Invariant Feature Learning for
Generalized Long-Tailed Classification

Kaihua Tang!, Mingyuan Tao?, Jiaxin Qi!, Zhenguang Liu’, Hanwang Zhang!
'Nanyang Technological University, ‘Damo Academy, Alibaba Group, ~Zhejiang University
kaihua.tang@Ontu.edu.sg, juchen. tmy@alibaba-inc.com, ji1iaxin003@e .ntu.edu.sg
liuzhenguang2008@gmail. com, hanwangzhang@ntu. edu.sg

eccv2022



l Introduce

# Instances

Image-level Attributes

Examples of Object-level Attribute Distributions

| | ImageAttribute: Background |

45&;'.4},}@;'5;;"'§ | _Object Anribute: Cotor |
- - || (s
C.?”?‘! _________ Swd -'_""“'e tﬁi""" ____________ Ff{“!'__:- _________________________ |
LT
£ N T,
Frequent class index Rare

(a) Long-Tailed Distribution in Real-world Images
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(b) Class-wise Balanced Data and its Imbalanced Attribute Distribution

Generalized Long-Tailed classification(GLT): class-wise imbalance + attribute-wise imbalance
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existing LT methods fail to tackle the
attribute-wise imbalance:

® They rely on class-wise adjustment, while the
attribute-wise traits are hidden in GLT;

® They are based on lifting the tail class boundary
to welcome more samples to increase the tail
accuracy, leaving the confused region of similar
attributes unchanged in the feature space.
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Problem Formulation

New Assumption:
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Attribute Bias

® inconsistent performances within each class

p(z, =wet |Y =dog,z. = fur) 5 p(z, = fluffy | Y =dog,z, = fur)

p(z, =wet |z, = fur) p(z, = fluffy | z. = fur)

» p(Y =dog|z, = fur,z, =wet) < p(Y =dog| z, = fur,z, = fluffy)

® spurious correlations

p(z, =wet|Y =beave,z,_ = fur) "
p(z, = wet |z, = fur)

1

mp p(Y =beaver|z, = fur,z, =wet) T

i Class Bias\ ' Generalized Long-Tailed
i Attribute Bias classification(GLT)
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IRM(Invariant Risk Minimization)

Definition 3. We say that a data representation ®© 1 X
predictor wod across environments £ if there is a classifier w . H
optimal for all environments, that is, w € argming 5, ,y R°(Wo ®) for alle € £.

vy H elicits an invariant
y Y stmullancously

® environment construction

we use the current classification confidence of

) each training sample as an imbalance indicator

of attributes inside the class

(1= p(Y = klzc, 20))”

® optimization problem

m) min ZZLCzs(f(fEf;@:yf;w),

subject to 0 € argmgin ZZ || f(x5;6) — Cyell2

ecf i€e

L=Lgs+a-Lirr, where Lipr = ||f(x;0) — Cye||2
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® Class-wise Long Tail (CLT) Protocol

Train-GLT: class-wise LT and attribute-wise LT

Test-CBL: class-wise balanced and attribute-wise LT

® Attribute-wise Long Tail (ALT) Protocol

Train-CBL: class-wise balanced and attribute-wise LT

Test-GBL: class-wise balanced and attribute-wise balanced

® Generalized Long Tail (GLT) Protocol

Train-GLT: class-wise LT and attribute-wise LT

Test-GBL: class-wise balanced and attribute-wise balanced
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Table 1: Evaluation of CLT and GLT Protocols on ImageNet-GLT: Accuracy (left in each cell)
and Precision (right in each cell) are reported. All methods are re-implemented under the same
codebase with ResNext-50 backbone

Methods Class-Wise Long Tail (CLT) Protocol Generalized Long Tail (GLT) Protocol

< Accuracy | Precision > Many ¢ Mediume Few Overall Many Mediume Fewe~ Overall
Baseline 59.34[39.08 | 36.95[52.87 | 14.39[56.65 | 42.52[47.92 | 50.98[32.90 | 28.49 [44.72 | 10.28 [49.11 | 34.7540.65
cRT [22] 56.55 | 45.79 | 42.89 |46.23 | 26.67 |41.47 | 45.92|45.34 | 48.02 | 38.40 | 34.16 | 38.07 | 19.92 |33.50 | 37.57 | 37.51
LWS [22] 55.38 | 46.67 | 43.91 |46.87 | 30.11 |40.92 | 46.43|45.90 | 47.15|39.16 | 34.88 | 38.68 | 22.56 | 32.88 | 37.94 | 38.01
Deconfound-TDE [55] | 54.94 | 49.27 | 43.18 | 43.91 | 28.64 | 33.40 | 45.70 | 44.48 | 46.87 | 42.39 | 34.43 |35.77 | 22.11 | 26.30 | 37.56 | 37.00
= BLSoftmax [16] 55.60 | 48.19 | 42.74 |47.27 | 28.79 | 38.14 | 45.79 | 46.27 | 47.15| 40.89 | 33.48|39.11 | 21.10 [27.50 | 37.09 | 38.08
= Logit-Adj [37] 54.55|49.70 | 44.40 |45.05 | 31.53 | 36.04 | 46.53|45.56 | 45.94 | 41.97 | 35.15|36.63 | 24.07 | 28.59 | 37.80 | 37.56
E BBN [74] 61.64 | 42.74 | 43.80 | 54.44 | 13.94 |55.12 | 46.46 | 49.86 | 52.41|35.58 | 34.31|46.38 | 10.06 |44.43 | 37.91 | 41.77
3 LDAM [7] 59.05 | 45.39 | 43.23 |48.80 | 24.44 | 44.99 | 46.74 | 46.86 | 51.02 | 38.78 | 34.13 |40.39 | 18.46 |35.91 | 38.54 | 39.08
& | (ours) Baseline + IFL | 62.71 | 42.98 | 40.10 | 56.83 | 18.92 | 61.92 | 45.97 | 52.06 | 54.09 | 36.74 | 31.73 |49.03 | 13.62 | 51.42 | 37.96 | 44.47
(ours) cRT + IFL 61.27|45.84 | 43.96 |51.67 | 24.32|53.64 | 47.94|49.63 | 52.75|39.11 | 35.14|43.36 | 17.92 |43.35 | 39.60 | 41.65
(ours) LWS + IFL 61.50 | 45.43 | 43.79 |52.85 | 23.86 | 55.58 | 47.89|50.29 | 53.21|38.92 | 34.99 |44.44 | 17.42|45.90 | 39.64 | 42.45
(ours) BLSoftmax + IFL | 58.00 | 53.70 | 44.70 | 51.73 | 33.49 | 37.58 | 48.34|50.39 | 49.92 | 46.86 | 36.11 |44.31 | 25.71|32.01 | 40.08 | 43.48
(ours) Logit-Adj + IFL | 56.96 | 56.22 | 46.54 | 50.10 | 36.88 |33.29 | 49.26 | 50.02 | 48.25 | 49.17 | 37.50 | 41.65 | 29.00 | 25.77 | 40.52|42.28
= Mixup [ /] 59.68 | 37.96 | 30.83 | 55.74 | 7.09|34.33 | 38.81 | 45.41 | 51.04 | 31.85 | 23.10 | 47.25 | 4.94]22.88 | 31.55] 37.44
2 RandAug [ ! ] 64.96 | 42.63 | 40.30 [59.10 | 15.20|56.60 | 46.40|52.13 | 56.36 | 35.97 | 31.43|51.13 | 10.36 |48.92 | 38.24 | 44.74
& | (ours) Mixup + IFL 67.71|47.77 | 45.87 |62.58 | 24.71 | 67.77 | 51.43|57.44 | 59.36 | 40.95 | 36.77 | 54.67 | 18.06 | 55.10 | 43.00 | 49.25
< | (ours) RandAug + IFL | 69.35|49.42 | 48.05 |63.19 | 26.92 | 66.04 | 53.40 | 58.11 | 60.79 | 42.41 | 39.07 | 55.15 | 20.04 | 57.90 | 44.90 | 50.47
= TADE [ /1] 58.44 1 56.38 | 48.01 |51.41 | 36.60 | 41.08 | 50.47 ] 51.85 | 50.29 | 49.25 | 38.74 |43.74 | 27.99]31.75 | 41.75 | 44.15
£ RIDE [61] 64.04 | 51.91 | 48.66 | 53.21 | 30.44 | 46.25 | 52.08 | 51.65 | 55.47 | 44.55 | 38.65|44.26 | 22.80 | 37.26 | 43.00 | 43.32
% (ours) TADE + IFL 61.71]55.59 | 48.87 |53.42 | 34.02 |40.93 | 51.78 | 52.41 | 53.75|48.73 | 39.90 | 45.28 | 26.77 | 35.34 | 43.47 | 45.17
~ (ours) RIDE + IFL 65.68 | 54.13 | 50.82 |56.22 | 31.91 |52.10 | 53.93|54.76 | 57.84 | 47.00 | 41.80 | 48.65 | 24.63 |42.96 | 45.64 | 47.14
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Table 3: Evaluation on MSCOCOQO-GLT: overall perfor-
mances are reported
Table 2: Evaluation of ALT Protocol on ImageNet-GLT

Protocols CLT GLT ALT
Melhods Altnbute-Wise Long Tail (ALT) Protocol < A{‘Cllra{:j' | Precision > Overall Overall Overall
< Accuracy I Precision = Many 4 Medium 4 Few 4 Overall Baseline 72.34 | 76.61 63.79 | 70.52 50.17 | 50.94
Baseline 5695 [55.83 | 40.11 [39.17 | 28.12[ 2R.16 | 41.73[41.74 cRT[27] 73.64 | 75.84 | 64.69| 68.33 | 49.97 | 50.37
cRT [22] 5745|5628 | 3972|3865 | 2758|2735 | 41.59 | 4143 LWS [22] 72.60 | 75.66 | 63.60 | 68.81 | 50.14 | 50.61
2 :,—WSdE;‘[-L!*EE . f’,‘;"f{'} Ig;f; 4;3-;{1} Ijﬁ;g jgg;l ;3;32 iiﬁljﬁ {1} Deconfound-TDE [55] | 73.79 | 74.90 | 66.07 | 68.20 | 50.76 | 51.68
Cooniound- b I o] . J P g A & ¥ i
2 BLSoftmax [14] 56.48 | 5556 | 39.81 | 3896 | 2764|2760 | 41.32 4137 g BLLGS?RE(‘}.K [ 0) ;ggg | ;;é; gg?; | 22‘23 ;3{%' gggi
: BBN [ 7] 6090 |60.17 | 41.08 |4081 | 2779|2826 | 43.26| 4386 E git-Adj [ 7] 50 76. 17| 68.3 17 50.
: LDAM [7] 5904 |56.51 | 4096|3921 | 2796|2722 | 42.66 | 41.80 = BBN [74] 73.69|77.35 | 64.48|70.20 | 51.83|51.77
= (ours) Baseline + IFL 61.38 | 60.78 | 44.79 | 4421 | 31.49| 3198 | 45.89 | 46.42 2 LDAM [7] 75.57|77.70 | 67.26|70.70 | 55.52 | 56.21
(ours) cRT + IFL 61.12 | 6025 | 4426 |43.65 | 31.02| 3131 | 4547 | 45.81 ® | (ours) Baseline + IFL | 74.31 | 78.90 | 65.31]72.24 | 52.86 | 53.49
feytorotid . <
(ouey B Sofmex + TFL | 6019|5946 | 43.54 |43.14 | 3083|3146 | 4486 ] 4543 (opm)CRELIEL. 17021 [ TRAL | Che | 7134 | 2107 | 3285
= Nowp [77] NI R A R AT s (ours) LWS + IFL 75.98 | 79.18 | 66.55|71.49 | 52.07| 52.90
g RandAug [11] 6235 |h1:25 45.04 |44:2? 51._45| 3126 4;_2?'4;}:35 {ours) BLS{_}flmalx +1IFL | 73.72| 77.08 64.36 | 70.00 | 52.97 | 53.52
© | (ours) Mixup +IFL | 6590 |65.88 | 49.43 |4943 | 3540|3589 | 5024 | 51.04 (ours) Logit-Adj + IFL | 77.16 | 79.09 | 67.53 | 70.18 | 52.86 | 53.49
“ | (ours) RandAug + IFL | 67.39 |66.81 | 51.55 |51.28 | 37.47| 3797 | 52.14| 52.74 = Mixup [/ ] 74221 78.61 | 6445 71.13 | 48.90]49.53
r TADE | 1] 6263|6101 | 45.84 [4521 | 32.82| 3282 | 47.10| 4732 = RandAug [ 1] 76.81 | 79.88 | 67.71 | 72.73 | 53.69 | 54.71
- RIDE [01] 6348 |6142 | 4562 [44.16 | 3259|3226 | 47.24 | 46.67 2 | (ours)Mixup +IFL | 77.55| 81.78 | 68.83 | 74.84 | 53.79 | 54.60
2| idono bl B 2;_;2 IE;-ﬁ; gﬁgg I;T—E f;ﬁl ;;,1: ;;_E | ;g?g < | (ours) RandAug +IFL | 77.71|81.10 | 68.16|73.97 | 56.62| 57.12
o (031 LIt L Bt = TADE[ ] 76,22 | 78.84 | 6698 | 71.22 | 53.93| 55.48
E RIDE [61] 78.29 | 80.33 | 68.59(72.20 | 58.90 | 59.43
E (ours) TADE + IFL 76.53 | 79.15 | 6738|7242 | 56.76 | 57.43
= {ours) RIDE + IFL 78.86 | 80.70 | 69.09 | 72.57 | 58.93 | 59.84
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Table 4: Ablation Studies on ImageNet-GLT, where overall re-
sults are reported; BLS, Focal, and IFF are balanced softmax
loss [40], focal loss [ 1], and learning from failure [ Y], respec-

tively
Ablation Settings Evaluation Protocols
#bnv | Loss | IFL | Augment | Backbone | CLI Protocol | GLT Protocol | ALT Protocol
1 CE - - ResNext-50 | 42.52[47.92 [ 3475[40.65 | 41.73[41.74
1 Focal - - ResNext-50 | 39.93 | 46.99 | 32.52|39.12 | 39.58| 39.85
1 LFF - - ResNext-50 | 41.07 | 45.79 | 33.84 | 38.46 | 40.14| 40.58
1 CE v - ResNext-50 | 39.74 | 47.06 | 32.82 | 40.86 | 39.99| 41.38
2 IRM - - ResNext-50 | 43.70 | 48.06 | 36.03 | 40.61 | 44.47| 44.60
2 CE v - ResNext-50 | 4597 |52.06 | 37.96 | 44.47 | 45.89| 46.42
3 CE v - ResNext-50 | 46.06 | 52.81 | 38.32|45.55 | 45.95| 46.43
2 BLS v - ResNext-50 | 48.34 | 50.39 | 40.08 | 43.48 | 44.86| 45.43
2 CE v Mixup | ResNext-50 | 51.43|57.44 | 43.00]49.25 | 50.24 | 51.04
2 CE ¢ | RandAug | ResNext-50 | 53.40 | 58.11 | 44.90 | 50.47 | 52.14| 52.74
1 CE - - RIDE-50 46.14 [ 52.98 | 38.25|45.80 | 46.32| 46.56
2 CE v - RIDE-50 49.20 | 54.64 | 41.35|47.67 | 48.62| 48.62
2 TADE | v - RIDE-50 51.78 | 52.41 | 43.47 | 45.17 | 48.74| 43.78
2 LDAM | # - RIDE-50 53.93 | 54.76 | 45.64 | 47.14 | 52.44| 53.17
2 LDAM | # Mixup RIDE-50 56.48 | 57.67 | 47.54 | 49.86 | 53.25| 54.27
2 LDAM | ¢ | RandAug RIDE-50 58.70 | 59.61 | 49.80 | 51.62 | 55.65| 55.81
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Figure 5: (a-b) The trending of precision and accuracy after applying the IFL; (c-d) GLT baselines
will automatically improve class-wise LT, while conventional LT re-balancing algorithms won’t

improve the attribute-wise imbalance in GLT
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