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, Semi-Supervised Learning

* Learning a classifier from labeled and unlabeled examples

0O o SSL Algorithm
) ()
O — Supervised loss —>
O O Unsupervised loss
o ()

* The most representative method: FixMatch

B

1 B ;
Z (Pos P (y | () ;{B > L(max(gs) > 7) H(dp, pn(y | A(us)))

b=1

* An implicit assumption: the data is class-balanced.
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'Motivation

* However, the real-world is class-imbalanced...
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Places [Wang et al. 2017] Species [Van Horn et al. 2019]
There are much more There are much more “dog”
“dining room” than “library” than “panda”
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'Motivation

* By adopting a fixed threshold, the sota SSL method suffers
from overfitting to majority classes, leading to a low recall
rates on minority classes.

100 .
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(a) Imbalanced Dataset (b) Test Recall (%)

* Solution: class-dependent threshold
o Using an adaptive class-dependent threshold to select pseudo labels.



' The Proposed Method

* Reformulation of SSL objective function

N K
. 1 l
min Z Z —yiklog f(y = k|la(x;);0)

y.s,0

i—1 k=1
S is used to control how M K
rrI:any pseudo labels should +% Z Z[_Z’;’i,k log f(y = kla(x;'); 0)
be selected for class k. —— ==L
= skBik]|
st. ¥ = [§i1,-,0ik] € {0,1}F
0<1'y; <1

sp >0, VI<E<K

* |t requires to answer the following two questions:

o Why s, can be regarded a class-dependent threshold ?
o How to find the optimal s}, ?




' The Proposed Method

e Adaptive threshold

Given a model f, it satisfies

L ik — argmax £ = (<) 0
exp(—sk)

di={ S =Hab)io) |
exp(—sk)
|0, otherwise.

=k'|a(x%):0
Lemma 4.2. Ifexp(si — sp/) > J}(();:k]la((x;i));e)) holds for

all k and k' that satisfy f(y = kla(x});0) > f(y =
f(y:kl(cr(XE‘));B)
exp(—sk

E'la(x); 0), then we have: argmax
argmax f(y = k|a(x}'); 0).

fly=F|a(x}):0) : :
If exp(sk—si) > Fi—raxtyo , the adaptive threshold can be obtained

[(max(q;) > exp(—sgu))




' The Proposed Method

* Finding the optimal s,
o |f the ground-truth label distribution is known

The threshold s;, can be solved has the same class distribution
as the ground-truth y~*

> I(f(y = klo(x});0) > exp(—si))

i=1 _ Zi\il y:@

M " T =T

_ Zi:] I(f(y = 1|0‘5(xi );0) > exp(—s1)) ’
Yk

o |f the ground-truth class distribution is unknown

The threshold s, can be solved to make sure the same
percentage of pseudo labels are selected for each class

>oity I(f(y = La(x¥);0) > 1)
length(Ch)

p:




Experiments
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Table 1. Comparison of classification performance (Accuracy (%)) on imbalanced CIFAR-10 dataset under three different imbalance ratio:
v = 50, 100, 150 and two different numbers of labeled data: N; = 1500, M7 = 3000 and N1 = 500, M; = 4000. The best results are

indicated in bold.
Imbalanced CIFAR-10 Dataset
N7 = 1500, M7 = 3000 N7 = 500, M, = 4000
Algorithm v =50 v = 100 v = 150 v =50 v = 100 v = 150
Supervised 65.23 £0.05 5894 +0.13 55.63 +0.38 | 51.31 £0.34 4582 +041 40.90 &+ 0.39
CBL 65.52 031 58.52+045 5236+0.58 | 51.94 +0.71 4622 +092 4158 +1.24
Re-Sampling | 64.53 +0.39 56.34 +042 53.214+0.51 | 51.96 £0.65 48.13 £1.25 40.26 +1.88
cRT 67.82+0.14 6343+£045 5956+£044 | 56.28 =1.45 48.11 £0.79 45.02 = 1.08
LDAM 68.91 £ 0.10 63.154+0.24 58.68 +0.30 | 56.41 £0.92 49.27 £0.88 45.10 £ 0.75
Mean-Teacher | 68.84 £ 0.82 61.33 £0.28 5479 £0.31 | 56.34 £ 1.68 4855 +0.77 4532+ 1.20
MixMatch 7359+ 046 6503+026 6271 +£0.29 | 6532+ 1.20 5641 +£196 52.38 1+ 1.88
ReMixMatch | 7896 £0.29 7288 +£0.12 68.61 =040 | 76.83 £0.98 70.12 £ 1.23 59.58 +1.30
FixMatch 79.10 £ 0.14 71504+ 0.31 68.47 £0.15 | 77.34 £0.96 68.45 £094 60.10 = 0.82
DARP 81.60 £0.31 7523+0.14 6931 +0.26 | 76.72 £0.46 69.41 +0.50 61.23 +0.31
CReST 82.03 £0.26 7508041 69.841+0.39 | 76.18 £0.36 69.50+=0.70 60.81 = 0.55
Adsh 8338 £0.06 76.52+0.35 71.49+0.30 | 79.27 £0.38 70.97 £0.46 62.04 = 0.51
_ M _ M,
Bl Ni Tu Mg
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,Experiments
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(c) Hyper-Parameter Sensitivity
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88.91 = 0.32
89.34 £+ 0.20

67.43 £ 0.43
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