RETHINKING CLASSIFIER RE-TRAINING IN LONG-TAILED RECOGNITION:
LABEL OVER-SMOOTH CAN BALANCE

The example of how the classifier works
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(a) Vanilla Cross-Entropy (CE). “Many” class logit 2.58 is larger than the ground truth
“Few” class logit 1.69, leading to the misclassification.
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(b) LOS (ours). “Few” class logit 1.57 outperforms the other classes.

The blue columns represent the logits of the true samples of current
class, while the red columns correspond to the logits of the non-true samples.

Abstract of This Paper

In the field of long-tailed recognition, the Decoupled Training paradigm
has shown exceptional promise by dividing training into two stages:
representation learning and classifier re-training. While previous work
has tried to improve both stages simultaneously, this complicates
isolating the effect of classifier re-training. Recent studies reveal that
simple regularization can produce strong feature representations,
highlighting the need to reassess classifier re-training methods. In this
study, we revisit classifier re-training methods based on a unified feature
representation and re-evaluate their performances. We propose two new
metrics, Logits Magnitude and Regularized Standard Deviation, to
compare the differences and similarities between various methods. Using
these two newly proposed metrics, we demonstrate that when the Logits
Magnitude across classes is nearly balanced, further reducing its overall
value can effectively decrease errors and disturbances during training,
leading to better model performance. Based on our analysis using these
metrics, we observe that adjusting the logits could improve model
performance, leading us to develop a simple label over-smoothing
approach to adjust the logits without requiring prior knowledge of class
distribution. This method softens the original one-hot labels by assigning
a probability slightly higher 1/K to the true class and slightly lower than
1/K to the other classes, where $K$ is the number of classes. Our
method achieves state-of-the-art performance on various imbalanced
datasets, including CIFAR100-LT, ImageNet-LT, and iNaturalist2018.
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Logits Magnitude and Regularized Standard Deviation
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Figure 3: Overview of our proposed metrics. Left: Overview of Logits Magnitude for various
methods on CIFAR100-LT with an imbalanced ratio of 100. Classes are grouped into segments of 10,
and mean values are computed for comparative analysis. The methods in the legend are sorted in
ascending order of performance from top to bottom. The difference in means between samples
from true and non-true classes is evaluated for each class in the test set. Magnitude regularization
using the 1-norm is employed to enhance comparability. Right: Overview of Regularized Standard
Deviation. The true distribution of logits z for each class is not available considering the lack of the
samples, so the displayed results represent computations on the test set.

Label Over-Smooth

Suppose the number of the categories is K. Given the input image x and label y, feature extractor
backbone f(-) and classifier § = (W, b), the formulation of our “Label Over-Smooth” is as follows:
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where 6 € [0,1) is a constant value to control the overall non-true class probability. Interest-
ingly the above formulation is fundamentally consistent with the conventional Label Smoothing
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Rethink

Methods Formulation ‘ All Manl;ccu;/?ec({ium Few

Vanilla FC | =W, f(x) | 48.44 7874 4737 1433

Vanilla Cosine | =W, /|IW,T|| - Fx)/|lf(x)|| - 1/7 5220 7721 5052 24.98

Learnable Weight Scaling (Kang et al.|[2019 ‘ gi = c¢; - W' f(x), where c; is learnable | 48.99 78.51 47.51 16.26

LDAM Loss (Cao et al.|2019 | = WiT f(x)—1{i=y} C/n] | 5294 7237 5431  28.67

Balanced-Softmax Loss (Ren et al.|2020} | =W, f(x) + log (n;) | 5223 77.63 5074  24.33

Re-Sampling (Shen et al.|[2016 | rs(d) o 1/nL s(7) is the sample ratio of class i | 48.44  78.74 47.37 14.33

Focal Loss (Lin et al.;[2017 | 7(y) = (1 —py)”, Py is the predicted probability of y | 50.94  78.00 49.97 20.50

Class-Balanced Loss (ICui et al.|[2019 ‘ r(y) = (1 — )/ (1 — 3;) applied with BCE loss ’ 53.31 70.88 50.25 36.41

MaxNorm (Alshammari et al.|[2022 | [|W;]|3 < 62 | 51.64 77.60  49.37  23.99

7-normalized (Kang et al.[[2019 | hi = (Wi Wil f(x) | 5301 7474 4731 3430

Post-hoc Logit Adjustment (Menon et al.||2021} | h; = W, f(x) — 7log (n;) | 5245  75.57 47.71 31.00

How does imbalance occur
The expected value of probability s can be expressed as:
, 1 1
Blsil = > 4 ] =K [Zj (B —A0) oz —2) ] ' (8)

In the balanced datasets, expected with Ry ~ Ry ~ - - = Rk, (R;L; — R;L;) is close to zero.
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where E[exp (A; — A,;)] can be considered as a constant £. See the Appendix |C|for a detailed
analysis of the approximation. For balanced datasets, the impact of disturbances 1s consistent across

different classes 1.
Els;] / E[s;] ~ 1/€. (10)

However, for imbalanced datasets, Eq.[9]no longer holds. There is a significant disparity in the values
of exp (A; — A;) for different class j. If R; < Ry, Elexp (A; — A;)] < Elexp (Ax — A;)]. For
instance, when € follows a normal distribution we have
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CIFAR100-LT ImageNet-LT iNaturalist2018
Method Reference || 1p_100 IR=50 IR=10 | Many Medium Few All | Many Medium Few All
_ 383 438 557 || 659 375 77 444 | 722 630 572 617
ICCV17 || 384 443 557 | 364 299 160 305 | — — — 6Ll
NIPS19 || 420 466 587 | — — 488 — _ —
ICLR19 _ — — || 61.8 462 273 496 || 690 660 632 652
ICLRI9 | 47.7 525 638 | 59.1 469 307 494 656 653 655 65.6
CVPRI9 | 396 453 580 || 396 327 168 332 | 534 548 532 540
NIPS20 || 441 503 596 | 627 488 316 518 — _ —
NIPS20 || 50.8 — 630 || 61.1 485 318 509 | 655 675 675 672
CVPR20 | 426 470 591 || — — — || 494 708 653 663
ICLR21 20 470 577 || — _ — sL1 || — _ 694
CVPR21 — — — || 613 522 314 529 690 711 702 706
. CVPR22 || 534 577 687 || 625 504 415 539 | 712 704 697 702
Chen et al.|[2023) ICCV23 || 488 518 601 | — — 495 | — _ 684
|w ICML23 53.1 57.2 — 64.8 49.6 342 533 — — — —
ICLR24 | 530  — — | 634 500 351 532 — _ EE
LOS (ours)y | 549 588 697 | 632 507 423 544 692 707 713 70.8

Elexp(A; — Ai)] = exp((0(A; — A4))?/2), (11)
Plug-in with other methods
CIFAR100-LT ImageNet-LT

Method ’ Reference | 1p_100  IR=50 R=10 H Many Medium  Few All
Vallina CE + LOS (ours) | | 549 58.8 697 | 632 50.7 423 54.4
RIDE (Wang et al.]2020b) | ICLR20 49.1 — — 67.9 52.3 36.0 56.1
SSD (Li et al.| 2021} ICCV2I 46.0 50.5 62.3 66.8 53.1 35.4 56.0
PaCo (Cui et al.]2021 ICCV21 52.0 56.0 64.2 63.2 51.6 39.2 54.4
BCL (Zhu et al. CVPR22 | 510 54.9 64.4 65.3 53.5 36.3 55.6
NCL (Liet al.[2022a CVPR22 53.3 56.8 — — — — 57.4
GML (Suh & Seol[2023) | ICML23 53.0 57.6 65.7 68.7 55.7 38.6 58.3
ProCo (Du et al. 4 TPAMI24 52.8 57.1 65.5 — — — 58.0
RIDE+LOS(ours 502(+1.1)  — — 66.9(-1.0) 53.2(+0.9) 37.9(+1.9) 56.5(+0.4)
SSD+LOS(ours) 473(+1.3) 514(+0.9) 63.1(+0.8) || 66.2(-0.6) 53.8(+0.7) 36.7(+1.3) 56.3(+0.3)
PaCo+LOS(ours) 52.9(+0.9)  56.8(+0.8) 653(+L.1) || 62.7(-0.5) 525(+0.9) 41.2(+2.0) 55.0(+0.6)
BCL+LOS(ours) 522(+1.2)  56.0(+1.1) 65.1(+0.7) || 64.7(-0.6) 54.1(+0.8) 28.1(+1.8) 56.1(+0.5)
NCL+LOS(ours) 54.1(+0.8) 57.5(+0.7) = — — — —  577(+03)
GML+LOS(ours) 540(+1.0) 58.4(+0.8) 66.6(+0.9) || 68.0-0.7) 55.7(+0.6) 40.7(+2.1) 58.7(+0.4)
ProCo+LOS(ours) 53.9+1.1)  58.0(+0.9) 66.7(+1.2) — — —  585(+0.5)
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Code Available at
https://github.com/Thinklab-SJTU/LOS
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