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Zeiler-Fergus, Visualizing and understanding convolutional networks, arxiv2014
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Richter+, Enhancing photorealism enhancement, arXiv2021
Rendered images from GTA V , Enhancement by our method (trained to mimic Cityscapes)
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Tzeng+, Adversarial Discriminative Domain Adaptation, CVPR2017
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Wang, Liu, Suganuma, Okatani, Cross-Region Domain Adaptation for Class-level Alignment, arXiv 2021

Cross Domain Adaptation (CDA)
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Cross Region Adaptation (CRA)
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Wang, Liu, Suganuma, Okatani, Cross-Region Domain Adaptation for Class-level Alignment, arXiv 2021
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Wang, Liu, Suganuma, Okatani, Cross-Region Domain Adaptation for Class-level Alignment, arXiv 2021

CIEER TERFE AHESEE REFE GT
(FADA)

Method Base CDA | +CRA | A

AdaptSegNet (Tsai et al. 2018) 42.4 43.4 +1.0
ADVENT (Vu et al. 2019a) 43.8 46.7 | 429
FADA (Wang et al. 2020) 50.1 522 | +2.1
IAST (Mei et al. 2020) 522 541 | +1.9
ProDA (Zhang et al. 2021) 575 | (58.6)| +1.1

19
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Wang, Suganuma, Okatani, Improved Few-shot Segmentation by Redefinition of the Roles of Multi-level CNN Features, arXiv 2021
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Zeiler-Fergus, Visualizing and understanding convolutional networks, arxiv2014
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Wang, Suganuma, Okatani, Improved Few-shot Segmentation by Redefinition of the Roles of Multi-level CNN Features, arXiv 2021

PASCAL-5' COCO0-20"

PACI=E

Table 2: Comparison with state-of-the-art methods under 1-shot and 5-shot settings on COCO-20°. mIoU values for each test
split and the averaged mloU values (termed as mean) for four test splits are shown.

1-shot 5-shot
SO S1 S2 S3 | Mean | SO S1 S2 S3 | mean

FWB (Nguyen and Todorovic 2019) | VGG | 184 16.7 19.6 254 | 200 | 209 192 219 284 | 226

Methods BB.

PANet (Wang et al. 2019) VGG - - - - 20.9 - - - - 29.7

PFENet (Tian et al. 2020) VGG | 334 360 34.1 328 - 392 47.1 415 404

Ours VGG | 34.6 36.6 359 35.0 (355 > 40.3 48.0 44.0 43.0 ((43.8 >

RePRI (Boudiaf et al. 2021) RES | 31.2 38.1 333 330 | 3#0 | 385 462 400 436 | *>T

ASGNet (Li et al. 2021) RES | 349 369 343 32.1 | 346 | 41.0 483 40.1 405 | 425

PFENet (Tian et al. 2020) RES | 357 414 389 354 : 38.6 4777 452 403

Ours RES | 375 414 40.0 38.1 ((39.3)| 42.2 499 473 463 |(464 24
paa— paa—
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Contrastive Predictive Coding [van den Oord-Li-Vinyals arXiv18]
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BERT ; o BERT
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(=G0 G- 62
Masked Sentence A > Masked Sentence B Question P Paragraph
K Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning

BERT: Pre-training of Deep Bidirectional Transformers for Language
Understanding [Devlin+18]
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(h) Gaussian noise (i) Gaussian blur (j) Sobel filtering

(f) Rotate {90°,180°,270°} (g) Cutout

SimCLR [Chen+20] 27
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VTAB(Visual Task Adaptation Benchmark) [zhai+2019]
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Data
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Category Dataset Train size Classes Reference

o Natural Caltech101 3,060 102 (Lietal., 2006)

e Natural CIFAR-100 50,000 100  (Krizhevsky, 2009)

o Natural DTD 3,760 47 (Cimpoi et al., 2014)

o Natural Flowers102 2,040 102  (Nilsback & Zisserman, 2008)
® Natural Pets 3,680 37 (Parkhietal., 2012)

o Natural Sun397 87,003 397 (Xiaoetal., 2010)

o Natural SVHN 73,257 10 (Netzeretal., 2011)

o Specialized EuroSAT 21,600 10  (Helber et al., 2019)

o Specialized Resisc45 25,200 45 (Chengetal., 2017)

o Specialized Patch Camelyon 294,912 2 (Veeling et al., 2018)

e Specialized Retinopathy 46,032 5 (Kaggle & EyePacs, 2015)
o Structured  Clevr/count 70,000 8 (Johnson et al., 2017)

o Structured  Clevr/distance 70,000 6 (Johnson et al., 2017)

e Structured  dSprites/location 663,552 16 (Matthey et al., 2017)

o Structured  dSprites/orientation 663,552 16 (Matthey et al., 2017)

o Structured ~ SmalINORB/azimuth 36,450 18 (LeCunetal., 2004)

o Structured SmalINORB/elevation 36,450 9 (LeCunetal., 2004)

e Structured  DMLab 88,178 6 (Beattie et al., 2016)

o Structured  KITTI/distance 5,711 4 (Geigeretal., 2013)
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