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LT and DS have not yet been investigated together.
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We estimate the empirical loss on the testing domain under LT-DS problem.
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Tackling Long-Tailed Category Distribution Under Domain Shifts

Xiao Gu', Yao Guo?, Zeju Li', Jianing Qiu', Qi Dou?, Yuxuan Liu2, Benny Lo", Guang-Zhong Yang?'

2 Shanghai Jiao Tong University

Methodologies

How to Estimate the Loss Across Different Category Distributions?
Align loss from different domains to a unified balanced distribution=
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How to Achieve Unbiased Visual Representation? \
Applying semantic feature to learn unbiased representations
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 Extract semantic embeddings based
on class descriptors or word

A embeddings.

+ Online build class-wise domain-wise
feature prototypes.

+ Perform mutual visual-semantic

5 = alignment.

Visual-Semantic Alignment

3 The Chinese University of Hong Kong
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Experimental Results

How to Augment the Feature Representation of Tail Classes?
Augment the diversity of tail cl by head cl o

* Select top-K most
similar classes

» Weighted update
the class-wise
feature covariance

Sime = {slsili =1,2,&...,C);
ke = {ilsIsi € topk(Sim.)},
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Semantic-Similarity Guided Augrr;ér;tation

And? Simulate Domain Shifts During Training Model T

Meta-Train

Model T'

Meta-Test

Model T+1
Meta Learning Framework

a Ren et al., Balanced Meta Softmax, NeurlPS 2020.

Original Hayao Shinkai ‘Vangogh Ukiyoe
Method Acc-U Ace H Acc-U Acc H Acc-U Acc H Acc-U Ace H  Acc-U Acc H
Agg 294 270 345 204 299 362 30.8 335 386 27.1 342 410 255 342 386
cRT([14] 30.4 29.1 348 235 336 389 347 358 39.6 28.6 358 430 284 36.7 357
& BSCE[27] 41.8 359 41.7 247 361 41.7 30.2 358 40.7 29.0 37.7 432 259 336 351
= Equal[31] 341 329 366 243 3853 427 335 362 405 288 358 424 27.3 347 34.0
Remix|3] 32.7 303 359 169 30.7 333 276 320 375 269 318 412 265 320 349
Epi-FCR[16] 34.0 331 405 233 340 40.6 29.7 355 39.1 27.5 36.1 420 27.0 357 380
MixStyle[44] 36.7 340 41.2 271 362 41.7 32.0 362 406 284 36.0 419 288 362 383
¥ CuMix[22] 36.1 338 386 247 353 41.0 302 351 414 282 351 409 265 347 34.6
A DAML[29] 139 107 162 147 225 298 17.3 249 304 143 195 256 229 289 36.0

DAML[29]-Warmup 42.2 353 42.5 257 352 39.5 312 368 44.0 294 375 453 286 36.0 41.4

MixStyle+BSCE 40.0 368 41.8 28.8 39.7 43.5 324 383 442 308 382 433 208 389 393
Epi-FCR+BSCE 413 369 420 240 359 41.2 320 39.2 425 301 385 41.7 266 359 38.7

Ours 49.4 42.1 45.8 29.8 42.4 46.3 343 42.6 45.3 32.7 40.3 46.3 32.9 42.4 39.3
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(a) Agg

b Wang et al., Implicit Augmentation, NeurlPS 2019.

¢ CycleGAN and Cartoon GAN.




