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Background



Related works

Unbiased Teacher (ICLR 2021)



Related works

LabelMatch (CVPR 2022)



Motivation
Challenge

 For the one-stage models, there is positive and negative samples 
imbalance during supervised training and poor quality of pseudo labels 
during semi-supervised training.

 Current mainstream SSOD approaches following a teacher-student 
mutual learning manner is difficult for an one-stage anchor-based 
detector to train due to the serious pseudo label inconsistency problem.

 SSOD model with both higher accuracy and better efficiency.

multi-stage coarse-to-fine 
prediction mechanism

anchor-free detection head



Method



Method

Dense Detector

Mosaic

Dense flow of information

density of inputs



Method

Dense Detector

 Change FPN output from 5 to 3

 Eliminating the weight sharing between detection 
headers

 Reducing the input resolution from 1333 to 640

 Calculating the CIoU between the predicted and GT 
boxes to obtains objectness score(location quality of the 
predicted boxes)

Base: RetinaNet with ResNet-50-FPN backbone



Method

Pseudo Label Assigner

< uncertain < reliable

Sub-optimal assignments can lead to inconsistent 
pseudo labels and deteriorating performance of the 
mutual learning mechanism.



Method

improve the quality of 
pseudo labels

Pseudo Label Assigner
YOLOv5

balance



Method

Pseudo Label Assigner

classification score

regression score

objectness score

objectness score of 
pseudo label (soft 
label)

Since they are not involved in classification and regression, 
these pseudo-labels are not categorized into positive and 
negative samples.



Method

Epoch Adaptor

• Domain adaptation: closing the gap between 
the distribution of labeled and unlabeled data

• Distribution adaptation: dynamically 
estimating the threshold of pseudo-labeling for 
each epoch



Method

< uncertain < < reliable

Domain adaptation

labeledunlabeled

output of the domain classifier

Distribution adaptation

reliable ratio

number of unlabeled

is the number of c-th class 
ground truth annotations that are 
counted by EA at the k-th epoch.

LabelMatchThe use of Mosaic data augmentation disrupts the label distribution ratio.

mitigates the overfitting effect



Experiment

COCO



Experiment

COCO



Experiment
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Summary

1. The YOLO-style models are more flexible compared to other 
object detection models and is suitable for deployment on edge 
computing devices such as Nvidia Jetson;

2. Dense Detector obtains higher quality pseudo-tags in a simple 
and efficient way;

3. The Efficient Teacher is able to strike a good balance between 
performance and computational efficiency;

TODO:
1. Explore why Domain Adaptation enables the model to converge 

earlier and whether better ways exist to accelerate model training；
2. How to obtain higher quality pseudo-labels and whether there 

exists a more efficient way than objectness branch；
3. Better model performance；



TODO

Better ways to accelerate model training
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TODO

How to obtain higher quality pseudo-labels

Wang X, Yang X, Zhang S, et al. Consistent-Teacher: Towards Reducing Inconsistent Pseudo-
Targets in Semi-Supervised Object Detection[C]//Proceedings of the IEEE/CVF Conference on 
Computer Vision and Pattern Recognition. 2023: 3240-3249.



TODO
Better model performance

Lyu C, Zhang W, Huang H, et al. Rtmdet: An empirical study of 
designing real-time object detectors[J]. arXiv preprint 
arXiv:2212.07784, 2022.



Anything else

FlexMatch (Zhang et al., 2021): CIFAR100, 2500

Original image Weak Augmentation
(65.13%) 

Strong Augmentation
(71.56%, baseline) 

Strong Augmentation+
(72.26%) 

FlexMatch ✔
FixMatch ✔
FreeMatch ×

Higher accuracy, but not stable



encourage the sparsity of pixel modification

a budget for DartBlur to be different from 
Gaussian blur

Anything else

DartBlur: Privacy Preservation With Detection Artifact Suppression(CVPR2023)


