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Semi-Supervised Learning
Labeled Data

Semi-supervised learning (SSL) is a
classical machine learning paradigm that attempts
to improve a model’s performance by utilizing
unlabeled data in addition to insufficient labeled
data. With a tiny fraction of labeled data, advanced
deep SSL methods can achieve the performance of
fully supervised methods in some cases, such as
image classification and semantic segmentation.
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Open-Set Unlabeled Data
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Open-Set Semi-Supervised Learning

Most existing SSL methods rely on the fundamental assumption that labeled and unlabeled data
share the same class space. However, it is usually difficult, even impossible, to collect such a unlabeled
data set in many real-world applications since we can not manually examine the massive unlabeled data.
Therefore, a more challenging scenario arises, where unseen-class outliers not belonging to any of the
labeled classes exist in the unlabeled data. Such setting is called Open-Set Semi-Supervised Learning
(0OSSL)
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One-vs-All Network

Open-Set Classifier Training
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OpenMatch

B
detect-and-filter strategy
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CIFAR-50-200 CIFAR-50-1250
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The motivation of our work comes from a surprising fact in
open-set semi-supervised learning tasks: An unreliable outlier detector
can be more harmful than outliers themselves, because it will wrongly
exclude valuable inliers from subsequent training. For this issue, we
consider a unified paradigm for utilizing openset unlabeled data, even

when it is difficult to distinguish exactly between inliers and outliers,
and thus we propose |OMatch.
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Closed-set classification accuracy (%) on the seen-class test data of CIFAR-10/100 with varying

seen/unseen class splits and labeled set sizes.

Dataset CIFAR-10 CIFAR-100
Class split (Seen / Unseen) 6/4 20/ 80 50/ 50 80/20

Number of labels per class 4 25 4 23 4 25 4 25
MixMatch [ 7] NeurlPS’19 43.08+1.79 63.13+0.64 28.13+506 51.28+145 26.97+046 56.93+084 28.35+0.83 53.77+097
; ReMixMatch [] ICLR’20 72.82+181 87.08+1.12 36.02+356 61.83+081 37.57+154 65.80+133 40.64+297 62.90+1.07
o FixMatch [2¥] NeurlPS’20 81.58 +6.63 92.94+0.80 46.27 +0.64 66.45+0.74 48.93+505 68.77+089 43.06+1.21 64.44+0.51
= CoMatch [20] ICCV’21 86.08 +1.08 92.57+0.47 43.53+3.01 66.82+137 43.17+055 67.85+1.17 37.89+1.22 62.04 +0.08
g FlexMatch [ 1] NeurIPS’21 73.34 +442 86.44+372 37.93+449 62.68+202 44.10+188 68.98+094 43.44+240 64.34 +0.64
; SimMatch [43] CVPR’22 79.84+476 90.07+244 36.93+572 67.23+1.13 51.53+2.02 69.71 +1.44 50.32+257 65.68 +1.43
FreeMatch [34] ICLR’23  79.26+4.11 9227%0.15 45.18+836 64.62+0.79 50.26+1.92 68.57+027 47.34+057 64.41+0.55
2 UASD [7] AAAT'20 35.25+1.07 56.42+134 29.78 +428 53.78 +0.67 29.08 +1.44 5424 +1.10 26.41 +2.16 50.33 +0.62
7] DS3L [10] ICML'20 39.09+124 51.83+1.06 19.70+198 41.78+145 21.62+054 4741061 20.10+048 40.51+1.02
2 MTCEF [3Y] ECCV’20 49.15+6.12 74.42+295 32.58+336 55.93+1.66 35.35+239 57.72+020 25.40+120 54.59+0.49
2 T2T [16] ICCV’21 73.89x1.55 85.69+1.90 44.23+227 65.60x071 3931+1.16 68.59+092 38.16+0.59 63.86+0.32
2 OpenMatch [25] NeurlPS’21 43.63+326 66.27+1.86 37.45+267 62.70+1.76 33.74+038 66.53+054 2854 +1.15 61.23+0.8I
© | SAFE-STUDENT [14] CVPR’22 5928 +1.18 77.87+0.14 34.53+0.67 58.07+140 35.84+086 62.75+038 34.17+0.69 57.99+0.34
IOMatch Ours 89.68 £2.04 93.87 +0.16 53.73+2.12 67.28+1.10 56.31+229 69.77 £0.58 50.83 £0.99 64.75+0.52
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Open-set classification balanced accuracy (%) on the open-set test data of CIFAR-10/100, which
consist of samples from all the seen and unseen classes.

Dataset CIFAR-10 CIFAR-100
Class split (Seen / Unseen) 6/4 20/ 80 50/ 50 80/20
Number of labels per class 4 25 4 25 4 25 4 25
B UASD [7] AAAT'20 17.10x032 36.01+022 10.50+083 26.96+053 6.92+055 32.231+054 577021 27.61=+1.15
) DS3L [10] ICML'20 30.89+033 4045077 12.56+121 34.35x041 12.14£039 35.17+048 11.10x127 29.09+031
2 MTCEF [19] ECCV’20 3335721 46.132054 8.12+210 26.60+366 4.13+037 3836x029 1.46+0.17 30.75+0.52
‘2 T2T [16] ICCV’21 50.57+038 61.10+0.39 17.17+1.37 37.18+0.60 12.74+266 4424 +042 34.23+057 51.41+096
2 OpenMatch [75] NeurIPS’21 14.37+005 20.35+350 8.77+284 39.89x1.16 7.00x002 49.75+1.08 6.30+087 44.83+0.62
© | SAFE-STUDENT [14] CVPR’22 4527+036 52.78+0.64 1594 +107 28.83+046 23.98+088 46.71 £1.74 29.43+0.66 50.48 +0.61
IOMatch Ours 75.08+1.92 78.96+0.08 45.94+1.70 58.52+048 46.36+1.93 60.78 x0.71 39.96 +0.95 54.39 +0.38
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Evaluation Closed-Set Open-Set

Labeled ratio 1% 5% 1% 5%

FixMatch 52.52+3.82 78.55+1.46 — —
CoMatch 62.92+0.90 79.17 +0.42 — -
SimMatch 64.15+0.94 80.23 +0.53 — —

T2T 63.70 £0.83 78.87 +0.49 48.81 +0.88 58.51 +0.41
OpenMatch  56.35+3.35 73.90+1.05 21.80+£1.90 57.25+0.76
SAFE-STUDENT 58.38 +2.34 75.85+0.99 44.08 £2.09 55.25+1.46

IOMatch 69.18 + 1.68 81.43+0.78 57.71+2.69 73.94 +0.99

Table 3. Close-set and open-set accuracy (%) on ImageNet-30
with the class split of 20/10. We report the mean with standard
deviation over 3 runs of different random seeds.
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Figure 5. Ablation results on different combinations of learning
objectives. "Al1”, "A2”, and "A3” stand for the frameworks opti-
mized with {£,, Loz b $L5 Lo, Lsic}s 1hiss Evnitiy Lop}s Te5pec-
tively. We compare the performance with FixMatch (“Baseline™)
and the full version of IOMatch (“Full™).
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Figure 6. Performance with different values of each weight (i.e.,
Ambs Aui and Aop). It is shown that setting all the weightsto 1 is a Figure 7. We vary the confidence thresholds, 7, and 74, respec-
simple yet appropriate choice.

tively. The set {7, = 0.95, 7, = 0.5} gives the best performance.
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Table 4. Closed-set classification accuracy (%) of several methods
in the standard SSL setting (presented in the column of “SSL”)
compared to the performance in the OSSL setting.

Task CIFAR-50-200 CIFAR-50-1250
Setting OSSL SSL OSSL SSL
FixMatch 43.94 45.64 68.92 72.74
SimMatch 49.98 51.76 69.70 73.66
OpenMatch 37.60 39.16 66.54 67.80
IOMatch 56.14 55.94 69.84 73.28
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Table 5. Closed-set classification accuracy (%) of IOMatch ex-
tended with auxiliary self-supervised learning objectives.

Dataset CIFAR100
Class split 50/ 50 80/20
Number of labels 4 25 4 25
IOMatch 56.14 69.84 49.89 64.28
w/ Contrastive 57.08 70.80 50.25 65.92
w/ Rotation 58.92 71.54 50.90 66.50
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