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Li et al., Graph Quality Judgement: A Large Margin Expedition. [JCAI 2016, pp.1725-1731.

Large margin => Accuracy: 90%
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abalone 017007 | .014£.003  .013£.004  .013.003  .012=.003 | .005+.001 | .013 =.003
bodyfat 024 = 008 | 025 +.009 026 = .008 018 +.003 | 025 = .009
cadata 090 = 031 | .073£.023 067 £.022  .069+.028  .069 +.022 | .039 +.014 | .070 = .023
cpusmall 027 = 012 | [.031 £.008] [.050+.021] [.031+.009] .024+.006 | .014+.003 | 028 = .009
eunite2001 | 052 = 017 | 037 £.015 024 +.012 037 +.011 031 +£.013 | .018 =.005 | .032 = .010
housing 042 = .007 | .043 +.009 041 +.008  .042+.009 | .024 £.002 | 041 =.009
mg 071 =035 | 057+.015  .053+£.011  .054=.019  .054=.013 | .028 +.009 | .053 =.013
mpg 029 = 012 | 030+ .012 031+.012 031012 | .016=.002 | 030 = 012
pyrim 032 = .009 | .027 +.005 029+ 011 .025+.007 | .013£.002 | .025 = .005
space_ga | 005 £.002 | .005 = .003 004 = .002 001 +.000 | 004 =.002
Ttk fE 039 034 044 033 033 020 032
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SREE RS

NG S Supervised TLP Record Oracle
Optdigits 46.64 + 1.04 5356 +1.42  79.20 +2.01 85.61 = 0.25
Twonorm 70.84 +0.36 5724+ 086 9431 +0.38 9499 + 0.13
Satimage 4347 +£2.61 5843 +254  71.02+293 89.59 +0.70
Spam 55.12+348  54.18 +1.39  56.55 £4.72 76.35 + 241
ICHT 5479 £493 9578 £ 1.27 9944 + 0.05 99.44 + 0.01
2CDT 4447 +046 5428 +048  88.68 + 1.57 95.36 = 0.13
UG_2C 2D 4640+0.23 4756+1.12 9411 +0.12 95.35 + 0.04
UG_2C_5D  61.00 = 1.01 5440 +0.17  91.39 +0.08 90.41 + 0.05
T PERE 5284+ 177 5943 +1.16 8434+148 90.89 +047
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4 Bk Supervised ~ COMPOSE Record Oracle
Mean Teacher 5440 +0.36 54.09+£024 94.60 +0.13 96.72 + 0.18
Label Propagation 44.47 +0.46  53.19+ 0.20 88.70 £ 1.57 95.36 + 0.13
S’VM 4840 £2.29 56.05+0.70 80.41 +0.19 96.71 + 0.16
Ty RE 49.04 + 1.04 5444 £0.38 87.90+0.63 96.26 + 0.47
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Chen et al., Semi-supervised learning under class distribution mismatch. AAAI 2020
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Curriculum learning for open-set SSL

Yu et al., Multi-task curriculum framework for open-set semi-supervised learning. ECCV 2020
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useless: Towards recycling transferable
unlabeled data for class-mismatched
semi-supervised learning
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matching for open-set semi-supervised learning. ICCV 2021
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RIANTA N i
\E’MS\_\[U_:
FBLER O sElEMX ORI ZE, BN2REMRENRN
Classes Dataset SSL Open-Set SSL NCD
Fixmatch | DS3L. CGDL | DTC RankStats | ORCA | OURS
CIFAR-10 71.5 77.6 723 | 539 86.6 88.2 89.5
Seen CIFAR-100 39.6 55.1 49.3 31.3 36.4 66.9 68.7
ImageNet-100 65.8 71.2 67.3 | 25.6 47.3 89.1 91.0
Average 59.0 68.0 63.0 | 36.9 56.8 81.4 83.1
CIFAR-10 50.4 45.3 44.6 | 39.5 81.0 90.4 92.2
Unseen | CIFAR-100 23.5 23.7 22.5 | 229 28.4 43.0 47.0
ImageNet-100 36.7 32.5 33.8 | 20.8 28.7 72.1 75.5
Average 36.9 33.9 33.6 | 27.7 46.0 68.5 71.6
CIFAR-10 49.5 40.2 39.7 | 38.3 82.9 89.7 91.3
All CIFAR-100 20.3 24.0 23,5 | 18.3 23.1 48.1 52.1
ImageNet-100 34.9 30.8 319 | 213 40.3 77.8 79.6
Average 34.9 31.7 31.7 | 26.0 48.8 71.9 74.3

L.-Z. Guo, Y.-G. Zhang, Z.-F. Wu, J.-J. Shao, Y.-F. Li. Robust Semi-Supervised Learning when Not All Classes have Labels. In: Advances in Neural
Information Processing Systems (NeurIPS), 2022.
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M K
subjectto Y Gm(k) = My, Yk, Y im(k) =1, ¥m, §m(k) € [0,1], ¥m, k
m=1 k=1

Kim et al., Distribution Aligning Refinery of Pseudo-label for Imbalanced Semi-supervised Learning. NeurIPS 2020.
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CIFAR-10 (7 = v, = )

(-12.9% / -14.1%)

(-14.0% / -18.8%)

Algorithm SSLL RB v = 50 ~v =100 v = 150
Vanilla - - 65.2+005/ 61.1+009 58.8+013/51.0+011  55.6+043/44.0+098
Re-sampling [22] - v’ 6431048/ 60.6+067 55.8+047/45.1+030 52.2+005/38.2+149
LDAM-DRW [8] - v 68.9+007/67.0+008 62.8+017/58.9+060 57.9+020/50.41030
cRT [23] - vV 67.8+013/663+015 63.2+045/59.9+040 59.3+0.10/54.6+072
VAT [31] v - T70.6+029/ 67.8+019 62.6+040/55.1+056 57.9+042/46.3+047
Mean-Teacher [40] v - 68.8+105/64.9+153 60.9+033/52.8+081 54.5+022/39.8+073
MixMatch [5] v - 71321056/ 68.9+115 64.8+028/49.0+£205 62.5+031/42.5+168
MixMatch + DARP v - 7524047/ 72.8+063 67.9+014/61.2+015 65.8+052/ 56.5+2.08
(-741% 1 -12.6%) (-8.77% /-23.8%) (-8.69% / -24.4%)
ReMixMatch [4] v - 81.5+026/ 80.2+032 73.8+038/69.5+084 69.9+047/62.5+035
ReMixMatch + DARP v - 82.11014/80.8+009 75.8+009/72.6+024 71.0+027/64.5+068
(-3.45% [ -3.52%) (-7.84% /-10.2%) (-3.60% / -5.19%)
FixMatch [39] v - 7921033/ 77.8+036 71.5+t072/66.8+151 68.4+0.15/59.9+043
FixMatch + DARP v - 81.8+024/80.9+028 75.5+005/73.0+000 70.4+025/64.9+0.17

(-22.4% / -20.3%)
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CIFAR-10 (v, = 100)

Algorithm SSL. RB = 1 Yu = 50 Yo = 150 Yo = 100 (reversed)
Vanilla - - 58.8+013/51.0+011  58.8+013/51.0+011  58.8+013/51.0+0.11 ‘ 58.8+013/ 51.0+0.11
Re-sampling [22] - v’ 55.84047/45.1+030 55.8+047/45.1+030 55.8+047/45.1+030 55.8+047/45.1+030
LDAM-DRW [8] - vV 62.8+017/58.9+060 62.8+017/58.9+060 62.8+017/58.9+060 62.8+0.17/ 58.9+0.60
cRT [23] - V' 63.2+045/59.94+040 63.21045/59.9+040 63.2:+045/59.9+040 63.2+045/ 59.9+0.40
VAT [31] v - 65.2+012/59.5+026 64.0+031/57.3+066 62.8+019/55.1+070 59.4+036/ 50.6+061
Mean-Teacher [40] v - 73.9+119/71. 74142 61.24051/53.5+084 59.7+050/50.0+1.61 61.0+0s2/56.4+1.64
MixMatch [5] v - 4154076/ 12.0+134 64.1+058/48.3+070 65.5+064/51.1+241 47.9+009 / 20.5+0s8s
MixMatch + DARP v - 86.7+0s0/ 86.2+082 68.3+047/62.2+121 66.7+025/ 58.8+042 72.9+024/ 71.0+032
(-772% | -84.4%) (-11.8% /-27.0%) (-3.62% /-15.7%) |  (-48.0% / -63.6%)
ReMixMatch [4] v - 48.3+014/19.5+085 75.1+043/71.9+077 72.5+010/ 68.2+032 49.0+055/ 17.1+1.48
ReMixMatch* v - 85.0+135/84.3+155  77.0+x012/74.T+004 72.8+010/ 68.8+021 75.3+003/ 72.3+004
ReMixMatch* + DARP v - 89.7+015/89.4+017 T7.4+022/75.0+025 73.2+011/69.2+031 80.1+0.11/78.5+017
(-314% /-32.5%) (-1.72% / -1.49%) (-1.53%/-2.64%) |  (-19.5% / -22.5%)
FixMatch [39] v - 68.9+195/42.8+811  73.9+025/70.5+052 69.6+060/ 62.6+1.11 65.5+005/ 26.0+0.44
FixMatch + DARP v - 85.4+055/85.0+065 77.3+017/75.5+021 72.9+024/69.5+018 7491051/ 72.3+1.13

(-53.1% / -73.8%)

(-13.3% / -17.0%)

(-10.9% / -18.4%) |

(-31.3% / -60.3%)
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P THAL: LAMDA-SSL

vV XRBORIPFIRBZIEA, A0HIERE, 160N ER
v' Github: https://github.com/YGZWQZD/LAMDA-SSL

LAMDA-SSL from LAMDA_SSL.Dataset.Vision.CIFAR1@ import CIFAR10

) from LAMDA_SSL.Algorithm.Classification.FixMatch import FixMatch
; Data Date W Model Model from LAMDA_SSL.Evaluation.Classifier.Accuracy import Accuracy
| Management Transformation Application Deployment # Initialize CIFAR1O dataset
e e \ dataset=CIFAR10(root="..\Download\cifar-10-python',labeled_size=4000)
i:"[’f:;.f;}‘a?’;;:;(‘"‘“ P Siafistical SSI. Model labeled_X, labeled_y=dataset.labeled_X,dataset.labeled_Y
! i M Algorithms Ertien unlabeled_X=dataset.unlabeled_X
N : | test_X, test_y=dataset.test_X, dataset.test_y
E # Initialize FixMatch algorithm
3 i _ e iy perfaramicies model=FixMatch(threshold=0.95,1lambda_u=1.0,T=0.5,mu=7,
| JDe Avementation g Al aithmas s epoch=1,num_it_epoch=2%*20,device="'cuda:0")
| i # Call the fit() method to Train the model
i model.fit(X=1labeled_X,y=labeled_y,unlabeled X=unlabeled_ X)
L E— o) (50 (G i BB Classification ]| Regression J Clustering # Call the predict() method to predict the labels of new samples
i Data | Tasks o
[ ‘ y_pred=model.predict (test_X)

Data Module e Model Module . # Evaluate the model’ s performance.
performance=Accuracy().scoring(test_y,y_pred)
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