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Pseudo-Margins
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‘ — For both labeled and unlabeled datasets: y; € {1,2,...C}
For erroneous datasets: y; = C+1
vB
Lu= 2 1AM, (yinz (@) >71) % 5
= Lo=Y H(C+1,pe(y|1(Z:)))

1 (max(pe(y|m(2:))) > Tp, yin(21)
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Algorithm 1 MarginMatch
Require: Labeled data L; unlabeled data U; erroneous examples E; maximum number of iterations 7"; number of classes C' + 1 (C' original
classes plus one virtual class of erroneous examples); § model; = weak augmentations; II strong augmentations.
1: Initialize the Average Pseudo-Margin (AP M) threshold ~* at the first iteration to a small value (e.g., v' = —o0).
2: fort=1to T do
3: Estimate learning status a. (using Eq. 2) and calculate the class-wise flexible thresholds 7.’ (using Eq. 3) for each class c.
4
5

while U not exhausted do
Labeled batch Ly = {(z1,41),..., (B, y5)}, unlabeled batch Uy = {1, ..., #,5}, erroneous (or mislabeled) batch Ej =

(31,0 + 1), ..., (#8,C + 1)}

6 forz € U, U E, do

7 Compute logits z. for each class c after applying weak augmentations when o € U, and strong augmentations when = € Ej,.
8 Calculate pseudo-margin P M (using Eq. 5) and update Average PM (using Eq. 6) foreachc = 1to C' + 1.

9: end for

10: Minimize £ = Ls + ALy + Le)

11: Lo =% il H(yi,po(yln(z:)))

12: Ly = Z:)Bl ]‘(AMpg(yhr(.rl))( i) > ") xL(max(pe(y|r(:))) > Ee(y;ﬂ(e,;))) x H(po(y|m(2:)), po(y|IL(Z:)))

13: Le=Y2, H(C+1,ps(yllL(:)))

14: _endwhile _ _ _ _ __ ___ _ _______________

15: | Update v as the 95" percentile erroneous sample AP M +1l

16: end'fﬁr ———————————————— T

t - t
Zﬂ (AM3, (yimai) (Fi) > 7)) X APM! (%) = PML(#) 1j~ 1) x (1= —0)
1 (max(pe(y|m(2;))) > ﬁe(ym(ﬁi))

H (pg(y|m(2:)), po(y|1L(Z:)))

} ®
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Dataset | CIFAR-10 CIFAR-100 SVHN STL-10
#Labels/Class | 4 25 400 4 25 100 4 25 100 4 25 100
Pseuso—Labeling T":Lﬁlu_gﬁ 46.‘192_-_:0 15{]8“ 149 3745035 5?.7‘10_25 36.55[’}_24 ﬁ'iﬁlaﬁ{] 25.212_1]:5 9.“'-1(}“_32 74.680_5}9 55."152_43 32. 64[1_71
UDA 10.793 75 5.32p.08 4.41p.07 48.951 59 209.430.2 23.870.23 5.344 27 4.260. 30 1.950.01 37.825 44 9.811.15 6.81p.17
MixMatch *’15.242,15 ].2.761_1_-1 7.13(}_34 62.152_1’,' "1].5111(; 28.160.24 ‘16.181_78 3-98‘[].1':_ 3.5[}_13 34.151_54 S.QEU.HE ].D,C'll[]“yg
ReMixMatch 5.2?0.19 4-850_13 -1.[]-‘1[}_12 47.150_?{5 27.14;}_23 23-780_12 *’1.23&31 3.18{],[]4 1.940_% 31.510_75 8.5*’1[_1_.;5 ﬁ.lgu‘-‘gi
FixMatch 7.80,23 4.910_“5 f1.25f_|._u3 ~18.215}_32 294501& 22.89{;_12 3.9?1_15 3.131_03 l.gTﬂ_ﬂlg 38."13.1_14 10.451_{]4 5“’13[]_3:3
FlexMaitch 5.011:;,05 5.[}"1;_._09 4.1'5]'0_01 39.991_52 26.960_03 22.4{10_15 8.19;:_2{1 7.782_55 6.720_35 29.151_32 8.23[3_1-_; 5;771]_12
MarginMatch | 4.91p.0r 4.730.12 3.980.02 | 36.971.32 23.Tlpas 21.39%.12 | 3.751.20 3.14117 193001 | 25.3735s 7.3loas  5.520.15
Table 1. Test error rates on CIFAR-10, CIFAR-100, SVHN, and STL-10 datasets. Best results are shown in blue.
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Figure 2. Convergence speed of MarginMatch against FixMatch and FlexMatch with 4 labels per class.
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Dataset ImageNet WebVision
TOP-1  TOP-5 | TOP-1  TOP-5
Supervised 48.39 2549 | 4958  26.78
FixMatch 43.66 21.80 44.76 22.65
FlexMatch 42.02 19.49 43.87 20T
MarginMatch | 41.05 18.28 | 43.08 21.13

Table 2. Test error rates on the ImageNet and WebVision datasets.

Best results are shown in blue.

ParN.C

BIGRASHET SR 7E

PAttern Recognition and NEuwral Computing

8 | 0.95

0.99

0.995

0.997

.999

1]

ERR RATE | 38.13

38.05

37.92

37.91

39.12

39.72

Table 3. Error rates obtained on CIFAR-100 with four examples
per class and various smoothing values 4. Best result is in blue.

Dataset CIFAR-10 CIFAR-100 SVHN STL-10
#Labels/Class 4 25 400 4 25 100 4 25 100 4 25 100
Avg Confidence 23.8727a 14.214. a7 T.0do.78 41.232.45 31.49; 4s 24.112.38 8.994 o7 6.540.30 4.730.0 31.675.44 14.871.15 7.5990.17
J“L\Fg Eﬂl['ﬂp}f 3.580_4] 6.18:}_15 5.85{]_13 *'.15.1“:].,5;1 26.021_11 22.13”,25 155(}1;—', 12.?-'1[:_';3 9.330_[;5 295*’1_}51 1“.631_35 1“.84:]._.—]7
ﬁﬁ’g MEH'gII'I T.?an,‘zg 5.38{]_7{5 4.73{]_{]9 39.?21,52 25.21{]_52 23. 18[:_17 ].8.451_:-15 11.290_1;3 S.fluﬂ_u.] 28.‘154_25 9.341_34 7.59{}_21
EMA Confidence 4.91p.45 4.T40.00 3.990.06 I8.6T0.74 25.610.12 21.480.17 3.84p. 23 3.250.03 1.930.00 25.90.8 7.60.42 5.740.57
EMA Entropy 6.40,.4a 8.344.12 4.214.00 41.63¢.75 36.84¢ 14 22.520.07 3.81; 05 317087 2.14g.04 27.214.05 8.28:.m 6.79%. 27
EMA Margin 491007 4.T3g.1z2 3.98p02 | 36.9T1.32 23.Tlg.iz 21.39%.32 | 3.T51.20 3.143.37 1.930.01 | 25.3Tass 7.31loas 5.52p.s

Table 4. Test error rates comparing pseudo-margin with confidence and entropy. Best results are shown in blue.
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Figure 3. Mask rate and impurity on CIFAR-100 with 4 labeled
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Figure 4. Confidence thresholding vs. APM Thresholding on two
images from the CIFAR-10 dataset.
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