How Re-sampling Helps for Long-Tail Learning?
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® First, trains a preliminary model using the uniform sampler

® Second, fixes the representations and re-trains the linear
classifier using a class-balanced sampler

[1] Bbn: Bilateral-branch network with cumulative learning for long-tailed visual recognition
[2] Decoupling representation and classifier for long-tailed recognition

q=1: uniform sampling

q=0: class-balanced re-sampling



Introduce

Table 1: Test accuracy (%) of CE with uniform sampling, classifier re-training (cRT). and class-

balanced re-sampling (CB-RS) on four long-tail benchmarks. We report the accuracy in terms of all,
many-shot, medium-shot, and few-shot classes.

MNIST-LT
All Many Med. Few

658 991 899 00
825 96.6 894 5838
90.8 937 944 771.7

Fashion-LT
All Many Med. Few

45.6 947 431 00
603 771 614 42.1
805 Bo6 743 H2B

CIFARI100-LT
All Many Med. Few

39.1 658 368 B8
41.6 630 404 16.5
34.1 595 311 62

ImageNet-LT
All Many Med. Few

35.0 57.7 265 4.7
41.9 529 392 23.6
37.6 47.5 365 16.7

CE
cRT
CB-RS

highly semantically related to labels complex contexts

Tramning Set Test Set

Training Set Test Set

tail-classes

tail-classes

(a) Uniform sampling. (b) Class-balanced re-sampling.

Figure 2: Visualization of learned representation of training and test set on MNIST-LT. Using class-
balanced re-sampling yields more discriminative and balanced representations.

cRT: uses uniform sampling to learn the

representation and class-balanced resampling
to fine-tune the classifier.

CB-RS: class-balanced re-sampling for the
whole training process.

' re-sampling is sensitive to the
contexts in training samples
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Figure 3: Visualization of features with Grad-CAM [17] on CIFAR100-LT. Uniform sampling mainly
learns label-relevant features, while re-sampling overfits the label-irrelevant features.
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Colored MNIST-LT (CMNIST-LT)

® First, head classes are prone to have rich contexts, so we
inject different colors into the samples of each head class

Class Accuracy (%)

Figure 4: Comparison of Uniform sampling, cRT, and CB-RS on MNIST-LT and CMNIST-LT.

Second, tail classes have limited contexts, so we inject an
identical color into the samples of each tail class
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(a) Comparison of class accuracy.
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re-sampling does not always fail, it
) can help for long-tail learning if
avoiding the irrelevant contexts.
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Figure 5: An overview of the proposed method.



l Uniform Module

e e e T e LR Algorithm 1 Training procedure of context-shift augmentation
Activation map @ Extracting Rich Contexts

Input: training data D = {(z:, y:) } 1L, context memory bank (J, maximum volume size V'; model
parameters ¢, f*, f"; loss functions £*, %;
Procedure:
I: Initialize model parameters ¢, f*, fb; L

i Masking Context memory bank

Original image  Background image

Loss L*

2: Re-sampling a class-balanced dataset D = {(&:, i)} s

3: Empty memory bank ();
4: forepoch=1,...,7T do

__________________________ e e o e A s S e e i el 5 repeat
6: Draw a mini-batch (z;, y;]fil from D
. . 7 Draw a mini-batch (&;, ;) 2., from D;
ClaSS aCtlvatlon map Cf;%_h/[(:[},‘,r | fu) 8: A uniform module =
9: fori=1,...,Bdo
10: Calculate 2 = f*{¢(x;)) and LY = (2}, 1)
Guided Backpropagation L if ply =y |z, 0, f") = 0 then
Grad-CAM 12: Calculate backgound mask M ; of z;;
— — 13: Push (z;, M ;) into Q;
Guided Backpropagation Feature Maps Activations 14: e.lld i'[
15: end for
16: Calculate £ = & Zil LY;
13 -— 17: H balanced re-sampling module
ﬁé_,, 18: if Size of () reaches V' then
Guided Grad-CAM 19: Obtain contexts (&;, M;)E | from Q;
20: A ~ Uniform(0,1);
21: fori=1,...,Bdo
22: T, =M ; @ ::I!,' +(1—AM;) & x;;
[e] iger cat 23; Calculate 2! = f¥(é(2:)) and L2 = (24, 5);
Grad-CAM 24: end for
- 25: Calculate £* = & Zil £l
26: else
background mask M ; =1 — CAM(z; | f*) 27; Assign £° = 0;
28: end if
29: / total objective function
m u 30: Calculate £ = £* + £b;
Z; = f (mﬁ) 3l Update model parameters ¢, f*. f* with £;

32:  until all training data are traversed.

E? - gu (‘zi 7yi) 33: end for




l Balanced Module

context memory bank Q

Diverse novel samples

~ @ Re-sampling with Augmentation

-

Loss L?

_______________________________________________________________________________

A ~ Uniform(0, 1)

T; =AM; &%+ (1 - AXM,;) ® &;

2! =1"(&)

Ly = (2], %)

overall loss

L=L"+ L= iiﬁf’-Jriiﬁ
Nz':l 1 Na‘zl 1

Algorithm 1 Training procedure of context-shift augmentation

Input: training data D = {(x:, y:) }/L: context memory bank (), maximum volume size 1'; model
parameters ¢, f*, f"; loss functions £*, %;
Procedure:
1: Initialize model parameters ¢, f*, fb; L
2: Re-sampling a class-balanced dataset D = {(&:, i)} s
3: Empty memory bank ();
4: forepoch=1,...,7T do

5 repeat
6 Draw a mini-batch (x;, y;]fil from D;
7: Draw a mini-batch (Z;, ;)2 , from D;
&: A uniform module
9: fori=1,...,Bdo
10: Calculate 2 = f*{¢(x;)) and LY = (2}, 1)
11: if ply=y; | @i, 0. f*) > 6 then
12: Calculate background mask M ; of z;;
13: Push (z;, M ;) into Q;
14: end if
15: end for 5
16: Calculate L% = 3", L¥;
17: / balanced re-sampling module
18: if Size of () reaches V' then
19: Obtain contexts (&;, M;)E | from Q;
20: A ~ Uniform(0,1);
21: fori=1,...,Bdo
22 T;=AM; 0% +(1-AM;) & x;;
23: Calculate z! = f¥(¢(;)) and L2 = (22, 3):
24: end tor
25: Calculate £* = & 2:3:1 £l
26: else
27: Assign LP = 0;
28: end if
29: / total objective function
30: Calculate £ = L* + £
3L Update model parameters ¢, f*. f* with £:

32:  until all training data are traversed.
33: end for
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Table 2: Test accuracy (%) on CIFAR datasets with various imbalanced ratios.

Dataset CIFAR100-LT CIFAR10-LT

Taba'auce Ravg 100 30 10 100 30 10 Table 3: Test accuracy (%) on ImageNet-LT dataset.

CE 383 439 557 | 704 748 864

Focal Loss [31]] 38.4 443 558 70.4 76.7 86.7 ResNet-10 ResNet-50
CB-Focal [[7] 39.6 45.2 58.0 74.6 79.3 87.1 (All) All  Many Med. Few
CE-DRS [15] 416 455 581 756 798 874

CE-DRW [[13] 415 453 581 763 800 876 gE — gﬁ'g 416 640 338 58
LDAM-DRW [I3] 420 466 587 | 770 810 882 ocal Loss [31] 5 - - ' -
RT 423 468 581 | 757 804 883 OLTR [5] 35.6 g . $ .
LWS [6] 423 464 581 | 730 785 877 FSA [28] 35.2 . - : .
BBN [14] 426 470 591 79.8 82.2 88.3 cRT [6] 41.8 473 588 440 26.1
mixup [29] 395 450 580 | 731 7718 811 LWS [6] 414 477 571 452 293
Remix [33] 41.9 - 594 | 754 . 88.2 BBN [14] - 48.3 - - -
M2m [32] 435 - 576 | 79.1 : 87.5 CcMO [27)1 = 49.1 670 423 205
gﬁﬂ%_?ﬂsﬂm j;"; jg‘g 5'-:5 5 ?5_‘4 8 l 4 ] CSA (ours) 427 49.1 625 466 24.1
cRT+mixup [[H] 451 509 621 | 791 842 8938 CSAT (ours) 432 [ 497 636 470 238
LWS-+mixup [34] 44.2 50.7 62.3 76.3 82.6 89.6 ! denotes a longer training of 100 epochs.

CSA (ours) 458 496 613 | 806 843  89.8

CSA + mixup (ours) 46.6 51.9 62.6 82.5 86.0 9.8
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Table 4: Ablation study on the context bank ().

| Al Many Med. Few
Ours | 45.8 64.3 49.7 18.2

412 651 419 107
(-4.6) (+0.8) (-7.8) (-7.5)

Ours w/o ()

Table 5: Influence of the threshold 4.

d | 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

A{:cum{:y|45.4? 4537 4555 4483 4552 4559 4542 4508 4583 4493
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Figure 11: Visualization of features with Grad-CAM on CIFAR100-LT. Our method can alleviate the
negative impact on head-class samples caused by the overfitting problem.
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