Experiment: GTAS —> Cityscapes

Unsupervised Domain Adaptation for Semantic Segmenta-

S

Method Base Net Road SW Build Wall Fence Pole TL TS Veg. Terrain Sky PR Rider Car Truck Bus Train Motor Bike | mloU
-t S -t -t Source only | 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 95 37 00 00 00]21.2
tlon VIa ass- a ance e - ralnlng FCN wild 704 32.4 62.1 149 54 109 142 2.7 792 21.3 646 441 4.2 704 80 7.3 00 35 00271
Source only | FCN8s-VGG16 |18.1 6.8 64.1 7.3 87 21.0 149 168 459 24 644 41.6 17.5 553 84 50 6.9 4.3 13.8]223
- 1: .. . Curr. DA 749 22.0 71.7 6.0 119 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
Yang ZOU*; Zhldmg YU*, B. V. K. VIJaVa Ku mar, JmSOng Wang nVIDIA Source only | FCN8s-VGG16 |26.0 149 65.1 55 129 89 6.0 25 70.0 29 470 245 00 400 121 1.5 00 0.0 00179
_— _— .. ® CyCADA 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
yzou2@andrew.cmu.edu, zhidingy@nvidia.com, kumar@ece.cmu.edu, jinsong.wang@gm.com Source only |Dilated ResNet-26| 42.7 26.3 517 55 6.8 13.8 23.6 6.9 755 115 36.8 493 09 467 34 50 00 50 1.4 |2L7
CyCADA 79.1 33.1 77.9 23.4 17.3 32.1 33.3 31.8 81.5 26.7 69.0 62.8 14.7 745 20.9 25.6 6.9 188 20.4|39.5
Source only ResNet-50 | 64.5 24.9 73.7 148 25 180 159 0 749 164 720 423 00 395 86 134 00 00 0.0 253
o - - : c e ADR 87.8 15.6 77.4 20.6 9.7 19.0 19.9 7.7 82.0 31.5 743 435 9.0 77.8 175 27.7 1.8 9.7 0.0 |33.3
The PrOblem Of DOma|n Gap PrEIlmlnarles and DEﬁﬂIl‘IOnS Source only DenseNet | 67.3 23.1 69.4 13.9 144 21.6 19.2 12.4 787 245 748 493 3.7 541 87 53 26 62 1.9 ]29.0
121 Adapt 85.8 37.5 80.2 23.3 16.1 23.0 145 9.8 792 36.5 76.4 534 7.4 828 191 157 2.8 134 1.7|35.7
| N N N S === e e e e meeeemmeeeemmeeemmeemee—emmme——e----- | Souhﬁ Eﬂly DeepLab-v2 | 75.8 16.8 ;’7.2 12.2 21.0 25.5 30.1 20.1 81.3 24.6 ;o.s 53.8 23.4 ig.g 17.2 25'?1 6.5 253 36.0] 36.6
| T . . . . : Traiini . . . | 86.5 36.0 79.9 23.4 23.3 23.9 352 14.8 83.4 33.3 75.6 58.5 27.6 73.7 325 354 3.9 30.1 28.1|424
| : Fine t;‘n;ng for Superwsed Domam Adaptatlon ! : Self Trammg for Unsuper\"SEd Domam Adaptatlon : Source only | FCN8s-VGG16 | 64.0 22.1 68.6 13.3 87 19.9 155 59 749 134 37.0 37.7 10.3 482 6.1 12 1.8 10.8 2.9 | 24.3
: ! ! ST 83.8 17.4 72.1 14.3 2.9 165 160 6.8 81.4 242 472 40.7 7.6 71.7 102 7.6 05 11.1 0.9 |28.1
! ' min Lg(w) :—> > Vs, log(pn(w, L) TTyfn log(pn(w, 1)) | ' min Ly (w YTYSTR log(pn(w, 1) TTyZn log(pn (W, 1)) | CBST 66.7 26.8 73.7 14.8 9.5 28.3 259 10.1 755 15.7 51.6 47.2 6.2 71.9 3.7 22 54 189 32.4/|30.9
| o s—1n=1 =1 n—=1 N W,y s=1 n=1 =1 n—1 ! CBST-SP 90.4 50.8 72.0 18.3 9.5 27.2 28.6 14.1 824 25.1 70.8 42.6 14.5 769 59 125 1.2 140 28.636.1
| I N . . \ _
|| e 1 s oo e e s bt et 3 it tbetvetor | 56500 € 6] € vt 1l R R e A
| | w: network parameters s: source image index ¢: target image index ' I where: y: pseudo label vector e'”: one-hot vector | 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 27.9 782 24.5 49.6 17.7 25.5 45.1|45.2
: LT T CL T | CBST-SP 88.0 56.2 77.0 27.4 22.4 40.7 47.3 40.9 824 21.6 60.3 50.2 20.4 83.8 35.0 51.0 15.2 20.6 37.0| 46.2
! CBST-SP+MST 89.6 58.9 78.5 33.0 22.3 41.4 48.2 39.2 83.6 24.3 65.4 49.3 20.2 83.3 39.0 48.6 12.5 20.3 35.3|47.0
I
|

The Vanilla Self-Training (ST) Framework

Unsu pE rvised Domain Ada ptatiOn The Class-Balanced Self-Training (CBST) Framework
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Source Domain st.Vin € {{e(i)|e(i) = RC} U0}, Vv, n S.t. Yin = [yi?,z,. jg),g?} = {{e(i)|e(i) = RC} U0}, Vi, n

k>0 k. > 0,Vc

Again using mixed integer programming, one obtains the following solution:
Pn(c|w, 1¢)/ exp(—ke)

The cost can be minimized via mixed integer programming, which leads to the following solution:
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o el - Experiment: SYNTHIA —> Cityscapes
. I 1, if ¢ = arg max k) | i - i
Lt = arg inaxpn(c|w,1t), : w ‘ NGO (c|w CI ) ST : i ; iw ‘ Method Base Net Road SW Build Wall* Fence* Pole* TL TS Veg. Sky PR Rider Car Bus Motor Bike | mloU|mloU*
o = pulclw. L) > exp(—k) ! . & ) Yem = 1 L (_}fg > 1 ] i ) ) Source only|Dilation-Frontend| 6.4 17.7 29.7 1.2 0.0 151 0.0 7.2 30.3 66.8 51.1 1.5 47.3 3.9 0.1 0.0 | 17.4| 20.2
0 otheruice L threshold P L i tthresho.d FCN wild 115 19.6 30.8 44 0.0 203 0.1 11.7 423 68.7 51.2 3.8 54.0 32 02 0.6 |20.2| 22.1
| ! 0, otherwise . ; i > 17 Source only| FCN8s-VGG16 | 5.6 11.2 59.6 8.0 0.5 21.5 80 5.3 724 75.6 35.1 9.0 23.6 45 0.5 18.0]22.0 | 27.6
Tar | ! | | Curr. DA 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
[arget Domain | Truck | Truck | |
Train : | ini Source only| FCN8s-VGG16 | 24.1 19.1 68.5 0.9 0.3 164 5.7 10.8 75.2 76.3 43.2 15.2 26.7 15.0 5.9 &85 |25.7| 30.3
- | | ] i GAN DA 79.1 31.1 77.1 3.0 0.2 228 6.6 152 77.4 789 47.0 14.8 67.5 16.3 6.9 13.0| 34.8 | 40.8
: : , Source only| DeepLab-v2 5.6 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 84.3 42.7 T7.5 — — — 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 9.1 71.8 783 37.6 4.7 422 90 0.1 09| 226 | 26.2
. . ST 0.2 14.5 53.8 1.6 0.0 189 09 7.8 72.2 80.3 48.1 6.3 67.7 4.7 0.2 4.5 |23.9 | 27.8
a nd Spatlal PrIOrS 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|354 | 36.1
Source only ResNet-38 32.6 21.5 46.5 4.8 0.1 265 14.8 13.1 70.8 60.3 56.6 3.5 74.1 204 89 13.1|29.2 | 33.6
PrO Osed Ite rative Fra mEWOrk _____________________________________________________ S | ST 38.2 19.6 70.2 3.9 0.0 31.9 17.6 17.2 824 68.3 63.1 5.3 784 11.2 08 7.5 |32.2 | 36.9
p Self_Paced Learning Policy Design |nC0rp0raﬁng Spatial PriorS (CBST'SP) CBST 53.6 23.7 75.0 12.5 0.3 36.4 23.5 26.3 84.8 74.7 67.2 17.5 84.5 284 15.2 55.8/42.5| 48.4
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ORIl N fence "pole’ traffic et traffic sen 1 The both kand k. in ST and CBST can be easily determined with a single SPL policy parameter p: : l road sidewalk building wall fence : ) :
person rider car truck train motorcycle bike I L | EX . Clt Sca eS - > N H 2 I
| — | i [ i o I l J I
I | I [ I I
: | Proby Nyow: I | I City Method Road SW Build TL TS Veg. Sky PR Rider Car Bus Motor Bike|Mean |
! I Notal ! T traffic light traffic sign vegetat'on terrain : Src Dilated Front| 77.7 21.9 83.5 0.1 10.7 78.9 88.1 21.6 10.0 67.2 30.4 6.1 0.6 |38.2 |
: | | \ \ - — : GCAA 79.5 29.3 84.5 0.0 22.2 80.6 82.8 29.5 13.0 71.7 37.5 25.9 1.0 [42.9 |
, | — ;| : Rome| DeepLab-v2 |83.9 34.3 87.7 13.0 41.9 84.6 925 37.7 22.4 80.8 38.1 39.1 53 |50.9 |
! l P X Nrota | MAA 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
. |
: | i Nrotar: total number of pixels from all images : I : Src Resnet-38 | 86.0 21.4 81.5 14.3 47.4 82.9 59.8 30.8 20.9 83.1 20.2 40.0 5.6 | 45.7 i
| l | » € [0.1]: SPL policy (portion of pseudo labels) - rerson Fider | ST 85.9 20.2 84.3 15.0 46.4 84.9 73.5 48.5 21.6 846 17.6 462 6.7 489
A ! | - : 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
e : | I | Src Dilated Front| 69.0 31.8 77.0 4.7 3.7 71.8 80.8 382 8.0 61.2 389 115 3.4 [385
T——— W =———— | L I GCAA 742 439 790 24 7.5 77.8 695 39.3 103 67.9 41.2 27.9 109|425
A REeA=T Sy N (Cityscapes) : I I Rio | DeepLab-v2 |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 e e re nce
/ " : : L ' S b | | MAA 76.2 44.7 84.6 9.3 25.5 81.8 87.3 55.3 32.7 74.3 28.9 43.0 27.6| 51.6 :
rain motorcycie ICycCie
arge_t | | I | Y Y I Src 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 |45.4 [1] Wu et al., Wider or deeper: Revisiting the resnet model for visual recognition,
Domain ! : I | 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 Xiv 2016. (ResNet.38
, l l 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 l aralv (ResNet-38) S _ .
| ' | I Src Dilated Front| 81.2 26.7 71.7 8.7 5.6 73.2 75.7 39.3 14.9 57.6 19.0 1.6 33.8/39.2 | [2] Chen et al., No more discrimination: Cross city adaptation of road scene seg-
W (GTA’? : : ! : ! GCAA 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 I menters, ICCV 2017. (GCAA)
i ! | | Tokyo| DeepLab-v2 |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| 42.8
| I - yoN o | MAA 01 & DEi T e e Eo oo B MR T As SUE ECElAGs [3] Tsai et al., Learning to adapt structured output space for semantic segmentation,
: ! - ) - (e) ()1 Src 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 | CVPR 2015, (MAA)
Predictions (Gityscapes) | ' ;1 minLgp(w,y) = — ;J ;J Ysn log(pn(w,1))— ) ) [yt ~log(qn(c)pn(clw, It)) + k.y, ,,,J | ST 83.1 27.7 74.8 7.1 29.4 84.4 48.5 57.2 23.3 73.3 3.3 22.7 458|44.6 | [4]Zhang et al., Curriculum domain adaptation for segmentation of urban scenes,
' | | [ W,y o1 ne1 —1 1 c—1 | CBST 85.2 33.6 80.4 8.3 31.1 83.9 78.2 53.2 28.9 72.7 4.4 27.0 47.0| 48.8 | ICCV 2017. (Curr. DA)
| - 5 - T : Ste Dilated Front[77.2 20.9 76.0 5.9 43 60.3 81.4 10.9 11.0 549 326 153 5.2 351 | o oo a1 EONs in wild: Pixel-level adversarial and constrained adaptation
" " _ N . I - I N.: total number of pixels predicted as cl I st. v, €E4lelec RYLUOL VE, n GCAA 78.6 28.6 80.0 13.1 7.6 68.2 82.1 16.8 9.4 60.4 34.0 265 9.9 [39.6 | ' ) ’
Proposed iterative self-training framework. Left: algorithm work | otal mumber o pixels predicted as class | Yin € 11€] }UO0;, Vt, | Tnipei|Deoplabva 756 256 800 131 76 652 S21 168 0.4 604 340 265 0.9 306 | arXiv 2017. (FCNWild)
. . . | p € [0, 1] SPL policy (portion of pseudo labels) I k. > 0,Vc MAA 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 | [6] CyCADA: Cycle-consistent adversarial domain adaptation, ICML 2018. (CyCADA)
flow. Right: results on Cityscapes before and after adaptation. . e L i Src Resnel-38 |89 6.0 §0.1 83 28.0 739 544 189 268 716 260 482 147|432 | [7) saito et al., Adversarial dropout regularization. ICLR 2015, (ADR)
b S L ' ST 83.1 23.5 78.2 9.6 254 74.8 35.9 33.2 27.3 75.2 32.3 52.2 288|446 | " . i A
_____________________________________________________ | e e e e e e e e e e e e e e e e e e o ] 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 I [8] Murez et al., Image to Image Translation for Domain Adaptation. (121 Adapt)



