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Introduction CVPR« .

[## #]\ 1 Q An impractical assumption in

existing works:
novel data is class-balanced.

We propose
Distribution-
agnostic NCD,
Unlabeled data (balanced) Novel class 1  Novel class 2 allowing novel data
5 : drawn from arbitrary
unknown class
distributions

Unlabeled data (balanced) Novel class 1 Novel class 2

U The dilemma: class distribution
prior is necessary for accurate
pseudo-label generation yet is

Unlabeled data (imbalanced) Novel class 1 Novel class 2 unknown in our Settmg-
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Approach: overview CVPR<

1 We propose Bootstrap Your Own Prior (BYOP) for distribution-agnostic
NCD, i.e., to iteratively estimate the class distribution prior using the model
pred|ct|on |tse|f .............................................................................................................

" (a) Clustering with Class Prior (b) Class Distribution Predlctlon
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Experiments: visualizations CVPR

U Left: t-SNE visualizations; right: estimated prior vs. true prior
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Novel Class Discovery (NCD) CVPR«

d NCD: Clustering unlabeled data according to semantic classes using
the knowledge learned from labeled data
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[1] Novel Class Discovery: an Introduction and Key Concepts, 2023 5
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Introduction CVPR il

ADA

1 Existing works often hold a common assumption: unlabeled data has
a uniform class distribution.

ey

Labeled base data “dog” Model Labeled base data “cat”

"

Unlabeled data (balanced) Novel class 1 Novel class 2
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Introduction JéNVIZSm !agé

VANCOUVER, CANADA

1 Existing works often hold a common assumption: unlabeled data has
a uniform class distribution. But why?

[##n‘}\ /[ |

Labeled base data “dog” Labeled base data “cat”

[ﬁﬁﬁx Model

Unlabeled data (balanced) Novel class 1 Novel class 2

v" When ambiguity presents, one can rely on the uniform clustering prior
according to the uniform class distribution assumption
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Introduction CVP

1 However, unlabeled data can hardly be balanced in the real world.

[rmw‘]\ /[ |

Labeled base data “dog” Labeled base data “cat”

f oo
dadas

Unlabeled data (imbalanced) Novel class 1 Novel class 2

» A chicken-egg problem: prior is necessary, but is unknown
(Distribution-agnostic NCD)

Bootstrap Your Own Prior: Towards Distribution-Agnostic Novel Class Discovery 8



JUNE 18-22, 2023 F3 EE

Approach: overview CVPR4

1 We propose Bootstrap Your Own Prior (BYOP) for distribution-agnostic
NCD, i.e., to iteratively estimate the class distribution prior using the model
pred|ct|on |tse|f .............................................................................................................

" (a) Clustering with Class Prior (b) Class Distribution Predlctlon
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Approach: (1) clustering with class prior cvp

VANCOUVER CANADA

[ Clustering the unlabeled data using the current class prior

Clustering: assigning image features An optimal transport (OT) problem
X to classfier weights W

Classifier W <:> <:> <:> 1 C™: # of novel classes; B: # of novel samples in a batch
Y is optimized by
Pseudo-labels Y W max tr(Y'TWTX)
n 1
I: T:{YERg XB|Y].B :p,YTlcn:—lB}
Features X N B

Current class prior (updated in step (3))

Solved by the Sinkhorn-Knopp algorithm
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Approach: (2) class distribution prediction CVpRﬁ...m.j,L'»%

VANCOUVER, CANADA

[ Training a classifier using (pseudo-)labels for base/novel data

Ambiguity in the pseudo-labels - ambiguous prediction for novel samples -
Inaccurate prior estimation - ...

A Prediction w/ T Pseudo-label Prediction w/ 7'
CE loss: L(xz,y) = E yelog(de), & =a(q/T)
\/
softmax (@) [0.8 |0.1]0.1 09 01| 0 0.73(0.14(0.13
dynamic T VWhen PLis less- > loss=0.43 < > loss'=0.48 <
temperature: 7 =7/p, p=max (c(qg/7)) ambiguous: | ' '
encourage
- 504 |0.1 9 | 0.1 42(0.38(0.2
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. loss=0.72 ’ \—)loss =0.87<—J
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300 00 NN 00| g3 °° | \When PLis (¢ |0-8]0.1 0.1 0.4 03|03 0.73(0.14(0.13
'\4- 001 000 001 0.00 H4- . 001 0.1 ambiguous: N loss=1.46 < \—>10$s'=1.30<—J
preventing
541 0.00 0.00 0.01 0.01 {1 0.00 0.01 0.02 H
—— - - learning (d) | 05|04 | 0.1 0.4 03|03 0.42(0.380.20
Predicted label Predicted label
(a) BYOP w/ T (b) BYOP w/ 7-’ loss=1.24 <~ k—)loss'=1 11<—J
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Approach: (3) class prior estimation CVP

1 Estimating the class prior based on the model prediction

First-in-first-out queue: K = {q¥,...,q%}
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Approach: overview
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(a) Clustering with Class Prior (b) Class Distribution Predlctlon
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Experiments: datasets CVPRA

1 Each dataset is split into base subset and novel subset; each subset
IS again split into training data and testing data

Subset — Base Novel

Dataset | Images Classes Images Classes
CIFAR10 25K 5 25K 5
CIFAR100-20 40K 80 10K 20
CIFAR100-50 25K 50 25K 50
Tiny-ImageNet 50K 100 50K 100

A For distribution-agnostic NCD, training data is imbalanced (controlled
by imbalance ratio); testing data is balanced

Bootstrap Your Own Prior: Towards Distribution-Agnostic Novel Class Discovery 14
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Experiments: evaluation metrics CVPR: Iﬁsﬂﬁ

4 For distribution-agnostic NCD, training data is imbalanced (controlled
by imbalance ratio); testing data is balanced

 Metric 1: traditional protocol
» Clustering acc on training data of novel subset

 Metric 2: task-aware protocol

» Classification acc on testing data of base subset
» Clustering acc on testing data of novel subset

1 Metric 3: task-agnostic protocol (Generalized NCD)

» Classification/clustering acc on {testing data of base subset,

testing data of novel subset}
M

dClustering acc:. AcC = Z 1[y;" = map(y;’)] (Using Hungarian algorithm)



JUNE 18-22, 2023

Experiments: comparison with SOTAs (VPR

gl

VANCOUVER, CA ADA

Dataset — CIFARI1O (imbalance ratio: 100) CIFARI10 (imbalance ratio: 10)
Protocol — Trad. Task-aware Task-agnostic Trad Task-aware Task-agnostic
Method | Nov. Base Nov. All Base Nov. All Nov. Base Nov. All Base Nov. All
RS [12] 463 71.8 432 57.5 - - - 69.7 874 63.6 755 — - -
RS+ [12] 453 644 501 573 644 555 60.0 665 773 633 703 773 623 69.8
NCL [56] 472 71.6 431 574 - - - 62.6 869 569 719 — - -
UNO [11] 439 69.6 522 609 560 556 558 596 88.1 59.1 736 782 58.8 68.5
UNO + BYOP 593 70.1 533 61.7 56.6 56.6 56.6 63.2 88.5 61.7 751 784 61.0 69.7
ComEx [47] 46 70.0 538 619 578 551 56.5 68.1 879 635 757 813 633 723
ComEx + BYOP 57.0 714 545 63.0 593 56.0 57.7 72,1 88.7 655 771 822 654 738
Dataset — CIFAR100-50 (imbalance ratio: 100) CIFAR100-50 (imbalance ratio: 10)
Protocol — Trad. Task-aware Task-agnostic Trad. Task-aware Task-agnostic
Method | Nov. Base Nov. All Base Nov. All Nov. Base Nov. All Base Nov. All
RS [12] 30.7 408 233 321 - - - 274 484 237 36.1 — - —
RS+ [12] 29.6 355 230 293 355 225 29.0 26.0 38,5 234 31.0 385 219 302
NCL [56] 304 399 218 309 - - - 27.8 470 234 352 — - -
UNO [11] 2577 448 213 3311 369 226 29.8 33.7 639 325 482 53.6 308 422
UNO + BYOP 355 454 234 344 373 240 30.7 383 646 349 498 541 33.0 436
ComEx [47] 27.1 459 226 343 395 233 314 343 64.6 326 48.6 577 319 448
ComEx + BYOP 33.1 469 241 355 409 244 327 374 653 335 494 585 32.8 45.7
Bootstrap Your Own Prior: Towards Distribution-Agnostic Novel Class Discovery
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Experiments: comparison with SOTAs (VPRa=&s

 + Logit Adjustment® (post-hoc adjustment using estimated prior)

CIFAR100-50 with imbalance ratio 100 (task-aware)

Subset — Base (test) Novel (test)
Method | Many Med. Few All Many Med. Few All
UNO [11] 785 419 141 448 238 247 154 213

UNO +BYOP 766 442 154 454 336 241 124 234
UNO +BYOP" 763 479 189 477 286 302 129 238

q' = q — 7 log(p)

*Long-Tail Learning via Logit Adjustment, ICLR’21
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Experiments: ablation study CVPRVANCOWERCANADA

1 Estimated prior p, dynamic temperature t

CIFAR100-50 with imbalance ratio 100 (traditional, task-aware)

Subset (split) — Novel (training) Base (test) Novel (test)

Method | Many Med. Few All Many Med. Few All Many Med. Few All
Uniform p 246 339 16.1 25.7 785 419 14.1 448 238 247 154 21.3
Oracle p 32.1 28.1 12.0 30.8 774 434 15.1 453 272 283 129 228
Estimated p 2977 310 146 294 76.1 434 152 449 28.7 234 15.6 22.6
Uniform p + dynamic 7 268 336 157 275 76.5 4377 154 452 27.0 278 125 224
Oracle p + dynamic 7 391 28.7 11.0 36.5 76.6 43,6 16.6 45.6 360 227 11.0 232

Estimated p + dynamic 7 377 28,6 139 355 76.6 442 154 454 33.6 241 124 234
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Experiments: visualization CVPRa=aisiat

U t-SNE visualizations of the 5 novel classes (training data of CIFAR10)
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Experiments: visualization CVPRa=EES

 Estimated prior vs. true prior
CIFAR100-50 with imbalance ratio 100
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d Code: https://github.com/muliyangm/BYOP
1 Thank you for listening!
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