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Definition 2.1 (Quantity of pseudo-labels). The quantity f(p) of pseudo-labels enrolled in training
is defined as the expectation of the sample weight A(p) over the unlabeled data:
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Definition 2.2 (Quality of pseudo labels). The quality g(p) is the expectation of the weighted 0/ 1lew
error of pseudo-labels, assuming the label y* is given for x“ for only theoretical analysis purpose:
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where A(p) = A(p)/ > A(p) is the probability mass function (PMF) of p being close to y*.

Based on the definitions of quality and quantity, we present the quantity-quality trade-off of SSL.

Definition 2.3 (The quantity-quality trade-off). Due to the implicit assumptions of PMF A(p) on
the marginal distribution of model predictions, the lack of sophisticated design on it usually results
in a trade-off in quantity and quality - when one of them increases, the other must decrease. Ideally,
a well-defined A(p) should reflect the true distribution and lead to both high quantity and quality.

Table 1: Summary of different sample weighting function A(p), probability density function \(p)
of p, quantity f(p) and quality g(p) of pseudo-labels used in previous methods and SoftMatch.
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Figure 2: Qualitative analysis of FixMatch, FlexMatch, and SoftMatch on CIFAR-10 with 250 la-

bels. (a) Evaluation error; (b) Quantity of Pseudo-Labels; (c) Quality of Pseudo-Labels; (d) Quality
of Pseudo-Labels from the best and worst learned class. Quality is computed according to the un-
derlying ground truth labels. SoftMatch achieves significantly better performance.
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Dataset | CIFAR-10-LT | CIFAR-100-LT
Imbalance 7 | 50 100 150 | 20 50 100
FixMatch 18.46+030 25.11+120 29.62+088 | 50.42+078 57.89+033 62.40+0.48
FlexMatch 18.13+0.19  25.51+092 29.80+036 | 49.11+060 57.20+039 62.70+0.47
SoftMatch | 16.55+029 22.93+037 27.40+0.46 | 48.09+055 56.24:051  61.08-081
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Figure 3: Ablation study of SoftMatch. (a) Target distributions for Uniform Alignment (UA) on
long-tailed setting; (b) Error rate of different sample functions; (c) Error rate of different Gaussian
parameter estimation, with UA enabled; (d) Ablation on UA with Gaussian parameter estimation;



