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Problem definition: Generalized Category Discovery
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Problem definition: NCD & GCD
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Fine-grained category discovery

e contain categories from the same
entry level classes, e.g., birds, cars,
aircrafts, and pets

e the large inter-class similarity and
the intra-class variance
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Self-supervised representation

Cluster the data based on class irrelevant cues such as the object
pose or the background

DINO w/o our fine-tuning

[1] Sagar Vaze, Kai Han, Andrea Vedaldi, and Andrew Zisserman. Generalized category discovery. CVPR 2022



Method Overview
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Preliminary: Contrastive learning

e unsupervised contrastive learning on all the data

e supervised contrastive learning on the labeled data




Dataset partitioning

Training Data

e features extacted by ViT-B




Dataset partitioning
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Dataset partitioning
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Learning discriminative representations

e project features
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Learning discriminative representations

e project features
e apply contrastive loss [1]
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Learning discriminative representations

e project features
e apply contrastive loss [1]

e the optimization objective
Looarse=(1—1) Y Li+A ) L

i€EByUB, i€B,

\ Leine = (1 —24)Lpe ‘l‘)'ﬁfine

L= Ecoarse T aﬁﬁne

[1] Sagar Vaze, Kai Han, Andrea Vedaldi, and Andrew
Zisserman. Generalized category discovery. CVPR 2022

Projection Heads

LCO&[’SG

Lfine



Experiments

e Datasets: generic image classification datasets + fine-grained datasets
e Evaluation metric: clustering accuracy (ACC) on the unlabeled set
o All: the entire unlabeled set
o Old: instances in unlabeled set belonging to classes in labeled set
o New: instances in unlabeled set belonging to classes not in labeled set

Table 1: Our dataset splits in the experiments.

Dataset CIFAR10 CIFAR100 ImageNet-100 CUB-200 SCars  Aircraft Pet
Labelleq  Classes 5 80 50 100 98 50 19
N Images  12.5k 20k 31.9k 1498 2000 1666 942
Classes 10 100 100 200 196 100 37

Unlabelled

Images 3.2k 30k 953k 4496 6144 5001 2738




Experiments: generic datasets

Table 2: Results on generic datasets.

CIFAR10 CIFAR100 ImageNet-100
Method All Old New All Old New All Old New
k-means [18] 83.6 85.7 825 520 522 508 727 755 713
RankStats+ 468 192 605 582 776 193 371 616 248
UNO+ 686 983 538 695 806 472 703 950 579
GCD [24] 915 979 882 730 762 665 741 89.8 663
XCon 9.0 973 954 742 812 603 77.6 935 69.7




Experiments: fine-grained datasets

Table 3: Results on fine-grained datasets.

CUB-200 Stanford-Cars FGVC-Aircraft Oxford-Pet
Method All Old New All Old New All Old New All Old New
k-means [18] 343 389 32.1 12.8 106 13.8 160 144 168 77.1 70.1 80.7
RankStats+ 333 516 242 283 618 12.1 269 364 222 - - -
UNO+ 35,1 490 281 355 705 186 403 564 322 - - -
GCD [24] 513 56.6 487 390 576 299 450 41.1 469 80.2 851 177.6
XCon 521 543 510 405 588 317 477 444 494 86.7 915 84.1




Experiments: ablation study

Table 4: Ablation study of fine-grained loss and coarse-grained loss.

CUB-200 Stanford-Cars
Cﬁne Lecoarse
Al Old New All Old New
v 480 505 468 213 306 168
v 499 534 482 371 579 270
v v 51.8 538 508 41.0 591 322
Table 5: Ablation study on the weight o of loss. & = 0 is the baseline(Vaze et al. [24]). Tahlz6: Ablarion stidy enithe mumber. K G splik sub-groups:
. CUB-200 Stanford-Cars K CUB-200 Stanford-Cars
Al Old New All Old New Al Old New All Old New
0 499 534 482 371 579 270 I 499 534 482 37.1 579 270
2 514 593 474 409 61.0 31.1
0.1 518 538 508 410 59.1 322
4 517 546 502 39.8 553 323
02 516 545 502 424 63.0 324
04 534 586 509 411 612 314 6 503 519 495 421 60.7 331
. . . . ’ ’ ’ 8 518 538 508 410 59.1 322




Experiments
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Summary

e \We address the problem of generalized category discovery.

e We observed that self-supervised representations can group the data based on class
irrelevant cues.

e A method that can learn discriminative features for fine-grained category discovery by
partitioning the data into k sub-datasets is proposed.

e A new state-of-the-art performance on seven tested generalized category discovery

benchmarks.



Our code is available on GitHub BMVC
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https://github.com/YiXXin/XCon

Thanks for listening!
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