A Different self-supervised representations

The self-supervised representation provides us the information to partition the training
data into k expert sub-datasets, so we analyze the performance of our method by fine-tuning
different pretrained representations of other self-supervised ViT models, i.e. MoCo v3 [2]
and MAE [4]. We initialize the ViT-B-16 model [3] with the parameters pretrained on
ImageNet-1k by MoCo v3 for 300 epochs and by MAE for 800 epochs respectively. The
result in Table 1 shows that with the self-supervised representation of DINO [1], our method
performs 7.3 — 20.7% better than the other two on CUB-200 and 1.8 —22.4% better on
Stanford-Cars. We observe that DINO still shows the best performance on clustering the
data based on class-irrelevant informations.

Table 1: Results with different self-supervised representations.

self-supervised CUB-200 Stanford-Cars
Vimodel Al 0Old New Al Old New
DINO 51.8 538 508 410 591 322
MoCo v3 37.6 428 351 247 367 189
MAE 355 465 301 387 560 304

B Estimating the number of classes

As a more realistic scenario, the prior knowledge of the number of classes is unknown
in the GCD. We follow the method in [5] to estimate the number of classes in the unlabeled
dataset by leveraging the information of the labeled dataset. We compare our estimated
number of classes in unlabeled data |é " | with the ground truth number of classes in unlabeled
data |C*| in Table 2. We find that on Stanford-Cars and FGVC-Aircraft, the number of classes
estimated by our method is significantly closer to the ground truth compared with GCD [5].
Our method tends to show better performance on fine-grained datasets, given that the dataset
partitioning can help the model learn more discriminative features when facing the more
challenging datasets that have little obvious difference.

Table 2: Estimation of the number of classes in unlabeled data.
CIFAR10 CIFAR100 ImageNet-100 CUB-200  Stanford-Cars FGVC-Aircraft — Oxford-Pet

Ground truth 10 100 100 200 196 100 37
GCD [5] 9 100 109 231 230 80 34
XCon 8 97 109 236 206 101 34

C Performance with estimated class number

We use the class number estimated in Table 2 to evaluate our method, displaying the
performance of our method when the unlabeled class number is unavailable. We report the
results on generic image classification benchmarks in Table 3 and the results on fine-grained
image classification benchmarks in Table 4. With our estimated class number |é“| our
method performs better on Stanford-Cars and also reaches comparable results on the other
five datasets except CIFAR10, which shows that our method is also promising under the
more realistic condition.

D Ablation on contrastive fine-tuning

We further ablate the components of contrastive loss in Table 5. We find that only with
unsupervised contrastive loss, i.e. A =0, the ACC drops 21.5 — 23.6% on CUB-200 and
22.2 —46.6% on Stanford-Cars, which means the combination of supervised contrastive loss
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Table 3: Results on generic datasets with our estimated class number.

CIFARI10 CIFAR100 ImageNet-100
known C"
All Old New All Old New All Old New
v 960 973 954 742 812 603 77.6 935 69.7
X 70.1 974 565 725 803 568 756 91.5 676

Table 4: Results on fine-grained datasets with our estimated class number.

u CUB-200 Stanford-Cars FGVC-Aircraft Oxford-Pet
known C
All Old  New All Old  New All Old  New All Old  New
v 521 543 510 405 588 317 477 444 494 867 915 84.1
X 51.0 578 476 413 588 328 46.1 476 453 821 81.7 824

and unsupervised contrastive loss with the balanced parmeter A = 0.35 is necessary and can
reach the best performance.

Table 5: Ablation study of contrastive loss.
CUB-200 Stanford-Cars
All Old New Al Old New

0 29.6 302 293 108 125 10.0
035 51.8 538 508 41.0 591 322
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