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Figure 1: Visualization of an MNAR example and its experimental results on CIFAR-10. (a) Class
distribution of the labeled and unlabeled training data. (b) Test accuracy of the supervised model
using FixMatch and our CAP (Section @). (c) The distribution of FixMatch’s confidence scores
on unlabeled data. Samples with confidence larger than a fixed threshold (0.95, yellow line) are
imputed. The corresponding box-plots display the (minimum, first quartile, median, third quartile,
maximum) summary. The confidence-axis is not equidistant scaling for better visualization.
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Traditional SSL methods estimate the model parameters via maximum likelihood estimation on the
labeled data:
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In this way, we can obtain the unbiased 6 on the labeled subset of data by maximizing P(X|Y):
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To tackle this challenge, we propose a Class-Aware Imputation (CAI) strategy that dynamically
adjusts the pseudo-label assignment threshold for different classes. Let C, denote the potential
imputed label for image z, i.e., C; =arg max, P(y|x;0). We use a class-aware threshold 7(z) for
image x as:
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Following the formulation of DR estimator, we first rewrite the training objective of CAP and CAI
in semi-supervised learning as:
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where m(? is the missing state, p(*) is the propensity score, ¢*) is the imputed label with confidence
con(g("), and I(-) is the indicator function. As introduced in Section we estimate the propensity
score p(¥) as s(z(¥), y(?)) in CAP. Then the optimization of CADR estimator is implemented as

Ocapr = arg min Leapr = arg min Leap + Lear + Lsupp, (14)
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which is a supplementary loss to guarantee the unbiasedness. In this design, Lcar+Lsupp is expected
to be 0 given correct CAP, and Lcap + Lgyupp is expected to be 0 given correct CAL These results
guarantee the double robustness in case that either the propensity or imputation is inaccurate.



