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Abstract

Semi-supervised learning (SSL) has demonstrated high per-
formance in image classification tasks by effectively utilizing
both labeled and unlabeled data. However, existing SSL meth-
ods often suffer from poor calibration, with models yielding
overconfident predictions that misrepresent actual prediction
likelihoods. Recently, neural networks trained with mixup
that linearly interpolates random examples from the training
set have shown better calibration in supervised settings. How-
ever, calibration of neural models remains under-explored in
semi-supervised settings. Although effective in supervised
model calibration, random mixup of pseudolabels in SSL
presents challenges due to the overconfidence and unreliability
of pseudolabels. In this work, we introduce CalibrateMix, a
targeted mixup-based approach that aims to improve the cali-
bration of SSL models while maintaining or even improving
their classification accuracy. Our method leverages training dy-
namics of labeled and unlabeled samples to identify “easy-to-
learn” and “hard-to-learn” samples, which in turn are utilized
in a targeted mixup of easy and hard samples. Experimental
results across several benchmark image datasets show that our
method achieves lower expected calibration error (ECE) and
superior accuracy compared to existing SSL approaches.

Code — https://github.com/mehrab-mustafy/CalibrateMix

Introduction
Deep neural networks (DNNs) (LeCun, Bengio, and Hin-
ton 2015; Mathew, Amudha, and Sivakumari 2021) have
achieved remarkable success across a wide range of com-
puter vision tasks, including image classification (Lu and
Weng 2007), object detection (Papageorgiou, Oren, and Pog-
gio 1998), and semantic segmentation (Minaee et al. 2021).
However, alongside accuracy, the predictive confidence of
the models plays a vital role in real-world decision-making
applications. For example, in critical applications such as au-
tonomous driving, medical diagnosis, and disaster response,
models must be accurate as well as reliably indicate when
they are uncertain, so that additional safety measures can be
triggered. For this reason, quantifying predictive uncertainty
and calibration of the DNNs is a pivotal component toward
building more reliable models. Despite strong performance,
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DNNs often suffer from poor calibration (Guo et al. 2017),
which means that the predictive confidence likely overesti-
mates the model’s true accuracy. A key reason behind this is
that modern DNNs are trained using one-hot encoded labels
and the cross-entropy loss, which assumes that every train-
ing sample belongs with full certainty to a single class. This
forces the model to assign the entire probability mass to a
single class label, which in turn suppresses any expression of
uncertainty even for “ambiguous” samples. To overcome the
issues of overconfidence, label smoothing (Müller, Kornblith,
and Hinton 2019) has been introduced. By softening the tar-
get distribution during training, label smoothing regularizes
the model’s output probabilities, encouraging it to remain un-
certain where appropriate. More recently, Thulasidasan et al.
(2019) explored the use of mixup training (Zhang et al. 2018)
for improving model calibration which creates augmented
samples through convex combinations of input samples and
their labels. Mixup distributes its probability into two classes,
which introduces entropy, prevents overconfidence, and has
proven to be an effective tool in model calibration.

However, this approach primarily targets the fully super-
vised setting, which requires a large amount of labeled data.
With the emergence of AI in all domains, it is impractical to
obtain large amounts of annotated data for every domain. To
solve this issue, Semi-supervised learning (SSL) (Chapelle,
Scholkopf, and Zien 2009) can be an effective strategy to
leverage large amounts of unlabeled examples during training
to boost model performance. Despite mixup being successful
in supervised learning, mixing up unlabeled examples in an
SSL setting poses certain challenges due to the uncertainty of
pseudo-label correctness, especially at the early iterations of
training. This makes it critical to ensure the quality of pseudo-
labels before incorporating them into the learning process. To
ensure the quality of pseudo-labels, a popular SSL method
to learn from unlabeled examples is pseudo-labeling (Lee
et al. 2013), which leverages a model to make predictions on
unlabeled examples and assign them pseudo-labels, which
are in turn used as (pseudo) ground truth during training. To
ensure that correct pseudo-labels are used for model training,
modern SSL frameworks such as FixMatch (Sohn et al. 2020)
and FlexMatch (Zhang et al. 2021) utilize high confidence
thresholds to maintain data quality and filter out potentially
incorrect examples. However, the calibration of these SSL
models is not well studied, and we found empirical evidence
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Figure 1: (a) FixMatch reliability diagram on CIFAR-100; (b) FlexMatch reliability diagram on CIFAR-100; (c) Impurity
comparison on CIFAR-100; (d) Examples of incorrect pseudo-labels at the end of training. PL denotes the pseudo label predicted
by the model, while AL denotes the ground-truth (actual) label. Mislabeling patterns for FlexMatch (left) and FixMatch (right)
are shown.

that SSL models also suffer from poor calibration as shown
in the reliability diagrams of FixMatch and FlexMatch on
CIFAR-100 in Figures 1a and 1b, respectively. The diagrams,
which plot accuracy as a function of confidence show that
the confidence estimates of the models are not indicative of
their correctness. Notably, FixMatch and FlexMatch predic-
tions with confidences higher than 90% have less than 65%
accuracy, contradicting the assumption that employing high
confidence thresholds leads to high pseudo-label quality.

As shown in Figure 1c, the impurity of unlabeled data for
both FixMatch and FlexMatch on CIFAR-100 (Krizhevsky,
Hinton et al. 2009) is higher than 13%, indicating that more
than 13% of the unlabeled data is utilized with incorrect
pseudo-labels during training even at the later stages of train-
ing at 9000 epoch. Figure 1d shows examples of incorrect
pseudo-labels introduced by both FixMatch and FlexMatch
at the end of training. These incorrect pseudo-labels arise
due to miscalibrated model predictions, manifested here as
overconfidence in potentially incorrect predictions. This cal-
ibration gap in SSL can not be fully solved using random
mixup. When incorrect pseudo-labels are used in mixup, the
interpolation process can propagate label noise across train-
ing samples. This not only reinforces errors but also makes
them harder to correct. For deep learning models that are
highly over-parameterized and capable of achieving near-
zero training error, such reinforcement of incorrect labels can
lead to severe overfitting to mislabeled data. Thus, without
addressing the underlying calibration issue and pseudo-label
reliability, mixup can become a mechanism for error am-
plification rather than a regularization strategy. Hence, we
investigate the calibration of SSL models under mixup and
propose an enhanced mixup strategy.

In this paper, we propose CalibrateMix, a novel, targeted
mixup-based (Zhang et al. 2018) framework that enhances the
confidence calibration of SSL models. CalibrateMix monitors
the training dynamics of unlabeled samples during training
by keeping track of margins (Bartlett, Foster, and Telgar-
sky 2017; Elsayed et al. 2018; Sosea and Caragea 2023)
of the outputs of the model. These margins are utilized to
characterize each sample based on learning difficulty into
two categories:“easy-to-learn” samples, which the model
perceives to be correctly pseudo-labeled and “hard-to-learn”

samples, which the model perceives to be potentially in-
correct or ambiguous. Then, our method performs targeted
mixup, combining easy-to-learn labeled samples with hard-
to-learn unlabeled samples, as well as hard-to-learn labeled
samples with easy-to-learn unlabeled samples. This mixup
strategy has two main advantages: First, the presence of easy-
to-learn samples ensures that the resulting pseudo-label of
the mixed sample is qualitative while the presence of the
hard-to-learn samples ensures a more difficult environment
for the model to learn from, which was shown to benefit SSL
training (Xie et al. 2020). Second, CalibrateMix is easy-to-
use in practice and can be applied on top of the most popular
SSL frameworks such as FixMatch or FlexMatch.

To showcase the benefits of our method, we carry out ex-
tensive experiments on well-established small-scale SSL se-
tups - CIFAR10, CIFAR100 (Krizhevsky, Hinton et al. 2009),
SVHN (Netzer et al. 2011), STL10 (Coates, Ng, and Lee
2011); and on two large-scale benchmarks - ImageNet (Deng
et al. 2009) and WebVision (Li et al. 2017), where we show
that CalibrateMix outperforms strong baselines and previous
works both in terms of accuracy and expected calibration
error (ECE). Notably, CalibrateMix boosts the performance
of FixMatch by 8.51% in ECE and by 1.54% in error rate
on CIFAR-100 using only 25 labels per class. On the larger
datasets, e.g., WebVision, we also see an improvement of 2%
ECE on FixMatch and FlexMatch without loss in error rates.

Our contributions are as follows:

1. We introduce CalibrateMix, a novel targeted mixup frame-
work that is primarily designed to improve the confidence
calibration of semi-supervised learning (SSL) models.

2. Through extensive experiments on standard benchmark
image datasets, we demonstrate that CalibrateMix outper-
forms existing methods in terms of Expected Calibration
Error (ECE), while also often achieving lower error rates
compared to multiple state-of-the-art SSL setups. Our
method is compatible with any SSL frameworks, and we
demonstrate its effectiveness by improving both calibra-
tion and, in multiple cases, accuracy when integrated with
FixMatch, FlexMatch, and SoftMatch.

3. We carry out extensive ablation studies to understand
the contribution of various components to the success of
CalibrateMix, as well as an error analysis to analyze the
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calibration and correctness of predictions in practice.

Related Work
Despite achieving high accuracy, modern deep networks fre-
quently remain miscalibrated, producing overly confident
predictions (Guo et al. 2017; Minderer et al. 2021). Several
effective methods have been proposed in supervised learning
settings to mitigate calibration issues proactively. Dropout,
initially introduced as a regularization technique, doubles
as a Bayesian uncertainty estimator at inference via Monte
Carlo sampling, providing improved calibration by averaging
predictions across multiple stochastic forward passes (Sri-
vastava et al. 2014). Another well established approach is
label smoothing, which softens the one-hot encoded targets,
thereby discouraging extreme predictions and significantly
enhancing calibration and generalization performance, espe-
cially under limited or imbalanced data scenarios (Müller,
Kornblith, and Hinton 2019). Mixup training, another promis-
ing approach, interpolates pairs of training samples and
their labels, generating augmented data points that promote
smoother predictive boundaries. Thulasidasan et al. (Thulasi-
dasan et al. 2019) explicitly verified mixup’s effectiveness
in reducing expected calibration error (ECE), highlighting
its capability in generating well-calibrated confidence scores
and robust predictive uncertainty. Further developments, such
as RegMixup, have validated that Mixup based regularization
not only enhances calibration but also robustness under dis-
tribution shifts, particularly beneficial in out-of-distribution
(OOD) detection tasks (Pinto et al. 2022).

Other studies demonstrated that employing focal loss,
which emphasizes learning from challenging predictions, also
effectively mitigates model overconfidence, enhancing cal-
ibration and model reliability (Mukhoti et al. 2020). While
supervised calibration methods have matured significantly,
translating these advancements directly to semi-supervised
learning (SSL) remains challenging. SSL leverages limited
labeled data alongside abundant unlabeled data to enhance
model learning. Prominent SSL frameworks, such as Fix-
Match (Sohn et al. 2020), FlexMatch (Zhang et al. 2021),
and SoftMatch (Chen et al. 2023), primarily rely on pseudo-
labeling and consistency regularization. FixMatch employs
fixed high confidence thresholds to filter pseudo-labels, im-
proving overall accuracy but inadvertently exacerbating cal-
ibration issues by neglecting calibration aware decision-
making. Similarly, FlexMatch introduces a dynamic curricu-
lum based threshold adjustment, enhancing class specific
learning but still neglecting explicit calibration mechanisms
(Zhang et al. 2021). SoftMatch further improves pseudo-label
quality through adaptive weighting strategies; however, cali-
bration remains an implicit, secondary consideration rather
than a deliberate design goal (Chen et al. 2023). Conse-
quently, SSL models often remain miscalibrated, assigning
overly confident pseudo-labels to unlabeled samples, which
compromises their accuracy and robustness. Recent SSL ap-
proaches, such as MarginMatch (Sosea and Caragea 2023),
SequenceMatch (Nguyen 2024), and FineSSL (Gan and Wei
2024), indirectly target pseudo-label reliability and robust-
ness through pseudo-margin analysis, consistency across
augmentations, and robust finetuning strategies, respectively.

While these techniques implicitly reduce calibration errors,
their main emphasis remains on enhancing pseudo-label qual-
ity or robustness rather than directly addressing calibration
gaps. Thus, explicit calibration remains largely unaddressed.
Motivated by this necessity, we propose CalibrateMix, a tar-
geted mixup-based SSL approach explicitly designed to im-
prove both model calibration and predictive accuracy.

CalibrateMix
Notation Let DL = {(x1, y1), · · · , (xBL

, yBL
)} be a batch

of labeled samples of size BL and DU = {x̂1, · · · , x̂BU
} be

a batch of unlabeled samples of size BU .

Background
Most deep neural networks (DNNs) trained for classification
are trained using one-hot encoded labels, where the entire
probability mass is assigned to a single class. This leaves
no room for uncertainty during training. As a result, models
tend to become overconfident in their predictions. Hence, it
is not surprising that modern DNNs are poorly calibrated
(Guo et al. 2017). To prevent this overconfidence, Thulasi-
dasan et al. (2019) explored the impacts of mixup training
in supervised settings and found that mixup has proven to
be effective in reducing miscalibration in supervised settings.
Mixup training creates vicinity samples for training, effec-
tively creating more samples for the model to learn from. The
mixup augmented samples are generated by the following
rule as mentioned in Zhang et al. (2018):

x̃ = γxi + (1− γ)xj (1)

ỹ = γyi + (1− γ)yj (2)
where, xi and xj are any two randomly selected samples from
the train set and yi and yj are their corresponding one-hot
labels. Mixup-augmented sample x̃ is generated by interpo-
lating between xi and xj . Similarly, the corresponding label
ỹ is obtained by mixing yi and yj . The mixup coefficient
γ, comes from the Beta distribution, with the hyperparame-
ter α controlling the level of interpolation between the two
samples. Unlike standard one-hot labels, when yi ̸= yj , the
mixup label ỹ distributes the probability mass across two
classes rather than a single class. This distribution introduces
entropy and uncertainty into the training process, preventing
the model from becoming overly confident in its predictions.

In SSL, selecting samples at random for mixup can be
harmful because of the unreliability of pseudo-labels espe-
cially in the early stages of training when models are more
prone to errors and because of the confirmation bias. This is
particularly severe for difficult samples. From Figure 1, we
observe that the pseudo-labels may remain incorrect at the
end of training, and SSL models can produce high-confidence
incorrect predictions. Such miscalibrated predictions not only
hamper model learning progress but also risk propagating er-
rors across training iterations. Given that pseudo-labeled data
typically outnumbers labeled data in SSL settings, random
pairing during mixup increases the chance of combining two
erroneous pseudo-labels. This can yield misleading targets
that further reinforce incorrect representations. Hence, to re-
duce the impact of noisy labels in training and ensure quality,
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it is important to avoid mixup between two difficult samples
or two pseudo-labeled samples.

Proposed Approach: CalibrateMix
To address the limitations of standard random mixup in SSL
and to deal with the propagation of overconfident or noisy
pseudo-labels we propose CalibrateMix, a targeted mixup-
based framework. CalibrateMix performs a controlled mixup
between labeled and pseudo-labeled samples guided by their
learning difficulty to generate higher-quality augmented train-
ing samples. The inclusion of labeled samples in the mixup
ensures that no two pseudo-labeled samples take part in the
mixup at the same time, while the inclusion of pseudo-labeled
samples introduces entropy and uncertainty. This helps pre-
vent the reinforcement of noise and encourages the model
to express necessary uncertainty, leading to better calibrated
confidence estimates. Hence, the core advantage of Cali-
brateMix lies in its structured pairing strategy that mixes
labeled and unlabeled samples based on their learning diffi-
culty. To quantify the learning difficulty of the samples of the
labeled data we monitor the Area Under the Margin (AUM)
(Pleiss et al. 2020) of the outputs of the model at each itera-
tion. For the unlabeled data, we monitor the Average Pseudo
Margin (APM) (Sosea and Caragea 2023) of the outputs of
the model at each iteration. We do this because relying solely
on the model’s current prediction confidence is insufficient.
Confidence at a single iteration does not reliably reflect the
sample’s margin or the correctness of its pseudo-label, as
shown in Sosea and Caragea (2023). To calculate APM for
an unlabeled sample x̂i, we use pseudo-margins defined as:

PMt
c(x̂i) = zc(x̂i)−max

j ̸=c
zj(x̂i) (3)

where at iteration t, zc(x̂i) is the logit corresponding to sam-
ple x̂i for assigned pseudo-label c and maxj ̸=c zj(x̂i) is the
largest other logit corresponding to a label j other than c for
the same sample x̂i. We use the pseudo-labels at the current
iteration t as the “ground-truth”. Then, the average pseudo-
margin (APM) for the unlabeled sample x̂i with pseudo-label
c at iteration t is defined as follows:

APMt
c(x̂i) =

1

t

t∑
e=1

(PMe
c(x̂i)) (4)

An important consideration here is that for any previous
iteration t′, if the pseudo-label was c′ (where c ̸= c′) the
pseudo-margin PMt′ is calculated with respect to c′ and also
the APM is averaged from 1 to t′ with respect to c′. In prac-
tice, we maintain a vector of pseudo-margins for all classes
accumulated over the training iterations and dynamically re-
trieve the accumulated pseudo-margin value of the argmax
class c to obtain the APMt

c at iteration t.
To handle old pseudo-margin deprecation across large num-

ber of iterations, we use an exponential moving average of
pseudo-margins to place higher importance on recent itera-
tions. Hence, APM follows:

APMt
c(x̂i) = PMt

c(x̂i)·
δ

1 + t
+APMt−1

c (x̂i)·
(
1− δ

1 + t

)
(5)

Similar to Sosea and Caragea (2023), we set the smoothing
parameter δ = 0.997.

For both labeled and unlabeled data, samples with larger
AUM and APM values, respectively, are considered easier
for the model to learn, and those with smaller values are
generally ambiguous, harder to learn, or mislabeled. These
hard to learn or ambiguous samples are often the cause of
overconfidence and errors. Hence, in the mixup, we include
one easy sample and one hard sample. The easy-to-learn
sample ensures that the resulting pseudo-label of the mixed
sample is qualitative, while the presence of the hard-to-learn
sample ensures more uncertainty for the model. To perform
these difficulty-aware splits, we partition both labeled and
pseudo-labeled data at each iteration into “easy-to-learn” and
“hard-to-learn” subsets. This categorization is based on the
batch medians of AUM for labeled samples (τL) and APM for
pseudo-labeled samples (τU ), following (Park and Caragea
2022) but in a batch-wise manner, effectively distinguishing
samples by their learning difficulty.

After obtaining the difficulty-aware asymmetric splits,
mixup is then performed as follows: for each easy labeled
sample, we randomly select one from its top-k most dissimi-
lar hard pseudo-labeled samples, and for each hard labeled
sample, we do the same with the top-k most dissimilar easy
pseudo-labeled samples. This dissimilarity based sample se-
lection for mixup better simulates the out-of-domain (OOD)
distribution by producing mixup augmented examples that de-
viate from the in-domain distribution. Furthermore, randomly
selecting a sample from the top-k most dissimilar samples in-
troduces diversity across iterations and avoids overfitting. As
a result, the model becomes less likely to make overconfident
predictions on ambiguous inputs, thereby improving calibra-
tion. For the mixup, we compute a convex combination of
the two inputs using weights γ and 1− γ as follows:

x̃1 = γxle + (1− γ)x̂uh (6)

ỹ1 = γyle + (1− γ)ŷuh (7)

x̃2 = γxlh + (1− γ)x̂ue (8)

ỹ2 = γylh + (1− γ)ŷue (9)

where xle, yle are easy labeled samples and their ground-truth
labels, xlh, ylh are hard labeled samples and their ground-
truth labels, x̂ue, ŷue are easy pseudo-labeled samples and
their pseudo-labels, and x̂uh, ŷuh are hard pseudo-labeled
samples and their pseudo-labels.

The final model input includes labeled, unlabeled, and
mixup-augmented data. The total loss L is computed as:

L = LL + λU · LU + Lmixup (10)

where LL is the supervised loss on labeled data, LU is the
unsupervised loss on the unlabeled data and λU is a hyper-
parameter that controls the weight of LU in the total loss
L, and Lmixup is the loss on mixup-augmented samples. In
experiments, we set λU equals 1 consistent with previous
approaches (Sohn et al. 2020; Chen et al. 2023).

The CalibrateMix algorithm is shown in Algorithm 1.

Experimental Analysis
We test the performance of our approach across a variety of
image benchmarks by following standard SSL settings (Chen
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Algorithm 1: CalibrateMix
Require: Labeled batch DL; unlabeled batch DU ; model θ; num-

ber of classes C; weak augmentation π; strong augmentation
Π; mixup coefficient γ; number of dissimilar samples k; confi-
dence threshold ω; labeled-to-unlabeled loss ratio λ; medians
of labeled and unlabeled batches τL, τU ; current iteration t.

1: Compute pseudo-labels for the unlabeled batch:
ŷt
i = argmaxc∈{1,...,C} pθ(π(x̂i)) for x̂i ∈ DU and build

D̂U = {(x̂i, ŷ
t
i) | x̂i ∈ DU}

2: Calculate AUMt for samples in DL and APMt for samples in
DU

3: Split the labeled and unlabeled batch based on samples’ learn-
ing difficulty:

4: DLeasy ← {(xi, yi) ∈ DL | AUMt(xi, yi) ≥ τL}
5: DLhard ← {(xi, yi) ∈ DL | AUMt(xi, yi) < τL}
6: D̂Ueasy ← {(x̂i, ŷ

t
i) ∈ D̂U | APMt(x̂i, ŷ

t
i) ≥ τU}

7: D̂Uhard ← {(x̂i, ŷ
t
i) ∈ D̂U | APMt(x̂i, ŷ

t
i) < τU}

8: Mix easy labeled with hard unlabeled and hard labeled with
easy unlabeled following Eqs (6), (7), (8), (9):

9: D̃Mix1 ← Mixup(DLeasy , top-k dissim. from D̂Uhard)

10: D̃Mix2 ← Mixup(DLhard , top-k dissim. from D̂Ueasy )

11: DM ← D̃Mix1 + D̃Mix2

12: Optimize total loss: L ← LL + λ · LU + LMixup, where
13: LL = 1

|DL|
∑|DL|

k=1 H(yk, pθ(π(xk)))

14: LU = 1
|DU |

∑|DU |
k=1 1(max(pθ(π(x̂k))) ≥ ω)

·H(ŷt
k, pθ(Π(x̂k)))

15: LMixup = 1
|DM |

∑|DM |
k=1 H(ỹk, pθ(x̃k))

et al. 2023; Wang et al. 2022). Specifically, we conduct exper-
iments varying the amounts of labeled samples on CIFAR-10,
CIFAR-100 (Krizhevsky, Hinton et al. 2009), SVHN (Netzer
et al. 2011), STL-10 (Coates, Ng, and Lee 2011), ImageNet
(Deng et al. 2009), and WebVision (Li et al. 2017). For the
CIFAR-10, CIFAR-100, SVHN, and STL-10 datasets, we fol-
low Sohn et al. (2020) and randomly select a small number
of labeled samples ranging from 4 labels per class up to 400
labels per class and treat the remaining samples as unlabeled
data, except for STL-10, which has its own set of unlabeled
samples. For the ImageNet and WebVision datasets, we use
10% of the available labeled samples as labeled data and
the remaining 90% as unlabeled data. In addition to the SSL
setups, we also show results on the Fully Supervised setting.

We run all our experiments three times and report the aver-
age ECE and error rates, as well as their standard deviations.
Similar to Sohn et al. (2020), we utilize Wide Residual Net-
works (Zagoruyko 2016) for small-scale datasets: WRN-28-2
for CIFAR-10 and SVHN, WRN-37-2 for STL-10 and WRN-
28-8 for CIFAR-100; and use ResNet-50 (He et al. 2016) for
the large-scale ImageNet and WebVision. Additionally, we
utilize the SGD optimizer with a momentum of 0.9 and an
initial learning rate of 0.03. We use a cosine annealing sched-
ule to dynamically adjust the learning rate over a total of 220
training steps. For each dataset, the batch size for labeled data
and mixup data is set to 64, while the batch size for unlabeled
data is configured to be seven times larger than that of the
labeled data. We also use weak (flip and shift) and strong
(RandAugment (Cubuk et al. 2020)) augmentations for the

unlabeled data. We set mixup coefficient γ to be 0.4 similar
to prior work (Thulasidasan et al. 2019). For CalibrateMix,
we include warmup during training with the warmup phase
consisting of approximately 100 epochs.

Performance on CIFAR-10, CIFAR-100, STL-10,
SVHN
We compare CalibrateMix to relevant SSL approaches: Fix-
Match (Sohn et al. 2020), FlexMatch (Zhang et al. 2021),
SoftMatch (Chen et al. 2023) and report ECE and top-1
error rates in Table 1. We further compare CalibrateMix
against two calibration techniques: Random Mixup and Label
Smoothing (LS) in Table 2. For Random Mixup, we randomly
pair two samples from the combined pool of labeled and un-
labeled data. Additionally, we apply LS following Müller,
Kornblith, and Hinton (2019), with a factor of γ = 0.1 to
the labeled, unlabeled, and mixup samples for all methods:
FixMatch, FlexMatch, SoftMatch, and CalibrateMix (includ-
ing combining CalibrateMix with LS). The results for Label
Smoothing are denoted as ‘LS’ and the results with Random
Mixup are denoted as ‘RandomMixup’ in Table 2.

Across all datasets, CalibrateMix consistently improves
model calibration and, in many cases, enhances classifica-
tion accuracy as can be seen from Table 1. For example,
when integrated with FixMatch, CalibrateMix yields better-
calibrated models. On CIFAR-10 with only 4 labels per class,
CalibrateMix achieves a reduction in ECE by 2.18%. On
the more challenging CIFAR-100 dataset with 25 labels per
class, the improvements are more significant, reducing ECE
by 8.51% and error rate by 1.54%. On the more realistic
STL-10 dataset, CalibrateMix reduces ECE by 2.73%, further
demonstrating its robustness. CalibrateMix also significantly
enhances FlexMatch, particularly under low-label settings.
Furthermore, integrating CalibrateMix with SoftMatch pro-
vides significant gains. On CIFAR-100 with 25 labels per
class, ECE is improved by 5.68%. On STL-10 with 4 labels
per class, CalibrateMix achieves a 0.84% lower ECE and a
5.72% reduction in error rate compared to SoftMatch. We can
also observe that CalibrateMix yields well calibrated models
in the Fully Supervised setting.

CalibrateMix consistently demonstrates improvements in
model calibration and often in error rates when compared to
prior calibration strategies such as random mixup and label
smoothing, as shown in Table 2. When applied to FixMatch,
CalibrateMix outperforms random mixup across several set-
tings. Notably, on CIFAR-100 and STL-10 with 4 labels
per class, it achieves ECE reductions of 2.62% and 5.65%,
along with error rate reductions of 6.48% and 3.39%, respec-
tively. Furthermore, on CIFAR-100 with 25 labels per class,
combining CalibrateMix with label smoothing results in a
4.48% reduction in ECE over using label smoothing alone
with FixMatch. On FlexMatch, similar benefits are observed.
When integrated with SoftMatch, CalibrateMix continues to
enhance calibration by outperforming random mixup. For
example, with 4 labels per class on CIFAR-100 and STL-10,
CalibrateMix reduces ECE by 3.55% and 9.31%, and de-
creases error rates by 3.52% and 13.56%, respectively, com-
pared to random mixup. Compared to label smoothing, ECE
is reduced by 4.62% on CIFAR-100 and 3.21% on STL-10
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Metric Method CIFAR-10 CIFAR-100 SVHN STL-10

4 25 400 4 25 100 4 100 4 100

ECE FixMatch 5.420.36 2.850.23 2.680.09 35.881.1 21.190.62 15.730.05 1.020.02 1.10.04 32.661.29 4.220.37

FixMatch + CalibrateMix (Ours) 3.240.12 1.970.13 1.250.27 35.430.05 12.680.42 8.740.6 1.060.07 0.820.13 29.930.88 3.90.25

ECE FlexMatch 4.760.95 2.920.53 2.980.55 31.519.55 29.547.24 18.554.15 10.152.88 7.811.55 35.628.57 9.452.12

FlexMatch + CalibrateMix (Ours) 4.410.22 2.940.15 2.950.24 27.650.33 28.230.27 18.020.54 10.010.08 7.540.11 32.450.23 9.260.41

ECE SoftMatch 3.020.21 2.950.53 2.210.03 26.41.2 19.580.1 15.340.32 1.440.03 1.170.07 13.240.06 4.310.4

SoftMatch + CalibrateMix (Ours) 1.690.15 2.090.18 1.400.26 23.10.3 13.90.1 11.90.33 0.700.05 0.800.03 12.40.08 3.720.6

ECE FullySupervised 2.220.13 6.770.67 0.40.04 24.140.38

FullySupervised + CalibrateMix (Ours) 1.840.22 4.740.13 0.290.11 13.770.23

Error Rate FixMatch 7.290.05 4.910.02 4.30.02 44.450.15 29.880.17 22.880.03 3.650.23 2.040.1 36.340.4 6.20.07

FixMatch + CalibrateMix (Ours) 7.130.02 4.970.01 4.260.08 44.050.11 28.340.41 22.30.3 3.630.11 2.170.03 37.30.12 5.780.06

Error Rate FlexMatch 5.030.08 4.980.07 4.280.02 40.151.87 27.730.35 21.930.33 7.881.23 6.781.15 29.784.01 6.290.54

FlexMatch + CalibrateMix (Ours) 5.040.05 4.990.02 4.230.05 40.020.16 26.330.31 21.550.16 7.560.14 6.710.08 29.030.43 6.250.09

Error Rate SoftMatch 5.090.07 4.900.02 4.160.07 37.110.3 26.760.1 22.110.3 2.590.8 2.090.02 20.902.47 6.100.06

SoftMatch + CalibrateMix (Ours) 5.030.06 4.930.03 4.050.04 36.680.18 26.860.13 22.210.03 2.580.01 2.080.2 15.180.63 6.070.04

Error Rate FullySupervised 4.630.03 19.420.17 2.190.01 34.410.17

FullySupervised + CalibrateMix (Ours) 4.510.08 18.970.26 2.170.04 27.810.21

Table 1: Expected Calibration Errors (ECE, %) and Top-1 error rates (%) on CIFAR-10, CIFAR-100, SVHN, and STL-10
datasets by FixMatch, FlexMatch, SoftMatch and CalibrateMix (the lower the better). Values are reported in the format XY where
X is the mean and Y is the Standard Deviation across 3 runs. Better scores in comparison are shown in bold.

on the 4 labels per class setting. These consistent reductions
across different models and datasets highlight CalibrateMix
as a strong solution to existing calibration techniques, making
it an effective and versatile regularization method for SSL.

Performance on ImageNet and WebVision
We report the performance of CalibrateMix on two large-
scale datasets: ImageNet (Deng et al. 2009) and WebVision
(Li et al. 2017). We randomly sample 10% examples from
the training set to be used as labeled samples and use the
rest of the examples as unlabeled data. We show the results
of FixMatch, FlexMatch, SoftMatch and FullySupervised in
terms of ECE and Error rate in Table 3. We note that Cali-
brateMix considerably boosts the calibration of our models
in all setups and yields small error rate improvements in most
settings. Specifically, CalibrateMix outperforms SoftMatch
by 1.79% ECE on WebVision and pushes the performance
over FixMatch by 0.99% ECE on ImageNet. Additionally,
CalibrateMix reduces ECE by 1.98% over FlexMatch on the
WebVision dataset. When applied to the FullySupervised set-
ting, it also reduces ECE by 1.50% compared to the base
supervised model on WebVision. These results highlight the
effectiveness of our approach in large-scale, real-world sce-
narios, leading to better-calibrated models.

Ablation Study
We conduct experiments to capture: (1) the effect of the
targeted mixup on different setups such as how to mix labeled
and unlabeled samples as well as with and without warmup,
and (2) mixup with and without considering the dissimilar
samples (without considering cosine similarity).

Effect of Different Mixup Strategies With and
Without Warmup
We run this ablation on CIFAR-100 and STL-10 (4 labels per
class) using SoftMatch, with results reported in Table 4. We
denote “easy-to-learn” labeled samples as LE, “hard-to-learn”

Figure 2: Confidence comparison on images from the STL-10
dataset for SoftMatch (SM) and CalibrateMix (CM). For
each image, P denotes the predicted class, A the ground-truth
(actual) class, and C the associated prediction confidence.

labeled samples as LH, and the corresponding unlabeled
categories as UE and UH. Our first ablation compares Cal-
ibrateMix, which mixes only across labeled and unlabeled
easy/hard sets (LE+UH, LH+UE), to a mixup strategy that
mixes both across and within labeled/unlabeled sets (LE+LH,
LE+UH, LH+UE, UE+UH). We evaluate this “mixup all”
variant with and without warmup.

As shown in the table, CalibrateMix yields lower ECE and
error rates than mixup all +warmup. Moreover, removing
warmup significantly increases error rates on both CIFAR-
100 and STL-10, despite producing slightly lower ECE on
CIFAR-100.

Effect of Selecting Dissimilar Samples
We evaluate our choice of using the top-k most dissimilar sam-
ples for mixup by experimenting SoftMatch + CalibrateMix
with different values of k (5%, 10%, 15%). Results on CIFAR-
100 and STL-10 (Table 4) show that k = 5% with cosine
similarity yields the best performance. Removing cosine sim-
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Metric Method CIFAR-10 CIFAR-100 SVHN STL-10
4 25 400 4 25 100 4 100 4 100

ECE FixMatch + RandomMixup 5.262.61 3.191.42 1.720.11 38.052.51 14.780.21 8.721.91 2.870.25 0.870.06 35.583.61 4.160.30
FixMatch + CalibrateMix (Ours) 3.240.12 1.970.13 1.250.27 35.430.05 12.680.42 8.740.6 1.060.07 0.820.13 29.930.88 3.90.25
FixMatch + LS 4.070.48 2.520.22 2.690.11 34.112.01 17.371.11 7.560.95 1.230.05 1.190.06 32.961.73 4.020.32
FixMatch + CalibrateMix (Ours) + LS 4.070.41 2.060.23 1.220.45 31.71.33 12.891.1 7.110.8 1.220.1 0.990.13 29.562.34 3.90.28

ECE FlexMatch + RandomMixup 4.520.18 3.570.31 3.240.02 27.800.08 26.721.05 21.790.19 10.450.34 7.800.76 31.801.38 9.350.23
FlexMatch + CalibrateMix (Ours) 4.410.22 2.940.15 2.950.24 27.650.33 28.230.27 18.020.54 10.010.08 7.540.11 32.450.23 9.260.41
FlexMatch + LS 4.010.32 2.230.21 2.960.31 29.415.71 29.033.17 18.173.61 9.651.16 7.231.34 31.874.5 7.861.54
FlexMatch + CalibrateMix (Ours) + LS 3.990.32 2.240.19 2.910.14 26.841.34 27.5301.05 17.030.61 9.670.15 7.010.16 30.441.73 7.10.34

ECE SoftMatch + RandomMixup 2.750.64 2.170.10 1.840.04 26.651.12 14.120.32 11.620.58 2.440.28 0.840.05 21.713.47 4.070.05
SoftMatch + CalibrateMix (Ours) 1.690.15 2.090.18 1.40.26 23.10.3 13.90.1 11.90.33 0.70.05 0.80.03 12.40.08 3.720.6
SoftMatch + LS 6.620.32 6.830.3 7.020.08 20.890.40 7.880.37 6.110.35 8.310.34 7.800.23 11.263.44 7.460.5
SoftMatch + CalibrateMix (Ours) + LS 4.760.39 5.700.37 6.490.11 16.270.44 6.250.59 4.490.19 4.641.49 7.320.06 8.052.18 7.010.25

Error Rate FixMatch + RandomMixup 8.981.85 6.891.33 4.350.04 50.532.19 27.170.33 20.760.23 2.480.04 2.400.13 40.695.30 6.440.11
FixMatch + CalibrateMix (Ours) 7.130.02 4.970.01 4.260.08 44.050.11 28.340.41 22.30.3 3.630.11 2.170.03 37.30.12 5.780.06
FixMatch + LS 7.410.61 5.060.98 4.320.17 44.574.16 29.822.64 23.621.44 3.710.46 2.110.24 36.432.32 6.50.28
FixMatch + CalibrateMix (Ours) + LS 7.130.61 4.990.23 4.270.25 44.111.42 28.641.24 22.521.05 3.640.31 2.110.25 37.541.76 5.720.42

Error Rate FlexMatch + RandomMixup 5.840.34 5.450.08 4.690.05 40.620.88 26.530.43 22.120.13 7.780.45 6.960.36 31.606.21 6.660.13
FlexMatch + CalibrateMix (Ours) 5.040.05 4.990.02 4.230.05 40.020.16 26.330.31 21.550.16 7.560.14 6.710.08 29.030.43 6.250.09
FlexMatch + LS 4.810.51 4.720.47 4.010.34 40.111.64 27.561.15 21.531.04 7.510.31 6.910.37 29.441.27 5.880.49
FlexMatch + CalibrateMix (Ours) + LS 4.830.41 4.710.37 4.050.22 40.011.87 26.021.46 21.351.21 7.450.48 6.630.32 28.660.28 6.040.16

Error Rate SoftMatch + RandomMixup 7.440.96 6.020.36 4.420.08 40.200.6 25.420.15 21.580.86 2.510.07 2.640.18 28.746.26 5.780.14
SoftMatch + CalibrateMix (Ours) 5.030.06 4.930.03 4.050.04 36.680.18 26.860.13 22.210.03 2.580.01 2.080.2 15.180.63 6.070.04
SoftMatch + LS 5.560.46 5.190.12 4.460.09 39.100.46 26.500.25 22.130.11 3.140.27 3.070.20 24.573.93 5.630.08
SoftMatch + CalibrateMix (Ours) + LS 5.490.34 5.090.14 4.430.11 37.611 27.411.18 21.810.28 2.90.18 2.840.07 19.245.76 5.970.12

Table 2: Expected Calibration Errors (ECE, %) and Top-1 error rates (%) on CIFAR-10, CIFAR-100, SVHN, and STL-10
datasets by Random Mixup, Label Smoothing (LS) and CalibrateMix (the lower the better). Values are reported in the format
XY where X is the mean and Y is the Standard Deviation across 3 runs. Better scores in comparison are shown in bold.

Dataset ImageNet WebVision
ECE Error ECE Error

Fixmatch 9.44 43.54 12.5 44.51
Fixmatch + Ours 8.45 43.61 10.4 44.47

Flexmatch 10.45 42.9 13.32 43.7
Flexmatch + Ours 9.76 43.01 11.34 43.66

SoftMatch 9.88 40.05 10.8 42.01
SoftMatch + Ours 7.56 39.88 9.01 41.77

FullySupervised 6.55 21.06 7.57 27.54
FullySupervised + Ours 5.76 21.87 6.07 27.22

Table 3: ECE and Top-1 error rates on ImageNet and WebVi-
sion (the lower the better). Better results in comparison are
shown in bold.

ilarity consistently degrades calibration and accuracy, with
large increases in ECE and error rate on STL-10.

Error Analysis
Figure 2 presents the confidence, predicted labels, and
ground-truth labels for six STL-10 test images under the
4-labels-per-class setting. In the top row, both CalibrateMix
and SoftMatch misclassify the images. However, SoftMatch
does so with extremely high confidence (over 98%), whereas
CalibrateMix assigns noticeably lower confidence, reflecting
appropriate uncertainty and thus better calibration. In the
bottom row, SoftMatch again produces overconfident errors,
while CalibrateMix makes correct predictions with high con-
fidence, indicating better reliability. Overall, these cases show
that CalibrateMix reduces overconfident mistakes while still
maintaining strong confidence on correct predictions.

Method CIFAR-100 STL-10
ECE Err ECE Err

SoftMatch 26.41.2 37.110.3 13.240.06 20.902.47
+ mixup all -warmup 16.53.35 86.951.05 18.772.21 23.412.42
+ mixup all +warmup 30.630.64 41.50.76 16.663.35 19.705.07
+ CM k=0 (no cosine) 23.250.32 37.130.35 16.814.01 15.692.78
+ CM k=10 24.421.04 37.81.3 12.711.02 14.921.03
+ CM k=15 23.140.04 36.920.02 14.660.71 15.380.85
+ CM k=5 (Ours) 23.10.3 36.680.18 12.40.08 15.180.63

Table 4: Ablation on CIFAR-100 and STL-10 (4 labels/class).
CalibrateMix has warmup and cosine similarity. CM stands
for CalibrateMix.

Conclusion

We proposed CalibrateMix, a targeted mixup strategy that
improves the calibration of SSL models by utilizing training
dynamics and dissimilarity-aware pairing of easy and hard
samples. Specifically, CalibrateMix leverages Area Under
the Margin (AUM) and Average Pseudo Margin (APM) to
identify sample difficulty, and then performs mixup between
labeled and pseudo-labeled samples based on their difficulty
and feature dissimilarity. Our method consistently reduces
ECE and generally improves accuracy (yielding lower error
rates), especially in low-label settings. This enhances the reli-
ability of AI systems in high-stakes applications while also
lowering data annotation costs. CalibrateMix contributes to
positive societal impact, enabling safer deployments through
better-calibrated predictions. For future work, we aim to ex-
tend CalibrateMix to other tasks such as object detection,
semantic segmentation, and out-of-domain (OOD) scenarios.
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