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Abstract
When a person solves the multi-choice problem,
she considers not only what is the answer but also
what is not the answer. Knowing what choice is not
the answer and utilizing the relationships between
choices, she can improve the prediction accuracy.
Inspired by this human reasoning process, we pro-
pose a new training strategy to fully utilize inter-
class relationships, namely LogitMix. Our strategy
is combined with recent data augmentation tech-
niques, e.g., Mixup, Manifold Mixup, CutMix, and
PuzzleMix. Then, we suggest using a mixed logit,
i.e., a mixture of two logits, as an auxiliary training
objective. Since the logit can preserve both positive
and negative inter-class relationships, it can impose
a network to learn the probability of wrong answers
correctly. Our extensive experimental results on
the image- and language-based tasks demonstrate
that LogitMix achieves state-of-the-art performance
among recent data augmentation techniques regard-
ing calibration error and prediction accuracy.

1 Introduction
Humans can improve predictions by knowing how likely non-
target classes are misclassified into a target class. For example,
suppose that we have an image of computer with apple logo
and should identify an object out of three choices, e.g., com-
puter, apple and orange. Here, we can exploit the fact that
apple and orange have positive correlations and computer and
orange have no correlation. Since computer with apple logo
is equally and highly probable for being both computer and
apple, we can utilize the probability of orange being an an-
swer; it is a small, non-zero value because orange is similar
to apple. Then, both the new information about orange and
the sum of all probabilities being 1 substantially affect the
overall decision; the probability of apple being an answer can
be less probable than that of computer. Consequently, we can
correctly predict computer as the final answer. This exam-
ple shows that understanding inter-class relationships can be
∗indicates an equal contribution.
†is a corresponding author.

Vanilla Mixup

Manifold Mixup Ours

Figure 1: Visualization of the probability distribution on various train-
ing strategies on the 2D spiral dataset. Compared to other methods,
our method shows well-calibrated prediction and smooth transition
between two classes. Please refer to Section 4.1 for details.

particularly beneficial when handling more challenging and
unusual decision tasks.

Unlike humans, conventional deep neural networks (DNNs)
are poor at understanding class relationships. Since the one-
hot label induces zero probability for non-target class labels,
DNNs learn to de-correlate the relationship between the tar-
get class and the other classes [Li and Maki, 2018]. Even
worse, when the model overfits to estimate a target class, its
prediction tends to be over-confident [Guo et al., 2017], which
is particularly vulnerable to high-risk systems, e.g., medical
diagnosis and autonomous driving systems.

Inspired by the human reasoning process, we propose a
new training strategy using inter-class relationships for holis-
tic recognition. Specifically, we exploit logits for design-
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ing an additional learning signal and develop our training
strategy in conjunction with mixing-based data augmenta-
tion [Verma et al., 2019; Yun et al., 2019; Zhang et al., 2018;
Kim et al., 2020]. Given the baseline mixing-based method,
we randomly choose two training examples. The data is gen-
erated by linearly combining two examples, and the logit is
also derived by the same linear combination of two logits (i.e.,
two logits are the logit of each example). While the existing
method imposes the model to map the mixed data to the mixed
label, we additionally introduce two supervision and a joint
training strategy. In other words, the model should jointly
learn to map both 1) from the mixed data to the mixed logit
and 2) from the original training samples to the labels.

We name it LogitMix. Specifically, the mixed logit is uti-
lized as weak supervision for considering inter-class relation-
ships (e.g., how likely the wrong classes are the answer). Si-
multaneously, the original training data is used as the strong
supervision for learning class-only information (e.g., relying
only on how likely the correct class is the answer). While
mixing-based methods also enjoy the effect of learning two-
class relationships, they are limited in two aspects. Firstly,
the participation of only two-class relationships can be insuffi-
cient to resolve ambiguity in multi-choice problems. Secondly,
their mixed labels are the result after activation (i.e., softmax),
thereby losing negative relationships and precision. LogitMix
can effectively learn inter-class relationships (i.e., logit reveals
all-class relationships) with high precision (i.e., logit provides
negative and positive values with high dynamic range). More-
over, since LogitMix faithfully learns the original training data,
we can extract meaningful logits for weak supervision. Then,
logits can supervise the model to learn accurate confidence
of training data. As a result, our logit mixing strategy can
induce a well-calibrated and highly accurate model, as shown
in Figure 1. Here, the vanilla model can predict 0 and 1 ac-
curately, but has sharp decision boundaries, causing a poorly
calibrated prediction. While existing studies, such as Mixup
or Manifold Mixup, induce smooth boundaries but sacrifice
confidence in training data, LogitMix enjoys the benefit from
both sides, showing the improved boundaries without losing
the prediction accuracy on training samples.

In summary, LogitMix is a powerful training strategy for
reflecting both positive and negative inter-class relationships
in model training. Based on the extensive experiments on
three popular image benchmark datasets, LogitMix outper-
forms state-of-the-art data mixing training techniques, such
as Mixup [Zhang et al., 2018], CutMix [Yun et al., 2019],
and PuzzleMix [Kim et al., 2020], in terms of prediction ac-
curacy and calibration error. Also, we adopt LogitMix using
the famous pre-trained language model, i.e., BERT [Devlin
et al., 2018], to solve eight popular NLP tasks on the GLUE
benchmark datasets. The experimental results confirm that
LogitMix on BERT can show better prediction accuracy than
the existing mixing-based method on BERT.

2 Related Work
Mixing-based augmentation. Mixup [Zhang et al., 2018]
trains the model using the data generated by the convex com-
bination of two random training samples and their labels. De-

spite its simplicity, Mixup training achieves robustness toward
adversarial examples [Zhang et al., 2018] and improves cali-
bration [Thulasidasan et al., 2019]. Manifold Mixup [Verma
et al., 2019] uses two intermediate representations at layer k
as examples. To achieve better performance in spatial exam-
ples, [Yun et al., 2019] introduce a region-based augmentation
strategy. By randomly creating a binary mask, it generates the
mixed example by adding the masked image and the inversely
masked other images. Unlike CutMix, PuzzleMix [Kim et al.,
2020] recently suggests a saliency-aware mixing strategy to
mitigate the misguiding examples during training.

Although various mixing-based techniques have been ac-
tively studied, their success is mostly limited to computer
vision tasks. Most recently, the idea of Mixup has been
applied to the pre-trained language model, namely Mixup-
Transformer [Sun et al., 2020], which demonstrates the po-
tential of mixing-based techniques on language-based tasks.
Note that our method can utilize any mixing-based approaches
as the baselines and further improve their performances by
exploiting the mixed logit as the additional weak supervision
in both computer vision and natural language processing tasks.

Logit regularization. [Szegedy et al., 2016] propose label
smoothing that modifies a one-hot label to a mixture of the
one-hot label and uniform distribution by dividing a weight
factor. [Pereyra et al., 2017] point out the limitation of label
smoothing that allocates the same probability across all classes
regardless of their relationships. Then, they propose a confi-
dence regularizer by penalizing low entropy predictions. As
a pioneering work, [Hinton et al., 2014] propose knowledge
distillation, which gives insight into how logits have useful
information on the model and data distribution. Motivated by
these observations, we exploit the logit to develop a mixing-
based training strategy by preserving inter-class correlations.

Confidence calibration. [Naeini et al., 2015] diagnoses
the problem of the confidence calibration of modern net-
works and proposes the expected calibration error (ECE) as
a measurement of calibration. [Guo et al., 2017] addresses
that the modern network is poorly calibrated and suggests
a simple post-processing calibration method to soften the
prediction with temperature scaling. Various Bayesian ap-
proaches [MacKay, 1992] are commonly used for estimating
the uncertainty of the prediction. Nevertheless, these methods
are computationally inefficient as they require some modifi-
cations to the training procedure. [Lakshminarayanan et al.,
2017] approximate the Bayesian method by using an ensemble
of networks. [Seo et al., 2019] propose a well-calibrated pre-
diction scheme without multiple stochastic inferences. This
method is related to label smoothing [Szegedy et al., 2016;
Müller et al., 2019] and confidence penalty [Pereyra et al.,
2017] as it makes the network output smooth prediction. [Thu-
lasidasan et al., 2019] have empirically shown that the network
trained with Mixup provides better-calibrated results.

3 Proposed Model
3.1 Mixing-Based Augmentation Techniques
Recently, mixing-based data augmentation techniques [Verma
et al., 2019; Yun et al., 2019; Zhang et al., 2018] have achieved
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highly accurate prediction performance. They generate the
input data by a linear combination of two randomly selected
training datasets. Likewise, the label is generated by the same
linear combination of the two corresponding labels. In this
way, they effectively improve prediction accuracy and prevent
undesirable behaviors such as memorization and sensitivity to
adversarial examples at the same time. Furthermore, recent
work [Thulasidasan et al., 2019] reports that Mixup training
encourages that the output of DNNs, i.e., the estimated la-
bel distribution, can serve as a better indicator of the actual
likelihood of a correct prediction. The mixing-based training
strategies generate an augmented sample as follows:

xmix =


λx1 + (1− λ)x2 [Zhang et al., 2018],

M� x1 + (1−M)� x2 [Yun et al., 2019],

Z�ΠT
1 x1 + (1− Z)�ΠT

2 x2 [Kim et al., 2020],

ymix = λy1 + (1− λ)y2, λ ∼ Beta(α, α),

(1)

where (x1, y1) and (x2, y2) denote two random training sam-
ples. M ∈ {0, 1}W×H denotes a binary mask indicating
where to drop out and fill in from two images, and � is an
element-wise multiplication. Z is a soft mask with a value
within [0, 1], when λ =

∑
i Zi and Π0 (or Π1) represents the

transport matrix. Here, each element Πij encodes the ratio of
the transport from location i to j (i.e. i and j for the block in-
dex). Beta(·, ·) implies a Beta distribution, and α ∈ (0,∞) is
the parameter to control the shape of the Beta distribution. Us-
ing the mixed input and the mixed label, the model is trained
to minimize the following loss function.

Lmix = λH(ỹmix, y1) + (1− λ)H(ỹmix, y2), (2)

whereH is the cross-entropy function. ỹmix is the predicted
label vector by the model, e.g. ỹmix = softmax(f(xmix)),
where f denotes the model. That is, f(xmix) indicates logit,
the model output for the mixed input xmix before the softmax
activation function.

Whereas the original label y is encoded as a one-hot vector,
the mixed label ymix allows two non-zero entries in the label
distribution. Here, the model learns two-class relationships
encoded in the mixed labels, which empirically yield the label
smoothing effect. Lately, [Thulasidasan et al., 2019] show
that the label smoothing effect is a crucial factor for achieving
accurate predictive uncertainty. Mixing-based techniques can
also be regarded as a robust data augmentation scheme. [Thu-
lasidasan et al., 2019] also show that data augmentation alone
without mixed labels can improve the prediction accuracy.

3.2 LogitMix
To utilize inter-class relationships (i.e., all-class relationships),
LogitMix aims to achieve both high prediction accuracy and
reliable prediction confidence. Specifically, we devise the
mixed data augmentation trick like [Yun et al., 2019; Zhang et
al., 2018] to explicitly consider the inter-class relationships.
Unlike existing techniques, we additionally suggest two loss
terms: 1) the estimated logit for the mixed data should match
the target mixed logit, and 2) the estimated label distribution
for each sample should match the one-hot label. In the first loss
term, we assigned weak supervision for the logit of mixed data
as the mixture of two logits. We refer to it as weak supervision

as the mixed logit is not oracle supervision. Since the mixed
data is generated by any existing mixing-based technique, we
use it as the baseline model and thus incorporate Lmix into
our final loss function. Formally, the objective of LogitMix is
formulated by the sum of three losses:

Ltotal = Lcls + Lsim + Lmix,

Lcls = H(ỹ1, y1) +H(ỹ2, y2)
Lsim = ‖(λf(x1) + (1− λ)f(x2))− f(xmix)‖2.

(3)

To derive Lsim, namely the similarity loss, we generate a
mixed logit by linearly combining two logits f(x1) and f(x2)
for two random samples x1 and x2. Then, the mixed logit
should be matched to the logit f(xmix) of the mixed sam-
ple xmix. It is motivated by previous studies [Mikolov et al.,
2013] that linear interpolation is an effective way of combin-
ing factors. Besides, various studies report linear interpolation
between the hidden representations results in the meaningful
region of embeddings [Verma et al., 2019]. Therefore, we uti-
lize a simple linear mixture of two logits as weak supervision.

Why LogitMix helps? The idea of utilizing logit as a learn-
ing signal is used to develop Lsim. This similarity loss en-
forces the network to map the mixed input to the mixed logit.
Then, a natural question can be raised as to why logit should
be used, not a probability (i.e., a post-softmax value). Here,
we argue that the post-softmax values generally lose the rich
information encoding class relationships. This argument can
be demonstrated by the following example. Focusing on the
N-ary classification task, we denote two mixed inputs as x1mix
and x2mix, respectively, and their logits as l1 = [1.5, 0.5, . . .]
and l2 = [0.5,−0.5, . . .], respectively. Although the two logit
vectors are clearly different, the first two elements of their
post-softmax results are the same as [0.73, 0.27, . . .]. When
adopting the post-softmax values as our signals, the two dif-
ferent mixed data results in the same class relationships. How-
ever, x2mix in its logit exhibits a negative relationship between
class 1 and class 2, which is observable from neither x1mix
nor the post-softmax of x2mix; this unusual information can be
valuable information to train the model [Heo et al., 2019].

Based on this example analysis, we can easily find the dis-
advantages of the post-softmax values in learning inter-class
relationships. Since the softmax reduces the dynamic range
([+∞,−∞] → [0, 1]) of the class activation significantly,
valuable information such as negative correlations and pre-
cision can be abandoned. On the other hand, the logit can
encode both positive and negative all-class relationships with
a high dynamic range. Thanks to this desirable property, Lsim

is more effective than Lmix in learning class relationships.
Lmix and Lsim also induce different types of learning signals.
Therefore, the two-loss terms can be used simultaneously and
enjoy performance gains from others.

4 Proof-of-Concept Study
4.1 Toy Example
We conducted a 2D classification task using the two-class
spiral dataset [Verma et al., 2019] to reveal the impact of
LogitMix. To show the decision boundary and hidden rep-
resentation of each method, we visualize the predictions in
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different colors; two-class samples are noted as either red or
blue color-coded points. Then, we compare LogitMix with the
other mixing augmentation methods. Because it is non-trivial
to apply region-based methods such as CutMix and PuzzleMix
(a point does not have spatial information), we compared Log-
itMix with vanilla, Mixup [Zhang et al., 2018], and Manifold
Mixup [Verma et al., 2019], as shown in Fig. 1.

Specifically, vanilla training results in irregular boundaries
and the predictions for the out-of-distribution samples are over-
confident; the predictions for the out-of-distribution samples
exhibit as high confidence as in-distribution samples. Also,
the sharp transition around the decision boundaries indicates
the vulnerability of adversarial attacks [Goodfellow et al.,
2015]. In the case of Mixup, we observe a gradual transition
in the inter-class area having an intensity of 0.3 to 0.7 around
the decision boundaries; however, a part of those observa-
tions originates from lower-confidence on training samples.
Manifold Mixup has more precise decision boundaries than
the two previous cases, especially on the transition. How-
ever, overall confidence tends to be lower than others. One
possible reason is under-fitting since its complicated training
prevents sufficient convergence for the conventional learning
procedure [Thulasidasan et al., 2019]. In contrast, LogitMix
improves high-confident samples (i.e. high confidence on train-
ing samples) and shows the gradual transition over inter-class
regions as a supportive clue of a well-calibrated confidence
estimation model.

4.2 Combination of Losses
Existing mixing-based techniques only use Lmix; they utilize
the original training samples depending on sampling results
from Beta(·, ·) but do not learn the original training data si-
multaneously. Meanwhile, LogitMix utilizes both Lcls and
Lsim on top of Lmix. Here, to understand the role of each
loss term and its synergy with Lmix, we investigate various
combinations of losses and report their classification accuracy
with ResNet50 on the CIFAR100 dataset, which consists of
50,000 images with 100 classes. More training details can be
found in Section 5.

Table 1 demonstrates the result of various combinations of
losses; LogitMixm indicates that Mixup is chosen as our base-
line mixing strategy. In this study, we have three important
observations. Firstly, our similarity loss (Lsim) always in-
creases the accuracy. Specifically, both the vanilla model and
Mixup are improved by adding Lsim. Without Lsim, the accu-
racy of LogitMix, i.e., Lmix + Lcls, is significantly degraded;
the accuracy decreases by -1.51%p.

We also observe that removing Lmix significantly decreases
the accuracy (-1.48%p). It is because the logit can be noisy
at the early stage of the training without Lmix, therefore, the
effect of Lsim can be degraded.

Another interesting observation is that combining Lcls on
existing Mixup loss also improves the baseline Mixup. Since
Lcls provides more accurate feedback for training data and
Lmix serves as a regularization term, their joint training can
enjoy the synergy, achieving 0.26%p of gains over the original
Mixup. However, we observe that training with Lmix + Lcls

is less stable (i.e. high variance) than all other combinations.
Finally, LogitMix utilizes all three losses and records the

Name Loss Accuracy(%)

Vanilla Lcls 78.32 ± 0.07
Mixup Lmix 79.82 ± 0.08

LogitMixm Lcls + Lsim + Lmix 81.59 ± 0.09
(−) Mixup Lcls + Lsim 80.11 ± 0.09
(−) Cross entropy Lmix + Lsim 80.51 ± 0.08
(−) Similarity loss Lmix + Lcls 80.08 ± 0.49

Table 1: Accuracy of CIFAR-100 under various combinations of
losses. We achieved consistently better accuracy by adding the pro-
posed loss Lsim on existing losses. To analyze the effect of each loss
term, we subtract each loss during training and observe its perfor-
mance. The combination of all three losses reports the best accuracy.

best accuracy among all combinations, also a low variance.
Specifically, LogitMixm achieves 1.77%p of the improvement
over Mixup. Mixup shows a 1.5%p gain over the vanilla
model; overall, our model is 3.27%p higher than the vanilla
model. In this study, we confirm that each component of Log-
itMix is useful and effective, but combining all components
best synergizes the model training.

5 Experiments
In this section, we evaluate LogitMix compared to com-
petitors in various tasks. We stress that LogitMix can be
combined with any mixing-based data augmentation tech-
niques [Verma et al., 2019; Yun et al., 2019; Zhang et al., 2018;
Kim et al., 2020] and enjoy their performance gains. We first
assess the ability to improve prediction accuracy and con-
fidence calibration. The performance gain in both aspects
implies that the trained model better predicts the true posterior
distribution; thus it better reveals the inter-class correlations
of the data distribution. To show the effectiveness of LogitMix
on various tasks, we tackle two problems; image classification
and natural language processing (NLP) tasks. Additionally,
we examine the robustness of the model trained with Logit-
Mix. This result can quantify how LogitMix is successful
in learning the vicinity of boundaries. We also conduct an
ablation study by changing α for the empirical understanding
of LogitMix.

Model architecture. For image classification tasks, we se-
lect five CNN architectures as backbone networks: three of
them are conventional CNNs (i.e., VGGNet [Simonyan and
Zisserman, 2015], ResNet [He et al., 2016], and ResNeXt [Xie
et al., 2017]), and the others are light-weight CNNs (i.e.,
MobileNetV2 [Sandler et al., 2018] and ShuffleNet [Ma et
al., 2018]). For the NLP tasks, we choose two baselines,
BERTBASE and BERTLARGE [Devlin et al., 2018] because
the Mixup-Transformer [Sun et al., 2020] demonstrated the ef-
fectiveness of Mixup on these pre-trained models. Inspired by
their success, we use the same backbone models for building
and evaluating LogitMix.

Datasets. We validate the effectiveness of LogitMix on three
benchmark image datasets and eight natural language datasets.
The image datasets include CIFAR100 [Krizhevsky and Hin-
ton, 2009] (32×32 RGB images in 100 classes), TinyImageNet
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Dataset Network Metric Vanilla Mixup LogitMixm CutMix LogitMixc PuzzleMix LogitMixp

CIFAR100

VGG16
Acc 74.30 75.02 76.22 (+1.20) 75.34 76.10 (+0.76) 75.92 76.38 (+0.46)
ECE 0.176 0.060 0.035 (-0.025) 0.051 0.062 (+0.011) 0.121 0.100 (-0.021)
OE 0.154 0.035 0.025 (-0.010) 0.022 0.008 (-0.014) 0.011 0.049 (+0.038)

ResNet50
Acc 78.32 79.82 81.59 (+1.77) 80.57 81.02 (+0.45) 82.57 83.76 (+1.19)
ECE 0.087 0.040 0.014 (-0.026) 0.078 0.073 (-0.005) 0.092 0.215 (+0.123)
OE 0.073 0.028 0.003 (-0.025) 0.064 0.060 (-0.004) 0.015 0.000 (-0.015)

ResNeXt50
Acc 79.18 81.10 81.63 (+0.53) 81.16 81.46 (+0.30) 81.40 82.13 (+0.73)
ECE 0.069 0.042 0.021 (-0.021) 0.059 0.032 (-0.027) 0.092 0.220 (+0.128)
OE 0.057 0.001 0.000 (-0.001) 0.047 0.023 (-0.024) 0.017 0.001 (-0.016)

MobileNetV2
Acc 69.69 69.98 73.90 (+3.92) 68.82 69.91 (+1.09) 75.77 75.99 (+0.22)
ECE 0.061 0.091 0.048 (-0.043) 0.050 0.049 (-0.001) 0.097 0.100 (+0.003)
OE 0.042 0.000 0.000 (0.000) 0.000 0.000 (0.000) 0.022 0.009 (-0.013)

ShuffleNetV2
Acc 72.17 74.17 75.53 (+1.36) 73.60 73.73 (+0.13) 76.18 76.75 (+0.57)
ECE 0.079 0.060 0.042 (-0.018) 0.016 0.023 (+0.007) 0.126 0.094 (-0.032)
OE 0.060 0.000 0.000 (-0.000) 0.002 0.000 (-0.002) 0.014 0.001 (-0.013)

TinyImageNet

ResNet50
Acc 66.6 68.34 70.71 (+2.37) 69.08 69.87 (+0.79) 69.71 70.15 (+0.44)
ECE 0.098 0.032 0.030 (-0.002) 0.029 0.034 (+0.005) 0.121 0.131 (+0.010)
OE 0.076 0.022 0.010 (-0.012) 0.015 0.005 (-0.010) 0.012 0.012 (0.000)

MobileNetV2
Acc 57.62 59.55 62.12 (+2.57) 53.54 57.66 (+4.12) 64.08 65.30 (+1.22)
ECE 0.073 0.091 0.032 (-0.059) 0.094 0.082 (-0.012) 0.112 0.104 (-0.008)
OE 0.045 0.019 0.000 (-0.019) 0.000 0.000 (0.000) 0.034 0.016 (-0.018)

ILSVRC2015 ResNet50
Acc 76.13 77.37 78.38 (+1.01) 78.43 78.51 (+0.08) 75.63 77.47 (+1.84)
ECE 0.370 0.041 0.028 (-0.013) 0.028 0.020 (-0.008) 0.120 0.117 (-0.003)
OE 0.030 0.003 0.001 (-0.002) 0.029 0.029 (0.000) 0.053 0.056 (+0.003)

Table 2: Comparison Acc, ECE, OE on CIFAR100, TinyImageNet and ILSVRC2015. LogitMixm, LogitMixc, LogitMixp represents the
combination of Lcls, Lsim losses with Mixup, CutMix, or PuzzleMix, respectively. The best score among different mixing methods is in bold.
We train the model for PuzzleMix on ILSVRC2015 with fast setting that is provided by the official source code of PuzzleMix.

(64×64 RGB images in 100 classes) and ILSVRC2015 [Rus-
sakovsky et al., 2015] (256×256 RGB images in 1000 classes).
Additionally, the General Language Understanding Evaluation
(GLUE) benchmark [Wang et al., 2018].

Implementation details. All CNN networks are trained by
SGD optimization with momentum of 0.9. Except for the Puz-
zleMix [Kim et al., 2020] and LogitMixp, we follow the same
training schedule as CutMix [Yun et al., 2019] for CIFAR100,
TinyImageNet and ILSVRC datasets. Since light-weight mod-
els have a different training practice, we follow the procedure
described in their original papers. In the language-based tasks,
we use a pre-trained language model, i.e. BERT [Devlin et
al., 2018]. As Mixup-Transformer [Sun et al., 2020] fine-
tunes BERT using a Mixup training strategy for downstream
tasks, we also follow the same practice using the same hyper-
parameters as [Sun et al., 2020]. When finetuning BERTBASE

(or BERTLARGE), the batch size is 8, the learning rate is
2e − 5, the max sequence length is 128, and the number of
the training epochs is 3 for all eight tasks. We use a beta
distribution with α = 3.0 for λ. To train the models on all the
datasets except for ILSVRC2015, we use a single Titan XP
GPU with 12 GB memory. For ILSVRC2015, we utilize four
V100 GPU.

Metrics for confidence calibration. For the quantitative
analysis of the confidence calibration, we used two popular
metrics, the expected calibration error (ECE) [Naeini et al.,
2015] and the overconfidence error (OE) [Thulasidasan et al.,
2019]. Note that the two measures are calculated on validation

datasets. Specifically, the ECE represents an average differ-
ence between true confidence and predicted confidence. If it
is zero, it means the network is perfectly calibrated. The OE
is similar to ECE, but it only measures the confidence differ-
ence when it is over-confident. Over-confidence is a critical
factor in high-risk systems. Thus, the OE is a good indicator
to assess system reliability for high-risk applications.

5.1 Image Classification Tasks
We showed that our method improved classification accu-
racy (i.e. high confidence on training samples) and helped
to learn the gradual transition of the probability between the
two classes (i.e., appropriate confidence on samples from off-
the-data distribution) with a toy example. In this section, we
evaluate the proposed method on image classification tasks for
handling more realistic application scenarios.

Table 2 reports the experimental results using various CNN
networks and image benchmark datasets. In general, we
achieve better accuracy and confidence calibration after com-
bining LogitMix. In particular, our gain in prediction accuracy
is substantial where the gap between the baseline and the base-
line combined with LogitMix is as large as the gap between
the vanilla and the other competitors. Besides, our method
enjoys the advantage of the baseline and effectively improves
the baseline performances.

When LogitMixp is used to train ResNet50 or ResNeXt50
on CIFAR100, we observe large gains in the prediction ac-
curacy but substantial errors in ECE. Despite the trade-off
between the prediction accuracy and the calibration error,
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Model MNLI-mm QQP QNLI SST-2 CoLA STS-B MRPC RTE Average

BERTBASE [Devlin et al., 2018] 84.73 91.25 91.43 93.12 57.82 89.43 87.75 68.95 83.06
Mixup on BERTBASE [Sun et al., 2020] 84.29 91.15 91.36 93.12 58.82 89.44 87.50 67.87 82.94

LogitMix on BERTBASE
84.73
(0.00)

91.25
(0.00)

91.58
(+0.15)

93.12
(0.00)

58.85
(+0.03)

89.45
(+0.01)

87.50
(-0.25)

70.04
(+1.09)

83.32
(+0.26)

BERTLARGE [Devlin et al., 2018] 85.99 90.20 92.20 92.89 60.88 89.9 87.75 73.29 84.14
Mixup on BERTLARGE [Sun et al., 2020] 86.02 90.09 92.42 92.66 61.86 90.02 88.24 73.29 84.33

LogitMix on BERTLARGE
86.10
(+0.08)

90.95
(+0.75)

92.60
(+0.18)

93.58
(+0.69)

63.89
(+2.03)

89.98
(-0.04)

89.22
(+0.98)

74.37
(+1.08)

85.09
(+0.76)

Table 3: Performance comparison on NLP tasks (GLUE tasks). Matthew’s correlations are reported for CoLA. Spearman correlations are
reported for STS-B. The accuracies are reported for the other tasks. We compare BERT and Mixup on BERT with LogitMix on BERT. The gain
over the best score (i.e. the maximum value of two competitors) is reported in parentheses, and the best score per task is highlighted in bold.

VWCI
[Seo et al., 2019]

Mixup
[Zhang et al., 2018]

LogitMixm

(Ours)

Acc 73.87 (+0.09) 75.02 (+0.72) 76.22 (+1.92)
ECE 0.098 (-0.089) 0.057 (-0.116) 0.035 (-0.141)

Table 4: Comparison with other calibration methods.

LogitMixp achieves nearly 0 in OE, indicating that our train-
ing strategy is a safe and reliable solution for practical appli-
cations. On ILSVRC2015, LogitMix consistently achieves
meaningful gains over the baseline mixing-based methods;
finding the best ratio of the three-loss terms (currently, they
are equally weighted) would further improve the performance.
Without weight tuning, nevertheless, LogitMixc still achieves
state-of-the-art performances on ILSVRC2015 evaluations.
Considering that achieving the improvement over the state-of-
the-art performances is particularly challenging, our gains
on PuzzleMix (CIFAR100 and TinyImageNet) or CutMix
(ILSVRC2015) are sufficiently meaningful. As a result, Logit-
Mix surpasses the performance of existing methods in most
experimental conditions.

One interesting remark can be made via the experiment with
a compact model such as MobileNetV2. Generally speaking,
Mixup-like approaches act as an augmentation method, which
populates training examples to prevent over-fitting. However,
if it injects examples far from the training distribution (e.g.,
missing the salient object in mixed data), such augmentation
can induce under-fitting. Under-fitting normally does not de-
grade the performance of high-capacity networks, but it can
hurt the performance of low-capacity networks. When CutMix
is used for training MobileNetV2 on TinyImageNet, we ob-
serve severe performance degradation. We interpret that their
mixed data rather provides misguiding learning signals and
thus induces under-fitting. Unlike CutMix, PuzzleMix largely
outperforms Mixup and CutMix on MobileNetV2 because
PuzzleMix carefully considers the saliency when mixing the
data, mitigating the misleading mixed data.

When LogitMix is combined with CutMix, LogitMixc, the
effect of under-fitting is substantially reduced, filling the degra-
dation gap introduced by CutMix. From this result, we argue
that our method provides a reasonable interpretation for under-
standing the example far from training distribution. LogitMix
helps the model to understand the hidden relationships with
weak supervision, and it can create synergy when combined

with the existing mixing-based technique. For the same reason,
LogitMixp shows clear improvements over PuzzleMix. This
observation is coherent with our motivation that the inter-class
correlation (i.e. mixed logit) with sufficient class information
(i.e. label) helps to improve both the accuracy and the estimate
of predictive confidence.

5.2 Natural Language Processing Tasks
Table 3 summarizes the performances of the vanilla model
(baseline BERT), Mixup (Mixup-Transformer), and LogitMix
under eight different NLP tasks. In this experiment, we only
focus on evaluating the prediction performances because not
all metrics handle the accuracy (i.e., Matthew’s correlation for
CoLA and Spearman correlations for STS-B). Besides, Cut-
Mix and PuzzleMix are excluded as the competitors because it
is non-trivial to create mixing data for text by following their
region-based mixing principle.

In this experiment, we observe that Mixup on BERT
achieves -0.12 %p and +0.18 %p of average differences over
BERTBASE and BERTLARGE , respectively. Adopting Logit-
Mix on the baseline BERT, we mostly achieve performance
gains over not only the baseline BERT but also Mixup on
BERT. Overall, LogitMix on BERT further promotes the per-
formances of baseline models on eight NLP tasks, approxi-
mately 0.26%p and 0.95%p of average gains over BERTBASE

and BERTLARGE , respectively, and 0.37%p and 0.76%p of
average gains over Mixup on BERTBASE and Mixup on
BERTLARGE , respectively.

One interesting remark is that the performance gains of
LogitMix on BERTLARGE are more pronounced than those
of LogitMix on BERTBASE . This is an encouraging result
because improving the complex model is more challenging
and truly improves state-of-the-art performances. Since Logit-
Mix provides a useful learning signal, we speculate that the
large model could benefit more. These experimental results
demonstrate that LogitMix is a powerful training strategy and
it can easily be used for various tasks.

5.3 Confidence Calibration
We focus on evaluating our calibration performances. As our
method calibrates the prediction with a single inference, we
exclude Bayesian approaches [MacKay, 1992] or stochastic
approaches with multiple inferences [Lakshminarayanan et
al., 2017] for comparisons. Instead, we identify Mixup and
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Method Metric α = 0.2 α = 0.4 α = 0.6 α = 1.0 α = 2.0 α = 3.0 α = 4.0

Mixup
Acc 79.30 79.32 79.28 79.07 78.15 77.92 76.81
ECE 0.020 0.040 0.400 0.056 0.080 0.099 0.120
OE 0.012 0.008 0.001 0.000 0.000 0.000 0.000

LogitMixm

(−) Lcls

Acc 80.21 79.74 79.49 79.66 79.98 79.76 80.21
ECE 0.026 0.024 0.087 0.071 0.101 0.110 0.101
OE 0.018 0.002 0.000 0.000 0.000 0.000 0.000

LogitMixm

Acc 80.47 81.10 80.72 80.34 81.23 81.59 81.31
ECE 0.039 0.025 0.019 0.013 0.013 0.014 0.014
OE 0.029 0.014 0.011 0.005 0.003 0.002 0.002

Table 5: Ablation study for the effect of α. Unlike Mixup, LogitMixm can handle mixed data with a large α value successfully; the
high accuracy and the small OE. Besides, LogitMixm is less sensitive to the choice of α. The large α tends to degrade ECE because the
out-of-distribution samples by the large α strictly penalize over-confident, leading to the under-confident model.

variance-weighted confidence-integrated Loss (VWCI) [Seo
et al., 2019] as a single inference-based competitor. In order
to match the same recipe in the results reported by VWCI,
we compare the methods for CIFAR100 using VGG16 (Ta-
ble 4). The result of VWCI is obtained from the paper, and
both the accuracy and ECE with the gains over the baseline
model (in parentheses) are summarized because the reported
performance from VWCI is slightly different from our results.
Compared with the others, LogitMix achieves the highest
accuracy and the lowest calibration error; comparing with
performance gains, our result is also the best among the three.

5.4 Searching for the Loss Weights
We search for the best weight to some extent. Currently,
wmix and wcls are set to 1 for reducing the searching cost.
Then, the best weight for Lsim is determined as one of
{0.1, 0.5, 1.0, 2.0} by testing them on CIFAR100. As a re-
sult, we set wsim to 1 for LogitMixm, 0.1 for LogitMixc and
0.5 for LogitMixp to perform the best. Then, the same weights
were used regardless of the datasets. The different weights may
be caused by different regularization effects per mixing-based
augmentation. Although the weights might not be optimal for
each dataset, LogitMix consistently improves the baselines.

5.5 The Effect of Alpha
In all mixing-based approaches, the mixing rate is controlled
by α. In particular, using a large α value degrades the accuracy
largely in Mixup [Thulasidasan et al., 2019; Zhang et al.,
2018]. With the large α, the training sample is likely to be
mixed in half (e.g., near boundaries), far from the training
distribution. Using large α also leads the network to rarely
observe the original sample. Then, it raises a natural question:
is a large α also bad for LogitMix?

To analyze the effect of the α, the performance of the net-
work (i.e., accuracy and ECE) is investigated by changing
α using ResNet50 on CIFAR100 as reported in Table 5. As
expected, the accuracy starts to drop with high α in Mixup.
Meanwhile, the accuracy generally increases as the α value in-
creases in our method. Here, we discard the effect ofLcls from
LogitMix and observe that LogitMix withoutLcls shows a sim-
ilar tendency. This implies that our similarity loss can provide
a meaningful interpretation by implicit supervision. Logit-
Mix can successfully handle half-mixing samples (i.e. samples
created with a large α value). This phenomenon is coherent

with the advantage of LogitMix on the low-capacity network
(e.g. MobileNetV2 on TinyImageNet); weak supervision pro-
vides a reasonable interpretation for understanding the out-of-
distribution samples, and it is effective to handle under-fitting
as well. Nevertheless, extreme α values are also harmful to
LogitMix because they prevent the original training samples
(i.e. in-distribution samples) from participating in model train-
ing. Based on this experimental result, we conclude α = 3 as
the default value.

Regarding the confidence calibration, ECE is degraded, and
OE decreases as α increases. This means that ECE increases
due to being under-confident; the network is overly regularized
with out-of-the-distribution samples. This is consistent with
the tendency for accuracy. Unlike Mixup, LogitMix generally
achieves good calibration results, less sensitive to α.

6 Conclusion
This study is motivated by the human reasoning capability that
improves the prediction by better understanding the wrong
choices. Based on this analogy, we proposed LogitMix, a
novel joint training strategy that utilizes the mixed logit for
considering the class relationships and the original training
data for class-only information.

Based on extensive evaluations using various network ar-
chitectures on both image and language classification tasks,
empirical analysis, and ablation study, we have demonstrated
various useful properties of LogitMix; 1) creating performance
synergy with any mixing-based techniques, and thus achieving
state-of-the-art performances, 2) applicable to various back-
bones, datasets, and tasks, 3) improving the decision bound-
aries without losing the confidence accuracy on training data,
and 4) being insensitive to α.
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