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Abstract. When running a machine learning system, it is difficult to
guarantee performance when the data distribution is different between
training and production operations. Deep neural networks have attained
remarkable performance in various tasks when the data distribution is
consistent between training and operation phases, but performance sig-
nificantly drops when they are not. The challenge of detecting Out-of-
Distribution (OoD) data from a model that only trained In-Distribution
(ID) data is important to ensure the robustness of the system and the
model. In this paper, we have experimentally shown that conventional
perturbation-based OoD detection methods can accurately detect non-
semantic shift with different domain, but have difficulty detecting seman-
tic shift in which objects different from ID are captured. Based on this
experiment, we propose a simple and effective augmentation method for
detecting semantic shift. The proposed method consists of the following
two components: (1) PuzzleShuffle, which deliberately corrupts semantic
information by dividing an image into multiple patches and randomly
rearranging them to learn the image as OoD data. (2) Adaptive Label
Smoothing, which changes labels adaptively according to the patch size in
PuzzleShuffle. We show that our proposed method outperforms the con-
ventional augmentation methods in both ID classification performance
and OoD detection performance under semantic shift conditions.

Keywords: Semantic Shift Detection · Data Augmentation · Out-of-
Distribution Detection.

1 Introduction

When running a machine learning system, it is difficult to guarantee performance
when the data distribution is different between training and production opera-
tions. It is important to detect such data not included in the training data or
build a model that can make predictions with low confidence for untrained data
to ensure the reliability and safety of machine learning systems. Deep neural
networks (DNNs) have attained remarkable performance in various tasks when
the data distribution is consistent between training and running phases. How-
ever, it is difficult to guarantee robustness when the domain changes between
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Fig. 1. Domainnet [17]

training and operation or when unexpected objects are captured. This challenge
has been formulated as learning only In-Distribution (ID) data and detecting
Out-of-Distribution (OoD) data [8], and many methods have been proposed in
recent years [10, 14–16,22].

The cause of the factor difference in distribution between ID and OoD does
not distinguish in previous studies on OoD detection. As shown in Fig. 1, Genel-
izedODIN [10] uses the DomainNet Dataset [17] to separate the problem of OoD
detection into two categories: Semantic Shift, in which the class of the object
is different between ID and OoD in the same domain, and Non-Semantic Shift,
in which the class of the object is the same, but the domain is different. The
results showed that the previous OoD detection methods perform excellently to
non-semantic shift detection but could not outperform the baseline MaxSoftmax-
based method [8] in semantic shift detection.

Semantic shift detection is one of the most critical issues in the operation
of machine learning systems. It is necessary to reject the prediction results or
consider adding them as untrained data by lowering the confidence level of the
prediction for unexpected objects. However, the prediction of DNNs is known
to be high-confidence, and calibration by temperature scaling and adversarial
training is reported to be effective for this problem [5, 7]. In the framework of
Bayesian DNNs, a learning method that theoretically guarantees the uncertainty
of the prediction has been proposed [2, 23]. Besides, some data augmentation
methods show to improve the uncertainty and robustness of the DNNs model
[9, 24,27,28].

In this paper, we focus on the semantic shift in OoD detection. In the problem
setting where the domain of image data is the same, but the classes of ID and
OoD are different, the goal is to detect OoD data from a model that only trained
ID data. To address this problem, we propose a new data augmentation method
named PuzzleShuffle. Our method was inspired by [14]. The key concept is to
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Fig. 2. A visual comparison of Cutout [1], AugMix [9], Mixup [28], CutMix [27], Re-
sizeMix [19], Puzzle Mix [12] , and our PuzzleShuffle

make the model explicitly train with data that has an undesirable feature. Fig.
2 shows a comparison with conventional augmentation methods. PuzzleShuffle
divides the image into some patches. And the patches are randomly rearranging
to intentionally destroy the semantic information of the image, and then the
models are trained with images that have undesirable features. The labels of
the data to which PuzzleShuffle is applied are adaptively smoothed according to
the patch size. For images with large patch size, we give labels close to one-hot
distribution because we believe that there is still much semantic information,
and for images with small patch size, we give labels close to uniform distribution
because we believe that the semantic information is strongly corrupted. In this
way, DNNs can learn to predict the semantic information with lower confidence
as they move away from the ID. To verify our proposed method’s effectiveness,
we evaluated OoD detection’s performance under the semantic shift using var-
ious datasets. As a result, we show that our proposed method outperforms the
conventional augmentation methods in both the performance of ID classification
accuracy and OoD detection performance under the semantic shift conditions.

In summary, our paper makes the following contributions:

– We show that the existing perturbation-based OoD detection methods can-
not outperform the baseline method’s OoD detection performance in seman-
tic shift conditions.

– We show that adversarially trains the data with features not included in ID
data and effectively improves OoD detection performance under the semantic
shift conditions.

– We proposed a new simple and effective augmentation method to improve
OoD detection accuracy under the semantic shift conditions.

– We show that the proposed method improves OoD detection performance in
combination with any conventional augmentation methods.
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2 Related Work

2.1 Out-of-Distribution Detection

The problem of OoD detection was formulated by [8], and the proposed method
of separating ID and OoD using the maximum softmax value of DNNs is widely
used as a baseline. ODIN [16] performs OoD detection by applying a perturba-
tion to the input image such that the maximum softmax value increases. Simi-
larly, Mahalanobis [15] also detect OoD using perturbation but assumes that the
feature map’s intermediate output follows a multivariate gaussian distribution
and calculates the distance between the distributions during training and testing
using the mahalanobis distance, and uses that value as the threshold for OoD
detection. [10,22] does not use perturbation and calculates the logit using cosine
similarity instead of the linear transformation before the softmax function. [14]
uses generative adversarial nets (GANs) [4] to generate boundary data ID and
OoD and training generated data for confidence calibration and improvement
of OoD detection. In any research, the problem of OoD detection under the
semantic shift has not been solved. Besides, GeneralizedODIN [10] shows that
the existing OoD methods cannot outperform the baseline method’s [8] OoD
detection performance in semantic shift conditions.

2.2 Data Augmentation

Data augmentation can improve the generalization performance of the model
and uncertainty and robustness [9,24,27,28]. CutMix [27] randomly cuts a por-
tion of an image and pastes it at a position corresponding to the cut position
in another image to improve performance, confidence calibration, and OoD de-
tection. ResizeMix [19] pointed out that CutMix may not capture the intended
object in the cropped image and clarified the importance of capturing the object
and, ReizeMix outperforms CutMix by pasting a resized image instead of crop-
ping the image. Mixup [28] proposes a method to compute convex combination
of two images pixel by pixel, and Puzzle Mix [12] achieves effective mixup by
using saliency information and graph cut. AugMix [9] improves the robustness
and uncertainty evaluation by applying multiple augmentations to a single image
and training the weighted combined image and the original image to be close
in distribution. All the methods have improved test accuracy, OoD detection
accuracy, robustness against distortion images, and uncertainty evaluation, but
OoD detection under semantic shift has not been verified. Our method is novel
in that it learns undesirable features as ID, and we propose that it can improve
the OoD detection performance by giving appropriate soft labels to the data.

2.3 Uncertainty Calibration

In order to achieve high accuracy in the perturbation-based OoD detection de-
scribed above, the confidence of the DNNs prediction must be properly cali-
brated. The confidence level of DNNs prediction is known to be high-confidence
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[5, 7], which means that the confidence level of DNNs is high even though the
prediction results are wrong. Some Bayesian DNNs methods provide theoretical
guarantees on uncertainty estimation [2,23]. In these methods, the estimation of
uncertainty is theoretically guaranteed by using Dropout and Batch Normaliza-
tion. However, although both of these methods achieve confidence calibration,
they have not been reported as effective OoD detection methods.

In contrast to these works, we develop a new augmentation method for se-
mantic shift detection. Inspired by [14], our method proposes a simple and effec-
tive augmentation method that can improve OoD detection performance under
the Semantic Shift by explicitly training data with features not found in ID.
First, we experimentally demonstrate the possibility of improving OoD detec-
tion performance by adversarial training data with uniformly distributed labels
that have features not found in ID. Based on the results, we propose an augmen-
tation method that intentionally corrupts the semantic information of ID data
and learns the data as undesirable ID data.

3 Preliminaries

In this chapter, we conduct two preliminary verifications to propose a method
to improve semantic shift detection performance. Section 3.1 discusses why the
perturbation-based OoD detection method fails to detect OoD data under se-
mantic shift conditions. In Section 3.2, inspired by [14], we investigate adversarial
training using explicitly semantic shift data that can improve the detection per-
formance of semantic shift. The experimental settings are the same as those
described in Section 5.

3.1 The Effects by Perturbation

We investigate the effectiveness of perturbation-based methods, which have been
reported to be effective as OoD detection methods for semantic shift and non-
semantic shift. We use MaxSoftmax [8], a baseline method, as the OoD detection
method without perturbation, and ODIN [16] as the method with perturbation.
To compare them, we choose four domains (real, sketch, infograph, and quick-
draw) from the Domainnet [17] dataset and divide them into two classes: class
labels 0-172 as A, and class labels 173-344 as B, for a total of eight datasets. The
A group in the real domain use as ID, and the other groups evaluate as OoD.
The results show in Table 1. The perturbation-based method detects OoD with
higher accuracy than the method without perturbation in the non-semantic shift
detection. However, the perturbation-based method is inferior to without pertur-
bation in the semantic shift detection. The reason for this may be that the more
similar the OoD features are to the ID features, the more they are embedded
in the similar features by perturbation. ODIN tries to separate ID and OoD by
adding perturbations to the image to increase the softmax value, so when similar
features are obtained, OoD is also perturbed similarly to ID, making separation
difficult. Fig. 3 shows the result of plotting the intermediate features of semantic
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shift (real-B) and non-semantic shift (quickdraw-A) in two dimensions by tSNE.
It can be seen that the non-semantic shift, which dynamically changes the trend
of the image, produces features that are not similar to ID, while the semantic
shift, which is in the same domain, produces features that are similar. There-
fore, we hypothesize that it is important to explicitly learn undesirable features
in order to improve the detection performance of semantic shift.

3.2 Adversarial Undesirable Feature Learning

In this section, we verify the hypothesis that semantic shift detection perfor-
mance can be improved by explicitly learning undesirable features. We use the

Table 1. The OoD detection performance to semantic shift and non-semantic shift by
perturbation

OoD Shift AUROC

S NS Baseline / ODIN*

real-B X 68.2 / 65.0
sketch-A X 70.6 / 75.0

sketch-B X X 75.5 / 78.8

infograph-A X 75.6 / 80.2

infograph-B X X 76.65 / 81.7

quickdraw-A X 70.3 / 96.0

quickdraw-B X X 71.7 / 96.7

Semantic Shift (real-B) Non-Semantic Shift (quickdraw-A)

Baseline

ODIN

ID

OoD

Fig. 3. Results of tSNE visualization of features from conv layer output in seman-
tic shift and non-semantic shift data. The blue points indicate ID, and the red points
indicate OoD. The semantic shift tends to extract features similar to ID, and the distri-
bution of ID becomes closer to the semantic shift when the perturbation is applied. On
the contrary, the non-semantic shift tends to extract features different from ID, and the
ID distribution does not overlap with the non-semantic shift even after perturbation.
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CIFAR-10 dataset as ID and the CIFAR-100 dataset as OoD for adversarial
training to verify this hypothesis. In adversarial training, the ID data is train-
ing with one-hot labels, and the OoD data is training with uniform distribution
labels. We explicitly train the OoD data as undesirable features by training the
OoD data with uniformly distributed labels. We split the 100 classes of CIFAR-
100 into five types, from split1 to split5, based on 20 superclasses, and observe
the effect of increasing the variation of OoD classes step by step. The ratio of
the number of ID and OoD data included in a minibatch during training is
1:1. Table 2 shows the results. The results indicate that training the data that
has undesirable features with uniform labels improves ID accuracy and OoD
detection.

Fig. 4 is the extracted features from the convolution layer of the model trained
with OoD and without one. The results show that adversarial training of unde-
sirable feature embeds the unobserved data to the non ID space, significantly
improving the semantic shift detection performance. The hypothesis that ad-
versarial training of undesirable features improves semantic shift detection by

Table 2. ID accuracy and AUROC of each OoD split when adversarial learning with
adding OoD step by step. The OoD split used for training has the AUROC value in
bold for each testing OoD split.

train OoD ID Acc.
AUROC

split1 split2 split3 split4 split5

none 86.65 82.41 80.40 79.87 81.61 78.85
split1 88.47 96.94 92.54 85.76 83.36 83.65

split1˜2 88.94 96.93 98.64 89.41 83.48 86.32
split1˜3 89.40 97.39 98.30 97.20 83.33 85.72
split1˜4 89.65 96.49 98.07 96.54 91.51 84.10
split1˜5 90.06 96.27 97.83 96.54 92.77 92.86

Test OoD: Split5

Train OoD: Split1~4TrainOoD: None

ID

OoD

Fig. 4. Results of tSNE visualization of features from conv layer output (Left: train
OoD is none, Right: train OoD is split1-4). By explicitly training OoD data as unde-
sirable features, we show that unobserved OoD data are embedded in places that are
not ID regions.
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using OoD data is revealed. However, in a machine learning system operation,
OoD data cannot be accessed in advance. Therefore, it is necessary to learn un-
desirable features using only ID data. To solve this problem, we propose a new
augmentation method that destroys the semantic structure and intentionally
induces semantic shift by shuffling the patches in the image like a puzzle.

4 Proposed Method

Fig. 5 illustrates the proposed method. This method consists of two steps: (a)
applying augmentation to the image and (b) adaptively changing the label ac-
cording to the augmentation result. Details are described below.
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Fig. 5. Proposed Method

4.1 PuzzleShuffle Augmentation

Algorithm 1 describes the proposed method named Puzzleshuffle. PuzzleShuffle
is a simple augmentation method that divides an image into patches of arbitrary
size and applies probabilistic rotate or flip augmentation to each patch. After
then, the patch positions rearrange randomly, and shuffled images use as training
data. In this method, the size of the input image and the patch size are limited
to be square. The number of divisions is randomly selected from a divisor of the
size of the image when creating a mini-batch during training. A similar method
is PatchShuffle regularization [11] method, which randomly shuffles the pixels in
a local patch in the image or feature map. Our method differs in that the patch
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Algorithm 1: PuzzleShuffle Augmentation

Input: Dataset D, probability p of applying PuzzleShuffle, Operations
O ={rotate, flip}

Output: A puzzle shuffled image x̃ and its adaptively changed label ỹ
divisors = CaluclateDivisor(image size)
Sample (x, y) ∼ D
β ∼Bernouli(p)
if β = 1 then

Sample patch size ∼ RandomSelect(divisors)
divided images = DivideImage(x, patch size)
for i = 1, ..., patch size× patch size do

divided imagei ← O(divided imagei)

ShufflePatchPosition(divided image)
x̃← divided image
Set label according to Algorithm 2
ỹ ← label

else
# Original data is returned.
x̃← x
ỹ ← y

size is variable and the shuffle is performed while preserving the global features,
and the labels are changed adaptively according to the patch size as described
below.

4.2 Adaptive Label Smoothing

If the number of divisions in PuzzleShuffle is small, the structural information
of the image remains, and if the number of divisions is large, the structural in-
formation is collapsed. Since images with many patches in PuzzleShuffle are like
random noise, it is inappropriate to train them with one-hot labels. We pro-
pose a method to adaptively change the distribution of labels according to the
number of divisions. When the number of divisions is large, we give label infor-
mation with a distribution close to one-hot labels. When small, we give label
information with a distribution close to the uniform distribution. Algorithm 2
has described Adaptive Label Smoothing. The basic idea is the same as that
of Label Smoothing. The target class value discounts from the one-hot label
and distributes the discounted value to other class labels. Label Smoothing has
attained remarkable improvement of generalization performance as a regulariza-
tion method for DNNs [18, 21]. We prepare a lookup table, a list of values from
the inverse number of classes to 1.0, equally divided by image size and sorted
in descending order. We select values from the lookup table using the selected
divisor number at PuzzleShuffle Augmentation as an index and use the selected
values as the target class values for Label Smoothing. In this way, the labels of
PuzzleShuffle image assign according to the patch size.
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Algorithm 2: Adaptive Label Smoothing

Input:

C · · · the number of classes
LUT · · ·A lookup table of numbers from the inverse of C to 1.0, equally
divided by image size and sorted in descending order.

index · · · Selected divisor by Altorithm 1
Output: Smoothed label ŷ
score = LUT (index)
residual = (1− score)/(C − 1)

ŷ[i] =

{

score (if i = y)
residual (otherwise)

(1)

4.3 Motivation

The motivation for PuzzleShuffle is the effect of learning undesirable features,
as shown in Section 3. In the semantic shift problem, the structural information
of data is different between ID and OoD. Thus, we believe that it is important
to learn structural information not available in ID data explicitly for semantic
shift detection. In situations where OoD data is not available, it is necessary to
create it from ID data. In [14], the boundary between ID and OoD is generated
by GANs. However, GANs are generally expensive and difficult to learn stably,
so we divided the image into patches and randomly rearranged the patches’
positions. Convolutional neural networks tend to make decisions based on texture
information rather than structural information of images [3]. Therefore, to detect
semantic shift, we thought it is essential to give appropriate labels to images with
broken structural information when learning structural information not present
in ID data.

5 Experiments

5.1 Experimental Settings

Networks and Training Details: We use ResNet-34 [6] for all experiments.
It is trained with batch size 128 for 200 epochs with and weight decay 0.0005.
The optimizer is SGD with momentum 0.9, and the initial learning rate set to
0.1. The learning rate decreases by factor 0.1 at 50% and 75% of the training
epochs.

Datasets: In the experiments, we use CIFAR-10/100 [13], Tiny ImageNet [20]
(cropped and resized), LSUN [26] (cropped and resized), iSUN [25], Uniform
noise, Gaussian noise and DomainNet [17]. If one of the CIFAR-10/100 use as
ID, the other is evaluated as OoD. Tiny ImageNet, LSUN, iSUN, Uniform noise,
and Gaussian noise are all used as OoD. The experiments using DomainNet
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follow the experimental method of GeneralizedODIN [10]. We divide the images
in each domain into two groups: A for class labels 0-172 and B for class labels
173-344. The A group in the real domain use as ID, and the other groups evaluate
as OoD.

Evaluation Metrics: Following previous OoD detection studies [8, 10, 14–16,
22], we use the area under the receiver operating characteristic curve (AUROC)
and true negative rate at 95% true positive rate (TNR@TPR95) as the evaluation
metrics. We also evaluate the classification performance of ID data. For all of
these metrics, a higher value indicates better performance.

5.2 Compared Methods

We use Cutout [1], AugMix [9], Mixup [28], CutMix [27], ResizeMix [19], and
Puzzle Mix [12] to compare augmentation methods. We evaluate these augmen-
tation methods performance alone and in combination with standard augmen-
tation (i.e., crop, horizontal flip) and the proposed methods. In comparison with
the OoD detection method, we evaluate the performance of combining the pro-
posed methods on the DomainNet dataset. We employed the MaxSoftmax-based
method [8] as Baseline and compared it with ODIN [16] and Scaled Cosine [10].

5.3 Results

Comparison of augmentation method Table 3 shows the results when each
augmentation applies by itself and standard augmentations are not in use. In
many experiments, our method has shown high OoD detection performance. In
particular, we achieve high detection performance on datasets where the image
is resized instead of cropped and Uniform and Gaussian noise datasets. This is
because the proposed method can learn to focus on the image structure infor-
mation and the minimum patch size is one pixel.

Combination of augmentation method Table 4 shows the results of com-
bining standard augmentation methods such as crop and horizontal flip with ex-
isting augmentation methods and our proposed method. The results show that
for many augmentation methods, the combination of our proposed method can
improve the performance of OoD detection. Table 5 shows the classification per-
formance of ID data when using each augmentation method combined with our
proposed method. In all cases, the performance does not degrade significantly.
Therefore, from Tables 4 and 5, we can see that our method can improve the OoD
detection performance while maintaining the ID data classification performance.
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Table 3. Performance comparison of each augmentation methods.

ID OoD
Method (AUROC/TNR@TPR95)

Baseline Cutout Mixup CutMix AugMix ResizeMix Pazzle Mix Our
C

IF
A

R
-1

0

C100 80.5/19.8 82.6/23.0 81.1/24.3 81.4/22.8 82.7/21.1 68.8/27.3 80.7/26.3 86.5/30.1
TINc 80.6/18.3 84.6/26.1 82.7/25.5 89.8/39.5 84.2/25.1 77.9/36.1 87.9/35.8 89.9/36.3
TINr 76.0/16.6 80.9/21.7 80.6/23.7 89.0/39.2 84.2/24.4 75.4/42.3 92.5/49.8 94.9/63.3

LSUNc 80.7/14.6 80.5/20.0 81.9/23.2 87.3/32.1 89.0/38.9 68.5/27.5 80.1/26.7 90.1/36.8
LSUNr 80.8/19.3 86.3/29.5 84.6/30.2 92.3/49.1 86.8/28.1 88.5/60.1 94.0/55.8 95.8/69.4
iSUN 79.8/20.1 85.4/27.6 83.5/28.7 91.8/47.6 86.3/28.0 85.6/54.9 94.1/56.8 96.0/71.2

Uniform 86.0/19.3 88.8/31.0 81.0/11.3 83.8/19.3 97.7/83.7 92.7/51.9 96.2/72.4 100.0/100.0
Gaussian 97.9/85.3 90.6/35.6 85.6/12.6 83.2/19.0 98.6/92.0 51.2/15.0 93.6/53.3 100.0/99.9

C
IF

A
R

-1
0
0

C10 66.6/9.7 69.4/12.2 70.3/11.7 70.0/11.3 69.6/12.1 74.1/15.3 71.3/71.3 73.6/14.7
TINc 75.0/19.0 74.5/19.5 78.6/23.0 73.7/11.2 64.5/6.0 82.1/26.7 76.3/16.1 79.5/22.1
TINr 69.2/12.5 62.9/9.1 67.5/9.2 45.4/1.7 73.1/14.3 78.7/21.5 54.3/4.7 88.3/49.2

LSUNc 66.5/9.7 67.0/10.5 63.2/10.7 68.8/9.0 53.9/4.1 77.4/21.2 69.9/9.4 75.2/12.6
LSUNr 71.5/13.8 63.8/8.2 69.2/8.7 45.3/1.3 73.2/14.6 80.4/22.6 54.6/3.6 88.6/50.1
iSUN 69.4/12.1 62.1/7.1 67.6/7.7 44.4/1.1 70.0/12.2 78.2/20.0 54.2/3.6 88.1/50.9

Uniform 57.5/0.9 35.4/0.1 29.4/0.0 60.0/0.7 33.5/0.0 20.0/0.0 91.0/49.3 100.0/100.0
Gaussian 36.7/0.0 73.4/5.2 38.4/0.0 64.7/1.7 54.4/0.0 94.1/58.7 61.7/0.5 100.0/100.0

Table 4. The results of the combinations of augmentation methods. SA indicate using
standard augmentation (i.e. crop and horizontal flip). The numbers in parentheses
indicate the performance when the proposed method is combined, and the bold type
indicates the improvement of performance by the proposed method.

ID OoD
Method (AUROC/TNR@TPR95)

SA
(+Our)

SA+Cutout
(+Our)

SA+Mixup
(+Our)

SA+CutMix
(+Our)

SA+ResizeMix
(+Our)

SA+Puzzle Mix
(+Our)

C
IF

A
R

-1
0

C100
86.7/36.2

(89.0/40.7)
89.9/43.5

(90.3/44.5)
74.9/37.1

(82.7/37.9)
85.7/38.6

(88.8/46.4)
83.6/43.7

(88.1/46.6)
83.8/44.7

(87.6/46.1)

TINc
91.7/49.5

(92.2/48.3)
94.1/58.6

(94.3/60.0)
83.2/58.1

(86.3/50.1)
96.1/73.1

(96.7/77.2)
91.2/54.4

(93.1/56.6)
97.1/84.0

(96.3/74.7)

TINr
88.6/39.6

(96.9/77.7)
93.6/56.7

(97.5/83.0)
84.5/39.7

(97.4/82.8)
97.1/84.3

(98.9/95.6)
76.6/53.8

(95.1/71.5)
97.2/82.9

(98.8/93.8)

LSUNc
93.6/57.5

(93.3/53.3)
93.9/57.7

(95.4/66.6)
84.8/68.4

(89.0/60.5)
94.4/61.1

(97.1/81.0)
91.2/53.5

(93.8/58.4)
95.3/77.1

(96.1/76.5)

LSUNr
90.7/46.5

(97.6/83.4)
94.9/63.8

(97.6/83.9)
88.2/49.2

(98.0/87.6)
98.2/92.5

(99.2/98.3)
86.2/68.3

(97.1/80.3)
98.2/92.2

(99.2/96.6)

iSUN
89.9/44.3

(97.4/82.0)
94.8/62.8

(97.6/83.8)
88.0/46.9

(97.8/86.3)
97.9/89.8

(99.2/97.7)
83.6/63.7

(97.1/80.5)
98.0/90.4

(99.1/95.5)

Uniform
90.0/21.9

(100.0/100.0)
87.7/6.2

(100.0/100.0)
90.5/19.8

(100.0/100.0)
4.5/0.0

(100.0/100.0)
92.7/51.9

(100.0/100.0)
80.0/5.3

(100.0/100.0)

Gaussian
98.1/89.1

(100.0/100.0)
97.2/84.9

(100.0/100.0)
98.0/92.9

(97.9/95.1)
78.0/3.2

(97.0/99.8)
84.5/7.0

(100.0/100.0
59.0/0.0

(100.0/100.0)

C
IF

A
R

-1
0
0

C10
75.6/16.5

(76.5/19.3)
76.0/16.7

(75.2/16.4)
73.9/18.7

(74.8/20.5)
77.7/21.0

(75.9/21.2)
75.7/18.6

(76.3/21.1)
78.4/21.0

(77.2/20.5)

TINc
82.3/26.5

(83.8/32.0)
80.5/22.7

(82.6/29.0)
84.7/39.6

(82.0/31.5)
86.6/36.5

(84.6/34.6)
82.5/30.4

(85.0/33.9)
88.9/40.8

(87.2/39.6)

TINr
76.5/18.5

(89.9/52.2)
74.0/17.0

(92.6/64.3)
76.1/21.6

(91.5/60.1)
84.1/31.8

(90.4/52.7)
79.2/25.8

(88.4/44.4)
77.2/19.8

(94.9/72.7)

LSUNc
79.5/21.3

(82.7/29.3)
75.7/16.4

(83.5/29.9)
83.5/38.1

(79.8/26.2)
84.1/31.2

(84.6/34.4)
79.7/26.5

(82.1/27.7)
85.4/32.1

(85.3/33.1)

LSUNr
78.5/20.3

(89.6/51.8)
73.6/14.8

(92.8/64.1)
77.2/21.3

(91.8/59.2)
86.5/35.1

(90.5/51.7)
80.3/26.7

(88.3/42.5)
76.8/18.4

(95.4/74.6)

iSUN
77.2/18.6

(89.0/50.4)
73.7/14.9

(92.2/63.8)
76.0/20.0

(90.6/56.9)
84.7/31.0

(90.2/51.3)
79.1/24.9

(88.3/44.0)
75.1/17.0

(93.8/68.9)

Uniform
74.4/1.0

(100.0/100.0)
97.5/86.3

(100.0/100.0)
78.2/1.3

(100.0/100.0)
90.8/41.8

(100.0/100.0)
45.9/0.0

(100.0/100.0)
68.8/0.4

(100.0/100.0)

Gaussian
52.8/0.0

(98.8/97.7)
80.7/0.0

(100.0/100.0)
60.1/0.0

(100.0/100.0)
89.6/24.3

(100.0/100.0)
35.9/0.0

(99.7/98.9)
61.0/0.0

(99.8/100.0)
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Table 5. Comparison of ID classification accuracy. In all cases, we use the standard
augmentation of crop and horizontal flip.

ID Method Classification Accuracy

C
IF

A
R

-1
0

Baseline (+Our) 94.8(94.8)
Cutout (+Our) 95.4(95.6)
Mixup (+Our) 94.2(94.2)

CutMix (+Our) 96.3(96.2)
ResizeMix (+Our) 96.7(96.3)
Puzzle Mix (+Our) 96.4(95.4)

C
IF

A
R

-1
0
0

Baseline (+ Our) 74.0(76.0)
Cutout (+Our) 74.0(75.3)
Mixup (+Our) 75.4(76.8)

CutMix (+Our) 79.9(80.0)
ResizeMix (+Our) 79.0(80.3)
Puzzle Mix (+Our) 80.4(80.0)

Table 6. Results of combining the proposed method with the OoD detection method
using DomainNet.

OoD Shift AUROC TNR@TPR95

S NS Baseline(+Our) / ODIN(+Our) / Cosine(+Our)

real-B X 68.2(71.5)/65.0(69.4)/66.2(69.9) 9.7(11.5)/10.1(11.8)/8.6(10.9)
clipart-A X 67.6(71.0)/80.1(81.5)/70.2(77.5) 13.3(15.5)/30.5(33.8)/13.8(21.3)
clipart-B X X 74.8(78.1)/86.5(87.5)/77.0(83.2) 17.0(19.4)/38.2(42.4)/16.5(24.6)

infograph-A X 75.6(77.6)/80.2(81.9)/79.8(85.4) 16.9(19.2)/17.8(23.0)/20.7(31.7)
infograph-B X X 76.6(79.2)/81.7(83.6)/80.6(86.6) 16.9(20.2)/19.9(25.9)/20.5(33.0)
painting-A X 67.1(71.1)/55.7(63.1)/68.8(75.4) 11.0(12.8)/ 3.2( 4.2)/11.9(17.8)
painting-B X X 73.3(77.1)/61.2(69.4)/74.3(80.5) 14.0(16.7)/ 4.6( 6.6)/13.9(20.7)

quickdraw-A X 70.3(77.2)/96.0(97.1)/72.6(78.9) 12.1(14.0)/80.3(84.4)/11.0(10.8)
quickdraw-B X X 71.7(78.7)/96.7(97.6)/74.0(80.2) 12.2(15.4)/82.8(87.4)/11.8(11.3)

sketch-A X 70.6(76.1)/75.0(80.8)/72.9(81.5) 13.7(18.2)/22.1(29.7)/13.3(22.7)
sketch-B X X 75.5(79.4)/78.8(83.8)/77.4(84.4) 16.4(21.1)/24.0(32.0)/15.1(25.3)

Comparison of OoD method Table 6 shows the OoD detection results using
the DomainNet dataset. The proposed method can improve the OoD detection
performance in both cases of semantic shift and non-semantic shift. These results
indicate that the proposed method learns features that only exist in ID data
(i.e., real-A), thus improving the detection of semantic shifts and the detection
of non-semantic shifts. Besides, the proposed method improves the performance
of Baseline and existing OoD methods.

5.4 Analysis

Effect of network architecture Table 7 shows the performance of the pro-
posed method for different network architectures. It show that our proposed
method improves the performance of all network architectures.
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Impact of multiple patch sizes Table 8 shows the results when PuzzleShuffle
is performed with single patch size and with multiple sizes. On average, both ID
classification performance and OoD detection performance are higher when mul-
tiple scales are combined. It shows that it is important to perform PuzzleShuffle
with multiple sizes to learn more diverse undesirable features.

Impact of labeling method Our proposed method changed the label accord-
ing to the patch size, but a method to calculate the image similarity by images
before and after applying PuzzleShuffle is also possible. We use two image sim-
ilarity metrics, SSIM [29] and the cosine similarity of feature vectors obtained
from the models trained by ImageNet [20]. The calculated image similarity is
applied to the score of Algorithm 2 to give a label. We also compare the results
with one-hot and uniform labels for all patch sizes. The results show in Table 9.
The image similarity obtained from the pre-trained model shows superior per-
formance in ID classification and OoD detection. These results indicate that it
is important to appropriately reflect the similarity to the original image in the
label, which is a future challenge.

Table 7. Performance evaluation of various network architectures. We used standard
augmentation and combined our proposed method.

ID OoD Network ID Acc. AUROC TNR@TPR95

C
-1

0

C
-1

0
0 ResNet-34 94.8(94.8) 86.7(89.0) 36.2(40.7)

WideResNet-28-10 95.3(95.9) 89.3(89.7) 43.1(43.6)
DenseNet-100 94.4(94.6) 88.2(89.0) 35.2(38.4)

C
-1

0
0

C
-1

0 ResNet-34 74.0(76.0) 75.6(76.5) 16.5(19.3)
WideResNet-28-10 79.8(79.3) 79.2(80.1) 20.8(22.2)

DenseNet-100 75.1(76.64) 75.5(75.7) 17.8(18.2)

Table 8. Performance evaluation for various
patch sizes.

ID OoD Num. of Div. ID Acc. AUROC TNR@TPR95

C
-1

0

C
-1

0
0

1×1 94.8 89.0 36.2
2×2 95.3 87.2 41.0

4×4 94.5 86.7 37.1
8×8 94.9 88.4 39.3

16×16 93.5 84.8 35.2
Multi-scale 94.8 89.9 40.7

C
-1

0
0

C
-1

0

1×1 74.0 75.6 16.5
2×2 75.1 75.7 17.1
4×4 73.5 74.8 16.3
8×8 73.4 75.0 16.1

16×16 74.4 75.5 16.7
Multi-scale 76.0 76.5 19.3

Table 9. Performance evaluation using
various labeling methods. * indicates
using pre-trained model.

ID OoD Method ID Acc. AUROC TNR@TPR95

C
-1

0

C
-1

0
0

One-hot 94.8 89.2 39.0
Uniform 94.5 85.6 44.2

SSIM 94.5 85.4 42.7
Cosine* 95.5 85.9 49.8

Alg. 2 94.8 89.0 40.7

C
-1

0
0

C
-1

0

One-hot 73.3 74.7 16.9
Uniform 76.8 75.7 16.1

SSIM 77.7 75.1 16.6
Cosine* 77.4 77.2 20.1

Alg. 2 76.0 76.5 19.3
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6 Conclusion

This paper focuses on OoD detection under semantic shift and shows that con-
ventional OoD detection methods cannot detect semantic shift. Our proposed
method improves the performance of OoD detection without degrading the per-
formance of ID classification. In the future, we will study OoD detection that can
detect not only the semantic shift but also the non-semantic shift and investigate
more robust model construction and running machine learning systems.
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