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Taxonomy of existing deep long-tailed learning methods!!

r Re-sampling (Sec. 3.1.1)
Class
» Re-balancing 1 Class-sensitive Learning (Sec. 3.1.2)
(Sec. 3.1)

~ Logit Adjustment (Sec. 3.1.3)

Long-tailed )

Learning Augmentation

(Sec. 3.2)

Information { Transfer Learning (Sec. 3.2.1)

Data Augmentation (Sec. 3.2.2)

r Representation Learning (Sec. 3.3.1)

Module Classifier Design (Sec. 3.3.2)
~  Improvement 1
(Sec. 3.3) Decoupled Training (Sec. 3.3.3)

~ Ensemble Learning (Sec. 3.3.4)

[1] Zhang Y, Kang B, Hooi B, et al. Deep long-tailed learning: A survey[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence 2023.


https://arxiv.org/pdf/2110.04596
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Few works have considered the influence of the degree of augmentation of different
classes on class imbalance problems.

Controlling the strength of class-wise augmentation:
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CUDA includes two parts:

(1) a method to generate the augmented samples based on the given strength parameter;

(2) a method to measure a Level-of-Learning (LoL) score for each class.

Data Augmentation with Strength parameterdLs. Train with CUrriculum of Data Augmentation
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Algorithm 1: CUrriculum of Data Augmentation

Algorithm 2: V| . : Update LoL score

Inp

ut: LTR algorithm Aprr(f, D), training dataset
D = {(z4, i)}, train epochs E, aug. probability pyy,,
threshold v, number of sample coefficient 7.

Output: trained model fy
Initialize: L = 0Vc € {1,...,C}

for

end

e < FEdo
Update LE = VioL(De, LE7Y, fo,7,T) Ve // Alg.
Generate Dcupa = {(Zi,yi)|(xi,yi) € D} where

= O(z;, Ly,) with prob. payg
v otherwise.

Run LTR algorithm using Dcypa, i.e., Artr (fo, Dcupa).

Input: D, L, fo,v, T
Output: updated L
Initialize: check = 1
for/ < L do
* Vcorrecl(Dm la .f0~, T) *
Sample D, C D.s.t. |D.| =T(+1)
Compute v = > _;p; L{5(0(zit)=c}
if v <AT(l+ 1) then
| check < 0; break
end

end
ifcheck =1then L <« L +1
else L «+— L —1
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Table 1: Validation accuracy on CIFAR-100-LT dataset. { are from
,2020; Zhu et al.

the original papers

m

et al.

ParN.C

Park et al.
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(2022) and 1, x are from
.2022). Other results are from our implementation.

We format the first and second best results as bold and underline . We report the average results of
three random trials.

Imbalance Ratio (IR)

Statistics (IR 100)

Algorithm 700 50 0 Many  Med Few
CE 38.7:}:0'4 43.4:t0.3 56-5:1:0.6 66.2&0.5 37"3:1:0.6 8.2&0.3
CE + CMO (Park et al.* 2022 42-0i0.4 47.01-_()_5 60.0:1:0‘4 69.1:“),4 41.2_4‘-_0.5 11.3:1:0_7
CE + CUDA 42.7*()_4 47.2;{:0.4 59.6:1:0_4 71.6:1:0_6 42.31()_3 9.4:1:()_7
CE + CMO + CUDA 43.5;{;0,5 48.7;{;0.6 60.010.3 70.0:}:0.7 43.41:0.5 12.7-_{:0_3
CE-DRW (Cao et al.}2019 41.440.2 45.94+06 97.8+06 62.8+0.5 41.7T40.7 16.140.4
CE-DRW + Remix ou et al.12020 45.8 49.5 99.2 . - -
CE-DRW + CUDA 47.T+04 924405 61.6405 | 643404 492406 26.T406
LDAM-DRW (Cao et al. 0]9 42.5:1:0_2 47.410.5 57.610.1 62.81()_5 42.3:&0_5 19-0i0.7
LDAM + Mzm1 43.5 - 57.6 - - -
LDAM-DRW + CUDA 47.6107 511304 584401 | 67.3106 504105 21.4402
BS (Een et al., 2020 43.340.4 46.94+02 58.3+04 61.6408 42.3405 23.04+0.4
BS + ‘ 47.7;};()_3 52.11()_4 61.71:()_5 63.3:};0.4 48.4;1;().4 28.7*0_5
RIDE (3 experts) (Wang et al.|2021)' 48.6 51.4 59.8 . . .
RIDE (3 CXpCl'tS) 49-7i().2 52.71:().1 60.2:1:()_2 67.7:*:(),(; 51.5;t().5 26.7:;:()‘(;
RIDE + CMO (Park et al.| 2022} 50.0 53.0 60.2 . . .
RIDE + CMO 49.93:0_1 53.0:1:0,1 58-9i0.3 67-310.3 ol -3:t().6 28'1:t0.4
RIDE (3 experts) + CUDA 90.7402 93.T+04 60.2401 | 69.2403 52.8402 27.3+0s8
BCL ghu et al.}|2022)* 51.0 4.9 64.4 67.2 53.1 32.9
BCL + | 52.3402 96.2,04 646,01 | 664102 542,06 33.9i08
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Table 2: Validation accuracy on ImageNet-LT and iNaturalist 2018 datasets. { indicates reported
results from the [Park et al.|(2022)) and { indicates those from the original paper (Kang et al., 2020). x
means we train the network with the official code in an one-stage RIDE.

Algorithm TmageNet-ﬁ iNaturalist 2018

Many Med Few All Many Med Few All
CE' 64.0 33.8 5.8 41.6 73.9 63.5 55.5 61.0
CE + CUDA 67.2.01 47.0402 135403 | 473402 | T4.6103 649101 57.2401 | 62.540.2
CE-DRW (Cao et al.. 2019 61.71[}_1 47.1:[._0_3 29.0:1:9_3 50.1:&0_1 68.2:|:(]_2 67.31{]_2 66.4:|:0_] 6?.0:]:0_]
CE-DRW + 61.8:01 483101 303102 | 51.040.1 | 68.8491 681193 66.6402 | 67.5401
LWS (Kang et al.|[2020}* 57.1 45.2 29.3 47.7 65.0 66.3 65.5 65.9
cRT dKang et a”lgfﬁﬁﬁ 58.8 44.0 26.1 47.3 69.0 66.0 63.2 65.2
c¢RT + CUDA 623401 472402 284405 | 50.24092 | 68.24091 67.8492 664401 | 67.3501
LDAM-DRW (Cao et al..[2019}7 60.4 46.9 30.7 49.8 - - - 66.1
LDAM-DRW + 63.140.1 48.0403 311402 | 514401 | 678402 676402 66.7403 | 67.2402
BS (Ren et al. 2020 ﬁl.li_g._-_g 48.5:H)_2 31.8ig_4 50.9:|:(_|,1 65.5:&@.2 67.5:|:(].1 67*5:|:0.1 67*2:1:0.2
BS + CUDA 619501 492400 323404 | 51.640.1 | 67.6401 683101 68.310.1 | 68.25:0,
RIDE (3 experts o et al.|[2021}* 64.81:01 90.8402 346102 | 53.6101 | 704401 718401 71.7101 | 7T1.610.1
RIDE + CMO 1 M ’ 65.6 50.6 34.8 54.0 68.0 70.6 72.0 70.9
RIDE (3 experts) + CUDA” 659401 51.7102 349+02 | 54.7T101 | 70.740.2 Miﬂ.l T2.Ti02 | 724402
BCL Ehu et al.}|2022 65.3:|:[)_2 ﬁi(}.ﬂ Mil}..‘} M:I:U.? 69.5:|:(].1 72.4:|:(].2 71,7:|:(].1 71,8:1:[]_1
BCL + @;};[}_1 53.9:!:[).3 36*610.2 56*31[}.1 Min,g 72-8:!:0.1 Min.l minj
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Table 3:

Comparison

for CIFAR-LT-100 per-
formance on ResNet-32

with 400 epochs.

. Imbalance Ratio
Algorithm (00 30
PaCo 52.0 26.0
BCL 52.6 57.2
NCL 042  58.2
BCL + CUDA || 53.5 57.4
NCL + CUDA | 54.8 59.6

ParN,C
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Figure 3: Analysis of how CUDA improves long-tailed recognition performance, classifier weight
norm (top row) and feature alignment gain (bottom row) of the CIFAR-100-LT validation set. Notably
that weight norm and feature alignment represent class-wise weight magnitude of classifier and ability
of feature extractor, respectively. The detailed analysis is described in Section4.3]
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Table 4: Augmentation analysis on CIFAR-100-LT with IR 100.

AA (Cubuk et al., 2019

), FAA (

2020b), and RA (Cubuk et al.

2

LLim et al.

12019

), DADA (

L1etal.,

2020) with n = 1, m = 2 policies are

used. C, S, I represent CIFAR, SVHN, and ImageNet policy.

. AA FAA DADA
Vanilla C S I C I C I RA CUDA
CE 38.7 41.7  40.7 40.1 42.3 408 41.0 41.2 40.5  42.7
CE-DRW 41.4 46.5 44.7 45.5 46.3 44.8 45.6  45.7 45,8 474
LDAM-DRW 42.5 47.0 44.7 449 46.6 45.6 45.9 46.5 44.0 47.2
BS 43.3 47.0 46.1 45.5 46.5 45.0 45.0 46.9 45.2  47.7
RIDE (3 experts) 49.7 49.5 47.3 45.5 49.8  50.6 50.4  50.5 479  50.7
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Figure 4: Evolution of LoL score on various algorithms, CE, CE-DRW, LDAM-DRW, BS, and RIDE.
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Whether it is optimal to utilize the same kind of augmentation
strategy on all classes for long-tailed learning.

Sacrlfuced

Two ‘birds’ co-exist in long-tailed learning:
(1) inherent data-wise imbalance;
sacr|f|ced (2) extrinsic augmentation-wise imbalance,

The former is the inherent property of real-world
data distributions, while the latter is the side

| effect caused by DA when improving model
Im |“|II|IIlII"II“"||||IIIIII||l||-n....-...... ....... gene ralization.

Sorted class index

Number of training samples

Figure 1: Motivation of DODA. In deep long-tailed learning,
traditional data augmentation can significantly improve the
average performance of the model, but it will potentially
sacrifice certain classes (i.e., red box), especially tail classes.
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This overall improvement is encouraging, but it also prompts us to think
about how DA brings gains to the problem.

Theorem 1. Augmented samples produced by O(-) do not respect the level-set of f*. When we
approximate the ideal model f* by minimizing the training loss (i.e., O training error), the latter tends
to zero, while the former is greater than zero due to the augmented samples deviate from the level set
of f*. In this case, the trained model fy is biased compared to the ideal model f*.

> Elly-f©O@)3>0A Y Ellly— fo(O@)|3] =0=>bias (1)

(z,y)€D (z,y)€D

Theorem 2. Under the long-tailed distribution, minimizing the training loss (i.e., O training error)
is equivalent to minimizing the training loss for each class. For class ¢ and augmented samples
{(O(z),y)|ly = ¢, (O(z),y) € D}, the ideal trained model can minimize the training loss of class c,
but when O(x) deviates from the level-set of f*, DA will cause irreducible class-wise bias in fy.

Z Eflly — f*(O(z))||3] >0 A Z E[|ly — fo(O(x))||3] = 0 = class-wise bias
(z,y)€D|y=c (z,y)€D|y=c

(2)

EIUHAISHLE T SR HE
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CE + Cutout CE + CUDA CE + CUDA + Cutout
APy ~ SR=38% M ~ SR=27%

IR=50

SR=29%

SR=23%

IR=100

El Acc@CE B Acc@CE+Aug.

Figure 2: Impact of class-independent long-tailed DAs on classification accuracy on CIFAR-100-LT.

Key Observations:

@ All three types of DA can improve the average model performance;

@ The improvement in average performance inevitably sacrifices some
classes, whether they are head or tail classes;

3 The phenomenon of sacrificing classes is especially evident on tail classes.
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DA demonstrates its effectiveness by pleasing the 'strong' and exploiting the 'weak’!

The distribution span can be expressed as follows:

sz = (X — XE:)Z _ (Y — Yr_t)z — Rr_rz

The distribution span after DA can be defined as follows:

S(Th = (X o Xm. )2 o (Y o Y(-'h )2 = (le . A(-'h )2
gCt = (X = X01)2 = (Y . YC!)Q = (R(—'t + A(ft)z

The augmentation sensitivity ¥ can be defined as the ratio of the marginal space to the base space,
Under the same DA, tail classes have a higher augmentation sensitivity, indicating that tail classes are
more sensitive to the marginal space.

R(th - R('

: ~R..2
't A,. 2 : Ct
R., R., T B R(.,RRC,Z

Ch

,U’,’(-f - ‘z.ivi"’('h — 2A(7h E ” 0
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Validatio W

List Maintenance\

Update the
_J Preference List
after each epoch )

Figure 3: Overview of DODA. DODA allows each class to choose
appropriate augmentation methods during training by maintaining a

‘preference list’ for each class.
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forc < Cdo
Randomly select a DA O f (+) for class ¢ according to
the weight distribution Q...

1Qk|
ZjEQC Fi
where Q. = {Q!, @2, ..., 0¥}

Pok() =

end
Generate D = {(%;, y;)|(zi,yi;) € D} where

{Of (z;), withprob. paug

T; = :
i otherwise.

Run LTL algorithm F using D, i.e., F(fg, D).
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forc < C do

end

Compute positive sample size V7 for class ¢
z
C

pos __ = =
vzk - Z(fz'ayi)E”Dlyi=c Lisg(i)=c}

C

if V:ZS > temp. then Q’g — Qf +1
C

o f “E we A‘ the posSilitlve
elif V*7° = temp, then Q¥ «+— QF
ZC
else / Down—-wel INC chNne 1
L k k
Q. >1then Q5 +— Q- -1
else QF «— 1
temp. = V°.°
zC
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Table 1: Accuracy (%) on CIFAR-100-LT dataset (Imbalance ratio={10, 50, 100}) wtih state-of-the-
art methods. Blod indicates the best performance while underline indicates the second best. (+) and
(-) indicate the the relative gain. We report the average results of three random trials.

Method IR=10 IR=50 IR=100
Head Medium Tail All Head Medium Tail All Head Medium Tail All
63.2 403 - 565(+0.0) 639 362 152 438(+00) 656  36.2 82 38.1(+0.0)
67.0 450 - 602(+3.7) 686 378 187 47.0(+32) 70.1 406 103 41.8(+3.7)
66.8  43.1 - 595(+3.0) 683 384 137 462(+24) 707 414 93 420(+3.9)
: 657 430 - 587(+22) 676 392 176 47.0(+3.2) 71.1 434 117 43.6(+5.5)
CE + DODA 67.0 440 - 599(+34) 712 403 126 48.0(+42) 748 438  10.0 445(+6.4)
CE + CMO + DODA 67.1 425 - 595(+3.0) 704 412 197 493(+55) 732 444 124 449 (+6.8)
CE-DRW [Cao et al. (2019 62.5 486 - 582(+0.0) 606 390 229 450(+0.0) 634 412 157 414(+0.0)
CE-DRW + n et al.)(2023] 642 562 - 61.7(+3.5) 638 480 370 525(+7.5) 635 489 253 469 (+5.5)
CE-DRW + DODA 63.6  56.7 - 61.5(+3.3) 634 474 389 525(+7.5) 602 519 296 48.1(+6.7)
LDAM-DRW [Cao et al. (2019 62.7  46.1 - 575(+0.0) 630 412 251 472(+0.0) 628 426  21.1 432(+0.0)
LDAM-DRW + n et al.)2023] 63.6 452 - 579(+04) 662 462 264 508(+3.6) 660 495  22.1 47.1(+3.9)
LDAM-DRW + DODA 633 458 - 579(+04) 647 463 275 505(+3.3) 654 508 255 483(+5.1)
BS|Ren et al. [(2020 61.5  50.6 - 58.1(+0.0) 603 413 343 479(+00) 596 423 237 428(+0.0)
BS + n et al. (2023 642 555 - 615(+34) 636 484 373 527(+4.8) 625 491 294 479 (+5.1)
BS + DODA 640 568 - 618(+3.7) 622 512 415 54.0(+6.1) 631 493 312 487 (+5.9)
RIDE (3 experts)|Wang et al.|(2021 66.4 494 - 6L1(+0.0) 657 477 318 522(+0.0) 657 486 250 47.5(+0.0)
RIDE + CMO (2022 653 485 - 60.1(-1.0) 678 470 334 53.1(+09) 679 512  27.6 50.0(+2.5)
RIDE (3 experfs) + CUDAJAhn et al. (2023]  65.6 ~ 47.2 - 599(-12) 682 461 293 52.1(-0.1) 687 509 257 49.6(+2.1)
RIDE (3 experts) + DODA 657 499 - 608(-03) 670 465 336 526(+04) 684 511 278 502(+27)
BCL [Zhu et al. (2022 622 518 - 589(+0.0) 616  43.1 343 49.1(+0.0) 631 429 239 442(+0.0)
BCL + n et al. (2023 653 566 - 626(+3.7) 640 474 394 527(+3.6) 647 497  20.1 488 (+4.6)

BCL + DODA 65.6 56.1 - 627(+3.8) 649 48.0 40.6 53.6 (+4.5) 66.0 50.7 33.8 51.0 (+6.8)
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Table 2: Accuracy (%) on ImageNet-LT and iNaturalist 2018 datasets wtih state-of-the-art methods.

M ImageNet-LT iNaturalist 2018
ethod
Head Medium Tail All Head Medium Tail All

CE|He et al.! 2016 64.0 33.8 58 41.6(+0.0) 73.9 63.5 55.5 61.0(+0.0)
CE + n et al. @023| 67.1 47.1 134 472 (+5.6) 74.6 65.0 57.2 62.5(+1.5)
CE + DODA 67.4 47.5 13.9 48.1(+6.5) 74.9 66.0 58.4 63.6 (+2.6)
CE-DRW Cao et al.|(2019 61.7 47.3 28.8 50.1 (+0.0) 68.2 67.3 66.4 67.0 (+0.0)
CE-DRW + n et al. 42023| 61.7 48.4 30.5 51.1(+1.0) 68.8 67.9 66.5 67.4(+04)
CE-DRW + DODA 62.4 48.5 31.3 522 (+2.1) 69.0 68.2 67.8 68.2(+1.2)
LWS Kang et al.|(2020 57.1 45.2 293 47.7(+0.0) 65.0 66.3 65.5 65.9 (+0.0)
cRT 58.8 44.0 26.1 473 (+0.0) 69.0 66.0 63.2 65.2(+0.0)
c¢cRT + CUDA|Ahn et al. t|2023+ 62.3 47.2 28.1 50.2(+2.9) 68.2 67.9 66.4 67.3(+2.1)
cRT + DODA 62.8 477 289 51.3(+3.6) 69.2 68.3 67.6 68.5(+3.3)
LDAM-DRW (2019 60.4 46.9 30.7 49.8 (+0.0) - - - 66.1 (+0.0)
LDAM-DRW + CUDA Ahn et al. 412023} 63.2 48.2 31.2 515(+1.7) 68.0 67.5 66.8 67.3(+1.2)
LDAM-DRW + DODA 63.7 48.6 31.9 524 (+2.6) 68.6 68.1 679 68.7 (+2.6)
BS|Ren et al.|(2020 60.9 48.8 32.1 51.0(+0.0) 65.7 67.4 67.5 67.3(+0.0)
BS + n et al. t|2023| 61.8 49.1 31.8 S51.5(+0.5) 67.6 68.2 68.3 68.2(+0.9)
BS + DODA 61.9 49.5 324 520(+1.0) 68.1 68.9 69.5 69.4 (+2.1)
RIDE (3 experts) 64.9 50.4 344 536(+0.0) 704 71.8 71.8 71.6 (+0.0)
RIDE + CMO 65.6 50.6 34.8 54.0(+04) 68.0 70.6 72.0 70.9 (-0.7)
RIDE (3 experts) + al. (2023 66.0 51.7 347 547 (+1.1) 70.6 72.6 727 724 (+1.4)
RIDE (3 experts) + DODA 66.6 51.9 359 558(+2.2) 709 72.4 73.9 73.7 (+2.8)
BCL Zhu et al.|{(2022 65.3 53.5 36.3 55.6(+0.0) 694 72.4 71.8 71.8 (+0.0)
BCL + n et al. 42023| 66.8 53.9 36.6 563 (+0.7) 70.8 72.7 72.0 722 (+0.4)

BCL + DODA 66.9 54.1 374 569 (+1.3) 71.2 73.2 73.4 73.7 (+1.9)
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I Experiment ParN E

Does DODA make fewer classes be ‘sacrificed’?

CE + DODA

SR= 7‘7

AAAD | R5‘7

Il || G ||.|

Bl Acc@CE BN Acc@CE+DODA

IR=50

IR=100

Figure 4: Visualization of the accuracy of
each class between CE and CE with CUDA.
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I Experiment PEII‘NEE

Why DODA can alleviate the long-tailed problem?
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Figure 5: Trend of the selection hierarchies during training.
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What are the trends in DAs favored by classes?
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Figure 6: Class and ’its’ preferred DA
on BS and CIFAR-100-LT (IR=100).
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Would other augmentation methods be better?

RIDE (3 experts)

CE CE-DRW 50 LDAM-DRW
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Figure 7: DA analysis on various algorithms, CE, CE-DRW, LDAM-DRW, BS, and RIDE.
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ENergy score

energy score of head data and tail data
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