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Abstract
In the semi-supervised object detection task, due to
the scarcity of labeled data and the diversity and
complexity of objects to be detected, the quality
of pseudo-labels generated by existing methods for
unlabeled data is relatively low, which severely re-
stricts the performance of semi-supervised object
detection. In this paper, we revisit the pseudo-
labeling based Teacher-Student mutual learning
framework for semi-supervised object detection
and identify that the inconsistency of the location
and feature of the candidate object proposals be-
tween the Teacher and the Student branches are
the fatal cause of the low quality of the pseudo
labels. To address this issue, we propose a sim-
ple yet effective technique within the mainstream
teacher-student framework, called Double Check
Soft Teacher, to overcome the harm caused by in-
sufficient quality of pseudo labels. Specifically, our
proposed method leverages teacher model to gener-
ate pseudo labels for the student model. Especially,
the candidate boxes generated by the student model
based on the pseudo label will be sent to the teacher
model for “double check”, and then the teacher
model will output probabilistic soft label with back-
ground class for those candidate boxes, which will
be used to train the student model. Together with a
pseudo labeling mechanism based on the sum of the
TOP-K prediction score, which improves the recall
rate of pseudo labels, Double Check Soft Teacher
consistently surpasses state-of-the-art methods by
significant margins on the MS-COCO benchmark,
pushing the new state-of-the-art. Source codes are
available at https://github.com/wkfdb/DCST.

1 Introduction
With the development in computing power and the avail-
ability of large-scale labeled datasets, deep learning has
achieved great breakthroughs in various tasks. However,
these advances are accompanied by a large amount of time-
consuming and labor-intensive data annotation efforts, espe-
∗Corresponding author.

(a) Object bounding box
pseudo-labels are full of
noises, e.g., the two dashed
boxes in the image that
mainly contain background
regions will be mistaken for
the “dog” category.

(b) The low recall rate of
the pseudo-labeled harms the
model training, e.g., small
objects (ball and person in
the image) will be ignored
and misclassified as back-
ground.

Figure 1: Low-quality pseudo-labels and their possible detrimen-
tal analysis. The solid boxes are the pseudo-labels adopted by the
model during training, and the dashed boxes are the candidate ob-
ject bounding box generated during training.

cially for object detection tasks. To make better use of un-
labeled data, semi-supervised learning has received increas-
ing attention. However, so far the research progress of semi-
supervised learning is mainly concentrated in the field of im-
age classification [Berthelot et al., 2019; Sohn et al., 2020a],
and there are still many unsolved problems in its application
to object detection where the data labeling work is more te-
dious and is thus more worth investigating. In this paper, a
simple but effective solution is proposed by deeply revisit-
ing the essential reasons that the pseudo-label-based semi-
supervised object detection framework may have excessive
noise and low recall rate that seriously restrict the model per-
formance (refer to Figure 1).

Pseudo-label-based semi-supervised methods [Liu et al.,
2021; Xu et al., 2021] consist the mainstream solution for
semi-supervised object detection. Among them, the qual-
ity of pseudo-labels is a key factor affecting performance.
Current works have carried out a lot of exploration on
“generating high-quality pseudo-labels” [Yang et al., 2021;
Tang et al., 2021b; Zhou et al., 2021]. However, for object
detection tasks, high quality pseudo-label requires both ac-
curate classification, precise location, and high recall rate,
which makes “generating high quality pseudo-labels” ex-
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tremely formidable. In contrast to existing works, we iden-
tify the essential reasons for the adverse effects of low-quality
pseudo-labels and propose a method to “combat low-quality
pseudo-labels”. Specifically, conventional pseudo-labels are
tailored for classification tasks, and applying them directly to
object detection leads to the following two critical problems:

i) The bounding box position corresponding to the pseudo-
label is not accurate enough, which may lead to incon-
sistent semantic content in the model training although
the candidate bounding boxes and pseudo-labels have
enough overlap, as shown in Figure 1(a).

ii) The low recall rate of pseudo-labels will cause a large
number of candidate boxes to be mistakenly regarded
as background category due to insufficient matching of
pseudo-labels to mislead model training, as shown in
Figure 1(b).

To solve the above issues, we propose Double-Check Soft
Teacher (DCST), an approach that corrects the candidate box
labeling errors caused by the low quality pseudo labels, bas-
ing on the mainstream Teacher-Student architecture [Sohn et
al., 2020a], where the Teacher generates pseudo labels on
weakly augmented images to train the Student with strongly
augmented images. In particular, our method sends the can-
didate boxes generated by the student model with reference
to the pseudo-labels into the teacher model for further ver-
ification, and then assigns probabilistic soft labels (includ-
ing background) to each candidate box based on features ex-
tracted from weakly augmented images. We call this pro-
cess as “Double Check”. This mechanism enables the model
to identify the mislabeled candidate boxes and re-label them
correctly, which can be seen as the teacher checking the stu-
dents’ homework, correcting the errors while retaining the
correct results. Accompanying the “Double Check”, candi-
date boxes with low confidence may appear, which are not
suitable to be assigned one-hot hard label, and the perfect
soft label hence comes into being. In this way, incorrect
background boxes still have a chance to be corrected as fore-
ground (certain prediction distribution of foreground cate-
gories) to participate in training, although they are not sure
of their exact class.

On the other hand, considering the negative impact of the
low recall rate of pseudo-labels on the model performance,
we introduce “TOP-K pseudo labeling”, which leverages the
sum of the cumulative Top-K probability predictions greater
than a certain threshold as the selection basis for pseudo-
labels. In fact, many objects of different categories share
similar appearances, such as “sofa” and “chair”, “TV” and
“laptop”. Under the condition of semi-supervised learning
with limited labels, it is arduous for the model to generate
sufficiently high-confident predictions for a specific category,
which makes it easy for the model to miss a large number of
high-quality hard foreground objects in the process of select-
ing pseudo-labels, resulting in an excessively low recall rate.
TOP-K pseudo labeling enables the model to detect similar
objects and provide more candidate object boxes for the dou-
ble check processing, which would further improve the low
classification accuracy.

To sum up, we highlight the contributions of this paper as

follows:

• We identify the unreliable positions and the low recall
rate consists of the essential reasons for the adverse ef-
fects of low-quality pseudo-labels.

• The novel Double-Check Soft Teacher with TOP-K
pseudo labeling approach is proposed to prevent the
detrimental effects due to noisy pseudo-labels.

• On the MS-COCO semi-supervised object detection
benchmark, our model consistently performs favorably
against the state-of-the-art methods by significant mar-
gins.

2 Related Work
2.1 Semi-supervised Learning
Semi-supervised learning (SSL) aims to make full use of un-
labeled data to facilitate the model learning process with lim-
ited labeled data. Most of the semi-supervised learning meth-
ods aim at image classification tasks. There are two main-
stream paradigms of these works, consistency based meth-
ods and pseudo label based methods. Consistency based SSL
methods introduce a regularization loss to make the model
produce similar predictions for the same image under dif-
ferent disturbance. There are many different ways to imple-
ment the disturbance, such as applying different kinds of data
augmentations for the same image [Laine and Aila, 2017;
Tarvainen and Valpola, 2017], or following the idea of ad-
versarial training to perturb the input images along the adver-
sarial direction [Miyato et al., 2018]. Pseudo-labeling based
(self-training based) methods [Xie et al., 2020b; Li et al.,
2019] refer to generating pseudo labels for unlabeled images
and then using them for supervised training. Recently, data
augmentations have proven to be an effective paradigm for
boosting SSL on image classification [Berthelot et al., 2019;
Xie et al., 2020a; Sohn et al., 2020a]. Our work also adopts
different data augmentations to achieve consistent regulariza-
tion, and follows the idea of pseudo labeling to deal with un-
labeled data, but we focus on the consistency regularization
of bounding-box level prediction.

2.2 Semi-supervised Object Detection
Similar to semi-supervised image classification, semi-
supervised object detection also follows the two aforemen-
tioned algorithm paradigms, including consistency [Jeong et
al., 2019; Tang et al., 2021a] based method and pseudo la-
beling based models [Sohn et al., 2020b; Wang et al., 2021;
Xu et al., 2021; Liu et al., 2021; Yang et al., 2021; Tang
et al., 2021b; Zhou et al., 2021]. Recently, pseudo label-
ing based methods have developed rapidly. Among them,
STAC [Sohn et al., 2020b] first proposed a paradigm of gen-
erating pseudo labels using weakly augmented images and
training with strongly augmented images. This method has
become a classic benchmark recently. For pseudo labeling
based method, the quality of pseudo labels is the key factor
affecting the performance. The improvements achieved by
the works after STAC [Wang et al., 2021; Xu et al., 2021;
Liu et al., 2021; Yang et al., 2021; Tang et al., 2021b;
Zhou et al., 2021] are basically to improve the quality of
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Figure 2: The overall framework of double check soft teacher, which includes a supervised branch and an unsupervised branch. In the
supervised branch, the student model calculates the supervised loss directly from the labeled images. In the unsupervised branch, teacher
model first generates pseudo labels based on weakly augmented images. After the student generates the filtered boxes with reference to the
pseudo-labels, the teacher model updates the predictions of the filtered boxes and generate soft labels for them according to the features of
the weakly augmented image version.

pseudo labels. However, most of their proposed methods can
not well address the inaccurate location and low recall rate
of pseudo-labels. Note that [Wang et al., 2021] proposed
a data uncertainty based method to detect uncertain candi-
date boxes and reduce their weights. [Xu et al., 2021] used
the background class score generated by the Teacher model
as the weight of the background candidate boxes to reduce
the ill effects of incorrect background predictions. However,
those methods failed to fundamentally solve the mislabeling
problem caused by the noisy labels. Our proposed DCST
can detect and correct errors in all candidate boxes, funda-
mentally addressed the harmful effects of insufficient pseudo-
label quality.

3 Method
Problem Definition
In the semi-supervised object detection task, a set of labeled
images Ds = {xs

i ,y
s
i}

Ns

i=1 and a set of unlabeled images
Du = {xu

i }
Nu

i=1 are available for training. Ns and Nu de-
note the number of labeled data and unlabeled data, respec-
tively. For each image xi, the corresponding label yi contains
the position and category information of object instances con-
tained in the image. The goal is to make use of both labeled
and unlabeled data to learn the object detection model.

Pseudo labeling is one of the most widely adopted algo-
rithms to involve unlabeled data during training. Traditional
pseudo-label learning mechanisms designed for image clas-
sification cannot ensure both the accuracy of the generated
bounding box localization and the high recall rate of box-level
pseudo-labels. In order to overcome the hazards caused by
low-quality pseudo labels, we propose Double-Check Soft-
Teacher (DCST), an approach that corrects the candidate box
labeling errors caused by the low quality pseudo labels, base
on the mainstream Teacher-Student architecture. Further-
more, a new sample filtering scheme called “TOP-K pseudo
labeling” which leverages the sum of the cumulative Top-K

probability predictions greater than a certain threshold as the
selection basis for pseudo-labels is introduced for improving
the recall rate of pseudo labels. The overall pipeline of our
method is shown in Figure 2.

3.1 End2End Teacher-Student
The Teacher-Student Mutual Learning framework [Liu et al.,
2021] is employed to generate pseudo labels for unlabeled
images. During the network optimization procedure, every
training batch is composed of several randomly sampled la-
beled and unlabeled images. Labeled images can be directly
used for training in the supervised manner. The weakly and
strongly augmented counterparts of unlabeled images are re-
garded as inputs of the teacher and student model respec-
tively. The outputs of the teacher model are leveraged to
construct pseudo labels for unlabeled images, which are sub-
sequently applied for training the student model. We build
up the student model with the two-stage object detection net-
work Faster-RCNN, consisting a region proposal subnetwork
(RPN) for inferring object proposals and a ROI head for pre-
dicting class probabilities and adjusting bounding boxes posi-
tions. Denote the parameters of the student model be θs. The
teacher model shares the same architecture with the student
model. Suppose its parameters be θt, then it is updated via
the exponential moving average (EMA),

θt = αθt + (1− α)θs, (1)
where α is a constant indicating the ensemble ratio between
the teacher and the student.

The student model is trained with the supervised loss on la-
beled images and the unsupervised loss on unlabeled images
respectively. For labeled images, the supervised loss Lsup

is consisting of classification and regression losses calculated
on outputs of the RPN and ROI head,

Lsup =
∑
i

Lrpn
cls (xs

i ,y
s
i ) + Lrpn

reg (xs
i ,y

s
i )+

Lroi
cls (x

s
i ,y

s
i ) + Lroi

reg (x
s
i ,y

s
i )

(2)
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Figure 3: It is arduous for the model to generate sufficiently high-
confident predictions for some specific categories, which results in
an excessively low recall rate. With the TOP-K pseudo-labeling,
more objects can be mined from the unlabeled data for training.

For the unlabeled image xu
i , the detected objects having

inference confidence larger than a threshold σ in the teacher
model are regarded as pseudo labels ŷu

i . Then the unsuper-
vised loss is calculated with the pseudo labels ŷu

i ,

Lunsup =
∑
i

Lrpn
cls (xu

i , ŷ
u
i ) + Lrpn

reg (xu
i , ŷ

u
i )+

Lroi
cls (x

u
i , ŷ

u
i ) + Lroi

reg (x
u
i , ŷ

u
i ) ,

(3)

Finally, the overall objective function for optimizing param-
eters of the student model is defined as the weighted sum of
the supervised loss and the unsupervised loss:

L = Lsup + λLunsup, (4)

where λ is a constant. The SGD optimizer is adopted to up-
date parameters of the student model. After every optimiza-
tion step, the teacher model is updated according to Eq. 1.

3.2 Double-Check Mechanism
In the training process of the object detection task, the two-
stage object detector first generates candidate boxes with
RPN. Then, the candidate boxes are assigned with labels ac-
cording to the provided annotations. For each candidate box,
the best matched annotation is regarded as the ground-truth,
if the IoU between the candidate box and the annotation is
larger than a certain threshold; otherwise, the candidate is
marked as background. In the semi-supervised scenario, due
to the inaccurate location and low recall rate of pseudo labels,
the assigned labels of candidate boxes usually contain a lot of
errors, as shown in Figure 1. In order to correct these errors,
we propose the double-check mechanism.

The double-check mechanism is ingenious in that the
teacher model reloads the position of filtered boxes to ex-
tract features from the weakly augmented images through
ROI Pooling. For each filtered box, a new reliable category
label is generated from the prediction result inferred by the
ROI head of the teacher model, as shown by the path consti-
tuted by yellow arrows in Figure 2.

If the original category label of the filtered box is correct,
the prediction distribution tends to be consistent with the orig-
inal category label; otherwise, the original category label is
corrected by the new reliable category probabilities.

3.3 Soft Teacher
Assuming that there are n types of objects in the data set,
the Teacher will generate a prediction distribution of length
n + 1 for each filtered box in the double-check mechanism.
This prediction distribution represents the probability that the
filtered box belongs to each class, including the background.
We directly take this distribution as the category soft label to
train the student model.

There are two benefits to this approach. First, soft label en-
hances the double-check correction capability. This enables
false background boxes to be corrected as foreground boxes,
even if the model cannot determine the specific foreground
class. Secondly, soft labels can be utilized for exploring the
underlying similarity cues among classes. For example, as
shown in Figure 3, the model may not be able to confirm
whether the object in the detected box is a TV or a laptop,
it is sure that the object does not belong to any other cate-
gories. Such kind of boxes can be leveraged in the form of
soft labels for training the student model.

With the help of soft labels, the classification loss of ROI
in unsupervised loss is calculated with the soft cross-entropy,
as shown below:

Lroi
cls (x

u
i , ŷ

u
i ) =

1

Ni

Ni∑
j

− log- softmax
(
pj

)
∗ ŷcls

j , (5)

whereNi is the number of filtered boxes for training in image
xu
i , pj is the prediction logits of the j-th filtered box, and ŷcls

j
is its corresponding soft label.

3.4 TOP-K Pseudo Labeling
The employment of the double-check mechanism relaxes the
requirement for pseudo labels, which makes high precision
on category no longer important. Meanwhile, the soft label
mechanism enhances the error correction ability and enables
the model to handle similar-looking objects. Based on these
two characteristics, we further propose a TOP-K pseudo-
labeling strategy to promote the recall rate of pseudo labels.

The conventional pseudo-label screening scheme uses the
top-1 score of the foreground classes in the prediction result
as the confidence of the detection box. This approach eas-
ily overlooks hard samples as shown in Figure 1, leading to
low recall rate in pseudo labels. To tackle this problem, we
propose a TOP-K pseudo labeling scheme, through threshold-
ing the accumulated value of the top-k scores. Such pseudo
labeling strategy is beneficial for preserving similar-looking
objects as pseudo-labels, thereby improving the recall rate of
pseudo-labels. TOP-K pseudo labeling aggravates the class
uncertainty of pseudo-labels, but the double-check mecha-
nism eliminates the negative influence of unreliable pseudo
category labels. Meanwhile, the additional look-alike objects
brought by TOP-K pseudo labeling can further benefit the
learning of the student model under the soft label mechanism.

4 Experiments
Dataset. Following existing works, we test the performance
of our method on MS-COCO benchmark [Lin et al., 2014].
Subsets train2017 and unlabeled2017 are used for
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Methods 1%COCO 5%COCO 10%COCO 100%COCO
Supervised 9.05±0.16 18.47±0.22 23.86±0.81 37.63
Supervised∗ [Sohn et al., 2020b] 9.83±0.23 21.18±0.20 26.18±0.12 39.48
Supervised† 10.00±0.26 20.92±0.15 26.94±0.11 40.90
STAC [Sohn et al., 2020b] 13.97±0.35 24.38±0.12 28.64±0.21 39.20
ISMT [Yang et al., 2021] 18.88±0.74 26.37±0.24 30.53±0.52 39.64
Instant-Teaching [Zhou et al., 2021] 18.05±0.15 26.75±0.05 30.40±0.05 40.20
Humble-Teacher [Tang et al., 2021b] 16.96±0.38 27.70±0.15 31.61±0.28 42.37
Unbiased-Teacher [Liu et al., 2021] 20.75±0.12 28.27±0.11 31.50±0.10 41.30
Soft-Teacher [Xu et al., 2021] 20.46±0.39 30.74±0.08 34.04±0.14 44.50
DCST(Ours) 23.02±0.23 32.10±0.15 35.20±0.20 44.60

Table 1: Comparison with state-of-the-art methods using different percents of labeled data. ‘Supervised’ means only labeled images are
employed during training. In ‘Supervised∗’, the same argumentation scheme as in STAC are applied for expanding labeled images. In
‘Supervised†’, the weak augmentation strategies adopted by our method is applied for expanding labeled images.

training, and subset val2017 is used for testing. Our ex-
periments are divided into two protocols: partially labeled
data and fully labeled data. In partially labeled data protocol,
we respectively sample 1%, 5% and 10% of train2017 as
labeled data, and the remaining is used as unlabeled data. For
every setting, five trials are conducted using different random
seeds for random data sampling, and we report the averaged
evaluation metrics. In the fully labeled data protocol, all im-
ages in train2017 are regarded as labeled data, and all im-
ages in unlabelled2017 are regarded as unlabeled data.
The standard mean average precision (mAP) on val2017 is
used as the evaluation metric.

Implementation Details. For fair comparisons, we use
Fast-RCNN [Ren et al., 2015] built with ResNet50 [He et al.,
2016] and feature pyramid networks [Lin et al., 2017] as the
object detector. The code is implemented under the frame-
work of MMdetection [Chen et al., 2019]. Top-3 classes are
considered for generating pseudo labels from predictions of
the teacher model, and the threshold σ is set to 0.7. Follow-
ing existing works [Liu et al., 2021; Xu et al., 2021], we set
α = 0.999 in the EMA procedure and λ = 4 for the weight
of unsupervised loss in Eq. 4. The same weak and strong
data augmentation schemes in [Xu et al., 2021] are chosen.
For partially labeled data, the model is trained for 180,000
iterations on 4 GPUs. Each GPU processes ten images. The
learning rate is initialized to 0.1 and is divided by 10 at the
120,000-th and 160,000-th iteration. For fully labeled data,
the model is trained for 720,000 iterations on 8 GPUs. Each
GPU processes eight images. λ is set to 2. The learning rate
is initialized as 0.1 and is divided by 10 at the 480,000-th
and 640,000-th iteration. We follow the default settings in
MMdetection to set other hyper-parameters.

4.1 Experimental Results
We compare our method against a series of existing meth-
ods including STAC [Sohn et al., 2020b], ISMT [Yang et
al., 2021], Instant-Teaching [Zhou et al., 2021], Humble-
Teacher [Tang et al., 2021b], Unbiased-Teacher [Liu et al.,
2021], and Soft-Teacher [Xu et al., 2021], when partially or
fully labeled data is leveraged for network optimization. Un-
der scenarios of partially labeled data, our proposed method

(DCST) consistently outperforms existing methods by large
margins, as shown in Table 1. Owing to the capacity in re-
fining the bounding boxes and the re-weighting mechanism
for eliminating the influence of incorrect background boxes,
Soft-Teacher achieves the best performance among existing
methods. However, the mislabeling problem can not be fun-
damentally overcome by the re-weighting mechanism. Mean-
while, the impact of misclassified foreground objects is not
taken into consideration. In contrast, our proposed DCST
assigns reliable soft labels to the filtered candidate boxes,
which simultaneously rectified the misclassified boxes both
in foreground and background. Compared to Soft-Teacher,
our method derives mAP gains of 2.56, 1.36 and 1.16 on 1%,
5% and 10% labeled data, respectively. The improvement
brought by our method increases as the percent of labeled
data decreases. Considering less labeled data usually leads
to pseudo labels with lower quality, the above phenomenon
supports the argument that “combating low-quality pseudo
labels” is a more effective solution in the protocol of limited
labeled data.

The adoption of fully labeled data generates pseudo la-
bels with relatively higher quality. Under this scenario, our
method can still achieve the best performance, as shown by
the last column of Table 1. This indicates that our method
is capable of exploring unlabeled data more effectively, even
when sufficient labeled data is provided.

The experimental results illustrate that the quality of
pseudo labels is the key factor for promoting semi-supervised
object detection. Compared to the strategy of discovering
high-quality pseudo labels which is widely adopted by pre-
vious methods, “combating low quality pseudo labels” is a
simpler while more effective solution. Moreover, further re-
search is suggested to combine the two kinds of techniques
for extracting reliable pseudo labels from unlabeled images
more thoroughly.

4.2 Ablation Study

In this subsection, we conduct experiments to verify the effi-
cacy of critical components in our method. Without specifi-
cation, 10% labeled data is adopted for network optimization.
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foreground
double-check

background
double-check soft label mAP

- - - 33.3
- X X 34.1
X - X 33.8
X X - 34.8
X X X 35.5

Table 2: Performance of “double-check” and soft label mechanism.

TOP-K Precision(%) Recall(%) F-measure(%) mAP
top-1 77.5 54.4 63.9 34.8
top-2 76.9 56.2 64.9 35.5
top-3 76.7 56.5 65.1 35.5
top-4 76.6 56.6 65.1 35.3

Table 3: Performance of using different numbers of top classes for
the pseudo labeling mechanism.

Efficacy of Double-Check Soft Teacher. Variants of our
method are implemented via applying different double-check
strategies. The experimental results are shown in Table 2.
Employing the double-check strategy to post-processing fore-
ground or background boxes improves the mAP metric by
0.5 or 0.8, respectively. Processing both kinds of boxes with
the double-check strategy can bring more performance gain,
leading to 2.2 higher mAP compared to the baseline with-
out using the double-check strategy. We also attempt to re-
implement the double-check module through directly allocat-
ing hard labels to object proposals. As shown by the sec-
ond last row of Table 2, it produces results with 0.7 lower
mAP, compared to the final version which assigns soft labels
to object proposals. The reason is that soft labels can help to
explore the underlying similarity cues among different cate-
gories and model the class probabilities more reasonably.

Efficacy of TOP-K Pseudo Labeling. Table 3 presents the
performance of using different number of top classes for the
pseudo labeling mechanism. The precision, recall, and F-
measure evaluates the efficacy in harvesting class-agnostic
annotations. A pseudo annotation is regarded as a true posi-
tive, once it hits certain ground-truth annotation with an over
0.5 IoU. As can be observed, higher recall and F-measure can
be obtained after setting the number of top classes larger than
1. This indicates that the top-k pseudo labeling is capable of
discovering more objects without sacrificing much precision.
Consequently, the final object detection performance can also
be improved. Meanwhile, we can observe that using different
numbers of top classes larger than 1 has little influence on the
pseudo labeling and object detection performance.

Analysis about Quality of Pseudo Labels. The distribu-
tion of the maximum IoU between pseudo labels and ground-
truth labels is presented in Figure 4. The variation of preci-
sion/recall metrics against the “K” value for pseudo labeling
is illustrated in Table 3. We can observe that, there exist enor-
mous number of pseudo labels which severely deviate from
any ground-truth labels. Rectifying those labels is critical

Figure 4: Distribution of the maximum IoU between pseudo labels
and ground-truth labels.

σ 0.5 0.6 0.7 0.8 0.9
mAP 34.9 35.6 35.5 35.1 34.7

Table 4: Performance of using different values for the pseudo label-
ing threshold σ. All results are obtained via top-3 pseudo labeling.

to explore unlabeled images in semi-supervised object detec-
tion. Our proposed double-check mechanism can achieve this
goal via re-allocating the class probabilities, hence producing
promising object detection performance with small amount
of labeled data.
Choice for Pseudo Labeling Threshold. Table 4 shows the
performance of setting different values for the pseudo label-
ing threshold σ. The best performance is achieved when σ is
set to 0.6. Varying σ to 0.7 causes little interference to the
detection performance.

5 Conclusion
In this paper, we revisit the semi-supervised object detec-
tion task and point out two crucial problems of conven-
tional pseudo labeling techniques: inaccurate position and
low recall rate, which lead to category labeling errors dur-
ing the training process. To overcome these issues, we pro-
pose Double-Check Soft Teacher, a novel algorithm to correct
the errors among pseudo labels. Experiments on the COCO
benchmark illustrate that our method outperforms the state-
of-the-art methods under various percents of labeled data.
Based on the experimental results, we conclude that “combat-
ing low-quality pseudo labels” is crucial for semi-supervised
object detection.
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