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Background

« Long-tail distribution
- Long-tail distribution= 7} %! G| O|E{ A O] 2k
-Class imbalancel| =2 H| 0| O & St 8%
- Head-class
-H[O|E{ 2| #=7} B2 dominant class

- Long-tail class

| 232 tail-classOfl CH3SH 40| EO{ A

VDS

-H[O|E{ 8| £=7} &2 scarce class
Head-classOl| H 3| A S5 =
(classification, regression <)
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<Long-tail distribution Of| A|>
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1) Ho, Jonathan et al. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems (2020).

Background

« Long-tail distribution
- Real-worldOf| A| =% =l large-scale datasetO| M= I|siZ = @l = 24|

=
2

1000

# Occurrences
-4 ®
2 =

S

200

wossad sod saSewn Jo saquny
i/ r
wlalal Tl T
. 7 ,""

2 o
L 0 S0 100 150 200 250 300 350 400
Class index
b. Places

/. PN
| /P

d. Actions

@00 %00

[ 1000 2000 300
Sorted Species

c. Species
<C}FSH domain Ol A long-tail distribution Of| A|>

| 4% udhn I VDS \

@ SOGANG UNIVERSITY




1) Ho, Jonathan et al. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems 33 (2020).

Background

« Long-tail distribution

- How do we solve long-tail distributions?

IFtu-aamplingI

Class
Re-balancing knst-senﬁiﬂ\re Learningl
Logit Adjustment
Long-tailed Information Transfer Learning
Learning 1 Augmentation

Data Augmentation

- Representation Learning

Module Classifier Design
Improvement 1

\Decoupled Training |

~ Ensemble Learning
<Long-tail distribution learning = &>
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Background

A

* Long-tail distribution [1]
- Re-Sampling

- Under-sampling

:': Head-class& & O] M tail-class@t Cl|O|E{ 2] &

- Over-sampling

= Tail-class& =124 Al head-class@t H|O|E{ 2| 24

<Under-sampling>
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<Re-sampling 2 & Ol A|>

Ho, Jonathan et al. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems 33 (2020).

: Head-class (dominant)

: Tail-class (scarce)

<Over-sampling>



1) Chawla, Nitesh V., et al. "SMOTE: synthetic minority over-sampling technique." Journal of artificial intelligence research 16 (2002): 321-357.

Background
« Long-tail distribution [1]
- Re-Sampling
-Over-sampling
::: SMOTEY
1) £7 HO|E Off CHdH nearest neighbor2+2| distanceE &t
2) Distance0| 0~1 AtO|Q| 2HE M= cE H&

3) 7|& O|O|E{ 0 ¢ * DistanceZS {5l feature space &0 A 417 HIO|EE Mdat

5 1)~3)Q S nt HHE @ MANE A7 HolE
® JI=golg

® @ /’
® ® 9
@ / 'S A 4 ®
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<SMOTE Z 12|52 283 OB M Of|Al>
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1)

Background

« Long-tail distribution [2]

- Cost-Sensitive Learning

Lin, Tsung-Yi, et al. "Focal loss for dense object detection." Proceedings of the IEEE international conference on computer vision. 2017.

-Zt class H loss 24 = CHE A O re-balanceSt& algorithm % Q1 & = H

;= Softmax

S(z) = =%

. ]
Xje

:'= Negative log-likelihood loss

eZ

i
—
. ]
Xje

v Ly = —log( ) = —log(p;)

;' Weighted softmax loss
1
VLwm = = -log(pi)

;' Focal loss?
Ly = —(1 —p)¥1og(p;)
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1) Lin, Tsung-Yi, et al. "Focal loss for dense object detection." Proceedings of the IEEE international conference on computer vision. 2017.

Background
« Long-tail distribution [2]
- Cost-Sensitive Learning
Z} class & loss 2t = CFE A 0] re-balanceSt= algorithm™ ¢ & 2 H
:'= Negative log-likelihood loss
VLyp = —log(p;)
;' Focal loss?

vLep = —(1 — p)¥1og(p;)

~-Case 1:p; = 0.12l B2 (uncertainty’| =< tail-class)
:': Negative log-likelihood loss = —log (0.1) = 2.3
:':Focal loss = —(1 — 0.1)log (0.1) = 2.1

~Case 2 :p; = 0.92! A2 (uncertainty7t =2 head-class)
:': Negative log-likelihood loss = —log (0.9) = 0.1
= Focal loss = —(1 — 0.9)log (0.9) = 0.01
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1) Ren, Jiawei, et al. "Balanced meta-softmax for long-tailed visual recognition." Advances in neural information processing systems 33 (2020): 4175-4186.

Background
« Long-tail distribution [2]

- Cost-Sensitive Learning

—~Balanced softmax loss? Of| A|

= —log( — eel 7)

'Ig( 4+ 2) 0.34

] ]
Input pixels, x Feedforward output, y; Softmax output, S(v;)
cat dog horse cat dog horse
Forward Softmax
i propagation | o | > funetion | 0.71 | 0.26 | 0.04 .
‘“ 'm *ﬂ

~Case 1 : catO| head-class@! 4% cat = 10, dog =5, horse = 2

) =0.07

—lo 09 (1Oe5+564+262
- Case 2 : catO| tail-class@! 4% cat =2, dog = 5, horse = 10

2e 5

i —lo g(2€5+5€4+1062) 0.33
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1) Kang, Bingyi, et al. "Decoupling representation and classifier for long-tailed recognition." ICLR 2020.

Background
 Long-tail distribution [3]
- Decoupled Learning?

-Stage 1 : Representation learning (class-imbalanceS 1 2{5HX| &S

7|2 9| end-to-end 241 © 2 feature extractor®t classifiers &4 st

>
oo

-Stage 2 : Classifier finetuning (class-imbalanceS 112{&h)

‘' Feature extractor= freeze=l 2 EJ O M classifiers Xjst& et

Classifier

Downstream Task

Feature
Extraction

Stagel

Stage2

-

<Decoupling representation and classifier 2} & 2>
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1) Wang, Haotao, et al. "Partial and asymmetric contrastive learning for out-of-distribution detection in long-tailed recognition.” International Conference on Machine Learning. PMLR, 2022.

OOD Detection in Long-tailed recognition

« Partial and asymmetric contrastive learning for out-of-distribution detection in
long-tailed recognition?)
- Out-of-distribution detection

— In-distribution G| O] E| 2} unlabeled out-of-distribution dataset= AF&3H €t& = inference
AlOf M 22 sampleO] in-distribution® 420l = J&stH 2F

- Uncertainty 7} % OF A out-of-distribution H|O|EH{ 2 EEHE B2 outlierE Z 2 'H
- OOD detection + Long-tailed recognition =X 7t &A|0f| EX{SH= GO B A-22

4 ;
/ 4 -
Categories
Head Long Tail
<Long-tailed in-distribution G| O E{ Al O4| A|> <722 H|o|E 2 74 = ooD H| O Ef All>
R AT THSED VDS

SOGANG UNIVERSITY 12 LaB



1) Wang, Haotao, et al. "Partial and asymmetric contrastive learning for out-of-distribution detection in long-tailed recognition.” International Conference on Machine Learning. PMLR, 2022.

OOD Detection in Long-tailed recognition

« Partial and asymmetric contrastive learning for out-of-distribution detection in
long-tailed recognition?)

- OOD detection + Long-tailed recognition =A| 7} &A|0f| =X|5t= O| O K A1 =22

Method | Dataset AUROC (1) AUPR(1) FPRY5 () ACC (D)

NT CIFAR10 85.86 84.37 52.52 93.45
(MSP) |CIFAR10-LT | 72.28 (-13.58) 70.27 (-14.10) 66.07 (+13.55) 72.34 (-21.11)

OE CIFAR10 96.68 96.29 14.59 92.81
CIFARI0-LT | 89.92 (-6.75) 87.71(-8.58) 34.80 (+20.21) 73.30(-19.51)

EneravOE CIFAR10 96.59 96.37 14.80 93.07
&y CIFARI0-LT | 89.31 (-7.27) 88.92(-7.45) 40.88 (+26.08) 74.68 (-18.39)

SOFL CIFAR10D 96.74 96.60 14.57 89.13
CIFARIO-LT | 91.13 (-5.61) 90.49 (-6.10) 3498 (+20.41) 54.42(-34.71)

OECC CIFAR10O 96.27 95.41 14.77 01.95
’ CIFARI0-LT | 87.28 (-8.99) 86.29(-9.12) 45.24 (+30.47) 60.16(-31.79)

NTOM CIFAR10 96,92 96.95 14.95 91.44
CIFARIO-LT | 92.89 (-4.03) 92.31 (-4.65) 29.03 (+14.09) 66.41 (-25.03)

<O0O0D class Z=7} 0| Lt | O|E{ Al 1t long-tailed H|O|EH{ Al H-& XS} H| >
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1) Wang, Haotao, et al. "Partial and asymmetric contrastive learning for out-of-distribution detection in long-tailed recognition.” International Conference on Machine Learning. PMLR, 2022.

OOD Detection in Long-tailed recognition

« Partial and asymmetric contrastive learning for out-of-distribution detection in
long-tailed recognition?)
- Tail-class2 218t out-of-distribution detection A& X5}
-4 2}st OOD-detection2 98 A= OOD-sample2| uncertainty 7} 4 OOf&t
- Tail-class2| 2= O|O|E{ 2, varianceZ @ISl =t5 Al under-represent &

- O0OD-detection 22 O] OOD samplet2| decision boundaryS & &X| 2310 OOD
sample01| CHsH A over-confident®t predictions LA E
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1) Wang, Haotao, et al. "Partial and asymmetric contrastive

learning for out-of-distribution detection in long-tailed recognition." International Conference on Machine Learn

OOD Detection in Long-tailed recognition

« Partial and asymmetric contrastive learning for out-of-distribution detection in

long-tailed recognition?)

- Contrastive learning

~Feature space & 0| A| 22 class2| H|O|EH = 7HA A, CFE class2| HIO|H= ZO{X|A

DS stASE

lh» pull<—: :—» puII<—=

I I I [
> pull *=y b PUll g

<Naive® contrastive learning>
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1) Wang, Haotao, et al. "Partial and asymmetric contrastive learning for out-of-distribution detection in long-tailed recognition.” International Conference on Machine Learning. PMLR, 2022.

OOD Detection in Long-tailed recognition

« Partial and asymmetric contrastive learning for out-of-distribution detection in
long-tailed recognition?)
- Partial and asymmetric supervised contrastive learning(PASCL)
- Partiality
:': OOD sample tail-class sample0f| 2t £ 2% 2 £ contrastive Learning= &8 &
- Asymmetry
:': 00D sample2 feature spaced| A M Z 747t

OH

Ol @I X[3tE = pull SHA| &&=

ks pulld—: L— pull «— pull<—:

‘ push

R >
i | { I i I
> pull *=y YT | r— > pull *=
<Naive?t contrastive learning> <X| @t =l contrastive learning>
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1) Wang, Haotao, et al. "Partial and asymmetric contrastive learning for out-of-distribution detection in long-tailed recognition.” International Conference on Machine Learning. PMLR, 2022.

OOD Detection in Long-tailed recognition

» Partial and asymmetric contrastive learning for out-of-distribution detection in
long-tailed recognition?)

- Auxiliary Branch Fine-Tuning (ABF) - Decoupled learning

- Stage 10| A{ OOD + in-distribution G| O|E{ & AFESHA] end-to-end 4O 2 B =
HERAS S5

_I H O
-Stage 20| A{ = in-distribution G| O| E{ Bt AF238H A convolutional layerS freeze®t AFEH Of| A
classifierS finetuning®
::StE OOl E{ 7t B A} & 2 2 batch normalization layerO| CHSH A = finetuning 224 &t
Stage 1 training :

Stage 2 finetuning :
Stage 1: Trammg main branch

Dlll 7
&-»-b-b-v-ﬂ---?% S o Cud O 'md C ... 00D
: T’g-z-g-zﬁg“'n‘ Detection
_______________________________ est - Al
Stage 2:‘ Finetuning auxiliary branch image |
D.. ‘§ - S -g - 2 -'g’ - &3 g - 2 ﬁ - 2 ﬂ - B S i Classification
B B ®
(a) Training (b) Testing

<X| 2=l decoupled learning>
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1)

Ho, Jonathan et al. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems 33 (2020).

OOD Detection in Long-tailed recognition

« Partial and asymmetric contrastive learning for out-of-distribution detection in

long-tailed recognition?)

- Experiment results

(a) OOD detection results and
in-distribution classification results in terms of ACC95.

T2 | Method | AURDC (1) AUPRI(T)  FPR9S()) | ACC9S(1)
Texture OE 7671 £ 120 SBT9 L 139 GRIB X 153 | 7143 158 (b) in-distribution classification results in terms of ACCE®FPRn.
Ours | TRO1 £ 066 58124 106 6743 2 193 | 7310 £ 1.55 —
Method ACCEFPHEn (1)
SVHN OFE | 7761 £3.26 8682 £2.50 5804 £ 4,82 | 64.27 £ 326 o 0000 o 1
Ours | BO9 £ 219 8849+ |50 5348+ 160 | 64,50+ 187 OF | B8 205 WO L098 WISL0M 4240044
OE | 6223 £030 5757 £0.34 8064 = 0.98 | 8267 = 0.99 D |SHLNST OUALE GDLOE SR
CIFARID | s | 6233+038 57.14+020 79.55 = 0.84 | 8230+ 107 (c) Comparison with other methods.
Tiny OF | 68.04 £ 037 SL66+051 7666 =047 | 7622 + 061 T Method | AURDCEH  ALUPRITI  FPRSS()) | ACCE)
ImageNet Cuars 6820 + .37 5153 £ 042 TRI1 £ 080 | 7756+ 1.15 STIMSF) | 6100 5T 54 PER 40,97
R ™ILAK A AT 315 32403
LSUN OF | 7700+ (064 6142 £ 059 6398 = 1,38 | 6564+ 1.03 EnergyOE | 7140 &1 1178 3005
(urs A9 £ 44 61,27 £0.72 6331 £ 057 | 6805 + 1.24 Avirige ok 7291 LG8 GTI6= 057 BRED+ 107 | 3008+ 057
96,68 Churs TAIZ L0352 6TA8 =000 6744 4 058 | dRL0 £ 047
] OF | 7580 + 0,45 £038 6572092 | 67.04 + 049
Places365 | ourg | 602 £021 36522020 6481=027 | 69.04 = 0.90
A OF | 7291 £ 068 6716 057 6BR% = 1.07 | 71.21 + 084
TEERER L fors | TRAZ 032 T8 £ 0.0 6744 =058 | TRAI £ 066
0O Al
<=E Ay b
A g d Rk
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Experiment

1) Ho, Jonathan et al. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems 33 (2020).

« Partial and Asymmetric Contrastive Learning for Out-of-Distribution Detection in
Long-tailed Recognition

- Contrastive learning

ACC@FPRn (1)

T Asymmetry  Partiality ABF | AUROC (7} AUPR (1) FPRY95 (]} ACC95 (1) 0 0.001 0.01 01
No contrastive loss (OE) 0510+ 101 9714 =081 1615+152 | 8133 081 | 7384 077 7390077 7446 =081 7THEE +0.66
X X X 0534+ 158 9730120 15124307 | 8194+ 1.28 | 7503146 75309 +145 7560+144 80.02+1.10
CIFARI0.LT X v X 0501 £1.25 9674078 1531 +435 | 8234+ 156 | 7446+ 1.80 7452+ 1.80 7504 =176 80.21 +099
v X X 0491 +£1.43 9686+ 147 15571119 | 8208 £047 | 752410099 7320+ 098 75377098 TORS+0.77
v v X 2063 £ 090 9806 =056 1218 +333 | 81,70+ 1.21 | 7620079 7To26 £0.79 7685081 81.07 £ 058
v v W 2063 £ 090 9806 =05 1218 +333 | 8272151 | 7708+ 1.01 7713+ 1.02 77.64 =099 8196 + 085
Mo contrastive loss (OE) Tinl £326 H682 =250 5804 +482 | 6427326 | 3904037 3007038 3038 +£038 4240+044
X X X TEOF £ 212 BTAE =087 59.10+£503 | 6644 £ 390 | 4021 £043 4025 £ 043 4056 =045 4371 +042
CIFAR100-LT K v X To.46 £ 1.83 B0l =190 5459 +334 | 6386 £ 252 | 4024 +£0.53 4028 £0.53 4060 =055 4393 + 057
v Fd X To.54 £ 238 BY6E £ 1.51 5427 +£3.69 | 6333 £ 287 | 4000042 4004 £041 4036 =042 4360+ 042
v v x 80.19 £ 219 8849+ 1.50 5345+ 360 | 6310 £ 187 | 4033 +£0.20 4036 £0.20 4066 =018 4379 +£022
v v v B0.19 £ 2,19 8849 = 1.50 5345 +360 | 6450 + 1.87 | 43,10 £ 047 4312 +£047 4339+ 048 46,14 =038
<= ablation study>
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SOGANG UNIVERSITY 19 LB

A



1) Ho, Jonathan et al. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems 33 (2020).

Conclusion

« Long-tailed distribution -3 2| datasetO| Al OOD detection task 42 =& =+

— o =
A= HE= X et

- 1 2{L} real-life applicationf CF2 A =& Al in-distribution sampleZf OOD
sampleO| 0| 0] CtZ distributionO|2t= HE 7t =Xl
-219 EM=2 2E517| 28 M= unsupervised 2+ 0| M tail-class sampleX} OOD
sample2 7= = A= ME2 &80l 2o
« Long-tail distribution2| £ 1} 0| & 7{45}7| ¢
Z XN SELt task, domain specificdt 27t AUS
- Class imbalance7} &=Xlof= H|O|E{ Ao 22X O
2t Metot 2[5 d85= s80| 2R

N — - - O 1

O

Ot

st

r

.

4
OF
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