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Time-series classification approaches based on deep neural networks easily overfit UCR
datasets, which is caused by the few-shot problem of those datasets. Therefore, to alleviate
the overfitting phenomenon to further improve accuracy, we first propose label smoothing
for InceptionTime (LSTime), which adopts the soft label information compared to only hard
labels. Next, instead of manually adjusting soft labels by LSTime, knowledge distillation for
InceptionTime (KDTime) is proposed to automatically generate soft labels by the teacher
model while compressing the inference model. Finally, to rectify the incorrectly predicted
soft labels from the teacher model, knowledge distillation with calibration for
InceptionTime (KDCTime) is proposed, which contains two optional calibrating strategies,
i.e., KDC by translating (KDCT) and KDC by reordering (KDCR). The experimental results
show that the KDCTime accuracy is promising, while its inference time is orders of magni-
tude faster than state-of-the-art approaches.

� 2022 Elsevier Inc. All rights reserved.
1. Introduction

Time-series classification (TSC) is one of the most challenging tasks in data mining [13]. In recent years, with the remark-
able success of deep neural networks (DNNs) in computer vision (CV) [21,19,41], many researchers have attempted to
employ DNNs in TSC due to the similarity between time-series data (one-dimensional sequence) and image data (two-
dimensional sequence). However, with extensive experiments on various existing DNN-based TSC approaches, we found that
DNNs easily overfit datasets from the UCR archive [1]. Specifically, several experiments are conducted for 3 typical DNNs, i.e.,
fully convolutional networks (FCN) [44], residual networks (ResNet) [19,44], and InceptionTime [14] on the UCR datasets.
Selecting InceptionTime as an example, only 23 datasets have a training and test accuracy gap less than 0:05, which means
the gap on the other 62 datasets is more than 0:05, where many of them are more than 0:2, as shown in Fig. 1(a). In addition,
Fig. 1(b) gives the training and test accuracy with respect to epochs on a specific dataset among UCR datasets, i.e., Crop data-
set, where the gap becomes 0:22 around epoch 100 and remains stationary until the end.

After thoroughly analyzing the UCR datasets, we claim that the difference between datasets in CV and those in the UCR
archive contributes the most to the overfitting phenomenon. In detail, we can view this from the perspective of N-shot learn-
ing, where N represents the training examples per class. In CV, datasets always contain enough training samples for DNNs,
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Fig. 1. Two examples showing that InceptionTime, including other DNNs, is easy to overfit on UCR datasets.
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e.g., MNIST [27] and CIFAR10 [26] are both 5; 000-shot learning datasets with 50;000 training samples in total, and ImageNet
[12] is, on average, a 700-shot learning dataset with more than 14 million training samples. However, in the UCR archive, 58
datasets are less than 100-shot and 75 datasets with fewer than 1;000 training samples. For example, Fungi is a 1-shot learn-
ing dataset, and DiatomSizeReduction contains only 16 training samples. We conclude this as the few-shot problem in TSC. In
summary, solving the few-shot problem is the key to improving accuracy. Interestingly, many state-of-the-art approaches
have adopted methods for alleviating overfitting without addressing the overfitting problem, such as the hierarchical vote
system for a collective of transformation-based ensembles (HIVE-COTE) [30] with an ensemble of 37 classifiers, Incep-
tionTime [14] with an ensemble of 5 models, and RandOm Convolutional KErnel Transform (ROCKET) [10] with L2 regular-
ization and cross-validation. Among the aforementioned state-of-the-art methods, ROCKET has the best accuracy and
inference time balance in practice.

In this paper, instead of employing the ordinary approaches for alleviating overfitting, e.g., L1 and L2 regularization, batch
normalization (BN) [22], dropout [38], and early stopping, etc, we first proposed label smoothing based on InceptionTime
[42] (LSTime) for improving the generalization ability of InceptionTime, as soft labels are closer to real life than hard labels.
For instance, as shown in Fig. 2(a), the true label of that handwritten number is 2. However, it also resembles 3 intuitively.
Thus, giving a hard label 2 to that number may cause information loss. Additionally, in stocks, there are many meaningful
chart patterns, among which head-and-shoulders (H&S), triple-top (TT), and double-top (DT) [43] are similar. In Fig. 2(b),
the H&S chart pattern is close to TT. Therefore, we wish to keep its TT information. As a consequence, soft labels maintain
more information than hard labels. However, we would like to obtain the soft labels automatically rather than set themman-
ually. Thus, knowledge distillation based on InceptionTime [20] (KDTime) is leveraged to generate soft labels by a teacher
model, which is a pretrained network with a deep and complex architecture. The predicted labels from the teacher model
represent the knowledge it learned. After that, the knowledge (predicted soft labels) can be distilled to help the student
model training, which has a relatively smaller and simpler architecture. As a consequence, knowledge distillation can also
Fig. 2. Two examples demonstrating the benefits of soft labels.
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reduce the inference time because of the student model. Finally, we claim that the teacher is not 100% correct, which means
that it may produce incorrect soft labels and misguide the student. As the ground-truth labels have already been obtained,
we propose simply calibrating the incorrectly predicted soft labels to maximize the InceptionTime accuracy, called knowl-
edge distillation with calibration based on InceptionTime (KDCTime). In addition, KDCTime includes two optional calibrating
strategies. KDC by translating (KDCT) and KDC by reordering (KDCR).

The InceptionTime model employed in LSTime, KDTime, and KDCTime is a single model instead of the 5 model since the
training and inference times are essential, which indicates the feasibility of that model. Thus, compared to an ensemble of 5
models with 6 inception modules each in its original version, the InceptionTime model in this paper is the only one with 3
inception modules. In summary, the main contributions in this paper can be concluded as follows:

� discovered that the TSC approaches based on DNNs normally overfit the UCR datasets, which is caused by the few-shot
problem of those datasets. Thus, the best direction to improve DNN performance is to alleviate overfitting.
� Combined label smoothing and knowledge distillation with InceptionTime denoted LSTime and KDTime, respectively.
LSTime trains the InceptionTime model with manually controlled soft labels, while KDTime can generate soft labels auto-
matically by the teacher model.
� proposed KDCTime for calibrating incorrect soft labels predicted by the teacher model, where it contains two optional
strategies: KDCT and KDCR. As a consequence, KDCTime further improves the KDTime accuracy.
� We have tested the accuracy, training time, and test time of Multiscale Attention CNN (MACNN)[7], echo memory-
augmented network (EMAN)[31], ROCKET[10], InceptionTime[14], LSTime, KDTime, and KDCTime. The results show that
compared to state-of-the-art methods, KDCTime simultaneously improves the accuracy and reduces its inference time
with an acceptable training time overhead. In conclusion, the performance of KDCTime is promising.

The remainder of this paper is organized as follows: The related work is reviewed in Section 2. Next, LSTime, KDTime, and
KDCTime are introduced in Section 3. The experimental results are discussed in Section 4. Finally, Section 5 concludes the
paper.
2. Related work

TSC, as a traditional time-series mining research direction, has been considered one of the most challenging problems
[13]. Traditionally, 1 nearest neighbor (1-NN) classifiers based on dynamic time warping (DTW) distance have been shown
to be a very promising approach [2]. However, the time complexity of DTW is unacceptable compared to the Euclidean dis-
tance (ED), i.e., Oðn2Þ compared to OðnÞ. Thus, many researchers have tried to accelerate the execution time of DTW. Rakthan-
manon et al. [35] proposed UCR-DTW by leveraging lower bounding and early abandonment. Sakurai et al. [37] proposed
SPRING under the DTW distance, which can monitor time-series streams in real time. Gong et al. [17] proposed forward-
propagation NSPRING (FPNS) to further accelerate the speed of SPRING. Nevertheless, those studies all concentrated on time
complexity. The upper bound of their accuracy is the accuracy of the DTW distance.

To break through the accuracy bottleneck, some researchers concentrate on DTW, e.g. Time-weight-based DTW [28] and
Adaptive constrained DTW (ACDTW) [29], and some others focus on the representation of time-series, e.g. interpretable rep-
resentation [4] and Shape-sphere [25]. In the meantime, researchers found that ensembling several classifiers can signifi-
cantly improve the TSC accuracy. Thus, Baydogan et al. [5] selected an ensemble of decision trees. Kate [24] employed an
ensemble of several 1-NN classifiers with different distance measures, including DTW distance. These methods motivated
the development of an ensemble of 35 classifiers, named collective of transformation-based ensembles (COTE) [3], which
ensembles those classifiers over different time-series representations instead of the same ones. After that, Lines et al. [30]
extended COTE by leveraging a new hierarchical structure with probabilistic voting, called HIVE-COTE, which is currently
considered the state-of-the-art approach in terms of accuracy. Nevertheless, to achieve such high accuracy, those methods
sacrifice the training and inference time, most of which are impractical when datasets are large.

With the rapid development of deep learning, DNNs are widely applied in CV and are also increasingly employed in TSC
[44]. Zheng et al. [47] proposed Denoising Temporal Convolutional Recurrent Autoencoder (DTCRAE) to combine a TCN enco-
der and a GRU decoder together. Pei et al. [34] proposed 3D Augmented Convolutional Network (3DACN) for multi-modal
time-series data. Cui et al. [9] proposed multiscale convolutional neural networks (MCNNs), which transform the time series
into several feature vectors and feed those vectors into a CNN model. Wang et al. [44] implemented several DNN models
originating from CV, i.e., multilayer perceptrons (MLPs), fully convolutional networks (FCNs), and residual networks
(ResNets) are used to test their performance in TSC, which provides a strong baseline for DNN-based approaches. Based
on a more recent DNN structure, i.e., inception module [41], Karimi-Bidhendi et al. [23] proposed an approach to transform
time-series into feature maps using a Gramian angular difference field (GADF) and fed those maps to an InceptionNet that is
pretrained for image recognition. By extending a more recent version of InceptionNet, i.e., Inception-V4 [40], Fawaz et al. [14]
proposed InceptionTime, which ensembles 5 Inception-based models to obtain promising accuracy. The multiscale attention
convolutional neural network (MACNN) [7] adopted the attention mechanism to further improve MCNN accuracy. Instead of
utilizing convolutions as parts of the model, RandOm Convolutional KErnel Transform (ROCKET) [10] employed random con-
volutional kernels as feature extractors, converting time series into feature vectors, which were later fed to a ridge regressor.
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To the best of the authors’ knowledge, ROCKET has the best accuracy and inference time balance, while other DNN-based
methods always require a longer training and inference time. DNN-based methods always suffer from long training times,
e.g., MACNN requires 3 days of running time for training 85 datasets from the UCR archive. This builds a considerable barrier
for researchers to reimplement the approach.

We found that InceptionTime is a quite competitive approach. Using only the 1 InceptionTime model instead of ensem-
bling 5 models, it has a slow yet acceptable training time and a 2 magnitude less inference time compared to ROCKET. There-
fore, when InceptionTime only includes 1 model instead of ensembling several models, we would like to ensure its accuracy
by the information obtained from soft labels. The idea of utilizing soft labels was proposed by Szegedy et al. [42], which con-
trols the smooth level of soft labels by manually setting a parameter e. However, a better method for determining the smooth
level of soft labels is generating soft labels automatically by a teacher model and training a student model with those labels,
the idea of which comes from knowledge distillation (KD) [20]. Since then, many extensions of KD have been proposed [18].
Some studies [36,46] concentrated on letting the student model learn the feature maps, instead of soft labels, of the teacher
model. In addition, Svitov et al. [39] leveraged the labels predicted by the teacher model as class centers instead of soft labels,
guiding the training of the student model. Oki et al. [33] integrated KD into triplet loss and utilized the predicted labels as
anchor points for guiding the training of the student model. In this paper, instead of employing other types of KD methods,
we still concentrated on label-based KD approaches to save more execution time. Inspired by [8,32], the gap between the
student model and the teacher model should be small, or the student model will have difficulty mimicking the teacher
model. Therefore, in this paper, a 3-layer student InceptionTime model is selected as the student model, and a 6-layer tea-
cher model is employed as the teacher model.

Finally, we propose a novel InceptionTime model based on knowledge distillation with calibration to calibrate the incor-
rectly predicted labels. After extensively searching related literature, one similar method called logit adjustment (LA) [45]
was found. However, LA is not based on InceptionTime, and it focuses on images instead of time series. In addition, our
approach is different from LA since it has two calibrating strategies with mathematical analysis. In conclusion, our approach
is orthogonal to LA.

3. Proposed approaches

In this section, instead of concentrating on the model, all the proposed approaches are essentially centered on loss func-
tions and labels. First, notations and definitions are given in Section 3.1. Then, InceptionTime is briefly introduced in Sec-
tion 3.2. Then, label smoothing for InceptionTime (LSTime) is demonstrated in Section 3.3. Next, knowledge distillation
for InceptionTime (KDTime) is depicted in Section 3.4. Finally, knowledge distillation with calibration for InceptionTime
(KDCTime) is illustrated in Section 3.5, where it contains 2 strategies: calibration by translating (CT) and calibration by
ordering (CR).

3.1. Notations and definitions

A time series x 2 RN is defined as a vector, where xi represents the i-th value of x. The corresponding class of x is a scalar
c 2 f1;2; . . . ;Cg, with C classes in total. Thus, a class label of x is defined as a vector y ¼ fy1; y2; . . . ; yCg, where yi 2 ½0;1� rep-
resents the probability of x belonging to class c. Note that

PC
i¼1yi ¼ 1 always holds for any y. To this point, the true label of x

is defined as a one-hot vector yh, where all yhi ¼ 0 except yhc ¼ 1, called the hard label. The equation of yh is given in Eq. (1).
yhi ¼
1; ifi ¼ c

0; if i– c

�
ð1Þ
A dataset D is a pair of sets, including a set of time series X ¼ fx1;x2; . . . ;xMg and a set of true labels Yh ¼ fyh
1; y

h
2; . . . ; y

h
Mg,

where each time series xi corresponds to a true label yh
i . An InceptionTime model is treated as a function F 2 F mapping an

input x into an output z 2 RC , where F represents the hypothesis space, i.e., the space containing all possibilities of F. The

predicted label ŷ is produced by normalizing z with the softmax function (Eq. (2)). Thus,
PC

i¼1yi ¼ 1 always holds.
rðziÞ ¼ ŷi ¼ eziXC
j¼1

ezj
ð2Þ
A loss function L is a function measuring the difference between the predicted label ŷ and the true label yh to determine
the performance of F. Finally, we are in a position to define the problem, which is given as follows:

Definition 1. Given a dataset D, find an FI minimizing the predefined L. Formally, it is demonstrated in Eq. (3).
FI ¼ argmin
F2F

XM
i¼1

Lðyh
i ;rðFðxiÞÞÞ ð3Þ
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In addition, important notations are also briefly summarized in Table 1.

3.2. InceptionTime

The ordinary softmax cross-entropy loss is adopted in InceptionTime [14]. We first implemented the one-model version
of InceptionTime with 3 inception modules, denoted FS. Thus, the loss function of ŷ ¼ rðFSðxÞÞ is given in Eq. (4).
LCEðyh; ŷÞ ¼ �
XC
i¼1

yhi log ŷi ð4Þ
where it is easy to know that the final loss LCE is only related to yhc , as all the other yhi are 0 (Eq. (1)). In other words, only the
result of log ŷc survives in the summation. Therefore, for simplicity, Eq. (4) can also be written as Eq. (5).
LCEðyh; ŷÞ ¼ � log ŷc ð5Þ

Note that Eq. (5) is the reason that the one-hot class label y is called the hard label, as it explicitly selects only the prob-

ability of x belonging to class c yet ignores all other probabilities in the loss function. However, in a more realistic scenario,
we believe such a deterministic case is rare. Hence, as also introduced in Section 1, a soft version of yh is more feasible in this
case.

3.3. Label smoothing for InceptionTime

Second, following the assumption in Section 3.2, we implement softmax cross-entropy with label smoothing (LS) [42],
with FS as the model. Therefore, the equation of label smoothed yh is given in Eq. (6), denoted yl.
yli ¼
ð1� eÞ þ e=C; if i ¼ c

e=C; if i– c

�
ð6Þ
where e is the smoothing coefficient set by users, representing how much the label is smoothed. Note that after LS, yli still

satisfies
PC

i¼1yi ¼ 1. Alternatively, Eq. (6) can also be written as Eq. (7).
yli ¼ ð1� eÞyhi þ
e
C

ð7Þ
As a consequence, the softmax cross-entropy loss with LS is given in Eq. (8).
LLSðyl; ŷÞ ¼ �
XC
i¼1

yli log ŷi

¼ �
XC
i¼1
½ð1� eÞyhi þ e

C� log ŷi

¼ �
XC
i¼1
ð1� eÞyhi log ŷi �

XC
i¼1

e
C log ŷi

¼ ð1� eÞLCEðyh; ŷÞ þ eð� 1
C

XC
i¼1

log ŷiÞ

8>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>:

ð8Þ
where the left part ð1� eÞLðyh; ŷÞ represents the loss from hard labels, while the right part eð� 1
C

PC
i¼1 log ŷiÞ represents the

loss from soft labels. The smoothing coefficient e controls the weights of losses from hard labels and soft labels.
Table 1
Notations and definitions.

Notations Definitions

x A time-series
yh The true label w.r.t. x
D A dataset
X A set of time-series in D
Y A set of labels in D
F An InceptionTime model
z The output of FðxÞ
r The softmax function
ŷ The predicted label of rðzÞ
L A loss function
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However, manually controlling the smoothed level of labels by e is not the best solution since, except for ylc , every
smoothed label has the same value. Similar to hard labels, this kind of manually controlled soft label is not practical in
the real world. Therefore, generating flexible soft labels by knowledge distillation is then proposed.

3.4. Knowledge distillation for InceptionTime

Third, we implemented knowledge distillation (KD) to help us generate soft labels in place of manually controlling them.
Instead of manually setting up soft labels, Hinton et al. [20] proposed KD for generating soft labels by a teacher model, which
has a cumbersome architecture with a large number of parameters. Intuitively, the teacher model has more potential to cap-
ture the knowledge from training data because of its scale. Next, the predicted labels from the teacher model can be regarded
as the knowledge it learned, denoted yt . Thus, yt is an automatic soft label compared to the manual soft label yl. Note that the
one-model version of InceptionTime with 6 inception modules is incorporated as the teacher model, denoted FT .

In addition, instead of directly using softmax cross-entropy loss, softmax with a temperature s and Kullback–Leibler (KL)
divergence loss are adopted. The softmax with s equation is given in Eq. (9).
ysi ¼
ezi=sXC

j¼1
ezj=s

ð9Þ
where the temperature s is a parameter for fine-tuning the smoothed level of predicted labels yt from the teacher model and
ŷ from the student model, denoted yts and ŷs. Note that s ¼ 1 denotes that the labels remain unchanged, while s < 1 or s > 1
represents that the labels are steeper or smoother, respectively. For an extreme example, if s!1, we have 8i; ysi ¼ 1=C.
Thus, the loss of yts and ŷs can be measured by KL divergence, the equation of which is given in Eq. (10).
LKLðyts ; ŷsÞ ¼
XC
i¼1

ytsi log
ytsi
ŷsi

ð10Þ
After that, LKLðyts ; ŷsÞ, representing the soft label loss, and LCEðyh; ŷÞ, representing the hard label loss, are incorporated
into a whole to train the student model, which has a relatively small architecture with fewer parameters. This procedure is
regarded as distilling the knowledge from a teacher model into a student model, called KD, to preserve the teacher model
accuracy while reducing its time and space complexity. Note that FS is selected as the student model, which is the one-
model version of InceptionTime with 3 inception modules. The KD loss equation is given in Eq. (11).
LKDðyh; ŷ; yts ; ŷsÞ
¼ ð1� eÞLCEðyh; ŷÞ þ es2LKLðyts ; ŷsÞ

(
ð11Þ
where e controls the weight of LCEðyh; ŷÞ (Eq. (4)) and LKLðyts ; ŷsÞ (Eq. (10)). Note that s2 is necessary because the scale of
LKLðyts ; ŷsÞ decreases after fine-tuning by s. Thus, multiplying a s2 helps it to be the same scale asLCEðyh; ŷÞ, so that the total
loss has no preference for LCEðyh; ŷÞ.

Nevertheless, similar to teachers in real life, the teacher model is not ensured to be 100% correct. Sometimes it may mis-
guide the student model to wrong answers. Specifically, the incorrect soft labels generated by the teacher model will also
result in incorrect labels predicted by the student model. To alleviate the effect of incorrect labels, KD adopts LCEðyh; ŷÞ
and s. Nonetheless, that brings additional hyperparameters into the model. Therefore, we propose a better method to alle-
viate the effect of incorrect labels while not bringing additional hyperparameters.

3.5. Knowledge distillation with calibration for InceptionTime

Finally, we propose knowledge distillation with calibration (KDC) to calibrate the incorrect soft labels generated by the
teacher model before distillation. Note that the teacher model and student model are FT and FS, respectively (Section 3.4).
In this way, it is not necessary to employLCEðy; ŷÞ and s in KDC. To calibrate the incorrect soft labels, all labels y are regarded
as vectors geometrically, including the hard label yh and the soft label yt generated by the teacher model. From this point of

view, according to
PC

i¼1yi ¼ 1, the feasible solution space of y is a triangular hyperplane, named the label space. In other
words, all y are located on a triangular hyperplane. Fig. 3(a) gives an example when C ¼ 2. In this case, the triangular hyper-
plane is an 1-D line in 2-D space. Next, Fig. 3(b) shows another example when C ¼ 3. In this case, the triangular hyperplane is
a 2-D regular triangle in 3-D space. Last, the triangular hyperplane is a 3-D regular tetrahedron in 4-D space when C ¼ 4.
Nonetheless, we failed to plot a 4-D space in the figures. Note that distinct colors represent the areas of distinct classes. Thus,
it is possible to calibrate yt from its original position to the target position yh if yt is located in the wrong area. In addition, all
yh are located at the vertices of the triangular hyperplane, as marked in Fig. 3(a) and (b).

Therefore, our main task is to propose a proper method to modify yt to its correct area while its new position is located
between yt and yh. The calibrated yt is denoted as ytf . To this end, two approaches for calibration are proposed: calibration by
189



Fig. 3. Two examples showing the label spaces when C ¼ 2 and C ¼ 3.

X. Gong, Y.-W. Si, Y. Tian et al. Information Sciences 613 (2022) 184–203
translating and calibration by reordering. Note that only incorrectly predicted labels will be calibrated. Formally, given a yt

and its corresponding yh; ytf will be computed only when argmax
i
fytig– argmax

i
fyhi g. In other words, argmax

i
fytig– c.

3.5.1. Calibration by translating
Calibration by translating (CT) geometrically translates yt from its original position to yh, the equation of which is shown

in Eq. (12).
ytf ¼ yt þxðyh � ytÞ ð12Þ
where ðyh � ytÞ represents the vector from yt to yh, while x 2 ½0;1� is a calibration coefficient controlling the distance yt

moves toward yh. It is easy to know that ytf ¼ yh when x ¼ 1, and ytf ¼ yt when x ¼ 0. In this case, it is simply substitution
instead of calibration.

Hence, x is the key coefficient defining the degree of calibration. We define the equation of x as Eq. (13).
x ¼ d
kyh � ytk2

ð13Þ
where d is the minimum distance between yh and yt when argmax
i
fytig– argmax

i
fyhi g, and kyh � ytk2 is the current distance

between yh and yt . It is easy to know that kyh � ytk2 P d always holds.

To this end, we calculated d and obtained the magic number d ¼ 1=
ffiffiffi
2
p

. The calculation procedure is given in Appendix A.
As a consequence, Eq. (12) can also be rewritten as (14).
ytf ¼ yt þ 1ffiffiffi
2
p yh � yt

kyh � ytk2
ð14Þ
where we know that the unit vector ðyh � ytÞ=kyh � ytk2 decides the direction of translation, while d ¼ 1=
ffiffiffi
2
p

determines the
distance of translation. In this way, it ensures that all ytf stay in the label space since it guarantees x � 1. In addition, it also
guarantees that xP 0, which leads to a consequence that yt will not remain unchanged.

3.5.2. Calibration by reordering
Calibration by reordering (CR) represents reprioritizing the values of the incorrectly predicted label based on a specific

strategy. Specifically, given a yt and its corresponding yh, some yti will be resorted if argmax
i
fytig– argmax

i
fyhi g. Therefore,

our main task is to design a reordering strategy.
Given a yt awaiting reordering, the reordering strategy is designed as follows. 1) yt is sorted in descending order. The

sorted yt is denoted yt
s. Thus, since the descending order of yti is random, we have

yt
s ¼ fyts1 ; yts2 ; . . . ; ytsC g ¼ fyt1st; yt2nd; . . . ytCthg, where yt1st is the largest yti ; y

t
2nd is the second largest yti , and so on. Note that yt

s is
190
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in descending order, which means yts1 ¼ yt1st ¼maxifytig. 2) After defining a temporary value yttmp ¼ yt1st , the value of ytðiþ1Þth
will be assigned to ytith, from yt1st; y

t
2nd, all the way to ytith ¼ ytc. 3) Assign the value of yttmp to ytc.

The algorithm of the whole procedure is given in Algorithm 1. It ensures that ytf is located in the label space, since ytf is
only the reordered version of yt . In addition, it guarantees that ytf is geometrically located in its class area. In other words,

argmax
i
fytfi g ¼ argmax

i
fyhi g. As a consequence, yt is successfully calibrated by reordering.

Algorithm 1 Algorithm of calibration by reordering

Input: Given a yt and its corresponding yh

Output: The reordered label ytf

1: Sort yt to obtain yts ¼ fyt1st ; yt2nd; . . . ytCthg
2: yttmp  yt1st
3: for ith ¼ 1st;2nd; . . ., until ith ¼ c do
4: ytith  ytðiþ1Þth
5: ytc  yttmp
3.5.3. Analysis of CT and CR
We theoretically analyzed the difference between CT and CR in terms of calibration. Specifically, for one yt that is not

located in the correct area in the label space, KDC is utilized to calibrate yt as ytf either by CT or CR, where ytf is located
in the correct area. It can be concluded that there must exist a mapping of any label from the incorrect area to the correct
area in the label space. Thus, we wish to know the mapping relationship by calculating the distance between yh and yt after
KDC.

Fig. 4 shows an example in 3-D space, where the color map of the distance between yh and yt after KDC in the label space
is illustrated. The distance calculating function is defined as Dðyh; ytÞ ¼ kyh � ytk2. As yt in the red area (correct area) does
not require calibration, their distance is calculated by Dðyh; ytÞ directly. In contrast, yt outside the red area (incorrect area)
are calibrated as ytf . Therefore, their distance is calculated by Dðyh; ytf Þ. As shown in Fig. 4(a), yt close to the edge of the red
area are mapped close to the vertex, i.e., the hard label yh, while yt far away from the red area are mapped to the edge of the
red area. However, in Fig. 4(b), the yt close to the edge of the red area are mapped close to the edge, while the yt far away
from the red area are mapped close to yh. As a consequence, CT maintains the relative position of incorrect yt unchanged,
which means it preserves the spatial information of yt . In addition, CR keeps the shape of the distribution of incorrect yt

unchanged, which means it preserves the distributional information of yt .
To this end, we are in a position to define the loss function of KDC. Unlike the loss function of KD, we employ KL diver-

gence only without temperature s and the cross-entropy part, as shown in Eq. 15.
LKDCðytf ; ŷÞ ¼LKLðytf ; ŷÞ ¼
XC
i¼1

ytfi log
ytfi
ŷi

ð15Þ
where ytf is the calibrated label generated by the teacher model, while ŷ is the label generated by the student model. Com-
pared to LKDðyh; ŷ; yts ; ŷsÞ;LKDCðytf ; ŷÞ does not contain any hyperparameters and computes only KL divergence, which
reduces computational time and hyperparameter tuning complexity.
Fig. 4. A 3-D example illustrating the color map of the distance between yh and yt after KDC in the label space.
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Thus, the total process of KDC can be concluded as 3 steps. 1) Train a teacher model with a heavier and more complex
architecture by true labels (hard labels). Generate the predicted labels by the teacher model. 2) Calibrate the incorrectly pre-
dicted labels. 3) Train the student model with a relatively small and simple architecture by calibrated labels (Soft labels). The
KDC algorithm is given in Algorithm 2.

Algorithm 2:Algorithm of KDCTime

Input: The training data X and its corresponding labels Y.
Output: The trained student model F�S
1: Initialize a teacher model FT

2: Train FT by X and Y to obtain F�T
3: Generate Yt by F�T
4: for each yti do

5: if yti and yhi belong to distinct classes then

6: Calibrate yti to obtain ytfi .Eq. 14 or Algorithm 1
7: Initialize the student model FS

8: Train FS by X and Ytf to obtain F�S

To better illustrate the KDC algorithm, we also present the framework and the flowchart corresponding to the KDC algo-
rithm in Fig. 5 and Fig. 6. As shown in Fig. 5, a trained teacher model must be prepared first. After that, training data are fed
into the teacher model to obtain soft labels and calibrate the incorrect labels if necessary. Finally, the student model is
trained based on the calibrated soft labels and the hard labels. This process is illustrated in Fig. 6 from the perspective of
flowcharts.
Fig. 5. The framework corresponding to the KDC algorithm.

Fig. 6. The flowchart corresponding to the KDC algorithm.
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3.5.4. Analysis of the student model and teacher model
To deeply demonstrate the efficiency of the student model, we analyzed the parameters (Params) and FLOPs (FLoating-

point of OPerations) of the student model and the teacher model. Therefore, the compression ratio of space and time can be
clearly shownwith these two indices. Briefly, the main contributors in the two models are the inceptionmodule and the fully
connected layer. Note that the final fully connected layer will be slightly different with a distinct number of classes, and thus,
we select 10 classes as the example since it is close to the average of the class number in the UCR dataset.

Compared to the teacher model with 6 inception layers, Params of the student model with 3 inception layers are com-
pressed from 66.4 K to 26.3 K. Overall, the compression ratio of the student model in space is nearly 3 times. Similar to
Params, the FLOPs of the student model are compressed from 340.3 M to 134.2 M, which is also approximately a 3 times
compression ratio. Therefore, the student model selected in this paper is efficient, where the specific experimental results
corresponding to training and test time are shown in Section 4.5.
4. Experiments

Following the experimental settings of MACNN [7], EMAN [31], and ROCKET [10], we conduct the experiments on UCR
datasets. Overall, MACNN, EMAN, ROCKET, softmax cross-entropy for InceptionTime (ITime), label smoothing for Incep-
tionTime (LSTime), knowledge distillation for InceptionTime (KDTime), and KD with calibration for InceptionTime
(KDCTime) are compared, where KDCTime includes two calibrating methods. KDC by translating (KDCT) and KDC by reorder-
ing (KDCR). Except for MACNN, EMAN, and ROCKET, the other aforementioned methods can be concluded to be ITime-based
approaches.

In the experiments, we first introduced the experimental setup. datasets and implementation details. Next, to find the
best hyperparameters for LSTime, KDTime, KDCT, and KDCR, we conducted hyperparameter experiments. Note that ITime
does not have any hyperparameter to be tuned. After that, we tested the accuracy, training time, and test time of all
approaches. In addition, we visualized the features produced by the student and teacher models through t-SNE. Finally, to
demonstrate the capability of alleviating overfitting for KDC, the accuracy gap between the training set and test set for ITime
(without KDC) and KDCTime (with KDC) are compared.

Similar to [14], critical difference diagrams are drawn in the paper to better illustrate the results of different approaches,
as the results of the 85 datasets are difficult to depict clearly. The critical difference diagram is a diagram drawn by the fol-
lowing steps. 1) Execute the Friedman test [15] to reject the null hypothesis. 2) Perform the pairwise post hoc analysis [6] by
a Wilcoxon signed-rank test with Holm’s alpha (5%) correction [16]. 3) Visualize the statistical result by [11], where a thick
horizontal line represents that the approaches are not significantly different with respect to the results.
4.1. Dataset

UCR datasets contain 85 datasets with various lengths, numbers of classes, and numbers of training and test samples.
They are always selected as the datasets for testing the performance of time-series classification approaches, including tra-
ditional and deep learning-based approaches. Thus, we train the proposed KDCTime, including KDCT and KDCR, on UCR data-
sets and compare it with other state-of-the-art approaches to show the performance of KDCTime.
4.2. Implementation details

We implement KDCTime with a student model containing 3 inception modules and a teacher model containing 6 ones.
The teacher model is trained first, and then it guides the training process of the student model. These two models are trained
for 512 epochs with batch size 64. The learning rate is set to 0:01 with a decay factor of 0:5 for every 35 epoch. � is set to 0:5
to balance the contribution of soft labels and hard labels. Note that the proposed KDCTime does not need the temperature s,
which is commonly required in other knowledge distillation methods. In addition, they are both trained using the Adam
optimizer with b1 ¼ 0:9 and b2 ¼ 0:99 on a single GPU. All hyperparameters are selected based on the study in Section 4.3.
At testing time, only the student model remained to perform inference.

Our experiments are conducted on a computer equipped with an Intel Core i9-11900 CPU at 2:50 GHz, 32 GB memory,
and an NVIDIA GeForce RTX 3090 GPU. The operating system is Windows 10. Additionally, the development environment
is Anaconda 4:10:3 with Python 3:8:8 and PyTorch 1:9:0.
4.3. Hyperparameter study for ITime-based approaches

In this section, we first searched 3 hyperparameters, i.e., batch size, epoch, and learning rate, on ITime. Thus, those hyper-
parameters of LSTime, KDTime, KDCT, and KDCR can also be determined since all these methods are based on InceptionTime.
After that, e in LSTime, e and s in KDTime, and e in KDCT and KDCR were searched separately.
193



X. Gong, Y.-W. Si, Y. Tian et al. Information Sciences 613 (2022) 184–203
4.3.1. Batch size
First, the batch size was set to 64 without searching. The reason is that theoretically, a larger batch size is better. An

extreme case is the full-batch. However, in deep learning tasks, this always leads to a consequence where graphics memory
on GPU is infeasible to load the large dataset. Additionally, the batch size and the epoch depend on each other. A larger batch
size represents more epochs for convergence, which means a longer training time. Thus, the batch size is always empirically
set to either 16;32;64;128, or 256. Hence, 64 was adopted in the paper.
4.3.2. Epoch
With a fixed batch size 64, we compare the accuracy of 5 different epochs, which are 64;128;256;512, and 1024. The

critical difference diagram is given in Fig. 7, where 1024 epochs have the best accuracy. However, 1024 epochs are of no crit-
ical difference from 512 epochs. Since the training time of DNN-based approaches is slow, 512 is selected as the epoch to
save the training time. In addition, we also employ the early stop strategy with patience equals to 80 epochs for reducing
the training time and alleviating overfitting.
4.3.3. Learning rate
The accuracy of 5 distinct learning rates are tested in total, which are 0:1;0:01;0:001;0:0001, and 0:00001. Moreover,

learning rate decay was employed to stabilize the training process. We leveraged fixed-step decay, also called piecewise con-
stant decay, as the decay strategy, where the step size is set as 35 and gamma is set as 0:5. In other words, the learning rate is
multiplied by 0:5 for every 70 epochs. Note there are 512 epochs, which ensures 7 times of decay in total. The critical dif-
ference diagram is shown in Fig. 8, where the learning rate equal to 0:01 has the highest accuracy. Thus, 0:01 is employed as
the learning rate in the paper.
4.3.4. e in LSTime
The smoothing coefficient e (Eq. (8)) represents the smoothed level of labels. We test the accuracy of 5 different e in

LSTime, which are 0:1;0:3;0:5;0:7, and 0:9. The critical difference diagram is given in Fig. 9, where 0:5 obtains the best accu-
racy. This claims that e should not be too small or too large, since a small e gives the label little additional information, while
a large e causes too much information loss from its original class. In addition, the accuracy of large e is less than that of small
e, which means that information from its original class is important, and it is not a good idea to completely abandon that
information.
Fig. 7. Critical difference diagram for different epochs.

Fig. 8. Critical difference diagram for different learning rates.

Fig. 9. Critical difference diagram for different e in LSTime.
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4.3.5. e and s in KDTime
KDTime contains 2 hyperparameters, which are e and s (Eq. (11)), where e controls the weight of losses between the hard

label and the smooth label, and s fine-tunes the smoothed level of smooth labels (labels predicted by the teacher model).
Thus, we tested the accuracy of 5 distinct e in KDTime, which are 0:1;0:3;0:5;0:7, and 0:9, while we also compared the accu-
racy of 5 different s, which are 2;4;8;16, and 32. The critical diagrams of e and s are shown in Fig. 10 and Fig. 11. Fig. 10
shows that e ¼ 0:5 has the best accuracy. The e close to 0 or 1 will reduce the accuracy. In addition, Fig. 11 shows that
s ¼ 8 is the best. Similarly, the accuracy of KDTime will decrease if s is too large or too small.

Thus, we conclude that all the ITime-based methods select 64 as the batch size, 512 as the epoch, and 0:01 as the learning
rate. In addition, e in LSTime is set to 0:5, and e and s in KDTime are set to 0:5 and 8, respectively. Finally, Adam is adopted as
the optimizing algorithm to update the model.
4.4. Accuracy of different approaches

In this section, we compare the accuracy of MACNN, EMAN, ROCKET, ITime, LSTime, KDTime, KDCTime by translating
(KDCT), and KDCTime by reordering (KDCR). The accuracy of all approaches is averaged from 10 times running. The results
are listed in Table 2 (Appendix B). In addition, the bold number represents the best accuracy among all approaches.

As shown in Table 2, KDCR obtains the highest accuracy on the 30 dataset, which indicates that its accuracy is competitive
and promising. In addition, the critical difference diagram is also given to better illustrate the result of Table 2, which is
shown in Fig. 12. Note that Fig. 12 also demonstrates the accuracy of the teacher model used in KDTime, KDCT, and KDCR,
which is an InceptionTime model with 6 Inception modules. It is also trained 10 times, and the best one is selected as the
teacher. That is the reason why its accuracy is the best. In addition, KDCR and KDCT are not significantly different from
KDTime. The reason is that the accuracy of 66 datasets is more than 0:8 for the teacher model, which claims that the majority
of datasets meet the bottleneck of improving accuracy. In other words, only a small number of samples can be calibrated by
KDCTime. Thus, we claim that the results of those 66 datasets dominate the other 19 datasets in the critical difference dia-
gram. By ignoring that part of the results, the accuracy of KDCR and KDCT is more promising, as shown in Fig. 13.

In summary, KDCR has the best accuracy, which is better than KDCT. The reason is that KDCR keeps the information from
marginal labels. In Fig. 3, marginal labels represent the labels located in the middle area of the label space. In Fig. 4(b), we
know that the labels located in the middle area have a long distance to yh, where they do not deterministically belong to any
class, meaning that they contain abundant information from the other classes. However, KDCT calibrates the marginal labels
close to yh, which loses that information. In addition, KDCR calibrates the labels close to the other classes as close to the cor-
rect class, as shown in Fig. 4(b), which eliminates the misguiding from deterministic incorrect labels. Nevertheless, KDCT
maintains the information of those labels from incorrect classes.
4.5. Training and test times of different approaches

In this section, we compared the training and test times of MACNN, EMAN, ROCKET, ITime, LSTime, KDTime, and
KDCTime, ignoring KDCT or KDCR, as their training and inference times were not significantly different. Instead of showing
all the results in a table, diagrams of comparison were selected to better illustrate the results.
Fig. 10. Critical difference diagram for different e in KDTime.

Fig. 11. Critical difference diagram for different s in KDTime.
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Table 2
The accuracy of different approaches.

Datasets EMAN MACNN ROCKET ITime LSTime KDTime KDCT KDCR

Adiac 0:808 0:812 0:8 0:822 0:791 0:842 0:847 0:826
ArrowHead 0:846 0:855 0:807 0:84 0:854 0:857 0:859 0:873

Beef 0:7 0:907 0:8 0:767 0:767 0:793 0:793 0:8
BeetleFly 0:85 0:995 0:9 0:74 0:8 0:87 0:94 0:83

BirdChicken 0:9 0:99 0:89 0:92 0:917 0:95 0:92 0:95
Car 0:883 0:91 0:917 0:91 0:867 0:937 0:91 0:917
CBF 1:0 0:999 1:0 0:998 0:998 0:999 0:999 1:0

ChlorineConcentration 0:796 0:882 0:81 0:839 0:83 0:864 0:848 0:873
CinCECGTorso 0:664 0:877 0:826 0:863 0:846 0:868 0:871 0:872

Coffee 1:0 1:0 1:0 1:0 1:0 1:0 1:0 1:0
Computers 0:756 0:814 0:761 0:813 0:831 0:826 0:851 0:818
CricketX 0:805 0:854 0:829 0:855 0:852 0:86 0:871 0:85
CricketY 0:785 0:863 0:856 0:849 0:873 0:875 0:879 0:893
CricketZ 0:81 0:87 0:858 0:856 0:858 0:867 0:865 0:865

DiatomSizeReduction 0:948 0:97 0:975 0:93 0:938 0:965 0:942 0:951
DistalPhalanxOutlineAgeGroup 0:853 0:762 0:758 0:795 0:845 0:844 0:836 0:818
DistalPhalanxOutlineCorrect 0:828 0:775 0:773 0:762 0:815 0:816 0:818 0:808

DistalPhalanxTW 0:8 0:682 0:717 0:626 0:717 0:635 0:711 0:713
Earthquakes 0:814 0:748 0:748 0:647 0:724 0:736 0:742 0:742

ECG200 0:92 0:915 0:906 0:887 0:905 0:915 0:921 0:931
ECG5000 0:945 0:946 0:947 0:94 0:946 0:945 0:947 0:944

ECGFiveDays 1:0 0:997 1:0 0:998 0:999 0:999 1:0 1:0
ElectricDevices 0:717 0:691 0:73 0:697 0:733 0:741 0:738 0:756

FaceAll 0:904 0:869 0:923 0:816 0:833 0:897 0:912 0:963
FaceFour 0:943 0:956 0:975 0:956 0:956 0:96 0:954 0:956
FacesUCR 0:945 0:976 0:962 0:965 0:964 0:968 0:968 0:973
FiftyWords 0:756 0:862 0:835 0:729 0:63 0:677 0:753 0:755

Fish 0:937 0:989 0:983 0:984 0:99 0:99 0:99 0:992
FordA 0:928 0:95 0:944 0:948 0:958 0:961 0:963 0:962
FordB 0:914 0:868 0:803 0:838 0:856 0:859 0:861 0:863

GunPoint 0:993 0:998 1:0 1:0 0:998 0:999 1:0 1:0
Ham 0:762 0:822 0:722 0:767 0:816 0:821 0:797 0:818

HandOutlines 0:884 0:938 0:944 0:94 0:911 0:945 0:95 0:954
Haptics 0:494 0:532 0:523 0:552 0:576 0:577 0:579 0:562
Herring 0:625 0:675 0:691 0:725 0:75 0:728 0:707 0:743

InlineSkate 0:438 0:483 0:456 0:446 0:418 0:474 0:471 0:458
InsectWingbeatSound 0:643 0:643 0:652 0:62 0:635 0:635 0:631 0:64
ItalyPowerDemand 0:966 0:968 0:969 0:972 0:973 0:974 0:974 0:975

LargeKitchenAppliances 0:904 0:915 0:888 0:89 0:891 0:91 0:897 0:914
Lightning2 0:82 0:803 0:77 0:813 0:831 0:856 0:859 0:869
Lightning7 0:863 0:841 0:841 0:822 0:906 0:905 0:916 0:938
Mallat 0:958 0:975 0:955 0:95 0:834 0:947 0:945 0:963
Meat 0:95 0:978 0:95 0:913 0:928 0:913 0:917 0:967

MedicalImages 0:757 0:774 0:802 0:761 0:794 0:786 0:79 0:779
MiddlePhalanxOutlineAgeGroup 0:8 0:609 0:603 0:562 0:708 0:582 0:71 0:706
MiddlePhalanxOutlineCorrect 0:815 0:829 0:839 0:824 0:853 0:858 0:855 0:854

MiddlePhalanxTW 0:647 0:581 0:552 0:498 0:61 0:617 0:62 0:598
MoteStrain 0:889 0:91 0:91 0:9 0:908 0:896 0:908 0:874

NonInvasiveFetalECGThorax1 0:939 0:945 0:954 0:958 0:952 0:961 0:964 0:964
NonInvasiveFetalECGThorax2 0:933 0:953 0:97 0:959 0:96 0:961 0:961 0:961

OliveOil 0:833 0:85 0:907 0:753 0:722 0:633 0:64 0:767
OSULeaf 0:905 0:971 0:939 0:97 0:97 0:981 0:978 0:972

PhalangesOutlinesCorrect 0:831 0:826 0:836 0:831 0:855 0:848 0:855 0:851
Phoneme 0:234 0:336 0:281 0:339 0:344 0:346 0:346 0:331
Plane 1:0 1:0 1:0 1:0 1:0 1:0 1:0 1:0

ProximalPhalanxOutlineAgeGroup 0:868 0:847 0:858 0:842 0:866 0:868 0:869 0:872
ProximalPhalanxOutlineCorrect 0:887 0:916 0:897 0:895 0:925 0:918 0:925 0:927

ProximalPhalanxTW 0:83 0:787 0:814 0:778 0:863 0:862 0:861 0:852
RefrigerationDevices 0:552 0:579 0:533 0:498 0:556 0:565 0:566 0:529

ScreenType 0:536 0:635 0:477 0:604 0:633 0:631 0:635 0:65
ShapeletSim 0:994 0:994 1:0 0:712 0:997 0:967 0:991 1:0
ShapesAll 0:878 0:933 0:91 0:911 0:895 0:916 0:919 0:922

SmallKitchenAppliances 0:725 0:796 0:82 0:753 0:814 0:817 0:813 0:803
SonyAIBORobotSurface1 0:938 0:979 0:918 0:887 0:916 0:902 0:903 0:969
SonyAIBORobotSurface2 0:909 0:959 0:918 0:97 0:962 0:961 0:964 0:953

StarLightCurves 0:974 0:976 0:981 0:977 0:98 0:98 0:981 0:981
Strawberry 0:977 0:973 0:981 0:982 0:983 0:985 0:983 0:981
SwedishLeaf 0:939 0:961 0:964 0:968 0:972 0:974 0:973 0:975
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Table 2 (continued)

Datasets EMAN MACNN ROCKET ITime LSTime KDTime KDCT KDCR

Symbols 0:952 0:975 0:974 0:981 0:976 0:983 0:984 0:975
SyntheticControl 0:997 0:999 0:999 0:996 0:998 0:998 0:997 1:0
ToeSegmentation1 0:956 0:966 0:968 0:973 0:98 0:97 0:976 0:988
ToeSegmentation2 0:9 0:939 0:942 0:956 0:962 0:967 0:964 0:969

Trace 1:0 1:0 1:0 1:0 1:0 1:0 1:0 1:0
TwoLeadECG 0:965 0:999 0:999 0:997 0:998 0:998 0:999 0:999
TwoPatterns 1:0 1:0 1:0 1:0 1:0 1:0 1:0 1:0

UWaveGestureLibraryAll 0:966 0:956 0:975 0:894 0:898 0:897 0:897 0:899
UWaveGestureLibraryX 0:807 0:835 0:85 0:805 0:817 0:816 0:816 0:819
UWaveGestureLibraryY 0:728 0:779 0:773 0:728 0:749 0:741 0:737 0:744
UWaveGestureLibraryZ 0:75 0:784 0:792 0:761 0:77 0:767 0:768 0:77

Wafer 0:998 0:999 0:999 0:998 1:0 0:999 0:999 0:998
Wine 0:759 0:839 0:804 0:774 0:833 0:811 0:833 0:926

WordSynonyms 0:674 0:758 0:753 0:692 0:644 0:707 0:699 0:707
Worms 0:613 0:849 0:743 0:754 0:738 0:81 0:822 0:752

WormsTwoClass 0:757 0:859 0:79 0:808 0:891 0:884 0:9 0:906
Yoga 0:865 0:916 0:912 0:909 0:898 0:908 0:909 0:91

Total accuracy wins 13 26 22 6 8 9 18 30

Fig. 12. Critical difference diagram illustrating the accuracy of different approaches.

Fig. 13. Critical difference diagram illustrating the accuracy of three approaches on datasets with accuracy less than 0:8 for KDTime.
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Fig. 14 demonstrates the training time of KDCTime compared with MACNN, EMAN, ROCKET, ITime, LSTime, and KDTime.
Fig. 14(a) shows that KDCTime is much slower. In detail, the training time of KDCTime on the 62 datasets is below 1 order of
magnitude slower than ROCKET, while that on the 23 datasets is more than 1 order of magnitude slower. This is because all
approaches, except ROCKET, employ gradient descent as the optimizing algorithm, which requires the inference of many
training samples for each update and a large number of updates in total, e.g., 64 samples for each update, many updating
times in the 1 epoch, and 512 epochs in total. In contrast, ROCKET utilizes the ridge classifier and solves the ridge regression
problem directly. However, the training time of KDCTime is still acceptable, which requires approximately 1 h to train 85
UCR datasets and 10 h for 10 times running in total. In addition, as shown in Fig. 14(b) and (c), the training time of ITime
and LSTime is similar to that of KDCTime. The reason is that their model is the same, which is InceptionTime with 3 Inception
modules. Nevertheless, KDCTime needs an extra teacher model to guide the training of its student model, which leads to the
consequence that KDCTime requires extra training time for the teacher model. Note that training the teacher model is
required only once. Once the teacher model is obtained, that model is available for multiple training iterations for the stu-
dent model. Fig. 14(d) shows that the training time of KDCTime is not significantly different from KDTime; as their models
are the same, they both require the teacher model, and gradient descent is selected as the optimization algorithm. Finally,
MACNN and EMAN are relatively slow regarding training time, where EMAN is slightly faster. In conclusion, the difference in
training time mainly appears in 3 categories of methods: ROCKET, ITime-based methods, and MACNN and EMAN.

Fig. 15 demonstrates the test time of KDCTime compared with MACNN, EMAN, ROCKET, ITime, LSTime, and KDTime.
Fig. 15(a) shows that KDCTime is much faster than ROCKET. Specifically, the test time of KDCTime on 34 datasets is 1 order
of magnitude faster than ROCKET, that on 41 datasets is 2 orders of magnitude faster, and that on 10 datasets is 3 orders of
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Fig. 14. The training time of KDCTime compared with MACNN, EMAN, ROCKET, ITime, LSTime, and KDTime.
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magnitude faster. This is because in the test stage, without the computational time of gradient descent, KDCTime only
requires the time of inference on test samples, which is the same as ROCKET. In this scenario, the computational time of
10;000 random convolutional kernels in ROCKET is much slower than that of the 3 inception modules in KDCTime. In addi-
tion, as shown in Fig. 15(b), (c), and (d), the test times of those approaches are not different from KDCTime since their infer-
ence models are all InceptionTime with 3 Inception modules. As a consequence, the difference in test time can be categorized
into 2 groups, where the first group is MACNN, EMAN, and ROCKET, and the second group is ITime-based approaches.
4.6. Visualization of the features from the student and teacher models by t-SNE

To show the similarity of feature vectors between the student and teacher models, we adopt t-SNE to reduce the dimen-
sion of features to 2 and visualize them in Fig. 16. Since there are 85 datasets with different test samples and numbers of
classes in the UCR, it is infeasible to visualize all. Thus, we randomly select 6 datasets to visualize, where the number of
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Fig. 15. The test time of KDCTime compared with MACNN, EMAN, ROCKET, ITime, LSTime, and KDTime.
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classes ranges from 3 to 10. To be specific, they are ArrowHead with 175 samples and 3 classes, CinCECGTorso with 1;380
samples and 4 classes, Beef with 30 samples and 5 classes, Fish with 175 samples and 7 classes, Plane with 105 samples and 7
classes, and MedicalImages with 760 samples and 10 classes. Note that the perplexity of t-SNE is set to 30, and it is trained
for 1;000 iterations.

In Fig. 16, points in different colors represent that they belong to distinct classes, where circles represent the feature vec-
tors produced by the student model and stars represent the feature vectors produced by the teacher model. It is easy to
observe that most points are grouped together. This means that feature vectors between the student and teacher models
are relatively similar, and the knowledge from the teacher model is successfully distilled into the student model. However,
there is still one exception, namely, the black points in Fig. 16(f). The black points belonging to the students are closer to the
red and purple points, while the black points belonging to the teacher are far away. The reason for this is that the input time-
series data corresponding to the black points are similar to the red and purple ones. Therefore, it is difficult to separate those
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Fig. 16. Visualization of the features from the student and teacher models by t-SNE.
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three classes for the student model. This indicates that knowledge distillation becomes harder when the number of classes
increases, which will bring more groups of points for separation.
4.7. The capability of KDC for alleviating overfitting

In this section, we illustrate the training and test accuracy gap between ITime (without KDC) and KDCR (with KDC) to
show the capability of KDC for alleviating overfitting. Note that only KDCR is compared since the KDCT accuracy is statisti-
cally lower than that of KDCR. As shown in Fig. 17(a), after sorting the datasets with respect to the training and test accuracy
gap of ITime in ascending order, it is observed that KDCR reduces the training and test gap of ITime. In addition to the bar
chart, we can also plot the comparison diagram to illustrate the reduction, as shown in Fig. 17(b), where the x-axis repre-
sents the gap of ITime, while the y-axis represents the gap of KDCR. In conclusion, KDC can alleviate the overfitting phe-
nomenon on UCR datasets.
200



Fig. 17. The training and test accuracy gap between ITime and KDCR.
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5. Conclusion

In this paper, we discovered that the DNN-based TSC approaches easily overfit UCR datasets, which is caused by the few-
shot problem in the UCR archive. Thus, to alleviate overfitting, label smoothing for InceptionTime (LSTime) was first pro-
posed by utilizing soft labels. Next, instead of manually adjusting soft labels, knowledge distillation for InceptionTime
(KDTime) was proposed to automatically generate soft labels. Finally, to rectify the incorrectly predicted soft labels from
the teacher model, KD with calibration (KDC) was proposed, which has two optional strategies: KDC by translating (KDCT)
and KDC by ordering (KDCR).

The experimental results show that the accuracies of KDCT and KDCR are promising, while KDCR obtains the highest
accuracy. In addition, KDCR is much faster than MACNN and EMAN. For ROCKET, KDCR is 2 orders of magnitude faster than
it is on test time. The training time of KDCR is slower than that of ROCKET, yet it is in an acceptable range and worthwhile to
obtain a promising accuracy and fast inference time. Finally, KDCT and KDCR do not introduce any additional hyperparam-
eters compared to ITime.

In the future, instead of only concentrating on the loss functions and labels, we will try various models to propose a brand
new model that has a high generalization capability.
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Appendix A. The procedure to calculate d

Given a hard label yh and a soft label yt , they both satisfy
PC

i¼1yi ¼ 1 and 8i; yi P 0. By treating yh and yt as vectors, we
want to find the minimum distance between them when argmax

i
fytig– argmax

i
fyhi g. Let c ¼ argmax

i
fyhi g, so that yhc ¼ 1 and

c – argmax
i
fytig. Let m ¼ argmax

i
fytig, so that 8i; yti 6 ytm. Therefore, we have the following optimization objective:
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min kyh � ytk2
s:t:

PC
i¼1y

t
i ¼ 1

yti P 0; i ¼ 1;2; . . . ;C
yti 6 ytm; i ¼ 1;2; . . . ;C
where we know yhc ¼ 1 and 8i – c; yhi ¼ 0. Thus, min kyh � ytk2 ¼minfð1� ytcÞ2 þ
P

i–cðyti Þ2g. Since
PC

i¼1y
t
i ¼ 1, we let

ytc ¼ 1�P
i–cy

t
i . Thus, minfð1� ytcÞ2 þ

P
i–cðyti Þ2g ¼ minfðPi–cy

t
i Þ2 þ

P
i–cðyti Þ2g. In this way, our optimization objective can

be rewritten as follows:
min fð
X
i–c

yti Þ
2 þ

X
i–c

ðyti Þ2g

s:t: �yti � 0; i ¼ 1;2; . . . ;C
yti � ytm � 0; i ¼ 1;2; . . . ;C
This is an optimization problem with inequality constraints. Therefore, we can define its Lagrangian function as:
Lðyt; k;lÞ
¼ ð

X
i–c

yti Þ
2 þ

X
i–c

ðyti Þ2 �
X
i

kiyti þ
X
i

liðyti � ytmÞ
where k 2 RC and l 2 RC are two sets of Lagrangian multipliers. By adopting the Karush–Kuhn–Tucker (KKT) conditions, we
have:
�kc þ lc ¼ 0; i ¼ c

2
X
j–c

ytj þ 2ytm � km �
X
j–m

lj ¼ 0; i ¼ m

2
X
j–c

ytj þ 2yti � ki þ li ¼ 0; i– c and i– m

�kiyti ¼ 0; i ¼ 0;1; . . . ;C
liðyti � ytmÞ ¼ 0; i ¼ 0;1; . . . ;C
ki P 0; i ¼ 0;1; . . . ;C
li P 0; i ¼ 0;1; . . . ; C

8>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>:
Finally, after solving this system of equations, we know that Lðyt ; k;lÞ obtains the minimum value when
ytc ¼ 1=2; ytm ¼ 1=2, and all other yti ¼ 0. As a result, d can be calculated as follows:
d ¼min kyh � ytk2 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1� 1

2
Þ
2

þ ð�1
2
Þ
2

s
¼ 1ffiffiffi

2
p

Appendix B. The accuracy of different approaches

The accuracy of different approaches on UCR datasets is given in Table 2.
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