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Obtaining Per-Pixel Dense Labels is Hard

Real application often requires model robustness over scenes with large diversity
= Different cities, different weather, different views
Large scale annotated image data is beneficial

Annotating large scale real world image dataset is expensive

» Cityscapes dataset: 90 minutes per image
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Use Synthetic Data to Obtain Infinite GTs?

Original image from GTAS5 Ground truth from game Engine
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Drop of Performance Due to Domain Gaps

Cityscapes images Model trained on Cityscapes Model trained on GTAS

wall traffic Igt  traffic sgn
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Unsupervised Domain Adaptation

Source Domain
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Proposed Iterative Framework

building = wall t traffic sgn

terrain person rider truck
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Preliminaries and Definitions

Fine-tuning for Supervised Domain Adaptation
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where: I: input image (crop) p: pixel class probability vector y: pixel label vector :
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w: network parameters s: source image index ¢: target image index

| SeIf-Training for Unsupervised Domain Adaptation
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where: ¥: pseudo label vector e'”: one-hot vector
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The Vanilla Self-Training (ST) Framework
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The cost can be minimized via mixed integer programming, which leads to the following solution:
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Class-Balanced Self-Training (CBST)

S N
min Lop (W, y) = —ZZ e l0g(pr(w. L)) — [6:°) log(pn (clw. 1)) + ke )]

t= ; n:Jl CZI
st Yem = [ it | € {{e@]e® € RE}UO}, V0
k. > 0,Vc

Again using mixed integer programming, one obtains the following solution:
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Self-Paced Learning Policy Design

The both kand k. in ST and CBST can be easily determined with a single SPL policy parameter p:

Road Car Truck

Image 1
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Nrotar: total number of pixels from all images

p € [0,1]: SPL policy (portion of pseudo labels)

N¢: total number of pixels predicted as class ¢

p € [0,1]: SPL policy (portion of pseudo labels) — |
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Incorporating Spatial Priors (CBST-SP)

road sidewalk building wall fence

pole traffic light traffic sign vegetatlon

train motorcycle bicycle
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Experiment: Cityscapes - NTHU

City Method Road SW Build TL TS Veg. Sky PR Rider Car Bus Motor Bike|Mean
Source Dilation-Frontend [10]| 77.7 21.9 83.5 0.1 10.7 789 88.1 21.6 10.0 67.2 30.4 6.1 0.6 | 38.2
GCAA [10] 79.5 29.3 84.5 0.0 22.2 80.6 82.8 29.5 13.0 71.7 37.5 259 1.0 |42.9

Rome DeeplLab-v2 [36] 83.9 34.3 87.7 13.0 41.9 84.6 92.5 37.7 22.4 80.8 38.1 39.1 5.3 |50.9
MAA [36] 83.9 34.2 88.3 18.8 40.2 86.2 93.1 47.8 21.7 80.9 47.8 48.3 8.6 |53.8

Source Resnet-38 86.0 21.4 81.5 14.3 474 82.9 59.8 30.8 20.9 83.1 20.2 40.0 5.6 |45.7

ST 85.9 20.2 84.3 15.0 46.4 84.9 73.5 48.5 21.6 84.6 17.6 46.2 6.7 | 48.9

CBST 87.1 43.9 89.7 14.8 47.7 85.4 90.3 45.4 26.6 85.4 20.5 49.8 10.3| 53.6

Source Dilation-Frontend [10]| 69.0 31.8 77.0 4.7 3.7 71.8 80.8 38.2 8.0 61.2 389 11.5 3.4 385
GCAA [10] 74.2 439 79.0 24 7.5 77.8 69.5 39.3 10.3 67.9 41.2 279 10.9| 42.5

Rio DeepLab-v2 [36] 76.6 47.3 82,5 12.6 22.5 77.9 86.5 43.0 19.8 74.5 36.8 29.4 16.7| 48.2
MAA [36] 76.2 44.7 84.6 9.3 25.5 81.8 87.3 55.3 32.7 74.3 289 43.0 27.6| 51.6

Source Resnet-38 80.6 36.0 81.8 21.0 33.1 79.0 64.7 36.0 21.0 73.1 33.6 225 7.8 454

ST 80.1 41.4 83.8 19.1 39.1 80.8 71.2 56.3 27.7 79.9 32.7 36.4 12.2|50.8

CBST 84.3 55.2 85.4 19.6 30.1 80.5 77.9 55.2 28.6 79.7 33.2 37.6 11.5|52.2

Source Dilation-Frontend [10] 81.2 26.7 71.7 87 5.6 73.2 75.7 39.3 14.9 57.6 19.0 1.6 33.8]39.2
GCAA [10] 83.4 35.4 72.8 12.3 12.7 77.4 64.3 42.7 21.5 64.1 20.8 8.9 40.3| 428

Tokyo DeepLahb-v2 [36] 83.4 354 728 12.3 12.7 77.4 64.3 42.7 21.5 64.1 20.8 8.9 40.3|42.8
MAA [36] 81.5 26.0 77.8 17.8 26.8 82.7 90.9 55.8 38.0 72.1 4.2 245 50.8|49.9

Source Resnet-38 83.8 26.4 73.0 6.5 27.0 80.5 46.6 35.6 22.8 71.3 4.2 10.5 36.1|40.3

ST 83.1 27.7 748 T.1 29.4 84.4 485 57.2 23.3 73.3 3.3 22.7 458|44.6

CBST 85.2 33.6 80.4 8.3 31.1 839 78.2 53.2 28.9 727 44 27.0 47.0| 48.8

Source Dilation-Frontend [10]| 77.2 20.9 76.0 59 4.3 60.3 81.4 10.9 11.0 54.9 32.6 153 5.2 | 35.1
GCAA [10] 78.6 28.6 80.0 13.1 7.6 68.2 82.1 16.8 94 60.4 34.0 265 9.9 39.6

Taipei DeeplLab-v2 [36] 78.6 28.6 80.0 13.1 7.6 68.2 82.1 16.8 94 60.4 34.0 26.5 9.9 39.6
MAA [36] 81.7 29.5 85.2 26.4 15.6 76.7 91.7 31.0 12,5 71.5 41.1 47.3 27.7|49.1

Source Resnet-38 84.9 26.0 80.1 8.3 28.0 73.9 54.4 18.9 26.8 71.6 26.0 48.2 14.7| 43.2

ST 83.1 23.5 782 9.6 254 74.8 35.9 33.2 27.3 75.2 32.3 52.2 28.8|44.6

CBST 86.1 35.2 84.2 15.0 22.2 75.6 74.9 22.7 33.1 78.0 37.6 58.0 30.9|50.3
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Experiment: SYNTHIA — Cityscapes

building wall traffic Igt  traffic sgn
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Experiment: SYNTHIA — Cityscapes

Method Base Net Road SW Build Wall* Fence* Pole* TL TS Veg. Sky PR Rider Car Bus Motor Bike mloU|mloU*
Source only [18]|Dilation-Frontend| 6.4 17.7 29.7 1.2 0.0 151 00 7.2 303 66.8 51.1 15 473 39 01 00 |17.4| 20.2
FCN wild [18] [43] 11.5 19.6 30.8 4.4 0.0 203 0.1 11.7 42.3 68.7 51.2 3.8 54.0 32 02 0.6 |202]| 22.1
Source only [45]| FCN8s-VGGI16 | 5.6 11.2 59.6 8.0 0.5 21.5 80 53 724 756 35.1 9.0 236 45 0.5 180|220 27.6
Curr. DA [45] [21] 65.2 26.1 74.9 0.1 0.5 10.7 3.5 3.0 76.1 70.6 47.1 8.2 43.2 20.7 0.7 13.1|29.0| 34.8

Source only FCN8s-VGG16 | 24.1 19.1 68.5 0.9 0.3 16.4 5.7 10.8 75.2 76.3 43.2 152 26.7 15.0 59 85 |25.7| 30.3

GAN DA [21] 79.1 31.1 77.1 3.0 0.2 228 6.6 152 774 789 47.0 14.8 67.5 16.3 6.9 13.0|34.8| 40.8

Source only | DeepLab-v2 [36] | 55.6 23.8 74.6 — - — 6.1 12,1 74.8 79.0 55.3 19.1 39.6 23.3 13.7 25.0| — 38.6
MAA [36] 84.3 42.7 7T7.5 — - — 47 7.0 779 82.5 54.3 21.0 72.3 32.2 18.9 32.3| -— 46.7
Source only FCN8s-VGG16 | 17.2 19.7 47.3 1.1 0.0 19.1 3.0 91 71.8 783 376 4.7 422 90 01 09 |22.6 | 26.2
ST [21] 0.2 145 53.8 1.6 0.0 189 09 7.8 72.2 80.3 48.1 6.3 67.7 47 0.2 45239 27.8
CBST 69.6 28.7 69.5 12.1 0.1 254 11.9 13.6 82.0 81.9 49.1 14.5 66.0 6.6 3.7 324|35.4| 36.1
Source only ResNet-38 32.6 21.5 46.5 4.8 0.1 26.5 14.8 13.1 70.8 60.3 56.6 3.5 74.1 204 89 13.1|29.2 | 33.6
ST [41] 382 19.6 70.2 3.9 0.0 31.9 17.6 17.2 82.4 68.3 63.1 53 784 11.2 08 7.5 |32.2| 36.9
CBST 53.6 23.7 75.0 12.5 0.3 36.4 23.526.3 84.8 74.7 67.2 17.5 84.5 28.4 15.2 55.8/42.5| 48.4
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Experiment: GTAS — Cityscapes

road building wall traffic gt traffic sgn
terrain person rider car truck bus train motorcycle  bike

Raw GT NoAdapt ST CBST CBST-SP
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Experiment: GTAS5 — Cityscapes

Method Base Net Road SW Build Wall Fence Pole TL TS Veg. Terrain Sky PR Rider Car Truck Bus Train Motor Bike|mloU
Source only [18] | Dilation-Frontend | 31.9 18.9 47.7 7.4 3.1 16.0 104 1.0 76.5 13.0 589 360 1.0 67.1 9.5 3.7 00 00 0.0]21.2
FCN wild [18] [43] 70.4 324 62.1 149 54 109 142 27 792 21.3 646 441 42 704 80 7.3 00 35 0.0]27.1
Source only [45]| FCN8s-VGG16 | 181 6.8 641 7.3 87 21.0 149 168 459 24 644 41.6 175 553 84 50 69 43 138|223
Curr. DA [45] [21] 74.9 220 7L.7 6.0 11.9 84 16.3 11.1 75.7 13.3 66.5 38.0 9.3 552 188 189 0.0 16.8 16.6| 28.9
Source only [17]| FCN8s-VGG16 |26.0 149 651 55 129 89 6.0 25 700 29 470 245 0.0 40.0 121 1.5 0.0 0.0 0.0]17.9
CyCADA [17] [21] 85.2 37.2 76.5 21.8 15.0 23.8 22.9 21.5 80.5 31.3 60.7 50.5 9.0 76.9 17.1 282 45 9.8 0.0 354
Source only [17] |Dilated ResNet-26| 42.7 26.3 51.7 5.5 6.8 13.8 236 6.9 755 11.5 36.8 49.3 09 46.7 34 50 0.0 50 1.4 21.7
CyCADA [17] [44] 79.1 33.1 77.9 234 17.3 321 33.3 31.8 81.5 26,7 69.0 628 14.7 745 209 256 6.9 188 20.4| 395
Source only [30] ResNet-50 645 249 737 148 25 180 159 0 749 164 720 423 0.0 395 86 134 0.0 0.0 0.0]253

ADR [30] [16] 87.8 15.6 774 20.6 9.7 19.0 199 7.7 820 31.5 743 435 9.0 778 175 27.7 1.8 9.7 0.0 33.3
Source only [24] DenseNet 67.3 23.1 694 13.9 144 21.6 19.2 124 78.7 245 748 49.3 3.7 54.1 87 53 2.6 6.2 1.9 290
121 Adapt [24] [19] 85.8 37.5 80.2 23.3 16.1 23.0 145 98 79.2 36.5 76.4 534 7.4 828 19.1 157 28 134 1.7 | 357
Source only [36] DeepLab-v2 75.8 16.8 77.2 12,5 21.0 25.5 30.1 20.1 81.3 246 70.3 53.8 26.4 499 17.2 259 6.5 253 36.0| 36.6

MAA [36] [19] 86.5 36.0 79.9 234 233 239 352 148 834 333 756 585 276 73.7 325 354 39 30.1 28.1|424

Source only FCN8s-VGG16 | 64.0 22,1 68.6 13.3 87 199 155 59 749 134 37.0 37.7 103 482 6.1 12 1.8 108 29243
ST [18] 83.8 174 721 143 29 16.5 16.0 6.8 814 242 472 407 7.6 717 102 7.6 05 11.1 0.9 28.1
CBST 66.7 26.8 73.7 148 95 283 259 10.1 755 157 516 472 6.2 719 3.7 22 54 189 324|309
CBST-5P 90.4 50.8 72.0 183 9.5 27.2 28.6 14.1 824 25.1 70.8 426 145 769 59 125 1.2 140 286/ 36.1
Source only ResNet-38 70.0 23.7 67.8 154 18.1 40.2 41.9 25.3 788 11.7 314 62.9 29.8 60.1 21.5 26.8 7.7 281 12.0| 354
ST [41] 90.1 56.8 77.9 28.5 23.0 41.5 45.2 39.6 84.8 26.4 492 59.0 274 823 39.7 45.6 20.9 34.8 46.2| 415

CBST 86.8 46.7 76.9 26.3 24.8 42.0 46.0 38.6 80.7 15.7 48.0 57.3 279 782 245 496 17.7 255 45.1| 452

CBST-5P 88.0 56.2 77.0 274 224 40.7 47.3 40.9 824 21.6 60.3 50.2 204 83.8 35.0 51.0 152 20.6 37.0| 46.2
CBST-SP+MST 89.6 58.9 78.5 33.0 22.3 41.448.2 59.2 83.6 24.3 654 49.3 20.2 83.3 39.0 48.6 12,5 20.3 35.3|47.0
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Experiment: GTAS - BDD

Method Road SW Build Wall Fence Pole TL TS Veg. Terrain Sky PR Rider Car Truck Bus Train Motor Bike Mean
Source Resnet-38| 76.7 34.1 53.8 10.2 28.3 29.1 34.1 33.9 73.4 17.5 60.8 52.8 15.2 63.8 40.78 28.8 0.0 21.3 2.6 35.0

ST 83.5 26.1 72.5 14.1 27.3 26.5 325285 74.5 357 881514 159 674 266 359 00 &89 29378
ST-SP 88.2 40.8 7T4.1 14.8 27.1 25.8 33.1 36.1 72.2 374 88.853.8 21.2 74.2 24.5 229 0.0 129 1.5]39.5
CBST 84.1 26.6 75.0 15.3 28.8 28.0 33.829.8 76.2 35.6 90.454.2 18.2 69.4 28.6 36.7 0.0 13.0 3.8]39.3

CBST-SP 89.9 39.3 73.9 14.9 28.0 28.7 34.135.6 76.7 34.9 89.657.4 19.8 77.3 27.1 28.1 0.0 13.8 1.7]40.6

po: Initial p value
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Thank You!
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