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Abstract

Semi-supervised learning algorithms that use pseudo-
labeling have become increasingly popular for improving
model performance by utilizing both labeled and unlabeled
data. In this paper, we offer a fresh perspective on the se-
lection of pseudo-labels, inspired by theoretical insights. We
suggest that pseudo-labels with a high degree of local vari-
ance are more prone to inaccuracies. Based on this premise,
we introduce the Local Variance Match (LVM) method,
which aims to optimize the selection of pseudo-labels in
semi-supervised learning (SSL) tasks. Our methodology is
validated through a series of experiments on widely-used im-
age classification datasets, such as CIFAR-10, CIFAR-100,
and SVHN, spanning various labeled data quantity scenar-
ios. The empirical findings show that the LVM method sub-
stantially outpaces current SSL techniques, achieving state-
of-the-art results in many of these scenarios. For instance, we
observed an error rate of 5.41% on CIFAR-10 with a single
label for each class, 35.87% on CIFAR-100 when using four
labels per class, and 1.94% on SVHN with four labels for
each class. Notably, the standout error rate of 5.41% is less
than 1% shy of the performance in a fully-supervised learn-
ing environment. In experiments on ImageNet with 100k la-
beled data, the LVM also reached state-of-the-art outcomes.
Additionally, the efficacy of the LVM method is further vali-
dated by its stellar performance in speech recognition exper-
iments.

Introduction
The surge in the success of deep learning across diverse do-
mains, such as computer vision (Krizhevsky, Sutskever, and
Hinton 2017; Simonyan and Zisserman 2015; Szegedy et al.
2015; He et al. 2017), natural language processing (Mikolov
et al. 2013; Raffel et al. 2020; Brown et al. 2020; OpenAI
2023), and speech recognition (Wang et al. 2017; van den
Oord et al. 2016; Chan et al. 2015), owes its prosperity
to the availability of substantial labeled datasets and pow-
erful computational capabilities. Despite this, the process
of acquiring high-quality labeled data frequently proves to
be laborious, costly, and time-consuming. Semi-supervised
learning (SSL) (Sohn et al. 2020; Chen et al. 2020; Berth-
elot et al. 2019, 2020) has surfaced as a potent approach
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to circumvent the need for extensive manual annotation, by
exploiting both labeled and unlabeled data to build robust
machine learning models. In this context, pseudo-labeling
semi-supervised learning algorithms have gained consider-
able traction.

The essence of pseudo-labeling semi-supervised learning
algorithms lies in harnessing the information inherent in the
unlabeled data by bestowing pseudo-labels upon them and
considering these as additional training instances (Lee et al.
2013; Sohn et al. 2020; Berthelot et al. 2019, 2020). This
strategy aids the model in enhancing its generalization ca-
pabilities and performance on the task at hand. The efficacy
of such approaches hinges on the quality of these pseudo-
labels, rendering their selection a paramount aspect of SSL
algorithms. Proper pseudo-label selection strategy can bol-
ster the model’s ability to generalize to unseen data, while
a poor one could precipitate detrimental impacts on model
performance.

Prominent semi-supervised learning algorithms that uti-
lize pseudo-labeling, such as MixMatch (Berthelot et al.
2019), FixMatch (Sohn et al. 2020), RemixMatch (Berth-
elot et al. 2020), and FreeMatch (Wang et al. 2023), have
traditionally depended exclusively on the absolute values of
posterior probabilities to choose pseudo-labels. These meth-
ods interpret these probabilities as a measure of the model’s
confidence in its predictions, setting a selection threshold ac-
cordingly. While this is intuitive and straightforward, it has
its limitations.

Specifically, when dealing with sparsely labeled data, the
model might predict with high confidence incorrectly, which
can adversely affect the performance of these methods. As
illustrated in Figure 1, even for a simple binary classification
task, relying solely on the model’s posterior probabilities for
pseudo-label selection can be challenging. This is because
many incorrect pseudo-labels might still have high posterior
probabilities.

We introduce the Local Variance Match (LVM). This
novel method offers a fresh dimension for filtering pseudo-
labels. By incorporating the dimension of local variance into
our pseudo-label selection, the task becomes considerably
more manageable. Removing labels with high local vari-
ance helps to reduce errors in pseudo-labels, thereby pos-
itively impacting the model’s performance (Zhu, Luo, and
Liu 2022). Experimental findings showcase that our LVM
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Figure 1: This figure demonstrates the relationship between
model predictions, posterior probabilities, and local devia-
tion using a toy experiment. Data points are uniformly sam-
pled within the [−1.3, 1.3]× [−1.3, 1.3] plane. Points within
the unit circle are labeled as 1, while those outside are la-
beled as 0. We train a 3-layer MLP and use it to predict on
test split. The scatter plot illustrates the relationship between
model predictions, the predicted posterior probabilities, and
the local deviation. Here, ’Local Deviation’ for a data point
is calculated as the absolute difference between the model’s
posterior probability of that point and the average predicted
probability across its several nearest neighbors for the actual
class.

approach outperforms existing SSL methods on popular im-
age classification datasets, such as CIFAR-10, CIFAR-100,
and SVHN, achieving state-of-the-art (SOTA) results across
various label settings. Notably, LVM achieved an error rate
of 5.41% in the most challenging setting of CIFAR-10 with
only ten labels (one label per class) – a result that is less
than 1% away from the 4.62% error rate observed in a
fully-supervised learning setting. As further validation, the
LVM method also exhibited superior performance in speech
recognition tasks, even with fewer pseudo-labels. These ex-
perimental outcomes underscore the efficacy of incorporat-
ing local variance into the pseudo-label selection process,
leading to improved model performance.

In summary, our paper offers the following significant
contributions:

• We present a theoretical analysis to underscore the im-
portance and potential benefits of considering local vari-
ance in the pseudo-label selection process for SSL tasks.

• We introduce the Local Variance Match (LVM) method, a
novel approach that leverages local variance as a pseudo-
label correctness measure to refine pseudo-label selection
in SSL tasks.

• We conduct extensive experiments on popular image
classification datasets, achieving state-of-the-art results

in most settings, and demonstrating better performance
in speech recognition tasks with fewer pseudo-labels.

The rest of this paper is structured as follows: Section
2 presents a theoretical analysis underscoring the signifi-
cance of local variance in pseudo-label selection. In Section
3, we delve into the specifics of the Local Variance Match
(LVM) method, explaining its integration of local variance
for pseudo-label selection. Section 4 reports the experimen-
tal results on image classification and speech recognition
datasets, comparing the LVM performance with other SSL
methods. Section 5 reviews related work in semi-supervised
learning and discusses the existing SSL methods. Finally,
Section 6 concludes the paper, highlighting our approach
and suggesting avenues for future work.

Motivated Theoretical Analysis
In this section, we delve into a simplified binary classifi-
cation scenario to shed light on the working mechanics of
our data selection strategy, which is rooted in local vari-
ance. While our actual model and the associated training
process are indeed more sophisticated, this simplified ex-
ample serves as a conduit for gaining a fundamental under-
standing of our method.

We consider a binary classification problem where the
data distribution is a mixture of two Gaussian distributions.
The label Y is equally probable to be positive (+1) or neg-
ative (−1). The input x is a scalar and follows the con-
ditional distribution: x | Y = −1 ∼ N (µ1, σ

2) and
x | Y = +1 ∼ N (µ2, σ

2). Without loss of generality, we
assume µ2 > µ1. The optimal classification boundary exists
at (µ1 + µ2)/2. We restrict our discussion to the case where
x > (µ1 + µ2)/2, where the optimal classifier predicts 1. A
similar discussion would hold for x < (µ1 + µ2)/2.

Theorem 1. Consider a 2-GMM probability model, where
P (Y = i) = 1

2 for i ∈ {−1,+1} and the conditional prob-
ability of x follows a normal distribution: x | Y = −1 ∼
N(µ1, σ

2) and x | Y = +1 ∼ N(µ2, σ
2), where µ1 < µ2.

For any point x > (µ1 + µ2)/2, the following properties
hold:

(I) The posterior probability (or the model’s confidence
level) for a positive class is given by:

P (Y = +1 | x) =
1

exp

[
− (µ2−µ1)(x−µ1+µ2

2 )
σ2

]
+ 1

(1)

> P (Y = −1 | x)

For simplicity, let’s denote

g(x) , exp

[
−

(µ2 − µ1)
(
x− µ1+µ2

2

)
σ2

]
+ 1 (2)

(II) Differentiating P (Y = +1 | x) with respect to x
yields:

d

dx
P (Y = +1 | x) = − 1

g2(x)
g′(x) > 0 (3)
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Where

g′(x) = − (µ2 − µ1)

σ2
exp

[
−

(µ2 − µ1)
(
x− µ1+µ2

2

)
σ2

]
(4)

(III) The local variance of the posterior probability is:

V ar
x̃
uni∼ Bδ(x)

P (Y = +1 | x̃)

= E
x̃
uni∼ Bδ(x)

P 2(Y = +1 | x̃) (5)

−
[
E
x̃
uni∼ Bδ(x)

P (Y = +1 | x)
]2

=

∫ x+δ

x−δ

1

g2(x̃)

1

2δ
dx̃−

[∫ x+δ

x−δ

1

g(x̃)
· 1

2δ
dx̃

]2
(6)

(IV) The derivative of V ar
x̃
uni∼ Bδ(x)

P (Y = +1 | x̃) with
respect to x is:

d

dx
V ar

x̃
uni∼ Bδ(x)

P (Y = +1 | x̃)

=
1

2δ

(
1

g(x+ δ)
− 1

g(x− δ)

)
×

(
1

g(x+ δ)
+

1

g(x− δ)
− 2 · 1

2δ

∫ x+δ

x−δ

1

g(x̃)
dx̃

)
(7)

and when δ is a small positive quantity, we have

d

dx
V ar

x̃
uni∼ Bδ(x)

P (Y = +1 | x̃) < 0 (8)

From the theorem, several pivotal insights can be distilled:

• The derivative d
dxP (Y = +1 | x) is positive. This in-

dicates that an increase in the input variable x corre-
sponds to an increase in the posterior probability P (Y =
+1 | x) predicted by the model. Consequently, the con-
fidence level of the optimal classifier in its predictions
increases as the input progressively diverges from the de-
cision boundary.

• However, the derivative d
dxVar

x̃
uni∼Bδ(x)

P (Y = +1 | x̃)

is negative when δ is a small positive quantity. This sug-
gests that the local variance in the model’s posterior prob-
ability, denoted as Var

x̃
uni∼Bδ(x)

P (Y = +1 | x̃), decreases
as x diverges from the decision boundary.

Drawing from this analysis, it can be inferred that for the
Bayes’ optimal classifier, zones exhibiting higher posterior
probabilities are associated with lower local variance. A
significant implication of this finding is that for a trained
model, if an input x shows a high posterior probability (in-
dicating high confidence), and minor modifications to x lead
to substantial changes in the posterior probability, then it is
likely that the model’s performance at this input x is sub-
optimal, suggesting that the model’s prediction at this point
could be erroneous. This crucial insight inspires us to em-
ploy both posterior probability and local variance as criteria
in the pseudo-label selection process.

Figure 2: Illustration of our Local Variance Match (LVM)
method. For pseudo-labels, we select those with high poste-
rior probability and low local variance to participate in the
loss calculation.

Local Variance Match Method
This section introduces the Local Variance Match (LVM)
method, a novel strategy for pseudo-label selection in semi-
supervised learning (SSL) tasks. The main idea behind LVM
is to use local variance as an indicator of pseudo-label accu-
racy. By adopting this method, we aim to enhance the qual-
ity of selected pseudo-labels, which in turn augments the
model’s performance.

In SSL, the training dataset comprises both labeled and
unlabeled samples. Same as the notation in (Wang et al.
2023; Xie et al. 2020; Zhang et al. 2021), we represent the
labeled data by DL = {(xl, yl) : l ∈ [NL]}, where NL is
the number of labeled samples, and yl stands for the corre-
sponding label of the input xl. Unlabeled data is symbolized
by DU , and we have DU = {xu : u ∈ [NU ]}, with NU sig-
nifying the count of unlabeled samples. The cross-entropy
loss is represented as H(·, ·), weak data augmentation (or
identity mapping) by ω(·), and strong data augmentation by
Ω(·). The neural network model is given by f(·, θ), with θ
denoting the trainable parameters.

The supervised loss for labeled data is expressed as:

Ll =
1

NL

NL∑
l=1

H (yl, f (ω (xl) , θ)) ,

Unsupervised training objectives for unlabeled samples,
such as those suggested in (Wang et al. 2023; Xie et al. 2020;
Zhang et al. 2021), are described as:

Lu =
1

NU

NU∑
u=1

1 [max (f (ω (xu) , θ)) > τ ]

×H (f (ω (xu) , θ) , f (Ω (xu) , θ))

Inspired by our theoretical insights, we propose the inclu-
sion of local variance (LV) during the pseudo-label selection
phase. The local variance of model f at data point x is de-
fined by:

LVf (x) = V ar
x̃
uni∼ Bδ(x)

(f(x̃))ix , (9)
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Here, ix denotes the ix-th component of the probability
vector, with ix representing the predicted category of the
neural network f for the original input x. Specifically,

ix = argmaxif(x)i. (10)

In practice, to compute the local variance, approximations
to Equation 9 are necessary. Here, we employ a direct ap-
proximation method: we introduce noise perturbations to
the input x to produce x̃1, x̃2, x̃3, . . . , x̃k. To reduce com-
putational load, it is possible to set x̃1 = x. After forward-
ing through the neural network f , we obtain k probabilities:
f(x̃1)ix , f(x̃2)ix , . . . , f(x̃k)ix . We then compute the statis-
tical variance between these k probabilities to approximate
LVf (x). Mathematically, we express this as:

LVf (x) ≈ 1

k − 1

k∑
j=1

f(x̃j))ix −
1

k

k∑
j=1

f(x̃j))ix

2

(11)

In our LVM method, before using unlabeled data, we filter
valid pseudo-labels D′U based on local variance:

D′U = {x ∈ DU |LV (f (ω (xu) , θ)) < τ1
∧max (f (ω (xu) , θ)) > τ2}

As such, our unsupervised training objective for unlabeled
data, incorporating local variance, is as follows. A visual il-
lustration of our approach is provided in Figure 2.

Lu =
1

NU

NU∑
u=1

1 [xu ∈ D′U ]

×H (f (ω (xu) , θ) , f (Ω (xu) , θ))

To summarize, Algorithm 1 incorporates local variance
(LV) into the pseudo-label selection criterion. The LVM al-
gorithm enables us to select pseudo-labels that not only pos-
sess high posterior probabilities (above τ2) but also exhibit
low local variance (below τ1). This unique perspective of
considering local variance helps address the limitations of
existing SSL methods that rely solely on the absolute value
of posterior probabilities for pseudo-label selection. The lo-
cal variance allows us to effectively identify and exclude
noisy or mispredicted labels.

Experiments
Image Classification Experiments
In this subsection, we aim to evaluate the efficacy of the Lo-
cal Variance Match (LVM) method for image classification
tasks.

Experimental Setup We assess the performance of our
Local Variance Match (LVM) approach in image classifica-
tion across several benchmark datasets: CIFAR-10, CIFAR-
100, SVHN, and ImageNet (Russakovsky et al. 2015), ad-
justing the quantity of labeled data for each. Specifically, our

Algorithm 1: One iteration of Local Variance Match (LVM)
Algorithm

Require: Labeled dataDL, Unlabeled dataDU , Local vari-
ance threshold τ1, Posterior probability threshold τ2,
Unlabeled data weight λu

1: Compute labeled data loss:

Ll =
1

NL

NL∑
l=1

H (yl, f (ω (xl) , θ))

2: Select valid pseudo label with:

D′U = {x ∈ DU |LV (f (ω (xu) , θ)) < τ1
∧max (f (ω (xu) , θ)) > τ2}

3: Compute unlabeled data loss:

Lu =
1

NU

NU∑
u=1

1 [xu ∈ D′U ]

×H (f (ω (xu) , θ) , f (Ω (xu) , θ))

4: Compute total loss: L = Ll + λu · Lu
5: Update model parameters θ using the computed total

loss L

experiments involve 40, 250, and 4000 labeled data points
for CIFAR-10; 2500 labeled data points for CIFAR-100; 40
and 250 labeled data points for SVHN; and 100,000 labeled
data points for ImageNet. We further test our method un-
der the most stringent conditions, using only 10 labeled data
points for CIFAR-10 and 400 labeled data points for CIFAR-
100. These settings are widely applied in the comparison of
SSL algorithms such as FlexMatch (Zhang et al. 2021), Mix-
Match (Berthelot et al. 2019), FreeMatch (Wang et al. 2023),
and UDA (Xie et al. 2020). For a fair comparison, we main-
tain the same network architectures and similar training iter-
ations (around 1,000,000) as other benchmarks such as Flex-
Match (Zhang et al. 2021), SoftMatch (Chen et al. 2023),
and USB (Wang et al. 2022). We employ Wide ResNet-
28-2 (Zagoruyko and Komodakis 2017) for CIFAR-10 and
SVHN, Wide ResNet-28-8 for CIFAR-100, and ResNet50
for ImageNet, consistent with FreeMatch (Wang et al. 2023)
for a fair comparison.

Under the most stringent conditions (10 labeled data
points for CIFAR-10 and 400 labeled data points for CIFAR-
100), we utilize the SGD optimizer with the following pa-
rameters: a learning rate of 0.03, a cosine learning rate decay
schedule, momentum of 0.9, and a weight decay of 0.0005.
We set τ1 to a relative value of 0.97, meaning we exclude the
top 3% of pseudo-labels with high local variance. For exper-
iments on the large-scale ImageNet, we employ the SGD
optimizer with a learning rate of 0.1, a cosine learning rate
decay schedule, momentum of 0.9, and a weight decay of
0.0003.

For all other configurations, we utilize the SGD optimizer
with the following parameters: a learning rate of 0.03, a co-
sine learning rate decay strategy, momentum of 0.9, and a
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CIFAR-10

Label data number 10 40 250 4000

Pseudo Label (Lee et al. 2013) 80.21 74.61 46.49 15.08
MeanTeacher (Tarvainen and Valpola 2017) 76.37 70.09 37.46 8.10
MixMatch (Berthelot et al. 2019) 65.76 36.19 13.63 6.66
ReMixMatch (Berthelot et al. 2020) 20.77 9.88 6.30 4.84
UDA (Xie et al. 2020) 34.53 10.62 5.16 4.29
Dash (Xu et al. 2021) 27.28 8.93 5.16 4.36
FlexMatch (Zhang et al. 2021) 13.85 4.97 4.98 4.19
FreeMatch (Wang et al. 2023) 8.07 4.90 4.88 4.10
LVM(Ours) 5.41 4.87 4.84 4.19
Fully-Supervised 4.62

Table 1: Comparison of error rates (expressed in %) on the CIFAR-10 dataset across various unsupervised learning meth-
ods, including Pseudo Label, Mean Teacher, MixMatch, ReMixMatch, UDA, Dash, FlexMatch, FreeMatch, and our proposed
method, Local Variance Match (LVM), for different quantities of labeled data (10, 40, 250, 4000). The best-performing results
are highlighted in bold. For reference, the performance of a fully-supervised model is also provided. Notably, our LVM method
achieves an error rate of 5.41% in the most challenging setting of CIFAR-10 with only 10 labels, which is less than 1% different
from the fully-supervised setting.

weight decay of 0.0005. The parameter τ1 is set to 0.98,
resulting in the exclusion of the top 2% of pseudo-labels
with high local variance. Additionally, we determine a value
for τ2 aligning with (Wang et al. 2023) to ensure fairness.
All experiments were carried out on four Tesla V100 32GB
GPUs. In all experiments, we compute the approximation
of local variance following equation 11. We choose k = 2
or k = 3 to minimize computational overhead, and we use
Gaussian noise to obtain the perturbations.

Experiment Results The results of our image classifica-
tion experiments on CIFAR-10, as well as CIFAR-100 and
SVHN datasets, are presented in Tables 1 and 2 respec-
tively. Our Local Variance Match (LVM) method consis-
tently achieves state-of-the-art performance across various
data configurations, underscoring its effectiveness.

Compared to other unsupervised learning techniques,
such as ReMixMatch (Berthelot et al. 2020), UDA (Xie
et al. 2020), Dash (Xu et al. 2021), FlexMatch (Zhang et al.
2021), and FreeMatch (Wang et al. 2023), our LVM tech-
nique demonstrates superior performance. For instance, in
the most stringent CIFAR-10 scenario with only 10 labels
(one label per class), LVM records an error rate of 5.41.
This significantly outperforms other advanced methods such
as FreeMatch, which register an error rate of 8.07. Impres-
sively, the error rate of 5.41 attained by our method is re-
markably close to that of fully-supervised learning, which
is 4.62. In another stringent CIFAR-100 scenario with only
400 labels (four labels per class), LVM records an error rate
of 35.87. This represents a nearly 2% improvement over the
previous best results. These results emphasize the potential
of our LVM method to excel even in situations with ex-
tremely limited labeled data, making it a robust and effective
solution for unsupervised learning scenarios where labeled
data is either scarce or costly to obtain.

Additionally, to validate the effectiveness of the LVM
method on large-scale data, we also conducted experiments

on ImageNet with 100k labeled data points. Our LVM
method significantly outperforms the latest counterpart by
1.26% on top-1 error and 1.65% on top-5 error. The experi-
mental results are presented in Table 3.

Analysis of Experimental Results To check the function-
ing of LVM and evaluate the efficacy of our local variance
strategy in filtering out inaccurate pseudo labels, we conduct
a comprehensive analysis. We use the experiment carried out
on CIFAR-10 with 40 labeled data points as a representative
case.

We start by examining the mask ratio across different
methods. This metric signifies the fraction of pseudo-labels
that are discarded. As depicted in Figure 3, the overall mask
ratio for LVM is slightly higher than for other methods. This
is consistent with our hypothesis, as LVM discards pseudo-
labels that exhibit high local variance.

Figure 3: Mask ratio comparison for various methods.
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CIFAR-100 SVHN

Label data number 400 2500 40 250

Pseudo Label (Lee et al. 2013) 87.45 57.74 64.61 15.59
MeanTeacher (Tarvainen and Valpola 2017) 81.11 45.17 36.09 3.45
MixMatch (Berthelot et al. 2019) 67.59 39.76 30.60 4.56
ReMixMatch (Berthelot et al. 2020) 42.75 26.03 24.04 6.36
UDA (Xie et al. 2020) 46.39 27.73 5.12 1.92
Dash (Xu et al. 2021) 44.82 27.15 2.19 2.04
FlexMatch (Zhang et al. 2021) 39.94 26.49 8.19 6.59
FreeMatch (Wang et al. 2023) 37.98 26.47 1.97 1.97
LVM(Ours) 35.87 26.52 1.94 1.94
Fully-Supervised 19.30 2.13

Table 2: Comparison of error rates (%) on the CIFAR-100 and SVHN datasets for various semi-supervised learning methods
with different amounts of labeled data is presented. The number of labeled data used for each experiment is indicated in the first
row. The best results are highlighted in bold. Our proposed method, Local Variance Match (LVM), consistently achieves the
lowest error rates in most settings, demonstrating its robustness and effectiveness compared to other state-of-the-art methods.
For reference, the performance of a fully-supervised model is also provided. Notably, LVM, in the most challenging setting
of CIFAR-100 with only 400 labels, achieves an error rate of 35.87%. This marks over a 2% improvement over the previous
state-of-the-art results.

Method top-1 top-5

fixmatch 43.66 21.80
flexmatch 41.85 19.48
freematch 40.57 18.77
LVM(ours) 39.31 17.12

Table 3: Performance comparison on ImageNet dataset.

To further validate our approach, it’s essential to ascertain
whether LVM operates as expected:

Does discarding pseudo-labels with high local variance
indeed remove more erroneous labels?

This is illustrated in Figure 4. The blue line represents
the accuracy of the valid pseudo-labels, while the red line
represents the accuracy of the pseudo-labels discarded due
to their high local variance. These discarded labels possess
high posterior probabilities and, therefore, are not filtered
out by the posterior probability threshold. Notably, in order
to better reflect the entire training process, we sampled data
points at fixed iteration intervals, and a moving average op-
tion was utilized in the plotting of Figure 3 and Figure 4.

The results unambiguously indicate that the pseudo-labels
discarded based on our local variance criterion possess sig-
nificantly lower accuracy compared to the overall accuracy
of the valid pseudo-labels. This highlights the effectiveness
of our local variance approach in filtering pseudo-labels.
Our method provides a fresh perspective on pseudo-label se-
lection, differentiating from prior works that predominantly
centered around posterior probability, as cited in (Berthelot
et al. 2020, 2019; Wang et al. 2023).

Speech Recognition Experiments
In addition to our main experiments, we apply the Local
Variance Match (LVM) method to speech recognition tasks

Figure 4: Validation of LVM functionality through pseudo-
label accuracy

to further validate the effectiveness of our proposed ap-
proach and to demonstrate the broad applicability of LVM.

Experimental Setup For the speech recognition exper-
iment, we use the AISHELL-1 dataset (Bu et al. 2017)
(approximately 150 hours) as the labeled data and the
AISHELL-2 dataset (Du et al. 2018) (approximately 1000
hours) as the unlabeled data. We evaluate our model based
on the Word Error Rate (WER) measured on the AISHELL-
1 test set. Given the slower convergence rate of speech
models compared to image classification tasks, we adopt
an offline pseudo-label usage strategy. Specifically, we use
a pre-trained model from WeNet (Yao et al. 2021) on the
AISHELL-1 dataset as the pseudo-label generator, generate
pseudo-labels on the AISHELL-2 dataset, and concurrently
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Supervised Unsupervised

Aishell-1 Aishell-2 Result

Posterior Probability Local Variance Word Error
Threshold Threshold Rate (%)

All Used 0.03 Off 4.72
All Used 0.03 0.05 4.72
All Used 0.03 0.1 4.74

All Used 0.025 Off 4.78
All Used 0.025 0.05 4.71
All Used 0.025 0.1 4.77

All Used 0.02 Off 4.77
All Used 0.02 0.05 4.75
All Used 0.02 0.1 4.74
All Used No Unsupervised Data 5.17

Table 4: ASR task results using various thresholds for posterior probability and local variance.

train a new model with the labeled data from AISHELL-
1 and selected pseudo-labels from AISHELL-2. For these
experiments, we use a state-of-the-art hybrid CTC/attention
architecture (Watanabe et al. 2017), incorporating a Con-
former (Gulati et al. 2020) encoder, a 2D convolutional input
layer, and a Transformer (Vaswani et al. 2017) decoder. We
adopt a batch size of 16, an Adam optimizer with a learning
rate of 0.002, and a warmup scheduler with 25,000 steps.
Gradients are clipped at 5 and accumulated over 4 steps, and
we train for a total of 80 epochs for each setting.

Experiment Results Our findings indicate that the incor-
poration of local variance has allowed us to achieve su-
perior results with less data, further substantiating the ef-
ficacy of our Local Variance Match (LVM) approach. As
observed in Table 4, under various settings, the implemen-
tation of our LVM strategy for refining pseudo-labels con-
sistently enables the model to achieve better (or equivalent)
performance with fewer data. For example, the setting with a
posterior probability threshold of 0.025 and a local variance
threshold of 0.05 used fewer pseudo-labels compared to the
setting with only a posterior probability threshold of 0.025,
yet it resulted in improved performance.

Related Work
The emergence of pseudo-labeled semi-supervised learn-
ing (SSL) techniques has garnered significant attention.
The seminal study, Pseudo Label (Lee et al. 2013), treated
pseudo-labels as genuine labels during training. Ensuring
the quality of pseudo-labels is crucial for the success of SSL.
Subsequent advanced SSL methods like UDA (Xie et al.
2020), FixMatch (Sohn et al. 2020), Flexmatch (Zhang et al.
2021), Class-Imbalanced Adaptive Thresholding (Guo and
Li 2022), Dash (Xu et al. 2021), Adamatch (Berthelot et al.
2022), and Freematch (Wang et al. 2023) have focused on
pseudo-label selection, implementing either fixed or adap-
tive thresholds based on the model’s confidence levels.

UDA (Xie et al. 2020) emphasizes the significance of ad-

vanced data augmentation methods in SSL. FixMatch (Sohn
et al. 2020) produces pseudo-labels from weakly augmented
unlabeled images, retaining only those with high confi-
dence. Flexmatch (Zhang et al. 2021) introduces Curricu-
lum Pseudo Labeling (CPL), adjusting class-specific thresh-
olds at every iteration based on the model’s current learn-
ing stage. (Rizve et al. 2020) adopts a model-centric stance,
drawing insight from calibration. Freematch (Wang et al.
2023) autonomously adjusts the confidence threshold in line
with the model’s learning progression.

Together, these SSL techniques reveal a range of strate-
gies for pseudo-label selection, leveraging their quality to
enhance model performance. However, these methods rely
on the absolute magnitude of the model’s predicted pos-
terior probabilities for pseudo-label identification. While
this strategy is straightforward and intuitive, it poses cer-
tain challenges. Specifically, when dealing with sparsely la-
beled data, the model might mistakenly predict with high
confidence, potentially compromising the effectiveness of
these methods. Our newly introduced Local Variance Match
(LVM) approach addresses these challenges by incorporat-
ing local variance as a criterion to assess pseudo-label accu-
racy. This inclusion establishes a more reliable pseudo-label
selection process, leading to improved performance across
various tasks.

Conclusion

In this study, we introduced the Local Variance Match
(LVM) method, a state-of-the-art technique for pseudo-label
selection in semi-supervised learning. By emphasizing local
variance, LVM enhances the quality of pseudo-labels, lead-
ing to superior model performance on benchmark datasets,
such as CIFAR-10, CIFAR-100, and ImageNet. Our method
also performs well in speech recognition tasks. In future
work, we believe that characterizing the theoretical proper-
ties of the LVM algorithm is an important direction.
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