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Table 2: Results on generic datasets.
CIFARI10 CIFAR100 ImageNet-100

Method All Old New Al Old New Al Old New

k-means [18] 83.6 85.7 825 520 522 508 727 755 713
RankStats+ 468 192 605 582 776 193 371 61.6 248

Unlabeled Data

¢ Clustering

1 <5
Labeled Data <A ]

UNO+ 686 983 538 695 806 472 703 950 579
9. 2 _ , GCD [24] 915 979 882 73.0 762 665 741 898 663
Cluster the data based on class irrelevant cues such as the object
s XCon 960 97.3 954 742 812 603 776 935 69.7
pose or the background
e Objective: cluster unlabeled images leveraging the information ~ NMethod Rable.5: Restlisondine;gramed datasels.
CUB-200 Stanford-Cars FGVC-Aircraft Oxford-Pet
from seen classes
. .. . . . Method All Old New Al Old New Al Old New Al Old New
e Challenge: large inter-class similarity & intra-class variance U
. . . . Training Data k-means [18] 343 389 321 128 106 138 160 144 168 77.1 70.1 807
e The model aims to learn subtle discriminative cues between — - RankStats+ 333 516 242 283 618 121 269 364 222 - - -
i icti H UNO+ 351 490 281 355 705 186 403 564 322 - - -
Categorles to be able tO dIStlngUISh. GCD [24] 513 566 487 390 576 299 450 411 469 802 851 776
XCon 521 543 510 405 588 317 477 444 494 867 915 84.1
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