
Commissariat à l’énergie atomique et aux énergies alternatives

DE LA RECHERCHE À L’INDUSTRIE

Commissariat à l’énergie atomique et aux énergies alternatives - www.cea.fr

Quentin Bouniot*, Angélique Loesch, Romaric Audigier, Amaury Habrard

Bouniot et al., WACV 2023
1

Towards Few-Annotation Learning for ObjectDetection: Are Transformer-based Models MoreEfficient ?



Commissariat à l’énergie atomique et aux énergies alternatives 2

Context
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Supervised Learning
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How do object detectors handle data scarcity ?

Bouniot et al., WACV 2023

Few-Shot Learning Setting

• Performance on COCO and Pascal VOC 2007 datasets.• Different percentages of labeled training data (with corresponding number of images).• Deformable DETR performs better than Faster RCNN + FPN with fewer labeled data.

Ren et al., “Faster R-CNN: Towards real-time object detection with region proposal networks.” NeurIPS 2015Lin et al., “Feature Pyramid Networks for Object Detection.” CVPR 2017.Zhu et al., “Deformable DETR: Deformable transformers for end-to-end object detection.” ICLR 2021
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Few-Annotation Learning Setting
How do object detectors handle data scarcity ?

• Performance on COCO with 1% labeled training data.• Unbiased Teacher (UBT) with Def. DETR does not converge.
Liu et al. “Unbiased Teacher for Semi-Supervised Object Detection.” In ICLR 2021
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Few-Annotation Learning Setting
How do object detectors handle data scarcity ?

• Performance on COCO with 1% labeled training data.• Unbiased Teacher (UBT) with Def. DETR does not converge.
Liu et al. “Unbiased Teacher for Semi-Supervised Object Detection.” In ICLR 2021

Why ?
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Momentum-Teaching DETR (MT-DETR)

Bouniot et al., WACV 2023
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FAL-COCO

Bouniot et al., WACV 2023

Performance Comparison

• Evaluation on different percentage of COCO labeled data (with the corresponding number ofimages) and 100% of the dataset as unlabeled data. We achieve the best performance on all settings More significant gap when labeled data is scarce.
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Leverage few annotated data and unlabeled data for strong object detectors.
• Experiments with transformer-based detector with scarce labeled data

 Better than convolutional detector when labels are limited
x Do not work with previous semi-supervised methods.

• Our proposed MT-DETR:
MT-DETR is a semi-supervised approach for Transformer-based detectors
Outperforms state-of-the-art semi-supervised object detectors in few-annotation learning.

Bouniot et al., WACV 2023

Take Home Message
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Thank you for your time !
Do not hesitate to contact us for questions !

Bouniot et al., WACV 2023

THANK YOU
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Transformer-based Detectors

Bouniot et al., WACV 2023

Object Detection 101

• Deformable Attention operation tailored for dealing with input feature map.• Learns sampling offsets for each reference points in the feature map.
Zhu et al., “Deformable DETR: Deformable transformers for end-to-end object detection.” ICLR 2021
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How do object detectors handle data scarcity ?

Bouniot et al., WACV 2023

Few Shot Learning Setting

• Performance on COCO and Cityscapes datasets• Comparison between Convolutional- and Transformer-based object detectors• Deformable DETR is strong with few labeled data, but other transformer-based are less data-efficient.
Wang et al. “Towards Data-efficient Detection Transformers.” In ECCV 2022Meng et al. “Conditional DETR for fast training convergence.” ICCV 2021

3k labeled images
118k labeled images
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Augmentations used
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Two-stage Detectors

Bouniot et al., WACV 2023

Object Detection 101

• First stage proposes candidate object bounding boxes• Second stage extracts features from each candidate for classification and regression tasks.• Most representative detector is Faster-RCNN
Jiao et al., “A survey of deep learning-based object detection.” IEEE Access, 2019.Ren et al., “Faster R-CNN: Towards real-time object detection with region proposal networks”. NeurIPS 2015
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One-stage Detectors

Bouniot et al., WACV 2023

Object Detection 101

• Classification and localization in a single shot using a dense sampling.• Predefined anchors of various scales are refined for localization.• Simpler design, real-time inference speed but lower performance.
Jiao et al., “A survey of deep learning-based object detection.” IEEE Access, 2019.
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Transformer-based Detectors

Bouniot et al., WACV 2023

Object Detection 101

• Increasingly popular architecture for end-to-end detection.• Simpler overall architecture, without hand-crafted heuristics (NMS, RoI Pooling or anchors).• Rely on Hungarian algorithm for optimal matching between predictions and ground truths.• Now strong contenders for SOTA performance.
Carion et al., “End-to-end object detection with transformers.” ECCV, 2020.Zhu et al., “Deformable DETR: Deformable transformers for end-to-end object detection.” ICLR 2021
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Momentum-Teaching DETR (MT-DETR)

Bouniot et al., WACV 2023
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Momentum-Teaching DETR (MT-DETR)

Bouniot et al., WACV 2023
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Momentum-Teaching DETR (MT-DETR)

Bouniot et al., WACV 2023
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Hard Pseudo-labeling:
Teacher Prediction Pseudo-label

Threshold

Student Prediction

𝑙𝑝𝑠𝑒𝑢𝑑𝑜

× Encourage high confidence predictions× Focus on prevailing class× Additional hyperparameter with the threshold
Bouniot et al., WACV 2023

Sohn et al. “FixMatch: Simplifying Semi-Supervised Learning with Consistency and Confidence.” NeurIPS 2020Tang et al. “Humble Teachers teach better students for semi-supervised object detection.” In CVPR 2021
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Hard Pseudo-labeling:
Teacher Prediction Pseudo-label

Threshold

Student Prediction

𝑙𝑝𝑠𝑒𝑢𝑑𝑜
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Soft Pseudo-labeling:

 Relations between classes More diversity in prevailing classes

Bouniot et al., WACV 2023
Sohn et al. “FixMatch: Simplifying Semi-Supervised Learning with Consistency and Confidence.” NeurIPS 2020Tang et al. “Humble Teachers teach better students for semi-supervised object detection.” In CVPR 2021
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Momentum-Teaching DETR (MT-DETR)

Bouniot et al., WACV 2023
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Post-processing
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Non-Maximal Suppression (NMS)

NMS

Bouniot et al., WACV 2023
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Post-processing
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Removing Non-Maximal Suppression

NMS

 More diverse set of proposals without NMS Encourage proposals with better localization instead of more confidence Less hyperparameters
Bouniot et al., WACV 2023
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Momentum-Teaching DETR (MT-DETR)

Bouniot et al., WACV 2023
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Data augmentation

Bouniot et al., WACV 2023

Ablation Studies

• Common augmentations used in previous work More augmentations leads to the best results Removing post-processing of proposals solves the diverging issue

Setting ofUBT

Ours
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Ablation Studies

• Best Combination found: Cosine Scheduling Initialization after fine-tuning No NMS Soft labels without confidence thresholding
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FAL-COCO

Bouniot et al., WACV 2023

Performance Comparison

• Evaluation on different percentage of COCO labeled data (with the corresponding number ofimages) and 100% of the dataset as unlabeled data. We achieve the best performance on all settings More significant gap when labeled data is scarce.
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FAL-VOC

Bouniot et al., WACV 2023

Performance Comparison

• Evaluation on different percentage of VOC 2007 labeled data (with the corresponding numberof images) and 100% of VOC 2012 as unlabeled data. We achieve the best performance on all settings More significant gap when labeled data is scarce.


