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« Semantic Segmentation assigns a label to &0 N
each pixel in the input image and is commonly g Lol
used in fields such as autonomous driving E60| [~ swo ,
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Related Works on PLSS g.‘-i%};gse;;m?svsﬂaz
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Developing carefully designed backbones for long-tail distributionsl’:2]
Leaving the effect of loss functions unconsidered

Conducting empirical studies on the loss functions[?4]
Lacking their theoretical impact on the generalization performance

.
a )
Can we find a theoretically grounded loss function for PLSS
on top of SOTA backbones?
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AUCSeq - overview e

AUCSeg is a generic optimization method that can be directly applied to any
SOTA backbone for semantic segmentation.
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AUCSeq - overview e

AUCSeg is a generic optimization method that can be directly applied to any
SOTA backbone for semantic segmentation.
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AUCSeq - overview |

AUCSeg is a generic optimization method that can be directly applied to any
SOTA backbone for semantic segmentation.
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AUCSeg - AUC Optimization R
AUC optimization for binary classification
AUC (fo) =P (fo(XT) > fo(X7)ly* =1,59~ =0) Distribution
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AUCSeg - AUC Optimization | R

AUC optimization for multi-class semantic segmentation
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The proposed loss enjoys a well-guaranteed generalization bound
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AUCSeq - Tail-class Memory Bank e
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AUCSeq - Tail-class Memory Bank e

Tail-class Memory Bank identifies missing tail classes of all images involved in
a mini-batch and randomly replaces some pixels in the image with missing
classes based on stored historical class information in T-Memory Bank.
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Resu |tS - Qua ntitative %;%ygggg\ggmgyg@ag
ADE20K Cityscapes COCO-Stuff 164K

Method Overall Head Middle Tail | Overal Head Middle Tail | Overall Head Middle Tail
DeepLabV3+ | 3195 7588 5196 2601 | 6653 90.11 57.16 5436 | 29.11 5111 3293 2482
EncNet 3212 7534 5160 2632| 7134 9162 6076 63.03| 2731 4989 3041 23.09
FastFCN 2978 7420 4944 2386 | 6397 9037 5243 5122 | 2837 5060 3252 23.96
EMANet 3283 7577 5003 2736| 7093 9169 6061 6197 | 2848 4973 2997 2485
DANet 3383 7462 5101 2852| 6577 89.66 5530 5426 | 2683 4960 31.14 22.29
HRNet 31.83 7535 4998 26.19 | 7340 9198 6579 6400 | 2865 4800 3074 25.16
OCRNet 2964 7400 4940 2372 | 6695 9024 63.18 5021 | 2867 51.04 3241 24.33
DNLNet 3324 7590 51.16 2769 | 7068 9198 5990 61.66 | 3023 5071 33.05 2641
PointRend 1777 67.18 3760 1146 | 6067 8979 5392 4149 | 11.17 21.17 1364 9.04
BiSeNetV?2 1026 6038 2872 410 | 7304 9200 6352 6493 | 1030 3496 1271  5.92
ISANet 2953 7434 4877 2364 | 7063 9167 6150 6043 | 2637 4887 3078 21.86
STDC 30.17 7336 4802 2458 | 7630 9258 6509 7194 | 2983 5174 3340 2561
SegNeXt 4745 8054 6035 4328 | 8241 9408 7246 8092 | 4242 5705 4171 4033
VS 2472 7530 4802 1786 | 5540 9216 5252 2636 | 2427 4780 3038 19.19

LA 31.16  77.07 5343 2477 | 6275 9298 6479 3509 | 2856 4967 33.16 2421
LDAM 33.11 7406 5126 2765 | 6595 9272 6927 40.17 | 4239 5685 4159 4034
Focal Loss 4768 8054 59.04 4373 | 8244 9390 7279 8089 | 4198 5687 4151 39.79
DisAlign 48.15 8033 59.14 4431 | 8194 9361 72.12 8036 | 42.10 5520 4124 4028
BLV 4676 7996 5896 4267 | 8181 9384 7183 8005 | 4217 5683 4152 40.06

AUCSeg (Ours) | 49.20 8059 5945 4552 | 8271 9391 7272 81.67 | 4273 5695 4193 40.72
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Results - Quantitative %i%ségéé;;m?svsﬂag

Backbone Extension:

Backbone AUCSeg | Overall Tail Backbone | AUCSeg | Overall Tail
% 31.95  26.01 . X 38.73  33.96

DeepLabV 3+ & 36.13  31.10 Tiny v 39.00  34.52
X 32.83  27.36 % 4325  38.90

EMANet o 36.32  31.39 Small v 4329  39.18
X 20.64  23.72 % 4545  41.33

OCRNet v 34.82  29.75 Base " 46.37 4249
X 29.53  23.64 5% 4745  43.28

ISANet v 35.07  30.13 Large & 49.20 45.52
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Results - Qualitative ;e
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Conclusions e

O Methodologically: propose a novel AUCSeg to address pixel-level long-tail

semantic segmentation.

O Theoretically: demonstrate the generalization performance of AUCSeg in

semantic segmentation.

O Empirically: comprehensive experiments justify the effectiveness of our

method.
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