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The prevailing sample selection methods have many shortcomings.

Sampling methods in SSL:

Random sampling may introduce
imbalanced class distributions
Stratified sampling is impractical in
real-world scenarios
Representativeness or diversity only

sampling (see Fig. 1)
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Fig. 1. Visualization of selected samples from a dog dataset
using representativeness or diversity sampling methods.
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Sampling methods in AL/SSAL:

Begin with random samples
Coupled with model training

Human in the loop
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Fig. 2. AL-based sampling methods.
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Strategy: a-Maximum Mean Discrepancy

*  Our goal can be formulated by solving: max_Rep(Xj ,Xp) + ADiv(X;_, Xy,),

Imc[n]
where Rep(-,-) and Div(-,-)quantify the representativeness and diversity of subdata respectively,
and A 1s a hyperparameter to balance the trade-off between representativeness and diversity.

* Quantification of representativeness and diversity

Rep(X; ,Xn) = —MMDZ(X;] , Xn)

Zz:k(xl,x]) - 2 z k(xi %) +—z 2 kGox), (1)

=1 j= €I JEIm i=1 je€i,

Div(Xy , Xpn)=—Sk(X; ) =—— Z Z k(xi, %), (2)

L1E€ETm JEIm
where k(:,) is a kernel function on X' XX . Our optimization objective becomes:
min MMDj (X5 , Xp) + AS, (X7 ). 3)

Im<[n]
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Strategy: a-Maximum Mean Discrepancy

Set A = a; since Y11 27 j=1k(x;,%;) is a constant, the objective function in (3) can be rewritten by

- (a—1)
maSk(ij) + ¢ anz 2 z k (Xi,Xj)

1
aMMDZ(Xg_, Xy) +

i=1j=1

= z—zizn: k (Xl,X]) +— Z z k(X Xj) — —z 2 k(xi, X)
i=1j=1 (€T JE€Tm i=1 jET,

= sup WO —Z o) | @)

lef]

which defines a new concept called a-MMD, denoted by MMDy, , (X5, Xy,).
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Algorithm: Modified Frank-Wolfe

e Theorem

With mild assumption on kernel and unlabeled data, min  MMDZ% (X 7., Xn) can be solved by Frank-

~7mc[n]

Wolfe algorithm with the following iterating formula:

Xize1 € ar;%fn]lnfﬂ* (x1), Ip+1 < Ip U {lp+1} Jo = 0, (5)

where fi: (X;) = Xjeg, k(% %;) — ap Xloq k(x;, X)),

The corresponding algorithm of Eq. (5) may select repeated samples. To address this 1ssue, we propose
the Generalized Kernel Herding without Replacement (GKHR) algorithm based on Eq. (5):

Xiz ., € argmlnfg* (Xi), Tp41 < Ip U {lp+1} Jo = 9.
i€[n]\7
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Experiments

Table 1. Comparison with other sampling methods, when applied to FlexMatch/FreeMatch.

Dataset | CIFAR-10 | CIFAR-100 | SVHN | STL-10

Budget I 40 250 4000 | 400 2500 10000 | 250 1000 | 40 250
Applied to FlexMatch [60]1

Stratified 91.45+3.41 95.104+0.25 95.634+0.24 | 50.23+0.41 67.38+0.45 73.61+0.43 | 89.60+1.86 93.66+0.49 | 75.33+3.74 92.29+4+0.64
Random 87.304+4.61 93954091 95.17+0.59 | 45.58+0.97 66.48+0.98 72.614+0.83 | 87.67+£1.16 94.06+1.14 | 65.814+1.21 90.70+0.79
k-Means 81.234+8.71 94.5940.51 95.09+0.65 | 41.60+1.24 65.994+0.57 71.53+0.42 | 90.284+0.69 93.82+1.04 | 55.434+0.39 90.64+1.05
USL 91.7340.13 94.89+0.20 95.434+0.15 | 46.89+0.46 66.75+0.37 72.534+0.32 | 90.03+£0.63 93.10+0.78 | 75.65+0.60 90.77+0.36
ActiveFT [55] | 70.874+4.14 93.85+1.37 95.31+0.75 | 25.69+0.64 57.194+2.06 70.96+0.75 | 89.32+1.87 92.534+0.43 | 55.57+1.42 87.28+1.19
RDSS (Ours) | 94.69+0.28 95.21+0.47 95.71+0.10 | 48.12+0.36 67.27+0.55 73.21+0.29 | 91.70+0.39 95.70+0.35 | 77.96+0.52 93.16+0.41
Applied to FreeMatch | 511

Stratified 95.05+0.15 95.40+0.23 95.804+0.29 | 51.294+0.56 67.69+0.58 73.904+0.53 | 92.58+1.05 94.22+0.78 | 79.16+5.01 91.36+0.18
Random 9341+1.24 93.98+0.91 95.564+0.17 | 47.16+£1.25 66.09+£1.08 72.09+0.99 | 91.62+1.88 94.40+1.28 | 76.66+2.43 90.72+0.97
k-Means 88.05+£5.07 94.80+0.48 95.514+0.37 | 44.07+£1.94 66.09+0.39 71.69+0.72 | 93.30+0.46 94.68+0.72 | 63.224+4.92 89.99+0.87
USL 93.814+0.62 95.194+0.18 95.7840.29 | 47.074+0.78 66.924+0.33 72.594+0.36 | 93.364+0.53 94.444+0.44 | 76.954+0.86 90.58+0.58
ActiveFT 78.13+2.87 94.54+0.81 95.334+0.53 | 26.67+0.46 56.23+0.85 71.20+£0.68 | 92.60+0.51 93.714+0.54 | 63.31+£2.99 86.60+0.30
RDSS (Ours) | 95.05+0.13 95.50+0.20 95.98+0.28 | 48.41+0.59 67.40+0.23 73.13+0.19 | 94.54+0.46 95.83+0.37 | 81.90+1.72 92.22+0.40
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Experiments

Table 2. Comparison with AL approaches. Table 3. Comparison with SSAL approaches.

Dataset | CIFAR-10 | CIFAR-100 Method | FlexMatch | FreeMatch
Budget | 7500 10000 | 7500 10000 Stratified 01.45 95.05
CoreSet 8546 87.56 | 47.17 53.06 Random 87.30 93.41
VAAL 86.82 8897 | 47.02 53.99 CoreSetSSL 87.66 17 0.36 91.24 | 2.17
LearnLoss 85.49 87.06 | 47.81 54.02 MMA 74.61 | 12.69 | 87.37 ] 6.04
MCDAL 87.24 8940 | 49.34 54.14 CBSSAL 86.58 | 0.72 91.68 | 1.73
SL+RDSS (Ours) | 87.18 89.77 | 50.13 56.04 TOD-Semi 86.21 | 1.09 90.77 | 2.64
Whole Dataset | 95.62 | 78.83 RDSS (Ours) | 94.69 1 7.39 | 95.05 1 1.64
Table 4. Effect of different .

Dataset CIFAR-10 | CIFAR-100

Budget (m) 40 250 4000 | 400 2500 10000

0 85.541+0.48 93.5540.34 94.5840.27 | 39.26+0.52 63.77+0.26 71.9040.17

0.40 02.28+0.24 93.68+0.13 94.9540.12 | 42.56+0.47 65.88+0.24 71.71+0.29

0.80 94.42+0.49 94.94+0.37 95.154+0.35 | 45.62+0.35 66.87+0.20 72.45+0.23

0.90 94.334+0.28 95.03+0.21 95.20+0.42 | 48.124+0.50 67.14+0.16 72.15+0.23

0.95 94.444-0.64 95.07+0.26 95.45+4+0.38 | 48.411+0.59 67.11+0.29 72.80+0.35

0.98 94.514+0.39 95.02+0.15 95.314+0.44 | 48.334+0.54 67.401+-0.23 72.68-+0.22

1 94.53+0.42 95.01+0.23 95.5440.25 | 48.184+0.36 67.20+0.29 73.054+0.18

1-1 / \/ﬁ (Ours) | 95.054+0.13 95.50+0.20 95.98+0.28 | 48.41+0.59 67.40+0.23 73.13+0.19
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