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Abstract Long-tailed recognition is one of the most challenging problems in computer vision. Long-tailed rec-
ognition has a wide range of applications in the real world, and it is of great significance to study long-tailed
recognition. For long-tailed distribution data, due to the unbalanced sample size between classes and the lack
of sufficient training samples for the large tail classes, it is difficult to find a clear boundary between classes
during the training process. To address this issue, we combine meta pre-training and supervised contrastive

learning, and propose MBCP-BB ( meta balanced contrastive pre-training and batch balance), a long-tailed
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recognition method based on a balanced contrastive learning strategy. MBCP-BB adopts a decoupled learning
method for model training: A feature extractor with excellent feature representation ability is obtained through
pre-training, and in the fine-tuning stage, the feature extractor is fixed and the classifier is retrained. This
method highlights the importance of feature learning, and designs a balanced contrastive learning strategy to
guide the feature learning process, so that supervised contrastive learning techniques can be effectively applied
to long-tailed recognition scenarios. When performing feature learning, first reduce the samples of the head
classes appropriately, and use the few-shot image generation technology to generate new samples for the tail
classes; then use the class prototype of each class as supplementary samples for training. In the decoupled
learning training mode, the potential of the feature extractor and classifier is fully mined, and the training
process of the classifier is greatly simplified while enhancing the feature learning ability of the model. A large
number of experiments are carried out on several long-tailed benchmark datasets, and compared with seven

representative algorithms from multiple perspectives, the experimental results show that the proposed method is

superior to the compared algorithms.
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Tab.1 Experimental results compared with other methods on CIFAR-LT

CIFAR-10-LT CIFAR-100-LT
i

y =100 y =50 y=10 y =100 y =50 y=10
CE 70. 36 74. 81 86. 39 38.32 43.85 55.71
Focal loss [ 70. 38 76.72 86. 66 38. 41 44.32 55.78
CB-Focal ™' 74.57 79.27 87.10 39. 60 45.17 57.99
CE-DRW ' 76. 34 79.97 87.56 41.51 45.29 58. 12
CE-DRS "/ 75. 61 79. 81 87.38 41.61 45.48 58. 11
LDAM-DRW """ 77.03 81.03 88. 16 42. 04 46. 62 58.71
M2m [ 79. 10 - 87.50 43.50 - 57. 60
MPBB (ours) 75. 68 79.93 87. 62 43. 66 46.93 58.97
MBCP-BB ( ours) 79. 30 82.16 88. 56 44.83 48. 36 61. 05
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Tab.2 Experimental results compared with other methods on

ImageNet-LT

T ImageNet-LT
OLTR™ 37.9
CE 44.3
LDAM-DRW [ 48.8
r-normalized!”’ 46.5
¢RT! 49.6
Lws!” 49.8
MPBB (ours) 50.3
MBCP-BB (ours) 51.1
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Tab.3 Results of ablation experiments using different strate-

gies on CIFAR-100-LT

CIFAR-100-LT

g

y =100 y=50 y=10
None 38.53 43.96 55.87
SC-CE 42.35 45.89 59. 18
BCP-CE 43.58 47.13 60. 12
MPBB 43.66 46.93 58.97
MBCP-BB(No 8)  44.52 47.99 60. 81
MBCP-BB(§) 44.83 48.36 61.05

3.4.2 AP ABGRAY-BR E 6904 sk R I

AL E SRR AESE T AN A RAE SRS X I3 et
YIZRIISENR , LI 45 R T4 4 ho

FEIGSZEG 43 ) 2R T Bl AL AR 4 SR A AL Tk
A SRR RN 2 et . R4 ISR R
BT, el LT A )1 2 SR s R LA SRAS B 4 118 S 5
RO A0 LU REAL S RAE N R 2 S B 4
1 0.97% % 2.98% , (& 8.9 N, &k —
I3 BT R AP AR, 5 TP 1 255K
W& SRAS 1 PF BB P 34 8l i 2 5 IRl I, 7E CIFAR-
100-LT I, P Fl 58 W& (%) 85 B2 A 22 1.89% ~
2.98% | M 7EZ BIBCE 5 /019 CIFAR-10-LT I K
JE2 AR 0.97% ~2.28% , 3% i W HL U P il
S AW 18 ST AT A5 A 2 v M B 4K R 2 )
25 bR 7R [ FRAE SR R A IS O T, FE k-
VIR WG BEHE— 20 L k73 28 &5 1 U1 e, AT S A
UL Z i PR R 25 .
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Tab.4  Applying different sampling strategies for classifier training on CIFAR-LT
CIFAR-10-LT CIFAR-100-LT
M
v =100 v =50 vy =10 y =100 v =50 vy =10
Random sampling 77.02 80. 38 87.59 41.85 45.8 59.16
Batch balance 79. 30 82.16 88. 56 44. 83 48. 36 61. 05

=batch balance
srandom sampling

100

Es
® 50
B
i

10 <>

0.97
70 75 80 85 90
Top- 14 &
& 8 7E CIFAR-10-LT | A4 Top-1 ¥ Xt L
Fig.8 Top-1 accuracy comparison on CIFAR-10-LT
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Fig.9 Top-1 accuracy comparison on CIFAR-100-LT
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