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Motivations
Two critical limitations exist in Logit Adjustment (LA) design:

Main Experimental Results
Comparison with other LTSSL methods
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(1) Reliance on simple frequency counting may overestimate the prevalence of head classes due to et CIFAR-10-LT CIFAR-100-LT
sample redundancy, leading to harmful over-suppression (red line in Figure (a)); CON UNI REV MID HT CON UN REV MID Hr
, , , , , Supervised |53.27 £8.94 61.18 +2.74 61.73+2.55 53.48+8.66 53.64+884 [47.124+1.65 47.09+1.66 4695+ 1.63 46.83+1.58 47.01 + 1.59
(2) Ignore the mterplay between class-wise adjustment and overall adjustment (Figure (b)). FixMatch | 71.93 + 405 7124+ 258 6830+3.14 70.10 + 435 66.50 + 6.84 |55.89 + 1.94 47.40 + 1.66 55.83 +2.03 55.65+2.01 56.59 + 1.94
. C10 with y; = 100 —— C10 withy; = 150 Logit Adjustment-Based
 C100withyy = 10 —— C100 with y; = 15 ACR 80.89 +2.92 82.16+ 1.02 83.49+ 1.15 79.74+4.75 7842 +4.45 |5831+1.77 4898+ 1.45 59.21+ 1.17 57.66 + 1.64 58.76 + 1.31
CPE 80.28 +3.18 82.59+ 1.13 84.01+ 0.91 80.80 +3.05 79.63 +3.86 |53.12+2.19 46.89+ 147 5861+ 1.12 54424235 57.15+ 1.56
. . Meta-Expert |81.33 +2.53 83.12+ 1.09 85.03 + 0.54 80.85 +3.20 79.87 + 3.44 |54.60 +2.21 47.85+ 1.55 5859+ 1.74 55.09 +2.08 57.64 + 1.75
Tail Class 8 " Sim-Pro 81.57 +2.29 80.86 + 0.83 74.71+1.57 77.69+4.22 76.78+2.95 |58.30+1.60 48.06+1.78 57.36+1.89 57.55+ 1.69 58.36 + 1.57
3 o Loss Reweighting-Based
> DeBiasPL | 72.51+ 4.40 71.64+3.13 68.68+3.50 70.67 +4.63 67.30 +7.04 |56.37 + 1.74 47.92+1.67 56.60 + 2.09 56.16 + 1.73 56.98 + 1.69
§ e SAW 76.57 +3.73 81.34+ 0.69 74.83+ 156 7439 +4.97 76.70 +2.40 |57.09 +1.72 4820+ 1.62 57.50+1.72 56.93 + 1.93 57.87 + 1.83
3 S r . :; — Resampling-Based
7 als. N | | ABC 80.15+ 2.57 81.08+ 0.88 81.83+1.01 78.70+4.23 79.40 +3.21 |57.06 + 1.56 49.07 + 1.52 5848 + 1.14 57.31+1.70 58.75+ 1.57
\ ’ Olverall azdjustme;t ) CReST 75.16 + 3.84 82.00 + 1.56 83.60 +2.69 79.78 +4.02 77.71+5.93 |56.18+ 1.71 47.50 + 1.63 57.95+ 1.51 57.47 + 1.37 56.43 + 1.49
Data Mixing-Based
(a) Long-tailed binary classification (b) Relations between adjustment and ACC BEM 7527 +3.76 80.07 +1.53 77.77 +1.96 80.29 + 3.45 73.37 + 436 |57.58 + 1.67 49.22 4+ 1.27 5830+ 1.67 57.45+ 1.79 58.05 + 1.51
) . ) ) ) ) CoSSL 80.52 +2.59 79.42+ 1.64 7438+ 234 79.32+3.44 72.55+4.34 |56.90+1.33 49.57 +1.36 57.23+1.80 57.30+ 1.55 58.06 + 1.68
De-Duplicated Distribution Estimation (DDDE) e —
DDDE resolves over-suppression by quantifying the Effective Number (EN) of samples using the DARP 7411+ 3.48 71.59+2.72 68.84+3.06 70.80+4.37 67.08+6.80 |56.73+1.66 47.82+1.60 5639+ 191 55.82+1.99 5693+ 1.84
RDA 7314 +3.42 7751+ 1.03 71.80+1.38 64.58 +5.04 70.84 +4.03 |56.32+1.99 47.64+1.81 56.16 + 1.86 55.53+2.31 57.06 + 1.97
effective rank (erank) of feature representations: Others
: ~ - DASO 7016 + 4.74 7475+ 1.94 7647 +1.72 6832+558 68.61+539 [57.32+1.82 4789+ 159 5793+ 197 57.27+1.84 58.16 + 1.92
(1) Gather the representations of high-confidence samples for each class to form a feature matrix Z,, . CoLA (Ours) [81.87 +2.70 83.66 + 1.29 85.61 + 1.56 81.86 + 3.41 80.65 + 3.32(59.04 + 1.59 50.26 + 1.23 60.39 + 1.22 58.71 + 1.58 59.89 + 1.45

(2) Compute the singular values of Z,, to determine the energy distribution.

(3) Use the exponential of the Shannon entropy of this energy distribution as the effective rank: Ablation of DDDE and LMC

m Dataset CIFAR-10-LT CIFAR-100-LT
y
erank(Z, ) = exp (_ E p(i) 10gp(i))_ (kmax, kmin)| ~ (1,10) (~~) (10,1) (5,10) (10,5) (1,100) (100,1) (~~) (50,100)  (100,50)
i=1 VoY) (100,100)  (100,1)  (100,100)  (100,100)  (100,100) | (10,10) (10,1) (10,10) (10,10) (10,10)
(4) Normalize the effective counts across all classes to yield a robust, de-duplicated estimate of the w/o D-1 83.12 82.03 80.57 82.34 81.30 56.23 48.07 59.33 55.69 57.83
L A w/o D-2 83.56 82.31 83.42 83.06 82.11 55.41 47.68 59.02 55.84 57.59
unlabeled class distribution Py, (y): w/o D-4 82.64 81.39 75.44 81.27 79.25 53.32 46.05 57.36 54.22 56.14
p — /o D-L 84.66 83.38 84.77 84.50 83.86 60.16 50.63 60.79 59.64 60.18
Py (y) = erank(Z,)/ Yey erank(Z,,). wio
w/D-L (Ours)|  85.04 84.83 86.84 85.16 84.42 60.42 51.28 61.40 60.10 61.17
Logit Meta-Calibration (LMC) Visualization of pseudo-label accuracy variation
LMC formulates the overall adjustment strength 7 as a learnable parameter rather than a static guess: 3z ! 08 , Ly 08 08
2 ,
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(2) The optimal strength 7~ 1s then found by minimizing the Cross-Entropy (CE) loss on this proxy set: 3 ol 0 SR P | 0 _
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T = argmln—zi=1 LCE (yl , g(z(a(xi )) — T - p)) Epoch Epoch Epoch Epoch Epoch
T 4 (a) Consistent distribution (b) Uniform distribution (c) Reversed distribution (d) Middle distribution (e) Head-tail distribution



