SImMLTD: Simple Supervised and Semi-Supervised Long-Tailed
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What Makes for Effective Long-Tailed Detection?

Learning to Detect Genuinely Rare Objects by Pasting Onto Unlabeled Images
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Overview of SimLTD: We partition the long-tailed distribution into two disjoint sets— frequent + common head ; S8 _Fine-funed on nll 1203 Clagses 100 150 200 250 300
categories and rare tail classes—and perform supervised and semi-supervised training in three easy steps: DDETR  DINO  DINO DNO  DINO  DINO category Label
ResNet-101  Swin-B Swin-L ResNet-50 Swin-B Swin-L _ _ S _
- o | | | | Left: We compose complex fake scenes by pasting intrinsically rare objects onto
Wl Pre-training on head classes (hatched region) with optional unlabeled images; Our contribution: we find that stronger pre-trained head models unlabeled images under strong photometric and geometric distortions. Right:
& Transfer learning on tail classes (hatched region) with optional unlabeled images; (solid blue bars) are more powerful long-tailed detectors (hatched Augmenting unlabeled images with randomly pasted rare objects helps promote
& Fine-tuning on a balanced sample of head and tail classes for exemplar replay. green bars) across both supervised and semi-supervised settings. pseudo-labeling for effective semi-supervised learning.

4 Robust Long-Tailed Detection Without Additional Image-Level Supervision ,” Advancing Long-Tailed Detection on the LVIS v1 Benchmark — Compelling Performance and Scalability Across Backbones and Detectors
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X Existing models require extra ImageNet labels, which are infeasible for bespoke applications outside of LVIS. Re . Method Extra External Data_ Base Detector Backbone GPUHrs mAPwx AP AP ARy
— . . . . . Seesaw Loss [CVPR’21] [36] Faster R-CNN R101-FPN — 27.8 1877 27.0 32.8
Our SImMLTD leverages unlabeled images, which are easy to collect without the burden of human annotations. 40 ¢+ +27AP 4 SIMLTD \ NorCal [NeurIPS21] [25] Mask R-CNN R101-FPN _ 281 208 265 309
: LVIS v1 ObjeCt Detection Benchmark " < A [CVPR 25] AHRL [CVPR’22] [20] N/A Mask R-CNN R101-FPN -~ 28.7 193 27.6 314
- - ) = EFL [CVPR’22] [21] RetinaNet R101-FPN - 292 235 274 338
38 Learmng MOda“ty W/ ResNet-50 I o | SimLTD Supervised Faster R-CNN R101-FPN 83 31.7 24.3 321 34.6
| @ Fully Supervised Single-Stage g N A - SimLTD Supervised Deformable DETR R101 234 370 319 36.6 39.6
EeERe < St ] z =3 s LG o ST . FuIIy Supervised Multi-Stage | T RichSem [ Dong et al. [ICCV’23] [12] Deformable DETR R50 — 28.7 21.8 284 32.0
e SOL;DSDOOH e I T N | AT 36 | | ' | ’ Detic [ECCV’22] [49] Deformable DETR R50 - 317 214 307 375
9. el b;;,e‘;'age R - we Tk SIS ' A Weakly Supervised Single-Stage « [NeurlPS23] R RichSem [NeurIPS’23] [27] N/A DINO R50 - 351 260 326 418
. oL Dattel TOOC‘ )age T e e P ’ Unglh _. : - _, 1} ; \ l‘\ | s — v Wea kly Su pe rvised M uIti_Stage ‘ ' SlmLTD SuperVised FaStel‘ R—CNN RSO—FPN 81 290 209 297 319
boat LD S i ,_J' ial e X 34 _ _ _ ' P SimLTD Supervised Deformable DETR R50 215 350 32.0 34.0 375
I 4 = ‘ Semi-Supervised Single-Stage Yoo _e’ RichSem [NeurIPS’23] [27] DINO Swin-T _ 388 308 364 450
_ | S Y Semi-Supervised Multi-Stage ¥ Detic [ECCV'22] - SimLTD Supervised DINO Swin-T 310 411 336 401 454
| e | . T — Epp— f' | % 32 DiffusionDet [ICCV’23] [6] 4 @ 300 Swin-B - 420 348 409 464
: . _ - el | I RichSem [NeurIPS’23] [27] N/A DINO Swin-B - 46.4 385 451 51.3
e F L NS 7 L ‘\ N | e & ' SimLTD Supervised DINO Swin-B 414 472 4277 46.7 499
104 - gric——— SRS @ Il r i [ cotnno = ‘ CascadeMatch [IJCV'23] RichSem [NeurIPS’23] [27] DINO Swin-L — 497 428 492 534
: u-.lt.jj = L e E 30 . Diffusi Det [| CCV'2 3] SimLTD Supervised DINO Swin-L 460 498 424 504 524
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i et > @ Dong et al. [ICCV'23] MosaicOS [ICCV’21] [45] ImageNet-1K Labels  Faster R-CNN R50-FPN - 239 155 224 293
103 - _ _ O 9 ' RichSem [NeurIPS’23] [27] ImageNet-21K Labels  Faster R-CNN + CLIP R50-FPN — 30.6 27.6 29.77 329
"E tinfoil 23 . EF| CVP R'29 SimLTD SoftER Teacher [35] COCO-unlabeled2017 Faster R-CNN R50-FPN 392 30.3 23.3 30.3 33.3
g _ [ ] SimLTD MixTeacher [25] COCO-unlabeled2017 Faster R-CNN R50-FPN 434 31.8 234 321 35.1
O 192 rabbit ® AHRL [CVPR'22] Detic [ECCV"22] [49] ImageNet-21K Labels DeformDETR + CLIP  R50 _ 325 262 313 366
o | Jolfcart 26 RichSem [NeurIPS'23] [27]  ImageNet-21K Labels DINO + CLIP RS0 ~ 371 299 356 420
S | SimLTD MixPL [7] Objects365-unlabeled DINO R50 447 39.1 31.5 38.5 43.1
£ o | pendulum SimLTD MixPL [7] COCO-unlabeled2017  DINO R50 446 394 326 385 43.6
= : martini 24 ¥V MosaicOS [ICCV'21] RichSem [NeurlPS'23][27]  ImageNet-21K Labels DINO + CLIP Swin-T 416 373 397 455
: SimLTD MixPL [7] COCO-unlabeled2017 DINO Swin-T 482 425 357 424 456
I RichSem [NeurIPS’23] [27] ImageNet-21K Labels DINO + CLIP Swin-B — 48.2 46.5 465 51.0
10° - | 14 16 18 20 22 24 26 28 30 32 34 SimLTD MixPL [7] COCO-unlabeled2017 DINO Swin-B 794 49.0 434 49.0 515
0 Frequent Common Rare 1202 Rare Class AP, (%) RichSem [NeurIPS’23][27] =~ ImageNet-21K Labels DINO + CLIP Swin-L - 520 502 515 53.3
SimLTD MixPL [7] COCO-unlabeled2017 DINO Swin-L 1168 515 450 524 533
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