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Motivation Align and Distill Everything All At Once

Long-tailed Semi-supervised Learning (LTSSL) | |
We propose ADELLO, a simple flexible method for LTSSL:

* Aligns the model with the correct prior, dynamically estimated from

0.4 pseudo-labels
0.3 * Progressively debiases the model during training
<'0.2 * Leverages all data samples with hard and soft pseudo-labels
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Poorly-calibrated probabilities Consistency:
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(after warmup):

T = exp(KL(PoallQ))
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Theoretically-sound: approximation of bayes-optimal classifier!

- y,
- y
-
- ~y
- ~
- -y
- _y
- _y
-
, - N\
- -y,

Adaptive! (no need Full data Callbrated @
of predefined priors) utilization! model! 7~ Resu Its = CIFARIO-LTIO0 = CIFAR100-LT20 STLI0-LT2Q -
o\o J FIXIVIatC . FIXVlatc FIXIVIatcC
=22 38 = .
S 5 30- *
Balanced accuracy ~ 18 y 2 < » " 23 3
CIFAR100-LT y; =50 ImageNetl127 IR =286 Resolution % }461_ * 1. 2 ?(5)
Method 32 x 32 64 x 64 S., 4 | : |
=12 30 10
56- . m 8 1()_‘)ulrs | | | | | pulrs | | | I‘)urs | | | |
gw FixMatch [58 20F 423 20 22 24 26 28 30 54 55 56 57 58 25 30 35 40 45
S 54 +DARP [29]" 30.5 42.5 —~1g, CIFARI00-LT50-50 _ CIFAR100-LT50-1 - CIFAR100-LT50-0.02 |
> +DARP +cRT [29]1 39.7 510 S * 3 . . * « FixMaich
Q 52 : — 30 1. 36 o| @ DARP
= +CReST+ [68] 325 44.7 S 34 < .o | ) " . ¢ CREST+
50 +CReST+ +LA [68] 40.9 559 4 32 : — o o ’ 3 .| <DePL
gg i m DAL+ ACR ¢ Ors +CoSSL [16] 437  53.8 230 26 ol o
50 20 10 1 .1 .05 .02 +UDAL (amin=0.55) [3 [— 402 494 g 32 purs 24- A e )
Imbalance Ratio (V) +UDAL (omin=0.1) [37]  44.1 523 Chd \ 22| purs Sclours A
+ADELLO (ours) 475 58.0 51 52 53 54 55 42 44 46 48 50 52 54 56 48 50 52 54 56 58 60
Robust " Misclassification Error (%)  Misclassification Error (%) Misclassification Error (%)
ODUST perirormance even :
P . SOTA accuracy for challenging large- ADELLO achieves strong
under an increasing degree scale datasets under consistent case . . . Better-calibrated models tend to
confidence calibration

of distribution mismatch improve LTSSL performance!

across all datasets
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