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lconic image data as implicit supervision

ImageNet (iconic)




lconic image data as implicit supervision

ImageNet (iconic) BDDlOOK (naturalistic, dense)
v by R : . l glllt{ T .!r ,'.‘ - {j;
‘ bl i

A l[ll AN
‘\ ‘ e
\ A IR = 1 N
b S ani L .]"'i e
TN i » ‘
] Ly
N e U ] |
N LE N v
N i
“ ;X | \ I\‘




Learning from dense scenes
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Learning from dense scenes




Size imbalance in dense, naturalistic data
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Size imbalance in dense, naturalistic data
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Pooled and Dense Self-supervised Learning
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Results on BDD100K

BDD100K Sem. Seg.

. Linear UperNet
Method Arch Ep. Pretrain mloU  Ace mIoU  Acc
Scratch R50 - - 9.7 55.0 26.1 81.2
DINO (Caron et al., 2021) ViT-S 300 BDD 29.6 86.8 41.1 90.1
1BOT (Zhou et al., 2021) ViT-S 800 BDD 272 854 35.5 88.7
DoRA (Venkataramanan et al., 2024) VIiT-S 200 BDD 33.2 88.1 43.3 90.7
DINO (Caron et al., 2021) R50 100 BDD 13.1 64.7 25.6 80.3
PixPro (Xie et al., 2021) R50 100 BDD 21.8 80.0 37.3 88.0
DenseCL (Wang et al., 2021b) R50 100 BDD 242 849 41.8 90.0
FlowE (Xiong et al., 2021) R50 100 BDD 35.7 88.5 473 91.5
Supervised R50 600 INIK 36.7 84.7 552 92.0
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Performance by class subgrouping

Method Pretrain All | Small Large | Rare Common
DINO BDD 29.6 8.4 42.0 1.0 42.8
DenseCL BDD 24.2 1.6 374 0.0 35.4
DoRA BDD 33.2 11.9 45.6 2.8 47.3
FlowE BDD 35.7 12.2 49.3 10.7 47.2
Supervised IN1K | 36.7 | 27.2 422 | 16.1 46.2
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BDD100K segmentations
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See our paper for details on

* Training on WalkingTours

* Our new WalkingTours-Semantic benchmark
* Ablation studies

* Details on our subcropping strategies

e And more
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