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2 Chongging Key Laboratory of Computational Intelligence,Chongqing University of Posts and Telecommunications,Chongqing 400065, China

Abstract Long-tailed classification is an inevitable and challenging task in the real world. Traditional methods usually focus only
on inter-class imbalanced distributions, however, recent studies have begun to emphasize intra-class long-tailed distributions,1. e. ,
within the same class,there are far more samples with head attributes than tail ones. Due to the implicitness of the attributes and
the complexity of their combinations, the intra-class imbalance problem is even more difficult to deal with. For this purpose,a
generalized long-tailed classification framework(Cognisance) is proposed in the paper,aiming to build a multi-granularity joint so-
lution model for the long-tailed classification problem through the invariant feature learning. Firstly, the framework constructs
coarse-grained leading forest(CLF) through unsupervised learning to better characterize the distribution of samples about diffe-
rent attributes within the class.and thus constructs different environments in the process of invariant risk minimization. Second-
ly,the framework designs a new metric learning loss,multi-center loss(MCL) ,to gradually eliminate confusing attributes during
the feature learning process. Additionally,the framework does not depend on a specific model structure and can be integrated with
other long-tailed classification methods as an independent component. Experimental results on datasets ImageNet-GLT and
MSCOCO-GLT show that, the proposed method achieves the best performance,and existing methods all gain an improvement of
2% ~8% in Topl-Accuracy metric by integrating with this framework.

Keywords lLong-tailed classification,Imbalance learning,Invariant feature learning, Multi-granularity joint problem solving
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Fig.5 “Garage” category has multiple trees in its CLF(this

represents the huge differences among the samples)
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Table 1 Performance comparison of various methods on ImageNet-GLT benchmark
(¢79)
3L CLT H il (% RAR. o & [ A F) GLT Wit (4 R X CE# & R %))

57 % Sk # % il S B A% P ES il S JE % A%
Baseline 58.39138.35  36000/52.15  13.98/55.34  41.65(47.11  50.70[32.50  27.80[43.99  10.18[47.70  34.32[39.95
BBNL14J 62.66143.45  44.36/55.44  14.66/57.57  47.22[50.96  53.37[36.45  34.97[46.81  10.73[46.08  38.70[42.56
BLSoftmax23 54.03147.07  41.65146.83  28.37/37.58  44.61(45.54  46.45[40.45 32.67[38.59  21.38[29.57  36.49[37.98
P Logit-Adjt6] 53.30149.05  43.49]44.12  31.86[35.00  45.67[44.72  45.43[41.75  34.2[35.90  24.58|27.78  37.25|37.02
B GLTv18] 62.51142.32  38.69/57.23  17.41/65.00  45.03(52.43  54.40[36.23  30.18[49.61  12.64[55.47  37.24[45.14
* Baseline+ Ours 62.84[42.82  39.62[57.25 18.61/61.55 45.76/52.12  54.53|36.47  31.30[49.99 13.80[58.27  37.97/45.82
* BLSoftmax+ Ours  58.37153.88  44.98|51.97  33.82[39.05  48.66/50.80  49.92[46.89  36.11[44.31  26.14[30.03  40.14[43. 20
* Logit-Adj+Ours ~ 43.30[75.13  41.19/59.08  45.43[27.11 42.92/60.70 36.01[70.18  32.6/52.48  36.26/21.76 34.51/54.95
Mixupt3t] 60.14138.02  31.46/56.67  7.59/32.82  39.35[45.63 51.68[32.21 23.87[48.25  5.47[28.27  32.23|38.84
fz & RandAugh3?] 64.14142.23  40.10[58.27  14.96[59.51  45.94[52.04  55.70[35.87  31.61]/50.15 10.20/47.29  38.03/44.01
i * Mixup+ Ours 67.86147.90  45.50[62.76  24.98(67.56  51.37[57.54  59.28[40.95  36.16/54.09 17.63|57.72  42.63/49.38
* RandAug+Ours  69.12[49.31  47.64163.08 26.97/67.01 53.13(58.16 60.85/42.30 38.46/55.21 19.90(60.11 44.63(50.78
TADE3%] 57.30155.22  46.85/50.29  34.69/37.93  49.21[/50.41  49.61[48.19  37.55[42.59  27.52[32.21  40.87[43.28
(%73 RIDEL36] 63.18151.44  47.67152.55  29.91/47.38 51.21[51.33  54.83[44.02  38.25[44.20 22.77[38.12  42.56[43.21
E&id * TADE+ Ours 60.69155.15  48.15[52.22  33.38[42.12  50.95[51.88  52.77[48.15  39.09/44.06 26.51/33.32  42.68/44.08

* RIDE+ Ours 64.83[54.60  50.95/56.21  33.28/50.15

53.85(54.66 57.10(47.63  42.00(48.42  25.50(41.23  45.57/47.03
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Table 2 Performance comparison of various methods on MSCOCO-GLT benchmark
0
e CLT il (4 R A R QA& [ Rk 5)) GLT W (4 RA R Qa2 | K %))
%7 % P ES %k |5 E S ESES il JE s % 33

Baseline 81.27(71.08  74.13|76.06  50.17[85.61  71.88[76.15 74.59/64.82  66.25/69.08 35.75[77.22  63.10/69. 14

BBNC!4] 83.59170.21 76.13176.3  47.25/90.98  72.98|77.02  75.36[61.97  68.29168.61 31.75/81.38  63.41[68.73
BLSoftmax23 80.77171.87  75.67169.94  45.25[90.08  71.31/74.84  73.23[65.13  68.63/62.64  32.08/79.6  62.81/67.09

o Logit-Adjt6] 81.55/73.95  76.00/75.55  60.83[82.04  74.97/76.28  73.64[66.98 68.71/67.61 46.58|70.69  66.00/68.01
E¥& GLTv18] 82.45[73.09  76.42[79.53  55.58(86.87  74.40[78.60  76.41[67.07  67.33]70.54  39.75/81.02  65.07/71.39
* Baseline+ Ours 83.00(73.95  77.88(80.48  55.92(90.08  75.28/79.99  76.91/68.24  67.50|71.41  39.67[80.33  65.31/72.05

* BLSoftmax+Ours ~ 83.00[74.17  78.37[76.24  53.92[86.51  75.07[77.58 75.86/67.98 70.46/68.14  40.08/80.26  66.22/70.59

* Logit-Adj+Ours  82.68/77.16  80.17|75.45  59.17[83.54  76.78|77.77  75.14/70.56  71.54[66.34  45.83|73.90  67.59/69.50
Mixupl3t] 82.41172.95  73.12179.53  54.33/87.47  72.76/78.68  74.64[66.43  65.33/71.00 36.00[78.11  62.79[70.74

fz & RandAugt3?] 84.23174.33  77.42[79.28  56.33[87.07  75.64[79.01  77.91[68.56  69.67/70.95 39.58|78.43  66.57/71.59
o * Mixup+ Ours 85.00176.96  81.42[83.19  63.33[88.89  79.03[82.01  79.23[70.89  72.25/74.84 46.50/80.62 69.57|74.54
* RandAug+Ours  86.55/78.31  81.50182.82  62.42/90.29  79.47[82.65 79.05[69.93  72.92[74.51  44.33(81.82  69.33|74.28
TADE!33] 83.55(76.47  80.79173.89  50.50[89.34  75.57[78.06 77.18[68.62  71.58/65.63 33.50/82.32  65.83|70.22

o RIDE36] 84.23177.56  82.29177.79  58.42189.69  78.09(80.16  77.45[71.20  75.17168.67  41.25[83.33  69.02[72.66
& * TADE+ Ours 85.59177.48  82.25[77.85  55.08]90.40  77.90[80.31  79.00[70.54  73.96/68.94  40.67/83.65 68.98/72.59
* RIDE+ Ours 86.27(79.64 83.13(79.89  63.50/90.41 80.26/81.98 80.09/72.77 75.17|71.45 47.83[83.03  71.38|74.34
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Improvement of mainstream long-tailed classification methods by Cognisance framework
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Table 3 Performance comparison of various methods on long-tailed test set of two benchmarks

%)
Ik ImageNet-GLT MSCOCO-GLT
i 35 R EHF Lk S F1-Score * EHFE L kS F1-Score *
Baseline 53.93 44. 46 48.74 85. 74 79.98 82.76
BBNL!4] 58. 60 48.9 53.32 84. 84 78. 04 81.30
BLSoftmax-23] 51.73 41.97 46. 34 83. 69 73.81 78. 44
i Logit-Adjt6] 50. 94 40.58 45.17 85. 28 73.6 79.01
ER i
GLTv18] 58. 28 50.43 54,07 86.67 81. 88 84.21
* Baseline+ Ours 58.85 50. 98 54.64 86. 86 81.24 83.96
* BLSoftmax+ Ours 56. 24 47.58 51.55 86.55 78.48 82.32
* Logit-Adj+ Ours 13.61 55.15 18.71 85. 52 73.36 78.98
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(832
ok ImageNet-GLT MSCOCO-GLT
i f 48 AR EHE W E  Fl-Score” GRS W E  Fl-Score”

Mixupl3t] 55.25 46.76 50. 66 86.95 82.00 84. 40

5B RandAugl3%] 59. 88 51.28 55. 25 87. 64 81.02 84. 20

i * Mixup+ Ours 64.09 56.57 60. 09 88. 81 81.55 85.03

* RandAug+ Ours 65.15 56.85 60.72 89.12 84.02 86. 49

TADEL33] 55. 21 16.52 50. 49 86.57 79.91 83.10

BB RIDE36] 60.17 48.28 53.58 88.03 81.79 84. 80

E&id * TADE+ Ours 58.06 47. 44 52.21 88.00 81.72 84.74

* RIDE+ Ours 62.11 50. 80 55.89 89. 02 81.85 85.28
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