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Abstract

Semi-supervised learning (SSL) uses unlabeled data to im-
prove the performance of machine learning models when
labeled data is scarce. However, its real-world applications
often face the label distribution mismatch problem, in which
the unlabeled dataset includes instances whose ground-
truth labels are absent from the labeled training dataset.
Recent studies, referred to as safe SSL, have addressed this
issue by using both classification and out-of-distribution
(OOD) detection. However, the existing methods may suf-
fer from overconfidence in deep neural networks, leading
to increased SSL errors because of high confidence in in-
correct pseudo-labels or OOD detection. To address this,
we propose a novel method, CaliMatch, which calibrates
both the classifier and the OOD detector to foster safe SSL.
CaliMatch presents adaptive label smoothing and temper-
ature scaling, which eliminates the need to manually tune
the smoothing degree for effective calibration. We give a
theoretical justification for why improving the calibration
of both the classifier and the OOD detector is crucial in
safe SSL. Extensive evaluations on CIFAR-10, CIFAR-100,
SVHN, TinyImageNet, and ImageNet demonstrate that Cal-
iMatch outperforms the existing methods in safe SSL tasks.

1. Introduction

Semi-supervised learning (SSL) is a useful approach to im-
proving machine learning model performance, particularly
when labeled data is limited, but plenty of unlabeled data
are available [5, 10, 24, 30, 31]. However, most existing
SSL methods are based on the assumption that the labeled
and unlabeled data have the same set of class labels. In real-
ity, there could be unlabeled instances whose labels do not
belong to any classes in the labeled dataset, called unseen-
class data. Such unseen-class data can adversely affect the
decision boundary of the classifier trained using labeled
data and unlabeled seen-class data through SSL methods,
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thereby decreasing the effectiveness of SSL approaches. To
address this issue, several deep learning-based SSL meth-
ods, known as safe semi-supervised learning, have been
proposed [1, 4, 9, 14, 24, 32]. Most safe SSL methods use
out-of-distribution (OOD) detection techniques to identify
whether the labels of unlabeled data belong to the set of
labels in the labeled training dataset. That is, they catego-
rize the unlabeled data into “seen” and “unseen” classes and
use labeled data and unlabeled seen class data to improve
the classifier or unlabeled unseen class data to improve the
OOD detection performance.

Most safe SSL studies for image classification rely on
deep convolutional neural networks (CNNs). However, re-
cent studies have reported that deep CNNs show poor cal-
ibration performances despite their effectiveness measured
in classification accuracies [7, 16, 17, 22, 28]. Specifically,
deep CNNs are overconfident in their decisions and struggle
to accurately assess the likelihood of error based on their
confidence levels. In this study, we investigate the over-
confidence issue of deep CNNs in the context of safe SSL.
The overconfidence in safe SSL can cause the classification
model to learn from incorrect pseudo-labels with unreason-
ably high confidence in their decisions, thereby amplifying
the model’s error. Moreover, because of the overconfidence
issue, OOD detection in safe SSL may erroneously label a
considerable portion of unseen class data in the unlabeled
dataset as a seen class, consequently undermining the effec-
tiveness of safe SSL.

We propose a new safe SSL method, CaliMatch, to mit-
igate overconfidence-related issues in SSL by improving
the calibration performance. CaliMatch effectively rejects
unseen-class data and accurately identifies pseudo-labeled
samples from the unlabeled dataset using a well-calibrated
classifier and an OOD detector, thereby improving the effi-
cacy of SSL. To achieve this, CaliMatch uses adaptive la-
bel smoothing and logit scaling to calibrate both the multi-
class classifier and the OOD detector. Unlike conventional
smoothing-based calibration methods, which require man-
ual adjustment of the smoothing degree for effective cali-
bration, CaliMatch dynamically adjusts the degree of label
smoothing based on the accuracy distribution of the vali-
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dation dataset, ensuring appropriate smoothing degrees rel-
ative to current confidence levels. Moreover, incorporating
learnable scaling parameters for the multiclass classifier and
OOD detector helps the models learn adaptively smoothed
labels and mitigates overconfidence in both classification
and OOD detection. This approach can alleviate the adverse
training effects of incorrectly pseudo-labeled examples in
safe SSL.

To the best of our knowledge, this is the first study to
highlight the importance of improving the calibration per-
formance of both multiclass classifiers and OOD detectors
in safe SSL. The key contributions are as follows:
• We investigate the importance of calibration in both clas-

sification and OOD detection in safe SSL, supported by
extensive experiments and theoretical justification.

• We propose CaliMatch, a new safe SSL method that cal-
ibrates both the confidence of classifier and OOD scores
to improve the quality of pseudo-label and effectively ex-
clude instances from unseen classes within the unlabeled
training dataset.

• CaliMatch outperforms existing safe SSL methods across
five benchmark datasets, including a large-scale Ima-
geNet dataset. Furthermore, our adaptive calibration ap-
proach is more effective than popular calibration methods
in helping the safe SSL task.

2. Related Works
Semi-supervised Learning. Hybrid SSL methods integrate
data augmentation and pseudo-labeling techniques to use
large amounts of unlabeled data effectively [2, 3, 13, 26].
Notably, FixMatch has achieved state-of-the-art perfor-
mance on several SSL benchmarks by using a confidence-
based thresholding approach that considers pseudo-labels
in training only when predictions meet a high confidence
threshold. However, even with high confidence, pseudo-
label quality can suffer because of overconfidence issues
common in deep CNNs. To address this reliability con-
cern, we propose calibrating the neural networks to im-
prove the confidence-based thresholding process for accu-
rately pseudo-labeled data, thus improving the quality of
safe SSL.
Safe Semi-supervised Learning. Multi-task curriculum
(MTC) trains an OOD detector alongside MixMatch using a
joint optimization framework that alternates between updat-
ing neural network parameters and adjusting the OOD score
[32]. SafeStudent uses a novel scoring function, known as
energy discrepancy, to detect OOD instances [9]. For bet-
ter OOD detection, SafeStudent calibrates the probability
distribution of detected unseen-class instances to a uniform
distribution. OpenMatch, built on the framework of Fix-
Match, is an advanced, safe SSL method that incorporates
an OOD rejection mechanism. IOMatch is based on Open-
Match and proposes to use multiclass and one-versus-rest

(OvR) classifiers with a projection head to create an open-
set classifier [14]. Similarly, SCOMatch presents an open-
set classifier and an OOD memory queue for selecting reli-
able OOD samples as new labeled data [29]. However, the
overconfident neural network-based OOD scores may de-
crease the model’s capability of correctly rejecting OOD in-
stances with reliability during SSL. To address the negative
issue in safe SSL, we propose calibrating an OOD detector
and defining an OOD score by leveraging well-calibrated
predictions of both the multiclass classifier and the OOD
detector.
Improving Calibration Performance of Deep Learning.
Calibration methods generally fall into two categories: (i)
post-hoc techniques, such as temperature scaling [7, 15],
which calibrate models after training, and (ii) real-time
techniques that perform calibration during training. Our
focus is on real-time calibration techniques because post-
hoc calibration cannot correct for miscalibrated confidence
that has already polluted the safe SSL process. Although
smoothing-based calibration methods, such as mixup and
label smoothing, can calibrate neural networks during train-
ing, achieving optimal calibration requires careful hyper-
parameter tuning to determine an appropriate degree of
smoothing [18, 27]. To achieve efficient calibration for safe
SSL, CaliMatch uses adaptive label smoothing based on the
accuracy distribution over different confidence levels.
Long-tailed Semi-supervised Learning. Recent long-
tailed SSL (LTSSL) methods are designed to address not
only class imbalance in both labeled and unlabeled data,
but also different imbalance ratios between them [25, 30].
Specifically, these methods aim to correct biased pseudo-
labels for unlabeled data, which are skewed toward major-
ity classes. A recent LTSSL method, ADELLO [25], fur-
ther incorporates the concept of calibration to mitigate over-
confidence in majority classes and enhance the quality of
pseudo-labels for minority classes. In contrast, CaliMatch
addresses the presence of unlabeled samples from unknown
classes, where calibration is critical for preventing overcon-
fident pseudo-labeling of OOD data.

3. Proposed Method

3.1. Safe Semi-supervised Learning

In our problem setting, we are given a labeled dataset
Dℓ = {(xℓ

i , y
ℓ
i ) ∈ X × Y : i = 1, · · · , nℓ}, where X is

the input feature space and Y = {1, · · · ,K} is the out-
put variable space. Additionally, a set of unlabeled data
Du = {xu

i ∈ X : i = 1, · · · , nu} is given. We assume the
presence of label distribution mismatch, where the true la-
bels of the unlabeled instances in Du may not belong to Y .
Our primary goal is to build an accurate multiclass classifi-
cation model using pseudo-labeling-based SSL techniques
with both Dℓ and Du. However, to address the mismatch
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Algorithm 1: CaliMatch
Require: Dℓ and Du: labeled and unlabeled datasets; ϕθ, fθ, and gθ: encoder, multiclass classifier, and OOD

detector; TM and TO: learnable parameters; Tw and Ts: weak and strong augmentations; τ1 and τ2:
thresholds for consistency regularization and OOD rejection; λO, λOCal, and λS: coefficients; Emax and
Imax: epoch and iteration; Ewarm-up: warm-up epoch; η: learning rate

for Epoch = 1 to Emax do
for Iteration = 1 to Imax do

Draw minibatches Bℓ and Bu from Dℓ and Du, respectively
L = LCE(Bℓ) + λOLOOD(Bℓ) + λSLSC(Bu; Tw) ▷ Equations (1), (2), (3)
if Epoch ≥ Ewarm-up then

Bt
u = {xu

i ∈ Bu : (sui > τ1) ∧ (cui > τ2)} ▷ Select unlabeled data with Equation (7)
L = L+ LMCal(Bℓ; Γ) + λOCalLOCal(Bℓ; ∆) + LFix(B

t
u; Tw, Ts) ▷ Equations (4), (5), (6)

Update [θ, TM , TO] at every iteration with stochastic gradient descent: [θ, TM , TO]← [θ, TM , TO]− η∇L
Update Γ and ∆ using validation dataset at every epoch ▷ For adaptive label smoothing.

Output: Trained networks for CaliMatch.

of the label distribution, we also require an OOD detector
to distinguish between known classes (those in Y) and un-
known classes (those not in Y). Therefore, following the
safe SSL setting of [24], we consider a neural network con-
sisting of an encoder ϕθ : X → Rd, which takes the input
variable and generates a d-dimensional embedding vector
that summarizes the features of each instance, a multiclass
classifier fθ : Rd → RK , which takes an embedding vec-
tor as input and generates logit vectors for the classification
task, and an OOD detector gθ : Rd → RK , implemented as
a set of OvR binary classifiers, which generate logit vectors
to distinguish unseen from seen classes.

Training a safe SSL model involves two key strategies:
first, selecting a reliable subset of unlabeled data, which
does not include instances of unseen classes from Du using
the OOD detector, and second, applying consistency reg-
ularization techniques to the reliable subset. This reliable
subset consists of unlabeled samples whose labels belong
to the known classes, and their pseudo labels, derived from
the model’s predictions (i.e., argmaxk∈Ypk(x

u
i )), align with

their true labels. To construct a reliable dataset, the existing
safe SSL methods use OOD scores to discard unseen-class
instances and use confidence scores in multiclass classifica-
tion to correctly identify pseudo-labeled samples. However,
because of the overconfidence issue of deep CNNs used in
the existing safe SSL methods, the existing OOD and the
confidence scores-based approach often fail to reject un-
labeled instances successfully, thereby compromising the
effectiveness of SSL techniques. Unexpectedly included
unseen-class instances and incorrectly pseudo-labeled data
can worsen a model’s confirmation bias, resulting in poor
classification performance. Therefore, addressing the over-
confidence issue of deep CNN is crucial for the safe SSL
task.

3.2. CaliMatch: Safe Semi-supervised Learning
with Improved Calibration

To address the overconfident predictions of deep CNN and
improve the efficacy of SSL, we propose an approach to
improve the calibration performance of the multiclass clas-
sifier and the OOD detector by presenting adaptive label
smoothing and temperature scaling techniques using la-
beled instances. Two scaling parameters TM and TO are
initialized at 1.5 and optimized during training to allow the
multiclass classifier and the OOD detector to learn adap-
tively smoothed labels efficiently. Our safe SSL method,
CaliMatch, builds upon FixMatch, a highly effective con-
sistency regularization SSL technique. CaliMatch incorpo-
rates an OOD detector to reject instances with unseen labels
effectively and is trained to be well-calibrated, thereby en-
hancing the efficacy of consistency regularization.

Algorithm 1 outlines CaliMatch. The encoder, mul-
ticlass classifier, and OOD detector are trained using a
minibatch stochastic gradient descent. Given two sampled
minibatches Bℓ and Bu from Dℓ and Du, respectively, in
the warm-up phase, we update the model parameters to
minimize three losses: cross-entropy loss for classification
(LCE(Bℓ)), binary cross-entropy loss for OOD (LOOD(Bℓ)),
and soft consistency regularization loss (LSC(Bu; Tw)) for
the OOD detector. These three loss functions are given as
follows:

−
|Bℓ|∑
i=1

K∑
k=1

yℓ
ik log pk(x

ℓ
i), (1)

−
|Bℓ|∑
i=1

[ K∑
k=1

(
yℓ
ik log qk(x

ℓ
i)
)
+min

l ̸=k
log(1− ql(x

ℓ
i))

]
, (2)

|Bu|∑
i=1

K∑
k=1

(
qk
(
T (1)
w (xu

i )
)
− qk

(
T (2)
w (xu

i )
))2

, (3)

where p(xℓ
i) is defined as softmax((fθ◦ϕθ)(x

ℓ
i)) and pk(x

ℓ
i)

2869



denotes the k-th element of p(xℓ
i), which represents the

predicted probability of the instance xℓ
i being in class k.

Note that yℓik is equivalent to I(yℓi = k). q(xℓ
i) refers to

sigmoid((gθ ◦ ϕθ)(x
ℓ
i)), and qk(x

ℓ
i) denotes the k-th ele-

ment of q(xℓ
i), representing the predicted probability that

xℓ
i is in class k. The distinction between the multiclass clas-

sifier and the OOD detector lies in how they interpret prob-
abilities. Specifically, pk(xℓ

i) is the probability of being in
class k, given that xℓ

i belongs to the in-distribution data. In
contrast, qk(xℓ

i) indicates whether the instance belongs to
class k or not without conforming to the distribution of any
known classes. T (1)

w and T (2)
w are transformations randomly

selected from weak augmentation functions. The soft con-
sistency regularization loss encourages the OOD detector
to generate similar outputs for differently augmented input
images, thereby improving OOD detection.

After the warm-up period, we add the following two
loss functions LMCal(Bℓ; Γ) and LOCal(Bℓ; ∆) to improve
calibration performance of the multiclass classifier and the
OOD detector on the labeled data. These two loss functions
are formulated as follows:

−
|Bℓ|∑
i=1

K∑
k=1

(
γℓ
i y

ℓ
ik +

1− γℓ
i

K − 1
(1− yℓik)

)
log psk(x

ℓ
i), (4)

−
|Bℓ|∑
i=1

[ K∑
k=1

((
δℓiy

ℓ
ik + (1− δℓi )(1− yℓ

ik)
)
log qsk(x

ℓ
i)
)

+min
k∈Y

((
(1− δℓi )y

ℓ
ik + δℓi (1− yℓ

ik)
)
log(1− qsk(x

ℓ
i))

)]
, (5)

where Γ and ∆ are sets of reference confidence values for
the multiclass classifier and the OOD detector, respectively.
Specifically, γℓ

i and δℓi are the reference confidence val-
ues assigned to the instance xℓ

i to determine the degrees
of label smoothing based on the current model’s confi-
dence level. Unlike classic label smoothing, which applies
a fixed smoothing degree to every sample, CaliMatch dy-
namically adjusts the smoothing levels for each instance to
1 − γℓ

i for the classifier and 1 − δℓi for the OOD detector.
Here, psk(x

ℓ
i) and qsk(x

ℓ
i) denote the k-th elements of scaled-

logit-based probabilities, softmax((fθ ◦ ϕθ)(x
ℓ
i)/TM ) and

softmax((gθ ◦ ϕθ)(x
ℓ
i)/TO), respectively. To assign refer-

ence value γℓ
i for the multiclass classifier, we first divide the

segment [0, 1] into M equally spaced bins and define a set
of validation instances whose confidences belong to each
segment: Bp

m = {xi ∈ DVal : maxk pk(xi) ∈ (m−1
M , m

M ]}
for m = 1, · · · ,M . Subsequently, we calculate the accu-
racy of the multiclass classifier for each bin Bp

m as γm =
|Bp

m|−1
∑

xi∈Bp
m
I(argmaxkpk(xi) = yi). Lastly, when

we suppose the confidence value maxkpk(x
ℓ
i) for a labeled

example xℓ
i falls into Bp

m1
, CaliMatch considers the accu-

racy value γm1
as the well-calibrated reference confidence

score γℓ
i for the labeled data xℓ

i . The same method calcu-
lates δℓi for the OOD detector using Bq

m. Through minimiz-
ing our calibration loss functions, the multiclass classifier
and the OOD detector with two scaling parameters TM and
TO learn the smoothed labels, thereby aligning their confi-
dences ps

yℓ
i
(xℓ

i) and qs
yℓ
i
(xℓ

i) with the current model’s accu-

racy γℓ
i and δℓi . Note that our smoothed labels take the refer-

ence values γℓ
i and δℓi for the true class, and (1−γℓ

i )/(K−1)
and 1− δℓi for the remaining classes.

Next, we add FixMatch loss LFix(B
t
u; Tw, Ts) based on

the set of reliable unlabeled instances Bt
u for consistency

regularization. The FixMatch loss is:

−
|Bt

u|∑
i=1

K∑
k=1

I
(
argmaxlpl(Tw(xu

i )) = k
)
log pk(Ts(xu

i )),

(6)

where Tw and Ts are weak and strong augmentations ap-
plied to input variables, and they can be used to improve
the classifier’s consistency, thereby increasing the perfor-
mance of the classifier, as used in FixMatch [26]. To iden-
tify the reliable set of unlabeled instances Bt

u with classes
in Y while ensuring the correctness of their pseudo-labels,
we propose two selection criteria based on predictions of
the model calibrated with the labeled dataset. The predic-
tions of the model on the data xu

i ∈ Bt
u satisfy the following

condition with two thresholds, τ1 and τ2:

sui =
∑
k∈Y

psk(x
u
i )q

s
k(x

u
i ) > τ1 ∧ cui = max

k∈Y
psk(x

u
i ) > τ2.

(7)
Our proposed seen-class score sui consists of predicted
probabilities psk(x

u
i ) and qsk(x

u
i ), estimating the likelihood

that the unlabeled data point xu
i belongs to one of the seen

classes. This is based on the fact that the two well-calibrated
probabilities, namely psk(x

u
i ) and qsk(x

u
i ), account for the

likelihood of xu
i being k-th seen class better than pk(x

u
i )

and qk(x
u
i ), which are likely to be overconfident. On the

other hand, uu
i , calculated as 1− sui , serves as a CaliMatch

OOD score implying the likelihood that xu
i belongs to un-

seen classes not included in Y . CaliMatch considers an
unlabeled sample as reliable seen-class data if sui exceeds
τ1. Furthermore, we propose using better-calibrated con-
fidence cui to select unlabeled samples whose prediction
confidence is greater than τ2 among those classified as un-
labeled seen-class data, instead of using the overconfident
score maxk∈Y pk(x

u
i ) used in other safe SSL methods. Un-

less otherwise noted, τ1 and τ2 are fixed at 0.5 and 0.95,
which are the same values from previous studies [24, 26].

In Supplementary Section S-3, we present a theoreti-
cal justification demonstrating how better-calibrated mod-
els improve safe SSL performance. Specifically, we
demonstrate that mitigating overconfidence in both clas-
sification and OOD detection can bring the gradient of
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LFix(B
t
u; Tw, Ts), closer to that of the ideal scenario (no

incorrect pseudo-labels and no OOD samples) in safe SSL
settings.

4. Experiments
Setups. We evaluated CaliMatch on a comprehensive list
of benchmark datasets, including SVHN [20], CIFAR-10,
CIFAR-100 [11], TinyImageNet [12], and ImageNet [6],
in the presence of label distribution mismatch between la-
beled and unlabeled datasets. We compared CaliMatch
with conventional SSL, safe SSL methods, and a recent
calibration-based LTSSL method. These include MTC [32],
FixMatch [26], OpenMatch [24], SafeStudent [9], IOMatch
[14], SCOMatch [29], and ADELLO [25]. For fair eval-
uation, we followed the SSL evaluation protocol of [23],
which outlines the SSL training procedure, including the
number of training iterations, CNN architecture, batch size,
optimizer, learning rate, and scheduler. In experiments
on SVHN, CIFAR-10, CIFAR-100, and TinyImageNet, we
used a Wide ResNet 28-2 [33] as the CNN backbone, while
ResNet 50 [8] was used for experiments on ImageNet. All
other implementation details, such as the settings of label
distribution mismatch and hyperparameters in each dataset,
are summarized in Supplementary Section S-1. Note that
we also compared computational complexity of a super-
vised learning baseline and all SSL methods, and the re-
sults are presented in Supplementary Section S-2. To ensure
robustness, we conducted experiments on SVHN, CIFAR-
10, CIFAR-100, and TinyImageNet using the same eval-
uation protocols on five different random seeds, reporting
average metrics and standard deviation. In the case of the
ImageNet dataset, we limited the number of repeated ex-
periments to three runs to alleviate extensive training costs.
Lastly, we evaluated the calibration performance by calcu-
lating expected calibration error (ECE) with 15 bins [19].

4.1. Multiclass Classification
Table 1 presents the classification performance (top-1 accu-
racy) across four image benchmark datasets, with unseen-
label data proportion (κ) set to 30% or 60%. Across all
eight combinations of datasets and proportions, five SSL
methods improved performance compared to the supervised
learning approach using only labeled data. Notably, the
proposed CaliMatch outperformed most SSL competitors in
both 30% and 60% proportions of unseen classes, demon-
strating its efficacy and robustness in the presence of unla-
beled OOD instances. Furthermore, a Friedman test con-
ducted across the eight SSL scenarios yielded a statistically
significant result (p-value < 0.001), with CaliMatch ranked
first based on the Friedman scores. We also evaluated the
calibration performance of the methods, as presented in
Supplementary Section S-2 (Table S-3). CaliMatch pro-
vides not only improved accuracy but also decent calibra-

tion performance.
The proposed CaliMatch outperformed other methods by

providing more accurate pseudo-labels for high-confidence
instances (confidence score greater than 0.95), which are
selected for consistency regularization. Additionally, it in-
cludes a lower proportion of unseen-label instances in the
set of high-confidence and low-OOD instances (OOD score
less than 0.5). To demonstrate this, we investigated the
learning curves of the SSL methods. Figure 1 shows the
learning curves for CIFAR-100 with κ set to 60%. Learn-
ing curves for other datasets are described in Supplemen-
tary Section S-2 (Figure S-1). First, as shown in the top-
left figure, CaliMatch provides better pseudo-label accuracy
for seen-class instances with confidence scores above the
threshold. That is, the quality of the unlabeled instances se-
lected by CaliMatch for consistency regularization is better
than that of others, while the other SSL methods provide
less accurate pseudo-labels. This advantage is because of
CaliMatch’s better calibration, whereas other methods suf-
fer from overconfident predictions, as shown in Table S-3.
This significantly improves the effectiveness of consistency
regularization and leads CaliMatch to better classification
performance.

The top-right figure depicts the ratio of high-confidence
unlabeled samples with seen classes among all unlabeled
samples with seen classes. While SCOMatch, ADELLO,
and IOMatch showed high confidence in most of the train-
ing unlabeled data, they could not ensure the quality of
pseudo-labels for high-confidence unlabeled data compared
to CaliMatch. The bottom-left figure shows the ratio
of unseen-label data among all high-confidence unlabeled
samples. CaliMatch has the lowest percentage compared
to all other comparison methods, indicating that it also im-
proves OOD detection calibration. This leads to better de-
tection of unseen classes in the high-confidence set, which
is used for consistency regularization. Furthermore, Cali-
Match’s lower percentage in the bottom-right figure, indi-
cating the proportion of unseen-label data among samples
with low OOD scores and high confidence, highlights its
superior capability to filter out unseen-label data in Du.

4.2. Out-of-distribution Detection

We evaluated the OOD detection performance of safe SSL
methods using the F1 score, as shown in Supplementary
Section S-2 (Table S-4). CaliMatch and OpenMatch outper-
formed other SSL methods in unseen-class detection across
four datasets. In this section, we contrast the differences
between CaliMatch and OpenMatch. To compare their
unseen-class detection details, we used reliability diagrams
[21] to visualize the calibration performance, as shown in
Figure 2, with ECE metrics for each diagram. Our eval-
uation of unseen-label data detection calibration is based
on considering OOD detection as the binary classification
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Table 1. Evaluation of multiclass classification using the averaged accuracy and standard deviation (in parentheses) on four image bench-
mark datasets under two different existence rates (κ%) of unseen-label data. The best results are in bold, and the second-best results are
underlined.

Dataset κ
Method

Supervised MTC FixMatch OpenMatch SafeStudent IOMatch SCOMatch ADELLO CaliMatch

SVHN
30%

85.82
(1.24)

89.34
(2.09)

95.33
(0.38)

96.62
(0.23)

90.94
(0.62)

95.72
(0.43)

95.80
(0.48)

95.70
(0.51)

96.81
(0.23)

60%
86.77
(2.76)

94.20
(0.32)

95.67
(0.14)

90.34
(0.49)

94.52
(0.32)

94.59
(0.38)

94.30
(0.43)

96.56
(0.11)

CIFAR-10
30%

76.96
(0.39)

82.22
(0.88)

88.12
(0.39)

88.04
(0.24)

81.88
(0.65)

89.12
(0.31)

90.30
(0.35)

88.81
(0.31)

90.25
(0.27)

60%
79.74
(0.42)

85.52
(0.54)

86.19
(0.74)

80.64
(0.33)

86.23
(0.92)

86.80
(1.00)

86.73
(0.78)

87.62
(0.36)

CIFAR-100
30%

60.24
(0.53)

66.88
(0.68)

68.74
(0.48)

69.65
(0.93)

64.38
(1.00)

69.35
(0.78)

66.33
(0.64)

69.00
(0.96)

72.32
(0.34)

60%
63.02
(0.64)

64.66
(0.53)

65.65
(1.02)

62.72
(1.19)

65.59
(0.81)

63.78
(0.91)

65.18
(0.28)

68.56
(1.08)

TinyImageNet
30%

39.68
(0.68)

44.50
(0.97)

46.06
(0.67)

46.90
(0.63)

42.44
(0.38)

46.33
(0.89)

44.11
(0.89)

44.72
(0.81)

47.46
(0.69)

60%
41.04
(0.89)

42.90
(0.54)

44.02
(0.63)

40.76
(0.83)

43.15
(0.95)

42.05
(0.83)

42.80
(0.61)

44.66
(0.37)
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Figure 1. Learning curves averaged over five runs on CIFAR-100 for CaliMatch and other SSL methods. The shaded region indicates
standard deviations calculated from five runs.

where the unseen class is recognized as a positive class.
The blue bar represents the average confidence scores

provided by the models in each bin, while the red bar rep-
resents the accuracy of the OOD detection in each bin. If
the blue bar is above the red one, the model overestimates
the confidence in OOD detection. Therefore, OpenMatch’s
OOD detector generally overestimates the probabilities in
OOD detection. This means that OpenMatch is more likely
to accept unseen classes as seen classes or seen classes as
unseen classes with unreasonably high confidence in OOD
detection. On the other hand, CaliMatch provides better cal-
ibration performance across all four datasets, demonstrat-
ing that our approach to improving calibration performance

worked as expected. Our proposed method’s consistently
lower ECE scores compared to those of OpenMatch across
all datasets also suggest that the seen-class and OOD scores
generated by our well-calibrated model are more effective
in reliably selecting unlabeled seen-label samples during
safe SSL.

To further investigate the importance of a well-calibrated
OOD detector in safe SSL, we investigated how the per-
formance of CaliMatch and OpenMatch varies as the deci-
sion threshold changes, as shown in Figure 3. We increased
the threshold τ1 from 0.5 to 0.8. The first graph in Figure
3 shows how the accuracy of the multiclass classification
changes as a function of τ1. The accuracy of CaliMatch is
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Figure 2. Reliability diagrams of OpenMatch and CaliMatch for unseen-label data detection on four datasets. The blue and red bars
represent the average confidence score and sample accuracy of the confidence bin, respectively.

Figure 3. Performance variations in CaliMatch and OpenMatch with threshold τ1 on CIFAR-10. We marked the averaged metrics and
standard deviation as straight lines and shaded areas over five runs.

higher than that of OpenMatch in all τ1 values, demonstrat-
ing that CaliMatch consistently outperforms OpenMatch
with different OOD detection thresholds because of its su-
perior calibration performance. The second graph pro-
vides the variations in the F1 score for unseen-class detec-
tion, selecting only observations with high-confidence val-
ues greater than τ1. Here, confidence refers to the higher
value between the seen-class score and the OOD score.
The last graph represents changes in the ratio of selected
samples with high confidence among the seen-label data.
As more uncertain predictions are removed, the F1 score
increases, indicating that CaliMatch effectively avoids in-
correct decisions and has a positive impact on safe SSL,
thereby increasing accuracy as well, except when the value
of τ1 changes from 0.7 to 0.8. This exception comes from
the trade-off between the quality and quantity of selected
seen-label samples. However, OpenMatch did not show
any significant performance improvement in Figure 3, even
though it filtered out the uncertain decision results. Note
that a more detailed analysis on τ1 and τ2 is also provided
in Supplementary Section S-2.

4.3. Further Analyses

Under κ set to 60% on four benchmark datasets, we con-
ducted extensive ablation studies to demonstrate the effec-

tiveness of calibration loss terms for the multiclass classifier
and the OOD detector. We also compared OpenMatch with
ablated CaliMatch approaches because OpenMatch is iden-
tical to CaliMatch when not calibrating all classifiers except
for calculating the seen-class and OOD scores.

Table 2 presents that for multiclass classification, multi-
class calibration had a more significant impact than OOD
calibration across all datasets regarding both accuracy and
ECE. In other words, our multiclass calibration is espe-
cially useful in mitigating overconfidence-based negative
issues on SSL, such as low-quality pseudo-labels. Note
that removing OOD calibration also resulted in slightly re-
duced classification and calibration performance for SVHN,
CIFAR-10, and TinyImageNet while simultaneously caus-
ing a significant change in accuracy for CIFAR-100. It rep-
resents that the shared encoder ϕθ of two models, fθ ◦ ϕθ

and gθ ◦ ϕθ, can also benefit from learning our adaptive
smoothed labels of OOD detector regarding both accuracy
and calibration improvements. Note that a Friedman test
conducted across the four datasets also yielded statistically
significant results (p-values < 0.001), with the full Cali-
Match configuration ranking first in both classification and
calibration performance.

Table 3 shows that, for unseen-label detection, particu-
larly in terms of calibration, OOD calibration had a greater

2873



Table 2. Multiclass classification results of the ablation study on four datasets. The best results are in bold, and the second-best results are
underlined. (ACC: Accuracy, w/o: without)

Method SVHN CIFAR-10 CIFAR-100 TinyImageNet
ACC ECE ACC ECE ACC ECE ACC ECE

OpenMatch
(=w/o both calibration)

95.67 0.026 86.19 0.115 65.65 0.256 44.02 0.413
(0.14) (0.002) (0.74) (0.007) (1.02) (0.006) (0.63) (0.008)

without
multiclass calibration

96.08 0.022 86.47 0.108 66.16 0.223 43.68 0.341
(0.02) (0.002) (0.87) (0.008) (0.50) (0.006) (0.63) (0.020)

without
OOD calibration

96.23 0.009 87.57 0.038 66.96 0.033 44.65 0.250
(0.09) (0.004) (0.22) (0.010) (0.30) (0.008) (0.15) (0.003)

CaliMatch 96.56 0.006 87.62 0.029 68.56 0.025 44.66 0.233
(0.11) (0.002) (0.36) (0.003) (1.08) (0.007) (0.37) (0.006)

Table 3. Unseen-label data detection results of the ablation study on four datasets. The best results are in bold, and the second-best results
are underlined. (w/o: without)

Method SVHN CIFAR-10 CIFAR-100 TinyImageNet
F1 ECE F1 ECE F1 ECE F1 ECE

OpenMatch
(=w/o both calibration)

0.858 0.105 0.881 0.126 0.696 0.338 0.688 0.396
(0.009) (0.004) (0.013) (0.006) (0.002) (0.010) (0.002) (0.006)

without
multiclass calibration

0.890 0.037 0.909 0.080 0.693 0.149 0.683 0.189
(0.004) (0.009) (0.004) (0.010) (0.005) (0.006) (0.004) (0.008)

without
OOD calibration

0.865 0.085 0.858 0.086 0.709 0.320 0.686 0.366
(0.005) (0.005) (0.001) (0.003) (0.001) (0.006) (0.003) (0.010)

CaliMatch 0.889 0.036 0.883 0.064 0.687 0.114 0.691 0.238
(0.028) (0.018) (0.003) (0.005) (0.006) (0.008) (0.001) (0.005)

impact than multiclass calibration across all datasets. It
is noteworthy that not calibrating the multiclass classi-
fier also resulted in significant increases in ECE across
three datasets: CIFAR-10, CIFAR-100, and TinyImageNet.
These results demonstrate the effectiveness of our calibra-
tion techniques in improving the calibration of unseen-label
detection. Such calibration is a valuable asset in reliably
selecting seen-label data, thereby positively impacting safe
SSL, as illustrated in Figure 3. In the case of TinyIma-
geNet, only calibrating OOD detector resulted in the low-
est calibration error for unseen-label detection compared to
the original CaliMatch. This suggests that when the accu-
racies of both multiclass classifier and OOD detector are
relatively poor, combining their predictions in CaliMatch’s
sui and uu

i may lead to more calibration errors in unseen-
label detection compared to solely calibrating OOD detec-
tor, although CaliMatch already outperformed OpenMatch
in terms of calibration. Additionally, there were minor fluc-
tuations in the F1 score with τ1 set to 0.5 across all datasets,
indicating that finding a proper threshold τ1 during calibra-
tion would be an additional task in safe SSL, as depicted in
Figure 3.

To highlight CaliMatch’s effectiveness on a more com-
plex dataset, we compared it with OpenMatch and the base-
line (supervised learning) on ImageNet with κ set to 60%.
CaliMatch achieved a top-1 accuracy of 63.04±0.43%,
outperforming OpenMatch by 1.24% and the baseline by
6.34%. In terms of calibration in both classification and
OOD detection, CaliMatch demonstrated ECE scores of

0.028 and 0.070, outperforming OpenMatch’s 0.041 and
0.121, respectively. These results highlight the critical role
of calibration in improving SSL performance and Cali-
Match’s effectiveness for large-scale safe SSL scenarios.

To further examine the robustness and efficiency of Cal-
iMatch, we performed two additional studies on CIFAR-
10 with κ set to 60%. Detailed discussions are in Supple-
mentary Section S-2 (Tables S-5 and S-6). We conducted a
sensitivity analysis of λO and λOCal, in which we did not
observe a significant failure of our method in the range
of hyperparameters considered. Moreover, we compared
our adaptive calibration with other calibration methods in
improving safe SSL. We found that while all of the cali-
bration methods improved calibration when combined with
OpenMatch, our method showed the highest improvement
in calibration, ultimately leading to the best safe SSL per-
formance.

5. Conclusion
This study proposed CaliMatch to address overconfidence-
based negative issues in safe SSL scenarios. CaliMatch
improved calibration of classification and OOD detection
through adaptive label smoothing and scaling logit for mul-
ticlass and OvR classifiers. Our extensive experimental re-
sults with theoretical justification demonstrated that well-
calibrated classifiers could enhance the safety and robust-
ness of thresholding-based SSL methods by reducing neg-
ative training effects from incorrectly pseudo-labeled data
whose confidence is high.
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