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Abstract: Semi-Supervised Learning (SSL) is implemented when algorithms are trained on
both labeled and unlabeled data. This is a very common application of ML as it is unrealistic
to obtain a fully labeled dataset. Researchers have tackled three main issues: missing at
random (MAR), missing completely at random (MCAR), and missing not at random (MNAR).
The MNAR problem is the most challenging of the three as one cannot safely assume that all
class distributions are equal. Existing methods, including Class-Aware Imputation (CAI) and
Class-Aware Propensity (CAP), mostly overlook the non-randomness in the unlabeled data.
This paper proposes two new methods of combining multiple imputation models to achieve
higher accuracy and less bias. 1) We use multiple imputation models, create confidence
intervals, and apply a threshold to ignore pseudo-labels with low confidence. 2) Our new
method, SSL with De-biased Imputations (SSL-DI), aims to reduce bias by filtering out
inaccurate data and finding a subset that is accurate and reliable. This subset of the larger
dataset could be imputed into another SSL. model, which will be less biased. The proposed
models have been shown to be effective in both MCAR and MNAR situations, and
experimental results show that our methodology outperforms existing methods in terms of
classification accuracy and reducing bias.

Keywords: Semi-supervised learning, multiple imputations, fixmatch, pseudo-label, Missing
Not At Random.

Introduction

As we have already established, SSL leverages unlabeled data when labeled data is scarce. In many
cases, it is impractical to obtain a fully labeled dataset, as it can be extremely expensive and time-
consuming. Therefore, applying ML models to partially labeled datasets is a common problem that
many researchers have attempted to address. Many contemporary SSL methods train a model based
on the labeled data, then use that model to generate labels for the unlabeled data. This process is
called pseudo-label prediction, and is used in CAI [1-4]. CAI is extremely effective in MAR and
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MCAR scenarios, as imputation can accurately predict the unlabeled data’s true values with minimal
bias. However, in the MNAR scenario, this is not the case as the data is not randomly unlabeled.
There are often highly imbalanced class distributions, and specific reasons for the data being
unlabeled. It is impossible to get to the root of the problem, but assuming the labeled and unlabeled
data are evenly distributed would be a fatal error. There are other prevailing methods include Class-
Aware-Propensity (CAP), which uses propensity scores to reweight missing data points based on
class information and distribution. However, like with CAI, these methods are quite effective in both
the MAR and MCAR scenarios, but fall short when handling MNAR. [5, 6] The non-randomness of
the class distribution throws a wrench in common SSL methodologies. Thus, a combination of the
two methods, or Class-Aware Doubly Robust (CADR) model, has also been proposed. CADR uses
both CAI and CAP together, and the ICLR 22 Paper demonstrated that as long as one method achieves
accurate results, the CADR model can be used. This is much more efficient and effective than
implementing only one algorithm.

However, these methods still have their limitations. This paper proposes a new method that
combines multiple imputation models to increase the amount of reliable labeled data and reduce bias
in SSL models. Specifically, we propose using multiple imputation models to generate confidence
intervals for the missing data, and then setting a threshold for accepting imputations with high
confidence. This approach increases the amount of labeled data available for training, and potentially
reduces the bias introduced by the imputation models. Moreover, we also propose another method,
called SSL with De-biased Imputations (SSL-DI), that further reduces bias by selecting a subset of
reliable data from the imputed data based on the agreement of multiple SSL models. We first train
multiple SSL models on the imputed data, and then select the subset of data where the models predict
similarly. This subset of data is considered more reliable than the rest of the imputed data and is then
used to train another SSL model, such as FixMatch, which is less biased [4].

We perform experiments on both MAR and MNAR scenarios to determine the effectiveness of
our proposed methods. The experimental results demonstrate the improvements of our approach, as
it achieves better classification accuracy and less bias compared to existing methods, such as CAI,
CAP, and CADR [5]. Additionally, we show that varying the number of imputation models, the
threshold for accepting imputations, the number of SSL models, and the epsilon used for determining
the similarity between models can have different effects on the results, suggesting that our method is
versatile and can be adapted to various scenarios.

The key contributions of this work are summarized as follows:

1) We analyze the challenging problem of the Missing Not At Random (MNAR) setting in semi-
supervised learning, as well as the shortcomings of existing SSL methods that attempt to combat it.

2) We propose two new methods using multiple SSL models. The first is to construct multiple
imputation models and use confidence level to choose more accurate prediction labels.

3) Our second proposal is called SSL with De-biased Imputations (SSL-DI), and it aims to find a
more reliable subset of the original dataset to train another SSL model on.

4) Our proposed methods achieve competitive performances in both MNAR and MAR settings

2.  Related Works
2.1. Ensemble learning

It aims to combine multiple separate models to achieve better generalization performance. Co-
training designed to use two learning algorithm that trained by two different views when only a small
set of labeled data are available[6]. Similar approaches are used in many areas of machine learning:
Co-teaching deep learning with noisy labels, they train two neural network models at the same time
and decides what data to be use for training and Co-teaching+ train two networks, both networks feed
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forward and predict all data, retaining data with inconsistent predicted results, in which each network
selects its own small loss data, but backpropagates the small loss data from the peer network and
updates its own parameters[7,8]. Deep Co-training it designed to train many deep neural networks
into different views and encourage view difference by using adversarial examples. This prevents each
model from ending up the same [9].

2.2. Long-tail distribution (MNAR)

An imbalanced or long-tailed label distribution in the real-word classification problems, for example
products on a website that sell well usually get more feedback from customers, and products that don't
sell well get less. Several articles have talked about how to train an unbiased model under this
situation. ABC, an auxiliary balance classifier with extra regularization terms reduces the deviation
of learning model caused by imbalance in class distribution [10]. CAPL by exploited unlabeled data
and dynamically adjusting the threshold for selecting pseudo labels. Given more accurate pseudo
labels, the model will have better performance under such imbalance data distribution. CADR by
combining the CAP score (An improved classifier trained using the unlabeled data in the biased
labeled data) and CAI (encourage the rare class training. Decrease or increase the threshold for rare
class dynamically and generate the pseudo label) to train an unbiased SSL model [1,2].

2.3. MCAR

where both labeled and unlabeled data share the same class distribution. In this case, semi-supervised
learning model can make good use of unlabeled data to train a model. Many articles have also
mentioned how to train the model in this case. FixMatch generate the pseudo labels and only keep
the pseudo labels with high confidence [11]. MixMatch, It can guess the low entropy labels of the
unlabeled examples of data enhancement and use MixUp to mix the labeled and unlabeled data [12].
ReMixMatch, an improved MixMatch, by Distribution alignment (Encourage the marginal
distribution of predictions for unlabeled data to approach the marginal distribution of the ground-
truth labels.) and Augmentation anchoring (Provide multiple strongly augmented versions of the input
into the model and encourage prediction of weakly augmented versions with each output close to the
same input.) [13].

3.  Problem Setup

Dataset D is divided into two subsets D,, and D,. The former is a dataset that does not contain labeled
data, while the latter contains complete observed data. To be specific,D,, is denoted as D, =
{x;}\_ whereas D, is defined as D, = {(x,y®)}- ;. Notice that under most circumstances, the size
of D,, (U) is much larger than that of D, (L).

The goal is to learn from the datasets and obtain a function f: X — Y that performs well on the
entire input space. In the CADR learning algorithm, a new dimension M is introduced to D to indicate
whether the label is missing. Thus, D is represented as D = (X,Y,R) = {(x(i), y®, r(i))}?’:O, where
m € [0,1]: m=1 indicates that y is unobserved, and m=0 indicates that y has been observed. The size
of the set N=U-+L, where U is the size of the unlabeled dataset D,, and L is the size of labeled dataset
D;. Unlike MCAR (missing completely at random) and MCAR (missing completely at random),
MNAR means that the missing label itself contains information. (i.e.Y ( P(Y|M,X) # P(Y|X)). The
aim is to train a model based on D that can accurately predict the classification result of inputs in
MNAR situation.

In CADR, learning is represented as O, 4pr = argmeinlCADR = argmeinlCAP + lear + Lsupport
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p@ is the propensity score, I is the cross-entropy loss, [, is the L2 loss, con is the confidence
function, and 7 is the threshold function.

lcap 1s the loss measuring the discrepancy between the predicted and true labels, and is weighted
by the propensity score to correct for any sampling bias. [, is the loss estimating the labels of the
unlabeled samples and incorporates them into the learning process. It is weighted by the confidence
function to ensure that only highly confident predictions are included.

CADR learning has been demonstrated to achieve better performance on multiple datasets
compared to many other semi-supervised learning algorithms. Our aim is to improve upon CADR
learning. In this paper, we introduce two new methods to improve existing SSL algorithms in the
MNAR data scenario.

4. Methodology
4.1. Our Method Integrating Two Fixmatch Model

(1) When two models are given labeled data, we use different orders and augmentations to give them
different initial states.

(2) We maximize the use of information contained in both models to generate as many pseudo-
labels as possible through two methods:

1. If either model's prediction confidence exceeds a threshold 7 = 95%, the prediction is considered
reliable.

2. If both models' prediction confidences exceed a lower threshold z2(z2 < 7) and the predictions
are the same, the agreement is considered reliable. Lowering 7 can generate more pseudo-labels, but
it may reduce their accuracy. However, if stricter requirements are needed (i.e., the predictions of
both models must be the same), this reduction in accuracy can be compensated for.

In addition, there are occasional special cases where (1) both models' prediction confidences
exceed 95%, but their predictions differ, or (2) the prediction with a confidence over 95% differs
from the agreement with a confidence exceeding 12. In the first case, we randomly select one
prediction as the pseudo-label. In the second case, we choose the prediction with a confidence over
95% as the pseudo-label. We demonstrate the validity of our approach to these special cases in
ablation experiments.

Experimental results show that our method significantly increases the number of pseudo-labels
obtained. Moreover, the accuracy of the pseudo-labels is even slightly improved compared to using
only one FixMatch model.

(3) Traditional algorithms often improve the diversity between models by dividing samples into
different subsets for each model. However, we found that dividing reliable pseudo-labels into
different subsets for the two models is not a good approach. This only slightly improves the diversity
between models, but in semi-supervised learning, supervised information is very valuable, so this
approach wastes a lot of valuable information and is not worth the cost. Therefore, we allow both
models to use all reliable pseudo-labels, but we give higher weights to simpler pseudo-labels for the
model that finds them easier, so that the pseudo-labels provided by the other model have relatively
lower weights. This can alleviate the convergence between the two models.

67



Proceedings of the 3rd International Conference on Software Engineering and Machine Learning
DOI: 10.54254/2755-2721/138/2025.21187

4.2. Pseudo Code

Algorithm 1. Our algorithm with two models

Input: Labeled batch for model 1 X7 = { (x4, p1p) : 6 €(1, ..., B) } , Labeled batch for model
2X2={(xp,02): b E(1, ..., B) } , unlabeled batch U= {ub : b = (1, ..., uB) }, confidence
threshold 7, lower confidence threshold z2 unlabeled data ratio u, unlabeled loss weight 4, pseudo-

label weight w.

Iy, = % Zil H(p1p, a1(x1p)) {Cross-entropy loss for labeled data for model 1}

ly;, = %2’,5;1 H(pap, a2(x12p)) {Cross-entropy loss for labeled data for model 2}

for =1 to uB do
Q1p = Pm(Y|a(uy); 8,1) {Compute prediction of ub by model 1}
Q2p = Pm (Y|a(uy); 82) {Compute prediction of ub by model 2}
if max(q.p > 1)
my, = w{ltis areliable pseudo-label according to model 1} (The 'm' of 'm1b' means
'mask’')
elif max( qyp )> tor (max( qip )> T, and T max( qzp )> T, and arg max (q1p) =
arg max(qzp))
my,=1{lt is a reliable pseudo-label according to model 2}
else
my, = 0 {1t is not a reliable pseudo-label}
if max(q,, > 1)
myy, = w {1t is a reliable pseudo-label according to model 2}
elif max( qup )> Tor (max( qp )> T, and t max( qp )> T, and arg max (q1p) =
arg max(qzp))
my,=1{1t is a reliable pseudo-label according to model 1}
else
myy, = 0 {lt is not a reliable pseudo-label}

if max(qmp)>7 {There is a 50% chance that m is 1 and a 50% chance that m is 2.When m
is 1
nis I.Whenmis2nis 1}
1, = argmax(qQmp) (The ' of 'rb' means 'reliable pseudo-label’)
elif max(q,p)>1
Ty = argmax(qnp)
elif max(q,p)>t, and max(q,,)>7t, and arg max (q,p) = arg max(q,p))
1, = argmax(qip)
else
1, = O{randomly pick a pseudo-label}
end for

Ly, = #%Zﬁzl H(1y, pm (V|1A(u1p))) * My,  {Cross-entropy loss for unlabeled data for model 1}

Ly, = uiB Zﬁzl H(ry, 0 (V1A(Uzp))) * My, {Cross-entropy loss for unlabeled data for model 2}
return ll = lSl + /1lu1, lz = lSl + Aluz
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4.3. Further explanation

(1) For other FixMatch-based algorithms, our integration method can be achieved with slight
modifications to the above steps.

(2) This integration method can not only be used to integrate two models, but also to integrate
multiple models. In this case, for example, when integrating multiple FixMatch models:

1. If the prediction confidence of any model exceeds t = 95%, the prediction result with a
confidence level of over 95% is considered reliable.

2. If the prediction confidence of at least two models exceeds 7,(7, < 1) and they reach a consensus,
the prediction result with a consensus and a confidence level of over 12 is considered reliable.

3. If the prediction confidence of at least three models exceeds 75 (13 < 7,) and they reach a
consensus, the prediction result with a consensus and a confidence level of over 13 is considered
reliable

n. If the prediction confidence of at least n models exceeds 7, (7, < T,_1) and they reach a
consensus, the prediction result with a consensus and a confidence level of over tn is considered
reliable.

As with integrating two models, when there are conflicts between the above prediction methods,
the method with the larger T value is used as the main method. If there are conflicts within the same
T method, a reliable pseudo-label is randomly selected.

5. Experiment Setup
5.1. Dataset

We conducted our experiments on the CIFAR10 Dataset [5]. It consists of 60,000 32x32 color images
in 10 classes. The different classes represent images of airplanes, cars, birds, cats, deer, dogs, frogs,
horses, ships, and trucks.

5.2. Code

Since the original FixMatch is too large and complex, it is difficult to train multiple models at the
same time based on it [14]. Therefore, instead of using the official code of FixMatch, we built our
code based on an unofficial code of FixMatch on GitHub.

5.3. Preparation

Although our idea is very simple in theory, there are still many unexpected details to consider when
designing its code. To this end, we conduct a series of preliminary experiments to determine the best
way to implement our ideas. The comparison of the accuracy of the various algorithms we designed
with the original FixMatch algorithm (light blue curve) on the test set is shown in Figure 1, and the
comparison of the loss on the test set is shown in Figure 2. It is worth noting that we observed that
when changing some details of the algorithm, the effect on the accuracy of the algorithm on the test
set is not continuous. Specifically, as the operation cycle increases, the accuracy curves of each
algorithm always move closer to certain specific curves (see the longest three curves in Figure 1),
which may be caused by the similarity of some deep mechanisms of. In addition, we also note that
using: [; = L., + A(l,; + L) is clearly better than using [; = L,; + Al,;;, which is quite surprising.
We will try to explain this phenomenon in our future work.
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Figure 1: Comparison of Accuracy. Figure 2: Comparison of Loss.

Note:(Light blue curve shows the accuracy of our algorithm)
6. ExperimentaL results and analysis

Due to time constraints, we put our two ideas into the same code and compared it with the original
FixMatch. All the common hyperparameters of the two adopt the hyperparameters used for the cifar10
dataset in the FixMatch official paper [14]. According to the Ablation Studies on hyperparameters in
the official FixMatch paper, we set the newly added hyperparameters in our code to 0.75. And, in
order to increase the difficulty of the classification task, so as to better prove the good performance
of our method under extreme conditions, we reduced the total parameters of the neural network from
the default 1.47M to 0.3M, and randomly selected 150 examples as labeled examples (the number of
samples per class is not necessarily 15). Our experiments are run on RTX3080 GPU.

1.test_acc =S H : 2.test_loss o0
70

60

[

50

40

Figure 3: Comparison of accuracy. Figure 4: Comparison of loss on test set.

Note:(Orange curve represents the trend of our algorithm while back represents Fixmatch)
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Figure 5: Comparison of loss on Training set. Figure 6: Trend of mask.

In the above four figures, the black curve represents the original FixMatch, and the orange curve
represents our method. Figure 3 represents the accuracy of the two methods on the test set. Although
the two methods cannot be converged due to time constraints, it can be seen that our method can
steadily improving accuracy by about 10% to 13%. Figure 4 represents the loss of the two methods
on the test set. It can be seen that the loss of the original FixMatch on the test set has large fluctuations,
and our method avoids this fluctuation. In Figure 5, the loss of the two methods on the training set is
quite different. This is because the methods of calculating the loss on the training set of these two
methods are quite different. Figure 6 represents for each train batch, what proportion of pseudo-labels
are considered "credible" by these two methods. It can be seen that our method can steadily increase
the proportion of accurate pseudo-labels by about 20%.

7. Conclusions

All in all, by combining our two ideas, we were able to steadily improve the performance of the
original FixMatch under extreme conditions. Compared with other work on improving the
performance of FixMatch under extreme conditions [1, 2], our improvement in accuracy is not very
large. However, our method aims to give as many unlabeled examples as accurate as possible pseudo-
labels in each batch of training when training multiple models capable of imputation at the same time.
Since most of the current work on improving FixMatch does not involve this aspect of improvement
[15, 16], our method has good compatibility. In addition, our method can be implemented with very
little modification, so any semi-supervised learning method involving input can be upgraded by our
method. In the next work, we will examine the performance of our method on other data sets, apply
our method on various semi-supervised learning methods, and tune hyperparameters.
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