Contrastive Coding for Active Learning under Class
Distribution Mismatch

(ICCV, 2021)



I Class Distribution Mismatch

Class distribution of labeled data and unlabeled data
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ID C: In class distribution of labeled data. OOD C: Out of class distribution of labeled data.

Figure 1: An instance of class distribution mismatch. Un-
labeled data contains some samples that are out of the class
distribution of labeled data.



I Motivation

O Tradition AL methods generally assumed that labeled and unlabeled
data are drawn from the same class distribution.

O Existing information-based active learning methods tend to query the
unknown samples with mismatched categories.



I Idea
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Figure 2: CCAL combining the semantic score S,.,, and
distinctive score Sy; s to select samples to annotate.

1. Learn distinctive and semantic features.
2. Query samples with high semantic consistency and strong distinguishability



I Methods

O Learning semantic features
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Semantic score
Ssem(z) = o(m?x cos(zs(xF), zs(xf))), (3)
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(a) Contrast of semantics.



I Methods

O Learning distinctive features

Loss
B
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Distinctive score
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In Eq.5, cos(z4(z!), zd(mf:st)) —cos(zq(z¥), 24 (.acf:nd)) mea-
sures the difference of ¥ to labeled samples.
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(b) Contrast of distinctiveness.



I Methods

O Joint Query Strategy
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(¢) Joint query strategy.
Squery (€7 ) = tanh(Y(Ssem(27))) + Sais(z;)  (6)

where ¥(Ssern (V) = kX (Sgem (V) —1)

Labeled data i.e.



I Experiments
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Figure 4: Classification accuracy of CCAL and compared AL algorithms on CIFAR10 under different mismatches. The
shaded area represents the standard deviation of the five runs.
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Figure 5: Classification accuracy of CCAL and compared AL algorithms on CIFAR100 under different mismatches. The
shaded area represents the standard deviation of the five runs.
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I Experiments
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Figure 6: Ablation study to analyze the influence of each

part of CCAL.
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Upgoing policy update (UPGO)

(Nature, 2019)
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| UPGO
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I Experiments
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