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Semi-Supervised Learning mitigates the requirement for labeled by leveraging unlabeled data.
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Semi-Supervised Learning mitigates the requirement for labeled by leveraging unlabeled data.
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Semi-Supervised Learning mitigates the requirement for labeled by leveraging unlabeled data.
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- Semi-Supervised Learning is a powerful approach for training
models on a large amount of unlabeled data without requiring a
large amount of labeled data.

- Since unlabeled data can often be obtained with minimal human
labor, any performance boost conferred by SSL often comes with
low cost.
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FixMatch and FlexMatch
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FixMatch and FlexMatch

Batch of Unlabeled Data ]
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FixMatch and FlexMatch
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First generate a pseudo-label by making predictions
| on weakly-augmented unlabeled examples.
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FixMatch and FlexMatch

example if the confidence of the prediction is below
a confidence threshold.
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FixMatch and FlexMatch
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[ Examples that pass the threshold are used during J
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FixMatch and FlexMatch
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Even with a very high confidence threshold, these methods still introduce errors.
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Pseudo-label Data Quality Issues

FixMatch N — : -

Predicted: onion elephant fossa green pepper pop art crowd firefighter horse crowd
Actual: bell pepper camel cougar handrail poncho uniform voleyball bison meat market
2 1 m :
L
o o e S

FlexMatch -

Predicted: screen pyramid decoration scale computer carpet cabbage tower screen
Actual: stopwatch obelisk socks parking meter heater teddy bear  cauliflower torch ipod

Examples added to the training set with a wrong pseudo-label for FixMatch and FlexMatch.

These incorrect pseudo-labels are particularly harmful for deep neural networks,
which can attain zero training error on any dataset, even on randomly assigned labels
[Zhang et al. 2016], resulting in poor generalization capabilities.
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How can we improve pseudo-labeled data quality?

m Previous models use confidence solely from the current iteration to enforce
quality of pseudo-labels.

— This provides only a myopic view of the model’s behavior (i.e., its
confidence) on unlabeled data (at a single iteration) and may result in
wrong pseudo-labels even when the confidence threshold is high enough
(e.g., if the model is mis-calibrated or overly-confident).
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MarginMatch

= We propose MarginMatch, an SSL approach to improve pseudo-labeled data quality by
monitoring the model’s training dynamics on unlabeled data.

= MarginMatch leverages consistency regularization with weak and strong augmentations and
pseudo-labeling.
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Margins of Labeled Examples

Margin M at epoch ¢ for (x,y) € Dyain [Pleiss et al., 2020]

asmgned loglt largest other logit
1

MO (x,y) = 20(x) —maxsz, 20 (x)

yields the average margin of a labeled example.

' [ Averaging the margins across the entire training }

AUM(x,y) = % 3°,_; MO (x,y)
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Pseudo-Margins of Unlabeled Examples
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m Examples with low APM are potentially mislabeled.

m We use an APM threshold to eliminate erroneous examples:
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Evaluation
n Datasets: A
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= Performance measures: error rate/accuracy

COMPUTER
SCIENCE

JUNE 18-22, 2023

CVP




Results

Dataset | CIFAR-10 CIFAR-100 SVHN STL-10
#Labels/Class | 4 25 400 4 25 100 4 25 100 4 25 100
Pseuso-Labeling 74.610.26 46.492‘20 15.080.19 87.450,85 57-740.28 36.550.24 64.615‘60 25.212,03 9.400,32 74.680.99 55.452,43 32.640,71
UDA 10.793.75 5.320.06 4.410.07 48.951.59 29.430.21 23.870.23 5.344.27 4.260.39 1.950.01 37.828.44 9.811.15 6.810.17
MixMatch 45.242.15 12.761,14 7.130.34 62-152,17 41.511.19 28.160,24 46.181.78 3.980,17 3.50,13 34.151.54 8.950,32 10.410,73
ReMixMatch 5.270.19 4.850,13 4-040.12 47-150.76 27.140,23 23.780.12 4.230.31 3.180,04 1-940.06 31.510'75 8.540,48 6.190,24
FixMatch 7.80.28 4.910.05 4.250.08 48.210.82 29.450.16 22.890.12 3.97118 3.131.03 1.970.03 38.434.14 10.451.04 6.430.33
FlexMatch 5-040.06 5.040,09 4.190,01 39-991.62 26.960,03 22.440,15 8.193'20 7.782,55 6.720,30 29.151‘32 8.230_13 5.770_12

MarginMatch | 4.910.07 4.730.12 3.980.02 | 36.971.32 23.710.13 21.390.12 | 3.751.20 3.141.17 1.930.01 | 25.373.58 7.310.35 5.520.15

Dataset ImageNet WebVision
TOP-1  TOP-5 | TOP-1  TOP-5

Supervised 48.39  25.49 | 49.58  26.78
FixMatch 43.66 21.80 | 44.76  22.65
FlexMatch 42.02 19.49 | 43.87 22.07

MarginMatch | 41.05 18.28 | 43.08 21.13
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Conclusion and Future work

- We proposed a novel semi-supervised learning method that
improves the pseudo-label quality using training dynamics.

- Future work:

- We aim to further explore our method in settings when there is a mismatch
between the labeled and unlabeled data distributions (i.e., making use of
out-of-domain unlabeled data).
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