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Abstract

With basic Semi-Supervised Object Detection (SSOD)
techniques, one-stage detectors generally obtain limited
promotions compared with two-stage clusters. We experi-
mentally find that the root lies in two kinds of ambiguities:
(1) Selection ambiguity that selected pseudo labels are less
accurate, since classification scores cannot properly rep-
resent the localization quality. (2) Assignment ambiguity
that samples are matched with improper labels in pseudo-
label assignment, as the strategy is misguided by missed
objects and inaccurate pseudo boxes. To tackle these prob-
lems, we propose a Ambiguity-Resistant Semi-supervised
Learning (ARSL) for one-stage detectors. Specifically, to
alleviate the selection ambiguity, Joint-Confidence Estima-
tion (JCE) is proposed to jointly quantifies the classification
and localization quality of pseudo labels. As for the as-
signment ambiguity, Task-Separation Assignment (TSA) is
introduced to assign labels based on pixel-level predictions
rather than unreliable pseudo boxes. It employs a ’divide-
and-conquer’ strategy and separately exploits positives for
the classification and localization task, which is more ro-
bust to the assignment ambiguity. Comprehensive experi-
ments demonstrate that ARSL effectively mitigates the am-
biguities and achieves state-of-the-art SSOD performance
on MS COCO and PASCAL VOC. Codes can be found at
https://github.com/PaddlePaddle/PaddleDetection.

1. Introduction

Abundant data plays an essential role in deep learning
based object detection [18, 22, 23], yet labeling a large
amount of annotations is labour-consuming and expensive.
To save labeling expenditure, Semi-Supervised Object De-
tection (SSOD) attempts to leverage limited labeled data
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Figure 1. Comparing FCOS, Faster RCNN, and our approach on
COCO train2017. Under the basic SSOD pipeline, FCOS obtains
limited improvements compared with Faster RCNN. Our approach
consistently promotes FCOS and achieves a state-of-the-art perfor-
mance on SSOD.

and easily accessible unlabeled data for detection tasks. Ad-
vanced SSOD methods [19, 33] follow the Mean-Teacher
[29] paradigm and mainly apply the self-training [11, 32]
technique to perform semi-supervised learning. Though this
pipeline has successfully promoted two-stage detectors, it
is less harmonious with one-stage methods which are also
important due to their competitive accuracy and computa-
tional efficiency. As verified in Fig. 1, compared with Faster
RCNN [23], FCOS [30] has a comparable supervised per-
formance, but achieves a relatively limited improvement un-
der the basic semi-supervised pipeline. To figure out this
problem, we analyze the core components of SSOD, e.g.,
pseudo-label selection and assignment.

With comprehensive investigations in Sec. 3.2, we find
that there exist selection and assignment ambiguities, hin-
dering the semi-supervised learning of one-stage detectors.
The selection ambiguity denotes that the selected pseudo
labels for unlabeled images are less accurate. It is caused
by the mismatch between classification scores and local-
ization quality. Specifically, compared with Faster RCNN,
FCOS has a much smaller Pearson correlation coefficient
between classification and localization (0.279 vs. 0.439),
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Figure 2. An overview of our Ambiguity-Resistant Semi-supervised Learning. Training batch contains both labeled and unlabeled images.
On unlabeled images, the teacher first predicts the joint confidence via JCE. Then, TSA assigns and generates the training targets for the
student. PPM denotes the potential positive mining in TSA. The overall loss consists of supervised Ls and unsupervised loss Lu.

which is adverse to the pseudo-label selection. The reason
is that one-stage detectors like FCOS lack RPN [23] and
RoI Pooling/Align [6, 23] to extract accurate object infor-
mation for localization quality estimation, meanwhile the
predicted centerness of FCOS cannot properly represent the
localization quality.

On the other hand, the assignment ambiguity indicates
that samples on unlabeled images are assigned with im-
proper labels. Our experiments show that 73.5% of posi-
tives are wrongly matched with negative labels, and there
also exist many false positives. In essence, the assignment
strategy converts bounding boxes into pixel-level labels, but
neglects the situations that many pseudo boxes are inaccu-
rate and plenty of objects are missed due to the threshold fil-
tering. It causes the assignment ambiguity which misguides
the detector. Compared with two-stage detectors, one-stage
detectors which require pixel-level labels, are more sensi-
tive to the assignment ambiguity.

Based on these observations and analysis, we pro-
pose the Ambiguity-Resistant Semi-supervised Learn-
ing (ARSL) for one-stage detectors. To mitigate the se-
lection ambiguity, Joint-Confidence Estimation (JCE) is
proposed to select high-quality pseudo labels based on the
joint quality of classification and localization. Specifically,
JCE employs a double-branch structure to estimate the con-
fidence of the two tasks, then combines them to format
the joint confidence of detection results. In training, the
two branches are trained together in united supervision to
avoid the sub-optimal state. Different from other task-
consistent or IoU-estimation methods [5,9,15], JCE explic-
itly integrates the classification and localization quality, and
does not need complicated structures and elaborate learn-
ing strategies. Additionally, JCE is more capable of picking

high-quality pseudo labels and achieves a better SSOD per-
formance, as verified in Sec. 4.4.

As for the assignment ambiguity, Task-Separation As-
signment (TSA) is proposed to assign labels based on pixel-
level predictions rather than unreliable pseudo boxes. Con-
cretely, based on the predicted joint confidence, TSA parti-
tions samples into negatives, positives, and ambiguous can-
didates via the statistics-based thresholds. The confident
positives are trained on both classification and localization
tasks, since they are relatively accurate and reliable. While
for the ambiguous candidates, TSA employs a ’divide-and-
conquer’ strategy and separately exploits potential posi-
tives from them for the classification and localization task.
Compared with other dense-guided assignments [12,28,36],
TSA adopts a more rational assignment metric and sepa-
rately exploits positives for the two tasks, which can ef-
fectively mitigate the assignment ambiguity as proved in
Sec. 4.4. The general structure of ARSL is illustrated in
Fig. 2, and our contributions are summarized as follows:

• Comprehensive experiments are conducted to analyze
the semi-supervised learning of one-stage detectors,
and reveal that the limitation lies in the selection and
assignment ambiguities of pseudo labels.
• JCE is proposed to mitigate the selection ambiguity by

jointly quantifying the classification and localization
quality. To alleviate the assignment ambiguity, TSA
separately exploits positives for the classification and
localization task based on pixel-level predictions.
• ARSL exhibits remarkable improvement over the ba-

sic SSOD baseline for one-stage detectors as shown
in Fig. 1, and achieves state-of-the-art performance on
MS COCO and PASCAL VOC.
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2. Related Works
Semi-Supervised Image Classification. Semi-supervised
classification has two dominant approaches: consistency
regularization [10, 29, 31] and self-training [1, 11, 26, 32]
(also known as pseudo-labeling). Consistency regulariza-
tion forces the predictions to be invariant under various per-
turbations, e.g., different augmented inputs [31], ensem-
ble predictions and models [29]. While in self-training,
a pre-trained model is employed to predict pseudo labels
for unlabeled data iteratively, and the model is optimized
on both human-annotated and pseudo labels. NoisyStu-
dent [32] bolsters the robustness of student models by in-
troducing proper noise into unlabeled data with pseudo
labels. FixMatch [26] further simplifies the self-training
framework, in which one-hot pseudo labels are produced
in weakly-augmented images and guide predictions on
strongly-augmented views. These effective technologies
in image classification establish excellent foundations for
semi-supervised detection.
Semi-Supervised Object Detection. In SSOD, the self-
training and consistency based methods are inherited from
semi-supervised image classification. Following NoisyStu-
dent [32], STAC [27] proposes a basic multi-stage pipeline,
which first adopts a static teacher to generate labels for all
unlabeled data and then trains the student. To simplify the
multi-stage process and produce high-quality labels, an end-
to-end scheme [19, 28, 33, 37] is proposed to gradually up-
date the teacher via the EMA of the student and predict
pseudo labels online. Under this scheme, many advanced
studies further develop extensive approaches based on two-
stage detectors. Unbiased Teacher [19] tackles the pseudo-
labeling bias via Focal Loss [16]. In Instant-Teaching [37],
the student and teacher mutually rectify false predictions
to alleviate the confirmation bias. Humble Teacher [28]
uses soft pseudo-labels for semi-supervised learning, which
allows the student to distill richer information from the
teacher. Soft Teacher [33] proposes the score-weighted
classification loss and box jittering approach to spotlight
reliable pseudo labels. In this work, we focus on amelio-
rating the selection and assignment ambiguities in the semi-
supervised learning of one-stage detectors.
Selection Ambiguity. Selection ambiguity is caused by
the inconsistency between the classification scores and lo-
calization quality. Several existing methods [14, 20, 33] in
SSOD attempt to estimate the localization quality of pseudo
labels via the uncertainty of bounding boxes. In Rethinking
Pseudo Labels [14], box prediction is formulated as a clas-
sification task and localization quality is represented as the
mean confidence of four boundaries. Soft Teacher [33] jit-
ters the proposal boxes for several times (e.g. 10 times) and
calculates the boundary variance as localization reliability.
Unbiased Teacher V2 [20] constructs a log-likelihood loss
for regression task and guides the additional branches to

predict the uncertainty of each boundary. Compared with
the aforementioned methods, our proposed JCE manifests
two differences. First, unlike the separate estimation for
localization quality, JCE formulates a united representa-
tion of classification and localization, which avoids the sub-
optimal state caused by separate training and is proved to be
imperative in our ablation experiment. Second, JCE main-
tains simplicity and flexibility, and is compatible with other
prime tricks for localization, e.g., IoU-based losses.
Assignment Ambiguity. For unlabeled data, inaccurate
pseudo boxes and undetected objects match improper la-
bels to samples, causing the assignment ambiguity. Several
methods attempt to alleviate the ambiguity of inaccurate
pseudo boxes by selecting high-quality samples and pseudo
boxes. For instance, PseCo [13] chooses top-N performance
samples as positives for each pseudo label. LabelMatch [2]
selects reliable pseudo labels via the matching degrees with
adjacent results in NMS. While for undetected objects, an
efficacious idea is to directly transfer dense predictions of
the teacher as pixel-level targets for consistency learning,
including Humble Teacher [28], Dense Teacher [36], and
Dense Teacher Guidance [12]. Compared with the afore-
mentioned works, TSA integrates their advantages and fur-
ther exploits potential positives for the classification and lo-
calization task, which is more robust to the assignment am-
biguity.

3. Methods
To guarantee the generality, we take the classic FCOS

[30] as an example to study the semi-supervised learning of
one-stage detectors. In Sec. 3.1, the basic SSOD framework
is first applied to FCOS as our baseline. Under this frame-
work, the selection and assignment ambiguities of pseudo
labels are analyzed in Sec. 3.2. To mitigate the ambigui-
ties, the proposed Joint-Confidence Estimation (JCE) is de-
scribed in Sec. 3.3, and Task-Separation Assignment (TSA)
is detailed in Sec. 3.4.

3.1. Pseudo-Labeling Preliminary

The advanced SSOD pipeline which follows the pseudo-
labeling framework [19], can be directly integrated into
FCOS. It consists of two stages: the burn-in stage and the
self-training stage. During the short burn-in stage, FCOS
is pre-trained on the labeled data and duplicated into a stu-
dent and teacher model. In each iteration of the self-training
stage, the teacher generates pseudo labels for unlabeled im-
ages and guides the student. Specifically, the pseudo labels
are predicted in the weakly-augmented views, and filtered
according to their confidence which are obtained by multi-
plying the classification and centerness scores. The retained
pseudo labels are converted into pixel-level targets via the
assignment strategy. Then, the student is trained on labeled
images and strongly-augmented unlabeled images with cor-

15581



Table 1. Comparison on pseudo labels predicted by Faster RCNN
and FCOS. ’vanilla FCOS’ denotes the FCOS without the center-
ness branch. ’Top-5 IoU’ represents the mean IoU of top-5 detec-
tion results based on classification scores in each image. ’PCC’
represents the Pearson Correlation Coefficient between the nor-
malized classification scores and localization quality.

Method AP Mean IoU Top-5 IoU PCC
Faster RCNN 26.4 0.348 0.641 0.439
vanilla FCOS 25.2 0.369 0.585 0.235
FCOS 26.0 0.369 0.593 0.279

responding targets. The overall loss L of is formulated as
a weighted sum of supervised loss Lsup and unsupervised
loss Lunsup:

L = Lsup + βLunsup, (1)

where β indicates the unsupervised loss weight. Finally, the
teacher is updated based on the EMA of the student.

Nevertheless, FCOS obtains limited promotions under
this pipeline. Compared with Faster RCNN which is a basic
two-stage detector, there exists an improvement gap of ap-
proximately 2% AP, as verified in Fig. 1. With comprehen-
sive investigations, we find that there exist ambiguities in
pseudo-label selection and assignment, hindering the semi-
supervised performance. The detailed analysis is given in
the following section.

3.2. Ambiguity Investigation

In this part, we mainly investigate the quality of pseudo
labels and assignment results in semi-supervised learning.
All detectors are trained on a standard 10% split of COCO
train2017 with a ResNet-50 [7] backbone, and the statistics
are obtained on COCO val2017.
Selection Ambiguity. The quality of pseudo labels in two-
stage and one-stage detectors is investigated in Tab. 1. Since
most one-stage detectors do not employ the centerness to
re-calibrate classification scores, we first compare Faster
RCNN with FCOS w/o Centerness in the second and third
rows. The mean IoU of detection results is 0.348 and 0.369
in Faster RCNN and FCOS, which indicates that FCOS has
a slightly better localization ability. Nevertheless, FCOS
still performs worse on top-5 IoU selected by classification
scores (0.585 vs. 0.641). It demonstrates the weaker ability
of FCOS to select high-quality pseudo labels. Meanwhile,
for the correlation between classification scores and local-
ization quality, FCOS has a much smaller PCC than Faster
RCNN (0.235 vs. 0.439). On the other hand, as shown in
the fourth row, the auxiliary centerness brings limited im-
provement on top-5 IoU (0.585 vs. 0.593) and PCC (0.235
vs. 0.279), and there still exists a large gap with Faster
RCNN. These statistics reveal that there exists a more seri-
ous inconsistency between classification and localization in
FCOS. Consequently, this mismatch affects the selection of

Figure 3. Investigation on the assignment ambiguity of FCOS un-
der different filtering thresholds σ. The assignment results are ob-
tained based on selected pseudo labels.

high-quality pseudo labels, suppressing the semi-supervised
performance.
Assignment Ambiguity. To analyze the rationality of label
assignment, we count assignment ambiguities of FCOS un-
der different filtering thresholds. As shown in Fig. 3, a low
filtering threshold retains more pseudo boxes and covers
more true-positive samples, while a high threshold avoids
more false positives. When setting the threshold to 0.5, the
detector achieves a relatively proper trade-off between true
and false positives, obtaining the best semi-supervised per-
formance. Nevertheless, under this condition, about 73.5%
of positives are incorrectly assigned as negatives (false neg-
atives). Meanwhile, there also exist a large amount of false
positives which confuse the detector. Substantially, the
quality of assignment results depends on reliable bound-
ing boxes. However, many pseudo boxes are inaccurate and
plenty of objects are missed due to the threshold filtering.
The box-based assignment is not robust to these situations,
which causes the assignment ambiguity.

3.3. Joint-Confidence Estimation

It is observed in Sec. 3.2 that the inconsistency between
classification and localization causes the selection ambigu-
ity of pseudo labels. To this end, we propose a simple and
effective method named Joint-Confidence Estimation (JCE)
to resist the selection ambiguity.

The gist of JCE is to format a joint confidence of the
classification and localization for pseudo-label selection. To
achieve this, JCE employs a double-branch structure, in-
cluding the original classification branch to recognize ob-
ject categories and the auxiliary branch to estimate the lo-
calization quality, as shown in Fig. 4. The joint confidence
Ŝ is obtained by combining the classification scores Ŝcls
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Figure 4. Joint-confidence Estimation. Two branches of JCE are
trained together, and the IoU between predicted boxes and corre-
sponding GT are employed to generate IoU-based soft label.

and the predicted IoU Ŝiou, as:

Ŝ = Ŝcls ∗ Ŝiou. (2)

To avoid the sub-optimal state caused by separate training,
the two tasks are merged to format the united supervision.
The united classification objective Lcls is calculated based
on Focal Loss:

Lcls = FL(Ŝ, S). (3)

For labeled images, the learning targets S are the IoU-based
soft label proposed in VFNet [35] and GFL [15]. While for
unlabeled images, since the pseudo labels are unreliable,
learning the IoU between student’s predictions and pseudo
boxes is less sensible. Therefore, the learning targets S are
set according to the teacher’s predictions and extended to:

S =

{
{0, · · · , IoU, · · · , 0}, Labeled
{0, · · · ,Max(Ŝt), · · · , 0}, Unlabeled

(4)

where the soft label is on the corresponding class channel,
IoU represents the IoU between predicted boxes and cor-
responding GT boxes, and Max(Ŝt) is the largest score of
the teacher’s responses among all categories.

Moreover, to make the auxiliary branch focus on IoU
estimation, an additional IoU loss Liou is added as:

Liou = BCE(Ŝiou, IoU), (5)

where BCE denotes the binary cross entropy loss.
As verified in Sec. 4.4, the proposed joint confidence ef-

fectively mitigates the selection ambiguity and bolsters the
semi-supervised performance. Note that JCE can be di-
rectly applied to the FCOS baseline without changing the
network structure. For other one-stage detectors, it only
adds a lightweight 3×3 convolution layer, which maintains
simplicity and efficiency.

3.4. Task-Separation Assignment

As proved in Sec. 3.2, conducting label assignment
based on pseudo boxes provokes the assignment ambiguity.

Figure 5. Proportion between positives and negatives in Joint-
confidence intervals.

To tackle this problem, we intend to assign labels based on
the proposed joint confidence rather than unreliable pseudo
boxes, since the joint confidence predicted by the teacher
can quantify the quality of samples. However, as shown
in Fig. 5, though samples with high and low confidence
are highly likely to be positives and negatives respectively,
the samples in the middle regions are still ambiguous. To
this end, Task-Separation Assignment (TSA) is proposed to
ease the assignment ambiguity. TSA employs a ’divide-and-
conquer’ strategy, and separately exploits potential positives
from ambiguous samples for the classification and localiza-
tion, since the two tasks have different sensitivity to the am-
biguity.

Specifically, TSA uses negative and positive thresholds
{τneg, τpos} to divide samples into negatives, ambiguous
candidates, and positives, as follows:

xi =


Negative, Max(Ŝi) < τneg

Candidate, τneg ≤Max(Ŝi) ≤ τpos
Positive, Max(Ŝi) > τpos

, (6)

where Ŝi is the joint confidence predicted by the teacher
of i-th sample. τneg is fixed to 0.1, and τpos is dynami-
cally calculated based on the mean and standard deviation
of candidates and positives:

τpos =Max(Ŝ)mean +Max(Ŝ)std. (7)

The confident positives are trained on both classification
and localization tasks, since they are relatively accurate and
reliable. TSA further exploits potential positives from am-
biguous samples for the two tasks, respectively.
Classification Mining. The candidate samples are com-
posed of low-confidence positives and hard negatives. For
the classification task, though these candidates usually in-
volve background regions, they are not easy background as
verified in Sec. 4.3, and also contain partial foreground in-
formation which is worth learning. Therefore, all the can-
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Table 2. Experimental results on COCO-Standard. Two-stage detectors employ Faster RCNN as the baseline, while FCOS is used for
one-stage detectors. ∗ and † denotes the additional patch-shuffle and large scale jittering augmentation respectively.

Methods Reference COCO-Standard
1% 2% 5% 10%

Faster RCNN [23] (Supervised) - 10.02± 0.38 15.04± 0.31 20.82± 0.13 26.44± 0.11
STAC [27] arXiv20 13.97± 0.35 18.25± 0.25 24.38± 0.12 28.64± 0.21
ISMT [34] CVPR21 18.88± 0.74 22.43± 0.56 26.37± 0.24 30.53± 0.52
Humble Teacher [28] CVPR21 16.96± 0.38 21.72± 0.24 27.70± 0.15 31.61± 0.28
Unbiased Teacher [19] ICLR21 20.75± 0.12 24.30± 0.07 28.27± 0.11 31.50± 0.10
Active Teacher [21] CVPR22 22.20 24.99 30.07 32.58
Unbiased Teacher V2 [20] CVPR22 21.84± 0.13 26.14± 0.01 30.06± 0.14 33.50± 0.03

Soft Teacher† [33] ICCV21 20.46± 0.39 - 30.74± 0.08 34.04± 0.14
PseCo [13] ECCV22 22.43± 0.36 27.77± 0.18 32.50± 0.08 36.06± 0.24
FCOS [30] (Supervised) - 9.05± 0.31 14.40± 0.28 20.69± 0.22 26.01± 0.15
Unbiased Teacher V2 [20] CVPR22 22.71± 0.42 26.03± 0.12 30.08± 0.04 32.61± 0.03
Dense Teacher [36] ECCV22 19.64± 0.34 25.39± 0.13 30.83± 0.21 35.11± 0.13
DSL∗ [3] CVPR22 22.03± 0.28 25.19± 0.37 30.87± 0.24 36.22± 0.18
ARSL (FCOS) - 22.82± 0.26 28.11± 0.19 33.14± 0.12 36.90± 0.03

ARSL† (FCOS) - 25.36± 0.32 29.08± 0.21 34.45± 0.16 38.50± 0.05

ARSL† (RetinaNet) - 25.16± 0.25 28.68± 0.24 34.30± 0.21 38.42± 0.03

didate samples participate in the consistency learning to
mimic the classification responses of the teacher.
Localization Mining. The localization task is more rigor-
ous and sensitive in sample selection, since excessive dis-
crepancy among samples disturbs the optimization of the
locator. With this consideration, we select potential posi-
tives according to their similarity with positives, and set the
matching positives as localization targets. The similarity
metric contains several factors: (1) Classification similarity.
Candidate samples should have the same predicted category
with positives. (2) Localization similarity. The IoU between
candidate boxes and positive boxes should be larger than the
threshold (0.6 by default). (3) Position similarity. The lo-
cation of candidate samples should be inside the positive
boxes. The candidates which successfully match positive
samples, are selected as potential positives in the localiza-
tion task. Given a potential positive sample, its localiza-
tion target B is calculated based on the weighted average of
matched positives:

B =

∑N
i=1Max(Ŝi) ∗ B̂i∑N

i=1Max(Ŝi)
, (8)

where N represents the number of matched positives, Ŝi

and B̂i are the joint confidence and bounding box of i-th
positives predicted by the teacher.
Loss Function. The overall unsupervised loss Lunsup con-
sists of three parts:

Lunsup =
1

Ncls

Ncls∑
i=1

Lcls(si, ŝi) +
1

Nloc

Nloc∑
i=1

Lloc(bi, b̂i)

+
λ

Nloc

Nloc∑
i=1

Liou(pi, p̂i), (9)

where Ncls and Nloc are the number of samples for clas-
sification and localization, Lcls and Liou are defined in
Eq. (3) and Eq. (5), Lloc denotes the GIoU loss [24], and
the weighting terms λ is set to 0.5.

4. Experiments

4.1. Experiments and Implementation Details

Experiment Settings. The experiments are conducted on
the MS COCO [17] benchmark and PASCAL VOC [4]
datasets. MS COCO contains 80 classes with 118k labeled
images and 123k unlabeled images. VOC2007 has 5k train-
ing images from 20 classes and another 5k images for test-
ing, while VOC2012 has 11k labeled images. Following
previous works, the proposed method is examined on three
experimental scenarios: (1) COCO-Standard. 1%, 2%,
5%, and 10% of the train2017 set are randomly sampled
as labeled data, and the remaining images are regarded as
unlabeled data. For each split, we create 5 data folds and
report the mean AP50:90 on the val2017. (2) COCO-Full.
COCO-Full utilizes the train2017 as labeled data and un-
label2017 as unlabeled data. The COCO standard AP50:90

is adopted as the evaluation metric. (3) VOC. As for VOC,
the trainval sets of VOC2007 and VOC2012 are employed
as labeled data and unlabeled data. respectively. The mod-
els are validated in the VOC2007 test set, and the AP50:90

along with AP50 are reported as the evaluation metrics.
Implementation Details. We adopt the widely used FCOS
[30] as the baseline and ResNet-50 [7] pretrained on Im-
ageNet [25] as the backbone. All the models are trained
on 8 GPUs with 8 images per GPU (4 labeled and 4 un-
labeled images) and optimized with SGD. Weight decay
and momentum are set to 0.0001 and 0.9, respectively. The
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Table 3. Experimental results on COCO-Full. Note that 1× indi-
cates 90k training iterations, and N× is N × 90k iterations.

Methods COCO-Full (100%)

STAC [27] (6×) 39.48
−0.27−−−−→ 39.21

Unbiased Teacher [19] (3×) 40.20
+1.10−−−−→ 41.30

Soft Teacher [33] (8×) 40.90
+3.60−−−−→ 44.50

Unbiased Teacher V2 [20] (8×) 40.90
+3.85−−−−→ 44.75

PseCo [13] (8×) 41.00
+5.10−−−−→ 46.10

Dense Teacher [36] (6×) 41.22
+3.72−−−−→ 44.94

DSL [3] (4×) 40.20
+3.60−−−−→ 43.80

ARSL (4×) 40.40
+4.70−−−−→ 45.10

Table 4. Experimental results on VOC protocol.

Methods AP50 AP50:95

Faster RCNN [23] (Supervised) 72.75 42.04
CSD [8] 74.7 -
STAC [27] 77.45 44.64
ISMT [34] 77.23 46.23
Unbiased Teacher [19] 77.37 48.69
Instant Teaching [37] 79.20 50.00
FCOS [30] (Supervised) 71.36 45.52
Dense Teacher [36] 79.89 55.87
ARSL 80.40 56.40

base learning rate is set to 0.02 without the decay scheme
in all our experiments. For COCO-standard and VOC ex-
periments, the models are trained for 90K iterations, and
the learning schedule is extended to 360K iterations for the
COCO-full setting. For a fair comparison, following previ-
ous works, weak augmentation only contains random flip,
while strong augmentation includes random flip, color jit-
tering, and cutout unless specified. The ’burn-in’ strategy is
also applied to initialize the model before semi-supervised
learning. The weight of unsupervised loss is set to 2. The
teacher model is updated through EMA with a momentum
of 0.9996.

4.2. Comparison with State-of-the-Arts

Under all three protocols, the proposed ARSL is com-
pared with existing SOTA methods including both two-
stage and one-stage detectors.
COCO-Standard. Under the COCO-standard protocol, the
results are given in Tab. 2. The FCOS baseline achieves
comparable performance with Faster RCNN, exhibiting the
fairness of semi-supervised comparison. For all splits, the
proposed ARSL derives impressive improvements over the
supervised baseline and outperforms all the two-stage and
one-stage methods, which demonstrates its effectiveness.
When further adopting the large-scale jittering for augmen-
tation, ARSL establishes the new state-of-the-art perfor-

Table 5. The impacts of components on detection performance.
JCE, TSA indicate the proposed Joint-Confidence Estimation and
Task-Separation Assignment.

Methods AP AP50 AP75

FCOS (Supervised) 26.0 43.6 26.7
FCOS (Semi-Supervised) 30.7 47.1 32.4
+ JCE 34.7 52.4 37.3
+ TSA (w/o mining) 35.6 54.3 38.1
+ TSA (w/ mining) 36.9 55.4 39.6

Table 6. Ablation studies on Joint-Confidence Learning. ’United
Supervision’ indicates the joint training of the IoU-prediction and
classification task. ’Specific targets’ denotes that the classification
targets of unlabeled data is set as max responses of the teacher.

Strategies of JCE AP
baseline 30.7
+ IoU prediction 32.0(+1.3)
+ United supervision 34.2(+2.2)
+ Specific targets for unlabeled data 34.7(+0.5)

mance. Moreover, ARSL also achieves remarkable SSOD
performance on RetinaNet [16], which verifies its generality
on both anchor-based and anchor-free one-stage detectors.
VOC & COCO-Full. The results on the COCO-full setting
are shown in Tab. 3. Since the baseline reported in previous
works are different and the learning schedules vary a lot, we
report SSOD performance along with the supervised base-
line and mainly compare the improvements. The proposed
ARSL achieves a remarkable improvement (4.70% AP) un-
der a relatively short learning schedule, exhibiting its su-
periority. As for VOC, the results are reported in Tab. 4.
ARSL ameliorates the supervised baseline by 9.04% and
10.88% on AP50 and AP50:95, achieving competitive per-
formance with existing works.

4.3. Ablation Studies

To provide a better understanding of the proposed
method, we first assess the influence of each component on
detection performance, then analyze their details in the fol-
lowing. All experiments are conducted on the 10% split of
COCO-standard.
Component Impact. The effectiveness of components is
reported in Tab. 5. FCOS under the basic SSOD framework
described in Sec. 3.1 obtains 30.7% AP. With JCE, the ac-
curacy is boosted to 34.7% AP, delivering a remarkable im-
provement of 4.0% AP. It demonstrates the superiority of
JCE compared with the original centerness scheme. When
applying TSA and simply ignoring the ambiguous candi-
dates, the performance is increased by 0.9% AP (34.7%
AP vs. 35.6% AP). This substantiates that assigning labels
based on dense predictions rather than pseudo boxes is more
rational. By further mining the positives from candidates,
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Table 7. Quality Analysis of Potential Positives. ’Mean IoU’ rep-
resents the average IoU between samples and corresponding GTs.
’Percent’ indicates the proportion of potential positives in candi-
date sample.

Type Mean IoU Percent
Potential positives for cls 0.369 100%
Potential positives for loc 0.504 33.9%
Learning targets for loc 0.633 -

Table 8. Selection Ambiguity Mitigation. ’T-Head’ denotes the
task-aligned head in TOOD and QFL is the quality focal loss in
GFL. The metrics follow the settings presented in Sec. 3.2. The
statistics are calculated by the final model of 10% split on valida-
tion set.

Methods Top-5 IoU PCC AP
FCOS 0.614 0.299 30.7
FCOS w/ T-head [5] 0.632 0.361 31.9
FCOS w/ QFL [15] 0.628 0.353 32.3
FCOS w/ JCE 0.656 0.395 34.7

TSA further bolsters the performance to 36.9% AP, which
demonstrates the effectiveness of TSA. Compared with the
SSOD baseline, the proposed method achieves an overall
improvement of 6.2% AP (30.7% AP vs. 36.9% AP).
Strategies on JCE. Tab. 6 shows the ablation studies on dif-
ferent strategies of JCE. The performance is increased from
30.7% AP to 32.0% AP by replacing the centerness estima-
tion of FCOS with IoU prediction. The united supervision
which avoids the sub-optimal state caused by separate train-
ing, improves the performance to 34.2% AP. Such a large
gain (2.2% AP) demonstrates the effectiveness of the united
training. Setting specific targets for unlabeled data further
ameliorates the performance to 34.7% AP.
Quality Analysis of TSA. Tab. 7 analyzes the quality of
potential positives exploited by TSA. For the classification
task, all candidates are regarded as potential positives and
have a mean IoU of 0.369, which verifies that they are not
easy backgrounds and worth learning. As for the localiza-
tion task, 33.9% of candidates are selected as potential pos-
itives with a mean IoU of 0.504, and their learning targets
obtain a mean IoU of 0.633. It indicates that our matching
strategy does select high-quality samples from candidates.

4.4. Ambiguity Mitigation

Selection Ambiguity. The influence of the proposed JCE
on the ambiguity mitigation is verified in Tab. 8. The met-
rics follow the settings presented in Sec. 3.2. Compared
with the FCOS baseline, the Top-5 IoU is improved from
0.614 to 0.656, and PCC is increased by 0.096 (0.299 vs.
0.395), which substantiates that JCE can effectively miti-
gate the selection ambiguity. Moreover, JCE is also com-
pared with existing effective methods that have been proven

Figure 6. Mitigation of Assignment Ambiguity. σ indicates the
filtering threshold of pseudo boxes. The statistics are counted on
the COCO validation set.

to ease the prediction inconsistency in supervised learning.
For T-head and GFL, our JCE obtains a higher PCC and
achieves a larger improvement in semi-supervised learning.
Assignment Ambiguity. We also analyze the effectiveness
of TSA on assignment ambiguity, as shown in Fig. 6. In
the box-based assignment, though the decline of threshold
increases the number of true positives (+36.9%), false pos-
itives are also grown by 82.1%. While under the TSA with-
out potential positive mining, true positives are significantly
bolstered by 111.4% and false positives are depressed by
23.4%, which verifies that assignment based on the joint
confidence are more robust to inaccurate pseudo boxes and
missed objects in SSOD. Exploiting potential positives fur-
ther boosts the true positives by 58.4%, obtaining an overall
increase of 169.8% and a total decrease on false negatives of
61.2%. It reflects that TSA does exploit many true positives
from ambiguous candidates. Note that the slight increase of
false positives is caused by that all ambiguous candidates
are regarded as positives in the classification task. These
observations reveal that the proposed TSA can mitigate the
assignment ambiguity to a large extent.

5. Conclusion
In this study, we investigate the selection and as-

signment ambiguity in the semi-supervised learning of
one-stage detectors. To mitigate these ambiguities, the
Ambiguity-Resistant Semi-supervised Learning (ARSL) is
proposed, consisting of Joint-Confidence Estimation and
Task-Separation Assignment. The verification experiments
demonstrate that our methods can effectively alleviate the
ambiguities. Compared with the baseline, ARSL obtains a
remarkable improvement and achieves state-of-the-art per-
formance on MS COCO and PASCAL VOC.

Acknowledgments. This work was supported by the Na-
tional Natural Science Foundation of China [grant numbers
61991415 and 62225308] and National Key R&D Program
of China [grant numbers 2020YFC1521703].

15586



References
[1] David Berthelot, Nicholas Carlini, Ian Goodfellow, Nicolas

Papernot, Avital Oliver, and Colin A Raffel. Mixmatch: A
holistic approach to semi-supervised learning. Advances in
neural information processing systems, 32, 2019. 3

[2] Binbin Chen, Weijie Chen, Shicai Yang, Yunyi Xuan, Jie
Song, Di Xie, Shiliang Pu, Mingli Song, and Yueting
Zhuang. Label matching semi-supervised object detection.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 14381–14390, 2022.
3

[3] Binghui Chen, Pengyu Li, Xiang Chen, Biao Wang, Lei
Zhang, and Xian-Sheng Hua. Dense learning based semi-
supervised object detection. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 4815–4824, 2022. 6, 7

[4] Mark Everingham, Luc Van Gool, Christopher KI Williams,
John Winn, and Andrew Zisserman. The pascal visual object
classes (voc) challenge. International journal of computer
vision, 88(2):303–338, 2010. 6

[5] Chengjian Feng, Yujie Zhong, Yu Gao, Matthew R Scott, and
Weilin Huang. Tood: Task-aligned one-stage object detec-
tion. In 2021 IEEE/CVF International Conference on Com-
puter Vision (ICCV), pages 3490–3499. IEEE Computer So-
ciety, 2021. 2, 8

[6] Kaiming He, Georgia Gkioxari, Piotr Dollár, and Ross Gir-
shick. Mask r-cnn. In Proceedings of the IEEE international
conference on computer vision, pages 2961–2969, 2017. 2

[7] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition. In Proceed-
ings of the IEEE conference on computer vision and pattern
recognition, pages 770–778, 2016. 4, 6

[8] Jisoo Jeong, Seungeui Lee, Jeesoo Kim, and Nojun Kwak.
Consistency-based semi-supervised learning for object de-
tection. Advances in neural information processing systems,
32, 2019. 7

[9] Borui Jiang, Ruixuan Luo, Jiayuan Mao, Tete Xiao, and Yun-
ing Jiang. Acquisition of localization confidence for accurate
object detection. In Proceedings of the European conference
on computer vision (ECCV), pages 784–799, 2018. 2

[10] Samuli Laine and Timo Aila. Temporal ensembling for semi-
supervised learning. arXiv preprint arXiv:1610.02242, 2016.
3

[11] Dong-Hyun Lee et al. Pseudo-label: The simple and effi-
cient semi-supervised learning method for deep neural net-
works. In Workshop on challenges in representation learn-
ing, ICML, volume 3, page 896, 2013. 1, 3

[12] Gang Li, Xiang Li, Yujie Wang, Yichao Wu, Ding Liang,
and Shanshan Zhang. Dtg-ssod: Dense teacher guid-
ance for semi-supervised object detection. arXiv preprint
arXiv:2207.05536, 2022. 2, 3

[13] Gang Li, Xiang Li, Yujie Wang, Yichao Wu, Ding Liang, and
Shanshan Zhang. Pseco: Pseudo labeling and consistency
training for semi-supervised object detection. In European
Conference on Computer Vision, pages 457–472. Springer,
2022. 3, 6, 7

[14] Hengduo Li, Zuxuan Wu, Abhinav Shrivastava, and Larry S
Davis. Rethinking pseudo labels for semi-supervised object
detection. In Proceedings of the AAAI Conference on Artifi-
cial Intelligence, volume 36, pages 1314–1322, 2022. 3

[15] Xiang Li, Wenhai Wang, Lijun Wu, Shuo Chen, Xiaolin Hu,
Jun Li, Jinhui Tang, and Jian Yang. Generalized focal loss:
Learning qualified and distributed bounding boxes for dense
object detection. Advances in Neural Information Processing
Systems, 33:21002–21012, 2020. 2, 5, 8

[16] Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and
Piotr Dollár. Focal loss for dense object detection. In Pro-
ceedings of the IEEE international conference on computer
vision, pages 2980–2988, 2017. 3, 7

[17] Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays,
Pietro Perona, Deva Ramanan, Piotr Dollár, and C Lawrence
Zitnick. Microsoft coco: Common objects in context. In
European conference on computer vision, pages 740–755.
Springer, 2014. 6

[18] Wei Liu, Dragomir Anguelov, Dumitru Erhan, Christian
Szegedy, Scott Reed, Cheng-Yang Fu, and Alexander C
Berg. Ssd: Single shot multibox detector. In European con-
ference on computer vision, pages 21–37. Springer, 2016. 1

[19] Yen-Cheng Liu, Chih-Yao Ma, Zijian He, Chia-Wen Kuo,
Kan Chen, Peizhao Zhang, Bichen Wu, Zsolt Kira, and Peter
Vajda. Unbiased teacher for semi-supervised object detec-
tion. In International Conference on Learning Representa-
tions, 2021. 1, 3, 6, 7

[20] Yen-Cheng Liu, Chih-Yao Ma, and Zsolt Kira. Unbiased
teacher v2: Semi-supervised object detection for anchor-free
and anchor-based detectors. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 9819–9828, 2022. 3, 6, 7

[21] Peng Mi, Jianghang Lin, Yiyi Zhou, Yunhang Shen, Gen
Luo, Xiaoshuai Sun, Liujuan Cao, Rongrong Fu, Qiang Xu,
and Rongrong Ji. Active teacher for semi-supervised ob-
ject detection. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 14482–
14491, 2022. 6

[22] Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali
Farhadi. You only look once: Unified, real-time object de-
tection. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pages 779–788, 2016. 1

[23] Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun.
Faster r-cnn: Towards real-time object detection with region
proposal networks. In Advances in neural information pro-
cessing systems, pages 91–99, 2015. 1, 2, 6, 7

[24] Hamid Rezatofighi, Nathan Tsoi, JunYoung Gwak, Amir
Sadeghian, Ian Reid, and Silvio Savarese. Generalized in-
tersection over union: A metric and a loss for bounding
box regression. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pages 658–666,
2019. 6

[25] Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, San-
jeev Satheesh, Sean Ma, Zhiheng Huang, Andrej Karpathy,
Aditya Khosla, Michael Bernstein, et al. Imagenet large
scale visual recognition challenge. International journal of
computer vision, 115(3):211–252, 2015. 6

15587



[26] Kihyuk Sohn, David Berthelot, Nicholas Carlini, Zizhao
Zhang, Han Zhang, Colin A Raffel, Ekin Dogus Cubuk,
Alexey Kurakin, and Chun-Liang Li. Fixmatch: Simplifying
semi-supervised learning with consistency and confidence.
Advances in neural information processing systems, 33:596–
608, 2020. 3

[27] Kihyuk Sohn, Zizhao Zhang, Chun-Liang Li, Han Zhang,
Chen-Yu Lee, and Tomas Pfister. A simple semi-supervised
learning framework for object detection. arXiv preprint
arXiv:2005.04757, 2020. 3, 6, 7

[28] Yihe Tang, Weifeng Chen, Yijun Luo, and Yuting Zhang.
Humble teachers teach better students for semi-supervised
object detection. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, pages
3132–3141, 2021. 2, 3, 6

[29] Antti Tarvainen and Harri Valpola. Mean teachers are better
role models: Weight-averaged consistency targets improve
semi-supervised deep learning results. Advances in neural
information processing systems, 30, 2017. 1, 3

[30] Zhi Tian, Chunhua Shen, Hao Chen, and Tong He. Fcos:
Fully convolutional one-stage object detection. In Proceed-
ings of the IEEE/CVF international conference on computer
vision, pages 9627–9636, 2019. 1, 3, 6, 7

[31] Qizhe Xie, Zihang Dai, Eduard Hovy, Thang Luong, and
Quoc Le. Unsupervised data augmentation for consistency
training. Advances in Neural Information Processing Sys-
tems, 33:6256–6268, 2020. 3

[32] Qizhe Xie, Minh-Thang Luong, Eduard Hovy, and Quoc V
Le. Self-training with noisy student improves imagenet
classification. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pages 10687–
10698, 2020. 1, 3

[33] Mengde Xu, Zheng Zhang, Han Hu, Jianfeng Wang, Lijuan
Wang, Fangyun Wei, Xiang Bai, and Zicheng Liu. End-to-
end semi-supervised object detection with soft teacher. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 3060–3069, 2021. 1, 3, 6, 7

[34] Qize Yang, Xihan Wei, Biao Wang, Xian-Sheng Hua, and
Lei Zhang. Interactive self-training with mean teachers
for semi-supervised object detection. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 5941–5950, 2021. 6, 7

[35] Haoyang Zhang, Ying Wang, Feras Dayoub, and Niko Sun-
derhauf. Varifocalnet: An iou-aware dense object detector.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 8514–8523, 2021. 5

[36] Hongyu Zhou, Zheng Ge, Songtao Liu, Weixin Mao, Zeming
Li, Haiyan Yu, and Jian Sun. Dense teacher: Dense pseudo-
labels for semi-supervised object detection. In European
Conference on Computer Vision, pages 35–50. Springer,
2022. 2, 3, 6, 7

[37] Qiang Zhou, Chaohui Yu, Zhibin Wang, Qi Qian, and Hao
Li. Instant-teaching: An end-to-end semi-supervised object
detection framework. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
4081–4090, 2021. 3, 7

15588


