DOtA method does not require the meticulous design of

hyper-parameters based on common-sense information to

generate initial labels, as traditional unsupervised methods

do, thereby enhancing the robustness. To improve the per-

formance of detector, we designed a multi-scale bounding

box encoding module to filter the initial labels, ultimately

retaining those of high quality to train detector. And then,

we propose a label-internal contrastive learning module that

guides the detector to better accomplish feature learning.

Extensive experiments have verified the effectiveness of our

design.
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