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Background & Motivation

e training pipeline in vision model
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Data curation offline: Make sure the data is balanced, diverse, (Active learning) etc,

Data curation online: Beyond that, also track the model’s learning progress and dynamically
decide the best data based on model’s current state of each iteration.

 We focus online data curation
« We focus object detection task
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€ Method & Implementation
® Marginal Contribution to the overall mean Average Precision (mAP)
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® We avoid the middle part and direct consider the Marginal Contribution to
mMAP of each sample. (Theoretically apply to any det models)
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¢ Method & Implementation

® Learnability based on Marginal Contribution to global mAP over whole dataset (DetGain of each image)
Image x, whole training set D, detection model f
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®eWe develop a fast method to estimate the DetGain, learnability = teacher’s DetGain — student’s DetGain

) x; f1, D) —
%gé% Proposal 1 Marginal Contribution 1 mAP( " jt’ ) mAF‘( f" )
Image —_ Pretrained — Proposal 2 # Marginal Contribution 2 # Summation
Teacher Proposal 3 Marginal Contribution 3

GAP=Learnability

%ﬁg Proposal 1 Marginal Contribution 1
Image — Student Proposal 2 # Marginal Contribution 2 # Summation

Proposal 3 Marginal Contribution 3

¥

Learnability-guided Sampling (%) .

'
Mini-Batch '
(16 Samples) - Student 6

Super Batch
Datasets Pool » (80 Samples)

—)

SONY




¢ Method & Implementation
Whole Training Dataset D : 120K COCO 2017

DetGain does not measure the per-image
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€ Experimental Result COCO 2017 val Benchmark

Student Backbone: Res50

Result on Five Different Models Teacher Backbone: Res101/Res152

Model Type Learning Proxy Baseline +Data Aug. +DetGain
AP0  AP50:95 APS0 AP50:95 APS0 AP50:95
Faster R-CNN [36] 2-stage, anchor-based CE + SmoothL1 58.3 374 583 (+00) 375001y 61L0+27)  40.0 (+2.6)
ATSS [54] 1-stage, anchor-based Focal + GloU 57.3 304 56.0(-1.3) 38.6(08 598 (+2 41.6 (+2.2)
FCOS [41] 1-stage, anchor-free Focal + IoU + BC 56.8 38.2 56.6 (-0.2) 38.2(+0.0) 598 (+3.0) 409 (+2.7)
GFL [24] 1-stage, anchor-based QFL + DFL 58.3 40.2 579 -04) 403 (+0.1) 599 (+1.6) 42,0 (+1.8)
VFNet [52] 1-stage, anchor-based Varifocal + GloU 443 40.7 443 (+0.0) 403 (-04)  46.6 (+2. 429 (+2.2)
Deform. DETR [56]  Transformer, anchor-free  Focal + L1 + GloU 65.7 46.6 66.4 (+0.7) 474 (+0.8) 68.1 (+2. 48.9 (+2.3)
D G . . . . f . Dataset Backbone  Baseline  +DetGain A
etGain can improve majority ot representative VOC2007 e <13 a3 30
detectors with around +2.0 mAP gain BDDI10OK RS0 30.3 321 +138

®Note: We only change the data pipeline, no changes on model/ training loss/scheduler
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Conclusion

®Online data-curation technique for general object-detection models.
®Based on each image’ s marginal contribution to the dataset level mAP.

®The result is faster convergence, higher final accuracy, and strong robustness
when labels are noisy.

Preprint version:
https://arxiv.org/pdf/2511.14197

SONY


https://arxiv.org/pdf/2511.14197

	前回のサマリと今回の経緯
	Slide 1
	Slide 2: Background & Motivation
	Slide 3: Method & Implementation
	Slide 4: Method & Implementation
	Slide 5
	Slide 6: Result on Five Different Models 
	Slide 7: Conclusion


