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Contributions

» A simple yet effective training framework called Meta-Threshold (Meta-T), which
 does not leverage prior knowledge to preset adjust function for thresholds
 contains one hyperparameter, thus does not require complex cross-validation.

» Learning algorithm

Shandong University, Nanyang Technological University
Contact: 1998v7/@gmail.com

Qi Wei, Lei Feng, Haoliang Sun, Ren Wang, Rundong He, Yilong Yin

Algorithm 1 Learning algorithm of Meta-T.

Require: Unlabeled/labeled data D"/ D! batch size n, a coefficient 1, max iterations T .

Ensure: Classifier network parameter w(T),
1: Initialize w(®) for classifier network and ©(?) for TGN.

2: fort=0to7T —1do

3: Random sample {(x},y}), ..., (x%,y4%)} from D! and {x1, ooy X(yxn)} from D®.
» Theoretically provide the convergence of Meta-T which enjoys a rate of 0(1/62). 4 Calculate W) (0©). > Eq. (6)
. , , 5: Update ©#+1) > Eq. (7)
» Meta-T be applied to solve both the conventional and imbalanced SSL tasks. & Updatew®), > Eq. (8)
7: end for
Motivation and Framework Experiments
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Solving the nested optimization problem contains three steps:

[1 Sensitivity analysis
(1) Formulating learning manner of classifier network

(a) CIFAR-10 w/ 40 labels (b) CIFAR-100 w/ 2500 labels (c) CIFAR-10 w/ 40 labels (d) CIFAR-100 w/ 4000 labels
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