The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

CoDTS: Enhancing Sparsely Supervised Collaborative Perception
with a Dual Teacher-Student Framework

Yushan Han, Hui Zhang, Honglei Zhang, Jing Wang, Yidong Li*

Key Laboratory of Big Data & Artificial Intelligence in Transportation (Beijing Jiaotong University), Ministry of Education
School of Computer Science and Technology, Beijing Jiaotong University, Beijing 100044, China
{21112034, huizhang1, honglei.zhang, jing_w, ydli} @bjtu.edu.cn

Abstract

Current collaborative perception methods often rely on fully
annotated datasets, which can be expensive to obtain in prac-
tical situations. To reduce annotation costs, some works adopt
sparsely supervised learning techniques and generate pseudo
labels for the missing instances. However, these methods
fail to achieve an optimal confidence threshold that har-
monizes the quality and quantity of pseudo labels. To ad-
dress this issue, we propose an end-to-end Collaborative per-
ception Dual Teacher-Student framework (CoDTS), which
employs adaptive complementary learning to produce both
high-quality and high-quantity pseudo labels. Specifically,
the Main Foreground Mining (MFM) module generates high-
quality pseudo labels based on the prediction of the static
teacher. Subsequently, the Supplement Foreground Mining
(SFM) module ensures a balance between the quality and
quantity of pseudo labels by adaptively identifying missing
instances based on the prediction of the dynamic teacher. Ad-
ditionally, the Neighbor Anchor Sampling (NAS) module is
incorporated to enhance the representation of pseudo labels.
To promote the adaptive complementary learning, we imple-
ment a staged training strategy that trains the student and dy-
namic teacher in a mutually beneficial manner. Extensive ex-
periments demonstrate that the CoDTS effectively ensures an
optimal balance of pseudo labels in both quality and quan-
tity, establishing a new state-of-the-art in sparsely supervised
collaborative perception.

Introduction

Multi-agent collaborative perception (Han et al. 2023a)
can enhance the perception capabilities of vehicles in
autonomous driving scenarios, such as vehicle-to-vehicle
(V2V), vehicle-to-infrastructure (V2I), and vehicle-to-
everything (V2X) interactions. As an emerging research, re-
cent works have contributed valuable datasets, efficient com-
munication mechanisms, and effective fusion techniques.
Additionally, several pioneer approaches aim to address
practical challenges like localization errors, communication
latency and model heterogeneity.

However, classic collaborative perception methods often
depend on fully annotated datasets. Despite their consid-
erable performance, they are challenged by being labor-
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intensive and time-consuming. For example, in the case
of LiDAR-based 3D object detection, it takes more than
100 seconds (Song, Lichtenberg, and Xiao 2015; Meng
et al. 2020; Luo et al. 2022b) to annotate a precise 3D
bounding box for individual perception datasets such as
KITTI (Geiger, Lenz, and Urtasun 2012) and Waymo (Sun
et al. 2020). Since collaborative perception involves multi-
ple agents, the annotation cost becomes several times higher
than that of individual perception. Moreover, the annotation
of collaborative perception requires aligning shared objects
across multiple agents, which increases annotation complex-
ity. Therefore, the data annotation significantly impedes the
practical application of collaborative perception.

To address the above high-cost issue, an alternative ap-
proach is sparsely supervised learning, where only one ob-
ject per agent in each frame is randomly annotated, as shown
in Figure 1(b). To mine missing instances, the current main-
stream methods (Han et al. 2023b; Xia et al. 2024) primarily
adopt a teacher-student framework. Specifically, SSC30D
(Han et al. 2023b) proposes a self-supervised learning ap-
proach to pre-train the teacher model. Then, it utilizes a
static teacher-student framework to produce high-quality
pseudo labels using high thresholds. HINTED (Xia et al.
2024) adopts a dynamic teacher-student framework, where
the teacher mainly relies on high-level pseudo labels and
a mixed-density student is incorporated to ensure that the
model prioritizes hard instances. While these methods im-
prove performance to a certain degree, the detection perfor-
mance under sparse supervision still lags significantly be-
hind that of full supervision. We argue that these methods
primarily focus on the quality of pseudo labels, overlooking
their quantity, thus resulting in suboptimal solutions.

Specifically, traditional teacher-student frameworks often
employ higher thresholds to derive high-quality pseudo la-
bels. However, varying threshold levels present unique ben-
efits. As illustrated in Figure 1 (c)-(g), a lower threshold
may capture the majority of foreground objects (low MPR)
but at the expense of introducing substantial background
noises (high FPR). In contrast, a higher threshold can en-
sure that the selection primarily includes foreground objects
(low FPR) but may result in the loss of important foreground
details (high MPR). Consequently, how to find an optimal
confidence threshold that balances the quality and quantity
of pseudo labels remains a formidable challenge.
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Figure 1: (a)-(b): Labels of fully and sparsely supervised col-
laborative perception. (c)-(g): The impact of different confi-
dence thresholds on pseudo labels. The false prediction ra-
tio (FPR) = the number of false predictions / the number of
pseudo labels, and the missing prediction ratio (MPR) = the
number of missed predictions / the number of ground truths.

To tackle this challenge, we propose an end-to-end
collaborative perception dual teacher-student framework
(CoDTS), which leverages adaptive complementary learn-
ing to generate pseudo labels that are both high in qual-
ity and quantity, ensuring optimal performance. This is
achieved through a staged training strategy: i) In the warm-
up stage, the Main Foreground Mining (MFM) module is
introduced to ensure a sufficient quantity of pseudo labels.
This mainly involves filtering the prediction of the static
teacher using a low confidence threshold, which effectively
pre-trains the student and dynamic teacher. ii) In the refine-
ment stage, the MFM focuses on identifying high-quality
positive instances by adjusting the confidence threshold of
the static teacher to a higher value, which inevitably causes
missing positive instances. To complement these instances,
we introduce Supplement Foreground Mining (SFM) mod-
ule, which identifies the missing ones by filtering the predic-
tions of dynamic teachers with a dynamically adapted high
confidence threshold. This adaptive complementary learning
guarantees an optimal balance of both quality and quantity
pseudo labels. Furthermore, during both stages, the Neigh-
bor Anchor Sampling (NAS) module is used to select neigh-
boring instances for the identified positives, enhancing the
representations of pseudo labels. Besides, the framework
trains the student and dynamic teacher through mutual learn-
ing, enabling them to make continuous improvements. Our
contributions can be summarized as follows:
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* We propose a novel dual teacher-student framework
CoDTS, which effectively resolves the imbalance of
pseudo labels between quality and quantity in traditional
teacher-student frameworks. It enables sparsely super-
vised collaborative detectors to achieve comparable per-
formance to fully supervised ones.

* The proposed MFM and SFM are used to identify both
high-quality and high-quantity pseudo labels through
adaptive complementary learning, with the threshold in
SFM dynamically adapted according to current scenes.
Besides, the NAS is employed to enhance the dense rep-
resentation of pseudo labels.

* A staged training strategy is introduced to perform adap-
tive complementary learning in an end-to-end manner.
By implementing this strategy, the student and dynamic
teacher are optimized in a mutually beneficial manner,
enabling them to evolve together and continuously en-
hance detection accuracy.

* Extensive experiments are conducted on V2X-Sim,
OPV2V, DAIR-V2X and V2V4Real datasets to demon-
strate the superior performance of CoDTS framework.

Related Work
Collaborative Perception

Collaborative perception enhances the individual perception
(Zhang et al. 2022; Luo et al. 2023) by facilitating infor-
mation exchange among multiple agents, enabling them to
obtain more comprehensive views. Previous research has
achieved notable advancements in effective communication
(Hu et al. 2022; Yang et al. 2024) and adaptive fusion (Xu
et al. 2022a; Luo et al. 2022a; Su et al. 2024) under ideal
conditions and in addressing challenges like time delay (Yu
et al. 2024) and localization errors (Zhang et al. 2024; Hong
et al. 2024) in real-world applications. However, these meth-
ods heavily rely on complete annotations, which are labor-
intensive and impede the practical deployment of collabora-
tive perception.

Sparsely Supervised 3D Object Detection

To mitigate the high annotation costs in LiDAR-based 3D
object detection, researchers have turned to sparsely super-
vised approaches. SS3D (Liu et al. 2022) pioneers sparsely
supervised 3D object detection, iteratively mining and stor-
ing reliable instances and backgrounds under sparse super-
vision to ultimately achieve full supervision. SSC30D (Han
et al. 2023b) first introduces sparsely supervised collabora-
tive 3D object detection, utilizing a Pillar-based mask au-
toencoder to aid the detector in reasoning about high-level
semantics. HINTED (Xia et al. 2024) employs a dynamic
teacher-student framework and proposes a mixed-density
student to boost performance in hard instances. Despite
significant advances in single-vehicle 3D object detection,
sparsely supervised collaborative 3D object detection has
yet to achieve satisfactory performance. This work seeks to
enhance the performance of collaborative 3D object detec-
tors under sparse supervision.
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Figure 2: The CoDTS framework employs a staged training strategy. (a) In the warm-up stage, the MFM utilizes a low threshold
to generate a sufficient amount of pseudo labels, which are used to guide the student and pre-train the dynamic teacher. (b) In
the refinement stage, the MFM raises the threshold to obtain high-quality pseudo labels, while the SFM utilizes dynamic
threshold adaptation to adjust the threshold and adaptively identify missing instances to complement the MFM. This Adaptive
Complementary Learning ensures the generation of both high-quality and high-quantity pseudo labels, which are then merged
to guide the student. Throughout both stages, the NAS is used to enhance the representations of pseudo labels.

Methodology
Overview Framework

To address the imbalance of pseudo labels between quality
and quantity, we propose the CoDTS framework, which gen-
erates pseudo labels through adaptive complementary learn-
ing. Specifically, the MFM is proposed to generate high-
quality pseudo labels based on the prediction of the static
teacher, which inevitably misses some instances. To com-
plement the MFM, the SFM is introduced to adaptively iden-
tify the missing instances based on the prediction of the dy-
namic teacher, ensuring the quality and quantity of pseudo
labels. Additionally, the NAS is used to enhance the dense
representations of pseudo labels during training by select-
ing neighboring instances. As shown in Figure 2, the pro-
posed CoDTS framework employs a delicate staged train-
ing strategy. In the warm-up stage, the student and dynamic
teacher are effectively pre-trained. In the refinement stage,
we implement adaptive complementary learning to produce
pseudo labels. Furthermore, the dynamic teacher and student
are jointly trained in a mutually beneficial manner, enabling
continuous optimization. Next, we will delve into the details
of adaptive complementary learning, neighbor anchor sam-
pling, and staged training strategy.

Adaptive Complementary Learning

To generate both high-quality and high-quantity pseudo la-
bels, we introduce the adaptive complementary learning reg-
imen. Specifically, the MFM generates pseudo labels by us-
ing a high threshold to filter the prediction of the static
teacher. Following this, the SFM adaptively complements
the missing pseudo labels from MFM, with thresholds dy-
namically adjusting to the current scenario.
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In a collaborative detector, each fused feature generates
anchors R € RI*XWxA where H and W represent the
dimensions of the feature map, and A represents the num-
ber of anchors in each feature grid. The detection pre-
diction consists of three types of information, i.e., z =
{Zctss Zregs Zdir }» Where zeys, Zreq and zg;, represent the
classification, regression and direction for each anchor, re-
spectively. The details of MFM and SFM are as follows.

Main Foreground Mining Given the static teacher 6%,
confidence threshold o** and overlap threshold 7, the func-
tion of identifying positive instances R*' by MFM can be
denoted as follows:

R = MFM (0%, 0%, 7). (D)

Specifically, the MFM first selects anchors R5' whose
classification prediction z£/, is larger than confidence thresh-
old o*t. Subsequently, it utilizes the Non-Maximum Sup-
pression (NMS) algorithm (Neubeck and Van Gool 2006)
with an overlap threshold 7 to eliminate anchors with sig-
nificant overlap. Finally, the remaining anchors are treated
as positive instances R*¢. This process can be formulated as
follows:

Ryt = {RY | 25" > ot R® € R},

R = NMS(R§!, 7). )
Supplement Foreground Mining The SFM aims to iden-
tify missing positive instances using the dynamic teacher
f% . Similar to MFM, the SFM also utilizes a confidence
threshold 0% and an overlap threshold 7 to identify in-

stances R with high confidence and low overlap, which
can be denoted as:

R = SFM(#%, 0%, 7). 3)
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Figure 3: Visualization of pseudo label generation through
adaptive complementary learning. (a)-(c) represent the
pseudo labels generated by MFM, SFM, and their merged
results, respectively.

The dynamic teacher 69 exhibits varying detection per-
formance across different scenes. For instance, it might pre-
dict high scores in some scenes but low scores in others,
making it unreasonable to use a predefined static thresh-
old. To ensure the dynamic teacher threshold o% seam-
lessly adapts to diverse scenarios and effectively filters high-
quality foregrounds, we employ a dynamic threshold adap-
tation method, eliminating the need for human intervention.

Specifically, we collect the predicted scores of the dy-
namic teacher for sparse labels in the current batch and apply
the sigmoid function to generate classification scores. Since
the sparse labels provide accurate supervision, these scores
should generally be at a similar level, though some outliers
may have lower scores. We use the K-Means clustering al-
gorithm (MacQueen et al. 1967) to classify these scores into
high-level and low-level clusters. The high-level cluster cen-
ter, representing the average prediction level of the dynamic
teacher #% in the current batch, is chosen as threshold o,

Since we pre-define A anchors for each feature grid, both
the static and dynamic teachers generate predictions for each
anchor. Consequently, different teachers may have different
predictions for the same grid. To avoid conflicting predic-
tions, we calculate the feature grid index for positive in-
stances in R{* and R**, and only remain the instances in
R{! that are missed by R*!. We denote the index function
of anchors as Id(-), and the overall process of SFM can be
formulated as follows:

Rit ={RY | 25" > 0", RV € R},
R{* = NMS(R{', 7),
R¥* = {R®W | 1d(R™)/A ¢ 1d(R*')/A, R") € R{}. (4)

Figure 3 illustrates the pseudo labels generated via adap-
tive complementary learning. The pseudo labels generated
by MFM are all positive instances but miss many ground
truths. Meanwhile, the pseudo labels generated by SFM ef-
fectively complement these missed instances. As a result,
the merged pseudo labels from MFM and SFM encompass
nearly all ground truths while maintaining high quality.

Neighbor Anchor Sampling

While MFM and SFM effectively identify positive instances,
the mined instances are too sparse compared to the en-
tire feature grid, which makes it challenging to learn a
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Figure 4: The process of NAS. First, we generate bound-
ing boxes for positive instances. We then select neighbor in-
stances that have a high overlap with these bounding boxes.
Finally, the positive instances are combined with the neigh-
bor instances to create dense positive instances.

foreground representation. Inspired by the fact that highly
spatially overlapped instances should have the same label,
we propose the NAS, which selects the neighbor instances
based on these identified positive instances, thereby enhanc-
ing the dense representation of pseudo labels.

As shown in Figure 4, consider the positive instances R*?
(represented as red dots) identified by MFM. We use the re-
gression prediction zﬁfig of instances to calculate their cor-
responding bounding boxes B*! (represented as red rectan-
gles). Subsequently, we compute the overlaps between all
anchors R and the foreground bounding boxes B*! and set
an overlap threshold 7¢ to select a set of neighbor in-
stances R™° (represented as purple dots). The above pro-
cedure can be defined as:

Rnei — NAS(RSt7 Tnei)

= {RW | IoURY, B**) > ¢! R € R}. (5)

By utilizing NAS, we enhance the representation of
pseudo labels, which assists collaborative detectors in learn-
ing these instances more effectively. Finally, we will com-
bine the sparse labels with the pseudo labels to generate the
ultimate pseudo label. If both the sparse and pseudo labels
identify the same anchor as a positive instance, we retain
only the sparse label to ensure supervision accuracy.

Staged Training Strategy

To implement adaptive complementary learning, our CoDTS
employs a delicate staged training strategy. As shown in Al-
gorithm 1, the staged training strategy includes two phases:
the warm-up stage and the refinement stage.

The Warm-Up Stage The purpose of the warm-up stage
is to generate high-quantity pseudo labels to guide the stu-
dent and pre-train the dynamic teacher, which is used for
the generation of complementary pseudo labels in the sub-
sequent stage. First, we use the MFM to identify positive
instances by applying a low threshold o} to filter the pre-
dictions of the static teacher. This ensures that the pseudo
labels include sufficient foreground information. Next, we
use the NAS to select neighboring instances, enhancing the
dense representation of the pseudo labels.

After each training iteration iter, the student 6° utilizes
the exponential moving average (EMA) with a smoothing



coefficient « to update the parameter weight of the dynamic
teacher 9. By the end of the warm-up stage, both the stu-
dent and the dynamic teacher can effectively identify most
foregrounds. The process of EMA is defined as follows:

gdt — (1 - zfer) X ozter 1t 1t(>7’ X efter; 1-— 1ter < «
ter bl 4+ (1— )b, otherwise
(6)

By employing the EMA strategy, we can view the slowly
evolving dynamic teacher as an ensemble of the students at
various iterations, which enhances the stability and robust-
ness of the prediction capabilities of the dynamic teacher.
Additionally, positive instance features remain consistent
throughout training, while negative instance features exhibit
random diversity. Consequently, the dynamic teacher will
assign higher confidence to positive instances, which sets
the foundation for utilizing the dynamic teacher to identify
missing positive instances in the subsequent stage.

The Refinement Stage The refinement stage aims to gen-
erate both high-quality and high-quantity pseudo labels to
improve the detection accuracy of both student and dynamic
teacher. This is accomplished through adaptive complemen-
tary learning between MFM and SFM. Specifically, we first
raise the threshold of MFM to a high level o}’ to iden-
tify positive instances, ensuring the quality of pseudo la-
bels but inevitably missing some positive instances. Then the
SFM applies a high threshold ¢% for SFM to complement
the missing instances adaptively, where o% is dynamically
adapted based on current scenes. This complementary min-
ing approach ensures an optimal balance between the quality
and quantity of pseudo labels. Subsequently, we merge the
positive instances identified by both MFM and SFM, and use
NAS to select neighbor instances. Similar to the warm-up
stage, we use EMA strategy to update the dynamic teacher.

In the refinement stage, the student and dynamic teacher
are optimized via mutual learning, where the dynamic
teacher generates part of high-quality pseudo labels to train
the student, and the student updates the knowledge it learned
back to the dynamic teacher. With the above interaction,
both models can evolve jointly and continuously to im-
prove detection accuracy, which also means that the dynamic
teacher can generate more accurate and stable pseudo labels.
Furthermore, due to continuous supervision by pseudo la-
bels, both student and dynamic teacher are able to detect a
large number of high-quality objects effectively.

Experimental Results
Datasets and Evaluation Metrics

We conduct experiments on four large-scale collaborative
perception datasets and evaluate the methods with average
precision (AP) at IoU thresholds of 0.3, 0.5 and 0.7.
V2X-Sim (Li et al. 2022) is a simulated dataset for V2X
collaborative perception. We utilize the V2XSim 2.0 ver-
sion and set the LiDAR range as © € [—32m,32m|,y €
[—32m, 32m]. The training set comprises 698,991 fully su-
pervised objects and 29,300 sparsely supervised objects.
OPV2V (Xu et al. 2022b) is a simulated dataset for V2V
collaborative perception. The LiDAR range is set as © €
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Algorithm 1: Staged Training Strategy

Static teacher #*!. Dynamic teacher %
Student 6°. Refinement starts iteration
Iycfine. Max training iteration I,,,q4

1 Preparation:

2 Initialize the weight of student model 6°

3 Copy the weight of student #* to dynamic teacher 6%
4 Do training iteration:

5 for iter = 1,2, ..., [,,4. do

if iter < I,cfine then

input :

> The Warm-Up Stage

Rt = MFM (0%, 55, 7)
8 B an — NAS(RSt, nm)
9 else l> The Refinement Stage
10 Rt = MFM (0%, 05", 7)
11 Get 0% by dynamic threshold adaptation
12 R¥ = SFM (0%, 0%, 1)
13 B an — NAS(R# U Rdt, 7.71,811)

14
15

16

Merge pseudo labels and sparse labels
Calculate loss and update the weight of 6°

| Update the weight of % by EMA

output: Student #* and dynamic teacher #%

[-140.8m,140.8m],y € [—38.4m,38.4m]. The training
set includes 358,142 fully supervised objects and 21,139
sparsely supervised objects. DAIR-V2X (Yu et al. 2022)
is the first real-world V2I collaborative perception dataset.
We set the LiDAR range as z € [—100.8m,100.8m],y €
[—40m, 40m]. The training set has 237,725 fully supervised
objects and 9,622 sparsely supervised objects. V2V4Real
(Xu et al. 2023) is the first real-world V2V collabora-
tive perception dataset. The LiDAR range is set as x &€
[—140.8m,140.8m],y € [—38.4m,38.4m]. The training
set comprises 145,278 fully supervised objects and 14,210
sparsely supervised objects.

Experimental Setup

Implementation Details We implement the CoDTS with
OpenCOOD framework(Xu et al. 2022b). Specifically, the
collaborative detector is trained using the Adam optimizer
with a learning rate of 0.002. The parameters for MFM,
SFM, and NAS are set as follows: of* 0.15, o}t
0.2,7 = 0.15, 7" = 0.6. For the EMA strategy, we set
a = 0.999. The refinement starts iteration I, fin. 1S set to
0.5 - I,;,42. All models are trained on NVIDIA RTX A4000.

Benchmarks We compare our CoDTS with sparsely su-
pervised methods SSC30D (Han et al. 2023b) and HINTED
(Xia et al. 2024). Our static teacher (ST) is the same as that
of SSC30D, which first applies the self-supervised learning
method to pre-train the encoder. We then load the pre-trained
encoder into ST and train it with sparse labels. To enable
quantitative comparison, we utilize three classical interme-
diate collaborative detectors: F-Cooper (Chen et al. 2019),
AttFusion (Xu et al. 2022b), and DiscoNet (Li et al. 2021).



Datasets V2X-Sim

OPV2V

DAIR-V2X V2V4Real

Detectors ‘ Label ‘ Methods | AP@0.3 AP@0.5 AP@0.7 | AP@0.3 AP@0.5 AP@0.7 | AP@0.3 AP@0.5 AP@(0.7| AP@0.3 AP@0.5 AP@(.7

Full - 79.69 71.59 56.75 94.23 88.44 69.16 80.11 73.37 56.51 81.35 72.10 40.73
Sparse - 62.62 52.14 38.72 80.83 74.75 51.96 54.41 49.49 32.58 46.61 4391 23.09
F-Cooper Sparse ST 67.49 60.31 45.60 82.32 76.89 54.26 59.68 54.26 35.39 53.62 50.70 30.51
Sparse | SSC30D | 71.20 62.49 50.09 84.40 79.08 57.54 60.89 56.68 40.53 55.74 52.46 33.22
Sparse | HINTED | 71.08 61.15 46.48 87.23 80.41 55.10 70.68 62.86 38.68 71.90 61.72 35.37
Sparse | CoDTS | 73.77 65.52 53.02 90.83 84.05 62.04 78.17 70.35 50.53 7191 65.60 38.03
Full - 79.07 76.47 66.43 95.55 93.49 83.03 79.82 72.89 57.43 79.81 70.37 45.20
Sparse - 67.02 65.53 56.53 78.74 77.63 61.98 56.31 51.21 32.93 48.66 46.02 26.09
AttFusion Sparse ST 69.69 68.41 59.06 80.12 79.19 68.86 57.32 52.94 38.05 55.06 50.66 33.56
Sparse | SSC30D | 74.10 72.68 62.66 82.35 81.64 72.55 62.02 57.17 40.57 56.75 53.88 35.52
Sparse | HINTED | 74.42 72.07 60.37 86.24 81.50 60.76 71.59 65.42 42.37 69.74 61.67 34.77
Sparse | CoDTS | 77.84 74.86 65.66 91.23 89.42 75.77 76.95 69.23 51.24 78.09 69.30 41.30
Full - 81.02 77.63 69.29 96.22 94.31 84.42 80.21 73.62 58.00 79.25 68.61 42.61
Sparse - 68.56 65.39 55.84 81.82 80.79 69.23 55.90 51.39 32.97 54.15 50.22 33.23
DiscoNet Sparse ST 70.97 68.21 59.06 82.08 81.19 72.33 58.10 53.94 38.93 56.41 51.87 31.44
Sparse | SSC30D | 74.07 70.54 62.29 83.12 82.22 73.56 60.93 56.78 42.63 53.66 49.44 30.44
Sparse | HINTED | 77.12 73.18 60.60 87.20 83.24 69.61 70.19 63.78 41.00 74.87 65.34 37.95
Sparse | CoDTS | 81.23 76.41 66.18 93.41 90.56 76.47 75.82 68.73 51.05 80.45 70.56 38.55

Table 1: Performance comparison among different methods on sparsely supervised collaborative 3D object detection.

Semi-10% Semi-20% Modules Student 0° Dynamic Teacher 0%
< < Detect
Detectors | Methods 45605 AP@0.7 | AP@0.S AP@0.7 c1eclOT 'MFM SFM NAS [AP@0.5 AP@0.7] AP@0.5 AP@0.7
3DIoUMatch | 56.81 28.83 66.86 45.06 - - - | 4949 3258 | 4949 32.58
FCooer | HISSDA 5822 3041 | 6699 4654 Flooer| Y 0o | 6690 4292 | 6790 4733
~-o0p HINTED | 5893 3042 | 67.15 4622 PELL . v | 6686 47.11 | 6855 4872
CoDTS 5954 3282 | 6931  48.46 Vv v | 6873 4805 | 7035  50.53
3DIoUMatch | 54.56  31.64 | 6386 4591 - - 'st21 3293 | 5121 3293
AtFusion | HSSDA 5709 3438 | 6395 4756 AiFusion| Y - | 6558 4877 | 6725 5035
‘ HINTED | 5753 3488 | 6376  47.19 v - v | 6787 5066 | 6851  51.22
CoDTS 5889 3726 | 6622 5023 Vv v | 6546 4105 | 6923 5124
3DIoUMatch | 5878 3488 | 6596  46.81 - - - |'s139 3207 | 5139 3297
DiscoNe; | HSSDA 5951 3656 | 6645 4828 DiscoNet| Y - - | 6540 4861 | 67.06 4910
HINTED | 6021  38.18 | 6639 4856 BN s L v 6616 4905 | 67.60 4977
CoDTS 60.61 37.94 67.31 49.37 v v v 6727 4573 | 68.73 51.05

Table 2: Comparison with state-of-the-art semi-supervised
methods on DAIR-V2X. All methods are trained on ran-
domly selected 10% or 20% fully annotated frames.

We keep the same supervised loss as these detectors used.

Quantitative Evaluation

Comparison with Spasely Supervised Methods Table 1
presents the collaboration detection results in both fully and
sparsely supervised paradigms. The evaluation is conducted
on four large-scale collaborative perception datasets. Due to
insufficient supervision, collaborative detectors trained with
sparse labels have lower accuracy than those trained with
full 1abels. Specifically, SSC30D and HINTED partially ad-
dress this issue, but the performance of these detectors still
significantly lags behind those trained with full labels. This
is because these methods mainly rely on high-quality pseudo
labels filtered by high confidence thresholds.

Our CoDTS mines pseudo labels with both high-quality
and high-quantity, enabling us to achieve the highest per-

3371

Table 3: Ablation study of main components on DAIR-V2X.

formance in sparsely supervised scenarios. Specifically, in
the V2X-Sim, the detector trained with the CoDTS per-
forms similarly to a fully supervised learning approach at
IoU=0.3,0.5 and 0.7. In the OPV2YV, our CoDTS improves
the AP of collaborative detectors by over 10%. In the DAIR-
V2X and V2VReal, our CoDTS improves the AP of collab-
orative detectors by over 20% at IoU=0.3 and 0.5, and by
approximately 10% at IoU=0.7. These results demonstrate
the effectiveness of the CoDTS in generating pseudo labels.

Comparison with Semi-supervised Methods Given the
limited research on sparsely supervised scenes and the fact
that our proposed CoDTS employs a teacher-student frame-
work similar to those used in semi-supervised methods, we
also explore its performance in semi-supervised settings.
Table 2 presents a comparison of our results with various
semi-supervised methods: 3DIoUMatch (Wang et al. 2021),
HSSDA (Liu et al. 2023), and HINTED (Xia et al. 2024).
Since it is difficult to pre-train collaborative detectors with



MFM F-Cooper AttFusion DiscoNet
ot o' |AP@0.5 AP@(.7 | AP@0.5 AP@0.7| AP@0.5 AP@0.7
0.1 02| 69.61 49.80 68.83 51.02 68.52  51.23
0.1 025 69.03  49.22 68.72  51.31 67.84 4933
0.1 03| 6793 4892 67.37 50.11 67.86  49.26
0.15 0.2 | 70.35 50.53 69.23 51.24 68.73  51.05
0.15 0.25| 7043  50.02 69.56  51.10 67.77 50.49
0.15 03] 70.13  49.92 68.92  50.74 67.51 50.25

Table 4: Ablation study of o7 and o' on DAIR-V2X.

a very low semi-supervised ratio, we randomly choose 10%
and 20% of fully annotated frames from the training split.
Our method achieves the best performance in both 10% and
20% labeling rates, which demonstrates the superiority of
our CoDTS in producing pseudo labels.

Ablation Studies

Contribution of Main Components We conduct ablation
studies to assess the effectiveness of the proposed MFM,
SFM and NAS modules. We take collaborative detectors
trained from scratch as a baseline and gradually incorporate
each component. As shown in Table 3, when we use MFM
with a high confidence threshold and utilize the identified
positive instances as pseudo labels, the performance of the
student and dynamic teacher is improved.

The performance is further enhanced when we combine
MFM and NAS to generate pseudo labels, emphasizing the
importance of sampling neighbor instances. By integrating
MFM, SFM, and NAS, and implementing the staged train-
ing strategy, we achieve the best performance. This demon-
strates the effectiveness of adaptive complementary learn-
ing in mining high-quality and high-quantity pseudo labels.
In the training process, since the dynamic teacher can be
viewed as a temporal ensemble of students across differ-
ent time steps, the dynamic teacher consistently outperforms
the student. Furthermore, as employing varying confidence
thresholds at different stages may impede the performance
of the student, we choose the dynamic teacher for inference.

Confidence Threshold for Static Teacher This section
evaluates the influence of static teacher thresholds o}’ and
03! on performance. Given that the OpenCOOD bench-
mark only considers predictions with scores above 0.2 dur-
ing inference, and the maximum prediction score of the
static teacher is below 0.35, we establish the low confidence
threshold interval as (0, 0.2) and the high threshold interval
as [0.2, 0.3]. We randomly select thresholds from the above
intervals. Specifically, we set low confidence thresholds aft
at 0.1 and 0.15, and high confidence thresholds crff at 0.2,
0.25, and 0.3. The results of different combinations of these
confidence thresholds are in Table 4.

The detection results across these combinations show no
significant difference, with all achieving higher performance
than the baseline methods in Table 1. This indicates that our
framework does not rely on manually set low or high thresh-
olds. As long as the MFM threshold falls within an appropri-
ate range, our framework performs effectively. Additionally,
we tried to apply dynamic threshold adaptation to MFM but
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Figure 5: Ablation
on DAIR-V2X.

study of staged training strategy (STT)

found the training to be unstable. This instability is due to
the lower performance of the static teacher and its unstable
predictions on sparse labels.

The Importance of Staged Training Strategy We eval-
uate the importance of the staged training strategy (STT)
and present the results in Figure 5. The settings for the
three methods are as follows: i) involves high confidence
threshold-based MFM and NAS; ii) involves high confi-
dence threshold-based MFM, NAS, and SFM. Specifically,
we first train student and teacher models using a low-
confidence threshold-based MFM and NAS. In the next
stage, we take this teacher model as an auxiliary static
teacher and apply SFM to identify missing instances. iii) in-
volves MFM, NAS, and SFM, and utilizes the staged train-
ing strategy to achieve end-to-end training.

The results from (i) to (ii) indicate that directly employing
SFM could improve collaborative detectors when IoU=0.7,
since it provides high-quality missing positive instances for
the MFM. However, its performance remains inferior to that
of using STT, especially at loU=0.3 and 0.5. This is because,
two stages in (ii) are trained separately. In the second stage,
the student is optimized from scratch, while the dynamic
teacher remains static without further updates. In contrast,
STT in (iii) enables end-to-end training, allowing the student
to undergo continuous optimization. Additionally, the dy-
namic teacher is updated using the EMA of the student and
generates partial labels to supervise the student, enabling
their mutual learning. Therefore, the dynamic teacher can
generate more complemented pseudo labels adaptively.

Conclusion

In this paper, we propose a collaborative perception dual
teacher-student framework, CoDTS, which leverages adap-
tive complementary learning to generate pseudo labels in
both high quality and high quantity. Specifically, the MFM
generates high-quality pseudo labels, while the SFM adap-
tively identifies missing instances using a dynamic thresh-
old. Furthermore, the NAS enhances the dense representa-
tion of pseudo labels during training. The framework em-
ploys a staged training strategy, where the warm-up stage
pre-trains the student and dynamic teacher, and the refine-
ment stage produces pseudo labels via adaptive comple-
mentary learning. Extensive experiments on four large-scale
datasets demonstrate that CoDTS effectively addresses the
imbalance of pseudo labels between quality and quantity.
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